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We propose a new image feature called ¢bbor correlogramas a generic color-spatial indexing

tool to tackle various problems that arise in content-based image retrieval and video browsing.
Informally speaking, a correlogram represents the spatial correlation of colors in an image. While
the computing and storage costs of correlograms match those of histograms, the presence of spatial
information makes the former mostableto tolerate large image appearance changes than the
latter. This makes the corrrelogram very attractive for applications such as content-based image
retrieval and cut detection.

To validate this, we first show that the correlogram, used as an image featsaglable
for image retrieval on very large image databases. Our experimental results on a database over
200,000 images suggest that the color correlogram is much more effective than the color histogram
(and variants) with the same amount of information for these applications. We also propose a new
distance metric calledelative distance metriéor comparing image feature vectors. It outper-
forms other distance functions in most cases and improves the performance of color histograms
and histogram-based features. To further enhance the quality of retrieval, we then present two
supervised learning methods {earning the querylearning the metric— and combine these
learning methods with color correlograms. Our experiments show that these learning methods are
quite effective with even a little effort from users.

We also adapt the correlogram to handle the problems of image subregion querying, object
localization and tracking. We propose tberrelogram intersectiorfior object detection andor-
relogram correctionfor object localization. These simple methods perform better than methods
based on color histograms.

Finally, we propose a method for hierarchical classification of images via supervised learning.
This scheme uses correlogram as the low-level feature and performs feature-space reconfiguration
using singular value decomposition to reduce noise and dimensionality. We use the training data
to obtain a hierarchical classification tree that can be used to categorize new images. Our exper-
imental results suggest that this scheme not only performs better than standard nearest-neighbor
techniques, but also has both storage and computational advantages.

All our experimental results suggest that the color correlogram can serve as a good generic
indexing tool for various image and video processing applications. Thus, it promises to be a basic
building block for efficient and effective schemes to retrieve images from say, the world-wide
web.
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Chapter 1

Introduction

TRAEEE S

“A picture is worth ten thousand words.”
— A Chinese proverb

1.1 Motivation

When it comes to expressing ideas and conveying information, mankind has always preferred
concrete visual means (images, painting) to more abstract counterparts (written text). This is
evident from the antiquity of the former methods compared to the latter [Jain97]. The recent spate
of technological advances in handling digital data have further strengthened our dependence on
visual modes of communication. This can, for instance, be witnessed in the explosively growing
amount of digital image data, especially with the proliferation of the world wide web.

Though it is fairly easy to create a large repository of visual data, the information stored there
is virtually useless if it is unorganized. It is not unreasonable to draw an analogy between looking
for a particular image on the web and searching for a book from a huge library without the aid
of catalogs. The importance of the ability to search and retrieve images from an image collection
cannot be overemphasized. Scientific organizations like NASA that possess large archives of
photos and videos have to invest considerable efforts to manage this data properly so that search
and retrieval become feasible.

The next obvious question is: how difficult is the problem of searching images? could one use
the well-studied methods in text retrieval for images? The answer is unfortunately no. It is much
harder to handle image data than text. A text document is “one-dimensional” (an array of words),
whereas a digital image is “two-dimensional” (a video is “three-dimensional” because of the time
component). Moreover, the size of image data is much larger than text. The most significant
difference between text and image data is that words are in some sense semantic “objects”, while
the image data need to be processed and interpreted to extract the perceptual meaning, which is a
yet to be achieved task in compute vision and image understanding.

The standard indexing techniques that were designed for text (usually hash-based or B-tree
based) are neither suitable nor sufficient for image data [Gros97]. This is because image data
is likely to be explored, navigated, and retrieved by perceptual similarity, which is hard to cap-
ture. Additionally, this notion is subjective and application-specific. The indexing techniques of
traditional databases cannot cope with these challenges.



One approach for indexing and retrieving image data is using manual text annotations. The
annotations can then be used by some text information retrieval (TIR) systems [Salt89] to search
images indirectly. There are several inherent problems with this seemingly attractive approach.
First, since image data contains very rich information, it is very difficult to capture the content
of an image using only a few keywords, not to mention the tedious work involved in such an
annotation process itself. Second, the manual annotation process is quite subjective, ambiguous,
and incomplete. If a query refers to image content that was not initially annotated, or if the
user uses different words to describe the same image content, the text retrieval system will fail .
For example, Figure 1.1 shows the top ten images of a query “blue flowers” from an art image
database (frorhttp://www.thinker.org ). Itis obvious that the retrieval is not satisfactory
to paintings of “blue flowers”. These ten images are retrieved because of the occurrence of “blue”
inside the text annotations of those images.

The above problems have created great demands for automatic and effective techniques for
content-basednage (video) retrieval (CBIR) systems [F$Bb6, BFG"96, PPS96, CS95, KCH95,
SC96¢c, WKSS96, HIW94, CCWI7, NT92, SZ96, ZSW95, SK97, GTB97, Furh96, GIM97]
etc.

Most CBIR systems adopt the following two-step approach to search image databases [SS94]:
() (indexing for each image in a database, a feature vector capturing certain essential properties
of the image is computed and stored in a featurebase, anddayching given a query image, its
feature vector is computed, compared to the feature vectors in the featurebase, and images most
similar to the query image are returned to the user (an overview of such systems can be found in
[Comp95]). Such a system is call€liery-By-Exampl¢QBE) !

In a typical QBE system, a user poses a query by providing an existing image (or creating one
by drawing), and the system retrieves other “similar” images from the image database. Content-
based video browsing tools also provide users with similar capabiliies — a user provides an
interesting frame as a query, and the system retrieves other similar frames from a video sequence.
For example, a FBI agent might want to locate a criminal from a video clip by supplying a mug
shot of that criminal.

Besides the basic content-based image retrieval and video browsing tasks, several related prob-
lems also need to be addressed. What if the user gets back irrelevant results (see examples in Fig-
ure 1.2 and Figure 1.3. Actually very few relevant images to query images at the left top corner.)?
In such cases, users might like to provide feedback information that describes the relevance of
the retrieved results. The CBIR system should then process this feedback efficiently and return
(better) results according to the user’s criteria. (Notice that this dynamic querying may change the
neighboring structure of each image in the database, thus rendering even special data structures
inefficient.)

While most CBIR systems retrieve images based on overall image appearance comparison,
users are also interesteddhject searching=FB96, FMM"96, RM97, CBGM97, Ma97, Gong98,
GTB97, NT92]. In the case of object searching, the user specifies an “interesting” subregion (usu-
ally an interesting object) of an image as a query. The system should then retrieve images con-
taining this subregion or object (according to human perception) from the image database. This
task, calledimage subregion queryinfwhich is a general recognition problem under arbitrary

1For a complete image database management system, there are other important issues need
to be addressed [GIM97, Gong98], such as indexing data structures for search (R-tree variants),
qguerying schemes, and query languages. These issues are studied by the database research com-
munity are not considered in our work.



context), is made challenging by the wide variety of effects (such as different viewing positions,
camera noise and variation, object occlusion, etc. See Figure 1.4) that cause the same object to
have drastically different appearances in different images.

The system should also be able to solveltdwmlizationproblem, i.e., it should find the loca-
tion of the object in an image. The lack of an effective and efficient image segmentation process
for large, arbitrary, and heterogeneous image databases implies that objects have to be located in
unsegmented images, making the localization problem more difficult.

Similar demands arise in the context of content-based video browsing. It is highly desirable
to allows users to explore and to select video content from a large available source of video col-
lections. Therefore, video browsing, which involves both parsing (or extracting) and organizing
high-level content so that users can easily get an overview of a video, is a crucial part of video
management. A primary task in video parsingus detectionwhich segments a video into differ-
ent camera shots and helps to extract key frames for video parsing and querying. A flexible tool
for browsing video databases should also provide users with the capability to pose object-level
gueries that have semantic content, such as “track this person in a sequence of video”. To handle
such queries, the system has to find which frames contain the specified object or person, and has
to locate the object in those frames.

When the size of image databases grows bigger and bigger, browsing and searching the image
corpus througlsemantic image categoriés the most desirable and useful way [CSBB97]. Most
CBIR systems generate low-level image features such as color, texture, shape, motion, etc., for
image indexing and retrieval. This is partly because low-level features (e.g., color histograms,
texture patterns) can be computed automatically. The semantics of images, with which users
prefer most of their interaction, however, are seldom captured by low-level features. On the
other hand, there is no effective method yet to automatically generate good semantic features
of general images. No contemporary computer vision or image understanding technique can
automatically annotate the contents of generic real-world scenes. One common compromise is
to obtain some semantic information through manual annotations, which is neither accurate nor
efficient as mentioned before.

1.2 Challenges

1.2.1 Feature Extraction

The various tasks described above — content-based image retrieval, object-level image subregion
querying, object localization, cut detection, and semantic organization of an image collection —
become especially challenging when the image database is gigantic. For example, the collection
of images available on the Internet is gigantic and unorganized. The huge size itself poses great
challenges to searching images from the web [SC96b].

The indexing of an image database is often referred as feature extraction. Mathematically,
a feature is am-dimensional vector, with its components computed by some image analysis.
The most commonly used visual cues are color, texture, shape, spatial information, and motion
in video. For example, a feature may represent the color information in an image — such as
color histograms, color binary sets [SC96a], color coherent vectors [PZM96], color correlograms
[HKM +97]), or description of textufe Thern components of a feature may be derived from one

20One way is to use randomness, periodicity, and directionality [LP96], or to use wavelets
[MM96], or to use coarseness, contrast, and directionality [F8]



visual cue or from composite cues, such as the combination of color and texture [BCGM98].

All the above visual cues, such as color or texture, lavelevel image features. Objects,
semantic categories or types of event depicted in imagdsgindevelfeatures. Regions or blobs
generated as results of image segmentation, are caltdle-leveffeatures in our work.

There is a big gap between human perception and the low-level features. This gap limits
the query scheme to be QBE which is not natural to human interaction with the image retrieval
system. High-level features, which are perceived better, facilitate a more natural user interaction
with the image retrieval system. For example, the query “show me a picture of a sunset” is more
desirable than a query “show me a picture witl% of red color of a patch 080 x 30, 30% of
orange color, and0% of dark color, and ...” which some CBIR systems ask users to specify
the percentages of color distribution. Even asking the users to draw a picture of sunset is not
reasonable. Users might not be able to draw a picture of sunset, nor sketch a picture that they
want.

High-level features are almost impossible to extract without human assistance, however. |If
we turn to object recognition and image segmentation to generate high-level or middle-level fea-
tures, we would find that these traditional techniques cannot be applied directly to the generic
data of our collection, for the images are arbitrary unstructured, unconstrained, and noisy. Thus,
new approaches to these problems are warranted. Right now, most high-level features are gen-
erated manually [CP@&7]. Low-level features can be generated automatically without human
input, and hence are used in most image retrieval systems {BSNSC96c, Ma97, CBGM98,
BFG™96, CCWS 97, CMOY96, DRD97, HKM 97, PZM96, HKR93, KKS91, LP96, MM96,
CS95, ORC97, PPS96, RS96, RGT97, SD96, Swaio3].

A good low-level featuref (Z) for an imageZ should be designed to have certain qualities:

(i) perceptual similarity:|f(Z) — f(Z')| should be large if and only If andZ’ are not “similar”
(here| - | is a distance function) (iigfficiency: f(-) should be fast to compute, and (&ronomy:
f(Z) should be small in size. The size of the feature not only affects the efficiency of retrieval, but
also affects the design of indexing data structures, such as multi-dimensional indexing schemes.

Perceptual similarity determines the effectiveness of the feature for the purpose of retrieval.
This is hard to achieve using just low-level features. For example, the following two pairs of
images (figure 1.5) are the same scenes taken from different point of views with camera zoom,
or at different time. The color histogram method fails to label the two images similar (rather the
second images are rankétll 335-th and38466-th similar to the first images by color histogram)
in a database of more tha&®0,000 images (actually the Web has more than this number of
images).

It is certainly desirable and important that an image featurstableto tolerate such large
image appearance changes. In addition, the performance of an image feature should be as much
as possible insensitive to the size of the image database. In other words, the ranks of the “right”
images should not change much as the size of the image database grows bigger and bigger — this
is calledscalability,. Some features have good retrieval performance when the size of the image
collection is small (for example several thousands of images). When the size of the collection gets
bigger, the features are more prone to false matches, therefore reduce the performance of image
retrieval. Such an example is the color histogram (see Figure 1.6). We will discuss the scalability
in detail later in Section 3.2.

3There are other different categories for image features [Gong98, CSBB97].



1.2.2 Feature Comparison

Given two features, distance functiorromputes the difference of the two vectors that hopefully
measures thsimilarity of visual appearance between two given images. The greater the distance,
the less the similarity. Since features are treated as vectors, the distance function is often defined
as Euclidean norm, city-block metric (dr; norm), or weighted Euclidean norm [HSE95] (the
angular distance is a popular distance function in document retrieval, but it is seldom used in
image retrieval).

Sometimes a feature can be treated as a distribution of a random variable in the image, such as
color in color histograms. The distance function should be designed to measure the difference of
two distributions. One commonly used function for computing the difference of two distributions
is the Mahalanobis distance [DH73]. The other is a divergence measure based on Kullback’s min-
imum cross-entropy principle [PHB97, OPH96]. Recently, [RGT97] proposed an “earth mover’s
distance” which computes the work load required to transforming one distribution to another dis-
tribution.

It seems that the distance functions should be a metric. Research in computer vision and
cognitive science however suggests that human perceptual judgments about visual similarity are
inherently non-metric, i.e., they may not obey the triangle inequality. Some non-metric similarity
measures are tested for image classification [JWG98].

1.3 Contributions

In this work, we propose a new color feature for image indexing/retrieval callecolbe correl-
ogramand show that it can be effectively used in the various image and video processing tasks
described in 1.1 [HKM 97, HKM97, HKMZ98, HKZ98]. The highlights of this feature are: (i)
it describes the global distribution of local spatial correlations of colors, (ii) it is easy to compute,
and (iii) the size of the feature is fairly small, (iv) it is stable to tolerate large appearance changes,
and (v) it is also scalable to large image databases. Experimental evidence, tested on an image
database of ove200, 000 images, shows that this new feature (i) outperforms both the traditional
histogram method and the very recently proposed histogram refinement method [PZ96] for im-
age indexing/retrieval, and (ii) outperforms the histogram-based approaches for the other video
browsing tasks listed above.

Informally, a correlogram is a table indexed by color pairs and distance, wheketithentry
for (i,j) specifies the probability of finding a pixel of colgrat a distance: from a pixel of
colori. Such an image feature turns out to be stable in tolerating large changes in appearance of
the same scene caused by changes in viewing positions, changes in the background scene, partial
occlusions, camera zoom that causes radical changes in shape, etc. (see Figure 3.2 and Figure 3.3).
We provide efficient algorithms to compute the correlogram.

We also propose a different distance metric to compare feature vectors.LTHistance
metric, used commonly to compare vectors, considers the absolute component-wise differences
between vectors. Thelative distance metrieve use calculates relative differences instead and in
most cases performs better than the absolute metric (the improvement is significant especially for
histogram-based methods). In addition, we study empirically other distance measures, such as the
divergence measure, one non-metric measure proposed by [JWG98] to compare the effectiveness
of these distance functions for content-based image retrieval.

To further improve retrieval results by dynamic querying, we address how relevance feedback



can be used to improve the performance of correlograms for content-based image retrieval. We
present two supervised learning methods (in the form of labeled examldas)ing the query
andlearning the metric The first scheme is based on the spatial locality of feature vectors corre-
sponding to similar images. Learning is effected by modifying the query vector to incorporate the
positive examples. The second scheme is based on “distorting” our view of the feature space. An
new similarity distance between an image and the query is learned from the relevance feedback.
By using a weighted metric, it is possible to shorten the distance between the query and relevant
images and elongate the distance between the query and irrelevant images. Our results on a large
image database of ov20, 000 images suggest that these learning methods are quite effective for
content-based image retrieval.

We then investigate the applicability of correlograms other tasks such as image subregion
guerying, object localization, cut detection, and image classification. We proposarthiegram
intersectionmethod for the image subregion querying problem and show that this approach yields
significantly better results than the traditional histogram intersection method. The histogram-
backprojection approach used for the localization problem in [SB91] has serious drawbacks. We
discuss these disadvantages and introduce the idearefogram correction We show that it is
possible to locate objects in images more accurately by using local color spatial information in
addition to histogram backprojection.

To help video parsing and browsing, we use correlograms to compare video frames and detect
cuts by looking for adjacent frames that are very different. Once again we show that using the
correlogram as the feature vector yields superior results compared to using histograms.

We also propose a new method for hierarchical classification of images via supervised learn-
ing. This scheme uses (banded) correlograms and then performs feature-space reconfiguration
using singular value decomposition to reduce noise and dimensionality. We use the training data
to obtain a hierarchical classification tree that can be used to categorize new images. Our exper-
imental results suggest that this scheme not only performs better than standard nearest-neighbor
techniques and color histograms, but also has both storage and computational advantages.

Our preliminary results thus indicate that the correlogram method is a more accurate and effec-
tive approach to these tasks compared to the color histogram method. What is more, the computa-
tional cost of the correlogram method is about the same as that of other simpler approaches, such
as the histogram method. We believe, therefore, that correlograms form a significantly superior
but equally economical alternative to the color histogram.

