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Abstract — In this paper, the authors propose an inferactive
graphical interface suitable for semantic browsing of an image
database. This interface allows user to explore the effects of
Seatures integration, multi-image queries and relevance feedback
in enharcing the performance of an image retrieval system.

Single image query is the retrieval model that is traditionally used,
while the authors propose the implementation of a new
methodology consisting of multiple query Iimages. Features
integration and feedback improve the performance of the proposed
system significantly. These lechniques require an interactive
interface which is able to gather information from user and to
show him the view of the image database closest to his
requirements.

I. INTRODUCTION

The rapid and continuous development of the information
technology has enormously increased the number of
computer applications. Indeed, the computer is becoming
more and more present in every day life for many people. In
order to favour this computer intrusion in every day life, it is
mandatory to study and realize a considerable number of
human machine interfaces suitable to provide the access
based on human spontaneous communication abilities {1, 2].

Image databases are an interesting framework for the
study of user interfaces. The main problems in the creation
and management of large image databases regard the
modality of efficient image indexing and the creation of an
interface that allows user (0 explore the content of the
database. The point of question is how to develop a system
that gives to users an environment in which they, from
different background, can perform queries with semantically
relevant retrieved items and without much training.

In the latest few years the content-based image retrieval
(CBIR) has appeared in the literature [3, 4]. This appreach is
based on the process of retrieving the desired image from a
large collection on the basis of a set of visual features that can
be automatically extracted from the images themselves
(syntactic data representation) [5]. The image features, that
are commonly used in CBIR to describe the image syntactic
components and retrieve images from a database in automatic
processing (no human assistance), are color, texture, shape
and 2D spatial relationships [6, 7, 8, 9].

The performance of CBIR is considerably improving in
the latest years, but they do not seem to be able to cover the
semantic gap {the difference between the similarity idea of
users and the similarity criterion used by image database
system) vet. Indeed, CBIR differs from the classical data
retrieval systems because image dalabases are essentially
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unstructured, indeed digitalized image consists purely of
array of pixel intensities without any inherent meaning.

In order to overcome this problem, innovation in image
retrieval systems are the introduction of relevance feedback
concept and semantic clustering. Essentially, in the first
approach user is seen as a part of query process and this
becomes a cycling one that allows user to reach the desired
results by means of successive approximations. With this
approach, the process of querying the database should not be
seen as an operation during which images are filtered and
based on the illusory preexisting meaning, but, rather, as a
process in which meaning is created through the interaction
of user and image database [10].

The clustering technique is used to classify the images into
different semantic clusters in order to narrow the queries to a
specific category quickly.

The aim of this paper is to present a two layers interface
that allows users to interact with an image retrieval system
which is able to improve the performances of classical image
databases using relevance feedback, local and global feature
integration and multiple query model [11].

II. RELATED WORK

A large number of experimental systems have been
developed to demonstrate the feasibility of the new CBIR
techniques and in particular the effectiveness of the relevance
feedback approach.

The noteworthy systerns, from the point of view of the
interface adopted are:

» El Nifio: is the collective name of a group of search
engines, interface tools, and communication and
integration modules for managing image repositories
developed by S. Santini and R. Jain. The answer of the
database to a query is not a list of images, but a
representation of the images distribution in the database.
The way in which the images are arranged on the display
and their mutual distance reflects their similarity as it is
currently interpreted by the system. This feedback
mechanism constitutes the fundamental interaction mode
between user and database, but other collateral tools can
be attached to the interface as visual concept and visual
dictionaries [12].

»CIRES: is a robust image retrieval system that serves
queries ranging from image containing conspicuous
structure, such as buildings, bridges and towers, to image
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containing purely natural objects, such as vegetation,
water, sky and clouds. This system implements the multi-
image queries, relevance feedback and features
integration methods [11). Using the multi-image queries
the similarity assessment is done using the following
formula:
D(X;, 8) = min, d(X, S¢)

Where X; denotes the i"® image in an image database X, S
represents the set of query images provided by user and D
is the distance of the image X to the set S.

