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Preface

These proceedings contain the papers presented at the 3rd International Sym-
posium on Location- and Context-Awareness in September of 2007.

Computing has become mobile, wireless, and portable. The range of contexts
encountered while sitting at a desk working on a computer is very limited com-
pared to the large variety of situations experienced away from the desktop. For
computing to be relevant and useful in these emerging situations, computers will
need to take advantage of users location, activities, goals, abilities, preferences,
interruptibility, affordances, and surroundings. With this contextual awareness,
we can expect computers to deliver information, services, and entertainment in
a way that maximizes convenience and minimizes intrusion.

This symposium presented research aimed at sensing, inferring, and using
location and context data in ways that help the user. Developing awareness in-
volves research in sensing, inference, data representation, and design. We sought
technical papers describing original, previously unpublished research results in-
cluding:

Sensing location and context

— Inference techniques for context from low-level sensor data
Privacy and sharing of location and context information
User studies of location- and context-aware systems

Our call for papers resulted in 55 submissions, each of which was assigned to
members of our Program Committee. After reviews and e-mail discussions, we
selected 17 papers for publication in these proceedings.

We extend a sincere thank you to all the authors who submitted papers, to
the 33 hard-working members of our Program Committee, and to our external
reviewers.

September 2007 Jeffrey Hightower
Bernt Schiele
Thomas Strang
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Bootstrapping a Location Service Through
Geocoded Postal Addresses

Gayathri Chandrasekaran, Mesut Ali Ergin, Marco Gruteser,
and Richard P. Martin

WINLAB, Electrical and Computer Engineering Department
Rutgers, The State University of New Jersey
North Brunswick, NJ 08902-3390

{chandrga,ergin,gruteser}@uinlab.rutgers.edu, rmartin@cs.rutgers.edu

Abstract. We analyze the feasibility of boostrapping a location service
through geocoded postal addresses rather than the common wardriving
technique. A location service that contains the MAC addresses and ge-
ographic position of wireless LAN access points enables positioning ser-
vices for WLAN devices and location-aware networking protocols. This
work thus compares the accuracy of access point position estimates ob-
tained based on RF signal strengths readings (wardriving) with the ac-
curacy of the geocoded postal address. The results show similar accuracy
for geocoding in comparison to typical wardriving studies, with signif-
icantly reduced effort if postal addresses of access point positions are
known.

1 Introduction

WiFi localization promises to complement satellite positioning in two key ar-
eas that frequently experience poor satellite coverage, indoor environments and
urban canyons. Wide area WiFi localization techniques as provided by Place
Lab [I] or commercial providers [2], however, rely on a location service that pro-
vides geographic position of third-party WiFi access points identified by their
MAC address.

Obtaining the data to initialize and subsequently maintain the records of
such a location service requires significant effort. Typically, data is collected via
wardriving, whereby a vehicle sweeps the area of interest and recording period-
ically its position and the signal strength of nearby access points (the vehicle
can determine its position with a Global Positioning System receiver). From this
dataset, the position of access points can then be estimated using a number of
heuristics such as position of maximum signal strength, or centroid of all access
point sightingsEl This process is inaccurate [4] and it is laborious, since it requires
physically driving a vehicle through the road network in the intended coverage
area. It needs to be repeated periodically to update the dataset, since owners of
access points upgrade their hardware (resulting in a change of MAC address),

1 See Wigle.net [3] for example wardriving datasets.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 1{16] 2007.
© Springer-Verlag Berlin Heidelberg 2007



2 G. Chandrasekaran et al.

or move with the access point to a different geographic location. To reduce this
updating effort [5] proposes self-mapping, wherein users of the location service
contribute updates to its records. Still, bootstrapping a location service to the
point where it is useful for early adopters is necessary.

This paper studies the feasibility of an alternate method, initializing location
service records through geocoded postal addresses. This approach is motivated
by the realization that large Internet service providers already maintain a di-
rectory of postal addresses (i.e., billing addresses) and could easily add MAC
addresses to these records. To evaluate this approach, we compare the accuracy
of access point position estimates obtained through wardriving with those from
postal address geocoding. Specifically, we study the effect of building and road
densities, wardriving road coverage, and geocoding databases on these results.

The remainder of this paper is organized as follows. The terms and metrics
are introduced in section Pl The methodology is described in detail in section [3
Section [ describes the results and section bl has discussions related the ideas pre-
sented. The related work is summarized in Section Gl Finally, section [dconcludes
the paper.

2 Terms and Metrics

In this section, we define the various terms and metrics used in the paper. Defi-
nitions are as follows:

— Actual Location of the AP: It is the geographic location where the AP is
physically installed. This was found using the Orthophoto-based geocoding
explained in the next section.

— Full Coverage War-Driving Location of the AP: It is the geographic
location of the AP reported by war driving through both the main and side
roads. The inference of the location of the AP in this experiment is based on
the location at which the strongest SNR was received. Full Coverage War
Driving Error is then defined as the Euclidean distance between the actual
location of the AP and the full coverage war driving location of the AP,
measured in feet.

— Main Road War-Driving Location of the AP: It is the geographic
location of the AP reported by war driving only through the main roads.
Main Road War-Driving Error is then defined as the Euclidean distance
between the actual location of the AP and the main road war driving location
of the AP, measured in feet.

— Postal Address Geocoded Location of the AP: It is the geographic
location of the AP reported by geocoding the postal address of the building
in which the AP is installed. Postal Address Geocoding Error is then defined
as the Euclidean distance between the actual location of the AP and the
postal address geocoded location of the AP, measured in feet.
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Methodology

In this section, we define our goals and explain our experimental techniques used
to achieve these goals. Our goals were to:

1.

Quantify the errors due to different kinds of war driving efforts. In our ex-
periments, we compare two different kinds of war-driving - Full Coverage
War Driving which involves driving through both main roads and side roads
surrounding the area of interest to get a comprehensive coverage of the APs,
and the Main Road War-Driving, which is typically similar to the kind one
can find in the public war driving databases, where only the major roads
around the area of interest are traversed.

Analyze the postal address geocoding error for two different map data
sources, namely the Navteq and TIGER /Line. Navteq [6] serves as the main
data source for Yahoo Maps, Google Maps, and Mapquest. TIGER /Line [7]
map data source is being developed by the US Census Bureau for supporting
imaging needs of the Decennial Census and other bureau programs.
Quantify the errors incurred with various bootstrapping techniques in three
different environments: A sparse residential area (Figure[Il), a relatively dense
residential area (Figure[2), and a highway (FigureB]). The sparse residential
area consisted of single family houses which had long walkways between the
roads and the houses. The relatively dense Residential area had single family
houses closer to the roads. Highway had three lanes on each direction with
80 km/h speed limit and mostly consisted of commercial buildings. All areas
were within central New Jersey region.

. Study our claim that postal address geocoding techniques could complement

or partially replace the war driving efforts while still giving comparable re-
sults in terms of accuracy.

Fig. 1. Sparse Residential Area. The white line represents the route driven for Main
Road War Driving.
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Fig. 2. Relatively Dense Residential Area. The white line represents the route driven
for Main Road War Driving.

Fig. 3. Highway Route. The white line represents the route driven in the highway.

Towards achieving stated goals, we first need to know the actual postal ad-
dresses where the access points are installed in our selected areas. Our final
dataset consisted of all these APs for which we were able to determine the corre-
sponding postal address of their installation location. The total number of such
APs are 167 in this paper. For each of these APs, orthophoto-based geocod-
ing was accomplished, where we visually identified each of these postal address
on Google Earth [§] and geocoded the address to a location centered on the
building related to the address. Then, the corresponding errors for the different
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Fig. 4. The positions of the APs reported from war driving with a directional antenna

bootstrapping techniques were determined by comparing them to the data ob-
tained in this step. We summarize the steps involved in this process as:

1.

Locate the access points and the postal address of the place where the APs
were deployed with the help of a directional antenna.

. Create an orthophoto-based geocoding for each of the postal addresses that

we determined in the first step to establish the ground truth about the actual
geographic location of the AP.

War drive on main and small roads with an omni-directional antenna to
obtain a comprehensive coverage of the region and determine the geographic
locations of the APs as reported by war driving.

. War Drive only on main roads with an omnidirectional antenna and deter-

mine the geographic locations of the APs as reported by war driving.
Geocode all the postal addresses collected in Step 1 using the Navteq and
the TIGER/Line databases.

3.1 Actual Location of the AP

Identifying the postal address where the APs were deployed was challenging due

to

the dense deployment of the 802.11a/b/g Access points.
Figure [ illustrates the war driving data obtained with a typical omnidirec-

tional antenna in the relatively dense residential area. We can see from the figure
that it is difficult to determine in which buildings the access points are placed.

Hence, in addition to the external USB-driven Pharos iGPS-360 GPS unit, we

decided to use a 2.4 GHz, 15 dBi, Die Cast Mini-Reflector Grid Wireless LAN
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directional antenna for war driving. The directional antenna was connected to a
Hermes chipset based Orinoco Silver PCMCIA wireless card in the laptop using
an N-Male to MC converter. We pointed our directional antenna towards the
outer edge of the circular area. The sniffed frames were fed into the stumbling
software (Network Stumbler [9]) and the locations of the APs were plotted. The
new plot looked similar to F] but the SNR readings in each of the plotted APs
gave an insight about the direction from which the signals were captured.

We could see that each AP plotted on the linear-segment of the road in
Figure @] could correspond to one of the two houses on either sides of the road
(because we are plotting APs on points where the best signal strength was re-
ceived). We then looked at the SNR of the each of these APs to determine
whether the AP signal came from the direction in which the directional an-
tenna was pointed to or from the other side. According to the specification, the
antenna has a differential gain between front and back lobes of 20 dB and a
horizontal beamwidth of 16 degrees. Therefore, we were able to observe peak
RSSI values above 80 when the antenna pointed directly at the home containing
the access point, and RSSI values dropped by about 10 points when the an-
tenna faced backwards. We determined these thresholds through a calibration
procedure on several freestanding houses (where we were certain about the AP
position). Based on this calibration, we decided to map an AP onto the house
facing the antenna, if its maximum RSSI values lies above 80, map it onto the
house in the opposite direction if its value lies between 75 and 80, and drop all
other points to reduce mapping uncertainty. In the dense area, we also verified a
sample of 3 access point locations with residents of the community, all of which
were correctly mapped by this procedure.

The highway mostly had commercial buildings like hotels, restaurants, coffee-
shops, book-stores, whose SSIDs were more meaningful and matched with the
commercial spot’s name. Table [l summarizes a few of our observations of the
common SSIDs used by these commercial spots.

Since multiple APs were installed in hotels with the same SSIDs, it was usually
simple to identify the correspondence between the AP name and the location at
which it was installed by looking at the war driving data.

Thus for the highway area, we drove once with an Omni-Directional Antenna
to capture the wireless signals and extracted the SSIDs that we were able to

Table 1. Correlation between the enterprise trademark names of the commercial build-
ings and their Wireless SSIDs

Commercial Name SSID
Barnes and Nobles BNDEMO
Holiday Inn HOLIDAY INN
Best Western ethostream
Extended Stay America goesh
Panera Bread PANERA
Red Roof Inn tmobile
Midas Auto Services |MIDASWIRELESS
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Fig.5. Orthophoto-based geocoding for the postal addresses along with the MAC
address of the AP installed in that address

correlate with the commercial spot. We then drove once again to note down the
postal addresses of the commercial spots that we identified in the first run. Thus
the ground truth of the location/postal address of the APs in the highway was
established.

3.2 Orthophoto-Based Geocoding

For each of the postal addresses collected in the previous step, we did an
orthophoto-based geocoding. In this process, we visually identified each of these
postal address on Google Earth [8] and geocoded the address to a location cen-
tered on the building referenced by the address. Thus for each of the postal
addresses, we extracted the actual geocodes.

Figure Bl represents the orthophoto-based geocoded postal addresses along
with the MAC address of the AP installed at that particular postal address.
Each star in Figure [ is placed on the center of the house and is labeled with
the MAC address of the AP installed in that house.

3.3 War Driving

War driving is widely used to estimate access point locations. War driving is
the process of gathering statistics about wireless networks in a given area by
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listening to the broadcast beacons emitted by the APs. These beacons contain
information regarding the SSID, MAC, and encryption capabilities. Along with
a GPS unit, these beacons can be used to log available networks using various
freely available war driving software such as NetStumbler [9] or Kismet [L0]. We
used Network Stumbler to collect our logs.

There are various algorithms to infer the actual location of the AP from war
driving logs. Centroid, weighted-centroid, and particle filters [I1] are examples
to those algorithms used in tools like [I2/[13]. However, since most paths that we
drove were approximately linear, the approximated location of the APs fell on
this linear segment. Hence, we used the point at which maximum signal to noise
ratio was achieved as an estimate of the location of the AP in our war driving
data.

Full Coverage War-Driving. For the full coverage war driving data, we drove
on all the main roads and small roads at speeds less than 45 km/h. As explained
before, the points of best signal strength for each of the APs were used and the
Euclidean distance between the location of the AP reported by the full coverage
war driving and the actual location of the AP (found using step 2) was calculated.

Main Road War-Driving. Public war driving repository like Wigle.net [3]
allow users of the community to upload their war driving data, containing in-
formation about the BSSID and locations of the APs encountered. The serious
drawback of this data is that the APs are primarily located near the main roads
and commercial areas due to the community members’ driving patterns. It is im-
practical to achieve the accuracy of full coverage war driving by using the data
from these repositories. Therefore, in our evaluations of the residential areas, we
considered driving only on main roads (as shown by the white lines in Figures[Il
and 2)) and quantified the Euclidean distance between the AP location reported
by main road war driving and the actual location of the AP.

3.4 Geocoding Postal Addresses
In general, the postal address geocoding is accomplished by

— Geocoding the end points of the road segments

— Noting down the address range in each of these segments

— Extrapolating the geographic co-ordinates for the remaining addresses in
that segment.

Thus there is some error introduced due to the extrapolation step. If the road
segments are long and if the houses/commercial buildings are not equispaced,
the error introduced due to extrapolation of the geographic co-ordinates of the
addresses would be high. Similarly, small road segments introduce less extrapo-
lation error. In our experiment, the US1 highway roads had long road segments
whereas the residential areas had shorter road segments.

In our evaluations, we have considered two different Address Map Databases
Navteq [6] and TIGER/Line [7] for the characterization of the accuracy of the
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postal address geocoding. Navteq serves as the data source for Yahoo Maps,
Google Maps, Google Earth and MapQuest. So, we evaluate only the geocodes
for the postal address generated by the Yahoo Maps among the other alternatives
that use the same data source.

The TIGER /Line system (Topologically Integrated Geographic Encoding and
Referencing) is a different digital database developed at the U.S Census Bureau
to support its imaging needs for the Decennial Census and other Bureau pro-
grams. The median accuracy of this data is claimed to be around 167ft. Thus,
we also evaluate the geocoding accuracy of this database for the postal addresses
that have been generated.

We report the postal address geocoding error for the mentioned two address
map databases in our evaluations.

4 Results

Figure [0l shows the error distributions for the sparse and the relatively dense
residential areas. The sparse residential area that we considered had single family
houses that were far from the roads with huge walkways. Thus the full coverage
war driving results in Figure [Bl(a) show a median error of around 300ft. The
relatively dense residential area had single family houses close to the roads.
Hence the median error for the full coverage war driving in relatively dense
residential area is about 110ft, as shown in [G(b). Similar patterns in the sparse
and dense residential areas are observed for the main road war driving where the
median error for sparse residential area (~1000ft) is much higher than median
error for the relatively dense residential area (~500ft).

The error due to postal address geocoding is not very much affected by the
type of region. Median error exhibited by both the Yahoo Maps and TIGER/Line
database in either case is around 300ft to 350ft. However, we observe from

0.9r
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0.7

0.6

0.5r

CDF

0.4r

0.3 &

—+—Full Coverage War Driving 1 -
—b>—Main Road War Driving 4 0.2 $@e

—+—Yahoo Maps D 1
—e—Tiger/Line Maps 7 017
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—>—Main Road War Driving
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o2t &
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Fig. 6. (a) Error distribution in sparse residential area, (b) Error distribution in rela-
tively dense residential Area
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Figure [B(b) that Yahoo Maps have a much better geocoding compared to the
TIGER/Line maps. The median error for Yahoo maps in the case of relatively
dense residential area is around 180ft as opposed to TIGER/Line database,
which is around 300ft.

In Figure [ we only plot one type of war driving result (i.e., main road war
driving), since highway road is indeed considered to be the only road surrounding
the area. In other words, there is no difference between the full coverage war
driving and main road war driving for the highway area. Obviously, we could have
driven in the parking lots to improve the accuracy, however, this is beyond the
scope of our experiment and also considered trespassing for some of the buildings.
We also do not show the error distribution of the TIGER/Line database in this
figure, because the US-1 Highway addresses that we have considered in this
experiment do not yet appear in the TIGER/Line Maps.

Our observations from the experiment highlight the fact that the accuracy
of the highway postal address geocoding is low (with median errors of 750ft).
These high errors could be attributed to the long road segments in highways as
discussed in the previous section. Although some of the popular highways have
been subject to war driving, many others can still benefit from postal address-
based bootstrapping. Also, data from already covered highways can be refined
further through the postal address-based approach, since quality of the map
databases are continuously being improved for many other purposes.

Figure [§ summarizes the data for all three areas we had considered. Our
overall observations follows:

— As expected the time-consuming full coverage war driving method provides
the least AP position estimation error, a median error of 250ft.

— Main road war driving, which is less time consuming than full coverage war
driving, reduces accuracy to a median of 350ft.

— Both Yahoo Maps and the TIGER/Line maps exhibit similar error charac-
teristics for most addresses. However, Yahoo geocoding shows more serious
outliers with errors up to 3300ft. In general, 95% of the geocoded postal ad-
dresses generated using either of the databases have errors less than 1200ft.

0.8 7
0.6 7
[T
=)
O
0.4 7
02l ——War Driving | |
! —+—Yahoo Maps
0 ¥ Il Il
0 500 1000 1500

Error (ft)

Fig. 7. Error Distribution in Highway Scenario
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— Postal address geocoding shows a median error of 350ft, similar to the accu-
racy of main road war driving technique in the areas that we have considered.
(However, main road war driving can be less accurate if sufficient coverage
is not achieved, as in the residential areas shown earlier).

Table Pl summarizes the number of APs detected through various bootstrap-
ping procedures in the three areas we considered — Sparse residential area, rela-
tively dense residential area and highway. In total, we analyzed a sample of 167
access points from all three areas. The bottleneck for extending this sample of
access points was our inability to identify without ambiguity the ground truth
about the postal addresses of many other locations APs were deployed. Of 167
APs, 106 APs were selected from the sparse residential area due to the ease of
identification of the actual locations of the APs.

We observe that full coverage war driving has a detection rate of 100% in
all three areas. However, this result is biased because the ground truth for the

Table 2. Number of APs detected in various bootstrapping procedures

Full Coverage| Main Road TIGER/Line |Total APs
War Driving | War Driving Yahoo Maps | Database Analyzed
Sparse 106 14 106 106 106
Residential Area
Relatively Dense 21 12 21 21 21
Residential Area
US Highway 1 10 N 38 0 10
Area
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Table 3. Time taken (in mins) for full coverage and main road war driving

Time taken for War Driving in Mins

Full Coverage War Driving|Main Road War Driving
Sparse Residential Area 30 3.5
Dense Residential Area 6 2
Highway 45 45

presence of APs was established with the help of war driving with a directional
antenna. APs which were not detected in war driving were not included in the
experiment. The significance of this table is that main road war driving detects
a far lesser number of APs than the full coverage war driving in the residential
areas. The number of APs detected in the sparse residential area is only 14 out
of 106 APs that were considered in that area. The number of APs detected in
the relatively dense residential area is 12 out of 21. The very low AP detection
rate in the sparse residential area is due to the presence of a large residential
community located far from the main roads as shown in Figure[Il The relatively
dense residential community, however, is small and we traversed a path along
the center of the community as shown by the white line in Figure[2l As a result,
57% of the APs have been detected in this area. The number for main road war
driving in the highway case is not different than the full coverage war driving
case. The table also shows that both Yahoo Maps and TIGER/Line database
have the geocodes for all of the residential addresses we have used. For the US1
highway, TIGER/Line Map does not have geocodes for any of the 40 addresses,
whereas Yahoo Maps have geocodes for the 38 addresses out of these 40. The
absence of TIGER /Line data for the US1 highway should not be generalized for
other highways without further investigation.

TableBlsummarizes the time taken (in Mins) for full coverage war driving and
main road war driving in both of the residential areas.

We see that full coverage war driving, which took 30 mins in sparse residential
area, is about nine times more time consuming than the main road war driv-
ing, which took around 3.5 minutes. Similarly, the full coverage war driving in
relatively dense residential area took thrice as much time as that of main road
war driving in the same area. In highways, our route of 25 miles took nearly 45
minutes of war drive time.

5 Discussion

In this section, we elaborate on accuracy considerations and methods for obtain-
ing databases with MAC and postal addresses.

A key issue to make the geocoding approach feasible is obtaining a database
that maps (wireless interface) MAC addresses to the postal addresses of their de-
ployment locations. We envision several ways of obtaining such a database. First,
access point software configuration wizards could be programmed to ask the end



Bootstrapping a Location Service Through Geocoded Postal Addresses 13

user or the installation technician for the postal address of the deployment lo-
cation and report both to a location service. Due to the nature of the wireless
communications at public frequencies, access points already contain a software
face for installing and efficiently operating an AP at a certain location already
require manual intervention (e.g, configuring channel, SSID and encryption set-
tings). This approach would require participation of access point manufacturers.
Alternatively, this software could be integrated into any downloadable software
(presumably providing a service of interest to users to encourage downloading).
This software can query the MAC address of the associated access points from
the local wireless interface, and ask the user for the postal address (with appro-
priate disclosure). In both approaches, some users may be unwilling or unable
to provide the postal address information. Some may either deliberately or ac-
cidentally enter incorrect information, a source of inaccuracy that was outside
the scope of our study.

A different approach to obtaining such a database, relies on Internet service
providers to record the MAC addresses of provided access points and the postal
addresses where the Internet service is provided. Many current ISP contracts
include a free wireless access point and a significant number of users is likely
taking advantage of such offers. Similarly, major online retailers could combine
wireless MAC and shipping addresses of access points. Again, these approaches
introduce inaccuracies not considered in this study, when access points are moved
to and used at a different address than the original shipment address. (ISP may
be able to detect this via a change in MAC address connected to their network,
but retailers can not). However, this approach may at least provide enough data
to seed (or bootstrap a location service) in certain areas whereby wardriving
may still be needed in others.

To reduce privacy concerns of users, the location service database should not
contain the real identities of users and should not contain the postal addresses,
only the geographic coordinates. If users harbor further concerns about an AP
linked to their home locations, perturbations of the access point position could
be introduced, although this would reduce accuracy.

Note also that the accuracy of geocoding continues to improve. High accuracy
of this process is essential for many vital services (e.g. emergency response, law
enforcement, planning delivery routes, etc.). Therefore, parallel attempts from
both government and private sector exist to increase the fidelity of geocoding. In
particular, the E911 Phase-1II requirement is a driving force for geocoding. While
it mainly concerns the accuracy of cellular positioning systems (requirement of
less than 50 to 300 m error [14]), these coordinates usually must be translated
into postal addresses with which emergency responders are more familiar. Thus,
the accuracy of this translation process is also important and future location
services can benefit from these continuing geocoding refinements.

The postal-address-based techniques are likely not very accurate in the enter-
prise domain, because a significant number of such APs are deployed within cam-
pus locations, where the whole campus is referenced by a single street address
to the external world. However, wardriving is still unnecessary if installation
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location information from conventional enterprise asset tracking or network man-
agement systems can be provided to the location service. This would, of course,
require participation of the campus network administrators.

Last but not least, the accuracy implications of access point location errors on
a client positioning service are dependent on the positioning algorithms used and
remained outside the scope of this paper. While some indoor positioning services
such as RADAR [I5] do not rely on actual AP positions, to our knowledge, wide-
area services such as Place Lab [I] would be affected by AP position errors.

6 Related Work

War driving has gained importance with the launch of the Place Lab [I]] initiative
for the outdoor localization. Projects like Wigle.net maintain user contributed
datasets containing the SSID, MAC and locations of the APs discovered through
war driving. War driving is time consuming and it is desirable to look at alter-
natives to complement war driving efforts for efficient bootstrapping.

Authors of [I6] characterize the error in location inference when localization
is done using AP locations discovered from war driving. They, however, do not
propose any alternative solutions to war driving and their evaluations are limited
to a single campus network.

In [I7], authors study accuracy and efficiency of wardriving process using three
different methods: on foot, on bicycle, in car. Experiments show the position
estimation’s strong dependence on the particular means used for wardriving
(e.g., wardriving on bicycle allows up to three times more APs to be discovered
compared to wardriving in car).

Initial studies on the probability distribution of errors incurred by geocoding
residential address using the TIGER/Line [7] data source appeared in [18]. The
authors have also had access to the (non-public) E911 database through the Iowa
county officials and have reported the median geocoding error to be 145ft. This
result motivated us to evaluate geocoding for bootstrapping a location service,
it can, however, not be directly compared to the accuracy results from previous
wardriving studies, since these results are very dependent on the locale. Our
work provided a direct comparison of wardriving and geocoding accuracies in
the same areas. There are also other attempts to evaluate geocoding accuracy
for various domains of study, like public-health [I9] and transportation [20].

Also, [4] analyzed the Skyhook Wireless War Driving Database and has briefly
illustrated the arterial bias involved in inferring the AP’s location through war
driving. Comprehensive wardriving on surrounding roads has been pointed out
as a means to reduce this bias.

7  Conclusion

In this paper we have considered geocoding of postal addresses as an alternative
method to populate a location service with WiFi access point positions. Specif-
ically, we compared the accuracy of AP position estimations obtained through
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geocoding with that of wardriving. We found that in the considered areas, esti-
mation accuracy through geocoding matched that of wardriving arterial roads.
Accuracy through wardriving can be improved, however, by covering a larger
fraction of the road network.

Based on these results we believe that geocoding postal address is a viable
alternative to populate location services. Even partial postal address datasets
might reduce wardriving effort in a hybrid approach involving both geocoding
and wardriving. We hope that organizations in possession of large numbers of
addresses (for installed AP locations) can use these insights to bootstrap WiFi
localization services.
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Abstract. Indoor positioning systems based on 802.11 and fingerprints
offer reasonably low position errors. We study the deployment, calibra-
tion, and measurement factors for position errors by systematically in-
vestigating (1) the number of access points, (2) the number of samples in
the training phase, (3) the number of samples in the position determina-
tion phase, and (4) the setup of the grid of reference points. Further, we
bring out the best of the positioning system by selecting advantageous
values for these parameters. For our study, we utilize a test environment
with a size of about 312 square meters that is covered with 612 reference
points arranged in an equally spaced grid.

1 Introduction

During recent years, we have seen considerable improvements in down-sizing
computer hardware and in increasing the capacity of rechargeable batteries, as
well as the advent of wireless networks for the mass markets. These technologies
allowed manufacturers to build mobile devices that have a similar performance as
desktop computers had several years ago. The benefit of these mobile devices can
be leveraged by so-called location-based services: Applications that act differently
depending on the position of the user or, even better, pro-actively offer location-
dependent information to the user. Location-based services are currently a hot
topic in research, and are considered to be a promising market.

Nowadays, the Global Positioning System (GPS) [1] is the predominant out-
door positioning system. Though GPS works well in many outdoor scenarios,
it suffers from obstacles such as skyscrapers creating shielded street canyons or
walls and ceilings blocking the radio signals indoors. One of the most promis-
ing technologies that could be an equivalent to GPS for indoor applications are
802.11-based positioning systems (e.g., [2] and [3]). Lately, 802.11 hardware is
readily available and installed nearly everywhere where people live and work.
Another important fact is that 802.11 can be used for communications as well
as for positioning purposes at the same time [4]. Even better, almost all modern
PDAs, smartphones and laptops are capable to communicate with the 802.11
infrastructure because they are shipped with built-in 802.11 hardware.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 17-134] 2007.
© Springer-Verlag Berlin Heidelberg 2007
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The most promising 802.11-based positioning systems utilize the so-called
fingerprint approach [2]. This technique comprises two stages: An offline training
phase and an online position determination phase. During the offline phase,
the signal strength distributions are collected from access points at pre-defined
reference points in the operation area. They are stored in a table together with
their physical coordinates. An entry in this dataset is called a fingerprint. During
the position determination phase, mobile devices sample the signal strengths of
access points in their communication range and search for similar patterns in
the fingerprint data. The best match is selected, and its physical coordinates are
returned as the position estimate.

Recent research has mainly focused on algorithms that compute the best
match (e.g., [5], [6], and [7]). Although, the authors of these papers provide
experimental results and compare their own work to existing approaches, they
neglect an in-depth analysis of the impact of different factors for position errors.
To our knowledge, this paper is the first to present a detailed analysis of the
deployment, calibration, and measurement factors causing position errors. The
questions we seek answers to are the following:

— How does the number of access points influence position errors?

— What is the impact of the number of training set samples on position errors?

— What is the impact of the number of online samples on position errors?

— How does the grid spacing and offset of the grid of reference points contribute
to position errors?

— What is the lower bound of the average position error achievable with a
802.11-based positioning system if all parameters are set to the best possible
values?

Answers of the above questions have implications on the planning, deploy-
ment and administration of 802.11-based positioning systems. Furthermore, our
analysis will also be helpful for the research area of position determination algo-
rithms.

We use our test environment on the entire floor of an office building on the
campus of the University of Mannheim to carry out our study. Although we have
worked with only one test environment, the consistency of parts of our results
(e.g., number of samples) with results published by other researchers indicates
that the conclusions we draw are indeed meaningful. Further, we selected the po-
sition determination algorithm proposed by Haeberlen et al. [7] because it shows
the best performance. However, we also performed tests with other algorithms
(e.g., [2] and [§]) and our spot checks indicate that the results are also applicable
to these algorithms.

Our results are as follows:

— The number of access points is a primary factor which affects position errors.

— For the training phase, 20 samples at each reference point are sufficient.

— For the number of samples in the position determination phase, no single
value can be determined. The trade-off here is about improved position errors
and the time required to calculate a position fix. Thus, for a positioning
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system running in tracking mode, a high frequency of position updates is
required and hence we recommend three samples. Otherwise, we recommend
the use 15 samples as 15 samples show a reasonable price-performance ratio.

— Although, a grid spacing of 0.5 meters leads to the best results, the amount
of time required to collect the data for the training phase is hardly bearable
if carried out by humans. Again, we have to trade position error against time.
So, we recommend a grid spacing between 1.0 and 2.5 meters. An operator
can select a grid spacing in this range depending on the amount of time he is
willing to spend and the position accuracy he is expecting. To find a suitable
offset for a given grid spacing we provide an algorithm.

— We observed a bottom line of 2.0 meters for the average position error, even
if we select advantageous values for the parameters.

The rest of the paper is organized as follows. The next section (Sec. [2) presents
the related work. In Sec. [l we describe our experimental setup and methodology
in-depth. Subsequently, Sec. [ presents a detailed analysis of various values for
particular parameters we have identified as factors for position errors. In Sec. [l
we discuss the implications that can be drawn from the results we observed. We
conclude the paper in Sec.

2 Related Work

In their preliminary work Bahl et al. proposed the first 802.11-based indoor
positioning system [2]. In this paper, the authors provided a few experimental
results and mainly focused on position determination algorithms. A few months
later, Bahl et al. released a technical report [9] that offers additional experimen-
tal results and more position determination algorithms. Although the authors
provide results from a second test environment they mainly focus on a tracking
algorithm.

In contrast to the algorithms presented by Bahl et al., Castro and Muntz came
up with the idea of using probabilistic algorithms [3]. In [8] and [7], two groups
from Rice University have embraced this idea and proposed two probabilistic
algorithms. The first algorithm requires a histogram of signal strength samples
at each reference point resulting in huge piles of data. In their second approach,
the histograms are replaced with Gaussian distributions to alleviate the burden
of handling large amounts of data. Furthermore, the Gaussian approximation
makes their system more accurate.

Moustafa and Agrawala show in a mathematical analysis that probabilistic ap-
proaches outperform deterministic position determination algorithms [I0]. Fur-
ther, Moustafa et al. propose different algorithms for the position determination
and for the tracking of users ([II] and [5]).

King et al. [6] also use a probabilistic algorithm to determine the position
of the user, however, they additionally utilize a digital compass to determine
the orientation of the user. The orientation of the user is required because their
research shows that depending on the orientation of the body radio signals are
differently blocked.



20 T. King, T. Haenselmann, and W. Effelsberg

One of the largest research projects in the area of positioning systems in the
last few years is PlaceLab [12]. PlaceLab focuses not only on 802.11-based sys-
tems, instead it utilizes a wide range of already existing Beacons to compute a
position estimate (e.g., Bluetooth, GSM). Furthermore, PlaceLab mainly inves-
tigate outdoor scenarios and not indoor environments.

Although all these papers mainly focus on the algorithms to determine the
position of users and most of them provide experimental results, none of them
systematically investigates the deployment, calibration, and measurement factors
for position errors.

3 Experimental Setup and Measurement Methodology

In this section, we first briefly describe our experimental environment (Sec. B]).
We then present the hardware and software setup (Sec. B:2)). Subsequently, we
report how we collected the data used in the experiments. Finally, we describe
the overall experimental methodology (Sec. B4).

3.1 Local Test Environment

We deployed the positioning system on the second floor of an office building
on the campus of the University of Mannheim. The operation area is nearly
15 meters in width and 36 meters in length, covering an area of approximately
312 square meters. The floor plan of the operation area is shown in Fig.[Il The
large hallway in the left part of the map is connected by two narrow hallways
that are separated by rooms such as a copier room, an archive and a kitchen. The
rooms depicted on both sides of the narrow hallways are mainly used as offices,
and due to access restrictions they could not be included into the operation area.

3.2 Hardware and Software Setup

Initially, the test environment was covered by one Linksys / Cisco WRT54GS
and two enterasys RBT-4102-EU access points administered by the computer
center of our university. We additionally installed 11 access points: Two D-Link
DWL-GT700AP, three NETGEAR WG102, and six Linksys / Cisco WRT54G
access points. All access points support 802.11b and 802.11g. Except of one
enterasys access point, all access points are located on the same floor as our
operation area. This particular enterasys access point is placed on a lower floor,
however, it covers the operation area completely. The position of this access
point is marked by an orange ring and the positions of the other access points
are marked by orange circles (see Fig. [I]).

As a client, we used a Lucent Orinoco Silver PCMCIA network card support-
ing 802.11b. This card was plugged into an IBM Thinkpad R51 running Linux
kernel 2.6.13 and Wireless Tools 28pre. To collect signal strength samples, we
implemented a framework that contains two parts: A library that cooperates
with the network card driver to perform scans and capture internal driver in-
formation [13], and an easy-to-use application that stores these information in a
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Fig. 1. Floor plan of the local test environment. The operation area is painted in gray.
The blue markers represent the offline reference points and the purple markers show
the randomly selected online points. The access points are marked by orange circles
and an orange ring.

file together with additional data such as the physical position and a timestamp.
Further, the application configures the library to select a scan frequency and
scan technique for the signal strength measurements. For our experiments we
used active scanning. Active scanning is defined in the 802.11 standardy and it
is a technique to find a suitable gateway to the Internet by measuring the signal
strength of access points within communication range.

From the driver our library collects the following information for each device
that replies to an active scan:

MAC address of the device

— received signal strength

noise level

— mode of the device (i.e. access point or ad-hoc)
frequency used for the communication

Although only the MAC address, mode and received signal strength values are
required by 802.11-based positioning systems, we stored the additional informa-
tion for further analysis and debugging purposes.

3.3 Data Collection

The grid of reference points applied to the operation area includes 612 points
with a spacing of 0.5 meter (see the blue markers in Fig. [[]). During the offline
phase, we collected 110 signal strength samples at each reference point, resulting

! http://standards.ieee.org/geticee802/
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in 72,600 samples in total. We spent over ten hours to collect all the data,
however, we want to point out that for a productive deployment of a positioning
system 20 signal strength samples and a grid with grid spacing of 1.5 meters will
be sufficient (see Sect. ), cutting down the expenditure of time to less than half
an hour.

For the online phase, we randomly selected 83 coordinates. The only condition
to select a point inside the operation area as a online point is that it is surrounded
by four reference points of the grid. Again, we collected 110 signal strength
samples for each online point, leading to 9,460 samples in total. In Fig. [l the
online points are marked by purple dots.

3.4 Experimental Methodology

Metrics and Parameter Space. For our experiments, we consider a two-
dimensional operation area. We define position error as the Euclidian distance
between the real physical position and the estimated position. Based on this
definition, we consider two metrics during our experiments:

— average position error
— standard deviation of the position error

The former metric is also called accuracy, the latter is sometimes named preci-
sion. Both metrics are important because users need highly accurate and precise
position estimates.

We have identified the parameter space for our measurements as follows:

— Number of access points: To study the impact of the number of access points,
we vary the number of enabled access points between one and 14.

— Number of training set samples: The time required to collect the training set
can be approximated by the number of reference points times the number
of signal strength samples at each reference point. To lower the deployment
burden of fingerprint-based positioning systems, time requirements should
be minimized. For this, it is mandatory to know how many samples at each
reference point are required during the training phase to produce stable po-
sition estimates. Therefore, we varied the number of signal strength samples
from one to 110.

— Number of online samples: The number of online samples required to cal-
culate a position estimate determines the time how often position updates
are available to the user. Typically, a wireless network card requires at least
250 milliseconds to perform an active scan, so, the time between two posi-
tion updates is a multiple of 250 milliseconds, depending on the number of
samples used. For this, we also varied the number of online samples between
one and 110.

— Grid spacing: As previously mentioned, the time required to collect the train-
ing set depends on the number of reference points. For a given operation area,
the number of reference points depends on the grid spacing and the offset
of the grid. If the grid spacing is doubled, the number of reference points is
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approximately square rooted. The grid of reference points that covers our
operation area has a grid spacing of 0.5 meters, allowing us to vary the grid
spacing between 0.5 and 4.0 meters in 0.5 meter steps.

— Offset of the reference grid: As mentioned in the last item, the number of
reference points also depends on the offset of the reference grid. Especially,
in obstacle indoor areas, different offsets might lead to various ways the
operation area is covered with reference points. To study the impact of the
offset, we varied the offset for grids with a spacing larger than 0.5 meters.

Experiments. To investigate each parameter of the parameter space we use the
data we have collected as described in Sect. We developed a software-suite
called Loceva [13] to switch off different values of particular parameters, so that
we are able to quickly emulate various scenarios. This approach allows us to
study scenarios that could otherwise hardly be investigated due to the enormous
amount of time it would take to carry them out.

We define a basic experiment that is used as a basis for the subsequent studies.
If a study of a particular parameter requires an extension of the basic experiment,
the changes are described in the according section. The basic experiment is
defined as follows:

Nine access points are used.

— For each reference point, 20 offline samples are randomly selected out of the
110 samples.

For the online phase, three samples are randomly chosen from the 110 sam-
ples for each coordinate.

A grid spacing of 1.0 meter is applied.

The offset of the grid is set 0.5 meters north (relative to the point of origin).

This basic experiment is repeated 1000 times to achieve statistically stable
results. We now present the various experimental results.

4 Experimental Results

In this section, we first present the impact of the number of access points on
position errors (Sec. [£1]). Subsequently, we discuss the influence of the number
of samples in the training phase as well as in the position determination phase
on position errors. In Sec. 4]l we present the results of the experiments with
various grid spacings and offsets. The best is brought out of the positioning
system in the last subsection.

4.1 Number of Access Points

To investigate the effect of different numbers of access points on position errors,
we extend the basic experiment by varying the number of access points between
one and 14. For this, we randomly select the particular number of access points
out of the 14 access point covering the operation area.
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Figure shows the average position error and its standard deviation with
respect to the number of access points. As expected, the average position error
decreases with an increasing number of access points. Furthermore, we see a
marginal utility for each access point added. For instance, the position error
drops from about 7.2 meters to about 4.8 meters if the number of access points
is increased from omne to two. This corresponds to a reduction of more than
2.4 meters or 33 percent. If the number of access points is further increased the
reduction is about one meter (from 4.77 to 3.74 meters). If we make a large step
and add the 10*" access point we see that the average position error is reduced by
about only nine centimeters (from 2.65 to 2.56 meters). Furthermore, not only
the average position error decreases, but also does the standard deviation. For
example, the standard deviation is about 4.6 meters when two access points are
used; it is reduced by about 1.4 meters to 3.1 meters in case three access points
are available. And again, the standard deviation shows an similar diminishing
utility as seen by the average position error.
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Fig. 2. The impact of the number of access points on position errors

From the literature we know that in areas of the developed world where peo-
ple live and work it is common to see on the average three access points ([12]
and [I4]). So, with three access points, an average position error of about 3.7 me-
ters is achievable. If we are trying to reduce the average position error by 33 per-
cent (that corresponds to 1.2 meters), at least an additional six access points
are required. Unfortunately, in the scenarios described in the literature, such a
high number of access points is quite uncommon, however, in some environments
such as multi-story buildings or universities, it is typical to see dozens of access
points. Even better, access points are quite cheap nowadays, allowing a posi-
tioning system operator to deploy additional access points just for the matter of
positioning accuracy.

To get a deeper understanding of what the position error distribution for
the three and nine access points scenarios look like, we printed the cumulative
distribution function in Fig. From this figure we see that in 95 percent of
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all cases the position errors are smaller than 6.5 meters if nine access points are
used. If only three access points are utilized, position errors are smaller than
8.7 meters in 95 percent of all cases. It is important to note that not only the
average position error is of interest if we compare positioning systems. Important
is also the length of the tail of the distribution. Thus, we see that the largest
position error is about 12.85 meters for nine access points and 33.23 meters for
three access points.

For the basic experiment we have chosen nine access points. Nine access points
are more than what we usually encounter, however, we selected this number
because we think operators may install extra access points for the sake of position
accuracy. We selected the eight access points located in the hallways of both
floors because this is the place where network operators usually install these
devices. The ninth access point is the one installed in the large office in the
south-west part of the map. However, the location of the access points is of
minor importance because our results show that a particular selection of the
nine out of the 14 access points influences position errors only slightly (about a
few centimeters).

4.2 Training Set Size

In the training phase, an operator walks from reference point to reference point
and collects signal strength samples. Therefore, two factors mainly determine
the time required to collect the training data: The number of reference points
and the number of offline samples taken at each reference point. The impact of
the former on position errors is discussed below. The latter is the objective of
this section.

Usually, active scanning is used to collect signal strength samples of access
points within communication range. A typical wireless network interface requires
250 milliseconds to complete a scan. Thus, decreasing the number of samples
required at each reference point directly reduces the time required to gather the
training data.

To see how the training set size affects the positioning accuracy we conducted
an experiment that extended the basic experiment by varying the number of
offline samples. We start with one offline sample. Next we select five samples.
Further, we increase the samples in steps of five up to 110.

As we see from Fig. the average position error drops from 4.36 meters to
2.78 meters in case the number of offline samples is increased from one to five.
Further, we see a constant decrease of the average position error if the number of
offline sample is increased. However, at around 20 samples the marginal utility of
adding five additional samples is less than one centimeter, or in other words the
average position error only decreases by less than one centimeter if another five
samples are added. Not only the average position error is saturated at around
20 samples, also the standard deviation decreases only slightly in case additional
samples are collected. This being said, we see that taking more than 20 offline
samples is not worth the effort. This is why, we selected 20 samples for the
training set size of the basic experiment.
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Fig. 3. Average and standard deviation of position errors depending on the number of
online and offline samples, respectively

4.3 Online Set Size

In this section, we focus on the online phase and analyze the impact of the num-
ber of signal strength samples on position errors. This is interesting to know be-
cause the number of samples determines the time required to calculate a reliable
position estimate. As mentioned in the previous section, a common 802.11 wire-
less network card takes 250 milliseconds to measure the signal strength of access
points within communication range and hence the time to calculate a position
fix is a multiple of 250 milliseconds.

The basic experiment is extended in such a way that we vary the number of
online samples from one to 110 for this experiment. In the range between one
and 20 we investigate every single step, whereas we use an increment of five in
the range of 20 to 110.

Figure depicts position errors with respect to the number of online sam-
ples. We present average and standard deviation because we want to see if an
large number of online samples impacts these two measures. Unfortunately, the
standard deviation is more or less unaffected by the number of samples. With one
signal strength sample the standard deviation is about 2.03 meters and it drops
to 1.82 meters if the signal strength is sampled four times. In the range of four to
110 samples, the standard deviation varies only between 1.82 and 1.73 meters.

We see a similar behavior with the average position error. With only one
signal strength sample the average position error is about 2.79 meters, but it
drops down to 2.49 meters if three signal strength samples are collected. If the
number of signal strength samples is further increased the average drops only
slightly and we see a diminishing marginal utility. For instance, with 20 samples
an average position error of about 2.4 meters is achievable and with 110 samples
the position error is on average 2.37 meters.

For the default online set value in the basic experiment, we have to make a
trade-off. On one hand, we are interested in the best possible position estimate
and on the other hand we want position updates as often as possible. Especially,
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if the positioning system is running in tracking mode, position updates should
be offered quite frequently. For this, we select three samples as the default value
because it trades time against position error in such a way that waiting an-
other 250 milliseconds improves the average position error by only about two
centimeters whereas the last scan improved the error by about nine centimeters.

4.4 Grid Setup

As stated in Sect. 2] one of the factors that determines how much time it takes
to collect the training data is the number of reference points. In the literature,
most authors utilize an equally spaced grid of reference points to cover the
operation area. This makes the whole process quite easy and does not require
any further operator interaction. An equally spaced grid is defined by a offset,
the grid spacing, and the angle of the grid alignment. To simplify the scenario we
assume that the grid is aligned in the same way as the building that comprises
the operation area.

Although the grid spacing is a relevant factor, it is also important to pay
attention to the offset of the grid. Especially, in indoor scenarios we usually
face a lot of obstacles (e.g., cabinets, tables or locked rooms) that fragment a
floor into subareas. Therefore, the offset of a grid may determine the size of the
area a reference point is associated with. For instance, our test area contains
three connected hallways. The small rooms (the copier room, the kitchen, and
the archive) in the middle of the virtual large hallway chop it into two narrow
hallways that are linked by spaces between the rooms. So, if we overlay such
fragmented areas with a grid that utilizes a given grid spacing, it may occur that
different numbers of reference points can be deployed depending on the offset
of the grid. Figure M illustrates an example of two grids with a grid spacing of
2.0 meters using different offsets. The grid in Fig. |4(a)| covers the operation area
with 51 reference points, whereas the grid in Fig. omprises only 19 reference
points. The offsets for these grids are shifted 0.5 meters north, 1.0 meters east
and 1.5 meters north, 0.5 meters east, respectively.

An investigation of the impact of the offset and the grid spacing on position
errors is the subject of this section.

Offset. We define the point of origin by selecting the bottom left reference
point of the 0.5 meter spaced grid (see Fig.[I]). Based on this point of origin and
the 0.5 meters spaced grid of 612 reference points we derive grids with different
offsets and grid spacings between 1.0 and 4.0 meters. For instance, four different
1.0 meter spaced grids can be created by selecting only every other reference
point and by moving the offset 0.5 meters north, east or both.

In the following we selected a grid spacing of 2.0 meters because this scenario can
easily be described and shows a tendency that is valid for all other grid spacings as
well. With such a grid spacing, 16 offsets can be selected. Depending on the offset,
different numbers of reference points can be applied to the operation area. Table[I]
lists the various offsets and the corresponding number of reference points.

From the table we see that the number of reference points varies between 19
and 51, or in other words, depending on the offsets of the grid up to 37 percent
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Fig. 4. Two grids of reference points with a grid spacing of 2.0 meters but different
offsets

Table 1. This table shows the number of reference points for different offsets of 2.0 me-
ter spaced grids. The first value of the offset column represents the north offset, the
second value the east offset.

Offset |# reference points Offset |# reference points
0.0, 0.0 41 1.0, 0.0 34
0.0, 0.5 2 1.0, 0.5 21
0.0, 1.0 50 1.0, 1.0 13
0.0, 1.5 47 1.0, 1.5 42
0.5, 0.0 14 1.5, 0.0 33
0.5, 0.5 30 15, 05 19
0.5, 1.0 51 1.5, 1.0 42
0.5, 1.5 48 1.5, 1.5 41

of the maximum number of reference points are available. Examples for these
extremes are depicted in Fig. and Fig. respectively.

Although a small number of reference points means that the time required for
the data collection phase can be reduced, we expect position errors to increase
because each reference point is responsible for a larger region of the operation
area. In the following, we investigate this question. For this, we extend the basic
experiment by selecting a grid spacing of 2.0 meters and select offsets as listed
in Table [II Figure [l shows the average position error grouped by the number
of reference points. The average position error is between 2.71 and 3.23 meters.
2.71 meters are achieved in case of 50 reference points and 3.23 meters in case
of 43 reference points. Furthermore, from the graph we see that the average
position error slightly improves if the number of reference point is increases.
This tendency is not strictly consistent. For instance, the case of 43 reference
points is an outlier.

If we look at different grids of reference points and how they fit into the oper-
ation area we see that for some grids there are large areas that are not covered
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by any reference point. Other grids cover the operation area more “smoothly”.
For instance, in Fig. [{{(D)] we sce that the two horizontal hallways are not covered
at all by any reference points whereas in Fig. the operation area is more
evenly covered. If we further relate the average position error to the smoothness
of arrangement of reference points it follows that smoother grids achieve better
position errors. For example, the smooth grid of Fig. achieves an average
position error of 2.87 meters in contrast to the rough grid of Fig. that
achieves on 3.17 meters on the average.

It is relatively easy for a human to decide which scenario shows the smoother
arrangement of reference points if two scenarios are given. To let the computer
take the same decision, we conceived the following algorithm: Randomly select
312 points inside the operation area and add up, for each of these points, the
distance to its closest reference point. The scenario with the smaller result is
the one with the smoother grid arrangement. We selected 312 points for our
312 square meter operation area. We achieved great results by sticking to the
one point for one square meter rule during our tests.

This algorithm can be used to determine which offset leads to the smoothest
grid and therefore to a small average position error. We verified the practicability
of this approach by letting the algorithm select the offset of the smoothest grid
and then we compare the average position error of this grid with the other grids.
For all grid spacings between 1.0 and 4.0 meters, the algorithm selected a offset
that leads to a grid that achieved at least the third best average position error.

In many real-world deployments there will be no pre-defined offsets to choose
from (as in our case). The operator can manually select a few possible offsets
and use the approach described above to find the best suitable offset for the
operation area in question.

Grid Spacing. In this section, we focus on the grid spacing and how it impacts
the precision and accuracy of the positioning system. For this, we vary the grid
spacing of the basic experiment from 0.5 meters stepwise by 0.5 meters until a
spacing of 4.0 meters is reached. For all grid spacings larger than 0.5 meters we
applied the technique described in the previous section to select a suitable offset.
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Fig. 6. Average and standard deviation of position errors w.r.t grid spacing

From Fig. [l we see that with a grid spacing of 0.5 meters an average position
error of 2.33 meters and a standard deviation of 1.73 meters is achievable. In
case a grid spacing of 4.0 meters is applied the average position error goes up
to 2.97 meters and the standard deviation increases slightly to 1.98 meters.
Each time the grid spacing is increased by 0.5 meters the average position error
increases between 3 and 11 centimeters. This is interesting to notice because if we
assume a perfect positioning system that always finds the closest reference point
then the average position error should increase 19 centimeters each time the
grid spacing is increased by 0.5 metersd. We call this error the inherent position
error. Real-world positioning systems are usually not perfect and this is why a
second kind of error adds to the position error: the error caused by selecting a
reference point that is not closest to the user’s real position. This second part
is dubbed the real position error. Coming back to the observed position errors,
it follows that the real position error decreases if the grid spacing is increased.
Or in other words, the positioning system is getting better in finding the closest
reference point if the grid spacing is increased.

Figure [0 shows the average signal strength at each reference point for one
access point. We selected grid spacings of 0.5 and 2.0 meters to exemplify why it
is getting easier for the positioning algorithm to find a closer reference point if the
grid spacing is increased. From the figures we see that the number of at least two
reference points that share the same average signal strength is decreasing if the
grid spacing is increased. If we count only the reference points that do not share
their signal strength value with other reference points, we see that in our sparse
example nine such reference points can be found. This corresponds to 18 percent
of all reference points. In contrast, the example with the 0.5 meter spaced grid
contains only five such reference points or 0.008 percent of all reference points.

As already mentioned, the number of reference points is one factor that mainly
determines the time require to collect the data in the offline phase. From the
previous section we know that the exact number of reference points depends
on the shape of the operation area as well as on the inside the operation area.

? Let « and y be random variables € [0,...,a = g”'dsz’%mg] then the average posi-

tioning error can be determined by: E (/22 + y?) = a% foa foa V2 + y?dx dy.



Deployment, Calibration, and Measurement Factors 31

rzoz»zozon f-R E— T I N - 4R S . A

ea01 6491
~57.6 m— — 22 -87.c — — 22

(a) A grid spacing of 0.5 meters is used  (b) In this scenario a grid spacing of
in this scenario. 2.0 meters is applied.

Fig. 7. Two maps with different grid spacings show the average signal strength at each
reference point for one access point. The position of the access point is marked by an
orange circle.

However, for an operator it might be interesting to get a rough estimate of the
number of reference points that might cover the operation area. Especially in
large deployments this information is helpful to assess the time requirements
for the training phase. To simplify the calculation we assume that the opera-
tion area is rectangular and we omit obstacles that should not be covered by
reference points. These assumptions are valid because a rectangle can be drawn
around every shape an operation area might have and omitting obstacles does
not increase the actual number of reference points. Instead, the actual number of
reference points would be smaller and so our approach yields to a upper bound.
Let [ be the length of the rectangle approximating the operation area and w its
width. Furthermore, let d be the selected grid spacing of the equally spaced grid
of reference points. Then the maximum number of reference points m that cover
this area can be calculated as:
l w
m= (o154

For instance, if we approximate our operation area of 312 square meters by a
rectangle of 36 times 9 meters and select a 2.0 meter spaced grid the area can
be covered with at most 105 reference points. From Table [[l we know that in
practice the maximum number is 51. The difference here is caused by obstacles
and a non-rectangular operation area.

For the basic experiment we selected a grid spacing of 1.0 meter because this
is the size used by other researchers in the literature (e.g., [6] and [9]). For the
offset, we used our aforementioned algorithm to find the smoothest grid resulting
in a offset moved 0.5 meters north compared to the point of origin.

4.5 Best Case Scenario

In this section, we bring the best out of the positioning system. For a few ap-
plication areas, it sounds quite feasible to deploy a few extra access points and
to spend a few more minutes for the collection of the training data, especially
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if in return the accuracy and precision of the positioning system increases. To
exploit the potential of 802.11-based positioning systems, we selected all the pa-
rameters that produced the best results in the previous sections: 110 samples for
the offline set, 110 samples for the online set, a grid spacing of 0.5 meters, all 14
access points.

As expected, the average position error as well as the standard deviation
achieve the best results presented so far: 2.06 meters on the average with a stan-
dard deviation of 1.65 meters. Compared to best results presented in the previous
sections the average position error drops by about 27 centimeters, corresponding
to an improvement of 14 percent (see Sec. Ld]). The standard deviation improves
by about five percent, from 1.73 to 1.65 centimeter.

In Fig. [§ we present the cumulative distribution function of this experiment
because we are interested in the 95" percentile and in the long tail of the distri-
bution. As you see, we achieve position errors of less than 5 meters in 95 percent
of all cases. Furthermore, the maximum position error is less than 6.5 meters.
Compared to the results presented in the previous sections, we see that with
this experiment, the long tail of the position error distribution can be reduced
by more than 5.5 meters (see Sec. 1l). This is an interesting and important
result which makes 802.11-based positioning systems more robust.

5 Discussion

After we have presented the key factors for position errors in the previous sec-
tions, we want to discuss the interesting and surprising implications that are
caused by this results. First, we are going to stress the importance of the num-
ber of access points for 802.11-based positioning systems. Second, we will discuss
the bottom line of the average position error we have observed.

Our results in Sec. Bl already show the importance of the number of ac-
cess points. We want to emphasize their importance here again. Although the
other parameters of the parameter space are also important factors to influence
position errors, they all come with the drawback that decreasing position er-
rors by using these parameters increases the amount of time required to get the
system to work considerably. Instead, adding an extra access point to the oper-
ation area requires only a fixed amount of time for the installation. During the
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training phase as well as during the position determination phase, an additional
access point does not influence the time requirements in any way. Increasing the
number of access points leads to a decrease of the average position error and
its standard deviation or in other words makes the position system more accu-
rate and robust. These two facts make extra access points highly appealing for
performance improvements of 802.11-based positioning systems.

In all of our experiments we have seen a “hidden” bottom line for the average
position error of 2.0 meters. Even if we select the most advantageous values for the
parameters of the positioning system, we are not able to under-run the lower bound
of 2.0 meters. This is consistent with the results published by other researchers
(e.g., 2], [9], and [5]). From this, we draw the conclusion that an average position
error of 2.0 meters is the lower bound for 802.11-based positioning systems.

To further improve position errors of 802.11-based positioning systems re-
searchers came up with the idea of sensor-fusion [I2]. This means that additional
sensors such as Bluetooth or a digital compasses are used in combination with
802.11. First publications proof that the average position error can be reduced to
1.65 meters in case a digital compass is used [6]. However, this approach lessens
the advantage that every 802.11-enabled device can be used for positioning pur-
poses out of the box.

6 Conclusion

In this paper, we have presented a measurement study of deployment, calibra-
tion, and measurement factors for position errors in 802.11-based positioning sys-
tems. Our results show that for the training phase 20 samples at each reference
point are enough. For the position determination phase at least three samples
should be selected to achieve reasonable position errors. If the positioning system
is not used to track users, better results are achievable with 15 samples. How
the grid of reference points should look like cannot be definitely said because
there is a trade-off between position errors and time. Therefore, we recommend
a grid spacing between 1.0 and 2.5 meters depending on the time the operator is
willing to spend to gather data for the training phase. To find a suitable offset
for the reference grid, we have presented an algorithm. The number of access
points is a great means to improve position errors for many reasons. Access
points are cheaply available nowadays and can be easily installed. Further, the
number of access points does not influence the time requirements of the training
and position determination phase.

All our experiments as well as the results presented by other researchers show
that on average position errors of less than 2.0 meters is not achievable. Thus,
we draw the conclusion that there is a “hidden” bottom line of 2.0 meters for
the average position error that cannot be under-run.
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Availability

The research tools Loclib and Loceva are described in [13]. The tools as well as
our trace data will be available under the terms of the GPL on our website [15].
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Abstract. Continuous logging of a person’s geographical position is required for
various “life-log” applications, such as memory aids, automatic blog generation,
and life pattern analysis. GPS is one way of logging, but it is unable to track
movements indoors, and hence cannot track peoplefs ordinary activities. We pro-
pose a WiFi-based location detection technology for location logging. It detects
a device’s location from received WiFi beacon signals. It works indoors and out-
doors, and its estimated accuracy is often comparable to that of GPS. We built
WiFi-based location logging systems based on a smart phone and a keychain-like
device using custom hardware. These prototypes record WiFi information every
few minutes, and this information is converted into actual location logs. We de-
scribe some life patterns created by analyzing these location logs. We also discuss
various application examples and ideas for when continuous location logging be-
comes commonplace.

1 Introduction

“Life-logging” or “reality mining” is a technology that records personal activities by
using various sensing devices [6/T1I5]. Such archived information can be used for sup-
porting people’s memories, organizing information, and helping communications.

Of the various data types for life logging, one of the simplest and most usable is
location data. If a person had a perfect record of time-stamped location logs, it would
become possible to assign a location to any time-stamped data, such as pictures or voice
notes. A location log can also represent personal preferences (e.g., frequently visited
places), and activity patterns [4] (e.g., commuting from home to the office, working,
and holidays). By accumulating the logs of many users, it would also become possible
to detect communication patterns in a community.

The realization of location logging requires a technology that can precisely and con-
tinuously record person’s locations without too much effort from users. GPS (global
positioning satellite) can track location, and there are already commercial GPS loggers,
such as SONY GPS-CS]1, and life-log projects using GPS [2]. However, we consider
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that GPS is not adequate (or, at least not enough) for continuous location life-logging
for the following reasons:

— People’s activities, especially in urban environments, are mostly indoors, and GPS
works very poorly (or does not work at all) in indoor environments. Even outdoors,
GPS’s accuracy becomes worse in urban areas with limited sky views and building
signal reflections.

— GPS sensing requires a certain amount of time to starts from a “cold-start” mode.
To periodically record a person’s location (e.g., every 5 minutes), the GPS device
must always be “on” in order to track the GPS satellites. This feature consumes
a lot of battery power and thus makes it difficult to construct a long-life logging
device.

— For life-logging purposes, it is often not enough to record the latitude and longi-
tude when a person is in a building. More precise information in a building, such
as “floor” and “room” level information would often be required. Although GPS
can detect height information, its accuracy is not enough to distinguish individual
floors.

For these reasons, location logging using GPS is not always effective. In fact, the
GPS-logger devices on a market are mainly designed for outdoor activities such as
mountain climbing.

Instead of GPS-based solutions, we propose a WiFi-based location logging system
called “LifeTag”. LifeTag uses a WiFi access point location database to detect its lo-
cation [3I8719]. Unlike other WiFi-based positioning systems, LifeTag simply records
the nearby access points’ signal strength with access point IDs. Later, this recorded in-
formation is converted into actual location information by referring to the access point
location database. This feature greatly simplifies the location-logging device’s hard-
ware, and makes it possible to develop a logging device as small as a keychain.

This paper presents the LifeTag device and its applications. First, we briefly intro-
duce our WiFi-based location platform called PlaceEngine. Then we explain how the
LifeTag device works and how recorded logs can be used for various applications.

2 PlaceEngine: Location Estimation Using WiFi Signal Strength

We developed a WiFi-based location platform service called “PlaceEngine” [9]]. This is
a web servicd] that estimates a userfs location and sends him or her location information
after receiving a query consisting of WiFi signal information (or WiFi “fingerprints”)
including MAC addresses and the received signal strengths (RSSI) of nearby access
points.

For this service, we also constructed an access point database that covers major cities
in Japan. This database stores more than half a million access points and their esti-
mated locations. Access point locations are estimated by combining various methods,
including:

— War Driving: Driving a car throughout the city, collecting WiFi signal fingerprints
and also recording GPS information as reference location information.

! www.placeengine.com



LifeTag: WiFi-Based Continuous Location Logging 37

— Warwalking: WiFi signal fingerprint collecting by walkers who spot locations indi-
cated on maps.

— End User Register: End users of this system explicitly register locations by using a
map interface.

— Access Log Analysis: Analyzing end users query logs.

Figure [1] shows the results of access point database estimation around the Tokyo
metropolitan area. As shown in this map, almost all of the downtown area is cov-
ered by WiFi access points. Figure 2] shows a typical location-aware application using
PlaceEngine.

Fig. 1. WiFi access point locations estimation (Tokyo metropolitan area). It contains information
on over half a million access points.

Position estimation using WiFi works both indoors and outdoors. Figure 8] compares
the estimation results of GPS (Sony’s VGP-BGU1 GPS device) and WiFi (PlaceEngine)
location logs. The accuracy of GPS estimation is affected by surrounding environments,
such as building shadows or roofs. GPS accuracy is greatly reduced in indoor envi-
ronments, whereas WiFi location estimation is not affected in building shadows and
indoors.