1.4 Organization

In Chapter 2, we propose the image featcw®r correlogramdor thecolor-spatial indexing We

define the color correlogram and show how to compute it efficiently. Chapter 3 discusses content-
based image retrieval and the use of the correlogram for this problem. Chapter 6 describes how to
use relevance feedback combined with color correlograms to improve the results of content-based
image retrieval. Chapter 4 discusses the the use of the correlogram for image subregion querying.
Applications of the correlogram to video browsing problems are described in Chapter 5. We also
propose a new scheme for image classification which makes use of the properties of correlograms
in Chapter 7. Finally, Chapter 8 concludes with some remarks and scope for further work.
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Chapter 2

Color-Spatial Image Indexing

Indexing an image database is analogous to cataloging a library. Several different techniques
accomplish this task with varying degrees of success.

A common approach in the database realm is to first asswapeiari definition of regions and
objects of images and then perfompatial indexingwhich is an indexing technique that exploits
the absolute or relative spatial information of these objects inside images. Images can then be
compared using this spatial information [Smit97]. Notice that this technique does not incorporate
image features such as color, texture, etc. and itis also difficult to extend the scheme to incorporate
these features [SS96]. Moreover, the assumption about predefined objects is unrealistic from a
practical point of view.

To alleviate some of these problems, most image retrieval systems use image features for
indexing (see Chapter 1). For instance, a popular scheme is to use color histograroifor
indexing This has turned out to be quite successful [SB91, FE\ CS95, PPS96, BF®6,

SC96¢, Swai93] because color is an important cue in human visual perception.

The color histogram, however, does not include any spatial layout information, which is also
an equally important cue in human visual perception. To handle this major drawback of color
histograms, several new features that strive to integrate both color and spatial information have
been proposed [DRD97, HCP95, LGS97, PZM96, RS96, SC96a, SD96]. Our work proposes a
novel scheme that makes use of the spatial correlation between color pairs which in turn aids in
achieving a seamless integration of both color and spatial information.

2.1 The Color Correlogram

“Correlograms are graphs (or tables) showing how autocorrelation changes with distance.” [UF85].

Traditionally the distance meant the time distance between pairs of observations. Spatial analysts
adapted the idea to spatial distance, and we adapt the idea to spatial distance of color pixels in an
image.

2.1.1 Definition

A color correlogram (henceforth correlogram) expresses how the spatial correlation of color
changes with distance. A color histogram (henceforth histogram) captures only the color dis-
tribution in an image and does not include any spatial information. Thus, the correlogram is one
kind of spatial extension of the histogram.

11
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Notation. LetZ be ann x n image. (For simplicity of exposition, we assume that the image is
square.) The colors ifi are quantized intan colorscy, ..., c¢,. (In practice,m is deemed to be
a constant and hence we drop it from our running time analysis.)

For a pixelp = (z,y) € Z, letC(p) denote its color. Lef, 2 {p | C(p) = ¢}. Thus, the
notationp € Z. is synonymous witlp € Z,C(p) = ¢. For convenience, we use tlig,-norm
to measure the distance between pixels, i.e., for piels= (z1,y1),p2 = (22,y2), we define

Ip1 — p2| 2 max{|z1 — z2|,|y1 — y2|} (thus the eight neighbors gfare distance one from it).
We denote the séftl, 2,...,n} by [n].
Definitions. Thehistogramh of Z is defined as follows:
for a colore;, i € [m]

He,(T) 2 |12 (2.1)
i.e., the number of pixels of colar; in Z. Randomly taking any pixeb from the imageZ, the
probability that the color op is ¢; is

he,(Z) =Prp e I,] = He(2) (2.2)

n2

The histogram is easily computed @(n?) time, which islinear in the size ofZ. Note that
the above definition of the histogram is as a probability distributigisee Appendix A). Some
authors prefer to define histograms purely in terms of the célinthus making it depend on
the image size. Our definition of the histogram is size-invariant, which is more appropriate for
varying-sized images.

In the light of viewing the histogram as a probability distribution of colors, we consider this
guestion: pick any pixeb; of color¢; in the imageZ, at distances away fromp; pick another
pixel po, what is the probability that, is of colorc;? This gives us the conditional probability
distribution that depicts the spatial correlation between pixels (see Appendix A). We define the
correlogram formally below.

Let a distancel € [n] be fixeda priori. Then, thecorrelogramof Z for i, j € [m], andk € [d],
is defined to be

A
VE,(Z) 2 Prlps € Zoy, |p1 —pol = k | p1 € Z2,]. (2.3)

Therefore the correlogram of an imag@és a table indexed by color pairs and distance, where the
k-th entry for (i, j) specifies the probability of finding a pixel of colgrat a distancé: from a
pixel of colori. Note that the size of the correlogram$m?d).

If we only consider the correlation between the identical colors, we hawautiogorrelogram
of Z, which is defined by

C

al(2) 2/ 8(2). (2.4)
This information is a subset of the correlogram and requires Ority.d) space.

While choosingd to define the correlogram, we need to address the following trade-off. A
larged would result in expensive computation and large storage requirements. Admajht
compromise the quality of the feature. Thididhas to be chosen according the application that
the correlogram is used for. We will return to this problem when we apply the correlogram to
different problems.

Example. Consider the simple case when= 2 andn = 8. Two sample images are shown in
2.1. The two images have exactly the same histogram. The autocorrelograms corresponding to
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these two images are shown in 2.2. The change of autocorrelation of the foreground color (yellow)
with distance is perceptibly different for these images: in the second image, the correlation drops
to zero at distance, and then reach a peak at distangein the first image, the correlation
monotonically drops to zero at distan¢e This exactly shows the difference between the long
rectangle in the first image and the two separated squares in the second image.

Figure 2.1: Sample images: image 1, image 2.

image 1, background
image 2, background
image 1, foreground

0.5 image 2, foreground

autocorrelogram
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Figure 2.2: Autocorrelograms for two images in Figure 2.1.

Distance Measure. Since the correlogram is another feature vector for an image, we can compare
them via thelL; and L, distance measures which are commonly used when comparing two feature
vectors. In practice, the, distance measure performs better thanitheistance measure because
the former is statistically more robust to outli&fRL87].

We will discuss the usability of a distance measure in detail in the next chapter (see 3.3). If
we use thd.; measure both for histograms and correlograms, the following formulae can be used
to compute the distance between imagemndZ’:

LT, 2 Y |he (D) — hei(T)] (2.5)
i€[m]
A
T = Y W@ - @) (2.6)
i,j€[m],k€[d]

In the following sections, we look at some efficient algorithms to compute the correlogram. Our
algorithms are amenable to easy parallelization. Thus, the computation of the correlogram could
be easily speeded up. We also provide some extensions to the correlogram.

1Since in this case the-axis represents the quantized color bins and outliers only appear in
y-axis.
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2.2 Computation

First, to compute the correlogram, it suffices to compute the following count, which is similar to
the co-occurrence matrix [Hara79] for texture analysis of gray images.

If
Fg’f,)cj (7) 2 ‘{m €Zcp2 € cha Ip1 — pa| =k}, (2.7)
then,
(k)
Ceie: (2)
() (1) = —ou =) 2

The denominator is the total number of pixels at distahideom any pixel of colore;. The
factor 8k is due to the eight neighbors which drelistance (inL..-norm) away from the center
pixel. As the histogram is the color distribution I the correlogram is the color correlation
distribution inZ. Therefore both qualify as global features.

The naive algorithm would be to consider eaghe Z of color ¢; and for eachk € [d], count
all p, € 7 of color ¢; with |[p; — pa| = k. Unfortunately, this take®(n?d?) time. To obviate this
expensive computation, we define the quantities

A (R) 2 (o +iy) €T | 0 < i < K| 2.9)
Ay (F) S {(zy+) €T |0<j <k} (2.10)

which count the number of pixels of a given color within a given distance from a fixed pixel in the
positive horizontal/vertical directions.

Our algorithms work by first computing/ ™ andA”". In the following section we show that
whend is a constant the running time @(n2d), which is also linear of the size of the image.

2.2.1 Dynamic Programming

Let a pixelp = (z,y). The following equation is easy to check

(k—1)+ X" (0) (2.11)

c,h __\Gh
Ay (B) = A (2+h.9)

(z,y)

with the initial condition
ASM(0) = 1if p € Z. and0 otherwise.

Now, Ag’h(k) is computed for alp € 7 and for eachk = 1,...,d using Equation 2.11. The
correctness of this algorithm is obvious. Since wetl@?) work for eachk, the total time taken
is O(n2d).

In a similar manner}\g’” can also be computed efficiently. Now, modulo boundaries, we have
(see Figure 2.3)

k jvh J‘vh
@ = 3 (A;"%MH) (2k) + X" L (2K)
(z,y)€ZL,;

+ /\E;ka7y7k+1)(2k —2)+ )\E;ﬁk7y7k+1) (2k — 2))
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(xk, y-K)

(x-k, y+k)

Figure 2.3: For a pixe{z, y) of colorc;.

l.e., for each pixelx,y) of color ¢;, we count the number of pixels of colej on the four line
segments of distandeaway from(z, y): two horizontal lines starting from pixék — &,y + k)
and pixel (z — k,y — k); two vertical lines starting from pixelz — k,y + k + 1) and pixel
(x + k,y — k + 1). The summation runs through the image once, and computation takes just
O(n?) time.

The hidden constants in the overall running timéxf.?d) are small and hence this algorithm
is linear of the size of the image whehis a constant.

2.3 Extensions

In this section, we will look at some extensions to color correlograms. The general theme behind
the extensions are: (1) improve the storage efficiency of the correlogram while not compromising
its image discrimination capability, and (2) use additional information (such as edge information)
to further refine the correlogram, boosting its image retrieval performance. These extensions can
not only be used for the image retrieval problem, but also in other applications like cut-detection
(see Chapter 4).

First, we describe our extension to correlograms which improves the storage efficiency. Next,
we describe the combination of edge information with correlograms.

Banded Correlograms.

In Section 2.1.1, we saw that the correlogram (resp. autocorrelogram)rtékie@esp. md)
space. It would be advantageous if the storage requirements were trimmed further. This leads
to the definition ofbanded correlogranfior a givend. (For simplicity, assumé dividesd.) For

1<k<b,
(k+1)b—1
k) (1) &

Wci,cj' z

VEL(T). (2.12)
kb

k=

In a similar manner, the banded autocorrelogm&ﬁ?(l) can also be defined. The space require-

ments for the banded correlogram (resp. banded autocorrelogram)ij® (resp.md/b). (Note

that whenb = d, 7 measures thdensityof a colorc; near the colok;, thus suggesting a local

structure of colors.) The distance metrics defined in Equation 2.6 is easily extended to this case.
Note that banded correlograms are seemingly more susceptible to false matches since

|I _I,|77L1 S |I _I,|73L1’
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which follows by triangle inequality. Although the banded correlograms have less detailed infor-
mation as correlograms, our results show that the approximationbgfy has only negligible
effect on the quality of the image retrieval problem and other applications.

Edge Correlogram. We can also combine the color information with geometric features, such as
edges. Suppose: 7 — {0, 1} is the edge information of imagg i.e.,£(p) = 1if pis on an edge

and 0 otherwise. (Such information can be obtained using various edge-detection algorithms.)
Now, the question is whether this information can be combined with (auto)correlograms so as to
improve the discriminative power of correlograms. We outline one scheme to do thighis
scheme, each of the color bins is refined to buckét with 2m bins.

_J ey ifC(p) =cand&(p) =1
“m“{c_ it C(p) = c and&(p) = 0 (2.13)
It is easy to see that the definition of both correlograms and autocorrelograms directly extend to
this case. The storage requirements becdméd (resp.2md) for correlograms (resp. autocor-
relograms). Note however that the numbepcafuch that€ (p) = 1 is usually very small. Since

we mostly deal with autocorrelograms, the statistical importaneﬁﬁ@fbecomes insignificant,
thus rendering the whole operation meaningless. A solution to this problem is to défiaeu-
tocorrelogramin which cross correlations between andc_ are also included. The size of edge
autocorrelogram is thus onliind. We can further trim the storage by the banding technique.

2.4 Summary

In this chapter, we have introduced a new image feature catdmt correlogram The idea
is to exploitspatial correlationbetween colors and examine the change of this correlation with
distance. We suggest that color correlogram has certain discrimination ability. We show that
how to compute color correlogram efficiently and how to extend the idea of spatial correlation to
include other information into color correlogram. We also propose the banding technique to trim
the size of correlograms.

In the following chapters, we discuss how to use color correlograms effectively and efficiently
for content based image retrieval, image subregion querying and localization, video cut detection,
supervised learning in content-based image retrieval feedback, and image classification.

?Instead of counting pixels exactly on the edges, we can count pixels that are within some
distance from edges.



Chapter 3

Content-Based Image Retrieval

The problem of content-based image retrieval (CBIR) needs no motivation (see Chapter 1). The
success of a solution to this problem crucially depends on (i) the stability and scalability of the
image features used and (ii) the characteristics of the distance function used for comparing the
image features.

In this chapter, we investigate the use of color correlograms as image feature vectors. We
also investigate different distance measures such as the city-block nigtrioi(m), a new metric
called therelative distancemeasure, and some non-metric measures (the divergence measure
andL1 function). Our experimental evidence shows that the color correlogram is both stable
and scalable for i image retrieval from large image collections. It outperforms both the traditional
histogram method and the very recently proposed histogram refinement method [PZ96] without
compromising efficiency.

Organization. Section 3.1 provides an account of different image features commonly used in
CBIR systems. Section 3.2 discusses the stability and scalability issues. Section 3.4 gives a brief
summary of related work that combine spatial information with colors. Section 3.3 discusses
the distance measures and Section 3.5 describes the performance measures used. Some practical
considerations that would improve efficiency are listed in Section 3.6. The experiments and results
are presented in Section 3.7 and 3.8. Section 3.9 concludes the chapter.

3.1 Image Features for CBIR

Image features affect every aspect of a CBIR system, and so it is important to carefully choose the
right image features for any CBIR system. Most of the CBIR systems explore low-level image
features such as color, texture, shape, motion, etc. because they can be computed automatically.
Middle-level features like regions and blobs which can be generated without human assistance
are used in object-level image retrieval. We discuss the characteristics of some of these features,
focusing mainly on how they are extracted and compared. The CBIR systems we discuss will be
guery-by-example (QBE) style, unless otherwise specified.

3.1.1 Color

Color is one of the most prominent perceptual features. Most commercial CBIR systems include
color as one of the features (e.g., QBIC of IBM, Virage, etc.).

17
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The easy-to-compute color histogram is a popular and widely used image feature . To use
color histograms for image retrieval, there are three basic stepSoldy space quantizatior—
for a choice of color spacé (e.g., RGB, HSV, LXY [Lee92], CIE, Munsell etc.), the division
of C into m levels,cy, ¢, ..., ¢ (ii) Histogram binning— a linear-time scan of the image to
count the number of color pixels in each color bin; and fistogram matching— choosing a
distance functiorD to measure the similarity of two histograms. The choice of the color gpace
the different ways of dividing the color space (say, uniformly or non-uniformly), and the choice of
the distance functiof®, determine the performance of a CBIR system that uses color histograms.
We briefly discuss two CBIR systems based on these parameter choices.

FINDIT. The parameters in FINDIT, developed by Swain al. [Swai93] are (i) HVC (Hue-
Value-Chroma) color space, (ii) histogramming Hue-Chroma, and (iiihtsiegram intersection

distance functiorD: )
> g1 min (h(1);, h(Q);)
2?21 h(Q);

whereh(I);, h(Q); are color counts of colof in imageZ and Q. Note that this definition isiot
symmetric inZ and Q; thusD is not a metric.

To retrieve answers for one query, the above distance function €kesV) time, wherem
is the number of colors andy is the number of images in the database. To save this expensive
on-line computation, only prominent colors can be used in the summation of Equation 3.1. This
decomposingtep [Gong98] reduces the comparisotoen log m + BN) if B largest number of
color used. IfB = o(m), then the retrieval could be faster, at the expense of some false positives.

D(h(I),MQ)) =

(3.1)

QBIC. IBM’'s QBIC is a CBIR system that exploits multiple image features including color
histogram, texture, and shape. It allows QBE as well as drawing a picture. QBIC uses color
histogram in the following way: (i) RGB color space, (ii) non-uniform partitioning 26 clus-

ters based on the perceptual distance of colors contained in the RGB space, and (iii) a quadratic
distance function to compare histograms:

D*(W(I),M(Q) = Y_ Y aij(h(1); — h(Q)i)* = (A1) — h(Q)TA(h(I) = Q).  (3.2)

i=1j=1

The matrix A indicates the quantities of perceptual similarity between two colors. Therefore
D? not only compares the corresponding color bins, but also compares different color bins. For
instance, this measure can be made to indicate that orange is ‘more similar to’ red than to blue.
SinceD? involves the whole matrix-vector multiplication, it is not decomposable as histogram
intersection. The computation of one query takés2 N ), which is not efficient.

In summary, the color histogram is suitable for retrieving images based on overall color im-
pression. Since it does not include any spatial information. it has limited image discriminative
power.

3.1.2 Texture

Texture is another important visual cue that has been intensively studied in pattern recognition.
Texture perception studies [RL93] indicate that humans discriminate natural texture patterns in
three important dimensions — repetitiveness, directionality, and granularity. We have to address
two issues when we use texture for image retrieval: (i) a texture model that captures human
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perception of texture; and (ii) a distance function that measures the similarity between texture
patterns. In the following we examine several texture-based CBIR systems.

