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Abstract In this paper, we propose an Interactive Object-based Image Clustering
and Retrieval System (OCRS). The system incorporates two major modules: Pre-
processing and Object-based Image Retrieval. In preprocessing, an unsupervised
segmentation method called WavSeg is used to segment images into meaningful
semantic regions (image objects). This is an area where a huge number of image
regions are involved. Therefore, we propose a Genetic Algorithm based algorithm
to cluster these image objects and thus reduce the search space for object-based
image retrieval. In the learning and retrieval module, the Diverse Density algorithm
is adopted to analyze the user’s interest and generate the initial hypothesis which pro-
vides a prototype for future learning and retrieval. Relevance Feedback technique is
incorporated to provide progressive guidance to the learning process. In interacting
with user, we propose to use One-Class Support Vector Machine (SVM) to learn
the user’s interest and refine the returned result. Performance is evaluated on a
large image database and the effectiveness of our retrieval algorithm is demonstrated
through comparative studies.

Keywords OCRS · Object-based image retrieval · SVM ·
Genetic Algorithm · Clustering

1 Introduction

With the rapid increase of digital image data, image retrieval has drawn attention
of researchers in computer vision and database communities. However, the current
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state-of-art technologies are facing two main problems: (1) “semantic gap” between
low level features and high level concept; (2) curse of dimensionality. This paper
aims to build a framework to alleviate the above problems especially for object-based
image retrieval. In this paper, an object refers to an image region.

For “semantic gap” problem, Relevance feedback (RF) technique is widely used
to incorporate the user’s concept with the learning process [21, 23]. As a supervised
learning technique, it has been shown to significantly increase the retrieval accuracy.
However, most of the existing RF-based approaches consider each image as a whole,
which is represented by a vector of N dimensional image features. However, the
user’s query interest is often just one part of the query image i.e. a region in the image
that has an obvious semantic meaning. Therefore, rather than viewing each image as
a whole, it makes more sense to view it as a set of semantic regions. In this context,
the goal of image retrieval is to find the semantic region(s) of the user’s interest.

In region-based CBIR, each image is composed of several semantically meaning-
ful regions. If we consider each image as a bag and each region as an instance, an
image is then a bag of instances. In this way, region-based CBIR is transformed
into a Multiple Instance Learning (MIL) problem. Maron et al. applied MIL into
natural scene image classification [18]. In the scenario of MIL, the labels of individual
instances in the training data are not available, instead the bags are labeled. When
applied to RF-based image retrieval, this corresponds to the scenario that the user
gives feedback on the whole image (bag) although he/she may be only interested in
a specific region (instance) of that image. The goal of MIL is to obtain a hypothesis
from the training examples that generates labels for unseen bags (images) based on
the user’s interest in a specific region. In other words, the instance labels have to be
derived from the bag labels, based on the following two properties of MIL: (1) if the
bag label is positive, there exists at least one instance in the bag that is positive; (2) if
the bag label is negative, all the instances in the bag are negative.

In order to support region-based image retrieval, we need to divide each image
into several semantic regions. Instead of viewing each image as a whole, we examine
region similarity during image retrieval. However, this further increases the search
space by a factor of 4–6. Clustering is a process of grouping a set of physical or
abstract objects into classes based on some similarity criteria. In this study, the
objects correspond to image regions. Given the huge amount of semantic regions
in this problem, we first preprocess image regions by dividing them into clusters. In
this way the search space can be reduced to a few clusters that are relevant to the
query region. K-means is a traditional clustering method and has been widely used
in image clustering such as [15, 25]. However, it is incapable of finding non-convex
clusters and tends to fall into local optimum especially when the number of data
objects is large. In contrast, Genetic algorithm [11] is known for its robustness and
ability to approximate global optimum. In this study, we adapted this algorithm to
suit our needs of clustering image regions.

After clustering, our proposed system applies Diverse Density (DD) as proposed
within the framework of MIL by Maron et al. [18] to learn the region of interest from
the user’s relevance feedback on the whole image and then shifts its focus of attention
to that region. In [31], Zhang et al. further extends Maron’s work by incorporating
EM (Expectation-Maximization) algorithm. We adopt Zhang’s method because it is
less sensitive to the dimension of feature space and scales up well. We take the output
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of DD as our initial hypothesis of user’s interest and continue the feedback-retrieval
process using our proposed kernel learning algorithm.

