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Abstract

Content-based image retrieval has advanced from the initial stage of feature-
basedapproach towards the semantic approach. Existing semantics-basedmethods
typically classify an image or an image region into exactly one of several classes.
Due to the presenceof noiseand ambiguit y in images,it is practically impossibleto
derive classi�ers that can accurately classify all the imagesor regions into a large
variety of classes. Therefore, some image retrieval methods have captured the
uncertainty of region classi�cation in the region labels and used image structures
for disambiguation during imagematching. This thesispresents a novel method of
semantic labeling that can assignmultiple semantic labels to a region along with
the con�dence measuresof the assignment. Unlike existing classi�cation methods,
it can learn to perform semantic labeling incrementally . Test results show that the
method is e�ectiv e and accurate in labeling a wide variety of regions.
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Summary

Image region labeling is an important stage in high level image categorizationand

retrieval.

We present a novel framework for assigningprobabilistic labels to image regions

by making use of multiple types of features. In particular, we addressthe following

questions:

� What featuresdescribe the content of an image/region well?

� How to measurethe similarit y betweenfeatures?

� How to �nd the best feature subsetfor labeling?

� How to assignprobabilistic semantic labels to a region?

In this thesis,we usecolor, texture and edgefeaturesas the main featuresfor label-

ing. We did extensive tests on adaptive color histogramsand weighted correlation, the

dissimilarity measurefor adaptive color histograms. We found that adaptive color his-

tograms together with weighted correlation gave the best overall performancein image

retrieval, classi�cation and histogram clustering.
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Summary

To select the best feature subset for the labeling, a feature-basedclustering is per-

formed. Di�eren t feature typesare clusteredseparatelyusing appropriate dissimilarity

measure.Basedon the clustering result, di�eren t feature typesare combined through a

probabilistic approach and information about the best feature type combination is de-

rived too. The feature subset,instead of every feature type, are usedto label a region.

The labeling algorithm is independent of the typesof featuresusedand it can adapt to

moregeneralor special labeling taskseasily. The labeling algorithm givesmultiple fuzzy

labels together with corresponding con�dence valuesto a region.

Test resultshave shown that this framework can�nd the salient featuresof respective

semantic classesand usethe salient featuresto achieve good labeling performance.Even

for those regions with lower con�dence which cannot be labeled very accurately, the

multiple semantic labels and the corresponding con�dence values allow other higher-

level algorithm, such asfuzzy conceptualgraph matching and attributed relational graph

matching, to disambiguate them using information about imagestructures. In summary,

this semantic labeling method is expected to contribute signi�cantly in bridging up the

gapbetweenlow-level featuresand high-level semantics for e�ectiv e imagecategorization

and retrieval.

xi



Chapter 1

In tro duction

1.1 Background

Recent technological advancements in various �elds of endeavor have combined to

make large databasesof digital imagesaccessible.Theseadvancements include:

� Availabilit y of imageacquisition devices,such as scannersand digital cameras.

� A�ordabilit y of large storageunits at much lower costs.

� Accessto a large numbers of imagesvia the internet, and the rapid growth of the

World-Wide Web whereimagescan be easilyaddedand accessed.

Searching through the large databasesand �nding a particular picture is painstakingly

time-consuming. This problem brought active research in e�cien t imageretrieval tech-

niques basedon image content. Early content-based image retrieval (CBIR) systems

follow the paradigm of representing imagesby low-level features,such as color, texture

1



1.1. BA CK GR OUND

and shape. Image retrieval is performed by matching the featuresof the query image

with those of the databaseimages. This approach of matching global image features

is e�ectiv e for retrieving simple imagesand imagesthat contain singledistinct objects.

CBIR systemssuch as QBIC [22], Virage [21], ImageRover [47], Photobook [40] and

VisualSEEK [50] all belongto this category.

For more complicated imageswith multiple objects and regions local features are

extracted from segmented regionsor �xed-sized blocks. Imagesare then retrieved by

matching their region or block features with those in the query image. Such region-

basedCBIR systemsinclude Netra [30], Blobworld [11], and SIMPLIcit y [56].

All the above methods uselow-level feature-basedmethods to match images. They

are poor at capturing high-level conceptsthat are more natural to human users. They

will fail for queriessuch as \children playing in a park". To satisfy such a query, the

systemsmust be able to automatically recognizechildren and parks in the images.That

is, it must understandthe meaningor semantics of the imagecontents. In recent years,

CBIR research hasshifted its focus towards bridging the gap betweenlow-level features

and high-level semantics [48]. The generalidea is to assignsemantic labelsto parts of an

imageor the whole image. This thesis will focus on the problem of assigningsemantic

labels to parts of an image.

2



1.2. PRELIMINAR Y RESUL TS

1.2 Preliminary Results

During our initial research of image categorization, we realize that it is extremely

di�cult to assign a semantic label to an image, especially when the image contains

multiple objects. At the sametime, we �nd that we can assignsemantic labels to the

regionsof an image. The visual featuresof regionsusually are more coherent compared

to image featuresand they have a relatively high correlation with region semantics. If

we can solve the semantic labeling problem at the region level, deriving semantic labels

at imagelevel will becomea possibletask.

An interesting fact is that the assignment of regionlabelsare fuzzy rather than crisp.

Though semantic understandingat the region level is not as complicatedas that at the

imagelevel, there is still uncertainty in the assignment of region labels. For example,a

greenregion can be either grassor foliage. We would like to preserve this ambiguity by

giving multiple labelstogetherwith con�dencemeasuresto each region. This information

can usedby high-level algorithms such as fuzzy conceptualgraph methods [34, 37, 41],

which can disambiguate the fuzzy labels using imagestructure information.

Almost all existing labeling approachesassignsinglecrisp labelsto the regions.Most

of them have beenshown to work for only 10 or fewer semantic labels(e.g., [10, 16, 54]).

Moreover, the assignment is basedon classi�cation of the featuresin a Euclideanspace,

which turns out to be not a reliable spacefor analyzing semantics.

For our research, we focuson exploring the correlation betweenfeaturesand semantic

classes,selectinga best feature subsetfor a given semantic classand solving the fuzzy

3



1.3. RESEAR CH OBJECTIVES

region labeling problem using a novel method.

1.3 Research Ob jectiv es

This thesis work aims at developing a general framework for performing semantic

labeling of image regionsbasedon multiple region features. It consistsof three major

objectives:

1. Analyze the salient featuresfor a speci�c semantic class. Salient featuresare fea-

tures that are highly correlated with a semantic class. In practice, a semantic

classis often associated with a speci�c combination of di�eren t typesof features.

Instead of using all the featuresextracted for image/region labeling, we can just

make useof the salient features.

2. Realizefuzzy labeling by using a probabilistic approach.

3. Apply the method to label compleximages.

1.4 Road Map

Figure 1.1 shows the major components of the fuzzy region labeling system. It con-

sistsof four components: feature extraction, feature-basedregionclustering, probability

estimation and probabilistic labeling. In the feature extraction module, di�eren t types

of featuresareextracted from the regions.What featuresto extract and how to compare

thesefeaturesare important for region and imageclassi�cation. This will be presented

4



1.4. ROAD MAP

Feature

Extraction
Region

Clustering

Feature-Based Probability 

Estimation Labels

Probabilistic 

Figure 1.1: SystemOverview.

in Chapter 4. After feature extraction, feature-basedregion clustering is performed.

Di�eren t feature typesare clusteredseparatelyusing appropriate dissimilarity measure.

In the probability estimation module, di�eren t feature types are combined through a

probabilistic approach. At this stage,information about best feature subsetis derived.

The best feature subset,instead of every feature type, are usedto label a region. Since

the labeling algorithm is independent of the types of features used, it is presented as

a genericalgorithm in Chapter 3. The experimental results for feature subsetselection

and labeling performanceare described in Chapter 5. Basedon the experimental results

and �ndings, conclusionsand directions are discussedin Chapter 6.

Beforewemoveon to the detailedalgorithmsand implementation of the fuzzy labeling

system, let us review the existing methods that are related to the proposed labeling

method in Chapter 2 �rst.

5



Chapter 2

Related Work

There are two levels of semantic labeling. At the image level, it is called global

semantic labeling. At the imageregion level, it is called local semantic labeling. In the

following sectionswe will discussthe related research work accordingto thesetwo levels

separately.

2.1 Global Semantic Lab eling

Three well-known methods have beenproposedfor global semantic labeling. Szum-

mer and Picard [52] divided an image into blocks. Color and texture features were

extracted from each block. A k-nearestneighbor classi�er was used to classify blocks

into indoor or outdoor classbasedon single imagefeature. Classi�cation of imagesinto

indoor or outdoor classis doneby a majorit y vote of the individual single-featureblock

classi�ers. The classi�cation rate wasreported around 90%whenevaluated on an image

6



2.1. GLOBAL SEMANTIC LABELING

databaseof 1,300imagesby Kodak. Szummerand Picard claimed that the relationship

betweentwo featuresin block classi�cation is almost certainly non-linear. Henceany lin-

earcombination of di�eren t featuresis not expectedto producesatisfactoryclassi�cation

accuracy. This is consistent with our research �ndings.

Vailaya et al. [55] performeda quantitativ e study of various featuresfor the city vs.

landscape classi�cation problems. Thosefeaturesinclude: color histogram, color coher-

encevector, DCT coe�cien ts, edgedirection histogram and edgedirection coherence

vector. Edgedirection-basedfeatureswaschosenasthey have the highestdiscriminative

power for the city vs. landscape classi�cation problem. A weighted k-nearestneighbor

classi�er was used for the classi�cation which resulted in an accuracy of 93:9% when

evaluated on an image databaseof 2,716imagesusing the leave-one-outmethod. This

approach hasbeenextendedto further classify528landscape imagesinto forests,moun-

tains, and sunset/sunriseimages.First, the input imagesare classi�ed assunset/sunrise

imagesvs. forest & mountain images(94:5% accuracy)and then the forest & mountain

imagesare classi�ed as forest imagesor mountain images(91:7% accuracy). Their �nal

goal is to combine multiple 2-classclassi�ers into a singlehierarchical classi�er.

Belongie et al. [2] made use of region blobs for classi�cation. A blob represents a

localizedregion of coherent color and texture. An Expectation-Maximization algorithm

was usedto �nd the coherent color and texture for a region and to combine them using

mixture model. A naive Bayesclassi�er was usedfor image classi�cation basedon the

presenceor absenceof regionblobs. It classi�ed imagesinto categoriessuch asair shows,

7



2.2. LOCAL SEMANTIC LABELING

brown and black bears,polar bears,elephants, tigers, cheetahs,bald eagles,mountains,

�elds, night scenes,desertsand sunsets.

