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3. A New Hierarchical Approach
for Image Clustering

Lei Wang and Latifur Khan

Summary. The key problem in achieving efficient and user-friendly retrieval in the domain
of image is the development of a search mechanism to guarantee delivery of minimal irrelevant
information (high precision) while ensuring that relevant information is not overlooked (high
recall). The unstructured format of images tends to resist the deployment of standard search
mechanism and classification techniques. As a method to provide better organization of images,
clustering is an important aspect for effective image retrieval. In this chapter, we introduce a
clustering method based on unsupervised neural nets and self-organizing maps. In dynamic
growing self-organizing tree algorithm (DGSOT), a hierarchy is constructed from top to bottom.
We observe that DGSOT outperforms the traditional Hierarchical Agglomerative Clustering
(HAC) algorithm in terms of E-measure.

3.1 Introduction

The development of technology in the field of digital media generates huge amounts
of nontextual information, such as audio, video, and images, as well as more familiar
textual information. The potential for the exchange and retrieval of information is
vast, and at times daunting. In general, users can be easily overwhelmed by the
amount of information available via electronic means. The need for user-customized
information selection is clear. The transfer of irrelevant information in the form of
documents (e.g., text, audio, and video) retrieved by an information retrieval system
which are of no use to the user wastes network bandwidth and frustrates users. This
condition is a result of inaccurate representations of the documents in the database, as
well as confusion and imprecision in user queries, since users are frequently unable to
express their needs efficiently and accurately. These factors contribute to the loss of
information and to the provision of irrelevant information. Therefore, the key problem
to be addressed in information selection in the domain of image is the development
of a search mechanism that will guarantee the delivery of a minimum of irrelevant
information (high precision), as well as ensuring that relevant information is not
overlooked (high recall).

The unstructured format of images tends to resist the deployment of standard
search mechanism and classification techniques. As a method to provide better
organization of images, clustering is important for effective image retrieval. A good
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image database system should provide users different kind of access modes that
include searching, browsing, and navigating. The database should be organized prop-
erly to support all these modes of access. Indexing techniques can support searching.
Browsing is supported by abstraction techniques that summarize images in a good
manner. Image navigation need to use methods that group related images together.
Obviously, a good clustering method is highly required for all these. The ability of
the system to retrieve relevant documents based on search criteria could be greatly
increased if they were able to provide an accurate clustering method.

Most of information retrieval methods are based on features [15, 38]. These fea-
tures can be key words or phrases in a text-based information retrieval system. And,
the counterparts for images are color, texture and shape etc. As compared to text-based
information retrieval, image has opaque relationship with computes and feature ex-
traction is more difficult. Images consist of various objects, each of which may be
used to effectively classify the image [6, 7, 22]. Dynamic growing self-organizing
tree (DGSOT) [21, 22] discussed in this chapter constructs a hierarchy using a self-
organizing tree that constructs a hierarchy from top to bottom. Similarity of images
is based on similarity of objects that appear in images. In addition, object similarity
takes into account three image features: color, shape, and texture. The idea here is
that features will reflect the content of images in some degree. Different features
will reflect different aspects of images. After detecting objects in images, we ex-
tract color, shape, and texture information and express those using vectors. Then
considering these three features, we calculate the similarity between objects apply-
ing vector space model. Before image clustering, we cluster objects according to
similarities between objects and assign a weight for each object cluster. Next, we
construct a vector for each image on the basis of weights of object clusters and
calculate similarities between images using vector space model. Finally, on the ba-
sis of image similarities, we cluster images and build hierarchy, using clustering
algorithms.

We have observed that our DGSOT outperforms hierarchical agglomerative clus-
tering in terms of precision, recall, and E-measure. The main contributions of this
work will be as follows.

We propose a new mechanism that can be used to generate hierarchy automatically,
and to make our approach scalable. For this, we propose various clustering algorithms
for the construction of top to bottom hierarchies based on unsupervised learning and
a self-organizing map. In this regard, a new DGSOT algorithm is presented. We
demonstrate that DGSOT outperforms most widely used agglomerative hierarchical
clustering algorithms in terms of precision, recall, and E-measure.