Liu and Picard [LP96] propose “periodicity”, “directionality”, and “randomness” for texture
modeling and retrieval. These features approximate the three important dimensions of human
texture perception mentioned earlier. Their approach extracts two sets of texture feature vectors
for the structured texture pattern and the random texture pattern, with a posterior probability value
indicating the confidence level. The distance function is designed to take into account both the
structured part and the random part, weighted by the confidence values. This probabilistic measure
of similarity is less sensitive to threshold parameters that used for extracting texture features. The
tests on the Brodatz texture database suggest a perceptually more satisfying retrieval.

The QBIC system [ABF95] uses another set of perceptual texture descriptors: “coarseness”,
“contrast”, and “directionality”. Assume these three factors are uncorrelated, a weightdid-
tance function is used. The weights are variances of the coarseness measure, the contrast measure,
and the directionality measure over all the images in the database. Therefore these weights should
be updated if the database changes reasonably.

Manjunath and Ma [MM96] use Gabor wavelet representation of texture, which is not directly
related to the human perception of texture. The Gabor filters are designed to detect orientations,
scale tunable edges, and lines. Each feature vector consists of pairs of mean and variance of dif-
ferent orientation and scale combination. Assuming that the local texture regions are spatially
homogeneous, the distance of two feature vectord.ardifferences normalized by their corre-
sponding variances.

All these texture models have very good performance on the standard Brodatz test data. It is
not clear, however, if these models can deal with non-homogeneous regions that occur in natural
scenes.

3.1.3 Edge/Shape

The shape of objects/regions is yet another important low-level image feature for image retrieval.
Edge detection, and sometimes segmentation, are used to extract shape features. There are many
different types of shape analysis: statistical moment-based approach [Tego94], Hausdorff-distance
based approach [HKR93], polygonal approximations [JV96, MG 1993], and contour-oriented rep-
resentations [Ma97, OR®7, KKS91]. Because of the problems of lighting effects and oc-
clusion, shape characterization techniques are preferred to local shape segmentation methods
[BFGT96]. In the following, we briefly discuss several contour-oriented approaches.

ART MUSEUM [KKS91] is a CBIR system designed for artistic color paintings. A query is
given by drawing a rough sketch of the desired painting. The contour binary images are extracted
by some edge-detection procedures and normalized to have the same length. Two contour images
are matched by a block-block correlation function since they are binary values. This system is
suitable for trademark images which have clear shape boundaries.

NETRA [Ma97] is another CBIR system that also exploits shape features. Three types of
Fourier-based shape descriptors are used: curvature, centroid distance, and complex coordinate.
These shape features are invariant to rotation, scaling, and translation. Two shape feature vectors
are compared usinfj; metric. MARS [ORC 97] also uses a modified Fourier descriptor to store
the boundary of an object.

Shape features based on some shape descriptors have limited discriminating capability. One
problem with shape descriptors is that it is hard to find a good perceptual measurement of similar
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shapes. For example, similar moments do not guarantee similar shapes. In summary, shape is
an important visual cue that can be combined with color to improve the performance of image
retrieval [JV96].

3.1.4 Motion

Motion is the most important cue in video sequences. It is mostly used for object tracking. Re-
cently in content-based video browsing and searching, motion has been used for video classifica-
tion (based on global motion estimation) [CCW&, KD97] and improved browsing and index-
ing using mosaic images [SAG95, IAH95]. We will briefly discuss VideoQ system [CCO7$
since it is the only one that uses motion for content based video retrieval.

VideoQ allows a user to sketch a motion trail represented by a sequence of 2-D points and a
time t. Motion trails are matched either by spatial information only (udiaglistance of points)
or spatial-temporal information (i.e., matching frame by frame). This query-by-motion-trail is
especially useful when browsing and searching sports videos.

3.1.5 Regions

Since low-level image features have weak connection to semantic content of images, some CBIR
systems are designed to achieve region (or object) level image retrieval [@BFCBGM97,
Gong98, Ma97]. Exploiting image regions gives more explicit information of the image structure
and configuration. It also facilitatésiage subregion queryingn the following we describe some
recent work in object-based methods.

In [CBGM97], regions (or blobs) are obtained by the Expectation-Maximization (EM) algo-
rithm performed on joint color and texture feature space. Each region has a feature vector which
contains two dominant colors in HSV color space, mean texture descriptors (i.e. anisotropy, ori-
entation, and contrast), and spatial descriptors (centroid and the scatter matrix which contains the
shape information). Regions are compared by using the Mahalanobis distance between feature
vectors of the corresponding region, normalized by an exponential function.

In [Gong98], regions are obtained by color image segmentation which is specially designed
to handle uneven illumination conditions, such as shade, highlighting, etc. HVC color space is
used and the linear C-V correlation is explored to prevent over-segmentation. Color (three H, S, V
values) and shape features (location, size, circularity, eccentricity, orientation, and region profile)
of each region serve as indexing featurés.distance metric is used to compare feature vectors
of two regions.

In [Ma97], homogeneous regions are segmented by a boundary detection procedure which
exploits edge flow of both color and texture [MM97]. Color, texture, and shape features of each
region are indexed separately. When a query consists of more than one of these features, results
coming from individual features are sorted by a weighted similarity measure. The parameters of
the system are tuned differently for different categories of images.

To achieve object-level querying, most of the approaches use some sort of segmentation first.
Segmenting an image into object regions is one of the oldest, yet most challenging problems in
computer vision. Except for some narrowly defined problem domains where domain knowledge
anda priori object models are available, accurate and complete segmentation on generic real-
world scene is seldom available. Shade, highlight, and sharp contrast etc, which are very common
in the natural scenery, are major challenges to image segmentation.
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3.1.6 Summary of Image Features

In summary, each feature has its own pros and cons: color histogram is a global feature that
is easily computable and used for overall color impression retrieval, but it is prone to false
matches; texture descriptors are effective to retrieve texture patterns but are problematic with
non-homogeneous regions in natural scenes; shape features can improve retrieval when used in
conjunction with other features but have limited power by themselves; motion helps browsing
and searching for video clips; and regions facilitate image subregion querying but are difficult to
extract in natural scenes.

3.2 Stability and Scalability

Ideally the performance of retrieval should be insensitive to the size of the image database. The
stability of a feature to tolerate large image appearance changes and the scalability of the feature
for large image databases are two major challenges to the development of effective and efficient
CBIR systems for large image databases and of web image search engines.

An image feature must be stable to tolerate large image appearance changes — changes in
view positions, camera position, camera zoom, object occlusion, lighting, etc. Two pictures may
be taken from the same scene at different time, but the objects in the scene may completely change
their poses and positions. For example, consider the image pairs shown in Figure 3.1. Each pair
shows images of the same scene, but the change in camera position is large thus resulting in
different background and lighting conditions.

An image feature should also be able to handle any number of images. When the number
of images is astronomical, there is always some probability that some arbitrary images are more
similar to the query image than the relevant ones. This problem is worsened if there is a large
appearance change between the query and the relevant images. Therefore, the image feature must
scale well with the size of the databases. Unfortunately, this issue has not been addressed very
well in general, except in [PZ98] where some preliminary results are available.

Unless image features are both stable and scalable, many irrelevant images will get ranked
higher than relevant images. For example, color histogram is insensitive to small changes in
viewing positions. Since it does not include any spatial information however, it is not stable to
tolerate large image appearance changes and is therefore liable to cause false positive matches
despite its seeming effectiveness. For instance, the pair of motorcycle images shown in Figure 3.1
(photographs of the same scene taken from different viewpoints) are likely to be labeled dissimilar
by the naive histogram method. (In our databas&8pf00 images, the right motorcycle image
is considered th875-rd most similar with respect to the left image by color histogram.) When
databases are large, this problem is specially acute since false positives are even more likely
to occur in such scenarios, i.e., it is likely that different images may have (almost) the same
histograms (In our database 2if0, 000 images, the rank of the right image of motorcycle drops
from 375 to 12, 059).

In order to measure the stability and scalability quantitatively, we propose the following ap-
proach. To measure stability, we manually choose pairs of images of the same scene. One of a
pair is a chosen to be queryrigue answer quejyand the other is marked to be the unique an-
swer to this query in the whole image database (see Figure 3.2). These kind of queries allows us
to measure the stability objectively since different users may label different relevant images. The
stability is measured by where the answer is ranked by a feature. The lower the rank is, the more
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Figure 3.1: Large image appearance change.

stable the feature is (ideally the rank shouldipeTo measure scalability we use the change in the
relative performance measure (such as rank or precision) when the size of database is increased.

3.3 Distance Measures

Features alone cannot completely guarantee stability. The distance function used to compare
features also plays an important role. An ideal distance fun@i@nd the featuref(Z) would
satisfy the perceptual similarity:

D(f(11), f(Z2)) is small<= Z, andZ, are perceptually similar.

The most cases, features are treated as points in high-dimensional space. Therefore it is
naturally to define distance functions in terms of Euclidean norms. Zkheorm andZL, norm
are commonly used when comparing two feature vectors. In practicd, tligstance measure
performs better than thé, distance measure because the former is statistically more robust to
outliers [RL87] when the outliers come from the measurement {)exis. Hafneet al. [HSE95]
suggest using a more sophisticated quadratic form of distance measure, which tries to capture
the perceptual similarity between any two colors. To avoid intensive computation of quadratic
functions, they propose to use low-dimensional color features as filters before using the quadratic
form for the distance measure.

Sometimes when features describe distributions of some random variables in an image, such
as color histograms, texture orientation histograms, we can borrow some statistical measures to
define the distance function for features, such as the Mahalanobis distance [DH73], Chi-Square
test, and K-S test [PTVF92]. Based on the minimal cross-entropy principle, the Kullback-Liebler
divergence measure can be used to compare two distributions:

F)*
FE

DD () = 3 F(1)* log
k=1

Notice that these statistical measures are not metrics.
A recent metric proposed to measure the distance between two distributions is the Earth-
Mover’s Distance (EMD) [RTG98]. EMD reflects the minimal amount of work that must be
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performed to transform one distribution into the other by moving the “distribution mass” around.
This measure comes from the transportation problem in combinatorial optimization. EMD can be
computed by solving a linear programming problem. Therefore it is computationally expensive.

Though it seems that the distance functions should be a metric, recent research in computer
vision and cognitive science, however, suggest that human perceptual judgment about visual sim-
ilarity are inherently non-metric, i.e., they may not obey the triangle inequality or may not be
symmetric. Some non-metric similarity measures are suggested for image classification [JWG98].

We will use theL; distance measure for comparing histograms and correlograms because it
is simple and robust. The following formulae are used to compute the distance betweenimages
andZ’:

T T 2 S 1he (D) — he(T)] (3.3)
i€[m]
A
I-The = S W@ - @) (3.4)
1,j€[m],k€[d]

From these equations, it is clear that the contributions of different colors to the dissimilarity are
equally weighted. Intuitively, however, this contribution should be weighted to take into account
some additional factors.

Example. Consider two pairs of imaged,,Z,) and(Z{,Z5). Leth.,(Z;) = 1000, h.,(Z2) =

1050, h¢, (Z7) = 100, andh,, (Z5) = 150. Even though the absolute difference in the pixel count
for color bucket: is 50 in both cases, clearly the difference is more significant for the second
pair of images. Thus, the differen¢k., (Z) — h.,(Z')| in Equation (3.3) should be given more
importance ifh., (Z)+ h¢, (Z')] is small and vice versa. We could therefore replace the expression
|he; (Z) — he; (Z')] in Equation 3.3 by

|he; (Z) — he; (T')]
L+ he,(Z) + he, (T')
(the 1 in the denominator prevents division by zero).

This intuition has theoretical justification in [Haus92] which suggests that sometimes, a “rel-
ative” measure of distanag, is better. Fop. > 0,7, s > 0, d, is defined by

(3.5)

d,(r,s) = 7=

=— 3.6
w+r+s (3.6)

It is straightforward to verify that (i}, is a metric, (i) forr, s > 0, d,(r, s) € [0, 1), and (jii) for
0<r<s<tdrs) <d,(rt),d.(s,t) <d,(rt).

d, can be applied to feature vectors also. We have.setl. So thed; distance measure for
histograms and correlograms is:

he,(Z) = he,(T')]
IT-Tha =Y [ : (3.7)
| ot iy L+ hei (D) + he,(T)
(k) (k) (1
civei (L) — Yeiie; (L
|I_I,fy,dlé 2 : |’Yz:]( ) ’Yza]( )| (38)

k k
i,j€[m],k€[d] 1+ ’7£i,)cj (I) + ’Ygi,)cj (II)
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We also study the effectiveness of non-metric measures such as the divergence measure and
the measure suggested in [JWG98]. We use the empirical Jeffrey-divergence: (which is numeri-
cally stable, symmetric, robust to noise and the size of histogram bins)

DD, () = 3 (FF 1og 2D 1 pry10g £
P> i i
where
PIUES Y]
2

andL% measure used in [JWG98]

n

D(f(1), f(J)) = Y/ (F(D)F = f(D)*.

k=1

3.4 Related Work in CBIR

Recently several approaches have attempted to incorporate spatial information with color [HCP95,
SD96, SC96a, RS96, PZM96, PZ96, PYL97, RGT97, GPFR&hion-basedpproaches divide
images into subregions (by some segmentation) and impose spatial constraints on the image com-
parison whilehistogram-basedpproaches augment histograms with spatial properties or con-
straints. In the following, we briefly review some of the previous work.

Hsu et al. [HCP95] select two representative colors signifying the “background” and the
principal “object” in an image. The maximum entropy algorithm is then used to partition an image
into rectangular regions. Only one selected color dominates a region. The similarity between two
images is the degree of overlap between regions of the same color. Unfortunately, this method
uses very coarse color segmentation and is susceptible to false positives.

Smith and Chang [SC96a] partition an image into binary color sets. They first select colors
that are “sufficiently” present in a region. The colors for a region are represented by a binary
color set that is computed using histogram back-projection [SB91]. The binary color sets and
their location information constitute the feature.

Stricker and Dimai [SD96] divide an image into five fixed overlapping regions and extract
the first three color moments of each region to form a feature vector for the image. The storage
requirements for this method are low. The use of overlapping regions makes the feature vectors
relatively insensitive to small rotations or translations.

To obtain better region representations, color clustering is used to segment an image into a

set of contiguous regions [RGT97, GPF98]. In [RGT9Hddor signaturerepresents an image.
The signature of an image contains points which represent clusters of similar colors in CIE-LAB
space, and the weight of a point is the fraction of the image area with that color. The size of
a signature is typically eight to 12. Signatures are compared using the EMD function, which
involves solving a linear programming problem. Therefore processing a query is not fast.

In [GPF98], color clustering is exploited in the HVC color space. The maximum number of
clusters is set t@0. Based on color clusters, contiguous regions are obtained by region labeling.
A feature vector for a color cluster includes three H, V, C values, the normalized pixel count, and
the cluster aggregation degree value. For each region, a 24-dimensional feature vector is created
to include average H, V, C values and 21 shape profile values (the same as in [Gong98]). The
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feature vectors are compared by weighieddistance normalized by the standard variances of
each feature value over the entire database.

Pass and Zabih [PZ96] use another approach. They partition histogram bins by the spatial
coherence of pixels. A pixel is coherent if it is a part of some “sizable” similar-colored region, and
incoherent otherwise. A color coherence vector (CCV) [PZM96] represents this classification for
each color in the image. CCV's are fast to compute and appear to perform better than histograms.
The notion of CCV is also extended in [PZ96], by using additional feature(s) to further refine the
CCV-refined histogram. One such extension uses the center of the image (the center-most 75% of
the pixels are defined as the “center”) as the additional feature. The enhanced CCV is called CCV
with successive refinemef@CV/C) and performs better than CCV.

Parket al. [PYL97] use a graph representation Modified Color Adjacency Graph (MCAG)
(inspired by CAG from [MMK95]) to combine the color histogram information and spatial adja-
cency information. Each node of MCAG is a color, and the node attribute encodes the pixel count
of the RGB component. Each edge records the pixel count of the common boundary between two
adjacent color regions. To make use of the geometric statistics of each color component, a Spa-
tial Variance Graph (SVG) is constructed in addition to MCAG. The similarity of two graphs is
measured by graph intersection generalized from histogram intersection [SB91]. The similarity of
two images is measured by a weighted sum of similarities of corresponding MCAG’s and SVG's.

The correlogram is neither a region-based nor a histogram-based method. Unlike purely local
properties, such as pixel position, gradient direction, or purely global properties, such as color
distribution, correlogram takes into account the local color spatial correlation as well as the global
distribution of this spatial correlation. While any scheme that is based on purely local properties
is likely to be sensitive to large appearance changes, correlogram is more stable to tolerate these
changes (see Section 3.8.2); while any scheme that is based on purely global properties is suscep-
tible to false positive matches, correlogram seems to be scalable for CBIR (see Section 3.8.7).

3.5 Performance Measures

The image retrieval problem is the following: & be an image database agdbe the query
image. Obtain a permutation of the imagesZinbased onQ, i.e., assignank(Z) € [|D|] for
eachZ € D, using some notion of similarity t@. This problem is usually solved by sorting the
imagesZ € D according tdf(Z) — f(Q)|, wheref(-) is a function computing feature vectors of
images and - | s is some distance metric defined on feature vectors.

Performance Measure. Let {Q,, ..., Q,} be the set of query images. For a quéy letZ; be
the unique correct answer. We use two performance measures:

1. r-measureof a method which sums up over all queries, the rank of the correct answer, i.e.,
7 rank(Z;). We also use the averagemeasure which is the-measure divided by the
number of queries.