In thesethreeresearch works, the classi�cation is doneat imagelevel basedon features

of the entire imageor of the regionsor blocks. They only work for a small setof semantic

classes.As many imagesin practical applicationsarecompleximagescontaining multiple

objects, global semantic classi�cation will becomeextremely di�cult. An alternative

approach is to perform global semantic classi�cation basedon local semantics of local

features.

2.2 Lo cal Semantic Lab eling

Existing local semantic labeling or region labeling methods include [10, 16, 54].

Campbell et al. [10] trained a neural network to classify regionsbasedon featuressuch

as color, texture, shape, size,rotation, and centroid. The regionswereclassi�ed into 11

categories,such as sky, vegetation, road marking, road, pavement, building, fence/wall,

road sign, signs/poles,shadow and mobile objects. The neural network achieved 83.9%

accuracyover 3,000test regionssegmented from imagesin the Bristol Database.

Town and Sinclair [54] also applied a neural network to classify regionsinto seman-

tic classesbasedon region featuresthat include area,boundary length, color meanand

covariancematrix, texture orientation and density, moment, etc. They obtained a clas-

si�cation accuracy of about 90% but the test was performed on only 11 classesthat

contain well-de�ned textures such as brick, cloud, fur, grass,road, and sand.

8



2.2. LOCAL SEMANTIC LABELING

Fung and Loe [16] used supervised clustering of color features of image blocks to

group them into a large number of elementary clusters,which werefurther grouped into

conglomerateclusters. Each conglomeratecluster wasassociated with a semantic region

class. Fixed-sizedimage blocks were assignedto the clusters using k-nearest-neighbor

algorithm, and were then assignedthe semantic labels of the majorit y clusters. The

number of region classesand the accuracyof region classi�cation were not reported in

the paper.

The common shortcomingsof the existing region labeling methods include the fol-

lowing:

� Only one crisp label is assignedto a region. Due to the presenceof the noiseand

ambiguity, it is very di�cult to derive very accurateclassi�ers for a large variety

of region classes.

� They classify region featuresin a Euclidean or linear vector spacethat combines

variousfeaturetypeslinearly. This vector-spaceapproach is convenient but requires

the assumptionthat the featurestypesareindependent of each other and, thus,can

beregardedasforming orthogonaldimensionsof the vector space.This assumption

is generallyfalseand hasbeenshown to lead to poorer classi�cation and clustering

results in general[26]. Further discussionof this issueis presented in Chapter 3.

� Existing methodshavebeendemonstratedto work on only a small number of about

10 region classes.Moreover, imagesin the region classesusually have well-de�ned

texture patterns.

9



2.2. LOCAL SEMANTIC LABELING

� The classi�cation methods cannot learn from new examplesincrementally. Ad-

dition of new training samples, feature types, and semantic classesentails the

re-training of methods on the entire collection of old and new training samples.

In contrast, our method does not combine di�eren t feature types linearly in a Eu-

clidean space. Instead, it adopts a probabilistic approach that capturesthe correlation

between feature combinations and semantic classes.It adopts an incremental learning

algorithm that can make usesof the dissimilarity measurethat is appropriate for each

feature type. Finally, it hasbeentested on 30 semantic classesthat spana wide variety

of region typesthat are not restricted to imagesthat contain well-de�ned textures.

10



Chapter 3

Probabilistic Semantic Lab eling

3.1 Overview

Semantic labeling can be framed as a problem of classifying an image region (or

imagepatch, �xed-sized block) R to oneof several semantic classesCi ; i = 1; : : : ; M . In

practice, it is not possibleto achieve perfect classi�cation due to the presenceof noise

and ambiguity in the region features. A better approach is to represent the uncertainty

of classi�cation in the semantic labels and to defer the �nal decisionto a latter stage

at which the image structure can be taken into account using, for instance, the fuzzy

conceptual graph matching method [37]. Let us denote by Qi (R) the con�dence of

classifyingregion R into semantic classCi . Then, the semantic labeling problem can be

de�ned as follows:

Semantic Lab eling

11



3.1. OVER VIEW

Given a region R and M semantic classesCi ; i = 1; : : : ; M , compute the

con�dence Qi (R) that R belongsto Ci for each i .

A region R contains a set of featuresFt of type t = 1; : : : ; m, each having a value vt .

Each feature Ft can contain more than one component, as for color histograms,Gabor

texture features,wavelet features,etc. The symbols Ft and vt denotethe whole feature

and feature value instead of the individual component.

The standard method of computing Qi (R) = Qi (v1; : : : ; vm ) is the vector spaceap-

proach: Regardeach set of feature valuesasa vector v = [v1; : : : ; vm ]T in a linear vector

space,and estimate Qi using vector spaceclassi�cation or function approximation. It

is well-known that the various feature typesare not independent of each other and the

scalesof the feature typesare di�eren t. So, forming a linear vector spaceby assigning

each feature type (or, more commonly, each feature component of each feature type) to

an orthogonal dimensionof the vector spaceis not expected to produce reliable results

in general[52].

The usual method of dealing with this problem is to represent a region as a linear

combination of feature values,and de�ne Qi (R) asa function of the linear combination:

Qi (R) = Qi

 
X

t

wtvt

!

= Qi (wT v) (3.1)

for someweight vector w = [w1; : : : ; wm ]T . Another method is to generalizethe weighted

sum to the quadratic form [46]:

Qi (R) = Qi
�
(v � � )T X � 1(v � � )

�
(3.2)

12



3.2. PR OBABILISTIC LABELING

where� is a m� 1 weight matrix and X is a m� m weight matrix. The matrices� and X

can be taken as the meanvector and the covariancematrix of v , but this would require

the assumptionof a linear vector space,which is not desirableas discussedabove. So,

more appropriate weight matrices should be obtained. The main di�cult y is that it is

not known a priori what are the appropriate valuesof the weights. It is also di�cult

to apply a learning method to obtain the weight values(as in [46]) becausethe desired

valuesof Qi (R) are also unknown a priori , and they depend very much on the type of

classi�er used.

3.2 Probabilistic Lab eling

To resolve the problems highlighted above, we present a probabilistic method of

computing Qi (R) by estimating the conditional probability P(Ci j vt ). The approach

encompassesthe following characteristics:

� It can make useof the dissimilarity measuresthat are appropriate for the various

typesof features[26, 43] instead of the Euclideandistance.

� It doesnot require the useof weights to combine the various feature types.

� It adoptsa learning approach that can adapt incrementally to the inclusion of new

training samples,feature types,and semantic classes.

The probabilistic labeling method consistsof two stages:(1) semantic classlearning

and (2) region labeling.
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3.2.1 Semantic Class Learning

Cluster 
 t1 Cluster 
 t2

Figure 3.1: Clustering of training samplesfor a feature type t. The labels 1, 2, 3, 4 denote the

semantic classesto which the training samplesbelong.

3.2.1 Semantic Class Learning

The goal of the semantic classlearning stage is to determine the conditional prob-

abilities associated with each semantic class. It �rst clusters a set of training sample

regionsRj , each assigneda pre-de�ned semantic classCi , accordingto each feature type

using the dissimilarity measurethat is appropriate for the feature type (seeSection3 for

details). This processproducesa set of clusters
 tk , for each feature type t (Figure 3.1).

After clustering, the conditional probability P(Ci j 
 tk ) for semantic classCi given clus-

ter 
 tk is estimated. Assumingthat the distribution within each cluster is uniform, then

P(Ci j 
 tk ) can be estimated from the number of regionsin the cluster:

P(Ci j 
 tk ) =
P(Ci ; 
 tk )

P(
 tk )
=

jCi \ 
 tk j
j
 tk j

(3.3)
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3.2.1 Semantic Class Learning

(1,r1)

(1,r2)

(1.r3)

(2,r4)

(3,r6)

(2,r7)

(3,r10)

(4,r8)

(3,r9)

(1,r1)

(1,r2)
(2,r4)

(3,r6)

(4,r8)

(3,r10)

(2,r7)
(4,r11)

Cluster k of Feature Type t Cluster k0 of Feature Type t0

Figure 3.2: Combining clusters of di�er ent feature types.

where j
 tk j denotesthe number of regionsin cluster 
 tk , and jCi \ 
 tk j the number of

regionsin 
 tk that belongto semantic classCi . Figure 3.1showsan exampleof how to cal-

culate P(Ci j 
 tk ) for feature type t. For example,P(C1 j 
 t1) = 3=15 = 0:20, where3 is

the number of data that comefrom classC1 and 15is the total number of data beingclus-

tered into cluster 1. Similarly, P(C1 j 
 t2) = 2=11 ' 0:18. To combine multiple feature

types,we can determine the cluster combinations 	( � ; �; n) = f 
 � (1) ;� (1) ; : : : ; 
 � (n);� (n)g

that have high probabilities of associating with somesemantic classesCi :

P(Ci j 	( � ; �; n)) = P(Ci j 
 � (1) ;� (1) ; : : : ; 
 � (n);� (n) )

=

�
�
�
�
�
�
�
Ci \

\

l


 � ( l );� ( l )

�
�
�
�
�
�
�

�
�
�
�
�
�
�

\

l


 � ( l );� ( l )

�
�
�
�
�
�
�

:

(3.4)

The functions � (l), l = 1; : : : ; n, denotea combination of feature typesand � (l) a combi-

nation of cluster indices. Figure 3.2showsanexampleof how to computeP(Ci j 	( � ; �; n)).

In this example,the pairs (1; r1); (2; r 2); etc: refer to region r1 with classlabel 1, region

r2 with classlabel 2, and so on. So, from Figure 3.2, P(C2; j 
 tk ; 
 t0k0) = 2=7 ' 0:29,
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3.2.2 Region Lab eling

: known clusters derived from training. 

x : sample falls into cluster 1 of feature type t and 
  cluster 3 of feature type t'.

x

x

cluster 1

cluster 3

Feature Type t'Feature Type t

y

y

cluster 2

y : sample falls into cluster 2 of feature type t only 

Figure 3.3: An exampleto il lustrate the labeling process.

this value is larger than both P(C2 j 
 tk ) = 2=9 ' 0:22 and P(C2 j 
 t0k0) = 2=8 = 0:25.

In practice, a semantic classis often associated with a speci�c combination of feature

types. So, it is necessaryto computeonly the conditional probabilities P(Ci j 	( � ; �; n))

that are signi�cantly larger than zero; thosecloseto zerocan be regardedas zero. The

cluster combination 	( � ; �; n), the associated semantic classesCi , and the corresponding

conditional probability valuesP(Ci j 	( � ; �; n)) are stored for region labeling.
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3.2.2 Region Lab eling

3.2.2 Region Lab eling

After the learning stage,a region R can be labeled by determining the associated

semantic classes.Giventhe regionR which contains a setof featurevaluesvt , the clusters

that are nearestto the feature valuesvt , for each feature type t, are determined. Next,

the nearestclusters found are matched with the stored cluster combinations, obtained

during the learning stage, that are associated with somesemantic classes(Figure 3.3

shows an exampleof this labeling process,data sampley is labeled basedon feature t

only.).