PlaceEngine also provides a unique feature that estimates floor or room information.
The idea is similar to social tagging. Each end user can attach symbolic tag names,
such as “2F” or “meeting room A” to a particular location. The attached name infor-
mation is stored with WiFi signal fingerprints in the database. Later, when a user asks
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Fig. 3. Example of WiFi location estimation and comparison with GPS
for a location, the PlaceEngine service compares the current WiFi signal fingerprint and

stored fingerprints in the database, and also conducts tag “voting” to determine which
symbolic name is most appropriate for the current WiFi situation. When the first choice
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Fig. 4. Example of indoor position estimation

of voting is significantly stronger than the second choice, the system replies with the
symbolic floor or room name as well as with the estimated geographical location (i.e.,
latitude and longitude) and address.

3 LifeTag Location Logging System

We developed a personal location-logging system called “LifeTag” that is based on the
PlaceEngine location platform. The user of this system carries a small WiFi sensing
device that periodically records surrounding WiFi fingerprint information (WiFi access
point IDs and received signal strength). Later, this recorded information is converted
into actual location logs by accessing the PlaceEngine’s WiFi location database. We
think this approach is suitable for location life-logging, especially in urban areas, be-
cause:

— It works both indoors and outdoors. It is also possible to detect the floor number of
a building by analyzing WiFi signal information.

— The device only has to sense and record WiFi fingerprint information so it can be
made simple and small. In particular, the logging phase does not require any net-
work communication or access to a large database. Recorded information turns into
actual locations (longitude, latitude, etc.) when the device connects to a network.

— WiFi signal recording is quick. The device simply receives and records WiFi beacon
packet information for a short period (typically less than one second). Unlike GPS,
there is no “cold-start” phase to find the satellites. This is a useful power saving
feature, because the device can normally be in a sleep mode and only has to wakeup
periodically for signal logging.

— WiFi access points are already very densely deployed in many urban areas
(Figure [[). Thus, WiFi signals can almost always be detected in cities in order
to track onefs location.
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Fig. 5. LifeTag: two hardware configurations (left: smart phone version, right: keychain version
with custom logging hardware)

— While WiFi-location technology such as the PlaceEngine mainly focus on a WiFi
access point managed by anonymous owners, careful calibrations with exact ac-
cess point location information can give even better estimation accuracy (Figure d).
Since infrastructure often exists in offices or campus environments, location log for
people in such areas will be extremely accurate.

Based on the above design principles, we prototyped location logging devices with
two hardware configurations. The first prototype uses an existing smart mobile phone
with WiFi capability (Figure[SHeft). The logging function is implemented as a software
module. During the logging phase, this device is normally in a sleep mode. The soft-
ware module periodically (typically in every 3 minutes) wakes up the device and records
nearby WiFi access point signal information. The entire logging phase takes 3 seconds
and the device goes back into sleep mode after the signal information is recorded. Bat-
tery power consumption is greatly reduced because of this intermittent feature. As a
result, the device runs for 4 to 5 days without recharging.

Figure Blright shows the LifeTag keychain prototype built with our custom hard-
ware. It consists of a WiFi module, flash memory, a real time clock, USB interface, and
an AVR 8bit microcontroller. The device is significantly smaller than the smart phone



LifeTag: WiFi-Based Continuous Location Logging 41

Access Point Location Database

pun, 139 730515 3
. s 625954 115
» . 132 0ss 3 7023605 iz
5 wake up WiFi to location 135730518 35 Gro00; or022683 it
N 139.730559 35 g5 S wigs
- ezeors :
% sense WiFi conversion Eg.guzu 35.626014 ﬁ:;gﬁ;ﬁ ier
- 72964 35.625728 1. wEEL
‘ 8 SWiF 139.725064 53 0 11023898 wies
. record T Raw WiFi R e
w WiFi 135723550 35 caears 1157924081 wie

. . .

_ . sleep fingerprint log : :

: N .62 p

' 139720315 35 erean1 1rareiiZsd wies
. 9724399 350625902 1157034305 TiEr

usB

Engine |

www.placeengine.com
+583879 1157025973 wigy

581179 115702
6034 wif;
576127 1157026095 yigs

location log

Fig. 6. LifeTag operation cycle: logged WiFi fingerprint data is translated into actual location logs
by referring to the WiFi access point location database

version, and it intended to be used as an object like a keychain (Figure [7 left). Peo-
ple simply carry this device in their pocket, and the device automatically records WiFi
signal fingerprints.

The logged data of both prototypes is a list of timestamped WiFi signal fingerprints
and is not itself a location log. This data is later translated into actual location infor-
mation by referencing the PlaceEngine WiFi access point database. Figure[6] shows the
overall architecture of the LifeTag system and sample location logs.

3.1 Location Bookmaking

The LifeTag keychain has an additional feature besides logging: a button to explicitly
“bookmark” the place (Figure[7). The user presses the button when he/she would like to
bookmark the current location, and the LifeTag wakes up and records the WiFi signal
information. Later, this information can be used as a part of location history charted

with special bookmark tags.

4 Location Logging Applications

The method and devices described in the previous section enable anyone to record very
dense and continuous location logs. As an initial experiment, we asked three volunteer
users (including one of the authors of this paper) to carry devices and record location
logs for about four months. The log interval varies from 1 minute to 5 minutes. The
total number of location records was 271,000 (90,269 per person)H
This section explains various application possibilities of personal location logs.
2 The location bookmarking feature described in the previous section was not completely im-
plemented during the trial phase. Thus, the discussion in this section focuses on automatic and

implicit location logging.
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Fig.7. Using LifeTag on a daily basis: (a) continuously logging locations in indoor and outdoor
environments. (b) manually bookmarking a place of interest.

4.1 Assigning Location Tags to Time-Stamped Data and Day Playback

Figure[§]shows two typical applications using location log data. Figure[8](left) is a photo
sharing service (Flickr) with automatically assigned location tags (called “geotags”) to
pictures. Pictures are taken with a digital camera, and a software module automatically
matches the picturefs timestamp and location log’s time stamp and assigns a geotag to
each picture. After that, pictures can be organized by location with a Flickr map services
based on geotags. Although the camera itself has no location sensors, such as GPS, all
the pictures can be given location tags.

Figure 8] (right) is a “day playback™ application. This application takes location log
data and plays it back by moving a map according to the log’s locations. This application
also automatically shows pictures according to location by analyzing timestamps and
geotags assigned to the pictures. This combination of map animation and pictures helps
users to recall past activities.

4.2 Activity Pattern Visualizations

In addition, by analyzing the location information, a person’s activity patterns and pre-
ferred places in the city can be ascertained. We generated map visualizations based on
such location history patterns.

Figure [9]is a “heatmap” that represents a person’s probability density. In this map,
frequently visited places, such as the office, become brighter than other areas. This map
is a fingerprnt (life pattern) of the person’s overall activity.

More precisely, Figure [I0] shows the result of location log clustering. We used the
k-means clustering algorithm and detected the clusters it gave. The two topmost clusters
are marked “A” and “B”, and they represent this person’s home and office.

4.3 Life Pattern Arithmetic: Comparison of Two Location Logs

By analyzing the location logs of two persons, it is possible to find a “common place”
for them. Figure [[1] shows the result of performing an “and” operation on the location
logs of two persons. The right map in Figure [Tl represents places where both user A
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Fig. 9. A heatmap based on a person’s probability density. The brightest spot is the user’s office,
and other frequently visited places are bright spots.
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Fig. 10. Location activity log clustering result: Two major clusters (A and B) are detected using
k-means clustering. Note that the number of cluster elements follows a power law distribution.

user A and B’s office
/
/

Fig. 11. Example of life pattern arithmetic operations: logs of two different users (A and B) are
shown. By applying the “and” operation upon these logs, common areas can be extracted.

Fig. 12. Tokyo city landscape based on a person’s location history. The z-axis is not height, but re-
flects the probability density of person’s location. Frequently visited areas become hills or moun-
tains.
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Fig. 13. A person’s “cognitive” map based on his or her location history. Areas are distorted to
reflect the person’s location probability density. Frequently visited areas become larger on the
map.

and user B exist at (almost) the same time. Since these two users work in the same
office building, there is one brightest spot (marked as “user A and B’s office” in this
map), while other smaller areas are also detected.

4.4 Personalized Geographical Visualization Based on Activity Patterns

Figure [12] is a city map deformed with a person’s location history. The map’s height
(z-axis) reflects the person’s probability density (how likely it is that this person is at this
position in the city). If this person visits a particular place more frequently, that place
is given a higher altitude. The resulting landscape may differ from person to person,
and it reflecte each person’s activity pattern. Figure [[3] also shows the location history
by using a multiple fisheye deformation technique. In this case, the areafs size reflects
the person’s location probability density. If we assume that the importance of a place
can be determined from a person’s location density, such a visualization will resemble
a “cognitive map” that people may have in their minds.

These views are our initial attempts on how a city view can be changed according
to individual life patterns. As expected, these city views differ from person to person,
and it can be said they are visualizations of the lives of the persons in question. City
views also reflect a person’s life status (daytime-map and night-map, or weekday-map
and holiday-map are also quite different from each other).

5 Browsing Support for Location Logs

The previous section shows various visualization examples of location logs. These vi-
sualizations are useful for getting overall impressions of activity patterns. On the other
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hand, browsing and searching of the location history is also useful for recalling activi-
ties on a particular day.

Since the raw location log is merely a list of (timestamped) latitude and longitude
values, it is not understandable without some system support.

5.1 Activity Lists by Reverse Geocoding

Figure [da shows a simple location history using street addresses. Addresses are
obtained from a reverse-geocoding database (a database that converts latitude and longi-
tude values into street addresses). This is more readable than a list of latitudes and lon-
gitudes, and by applying simple substitution rules, such as (Higashigotanda 3 chome,
Shinagawaku to “Office”), the list can be made more understandable (Figure [[4-b).
These text logs can be automatically generated and used for searching and browsing.
They are also useful for writing blogs.

00:00-12:25 Home 00:00-12:25 at home

12:30 Kosugi Nakahara-ku Kawasaki-shi 12:30-13:30 commuting to office
12:35 Higashitamagawa Setagaya-ku Tokyo 13:30-15:15 Office

12:45 Shimomeguro Meguro-ku Tokyo 15:30-15:45 moving to Shibuya Office
12:50-13:25 Kami-Oosaki Shinagawa-ku Tokyo 15:50-16:45 Shibuya Office
13:30-15:15 Higashigotanda Shinagawa-ku Tokyo 17:35-19:40 Office

15:30 Kamioosaki Shinagawa-ku Tokyo 19:50-20:45 going home

15:35 Ebisu-nishi Shibuya-ku Tokyo 20:45-23:55 at home (b)

15:40 Jinguumae Shibuya-ku Tokyo

15:45 Tomigaya Shibuya-ku Tokyo
15:50-16:45 Tomigaya Shibuya-ku Tokyo
17:35-19:50 Higashigotanda Shinagawa-ku Tokyo
19:50-20:10 Higashigotanda Shinagawa-ku Tokyo
20:15 Kamioosaki Shinagawa-ku Tokyo

20:20 Kamioosaki Shinagawa-ku Tokyo

20:30 Okusawa Setagaya-ku Tokyo

20:35 Shinmaruko Nakahara-ku Kawasaki-shi
20:40 Hiyoshi Kohoku-ku Yokohama
20:45-23:55 Home (a)

Fig. 14. Textual representation of location logs (a) Results of simple reverse-geocoding (b) Ap-
plying location name substation rules (e.g., Higashigotanda — Office)

5.2 *“Place Cloud”

Figure [LY]is another textual representation using a variant of a tagcloud. A tagcloud is
a commonly used technique in social tagging applications. It shows the frequency of
attached tag words by changing the word sizes.

In our case, address words, such as “&JIIE (Shinagawa-ku)” or “3RAKRHME (Hi-
gashigotanda)” are regarded as tags attached to days. We call this a “placecloud”. If a
person stays in one place longer, the corresponding placetag frequency also increases.
As a result, each day has placetags with frequency counts. Figure [[3}(a) is a simple
tagcloud based only on tag frequency. The tag size represents the time in which a per-
son stays in a corresponding location. It is useful, but the same places, such as office or
home, tend to constantly become bigger than other placetags, and the resulting visual-
izations become similar over the course of many days.



LifeTag: WiFi-Based Continuous Location Logging

X
ki LR SEAR SRE SR a8 el 1w wrox a2 HE it A

PV 1 -1~ - [
b 3| o S

Thu Dec 21 00:00:00 JST 2006

47

Fri Jan 26 00:00:00 JST 2007

BILX

Sat Jan 27 16:30:00 JST 2007

RE L ﬁ% Ill KB ST EE AR XS BOE AR i% B EE

BEE itk MEE AR

Sun Jan 28 00:00:00 JST 2007

.Y ]| - —- o

: o gEL.EEW.
AL e HER. EX EEH

Fri Dec 22 00:00:00 JST 2006

mIEX
e wmem pHE [FF I X R i T ST KR

Fri Feb 02 08:05:00 JST 2007
o +Re e 5] | [BX s i wmirm AT mem ne wo e R i%fﬁ

(b)

(@)

Fig. 15. PlaceCloud: a tagcloud variant of a location history. (a) tag size is determined simply by
duration spent at the location. (b) tag size is determined by TF/IDF.

2006 September

sun Mon Tue Wed Thu Fri sat
—
3 % 5 6 7 8 9
—
I I
] —
10 il 12 13 14 15 16
P ——
| —
7 19 20 21 2 23

2% 25 2% 27 28 29 30
—
-_ —

Fig. 16. Automatic “Event” detection from personal history: dark areas represent unusual events
for this person

Figure [[3H(b) is a placecloud using “TF/IDF” [10] to determine tag importance.
TF/IDF is a populartext mining technique to determine the importance of words based
on word frequency and word distribution among documents. Using TF/IDF, w;_;, which
is the weight (importance) of the word j in document ¢, can be determined as:

N
Ifi

Wi, 5 = tfi’j X lOg(—) (1)

d

where ¢ f; ; is the number of occurrences of word ¢ in document j, df; is the number of
documents containing word ¢, and N is the total number of documents.
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By applying the TF/IDF idea to location logs, we can regard “days” as “documents”
and “places” as “words” and determine the weights of the places. Figure [[3}(b) shows
placeclouds based on TF/IDF weights. In this visualization, if a place commonly ap-
pears in lists of many days, like a home or an office, the tag size becomes smaller even
when a person stays a long time in these places. On the other hand, if a person visits an
uncommon place, the corresponding tag size becomes bigger. Therefore, this TF/IDF
placecloud shows notable places based on person’s location history.

5.3 “Event” Detection

By extending the idea of picking up notable days, it is also possible to detect a point in
time that is “special” to each person. Normally, life is “routine”; we wake up at home,
commute to the office, and go back home. By accumulating personal location logs, it
becomes possible to predict a person’s location probability density. Thus, if the user is
at an unlikely location at a particular time, it is likely that this is a special occasion for
the person.

For example, it might be considered usual for a person to be in his/her office at 3 PM,
but not in the same office at 3 AM. The unlikely situation would thus be an important
event. It is possible to detect such “events” from the person’s location log automatically.
Figure[T6]visualizes such “events” in the form of a calendar. This event information can
be used to assist memory and automatic creation of blogs.

6 Conclusion

We described a system that continuously and precisely records one’s location history.
Unlike a GPS-based system, our system can detect and record indoor positions. This
feature is essential for logging location histories because most daily activities are in
indoor environments. The underlying WiFi location platform, called PlaceEngine, pro-
vides a location estimation service using a database consisting of more than half a mil-
lion estimated access point locations. It covers the major cities in Japan and it has proven
to be useful for the life-logging purposes described in this paper.

Our LifeTag device is a keychain-like device that automatically senses and records
WiFi fingerprint information around a user. We showed various applications and visu-
alization techniques exploiting the obtained location logs.

Although we mainly focused on the uses of WiFi location detection technology, other
location technologies such as GPS and UWB could be used as well. Using other kinds of
sensors, such as motion or orientation sensors, to assist in life-logging is also possible,
although there is a tradeoff between benefit and hardware complexity.

As described in this paper, it is now possible to record an accurate location history
of a person’s whereabouts. This means any time-stamped data, such as digital pictures,
can automatically be “location-stamped” by matching timestamps. Hence, it can be said
that “when” and “where” data are now interchangeable. We may also be able to make
“who” data interchangeable with “when” and “where” data, by analyzing the location
logs of multiple users. It is often said that daily events have five main attributes of
“when,” “where,” “who,” “why,” and “how”. Location logging is a simple but effective

99 99 ¢
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technology because it has a potential to merge three of the “W”s (when, where, and
who) into one.
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Abstract. High-level and longer-term activity recognition has great po-
tentials in areas such as medical diagnosis and human behavior modeling.
So far however, activity recognition research has mostly focused on low-
level and short-term activities. This paper therefore makes a first step
towards recognition of high-level activities as they occur in daily life. For
this we record a realistic 10h data set and analyze the performance of
four different algorithms for the recognition of both low- and high-level
activities. Here we focus on simple features and computationally effi-
cient algorithms as this facilitates the embedding and deployment of the
approach in real-world scenarios. While preliminary, the experimental re-
sults suggest that the recognition of high-level activities can be achieved
with the same algorithms as the recognition of low-level activities.

1 Introduction

Activity recognition has been an active area of research in recent years due to
its potential and usefulness for context-aware computing. Current approaches
typically rely on state-of-the-art machine learning ranging from unsupervised to
supervised techniques and from discriminant to generative models. Most research
however has focused on low-level and short-term activities. While this focus
has advanced the state-of-the-art significantly we strongly believe that activity
recognition should move forward to address the important and challenging area
of longer-term and high-level activity recognition. In many applications ranging
from medical diagnosis over elderly care to modeling of human behavior, the
analysis and recognition of high-level activities is an important component.
There are various reasons why only a few researchers have worked on longer-
term, complex and high-level activities (with some notable exceptions as dis-
cussed in Section [). For example it is often argued that the recognition of
low-level activities is a prerequisite to recognize more complex and high-level
activities. Besides being tedious and time-consuming, the recording of high-level
activities is a non-trivial task, as the data should be as realistic and representa-
tive as possible. So fundamental problems such as the inherent difficulties and
the large variability as well as more practical reasons seem to have prevented
most researchers to address the recognition of complex and high-level activities.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 50[67] 2007.
© Springer-Verlag Berlin Heidelberg 2007
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The explicit goal of our research is to enable the recognition of longer-term and
high-level activities. Therefore, an essential first step is to record an interesting
and realistic dataset of high-level activities. As we are interested in long-term
activities it is essential to use long-term recordings which is why this papers uses
over 10h worth of data. The paper then compares four algorithms both for the
recognition of low-level activities as well as high-level activities. For each of the
algorithms, we analyze and discuss different parameters such as feature length
and sensor placement. The results suggest that the recognition of high-level
activities may be achievable with the same algorithms as for low-level activities.
In particular, our results indicate that recognition of high-level activities can be
achieved using features computed from raw sensor data alone, without building
up any intermediate representation such as a grammar of low-level activities.

Let us briefly define — for the purpose of this paper — the difference between
low-level and high-level activities. Low-level activities are e.g. walking, sitting,
standing, hoovering, eating, washing dishes, etc which typically last between 10s
of seconds to several minutes. High-level activities, on the other hand, are longer-
term as e.g. cleaning the house, which will typically last more than 10s of minutes
and could last as long as a few hours.

The main contributions of the paper are as follows. First, the results of our ex-
periments suggest that today’s activity recognition algorithms are quite capable
to address the problem of high-level activity recognition. Second, we record and
provide an interesting and realistic dataset of high-level activities which we plan
to make publicly available upon publication of this paper. Third, we analyze and
compare different algorithms for the recognition of low-level and high-level ac-
tivities. Fourth, we systematically analyze important parameters such as sensor
placement, feature length and classification window.

The paper is structured as follows: In the next section we will put our work
into context by discussing related work. In Section Bl we introduce the dataset
and hardware for our experiments. Section M presents the algorithms we use for
recognition of both high- and low-level activities. Sections [l and [6 report on
the results for low- and high-level activities, respectively. Section [7 presents the
summary and conclusion.

2 Related Work

Current research in activity recognition from wearable sensors covers a wide
range of topics, with research groups focusing on topics such as the recognition
of activities of daily living (ADLs) in the context of healthcare and elderly care
(e.g. [1), automated discovery of activity primitives in unlabeled data (e.g. [2]),
semi- or unsupervised learning of activities (e.g. [34]), or the combination of
several sensor modalities to improve recognition performance (e.g. [Bl6]). The
majority of this work is concerned with single activities over relatively short
timescales, ranging from limb movements in dumbbell exercises [2] over postures
and modes of ambulation such as sitting, standing and walking [7I§], to household
activities such as making tea, dusting, cleaning the windows or taking a shower
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[69]. To our knowledge, little work has been done in using wearable sensors to
recognize activities on larger time scales, i.e. by recognizing higher-level scenes
such as cleaning the house or going shopping. A notable exception is the work
by Clarkson et al. [10], who used wearable vision and audio sensors to recognize
scenes such as a user visiting a supermarket or a video store. However, since
cameras and microphones are considered intrusive by many people, such an
approach is unlikely to be adopted in everyday life. There has been work in
identifying daily routines in the lives of users (e.g. [I1]) or inferring a user’s high-
level intentions during his daily movements through urban environments (e.g.,
[T2UT3UT4]). However, these works mainly focus on the location of the user or
have a different understanding of the term ’high-level’, more referring to a user’s
abstract goals in terms of traveling destinations than to a collection of related
low-level activities. On a smaller scale, [6] proposed to break down activities
such as cleaning the windows into small movements called actions, such as wipe
horizontally and wipe vertically. In this work we follow a different approach, by
summarizing a collection of activities into scenes measured in hours rather than
in minutes.

3 Experimental Setup

An important first step towards the recognition of high-level activities is a realis-
tic and representative recording of sensor-data. We formulated four requirements
and considerations as the basis of our data recording. First, as the primary aim
is the recognition of high-level activities, we explicitly started with the recording
of such activities and later defined, named and annotated those low-level activ-
ities that occurred and were performed during these high-level activities. As we
will see below, this leads to quite a different set of low-level activities than one
may obtain when starting from low-level activities. Second, the recording should
be as realistic as possible so that the activities should be performed “in the
field” — that is in an unconstrained and natural setting — and not in a laboratory
or staged setting. Third, the usefulness and the usability of high-level activity
recognition strongly depends on the price and form-factor of the final device.
Therefore we decided to keep the algorithms, features and the sensor-platform
as simple and power-efficient as possible so that the embedding into a simple
self-contained device is feasible in the future. Forth, we decided to start with the
recording of data for a single user, as our primary aim in this paper is to ana-
lyze and show the feasibility of high-level activity recognition first. Even though
that might seem like a limitation, we rather expect that the execution of high-
level activities varies greatly between individuals so that one might need to use
a personalized device. If this holds true or one can enable person-independent
high-level activity recognition remains an open research question and is beyond
the scope of this paper.

One requirement formulated above was to base our recognition on simple
sensors and easy-to-compute features which is why we decided to use the mean
and variance of acceleration signals. Accelerometers are especially appealing in
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Fig. 1. Ground truth for recordings of the three scenes Housework, Morning and Shop-
ping. Each scene was performed four times by the user, here we show only one instance
of each scene.

this context, since they are cheap and can be increasingly found in everyday
objects such as mobile phones, cameras, wrist watches and even shoes. The use
of simple features for recognition would allow the computation to take place
online on a miniature mobile device without draining the battery or slowing
down other applications. Computing the features on the device and discarding
the raw signals can also help to save memory and allow for longer recordings.

Dataset. During the recordings the user was wearing three sensors. One sensor
was attached to the right wrist, one to the righthand side of the hip, and one to
the right thigh, as illustrated in Figure The ground truth labels were mainly
added and edited offline, using a separate video recording (from a passively
mounted video-camera used during the housework and morning scenes) and
some optional online annotations from a PDA.

The dataset consists of three different high-level activities or scenes performed
by one user. The first scene consists of a typical morning routine one might
perform before going to work, which, for one of the recordings, looked as follows
(see Figure [ for the corresponding ground truth annotation). After some time
of sleeping, the user gets up, walks to the bathroom, uses the toilet and brushes
his teeth. After having breakfast, he leaves the house and drives to work by
car. The second scene is a shopping scenario which might look as follows: after
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Highlevel Activities Lowlevel Activities

a Preparing for Work 1 (unlabeled) 9 walking [a, b]

b Going Shopping 2 brushing teeth [a,c] 10 working at computer [b]

¢ Doing Housework 3 taking a shower [a] 11 waiting in line in a shop [b]
4 sitting [a] 12 strolling through a shop [b]
5 driving car [a, b] 13 hoovering [c]
6 cating at table [a,c] 14 ironing [c]
7 using the toilet [a] 15 preparing lunch [c]
8 sleeping [a] 16 washing the dishes [c]

Fig. 2. Overview of the low- and high-level activities in the recorded dataset. Each
high-level activity consists of a set of low-level activities, as indicated in brackets.

working at the computer for some time, the user walks to his car and drives to
a nearby shopping center, buys groceries and heads back in his car. In the third
scene, the user does some housework after getting up. He might first brush his
teeth and have some breakfast, may then wash the dishes, hoover his apartment
and iron some clothes, and eventually walk out of the house.

Each scene was recorded four times, on different days and in a natural envi-
ronment, i.e. at the user’s home and in a nearby supermarket. The scenes were
loosely defined by the fact that each activity should at least occur once in each
instance. The length of the scenes varies between 40 and 80 minutes; the total
length of the data is 621 minutes. Figure [Il shows the ground truth for one in-
stance of each scene, and Figure 2 gives an overview of all activities. The scenes
consist of 15 different activities (plus one garbage class for unlabeled data), some
of which are shared between two or three scenes. For evaluation, we created four
sets, each consisting of three concatenated scenes. We used these sets to perform
a 4-fold leave-one-out crossvalidation on the data.

Hardware. Figure shows the sensor platform that was used for recording
the data for our experiments [I5]. It features a 2D accelerometer (ADXL202JE)
and nine binary tilt switches for sensing motion and orientation of the user. The
sensor board is stacked onto a BSN node [16] with 512 kb of EEPROM storage
for logging sensor data, followed by a third board for the power supply.

Feature Computation. During recordings, the platform stores all sensor data
on the EEPROM storage, from which it can later be retrieved via an rs232
connection. As we aimed for recordings of several hours, the limiting factor for
our experiments was the size of the 512 kb on-board memory rather than battery
lifetime. To save memory, we compute and store only the mean and variance of
the acceleration signal at 2 Hz and discard the raw (80 Hz) acceleration data.
This allows us to record about five hours of sensor data on the chip. The next
generation of the platform will have a larger on-board memory and allow for
recordings of several days or even weeks.
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Fig. 3. Left: User wearing sensors on wrist, hip and thigh. Right: The sensor platform,
consisting of the power supply (bottom), the BSN node for logging (middle) and the
sensor board (top).

4 Algorithms

We use four different approaches for recognition of activities — three of them are
based on a discrete representation that we obtain by clustering the sensor data,
and one approach is based on training HMMs on continuous data. All approaches
have in common that they use the mean and variance of the acceleration signal
over a sliding window as the underlying features. These features are cheap to
compute and are known to yield high recognition rates in settings comparable
to ours (e.g. [QUITIIIY]).

Related work has shown that it is possible to recognize movements or activities
based on low dimensional models learned in a semi- or unsupervised fashion
(e.g., [2IT9]). Such models can also be thought of as an alphabet of symbols,
a vocabulary in which activities are formulated as ‘sentences’. Compositions of
such sentences could later serve as a tool for recognizing more abstract and high-
level behavior. The first three of the following approaches are inspired by this
idea, but as we do not assume that human motion follows a strict grammar, we
only consider the occurrences of symbols over intervals, without modeling their
temporal order. We use k-means clustering as a simple yet effective unsupervised
method to map features to a set of discrete symbols, i.e. to one of the k cluster
centers. We represent each feature by the closest cluster center. As a result, the
input data is transformed into a one-dimensional sequence of cluster assignments.
Based on this representation, we employ three different learning methods which
we describe in the following. The fourth method is based on HMMs and uses a
vector of mean and variance values as features. Figure [ illustrates the different
representations we use for recognition.

K-means. As a baseline method, we label each cluster with the activity that
occurs most often among the training samples belonging to the cluster. Classifi-
cation is then performed by assigning to each test sample the label of the closest
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Fig. 4. Examples of the different representations used for recognition. From top to
bottom: ground truth; features (mean & variance over 4 sec); cluster assignments (each
feature is assigned to one of k=100 clusters); histograms of cluster assignments (over
windows of 480 samples).

cluster center. During experiments we vary the size of k and the length of the
window over which the features are computed.

Occurrence Statistics + NN. In this approach, rather than using individual
symbols as features, we compute histograms of cluster assignments over a sliding
window of the training sequence. Each histogram is labeled with the activity that
occurs most often in the window of samples that it covers. For evaluation, we
perform a nearest neighbor (NN) classification on the histograms computed from
a test sequence.

Occurrence Statistics + SVM. This approach is also based on histograms of
cluster assignments. However, instead of using a nearest neighbor classifier, we
train a support vector machine (SVM) using the histograms as features.

HMMs. The fourth approach is based on Hidden Markov Models (HMMs).
HMDMs belong to the class of generative statistical signal models, and they have
been successfully used in activity recognition tasks before (e.g. [20/T0J21]). They
lend themselves to a hierarchical classifier design, which makes them interesting
candidates for modelling activities on different levels of abstraction.

As for the first three approaches, we use the mean and variance of the acceler-
ation signal over a sliding window as features. We then partition the data into NV
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equal parts and train a separate HMM on each part. We use left-right models
with one gaussian per state, and we vary the number of states in our experiments.
In order to assign activity labels to the models, we use a sliding window over the
features as observation sequence, and compute the likelihood of the window for
each of the N models. The model with the highest likelihood is then assigned
the label of the activity that occurs most often in the window. Classification is
performed similarly, i.e. by computing the likelihood of each model over a sliding
window starting at a certain sample, and subsequently assigning to the sample
the label of the model with the highest likelihood.

5 Low-Level Activities

In this section we report on the performance of our proposed approaches with
respect to the fifteen low-level activities listed in Figure2l As mentioned earlier,
the definition of those low-level activities came after the recording of the high-
level activities. That way, a somewhat obvious but important observation is that
the definition of low-level activities is not as well-defined as one might expect.
E.g., for the following activities, it is not clear if they belong to the same or
to different low-level activities: walking down a corridor vs. walking in a super-
market while collecting items; sitting in a car vs. sitting at a table while eating
vs. sitting on the toilet vs. sitting at a desk and working on a computer; etc. It
should be clear that this is not simply a question of a hierarchical and temporal
decomposition of concurrent activities but that this is rather an inherent diffi-
culty linked to the context of the particular activity (e.g. sitting on the toilet vs.
sitting at a table). So we decided to define the low-level activities within each
high-level activity as they occurred within the context of the high-level activity.
That way we have a range of activities which occur across multiple high-level
activities such as walking, eating at table and brushing teeth and others which
are more specific such as driving a car or strolling through a shop.

Based on these definitions of low-level activities, this section compares he recog-
nition performance of our four approaches. For each of the algorithms we also iden-
tify and discuss suitable parameters such as the number of clusters, the length of
the feature window, and also appropriate on-body locations for the sensors.

K-means. Figure shows the accuracyﬁ for different numbers k of clusters
and different window lengths for the features. One can observe that values of k
below 50 have a negative impact on the recognition performance. For values of
k >= 50, accuracy lies roughly between 60 and 70%. The best result of 69,4% is
obtained for £ = 500 and a feature length of 64 seconds. Surprisingly, the best
results are obtained for relatively long window lengths. Lengths between 16 and
256 seconds perform best, and there is a visible drop in performance for shorter
and longer window lengths. Figure [0 shows the confusion matrix for the best
parameter combination. One can clearly see that the recognition performance
varies strongly between the different activities. Seven of the 15 activities have

1 'We use the term accuracy to refer to the number of correctly classified samples
divided by the number of all samples.
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Fig. 5. Accuracy of classification for low-level activities; using assignments to cluster
centers as features (left) vs. using histograms of such assignments in combination with
nearest neighbor classification (right)

Classified Activity
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16| Sum_Recall
1 1314 148 188 64 567 136 81 103 540 85 10 428 317 993 707 158 5839 22.5%)
2 brush teeth 146 1258 310 0 0 0 0 0 9 0 16 0 71 302 2 51 2165 58.1%,
3 shower 83 249 1710 0 0 13 17 0 58 0 0 47 54 270 40 70| 2611 65.5%
4 sit 287 4 6 684 424 168 267 5 68 19 0 49 7 26 19 0] 2033 33.6%
5 drive car 334 0 0 343 9743 301 84 26 62 0 0 73 0 0 0 0] 10966 88.8%
£| 6eat 192 5 21 127 938 4253 26 11 42 0 0 25 2 3 21 13| 5679 74.9%|
2| 7 use toilet 83 14 46 41 324 106 224 7 14 16 0 0 12 53 4 0] 944 23.7%)
; 8 sleep 260 14 21 45 116 34 0 7016 111 36 0 55 0 0 10 22| 7740 90.6%
5|9 walk 614 12 105 29 66 0 7 0 8988 0 0 1285 139 153 32 40| 11470 78.4%|
9| 10 work at comp. 99 0 3 22 52 35 15 36 26 1325 0 24 9 21 21 [ 1688  78.5%)
O] 11 stand at cashier 14 0 0 0 0 0 0 0 0 0 798 717 23 145 92 15[ 1804 44.2%)
12 walk in shop 193 14 37 7 2 0 0 0 836 0 297 3260 109 201 342 14| 5312 61.4%)
13 hoover 74 44 74 0 0 0 0 0 128 0 0 135 785 456 66 149 1911 41.1%)
14 iron 122 76 155 0 0 0 0 0 38 0 162 53 267 7009 438 263 8583 81.7%
15 prep. lunch 331 4 2 0 0 20 C 0 14 0 37 349 49 499 731 95( 2131  34.3%
16 wash dishes 240 29 54 13 0 0 0 0 11 0 3 37 23 350 255 2554 3569 71.6%)|
Sum| 4386 1871 2732 1375 12232 5066 721 7204 10945 1481 1323 6537 1867 10481 2780 3444| 74445
Precision| 30.0% 67.2% 62.6% 49.7% 79.7% 84.0% 31.1% 97.4% 82.1% 89.5% 60.3% 49.9% 42.0% 66.9% 26.3% 74.2%)

Fig. 6. Aggregate confusion matrix for the best parameter combination when using
k-means cluster centers as features. £k = 500, mean & var computed over 64 seconds,
shift = 0.5 seconds. Overall accuracy is 69%.

recall or precision values above 70%, the best being sleeping (97.4/90.6), working
at the computer (89.9/78.5), walking (82.1/78.4) and driving car (79.7/88.8).
During four activities the user was sitting (sitting, driving car, eating at table,
using the toilet), and from Figure [0 one can see that these activities are often
confused with each other during classification.

Occurrence Statistics + NN. Figure shows the recognition results for the
histogram-based approach combined with a nearest neighbor classifier. We vary
the number of clusters and the length of the histogram windows (the windows
are always shifted by 5 features at a time). The underlying mean and variance
features are computed over windows of 4 seconds with a shift of 0.5 seconds (in
contrast to the k-means approach, we observed that small feature windows per-
formed better here). The highest accuracy of 77% is obtained for k = 100 and a
histogram window of 480 samples, covering about 4 minutes of data. For larger
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Classified Activity |

1 2 3 4 5 6 7 8 9 10 1112 13 14 15 16/ Sum Recall

1 79 79 24 0 7 434 50 53 0 0 0 10 208 11 66| 625 12.6%)

2 brush teeth 73 142 86 0 0 8 8 1 0 0 0 3 0 0 0 59 380 37.4%|

3 shower 0 0 558 0 0 0 0 0 0 0 0 0 0 0 0 3 561 99.5%|
4sit 0 0 0 0 67 0 68 0 26 0 0 0 0 0 27 0 188 0.0%]

5 drive car 0 0 0 0 2134 0 0 0 102 0 0 54 0 0 0 0| 2290 93.2%|

c| 6eat 0 10 13 0 104 1033 25 0 0 0 0 47 5 0 11 23 1271 81.3%)
3|7 use toilet 0 81 5 0 71 28 26 10 13 0 0 0 0 0 0 0 234 11.1%]
5| _8sleep 15 26 0 0 0 4 7 1498 7 0 0 0 0 0 0 0| 1557 96.2%]
£ 9walk 46 0 6 0 90 0 17 7 1632 18 0 303 10 69 0 3| 2201 74.1%)
9| 10 work at comp. 0 0 0 0 127 0 0 0 17 180 0 0 0 0 0 0| 324 55.6%]
© 11 stand at cashier 0 0 0 0 0 0 0 0 3 0 125 120 0 0 139 0| 387 32.3%
12 walk in shop 0 0 0 0 23 0 0 0 52 0 60 886 0 075 0| 1096 80.8%|
13 hoover 10 0 0 0 0 0 0 0 0 0 0 0 365 8 10 21| 414 88.2%)
14.iron 0 0 0 0 010 0 010 0 0 0 0 1676 45 10| 1751 95.7%]
15 prep. lunch 0 0 8 68 0 17 30 0 5 0 30 53 13 14 156 109 503 31.0%
16 wash dishes 0 012 0 017 0 0 6 0 0 14 6 0 0 715 770 92.9%

Sum| 223 338 712 68 2623 1121 215 1566 1926 198 215 1480 409 1975 474 1009 14552
Precision|35.4% 42.0% 78.4% 0.0% 81.4% 92.1% 12.1% 95.7% 84.7% 90.9% 58.1% 59.9% 89.2% 84.9% 32.9% 70.9%]

Fig. 7. Aggregate confusion matrix for the best parameter combination when using
histograms of cluster centers as features. kK = 100, histogram windows over 480 features
(about 4 min.) shifted by 5 features each, mean & var computed over 4 sec., shift =
0.5 seconds. Overall accuracy is 77%.

histogram windows the accuracy visibly decreases. Similarly to the k-means re-
sults, values of k£ below 50 lead to a sharp drop in performance, implying that too
much information is lost from the discretization. Figure [1] shows the confusion
matrix for the best parameter settings. Except for the activities taking a shower,
sitting, using the toilet and washing the dishes, the precision increases for all ac-
tivities compared to the previous approach. Notably, the confusion between the
activities ironing and hoovering is much lower in this approach. The overall gain
in accuracy of 8% indicates that the use of histograms of symbols rather than
individual symbols does indeed help to improve recognition performance.

Occurrence Statistics + SVM. When using an SVM for classification in combina-
tion with the histogram features, the recognition results can be slightly improved
compared to the nearest neighbor approach. Figure shows the accuracy for
different values of k£ and different window lengths for the histograms. The best
result of 78% is obtained for k& = 50 and a histogram window of 480 samples,
covering about 4 minutes of data. One can observe that accuracy decreases with
higher number of clusters and smaller window lengths. For window lengths be-
tween 240 and 960 samples, corresponding to about 2 to 8 minutes of data, and
values of k between 50 and 200, we obtain the highest accuracies.

HMMs. Figure B(b)] shows recognition results for the HMM approach. We vary
the feature length and the number of models IV; in this particular example,
the number of states is fixed to 8, and the observation window for classification
covers 16 samples. The number of models N directly affects the length of data
that each HMM models, since the data is equally partitioned into N parts. Thus,
N is inversely related to the length of the histogram windows of the previous
approaches. From the plot one can observe that using less than 200 models
(i.e. each model sees about 2.5 min of data or more) leads to a visible decrease
in performance. We obtained the best result of 67% for N = 200 models and
a feature length of 64 sec, an observation length of 16 and models with 32
states. When varying the number of states we found that they only marginally
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Fig. 8. Accuracy of classification for low-level activities; using histograms of cluster
assignments in combination with an SVM (left) vs. using HMMs (right)

Classified Activity |
1 2 3 4 5 6 8 10 11 12 13 14 15 1 Sum_ Recall
1 288 337 654 849 323 497 533 49 879 458 65 833 103 485 151 98| 6602  4.4%)
2 brush teeth 0 1565 32 7 21 32 46 0 20 32 0 0 0 159 183 0 2167 72.2%)|
3 hoover 0 75 1070 523 0 33 32 0 120 50 0 0 0 0 0 0f 1903  56.2%j
4 iron 0 0 182 6732 1211 41 0 0 117 166 0 0 0 0 130 0 8579  78.5%)
5 prep. lunch 0 0 0 365 927 105 27 0 131 162 66 35 130 33 54 33| 2068  44.8%)|
< | 6sit 10 81 0 61 142 577 84 13 273 212 33 257 0 0 0 196 1939  29.8%)
E 7 eat 0 0 20 43 70 80 3615 0 130 252 0 1327 0 33 19 32 5621 64.3%)
'_; 8 sleep 533 16 0 0 11 283 29 6638 56 0 33 127 0 0 0 65| 7791  85.2%)
S| 9 walk 33 130 196 145 7 463 310 0 8399 171 0 493 13 903 0 33| 11296  74.4%)|
9 | 10 wash dishes 0 9 0 167 98 69 206 0 2 2740 0 0 0 0 262 0 3553 77.1%)
O 11 work at comp. 0 0 0 0 0 65 24 0 178 0 1307 33 0 86 0 0 1693 77.2%)
12 drive car 0 0 0 0 0 99 524 0 440 0 33 9670 0 33 0 98| 10897 88.7%)
13 stand at 99 0 0 0 200 0 0 0 0 0 0 0 1285 212 0 0 1796 71.5%)
14 walk in shop 0 98 0 0 197 66 0 0 862 0 0 68 429 3581 0 0 5301 67.6%)
15 shower 0 254 0 205 0 0 0 0 0 130 0 0 0 0 1982 0f 2571 77.1%)
16 use toilet 20 16 0 25 0 206 328 0 28 2 0 295 0 0 0 0 920 0.0%)

Sum| 983 2581 2154 9192 3207 2616 5758 6700 11635 4375 1537 13138 1960 5525 2781 555 74697
F ision| 29.3% 60.6% 49.7% 73.2% 28.9% 22.1% 62.8% 99.1% 72.2% 62.6% 85.0% 73.6% 65.6% 64.8% 71.3% 0.0%)

Fig.9. Aggregate confusion matrix for the best parameter combination when using
the HMM-based approach. The parameters were: window length for features = 64 sec.,
200 models, 32 states per model, observation length = 16. Overall accuracy is 67.4%.

effected the results. Figure @ shows the confusion matrix for the best parameter
combination. Overall, results of the HMM approach suggest that the temporal
aspect — at least for the features we employed — is not dominant enough to allow
for higher recognition rates.

Sensor placement. The results so far were based on the data of all three sensors
the user was wearing on wrist, hip and thigh. It turns out that using only subsets
of these sensors for recognition reveals some interesting relations between the
placement of sensors and the recognition of individual activities. For instance,
we found that the overall accuracy of the k-means approach slightly improved
from 69 to 70% when we used only two sensors, namely the sensors on wrist and
thigh. These results are consistent with the findings from [8], who also found
that when using only two sensor locations, wrist and thigh are the most suitable
locations. Using these locations even leads to better results when recognizing
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K-means Occ./NN | Occ./SVM HMM

Activity P T p r P T p r

(unlabeled) 30,0 225|354 126 79 3,0 |293 44
brush teeth 67,2 58,1420 374|230 21,1606 722
shower 62,6 655|784 995|867 91,8713 77,1
sit 49,7 33,6 | 00 00 | 00 0,0 |22,1 298
drive car 79,7 888|814 932|869 954|736 887
eat 84,0 74,9 |92,1 813|823 873628 0643
use toilet 31,1 23,7 | 12,1 11,1150 94 | 0,0 0,0
sleep 97,4 90,6 | 95,7 96,2 |91,2 97,2 | 99,1 852
walk 82,1 78,4 |84,7 74,1795 776|722 744

work at computer 89,5 78,5190,9 55,6933 948|850 77,2
stand at cashier 60,3 44,2581 323|759 473|656 71,5

walk in shop 49,9 61,4599 808|707 80,1|0648 67,6
hoover 42,0 41,1 | 89,2 882|983 82,6497 56,2
iron 66,9 81,7849 957 (89,0 959|732 785
prep. lunch 26,3 3431329 31,0 | 457 543|289 448
wash dishes 742 71,6 | 70,9 92,9 | 79,0 89,9 | 62,6 77,1
Mean 62,0 593 163,0 614|640 642|575 60,6
Accuracy 69,4 77,0 79,1 67,4

Fig. 10. Summary of the results for low-level activities. Each column shows the preci-
sion (p) and recall (r) values for each activity, as well as the accuracy, i.e. the number
of correctly classified samples divided by all samples. The highest values in each row
are highlighted.

the activities brushing teeth, driving car, preparing lunch and washing dishes.
When only using the wrist sensor, performance for brushing teeth and taking
a shower improves, likely because these activities are mainly characterized by
hand and arm movements. For sleeping and walking, using only the hip sensor
already yields precision and recall values up to 95%.

5.1 Discussion

Figure shows a summary table comparing the best results of the four ap-
proaches. Generally, the approach Occurrence Statistics + SVM achieves the
highest accuracy of 79.1%. For most activities, the use of histograms instead of
single cluster assignments as features leads to better precision and recall values.
However, there are two stationary (sitting, using the toilet) and two dynamic
activities (brushing teeth, walking) in which the use of single cluster assignments
yields higher results in either precision, recall or both. The HMM approach
achieves the lowest accuracy of 67.4%, slightly less than the k-means approach.
In summary, we conclude that using histograms of symbols as features and com-
bining them with a strong classifier is a promising and competitive approach for
recognizing the type of daily activities we recorded in our study.

It is worth noting that the overall recognition scores seem low compared to the
published state-of-the-art. However, in contrast to most other recordings and as
discussed above, we explicitly defined the low-level activities after the recording
of the high-level activities, and therefore both the larger variability within single
low-level activities (such as walking) and the high similarity between different
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low-activities (such as walking and walking through shop) pose a more challenging
recognition problem than is usually addressed.

6 High-Level Activities

In this section we report on how well our proposed approaches can deal with the
recognition of high-level scenes comprising a collection of low-level activities.
More specifically, we evaluate how well our algorithms can classify the three
different scenes Morning, Housework, and Shopping. Each scene has a length of
at least 40 minutes and consists of at least six different activities. The evaluation
was performed in the same fashion as for the low-level activities: we constructed
four datasets, each containing one instance of each of the three scenes, and then
performed a leave-one-out crossvalidation.

K-means. Figureshows the accuracy for different numbers of clusters and
different window lengths for computing mean and variance of the signal. As for the
low-level activities, one can observe that for values of k below 50 performance de-
creases rapidly. In terms of feature windows, there is a visible tendency that longer
window lengths lead to a better performance. For the parameter values that we
sampled, the best result of 84.9% was obtained for £ = 50 and a feature window of
768 sec., i.e. about 13 min. (We comment on the feature length below in the para-
graph ’Sensor Placement’.) The confusion matrix for this configuration is shown
in Figure T2 (upper left). Precision and recall range between 74 and 94%.

Occurrence Statistics + NN. In this experiment, as for the low-level activities,
we vary the number of clusters and the length of the histogram. The results can
be seen in Figure The mean and variance features are computed over 4
sec. windows with a shift of 1 second. The best results are obtained for values of
k between 50 and 500, and histogram windows between 512 and 2048 samples,
i.e. between about 8 and 32 minutes. Figure[[2] (upper right) shows the confusion
matrix for £ = 500 and a histogram window of 512 samples; the accuracy for this
run was 83.4%, which is slightly lower than for the k-means approach. In terms
of precision and confusion there is no clear difference to the k-means approach.
However, the results improve substantially when using an SVM for classification
instead of a nearest neighbor classifier, as is described in the next section.

Occurrence Statistics + SVM. Figureshows the accuracy for different val-
ues of k and different window lengths for the histograms when using an SVM as
classifier. The best results are obtained for histogram windows between 1280 and
2048 samples, i.e. between 20 and 32 min. Interestingly, the number of clusters
for discretization only has a minimal influence on the recognition performance,
the dominating parameter is the length of the histogram window. Even when
using only k = 10 clusters, the accuracy stays above 90%. Figure [[2] (lower left)
shows the confusion matrix for the best result of 91.8% accuracy, which is an
improvement of about 7% compared to using the nearest neighbor classifier as
described in the previous paragraph.



Scalable Recognition of Daily Activities with Wearable Sensors 63

0,
500
4096

512

K-Means K 2 4 Feature Length K-Means K 2 64 Histogram WL

(a) K-means (b) Occurrence Statistics + NN

200

5 6
12
k 10 64 Histogram WL Feature Length 4 20 #Models

(c¢) Occurrence Statistics + SVM (d) HMM

Fig. 11. Accuracy of classification for high-level activities

Classification (k-means) Classification (Occ. Stats + NN)
preparing going doing preparing going doing
for work  shopping housework |[Sum  Recall |[for work  shopping housework [Sum Recall
preparing for work| 7652 921 916 9489 80.6%) 1568 336 72| 1976  79.4%
5 going shopping| 1030 6683 1310[ 9023 74.1% 86 1669 101[ 1856 89.9%
doing housework 741 263 14764| 15768 93.6%| 354 224 2651| 3229 82.1%)
Sum| 9423 7867 16990| 34280 2008 2229 2824 7061
Precision 81.2% 84.9% 86.9%) 78.1% 74.9% 93.9%)
Classification (Occ. Stats + SVM) [Sum__ Recall Classification (HMM) Sum__ Recall
preparing for work 1383 132 0 1515 91.3% 8220 753 515 9488 86.6%)
'5 going shopping 62 1359 126 1547 87.8% 1042 4962 930| 6934 71.6%)
doing housework| 14 143 2612 2769 94.3% 1156 536 7334 9026 81.3%|
Sum| 1459 1634 2738| 5831 10418 6251 8779( 25448
Precision| 94.8% 83.2% 95.4% 78.9% 79.4% 83.5%)

Fig.12. Aggregate confusion matrices for the best parameter combinations of the four
approaches for recognizing high-level activities

HMDMs. Figure shows the recognition results for the HMM approach. As
for the low-level activities, we vary the feature length and the number of models
N. The number of states is fixed to s = 2 (we did vary the number of states
but found only small changes in performance), and the length of the observation
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Fig.13. K-means based recognition accuracy of high-level activities for subsets of
sensor locations. The best values of each combination are highlighted.

K-means Occ./NN | Occ./SVM HMM
Scene p r p r p r P r
Preparing for Work | 81.2 80.6 | 78.1 79.4 | 948 91.3 | 789 86.6
Going Shopping 849 741|749 899|832 878|794 71.6
Doing Housework | 86.9 93.6 | 93.9 82.1 | 954 94.3 | 835 813
Mean 844 82.8 823 838|911 912|806 798
Accuracy 84.9 83.4 91.8 80.6

Fig. 14. Summary of the results for high-level activities. The columns show the preci-
sion (p) and recall (r) values for each activity, as well as the accuracy.

window for each HMM is set to 16 samples. From the figure one can observe
that values of IV below 200 lead to a decrease in performance. The best results
of slightly above 80% are obtained for feature lengths above 256 seconds (4 min)



Scalable Recognition of Daily Activities with Wearable Sensors 65

and N = 200 models or more. Figure[[2 (lower right) shows the confusion matrix
for N = 200 and a feature length of 768 seconds.

Sensor Placement. We also investigated the influence of different sensor loca-
tions on the recognition of high-level activities. Figure [[3] shows the differences
in performance when applying the k-means approach to subsets of sensors.
Figure shows the results for the wrist sensor. One can observe that for
this sensor, the size of the feature window strongly influences the recognition
rate — there is a distinct peak for relatively large windows between 512 and 1024
seconds. Obviously, for shorter windows the wrist movements are not discrimina-
tive enough for recognition. This might be due to the fact that the three scenes
share some of the low-level activities, and that of these, many involve similar
wrist movements, as for example brushing teeth or showering. The results for
hip (Figure and thigh (Figure sensor do not exhibit such a clear
tendency towards specific window lengths. Thus it appears that it is mainly the
wrist sensor that is responsible for the good performance of relatively long win-
dows when using all three sensors. The result for the hip sensor indicates that
the performance at this location is more influenced by the number of clusters
than the feature length; the best results are obtained for k¥ = 100. Similarly as for
the low-level activities, the combination of wrist and thigh sensor also performs
very well for high level activities. For £ = 100 and a feature length of 1024, the
accuracy is 82%, i.e. only 3% worse than when using all three sensors.

6.1 Discussion

Figure [[4] shows a summary table comparing the best results of the four ap-
proaches. As for the low-level activities, one observes that the approach Oc-
currence Statistics + SVM achieves the highest accuracy, in this case 91.8%.
Combining the histogram features with an SVM instead of a nearest neighbor
classifier leads to higher precision and recall values for all activities. Generally,
the accuracy of all four approaches is over 80%, which is significantly higher than
the chance level of about 33%. Even though the results might not generalize due
to the small number of high-level activities in our set, we find that the high recog-
nition rates are remarkable, considering the use of simple and easy-to-compute
features in combination with a relatively large and challenging dataset.

7 Conclusion

The main goal of this paper was to investigate how well current approaches in
activity recognition can be applied to the recognition of high-level activities,
which happen on the order of hours rather than minutes and consist of a diverse
set of small scale activities. To this end, we recorded a naturalistic dataset with
a user wearing three sensors on wrist, hip and thigh performing several instances
of three different high-level scenes. We evaluated four different algorithms with
respect to their ability to recognize both the low- and high-level activities con-
tained in the dataset. One important aim of our research is to investigate to
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which extent current approaches for recognition of low-level activities can be
directly applied to the recognition of high-level activities — i.e. using the same
simple features without adding any intermediate levels of representation. We
believe that in the future such an approach would allow for scalable and efficient
activity recognition systems based on simple sensors.

The results indicate that our algorithms can achieve competitive recognition
rates for many of the low-level activities. The best results of slightly below 80%
were achieved when using histograms of cluster assignments as features, com-
bined with a support vector machine for classification. We investigated different
window lengths and numbers of clusters and found that mapping the data to 50
clusters already leads to good results. In terms of sensor placement, using only
two sensors at wrist and thigh resulted in equal or even better rates than using
all three sensors.

When classifiying high-level activites, we achieve recognition rates of up to
92%, which is clearly above the chance level of about 33%. We achieve these
results with the same algorithms that we used for the low-level activities, merely
by changing parameters such as the feature length and classification window. The
best results were again obtained by the histogram-based approach in combination
with an SVM. For all our approaches we use simple mean and variance features
derived from accelerometer readings at 2 Hz. Considering the relatively simple
sensors and features, as well as the challenging dataset, we find that the results
for the high-level activities are surprisingly good.

We conclude that recognizing activities on such scales using only small and
unobtrusive body-worn accelerometers is a viable path worth pursuing. Yet we
are aware that our work is but a first step towards recognition of high-level activ-
ities, and that more sophisticated models might yield better results. An obvious
extension would be an hierarchical approach, using the outcome of the low-level
classification as basis for the high-level inference, e.g. by defining a grammar
of low-level activities. High-level activities however are often unstructured and
may contain seemingly unrelated low-level activities, as e.g. observed in the data
collection of this paper (e.g. when the user decided to eat during his housework).
Therefore such an hierarchical approach is beyond the scope of this paper and
will be explored in future work. In addition, we intend to validate our results on
larger and more diverse sets of high-level activities, as well as across different
users, in order to find out how well our approach generalizes.
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project MOBVIS (FP6-511051). Ulf Blanke gratefully acknowledges the schol-
arship provided by the DFG research training group “Topology of Technology”.
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Abstract. Increasingly, cell phones are used to browse for information
while location systems assist in gathering information that is most ap-
propriate to the user’s current location. We seek to take this one step fur-
ther and actually overlay information on to the physical world using the
cell phone’s camera and thereby minimize a user’s cognitive effort. This
“magic lens” approach has many applications of which we are explor-
ing two: indoor building navigation and dynamic directory assistance. In
essence, we match “landmarks” identified in the camera image with those
stored in a building database. We use two different types of features —
floor corners that can be matched against a floorplan and SIFT features
that can be matched to a database constructed from other images. The
camera’s pose can be determined exactly from a match and information
can be properly aligned so that it can overlay directly onto the phone’s
image display. In this paper, we present early results that demonstrate it
is possible to realize this capability for a variety of indoor environments.
Latency is shown to already be reasonable and likely to be improved
by further optimizations. Our goal is to further explore the computa-
tional tradeoff between the server and phone client so as to achieve an
acceptable latency of a few seconds.

1 Introduction

As someone walks through a building, he may want help navigating to the right
room or accessing dynamic directory information related to his current location.
Both of these tasks would benefit from the environment directly providing per-
sonalized information. Current approaches to this problem use location systems
to help the user index into the information. However, the retrieved information
must be put into context. We use a camera phone to provide the contextual
framework by having the act of pointing the camera form the query into the in-
formation. The phone’s display can then be used to overlay information directly
onto the image and provide the user information in context. The crucial element
of this approach is in determining the precise camera pose (location in 3D and
orientation - a full 6 degrees of freedom).

J. Hightower, B. Schicle, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 68 2007.
© Springer-Verlag Berlin Heidelberg 2007
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We are working on two applications of this capability. The first is motivated
by an ongoing project to help individuals with cognitive impairements navigate
in indoor spaces. This user population often has difficulty navigating complex
buildings such as medical centers and shopping malls. In essence, we are trying
to provide customized “painted lines on the floor” for users to follow to their
destination. Our goal is to overlay directional arrows and navigation instructions
onto the image as it is easier to understand directions when they are overlaid
directly on the user’s own view of his environment, especially for people with
cognitive impairments [I]. The inability to get around efficiently can limit in-
tegration into the community or affect their ability to be gainfully employed.
We are building a system that supports both indoor and outdoor navigation;
here we focus only on the indoor portion. The second application targets a more
general population that may be interested in finding out information about a
building such as what events are taking place, which resources are reserved and
by whom, and when someone was last in their office. This is what we mean by
“dynamic directory information”. As people walk down hallways, they should be
able to see customized “dynamic name plates” that provide this data. Examples
of information overlay for both of these uses are shown in Figure [Il

Our approach to finding the camera pose is based on a simple concept: we
determine the “landmarks” in the image and their correspondence to previously
cached landmarks of the space. By matching enough landmarks we can precisely
compute the camera pose and thereby accurately overlay information onto the
display. This simple idea is complicated by the fact that different spaces have
different types of landmarks. We use “micro-landmarks” such as floor/wall tran-
sitions, corners, and door/floor edges when we are in spaces that have a high
degree of homogeneity, such as hallways. We use “texture-landmarks” in larger
and richer spaces such as open areas (e.g., an atrium or large room).

In the case of hallways, we can determine a user’s location on the floorplan of a
building by comparing the camera image to the floorplan. Our image processing
targets micro-landmarks likely to be found on the floorplan, e.g., position of
doors, hallway intersections, etc. We compare those found in the image to a
floorplan provided by the building’s infrastructure. We use a building server to
hold this floorplan data as well as provide the computation cycles for extracting
the micro-landmarks and performing the matching. Communication between
the client and server is realized through a Wi-Fi connection supported by many
newer phone models. We prune the search of the best correspondence by using
the Wi-Fi fingerprint to coarsely locate the user (we only expect a location
estimate that is accurate to within 5-10 meters - easily attainable with several
of today’s Wi-Fi-based positioning systems [213]).

The problem of determining useful landmarks is complicated in large open
spaces as it is much more difficult to discern floorplan features. In this case, we
use an approach developed by Snavely, Seitz, and Szeliski named Photo Tourism
[4] which uses texture features of the images computed by SIFT [B] which are
mapped to 3D locations through the use of multiple images. This stored structure
allows a similar correspondence to be computed between the landmark database
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Fig. 1. Sample of possible information overlay on an image of the environment. Image
shows both an overlaid navigation aid and a magic lens-type application with dynamic
information about the current surroundings.

and new images. These texture-landmarks do not rely on specific structural
elements. It is important, however, to ensure that the landmark database used
for feature correspondence is an accurate reflection of the current space.

Thus, our system works as follows: (0) the phone captures the image, (1)
sends it to the server along with Wi-Fi fingerprints and the type of information
requested, (2) the server performs feature extraction and (3) finds the correspon-
dence to the building’s floorplan or to previously captured images, (4) from this
correspondence the camera pose can be computed, and finally, (5) the server
returns an information overlay for display to the phone client. Figure 2 pro-
vides a diagram of how our system operates (focusing on the micro-landmarks
used for hallways). Our challenge is to ensure that all this computation and
communication can be performed in under 5 seconds to support reasonable user
interaction speeds. Although we currently do all the processing on the building’s
server our goal is to explore different partitions of tasks and evaluate their per-
formance. Moreover, we can further explore the types of features/landmarks we
extract from the image and consider several hybrid approaches. We also plan to
investigate the use of video (as the user moves the phone) as this may provide
more cues than a static image. Video processing is likely to be better suited for
this type of “magic lens” or augmented reality application. We expect that the
current single image technique can be extended with refinement techniques to
support video.

In the following sections of this paper, we discuss work on similar problems
and how they relate to our system. Then we examine the steps of processing an
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Fig. 2. System diagram for calculating camera pose and overlaying information on an
image from a camera phone. The inputs to the system are the following: (A) a floorplan
with relevant features marked on it, (B) a rough location estimate (which includes floor
information), and (C) an image from the camera. Using this information, the first step
is to extract relevant features from the image. Step two is to choose a region of the
floorplan and a set of features to match against. In step three, a mapping between the
features in the image and features on the floorplan must be assigned and evaluated.
In step four, this information can then be used to find a more precise location and
orientation on the floorplan. Lastly in step five, location of objects and features on the
floorplan can then be transferred onto the image, along with data relevant to the user.
A similar methodology exists for texture landmarks.
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image and matching it to a floorplan, illustrated by examples. Lastly we discuss
remaining issues and extensions to our system.

2 Related Work

A variety of systems exist that can localize a device in its environment with the
use of an image. Many of these are designed for robot navigation, and make use of
odometry data and rely on many images to localize accurately. Early work shows
that matching building features to refine location is feasible [6], but requires a
highly accurate estimate of current position and orientation. More recent work
makes use of robust image features such as those produced by SIFT [5]. The
vSLAM system simultaneously builds a map and localizes images features within
that map [7]. Other robotic navigation systems use many images along a path
and visibility information to calculate likely locations [819]. None of these systems
are suitable for our desired scenario where odometry data and multiple images
are not available.

Image analysis systems that are not intended for localization also provide
useful components. Photo Tourism can solve for 3-D locations of feature points
in a scene and calculate camera positions from a large group of images [4]. New
images can be matched to the current model, producing an accurate camera
pose in relation to the scene. Annotations can be transferred between images
by using the underlying 3-D structure. Photo Tourism relies on distinct SIFT
features which most hallways lack, and it is not designed for quickly finding
a camera position in a large area given a location estimate. For this reason,
the approach of Photo Tourism plays an important role in our system, but is
not sufficient. Systems to recognize landmarks in outdoor environments and
provide annotations also exist [10]. This also relies on SIFT features, and does
not actually generate a refined location, but merely identifies what objects might
be in the image. Providing a database of geocoded features is also much higher
cost than providing a building floorplan. Although these systems support similar
interactions, they are not suitable for use on hallway images.

Augmented reality systems share a similar goal of information overlay. These
systems tend to be object centric, and often tag objects with special markers to
facilitate their location in an image [TIIT2T3]. Other systems actively project
structured light on the environment to aide in localization [14], but would have
difficulty in a hallway environment. Existing augmented reality systems provide a
variety of examples of information overlay and may be a source for applications of
this system, but do not currently support hallway environments without special
tagging or special hardware. Although some systems seek to augment existing
maps [15], our system aims to bring the map information to the user’s current
environment.