2. p1-measureof a method which i§°7_, 1/ rank(Z;), i.e., the sum (over all queries) of the
precision at recall equal tb The average;-measure is thg;-measure divided by.

Images ranked at the top contribute more togheneasure. Note that a method is good if it has
a lowr-measure and a high -measure.

3. Recallvs. Scope:Let Q be a query and le®’, ..., Q! be multiple “answers” to the
query @ is called acategory query Now, therecall r is defined for ascopes > 0 as|{Q; |
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rank(Q;) < s}|/a. This measure is simpler than the traditionetall vs. precisiorbut still
evaluates the effectiveness of the retrieval [HCP95, SC96a].

3.6 Efficiency Considerations

As image databases grow larger, CBIR systems need to address efficiency issues in addition to the
issue of retrieval effectiveness. We investigate several general methods to improve the efficiency
of indexing and searching, without compromising effectiveness.

Parallelization. The construction of a featurebase for an image database is readily parallelizable.
We can divide the database into several parts, construct featurebases for these parts simultaneously
on different processors, and finally combine them into a single featurebase for the entire database.

Partial Correlograms. In order to reduce space and time requirements, we choose a small value
of d. This does not impair the quality of correlograms or autocorrelograms very much because in
an image, local correlations between colors are more significant than global correlations. Some-
times, itis also preferable to work witlistance setsyhere a distance sél is a subset ofd]. We
can thus cut down storage requirements, while still using a lérdéote that our algorithm can
be modified to handle the case whenc [d].

Though in theory the size of a correlogramQ$m?d) (and the size of an autocorrelogram
is O(md)), we observe that the feature vector is not always dense. This sparsity could be ex-
ploited to cut down storage and speed up computations. Replacing all sufficiently small entries by
zero and using a sparse representation for correlograms allows us cut down storage and speed up
computations.

Filtering. There is typically a tradeoff between the efficiency and effectiveness of search al-
gorithms: more sophisticated methods which are computationally more expensive tend to yield
better retrieval results. Good results can be obtained without sacrificing too much in terms of
efficiency by adopting a two-pass approach [HSE95]. In the first pass, we retrieve a\sémef

ages in response to a query image by using an inexpensive (and possibly crude) search algorithm.
Even though the ranking of these images could be unsatisfactory, we just need to guarantee that
useful images are contained in this set. We can then use a more sophisticated matching technique
to compare the query image to the§eémages only (instead of the entire database), and the best
images are likely to be highly ranked in the resulting ranked list. It is important to choose an
appropriateV in this approach— the initially retrieved set should be good enough to contain the
useful images and should be small enough so that the total retrieval time is reduced.

3.7 Experimental Setup

It is important to evaluate performance scientifically in order to ensure the validity of the results.
We develop several different benchmarks to evaluate performance. Our initial results are using
a databas#C14 with 14,554 color images of sizZ#é82 x 168. This includes 11,667 images used

in Chabot [CS95], 1,440 images used in QBIC [FS$], and 1,005 images from Corel. It also
includes a few groups of images in PhotoCD format and a number of MPEG video frames from
the web [PZ96]. Our heterogeneous image database is thus very realistic and helps us in a fair

1Equivalently, we could select some threshold image score.
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evaluation of various methods. It consists of images of animals, humans, landscapes, and various
objects like tanks, flags, etc.

In order to test scalability, we use two other larger image databased 8yith0 imagesiC18
and210,911 imageslC200 by adding CNN video frames to tHE14. Standard statistical tests
will be used to determine if one feature (or distance measure) is significantly better than another.

We consider the RGB colorspace with quantization into 64 colors (this number seems to work
the best withC14 [PZM96]. One can also examine the whole collection and quantize the color
space using the “optimal number” [WK96]. In our case, the performance does not vary much with
HSV instead of RGB.) To improve performance, we first smooth the images by a small amount.
We use the distance sét = {1,3,5,7} (so,d = 4) for computing the autocorrelograms. We
useb = 4 for the banded autocorrelogram. This results in a feature vector that is as small as
the histogram. The query response time fri@@i8 (including 1/O time) is under 14 seconds for
autocorrelograms, 5 seconds for banded autocorrelograms and 4 seconds for histograms.

Our benchmark consists @ queries, each with anique correctanswer identified by hand
from IC14 before running any experiments (examples of some queries and answers are shown in
Figure 3.2 and Figure 3.3). The queries are chosen to represent various situations like different
views of thesame scendarge changes in appearance, small lighting changes, spatial translations,
shape changed from camera zooms, etc. These data serve as the ground truth to test different
image features. We also run 4 category queries, eachawiti answers (see Figure 3.4)— Query
1 (o = 22 owl images), Query 2q( = 17 fox images), Query 3« = 6 movie scenes), and Query
4 (o = 6 moving car images).

We compare six image features: color histogram (hist), color coherent vectors with successive
refinement (CCV/C), autocorrelograms (auto), banded autocorrelograms (b-auto), edge autocor-
relograms (e-auto), and banded edge autocorrelograms (be-auto). These results areltésted on
using thelL; norm. We then test the scalability of three features: color histogram, banded autocor-
relograms, and histogram refinement witlevel of edge density andllevel of textureness hr(16)
[PZ98] (therefore the size of hr(16) i times of that of the histogram) on image databases
IC18 andIC200 We also compare the effectiveness of four different distance meadures;,
Jeffrey-divergence, anﬂ%.

3.8 Results

3.8.1 Unique Answer Queries

Table 3.1 compares the overall performancel@h4 obtained using the histogram, CCV, and
correlogram methods when the color space is divided into 8 binsis the distance measure
used.

Table 3.1: Performance of various methods (8 colors).

\ Method | hist [ ccv | corr | auto |

avg.r-measure|| 664 | 626 | 68 87
avg.p;-measure|| 0.06| 0.08 | 0.42 | 0.27

Both ther-measure and thg,-measure show that correlograms produce significantly better
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hist: 496. ccv(s): 245. auto: 2.
b-auto: 2. e-auto: 2.

hist; 411. ccv(s): 56. auto: 1.
b-auto: 1. e-auto: 1. be-auto: 1.

hist: 367. ccv(s): 245. auto: 1.
b-auto: 1. e-auto: 8. be-auto: 9.

Figure 3.2: Sample queries and answers with ranks for various methods retrievedCftdm
(Lower ranks are better.)

results than the other histogram-based features. In fact, 8-color correlograms perform better than
64-color histograms (see Table 3.2). The change in the averaggasure for the correlogram
method shows that this method ranks the correct answers 596 positions higher on average com-
pared to the histogram method.

The overall performance of the autocorrelogram, histogram, CCV, and CCV/C using 64 color
buckets is compared in Table 3.2. Observe that all the correlogram-related methods are on the
same par in terms of performance and are significantly better than histogram and CCV/C. On
average, in the autocorrelogram-based method, the correct answer shows up second while for
histograms and CCV-based methods, the correct answer shows up ad@ittoand40-th places.

The banded autocorrelograms perform only slightly worse than the autocorrelogram. With the
same feature size as the histograms, the banded autocorrelograms retrieve the correct answers at
more than79 positions higher than histograms. Thus the banded autocorrelogram serves much
better than the color histogram for image retrieval. Since the autocorrelograms already achieve
good retrieval results, the edge correlograms do not generate too much improvement.

Also note that the banded edge autocorrelograms have hghaeasure than the edge auto-
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hist: 310. ccv(s): 160. auto: 5.
b-auto: 5. e-auto: 1. be-auto: 1.

hist; 198. ccv(s): 6.
b-auto: 13. e-auto: 5.

hist: 119. ccv(s): 25. auto: 2.
b-auto: 3. e-auto: 1. be-auto: 1.

Figure 3.3: Sample queries and answers with ranks for various methods retrievetCitdm
(Lower ranks are better.)

correlograms. This is because most of the ranks go higher while only a few go lower. Though the
r-measure becomes worse, fhemeasure becomes better. It is remarkable that banded autocor-
relogram has the same amount of information as the histogram, but seems lot more effective than
the latter.

For 73 out of 77 queries, autocorrelograms perform as well as or better than histograms. In
the cases where autocorrelograms perform better than color histograms, the average improvement
in rank is 104 positions. In the four cases where color histograms perform better, the average
improvement is just two positions. Autocorrelograms, however, still rank the correct answers
within top six in these cases.

Statistical Significance Analysis.We adopt the approach used in [PZ96] to analyze the statistical
significance of the improvements. We formulate the null hypothBAgisvhich states that the
autocorrelogram method is as likely to cause a negative change in rank as a non-negative one.
Under Hy, the expected number of negative changed/is= 38.5, with a standard deviation

o= \/ﬁ/Q ~ 4.39. The actual number of negative changes,ihich is less thad/ — 70. We

can rejectH, at more thar99.9% standard significance level.
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Figure 3.4: Sample category queries and answers.

For 67 out of 77 queries, autocorrelograms perform as well as or better than CCV/C. In the
cases where autocorrelograms perform better than CCV/C, the average improvement in rank is
66 positions. In the ten cases where CCV/C perform better, the average improvement is two
positions. Autocorrelograms, however, still rank the correct answers within top 12 in these cases.
Again, statistical analysis shows that autocorrelograms are better than CCV/C.

From a usability point of view, we make the following observation. Given a query, the user is
guaranteed to locate the correct answer by just checking the top two search results (on average)
in the case of autocorrelogram. On the other hand, the user needs to check at least the top 80
search results (on average) to locate the correct answer in the case of histogram (or top 40 search
results for the CCV/C). In practice, this implies that the former is a more “usable” image retrieval
scheme than the latter two.

3.8.2 Stability

The results show that the autocorrelogram tolerates large changes in appearance of the same scene
caused by changes in viewing positions, changes in the background scene, partial occlusions,
camera zoom that causes radical changes in shape, etc. Since we choose smdll VaJtes}
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Table 3.2: Comparison of various image retrieval methods.

| Method | hist | ccvic | auto || b-auto| e-auto| be-auto||

avg.r-measure|| 81.8| 425 | 2.2 2.5 1.9 2.0
avg.pi;-measure| 0.28| 0.41 | 0.75| 0.72 | 0.78 0.79

for the distance seb, the autocorrelogram distills the global distribution of local color spatial
correlations. In the case of camera zoom (for example, the third pair of images on the left column
of Figure 3.2), though there are big changes in object shapes, the local color spatial correlations
as well as the global distribution of these correlation do not change that much. We illustrate this
by looking at how the autocorrelation of yellow color changes with distance in the following three
images (Figure 3.8.2). Notice that the size of yellow circular and rectangular objects in the query
image and the image ranked one are different. Despite this, the correlation of yellow with yellow
for the local distance of the image ranked one is closer to that of the query image than the image
ranked, say, two (Figure 3.8.2).

Figure 3.5: The query image, the image ranked one, and the image ranked two.

yellow color autocorrelation in three images
T T T

o

probability value

Figure 3.6: The change of autocorrelation of yellow color with distance.

3.8.3 Recall Comparison

Table 3.3 shows the performance of three features on our four category queries, diseance
metric is used. Once again, autocorrelograms perform the best.
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Table 3.3: Scop#®s. recall results for category queries. (Larger numbers indicate better perfor-
mance.)

Recall
Query 1 Query 2
Scope|| hist | ccv/c | auto || hist | ccv/c | auto
10 A4 | 19 | 24| .13 | .19 | .38
30 19| .19 | 38| .31 | .38 | .63
50 A9 | 24 | 57| 31| .38 | .75
Recall
Query 3 Query 4
Scope|| hist | ccvic | auto|| hist | ccv/c | auto
10 20| .20 | 1.0} .20| .20 | .60
30 40| .20 | 1.0 .20| .20 | .80
50 40| 60 | 1.0 || .20| .20 | .80

3.8.4 Filtering

Table 3.4 shows the results of applying a histogram filter before using the autocorrelogram (we
use 64-color histograms and autocorrelograms). As we see, the quality of retrieval even improves

Table 3.4: Performance of aufo() with hist(d,) filter.

| Method | unfiltered| filtered |

r-measure 172 166
pi-measure| 58.02 58.60

somewhat (because false positives are eliminated). As anticipated, the query response time is less
since we consider the correlograms of only a small filtered subset of the featurebase.

3.8.5 Relative Distance Metric

Table 3.5 compares the results obtained ugipgnd L, distance measures on histograms, one
of histogram refinement variants hr(16), and banded-autocorrelogram. The test res@lts are
querieg from IC18. Usingd, distance measure is clearly superior. The improvement is specially
noticeable for histograms and variants of histogram refinement methods (see Figure 3.7).

Among the three features, banded autocorrelograms perform the best in terms of both
measure ang;-measure with the same size as histograms. The histogram refinement (hr(16))
certainly improves upon the histogram with additional local spatial information.

A closer examination of the results shows, however, that there are instances wharditie
tance measure performs poorly compared tolthelistance measure on histograms and CCV/C.

2not exactly the sam@7 pairs of images as before because some images are missiDggan
andIC2000n NT machines.
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Table 3.5: Comparison di; andd; on databaséC18

Method hist | hr(16) | b-auto| hist | hr(16) | auto
L, distance measure| d; distance measur
avg.r-measure| 94.4| 125 2.3 6.9 6.6 2.8
avg.pi;-measure| 0.30| 0.59 | 0.76 || 0.62| 0.75 | 0.77

D

An example is shown in Figure 3.8. It seems that the failure ofithmeasure is related to the

large change of overall image brightness (otherwise, the two images are almost identical). We
need to examine such scenarios in greater detail. Autocorrelograms, however, are not affected
by d; in this case. Nor doed; improve the performance of autocorrelogram much. In other
words, autocorrelograms seem indifferent to dhelistance measure. This needs to be formally
investigated.

3.8.6 Other Distance Measures

Tables 3.6, 3.7, and 3.8 compare the results obtained from image dat@d&sgsing four dis-
tance functions —.1, d;, Jeffrey-divergence measure, ahg on three features — histograms,
histogram refinement hr(16), and banded autocorrelogram.

For histograms¢; gives the best results. When compared.igit reduces the average rank
from 94 to 7, and doubles the precision value at recall. The divergence measule%andasure
also perform better thah; with significant computation overhead. i

For histogram refinement feature hr(16), the divergence measure performs the best in terms of
r-measure, whilel; performs the best in terms pf-measure.L; gives the worst performance.
From the computation and performance points of viéwis the best choice among the four
distance measures for hr(16).

For banded autocorrelograms; gives the lowest rank whil€; gives the highest precision
value at recall one. The divergence measure performs the worst. Since there is not much difference
in terms of performance betwedn andd,, L; seems to be the best distance function for banded-
autocorrelograms.

In summary, we observe that different distance functions perform differently on the same
feature, and different features benefit differently from the same distance function. Our results
indicate thatl; is an economical and effective distance function for content-based image retrieval.

Table 3.6: Comparison of various distance functions on histogramsl€a&

H Method H Ly ‘ d; ‘divergence‘ L% H

avg.r-measure|| 94.4| 6.9 17.5 25.9
avg.pi-measure|| 0.30 | 0.62 0.50 0.42
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hist: 1035. hr(16): 404. b-auto:2. L)
hist: 1. hr(16): 3. b-auto:2. d)

hist: 509. hr(16): 92. b-auto:1. L)
hist: 1. hr(16): 2. b-auto:1. d)

hr(16): 54. b-auto:3. L()
hist: 11. hr(16): 7. b-auto:5. d()

hist: 375.
Figure 3.7: Cases whetg is much better thaih; onIC18.

3.8.7 Scalability

We compare the scalability of different features in Table 3.9, Table 3.10, Table 3.11, and Ta-
ble 3.12. The distance functions also affect the scalability of image features.

If the L, metric is used, both histograms and histogram refinement hr(16) are not scalable, but
banded autocorrelograms retain the performance very well when the size of the image database
increases fron18, 000 to 200,000. We also plot the bar chart of rank changes of hist, hr(16),
and b-auto in Figure 3.9, Figure 3.10, Figure 3.11. For histograms, there are28bgueries
whose rank changes are greater thé®0. The relative change gf,-measure for hr(16) is small,
however. This is because most of the ranks do not change much (centered #roseel Figure
3.10), while the big changes occur to those with already high ranks.

If the d; metric is used, all three features are scalable, and hr(16) changes the least. If the
divergence measure is used, all three features are not scalable. While the relative rank changes
are big, the relative; changes are small. This is again because some queries with high rank are
susceptible to false matches when more images are added in. As a result, their rank changes are
too big to boost up the relative rank changed. ifis used, only b-auto is scalable, and its changes
are insignificant. ’

Combining the results with those from Section 3.8.5 and Section 3.8.6, we show thsat
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hist: 30. hr(16): 3. b-auto: 5. f)
hist: 7. hr(16): 294. b-auto: 7. )

hist: 64. hr(16): 2.
hist: 188. hr(16): 7.

hist; 1. hr(16): 1. b-auto: 1. 14)
hist: 65. hr(16): 1. b-auto: 1. d()

Figure 3.8: Cases whetg is worse than.; onIC18.

not only effective and economical, but also scalable for all three image features. The divergence
metric is not recommended because it is not scaldbles not recommended for histogram-based
2

features. These two distance measures are anyway expensive to compute.

We also conclude that histograms are not scalable udlessetric is used; banded autocor-
relograms are scalable unless the divergence metric is used; and histogram refinement methods
hr(16) are not scalable unlegs metric is used.