The con�dencemeasureQi (R) can now be computedfrom the conditional probabil-

ities of the matching cluster combinations 	( � ; �; n):

Qi (R) = max
� ;�;n

P(Ci j 	( � ; �; n)) : (3.5)

Note that Qi (R) as de�ned in Eq. 3.5 is no longer a conditional probability:

� The Ci 's in Eq. 3.5 may be conditioned on di�eren t setsof feature types.

� While
P

i P(Ci j 	( � ; �; n)) = 1 for each cluster combination 	( � ; �; n), the sum

P
i Qi (R) 6= 1 in general.

Nevertheless,Qi (R) is well-foundedon probability theory and is, thus, a good measure

of the con�dence that region R belongsto classCi .
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3.2.3 Discussion

3.2.3 Discussion

The semantic labeling method presented above computesQi (R) from the proba-

bilities conditioned on the clusters nearestto the feature valuesvt of R instead of the

probabilities conditioned on the feature valuesvt . In principle, it is possibleto estimate

P(Ci j vt ) using more sophisticatedmethods such as Gaussianmixture, e.g.,

P(Ci j vt ) =
X

k

wk exp
�

�
kvt � � tk k2

2� 2
tk

�
(3.6)

where wk is a weighting factor that can be optimized during learning, � tk and � tk are

derived from the location and radius of cluster 
 tk , and kvt � � tk k is an appropriate

dissimilarity measurefor feature type t. However, estimation of probability density that

is conditioned on a combination of feature typesis more complex. Let v = [v1; : : : ; vm ]T

denote a vector that combines the feature values vt , t = 1; : : : ; m. Then, a natural

extensionof Eq 3.6 to the multi-dimensional caseis

P(Ci j v ) =
X

k

wk exp
�

�
1
2

(v � � )T X � 1(v � � )
�

(3.7)

where � = [� 1;� (1) ; : : : ; � m;� (m) ]T is the vector of the centroids of the clusters in which

the feature valuesvt lie, and X is an appropriate weight matrix. That is, this method

de�nes the conditional probability in terms of a quadratic form of v, which is undesirable

(as discussedin Section 3.1). Therefore, in our current formulation, the probability

distribution is assumedto be uniform within each cluster and 0 outside.

It is easyto seethat the semantic classlearning method discussedabove is incremen-

tal. In somecases,feature typesand semantic classescan be addedwithout having to

18



3.2.3 Discussion

re-run the learning algorithm on the entire set of training samples.Let us considerthe

following cases.Supposethat clusters
 tk havebeenderivedfor featuretype t = 1; : : : ; m

and cluster index k.

� Add a new feature type m + 1.

In this case,we have to cluster the training samplesonly with respect to the new

feature type m + 1 to obtain clusters 
 m+1 ;k . Given these new clusters, a new

set of conditional probabilities P(Ci j 	( � ; �; n) can be computed to associate the

semantic classesCi with the cluster combinations 	( � ; �; n).

� Add a new semantic classC0 to existing training samples.

Adding a new semantic classto existing training samplesdoes not change their

clustermembershipsbecausethe samplesareclusteredbasedon their featurevalues

in the featurespace.Therefore,the newsemantic classcanbeaddedto the samples

without the needto cluster them again, and a new set of conditional probabilities

P(C0j 	( � ; �; n)) can be computed.

� Add a new semantic classwith new training samples.

Even for this case,it is still possibleto avoid clustering existing training samples

all over again. For example, the centroid of an existing cluster can represent

the existing training samplesthat fall within the cluster. If the existing samples

have been well clustered, then further clustering does not change their cluster

membershipsigni�cantly. So, the learning algorithm needsto cluster only the new

training samplestogether with the existing cluster centroids, with more weights
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3.3. ALGORITHMS

given to the cluster centroids becauseeach centroid represents a set of existing

training samplesinstead of a singlesample.

In comparison, commonly used classi�ers such as neural network and support vector

machinesare not incremental. Addition of new feature types,semantic classes,or train-

ing samplesalways entails the re-training of the classi�ers on the entire set of training

samples.

3.3 Algorithms

The semantic labeling method described in previoussectionconsistsof several main

algorithms: region clustering, probability estimation and region labeling. The �rst two

algorithms are usedfor semantic classlearning.

3.3.1 Region Clustering

Training sample regions Rj are clustered according to individual feature type t

to obtain clusters 
 tk . An adaptive k-meansclustering algorithm is used so that the

appropriate number of clusterscan be determinedautomatically. The algorithm can be

summarizedas follows:

Adaptiv e Clustering

Repeat

For each feature value vt of each region,
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3.3.1 Region Clustering

Find the nearestcluster 
 tk to vt .

If no cluster is found or distanced(
 tk ; vt ) � st ,

createa new cluster with feature vt ;

Else, if d(
 tk ; vt ) � r t ,

add feature value vt to cluster 
 tk .

For each cluster 
 ti ,

If cluster 
 ti hasat least Nm feature values,

update centroid of cluster 
 ti ;

Else, remove cluster 
 ti .

The centroid of cluster 
 ti is a generalizedmean of the feature values in the cluster

(seeChapter 4 for more discussion). The function d(
 tk ; vt ) is a dissimilarity measure

appropriate for the feature type t [26, 43] (seeChapter 4 for more details). Nm is the

minimum number of feature valuesin a cluster so that a cluster will not be too small.

The adaptive clustering algorithm groupsa feature value vt into its nearestcluster if

it is near enough(d(
 tk ; vt ) � r t ). On the other hand, if the feature value is far enough

(d(
 tk ; vt ) � st ) from its nearestcluster, then a new cluster is created. Otherwise, it

is left unclustered and will be consideredagain in the next iteration. This clustering

algorithm, thus, ensuresthat each cluster has a maximum radius of r t and that the

clusters are separatedby the distance of approximately st called the nominal cluster

separation.
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3.3.1 Region Clustering

The maximum radius r t , for feature type t, is computed by measuringthe average

distancebetweenthe samplesin a class:

r t =
1

M

X

i

1
N (i )

X

R j ;Rk 2 Ci

d(vtj ; vtk ) (3.8)

whereM is the number of classes,N (i ) is the number of samplepairs in classCi , and

vtj and vtk are the type-t feature values of regionsRj and Rk in classCi . The same

algorithm is applied to di�eren t feature typesseparately. The value of st is de�ned as a

multiple 
 of r t , i.e., st = 
 r t . Reasonablevaluesof 
 range from 0 (for completeover-

lapping of the clusters) to 2 (for non-overlapping of clusters). Therefore, the algorithm

can automatically determinethe number of clustersrequired to e�ectiv ely represent the

clusteringsof feature values. It also ensuresthat each cluster has a signi�cant number

of (at least Nm ) feature values;otherwise,the cluster is removed.

The clustering algorithm terminates after running for several iterations (usually 10,

for e�ciency sake). At this stage,sometraining samplesmay still be unclustered. To

handle this case,the following algorithm is used:

Adjustmen t of r t

For each feature value vt of each region,

Find the nearestcluster 
 tk to vt .

If d(
 tk ; vt ) � r t ,

update r t to r tk = d(
 tk ; vt ).

This adjustment permits all training samplesto be clustered by enlarging the cluster

radius r t to r tk , which canbe di�eren t for di�eren t clusters. If the number of unclustered
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3.3.2 Probabilit y Estimation

training samplesis small, updating r t to r tk is not necessary.

3.3.2 Probabilit y Estimation

After clustering the regions according to individual feature types, the conditional

probability P(Ci j 
 tk ) of each cluster 
 tk is estimated. In addition, the conditional

probabilities P(Ci j 	( � ; �; n)) of various cluster combinations 	( � ; �; n) are also esti-

mated.

In order to fully assessthe accuracyof the semantic labelingapproach, the conditional

probability for all possiblecombinations of 1 to 4 featuresare computed in the current

implementation sothat the combinations with the highestprobabilities canbe identi�ed.

In actual applications,a cluster selectionprocedurecanbe performedto selectcandidate

cluster combinations that are likely to yield signi�cant probabilities. This method would

remove the needto compute the probabilities for all possiblecombinations.

Probabilit y Estimation

For each semantic classCi ,

For n = 1; : : : ; 4,

For each cluster combination 	( � ; �; n),

Compute P(Ci j 	( � ; �; n)).

If P(Ci j 	( � ; �; n)) is larger than 0,

store Ci , 	( � ; �; n), and P(Ci j 	( � ; �; n)).

The cluster combinations 	( � ; �; n), their associated semantic classesCi , and the corre-
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3.3.2 Probabilit y Estimation

sponding conditional probabilities P(Ci j 	( � ; �; n)) that are larger than zeroare stored

for region labeling.

For each combination 	( � ; �; n), an e�cien t set intersection algorithm is used to

calculateP(Ci j 	( � ; �; n)) accordingto Eq. 3.4.

Set In tersection

Given Sets
 1 and 
 2, sort the elements in each set in increasingorder of element index.

Set L 1 to be the index of the smallestelement in 
 1,

Set L 2 to be the index of the smallestelement in 
 2.

While both sets
 1 and 
 2 are not exhausted,

if 
 1[L1] < 
 2[L2],

L1 + +,

elseif 
 1[L1] > 
 2[L2],

L2 + +,

else

add the commonelement, i.e., 
[ L 1] = 
[ L 2], to the resulting Set 
 r ,

increment L 1 and L 2

The complexity of this set intersectionalgorithm is O(n logn), n is the sizeof the smaller

set betweenthe two.

24



3.3.3 Region Lab eling

3.3.3 Region Lab eling

The region labeling algorithm determinesthe combinations of feature values of a

region that are associated with somesemantic classeswith high probabilities. These

semantic classesand the probabilities are assignedto the region as its semantic labels.

In general,a region can be assignedmultiple semantic classes.

Region Lab eling

Given a region R

Find the nearestcluster of type t in which each feature value vt of R falls within the

the radius r tk of the corresponding nearestcluster k.

Find the combinations 	 j of theseclustersthat match the stored cluster

combinations.

Retrieve the classesCi and probabilities P(Ci j 	 j )

associated with the matching cluster combinations 	 j .

For each retrieved classCi ,

Find the 	 k with the largest probability:

P(Ci j 	 k) = max
j

P(Ci j 	 j )

AssignCi and P(Ci j 	 k) to R,

i.e., Qi (R) = P(Ci j 	 k).

For testing regions,it is possiblethat a feature value vt may not fall within any known

clusters of type t. This is becausethe testing region might be an outlier which never

occurs in the training region. In this case,no cluster of type t is found.

25



3.3.3 Region Lab eling

For the purposeof assessingthe e�ectiv enessof the semantic labeling method, region

classi�cation is also performedto assignthe semantic label with the highest con�dence

to a region.

