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Abstract

In this paper, a new method for image retrieval is pro-
posed. The method combines three existing methods: query-
by-example, browsing, and relevance feedback. The method
assists users in finding images of the same scene or genre
in image databases. First, the user can express query by
presenting an example image. Then, the user is given the
opportunity to browse through the images, and to refine the
initial query in additional relevance feedback loops. The
browsing environment consists of a similarity pyramid, in
which the different layers represent the database with vary-
ing levels of detail. In this way, users can smoothly browse
across the images in the database and focus on the relevant
ones.

The results of the experiments show that this method is a
significant improvement over the query-by-example method
of almost 300%. The technique is suitable for scaling both
the database and the similarity pyramid. Further, the color
spaces Lab and RGB are both suitable for the perceptu-
ally uniform representation of images in this application.
In conclusion, this new retrieval technique offers the user a
good opportunity to focus on the desired images.

1. Introduction

In the past decade, there has been an explosion in the
amount and complexity of digital data being generated,
stored, transmitted, analyzed, and accessed. This is par-
tially due to the advances in computer technology and the
World Wide Web. Much of this information is multime-
dia in nature, including digital images, video, audio, graph-
ics, and text data. Further, in different areas such as art
history, medicine, advertising, entertainment, and industry,
more and more image database are being made and used. In

this paper, we focus on image pictorial information (Inter-
net and image databases).

Traditionally, the search for images in a database is done
through text-annotations. In this approach, the images are
first annotated manually by keywords and then retrieved by
their associated annotations. However, there are many prob-
lems with text-based image retrieval systems. It involves a
large amount of manual effort, so it can take a long time
to complete the search. Further, an image annotation can
have several meanings, which can result in differences in
interpretation of the image content. Also, there might be
inconsistency of the keyword assignments among various
people. Consequently, the resulting annotations might not
be rich enough or consistent enough for different sorts of
queries.

The goal of this paper is to introduce a user-friendly
composite image retrieval system, where users can find im-
ages of a broad undefined category of images. The descrip-
tion of the image category can be a general one. In particu-
lar, we want users to be able to search for: scene categories
and genre categories. Images in the same scene category
present a similar situation, like soccer, sunsets, forests. Im-
ages in the same genre category induce the same emotion.
It is assumed that scenes and genres can be characterized by
color information. Therefore, for this application, the prob-
lem is reduced to finding the right color characteristics top
capture different scenes or genres.

This method is designed according to the following cri-
teria:

� The initial query formulation must be at a semantically
high level. This means that the user can easily express
a query on a semantic level. An example is o let the
initial query be an image, in stead of a specification
list of low-level features.

� A compact and hierarchical overview is needed of



the images in the database, especially if the image
database is large.

� The user must be allowed to refine the initial query and
search again.

To satisfy the three criteria, we aim at combining the
most well-known and widely used techniques today for
content-based retrieval; query-by-example, browsing and
relevance feedback. All three have certain advantages and
disadvantages. The three methods are complementary to
each other, each providing a necessary part of our criteria.
By making this combination, we expect to tackle the prob-
lem of the discrepancy between low-level image features
and high-level concepts.

The query-by-example technique is suitable for the ini-
tial query formulation. The technique allows for a query
to consist of an example image. The advantage is that the
user doesn’t have to specify the query in terms of low-level
features, but can point out one or more example images. Af-
ter image retrieval, browsing allows the user to move effi-
ciently through the retrieved images to locate the desirable
ones. The purpose of this technique is to get to a quick
overview of the retrieved images. Relevance feedback is a
technique which allows for several search loops in which
the user can refine its query. This technique helps the user
to refine the initial query and converge to the desired images
in a sequence of steps by interaction.

We will apply the retrieval method on photographical im-
ages containing a wide variety of outdoor images, including
images of nature (wildlife and landscapes). The purpose is
to find similar groups of images in the database and not an
exact match. In our experiments, we will focus on the Corel
Stock Photo image database.

This paper is organized as follows. In Section 2, related
work is discussed. An overview of the image retrieval sys-
tem is presented in Section 3. Experimental results are dis-
cussed in Section 4.