3 System

As previewed in Figure[2] the steps of the system will be first to extract possible
relevant features from a given 640x480 cell phone camera image. Next a relevant
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section of the floorplan (or other feature database) must be chosen, and then the
matching will be performed. Once the correspondence is found, it can be used
to find location and orientation of the camera. Lastly, the location of objects
and other relevant information can be transferred back into image space. The
following sections will discuss these steps in more detail, illustrated by examples
from work on the problem. Although the bulk of our current work focuses on
hallway images and building features, we also discuss the use of image-based
features that will support environments other than hallways.

3.1 Features in Homogeneous Environments (Hallways)

Feature Detection. The first step in finding how an image matches to a floor-
plan is to locate the features in the image. There is limited information on a
standard floorplan, but any floorplan should include location of doorways and
corners of walls. These features, or micro-landmarks, will be visible in the image
too, and the goal is to find them. The concept is simple: to locate the lines that
define the edge of the floor and the lines that define the edge of each doorway
or corner. Intersecting these sets of lines will give points that correspond to the
features on the floorplan.

We have implemented a basic feature detection method based on segmenting
the image. Instead of looking for the edges of the floor directly, we locate the
entire floor and then use the edges of that region. We have chosen the Mean
Shift method to perform image segmentation [I6]. The floor will then likely be
the segment that is at the bottom center of the image. It is difficult to take a
picture of a hallway where this is not the case, but this requirement could be
included in the interface that prompts users to take pictures. The edge of this
region is then traced and the corners are identified using a “cornerity” metric [17].
This will not locate all the places along the floor where there is a doorway, but
it finds many of them. More can be located by intersecting vertical lines found
in the image with the floor boundary, but this is not done in these examples.
Additionally, this tracing method finds some false corners that do not correspond
to anything in the floorplan. False corners that are at the top of a vertical line of
the floor edge can be discarded as points likely caused by occlusion of the floor.
The results of segmentation and corner finding are shown in Figure[3l These are
points that can now be used to match to the floorplan.

Although this basic feature detection gives results suitable for demonstrating
the system, we are looking at other methods to improve it. This will be discussed
more in Section @l Our current method is similar in spirit to other work done on
natural indoor scene analysis for local robot navigation [1§].

Feature Matching. Once the features in the image are found, they must be
matched to the floorplan. The first step of this is to choose a set of points from
the floorplan to match against. This is done both to remove ambiguous cases and
to reduce the search space. The rough location estimate provides a center for the
region to be tested, and a radius can be estimated based on the accuracy of the
location system and some idea of the camera’s useful visibility range. Figure [4]
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Fig.3. The hallway image is first seg- Fig.4. The region of the floorplan con-
mented with Mean Shift, then the edge of sidered for matching. The estimated loca-
the floor traced and corners located. Cor- tion is marked with an X, and the feature
ners marked with orange circles are candi- points are marked with small red dots.
dates for matching to floorplan features.

shows the floorplan, an estimate of the location, and the features that will be
considered for matching for the hallway image shown in Figure 3 It is possible
to include other information when calculating the region to consider, such as
visibility calculations, or priors for direction, either from direction of motion or
an external sensor, but we currently do not include these.

Once the two sets of features are defined, they must be matched up. This is a
challenging problem because of the number of possible ways to match. A trans-
formation between the image space and the map space can be defined by four
sets of correspondences. For the examples presented here, there are an average
of 10 image points and an average of 27 map points, resulting in over 2 billion
possible four-point correspondences. In order to make this problem tractable, we
perform this matching using a RANSAC approach that intelligently selects and
prioritizes the hypotheses. The hypotheses are generated by randomly choos-
ing two points from the image and two points from the map. These two points
define a line in each space, and the next two points must have consistent place-
ment with respect to that line across the image and map space. This selection
eliminates approximately 90% of the hypotheses that would be generated purely
randomly. Hypotheses are also prioritized based on the area covered by the four
points in the image. The larger the distance between the points, the more likely
it will produce a stable homography. The area of the bounding box of the four
points is used as a measure of spread, and a threshold is slowly lowered in order
to implement priority. Lastly, the search is terminated early if the estimate has
not improved in a “long time” (for example, 5,000 samples) because it unlikely
to improve further as the threshold lowers. Our examples obtain good results
testing less than 100,000 hypotheses.

Hypotheses are evaluated by solving for a homography that maps from the
image points to the floorplan points, and looking at the sum of squared distance
between the two point sets. Weights for points closer to the camera (lower in the
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Fig. 5. Results of point correspondence algorithm. Upper left: the detected points on
the image labeled by number. Lower left: the points on the floorplan that were matched
to the image, labeled with corresponding numbers. Right: the floorplan warped into the
image space and overlaid on top of the original image, which matches very well. This
example has 10 image points and 32 map points, and completes matching in about 15
seconds.

/R

Fig. 6. Results of point correspondence algorithm. Upper left: the detected points on
the image labeled by number. Lower left: the points on the floorplan that were matched
to the image, labeled with corresponding numbers. Right: floorplan warped into the
image space and overlaid on top of the original image. This example has 11 images
points and 31 map points and completes matching in about 12 seconds. The view the
opposite direction down the hallway is visually similar, so this is not a trivial example.
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Fig. 7. Results of point correspondence algorithm. Upper left: the detected points
on the image labeled by number. The detected points of this example required some
manual filtering to get a good match. Lower left: the points on the floorplan that were
matched to the image, labeled with corresponding numbers. Right: floorplan warped
into the image space and overlaid on top of the original image. This example has 9
image points and 19 map points and completes matching in about 8 seconds.

image) are higher because they are likely to be detected more accurately in the
image. The highest ranking solution at the end of the search is then used. See
Figure [B] and [0 for results from our Computer Science building. Figure [ shows
results from our Health Sciences Center. This image presented more challenges
due to the lower contrast, reduced brightness, and reflective floors. Although
some manual filtering of the image features was required to get good a match to
the floorplan, we believe it is possible to refine the algorithms to process these
images correctly, as discussed in Section [l

The RANSAC method returns results in 5 to 30 seconds on a 2.8GHz desktop
machine, which is approaching the speed necessary for use in a live application.
We believe that further improvements are possible that will increase both speed
and robustness. This will be discussed more in Section El

3.2 Features in Heterogeneous Environments (Open Areas)

The system described above is tailored specifically to hallways and areas that
have micro-landmark building features visible, but a lack of other distinct visual
features. Images of rooms besides hallways often do not show many building
features, but have a richness of other features, as in Figure[8l In order to support
areas like this, a system like Photo Tourism can be used [4]. This requires a
database of SIFT image features reconstructed from many images of the area
and then aligned with the floorplan. New images can then be matched to this
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data and localized, providing a camera location and orientation. An example of
this is shown in Figure[@ where the atrium of a building is analyzed using about
50 high quality (7 megapixel) images, and then a cell phone image is localized
within this structure. The example shown here took about 7 seconds to match
the cell phone image to the database of image features.

Approaches like Photo Tourism work well in open areas with many distinct
image features, but have difficulty in more confined and uniform spaces like
hallways. Additionally, it requires significant effort to take enough pictures to
provide a database to localize new images. For this reason, we think a mixture of
our hallway and floorplan micro-landmark system with an image feature texture-
landmark database system will provide the most coverage at a lower startup cost.
Integration of these systems may be done in a variety of ways, and is discussed
further in Section @

Fig. 8. An atrium of a building. This lacks easily detectable building structure making
it difficult to match directly to a floorplan. However, it has an abundance of distinct
image features, making it possible to use other methods based on an image feature
database.

3.3 Augmenting Images

The correspondence between the image features and the landmarks (from the
floorplan or feature database) allow the camera pose can be estimated. This
will give both the location and orientation of the camera in the space of the
floorplan. The camera pose can be solved after finding the correspondence or
the pose and correspondence can be solved simultaneously. It is also possible
to use the simple homography calculated by our RANSAC matching method to
map regions between the image and floorplan without further calculation.

The mapping between the image and floorplan can then be used to overlay
information onto the camera image. Arrows to give navigation directions can
be drawn on the floor by drawing the arrow on the floorplan and warping it
into the image space. Tips of arrows can even disappear behind corners to give
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Fig. 9. This shows the reconstructed structure of a building atrium using Photo
Tourism. The colored dots show the location of detected image features. The black
triangles show the camera positions for images used in the reconstruction. The red tri-
angle shows the location of the cell phone image within the reconstruction. Above: the
reconstruction has been manually aligned with the building floorplan. Below: a view
of the image is shown overlaid on the reconstruction.

an added sense of depth by clipping to the area segmented as floor, without
requiring additional knowledge of the 3D structure. An example of this is shown
in Figure Since the location of doors is known in the image, the doors can
be marked with additional labels, as suggested in Figure [l
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Fig.10. This shows an arrow overlaid to match the perspective of the floor. The
calculated homography was used to place the arrow.

4 Remaining Issues

We have demonstrated the feasibility of an image based localization system for
overlaying information. However, many improvements are necessary in order to
build a live application. Different areas of future work will be discussed in the
following sections.

4.1 Robustness

This would not be an interesting problem if the simple methods proposed here
worked for all situations. Indeed, there are many cases it does not work for that
must be overcome. Figure [Tl shows some possible problem areas. Transitions in
floor covering can easily cause problems in segmenting the floor. Additionally,
reflective floors make it difficult to segment the floor and produce reflected copies
of relevant features. Combining information from probable floor edges as well as
color and texture may help both problems, as could including information about
floor types in the floorplan. Additionally, providing a small number of training
examples may enable a customized doorway-corner feature detector while still
maintaining low startup cost. Buildings with different types of doors or flooring
in different areas could use a marked floorplan to select the appropriate detectors
based on the rough location estimate.

Breaking assumptions about floor shape, for example hallways that curve,
may cause problems with fitting lines to these edges, so the algorithms should
not rely on this. Areas with few features, such as stretches of hallway without
doors, or areas with unusual features, such as a catwalk, must be dealt with.
Including floor edge lines as features in addition to points may provide more op-
portunity for matching, as would training specific doorway or corner detectors
for each building. Estimates of user motion may also provide additional infor-
mation about current location. These estimates may come from the location
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system, from the camera in a video mode, or even from external sensors, such
as accelerometers and gyroscopes. Additionally, images that contain clutter will
cause problems with simple segmentation. A box sitting on the floor may cause
spurious features, as could a person walking by. In addition to improving the
image analysis component, the point correspondence component should be ro-
bust to both spurious and missing features. Making more direct use of a camera
model when matching between the image and the map should result in better
constrained and more robust solutions. We are investigating the requirements of
the matching system in order to inform the development of the feature detectors.

To cover a wider range of environments, a mixture of floorplan-based features
and image based features can be used. Although navigation instructions are not
as useful in a room, there are applications that could use this feature. There
are few features in the floorplan that are visible in an average room, however
the presence of objects in these rooms provides features that are more likely
distinguishable with SIFT [5] and Photo Tourism [4]. In order for a system that
uses SIFT image features to be robust to matching a wide variety of images,
a large volume of pictures are necessary. In addition to variance in lighting at
different times of day, camera quality also influences matching. For this reason,
it may be necessary to include pictures of the environment across a range of
lighting and a range of cameras. It may also be possible to use the floorplan
feature system to bootstrap the SIFT feature collection, giving a lower startup
cost but the ability to leverage SIFT features. Outdoor environments could also
make use of SIFT features, but would not be able to leverage map information,
instead requiring a large volume of images of the environment.

Even with robust algorithms, there are likely some images that will cause
failure. It is important to be able to recognize these failures automatically and
possibly provide a measure of uncertainty. Relaying this back to the user with
information about what went wrong will increase their trust of the system by not
giving obviously wrong results. It will also allow them to take this information
into account when taking a new picture.

4.2 Speed

It is also important to consider response time in order to use this approach in
an application. A user will likely not want to wait more than a few seconds
for a response, so our goal is a response time of 5 seconds or less. If all the
processing is done on a server and not on the phone, the time to send the image
across a network must also be included. We assume a Wi-Fi enabled phone
for the location system, and use 640x480 images, but other scenarios may take
significantly more network time. Even for our case, algorithms must be chosen to
meet this time goal. Our current bottleneck is finding correspondence between
the features in the image and the map, but we believe this can be improved
further. New methods for image analysis will also need to be chosen with speed
in mind. It is also possible that some or all of the processing could be done on
the phone as the processing power of phones continues to increase.
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Fig.11. Examples of images that pose problems for simple segmentation. Changes
in floor material, reflective floors, and unusual structures such as curved walls and
catwalks break simple assumptions, but they should all be handled properly. Addition-
ally, people or clutter in the hallways will cause problems detecting features, as will
environments with low contrast difference between floors and walls.

The Photo Tourism system is not designed to provide quick camera pose
estimation within a large space given a new image and location estimate. It
will be necessary to design the feature database to return a small number of
features in the area around the location estimate in order to support our live user
interaction model. Additional optimizations may be necessary to increase speed
and improve handling of lower quality cell phone images. Additional work will be
necessary to integrate both the floorplan-based landmarks and the image-based
landmarks into one cooperative system. A simple geographic based approach
could be used to dictate using one approach in hallways and the other in open
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areas, or the two types of features could be detected in parallel and then used
together to solve for camera pose.

Video based “magic lens” or augmented reality type applications are also an
area requiring optimization. Even if the initial camera pose takes some time to
compute, assuming relatively small motion between frames it should be possible
to compute an update to camera pose in a fraction of the time required for the
general case. Since this system uses data in the image itself to calculate where
to show things on the image, it should not be subject to the disconcerting lag in
systems that use separate sensors to determine where the camera is aimed. An
example of such a system is Nokia’s MARA, which relies on GPS and compass

sensors [19)].

4.3 Applications

A system like this would make developing and using augmented reality appli-
cations for indoor environments much easier. Environments would not need to
be instrumented with additional features; at a minimum a floorplan is required
in order to deploy the system, although additional information such as pho-
tographs or property tags may be provided to improve robustness. Users would
only need to have a camera phone to take advantage of the applications. Naviga-
tion applications could provide much clearer directions by overlaying directions
on images of the current environment. Navigation applications could also make
use of the improved location accuracy, again without the need for additional
markers as proposed in other navigation systems [20]. Using images of the en-
vironment instead of words or maps is more effective for people with cognitive
disabilities [I], and would be a pleasant interface for most users. The ubiquity
of cellphone usage would not make users requiring assitance stand out. Pausing
to take a picture of the current location also seems like a natural way to ask
for help in deciding where to go next. This interface may also be a convenient
way to retrieve timely information about the current environment. Linking in-
formation from a calendar system would enable it to show the availability of the
nearby conference room, without requiring data entry on the phone. An X-Ray
Vision-type application could use more detailed information about the building
to show plumbing or similar structures within the walls. Overlaying those details
on images of the walls will allow servicemen to more accurately predict where
work might be needed.

Outdoor environments would also benefit from navigation instructions tailored
to the current view, and we believe a similar approach will work in outdoor
environments. It could also be used as a way to identify landmarks and index
into information about them. For example, it could find the name or address of a
building, hours of operation, reviews from other people about that location, and
other information—all without requiring users to do complex lookups on their
phones. There is a wealth of opportunities for building applications on top of a
system like this.
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5 Conclusion

We have presented early results that demonstrate it is possible to provide the
capability of information overlay on camera phones for a variety of indoor en-
vironments. Our system tailored to hallway environments currently provides
reasonable latency, and still has room for further improvement. We have also
demonstrated that a system based on SIFT image features can work in more
open environments, and that these two systems complement each other. Al-
though there are significant improvements necessary to achieve a workable sys-
tem, we have developed a framework to support localization from images and
allow applications such as navigation and dynamic directory assistance to overlay
information on a user’s camera phone with minimal infrastructure cost.
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Abstract. In this paper we present an approach to analyzing the so-
cial behaviors that occur in a typical office space. We describe a system
consisting of over 200 motion sensors connected in a wireless network
observing a medium-sized office space populated with almost 100 people
for a period of almost a year. We use a tracklet graph representation of
the data in the sensor network, which allows us to efficiently evaluate
gross patterns of office-wide social behavior of its occupants during ex-
pected seasonal changes in the workforce as well as unexpected social
events that affect the entire population of the space. We present our ex-
periments with a method based on Kullback-Leibler metric applied to
the office activity modelled as a Markov process. Using this approach we
detect gross deviations of short term office-wide behavior patterns from
previous long-term patterns spanning various time intervals. We compare
detected deviations to the company calendar and find and provide some
quantitative analysis of the relative impact of those disruptions across
a range of temporal scales. We also present a favorable comparison to
results achieved by applying the same analysis to email logs.

1 Introduction

The social fabric of an organization is largely hidden from direct observation. It
is not the same as the organizational structure. It is not completely defined by
email or phone communication. The social fabric is the interpersonal connectivity
in a group that is largely created and maintained by physical interactions in the
space [I]. Measuring the structure and dynamic evolution of these connections
is essential to understanding the health and productivity of an organization. At
the same time, the details of these interactions are very sensitive from a personal
privacy standpoint, so it is important to treat them with respect [2].

This social fabric is embedded within the architectural structure of a building.
There will be social spaces such as lounges or kitchens. There may be specific
associations between individuals and particular places in a building, such as
offices. There are likely to be organizational functions that are concentrated in
particular locations, such as departments and work groups. We are motivated by
these facts to take a building-centered approach to measuring the social fabric.
By measuring the way the social fabric drapes over the physical structure of the
space we indirectly measure the structure of the social fabric itself.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 85 2007.
© Springer-Verlag Berlin Heidelberg 2007
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This space-centric perspective has several advantages. By trying to understand
the way the building is being used we can avoid the need to instrument or catalog
each person in the space. This is a significant advantage in cost, reliability, and
the impact on privacy. One of the insights that we gained during the experiments
with the data that we collected is that in order to find events that disrupt
the established patterns of social interactions, we do not need to look at every
individual participant of the daily routine of the office space, but rather at how
all together the inhabitants behave differently in response to a socially disruptive
event. This implies that all analysis can be done en masse, without resorting to
finding patterns in behavior of each individual, nor establishing his/her identity.
This approach also makes it possible to fluidly handle visitors and other transient
populations.

We have installed a 200 node sensor network in a corporate facility and have
used it to collect the data for the period of over 10 consecutive months. Each
sensor node has the ability to sense motion when a moving object appears in
its field of view. We consciously tried to avoid using video cameras in order to
accommodate the sense of comfort among the people populating the office. This
on one hand made the problem of data collection easier, as the occupants felt
that their privacy was respected, but on the other hand, made the task of data
analysis harder, as no ground truth can be derived from the sensor data.

However, it should be pointed out that even with the use of the video cameras,
it would be nearly impossible to obtain ground truth for the data on such scale.
Video storage issues aside, a simple review of the recorded videos could take a
very long time. In view of this we opted for using other means for analysis -
company calendar and email logs. This approach inevitably leads to questions of
quantitative validity of the analysis. In the light of this argument we would like
to emphasize that it is not a classification approach that we present, but rather
a ranking system. We attempt to explain found irregularities in the behavior
patterns the best we can, but it is nearly impossible to frame the experiments
in a purely quantitative fashion for lack of exact transcription of a year worth
of movements of 100 people.

Using a tracklet graph representation that we have developed in our earlier
work [3] this paper focuses on the statistics calculated over a large population
of these graphs. The graphs record the possible destinations for a person leaving
his/her office. Aggregating these graphs over extended periods of time allows
us to estimate Markov models of the connectivity of the space. The Kullback-
Leibler Divergence (KLD) is then used to compare models from different time
periods. This technique enables analysis of the time-varying patterns of social
behavior of the entire organization.

During the ten months of observation the organization experienced several
disruptive events: the arrival and departure of a large transient worker popu-
lation, a change in the senior management structure within the organization, a
change in management in the parent company, and other events such as holidays,
etc. We will present evidence that the sensitivity of this building-centered social
analysis to disruptions compares favorably to a classical email-based approach.
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2 Background

Social relationships in organizations have been studied for quite some time [4].
The methods developed for the analysis of these relationships have ranged from
conducting individual surveys and handing out questionnaires to mining data
in online communities and using wearable sensors to monitor the social activi-
ties of the people. The analysis of the social dynamics and understanding roles
of individuals in social networks [5] may help organizations to improve their
productivity by leveraging the groups naturally forming among their staff.

In the recent years, data gathered from the company email communications
has been used to identify social networks in an organization [6J7]. The success
of this approach is largely due to a directed and unambiguous nature of point-
to-point email communications, as well as to the convenience of the centralized
storage of this data. When compared to traditional surveying techniques this
approach is both cheaper and less prone to human reporting error. Though most
such analyses use the To and From data fields in the email to form directed
graphs of social relationships, some scholars have gone further and included the
content and topic of message to allow determination of expertise and social roles
of the correspondents [§]. More detailed analyses are made possible by fusing of
informationfrom multiple data sources, such as web pages [9].

Recently swarms of simple sensors have been used as perceptual tools for living
and office spaces. Much of this work has its focus on prediction of motion [10]
and monitoring activity [III2JT3]. That body of work so far has avoided the
question of social network analysis.

In another very different approach, wearable electronic sensors have been used
to gather information about social networks in organizations [I4/15]. In order to
gather information about verbal interactions and the nature of the conversa-
tional dynamics in social networks, people in the organization wore sensors on
their bodies over extended periods of time. The goal of this analysis was to un-
derstand the social network in an organization and identify the people informally
entrusted with leadership roles in various groups and subgroups. The authors
found that conversational cues such as turn-taking pattern strongly correlates
with the speakers’ roles in the organization.

Up until recently the research in this area has been focusing on the roles of
individuals, viewing social networks from the perspective of the individual par-
ticipants. By necessity such analysis can be privacy invasive. All measurements
that carry identity or cognitive information such as emails or voice recordings
can be viewed as compromising individual’s privacy and are subject to strict
regulations and limitations on the scale of deployment. In contrast, measuring
less descriptive information in a process that allows a person to preserve his or
her anonymity enables massive deployments, that can be rich sources of infor-
mation about social dynamics without having to sacrifice significant individual
privacy. This data can be freely distributed, analyzed and reported on. An ex-
tensive discussion of privacy is beyond the scope of this paper hoeever. We invite
th interested ereader to see our prior work in this area [16].
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The social network of any organization is not a fixed immutable feature to be
discovered through a one-time effort. The network, like the community that it
describes is alive and changes over a period in time. It is affected by the influx
of workers, by top down management changes or directives and in response to
physical factors such as building space reallocations. This paper is a step towards
developing methods that can be used to identify and quantify the effects of
such interruptions and activities on social relationships between people. Our
hope is that this information could help planning such moves more effectively to
minimize their disruptive impact.

3 Models

A gross estimate of the level of activity in a space can be cheaply and easily
obtained from a collection of motion sensors. Even the most basic such measure-
ments will reveal the patterns of usage in a space. This point is clearly illustrated
in Figure[Il which shows the total activity observed in a space over many months.
It can be seen that there is a dominant weekly pattern that governs the behavior
of this group of people. It is also possible to see the added activity contributed
by a pulse of seasonal workers from approximately June 1 through August 31.
Finally, there is a clear depression of activity around the winter holidays.

x 10 motion activity

1af- T =

sensor activations

I I
9-01 11-01 o1-01
date (month—day)

05l01 07l03
Fig. 1. Gross activity in the experimental space, as measured by the number of raw
motion sensor activations

While these are interesting results, they are very coarse. There are a number
of more subtle, though no less significant events that have been missed. For
example, the plot in Figure [2 shows the number of people who are out of the
office, as recorded in the company calendar. It is easy to see that there are
periods of time in late August and late December when many people are away
from the office (the two primary peaks in that plot). The August travel pulse,
with a third of the people away, is not represented in the simple motion analysis
of Figure[Il. The absences are masked by some other activity in the space.

Capturing more subtle events in the space requires a more sensitive model. In
this section we focus on modeling the structure of the interconnections between
parts of the space. To do this we extract the trips that people take in the space
and model how those trips connect the various parts of the space.
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Fig. 2. A plot showing the number of people away from the facility on a particular day

It is not possible, with the very little information provided by motion detec-
tors, to flawlessly extract the tracks of individuals in the space. To compensate
for this perceptual shortcoming we instead use a representation that encodes the
inherent ambiguities in the data efficiently. We briefly review a method intro-
duced in [3] that allows us to extract a structure called a tracklet graph.

One of the main contributions of this paper is in embedding these tracklet
graphs into a new probabilistic framework. This embedding results in a Markov
chain model that describes the probability of seeing a trip between any two
points in the space, even if we never see a single, unambiguous example of such
trip. This model captures the social fabric of the space.

Finally we end the section with a description of the Kullback-Leibler Diver-
gence (KLD) formulation for Markov chains that we use to detect changes in
that social fabric over time.

3.1 Tracking

Classical tracking accommodates ambiguity by maintaining a set of hypotheses
that describe every consistent explanation of the data. This is referred to as
multiple hypothesis testing [I7]. The problem with approaches similar to that is
that with each new ambiguity the hypothesis set may grow exponentially. The
goal of the tracking algorithm is to use new observations to prune away the
ambiguities and arrive at a single, true explanation for the data.

Most of the tracking literature focuses on the use of high-quality sensors such
as cameras [I8]. Since we only use motion detectors we cannot prune our hy-
potheses: all motion activations look the same. Unlike a camera-based system, we
cannot prune hypotheses by noticing a blue shirt, or a particularly tall person,
or recognizing a face. All the data collected by the system is therefore inherently
ambiguous about the person’s identity. A person may emerge from a particular
office, but there is no way to tell who that person is, or even that it is in fact a
single person. And when that person or group of people passes other people in
the hallway there is no way to tell with any certainly who went where.

Conversely, we do need to know where people go in order to model the social
fabric. Maintaining an exponentially growing hypothesis set is not feasible. To
circumvent this we utilize a representation that folds the hypotheses set into a
graph structure that does not grow exponentially.
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Fig. 3. The Tracklet derived from a sequence of observations

Rather than requiring perfect tracking from high-quality sensors, or settling
for low-quality inference from low-quality sensors, we show one possible method
that allows us to draw inferences from these collections of imperfect graphs.

Tracklets. The idea of a tracklet [3] was developed as a way to represent am-
biguity in tracking for forensic applications. It allowed a system to efficiently
query a human operator for input to refine the imperfect tracking results.

The basic concept of a tracklet is that it aggregates observations that are
unambiguously related to each other. This is illustrated in Figure [3] where at
the top we see a collection of observations strung out through space and time. If
the observations are sequential in time, come from sensors that are close to each
other is space, and are isolated from other distracting observations, then a simple
model of movement in the space will allow us to aggregate those observations
into a single chain (the second line of Figure B]). Further, if the collection of
observations is itself isolated in space and time, then we say that the tracklet
begins or terminates (third line of Figure[3)). In subsequent figures we will drop
the observations themselves, only showing the high-level tracklet abstractions,
such as the bottom line of Figure Bl

We shall refer to the simple directed graph in Figure 3] as vy. The graph o
shows that the probability of the terminating event Z being generated by the
same individual (or group of individuals) that generated the originating event A
is high, without loss of generality we will say

P(A<Zyw) =1
the probability that Z flows from the same cause as A, given graph 7y is unity.

The Tracklet Graph. Ambiguities in the environment will generate more
complicated graphs. All observations that share a possible common cause will
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Fig. 4. A simple tracklet graph with a single split s

be linked together in the same connected graph. In Figure Fl we see a more
complicated graph representing two or more individuals crossing paths in the
space.

The new symbols represent a split and a join. The brown chevron represents
a join. The green chevron represents a split. That is, several observations follow
the split, s, within a small enough temporal and spatial neighborhood to gener-
ate ambiguity. In the case of a split, there must be several individuals moving
together or very near each other to be considered as joint actors in a tracklet.
After the split, the fate of each individual that traversed the tracklet from j to
s is ambiguous: did they move along the tracklet from s to Z or from s to Y.

Given this graph, which we shall call v, we do not know the fate of an
individual originating at node A, this ambiguity is expressed as

P(A < Zpm) =p (1)
P(A< Y1) =g 2)

It is worth noting that p + g only equals unity if we are told that individuals are
moving in isolation. Otherwise it is possible that a small group (indistinguishable
from individuals by these sensors) could have originated at A and split, some to
Y and some to Z.

Observed graphs may become arbitrarily complex. The graph 2 in Figure
is a much more complicated graph with several splits an joins.

By tracing the directed links in the graph we can see that it is possible to
connect the origin A with any destination {W, XY, Z}.

Fig. 5. An example tracklet graph, called
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The tracklet graph in Figure [l folds onto a single representation all the ambi-
guity in the situation that would have required several dozen separate hypothet-
ical outcomes to cover all the possible combinations of destination and possible
group sizes.

3.2 Populations of Graphs

Imagine that several individuals are moving about a space at a particular instant
in time. If they happen to cross paths they will generate ambiguities, and thereby
will contribute to a particular tracklet graph instance, ;. The framework above
allows us to model the fate of those individuals at that moment in time. We now
extend that framework by considering collections of graphs, I" that describes the
behavior of a population of individuals over a longer span of time.

We can ask questions of the form, “What does this collection of graphs tell us
about the probability that individuals travel from one place to another within a
building.” We can answer this question by retrieving all the graphs that contain
an origin at location A and then counting the number of graphs that contain a
possible connection between A and Z:

N
P(A < Z|I") = =0 P(]@< Zhi)

where N in the number of graphs in I', and M is the number of graphs in I" that
contain the node A as an origin.

It is possible to accumulate evidence for a repeated behavior even if there is
not one unambiguous tracklet showing the behavior in its entirety. It is easy to
see that if traffic originating at A always terminates at Z then all the graphs
in I" that contain A as an origin will contain a plausible path from A to Z and
therefore a significant quantity of evidence. The P(A < Z|I') will end up being
the average over the evidence P(A < Z]v;) from the graphs in the collection.
That will be a smaller number than if every example of that behavior were
completely unambiguous, then P(A < Z|I") would be identically unity.

The maps in Figure [§ demonstrates the output of this form of analysis. The
illustrations show P(A < Z|I') as a line between A and Z which are the sen-
sors arranged on the circumference of the circle. Darker links represent higher
probabilities. These maps illustrate the social fabric of the building.

3.3 Trip Model

We want to extract models from graph populations captured over different peri-
ods of time and then compare those models to find changes in the social fabric.
If we interpret these models as Markov chains [19], then we can use known for-
mulations of the Kullback-Leibler Divergence to measure the differences between
two models [20].

The probabilities P(A < Z|I") between all pairs A and Z in the space repre-
sent an estimate of the probability that, given an origin at the point in space A
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then there will be a trip that ends at point Z. We interpret this as the transition
probability between states in a Markov chain where each element is:

Taz=P(A=Z[I

A complete Markov model also requires a stationary probability that captures
the likelihood of seeing the beginning of a chain in a particular state. The ele-
ments of this vector can be trivially estimated from data:

Na

SA:Nw

where N4 is the number of tracklets that originate at A and Nw is the number
of all tracklet originations. Taken together S4 and T4,z describe a Markov chain
that is a generative models of the social fabric during a window of time.

3.4 Comparing Models

The Kullback-Leibler Divergence is a way to measure the “distance” between two
probability distributions. Rached, et. al. showed that the calculation of the diver-
gence when the probability distributions take the form of Markov processes [20]
can be done as follows:

D(i,j) = Zsi(r) ZTi(r, ¢)log T;(T, c)

T;(r,c)

where r are the rows and ¢ are the columns of the matrices.

The plots in Figure [0l are examples of the KLLD applied to the analysis of
the social fabric of an organization. For each instant in time two models are ex-
tracted: one describing the social structure prior to that time, and one describing
the structure after that time. The value of the plot is the divergence between
these two models.

3.5 The Cyclostationarity of Humans

Figure [d] illustrates a problem with our model as stated. Human social behav-
ior is periodic. In particular the top plot in Figure [0 shows that the model is
overwhelmed by the weekly rhythms of the social system. It is not fruitful to
blindly compare weekdays to weekends. There has been significant work on cy-
clostationary processes, for example the work of Kuhl [2I]. In our analysis we
will generally exclude weekends and assume that weekdays are relatively homo-
geneous. It is possible to see in the lower plot of Figure @ that this simplification
greatly improves the analytic results. It is now easy to find significant events
such as holidays that were largely obscured by the variations induced by the
weekly rhythm.



94 C.R. Wren et al.

weekly pattern
0.14 T

°
—
1

divergence

I I
1 11-01 01-01

I I
05-01 07-03 9-0
date (month—day)

weekdays only

divergence

11-01 01-01

Fig. 6. Human patterns are cyclo-stationary. The top plot shows a comparison of all
days, including weekends (marked). The bottom plot shows a comparison of weekdays
only (holidays marked).

4 Data Collection

We present results on two datasets: motion data from a sensor network, and
a collection of email extracted from user archives. Both datasets cover the 10
months from March 22, 2006 to January 22, 2007.

4.1 Motion

The motion dataset is a record of 10 months of activity at a corporate facility.
The facility hosts 80 full-time employees and at least as many transient workers.
The site hosts a large number of visitors who may be at the site only a few days
a year. The facility also hosts janitorial staff, maintenance staff, electricians,
plumbers, carpenters, couriers, caterers and other workers who are not under
the administrative control of the organization. Each and every one of these indi-
viduals contributed data to this experiment because there was no need to outfit
individuals with any kind of tag or hardware.

The data was collected with a motion-based sensor network. The network
is built of over 200 nodes that communicate over a wireless radio link to 10
base stations that copy data to the wired local area network. Each node is com-
prised of an off-the-shelf passive infrared motion detector module and a combi-
nation microprocessor and radio board designed at the Massachusetts Institute
of Technology[12]. When the nodes observe motion, they broadcast their serial
number. The base stations timestamp the data and then inserts a record into a
datlabase. The database used to generate our results contains nearly 21 million
motion events.

The output of the tracklet building process is a list of tracklets, a list of joins
and splits, and a membership map that associates the raw motion events with the
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tracklets. The list of tracklets in the database contains 3.4 million entries. The
average length of a tracklet in the database is 8.5 seconds. This is a meansure of
the crowdedness of the building, and implies that even short walks through the
space are likely to encompass several ambiguities.

Extracting the tracklet graphs from the raw data takes a few hours to process
a database covering over 7000 hours of data. All of this processing is causal,
so it can occur during collection. The sensor network is designed such that it
can easily be scaled up. In contrast, storage and computation requirements of a
network of video cameras can be extremely complicated and costly.

4.2 Email

The email database was built through voluntary participation. Building occu-
pants were asked to visit a web page and provide authentication credentials
to a script. The script used those credentials to access the participants’ email
archives. From each email in the desired time window the script extracted sender
and recipient information from the headers. Each unique address was assigned a
random integer as a token. Sender and recipient token pairs were then recorded
in a database, along with the time of the message. In this way a single email
may generate more than one pair, since emails may have multiple recipients.
Email lists were treated as distinct entities. Email addresses outside the orga-
nization were assigned to a single special token, and so are indistinguishable to
the analysis. Once data collection was complete the mapping between tokens
and addresses was destroyed. This creates a sanitized view onto the structure
of the email habits of the organization. The database contains over 37,000 ad-
dress pairs. There is no noise in this data, the origin and destination of each
communication is explicit, so it is trivial to extract Markov models from this

data[19].

4.3 Ground Truth

Ubiquitous computing has struggled with the concept of ground truth. Even the
best methods are intrusive, inturrupting the user with intrusive questionnaires
many times per day [22]. It is difficult to see how to scale these methods to
year-long trials. There is also a long-standing concern over the reliability of self-
reporting, particularly on the subject of interpersonal communication [23]. In
this study we rely on the corporate calendar as a source of lables for disruptions.

5 Results

The plot in Figure[7 shows the result of the Kullback-Leibler divergence analysis
described in Section Bl It is possible to process at different time scales by esti-
mating models from larger temporal spans of data. The four plots in that figure
show models ranging from roughly a day to roughly a week. We use an expo-
nential window to create differentiable plots. However sinc ethe windows have
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Fig. 7. Responses over a range of temporal scales from a day to a week

theoretically infinite extent, it is difficult to precisely specify the time windows.
The “a week” window mixes 10% of the current day distribution with 90% of the
estimated distribution to form the new estimate. For comparison, the “couple
days” window mixes 40% of the current day with 60% of the estimated distribu-
tion. Hard windows are equivalent to convolving with a boxcar filter, and induce
similar aliasing artifacts into the results. The Black (dark) vertical lines indicate
disruptive events. Green (light) vertical lines indicate holidays.

The events chosen on the plots as disruptive events include things we have
taken from the company calendar. It’s not possible to record the daily activity
of each individual every day for a year. We are instead looking for group events:
events that likely affect the whole group. Those can be externally driven: such
as holidays. They can also be internally driven, such as staff changes or large
corporate events. By insuring that all the major events are represented in the
data, with a statistically significant degree of confidence, and further that all
the statistically significant peaks in the data are explained by these events, we
demonstrate that our tool is sensitive to these macroscopic patterns of behavior.

The time window indicates the amount of data used to build the models that
will be compared. So on the daily time scale we compare a model of today with a
model of yesterday. On the weekly timescale we compare the model of this week
with a model of last week, in a sliding fashion. The weekly model is not simply a
filtered version of the daily model. This can be seen in practice by comparing the
holiday behavior. For example, July 4th is the single most disruptive event at a
daily timescale (top plot). However it completely disappears with only a slight
expansion of the time window. In contrast the winter holidays are associated
with extended leaves from the office by many people, as can be seen in Figure 2l
This holiday has less of an impact at the daily level because people depart in
a staggered fashion: no two days taken in isolation are very different from each
other. However the flow of people has a significant impact on the longer time
scales since the week before the winter holidays is very different from a week
during the winter holidays.
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The largest long-term disruption is in August when summer vacations, a major
pulse of business travel, and the reduction in seasonal staff typically occur. This
creates a massive disruption that has a significant impact even at the weekly time
scale. It is interesting to note that this major disruption is not even noticeable in
the gross activity plot in Figure [Il This indicates that it is not a simple matter
of there being less people in the space: it is a sustained, structural change in the
social fabric of the organization.

The final peaks to notice are the ones labeled “Visitor A”. In addition to the
senior management termination in October, another disruptive development was
a change in management above the organization. It is interesting to note that the
May visit is associated with a daily spike but not a lasting disruption. However
the late November visit is associated with one of the largest spikes in the entire
“couple days” plot. While the visit is proximate to the traditional US holiday,
it is clear form the travel records in Figure 2] that this holiday does not induce a
pulse of travel similar to the August or December pulses. We hypothesize that
this visit was itself massively disruptive due to lingering sensitization after the
October 5th event. “Visitor A” is a highly placed corporate executive who is
visiting a little over a month after the sudden termination of a senior manager
at the site on October Hth.

5.1 Detalils

We visually explore some of the Markov models in Figure[§ The three rows in
the figure illustrate three different points in time. The top row shows July 17th,
a day in the middle of the summer when the organization is enjoying relative
stability. The second row illustrate October 5th, the day of a disruptive event:
the termination of a senior manager. The third row centers on a major holiday.

In each case two models are presented. The divergence plots, such as Figure[1]
compare two models. In Figure [§ the left column is the model of past history.
The parameters are set so that these models are estimated from approximately
one week of data. The right column is a model of the near future. These models
are estimated from approximately a day of data.

The Markov model describes the probability of seeing a trip starting at one
sensor and ending at another. This is represented graphically by arranging the
sensors on a circle and connecting them with straight lines. Line brightness
corresponds to probability, with darker lines showing more probable transitions.

Midsummer represents a period of stability. The left and right models at
the top of Figure [ are estimated from non-overlapping data. There are small
differences in the plots. However it is visually apparent that the structure of the
social connections in the space are stable. This is reflected in the relatively low
divergence rates from this period of time on the plots in Figure [7

There are some features that are worth noticing. The markers around the
outside of the plot indicate important locations in the building. The kitchen is
a key resource and is marked with a circle on the right side of the plot. The
restrooms are marked with squares at the top of the plot. The elevator and
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Fig. 8. Example transition probabilities (darker means higher probability). Squares
mark bathrooms. Stars mark seasonal employees. Triangles mark elevators and stairs.
The circle marks the kitchen. Diamonds mark executive offices.

stairways are marked with triangles at the bottom of the plot. On the left are
stars that mark a range of sensors that are near cubicles typically occupied by
seasonal staff. Finally the diamonds in the upper right mark a range of sensor
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associated with the administrative group in general, and the senior managers in
particular. Staff offices are mostly near the lower right and left side of the plot.

Early October is a period of organizational disruption for the group. A senior
manager who leads about a third of the organization is unexpectedly terminated.
This causes a wave of fear and gossip to sweep through the organization. This
disruption shows up in Figure [d both as a spike in the daily model and as an
extended ridge in the longer-scale plots. In the model view on the middle right
we can see significantly less connectivity between the administrative wing in the
upper right and the rest of the building. At the same time we see many more
strong links among the staff offices on the left and lower right.

It is also interesting to compare the structure of the top left plot to the
structure of the middle left plot. These are both models of relatively stable
periods. However the top plot includes a much larger fraction of seasonal staff.
The top model shows a dominant quadrilateral marking the interactions of the
seasonal employees with the central resources of the bathrooms, the kitchen,
and the elevators. In the middle plot the left side of the quadrilateral has largely
disappeared as those areas of the building have become depopulated. This shift
is responsible for the long timescale disruptions in June (addition of seasonal
staff) and August (subsequent reduction).

Holidays marked with light (green) vertical lines in Figure [1, are some of
the most disruptive events. The plot on the bottom right of Figure [§ appears
much darker than the rest. This is because of the normalization of the transition
matrix. Where there is no dominant path then there are many more paths that
appear nearly dominant. As a result a much higher proportion of lines are drawn
dark. It is also interesting to note that the characteristic quadrilateral reasserts
itself in the lower right. Even though there are far fewer temporary employees in
the winter than there are in the summer, they do not receive vacation time, so
the few who are present during the winter comprise a disproportionate fraction
of the population during holidays.

5.2 Email Comparison

A more classical approach to social network analysis is to instrument communi-
cation media such as email systems or telephones. We have collected an email
database and performed the same analysis on that data. Once the transition
and prior probability distributions are estimated from the data, the exact same
code computes the Kullback-Leibler divergence for the plots. In Figure [ we
present a side-buy-side comparison of the stability of email behaviors and the
more physical behaviors observed by the sensor network. The red triangles on
the peaks indicate that a data point has a high confidence of being an outlier,
with a p-value of p < 0.05 according to a y2-test. The significance testing helps
us objectively differentiate meaningful peaks from the noise in the plot that our
eye may find interesting.
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Fig. 9. Physical behaviors (top) show more sensitivity to disruptive events than email
behaviors (bottom)

The most stunning thing about the email plot is how insensitive it is to dis-
ruption. The major winter holidays and the presence of the seasonal employees
generate significant peaks. The rest of the disruptive events that were detected
by the motion system, including most holidays, are completely buried in the
noise. It could be that people do not, in fact change their email habits while
traveling. It could be that there are simply too many distracting emails in the
system that are hiding the informative structures in the data in a haze of en-
tropy. Since these results are extracted from emails that people save, we expact
that very few of these emails are spam.

There is also no significant reaction to a change in email habits after the
termination in October. It could be hypothesized that people did not change
their email traffic patterns but merely changed the topics of conversation. We
did not do content analysis so we cannot discount that hypothesis. However it is
clear from the right middle plot in Figure [ that there was a significant increase
in staff visiting each other in their offices. It seems safe to assert that they may
have been discussing topics that did not seem prudent to commit to email. This
finding highlights an important power of social network tools based on physical
behavior since people may use different modalities for different purposes.

6 Summary

We have looked inside an organization of several hundred people and watched
it react to disruptions over the course of almost a year in a way that has never
been done before. We attempted to formulate a quantitative measure of the level
of social disruption in such a building-centered setting. It is virtually impossible
to obtain the exact transcription of daily events for the data set collected on this
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scale. Instead we focused on a sort of a ranking system that allows us to identify
time periods where the dynamics of the group behavior significantly deviated
from the “usual”.

These results demonstrate that it is possible to measure and model the dynam-
ics of social structures within an organization without instrumenting individuals
or installing invasive sensors in the environment, although much works is left to
be done refining this method. This building-centered, non-invasive approach al-
lows us to collect comprehensive datasets that seamlessly include everyone in an
organization: including transient staff and visitors. By focusing on the building
we have created a system that is very human-centered: inclusive while remaining
economical, and sensitive to the social fabric without sacrificing the privacy of
the individuals who weave that fabric.
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Abstract. Location-aware systems provide customised services or applications
according to users’ locations. While much research has been carried out in de-
veloping models to represent location information and spatial relationships, it is
usually limited to modelling simple environments (cf. [13UT913]]). This paper pro-
poses a unified space model for more complex environments (e.g., city plan or
forest). This space model provides a flexible, expressive, and powerful spatial
representation. It also proposes a new data structure — an integrated lattice and
graph model — to express comprehensive spatial relationships. This structure not
only provides multiple graphs at different abstraction levels, but it also collapses
the whole map into smaller local graphs. This mechanism is beneficial in reducing
the complexity of creating and maintaining a map and improving the efficiency
of path finding algorithms.

1 Introduction

The development of location-aware systems has become commonplace recently. This
was encouraged by the availability of numerous available location sensing devices
and by a popular demand for location-aware applications. A huge number of location
models have been developed — however most of them tend to either service particular
sensing abilities or application requirements.

Consider a complex real-world environment, such as a city or forest. It can be par-
titioned through multiple hierarchies (e.g., postcode areas, districts or compass direc-
tions) and involve a huge number of places (e.g., hundreds of streets or thousands of
buildings). In this environment, it may be necessary to describe the location of a certain
entity in various ways depending on the available location sensors. Most of existing
space models only provide traditional types of spatial representations, such as symbolic
and geometric representations. Especially some of these models support a single coor-
dinate reference system, because they only have one or two precise sensors that provide
location data in a coordinate format. As such, the ability of these models to flexibly
express location information is limited.

Our space model aims to support a powerful and expressive spatial representation. It
absorbs the best practices from existing models so as to support the traditional spatial
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representations, and makes improvements over them. This model supports multiple co-
ordinate systems from two perspectives: different global coordinate systems to support
different sensing technologies; and user-defined local coordinate systems to support
customised representations of environment instead of forcing all the spatial represen-
tations in a uniform coordinate system. Furthermore, this space model also supports
relative location representation [15]]. Relative locations are necessary when the location
cannot be exactly specified or defined, or if the location is dynamic or moving. For
example, ‘a place 500m east of this building”, or “I am in the canteen of this train”.
Our approach can flexibly define a local reference system to describe these locations
in different directions by combining various kinds of spatial representations, while not
being limited to coordinates.

In complex environments it may also be necessary to construct a detailed map that
can provide a path to a destination for an entity among a large number of places (with
varied levels of granularity). There are two underlying models to organise spaces: hier-
archical and graph models, which represent containment and connectedness relation-
ships respectively. The typical approach to constructing a location map is to build
a single huge graph for the whole environment, while fixed at a certain granularity
(e.g., room-leveled spaces). This graph cannot be flexibly extended into coarser-grained
spaces (e.g., buildings or streets), or into finer-grained spaces (e.g., desks). Although
additional graphs may be built for these spaces, it is complicated to build a mapping
between them or coordinate them in applications. Most research experiments usually
take place in a building, so a single graph is easy to build and maintain. However, a sin-
gle graph for larger-scaled environments will take much effort and time to build and to
maintain its consistency and integrity. Also, existing models do not provide an approach
to collapse this graph so as to reduce the construction complexity.

In our space model, we propose a new data structure - a lattice integrated with graphs
to represent spatial relationships for complex environments. This space model applies
the lattice model to represent the containment relationship and applies the graph model
to represent the adjacency and connectedness relationships between spaces at the same
abstraction level. The integrated model builds a lattice model for all the spaces under a
certain partition approach. The graph models are embedded in the lattice model where
each node is associated with a graph whose vertices are the immediate sub spaces of
the node and whose edges are the adjacency and connectedness relations between these
vertices.

With this space model, system designers can build a single model to express all the
spatial relationships at once. They do not need to maintain separate hierarchy and graph
models and mappings between them. Furthermore, users can build graph models at
different abstraction levels whose hierarchies are managed in a lattice model. Even at
a certain abstraction level, the whole graph can be further divided into smaller graphs
that are associated with sibling nodes in the lattice. That is, each sibling node manages
a local graph that is part of the whole map. These local graphs can also be integrated to
form the whole map through a special space — a sensitive space — in the lattice model.
For a given set of spaces, a sensitive space is the largest of their common sub spaces,
whose detailed discussion will be in Section[3 This approach makes the graph model
easy to create and maintain. In addition, our space model improves the efficiency of path
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finding algorithms. In existing models, the path finding algorithm usually works on a
large amount of location data. Heuristic approaches are applied in the algorithm. Also,
our space model has the ability to reduce the initial searching space for path finding,
which potentially improves search efficiency.

This paper is organised as follows. Section [2] reviews the mature location models
and distills the best practices from them. Section 3] introduces our space model in rep-
resenting location information and spatial relationships. Section F] will demonstrate the
implementation of relative location representations and the path finding based on the in-
tegrated model. Finally, in Section[3lwe conclude the paper and point to future research
problems in this work.

2 State of the Art of Location Models

This section will review the main types of location models including geometric, sym-
bolic, hybrid, and semantic models. Their novel ideas and techniques will be introduced
at the aspects of representing location information and spatial relationships.

At the aspect of representing location information, Jiang’s model proposes a
detailed method to represent geometric location in multiple coordinate reference sys-
tems. A sub space’s coordinate system is specified by defining its origin point and axes
within its super space’s coordinate system. The origin point is specified as a displace-
ment vector in the super space’s coordinate system, while axes are specified as three
unit vectors in the form of a matrix, called rotation matrix. A simple linear algebra
is applied to convert coordinates under different reference systems. This approach is
built on a sound mathematical foundation. However, a sub space’s coordinate system
is defined only under its super space’s coordinate system, which is too restricted and
not flexible. Our space model will borrow the basic idea of this approach and make
improvement on the flexibility of defining local coordinate systems.

When it comes to describing the shape of a three-dimensioned space, Coschurba’s
model [6] proposes a 2.5-dimensioned approach to describe a three-dimensioned (3D)
shape by specifying its base as a two-dimensioned (2D) and its height as a numeric
value (0.5D). Only the coordinates for the space’s base shape are recorded, which can
reduce the amount of coordinate data and allow applying geometric computations on
each shape. This approach for defining shapes and representing coordinates is borrowed
to our space model and is further extended to more shapes.

Korkea-aho [13]] introduces a common data set and an extensible framework of ex-
pressing location information in the Internet. He proposes a relative location as a spe-
cific type of descriptive location, that is, the location of an object is described relative
to some other objects, such as, “10 meters North to the shop”, or “the area centered
around the building in a 100-meter arm”. The relative location representation is very
useful, and is not introduced in existing location models. Our space model will extend
the spatial representations to cover this relatively spatial expression.

The HP Cooltown project [[18]] introduces a semantic representation, which is orthog-
onal to symbolic and geometric representations. The semantic representation provides
other information around its place, such as a bus route or a snapshot of interest. In
our space model, a space object may describe the spatial features corresponding to the
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location of an entity, but other non-spatial features will necessarily be assigned to the
corresponding entity object. For example, a building entity has its location described by
a space object, whose symbolic representation is “science building”. The building entity
can be extended with other non-location contextual information including its functions,
reception, activities, or services. The information expressed in a semantic representation
of the Cooltown project is part of this extended contextual information.

At the aspect of representing spatial relationships, Becker [2]] has analysed and sum-
marised different types of symbolic location models: set-based, hierarchical, and graph-
based models.

A set-based model organises symbolic locations into sets according to the spatial
containment relationship. A typical example of the set-based model is the EasyLiving
project at Microsoft [4]]. It applies simple, computable set operators to evaluate the over-
lapping relationship, and to compare non-quantitative distances. A set-based model also
can express the connectedness relationship by defining neighbourhood sets into pairs
of directly connected locations. Set-based models can provide an explicit semantics
of containment and overlapping relationships; however, the connectedness relationship
results in tremendous number of sets and the notion of distance is not quantitatively
computable.

A hierarchical model is a special case of set-based models. Similarly, a hierarchical
model can express the explicit containment relationship, and it fails in supporting the
connectedness relationship and the quantitative notion of distance. It is a most popular
model applied in current location models such as Jiang’s model [13], Schmidt’s model
[20], Durr’s model [8]], and MiddleWhere [19]]. There are two hierarchical structures: a
tree to organise non-overlapping locations, and a lattice to organise overlapping loca-
tions. Compared to a set-based model, a hierarchical model can represent the structure
of locations more explicit and more intuitive. Moreover, these characterised structures
support more efficient and optimised computations, such as a traversing algorithm in a
tree, and the join and meet operations in a lattice. Compared to a tree model, the lattice
model has more flexible expressivity and has been widely applied to location models
such as Kainz’ model [[14]], the Geocost model [6], and MiddleWhere [19].

A graph-based model is applied to express the connectedness relationship and the
notion of distance. Hu’s model [[12] proposes a semantics graph model called exit hier-
archy. In a graph, each node represents a symbolic location, and each edge represents
the connectedness relationship, which quantitative distance can also be assigned on as a
weight. Furthermore, nodes or edges can be attributed to more contextual information,
such as passability limits, or transportation restrictions. A graph-based model provides
an explicit and extensible semantics for the connectedness relationship and a quanti-
tative notion of distance. It benefits in navigating an environment and answering the
shortest path queries. However, its deficiency exists in the limited description level of
locations (e.g., at the room level), and in the difficulty of expressing the containment
relationship.

From the above analysis, none of the three models can have the adequate capability
of representing all the spatial relationships. The set-based and hierarchical models are
good at expressing containment and overlapping relationships, while the graph-based
model is good at expressing connectedness relationships and the quantitative notion of
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distance. We take all these best practices and improve them in our unified formal model
of space.

3 A Unified Formal Model of Space

This section will build a formal semantics to richly express and model spatial infor-
mation and relationships. The space model can provide multiple representations for any
space in reality. It also can describe various spatial relationships, including containment,
adjacency, connectedness, disjointness, overlapping, and distance.

3.1 Representation of Spatial Information

There are diverse ways to represent location information, however, the elementary types
of spatial representations are geometric and symbolic representations. A geometric rep-
resentation characterises a space with its geometric shapes and a set of coordinate points
under a certain Cartesian Coordinate Reference System (CCRS). A symbolic represen-
tation characterises a space with a human-friendly descriptive label. A hybrid repre-
sentation is introduced, if a space has a symbolic and geometric representation, both of
which map to each other.

The space model supports a resolute or relative representation (Figure[T). A resolute
representation can be a geometric, symbolic, or hybrid representation of the former two
types. A resolute representation is usually used to describe an explicit space, such as “a
conference room”, or a coordinate [4.50, 2.09, 3.87]. A relative representation is used
to represent an implicit space by specifying a base and an offset representation, both of
which are directly or indirectly related to a resolute representation. In the following, we
will detail the resolute representation first.

A space is physically featured by different geometric shapes. A geometric shape can
be regular, which is portrayed through a mathematically computable way. A regular
shape can be a primitive 2D or 3D shape, or a composite shape of primitive shapes. A
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few of primitive shapes have been listed, such as point, line segment, polygon, and
sphere. If a shape cannot be depicted using a regular shape, then it is regarded as
irregular.

The shape structure can be extensible to more sophisticated shapes in particular ap-
plications. For each space, coordinates are chosen and organised in a characteristic
format in terms of the space’s geometric shape. Typical shapes and their associated
coordinate formats are listed as follows.

Point: one coordinate;

Line segment: two coordinates for two ends of a line segment;

Polygon: a set of coordinates for each vertex of a polygon; especially, Rectangle is
described by a pair of coordinates for diagonal points;

Circle or sphere: a coordinate for a center and a numeric value for its radius;

— Cube: a set of coordinates for its base polygon and a numeric value for its height.
and so on.

Coordinates for a composite shape can be obtained by integrating characteristic co-
ordinates from the primitive shapes that it is composed of. However, an irregular shape
cannot be easily described. A simplified solution is either to convert an irregular shape
to a set of similar regular shapes or to pick up a few characterised coordinate points.

The coordinate representation is closely related to the geometric shape of a space.
This approach can reduce the number of coordinate data and help organise them in a
computable way. It is easy to do some spatial computations, such as computation of area
or volume, and evaluation of whether a coordinate is in a space or not. For example, if
a coordinate point and a sphere space are given, the evaluation can be computed by
comparing its radius with the distance between this point and its center. If the distance
is longer than the radius, then this point is considered out of the sphere-shaped space.

The space model supports multiple Cartesian Coordinate Reference Systems
(CCRS), including global (such as WGS84, Gauss-Kruger, and UTM) and user-defined
coordinate reference systems. The global system is applied according to different posi-
tioning sensors. For example, GPS provides coordinates under WGS84. Local reference
systems are applied in terms of sensors and customised representation of an environ-
ment or a space. The Ubisense provides coordinates under a user-defined CCRS at the
beginning when it is set up and configured. In a local environment, especially a dynam-
ical environment, a user-defined CCRS is usually applied, when only relative location
information is required. For example, in a train or ship, only relative location informa-
tion in the train space is concerned, so a CCRS can be created locally in a train.

This space model supports multiple CCRSs and conversion of coordinates between
these different CCRSs. Each space can be described with a set of coordinate sets, and
each coordinate set is defined under a certain CCRS. A local CCRS is defined by spec-
ifying its origin point and axes, both of which can be referred to any existing CCRS,
not necessarily its super space’s CCRS. A default CCRS is defined as a primitive ref-
erence system that can be directly or indirectly referred to by all the other CCRSs. The
conversion techniques has been borrowed from Jiang’s model [13]].

A symbolic representation for a space is a human-friendly, string-based descriptive
label. A label can be a real name of a space like country’s name, city’s name, university’s
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name, and so on. A space can be labeled in terms of its functionality like “conference
room”, “foyer”, and “registration office ”, etc. A space can also be named with its own-
ers like “Waldo’s house”, “secretary’s office” and so on. If a space has geometric and
symbolic representations, then a bi-literal link can be built between them. For spatial
computation, the geometric properties can be obtained from a symbolic representation;
for expression, a symbolic label can be acquired according to the corresponding geo-
metric representation.

So far, we have discussed the resolute representation for explicit location informa-
tion, and now we will introduce a relative representation. A relative representation con-
sists of a base and offset representation. Both base and offset representations can be any
type of representation, and they are associated by a certain structural relation.

An offset representation can be adjacent to or centered around a base representation.
If it is centered around a base representation and is specified in a given distance, a
relative representation can be expressed as a circle (or sphere) by taking the base one
as an origin point, and the distance as a radius (Figure ). If it is adjacent to a base
representation and is specified with a distance to the base and a list of degree to each
direction. The direction is a standard compass direction description, including “East”,
“West”, “South”, “North”, “Upper”, and “Lower”. The relative representation is defined
in a similar approach of a local CCRS. This local CCRS is specified by taking the base
location as an origin point, and taking the compass direction as the axes’ direction. A
relative representation will be located by projecting the associated distances and degrees
in each direction to the corresponding axe in this standard compass coordinate system.
For example, the relative representation using laser range finding of “3.62m 35° South-
East and 45° elevation”, can be projected to a local CCRS (Figure[3).

UPPER (Z)
UPPER (Z)
offset location
 NORTH NORTH
base location I 4 tase Iucatm\ a5 I .
WEST Q7 ) EAST (X) o’ < stance ‘}set location
N distance WEST S EAST (X)
35
SOUTH (Y)
LOWER SOUTH (Y)
LOWER
Fig. 2. A centered relative representation Fig. 3. A adjacent relative representation

3.2 Representation of Spatial Relationships

We have shown that different models (set-based, graph-based, and hierarchical models)
have their particular strength on expressing spatial relationships. However, none of them
can work individually to express all the spatial relationships well. Our space model uni-
fies a lattice and graph model. It describes containment, disjointness, and overlapping
relations using its lattice model; and the adjacency and connectedness relations, and
notions of distance using its graph model.



110 J. Yeetal.

A Lattice Model. Among hierarchical models, a lattice model has better expressivity
and flexibility than a tree model. In the following, we will introduce a tractable way to
organise symbolic spaces in a lattice model according to the containment relation.

Definition 1. All the symbolic spaces in a real world are organised into a set S with
the containment relation <.

— The space set S = {s1,...,8n};
— Containment relationship: s; < s; means that a space s; is contained by s;. The
containment relation is a partial order:
e Reflexivity: s < s means a space s contains itself;
o Antisymmetry: s; < s; N s; < 8; = 8; = Sj;
e Transitivity: s; < sj N sj < S = §; < Sk

In Figured] the left side simulates part of the real world space, and the right side organ-
ises its symbolic spaces.

Room_a008
Cub_02

Corridor_a008_02 L

Corridor 008

Corridor_a00g

Cub_03 Cub_04

Fig.4. An example of a lattice model for a real world space

A particular containment relationship s; =< s; means that a space s; is immediately
contained by s;. The immediate containment < is the basic operation to construct con-
tainment <. In building a spatial model, only the immediate containment is specified
for spaces, while the general containment can be derived transitively. Their conversion
relation is defined as follows:

— If s; < s; and whenever s; < s, < s;, it follows that s, = s; or s, = s;.
— s; < s; holds iff there exists a finite sequence of spaces sk, ..., Sk, such that
Si X Sk1 ... Skm = Sj.

According to both containment relationships, we derive (immediate) sub / super
spaces. For any space s € .9,

- its immediate sub spaces: s.isub = {s; € S|s; =< s};
— its sub spaces: s.sub = {s; € S|s; < s} 2 s.isub;
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- its immediate super spaces: s.isup = {s; € S|s < s;};
— its super spaces: s.sup = {s; € S|s < s;} D s.isup.

After discussing the containment relation, we start analysing the way to construct the
space set. That is, how the whole space is partitioned into spaces with varying levels
of granularity step by step. In the space set S, there are two special spaces: one is the
universal space st that represents the whole world; another is the null space s, that
represents non-existing space. Thatis, Vs € S, s < st and s; < s.

Proposition 1. Fora space s € S, its immediate sub spaces are s.isub = {s; € S|s; <
s}, satisfying

— the union of s.isub covers the whole space represented by s.
— the intersection of any two of its immediate sub spaces s; and s; can be
e s, if they are disjoint;
e aunique space s' € S, if they are overlapping. s' is the common space with the
coarsest granularity, which follows that s, < s', where s, € s;.s5ub N 5;5.5ub.

Proposition [] provides a tractable top-down approach to divide a space into finer-
granularity spaces gradually. A space can be partitioned into a set of spaces in different
orthogonal planes. For example, a building can be partitioned into floors in a vertical
plane; and it also can be partitioned into wings in a horizontal plane. Both the verti-
cal plane and the horizontal plane are orthogonal to each other. It’s obvious that floors
overlap with wings. An overlapped space is the unique space among the intersection of
sub spaces of the corresponding floor and wing, e.g., “wing A at the ground floor”.

In this lattice model, the overlapping relationship has a general meaning, which in-
cludes overlapping in the same plane and that in different orthogonal planes. The over-
lapping in the same plane can be slightly overlapping and partially overlapping. The
slightly overlapping happens when a space is neighboring to another, while these spaces
cannot be simply separated. There usually exists a common space that is hard to decide
which space it belongs to. From figure @] if a cubicle C'uby; is adjacent to a corridor
Corridorapos and another cubicle C'ubgo, there is an exit Fxit., and a wall between
them respectively, which can not be simply decided which room the exit or wall should
exactly belong to. However, there is not a delicate approach to determine whether over-
lapping is slight or partial. To simplify, both overlapping is regarded as the same, and it
is only necessary to evaluate whether the overlapping spaces are passable or not. When
two spaces are connected through a third space, this space is called a sensitive space.