Region Classi�cation

Given a region R

Perform region labeling.

Find the Ck with the largest con�dence:

Q(Ck j R) = max
i

Q(Ci j R)

If Q(Ck j R) > threshold �,

assignCk to R;

elseassign\unknown class" to R.

When the probability is low, it is better to assignthe \unknown class" label to a region

than to assignit a wrong label.
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Chapter 4

Features and Dissimilarit y Measures

In the current implementation, four di�eren t typesof featuresare extracted for each

image block. They are adaptive color histograms, Gabor features, multi-resolution si-

multaneousautoregressive (MRSAR) featuresand edgehistograms. Thesefeaturesare

known as good featuresfor imageclassi�cation and retrieval [26, 29, 32, 39] in general.

4.1 Color Histograms

Color information vary substantially over an image or an image part. Such in-

formation can be more fully described by a distribution of features instead of using a

single feature. Histogramsare often usedto estimate the distributions. There are two

methods of generating histograms: �xed binning and adaptive binning. Typically, a

�xed-binning method induceshistogram bins by partitioning the color spaceinto rect-

angular bins [13, 14, 35, 38, 47, 50, 55]. Once the bins are derived, they are �xed and
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4.1.1 Fixed-Binning Histogram

the samebinning scheme is applied to all images. On the other hand, adaptive bin-

ning adapts to the actual distributions of colors in image [4, 15, 17, 19, 24, 43, 45].

As a result, di�eren t binnings are induced for di�eren t images. It is a commonunder-

standing that adaptively-binned histogramscan represent the distributions of colors in

imagesmore e�cien tly than do histogramswith �xed binning [4, 15, 17, 43, 45]. How-

ever, existing systems([13, 14, 22, 35, 50, 47, 55]) almost exclusively adopt �xed-binning

histograms becauseamong existing well-known dissimilarity measures,only the Earth

Mover's Distance(EMD) can comparehistogramswith di�eren t binnings [43, 45]. EMD

is computationally more expensive than other dissimilarity measuresbecauseit requires

an optimization process.

4.1.1 Fixed-Binning Histogram

There are two types of �xed binning schemes: regular partitioning and clustering.

The �rst method simply partitions the axesof a target color spaceinto regular intervals,

thus producing rectangular bins. Typically, one of the three color axes is regardedas

conveying more important information and is partitioned into more intervals than are

the other two axes.For example,VisualSeek[50] partitions the HSV spaceinto 18� 3� 3

color bins and 4 grey bins, producing 166 bins. PicHunter [14] also partitions the HSV

spacein a similar manner. The CIELAB and CIELUV spaceshavebeenalsoused[35, 47]

becausethey are more perceptually uniform [3]. In partitioning thesespaces,bins that

correspond to illegal RGB colorsare usually discarded.
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4.1.2 Adaptiv e Color Histogram

The secondmethod partitions a color spaceinto a large number of cells, which are

then clusteredby a clustering algorithm such as the k-means. For example,QBIC [22]

partitioned the RGB spaceinto 16� 16� 16 cells,mapped the cellsto a modi�ed Munsell

HVC space,and then clustered the cells into k clusters. Vailaya et al. [55] applied a

similar method but mapped the RGB cells into the HSV space,where 64 bins were

produced. Quicklook [13] mapped sRGB [1] cells into CIELAB and clusteredthem into

64 bins.

4.1.2 Adaptiv e Color Histogram

In [27, 26], we formulated a dissimilarity measurefor color histogram based on

weighted correlation (WC) of bin similarit y. Herewe just give a summary of the formu-

lation.

An adaptive histogram H = (n; C; H) is de�ned as a 3-tuple consistingof a set C of

n bins ci , i = 1; : : : ; n, and a set H of corresponding bin counts hi � 0. The weighted

correlation betweenhistogramsG = (m; f b i g; f gi g) and H = (n; f ci g; f hi g), denotedas

G � H , is de�ned as

G � H =
mX

i =1

nX

j =1

w(b i ; cj ) gi ; hj : (4.1)

The similarit y w(b i ; cj ) between bins b i and cj is de�ned in terms of the volume of

intersectionVs betweenthe bins:

w(c; c0) = w(� ) =
Vs

V
=

8
>>><

>>>:

1 �
3
4

� +
1
16

� 3 if 0 � � � 2

0 otherwise.

(4.2)
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4.1.3 Adaptiv e Binning

where� = d=R is the ratio of the cluster separationd and the bin radius R.

A histogramH canbenormalizedinto H by dividing each bin count by the histogram

norm kH k =
p

H � H . The similarit y s(G; H ) betweenG andH is de�ned asthe weighted

correlation between their normalized forms: s(G; H ) = G � H , and the dissimilarity

d(G; H ) betweenthem is de�ned as d(G; H ) = 1 � s(G; H ).

The mean histogram is de�ned in terms of histogram merging operation. Let his-

togram G = X [ Y and H = X 0 [ Z such that X and X 0 have the sameset of bins

and X , Y, and Z have disjoint sets of bins. The the merged histogram G ] H =

(X [ Y) ] (X 0[ Z ) = (X + X 0) [ Y [ Z . That is, two histogramsaremergedby collecting

all the bins and add the bin counts of identical bins. Note that it is always possibleto

expresstwo histogramsG and H in the form given previously for histogram merging to

be well-de�ned. It is shown in [27] that the merging of histogramsH i is equivalent to

the meanof histogram M :

M =
]

i

H i (4.3)

The usual de�nition of meandivides the sum by the number of items that are added

together. For adaptive histograms, this division is not necessarybecausehistogram

similarit y and dissimilarity arede�ned in terms of normalizedhistograms(E.q 4.3) ([27]).

4.1.3 Adaptiv e Binning

Adaptivebinning canbeachievedby the k-meansclusteringalgorithm or its variants.

To group the pixels into clusters, the samealgorithm used for region clustering (See

30



4.1.3 Adaptiv e Binning

Chapter 3) is used with di�eren t ways of calculating the distance from a pixel p to

cluster centroid ck of cluster k and cluster centroid. In this context, the cluster centroid

is the averagecolor of all the pixels within the samecluster.

The distance dkp between the centroid ck of cluster k and pixel p with color cp is

de�ned as the CIE94 color-di�erence equation:

dkp =

" �
� L �

kL SL

� 2

+
�

� C�
ab

kCSC

� 2

+
�

� H �
ab

kH SH

� 2
#1=2

(4.4)

where � L � , � C�
ab, and � H �

ab are the di�erences in lightness,chrome, and hue between

ck and cp, SL = 1, SC = 1 + 0:045 �C�
ab, SH = 1 + 0:015 �C�

ab, and kL = kC = kH = 1 for

referenceconditions. The variable �C�
ab is the geometricmeanbetweenthe chromevalues

of ck and cp, i.e., �C�
ab =

p
C�

ab;kC
�
ab;p. The CIE94 color-di�erenceequationis usedinstead

of the simpler Euclideandistancein CIELAB spacebecauserecent psychologicalstudies

show that CIE94 is more perceptually uniform that Euclideandistance [20, 36, 51].

This adaptive clustering algorithm is similar to that of Gong et al. [17]. Both algo-

rithms ensurethat the clusters are not too large in volume and not too closeto each

others. However, our adaptive algorithm is simpler than that in [17], does not require

seedinitialization, and can automatically determinethe appropriate number of clusters.

In practice, for e�ciency sake, the algorithm is repeatedfor only 10 iterations. When

the algorithm terminates,somecolorsmay still beunclustered.During colorquantization

or histogram generation, these unclustered colors are quantized to the colors of their

nearestclusters. Empirical tests show that having a small amount of unclusteredcolors

do not produce signi�cant error in the color quantization results. For instance, 5%
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unclusteredcolorscontribute only a 1% increasein the meanerror of color quantization

comparedto the casein which all the colors are clustered. In fact, leaving somecolors

unclusteredmakesthe algorithm morerobust againstnoisecolorsthat di�er signi�cantly

from other main colors in the image. Thesenoisecolors typically occur at abrupt color

discontinuities in the images.

4.1.4 Quan titativ e Evaluation of Adaptiv e Color Histogram

In the initial feature evaluation, we did a quantitativ e evaluation of the adaptive

color histogramsand weighted correlation. The quantitativ e evaluation consistsof three

tests. The �rst test evaluated the accuracy of adaptive clustering in retaining color

information. The secondand third testsevaluatedthe combinedperformanceof adaptive

color histogramsand weighted correlation in imageretrieval and classi�cation.

Color Reten tion

In this test, the performanceof the adaptive color histogramswas comparedwith the

color histogramsgeneratedby regular partitioning and color spaceclustering. The colors

of the imageswereassumedto be represented in the sRGB space[1], and the target color

spacewas CIELAB.

Test Setup

The adaptive color histogramswere tested with cluster radius R ranging from 7.5

to 22.5and nominal cluster separatorfactor 
 ranging from 1.1 to 1.5. With this
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4.1.4 Quan titativ e Evaluation of Adaptiv e Color Histogram

set of parametervalues,about 95%or more of the colors in every imagecould be

clusteredduring the clustering process.

For regular partitioning, the L � -axis of the CIELAB spacewas partitioned into l

equal intervals (l = 8, 10, 12, 14, 16), and the a� - and b� - axeswere partitioned

into m equal intervals (m = 5, 8, 10 and m � l). The centroids of the bins were

mapped back to the sRGB spaceand bins with illegal sRGB valueswerediscarded.

For color spaceclustering, the CIELAB spacewaspartitioned into 32� 32� 32 equal

partitions and the bin centroids wereclusteredusing the sameadaptive clustering

algorithm, with 7:5 � R � 20 and 1:1 � 
 � 1:5.

As the test images, 100 visually colorful images were randomly selectedfrom

the Corel 50,000photo collection. The imageshad sizesof either 256� 384 or

384� 256.Colorhistogramswere generatedfor each imageusing the three binning

methods. For color spaceclustering and adaptive clustering, all the colors in the

images,including those that were unclusteredduring the clustering process,were

quantized to the colorsof their nearestclusters.

The performanceof the three binning methods weremeasuredby three indicators,

namely, the number of bins or clustersproduced, the number of empty bins, and

the meancolor error measuredasthe meandi�erence betweenthe actual colorsand

the quantized colors(in CIE94 units). Theseperformanceindicators wereaveraged

over all the images.

Color Error
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Figure 4.1: Comparison of mean color errors of regular, clustered, and adaptive histograms.

Experimental results show that the larger the bin volume (or cluster radius R)

and the larger the bin separation 
 , the smaller is the number of bins and the

larger is the meancolor error. Figure 4.1 shows that regular partitioning produced

slightly larger meancolor error comparedto color spaceclustering, while adaptive

clustering producedthe smallesterror. Given a �xed number of bins, regular and

clusteredhistogramshaveerrorsthat areabout twicethoseof adaptive histograms.