IIL PROBLEM OVERVIEW

User sees an image retrieval system as an interface that
gives him the possibility to explore image database. In the
proposed evaluation, the exploration interface is composed by
three spaces and a set of operators applied to them. The
spaces are:
¥ Features space . the traditional retrieval methods are

based on the low-level features extraction from image
{color, shape, texture, position, etc.), in order to
generate a data vector (often called signature). This data
vector contains data which are easier to handle than
those of the original image. However it is able to
represent the image in all the retrieval processes. Fis an
n-dimensional space, which is defined by the
coefficients used to represent the images in all the
retrieval processes. This space is topological, but a
metric is not defined on it.

% Query space Q : this space is the feature space endowed
with a metric. This metric is derived by user’s query so
that the distance between an image and the origin of the
space defines the degree of “dissimilanty” of that image
from the cwrent query. The distance function used in
this space depends on a number § of parameters € ®
These parameters can be used to represent the current
degree of database approximation to user’s similarity
idea {semantic space). Let w be the parameters that
define the distance function where 1< i< §, and let ¥/, ¥
be the features set associated to the images X and Y
where 1< j <n, then the distance function can be written
as:

f: @IV oy, e mmx® Sxy He &
At this time, the query space is a metrical one, and so it
is possible to define other operations in it. An example
of these operations is the distance from origin that,
given a feature set X/, returns its distance from the origin
of the query space (the query itself):

Do(x)=R0.x'u")

Figure 1 shows a typical graphic representation of a query

space.

» Display space @ is the space in which the images are
presented to end-user. This space is often two or three
dimensional and with it user can interact to modify
some system parameters (in this work query and
distance function). One of the most important problems

of this space is the way in which displayed images are
arranged.  Displaying the entire database s
impracticable, so the retrieval system applies to the
query space Q a k-nearest neighboring operator. This
operator returns the k images that are closest to the
query: o _ _
N(k)={x"[{¥"Do(y")<Do(x) }[<k)}

It is noteworthy that this operator is applied to the
query space because a metric is not defined on the
features space. In this work k is 20.

v, SYSTEM OVERVIEW

In this work, the authors intend to investigate a two layers
interface for a relevance feedback image retrieval system.
The first layer allows user to select the query stimulus using
the query by example method, while the second one is
suitable to gather information from user in order to
implement two kinds of relevance feedback.

The first kind of relevance feedback allows user to modify
the weights (i where 1< i< B using the symbols of the
previous section} of a similarity function that melts two
different signatures, while the second one allows user to use
the multiple query images system.

Figure 1 - A typical graphic representation of a query space. In this
picture the coordinate X and Y of each point are respectively the
distance of an image from the origin of the space computed using as
signature angular spectrum and string distance. The luminosity of
each pixel is directly proportional to the number of images that have
the same distance from the origin of the space.

The system uses two signatures: angular spectrum [13]
that is a global feature and a signature obtained by means of a
new approach to local directionality feature that is a local
one. Angular spectrum is related to the main orientation of
the objects that are present in an image while local
directionality is used to obtain a signature (that we call
“string signature™) that describes the shapes in an image by
means of textual strings composed by the following
characters: “-“, |”, ™\, "/, "0” [14]. The twe features are
tested and the results, in terms of effectiveness, are really
good [13,14].
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The authors have developed a retrieval environment in
which there are:

> Three feature spaces (sets) €1 < ®°, 7z < SV,
where S={“-"", "\, 70"} and F3 © R xS F1
is defined by the signature angular spectrum, 2 by the
string signature obtained by the local directionality
feature and 3 is the Cartesian product of FIxF2.

» On these spaces three query space are defined by
determining three different distance functions:
o Q1 that is obtained applying on FI a weighted

Euclidean distance;

dwln,m)=w,,, *d(n,m)
where the weight w, , depends on the distance

between the largest term of the reference image
signature and the largest term in the first band
(terms 1:10) of the examined signature;
0Q2 that is obtained defining on %2 the string dist
function. This distance is achieved by using the
transform list concept. A transform list is a list of
strings, where each string, except for the last one,
can be changed to the following string by adding,
deleting or replacing a character. The length of a
transform list is the count of strings minus 1 (that is
the count of operations to transform these two
strings). The distance between two strings is the
length of a transform list from one string to the
other with the minimal length [14].
cQJ that is obtained defining on 3 a weighted
distance function f that, using the above symbols, is
so defined:
[ PIXERRIR YV (xy,uP) e Frxrx®® Dfxy b e &
» Two different display spaces @1 and @2. @I is used to
display simultaneously Qf and Q2 For practical
problems, @1 displays only the results of a k-nearest
neighboring operator applied both to Q7 and Q2, where
k=20, With ©f user can interact to give to the system
the relevant feedback in order to change the query
point, ©Z is used to display the results of k-nearest
neighboring operator applied to Q3. With @2 user can
interact to change the values of the parameters [ of
the distance function f.

