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Preface

It is both an honor and a pleasure to hold the 27th Annual Meeting of the
German Association for Pattern Recognition, DAGM 2005, at the Vienna Uni-
versity of Technology, Austria, organized by the Pattern Recognition and Image
Processing (PRIP) Group. We received 122 contributions of which we were able
to accept 29 as oral presentations and 31 as posters. Each paper received three
reviews, upon which decisions were made based on correctness, presentation,
technical depth, scientific significance and originality. The selection as oral or
poster presentation does not signify a quality grading but reflects attractiveness
to the audience which is also reflected in the order of appearance of papers in
these proceedings. The papers are printed in the same order as presented at the
symposium and posters are integrated in the corresponding thematic session.

In putting these proceedings together, many people played significant roles
which we would like to acknowledge. First of all our thanks go to the authors
who contributed their work to the symposium. Second, we are grateful for the
dedicated work of the 38 members of the Program Committee for their effort in
evaluating the submitted papers and in providing the necessary decision support
information and the valuable feedback for the authors. Furthermore, the Pro-
gram Committee awarded prizes for the best papers, and we want to sincerely
thank the donors.

We were honored to have the following three invited speakers at the confer-
ence:

— Jan P. Allebach (School of Electrical and Computer Engineering, Purdue
University): Digital Printing — A Rich Domain for Image Analysis and Pat-
tern Recognition.

— Sven Dickinson (Department of Computer Science, University of Toronto):
Object Categorization and the Need for Many-to-Many Matching.

— Viclav Hlavdé (Center for Machine Perception, Czech Technical University):
Simple Solvers for Large Quadratic Programming Tasks.

We are grateful for economic support from the Austrian Computer Society,
Microsoft Europe, IBM, Advanced Computer Vision, and the Vienna Conven-
tion Bureau. Many thanks to our local support team, Karin Hraby, FErnestine
Zolda and Patrizia Schmidt-Simonsky, who made this symposium possible and
took care of all practical tasks involved in planning DAGM 2005. Special thanks
go to Martin Kampel, who wrote and maintained the symposium website and
supported the organization of the review process. We hope that these proceed-
ings, following the tradition of all DAGM symposiums, will not only impact on
the current research of the readers but will also represent important archival
material.

June 2005 Robert Sablatnig, Walter Kropatsch and Allan Hanbury
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Prizes 2004

Olympus Prize

The Olympus Prize 2004 was
awarded to:

Daniel Cremers

for his significant contributions
in the research area of Image
Segmentation.

DAGM Prizes

The main prize was awarded to:

Bastian Leibe and Bernt Schiele
Scale-Invariant Object Categorization Using a Scale-Adaptive Mean Shift Search.

Further DAGM prizes for 2004 were awarded to:

Volker Roth and Tilman Lange
Adaptive Feature Selection in Image Segmentation.

Michael Felsberg and Goésta Granlund
POI Detection Using Channel Clustering and the 2D Energy Tensor.

Daniel Keysers, Thomas Deselaers and Hermann Ney
Pixel-to-Pixel Matching for Image Recognition Using Hungarian Graph
Matching.
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On Determining the Color of the Illuminant
Using the Dichromatic Reflection Model

Marc Ebner and Christian Herrmann

Universitiat Wiirzburg, Lehrstuhl fiir Informatik II,
Am Hubland, 97074 Wiirzburg, Germany
ebner@informatik.uni-wuerzburg.de,
http://www2.informatik.uni-wuerzburg.de/staff/ebner/welcome.html

Abstract. The human visual system is able to accurately determine the
color of objects irrespective of the spectral power distribution used to il-
luminate the scene. This ability to compute color constant descriptors is
called color constancy. Many different algorithms have been proposed to
solve the problem of color constancy. Usually, some assumptions have to
be made in order to solve this problem. Algorithms based on the dichro-
matic reflection model assume that the light reflected from an object
results from a combined matte and specular reflection. This assumption
is used to estimate the color of the illuminant. Once the color of the il-
luminant is known, one can compute a color corrected image as it would
appear under a canonical, i.e. white illuminant. A number of different
methods can be used to estimate the illuminant from the dichromatic re-
flection model. We evaluate several different methods on a standard set
of images. Our results indicate that the median operator is particularly
useful in estimating the color of the illuminant. We also found that it is
not advantageous to assume that the illuminant can be approximated by
the curve of the black-body radiator.

1 DMotivation

A white wall illuminated by yellowish light reflects more light in the red and
green part than in the blue part of the spectrum. If we use a camera to take
an image of the wall, the sensor of the camera will measure the light reflected
from the wall. Thus, a photograph of the wall will have a yellow cast. A human
observer, however, is able to somehow discount the illuminant. He will perceive
the wall as being white irrespective of the type of illuminant used. This ability to
compute color constant descriptors is known as color constancy [I]. Developing
algorithms for color constancy is obviously very important for consumer photo-
graphy. Another area where color constancy algorithms may be used is machine
based object recognition. In this paper, we will be looking at several different
methods on how to estimate the color of the illuminant from a color image. Once
the illuminant is known, it can be used to compute a color corrected image under
a canonical, i.e. white illuminant. The different methods will be evaluated on a
standard set of test images.

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 1-8l 2005.
© Springer-Verlag Berlin Heidelberg 2005



2 M. Ebner and C. Herrmann

2 The Dichromatic Reflection Model

The dichromatic reflection model assumes that object color is a result of a matte
reflection in combination with a specular reflective component [2J3/4]. The overall
color of the object is determined by the matte reflection whereas specular high-
lights are caused by the specular reflection. These highlights occur whenever the
light is reflected such that it directly enters the camera. Since the light from the
light source is reflected directly into the camera it can be used to estimate the
color of the illuminant.

Let S(A) be the vector with the response functions of the sensor. For an
RGB-sensor, we have S = [S,()), Sg(N), Sp(A)] where the functions S;()\) with
i € {r, g, b} specify the sensor’s response characteristics to light in the red, green,
and blue part of the spectrum. Let E()) be the light falling into the sensor, then
the response of the sensor is given by

I= /+(>o E(M)S(\)dA.

—00

Under the dichromatic reflection model, the response of the sensor is given by

+oo
1= [ GuRuNEQ) + ssRs()EN) S()dA
—0o0

where Rjs(A) is the object reflectance with regard to the matte reflection, Rg(\)
is the object reflectance with regard to the specular reflection, sy; and sg are two
scaling factors which depend on the object geometry and E()) is the irradiance
falling onto the object [4].

Let us now assume that the response functions are very narrow, i.e. they can
be modeled by delta functions S;(A) = 6(A—\;). Such ideal sensors only respond
to a single wavelength A; with ¢ € {r, g,b}. This gives us

I = sy Ry By + ssRs i By

Assuming that the specular reflection behaves like a perfect mirror, i.e. Rg; =1,
we obtain
I = smBwmiEi + ssEi.

Let Cyr = [RmrEr, Rur,gEg, Ry b Ep) be the measured matte color of the object
and let Cg = [E,, Eq, Ey] be the color of the illuminant. We now see that the
color measured by the sensor is restricted to the linear combination of the matte
color of the object point Cj; as seen under illuminant F and the color of the
illuminant Cg. The two vectors Cj,; and Cg define a plane inside the RGB color
space [3].

By computing chromaticities, the three-dimensional data points are projected
onto the plane r + g+ b = 1. This gives us a line in chromaticity space. The two
points which define the line are the chromaticities of the measured object color
[r0,90]T and the chromaticities of the color of the illuminant [rg, gg]”

()=o) ra-a()
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for some scaling factor s. The data points which belong to a uniformly colored
surface will all be distributed along this, so called, dichromatic line. We now
assume that the illuminant is uniform over the entire scene. In this case, all
dichromatic lines will have one point in common, the color of the illuminant.

3 Natural Illuminants

If we know the correspondence between data points and surfaces, we can compute
the dichromatic line for each surface. The dichromatic line can be found by
doing a linear regression on the data. Alternatively we can also compute the
covariance matrix and then locate the eigenvector which corresponds to the
largest eigenvalue to determine the orientation of the dichromatic line. According
to Finlayson and Schaefer [4] the algorithms based on the dichromatic reflection
model perform well only under idealized conditions. The estimated illuminant
turns out not to be very accurate. If small amounts of noise are present in
the data then the computed intersection may be very different from the actual
intersection. Finlayson and Schaefer note that the method works well for highly
saturated surfaces under laboratory conditions but does not work well for real
images. In their work, they assumed the images to be pre-segmented.

They suggest to compute the intersection of the dichromatic lines with the
curve of the black-body radiator in order to make the method more robust. Many
natural light sources can be approximated by a black-body radiator. The power
spectrum E(\, T) of a black-body radiator depends on the temperature T'. It
can be described by the following equation [5//6]

2hc? 1
X (e 1)

E\T) =

where T is the temperature of the black-body measured in Kelvin, h = 6.626176-
10734Js is Planck’s constant, kg = 1.3806 - 10_23% is Boltzmann’s constant,
and ¢ = 2.9979 - 108% is the speed of light. Many natural light sources such as
the flame of a candle, light from a light bulb or sunlight can be approximated
by the power spectrum of the black-body radiator. The chromaticities of day-
light also follows the curve of the black-body radiator closely [7]. Plotting the
chromaticities of the black-body radiator in CIE XYZ color space, one obtains
a curve which can be approximated by a quadratic equation.

Using this approximation, we can compute the intersection between the
dichromatic line and the curve of the black-body radiator. As a result, one either
obtains none, one or two points of intersection. If the dichromatic line does not
intersect the curve of the black-body radiator, then one can locate the closest
point between the line and the curve of the black-body radiator. If two intersec-
tions are found, one can use some heuristics to select one of the two as the correct
intersection. Using the constraint that the illuminant can be approximated by
the curve of the black-body radiator, in theory it is possible, to determine the
color of the illuminant from a single surface. Algorithms based on the gray world
assumption [8J9JT0] in contrast, require that the scene be sufficiently diverse.
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4 Estimating the Color of the Illuminant by Segmentation
and Filtering

Risson [11] extended the algorithm of Finlayson and Schaefer by also addressing
the segmentation problem. Risson proposed to determine the illuminant by first
segmenting the image and then filtering out regions which are not in line with the
dichromatic reflection model. As a first step, noise is removed by pre-filtering the
image using a Gaussian or median filter. Then the image is segmented. Regions
which do not agree with the dichromatic reflection model, such as achromatic
regions or regions which belong to the sky, are removed. In order to compute the
direction of the dichromatic line reliably, the region has to have a certain size.
Risson [11] suggested to remove all regions with a saturation less than 12%. For
each remaining region, the dichromatic line is computed.

The dichromatic line can be computed by performing a linear regression on
the x- and y-coordinates in CIE XYZ chromaticity space. We can also compute
the covariance matrix for the pixel colors which belong to a single region. Using
singular value decomposition, the largest eigenvalue tells us the direction of the
dichromatic line. Let e; be the normalized eigenvector which corresponds to the
largest eigenvalue obtained for region j. The dichromatic line £; of region j is
then given by

Ej = {aj + sej|with s € R}
where a; is the average chromaticity of the region. In theory, the illuminant is
located at the point where all dichromatic lines £; intersect. In practice, however,
the dichromatic lines do not intersect in a single point because of noise in the
data. It may also be that some of the computed lines are not caused by pure
matte reflections in combination with specular reflections.

It may be possible to develop a classifier to rule out lines which are not in
agreement with the dichromatic reflection model. A simpler method is to use
the large number of dichromatic lines obtained from the image and to gather
statistical evidence for the actual point of intersection. The exact method on how
to determine the location of the point of intersection is not specified by Risson
[I1]. In finding the point of intersection, the curve of the black-body radiator
may or may not be used to constrain the set of possible illuminants.

A simple method with no constraints on the color of the illuminant would
be to compute the intersection for all possible combinations between two dichro-
matic lines. This gives us a set of intersections [I2]. Let n be the number of

1

dichromatic lines of the image. This gives us 3n(n — 1) points of intersection

pi = [x4,y;] where x; and y; are the chromaticities in CIE XYZ color space.
1
{pi|lwith i € [1, ..., §n(n -1}

From this set we can estimate the actual point of intersection by computing the
average of the points of intersection. In this case, the position of the illuminant
p is given by

2
P = m;pz
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We could also compute the median independently for the x- and y-coordinates.
Use of the median operator has the advantage that outliers are removed.

p = [Median{x; }, Median{y; }|

where Median denotes the computation of the median.

Assuming that the illuminant can be approximated by the curve of the black-
body radiator, we can use this curve to constrain the set of possible illuminants.
Thus, for each dichromatic line we would first compute the intersection between
each dichromatic line and the curve of the black-body radiator and then fur-
ther process this data. Since the curve of the black-body radiator is a quadratic
function of the single coordinate x we obtain either none, one or two points
of intersection on the dichromatic line. We could take the average or the me-
dian value of all computed x coordinates and then compute the corresponding
y coordinate. We could also compute a histogram for all intersection points and
then select the bucket with the maximum count. Another possibility would be
to determine the corresponding temperature of the black-body radiator for each
intersection. Again we could then compute either the average or the median
temperature of all intersections. Given the temperature we could compute the
corresponding chromaticities in CIE XYZ color space.

Once the illuminant is known, it can be factored out of the image. As a
result, we obtain a color image as it would appear under a canonical, e.g. white
illuminant. Figure [T shows the steps of the algorithm for a sample image.

5 Experimental Results

In order to evaluate which method of determining the most likely position of
the illuminant works best, we have used a standard dataset for color constancy
research, the datasets of Barnard et al. [13]. Five different sets were selected
from the database. Set 1 contains only objects with minimal specularities, i.e.
Lambertian reflectors. Set 2 contains objects with metallic specularities. Set 3
contains objects with non-negligible dielectric specularities. Set 4 contains ob-
jects with at least one fluorescent surface. Each object is imaged under up to 11
different illuminants. The objects remained stationary whenever the illuminant
was changed. Set 5 can be used to evaluate the performance on object recogni-
tion tasks. Objects from set 5 were placed in a random position whenever the
illuminant was changed. Sets 1, 2, 3, 4, and 5 contain 22, 14, 9, 6, and 20 different
scenes, respectively.

The evaluation of the different methods described in the previous section
was done as follows. The color constancy algorithm based on the dichromatic
reflection model was applied to each image from the dataset. Then we randomly
selected two images from the dataset for each object. This gave us two image
sets. The first set of images contains the test images. The second set of images
contains the model images. The histogram based object recognition, originally

! http://www.cs.sfu.ca/~colour/data/index.html
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Input Image Segmented Image

Remaining Regions Dichromatic Lines
Dichromatic Lines
1 ‘ ‘ ‘
CIE Color Space
Black Body Radiator -
08¢ Dichromatic Lines -~ 1
glogted Illumi
0.6 -
04 -
>
0.2
ol
-0.2
-0.4

-0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Output Image

Fig. 1. Steps of Risson’s [I1] algorithm. The input image is segmented into regions of
uniform color. Regions which are not in line with the dichromatic reflection model are
removed. Here, small regions and regions with low saturation are removed (marked in
red). For each remaining region, the dichromatic line is computed. Only a subset of
all lines are shown for clarity. The estimated illuminant is marked by a vertical and
horizontal line. The last image shows the output image.

introduced by Swain and Ballard [14], was used to find a match for each test
image. Since our goal is to evaluate the different estimation methods we have used
only color histograms and did not include any other information, i.e. gradients.
The x? divergence measure [I5/16] was used to find the best match. Let Hr be
the color histogram of the test image and and let Hy; be the color histogram
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of the model image. Let H(c) be the probability that the color ¢ occurs in the
image then the x? divergence measure is computed as

(1 (c) ~ Hu(0)?

XQ(HT,HM) = zC: Hr(c) + Hu(c)

This process was repeated 100 times for each data set.

Table 1. Results for image sets 1 through 5. Histograms were computed in RGB
chromaticity space. For each image set random performance is also shown.

Histogram-based Object Recognition, chromaticity space

Estimation Method 1 2 3 4 5

Random Recognition Rate 0.045 0.071 0.111 0.167 0.050
Avg. Intersection 0.170 0.282 0.333 0.337 0.154
Median Intersection 0.535 0.589 0.839 0.725 0.328
Black-Body Average X 0.373 0.504 0.576 0.565 0.235
Black-Body Median X 0.359 0.461 0.580 0.580 0.243
Black-Body Histogram 0.339 0.429 0.608 0.533 0.251

Black-Body Avg. Temperature 0.325 0.434 0.584 0.540 0.228
Black-Body Med. Temperature 0.337 0.428 0.567 0.533 0.212

Table [l shows the results for each data set and method of estimating the
illuminant. The performance based on a random selection of matches is shown at
the top of the table. Selecting the median intersection method clearly produced
the best results. Since the dichromatic reflection model was developed for objects
with specular surfaces it is of no surprise that best results were achieved for set
3. Recognition results for set 5 which presents a more realistic scenario for object
recognition are much lower than the results for sets 1 through 4. Restricting the
illuminant to be on the curve of the black-body radiator did not result in better
performance compared to the median intersection. If we assume the illuminant
to be caused by natural illumination such as sunlight or tungsten light then we
automatically rule out a greenish or purple illuminant. The above results show
that it makes sense not to make any assumptions on the color of the illuminant.

6 Conclusion

Algorithms based on the dichromatic reflection model are especially suited to
achieve color constancy provided that specular objects are in the image. In the-
ory, the color of the illuminant is located at the intersection of the dichromatic
lines. In practice, however, the dichromatic lines do not intersect in a single
point. Thus, one has to decide upon a method to estimate the color of the illu-
minant from the available data. We evaluated several different methods on how
to estimate the color of the illuminant using histogram based object recognition.
We found that selecting the median of the intersection of the dichromatic lines in
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CIE chromaticity space gave best results. Also, it is not advantageous to make
the assumption that the color of the illuminant can be approximated by the
curve of the black-body radiator.
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Abstract. Usually, optical flow computation is based on grayscale images and
the brightness conservation assumption. Recently, some authors have investigated
in transferring gradient-based grayscale optical flow methods to color images.
These color optical flow methods are restricted to brightness and color conser-
vation over time. In this paper, a correlation-based color optical flow method
is presented that allows for brightness and color changes within an image se-
quence. Further on, the correlation results are used for a probabilistic evaluation
that combines the velocity information gained from single color frames to a joint
velocity estimate including all color frames. The resulting color optical flow is
compared to other representative multi-frame color methods and standard single-
frame grayscale methods.

1 Introduction

The optical flow is an approximation for a 2D motion field of the velocity vectors of
each pixel of an image, with every vector being a projection of the real 3D velocity
of a corresponding surface point [4]. In the literature, the term optical flow is usually
related to image motion fields that are computed purely based on luminance informa-
tion. To the contrary, color optical flow fields are image motion fields that are estimated
based on color images which is also often termed multi-channel optical flow, image
flow estimation and photometric invariant optical flow etc.

The usual way for motion estimation is using grayscale images and assuming con-
stant brightness over time. The brightness constraint equation is a quite strong assump-
tion which is only appropriate for high frame-rates with small changes between con-
secutive frames, so that it often does not hold for real world sequences. In fact, the
luminance information is highly dependent on moving shadows, varying shading, mov-
ing specularities and fluctuations in the light source intensity [9]. To account for the
luminance problem, some authors have extended standard optical flow estimation al-
gorithms for the use of color images instead of grayscale ones. To do so, they replace
the brightness assumption with a less restrictive constant chromaticity assumption, also
called color invariance assumption, meaning that the color stays constant over time
[6],[9]. Obviously, color images contain more scene information than grayscale images
and therefore an improvement should be expected for color-based optical flow estima-
tion. Nevertheless, the constant color assumption seems to be nearly as restrictive as the

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 9-[6] 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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constant brightness assumption, since the problem of varying information over time is
still present.

A simple experimental examination shown in Fig. 1 indicates that also color infor-
mation varies to a large extent within consecutive images of a real world sequence. A
person holding a yellow book in front of his body is moving towards the camera under
a fluorescent tube illumination. Measuring the RGB/HSV values of two consecutive
images I* and I*T4* shows that the color information in the different color channels
within the black circle is 1) not constant across different pixels within the circle, mainly
because of chroma noise, and 2) also not constant for corresponding pixels within a
color frame over time, mainly because of luminance and reflection changes. The vari-
ances for the different color channels within the circle and over the two consecutive
images are listed in the table of Fig. 1.

+ — t+ At —s
I S T I . 1t I" _ IH»At

o, =13 or =12

RGB oy =14 o =T
o, =21 o, =3
o =25 on =

HSV 0s =22 os =13
oy, =6 Oy = 4

Fig. 1. Example showing the change of color over time because of independent changes of bright-
ness and contrast within different color channels. The color components of an image pixel can
change over time because of reflection and illumination changes.

Besides varying color information, it is not clear how existing correlations between
the different color channels, mentioned by Madjidi and Negahdaripour in [7], can be
used for optical flow computation and how to handle brightness and color assump-
tions concurrently. In spite of the many open questions regarding color optical flow,
researches in that field are still quite sparse [6],[9],[1],[7],[3].

Looking at standard applications, the optical flow is usually gained by comparing
brightness patterns of two consecutive images It and I*+4*, where I? is an image con-
sisting of pixels at locations x at time t. Comparing brightness patterns often leads to
assume brightness invariance of particular patterns under motion. Let WoGHP be a
weighted patch of gray values of image I' centered and windowed about p (with ®
symbolising the componentwise multiplication of two vectors). G! denotes the vector
of intensities linked to the particular image and W defines a window function, which
restricts the pattern size. Assuming brightness conservation the standard correlation-
based optical flow equation can be formulated following [5] as:

WOGHP = WoGHatptap (1)

In order to obtain color optical flow Golland and Bruckstein [6] used a standard
gradient-based approach with the same assumptions as in Eq. 1 and applied the re-
sulting brightness constraint equation to each channel of the RGB color space. Then
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they solved the resulting overdetermined system of linear equations by a standard least-
squares algorithm. In an alternative approach they propose that in pure color channels
changes in brightness do not appear and the resulting color conservation assumption
would be more appropriate. In this approach, they eliminate the brightness containing
channel, e.g. the Value channel of the HSV color space, and applied the two pure color
channels, e.g. the Hue and Saturation channel, to the mentioned constraint.

Starting from the dichromatic reflection model, van de Weijer and Gevers [9] de-
rive photometric invariants to improve optical flow estimation that in their approach
is independent of shadow-shading and specular reflectance changes. They propose the
combination of a reliability measure that considers instabilities of the photometric in-
variants and optical flow estimation to increase robustness.

Based on Gollands and Brucksteins first proposal, Barron and Klette [2],[3] anal-
ysed different standard differential techniques for computing the optical flow, e.g. the
Lucas and Kanade method or the Horn and Schunck regularization. For more details of
standard methods see [4]. Furthermore, they recast the Horn and Schunck regulariza-
tion adding a directional constraint that depends on one knowing whether the camera is
panning or zooming in the standard minimization formula.

Andrews and Lovell [1] developed some faster algorithms for solving the color op-
tical flow equations proposed by Golland, Bruckstein and Barron, Klette.

In this paper, we investigate the formulation of a local linear generative model that
approximately describes the correlation between colored image patches within two con-
secutive multi-frame color images. This model is used to generate locally as well as
channel independent measurements that are interpreted as discrete conditional proba-
bility density functions (pdfs) holding the probabilities for several motion hypotheses
given two consecutive color patches. The advantage of these pdfs given a set of discrete
velocities is that a number of velocity hypotheses can be tested concurrently. This means
that the velocity information derived from the single color channels can be combined
without loosing information. From these velocity distributions velocity vectors are ex-
tracted to estimate the optical flow of a color image sequence. The main assumptions
are 1) that due to illumination and reflection changes, the color as well as the brightness
and the contrast within an image patch can vary systematically over time, especially
when there are moving objects in a scene and 2) the information in the color channels
can be treated as statistically independent and so can be combined to one joint velocity
distribution for each image location.

In Sec. 2 a short introduction to color spaces and a motivation why we treat the
color channels as statistically independent is given. In Sec. 3 a model that allows for
local value changes over time within the color channels is proposed and a correlation-
based probabilistic interpretation is presented that leads to a contrast and brightness
invariant color optical flow estimation. Finally some quantitative results are given in
Sec. 4 followed by some short conclusion in Sec. 5.

2 Color Spaces

The representation of color in so called color spaces like the RGB, HSV or YCbCr
follows the trichromatic theory of color, whereby every color can be specified by an
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additive composition of appropriate features like, e.g. the quota of red, green and blue
in a particular color. Hence every color can be represented by a linear combination of
those features each presenting a basis vector, since they are linearly independent and
their span describes the whole space.

C; = Tiez + yiey + zie,, with 0 <uz;,y;,2 <1 and ¢ € {RGB,HSV,YCbCr} (2)

The vector c; represents a particular color in space i, x;, y;, z; are the corresponding
values of the associated features and e, e, e, are the standard basis vectors. Thus, the
whole color picture is described by

C; = (Xi;Y;Z)7", 3)

where X;, Y;, Z; are the single color channels of the frame.

An example of a typical three channel HSV color frame is given in Fig. 2. Remarkable
are the large differences according to contrastive and homogenous areas between the
channels. Every color space is spanned by a 3D coordinate system which describes the
color gamut of a particular device [8].

Hue Saturation Value

Fig. 2. Example of a three channel HSV color frame with remarkable differences between the
channels

The spectral responsivity of the used sensors for measurement, e.g. of the red, green
and blue component, will overlap in most cases. Thus the measured components will
be correlated. Nevertheless we assume that the measured data of the different channels
are statistical independent, since 1) the spectral overlapping appears only in subareas of
the spectral responses and 2) the measured data is mostly preprocessed with device spe-
cific parameters that differs between the different sensor types meaning the dependence
between the channels is unknown. The assumption of statistical independent spectral
responses seems to be a good approximation, since in most cases knowing the spectral
response of one channel does not allow to draw any conclusions regarding the responses
of the other channels. Even if the value of one pixel in a particular channel is measured,
this does not constrain the set of possible values of another channel.

3 Correlation-Based Color Optical Flow

Our approach for calculating color optical flow bases on a formulation for computing
the optical flow of intensity images [5]. The used notation is illustrated and described in
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Fig. 3. This figure shows the used notation. A
xiP color picture C5P consists of three color chan-
nels X:P, YIP, Z"'P with each channel contain-
ing a component, e.g. x;, y; or z; (See Eq. 2),
ciP{ytp for each pixel p. A particular weighted 3D-patch

of an image at position p at time ¢ is achieved
with the ® operation of the window vector W :=

£ X X X .
z;® (W; W;W)T on the vector C/® in the sense
! WoC;P = (WoX; P WoY;? WoZP)T,
—e N . . . . .
Ci = Tie; +yiey + zie: denoting elementwise multiplication.

Fig. 3. Here, extending the brightness constancy assumption of Eq. 1, it is assumed that
during motion the contributions of the single color channels are independently jittered
by noise 1 and that brightness and contrast variations may occur over time, allowing
for systematic brightness, contrast and in addition color changes. The assumed color
changes imply e.g. changes of brightness or changes of the spectrum of the illumination.
These color changes are accounted for by a scaling vector \; and a bias vector ;. For
the sake of simplicity, we now neglect index ¢ for the different color spaces and arrive
in analogy to Eq. 1 at

WOCHP = Wo [AGCHARPHAP 4 k] 4y | with )
A= Qe LA LADT, k= (el 1ik:1)T and 7= (121577, 15:1)"

In this expression the patch W®CHP contains in accordance to Eq. 3 for each pixel a
vector.

Assuming that the image noise of each channel is zero mean Gaussian and statis-
tically independent from the noise in the other channels, with variances 05, 0y, and
oz, We get a covariance matrix X', where only the elements of the leading diago-
nal are different from zero. Thus, the likelihood that C*P is a match for Ct+A6P+4p,
given a velocity v = Ap/At and the parameter vectors A, &, the window function W
and the covariance matrix X, can be written down as:

p (Ct—&-At,p—&-Ap’ Ct,p | V) ~ (5)

T
N 6—% (W@(A@Ct’p+n —ctMt’PMP))z;l (W@(A OC*Ptk —c“rAtvPMP))

We now proceed to make Eq. 5 independent on A and . Thus we maximize Eq. 5 with
respect to A and k. This leads to a minimization of the exponent of Eq. 5:

{A",k*} :=miny . F, with (6)
T
= (W@(A@Ct'p+n —c”mvPMP)) =t (W@(A@Ct'p+n —c”m’f’*ﬁp)) .

This amounts to solve the homogeneous equation system which we get from setting
the derivatives of Eq. 6 in direction of (A, k) to zero:

LF =0 LF >0 @)
d(X, k) TdAK) '
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In the case that each color channel has an independent )\, this minimization leads
to three independent equation systems each containing two constraints with two un-

knowns, which can be solved separately.
Let \* = (A;, Ay A;)T, K* = (H;, Ky ﬁj)T be the parameters which minimize
Eq. 6. Substituting A = A* and k = k* into Eq. 5, the final likelihood reads:

p <(~J1t+At,p+Ap7 Ct,p ‘ V) ~ 67% ZA:X,Y,Z( aé;;p ) 2(1*Qit,P,At+At,P+AP) (8)

)

with oa+p being the variance of the weighted patch of the momentary channel and
0Atp At+atp+ap being the correlation coefficient between two patches of two consec-
utive channels over time. From here on, for the sake of brevity, we now write p (p|v) :=
p (CHHALPTAP CLP | v), which expresses the joint likelihood of the image data at lo-
cation p at time ¢ given discrete motion hypotheses v for all color channels. We see that
pt(p|v) factorizes, so that the corresponding probability for the whole image can be
written as

p'(plv) = p(plv) - ol (pIv) - pL(plV) )

meaning that they can be calculated separately, with p’. (p|v), pl, (p|v), p% (p|v) being
the likelihoods of each channel. The final optical flow field can directly be estimated
from the joint likelihood p? (p|v) and a given prior p (v) using Bayes’ rule and the
maximum a posteriori estimator:

o (vIp) = p(v) ¢ (BIV), and v =max (' (vlp) ) (10)

In the following experiments the prior was chosen to be equally distributed.

4 Results

To give a quantitative analysis and a comparison to other existing color optical flow
methods we used two pan and zoom synthetic image sequences generated by John Bar-
ron and Reinhard Klette and added our results to the results presented in [3]. The quan-
titative error measurements can be seen in Table 1 and the corresponding optical flows

Fig. 4. Panning and Zooming color optical flow for the RGB color image



Probabilistic Color Optical Flow

15

Table 1. Error measurements reported in [3] including our results for comparison

|| Panning eng £ oepy ep = Tey, || || Zooming en £ oepy ep = Tey ||
Horn-Schunk RGB |24.27% + 23.62% [4.56° 4 6.19° Horn-Schunk RGB |13.72% 4+ 14.92%6.54° 4 7.91°
Lucas-Kanade RGB |4.90% + 9.31% [1.00° =+ 3.44° Lucas-Kanade RGB |8.17% 4 12.04% |4.01° 4 12.13°
Barron-Klette RGB [26.21% + 19.29%(0.0° Barron-Klette RGB [15.48% + 23.89%0.0°
Golland-Bruckstein [RGB [11.38% + 17.36% [5.04° 4 11.80° Golland-Bruckstein [RGB |14.74% =+ 19.37%(7.56° £ 14.87°
Otha RGB |12.38% + 18.91% (6.04° + 12.80° Otha RGB |18.69% =+ 27.87%(9.78° 4 15.80°
Willert-Eggert-Clever|RGB  [0.0% 0.0° Willert-Eggert-Clever|RGB  |22.17% + 18.77%(6.34° &+ 6.33°
Willert-Eggert-Clever|[HSV  [1.97% + 13.9% |0.001° 4 0.41° Willert-Eggert-Clever|HSV  |26.20% =+ 21.39%|7.79° + 8.61°
Willert-Eggert-Clever | YCbCr[ 0.0% 0.0° Willert-Eggert-Clever| YCbCr| 22.43% =+ 18.91%(6.52° + 6.48°
Horn-Schunk S 43.69% =4 28.94%(10.48° 4 11.61° Horn-Schunk N 22.83% + 11.23%(11.23° £ 12.81°
Lucas-Kanade S 6.54% + 13.19% [1.39° + 4.54° Lucas-Kanade N 10.21% + 14.66%|5.32° + 13.62°
Barron-Klette S 32.59% =+ 20.19%(0.0° Barron-Klette N 26.43% + 39.99%(0.0°
Golland-Bruckstein |S 16.97% + 22.41% [9.34° + 20.80° Golland-Bruckstein | S 20.08% =+ 24.05%(12.99° + 23.98°
Willert-Eggert-Clever | $ 10.77% =+ 31.00% (0.002° + 0.70° Willert-Eggert-Clever| S 37.69% + 24.68%(16.55° £ 21.10°
Horn-Schunk Y 22.90% =4 24.12%(4.73° + 7.28° Horn-Schunk Y 21.47% =+ 20.50%(10.35° £ 11.73°
Lucas-Kanade Y 6.14% + 11.95% [1.63° + 5.23° Lucas-Kanade Y 9.46% =+ 14.04% |5.05° 4 13.61°
Barron-Klette Y 20.06% =+ 20.67%|0.0° Barron-Klette Y 23.67% + 21.18%(0.0°
Golland-Bruckstein |Y 21.08% =4 28.07%(12.59° 4 24.99° Golland-Bruckstein | Y 18.91% + 23.72%(11.46° + 21.84°
Willert-Eggert-Clever| Y 0.005% + 0.51% |0.007° + 0.89° Willert-Eggert-Clever| Y 23.01% + 18.32%6.73° 4 6.72°

Fig. 5. Color optical flow for real-world sequences for a YCbCr and a RGB color sequence

are printed in Fig. 4. The same quantitative error measurements reported in [3], that is,
the relative magnitude errors enr = 1/i5 -, |[v§; — v§; |17/ 32, [Ivi;]* x 100% and
the angle errors ep = 1/ij -, arccos(v{; - v{;) with their corresponding variances
Oey, and o¢,, are used. Although the test sequences are synthetic sequences with no
illumination and reflection changes at all, which means the extension to a channelwise
contrast and brightness invariant measurement is not necessary, our method compares
quite favourably to the others. Especially for the panning sequence our method outper-
forms the existing ones. Since we use the maximum a posteriori estimator we cannot
reach subpixel accuracy and our results for the zooming sequence are not that convinc-

ing. To give a first impression on how our method works on real world sequences we
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added two further example sequences shown in Fig. 5. The qualitative optical flow re-
sults for an YCbCr (left) color and a RGB (right) color sequence processing only two
consecutive images of the sequence can be seen.