Section 3.2 discusses related works. Section 3.3 presents our approach in detail.
Section 3.4 presents result. Section 3.5 contains our conclusion and possible areas of
future work.

3.2 Related Works

Several systems exist today that attempt to classify images based on their content.
Successful classification of an image and its contents relates directly to how well
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relevant images may be retrieved when a search is preformed. Most image storing
systems such as QBIC and VisualSEEK limit classification mechanism to describing
an image based on metadata such as color histograms, texture, or shape features [3, 12,
13, 30, 31, 34, 36, 37]. These systems have high success in performing searches in
which the users specify images containing a sample object, or a sample texture pattern.
Should a user ask for an image depicting a basketball game, the results become less
accurate. This is due to the fact that although an image may contain a basketball, it
does not depict a basketball game. Systems that contain only metadata regarding the
objects contained in an image cannot provide an accurate classification of the entire
image.

In our system, we have a hierarchy where similar images are grouped together.
This similarity is based not only on features directly but also on all features along
with finer granularity (individual object) rather than coarser grain (i.e., entire image).
For example, a football game image may contain green field, goalposts, and football
objects. An image containing only a football would be classified as a football game
based on color similarity analysis. On the other hand, shape or texture similarity may
also misclassify image. On the basis of purely shape similarity, we may identify a
basketball as a football. Therefore, neither color-based nor shape-based similarity is
adequate to classify images. We need to combine these two similarities together to
understand semantic meaning of images. Therefore, to classify images effectively,
we need a hierarchy where images based on color, shape, and texture features are
grouped together.

Other systems attempt to provide images with more precise descriptions by ana-
lyzing other elements surrounding images, such as captions [33, 35], or HTML tags
on Web pages [14]. These systems use this information to assist image classification
and generate meaningful description for images. This approach, tied together with
metadata on images such as histograms, texture, and color sampling, has the potential
to yield high-precision results in image classification. Examining the textual descrip-
tions associated with an image provides additional information that may be used to
classify the image more accurately [24, 45]. Unfortunately, this approach does not
take into account the connections among individual objects presented in a sample im-
age. Such connections provide useful information in the form of relationships among
objects presented in the image, which could be used to classify the image’s content.

3.3 Hierarchy Construction and Similarity Measurement

An efficient clustering method is desired for images. In this section we present our
approach in detail.

First of all, we segment all input images into objects (see [44] for more details)
and calculate similarities between each two objects on the basis of color, texture and
shape features. Second, we cluster similar objects into various groups based on object
similarity (see Section 3.3.1 for more details). On the basis of object groups, we deduct
weight by calculating term frequency and inverse document frequency (see Section
3.3.2 for more details). Third, we construct a vector for each image and calculate
similarities between each two images, using vector model. Image vectors are decided
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Fig. 3.1. Major steps of our approach.

by the objects contained in each image, and the vector length will be the number
of object groups (see Section 3.3.2 also). Finally, use some clustering algorithm to
cluster images based on image similarity. For this, several existing techniques are
available such as hierarchical agglomerative clustering algorithm (HAC) [10, 32,
42], self-organizing map (SOM) [17, 19, 23], and self-organizing tree (SOTA) [1,
11]. In this chapter, we use our algorithm named dynamic growing self-organizing
tree (DGSOT) (see Section 3.3.3). Note that object similarity is determined by the
combination of color similarity, texture similarity and shape similarity. The major
steps are shown in flow chart in Figure 3.1.

Basically, image segmentat process has three steps [44]. First, we need to extract
color edges from areas of different color. Second, on the basis of the color edges
we discovered in step one, we divide the image into several subregions by using
region-growing techniques. In the final step, adjacent regions having similar colors
are merged together. Here we recognize the object boundary, and later we will try to
group similar objects together. Since we avoid object identification or classification
by exploiting clustering (i.e., unsupervised), we firmly believe we will get better result
(see Section 3.4).