3.9 Summary

In Summary, we applied the color correlogram to the problem of content-based image index-
ing/retrieval. The highlights of the correlogram are:

e it describes the global distribution of local spatial correlations of colors;
e itis easy to compute;

e the size of the feature is fairly small; the size of banded autocorrelogram can be the same
as the histogram;
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Figure 3.9: Bar chart of rank changes of histograms.

Bar chart of rank changes: L1 metric on hr(16)
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Figure 3.10: Bar chart of rank changes of histogram refinement hr(16).
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Table 3.7: Comparison of various distance functions on histogram refinement hr(18t@&m

H Method H Ly ‘ d; ‘divergence‘ L% H

avg.r-measure|| 12.5| 6.6 4.0 4.7
avg.pi-measure| 0.59| 0.75 0.70 0.67

Table 3.8: Comparison of various distance functions on banded autocorrelogram€i8m

H Method H Ly ‘ d; ‘divergence‘ L% H

avg.r-measure|| 2.3 | 2.8 12 3.3
avg.pi;-measure|| 0.76 | 0.77 0.69 0.70

e itis stable to tolerate large image appearance change caused by changes in camera viewing
positions, changes in the background scene, partial occlusions, camera zoom that causes
radical changes in shape, etc.

e its performance is very well scalable for very large image databases.

Our experimental evidence shows that this new feature outperforms both the traditional his-
togram method and the very recently proposed histogram refinement method for content-based
image indexing/retrieval. With the same feature size, banded autocorrelograms achieve much
better retrieval performance than histograms.

We discussed the scalability issues for histograms, one variant of histogram refinement and
correlograms. We also studied different distance measures for comparing image features, such
as L, Jeffrey-divergence measure aﬂd measure. While the newly proposég metric has
negligible impact on correlograms, it seems to improve the quality and scalability for histogram-
based features. It is also simpler and more economical to compute than Jeffrey’s divergence
measure or thén measure. We recommend usidg metric for histogram-based features, and
the traditionalL metrlc for correlograms.
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Table 3.9: Results frofC18 andIC200compared by.;. Lower rank— better; highep, —-
better; smaller change= more scalable.

| Database]| Method | hist [ hr(16) | b-auto]|
IC18 avg.r-measure 94.4 | 125 2.3
IC200 avg.r-measure || 2042.5| 464.2| 2.9
relative change(%), 2064 | 3614 26
IC18 avg.pi-measure 0.30 0.59 0.76
IC200 avg.pi-measure 0.23 0.56 0.71
relative change(%) 23 5 6

Bar chart of rank changes: L1 metric on banded-auto
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Figure 3.11: Bar chart of rank changes of banded autocorrelograms.

Table 3.10: Results fronC18 andIC200compared byl;. Lower rank=> better; highep; —>
better; smaller change= more scalable.

| Database]| Method | hist | hr(16) | b-auto
IC18 avg.r-measure || 6.9 6.6 2.8
IC200 avg.r-measure || 10.7| 7.1 3.2
relative change(%) 55 8 14
IC18 avg.p;-measure | 0.62| 0.75 0.77
IC200 avg.p;-measure | 0.59| 0.75 0.75
relative change(%), 5 0 3
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Table 3.11: Results froC18 and IC200 compared by divergence measure. Lower rask
better; highep; = better; smaller change=- more scalable.

| Database] Method | hist | hr(16) | b-auto]]
IC18 avg.r-measure | 175 | 4.0 11.7
1C200 avg.r-measure || 149.7| 25.1 | 46.1
relative change(%) 755 | 528 294
IC18 avg.pi;-measure | 0.50 | 0.70 | 0.70
IC200 avg.pi;-measure || 0.41 | 0.67 | 0.65
relative change(%) 18 4 7

Table 3.12: Results fron€18andIC200compared b}L%. Lower rank=> better; highep; —-
better; smaller change=- more scalable. i

| Database] Method | hist | hr(16) | b-auto]]
IC18 avg.r-measure | 25.9 4.7 3.3
IC200 avg.r-measure || 234.8| 44.2 4.2
relative change(%) 807 840 3
IC18 avg.pi;-measure | 0.42 | 0.67 | 0.70
IC200 avg.pi;-measure || 0.34 | 0.65 | 0.69
relative change(%) 19 3 1




Chapter 4

Image Subregion Querying and
Localization

The notion of image content arises not only from the overall image appearance, but also from
the objects present inside the image. This is an important reason why people prefer to query for
images using abstractly defined objects/categories (e.g., “retrieve all images with a red rose”).
Conventional object recognition techniques are not advanced enough to recognize general objects
in arbitrary images.

A simpler version of the object recognition problem is tlmage subregion queryingroblem:
given as input a subregiod of an imageZ and an image s, retrieve fromsS those imageg’ in
which the queryQ appears according to human perception (dendted Q). The set of images
might consist of a database of still images, or videos, or some combination of both. The problem
is made even more difficult than image retrieval by a wide variety of effects that cause the same
object to appear different (such as changing viewpoint, different pose and shape, camera noise
and occlusion).

The image subregion querying problem arises in image retrieval and in video browsing when
a user is more interested in objects themselves rather than the background. For example, a user
might wish to find pictures in which a given object appears, or scenes in a video that contain a
specified person.

Once it is determined that an image contains an object, it becomes necessary in many cases
(like tracking of objects in a video sequence) to locate the object inside the image. This is called
thelocalizationproblem.

In this chapter, we study the use of color correlograms for solving the image subregion query-
ing and localization problems. We show that using correlograms can substantially improve upon
the results obtained using the histogram intersection and backprojection methods.

Organization. : Section 4.1 briefly reviews related work in image subregion querying and lo-
calization problems. Section 4.2 and Section 4.3 present our correlogram-based methods for the
image subregion querying and localization problems. Experimental results are presented within
each section.

40
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4.1 Related Work

The image subregion querying problem is closely related to object recognition, which has been
studied for a long time by the computer vision community [Robe65]. Some of the early work in
object recognition and detection [MN78], suggests that geometric cues such as edge, surface, and
depth information be identified before object recognition is attempted. Most of such object recog-
nition systems compare the geometric features of the model with those of an image using various
forms of search (some of which are computationally intensive [HU86, GL 1987]). Huttenlocher
et al. [HKR93] propose using the Hausdorff distance to compare images. This method operates
on the edge maps of images and is fairly fast. It has been successfully tested on cases where the
model is allowed only rigid motions with respect to the image.

Such geometric information is hard to extract from an image, since geometric and photomet-
ric properties are relatively uncorrelated [RB95]. Moreover, the central tasks involved in this
approach — edge detection and region segmentation — are difficult for unconstrained data that is
encountered in the context of image retrieval and video browsing.

An alternative approach to model-based recognitiapisearance matching-irst, a database
of object images under different view positions and lighting conditions is constructed. driren,
cipal component analysis used to analyze only the photometric properties and ignore geometric
properties [MN95, HLO96, RB95]. This model-based method is effective only when the principal
components capture the characteristics of the whole database. For instance, it yields good results
on the Columbia object database in which all images have a uniform known background. If there
is a large variation in the images in a database, however, a small set of principal components is un-
likely to do well on the image subregion querying task. In addition, the learning process requires
homogeneous data and deals poorly with outliers. Therefore, this approach seems suitable only
for domain-specific applications, but not forimage subregion querying from a large heterogeneous
image database such as the one used in our experiment.

Since the color information (e.g., histogram) is very easy to extract from an image, it has
been successfully used for object indexing, detection, and localization [SB9I, 53K S95,
MMK95, SH95, BE92, Syed97, FFB96, FMM6, DRD97]. We briefly review some of these
approaches below.

Swain and Ballard [SB91] propogastogram intersectiorfor object identification andhis-
togram backprojectiorfor object localization. The technique is computationally easy, does not
require image segmentation or even foreground/background separation, and is insensitive to small
changes in viewing positions, partial occlusion, and object deformation. Histogram backprojec-
tion is a very efficient process for locating an object in an image. It has been shown that this
algorithm is not only able to locate an object but also to track a moving object. The advantages
and disadvantages inherent to histograms in general have been discussed in detail in Section 4.2
and Section 4.3.

One disadvantage of color histograms is that they are sensitive to illumination changes. Slater
and Healey [SH95] propose an algorithm that computes invariants of local color distribution and
uses these invariants for 3-D object recognition. Illumination correction and spatial structure
comparison are then used to verify the potential matches.

Mataset al. [MMK95] propose the color adjacency graph (CAG) as a representation for
multiple-colored objects. Each node of a CAG represents a single color component of the image.
Edges of the CAG label reflectance ratios [NB93] of adjacent color components. CAG’s improve
over histograms by incorporating coarse color segmentation into histograms. The set of visible
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colors and their adjacency relationship remain stable under changes of viewpoint and non-rigid
transformations. The recognition and localization problems are solved by subgraph matching.
Their approach yields excellent results, but the computational cost of subgraph matching is fairly
high.

Daset al. modify the CAG to approximate the spatial relationship of color regions. They first
obtain prominent colors by extracting peaks in a histogram. A Spatial Proximity Graph (SPG) is
constructed with nodes representing each color peak, and edge representing possible adjacency
between color regions. The adjacency information is obtained by examining color peaks in each
cells (here an image is divided into some number of cells). A SPG may have fake edges indicating
wrong adjacency information, but it does not matter. A query is first matched against the database
using peak-matching to get a list of candidate images. The second phase of matching is done on
the SPGs of those candidate images. Although the sub-graph isomorpiNgtrc@mplete, some
heuristics are employed to speed up the matching process.

Forsythet al. [FMM *96] offer different object models in order to achieve object recognition
under general contexts. Their focus is on classification rather than identification. The central
process is based on grouping (i.e., segmentation) and learning. They fuse different visual cues
such as color and texture for segmentation; texture and geometric properties for trees; and color,
texture and specialized geometric properties for human bodies.

4.2 Correlogram Intersection

The image subregion querying problem is a harder problem than image retrieval based on whole
image matching. To avoid exhaustive searching subregions in an image, one scheme is to define
intersectionof color histograms [SB91]. The scheme can be interpreted in the following manner.
(This interpretation helps us to generalize the method to correlograms easily.)

Given the histograms for a quey and an imag€, the intersection of these two histograms
can be considered as the histogram of an abstract entity notated as the inte@etfioifwhich
will not be defined but serves as a conceptual and notational convenience only.) With the color
count of the intersection defined as

H,(QNT)2 min{H,,(Q), H,(I)}, (4.1)
we can define the intersection of the histogram@andZ as
H.(QNT
he,(QNT) 2 7@%%' ). (4.2)

Note that this definition isotsymmetric inQ andZ. The distancgQ — QNZ|; 1, is a measure of
the presence a@ in Z. WhenQ is a subset of, |Q — QNZ|; 1, = 0 because all the color counts
in @ are less than those ify and the histogram intersection simply gives back the histogram for
Q.

In an analogous manner, we define the intersection correlogram as the correlogram of the
intersection@ N Z (again, merely an abstract entity.) With the count

r#) (@Nn17) £ min{r®), (Q),r®, (1)}, (4.3)

Ci,Cj 77 Ci,Cj
we can define the intersection correlogram as follows:

A r.(en1)
- H.(QNTI) 8k

. nz (4.4)
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Again we measure the presence®fin Z by the distancgQ — Q N 7|, r,, say if L; distance
measure were chosen.df C 7, then the latter “should have at least as many counts of correlating
color pairs” as the former. Thus the couiitsand H for @ N Z are again those of, and the
correlogram of@ N Z becomes exactly the correlogram@f giving |Q — QN Z|, ., = 0.

We see that the distance betwa@mndQ N7 vanishes whe is actually a subset df; this
affirms the fact that both correlograms and histograms are global features. Statie@roperty
is not satisfied by all features — for instance, spatial coherence [PZ96] is not preserved under
subset operations. Therefore, methods for subregion querying based on such unstable features are
not likely to perform as good as the histogram or correlogram based methods.

4.2.1 Performance Measure

We use the following measures to evaluate the performance of various competlng image subregion
querying algorithms. 1D, ..., Q, are the query images, and for théh queryQ;, T 1 , .. I,gf)

are the only images that “contalrQ,, (i.e., Q; “appears in” ](.),j =1,...,a;,) yet due to the
presence of false matches the image subregion querying algorithm may return this set of “answers”

with various ranks.

1. Average r-measurgives the mean rank of the answer-images averaged over all queries. It
is given by either of the following expressions:

q a; .
15 L S rank(z!?) (4.5)
;=5 % 5=

Z Z rank(Z / Z a; (4.6)

i=1j=1
The macroaveraged--measure given by Equation 4.5 treats all queries with equal impor-
tance, whereas thmicroaveraged--measure defined by Equation 4.6 gives greater weigh-
tage to queries that have a larger number of answers. In both cases a lower value of the
r-measure indicates better performance.

2. Average precisioffor a queryQ; is given by(1/a;) E;”:l j/ rank(I](-i)), Where’[{i), . ,I,S?
are the answers for que; in the order that they were retrieved. This quantity gives the
average of the precision values over all recall points (Withbeing perfect performance).

3. Recall/Precision vs. Scopé&or a queryQ; and ascopes > 0, the recall r is defined as
{Z | rank(Z(") < s}|/a;, and theprecisionp is defined a${Z,” | rank(Z\") < s}|/s.
These measures are simpler than the traditional average precision measure but still evaluate
the effectiveness of the subregion query retrieval. For both measures, higher values indicate
better performance.

4.2.2 Experiments

The image database is the sameé@HB4 in Section 3.7. We use 64 color bins for histograms and
autocorrelograms. The distance set for autocorrelogranis 4s {1, 3,5, 7}. Our query set for

this task consists a30 queries. Queries hav&to 16 answer images with the average number
of answers per query being neafly The query set is constructed by selecting “interesting”



44

portions of images from the image database. The answer images contain the object depicted in
the query, but often with its appearance significantly changed due to changes in viewpoint, or

different lighting, etc. Examples of some queries and answers (and the rankings according to the
histogram and autocorrelogram intersection methods) are shown in Figure 4.1 and Figure 4.2.

Query auto: 6, hist: 6 auto: 19, hist: 48 auto: 9, hist: 57

Figure 4.1: Sample queries and answer sets with ranks for various methods. (Lower ranks are
better.)

4.2.3 Results

The histogram and autocorrelogram intersection methods for subregion querying are compared
in Tables 4.1 and 4.2. For each of the evaluation measures proposed above, the autocorrelogram
performs better. The average rank of the answer images improves by over 30 positions when the
autocorrelogram method is used, and the average precision figure improves by an impressive 56%
(see Table 4.1). Table 4.2 shows the precision and recall values for the two methods at various
scopes. Once again, autocorrelograms perform consistently better than histograms at all scopes.
Doing a query-by-query analysis, we find that autocorrelograms do better in terms of the average
r-measure on 23 out of the 30 queries. Similarly, autocorrelograms yield better average precision
on 26 out of 30 queries. Thus, for a variety of performance metrics, autocorrelograms yield better
results. This suggests that the autocorrelogram is a significantly superior method for subregion
guerying problem.
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Query auto: 1, hist: 2 auto: 2, hist: 6 auto: 3, hist: 5

Figure 4.2: Sample queries and answer sets with ranks for various methods. (Lower ranks are
better.)

4.3 Localization using Correlograms

The localization (or location) problem is the following: given a query image (also referred to as
the target or model® and an imag& such thatQ C Z, find the “location” inZ where Q is
“present”. Itis hard to define the notion of location mathematically because the model is of some
size. We use the location of the center of the model for convenience.

This problem arises in tasks such as real-timhgect trackingor video searchingwhere it is
necessary to localize the position of an object in an image. Given an algorithm that solves the
location problem, tracking an obje@ in an image frame sequenge= 7, ..., 7, is equivalent
to finding the location of@ in each of theZ;’s. Efficiency is also required in this task because
huge amounts of data need to be processed.

The location problem can be viewed as a special case of the image retrieval problem in the
following manner. LetZ|, denote the subimage Ih of size Q located at positiop. (The as-
sumption about the size of the subimage is without loss of generality.) The set of all subimages
Zl1,---, Iz presentin constitutes the image database & the query image. The solution
T|, to this retrieval problem gives, the location ofQ in Z. The above interpretation istemplate
matchingprocess.
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Table 4.1: Performance of Histogram and Autocorrelogram Intersection methods — I. (Smaller
r-measure and larger precision are better.)

| Method || Avg. r-measure (macro) Avg. r-measure (microj Avg. precision||

Hist 56.3 61.3 0.386 \
Auto 22.5 29.1 0.602 \
Table 4.2: Performance of Histogram and Autocorrelogram Intersection methods — Il. (Larger

values are better.)

| Method || Precision(%) | Recall |
Scope—~ 5 10 25 5 10 25
Hist 0.273| 0.223] 0.133|| 0.311| 0.460| 0.681
Auto 0.493| 0.347| 0.165|| 0.541| 0.718| 0.850

One straightforward approach to the location problem is using this template matching process.
Template matching takes the qu&lyas a template and moves this template over all possible loca-
tions in the imagé4 to find the best match. This method is likely to yield good results when the ob-
ject appearance does not change much. When the object appearance has large changes due to dif-
ferent view positions that cause scale and shape changes, occlusions etc, special techniques have
to be applied to deal with those image appearance changes (sdefoasableemplate match-
ing [JZL96, JDL96, IWYS96]). In addition, template matching is computationally expensive.
Attempts have been made to make template matching more efficient [MR90, VMH96, BE92].
The histogram backprojectiormethod is one such approach to this problem. We discuss this
approach below.

