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Preface

Welcome to the International Conference an Image and Video Retrieval,
CIVR 2002. Our conference is a snapshot of the current world-wide research
in image and video retrieval from digital libraries, databases, and multimedia
collections. Topics range from the state of the art in semantic visual retrieval to
video summarization to new features and modeling paradigms.

This year 82 papers from 24 countries were submitted and 39 were accepted
for presentation at the conference after being reviewed by at least 3 members of
the Program Committee.

We would like to thank all members of the Program Committee, as well
as the additional referees listed below, for their help in ensuring the quality of
the papers accepted for publication. We would also like to thank the Organiz-
ing Committee for all their efforts in making the conference happen, as well as
our two keynote speakers, Arnold Smeulders from the University of Amsterdam
and Alex Hauptmann from Carnegie-Mellon University. Finally, we are grateful
to our sponsors, the British Computer Society Information Retrieval Specialist
Group, the British Machine Vision Association (BMVA), the Institute for Image
Data Research, University of Northumbria, the Institution of Electrical Engi-
neers (IEE), and the Leiden Institute of Advanced Computer Science (LIACS),
Leiden Universiy.

May 2002 Michael S. Lew
Nicu Sebe
John P. Eakins
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Challenges of Image and Video Retrieval

Michael S. Lew!, Nicu Sebe!, and John P. Eakins?

! LIACS Media Lab, Leiden University, The Netherlands
{mlew,nicu}@liacs.nl
2 Institute for Image Data Research,
University of Northumbria at Newcastle, UK
john.eakins@unn.ac.uk

What use is the sum of human knowledge if nothing can be found? Although
significant advances have been made in text searching, only preliminary work
has been done in finding images and videos in large digital collections. In fact,
if we examine the most frequently used image and video retrieval systems (i.e.
www.google.com) we find that they are typically oriented around text searches
where manual annotation was already performed.

Image and video retrieval is a young field which has its genealogy rooted
in artificial intelligence, digital signal processing, statistics, natural language
understanding, databases, psychology, computer vision, and pattern recognition.
However, none of these parental fields alone has been able to directly solve the
retrieval problem. Indeed, image and video retrieval lies at the intersections and
crossroads between the parental fields. It is these curious intersections which
appear to be the most promising.

What are the main challenges in image and video retrieval? We think the
paramount challenge is bridging the semantic gap. By this we mean that low
level features are easily measured and computed, but the starting point of the
retrieval process is typically the high level query from a human. Translating or
converting the question posed by a human to the low level features seen by the
computer illustrates the problem in bridging the semantic gap.

However, the semantic gap is not merely translating high level features to
low level features. The essence of a semantic query is understanding the meaning
behind the query. This can involve understanding both the intellectual and emo-
tional sides of the human, not merely the distilled logical portion of the query
but also the personal preferences and emotional subtones of the query and the
preferential form of the results.

In this proceedings, several papers [1,2,3,4,5,6,7,8] touch upon the semantic
problem and give valuable insights into the current state of the art. Wang et al [1]
propose the use of color-texture classification to generate a codebook which is
used to segment images into regions. The content of a region is then charac-
terize by its self-saliency which describes its perceptual importance. Bruijn and
Lew [2] investigate multi-modal content-based browsing and searching meth-
ods for Peer2Peer retrieval systems. Their work targets the assumption that
keyframes are more interesting when they contain people. Vendrig and Wor-

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 1-6, 2002.
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2 Michael S. Lew et al.

ring [3] propose a system that allows character identification in movies. In order
to achieve this, they relate visual content to names extracted from movie scripts.
Denman et al [5] present the tools in a system for creating semantically mean-
ingful summaries of broadcast Snooker footage. Their system parses the video
sequence, identifies relevant camera views, and tracks ball movements. A similar
approach presented by Kim et al [8] extracts semantic information from basket-
ball videos based on audio-visual features. A semantic video retrieval approach
using audio analysis is presented by Bakker and Lew [7] in which the audio can
be automatically categorized into semantic categories such as explosions, music,
speech, etc. A system for recognizing objects in video sequences is presented by
Visser et al [6]. They use the Kalman filter to obtain segmented blobs from the
video, classify the blobs using the probability ration test, and apply several dif-
ferent temporal methods, which results in sequential classification methods over
the video sequence containing the blob. An automated scene matching algorithm
is presented by Schaffalitzky and Zisserman [4]. Their goal is to match images
of the same 3D scene in a movie. Ruiz-del-Solar and Navarrete [9] present a
content-based face retrieval system that uses self-organizing maps (SOMs) and
user feedback. SOMs were also employed by Oh et al [10], Hussain et al [11], and
Huang et al [12] for visual clustering. A ranking algorithm using dynamic cluster-
ing for content-based image retrieval is proposed by Park et al [13]. A learning
method using the AdaBoost algorithm and a k-nearest neighbor approach is
proposed by Pickering et al [14] for video retrieval.

An overview of challenges for content-based navigation of digital video is pre-
sented by Smeaton [15]. The author presents the different ways in which video
content can be used directly to support the navigation within large video li-
braries and lists the challenges that still remain to be addressed in this area. An
insight into the problems and challenges of retrieval of archival moving imagery
via the Internet is presented by Enser and Sandom [16]. The authors conclude
that the combination of limited CBIR functionality and lack of adherence to
cataloging standards seriously limits the Internet’s potential for providing en-
hanced access to film and video-based cultural resources. Burke [17] describes
a research project which applies Personal Construct Theory to individual user
perceptions of photographs. This work presents a librarian viewpoint toward
content-based image retrieval. A user-centric system for visualization and layout
for content-based image retrieval and browsing is proposed by Tian et al [18].

An important segment of papers discusses the challenges of using different
models of human image perception in visual information retrieval. Cox and de
Jager [19] developed a statistical model for the image pair and used it to derive
a minimum-error hypothesis test for matching. An online Bayesian formulation
for video summarization and linking is proposed by Orriols and Binefa [20]. A
model-based approach for detecting pornographic images is presented by Bosson
et al [21]. Based on the idea that the faces of persons are the first information
looked for in an image, Viallet and Bernier [22] propose a face detection system
which automatically derives face summaries from a video sequence. A model for
edge-preserving smoothing is presented by Smolka and Plataniotis [23]. Their
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algorithm is based on the combined forward and backward anisotropic diffusion
with incorporated time dependent cooling process. The authors report that their
method is able to efficiently remove image noise while preserving and enhancing
image edges. Ko and Byun [24] present a model for content-based image re-
trieval based on regions-of-interest and their spatial relationship. A vision-based
approach to mobile robot localization that integrates an image retrieval system
with Monte-Carlo localization is presented by Wolf et al [25]. A layered-based
model for image retrieval is proposed by Qiu [20].

Object recognition and detection is one of the most challenging problems
in visual information retrieval. Several papers present the advances in this area
[27,28,29,30]. Obdrzalek and Matas [27] present a method that supports recog-
nition of objects under a very wide range of viewing and illumination conditions
and is robust to occlusion and background clutter. A hierarchical shape de-
scriptor for object-based retrieval is proposed by Leung and Chan [29]. Brucale,
et al [30] propose a class of topological-geometrical shape descriptors called size
functions. Sebe and Lew [28] investigate the link between different metrics and
the similarity noise model in an object-based retrieval application. They con-
clude that the prevalent Gaussian distribution assumption is often invalid and
propose a Cauchy model. Furthermore, they explained how to create a maximum
likelihood metric based on the similarity noise distribution and showed that it
consistently outperformed all of the analytical metrics. Based on the idea that
the distribution of colors in an image provides a useful cue for image retrieval
and object recognition, Berens and Finlayson [31] propose an efficient coding of
three dimensional color distribution for image retrieval.

In addition, new techniques are presented for a wide range of retrieval prob-
lems, including 3-D object matching [32] and compressed-domain image search-
ing [33], as well as applications in areas as diverse as videos of snooker broad-
casts [5], images of historical watermarks [34], funeral monuments [35], and low
quality fax images [36].

In order for image and video retrieval to mature, we will need to understand
how to evaluate and benchmark features, methods, and systems. Several papers
which address these questions are [37,38], and [39]. While Sebe et al [39] per-
form an evaluation of different salient point extraction techniques to be used in
content-based image retrieval, Black et al [38] propose a method for creation of a
reference image set in which the similarity of each image pair is estimated using
”visual content words” as a basis vector that allows the multidimensional content
of each image to be represented with a content vector. The authors claim that the
similarity measure computed with these content vectors correlates with the sub-
jective judgment of human observers and provides a more objective method for
evaluating and expressing the image content. Miiller et al [37] compare different
ways of evaluating the performance of content-based retrieval systems (CBIRSS)
using a subset of the Corel images. Their aim is to show how easy it is to get
differing results, even when the same image collection, CBIRS, and performance
measures are used.
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Abstract. We present a user-centric system for visualization and layout
for content-based image retrieval and browsing. Image features (visual
and/or semantic) are analyzed to display and group retrievals as thumb-
nails in a 2-D spatial layout which conveys mutual similarities. Moreo-
ver, a novel subspace feature weighting technique is proposed and used
to modify 2-D layouts in a variety of context-dependent ways. An effi-
cient computational technique for subspace weighting and re-estimation
leads to a simple user-modeling framework whereby the system can
learn to display query results based on layout examples (or relevance
feedback) provided by the user. The resulting retrieval, browsing and
visualization engine can adapt to the user's (time-varying) notions of
content, context and preferences in style of interactive navigation.
Monte Carlo simulations with synthetic "user-layouts" as well as pilot
user studies have demonstrated the ability of this framework to accu-
rately model or "mimic" users by automatically generating layouts ac-
cording to their preferences.

1 Introduction

With the advances in technology to capture, generate, transmit and store large
amounts of digital imagery and video, research in content-based image retrieval
(CBIR) has gained increasing attention. In CBIR, images are indexed by their visual
contents such as color, texture, etc. Many research efforts have addressed how to
extract these low level features [1, 2, 3], evaluate distance metrics [4, 5] for similarity
measures and look for efficient searching schemes [6, 7].

In this paper, we present designs for optimal (uncluttered) visualization and layout
of images (or iconic data in general) in a 2-D display space. We further provide a
mathematical framework for user-modeling, which adapts and mimics the user’s (pos-
sibly changing) preferences and style for interaction, visualization and navigation.

Monte Carlo simulation results with machine-generated layouts as well as pilot
user-preference studies with actual user-guided layouts have indicated the power of
this approach to model (or “mimic”) the user. This framework is currently being in-
corporated into a broader system for computer-human guided navigation, browsing,
archiving and interactive story-telling with large photo libraries.

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 7-16, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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1.1 Traditional Interfaces

The purpose of automatic content-based visualization is augmenting the user’s under-
standing of large information spaces that cannot be perceived by traditional sequential
display (e.g. by rank order of visual similarities). The standard and commercially
prevalent image management and browsing tools currently available primarily use
tiled sequential displays — i.e., essentially a simple 1-D similarity-based visualization.

However, the user quite often can benefit by having a global view of a working
subset of retrieved images in a way that reflects the relations between all pairs of
images — i.e., N° measurements as opposed to only N. Moreover, even a narrow view
of one’s immediate surroundings defines “context” and can offer an indication on how
to explore the dataset. The wider this “visible” horizon, the more efficient the new
query will be formed. In [8], Rubner proposed a 2-D display technique based on
multi-dimensional scaling (MDS) [9]. A global 2D view of the images is achieved that
reflects the mutual similarities among the retrieved images. MDS is a nonlinear trans-
formation that minimizes the stress between high dimensional feature space and low
dimensional display space. However, MDS is rotation invariant, non-repeatable (non-
unique), and often slow to implement. These drawbacks make MDS unattractive for
real time browsing or visualization of high-dimensional data such as images.

1.2 Layout & Visualization

We propose an alternative 2-D display scheme based on Principal Component Analy-
sis (PCA) [10]. Moreover, a novel window display optimization technique is pro-
posed which provides a more perceptually intuitive, visually uncluttered and informa-
tive visualization of the retrieved images.

Traditional image retrieval systems display the returned images as a list, sorted by
decreasing similarity to the query. The traditional display has one major drawback.
The images are ranked by similarity to the query, and relevant images (as for example
used in a relevance feedback scenario) can appear at separate and distant locations in
the list. We propose an alternative technique to MDS in [8] that displays mutual simi-
larities on a 2-D screen based on visual features extracted from images. The retrieved
images are displayed not only in ranked order of similarity from the query but also
according to their mutual similarities, so that similar images are grouped together
rather than being scattered along the entire returned 1-D list.

1.3 PCA Splats

To create such a 2-D layout, Principal Component Analysis (PCA) [10] is first per-
formed on the retrieved images to project the images from the high dimensional fea-
ture space to the 2-D screen. Image thumbnails are placed on the screen so that the
screen distances reflect as closely as possible the similarities between the images. If
the computed similarities from the high dimensional feature space agree with our
perception, and if the resulting feature dimension reduction preserves these similarities
reasonably well, then the resulting spatial display should be informative and useful.
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For our image representation, we have used three visual features: color moments
[1], wavelet-based texture [2], and water-filling edge-based structure feature [3]. We
should note that the choice of visual representation is not important to the methodol-
ogy of this paper. In our experiments, the 37 visual features (9 color moments, 10
wavelet moments and 18 water-filling features) are pre-extracted from the image data-
base and stored off-line. The 37-dimensional feature vector for an image, when taken
in context with other images, can be projected on to the 2-D {x, y} screen based on the

1* two principal components normalized by the respective eigenvalues. Such a layout
is denoted as a PCA Splat. We note that PCA has several advantages over nonlinear
methods like MDS. It is a fast, efficient and unique linear transformation that achieves
the maximum distance preservation from the original high dimensional feature space
to 2-D space among all possible linear transformations [10]. The fact that it fails to
model nonlinear mappings (which MDS succeeds at) is in our opinion a minor com-
promise given the advantages of real-time, repeatable and mathematically tractable
linear projections.

Let us consider a scenario of a typical image-retrieval engine at work in which an
actual user is providing relevance feedback for the purposes of query refinement.
Figure 1 shows an example of the retrieved images by the system (which resembles
most traditional browsers in its 1D tile-based layout). The database is a collection of
534 images. The 1™ image (building) is the query. The other 9 relevant images are
ranked in 2™, 3™, 4™ 5™ 9™ 10™ 17" 19" and 20™ places, respectively.