In the following learning procedure, we use One-Class Support Vector Machine
(SVM) to learn from user’s feedback and refine the retrieval result. The motivation
comes from the fact that positive samples are all alike, while negative samples are
each bad in their own way. In other words, instead of building models for both
positive class and negative class, it makes more sense to assume that all positive
regions are in one class while the negative regions are outliers of the positive class.

In our approach, One-Class SVM is used to model the non-linear distribution of
image regions and to separate positive regions from negative ones. Each region of the
test image is given a score by the evaluation function built from the model. The higher
the score, the more similar it is to the region of interest. The images with the highest
scores are returned to the user as query results. However, the critical issue here is
how to transform the traditional SVM learning, in which labeled training instances
are readily available, to a MIL learning problem where only the labels of bags (e.g.
images with positive/negative feedbacks) are available. In this study, we proposed a
method to solve the aforementioned problem and our experiments show that high
retrieval accuracy can be achieved usually within 4 iterations.

Section 2 gives a brief literature review. In Section 3, an overview of our OCRS
system is presented. The preprocessing module is detailed in Section 4 which
involves segmentation and clustering. The detailed learning and retrieval approach
is discussed in Section 5. In Section 6, the evaluation of system performance with
experimental results is presented. Section 7 concludes the paper.

2 Related work

Numerous works have been done in the area of Content-Based Image Retrieval
(CBIR). Basically, they can be divided into two categories: region-based and non-
region based. A well-known system of region-based CBIR is Blobworld [2]. In this
system, a simple distance-based method is used to measure the similarity between
image regions. There is no learning mechanism involved. In our approach, by
learning from the user’s relevance feedback [21, 23], we can refine the retrieval result
using a more sophisticated learning algorithm. Therefore, our algorithm falls into the
category of region based CBIR with learning capabilities. Some other works in this
category can be found in [5, 12, 13, 14].

2.1 Image clustering

Clustering is a well-studied topic in the area of data mining. In its application
to image data, algorithms such as K-means [15, 25], K Nearest Neighbor [9, 27]
have gained great popularity. Krishnamachari et al. use a hierarchical clustering
algorithm for image retrieval [17]. Kim et al. designed a clustering algorithm by
incorporating relevance feedback to generate dynamic clusters [16]. Chen et al.
[6] also implemented a cluster-based retrieval system. Their clustering algorithm is
based on graph theory.
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In our work, the main purpose of clustering is to reduce the effect of the
curse of dimensionality in object-based image retrieval, which is a problem that
barely any work addresses. With clustered image databases, the search space for
object-based image retrieval is greatly reduced. Our proposed mechanism of image
region clustering is based on Genetic Algorithm for the reason mentioned in the
Introduction Section.

2.2 Multiple instance learning

A great amount of research has been done to solve Multiple Instance Learning
problems. A representative approach by learning the axis-parallel rectangles is
first developed by Dietterich et al. [8]. The concept of Diverse Density (DD) is
introduced by Maron and Lozano-Perez [18] and a two-step gradient descent with
multiple starting points is applied to find the maximum Diverse Density. The EM-
DD algorithm is proposed by Zhang and Goldman [31] based on Diverse Density.
Its main difference from Maron’s method is that it searches maximum DD points
by Expectation Maximization. It is shown that EM-DD is more robust in dealing
with high-dimension data. Wang et al. [26] explore the lazy learning approaches in
Multiple Instance Learning. Zucker et al. [32] attempt to solve the Multiple Instance
Learning problem with decision trees and decision rules. Ramon et al. [19] propose
the Multiple Instance Neural Network. Andrews et al. use Support Vector Machines
(SVMs) to solve MIL problem. Their method is called MI-SVM [1].