5 Conclusion

We have presented a probabilistic correlation-based color optical flow algorithm that
allows for brighness, contrast and color changes over time. In the case of pixel accuracy
it compares quite favourably to existing gradient-based approaches that assume bright-
ness, contrast and color to be constant over time. Our generative model for color image
formation can be extended straightforwardly to also allow for correlations between the
color channels by adding crossterms to the scaling and bias parameters. To study the
usefulness of such crossterms for optical flow estimation will be the topic of further
research.

Acknowledgements. Special thanks to Prof. John L. Barron from the University of
Western Ontario, Canada, and his college Prof. Dr. Reinhard Klette from the University
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Abstract. Color texture algorithms have been under investigation for
quite a few years now. However, the results of these algorithms are still
under considerable influence of the illumination conditions under which
the images were captured. It is strongly desireable to reduce the influ-
ence of illumination as much as possible to obtain stable and satisfying
classification results even under difficult imaging conditions, as they can
occur e.g. in medical applications like endoscopy. In this paper we present
the analysis of a well-known texture analysis algorithm, namely the sum-
and difference-histogram features, with respect to illumination changes.
Based on this analysis, we propose a novel set of features factoring out
the illumination influence from the majority of the original features. We
conclude our paper with a quantitative, experimental evaluation on ar-
tificial and real image samples.

1 Introduction

For many years the automatic analysis and classification of structured surfaces
in color images has been an active field of reserach in the image processing
and pattern recognition community. Currently, there exists a wide range of tex-
ture and color texture methods, and an ongoing development of new methods,
even for pure gray level image material. Texture features may be divided into
the categories spectral, statistical and model-based features [I4]. The most com-
mon spectral features are based on spectral transforms whereas many statistical
methods use so-called co-occurrence matrices or sum- and difference-histograms
[16/10]. Color texture analysis has been of increasing interest in the last few years
with important works of Tan and Kittler [15] proposing a parallel approach to
‘color texture’, i.e. color and texture features are extracted separately. Alterna-
tively, integrated color and texture extraction techniques have been developed
[7219112]. Basically, all of these expand concepts of gray level analysis to the
color domain, whereas some of them emphasize on different color spaces as well
[13I3]. Most of these techniques were developed and evaluated on more or less ar-
tificial sample images which were taken under laboratory conditions. Robustness
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© Springer-Verlag Berlin Heidelberg 2005



18 C. Miinzenmayer et al.

against changing color temperature of light sources or inhomogeneous illumina-
tion conditions as required by practical applications is still not very common,
with only few new approaches recently known [AJ6I2TJ20/11]. The present work
addresses exactly this problem assuming a global color temperature change of
the light source.

In the next section we will introduce the linear model of illumination change.
Section [3] summmarizes the definition of the intra- and inter-plane sum- and
difference-histograms published by Unser [I6] and its color extension in [I0].
These well known features will be analysed and a modification will be proposed
in Section @] with an experimental evaluation following in Section B We will
conclude our contribution by a short discussion in Section [6l

2 Linear Model of Illumination Change

For image formation we assume a linear model which is widely known as state of
the art [TOISITE]. Tt models the linear sensor response p*) for the k’th spectral
band as the result of the integration of spectral radiance of the light source E ()
with wavelength A, the spectral reflectivity of the surface s(A) and the sensor’s
sensitivities R (\):

k) — / RB()E(N)s(A)dA. (1)
A

For simplicity of our analysis we omit any references to the surface, illumination
and viewing geometry, commonly expressed by the emitting light source vector
and the surface normal vector, and to camera parameters like integration time
or gamma correction non-linearities. In his fundamental work [19], Wandell uses
low-dimensional linear models for the representation of spectral reflectance and
illuminant functions. Using Dg and Dy basis functions F; () and s; (), respec-
tively, the illumination F'(\) and surface reflectivity s(\) can be formulated as:

Dg—1 Ds—1
EN) =Y aBE(N), s\ =) a55;(N. (2)
i=0 =0

There exist many possibilities to select basis functions, e.g. Fourier expansion, or
a basis derived from a principal components analysis of a representative spectral
reflectance set. Now, if the illuminant is known by its coefficients ¢;, the linear
image formation model () can be reduced to

pP = AEO' (3)

where o is a column vector of surface basis function coefficients o; and Ag is
the lighting matrix where the kjth entry is

Dr—1

Appy = ; « /A RO VE; (\)s; (A)dA. 0
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Note that Ag depends only on the light source (¢; and E;()\)), the surface ba-
sis functions s; () and the sensor characteristics R™(X) but not on the actual
surface reflectance coefficients o;. Thus, in case of an illumination change, there
will be alterations in Ag which affect each surface point equivalently. Following
the work of Barnard [I], we assume a 3-dimensional surface reflection model
(Ds = 3). Note, that there is no restriction on the dimensionality of the illumi-
nation spectrum (Dg). Thus, with K = 3 color sensors, we obtain a 3 x 3 lighting
matrix Ag. Now, let pPl = ApPlo be the sensor response under illumination
El and p®2 = As®%0 the response under E2. Substituting the common term o,
it can be shown easily that

pE2 _ AEEQ(AEEl)_lpEl, (5)

| S ——
M

i.e. the illumination change induces a linear transform of the sensor responses by
a 3 x 3 matrix M. Assuming narrow-band sensors, a diagonal transformation D
can be used as an approximation which is known in color constancy literature
as the von Kries coefficient rule [IJ.

3 Sum- and Difference-Histograms in Color Space

In this section we introduce the sum- and difference histogram features as pro-
posed by Unser [16]. They are based on the so-called co-occurrence features in-
troduced by Haralick [5] which are based on an estimate of the joint probability
function of pixels in certain spatial relationships. Sum- and difference-histograms
provide an efficient approximation for the joint probability by counting the fre-
quencies of sums respectively differences of pixel pairs

mro = [(z1,11), (2 = 21 + 708 O, ya = y1 + rsinO)] (6)

with the radial distance r and the angular displacement ©. With G being the
maximum intensity level these histograms are defined as:

hs(i) = {mroll(z1,y1) + I(22,y2) =i}, (7)
hp(j) = Hmrell(x1,y1) — I(z2,y2) = j}, (8)

with ¢ =0,...,2(G—1) and j = =G+ 1,...,G — 1. In general, it is sufficient
to use @ € {0,7/4,7/2,37/4} and a small radius r, and calculate features on
each of the histograms separately. The approximative probabilities are derived
by normalization with the total number of pixels N in the considered image

region of interest:

psti) = S0 ) = 12U) 9

Integrated color texture extraction by intra- and inter-plane sum- and difference-
histograms

hs.n ™ (i) = [{mro 1) (w1,30) + 19 (22,0) = i} (10)
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was presented in [I0] and will be reviewed shortly here. Here, joint probabilities
over different color channels p, g € {R, G, B} are approximated and evaluated by
the same features as in the gray level case. In the following intra-plane features
are computed from pixel pairs within each plane p = q and inter-plane features
from distinct planes p # g. All features for differenct directions © and different
intra- or inter-plane combinations are concatenated to the final feature vector
which is used for classification.

4 Deriving Illumination Invariant Features

The next section is dedicated to the analysis of the sum- and difference-
histograms and derived features in context of a multiplicative or diagonal il-
lumination change. A multiplicative illumination change has influence only on
the brightness of an image pixel and can be modeled by a multiplicative factor
k. In consequence the sum- and difference-histograms change by:

s " (0) = | {mrolk - 171, 0) £ k- 19 (03, 32) = i}

11

= |{mr0l1® (@) £ 19 (2, 32) = i/ }| = hs o9 (/). .

This is true for intra-plane (p = q) and inter-plane (p # ¢q) histograms, not

counting quantization errors. For the diagonal model, the illumination change is

equivalent to an independent scaling of each color channel by a separate factor

kp. Intra-plane histograms will therefore change similarly. Thus, in the follow-

ing considerations we will restrict ourselves only to the intra-plane model with
multiplicative and diagonal illumination change.

Unser [16] proposed a set of 15 features based on the normalized sum- and
difference distributions ps(i) and pp(j) (see Table[ll) which will be analysed with
regard to the influence of illumination changes. Therefore, we try to express the
value of a feature under illumination change ¢ as a function of the feature c
under unchanged illumination. As an example, we derive the following change
for the feature sum mean cq:

o= fls = Zﬁs(i) = Zps(i/k) =Y pe(i) ki =kecg  (12)

As can be seen, the feature ¢y is scaled by the factor of the multiplicative illu-
mination change. Similarly, the feature sum variance c¢; can be considered and
reformulated by variable substitution:

é1= Z(Z — fis)?ps (i) = Z(Z — kps)?ps(i/k) = Z(kz/ — kps)?ps(i) = K2ey
(13)
In this case the feature c; is scaled by the square of the illumination change. We
conducted this analysis on all 15 features with the summary of results in Table[dl
In total 6 of 15 features, namely sum energy co, sum entropy cs, diff energy cg
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Table 1. Scalar texture features derived from sum- and difference-histograms with the
original features by Unser [16] and the same features under illumination change with
multiplicative and intra-plane model and modified features invariant against illumina-
tion changes

Features Original Definition Illumination Change New Definition
' =g, . 1®
sum mean co = s =y, 1ps(%) co=k-co -
sum variance =Y, —ps)’ps(i) |&1=k" a1 &= fé = Zlg
sum energy c2 =Y, pa(i) é2 =2 =2 =
sum entropy c3=—,ps(i)logps(i) |é3 = c3 é;, =cC3=cs3
diff mean ca = pa = ; jpa(j) és=k-ca 6;2%2%
diff variance es=3,;0j— pa)pa(d) |és =k -cs s = %%L = %
diff energy 6= p2(4) é6 = co &g = &6 = Co
diff entropy er = =3, pa(j)log pa(j)|ér = ez br=tr=cr
cluster shade cs =, (i — ps)’ps(i) |G =K - cs &y = i—é =
cluster prominence [co = >°,(i — ps)*ps(i)  |éo = k* - co tg = 2—% =3
contrast c10 = Zj jzpd(j) éo=Fk-c 6/10 = Cfl‘;’l = S%fl
homogenity c11 = Zj #pd(i) C11 = Zj/ 1+(k3 )de(] )|
correlation Cl2 =C1 — C10 Gz =k"-c 6/12 = Cul_: = %
! :
angular 2nd moment|ci3 = c2 - g ¢13 = c13 ¢13 = €13 = C13
entropy clu =c3+cr C14 = C14 ba =l =cu

and diff entropy c; as well as the total entropy ci4 and the angular second
moment c13 are invariant under this model of illumination change. That means,
that more than half of all features are affected by diagonal illumination changes,
thus degrading classification performance. From Table [ it is also obvious, that
all other features except homogenity c11 contain a power of k as a multiplicative
factor. Therefore, we propose to normalize these features except co by a power
of the sum mean ¢y = ps, thus canceling out the factor k. Normalizing e.g. the

sum variance ¢y yields
k‘261

y G 1
C = = — = —. 14
N A (14)

All modifications are summarized in Table [Tl representing a new set of illumina-
tion invariant features c’.

5 Experiments and Results

To validate our newly defined texture features we used two different color image
sets. The first one is taken from the VisTex (Vision Texture) database [I7] pub-
lished by the MIT. We selected 32 images showing different color textures (also
used in [9UT0]). We selected 10 disjoint 64 x 64 pixel regions of interest (ROI) in
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each image for training of a k nearest neighbor classifier and another set of 10
regions per image for validation of the classification performance. To simulate
illumination changes complying with the diagonal model, we calculated diag-
onal transform matrices based on the RGBcig-system by linear least squares
regression. As there is no illumination related information available about the
origin of the VisTex images, we assumed transformations from CIE daylight il-
luminant D55 with 5500 K CCT (correlated color temperature) to six different
color temperatures in the range of 4000 to 7000 K. This leads to a color shift
from a reddish (4000 K) to a bluish (7000 K) tint. To avoid clipping artefacts by
coefficients > 1, the gray level dynamic of the original images was compressed
by the factor 0.8.

The second data set we used, originates from a medical application of color
texture analysis for the classification of different types of mucous tissue inside
the esophagus. All images were acquired by a high-resolution magnification en-
doscop% after application of acid solution to enhance mucous structures. For
each tissue class, irregularly bounded ROI’s were classified by clinical experts
with histologic confirmation by conventional biopsy. The whole data set includes
390 images with a total of 482 ROI’s.

All texture features were individually normalized to 4 = 0 and ¢ = 1 on the
training data set to ensure equal weighting in the calculation of the classifier’s
distance function. Fig. shows the classification accuracy of the original and
the illumination invariant features with and without the variant feature ¢;; for
different diagonal illumination changes. Note that at 5500 K no illumination
change takes place as we have chosen to use this point as the reference illu-
mination. For the endoscopic data set Fig. summarizes the classification
accuracy in a leaving-one-out setting. We gathered results for the original image
resolution of 768 x 576 pixels and 3 further reduction steps of a Gaussian mul-
tiresolution pyramid which proved advantageous in previous experiments and is
advantageous to reduce computation time. In every case the illumination invari-
ant feature set is superior to the original definition. However, the variant feature
c11 (homogenity) seems to have a strong contribution on the final result so that
it should not be excluded despite its obvious dependency on the illumination.

6 Discussion

In this work we presented the analysis of the sum- and difference histogram color
texture features [I0JI6] with respect to changes in the spectral characteristics of
the illumination. We modeled illumination changes by a diagonal transformation
matrix based on a linear image formation model and have shown how the sum-
and difference-histograms change with the coefficients of this matrix. Based on
this analysis, we have presented novel definitions for features which are invariant
to the considered illumination change.

Experiments on artificial and real images have shown that improvements in
classification accuracy can be obtained by such a normalization. However, the

3 Olympus GIF Q160Z.
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Classification Accuracy for Simulated Illumination Changes

0.80
0.75 s a——S e A
e poess ssuih G -
B 070 |- by
S 0654l 9/
§ I
< 0.60 Original —o— —
Ill.Invar. --e--
0.55 & Ill.Invar. only --—---"|
0.50 | | |
4000 4500 5000 5500 6000 6500 7000
Target-CCT [K]
(a) Simulated Hlumination Changes
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Fig. 1. Classification accuracy for sum- and difference-histogram features shown for
the original features of Unser, our illumination invariant features including the variant
feature ci1 (Ill.Invar.) and without ci1 (Ill.Invar. only). (a) Simulated diagonal illu-
mination changes on VisTex images assuming RGBcig-system with transformations
from 5500 K to a range of 4000 to 7000 K. (b) Classification of real endoscopic images
of the esophagus for different resolutions in a multiresolution Gaussian pyramid.

amount of improvement naturally depends on the degree of change in the illu-
mination, e.g. with 4000 K an improvement of 11% has been reached compared
with only 2% in the reference cased (5500 K). For the endoscopic data set a
maximum improvement of 4% for the original resolution and 2% for the reduced
resolutions is a sign for the stability of the light source with respect to aging. Of
course stronger improvements are expected for applications under natural light,
e.g. in outdoor scenarios.
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Abstract. The efficiency of an image compression technique relies on
the capability of finding sparse M-terms for best approximation with
reduced visually significant quality loss. By ”visually significant” it is
meant the information to which human observer can perceive. The
Human Visual System (HVS) is generally sensitive to the contrast,
color, spatial frequency...etc. This paper is concerned with the compres-
sion of color images where the psycho-visual representation is an impor-
tant strategy to define the best M-term approximation technique. Digital
color images are usually stored using the RGB space, television broad-
cast uses YUV (YIQ) space while the psycho-visual representation relies
on 3 components: one for the luminance and two for the chrominance.
In this paper, an analysis of the wavelet and contourlet representation of
the color image both in RGB and YUV spaces is performed. A approx-
imation technique is performed in order to investigate the performance
of image compression technique using one of those transforms.

1 Introduction

The question of why some abstract shapes are more attractive to human ob-
servers than others, may be answered, in that, we probably find pleasing
those forms, most closely tuned to the properties of our human visual system
(HVS) [II]. An example of differential tuning is the oblique effecll in orienta-
tion perception. Thus aesthetic pleasure is linked in some general way to neural
activity. In [7] a theory of spatial vision is given, by integrating psychophysics,
neurophysiology and linear systems. They carried out many electro-physiological
experiments, showing the cells of the primary visual cortex be tuned to bands
in spatial frequency and orientation, which was confirmed by other physiological
experiments [6]. However, the orientation properties of color perception is still
an open issue. In applications where lossy compression is needed, one has to
consider subjective assessments, rather than — or besides — strict PSNR values
for an optimal quality of the reconstruction.

As shown in a recent paper [3], considering anisotropy in luminance images
in the compression stage, has led to better compression performance and better

! horizontal and vertical lines have privileged access.
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preservation of details, thus getting higher image quality. The question is: can
the considerations in [3] be exploited for color images?

This paper analyzes a compression technique on color images. In the follow-
ing subsections, the modeling of color in images as well as the performance of
compression in color space are considered.

1.1 Psycho-Visual Representation of Color Images

The quantization of color perception in the HVS is a challenging process. There
exist different theoretical studies [20/18] of the chromatic psycho-visual compo-
nents that the HVS could perceive. The theories show that the HVS separates
light information, received by the retina, into three distinct, non independent
components. Thus, HVS color perception can be modeled in two steps [20]. In
the first step, the received light is transformed into three bio-electrical signals
(L,M,S) as received by the three types of cones on the retina [4]. In the second
step, the resulting signals are combined into three psycho-visual components:
one achromatic (A) and two color components (C1 and C2).

Using this model, the achromatic component A is calculated by A =
L + M [1]. The first color component C1 corresponds to the chromatic axis
Red-Green C'1 = L — M. The second color component C2 corresponds to the
chromatic axis Blue-Yellow C2 = S — 0.5(L + M). Note also that if C1 cor-
responds to the a axis from L*ab space defined by the CIE-Lab [I5], then C2
diverges from the b component of this space. An investigation has been made in
[1] on the possible relationships between the three components A, C1 and C2.
It was shown a strong interaction between A and C1, and C1 and C2, while C2
has a limited influence on the perception of A. Thus, efficient quantization pro-
cess should take into account these relationships instead of handling the three
components independently.

1.2 Color Compression Standards

Lossy compression mainly consists of de-correlation and quantization stages
that reduce the image size by permanently eliminating certain information. The
decorrelation stage of the image compression algorithm is usually done by a
transformation from one space to another space to facilitate compaction of in-
formation. One approach is the use of the Discrete Cosine Transform (DCT),
which is used in the JPEG (baseline) industry standard [16].

The recent standard ” JPEG 2000” [I7] exploits the sparse approximation of
the Discrete Wavelet Transform (DWT) for image compression purpose, which
is free from the blocking effect artifacts of DCT. DWT allows the decomposition
of an image into a set of contributions at different frequency bands and resolution
levels. The corresponding coefficients of the different decomposition levels are
correlated and show characteristic trends for additional compression potential.

Many coding techniques of the DW'T coefficients have been investigated, like
the Embedded Zero-Tree Wavelet (EZW), the Set Partitioning In Hierarchical
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Trees (SPIHT) and the Embedded Block Coding with Optimized Truncation
(EBCOT) [16/17].

1.3 Color Images Modeled in RGB and YUV

There exist many possible color space definitions [I4] and this paper addresses
those commonly required by image compression techniques. For digital still im-
ages, the Red-Green-Blue color space, known as RGB, is commonly used. RGB
is an additive color model [15], which appropriately fits the physics of usual cap-
turing and display devices. A RGB representation of an image is generated by
spectral primary filtering an arbitrary color scene. Filters generate three channels
by the spectral subbands red, green and blue, which usually overlap. Therefore
the RGB model representation is a very redundant one.

The combining of these three channels of light produces a wide range of visi-
ble colors. All color spaces are three-dimensional orthogonal coordinate systems,
meaning that there are three axes (in this case the red, green, and blue color
intensities) that are perpendicular one to another. The luminance is given by
Y = 0.299R + 0.587G + 0.114B and is represented by the area of the trian-
gle, spanned from the three RGB vectors. All three components must be tuned
proportionally for changing the luminance, therefore, RGB is not optimal for
compression purpose. Thus, a changeover to a color space with uncorrelated
components is more convenient and provides better compression performance.

Television broadcast makes use of color spaces based on luminance and
chrominance, which correspond to brightness and color respectively. These color
spaces are denoted as YUV and YIQ [14]. The YUV space is used for the PAL
broadcast television system standard in Europe and the YIQ color space is used
for the NTSC broadcast standard in North America.

Chrominance carries only the differences R-Y and B-Y, which is the principle
advantage of using YUV or YIQ for broadcast. Thus the amount of information
is significantly reduced to define such a color television image. From the past,
the compatibility with monochrome receivers should be noticed.

Based on psycho-visual properties of the human eye, luminance is more im-
portant for subjective good image quality than chrominance. Therefore chromi-
nance components can be downsampled to achieve better compression perfor-
mance. So the formats YUV:4:2:2 and YUV:4:1:1 were generated, especially for
video compression applications.

1.4 Multiresolution Representations of Images

For compression purposes, sparse representatiotE of images is an important issue,
where the compact approximation is mainly achieved by means of quantization,

2 A general WVT series expansion by &,, for a given image I, such that I = Yoo Cn®n,
where C), are the transform coefficients. The best M-term approximation, using this
expansion, is defined as Iy = ZneGM Cn®n, where G is the set of indexes of the
M-largest C,. The quality of the approximated function Ijs relates to how sparse
the WVT expansion by &, is, or how well the expansion compacts the energy of I
into few coefficients.
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which also yields to a degradation of the images. Separable WVT [J] offers
an acceptable tradeoff between visual quality and information sparsity. Thus,
WVT has been adopted for gray-level and color image compression standards
(i.e. JPEG2000) [T2IT617].

The quality of the approximation images strongly depends on the quanti-
zation noise. For gray-level images, this noise is uniform as one quantization
procedure is used. However, three quantization procedures are used for the three
image components that may yield a quantization noise localized on certain struc-
tures. The minimization of such noise depends on the capability of exploiting
the interaction between the three components.

For the assessment of the reconstruction quality another important aspect is
the relationship between the contrast sensitivity and the spatial frequency. This
is described by the Contrast Sensivity Function (CSF) [12]. For compression
purposes, CSF is exploited to regulate the quantization step-size to minimize
the visibility of artifacts. This approach can be used for luminance as well as for
color images. For color perception three different CSFs describe the sensitivity
for the respective color bands. Implemented in JPEG2000 compression standard
on the WVT coefficients, CSF schemes provide visually more efficient image
approximation than conventional hard thresholding.

2 The Contourlet Transform

Efficient image representations require that coefficients of functions, which repre-
sent the regions of interest, are sparse. Wavelets can pick up discontinuities of one
dimensional piecewise smooth functions very efficiently and represent them as
point discontinuities. 2D WVT obtained by a tensor product of one-dimensional
wavelets are good to isolate discontinuities at edge points, but cannot recognize
smoothness along contours. Numerous methods were developed to overcome this
limitation by adaptive [I3], Radon-based [5], or filter bank-based techniques [§].

2.1 Contourlets for Luminance Images

Inspired by Candes theory [5], Do and Vetterli [§] proposed the Pyramidal
Directional Filter-Bank (PDFB), which overcomes the curvelet in sparsity us-
ing a directional filter bank, applied on the whole scale, also known as CTT.
Besides their parsimony, CTT offers the directionality and anisotropy to image
representation that are not provided by separable WVT.

In [3], the potential of the CTT for image compression has been demon-
strated on gray-level images. The advantage of CTT over WVT, is the sparse
approximation of images with smooth contours. We did experiments with over
100 high resolution images, and it was shown, that the smoothness of the con-
tours within an image is coupled with the spatial resolution of a desired scale.
It is found, that below a spatial resolution around 28 pixels, the application of
the CTT carries no advantage compared with WVT in terms of compaction of
energy. By combining CTT and WVT as unique image transform, an interesting
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gain in image quality has been demonstrated. These results motivate the interest
for extending this approach to color images.

2.2 Contourlets for Color Images

The proposed approach for color images approximation is very close to the one
used in [3] for gray-level images. Consequently, the main idea is to combine CTT-
WVT for the approximation of the three image components Y, and also U and
V. The adopted procedure for image compression is as follows:

1. The used digital images are stored using RGB coordinates. In the first step,
the RGB component of the color image are transformed into YUV space as
defined in [15].

2. In case of image size of < 512 x 512 pixels, four decomposition levels are used,
where the two fine scales are CTT, (with 1=8 directions) and the remaining
two are obtained using WVT. However, in case of images with < 2048 x
2048 pixels, five decomposition steps are using with three CTT levels (1=16
directions).

3. This decomposition is used to each component independently Y, U and V.

Simple thresholding of the coefficients from Y space is performed as in [3].

5. The same thresholding strategy, as in 4., is performed for the resulting co-
efficients from U image decomposition.

6. In the V decomposition, the coefficients located in the same position as
the truncated Y coefficients as excluded from the thresholding. Other V
coefficients follow the same thresholding strategy.

e

3 Experimental Results and Analysis

This analysis has been performed on more than 100 digital color images from a
multimedia database. The WVT and combined CTT-WVT approach have been
analyzed for compression purpose. A set of images have been selected for this
paper that are depicted in Figure[Il

Most of those images have been used in [10]. The image A and C are the Lena
and F16 color images respectively, with 512x512 pixels, which are usually used
in standard image compression literate. In B, there is Zaza image with 512x512
pixels that has the property of containing smooth contours without a complex
structure. The image in D is the Art image with 2048x2048 pixels that contains
a diversity of colors.

Compression results using WVT and CTT-WVT on the four selected im-
ages, are reported in this Section. The evaluation between these approaches is
performed using the PSNR criterion. The images have been reconstructed from
the remaining significant coefficients and the reconstruction error (PSNR) has
been derived. The normalized log energy entropy measures (Equation[I]) indicate
the potential of energy compaction for the desired transformation. The factor be-
tween the original image size and the non-zeros coefficients size is used to derive
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Fig.1l. Example of color images used for the analysis: A. Lena(512x512), B.
Zaza(512x512), C. F16(512x512) and D. Art image(2Mx2M).

the compression ratio. Note that state-of-the-art coders (e.g. EBCOT contextual
coding [17]) also exploit high order statistics. Thus, the used measures (entropy)
are an approximation that can only give a hint on the relative performance. The
entropy measure is given over the whole YUV components as well as over the
luminance component Y.

B(s) = 3 Log(s?). )

It can be noticed that the combination CTT-WVT provides higher reduction
than that of WVT. However, the entropy measure of the resulting YUV space co-
efficients seems to be advantageous for WVT such that the remaining coefficients
can be efficiently coded. The most significant improvement in the compression
ratio can be noticed on the Art image. This gain is related to the high edge
density in the image. However, this gain is less significant if the image has less
discontinuities (zaza and F16). On the other hand, the entropy results of the
Y space coefficients show that CTT-WVT provides a sparser representation for
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Table 1. Compression results

||Images |PSNR|Entr0py YUV|Entr0py Y|Compression Ratio ||
Lena (WVT) 30.1 0.054 0.054 21.8
Lena (CTT-WVT)| 29.9 0.065 0.053 20.7
F16 (WVT) 26.8 0.035 0.033 31.4
F16 (CTT-WVT) | 26.8 0.043 0.032 32
Zaza (WVT) 29.7 0.031 0.029 38.1
Zaza (CTT-WVT)| 29.6 0.034 0.028 39.3
Art (WVT) 28.1 0.057 0.048 34.8
Art (CTT-WVT) | 282 0.061 0.045 36.7

luminance than that with WVT while chromatic components seems to be com-
pactly represented by WVT. Therefore, one possible alternative to investigate
would be the combination of CTT and WVT for luminance and chrominance
components respectively. In such a scheme, CTT can be used to code the Y
channel while WVT can be applied for U and V components

4 Conclusions

This paper investigates the potential of the ConTourlet Transform (CTT) for
compression of color images. In [3], it was demonstrated the potential of CTT, in
providing a more compact representation of the energy, compared to that of the
WaVelet Transform (WVT), used in the compression standard JPEG2000, for
gray-level images. CTT shows less information loss and artifacts in the recon-
structed images after simple thresholding of the transformed coefficients. Indeed,
WVT exhibits a large number of coefficients for representing smooth contours,
which are usually present in high resolution images.

For this reason, this paper investigates the extension of the CTT-WVT ap-
proach to color images. Several color spaces has been discussed including the
space with the psycho-visual perception of colors. The CTT potential has been
investigated in YUV space, the one used in JPEG and JPEG2000 standards.
After the quantization step, CTT provides a reduced size of coefficients, com-
pared to WVT. Unfortunately, the log energy entropy measure indicates that
the resulting WVT coefficients may be compacter coded. This is apart to the
Y channel, which can be coded better by processing by CTT. However, as a
perspective, it is recommended to determine different contrast sensitivity func-
tions [12] for the chrominance channels as well as for the luminance. To tune
the quantization process, one can estimate the receptor noise [19], as threshold,
to detect a just noticeable difference (Weber-Fechner law), based on the Human
Visual System sensitivity.
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Abstract. We present a novel variational method for estimating dense disparity
maps from stereo images. It integrates the epipolar constraint into the currently
most accurate optic flow method (Brox et al. 2004). In this way, a new approach
is obtained that offers several advantages compared to existing variational meth-
ods: (i) It preservers discontinuities very well due to the use of the total variation
as solution-driven regulariser. (ii) It performs favourably under noise since it uses
a robust function to penalise deviations from the data constraints. (iii) Its min-
imisation via a coarse-to-fine strategy can be theoretically justified. Experiments
with both synthetic and real-world data show the excellent performance and the
noise robustness of our approach.

Keywords: computer vision, variational methods, stereo reconstruction, differ-
ential techniques, partial differential equations.

1 Introduction

The reconstruction of 3-D information from two views is one of the key problems
in computer vision. Since the prototypical approach of Marr and Poggio [[L1] three
decades ago, a variety of algorithms have been proposed for this purpose. Depending
on their strategy for solving the correspondence problem, these algorithms can be di-
vided into four classes: Feature-based algorithms [3l6] that make use of characteristic
image features such as corners or lines, area-based methods [8115/16] that correlate im-
age patches by aggregating local similarity measures, phase-based approaches [4)5/7]]
that estimate displacements via the phase in the Fourier domain, and energy-based tech-
niques [1I9U10/12/14115] that seek to minimise variational formulations, where devia-
tions from data and smoothness constraints are penalised.

Variational methods offer one decisive advantage when compared to the other three
strategies: They allow for an estimation of correspondences at those locations where
no image information is available. Since they regularise the often non-unique solution
of their data constraints by assuming (piecewise) smoothness of the result, neighbour-
hood information is propagated to locations where such information is missing. As a
consequence, always 100% dense estimates are obtained. This so-called filling-in effect
is one reason why variational techniques have become increasingly popular during the
last few years.