Fig. 1. Top 20 retrieved images (ranked in scan-line order; the query is first in the list)

Figure 2 shows an example of a PCA Splat for the top 20 retrieved images shown
in Figure 1. In addition to visualization by layout, in this particular example, the sizes
(alternatively contrast) of the images are determined by their visual similarity to the
query. The higher the rank, the larger the size (or higher the contrast). There is also a
number next to each image in Figure 2 indicating its corresponding rank in Figure 1.
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Fig. 2. PCA Splat of top 20 retrieved images in Figure 1

Clearly the relevant images are now better clustered in this new layout as opposed
to being dispersed along the tiled 1-D display in Figure 1. Additionally, PCA Splats

convey N2 mutual distance measures relating all pair-wise similarities between im-
ages while the ranked 1-D display in Figure 1 provides only N.

One drawback of PCA Splats (or any low-dimensional mapping) is that inevitably
some images are partially or totally overlapped (due to proximity or co-location in 2D
space) which makes it difficult to view all the images at the same time. This image
overlap will worsen when the number of retrieved images becomes larger. To address
this problem, we have devised a unique layout optimization technique [13]. The goal
is to minimize the total image overlap by finding an optimal set of image size and
image positions with a little deviation as possible. A nonlinear optimization method
was implemented by an iterative gradient descent method.

We note that Figure 2 is, in fact, just such an optimized PCA Splat. The overlap is
clearly minimized while the relevant images are still close to each other to allow a
global view. With such a display, the user can see the relations between the images,
better understand how the query performed, and subsequently formulate future queries
more naturally. Additionally, attributes such as contrast and brightness can be used to
convey rank. We note that this additional visual aid is essentially a 3™ dimension of
information display. A full discussion of the resulting enhanced layouts is deferred to
our future work.

2 User-Modeling

Image content and “meaning” is ultimately based on semantics. The user’s notion of
content is a high-level concept, which is quite often removed by many layers of ab-
straction from simple low-level visual features. Even near-exhaustive semantic (key-
word) annotations can never fully capture context-dependent notions of content. The
same image can "mean" a number of different things depending on the particular cir-
cumstance.
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By user-modeling or “context awareness” we mean that our system must be constantly
aware of and adapting to the changing concepts and preferences of the user. A typical
example of this human-computer synergy is having the system learn from a user-
generated layout in order to visualize new examples based on identified rele-
vant/irrelevant features. In other words, design smart browsers that “mimic” the user,
and over-time, adapt to their style or preference for browsing and query display. Given
information from the layout, e.g., positions and mutual distances between images, a
novel feature weight estimation scheme, noted as @ -estimation is proposed, where
o is a weighting vector for different features e.g., color, texture and structure (and
possibly semantic keywords as well).

2.1 Subspace Estimation of Feature Weights

The weighting parameter vector is denoted as a=(e,, «,, ¢, )", where «a, is the
weight for color, ¢, is the weight for texture, and ¢, is the weight for structure. The
number of images in the preferred clustering is N, and X_is a L, X N matrix where the
i column is the color feature vector of the i" image, i=L---,N, X,is the
L, X N matrix, the i™ column is the texture feature vector of the i™ image, i =1,---,N,
and X, is the L, x N matrix, the i" column is the structure feature vector of the i"
image, i =1,---,N. The lengths of color, texture and structure features are L., L,,
and L, respectively. The distance, for example Euclidean,-based between the i™ im-
age and the /" image, for i, j=1,---, N, in the preferred clustering (distance in 2-D
space) is d; . These weights ., ¢,, @, are constrained such that they always sum

to 1.
We then define an energy term to minimize with an Lp norm (with p =2). This

cost function is defined in Equation (1). It is a nonnegative quantity that indicates how
well mutual distances are preserved in going from the original high dimensional fea-
ture space to 2-D space. Note that this cost function is similar to MDS stress, but un-
like MDS, the minimization is seeking the optimal feature weights a. Moreover, the
low-dimensional projections in this case are already known. The optimal weighting
parameter recovered is then used to weight original feature-vectors prior to a PCA
Splat, resulting in the desired layout.

N N L. L
_ k) k) Pix® (k)
J= ZZ{%” -2 Xcin —Xc2j> 1” _Z“f | Xt(z‘) _Xt<j) P
i=l j=1 k=1 k=1
L.(‘
k k 2
=D ol IXG =X, 1) (1)
k=1

The parameter a is then estimated by a constrained non-negative least-squares op-
timization procedure. Defining the following Lp-based deviations for each of the 3
subspaces:
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which we differentiate and set to zero to obtain a linear system in the p-th power of the
desired subspace coefficients, o . This system is easily solved using constrained

linear least-squares, since the coefficients must be non-negative: ar” >0. Subsequently,
the subspace parameters we set out to estimate are simply the p-th root of the solution.
In our experiments we used p = 2.

Fig. 3. An example of a user-guided layout

Figure 3 shows a simple user layout where 3 car images are clustered together de-
spite their different colors. The same is performed with 3 flower images (despite their
texture/structure). These two clusters maintain a sizeable separation thus suggesting
two separate concept classes implicit by the user’s placement. Specifically, in this
layout the user is clearly concerned with the distinction between car and flower re-
gardless of color or other possible visual attributes.

Applying the a -estimation algorithm to Figure 3, the feature weights learned from
this 2-D layout are ¢z, =0.3729, «, = 0.5269 and o/, =0.1002 . This shows that the

most important feature in this case is texture and not color, which is in accord with the
concepts of car vs. flower as graphically indicated by the user in Figure 3.

Now that we have the learned feature weights (or modeled the user) what can we do
with them? Figure 4 shows an example of a typical application: automatic layout of a
larger (more complete data set) in the style indicated by the user. Fig. 4(a) shows the
PCA splat using the learned feature weight for 18 cars and 19 flowers. It is obvious
that the PCA splat using the estimated weights captures the essence of the configura-
tion layout in Figure 3. Figure 4(b) shows a PCA splat of the same images but with a
randomly generated @, denoting an arbitrary but coherent 2-D layout, which in this
case, favors color (o, =0.7629). This comparison reveals that proper feature

weighting is an important factor in generating the desired layouts.
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(a) (b)
Fig. 4. PCA Splat on a larger set using (a) estimated weights (b) arbitrary weights

3  Performance Analysis

Given the lack of sufficiently numerous (and willing) human subjects to test our sys-
tem with, we undertook a Monte Carlo approach to evaluating our user-modeling
estimation algorithm. Thus, we generated 1000 synthetic "user-layouts" (with ran-
dom values of a’s representing the "ground-truth") to sample the space of all possible
consistent user-layouts that could be conceivably generated by a human subject (an
inconsistent layout would correspond to randomly "splattered" thumbnails in the 2-D
display). In each case, the a-estimation method was used to estimate (recover) the
original ("ground-truth") values. We should note that the parameter recovery is non-
trivial due to the information lost whilst projecting from the high-dimensional feature
space down to the 2-D display space. As a control, 1000 randomly generated feature
weights were used to see how well they could match the synthetic user layouts (i.e., by
chance alone). Note that these controls were also consistent layouts.

Our primary test database consists of 142 images from the COREL database. It has
7 categories of car, bird, tiger, mountain, flower, church and airplane. Each class has
about 20 images. Feature extraction based on color, texture and structure has been
done off-line and pre-stored. Although we will be reporting on this test data set -- due
to its common use and familiarity to the CBIR community -- we should emphasize that
we have also successfully tested our methodology on larger and much more heteroge-
neous image libraries. For example: real personal photo collections of 500+ images
(including family, friends, vacations, etc.).

The following is the Monte Carlo procedure was used for testing the significance
and validity of user-modeling with @ -estimation:

Simulation: Randomly select M images from the database.
Generate arbitrary (random) feature weights @ in order
to simulate a “user-layout”. Do a PCA Splat using this
“ground truth” a. From the resulting 2-D layout, esti-
mate a. Select a new distinct (non-overlapping) set of
M images from the database. Do PCA Splats on the second
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set using the original a, the estimated a and a third
random @ (as control). Calculate the resulting stress
and layout deviation (2-D position error) for the
original, estimated and random (control) wvalues of a.
Repeat 1000 times

The scatter-plot of 1000 Monte Carlo trials of @ -estimation from synthetic "user-
generated" layouts is shown in Figure 5. Clearly there is a direct linear relationship
between the original weights and the estimated weights. Note that when the original
weight is very small (<0.1) or very large (>0.9), the estimated weight is zero or one
correspondingly. This means that when one particular feature weight is very large (or
very small), the corresponding feature will become the most dominant (or least domi-
nant) feature in the PCA, therefore the estimated weight for this feature will be either
1 or 0.

Fig. 5. Scatter-plot of @ -estimation: Estimated weights vs. original weights

In terms of actual measures of stress and deviation we found that the a -estimation
scheme yielded the smaller deviation 78.4% of the time and smaller stress 72.9%. The
main reason these values are less than 100% is due to the nature of the Monte Carlo
testing and the fact that in low-dimensional (2-D) spaces, random weights can be-
come close to the original weights and hence yield similar “user” layouts (in this case
apparently ~ 25% of the time).

Another control other than random weights is to compare the deviation of an a-
estimation layout generator to a simple scheme which assigns each new image to the
2-D location of its (unweighted) 37-dimensional nearest-neighbor from the set previ-
ously laid out by the “user”. This control essentially operates on the principle that new
images should be displayed on screen at the same location as their nearest neighbors
in the original 37-dimensional feature space and thus ignores the subspace defined by
the “user” in a 2-D layout.

The results of this Monte Carlo simulation are shown in Figure 6 where we see that
the layout deviation using oi-estimation (red: mean=0.9691 std=0.7776) was consis-
tently lower -- by almost an order of magnitude -- than nearest neighbor (blue:
mean=7.5921, std=2.6410).
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Fig. 6. Comparison of the distribution of @ -estimation vs. nearest neighbor deviation scores
(note that in every one of the random trials the @ -estimation deviation was smaller)

4 Discussion

There are several areas of future work. First, more extensive user-layout studies are
needed to replace Monte Carlo simulations. It is critical to have real users with differ-
ent notions of content do layouts and to see if our system can model them accurately.
Moreover, we have already integrated hybrid visual/semantic feature weighting that
requires further testing with human subjects. We have designed our system with gen-
eral CBIR in mind but more specifically for personalized photo collections. The final
visualization and retrieval interface can be displayed on a computer screen, large
panel projection screens, or -- for example -- on embedded tabletop devices [12],
designed specifically for purposes of story-telling or multi-person collaborative explo-
ration of large image libraries.

Finally, we note that although the focus of this paper has been on visual content
analysis, the same framework for visualization and user-modeling would apply to
other data entities such as video clips, audio files, specialized documents (legal, medi-
cal, etc), or web pages. The main difference would be the choice of features used,
their representation in high-dimensional spaces and the appropriate metrics.
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Abstract. Many visual matching algorithms can be described in terms
of the features and the inter-feature distance or metric. The most com-
monly used metric is the sum of squared differences (SSD), which is valid
from a maximum likelihood perspective when the real noise distribution
is Gaussian. However, we have found experimentally that the Gaussian
noise distribution assumption is often invalid. This implies that other
metrics, which have distributions closer to the real noise distribution,
should be used. In this paper we considered a shape matching applica-
tion. We implemented two algorithms from the research literature and
for each algorithm we compared the efficacy of the SSD metric, the SAD
(sum of the absolute differences) metric, and the Cauchy metric. Further-
more, in the case where sufficient training data is available, we discussed
and experimentally tested a metric based directly on the real noise dis-
tribution, which we denoted the maximum likelihood metric.

1 Introduction

We are interested in using shape descriptors in content-based retrieval. Assume
that we have a large number of images in the database. Given a query image, we
would like to obtain a list of images from the database which are most similar
(here we consider the shape aspect) to the query image. For solving this problem,
we need two things - first, a measure which represents the shape information of
the image and second a similarity measure to compute the similarity between
corresponding features of two images.

The similarity measure is a matching function and gives the degree of simi-
larity for a given pair of images (represented by shape measures). The desirable
property of a similarity measure is that it should be a metric (that is, it has the
properties of symmetry, transitivity, and linearity). The SSD (L2) and the SAD
(L1) are the most commonly used metrics. This brings to mind several ques-
tions. First, under what conditions should one use the SSD versus the SAD?
From a maximum likelihood perspective, it is well known that the SSD is justi-
fied when the additive noise distribution is Gaussian. The SAD is justified when
the additive noise distribution is Exponential (double or two-sided exponential).
Therefore, one can determine which metric to use by checking if the real noise
distribution is closer to the Gaussian or the Exponential. The common assump-
tion is that the real noise distribution should fit either the Gaussian or the

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 17-28, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Exponential, but what if there is another distribution which fits the real noise
distribution better? Toward answering this question, we have endeavored to use
international test sets and promising algorithms from the research literature.

In this paper, the problem of image retrieval using shape was approached
by active contours for segmentation and invariant moments for shape measure.
Active contours were first introduced by Kass et al. [1] and were termed snakes
by the nature of their movement. Active contours are a sophisticated approach
to contour extraction and image interpretation. They are based on the idea of
minimizing energy of a continuous spline contour subject to constraints on both
its autonomous shape and external forces derived from a superposed image that
pull the active contour toward image features such as lines and edges.

Moments describe shape in terms of its area, position, orientation, and other
parameters. The set of invariant moments [2] makes a useful feature vector for
the recognition of objects which must be detected regardless of position, size, or
orientation. Matching of the invariant moments feature vectors is computation-
ally inexpensive and is a promising candidate for interactive applications.

2 Active Contours and Invariant Moments

Active contours challenge the widely held view of bottom-up vision processes.
The principal disadvantage with the bottom-up approach is its serial nature; er-
rors generated at a low-level are passed on through the system without the possi-
bility of correction. The principal advantage of active contours is that the image
data, the initial estimate, the desired contour properties, and the knowledge-
based constraints are integrated into a single extraction process.

In the literature, del Bimbo et al. [3] deformed active contours over a shape
in an image and measured the similarity between the two based on the degree of
overlap and on how much energy the active contour has to spend in the defor-
mation. Jain et al. [1] used a matching scheme with deformable templates. Our
work is different in that we use a Gradient Vector Flow (GVF) based method [7]
to improve the automatic fit of the snakes to the object contours.

Active contours are defined as energy-minimizing splines under the influence
of internal and external forces. The internal forces of the active contour serve as
a smoothness constraint designed to hold the active contour together (elasticity
forces) and to keep it from bending too much (bending forces). The external
forces guide the active contour towards image features such as high intensity
gradients. The optimal contour position is computed such that the total energy
is minimized. The contour can hence be viewed as a reasonable balance between
geometrical smoothness properties and local correspondence with the intensity
function of the reference image.

Let the active contour be given by a parametric representation v(s) =
(2(s),y(s)), with s the normalized arc length of the contour. The expression
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for the total energy can then be decomposed as follows:

1

Erotal = / (Eint (0(5)) + Eimage (0(5))+ Feon (u(5))] ds (1)
0

where E;,; represents the internal forces (or energy) which encourage smooth
curves, Fjimqge represents the local correspondence with the image function,
and F.,, represents a constraint force that can be included to attract the contour
to specific points in the image plane. In the following discussions E.,, will be
ignored. Ejnage is typically defined such that locations with high image gradients
or short distances to image gradients are assigned low energy values.

