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Abstract

Relevance feedback can be considered as a Bayesian classification problem. For retrieving images efficiently, an
adaptive relevance feedback approach based on the Bayesian inference, rich get richer (RGR), is proposed. If the
feedback images in current iteration are consistent with the previous ones, the images that are similar to the query target
are assigned to high probabilities. Therefore, the images that are similar to the user’s ideal target are emphasized step by
step. The experiments showed that the average precision of RGR improves 5-20% on each interaction compared with
non-RGR. When compared with MARS, the proposed approach greatly reduces the user’s efforts for composing a

query and captures user’s intention efficiently.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Due to the rapid growing amount of digital
images on World Wide Web, there is an urgent
need for large multimedia database management.
In the past few years, content-based image
retrieval (CBIR) has become an active research
area and many interesting image retrieval systems
are beginning to appear on the Web [2.4,8,9,11,13].
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One important component of these systems is a
relevance feedback module. Relevance feedback is
a process of automatically adjusting an existing
query using the information feedback by the user
[3,5-7,12,15]. The standard relevance feedback
paradigm can be described as follows. First, the
user submits a query and the system finds and
displays a set of images that are relevant to the
query. Then the user informs the system of which
images are relevant or irrelevant. After that, the
system adjusts the retrieval or query model to find
more relevant images.

0165-1684/$ - see front matter © 2004 Elsevier B.V. All rights reserved.

doi:10.1016/j.sigpro.2004.10.006




396 L. Duan et al. | Signal Processing 85 (2005) 395-399

Relevance feedback can be considered as a
Bayesian classification problem, an interpretation
that has previously been considered in the
literature [1,14]. Cox et al. [1] applied the
Bayesian learning technique to search target
images. Vasconcelos et al. [14] proposed an
alternative  formulation to minimize the
probability of retrieval error. In this paper, rich
get richer (RGR) considers the image retrieval
process as a problem of determining image’s
probabilities being relevant to the user’s query
intention. If the feedback images of current
iteration are consistent with the previous ones,
the images that are similar to the query target are
guaranteed to have higher updated relevance
probabilities. RGR can propagate user’s feedback
information into the retrieval process step by step.
As a result, the relevant images will be retrieved
rapidly. RGR is similar to the method proposed
by Cox et al. [1] and by Vasconcelos et al. [14], but
with two differences. In RGR, the class condi-
tional densities are changed in each feedback,
whereas in Vasconcelos et al.’s method; they are
always same during the retrieval process. Another
difference is that two consecutive feedbacks are
dependent in RGR, but in the two above-
mentioned methods, they are assumed to be
independent.

2. Bayesian relevance feedback

Relevance feedback can be considered as a
Bayesian classification problem. Based on user’s
feedback, the positive examples and negative
examples can be treated as two classes. The first
is QF that represents the set of images
the user specified as the positive examples. The
second is @~ that indicates the set of negative
examples. We define two priori probabilities
(p(Q*) and p(Q7)) for the @ class and the Q7
class. And then, the class-conditional probability
density function (PDF) for Q is written as
p(x|Q"). Therefore, the two PDFs can be com-
puted from the statistic of the Q% and Q~ that user
specified. Under the Bayesian rule, the posterior
probabilities of an image x in the database can be

calculated as

p(x1Q)p(Q")

Qt|x) = 1
PO = e e T P )
and

Q7 |x) =1 —p(QF|x). (2

It is worth mentioning that p(Q*|x) should be
calculated in each feedback step. This is because
the user may give variant feedback every time.
After each feedback, all images in the database are
ranked according to p(Q*|x) in a descendent
order. Under the optimal condition, the images
that are similar to positive examples will have high
p(Q+|x), whereas the images that are similar to
negative examples will have low p(Q*|x). In fact,
the user may not provide sufficient feedback
examples in one interaction,; therefore the feedback
will be repeated until finding the most relevant
images. To represent the interaction process, we
introduce the variable ¢ to indicate the feedback
time. Given the time f, p(@*(1)), p(x|Q*(1)) and
p(Q%(1)|x) represent the prior probabilities, class-
conditional PDFs and posterior probabilities
respectively. Now Q*(7) is the cumulated image
set from the interaction 1 to 7. Egs. (1) and (2) 1s
rewritten as

p(RT(1)x)
_ PR OP@ (1) &
p(x1QT())p(QT (1) + p(x|Q™ (N)p(27 (1)
and
P2 (D]x) = 1 — p(QT(D)]x). 4)

To employ the user feedback history, p(QE(1)|x)
can be computed from the statistic of all feedback
examples. Different statistic strategies will lead to
different relevant feedback solutions.

3. RGR

In this section, RGR is described in detail. RGR
keeps the relevant images with higher and higher
updated relevance probabilities and propagates
user’s feedback information into the retrieval
process step by step. As a result, the images that
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are relevant to the query will be retrieved in a few
feedback times.