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 33-40} 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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A second reason is the fact that this regularisation can be adapted such that it re-
spects discontinuities in the data (image-driven) or the solution (solution-driven). Thus,
objects boundaries are preserved and the accuracy of the reconstruction increases. First
approaches with image-driven regularisation go back to Mansouri et al. [10] who pro-
posed an anisotropic method that smoothes along object boundaries but not across them.
More recently, Kim and Sohn [9]], presented a similar approach with non-convex regu-
larisation that gives even sharper results. However, both techniques are restricted to the
ortho-parallel case, where images have already been rectified and the correspondence
problem reduces to a search along the x-axis. In Alvarez et al. [1] a more general vari-
ational method with image-driven regularisation is proposed: By using knowledge on
the geometry of the scene this technique does not require an explicit rectification of the
input images but still satisfies the so-called epipolar constraint that relates correspond-
ing points in both views. A similar method, however with solution-driven regularisation
was presented by Robert and Deriche [12]]. Apart from using a different regularisation
strategy, their approach was also the first one that considered constancy assumptions
on higher order image derivatives such as the image gradient or the Laplacian. This, in
general, yields a better performance under varying illumination.

While the previous methods already combine some successful concepts, recent
progress in variational optic flow computation shows that there are even more useful
strategies which should be integrated in the estimation. This problem is addressed in
our paper: We propose a novel variational method for estimating dense disparity maps
that is based on the currently most accurate optic flow technique: The optic flow method
of Brox et al. [2]. By integrating knowledge on the geometry of the scene we obtain a
general approach that introduces the following novelties to the field of variational stereo
reconstruction: Firstly, a robust data term is used. Although this concept is quite com-
mon for area-based reconstruction methods (cf. [[15]), it has not been considered for
variational techniques so far. Secondly, we make use of the total variation (TV) [13].
During the last years this form of penalisation of both the smoothness and the data term
has become very popular and achieved good results in various research fields such as
deconvolution, image restoration and optic flow estimation. And finally, the proposed
approach allows to extend the theoretical justification of the warping strategy given by
Brox et al. 2] to the field of variational stereo reconstruction methods.

Our paper is organised as follows. In Section[2l we give a short review on the stereo
problem and discuss how knowledge on the geometry of the scene can be integrated
appropriately into the estimation of the correspondences. This motivates us to propose a
novel variational approach in Section [3|that transfers successful concepts of the highly
accurate optic flow method of Brox et al. [2] to the field of stereo reconstruction. In
Section[] the performance of our approach is evaluated on both synthetic and real-world
data while a summary in Section[3 concludes this paper.

2 The Stereo Problem

Let us consider a stereo image pair g; (x) and g (x), where the subscripts { and r stand
for the left and the right camera, respectively, and x = (z,y) " denotes the location
within a rectangular image domain 2. Then, projective geometry tells us that we can
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recover the depth of a point x in the left image by finding its corresponding point x’
in the right image. In other words: If we are able to compute the displacement field
d(x) = x’ — x between the two images (disparity) we can reconstruct the original
scene.

2.1 Epipolar Geometry

However, the displacement field d(x) cannot be arbitrary. Due to the geometry of the
scene the so called epipolar constraint [3|] must hold. It is given by

*TFx=0 1)

and relates the projective coordinates X = (z,y,1)" and X’ = (2/,4/,1)T of corre-
sponding points in both views via a 3 X3 matrix of rank two — the so called fundamental
matrix F. For a given point x, this constraint describes a line in the right image on
which x’ must lie: The epipolar line ®. Defining the following abbreviations

a(x) = fi1z + fi2y + fis,
b(x) := for12 + fooy + fos,
c(x) = fa1x + f32y + fas,

with f;; being the entries of the fundamental matrix £, this epipolar line @ can be
written as

a(x)z’ +b(x)y + c(x) = 0. )

2.2 Integration of the Epipolar Constraint

In order to allow for an accurate estimation of the displacement field d(x), the epipolar
constraint has to be integrated in the formulation of the correspondence problem. To this
end, we follow the idea of Alvarez et al. [1] and perform an orthogonal decomposition
of d(x) with respect to the direction of the epipolar line @. Thus, we obtain

1 b\ L (a()
A =90 T (700 ) a0 S (50))

epipolar direction e(x) epipolar normal e (x)

where p(x) and ¢(x) stand for the component of the projection of the displacement field
d(x) in direction of and orthogonal to the epipolar line &, respectively. For a point x’
on the epipolar line @, however, ¢(x) is known. It is the distance of the point x to the
epipolar line ¢ and can be computed via

q@%:<wmx+wmy+dm>_

a?(x) + b2%(x) @

Plugging this expression in equation (3) satisfies the epipolar constraint and restricts the
correspondence problem to the search of one unknown function, namely p(x).
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3 From Optic Flow to Stereo

Recently, Brox et al. [2] proposed a highly accurate variational method for computing
the displacement field between two images. However, their method was designed to be
used in the context of optic flow estimation, where correspondences can be arbitrary.
Since we have seen that the epipolar constraint can be satisfied if a suitable decompo-
sition of the displacement field d(x) is performed, we can modify this approach such
that it meets all requirements for a stereo reconstruction method. In the following, we
present the new approach in detail.

3.1 The Variational Model

Let g-(x) and g;(x) be presmoothed versions of the original images g (x) and g; (x)
that have been obtained by convolution with a Gaussian kernel of standard deviation o.
Furthermore, let v and (3 be nonnegative weights. Then we propose to compute p(x) as
minimiser of the energy functional

E(p) = Ep(p) + B Es(p), (5)

where the data term is given by

Bp(p)= [ 7 (1or(x + dw) — 010 + [V (x+ dlp) = Var(x) ) e . ©
and the smoothness term reads
Egs(s) = / Us (|Vp[*) dzdy. )
Q

While the first part of the data term models the assumption of a constant grey value
in both views, the second one renders the approach more robust against varying illu-
mination. This is achieved by assuming constancy of the spatial image gradient Vg =
(9x» gy)T. In accordance with equation (@) both assumptions are modified such that the
epipolar constraint is satisfied. Moreover, no linearisation of the data term is performed
to allow for a correct estimation of large displacements. Finally, in order to render the
approach more robust with respect to outliers, a robust function ¥g is applied to the
whole data term. As proposed in [2] we consider a regularised version of the total vari-
ation (TV) [13] for this purpose that is given by ¥(s2) = 1/s2 + €2 with € := 1073.

In the smoothness term we follow a different strategy: Instead of regularising the
total displacement field d(p(x)) we penalise deviations from the unknown function
p(x) directly. Also in this case, the regularised version of the total variation with ¢ =
1073 is used as non-quadratic function ¥g. This solution-driven regularisation models
a piecewise smooth result and thus preserves discontinuities in the disparity map.

3.2 The Euler-Lagrange-Equation

Let us now derive the Euler-Lagrange equation that is a necessary condition for the
minimiser of the proposed energy functional. For better readability we use the following
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abbreviations for derivatives and differences:

g =gr(x+d(p)) s Gax = Ouegr (x+d(p)),
9z := Oz9r (X + d(p)) y  YGaxy = OxyZr (X + d(p)) s
Gy ‘= Oygr (X + d(p)) y  Gyy = ayygr (X + d(p)) ,
9. =gr (x+d(p) —q(x) , Gu: = 0xgr (x+d(p)) — Ougi (x),

Gyz ‘= Oygr (X + d(p)) - 8ygl (X) .
Moreover, we define the components of the direction e of the epipolar line @ by e =
(e1,e2) . Then, the Euler-Lagrange-equation can be written as

), (gﬁ +a(g, +9.) ) (gz (g€1 + gyez))
+ao ¥, (93 +a(g. +9..) ) (gm (9zze1 + Gay€2) + gyz (gayer + gyyez))
—@ div (w5 (IVpl?) Vp) =0 ®)

with reflecting boundary conditions.

As proposed in [2] this coupled system of PDEs is solved by means of two nested
fixed point iterations. Thereby a coarse-to-fine warping strategy with downsampling
factor 7 is used. As for the original optic flow method it can be theoretically justified as
an approximation strategy to the continuous energy functional.

Fig. 1. Corridor stereo data set (http://www-dbv.cs.uni-bonn.de/stereodata/).
(a) Top Left: Left frame. (b) Top Center: Right frame. (c¢) Top Right: Ground truth disparity map.
(d) Bottom Left: Correlation method. (e) Bottom Center: Method of Alvarez et al. [1]]. (f) Bottom
Right: Our method (0 = 1.55 , a = 1.1, =5, n=0.95). Computing time on a standard PC with
3.06 GHz Pentium4 CPU: 21 seconds.
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Table 1. Results for the Corridor scene. AADE = Average absolute disparity error.

(a) Overall performance (b) Impact of noise
Technique AADE Technique | Noise level 02 | AADE
Correlation method [[1]] | 0.4978 Our method 1 0.1952
Alvarez et al. [1]] 0.2639 Our method 10 0.2519
Our method 0.1731 Our method 100 0.3297

4 Experiments

The proposed algorithm has been evaluated on two commonly used stereo test pairs:
The synthetic Corridor scene from the University of Bonn, and the areal photos of the
Pentagon building from the CMU image data base. In the case of the Corridor scene
the known ground truth allowed us to determine the estimation quality quantitatively.
This was done by computing the average absolute disparity error via

N
AADE = % Z ‘ditFUth _ diestimate‘. 9)
i=1
where N is the number of pixels.

In our first experiment we have tested the proposed approach on the Corridor data
set without noise. The achieved error is shown in Table [[(a), where it is compared
to results from the variational approach of Alvarez et al. [1]] and a correlation based
technique with sub-pixel accuracy from the same authors. As one can see, our method
outperforms both techniques significantly.

The reason for the good performance becomes obvious in the corresponding dispar-
ity maps that are presented in Figure[Tl Connected areas such as ceiling, floor, walls and
objects are estimated homogeneously while boundaries between them remain relatively
sharp. This is a straight consequence of using the total variation in both the data and the
smoothness term. In this context one should note that in accordance with Alvarez et al.
[1] a boundary layer of 15 pixels was omitted when computing the disparity error. From
the presented maps, however, one can see that this would not have been necessary for
our method.

In our second experiment we have evaluated the performance of our approach with
respect to noise. To this end, we used three variants of the Corridor scene, where
Gaussian noise of zero mean and different variance o2 has been added. While Scharstein
and Szeliski [15] claim that these data sets would be too difficult for a reasonable es-
timation, our results in Table [[(b) show that this is not the case. As one can see, they
are still very accurate. In particular, one should note that our result for the version with
o2 = 10 s still more precise than the results of the other two approaches for the original
data set without noise.

In our third experiment we have reconstructed the Pentagon scene using the com-
puted dense disparity map as hightfield. This is shown in Figure[2l Evidently, the whole
scene looks very realistic: The discontinuities between the different sectors of the build-
ing are well preserved, the huge bridge in the upper right corner of the image is recon-
structed accurately, and there are no outliers present that require the use of postprocess-
ing steps.
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Fig.2. Pentagon stereo data set (http://vasc.ri.cmu.edu/idb/html/stereo/).(a)
Top Left: Left frame. (b) Top Right: Right frame. (c) Bottom Left: Computed disparity map height
field with lighting (0 = 1.05, a = 1.1, 8 =6, n = 0.95). (d) Bottom Right: Computed Disparity
map height field with texture. Computing time on a standard PC with 3.06 GHz Pentium4 CPU:
83 seconds.

5 Summary and Conclusions

In this paper we have demonstrated that variational stereo reconstruction methods can
benefit from recent progress in optic flow computation. By embedding the currently
most accurate optic flow method into epipolar geometry, we achieved dense disparity
maps with high quality. They respect discontinuities and are very robust under noise.

It is our hope that this strategy serves only as a first step towards a generic and
mathemetically well-founded variational framework for solving the entire class of cor-
respondence problems with high accuracy. This is a topic of our ongoing work. Apart
from improving the model, e.g. by the explicit consideration of occlusions, we will also
investiagte highly efficient numerifcal methods for our framework. This in turn may
allow to obtain dense deformation maps for matching problems in real-time.
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Lens Model Selection for Visual Tracking
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Abstract. A standard approach to generate a camera pose from images
of a single moving camera is Structure From Motion (SfM). When aiming
on a practical implementation of SfM often a camera is needed that is
lightweight and small. This work analyses which is the best camera and
lens for SfM, that is small in size and available on the market. Therefore
we compare cameras with fisheye and perspective lenses. It is shown
that pose estimation is improved by a fisheye lens. Also some methods
are discussed, how the large Field of View can be further exploited to
improve the pose estimation.

1 Introduction

Structure from Motion (SfM) is a well known approach for generating a camera
pose from a single moving camera without the help of any markers [6]. A com-
mon application for SfM is the tracking of a persons head, i.e. in Augmented
Reality where additional information has to be superimposed into the users view.
Therefore the camera has to be attached to the users head and is possibly carried
for a long time, hence a small and lightweight camera is inevitable.

This paper gives a detailed analysis on which is the best small and lightweight
camera and lens configuration for SfM. Considered are cameras with fisheye and
perspective lenses, it is shown that a camera with a fisheye lens is superior to
a standard perspective camera. The presented results also apply to catadioptric
cameras (perspective cameras looking into a convex mirror to get a hemispherical
view), if they are designed to produce an image with constant angular resolution.
These cameras are not suited for augmented reality, because the image center,
commonly the users viewing direction, is blocked by the camera itself.

2 Previous Work

Over the last years there was already some research done on which camera is
best suited for SIM [B][7] [2][5][1]. The most extensive theoretical approach is
made by Neumann and Fermiiller in [3] and [7]. They state, that from theoret-
ical considerations a fisheye camera is more appropriate for SfM than a single
perspective camera, with a drawback because of the low resolution. There is no
analysis done on how much the resolution deficit impairs the overall SfM Qual-
ity, instead a multi-camera is proposed with many perspective cameras looking
in different directions and thus combining a high resolution with a big FoV.
There are different approaches showing that a wide FoV stabilizes the pose
estimation, i.e. Davison stated in [2] that for perspective cameras with small
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FoV, the motion along the optical axis is always ill defined because the camera
moves towards the focus of expansion (FOE) (or focus of contraction (FOC)).
Only the motion perpendicular to the FOE/FOC can be estimated reliably. In
a spherical image with a wide FoV, there will always be many features with
vectors having a large angle to the cameras optical axis, hence the estimation of
the camera motion is always reliable.

3 Robust Tracking from Camera Images

The implementation of the SfM approach [6] is divided into 2D feature tracking
including initialization and robust 3D pose estimation.

Initialization and 2D Feature Tracking. In an initial step, salient 2D intensity
corners are detected in the first image of the sequence. These 2D features are
tracked throughout the image sequence by local feature matching, i.e. with the
KLT operator [§]. Having corner correspondences between the first two images
allows the computation of an Essential matrix between the views. With the
Essential Matrix the relative pose of the cameras can be estimated and a 3D
point can be triangulated for each 2D-2D pair.

3D Feature Tracking and Pose Estimation. After initialization each triangulated
3D feature point is assigned to a 2D feature track. From the third image on, the
known 2D-3D correspondences can be used to determine the camera pose. Over
time, new feature tracks are established and the 3D point positions are refined.

4 Lens Model Selection

In this section we will develop a simulation environment for the essential parts
of SfM. This allows us to evaluate the effects of different lens models on point
triangulation and camera pose errors.

Simulating Structure from Motion. The presented model implements the
SfM approach for three images. As 3D scene a random 3D point cloud of 2000
points is generated, that is static for all experiments throughout this paper.
The cloud is equally distributed in all directions around the camera center in
a distance of 8-30 times the camera displacement length. Each camera can see
parts of this cloud, these points are projected into the camera plane following
the cameras projection model.

The only error source in SfM is the error in the feature position measurement
of the 2D point tracker. If this tracker would return points with infinite accuracy
and no wrong matches, the pose and scene estimation would also be perfect.
According to [§] a good tracker is able to generate feature points with a standard
deviation of o = 0.25 pixel. To model the tracking error, Gaussian noise with
a standard deviation of ¢ = 0.25 pixel is added to the points projection into
the camera. With noise proportional to the pixel size, the tracking accuracy
depends mainly on the camera resolution, which was fixed to N = 1024 in x-
and y-direction. It is assumed, that all corner correspondences can be tracked
independently of resolution and lens geometry and that no mismatches occur.
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(b)

Fig. 1. Angular resolution of a perspective camera (a) and a fisheye camera (b)

With the knowledge about point correspondences for the first two cameras,
the pose of the second camera relative to the first can be estimated from the
Essential matrix and 3D points are triangulated up to scale. Knowing estimated
3D points and the corresponding 2D projection, the pose of the third camera
relative to the first can also be evaluated.

Error Models for Perspective and Equidistant Projection. The differ-
ence between a perspective camera and a fisheye camera is the projection of a
3D point into the 2D image. The perspective camera performs a perspective pro-
jection, the ideal fisheye an equidistant projection [4]. These projections define
the transformation of the modeled tracker noise into angular noise, which affects
the triangulation quality.

An optimal fisheye lens gives a circular picture. The angle between the cameras
optical axis and a ray through a 3D point (0, in fig.[l (a)) is linear to the distance
of the cameras focal point to the projection of the 3D point in the camera image.
So for a fisheye the angular resolution is constant (see fig.[l(b)). In a perspective
camera the angular resolution is higher for a greater angle 6,, for points closer to
the image border «, is smaller than for points near the center (see fig.[I(a)).

To derive an error model for the perspective camera, it is necessary to calcu-
late its angular resolution. From figure[ll (a) one can derive % sin(ayp)+sin(2) =
cos? 0,. With f >> a the term sin O‘—; is negligible. It follows

2 tan(Opmaz)

ap = asin(% cos® 6,) = asin( cos? 0p), (1)

where «, is the angular resolution of the perspective camera, 0, is the angle
between the 3D point ray and cameras optical axis, f is the focal length, a is
the size of a single CCD-Pixel, N is the full CCD-resolution and 6,4, is the
half FoV. With ({]) we can compute the angular resolution of each pixel from its
position on the chip.

The angular resolution of a fisheye camera is constant

29max
ay = e, 2)

From (I)) and (@) it is easy to see that the angular resolution of the fisheye camera
is constant, while the angular resolution of the perspective camera is higher near
the image borders. The functions for a;, and ay are plotted in figure 2 for fisheye
and perspective cameras with different FoVs. Figure (a) shows o), and ay at
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Fig. 2. Angular resolution for different FoVs

angular image positions 8, and 0, in figure[A(b) the angular resolution is plotted
against the pixel positions on the CCD. The angular resolution for the center
pixels is very bad for a perspective camera with a wide FoV, while for small
FoVs fisheye and perspective cameras have a similar characteristic.

This leads to the result, that from the same Gaussian error on the pixel
position follow two different models for the angular errors, which directly affect
the quality of the scene reconstruction.

Analysis of Reconstruction and Pose Errors. The camera FoV has the
greatest effect on the reconstruction error. For a camera with a constant number
of CCD-pixels the cameras angular resolution declines with an increasing FoV.
On the other hand the wide FoV increases the number of trackable features and
also the features in view have a better spatial distribution which improves the
pose estimation.

As stated above, points perpendicular to the FOE or FOC can be estimated
most reliably. To simulate the effects of a changing FoV a critical camera move-
ment was chosen. The first camera displacement is directly in z-direction, the
FOE is in the image center. The second camera movement is in y-direction,
perpendicular to the first movement.

From the first two images the camera displacement and rotation is estimated
up to scale and 3D points are triangulated. The errors of the triangulated points
are shown in figure Bl (a) and (b). The curves give the mean of the relative
triangulation error of 100 test runs on the same 3D point cloud with Gaussian
noise applied for each projection. The triangulation results for x and y very
similar and therefore represented by the same graph. They are better for a small
FoV, because of the higher angular resolution of the camera. The z-coordinate
estimation is always critical. The perspective camera z-error ascends fast with
greater FoVs, because for a wide FoV perspective camera the angular resolution
for center pixels gets very bad (see fig. 2I(b)). The fisheye error characteristic is
much better suited for triangulation at a wide FoV. The resolution degradation
is compensated by the good estimation of points lying at the image borders,
perpendicular to the FOE for the chosen movement. The z-error is therefore
decreasing with increasing FoV.

The third cameras pose is reconstructed from the estimated points and their
known projection. The pose error is given in figure[Bl (c) to (f). The third cameras
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Fig. 3. (a), (b) Error of triangulated points from cameras 1 and 2 (z-displacement);
(c)-(f) Error of predicted pose from camera 3 (y-displacement)

pose prediction quality depends very much on the triangulated points quality
(figure[ (a) and (b)). Also number and spatial distribution of the points used for
the estimation have an impact on the quality. It is visible that the y coordinate
error is much higher, this is due to the chosen movement. The first camera move
in z-direction produces high covariances in the 3D points z-coordinate. By the
cameras second move in y-direction these are projected onto the camera images
y-axis and cause a higher error in this direction.

The pose estimation quality for the third fisheye camera rises with the FoV,
the additional points perpendicular to the FOE are more than compensating the
lower resolution. The pose estimation for the perspective camera degrades fast,
analog to the triangulated points quality.

We have simulated different motion directions for the first motion as well.
All simulations showed a similar trend, that in all cases the fisheye lens performs
equal or better than the perspective lens. See section [Blfor further analysis. For a
small FoV both models are similar, for a FoV > 100° the fisheye lens is superior
to the perspective lens.

Lens Selection. From the preceding analysis follows that the precision of SfM
is increased when using a fisheye lens with a large FoV. There are some further
advantages of this lens that can hardly be modeled in this simulation but play
an improtant part in a real system:

— The wide FoV covers a very large scene area and moving objects tend to be
in a small part of the scene only. The hemispherical view will always see lots
of static visual structures, even if the scene in front of the user may change
dramatically.

— If fast rotations occur, a perspective camera will lose all tracked 2D features.
This will not happen easily with a hemispherical view fisheye camera.
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The drawback is, that the system is mainly designed for indoor use. In out-
door scenes the sun light falling directly onto the CCD sensor will cause prob-
lems. Also a cloudy sky would cause problems because a huge part of the scene
is moving slowly enough to be still trackable. These problems can be facilitated
by using CMOS sensors with logarithmic response and high dynamic range and
a configuration where the fisheye camera is mostly looking to the ground.

5 Optimizing SfM for Spherical Images

For a perspective camera there are certain critical moves for pose estimation.
These are moves along the optical axis where the FOE lies close to the focal
point. Points perpendicular to the camera movement are well suited for pose
estimation. For critical moves with a small FoV camera most point vectors have
small angles to the camera movement vector and thus the points have large
triangulation errors. A full spherical camera that is able to see in all directions
has no critical moves, since always all feature points are in sight. For a fair
comparison between perspective and fisheye lens in section ] we defined the pole
of the fisheye hemisphere to coincide with the perspective optical axis. Standard
SfM was than computed on a tangent plane with the optical axis as normal.

For a true spherical camera, we can select a tangent plane with a normal
perpendicular to the FOE to avoid uncertainties. Since we do not know the
camera movement and have to estimate it, we need a two step process. For
FOE estimation we use the approach from section [l In a refinement step we
define an undistortion plane with its normal perpendicular to the FOE and use
this for SfM. This is equivalent to a rotation of the fisheye pole to the plane
perpendicular to the FOE. The result of this modification is shown in figure [
for the triangulated points from the first two cameras (a),(b) as well as for the
error of the third camera pose estimation (c)-(f). The camera movement is equal
to section Ml first z-displacement then y-displacement.

The “virtually rotated fisheye” performs much better for a camera FoV of
less than 130 degree but then rapidly degrades. This is due to the fact that the
rotated small FoV camera mostly sees points perpendicular to the FOE with a
very good covariance. But as the FoV angle grows, more and more points lying
near the FOE or FOC are used for pose estimation. Since those points have a
very bad covariance they spoil the whole pose estimation. In section [l this effect
is compensated by the good angular resolution of a small FoV camera, there the
points close to the FOC are predominantly in view when the FoV is still small.
Here more and more uncertain points are added while the angular resolution is
decreasing. From figure @l one can see the great influence of using the correct
point distribution for pose estimation. It would also be useful to weight the
estimates depending on their uncertainty w.r.t. the FOE.

From the results of this section follows that a virtually rotated fisheye with a
FoV of approximately 100° outperforms a full fisheye as presented in section [4l
Knowing the FOE we could also perform a cylindrical rectification of the sphere
aligned with the FOE direction. The cylinder would contain all tangent planes
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perpendicular to the FOE. This would further improve estimation quality, but
was not done for this work.

6 Experiments

We have used perspective and fisheye sequences in an existing SfM system and
evaluated the tracking results. To generate test sequences a high resolution
(1600x1200 Pixel) fisheye camera with a FoV of 180° was used. Very accu-
rate tracking on the full resolution images was performed, the results were taken
as “ground truth” data. To compare the tracking performance on fisheye and

Table 1. Relative average translation and rotation error over 300 frames

| Translation Error | Rotation Error
1.1%
1.4%

3.3%
5%

Fisheye lens
Perspective lens

Fig. 5. (a) Original fisheye image, (b) and (c) video augmentation of a perspective
cutout of the fisheye sequence from different view points
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perspective sequences, the centers of the high resolution images were mapped
artifact free to perspective images of 400x400 Pixel with a FoV of 60° and an
angular resolution of 6 — 8%. To simulate a fisheye camera with identical reso-
lution a FoV of 160° was subsampled to 400x400 Pixel, the angular resolution
was 2.5%. The results of the experiments are shown in table 1. These results
are only partially comparable to the presented analysis, because in the used SfM
implementation there are many additional stabilization methods and tracking
was performed over several hundred images.

We have also verified the fisheye tracking over very long image sequences
and have optained very stable results. Figure Bl shows a video augmentation of
virtual objects superimposed into the video stream in a complex environment.

7 Conclusions

The work shows that for SfM applications a fisheye lens is superior to a per-
spective lens, despite its lower average angular resolution. The lack of angular
resolution is more than compensated by its linear characteristic. Also tracking
is more robust because a greater part of the scene is in the cameras FoV.

There are still open issues to improve SfM with a fisheye camera. At first
weighting of the 3D points w.r.t. the FOE for the camera pose estimation should
be investigated. Points can be weighted according to their vectors angle to the
cameras movement vector. Results from section Bl strongly imply that this is
a promising approach. Furthermore real SfM on fisheye images without any
projection has to be developed. The first step for this is already done in [9]
where Svoboda et. al. evolved the epipolar geometry for fisheye images.
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Abstract. This study describes a novel imaging system that can be
used as a front end for a vision system for guidance of unmanned aerial
vehicles. A single camera and a combination of three specially designed
reflecting surfaces are used to provide (a) complete omnidirectional vi-
sion with no frontal blind zone and (b) stereo range within a frontal
field. Important features are (i) the use of a single camera, which, apart
from minimising cost, eliminates the need for alignment and calibration
of multiple cameras; and (ii) a novel approach to stereoscopic range com-
putation that uses a single camera and a circular baseline to overcome
potential aperture problems.

1 Introduction

Over the past few years there has been a growing interest in the design and
development of vision systems for guidance of unmanned aerial vehicles (UAVs)
[1]. In military applications, guidance systems that use passive vision are pre-
ferred over active systems such as radar, sonar or laser-based systems, which emit
radiation that can be readily detected by the adversary. Vision based systems
offer the added advantage of low weight and cost, and are thus ideally suited
for guidance of micro UAVs. Visual information can be used to stabilise flight,
maintain a desired course and altitude, avoid obstacles, detect targets or objects
of interest, estimate distance flown, and guide autonomous landings.

Here we describe a system that uses a single camera and a set of three
reflective surfaces to achieve fully omnidirectional vision, as well as stereo vision
in a frontal field. Information on image motion (optic flow) in the panoramic
image can be used to guide many of the maneuvers described above, while stereo
vision can be used to estimate the distances to obstacles or targets in the frontal
visual field.

Previous studies have described reflective surfaces for panoramic imaging [2].
Such surfaces are designed to produce a constant vertical angular gain [3] or a
constant viewpoint [4]. Other studies have developed dual-surface systems for
achieving panoramic stereo [56]. All of these systems suffer from the drawback
of a blind zone that is created by the reflective surface itself, which occludes a

* Supported by the Deutsche Forschungsgemeinschaft (grant no. STU 413/1-1), and
by the Army Research Office through MAV MURI program (grant no. ARMY-
W911NF0410176) with technical monitor as Dr. Gary Anderson.
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part of the frontal field of the camera. Here we present a system that not only
eliminates this blind zone, but also provides stereo (depth) information in the
frontal field. We also introduce a novel approach to stereo imaging, which uses
a single camera and a circular baseline to overcome potential aperture prob-
lems.

2 Design of the Vision System

Here we describe the design of the reflecting surfaces and the properties of the
system with reference to Fig. [l

[mm]

%)
=

200

160

120

80

40

Fig. 1. Overview of the single camera vision system. a: Schematic drawing (axial sec-
tion): The system consists of three reflective surfaces (shown as bold curves): The
convex surface (labelled ’cx’) with angular gain of o = 15 yields a large field of view of
about 150° (vertically) on either side. It reflects incoming light to the outer part of the
camera image (see Fig. Bla for an example). The concave surface (labelled ’cv’) with
angular gain of & = —10 and the conic mirror (labelled ’cc’) reflect light rays to the
central part of the camera image. These provide a frontal stereo field. The small circles
mark the location of the approximate “left” and “right” view points, which (in 3D) lie
on a circle (orthogonal to the paper plane). The baseline of the frontal stereo is approx.
95mm. N is the nodal point of the camera, and its mirror image with respect to the
conic surface is n. The (vertical) field of view of the camera is approx 55°. b: Picture
of the vision system. The setup is about 35 cm high. The colour camera Marlin F046C
offers a 780 x 580 pixel resolution at a frame rate of up to 50 Hz.
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2.1 Mirrors with Constant Gain

The vision system consists of three reflective surfaces with constant (vertical)
angular gain « := —960/9n = const., where 7 is the camera angle and 6 the angle
between the z-axis and the incoming light ray.

Using the parameters v (angle at the tip of the mirror) and ry (distance to
the tip of the mirror along the optic axis) depicted in Fig. 2l the mirror surface
can be described by (see [3] for derivation),

coskfy - 2
cos(n/k + )k’ T 1l4a

where r is the distance of a point on the surface from the nodal point of the
camera. The relation between the vertical angle 6 and the camera angle is

r(n) :==ro ) (1)

O=m—an—2v . (2)
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Fig. 2. a: Illustration of the parameters used in Eq. (l), which determine the shape
of the reflective surface. b: Construction of the reflective surfaces using Eq. (). The
parameters for the convex surface are o™ = 15, r§* = 137mm, ¥ = —77°. The
manufactured surface covers only the camera angle 10° < n°* < 20.5°. The concave
surface is defined by a®V = —10, r§V = 166 mm, vV = 65.5°, 1.5° < n°V < 11°.

2.2 Design and Realisation of the Reflective Surfaces

The vision system is designed to meet two important objectives. First, achiev-
ing true omnidirectional vision by avoiding the draw-back of most catadioptric
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systems where the view is partially restricted by the mirror. Secondly, providing
range information within a restricted field of view.

While most catadioptric systems use only convex mirrors, we decided to use
a concave surface for the stereo region since it allows a larger stereo base line and
a more compact design: e.g. rays coming from nearby objects close to the axis
of symmetry are reflected at the outer part of the concave surface, see Fig. [la.

In the following we use the labels ’cv’ for the concave surface, ‘cx’ for the
convex surface and ’cc’ for the conic mirror, see Figs. [[l and @2lb. The distance
of the nodal point to the tip of the conic mirror is r§¢ = 149 mm, the diameter
of the base is 67 mm and the apex angle is 110°. This can also be described by
Eq. @) using a®® =1 and °° = 35°. The angular gain of the concave mirror is
a® = —10. |a®V| has been chosen smaller than the gain for the convex mirror
a® = 15 in order to obtain a higher image resolution for disparity calculation,
see Sect. [l Values for the other parameters are given in the caption of Fig.
B2Ib. As shown in Fig. Blb the concave and convex surfaces span camera angles
1.5° < n°V < 11° and 10° < 7 < 20.5°, respectively. To obtain the final
position of the concave surface, the calculated curve has to be mirrored at the
conic surface, CV — cv (according to the mirroring N — n of the nodal point).
This is indicated by dotted lines.

Next, we can calculate the theoretical fields of view of the mirrors. For the
concave surface we calculate from Eq. [2]) that §° = 61° — 101, which leads to
—39° < 0% < 46° for the camera angle n € (1.5°,10°). Because of the concave
shape of the surface, larger excursions of 6 are mapped to smaller camera angles.
Therefore, we do not use the full angular range. The convex mirror spans the
angular range 0 = 334° — 151, i.e. 184° < 0% < 26.5° for n € (10°,20.5°).