2.1 Internal Energy

Eint is the internal energy term which controls the natural behavior of the active
contour. It is designed to minimize the curvature of the active contour and to
make the active contour behave in an elastic manner. According to Kass et al. [1]
the internal energy is defined as

2 2

dv(s) +8(s)

ds

d*v(s)
ds?

Eint(v(s)) = a(s) (2)

The first order continuity term, weighted by a(s), makes the contour behave
elastically, while the second order curvature term, weighted by ((s), makes it
resistant to bending. Setting ((s) = 0 at a point s allows the active contour
to become second order discontinuous at that point and to develop a corner.
Setting a(s) = 0 at a point s allows the active contour to become discontinuous.
Active contours can interpolate gaps in edges phenomena known as subjective
contours due to the use of the internal energy. It should be noted that a(s) and
((s) are defined to be functions of the curve parameter s, and hence segments of
the active contour may have different natural behavior. Minimizing the energy
of the derivatives gives a smooth function.

2.2 Image Energy

Eimage is the image energy term derived from the image data over which the
active contour lies and is constructed to attract the active contour to desired
feature points in the image, such as edges and lines. The edge based functional
attracts the active contour to contours with large image gradients - that is, to
locations of strong edges.

Eedge = - |VI($7y)‘ (3)
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2.3 Problems with Active Contours

There are a number of fundamental problems with the active contours and solu-
tions to these problems sometimes create problems in other components of the
active contour model.

Initialization. The final extracted contour is highly dependent on the position
and shape of the initial contour due to the presence of many local minima
in the energy function. The initial contour must be placed near the required
feature otherwise the contour can become obstructed by unwanted features
like JPEG compression artifacts, closeness of a nearby object, etc.

Non-convex shapes. How do we extract non-convex shapes without compen-
sating the importance of the internal forces or without a corruption of the
image data? For example, pressure forces [6] (addition to the external force)
can push an active contour into boundary concavities, but cannot be too
strong or otherwise weak edges will be ignored. Pressure forces must also
be initialized to push out or push in, a condition that mandates careful
initialization.

The original method of Kass et al. [1] suffered from three main problems: depen-
dence on the initial contour, numerical instability, and lack of guaranteed con-
vergence to the global energy minimum. Amini et al. [7] improved the numerical
instability by minimizing the energy functional using dynamic programming,
which allows inclusion of hard constraints into the energy functional. However,
memory requirements are large, being O(nm?), and the method is slow, being
O(nm?) where n is the number of contour points and m is the neighborhood size
to which a contour point is allowed to move in a single iteration. Seeing the diffi-
culties with both previous methods, Williams and Shah [3] developed the greedy
algorithm which combines speed, flexibility, and simplicity. The greedy algorithm
is faster O(nm) than the dynamic programming and is more stable and flexible
for including constraints than the variational approach of Kass et al. [1]. During
each iteration, a neighborhood of each point is examined and a point in the
neighborhood with the smallest energy value provides the new location of the
point. Iterations continue till the number of points in the active contour that
moved to a new location in one iteration is below a specified threshold.

2.4 Gradient Vector Flow

Since the greedy algorithm easily accommodates new changes, there are three
things we would like to add to it: (1) the ability to inflate the contour as well
as to deflate it, (2) the ability to deform to concavities, and (3) the ability to
increase the capture range of the external forces. These three additions reduce
the sensitivity to initialization of the active contour and allow deformation inside
concavities. This can be done by replacing the existing external force (image
term) with the gradient vector flow (GVF) [5]. The GVF is an external force
computed as a diffusion of the gradient vectors of an image, without blurring
the edges.
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Xu and Prince [5] define the gradient vector flow (GVF) field to be the
vector field v(i, j) = (u(i,j),v(4, 7)) which is updated with every iteration of the
diffusion equations:

wp it = (L= bigufy + (ufyy j +uf g +ufgy +ud oy —duly) +ei ;o (4)
1
ot = (L= i oty + (VP + 0f F ol ol — ) e (5)

where bi,j = Gl(l,])2 + Gj(i,j)z, C},j = biiji(’L}j), and Cij = biijj(@j) with G
and G; the first and the second elements of the gradient vector.

The second term in (4) and (5) is the Laplacian operator. The intuition
behind the diffusion equations is that in homogeneous regions, the first and
third terms are 0 since the gradient is 0, and within those regions, v and v
are each determined by Laplace equation. This results in a type of "filling-in” of
information taken from the boundaries of the region. In regions of high gradient v
is kept nearly equal to the gradient.

Creating GVF field yields streamlines to a strong edge. In the presence of
these streamlines, blobs and thin lines in the way to strong edges do not form
any impediments to the movement of the active contour. It can be considered
as an advantage if the blobs are in front of the shape, nevertheless it can be
considered as a disadvantage if the active contour enters the silhouette of the
shape.

2.5 Invariant Moments

Perhaps the most popular method for shape description is the use of invariant
moments [2] which are invariant to affine transformations. In the case of a digital
image, the moments are approximated by

Mpq = Z pryqf(x, Y) (6)

where the order of the moment is (p+¢), = and y are the pixel coordinates relative
to some arbitrary standard origin, and f(x,y) represents the pixel brightness.

To have moments that are invariant to translation, scale, and rotation, first
the central moments p are calculated

:U’PQZZ Z(LL' - f)p(y - y)qf(x7 y)7 52@7 y:@ (7)

Further, the normalized central moments 7 are calculated

% (p+aq)
npq Pq )\ _

Moo 2

,p+q=>2 (8)

From these normalized parameters a set of invariant moments {¢} found by
Hu [2], can be calculated. The 7 equations of the invariant moments contain
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terms up to order 3:
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Global (region) properties provide a firm common base for similarity measure
between shapes silhouettes where gross structural features can be characterized
by these moments. Since we do not deal with occlusion, the invariance to position,
size, and orientation, and the low dimensionality of the feature vector represent
good reasons for using the invariant moments in matching shapes. The logarithm
of the invariant moments is taken to reduce the dynamic range.

3 Maximum Likelihood Approach

In the previous sections we were discussing about extracting the shape informa-
tion in a feature vector. In order to implement a content-based retrieval appli-
cation we still need to provide a framework for selecting the similarity measure
to be used when the feature vectors are compared.

In our previous work [9], we showed that the maximum likelihood theory
allows us to relate a noise distribution to a metric. Specifically, if we are given the
noise distribution then the metric which maximizes the similarity probability is

M
Zp(ni) (10)
i=1

where n; represents the i*" bin of the discretized noise distribution and p is the
maximum likelihood estimate of the negative logarithm of the probability density
of the noise. Typically, the noise distribution is represented by the difference
between the corresponding elements given by the ground truth.

To analyze the behavior of the estimate we take the approach described
n [10] and based on the influence function. The influence function characterizes
the bias that a particular measurement has on the solution and is proportional
to the derivative, v, of the estimate

(11)
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In the case where the noise is Gaussian distributed:
P(n;) ~ exp(—niQ) (12)

then,
p(z) = 2* and Y(z) ==z (13)

If the errors are distributed as a double or two-sided exponential, namely,
P(n;) ~ exp(—|ni|) (14)

then,
pz) =1z and  %(z) =sen(z) (15)

In this case, using (10), we minimize the mean absolute deviation, rather
than the mean square deviation. Here the tails of the distribution, although
exponentially decreasing, are asymptotically much larger than any corresponding
Gaussian.

A distribution with even more extensive tails is the Cauchy distribution,

a

P ~ e

(16)
where the scale parameter a determines the height and the tails of the distribu-
tion.

This implies

z2\ 2 z
p(z) = log (1 + (a) ) and () = ——— (17)

For normally distributed errors, (13) says that the more deviant the points,
the greater the weight. By contrast, when tails are somewhat more prominent,
as in (14), then (15) says that all deviant points get the same relative weight,
with only the sign information used. Finally, when the tails are even larger, (17)
says that ¢ increases with deviation, then starts decreasing, so that very deviant
points - the true outliers - are not counted at all.

Maximum likelihood gives a direct connection between the noise distribu-
tions and the comparison metrics. Considering p as the negative logarithm of
the probability density of the noise, then the corresponding metric is given by
Eq. (10).

Consider the Minkowski-form distance L, between two vectors 2 and y:

Ly(z,y) = (Z |z — yi|p> P (18)

i

If the noise is Gaussian distributed, so p(z) = 22, then (10) is equivalent
to (18) with p = 2. Therefore, in this case the corresponding metric is L.
Equivalently, if the noise is Exponential, so p(z) = |z|, then the corresponding
metric is L1 (Eq. (18) with p = 1). In the case the noise is distributed as a
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Cauchy distribution with scale parameter a, then the corresponding metric is no
longer a Minkovski metric. However, for convenience we denote it as L.:

Le(a,y) = Zi:log (1 n <%>2> (19)

In practice, the probability density of the noise can be approximated as
the normalized histogram of the differences between the corresponding feature
vectors elements. For convenience, the histogram is made symmetric around zero
by considering pairs of differences (e.g., © —y and y — x). Using this normalized
histogram, we extract a metric, called mazimum likelihood (ML) metric. The
ML metric is given by Eq. (10) where p(n;) is the negative logarithm of P(n;):

p(ni) = —log(P(n;)). (20)

The ML metric is a discrete metric extracted from a discrete normalized
histogram having a finite number of bins. When n; does not exactly match
any of the bins, for calculating P(n;) we perform linear interpolation between
P(nins) (the histogram value at bin 7, ) and P(ng,,) (the histogram value at
bin ngyp), where ni,p and ng,, are the closest inferior and closest superior bins
to n;, respectively:

P(ny) = Newp = 1) P(ing) & (i = Ning ) P(Misup) (21)

Nsup — Ninf

4 Experiments

We assume that representative ground truth is provided. The ground truth is
split into two non-overlapping sets: the training set and the test set. First, for
each image in the training set a feature vector is extracted. Second, the real noise
distribution is computed as the normalized histogram of differences from the
corresponding elements in feature vectors taken from similar images according
to the ground truth. The Gaussian, Exponential, and Cauchy distributions are
fitted to the real distribution. The Chi-square test is used to find the fit between
each of the model distributions and the real distribution. We select the model
distribution which has the best fit and its corresponding metric Ly is used in
ranking. The ranking is done using only the test set.

It is important to note that for real applications, the parameter in the Cauchy
distribution is found when fitting this distribution to the real distribution from
the training set. This parameter setting would be used for the test set and any
future comparisons in that application.

As noted in the previous section, it is also possible to create a metric based
on the real noise distribution using maximum likelihood theory. Consequently,
we denote the maximum likelihood (ML) metric as (10) where p is the nega-
tive logarithm of the normalized histogram of the absolute differences from the
training set. Note that the histogram of the absolute differences is normalized
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Fig. 1. Example of images of one object rotated with 60°

to have area equal to one by dividing the histogram by the total number of ex-
amples in the training set. This normalized histogram is our approximation for
the probability density function.

For the performance evaluation let Q1,---, Q, be the query images and for
the i-th query Q;, 7 gi), cee ,Iﬁf} be the images similar with Q; according to the
ground truth. The retrieval method will return this set of answers with various
ranks. As an evaluation measure of the performance of the retrieval method we
used recall vs. precision at different scopes: For a query Q; and a scope s > 0,
the recall r is defined as \{Ilg-l) \rank:(Iy)) < s}|/m, and the precision p is defined
as |{I§Z)\rank(fgl)) < s}|/s.

In our experiments we used a database of 1,440 images of 20 common house
hold objects from the COIL-20 database [11]. Each object was placed on a
turntable and photographed every 5° for a total of 72 views per object. Ex-
amples are shown in Fig. 1.

In creating the ground truth we had to take into account the fact that the
images of one object may look very different when an important rotation is con-
sidered. Therefore, for a particular instance (image) of an object we consider as
similar the images taken for the same object when it was rotated within £ x 5°.
In this context, we consider two images to be r-similar if the rotation angle of
the object depicted in the images is smaller than r x 5°. In our experiments we
used r = 3 so that one particular image is considered to be similar with 6 other
images of the same object rotated within +15°. We prepared our training set by
selecting 18 equally spaced views for each object and using the remaining views
for testing.

The first question we asked was, ” Which distribution is a good approximation
for the similarity noise distribution?” To answer this we needed to measure the
similarity noise caused by the object rotation and depending on the feature ex-
traction algorithm (greedy or GVF). The real noise distribution was obtained as
the normalized histogram of differences between the elements of feature vectors
corresponding to similar images from the training set.

Fig. 2 presents the real noise distribution obtained for the greedy algorithm.
The best fit Exponential had a better fit to the noise distribution than the
Gaussian. Consequently, this implies that L; should provide better retrieval
results than Lo. The Cauchy distribution is the best fit overall, and the results
obtained with L. should reflect this. However, when the maximum likelihood
metric (ML) extracted directly from the similarity noise distribution is used we
expect to obtain the best retrieval results.
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p0.08 - p0.08

-0.45 0 0.45 -0.45
(a) Gauss (b) Exponential (¢) Cauchy (a=2.43)

Fig. 2. Similarity noise distribution for the greedy algorithm compared with (a)
the best fit Gaussian (approximation error is 0.156), (b) the best fit Exponential
(approximation error is 0.102), and (c) the best fit Cauchy (approximation error
is 0.073)

In the case of GVF algorithm the approximation errors for matching the
similarity noise distribution with a model distribution are given in Table 1. Note
that the Gaussian is the worst approximation. Moreover, the difference between
the Gaussian fit and the fit obtained with the other two distributions is larger
than in the previous case and therefore the results obtained with Lo will be much
worse. Again the best fit by far is provided by the Cauchy distribution.

Table 1. The approximation error for matching the similarity noise distribution
with one of the model distributions in the case of GVF algorithm (for Cauchy
a=3.27)

Gauss |Exponential |Cauchy
0.0486 0.0286 0.0146

The results are presented in Fig. 3 and Table 2. In the precision-recall graphs
the curves corresponding to L. are above the curves corresponding to Ly and Lo
showing that the method using L. is more effective. Note that the choice of the
noise model significantly affects the retrieval results. The Cauchy distribution
was the best match for the measured similarity noise distribution and the results
in Table 2 show that the Cauchy model is more appropriate for the similarity
noise than the Gaussian and Exponential models. However, the best results
are obtained when the metric extracted directly from the noise distribution is
used. One can also note that the results obtained with the GVF method are
significantly better than the ones obtained with the greedy method.