2. Related Work

Recently, the search for images is being done on the In-
ternet. Many new enterprises on the Internet, like Lycos and
Yahoo!, specialize in retrieving information from the web.
This information consists for a large part of visual infor-
mation, which creates a growing need for efficient retrieval
techniques for images. Today, as a consequence, many
search systems are based on visual content [4, 8, 13]. Un-
fortunately, images and user queries can not be specified in
semantic terms (e.g. “skiers in the snow”). Also, low-level
image features, extracted from the images, are often too re-
stricted to describe images on a semantic level [9]. This
results in a discrepancy between syntactics and semantics.
Some systems have paid attention to this problem [3, 11, 2].

Cox et al. [3] developed PicHunter, a retrieval system de-
signed to test a novel approach based on a Bayesian frame-
work to relevance feedback. PicHunter is designed to have a
minimal, “queryless” user interface, so that its performance
reflects only the performance of the relevance feedback al-
gorithm. In each iteration of the search, the N most prob-
able data are shown to the user, and the user’s response
is then used to update the probability distribution. At any
given time during a search, four images are displayed on the
screen. The user can select one or more images by clicking
on them with the mouse. In this way, relevance feedback
can only be performed by a selection out of four images.

Santini et al. [11] define an interface and an interaction
model that mixes browsing and searching, that allows users
to explore the image space in search of meaningful images.
Rather than choosing individual images, the user can choose
a whole region as interesting and the user can rearrange
them directly into the display, dragging similar images close
together and dissimilar images apart. They developed an
exploratory interface for their image database El nino.

The objective of Chen et al [1] is to present hierar-
chical algorithms for efficiently organizing and searching
an image database, particularly when they become large
(¿10.000). They present the following tools for managing
large image databases: 1) A fast search algorithm which
can perform exact search. 2) A hierarchical browsing en-
vironment, which is called a similarity pyramid, which ef-
ficiently organized databases so that similar images are lo-
cated nearby each other. In this way, the database is or-
ganized logically and predictably so that users can find the
images that they need.

We believe that the user is benefited by a browsing en-
vironment with a wide choice of images to select as rele-
vant. For this reason, we implement a browsing environ-
ment which will allow the user to keep an overview and
select multiple images as relevant. For this reason, this im-
age retrieval system is based on the work by Chen et al [1].
We integrate this browsing environment for the application
of finding broad categories of images. Chen et al. con-
centrated on finding a fast search and clustering algorithms.
Our goal is to see if this method is suitable for our applica-
tion. Besides, we adapted the similarity pyramid according
to our needs.

Verschil: B: pruning and reorganization, wij niet. B: By
moving up or down the pyramid structure, the user can ei-
ther zoom out, to see large variations in the database con-
tent, or zoom in, to investigate specific areas of interest.
Wij: Only four images are shown to the user at each level.
The top of the pyramid is shown first and the user can then
decide which similar images he/she is looking for and move
up and down the tree.



3. Approach

The idea of this composite image retrieval method is as
follows: initially, we start with the query-by-example tech-
nique. The advantage is that the user can formulate the
query in the form of an example image. For this purpose,
standard images are taken from the image database. The
user can select some images for the first retrieval operation,
which should be treated as a trial run only, to retrieve a few
useful items from a given collection. Based on the extracted
image features a search is done on the image data set.

The set of most similar images will be retrieved and dis-
played on screen in the form of a hierarchical organized rel-
evance pyramid. Each level of the pyramid is organized so
that similar images are near one another. This pyramid is re-
ferred to as relevance pyramid, based on the work by Chen
et al [1]. The bottom level of the pyramid is filled with the
K nearest images retrieved from the database and clustered
in groups of four. Each cluster consists of images that are
very similar. Then, the pyramid is filled with the most rep-
resentative image of every cluster. In this way, at the top
levels of the pyramid, each image is a representative exam-
ple of all the images at lower levels, which are filled with
roughly similar images. This two dimensional organization
allows users to smoothly browse across the images in the
database. The benefit of browsing in the relevance pyramid
is that an ordering is present, so the user doesn’t need to
browse randomly to find images of interest.