3.3.1 Object Clustering

After segmenting images into objects, some of objects have semantic meanings and
some do not have. Let us assume that we have N images in database. After segmen-
tation, we have total M detected objects, and then we cluster these M objects into
t different groups C1, C2, . . . Ct according to similarities between objects. Basically,
if visual features of objects such as color, shape, or texture are similar, it would be
very possible that the objects have similar semantic meanings. Hence, we calculate
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object similarities, using color, shape, and texture features. Consequently, these object
similarities exhibit semantic similarities between objects. So, before knowing object
similarity, we need to calculate color, shape, and texture similarity first.

3.3.1.1 Color Similarity Measure

Color similarity measurement is important in computer vision research. Many meth-
ods have been proposed [9, 29, 39, 43]. To compute color similarity, we extract
color information from object i pixel by pixel and construct a color vector Vi(v1,i ,
v2,i , . . . vp,i , . . . vk,i ) to express the color histogram. Each item in this vector represents
the percentage of pixels whose hue value locates in specific interval. For example,
vp,i is the percentage of pixels whose hue values are between 2∗π∗ p/k and 2∗π∗

(p + 1)/k in object i , because the range of hue value in HSI color space is from 0 to
2∗π . For each object, there is a unique V , so we could evaluate the degree of color
similarity between object i and object j . That is,

simc(i, j) =
�ic • �jc∣∣∣�ic

∣∣∣ ×
∣∣∣ �jc

∣∣∣ =
∑k

p=1 vp,i × vp, j√∑k
p=1 v2

p,i ×
√∑k

p=1 v2
p, j

(3.1)

The value of k affects the accuracy of color similarity. Along with increasing of k,
accuracy will increase also. In our case, we choose k = 12.

3.3.1.2 Shape Similarity Measure

The computation of shape similarity is a little bit more complicated [4, 26, 41]. To
support similarity queries, Lu and Sajjanhar [27] introduced fixed resolution (FR)
representation method. We accept the idea of this method basically, but made some
changes during implementation. First, we need to find major axis for each object
that is the longest line joining two points on the boundary. Rotate an angle θ around
mass centroid of an object to make its major axis to be parallel to x-axis and keep
the centroid above the major axis. The reason to do that is to normalize the object to
make it invariant to rotation [8]. The coordinates of the centroid are as below. σ (x, y)
is surface density function.

x =
∫∫

xσ (x, y)d A

M
y =

∫∫
yσ (x, y)d A

M
(3.2)

After doing normalization, we create a q * q grid, which is just big enough to
cover the entire object, and overlaid on the object. The size of each cell is same. Define
a shape vector Ui (u1,i , u2,i , . . . u p,i , . . . uq2,i ) sized q2 which corresponds to q2 cells.
Each item in the vector stands for the percentage of pixels in corresponding cell. The
higher the q value is, the higher the accuracy. Of course, raise the calculation cost as
result. If images are simple, it is not necessary to choose a high q. In our case, q is
4, which is good enough for small simple images. We could calculate the degree of
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shape similarity between two shape vectors. Formula is similar to Equation (3.1).

sims(i, j) =
�is • �js∣∣∣�is

∣∣∣ ×
∣∣∣ �js

∣∣∣ =
∑q2

p=1
u p,i × u p, j√∑q2

p=1
u2

p,i ×
√∑q2

p=1
u2

p, j

(3.3)

3.3.1.3 Texture Similarity Measure

The texture retrieval is harder than color and shape, because there is no clear definition
of “texture.” The texture of an image region is decided by gray level distribution.
Basically, there are three kinds of approaches to extract texture features: spectral
approach, structural (or syntactic) approach, and statistical approach. For statistical
approach, according to the order of the utilized statistical function, we have two
categories of descriptors: First-Order Texture Features and Second-Order Texture
Features [16]. The difference is that the first-order statistics do not provide information
about the relative positions of different gray levels. In our method, intensity value in a
region is homogeneous, so the positions of different gray levels are not very important
here. To reduce calculation complexity, we choose to use first-order texture features
to generate texture feature vector.

We define I be the variable representing the gray level of regions, P(I) be the
fraction of pixels with gray level I , and Ng be the number of possible gray levels.

So, the moments are

mi = E
[
I i

] =
Ng−1∑
I=0

I i P(I ) i = 1, 2, . . . (3.4)

Central moments are

μi = E[(I − E[I ])i ] =
Ng−1∑
I=0

(I − m1)i P(I ) (3.5)

For any given I , we can have most frequently used central moments μ2, μ3, μ4.
Generate texture vector using central moments. Similarity between two texture vectors
is still similar to Equation (3.1).