In summary, L. performed better than the analytic distance measures, and
the M L metric performed best overall.
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Precision
wul

0.5 1 0.5 1
Recall Recall

Fig. 3. Precision/Recall for COIL-20 database using the greedy algorithm (for L.
a=2.43) (left) and the GVF algorithm (for L. a=3.27) (right)

Table 2. Precision and Recall for different Scope values

Precision Recall
Scope 6 10 | 25 5 10 | 25
Lo 0.425]0.258]0.128]0.425|0.517|0.642
L1 0.45 (0.271]0.135| 0.45 |0.542|0.675
Greedy | L. a=2.43[0.466[0.279(0.138]0.466]0.558]0.692
ML 0.525(0.296|0.146|0.525(0.592{0.733

Lo 0.46 |10.280(0.143| 0.46 |0.561|0.707
Ly 0.5 ]0.291]0.145| 0.5 ]0.576|0.725
GVF | L. a=3.27|0.533|0.304(0.149{0.533]0.618|0.758
ML 0.566(0.324|0.167|0.566|0.635|0.777

5 Conclusions

In this paper we showed that the GVF based snakes give better retrieval results
than the traditional snakes. In particular, the GVF snakes have the advantage
in that it is not necessary to know apriori whether the snake must be expanded
or contracted to fit the object contour. Furthermore, the GVF snakes have the
ability to fit into concavities of the object which traditional snakes cannot do.
Both of these factors resulted in significant improvement in the retrieval results.

We also addressed the problem of finding the appropriate metric to use
for computer vision applications in shape based retrieval. From our experi-
ments, Lo is typically not justified because the similarity noise distribution is
not Gaussian. We showed that better accuracy was obtained when the Cauchy
metric was substituted for the Ly and L;. Minimizing the Cauchy metric is op-
timal with respect to maximizing the likelihood of the difference between image
elements when the real noise distribution is equivalent to a Cauchy distribution.
Therefore, the breaking points occur when there is no ground truth, the ground
truth is not representative, or when the real noise distribution is not a Cauchy
distribution. We also make the assumption that one can measure the fit between
the real distribution and a model distribution, and that the model distribution
which has the best fit should be selected. We used the Chi-square test as the
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measure of fit between the distributions, and found in our experiments that it
served as a reliable indicator for distribution selection.

In conclusion, we showed that the prevalent Gaussian distribution assump-

tion is often invalid, and we proposed the Cauchy metric as an alternative to
both L; and L. In the case where representative ground truth can be obtained
for an application, we provided a method for selecting the appropriate metric.
Furthermore, we explained how to create a maximum likelihood metric based on
the real noise distribution, and in our experiments we found that it consistently
outperformed all of the analytic metrics.
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Abstract. We propose a new approach for semantics-based image retrieval. We
use color-texture classification to generate the codebook which is used to segment
images into regions. The content of a region is characterized by its self-saliency
and the lower-level features of the region, including color and texture. The con-
text of regions in an image describes their relationships, which are related to their
relative-saliencies. High-level (semantics-based) querying and query-by-example
are supported on the basis of the content and context of image regions. The ex-
perimental results demonstrate the effectiveness of our approach.

1 Introduction

Although the content-based image retrieval (CBIR) techniques based on low-level fea-
tures such as color, texture, and shape have been extensively explored, their effective-
ness and efficiency are not satisfactory. The ultimate goal of image retrieval is to provide
the users with the facility to manage large image databases in an automatic, flexible and
efficient way. Therefore, image retrieval systems should be armed to support high-level
(semantics-based) querying and browsing of images.

The basic elements to carry semantic information are the image regions which cor-
respond to semantic objects, if the image segmentation is effective. Most approaches
proposed for region-based image retrieval, although successful in some aspects, could
not integrate the semantic descriptions into the regions, therefore cannot support the
high-level querying of images. After the regions are obtained, proper representation of
the content and context remains a challenge.

In our previous work [ 7], we used color-texture classification to generate the seman-
tic codebook which is used to segment images into regions. The content and context of
regions were then extracted in a probabilistic manner and used to perform the retrieval.
The computation of the content and context needed some heuristic weight functions,
which can be improved to combine visual features. In addition, when retrieving im-
ages, users may be interested in both semantics and some specific visual features of
images. Thus the content and context of image regions should be refined to incorpo-
rate different visual features. The saliencies of the image regions [2], [3], [6] represent
the important visual cues of regions, therefore can be used to improve our previous
method. In this paper, we will introduce an improved image-retrieval method, which
incorporates region saliency to the definition of content and context of image regions.

The saliencies of regions have been used to detect the region of interest (ROI).
In [6], saliency was further categorized as self-saliency and relative-saliency. Self-
saliency was defined as “what determines how conspicuous a region is on its own”,

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 29-37, 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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Fig. 1. System design of our approach

while relative-saliency was used to measure how distinctive the region appears among
other regions. Apparently, saliencies of regions represent the intrinsic properties and
relationships for image regions.

Our approach consists of three levels. At the pixel level, color-texture classification
is used to form the semantic codebook. At the region level, the semantic codebook is
used to segment the images into regions. At the image level, content and context of
image regions are defined and represented on the basis of their saliencies to support the
semantics retrieval from images. The three levels are illustrated in Figure 1.

The remainder of the paper is organized as follows. From Section 2 to Section 5,
each step of our approach is elaborated. In Section 6 experimental results will be pre-
sented, and we will conclude in Section 7.

2 Image Segmentation

2.1 Generation of the Semantic Codebook

We generate the semantic codebook by using color-texture classification to classify
the color-texture feature vectors for pixels in the images into cells in the color-texture
space. About the color-texture feature vectors for each pixel, the three color features
we choose are the averaged RGB values in a neighborhood and the three texture fea-
tures are anisotropy, contrast and flowOrEdge. Anisotropy measures the energy com-
parison between the dominant orientation and its orthogonal direction. Contrast reflects
the contrast, or harshness of the neighborhood. FlowOrEdge can distinguish whether
an 1D texture is a flow or an edge. (See [7] for detailed description of these values).
The color and texture feature vectors are denoted as Colorpy and Texturery, respec-
tively. Therefore for each pixel, we have a six-dimensional feature vector where three
dimensions are for color, and three for texture. The color-texture classification is per-
formed in the following way: by Colorry, the color space is uniformly quantized into
4 x4 x4 = 64 classes; by Texturery, texture space is classified into 7 classes: one
class for low contrast and edge, respectively; two classes for flow and three for 2D
texture. Formal definition of these classes can be found in [7]. Because edges can-
not reflect the color-texture characteristics of image regions semantically, we clas-
sify all the pixels, except those pixels corresponding to edges, to 6 texture classes
LowContrast,2Dy,2Dy,2D;, Flowy, Flow;. Corresponding to T (T = 6) texture classes
and C(C = 64) color classes, we now split the color-texture space (denoted as CT'S, ex-
cluding the pixels on the edges) to C x T cells.
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We then define the major semantic categories based on the semantic constraints of
the images in the database: SC = {scy, ....,scy - For each semantic category SC;, certain
number of images are chosen to be the training images such that the semantic codebook
generated from them can represent as much as possible the color-texture characteristics
of all images in the database belonging to the SC. The set of all pixels in the training
images, except those in class Edge, is denoted as TrainingPixels. For each pixel in
TrainingPixels, its feature vector will fall into one cell of CT'S. After all the pixels in
TrainingPixels are classified, for each cell in CTS we count the number of pixels in
it. Only those cells whose number of pixels exceeds a threshold will be one entry of
the semantic codebook of the that database. Therefore the size of semantic codebook
will be less or equal to C x T'. In the following discussion, we use SCDB to denote the
semantic codebook for color-texture space, and suppose its size is N.

2.2 Image Segmentation Based on Semantic Codebook

We segment images by SCDB in this way: for each image I, we extract the color-texture
feature vector for each pixel g of I. For each feature vector, we find the cell in CT'S
where the pixel belongs to. If the cell is one of SCDB’s entries, ¢ is replaced with the
index of that entry; otherwise its value is set to C x T 41 to distinguish it from any
valid entry of the semantic codebook. After the process, I becomes a matrix of indices
corresponding to entries in SCDB. Because the number of valuable regions in an image
is usually less than 5 in our experiments, we only choose 5 most dominant indices
(referred as DOMINANT) and use DOMINANT to re-index the pixels with indices not
present in DOMINANT . Finally we run the encoded images through a connected-
components algorithm and remove the small regions (with area less than 200 pixels).

3 Representation of Saliency for Regions and Semantic Categories

As stated before, saliency features of the regions can be either self-saliency or relative-
saliency. Self-saliency features are computed by the visual features of the regions.
Relative-saliency features are computed by taking the value of a feature for the cur-
rent region and comparing it with the average value of that feature in the neighboring
regions. Gaussian and Sigmoid functions are used to map the feature values to the inter-
val [0, 1] for the purpose of normalization and integration of different saliency features.
Self and relative-saliency features we are using include:

(1) Self-saliency features of image regions:

— Size (Ssize): Ssize(Ri) = max(f#, 1.0). Here A(R;) is the area of region R;
and A, 1S a constant used prevénfﬁ excessive saliency being given to very large
regions. It was shown in [3] that larger regions are more likely to have larger
saliency. However a saturation points exists, after which the size saliency levels
off. Ajax 1s set to the 5% of the total image area. The value is in the interval

[0, 1].

I re-index means to find the closest codebook entry in DOMINANT, not in the whole SCDB.
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major_axis(R;)

. . . A Gaussian function
minor_axis(R;)

— Eccentricity (Secce, for shape): Secce(Ri) =
maps the value to the interval [0, 1].

— Circularity (Scire, for shape): Scirc(R;) = Pzé(lg’j)z. Here Peri(R;) is the perime-
ter of the region R; and a Sigmoid function maps the value to the interval [0, 1].

— Perpendicularity (S perp, for shape): Sperp(Ri) = %ﬁamm")). A Sigmoid
function maps the value to the interval [0, 1].

— Location (Sipea): Sioea(Ri) = %1;(-)&)' Here center(R;) is the number of pixels
in region R; which are also in the center 25% of the image.
(2) Relative-saliency features of image regions: similar to [2], relative-saliency features

are computed as:

1 — t .
(Relative — saliency),f:amre = |fearureg, — featurer,|
i featureg,

R/ENR,i /O

Here NR refers to the neighboring regions. We use Brightness and Location as
the features and compute Relative brightness and relative location as the relative-
saliency features in the system. The values are mapped to interval [0, 1] using Sig-
moid functions.

(3) Combining self and relative-saliency to generate the saliency of the regions and se-

mantic categories: It is not necessary that all the saliency features will be used for
each semantic categories. We choose particular saliency feature(s) to represent the
most dominant visual features of each semantic categories, if possible. For instance,
assume we have a category “water falls”. We will use Eccentricity and Perpendicu-
larity as well as Relative brightness for the saliency features because usually “water
falls” will be long and narrow, and can be approximately described as perpendic-
ular to the ground. Another example is the category “flower”, the Circularity and
Location as well as Relative brightness are used since usually flower will be round
and in the middle of the images and brighter compared with surrounding scenes.
A table in Section 6 lists the selection of the saliency features for all the semantic
categories we have in the system.
Because all the self and relative-saliency values are normalized to the interval [0,
1], we can simply add them together as the Saliency of the region with regard to a
certain semantic category, denoted as Sal(R;,SC;), for the region R; and the seman-
tic category SC;. For all the regions in training images that represent the semantic
category SC;, we calculate the mean and variance of their saliency and store them
as the Saliency of the semantic category, denoted as u; and 6 for the SC;.

4 Representation of Content and Context of Regions

By collecting the statistical data from the training images, we derive the logic to repre-
sent the content and context for all the images in the database for the semantics retrieval.
We first generate the statistical data from the training images. For each entry ¢; in the
semantic codebook SCDB, and each semantic category SC;, we count the number of re-
gions R in the training images such that (i) the pixels in R belong to ¢; (e; is a cell in the
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CT'S); and (ii) the region R represents an object belong to the category SC;. The result
is stored in a table called cell-category statistics table. In addition, we count the times
that two or three different categories present in the same training images. The result is
stored in a table, called category-category statistics table.

Based on the cell-category statistics table, for each codebook entry of SCDB, we
can calculate its probability of representing a certain semantic category. Let N be the
size of SCDB, M be the number of SC, i — SCj,i € [0..N — 1], j € [0...M — 1] denote
the event that index of SCDB i represents semantics described in SC;. The probability of

. . . _ T(i—SC))
the event i — SC; is P(i — SCj) = O
times in the training images.
Based on the category-category statistics table, we define the Bi-correlation factor
and Tri-correlation factor, for representing the context of regions.

, where T'(e) represents event e’s presence

Definition 1 For any two different semantic categories SC; and SC;, we define the Bi-
. . . R n;, J
correlation factor B; j as: B; j = ;45— Ty
Definition 2 For any three different semantic categories SC;, SC; and SCy, we define the
i i . ST, — Mijk T -

Tri-correlation factor 7; ;  as: 7; jx = ;- e T T e Here n;, n; j and n; j 1
are entries in the category-category statistics table. Bi and Tri-correlation factors reflect
the correlation between two or three different categories within the scope of training
images. If the training images are selected suitably, they reflect the relationship of pre-
defined semantic categories we are interested in.

Armed with the statistical data we have generated from training images, we can
define and extract content and context of regions for all the images in the database.
Assume we have an image / with number of Q regions. The SCDB’s codebook indices
of regions are C;,i € [0...Q — 1], and regions are represented by R;,i € [0...0 — 1], and
each C; is associated with iy possible semantic categories SCiy oty € [0..N—1],j(i) €

[0...iy — 1}2. For I, let P, be the set of all possible combinations of indices of semantic
categories represented by regions R;,i € [0...0 — 1]. We have

Pair = {(0j0): -+ 10>+ @ = Ljig-1)) | Vi, P(Ci = 8Cyyy ) > 0, €[0..0 — 1],

Note there are totally Hl.Q;()l iy possible combinations for P,;;, therefore P,;; has Hl.Q;()l iN
tuples of semantic categories indices, with each tuple having Q fields.

Corresponding to each tuple K € Py, for Q >= 2 we have B(K) = ¥, s« p<gBp.g>
K € Py, and for Q >= 3 we have T(x) = ¥, ; rex p<g<r Ipqr» K € Pay. Here p,q,r
are the indices belonging to tuple K, B(x) represents the sum of Bi-correlation factors
of different semantic categories with regard to tuple «, and T (k) represents the sum of
Tri-correlation factors of different semantic categories with regard to tuple x.