The user is allowed to remove or add image from/to the
set of desirable images, which is called the relevance set.
The system reorders the data set, according to the relevance
feedback, and returns a new pyramid to the user until the
user is satisfied with the results. In this way, the user can
refine the query in an intuitive way and search statements
can be refined without exact knowledge of the database.

Let’s say, a user is looking for sunny outdoor scenes.
First, the user is confronted with a subset of images in the
database on the left side of the user interface, from which
the user can select an image to put in the relevant set on
the right side of the interface. Then the image query is pro-
cessed and a search is done in the image database on the
basis of color. From the k-nearest images found, the rele-
vance pyramid is formed. This pyramid is presented to the
user in the user interface. Now, the user can browse through
the relevance pyramid by moving up and down the pyramid
by clicking on the images. In this way, new images that
fit the target description (sunny outdoor scenes) can be for-
warded to the relevance set. If the user is not satisfied with
the retrieved result, a new relevance feedback loop can start.
The user can form anew query in the relevance set and again
a search is done.

4. Color Information

The choice of image features is an essential step in the
development of a retrieval system. The nature and the qual-
ity of these features determine the practical use of the im-
age retrieval system. We focus on the purpose of the ap-
plication when users have a broad category of images in
mind. The description of the image category can be a gen-
eral one. In particular, we want users to be able to search for
scene categories, and genre categories. Images in the same
scene category present a similar situation, like soccer, sun-
sets, forewsts. Images in the same genre category induce
the same emotion. It is assumed that scenes and genres can
be characterized by color information [?]. Therefore, for
this application, the problem is reduced to finding the right
color characteristics to capture different scenes or genres.
In general, color-based retrieval is similar to the problem of
finding images whose color distribution is globally similar
to that of the query image.

As an example, if users are searching for image sin the
same genre, they may be searching for warm images, which
typically contain the colors red and orange [cite??]. Or
users may be searching for scary feeling images, which may
contain the colors black and/or purple. Different types of
scenes in images can also be characterized by their color
schemes. For example, pictures of beaches contain mostly a
region of sand (yellow) and a region of sea (blue). Also, pic-
tures of nature of a certain season have characteristic color
patterns, think of typical summer or fall scenes.

Color can be described by different color systems. Ac-
cording to inherent characteristics of human perception, a
color system is mostly a three-dimensional space arrang-
ing the visually perceivable colors. This geometric order-
ing provides each color with a corresponding position in
the space. The goal of a color system is to represent and
classify colors objectively and to provide a way to express
color differences.

Color systems have been developed for different pur-
poses [5, 6]. With this large variety of color systems, the
question arises which color system to use for this appli-
cation. Assuming the samples have been recorded under
the same imaging conditions (i.e. camera, illumination, and
sample pose), a perceptual uniform color system is most
suitable [5].

A perceptual uniform color space facilitates the classifi-
cation and the distance of colors as they are perceived. It has
the objective of determining color difference by measuring
the Euclidean distance, which separates color points in this
space. The Lab color space developed by the Commission
Internationale de L’Eclairage (CIE) in 1976 is such a per-
ceptual uniform color space. The Lab system is based on
the opponent color theory, computed form the XYZ color
system, and is the most widely used system [5]. The sys-



tem has the property that the perceived color difference of
two colors correspond to the Euclidean distance between
the two colors in the color system. This property holds al-
most everywhere in this space, excepts for some hues (red
exhibits a larger range than green and blue; colors close to
gray are poorly discriminated). In conclusion, close colors
in this space correspond to perceptually close colors. There-
fore, we will model color in the Lab color space.

5. Method

5.1. Image Representation

After image feature extraction, a representation scheme
is needed. The goal is to represent image in a n-dimensional
feature space, where each image is captured in vector form.
The vector space is made of n different color axes. Fur-
ther, when retrieving images, some colors are more impor-
tant than others and can therefore have different weights as-
signed to them.