Empt y Bins

Figure 4.2 shows the averagepercentageof empty bins in the regular and clustered

histograms. With a large number of bins, both typesof histogramshave 50% or

moreempty bins. With a small number of bins, clusteredhistogramshaveasfewas
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Figure 4.2: Averagepercentageof empty bins in regular and clustered histograms.

20%empty bins. The adaptive histogramshave no empty bins. Thesetest results

show that adaptive histogramscan retain color information more accurately with

fewer bins than regular and clusteredhistograms.

Visual Qualit y

Visual inspection of the color-quantized images(Fig. 4.3) revealsthat imageswith

a color error of 5 or less look almost indistinguishable from the original images

except at regionswhere banding occurs such as clear blue sky. This is the result

of quantizing the gradually varying colors into discrete bins. This observation

matchesrecent psychological study [51] very well, which shows that that human's

color acceptability threshold is 4.5. That is, two colors with a color di�erence

of lessthan 4.5 are regardedas practically identical. Note that the acceptability
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(a) (b)

(c) (d)

Figure 4.3: Color quantization results. The original imagescontain (a) 71599 colors and (b)

46218colors. The color-quantized imagescontain only (c) 39 colors and (d) 31 colors.
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threshold is slightly larger than the perceptibility thresholdof 2.2 [51], which is the

threshold below which two colorsare perceptually indistinguishable .

Discussion

Existing systemstypically use64-bin clusteredhistogramsor more than 150 bins

for regular histograms. Their respective meancolor errors are about 8 and 6, with

45%and 50%empty bins. In comparison,64-binadaptivehistogramscanachievea

color error of about 3.5, lower than human acceptability threshold, with no empty

bins.

In the subsequent tests, the parameter values of clustered and adaptive binning

methods were �xed at R = 10 and 
 = 1:5 becausethis combination yielded

good color retention with small number of bins. With these parameter values,

the adaptive binning method producedan averageof 37.8bins with a meancolor

error of 4.53, and the color spaceclustering method produced 80 bins, a mean

color error of 7.19, and 42% empty bins. In principle, the mean color error of

color spaceclustering can be reducedto, say, below 5 so that it is comparableto

that of adaptive binning. However, this will require the clustered histograms to

have much more than 250 clusters|a value that is both impractical and beyond

our experimental range. It was not necessaryto test regular partitioning further

becauseits performancewas similar to that of color spaceclustering.
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Image Retriev al

This test assessedthe combined performanceof binning schemesand dissimilarity mea-

suresin imageretrieval.

In the image retrieval test of Puzicha et al. [43], random samplesof pixels were

extracted from the test images. Samplesthat were drawn from the sameimageshould

have similar distributions and were regardedas belongingto the sameclass. This kind

of test samplesare useful for testing the performanceof various similarit y measuresin

computing global similarit y betweentwo images.

Test Setup

A di�eren t kind of test sampleswerepreparedfor our tests. Each of the 100images

usedin the color retention test (Section4.1.4)wereregardedas forming onequery

class. These imageswere scaleddown and each embeddedinto 20 di�eren t host

images,giving a total of 2000composite imagesat each scalingfactor. The scaled

imageswere usedas query images,and the composite imagesthat contained the

sameembeddedimageswereregardedasrelevant. A di�eren t kind of test samples

were prepared for our tests. Each of the 100 imagesused in the color retention

test (Section 4.1.4) were regardedas forming one query class. Theseimageswere

scaleddown and each embeddedinto 20di�eren t host images,giving a total of 2000

composite imagesat each scaling factor. The scaledimageswere used as query

images,and the composite imagesthat contained the sameembeddedimageswere

regardedasrelevant. This test paradigm shouldbe useful for testing the combined
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performanceof binning schemesand dissimilarity measuresin retrieving images

that c ontain a particular target region or color distribution of interest. We feel

that this test morecloselyresemblesthe retrieval of compleximagescontaining one

or more regionsof interests comparedto that in [43]. In the test, scaling factors

for imagewidth/heigh t of 1/4, 1/2, and 3/4 were used. Thesevaluesgave rise to

embeddedimageswith areascalingfactors of 1/16, 1/4, and 9/16 comparedto the

original images.

In the experimental tests, the weighted correlation dissimilarity (WC) given in Sec-

tion 4.1.2ascomparedwith three existing dissimilarity measures,namely L 2 (Eu-

clidean), JessenDi�erence Divergence(JD) 1, and Earth Mover's Distance(EMD).

� L2 (Euclidean) distance:

d(G; H ) =

 
X

i

(gi � hi )2

! 1=2

(4.5)

� Jessendi�erence divergence(JD):

d(G; H ) =
X

i

�
gi log

gi

mi
+ hi log

hi

mi

�
(4.6)

wheremi = (gi + hi )=2.

1The formula that Puzicha et al. [43] called \Je�reys divergence"is more commonly known as\Jessen

di�erence divergence" in Information Theory literature [7, 8, 53]. Je�reys divergence,as given in the

literature [7, 8, 23, 25, 53], takes the form
P

i (gi � hi ) log(gi =hi ) =
P

i [gi log(gi =hi ) + hi log(hi =gi )].
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� Earth Mover's distance(EMD) [44]:

d(G; H ) =

X

i;j

f ij d(b i ; cj )

X

i;j

f ij

(4.7)

where d(b i ; cj ) denotesthe dissimilarity between bins b i and cj , and f ij is

the optimal 
o w betweenG and H such that the total cost
P

i;j f ij d(b i ; cj )

is minimized, subject to the constraints:

f ij � 0 ;
X

i

f ij � hj ;
X

j

f ij � gi ;
X

i

X

j

f ij = min(
X

i

gi ;
X

j

hj ) : (4.8)

The dissimilarity d(b i ; cj ) betweentwo bins is typically de�ned asa monotonic

increasingfunction of the ground distancebetweenthe bins.

Among thesedissimilarity measures,L 2 served asthe basecaseof the performance

evaluation. JD and EMD are reported in [43] to yield good performance,respec-

tiv ely, for large and small samplesizes.Other dissimilarity measuresevaluated in

[43] are expected to yield similar results and are thereforeomitted. WC is tested

with both clusteredand adaptive histogramswhereasL 2 and JD could be tested

only with clusteredhistograms. The programfor EMD wasdownloadedfrom Rub-

ner's web site (http://robotics.stanford.edu/~rubner ), and was tested only

with adaptivehistogramsdueto its longerexecutiontime. The CIE94 distancewas

usedas EMD's ground distance becauseit is more perceptual uniform than Eu-

clideandistancein the CIELAB space,and was taken as the dissimilarity between

two bins.
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Results and Discussion

Figure 4.4 plots the precision-recallcurvesof the imageretrieval results for scaling

factors 1/2 and 3/4 of both imageheight and imagewidth. The curvesfor scaling

factor of 1/4 are not shown becauseall combinations of binnings and dissimilarity

measuresperformed poorly. They all had very low precision of less than 0.2 at

recall rate of 0.1, and their precision dropped to about 0.01 at recall rate of 0.3

and above.

All �v e combinations performedsigni�cantly better for the larger scalingfactor of

3/4 than for 1/2. For both scalingfactors, clusteredhistogramstogether with JD

(c + JD) performedbest, with the adaptive histogramsand WC (a + WC) combi-

nation following closelybehind. The a + WC combination performedsigni�cantly

better than c + WC, which had roughly the sameperformanceas c + L 2. These

results show that, given the samedissimilarity measure,adaptive histogramsper-

form better than clusteredhistogramsbecausethey can describe color information

more accurately and yet usefewer bins (Section4.1.4).

Somewhatsurprisingly, EMD (with adaptive histograms) performed poorer than

L2. Comparedto the results in [43], which show that EMD performedbetter for

small samplesizes,it is noted that our smallestscaling factor of 1/4 corresponds

to an image sizeof 6144pixels, which is far larger than the samplesizesusedin

[43]. Moreover, the adaptive histograms have an averageof 37.8 bins, and they

correspond to medium sizedhistogramsin [43]. Theseparametervaluesmay have
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Figure 4.4: Precision-recall curves of various combinations of binning methods (c: clustered,

dashed line; a: adaptive, solid line) and dissimilarity measures (JD: Je�r ey divergence, WC:

weighted correlation, L2: L 2 or Euclidean distance, EMD: Earth Mover's Distance). (a) Scaling

= 1/2, (b) scaling = 3/4.
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obscuredthe strengths of EMD in extreme casesof small samplesizesand small

number of bins. On the other hand, our choiceof the number of bins, which was

supported by the color retention test (Section 4.1.4), and the samplesizesshould

better resemble the retrieval of complex imageswith multiple regionsin practice.

Image Classi�cation

This test assessedthe combined performanceof binning schemesand dissimilarity mea-

suresin imageclassi�cation.

Test Setup

The composite imagesgeneratedin the retrieval tests (Section 4.1.4)wereusedfor

imageclassi�cation test. The composite imagesthat contained the sameembedded

image were consideredas belonging to the same class. This would correspond

to the practical application in which imagescontaining the sameregion or color

distribution are consideredas identical.

The k-nearest-neighbor classi�er with leave-one-outprocedurewasapplied on each

of the 2000 composite images. Odd values of k ranging from 1, 3, 5, 7, and 9

werechosento remove the possibility of ties. Classi�cation error, averagedover all

2000images,werecomputedfor each combination of binning scheme,dissimilarity

measure,and k value

Results and Discussion

Figure 4.5 shows the classi�cation performancefor width/heigh t scaling factors
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of 1/2 and 3/4. The curves for scaling factor of 1/4 are not shown becauseall

combinations of binnings and dissimilarity measuresperformed poorly. All �v e

combinations performed signi�cantly better for the larger scaling factor of 3/4

than for 1/2. Moreover, their classi�cation accuraciesincreasedwith increasing

number of nearest neighbors k. Similar to the image retrieval results, c + JD

performed best for both scaling factors, with a + WC following closely behind.

The a + WC combination performedbetter than c + WC, and c + L 2 again had

the lowest accuracy. Theseresults again show that, given the samedissimilarity

measure,adaptive histogramsperform better than clusteredhistograms. Unlike in

the retrieval tests, the performanceof a + EMD wasvery good in the classi�cation

tests. The classi�cation accuracyof a + EMD closely matched that of a +W C,

especially for the larger scalingfactor of 3/4.