The mirrors were manufactured from aluminium using a computer controlled
lathe. The reflective surfaces were polished and electro-plated with a nickel-silver
coating. The conic mirror is mounted using a round perspex plate. The mirrors
and perspex are supported by metal rods.

3 Creating an Omnidirectional Image

The outer part of the camera image (see Fig. B]), created by light reflected at
the convex surface, will be called “panoramic image”. The central part of the
camera image (originating from reflections at the conic and concave surfaces)
will be called “frontal image”.

Since the angular ranges of the panoramic and the frontal image overlap, we
can combine them to obtain a complete omnidirectional image, although not for
a single view point. Currently we use the only outer part of the frontal image
which corresponds to the angular range 0° < 6 < 40° in order to ensure that close
objects in front of the vision system are displayed and to make use of the higher
resolution there. This frontal image is combined with the panoramic image after
correcting for the differences in gain of the two images, and comparing colour
pixels in the overlap region to correct for any tinting imposed by the perspex.
An example of a complete omnidirectional image is shown in Fig. Bld-f.
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Fig. 3. Creation of an omnidirectional image: a: Camera image of an outdoor scene; the

area between the inner black circle and the white circle covers the angular range of 0° <
0 < 40°, the area between the outer black circle and the white circle covers 30° < 0 <
180°. The corresponding unwarped images are shown in b and c. b: Unwarped frontal
image after applying the colour correction which is calculated from the overlapping
area marked by the black rectangles in b and c. ¢: Unwarped panoramic image. The
black rectangle marks the image area that is also visible in the frontal image shown
in b. d: Complete omnidirectional image covering 0° < 6 < 180° (and 0° < ¢ <
360°), obtained by combining the images in b and c. The slightly blurry appearance
is most likely caused by relatively poor camera resolution, which can be improved
using a camera that provides more pixels. e, f: Two views of a sphere onto which the
omnidirectional image has been mapped using OpenGL.

4 Stereo Algorithm

Here we give a short description of the disparity estimation for the frontal image.

Since the vision system is intended to be used on a small autonomous aerial
vehicle, a fast and computationally inexpensive procedure is desirable. In recent
years real-time disparity estimation has been achieved by a class of stereo al-
gorithms which utilise a window-based “shift-and-match” approach with local
minimum search, e.g. [7I89]. Global optimisation methods usually yield more
accurate disparity maps but need significantly longer computation time [TOJIT].
Therefore we utilise a local (window-based) stereo algorithm, although the cur-
rent implementation is not yet optimised for speed.

4.1 Matching Cost Function

To speed up the stereo computation, disparity estimation is performed after
conversion of the frontal colour image to a monochrome image. Referring to the
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e disparity map
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Fig. 4. Stereo computation for an indoor scene. a: Frontal stereo image: corresponding
points lie on lines through the centre. b: Standard camera image of the scene, with
nodal point positioned at the base of the conic mirror. The camera is looking upwards,
a cardboard is placed a distance of 0.5 m. Distance to edge of the air-conditioning unit
is approx. 1.2m, distance to the light at the ceiling approx 1.6 m. c,d: The stereo
matching algorithm is applied after unwarping the two annular segments of the frontal
image, each spanning 180° azimuth. The dashed rectangles mark corresponding regions
for zero disparity d = 0pixels, the black rectangles mark corresponding regions for
maximum disparity d = 29 pixels, see Eq. {@l). e: Calculated disparity map, Eq. ().
f: Map of matching score, i.e. E(d,z,y). g: Confidence map sq(z,y): dark regions
correspond to low confidence. h: Image fused according to Eq. ([@). (Parameter values
of the current implementation: window size and penalty value: wo = ho = 21, Ag = 0;
w1 = hi1 = 11, A1y = 50; disparity range: 30 disparities, i.e. d(z,y) € {0, 1, ..., 29};
“noise level”: o2 = 1).

unwarped frontal images in Fig. 4 ¢,d, we denote the window patches centred at
pixel o, yo by Uk (2o, y0), i.e
Us(0,0) = {(z,y)| |z — zo| < (wx = 1)/2,ly = yo| < (b, = 1)/2}  (3)

We use matching windows of two different sizes wy X hyg, k = 1,2, leading to a
4-dimensional cost function

Ey(d by, y) = — Yo (Y ) - Py - ) (4)

h
Wk o1y eUy (am)

IA(x,y) and IB(x,y) are gray value pixels of the two unwarped frontal image
parts, see Fig. @l We use a symmetric stereo matching approach that enables us
to compute a disparity map for a single view point located approximately at the
centre of the base of the conic mirror. We also apply a shifting min-filter which
has been shown to improve the stereo matching [10], i.e.
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Esy(d, k,x,y) := min Ey(d, k,x0,y0) - (5)
(z0,y0)EUK(2,y)

In the next step, for each position and disparity the best match over all window
sizes is determined. Since a larger support window usually yields more reliable

disparity a constant Ay is added that decreases with increasing window size (see
[12] for a similar approach):

E(d,z,y) := mkin (Eo(d, k,z,y) + Ar) . (6)

Finally, the disparity at each position is estimated from the minimum matching
error,
d(z,y) := argmin E(d', v, y) . (7)

4.2 Measure of Match Confidence

In addition to the matching score (Eq. (@)) we implemented, based on a Bayesian
model, a second confidence measure for the estimated best match,

: 207
si(z.y) = mdz}x((d B d(m’y))2E(d’,x,y) — E(d(z,y),z,y) + 20%) - (®)

Disparities are regarded as more reliable, i.e. 53 is small, if for all other dis-
parities the difference in the matching error E(d’, z,y) — E(d(x,y),z,y) is large
compared to some “noise level” o2 and if these alternative matches are close to
the estimated one, i.e. for small (d' — d(z,y))?.

4.3 Circular Baseline Stereo

The circular symmetry of the frontal stereo configuration implies that objects or
features that are located on the optic axis of the system are viewed by an infinite
number of stereo baselines with orientations all around the circle. It is therefore
possible to combine disparity measurements and confidence estimates from all
of the baselines to obtain a robust range estimate for such features. However,
features located elsewhere in the frontal visual field may be susceptible to the
aperture problem: Radially oriented edges or bars would yield low-confidence
disparity estimates everywhere, because disparity is measured only in the local
radial direction. On the other hand, a set of horizontal stripes, which would
create severe aperture problems in a traditional twin-camera stereo system that
uses a horizontal baseline, would yield high-confidence disparity estimates ev-
erywhere except along the stripe that runs through the centre of the visual field.

4.4 Reconstructed Frontal Views

Using the disparity map and the unwarped images in the stereo region, see Fig.
Hlc-e, a frontal view can be computed as would be seen from a central view point
located approximately at the base of the conic mirror. First, pixels in the two
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Fig. 5. Reconstructed frontal views. a: Central part of camera image of indoor scene
(same as in Fig. M). b: Reconstructed image for central view point corresponding

to Fig. Mh. Errors (visible in the area between cardboard and air-conditioning) are
mainly due to occluded image parts for which no correct match exists, see Fig. Mc,d.
c, e, f: Frontal maps of matching score, disparity and confidence, corresponding to
Fig. Mf,e,g. d: Standard camera image of the scene for comparison with b.

images are shifted according to the estimated local disparities and a fused image
is created (see Fig. Mh) using the mean values of the shifted pixels, i.e.

Lwy) = 50Ny + 3d(y) + Py — 3d(,p)) . c€ (g b} . ()

Then the resulting image is transformed into the central frontal view using x
and y as spherical coordinates ¢ € [0°,180°) and 6 € (—25°,25°). The disparity
and confidence maps are transformed similarly. An example is shown in Fig.

5 Conclusions

We have described a front end for a vision system that provides full omnidirec-
tional vision, and stereo within a restricted field of view. In an aircraft the device
can be positioned with its optic axis oriented horizontally and looking forward,
to obtain range information on obstacles and targets in the direction of flight.
Alternatively the device can be configured with its optic axis pointing downward,
to obtain information on height above the ground, for example during landing.
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Abstract. This paper considers the application of capturing urban ter-
rain by an airborne pushbroom camera (e.g. High Resolution Stereo Cam-
era). The resulting images as well as disparity ranges are expected to be
huge. A slightly non-linear flight path and small orientation changes are
anticipated, which results in curved epipolar lines. These images can-
not be geometrically corrected for matching purposes such that epipolar
lines are exactly straight and parallel to each other. The proposed novel
processing solution explicitely calculates epipolar lines for reducing the
disparity search range to a minimum. This is a necessary prerequisite
for using an accurate, but memory intensive semi global stereo match-
ing method that is based on pixelwise matching. It is shown that the
proposed approach performs accurate matching of urban terrain and is
efficient on huge images.

1 Introduction

The High Resolution Stereo Camera (HRSC) has been developed by the Insti-
tute of Planetary Research (DLR)[I] for the exploration of the Marsian surface
from orbit. The airborne version HRSC-AX is currently used for capturing earths
landscape and cities from flight altitudes between 1500m to 5000m. The cam-
era contains nine sensor arrays, which are arranged orthogonally to the flight
direction in different angles. All arrays have a resolution of 12000 pixels. Five
arrays are panchromatic. The other four capture red, green, blue and infrared
light. The position and orientation of the camera is continuously measured by
a sophisticated GPS/IMU system. Current post-processing [I12l3] includes ra-
diometric corrections as well as refinements of all camera positions, orientations
and time offsets by means of photogrammetric methods based on HRSCs multi-
stereo image information. A geometric correction step projects the pixels of each
array at all camera positions onto an artificial plane, resulting in nine 2D im-
ages, in which effects caused by high and low frequent orientation variations
are eliminated, while disparities caused by terrain and buildings still remain

(Fig. ).
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Fig. 1. Parts of corrected 2D pushbroom images with a resolution of 15cm/pixel

The current stereo method [I] performs hierarchical, correlation based stereo
matching of these 2D images. Epipolar lines are assumed to be parallel to the
overall flight direction. Violations of this assumption are handled by searching
correspondences in a 2D area around suspected epipolar lines. The matching
result is used for calculating Digital Elevation Models (DEM) and subsequently
for the generation of true ortho images based on the DEM. This paper proposes
the explicit calculation of epipolar lines in general, non-linear pushbroom images
combined with a semi-global stereo matching method. The aim is to increase the
accuracy in scenes of urban areas.

2 Related Literature

There are different possibilities for modeling the movement of pushbroom cam-
eras. The Linear Pushbroom Camera model [J56] assumes a movement with
constant velocity and orientation in a straight line. This movement is not re-
alistic for an airborne camera, which is exposed to wind. General movements
may be approximated by polynomial functions [7] or explicitely represented by
discrete positions and orientations [TJ8]9].

Geometric corrections of the images as a pre-requisite for matching and sub-
sequent 3D surface modeling are commonly done by projecting all pixels onto
an artifical plane [1I8[9]. Straight lines and epipolar lines are almost straight in
the corrected images, if the flight path is nearly linear. Thus, these corrected
images can be treated as almost rectified [9]. However, a rectification that re-
sults in exactly straight epipolar lines is not possible, since epipolar lines are
generally hyperbolas, even if the camera movement is exactly linear [4]. The
complex shape of epipolar lines must be considered during stereo matching, ei-
ther by searching in 2D around linearly approximated epipolar lines [II8] or by
explicitely calculating them [6] for reducing the search space to 1D. 2D search
areas can also be reduced by ortho rectification implying rough terrain instead
of simple geometric correction [2].

Stereo matching must be efficient, due to typically huge images and dis-
parity ranges. Local, correlation based approaches are often applied, either by
hierarchical matching [I] or by region growing [86], which starts at high confi-
dence correspondences. However, correlation based methods are known to blur
sharp object boundaries [10], which makes them less suitable for urban areas.
Global cost minimization methods have been shown [I1] to perform much better
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Fig. 2. Camera model and the creation of a corrected 2D image

at object boundaries. However, global methods are typically slow and memory
intensive, which makes them unsuitable for huge images.

3 Reconstruction from Pushbroom Images

The following sections introduce the camera model (Section Bl as base for
calculating epipolar lines (Section [3.2]). Epipolar lines are required for limiting
the correspondence search during stereo matching (Section B3]). The matching
result is finally used for calculating an orthographic projection of height and
image information (Section [3.4]).

3.1 Modeling Non-linear Pushbroom Cameras

Pushbroom cameras use an array of sensor elements that is arranged in a straight
line on the image plane (Fig. Zh). Lens distortion is modeled by treating the
sensor array as being curved. The intrinsic parameters are the focal length f
(i.e. distance between optical center and image plane) and the positions zy,
yr on the image plane for all pixels k. Thus, the 3D location of a pixel k is
Sk = (mk Yk f)T in the camera coordinate system.

A 2D image is captured line by line, while the camera moves. A linear move-
ment cannot always be guaranteed (e.g. while flying with an airplane). Therefore,
it is assumed that the path is only roughly a straight line, the speed is not con-
stant and the orientation is changing slightly (Fig. 2b). The lack of constraints
requires to measure the orientations R; and locations T'; at all capturing posi-
tions ¢ with high accuracy. Since original GPS/IMU measurements describe the
orientation of the IMU-axes, a photogrammetric reconstruction of the orienta-
tion of the camera axes is performed by means of photogrammetric methods
[3]. This leads to the relationship P = sR;Sy + T'; between a world point P
and the kth pixel of the ith capturing position. The reconstruction of the ray of
light that ends in pixel k is, based on the previously described photogrammet-
ric reconstruction, straight forward. However, the inverse (i.e. finding pixel k as
projection of P) is difficult, because the list of pixel positions S is unsorted. The
calculation is simplified by approximating the sensor array by the best fitting
line, i.e.
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P =sR;Sy+ T, S =kU +V + €. (1)

This allows the definition of a new camera coordinate system eq, ez, es (Fig.
Bk) in which e; is parallel to the sensor line and f’es intersects the line in the
point Py.

U uv
el:ﬁ f’63:P0:7UUU+V ey =e3 X e (2)
The resulting closed form definition of the relationship becomes,
P =sR;R. (k’ 0 1)T +T;, R. = (61 e 63) . (3)

The relationship between the pixel &’ and k can be derived easily as k' =
W. Corrected 2D images are obtained by projecting all pixel values onto
a common image plane at z = 0 (Fig. 2k) using (). The projection is generally
irregular. The values at regular grid positions are calculated as linear interpola-
tions of nearby pixels. Orientation changes that destroy the order of projected
pixels (e.g. camera position j in Fig. k) are treated by removing disturbing
camera positions and their projected pixels.

For 3D computer vision purposes it is important to have a projection model
of the corrected 2D pushbroom images. The intrinsic parameters are the path
of optical center positions T'; and corresponding viewing directions R; R.. The
movement between discrete positions is assumed to be linear. Equation (@) can
then rewritten as,

Tit1 —Ti

=L (®)
The factor s; controls the linear movement of the ith optical center for projecting
P exactly on the sensor array (i.e. y = 0). Solving for s; in dependence of P
results in,

P = SRZ'RC (k‘/ 0 1)T +Tl + 8;

TQ(P — Tz)
ro(Tiy1 —Ti-1)
The position C(P) of the optical center is calculated from the closest base i, i.e.
T, 1 —T;_
%, for ¢ such that s;(P) is a minium  (6)
The closest base i can be found by a binary search in O(log, n) steps. Removing
overlapping projections (e.g. j in Fig. [Zc) ensures a sorted list. The sign of s;
determines the search direction. The determination of the optical center permits

the projection of a world point P onto an image point p by calculating the
intersection of P, C(P) at z = 0.

C. P, - C, Cy . _
pfproj(P)H(Py—cy>+(cy)7W1thCC(P)' (7)
Similarly, the world point P is reconstructed from a given pixel p at the distance z.

Pz — C:L’ C:L’ T
py—Cy | +[Cy |, withC = C((Z?z Dy O) ) (8)
-C, C.

s with R,RC = (?‘1 T2 ?‘3). (5)

—Z

P :frec(pvz) = ZT
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3.2 Calculation of Epipolar Lines

A pixel p; and the corresponding optical center Cy(p;) define a line, which
contains the world point P that is projected on p;. The projection of this line
into a second image is called epipolar line. The projection of P in the second
image must be on the epipolar line (Fig. Bh). This is formally defined as,

P2 = 612(1717 d) = proj,Z(fTec,l(ply _dAZ)) (9)

(a) Calculation of Corresponding Points (b) Epipolar Lines (1) approx. by same pixel column,
(2) exact, (3) approx. as straight line

C] (p |)=C 1 P) CQ(P2)=C 2(P)

d=0
\L Py \4\ Py=e 5(py, d) —
. —

Fig. 3. Calculation of epipolar lines.

The disparity d controls the position on the epipolar line. The constant Az
is set such that a disparity step of 1 causes a mean translation of 1 pixel on the
epipolar line. Figure [3b shows an example of an exactly calculated epipolar line
and approximations by the same pixel column and as straight line. The overall
flight path is vertical. The example shows that the approximated epipolar lines
miss the correct correspondence by several pixel, which enforce a 2D search
for finding correspondences. The exact point by point calculation of epipolar
lines reduces the search range to a minimum. The efficiency of this approach is
optimized by calculating only a few points on the line and assuming piecewise
linearity in between.

3.3 Stereo Matching

Stereo matching is done with the Semi-Global Matching (SGM) method [12],
which aims to determine the disparity image D, such that the cost E(D) is a
minimum.

E(D) = ZC(P> Dp) + Z PiT[|Dp — Dq| = 1] + Z PyT[|Dp — Dq| > 1] (10)

P gENp qENp

The cost function evaluates pixelwise matching costs C(p, Dp) at the pixel p
with the disparity Dp. Piecewise smoothness of the disparity image is supported
by adding a small cost P; for all small disparity changes and a higher cost P
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for all higher disparity changes. Adding a constant cost for all higher dispar-
ity changes preserves discontinuities. Finding the minimum of equation (I0) is
an NP-complete problem. The SGM algorithm approximates the global mini-
mization by pathwise minimizations from all directions. The complexity is only
O(ND), but the memory consumption is also proportional to ND (i.e. num-
ber of pixels times the disparity range). The pixelwise matching cost C(p, Dp)
is based on hierarchically computing Mutual Information (MI) [12] instead of
intensity differences. This makes it robust against recording differences and il-
lumination changes, which can easily happen since pushbroom cameras capture
corresponding points at different times on the flight path. Finally, the SGM
method provides a multi-baseline extension [12] for reducing mismatches and
increasing accuracy.

Applying the SGM method to HRSC images includes three adaptations.
Firstly, multi-baseline matching uses the five panchromatic images of the HRSC
(Sect.[l), weighted by their recording angle. Optionally, the red and green images
are also matched against the panchromatic nadir image, which is possible with
MI matching. Secondly, the huge images are split into manageable pieces (i.e.
tiles) for matching. The tiles are defined slightly overlapping and pixels near im-
age borders are rejected, because they receive support only from one side by the
global cost function. Thirdly, the disparity range is determined automatically,
by first processing downscaled images (e.g. factor 16) with a very large dispar-
ity range. A reduced range is determined from the result and used for higher
resolutions. The disparity range determination is done during the hierarchical
computation of MI.

3.4 Orthographic Projection

The resulting disparity image corresponds to the nadir image of the HRSC. The
model of this image (Sect. B]) is complex due to low constraints on the flight
path and a mixture of perspective and parallel projection models. The disparity
image permits the conversion of the data into a simple orthographic model. Each
pixel p of the disparity image D is reconstructed by P = frec.p(p, —DpAz). An
orthographic projection is used, which stores each height value P, at the pixel
position P, P,. Double mappings are resolved by using the height that is closest
to the camera. This orthographic model also supports fusing results of different
recordings, by taking the mean or median of heights, which decreases outliers.
Finally, gaps are filled by interpolation. The result is a Digital Elevation Model
(DEM) of the scene. The corresponding intensity or color value at P, P, and
the stored height value P, is determined by bilinear interpolation in the image
I at the position g = fproj,r(P). The results is a true ortho-image.

4 Experimental Results

The first row of Fig. H shows small parts of three scenes. The DEMs of
Neuschwanstein castle are the combination of 4 flights in cross directions over
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Fig. 4. Results of a hierarchical, correlation base method (HC) that finds correspon-
dences within a 2D area and the SGM method that finds correspondences along calcu-
lated epipolar lines.
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the castle. Similarly, the DEMs of Garmisch-Partenkirchen are the combination
of 3 overlapping parallel flights. The DEMs of Rosenheim are the result of one
flight only.

The second row shows DEMs that are produced by a hierarchical, correlation
based method (HC) [1]. The method avoids the calculation of epipolar lines by
searching correspondences in a 2D area. Matching is done in images that are
sampled with 25cm/pixel. However, only every second pixel is calculated, which
results in 50cm/pixel. It can be seen that the boundaries of houses are severely
blurred and towers are unrecognized.

The third and fourth row of Fig. @] present DEMs that have been produced
by SGM with calculated epipolar lines with images at different resolutions. The
boundaries of houses are much sharper and all towers are properly detected. The
average processing time is one hour on a 2.8GHz Xeon computer for producing
11MPixel of the DEM by matching 5 images with an average disparity range of
400 pixel. The fifth row of Fig. dl shows reconstructions, using the ortho image
as well as the S1 and S2 images (e.g. Fig. [) for top and side textures. The
last row presents reconstructions of a 110km? area of Berlin in a resolution of
20cm/pixel. The area has been captured by 6 parallel, partly overlapping flights.
Each flight contributed approximately 1 billion height values to the DEM. The
total processing time was 18 days on a 2.8GHz Xeon computer.

5 Conclusion

It has been shown that epipolar lines can be efficiently calculated in general non-
linear pushbroom images. This permits the minimization of the correspondence
search range for using the accurate, but memory intensive Semi-Global Matching
method. Experiments confirmed that the proposed stereo processing solution
performs accurate matching of urban terrain with sharp boundaries of buildings.
The approach permits the efficient and fully automatic 3D reconstruction of
whole cities. Future plans include the implementation of the approach on a
processing cluster.
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Abstract. The paper presents an extended hand-eye calibration approach that, in
contrast to the standard method, does not require a calibration pattern for determin-
ing camera position and orientation. Instead, a structure-from-motion algorithm
is applied for obtaining the eye-data that is necessary for computing the unknown
hand-eye transformation. Different ways of extending the standard algorithm are
presented, which mainly involves the estimation of a scale factor in addition to
rotation and translation. The proposed methods are experimentally compared us-
ing data obtained from an optical tracking system that determines the pose of an
endoscopic camera. The approach is of special interest in our clinical setup, as the
usage of an unsterile calibration pattern is difficult in a sterile environment.

1 Introduction

Hand-eye calibration algorithms [9, 10, 7, 5] solve the following problem that originated
in the robotics community: Given a robot arm and a camera mounted on that arm, com-
pute the rigid transformation from arm to camera (hand-eye transformation). Knowl-
edge of this transformation is necessary, because the pose of the robot arm is usually
provided by the robot itself, while the pose of the camera is unknown but needed for vi-
sual guidance of the arm. However, if the hand-eye transformation is known the camera
pose can be computed directly from the pose data provided by the robot.

Usually, the camera (eye) poses are computed using a calibration pattern and stan-
dard camera calibration techniques. In contrast to that, a method for hand-eye cali-
bration is presented in this paper, where no calibration pattern is needed. Instead, the
camera poses are obtained solely from an image sequence recorded using a hand-held
camera by applying structure-from-motion methods.

Hand-eye calibration is also interesting for applications that are not directly related
to robotics, but where similar problems arise. Instead of a robot we used an optical
tracking system that provides hand data, and a camera, where the camera poses (eye) are
computed using a calibration pattern for standard hand-eye calibration, and structure-
from-motion for the extended hand-eye calibration described in this paper. The camera
may in general be an arbitrary hand-held video camera. For our application—the recon-
struction of high-quality medical light fields [11]—we used an endoscope with a rigidly
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** This work was partially funded by the Deutsche Forschungsgemeinschaft (DFG) under grant
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mounted CCD camera. The endoscope is moved by hand, its pose is determined by the
optical tracking system. More details on this system will follow in the experiments sec-
tion. The hand-eye transformation has to be estimated every time when the camera head
is mounted anew on the endoscope optics, which is done before each operation because
the endoscope has to be sterilized. This requires an algorithm that works automatically
and fast with a minimum of human interaction.

The paper is structured as follows: After an introduction to hand-eye calibration in
Sect. 2 the structure-from-motion algorithm will be described (Sect. 3). Section 4 shows
the modifications to the hand-eye calibration equations that are necessary when using
structure-from-motion instead of standard camera calibration. Experimental results are
presented in Sect. 5.

2 Hand-Eye Calibration

The first hand-eye calibration methods were published by Tsai and Lenz [10], and Shiu
and Ahmad [9], where the latter formulated the hand-eye calibration problem as a ma-
trix equation of the form

R, t o
TeijTue = TupThi;, Ty = <0;1<“ 1X> ,x € {Hij,Eij, HE} . (D

Ty is the robot arm (hand) movement from time step 4 to j, Tg;; the camera (eye)
movement, and Tyg is the unknown hand-eye transformation, i.e. the transformation
from gripper to camera. All transformations T, are described by a 3 x 3 rotation ma-
trix R, and a 3-D translation vector ¢,.. Equation (1) can be directly derived from the
following diagram:

THz:gI TTEM‘ (2)
H, ™. E

H; and H ; denote the gripper poses, E; and E; the camera poses at times %, j. The
usual way to solve (1) is to split it into two separate equations, one that contains only
rotation, and a second one that contains rotation and translation:

RyeRy;; = Rg;; Ry, (Isx3 — Rgij)tug = tg;; — Ruptu;; - 3)

Thus, the rotational part of the hand-eye transformation can be determined first, and,
after inserting it into the second equation, the translational part can be computed. This
is the way hand-eye calibration is done, e. g., in [9, 10, 3]. Different parameterizations
of rotation have been applied. The original works of [9, 10] use the axis/angle represen-
tation, quaternions were used by [3, 7], and dual quaternions were introduced by [5]. In
contrast to the former approaches, it was suggested in [2] that rotation and translation
should be solved for simultaneously and not separately. This approach is also followed
in [7], where a non-linear optimization of rotation and translation is done.

3 Structure-from-Motion

The usual way to obtain the camera poses F; is to capture images of a calibration
pattern and apply standard camera calibration techniques [12]. In contrast to that our
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approach is capable of using an image sequence without a pattern and an uncalibrated
camera. By applying a structure-from-motion approach, the camera motion (and there-
fore the eye poses E;) can be computed for each recorded image. Basically, it is possible
to use any algorithm that results in camera poses, as the following computation steps do
not rely on the actual method used. The approach applied in this paper is based on the
work of [6]; it will be outlined in the following.

The algorithm starts with establishing 2-D point correspondences between images.
Each detected feature point has to be tracked over a sequence of images to allow a 3-D
reconstruction. Here, a modified more robust and faster version of the Tomasi-Kanade-
Shi tracker is used that can also deal with illumination changes [13].

After point features are tracked, the actual 3-D reconstruction step starts. First, an
initial reconstruction is computed using the paraperspective factorization algorithm on
a subset of the images, since all features have to be visible in all images. The recon-
structed affine cameras are now converted to perspective ones by assuming a reasonable
value for focal length and by choosing the center of the image as the principal point.
These perspective cameras can be used as an initialization for a non-linear optimization
step, where camera matrices and 3-D points are optimized alternatingly.

The initial sequence is now extended by performing the following steps for each
frame that is to be added: First, 3-D scene points are triangulated from feature points
that are visible in the new image using already reconstructed camera matrices. This way
it is possible to use the triangulated points as calibration points and apply standard cam-
era calibration techniques. In fact, since differences from one camera pose to the next
will usually be small, it is sufficient in practice to skip the linear standard calibration
methods and initialize the new camera pose with the parameters of the neighboring one.
Non-linear optimization of this camera will yield the desired result. These two steps are
repeated until all frames are processed. Optionally, the whole reconstruction can be
optimized non-linearly by a final bundle-adjustment step.

The result is a reconstruction of the 3-D scene points as well as the extrinsic and
intrinsic camera parameters for each recorded image. Note, however, that the recon-
struction is only unique up to a similarity transformation, i.e., the world coordinate
system can be chosen arbitrarily, and the scale of the reconstruction is unknown. While
the choice of the world coordinate system is exactly the problem that is solved with
standard hand-eye calibration, the unknown scale factor has to be estimated addition-
ally. This topic will now be addressed.

4 Extended Hand-Eye Calibration

The drawback of using structure-from-motion instead of camera calibration is that the
scaling factor mentioned above has to be estimated in addition to rotation and transla-
tion during hand-eye calibration; the modified method will be called extended hand-eye
calibration in the following.

In [1] a structure-from-motion based hand-eye calibration approach was presented
already, where the scaling factor has been integrated into the standard equations (3). The
main drawback of that method is that the orthogonality of the rotation matrix Ryg is not
guaranteed by the extended equations, but has to be enforced afterwards using the SVD.
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4.1 Extension of Basic Equations

The straight-forward method is to extend (3) by a scaling factor syg, resulting in:
RygRy;; = ReijRug (€]
(Isx3 — Rgij)tue = teij — sue Rugtui; - (5)

It can be observed that the rotational equation in (3) and eq. (4) are the same, i.e., the
scale factor has no influence on the computation of rotation. Therefore, the rotation can
be obtained by standard methods, e. g., using the quaternion representation of rotations
[3,7], which guarantees that the resulting matrix actually is a rotation. Equation (5),
however, contains translation and scale, and can be formulated as a linear system of
equations as follows:

t
((Isx3 — Reij) Rugtui;) (Sil;;) =tgij - (6)

This method of extended hand-eye calibration has the advantage that all equation sys-
tems are linear, but the disadvantage that one has to solve for rotation first, and then for
translation and scale.

The equations (4) and (5) can be used to formulate an objective function f(-) for
non-linear optimization, which is based on the objective function for standard hand-eye
calibration proposed by [7]:

Nrel
* (12
f(que, tne, sue) = Z Ige: — guequiarel” +
i=1 (7)
Nre]

D 1Q ((Isxs — Res) tue — tr:) + qup@(sumtus) @i + A (1 — quedie)”

i=1

where gy is the quaternion used for parameterization of the rotation matrix Ryg and X
is a regularization factor (e. g., A = 2 - 10%) that penalizes deviations of the quaternion
gye from norm one and thus implements the norm one constraint. The function Q(+)
maps a 3-D vector to a purely imaginary quaternion: Q(x) = 0+x1i+x2j+ 23k, where
T = (xl T2 xg)T. The single terms of (7) can be derived directly from the hand-eye
equations (4) and (5): The first summand equals (4) in quaternion notation. The second
one is derived from (5) by reformulating the multiplication of the rotation matrix Ryg
and the translation vector of the relative movement of the left camera using quaternions.

4.2 Extension of the Dual Quaternion Algorithm

This section shows how the estimation of rotation, translation, and scale can be formu-
lated using dual quaternions. As quaternions are a representation for 3-D rotations, dual
quaternions treat rotations and translations in a unified way.

Dual numbers were proposed by Clifford in the 19" century [4]. They are defined
by Z = a + €b, where €2 = 0. When using vectors for a and b instead of real numbers,
the result is a dual vector.

A dual quaternion gq is defined as a quaternion, where the real and imaginary parts
are dual numbers instead of real ones, or equivalently as a dual vector where the dual



Calibration—Free Hand—Eye Calibration 71

and the non-dual part are quaternions: g = g, + €q,. Just as unit quaternions represent
rotations, unit dual quaternions contain rotation and translation [5]. In the dual quater-
nion representation of R and ¢, the non-dual part q, 4 is the well-known quaternion
representation of R, and the dual part is given by

1

qq = §tqqnda tq = (Oat) ) (8)

where %, is a purely imaginary quaternion defined by the translation vector ¢. A dual
quaternion formulation of hand-eye calibration was introduced by [5]. We will now
show how to integrate scale into the dual quaternion formulation by using non-unit dual
quaternions, which results in a unified representation of similarity transformations.

For this purpose a dual quaternion @, containing all these parameters is intro-
duced, which is defined by:

- 1
dsHE = 9HEnd T €9sHEq = SHEQHE T+ 5§tHEqQHE . 9

A dual quaternion has eight elements, but for rotation, translation, and scale only seven
degrees of freedom are necessary. The norm of a dual quaternion is in general a dual
number with non-negative real part given by:

‘6|2 =44 = QT +€(0nadi + 9aqha) - (10)

When the dual quaternion as defined in (9) is used, the scale is actually modeled as the
norm of qyg:
Qouel® = sue® +60 & |quup| = sue (11)
Since the scale factor will always be a positive real number, the dual part of the norm has
to be zero. Therefore, one degree of freedom is lost, and we get an additional constraint
thatis given by: QsHEnaDonEd T onadsiEn = 0 - (12)
Using (9), the extended hand-eye calibration problem (cf. [5] for the standard for-
mulation) solving for scale, rotation, and translation can be formulated as:

9g,q9sHEn = 9sHEndDHnd > (13)
QEna9sHEq T @ququEnd = 4 HEnd9Hd T 9sHE4DHNd - (14)

The indices ¢7 that indicate a relative movement from frame ¢ to frame j have been omit-
ted for reasons of simplicity. Note that syg is not an additional independent parameter
as in the previous section, but the norm of the dual quaternion g i (cf. (11)).