Some of the above mentioned algorithms have been applied to image classification
or image retrieval. The DD method of Maron et al. [18] is applied into natural
scene image classification. This is based on the relation between the bag label and
the instance label. The learning goal is to find the positive instances in the positive
bags. Huang et al. [12] adopt Neural Network based learning algorithm. The EM-
DD method of Zhang et al. [31] is used by Chen et al. [5] for image categorization.
With the returned result from EM-DD, Chen et al. apply standard SVMs to solve
a two-class classification problem. Their approach is called DD-SVM which is a
region based image retrieval algorithm. It is claimed in Chen et al.’s work that their
approach is different from [1]’s MI-SVM in that DD-SVM defines several features
for each bag according to instance prototypes (generated by DD) while MI-SVM
only selects one instance to represent the whole positive bag. In [28], a mechanism
for image annotation is proposed, which applies the algorithm of Diverse Density
to image region selection. Baysian network is then used for classification with the
ultimate goal of annotating images.

In our approach, we apply EM-DD to find a prototype of query instance. In
another word, we try to “guess” the user’s interested region in the whole query image.
In this sense, we adopt a similar method as in DD-SVM. While DD-SVM chooses
binary SVM as the learning algorithm, we consider grouping all negative regions
into one class somewhat inappropriate for the reason mentioned in Introduction.
Therefore, after the initial analysis of user’s interest by DD, our proposed learning
algorithm concentrates on those positive images and uses the learned region-of-
interest to evaluate all the other images in the image database. For this purpose, we
applied One-Class Support Vector Machine (SVM) [22] to solve the MIL problem
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in CBIR. Chen et al. [7] and Gondra et al. [10] also use One-Class SVM in image
retrieval. However, it is applied to the image as a whole. An example of region-
based image retrieval using One-Class SVM is in the work of Jing et al. [13, 14].
However, One-class SVM is only used as a distribution estimator and again a binary
SVM classifier is built for image retrieval.

3 System architecture

Figure 1 shows the architecture of the proposed system. In the preprocessing module,
images are segmented into semantic regions, with each represented by a 19-feature
vector. A Genetic Algorithm based clustering method is then implemented to cluster
these image segments into clusters so that similar image segments are grouped
together.

In the initial query, the system first gets the user’s query. However, at this point,
the system has no clue to the user’s interested semantic region. Therefore, a simple
Euclidean based similarity comparison is performed to retrieve the initial query
results to the user. After the initial query, the user gives feedback to the retrieved
images and these feedbacks are examined by Diverse Density trying to analyze user’s
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interest. The output of Diverse Density algorithm is the initial input of One-Class
Support Vector Machine (SVM) based algorithm which learns from these feedbacks
and starts another round of retrieval. In each round, the refined retrieval result
is provided to the user for further feedback. One-Class SVM then studies these
feedbacks and builds a model for future retrieval.

4 Preprocessing

4.1 Segmentation

4.1.1 WavSeg image segmentation

Instead of manually dividing each image into a couple of overlapping regions [29], in
this study, we propose to use a fast yet effective image segmentation method called
WavSeg as proposed in our recent work [3, 30] to partition images. In Wavseg, a
wavelet analysis in concert with the SPCPE algorithm [4] is used to segment an image
into regions.

By using wavelet transform and choosing proper wavelets (Daubechies wavelets),
the high-frequency components will disappear in larger scale sub bands and there-
fore, the potential regions will become clearly evident. In our experiments, the
images are pre-processed by Daubechies wavelet transform because it is proven
to be suitable for image analysis. The decomposition level is 1. Then by grouping
the salient points from each channel, an initial coarse partition can be obtained and
passed as the input to the SPCPE segmentation algorithm. Actually, even the coarse
initial partition generated by wavelet transform is much closer to some global minima
in SPCPE than a random initial partition. In other words, a better initial partition
will lead to better segmentation results. In addition, wavelet transform can produce
other useful features such as texture features at the time of extracting the region-
of-interest. Therefore, within one entry scanning through the image data, image
regions as well as their texture features can be obtained. Based on our initial testing
results, the wavelet based SPCPE segmentation framework (WavSeg) outperforms
the random initial partition based SPCPE algorithm in average. It is worth pointing
out that WavSeg is fast. The processing time for a 240×384 image is only about 0.33 s
in average.

