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ABSTRACT
A content-based imageretrieval (CBIR) system has been con-

structed to integrate rel evance feedback with triangle-inequality

based algorithms. The system offerstypically 20to 30 times
faster retrieving speed with minimum sacrifice of retrieval

performanceon Corel database consisting of more than 17,000

images. The theoretic framework is built by using triangle-
inequality based algorithms at sub-feature level and using
relevance feedback techniquesat featurelevel. Results show
retrieval performanceis clearly improved over the approach
with only triangle-inequality based algorithms. A new high
level weight updating method for the hierarchical distance
model for relevance feedback is proposed.

1. INTRODUCTION

Relevance feedback is one promising technique trying to
bridge the gap between high level concepts and low level
featureq[1] in CBIR. Thislearning techniquein general tries
to update the similarity measure in form of a generalized
weighted Euclidean distance, then usesthis measureto com-
pare the distance between query image and images in the
database. When the number of images in the database is
very large, it is extremely time-consuming to calculate all
the distances. Also sorting the distances can take a long
time. For large image databases, relevance feedback can
not help to solve thislong computation problem.

To tacklethis problem in large image database retrieval
anumber of triangle-inequality based algorithms have been
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proposed from the University of Washington[2]. In their
scheme, several sets of key images are pre-selected. The
triangle-inequality principleis used to eliminate any database
image whose lower bound of distance to the query imageis
larger than agiven threshold. The number of key imagescan
be made much smaller than that of the databaseimages, thus
a majority of direct distance calculations can be avoided.
Hence the retrieval speed is greatly increased. However in
[2] the system lacks the performance-boosting schemeslike
relevance feedback so the fixed distance measure can hardly
satisfy different users’ ways of defining their own similarity
measures.

A schemeintegrating the af orementioned two approaches
can accompany each other for largeimage databaseretrieval
applications. This paper is astudy on the feasibility of such
a scheme. The rest of the paper is organized as follows.
Idea on integrating the above two schemes is described in
Section 2. Our proposed method is presented in Section 3.
A new high level weight updating method for the hierarchi-
cal distance model for relevance feedback [3] is discussed
in Section 4. Section 5 details our experiments and obser-
vations. Section 6 concludes and discusses some future re-
search directions.

2. INTEGRATING RELEVANCE FEEDBACK AND
TRIANGLE-INEQUALITY BASED ALGORITHMS

Before integrating the above two approaches, there is one
major problem that needs to be solved. Triangle-inequality
based agorithms have to know the distance measure with
respect to a visual feature beforehand. But relevance feed-



back keeps updating distance measure function. Fortunately
there exists more than one layer of distance measure in the
relevance feedback framework. For example, the overal
similarity between two images depends on how similar they
arein color, in texture and in shape and so on. Also let how
similar they are in color depend on how similar they arein
red, green and blue. Triangle inequality based algorithm
can be used at the red, green and blue level using a fixed-
weighted distance measure and relevance feedback can be
used to update weights associated with color, texture and
shape and so on. In this way the best of two worlds can be
put together.

3. PROPOSED APPROACH

A relevance feedback CBIR system with triangle-inequality
based algorithms is proposed. The relevance feedback is
partial in that only the weights associated with visual fea-
tures are updated. Remember these weights are at higher
level in the weight hierarchical tree structure asin [1]. A
normalized Euclidean distance measure with fixed weights
is used for sub-featurelevel distance formation.

Parallel to the problem formation in [3] and follow their
term symbols, our problem is formed as follows: Find an
ideal query Q= [q1, ..., ¢;, ... ¢ar] from those images speci-
fied as relevant by the user to minimize:
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where M is the number of visual features, subject to the
following constraint:
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whereelementsof 7 are relevance wei ghtsgivento relevant
images and elements d,, of d= [d1, ..., dn, ..., dy]" repre-
sents overall distance between the n-th relevant images and
the ideal query Q. N is the number of relevant images. d,,
is explicitly expressed as a linear combination of distances
gni With respect to thei-th feature such as color, texture and
shape.
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and g, = [gn1, s Gnis -y ] - IN OUF System color, tex-
ture and structure features are used, so there M = 3.
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is an Euclidean distance with fixed weightsandi = 1, ..., M.
With Lagrange multiplier method, the above problem

is transformed into minimizing the following entity: L =
N

T
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Solutionto g; is:
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where each row of matrix X ; isafeature vector representing
the i-th feature for an image. The derivation is very similar
to that in [3, 4].

Solution of u; is such that first derivative of L with re-
spect to u; iszero, i.e,
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With distance measure specified in Equation (4), aset of
key images can be selected for each visua feature. The k-
means clustering method is used to cluster the database and
the centroid image from each of these clustersis chosen as
key image. This method is one of the methodsusedin [2].

Algorithm speeding up rel evance feedback with triangle-
inequality is summarized as follows:

1. Initialization:

e For eachvisual featurevy, v, ..., vps, theweight
vector u isinitialized with u; = - fori =1,
.., M. Inour system M = 3.

2. lterations:

e Let the user select images as relevant ones to-
gether with their degrees of relevance.

e Form aquery Q based on Equation (5).
o for eachimage| in theimage database do begin
(a) caculate the lower bound of distance be-
tween | and Q for each feature i over all
key images. Let us denote it as /;. Put
—
al of them in vector form and we get | =
11, diy ooy Inr]
(b) Calculate the distance f; = S0, T gni

between Q and relevant images for each vi-
sual featurei.