Definition 2. For a space s € S, if any two of its immediate sub spaces s; and s;
overlap in the same orthogonal plane, then a sensitive space is the unique space s, that
is the overlapping space with the coarsest granularity among the intersection of sub
spaces of s; and s;.

The semantics of a sensitive space is to traverse coarser-granularity spaces, labeled as
s; < s;. Across a sensitive space, an object can pass through the coarser-granularity
spaces. There are many types of sensitive spaces. For example, a hall traverses two
wings, a lift traverses floors, and so on.
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Fig. 6. Simple examples of spatial relationships in a lattice model

A poset (partially ordered set) can be a complete lattice if there exist the greatest
lower bound (meet M) and the least upper bound (join L) for any subset A of S. For any
two spaces, join is defined as the unique space with the finest granularity that covers
both of them; meet is defined as the unique common space with the coarsest granularity
that is covered by both. According to the above construction procedure, the partially-
ordered spatial set S can be constructed into a lattice model. Proposition [l makes sure
the existence of the join and meet for any two spaces. The leftmost in Figure[Blis a real
space, where s; and s; overlap at two finer spaces A and B, as the figure (a) shows.
According to the proposition, only one overlapping space is allowed, so a common
space s’ is created to be an immediate super space of A and B (see Figure[3l(b)). In the
following, we give a formal definition for join and meet. Given two spaces s; and s,

— join operation: s; Ll s; = s, where Vs’ € s;.sup N sj.sup, s’ < s;
— meet operation: s; M sj = s, where Vs’ € s;.subN s;.sub, s < s'.

Figure |6 shows typical relations between spaces in a lattice model. Some examples of
the join and meet operations between these spaces are computed as follows. In Figure[@]
(a), s; Ms; = s;,and s; U s; = s;. In Figure[dl (b),

sil1s; =c, Si L sj = Sk;
AMs; =5, AMNB=s;
AlUs; = s, ALl B = sy.

In the above, a lattice model is constructed for symbolic spaces according to the con-
tainment of architectural design, which portrays the physical view of an environment.
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For the same environment there may be multiple lattice models with respect to different
partition principles. For example, another lattice model can also be built in terms of the
administrative functions, such as lab area, lecture area, or office area, which portrays a
conceptual view of an environment. Both lattice models present various views of an en-
vironment, which can be beneficial in serving customised queries. Take an example of
a query: “a reception office in this building”. It is more efficient to execute this query in
the latter lattice model that will only look for the reception office in the administration
area, rather than search the whole space in the former lattice model.

So far, this section has described how to organise the symbolic spaces into a partial
order set according to the spatial containment relationship. The proposition [Tl provides
a top-down approach to dividing the whole space st with the coarsest granularity into
spaces with finer granularities. It also helps to constrain the constructed poset S to be a
lattice model that is bound by the universal space st and the null space s .

A Graph Model. The above lattice model is used to explore the spatial containment,
overlapping, and disjointness relationships, while the following graph model will help
to make the adjacency and connectedness relationships explicitly.

Faced with the huge complexity of spaces in reality, it is difficult to build a large
graph for the entire space and maintain the integrity of the graph. Some adjacent spaces
may be ignored or missing when drawing the adjacency relation for a certain space. The
large graph needs lots of effort to maintain when a space is changed (such as enlarged,
detracted, or deleted). Instead, our approach collapses a large graph into smaller graphs,
each of which represents a separate region. These small local graphs are associated with
the immediate sub spaces of each node in the lattice model. Therefore, when needed,
these smaller graphs can be composed together as well.

Definition 3. For any s € S, a corresponding graph G, = (V,E, E.) is a directed
and weighted graph, where

1. 'V is the immediate sub spaces of s; that is, V. = s.isub, where s # s, and
Vs’ € s.isub, s # s, ;

2. E represents the adjacency relation. s; — s; means s; and s; is neighboring to
each other;

3. E. represents the connectedness relation. s; — s; means that an object can go
from s; to s;;

4. don each edge represents a distance between spaces.

If spaces are disjoint to each other or overlapping in different orthogonal planes, there
are no edges between them; otherwise, they are considered adjacent to each other. Fur-
ther, if a space is passable to another directly, the relationship between them is regarded
as connectedness. Particularly, the connectedness relation implies direction. When an
object can go from a space s; to s;, then s; is connected to s;, labeled as s; — s;. In
some circumstances, it is forbidden to go from s; to s; (e.g., an escalator).

A local graph for a node in a lattice model reflects a certain abstraction level of
spaces, which is a certain scale of observing the real space. For example, Figure [7]
presents two graphs with varying granularities, which correspond to the spaces in
Figure @l The graph mapping to roomgoos reflects the adjacency of cubicles, while
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Table 1. Evaluation of different spatial relationships

|Spatial Relationship] Evaluation |
containment 5; M s; = s; (or s;)

siLs; = s; (or s;)
disjointness 5iTs; =81
overlapping siTs; # 81
adjacency siMs; # s1 and s — s
connectedness siMs; # s and s; — ;5

Room_a008 Cub_01

o rridor_ab08

Corridor_a008_01

Projector

Fig.7. An example of two graphs at different abstraction levels

the graph mapping to C'ubg; reflects the adjacency of finer spaces within a cubicle. It
is convenient for applications to flexibly load graphs in different scopes. For example,
when an object is in the ground floor, the application only needs to present the graph
of rooms that are located in the ground floor; when an object moves into the room
roomgoos, it presents a more detailed graph of cubicles; furthermore, when the object
enters a cubicle, a graph with finer granularity is presented.

This approach decreases the complexity of loading a huge graph in the beginning,
and it reduces the amount of information because it does not need to load unnecessary
graphs such as Cuboz when only the graph C'ubg; is needed. This approach makes it
advantageous to maintain a relatively small graph, because a graph is part of the whole
world. It also makes less effort to reconfigure the graph without affecting other graphs.

This approach also keeps the spaces at the same abstraction level in the same graph.
It makes more sense when we discuss the adjacent relation between the spaces at the
same level of abstraction (such as among rooms or among buildings). However, it is
hard to discuss the adjacency between a room and a floor.

Distance is a complicated and application-specific notion. A distance is a physical
length between two spaces; however, sometimes it is related to other contextual in-
formation (such as transportation, or path restriction) in real applications. However,
this graph model will only consider a general definition for physical distance, while
other contextual information on distance can be extended in customised applications. A
physical distance can be classified into absolute and accessible distances. An absolute
distance is a direct length between two spaces, while an accessible minimal distance is a
length along a path through which a space is connected to another space. An accessible
minimal distance is related to path finding, and it can be computed by accumulating a
series of absolute distance. Therefore, absolute distances are fundamental for the dis-
tance concept.
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In the graph model, an absolute distance d on each edge is a tuple < d., d; >, which
corresponds to the Euclidean and path distance respectively. The Euclidean distance is
the shortest straight line length between centers of two spaces, while the path distance
is the length of a path from the center of one space to the center of another space. This
approach to describe distance is borrowed from MiddleWhere [19].

Path finding is an important issue in a location-aware system. That is, how a path is
located from a source space to a target space. There exists a set of paths between two
given spaces.

Definition 4. A path consists of some finite space sequence following the connect-
edness relation, which starts from a source space s and ends at a target space t.
p(s,t)=s—>51— ... > s, >t

Local graphs cannot satisfy the requirements of path finders if the given source and
target spaces are not in the same local graph. Thus a larger graph is required, making
it necessary to combine a set of local graphs. If all the spaces in the graphs have ge-
ometric representations, then these spaces can be projected into a uniform Cartesian
coordinate reference system (CCRS). Thus a combined graph is produced by comput-
ing their coordinates. If not all of the spaces have geometric representations, we propose
an alternative approach to integrate graphs through sensitive spaces. In a lattice model,
coarser-granularity spaces are traversed by their sensitive space. If two coarser spaces
s; and s; have a sensitive space s, between them, when two graphs G, and G, are
required to be merged, s. will be located and serve as a connection of two graphs.
Section H] will give a description of the path finding algorithm.

4 Demonstration

To demonstrate the applicability of our space model, it is applied to build a map for
our computer science building. All the spaces are represented in a resolute hybrid rep-
resentation. They are organised in a lattice model, and then a graph model is built for

lab XRS: Entity |
-space
-personnel

symbolic_SEG: SymbolicRepresentation |
"SRG Research Lab "

room_a008: Space

=representation

geometric_SR43T: GeometricRepresentation

v

cube_764: Shape
-height: 2.8

DEFAULT: CCRS coords_137: CoordinateCCRS

-coordinates: [(14.0, 0.0, 0.0), (34.0, 5.5, 0.0)]

‘ hybrid_RETS: HybridRepresentation

i coordecrs 904: CoordinateCCRS|

Fig. 8. A typical example of representing an entity’s space



116 J. Yeetal.

each node in a lattice. In the following, we will describe how spaces are expressed in
hybrid and relative representations. Later, we will detail how the space model helps in
path finding algorithms.

4.1 Spatial Representation

Each space has a hybrid representation. A symbolic representation assigns a human-
understandable name for the space, while a geometric representation characterises the
space’s geometric shape and a list of coordinates under a certain CCRS. For example in
Figure d a space roomgoos is represented in Figure Bl The space object deals with all
location-related information, which is a property of an entity. The entity labx rg carries
with other contextual information like its included persons, calendar, and research areas.
Section 3.1 has provided a general way to express a relative representation; how-
ever, its typical applications are simple, like “a place 500m east of this building”. This
is represented as follows, and a resolute location can be computed in applications by
building a local CCRS with the base as an origin point and the standard compass direc-
tion as three axes’ direction. The offset representation can be projected into this CCRS
according to the distance to the base representation, and degree to each direction axis.

Offset Representation
distance|direction |degree
building_space .SRES| 5.0 EAST | 0.0

Base Representation

4.2 Path Finding

In this section, we will describe how the lattice model integrated with graphs helps to
improve the efficiency of a typical path finding algorithm, while a concrete path finding
algorithm is out of the scope of this paper.

Our space model is used to partition the world into small sub graphs that are organ-
ised and managed under the lattice model. Different levels of the lattice model deter-
mine the abstraction levels of each sub graph. At a certain abstraction level, each sub
graph is further partitioned into smaller local graphs that are connected to each other
through sensitive spaces. We propose that the path finding algorithm will be executed
on each local graph, rather than throughout a huge graph for the whole environment.

Given two spaces Ssource and Siqrget, their immediate super spaces are located
from the lattice model, labelled as G5 and G;. If G5 and G, are the the same graph,
the searching will be only executed on the spaces in that graph, while ignoring all
the other spaces and spatial relationships out of that graph. If G4 and G, are differ-
ent graphs, a series of sensitive spaces, called sensitive path, will be located as fol-

lows: G L G1 e G 2 G , where s1, ..., Sy, are sensitive
spaces, and G, . . ., G, 1 are the graphs connecting G5 and ;. This shows the higher
level hints of searching: sensitive spaces are the key spaces between the given source
and target spaces. In each local graphs, the paths will be searched, such as Sspyrce — S1,

cees 83 77 Sidls oo o5 ST Starget-
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Fig. 9. A simple example of path finding

For example in FigureB] a path from a space s3 to s23 is required. The smallest local
graphs for sy and so3 are located as By and By, both of which are not directly connected
to each other. By examining the sensitive space set, a series of sensitive spaces sensi-

815

tive spaces and the intermediate graphs will be determined: By —— Bj 2. B,.
Following this, paths will be searched only in each local graph , such as s — s15 in
Bl, S15 — S16 in Bg, and S16 — S23 in B4.

It is worth noting that a given source or target space may be contained in more than
one smallest local graphs, if it is a sensitive space. In the above figure, the sensitive
space s1 has two immediately super spaces B; and Bs. Besides, there are multiple
possibilities of sensitive paths. Assume that the space Bs is directly connected to Bs
through the sensitive space s7. For the above example, another series of sensitive spaces

will be produced: B; 2. B By 25 By . Correspondingly, another path
finding will be carried out: s — s; in By, s1 — Sy in Ba, s7 — S16 in Bs, and
S16 — Se23 in By. As the path finding is executed separately on local graphs, the local
results can be shared between different series of sensitive paths. For example, the path
S16 — S23 in By can be shared from the above example.

The path finding procedure may be complicated by the above factors such as mul-
tiple immediate super spaces and multiple possibilities of series of sensitive spaces.
However, the number of immediate super spaces is usually small, and the searching of
sensitive paths is the procedure of finding a path between the immediate super spaces.
The computation cost is relatively small, compared to searching a huge graph covering
the whole space. This space model not only reduces the searching space for possible
paths, but it also provides a higher level view of searching by locating a series of sensi-
tive spaces.

Besides this path finding algorithm, the model also can answer nearest neighbor
queries (e.g. finding the nearest printer [13]) by considering the distance on each edge.
It is difficult for hierarchical location models to carry out path finding, but it is possible
for them to answer the nearest neighbor query. This query is carried out by searching all

s7
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the printers, computing the distances between the user and all the candidate printers and
choosing the closest printer. This approach ignores the potential path inherent during
searching. It is obvious that the shortest absolute physical distance between two coordi-
nate points is not the shortest accessible distance along the available path. Besides, the
simple computation of distances will not help a stranger who is not familiar with that
space. However, our model can find the nearest neighbor through choosing the shortest
accessible distance along a path.

Compared to other graph models, this space model can reduce the searching space
largely during a path finding. A typical graph model would carry out searching a huge
graph that consists of all the spaces in the entire environment. In the above example,
the searching probably starts from all the spaces connected to sy in the whole graph.
However, the path finding algorithm based on our space model will always be executed
on the limited number of spaces in local graphs, and connected spaces in other local
graphs are transparent. Only when the searching fails, it will be extended to other local
graphs through sensitive spaces. The searching space is only the number of spaces in
potentially local graphs and sensitive spaces, which is relatively small compared to
searching all the spaces in the whole graph at once.

5 Conclusion and Future Work

This paper has proposed a unified space model to service the requirement of spatial rep-
resentation and relationships for a large-scaled and complex environment. This model
provides a powerful and expressive representations of location information for any
space. It supports traditional symbolic and geometric representations, and relative loca-
tion representations, which is more comprehensive than existing models.

This space model takes the advantages of both lattice theory and graph theory, and
combines them in a novel way. This single model supports comprehensively spatial re-
lationships such as containment, adjacency, and connectedness. It offers multiple graphs
at various abstraction levels that are distributed at different nodes in a lattice model. The
demonstrations in Section @ suggest that this will potentially improve the efficiency of
path finding algorithms.

This space model is comprehensive, for it involves all the details that are needed
to represent location-related information. It can be simplified to suit to simpler appli-
cations. When graph models are not needed, developers can only construct a lattice
model without building the connectedness relationship. When a hierarchical model is
not needed, developers can just build a typical graph model while adding a universal
space to be the immediately super spaces for all the spaces in this graph. Consider-
ing the natural complexity of real environments, it always takes a huge effort to build
a detailed space model, no matter based on our model or existing models. However,
our model tries to reduce the complexity of construction by collapsing a whole graph
into manageable local graphs, and linking and organising them into a lattice model.
Moreover, this approach can reduce the cost of maintenance. When spaces in the envi-
ronment have been updated (e.g., adding or removing spaces), it will be easier to track
down a few of local graphs that are required to be revised correspondingly, rather than
check and affect the whole graph. However, if the spaces being updated are (or will
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be) sensitive spaces, it may cause inconsistency. This will increase the complexity of
maintenance in our model.

To make better use of this model, developers must have a good knowledge of the
target environment, including partition principles, levels of granularity, and particularly
the sensitive spaces being chosen. Developers should build a lattice model for all the
spaces in an environment with the help of Proposition[]to locate sensitive spaces. Then
they can build connectedness relationships between immediately sub spaces for each
node in the lattice so as to form local graphs. This ensures the consistency of spatial
relationships between all the spaces. In our initially simple experiment, this space model
can be easily constructed for the spaces in one floor. However, to attain the goals of
the model, it should be applied and evaluated in a larger-scaled and more complicated
environment. In parallel, the path finding algorithm must be properly evaluated and
refined as the space set grows.

Furthermore, the space model could be extended with extensions that constrain the
accessability of locations, e.g. opening hours for public spaces, highway restrictions
for roads, or gender restrictions for bathrooms [3]. Further constraints could be set to
determine security and privacy characteristics of location information.
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Abstract. The emerging pervasive computing services will eventually lead to
the establishment of a context marketplace, where context consumers will be
able to obtain the information they require by a plethora of context providers. In
this marketplace, several aspects need to be addressed, such as: support for
flexible federation among context stakeholders enabling them to share data
when required; efficient query handling based on navigational, spatial or
semantic criteria; performance optimization, especially when management of
mobile physical objects is required; and enforcement of privacy and security
protection techniques concerning the sensitive context information maintained
or traded. This paper presents mechanisms that address the aforementioned
requirements. These mechanisms establish a robust spatially-enhanced
distributed context management framework and have already been designed and
carefully implemented.

Keywords: Context Distributed Database Management System, context
databases & query languages, federation, spatially-enhanced distributed context
management, mobile physical object handling, context privacy & security.

1 Introduction

Network operators capture valuable information such as device location and status, user
profiles and movement patterns, network performance, etc., in order to provide
telecommunication services to their clients. This data is considered to be vital context
information [1] that can be exploited to customize services, to anticipate user intentions
and to ultimately reduce human-to-machine interactions [2]. In case this information is
mashed-up with context data collected by other sources, such as sensor networks and
web resources it becomes a commodity that can be traded with other operators and third
party services providers. However, even though context information holds out the
prospect of enhancing user experience and increasing revenues, trading it is not
straightforward: First, the data is highly sensitive and a security breach could easily
prove to be catastrophic for both users and operators. Second, the various infrastructures
that store and manage context data are heterogeneous, while there is no standardized
interface that supports context information exchange. Third, information, which can not
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be retrieved when necessary, is valueless. In an open context marketplace, where a wide
variety of information types is traded, context consumers are challenged by the
discovery of the required data. Finally, timely delivery of context information is crucial,
due to the fact that most data sources provide real-time information.

On a business level, information exchange is regulated by federation agreements.
They specify the information that can be accessed by consumers, its quality and
penalties for breach of contract. A context marketplace must implement and enforce
these agreements based on efficient monitoring and access control mechanisms.
Moreover, such marketplaces must provide mechanisms to store, advertise and
discover information in a secure, distributed, scalable and standardized manner. Thus,
technically speaking, the core of a context marketplace is a distributed heterogeneous
spatial database management system. Yet, none of the database management systems
meet these requirements. This paper presents the Context Distributed Database
Management System (CDDBMS), an efficient distributed heterogeneous spatial
database management system that caters for the needs of a context marketplace.

The rest of this paper is structures as follows. Section 2 outlines the basic approach
and details the requirements imposed by federation agreements. The CDDBMS
architecture, database schema and query languages are presented in Section 3, while
the implemented approach to handle mobile physical objects is described in Section 4.
Section 5 presents the security and privacy approach implemented by the CDDBMS.
Finally, in Section 6, conclusions are drawn and plans for future work are exposed.

2 Federation and Basic Context Management Approach

The CDDBMS is a peer-to-peer database comprising of node servers, each of which
stores information about at least one predefined information domain. Such domains
include for instance: user profiles, accounting information of a telecommunication
operator, service advertisements or information related to a specific geographical
area. Context producers store their data with respect to domains and consumers query
information accordingly. Two domains are distinguished: Logical (Logic-D) and
geographic domains (Geo-D). Logic-Ds contain non-spatial information like for
example user profiles and are rather independent from other domains. Geo-Ds,
however, carry strong spatial inclusion relationships. For example, the suburb is
geographic specialization of the city domain and thus, there is an inclusion relation
between the City-Node and the Suburb-Node. Fig. 1 shows example Geo-Ds and their
inclusion relations. Inclusion relations span a directed tree on the Geo-D space, where
each CDDBMS is a node and each inclusion relation is a vertex. This graph structure
perfectly matches an R-Tree [3], an indexing structure of spatial databases. As a
result, the geographic inclusion dependencies imply a structure which perfectly caters
for spatial queries [4]. However, this structure requires a tight coupling of nodes and
has thus a strong impact on federation agreements. For example, the two operators
depicted in Fig. 1 maintain a CDDBMS infrastructure including sensor networks,
which is only accessible to the customers of the individual operators. Particularly, in
densely populated areas such as capitals or major cities, the two operators compete
heavily, and thus, there is no federation agreement which allows any information
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Fig. 1. Federation scenario example

exchange. Yet, in less populated areas, infrastructure investments are less profitable
and therefore the two operators share information, i.e. Operator B customers have
access to the “Waterford” Node maintained by Operator A. In order to support
seamless information roaming, operators can make federation agreements with other
stakeholders, such as SMEs like TSSG (see Fig. 1) and users that act as sources of
context information. Employees and users can thus access their premises’ and
intelligent houses’ context information wherever they are. Provisioning of context
information is not only a business of telecommunication companies. Medium and
small enterprises could also offer and share context information and complement the
Operators’ data. A thorough analysis of secure large-scale federation solutions for
mobile service platforms is provided in [5].

3 CDDBMS Architecture and Query Languages

The infrastructure exploited by the stakeholders of the context marketplace is
heterogeneous. Different database management systems, which store context
information, are deployed. Though, all databases implement the SQL standard, they
provide different extensions or do not fully comply with it. Moreover, these systems
do not address federation and the lack of a standardized database schema makes it
almost impossible to find entries. To solve this problem, CDDBMS nodes have both a
standardized database schema and a standardized query interface.

3.1 Architecture

Fig. 2 illustrates the CDDBMS architecture. Each CDDBMS node comprises a Node-
Manager and an off-the-shelf database management system (DBMS). The Node-
Manager implements the management logic and the interfaces required for exchanging
information with other nodes. Synchronous and asynchronous communication of
context data is supported by the Query and the Event interfaces.

The DBMS is the actual repository of the node’s context data. Basically any of-the-
shelf relational database engine meets the requirements of the CDDBMS. However, as
spatial queries are a major feature of the CDDBMS, all CDDBMS nodes that cover a
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Geo-D must implement the Simple Feature Standard SQL (SFS) of the Open Geospatial
Consortium (OGC) [6]. This standard specifies SQL-like spatial query statements and
3-dimensional shapes that are used to describe geographic areas. All major database
management systems, such as Oracle (www.oracle.com), DB2 (www-306.ibm.com/
software/data/db2), PostGis extension of PostgreSQL (www.postgresql.org) or MySQL
(www.mysql.com), are shipped with an SFS extension.

Access to the DBMS is managed by the Node Manager. Applications can either
provide context query statements to the Node-Manager via the Query interface or they
can subscribe for context data update events via the Event interface. When the Node-
Manager receives a context query statement or an event subscription, it first examines
whether the relevant data item is stored in the local repository. If this is the case,
query execution and subscription are rather straightforward. If the required context
information is maintained by a remote node, the local Node Manager communicates
the request to a so called Home-Node. Each context data item is associated with a
Home-Node that stores its latest state (i.e. the master copy) and synchronizes its
updates. To facilitate fast update and easy look-up of the latest state, the address of
the Home-Node is encapsulated in the data item’s identifier.

3.2 Database Schema and Query Languages

As the information traded at the context marketplace is heterogeneous, only a very
simple database schema, which is yet perfectly aligned to the major query uses cases,
suits the CDDBMS. Key-value pairs, subsequently called Attributes, which are the
simplest form of storing information therefore constitute the core of CDDBMS
schema. Attributes are grouped by Entities that are interconnected by Associations
[7]. The CDDBMS is thus quite similar to the World Wide Web: Attribute sets
correspond to the content of a web page, Entities to web pages and Associations to
sets of hyperlinks. This design perfectly caters for two major query use cases:

e Navigation queries/Browsing: Starting from a known context data item, appli-
cations (or context consumers in general) can follow Associations to discover new
information, i.e. Entities and Attributes. For example, when a user’s entity is
known, an application can follow the “myPreferences” Association to discover the
user’s service preferences.

e Spatial queries: As spatial inclusion relations can be directly mapped to
Associations, navigational queries can also be used to look-up spatial data.
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However, the burden of evaluating spatial information is put on the query client.
Spatial queries are a simpler way of discovering spatial information. A query
client must just provide a spatial description. The databases analysis this
description and returns the data accordingly. To this end, the distributed spatial
query processing algorithm utilizes inclusion relations.

Navigational queries require previous knowledge about the content of the database
(the context data item entry) and its structure (Associations). When only the semantics
of the target context data item are known, both navigational queries and spatial
queries are useless. Semantic queries are therefore considered to be the third major
context query use case:

e Semantic Queries: The context consumer is only aware of the semantics of a
context data item. An application, for example, that discovers a printer in a
building, just creates a query which couples the printer’s OWL description and
the spatial description of the building.

Processing of semantic queries is challenging as it involves first order logic
reasoning or graph matching algorithms. Both mechanisms are not well supported by
of-the-shelf databases. Section 4.4 describes the approaches for semantic query
processing that are supported by the CDDBMS.

Like the database schema, the query language is also inspired by web technology.
Each context Model Object is identified by a URL structured as follows:

NDQL: //hostname:port/database/ModelType/type/number

The schema, NDQL, stands for Navigational Database Query Language. Hostname
and port identify the Home-Node, while database is the name of the DBMS
database that stores the context object. Mode1Type is one of the following: “Entity”,
“Association” or “Attribute”. Type is an arbitrary type descriptor and number is a
unique index. Queries can be applied to an object by simply adding a question mark and
an NDQL query statement to its identifier. NDQL query statements are basically a
subset of SQL and can be directly translated into SQL statements. The language is
designed to provide a view on the database which supports the integrity of the schema.
An NDQL projection/selection query is expressed as follows:

GET Entity FROM [assoc-id] WHERE Association type=[entity-type]
GET Entity FROM LOCATION=[coordinates] WHERE sem=[OWL-desc]

The first query looks-up all Entities of type [entity-type] that belong in the
association-set of Association [assoc-id]. The second query looks-up all Entities that
match the specified OWL description [OWL-desc] and are located in the spatial area
[coordinates]. Note, that for the first query the reference to Home-Node is
encapsulated in the Association identifier, while for the second it is described by the
Location constraint (actually this might refer to multiple Nodes). Modification
queries, i.e. inserts, updates and deletes, have the following format:

(UPDATE | ADD | DELETE) :[reference]

where [reference] is a reference to an instantiated context Model Object.
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4 Dealing with Mobile Physical Objects

The CCDBMS is designed to manage spatial models of the physical world that cover
large areas or even the entire physical world. To this end, the nodes, Geo-Ds
respectively, are ordered in an R-Tree structure. Fig. 3 illustrates such a structure.
Each Geo-D, depicted on the right side, is associated with a node (corresponding
domain node) of the distributed spatial database. A domain context data object stored
at each node specifies the geographical coverage. When a node receives a query, it
first checks whether one of the queried context objects is within the coverage domain,
Geo-D respectively. If the query is relevant to the domain, either the corresponding
context data items are instantly retrieved, or the query is passed on to the appropriate
child Geo-D. If the query is not relevant to the Geo-D, it is passed on to the parent
node (given it did not originate there). Finally, it traverses the spatial CDDBMS node
hierarchy down to the responsible Geo-D Nodes. As more than one Node might be
responsible for the target Geo-D, the query might be duplicated and forwarded to all
responsible Node-Managers. Result sets are directly forwarded to the requesting
Node-Server, which is also responsible of orchestrating join operations.

The outlined routing of spatial queries is not without consequences for the security
and storage approach. The security protection measures are detailed in Section 5. To
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Fig. 3. Distributed spatial database: Spatial search for a printer in Waterford, Ireland
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facilitate efficient spatial query processing, spatial data objects must be maintained by
the node that manages the corresponding Geo-D. Fig. 4 illustrates how the CDDBMS
manages context information of physical mobile objects. A TSSG employee leaves
his/her office and drives home, making a stop at a local supermarket on his/her way.
In total, he/she crosses Geo-D boundaries five times. Consequently, a context data
object representing the employee within the distributed spatial database should be
moved across the four nodes five times.

Table 1. Parameters of scalability equation

Parameter Description

Number of user profiles stored in the user profile database.

Movement rate per user in seconds, i.e. rate at which a user changes Geo-Ds.
Probability that a Geo-D change affects only the parent Geo-D. With respect to
graph G, p is the probability that a node change affects only its parent node.
Height of graph G=(V,E)

Maximum degree of a vertex of G, i.e. maximum number of sub Geo-Ds per
Node Server.

Sl I S TN

Basically, moving data items between domains is perfectly scalable as most
changes are performed within local network domains. Yet, any changes to mobile
objects must be synchronised with the master copy at the Home Node. Frequent
synchronisations increase the network traffic considerably and thus constitute a
critical problem compromising the scalability of the system, as indicated by the
following analysis.

The location hierarchy of Node Servers is a directed, acyclic graph G=(V,E),
where each vertex v € V corresponds to a Node Server and each edge ¢ € E is an
inclusion relation with respect to the Geo-Ds. In fact, G is considered to be a tree with
a vertex degree of m. Given the parameters described in Table 1, the number of
updates U(N) to the Home-Node (induced by location updates) can be expressed as
follows:

Uc(N)=2-N

Most updates are propagated across the entire network and impose considerable
load on the backbone network. It would be much more efficient if most updates were
kept locally, i.e are not propagated across the backbone. In such a distributed storage
and synchronisation approach changes are only propagated to the parent Node Server.
A distributed approach would have Up(N) updates per second:

Up(N)= 4N -(1-p)

G is an R-Tree. To simplify the calculations, it has been assumed that the users are
randomly distributed among the m" leafs; thus each leaf node maintains N/m" users.
The performance gain of the distributed approach with respect to the centralised one
is given by the following expression:

Uy m
U,(N)  mt-(1=p)

Gain(N) =
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Fig. 5. Performance gain of the distributed over the centralised synchronisation approach. For
parameter settings refer to Table 1.

The gain just depends on the graph structure (height and vertex degree) and
probability p. Fig. 5 illustrates G for a rather flat hierarchy with 4 levels, i.e. L=4 and
rather moderate p<0.6. The distributed approach clearly outperforms the centralised.
Consequently, with respect to mobile physical objects, frequent synchronisations with
the Master Copy should be avoided.

4.1 Mobile Node Server

Location sensors provide coordinates of devices. It is assumed that each of these
devices runs a CDDBMS Node Server that should be attached to the hierarchy of the
spatial database. A mobile device’s Node Server will be hereafter referred to as a
Mobile Node Server or just Mobile Node.

The Geo-D of a Mobile Node is the mobile device itself. For small devices this is
just a logical domain, but for large devices such as cars, aircrafts or even ships, Geo-
Ds cover geographic areas, which are however mobile with regards to the outside
world. The current context of a mobile device is stored by its Mobile Node Server.
Thus, finding the context of a mobile device is equivalent to finding its Mobile Node
Server.

The approach implemented by the CDDBMS for handling mobile objects is
depicted in Fig. 6. Each Mobile Node is represented by an Entity. The Home Node is
a Node Server in the fixed network and thus, the route to this server never changes.
When a Mobile Node moves into a different Geo-D, a Visited-Parent Entity is created
at the Node that manages the domain. The Visited-Parent Entity inter-links the Mobile
Node and the Home Node. Processing of non-spatial statements is thus similar to
mobile IP [8]. The Home Node re-directs query statement to the Visited Parent, which
finally dispatches it to the Mobile Node.

As the Home Node stores the Master Copy of the Entity that models the Mobile
Node, all statements related to the Mobile Node are sent to the Home Node first. The
latter looks-up the Entity and extracts the URL of the Visited Parent or one of the
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Fig. 6. Visited Parent approach

Visited Parent’s parent Nodes (pointer chain). Since statements are directed to the
actual Mobile Node, data synchronization with the Home Node is no longer
necessary. Instead the copy at the Visited Parent may serve as the synchronization
copy comprising all updates and the Home Node is only used for re-direction and as
static data storage.

4.2 Mobile Handover Procedure

When a Mobile Node Server changes the Geo-D, the routing entries, the pointer chain
respectively, must be updated. To this end, Node Managers implement a simple
handover procedure that is illustrated in Fig. 7: Two CDDBMS Nodes manage
adjacent Geo-Ds, each Geo-D has its own location sensor. Initially, user X has just a
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Fig. 7. Mobile physical data object handover procedure
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location entry at Node A, the location value is frequently updated by the location
sensor of Geo-D A. (1) When the user moves into Geo-D B, thus getting into the
sensor range of this domain’s location sensor, a new location entry is created in Geo-
D B. Both location entries (at Node A and B) might virtually contain the same sample
data, but since different location sensors have captured the samples, an aggregation of
the two is not possible (at least not in the CDDBMS). (2) When user X leaves Geo-D
A, thus getting out of sensor range, the location sensor signals that the location entry
is invalid. The CDDBMS Node removes it, and the handover is then completed. If the
location sensor fails to signal that the entry is invalid, the location entry is removed
when no updates are received within a predefined timeframe.

The handover sets new routing paths for query statements. Since neither handover
nor statement processing are executed instantly, the handover protocol must take into
account delayed query statements. For example, let’s examine the case where a
statement is issued at time ¢, while a handover is performed at time ¢+h, and the
completion of the re-routing is finished at time 7+h+k. Thus, when the statement is
routed to the destination Visited Parent in the time interval [¢#+h, t+h+k], it ends up at
the old Visited Parent rather than at the new one. To solve this problem, Geo-Ds are
required to overlap. While the Mobile-Node is within the overlapping region, both old
and new Visited Parent still refer to the Node.

The CDDBMS implements also another handover procedure, the soft handover
procedure, that supports a graceful handshake between two Node Managers. It is
applicable to mobile devices that are equipped with a location sensor. In such a setup
there are no ambiguities about the Geo-D and the context data object can be
exchanged in a handshake between the two databases whenever a mobile device
crosses the border of a Geo-D. Range-monitoring queries allow keeping track of these
events. Cai et al. propose efficient mechanisms for range-queries based on safe
regions [9]. With the help of these queries, location sensors are only required to send
updates when they leave a safe region, thus reducing the power consumption of the
mobile device.

4.3 Distributed Semantic Database Management

Taxonomies are a simple approach of describing semantics. Given the fact that they
imply just planar graphs, efficient matching algorithms for relational data models can
be implemented. Let G=(Vr, E1) be a taxonomy, where Vr is the vocabulary and Et
are the tag relationships. To process the taxonomy with a relational database the graph
Gy is decomposed into a database table as illustrated in Fig. 8. The taxonomy with
root tag name "device" is decomposed into faxonomy table. Each tag is associated
with a unique identifier (1d column) and a parent tag name (parent column). The
relationships between semantic tag names and Entities are described by the entity
table. It comprises the columns cid (which is the unique context entity identifier in
the CDDBMS), type (reference to id column of taxonomy table) and entity name. A
semantic query is a graph Go=(Vq, Eq) with Vo < Vr and a semantic match is a sub-
graph isomorphism between Gy and Gr. Unfortunately, the general sub-graph
isomorphism problem is NP-complete [10]. However, the sub-graph matching of
planar graphs can be computed in polynomial time [11].
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Fig. 8. Semantic Entity retrieval example

A simple matching algorithm between Gq and Gr is just a set based match, i.e. the
structure of the graphs is ignored, while only the semantic tags associated with the
query and the entities are compared. Given Vg={a,,..., a,} and {cid, (t;,..., tn)} €
entity (t; is the tag name implied by column type) a set match is {cid | Vo < {t;,...,
tm}, {cid, (ty,..., tn)} € entity}. That is, the entities returned are the ones associated
with the same tag names as the semantic query. In terms of SQL, this corresponds to a
self-join of table entity:

SELECT cid, name FROM entity A;,... entity A, WHERE
A,;.cid=...=A,.cid and A,.type=a; and ... A,.type=a,

Given that the attributes cid and type are indexed, the computational complexity
of the statement is O(lentityl - log(lentity)™"). The efficiency of the set-based query
comes at the cost of retrieval performance. For example, a set-based query {device,
printer, laser} returns both laser printers and laser devices which are used for
engravings (see Fig. 8). This is due to the fact that set-based queries do not take the
graph structure into account. Hierarchical queries are not supported by SQL. The
Oracle 10g database, however, implements an SQL extension which supports such
queries. CONNECT BY describes hierarchical relationships between Oracle table rows.
Thus a query a,/a,/../a, (a; is parent of a, and so on) can be matched as follows:

SELECT id FROM taxonomy
connect by prior id=parent start with tag=a, (1)
INTERSECT (SELECT id FROM taxonomy..start with tag=a;), i=1.m

SELECT cid, name FROM entity WHERE type=id 2)

"Prior" specifies row parent/child relationships and "start with" specifies the
root of the sub-graph. Each SELECT statement in (1) specifies a sub-graph of the
taxonomy with root a;. By intersecting the graphs, only the minimum graph is
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returned. Finally, in (2), the Entities that match the tags are returned. Apparently, this
algorithm takes the tag relationships into account. Moreover, it can be extended to
match arbitrary query graphs. Similarly to semantic queries, XPath queries [12] have
a graph structure. Yet, the latter comprise just parent/child relationships, yielding
simpler matching approaches. In [13], Grust et al. present efficient XPath matching
algorithms.

OWL semantic descriptions are more powerful than simple taxonomies. They
support first order logic reasoning and thus, they are expected to further increase the
retrieval performance. Logic based matching is supported by deductive databases like
ConceptBase [14] and XSB [15]. They implement logic based query languages such
as Datalog [16]. Yet, none of-the-shelf database support these queries. The Node-
Manager is foreseen to deal with this issue by maintaining two databases: a deductive
database and a conventional one. It could thus merge the results of the two databases.
OWL-based matching is a subject of future work.

5 Privacy and Security

Privacy is defined in [17] as “the claim of individuals, groups, or institutions to
determine for themselves when, how, and to what extent information about them is
communicated to others”. As already stated, the CDDBMS supports the trade of
sensitive context information and thus, privacy protection formulates one of most
critical requirements to be addressed. The need to disclose a large volume of personal
data to various operators and service providers introduces further implication, thus
making access control mechanisms indispensable for ensuring the protection of
privacy-sensitive information in the CDDBMS. But there are also other means
applied by the CDDBMS to deal with security and privacy of context information,
such as query tunnelling, context data encryption and anonymisation, etc. The
relevant mechanisms established are briefly described in the remainder of this section.

5.1 Anonymisation, Pseudonymisation and Partitioning of Personal Context

As already mentioned, users disclose personal and hence privacy-sensitive data to the
CDDBMS. This information should per se not be generic, in which case the user
could “hide” in a group of users with same attributes/preferences and situations (see
the definition of anonymity set in [18]), but highly specialized for each user in order
to tailor the functionality in the best possible manner.

The intended disclosure of personal data and the magnitude of providers in the
context marketplace lead to an increase of privacy threats for users. Personal
information is disclosed to unknown — thus often not trustworthy— providers and a lot
of sensitive personal information is to be handled by services and the CDDBMS. This
is especially dangerous if the user’s identity is known. Roughly stated, the privacy
threat grows stronger as the amount of known context information increases.

This is the point, where the privacy protection approach gets a grip. The huge set
of personal context data is partitioned in smaller sets with much lower sensitivity. A
user is enabled to use several pseudonyms, thus building several virtual identities
(VIDs) in the system. A VID [19] is a kind of user identity consisting of an artificial
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name (pseudonym) for the user, augmented by a set of attributes under which the user
appears in the system. Each VID only comprises a partition of the user’s overall
context data set, thus resembling a restricted view on the user presented to external
parties. This information set is a partial view on the user’s overall context hierarchy.
Fig.9 illustrates an example of this approach. We are currently investigating the
design of a mechanism for context-partition formulation that aims to eliminate the
possibility of generation of thematic clusters and avoid the case where relations
between the attributes within a cluster may threaten the user privacy.

Blood

Plood Sugar Level

Sugar Level
Friends Postal Address

Colleagues .
Preferences Location

skills  Heart Beat  Namey

Bank Account

Full set of personal Partial sets of personal
attributes attributes

Fig. 9. Partitioning of personal context information

Another advantage of controlling access to VIDs rather than to plain data is the fact
that escalated revealing of knowledge about the real user identity is enabled. For
instance, if people are involved in public affairs, they often need to trade anonymity for
a service. This also means that the disclosure of private data is proportional to the
number of parties that share the awareness of one only real identity. In our VID
approach, involving personal information in public affairs does not necessary mean
trading anonymity. This is due to the fact that, in case a virtual identity is carefully
selected, then the possibility of revealing a true identity by inspecting the disclosed
information is drastically reduced or even eliminated. Of course, each VID must still be
accountable for the user’s actions (for charging purposes as well as for the case of
misuse by the user). How this is realized is described in [19]. It should be mentioned
that the multiple identity approach adopted supports the principle of data minimisation
of the European Parliament and Council, which requires the set of personal data
disclosed to a service to exactly match the amount of data the service needs.

5.2 Context Access Control

The Node-Manager provides context access control facilities that aim to evaluate
access control policies and enforce control of access to resources. In principle, the
Access Control Manager (ACM) of the Node-Manager of the CDDBMS applies
filtering on resources based on:

e Subject: The VID of the context consumer is provided to the CDDBMS
escorting every context query statement. A VID representing either a single
entity or a group may be used depending on the level of control required.
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Action: With respect to the context information required, four kinds of actions
are distinguished: Read, Write, Create, and Delete.

Context condition: Access to data is constrained based on the current context
information.

The access policy applicable is identified and enforced by the Home Node-
Manager. It is characterized by the following:

Access Policy Target that contains a set of simplified conditions for the subject,
target and action that must be met to apply a policy set, policy or rule to a given
query.

Access Policy Rules that identify the decision outcome for the specific Access
Policy Target for given conditions. The obtained decision can be one of the
following: Permit, Deny, Indeterminate, False, or Obfuscate. Combining
decisions from multiple rules results in a single decision for the policy: Permit,
Deny, or Obfuscate.

The aforementioned access control policy is based on the XACML standard [20].
A default policy of deny-all-access should be assumed for stored data, unless
otherwise specified, i.e. explicitly defined in an appropriate access policy.

The access control process that takes place consists of the following steps:

1.

2.

An actor (subject) provides his VID (here assumed to be VIDx) requesting
context data of VIDy (target).

The request is received and processed by the Local Node-Manager. As the
target identifier provided is VIDy, thus not being compliant with the URL
identifier of context model objects (see Section 3.2), the Node-Manager triggers
the translation of VID identifiers to context identifiers (CIDs). This task is not
performed locally, but is delegated to a specific remote Node-Manager that
belongs in a Trusted Group of CDDBMS nodes. Once CIDy is obtained, the
Trusted Node-Manager encrypts it using its public key.

The encrypted CIDy (encrCIDy) along with the URL of the Trusted Node-Manager
is returned to the local Node-Manager. The latter replaces VIDy with encrCIDy in
the context query statement and forwards it to the Trusted Node-Manager.

The Trusted Node-Manager decrypts the encrCIDy into CIDy. The CIDy
indicates the URL of the Home Node-Manager, i.e. the one maintaining the
master copy of the context information requested. Thus, the Trusted Node-
Manager replaces encrCIDy with CIDy in the context query statement and
forwards it to the Home Node-Manager.

. The Home Node-Manager receives the context query, executes it and retrieves

the respective result set.

However, VIDx may not be authorised to access the entire result set. Thus, the
Home Node-Manager retrieves the context access policies that apply for CIDy
and makes an access decision concerning the request of VIDx. It then enforces
the access decision that may require filtering of the result set and/or obfuscation
of specific Attribute values.

The Home Node-Manager returns the filtered result set to the Trusted Node-
Manager. The latter replaces CIDy with VIDy and forwards the filtered result set
to the Local Node-Manager that eventually delivers it to the context consumer.
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The process described above ensures that the real CID and therefore the location of
the Home Node-Manager is never disclosed to the context consumer, thus preventing
the linkage of different VIDs assigned to the same context entities. Of course, in order
to establish this, a Trusted Group of CDDBMSs is distinguished, which is responsible
for forwarding the context requests to the Home Node-Managers. The Trusted
CDDBMSs handle en-/de-cryption of CIDs and act as intermediaries between the
Node-Manager at the consumer site and the Home Node-Manager maintaining the
master copy of the context information requested. Of course, as the access control
rights are defined per subject VID, the anonymity of the context consumer is ensured.

It should be mentioned that in order for the CDDBMS to decide on the privacy
policy to be applied for the specific consumer under the current circumstances, a
privacy policy negotiation process takes place. This mechanism negotiates the level of
context information to be disclosed so that privacy sensitive data are not revealed to
services if not absolutely necessary. Thus, it ensures that only the minimum of context
information is disclosed at each external actor. The privacy policy negotiation
mechanism has already been implemented and evaluated; and is thoroughly described
in [21] and [22].

5.3 Query Tunelling

The routing of spatial queries outlined in Section 4.1 introduces severe security
concerns, as the hierarchy requires queries to traverse Node-Managers that are not
trusted or that do not have a valid federation agreement. The CDDBMS solves this
problem by a tunnelling approach. Spatial queries are encapsulated within an
envelope. The encrypted message body contains the original query and the sender’s
address. The header comprises spatial query which is extracted from the original one
and describes the target Geo-D. A list of federation identifiers is also included in the
publicly readable section of the message. Node-Managers that cannot decrypt the
message body can only read the Geo-D description and the federation information,
but they cannot access the query and sender information. Yet, this is sufficient
information to make routing decisions.

6 Conclusions and Future Plans

The CDDBMS is a distributed heterogeneous multi-database system, which is built to
cater for the needs of context marketplaces, while being scalable and lightweight, as it
resembles more the web-server schema that makes it reliable and highly flexible.
During the last years, various context management models and architectures have
been proposed in the literature. The most popular of these include the Context Toolkit
[23], Mediacup [24], Aura [25], Cooltown [26], Owl context service [27], Kimura
System [28], HotTown [29], Solar [30], CoBrA [31], CORTEX [32], Context Stack
[33], CASS [34], CONTEXT [35], SOCAM [36], ContextPhone [37], etc. Yet, none
of these systems provide both semantic and spatial context queries as well as VID-
based privacy and security enforcement. Furthermore, none of them meets the
requirements of telecommunication systems in terms of scalability on a global level
and information federation.
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The proposed CDDBMS has been designed to meet the requirements of
telecommunication operators and context marketplaces. As such it implements the
aforementioned features which have been detailed in this paper. Other more advanced
search features, such as context inference [38], query extension mechanisms and free-
text based query handling [39] are also available in case the advanced Context
Management layer [38] is running on top of the CDDBMS. Such sophisticated
features are necessary to enable applications and application developers to discover
the context information they need irrespective of the data location, to prevent them
from drowning in the information glut produced by large context source
infrastructures and to obtain optimal context value estimations even if the necessary
context sources are not available.

Further research plans involve the extension of the context query processing
described to incorporate facilities for identifying the result set demonstrating the
highest possible Quality of Context [40]. Additionally, in order to further increase the
retrieval performance of the CDDBMS, the Node-Manager is being extended with
OWL-based semantic matching facilities. Finally, aiming to establish a global privacy
protection scheme, the establishment of an infrastructure is being studied that exploits
recommender systems [41] for controlled sharing of information concerning the
trustworthiness of the various stakeholders in the context marketplace and for
evaluating the potential privacy threats that may be introduced by specific parties.

Currently, the system is being embedded into the business platform of Digital
Ecosystems [42] to enable a large number of SME participants to contribute and share
context information from very heterogeneous sources [43].

Acknowledgments. This work has been partially supported by the Integrated Project
Daidalos ("Designing Advanced network Interfaces for the Delivery and
Administration of Location independent, Optimised personal Services”), which is
financed by the European Commission under the Sixth Framework Programme.
However, this paper expresses the authors’ personal views, which are not necessarily
those of the Daidalos consortium.

References

1. Baldauf, M., Dustar, S., Rosenberg, F..: A Survey on Context-Aware Systems.
International Journal of Ad Hoc and Ubiquitous Computing 2(4), 263-277 (2007)

2. Abowd, G.D., Mynatt, E.D., Rodden, T.: The Human Experience. IEEE Pervasive
Computing 1(1), 48-57 (2002)

3. Lu, H., Ooi, B.C.: Spatial Indexing: Past and Future. IEEE Data Engineering
Bulletin 16(3), 16-21 (1993)

4. Yeung, A K.W., Hall, G.B.: Spatial Database Systems: Design, Implementation and
Project Management. Springer, Series: GeoJournal Library 87 (2007)

5. Vogel, HJ., Weyl, B., Eichler, S.: Federation solutions for inter- and intradomain security
in next-generation mobile service platforms, AEU. Journal of Electronics and
Communications 60(1), 13—19 (2006)

6. Open Geospatial Consortium Inc.: Simple Feature access—Part 2: SQL Option. v.1.1.0
(2005)



20.

21.

22.

23.

24.

25.

26.

27.

Federation and Sharing in the Context Marketplace 137

Roussaki, I., Strimpakou, M., Pils, C.: Distributed Context Retrieval and Consistency
Control in Pervasive Computing. Journal of Network and Systems Management 15(1), 57—
74 (2007)

Mondal, A.S.: Present State and Future. Springer, Series in Computer Science. Springer,
Heidelberg (2003)

Cai, Y., Hua, K.A., Cao, G.H., Xu, T.: Real-time processing of range-monitoring queries
in heterogeneous mobile databases. IEEE Transactions on Mobile Computing 5(7), 931—
942 (2006)

. Bopanna, R.B., Hastad, J., Zachos, S.: Does co-np have short interactive proofs?

Information Processing Letters 25(2), 127-132 (1987)

. Hopcroft, J.E., Wong, J.K.: Linear time algorithm for isomorphism of planar graphs. 6th

annual ACM symposium on Theory of computing, Washington, USA, pp. 172-184 (1974)

. Berglund, A., Boag, S., Chamberlin, D., Fernandez, M.F., Kay, M., Robie, J., Simeon, J.:

XML Path Language(XPath) 2.0 W3C Recommendation (2007), http://www.w3.org

. Grust, T., van Keulen, M., Teubner, J.: Accelerating Xpath Evaluation in Any RDBMS.

ACM Transactions on Database Systems 29, 91-131 (2004)

. XSB at sourceforge (2006), http://xsb.sourceforge.net/
. Gottlob, G., Gradel, E., Veith, H.: Datalog LITE: A deductive query language with linear

time model checking. ACM Trans. on Computational Logic 3(1), 42-79 (2002)

. Conceptbase, A.: Database System for Meta Modelling and Method Engineering (v7)

(2007), http://conceptbase.cc/

. Westin, A.F.: Privacy and Freedom. H. Wolff, New York (1967)
. Pfitzmann, A., Hansen, M.: Anonymity, Unlinkability, Unobservability, Pseudonymity,

and Identity Management — A Consolidated Proposal for Terminology. Version 0.28
(2006), http://dud.inf.tu-dresden.de/Anon_Terminology.shtml

. Porekar, J., Dolinar, K., Jerman-Blazic, B.: Middleware for Privacy Protection of Ambient

Intelligence and Pervasive Systems. WSEAS Transaction on Information Science and
Applications 4(2), 633-641 (2007)

XACML: A New Standard Protects Content in Enterprise Data Exchange (2003),
http://java.sun.com/developer/technical Articles/Security/xacml/xacml.html

Dolinar, K., Porekar, J., Jerman-Blazic, A., Klobucar, T.: Pervasive systems: enhancing
trust negotiation with privacy support. International Workshop on Research Challenges in
Security and Privacy for Mobile and Wireless Networks, Miami, Florida, pp. 1-10 (2006)
Jerman-Blazic, A., Dolinar, K., Porekar, J.: Enabling Privacy in Pervasive Computing
Using Fusion of Privacy Negotiation, Identity Management and Trust Management
Techniques. 1st International Conference on the Digital Society, pp. 30-35. Guadeloupe,
French Caribbean (2007)

Dey, A., Salber, D., Abowd, G.: A Conceptual Framework and a Toolkit for Supporting
the Rapid Prototyping of Context-Aware Applications. Human-Computer Interaction
Journal 16(2-4), 97-166 (2001)

Beigl, M., Gellersen, H.W., Schmidt, A.: Mediacups: Experience with design and use of
computer-augmented everyday objects. Elsevier Computer Networks 35(4), 401-409
(2001)

Garlan, D., Siewiorek, D., Smailagic, A., Steenkiste, P.: Project Aura: Towards
Distraction-Free Pervasive Computing. IEEE Pervasive Computing 1(2), 22-31 (2002)
Kindberg, T., Barton, J., et al.: People, Places, Things: Web Presence for the Real World.
ACM Mobile Networks & Applications Journal 7(5), 365-376 (2002)

Lei, H., Sow, D.M., Davis, II.: The design and applications of a context service. ACM
SIGMOBILE Mobile Computing and Communications Review 6(4), 45-55 (2002)



138

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

C. Pils et al.

Voida, S., Mynatt, E., Maclntyre, B., Corso, G.: Integrating virtual and physical context to
support knowledge workers. IEEE Pervasive Computing 1(3), 73-79 (2002)

Kanter, T.: Attaching Context-Aware Services to Moving Locations. IEEE Internet
Computing 7(2), 43-51 (2003)

Chen, G., Kotz, D.: Context-sensitive resource discovery. 1st IEEE International
Conference on Pervasive Computing and Communications, Texas, USA, pp. 243-252
(2003)

Chen, H., Finin, T., Joshi, A., Kagal, L.: Intelligent Agents Meet the Semantic Web in
Smart Spaces. IEEE Internet Computing 8(6), 69-79 (2004)

Biegel, G., Cahill, V.: A Framework for Developing Mobile, Context-aware Applications.
2nd IEEE Conference on Pervasive Computing and Communications, Orlando, USA, pp.
361-365 (2004)

Braun, E., Austaller, G., Kangasharju, J., Muhlhauser, M.: Accessing Web Applications
with Multiple Context-Aware Devices. In: Matera, M., Comai, S. (eds.) Engineering
Advanced Web Applications, Rinton Press (2004)

Fahy, P., Clarke, S.: CASS: Middleware for Mobile Context-Aware Applications. ACM
MobiSys Workshop on Context Awareness, Boston, USA (2004)

Xynogalas, S., Chantzara, M., Sygkouna, 1., Vrontis, S., Roussaki, I., Anagnostou, M.:
Context Management for the Provision of Adaptive Services to Roaming Users. IEEE
Wireless Communications 11(2), 40—47 (2004)

Gu, T., Pung, H.K., Zhang, D.Q.: A Service-Oriented Middleware for Building Context-
Aware Services. Journal of Network and Computer Applications 28(1), 1-18 (2005)
Raento, M., Oulasvirta, A., Petit, R., Toivonen, H.: ContextPhone - A prototyping
platform for context-aware mobile applications. IEEE Pervasive Computing 4(2), 51-59
(2005)

Pils, C., Strimpakou, M., Roussaki, I., Pfeifer, T.: A context awareness framework for
telecommunication environments. eChallenges Conference, Barcelona, Spain (2006)

Pils, C., Roussaki, 1., Strimpakou, M.: Location-Based Context Retrieval and Filtering. In:
Hazas, M., Krumm, J., Strang, T. (eds.) LoCA 2006. LNCS, vol. 3987, pp. 256-273.
Springer, Heidelberg (2006)

Zimmer, T.: QoC: Quality of Context — Improving the Performance of Context-Aware
Applications. Advances in Pervasive Computing 2006, Dublin, Ireland, pp. 209-214
(2006)

Adomavicius, G., Tuzhilin, A.: Toward the Next Generation of Recommender Systems: A
Survey of the State-of-the-Art and Possible Extensions. IEEE Transactions on Knowledge
and Data Engineering 17(6), 734-749 (2005)

Malone, P., Pfeifer, T.: Cross-domain Context Sensing and Knowledge Sharing
Ecosystem. 4th International Workshop on Managing Ubiquitous Communications and
Services, Munich, Germany, pp. 165-173 (2007)

Pfeifer, T.: Redundant Positioning Architecture. Elsevier Computer Communica-
tions 28(13), 1575-1585 (2005)



A Taxonomy for Radio Location Fingerprinting

Mikkel Baun Kjeergaard

Department of Computer Science, University of Aarhus,
IT-parken, Aabogade 34, DK-8200 Aarhus N, Denmark
mikkelbk@daimi.au.dk

Abstract. Location Fingerprinting (LF) is a promising location tech-
nique for many awareness applications in pervasive computing. However,
as research on LF systems goes beyond basic methods there is an increas-
ing need for better comparison of proposed LF systems. Developers of
LF systems are also lacking good frameworks for understanding different
options when building LF systems. This paper proposes a taxonomy to
address both of these problems. The proposed taxonomy has been con-
structed from a literature study of 51 papers and articles about LF. For
researchers the taxonomy can also be used as an aid when scoping out
future research in the area of LF.

1 Introduction

A popular location technique is Location Fingerprinting (LF'), having the ma-
jor advantage of exploiting already existing network infrastructures, like IEEE
802.11 or GSM, which avoids extra deployment costs and effort. Based on a
database of pre-recorded measurements of network characteristics from differ-
ent locations, denoted as fingerprints, a wireless client’s location is estimated by
inspecting currently measured network characteristics. Network characteristics
are typically base station identifiers and the received signal strength.

LF is different by the use of fingerprints to other location techniques such as
lateration, angulation, proximity detection and dead reckoning [I]. Lateration
and angulation techniques estimate location from measurements to fixed points
with known locations. A technology example is the Global Positioning System
(GPS) which estimate a GPS client’s location from measurements to GPS satel-
lites with known locations. Proximity detection identifies the location of clients
when in proximity of fixed points. A technology example is Radio-Frequency
IDentification (RFID) where a passive RFID tag’s location is known when in
proximity of a RFID scanner. Dead reckoning estimates location by advancing
previous estimates by known speed, elapsed time and direction. A technology
example is dead reckoning based on accelerometer measurements.

Many different LF systems have been proposed. When surveying LF systems
one has to answer many different questions. For instance, how do systems differ
in scale; can they be deployed to cover a single building or an entire city? What
network characteristics are measured? What are the roles of the wireless clients,
base stations, and servers in the estimation process? Which estimation method

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 139156l 2007.
© Springer-Verlag Berlin Heidelberg 2007
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is used? How are fingerprints collected and used? These questions are not only
important for researchers surveying LF but also developers of LF systems who
have to understand the different possibilities. We believe that a taxonomy will
aid LF system developers and researchers better survey, compare, and design LF
systems. Being able to better survey and compare existing work also makes it
possible to use the taxonomy as an aid when scoping out future research. This is
especially important as research more and more moves from understanding the
basic mechanisms to optimizing existing methods for non-functional properties
such as robustness and scalability. Existing taxonomies such as that proposed
by Hightower et al. [2] cover location systems in general and are therefore not
too much help when answering the many questions specific to LF.

The taxonomy we have chosen to propose has been constructed based on a
literature study of 51 papers and articles. The 51 papers and article propose 30
different systems which have been analyzed and methods and techniques grouped
to form taxons for the taxonomy. The analyses of four of the 30 systems are
covered as case studies in Section [ The analysis results for all of the 30 systems
are available online at [3].

The structure of the paper is as follows. The taxons of the proposed tax-
onomy are discussed in Section [2I The individual taxons are then presented in
Sections B to 6 Four case studies are afterwards presented in Section [0 and a
discussion is given in Section B Finally, conclusions are given in Section @ Due
to the limited size of this paper, the presentation level is advanced; for introduc-
tions to LF refer to books such as Kiipper [I] and papers such as Krishnakumar

et al. [.

2 Taxonomy

The proposed taxonomy is built around eleven taxons listed with definitions in
Table [l These were partly inspired by earlier work on taxonomies for location
systems in general and from our literature study. The four taxons: scale, output,
measurements, and roles describe general properties of LF systems. We mean by
scale the size of the deployment area and by output the type of provided location
information. Measurements means the types of measured network characteristics
and roles means the division of responsibilities between wireless clients, base sta-
tions, and servers. Only these four of our eleven taxons are covered by existing
taxonomies such as Hightower et al. [2]. Their concepts for these four taxons
differ by output being split over the four concepts of physical, symbolic, abso-
lute, and relative, measurements being indirectly described by their technique
concept and roles being partly described by their concept of localized location
computation.

Estimation method and radio map describe the location estimation process.
Estimation method denote a method for predicting locations from a radio map
and currently measured network characteristics and radio map a model of net-
work characteristics in a deployment area. The division into estimation method
and radio map is used by many papers about LF, for instance Youssef et al. [5].
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Table 1. Taxon definitions

Tazxon Definition

Scale Size of deployment area.

Output Type of provided location information.

Measurements Types of measured network characteristics.

Roles Division of responsibilities between wireless clients, base

Estimation Method

Radio Map
Spatial Variations

Temporal Variations

Sensor Variations

Collector
Collection Method

stations, and servers.

Method for predicting locations from a radio map and cur-
rently measured network characteristics.

Model of network characteristics in a deployment area.
Observed differences in network characteristics at different
locations because of signal propagation characteristics.
Observed differences in network characteristics over time
at a single location because of continuing changing signal
propagation.

Observed differences in network characteristics between dif-
ferent types of wireless clients.

Who or what collect fingerprints.

Procedure used when collecting fingerprints.

However, some papers use a slightly different naming for instance Otsason et al.
[6] use localization algorithm and radio map.

How changing network characteristics over time, space and sensors can be
handled is described by spatial, temporal and sensor variations. The spatial and
temporal dimensions were introduced by Youssef et al. [5]. The sensor dimen-
sion was introduced in our earlier work, Kjeergaard [7]. The taxons collector
and collection method describe how fingerprints are collected. These two taxons
have been introduced to characterize the assumptions systems put on fingerprint
collection.

The focus of the proposed taxonomy is on methods for LF and therefore
the taxonomy does not cover evaluation properties for LF systems. Evaluation
properties for all kinds of location systems have for instance been suggested by
Muthukrishnan et al. [8], who list: precision, accuracy, calibration, responsive-
ness, scalability, cost, and privacy. The taxonomy proposed by Hightower et al.
[2] also lists several evaluation properties: precision, accuracy, scale, cost, and
limitations. In our analysis we have included the following evaluation properties:
precision, accuracy, evaluation setup, and limitations. These four were chosen
because this information is available from most papers. Responsiveness and cost
were not included because the first is only available from very few papers and the
second from none. Calibration, privacy, scalability, and scale are partly covered
by our taxons scale, roles and collection method. These four properties are also
listed in our case studies in Section [

The taxonomy does not cover non-functional system properties, because work
has not yet matured in these directions for LF systems. Non-functional proper-
ties of LF systems have been addressed by several recent papers, such as sys-
tem robustness by Lorinez et al. [9], server scalability by Youssef et al. [5], and
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minimal communication by Kjergaard et al. [I0]. Also, the taxonomy does not
cover the application of LF techniques to other types of sensor measurements
such as sound and light.

3 General Taxons

The proposed general taxons for LF systems are: scale, output, measurements
and roles. These taxons are shown including subtaxons in Figure [l In this and
the following sections when taxons are presented up to four references are given
to papers or articles that propose systems that are grouped below the particular
taxon. Therefore not all papers groupped under a taxon are listed, this type of
information can be found online at [3].