The basic idea behind histogram backprojection is (i) to compute a “goodness value” for each
pixel in Z (the goodness of each pixel is the likelihood that this pixel is in the target); and (ii)
obtain the subimage (and hence the location) whose pixels have the highest goodness values.

Formally, the method can be described as follows. fEti® histogramis defined for a color

cas
H.(9Q)
HC(I) I }

The goodness of a pixgl€ Z. is defined to ber. ;(Z|Q). The contribution of a subimagg, is
given by

7en(Z]Q) £ min{

,(Z|1Q) 2 3 774 (Z]Q). 4.7)

q€Tlp

Then, the location of the model is given by

arg max 1I,(Z]Q).
peT

The above method generally works well in practice, and is insensitive to changes of image
resolution or histogram resolution [SB91]. Note that back-projecting the ratio-histogram gives the
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samegoodness value to all pixels of the same color. It emphasizes colors that appear frequently
in the query but not too frequently in the image. This could result in overemphasizing certain
colors inQ. A color ¢ is said to bedominantin Q, if m,;(Z|Q) is maximum over all colors. If

7 has a subimagé|, (which may be totally unrelated @) that has many pixels of coles then

this method tends to identif@ with Z|,, thus causing an error in some cases. Figure 4.3 shows

image .
model incorrect answer

i _

Figure 4.3: False match of histogram-backprojection.

a simple example illustrating this problem. Supp@s&as6 black pixels andt white pixels, and
imageZ has100 black pixels and 00 white pixels. Thenr, ;, = 0.06, 7, 5, = 0.04. The location

of the model according to the backprojection method is in an entirely black patch, which is clearly
wrong.

Another problem with histogram backprojection is inherited from histograms which have no
spatial information. Pixels of the same color have the same goodness value irrespective of their
position. Thus, false matches occur easily when there are multiple similarly colored objects, as
shown in the examples of red roses in Figure 4.4 and zebras in Figure 4.5.

4.3.1 Correlogram Correction

To alleviate the problems with histogram backprojection, we incorporate local spatial correlation
information by using acorrelogram correctionfactor in Equation 4.7. The idea is to integrate
discriminating local characteristics while avoiding local color template matching [EM95]. We
define docal correlogram contributiorbased on the autocorrelogram of the subimageso that
the goodness of a pixel depends on its position in addition to its color.

For each pixep € Z, the local autocorrelogram},’“) is computed for each distanéec D (D

should contain only small values so tlméf) captures local information for eagh

(k)
k) — FI(P)aI(P)({p})
P 8k

where {p} represents the pixgl along with its neighbors considered as an image. Now, the
correlogram contribution gf is defined as

A

7ril’,’Y(I|Q) |QI(p) - {p}|%L1

In other words, the contribution gf is the L, -distance between the local autocorrelogranp at
and the part of the autocorrelogram @rthat corresponds to the color of
Combining this contribution with Equation 4.7, the final goodness value of a subiffjaie
given by
A
M,(Z1Q) 2 Y (Brz(ga(T1Q) + (1 - A)me(Z1Q)) .

q€Tlp
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where) < 8 < 1.

It turns out that the correlogram contribution by itself is also sensitive and occasionally
overemphasizes less dominant colors. Suppdsea less dominant color (say, background color)
that has a high autocorrelation. Ifhas a subimag|, (which may be totally irrelevant t@)
that has many pixels of colarwith high autocorrelations, then correlogram backprojection has
a tendency to identifyQ with Z|,, thus potentially causing an error. Since the problems with
histograms and correlograms are in some sense complementary to each other, the best results are
obtained when the goodness of a pixel is given by a weighted linear combination of the histogram
and correlogram backprojection contributions. Adding the local correlogram contribution to his-
togram backprojection remedies the problem that histograms do not take into account any local
information, while on the other hand, the histogram contribution ensures that background colors
are not overemphasized. We call th@relogram correction

This can also be understood by drawing an analogy between this approach and Taylor expan-
sion. The goodness value obtained from histogram backprojection is like the average constant
value in the Taylor expansion and the local correlogram contribution is like the first order term in
the approximation. Therefore, the best results are obtained when the goodness value of a pixel is
a weighted linear combination of the histogram backprojection value and the correlogram contri-
bution.

4.3.2 Performance Measure

Let an indicator variabléoc(Q,Z) be 1 if the location returned by a method is within reason-
able tolerance of the actual location @fin Z. Then, given a series of queri&, ..., Q, and
corresponding images,, . . ., Z,, thesuccess ratiof the method is given by

I loc(Q;, Ty)
q

For tracking an objeo® in a sequence of framds= 1i,...,1;, thesuccess ratidgs therefore
le loc(Q,Z;)/t.

4.3.3 Experiments and Results

We use the same database to perform the location experiments. A model image and an image that
contains the model are chosen. For the location problem, 66 query images and 52 images that con-
tain these models are chosen and tested. Both the histogram backprojection and autocorrelogram
correction are triedD = {1, 3,5} andg = 0.5 were the parameters.

For the tracking problem, we choose three videos: bus(133 frames), clapton (44 frames), and
skydive (85 frames). We use = {1, 3,5} ands = 0.8 for this problem.

For the location problem, Table 4.3 shows the result$6ayueries, and Figure 4.4 and Figure

Table 4.3: Results for location problem (66 queries).

| Method | hist | auto |
| Success Ratid 0.78 0.96 ||
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Figure 4.4: Location problem: histogram output, query image, and correlogram output.

4.5 shows some examples for the location problem. For the tracking problem, Table 4.4 shows
the result of histogram backprojection and correlogram correction for the three test videos. These
results clearly show that correlogram correction alleviates many of the problems associated with
simple histogram backprojection. Figure 4.6 shows sample outputs.

Table 4.4: Results (success ratios) for the tracking problem.

| Method || hist | auto |
bus 0.93| 0.99
clapton | 0.44| 0.78
skydive || 0.96 | 0.96

4.4 Summary

Image subregion querying and localization are vital tools that are indispensable feature of any
image management system. We propose the use of color correlograms in devising algorithms for
these problems. We introduce the concept of correlogram intersection (as a generalization of his-
togram intersection) and correlogram correction. Our algorithms are very simple and inexpensive.
Experiments suggest that with little more computation and storage, correlograms achieve better
performance for image subregion querying and localization than histograms.



50

" /‘ L]
FRlrLE

g AT g D

Figure 4.5: Location problem: histogram output, query image, and correlogram output.

Figure 4.6: Tracking problem: histogram output, query image, and correlogram output.



Chapter 5

Cut Detection

In earlier chapters, we focused on the use of correlograms for still-image related problems. In this
chapter, we show that correlograms can also be used for some problems in the video domain. In
particular, we consider the fundamental problem of detecting cuts in video sequences and show
that correlograms can be applied to this problem with reasonable success.

5.1 Background

The increasing amount of video data requires automated video analysis. The first step to the
automated video content analysis is to segment a video into camera shots (also knayn as
frame extraction See Figure 5.1). A camera shbt= Zi,...,Z2; is an unbroken sequence of
frames from one camera. If denotes the sequence of cuts, then agubccurs when two
consecutive frame&Z;, Z; 1) are from “different” shots.

Video

Scene

Cuts

Frames

Figure 5.1: Video parsing.

Cut detection algorithms assume that consecutive frames in a same shot are somewhat more
similar than frames in a different shot. (Other gradual transitions such as fade and dissolve are not
studied here because certain mathematical models can be used to treat these special-case chro-
matic editing effects.) Different cut detectors use different features to compare the similarity

51



52

between two consecutive frames, such as pixel difference, statistical differences, histogram com-
parisons, edge differences, etc [BR96]. One way to detect cuts using a féasuby ranking

(Ti, Z;11) according tdZ; — Z;11|;- Letcuts(Z) be the number of actual cuts inandrank(J;)

be the rank of the cu¥; according to this ranking.

Histograms are the most common used image features to detect cuts because they are efficient
to compute and insensitive to camera motions. Histograms, however, are not stable to tolerate
local changes in images that false positives easily occurs in this case (see Figure 5.2). Since
correlograms seem to be stable to tolerate large appearance changes for image retrieval, we use
correlograms for cut detection.

Performance Measure. Recalland precisionare usually used to compare the performance of
cut detection. However, it is difficult to measure the performance of different algorithms based on
recall vs. precision curves [BR96]. Therefore we look at recall and precision values separately.
In order to avoid using “optimal” threshold values, we ysecision vs. scop® measure false
positives andecall vs. scopgo measure fglse negatives (misses). We choose scope values to

be the exact cut numbents(7) and2cuts(I). We also use thexcessive rank valyevhich is
defined by

cuts([)

Z (rank(J;) — 1),

i=1
and theaverage precision valuerhich is defined by

1 cuts(l) ;

cuts(l) — rank(J;)

Note that a smaller excessive rank value and a larger average precision value indicate better result
(perfect performance would have values zero and one respectively).

5.2 Experiments and Results
We use 64 colors for histograms and banded autocorrelograms. We use 5 video clips from televi-

sion, movies, and commercials. The clips are diverse enough to capture different kinds of common
scenarios that occur in practice. The results are shown in Table 5.1 and Table 5.2.

Table 5.1: Recall vs. Scope for cut detection. (Smaller values are better.)

Method — hist banded-auto
Video| || cuts(Z) ‘ 2 cuts(Z) ‘ Ex. rank || cuts(Z) ‘ 2 cuts(Z) ‘ Ex. rank
1 (9 cuts) 0.78 1.0 14 1.0 1.0 0

2 (15 cuts)|| 0.87 1.0 7 1.0 1.0 0
3 (16 cuts)|| 0.75 1.0 25 0.81 1.0 9
4 (7 cuts) 1.0 1.0 0 1.0 1.0 0
5 (10 cuts) 0.9 0.9 > 10 0.9 1.0 3
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Figure 5.2: Cut detection: False cuts detected by histogram but not by correlogram.

The results of our experiments show that banded autocorrelograms are more accurate for cut
detection than histograms despite both having the same amount of information. It is certainly
more efficient than dividing an image ini® subimages [HJW94]. Thus the autocorrelogram
seems to be a promising feature for cut detection.

5.3 Summary

Cut detection is the initial step to parse a video sequence. Our experiments show that color

correlograms perform better results than color histograms for in detecting abrupt scene changes.
This is because the correlogram tolerates the large local image change while the histogram fails.
This is not surprising because we have shown that correlograms are much more stable to tolerate
large image appearance changes in Chapter 3.



Table 5.2: Precision vs. Scope for cut detection. (Larger values are better.)

Method — hist banded-auto
Video| || cuts(Z) | 2cuts(Z) | Avg. Prec.| cuts(Z) | 2cuts(Z) | Avg. Prec.
T@cuts) || 0.78 05 0.90 1.0 05 1.0
2 (15 cuts)||  0.87 05 0.98 1.0 05 1.0
3 (16 cuts) 0.75 0.5 0.93 0.81 0.5 0.97
4 (7 cuts) 1.0 0.5 1.0 1.0 0.5 1.0
5 (10 cuts) 0.8 0.45 < 0.95 0.9 0.5 0.98
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Chapter 6

Supervised Learning in Content-Based
Image Retrieval

We have already shown that the color correlogram is a stable, scalable, effective, and efficient
image feature for content-based image retrieval. It is, however, impossible for any image feature
to be entirely fool-proof. Therefore, for any query image, not all the images labeled “relevant”
by any retrieval method are actually relevant. It is reasonable in such situations to enlist the
services of the user by requesting for some relevance feedback. Forinstance, in practical situations
like searching for a particular image on the world-wide web, the system can retrieve a list of
images that it considers relevant to the query image. Then, the user can be prompted to mark each
retrieved image as “relevant” or “irrelevant”. This information can be used to refine the search,
thus potentially improving the quality of retrieval.

In this chapter, we investigate the use of information provided interactively by a user to im-
prove the performance of correlograms. We outline two schemes that use feedback information
(in the form of labeled examples). The first scheme is borrowed from the standard technique in
information retrieval [Salt89]. Learning is effected by interpolating the query vector with feature
vectors of positive examples. The second scheme is based on rearranging the feature space by
the query and the positive/negative examples. By learning a weighted metric, it is possible to
selectively enhance (resp. suppress) the role of appropriate dimensions to retrieve images of the
kind termed positive (resp. negative).

Organization. Section 6.1 discusses some related work. Then two learning methods are pre-
sented in Section 6.2. The experimental framework (Section 6.3) and results (Section 6.4) are
presented next.

6.1 Related Work

Some work has been done on how to improve the performance of image retrieval by learning from
user feedback. In PicHunter [CMOY96], relevance feedback from the user is used to search the
target. This approach is based on a Bayesian framework that incorporates an explicit model of
the user selection process. They show that the feedback system works much better than random
chance in a queryless setting. They also conduct a user-study of the performance of their system.
Minka and Picard [MP96, PM95] introduce a learning component in their system by using
positive and negative examples which lets the system choose image groupings within and across
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images based on color and texture cues. The user-chosen region defines the positive or negative
examples which the system tries to generalize and label various parts of the scene. In [Dela96],
positive and negative examples are used to first construct histograms. Then, a scoring function
is constructed from a comparison of the extent of overlap between the histograms. This scoring
function is aimed to best partition the examples and counter-examples.

Ma [Ma97] uses labeled samples to learn visually similar patterns. Learning is achieved by
exploiting neural networks to partition the feature space into clusters of similar patterns, each
pattern with a known label. The learning scheme is test on a texture databasd évithages.

The results suggest that the learning scheme improve the recall in the s@fpe 66 images.

Rui et al. [RHMO97] use a two-layer model for a multimedia object. The top layer contains
different image features and their corresponding distance functions; the bottom layer contains
the actual values of these features. Relevance feedback is learned in the two layers separately.
For the top layer, the initial retrieval results come from overall results from different features
and distance functions. Users are supposed to provide a rank list of the initial results based on
their perception criteria. Then the best feature and distance function pair is found by finding the
smallest difference between the initial ranks and users’ ranks. Based on this best pair of feature
and distance function, a new retrieval is returned. Although this approach seems to find the best,
it assumes that users judge their ranks based on only one feature. This is not true in general.
Therefore the refined retrieval may not be as good as the initial one. For the bottom layer, they
used the standard techniques in information retrieval.

6.2 Two Learning Methods

In this section, we look at the issue of using relevance feedback from the user to improve the
performance of the correlogram. In a real-life scenario, the user can provide this information with
very little effort. Our goal is to make use of this information to improve search results, so that the
user has an incentive to make this small additional effort.

Let F = F* U F~ be the set of images for which the user provides relevance judgments,
where F+ = {]-"f“,...,}"‘}ﬂ} (resp. 7~ = {F[,...,Fz-}) is the set of positive (resp.
negative) examples.

6.2.1 Learning the Query Vector

The motivation for this method (called @kRN) comes from the fact that feature vectors of
similar images are usually geometrically close to each other in the feature space. Hence, a natural
approach is to modify the feature vector of the query im@g® get a new feature vector which
serves as a pseudo-query vector. One such approach involves taking a weighted average of the
positive examples together with the query image. The modified feature vector is then given by

1
(1—5)‘04(Q)+5‘ﬁ Za(}?)

Here, 3 controls the contribution of the feedback images. Note thednnot be too large because
there is the danger of “losing” the importance of the original query.

It is not obvious how to augment this method to handle image& in In the feature space,
feature vectors of images iA™ are usually roughly clustered. The modification described above
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can be interpreted as moving the query vector closer to the cluster of positive examples. The
corresponding way to use negative examples would be to move the query away from them. Top-
ranked negative examples do not exhibit a similar clustering, however, and are usually scattered in
a close neighborhood of the query. Thus, the notion of “moving away” from the negative examples
is not well-defined.

6.2.2 Learning the Metric

The main idea for this method (called VEARN) is to learn a weighted.{ metric instead of the
usualL; metric to compute the distance between feature velctdnsthis manner, we would be
able to enhance the importance of those dimensions that “assist” in getting the similar images and
diminish the importance of those dimensions that “hinder” this process.

More formally, the weighted.&’ metric for a given real weight vectar € R™*¢ is given by

T—Tors = Y wige- [a®(@) - BT
i€[m],keD

If DT C [m] x [d] is the set of dimensions that are deemed important, then using some weight
update scheme, we can increase those weighjsfor which (i, /) € D*. In an analogous
manner, iftD~ = ([m] x [d])\D*, then we can decrease the weighfg for which (i,5) € D~.

See Figure 6.1 for an example. The dimensions indicated by the solid (resp. dotted) line can be
considered to be i (resp.D ). One scheme to implement this idea is given below.

distance (d)
Original Query
\7 \\\\
distance (d) distance (d)
Positive Example Negative Example

Figure 6.1: Learning the Metric.

GivenZ;", we analyze the difference vectdr= |a(Q) — «(F;")|. SinceF;' is labeled pos-
itive, the dimensions that contribute larger quantities tan be considered to be less important.
Similarly, the dimensions with lower contributions dacan be considered to be more important.

IMetric learning is also applied to face recognition [CGY96]
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This intuition is formalized as a simple heuristic update rule, which is given by
wij = wij (140 —0d;;)

wheres is the mean of the componentsdof

In a similar manner, givedF; , letd = |a(Q) — a(F, )|. SinceF; is labeled negative,
the dimensions that contribute larger quantities) tcan be considered to be more important.
Similarly, the dimensions with lower contributions f@an be considered to be less important. A
simple update rule that implements this is given by

wij = wij (1 =0+0;;)

The weight update rule is applied for each exampl&inThe final weightv is used to compute
the LY metric for subsequent queries.