3.3.1.4 Combined Similarity

Finally, using linear similarity combination, we can simply assign 1/3 for the weights
of all three features here. We could change weights to adjust object-clustering result.
We define a threshold Tobj. If and only if the similarity between two objects is larger
than Tobj, the two objects can be in same group. The object similarity between each
pair of objects in same group must be higher than Tobj. It is possible that one object
appears in more than one group.

In addition to the above method, we plan to try another method for objects clus-
tering, using Dempster–Shafer evidence combination. In that case, we will consider
three sources of evidence: color, shape, and texture. Obviously, all these evidences
are independent from each other. Assume that we have n object clusters (C1, C2, . . .
Cn) currently, and each cluster has an eigen-object (obj1, obj2, . . . objn). For an input
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object, calculate the orthogonal sum of three belief functions (mC,S,T) using Demp-
ster combination formula for each cluster. Finally, the cluster having highest mC,S,T

will own the new object. We define another threshold Tb. If the mC,S,T for all existed
clusters are less than Tb, we need to create a new object cluster.

3.3.2 Vector Model for Images

Image clustering is based on image similarity. To calculate image similarity, we
construct an image vector Wl(w1,l , w2,l . . . wi,l , . . . wt,l) rather than compare images
directly. The size of vector W is same as the total number of object clusters. Each
item in the image vector is the weight for corresponding object cluster in the image
l. For example, wi,l is the weight of object cluster Ci in the image l.

To get image vector, we borrow the idea of the vector model for text information
[2]. Images correspond to documents and object clusters correspond to terms. Let N
be the total number of images and ni be the number of images in which the objects
in cluster Ci ever appears. Define the normalized frequency fi, j as below.

fi,l = freqi,l

maxh freqh,l
(3.6)

freqi,l is the number of times the cluster Ci appears in the image l. The maximum
is calculated over all clusters which ever appeared in the image l. Such frequency is
normally referred to as the tf factor, which indicates how well the cluster i describes
the image l. But if the objects from one cluster appear in most of images, the cluster
is not very useful for distinguishing a relevant image from a nonrelevant one. So, we
need to define an inverse document frequency idfi for Ci as following.

idfi = log
N

ni
(3.7)

Balancing above two factors, we have the weight of cluster.

wi,l = fi,l × idfi = fi,l × log
N

ni
(3.8)

After computing image vectors, we could get similarity between any two images
by calculating the degree of similarity between two image vectors.

simimg(i, j) =
�i • �j∣∣�i∣∣ × ∣∣ �j ∣∣ =

∑t

h=1
wh,i × wh, j√∑t

h=1
w2

h,i ×
√∑t

h=1
w2

h, j

(3.9)

3.3.3 Dynamic Growing Self-Organizing Tree (DGSOT) Algorithm

The DGSOT is a tree structure self-organizing neural network. It is designed to
discover the correct hierarchical structure of the underlying data set. The DGSOT
grows in two directions: vertical and horizontal. First, in the direction of vertical
growth, the DGSOT adds children, and in the direction of horizontal growth, the
DGSOT adds more siblings. In vertical growth of a node, only two children are added
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to the node. In horizontal growth we strive to determine suitable number of children
to represent data that are associated with the node. Thus, the DGSOT chooses the
right number of subclusters at each hierarchical level during the tree construction
process. During the tree growth, a learning process similar to the self-organizing tree
algorithm (SOTA) is adopted.

The pseudo code of DGSOT is shown below:

Step 1: [Initialization] initially the tree has only one root node. The reference vector
of this root node is initialized with the centroid of the entire collection, and all data
will be associated with the root. The time parameter t is initialized to 1.

Step 2: [Vertical Growing] the leaves whose heterogeneity is greater than a threshold
will change itself to a node x and create two descendent leaves. The reference
vector of a new leaf is initialized with the node’s reference vector.