Figure 2 provides two groups of examples of the segmentation results. In each
row, the first image is the original image. The second one is the segmentation mask
file produced by WavSeg that shows all the segments/regions in different colors.
The third one is the segmentation mask file of Blobworld [2]. It can be seen from
this figure that Blobworld tends to over-segment an image. For example, according
to the Blobworld’s results, the hawk object in the first example is composed of
approximately 4 smaller regions while the deer object in the second example consists
of 2 regions, with each corresponding to the upper-body and lower-body of that
deer object, respectively. One big problem caused by over-segmenting is the feature
extraction for image regions. By way of an example, which part of the deer object—
the upper-body or the lower-body—can better represent the deer object? Obviously
a combination of these two makes more sense since the user is interested in the entire
deer object, not just part of it. However, due to the over-segmenting problem, we
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Original images WavSeg results BlobWorld results

Fig. 2 Sample segmentation result

are not able to obtain the complete information of an object like the deer. On the
contrast, it has been shown that, based on our experiments, WavSeg algorithm has
advantages over Blobworld in that it is more successful in identifying the “entire”
object (segment) instead of partitioning it into several small regions. Therefore, the
over-segmenting problem in WavSeg is greatly alleviated.

4.1.2 Region feature extraction

Both the local color and local texture features are extracted for each image region.
For color features, HSV color space and its variants are proven to be particularly
amenable to color image analysis. Therefore, we quantize the color space using
color categorization based on H. S. V. value ranges. Twelve representative colors are
identified. They are black, white, red, red-yellow, yellow, yellow-green, green, green-
blue, blue, blue-purple, purple, and purple-red. The Hue is divided into five main
color slices and five transition color slices. Each transition color slice such as yellow-
green is considered in both adjacent main color slices. We disregard the difference
between the bright chromatic colors and the chromatic colors. Each transition color
slice is treated as a separate category instead of being combined into both adjacent
main color slices. A new category “gray” is added so that there are totally thirteen
color features for each image region in our method.

For texture features, one-level wavelet transformation using Daubechies wavelets
are used to generate four subbands of the original image. They include the horizontal
detail sub-image, the vertical detail sub-image, and the diagonal detail sub-image. For
the wavelet coefficients in each of the above three subbands, the mean and variance
values are collected respectively. Therefore, totally six texture features are generated
for each image region in our method.

The 13 color features and six texture features of each region are extracted after
image segmentation. Thus, for each image, the number of its objects (regions) is
equal to the number of regions within that image. Each object has 19 features.
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4.2 Clustering

4.2.1 Overview of genetic algorithm

The basic idea of Genetic Algorithm originates from the theory of evolution –
“survival of the fittest.” It was formally introduced in the 1970s by John Holland
[11]. It is less susceptible to getting “stuck” at local optima. The overview of genetic
algorithm is shown in Fig. 3.

The algorithm starts with randomly generating the initial population (possible
solutions to a real-world problem). In order to be understood in genetic world, the
possible solutions to a real world problem are first encoded. Each solution forms a
chromosome. A population is a group of chromosomes. From the first generation,
these chromosomes are first evaluated. Then they are operated by three genetic
operators: Selection, Crossover and Mutation and generate the next generation. The
next generation of chromosomes is again evaluated. An objective function is used
in evaluation which measures the fitness of each individual solution (chromosome).
This accomplishes the evolution of the first generation. Genetic algorithm then starts
to run the next generation and goes through the above-mentioned process again until
an optimal solution is found.

4.2.2 Genetic algorithm design for image region clustering

The objective of image region clustering is to find the optimal combination that
minimizes the function below:

F(C) =
n∑

i=1

k
min
j=1

(d(pi, C j)) (1)

pi is an image region in the cluster. C j is the centroid of cluster j, which is an actual
image region but not the virtual center of the cluster. n is the total number of image
regions and k is the number of clusters. The value of k is determined experimentally
as there is no prior knowledge about how many clusters are there. A too large k value
would result in over-clustering and increase the number of false negatives, while
a too small k value would not help much in reducing the search space. According
to our experiment, in which there are 10,000 images with 49,584 regions, we divide
the entire set of image regions into 100 clusters since it results in a good balance
between accuracy and efficiency. d is some distance measure. In this study, we use

Fig. 3 Genetic algorithm flow chart
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the Euclidean distance. Equation 1 is the objective function in our algorithm. The
goal is to find its minimum.

