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Abstract-In this paper, we propose an automatic
relevance feedback retrieval system using perceptually
important features extracted from regions of interest. The
system is implemented via self-learning using a self-
organizing tree map (SOTM) neural network. Our proposed
method involves the construction of regions of interest from
retrieved images using Edge Flow model, and the grouping
of the regions into a single perceptually significant entity.
This knowledge is fed into a set of unsupervised relevance
feedback learning modules based on the SOTM to guide the
adaptation of relevance feedback parameters through a
machine learning approach without user interaction.
Optimal tradeoff between the user workload in the
interactive process and user subjectivity is then be explored
by incorporating a semi-automatic retrieval strategy.
Experimental results indicate that this system, with
automatic and semiautomatic adaptations, can minimize
user interaction, optimize precision, as well as reduce
performance errors caused user subjectivity.

I. INTRODUCTION

In image and multimedia retrieval, relevance feedback
parameters are usually derived from positive and negative
samples provided by the users [1][2]. Although having
been demonstrated to be effective in applications to digital
libraries of small size, this user interaction process has
been recognized as a time consuming task as it requires
heavy workload upon the users in providing a series of
examples gathering through relevance feedback cycles
and as potentially error-prone when dealing with
commercial digital libraries, the sizes of which are
normally very large.
He and King [3] proposed shot-term and long-term

frameworks to memorize user feedback to improve
retrieval performance with knowledge obtained from
previous queries. This reduces subjectivity and noise from
individual users. Wu and Huang [4] employed both
labeled and unlabeled samples to increase relevance
feedback performance within the transductive learning
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framework. Although exploring unlabeled samples, this
work is still based on the user supervision method.
To solve the classical problem in content-based image

retrieval using relevance feedback, an automatic relevance
feedback image retrieval system based on the application
of a self-organizing tree map (SOTM) and nonlinear
radial-basis function (RBF) model was introduced which
offered high retrieval accuracy when applying to the
popular Bordatz Database using texture descriptors [5].
The idea was further extended to deal with a larger set of
images selected from the Corel image collection using
color, texture and shape features [6] and to search
distributed image libraries over the Internet [7]. The
general principle of automatic relevance feedback is to
apply unsupervised learning techniques to relevance
classification in order to minimize the number of user
feedback cycles required in modeling user's queries. But
the importance of the perceptually inspired features in the
relevance classification process has not been properly
studied.

It is well acknowledged that to obtain maximum
precision rate in image retrieval, it is critical that the
learning process should effectively exploit the knowledge
of image relevancy. This requires modeling image
contents with sufficiently accurate features for the
characterization ofperceptual importance.

This issue is especially pressing with automatic
relevance feedback since, without providing some form of
knowledge to the relevance classification process from the
external world, the SOTM classifier cannot operate as
efficiently as that of a user supervision process. For
example, global features of shape, color, or texture
information might consume an undue proportion of
weights toward the judgment of image relevancy by
machine vision. Furthermore, these global features do not
always address perceptually important regions or any
salient objects depicted in an image. This is because there
are more regions in an image than those which are of
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perceptually importance. So, higher classification
accuracy may be possible with the acquisition of more
precise perception information. However, the form of
knowledge needed in automatic relevance feedback has to
be identified before the retrieval process begins, instead of
during the process as the user-interactive relevance
feedback does.

In this paper we propose an automatic adaptive image
retrieval scheme with embedded knowledge of perceptual
importance, the form of which is identified in advance.
With a specific domain to photograph collection, we
pursue the restricted goal of identifying the region of
interest (ROI). The ROI assumes that the significant
objects within an image are often located at the center, as
a photographer usually tries to locate significant objects at
the focus of the camera's view. We adopt the Edge Flow
model [8] to identify the ROI within a photograph. This
ROI does not necessarily require the exact identification
of a possible object in the image, but only the region
selected which adequately reflects those properties of the
object such as color or shape which are usually used as
features for matching in retrieval.
The proposed retrieval system incorporates the

knowledge of the ROI into the self-learning relevance
feedback based on the SOTM for automatic image
retrieval. The motivation of automatic relevance feedback
is not to replace user interaction, but to enhance the user-
centered system by minimizing user workload with
minimum number of feedback cycles. Furthermore, to
balance between the difficulties encountered in
characterizing user subjectivity and user workload, this
system also extended to implement a semi-automatic
learning strategy in which user supervision can be
combined with automatic adaptation in such as way that
the system learns to acquire different user subjectivities in
order to achieve optimum performance.
The rest of the paper is organized into the following

sections. The characterization of the ROI is described in
Section 2. In Section 3 we present the implementation of a
self-adaptive retrieval system using the SOTM and the
RBF model. Section 4 shows the experimental results
obtained by applying the retrieval methods to the Corel
photograph database. Some conclusions are drawn in
Section 5.

TI. CHARACTERIZATION OF THE ROI

Image segmentation is considered as a crucial step in
performing high-level computer vision tasks such as
object recognition and scene interpretation [9]. Since
natural scenes within an image could be too complex to be
characterized by a single image attribute, it is more
appropriate to consider a segmentation method that is able
to address the representation and integration of different

attributes such as color, texture, and shape. We propose
adopting the Edge Flow model demonstrated in [7], which
proved to be effective in image boundary detection and
application to video coding [10]. The Edge Flow model
implements a predictive coding scheme to identify the
direction of change in color, texture, and filtered phase
discontinuities.