Step 3: [Learning] for each input data associated with node, x , the winner is found
(using KLD see Sections 3.3.3.1 and 3.3.3.4), and then the reference vectors of
the winner and its neighborhood are updated. If the relative error of the entire
tree is larger than a threshold, called error threshold (TE), t is increased by 1, i.e.,
t = t + 1, and then Step 3 is repeated.

Step 4: [Horizontal Growing] for each lowest node (not leaf), if the horizontal growing
stop rule is unsatisfied, a child leaf is added to this node; if it is satisfied, a child
leaf is deleted from this node, and the horizontal growth is terminated.

Step 5: [Learning] for each input data, the winner is found (using KLD, see
Section 3.3.3.4), and then the reference vectors of the winner and its neighbor-
hood are updated. If the relative error of the entire tree is larger than a threshold,
called error threshold (TE), t is increased by 1, i.e., t = t + 1, and then Step 5 is
repeated.

Step 6: [Expansion] if there are more levels necessary in the hierarchy (i.e., vertical
growing stop rule is reached), then return to Step 2; otherwise, stop.

Step 7: [Pruning] the leaf node with node data associated with it is deleted.

Let d be the branch factor of the DGSOT, then the height of the DGSOT will be
lgdN, where N is the number of data. Let K be the average number of learning iterations
to expand the tree one more level. Because in each learning iteration all data need to
be distributed, the time complexity to build a full DGSOT will be O (K ∗N ∗ lgdN ).

3.3.3.1 Learning Process

In DGSOT, the learning process consists of a series of procedure to distribute all
the data to leaves and update of the reference vectors. Each procedure is called a
cycle. Each cycle contains a series of epochs. Each epoch consists of a presentation
of all input data and each presentation has two steps: finding the best math node and
updating the reference vector. Similar to SOTA, the input data is compared only to the
leaf nodes to find the best match node, which is known as the winner. The leaf node
c, which has the minimum distance to the input data x , is the best match node/winner.

c : ||x − nc|| = min
i

{||x − ni ||} (3.10)
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Fig. 3.2. Different neighborhoods of winner (indicated by arrow) in DGSOT.

After a winner c is found, the reference vectors of the winner and its neighborhood
will be updated using the following function:

�wi = ϕ(t) × (x − wi ) (3.11)

Where ϕ(t) is the learning function:

ϕ(t) = α × η(t) (3.12)

η(t) is the learning rate function, α is the learning constant, and t is the time
parameter. The convergence of the algorithm depends on a proper choice of α and
η(t). During the beginning of the learning function η(t) should be chosen close to 1,
thereafter, it decreases monotonically. One choice can be η(t) = 1/t .

Since neighborhood will be updated, there are two types of neighborhoods of
a winning cell: If the sibling of the winner is a leaf node, then the neighborhood
includes the winner, the parent node, and the sibling nodes. On the other hand, if
the sibling of the winning cell is not a leaf node, the neighborhood includes only the
winner and its parent node (see Figure 3.2). The updating of the reference vector of
siblings is important so that data similar to each other are brought into same subtree.
The α the winner, the parent node and the sibling nodes will have different values.
Parameters αw, αm , and αs are used for the winner, the parent node, and the sibling
node, respectively. Note that the parameter values are not equal. The order of the
parameters is set as αw > αs > αm. This is different from the SOTA setting, which
is αw > αm > αs. In SOTA, an inorder traversal strategy is used to determine the
topological relationship in the neighborhood. And in DGSOT, a postorder traversal
strategy is used to determine the topological relationship in the neighborhood. In our
opinion, only the nonequal αw and αs are critical to partitioning the input data set
into different leaf nodes. The goal of updating the parent node’s reference vector is to
make it more precise to represent all the data associated with its children (see KLD,
Section 3.3.3.4).

The Error of the tree, which is defined as the summation of the distance of each
input data to the corresponding winner, is used to monitor the convergence of the
learning process. A learning process has converged when the relative increase of
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Error of the tree falls below a given threshold.∣∣∣∣Errort+1 − Errort

Errort

∣∣∣∣ < ErrorThreshold (3.13)

It is easier to avoid over training the tree in the early stages by controlling the
value of Error of the tree during training.