In image region clustering, the target is to group semantic image regions into clus-
ters according to their similarities. The above-mentioned representative regions are
actually centroids of clusters. Therefore, a feasible solution to a clustering problem
would be a set of centroids. To encode it, we give each region an ID: 1, 2, ..., n (n is
an integer). The centroids are represented by their IDs in the chromosome.

Figure 4 is an example of a chromosome. In this chromosome, each integer is a
gene in genetic world. It corresponds to the ID of a centroid image region in the real
world.

The initial size of population is set to l which is 50 in this study. For each
chromosome we randomly generate k genes, which are actually k integers between 1
and n (the number of image regions). These k genes correspond to the representative
image region for each of the k clusters. We then calculate the inverse values of the
objective function for these chromosomes: f1, f2, ..., fl . The fitness of each individual
chromosome is computed according to (2).

Fiti = fi/

l∑

i=1

fi (2)

With the first generation, “evolution” begins. In each generation, the whole
population goes through three operators: Selection, Recombination and Mutation.

– Selection: There are many kinds of selection operations. We use a Roulette to
simulate the selection as shown in Fig. 5. For each chromosome we compute
its fitness according to (2). Two chromosomes from the population are then
randomly selected. The higher the fitness the higher the chance a chromosome
is selected. This mechanism is like rotating roulette as shown in Fig. 5. C1, C2,
... are chromosomes. The area each chromosome occupies is determined by its
fitness value. Therefore, chromosomes with higher fitness values would have
more chances to be selected in each rotation. We select l pairs of chromosomes
and feed them into the next step.

– Recombination: In this step, the recombination operator proposed in [24] is used
instead of a simple crossover. Given a pair of chromosomes C1 and C2, we use
recombination operator to generate their child chromosome C0 one gene at a
time. A randomly generated small number ρ is used to decide where to get the
next gene i.e. from C1 or C2 or both. We also want to make sure the chosen gene
is not already in C0. Therefore, each gene in C0 is either in C1 or C2 or both and
is not repetitive of other genes in C0. If we want k clusters, the algorithm has
to iterate k times in order to get k genes (centroids) one at a time. The detailed
implementation is shown in Fig. 6.

– Mutation: In order to obtain high diversity of the genes, a “newly-born” child
chromosome may mutate one of its genes to a random integer between 1 and n.
However, this mutation is operated at a very low frequency and it varies
dynamically through generations.

Fig. 4 An example of
chromosome  23  98  56  10  35 22 469  1665
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Fig. 5 Roulette

C 1 – 20%
C3 – 30%

C 2 – 10%

    C4 – 40%

To avoid falling into local optima, we applied an entropy driven mechanism [20] in
deciding the mutation rate. The rationale for this mechanism is that we do not want
the population to be too diverse otherwise it is hard to approximate an optimum. On
the other hand, we do not want it to converge too quickly since it may end up with
a local optimum. The meaning of entropy is “lack of information.” To measure the
diversity level of a generation, we linearly divide chromosomes in that generation
into l classes according to their fitness values. This is similar to the concept of
histograms in which data points are clustered into l different histogram bins based
on their values. The definition of entropy is:

−
l∑

i=1

pi ∗ log2(pi) (3)

Where pi is the probability a chromosome falls into the ith class. This definition
shows that the higher the entropy value, the more diverse that population is. This
value is then used to dynamically determine the mutation rate. If the population is
too diverse, we decrease the mutation rate. Otherwise, we increase it.

At the end of the process, the chromosome with the highest fitness value through
all populations is selected as a feasible solution. This chromosome is then decoded to
obtain the centroids of clusters as the final output.

It is worth mentioning that the time complexity of clustering is very high. The
most time consuming part is to calculate the fitness value with a complexity of O(n6).
In our experiment with 50 chromosomes in each generation and 100 genes in each

Fig. 6 Recombination
algorithm flow chart
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chromosome, it takes 1 h and 59 min to run 100 generations. Therefore, the image
region clustering is done offline in the preprocessing module and will be re-activated
only when the amount of new images being added to the database is larger than a
pre-defined threshold.