3.1. RGR strategy

In the previous section, we have described the
basic framework of Bayesian relevance feedback.
Since p(Q'(f)) and p(Q (1)) are difficult to
estimate, we approximate them by p(Q* (1 — 1)|x)
and p(Q (¢t — 1)|x), leading to

P (D)x)
_ x| () p(@* (1 — 1)|x)
PXIQT () QT (1 — Dx) + p(x]Q () p(Q (1 — DIx)’
(5)

In this way, an image that is similar to the target
according to the query at time 7 — 1 and similar to
the positive examples at time r(p(Q7(r—
DIX)=p(Q (1 — 1)|x) and p(x|Q* (1) = p(x|Q(1)))
is emphasized. Due to this behavior, we refer to
this relevance feedback strategy as “rich get
richer”. Note that the posterior probability after
each feedback becomes the prior probability for
the next iteration. Hence, the results of the
feedback iterations are accumulated in a Bayesian
way.

3.2. Algorithm description of RGR

In the beginning, p(27(0)|x) and p(Q~'(0)|x) are
set to 0.5 for the system without any previous
feedback information. Given the query images set
0 =1{q,,.--,4,} (n=1), the initial positive example
set @ includes all images of Q, while the negative
example set @~ is @. That is to say, the user is
supposed to only specify the positive examples at
first. In each iteration, p(x|Q7(z)) is computed
from the statistic of the current Q*. As there are
no sufficient examples, we use a simple approach
to approximate the PDF for Q" in our implemen-
tation. The PDF value for the image x is set as the
normalized distance between the image x and the
centroid of Q. Similarly, p(x|Q2(¢)) is computed
from the negative examples. If r=1, we can
simply compute p(x|Q27(1) as 1— p(x|Q7(7).
Therefore, p(Q*(#)|x) can be calculated as Eq.
(5). After that, the system ranks images according
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to p(2*(n)|x) and receives user’s new feedback.
The new examples are added to Q" and Q~, then
go to the next iteration. The RGR algorithm is
described as follows:

Begin

Sett=1;

Set p(27(0)|x) = p(2*(0)|x) = 0.5;

Input query image set Q;

Initialize 1 and Q~;

Repeat {
Compute p(x|2* (1) and p(x|Q (1);
Compute p(Q*(1)|x) using Eq. (5);
Rank images according to p(Q*(7)|x) and display
the results;
Receive the user feedback and update @ and Q~;
t=t+1,;

} until the user is satisfied;

End

4. Experiments

In order to evaluate the performance of RGR,
two experiments are carried out. The test database
is the Corel gallery, which contains 1,000,000
images and is classified into many semantic
groups. We create three test sets by randomly
selecting images from the Corel gallery. One of
them contains 800 images, which is composed of
32 categories of Corel photographs (25 images in
each category). The second contains 10,000
images, which is composed of 100 categories (100
images in each category). The third contains 1500
images, which is composed of 15 categories (100
images in each category).

In the first experiment, the performance com-
parison between RGR (Eq. (5)) and non-RGR
(Eq. (3)) is shown in Fig. 1. To verify that adding
prior information improves the relevance feedback
precision, we compared against the case where the
prior is assumed fixed and equal to 0.5 in Eq. (3).
Fig. 1(a) and (b) show the performance of first
experiment in terms of precision.

In Fig. 1(a), 430 query images are selected from
the first test set. For each of these query images, 30
iterations of user-and-system interaction are
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Fig. 1. Comparisons between RGR and non-RGR. (a) performance evaluation on the first test set, (b) performance evaluation on the

second test set.

carried out. In each interaction, the system
examines 25 images that are most similar to the
query images. The relevant images are regarded as
positive examples; otherwise, regarded as negative
examples.

In Fig. 1(b), 500 query images are selected from
the second test set. For each of these query images,
30 iterations of user-and-system interaction.are
carried out. In each interaction, the system
examines 100 images that are most similar to the
query images.

From Fig. 1, it can be seen that RGR leads to an
obvious precision improvement compared with
non-RGR. The precision improves 5-20% after
each interaction. In Fig. 1(b), the average precision
is 9.85% without feedback at the beginning. After
first interaction, the precision is doubled to 19.9%.
When the system incorporates the second feed-
back, the precision is tripled to 27.7%.

In the second experiment, the performance of
RGR is compared with MARS [10]. 150 query
images are selected from the third test set. For

each query images, 30 iterations of user-and-
system interaction are carried out. In each inter-
action, the system examines 100 images that are
most similar to the query images. Fig. 2 shows the
precision curves of RGR and MARS. It can be
seen that 16 feedbacks are needed to obtain 90%
relevant images for RGR, whereas more than 26
feedbacks are needed for MARS. RGR shows a
great precision improvement and a fast conver-
gence.

5. Conclusion

In this paper, we propose an adaptive relevance
feedback approach (RGR) for image retrieval. In
RGR, user’s feedback information is propagated
into the retrieval process fast. The experiments
showed that the average precision of RGR
improves 5%—20% on each interaction compared
with non-RGR. When compared with MARS, the
proposed approach greatly reduces the user’s
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Fig. 2. Comparison between RGR and MARS.

efforts for composing a query and captures user’s
intention efficiently.
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