Building
Campus
. City

Base Station Identifier (BSI)

Descriptive

Spatial

Terminal-based

[ Received Signal Strength (RSS)

based Terminal-assisted

Signal-to-Noise Ratio (SNR) Network-based

[
00

Measurements \ Link Quality Indication (LQI)

Terminal-based
Power Level

\ Infrastructure-less

\ Collaborative
L Response Rate (RR) ——

Fig. 1. Scale, output, measurements and roles

Scale describes a system’s size of deployment. Scale is important because size
of deployment impacts how fingerprints can be collected and some systems are
limited in scale because of specific assumptions. Scale is proposed to be classified
as building, campus, or city. Many LF systems have been proposed for a building
scale of deployment [TTIT2IT3IT4]. Some systems are limited to this scale because
they assume knowledge about the physical layout of buildings [TSITGIT7ITS]; oth-
ers because they assume the installation of a special infrastructure [L920]. Cam-
pus-wide systems [2I] scale by proposing more practical schemes for fingerprint
collection. City-wide systems [2202324] scale even further by not assuming that
a system is deployed by or for a single organization. City wide systems could
scale to any area that is covered by base stations.

Output denotes the type of provided location information. The subtaxons for
output are proposed to follow the notion introduced in Kiipper [I] of dividing lo-
cation information into descriptive and spatial information. Descriptive locations
are described by names, identifiers or numbers assigned to natural geographic or
man-made ob jectsE. Spatial locations are described by a set of coordinates stated
with respect to a spatial reference system. Many LF systems output spatial loca-
tions [TTT424125] but systems have also been proposed that output descriptive

1 Some authors refer to this as symbolic locations.
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locations [I6JIRI21]. However, a location outputted as either of the two types
can be mapped to the other type given a suitable location model.
Measurements are the types of measured network characteristics. The follow-
ing network characteristics have been used in existing systems: Base Station
Identifiers (BSI), Received Signal Strength (RSS), Signal-to-Noise Ratio (SNR),
Link Quality Indicator (LQI), power level, and Response Rate (RR). BSI is a
unique name assigned to a base station. RSS, SNR, and LQI are signal propaga-
tion metrics collected by radios for handling and optimizing communication. The
power level is information from the signal sender about current sending power.
The response rate is the frequency of received measurements over time from a
specific base station. Many LF systems are based on BSI and RSS [TTUT4/T825];
other systems have used RR in addition to RSS [IB/I7I24]. BST and SNR have
also been used [I6] and the combination BSI, LQI, RSS, and Power level [9126].
Roles denote the division of responsibilities between wireless clients, base
stations, and servers. How roles are assigned impact both how systems are re-
alized, but also important non-functional properties like privacy and scalability.
The two main categories for roles are infrastructure-based and infrastructure-
less. Infrastructure-based systems depend on a pre-installed powered infras-
tructure of base stations. Infrastructure-less systems consist of ad-hoc-installed
battery-powered wireless clients where some of them act as ”base stations”.
Infrastructure-based systems are following Kiipper [I], being further di-
vided into terminal-based, terminal-assisted and network-based systems. The
infrastructure-less systems are divided into terminal-based and collaborative sys-
tems. The different types of systems differ in who sends out beacons, who
makes measurements from the beacons and who stores the radio map and runs
LF estimation, as shown in Figure Most LF systems have been built as
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Fig. 2. Different assignments of responsabilities to wireless clients, base stations, and
servers
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infrastructure-based and terminal-based [BIT2124], which is attractive because
this setup supports privacy. Terminal-assisted [I6/21] and network-based systems
[1120] have also been built offering better support for resource-weak wireless
clientdd. Infrastructure-less LF-systems have to be optimized for the resource-
weak wireless clients, which is addressed by the collaborative setup [9126].

4 Estimation Taxons

The following two taxons describe the location estimation process: estimation
method and radio map. The two taxons are shown including subtaxons in
Figure Bl

Neural Network (2 Variations)

Nearest Neighbor (12 Variations)

Deterministic Trilateration Offset Mapping

Support Vector Machine

Hillclimbing Search

Discrete Space Estimator

Estimation
Method

Center of Mass

Particle Filter

Probabilistic Graphical Models (2 Variations)

Bayesian Inference (3 Variations)

Markov Chain (2 Variations)

Hidden Markov Model

Fig. 3. Estimation method

A central part of a LF system is the estimation method used for predicting
locations from a radio map and currently measured network characteristics. It
would, however, be very challenging to taxonomize all possible methods because
nearly all methods developed for machine learning (see Witten et al. [27] for
a list of methods) or in the field of estimation (see Crassidis et al. [28] for
a list of methods) are applicable to the problem of LF estimation. Here we
follow Krishnakumar et al. [4] and divide methods only into deterministic and
probabilistic methods. Deterministic methods estimate location by considering

2 However, when only considering the basic method of each system, most can be
realized in all of the three setups.
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Fig. 4. Radio map

measurements only by their value [TTUT2I2225]. Probabilistic methods estimate
location considering measurements as part of a random process [BITHTE/IE]. In
Figure Bl examples of applied methods for LF are shown for each of the two
categories, including number of identified varieties in our literature studyﬁ. For
example, the classical deterministic technique of Nearest Neighbor was identified
during the literature study in twelve different variations. A comment is that many
of the studied LF systems use more than one of the listed methods.

A radio map provides a model of network characteristics in a deployment area.
Radio maps can be constructed by methods which can be classified as either
empirical or model-based. Empirical methods work with collected fingerprints to
construct radio maps [BITIITSITS|. Model-based methods use a model parame-
terised for the LF-system covered area to construct radio maps [TT123/30U31].

Empirical methods can be subdivided into deterministic and probabilistic
methods in the same manner as estimation methods, depending on how they
deal with fingerprint-collected measurements. Deterministic methods represent
entries in a radio map as single values and probabilistic methods represent en-
tries by probability distributions. Both of these can be further subcategorised
into aggregation and interpolation methods. An aggregation method creates en-
tries in a radio map by summarising fingerprint measurements from a single
location [TTITAIT8I3Z]. Figure Blillustrates two aggregation methods for five RSS
measurements at two locations marked with a triangle and a square on the

3 However, even this simple classification is fuzzy for instance when considering the
machine learning technique of support vector machines (SVMs) as applied for LF
[29]. Because SVMs are defined on a probabilistic foundation but when applied for
LF SVMs only consider the actual values of measurements.
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figure. The first aggregation method is a deterministic mean method which takes
the five measurements and finds the mean and put this value as this location’s
entry in the radio map. The second aggregation method is a probabilistic Gaus-
sian distribution method which takes the five measurements and fits them to a
Gaussian distribution and puts the distribution as the location’s entry in the
radio map. An interpolation method generate entries in a radio map at unfin-
gerprinted locations by interpolating from fingerprint measurements or radio
map entries from nearby locations [I5|20124]. Figure Bl illustrates two interpola-
tion methods at the location marked with a circle using the square-marked and
triangle-marked locations as nearby locations. The first interpolation method is
a deterministic mean interpolation which finds the mean of nearby radio-map
entries and put this value as the entry in the radio map. The second interpolation
method is a probabilistic mean method that finds the mean of nearby radio-map
entries’ gaussian distributions and put the mean distribution as the entry in the
radio map. Two other deterministic methods are outlier removal filtering away
outliers [33] and direct creating a radio map using a direct one-to-one mapping
to measurements [0].

-
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Fig. 5. Deterministic and probabilistic aggregation and interpolation

Model-based methods can be categorized based on how parameters for the
model are specified, how signal propagation is modeled, and what type of rep-
resentation is used by the generated radio map. Parameters can either be given
a priori [II] or they can be estimated from a small set of parameter-estimation
fingerprints [31]. Propagation can either be modeled by only considering the di-
rect path between a location and a base station [II] or by considering multiple
paths categorized as ray tracing [31]. The representation of the generated radio
map can either be deterministic (using single values) [11] or probabilistic (using
probability distributions) [34].
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5 Variation Taxons

The three taxons for variations are: spatial variations, temporal variations, and
sensor variations. The three taxons are shown including subtaxons in Figure

Spatial variations are the observed differences in network characteristics at
different locations because of signal propagation characteristics. Because of how
signals propagate even small movements can create large variations in the mea-
sured network characteristics. The main method for addressing spatial varia-
tions is tracking: the use of constraints to optimize sequential location estimates.
Tracking can be based on motion in terms of target speed [24J35], target being
still versus moving [I5], and knowledge about motion patterns [35]. Tracking
can also be based on physical constraints such as how connections exist between
locations [I6] and the distance between them [I5JT9]. Tracking using one or sev-
eral of the listed constraints is implemented using an estimation method (such
as the ones listed in Section M) that is able to encode the constraints. Spatial
variations can also be addressed by base station selection, fingerprint filtering,
and sample perturbation. Base station selection filters out measurements to base
stations that are likely to decrease precision and accuracy [36137]. Fingerprint
filtering limits the set of used fingerprints to only those that are likely to op-
timize precision and accuracy [37]. Sample perturbation apply perturbation of
measurements to mitigate spatial variations [5].
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Fig. 6. Spatial variations, temporal variations, and sensor variations
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Temporal variations are the observed differences in network characteristics
over time at a single location because of continuing changing signal propaga-
tion. On a large-scale, temporal variations are the prolonged effects observed
over larger periods of time such as day versus night. On a small-scale, tempo-
ral variations are the variations implied by quick transient effects, such as a
person walking close to a client. Methods for handling temporal variations can
be divided into methods that are based on a history of estimates, a history of
measurements, or adaptive radio maps. A history of either measurements or es-
timates here denotes a set of estimates or measurements inside a defined time
window. The alternative to a history is only to use the most recent estimate or
measurements. The history of either measurements or estimates can either be
used as indwidual [I5JI8] measurements or estimates or, using some aggregation
[EU14], can be combined to one measurement or estimate. The adaptive radio
map method introduces the idea of handling temporal variations by making the
radio map adapt to the current temporal variations [T9120032]. For this idea to
work, some collector has to make measurements that can be used by a detector
to control if some adaptation should be applied to the current radio map. The
measurements can either be collected from the measurements a user collects [32]
to run LF estimation on or it can be collected by some specially-installed system
infrastructure [T9120].

Sensor variations are the observed differences in network characteristics be-
tween different types of wireless clients. On a large-scale, variations can be ob-
served between clients from different manufactures. On a small-scale, variations
can be observed between different examples of similar clients. One method for
addressing sensor varations is to define a common scale and then, for each type
of sensor, find out how this sensor’s measurements can be converted to the com-
mon scale. A second approach is to use a single sensor to fingerprint with and
then find a mapping from new sensors to the sensor that was used for finger-

printing [7UT§].

6 Collection Taxons

The two taxons for fingerprint collection are collector and collection method as
shown in Figure [1

Collector describes who or what collect fingerprints. There are three cate-
gories: user, administrator, and system. A user is a person who is either tracked
by or uses information from a LF system [21I24]. An administrator is a per-
son who manages a LF system [ITJI8I38] and a system is a specially-installed
infrastructure for collecting fingerprints [20].

The fingerprints are collected following some collection method. A collection
method places assumptions on if fingerprints are collected on a location that
is either known [6] or unknown [34I35]. If fingerprints are collected to match a
spatial property such as: orientation [I1]], at a point [I5], covering a path [24],
or covering an area [I836]. If the collected number of measurements for each
fingerprint is fized [BIT4] or determined based on some adaptive strategy.
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Fig. 7. Collector and collection method

7 Case Studies

To show the use of the proposed taxonomy, this section presents our analysis us-
ing the taxonomy on four of the 30 different systems identified in the literature
study. Figure [§ shows the analysis results in a compact form. The four systems
have been selected to highlight different parts of the taxonomy. As mentioned ear-
lier, the analysis of the rest of the analyzed systems are available online at [3] in
a similar format. In addition to the eleven taxons, four extra categories describe
the systems from an evaluation perspective; these are: accuracy, precision, evalu-
ation setup and limitations. The listed evaluation results have been taken from the
original papers. Evaluation setup is grouped into stationary (meaning that the au-
thors’ test data was collected while keeping a wireless client at a static position) or
moving (for which the wireless client was moved around mimicking normal use).

The RADAR system proposed by Bahl et al. [I1] is aimed at a building
scale of deployment and provides spatial locations as output. The system mea-
sures BSI, and RSS for the WaveLLAN technology and roles are assigned as
infrastructure-based: network. The estimation method is the deterministic
k-nearest neighbor algorithm. They propose two setups, here named A and B.
For A the radio map is constructed using deterministic aggregation using the
mean from empirical-collected fingerprints. For B the radio map is deterministi-
cally constructed model-based considering the direct path of transmission using a
priori parameters. For A an administrator will collect fingerprints at known loca-
tions standing at one point with different orientations collecting a fixed number
of measurements and for B no fingerprints are collected. A limitation for setup
B is that knowledge is needed of spatial locations of base stations and walls.
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Fig. 8. Analysis results for the four case studies




A Taxonomy for Radio Location Fingerprinting 151

The Horus system proposed by Youssef et al. [BIB940/41/42] also aims at a
building scale of deployment and provide spatial locations as output. The system
measures BSI, and RSS for the IEEE 802.11 technology and the assigned roles
match infrastructure-based: terminal. The estimation method is a combination
of two probabilistic techniques: discrete space estimator and center of mass. The
radio-map is built using probabilistic aggregation, either based on a histogram
method or on a kernel distribution method; in addition, a method for correla-
tion modeling is also applied. To handle spatial variations sample perturbation is
applied and temporal variations are handled by both mean aggregating measure-
ments and estimates. An administrator collects fingerprints at known locations
standing at one point collecting a fixed number of measurements.

The Place Lab system proposed by LaMarca et al. [2443|44] aims at a city-
wide deployment and provides spatial locations as output. The system measures
BSI, RSS, and RR for both TEEE 802.11 and GSM and the assigned roles match
infrastructure-based: terminal. The most advanced of the system’s estimation
methods uses a particle filter. The radio map is built in two steps, first applying
deterministic interpolation based on means and then probabilistic interpolation
based on the histogram method. Spatial variations are addressed by tracking
based on motion by speed constraints. The fingerprints are user collected based
on paths with known location with a fixed number of measurements. A limitation
is that a GPS device (and a car) is needed to practically collect fingerprints.

The MoteTrack system proposed by Lorincz et al. [9/26] targeted for sensor
networks aims at building-scale deployment and provides spatial locations as
output. The system has been tested in two setups, here named A and B. Setup
A measures BSI, Power level, and RSS for 916 MHz FSK communication and
setup B measures BSI, LQI, and RSS for IEEE 802.15.4. The roles are assigned
matching infrastructure-less: collaborate with beacon nodes taking the role as
base stations. The estimation method is ratio-nearest neighbor with Manhattan
distance to lower computational needs. The radio map is constructed using de-
terministic aggregation using the mean from empirical-collected fingerprints. An
administrator collects fingerprints at known locations standing at one point col-
lecting a fixed number of measurements. A limitation is the needed deployment
and maintenance of beacon nodes.

8 Discussion

During the literature study both many similarities and differences were identified
between studied systems. This can be seen from just the four included case
studies in Section [7 For instance, the well-known nearest-neighbor estimation
method were identified in many variations of the basic method. The differences
were not only in terms of improvements to the basic estimation method but also
how systems address spatial and temporal variations. One system use a history of
measurements and mean-aggregate them before applying nearest neighbor [I1].
Another system use the measurements directly and use a history of estimates and
aggregate these instead [36]. By using the proposed taxonomy these differences
become clear when classifying systems. Another example also for systems based
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on nearest neighbor is how the radio map is built. For instance Krishnan et al.
[20] builds the radio map by applying advanced aggregation and interpolation
methods where as the original system proposed by Bahl et al. [II] only use a
simple aggregation based on mean values. The taxonomy also here creates a
better starting point when comparing and evaluating systems.

To use the proposed taxonomy for comparison too a new system, one approach
would be to, first, find classifications for compared-to existing systems. As men-
tioned earlier a starting point for finding such classifications is to look at our
classifications online at [3]. Second, one would make a classification for the new
system by classifying for each of the eleven taxons the new system’s methods
and assumptions according to the subtaxons. Third, one would make the com-
parison of the new and the existing systems. For evaluation of LF systems the
taxonomy can also be used to highlight the evaluated system’s assumptions and
methods. This can be done by providing a classification for the evaluated system
which makes it explicit what methods and assummptions are evaluated. For in-
stance, as mentioned in the discussion above many systems have been evaluation
in comparison to the nearest neighbor estimation method. But this estimation
method has been implemented with many different choices when considering the
used radio map and methods for addressing spatial and temporal variations.
This means that it is not the same baseline method that is compared-to making
results incomparable.

The taxonomy can also help scoping out future research by illustrating what
research topics have not yet been covered. One way to analyse this is to group
systems in terms of some of the taxons. A grouping for the taxons scale and
radio map is shown in Table Pl The table shows that only one system aims at
a campus-size scale was identified. The table also shows that generally systems
either use empirical or model-based radio maps not a combination. So an open
research topic is exploring the boundary between building and city-wide systems
maybe by combining empirical and model-based radio maps. A grouping for
the taxons spatial and temporal variations is also shown in Table [8l The table
shows that for these taxons most systems only address one of the variations.
Few systems combine them and several combinations of the different methods
remain unexplored.

We do not expect that the proposed taxonomy is complete in its current form.
Instead, it is intended to enable better and more complete understanding of LF
and to evolve as that understanding improves. At the same time, we feel that
our eleven main taxons and many of the subtaxons are fairly stable. During the
process of creating the taxonomy, analyzing papers and classifying systems, we

Table 2. Grouping in terms of scale and radio map

Empirical Model-based
Building|[5, 6, 9, 11-13, 1520, 23, 25,|[11, 20-31, 34, 46]
29, 32, 33, 35-38, 45-47]
Campus |[21]

City  |[22124) 4]
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Table 3. Grouping in terms of spatial and temporal variations

None History of History of Adaptive
Measurements FEstimates Radio Maps
None 6,9, 12-14, |[11, 22, 25, 33, |[23] [20, 47]
21, 29, 30, 34]|46]
Sample Perturbation 5] 5]
Tracking [16, 24, 31, 32,|[I8II9I35] IEINAE] 1819
38, 45]
Fingerprint Filtering |37l
Base Station Selection |37l

found that all 30 systems and their methods could be classified. On the other
hand, some of the subtaxons are likely to evolve as our understanding of LF
evolves. An area for which it would be interesting to extend the taxonomy is
for non-functional properties as mentioned in Section 2l However, only a limited
number of papers have so far been published in this direction [5I9JT0].

9 Conclusion

This paper presented a taxonomy for location fingerprinting. The proposed tax-
onomy was constructed from a literature study of 51 papers and articles about
LF. The taxonomy consists of the following eleven taxons: scale, output, measure-
ments, roles, estimation method, radio map, spatial variations, temporal varia-
tions, sensor variations, collector, and collection method. The 51 analyzed papers
described 30 LF systems of which four were presented as case studies.

Valuable taxonomies can account for everything that is known so far and can
predict things to come, as variations of parameters accounted for and enumerated
in the taxonomy. A taxonomy first and foremost shows the depth and the breadth
of our understanding. We would like others to join and based on inputs from the
community further improve the proposed taxonomy.
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Inferring the Everyday Task Capabilities of
Locations

Patricia Shanahan and William G. Griswold
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Abstract. People rapidly learn the capabilities of a new location, with-
out observing every service and product. Instead they map a few obser-
vations to familiar clusters of capabilities. This paper proposes a similar
approach to computer discovery of routine location capabilities, applying
machine learning to predict unobserved capabilities based on a combi-
nation of a small body of local observations and a larger body of data
that is not specific to the location. We propose using the time and place
of deleting items from a to-do list application to provide the local data.
For reminder purposes, an area within easy walking distance is a single
location, but may contain many different shops and services, collectively
offering its own combination of capabilities. Truncated singular value de-
composition maps the observations to combinations of features, rather
than to a single cluster. Simulations, using distributions derived from
real world data, demonstrate the feasibility of this approach.

1 Introduction

Everyday life includes many tasks that cannot be performed at arbitrary times
and places. Some tasks require a specific place, such as the conference hotel for
a given conference. Others require places with a specific relationship to the user,
such as “my home” or “my office”. Some tasks depend only on the context having
a specific capability, such as offering a given service or selling a given product.
Any location with similar capabilities is a possible location for the task. Shopping
is a typical example of this kind of task.

The following scenario illustrates how a future reminder system might support
context-capability dependent tasks. Joe is a college professor and a user of a
reminder system, a few years in the future.

While doing his laundry, Joe notices there will not be enough detergent for
next week. He runs his phone’s barcode scanner over the detergent box’s product
code. The phone adds detergent to its shopping list. Postage stamps are already
on the list. Joe has also made a note that he needs access to a copy of the Ozford
English Dictionary (OED), to check the history of a word.

The next day, Joe happens to walk past his college’s reference library. His
phone reminds him of the word he wanted to look up in the OED.

A couple of days later, Joe’s wife, Alice, phones him to say that she is running
late at work, and asks him to buy some food items. Because of where he is, and
the time of day, he drives to a different supermarket than he normally shops at.
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© Springer-Verlag Berlin Heidelberg 2007
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Nevertheless, his phone vibrates as he nears the supermarket. He looks at it, and
sees text reminding him to buy detergent and postage stamps.

Without the reminders, Joe could have easily forgotten some of these tasks.
The literature on prospective memory — on remembering to do things that
cannot be done here and now — assumes that people do sometimes forget such
tasks. For example, Farrimond et. al. mention the task of buying bread on the
way home from work: “It is, however, a common experience to arrive home
without the bread.” [I].

This matches our personal experience. Indeed, one of us, wishing to consult
a paper-only reference on prospective memory, printed out the bibliographic
information and library call number, got distracted on the way to the printer by
the arrival of an elevator, and did not remember to pick up the printout until
outside the computer science building on the way to the library.

Most quantitative research on prospective memory uses artificial laboratory
tasks, but a few do attempt to model real-world tasks. Farramond et. al. use
a laboratory model of shopping tasks. Their younger control group fail to re-
member about 4% of the time [I]. However, comparison of similar tasks in a
laboratory model and in the real-world can get different results [2].

The library reminder is relatively easy. Joe has previously carried out similar
tasks at the same place. A smart reminder application that notes time and
location of to-do list deletions would know where he can do that task.

Joe faces a harder problem than remembering to buy the detergent and stamps
at times and places he had planned. To take advantage of the unplanned trip, he
not only has to know that his location offers the items, he has to remember that
fact, and his intention of buying them, while thinking about another errand.

Joe may never have bought either detergent or stamps at that location, so his
phone cannot depend only on the information it can collect. It has to function
as part of a larger system, as shown in Figure[ll A server can be dedicated to a
single user or small group of users, or be public and widely shared. Each client
device is associated with one user. Joe’s deletion of “detergent” from his shopping
list itself supplies data; confirmation that the location has detergent-supplying
capability.

The scenario is set in the near future, not today, because it requires several
advances in technology:

— Joe’s phone generally knows where it is, with sufficient accuracy for Joe to be
able and willing to take actions based on his phone’s estimate of its location.

— The phone can decide whether Joe should be interrupted now, given an
opportunity to complete a task.

— Joe’s phone can interpret bar codes with high accuracy.

— The phone has access to a server that maps from a required capability to a
list of nearby locations with the capability.

The last would allow Joe’s phone access to a wider body of information. Given
informed consent, that might include pooled to-do list deletions from many users.
However, even a small shopping center may offer thousands of products and
services. A system that depended exclusively on to-do list data, even if pooled
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Fig. 1. A server receives reports of detergent having been bought at locations loc; and
loca. locs is a third location that has been found to be similar to the other two. When
Joe’s phone asks where detergent can be bought the server responds with all three
locations.

from multiple users, would require an impractically long time to accumulate a
useful body of data.

This problem is the focus of this paper. Fortunately, businesses do not make
completely arbitrary choices of which products to stock and services to offer.
There are clusters of products that are commonly sold together. People often
use those patterns to predict which shop sells what without memorizing a list for
each shop, albeit imperfectly. If experience indicates that a location is a source
for dishwasher detergent and fabric softener, it is probably a valid location for
Joe’s laundry detergent purchase, even if there is no direct evidence.

This paper proposes applying machine learning methods to extract a mathe-
matical representation of those patterns from a body of capability data. Ideally,
if the data includes even a relatively small amount of information about a specific
location, the method will use those patterns to infer its other capabilities. Af-
ter experimenting with a number of approaches, we selected truncated singular
value decomposition (T-SVD).

The capability prediction problem is complicated by the fact that a single
location, such as a shopping center, may offer a wide range of products and
services because it contains multiple businesses. Even if location detection were
accurate enough to distinguish them, a reminder should be issued if a required
capability is available within easy walking distance. Similarly, a shop like a su-
permarket combines the capabilities of a butcher, a bakery, a pharmacy, etc.
T-SVD can theoretically cope with this complexity because it maps purchases
at locations to combinations of capability clusters, rather than assigning the lo-
cation to a unique cluster. This factoring also enables bootstrapping the training
by conveniently supporting the infusion of summary capability clustering data.



160 P. Shanahan and W.G. Griswold

Since different capabilities have different frequencies of use, and those frequen-
cies may affect the accuracy of the algorithm, we assessed our approach using
actual shopping basket data obtained from a major supermarket chain. The al-
gorithm was effective if either the locations had simple behavior or we supplied
summary capability clustering data to supplement data about the locations. In
particular, with summary capability data and given 1000 observations of 135
simulated locations, equivalent to an average of 7.4 observations per location,
the algorithm achieved 100% precision and 90% recall.

The next section surveys data sources for generating capability-based re-
minders. Section 3 develops our proposed approach. Section 4 describes our
experiments, and the final section concludes.

2 Limitations of Location Capability Data Sources

There are several data sources that can be used for location capability-based
reminders. Although each data source on its own has limitations for providing
reminders for everyday activities, they can be used to train a machine learning
algorithm for inferring place capabilities.

2.1 Direct Input of Individual Information

The simplest method of selecting a location for a reminder is to have the user
name a location or point to it on a map. In effect, this method requires the
user to do the mapping from capability requirements to locations having those
capabilities.

Joe could have used a direct location-based reminder system, such as Place-Its,
to remind himself about the detergent next time he is at his usual supermarket
[3]. However, Place-Its would only remind him at the planned location, not at
other locations with similar capabilities.

CybreMinder has a situation description language with power similar to a
database query language [4]. Locations can be referred to by symbolic names
such as “Bob’s front door”. This is likely to be most effective if each user has a
limited number of known reminder locations or groups of locations.

Although CybreMinder’s situation language may be more complicated than
is appropriate for non-expert use, it would be useful to apply time restrictions
to a reminder. For example, a user whose shopping list includes perishable foods
would probably not wish to be reminded of it while driving past a supermarket
on the way to work. The reminder would be useful, at the same location, when
the user is returning home.

The main limitation of direct input is the sheer number of places that have
some capabilities. A reminder system is not useful if the work of entering the
data exceeds the benefit of the reminders. Yet it may be the only solution for a
user in a new area, if the system does not have any local information.
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2.2 Automated Entry of Individual Information

The use of a to-do list for tracking activity, as proposed in this paper, is an
example of automated entry of individual information. Every task completion
is a potentially observable event. With the user’s consent and suitable privacy
protections, the application on the phone could collect the time and location
of a task check-off, and supply the data to its server. The privacy protections
could include lower bounds on elapsed time and change in location between the
event and its transmission to the server, so that the server would never be told
the user’s current or very recent location. This data collection method presents
minimal cost to the user, and is applicable to non-commercial tasks.

Mankoff et. al. use cash register receipt scanning as a convenient way to help
people keep track of the nutritional characteristics of the mix of foods they
buy, and presumably eat [B]. Their technique could be adapted to capture the
shopping data from the receipt.

Such approaches have the major advantage of capturing the information that
most affects the individual user, with minimal user effort. The user’s favorite
shops and services will definitely be covered. However, as the sole data source,
information accumulates slowly, and cannot supply any data the user did not
already know or discover by other means.

2.3 Localized Web Searches

Location-limited web searching has considerable promise for finding locations by
capability, but does not yet work well for many common tasks.

In practice, the user will often know the types of facilities, such as shops, that
are appropriate for completing a task. A “Find businesses” search on Google
Maps (maps.google.com) for “supermarket” near zip code 92126, on March 14th.
2007 got the following top results:

— A sponsored link to the home page for a supermarket chain

— A link for “Seafood City”, which is a supermarket with an emphasis on
seafood.

— A link to a supermarket chain pharmacy that does not exist at the indicated
location.

— A link for a specialized Vietnamese market

— A link for “Slimmer Body Mall”

The nearby stores of three major supermarket chains were not shown.

The problem is harder if the user does not already know the appropriate types
of facilities for completing a task, or if there are so many that entering them takes
too long. Querying “Find businesses” on Google Maps for “instant coffee” near
zip code 92126 was converted to “Categories: Motels & Hotels, Health & Diet
Food Products”, and again failed to find the local supermarkets and convenience
stores at which most people would buy instant coffee.

Other web searches for common items have produced similar results. Exotic,
rare, and expensive items are well represented. Large facilities such as major
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chain stores are well represented. Trivial items that everybody knows about such
as instant coffee are not. Small facilities, such as mini-marts may be represented,
depending on owner initiative and whether they are part of a chain.

2.4 Web-Accessible Database Searches

Many organizations provide web pages that in essence can query a database. For
example, the US Postal Service web site (www.usps.gov) supports a search for
places that sell postage stamps near a given address or zip code. The problem
for a reminder system is navigating the web pages to get to the stamp-buying
search. A program can be written to navigate any specific set of web pages to
obtain specific data, but it would have to be done for each web site, and could
stop working at any time if the web site were modified.

This problem could be ameliorated by having standard interfaces for machine-
based search of location-based information. For example, the Impulse Location-
based Agent Assistance project currently uses location-limited URL searches
and the Wherehoo server (wherehoo.org), to identify nearby locations that might
satisfy the user’s “wants” [6l[7]. The main difficulty is the bootstrapping problem
of accumulating enough initial data to attract enough users to motivate database
providers to supply data for low value tasks.

Nonetheless, databases are an attractive source for bootstrapping a machine
learning algorithm. As our experiments presented later show, even a small set of
accessible databases can provide useful clustering information.

3 Proposed Inference System

We propose applying the machine learning process of truncated singular value
decomposition (T-SVD) to raw location-based capability data, including some
general background data, to establish patterns of association between capabilities
and at least a little data about each location of interest.

This proposed process is analogous to one way that many people reason about
a location: Suppose Alice needs some laser printer paper. She sees a new store,
with a name she does not recognize, but with posters in the windows advertising
special offers on ball point pens, highlighters, ink jet printer cartridges, pho-
tocopying, and file folders. Alice uses her general experience of places offering
those products and services to deduce the probable presence of an office supply
store and expects to be able to buy her paper there.

Now instead suppose Alice has laser printer paper on her digital to-do list.
Betty, another user of the system, previously visited the new store. While there,
she checked off ball point pens, a highlighter, an ink jet printer cartridge, a
photocopying task, and file folders. If Alice’s phone depends only on directly
collected data from previous shoppers like Betty, there is insufficient information
for the phone to issue a reminder.

How much data would be enough, if Alice’s phone had access to inferences
from both the local data and a larger body of data from many other locations?
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To answer that question, we built a model of location capabilities and used it to
test a number of inference algorithms, eventually settling on truncated singular
value decomposition.

The next two subsections describes our data model and algorithm. The final sub-
section outlines a possible architecture for a scalable system using this approach.

3.1 Data Model

The data model initially assigns a weight, representing the number of observa-
tions, to each combination of location and capability. The weights form a matrix,
with one row for each capability and one column for each location. For example:

Table 1. Training Data

Pete’s Pets|Happy Paws|Hal’s Hardware|Mike’s|Stuff

Dog Food 40 153 0 0 4
Cat Food 26 95 0 0 0
Bolt 0 0 203 3 0

Nail 0 0 100 4 0
Screwdriver 0 0 23 2 0
Hammer 0 0 45 0 0

Here, each value represents a numbers of observations. For example, the data
contains 153 observations of dog food selling at Happy Paws.

The frequencies of use of different capabilities at a location are useful data for
predicting other capabilities. Generally, heavily used capabilities represent core
characteristics, and the location is likely to continue to have those capabilities,
as well other capabilities normally associated with them. On the other hand, a
single observation of a capability may be an anomaly or a data entry error.

The location and product names are for reader convenience. The locations will
typically only be known by GPS or similar coordinate. The product names may be
product codes. Of course, a real set of training data would be much larger, with pos-
sibly tens of thousands of products and, even in small test cases, dozens to hundreds
of locations. Normally, there are many more products and services than locations.

The data in this example suggests that cat food and dog food are normally sold
at the same location, so it is reasonable to expect Stuff to sell cat food, despite the
lack of any direct observations. A system that only uses actual history, without
any generalization, would not trigger a reminder for cat food at Stuff.

This data structure can also represent seed data deduced from other data
sources. A row represents a relationship among locations. A column represents a
relationship among capabilities. Suppose a data source associated the label “pet
store” with Pete’s Pets, Happy Paws, and Stuff, and that we assigned that data
source a weight of 3, given its general reliability. We would add a row containing
3 for each of those locations, and 0 in all other entries. Similarly, if we assigned
weight 5 to an externally supplied list of hardware items, we would add a column
with 5 for those items, and 0 for the remaining rows:
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Table 2. Extended Training Data

hardware|Pete’s Pets|Happy Paws|Hal’s Hardware|Mike’s|Stuff

pet store 0 3 3 0 0 3
Dog Food 0 40 153 0 0 4
Cat Food 0 26 95 0 0 0
Bolt 5 0 0 203 3 0

Nail 5 0 0 100 4 0
Screwdriver 5 0 0 23 2 0
Hammer 5 0 0 45 0 0

3.2 T-SVD Algorithm

The objective of the algorithm is to infer a list of capabilities for each location
that could have caused the observations, under the assumption that most of the
variation between locations can be explained by a relatively small number of fac-
tors, such as the presence or absence of a bakery, as either a shop or a department
in a larger shop. We map from our specialized ubiquitous computing problem
into a common problem in linear algebra, find a low-rank approximation to the
matrix, and then use truncated singular value decomposition, T-SVD, to solve it.

T-SVD has been applied successfully to similar linear algebra problems from
other domains. For example, Deerwester et. al. applied it to text analysis [§].
Cernekova et. al. use it for detecting video shot transitions [9]. Chu notes that,
if each column of X represents an unpredictable sample of a certain unknown
distribution, the truncated singular value decomposition “not only is the best
approximation to X in the sense of norm, but also is the closest approximation
to X in the sense of statistics.” [10].

T-SVD, as well as compressing data, may reduce various forms of noise that
a full SVD would preserve. Our input data may have a zero for an available
product because nobody has happened to report a purchase of that product at
that location. It may also include false positives, because someone deleted an
item from their to-do list for a reason other than completion of that task at the
current location. T-SVD, by producing a lower rank approximation, removes
detail that is more likely to be due to sampling or errors.

The first step in the algorithm is to build a matrix representing the data.
Each location is represented by a column of the matrix containing the observed
capability weights. For instance, using our original example data without the
added “hardware” and “pet store” data, the column vector for “Pete’s Pets” is
(40, 26, 0, 0, 0, 0). Similarly, each capability is represented by a row. The matrix
for the example data is:

40153 0 04
26 95 0 00
0 0 20330
X = 0 0 10040 |- (1)
0 0 2320

0 0 4500



Inferring the Everyday Task Capabilities of Locations 165

Despite having six rows and five columns, X only has rank four. Each of the
last four rows can be generated by a linear sum of any two of them. However,
if the basic hypothesis of product clustering is correct, X is a noisy, sampled
approximation to a rank 2 matrix, where each column is a linear sum of a
column representing an idealized pet food store and a column representing an
idealized hardware store.

The general strategy is to use T-SVD to calculate a lower rank matrix Y,
rank k, that is the least squares closest rank & matrix to X, and then use Y; ;
as a score for predicting whether location j has capability . Full singular value
decomposition factorizes a matrix into USV7T such that each of U, S, and V
has some useful properties, conveying information about the underlying struc-
ture of the original matrix. Nicholas and Dahlberg’s work on finding topics in
documents is particularly relevant [II]. Their problem is similar to ours, if we
map “capability” to “term”, “location” to “document”, and treat a cluster of
capabilities that tend to appear together, such as pet food in the example, as a
“topic”.

S is a diagonal matrix containing the “singular values”, a list of weights
related to the importance of different factors in forming the original matrix.
After performing full singular value decomposition using Matlab “[U S V] =
svd(X)”, S is a diagonal matrix with values (231.9131, 186.3347, 2.8800, 2.3201,
0). There are only four non-zero singular values because X is rank 4, despite
having 5 columns.

The full SVD result retains all noise and sampling effects in the data. The
next step is to truncate, keeping only the largest k singular values. In our current
algorithm, k is supplied externally. For this example, we will use £k = 2. Note
that the first two singular values, 231.9131 and 186.3347, are relatively close,
but the third singular value, 2.88, is much smaller. Future work will examine
selecting the truncation rank based on the singular values.

The truncation to k£ singular values results in a rank k approximation. The
truncation could be done by running the full SVD and extracting the data re-
lating to the first two singular values, but for large matrices it is more efficient
to only obtain the required values, for example by running Matlab “[U S V]
= svds(X,2)”. The actual results contain several values of absolute magnitude
less than 10~ ', due to floating point rounding error. Those numbers have been
replaced by zero for clarity:

U S 4

0  —0.84895 0 —0.25598

0 —0.52848 0 —0.96651
0.87541 0 231.91 0 009081 0 (2)
043145 0 0 186.33 '

0.019622 0
0.099325 0 0 —0.018224
0.194 0 '

We next calculate Y, the rank 2 matrix approximation to X, by multiplying
the factors:
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40.493 152.89 0 0  2.8828
25.208 95.176 0 0 1.7946
0 0 20298 3.9837 O
0 0 100.04 1.9634 0O
0 0 23.03 0.452 0
0 0 44.9830.88284 0

y=USsvT =

Finally, we map the results back to our original problem domain, and use
them as scores for estimating location capabilities:

Table 3. Scores

Pete’s Pets|Happy Paws|Hal’s Hardware| Mike’s| Stuff

Dog Food 40.493 152.89 0 0]2.8828
Cat Food 25.208 95.176 0 0]1.7946
Bolt 0 0 202.98| 3.9837 0

Nail 0 0 100.04| 1.9634 0
Screwdriver 0 0 23.03| 0.452 0
Hammer 0 0 44.983|0.88284 0

All elements that were non-zero in Table [I] are non-zero in Table Two
additional elements are non-zero, representing cat food at Stuff and hammers
at Mike’s. The decision to issue a reminder will be made by comparing a cutoff
value to the value in Table [ for the combination of location and capability.
The cutoff has to be somewhat greater than zero to avoid false positives due to
rounding errors. For any cutoff below 0.452, the system would predict cat food
at Stuff and hammers at Mike’s, despite the lack of direct observations.

The approach can be extended to make predictions about a location that was
not in the original training data, given some data about it, without relearning
the result matrix. First we observe that any column of Y can be reproduced by
multiplying together U, U”', and the corresponding column of X:

40 40.4933
26 25.2076
o 0
out | o | = 0 . (4)
0 0
0 0

This operation, applied to a new or updated location column, produces an esti-
mate of the location’s capabilities. Suppose we have seen one cat food purchase
and one hammer purchase at Totally Square, which could happen if Totally
Square is a shopping center containing both a pet store and a hardware store.
The corresponding location vector is (0, 1, 0, 0, 0, 1). Then:
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0 0.4487
1 0.2793
o] ]o0.1698
VU 0| = | o.0s37 |- (5)
0 0.0193
1 0.0376

Equation [ predicts both hardware and pet food at Totally Square, but less
strongly than for the locations with more data.

If the Totally Square data had been in the original training set, the algorithm
would also have replaced some zero elements in the original result with slightly
positive scores, reflecting the possibility that each location has both hardware
and pet food, or that hammers are a form of pet food. This behavior creates some
anomalies for the example data — Pete’s Pets is unequivocally a pet food store
and does not sell hammers — but may be a good reflection of the uncertainties
and overlaps of the real world.

The algorithm has two parameters that are currently specified externally,
the cutoff score and the truncation rank. It may be useful to adjust the cutoff
according to a user selected trade-off between being notified of all possibilities,
at the risk of false alarms, or being notified only when there is near certainty
of a required capability. The correct choice may depend, for example, on how
urgently the user wants to complete a particular task, and on the cost of an
alert, given the user’s context and activities.

The truncation rank is an estimate of the number of distinct factors, such as
presence or absence of a facility such as a bakery, that are required to explain
the data. Too low a truncation rank destroys data about real differences between
locations. Too high a truncation rank preserves too much detail. At the extreme,
keeping all non-zero singular values results in Y being identical, within rounding
error, to X. Further work will aim to automate the truncation rank determina-
tion, and to normalize the scoring so that a given cutoff value has similar effects
regardless of the volume of training data.

3.3 Scalability and Architecture

We have described the proposed system in terms of how it would be used, and
have described the key algorithm. This subsection discusses how the architecture
can be adjusted to scale to large problem sizes.

The configuration in Figure [l with a single server, is sufficient for small-
to medium- scale operations. Part of the workload, responding to queries and
collecting data, is embarrassingly parallel. The volume of data required by each
server could be limited by splitting transactions geographically.

However, the T-SVD calculation should be done with as much data as possible,
so it must be centralized. Figure Bl illustrates this architecture.

Suppose there are ¢ capabilities and [ locations. There may be thousands of
each. The input matrix X is has cl elements, but is sparse, having a non-zero
entry only for observed combinations of location and capability.
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Fig. 2. The front-end server that communicates with Joe’s phone also communicates
with a back end inference engine server. The inference engine collects data from front-
end servers and other sources. Periodically, it distributes updates to the front-end
servers.

The output matrix is the same size, and may be less sparse, but does not need
to be stored. As noted in the description of the algorithm, elements of it can be
calculated from X and U.

Each front-end server needs a copy of the U matrix. It has ck entries, where k
is the truncation rank. For 25,000 capabilities and k£ = 40, the U matrix would
have one million entries and could be stored in 8 MB. A front-end server also
needs the observed capability vector for each location it serves. The number of
observed capability vectors could be limited by dividing work geographically,
and the vectors are sparse.

Although runtime cost has not been a significant factor in our initial test-
ing, the cost of the T-SVD calculation will tend to increase with data volume.
However, the wide use of SVD has resulted in extensive work on efficient so-
lution techniques. For example, Lin has developed an out-of-core method. [12].
In a large version of the system, the inference engine server could be effectively
scaled by giving it additional memory and compute power.

The combination of geographic division of the front-end work, the gains in
SVD performance from compute and memory size gains, and the potential for
more sophisticated SVD methods if needed ensure that the system can scale.

4 Evaluation

We conducted simulation experiments to test the hypothesis that machine learn-
ing could fill in gaps in the observations, as well as merge different types of data.
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We considered two types of input data, small numbers of random observa-
tions, such as might result from to-do list deletions, and seed data derived from
bulk lists of products that are commonly stocked together, such as might be ex-
tracted from on-line databases. We tested two simulated environments, “Simple”
and “Compound”. In the Simple environment, each location has the capabilities
of a single cluster. The Compound environment, some locations have multiple
clusters of capabilities, including some that exhibit all eight clusters. In each
case, we compared results to a “Null” learner that reports availability of a capa-
bility at a location if, and only if, the training data contained that combination.
The traditional measures of precision and recall were used to evaluate the results.

Two important questions remain for future studies:

Group structure. These experiments are all based on eight disjoint product
groups. Future experiments will use more groups, and include groups that
overlap, with some products in more than one group.

False data. The training data does not include any false reports of purchases
at locations that do not stock the product.

A US national supermarket chain (who asked to remain anonymous) supplied
shopping basket data. The data includes classification of products into major
groups. These groups provide a model of related products, and were used to
model different types of shops, with unique capabilities. For our experiment, we
selected the eight groups with the highest total purchase counts. We generated
a table of group number and number of purchases for each product in those
groups. The table contains over 40,000,000 purchases. Each group represents a
set of related products, so we used each group as a model of a specialized shop
type.

The training data for each location was sampled from the groups for its shop
types, with the probability of each product proportionate to its frequency in the
real data. We used the set of products in each group, with no frequencies, as seed
data, because lists of groups of related products and services are often publicly
available, but frequencies of sales are normally trade secrets.

The “Simple” environment used 8 locations per shop type, 64 locations total,
where each location corresponded to a single shop. The “Compound” experiment
used a mix of different types of locations. Each location has one or more shop
types, as shown in Tabledl There are a total of 135 locations, 64 similar to the
“Simple” experiment, the remainder modeling different types of locations, where
each type has capabilities from multiple clusters.

We ran each experiment in two training data modes:

— Randomly generated samples. Each random sample is produced picking a
location with equal probability, and then picking one of its capabilities with
probability proportionate to the frequency of that capability in the shopping
basket data.

— Randomly generated samples, as above, plus seed data derived from bulk
lists of the products in each group.
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Table 4. Compound Location Types

Instances|Shop Types
8 1

8 2

8 3

8 4

8 5

8 6

8 7

8 8

10 1,2

3 1,23

15 1,24

10 4.5

10 15,6

6 1,2,3,4,5,6,7,8
12 1,8 |

For T-SVD’s two external parameters, we chose 8 for the rank and 10~° for
the cutoff. The rank was based on the expectation that at least eight singular
values would be needed and an observed lack of improvement for using more.
The cutoff was selected to suppress rounding error on values that should be zero.

We also ran a “Null” learner to establish a baseline. The Null learner reports
a capability at a location if, and only if, that combination of capability and
location appeared in the training data. It does no extrapolation. A learning
method must do better than the Null learner to be worth using.

There are two ways a result can be wrong — with different consequences for a
reminder system — leading to two quality measures. “Precision” is the proportion
of reminder triggers that would be correct, issued at a location that affords
the required capability. “Recall” is the proportion of locations affording the
capability that would trigger the reminder. As an example, the simple Null
learner always achieves perfect precision, at the expense of recall.

In reporting our results, we use unweighted precision and recall, a conservative
approach. Some capabilities have frequencies so low that they have practically no
chance of appearing in a few thousand field samples, but an error related to one
of those rarities (not unlikely with our approach) carries the same error penalty
as an error related to a high probability product (unlikely with our approach).

In each of the charts, the “SVD-N” line is the performance of our algorithm
without the use of seed data. The “SVD-Y” line is with seed data. “Null” rep-
resents the Null learner.

Figures Bl and [] show precision and recall for the “Simple” data, measured
as a function of the number of training data samples. “Seen” in Figure M is
the proportion of capabilities that have appeared in at least one training data
sample. It is an upper bound on the recall that can be achieved without seed
data. As can be seen from the chart, SVD-N achieves that bound given at least
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2,000 samples, an average of 31.25 samples per location. The main benefit of the
seed data in the “Simple” experiment is allowing the system to make projections
about capabilities that have never been observed in the training data, based on
knowledge that the unseen capability is related to ones that have appeared.

Figures [l and [6] show precision and recall for the “Compound” data. For this
workload, the seed data is needed to achieve acceptable precision. Without it,
the precision is about 40%. With seed data, T-SVD has 100% precision, and
exceeds 90% recall given at least 1000 training data samples.

The low precision without seed data may be explained by an effect discussed
in the description of the algorithm. A location with multiple shop types may
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cause a low but positive score at any location with just one of its constituent
shop types. In our training data, sampled from a realistic distribution, some
observed capabilities have extremely low frequencies, leading to an overlap in
the scores for capabilities that do not exist and for capabilities that do exist, but
observed at very low frequencies. The seed data cures this by raising the scores
for existing but rarely observed capabilities.

The current T-SVD algorithm is very effective if either the locations are simple
or there is seed data to merge with the local data. As hypothesized, seed data
is needed in some cases.
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5 Conclusions and Future Work

A location-based reminder system could be much more useful if the user only
needed to provide the content of the reminder, without having to provide all the
locations at which the reminder should be delivered. One way to achieve this is for
the reminder system to learn where similar previous reminders have resulted in
success in the past. Unfortunately, impractically large numbers of observations
would be needed to learn anything about infrequently used capabilities from
observations alone. Truncated singular value decomposition can generalize from
a small number of direct observations to build high-fidelity models of locations.
T-SVD’s structure supports the addition of summary capability-clustering data,
enabling rapid generalization in real-world situations such as the existence of
hybrid store types. In our experiments based on real shopping basket data, 1000
samples randomly distributed across 135 locations gave 100% precision and 90%
recall.

Future work will explore enhancements to the algorithm, such as automatic
selection of the truncation rank, normalization of the cutoff score, and improved
cluster detection for compound locations without seed data. Likewise, the work-
load will be made more realistic, for example by increasing the number of product
groups. Finally, we plan to field test a small-scale reminder system based on this
approach.
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Abstract. The user profile is one of the main context-information in a wide
range of pervasive computing applications. Modern handheld devices provided
with localization capabilities could automatically create a diary of user’s
whereabouts and use that information as a surrogate (or a complement) of the
user profile. The places we go, in fact, reveal also something about us, for
example, two persons can be matched as compatible given the fact they visit the
same places. Web-retrieved information, and the temporal patterns with which
different places are visited, can be used to automatically define meaningful
semantic labels to the visited places. In our work we used geocoding and white-
pages Web-services to extract information about a place, and Bayesian
networks to classify places on the basis of the time in which they have been
visited. In this paper we describe the general idea at the basis of the
whereabouts diary, discuss our implementation, and present experimental
results. Finally, several applications that can exploit the diary are illustrated.

1 Introduction

The recent diffusion of handheld devices and smart phones equipped with localization
capabilities' is opening new scenarios in the development of context-aware services.
The location itself is an extremely useful source of information: location-based services
and location-based information retrieval allow to get resources that are relevant and
practically accessible given the actual location of the user [3, 4]. More than that, the
places we go can reveal also something about us, and can be used as a surrogate or a
complement to form a better user profile. For example, a matchmaking application
could infer that two persons are compatible given the fact that they visit almost the same
places. Moreover, if the places are tagged semantically (e.g., work, home, pub, etc.) the
application could infer more advanced relationships among the persons. For example,
two persons visiting the same “work” place could be marked as colleagues, while
persons visiting the same “home” place could be marked as relatives.

In this paper we present the ideas and a first prototype implementation of the
whereabouts diary: an application, running on a GPS-equipped handheld device that
records the list of relevant places visited by the user. The diary runs autonomously
without requiring user’s interactions and is able to classify semantically the places
being visited in an unsupervised way. Relevant places can be extracted by considering

' The U.S. E911 and European E112 initiatives require localization capability for calls placed
to emergency services by mobile phones.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 175 2007.
© Springer-Verlag Berlin Heidelberg 2007
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clusters and dropouts in the GPS signal (typically indicating the user staying in a
place or entering in a building). Semantic information can be added by exploiting the
structure of people daily routine. For example, the place where the user usually
spends night-time can be tagged semantically as “home”, while the place where the
user usually goes from 8am to 6pm can be tagged as “work”. Specifically, we realized
a set of Bayesian networks to diagnose the kind of place given the temporal pattern of
user visits. Further information can be extracted by geocoding the place and mining
the Web in search for relevant information. For example, the fact that the user was at
the coordinates (lon: -80.239, lat: 25.955) on the 02/04/07 evening, can be easily
geocoded to infer that the user was actually at the Dolphin Stadium in South Florida.
Moreover, such information could be further refined extracting from the Web the fact
that the SuperBowl was actually playing that night in that stadium. The result is a
diary describing the user daily life and that could provide useful profile information to
other applications.

The rest of this paper is organized as follows: Section 2 describes the general idea
and our current implementation of the whereabouts diary. Section 3 presents some
experiments we conducted to test the effectiveness of our prototype. Section 4
discusses some applications that could be realized with the diary. Section 5 presents
some related work. Section 6 concludes and presents future work diary.

2 The Whereabouts Diary

In this section we first present the conceptual idea beneath the whereabouts diary,
then we detail our current implementation.

2.1 General Idea

The construction of the whereabouts diary is an incremental process. Starting from the
log of the GPS readings (or of other kind of localization devices), it is possible to run
segmentation and clustering algorithms to infer the places where the user spends most
of his time [9]. The result of this first operation is a list of places described in terms of
longitude and latitude, and a list of time intervals associated to each of the coordinates
indicating when the user has been there. This first process creates a diary like the one
presented in Fig. 1.

Longitude Latitude Time
-73.974 40.763 July, 4, 2006, 4:35pm-5:41pm

Fig. 1. Diary based on GPS coordinates

A simple list of coordinates is only partially informative and the need of translating
from positions to places (i.e., adding semantic meaningful tags to the discovered
coordinates) has been widely recognized [8]. A diary containing information like “the
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user was at home” rather than “the user was at coordinates (10.873, 44.630)” would
be naturally much more informative and easy to use in context-aware applications.

A first step in the process of adding semantic information would be to translate
from coordinates to addresses. This can be done via standard tracking and geocoding
services (as common GPS navigators do). However, because of errors in GPS
localization and errors in the process of segmenting and clustering the GPS readings
to identify relevant places, in most of the situations, it will not be possible to identify
the unique address where the user is located, and only a partial estimate can be given
(e.g., all the addresses within 10 meters from a given place are actually taken into
consideration). This second step converts the diary in the one depicted in Fig. 2.

Place Time
123, 50 Ave, NY, USA July, 4, 2006, 4:35pm-5:41pm
45,...,21, 26" St., NY, USA July 6, 2006, 7:00am — 8:00am

Fig. 2. Diary based on addresses. Because of GPS errors multiple addresses can be associated
to a single place.

A third step can try to mine the Web to identify what is in a particular address. The
primary source of information in this context would come from yellow- and white-
pages services. However, due to the aforementioned localization errors, this process
will return in some of the cases a list of all the businesses performed in the geocoded
addresses. Still, in some situations a single exact match could be retrieved like in the
case of the user being in a big stadium or entering a big shopping mall.

Even more semantic information could derive by searching relevant events that
happened in that place at that time. For example, it could be possible to extract from
the Web the fact that “the 4™ of July parade” took place near the geocoded location at
the same time the user was there. This process could create a diary like the one
depicted in Fig. 3.

Place Time
40 July Parade July, 4, 2006, 4:35pm-5:41pm
126, 13" St., NY, USA July 5, 2006, 11:00pm — 7:00am
Starbucks Coffee |l Uno’s Pizza July 6, 2006, 7:00am — 8:00am

Fig. 3. Diary based on places. Because of errors in the previous phases, multiple businesses can
be associated to a single place.

Finally, if the user activities are profiled in some way (e.g., the diary may know a
priori that the user tends to stay at home at night), then the diary application can give
labels to places by looking at the temporal patterns in which places are visited. For
example, the place most visited at night during weekdays can be meaningfully labeled
as “Home”. Such kind of analysis can be also used in combination with commonsense
information [13] to disambiguate between alternative retrieved places. For example,
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in the table in Fig. 3 the ambiguity among “Starbucks Coffee” and “Uno’s Pizza” can
be resolved (at least from a probabilistic point of view) in favor of the former, in
consideration of the fact the place has been visited from 7:00 am to 8:00 am.

Of course, should other kind of sensing devices be available (e.g., RFID and NFC
— Near Field Communication — readers), classification could use such information to
better identify the places. For example, a powerful source of data could come from
credit card transaction records that would identify not only in which shop the user has
been, but also what he has bought (some recent proposals in the context of mobile
wallet applications go in this direction [5]). In the end, the combination of all the
above steps leads to a diary close to the one in Fig. 4.

Place Time
40 July Parade July, 4, 2006, 4:35pm-5:41pm
Home July 5, 2006, 11pm — 7am
Starbucks Coffee July 5, 2006, 7am — 8am

Fig. 4. Diary based on personalized places

In its final form the diary represents a powerful source of context information
allowing to extrapolate user’s habits, preferences and routine behavior.

2.2 Implementation

The whereabouts diary can be built incrementally and automatically on the basis of
the user’s trace of locations. In our current implementation the trace is acquired only
via a GPS, however other localization mechanisms such as WiFi or Cell tower
triangulation can be used as well [9].

The first step is to segment user’s GPS trace to find “relevant” places. Following
an approach similar to the one proposed in [15, 22], we tagged as relevant those
places for which either one of the following conditions apply:

1. The GPS signal is lost for at least T seconds and it is re-acquired later on at a
distance of less than L meters from where it was lost. This reflects the situation
in which a user enters a building and leaves it after some time. Some empirical
evaluations let us to set T = 20 minutes, L = 20 meters. The constraint on time
is important to wash out GPS signal glitches, the constraint on space is useful to
avoid those situation in which the GPS has been shut down and the user moves
away.

2. The GPS readings over a time window of W seconds are clustered within a
radius of R meters from each other. This reflects the situation in which the user
stays for a long time in a place like a park or a square. Some empirical
evaluations let us to set W = 20 minutes, R = 100 meters.

The list of relevant places is built online and incrementally. When a set of coordinates
meets one of the above criteria, the system looks in the list of the already discovered
places for one closer than L = 10 meters to the coordinates. If such a place does not
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exist, a new place is created and the time of visit is recorded. If the place exists, the
place coordinates are averaged with the new coordinates, and if enough time has
passed since the previous visit (30 min), the time of the new visit is recorded. The
output of this algorithm is represented with Google Earth in Fig. 5.

Puntatore 44:38:09.68" N 10°54:36.12°F elev. 36'm. Sireaming | |I[11)1]100%

Fig. 5. Path and relevant places depicted in Google Earth

The coordinates associated to places have been translated into addresses using a
geocoding service. Most of the geocoding services available online (e.g., that provided
by the Google Maps API) translate addresses into coordinates. Instead, the diary needs
the reverse operation: from coordinates to addresses. We developed a “reverse”
geocoding for our region, on the basis of maps available from a commercial navigator
software. Once such maps are available, the approach is rather straightforward: the
coordinates are mapped to the closer map entry (i.e., address) being available.

To take into account GPS and geocoding inaccuracies, and the errors introduced by
the place retrieving process, the diary application tries to reverse geocode all the
addresses within a radius of 10m from the place being segmented. Thus, the diary
actually creates a list of candidate addresses where the user has been.

The next step is to translate addresses into businesses (i.e., shops, offices, etc.). The
ideal result is to have in the diary entries like “Starbuck’s coffee”, rather than “234,
Marlborough st.”. To perform this operation we screen-scraped information coming
from a widely used online white-pages service’ in our region allowing to query for
who is at a given address. This operation is trivially achieved using the tools provided
by the htmlparser® software. In particular, each geocoded address belonging to a given
place (as provided by the previous step) is looked up in the white-pages and the

2 www.paginebianche.it
3 htmlparser.sourceforge.net
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corresponding business is retrieved. The result of this process is a set of entries
labeled with the possible businesses found in that place. Fig. 6 shows the result of this
process for a given place in Google Earth. This translation process in not completely
accurate, since several addresses are not listed in the white-pages (mainly due to
privacy constraints). Still, the fact that most public businesses (like shops, etc.) are
listed, while several private houses are not, allows to prune out a lot of unlikely
addresses being discovered by the previous step. Private spaces like “home” — that are
likely not to be listed in the white-pages — can be derived from other kind of analysis
described below.

Corso Canal Grande 12

This place has been visited: 1 times

Wed, 21 Jun 2006 - 21:531:0

Found activities:

Paterling Antonella Dottore Caommercialista, 41100
Modena (MO - Yia Dei Gallucci, 43

Al Socleta’ DN Fornitura DF Lavora Temporaneo Spa,
41100 Modena (MO - Via Dei Gallucei, 48

Pelugueria 0i Messor Massimo E C. Saf Pavencchier!
Per Sigrora, 41100 Modena (MO - Via Dei Gallucci, S0

tinerari: Arriva qui - Parti da qui

Fig. 6. Extracted information related to a given place

The final step in our implementation is more challenging. The diary tries to
automatically extract semantic information to describe the relevant places from a
personal point of view.

To this end, for each place being identified in the first phase, the diary creates a
Bayesian network to analyze the temporal pattern in which the place has been visited
by the user (see Fig. 7).The Bayesian network is composed of 4 nodes.

1. The weekend node represents a boolean variable used to represent whether a
given observation takes place in the weekend or not. This node is always
observed on the basis of the information stored in the GPS signal. This
information represents the variability in people behavior between weekdays and
weekends.

2. The hour node is a 24-values discrete node storing the time of day. This node is
always observed on the basis of the information stored in the GPS signal.

3. The kind of place node is a discrete node modeling what a given place is. In our
implementation, we try to classify among 5 different kind of places: home,
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work, restaurant (to indicate any kind of dining place), pub (to indicate any kind
of evening entertainment), and disco (to indicate any kind of late-night
entertainment). This classification is rather arbitrary, and each user of the diary
should provide the kinds of place that best match his habits. This node is never
observed, and is inferred by probability computations.

4. The happens node is a boolean variable expressing whether the user visits that
place at that time. This node is always observed on the basis of the outcomes of
the diary localization phase.

The role of the Bayesian network is to encode the routine of the user daily life. This is
done by compiling the probability distribution associated to the fact that the user, in a
given moment, is in a certain kind of place. For example, the probability of the user
being at home during weekdays is depicted in the table in Fig. 8.

Kind of Kind of
[weekendj[ Hour J [ Pl j [Weekendj[ Hour ] [ Place ]

P{Happens="yes’ |
Weekend="no’, Hour="1am’, Kind of Place='"Home") = 0.8
A A

t t+1

Fig. 7. Bayesian network to classify places. White nodes are those that will be provided as
evidence.

Weekend = false, Kind of Place = home

Time 11pm- | 7am | 8am | 9am- | 2pm- | 6pm- | Spm | 9pm | 10pm
6am Ipm | 5pm | 7pm

P(happens) | 0.8 0.6 0.4 0.2 0.2 0.4 0.5 0.6 0.7
= true

Fig. 8. Conditional probability table describing the probability of the user being at home during
weekdays

Similar tables can be created for other kind of places. In our current implementat-
ion, these tables are compiled by hand by the users that are asked to self-report the
likelihood of being in a given kind of place at a given time. Such kind of data could
be derived automatically also by a labeled trace of user’s past whereabouts, using
standard learning algorithms [18]. Once the tables are filled in, basic inference
operations in Bayesian networks will be used to derive the most likely kind of place
given the visit pattern.
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Specifically, when the diary previous phases identify that the user is visiting a
place, the corresponding Bayesian network is retrieved, and the weekend, hour,
happens nodes are set to their actual values (the happens node is trivially set to true to
indicate that there is a visit). Then, the diary computes the probability distribution of
the kind of place node. The newly computed distribution will be used as a prior for
subsequent visits. This naturally allows evidences to add up, actually enabling the
Bayesian network to classify the places on the basis of the visit temporal pattern. The
results of the Bayesian classifier for two places in our dataset is reported in Fig. 9.

Prabability
o
&
Probahility
o
8

Home Wiork Restaurant Pub Diseo Home. Wik Restaurant Fub D

Fig. 9. Outputs of the Bayesian network classifier for two places

3 Experiments

To test the effectiveness of the whereabouts diary, we collected GPS traces for three
weeks from three members of our research team (the authors) as they went about their
normal lives. Each member carried either an i-mate PDA 2K smart phone, or a HP
IPAQ RX3700 pda, connected with a Bluetooth GPS reader. GPS signal has been
acquired at 0.1Hz and processed on the fly by the handheld device. Overall, we
acquired about 90000 GPS poses amounting at 360 MB of data. Overall, this resulted
in 25 places being identified as relevant.
In particular, the diary is a J2ME — personal profile application that:

1. Collects and stores the GPS trace log.

2. Runs the clustering algorithm to identify relevant places.

3. Creates a queue of the places to be resolved by the on-line (reverse) geocoding
and white-pages services. Places are actually resolved whenever a WiFi
connection becomes available.

4. Dynamically creates a Bayesian network for each newly discovered place.

5. When a relevant place is visited, the associated Bayesian network is retrieved, and
the probability distribution to describe the kind of place is updated accordingly to
the time of visit. Bayesian operations are implemented on the basis of the
software described in [14].