5 Learning and retrieval framework

5.1 User interest analysis

In this study, we assume that user is only interested in one semantic region of the
query image. The goal is to retrieve those images that contain similar semantic
regions. In the initial query, user identifies a query image. At this point, no infor-
mation is provided as to which specific part of the image is of the user’s interest.
Therefore, for all the images in the image database, we compute the Euclidean
distances between the regions of these images and the regions of the query image.
The distance between the query image and an image in the image database is rep-
resented by the smallest pair-wise distance of their regions. These “representative”
distances are then sorted in an ascending order and the top 30 images are returned
to the user for feedback.

The user identifies a returned image as “positive” if it is of his/her interest;
otherwise the user labels it “negative.” With this information at hand, our next step
is to estimate the user’s interest i.e. which specific region of the query image that user
is interested in. Diverse Density (DD) algorithm is applied to accomplish this goal.
Diverse Density was first proposed by Maron and Lozano-Pĺęrez in their framework
of Multiple Instance Learning [18].

In Multiple Instance Learning (MIL), the label of an individual instance (object)
is unknown. Only the label of a set of instances is available, which is called the label
of a bag. MIL needs to map an instance to its label according to the information
learned from the bag labels. In Content-based Image Retrieval, we have two types of
labels—Positive and Negative. Each image is considered a bag of semantic regions
(instances). When users supply feedback to the retrieved images, the label of each
retrieved image, i.e. bag label, is available. However, the label of each semantic
region in that image bag is still unknown because the user only gives feedback to
an image as a whole, not to individual semantic regions in that image. The goal of
MIL is to estimate the labels (similarity scores) of the test image regions/instances
based on the learned information from the labeled images/bags in the training set.

With Diverse Density approach, an objective function called DD function is de-
fined to measure the co-occurrence of similar instances from different bags (images)
with the same label. The target of DD is to find a point which is the closest to all the
positive images and farthest from all the negative images. The framework of DD [18]
is briefly explained below.

We denote the positive bags as B+
1 , B+

2 , ..., B+
n and the negative bags as

B−
1 , B−

2 , ..., B−
m. The jth instance of bag B+

i is represented as B+
ij , while the jth instance

of bag B−
i is written as B−

ij . Each bag may contain any number of instances, but every
instance must be represented by a k dimensional vector where k is a constant.

Different semantic concepts may share some common low-level features, but not
all k dimensions contribute equally. Therefore, given a semantic concept, greater
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weights shall be assigned to features with more distinguishing power. For example,
color and texture features shall be assigned greater weights for “grass” compared to
shape features. We denote this weight vector α = {α1, α2, ..., αk}.

For any point p = {p1, p2, ..., pk} in the feature space, the Diverse Density is
defined by the probability of it being our target point, given all the positive and
negative bags. So the point we are looking for is the one that maximize the prob-
ability below.

ArgmaxPr(p|B+
1 , B+

2 , ..., B+
n , B−

1 , B−
2 , ..., B−

m) (4)

Assuming a uniform prior over the concept location Pr(p) and conditional inde-
pendence of the bags given the target concept p, the above function equals to

Argmax
∏

i

Pr(p|B+
i )

∏

i

Pr(p|B−
i ) (5)

The following model was introduced by Maron and Lozano-Pĺęrez for estimating
hypothesis h = {p1, p2, ..., pk, α1, α2, ..., αk}.

Pr(Bij = p) = exp

(
−

k∑

1

αq(Bijq − pq)
2

)
(6)

The goal is to find such a hypothesis h such that the above function reaches
its maximum. We apply EM (Expectation-Maximization) algorithm as proposed in
[31]. EM starts with an initial hypothesis h, and then repeatedly performs E-step
and M-step. In E-step, the current hypothesis h is used to pick one instance from
each bag which is most likely to be the one responsible for the label of the bag. In
M-step, a two-step gradient ascent search (Quasi-Newton search) is performed on
DD algorithm to find a new h’ that maximizes the above function. In the new iteration
h’ replaces h. The loop continues until the algorithm converges.