3.3.3.2 Vertical Growing

In DGSOT, a nongreedy vertical growing is used. During vertical growing the leaves
whose heterogeneity is greater than a threshold will change itself to a node and create
two descendent leaves. The reference vectors of these leaves will be initialized by
their parents.

There are several ways to determine the heterogeneity of a leaf. One simple way
is to use the number of data associated with a leaf as its heterogeneity. This simple
approach controls the number of elements that appear in each leaf node. The other
way is to use the average error e of a leaf as its heterogeneity. This approach does
not depend on the number of data associated with a leaf node. The average error e
of a leaf is defined as the average distance between the leaf node and the input data
associated with the leaf:

ei =
D∑

j=1

d(x j , ni )

|D| (3.14)

where D is the total number of input data assigned to the leaf node i . d(x j , ni ) is the
distance between data j and leaf node i . ni is the reference vector of the leaf node i .

For the first approach, the data will be evenly distributed among the leaves. But the
average error of the leaves may be different. For the second approach, the average error
of each leaf will be similar to the average error of the other leaves. But the number of
data associated with the leaves may vary substantially. In both approaches, the DGSOT
can easily stop at higher hierarchical levels, which will save the computational cost.

3.3.3.3 Horizontal Growing

In each vertical growing, only two leaves are created for a growing node. In each hori-
zontal growing, the DGSOT tries to find an optimal number of leaf nodes (subcluster)
of a node to represent the clusters in each node’s expansion phase. Therefore, DGSOT
adopts a dynamically growing scheme in each horizontal growing stage. For a lowest
nonleaf node (heterogeneous one), a new child (subcluster) is added to the existing
children. This process continues until a certain stop rule is reached. Once the stop
rule is reached, the number of children nodes is optimized. For example, in a tree a
nonleaf node has three children. If the horizontal growing criterion does not match
the stop rule, a new child is added. Similarly, if the addition of a new child satisfies
the stop rule, the child is deleted and the horizontal growing is stopped. After each
addition/deletion of a node, a learning process is performed (see Sections 3.3.3.1
and 3.3.3.4).
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Determining the true number of clusters, known as the cluster validation problem,
is a fundamental problem in cluster analysis. It will be served as a stop rule. Several
kinds of indexes have been used to validate the clustering [46]: one index based on
external and internal criteria. This approach is based on statistical tests along with
high computational cost. Since the DGSOT algorithm tries to optimize the number
of clusters for a node in each expansion phase, the cluster validation is used heavily.
Therefore, the validation algorithms used in DGSOT must have a light computational
cost and can be easily evaluated. Here we suggest average distortion (AD) measure.

AD is used to minimize intracluster distance. The average distortion of a subtree
is defined as

AD = 1

N

N∑
i=1

|d(xi , w)|2 (3.15)

where N is the total number of input data assigned in the subtree, and w is the reference
vector of the winner of input data xi . The AD is the average distance between input
data and its winner. During DGSOT learning, the total distortion is already calculated
and the AD measure is easily computed after the learning process is finished. If the
AD versus the number of clusters is plotted, the curve is monotonically decreasing.
There will be much smaller drop after the number of clusters is greater than the “true”
number of the clusters, because crossing this point we add more clusters simply
to partitions within, rather between, “true” clusters. After a certain point the curve
becomes flat. This point indicates the optimal number of the clusters in the original
data set. Then the AD can be used as a criterion to choose the optimal number of
clusters. In horizontal growing phase, if the relative value of AD after adding a new
sibling is less than a threshold ε (Equation 3.16), then the new sibling will be deleted
and the horizontal growing will stop.

|ADK+1 − ADK |
ADK

< ε (3.16)

where K is the number of siblings in a subtree and ε is a small value, generally it is
less than 0.1.

3.3.3.4 K-Level up Distribution (KLD)

Clustering in a self-organizing neural network is a distortion-based competitive learn-
ing. The nearest neighbor rule is used to make the clustering decision. In SOTA, data
associated with then parent node will be distributed only between its children. If data
are incorrectly clustered in the early stage, these errors cannot be corrected in the
later learning process.