During the data collection weeks, data collectors recorded ground-truth information
about the places they have been. Such information has been collected with a simple
notepad application running on the PDAs and allowing to write a textual description
of where the user has been at a given time.
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All the data have been recorded in our region in Italy (none of the data collectors
have been abroad during that time). The region is characterized by rather small and
short buildings. On the one hand, this means that GPS signal problems related to
urban canyons are less severe, and it is usually easy to get fairly accurate GPS
positioning. On the other hand, buildings are packed closed to each others, and thus
also small errors can produce wrong address translations.

In the following, we present some results obtained by comparing the whereabouts
diary entries, after some weeks of usage, with recorded ground-truth information.

In a first set of experiments, we tried to verify the accuracy of the algorithm to
identify relevant places on the basis of the GPS trace log. Following an approach
similar to [9], we classify the incorrect results into: (i) wrong: the user is in a place,
but the diary reports he is in a different place, (ii) false negative: the user is in a place,
but the diary reports he is moving, (iii) false positive: the user is moving, but the diary
reports he is in a place. The results of this experiment are reported in Fig. 10, and they
actually show the average of the results obtained by the data collectors. The results we
obtained show that the algorithm is correct in 84.7% of the cases. This figure is
coherent with the results presented in [9] with regard to the A-S algorithm [1] that is
the one closer to our implementation. The high-percentage of false negatives
(compared to the other cases) is mainly due to the fact sometimes the GPS takes a
long time before acquiring the signal. Thus, it can happen that a user leaves a
building, and the trace of the GPS is acquired only when he is already far away. In
such a situation the place is not detected given the constraint on the maximum
distance of spatial disconnection described in Sect. 2.2.

Incorrect Results Breakdown

0.2
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0.16 -
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0

prob. of error

wrong false negative false positive

Fig. 10. Errors in the algorithm to identify relevant places on the basis of the GPS trace log.
Place identification is correct in 84.7% of the cases. Errors are divided as reported in the graph.

In a second set of experiments, we tried to verify the results of the (reverse)
geocoding service. Basically, the idea is to verify the impact of localization errors in
the process of geocoding. It is worth noticing that the maps we used to perform this
operation record only the first and the last number of a street segment and span,
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uniformly, all the other numbers among the segment. This of course introduces
further errors in that it does not take in to account the differences in the sizes of the
buildings.

Since the place discovery algorithm clusters together points that are closer than 10
meters, we counted the number of addresses retrieved within a circle of 10 meters
radius centered at the relevant place. The results of this operations are displayed in
Fig. 11, and highlight two aspects. On the one hand, the address of almost half of the
places can be retrieved uniquely (this is the case of large buildings — like the
departments of our university). On the other hand, some places produce more than 10
associated addresses. This is the case of small buildings in the center of the city. It is
fair to report that these distributions are rather preliminary since they are based on a
dataset of only 25 places (those identified by the diaries of the 3 data collectors). We
are currently conducting a more extensive data collection process that would allow us
to identify more stable distributions.

% Places Associated to a Given Number of Addresses
45.00
40.00 ~
35.00 -
30.00
25.00
20.00 -
15.00
10.00

5.00 +
0.00

% places

1 2-5 5-10 10+
# retrieved addresses

Fig. 11. Percent of relevant places corresponding to a given number of addresses

In a third group of experiments, we tried to evaluate the performance of retrieving
the businesses performed on a given place via the white-pages service. Comparing the
results with the ground-truth annotations, we first tried to determine whether the
correct place is retrieved. With disappointment, we verified that the actual place can
be retrieved in only 40% of the cases. This is either due to localization or white-pages
errors. Moreover, due to the multiplicity of addresses being discovered several
businesses can be assigned to a given place. In Fig. 12, we report the distribution of
the number of businesses found for a given place. It is easy to see that some addresses
are not listed in the white-pages, since there are no places with more than 10 retrieved
businesses. In addition, It is worth reporting that the number of businesses being
retrieved is almost independent of whether the correct place has been found or not.
Some places, in fact, return a long list of candidate entries not containing the correct
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one. The main source of errors of this phase is related to the white-pages interface and
how it handles street numbers. For example, one puzzling error we found, involved
the Juta bar in the center of our city. Although the place was acquired correctly, the
address geocoded correctly, and the Juta bar is listed in the white-pages service, the
diary was not able to extract such information. We found that the problem is about
places having more than one street numbers (for example, the Juta bar is a long
building located from 87 to 95 of Taglio st.). Unfortunately, the Web interface to the
white-pages allows only to enter a single street number, and white-pages matching
mechanism does not take into account the fact that e.g., 89 Taglio st. is within the
range of Juta addresses, thus it produces no results. In our future work, we plan to
solve these glitches by querying multiple white- and yellow-pages services and
merging the results.

% Places Associated to a Given Number of Businesses
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Fig. 12. Percent of relevant places corresponding to a given number of businesses being retrieved

Finally, the last set of experiments verified the results of the Bayesian classifi-
cation. Overall, our approach classifies the places correctly in 64% of the cases. In
order to better analyze the results we tried to assess the confidence of the diary in its
own classification — most probable estimate (MPE). To this end, we compute the
information entropy of the resulting distributions. The lower the entropy, the more the
system is confident about the MPE (i.e., the distribution peaks on the MPE value).
More in detail, we separated the entropies related to the distributions that produced a
correct MPE from those that produced a wrong MPE. For each of these two
categories, we averaged together the entropies of the distributions producing the same
MPE (see Fig. 13). Looking at the graph it is possible to notice that entropies related
to wrong MPEs and higher than entropies related to correct MPEs. This is good and
reflects the fact that the distributions associated to wrong estimates are less peaked,
and thus the diary is less confident about its own classification. In fact, examining the
wrong distributions in a lot of circumstances the distribution is bimodal: one peak is
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the correct one and another slightly more probable is incorrect. In such circumstances,
it is likely that more observations on the temporal pattern of visits will correct the
classification outcome.

Another interesting remark about the result in Fig. 13, relates to the average
entropy associated to the different kind of places. Not surprisingly, home and work
places have lower entropies since their associated temporal pattern of visits is defined
more precisely. On the contrary, places like pubs, restaurants and discos have a more
flexible pattern of visits and thus they are classified less precisely and tend to produce
higher entropies.

2500 Entropy Analysis @ correct match
. B wrong match
2.000
2 1.500
e
$ 1.000
0.500 -
0.000 -
home work restaurant pub disco
kind of place

Fig. 13. Information entropy of the resulting distributions for the various kind of places. The
information entropy for a 5-value discrete distribution ranges from 0 to 2.32 (flat distribution).

4 Applications

Once the diary is available, it can be used as a surrogate of the user profile in several
applications.

Matchmaking. The automatic exchange of diaries between users can enforce power-
ful matchmaking capabilities. An application built on top of the whereabouts diary
could try to match the places visited by the users to understand whether they are
visiting similar places or not. The similarity between the places being visited can be a
useful measure of the affinity between the two users. Similarly to what suggested in
[12], the diaries can be useful to in the process of building common ground for face to
face interactions. For example, a user could be notified that the person next to her has
been to the same concert one week ago. With this regard, it is important to remark
that the use of diaries enriched with semantic information is really useful in this
context. For example, the application can automatically discriminate among
colleagues (people spending time in the same work places), relatives (people spending
time in the same home places) and friends (people spending time in the same pub and
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disco places). It would not be possible to conduct such kind of analysis on the basis of
a purely geographic diary that only computes overlapping areas among people.

Places for Tourists. Tourist scenarios have always motivated ubiquitous computing
applications. These kind of applications being deeply related to user profile and context-
awareness can naturally take advantage of the whereabouts diary. An application could
match the places visited by the user across a database of tourist attraction and suggest
possible next visits. For example, if the diary indicates that the user likes visiting
museums, the application could suggest visit other museums of a city. In addition, the
exchange of diaries among tourists could allow to exchange experiences, hints and
recommendations. For example, backpackers traveling northward could fruitfully
exchange diaries with backpackers traveling southward to obtain information about
where they had just been [2]. Also in this case, the extraction of semantic information
(e.g., retrieving shops and other businesses in a given area) could provide a notable
added value to the information being communicated.

Shop Assistant. A shop recommendation service could try to infer users preferences
on the basis of shops visited by the user. The scenario for this application could be an
open-air market, for example a typical flea-market, or a city shopping district. The
system can know in advance the location and the typology of goods held by any
expositor and shops (as possibly provided by a sort of yellow-pages service). An
application running on the whereabouts diary can trace the user’s movements along
the first visited places, and compose a sort of user shopping profile. Starting from this
profile, the system could try to predict future user movements and indicate him the
way to expositors/shops that in its opinion better fulfill his wishes. The user profile
could be updated as user makes choices and moves across the area.

Pervasive Advertisement. Personalized advertisements offering users the most
appropriate contents to suit their profile is a huge source of revenues for IT companies.
The whereabouts diary could be a useful mechanism to apply personalized
advertisement to ubiquitous computing scenarios. An application could show
commercials to the user that are personalized on the basis of the diary. For example, if
the user usually visits Au Bon Pain around noon, the application running on the user
handheld device could present Au Bon Pain commercials at about 1lam showing
special offers, and indicating also those places that are in the neighborhood. In
another setting, a wide screen display connected with a Bluetooth station could fetch
the diaries of the people around and select the most appropriate commercials for the
present population. In both these situations the whereabouts diary can provide useful
information to compose the user profile. In addition, it is interesting to notice that the
diary can provide useful feedback on whether the advertisement had been fruitful or
not. For example, comparing the places visited by the user after seeing a commercial,
it would be possible to infer whether the user followed the advertisement and actually
went to Au Bon Pain.

Predict User Destination and Anomaly Detection. This application is based on the
general assumption that people routinely performs repetitive actions (e.g., usually
people go to work/school in the morning and come back in the evening, people have
lunch around noon, etc.). On this basis, an application can learn from the whereabouts
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diary the user motion routine, and thus predict where the user will go next and
eventually trigger alarms if anomalous deviations from the normal track are detected
[18, 19]. Such a service may be very useful for very young, elder or disabled people
in order to support their independent living. For example, a child goes to school by
himself; the application could monitor his movements alerting himself and his parents
if notable deviations from the usual track are detected (the child may got lost or may
have caught the wrong bus).

Whereabouts Routing. Some interesting application related to the prediction of user
next movements are presented in [1, 21]. Nodes connectivity and performance in
mobile ad-hoc network scenarios could be notably enhanced by having nodes to
communicate with each other their likely future movements. For example, an
application could avoid initiating to exchange files with a node that is predicted to be
out of the wireless range in few seconds. In another setting, this idea could be
fruitfully exploited to enable network routing in the presence of large disconnections
among nodes. For example, a user ‘A’ willing to send a message to a user ‘B’, that is
currently not reachable because of network partitions, could inspect the motion model
of the user ‘B’ and retrieve the fact that ‘B’ at that time is usually in a given place. On
this basis, the user ‘A’ could search for other reachable users that (according to their
motion model) are going to the same place and relay the message to them. This
approach can create an interesting routing mechanism that allows the messages to
flow also in presence of large network partitions. Of course, the diary can be fruitfully
applied to this context allowing the routing algorithm to predict where the user will go
next based on users’ past history.

Personalized Navigation. MyRoute [17] is an application to produce personalized
navigation routes with the goal of reducing route complexity and cognitive burden.
This is achieved by creating user specific routes on the basis of his previous
knowledge about familiar routes and landmarks. In particular, MyRoute works by
compressing directions coming from traditional navigation software into a single
contextualized step (e.g., drive to work). The whereabouts diary could naturally
support MyRoute by providing the information about users’ relevant places.

Context-Aware Instant Messaging. The messenger application Nomatic [20] pro-
poses to exploit places’ semantic labels as meaningful status information in messenger
applications. Such automatic labels could be used in combination of the standard (“on
line”, “not at PC”, “busy” labels) to better express the actual status of the user. More
in general, a wide range of ubiquitous computing applications can be enhanced by
incorporating information about localization. For example, mobile phones can be
automatically switched off inside a theatre, or could connect with the car speakers
when the user is driving. Contact-management software could be programmed to
automatically exchange business cards when the current place is recognized as work
by both the users. Of course, the whereabouts diary could provide all these
applications with suitable information.

Memory-Aid. Memory-aid applications can take a notable advantage from the
availability of the whereabouts diary. Specifically, notes, to-do-lists and reminders
can be associated to specific places and be triggered by the user being in there.
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Moreover, the whereabouts diary can offer predictions on where the user is going
next, so that reminders can be triggered also before the user reaches his actual
destination. For example, if the diary predicts that the user will be close to the library
the next day, the memory-aid application can remind the user to take the books on
loan when exiting the house [1].

Life Blogging. Context-aware life blogging is like writing your personal diary in an
automated way. The mobile application Context Watcher [11] runs on smart phones,
automatically connects to available sensors, logs the information, and generates daily
summaries about user’s location, activities and moods. Also in this case, the
whereabouts diary could provide high-level semantic location descriptions of the
identified places. This could improve the life blog by making it more semantically
expressive.

5 Related Work

The recent availability of affordable localization mechanism and the recognition of
location as a primary source of context information has stimulated a wealth of works
addressing topics related to the whereabouts diary. In general, the originality of our
work compared to others is to try to give semantic labels to places in a fully automatic
way (either by mining the Web, or by classifying the places on the basis of a suitable
Bayesian network).

One of the earliest work trying to automatically compose a diary of users’
whereabouts is the PEPYS application [16]. This application uses IR badges and
detectors to track user location in an indoor environment. On the basis of such an
information, PEPYS compiles a diary of where the user has been and submits it to the
user as a memory feedback. This kind of indoor localization systems, as well as its
more modern incarnation (e.g., [7]) could naturally complement the proposed GPS
diary to deal with indoor settings.

The work described in [9] compares three algorithms to cluster continuous GPS
readings to find relevant places. Each of these algorithms could replace the clustering
algorithm we described at the beginning of Section 2.2*. However all these algorithms
are only useful to spot relevant places and identify possible recurrent visit to the
sample place. The problem of adding semantic information is completely neglected.

The works in [1, 10, 15, 22] presents similar kind of clustering algorithms.

The problem of adding semantic tags is posed, at least as an open problem, in [8].
Other than clarifying the importance and the need for such a conversion from
“positions” to “places”, the author illustrates two viable approaches to add semantics.
The first approach is based on labeling places on the basis of the activities performed
in there. The author proposes using RFID tags to infer users’ activities on the basis of
the objects being touched (e.g., the user touches a fork and a knife, the system infers
he is having dinner). Then, the system uses the activity (e.g., having dinner) to label
the place (e.g., restaurant). The second approach involves humans assigning labels to

* It is worth noticing that the surveyed algorithm called BeaconPrint is more reliable and
precise than the one we implemented, thus it could also improve the performance of our
system.
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places proactively, and exchanging such labels among users. Neither of the two
approaches has been actually realized, and they are mainly left as future work. In any
case, once available, they could be well complement and integrate our proposal.

The works described in [17, 18] adopt a Bayesian network to infer high-level user
behaviors from low-level GPS readings. While their approach is similar to ours, their
goal is different. While we try to classify the places, they try to classify user activities
and eventually predict where the user will go next, on the basis of his past routes. It is
worth to report that some user activities can directly identify the place in which they
occur. For example, a sharp step in the user speed can reveal the user started/stopped
driving the car. This automatically can be used to label that place as a parking place.
Such kind of further information could improve the whereabouts diary.

The work presented in [6] presents an interesting algorithm to share labels to reach
a consensus on what a place means to a given group of users. Although, this work is
interesting and cloud also be someway integrated with the whereabouts diary, we
think it has two main drawbacks. On the one hand, the system proposes random labels
like “xyz” to places not allowing for a meaningful semantic description. On the other
hand, in a lot of situations, we think it does not make sense to reach a consensus. The
same place can mean different things to different people. For example, the bar tender
can classify his pub as “work”, while clients will classify it as “pub”.

In the end, we think that a lot of ideas in related work could be used to improve the
diary. However, some of the ideas discussed in the paper, like the proposed Bayesian
network, are original of our proposal.

6 Conclusions and Future Work

In this paper we presented the whereabouts diary — an application, running on a GPS-
equipped handheld device — that records the relevant places visited by the user and
classifies them semantically in an automatic way. Several useful applications that can
be built on the basis of the diary have been also discussed.

There are several directions to improve this work:

1. Much more information about the places could be retrieved from the Web. This
could be very useful especially in the cases in which localization is precise
enough to return a single or a couple of addresses. Such kind of retrieved
information could be a precious source of information to estimate the user
profile.

2. Commonsense data could be exploited to effectively discriminate among
several candidate places [13]. For example, if a person went to a restaurant at
noon, it is very unlikely that will go to another restaurant at 2pm.

3. Other kind of sensing devices and algorithms could be employed to extract
more information about the place. Moreover, some GPS clustering techniques
that have been used in related works [9] could improve the performance of our
implementation.

In the end, accuracy will be the key measure in which the diary will be evaluated.
If the diary is wrong, the applications that use it risk being rendered useless.
Accordingly, improving the diary accuracy along all the above three directions is a
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fundamental future work. Of course, implementing some of the applications discussed
in Section 4 will be an important step to evaluate the diary and to get real feedbacks
of its usefulness. With this regard, we already started implementing the “places for
tourist” application and we plan to test it on a large population of users.

Finally, one important aspect that should be carefully considered is related to the
privacy implications involved in the diary usage. This is especially important in
consideration of the fact that several applications described in the previous section
involve the exchange of diaries among users. With this regard, it would be interesting
to investigate the possibility of exchanging hash-based signatures of the diary entries,
instead of the actual values to preserve privacy [12].
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Abstract. Adaptation of devices and applications based on contextual informa-
tion has a great potential to enhance usability and mitigate the increasing com-
plexity of mobile devices. An important topic in context-aware computing is to
learn semantic locations and routes of mobile device users. Several batch meth-
ods have been proposed to learn these locations. However, such offline methods
have very limited usefulness in practice. This paper describes an online adaptive
approach to learn user’s semantic locations. The proposed method models user’s
GPS data as a mixture of Gaussians, which is updated by an online estimation.
The learned Gaussian mixture is then evaluated to determine which components
most likely correspond to the important locations based on a priori probabilities.
With learned semantic locations, we also propose a minimax criterion to discover
user’s frequent transportation routes, which are modeled as sequences of GPS
data. Finally, we describe an application of the proposed methods in a cell phone
based automatic traffic advisory system.

1 Introduction

In last three decades, we have witnessed an increase in computational power and con-
nectivity which has lead to powerful devices that deliver services in the workspace,
home, and in the car. Today, people carry a variety of mobile devices with powerful
computational capability and wireless connectivity, which greatly change our lifestyle.
On the other side, context aware computing, emerging in recent years, will also greatly
change the style of interaction between human and computing devices. Context aware
applications and devices capture context information from multiple sources and learn
associations of context cues with personal preferences and behaviors in order to adapt
the configuration of devices, the behavior of interfaces, or to offer personalized access
to services. Context awareness may also enhance the usability and mitigate the increas-
ing complexity of mobile devices. With context aware capabilities, mobile devices such
as cell phones will not only act as personal communication devices but also as gateways
to services in diverse environments that support personalized interactions and proactive
assistance tailored to the user preferences and behaviors.

This paper concentrates on location awareness. Several location aware applications
for mobile devices have actually been developed recently [QIT0/11]]. Learning user’s
important locations (called semantic locations) is one of the most important tasks in
these systems. Several batch methods have been proposed to discover semantic loca-
tions. These methods try to detect important locations through geographic information

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 193-210]2007.
(© Springer-Verlag Berlin Heidelberg 2007
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system (GIS) or machine learning techniques. For example, a landmark-based loca-
tion system uses cell towers of a GSM phone network to learn important places in a
user’s daily routine [[7]]. Although this approach uses existing infrastructure and is cost-
efficient, the resolution of the derived places is very coarse (from about hundreds meters
to a few kilometers). Therefore, GPS receivers may be employed to identify important
locations instead. Some early work on location extraction with GPS uses loss of sig-
nal to infer important indoor locations [9]]. That is, if GPS signal disappears and then
reappears around a small region, the region is regarded as a location. Such an approach
is sufficient to identify some small indoor locations such as home. However, it does
not account for larger indoor locations (e.g. office complex), and is prone to generating
false positives due to many possible outdoor GPS shadows. Driving speed has been also
employed to identify important locations. For example, as part of their work on identi-
fying a user’s route, Patterson et al. can also infer mobile places, as well as the location
of parking lots and bus stops with the help of real-world knowledge of bus schedules
and stop locations, along with acceleration and turning speed information [12]]. Liao
et al. use mode-changes such as GPS signal loss and acceleration peaks to identify
frequent locations in an unsupervised manner [8]. [6] infers the destinations from the
users driving trajectories and models personal destinations as the grid cell containing
endpoints of segmented trips. Learning the important locations can also be formulated
as a clustering problem [3I5/17], where traditional offline clustering methods such as
K-means are employed and the staying time is clearly an important factor to identify
locations. However, algorithms based on K-means approach suffers the drawbacks such
as required cluster number before clustering and sensitivity to noise data. To overcome
the limitation of the K-mean clustering approach, a density based clustering algorithm
(DBSCAN) is proposed in location discovery application [14/18]. But all of the
methods require the data has to be collected in advance, which are serious limitations
in Mobile device applications.

As an attempt to design an efficient and effective online learning method for seman-
tic locations, we propose an adaptive approach that models GPS data as a mixture of
Gaussians, where each component is regarded as a semantic location candidate. Af-
ter incrementally estimating the model with an online algorithm, the learned Gaussian
mixture is evaluated to determine which components are most likely corresponding to
important locations based on a priori probabilities. Compared to previous batch meth-
ods, our method is time efficient and requires little memory, which are highly desired
in real applications.

In the area of location awareness, the discovery of user’s important transportation
routes is another important topic. In the paper, we also develop a method to detect
user’s routes based on the learned semantic locations. In the proposed method, routes
are modeled as sequences of GPS data. Considering that a route can be represented by
many different sequences of GPS data that are sampled at different positions, the most
critical problem in our approach is how to determine if two sequences of GPS data
represent the same route. We propose an effective minimax criterion to solve the issue.

Finally, we apply our adaptive learning methods for semantic locations and routes to
an automatic traffic advisory application in real life. Currently, personal or car naviga-
tion systems are accurate and easy to use for navigation purposes, and they may also
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Fig. 1. Decision rule for GPS data resampling

provide real-time traffic information. However, one does not use a navigation system
for daily routines — commute routes are familiar. But one typically carries a cell phone
while driving. What we propose is then to let the device learn these daily commute
routes and also when the routes are taken. The device will then automatically fetch
traffic conditions along possible routes in anticipation (or after detection) of the user
starting his/her commute, and inform the user if there are any problems. We have im-
plemented this application with our methods on Motorola A1200/Ming cell phones and
tested with different types of users, e.g. businessmen, office employees, students, etc.

The rest of the paper is organized as follows. Section 2 describes the adaptive learn-
ing method of semantic locations. In Section 3, we discuss the route learning method
and minimax criterion. The automatic traffic advisory application is described in
Section 4, and its evaluation in Section 5. Section 6 concludes the paper with some
directions for further research.

2 Adaptive Learning of Semantic Locations

2.1 Data Preprocessing

The semantic location discovery method is based on GPS data, which include latitude
and longitudeﬂl and are sampled every 30 seconds in our study. However, GPS signal

! Altitude, speed, and direction might also be reported by some GPS receivers.
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may get lost due to various reasons, such as entering into buildings or concrete canyons
in urban areas or because GPS device powers off. Therefore, re-sampling GPS data is
important to obtain equally sampled data without losing the important location clusters.
In the re-sampling procedure, the void GPS data are made up by repeating the last valid
GPS reading, if the area where GPS signal disappeared and reappeared is covered by
the same group of cell ids. The detailed re-sampling procedure is depicted in Fig. I}
where « is the GPS sampling rate , the two nearest GPS sampling times are ¢;; and
t;, and the corresponding GPS locations are g;+1 and g;. Also, ej denotes the time that
GPS reading is invalid, and s; denotes the last sampling time in one log file.

2.2 Adaptive Location Clustering

After re-sampling, the GPS data will be fed to the learning algorithm. Only GPS read-
ings with speed less than 5 miles/hour will be considered to learn the stationary
locations.

The adaptive algorithm is a sequential method that process only a small amount of
GPS data each time. The algorithm continuously adapts the learned model with new
GPS readings. More precisely, we model the GPS data as a mixture of locations with
noise, where each location follows a Gaussian distribution. Given new GPS readings,
an on-line algorithm is employed to update the model, i.e. adding/deleting/merging
locations, updating the parameters of Gaussian mixture model, etc. Now consider a set
of sequential GPS readings {g1, . .., g+ } in time order, where

gi = |z, ys)] 1<i<t

and z, y are GPS coordinates. Assume at the moment ¢ that the true but unknown density
of GPS value g is of the form

Nt
plglb) = > wiolg nt, Xf)
/=1

where N; < oo is the number of components which may vary with time, parameter
vector 0, = {n}, ut, X, ... 7l Nt DNY: the nonnegative mixing coefficients ¢
(¢ =1,..., Ny) sum to unity and

5 (g—np) (Z) " Hg—n)

o(g; 1y, Xf) Xp

= ——-e
2r| ]}

is the Gaussian probability density function with 2 dimensional mean 1! and covariance
Xf. For simplicity, the covariance matrix is assumed to be a diagonal matrix.

At time ¢, the number of Gaussians /V; in the mixture model represents the number
of significant location candidates, the weight of Gaussians 7rf ¢ =1,...,N;) denote
the significance of the learned locations, and the mean ¢ and variance value X} in each
Gaussian specifies the important location center and size. Below, we will describe how
to adapt the mixture model’s parameters as well as the structures with the new coming
observations.
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Decision Rule

When a new GPS reading arrives, it will first be fed to the decision rule to determine
if it belongs to a known semantic location (i.e. one of components in current Gaus-
sian mixture) or a new location. If it belongs to one of known locations, update rule
will be employed to update the current Gaussian mixture model with the new reading.
Otherwise, a new component/location will be added to the model by creating rule. The
decision can be made in a number of ways. The simplest is to check the Mahalanobis
distance from the observation to the center of each component of Gaussian mixture.
If the minimum of these distances exceeds a threshold (denoted Tp) then the obser-
vation point is in some sense too far away from the existing components, and a new
component should be created. The square of the Mahalanobis distance between a point
g: and a component with the mean z¢_; and the standard deviation X}_; is defined by
M (265 151, Zf_1) = (96 —p5—1)' (Zf_1) " (9e—p15_1), 1 < £ < Ny—y. The following
binary indicator function D;(-) is employed in our system.

1 min Mgy pi 1, Xf 1) >Tp

Dt(gt,ét—l) = 1<U<Ni—a 0
0 otherwise

Update Rule
In this case, the number of components N; in the mixture will not be changed. A batch
method can use all observations up to the current time g1.+ = {g1,...,¢:} to estimate

the parameter vector ;. However, it requires that mobile devices store all historical
data, which is not feasible in practice. Instead, we use a recursive EM algorithm to

estimate/update the model .Let 8, = % and pf = 7{_, ﬁfé;’;; , then

T =T_q + Bi-1 [pf — T4 ]
’
PiBi—1
,U:f = I[,Lf_l + ! 7 (gt - :uf—l) (2)
M1
‘
p ¢ PiBi—1 0 4 4
Tp =T+ [l = pio)(ge = wion)” = T
t—1

Convergence results regarding the above recursive update rule have been given in [13].
The procedure @) is called update rule.

The learned weights in the Gaussian mixture model represent the size of the clus-
ters or the number of points in a cluster. It denotes how long time the user spends at
those locations. However, this definition ignores locations that user frequently visits but
stays for a brief time (e.g. dropping child off for school every day). Meanwhile, a lo-
cation (e.g. travel attraction) that user visits rarely but stays for a long time, would be
temporarily misclassified as an important location. To solve the problem, we need also
record the number of visits for each location. The weight f/ of visit frequency for each
location needs also be updated online.

Denote v as the visit detection for location cluster ¢, then

of — { 1 if user just enter into location £ boundary
t 7] 0 otherwise
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Ny
Therefore, at time ¢, the total number of visits for all locations is M; = M;_1 + vf,

=1
and My = 0. Similarly to the update procedure for the weight in the mixture model, the

weight of the visit frequency £/ for location £ can also be updated as

fi = fiog +yealof = £0] v

My—M,_
where v, = %

Then the importance of a location is defind by the adjusted weight
w, = am + (1 - a)f;

where o € [0, 1]. With this linear combination, both how long and how often the user
stays and visits in a location are considered in determining the importance of a location.
Parameter « controls the compromise between the two factors, usually we use o = 0.5
to treat the visit time and frequency with equal importance.

Creating Rule

When a new GPS reading does not belong to any current components, a new Guassian
component is added to the mixture. To obtain the creating rule, ét = 94(gt, Be, e, 9t_ 1),
we notice the fact that the kernel estimator based on ¢ observations is closely related to
the kernel estimator based on ¢ — 1 observations.

pt =g
o= xp

i =m_1(1=5) )
Wivt = f

fte = ftgfl(l —Yt)

tNt =M

where N; = N;_1+1land/=1,..., Ny_1. E? may be user defined or derived from
the terms in the neighborhood of the observations. Creating rule can be also used to
initialize the mixture density with i = g1, ¥ = X and 7} = 1.

For learning the important locations, the GPS distribution is time variant due the
changes of the user’s daily life. When the GPS distribution changes, the new compo-
nents will always be added in. The complexity may not be controlled. An intelligent
system also needs to prune the unnecessary components (i.e. remove locations that user
stops visiting), and merge close nearby components. In what follows, the pruning rule
and merging rule for these purposes are described in detail.

Pruning Rule
The purpose of the pruning rule is to discard the redundant components in the mix-
ture which do not entertain current observations anymore. How to select the pruning
candidates is based on the Bayesian hypothesis test.

Denote Cf the /th Gaussian component of current model, where £ = 1,..., N;. Let
P(C}) = w! and

p(g:|CY) = exp~ 390 —1D) (FD) 7 (ge—pt)

b
2| S|/
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The probability that the observation g; belongs to the /th Gaussian component in the

mixture is . .
CP(C)
P(Cllar) — Pl CHP(C

o) =)

Therefore, for the Gaussian component ¢; and /5 in the mixture, if
P(C{'|gt) > P(C{?|g1) )

the component /5 is more likely to be selected as the pruning candidate. According to
the 30 property of Gaussian distribution, exp[—3(g; — 1) (Xf) "' (g¢ — pf,)] is close
to 0 when (g — p1f)"(Xf) =1 (g¢ — pf) > 9 for g that does not belong to the component
£. Eq. (@) can be written as

7rf > 7Tf2

Because we adjust the location cluster weight by also considering the visiting fre-
quency of the location, the candidate components to be discarded from the mixture
model are selected from those that Dy (g, ét,l) = 1 with @! < Tp, where T, is a pre-
set threshold. After dropping the existing terms in the mixture, the maintained mixture
model weights 7¢ (¢ = 1,..., Ny) need to be re-normalized.

Generally, one can pre-set the largest number N« of Gaussians to be allowed in
the mixture model according to the system requirement. When the mixture model meets
this bound, as the decision rule detects that a new component needs to be added into
the mixture model, we can replace the old component with the new one. The candidate
component for replacing can also be chosen by the Pruning rule.

Pruning Threshold Selection

At time ¢y, when the new component ¢ is added into the mixture model, we usually
allow several days of adaptation to adjust visit time weight wfa and visit frequency
weight ffo. To determine a reasonable pruning threshold T}, there are some general
rules. As discussed above, the initial weights 7Tf0 and ffo for the new components are
often set as 8 and f respectively. Meanwhile, the current learning rates are adjusted as
Bi, = B and fi, = f. Therefore, if the /th component in the mixture does not entertain
the observations for 7" days, it has

7T£,+T = (1= Bto+r) -+ (1 = Bro+1)(1 - 5to)7Tfo
ffo+T =1 =vot7) - (1 = Yo41)(1 — %o)ﬂfo

. Bt
simce ﬁt0+i = ’Lﬂto—o-l-l’ then

_ Bto )1 — Bto

TB, +1 (T —1)B, +1
(T -1 +1 (T—-2)B, +1
TG, +1 (T —1)B, +1

_0=Bw) e _ (1—5).5
T3, +1 " Ta+1

)< (1 = Bro ),

A
To+T = (1
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Similarly, ~
‘ -1
Jto+r = Tr+1 /
Therefore, we may specify the pruning threshold as
(1-p)B -1 =
_ 1—« _ .
P= et A=/
Merging Rule

The merging rule §, = M (ét) combines two Gaussian components into a single Gaus-
sian when the two components in the mixture model are very close to each other.
Suppose the two Gaussian components are
p(9lCe,) = N(g,u"*, £%) P(Cy,) = 7"
p(9|Ce,) = N(g, "2, 2%) P(Cp,) = 7"

In probability theory, Kullback-Liebler Divergence is a quantity which measures the
difference between two probability distributions. For two Gaussian distributions

KL(p(9|Ce,); p(9|Ce,)) + K L(p(9|Ce, ); p(9]Cr,))
= 0.5(1(2) 754+ |(54) 7 %)
+0.5(u = p2) ()7 + (2T = pf2) —n
When
KL(p(9|Ce,); p(9|Ce,)) + K L(p(g|Cl,); p(9]C,)) < €
we can merge two Gaussian components p(g|Cl, ) and p(g|Cl,) into one p(g|Cp) =

N(g, ut, X*) and obviously 7° = 71 + 72, ¢ = ff + ff2and

b1 .01 by, Ao
(_ e G
p = E(g|Ce) = I
2= E(g%|Cy) — pf (u")

(20 + pfrpf)mh + (2F2 4 plz ) gt ¢ o

- ml 4 e THH

As we have seen, the pruning rule and merging rule are used to eliminate the un-
necessary components and merge similar components. The two described procedures
can keep the most efficient model for a time varying GPS distribution at the same time
saving computation and memory.

Learning Rate Adjustment

In the above adaptive location clustering process, (; is the learning rate for the param-
eter adaptation of the Gaussian mixture model. The convergence result regarding the
recursive update formula @) with 3; converging to 0 have been given by [13]. How-
ever, as an online location learning process, a small learning rate will result in a slow
adaptation to the current situation, i.e., the new location cluster will need long time
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to become significant in the system, comparably, the learned location clusters are very
lowly to be pruned from the system. To solve this problem, we set a lower bound for the
learning rate 3, . When 3, < (3, reset 3; = (3. Here 3 > (3. Also, when the system
decides to create a new location cluster and 8, < [3, we also reset 3; = (3. That is, all
new location clusters are adjusted with the same learning rate from beginning.

The proposed learning rate adjustment makes the system more flexible in adjusting
to changes. Therefore, user’s daily life will be timely updated in the system. The same
technique can be applied on the learning rate v, to adapt the weight of visit frequency.

2.3 Identification of Semantic Locations

In location learning process, the location clusters are represented by the major compo-
nents in the mixture model. The adjustment weights in the mixture model denote the
significance of the locations. However, not all location clusters are significant since
some location clusters are recently added to the model and need time to be justi-
fied. The location clusters only provide the candidates of the important locations. To
determine the significant locations, at time ¢, we need evaluate the adjusted weight

wtl > wf > 0 > wiv ¢, and pick the top IV corresponding location clusters such
N N-1

that > w! > 95% and > w! < 95%, where 0 < N < N;, which are regarded as
=1 =1

important semantic locations.

3 Discovery of Routes

The discovery of transportation routes is another important topic in location awareness.
Currently, most route learning methods are based on geographic information systems
(GIS). Because our system runs on cell phone with limited computing and storage re-
sources, we instead use raw GPS data sequences to represent routes. A GPS data se-
quence between an important location pair is denoted as a route. The starting point and
ending point of the route involves detecting that the user leaves one important location
boundary and enters into another important location boundary. In fact, through location
clustering, the cluster boundaries also serve as the important location boundaries.

Although it is easy to extract GPS data sequence between two locations as routes,
it is not straightforward to determine if two sequences represent the same routes. Note
that people often have several different daily routes for the same location pair. The
system has to distinguish them for providing traffic information by comparing GPS
data sequences.

To solve the problem, we developed a minimax criterion to compare two routes.
Suppose two routes of GPS sequences are

Ry = {givg%""vgi} and Ry = {9%1957"'797%1}

The best match of Ry in terms of Ry is

Rl = {g%agévvgi
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where g} = argmingz ||g} — g||. Similarly, Ry = {3?,43,...,§2} is the best match
J
Ry in terms of Ry, where j7 = arg ming: gt — 931
We regarded two routes as the same if

max ||g; — gil| < dz and max ||g} — g3|| < d

where d; and ds are the largest sampling intervals of R; and Ro, respectively.

With the adaptive location clustering, the significant locations are gradually discov-
ered and updated. Once an important location pairs are identified, the commute routes
between them are recorded and learned. Through the route comparison, the unique ones
are saved in the database. The unique routes do not distinguish the directions, i.e., the
route that user moves from place A to place B or moves from place B to place A are
treated as the same. The frequencies of the routes are counted in terms of the starting
location and the destination in an hourly base.

4 Automatic Traffic Advisory

Based on the proposed methods of learning semantic locations and transportation
routes, a software agent on cell phone to automatically notify the user of traffic con-
ditions as the user starts driving. The system will start predicting the transportation
route only when the user’s driving intention is predicted. Currently, without additional
information, we relay only on the GPS information. When the system finds from GPS
location and speed information that the user is leaving a boundary of one of the impor-
tant locations, it will start inferring the destination and transportation route of the user,

Locations "

2025 W FAIRMONT DR
798 W SIESTA WAY
229 E SOUTHERN AVE
1956 W RUBY DR
7664 S PRIEST DR

41 W BASELINE RD
353 S MILL AVE

76 E SOUTHERN AVE
9418 E CHAPARRAL

798 W SIESTA WAY
76 E SOUTHERN AVE

Rename Location

Name
2025 W FAIRMONTDR

I
! } ]

ther

SOULH MOURLim Park.

ol

2025 WFAIRMONT DR
4 _ llslq

Accident at Baseline Ave &
24th St from 4:30PM to
5:30PM. Severity is 5.

Fig. 2. Screen shots of the application. Left side depicts a textual pop-up alert, right side the map

view of the alert.
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which is based on current location and time (other conditions could be included in fu-
ture). We have developed prototype which is a client-server system. The client collects
GPS data (through Bluetooth connection to a receiver) and cell IDs and learns semantic
locations and routes between them with our adaptive algorithm. An easy to use user
interface is also developed to alert users about problematic traffic situations (Fig[2).

The server side provides map, real-time traffic, and other information to clients based
on J2EE. The communication between clients and the server side is based on standard
HTTP protocol. An option to use free traffic services available in the Internet is pro-
vided, too.

S [Experiments

We have tested our traffic advisory system and thus our adaptive learning algorithms
with fourteen users who used our system on a regular basis over a period of time. In
this section, we will evaluate our algorithms and compare them with existing methods.

5.1 Context Data Acquisition

Fourteen participants have taken part in this study. These participants come from three
groups of interest: students, office employees, and independents. The student group
consists of six undergraduate students. The office employer group consists of five per-
sons who worked in regular business days at a fixed location. The independents group
includes persons who were either stay-at-home parents or business people who did not
work consistently in an office environment (e.g. realtors).

Each participant was provided with a commercially available mobile phone equipped
with Bluetooth, along with a separate Bluetooth GPS receiver to acquire location data.
Data logging software was installed on the mobile phone. Each participant used the
phone and the GPS receiver for a two- to three-month period.

The logged context variables consist of the following:

GPS data from a Bluetooth GPS receiver,

Current GSM cell id,

Bluetooth devices around the phone,

Phone profile,

Active phone application,

Phone idle/active time,

Battery status and charger status,

Incoming/Outgoing calls, SMS-messages, multimedia messages,
User interaction with the Phonebook and recent call log,

Media captured with the device (photos, audio, video, text).

The data is uploaded over the air to our web server, transparent to the user. Logged
data consists of events and a time stamp followed by the event. GPS data and Bluetooth
status are logged every 30 seconds. Any other variable is logged as its status changes.
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Fig. 3. Visualization of one subject’s data base. User’s GPS coordinates are plotted together with
selected phone application events.

Fig. 4. Visualization of one subject’s data base. User’s GPS coordinates (x,y) and time (z) plotted
together with certain phone application events. Time covers about five months and is increasing

from bottom to top.
5.2 Data Visualization

As our focus is in user’s routes, in order to visualize how and where the phone is used,
GPS coordinates can be plotted together with the use of phone applications (FigB). GPS
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coordinates depict the roads on which the participant has travelled. Figure @]is cropped
to cover only the local metropolitan area.

Time can be added in the visualization as the z-coordinate (Fig. d). This figure il-
lustrates two important facts. First, there are a small number of seemingly important
locations where the phone has been used. These become now explicit as “columns of
activities” in Figure[dl We can see that there are four major location clusters of phone
activities. Second, the user’s daily commute routes, as well as weekend routines, be-
come visible. Figure M clearly demonstrates that it is not only possible to learn the
routes from the data but also to predict them.

5.3 Location Learning

To evaluate the location learning feature in the traffic advisory system, the developed
adaptive location learning algorithm is compared with the batched learning method. We
employ the batched algorithm, DBSCAN (density-based clustering) algorithm,
because it can automatically find the number of clusters, identify outliers, work well for
arbitrary-shaped clusters, and is also very efficient for large datasets.

In the study, we first evaluate the algorithms on one office employee who worked
in regular business days at a fixed location. Both batched and adaptive algorithms are
applied on the re-sampled GPS data, the comparison results for important location dis-
covery are generated for the first day (Jan-15-2006), first week (Jan-15-2006 to Jan-
21-2006) and first month (Jan-15-2006 to Feb-15-2006) respectively. The visualization
results of the discovered significant locations are shown in Figure[8l [0 and[TQl The cor-
responding weight of each discovered location for both batched and adaptive methods
are listed in Table 1. In fact, given the latitude and longitude of learned location, we
can obtain the semantic location’s geocode information (street number and name, city,
etc.) by searching reverse geocode database. Then user can easily identify locations as
home, office, etc. based on the geocode information and map.

Table 1. Significant location learning methods comparison

|Home | Office]  Gym | University |School]

DBSCAN weight 0.8355 0.1583 0.0062

First weight 0.7583 0.1889 0.0474

Day | Adaptive | frequency |0.5714 0.1429 0.2857

adjusted weight|0.6649 0.1659 0.1666

DBSCAN weight 0.8508(0.0214|0.0235 0.0804 0.0111 0.0051

First weight 0.7910{0.0193 0.0965 0.0148 0.0083

Week | Adaptive | frequency  [0.4359|0.1026]  0.1538 0.0256 0.1795
adjusted weight|0.6134|0.0609 0.1252 0.0202 0.0939

DBSCAN weight 0.8333(0.0206|  0.1073 0.0117 0.0049

First weight 0.6227(0.1283]0.0075 0.1104/0.0038 0.0193 0.0383{0.0085

Month| Adaptive | frequency  [0.3557|0.1237]0.0258 0.1804|0.0103 0.0361 0.0928(0.1031
adjusted weight|0.4892{0.1260{0.0166 0.1454]0.0071 0.0277 0.0655|0.0558
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Table 2. Frequencies for routes from home to office

Route ID | 4 8 25 26 27 28 29 30
frequency|0.6{0.1429|0.0286|0.1143|0.0286|0.0286|0.0286/0.0286
e, Mo Uy

College student

[13

Businessman

Fig. 5. Location discovery in terms of different users
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Fig. 6. Location discovery in terms of different time intervals

After the first day, the discovered locations by both batched and adaptive methods
match very well. The adjustment weight w generated by adaptive method provides the
significance measure for the locations with considering visit duration as well as visit fre-
quencies. For example, in the first day, the adaptive method finds that “School” where
the user drops his child off is comparably as important as “Gym” (Table 2). Although the
visit time of the “School” is much shorter than “Gym”, “School” has been visited twice
for that day. In the first week, compared with the batched method, adaptive method dis-
covered location L instead of L; (Fig.[). Since adaptive method adjusts the parameters
online, through update, location L; which was visited early this week is already dis-
carded from the significant location candidates due to the short visit time and low visit
frequency (only one visit for that week). Instead, location Ly which has been visited
most recently got higher initial weight and then becomes more important than location
L1. The same reason on first month’s data (Fig. results obtaining location L3 instead
of Ly from adaptive learning method. Meanwhile, both algorithms can discover several
nearby locations in certain large areas, i.e. “University” campus area and “Gym”.

The adaptive location discovery algorithm can also be evaluated in terms of different
users, different time intervals, and different activities. Fig Bl6l[7] display the prominent
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Fig. 7. Location discovery in terms of different activities
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Fig. 8. Visualization of one subject’s first day data. User’s GPS coordinates are plotted together
with important locations.

location clusters (red spots) for different cases. The size of the red spots represents the
weight of the clusters.

This comparison clearly shows that the proposed location learning algorithm is ef-
fective in location identification and can adapt to the user’s daily life. A further evalua-
tion results based on the interview the users are still conducting in our lab and will be
reported in our future work.

5.4 Frequent Route Learning

Once the important locations become available, the transportation routes between the
location pairs, i.e. GPS sequences, are recorded in the system. With the proposed mini-
max criterion, the unique routes are detected and the most frequent ones are discovered.
In our study on the same user’s data, after two month learning, 47 unique routes from
total of 170 routes are obtained.
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Fig. 10. Visualization of one subject’s first month data. User’s GPS coordinates are plotted to-
gether with important locations.

The route frequency is derived by considering all different routes starting from Lo-
cation A to Location B. As an example, we show the route frequencies from “home” to
“office” in Table 2, and those from “office” to “home” in Table 3.

Naturally, the most frequent route is simple to obtain once we have the frequency
for each route between semantic locations. We select the most frequent routes between
location A to B to cover 95% of total routes. Figure[[Tldisplays the most frequent routes
for different hour and different location pairs.
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Table 3. Frequencies for routes from office to home

Route ID| 8 28 35 36 37 38 39 40 41
frequency|0.4643|0.2143|0.03576{0.0357{0.0357|0.0714/0.0714/0.0357(0.0357
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Fig. 11. Frequent routes

6 Conclusion

In the paper, we proposed adaptive learning methods of semantic locations and trans-
portation routes, which are able to stably discover sematic locations and routes and
reliably track the changes of user’s daily life. Based on them we have developed a cell
phone based automatic traffic advisory system. We envision that context aware and per-
sonalization features will become essential in supporting new applications and concepts
that connect consumers with media and services through multiple devices in the office,
car, or home.
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Abstract. In cellular networks, the signal pattern reported by a mobile
terminal has been the major source for localization. In this paper we show
how the signal pattern is affected by the terminal movement such as the
speed and the moving direction in CDMA/WCDMA networks. When
the mobile terminal is moving, its signal pattern tends to contain more
signals from base stations positioned opposite of the terminal’s moving
direction than signals from base stations positioned in the forward. We
call this phenomenon “signal dragging”. If the signal dragging prevails,
it naturally provides a useful hint for figuring out the movement of a
terminal, e.g., direction. We also show that the accuracy of the localiza-
tion algorithm based on pattern matching varies greatly depending on
the terminal movement. Based on these experimental results in commer-
cial networks we suggest the practical data collection procedure, e.g., the
war-driving, should consider the terminal movement. Otherwise the use
of war-driving data can be harmful.

1 Introduction

[Recent advances in ubiquitous computing applications and location-based ser-
vices (LBSs) have necessitated the network-based localization of mobile termi-
nals. The cellular phones and many other hand-held mobile devices become the
core of LBS applications such as E-911, location-aware information search, and
car navigation. Although GPS provides fairly accurate location estimates in open
areas, its applicability becomes very limited where line-of-sight (LOS) paths to
four or more satellites are not guaranteed: for example, indoor areas, narrow
street canyons of urban areas, and deep mountain valley. GPS also requires addi-
tional hardware equipments on mobile terminals, which increases manufacturing
cost.

To overcome the limitation of GPS, academia and industrial communities
have made great efforts for the network-based localization technologies espe-
cially for the mobile terminals in cellular networks. Every base station (BS)

! This work was supported in part by MIC & IITA through IT Leading R&D Support
Project and the Brain Korea 21 project of Ministry of Education, 2007, Korea.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 211 2007.
(© Springer-Verlag Berlin Heidelberg 2007
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broadcasts its own identifier (Cell-ID), which enables the mobile terminal to
estimate its position roughly. For more precise positioning, a number of pro-
posed solutions have utilized the propagation delay, time-difference-of-arrival
(TDOA) [20] [22], antenna orientation or received-signal-strength (RSS). With-
out the LOS path between a transmitter and a receiver, the distance calculated
from the propagation time can be erroneous. TDOA localization requires time
synchronization among BSs, which is not fulfilled in GSM and UMTS but only
in CDMA networks. The orientation and the angle opening of sector antenna can
be used to increase the positioning accuracy. Many service providers, however,
do not maintain the orientation, opening and tilting information of each sector
antenna.

Compared to the above mentioned parameters, the RSS is commonly avail-
able parameter for all types of wireless networks. Many localization techniques
proposed for cellular networks such as pattern matching (PM) [7] [I0], parti-
cle filter [I7] [I8] [19], (weighted) centroid [6] [8], and Cell-ID [23] depend on
the RSS information. In the PM localization system, for example, signal pat-
terns are measured a priori over the entire service area and stored in a pattern
database. The position of the terminal is then determined by comparing the
terminal’s currently reported signal pattern to the database entries and finding
the best-matching location.

In this paper, however, we show that the movement context of a mobile ter-
manal highly affects its signal pattern, eventually the performance of some RSS-
based localization systems. From our WCDMA and CDMA measurement data
obtained from two metropolitan cities: Seoul, Korea and Seattle, USA, we have
observed that signal patterns measured at the same position can be highly de-
viating depending on the movement context such as direction and speed. In
particular, our major finding is the “signal dragging” phenomenon: when the
mobile terminal is moving, its signal pattern tends to contain more signals from
the BSs positioned opposite of the terminal’s moving direction than signals from
BSs positioned in the forward direction. This finding indicates the caveats of
using war-driving data [5]. When the accuracy of a localization system is evalu-
ated through benchmark tests, test data set is normally obtained by war-driving:
we drive a car around the test area with mobile terminals and other measure-
ment equipments. The signal patterns for the pattern database are normally
measured by war-driving, too. When a terminal requests its localization to the
pattern matching system, the terminal may be stationary or moving in the op-
posite direction of the war-driving car, which can generate unexpectedly poor
localization performance. Therefore the use of war-driving data not considering
the movement context of a terminal can be harmful.

Our contributions are the following: (i) we investigate how the movement of
a terminal affects its signal pattern and why this signal dragging happens, (ii)
we show how localization accuracy is affected by the terminal’s movement, and
(iii) we demonstrate some applications of this finding: the direction of a moving
terminal can be roughly estimated with only one current signal pattern without
any signal pattern history.
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This paper is organized as follows: Section [2 describes the concept of the
signal dragging and its error metric. Section Bl and ] present the properties
and implications of the signal dragging, respectively. Section [l explains why the
signal dragging occurs from a technical perspective. Section [B] outlines related
work, and we conclude in Section [

2 The Effect of Movement

In this section, based on our measurement data, we show how the movement of
a terminal affects the signal pattern reported.

2.1 Signal Pattern Data

To prepare and perform a handover, a mobile terminal continuously measures
signal strengths from both the serving BS that communicates with and other
surrounding BSs. The serving BS also informs the mobile terminal of a list of
adjacent cells which it should monitor. Mobile terminals automatically reports
the signal pattern to the network when performing a location update procedureE
This signal pattern normally consists of many pairs of a BS identifier and its
RSS value ([BS ID, RSS]). Thus, the signal pattern information is continuously
maintained by a terminal and is accessible by a localization module in a mobile
terminal.

When we seek to investigate network characteristics or to optimize the cell
planning of the network, signal patterns are measured normally through war-
driving. Especially if we perform the network-based localization without the
help of GPS, signal patterns are the only source of information to estimate
the terminal’s position. Therefore understanding the characteristics of signal
patterns is crucial for the localization and the network management.

Our signal pattern data used in this paper includes WCDMA measurements
in Seoul, Korea and Seattle, USA; and CDMA measurements in Seoul, Korea.
We used the Inno Wireless OPTis-S diagnostic module attaching SiRF3 chipset
based GPS devices and mobile terminals, LG SV900 for CDMA measurements
and Samsung W120 and LG CU500 for WCDMA measurements. Fig. [Il shows
the measurement area in Seoul, in which we collected WCDMA data sets[d The
positions of BSs are depicted by circles and given by operators; thus, they are
fairly accurate. However, seven more BSs have been deployed in the area of Fig. [Tl
after we got the BS position database from the operator, which contribute to
the experimental errors to some extent.

2 This report is called Network Measurement Report (NMR) in a GSM network and
NMR in GSM only contains the records of up to six or seven strongest signal strength
measurements.

3 We also have and use another WCDMA data sets measured in Seoul at different
times.
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Fig. 1. The measurement area in Seoul, Korea, about 25km?

2.2 Signal Dragging

From our large data sets, we realized that a moving mobile terminal tends to
retain signal information of old BSs than newly appearing BSs. In other words,
when the mobile terminal is moving, its signal pattern information tends to con-
tain more signals from BSs positioned opposite of the terminal’s moving direction
than the signals from BSs positioned in the forward direction. Fig. [ illustrates
the situation where the “signal dragging” phenomenon occurs. A mobile termi-
nal is receiving signals from six BSs while the user of the mobile terminal is
moving northeast-ward. The terminal’s signal pattern contains four signals from
the backward BSs but contains only two signals from the forward BSs.

To show the signal dragging phenomenon more effectively, we draw vectors
(white arrows in Fig. 2]) stemming from the mobile terminal’s position to indi-
vidual BSs’ positions; each vector is called a BS vector. Then we sum the BS
vectors to calculate the sum vector, which is illustrated by the dark gray arrow
pointing toward the southwest direction in Fig. 2l Because more backward BSs
are included in the signal pattern than forward ones, the sum vector tends to
point toward the opposite direction of the terminal’s moving direction. Thus, if
we reverse the sum vector, the resulting direction vector is likely to point toward
the moving direction of the terminal as described.

Fig. Blshows that signal dragging occurs in a real driving user’s circumstance.
The two axes indicate the latitude and longitude, the squares are the ground
truth (GT) position of a moving user, and the circles are the positions of BSs in
the example area. The arrows in Fig. [ indicate the direction estimation vector
which corresponds to the reverse of sum vector (black arrow) in Fig.[2l The length
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Fig. 2. A descriptive picture of the signal dragging phenomenon
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Fig. 3. An actual example of the signal dragging phenomenon from WCDMA data of
Seoul, about 0.8km?

of all BS vectors are equalized before being summed up to remove the weighted
effect of distant BSs. And the length of the sum vector is also equalized before
plotting because this helps us figure out the estimated direction more easily.
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Fig. 4. SDEM distributions

Each arrow plotted corresponds to one GT spot estimating the current moving
direction of the user Thus, if the direction of arrows matches the actual moving
direction, we can say that the signal dragging phenomenon occurs notably.

Signal Dragging Error Metric (SDEM). As an intuitive metric indicating
whether the phenomenon has occurred as expected or not, we can use the an-
gular difference (absolute value) between two vectors, the actual user direction
vector (i.e., difference of two consecutive ground truth (GT) positions) and the
estimated direction vector (the arrows on the map in Fig. Bl). We call this ab-
solute angular difference as Signal Dragging Error Metric (SDEM). Using the
mean of the SDEMs at all user’s position on the map, we can tell that the signal
dragging phenomenon in the interested area has shown its efficacy as long as the
mean value is less than 90 degrees. If the mean value is near to 90 degrees, there
is no relation between the terminal’s movement and the geometric distribution of
BSs in the terminal’s signal pattern at all. If the mean is bigger than 90 degrees,
we can tell that more forward BSs tend to be contained in the signal pattern
rather than the backward BSs on average: the opposite of signal dragging. Recall
that the direction estimation vector is the reverse of the sum vector.

The mean SDEM of the trajectory data in Fig. Bl is 31.5 degrees while the
median is 25.8 degrees. Therefore we can say that the signal dragging is apparent.
The mean SDEM evaluated on the entire trajectory in Fig.[Ilis 72.6 degrees and
the median is 64.0 degrees. Even the mean SDEM is less than 90 degrees, we may
need to further investigate the detailed distribution of the metric values. The
SDEM distribution of the data set of Fig. Bl is given in Fig. M (a), in which no
SDEM over 90 degrees is observed. Fig. @l (b) shows the SDEM distribution of the
entire trajectory of Fig.[Il In this distribution, almost two-third of SDEM values

* We draw only a half of the total arrows corresponding to GT spots in the figure
to have enough spacing between adjacent arrows so that each arrow can be shown
clearly.
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are less than 90 degrees but also significant amount of spots show inconsistent
results. Note that the median SDEM is normally smaller than the mean SDEM.
This implies more number of data lie below the mean value. The reason why the
average SDEM is bigger in Fig. [l is because the trajectory and the change of
moving direction is more versatile in Fig. [T, which will be explained in section 3

In our experiments, the user GT positions are obtained by GPS and, in turn,
the user moving directions are calculated from the GPS records. Because GPS
position estimation is also erroneous especially in urban areas, the actual user
direction we use can be erroneous. In order to reduce the effect of GPS error
on SDEM, we exclude signal pattern records that are measured when the user
is almost stationary. For example, in this paper, if the instant speed of the user
computed from the two consecutive GPS records is less than 10km/h, the signal
pattern record is excluded.

3 Properties of Signal Dragging

In this section, we enumerate interesting factors which affect the signal dragging
phenomenon: speed, direction change, and BS arrangement.

Correlation with Speed

The speed of a mobile terminal affects the degree of signal dragging. In order
to observe the relation, we compute the correlation coefficient between the ter-
minal’s moving speed (calculated from two consecutive GPS records) and the
(180 — SDEM) I When we test the straight trajectory data set of Fig. Bl whose
average speed in km/h and deviation is 31 and 12 each, the correlation coefficient
is 0.48. We argue this is sufficient to say that the moving speed of terminal is
positively correlated to the effect of signal dragging. In other words, as the ter-
minal moves faster, the signal dragging becomes more notable. Here, we exclude
signal patterns with the screening threshold 4km/h instead of 10km/h in order
to see the correlation between speed and signal dragging more vividly.

Direction Change

Fig. Bl(a) shows the rectangular shaped trajectory of one of our WCDMA data
sets measured in Seoul, Korea, while the SDEM distribution of the data set is
shown in Fig. Bl(b). As shown in the two corners marked by ovals in Fig. Bl (a),
when the mobile terminal turns its direction, the direction estimation arrows
gradually converge to the changed direction of the terminal after some delay.
The arrows finally catch up with the terminal’s direction as the terminal moves
on the straight road about 500 meters after the turn in this example. Thus, if
the terminal changes its direction frequently, the SDEM value tends to increase.
The best case happens when the terminal moves in a straight line for a sufficient
time as shown in Fig.

5 Because SDEM increases as the effect of signal dragging decreases, we subtract the
calculated SDEM from 180 degrees to compute the correlation coefficient.
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We have observed a similar effect of direction change and vector convergence
from many other data sets whose trajectories contain direction changes followed
by straight lines. Those data sets include measurements from not only Seoul but
also from Seattle, USA.

From the way how a mobile terminal updates and maintains its signal pattern,
we may find the factors that attribute this convergence delay. The section [ will
convey the technical backgrounds of CDMA and WCDMA systems related to
this issue.
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Arrangement of BSs

Another interesting property is observed in Fig. @. The white area at the left
bottom of the map indicates a sea in which there is no base stations. Reminding
the way the arrows are drawn, if the terminal is located on the seaside, the
sum vector can only indicate to the inland despite of the terminal’s movement.
If we reverse the sum vector, the final direction vectors will eventually point
toward the sea. This specific arrangement of BSs became the major contribution
to SDEM of this data set of Fig. [d whose mean value is 79.3 degrees and the
median is 65.8 degrees.

In the data sets measured in Seoul, we have observed the similar effect of
uneven (or biased) arrangement of BSs. For example, if the terminal is located

5 The absolute latitude and longitude values are replaced by the relative values due
to the operator’s request.
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on the riverside or on the boundary of urban/rural area, the arrangement of
BSs surrounding the terminal is highly biased toward inland or urban area.
On the contrary, as the arrangement of BSs is closer to uniform, the signal
dragging phenomenon tends to be more notable. Thus, the arrangement of BSs
and the geographical environment greatly affects the efficacy of signal dragging
phenomenon.

Now, we may want to know how much the moving direction of a terminal
causes signal dragging despite of the influence of BS arrangement. Fig. [ and
Fig. B show the both effects of moving direction and BS arrangement. We mea-
sure signal patterns twice on the same road (using same measurement equip-
ments) with two different driving directions opposite each other. For convenience,
we denote one direction as initial direction and the other direction as reverse
direction. If estimation arrows point toward the terminal’s direction in both tra-
jectories, we can say that the signal dragging is apparent and the influence of BS
arrangement is weak. In the example of Fig. [[, arrows in both directions tend
to point the direction the terminal moves toward; however, the efficacy of signal
dragging in the reverse direction (Fig. [ll(b)) is not so apparent, because more
BSs are placed in bottom right of the trajectory than in upper left, though most
BS positions are not shown in the map.

On the contrary, the two-way direction test results in Fig[§ with CDMA mea-
surements show one example where signal dragging hardly happens due to the
uneven arrangement of surrounding BSs. The arrows in FiglBl(a) and Figl&(b)
are similar despite of their opposite moving directions. Although the arrows in
both trajectories are similar, the signal patterns of each direction are differ-
ent enough to affect localization performance. We will discuss the difference in
section [l

4 Implications of Signal Dragging

In this section, we further investigate the implications and the applications of
the signal dragging with a number of example data sets.

4.1 Pattern Matching (PM)

In PM systems [7] [9] [I0] operators collect signal patterns from a number of
selected points in the service area and store them in a pattern database: we call
a signal pattern in the pattern database as a seed. Based on the assumption
that the signal pattern at a certain point is stable temporally and spatially, the
position of a terminal is determined by comparing the terminal’s current signal
pattern (sample) to the database entries and finding the best-matching location.

To see if there exists a difference in the performance of the positioning algo-
rithm by the movement context, we perform PM experiments using the collected
signal patterns in both directions (initial and reverse) of the same road. The seed
and the sample pattern data are collected in the areas in Fig. [l (WCDMA) and
Fig.B(CDMA). A complete description on the pattern distance metric and other
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PM parameters can be found in [9]. We have total four kinds of data sets for each
direction and each radio network (WCDMA and CDMA). We performed eight
different PM experiments using one directional data as seeds and another direc-
tional data as samples for each radio network as the results shown in Table [Il
In the case that the directions in measuring the seed and the sample data are
same, the location error is much smaller than that of the case that the directions
are different. This means the signal pattern can be very different depending on
the moving direction in war-driving.

Table 1. 95 percentile PM errors using different seed and sample data

Seed by Sample =~ WCDMA (meter) CDMA (meter)

Initial by Initial 97.87 86.71
Initial by Reverse 202.80 197.33
Reverse by Reverse 54.86 74.58
Reverse by Initial 115.30 271.21

4.2 Centroid Family

The centroid family contains three localization algorithms: centroid, weighted
centroid, and cell ID. The centroid algorithm generates the resulting position as
the middle point of BSs whose pilot signals are in the signal pattern regardless
of the RSS value of each BS. Whereas the cell ID algorithm simply returns
the position of the reference BS. In case of the weighted centroid algorithm we
compute the RSS weighted average of the given BS positions in a signal pattern
as explained in [§].