We then use the final result h, the point of the user’s interest, to find the cluster
this point h belongs to. Hence all the other image regions in this cluster can be
located. However, we cannot simply reduce the search space to this cluster alone
because it is not a rare case that a particular region is closer to some regions in
another cluster than some regions within the same cluster. This situation is illustrated
in Fig. 7. Suppose the query image region is a “horse” region in Image B. It is

Fig. 7 Image region clusters Cluster 1 

  
Image A Segment of Image A

Cluster 2

   
Image B Segment of B Image C Segment of C
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in the same cluster with the “castle” region of Image C because these two regions
share similar low level features. However, Image B is conceptually closer to Image
A whose “horse” region is in another cluster. Therefore, in our system, we choose
three clusters whose centroids are the closest to the query region. As an image is
composed of several semantic regions, it can fall into any cluster that has at least one
of its semantic regions. We then group all the images that have at least one semantic
region fall into the three clusters mentioned above and take it as the reduced search
space for a given query region. The effectiveness of this reduction is presented
in Section 6.

5.2 Learning and retrieval

As mentioned above, DD algorithm is applied to analyze the user’s interest after
the initial query. Yet due to the large amount of noise in the image data set, we
cannot guarantee that the user’s interest is exactly h. Instead, it is taken as our initial
hypothesis and the system continues interacting with user to collect more feedbacks.
The output of DD is a group of instances, one from each image, that contribute most
to the image (bag) label. Specifically, in the output of DD, instances that come from
positive bags are positive instances. Because of these instances, their corresponding
bags are labeled positive. We then construct the training sample set according to this
output of DD. This is then fed into One-Class Support Vector Machine as the initial
training sample set, which further learns and models user’s interest and refines the
retrieval result in the following iterations.

One-Class classification is a kind of unsupervised learning mechanism. It tries
to assess whether a test point is likely to belong to the distribution underlying the
training data. In our case, the training set is composed of positive samples only.
Figure 8 shows how positive image regions are all alike and should be in one class
while it is inappropriate to group negative image regions into a single class. In Fig. 8,
image regions are outlined by white lines. Suppose the user’s interest is an “eagle”
object, then ideally positive image regions shall be those “eagle” regions. However,
negative image regions can be anything other than “eagle”. As shown in Fig. 8,
negative image regions can be “flower”, “fish”, “glass”, etc.

Positive Negative

Fig. 8 One class classification
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One-Class SVM has so far been studied in the context of SVMs [22]. The objective
is to create a binary-valued function that is positive in those regions of input space
where the data predominantly lies and negative elsewhere. The idea is to model the
dense region as a “ball.” In our case, positive instances are inside the “ball” and
negative instances are outside. If the origin of the “ball” is o and the radius is r, a point
pi, in this case an instance (image region) represented by an 19-dimension feature
vector, is inside the “ball” iff ‖pi − o‖ � r. This “ball” is actually a hyper-sphere.
The goal is to keep this hyper-sphere as “pure” as possible and include most of the
positive objects. Since this involves a non-linear distribution in the original space,
the strategy of Schölkopf’s One-Class SVM is first to do a mapping θ to transform
the data into a feature space F corresponding to the kernel K:

θ(p1) · θ(p2) ≡ K(p1, p2) (7)

where p1 and p2 are two data points. In this study, we choose to use Radial Basis
Function (RBF) Machine below.

K(p1, p2) = exp(‖p1 − p2‖/2σ) (8)

Mathematically, One-Class SVM solves the following quadratic problem:

min
ω,ζ,ρ

1

2
‖ω‖ − uρ + 1

n

n∑

i=1

ζi (9)

subject to

(ω · θ(pi)) � ρ − ζi, ζi � 0 and i = 1, ...n (10)

where ζi is the slack variable, and u ∈ (0, 1) is a parameter that controls the trade
off between maximizing the distance from the origin and containing most of the data
in the region created by the hyper-sphere. It actually corresponds to the ratio of
“outliers” in the training dataset. If ρ and ω are a solution to this problem, then
the decision function is f (x) = sign(ω · θ(p) − ρ) and it will be 1 for most examples

Fig. 9 Retrieval accuracy after
the fourth query
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pi contained in the training set. Some images may actually contain more than one
positive region. Therefore, we cannot assume that only one region in each image is
positive. Suppose the number of positive images is n and the number of all semantic
regions in the training set is N. Then the ratio of “outliers” in the training set is
set to:

u = 1 −
( n

N
+ z

)
(11)

z is a small number used to adjust the u in order to alleviate the above mentioned
problem. Our experiment results show that z = 0.01 is a reasonable value.