V.RETRIEVAL AND SEMANTIC CLUSTERING

In the traditional image retrieval systems, the similarity
between two images is determined on the base of the distance
between the feature vectors of the images in the feature
space.

An interesting question is about the measurement method
to utilize while computing the distance between two
signatures. In this work a weighted Euclidean distance has
been utilized for the angular spectrum signature while the
Siring Distance method has been utilized for the string
signature. Therefore, the content-based retrieval process is
normally performed on individual features.

However, the low level features, utilized to indexing the
image in the content-based retrieval systems, do not
precisely represent the semantic of images. Thus, the feature
vectors of some semantically irrelevant images may be
located very close within the feature space. Let us consider
two images representing sea and sky, using the feature
vectors given by the color histogram, the distance between
these images is very small, but they are not semantically
similar. In this way, given a query whose feature vector is
located in the neighborhood of the feature vectors of these
two images, both images have a high probability of being
retrieved togheter in response to the query. Thus, the
indexing itself, based on the closeness of feature vectors in
the feature space, may not sometimes provide satisfactory
results.

To reduce this problem, researchers have been studying
the clustering of database images. Clustering is an important
technique used to discover inherent strycture inside a set of
objects. Clustering algorithms aitempt to organize unlabeled
pattern vectors into clusters or “natural groups” so that points
within a cluster are more similar to each other than to points
belonging to different clusters.

If the database images are successfully classified into
different semantic clusters, a visual query can be quickly
narrowed to a specific category. Therefore, image retrieval
can proceed effectively and efficiently. However, different
semantic clusters can have arbitrary shapes and overlaps, so,
it may be impossible to detect and specify them accurately.

In literature, many clustering methods of database images
have been proposed [15], [16]. In [17] the authors propose the
use of a “human domain expert” to categorize the semantic of
the image databasc assuming that the semantic of the image
database is well defined. For each semantic cluster so
obtained, the centroid is computed and then it is utilized as
“templates™ to represent the entire cluster.

Often the semantic of the image database is not well
defined because the meaning of an image is a subjective
concept. In literature there are many works [10] that
demonstrate that the goal of the interaction between the user
and the image database is not so much to retrieve images
based cn a preexisting semantic but to create image semantic.

The system presented by this work is an interface that
allows user to discover semantic cluster using the relevant
feedback approach. Indeed, the centroids, computed during
the relevance feedback phase, are surely correlated with the
user’s semantic concept and so they can be utilized as
“templates” to represent the entire semantic cluster as shown
in{17].

VI USER INTERFACE AND QUERY PROCESSING

The proposed system adopts a two layers interface: the
first one is used to select the stimulus for the query, while the
second one is employed to implement the mechanism of the
relevance feedback. In the first layer (Figure 2) the system
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implements the query by example method. User can choose
an image among those stored in the image database.

The so chosen image is used to endow the two feature
spaces F1 and F2 with a metric as explained in section II1.

Figure 2 - The first layer of adopted system

In this way two query spaces Qf and Q2 are obtained. Now
the retrieval system applies to each query space Qf and Q2 a
k-nearest neighboring operator (with k=20). In this way the
two display spaces DI and @2 are obtained. They are shown
in figure 3.

User can act on ®©f and ®2 in order to realize two
different relevance feedback methods. At the bottom of the
windows there is a slider control on which user can act to
choose the weight that the system will use in the similarity
function to melt toghether the two signatures.

Various features may play different degrees of importance
in making the decision about ordering database images.

Figure 3 - The two display spaces after the first retrieval step

The ordering process must assign weights to the results
obtained from the subqueries. In human perception, these
feature classes do not have the same importance in
distinguishing images. Thus, visual retrieval systems must
consider the importance degree of each feature class to
determine the overall similarity of database images to the
query image.

The proposed system, like most of the current image
content-based retrieval systems such as Photobook [18] and
QBIC [3], uses a weighted linear method to combine the
similarity measurements of different feature classes.