Definition 3 We define Context Cs,, () of I as: Cscore(K) ﬁ (B(x)+BT(x)),

= Norm
K € P,y here Norm(k) is the normalization function with tuple «, B is the weight for

2 N is the size of SCDB
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T (x), since T (k) will be more effective in distinguishing contexts of images than B(k)?.
We normalize the Cs,r. because several region indices may point to the same semantic
category, we need to guarantee that removal the redundant semantic category will not
influence the effectiveness of Csepre.

Definition 4 We define ProbScore Ps.r (k) of I as: Pscore(x) = X2 w(R;, SC;))
P(C; — SC,-J.), ij € K,K € Py Pscore() represents the probability score corresponding
to tuple x, here w(R;, SC,-J.) is the weight function with regard to region R; and semantic
category SC;;, it can be determined by using the saliency of the region and the semantic
category:

1 —~(Sal(R;,SCi)~pi)? /20?/_

e
Gi,V 27

where Sal (R,~,SC,~].) is the saliency of region R; with regard to the semantic category
SC; s Mij and o; ; are the saliency of the semantic category SC; -

W(R,',SC,'j) =

Definition 5 We define the TotalScore Ty, of image I as Tscore = Max{Pscore(K) +
YCscore(K) | X € Py} where Max{t} represents the maximum value of value .

Definition 6 We define the Content of image / as the semantic categories correspond-
ing to Tscore- By computing the maximum value of Pseore () + YCscore (K) over all tuples
in Py, we find the semantic categories that best interpret the semantics of the regions
in image I as the Content of I. We store the Content, Tsqoro and the each region’s SCDB
codebook index and saliency as the final features for /. Note that for those regions
whose codebook indices are invalid corresponding to semantic codebook, we will mark
its semantic category as “UNKNOWN™.

5 Semantics Retrieval

Both semantic keyword query and query-by-example are supported in our approach.
According to the submitted semantic keywords (corresponding to semantic categories),
the system will first find out those images that contain all of the categories (denoted
as set RI), then rank the documents by sorting the s, stored for each image in the
database. For those images belonging to RI that has “UNKNOWN?” category, its Tscore
will be multiplied by a diminishing factor. When user submits the query-by-example, if
the query image is in the database, its Content will be used as query keywords to per-
form the retrieval, otherwise it will first go through the above steps to obtain the Content
and Ts.or.. When users are interested in retrieving images with not only same seman-
tics, but also the similar visual features as the query, Euclidean distance of saliency
value will be calculated between the query image Q and image / in RI:

w—1

d(1,0) =/ Y. (Sal(Izi,SC;) — Sal(Qi, SC}))?
i=0

3 In our experiments, we select B = 10.
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Here assume Q has W regions and I’s region Ig; has same semantic category SC;
with Q’s region Qg;. d(I,Q) indicates the distance of saliency between I and Q and
therefore can be used to fine tune Tsqyre.

6 Experiments

To test the effectiveness of our approach in retrieving the images, we conduct experi-
ments to compare the performance between our approach (with and without using the
saliency features) and the traditional CBIR techniques including Keyblock [1], color
histogram [5], color coherent vector [4]. The comparison is made by the precisions and
recalls of each method on all the semantic categories. In the following table, we define
10 semantic categories and list the saliency features adopted for each semantic category
as “Y”, otherwise as “N”. Abbreviations represent the saliency features: S—Size, E—
Eccentricity, C—Circularity, P-Perpendicularity, L-Location, RB—Relative brightness,
RL-Relative location.

Category Explanation No. in db|S|E|C|P|L|RB|RL
SKY Sky (no sunset) 1323 |ININ|ININ|Y| N |Y
WATER Water 474 ININININ|Y|N |Y
TREE_GRASS |Tree or Grass 778 |Y|IN|INININ|Y |N
FALLS_RIVER |Falls or Rivers 144 |N|Y|N|YIN| Y |N
FLOWER Flower 107 |NIN|Y|IN|Y|Y |N
EARTH_ROCK|Earth or Rocks or

_MOUNTAIN |Mountain composed of] 998 |Y|NININ[N| N |Y
ICE_SNOW Ice or Snow or

-MOUNTAIN |Mountain composed of| 204 |YNINININ|N |Y
SUNSET Sunset scene 619 |IN|N|N|N|N| Y | N
NIGHT Night scene 171 |Y|N|N|N|Y| N |N
SHADING Shading 1709 |NININ|N|N| N | N

We use an image database with name COREL and size 3865. The COREL images can
be considered as scenery and non-scenery. Scenery part has 2639 images consisting im-
ages containing the defined semantic categories, while non-scenery part has 1226 im-
ages including different kinds of textures, indoor, animals, molecules, etc. We choose
251 training images from scenery images as training images and form the semantic
codebook with size 149. For each semantic category SC;, we calculate and plot the
precision-recall of our approach in the following way. Let RETRIEVELIST denote the
images retrieved with SC;. Suppose RETRIEVELIST has n images. We calculate the
precisions and recalls of first %, %, .... , and n images in RETRIEVELIST, respec-
tively.

Since traditional CBIR approaches accepts only query-by-example, we have to
solve the problem of comparing the approach of query-by-semantics with query-by-
example. Let us take Keyblock as the example of traditional CBIR to show how we
choose query sets and calculate the precision-recall for these methods. Suppose user
submits a semantic keyword query of semantic category of Sky. There are total of 1323
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images in COREL containing Sky. For each image containing Sky, we use it as a query
on COREL to select top 100 images by Keyblock, and count the number of images con-
taining Sky in the retrieved set. Then we sort the 1323 images descendingly by the num-
bers of Sky images in their corresponding retrieved sets. Let the sorted list be SKYLIST .
Then we select the first 5% of SKYLIST as query set, denoted as QUERYSET. Then
for each COREL image I, we calculate shortest distance to QUERYSET — {I} by Key-
block #. The COREL images are sorted ascendantly by this distance. Top 1323 COREL
images are retrieved and we calculate and plot the precision-recall of Keyblock on Sky,
as we did for our approach.

The average precision-recall on all semantic categories is shown in Figure 2. We can
see our method outperforms traditional approaches and retrieval performance improves
when saliency features are used.

Average Precision—Recall on COREL

T T T
—7— Our Approach (New result)
—+- Our Approach (Old result)
—+ Keyblock
A~ Color Coherent Vector

- Color Histogram

PRECISION
o
3
T

L L L
0.1 0.2 0.3 0.4
RECALL

Fig. 2. Average Precision-recall on all the SCs

7 Conclusion

The saliency of image regions, which describes the perceptual importance of the re-
gions, is used for the semantics-based image retrieval. It helps refine the content and
context of regions to represent the semantics of regions more precisely. The experi-
mental results show that our approach outperforms the traditional CBIR approaches we
compared with.

4 images in the QU ERY SET will have distance zero to QUERY SET . Thus the query images will
be automatically be retrieved as the top 5% images, which is unfair when making comparison.
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Abstract. To demonstrate the performance of content-based image re-
trieval systems (CBIRSSs), there is not yet any standard data set that is
widely used. The only dataset used by a large number of research groups
are the Corel Photo CDs. There are more than 800 of those CDs, each
containing 100 pictures roughly similar in theme. Unfortunately, basi-
cally every evaluation is done on a different subset of the image sets thus
making comparison impossible.

In this article, we compare different ways of evaluating the performance
using a subset of the Corel images with the same CBIRS and the same set
of evaluation measures. The aim is to show how easy it is to get differing
results, even when using the same image collection, the same CBIRS
and the same performance measures. This pinpoints the fact that we
need a standard database of images with a query set and corresponding
relevance judgments (RJs) to really compare systems.

The techniques used in this article to “enhance” the apparent perfor-
mance of a CBIRS are commonly used, sometimes described, sometimes
not. They all have a justification and seem to change the performance of
a CBIRS but they do actually not. With a larger subset of images it is
of course much easier to generate even bigger differences in performance.
The goal of this article is not to be a guide of how to make the “apparent”
performance of systems look good, but rather to make readers aware of
CBIRS evaluations and the importance of standardized image databases,
queries and RJ.

1 Introduction

The Corel Photo CDs have been used in many publications to demonstrate
the performance of content-based image retrieval systems (CBIRSs) and has
become a de-facto standard in the field [10,19,28,26,25,3,27,18,2,12]. Some-
times the Corel images are mixed with other images [6]. Unfortunately, Corel
(http://wuw.corel.com/) does not only offer one set of images but a collection
of more than 800 Photo CDs containing 100 images each of a certain theme
but also differently compiled collections of smaller-sized images with sets of sev-
eral thousand images grouped into same-subject groups [28]. Even people of the
same research lab presenting at the same conference often use completely differ-
ent sets of images from the Corel collection to evaluate their systems [13,10,19].
This makes it very hard to compare the performance of systems as different

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 38-49, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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groups of images can be either very easy or hard to separate from one another,
depending on the images they contain. When having a large number of image
sets, it does make sense to compile a collection of images with groups where each
one contains a distinct feature, so they can be separated easily and the perfor-
mance of a system looks better (sunsets, planes on a blue sky, divers, deserts
images, ...).

Once a collection is compiled, a decision has to be taken as to which images
to chose as query images. Here, it is important to chose images that represent
a group well and not images that differ from all other images within the group.
Sometimes, the first image is taken [15] but mostly nothing is said about the
process of selecting a query image [26,18] or it is selected by hand [5,12] or
randomly [10]. Both these options leave a lot of room for choosing the images as
query images that perform best for a given system, which, as we will show, can
improve the performance enormously (Section 3.3). Often, more than one image
of a class is chosen as query image [12,5].

Although the Corel sets contain images of the same subject, many groups
contain a few images that are visually dissimilar. It does make sense to keep
these images out of the relevance sets for a query as they will make the perfor-
mance look bad, although it was only a few visually dissimilar pictures that were
not found. Thus, often a subset of the images is chosen to be in the relevance
group [5,26]. Sometimes the entire grouping of Corel is discarded and a new
grouping is done [18,28] which basically means that the developers can decide
upon the performance of the system under evaluation. This can also be done
by choosing easy-to-separate groups. Basically all researchers use a small subset
of the images. Choosing the easiest subsets can drastically improve the perfor-
mance as shown in Sections 3.5 and 3.6. In [27], the system developers judge the
results themselves after every query step, which makes all results irreproducible.

One of the problems with using the groupings of the Corel collection as
relevance judgments (RJs) is that the grouping does not always comply with
what a human might chose visually as a good result for this group. What we
really would like to evaluate from a CBIRS, is how well its response fits with what
a human would expect to be returned as a result. Humans are subjective and
have different opinions [24]. Thus, it might be sensible to use real user judgments
as a basis for evaluation, as done in [23].

The problem induced by the fact that retrieving images from small sets is
easier than from large collections has already been mentioned in [24] where a
correction for discounting the chance factor was proposed. Similarly, the use of
generality in [8] leads to appropriate measures to compare the retrieval quality
when the database and relevance sets have a varying size. The normalized aver-
aged rank proposed in [16] shows to be effective for comparing the performance
when removing unused images (Section 3.6).

In Section 2, we shortly describe the CBIRS we used for our experiments.
Section 3 explains the infrastructure of the system evaluation setup and shows
the results of the different techniques to prune the performance of a system. As
shown beforehand, all these techniques are common practices in CBIR evalua-
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tion. This highlights the need for a standard testbed for benchmarking because
otherwise results are incomparable and researchers can basically choose the per-
formance of their system by compiling a set of nice images plus friendly query
images and corresponding groundtruth.

There is a large need for a common, freely-available image database
plus standard queries and RJs for these queries. The Benchathlon
(http://www.benchathlon.net/) is an iniative that tries to compile an image
database and a testbed for evaluation. It is very important to support such an
iniative and help to build databases and ground truth to get serious with bench-
marking in CBIR. In other areas, such as in text retrieval, standard databases
exist since the 1960s [4] and the TREC (Text REtrieval Conference) is doing a
standard evaluation every year since 1992 [7].

2 The Viper System

For the validation of our approach, we use the Viper (http://viper.unige.ch/)
system, which has been developed at the University of Geneva. A stable version
called GIFT (GNU Image Finding Tool, http://www.gnu.org/software/gift/)
can be downloaded free of charge. The system is described in more detail in
[23,17].

The main difference between GIFT and other systems is the usage of more
than 85,000 possible features. Most images contain between 1,000 and 2,000
of theses features. The access method to the features is the inverted file, which
is the most common access method used in text retrieval (TR). The system
implements four different groups of image features:

— A global color histogram based on the HSV color space corresponding roughly
to the human color perception [21];

— local color blocks at different scales for fixed-size regions by using the mode
color for each of the fixed blocks; the image is successively partitioned into
four equally sized blocks and each block is partitioned again four times;

— global texture characteristics are represented by the histograms of the re-
sponse to Gabor filters of different frequencies and directions; Gabor filters
are known to be a good model for the human perception of edges [14];

— local Gabor filters at different scales and in different regions by using the
smallest blocks of the local color features and applying Gabor filters with
different directions and scales to these blocks.

3 Results

3.1 Technical Infrastructure and Images Used

Unfortunately, we only have access to a small subset of images from the Corel
Photo CDs, containing 61 different groups of 100 images each. They do not
contain the groups most often used by other systems and also relatively easy to
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query such as “sunsets”, “tigers”, “eagles on the sky”. We are thus limited with
the upper performance we can reach, but in the following sections it will become
clear that even with a small subset the apparent performance can be boosted.

For evaluation, we use the automated benchmark described in [15]. Such a
benchmark makes it easy to perform a large number of example evaluations to
test and optimize the apparent system performance. The performance measures
we use are described in [16] which also gives an overview about different methods
used in CBIR. These measures are:

— Nyer, number of relevant images and ¢, the time it takes to execute the query;

— rely, Rank and Rank: rank at which the first relevant image is retrieved,
average rank and normalized average rank of relevant images, respectively;

— P(20), P(50) and P(N,¢): precision after 20, 50 and N,.; images are re-
trieved;

— Rp(.5) and R(100): recall at precision .5 and after 100 images are retrieved;

— Precision vs. recall (PR)-graph.

A simple average rank is difficult to interpret, since it depends on both the
collection size N and the number of relevant images N, for a given query.
Consequently, we normalize by these numbers and use the normalized average

rank, Rank:
Nrel
S5 1 Nrel(Nrel + 1)
- (Z R, - el +1) 0

rel i—1

where R; is the rank at which the 7th relevant image is retrieved. This measure
is 0 for perfect performance, approaches 1 as performance worsens, and is 0.5 for
random retrieval. It is basically a complement of the normalized recall proposed
by Salton [20].

3.2 Evaluation of the Corel Database

Our initial evaluation procedure using databases with fixed grouping consists in
using the first image of a group as a query image and the entire set as RJ for
the query.