Images are represented by their color histogram. A color
histogram can be seen as a vector ... in a n-dimensional
feature vector space, where each element h represents the
number of pixels of the image having the color j labeled
by its color coordinates. In fact, a color histogram counts
the number of colors occurring in the image. It has been
shown that color histogram are invariant to translation and
rotation about the viewing axis, and change only slowly un-
der change of angle of view, change in scale, and a large
amount of occlusion [12].

Further, attention has to be paid to the selection of the
similarity function used for the comparison of histograms
derived from the images. The color histogram of the query
image will be compared to the color histogram extracted
from the images in the database. The similarity function
is chosen according to the following criteria: highly dis-
criminative power, metric. This results in the following for-
mula [?]:

formule Salton and Buckley
, where N is the number of images in the database and

n denotes the number of images to which a feature value is
assigned. In this way, features are emphasized having high
feature frequencies but low overall collection frequencies.

5.2. Search

To apply similarity queries on feature vectors, it is re-
quired to develop an index structure,l which supports near-
est neighbor queries efficiently. In this way, the set of im-
ages similar to a particular query image, is retrieved by
searching for feature vectors close to that of the given im-
age. Existing multi-dimensional indexing techniques in-

clude Bucketing algorithm, k-d tree, priority k-d tree, K-D-
B tree, hB-tree, R-tree and its variants R+-tree and R-tree.

One of the most promising approaches is the R-tree and
its numerous variants (the SR-tree, the R+-tree, the R-tree,
etc.). Unfortunately, the complexity of most search algo-
rithms grows exponentially with the dimension of the vector
space, making them impractical for dimensions above 15.
Such high dimensionality is present in this image retrieval
system. It has been shown that the SR-tree outperforms
the R-tree in the context of high dimensionality [7]. The
k-nearest neighbors are found by using an efficient compu-
tational algorithm. To that end, the image feature space is
indexed by the SR-tree.

5.3. Clustering

After the k-nearest images of the query image are found,
they are clustered in a three dimensional pyramid structure.
The lowest level of the pyramid consists of all the k-nearest
images clustered in groups of four. At every higher level,
the image that represents a cluster is presented. In this way,
most similar images are at the top of the pyramid. The goal
here is to offer the user the capability to browse through the
images and decide which images are relevant and which are
not. Images that are close together according to their color
and similarity measure, need to be close together in the sim-
ilarity pyramid. To accomplish this, a clustering method is
used. Bottom-up (agglomerative) clustering seems to offer
superior performance for browsing application [1].

The relevance pyramid consists of a quad-tree based gen-
erated by the agglomerative clustering algorithm. Agglom-
erative clustering is based on a proximity matrix that con-
tains the distances between all pairs of images in a collec-
tion. We start with each data point forming its own cluster
and gradually merge clusters until all points have been gath-
ered together in one big cluster. In the beginning of the pro-
cess, the clusters are very small and very pure - the members
of each cluster are few, but very closely related. Towards
the end of the process, the clusters are large and less well
defined. In other words, for a collection of N images, N-
1 fusions take place to result in a hierarchic classification
in which small clusters of closely related images are nested
within larger and larger clusters of less related images.

Herschrijven: The creation of the proximity matrix is the
first step of the agglomeration algorithm and works as fol-
lows. The proximity matrix is a table of all the pair-wise
distances between points. At the beginning of the process
there are N rows in the table, one for each record. Next, we
find the smallest value in the priximity matrix. This identi-
fies the two clusters that are most similar to one another. We
merge these two clusters and update the proximity matrix by
replacing the two rows that described the parent cluster with
a new row that describes that distance between the merged



cluster and the remaining cluster. There are now N-1 clus-
ter and N-1 rows in the proximity matrix. We repeat the
merge step N-1 times, after which all images belong to the
same large cluster.

The distance between clusters is measured according to
the complete linkage approach. In this method, the distance
between two cluster is given by the distance between their
most distant members. This method produces clusters with
the property that all memebers lie within some known max-
imum distance of one another. Complete link clustering is
dilating, and therefore tends to create balanced trees [1].