To improve the cluster result, we propose a new distribution approach called
K-level up distribution (KLD). Data associated with a parent node will be distributed
not only to its children leaves but also to its neighboring leaves. The following is the
KLD strategy:

� For a selected node, its K level ancestor node is determined.
� The subtree rooted by the ancestor node is determined.
� Data assigned to the selected node will be distributed among all leaves of the subtree.
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Fig. 3.3. One level up distribution (K = 1).

For example, Figure 3.3 shows the scope of K = 1. Now, the data associated with
node M needs to be distributed to the new created leaves. For K = 1, the immediate
ancestor of M will be determined, which is A. The data associated with node M will
be distributed to leaves B, C, D, and E of the subtree rooted by A. For each data, the
winning leaf will be determined among B, C, D, and E using Equation (3.10). Note
that if K = 0, data of M will be distributed between leaf B and C. This latter approach
is identical to the conventional approach.

3.4 Experiment Results

As of today we are developing a system for image segmentation and clustering. A
user can input an image for segmentation, the system will output detected boundary
and all segmented regions in thumbnail format (see Figure 3.4). Users can double
click thumbnails to view result with bigger size (as shown in Figure 3.4). Then from
these segmented images, similar objects will be grouped together, and weigh will be
assigned for each group (see Section 3.3.1). Thus, an image will be represented by a
vector with a set of objects along with weights (see Section 3.3.2). Next, we have built
a hierarchy using DGSOT by exploiting these vectors (see Section 3.3.3). Figure 3.5
has shown a hierarchical tree to display the clustering result.

One of the purposes of this experiment is to demonstrate how accurate the cluster-
ing is. The image data set contains a set of images, which are belonged to six different
categories such as basketball, baseball, bats, football, goggle, and playground. After
segmentation using our algorithms [44], the total number of objects is around 1500.
In this experiment, we use 80% of these images as training data to generate the hi-
erarchical tree and use the rest 20% of these images as testing data to evaluate the
result. The clustering accuracy is evaluated by using common E-measure [40]. The
definition of E is shown in Equation (3.17). After each round, we reshuffle the data
set and do it again with different training and testing data set. The percentages for
training and testing data are still 80 and 20, respectively. We have repeated these for
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Fig. 3.4. Segmentation result for an image.

Fig. 3.5. Hierarchical tree for clustering result.
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Fig. 3.6. E-measure comparisons of DGSOT and HAC.

five rounds. The final E-measure is the average of E-measures that we got in each
round above. The error threshold in Equation (3.13) for DGSOT is set to 0.01 and
sibling threshold ε in Equation (3.16) is set to 0.02.

E(p, r ) = 1 − 2

1/p + 1/r
(3.17)

where p and r are standard precision and recall of the cluster with respect to the
set of images. E varies between 0 and 1. E is equal to 0 when p and r are all
1, and 1 when both p and r are 0. We average p and r , using formula (3.17) to
calculate the E value for clustering. We tested cluster accuracy when query images
are from different categories. Figure 3.6 shows the results of E-measure for above
categories and average using two cluster algorithms, DGSOT and the most widely
used, hierarchical agglomerative clustering (HAC) respectively. In Figures 3.6, x-axis
represents different categories and y-axis is E-measure.

The average precision of DGSOT and HAC is 0.84 and 0.80 respectively. The
average recall of all these clusters of DGSOT and HAC is 0.73 and 0.75 respec-
tively. Figure 3.6 shows the comparative E-measures for these two algorithms. Re-
sults show that DGSOT (average E = 23.8%) outperforms HAC algorithm (average
E = 25.6%).

3.5 Conclusion and Future Works

In this chapter we have proposed new automatic image clustering methods. To de-
velop a hierarchy, we developed a dynamic growing self-organizing tree algorithm
(DGSOT) that constructs a hierarchy from top to bottom and compared it to traditional
Hierarchical Agglomerative Clustering (HAC) algorithm.

We would like to extend this work in the following directions. First, we would
like to do more experiments for different data set. Second, we would like to ex-
periment with other knowledge base (like CYC). Third, we would implement some
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image-searching algorithm based on hierarchical tree we got in this chapter. Finally,
we will develop algorithms to integrate newly coming images into the existing hier-
archy structure.
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