6.3 Experiments

We conduct several experiments to investigate how learning can be used to improve search results.
We focus mainly on the image retrieval task, but we also report some preliminary results for the
object searching problem. (Another important aspect of studying feedback is doing a user study
like PicHunter. The results presented here are from one user, who is an expert in image retrieval.
Since the nature of feedback is very elementary in our case, we expect that most users will find it
easy to provide such feedback.)

We use a database of 20,026 color JPEG imal@&0], obtained by adding000 Corel im-
ages tdC14, for all our experiments. We consider the RGB color space with quantization into 64
colors. We use the same distance Bet {1, 3,5,7} (so,d = 4) for computing the autocorrelo-
grams.

Performance Measure. Let {Q;,..., Q,} be the set of query images. For a qu&ylet A be
the set of images that are similar @ A is ordered by the metric on the feature vector. We use
the following performance measures:

1. Scope vs. RecallFor a scopes, we count|{Z € A | rank(Z) < s}|, i.e., the number of
relevant images ranked below

2. Average PrecisionLet ¢ be fixeda priori. Define A®) = {T € A | rank(Z) < t}. Note
that.A(®) is still ordered. Then, the average precision is given by

(1/|A(t) ) ZIieA(t) i/ rank(Z;)

For a given scope, the higher the recall, the better. A higher value of average precision also
indicates better performance (the maximum value of average precision is one). Note that these
definitions of the terms recall and average precision are slightly different from the standard ones.
The above measures can be averaged over all the qu@ries. , Q, to get a fair estimation of
the performance of a method.

To evaluate performance, we use a maximum scope-060 for the scope vs. recall measure
andt = 50 for average precision. We uge= 0.4 for QLEARN. For the rest of the paper, “auto”
refers to the autocorrelogram method with no feedback.

Image Retrieval. We first consider a scenario in which the user examines a small but fixed
number of top-ranked images retrieved in response to the original query, and provides relevance
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judgments about them. Our experiments investigate whether this small additional effort on the
part of the user can result in improvements in retrieval effectiveness.

We use a set df9 queries for this experiment. For each query, a set of images is retrieved. The
user examines the td images and marks the ones that are relevant. This relevance information
is used to modify the feature vector for the initial query or to modify the distance measure used
to compare feature vectors. The database is searched again using the modified query vector or
distance measure.

This scheme for providing user feedback turns out to be inadequate in some situations, how-
ever. If the query is a “difficult” one, then it is possible that few (or even none) of the top 10 im-
ages are useful. Thus, the system gets very little new positive information in the above approach.
Further, several queries have answer images in which the appearance of the object of interest is
significantly different from its appearance in the query. Such answers may not be ranked within
the top 10. In order to get more of these answer images within the top-ranks, the user should be
able to give positive feedback to the system about such images.

Accordingly, we conduct a second set of experiments in which the user marks the first 5
relevant and first 5 non-relevant images (irrespective of their ranks). Since somefgheries
used above had fewer than five answer images, we use a suliSajudries for this experiment.

In addition to using the query- and metric-learning techniques individually in this experiment,
we study the effect of combining both techniques during the final search. The results for all these
experiments are presented in the section on results.

Object Searching. We also conduct some preliminary experiments exploring the usefulness

of learning techniques for the object-searching problem. An “interesting” object in an image is
selected as the query and images are retrieved using the Correlogram Intersection method (see
Section 4.2). The user then examines the top-ranked images (typically ten or less), and marks a
few (typically three to five) of the useful images. The user also specifies the location of the object
in these images (for example, by clicking on a point that approximately represents the center of
the object in the image). The system uses this information to modify the query or the distance
measure and a new search is conducted. No negative feedback is used in these experiments.

6.4 Results

Table 6.1 shows the effectiveness of the initial search (no feedback) and the results obtained
using feedback for the top 10 images. For comparison, we also provide the average precision
value for the initial search if the histogram is used as the image feature vector instead of the

autocorrelogram. Figure 6.2 and Figure 6.3 shows some examples of some query images and
ranks of similar images according to different methods.

Table 6.1: Retrieval effectiveness with and without feedback (top 10 images).

Histogram Correlogram
hist auto | QLEARN | WLEARN(+ only) | WLEARN
Average Precisionp  0.425 0.547| 0.661 0.627 0.631
%-age Change - - +20.8 +14.6 +15.4
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auto: 51. WEARN: 10.

auto: 62. WEARN: 30.

hist: 507. auto: 70. WEARN: 5.

auto: 116. WEARN: 38.

Figure 6.2: Comparison of various methods for image retrieval. (Lower numbers indicate better
performance.)
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hist: 203. auto: 48. WEARN: 27.

auto: 146. WEARN: 37.

auto: 174. WEARN: 11.

hist; 1215. auto: 59. WEARN: 13.

Figure 6.3. Comparison of various methods for image retrieval. (Lower numbers indicate better
performance.)
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For the initial retrieval, autocorrelograms significantly outperform histograms. This agrees
with the observations above. When feedback is used, results improve by 15 to 20% over the
initial retrievaP. The QLEARN and WLEARN approaches both appear to be effective methods for
using feedback information. The improvements obtained using feedback are shown graphically
in Figure 6.4. The number of relevant images retrieved by the different methods is plotted against
the scope. From the graph, it is clear that the use of feedback improves performance — the curves
for QLEARN and WLEARN lie consistently above the curve for the initial retrieval.

101

B Hist

9+ Auto

—_— QLearn
WLearn(+ only)

8- | ——— WLearn

# Relevant Images

Il
0] 5 10 15 20 25 30 35 40 45 50
Scope

Figure 6.4: Graph showing number of relevant images retrieved at various scopes.

Negative Examples. We also investigate the usefulness of negative examples. First, only the
images marked positive are used to modify the distance measure in tiEa&Wlmethod. Next,

the user’s feedback about all the ten images is used (i.e., both positive and negative). The results
for these two approaches are shown in the last two columns in Table 6.1. From the table, it
appears that the use of negative information is marginally more useful on the whole. A more
detailed analysis shows, however, that there are queries for whickARN(+only) does better

than WLEARN. Typically, if only one or two out of the top ten images are judged useful, the large
number of negative examples could change the weights in the AN method in undesirable

ways, and the final result would deteriorate. The next set of experiments investigates a setting in
which an equal number of positive and negative examples are used.

Figure 6.5 and Table 6.2 show the results of the second set of experiments. For this experi-
ment, the user provides feedback about the first 5 relevant and first 5 non-relevant images. Once
again, the use of feedback results in significant improvements. Since tbgerland WLEARN
methods are in some sense independent and both seem to be effective, we investigate a combina-
tion of these methods. We call this method Q®ARN. Table 6.2 and Figure 6.5 suggest that

2This improvement in average precision is partly due to the improvement in ranks of the im-
ages that are marked relevant by the user. The improvement for previously unseen images is
really what is more relevant. Figure 6.4 shows that this improvement is also substantial — see the
increase in recall for scope 10, for example.
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Table 6.2: Retrieval effectiveness with and without feedback (first 5 positive and negative exam-
ples).

Histogram Correlogram
hist auto | QLEARN | WLEARN | QWLEARN
Average Precision  0.379 0.613| 0.690 0.710 0.766
%-age Change - - +12.6 +15.8 +25.0
16
———  Hist o
wb | —— Qleam
i _— o
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=
(=]
T

# Relevant Images
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Figure 6.5: Graph showing number of relevant images retrieved at various scopes.

the two methods are indeed complementary, since the results for QWA are significantly
better than either method — the average precision for @RAN is about 8% better than that for
WLEARN, and the curve for QWEARN is consistently higher than the curves corresponding to
QLEARN and WLEARN.

Object Searching. Figure 6.6 shows some sample queries and answers and their ranks before
and after learning The examples suggest that a small amount of feedback from the user can
improve results substantially. For instance, the image of the owl moves up from the 75th rank to
the sixth position. The improvement in the rank of useful images usually implies that the number
of useful images at a given scope also increases. The object-searching problem is a difficult one,
however, and more experimentation is heeded before reliable conclusions can be drawn about
using learning methods for this problem.

3Note that these answers were not seen by the user at the end of the first pass. Of course, the
ranks of the images that are judged relevant by the user are expected to improve.
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auto: 63.

auto: 75.

auto: 26. QILEARN: 7. auto: 63. QIEARN: 44,

Figure 6.6: Comparison of various methods for object searching. (Lower nhumbers indicate better
performance.)
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6.5 Summary

We have addressed how relevance feedback can be used to improve the performance of content-
based image retrieval. We present two supervised learning metheasiing the queryand

learning the metric We combine the learning methods withlor correlogramsto improve the
performance of content-based image retrieval. Our results on a large image database of over
20,000 images suggest that these learning methods are quite effective for content-based image
retrieval and image subregion querying.



Chapter 7

Image Classification

We have been mainly focusing on image retrieval issues so far. Users, however, are not only
interested in searching for specific images or video shots. They would also like to browse and
navigate through the image corpus. This task becomes much easier if the corpus were organized
in a meaningful manner. One way to achieve this isiviage classificationimage classification

is the task of classifying images into (semantic) categories based on the available training data.
This categorization of images into classes can be helpful both in semantic organizations of digital
libraries and in obtaining automatic annotations of images.

The classification of natural imagery is quite hard in general, since real images from the
same semantic class may have large variations (see Figure 7.1 and Figure 7.2) and images from
different semantic classes might share a common background (such as images from “clouds” and
“aviation”, images from “waves” and “dolphins and whales”). These issues limit the applicability
of object-based and knowledge-based approaches.

A common approach to image classification involves addressing the following three issues: (i)
image features — how t@presenthe image, (ii) organization of feature data — howotganize
the data, and (iii) classifier — how tdassifyan image. Acquiring “nice” image features and
carefully modeling the feature data are vital steps in this approach.

As noted before, image classification can lead to a semantic organization of a digital database.
Though this type of organization can be done in several ways, a hierarchical approach has multi-
fold advantages: (i) easy browsing and navigating through the database, (i) efficient retrieval,
and (iii) ergonomically friendly presentation of the database. For instance, WebSEEK, a web
image search engine [CSBB97], uses hierarchical semantic structure for collecting and searching
images from the web. The image categories and hierarchies are preset by human design. An
image is classified into one of the classes by first extracting key words from its html tag and then
mapping the key words to classes. This approach requires human assistance and depends on the
information in the html tag, which may be insufficient or even inaccurate and misleading.

In this chapter, we propose a new scheme for automatic hierarchical image classification. We
assume a training set of images with known class labels is available. Using banded color correl-
ograms for the training images, we model the feature data wsngglar value decomposition
[GL89] and construct alassification treeOnce the classification tree is obtained, any new image
can be classified easily.

We test our method ol fairly representative classes of Corel images. We test our scheme
using banded color correlograms and color histograms as features and compare our method to the
nearest-neighbors directly applied to both color features. Our results suggest that this hierarchical
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British motor collection.

=

Clouds.

Figure 7.1: Sample images from image classes of aviation photography, British motor collection,
Canadian Rockies, cats and kittens and clouds.

scheme is able to perform consistently better than the already effective nearest-neighbor algorithm
(see [CBGM98]). The classification tree we obtain also conforms with the semantic content of
the 11 classes. Our results also suggest that correlograms havelateme semantistructures

(than histograms) that can be extracted by SVD procedure.

Organization. The rest of the chapter is organized as follows: Section 7.1 contains work related
to image classification; Section 7.2 outlines how to use singular value decomposition to model
feature vectors; and Section 7.3 describes our hierarchical classification method. Section 7.4
contains our experimental results and Section 7.5 concludes our discussions.

7.1 Related Work

Since classification itself is a long-studied research area, different classifiers can be tried on image
classification (e.gk%-nearest neighbor, decision trees, Bayesian nets, maximum likelihood analy-
sis, linear discriminant analysis, neural networks, etc.). Not much work has been done on how to



68

Waves.

Figure 7.2: Sample images from image classes of dolphins and whales, flowers close up, night
scenes, spectacular waterfalls, sunsets around the world and waves.
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represent images (i.e., features) and how to organize features. In the following, we review some
previous work in image classification.

Yu and Wolf [YW95] present a one-dimensioriildden Markov Mode{HMM) for indoor/outdoor
scene classification. Animage is first divided into horizontal (or vertical) segments and each seg-
ment is further divided into blocks. Vector quantization technique is applied to model the color
histograms of blocks. These color features are used to train HMM'’s for a preset standard set of
clusters, such as a cluster of sky, tree, river, a cluster of sky, tree, grass. The maximum likelihood
classifier is then used to classify an image as indoor or outdoor. The overall results of classifi-
cation depend on the standard set of clusters which describe the indoor scene and outdoor scene.
Generally, it is difficult to enumerate a set to cover a general case such as indoor/outdoor.

The configural recognitiorscheme proposed by Lipsat. al. [LGS97] is also a knowledge-
based scene classification method. A model template, which encodes the common global scene
configuration structure using qualitative measurements, is hand-crafted for each category. An
image is then classified to the category whose model template that best matches the image by
deformable template matching (which requires heavy computation, despite that the images are
subsampled to low resolutions) — the nearest neighbor classification. The average percentage
of correct classification o classes of scenery (snowy mountains, snowy mountains with lakes,
fields, and waterfalls) is abo6t. To avoid the drawbacks of manual templates, a learning scheme
that automatically construct scene templates from a few examples is proposed by [RG97]. The
learning scheme was tested on two scene classes and suggested promising results.

Carsonet. al. [CBGM98] propose a new representation for images. Each image is thought
to consist of severablobs each blob is coherent in color and texture spacall the blobs in
the training data ofi4 image categories are clustered into abdg@ “canonical” blobs using
Gaussian models with diagonal covariance. Each image is then assigned a score vector which
measures the nearest distance of each canonical blob to the image. These score vectors are used
to train a decision-tree classifier. The results of this method are compared to color histograms
with the decision-tree classifier.

Interestingly, the color histograms seem to perform better than blobs. Several explanations
were given for this performance degradation: (i) the clustering procedure did a bad job on choos-
ing canonical blobs and the canonical blobs were not interesting enough to distinguish categories;
(i) the trained decision-tree focused too much on irrelevant blobs which did not help in classifi-
cation; and (iii) thel4 categories have large amount of overlapping which cause the difficulties,
such as fields appear in the categories “fields”, “horses”, and “elephants”.

7.2 Singular Value Decomposition

In this section, we briefly review the singular value decomposition that we use for organizing
image feature vectors.

Without loss of generality, let» > n. For anm x n matrix A, thesingular value decomposi-
tion of A is given byA = UXVT [GL89], where

() U isanm x n matrix, X, V aren x n matrices;

(i) U,V are column orthonormal i.el]"U = V'V = I,,;

1This is one kind of color and texture based image segmentation method.
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(i) X = diag(oy,...,0.,0,...,0) wherer = rank(A) and thesingular valuesare oy >
o9...> 0> 0.

The firstr columns ofU andV together with the non-zero singular values actually are the eigen-
vectors and the non-zero eigenvalues dfA” andA™ A respectively. Several efficient algorithms
exist to compute the SVD of a matrix, especially if the matrix is known to be sparse.

The SVD of a matrix can be used to obtain lower rank approximations of the matrix. If we
take the firs& columns ofU, V' (denotedJj,;, V1) and the leading x £ submatrix of2> (denoted
E[k]), define

k
Ay = UEw Vi = X UiZiVi'
i=1
Then, A;, is the best rank approximation ta4, i.e.,

ra,ng(liBr;:k |A — B|2 = |A — Ak|2 = Ok+1-
This property of the SVD helps to obtain a good trade-off between the quality of approximation
and the size of the approximation (i.&),

The advantages of SVD are nicely exploitedatent semantic indexinf_SlI) for document
retrieval [DDFt90]. The SVI3, in some sense, derives the underlying structure that is hidden
in A. The approximationd, can be thought of dampening the “noise” and unreliability that is
present in the original matrid. When SVD is applied to feature vectors, it not only eliminate the
“noise” in the feature vectors, but also reduce the dimension of the featureinwhen.

We outline our approach of using SVD with correlograms. Let {I,...,I,} denote
the set of training images and let be the number of color quantizations. We define the matrix
A j(T) 2 Be:(Ij). We compute the SVD afi(Z) to be A(Z) = UDV™. Let Ay, = Uy S Vi
be an approximation tel. We can choosé/|) as the basis for the nei+dimensional feature
space. TherV};) is the new representation for the correlograms in this reduced feature space.
When we have a new image that needs to be classified, we first compute its correjodnam
projectq onto the reduced feature space by computing

¢ =q Uy Sy
Now, the question is: how to choo&efor the approximation? We use the following heuristic to
pick the k. Note that we want to find the best approximatidp such that the SVD representa-
tion of correlograms give the best classification results using nearest-neighbor rule. Instead we
compute the classification for eaghbetween the number of classes (i@.to an upper limits*
and choose the bestin this range. Now, we show how to chooke Notice that the singular
values ofA correspond to the eigenvalues 4#1”', which is the correlation matrix of local color
density for the training images. We g€t be thek*-th biggest eigenvalue that is with#2¥ of
the maximum eigenvalue, i.e., we ignore those correlations whose values are le3% tbbihe
maximum correlatio.

Note that in the above SVD method, histograms can be used instead of correlograms. We will
see (Section 7.4) that the performance with correlograms is much better than with histograms.