Table 2. 95 percentile error results of centroid family algorithms

Data Centroid (meter) Weighted Centroid (meter) Cell ID (meter)
WCDMA Initial 325.37 454.44 462.85
WCDMA reverse 326.56 427.62 527.01
CDMA Initial 2103.77 412.15 274.16
CDMA reverse 1623.28 502.55 335.13

Table 2l shows the localization errors of the centroid family algorithms using
the same data set in PM. We can see the similar error results in both directions
irrelevant of the type of centroid algorithms, which is in contrast to the PM
error results. The reason why the PM and the centroid family shows different
results is that the PM algorithm is based on the similarity between the signal
patterns of seeds and samples but the centroid family algorithms calculate the
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position of a terminal only using the current signal pattern; the centroid family
algorithms do not need to compare the signal patterns. From these results we
can say that the pattern database should be constructed with various terminal
movement contexts considering the direction and the speed.

4.3 Direction Estimation

If the signal dragging phenomenon prevails, the signal pattern shows directional
characteristics to a certain degree. We can leverage this directivity to find out the
terminal moving direction: the direction estimation vector which is the reverse of
the sum vector. As described in subsection [Z2] we have drawn BS vectors stem-
ming from the terminal’s true position (GT) and calculated the SDEM. The GT
position of a terminal, however, may not be available to users in real applica-
tion scenarios. If a terminal is equipped with GPS, we can use GPS results as
GT positions. Otherwise, we should use the result of network-based localization
algorithms as an alternative for the GT in calculating the SDEM. To see the
applicability of signal dragging, we arbitrarily employ the RSS-based weighted
centroid algorithm among the centroid family to find out the position of a ter-
minal instead of GT. The mean and median SDEM of the area in Fig.[Ilis 73.9
degrees and 65.6 degrees each. Comparing with the result of the GT based SDEM
(mean 72.6, median 64.0), this proves the applicability of direction estimation.

To the best of our knowledge, this is the first work to show the possibility of
direction estimation of mobile terminals without depending on previous records
(history) of terminal positions. Only one single instance of a signal pattern cur-
rently available at the terminal is needed for direction estimation.

5 Technical Reasons of Signal Dragging

In order to understand why the signal dragging phenomenon happens from a
technical perspective, we need to investigate the characteristics of cellular net-
work systems we used. In this section, we overview the basics about CDMA and
WCDMA systems focusing on the logical channel structure and the pilot set
management policy. Based on these backgrounds we will discuss the technical
reasons why the signal dragging occurs.

5.1 Basics of CDMA and WCDMA Systems

We start this section from the basics of IS-95 CDMA and CDMA2000 standards
which are used for the mobile telecommunications employing the code division
multiple access (CDMA) scheme. For the communications between the BS and
the mobile station (MS), there are two kinds of links, the forward link from the
BS to the MS and the reverse link from the MS to the BS. We are interested in the
forward link because the signal information from the BS is delivered to the MS
through this link. The forward link consists of a pilot channel, a synchronization
(sync) channel, a number of paging channels, and traffic channels. The pilot
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CDMA signal transmitted by a BS provides a reference for all MSs around. Its
broadcast period is 26.66 ms due to the fixed chip rate. The pilot signals from
all BSs are based on the same pseudo-random binary sequence, but each BS is
identified by a unique time offset of its pseudo-random binary sequence. The MS
processes the pilot channel to find the strongest pilot signals to decide when to
perform handoff. Once the MS identifies the strongest pilot offset, it examines
the signal on its sync channel which is locked to the pseudo-random binary
sequence signal on the pilot channel and obtains the information pertinent to
this particular BS. The MS now attempts to access the paging channel and listens
for system information. After the acquisition of the paging channel, it listens to
the assigned paging channel and is able to receive and initiate the calls.

The paging channel is subdivided into paging channel slots. In non-slotted
mode in which the MS is not saving power, the MS monitors all slots on a
continuous basis, thus paging and control data for the MS can be received in
any of the paging channel slots. In slotted mode, the MS can stop or reduce
processing activities to save battery power during the slots in which the paging
channel is not monitored. The MS can specify its preferred slot cycle using the
SLOT_CYCLE_INDEX field in control messages. The length of the slot cycle, in
units of 1.28 seconds, is given by the two to the power of SLOT_CYCLE_INDEX.
As an example, if the MS selects the SLOT_CYCLE_INDEX as two, the slot cycle
becomes four meaning 1.28 x 4 = 5.12 seconds.

The pilot channels of the BSs identified by the MS, as well as other pilot
channels relayed by the serving BS are continuously categorized by the MS into
four groups.

— Active Set: Contains the pilots whose paging or traffic channels are actually
being monitored or used.

— Candidate set: Contains the pilots that are not currently in the active set.
However, these pilots have been received with sufficient signal strength to
indicate that the associated forward traffic channels could be successfully
demodulated.

— Neighbor Set: Contains the pilots that are likely candidates for idle handoff.
The member BSs are specified in the control or paging channel message from
the BS.

— Remaining set: Contains all possible pilots in the current system, excluding
pilots in the active, candidate, or neighbor sets.

The pilot channels of the BSs move among sets by the basis of the signal strength,
the expiration timer, and the set capacity. The signal pattern information we
obtain is from received signal powers of the pilot signals of the BSs in the above
sets. The more detailed explanation can be found in [14], [15], and [16].
Wideband CDMA is a type of 3G cellular network designed to achieve higher
speeds and support more users compared to the older 2G networks. The similar
channel structure mentioned above is also employed in WCDMA. The primary
and secondary synch channel and the common pilot channel are downlink chan-
nels which carry no user data but perform the similar role as those of CDMA.
The cell search procedure is based on these three fundamental physical layer
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signaling channels available in every cell. The primary synch channel is used to
detect the presence of cells and to give information about each cell’s slot timing.
The secondary synch channel serves as a means of detecting the frame start tim-
ing of cells. Other various channels for the cell broadcast and the data traffic are
designed. Also the set of monitoring cells are maintained for the soft handover.
Like the slotted mode in CDMA, the discontinuous reception (DRX) mode is
supported in WCDMA. The MS may use DRX in an idle mode in order to reduce
power consumption. When DRX is used the MS needs only to monitor one page
indicator in one paging occasion per DRX cycle. The detailed specifications can

be found in [I1], [12], and [I3].

5.2 Why the Signal Dragging Occurs, a Technical Perspective

From the information in the previous section, we can find out the reasons why
the signal dragging happens.

First, the difficulty of synchronizing with a newly found BS makes the mobile
terminal hard to recognize forward BSs. As we have discussed earlier, the pilot
signal is broadcast by the BS every 26.66 ms. This inevitably induces delay time
in reading the pilot signal from a newly found BS, which may be positioned
in the forward direction with a higher probability than the backward direction.
After the terminal gets the pseudo noise (PN) code from the pilot channel, it will
need more time to get the PN offset from the sync channel. In addition, if the
terminal is moving fast, the multipath fading effect occurs severely interfering
the terminal from receiving the intended signals.

Second, if the mobile terminal is working in a slotted mode, it updates its
signal pattern information with relatively long update interval time which is
calculated from the SLOT_CYCLE_INDEX parameter. As explained in the pre-
vious subsection, the terminal becomes awake based on the slot cycle. From our
CDMA measurement data, we found that SLOT_CYCLE_INDEX is set to be 2
in the CDMA terminal used in our measurements. In other words, the update
interval of signal patterns measured in a slotted (idle) mode was about 5 seconds,
which is similar to 1.28 * 22 = 5.12s as explained in the previous subsection.

The third reason of the signal dragging is that the mobile terminal tends to
keep the acquired signal pattern information even after the corresponding BS’s
pilot channel is not detected any more. Once the terminal obtains the necessary
information of BSs, it saves and manages the information according to the pilot
set handling policy. Even the pilot signal strength of a BS in the active set is
weakened below a certain threshold, the pilot information is not excluded from
the four sets instantly but lowered the set position to candidate or neighbor or
remaining set. Moreover in slotted mode, the slot cycle also contributes to the
delayed discard of an old weak signal.

6 Related Work

There has been studies trying to predict the movement context of a user from
the signal pattern. The movement context can be the location, direction, speed,
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and acceleration. The location context has been the primary concern of the
academia and the industry, and the practical level of accuracy satisfying the E911
requirements are achieved using different algorithms [6] [7] [8]. Many people tried
to guess the mobility status of a user from signal patterns in GSM and WiFi
systems [2] [3] [4]. The basic idea is that the signal pattern varies more intensively
as the terminal moving speed increases. This idea is consistent with our findings
in that the signal patterns are varied by the movement context such as the speed
or the moving direction. In order to extract the movement context, two are more
signal patterns are compared, thus they need some history of signal patterns.
But our work differs in the sense that the movement context can be extracted
even from a single instance of a signal pattern.

M. Kim et al. [5] points out the hazards of using war driving trace data.
According to their work, if we just drive and collect signal patterns, we may
not be able to get sufficiently accurate AP position data for the subsequent
localization. Even their work is based on WiFi, we argue that the same thing
can happen in the cellular networks too. Due to the difficulty of getting the
BS database from the provider, the researchers often build their own database,
so called virtual network database [I] [6]. We point out that the errors of the
localization is not just from the incorrect virtual network database but also from
the mismatching movement context between the time of war-driving and that of
the subsequent localization.

Many studies on the metropolitan scale localization have been done in GSM
networks [I] [6] [7] or in WiFi networks [4] [2I]. But we have performed our
whole experiments in CDMA and WCDMA networks. The experimental re-
sults in this paper can help others understand the different properties of the
CDMA/WCDMA networks.

7 Conclusion and Future Work

We have revealed that there is a significant relationship between the signal pat-
tern and the terminal movement context. The signal patterns are very important
sources for the localization, tracking, and network measurement applications.
Thus understanding the nature of the signal pattern is essential for the better
services. We have shown that the signal dragging occurs as an influence of the
terminal movement context using CDMA/WCDMA test data in two cities. We
defined an intuitive signal dragging error metric to quantify the extent of the
signal dragging. Using this metric and its distribution, we exhibited how the
factors affect the signal dragging. The signal dragging phenomenon illustrated
how to augment the current methodology of collecting signal patterns, especially
the war-driving. There can be limitations or hazards of using war-driving data
without the movement context at the time of war driving. We have shown that
the PM accuracy can be greatly influenced by the terminal movement context
whereas the accuracy of centroid family algorithms is not affected. We suggest
that we record the movement context as well as the signal patterns so that we
can improve/analyze the localization accuracy. The signal dragging phenomenon



226 D. Jo et al.

itself also provides a useful direction context of the terminal, which can be a
useful source of the terminal context. On the other hand, we described why the
movement context of a mobile terminal influences the signal patterns based on
the CDMA/WCDMA specifications.

Our work is, to our knowledge, the first analysis on the effect of the movement
context on the signal patterns. We are planning to perform more experiments in
various radio environments such as WiFi and GSM.
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Abstract. One of the most important performance objectives for a localization
system is positional accuracy. It is fundamental and essential to general loca-
tion-aware services. The radio interferometric positioning (RIP) method [1] is
an exciting approach which promises sub-meter positional accuracy. In this
work, we would like to enhance the RIP method by dynamically selecting the
optimal anchor nodes as beacon senders to further optimizing the positional ac-
curacy when tracking targets. We have developed an estimation error model to
predict positional error of the RIP algorithm given different combinations of
beacon senders. Building upon this estimation error model, we further devise an
adaptive RIP method that selects the optimal sender-pair combination (SPC)
according to the locations of targets relative to anchor nodes. We have imple-
mented the adaptive RIP method and conducted experiments in a real sensor
network testbed. Experimental results have shown that our adaptive RIP method
outperforms the static RIP method in both single-target and multi-target track-
ing, and improves the average positional accuracy by 47%~60% and reduces
the 90% percentile error by 55%~61%.

1 Introduction

Many ubiquitous computing applications require deployment of a sensor network
infrastructure to collect a variety of data sensed from the physical world. These sensor
data are then processed to implement different digital services that can exhibit intelli-
gent context-aware behaviors by automatically adapting their services to changing
environments. In order to make correct inference on these sensor data, these systems
require reliable, accurate location information on the observed sensor data. This
brings up the need for accurate location tracking in sensor networks.

To address this need, there have been many sensor network localization systems util-
izing different sensing techniques, e.g., MoteTrack [9], Cricket [10], Spotlight [13],
APIT [14], ENSBox [16], etc. Among them, the radio interferometric positioning (RIP)
method from Vanderbilt University [1] has shown a promising location sensing tech-
nique for sensor network applications. Its main advantages are (1) sub-meter positional
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accuracy (e.g., in the range of tens of centimeters), (2) a long sensing range (e.g.,
50~100 meters between two anchor nodes), and (3) no additional hardware require-
ment (i.e., reusing the same radio module for both communication and localization).

In this work, our innovations come in two parts. First, we have developed an estima-
tion error model for the RIP method, which can accurately predict the amount of esti-
mation error given the relative positions of anchor sensor nodes and (moving) target
nodes. We have also validated the correctness of this estimation error model empirically
from an experimental sensor network testbed. Building upon this estimation error
model, our second innovation is the design and implementation of an adaptive RIP
method that dynamically chooses the best anchor nodes in locating targets and mini-
mizes their positional error. Our experimental results have demonstrated that our adap-
tive RIP method outperforms the static RIP method, improving the average positional
accuracy by 47%~60% and reducing the 90% percentile error by 55%~61%.

The remainder of this paper is organized as follows. Section 2 provides back-
ground on the basic RIP system, and formulates our adaptive tracking problem.
Section 3 derives our estimation error model that can accurately predict the estimation
error in the RIP method. Section 4 presents the design of our adaptive RIP method.
Section 5 describes its implementation. Section 6 explains the experimental setup and
results. Section 7 discusses related work. Section 8 draws our conclusion and future
work.

2 Background on the Radio Interferometric Positioning (RIP)

We first provide a brief background on the original, single-target RIP method, fol-
lowed by our multi-target tracking RIP extension. For a more detailed description of
the original RIP method, we refer interested readers to [1].

A
N

®
B

Fig. 1. The RIP method

The RIP method is a novel way of localizing targets by measuring relative phase off-
set. It is typically realized in a sensor network setting [1], involving at least three anchor
nodes and one target node, all within a common radio communication range as shown in
Figure 1. Among the anchor nodes, two of them, A and B, act as senders and transmit
pure sine wave simultaneously with two nearby frequencies f; and fz. At nearby fre-
quencies, these two signals interfere with each other, therefore producing a resulting
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signal with a low beat frequency | fz — fi |. For example, our experiments using two
MICA2 Motes with 900 MHz radio showed that interference produced a signal with a
low beat frequency around 350 Hz. Two sensor nodes C and D act as receivers and can
use simple hardware to detect the phase of this low-beat interference wave.

Based on the relative phase difference detected on the receivers C and D, a geomet-
ric constraint among the locations of A, B, C, and D can be derived in the following
equation (the details of this derivation is described in [1]):

2r
Ap = 7 (dap — dpp + dpc — dac) (mod 2x) (1
2c . . . .
where A = , A¢ is the phase difference detected by receivers C and D, A is
AT B

the wavelength of the mean carrier frequency of the interference signal, and dyy is the
distance between nodes X and Y. Furthermore, Equation (1) can be reformulated as
follows:

A¢

E A = dspcp (mod 1) , where dapcp = dap — dpp + dpc — dyc 2

In Equation (2), dapcp is also denoted as g,gg.. Due to (mod 4 )-related ambiguity
of dypcp, there can be more than one values of d4pcp satisfying Equation (2). In order
to resolve this d4pcp ambiguity, the system must take multiple measurements (e.g., N
times) at slightly different frequency channels (or different wavelength A,_; y) and
obtain corresponding phase differences 4¢ ;. Since each (4;, A¢ ;) pair provides an

instance of Equation (2), measuring N channels gives N such equations. To see how
well a dypcp value fits this set of equations, an error function is defined below. By
trying different values of djpcp, it is possible to find the best-fit one that minimizes
this error function:

Ad-
error (dspcp) = \/Z(Z—?;;ti —mod(d apcp,4; ) 3)

Consider the example in Figure 2(a), node D is the tracked target, and nodes A, B,
and C are anchor nodes with known locations. Then, d,zcp can be transformed into
the following equation:

dapep + dac—dpc = dap —dpp “4)

After dypcp is obtained by finding a value that minimizes Equation (3), all variables
on the left hand side of Equation (4) are known. The left hand side value can then be
computed and is referred to as f,,,,.. Equation (4) can be further rewritten as follows:

[nmge = dAD - dBD (5)

Equation (5) can be drawn as a hyperbolic curve H,p shown in Figure 2. It is one
arm of a hyperbola with two foci A and B passing through D with the semi-major axis
of the length ,,,,/2. In other words, D can lie anywhere on this hyperbolic curve Hypg.
To precisely locate D, each positioning operation must take a second measurement
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round using a different pair of senders. In Figure 2, the second measurement round
selects nodes A and C as senders, and nodes B and D as receivers. This gives another
hyperbolic curve H,c. The intersection of these two hyperbolic curves (H,p and H,c)
fixes the location of D. In this example, (A, B) and (A, C) are called sender-pair com-
bination (SPC). We can think of each measurement round selects one pair of senders
to jointly localize a moving target.

Fig. 2. Tracking the target D with intersections of hyperbolic curves

Error Components

Since the targets’ locations are estimated from the intersection of hyperbolic curves,
geometric properties of the curves at the intersection points can significantly impact
the amount of estimation error in RIP. The reason is that these hyperbolic curves

52

(a) (b)

Fig. 3. Show the how different SPC selections and their produced geometric factors (the inter-
sectional angle and the displacement of hyperbolic curve) affect the estimation error in locating
the target 7. Figure 3(a) selects {(S1, S2), (S1, S4)} as SPC, and Figure 3(b) selects {(S1, S3),
(52, S4)} as SPC. The black lines represent perfect hyperbolic curves that intersect on the target
T. The gray ones represent hyperbolic curves with the same amount of error added to the g4,
calculation, and intersect on 7”.
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inheritably have error due to imperfect measurements of g, at the receivers. This
error may be amplified to different amount depending on the curves’ geometric proper-
ties. These geometric properties are in turn dependent on the SPC (sender pair combina-
tion) selection. Consider the examples in Figure 3(a) and 3(b). They share the same
spatial layout of sensor nodes but different SPC selection: Figure 3(a) selects {(S1, S2),
(S1, S4)} and Figure 3(b) selects {(S1, S3), (S2, S4)}. The black lines represent hyper-
bolic curves that perfectly intersect at the target 7, whereas the gray lines represent
hyperbolic curves with an error added to the gy, calculation. As shown in these exam-
ples, the same amount of g, error is amplified differently, causing more estimation
error in locating the target T in Figure 3(a) than in Figure 3(b). There are two geometric
factors contributing to this error amplification (positional error is I7” — T1): (1) the inter-
sectional angle formed between H;, and H,, is more acute than the intersectional angle
between H;; and H,,, and (2) the amount of displacement between the black and gray
lines is larger in Figure 3(a) than in Figure 3(b) at the intersection points.

Adaptive RIP Problem Formulation

In the RIP method, since different sender-pair-combination (SPC) gives different
amount of estimation error, we can turn this tracking problem into an optimization
problem as follows. Given a set of infrastructure anchor nodes with fixed known
locations (P;_,), and a target node T sharing the same radio range as these anchor
nodes. Each anchor node can be assigned either a sender or a receiver dynamically.
Define the estimation error as the difference between the actual (ground-truth) posi-
tion and the position estimated by the radio interferometric positioning engine. Design
an optimization scheme in which by dynamically selecting a set of SPC from (P;_,,) to
localize a target minimizes its estimation error.

The SPC selection algorithm mentioned above is described in more details in Sec-
tion 4, which must utilize an estimation error model that can accurately approximate
the amount of error given a specific SPC selection. The following section explains
this estimation error model.

3 Estimation Error Model

Given a specific sender-pair combination (SPC) selection and a target node, the esti-
mation error model can accurately approximate the amount of estimation error from a
RIP engine. To derive this estimation error model analytically, we first identify fac-
tors that contribute to the positional error: (1) g,uee estimation error (qen,,): it comes
from imperfect phase difference measurements at the receivers, leading to the error in
finding the best-fit dygcp from Equation (3); (2) displacement of a hyperbolic curve:
the minimum distance from the deviated hyperbolic curve to the target; and (3) inter-
sectional angle of hyperbolic curves.

To explain how these factors contribute to the estimation error, consider the exam-
ples in Figure 4. First, we describe how depending on the target T’s position on the
curve, a displacement of a hyperbolic curve can cause different amount of estimation
error. In Figure 4(a), the pair of senders (A, B) can produce the perfect hyperbolic
curve H,p under no g, and a slightly displaced hyperbolic curve H,p’ under q,,,,-
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(a) (b)

Fig. 4. (a) The displacement of a hyperbolic curve changing with target location. (b) Positional
error changing with intersectional angle.

If the target is at T, the closest point on H,p’ to T; is T;’. Regardless of how the other
hyperbolic curve intersects with the H,z’, IT;” — T;| becomes the minimum estimation
error in locating T; under g.,.,,- Next, we can observe how the estimation error grows
when the target position moves to 7, and grows even larger when it moves to 7T5.

Second, we want to discuss how the intersectional angle of two hyperbolic curves
can cause different amount of estimation error in locating a target 7. We use the ex-
ample in Figure 4(b). Suppose that the first measurement round produces a hyperbolic
curve Hpg with g,,,,, and the second measurement round produces a perfect hyper-
bolic curve without any ¢,,,,~ Consider two such perfect curves H,p from the pair of
senders (A, B), and H,c from (A, C). From the Figure 4(b), H,s/H,c has a different
intersection point of T;/T,. In addition, we can observe that because the intersectional
angle 8, at T; is wider than the intersection angle @, at T, the positional error of T;is
smaller than the positional error of 7>.

Analytic Expression. We derive the estimation error model as follows. Consider the
node layout in Figure 5, S/~S4 are anchor nodes, and T is the target. The SPC:{(S1,
S2), (83, S4)} gives two hyperbolic curves of H;; and H;, Given g, these two

Fig. 5. Intersection of two hyperbolic curves by using SPC {(S1, S2), (S3, S4)}
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hyperbolic curves intersect on P. Therefore, 7p is the estimation error or the distance
between the target’s ground-truth position 7 and the estimated position P.

To solve for TP, we first define two additional points N and M (shown in Figure 5)
in which they are the closest points to T from H;; and Hj;,. If the target T is not so
close to the focus of the hyperbola, i.e., the curvature of the hyperbola around the
target T is relatively flat, PN and PM could be approximated as straight lines. Under
such an assumption, we calculate 7P by solving the geometric problem shown in
Figure 6. The unknown variables are 7, 7m (namely, the displacement), and intersec-
tional angle 8. Described in the following is the method to obtain the unknown values.

\
Given TN, TM and 6
N Then TP =7
T
B )
P MY | Y
acute angle case obtuse angle case

Fig. 6. Approximate the real positional error by 7P

Model the Displacement of a Hyperbolic Curve. In the first measurement round,
(81, S2) are selected as senders, and (A,T) as receivers. This gives the first hyperbolic
curve Hj,. Since (S1, S2) and A have known locations and 7°s location is unknown,
their geometric relation, by substituting into Equation (2), is as follows:

S]Z(S[X,SI),)
dsisoar =dsir —dsor +dspp —dsg g =drange> WheTe | $2=(52,,82,) -

A=(AAy) ©)
T=(T.T,)
Rewrite Equation (6) by substituting these coordinates:
Grange ~(zp ~dgyp ) = dsgg —dsyg = (T, ~SL, P +(T, =S, P~ (T, =52, +(T, ~52, V. (7

If grange has no error, Equation (7) is a hyperbolic curve which passes through
T(T,, T,). However, when g, is added to g, its hyperbolic curve is displaced from
T. We describe a method to approximate the amount of displacement. Since the only
non-constant terms in Equation (7) are guue and T(T,,T)), q,anee can be written as a
function of T(T,,T,), the gradient of G,e.(T\,Ty) is derived as follows:

Grange T Ty =T, =1, P +(Ty =51, P =T, =52, +(T, =52, + (dsp0 ~dg 1)

(®)
T.-si, 1T,-S2, T,-SI, T,-S2,
Vi range(Te Ty ) = [ x _ Iy x y y _ 'y y J

dsir dsr dsir dsr

X
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By the definition of gradient,

V(T T, )‘ is the maximum changing rate of

Grange(T\, Ty). That is, if target T is shifted by a small ¢ movement, the maximum ¢,
incremental change is g‘vqmngf(rx,rv )( . Equivalently, to produce this ¢..op

Derror is the minimum movement of the target 7 on the displaced hyperbola
‘qunge (T,x 4 Ty )‘

H;,. The minimum movement is a good approximation of TN when Gerror 18 small.

Denote Gerorr a0d Granger( Ty T) aS Gerror A0 Grange( Ty, Ty) measured in the first round,
and gerror2 A0d Grange2( T Ty) S Gerror AN Grange( T, Ty) measured in the second round. By
applying the above approximation to these two measurement rounds, 7y and 7v can
be obtained as follows:

error]

TN = ,
‘qungel(Tx ’ Ty )‘

™ = Gerror2 .
™
‘ lﬁmngez(zpz y )‘ (9)

Model the Intersectional Angle of Two Hyperbolic Curves. The intersectional
angle 8 can be approximated by the tangent slopes for the hyperbolic curves at N and
M (denote as my and my, respectively) :

1+mymy,

than'][imlv ~ My J . (10)

If the coordinates of N and M are known, my and m,, can be obtained. Since we can

approximate TN and TM and the unit vector from 7 to N (which runs parallel
to qunge (T, T, )), we can obtain the coordinate of N(N,, N,) by the following equation:

V (T, Ty )
N(NX,N). ):T(TX,Ty )+ Gerrorl rangel({x:1y .
‘V(Irangel(’rx”ry )‘ ‘Vqrangel(T.\"Ty )‘

(1)

Note that the last term is the product of XN and the unit vector from 7 to N. In addi-
tion, we can obtain M in a similar way:

e Vgl T,)
MM My )=T(T, T, ooz ey

‘qungeZ(Tx’Ty )( ‘Vqrangﬂ(Tx’Ty )‘ (12)

Return to our original problem — solving the length of 7p. First, extend 7v and py to
the intersection point Y to form a triangle as shown in Figure 6. After obtaining the
intersectional angle @, v, and 7v from the above approximation, 7P can be solved
geometrically. (AMTY means the triangle formed by point M, T, Y and ANPY means
the triangle formed by point N, P, Y.)

TY =TM sec6

For ATy ] ' % (13)
MY =TM tan6
NY =PY sin6

For ANPY :{NY =TN +TY (14)

PY =PM +MY
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According to Equation (14), we obtain:

P =py-my= W:@—i- (15)

Substitute Equation (13) into Equation (15):

— TN+TY_WZTN+TM secl

PM = —TM tan@- (16)

sin@ sin@

Apply Pythagorean Theory to ATMP and combine with Equation (16):
Pr=\pPr’ +1u’

— 2
—\/[TN+TM Xece—mtanej +W2,

A7)

sin@

Finally, we substitute Equation (9) into Equation (17) to obtain the final estimation error:

2
Derrorl derror2

+ secl
— | Fronger Ty ] [Varangen (T Ty ) . {
an

T = _ 4error2
sing ‘qungeZ (T, Ty )

2
Gerror2 } ’ (18)

‘V‘] range » (T, Ty )

If the intersectional angle € is obtuse, there will be some minor differences in the
deduction from Equations (13) ~ (17). However, despite these differences at the in-
termediate steps, the solution to P7 is still the same as in Equation (18).

Experimental Validation of Estimation Error Model
We have designed and conducted two experiments to validate the correctness and accu-
racy of the estimation error model derived above. These two experiments differ on what
parameters, in the estimation error model, are considered as known (observable) values
or not. For example, at localization runtime, the values of g.,,,; and g,,,,,» are not ob-
servable, since they would require the knowledge of the target’s ground-truth position.
To approximate these g, values, we introduce a calibration phase prior to runtime
when samples at known locations are collected. Then the average lg,,,,| is calculated,

. s, . s,
Ty
,’\. T JJ
Ny
s, o . Py H,
H14

Fig. 7. Four estimation positional errors utilized lg,,,,,| from the calibration phase
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and it can be used as the magnitude of ¢,,,,,; and g.,,,,» in our estimated error model.
Note that the sign (+/-) for g,,or; and G0z 18 unknown. Therefore, for each position
estimation, there are four possible plus/minus combinations of g.,,,,; and g,,,,2. Con-
sider the example in Figure 7. For the target T, H;, and H;, are the hyperbolic curves
created from the sender pairs (S;,S,) and (S;,S,) with no g,,,,,» When different combi-
nations of plus/minus ¢.,,,; and g, are substituted into our estimated error model,
we obtain four estimated positions (7; ~ T,) and estimation errors (1T — T}, IT — T>l, IT
— T;l, and IT — T,l). We then use the average of these four estimation errors as the
target’s estimation error.

In our experimental setup, six anchor nodes were placed uniformly on the ring with
ten meters radius. Five targets were placed insides this circle. We measure these target
nodes with 7 different SPCs. For each SPC, about 50 samples were collected. Since
we had the ground-truth location of each target, the magnitude and sign of ¢.,,,, and
the estimation error were determined. Using these data, we validated the correctnesss
of our error prediction model by comparing the real error and the estimation error.

All Parameters Known Case. This case considers all the parameters in the estima-
tion error model are known. Although this is unrealistic, we conducted this experi-
ment for the purpose of verifying the correctness of our estimation error model.
Figure 8 plots the real ground-truth error vs. the estimation error (p,,,,) calculated
from our model in Equation (18). The red line plots a perfect diagonal line represent-
ing perfect error prediction, and the blue dots are our measurements. The results show
that our estimation error model is accurate as it falls within 6 centimeters from the
real error 90 % of the time.

T
+ All-known Case
—Perfect Case

Sk 3 4

Real Error (meter)
&) w IS
T T T

3
1 L

X
T
3
I

0 0.5 | 1.5, 2 2.5 3
Estimation Positional Error (meter)

Fig. 8. Validation of the estimation error model in the all-parameters-known case

Runtime Case. At runtime, the system has no knowledge of the actual g,,,,,; there-
fore, we use the average q.,,,, obtained from a calibration phase, which is 26 centime-
ters, in estimation error model. Figure 9 plots the cumulative density function (CDF)
of the difference between the real error and predicted error from our estimation error
model. The average difference is 35 centimeters, which is not as good as in the All-
Parameters-Known case, but sufficient for our error estimation purpose.
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Fig. 9. CDF of the estimation error for the runtime case

4 Design of the Adaptive RIP Method

The design of our adaptive RIP method is shown in Figure 10. It consists of following
components: (1) adaptive SPC selection algorithm, (2) the estimation error model, and
(3) the radio interferometric positioning engine. In the first step, the adaptive SPC se-
lection algorithm is invoked to find the optimal anchor nodes as sender-pair-
combination (SPC) that can locate mobile targets most accurately. To find the optimal
SPC, the adaptive SPC selection algorithm currently performs an exhaustive search
through all possible SPCs, and selects the SPC that gives the minimal estimation error.

Predicted Error
v
Estimation Error Model | Adaptive SPC Selection Al-
N gorithm
SpC +
T Radio Interferometric Posi-
Layout of infrastructure an- tioning Engine
chor nodes

v

Location estimation
Fig. 10. System architecture of our adaptive RIP method

Specifically, for each unique SPC combination, the adaptive SPC selection algorithm
invokes the Estimation Error Model in Equation (18), and calculates its corresponding
estimation error. There are three notable details here. First, the exhaustive search strat-
egy is still computationally manageable in our small testbed of 6 anchor nodes, because
the estimation error computation is relatively straightforward and the number of differ-
ent combinations (which grows proportional to the number of anchor nodes within the
same radio range) is relatively small with 105 combinations. Second, when tracking
multiple targets, the Estimation Error Model computes an error for each target. If an
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application considers equal importance to all targets, an optimal SPC minimizes the
aggregate error from all targets. Third, the Estimation Error Model requires the knowl-
edge of the approximate locations of mobile targets, which be obtained by using the
most recently estimated locations of the mobile targets. When the optimal SPC is se-
lected, the system invokes the RIP engine to obtain the locations of targets.

5 Implementation of the Adaptive RIP System

Our adaptive RIP system has been implemented on MICA2 Motes with 900 MHz
radios made by Crossbow Inc. One MICA2 Mote connects to a laptop with MIB520
programming board and relays phase measurement packets to a positioning engine
developed in Java. The MICA2 Motes are running TinyOS. We modified the Radio
Interferometric Positioning (RIP) engine [20] released by Vanderbilt University and
ported it to 900MHZ MICA?2 Motes. In addition, we extended the RIP engine to im-
plement multi-target tracking. In each measurement round, the base station (PC) sends
a command with selected SPC information to all sensor nodes. After time synchroni-
zation is performed, the selected sender nodes transmit sine wave in predefined carrier
frequency. At our test site location in Taiwan, the frequency band of GSM-900[11]
also happens to be around 900MHz, overlapping with a part of MICA2 radio chan-
nels. To avoid interference from the GSM-900 up/down link channels, we selected 18
carrier frequencies between 821.277MHZ to 921.337MHZ whose ranges are away
from GSM-900 channels. At the end of each measurement round, receiver nodes send
back their phase measurement data to a base station. After the RIP engine collects
phase measurement data from receivers, it estimates targets’ locations.

6 Experimental Results

We conducted two experiments to evaluate the accuracy performance of our adaptive
RIP system in a real sensor network environment. The first experiment tested the
single-target tracking, whereas the second experiment tested multi-target tracking.
Both experiments were performed on a square near the sport stadium of Nation
Taiwan University, which is shown in Figure 11. The tracking area is a circle with

Fig. 11. Experimental setup
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(a) the static RIP method (b) the adaptive RIP method

Fig. 12. Results of static RIP method versus our adaptive RIP method. The blue line is the
target’s movement path. Blue dots indicate the target’s ground-truth positions at location sam-
pling time. Red dots show the estimated positions from static/adaptive RIP method.

10-meter radius. Six infrastructure anchor nodes were deployed uniformly on the ring,
and their locations (A~F) are marked in Figure 12(a).

Single-Target Tracking Experiment. The first experiment tracked a single target,
which was a person carrying a MICA2 Mote and walking under normal speed. His
movement path is plotted as the blue line in Figure 12. This path was walked repeat-
edly 5 times for a total distance of 37 meters.

To show that our adaptive RIP can improve the positional accuracy of the original
static RIP method, we repeated this experiment twice, once using the static RIP
method and once using our adaptive RIP method, and then compared their positional
accuracy results. Figure 12(a)/(b) shows the result from the static/dynamic RIP meth-
ods. For the static RIP method, two pairs of senders are selected a-priori and fixed to
{(B,C), (C,F)} regardless of the changing position of the target. Blue dots indicate the
target’s ground-truth positions at the time of location samples, and red dots show the
estimated positions from each of the RIP methods. Figure 12 shows our adaptive RIP
method tracks the moving target more accurately than in the static RIP method.
Table 1 shows the average positional error and the amount of improvement of our
adaptive RIP method over the static RIP method: 47% reduction in average error and
55% reduction at 90% percentile error.

Table 1. Result comparison between the static and adaptive RIP methods in single-target tracking

Average error (meter) 90%-th percentile (meter)
Static RIP 0.93 1.66
Adaptive RIP 0.49 0.75
Improvement 47% 55%

Multi-target Tracking Experiment. The second experiment tracked six targets. The
first five targets are stationary with their locations marked in Figure 13(a). The 6"
target is mobile and follows the same movement path as in the first experiment.
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Fig. 13. Experimental setup and result of multi-target tracking experiment

Similar to the first experiments, we want to show that our adaptive RIP method can
improve the positional accuracy of the static RIP method. Therefore, we repeated the
experiment twice, once using the static RIP method and once using our adaptive RIP
method, and then compared their positional accuracy results. Figure 13(b) shows the
average positional error for each target using the static/adaptive RIP methods. Our
adaptive RIP method reduces the average positional error in all the 6 targets. Table 2
summarizes the results, showing our adaptive RIP method with 60% reduction in
average positional error and 61% reduction at the 90% percentile error.

Table 2. Performance result comparison between the static and adaptive RIP method in multi-
target tracking

Average error (meter) 90%-th percentile (meter)
Static RIP 0.75 1.41
Adaptive RIP 0.30 0.54
Improvement 60% 61%

Table 3 provides insight into why our adaptive RIP method works better than the
static RIP method. At a specific time point, estimation and real errors were recorded for
6 different SPCs as if each of them were used for positioning targets. They showed a
wide range. The largest estimation/real error is 1.00/0.89 meter(s), which is 4.2/4.0
times of the smallest estimation/real error 0.24/0.22 meter. Our adaptive RIP method
would select the optimal SPC#6, whereas the static RIP method could pick any SPC.

Table 3. Average estimation/error for locating each of five stationary targets using different
SPCs

SPC # 1 2 3 4 5 6
First Sender Pair (D,E) B, | B0 |AO | BE | (AD
Second Sender Pair (D,F) (C,D) | (C,F) B,D) | (CF) | (B,E)

Average estimation error (meter) | 1.00 0.84 0.60 0.37 0.33 0.24
Average real error (meter) 0.89 0.89 0.74 0.63 0.37 0.22
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7 Related Work

The most relevant related work is the Radio Interferometric Positioning (RIP) method
from Vanderbilt University [1][2][3][4]. It is a novel way of localizing targets by
measuring relative phase offset with inexpensive hardware on sensor nodes. They
proposed a tracking system called in Track [3] based on the RIP method. Their result
shows that, in 80 meters x 90 meters area, it can track a moving target with sub meter
accuracy. Furthermore, they have developed mTrack [4] to track multiple targets
simultaneously. However, as the number of moving targets increases, mTrack may
not be able to provide good positional accuracy to all moving targets with fixed
sender pairs. This motivates our adaptive RIP method that dynamically selects sender
pairs given the approximate positions of targets.

There are many other sensor network positioning systems. In general, they can be
classified into two broad categories of ranging-based and ranging-free methods.

Ranging-Based Methods. They commonly require signal communications between an
anchor observer and a locating target. The major differences among them are the cali-
bration methods and the usage of signal sources, such as sonic, ultrasonic, infrared,
camera, RF, etc. For example, Acoustic ENSBox [16] develops a distribution acoustic
sensing platform, which an acoustic embedded networked sensing box can be rapidly
deployed and perform self-calibration. It claims to achieve 5 centimeters positional
accuracy in a partially obstructed 80mx50m outdoor. Given that signal propagates with
constant velocity, TOA (time of arrival) methods [18] estimate distance by measuring
the signal propagation time. AOA (angle of arrival) [19] is a network-based solution
that exploits the geometric property of the arriving signal. By measuring the angle of the
signal’s arrival at multiple receivers, it is able to provide an accurate location estimation.
TDOA (time difference of arrival) [17] is also network-based. It infers distance by
measuring the time differences. Some hybrid approaches of TOA, AOA, and TDOA
have been proposed [5].

Another class of techniques measures the received signal strength indication
(RSSI). These techniques exploit the decaying model of electronic-magnetic field to
translate RSSI to the corresponding distance [6] [7] [9]. Also, the frequency bands
used for transmission vary. For example, the well-known RADAR system [8] uses the
radio frequency (RF). LADAR and SONAR use the visible light and the audible
sound bands respectively. LADAR, SONAR, for instances, analyze the signal re-
flected from the object to estimate location. A recent innovation, Cricket [10], takes a
hybrid approach, using both the RF and ultrasonic bands. But, the propagation charac-
teristic is irregular under real environment [15]. Localization systems using RSSI
information suffer from these problems and usually give meter-level accuracy.

Range-Free Methods. They are not based the range estimation between anchor nodes to
localize targets. For example, APIT [14] estimates location of targets based on the con-
nectivity information to anchor node with known location. The more anchor nodes are
deployed, the narrow area that this technique could locate. In other words, the accuracy
highly depends on the deployment density of anchor nodes. There is a class of techniques
that detect the sequence of some artificially generated events from an event scheduler.
For example, Spotlight [13] and Lighthouse [12] correlate the event detection time of a
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sensor node with the known spatiotemporal relationship. Then, the detection events can
be mapped into a possible position. However, it is relatively difficult to generate and
disseminate these events to a large-scale area, especially considering calibration efforts.

8 Conclusion and Future Work

In this paper, we have designed, implemented, and evaluated an adaptive RIP method
that can enhance the positional accuracy of the static RIP method [1]. The adaptive
RIP algorithm is based on the Estimation Error Model that can accurately predict the
positional error of RIP method, given a specific SPC selection and the approximate
location of a target. We have analytically derived the Estimation Error Model, which
was then verified with its correctness through real experimental results. Furthermore,
we have built upon this Estimation Error Model to devise an adaptive SPC (sender-
pair combination) selection algorithm that dynamically finds the most optimal SPC
according to the changing locations of targets relative to anchor nodes. Our experi-
mental results show that the adaptive RIP method outperforms the static RIP method
in both single-target and multi-target tracking, improving the average positional error
by 47%~60% and at the 90% percentile error by 55%~61%.

For our future work, we would like to pursue several directions. One direction is to
better estimate ¢.,,,,, because using an average value as g, in the Estimation Error
Model is not so accurate. One possible improvement is to find a way to model the
distribution of g,,,,, at a finer-grained level, as well as further analyzing factors caus-
ing g.rror, SUch as multi-path fading (environmental factor), receiving power of inter-
ference signal (deployment factors), etc. Considering these factors can help improving
the prediction accuracy of our Estimation Error Model.
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Abstract. Many context- and location-aware applications request high accuracy
and availability of positioning systems. In reality however, knowledge about the
current position may be incomplete or inaccurate as a result of, e.g., limited
coverage. Often, position data is thus merged from a set of systems, each
contributing a piece of position knowledge. Traditional sensor fusion
approaches such as Kalman or Particle filters have certain demands concerning
the statistical distribution and relation between position and sensor output.
Negated position statements ("I'm not at home"), cell-based information or
external spatial data are difficult to incorporate into existing mechanisms. In
this paper, we introduce a new approach to deal with different types of position
data which typically appear in context- or location-aware application scenarios.

Keywords: Location inference, probability model, position data fusion.

1 Introduction

To detect context from the user's current location, position information ideally has a
high precision and is constantly available. Many positioning systems, however, have a
limited coverage and availability. E.g., GPS does not work indoors and often fails in
city centres. Indoor positioning systems only cover some rooms or buildings. Systems
with a higher coverage (e.g. based on mobile phone cells) are often inaccurate. In
reality, we thus receive a number of incomplete pieces of position knowledge such as:

e [ currently receive WLAN cell ABC;

e checking my IP address, I know, I'm not at home;

e one minute ago, I received GPS position XY, and I have a maximum speed of
5 km/h as pedestrian.

We call such statements location predicates. We often still have uncertainty about the
actual position, but we can at least mark some positions as probable. A location-
aware application could request the most probable positions(s) based on incomplete
knowledge to detect the context.

One research field that traditionally deals with different position information is
robotics [1, 22]. Based on odometers, ultrasonic distance measurement and cameras, a
mobile robot computes the most probable location (often indoors). Established
approaches to compute a position from these sensors are Kalman or Particle filters.

J. Hightower, B. Schiele, and T. Strang (Eds.): LoCA 2007, LNCS 4718, pp. 245 2007.
© Springer-Verlag Berlin Heidelberg 2007
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Even though these approaches are widely used, they often cannot be applied to mobile
user scenarios due to significant differences: First, potential positions cover the entire
Earth's surface and not only rooms or buildings. Second, position data are more
complex from the viewpoint of statistics; especially we have non-Gaussian distributed
sensor values. Third, we have to access external spatial data such as road maps. These
differences highly complicate the task of position inference.

In this paper, we introduce a new mechanism that deals with these issues. As a first
idea, every piece of position information is modelled by a standardized data structure
that reflects the corresponding knowledge. Second, a mechanism processes this
information and constructs a structure that represents the position probability for
every location. Third, most probable positions (local maxima or centroids) are derived
from these result structures.

2 General Considerations and Related Work

Any piece of information about the position such as

not to be at home,

a GPS receiver measured position XY,
to drive on a road or

to reside anywhere in the GSM cell ABC

affect the probability to reside at a certain position. Actually, the current position is
not a random variable in the traditional sense, as it is fix but unknown. We thus
formulate the problem as follows: given a position; what is the probability to get the
specific list of predicates? In the case of continuous random variables, the probability
of any single discrete event is in fact 0. Thus, the probabilities of all positions are
represented by a probability density function (pdf). Strongly related to a pdf f, there
exists a cumulative distribution function (cdf) F with

PX<x Y<y)=Fley)= | | flab)dbda (1)

—o0 —o0

for a position (x, y) and random variables X, Y. In principle, we could express the
information about the location by a cdf. But as pdfs in contrast to cdfs have small
values (or even zero) for improbable positions, approximations that precisely reflect
the knowledge require far less memory. Most approaches to model position
information by probabilities thus use pdfs.

We first consider a fix point in time and further assume that we collect position
information represented by a set of independent predicates z;. According to the
equation of conditional probabilities (Bayes rule) we get

[1/G10f»)
H f(z)
which describes the position density according to the new information. As f(z;) does

not depend on x, we can consider the denominator as constant. Thus, we do not
actually compute f(z;) and instead normalize the numerator to fulfil

fxlzy.z,)= 2)
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[fxlzy.z,)=1 3)

Here, f(z; Ix) describes the predicate's general character, e.g., the error probability of a
GPS sensor. This distribution is predefined and does not change over time, thus can
be precomputed for each predicate.

If we had zero position knowledge (uninformative prior), but only rely on the given
predicates, the equation simplifies to

fxlzyz)=c-T] f(z 1x) where ¢ = (4)
[TIf 10

To consider multiple predicates at a single point in time, we thus mainly need to

multiply densities.

To model motion over time, we have to consider a density that represents the
position knowledge for position p at a time ¢, say f{(#;, p), and a second density that
represents relative movement by p,, say g(t1, tp, pa). The resulting density at time 7,
can be computed using the convolution equation

Sy, p)=[f(t1,p=pp)g(t ts, paXpa (5)

Note that the integral is already one, thus no normalization is required.

Equations (4) and (5) form the basic toolset for any probability computation of
position data. To compute densities at runtime, we have to approximate densities or
assume simplifications. There exist two basic approaches:

e We assume only Gaussian densities and a linear dependency between states. As the
two basic equations then significantly can be simplified, we get closed formulas.
The Kalman filter is based on this idea.

e We approximate complex densities with the help of simple densities. The most
popular example, the Particle filter, approximates any density by a sum of so-called
particles which actually are Dirac densities. Dirac densities have an infinite value
at the given point, 0 elsewhere and an integral of 1.

At this point, we briefly present these approaches.

2.1 Kalman Filters

The Kalman filter [13] is considered as one of the most important mathematical
formalisms that deal with positioning. Detailed descriptions can be found in [9, 20].
The Kalman filter assumes a state vector x with arbitrary dimensions. For our
scenarios, the state contains typical spatial state information, i.e. the position, but also
orientation, speed and acceleration [2, 7, 10]. The state is unknown, but Gaussian
distributed measurements y indirectly reflect information about the state. Further, two
states at different points in time are linearly related, expressed by a matrix.

A resulting probability density for x is Gaussian distributed expressed by a mean
(the most probably state) and an error, expressed by an error covariance matrix. A
computation step contains a fime update phase based on equation (5) and a
measurement update phase based on equation (4). For the assumptions made for
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Kalman filters, the equations can be simplified to a few matrix multiplications and
one matrix inversion. These computations can be performed efficiently, even on small
computers or embedded systems.

2.2 Particle Filters

Particle filters [5, 8, 11] use a set of particles; each presents a specific potential state.
A particle contains a state vector p; and a weight w; which reflects the probability
density for this state. A probability density f can be approximated by

N
f(p)z%ZWﬁ(p—pi) (©6)

i=1

where 0 is the Dirac delta density. In principle, a particle can have multiple
dimensions, but in contrast to Kalman filters, too many dimensions dilute to result.
Typical state vectors only have three dimensions (e.g. 2D position and orientation).

The so-called Motion Model that follows equation (5) moves all particles according
to the relative movement density. This indirectly computes a convolution. The
Perceptual Model that follows equation (4) assigns new weights according to multiple
measurements at a point in time. This indirectly computes multiplying densities.

Particle filters support a huge variety of densities. Increasing numbers of particles
improve the precision, but also increase the required memory and processing time.
Particle filters also have to face the degeneracy problem [4] where all but one particle
have a weight near 0. Approaches such as Sequential Importance Sampling (SIS) [6]
and Sampling Importance Resampling (SIR) [19] counteract this problem applying a
resampling step to particles.

2.3 Further Representations

Further representations of position knowledge are grids, points and areas. The
Position Probability Grid [3] stores the density values for equidistant positions. Grids
require a huge amount of memory space and the potential positions are limited by the
initial grid border. Thus, this approach is inappropriate for our intended scenarios.

The Area model [15, 18] could be viewed as a simple statistical representation
where the area border separates two regions with a uniform distributed position
probability — inside the area the integral of probabilities is 1, outside it is 0. The
computations based on this idea are quite simple (using the geometric intersection),
but this simplification significantly dilutes the position knowledge, especially for
Gaussian distributed sensor information.

The Point model is the simplest approach to model location knowledge. For any
sensor input it only stores the most probably corresponding point in space. This
approach is only reasonable, if all positioning systems have a high accuracy and
measured values are distributed with a certain mean (i.e. this prohibits COO). Even
though it is very unlikely that the measured and the true location are identical, this
approach sometimes is useful: multiple pieces of position information can be
processed using a weighted average. To promote more accurate sensors, the reciprocal
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value of the measurement variance can be used as a weight. For our intended
scenarios, this approach does not provide sufficient expressiveness.

2.4 Discussion

A system that infers knowledge about the positions in order to detect context
information or to support location-based services has to meet the following
requirements [18]:

e As many approaches to determine the current position based on the cell of origin
(COO0), such information has to be considered. Beyond a certain distance to an
access point (especially outdoors), signal strengths do not significantly extend
knowledge about the position [21], thus we often use the entire cell as set of
potential positions.

e A reasonable approach must be able to consider multiple alternative potential
positions. E.g., consider a user is at the crossroads to two streets going in nearly the
same direction. Further assume that the position data is not precise enough to
detect the choice. For a certain time, we thus have to consider both paths for
potential positions until further information determines the choice.

e Negated information should be modelled. E.g., the current IP address may indicate
that an end-user device does not reside a home. Not to reside somewhere means to
reside nearly anywhere in the world and a nearly infinite space of potential
positions has to be considered.

e External spatial data should be integrated. A huge amount of spatial information
(e.g. roadmaps, information about places) may only be accessible over network.
An appropriate algorithm must be able to download additional spatial data at
runtime. This especially means to limit the search space for data lookup as not an
entire spatial database can be downloaded.

We now check how existing approaches meet these requirements.

If position data meet assumptions described in section 2.1, the Kalman filter
extracts the maximum information about the position. Unfortunately, in some typical
scenarios these presumptions are not valid:

e COO measurements do not provide a Gaussian density with a certain mean;

e negated information cannot be modelled at all;

e alternative potential paths cannot be modelled as the system always assumes a
single probable position;

Particle filters relax some of the assumptions. Especially, they can follow alternative
paths as some particles model one alternative and further particles a second one.
However, if the number of parallel alternatives increases, the average number of
particles decreases and thus the overall precision. Note that at least one particle has to
be selected that follows the actual (but unknown) path of real positions. Thus, an
appropriate number of particles has to be chosen beforehand to anticipate potential
alternatives.
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With a sufficient (usually high) number of particles, COO measurements can in
principle be modelled. The negation, however, is difficult to express if we do not limit
the potential space. Finally, both types of filters have their problems with external
data as they expect to access all spatial information locally.

Surprisingly, from the approaches described above, the Area model meets a high
number of requirements:

e we can model COO measurements using the cell border as modelled area;

e we approximate Gaussian distributions by, e.g., the range of 95% measured
positions (the so-called 2dRMS area for GPS [14]);

e we can describe negations using borders that mark the outer area;

e we can easily load additional data using the area as spatial index.

The main drawback of the Area model is that after a few steps, the precision
decreases dramatically and important information is destroyed. We thus looked for a
new approach that on the one hand combines the benefits of the Area approach and on
the other hand provides sufficient precision.

3 The MAP® Approach

MAP’ (Multi-Area Probability-based Positioning by Predicates) introduces a new
approach that deals with problems of comparable approaches described above. The
main idea:

e Any piece of information about the location at any point in time is mapped to a
location predicate. As predicates form a kind of universal interface to any
positioning system, they easily can be integrated into existing location driver
structures such as the Nimbus VPS [17, 18] or the Location Stack [12].

e A predicate is mapped either to a probability density representation (for a predicate
that describes a location of a single point in time) or a convolution operation (for a
predicate that describes movement between two points in time).

e If all predicates are processed, we get a set of densities — one for each considered
time stamp. The application now can select a specific point in time.

e Depending on the application, the most probable location (the centroid) or a set of
local maximum values is computed.

Fig. 1 presents the corresponding data flow. Important: we execute density operations
(e.g. multiplication, convolution) with the help of geometric operations widely known
in the area of spatial modelling. For this, so-called simple features [16] are used for
which efficient software libraries are available. From the variety of geometric objects
(e.g. points, line strings) we only require the multipolygon with holes (mph) that
represents the most common approximating two-dimensional structure. An mph
contains a number of polygons representing the surface. Each of it in turn contains a
number of polygons that represent the holes in the surface.

We assume that spatial information is represented in two dimensions. Table 1
presents a selection of considered predicates. We can easily extend this list in the future.



Inferring Position Knowledge from Location Predicates 251

Pieces of Location
Knowledge

"Not at home"
"On a road"
GPS Location XY
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Pos(, ...)
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Probability
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(one per point
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mph selecf_ point v

External
Spatial

Data
Position(s)
Fig. 1. Data flow in MAP?
Table 1. List of predicates
Predicate Meaning Example
Pos(t, x, y, G, Gy, P) Gaussian distributed 2D-position GPS
Dist(t, p,, py, d, ©) Gaussian distributed distance d to a | Runtime or signal strength
fix point (p,, p,) measurement to a base station
Nearer(t, p, py, d) The distance to a fix point (py, py) is | Circular cell
below d
InPoly(t, poly) The location is inside a polygon. Map matching — car must

reside on roads

Dir(t, p,, py, 04, 0, m) | From the viewpoint of (p,, p,) the Segmented antenna

position has a direction inside [,
0, ], maximum distance m

MaxSpeed(t,, t,, v) Maximum speed in this time interval | Pedestrian with a maximum

walking speed

Some remarks:

o,, 6,, ¢ are standard deviations of the respective Gaussian distribution, p the
correlation coefficient.

t denotes the predicate's time (i.e. of the underlying measurement), r,, t, describes a
time interval.

MaxSpeed and InPoly can be defined without any point in time. In this case, they
are considered as always valid.

Some predicates (details see section 3.2) can be modified using the Nor modifier,
which means that the opposite fact is true. E.g., Not(Nearer(t, p,, py, d)) means, the
distance to the fix position is equal or more than d.

Fig. 2 illustrates the respective densities. As MaxSpeed leads to a special case relating
two points in time, it is not shown here (see later). According to the considerations in
section 2 we need at least the following operations on densities: computing the
centroid and maximum values; multiplying two densities (see equation (4)) and
convolving two densities (see equation (5)).



Fig. 2. Predicate densities

A density representation should allow the efficient execution of these operations. In
addition, the input densities and resulting densities for (4) and (5) should precisely be
presented. The MAP® approach represents a density f with the help of areas as follows

A n
F(p)=f(p)= 2w A(p,mph;) (7)
i=1
In this equation
p describes a point in space (x, y),
n denotes the number of areas that approximate the density,
w; denotes a constant weight of an area,
mph; denotes the geometric description of an area and

1 if pe mph
e A the function A(p,mph)=
0 otherwise

(we can consider A as the characteristic function of mph).
To be a density, f has to cover a volume of one, i.e. z:':l w; '|mph,-| =1. Here Imphj|

denotes the surface area of the multipolygon, i.e. |mphl-| = IA( p.mph;)dp .
Two different variations fulfil equation (7):

e Variation 1: mph,_; < mph; for every i>1, i.e. we have an ordered list of areas by
their size and each area is fully embedded into the next area.

e Variation 2: mph; "mph; = for every i# j. We have an ordered list of areas
by their weights (from low to high).

The two variations and their influence on the weights are illustrated in fig. 3. Both
variations have their pros and cons that we discuss from the viewpoint of variation 2.
The advantages of variation 2 are:

e Each point p is enclosed by zero or one polygon, thus computing f (p) is very

easy. That is why the computation of maximum values also is simple.
e Multiplying densities, two areas that do not overlap do not contribute to the result.
Thus, the multiplication has an efficient realization.
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Variation 1

i

f mph,

mph,
ﬁ — mph,

W,

| i

Variation 2

f mph, mph
2 mph,
B3
dl P [k

Fig. 3. Variations to present densities with the help of f

Drawbacks of variation 2:

e Convolving two densities is more complex (see section 3.4).

e Comparing a variation 1 representation for the same density, variation 2 has to
encode additional holes. Thus, the memory space to store the mphs nearly doubles
compared to variation 1.

As these arguments nearly counterbalance, we introduce a further property into the
discussion: the resampling operation. Typical multiplication and convolution
operations increase the number of areas, thus, we need a resampling step that joins
similar areas to a single area. We know an analogous operation for Particle filters.

We conducted a number of experiments with different resampling operations,
coded for the two variations. The only suitable resample operation that is both
efficient and does not remove too much information is based on variation 2. Its idea is
to unite areas that have similar weights:

resample (density d) :
as long as d.n>maxArea
look up area k with |a’.wk —d.wk+ar€aDecr_1| minimal

k+areaDecr—1
create new area with mph,,, < (Jd.mph;
i=k
k+areaDecr—1
and w,,, <—[ > W, -|d.mph, |] /[ mphye,|
i=k
replace area k by the new area
remove areas k+1 ... k+areaDecr-1 from d
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In this algorithm d.n denotes number of areas in the density, d.mph; the multipolygon
for area i, and d.w; the weight of area i. This algorithm further requires two constants:
maxArea — the maximum numbers of areas allowed in a density and areaDecr — the
number of areas that are united in a single resampling step.

Based on the considerations above, especially an effective resampling mechanism,
we chose variation 2 for the density representation.

3.1 Multiple Predicates at a Single Point in Time

According to equation (4), we have to multiply all densities representing the same
time. After normalizing, we then get the result density. For two approximated

densities f;, f, we use the equation

f] : fz =c- [zlwliA(mphli )J ’ [iWZiA(mth )J
i=1 J=1

®)

n
. Wliwsz(mphli mmph2j)
1 j=1

n

I
>
5

12

where mphy; "mph,; is the geometric intersection of two areas and ¢ the

normalization factor.

Some remarks on efficiency: First, only those mph;, mph,; that overlap contribute
to the result, thus an efficient algorithm first tests this, before the actual intersection is
computed. As the overlapping test knows efficient implementations (e.g. using
bounding boxes), this approach is reasonable.

Second, we have predicates that only contain a single area (e.g. Nearer). Such
predicates can efficiently be multiplied by another density as the overall number of
areas does not increase.

Third, even though we get O(n;n,) resulting areas, the actual number of
overlapping mphs is far less than n;n,. Note that low numbers of areas, e.g. 10, lead
to sufficiently precise results, thus typically 20-50 areas are included in the result. But
as the result may be input for further multiplications, a resampling step is required.

The multiply algorithm can be sketched as follows:

multiply (density d,, density d,) :
result < &
for i=1 to d;.n do
for j=1 to dyn
if dy.mph; "dy.mph; #Q

create new area with mph,,, < d,.mph; "d,.mph;

new

and Wy, < d;.w;-d,.w;
add new area to result
normalize result

resample result
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To normalize the result, we sum up the surface areas multiplied by their weights, i.e.
compute [ < Y w; |mphl-| . We then adapt all weights w; <= w; /1.

3.2 Modelling Negations

The Not modifier negates a predicate. Usually, this means to specify a very large area
of possible positions by a single density. E.g., Not(Nearer(t, py, p,, d)) specifies all
positions outside a given circle. We can consider this area as infinite, even though in
reality, the respective area is limited by the Earth's surface. This means that the actual
probability density at any given point is in fact 0, i.e. meaningless.

More formally: if F is the cdf and f the pdf of a predicate, the negation can be
expressed by

Xy
1-PX<x,Y<y)=1-F(x,y)=1- [ [f(a,b)dbda 9)

—o0 —co

To express the negated predicate by a density, we need a density f that fulfils

I~ | [fabydbda=] [Fabydbda and [ [F(a.bdbda=1 (10)

—o0 —co —o00 —o0 —o0 —oo

Unfortunately, it is not possible to provide a close description for f or f . A possible

solution to avoid zero densities would be to presume a limited area of potential
positions. To be useful, this maximum area has to be small enough to avoid densities
near to 0. The important drawback of this solution is the lack of a priori knowledge
about potential positions. This is an important difference to the robotic (indoor)
scenario.

To achieve a solution for negated predicates, we propose the following approach:

e Only predicates that have a unique density inside a finite area and a zero density
outside can be negated. Such predicates are Nearer, InPoly, and Dir. Only such
densities are reasonable densities for negations.

e The negation can only be applied inside a multiplication of two densities, where
the second density has to be non-negated. This especially means, at least one non-
negated predicate is required for a certain point in time.

To give a realistic example that conflicts with the second assumption: If we had three
predicates stating "not at home", "not at work" and "not on any road", we still had a
virtually infinite space to consider. Only with an additional positive predicate (e.g.
"inside GSM cell XY"), we can construct an area of probable positions.

According to these considerations, we now can compute negations: let f; be a

density and f> a density that should be negated. Then

- - 1L f,(p)=0
fresultzc'fl'f2 where f2(p):{ ? (11)

0 otherwise
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Again, c is the normalizing factor. Note that fz is not a density, as it does not produce

an integral of one. Thus, we explicitly mark a density as negated and store the original
non-negated density.

To actually perform this operation, we simply subtract the mph of £, from all areas
of fi and normalize the result. This means, the multiply operation with a negated
density knows an efficient geometric realization. We present the algorithm together
with an extension to model uncertainty in the next section.

3.3 Modelling Uncertainty

In contrast to positive predicates, negative statements about the position can be
uncertain. If I got sensor information stating a certain position (e.g. a Pos predicate),
the only uncertainty can be a measurement error that is already modelled by the
Gaussian distribution. In contrast, negative predicates may be uncertain in a more
general meaning. If, e.g., I do not receive my home WLAN, I may be outside my
home area, but also, with a small probability, I am at home and my WLAN router is
switched off. To model these characteristics, we can append a general probability pr
to the Not modifier. E.g., Not(Nearer(t, p,, p,, d), 0.9) means:

e with a probability of 90%, the position is outside the specified circle;
e with a probability of 10%, the position may be anywhere (i.e. inside or outside the
circle).

We could use this predicate to, e.g., model a circular WLAN cell, where the access
point's uptime is 90% on average.

For pr=1 we get the definite negative statement as introduced above. We can
modify equation (11) as follows

fresulr:C'(p"'fl'fz"'(l_l”’)'fl) (12)
A +A=pr)- fi(p) = fi(p) if fL(p)=1
fresuzf(p)zc{pr hit S = e 1 Sl (13)
A-pr)- fi(p) if £,(p)=0

Based on these equations, we can easily derive an algorithm that is fully built on
geometric mph operations:

multiplyNegation(density d;, density d,, pr):
result < &
for i=1 to d;.n do

create new area with mph,,, < d,.mph;\d, mph,

new
and w,,, < d;.w // case fy(p)=1

if not empty add new area to result

create new area with mph,,, < d,.mph; "d,.mph,

and w,,, <d,.w,;-(1-pr) // case f5(p)=0

if not empty add new area to result
normalize result
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For every area of the first density up to two areas are created: the first area represents

the case fz( p) =1 of equation (13), the second area represents the second case.