It can be observed that (14) is a non-linear equation; an objective function f'(-) for
non-linear optimization will look as follows:

f/( B Nre] 9
9 sHEnd> quEd) = Z HqEndiquEnd - quEnqundiH +

i=1
2

_|_

Nrel

9eng;9siEd T —7——=—=984,;9s0End — 9sHEnadrq; T LsHEaDHng;
V quEndquEnd

* * 2
M shEnaTonEa T 9onEagsHER)

i=1

15)
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Fig. 1. Optical tracking system (left) and one image of the sequences ART1 (middle) and ART2
(right) showing a silicon liver/gall-bladder model that were used for structure-from-motion based
3-D reconstruction

This objective function estimates rotation, translation, and scale, which are all encoded
in the dual and non-dual parts of g 4. The first summand is derived from (13), the
second one from (14). As before, a regularization term enforces the constraint (12) on
the norm of the dual quaternion gy, which has to be a real number. In this case, eight
parameters with only seven degrees of freedom are optimized.

5 Experiments

In the following we present an experimental evaluation of the extended hand-eye cal-
ibration methods. The data were acquired using an endoscope with a camera mounted
on it (the eye), which was moved by hand. An optical tracking system (cf. Fig. 1, left)
provides pose data of a so-called target (the hand) that is fixed to the endoscope. The
infrared optical tracking system smARTtrackl by Advanced Realtime GmbH is em-
ployed. It is a typical optical tracking system consisting of two (or more) cameras and
a target that is tracked. The target is built from markers that can easily be identified in
the images captured by the cameras. In our case spheres with a retro-reflective surface
are used. Infrared light simplifies marker identification. The 3-D position of each visi-
ble marker is calculated by the tracking system. The knowledge of the geometry of the
target then allows to calculate its pose.

Instead of using consecutive movements for calibration, we applied the vector quanti-
zation based data selection method proposed in [8], which leads to more accurate results.

Since no ground truth is available when calibrating real data, we cannot give errors
between the real hand-eye transformation and the computed one. It is desirable, how-
ever, that an error measure is available which rates the quality of the resulting transfor-
mation. Therefore, the following error measure is used: After applying the computed
hand-eye transformation on the hand data, we get an estimate of the eye movements £’.
This estimated movement can now be compared to the original eye movement £, which
has been obtained by structure-from-motion: If the hand-eye transformation is correct,
the relative movements between single camera positions are equal in £ and &’. The
errors are computed by averaging over a set of randomly selected relative movements.

Table 1 shows residual errors in translation and rotation as well as the computation
times for hand-eye calibration on a Linux PC (Athlon XP2600+) including data selec-
tion, but not feature tracking and 3-D reconstruction. The latter steps are the same for all
methods, and take approximately 90 sec for tracking and 200 sec for 3-D reconstruction.
The values shown are relative and absolute residuals for rotation, and relative errors for
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Table 1. Mean errors in rotation and translation of relative eye movements computed with differ-
ent hand-eye calibration methods using structure-from-motion as a basis

Data Set Method Translation Rotation Time
DQ, scale sep. 22.3% 0.191° 3.75% 310 msec
Hor., scale sep. 13.0% 0.179° 3.72% 2090 msec
ARTI non-lin., eq. (7) 17.8% 0.191° 3.75% 2350 msec
non-lin., eq. (15) 44.6% 0.191° 3.75% 756 msec
Andreff 13.2% 0.172° 3.60% 309 msec
DQ, scale sep. 20.7% 0.290° 7.25% 433 msec
Hor., scale sep. 18.7% 0.266°  7.00% 1590 msec
ART2 non-lin., eq. (7) 18.4% 0.290° 7.25% 1770 msec
non-lin., eq. (15) 20.7% 0.290°  7.25% 482 msec
Andreff 19.7% 0.272° 7.10% 434 msec

the norm of the translation vector of relative movements. Absolute errors for translation

are not given, as these are highly dependent on the estimated scale factor and therefore

cannot be compared directly, whereas absolute rotational residuals are independent of
scale. We show the results for two data sets, namely ART1 (190 images) and ART2

(200 images). After feature tracking and 3-D reconstruction, different hand-eye calibra-

tion methods have been evaluated; in all cases the reconstructed camera movement has

been used as eye-data. The results shown in Table 1 were computed as follows:

DQ, scale sep.: Here, the scale factor was estimated first by solving (4) and (5). Af-
ter scaling the eye-reconstruction appropriately, rotation and translation were re-
estimated using a standard hand-eye calibration method, namely the linear dual
quaternion algorithm of [5].

Hor., scale sep.: The same as DQ, scale sep., i.e., scale and rotation/translation were
computed separately. Instead of dual quaternions the non-linear method proposed
by [7] was used for hand-eye calibration.

non-lin., eq. (7)/(15): Here, the non-linear objective functions (7), (15) were used,
which were initialized with the result of DQ, scale sep. After non-linear optimiza-
tion of rotation, translation, and scale, rotation and translation were re-estimated
using the linear dual quaternion method, which results in a more accurate hand-eye
transformation compared to non-linear optimization alone.

Andreff: This is the result of the hand-eye calibration method proposed by [1].

The relative residual errors obtained using standard hand-eye calibration and a cal-
ibration pattern are 4.20% (transl.) and 0.725% (rot.) for the configuration similar to
ART?2 and 5.39% (transl.) and 1.09% (rot.) for the configuration similar to ART1. The
deviations to the hand-eye transformation computed this way compared to the extended
approach using structure-from-motion (depending on the method) are 15% to 16% in
rotation and about 35% for translation (ART2), and 9% to 11% in rotation and 26% to
32% in translation (ART1).

6 Conclusion

We presented methods for an extended hand-eye calibration, which allow to compute
the hand-eye transformation without the necessity for using a calibration pattern in or-
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der to obtain the camera (eye) poses. Instead, these are computed using feature tracking
and a structure-from-motion approach, which makes the extension of standard hand-
eye calibration necessary since in addition to rotation and translation a scale factor has
to be estimated. Different ways of extending these equations have been presented and
compared. The main result is that the estimation of the hand-eye transformation is fea-
sible without a calibration pattern. Of course, one could not expect to obtain results as
accurate as with standard calibration; depending on the application, however, the advan-
tages of the extended method may outweigh this drawback. This is especially true for
the clinical setup that we have in mind, as hand-eye calibration has to be performed be-
fore each operation. The usage of an unsterile calibration pattern in combination with a
sterile endoscope and a surgeon working under sterile conditions is difficult in practice,
and can be completely circumvented when using the methods proposed here.
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Abstract. This paper describes solvers for specific quadratic program-
ming (QP) tasks. The QP tasks in question appear in numerous prob-
lems, e.g., classifier learning and probability density estimation. The QP
task becomes challenging when large number of variables is to be opti-
mized. This the case common in practice. We propose QP solvers which
are simple to implement and still able to cope with problems having
hundred thousands variables.

1 Introduction

A lot of problems in machine learning and pattern recognition lead to quadratic
programming (QP) tasks. Although optimization of a general QP task have been
studied at length, it is still a challenging problem when the number of variables
is large. The large QP tasks are quite common in practice. In such cases it is
necessary to derive specialized solvers which exploit all particular properties of
the task at hand. In this paper, we propose solvers for special instances of QP
tasks which can be applied to many problems. The proposed solvers are simple
to implement and they allow to cope with QP tasks having hundred thousands
of variables.

The quadratic programming (QP) task which we tackle in this paper is very
related to two geometrical tasks. These task are the minimal norm problem
(MNP) and the nearest point problem (NPP). The MNP aims to find the mini-
mal norm vector from a convex hull defined by a finite set of vectors. The NPP
searches for two nearest vectors from two different convex hulls defined again
by finite sets of vectors. Algorithms to solve the MNP and the NPP first ap-
peared in computational geometry and control engineering but later they were
applied in pattern recognition. A simple algorithm for the MNP was published by
Gilbert [4]. Kozinec [9] proposed a very similar method which he used for separa-
tion of two convex hulls given by finite vector sets. A different algorithm for the
MNP was described by Mitchell, Demyanov and Malozemov [I0]. Various mod-
ifications of the Kozinec’s algorithm applied for analysis of linear discriminant
functions were described in the book by Schlesinger and Hlavac [11]. Keerthi et
al. [7] proposed a new method to solve the NPP which was applied for training

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 75-84] 2005.
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of binary Support Vector Machines (SVM) classifiers. Another method for the
NPP was proposed by Kowalczyk [8] who also used it for training of the SVM’s.
A modification of the Kozinec’s algorithm for training of the SVM’s was further
proposed by Franc and Hlavac [2].

We concentrate on a slightly more general QP tasks the special cases of which
are the MNP and the NPP. We denote this task as the generalized MNP and the
generalized NPP problem. The generalization consists in adding a linear term to
the QP criterion and assuming that the Hessian of the criterion is an arbitrary
symmetric positive definite matrix. The original problems are recovered after
the linear term is removed and the Hessian equals to a product of two matrices.
The exact definitions of the generalized MNP and NPP are given in Section 2l

We claim that the above mentioned methods designed to solve the original
MNP and NPP can be simply modified to solve the general problems. Moreover,
we will introduce a general framework for sequential algorithms suitable to solve
the generalized problems. The special instances of the general framework are the
MNP and NPP methods. The introduced framework allows for their compari-
son and better understanding. We also derived a new method which proved to
outperform the original ones. Due to a lack of space, we describe only the new
method in Section [Bl Detailed description and experimental evaluation can be
found in [1].

While the original solvers were used mainly for training of binary SVM’s
their generalization proposed in this paper is applicable in many other problems.
For example, training of multi-class SVM classifiers [3], Reduced Set Density
Estimation [5], Support Vector Data Description [12], several modifications of
SVM’s for classification and regression introduced in [6].

The paper is organized as follows. The generalized MNP and NPP are defined
in Section[2l The general framework and two particular algorithms are described
in Section Bl Conclusions are drawn in Section [

2 Generalized Minimal Norm and Nearest Point
Problems

Let a quadratic objective function
1
Q(a) = §<a7Ha> + <C, a) ) (1)
be determined by a vector ¢ € R™ and a symmetric positive definite matrix

H € R™*™. The symbol (-,-) stands for the dot product Let A C R™ be a
convex set of feasible solutions @ € A. The goal is to solve the following task

1
o = argmin — (o, Ha) + (¢, a) . (2)
acA 2

Let Z; and Z5 be non-empty disjoint sets of indices such that 7y UZs = 7 =
{1,2,...,m}. Let vectors e, e1, ez € R™ be defined as follows

1 fori el [ ]_{Oforiel'l
9 2]i —

e]li=1,ieT, [el]i_{OforiEIQ lforieZy ’
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where []; denotes i-the coordinate of a vector. The optimization problems (2))
with two distinct feasible sets A are assumed. In the first case, the generalized
Minimal Norm Problem is the optimization problem () with the feasible set A
determined by

A={aeR™": (a,e) =1, > 0}. (3)

In the second case, the generalized Nearest Point Problem is the optimization
problem (2)) with the feasible set A determined by

A={aeR": (a,e1)=1,{a,es) =1,a >0}, (4)

where vectors e, e1, ea € R™ are defined as follows

. . _Jlforie; o Oforiel;
el =1.i€Z, ledi = {Ofom‘ez2 + el = {1f0ri€1'2 '

The generalized MNP and generalized NPP are convex optimization problems
as both the objective functions ([Il) and the feasible sets ([B]) and ([, respectively,

are convex.

3 Algorithms

3.1 Framework of Sequential Algorithms

The optimization problem (2) with the feasible set A can be transformed to a
sequence of auxiliary optimization problems with the same objective function ()
but with much simpler auxiliary feasible sets A®, AM . A® . Solving the
problem (2)) with respect to the auxiliary feasible sets yields a sequence of
solutions a®, a ... a®. The sequence of feasible sets A©, AMD . A®
is assumed to be constructed such that (i) the sequence Q(a?) > Q(aV) >
. > Q(a®) converges to the optimal solution Q(a*) and (ii) the auxiliary
problems can be solved efficiently. The sequential algorithm solving the QP task
which implements the idea mentioned above is summarized by Algorithm [II

Algorithm 1: A Sequential Optimization Algorithm

1. Initialization. Select a(®) € A.
2. Repeat until stopping condition is satisfied:
(a) Select a feasible set A+ such that

Q) > min Qo). ()

(b) Solve the auxiliary task

oY = argmin Q(a). (6)
ac Alt+1)
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The auxiliary feasible sets A**1 is assumed to be a line segment
A — (e R™a=(1-1)a® + 780 0< <1}, (7)

between the current solution a® and a vector 8() € A. The optimization
task (@) has an analytical solution in the case in which the feasible set is a line
segment. Moreover, there exist simple rules to construct the vectors () which
guarantee that condition (B is satisfied.

3.2 Stopping Conditions

There is a need to stop the algorithm when it gets sufficiently close to the
optimum. We assume the following two reasonable stopping conditions:

1. e-optimal solution. The algorithm stops if

Qla) - Q") <e. (3)
2. Scale invariant e-optimal solution. The algorithm stops if
Qo) — Q") < €|Q(a)] . 9)

The prescribed € > 0 controls the precision of the found solution. The stopping
conditions () and (@) can be evaluated despite the unknown optimal value
Q(a*) because a lower bound Qrp(c) can be used instead. Let the inequality
Q(a*) > Qrp(a) hold. Then the satisfaction of the condition Q(a) — Qrp(a) <
¢ implies that condition (§]) holds as well. Similarly, if the condition Q(c) —
QrLe(a) < e|Q(a)| holds then (@) is also satisfied.

The computation of the lower bound Qrp(a) depends on the feasible set
used. We give the lower bounds without derivation which can be found in [IJ.
In the case of the generalized MNP with the feasible set .4 defined by (@), the
following lower bound @ 5(a) can be used

Qrp(a) = min Ha + ¢, — %(a, Ha) . (10)

In the case of the generalized NPP with the feasible set A defined by (@), the
lower bound @15 reads

. . 1
Qre(a) = fIGIlII}[Ha +c]; + freuIr;[Ha +c]i — §<a,Ha) . (11)

3.3 Solution for a Line Segment

Let the feasible set A(LtH) be a line segment (7)) between the current solution
a® and a vector ") € A. The quadratic objective function (@) defined over

the line segment A(Ltﬂ) reads

() = Q (a1 - 1) +78Y)

_ %(1 —2(a® Ha®) + r(1 — 7)(3%, Ha®) (12)

578, HAO) + (1 = 7)(e,al”) + (e, )
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The objective function is now parameterized by a single variable 0 < 7 < 1. It
is obvious that QY™ (0) = Q(a™®) and Q' (1) = Q(B®). The improvement
gained from the optimization over the line segment A(LtH) is

A+ Q(a(t)) _ Q(a(t+1)) — Q(a(t)) — min Qg“)(f) . (13)

0<7<1
A new vector a1 is determined as

altth) — a(t)(l —7") + 78" where 7* = argmin Q(If+1)(7) . (14)
0<r<1

The vector B € A must be selected such that the improvement ([@3)) is positive.
This occurs when the derivative of Q(LH—D(T) evaluated in zero is negative, i.e.,

9Q\ "V (r)

5 = (8" — &), (Ha® +¢)) <0. (15)

7=0

The solution of (I4)) can be found analytically by setting the derivative of
(LH_I)(T) to zero and solving for 7. This yields

{(a = BY), (Ha™ + ¢)) 16
(@®, Ha®) — 2(3®, Ha®) 1 <5<t>,H5<t>>> o (16)

7" = min (1,

where the minimum min(1,-) guarantees that the solution does not leave the

feasible set A(Lt+1). If 7* =1 then a*t1) = B() which implies that the value of
improvement (3] equals to

A+ — Q(a(t)) _ Q(I@(t)) ) (17)

If 7* < 0 then the value of improvement can be derived by substituting (I2])
and ([I6) to (I3). After some manipulation we get

() - BY), (Hal) + c))?

A — .
2((al), Ha®) — 2(a® HB®) + (31", HBM))

(18)

3.4 Algorithm for Generalized Minimal Norm Problem

The algorithm described in this section fulfills the general framework outlined
by Algorithm [l The particular algorithm is determined by a rule for selection
of the line segment A(Lt+1). The line segment is constructed between the current
solution a® and a vector B8(). In this case, we assume that all entries of the
vector B equal to the current solution a(*) except for two entries u and v, i.e.,

[@®], + [a®], fori=u,
B8], = 0 fori =, VieT. (19)
[a®)]; fori #uni#wv,
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If proper u and v are used then the optimization over the line segment between
a® and B® leads to the improvement AV (y,v) = Q(a®) — Q(alt+1)). The
exact value of the improvement can be derived by substituting (I9) to (I8)) which
for 7 < 1 gives

(Hal® +c], - [Ha® + )’
2( M, — 2], + H],.)

)

A(t+1) (U,’U) = ) (20)

and substituting ([I9) to () which for 7 = 1 gives

1

A (u,0) =[], ((Ha el ~ [+ cly)— 5 [0 2 ([F)y o~ 2 o+, o).

(21)
From () it follows that u and v must be selected such that [a®], > 0 and the
inequality

K(u,v) = [Ha'V + ¢], — [Ha'V + ], >0,

holds to guarantee a non-zero improvement. The computation of 7 for 3(*) given
by ([@3) simplifies to

[Ha® + ¢, — [Ha® + ],
[a(t)]v([H]u,u —2[H}u,o + [Hlo,0) .

(22)

T =

It remains to select the indices u and v such that the improvement will
be maximized. The algorithm proposed by Mitchell, Demyanov and Maloze-
mov (MDM) selects the indices u and v so that k(u,v) is maximized. This is
reasonable since the value of k(u,v) approximates the value of improvement
A(Hl)(u, v). A novel method proposed here is based on searching for the entries
u and v which maximize the exact value of the improvement A®**1 (u, v) instead
of its approximation k(u,v).

The computation of the improvement for given v and v requires evaluation
of the ([22) and, based on the value of 7, [20) or 2I)) is used. To select the
optimal pair (u,v) one has to try @ combinations where d is the number of
non-zero entries of the current solution a®. Notice that zero entries of a*) can
be disregarded as the corresponding vector 3¢) would be the same as a(*). The
search for the optimal (u,v) would require to access d columns of the matrix H
which would be too expensive . To overcome this difficulty, the following strategy

of selecting (u,v) is proposed. The index u is selected such that

u € argmin[Ha® + ¢; .
€T

The found u is fixed and the index v is computed as

v € argmax A(Hl)(u,i) ,
i€Ty

where the Ty = {i € Z: [Ha® + ¢J; > [Ha + cJ, A [@P]; > 0} is a set of
admissible indices for v for which the improvement can be greater than zero.
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A similar strategy would be to fix v and search for the optimal u or to apply
both these searches together. All these three combinations were experimentally
tested and the proposed strategy required on average the minimal access to the
matrix H. Algorithm [2] summarizes the proposed method:

Algorithm 2: Algorithm for generalized MNP

1. Initialization. Set a(®) € A.
2. Repeat until stopping condition is satisfied:
(a) Construct vector 3() € A such that

[a®], 4 [a®], fori =u,
[,B(t)]i — 0 fori=v, VieTl,
[a®)]; for i £ uNi#wv,

where

u € argmin[Ha'Y + ¢];, and v € argmax A®HY (4, 4) .
€T €Ty

The improvement A+ (u, ) is computed using @2), @0) and (ZT)).
(b) Update
&) — 6O — 1) 4780

where

((@® — ), (Ha) + c)) ) .

7 = min (1’ (a®, Ha®) — 2(30), Ha®) + (30), HE®)

The number of iterations depends on used stopping condition. Let us assume
that e-optimality condition (&) is applied. We can prove that the number of iter-
ations ¢t can be bounded using the following quantities: the prescribed precision
¢, the initial value Q(a(®)), the optimal value Q(a*) and a diameter D € R* of
the matrix H defined as

D? = max ((er, HB) — 2(c, HB) + (8, HB)) .

BeA

Theorem 1. Algorithm[3 started from an arbitrary vector o9 € A returns the
vector o satisfying for any € > 0 the e-optimality condition Q(a) — Q(a*) < ¢
after at most tpyq, < oo iterations, where

2D%(m — 1)
-2

Q) — Q")) .

tmaz =

For proof we refer to [I].
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3.5 Algorithm for Generalized Nearest Point Problem

The algorithm to solve the generalized NPP is of the same nature as that solving
the generalized MNP problem. Let Agtﬂ) ={a € Aa]; = [aW];,i € T}
denote a set of vectors from the feasible set A which have the entries Z5 fixed to
corresponding entries of the current solution a(?). Similarly, let AétH) ={ac
A:[a); = [a@®];,i € I;} denote vectors with the entries Z; fixed. The algorithm
for the generalized NPP constructs the vector 8(Y) such that it belongs either to
Agtﬂ) or to .Aétﬂ) which is only the difference compared to Algorithm
Using the same reasoning as discussed in Section B4l we first find the indices

uy € argmin[Ha® + ¢, uy € argmin[Ha® + ¢J; . (23)
[ISAY €1z

Second, the optimal v; and vy are sought for so that

vy € argmin AGHD (y ) vy € argmin ACHD (yy ) | (24)
1€y 1€Ly2

where Zy, = {i € Z;: [Ha') + ¢]; > [Ha'V + ]y, AaD); > 0} and Tyy = {i €
To: [HaW+c]; > [Ha® 4], Ala®]; > 0} are sets of admissible indices. Finally,
the pair of indices (u1,v1) or (ug, v2) which yields the bigger improvement is used
to construct the vector 3). The formula for the improvement A®*Y (4, v) can
be derived using the same way as in the the generalized MNP case. So that
the improvement is computed by the formula 20) if 7 < 1 and @) if 7 = 1.
Algorithm [8] summarizes the proposed method:

Algorithm 3: Algorithm for generalized NPP

1. Initialization. Set a(®) € A.
2. Repeat until stopping condition is satisfied:
(a) Construct vector B € A

[@®], + [a®], fori=u,
[ﬁ(t)}z’ = 0 fori=wv,
[a®)]; fori #uNi#wv,

where the indices (u,v) are computed as follows. First, the pairs (u1,v1)
and (us, v2) are computed by [23)) and (24)). Second, the pair which yields
the bigger improvement A+ (u, v) is taken for (u,v).
(b) Update
Q) — o1 7) 4 180

where

= min (1 ((a® — 1), (Ha'® + e))
T = min ( "(a® Ha®) —2(81) Ha®) + (ﬂ(t),Hﬁ(t)>> .
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Theorem 2. Algorithm[3 started from an arbitrary vector a®) € A returns the
vector o satisfying for any € > 0 the e-optimality condition Q(a) — Q(a*) < e
after at most tpyq, < oo iterations, where

8D%(m — 2)
-2

tmax = (Q(a(O)) - Q(a*)) :

The upper bound on the maximal number of iterations is defined by the same
quantities as in Theorem [ except for the diameter D. We refer to [I] for the
definition of D and the proof of Theorem

3.6 Efficient Implementation

The main requirement on the developed QP solvers is the ability to deal with
large problems, i.e., problems where the matrix H in the definition of the QP task
is large and cannot be stored in the memory. The aim is to minimize an access
of the QP solver to the entries of the matrix H. It is seen that the algorithms
described in Sections 3.4 and B4l require only two columns of the matrix H in
each iteration. Moreover, in many cases only a small subset of the columns is
requested by the algorithms, i.e., those which corresponds to the non-zero entries
Ty = {i € T:[a]; > 0} of the vector a®. This allows to use a cache for the most
often requested columns without the need to store the whole matrix H. For
instance, the First In First Out (FIFO) turned out to be suitable.

The efficient implementation of the algorithms lies in maintaining a cache of
key variables. In the case of the generalized MNP problem, these variables are

50 = (@) Hal), A =Hal, &) =" Ha),  (25)

where 6((;) € R is a scalar, h&t) € R™ is a vector and 6g) € R is a scalar. Having
the variables (2H)), the number of computations scales with O(m) in each iteration
of any QP solver, i.e., it is linear with respect to the number of variables m. It is
easy to show that the variables (25)) can be updated in each iteration instead of
computing them from a scratch. The updates of all variables also require O(m)
operations. The exact updating formulas can be simply derived by substituting
rule (M9 to (25).

The same idea is also applied for the generalized NPP. In this case, there are
more key variables to be cached. However, the number of computations required
for their updating is also O(m). The overall number of computations required
in each iteration is thus O(m) for both described algorithms. We refer to [I] for
a detailed description.

4 Conclusions

We introduced a general framework for sequential algorithms suitable to solve
the generalized minimal norm problem (MNP) and generalized nearest point
problem (NPP). The framework allows for comparison of existing methods de-
signed to solve original MNP and NPP. The methods can be simply modified to
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solve the generalized formulations. We also derived a new algorithm with perfor-
mance superior to other methods. The new algorithm is described in this paper
while comparison to other methods was skipped due to a lack of space. We refer
to [1] where all the methods are described in details and compared to each other
in numerous synthetical and real-life problems.
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Abstract. 3D volumetric microscopical techniques (e.g. confocal laser
scanning microscopy) have become a standard tool in biomedical ap-
plications to record three-dimensional objects with highly anisotropic
morphology. To analyze these data in high-throughput experiments, re-
liable, easy to use and generally applicable pattern recognition tools are
required. The major problem of nearly all existing applications is their
high specialization to exact one problem, and the their time-consuming
adaption to new problems, that has to be done by pattern recognition
experts. We therefore search for a tool that can be adapted to new prob-
lems just by an interactive training process. Our main idea is therefore to
combine object segmentation and recognition into one step by comput-
ing voxel-wise gray scale invariants (using nonlinear kernel functions and
Haar-integration) on the volumetric multi-channel data set and classify
each voxel using support vector machines.

After the selection of an appropriate set of nonlinear kernel functions
(which allows to integrate previous knowledge, but still needs some ex-
pertise), this approach allows a biologist to adapt the recognition system
for his problem just by interactively selecting several voxels as training
points for each class of objects. Based on these points the classification
result is computed and the biologist may refine it by selecting additional
training points until the result meets his needs. In this paper we present
the theoretical background and a fast approximative algorithm using
FFTs for computing Haar-integrals over the very rich class of nonlinear
3-point-kernel functions. The approximation still fulfils the invariance
conditions. The experimental application for the recognition of different
cell cores of the chorioallantoic membrane is presented in the accompa-
nying paper [I] and in the technical report [2]

1 Introduction

Three-dimensional microscopical techniques, e.g., confocal laser scanning mi-
croscopy, has become a standard tool in biomedical applications within the last
few years. Due to the increasing need of high throughput experiments, e.g. in
the analysis of 3D gene expression patterns, the gap between the automated
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recording of the data and the tedious and subjective manual evaluation becomes
larger and larger.

Due to the rapidly changing requirements for an automatic evaluation, the
traditional way of developing highly specialized model-based solutions for exactly
one problem with dozens of manually selected morphological processing steps and
thresholds does usually not meet the needs of the biologists.

A step towards a generally applicable and easy to use system is presented in
this paper. Many of the problems can be reduced to a rotation and translation
invariant recognition of certain 3D structures, that are trained by a manually
labeled database (e.g., counting or localization of different cell cores). Therefore,
we use gray scale invariants [3/4], that have already been successfully applied
to the recognition of pollen grains in volumetric data sets [5]. The main limita-
tion of this approach was its need for objects that are already segmented from
the background. A good segmentation on the other hand needs already much
information about the object to isolate it from the background.

To overcome this classical dilemma, we integrated the segmentation and
recognition of the objects into one step by calculating voxel-wise gray scale in-
variants: For each voxel several rotation invariant features from its surrounding
are extracted and the resulting feature vector is classified using support vector
machines [6]. The result is a label for each voxel (or several probabilities per
voxel). A simple connected component analysis in the next step then searches
regions with the same label to segment the objects.

The main advantage of this approach is its direct operation on the raw data
and the avoidance of manually selected thresholds. Instead it learns all necessary
informations from a labeled training data set.

2 Theory

2.1 Construction of Gray Scale Invariants

The precondition for the use of gray scale invariants in recognizing n-dimensional
structures in the real world are:

1. One or more reproducible measurement techniques, that are able to measure
certain properties within the structure at definite positions independent from
the orientation of the structure (e.g., to measure the fluorescence activity at a
certain wavelength at the focal point of a confocal laser scanning microscope)
resulting in an n-dimensional multi-channel data set

2. Knowledge of those mathematical transformations, which do not change the
meaning of the structure (e.g. rotation and translation)

If these preconditions are fulfilled, we can find a feature extraction, that is
able to map all representations of the same object (given by the transformation
group) into one point of the feature space by using a nonlinear kernel function
and a Haar-integration over the whole transformation group [5].



Voxel-Wise Gray Scale Invariants 87

G : transformation group
g : one element of the transformation group
TIfI(X) := /f(gX)dg f : nonlinear kernel function (1)
& X : n-dim, multi-channel data set
gX : the transformed n-dim data set

For each nonlinear kernel function f this integral returns a scalar value that
describes a certain feature of the n-dimensional data set invariant under the
given transformations, as long as the integral exists and is finite.

Reduction to Kernel-Functions with sparse support. If the kernel func-
tion f only depends on a few points of the image or volume, i.e., if we can rewrite
f(X) as f (X(z1), X(@2), X(x3), . . .), where X(x;) is the gray valud] at position
x; we only need to transform the kernel points @1, €2, 3, . . . accordingly, instead
of the whole data set X. This transformation of the kernel points is denoted as
s¢(x;) such that

(gX)(@i) := X(s4(zi)) Vg, i . (2)
With this we can rewrite (1) as

71710 1= [ 1 (Xso(@). Xisy(ea)), Xisyea)e)dg . (3
G

This considerably speeds up the computation and results for a given kernel in
linear complexity O(N) of the algorithm, where N is the number of voxels in
the data set.

Multi Scale Approach. In the general formulation of the gray scale invariants
() appropriate kernel functions can be used in order to sense any features of
the structures at any scales. Computable kernel functions (B]) depend only on
a few gray values at certain points. To use them for sensing also large-scale
informations, a multi scale approach is applied [5]. In the continuous domain
this is equivalent to applying a certain low-pass filter (e.g. convolution with a
Gaussian) to the data set before evaluating the kernel functions (see Fig. [I])

T2 T3
T2 3
1 Ty

Fig. 1. Computable kernels rely on a small number of sampling points. To sense in-
formations at multiple scales, the sampling points are “enlarged” with Gaussians of
mutliple size

! We use the term “gray value” even for color or other multi-channel data. In this case
one “gray value” has multiple components.
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Voxel-Wise Gray Scale Invariants. For voxel-wise invariants the transfor-
mation group is just a rotation, where the origin of the coordinate system is
shifted to a certain voxel in advance. The resulting features from the different
kernel functions are collected in a feature vector, which then describes the sur-
rounding of this voxel in a unique and rotation invariant way. This is done for
all voxels in a volume.

2.2 Computation of Gray Scale Invariants

To compute the gray scale invariants from (B]) we first have to select a parame-
terization A of s4 so that (@) can be rewritten as

TfI(X) = /f(X(SA(wl))y X(sa(x2)), X(Sx(wg)),...) dX . (4)

For a given data set X and given kernel points 1, @2, x3, ... we can substitute
X(sa(x;)) with v;(A), where X(sx(x;)) are the gray values, that are touched by
the #’th kernel point x; during all transformations described by A, resulting in

T:/f(vl(/\), BN, 15N, ) dA. (5)

A simple example for the resulting one-dimensional curves v1(p), v2(p) and
v3(p) when using a 3-point kernel on a 2D image and the transformation group
of rotations is given in Fig. 2

Fig. 2. When using a 3-point kernel on a continuous 2D image and the transformation
group of rotations, the gray values, that are touched by the kernel points x1, 2 and
a3, are one-dimensional functions v1 (), v2(¢) and vs(p)

Two-Point Kernel Functions. The direct evaluation of the integral @) is
usually too slow for real applications. A fast calculation method (using FFTs) for
a certain class of kernel-functions (so called separable two-point-kernel functions)
of the form

fa, fv : any nonlinear functions that

fX) = fa (X(O)) “fb (X(q)) transform the gray values (6)
q : span of the kernel function
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and for Euclidean transformations was presented in [5]: For this purpose we
define A(z) = fo(X(z)) and B(z) := f,(X(x)) The resulting Haar integral
@) is

TIfI(X) = /dm A(z)- (Bx*8S)(x), with S(z) := §(|z| — q) (7)

which is the convolution (denoted as ’+’) of B with S (which is a surface of a
sphere in 3D or a circle in 2D) and the point-wise multiplication with A. For
the evaluation of voxel-wise gray scale invariants the final integration over x is
omitted.