The left side of Fig. 1 and Table 1 show that the results do not look very
good, although the use of RF does improve sensibly the precision in the first
n = 20 images. Having an average of 5 relevant images in the first 20 returned
does not sound too bad. However, we can see that rel; is well above 1, which
means that there are image sets where no relevant image was retrieved in the top
20. In this special case P(Nrel) and R(100) have the same values as N,.; = 100
and thus the precision and recall after 100 images are retrieved are the same.

When taking a look at the sets with the worst results we can see that some-
times the first image is visually very different from other images in the same
group. An example is a query for images of “Paris” where the first image of the
group was the Eiffel tower at night, which perfectly helped retrieving images of
other buildings at night, but only few of them were from “Paris”. Therefore, it
sounds logical to chose a query image that represents the class in a better way.
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Fig. 1. PR-graph using the first image as query image (left) and an optimized
query image (right)

Table 1. Performance using the first image (left) and an optimized image (right)
as query

1st step| RF 1| RF 2 | RF 3 1st step| RF 1| RF 2 | RF 3
Nret 100 100 | 100 | 100 || Nye 100 100 | 100 | 100
time t 8.53 | 11.69 | 12.62 | 13.19 |(|time t 8.35 |11.60 | 13.08 | 12.89
rely 28.79 |21.13|24.30 | 23.56 ||relq 1.49 1 1 1

R(P(.5))| .0552 |.1336 | .1487 | .1525 ||[R(P(.5))| .1590 |.1904 |.2074 | .2136
Rank | 1713.4 |1602.8|1561.0{1543.5||Rank | 1223.9 {1205.7|1185.9|1176.1
Rank | 2535 |.2366 |.2301 | .2275 |Rank | .1787 |.1759 |.1729 |0.1714
P(20) | .2508 |.4082 |.4795 | .5164 |P(20) | .5508 |.6352 |.6959 | .7344
P(50) | .1711 |.2603 |.2846 | .2895 | P(50) | .3531 |.3750 |.3892 | .4006
(Nyer) | 1267 |.1821|.1857 | .19 ||[P(Nner) | 2452 | .2449 | 2566 |0.2549
(100) | .1267 |.1821 |.1857| .19 ||R(100) | .2452 |.2449 | .2566 |0.2549

j=elige)

3.3 Optimizing the Query Image

For not having to chose a “best” query image by hand, we wanted to find the
image that represents the class best from our system’s point of view. We thus
evaluated a query for every image of every class and choose the image with the
highest P(20). If there were several images with the same value, then P(50) gave
the decision. These two measures correspond to what a normal user would look
at on the screen and therefore we regard these measures as the most important
ones.

Fig. 1 and Table 1 illustrate how strongly the performance of our system
improved, although the same system with the same relevance sets and the same
database was used. For every group, we have a relevant image in the top 20 after
one step of feedback, we even have an average of 11 relevant images in the top
20 and after three steps of RF even 15 relevant images in the top 20.

Comparing the two data sets in Table 1, we can see clearly that all the
performance measures improve strongly. P(20) more than doubles and the rank-
based measures improve substantially.
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Fig. 2. PR-graph when removing bad images from the RJ (left) and removing
bad groups (right)

3.4 Removing Bad Images

We said earlier that there are images in each group that are visually dissimilar
from several images in the same group. Although these images are not used as
query images anymore, they still worsen the results of retrieval. We do not want
to cut too many images and set an upper limit of 20 images to be removed from
each set of the database. We assume that an image is really bad for the query
and can never be retrieved in one of the top ranks if the image is ranked below
one third of the entire database (we used Rank < 2000).

As changing this does not at all change the ranking of the images and nei-
ther the precision after the first images are retrieved, we can only hope for an
improvement in the recall measure. Fig. 2 shows that the entire PR-graph looks
improved as the curve is slightly lifted up. This makes the performance looks
quite a bit better although the precision measures in Table 2 show that the
performance in the first 2000 result images did not change at all. As expected,
the average rank measures and the R(100) do improve significantly.

Table 2. Performance when removing bad images from the RJ (left) and bad
groups (right)

1st step|RF 1|RF 2| RF 3 1st step|RF 1|RF 2|RF 3
Nret 82.41 |82.41(82.41| 82.41 || Nyer 83.68 |83.68|83.68|83.68
time t 8.39 |11.56|12.33| 12.77 ||time t 8.66 |11.90|12.43|12.46
rely 1.49 1 1 1 |lrely 1.43 1 1 1

R(P(.5))| .1871 |.2268|.2465| .2544 ||R(P(.5))| .2519 |.2839|.3058|.3124
Rank 850.3 |883.3|860.0|850.39|| Rank 600.5 |651.3|628.2|616.2
Rank 1325 [.1379].1341| .1325 ||Rank .0915 |.0997{.0960].0940
P(20) .5508 [.6352|.6959| .7344 ||P(20) 6463 |.7412(.8088|.8463
P(50) .3531 [.3751|.3891| .400 ||P(50) 4365 |.4495|.4685(.4845
(Nrer) | 2717 |.2729(.2829| .2882 ||P(Nyer) | -3368 |.3290(.3395|.3456
(100) .2931 (.2933|.3077| .3055 ||R(100) 3609 |.3532.3648|.3650

el
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Fig.3. PR-graph when creating an inverted file with only the good images and
groups

3.5 Removing Bad Image Groups

The easiest way of improving the performance is of course to only have a set of
easily distinguishable groups of images. With the Corel Photo CDs containing
more than 80,000 images it is easy to choose a small subset of groups that
work well. Unfortunately, we do not have access to many of the image groups
commonly mentioned in citations, but we can already see that removing the 21
worst relevance sets from the evaluation (leaving us with 40 query images) still
leads to a massive improvement in performance. And this with still using the
exact same system, exact same database with the exactly same measures for
evaluation.

Fig. 2 and Table 2 show that basically all measured results are massively
improved by simply removing a few bad groups from the evaluation setup. We
now have an average of 13 relevant images in the top 20 and 22 in the top 50.
This is 13 images more than what we had with our first evaluation. All values
basically doubled in result.

3.6 Creating a Smaller Database

Until now, we always used the exact same database for the queries. Just like
we remove image sets or single images from the query process, it makes sense
to remove all these unused images completely from the database. Like this, we
create a database where every image is part of exactly one relevance group. This
database now contains 40 image groups and a total of 3500 images.

We can see clearly in Fig. 3 and Table 3 that this again improves the per-
formance strongly, especially the average rank drops to roughly half the value.
The query time is strongly reduced and all precision and recall values go up.
Interestingly, the normalized average rank keeps almost exactly the same value
as before, which shows that the basic performance of the system did not im-
prove and that it simply looks better because of the smaller database size. As
the normalized average rank is normalized by the database size, it characterizes
well the ranks of relevant images in dependent of the database size.
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Table 3. Performance when creating an inverted file with only the good images
and groups

1st step|RF 1| RF 2 | RF 3

Nrel 83.68 |83.68| 83.68 | 83.68
time t 4.71 |5.80| 6.51 | 6.52
rely 1.18 1 1 1

R(P(5))| .3228 |.3654| .3863 | .3923
Rank | 350.3 |364.3|347.88(351.89
Rank | .0907 |.0948| .0900 | .0911
P(20) | .7212 |.8250| .8813 | .9163
P(50) 504 |.5345| .5585 |0.5650
P(Nyey) | 3848 |.4013|.4094 | .4092
R(100) | 4162 |.4268|0.4387| .4391

3.7 Global Comparison

As it is very hard to compare graphical values over several graphs, Fig. 4 shows a
comparison of the different evaluations in the first query step. The graph shows
how strongly the performance of the system may be improved by simply choosing
well the image sets, query images and RJs.

Fig. 4 also shows the improvement in performance obtained for the first RF
step. The increase in performance between the best and worst graph is often
more than 100%.

The same can be seen when we take a look at the other performance mea-
sures shown in Tables 1-3. P(20) improved from .25 to .72, P(50) from .17 to
.50 and R(100) from .13 to .42. Still, we have to recall that it is exactly the
same algorithm with exactly the same results, only the method of evaluation is
changing between the different steps.

With having a larger number of Corel image sets we could surely increase the
performance even more, and with not only removing the worst 20 images but a
larger number, we can as well get a much higher improvement. If we even create

3 First image as query image —— First image as query image ——
09 Hi Optimized query image 09 H iy Optimized query
3 No TR No bad

No bad groups ===+ (Y No bad groups ~-=-
Smaller image database -~ - 08 NN Smaller image database - |

Precision
)

0 0.2 0.4 0.6 0.8 1 0 02 04 0.6 08 1

Fig. 4. Comparing the initial query (a) and the first feedback step (b) of all
evaluation runs
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Table 4. P(50) for the easiest image groups

P(50)| group content P(50)| group content
number number
0.92 211000 oil paintings 0.66 | 153000 swimming Canada

0.9 156000 | divers and diving ||0.6 524000 |works of art: engravings
0.9 99000 [religious stained glass||0.54 |161000| land of the pyramids
0.72 [373000| everyday objects |[|0.54 |502000 |works of art: landscapes
0.7 125000 | coins and currency |[0.54 | 96000 candy backgrounds

the relevance sets on our own such as [18], we can basically select the apparent
performance of our system even when using the same metrics and features as
before.

3.8 Easy Query Groups

Finally, to have an idea about the performance differences of single images sets,
we list in Table 4 the images groups with the highest P(50), characterizing an
easy group. We can see how much easier the very easy image sets are to retrieve.
By having the entire set of more than 800 groups it should be possible to have an
almost perfect performance at least for the first 50 results. Based on this study,
it would be interesting to create a difficulty measure for every Corel image set,
but unfortunately the difficulty of a group depends on the other groups present
in an image database and the CBIRS used. Not only the intra-group similarity
but also inter-group similarities are important to measure the difficulty of an
image collection.

4 Conclusions and Future Work

This article shows how easy it is to change the apparent performance of a CBIRS
without changing the system and even by using the same image set or a subset.
This demonstrates that it is impossible to objectively compare CBIRS perfor-
mances unless it is clearly stated which images where used, which images were
used as queries and what had been used as RJs. Most of the times, this is not
stated in articles on CBIR and only the database used plus a precision measure
or a PR-Graph of the system is shown. This makes it completely impossible to
compare any two CBIRSs.

The introduction of measures based on generality in [3] and the correction of
retrieval by chance in [24] do help in some way, but many of the problems still
persist when the other factors in evaluation are not clear.

The aim of this article is to highlight the need for standardized evaluation
in CBIR and especially the need for a standard image database. In text re-
trieval, this was already realized many years ago [22] and large efforts were
made to create such databases. In CBIR, an effort to create a database ex-
ists (http://www.cs.washington.edu/research/imagedatabase/groundtruth/) and
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there is also an iniative to create a benchmark for CBIR, the Benchathlon. It is
very important to support these efforts if we want to be able to really compare
CBIRSs.

Not only the creation of a standard database for CBIR is important but also
the creation of proper RJs. Predefined groups of the same subject such as the
Corel Photo CDs are interesting because they are easy to use without any effort
to create RJs. However, the fact that groups contain very dissimilar images gives
room and reasons for manipulations. Although real user tests might be the best
option to gain RJs, they are costly and have to be repeated once the database
gets bigger. Thus, it is important to develop alternatives such as generating RJs
based on annotations [11].
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Abstract. We extend earlier work on detecting pornographic images.
Our focus is on the classification stage and we give new results for a
variety of classical and modern classifiers. We find the artificial neural
network offers a statistically significant improvement. In all cases the
error rate is too high unless deployed sensitively so we show how such a
system may be built into a commercial environment.

1 Introduction

Dealing with pornography in the workplace is a serious challenge for many large
organisations but employing a block-all-images email policy no longer provides a
viable solution. Email is more media-based than ever before, and it is common for
business mail to contain images such as logos, publicity shots etc. In a commercial
environment, an image analysis is required to automatically classify embedded
or attached images as acceptable or inappropriate. The problem therefore is the
non-retrieval of certain types of image.

Although the identification of human skin is commonplace in vision systems,
the detection of pictures containing nudity and pornography is a fairly specialised
area (some relevant systems include [1,2,3] and [4,5]). These systems contain a
skin filter which is usually based on colour sometimes with texture as a secondary
feature. Skin filters are now fairly standard so we give only a brief explanation
Section 2. Here we wish to focus on the classification and deployment of such
systems which we describe in Section 3 and subsequent sections.

2 Image Processing

For skin filters based on colour we note that the choice of colour feature usually
leads to some discussion of the correct colour space (see [1] for discussions of
alternative colour spaces). In practice we [4,5], and others [2], find that pro-
vided there is enough training data and a histogram-based representation of the
colour distribution is used then the choice of colour space is not critical. We com-
pute the likelihood ratio L(¢|skin) = Pr{c|skin}/Pr{c|not skin} for a quantized

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 50-60, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Fig. 1. Original image (left) and associated log-likelihood image (second from
left) displayed so that the lowest non-zero likelihood (log L = —7.84) is black and
the maximum likelihood, (log L = 4.99) is white; seed points for region growing
algorithm (third from left) and final mask (right)

colour space. Figure 1 (second from left) shows the likelihood of pixel colours
for an example image using a likelihood histogram with 252 bins in RGB space.
Likelihood images such as the one shown on the right of Figure 1 may be used to
produce segments that represent regions of skin by thresholding the likelihood
image at the odds set by the ratio of the priors. Care is needed to avoid two
common problems: firstly that an image may contain isolated pixels that have
the same colour as skin but are associated with the background (examples of
such pixels can be seen on the bottom right of the second image in Figure 1)
and secondly the likelihood distribution for a particular image is not guaranteed
to contain the mode of the training set likelihood distribution which can cause
low likelihood values. In the image in Figure 1 for example, part of the skin
segment associated with the woman’s face appears to have a lower likelihood
that those of the bus in the background. However a legitimate assumption is
that skin regions are of reasonable area compared to the total image area and
contain a locally maximum likelihood value. We therefore use a region-growing
algorithm that uses as its seed points likelihood local maxima above a certain
threshold. The regions are then grown out to a lower likelihood threshold. A
typical sequence of operations is shown in Figure 1.

This likelihood segmentation approach has been tested using a database con-
sisting of 1000 training images and 1000 test images manually segmented to
provide the ground truth. The manually generated skin segments are polygonal
and include interior regions such as eyes, mouths, hair and shadows that may
not be skin coloured. For each putative colour space we compute ROC curves
for varying upper and lower thresholds [5]. Along the curves thresholds vary in
the interval (0.1,0.9) of the peak likelihood for that image. Doing this confirms
the conclusions in [4] that the HSV colour space gives the best performance. A
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A/

Fig. 2. Example segmentation from [4] and [5]

typical operating point for the HSV system is:

p_ {p(s|s) p(s )} _ [0.82 0.18} (1)
p(s]8) p(s|s) 0.170.83

where, for example, p(5]s) denotes the probability that a pixel from a skin region
is classified as one from a non-skin region. It is useful to compare these results
with [2] in which the authors also conclude that a histogram-based approach is
superior to parametric representations of colour distributions. The ROC curves
and operating point in [2] are similar to the ones reported here but the defini-
tion of skin in [2] is narrower because here shadows, mouths and some hair are
contained in the skin masks. The labelled skin set in this paper also includes
pornography unlike the public database in [2].