3.4 Modelling Motion over Time

Until now, we only considered multiple predicates at a single point in time. But what,
if we had multiple predicates at different times. This is the usual case for position
measurements: we do not only get current sensor input, but can consider all recent
sensor information to improve the current estimation. For this, we have to model
spatial movement between two points in time.

Kalman and Particle filters often assume precise movement sensors such as
odometers. In our intended scenarios, however, such sensors are often not available.
E.g., for a pedestrian it is not possible to explicitly measure the direction and distance
she or he walked in the last 10 seconds. Usually, the only mechanism to detect
movement is to build vectors between last measured absolute positions. But these
positions are already considered by the mechanisms presented before, thus they would
not increase the overall position knowledge.

If no relative movement sensors are available, we only can define a maximum
speed, derived from knowledge about the movement context (e.g., to be a pedestrian,
or to drive a car). A maximum movement distance for a certain time is defined by a
circular density with centre at the zero point, with a unique density inside the circle
and O outside, i.e.

1/\mr?) if x* +y* <r?for p=(x,y)
c(p,r)= ( ) (14)
0 otherwise

In the following we describe how to convolve an arbitrary density with such a density
c. The convolution (equation (5)) then simplifies as follows:

IJ?(H,P—PA)'C(PAJ’)dPA =j[zWiA(P_PA’mPhi)]'C(PAJ’)dPA
i=l

15)

= w, ([ AGp = pasmphy)-c(py,r¥p, )
i=1

This means, we have to approximate the inner integral and create a sum. As the
convolution operation is very complex, we can due to space limitations of this paper
only provide the idea here.

We have to consider two cases as illustrated in fig. 4. If the area of an mph is large
compared to the circle, the area that covers all points with a non-zero integral can be
computed using the so-called buffer operation [16]. The buffer contains all points that
do not exceed a certain distance to an mph. The buffer operation is available in typical
geometric software libraries and can efficiently be executed.

Fig. 4 (upper right) shows the buffers for three integrals: the maximum integral
(inner buffer), 50% if the maximum (second buffer) and an integral of 0 (outer
buffer). With a linear approximation (that produces a maximum error of 5.8%) we can
easily compute any degree between 0 and the maximum integral.
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Case 1: |mph\ >> ‘Ll buffer(mph,r)

y mph YA
c Ty
WA =

Case 2: otherwise
y

buffer(mph,0)

» buffer(mph,-r)
1/

YA

Fig. 4. Cases to convolve densities

The second case is more difficult. We can easily see that for very large circles, the
area of non-zero integrals converts itself to a circle. For smaller circles we get a bulky
shape as shown in fig. 4 lower right. To compute this shape, we would need a new
mph operation that we call inverse buffer: similar to the buffer, it contains all points
that do not exceed a certain distance, but in contrast to the traditional buffer, we do
not use the distance with the smallest Euclidean value, but the largest one.

Unfortunately, the inverse buffer operation is usually not available as library
function. Thus, we conducted some experiments using circular approximations.
Usually, these approximations provide sufficient precision for our intended scenarios.

Independent from the case, we can produce a number of areas for every mph of the
second density. The number defines the convolution’s precision. As the overall
number of areas increases, a final resampling step is required.

3.5 Generating Results

With our density representation, it is very easy to compute the centroid which
represents the most probable position based on all processed predicates. Obviously,
the centroid can be computed according to the equation

Z(centroid(mph) [mphy|- w; )
quphi| ‘ Wi)
Note that for mphs there exist efficient centroid functions.
Often, the centroid does not reflect the intension, especially if we follow multiple
alternative paths as introduced in section 2.4. The centroid can, e.g., reside inside a

hole with low probabilities. Thus, a further algorithm computes the set of local
maxima. At this point we only give the idea of this algorithm:

centroid =

= Z(centroid(mph) . |mphi| : Wi) (16)

e As the areas are sorted by their w;, it is easy to select the absolute maximum value.

e For the selected maximum, we can delete areas that belong to this maximum going
"downhill", i.e. we delete such neighbouring areas with smaller weights.

e From the remaining areas, we select the next maximum and so forth.
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This algorithm is a typical hill climbing algorithm (even though we actually walk
downhill). This approach is efficient: First, f (p) can easily be computed for every
position p. Second, the neighbourhood relation can efficiently be tested using an mph
distance operation. Note that for variation 1 (see fig. 3) this approach would be much
more difficult, as "hills" would be modelled by multiple areas.

Finally, we have to argue, why MAP? is able to deal with external data as required
in section 2.4. Consider a user with a GPS receiver. The last measured position
indicates a subway station before reception fails inside the subway. We apply an
InPoly predicate that defines all conceivable connected subway stations. As we only
have external access to subway coordinates, MAP® has to generate a look-up request
to the subway's spatial database.

In contrast to comparable approaches, it is easy for MAP® to compute all
conceivable positions (i.e. those with f(p)>0), which is simply the geometric union of
all mph areas. Kalman filters do not explicitly identify improbable positions.
Affirmed knowledge about probabilities in Particle filters is only available for those
positions represented by particles. Thus, a complex heuristic would be required to
compute an area with non-zero probabilities.

As in our case the area of potential position can easily be computed, we get a
simple mechanism to access external data: we use this area as spatial index to external
databases. To get a most useful index, we process external data very late in the chain
of predicates.

Considering the characteristics of all involved predicate types, we now can define
the procedure to process location predicates as follows:

1. We identify the earliest time ¢ for which non-processed predicates exist. We then
multiply predicate densities for f according to the priority (1) available convolution
results (2) non-negated, local predicates; (3) negated, local predicates (4) external
predicates, using the prior result as spatial index.

2. For any time 7, defined by further predicates, we produce a convolution for (%, ,).

3. We go back to 1 until all predicates are processed.

After terminating the loop, all predicates are processed and we get a list of densities
according to fig. 1. We finally can compute centroids or maximum values for a
desired time stamp.

4 Experimental Results

We conducted several experiments to verify the approach. Not surprisingly, MAP’
works well, if the position input provides a high precision such as position data from
GPS. Compared to Kalman and Particle filters, our new approach leads to nearly the
same results in such scenarios.

The benefit becomes apparent, if we process typical pieces of information available
in location-based service scenarios. Here, we have to consider COO input, especially
with negations. Kalman and Particle filters have significant problems with these data
as discussed above, but our approach still works properly.

We consider a scenario as presented in fig. 5.
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A

Fig. 5. The sample scenario

A walker promenades at a lakeside. Every minute, his mobile device tries to receive
GSM and WLAN cell information. We assume the device can receive up to two GSM
cells and one WLAN. The track in fig. 5 first passes cell GSM1, then the overlapping
area and finally only cell GSM2. We further know that inside GSM2 there is a
WLAN cell that we do not receive. The WLAN cell has a 90% uptime. According to
these data, we derive the location predicates as presented in table 2.

Table 2. Input predicates

Time | Predicate Meaning

- MaxSpeed(Skm/h) Pedestrians are not faster than Skm/h

- Not(InPoly(LAKE_POLY)) Pedestrians cannot walk on water

1 min | InPoly(1min, GSM1_POLY) Receiving cell GSM1

2min | InPoly(1min, GSM1_POLY) Receiving both GSM cells
InPoly(1min, GSM2_POLY)

3min | /nPoly(1min, GSM2_POLY) Receiving only cell GSM2
Not(InPoly(1min, GSM1_POLY)) Not GSM1
Not(Nearer(2min, WLAN_CENTER, | WLAN cell is not in range and the WLAN

WLAN_RADIUS),0.9) has an uptime of 90%

These predicates undergo the MAP® process as presented in section 3. In summary,
the process executed 2 convolutions, 3 multiplications and 5 multiplications with
negation. Fig. 6 shows the results.

We get the first result after one minute. As we know not to be inside the lake, the
remaining cell GSM1 covers the potential positions. In this case, our maximum value
computation replies two most probable positions (fig. 6b, indicated by the arrows).
This is a typical case of two alternatives as discussed in section 2.4.

The next step (2 min) takes into account the convolution (based on the MaxSpeed
predicate). Looking at the last step (3 min), we see a plateau with low probability and
a peak that indicates the most probable position. The plateau is a result of the
WLAN’s 10% downtime. This plateau does not significantly contribute to the result
for t = 3 min, but as further measurements may indicate that this area covers the only
possible positions, it is important to preserve this information.
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a) Initial densities b) Result for t = 1 min

d) t=3 min

Fig. 6. Computed densities

In this example, the final position estimation considered all given information: the
position is outside the lake, it considered the received (and not received) cells and it
considered the maximum speed. The density presented in fig. 5d thus contains much
more information than outputs of comparable approaches.

We chose this simple example due to presentation reasons. We conducted much
more complex evaluations that in principle show similar results. With the MAP?
approach we effectively are able to derive probable positions even from uncertain
input data such as presented in this example.

5 Conclusion and Future Work

In this paper we presented the new MAP? approach that infers knowledge about the
current position from sets of location predicates. Whereas many current approaches
assume precise and reliable information, our approach is also able to derive probable
positions from widely used positioning systems based on the cell of origin paradigm.

As main benefits, MAP® is able to deal with negated and uncertain predicates,
alternative paths and non-Gaussian densities that often appear in location- or context-
based scenarios. Especially, MAP? is able to specify spatial indices to access external
spatial databases. Our approach heavily makes use of geometric operations widely
available and efficiently implemented in many tool environments, software libraries
and spatial databases.

Our current approach processes each unknown position separately. In the future we
want to introduce predicates that relate multiple unknown positions to each others.
This scenario becomes more and more important. Users may exchange their
respective probabilities inside ad-hoc networks and improve their own position
knowledge. If they are connected by, e.g., Bluetooth, they know to reside at the nearly
same location. To incorporate this knowledge, we have to introduce a new predicate
type and the respective processing mechanism.
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Abstract. In this paper, we present a novel indoor location system,
called Activity based Location Tracking and Identification (ALTT), which
uses a combination of a camera-based tracking system in the environ-
ment and mobile devices with motion sensors. In the indoor environment,
GPS-based location systems cannot offer precise location information as
they fail to find the required number of GPS satellites. Therefore, many
indoor location systems are proposed and developed. However, these sys-
tems still have the following two issues if they are applied for the public
spaces, such as a shopping mall, an underground mall and a station where
many general public visit: (1) many of location systems manage location
information in centralized severs, but many people do not want to have
their locations in public spaces managed by others (privacy issue) and (2)
many of location systems need dedicated user devices, we can not expect
that all the people in the public spaces carrying such devices (special de-
vice issue). ALTI is based on the combination of camera-based tracking
system which generates anonymous user’s location information and mo-
bile phone handsets as the user’s devices. ALTT solves the above issues by
using mobile phone handsets as the user’s devices for the special device
issue and by estimating the user’s location within his/her mobile phone
handset assisted by anonymous location information from camera-based
tracking system for the first issue. As a results, the ALTI offers fairly
good user privacy. This paper describes the detailed mechanism of ALTI
and shows the feasibility of it through a preliminary evaluation using the
actual visual tracking system and the prototype terminal devices.

1 Introduction

Location-based services have become key ubiquitous computing applications.
For example, the common three mobile phone carriers in Japan provide human
navigation services, which use the Global Positioning System (GPS) to obtain
location information. Although GPS is popular, thanks to its convenience and
low cost, it also has a serious drawback in that precise location cannot be deter-
mined unavailable in indoor environments. For this reason, navigation services
are not usable in buildings or underground, despite the strong need for such
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availability, even in indoor environments where GPS is inaccessible. Addition-
ally, fine-grained location in indoor is necessary for some kind of application. For
example, a museum guidance application on a mobile phone, which provide a
description of works in an actual museum, should distinct which works is located
in front of a user.

Recently, various techniques have been developed to locate objects in indoor
environments without GPS. A typical example is an ultrasonic-based indoor lo-
cation system. It provides very precise locations of users in indoor environments,
however, it forces all users to carry special tags. It is feasible to have everyone
carry the same special tag in certain places, such as an office and a home, as
limited users use the places. In contrast, it is difficult to assume that everyone
are carrying such special tag in “public spaces” such as a shopping mall, an
underground mall and a station. Therefore, a method allowing objects without
special devices, such as tags, to be successfully located indoors is required in
public spaces,

In addition, indoor location systems in public spaces face another serious issue
in privacy. In terms of privacy, the most important difference to private spaces is
that users do not want to expose private information pieces to an administrator
in public spaces. In the former, users can often trust a specific administrator
at the private space, and therefore allow him/her to manage a certain level of
the user information. In contrast however, a user cannot trust an administrator
in a public space, because most users are usually visitors to such spaces, such
as customers in a shop or mere passengers. In this case, users cannot accept an
administrator managing their location information.

We aim to provide a solution for an indoor location system which can be
used in a public space. The system requirements for an indoor location system
in public spaces include avoiding the usage of special devices and protecting the
privacy of located users. Our solution achieves these requirements by using only
motion sensors (accelerometers) on a mobile phone and cameras that are placed
in the public space. By using a mobile phone handset as the user’s terminal,
our solution avoids the deploying additional special devices to users. The mobile
phone handset receives location information (trajectories) of anonymous users
in the public space from a camera-based tracking system and estimates which
trajectory is the user’s one by matching the trajectory with the sensor data
from the motion sensor on the handset. Therefore ALTI can locate a certain
user without a centralized location management server to avoid privacy issues.

The specific contributions of our paper are twofold, as follows. Firstly, our
location method is the first one which protects privacies of tracked users without
special devices. Secondly, we perform experiments within an actual environment
and confirm that ALTT works well as we designed it.

2 Related Work: Existing Indoor Location System

Several forms of research and products have been built for the indoor location
system. We classify existing indoor location systems into 5 types, according to
the technologies on which they are based.
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2.1 Ultrasonic-Based System

Ultrasonic-based systems can estimate a user’s location to an accuracy within
a few centimeters. 3 or more receivers (or transmitters) are installed in the
environment, and the systems estimate distances from the ultrasonic tag that
the user has to the receivers (or transmitters) and calculate the user’s location
based on triangulation methods.

Basically, the systems can be separated into two types according to the re-
spective roles of the receiver and tag. The first typical examples are Active Bat
[[2] and InterSense IS-600 [3]. Active Bat and IS-600 are similar in that several
receivers are installed into an environment, typically on a ceiling, from where
they detect the location of a transmitter held by a user. The second example is
Cricket [4], where users carry the receivers and the transmitters are installed into
an environment. Generally, the systems requires special hardware infrastructure
to be installed in an environment, which costs tens of thousands of dollars for a
1000m? installation, and users need to carry the special tags.

2.2 Wireless LAN-Based System

The systems measure radio strength between a base station and mobile node
and estimate locations of users. Basically, the systems are divided into two types,
according to the sites of location management: client side management and server
side management. The former system observes radio strength in client software
and estimates own location. Therefore, the client software should have a map of
radio strength in the space in advance before it estimates the location of the user.
The latter system observes the radio strength of the users and estimates in server
software. A wireless node (e.g. PC or PDA) broadcasts packets to multiple base
station. The server estimates location of wireless node form the signal strength
values at the base stations. Ekahau [5] and RADAR [0] are the systems using
Wireless LAN.

Since wireless LAN technologies, such as IEEE 802.11a/b/g, are widely preva-
lent, wireless LAN-based location systems has advantage to other systems in
respect to the cost.

2.3 RFID-Based System

The RFID-based system basically uses radio communication between tags and a
receiver, and is usually used to identify and track tags. Various applications are
actually used in the areas of logistics, security and digital money. Two different
types of tags exist: “active tag” and “passive tag”’. The active tag has its own
power supply and sends radio signal to the receiver with its ID and other at-
tribute information, whereupon a base stations receives the information, extract
the ID (and optional information) and sends it to the server. Location systems
using an active tag estimate an area where the tags exists by using information
from one or more receivers.

The second type of tag system, the “passive tag”, differs to the active tag sys-
tem on that it uses the power provided from the readers in the form of radio wave



266 T. Iwamoto, A. Kobayashi, and S. Nishiyama

to send the ID and optional information. Therefore the communication range is
relatively short compared to the active type and it is suitable for obtaining spot
information of an object (or a person).

2.4 Camera-Based System

An image-recognition technique enables the system to detect the object location
in camera images [7]. A camera installed in environment, such as surveillance
camera, captures images of the environment, in which the system recognizes
objects via image-recognition techniques. By giving the system a 3-Dimensional
location model, the system can convert an object location in camera coordination
system to that in 2D map coordinates.

The problem encountered by the system is difficulty in identifying a user. A
typical solutions to this problem are using color histogram or face matching. In
these techniques, the system needs to register the color of clothes of the users or
the face of them in advance before it works.

2.5 Dead Reckoning-Based System

Dead reckoning is a method used to estimate the current position by using an
accelerometer mounted on a human body. Firstly, the system estimates the speed
and direction of movement from the accelerometer data. Secondly, the system
advances the current position by a relative distance, calculated based on the
results of estimation.

Several pieces of research [8] apply dead reckoning to human navigation. How-
ever, currently they failed to remove the influence from complicated body move-
ments which reduces the accuracy of estimation without any condition for carry-
ing the device. To avoid the problem, they fixed the position of the accelerometer
device to the human body, such as fixing to the waist tightly.

Another difficulty of dead reckoning system is derived from an accumulation
of estimation error, because a current position is estimated based upon the prior
position. Therefore to achieve high accuracy, the system should utilize map-
matching method and/or a high accuracy but expensive sensor.

3 Requirements for an Indoor Location System in Public
Spaces

We focus on “public spaces” as the target indoor environment, such as a shopping
mall, station or d underground mall. The public space is defined as a place
accessed by the general public. In contrast, the “personal space” is defined as
a place accessed by certain and authenticated people. As previously described,
although a number of indoor location systems exist, many systems assume use
in personal space, meaning several limitations are imposed when providing the
same service in a public space. In this section, we describe the requirements
for an indoor location system in public spaces, and point out the problems of
existing location systems.
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3.1 Requirement 1: No Centralized Control of Identification
Information

Several indoor location systems are based on a centralized server mechanism, where
location information of all the users are identified and managed using their IDs.
For example, the server in RFID-based system calculates the location of the tag
using the ID and the radio strength values at the base stations, hence, location and
associated ID are managed in the server. The ultrasonic-based location system also
manages user’s location and identification in the server. These mechanism could
be threats to the user privacy, exposing the users to considerable stress, since most
people would prefer to keep knowledge of their activity from others.

Usually people uses the public spaces as visitors, customers or just passengers
and do not want to have their locations managed in the system for the pub-
lic spaces, since they do not trust the administrators or since the relationship
between them and the public spaces are not stronger than those with private
spaces. Therefore, the first requirement is “no centralized control of identifica-
tion information”. That is, any software in the environment should not be able
to identify the location of a specific user in order to avoid the privacy issue.

3.2 Requirement 2: No Additional Specific Device

The second requirement is “no additional specific device”. Several indoor location
systems force users to have the same devices due to their nature. Ultrasonic-based
and RFID-based systems assume users have specific tags, such as an ultrasonic
transmitter or an RFID tag. Ensuring users are deployed with tha same devices
can be assumed in a private space, because the users are limited and registered
in advance, however since the users of a public space are the general public, it
is difficult to deploy the special devices for them.

4 Design

We designed Activity-based Location Tracking and Identification (ALTI) as a lo-
cation tracking system in public spaces. ALTT meets the requirements discusses in
the previous section, which are derived from the characteristics of public spaces.
In this section, we describe our design principles and the actual design of ALTT.

4.1 Design Principles

To fulfill the requirements, we decide to employ two key technologies, namely a
camera-based tracking system and a mobile phone.

Solution 1: Collaboration of Camera-Based Tracking System and
Personal Devices. As the solution to the requirement 1, we employ a camera-
based tracking system to obtain a user’s location. The camera-based tracking sys-
tem is originally incapable of identifying users and just tracks the trajectories of
anonymous users. This characteristic is suitable for the requirement 1, which is
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namely no centralized control of identification information. However, the location
information obtained from the tracking system is still anonymous. ALTT solves the
identification problem of anonymous trajectories by the collaboration with per-
sonal devices. The identification process is executed in the user’s personal device
using the motion sensor data obtained in the personal device. Therefore only the
user’s trajectory could be identified and the rests remain anonymous.

Solution 2: Employ Mobile Phones. To avoid the problem with deploying
special personal devices, ALTT assumes the usage of mobile phone handsets. Re-
cently, mobile phone handsets are not considered special anymore, considering
that, for example, their penetration rate of over 70% in Japan. Thanks to the
nature of the mobile phone, most of the users carry their handsets with them at
most of time. Furthermore, handsets equipped with motion sensors are already
commercially available[9] and will be more popular in near future. Recent hand-
sets are also Java-enabled or have similar programming environment (such as
BREW©IIL0]). Therefore, ALTT assumes that mobile phone handsets has motion
sensors and software for ALTI can be easily downloaded into user’s handsets.

4.2 Matching Context Sensing and Anonymous Trajectory

ALTT is an algorithm which users apply to determine their own location, based
on a set of unidentified objects detected by a camera-based tracking system.
The key feature of ALTI is matching an “anonymous location” from camera-
based tracking system and “context sensing”. The matching process enables the
location of a certain user to be identified by only user’s own device without any
centralized location server. An overview of ALTT is shown in Figure [1l

As discussed, the camera-based tracking system cannot identify certain ob-
jects, even though the system tracks the locations of all objects. In ALTI, the
tracking system broadcasts location of all objects to the mobile phone handsets
continuously. On receiving the anonymous location, the handset tries to deter-
mine its own location as follows. Firstly, the user’s handset recognizes his/her
movements by processing motion sensor data. Recently, various small and low-
cost sensors have been installed in mobile phones. We assume that a mobile
phone handset has a 3-axis acceleration sensor and 3-axis geomagnetic sensor
to obtain user’s movement. Secondly, the handset also creates movement trajec-
tories of all users, based on the location information received from the camera-
based tracking system. Since the trajectories are also anonymous, it compares
the trajectories and a user’s own movements to identify the user’s own trajectory
from all of the trajectories. As the identification performed entirely on his/her
own handset, user anonymity is guaranteed.

4.3 Trajectory Creation, Activity Recognition and Trajectory
Estimation

The matching algorithm consists of 3 key processes, namely “trajectory cre-
ation”, “activity recognition” and “trajectory estimation”. The former two pro-
cesses, trajectory creation and activity recognition are used to generate more
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Fig. 1. ALTI Design

abstract representations of trajectories of objects and user’s activities from raw
data (object locations from tracking system and the sensor data), so that the
computation complexity of the last process, trajectory estimation, is reduced to
run in the mobile phone handsets. Currently we use very simple 4 symbols, i.e.
“walk”, “stop”, “right trun” and “left turn”, to represent the object trajecto-
ries and the user’s activities. Finally trajectory estimation process compare the
anonymous object trajectories with the user’s activities and estimates which is
the user’s one.

Another approach, dead reckoning techniques, may be used for the trajectory
estimation as another candidate. The trajectory of user’s movements can be
calculated by the twice-integral of acceleration equivalent to the dead reckoning-
based systems described above. Comparison of the form of user’s movement and
trajectories allows a system to find a certain trajectory. However, we use the
above approach, since measurable error could be occurred in dead reckoning
approach due to the influences of gravity to acceleration data and limitation
of the posture of the motion sensor does not meet our assumption, i.e. motion
sensor on mobile phone handsets.

Trajectory Creation. The location information from camera-based tracking
system is assumed to be represented by X-Y coordinates, meaning the current
location of an object is associated with a single point. Because it is difficult to
deal with the a cluster of points for the matching, “trajectory creation” process
accumulates the location information in the X-Y coordinates and makes them
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into a set of trajectories. ALTI assumes that the camera-based tracking system
outputs only location of moving objects and their object IDs. Since each “object
ID” is not associated with any actual user, it can only be used to manage objects.
The trajectory creation accumulates the object IDs and locations continuously,
recognizes trajectories and extracts the trajectory movements.

The process flow is as follows. Firstly, location information provided by X-Y
coordinates is accumulated(Figure 2] (A)). Secondly, series of point belonging to
the same object ID are aggregated into trajectories by using the least-square
method. In the example of the figure, five points are selected and aggregated
into single trajectory (B). Thirdly, trajectory creation chooses two trajectories
at fixed intervals, and it calculates the angle between them. Based on the angle
and the distance between the first and last points, it then classifies the trajectory
movement into the symbols mentioned above. In the case of (C), the process may
estimate “turn right” from the angle and the distance. Finally, the result is stored
and sorted by object IDs for matching purposes.
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Fig. 2. Trajectory Creation

Activity Recognition. The “activity recognition” process involves analyzes
sensor data to recognize a user’s movement. With path estimation taken into
account, we also use the same 4 types of user activity identical to trajectory
movement. As described previously, we avoid using raw acceleration data and
instead focus on the Fast Fourier Transform(FFT) of acceleration data. The
process of activity recognition analyzes the sum of 3-axis acceleration and finds
a cycle of transition of the accelerometer data, which then used to decide the
user’s activity.

Firstly, the activities of walk and stop are recognized by using FFT. We
choose 2 seconds as window size at sampling frequency of 128Hz, thus, it leads
to 256 samples in a single window. To decide on the parameter of estimation,
we performed experiments to collect acceleration data from several subjects and
executed FFT to the data(shown in Figure B]). Following the evaluation, the fre-
quency peak is about 2.0Hz and many of the major FFT frequencies are between
1.5Hz-2.5Hz when the subjects walk. We discovered that the power spectrum of
1.5Hz-2.5Hz is approximately 2-3 times greater than that of other frequencies,
hence, we decided 2.5 times as the threshold value. Based on the evaluation, ALTI
compares a power spectrum between 1.5Hz-2.5Hz with others and then decides
whether the activity is walk, otherwise, the activity is considered to be stop.
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Fig. 3. FFT Experiment Results

Secondly, the process involves the observation of geomagnetic data within a
certain period of time to recognize left and right turns. The process calculates
the position and azimuth of the device, and it utilizes azimuth data to estimate
the activity of left and right turns using a threshold value. When the total
extent of changes of the azimuth within 1 second and in one direction exceeds
the threshold, defined as 90 degrees, the process decides that the user has turned
left or right according to the relevant direction.

Trajectory Estimation. Trajectory estimation is performed by estimating all
anonymous trajectory with sensor data in order to locate the user him/herself.
We designed two phases for estimation, i.e. short-term comparison and long-term
comparison. The difference is in the length of the period used to estimate the
trajectories.

The short-term comparison focuses a shor-time period to compare sensor data
and trajectories. According to the nature of the ALTI concept, it is impossible
to identify a user’s trajectory when more than one objects are recognized as per-
forming the same movement. Therefore, the comparison initially finds a “unique
trajectory”, which is only a single trajectory which performs a different move-
ment from others within a period. When the unique trajectory is found, the
process subsequently compares a user’s activity occurring in the same period.
If the unique trajectory and user’s activity are matched, the process determines
that the trajectory is user’s one and it represents current user’s location.

If a unique trajectory can not be identified by the short-term comparison, the
long-term comparison decides user’s trajectory in accordance with the scores of
the trajectories in a long-term period. The scoring and selection of trajectory is
performed by following rules.

1. Simple Match
Unlike finding a unique trajectory as with short-term comparison, all trajec-
tories matching the sensor data obtain a certain score and the score during
a certain period is stored with each object.

2. Consecutive Match
When a trajectory matches continuously, the trajectory is given an additional
score.
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3. Distance Based Threshold

Basically, the highest scoring trajectory is selected as the correct trajectory
with consideration of distance between the current and previous trajectories.
Even though the highest scoring trajectory is changed, the new trajectory
should not be a correct trajectory in case of that change to the new trajectory
from previous trajectory require impossible human movements. By using
a distance-based threshold, the algorithm can eliminate the case where a

change to new trajectory is not practical.

5 Implementation

ALTT system consists of mainly 2 components, i.e. mobile device and camera-

based tracking system, as shown in Figure [l

We build the camera-based tracking system and installed into our laboratory.
We also build an experimental mobile device which has a 6-axis motion sensor,
WiFi and bluetooth connectivity, and deals with most of the operation of ALTI,
as the attachment to a mobile phone handset. Moreover, we implemented logging
software executed on a PC, which captures the tracking and estimation results

of ALTT algorithm for analysis.
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5.1 Mobile Device

The experimental mobile device consists of CPU board and a sensor board,
shown in Figure Bl We utilized gumstix [11] as CPU board.

The sensor board is proprietary implementation, which has a 6-axis sensor
and geomagnetic sensor. The mobile device performs sensor data processing
for location detection and it sends the result to an actual mobile phone which
provides GUI via bluetooth. The detailed specifications of the mobile device is
indicated in Table [II

Sensor Board

CPU Board

Case

Fig. 5. Mobile Device

Table 1. Specification of the mobile device

CPU board
CPU XScale 400MHz
OS Linux 2.6.11
Connectivity |802.11bCbluetooth

Sensor board
Accelerometer|Hitachi H34B
Geomagnetic |Asahi-Kasei AK897IN
I/0 1°C

Power supply

Li-ion battery [1200mAh

ALTI Client. The ALTT client is executed on the mobile device, which recog-
nizes the user’s context (movement), analysis of trajectory and matching them
for personal identification. The client read sensor data from a device driver im-
plemented on linux and it process data for activity recognition. Also it obtains
tracking data periodically sent from camera-based tracking system and perform
trajectory estimation. These results are sent to the logger executed on other PC
to records these processes. The client finally sends the result of locations of all
anonymous object and estimated user’s trajectory to mobile phone for display
purpose.
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5.2 Camera-Based Tracking System

We installed 8 cameras in our laboratory to cover the entire room area, due to
the limitation of the area covered by a single camera. Our camera-based tracking
system consists of two functions, namely a lower function which detects an ob-
jects within a single camera image, and an upper function, which integrates the
multiple camera views and creates locations of objects in a single X-Y coordinate
system.

We utilized Vitracom Siteview [I2] as the lower function, which is capable of
handling images from single camera, and detects the locations of moving objects.
We installed 8 cameras in the ceiling of our office, each of which pointed directly
downwards to prevent any objects from being hidden behind others. The location
information which is generated by Vitracom is represented by separated “lower
coordinate system”. As each camera is processed by an independent Vitracom
due to the system specification, there are 8 independent lower coordinates. We
chose 200 milliseconds of temporal granularity to output the location information
from the camera-based tracking system. The ALTT targets is human movements,
therefore, we assume the granularity to be sufficient.

The upper function integrates a number of coordinates into single “integrated
coordinate system”, because each lower function outputs object location, which
are represented in each lower coordinates. The upper function provides config-
uration tools for an alignment of a number of coordinates by using GUI. It
converts each objects location represented in each lower coordinates into sin-
gle coordinates according to the configuration. The upper function manages the
location of objects in integrated coordinates and integrated object ID number-
ing. Meanwhile, the object location from the lower function may be duplicated,
because the visible ranges of each camera overlap, as shown in Figure [0l The
upper function removes duplicated objects according to the distance between
two. When each of two lower functions detect an object and they are near to

Fig. 6. Camera Arrangement
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each other in integrated coordinates, the upper function considered that a single
object is caught by two cameras and merged them into one.

5.3 Logger and Viewer Tool

We also implemented two support tools for viewing and analyzing a result, i.e.
“logger tool” and “viewer tool”. Figure [0 shows a screen shot of viewer tool
executed on PC.
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Fig. 7. Viewer Tool

Logger tool captures result of recognition in the mobile device and the camera-
based tracking system. The both of logs are recorded separately into two XML
formatted files: sensor result log and track log. Sensor result log is created for
each mobile device and it has records of the mobile devices operations, which
are activity recognition, trajectory creation and identification. Track log has
outputs of camera-based tracking system. By loading both types of files, viewer
tool provides an overview of whole system operations.

6 Evaluation

We evaluated prototype system of ALTI by using the implementation described
above. We performed two evaluations. The first evaluation shows the basic per-
formance of ALTI, and the second one shows results in actual environment. In
all evaluations, we made subjects to have the mobile device in their hands and
to hold it in front of their body.

6.1 Basic Performance

As the preliminary evaluation, we evaluated the accuracy of detecting a user’s
trajectory. The evaluation is performed off-line, using 6 movement trajectories
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and associated sensor data for each trajectory obtained in advance. We fed two
movement trajectories from any combination and one of the object sensor data
associated to the trajectories to the ALTI system. If the system chose a right
trajectory associated to the given sensor data, the recognition was considered a
successful.

Figure[§ shows the result of the evaluation. In the figure, the labels written in
the lower column, on the X-axis, represent the correct trajectory. While during
the preliminary evaluation, we used a short-term comparison to find the trajec-
tories and set length of period was 500ms. Accuracy is indicated in the figure as a
proportion of the number of periods in which the system chose correct trajectory.
The figure shows the accuracy of the recognition of the pattern labeled in lower
column. The results was fairly positive (more than 50% and mostly 80% or 90%)
except for the cases of combination with pattern B. However, we consider that
the length of the pause (3 seconds) is not long enough to eliminate the effects
of the window size of the FFT (2 seconds) when the mobile device distinguishes
the user’s activities of move straight and stop using the motion sensor data.

6.2 Evaluation in Actual Environment

We evaluated ALTT on-line in the actual environment, prepared in our office
room. We performed 8 experiments of 60 seconds for each. In each experiment,
we made two subject A and B move around in separated areas of our room. We
also allowed both of subjects freely to execute the any sequence of 4 movements,
namely stop, walk, turn right and turn left. The observed trajectories in one of
experiment are shown in left side of Figure[d The evaluation counts the number
of unique trajectory found, the number of identified trajectories and the results
of ALTI. The table in right side of the figure indicates the number of correct,
wrong and unmatched trajectories in each result. The overall accuracy is about
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I Correct | Wrong |Unmatched Accuracy
I Match(a)Match (b) (c) (a/(a+b))
' 768 252 530 75%
' 895 221 404 82%
: 868 154 166 85%
| 825 357 432 70%
I 1001 301 452 7%
I 940 316 609 2%
| 983 213 533 2%
| 997 157 548 86%
Trajectory of Subject B Trajectory of Subject A 9207 | 2516 | 4886 | 78%

Fig. 9. Trajectories and Results

80%, therefore, we can conclude that the short-term comparison already gives
fairly good results. And if we apply the long-term comparison for the sequence
of the results from the short-term comparisons, it would be precise results.

6.3 Future Work

The main reason to reduce accuracy of trajectory is fragmentation problem. Due
to the problem, a movement of single object is recognized as the separated several
trajectories. When fragmentation is occurred, current ALTIT algorithm re-starts
the process of identification even the correct trajectory is selected. This causes
unidentified blank periods during the search of the correct trajectory again. The
reason of the problem is that the camera-based tracking system fails at recogni-
tion of moving object, especially, the upper function fails to integrate duplicated
objects. Therefore some kinds of trajectory connection methods should be intro-
duced to solve the problem in future work.

There is another problems with camera-based tracking system. When the two
people are near each other, the camera tracking system, in particular the lower
function, often recognizes them as one object. This problem, called “occlusion
problem”, is derived from a nature of the image recognition scheme. When two
trajectories come close to each other and occlusion is happened, the system
may detect them as a single new object and delete previous two trajectories. To
solve this problem, the system should detect occlusion and carry over previous
trajectories into a new object. This is also another future work of our system.

7 Conclusion

We proposed ALTTI to provide an indoor location tracking system which would
be suitable for public space environment. The characteristic of the ALTT system
is its ability to match anonymous location information from a public tracking
system with the user’s activity obtained from the mobile device. This approach
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allows easy installation and avoiding privacy problems. We developed the pro-
totype system of ALTT including the dedicated mobile device to act as a mobile
phone handset. Through the empirical evaluation of ALTI, we showed the al-
gorithm works well in the actual camera-based tracking system and movement
data from motion sensors on the mobile device. In the future, we will improve
our algorithm to gain more precise location estimation and deploy ALTI into
the actual usage.
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Abstract. This paper presents algorithms, simulations, and empirical
results of a system that finds relative tag positions in 3D space using a
new approach called “mobile infrastructure.” Mobile infrastructure con-
sists of one or more sensors in a fixed configuration on a mobile platform,
and a set of tags affixed to objects or locations in the environment which
the users want to localize. It is especially useful in cases where infrastruc-
ture is needed only temporarily, such as during installation, calibration,
or maintenance. Mobile infrastructure can cover a much larger area than
installed infrastructure with the same number of sensors, and is especially
useful in cases where localization hardware costs are asymmetric, with
expensive sensors and inexpensive tags. The data collected at various po-
sitions are combined by a simple “leapfrog” procedure, with constrained
optimization to obtain better accuracy. Our system achieves about one
foot (0.3 meter) accuracy with 90% confidence in indoor environments.

1 Introduction and Related Work

Location-awareness is a key component for achieving context-awareness. In most
cases, a ubiquitous computing system must know the locations of its sensor and
actuator devices. However, few systems bootstrap the locations of devices in a
way that is acceptable to end-users. Often, users are expected to manually enter
room names or manually survey geometric coordinates. This greatly increases
the barrier to entry of ubiquitous computing systems and location based services,
due to the expense of skilled installer labor, high probability of data-entry error
and difficulty of troubleshooting configuration errors.

There are two general approaches to automatically bootstrap device posi-
tions. The first approach is to use an already-available positioning system. How-
ever, GPS only works reliably outdoors and outside of city centers, GSM [I5] or
TV-signal based [20] localization are precise only to tens of meters, and WiFi
either has similar precision problems [QITO/TT] and /or requires extensive prepara-
tory manual surveying and calibration [BI8]. Powerline positioning [I6] has also
been proposed, but it also requires a manual survey.

The second approach is for devices to self-localize by collectively determining
their positions relative to each other. Time-Of-Arrival (TOA) and Time Dif-
ference of Arrival (TDOA) ultrasonic-based systems, while accurate to a few
centimeters [T423], are limited to a roughly five meter range and are subject
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to reflections, obstructions, and directionality restrictions. In many cases, they
only work in 2D spaces [19/25]. Radio Signal Strength (RSS) systems [7] are
also subject to environmentally-determined attenuation, and are precise only to
several meters. Ultrawideband (UWB) systems have better range (up to 100m)
and accuracy (down to 15cm), but these systems are either not commercially
available [I], or are still too expensive for many applications [2[3], since they
require the developer to embed an expensive wireless chip in each device.

In this paper, we introduce a third approach to bootstrapping device locations.
Our approach is based on taking a series of measurements from ultrawideband
Angle-of-Arrival (AOA) sensors mounted on a mobile cart. UWB provides the
high-accuracy localization in the presence of clutter and environmental variation,
while the cart’s mobility allows our platform to act like a set of “virtual nodes,”
covering many positions.

Our experiments test this approach using Ubisense’s localization hardware [4].
Unlike other UWB positioning systems, Ubisense has two types of nodes: UWB
transmitters (“Ubitags”), which are small (6cm x 9cm x lem), light (50g), and
cheap), and UWB receivers (“Ubisensors”), which are larger (2lcm x 13cm x
7cm), heavier (690g), and more expensive. Ubisensors determine the position
of the Ubitags. The Ubisense system is designed to be a general-purpose loca-
tion infrastructure. In its intended use, the Ubisensors are permanently installed
in the upper (usually four) corners of a room, and their relative positions are
carefully measured and manually input by a skilled technician.

In our system, we reverse the roles of the Ubisense hardware: the Ubisensors
are attached to the a moveable cart (see Fig.[7), and the Ubitags are assumed to
be embedded or attached to the non-moving devices that are to be localized. As
the cart is wheeled around, it computes the positions of the tags it sees. Provided
that different perspectives detect enough overlapping tag sets, it is possible to
determine the positions of all the tags in a single, common reference frame,
which may span a space far larger than could be covered by a comparable set of
Ubisensors. Furthermore, the cart can be later reused for a completely different
installation. We call this approach “mobile infrastructure.”

Our work contributes an algorithm for static tag localization based on AOA
measurements, evaluates the effectiveness of this algorithm both in simulation
and in practice, and evaluates improvements to the simple leapfrog algorithm
with constrained optimization technique. We also study AOA data obtained
from Ubisensors, to preprocess and pre-filter the raw data to get better and
more robust localization results.

There are similarities between our approach and mobile-assisted localization
(MAL) [IT7I82T122I24]. Generally, MAL algorithms estimate relative distances
rather than angles and assume that all nodes, mobile and static, can both trans-
mit and receive; generally, they have assumed homogeneous installations in which
the mobile nodes are identical to the static nodes. Our work also differs from
SLAM [13] in the robotics community, in which one or more robots simultane-
ously produce a map of the walls and obstacles in the environment (often through
laser scanners or vision) while navigating. However, SLAM is not focused on
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determining the relative locations of tagged objects, and is specifically intended
for autonomous mobile platforms rather than human-controlled ones.

The rest of the paper is organized as follows. Section [ provides a system
overview for tag localization using mobile infrastructure. Section [B] presents the
algorithms, a leapfrog procedure and refinements to it using constrained opti-
mization. Section [ presents simulation results that evaluate the algorithms given
different sensor configuration and noise parameters. Section bl demonstrates the
system using a real hardware deployment, with an emphasis on preprocessing
and pre-filtering AOA data from the Ubisense System. Section [6] concludes the
paper and suggests future directions.

2 System Overview

Each AOA sensor has six degrees of freedom in space: zs, ys, 25, s, bs, s Where
Ts,Ys, 2s are 3D coordinates and as, bs, s are yaw, pitch and roll angles, respec-
tively. In the rest of this paper, we assume r; = 0. Tags have z;, y;, z; locations,
but no orientation. Each AOA sensor’s parameters (s, ys, 2s, as, bs) define its
own reference frame. The position of a tag in a sensor’s reference frame uniquely
determines the AOA: yaw « and pitch 8 (Fig. [[l). Each tag/sensor pair intro-
duces two equations. Let x7,y;, 2{ be the location coordinates of a tag in the
sensor’s reference frame, and « and 3 be the yaw and pitch angles, respectively.
From these, the following two equations may be deduced:

x; sin(a) — y; cos(a) =

x} sin(f) — z; cos(B) cos(a) =

(1)
(2)

sensor

Fig. 1. Local reference frame for a sensor and AOA of a tag
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where z7,y;, z{ can be obtained given the sensor’s position zs, ys, 2s, as, bs and
the tag’s position xy, ¥, z¢ in a global reference frame according to a standard
coordinate transformation [6]:

x; Ts T

yvi | | T =T"{ vs Yi (3)
Z? Zs 2t

1 000 1 1

where T is the rotational transformation matrix for the sensor frame:

cos(as) cos(bs) — sin(as) cos(as) sin(bs)
sin(as) cos(bs) cos(as) sin(as)sin(bs) (4)
— sin(by) 0 cos(bs)

Using the set of equations (Egs. 0l and Bl for each tag/sensor pair), one can
compute a tag’s location xy, ¢, z; given AOA data from two sensors with known
locations (four equations, three unknowns). Or one can compute a sensor’s orien-
tation (as and bs) given AOA data from a fixed tag at a known position relative
to the sensor (two equations, two unknowns).

Fig. 2. Two sensor platform with the local frame in the center between the sensors

Our problem is to localize a set of static tags in 3D space. The sensor pair on
the cart is depicted in (Fig. ), and for simplicity, we set by = 0. The distance
between the two sensors is fixed. The cart can move in four degrees of freedom,
ZeyYe, 2e and yaw a.. A simple, fixed transformation exists between the cart
coordinates and sensor coordinates. At each cart position, only a subset of tags
can be seen by the sensors, however, we assume each tag can be seen by the
sensors at least once at some cart position.

We roughly estimate how many cart positions are needed for tag localization
as follows. Let the first cart position be the global reference frame. Each new cart
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position adds four unknowns. If at least k tags can be seen at a cart position,
at least 4k equations are added. Let n be the total number of tags and m be
the number of extra cart positions. There are 3n 4+ 4m unknowns and at least
4k(m + 1) equations. One may solve the set of equation for the unknowns if
4k(m + 1) > 3n + 4m, i.e., the number of equations is greater than the number
of unknowns.

Note that the number of cart positions is only one factor in determining
whether the equations can be solved. Another important factor is the connectiv-
ity of the overall tag/sensor pairs. A tag is connected to a sensor at a position if
it can be seen by the sensor at that position. There are 2(m + 1) sensor nodes
and n tag nodes for m 4+ 1 positions and n tags, which constitute a bipartite
graph. Such a graph has to be at least connected to have all coordinates in the
same reference frame. For example, if three tags are seen by the sensors in the
first cart position, and a totally different three sensors are seen by the sensors in
the second cart position, one cannot obtain the six tag locations in a common
reference frame, although 4 x 3 x 2 > 3 x 6 +4. Let ¢ > 1 be the minimum
number of tags in common for a new location. Given n tags, if at most K tags
can be seen at a time, i.e., at most K — ¢ new tags can been seen at each extra
location, we need K + (K —c¢)m > n to see all the tags. In the previous example,
we have 3+ (3 —1) <6.

The inputs to our algorithm are AOA data at each cart position, i.e., o and
0, where «(t,7,1) and (1, 7,1) are the yaw and pitch angles, respectively, from
sensor j to tag i at ’th position. AOA sensing scope is limited by both distance
and angles. If tag ¢ is out of range of sensor j at position I, «(i, 7,1) and 5(4,7,1)
are set to infinity. Given the input data o and 3, we first filter out bad cart
positions. A cart position is bad if it does not have at least two sensor/tag con-
nections. We remove such cart positions since each position adds four variables
and one pair of sensor/tag connection adds two equations; a good cart position
must add more equations than variables.

3 Localization Algorithm Using the Mobile Sensing Pair

We can plug the data a and [ into the equations () - (@) in the previous sec-
tion, and use a nonlinear solver to find the n tag locations and m cart positions.
However, since the constraints are nonlinear and the size of the problem is large
(4m + 3n variables for m positions and n tags), the solution in practice is in-
tractable. Fortunately, due to the special configuration of the sensor platform,
we can get a complete or partial solution using a set of linear equations.

3.1 Closed-Form Solutions

The procedure consists of two components: from sensors to tags, and from tags
to sensors.

From Sensors to Tags. Given a position of the two-sensor frame (Fig. [3),
vy, 2,a, the two sensor locations are x1,¥y1,2,a and 3,1y, 2, a, respectively,
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(x,,¥1,2)

(X2,¥5,2)

X

Fig. 3. 2D projection of the two sensor platform

with 1 = & — dsin(a)/2, y1 = y + dcos(a)/2 and zo = x + dsin(a)/2 and
y2 =y — dcos(a)/2 where d is the distance between the two sensors.

Let Ay and A2 be the distances from a tag to the two sensors in the XY plane,
respectively. We have

xy =21 + A1 cos(ay + a) (5)
yr = y1 + A1 sin(ag + a) (6)
Ty = T2 + A cos(ag + a) (7)
Yyt = Y2 + A sin(as + a) (8)

and from
A1 cos(ag + a) — Az cos(ag + a) = x2 — x1 = dsin(a)
Arsin(ag + a) — Agsin(as + a) = y2 — y1 = —d cos(a)

one can solve for A\; and Ag. Setting these values in Egs. (@) and (), we have

z = %[(a:l + A1 cos(ar +a)) + (22 + Ao cos(az + a))] ©)

and similarly,

= Sl + A sinan + @) + (12 + dasin(aa + a)) (10)

Using equations

2zt =z + A\ tan(fy) (11)
zt = z + Aa tan(fs) (12)

we have L
2t =z + 5(/\1 tan(ﬁl) + Ao tan(ﬁg)) (13)



Localizing Tags Using Mobile Infrastructure 285

From Tags to Sensors. If the pair of sensors can see multiple tags with known
positions, the sensor frame position x,y, z,a can be obtained. Let a;; and G
be yaw and pitch angles from sensor k to tag i, respectively, and let Az be the
projected distance between tag i and sensor k on the XY plane. If a tag ¢ can
be seen by both sensors, we have

— Ainsin(ay1) + Aigsin(ay) = d (14)
Ai1 cos(a;1) — Ao cos(ayz) = 0 (15)

and we can compute A;; and \;2. Given a pair of tags ¢ and j, and a sensor at
Tk, Yk, 2k, @, Where k =1 or 2, we have

T = T — Nk cos(u + a) (16)
Yk = Yi — Aik sin(aur, + a) (17)
xp = x; — Aji cos(a,k + a) (18)
Yk = Yj — \jk sin(a,i + a) (19)
and
Ti—x; — ik COS(Oéik + a) + /\jk COS(Oéjk + a) =0 (20)
Yi — Yj — Ak sin(aur + a) + Ajg sin(aji +a) =0 (21)

Let (E0) cos(a) + @I) sin(a) we have
(2 — ;) cos(a) + (yi — y;) sin(a) = Air cos(air) — Ajr cos(ajr)  (22)

and let (€0 sin(a) — @I) cos(a) we have
(i — @) sin(a) — (yi — ;) cos(a) = =i sin(ovik) + Ajr sin(oye) (23)

If a sensor sees n tags, there are 2(n — 1) linear equations with two variables
cos(a) and sin(a). When n > 2, one can solve the set of linear equations and

obtain cos(a) and sin(a). Therefore a = arctan(c(‘)S a)) Using Eq. (I8) and ([IT)
for each tag i, we have

3311 = x; — N1 cos(ayr + a)
Y1 = ¥i — A sin(ag +a)
x4y = x; — N2 cos(aue + a)
y2 =i — Az sin(age + a)
and also

Zi = Z; — /\il tan(ﬂﬂ)

25 =Z; — )\Z'Q tan(ﬂig)
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Therefore, the estimated locations for sensor 1 and 2 seeing n tags are

1 1 1 .
(Ezz‘n:ﬁ?u EEleyi, Ezflzﬁi)
and L L )

(= i yoh, — Ty, — D 2h),

respectively. The center of the sensor frame is at: ("”1;"’”2, y1;y27 Zlgzz ).

3.2 Leapfrog Algorithm

The leapfrog algorithm is the approach we use to calculate all tag positions in
a common reference frame. Starting from the position from which we can see
the maximum number of tags (this will be used as the reference frame), the

Table 1. Leapfrog algorithm for tag localization using a mobile infrastructure

Inputs:
oiji, Biji: angles from tag ¢ to sensor j at cart position !

Outputs:
Ti, Yi, zi: locations for all tags;
1, Y1, 21, ar: positions of the mobile sensor frame;

Notations:
[: current sensor frame
kT's: the set of tags with known locations
cT's: the set of tags connected to the current sensor frame

Initialization:
[ < 1: the first sensor frame is the reference frame,
kTs < (): all tags are unknown position

0. while there is a sensor frame [:
1. Let cT's
be the set of tags connected to frame [;
2. Let enT's < cT's\kT's
be the set of connected tags with unknown locations
3. Compute tag locations for each tag in cnT's
using the closed-form solution in Section 3]
4. kT's — kTsUcnT's
5. Let [ be the next unknown sensor frame
with the maximum connections to known tags
6. Compute the position of the sensor frame
using the closed-form solution in Section 3]
7. end while
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leapfrog algorithm alternates between computation of tag locations and cart
locations, using the closed-form solutions from the previous section, until all the
locations are obtained. In particular, after locating the tags using the in the
current sensor frame, it then selects as the next frame the sensor frame with the
maximum number of known tags (i.e. those which have been observed by any of
the sensor frames we have already processed). It computes the location of this
new frame, and proceeds iteratively. The pseudocode is shown in Table [l

The leapfrog algorithm is simple, but it may only give a partial solution if
there are not enough connections. For example, in line 1 of the algorithm, there
may be no tags connected to both sensors, i.e. ¢I's = (), although there may be
tags connected to one sensor. Also, in line 5, there may be no next unknown
sensor frame that can see at least two known tags. Another potential weakness
of this algorithm is that errors in localization of the previous tags will propagate
into the localization of the next frame, accumulating over time. How to select
the best next sensor frame to reduce error propagation is an open question for
future research. Some techniques in error control for self-localization similar to
those in [12] may be employed. This error accumulation might also be limited
by adding a small number of anchor points with known locations, e.g., using a
blueprint of the building.

3.3 Optimization-Based Algorithms

The leapfrog algorithm does not work well when connectivity is low and when
inputs are noisy. The optimization-based algorithms below are more robust and
work by minimizing the least-square errors for all equations.

Let e, = 0 be an equation from one tag/sensor pair. One can minimize %Eke%
for all tag/sensor pairs. We found the constrained optimization (fmincon in
Matlab) works particularly well for this problem, where constraints are ranges
for locations ([—b,b] where 2b is the size of the x, y or z dimension) and an-
gles [—m, 7).

We have tried two variations of this approach. The first variation (LSLeapfrog)
is to apply the optimization procedure at each leapfrog step, i.e., at each step,
from sensors to tags or from tags to sensors, using the closed-form solution first,
and then apply the least-square minimization with the closed-form solution as
the initial value. The second variation (LeapfrogLS) uses the original leapfrog
solution as the initial value for least-square minimization of all equations.

In the next section, we compare the performance of these three algorithms
(Leapfrog, LSLeapfrog, LeapfrogLS) with two different tag configurations and
analyze their robustness in the presence of noise.

4 Simulation Results

In this section, we analyze the localization performance in two scenarios: “Wall,”
in which tags are put on four walls of a room, and “Hallway,” in which tags are
distributed along two walls of a narrow hallway. A total of 12 tags are used, in
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Fig. 4. The “Wall” scenario (left) and “Hallway” scenario (right)

an area bounded by [—150,150] inched]. Figure @ shows the wall and hallway
scenarios.

In our simulations, we use sensors separated by either 25 inches or 40 inches,
with additive sensor noise modeled by a uniform distributior in [—m, m] where
m is either 0.01 or 0.02 radians, a value based on the measurements of
Section 5.1l The algorithm itself does not require an explicit noise model; this
is for performance analysis only. The AOA sensing range of the sensor is [-1.2,
1.2] radians for yaw angles and [-1.0, 1.0] radians for pitch angles, the limits of
the actual Ubisense hardware.

We then compare the three algorithms of the previous section are compared
using average estimation accuracy. The estimation accuracy for one tag is the
distance between the true and estimated location; the average estimation accu-
racy across all tags is used as the overall performance metric of localization.

Figure[Bl shows samples of the 2D projections onto the XY plane for these two
cases (where the noise is 0.02 radians and the distance between two sensors is 40
inches) resulting from LeapfrogLS; the lines from the tags and sensors indicate
the displacements between the actual and estimated locations.

For the wall case, each of the four walls has three tags placed in random
positions, and for the hallway case, each side has six tags in random positions.
In both cases, the heights are uniformly randomly distributed in [-24, 24| inches.
For the wall case, there are five cart positions, with the first position in the
middle of the room. In the hallway case, there are three cart positions, with

! In this paper, distances are measured in inches (1 in = 2.54 cm) and angles are
measured in radians (1 radian = 180/7 degrees).
2 In other simulations, normal distributions gave similar results.
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Fig. 5. localization results, left: wall tags, right: hallway tags

Table 2. 90% confidence level for all algorithms on wall case

algorithms || 25 in; 0.01| 40 in; 0.01| 25 in; 0.02]| 40 in; 0.02
Leapfrog 107 in 68 in 143 in 95 in
LSLeapfrog 54 in 31lin 67 in 58 in
LeapfrogL$S 15 in 11 in 39 in 15 in
dist=40;noise=0.01 dist=40;noise=0.02
1 = 1
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Fig. 6. Error distribution for hallway case with distance 40in, left: noise 0.01, right:
noise 0.02

the first one in the middle of the hallway. Note that we use fixed, rather than
random, cart positions to reduce run-to-run variations since cart positions can
affect the localization results significantly. We generate 30 random cases for each
selection of sensor separation and noise range, and run the three algorithms on
each of the 30 cases. Location accuracies of 90% confidence level for the wall case
is shown in Table 2, where d; m indicates the distance between the sensors d in
inches and angle noise range m in radians. Each entry x represents at least 27 out
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of 30 runs (i.e. 90%) have error less than z inches. We can see that in all cases,
LeapfrogLS is better than LSLeapfrog, which is in turn better than Leapfrog.
The distance between the sensor pair also matters: the larger the distance, the
smaller the error.

Figure[@ shows the cumulative error distribution function for the hallway case,
with distance between the sensor pair 40 inches, and noise of angles 0.01 and 0.02
radians, respectively. Again, we see that LeapfrogLsS is better than LSLeapfrog,
which is in turn better than Leapfrog, and the larger the angle noise, the bigger
the error.

5 Real Experiments

We tested our algorithms using the Ubisense Location System. Figure [0 left
shows a prototype of the system: two Ubisensors are mounted vertically on the
poles with distance 40 inches. Our initial test had eight tags on two walls, and
the space between neighboring tags was about 24 inches (Fig. [ right).

Fig. 7. Left: the mobile cart with two Ubisensors, right: 8 Tags on two walls

The simulated and real experiments differed in their source of input data. For
simulated cases, data were generated given the tag sensor positions and the noise
model. For real experiments, data were generated from continuous AOA sensor
readings during operation. In order to get a set of good data inputs corresponding
to a set of cart positions, we moved the cart to multiple locations and stopped at
each location for 5 to 10 seconds to get stable angle readings. The next section
describes how to get a clean set of angle data for each location of the cart.

5.1 Data Preprocessing

In order to understand the noise characteristics of Ubisense data, we performed
a series of experiments. The results from these experiments guided us to develop
a robust data extraction algorithm from a continuous source of input data.
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We first studied horizontal and vertical angle variations given a static pair of
a sensor and a tag. We put a sensor and a tag in a fixed position, and measured
AOA data in a given time period. Although details depended on the relative
positions of the sensor and the tag, we found that error distributions with respect
to the mean were very similar. Figure [§ shows the histogram from one data set.
The standard deviations are between 0.01 and 0.03 radians for both yaw and
pitch angles in our experiments. The distribution seemed not to be affected by
distance or angle, although angles approaching the boundary of the valid range
(about +/- 1.2 radians in yaw and +/- 1.0 radians in pitch) sometimes did
result in readings with large variations. We filtered out data at large angles for
robustness. To reduce variations in angle readings, we also averaged multiple
data points for a stable position.

o std = 0.011559

-0.1 -0.05 0 0.05 0.1

f3 std = 0.010073
80 :

-0.1 -0.05 0 0.05 0.1
radius

Fig. 8. Histogram of error distribution with respect to mean for a fixed sensor/tag.
Errors are measured in radians.

The raw AOA input to our algorithm is a continuous series of data points,
with each entry: timeslot, sensor,tagl D, «, 3, where timeslot is the time slot
in which the data is taken (one slot is about 1/40 second), sensor and tagl D
indicate from which pair of Ubisensor and Ubitag the data were obtained, and «
and [ are the pitch and yaw angles, respectively. Although in a stable position the
angle variations are small, when the sensors are moving, readings are generally
not reliable. In our system, we attempt to use only data from stationary points,
where the data are relatively stable.

First, we segment the input data so that consecutive data points with both «
and [ variations less than e are grouped. Only groups with the number of data
points more than n are kept. In our experiments, we set ¢ = 0.05 and n = 5.
Each group has a starting time slot s and ending time slot e, and an average
a and § in the period of [s,e]. Figure [ shows the original and grouped data
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Fig. 9. The original (star) and grouped (diamond) data points for a sensor/tag pair

Fig. 10. Obtaining common data points from two separate sources. Note that source
2 does not have data at the third time period.

points for a sensor/tag pair. Note that, as seen in the figure, this process also
removes some isolated bad data. After grouping data points for each tag/sensor
pair, the next step is to find a common set of data points which are consistent
for all tag/sensor pairs. Such a set of points corresponds to the set of stationary
positions in the trajectory of the mobile sensor platform. Figure [0 illustrates
this process for two data sources. Let the start and end time of a period be
represented as a left and right parenthesis, respectively. We first order all the
parentheses along the time line and then search for periods with balanced left
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and right parenthesis. Note that it is possible that not all sources have data in
a given time period.

5.2 Experiment Results

Figure [ shows 2D and 3D views of the estimated locations of the 8 tags in
Fig.[M (right) using LeapfrogLS. To get a sense of the error in these experiments,
we use the mean square error (MSE) of the model fitting error. Note that this
is not the error from the ground truth, but merely the residual error remaining
in equations [Il and 2l once the algorithm terminates.

Fig. 11. Results of 8-tag localization (units in inches)

Let e = 0 be an equation from one tag/sensor pair. We use \/%Z,?:le%,
where n is the number of equations, for error estimates for real experiments.
For the above example, the MSE of LeapfrogLS is 2.7 inches, and the MSE for
LSLeapfrog and Leapfrog are 4.7 inches and 11 inches, respectively. In general,
we find that the smaller the MSE, the smaller the position error. In cases where
more than one solution exists, one may get a small MSE with large position error.
However, we can usually avoid such cases by moving to a sufficient number of
positions and taking enough data to guarantee a unique solution.

6 Conclusions and Future Work

We have presented an algorithm, and simulation and empirical studies of our
approach to localizing static tags using mobile infrastructure to cover an area
far larger than the sensor range. We show how a closed-form solution can be used
to yield approximate results, and to what extent further optimizations improve
these results when applied iteratively (LSLeapfrog) and when applied globally
(LeapfrogLS) (e.g., location accuracy of 1 ft. (0.3 m) vs. 3 ft. (1 m) or 5 ft.
(1.5 m)).
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Note that although errors accumulate in the leapfrog procedure, the global
optimization for the solution refinement minimizes the overall errors. In describ-
ing our experiments, we have used the MSE of the data fitting error rather than
the MSE of the deviation from ground truth. Future experiments will measure
both the accuracy of our localization and its growth as we use the mobile infras-
tructure over increasingly large areas.

One advantage of our approach is that no computer control of cart move-
ment is needed; the natural movement of the cart during an installation process
should be sufficient, although a few extra stops might be needed. Our algorithm
automatically filters out bad cart positions in which too few tags are in view.
In general, the more good cart positions, the more data, and the better the
results. Compared to the Ubisense Location System with static sensors, our sys-
tem achieves similar results as a fully “untethered” (i.e. without TDOA measure-
ments) configuration, which has an accuracy of about 0.4 m with 90% confidence.

One way to extend this work would be to incorporate other kinds of motion
data, using inertial sensors or odometry. A cart with an inertial or wheel sen-
sor could provide an alternative way to know when the cart was stationary. A
wheel-mounted odometric distance measurement could also be combined with
the tag readings to improve the overall system accuracy. Our system’s perfor-
mance would also improve if the extra TDOA data from the Ubisense hardware
were used to augment the AOA data, or if greater numbers of sensors could be
used to achieve better connectivity.

Although the approach presented in this paper used two sensors on the cart,
it is theoretically possible to localize static tags with only a single AOA sensor, if
distance data of the mobile sensor are available. Such a system would be smaller
and perhaps could be integrated into a portable device such as a cellphone with
an embedded accelerometer and would enable a greater set of applications. One
example would be for home assistant robots. A robot with an AOA sensor could
localize a set of tags, and at the same time, localize itself using the static tags as
landmarks. On the other hand, rather than using only a single sensor, a system
with more than two sensors could have a larger detection field, could collect data
in fewer steps, and could allow for greater tag connectivity.

A greater set of applications would also be enabled by allowing some tags to
be mobile, provided that enough tags remain stationary when the mobile infras-
tructure is moved. Furthermore, it should be possible to reuse tags as the process
proceeds. Alternatively, localized tags might be left behind as a persistent local-
ization infrastructure, allowing a single mobile sensor to be localized anywhere
in the space. These classes of system can provide generalized precise positioning
when it matters, without the cost of a permanently installed infrastructure.
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