Three-Point-Kernel Functions Two-point kernel functions perform very well
in Haar integrals over Euclidean motions. For the voxel-wise invariants, they are
somewhat limited in their discrimination power, because the resulting invariants
are not only invariant to rotation of the surrounding but also to any random
permutation of the gray values at the same radius. In contrast to this, three-
point kernel functions, where the first point is located at the rotation center

%) = £a(X(0)) - f3(X(g2)) - 1. (X(as)) ®)

are sensitive to such permutations but they cannot be computed directly with the
above mentioned fast algorithm, because both factors in the product f,(X(q1))-
fe(X(g2)) change when rotating the kernel and therefore cannot be calculated
by a simple convolution.

In the following we present an expansion into a series of simple coonvolutions
with the nice property, that every truncated evaluation of this series still fulfills
the invariance criterion.

For volumetric data the rotations must be parameterized by three angles

A = (@1, 02, 03)" (see Fig. ).

Fig. 3. Parameterization of the 3D rotation with A = (1, p2, g03)T

The first kernel point is always shifted to the rotation center, which results
in v1(A) = v1(0). Without changing the result we can rotate the kernel func-
tion, such that the second kernel point is located on the z-axis, which makes

2 For Euclidean transformations, a translation of the kernel function does not change
the integral. We use the same terminology for voxel-wise invariants. If you do not
plan to integrate over translations in a later step, you could leave out the first kernel
point.
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v2(X) insensitive to ¢s-rotations, resulting in va(A) = va2(v1, p2,0). With this
parameterization the Haar integral becomes

T= fa <U1(0)> /Owdwl sin(¢1) /_trd@z fo (U2(@1,<P270)> /_trd@s fc(vs(¢17@27903)) .
9)

The integration in the last term can be rewritten as a convolution with a circle
on the sphere surface,

Vee (01, P2) = /ﬂdsos fe (vs(sompz,sos))

—T

= /ﬂd’(/Jl Sin(wl) /ﬂ—d’(/Jz Trd'(/J3 fc (Us(%’ 1#2’ ¢3))
0 - -
-6 (dist (1,62, 6), (91,2,0)) — 1) (10)

where “dist” is the distance between two points on a sphere surface and r the
distance of the third kernel-point to the “north pole” of the sphere. This reduces
the evaluation of the Haar integral to a pixel-wise multiplication and subsequent
integration of two gray value data sets on the sphere surfaces. By defining v, =

fa (v1 (0)) and vp(p1, 02) = fo (vg(cpl, v2, O)), the Haar integral becomes

T =, / dgr sin(p1) / dor vs(01,02) - veelion, 02) (11)
0

—T

Analogous to Fourier series in 2D, this can be approximated with spherical
harmonics as basis functions. The coefficients are

Whim :/ dpy Sin(@l)/ dps (1, 2) YL (1, 02) (12)
0

—T

(Weeim if defined analogously) which allows to write the Haar integral as

00 I

7= v, [dousinter) [ den (Y030 Wom Vi (or.02)
0 -7

11:() mlifll

o l2
. Z Z chlzmQYrifQ(LplaQOQ) (13)

12=0 TIL2=—12

Using the orthogonality relationships between the basis functions Y, and
the precondition, that our data is real-valued, allows to reduce this integral to a
simple summation

N o1
T ~ v, Z Z R (Wi Weeim) (14)

=0 m=0

where the series may be truncated after the N’th coefficient without violating
the rotation invariance. The full operations are shown in the scheme in Fig. [4l
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Sensing the gray

Convolution of Voxel-wise values touched by
Volumetric  each channel  nonlinear gray the second and third
multi— with Gaussian value kernel point using Combination ;
) ) | Invariants
channel for multi-scale transformation and "spherical of results for for each
data approach combination of harmonics series" the three voxel

different channels  expansion kernel points

* Convolution in
cartesian coordinates

& Convolution in
spherical coordinates

Fig. 4. Computation of three-point-kernel invariants f(X) = fo(X(0)) - fo(X(gq2)) -
fe(X(g3)) on multi-channel volumetric data. For each kernel function this scheme si-
multaneously calculates the invariants for all voxels.

Voxel-Wise Classification After the extraction of multiple voxel-wise invari-
ants, the feature vector for each voxel is classified with a SVM, that was trained
on manually labeled data. A simple connected component analysis on these voxel-
wise classification results is used to segment the different objects in the volume.

3 Experiments

Recognition of different cell cores on confocal recordings of the chicken embryo
chorioallantoic membrane are promising and show good discrimination perfor-
mance even for difficult constellations. For details see the accompanying paper
[1] or technical report [2].

4 Conclusion and Outlook

Voxel-wise gray scale invariants allow to recognize objects in volumetric multi-
channel data without prior segmentation. The presented fast computation al-
gorithms allow to use them in real-world applications. Therefore they build an
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important step towards a reliable, generally applicable and easy to use pattern
recognition system that can be adapted to new problems by a biologist just by
an interactive point-and-click procedure.

The next obvious extension will be the use of the voxel-wise classification
results (or probabilities) as additional synthetic data channels for additional fea-
ture extraction steps. This gives the biologist an easy possibility to integrate his
previous knowledge just by decomposing the recognition task into single steps.
E.g., in a first step he trains the system to recognize small low-level structures
(like cell cores or cell walls) and then combines in the next steps these interme-
diate results for the recognition of higher level structures.

Present limitations of this framework are the need for manually selected
kernel functions. Even though there are already some sets of kernel functions
for several applications, our current research focusses on a completely automatic
selection of the best kernel functions for a given training data set.

Another problem that cannot be solved with the current approach is segmen-
tation of two neighboring objects of the same class, when there is no significant
border between them, that can be trained and classified as an extra class or as
background. One solution may be to train seeding points in the center of each
object as an additional class. A seeded watershed on the classification results
might then be used to crop the two objects at the correct position.
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Abstract. In this paper we introduce a novel method for automatic
propagation of foreground objects in image sequences. Our method is
based on a combination of the mean-shift operator with the well known
intelligent scissors technique. It is effective due to the fact that the im-
ages are captured with high overlap, resulting in highly redundant scene
information. The algorithm requires an initial segmentation of one image
of the sequence as an input. In each consecutive image the segmentation
of the previous image is taken as an initialization and the propagation
procedure proceeds along four major steps. Each step refines the seg-
mentation of the foreground object and the algorithm converges until all
images of the sequence are processed. We demonstrate the effectiveness
of our approach on several datasets.

1 Introduction

Efficient and interactive foreground/background separation of images have be-
come a fundamental part of many applications in computer vision and 3D recon-
struction [I0]. Obviously manual segmentation is a tedious and time consuming
process, especially when applied on a large number of images, as usual needed
for a dense 3D reconstruction of complex objects. Therefore many segmentation
algorithms have been developed recently [117].

This paper addresses the problem of automatic propagation of a foreground
object in a complex environment for 3D reconstruction, whose background can
not be removed in a simple way. The key idea of our approach is to take advan-
tage of the high overlap of the images. Essentially we utilize redundant scene
information to automate the segmentation procedure and propagate an initial
segmentation through the image sequence. The goal of our approach is to achieve
a fast, automatic and robust foreground segmentation. Moreover, our method
minimizes the expenditure of time to achieve an accurate foreground segmen-
tation. Its power can be derived from the fact that labelled image sequences
simplify the correspondence problem dramatically and therefore, dense 3D re-
construction results of complex objects can be clearly improved.

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 93-[I00} 2005.
© Springer-Verlag Berlin Heidelberg 2005
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The main methods to accomplish the propagation procedure are the well
known mean-shift technique and the intelligent scissors approach. Intelligent
scissors, introduced by Mortenson and Barrett [7], also known as Live Wire or
Magnetic Lasso, allows the user to define a precise contour with minimized hu-
man interaction, by roughly tracing the objects contour with the mouse. A user
selects interactively optimal contour segments by immediately displaying the
minimum cost path between the so called current seed point and the previous
one, where the current seed point is represented as the position of the mouse
cursor. The optimal path is computed via dynammic programming by apply-
ing Dijkstra’s graph search algorithm [4] to find the optimal spanning tree. The
second related technique is mean-shift analysis, which was originally invented
by Fukunaga and Hostetler [5] and recently successfully applied to image seg-
mentation and tracking by Comaniciu and Meer [2/3]. The mean-shift analysis
approach is essentially defined as a gradient ascent search for maxima in a den-
sity function defined over a high dimensional feature space. The feature space
include a combination of the spatial coordinates and all its associated attributes
that are considered during the analysis. The main advantage of the mean-shift
approach is based on the fact that it considers geometric coordinates and the
associated attributes together at the same time.

The remainder of the paper is composed as follows. After a brief overview
of our method we discuss the novel parts of the automatic foreground propa-
gation algorithm in section 2l Experimental results and concluding remarks are
presented in section Bl and [l

2 The Automatic Foreground Propagation Algorithm

Our method is a multistage approach to separate a foreground object, for ex-
ample a statue, from the background in all images of an image sequence. The
algorithm requires as input an initial segmentation of one image, which can be
obtained by utilizing intelligent scissors [7], GrabCut [9] or other interactive seg-
mentation techniques. In this paper we focus on the propagation of this initial
segmentation through all images of the sequence. The propagation task itself is
mainly based on a region based matching algorithm. Therefore we segment the
image into a certain number of regions. All these regions are classified into three
different sets (foreground, background and uncertain regions), illustrated in Fig-
ure @I The final contour can be extracted from these three sets. For dividing
the image into regions we employ a mean-shift image segmentation proposed by
Comaniciu and Meer [3].

Additionally, to improve the robustness of the propagation procedure, our
algorithm requires the relative orientation of the images to be known. The ori-
entation is determined based on methods described by Horn [6], and Nister [§]
and provides both, an accurate orientation and a set of corresponding points.

The workflow of our proposed approach can be roughly seen as the compo-
sition of the following consecutive subtasks:
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1. Extract an area of interest, which is called initial contour ring, with an inner
boundary and an outer boundary.

2. Utilize information acquired from the contour ring and from the correspond-
ing points to identify foreground and background regions.

3. Perform a region based matching algorithm based on mean-shift information
to separate the remaining regions in the contour ring in foreground regions,
background regions and uncertain regions.

4. Extract true contour segments from adjacent foreground and background
regions and utilize intelligent scissors to close uncertain contour segments.

This procedure is repeated until all images of the sequence are processed.

2.1 Initial Contour Ring

The first step in our approach consists of extracting an initial contour ring,
which represents an area of interest where we expect to find the true contour.
Therefore, the initial contour of the first image is swept along the epipolar lines
of the next image. For each position a support function can be formulated as

Sc = Zgz(xay)
=1

where g;(z,y) is the gradient of the contour ¢ and n the number of sweep posi-
tions. The position with the highest support function is confirmed and represent
the initial contour C; in the next image. This initial contour C; contains a set of
continuous points and deviates in general slightly from the true contour of the
current foreground object. Hence it is necessary to extract a contour ring where
we expect to obtain the final contour of the object. Our next step includes an
Euclidean distance transform on C; to compute the contour ring. The scale of
the distance transform, respectively the width of the contour ring can be directly
derived from the relative orientation of the images, which guarantees that the
true contour of the object is within the area of interest.

Such a contour ring, computed in the first step leads to several advantages.
First, the following processing steps can concentrate on a smaller number of re-
gions, which increases the performance of the algorithm dramatically. Moreover,
the inner and outer boundary of the contour ring can be used to separate fore-
ground regions and background regions with high confidence, which is described
in more detail in the next section. Lastly, the reduction of the search area reduce
the error propagation.

2.2 Prior Information

As previously outlined, different prior information is incorporated, to simplify
the consecutive tasks and improve the robustness of our approach. We distinguish
between two important types of information:

1. Information provided by the contour ring.
2. Information provided by the corresponding points.
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Inner Boundary Outer Boundary

Fig. 1. Illustration of utilized information. Each region, which is adjacent to the inner
boundary is labelled foreground (dark grey) and similar is applied for the outer bound-
ary regions (white). Additionally f indicates a foreground correspondence, whereas b
identifies a background correspondence, both acquired from the previous segmentation.

This information is used to label foreground regions and background regions
with high confidence. In the former case the separation can be directly derived
from the inner and outer boundary of the contour ring, which is illustrated in
Figure [1l

Consequently we label all mean-shift regions which are directly connected
to the inner boundary of the ring to foreground and those connected to outer
boundary as background. A similar procedure is performed for the information
which is provided by the corresponding points. Here we take advantage of the
direct relationship of correspondences and simple separate foreground regions
from background regions by comparing their location in the previous image
against the already segmented contour.

2.3 Extended Region Matching

As mentioned before, we use the well known mean-shift algorithm to segment
the image into a set of regions. So far we have already classified some of the
mean-shift regions in our area of interest. For the remaining regions we perform
an region based matching algorithm against the previous segmented image.

Basically our region matching algorithm works as follows: A matching be-
tween two regions r; of the previous image and r; of the current image is as-
signed with a similarity measure S; ;. The similarity measure S; ; is based on
the mean-shift parameters and the known relative orientation. Currently three
different types of similarity measures are formulated. The first similarity mea-
sure Spyy is represented by the LUV values of the mean-shift region, where
L encodes luminance, and U and V encode color information. The other two
similarity measures can be derived from the relative orientation. First, Sgy; en-
codes the distance of the epipolar line from region r; to the center of gravity of
region r;. Second, the similarity measure Scorr is composed from the distance of
the nearest corresponding point to region r; respectively to region r;. The final
distance function for two regions is formulated as:

d(ri,rj) = w1 * Spuv + w2 * Sgpi + w3 * Scorr
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S E True Contour

Fig. 2. Set of regions including foreground regions (F), background regions (B) and
uncertain regions (U) and the highlighted true contour. Furthermore an illustration of
start point (S) and end point (E) to automatically apply intelligent scissors.

where wj...ws are weights to control the influence of the different similarity mea-
sures. We can distinguish between foreground regions, background regions and
uncertain regions, by evaluating the introduced distance function for each re-
maining region against a user defined threshold. Uncertain regions are regions,
which can be classified neither to foreground nor to background. In this case a
further processing is necessary.

2.4 Foreground Extraction

The aim is to extract the final foreground object from previously labelled mean-
shift regions. Obviously, the true contour lies between adjacent foreground re-
gions and background regions or intersects an uncertain region. In the former case
the final contour can be extracted with simple neighbourhood checks, whereas
in the latter case the intelligent scissors algorithm is applied. Figure 2 illustrates
the extraction of needed start and end points to initiate the intelligent scissors
procedure.

Finally all obtained contour segments are combined to a closed continuous
contour of the foreground object.

3 Experimental Results

All presented image sequences were taken with a calibrated high quality digital
consumer camera with a 11.4 megapixels CMOS sensor. In a first evaluation
we used an image sequence consisting of 12 images of a garden gnome which
is approximately 23cm tall with a diameter of 10cm. Figure [ shows the gar-
den gnome with the overlayed segmentation, whereas Figure [ demonstrates all
intermediate results of our method.

Figure [l illustrates a more complex dataset consisting of 12 images showing
a statue of St. Barbara. The statue is 55cm tall with a diameter of 13cm at the
pedestal. As shown in Figure ] automatic approaches will sometimes lead to
incorrect results. In our method, if the segmentation result is not satisfactory,
a user has the possibility to correct a miss-segmentation, by manual assignment
of the critical mean-shift regions or by an assisted intelligent scissors algorithm.

Finally, Figure [6] demonstrates the usability of our approach on a real-world
dataset, which depicts a statue on the roof of the Austrian National Library.
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38 4 4

Fig. 3. Illustration of five images with overlayed segmentation of the garden gnome

image sequence. The garden gnome is approximately 23cm tall with a diameter of
10cm. The last image illustrates the obtained 3D reconstruction.

(e) () (2) (h)

Fig. 4. Intermediate results of the automatic foreground propagation algorithm illus-
trating one image of the garden gnome image sequence. (a) Close-up from (b) showing
labelled foreground (green) and background (blue) regions in the contour ring after in-
corporating prior information. (d) Close-up from (c) illustrating labelled foreground
(green), background (blue) and uncertain regions (red) after applying extended region
matching. (e) Close-up from (f) showing start and end point (red crosses) of intelli-
gent scissors and the obtained true contour (blue) of a uncertain region. (g) Garden
gnome image with the final segmentation overlayed. (h) Illustration of the achieved
3D reconstruction represented as depth map.
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Fig. 5. Four images showing a statue of St. Barbara and achieved segmentation. The

Barbara statue is approximately 55cm tall with a diameter of 13cm. One image of
the sequence illustrates a small miss-segmentation, which can be corrected by human
assisted intelligent scissors. The last images consists of our obtained 3D reconstruction
result.

Fig.6. Four images of a statue on the roof of the Austrian National Library and
obtained propagation results. The first image illustrates the achieved mean-shift seg-
mentation.

4 Conclusion and Future Work

We have developed an automatic foreground propagation method that performs
well in terms of accuracy, robustness and efficiency. Our approach takes advan-
tage of the redundant scene information, which is typically provided from image
sequences for 3D reconstruction. The primary purpose of our method is the im-
provement of our 3D reconstruction results. Moreover, the tedious process of an
interactive segmentation of all images is dramatically reduced, thus our method
simply requires one initial segmentation.

Though the results are very promising, there are several improvements that
can be made to our approach. In order to achieve more accurate results we are
currently working on extending the similarity measures introduced by extended
region matching. Another consideration is to utilize active contour models to
extract foreground objects with sub-pixel accuracy.
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Abstract. An information theoretic framework for grouping observa-
tions is proposed. The entropy change incurred by new observations is
analyzed using the Kalman filter update equations. It is found, that the
entropy variation is caused by a positive similarity term and a negative
proximity term. Bounding the similarity term in the spirit of the mini-
mum description length principle and the proximity term in the spirit of
maximum entropy inference a robust and efficient grouping procedure is
devised. Some of its properties are demonstrated for the exemplary task
of edgel grouping.

1 Introduction

Grouping observations has been identified as an important issue in many com-
puter vision tasks and has been studied by many researchers (cf. [9], [10], [1I,
[11]). In this context the Gestalt laws of psychology have received much attention
and the criterion of Pragnanz is considered extremely useful (cf. [I3]). Its close
connection to the information theoretic minimum description length criterion
(cf. [14]) has been pointed out by [10] and [13].

In [12] the grouping is established based on local measures specially tailored
for the task of edgel grouping. A similar approach is made in [3], but there the
probability distributions of the observations are explicitly modeled and used to
guide the grouping. An information theoretic approach is made in [I3] by phras-
ing the various Gestalt principles in terms of energy functions and minimizing
the overall free energy. Also the tensor voting approach of [5], [6] or [11] uses a
global consistency measure based on local measures of similarity and proximity.

The problem with the minimum description length criterion of [I4] in the con-
text of an agglomerative grouping procedure is, that locally minimizing entropy
contradicts the principle of maximum entropy inference (cf. [7]), since greedily
grouping distant observations leads to the greatest entropy reduction. This ef-
fect is also known from robust statistics as leverage points (cf. [§]). To cope with
this problem, the Kalman filter update equations (cf. [4]) will be reviewed, and
the entropy change incurred by grouping a new observation is analyzed. It is
found, that this entropy variation is caused by a positive observation dependent
term, that measures similarity and a negative design dependent term, that mea-
sures proximity. A grouping algorithm based on bounding both influences on the
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entropy variation is proposed, so that entropy reduction is caused by the obser-
vations in the spirit of minimum description length but the reduction through
decisions by the algorithm is bounded from below in the spirit of maximum en-
tropy inference. The algorithm and some of its properties will be demonstrated
for the exemplary task of edgel grouping.

2 The Kalman Filter

Having two sets of independent observations I3 and ls of size N7 and N, with
known covariance matrices C1; and Cay and a model depending on the param-
eter vector p of size U given by the two functions

gilp)=bL and  gy(p) =1L

with the Jacobians

0, 0,
H=Ar  and = A,

the best linear unbiased estimation of the parameters f)(_) is found for the first
set of observations using the expected covariance matrix (cf. [§])

Cpp = (ATC AN (1)
to be
p7 =cppAlCh'L (2)

The redundancy of the estimation is given by
Ri=N, —U 3)
and in case Ry > 0, using the residuals
b= Aip'” — 1y

and their weighted squared sum

27 =] 0o (4)
the covariance matrix of the estimated parameters can be obtained as
5 _ 222 ~(5)
Cpp = "7 Cpp

Thereafter it is possible to updated the estimation sequentially including the
second set of observations. This is well known as Kalman filtering (cf. [4]) and
using the prediction error and its covariance matrix

by = AgpT) — 1y Co,0, = Co2 + A2CJ A]
and the Kalman filter gain matrix

_ (=) AT -1
F=CpAC] (5)

V0o



Agglomerative Grouping of Observations by Bounding Entropy Variation 103

the Kalman filter update equations are obtained as

Clp=C4) ~FACy) (6) 22 = 20 LAz (9)
i)(Jr) _ i)(*) + Fiy (7) AR = Ny (10)
Tyl - A 11

AR =0,Cyly 0 (8) Ry = R, + AR (11)

Finally the estimated covariance matrix of the parameters may be recom-
puted from the residuals using

~ (A+A) . Qz(+) C(+)

3 Estimated Entropy Variation

The Kalman filter was used to sequentially estimate the first two moments p and
Cﬁp of the distribution of the parameters. Knowing only those two moments,
the maximum possible entropy of the estimation is (cf. [2])

h(p) = log ’27reC

Q
pp’ = —log [2me—- 7 Cpp

: ’

U 2?2
=3 log (271’6;) —log ’Cpp’

Note that only the first term is caused by the randomness of the observations
and the second term depends only on the geometry of the design of the estima-
tion. Applying the results from Kalman filtering, the estimated entropy change
by including the second set of observations is in case, that R; > 0

e (o) _
Ah = (@) — h(p)) = 10g‘277 cp ’ ‘QWeCpp‘
(-) (-)
U +55 1 ‘Cmﬁr —FA Cpp‘
log AR log
1+48 72 ’Cg—)
' pp
U, 1+ a5
=—1og%R+ log|I — F A, (12)
2 ° 1+4F T2
Ahd
Ah,

Again the entropy change is constituted from a positive term Ah,, that
refelcts the increase in randomness due to the new observation, and a second
negative term Ahg, that reflects the decrease in randomness due to the decision
of including the new observation into the estimation.

The first term Ah, is closely related to the well known, and in case of Normal
distributed observations Fisher distributed, test statistic
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that is frequently used to decide, if the second observation fits the model defined
by the first. Given a significance level «, a threshold T, is derived from the
inverse of the Fisher distribution and the decision is made by comparing it with
the test statistic T'. The test is not rejected, if T' < T, or equivalent

Ah, < Ylog (Ta (1 — @) + @) =: L, (13)
1 1

If Ry = 0, the variance factor cannot be estimated from the observations
and must therefore assumed to be known. Thus the entropy change incurred by
including the new observation into the observation in case of Ry = 0 is

— W) — mp ) = L ‘ A@*)’_l ‘ (-)
Ah=h({P'")—h(d") 5 log |2meC 5 log QWBCPP
A2 1
—
Ah, Aha

Again the first term Ah, is related to a well known, and in case of Nor-
mal distributed observations y2-distributed, test statistic for the case, that the
variance factor is known

T = AA%Q x X?(AR)

so that again a T7, is derived from the inverse of the x2-distribution, and the
hypothesis is not rejected, if

Ah, < Ylog (2meT),) =: L, (15)

This must be used to decide, if the new observation fits the model defined by
the previous observation in case that Ry = 0.

The above criterion measures the similarity between the new observation and
the model estimated from the previous observations. The key idea here is, that
also the entropy decrease Ahg resulting from any decision made by the algorithm
should be bounded, yielding a proximity criterion for the observations. To find
this bound, the history of previous design matrices A; and covariance matri-
ces C';; is analyzed, because the geometry of the previous observations defines
the border, inside which the new observations may be encountered. Allowing
new observations to be a bit outside the range of the previous observations by
introducing a proximity factor A > 1, the bound is found to be

Ahq > Amin; § log | — (CHo AT (Cyy + A;Co AT T A =i La (16)

4 The Grouping Algorithm

In the preceding section a similarity and a proximity criterion based on the in-
formation increase of including a new set of observations into an estimation were
derived. Those two criteria could be used to decide, if a new set of observations
could be grouped with an existing set of observations. Furthermore the Kalman
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filter update equations yield an efficient method to aggregate observations se-
quentially, thus enabling a very efficient agglomerative grouping strategy.

The greedy method proposed here starts from an arbitrary observation and
sequentially aggregates new observations. In order to decide, which new obser-
vation is to be aggregated next, first the threshold on the design dependent
entropy loss Ly is computed from all observations already aggregated. Then for
every possible observation the observation dependent entropy increase Ah, and
the design dependent entropy loss —Ahy are computed and compared to the
two thresholds. Among the qualifying observations, the grouping decision, that
destroys fewest information, is chosen in the spirit of maximum entropy infer-
ence, i.e. the candidate observation is aggregated, for which the design dependent
entropy loss —Ahg is minimal. This aggregation process is continued, until no
more observations qualify according to the two criteria. Note that the criteria
are efficiently computable due to the Kalman filter update equations. Finally
the aggregated observations are removed and the whole process is repeated until
all groups are found.

The complete grouping procedure is summarized in algorithm [T

Algorithm 1. Grouping Algorithm
let the observations be Y = {(1;,C:)}
while ) # () do
pick initial I; € Y, compute the Jacobian A; of g,
start the group G = {l,}
compute initial C})};, P, 227 and R, according to @), @), @) and @)
repeat
compute the threshold Lg from G according to (6]
determine the threshold L, depending on R; according to (I3]) or (IT)
initialize the candidate set C = ()
for all l; € Y\G do
compute the Jacobian A; of g, at i)(7>
compute F® A22? and AR for I, according to (@), (§) and (I0)
compute Ah,® depending on R; according to (I2) or (4]
compute Ahd(i) according to ([I2)
if Aho,) < L, A Ahg'Y > Ly then
include the candidate C = C U {l;}
end if
end for
pick I. € C with maximum Ahg(©)
include it into the group G = G U {l.}
update Cgp), p(, 22 and Ry for L. according to (@), (@), @) and (T
until C =0
output group G
Y=WG

end while
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5 Example: Edgel Grouping

The simple problem of grouping edgels in images to straight lines has been
studied extensively and will be used here to demonstrate some properties of the
presented grouping algorithm.

Using the measured image coordinates (r;,¢;) together with the image gra-
dients (n.,,n.,) the simple linear line model

HIONEY

can be used. Note that the coordinate system can be rotated for each group, so
that the model can easily deal with vertical lines.

The 1000 x 1000 pixel patch depicted on the left hand side of figure [ was
cut out of an aerial image. The edge pixels were extracted using the Canny edge
detector and for each edge pixel the gradient was computed using the Sobel
operator. The resulting set of edgels and their gradients are shown on the right
hand side of figure [Tl

Fig. 1. 1000 x 1000 pixel patch cut out of an aerial image and the extracted edgels

The edgels were aggregated using the proposed grouping algorithm and two
exemplary groups are shown in figure[2l Note that the two groups were not linked
together, although they are on the same line and would be joined, if only the
observation dependent similarity criterion had been used. Since no intermediate
observation points are present, the proximity criterion imposed by the design of
the estimation prevented further growth of the group.

The proximity factor was chosen as A = 1.5, i.e. the grouping algorithm was
allowed to decrease the entropy by % the maximum number of bits, that any
edgel lying between the other edgels would do. The resulting candidate sets of
new observations for two stages of aggregation of the same exemplary group are
shown in figure[Bl The black dots are the qualifying observations according to the
proximity criterion, the black crosses are the qualifying observations according to
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N\

Fig. 2. Two exemplary groups of edgels.
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Fig. 3. Candidate sets of new observations at two stages of the same exemplary group.
The black dots are the qualifying observations according to the proximity criterion,
the black crosses according to the similarity criterion and the black asterisks are the
intersection of both criteria.

the similarity criterion and the black asterisks at the intersection of both are the
qualifying observations for the grouping. It can also be seen, that the two criteria
are orthogonal. On the left hand side of figure Bl an early stage of aggregation
is shown. The model line is still very uncertain especially far away from the
few defining edgels. On the other hand, the range of qualifying observations on
the line imposed by the proximity criterion is very narrow so that this effect is
compensated and does not affect the grouping.

On the right hand side of figure [ a latter stage of aggregation is shown.
Observe that the model line has now become very narrow, reflecting the fact, that
now many aggregated observations contribute to the estimation. The range of
qualifying observations along the line has become wider, so that new observations
can be collected.
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6 Summary and Conclusions

An information theoretic framework for the grouping of observations was pro-
posed. By analyzing the entropy change incurred by including a new observation
into an estimation a similarity criterion, that minimizes description length, and
a proximity criterion, that enforces maximum entropy decisions, was derived.
Based on those two criteria a grouping algorithm was proposed, that, using the
efficient Kalman filter update equations, greedily reduces description length and
at the same time ensures robustness through maximum entropy inference.

The applicability of the presented method goes far beyond the presented
edgel grouping example. Whenever similarity is defined by a known parametric
object model, the presented method may be applied. This is the case for many
important geometric grouping problems, like for example aggregating 3D-surface
patches obtained from dense stereo matching or laser scanning to planes or
conics, and will be subject to further investigation.
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Abstract. This paper presents the integration of 3D shape knowledge into a vari-
ational model for level set based image segmentation and tracking. Having a 3D
surface model of an object that is visible in the image of a calibrated camera,
the object contour stemming from the segmentation is applied to estimate the 3D
pose parameters, whereas the object model projected to the image plane helps in
a top-down manner to improve the extraction of the contour and the region statis-
tics. The present approach clearly states all model assumptions in a single energy
functional. This keeps the model manageable and allows further extensions for
the future. While common alternative segmentation approaches that integrate 2D
shape knowledge face the problem that an object can look very different from var-
ious viewpoints, a 3D free form model ensures that for each view the model can
perfectly fit the data in the image. Moreover, one solves the higher level problem
of determining the object pose including its distance to the camera. Experiments
demonstrate the performance of the method.

1 Introduction

Pose estimation and image segmentation are principal problems in computer and robot
vision. The task of 2D-3D pose estimation is to estimate a rigid motion which fits a
3D object model to 2D image data [8]. In this context it is crucial which features are
used for the object model as they must be fit to corresponding features in the image to
determine the pose. One such feature is the object surface with the object silhouette as
its 2D counterpart in the image. The task of pose estimation is to find a rigid motion
that minimizes the error between the projected object surface and the region encircled
by the contour in the image. As the common role of image segmentation is exactly to
extract the contour of objects in the image, this shows the possible connection between
2D-3D pose estimation and image segmentation.

Image segmentation can become very difficult, as the image gray value or color alone
are rarely good indicators for object boundaries due to noise, texture, shading, occlu-
sion, or simply because the color of two objects is nearly the same. Recent segmenta-
tion approaches therefore integrate 2D shape information in order to employ additional

* We gratefully acknowledge funding by the DFG projects We2602/1-1, We2602/1-2,
R02497/1-1, and Ro2497/1-2.

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 109116l 2005.
(© Springer-Verlag Berlin Heidelberg 2005
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constraints that force the contour to more desirable solutions. An early example can
be found in [9] where shape information influences the evolution of an active contour
model. This basic concept has been extended and modified in [1646/13l5] and provides a
good framework for the sound integration of 2D shape prior in segmentation processes.
However, the real world has three spatial dimensions. This fact is responsible for an
inherent shortcoming of 2D shape models: they cannot exactly describe the image of
an object from arbitrary views. This problem is solved when the 2D shape model is
replaced by a 3D surface model, as is suggested in the present paper.

For the integration of 3D shape information, the object model has to be projected
onto the image plane, and for this its pose in the scene has to be known. We realize
again the connection between image segmentation and pose estimation, yet now the
connection points into the other direction: a pose estimate is needed in order to integrate
the surface model. Note that a pose estimation problem appears in the case of 2D shape
knowledge as well. Also there, it is necessary to estimate the translation, rotation, and
scaling of the shape knowledge, before it can constrain the contour in the image. This is
either achieved by explicit estimation of the pose parameters [[16], or by an appropriate
normalization of the shapes [5]. Extensions to perspective transformations of 2D shapes
have recently been proposed in [[13]. However, all these approaches only aim on the use
of shape knowledge in order to yield improved segmentations. The 2D pose estimates
do not allow a location of the object in the real 3D world but only in the 2D projection
of this world. In contrast, the 2D-3D pose estimation employed in our model allows the
exact location of the object in the scene.