Spatial Precision

To further investigatethe causeof EMD's inconsistent performance,another per-

formanceindex called spatial precision wascomputed. Spatial precisionmeasures,

for a given image I , the proportion of imagesamong its k nearestneighbors that

belongto the sameclassas I . Figure 4.6 plots the spatial precisionaveragedover

all 2000 imagesfor each k. The spatial precisionsof the dissimilarity measures

are smaller for a smaller image scaling factor and decreasewith increasingvalue

of k. The result shows that as the value of k (i.e., the neighborhood size) in-

creases,more negative samplesthat belong to other classesare included in the
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Figure 4.5: Classi�cation accuracy of various combinations of binning methods (c: clustered,

dashed line; a: adaptive, solid line) and dissimilarity measures (JD: Je�r ey divergence, WC:

weighted correlation, L2: L 2 or Euclidean distance, EMD: Earth Mover's Distance). (a) Scaling

= 1/2, (b) scaling = 3/4.
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Figure 4.6: Spatial precision of various combinations of binning methods (c: clustered, dashed

line; a: adaptive, solid line) and dissimilarity measures (JD: Je�r ey divergence, WC: weighted

correlation, L2: L 2 or Euclidean distance, EMD: Earth Mover's Distance). (a) Scaling = 1/2,

(b) scaling = 3/4.
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neighborhood. However, given the large number of classes(100) in the test, it is

possiblethat only a small number of negative samplesfrom each classis included.

As a result, the majorit y classcan still be the correct classeven when there are

many negative samples.This is especially true for EMD sinceits spatial precision

decreasesfaster than thoseof other dissimilarity measures.

Histogram Clustering

Given well de�ned dissimilarity measureand mean histogram, the traditional k-means

clustering algorithm is reformulated by using weighted correlation as the distancemea-

sure and mean histogram as the cluster centroid. This experiment was conducted to

measurethe performanceof histogram clustering.

Test Setup

400 composite imagesfrom 20 classes(20 from each class)were randomly chosen

from the imagesgeneratedfrom the retrieval test. The composite imagesthat con-

tained the sameembeddedimageshould be closerto each other than to the other

images.Three tests wereperformedusing the following combinations of color his-

tograms and dissimilarity measures:(1) �xed clusteredhistogramsand Euclidean

distance (c + L2), (2) �xed clusteredhistogramswith JD for cluster assignment

and Euclidean for computing cluster centroid (c + JD/L2), and (3) adaptive his-

togram and weighted correlation dissimilarity (a + WC). For the �rst two cases,an

ordinary k-meansclustering was used. For the third case,the k-meansclustering

for adaptive histograms was used. For each case,separateclustering tests were
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Figure 4.7: Convergence test. (The di�er ence between current and previous mean is calculated

using weighted correlation.)

conductedwith number of clustersranging from 5 to 40.

Convergence Prop ert y of the Clustering Algorithm

The rigorousproofs of the convergenceproperties of the traditional k-meansalgo-

rithms are presented in [5]. To show that the algorithm doesconverges,we did a

convergencetest. From �gure 4.7, we can seethat the algorithm convergesin �fth

or sixth iteration and then becomesstabilized.

Cluster Spread and Cluster Homogeneit y

Clustering performanceis measuredin terms of the cluster spread and cluster ho-

mogeneity.The cluster spread
 is the e�ectiv e radius of a cluster normalized by

48



4.1.4 Quan titativ e Evaluation of Adaptiv e Color Histogram

5
 10
 15
 20
 25
 30
 35
 40

0.20


0.30


0.40


0.50


0.60


0.70


c + L2

c + JD/L2

a + WC


cluster spread


number of clusters


(a)

5
 10
 15
 20
 25
 30
 35
 40

0.2


0.4


0.6


0.8


1


a + WC

c + JD/L2

c + L2


number of clusters


homogeneity


(b)

Figure 4.8: Comparison of (a) cluster spread and (b) cluster homogeneity between the three test

cases.
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its distanceto the nearestneighboring cluster:


 =
1
k

kX

i =1

! i (4.9)

! i =

1
jCi j

X

H j 2 Ci

d(M i ; H j )

min
j 6= i

d(M i ; M j )
(4.10)

where M i is the mean histogram of cluster Ci , d(�) is the CIE94 distance, and k

is the number of clusters. It measuresthe compactnessof the clusters and the

amount of overlapsbetweenthe clusters. The smaller the cluster spread,the more

compactare the clustersand the lessare the overlapsbetweenthem.

The cluster homogeneity � measuresthe proportion of histogramsin a cluster that

belongto the majorit y classof the cluster:

� =
1
k

kX

i =1

P(L(Ci ) j Ci ) (4.11)

whereL(Ci ) denotesthe majorit y classof cluster Ci and P(L(Ci ) j Ci ) is the con-

ditional probability of L(Ci ) given Ci . If the cluster homogeneity is lessthan 1=n,

then the cluster must contain histograms that belong to at least n + 1 classes.

Therefore,the smaller the n, the more homogeneousis the cluster.

In �gure 4.8, for all three cases,clusteringperformanceimprovedsigni�cantly when

the number of clusters k increasedfrom 5 to 20. At k > 20, the cluster spreads

of c + L 2 and c + JD/ L 2 improved slightly with increasingk but their cluster
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homogeneity decreased.Notice that performing cluster assignment with JD did

not improve clustering performancesigni�cantly becausethe computation of mean

histogram was basedon L 2 instead of the more reliable JD.

In contrast, the cluster spreadand homogeneity of a + WC stabilized at k > 20,

and were better than those of c + L 2 and C + JD/ L 2 for all k. In other words,

a + WC producedmore compact and more homogeneousclustersthat were more

widely spacedout than did c + L 2 and c + JD/ L 2. Moreover, its performanceis

morestablethan thoseof the other two cases.This result indicatesthat a + WC is

more e�ectiv e and reliable for practical applications in which the optimal number

of clustersk is often unknown.

4.2 Gab or Feature

The Gabor texture featuresand weighted-mean-variance(WMV) as de�ned by Ma

and Manjunath [31] have beenshown to produce good texture discrimination, particu-

larly for structured and oriented textures. Following sectionsgive a brief description of

Gabor texture featuresand WMV.

4.2.1 Gab or Functions and Wavelets

A two dimensionalGabor function g(x; y) and its Fourier transform G(u; v) can be

written as:

g(x; y) =
�

1
2� � x � y

�
exp

�
�

1
2

�
x2

� 2
x

+
y2

� 2
y

�
+ 2� j Wx

�
; (4.12)

51



4.2.2 Gab or Filter Dictionary Design

G(u; v) = exp
�

�
1
2

�
(u � W)2

� 2
u

+
v2

� 2
v

��
; (4.13)

where� u = (2� � x )� 1 and � v = (pi� y)� 1. Gabor functionsform a completebut nonorthog-

onal basisset. Expanding a signalusingthis basisprovidesa localizedfrequencydescrip-

tion.

A classof self-similar functions, referredto asGabor waveletsin the following discus-

sion, is now considered.Let g(x; y) be the mother Gabor wavelet, then this self-similar

�lter dictionary canbe obtained by appropriate dilation and rotations of g(x; y) through

the generatingfunction:

gmn (x; y) = a� mg(x0; y0); (4.14)

wherea > 1, m,n = integer and

x0 = a� m (x cos� + y sin� ); and y0 = a� m (� x sin� + y cos� );

� = n� =K and K is the total number of orientations. The scalefactor a� m in 4.14 is

meant to ensurethat the energyis independent of m.

4.2.2 Gab or Filter Dictionary Design

The nonorthogonality of the Gabor waveletsimplies that there is redundant informa-

tion in the �ltered images,and the following strategy is usedto reducethis redundancy.

Let Ul and Uh denote the lower and upper center frequenciesof interest. Let K be the

number of orientations and S be the number of scalesin the multi-resolution decomposi-

tion. Then the designstrategy is to ensurethat the half-peak magnitude support of the
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�lter responsein the frequencyspectrum touch each other. This results in the following

formulas for computing the �lter parameters� u and � v (and thus � x and � y).

a = (Uh=Ul )
1

S � 1 ; � u =
(a � 1)Uh

(a + 1)
p

2ln 2
;

� v = tan
� �

2k

� �
Uh � 2 ln

�
� 2

u

Uh

� � �
2 ln 2 �

(2 ln 2)2� 2
u

U2
h

� � 1
2

; (4.15)

where W = Uh and m = 0; 1; : : : ; S � 1. In order to eliminate sensitivity of the �lter

responseto absoluteintensity values,the real (even) components of the 2D Gabor �lters

are biasedby adding a constant to make them zeromean(This can be doneby setting

G(0; 0) in Eq. 4.13to zero).

4.2.3 Feature Represen tation

Given an imageI (x; y), its Gabor wavelet transform is then de�ned to be

Wmn (x; y) =
Z

I (x1; y1)g�
mn (x � x1; y � y1) dx1 dx2 (4.16)

where � indicates the complex conjugate. It is assumedthat the local texture regions

are spatially homogeneous,and the mean � mn and the standard deviation � mn of the

magnitudeof the transform coe�cien ts are usedto represent the region for classi�cation

and retrieval purposes:

� mn =
Z Z

jWmn (xy)j dx dy; and � mn =

s Z Z
(jWmn (x; y)j � � mn )2 dx dy: (4.17)

A feature vector is now constructed using � mn and � mn as feature components. In the

experiments, four scalesS = 5 and six orientations K = 6, resulting in a feature vector

f = [� 00 � 00 � 01 � 01 : : : � 30 � 30]T :
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Distance Measure

Consider two image patterns i and j , and let f (i ) and f (j ) represent the corresponding

feature vectors. Then the distance between the two patterns in the feature spaceis

de�ned to be

d(i; j ) =
X

m

X

n

 �
�
�
�
�
� (i )

mn � � (j )
mn

� (� mn )

�
�
�
�
�
+

�
�
�
�
�
� (i )

mn � � (j )
mn

� (� mn )

�
�
�
�
�

!

; (4.18)

where � (� mn ) and � (� mn ) are the standard deviations of the respective features over

the entire database,and are usedto normalize the individual feature components. The

distancemeasureis called weighted-mean-variance(WMV).

4.3 MRSAR Feature

Gabor featuresaregood for structured textures. As for randomtextureswhich appear

in natural imagesmoreoften, we usethe MRSAR model given in [33]. It is shown in [29]

that MRSAR featuresare good for capturing the characteristicsof random textures.

The MRSAR model is a second-ordernoncausalmodel described by �v e parameters

at each resolution level. A symmetric MRSAR to applied to the L � component of the

L � u� v� imagedata. The pixel value L � (x) at a certain location x is assumedto linearly

depend on the neighboring pixel values L � (y) and a zero-meanadditive independent

Gaussiannoiseterm � (x)

L � (x) = � +
X

y 2 �

� (y)L � (y) + � (x) : (4.19)

In equation 4.19, � is the bias dependent on the mean value of L � , � is the set of
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neighbors of pixel at location x, and � (y) with y 2 � are the model parameters. The

set of neighbors are de�ned for a window sizeof 5 � 5, 7 � 7 and 9 � 9. In [29, 42], it

is shown that the MRSAR featurescomputedwith thesewindow sizesprovide the best

overall retrieval performanceover the entire Brodatz database.