This first method of relevance feedback acts on Q3 and is
used to deform this space (varying the scale of each axis) in
order to change the similarity criterion exploited by the image
database. This mechanism of relevance feedback is suitable
to analyze the influence of the ratio between local and global

visual features in the human similarity assessment criterion.
Indeed, in view of the fact that the two used signatures are
one global and one local, when user acts on the slider control
in order to increase the weight of a feature in comparison
with the other, he chooses that for his criterion of similarity, a
kind of feature (local or global) is more useful than another
one.

In figure 3 there are (01 on the left side and ©2 on the right
side. On right side of each image there is a check button on
which user can act to indicate if that image is relevant or not
relevant in relation to his similarity criterion, Using these
elements user can place a query to the image database using
the mechanism of the relevant feedback with multiple query
images that is the second mechanism of relevant feedback
which the authors are investigating. Indeed, once that user
indicates all the images that he considers relevant to his
similarity criterion, the system will compute the centroide for
cach set of relevant images.

The centroide relative to the set given by the angular
spectrum method is computed in a natural way. It consists in
computing the mean vector of the vectors (signatures)
associated to each relevant image. It is clear that the same
method is not applicable to the string signature, indeed, each
element of this signature represents the prevailing direction of
the edges drawn in a given zone of the original image. In
order to overcame this problem, a probabilistic approach has
been utilized. Given a set of string signatures (those relative
to the relevant images), each element of the centroide
signature is computed analyzing the corresponding element
of every relevant signature and keeping the most frequent
one.

The so obtained centroids are used as a new stimulus (one
for the angular spectrum and one for the string signature) for
the query. In Figure 1 a large number of clusters of images
are clearly evident in certain zones of the query space. With
the proposed method of relevance feedback it is possible to
explore this space by means of small movements into the
cluster containg the stimulus. The proposed interface allows
user to fall into another neighborhood cluster by means of an
appropriate selection of relevant images (tipically the farthest
from the stimulus) in order to explore the entire image
database.

Most of the image retrieval systems suppori only the
single query medel. In this query model, the image database
has to find the images which are similar to a given stimulus.

However, the use of more than one query images is useful
for detailed knowledge representation. An advantage of the
proposed multi-query model is in using the cluster centroid of
a set of images as query stimulus. Of course, this set of
images is semantically correlated to user taste because it is
explicitally chosen by him. So the proposed interface
becomes a suitable tool for semantic browsing of the query
space.
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VII. RESULTS

The experiments have been performed on an image
databasc of 7,474 images. The database consists of many
classes, for example images of airplanes, ships, animals,
landscapes, cars, pictures, and other.

Figure 2 and 3 present a query of airplanes. Figure 2
displays the query stimufus, while figure 3 presents the
results obtained using just the query image. In @1 7 images
of airplanes are visible (a precision of 7/20=35%), while in
@2 there are 8 images of airplanes (a precision of 8/20=40%).

Figure 4 shows the results of multi-image feedback when
all the airplanes of figure 3 are used as feedback images, It is
observable that the number of retrieved images containing
airplanes in figure 4 increases to 13 in 1 and to 16 in @2, a
precisoin of 13/20=65% for 1 and 16/20=80% for ®2.

VIIL CONCLUSIONS

With the rapid development of information technologies,
the amount of multimedia information increases explosively.
This involves a growing need for systems that allow users,
from different background, to perform queries with relevant

Figure 4 - D1 and @2 after a series of multi-image relevant feedback
steps

In the latest years various techniques have been proposed
for retrieval in image databases.

CBIR systems are obtaining good results but they seem to
be unable to cover the semantic gap.

Relevance feedback seems to be a promising technique
because user interaction may provide some information, to an
image retrieval system, that is difficult to obtain
automatically.

In this work the authors have implemented an interface
suitable for gathering information from user and to show him
the view of the image database, which is semantically closest
to his requirements, In this way, the proposed interface can be
seen as a tool for semantic browsing of the query space.

The search engine of the proposed system uses two
methods of relevance feedback, the multi-query model, and
the integration of a local feature and a global one. The

integration of these two types of features allows us to study
the influence of the ratio between local and global visual
features in the human similarity assessment criterion.

As the proposed results show, the introduction of the
multi-query model boostes the performance of the retrieval
system meaningfuily.

Future research will focus on the evaluation of the
relationship that exists between the clusters computed by
using relevance feedback (human assistance) and those
obtained by using automatic algorithms.
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