We now have a classical chicken-and-egg prob-
lem: a contour is needed for pose estimation, and —

- .

the pose estimates are necessary to integrate the -~ ™
shape prior into the segmentation that determines [Segmﬂltaﬁoll) [POSB Estimation
the contour. Such situations are in general best AN e

- -

handled by solving both problems simultaneously.
We achieve this by formulating an energy min-
imization problem that contains both the image !
contour and the pose parameters as unknowns. The
minimization is done by alternating both image
segmentation and pose estimation in an iterative
manner, see Fig. [Il For the experiments we con-
centrate on the segmentation and pose estimation
of a rigid object. It is demonstrated that the model
yields promising results both for the contour and the 3D pose parameters even in com-
plex scenarios.

image— contour ——= 3D pose

2D contour of pose result

Fig.1. Basic idea: Iterating segmen-
tation and pose estimation. The pro-
jected pose result is used as a-priori
knowledge for segmentation.

Paper Organization. The next section contains a brief review of the level set based im-
age segmentation model used in our approach. Section[3] on the other side, explains the
concept of 2D-3D pose estimation. In Sectiond] we then introduce our idea to combine
image segmentation and 3D pose estimation in a joint energy functional. Experiments
in Section [3l show the performance of the proposed technique. The paper is concluded
by a brief summary in Section [6l
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2 Image Segmentation

2.1 Level Set Formulation

Our approach is based on image segmentation with level sets [Z41143112!4], in particu-
lar on the method described in [1]. A level set function @ € (2 — R splits the image
domain {2 into two regions 21 and {25, with #(x) > 0 if z € 4 and &(z) < 0 if
x € (2. The zero-level line thus marks the boundary between both regions.

The segmentation should maximize the total a-posteriori probability given the probabil-
ity densities p; and po of {21 and (25, i.e., pixels are assigned to the most probable region
according to the Bayes rule. Further on, the boundary between both regions should be
as small as possible. This can be expressed by the following energy functional:

E(®) =— /Q (H(qf') logpr + (1 — H(qf'))logpz) dr +v /Q |VH(®)| dx (1

where v > 0is a weighting parameter and H (s) is a regularized Heaviside function with
lims_,_o H(s) = 0, lims—oo H(s) = 1, and H(0) = 0.5 (e.g. the error function).
It indicates to which region a pixel belongs. Minimization with respect to the region
boundary can be performed according to the gradient descent equation

Vo
0@ = H'(®) (log 2 + v div (—)) 2
v = 11'(@) (1o 2 v @
where H'(s) is the derivative of H (s) with respect to its argument. The contour con-
verges to a minimum for the numerical evolution parameter { — oo.

2.2 Region Statistics

For the curve evolution, still the probability densities p; and py have to be determined.
Our segmentation is driven by the texture feature space proposed in [2] which yields
M = 5 feature channels I; for gray scale images, and M = 7 channels if color is avail-
able. We assume that the probability densities of the feature channels are independent,
thus p; = Hé\il pij (L)

The probability densities p;; are estimated according to the expectation-
maximization principle. Having the level set function initialized with some partition-
ing, the probability densities can be approximated by a Gaussian density estimate:

1 (s — pij (x))?
pitosa) x b (L),
Note that these are local estimates of the probability densities. This can be useful partic-
ularly in complicated scenes where differences between regions are only locally visible.
Consequently, the parameters y;; () and o;;(x) are computed in a local neighborhood
K, of x by:

3

Jo Kol —mLQOAC o Kol€ = 2)(1,(0) — () dC
f_Qi KP(Cfm)dC Y B f_Qi KP(Cfx)dC '

The densities are used for the level set evolution according to (@), leading to a further
update of the probability densities, and so on. This iterative process converges to a local

pij(x) = “4)
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minimum, showing that the initialization matters. In order to attenuate this dependency
on the initialization, it is recommendable to apply a coarse-to-fine strategy. Starting
with a down-sampled image, there are less local minima, so the segmentation is more
robust. The resulting segmentation can then be used as initialization for a finer scale,
until the original segmentation problem is solved.

3 2D-3D Pose Estimation

[RIt]

2D-3D pose estimation [§] means to estimate
a rigid body motion which maps a 3D surface
model to an image of a calibrated camera. The
scenario is visualized in Fig. 2l

The core algorithm is based on a point-based
constraint equation, which has been derived in
the language of Clifford Algebras. We assume a
set of point correspondences (X;,x;), with 4D
(homogeneous) model points X; and 3D (homo-
geneous) image points z;. Each image point is
reconstructed to a Pliicker line L; = (n;, m;),
with a (unit) direction n;, and moment m; [L0]. The 3D rigid motion is represented as
exponential form

Fig. 2. The pose scenario: the aim is to
estimate the pose R, t

M = exp(0€) = exp (oil g) 5)

where 95 is the matrix representation of a twist £ = (w1, ws, w3, v1, v, v3) € se(3) =
{(v,w)|lv € R}, & € 50(3)}, with s0(3) = {A € R*3|A = —AT}. In fact, M
is an element of the one-parametric Lie group SE(3), known as the group of direct
affine isometries. A main result of Lie theory is, that to each Lie group there exists a
Lie algebra which can be found in its tangential space, by derivation and evaluation at
its origin; see [[L0] for more details. The corresponding Lie algebra to SE(3) is denoted
as se(3). A twist contains six parameters and can be scaled to #¢ with a unit vector w.
The parameter § € R corresponds to the motion velocity (i.e., the rotation velocity and
pitch). For varying 6, the motion can be identified as screw motion around an axis in
space. To reconstruct a group action M € SE(3) from a given twist, the exponential
function exp(#€) = M € SE(3) must be computed. It can be calculated efficiently by
using the Rodriguez formula [[10],

N ~ _ ~ T
exp(€0) = exp(00) (I — exp(®0))(w X v) + ww” vl for w # 0 ©)
O1x3 1
with exp(0w) computed by calculating
exp(60) = I + &sin(0) + & (1 — cos(h)). (7)
Note that only sine and cosine functions of real numbers need to be computed.
For pose estimation we combine the reconstructed Pliicker lines with the screw rep-

resentation for rigid motions and apply a gradient descent method: Incidence of the
transformed 3D point X; with the 3D ray L; = (n;, m;) can be expressed as

(exp(0€) X;)3x1 X i —m; = 0. 8)
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Indeed, X; is a homogeneous 4D vector, and after multiplication with the 4 x 4 matrix
exp(@é) we neglect the homogeneous component (which is 1) to evaluate the cross
product with n;. Note, that this constraint equations expresses the perpendicular error
vector between the Pliicker line and the 3D point. The aim is to minimize this spatial
error. Therefore we linearize the equation by using exp(6¢) = Yoo (ekLl)k ~ I + 08,
with I as identity matrix. This results in

(I +08)Xi)3x1 x ni —mi =0 )

which can be reordered into an equation of the form A¢ = b. Collecting a set of such
equations (each is of rank two) leads to an over-determined linear system of equations
in £. The Rodriguez formula can be applied to reconstruct the group action M from
the twist £. Then, the 3D points can be transformed and the process is iterated until
the gradient descent approach converges. In recent years, this technique has been ex-
tended to higher order curves, free-form contours and free-form surfaces, see [14415].
The surface based pose estimation procedure is basically an ICP-algorithm, which has
the problem to get trapped in local minima. For this reason we use a sampling method
with different (neighboring) start poses and use the resulting pose with minimum er-
ror. This can be seen as a simple particle filter during pose estimation. Note that the
constraint equations express a spatial distance measure in 3D. In [14] we have shown
that each equation can be rescaled individually to an equivalent 2D distance measure.
For combining segmentation and pose estimation we make use of this property to get a
single energy functional.

4 Coupling Image Segmentation and 2D-3D Pose Estimation

In order to couple pose estimation and image segmentation in a joint optimization prob-
lem, the energy functional for image segmentation in () is extended by an additional
term that integrates the object model:

E(@,Gf):7/9(H(@)logler(lfH(@))logpg) d;c+l//9|VH(q5)\dx

+/\/ (B — Do (0€))? da . (10)
2

Shape

The quadratic error measure in the shape term has been proposed in the context of 2D
shape priors, e.g. in [16]. The prior &y € {2 — R is assumed to be represented by the
signed distance function. This means in our case, $o(z) yields the distance of x to the
silhouette of the projected object surface.

In detail, @ is constructed as follows: let X g denote the set of points X on the
object surface. Projection of the transformed points exp(6¢) X s into the image plane
yields the set xg of all (homogeneously scaled) 2D points = on the image plane that
correspond to a 3D point on the surface model

x = Pexp(08)X, VX € Xg (11
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Fig. 3. From left to right: (a) Initialization. (b) Segmentation result with object knowledge.
(c) Pose result. (d) Segmentation result without object knowledge.

where P denotes a projection with known camera parameters. The level set function
@y can then be constructed from x5 by setting Po(x) = 1if z € zg, Po(x) = —1
otherwise, and applying the distance transform.

Note that the distance (®(x) — @o(x))? is exactly the distance used in the pose
estimation method. Given the contour @, the pose estimation method thus minimizes
the shape term in (IQ). Minimizing (I0) with respect to the contour @, on the other
hand, leads to the gradient descent equation

0 ® = H'(d) (1og7‘i + vdiv (E)) + 22X (P — Bo(0€)). (12)
P2 Vo

In order to minimize the total energy, an iterative approach is suggested: keeping the
contour ¢ fixed, the optimum pose parameters 6¢ are determined as described in Sec-
tion[3land yield the silhouette of the object model ®(. Retaining in the opposite way the
pose parameters, (I2) determines an update on the contour. Both iteration steps thereby
minimize the distance between ¢ and ¢y. While the pose estimation method draws @
towards @, thereby respecting the constraint of a rigid motion, (I12) in return draws the
curve @ towards P, thereby respecting the data in the image.

5 Experiments

Fig. B - @] show tracking results with a tea box as object model and cluttered back-
grounds. Fig. Bl demonstrates the advantage of integrating object knowledge into the
segmentation process. Without object knowledge, parts of the tea box are neglected as
they better fit to the background. The object prior can constrain the contour to the vicin-
ity of the projected object model derived from those parts of the contour that can be
extracted reliably.

In Fig. [ the motion of the object causes severe reflections on the metallic surface
of the tea box. Nevertheless, the results remain stable. Further note some smaller occlu-
sions due to the fingers that do not disturb the pose estimation.

In Fig.[5the amount of occlusion is far more eminent. This experiment also demon-
strates the straightforward extension of the method to multiple cameras. The non-occlu-
ded parts of both views provide enough information for pose recognition of the object.
However, we also do not want to conceal a decisive drawback of the method, this is
the dependency of the result on the initialization. As the pose estimation of the object
prior is based on the segmentation, the object model cannot help to initially find the
object in the image. It can only improve the tracking of the object, once a good pose
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Fig. 4. Top row: Initialization at the first frame. Frames 49, 50, and 117 of the sequence. Bottom
row: Tracking results at frames 0, 49, 50, and 117. The tea box is moved in 3D, causing partially
severe reflections on the box.

Fig. 5. Tracking result of a stereo sequence. In both views the object is partially occluded but the
pose can be reconstructed from the remaining information (frame 98 from 210 frames).

initialization has been found. How to find such an initialization automatically, i.e. how
to detect objects in cluttered scenes, is a topic on its own.

6 Conclusion

We presented a technique that integrates 3D shape knowledge into a variational model
for level set based image segmentation. While the utilization of 2D shape knowledge
has been investigated intensively in recent time, the presented approach accommodates
the three-dimensional nature of the world. The technique is based on a powerful image-
driven segmentation model on one side, and an elaborated method for 2D-3D pose
estimation on the other side. The integration of both techniques improves the robustness
of contour extraction and, consequently, also the robustness of pose estimation that
relies on the contour. It allows for the tracking of three-dimensional objects in cluttered
scenes with inconvenient illumination effects. The strategy to model the segmentation in
the image plane, whereas the shape model is given in three-dimensional space, has the
advantage that the image-driven part can operate on its natural domain as provided by
the camera, while the 3D object model offers the full bandwidth of perspective views.
Moreover, in contrast to 2D techniques, it gives the extracted object a position in space.
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Abstract. In this paper we present VOCUS: a robust computational
attention system for goal-directed search. A standard bottom-up archi-
tecture is extended by a top-down component, enabling the weighting
of features depending on previously learned weights. The weights are
derived from both target (excitation) and background properties (inhi-
bition). A single system is used for bottom-up saliency computations,
learning of feature weights, and goal-directed search. Detailed perfor-
mance results for artificial and real-world images are presented, showing
that a target is typically among the first 3 focused regions. VOCUS rep-
resents a robust and time-saving front-end for object recognition since
by selecting regions of interest it significantly reduces the amount of data
to be processed by a recognition system.

1 Introduction and State of the Art

Suppose you are looking for your key. You know it to be somewhere on your
desk but it still takes several fixations until your roaming view hits the key. If
you have a salient key fob contrasting with the desk, you will detect the key
with fewer fixations. This is according to the separation of visual processing
into two subtasks as suggested by Neisser [9]: first, a fast parallel pre-selection
of scene regions detects object candidates and second, complex recognition re-
stricted to these regions verifies or falsifies the hypothesis. This dichotomy of
fast localization processes and complex, robust, but slow identification processes
is highly effective: expensive resources are guided towards the most promising
and relevant candidates.

In computer vision, the efficient use of resources is equally important. Al-
though an attention system generates a certain overhead in computation, it
pays off since reliable object recognition is a complex vision task that is usu-
ally computationally expensive. The more general the recognizer — for different
shapes, poses, scales, and illuminations — the more important is a pre-selection
of regions of interest.

Concerning visual attention, most research has so far been done in the field
of bottom-up processing (in psychology [I3/15], neuro-biology [2I10] and com-
puter vision [7I6/1I11]). Bottom-up attention is merely data-driven and finds
regions that attract the attention automatically, e.g., a black sheep in a white
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flock. Koch & Ullman [7] described the first explicit computational architecture
for bottom-up visual attention; it is strongly influenced by Treisman’s feature-
integration theory [I3]. Many computational systems have been presented mean-
while [BJTITTIT4], most restricted to bottom-up computations.

While much less analyzed, there is strong neurobiological and psychophysical
evidence for top-down influences modifying early visual processing in the brain
due to pre-knowledge, motivations, and goals [I7J2/T6]. However, only a few
computational attention models integrate top-down information. The earliest
approach is the guided search model by Wolfe [I5], a result of his psychological
investigations of human visual search. Tsotsos’ system considers feature channels
separately and uses inhibition for regions of a specified location or those that
do not fit the target features [I4]. Hamker performs visual search on selected
images but without considering the target background [5]. The closest related
work is presented by Navalpakkam et al. [8]; however, the region to learn is not
determined automatically and exciting and inhibiting cues as well as bottom-
up and top-down cues are not separated. Furthermore, quality and robustness
of the system are not shown. To our knowledge, there exists no complete, well
investigated system of top-down visual attention comparable to our approach.

In this paper, we present the attention system VOCUS that performs goal-
directed search by extending a well-known bottom-up system [6] by a top-down
part. The bottom-up part computes saliencies for the features intensity, orienta-
tion, and color independently, weights maps according to the uniqueness of the
feature, and finally fuses the saliencies into a single map. The top-down part
uses previously learned weights to enable the search for targets. The weighted
features contribute to a top-down saliency map highlighting regions with target-
relevant features. The relative strengths of bottom-up and top-down influences
are adjustable according to the task. Cues from both maps are fused into a global
saliency map and the focus of attention is directed to its most salient region.
The system shows good performance on artificial as well as on real-world data:
typically, one of the first 3 selected regions contains the target, in many cases it
is the first region. In the future, we will integrate the system into a robot control
architecture enabling the detection of salient regions and goal-directed search.

2 The Visual Attention System VOCUS

The computational attention system VOCUS (Visual Object detection with
a CompUtational attention System) consists of a bottom-up part computing
data-driven saliency and a top-down part enabling goal-directed search. Global
saliency is determined from both cues (cf. Fig. [I]).

2.1 Bottom-Up Saliency

VOCUS’ bottom-up part detects salient image regions by using image contrasts
and uniqueness of a feature, e.g., a red ball on green grass. It was inspired by Itti
et al. [6] but differs in several aspects resulting in considerably improved per-
formance (see [3]). The feature computations are performed on 3 different scales
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The Attention System r - Feature weights
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Fig. 1. The goal-directed visual attention system with a bottom-up part (left) and
a top-down part (right). In learning mode, target weights are learned (blue arrows).
These are used in search mode (red arrows). Right: weights for target name plate.

using image pyramids. The feature intensity is computed by center-surround
mechanisms extracting intensity differences between image regions and their sur-
roundings, similar to cells in the human visual system [10]. In contrast to [6], we
compute on-off and off-on contrasts separately [3/4]; after summing up the scales,
this yields 2 intensity maps. Similar, 4 orientation maps (0°,45°,90°,135°) are
computed by Gabor filters and 4 color maps (green, blue, red, yellow) by first
converting the RGB image into the Lab color space, second determining the
distance of the pixel color to the prototype color (the red map shows high ac-
tivations for red regions and small ones for green regions) and third, applying
center-surround mechanisms. Each feature map X is weighted with the unique-
ness weight W(X) = X/y/m, where m is the number of local maxima that
exceed a threshold ¢. This weighting is essential since it emphasizes important
maps with few peaks, enabling the detection of pop-outs (outliers). After weight-
ing, the maps are summed up to the bottom-up saliency map Sp,,.

2.2 Top-Down Saliency

To perform visual search, VOCUS first computes target-specific weights (learn-
ing mode) and, second, uses these weights to adjust the saliency computations
according to the target (search mode). We call this target-specific saliency top-
down saliency.

In learning mode, VOCUS is provided with a training image and coordi-
nates of a region of interest (ROI) that includes the target. The region might
be the output of a classifier specifying the target or determined manually by
the user. Then, the system computes the bottom-up saliency map and the most
salient region (MSR) inside the ROI. So, VOCUS is able to decide autonomously
what is important in a ROI, concentrating on parts that are most salient and
disregarding the background or less salient parts. Note that this makes VOCUS
also robust to small changes of the ROI coordinates.
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| I
| — | L] — | | Feature weights 1|weights 2
orientation 0° 20.64| 29.84
PErr == color red 47.60 1029
| |

Fig. 2. The weights for the target (red horizontal bar, 2nd in 2nd row) differ depending
on the environment: in the left image (black vertical bars) color is more important than
orientation (weights 1), in the other image (red vertical bars) vice versa (weights 2).

Next, weights are determined for the feature and conspicuity maps, indicat-
ing how important a feature is for the target. The weight w; for map X; is the
ratio of the mean saliency in the target region mrsg) and in the background
M(image—MSR): Wi = M(MSR)/M(image—rsr) Where i € {1,...,13}. This com-
putation does not only consider which features are the strongest in the target
region, it also regards which features separate the region best from the rest of
the image (cf. Fig. [2)).

The learning of weights from one single training image yields good results
if the target object occurs in all test images in a similar way, i.e., on a similar
background and in a similar orientation. These conditions occur if the objects
are fixed elements of the environment, e.g. fire extinguishers. Nevertheless, for
movable objects it is necessary to learn from several training images which fea-
tures are stable and which are not. This is done by determining the average
weights from n training images using the geometric mean of the weights, i.e.,

Wi (1.n) = «"/H?:1 w;, ;. Instead of using all images from the training set, we

choose the most suitable ones: first, the weights from one training image are
applied to the training set, next, the image with the worst detection results is
taken and the average weights from both images are computed. This procedure
is repeated iteratively as long as the performance increases (details in [3/4]).

In search mode, we determine a top-down saliency map that is integrated
with the bottom-up map to yield global saliency. The top-down map itself is
composed of an excitation and an inhibition map. The excitation map FE is the
weighted sum of all feature and conspicuity maps X; that are important for
the learned region, i.e., w; > 1. The inhibition map I shows the features more
present in the background than in the target region, i.e., w; < 1:

I=%.(1/w)* X;) Vi:w; <1

The top-down saliency map Siq results from the difference of £ and I and a
clipping of negative values: Sig = E — I. To make Siq comparable to Sp,, it is
normalized to the same range. I, E, and S;4 are depicted in Fig. Bl showing that
the excitation map as well as the inhibition map have an important influence.

The global saliency map S is the weighted sum of Sy, and Siq. The contri-
bution of each map is adjusted by the top-down factor ¢ € [0..1]: S = (1 — 1) %
Spu + t * Stq. For t = 1, VOCUS considers only target-relevant features (pure
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Fig. 3. Excitation and inhibition are both important: search target: cyan vertical bar
(5th, last row). Left to right: test image, excitation map E, inhibition map I, top-down
map Siq. E shows bright values for cyan, but brighter ones for the green bar (7th, 3rd
row). Only the inhibition of the green bar enables the single peak for cyan in Siq.

top-down). For a lower ¢, salient bottom-up cues may divert the focus of atten-
tion, an important mechanism in human attention: a person suddenly entering
a room immediately catches our attention. Also colored cues divert the search
for non-colored objects as shown in [12]. Determining appropriate values for ¢
depends on the system state, the environment and the current task; this is be-
yond the scope of this article and will be tackled when integrating our attention
system into robotic applications.

After the computation of the global saliency map S, the most salient region
is determined by region growing starting with the maximum of S. Finally, the
focus of attention (FOA) is directed to this region. To compute the next FOA,
this region is inhibited and the selection process is repeated.

3 Results

In this section, we present experimental results on artificial images to establish
the link to human visual attention and on numerous real-world images. The
quality of the search is given by the hit number, i.e., the number of the focus that
hits the target (for several images the average hit number). Since we concentrate
on computing the first n foci on a scene (usually n = 10), we additionally show
the detection rate, i.e., the percentage of images in which the target was detected
within the first n FOAs. Note that VOCUS works with the same parameters in
all experiments; there is no target-specific adaptation.

Visual search in artificial images: first, VOCUS was trained on the image in
Fig.[3 (left) to find different bars. Tab. [[lshows the hit number. The green, cyan,
and yellow bar are not focused in bottom-up mode within the first 10 foci, since
their saliency values are lower than those of the black vertical bars.

For t = 1, all targets are focused immediately with one exception (magenta
vertical). Magenta has a lot of blue portions so the blue regions are also en-
hanced during search for magenta. This leads to focusing the blue before the
magenta bar. Note that also black bars are found, considering the lack of color
by inhibiting colored objects. For t = 0.5, bottom-up and top-down cues are
both regarded. It shows that in most cases the hit number is the same as for
t = 1, except for the red vertical bar. Here, the bottom-up saliency of the red
horizontal bar diverts the focus. It looks as if the bottom-up cues have less influ-
ence than the top-down cues, but note that the saliency values in the bottom-up
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Table 1. Search performance for different target bars for the training image of Fig.
Bl left; test image is the horizontally flipped training image. The first 10 FOAs are
computed. ¢ = 0 is pure bottom-up search, ¢t = 1 pure top-down search. The perfor-
mance is given by the hit number on the target. The numbers in parentheses show
the saliency value at the target region.

Hit number for several target bars (and saliency value)
red | blue |black |magenta| red |black |green|cyan|yellow
top-down factor|| horiz | vert | horiz| vert vert | vert | vert |vert| vert

t = 0.0 1202 (23)[3 2D 4 (18) |5 (17)[6 (15)]- (12)]- (8)] - (7)
t=0.5 1 1 1 2 2 1 1|1 ] 1
t=1.0 1 1 1 2 1 1 1|1 ] 1

Intensity of 10{20|30{40 |50 |60 | 70| 80 [90
background in %
Required ¢ 0/0100.3/0.4/0.5|0.6|0.9| -

to override pop-out

Fig. 4. When searching for a black dot (left), the required value of the top-down factor
t increases with rising background intensity (right)

saliency map (values in parentheses) do not differ a lot, so little influence by the
top-down map is enough to change the order of the foci. In a pop-out experiment
[15], the contrasts between target and distractor values are much larger.

To test the influence of the top-down factor ¢ systematically, we use an image
with one white and 5 black dots on a grey background (Fig. @). We vary the
intensity of the background between 10% (nearly white) and 90% (nearly black)
and determine the top-down factor required to override the white pop-out and
find a black dot. It shows that with increasing intensity, the value of ¢ required
to override the pop-out increases too, up to ¢t = 0.9 for 80% intensity. For 90%,
the pop-out is so strong that it cannot be overriden anymore.

Visual search in real-world images: In Tab. P and Fig. B, we show some search
results obtained from more than 1000 real-world images. We chose targets with
high and with low bottom-up saliency, fixed at the wall as well as movable ones.
The objects occupy about 1% of the image and occur in different contexts, with
different distractors, and on differently colored and structured backgrounds.
We chose two kinds of targets fixed in an office environment: name plates and
fire extinguishers. The largest test set was available for the name plates: we took
906 test and 54 training images of 3 different halls of our institute, showing about
50 different doors and name plates in different contexts due to differently colored
and structured posters and photos at walls and doors. The movable objects are
a key fob and a highlighter. The highlighter was placed on two different desks:
a dark and a bright one. For each kind of target, one was highly salient by itself
(fire extinguishers and highlighters are designed to attract attention), while the
bottom-up saliency for the name plates and the key fob was much smaller.
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Table 2. Search performance on real world data. Left: the targets and the extracted
region for learning. Note that this is not the training data, training images contain
a whole scene instead of an extracted object. The training images are chosen from
training sets of 10 to 40 images with an algorithm described in [3]. For each target, 10
FOAs are computed. The table shows the average hit number for different top-down
factors ¢ and, in parentheses, the detection rate (d.r.) within 10 FOAs.

Target # test|Average hit number and detection rate [%)]

im. |t=0 (dr){t=05 (dr)ft=1 (d.r.)
fire extinguisher| 46 | 2.69 (94%)| 1.09 (100%)| 1.06 (100%)
key fob 98 | 4.42 (80%)| 1.27 (100%)] 1.23 (100%)
name plate 906 | 3.04 (48%)| 248 (85%)| 2.06  (89%)
highlighter 60 | 2.54 (90%)] 1.73 (98%)| 1.48 (100%)

Fig.5. Some of the results from Tab. [2 Search for a a fire extinguisher, a key fob,
a name plate, and a highlighter. The FOAs are depicted by red ellipses. All targets
detected with 1st FOA, only in the 3rd image with the 6th FOA.

Tab. 2 shows that the performance depends on the kind of target and on its
environment. We identified 3 scenarios: 1) The object is very salient and often
detected at once in bottom-up mode, e.g., fire extinguisher and highlighter. Here,
VOCUS is also very successful: the target is in average detected with the 1st or
2nd FOA. 2) The object is not very salient so the bottom-up value is low, but
there are few regions in the scene with similar features. This enables VOCUS
to separate the target well from the environment, resulting in a high detection
rate (e.g. the key fob). 3) The target is not salient and there are a lot of similar
regions in the environment that divert the focus. Even for humans, these are
difficult conditions for visual search. An example is the name plate: in some of
the test images, there are posters on walls or doors with colors similar to the
logo of the name plate making the search difficult (cf. Fig. [H).

The results show convincingly that VOCUS is successful in finding targets.
Salient objects are nearly always detected with the 1st or 2nd FOA, and even
in difficult settings, the amount of regions to be investigated by a classifier is
drastically reduced. The results also reveal that the system is highly robust: the
images were taken under natural conditions, i.e., illumination and viewpoint of
the target vary (details in [3]). Most difficult are images with several regions
having nearly the same saliency values as the target; there, small variations of
the image data may lead to a changed order of the foci. We also compared
VOCUS to Itti’s attention system NVT on the data presented in []; in [3] we
showed that VOCUS clearly outperforms the NVT.
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4 Conclusion

We introduced the new attention system VOCUS that uses previously learned
target information to perform goal-directed search. During learning, it considers
not only the properties of the target, but also of the background. In search mode,
bottom-up and top-down influences compete for global saliency. The biologically
plausible system has been thoroughly tested on artificial and real-world data and
its suitability for detecting different targets was extensively demonstrated. In our
examples, the target usually was among the first three selected regions.

In future work, we plan to utilize the system for robot control. Therefore,
first the runtime (currently 1.7 sec on a 1.7 GHz Pentium IV for 300 x 300 pixel
images) has to be improved to enable real-time performance. Then, VOCUS will
determine salient regions in the robot’s environment and search for previously
learned objects. Directing the attention to regions of potential interest will be
the basis for efficient object detection and manipulation.
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Abstract. In this contribution we look back on the last years in the
history of telephone-based speech dialog systems. We will start in 1993
when the world wide first natural language understanding dialog system
using a mixed-initiative approach was made accessible for the public, the
well-known EVAR system from the Chair for Pattern Recognition of the
University of Erlangen-Nuremberg. Then we discuss certain requirements
we consider necessary for the successful application of dialog systems.
Finally we present trends and developments in the area of telephone-
based dialog systems.

1 Introduction

Today people calling a company are more and more often confronted with au-
tomatic speech dialog systems. Those systems range from DTMF driven dialogs
to natural language understanding systems with mixed-initiative dialog man-
agement - here we concentrate on the latter. Tasks provided by those systems
also cover a wide range from simple call routing mechanisms(“Press 1 for the
CEO, 2 for sales department and 8 for financial administration.”) to complex
transactions as e.g. bank transfers. Nowadays there is a common understanding
that basic technology components like speech recognition, dialog management
or speech synthesis are ready for use, but there still is a lack of good, i.e. highly
usable applications with a wide user acceptance and visibility in general [3].
Therefore we look back in the research history and name certain milestones and
important projects, like SunDial, ATIS or VERBMOBIL, on the way to todays
systems. Afterwards, we present and discuss some guidelines for the implemen-
tation of dialog systems and finally we present current trends and developments.

2 Research History and Milestones

Looking back into the history of telephone-based dialog systems with natural
language understanding capabilities and mixed-initiative dialog management,
important milestones can be accentuated. One of them is January 1993: the
Chair for Pattern Recognition from the University Erlangen-Nuremberg lead
by Prof. Niemann connected the worldwide first conversational dialog system
to the public telephone. The system was able to give information about the

W. Kropatsch, R. Sablatnig, and A. Hanbury (Eds.): DAGM 2005, LNCS 3663, pp. 125-I32] 2005.
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German train time table concerning IC and ICE connections. This demonstrator
was developed during the SunDial project [§]. Only slightly later, Philips also
presented a train time table information system to the public. Later, this system
called TABA was deployed by Switzerland’s Federal Railways (SBB).

The SunDial projec@ lasting from 1989 to 1993 was an EU-funded project,
where besides the Chair for Pattern Recognition e.g. CSELT in Italy and CNET
in France took part, but also companies like Siemens and Daimler-Benz. At sev-
eral sites, natural language understanding dialog system using a mixed-initiative
dialog management approach have been installed and evaluated [I]. But even be-
fore SunDial research in the area of spoken language dialog system was carried
on at the Chair of Pattern Recognition which is described and documented e.g.
in [5] or [6]. Starting from SunDial and the publically available EVAR system
a lot of further research was done in Erlangen which is summarized in [2]. Be-
sides the research, the work for and with EVAR, the experiences made with the
capabilities of the system and the methodology of mixed-initiative dialog man-
agement in contrast to commercially available menu-driven dialog systems was
one motivation for the founders to start with Sympalog.

Also in 1993 a world-wide well-known and highly respected research project
funded by the BMBH? started: VERBMOBIL. In that project a system for
the automatic translation of a telephone conversation between two people not
speaking the other’s language should be realized. In VERBMOBIL (see [4]), for
which the project leader Prof. Wahlster was rewarded with the “2001 German
Future Prize”, a lot of new insights in speech and dialog processing were gained.
From 1997 to 2000 there was a second phase for VERBMOBIL, followed by
the SmartKom project which last until 2003 and finally followed by SmartWeb
which is planed to end in 2007.

Apart from Europe, research on dialog systems was pursued also in the USA.
There existed a framework for the proper evaluation of new ideas and develop-
ments in that area, called ATIS organized by DARPA (see e.g. [9]). The project
provided a set of tasks from the domain of air travel information with which insti-
tutes and companies could benchmark their systems. Companies like AT&T and
IBM took part in that evaluation, but also universities and research institutes.

A very important step for bringing speech understanding and dialog man-
agement capabilities into commercial use was made in 1995, when the German
Bundesbahn deployed a natural language understanding system for train time
table information. This system still is available under the cost free telephone
number 0800-1507090 from the conversational telephone network and 01805-
221100 from cell phones. Today there is a number of different telephone-based
dialog systems in use, even in Germany. There are systems only giving infor-
mation, others are used for call handling, routing and transfer, but there are
also systems providing access to transactions, e.g. in the financial sector several
banks have telephone-based dialog systems in use.