The mapping of the quad-tree to the pyramid is per-
formed starting at the leafs of the quad-tree and moving to
its root. The leafs are formed out of the original k-nearest
neighbor images found in the search. For example, if 128
nearest neighbor iamges are found, there will be 128 leafs
in the quad-tree. For every four images in the clusters at the
lowest level of the quad-tree, the most representative image
is taken to fill the next level up the pyramid.

We use that histogram-based distance measure between
images. We use the same distance measure to decide which
image will be bubbled up to form the relevance pyramid.
We do this by calculating the median of the leafs attachted
to the emply node.

5.4. Relevance Feedback

If the user is not satisfied with the retrieved result, the
desired images can be selected by the user and put in the
relevance set. Together these images are the new query for-
mulation. The reformulated query can then be compared
with the images in the database in a new search operation.

The aim of relevance feedback is to construct new
queries with a greater degree of similarity with the images
previously identified as relevant than the original queries.
At the same time, the new queries are expected to be less
similar to the images identified as non-relevant. The as-
sumption is that the reformulated queries will retrieve more
images resembling the relevant ones previously retrieved,
and fewer images resembling the non-relevant ones [10].
An effective feedback query following the retrieval of n rel-
evant images can be formulated as:

formule salton88.

where I represent iamge vectors, —I— is the corre-
sponding Euclidean vector length, and n is the number of
relevant images in the collection. Q and Q denote the image
feature vectors constructed for initial and the first iteration
image example queries. The summation is taken over the
relevant images.

6. Experiments

We present experimental results to test the retrieval per-
formance of our method, using databases of 5.000 images
containing a wide variety of photographical outdoor images
including images of nature (wildlife and landscapes). In
these experiments we try to show that the browsing oppor-
tunity of the similarity pyramid in combination with the rel-
evance feedback method allows the user to focus on the pre-
ferred images. The preferred images are of the same scene
or genre category, as defined by an individual user.

Three types of searches for the testing of the retrieval
performance are distinguished [3].

� Target search. Users try to find specific target images.

� Scene by Category Search. Users seek one or more im-
ages from general categories such as: sunsets, forests,
soccer. This is more complex than target search be-
cause it places more emphasis on the semantic content
of images.

� Genre by Category Search. Users seek one or more
images from categories which induce a certain emo-
tion, such as: cold, scary, harmonious. This is even
more complex than scene by category search because
the content can only semantically be described and re-
quires subjective judgments.

Doing experiments for each search type is important, but
it is hard to find good measurements for the genre and scene
searches, as it is hard to define those categories. For target
search there are no such problems and several clear mea-
sures of effectiveness exist. Though target testing is directly
analogous only to target search applications, systems which
perform well on target testing are likely to perform well for
scene and genre category search as well [3]. To this end,
target testing is a useful paradigm for quantifying the effec-
tiveness of our image retrieval system.

6.1. User Profile

To measure the performance of the retrieval method, we
set the following user profile. We assume that 4 relevance
feedback loops is the most a user would be willing to do.
This implies that the system is unsuccessful if the target im-
age is not found within 5 retrieval sessions. Another as-
sumption is that the average number of user interactions in
the similarity pyramid is at most 15 mouse clicks. Also, the
average time it takes to find the target image within each
feedback session is approximately 30 seconds. These as-
sumptions are derived from various trial sessions.

Relevance feedback is implemented in such a way that
users can choose up to 6 images in the relevance set. These
new images in the relevance set form the new query. The



new query features are calculated by taking the mean of the
features of the image sin the relevance set. The relevance
set can contain the original example image, but can also
contain newly found images in the similarity pyramid.

7. Conclusions

In this paper, the goal is to introduce a new method of
image retrieval. We combine the following three techniques
for image search; query-by-example, browsing, and rele-
vance feedback. The purpose of the application is finding
images of the same scene or genre. After doing various ex-
periments, we come to the conclusion that this method is
effective for the purpose of this application. In general, it
improves the query-by-example method with almost 300%.
The technique is suitable for scaling both the database and
the similarity pyramid. Further, the color spaces Lab and
RGB are both suitable for the perceptually uniform repre-
sentation of images in this application. In conclusion, this
new retrieval technique offers the user a good opportunity
to focus on the desired images.
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