2For the difference among SVD, KLT and PCA, see [Gerb81].
3There is no good heuristic for choositg The rule of thumb is finding thé that gives the
best performance [BB62].
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7.3 The Hierarchical Classification Scheme

LetC = {C1,...,C.} be the image classes knowrpriori. We assume that we have a seof

training images whose class membership is known7amdimages that need to be classified. We
want build a classification tree from training images. At each level of the classification tree, we
aim to choose the best modeling of the training data. We first use SVD to eliminate “noise” from
the training data as described in Section 7.2. We then classify each image in the training data
using the nearest-neighbor algorithm with the first neighbor dropped (similar to the leave-one-out
cross-validation scheme). Based on the performance of this classification, we then split the classes
into two subclasses such that the intra-subclass association is maximized while simultaneously the
inter-subclass disassociation is minimized. This is accomplished nsimyalized cut§SM97].

Finally, the subclasses and those training images that were correctly classified with respect to the
subclasses are worked upon recursively to obtain the hierarchy in the classification tree, with the
hope of improving the classification performance.

7.3.1 Confusion Matrix

We construct the matri¥(S) as indicated in Section 7.2 and compute its SVIDS) = USVT.
Then we choose the approximatidr that gives the best classification 8fon itself. The details
are the following.

For an imagd € S, andC(I) be the class of, let 5 (I) denote thé:-dimensional reduced
SVD representation of. We consider each € S as a query and obtain the claS4 ) where

c'()2c i I) = Bu(D)]}).
(1) (argjgg{?l}{lﬂk( ) = Br(I)[})
In other words(C’(I) is the class assigned by the nearest neighbor classification when all images
other thanI itself is considered. Intuitively, this procedure helps to find the best association
patterns between classes from SVD.
Now, thec x ¢ confusion matrix)M is then defined by

M ; = size of (I | C(I) = C;,C"(I) = Cj}

The diagonal entries i/ are the number of images that are correctly classified, while the off-
diagonal entries are the misclassifications. The average percentage of correct classification is just
the sum of the diagonal entries§ce (M)) divided by the size of.

7.3.2 Normalized Cuts

In this section, we show how to partition the confusion matvixon basis of maximizing the
inter-class association. First, we review some basic definitions from graph theory.

Given a weighted grapty = (V, E') with w(u,v) being the weight of an edge:, v), the
mincutis defined to be a partition 8f = V; U V5 such that

cuty, (V1, V2) = Z w(u,v)
(u,w)EVI X V2

is minimized. Mincuts can be computed in polynomial time using network flow techniques.
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The confusion matrix(/ defines a natural directed graph. The mincut in this graph corre-
sponds to a partition of the classes iy and Ms such that the number of misclassification
among these classes is minimized. A partitioméfaccording to the mincut, however sometime
favors cutting small sets [WL93], i.e., one Bf, V5 is very small. This problem is considered in
[SM97] wherenormalized cutsire introduced.

Formally, the normalized cut is given by the best partitioVoE 1V, U V; that minimizes

A 1 1
neuty (V1,V2) = cutw (V1 V2) (cutw(VI,V) + cutw(Vg,V)> '

The partition based on normalized cut is shown to have the property that is minimizes the disas-
sociation between the groups and maximizes the association within the group.

Define the diagonal matrix/; ; = -, M; ;. Normalized cuts can be computed reasonably
well and efficiently by computing the second smallest eigenvalue of the system defif&fl by
M")z = AM'z and using some additional heuristics. The details can be looked up in [SM97].

We use normalized cuts to partitidd into M; andMs, in effect obtaining a partition of the
classe¥ into C; andCs.

7.3.3 Classification Tree

Using the normalized cuts, we can build the classification tree recursively. Given the original
set of classeg, we compute the partitiod = C; U Cy based on normalized cuts. We define
S = {I €S | CI(I) € ClandC(I) € Cl} andS; = {I €S | CI(I) € CgandC(I) € Cz} In
this way, the images that are misclassified actfsandS, are not considered from now on. We
then recursively work on classifying; (resp.Sz) with C; (resp.Cs) as the set of classes.

The algorithm is described in its entirety below:

BuUILD-TREE( S, C)
let S:{Il,,.[n}
let C:{Cl,...,Cc}
Ai(8) = B(I), 1 <i<n
compute SVD of A(S)=Uxv7T
let £*= |{Uz | o; > 0.201}|
for k=c to k* do
use reduced SVD representation to compute

Cr(I) = Clargmin es\ (138 (1) — Br(J)[})

form the confusion matrix M®*) as
M = {1 C(1) = C;, Cp(l) = Gy}, 1<ij<e
compute the average correct classification vp as

=i MY/IS|
choose M*= M%) such that ~, is maximal
compute C =C; UCy such that ncuty-(C1,Cq) is minimized
let 81:{168201(1)661}
let SQZ{IES:CI(I)ECQ}
BUILD-TREE( S1,Cy)
BUILD-TREE( S2,C2)
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Trimming. Sometimes, the performance of the classification on the training data does not always
improve level by level using reduced SVD representations. This is because some variations that
are important to a set of classes may be removed by the SVD reduction. In this case, it does not
pay-off to recursively split such classes. We perform a trimming procedure on the tree we obtain
from the algorithm to remove subtrees that do not improve the classification correctness.

7.4 Experiments and Results

7.4.1 Experiments

We usell image classes from Corel collections: aviation photography (Al), British motor car
collection (B1), Canadian Rockies (C1), cats and kittens (C2), clouds (C3), dolphins and whales
(D1), flowers (F1), night scenes (N1), spectacular waterfalls (S1), sunsets around the world (S2),
and waves (W1). For simplicity, we use the abbreviations. See Figure 7.1 and Figure 7.2 for
some sample images from these classes. These images contain a wide range of content (scenery,
animals, objects, etc.), colors, and lighting conditions. We delete some images in each class which
are not consistent with the rest of the class (as in [CBGM98]) and @aumages in each class.
Since we use the nearest-neighbor rule with the classification tree, we want to make sure that the
color distributions of training images and test images are more or less the same. Therefore, we
randomly shuffle the images in each class and T@kenages as the training set and the st
images as the test set. By doing so three times (to ensure fairness), we3ok¢gsnof training
data and test data.

To compute color histograms and color correlograms, we quantize the RGB coldt sppace
8 x 8 x 8 = 512 colors @ bits for each color channel). This level of quantization is good enough
for the SVD to extract the underlying structure, while not being too big (uriiike colors used
in [CBGM98]) so as to affect efficiency.

7.4.2 Results

We test both color correlograms and color histograms on the hierarchical classification approach
and compare the hierarchical approach with the nearest-neighbor classification. The three classi-
fication trees from three training sets are more or less the same and are consistent with the color
content of thell classes. We only present the tree from the first data set (Figure 7.3). From the
classification tree, we see that A1 and C3 share the same parent because of the same sky back-
ground; similarly, W1, S1, and D1 are grouped together because of the same water background.

The confusion matrices for different methods are shown in Table 7.1, Table 7.2, and Table 7.3.
The classification behavior of the classification tree is quite different from the nearest-neighbor.
The classification tree is better than the nearest-neighbor in that

1 the overall number of misclassification between classes is smaller;
2 the overall number of correct classification is larger.

The average percentage of correctness of the three test sets are summarized in the table 7.4.
The results show that the hierarchical method (with trimming) is consistently better than the

4The results don’'t change much if HSV color space is used.
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nearest-neighbor classification, and the color correlogram is consistently better than the color
histogram.

Using the simple nearest-neighbor classification, the correlogram per8§trbstter than the
histogram; using the classification tree, the correlogram perf@iiisbetter than the histogram.
Using the classification tree, the correlogram impra3&sover the nearest-neighbor; it improves
7% over the nearest-neighbor on the histogram. Note that the average data size of the SVD
representations is abou, 3% of the original size. The average number of non-leaf nodes in the
classification trees is five after trimming. Therefore the computation and storage of the data for

the classification saves abdit%, a significant number.

Remark. We notice from the results that the color histogram performs consistently worse with
the classification tree than with the nearest-neighbor, while the color correlogram performs con-
sistently better with the classification tree than with the nearest-neighbor. This suggests that cor-
relograms have an underlying “latent semantic” structure (local color density). Color histograms

do not seem to have such a property.

Table 7.1: Class confusion matrix for trimmed classification tree (correlogram).

Al C3 Ci1 D1 Wl Bl C2 S1 F1 N1 Sp
Al|17 O 0 3 0 0O 0 O O o0 o
c3| 2 15 0 O 0 o 2 0 O 0 1
ci| 0 2 16 2 0 0O o0 O O o0 o
pry 0 1 o0 17 O o 1 1 0 0 O
wi 0 1 1 4 13 0 O 1 0 o0 O
B1| 0 0 O O 0 20 0 0O O O O
c2; 0 0 O O 0 0 20 0 0 O O

S1] 0 1 0 2 0 0O 0 17 0 0 O
F1{ 1 0 O O 0 1 1 017 0 O
NDL| O O O O 0 0 1 0 0 18 1
Ss2, 0 0 O O 0 1 0 0 2 0 17

7.5 Summary

We propose using the singular value decomposition with banded color correlogram to extract a
“latent semantic” structure of images for classification into categories. Our test$ onage

classes show that our method using this scheme and a classification tree not only performs better
than the nearest-neighbor classification but also saves much computation and data storage (about
85%). In addition, the results also suggest that the correlogram is more suitable for the image

classification task that the color histogram.
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British Motor
Collection

Waves

Spectacular Dolphins
Waterfalls and Whales

- -
Cats | D Avi a;[éon C~I'ouds

and Kittens _ .
D Night Scenes

FIoWers SunsetéAround
the World

Figure 7.3: The classification tree obtained from the first training set using correlograms. The
dotted lines indicate the trimmed portions.
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Table 7.2: Class confusion matrix for the nearest-neighbor classification (correlogram).

Al C3 C1 D1 wi Bl C2 S1 F1 N1 Sp
Al |16 1 O 2 0 O 1 0 0O o0 ©oO
C3| 1 14 0 O 0 o 1 2 0 0 1
ci| 0 0 15 5 0 0O o O o0 o0 o
pry 0 1 0 19 O 0O 0 O o0 o0 o
wi 0 O O 2 17 0 O 1 0 o0 O
B1| 0 0 O O 0 14 4 2 0 0 O
c2{ 0 0 O O 0 0 20 0 0 O O
S1] 0 1 0 2 1 0O 0 16 0 0 O
F1{ 1 0 O O 0 O 2 0 14 1 2
N1 O O O O 0 0O 1 0 0 19 1
Ss21 0 2 0 O 0 0O 0O O 0 2 16

Table 7.3: Class confusion matrix for the nearest-neighbor classification (histogram).

Al C3 C1 D1 wi Bl C2 S1 F1 N1 Sp
Al |14 0 2 O 1 o 2 1 0 0 ©O
c3| 0 13 1 2 0 0o 3 1 0 o0 1
Ci| 0 1 16 O 2 0o 1 0 0O o0 O
pr, o 0 o0 17 2 0o 1 o0 o0 0 o
wi 0 O O 3 16 O 0 1 0 o0 O
B1| 0 0 O O 0 17 1 1 0 1 O
czy, 0 O 0 O 0 0 20 0 0 O O
Ssit) 0 1 0 O 2 1 0 16 0 O O
FL, 0 0O 0 O 0 1 1 018 0 O
N1 O O O O 0 0O 1 0 0 13 6
Ss21 0 2 0 O 0 0O 0 3 0 2 13




Table 7.4: Correctness classification on three data sets.

Nearest-Neighbor

Classification Tree (Trim

1 2 3

1 2 3

Hist

0.786 0.746 0.78¢

0.696 0.677  0.668

Corr

0.818 0.800 0.78¢

0.850 0.805 0.823
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Chapter 8

Conclusions and Future Work

The main contribution of this thesis is the use of color correlogram — a new image feature —
for solving several problems that arise in content-based image retrieval and video browsing. The
novelty in this feature is the characterization of images in terms of the spatial correlation of colors
instead of merely the colonger se Briefly, a color correlogram expresses how the spatial cor-
relation of color changes with distance. This information seem to both discriminate “different”
images and identify “similar” images very well. We show that correlograms can be computed,
processed, and stored at almost no extra cost, thereby justifying using this instead of many other
features to get more bang for the buck.

The most important application of correlograms is in content-based image retrieval systems.
Viewed in this context, correlogram is neither a region-based nor a histogram-based method. Un-
like purely local properties, such as pixel position, gradient direction, or purely global properties,
such as color distribution, correlogram takes into account the local color spatial correlation as well
as the global distribution of this spatial correlation. While any scheme that is based on purely lo-
cal properties is likely to be sensitive to large appearance changes, correlogram is more stable to
tolerate these changes and while any scheme that is based on purely global properties is suscepti-
ble to false positive matches, correlogram seems to be scalable for CBIR. This is corroborated by
our extensive experiments on large image collections, where we demonstrate that correlograms
are very promising for CBIR.

One issue that still needs to be resolved satisfactorily is the following: in general, illumination
changes are very hard to handle in color-based CBIR systems [Gong98, SC96, FF95, SH95]. Dur-
ing our experiments, we encountered this problem occasionally. Though correlograms perform
better on a relative scale, its absolute performance is not fully satisfactory. The question is, can
correlograms, with some additional embellishments, be made to address this specific problem?

On a related note, it also remains to investigated if correlograms, in conjunction with other
features, can enhance retrieval performance. For instance, how will the correlogram perform if
shape information is used additionally? This brings up the question of object-level retrieval using
correlograms. More work needs to be done in this regard as to finding a better representation for
objects.

In the process of using correlograms for CBIR, we use a new metric — the relative distance
metric. On average, this metric performs much better than the traditignaktric for histogram-
based features. In rare cases, however, it fails miserably. This behavior needs to be pinned down
exactly. Taking a step back further, one can ask if a measure needs to be a metric at all [JWG98]?
Is there a non-metrical measure that can boost the performance of the correlograms?
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Further applications of color correlograms are image subregion querying and localization,
which are indispensable feature of any image management system. Our notions of correlogram
intersection and correlogram correction seems to perform well in practice. But, certainly there is
room for improvement and these needed to investigated in greater detail. We also apply correl-
ograms to the problem of detecting cuts in video sequences. An interesting question that arises
here is, can this operation be done in the compressed domain [YL95]? This would cut down the
computation time drastically and make real-time processing feasible.

We also suggest two supervised learning methods to incorporate feedback information to en-
hance the quality of image retrieval using correlograms. Our learning methods are in fact inde-
pendent of feature vectors and could conceivably be used for other feature vectors as well. Initial
experiments indicate that the proposed learning methods significantly improve retrieval quality
using little effort on the part of the user. The application of these techniques to object searching
needs to be studied in greater detail. In particular, it is not obvious if one of the methods actually
outperforms the other, though they seem to have a synergic effect when combined. A user-study
of the performance of these methods needs to be performed in the future.

In an effort to exploit correlograms in supervised image classification, we propose using the
singular value decomposition with banded color correlogram to extract a “latent semantic” struc-
ture of images for classification into categories. Our tests show that our method using this scheme
and a classification tree not only performs better than the nearest-neighbor classification but also
saves much computation and data storage. It will be interesting to use techniquésatike
weighting[WAM97] to further assist SVD to discover latent semantic structures from training
data.

In general, the algorithms we propose for various problems are not only very simple and
inexpensive but also tie-in well if the underlying indexing scheme is correlogram-based. It pays
off more in general if there were a uniform feature vector that is universally applicable to providing
various functionalities expected of a CBIR system (like histograms advocated in [SB91]). It is
unreasonable to expect any CBIR system to be absolutely fool-proof; it is needless to state that
correlogram is not the panacea. The goal, however, is to build relatively better CBIR systems and
in this direction, based on various experiments, we feel that there is a compelling reason to use
correlograms as one of basic building blocks in such systems.



Appendix A

Probabilistic Formulation of
Correlograms

LetZ be amn x n image. (For simplicity of exposition, we assume that the image is square.) The
colors inZ are quantized intan colorscy, ..., cn.

Randomly pick a pixeb = (x,y) from Z. Let a random variablerepresent the color value of
p, i.e., the sample space fois {ci, cs, ..., ¢, }. The probability distribution of is the following:

number of pixels of colore;
total number of pixels in imag&
He,(T)

n2
which is just thehistogramwe defined in Section 2.1.1.

Now consider another event. Randomly pick a pixgl= (z1,y:1) from the imageZ, and

randomly pick another pixel, = (z2,y2). Let random variables;, ¢ represent the color values
of p1 andp, respectively. If we ignore the boundary conditions, then

Pr(c=¢) =

rée, (7)
n? x 8k
The numerator is the number of pairs of pixels which/adistance away in the imageand the
colors arec;, ¢, the denominator is the total number of pairs of pixels whichkadéstance away
(here we ignore the boundary conditions). The fagtors due to the eight neighbors which dre
distance (inL.,-norm) away from the center pixel.

If we fix the color of pixelp; to bec;, by the definition oftonditional probability([Fell66]),

Pr(ci = ¢, = ¢, |p1 —p2| = k) =

Pr(ci = ¢j,e0 = Cj, |p1 —p1| = k)
PI‘(01 = Ci)
k
_ n? % ng,)cj (I)
H. —n?>x8k

I (2)

H., x 8k

Pr(c; = Cj, lp1 —p2l =klei=c) =

Therefore, the correlogram describes how the conditional probability distribution of pairs of
colors changing with distande
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