The model is symmetric, i.e., � (y) = � (� y). Hencefor a given neighborhood, four

parametersrepresenting 4 are estimatedthrough least squares.Thus, the model param-

eters and the estimation error de�ne a 5-dimensionalfeature vector. The procedureis

repeated for the three chosenwindow sizesand the vectorsare concatenatedto form a

15-dimensionalmulti-resolution feature vector.

To extract the MRSAR featuregivenan image,a 21� 21overlappingwindow is moved

over the image at stepsof two pixels in both the horizontal and vertical directions. In

each window, a multi-resolution feature vector is obtained. The meanvector t and the

covariancematrix S over all windowsinsidea givenimageregionarethe MRSAR features

associated with that imageregion.

The texture dissimilarity is then measuredby the distancebetweentwo multiv ariate

distributions with known meanvectorsand covariancematrices. Given two imagepat-

terns i and j , Mahalanobisdistancebetweenthe MRSAR feature vectors t i and t j are

usedto expressthis dissimilarity:

d(i; j ) =
q

(t i � t j )T S� 1
j (t i � t j ); (4.20)

whereSj represents the covariancematrix of t j .
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4.4. EDGE DIRECTION AND MA GNITUDE HISTOGRAM

Figure 4.9: Sobel operators and the corresponding gradient directions.

4.4 Edge Direction and Magnitude Histogram

Normalizededgedirection and magnitudehistogramsasgiven in [6, 49] areextracted

from the images. First, the image region is transformed to the HSI (hue, saturation,

intensity) space[18] soasto handleof the color information in a perceptuallymeaningful

way. Each channelof the HSI representation is convolved with the eight Sobel operators

shown in �gure 4.9 [6] in order to determinethe edgesand their directions in the image

region. For each pixel, the largest magnitude of the responsesof the Sobel operators is

usedas the magnitude of the gradient and the quantized direction of the corresponding

operator is the direction of the gradient.

The gradients at all pixels are thresholdedto binary valuesby an appropriate thresh-

old value for each channel. Finally the edgehistogram is computedby summingup the

edgepixels in each direction with corresponding quantized magnitude. The magnitude
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4.4. EDGE DIRECTION AND MA GNITUDE HISTOGRAM

is quantized to 8 levels, thus forming an 8 � 8 edgehistogram. For edgehistograms,the

Euclideandistancede�ned in Eq. 4.5 is usedas the dissimilarity measure[6, 49].
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Chapter 5

Evaluation of the Probabilistic

Lab eling Algorithms

Extensive tests were performed to evaluate the following aspects of the semantic

labeling method:

� Is the con�dencevalueestimatedby the method a reliable measureof classi�cation

accuracy?

� Can the method improvethe con�dencevalueby combining the mostsalient feature

types?

� How accurateis the labeling method comparedto the traditional approach?
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Figure 5.1: Sampleimagesof the semantic classesused in the tests.
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5.1 Test Setup

A wide variety of 30 semantic classes(Fig. 5.1) were randomly identi�ed by browsing

the imagesin the Corel 50,000photo collection. For each class,250 imageblocks of size

64� 64 pixels werecropped from the images.Out of the 250blocks, 200were randomly

selectedfor semantic classlearning and the remaining 50 for region classi�cation test.

In total, 6,000blocks wereusedfor training and 1500blocks for testing.

5.2 Feature-Based Region Clustering

Di�eren t nominal cluster separationvaluesa�ect the clustering results. In the clus-

tering stage for learning, two di�eren t nominal cluster separation values were used in

region clustering, st = 1:5r t and st = 2:0r t . Adjustment of r t to r 0
t is required when

the number of unclustereddata samplesduring learning is more than 10% of the total

training data.

Table 5.1 shows the number of clusters generatedand r 0
t , the adjusted r t (refer to

Chapter 3 for detail). There are more color clusters than other clusters becausethere

are more color variations than texture and edgevariations in the images. Adjustment

of r t to r 0
t is neededfor color clustersonly asmore than 600training data samples(10%

of the training data) were unclusteredbefore the adjustment. When s = 1:5 r t , more

clusterswere createdand longer computing time was needed.For both nominal cluster

separations,color clustering took the much longer time to run than cluster of other

feature typesbecauseof the needto perform meanhistogramscompression.
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5.2. FEA TURE-BASED REGION CLUSTERING

Clusteringperformancewasalsomeasuredby the maximum con�denceQM (	( � ; �; n))

of a cluster or cluster combination 	( � ; �; n), where

QM (	( � ; �; n)) = M ax
i

P(Ci j	( � ; �; n)) ; f or n = 1; 2:

Figure 5.2show a plot of the averageQM for clustersof singlefeaturetypeand clustersof

combinations of two featuretypes. In general,whens = 1:5 r t , moreclustershave higher

maximum con�dencevalues,especially for combinations of two feature types. Though it

takesmuch longer to do the clustering as there are more clusters,s = 1:5 r t should still

be usedas time is not a critical issuein the learning stage.
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Figure 5.2: Maximum cluster con�dence. The maximum con�dence is averaged over single

clusters (S) and dual-cluster combinations (D ) for nominal cluster separation s = 1:5 r t and

st = 2:0 r t .
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5.2. FEA TURE-BASED REGION CLUSTERING

Table 5.1: Information of Feature-Based Region Clustering with st = 1:5 r t and 2:0 r t .

Color Gabor MRSAR Edge

num. of clusters 137 31 37 28

num. of unclustereddata 1171 85 166 261

avg. increaseof r t (%) 24.85 N.A. N.A. N.A.

comp. time for clustering (second) 20144.28 164.50 182.70 910.40

(a) st = 1:5 r t

Color Gabor MRSAR Edge

num. of clusters 68 18 15 23

num. of unclustereddata 1678 293 465 482

avg. increaseof r t (%) 33.33 N.A. N.A. N.A.

comp. time for clustering (second) 16320.15 139.60 153.67 770.60

(b) st = 2:0 r t
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5.3 Salien t Features

Salient featuresare featuresthat are highly correlated with a semantic class. Dur-

ing semantic class learning, cluster combinations with high probability of associating

with various semantic classesare identi�ed. The feature valuesof the cluster centroids

constitute the salient featuresof the classes.

Table 5.2 tabulates the con�dence measuresof a semantic classCi averagedover all

samplesthat belongto Ci , i.e.,

Qi (	( � ; n)) =
1

jCi j

X

�

jCi \ 	( � ; �; n)j P(Ci j 	( � ; �; n)) : (5.1)

The averagecon�dence givesan overall assessment of how strongly a feature type cor-

relates with a semantic class. With a single feature, almost all semantic classeshave

very low con�dence values. This con�rms the expected results that single featuresare

not enoughto identify the semantic classesof imageregions. An interesting surprise is

that MRSAR, Gabor and edgehistograms are highly correlated with clear sky. This

is due to the fact that clear sky regionshave almost no texture and no edgewhereas

all other image regionshave sometextures and edges.Therefore, the learning method

can associate not only the presence but also the absence of featuresto semantic classes.

Whatever the casemay be, the learning method always choosesthe onewith the highest

con�dence.

Table 5.2 alsoshows that using a combination of only two feature typescan already

improve the mean con�dence valuesof all the semantic classessigni�cantly. The mean

con�dence value of all classesare above 0:5, and the overall averageis 0:7. Increasing
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5.3. SALIENT FEA TURES

Table 5.2: Salient features. Columns 2{5 give the averagecon�dence measures of the semantic
classesusing single features (Color (C), MRSAR (M ), Gabor (G) and Edge (E)) . Numbers
in bold are the highest average con�dence among the four feature types. Column 6 lists the
salient feature pairs (S.F.) and column 7 lists the corresponding improved average con�dence
(Conf.) using salient feature pairs.

S/No. Class C M G E S.F. Conf.
1 grass 0.229 0.096 0.058 0.081 color, Gabor 0.746
2 foliage 0.321 0.085 0.123 0.132 color, MRSAR 0.801
3 
o wer 0.191 0.097 0.098 0.156 color, edge 0.796
4 cloud 0.285 0.339 0.365 0.381 color, Gabor 0.741
5 clear sky 0.452 0.737 0.758 0.847 color, Gabor 0.860
6 rock 0.082 0.082 0.048 0.050 color, MRSAR 0.755
7 mountain 0.098 0.039 0.038 0.120 color, edge 0.697
8 sand 0.109 0.144 0.041 0.054 color, MRSAR 0.724
9 calm water 0.139 0.042 0.039 0.087 color, MRSAR 0.708
10 choppy sea 0.159 0.043 0.042 0.062 color, MRSAR 0.733
11 fur 0.082 0.132 0.034 0.048 color, MRSAR 0.740
12 face 0.229 0.099 0.115 0.101 color, edge 0.755
13 pebbles 0.094 0.108 0.141 0.055 MRSAR, edge 0.697
14 snow 0.202 0.053 0.045 0.078 color, MRSAR 0.442
15 roof tiles 0.094 0.078 0.252 0.079 color, Gabor 0.786
16 paved road 0.116 0.050 0.045 0.095 color, edge 0.715
17 unpaved road 0.095 0.059 0.046 0.066 color, edge 0.698
18 brick wall 0.088 0.059 0.239 0.181 color, Gabor 0.635
19 tree trunks 0.090 0.052 0.051 0.157 color, edge 0.736
20 wooden surface 0.155 0.102 0.046 0.103 color, MRSAR 0.768
21 window 0.077 0.052 0.048 0.197 color, edge 0.742
22 fence 0.089 0.054 0.046 0.166 color, edge 0.750
23 �re 0.141 0.090 0.076 0.068 color, MRSAR 0.768
24 �rew ork 0.131 0.047 0.048 0.120 color, MRSAR 0.785
25 grass�eld 0.236 0.035 0.028 0.069 color, MRSAR 0.704
26 building 0.079 0.055 0.047 0.154 color, edge 0.765
27 house 0.072 0.051 0.042 0.116 color, edge 0.755
28 dirt ground 0.150 0.054 0.051 0.081 color, MRSAR 0.658
29 scale 0.141 0.104 0.152 0.057 color, Gabor 0.756
30 pillars 0.143 0.072 0.087 0.121 color, edge 0.697
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5.4. LABELING PERF ORMANCE

the number of feature typesto 3 or 4 doesnot producehigher con�dencevalues. For our

data set of 30 semantic classes,combinations of two feature typesare enough.

It is interesting to seethat a salient pair of featuresmay not be individually salient.

For example,for the grassimages,the Gabor feature is lesssalient than MRSAR. Nev-

ertheless,the combination of color and Gabor is the most salient pair for grass.Another

interesting example is the classof pebbles. For this class,MRSAR and edgefeatures

constitute the salient pair, but individually both featuresare lesssalient than Gabor.