! for further information see http://www.sics.se/ “scott/sundial.html
2 The German Federal Ministry of Education and Research.
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3 Requirements for Modern Speech Dialog Systems

In this section we discuss requirements we consider necessary implement and de-
ploy a dialog system successfully. The experiences reported here have been made
with different commercial spoken dialog systems implemented by Sympalog. We
will focus on the following applications:

The Sixt switchboard application, handling the calls (approx. 1000 per
day) to the Sixt AG’s central phone number. 90% of the calls are transferred au-
tomatically to the correct person, the others are handed on to a human operator.
The system knows the employee names, the departments, and a large variety of
potential reasons why people call. In a number of cases, there is a clarification
dialog to more precisely determine the contact person.

Berti, a football Bundesliga information system operated by a German me-
dia company. The system is an advanced version of the system evaluated in an
independent Fraunhofer usability study, where it outperformed all other systems
in the criteria “navigation/dialog” and “error management” [3].

Filmtips, the movie information system operated by a Cinema company in the
Nuremberg region. Among other cinemas, it includes Germany’s largest multi-
plex and IMAX cinema.

3.1 Conversational Systems will Prevail

One possibility to offer automatic services over the telephone is the menu-driven
approach. Since many people are used to that kind of interaction, this approach
seems obvious. But designing menus to be used on the telephone is a very difficult
task: if there are too many alternatives presented in a system prompt, users tend
to forget the choices offered at the beginning. Also the navigation within a hier-
archical menu of a complex system can frustrate a caller, especially if something
goes wrong and you have to go back to the “main menu” [3]. A more promis-
ing way to serve customers efficiently while creating high user—acceptance is the
conversational approach. The prerequisites are a speech recognition engine that
can handle spontaneous speech and an intelligent dialog management. Another
important point is to tune both modules in terms of shared knowledge (e.g. the
last system prompt). Conversational systems are characterized by human-like
features when handling the input. The most important ones are mixed-initiative
interaction, processing out—of—focus input, and the possibility to “over—answer”
questions. The evaluation of users interacting with those systems shows, that
callers appreciate this more human-like conversation and quickly adapt their
way of communication.

It is essential that the system is prepared for users with different levels of
experience: callers used to a menu—based system need to be led throughout
the dialog, new users who never dealt with automatic systems need help, but
intuitively they make use of the features offered by the conversational system,
and “power—users” know the system very well and want to get the information
very quickly. Another important characteristic is that the status of the back—end
system is used for the dialog management. E.g. the result of a database request
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within the movie information system with “Munich” will be rather large so it
is necessary to gather more information, e.g. the “time”. However in a small
town probably no more than three movies are shown on a certain day and so the
system can produce a prompt containing information about all movies at once.

3.2 Building a Bridge

Telephone-based dialog systems could be seen as a middleware between a hu-
man and a data source with speech as interface. The problem when developing
an application for a new domain is that it usually takes more than one iteration
to build a system that will bridge the gap between the user and the information.
Apart from getting speech data for adapting the recognizer, a thorough evalu-
ation of test cases is necessary to get a feeling for what people actually say. Of
course it is possible to recycle atomic knowledge from other domains, e.g. the
way users refer to a point in time, but in general it is necessary to go through
some iterations before the system can go online. A typical approach, where after
each step the dialog system is optimized in all relevant aspects, is:

— build an initial system

— employees test the system (experienced, biased users)

— friends and family testing (semi—experienced, unbiased users)

— friendly user test(s) (unexperienced, unbiased, cooperative users)
go online (all kinds of users)

readjust the system if appropriate

Since this approach to building new conversational, mixed-initiative dialog
systems is user—oriented and not database—oriented, there are new problems:
because the user is not restricted to say certain things at a certain time, there
will be questions or requests from the user that can not be covered, sometimes
simply because the information is not in the database. It is however desirable to
react in a sensible way, e.g. telling the user that some information is not included
in the database as it is done with movie genres in Filmtips or scorers in Berti.

To improve the performance of an application, it is necessary to put work
into the processing of different wordings referring to the same value, which is
especially complex for names. The Sixt switchboard application knows approx.
350 employees. Customers however do not always use the correct names as they
are stored in the database. So the system has to know that a “Robert” is also
referred to as “Bob” or that “Maier” and “Meyer” are pronounced in the same
way. Calls should also be routed to the “head of sales” or to “someone in mar-
keting”. As consequence the system understands about 1000 alternatives of the
names and about 350 alternatives for the 40 Sixt departments.

3.3 Speech Output is What the User “Sees”

The importance of the text—to—speech component in a dialog system is often
underestimated although it plays a crucial role for user—acceptance. For every
application the decision if pre-recorded sound files or a speech synthesizer should
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be used has to be made. It is desirable to do use pre-recorded prompts if possible,
although there are some obvious problems, for example, if the content of the data
source, which is of interest to the user, changes quickly. In that case it makes
sense to use an automatic speech synthesizer for the dynamic parts of the system
prompt. Callers do accept a mixture of different voices as long as the dynamic
content and the basic system prompts are sufficiently separate.

Another important point is the trade—off between the requirement for short
prompts that contain a lot of information. A smart way to get around that
problem is to make long pauses during prompts, to invite the user to barge in.
Users who are still uncertain will wait and get more information. A very simple
way to give the user a better idea of what the system can understand is to
sometimes attach extra information to prompts: “What can I help you with?
[attach:] You can for example ask me What’s the score in Dortmund right now?’

Through proper prompting critical situations in a dialog can be avoided:
Instructing the user explicitly on how to interact with the system can have a
negative effect. E.g. telling the user to “speak loud and clearly” often results
in user complaints about the system (“I AM speaking very clearly!”) or even
a hang—up. A better way is to react more subtle, almost human-like e.g. with:
“FExcuse me, I didn’t hear you?”’, “What was that again?”’. To not annoy a
caller by repeating a prompt over and over again there should be alternatives
for prompts [1], especially general ones, e.g. when the system was not able to
process the speech input in a meaningful way. For some applications it may even
be useful (and fun) to create an atmosphere during the call playing sound files,
like stadium noise or to use “earcons” (audio icons) indicating certain events.

3.4 Discover the Optimal Dialog Strategy

Experiences with Berti and Filmtips show that dialogs in different domains can
look very different. Even if non—critical data is provided, it can be reasonable to
get at least an implicit confirmation. That is the case in the movie information
system, where up to four slots are necessary to retrieve the correct informa-
tion. For transaction systems, which involve critical data like user names and
PINs, explicit confirmation strategies may be inevitable, possibly even legally
binding. Depending on the number of misunderstandings during a dialog the
system should also apply relaxation strategies concerning confirmations. If an
application is very complex and dialogs tend to get rather lengthy, it is helpful
to restrict the flexibility of the dialog gradually. For example in an air travel
reservation system, the dialog manager does not completely adhere to the con-
cept of “say what you want at any time”: after a flight was chosen, the first goal
of the dialog has been reached. In a second part, the user provides his personal
data. Switching between the two parts of the dialog is still possible with so called
meta—utterances (“I want to change the date.”).

During the first iterations of application development dialog strategies often
need to be more robust due to the sub—optimal accuracy of the speech recognizer.
During the later stages, when enough speech data has been collected for adapting
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the recognizer, the task becomes a lot easier in terms of dialog management and
less restrictive dialog strategies can be applied.

3.5 Speed is Crucial

It is essential that a spoken dialog system reacts fast to any kind of user input,
no matter how long the user utterance is. We found that a delay of two seconds
or more is likely to confuse the user. This often misleads the users to repeat or to
reformulate their utterance. This desynchronizes the interaction and may lead
to a complete failure of the dialog. With today’s speech recognition engines and
hardware, faster than real-time performance of the recognizer can be achieved,
even for 30 or more lines in parallel and vocabulary sizes of several thousand
words. There exist commercial recognition engines adjusting the computational
effort dynamically to the current system load, ensuring the availability of the
recognition result fast enough after the turn end was detected. This may result
in a minor decline in recognition accuracy under high system load, which is far
less likely to confuse or annoy the user than a noticeable delay.

For the same reason, fast and reliable turn end detection is of extreme im-
portance. Sympalog uses an algorithm which also incorporates prosodic infor-
mation for this purpose. Only after the turn end has been detected, a semantic
and pragmatic interpretation of the recognition result can be performed. The
dialog management then creates a new system prompt, also taking into account
the content of the back—end database. Finally, the speech signal is generated
and sent to the caller. The whole course of action after the recognizer has pro-
duced its result needs to be finished within a very short time, preferably less
than 0.15 seconds. Fast and reliable turn begin detection is equally important
for the barge in feature, and a tight coupling of the turn begin detection with
the speech output is required to immediately turn off the system voice in case
the user takes the turn.

4 Trends and Developments

Finally, we discuss new developments and trends for telephone-based dialog sys-
tems. We focus on three issues: the ongoing standardization efforts, the detection
of emotion in telephone speech and the challenge of multimodal systems.

4.1 Standards

The currently most obvious trend is the standardization for dialog systems.
Apart from description languages like VoiceXMIF or SALTH, specialized markup
languages for technology components like JSGF for speech recognizer grammars
or SSML for speech synthesis tools have been developed. Also some standardiza-
tion efforts on the protocol and API side are made with MRCP and SAPI. The

3 see e.g. http://www.w3c.org/TR,/voicexml20/ or http://www.voicexml.org/
* see e.g. http://www.saltforum.org/
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idea behind those standards is to allow users of speech technology and speech
systems to develop their applications along with the back—end integration inde-
pendent from the underlying engines. In a way this is analogous to the emergence
of HTML as the main description language for pages exchanged over the World
Wide Web.

Therefore we think it is very important to support standards like VoiceXML,
which currently is the most prominent one. We see its real power as an ex-
change format not as a tool for application development and dialog description.
VoiceXML is great if you want to tell a synthesis tool what to say or a speech
recognizer which words in which grammar it should recognize, but it is a poor
description language if you want to build up a dialog system where the aim is
high usability and user acceptance. Like with internet pages and HTML (almost
no Web Site is written in HTML but designed using any web publishing tool
or content management system), dialog systems should be implemented using
an application development environment like SymMagic and SymDialog. Those
tools are able to handle mixed-initiative dialogs where in each step a VoiceXML
page is dynamically generated.

4.2 Emotion

Motivated by VERBMOBIL and the work presented in [7] the automatic de-
tection of the user state on basis of the incoming speech signal is going to be
implemented and evaluated in commercial pilot projects. Companies using dia-
log systems often face the challenge that e.g. due to recognizer errors the caller
gets angry and as a consequence hangs up. Thus it is desirable that the sys-
tem detects if the user gets angry and then tries to calm him down or transfers
him to a human agent. This classification task can be accomplished using a
set of phonetic and prosodic features derived from the energy and fundamental
frequency contours and features describing e.g. the length of certain phones or
phone classes. The acoustic processing is accompanied by a semantic processing
step where the user utterance is examined for swear words and angry phrases.

4.3 Multimodality

Currently Voice over IP (VoIP) is becoming commonplace in the telecommuni-
cation market and making phone calls over an internet connection will soon be
standard. If we consider that avatar technology has made great progress in the
last years, one can claim that there is a chance to combine the two technology
branches to generate new kinds of internet applications and web sites: you go
to a web site and you have the possibility to send speech signals over the same
connection (VoIP). Speech signals have to be processed by a recognition engine
and the result is processed by a dialog manager, which also controls an avatar
shown on the web site. That way it is possible to build an internet shop where
the user can navigate with speech (e.g. “Please show me the mobile phones you
offer.”) and by clicking links.

The dialog management has to keep track of all interactions made by the user
for every input modality, e.g. voice, mouse or keyboard. Such a system can pick
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the optimal output channel for the requested information: long lists or detailed
descriptions are shown on a graphical display, short additional information or
requests for further details are presented acoustically. Systems of that type have
been or are investigated in the SmartKom and SmartWeb project, but so far no
commercial relevant product has been released.

5 Conclusion

We have shown that the history of telephone-based dialog systems is long and
sometimes spectacular but the promised breakthrough for speech recognition
and dialog systems has not taken place yet. We believe that by following certain
guidelines to build usable and well-performing dialog systems the visibility and
acceptance of dialog systems will increase. Then one day, we will use our own
voice to communicate with computers as easy as we do it with mouses and
keyboards today.
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Abstract. In this paper we will investigate the performance of TRAP-
features on clean and noisy data. Multiple feature sets are evaluated on a
corpus which was recorded in clean and noisy environment. In addition,
the clean version was reverberated artificially. The feature sets are assem-
bled from selected energy bands. In this manner multiple recognizers are
trained using different energy bands. The outputs of all recognizers are
joined with ROVER in order to achieve a single recognition result. This
system is compared to a baseline recognizer that uses Mel frequency cep-
strum coefficients (MFCC). In this paper we will point out that the use of
artificial reverberation leads to more robustness to noise in general. Fur-
thermore most TRAP-based features excel in phone recognition. While
MFCC features prove to be better in a matched training/test situation,
TRAP-features clearly outperform them in a mismatched training/test
situation: When we train on clean data and evaluate on noisy data the
word accuracy (WA) can be raised by 173 % relative (from 12.0% to
32.8% WA).

1 Introduction

Noise and reverberation have a strong influence on automatic speech recognition
systems. Even slight noise or reverberation can cause an enormous decrease of
the recognition rate. Human beings are less affected by such disadvantageous ef-
fects. Unfortunately these disadvantageous sound situations are quite important
in many application scenarios like driving a car or being in an “intelligent room”
in which many appliances can be controlled by voice. The use of closetalk mi-
crophones is often not practical since they have to be attached very close to the
speaker’s head and the user acceptance of such a device is very low. This is the
reason why robust automatic recognition systems with far distant microphones
are desirable. To achieve this we look at two different aspects of automatic speech
recognition: The use of features which are restricted to certain frequency bands
but are calculated over a longer time span and the use of multiple recognizers.

Our features are based on the TRAP approach of Hynek Hermansky pre-
sented in [I]. In his investigations he especially pointed out the robustness of his
features.
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The speech corpus used in this paper is available in three different levels of
noise and reverberation. In addition to the recordings with a closetalk micro-
phone the scenery was filmed by a video camera for documentary purposes. In
this manner a second rather noisy version could be recorded. The third version
was obtained by adding an artificial reverberation to the closetalk version.

Since the TRAP-features are computed for each band individually it is easy
to train different independent recognizers. In case of a distortion of a single
frequency band the other recognizers can still recognize the spoken utterance. In
[2] it is shown that such a combination using the ROVER procedure can produce
very promising results. A recognizer with a certain feature set is trained on every
version of the corpus. Each feature set is created using different energy bands.
Furthermore different types of TRAP-features are used as well. For the baseline
system MFCCs are used.

After the training the recognizers are evaluated on a disjoint test set. We
present results on phone and on word level. Furthermore outputs on word level
are joined using ROVER included in the Speech Recognition Scoring Toolkit
(SCTK) which can be downloaded from [3].

All recognizers trained on the closetalk and closetalk reverberated version of
the corpus are evaluated on the test set of the room microphone version as well.

The next section gives a short literature overview. In chapter 3 a short de-
scription of the AIBO database follows. The experimental setup and the results
are described in chapter 4. The paper ends with an outlook to future work and
a summary.

2 Related Work

The feature extraction is primarily based on the work of Hynek Hermansky.
In [I] the so called Temporal Patterns (TRAP) are introduced. Based on the
assumption that the temporal context in each band is essential for the classifi-
cation of phones each band is analyzed individually, first. Using a long context
of up to one second a neural net is trained for each energy band. The outputs
of the nets are scores for 29 phonetic classes. These scores are obtained for each
band and used as input for a neural net merger. The merger’s outputs are again
scores for 29 phonetic classes. As Hermansky states these features can produce
better results than perceptive linear prediction (PLP) features especially when
the distortions occur only in certain bands.

Furthermore Hermansky points out the importance of the modulation spec-
trum in [4]. This spectrum can be obtained by a short-time analysis of each
TRAP band. From this analysis a spectrum results whose both axes have fre-
quency scales. One results from the filter bank analysis and displays the fre-
quency of the signal. The other one displays the modulation frequency. As Her-
mansky states only modulations over 1 Hz and below 16 Hz are important for
the perception of speech.

In [5] the importance of the modulation spectrum is highlighted even more.
Greenberg proposes to use a so called modulation spectrogram. This kind of
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spectrogram does not display the strength of a certain frequency band anymore.
It displays only the strength of the modulation around 4 Hz. In order to compute
this, the spectrogram is processed for each frequency band and transformed into
modulation frequency. It is processed in such a manner that in the end only a
single coefficient is obtained for the modulation frequency between 2 and 8 Hz.
These coefficients get arranged in a spectrographic layout to form the modulation
spectrogram. Greenberg states that the modulation spectrogram is quite robust
to noise and distortions.

In order to combine the recognizers the ROVER system is employed. [2] de-
scribes the algorithm as follows. The output of the recognizers on word level are
aligned first and merged later on with the ROVER voting module. In order to
do the alignment two hypotheses are processed iteratively by dynamic program-
ming. To match the task the algorithm was extended by Fiscus et al. since the
base hypothesis can hold more than one word at a time. Afterwards the best
word for each alignment can be found. This is done with the voting module.
It supports several modes which can even include the scores returned by the
recognizer into the decision process. A reduction of up to 16 % of the word error
rate was obtained.

In [6] it is shown, that reverberation can be created artificially if the char-
acteristic spectral properties are known. Those properties can be acquired by
recording a known signal from various positions in a room; for each position in
the room attributes can be determined. The characteristics found can be applied
to a clean signal by convoluting the signal with a finite-impulse-response (FIR)
filter. In this manner reverberation can be added to any signal.

3 Corpus

As already mentioned in the introduction the AIBO database is available in
three versions. The experimental setup of this database used a Sony AIBO robot
[7]. The original design was intended to record emotional speech of children.
The children were to accomplish several tasks with AIBO commanding it by
voice. However, the robot was controlled by a wizard in a so called wizard of
Oz experiment. The wizard was disguised as an audio technician. A complete
description of the tasks can be found in [§]. The recordings were done with
a closetalk microphone which was attached to the child’s head. Thus a clean
version of the data was recorded which is called closetalk (ct) later on.

For documentary purposes the whole experiment was filmed with a video
camera as well. The sound track of the film contains a lot of reverberation and
background noises, since the camera’s microphone is designed to record the whole
scenery in a room and since the camera was approximately 3m away from the
child. The fact that the distance between speaker and microphone was quite far
and that the child was not facing the microphone emphasize the difficulty of this
recognition task. This version is called room microphone (rm) in the following.

The third version of the corpus was created using artificial reverberation. To
achieve this the data of the ct version were convoluted with different impulse
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responses. The impulse responses were recored in a different room using multiple
speaker positions and echo durations Ty as shown in Fig. [[l With each of the
twelve responses 1/12th of the corpus was reverberated. This corpus is called
closetalk reverberated (ct rv) later on.

O T,=250ms

60

B T, =400 ms

Fig. 1. Positions of the different impulse responses

The advantage of this procedure is that the data had to be transcribed only
once. So all versions have the same size in vocabulary (850 words and 350 word
fragments) and the same language models.

4 Experimental Setup

First, we give an overview of the used features, i.e. MFCCs, TRAPs, and filtered
TRAPs. Then a description of the recognizers and their combination follows.

4.1 Features

The baseline system which is compared to all results uses MFCC features. So
the signal is processed with a fast Hartley transform with a window size of 16 ms
computed every 10ms. Then 22 filter banks are computed from the resulting
spectrum. After taking the logarithm the signal is processed with a discrete
Cosine transformation. In the end 11 Mel coefficients plus the signal’s energy
are taken as static features and another 12 delta features are computed using a
regression line over 5 frames, i.e. 56 ms. Cepstrum mean abstraction is applied.

The TRAP features used in this paper are based on [I] but differ in several
details. They are computed from the logarithmic Mel spectrum. The Mel filter
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bank consists of 18 banks. Using a context of £15 frames a TRAP with 31 entries
is created for each band. In this phase n of 18 bands are chosen. The coefficients
of these bands are concatenated and reduced to 24 dimensions using a linear
discriminant analysis (LDA) instead of the neural nets used by Hermansky. The
classes needed by the LDA are obtained by a forced alignment with the baseline
hidden Markov recognizer. In total 47 German phonetic classes were used. In
the following the TRAP-features are labeled with the letter T

The modulation spectrum is computed in a similar manner. After the TRAP
coefficients are found they are transformed with a fast Fourier transformation.
This results in a complex spectrum which states the modulation of the different
energy bands. So the filtered TRAP features can be computed using a band
pass between 1Hz and 16 Hz in modulation frequency. All coefficients of the
spectrum outside these boundaries are set to 0. Then the modulation spectrum
is transformed again into the TRAP domain. Fig. 2 shows the TRAP of the 8th
band of a phone /i/ before and after the filtering on the different versions of
the corpus. As can be seen the filtered curves are closer to each other, i.e. the
filtering reduces the differences in the features caused by the different recording
conditions. Again the desired bands are concatenated and reduced with a LDA
transformation. This type of feature is called F' in the following.

TRAPs (T) - /i/ Filtered TRAPs (F) - /i/
T T T T T T T T
2
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2 <

_2 | | | | | | | | | |
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TR AP—coefficient TR AP—coefficient

Fig. 2. TRAPs and Filtered TRAPs for the eighth band (from 1.1kHz to 1.6 kHz) of
a phone /i/ for different versions of the corpus

4.2 Recognizers

The hidden Markov models (HMM) which are employed here are trained with
the ISADORA [9] system of the Chair for Pattern Recognition of the University
of Erlangen—Nuremberg. This system has been developed since 1978 and has
been employed on various tasks in the field of pattern recognition from speech
recognition to genetic decoding and recognition of hand writing. The system
provides all tools needed for the training of HMMs. For decoding the lr_beam
recognizer is employed. In our experiments we used semi-continuous HMMs with
full covariance matrices and polyphone models as elementary HMMs. The latest
version of the system is described in [9]. Each recognizer provides a best recog-
nized word chain. These word chains are used as input for ROVER. Using the
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output of multiple recognizers it can compute a single best word chain. To do this
the word chains are aligned iteratively first. Then the best word for each position
is chosen. This can be done using several algorithms. In our experiments we used
voting and included confidence scores from the recognizers (method avgeonf).

4.3 Results

In the following the presented features are evaluated. All of the recognizers
trained here use only 6 of 18 critical bands in order to enable a majority de-
cision with three recognizers. Tab. [I] gives an overview of the results obtained
on phone level. As one can see the recognizers using every third band are far
better than the baseline MFCC recognizer. However, if the bands are chosen
consecutively like in the case of Tj_g the recognizers perform worse than the
baseline. Therefore the results on word level focus only on the recognizers using
every third band.

Table 1. Results of the different features on phone level; class wise averaged recognition
rates in %.

Feature Bands Abbreviation| ct |ct rv| rm
MFCC 42.3| 36.7| 28.2
T 11,4,7,10,13,16 Tsn+1 52.2(45.2|32.2
T 1,23456 | Tie 41.2| 33.4| 22.0
F 1,4,7,10,13,16| Fsnt1 49.7| 42.9] 28.2

On word level the recognition rates of the individual recognizers can not
compete with the baseline recognizers in most cases. Only if the training and the
test data do not match like in the case of training on closetalk data and evaluation
on room microphone data, some of the TRAP recognizers can obtain better
results than the baseline system. Note, that the use of artificial reverberation
during training always results in an improvement when evaluating on the room
microphone test set. In order to focus on the performance of the acoustic models,
Tab. 2l shows the recognition rates for a unigram language model.

When the recognizers are joined with ROVER better recognition rates can
be achieved. The TRAP based recognizers can now obtain better results than
the baseline in most cases. Nevertheless MFCC still return better results when
training and test is done on closetalk microphone data. Tab. [ gives 4-gram
recognition rates, since such a language model is usually applied on a real task.
Its perplexity on the test set is 50. Note that the consequence of the combination
of the recognizers is an enormous improvement if training and test data do not
match. Except for the ct/ct constellation the TRAP based recognizers give better
results than the MFCC recognizers. Combining the TRAP-features with MFCC
provides a small further improvement. When training is done on closetalk data
and evaluation on room microphone data the recognition rate can be improved
by 173 % relatively (from 12.0% to 32.8 % WA).
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Table 2. WAs of the individual recognizers with a unigram language model

Training| ¢t |ct rv| rm | ct |ct rv
Test ct |ctrv| rm | rm | rm
MFCC |69.3|63.1|35.2| 4.9| 7.6
Tsn+1 55.0( 50.5| 27.6{-10.8| 1.3
T3n42 53.2| 48.8| 27.0{ -4.0| 9.4
Tapn 55.1 49.1{ 29.1| -4.4| 2.3
Fani1 57.3|51.7( 29.1| -2.4| 5.5
Fania 55.8| 50.5| 28.5| 5.8(|12.5
Fap, 57.6| 51.5|29.5| 1.2 6.7

Table 3. Categorical 4-gram recognition rates of the combined recognizers

# of  |Training ct |ctrv| rm | ct |ct v
recognizers|Test ct |ctrvl rm | rm | rm
1 MFCC 77.2| 63.1] 46.9] 12.0] 18.8

1 Foest 66.1] 61.1] 39.0] 15.8| 23.0

3 3" 71.1] 65.9] 47.3| 21.6] 34.3

4 T3 +MFCC| 70.3/66.7| 48.7|32.8| 31.6

3 F3n 72.1] 63.4] 48.9] 27.2] 34.3

4 F3° 4 MFCC| 73.4| 64.5|49.4| 30.9|35.2

5 Outlook and Summary

It could be shown that the TRAP features have the greatest advantage when
training and test data are mismatched. We conclude that these features gener-
alize better. Furthermore the use of TRAP features and artificial reverberation
can improve the recognition rate on the room microphone test set from 12.0 % to
35.2%. As the experiments show the upper limit (training and test on room mi-
crophone data) is 46.9 % in the baseline system. Fig. [ gives an overview over the
best achieved WAs. In our current research we adapt the ct rv recognizer with
a small amount of “in task” data, i.e. rm data. We hope that this will close the
gap between the currently best “mismatched” recognizer and the rm/rm base-
line. Such a procedure will allow to use the vast amount of clean transcribed
training data for the training of far distant microphone recognizers.

In this paper we presented the AIBO database in three versions. These ver-
sions are closetalk microphone, room microphone, and closetalk reverberated.
Furthermore two TRAP based features were introduced. T-features are based
on Hermansky’s TRAP approach and F-features are created by filtering in the
modulation frequency. Then a method to combine multiple recognizers was pre-
sented. In the results section the different recognition rates were given. The best
improvement compared to an MFCC baseline system could be obtained on mis-
matched training and test data where a 173 % relative improvement was achieved
(from 12.0% to 32.8 % WA).
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Fig. 3. Overview of the WAs on the room microphone test set
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Abstract. Automatic pronunciation scoring makes novel applications
for computer assisted language learning possible. In this paper we con-
centrate on the feature extraction. A relatively large feature vector with
28 sentence- and 33 word-level features has been designed. On the word-
level correctly and mispronounced words are classified, on the sentence-
level utterances are rated with 5 discrete marks. The features are eval-
uated on two databases with non-native adults’ and children’s speech,
respectively. Up to 72 % class-wise-averaged recognition rate is achieved
for 2 classes; the result of the 5-class problem can be interpreted as 80 %
recognition rate.

1 Introduction

Pronunciation scoring is the automatic assessment of the pronunciation quality of
phonemes, words, utterances, or larger units especially for non-native speakers.
A possible application are systems for computer assisted pronunciation training
(CAPT) to support the student of a foreign language to acquire correct pro-
nunciation. In this paper a set of 28 sentence-level features is proposed which
encodes a high amount of information that is important to grade the pronun-
ciation of a sentence. A similar set of 33 features has been developed to reject
mispronounced words. Some simple features that highly correlate with human
marking are e.g. the word or phone recognition rate obtained by an automatic
speech recognition system.

As reference two databases are applied and compared: The ATR/SLT NON-
NaATIVE-database, recorded at the Spoken Language Translation Research Lab-
oratories (SLT) of ATR [5], contains speech of non-native adults from differ-
ent countries reading English phrases. Secondly, the PF-STAR NON-NATIVE-
database is applied. In the European project PF-STAR (http://pfstar.itc.it/)
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native and non-native children’s speech has been recorded from English, Italian,
Swedish, and German partners. In this paper the data of German children read-
ing English texts is investigated. For both databases human ratings are available
for word- and sentence-level. Our feature set for automatic grading of the non-
natives’ English has been developed for the ATR/SLT NON-NATIVE data set.
Although the age of the speakers, the recording conditions, the speakers’ English
proficiency, and the instruction of the labelers are different for both databases
good classification results are achieved for the PP-STAR NON-NATIVE data, too.

2 Related Work

Neumeyer et al. [7] automatically score non-natives on the sentence- and speaker-
level. The inter-rater open-correlation is 0.78 (sentence) and 0.87 (speaker). Cor-
relations with different machine scores (likelihood, posterior scores, accuracy,
duration and syllabic timing) are calculated. Different combination techniques
for sentence based marks are investigated in [4]: with neural networks a correla-
tion of 0.64 is achieved. Different aspects of human rating and different machine
scores are compared in [2]. For phone-level scoring the liklihood based Good-
ness of Pronunciation measure is analyzed in [9T0]. In [6] a novel phonological
representation of speech is used to grade the pronunciation.

3 Corpora

The pronunciation features will be evaluated on two different databases:

The part of the ATR/SLT NON-NATIVE-database [0] used in the following
consists of 6.4 hours of speech: the 96 non-native speakers (81m, 15f, age 21 —
52) were reading 48 phonetically rich sentences from the TimIT SX set with
a vocabulary of 395 words. The first language of most speakers is Japanese,
Chinese, German, French or Indonesian. Each speaker read each sentence usually
only once. However, he was asked to repeat the recording of a sentence, when he
completely misread or forgot to utter a word or made too long pauses between
words. Further, a repetition was possible, if the speaker was not satisfied with
the recorded utterance. 15 English teachers (native speakers) evaluated the data:
Each utterance has been marked by 3 — 4 teachers, each teacher marked 24
speakers. They assigned a sentence-level rating from 1 (best) to 5 (worst) in
terms of pronunciation and fluency and marked any mispronounced words.

The Pr-STAR NON-NATIVE-database contains 3.4 hours of speech from 57
German children (26m, 31f, age 10 — 15) reading English texts, recorded by
the University of Erlangen. Most children had been learning English for half
a year only. They were reading known texts from their text book and some
phrases and single words, which also have been recorded by our partners in
the Pf-Star project. The recordings contain reading errors, repetitions of words,
word fragments and nonverbals. The total size of the vocabulary is 940 words. A
German student of English (graduate level) marked mispronounced words and
rated the data on sentence-level. Further markings of mispronounced words by
12 teachers will be available soon.
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To train speech recognizers, that are needed for the pronunciation feature
extraction, further databases are applied. Read speech from the WALL STREET
JOURNAL (WSJ)-corpuS is used to train an adults’ recognizer for the ATR/SLT
data; the PF-STAR NATIVE-database contains read speech from British English
children [3] and is used to train the recognizer for the PF-STAR NON-NATIVE
children. Some phone statistics are estimated from the Trvr-database.

4 Input Data for Pronunciation Feature Extraction

In our scenario the candidate who is practicing English is reading known texts.
Classification of the candidate’s pronunciation quality is performed in feature
space. Our feature extraction requires several outputs of a speech recognizer
and some statistics, which are explained in the following.

Word and phone recognition: The HTK toolkit is used for the estimation
of monophone models and for the decoding. 39 features are extracted every 10
ms: 12 cepstral coefficients and the normalized log-energy with first and second
derivatives. Cepstral mean subtraction is applied. The number of codebook mix-
tures was increased successively during training until 16 mixtures were reached.
44 3-state phoneme HMMs and silence models were retrained for four iterations
after each mixture increment. The acoustic models for the non-native adults are
built with native English data from the WsJ-corpus. The recognizer is evalu-
ated on the Hub2 evaluation test set from WsJj. With a bigram language model
(LM) 80.8 % word accuracy (WA) are achieved. The children’s speech recognizer
is trained with the PF-STAR NATIVE data. With a bigram LM 40.8% WA are
achieved on the native testing data-set.

Native phoneme language model: To compute prior probabilities of phone
sequences obtained by unconstrained phoneme recognition, a bigram phoneme
LM will be employed. The LM is estimated from the TiMIT-corpus.

Native phoneme duration statistic: In order to calculate the expected du-
ration of words and phones or to estimate posterior probabilities of an observed
length of time, the distribution of phoneme durations has to be modeled. They
are estimated on the TiMIT-database after forced-alignment.

Phone confusion matrices: A Phone confusion occurs, if the reference phone
and the recognized phone differ. Phone confusion matrices are estimated sepa-
rately for both, the correctly pro