Figure 2 shows an example segmentation for an image drawn from the test
set. High resolution images such as this one usually give qualitatively better
results than the low resolution images but, provided the test images contain
skin colours found in the training set the automatic segmentations are close to
those obtained manually. Having identified areas of skin it is necessary to extract
higher level features on which to distinguish the classes of image. For this task
a larger data set is needed.

These data consist of 11,005 images collected from email and web traffic in
a commercial environment. The manually segmented images are a subset of the
this set. The data are hand-classified into five categories: 1994 pornographic im-
ages (nude pictures that show genitalia or sexual acts); 1973 images of nudity;
1626 images of people (showing people in all poses not covered in other cate-
gories showing people); 1803 images of portraiture (which is restricted to head
and shoulders portraits of a type prevalent on the web); 1767 graphics images
(containing computer generated web graphics, buttons and so on) and 1842 mis-
cellaneous images that could not be classified into one of the previous classes.
There is considerable overlap between classes which are subjective. Addition-
ally we define two meta-classes consisting of the unacceptable images (nude plus
pornography) and the acceptable (all other images). The proportions of images
were chosen to be broadly representative of a range of commercial environments

|s
|s
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but we know there is considerable variation in these priors between sites. This
issue in discussed further later.

There are suggestions for high-level features based on grouping of skin seg-
ments [1] that might distinguish these classes but here we have a requirement
to process the images speedily so, along with [2] and [3], are interested to try
simpler features. For each blob in the image we have computed: area; centroid;
the length of the major axis of an ellipse with the same second-order moments as
the blob; the minor axis length; eccentricity and orientation of the same ellipse;
the area of a convex hull fitted to the blob; the diameter of a circle with the same
area as the blob; the solidity (the proportion of the convex hull area accounted
for by the blob); the extent (the proportion of the area of a rectangular bounding
box accounted for by the blob); the number of colours in the image (graphics are
often associated with few colours) and the area of any faces located in the image
(we use a commercial face finder to detect and localise faces). These features are
ranked using the mutual information of the class given the single feature. Doing
this gives the subset of five features that we use: the fractional area of the largest
skin blob; the number of skin segments; the fractional area of the largest skin
segment; the number of colours in the image and the fractional area of skin that
is accounted for by a face.

3 Pattern Recognition

The image processing and feature extraction steps, described in the previous
section, produce a vector of features for each image, that we hope will serve to
distinguish pornographic from non-pornographic images. The task is then to find
the decision rule that optimally separates acceptable from unacceptable images,
given a set of labelled examples, D = {(z;,t;)};—,, x; € X C R, ¢; € {0, +1},
where x; represents the feature vector for pattern ¢, and ¢; indicates whether
pattern i is considered dubious (¢; = 1) or acceptable (t; = 0). In the remainder of
this section, we briefly describe the four statistical pattern recognition methods
compared in this paper.

The output of a generalised linear model [6] is given by y = g (w - x + b),
where, in this case, the link function, g(a), is the logistic function, g(a) =
1/(1 + e~ ®). The link function constrains the output of the linear model to lie
within the range [0, 1], such that it can be regarded as an estimate of conditional
probability, y; ~ P(t; | «;). Assuming the target patterns, ¢;, are an indepen-
dent identically distributed (i.i.d) sample drawn from a Bernoulli distribution
conditioned on the corresponding input vectors, x;, the negative log-likelihood
of the data, known as the cross-entropy, is given by

Ep =— Z {tilogy; + (1 —t;)log(1 — )} . (2)

The vector of optimal model parameters (w,b) is given by the minimum of (2),
which may be found via the iterative reweighted least squares algorithm. For
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multi-class problems, a 1-of-c coding scheme is normally adopted in which the
model has ¢ output units, one for each class, and the target for the k" output
unit, for a pattern belonging to class Cy, is t = dx;, where dx; is the Kronecker
delta function. The cross-entropy then becomes Ep = —Y " >0 | tf log yf
The softmaz link function, y, = exp(axr)/ >, exp(ar)), is then used to con-
strain the outputs of the model to lie within the range [0, 1] and to sum to
one.

The k-nearest neighbour classifier [7] assigns a test pattern x to the class
most strongly represented by the k£ most similar patterns contained in the train-
ing set, according to some distance metric, D, in this case the Euclidean dis-
tance, Dgyend(x, ') = |[( — @’)||2. The fraction of nearest neighbours be-
longing to class C,, provides a simple estimate of a-posteriori probability, i.e.
P(C, | ) = kq/k. As k tends to infinity this estimate is equal to the true a-
posteriori probability. The distance metric and k£ can be chosen so as to minimise
the leave-one-out error rate (for two-class problems, k is normally odd in order
to prevent ties).

A multi-layer perceptron classifier (see e.g. Bishop [3]), consists of a network
of simple neurons (each having a structure similar to a generalised linear model)
arranged in layers with strictly feed-forward connections. The parameters of
this model, w, are determined by minimising a functional, M = Ep + aFEyy,
consisting of a data misfit term, Fp, in this case the cross-entropy (2), and a
regularisation term, FE)y, penalising overly complex models. In this study we
adopt the regularisation term Eyy = EZl |w;| (which corresponds to a Lapla-
cian prior over model parameters), where W is the number of parameters. This
regularisation term provides both formal regularisation and structural stabilisa-
tion as redundant weights are set exactly to zero and can be pruned from the
network [9]. The regularisation parameter «, which controls the bias-variance
trade-off (e.g. [8]), is integrated out analytically as described by Williams [9].

The support vector machine (e.g. [10]) constructs a maximal margin linear
classifier in a high dimensional feature space, F(® : X — F), defined by a
positive definite kernel function, K(x, '), giving the inner product K(x,z’) =
®(x) - P(a'). For this study, we use the anisotropic Gaussian radial basis func-
tion (RBF) kernel K(z,z') = exp {—(x — «’)" diag(y)(z — ') }, where v is a
vector of scaling factors for each attribute. The output of a support vector
machine is given by the expansion f(z) = Y., a;t;K(z;,x) — b. The opti-
mal coefficients, a, of this expansion are given by the maximiser of W(a) =
Yoy — %szzl titja;ak(xq, @), subject to 0 < o; < C, i =1,...,n, and
St ait; = 0. C is a regularisation parameter controlling a compromise be-
tween maximising the margin and minimising the number of training set errors.
The bias parameter, b, is chosen in order to satisfy the second Karush-Kuhn-
Tucker (KKT) condition, 0 < a; < C' = t;f(x;) = 1. Fortunately many of the
coeflicients will assume non-zero values, so the kernel expansion will generally
be sparse. Estimates of a-posteriori probabilities can be obtained via logistic re-
gression on f(x) [11]. The regularisation parameter, C, and kernel parameters,
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Table 1. Confusion matrices for generalised linear model (a), k-nearest neigh-
bour (b), multilayer perceptron (¢) and support vector machine (d) classification
of acceptable and unacceptable images

Observed Observed
T F T F

(a) g (b) g
£ T 2787 880 £ T 3355 814

g g
= F 1180 6158 = F 612 6224

a8 a8
Observed Observed
T F T F

© 73 @ 3
£ T 3327 764 + T 3219 705

: :
g F 640 6274 = F 748 6333

a8 a8

such as «, are selected so as to minimise an upper-bound on the leave-one-out
error [12].

We adopt a 10-fold cross-validation strategy to obtain an almost unbiased
estimate of generalisation performance [13]. Table 1 shows the composite confu-
sion matrices for the four classifiers compared, compiled over the test partitions
resulting from 10-fold cross-validation. The optimal value of k, for the k-nearest
neighbour classifier, was selected in each cross-validation trial to minimise the
leave-one-out cross-validation error over the training partition. The mean value
of k was 47.8 (std. error 3.71). For the MLP classifier, a single layer of hidden
units was used, initially consisting of 32 neurons, giving 225 free parameters.
The Bayesian regularisation and pruning algorithm reduced this to a mean of
9.4 units (std. error 0.476) and 43.7 parameters (std. error 1.57) over 10 cross-
validation trials. The mean number of support vectors used in the SVM classifier
is 4555.2 (std. error of 8.38).

Table 2 summarises the mean classification accuracy of each classifier over the
test partitions resulting from 10-fold cross-validation. The £-NN, MLP and SVM
classifiers are all superior to the GLM approach, justifying the use of non-linear
methods. The relative performance of classifiers systems can be assessed via tests
of statistical significance. McNemar’s test [14] is used to determine whether the
difference in the accuracies of a pair of classifiers is statistically significant. In
conducting the necessary set of 6 tests the probability of falsely rejecting the null
hypothesis (that there is no significant difference) in at least one test at the 0.05
level of statistical significance is 1—(1—0.05)% ~ 0.265 (assuming that the results
of the tests are independent). As we are more concerned in this study with type
I error than type II error (accepting a null hypothesis that is false), we should
use the Bonferroni adjustment [15]; to obtain a statistical significance at the
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0.05 level across all 6 tests, « = 1 — /(1 — 0.05) ~ 0.0085. Table 3 summarises
the results of McNemar’s test of statistical significance. The non-linear methods
(k-NN, MLP and SVM) are found to be significantly better than linear methods
and the MLP and k-NN significantly superior to the SVM, but the difference in
performance between the k-NN and MLP is not statistically significant.

Plotting the true-positive rate of a classifier, which is defined as the propor-
tion of positive patterns correctly classified as positive, versus the false-positive
rate, which the proportion of negative patterns incorrectly classified as positive,
gives the receiver operating characteristic (ROC). The ROC curve then provides
a graphical assessment of the performance of a classifier under different mis-
classification costs, by showing the increasing rate of false-positive errors that
must be tolerated in order to improve the true-positive rate. The best classifica-
tion rules appear toward the upper-left hand corner of the ROC plot. Figure 3
shows the receiver operating characteristic for the four classifiers evaluated in
this study. If nothing is known about the true operational a-priori probabilities
or equivalently misclassification costs, the area under the ROC curve provides
a reasonable performance statistic for comparing classifier systems [16]. Table 2
gives the mean area under the ROC curve of each classifier over the test parti-
tions resulting from 10-fold cross-validation. Fitting a convex hull to individual
ROC curves gives an area of 0.943, indicating that a combination of classifiers
is preferred in uncertain environments.

Multi-layer perceptron networks were also used to solve the six-class pattern
recognition task. A further classification stage into the meta-classes gives sim-
ilar results to those reported with the two-class classifier with that advantage
of being able to more sensitively adjust for new class priors. Table 4 shows a
composite confusion matrix compiled over the test partitions resulting from 10-
fold cross-validation. The MLP classifier achieves a mean test-partition accuracy
of 0.520940 with a standard error of 0.005724. The six-class multi-layer percep-
tron network can also be used to implement the 2-class detector, designating
an image as unacceptable if the sum of the a-posteriori probabilities for classes
“pornography” and “nude” exceeds 0.5. Table 5 shows a composite confusion
matrix compiled over the test partitions resulting from 10-fold cross-validation.
The MLP classifier achieves a mean test-partition accuracy of 0.872331 with a
standard error of 0.003481. As expected, this is almost identical to the accuracy
achieved by the two-class multi-layer perceptron classifier.

Table 2. Mean test-partition accuracy by classification method and also area
under ROC curves by classification method

‘Method‘Mean accuracy‘Std. err.‘Mean area‘Std. err.‘

GLM 0.813 0.004 0.889 0.004
k-NN 0.870 0.004 0.931 0.003
MLP 0.872 0.004 0.937 0.002

SVM 0.868 0.005 0.915 0.004
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Table 3. Statistical significance of classifier system performance. The upper tri-
angle gives the superior classifier in a pair-wise comparison, statistically superior
victors are shown underlined, the lower triangle gives the corresponding level of
statistical significance. For example, the entry in the fourth column of the third
row indicates that the MLP is superior to the SVM, the third column of the
fourth row indicates that the difference in performance is statistically significant
according to McNemar’s test

Classifier] GLM |-NN|MLP [svM]

GLM - k-NN | MLP |SVM
k-NN |<0.001] - MLP |E-NN
MLP |< 0.001] 0.252 - MLP

SVM |<0.001|< 0.01|< 0.01| -

Table 4. Confusion matrix for multi-layer perceptron classification of images
into six categories, under 10-fold cross-validation. The true class runs horizon-
tally and predicted class runs vertically

misc

porn
graphics

nude
people
portrait

porn 1357 765 50 112124 14
nude 457 809 64 251175 28
people 5 23487 62248 398
portrait 65 190 194 1126 230 116
misc 101 162 332 187 920 177
graphics 9 24499 65 145 1034

Table 5. Confusion matrix for multi-layer perceptron classification of porno-
graphic images, under 10-fold cross-validation

Observed

T F
T 3327 765

F 640 6273

Predicted
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Fig. 3. ROC curves for GLM, k-NN, MLP and SVM classifiers

4 Discussion

The image classifier described in this paper is integrated into a mail-based secu-
rity product MAILsweeper ™! which is a content security solution that sits at
an SMTP gateway, assessing email traffic entering and leaving a company and
protecting the organisation from mail-borne threats such as viruses, breaches
of confidentiality, offensive email content, legal liability and copyright infringe-
ment etc. MAILsweeper disassembles emails into their components, for example,
zipped email attachments will be unzipped. These are then analysed according
to user-defined policies which may be company-wide, department-wide or unique
to an individual employee.

The outcome for a particular mail message is determined by its classification.
Mails that are clean are allowed to pass to the intended recipient but for mails
that, for example, contain large attachments, unknown file-types, offensive or
confidential material, delivery may be delayed until a user-defined time; the item
may be copied; returned to the sender; quarantined or deleted. Notifications and
alerts to administrators/senders/recipients may accompany these final message
classifications.

The image analyser add-on for MAILsweeper is called PORNsweeper™.
As emails are disassembled into their components, any images are passed to
PORNsweeper for classification. It first tries to match the incoming image to
any of the images in its exception list. These are common images, stored as an
MD5 hash, that may be pre-classified by an administrator as pornographic or
safe. Any incoming image not in the exceptions list is passed to the analyser.
If an image is classified as safe the email will be delivered as usual. If, however

1 All trademarks are the property of their respective owners
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it is found to be unacceptable, the MAILsweeper system will quarantine the
image for the administrators inspection. Any false positives that are blocked
may be released from quarantine and may be added to the clean exceptions list
to prevent future incorrect classifications. From an administrative perspective,
PORNsweeper may be used to constantly monitor all images in emails entering
and/or leaving an organisation or it may be used in short bursts, providing a
snapshot of email activity.