(c) Update U uS ng Equation (7).
(d) Calculate lower bound of the overall dis-
tance between | and Q. Denote it as LB(Q,
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(e) Compare LB(Q, I) with a given threshold
T.If LB(Q, 1) > T, then eliminate |.

e Sort those images that are not eliminated ac-
cording to their lower bounds in ascending or-
der. Return a specific number of images with
shortest distance to Q. In our system, this num-
ber is 20.

3. Continuethe aboveiteration until convergence.

4. DISCUSSION

Theconstraint on u;’sin Equation (2) in [3] isabit different
from the one proposed in this paper. There the constraint
takes the following form:

M
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and the update formulafor u; is:
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Therelationship between u; and f; in both Equation (9) and
Equation (7) is worth studying. In both of these equations,
when f; changeswhileall f;'s are kept constant forj =1, ...
i-1,i+1, ..., observationsare that the bigger f; is, the smaller
u; iS. Thisis in agreement with intuition about relevance
feedback. The bigger the distance between two images with
respect to one feature is, the less important this feature is
as far as overall distance is concerned. This means both of
them can be used to derive u;'s.

From Equation (9), the following rel ationship can be de-

rived:
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while from Equation (7), the relationship becomes:
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Results in the above two eguations show that relation in
Equation (11) is a better choice to execute relevance feed-
back asit represents an squared inverserel ationship between
u; and f; instead of sguared root inverse. In our proposed
relevancefeedback scheme, thisrelationshipisadopted. This
isalso thereason the constraint in Equation (2) is used rather
than the onein Equation (8) asin [3].

5. EXPERIMENTAL RESULTS

5.1. Testbed, Features, Key Selection and System

The Corel image database is used as the testbed. For each
image group labeled by experts, the first image is used as

50 100 150 200 250 300

Fig. 1. Interface of the Content-based Image Retrieval Sys-
tem. The lower-left button is for randomly displaying and
browsing images. Sliders are used to specify query image.

theinitia query. Only those retrieved images that arein the
same group as the initial query image are regarded as rele-
vant and are used to form the new query. In all our exper-
iments, equal weights are assigned to relevant images. Al-
though our system supports multiple level weight-assigning
functionality, equal weights are used in order to obtain an
objective evaluation.

An image retrieval system is developed based on the

MARS system at University of Illinoisat Urbana-Champaign[5)].

The numbers of relevant images retrieved in the top 20 re-
turns are recorded. Interface of the system isin Figure 1.
The same set of visual features(color, texture and structure)
are used as those in the system in [3]. 9 key images for
color feature, 10 key images for texture feature and 18 for
structure feature are selected using the k-means clustering
algorithmasin[2].

5.2. Execution time, Retrieval Performance

On average, it takes 1.5 seconds for MARS to calculate the
distance measure, cal cul ate distances between query and all
images and sort them. In camparison, it takes less than 0.05
seconds for the proposed system on a Pentium 3 600Hz
processor. There are more than 17,000 distance calcula-
tions(vector multiplication) and sorting for MARS but only
37 for theproposed system, 17,000 di stance comparison(only
addition and subtraction operations) and sorting less than
500 distances. The significant speed gain is no surprise be-
cause of the triangle-inequality based algorithms.
Onedisplay of theretrieval resultsis shownin Figure 2.
For each initial query image, four iterations are done with
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Fig. 2. Retrieval results using the upper-left image as query.

both systems. The average number of relevant returns over
all initial queriesis put into the following table.

Table 1: Number of Relevant Imagesin Top 20 Returns

O¢p L teration 1 2nd 3rd
MARS 2.6784 3.2982 | 3.6433 | 3.7018
Proposed 2.4442 3.0854 | 3.2965 | 3.4725

The following observations can be drawn:

1. Relevancefeedback improvestheretrieval performance
over the fix-weighted system such as FIDS[2]. The
results on the first column in the above table corre-
spond to those achieved by systems using triangle-
inequality based algorithms alone.

2. The averageretrieval performance of our approachis
competitive against but not so good as MARS which
uses multi-level weight updatesfor relevant feedback.
Thisisin agreement with our expectation. Weight up-
dates at sub-feature level boost retrieval performance
for MARS, but they are omitted in the proposed sys-
tem in exchange for computation gain. Our effort
in developing weight updates as in Equation (7) has
some positive gain in performance. In fact our record
showsthat of all 171 classesthat have been tested, our
approach out-performs MARS in 30 classes, under-
performs in 71 classes and performs equaly in 70
classes.

6. CONCLUSIONSAND FUTURE WORK

Animageretrieval system has been constructed to integrate
relevance feedback with triangle-inequality based algorithms.

The system offers typically 20 to 30 times faster retrieving
speed with minimum sacrifice of retrieval performance on
Corel database consisting of morethan 17,000images. Tak-
ing into account the significant gain in speed and the loss
in performance, we believe the research efforts are worth-
while.

Several research directions are ahead. How to improve
retrieval performance of the current system may be the first
choice. Better key images selection can contribute from
one direction. Better relevance feedback schemes such as
the ones using both positive and negative samples can con-
tribute from another direction. We are also looking for bet-
ter imagefeatures, exploring compressed domain techniques.
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