Color is not found to be a salient feature becausethe pebble imagesin the training set

contain large variation of colors.

The above results are consistent with thoseof Szummerand Picard's for indoor vs.

outdoor classi�cation of images [52]. They observed that a pair of features is more

accurate for image classi�cation than a single feature. Moreover, combining two weak

featuresconsistently producedmore accurateclassi�cation than a singlegood feature.

5.4 Lab eling Performance

In Sections5.2 and 5.3, we have analyzedthe results of learning stageand discussed

the �ndings in the learning stage. In this section,we will evaluating the labeling perfor-

manceof testing samples.
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5.4.1 Con�dence and Classi�cation Accuracy

To test whether the con�dence measureestimated by the method correlate with

classi�cation accuracy, a regionclassi�cation test wasperformedon 1; 500testing image

regions,50 per semantic class. The region classi�cation method described in Chapter

3 was executedat various threshold values. Figure 5.3 plots the classi�cation accuracy

vs. the maximum con�dence of a region Ri , i.e., QM (Rj ) = M ax
i

Qi (Rj ). To compute

the classi�cation accuracy, a recursive algorithm was applied to group the samplesinto

groups containing sampleswith similar QM (Rj ).Test results in Figure 5.3 shows that

above con�dence value of 0:75, the accuracy is above 0:9. Figure 5.4 plots the data

distribution at variouscon�dencelevels,about 77%of data have con�dencevaluesabove

0:75. 0:75 was chosenas the threshold for classi�cation.
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Figure 5.3: Region classi�cation accuracy at various con�dence levels.
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Figure 5.4: Data distribution at various con�dence levels.

Regionslabeled with semantic classeshaving low con�dence valuesare ambiguous.

In applicationswhereimagestructures are usedfor imagematching, such as[34, 37, 41],

image structures provide additional information that can be used for disambiguation.

So, regionslabeled with \unknown class" should be regardedas ambiguousand should

not be classi�ed prematurely by the semantic labeling algorithm. If these regionsare

rejectedand not classi�ed due to low con�dence in classi�cation, then the classi�cation

accuracy of the remaining regions improves signi�cantly from 0:70 to 0:91 (Fig. 5.5).

The amount of rejection for the threshold value of 0:75 is 23%. The confusionmatrix in

Figure 5.7(a) further con�rms the improved classi�cation accuracy. From the above test

results, we can concludethat the con�dence valuesestimated by the semantic labeling

algorithm are very reliable: a con�dence value greater or equal to 0:75 translates to a
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Figure 5.5: Region classi�cation accuracy at con�dence of 0:75 (solid lines: with rejection,

dotted lines: without rejection, horizontal lines: mean accuracy

meanclassi�cation accuracyof 91%or higher. For regionswith low con�dence,multiple

labels are assignedto them together with the corresponding con�dence values. These

information aremuch morevaluablethan singleclasslabelsfor higher-level modulessuch

as imageretrieval and imageclassi�cation. Thosemodulescan regard regionswith high

con�denceto becorrectly classi�ed into the respectivesemantic classesindicated by their

labels. On the other hand, the multiple labels and con�dence measuresof regionswith

low con�dencecanallow the modulesto disambiguate betweenvariouspossibilitiesusing

imagestructures,e.g.,by applying fuzzyconceptualgraphmatching [34, 37] or attributed

relational graphmatching [41]. This kind of disambiguation would be impossiblewithout

the multiple labels and con�dence measures.
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5.4.2 Performance Comparison with Supp ort Vector Mac hine

To comparethe performanceof our labeling method with traditional approach, sup-

port vector machine (SVM) was usedfor the region classi�cation problem.

SVM Training

The SVM wasdownloadedfrom the websiteof SvmFu3.0(http://five- percent- nation.

mit.edu/SvmFu/index.html ). Gaussiankernel was chosenand SVM was trained with

di�eren t Gaussianstandard deviation � 's. The input feature vector to SVM is the con-

catenatedfeaturevectorof �xed-binning histogram(Chapter 4), Gabor features,MRSAR

featuresand edgehistogram. The input feature vector has274dimensions,165for color

histogram, 30 for Gabor feature (without standard deviation), 15 for MRSAR feature

and 64 for edgehistogram. The reasonfor not using adaptive color histogramsis that

SVM requiresinput data with a �xed number of dimensions[9, 12].

For a successfulSVM training, normalization of the input data is necessaryas they

are of di�eren t scales.It is di�cult to perform the normalization acrossdi�eren t feature

types. In the test, principal component analysis (PCA) was used to determine the

normalization factor. The data werenormalizedso that the largest eigenvaluesfor each

featuretypearethe same.This normalization avoidedaccidental biasingof SVM training

towards feature typeswith large feature values.

It is a usual practice to apply PCA to reducethe dimensionality of the input feature

vectors. However, we found that SVM failed to �nd satisfactory decision planes for
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Table 5.3: SVM training with input data of reduced dimensionality. The criterion of reducing

dimensionality is to choose the eigenvectors that account for a certain percentageof the total

eigenvalues.

% of Eigenvalue kept Num. of ClassesSeparated

90% 12

95% 18

98% 20

100% 30

the dimensionality-reducedtraining data (Table 5.3). The failure can be attributed to

incorrect elimination of important dimensionsby PCA, which makesthe data inseparable

in the spaceof reduceddimensionality.

SVM Testing

In the training for SVM, di�eren t standarddeviation � valueswereusedfor the Gaussian

kernel. To selectthe best � for the labeling task, we started with 1=4� max where� max is

the biggesteigenvalue. The same1500regionsdescribed in Section5.1 wereusedfor the

testing. Figure 5.4.2showsthat di�eren t sigmavaluescangreatly a�ect the classi�cation

accuracy. At � = 17:5 for performancecomparisonas it gave the highest classi�cation

accuracyof 61:6%.

70



5.4.2 Performance Comparison with Supp ort Vector Mac hine

4.0
 6.0
 8.0
 10.0
 12.0
 14.0
 16.0
 18.0
 20.0

20.00


25.00


30.00


35.00


40.00


45.00


50.00


55.00


60.00


65.00


Classification Accuracy (%)


Sigma for the Gaussian Kernel


Figure 5.6: Classi�cation accuracy vs. di�er ent sigma (� ) values.

Performance Comparison

For probabilistic labeling method without rejection of low con�dencesamples,a clas-

si�cation accuracyof 70% was achieved (Table 5.4). With rejection, the accuracy in-

creasedto 90%. The usual SVM implementation doesnot perform rejection, and is has

the lowestclassi�cation accuracyof 61:6%. In principle, it is possibleto include rejection

for SVM, but this would require the SVM to measuresomeform of con�dence.

Figure 5.7 shows the comparisonof classi�cation accuracyin the form of confusion

matrix. In the confusionmatrix for SVM (Fig. 5.7(a)), there are a few points that are

not on the diagonal line, which meanssomedata are classi�ed into the wrong class. In

the confusionmatrix for the probabilistic labeling method (with rejection), almostall the
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Table 5.4: Classi�cation Accuracy Comparison (SVM vs. probabilistic labeling).

Probabilistic Labeling

SVM Labeling
with rejection without rejection

61.6% 70% 91%

points are alongthe diagonalline, which meansthat almost all the data canbe classi�ed

correctly.

For probabilistic labeling method, di�eren t salient feature typesareusedfor di�eren t

semantic classes.This result has also beencon�rmed in [55]. However, for SVM label-

ing method, all four feature types are usedand are assumedto be equally important.

Assigningweights to di�eren t feature typesis not a practical solution becausedi�eren t

weights will be required to classifythe samplesinto di�eren t classes.
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Figure 5.7: Confusion matrix of region classi�cation. (a) Probabilistic labeling system with

rejection, (b) SVM without rejection.
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Chapter 6

Conclusion and Future Work

This chapter discussesthe contributions of the existing work and presents suggestions

for possiblefurther development and application of the current work.

6.1 Conclusion

This thesispresented a probabilistic approach for semantic labeling of imageregions

which opensreal possibilities for higher level imagecategorizationand retrieval.

In Chapter 1, we presented the realization processof this approach in a system

overview(Figure 1.1). Wenow gothrough this processstepby stepagainand summarize

our contribution in each step:

Feature Extraction

In Chapter 4 we described various featuresused in the systems. We focusedon

adaptive color histogramsespecially. For color, we usedCIELAB space,which was
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6.1. CONCLUSION

designedso that distancesbetweensinglecolorsconform to perceptual similarit y.

We presented a dissimilarity measurecalled weighted correlation for comparing

two adaptive color histograms. We provided an extensive comparisonof various

dissimilarity measurethat areusedfor comparingcolorhistograms. It is shown that

adaptive color histogramsand weighted correlation achievesthe best performance

in general.

Feature-Based Region Clustering

An adaptive k-meansclustering algorithm is usedfor feature-basedregion cluster-

ing. For clusteringof adaptive color histograms,the algorithm useda well-founded

de�nition of meanhistogram [27] for the calculation of cluster centroid.

Probabilit y Estimation

A probability estimation algorithm is implemented to combine multiple featuresto-

getherinsteadof combining them linearly. Through this approach, salient features,

features that have high correlation with a semantic class,are selectedautomati-

cally. In our experiment, we found that not all feature types,but only a subsetof

all featuretypesaresalient features. Only salient featuresareusedfor probabilistic

labeling.

Probabilistic Lab els

In the probabilistic labeling, an image region is associated with a set of labels

with corresponding con�dence values. It is found in our classi�cation tests that

the con�dence valueshave a high correlation with the classi�cation accuracy. In
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particular, it is found that regions with con�dence value of greater or equal to

0:65 can be classi�ed into the correct semantic classeswith an averageaccuracy

of 90%. For regions with lower con�dence values, the multiple semantic labels

and the corresponding con�dence values allow a higher-level algorithm, such as

fuzzy conceptual graph matching and attributed relational graph matching, to

disambiguate them using information about image structures. In summary, the

semantic labeling method is expectedto contributes signi�cantly to bridge up the

gap between low-level featuresand high-level semantics for image categorization

and retrieval.

6.2 Future Work

The weighted correlation can be applied to other modalities besidescolor as long as

a ground distance can be de�ned in the appropriate feature space. Examples include

texture (Somework has beendone in [28]), shape, compositions of objects, eigenimage

similarit y, etc. A large ensemble of features from di�eren t modalities can improve the

overall performanceof imagecategorizationand retrieval.

The fuzzy labeling system is a framework for general labeling problem. It can be

applied for specializedproblem like facedetection, 3-D object labeling, by using special

featuresother than color, texture and edge.

For two regionswith low con�dence values but similar distribution, an interesting

questionto ask is \what can we say about them? " Can we say they are similar because
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they have similar con�dence value distribution? Or we cannot concludeanything since

the con�dence valuesare low? This is an interesting problem for future research.
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