This paper has provided evidence of a successful skin segmentation algorithm
and suggested how this might form part of an automated pornography detector.
The results of the classification experiments show that a non-linear classifier is
essential. The choice of classifier depends on implementation issues such as speed
and memory usage. The MLP performs well on both these counts and also has the
best classification performance. The performance of the SVM is disappointing
given the strong theoretical justification of this approach. A possible explanation
might be that the model selection criterion unduly favours hyperparameters
specifying highly regularised classifiers.
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Abstract. A statistical model is developed for the image pair and used
to derive a minimum-error hypothesis test for matching. For reasons of
tractability a multivariate normal image model and linear dependence
between images are assumed. As one would expect, the optimal test out-
performs the standard approaches when the assumed model is in force,
but the extent of the optimal test’s superiority suggests that there is sig-
nificant potential for improvement on the standard methods of assessing
image similarity.

1 Introduction

Direct image matching, where image correspondence is obtained directly from
pixel values or simple statistics of those values, is still an important early stage
in many sophisticated image analysis algorithms. It is normally accomplished by
computing a similarity measure between the two images. Correlation-based mea-
sures are estimators of linear correlation between corresponding pixels in the
image pair. Variations include normalized cross-correlation for scale indepen-
dence, zero-mean correlation for intensity offset invariance and the correlation
coefficient for both scale and offset invariance. Difference-based measures view
similarity in terms of the distance between two images in image space. The
standard measure is the sum of squared (or absolute) pixel differences. Robust
estimators of correlation- and difference-based measures are less sensitive to out-
liers in the image data [1,2]. Non-parametric measures, like the stochastic sign
change (based on sign changes in the difference image) [3] and ordinal measures
(based on pixel value ordering) [1], represent a more drastic departure from the
classical measures and can tolerate phenomena such as occlusion. Histogram-
based measures, based either on joint histograms of the pixel values in both
images (eg. mutual information [5]) or histograms of the pixel differences [6],
have proved effective in some applications, but are only feasible for images large
enough to create a meaningful histogram estimate.

M. S. Lew, N. Sebe, and J. P. Eakins (Eds.): CIVR 2002, LNCS 2383, pp. 61-69, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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The comparative effectiveness of similarity measures has been explored in
some detail for specific applications [7,8], or experimentally for a chosen set
of images [9]. General statements, however, were not made because the results
were only applicable to the images chosen for the experiments. A model could
be the basis of a more generic investigation, and although much research has
been devoted to models of individual images, very little has explicitly addressed
their interdependence.

In this paper we develop a model for the image pair (essentially a joint
probability density function (pdf) of all pixels in both images) which is then
used to derive an optimal test of whether a match hypothesis H; or mismatch
hypothesis Hy should be accepted for an observed image pair. Consider the
space, ¥, of all possible image pairs in a particular application, and a particular
image-pair observation, w € ¥. The optimal test creates a partition of ¥ into
image pairs that match, w € ¥;, and image pairs that don’t, w € ¥y =¥ — ¥y,
using the decision rule

Hl ifwe Lpl
Accept {HO it w e W (1)

which optimizes the matching performance criteria over all potential decision
rules and satisfies any other requirements of a matching algorithm.

Hypothesis testing based on an image-pair model is not covered in the liter-
ature — previous work has either reformulated the matching problem as object
detection and applied existing techniques, projected the image-pair into a sub-
space (eg. the difference image) where modelling is simpler, or considered only
the marginal pixel pdfs as the basis of comparison (eg. mutual information).

2 Stochastic Model for the Image Pair

For the purpose of this research, specific information about the content of the
image is assumed to be unknown and therefore the option of deterministic mod-
elling is rejected. Further assumptions simplify mathematical analysis based on
the model: first, it is assumed that the images are samples of a stationary and
multivariate normal (MVN) random field. Analysis with non-MVN distributions
is rarely tractable. Spatial stationarity allows convenient analysis and leads to
more efficient algorithms. Although a cursory analysis of typical images with
natural or man-made scene content reveals that these assumptions are often un-
realistic, authors have proposed techniques for transforming image data so that
it better represents samples of a stationary MVN process (eg. [10,11]).

Second, it is assumed that a linear model adequately represents the match-
mismatch relationship between the images. Given n x n images® a and b the pdf
for the image pair w’ = [aT, bT] is given by

exp |—1 (w — my)" KZ' (W — my,)
il e | 2
(2m) " IKw|

!'n x n images are written as n*-vectors with pixels in row-column order.
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where m% = [mg, mg] is simply a concatenation of the mean vectors for the

W
individual images. Ky is the joint image-pair covariance matrix, which can be

written as )
O, Ra 0q0p Rab

K, =
2
0a0pRap 07 Rp

: 3)
where K, = (T?lRa and Ky, = J?Rb are the covariance matrices of the individual
images, and o,0,Rap is their cross-covariance matrix.

Third, it is assumed that the images a and b share the same intra-image
correlation structure, and therefore R, = Ry = R. In a matching application
the two images will probably contain the same sort of subject matter, making
this a reasonable assumption in most cases. Applications that require multi-
modal matching are possible exceptions, although it should be noted that the
model still allows the images to differ by a systematic offset (mean vectors m,
and my,) and overall scale (variances o2 and 7).

Finally, it is assumed that the individual images are corrupted by additive
white noise, implying the image-pair covariance matrix,

o’R + 21 o0,0,Rab
— a 13 a a
Kuw 0,0Rab 0PR+ 021 |’ (4)

for the noisy image pair w’ = [uT, VT], whereu=a+ p and v=>b+n.

3 Models for Match and Mismatch

The normalized cross-covariance matrix Rap in equation (4) determines the rela-
tionship between images u and v, and will therefore be instrumental in defining
the image-pair model for match and mismatch hypotheses. Meaningful struc-
ture for Rap is now developed for two separate models based on inter-image
correlation and inter-image differences, respectively.

Correlation-Based Model Here we make the assumption that all correspond-
ing pixel-pairs share a correlation coefficient p,p, the value of which is specified
differently in the cases of match and mismatch. For images that only differ
by the systematic offset and scaling factor determined by the respective im-
age mean vectors and variances, pq, = 1, for statistically independent images
pap = 0, and for values in-between the images exhibit varying degrees of corre-
lation between corresponding pixels. The match and mismatch hypotheses can
be defined as Hi <= pu = p1 and Hy <= pap = po, respectively, where
0<po<pr <L

In this case the normalized cross-covariance matrix has pg, as diagonal ele-
ments, but the off-diagonal elements are unspecified. Two constraints limit the
form of the matrix: (1) For pg = 0, mismatching images are statistically indepen-
dent and Rap |p,,—0 = 0. (2) For p; = 1, matching images are identical within
a scaling factor and Rap |,,,—1 = R. One valid structure for Rap with these
constraints is Rap = papR. This is not a unique solution (another has elements
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peR[i,7]°*, where R [i, j] is the element of R at (7,7)), but its simplicity is ap-
pealing. In this case the joint covariance matrix for the correlation-based model

becomes ) )
_|oiR+ O'uI 0a0ppap R
Kw = caoppab R O’ER +o2I|” (5)

Difference-Based Model Here match and mismatch are defined in terms of
differences between the images. Figure 1 shows a hypothetical process that uses
two independent random images to generate an image pair with marginal covari-
ance matrices K, and Ky, mean vectors m, and my, and with control over an
image difference parameter, d,p,. To guarantee identical images (aside from scal-
ing and offset differences), d,, = 0, for statistically independent images, 0, = 1,
and for values in-between the images have differences of varying magnitudes. For
the matching problem there will be two processes: one that generates matching
images, where Hy <= 04 = 61 and one that generates mismatching images,
where Hy <= 04 = d9. Note that 0 < §; < dg < 1.

Ga ma
a, azﬁéaiaH

(1-3,)2)"2

3
N(O,R) d1H<>19*d2%<'b*b1HG%*bzﬁ?*bH
8ab Op m,

Fig. 1. Process for generating an image pair with control over a difference pa-
rameter

N(0,R)

It can be shown that the process in Figure 1 does indeed produce images
with the required marginal covariance matrices according to equation (3). The
cross covariance matrix implied by Figure 1 is given by

Cov]a,b] = E [(a —ma) (b mb)T} = 0,04\/1— 62, R.
The joint covariance matrix for the difference-based model is therefore

K :{ UgR—FUiI 0a0p 1—53bR].

6
oa0py/1 — 5?le UER + 021 (6)

Notice that covariance matrices of the correlation-based and difference-based
models are actually equivalent, with 6%, = 1—p?2,. It is interesting to consider the
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traditional correlation based and difference based similarity measures in this con-
text. The correlation-based measures (cross-correlation, correlation coefficient)
estimate pqp, and the difference-based measures (sum of squared differences, sum
of absolute differences) estimate d,5. Seen in the light of the abovementioned
models these are essentially equivalent approaches, but differ with respect to the
practical considerations associated with estimators: variance, bias, robustness
and computational economy. The proposed model suggests this interpretation
of the traditional measures, but was not the rationale for their development.
For the most part, authors viewed their similarity measures as a deterministic
feature of the image pair, and not as the stochastic model parameter that had
to be estimated in order to establish whether a match or mismatch model was
in force. Without any loss of generality the cross-correlation coefficient pgp will
be used as the match-determining parameter from this point onward.

The process in Figure 1 also represents a convenient way of synthesising image
pairs. It can transform two independent random N (0,R) images (generated
using a procedure like the one outlined by Johnson [12]) into an image pair with
specified inter-image correlation. Figure 2 shows examples of noise-free image
pairs synthesised with different match correlation coefficients. The individual
images are first order Markov random fields with a one-step spatial correlation
coefficient of p = 0.8.

(b) Pab = 0.5.

Fig. 2. Synthesised image pairs

4 The Optimal Test for Matching

The hypothesis test for matching can now be based on a match and a mismatch
model, where these two models differ only in the value of parameter p,;. Different
hypothesis testing scenarios are distinguished by the a priori information avail-
able about pg, under the match and mismatch hypotheses, and by the extent of
a priort knowledge about the other model parameters, p = [R, o2, Ug,ai, 03].
If pap and ¢ are well-known, then the hypotheses are simple and the optimal
test is based on the likelihood ratio statistic [13]. Here the simple match and
mismatch hypotheses share the pdf pw (W|pay), where Hy <=  paup = p1
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and Hy <= pab = po, and the likelihood ratio test (LRT) is

(w) = P (Ve =p1) 21y M)

Pw (W|pab = po) s,

where A is a scalar decision threshold that is determined by the optimality crite-
rion (eg. minimum error rate, Neyman-Pearson, or minimax rule). In practise the
test is often written in terms of a sufficient statistic s (w) and modified decision
threshold A.

In order to derive the LRT statistic, the image-pair pdf under match and
mismatch hypotheses must be substituted into equation (7) and expressed in a
convenient form for implementation. This task can be simplified considerably if
the images have independent, identically distributed (iid) pixels, which is the
case in general if calculation of the LRT statistic is preceded by the Karhunen-
Loéve transform (KLT) on each image, yielding 1 = VT'u and v = V''v, where
V is the KLT matrix. Expressed in terms of these iid images, the simplified LRT
statistic can be written as [14]

s (4,9) =Y Bi (4 — my,) (6 —mg,) — a; ((ﬁz‘ —mg,)" + (6 — mm)z) , (8)
i=1

k? (p} = np)
where «; = ! )
(1= k2pg) (1 —kZpi)

and k; =

ki (p1 = po) (1 + k7 pop1)
(1= k2pg) (1 = kZp?)

Bi =2
TaOpW;
\/(agwi +02) (0fwi +02)

Note that my, and my, are pixels in the iid mean images of u and v, respectively,
and that w; is the eigenvalue of R associated with the eigenvector in the ¢-th
column of V (the KLT matrix).

Likelihood Ratio Test

Correlation Coefficient
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Fig. 3. Monte Carlo histograms under match and mismatch hypotheses
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Fig. 4. Error rate comparisons of the LRT statistic (s), correlation coefficient
(r), cross correlation (R), sum of absolute valued differences (d;) and stochastic
sign change (s;). Each experiment used 10* image pairs with zero mean, unit
variance, SNR = g—: = 2 and spatial correlation p = 0.95 by default. Match
correlation in (a), (b) and (d) p1 = 0.99 and in (c) was p; = 0.60. Mismatch
correlation was pp = 0 in all cases

5 Simulation Experiments

Monte Carlo simulation experiments can now explore the performance of the
LRT and other common similarity measures. Figure 3 compares the match- and
mismatch-conditional pdfs, and reveals that the minimum error rate (the overlap
of the pdfs) is lowest for the LRT statistic. Figure 4 explores the minimum error
rates over ranges of four parameters in the image pair model. In all cases the
LRT statistic is superior. This is to be expected, since it is the model-optimal
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solution. The comparison is unfair on the SSC measure since the experiments
do not test occlusion tolerance. What is interesting is the extent of the LRT’s
superiority under ideal conditions, which suggests that there is scope to improve
on the common measures. Huber describes near-optimal performance under the
classical model as one of the desirable characteristics of a robust procedure [15, p.
5]. So despite the fact that the LRT is optimal under a fairly unrealistic classical
model, its performance under this model can be used as a benchmark for other
methods.

6 Conclusion

We have presented a linear model for the image pair and have derived the sim-
plest case of the optimal hypothesis test for matching based on this model. Monte
Carlo experiments under ideal conditions show this test’s superiority, the extent
of which suggests that there is scope for improvement on the common measures.
Ongoing work is exploring the performance of the LRT and other measures with
a more comprehensive set of experiments, investigating the efficient implementa-
tion of the LRT statistic, and applying principles of optimal matching to specific
problems such as block matching, face recognition and image retrieval.
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Abstract. The use of low-level visual features to search and retrieve in-
formation in the multimedia databases has drawn much attention in the
recent years [1,2]. Many of the existing techniques of image retrieval are
based on image segmentation, which is a difficult task in many practical
situations due to image noise and various compression artifacts. In this
paper a novel approach to the problem of edge preserving smoothing,
which allows to break an image into a set of homogeneous regions, is
proposed and evaluated. The new algorithm is based on the combined
forward and backward anisotropic diffusion with incorporated time de-
pendent cooling process. This method is able to efficiently remove image
noise while preserving and enhancing image edges. The proposed algo-
rithm can be used as a first step of different techniques, which are based
on color, shape and spatial location information, to search and retrieve
information from multimedia databases.

1 Anisotropic Diffusion

Perona and 