The training set as well as the parameter u are fed into One-Class SVM to obtain
ρ and ω, which are used to calculate the value of the decision function for the test
data, i.e. all the image regions in the database. Each image region will be assigned a
“score” by ω · θ(p) − ρ in the decision function. The higher the score, the more likely
this region is in the positive class. The similarity score of each image is then set to the
highest score of all its regions.

Fig. 10 Query results of OCRS after the fourth iteration
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6 System performance evaluation

The experiment is conducted on a Corel image database consisting of 10,000 images
from 100 categories. After segmentation, there are in total 49,584 image segments.
We tested the system performance under different clustering schemes by dividing the
entire set of image regions into 40 to 150 clusters. Each time we increase the number
of clusters by 10 and find that when the number of clusters k=100, the result is most
reasonable in terms of the balance between accuracy and reduction of search space.
After the initial query, according to the hypothesis generated by DD, we pull out the
three closest clusters as the reduced search space. All the images that have at least
one segment fall into these three clusters are identified and fed into the learned One-
Class SVM for classification. Sixty images are randomly chosen from 20 categories
as the query images. According to our experiment, the search space, in terms of the
number of images in the three candidate clusters, is reduced to 13.4% of the original
search space (10,000 images) on average.

We compare the performance of our system with two other relevance feedback
algorithms: (1) Neural Network based Multiple Instance Learning (MIL) algo-
rithm with relevance feedback [12]; (2) General feature re-weighting algorithm [21]
with relevance feedback. For the latter, both Euclidean and Manhattan distances
are tested.

Five rounds of relevance feedback are performed for each query image - Initial (no
feedback), First, Second, Third, and Fourth. The accuracy rates with different scopes,
i.e. the percentage of positive images within the top 6, 12, 18, 24 and 30 retrieved
images, are calculated. Figure 9 shows the result after the Fourth Query. “BP” is
the Neural Network based MIL which uses both positive and negative examples.
“RF_E” is the feature re-weighting method using Euclidean Distance while “RF_M”
uses Manhattan Distance. “OCRS” is the proposed system.

It can be gleaned from Fig. 9 that while the search space is substantially re-
duced, the accuracy of the proposed framework still outperforms all the other three
algorithms. It also can be seen that the Neural Network based MIL (BP) shows a
better result than that of general feature re-weighting algorithm after four rounds of
learning. In addition, the performance of RF_E using Euclidean Distance is slightly
better than that of RF_M which uses Manhattan Distance. Figure 10 shows the fourth

Fig. 11 Retrieval results
of OCRS across five
iterations
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query results of “OCRS”, given the query image on the upper left corner of the
interface. In this example, “horse” is the user’s interest. It can be seen that there are
20 “horse” images out of the top 30 returned images.

It is worth mentioning that, the number of positive images increases steadily
through each iteration. Figure 11 gives a concrete view as to how accuracy rates of
our algorithm increases across five iterations.

7 Conclusion

In this paper, we proposed a framework, OCRS, for single region based image
retrieval. OCRS strives to solve two crucial problems in this area, i.e. time complexity
due to the huge amount of high-dimensionality data; semantic gap between low level
features and human subjectivity. Specifically in preprocessing, a Genetic Algorithm
based clustering mechanism is proposed to reduce the search space. An efficient
image segmentation algorithm—WavSeg is implemented to divide an image into
semantic regions. We then adopt Diverse Density to do the initial analysis of user’s
interest. As initial hypothesis, the output of DD is fed into One-Class SVM in
the image retrieval phase. The advantage of our algorithm is that it targets image
region retrieval instead of the whole image, which is more reasonable since the
user is often interested in only one region in the image. The proposed work also
transforms the One-Class SVM learning for region-based image retrieval into a
Multiple Instance Learning problem. In addition, due to the robustness of Genetic
Algorithm in approximating global optima and the generality of One-Class SVM, the
proposed system has proved to be effective in better identifying the user’s real need
and removing the noise data.
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