A. Region characterization by "Edge Flow"

An edge flow vector at pixel location s is a vector sum
of edge energies given by:

F = ; E(s,0) exp(]O)
0(s)<8<E(s)+z

(1)

which is taken along a continuous range of flow directions
that maximizes the sum of probabilities:

@(s) = argmax{ P(s, O)} (2)
6 L<9.'.6+lr

where P(s, 0) represents the probability of finding the
image boundary if the corresponding Edge Flow 'flows' in
the direction 9. The model in Eq. 1 facilitates the
integration of multiple attributes in that each Edge Flow
obtained from different types of image attributes:

E(s,6) = Ea (S,8)
aEA

P(s,6 ) = ZPa(s,) v

aEA

(3)

(4)

where aE {intensity/color, texture, phase}.
The basic idea of this model is to identify the direction

of change in the attribute discontinuities at each image
location. The Edge Flow vectors propagate from pixel to
pixel along the directions being predicted. Once the
propagation process reaches its stable state, the image
boundaries can be detected by identifying the locations
which have non-zero edge flows pointing to each other.
Finally, boundary connection and region merging
operations are applied to create close loop regions and to
merge these into a small number of regions according to
their color and texture characteristics.

B. Region ofInterest (ROI)

The definition of ROI is highly dependent on user needs
and perception. For example, in a medicine application, a
doctor may find various objects as ROI in medical images
such as regions with clustered micro-calcifications in a
digital mammogram. However, specific to the current
application for photographic collections, a photographer
usually creates a photograph with a single focus point at
the center of the picture. Based on this post production
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knowledge, we can effectively attain ROI by associating it
with the objects that locate at the center of photographs.
Let S ={R,i = ,2,..., N R n Rb = 0 be a set of regions
generated by the Edge Flow model from one image. Also,
let W be a set of labels of regions that locate either partly
or completely inside a predefined m-by-n pixel window,
where the center of the window is located at the center of
the image. We define ROI as a collection of regions which
are the members of W:

St= UR,
i#2W

(5)
In practice, however, it is important to remove from S'

the background or other regions that are located mainly
outside the defined m-by-n window. In this case,
A region R,, iE W, is not included in S' if its area

outside the window is greater than its area inside the
window. Thus, a complete region of interest is defined as:

ROI := S'nfcomp(R1,.)
where comp is the complement set operation. In this
definition, each R.. is defined so that:

R,. =R, ifM<N (7)
where M and N are the number of pixels of R, that locate
inside and outside the m-by-n window, respectively.

Figure I shows some image examples after applying
ROI characterization process to four images from Corel
digital collection [I1].

111. SELF-ORGANIZING RELEVANCE FEEDBACK

The scenario of self-organizing relevance feedback aims
at minimizing the possible number of user interactions
required within active learning process. This method
implements a self-organizing tree map (SOTM) network
to guide the adaptation of the relevance feedback module.
Thus, instead of for the user to provide positive and
negative feedbacks, the SOTM labeled these retrieved
samples by its competitive learning strategy. In the
current work, we integrate the SOTM relevance feedback
method presented in [5], with the perceptually important
features extracted from the ROls.
Automatic relevance feedback is performed in two

stages. First, the SOTM is applied for relevance
classification to label the retrieved samples as positive or

negative. Then, the labeled samples form the input to a

non-linear similarity ranking function based on a RBF
network.

Figure 1: Characterization of Region of Interest (ROI) using Edge Flow
model and centering window method. Left column: Edge Flow boundary
detection; Middle column: ROI identification; and Right column: ROI
image results.

One key point in automatic relevance feedback is that
the feature space for retrieval and that for relevance
classification should be different. Let {X, K> X e 9Vp"
be the set of samples retrieved at the first round of
retrieval, subjected to:

(8)
where D7z) denotes the distance between sampleX, and
the query Z . Here, the query Z and the samples X, are

each represented by a point in the feature space 9i P and
consist ofp, features, including color, shape, and texture
(to be discussed in Section 4). The authors explained in
[5] that in order for the unsupervised learning process
brought into automatic relevance feedback to be effective,
a different and more powerful feature space other than
9V' should be introduced in relevance classification. We
call this feature spacesP2 Apparently features in

1856

(6)

D(z) < D(z) <... < D(z)2 - - N

Authorized licensed use limited to: NARESUAN UNIVERSITY. Downloaded on January 4, 2010 at 23:59 from IEEE Xplore.  Restrictions apply. 



9P2 should be of higher quality than those in 91Pi in
order for the relevance identification process to be
effective. Because of the limited number of images being
analyzed (only those identified by the retrieval process as
"similar" to the query), we can afford to employ
computationally more intensive but also more effective
image processing/analysis methods in order to obtain
features which are perceptually important in relevance
classification. Apparently features extracted from the
ROIs satisfy, this requirement as they provide the
embedded knowledge of ROI in assisting relevance
classification. Therefore, we extract a different set of

features, {X, }l, Xi E 9 P2, to characterize the retrieved
images. We again choose color and shape as the features,
but calculate them only from the ROTs in the retrieved
images after applying ROI identification. The retrieval
procedure is summarized as follows:

LO At the first step, let Wj,j 1,2,...,J
be the node vectors of SOTM.
While Wj(t+l).Wj(t),Vj, randomly select

i

X and compute:

j* = argmin(llX Wj 11) ,J
if 11IXV-Wj.(t) II< H(t), compute:

Wj..(t+)= W.. (t) + a(t)(X - W.(t)

else, set W1+, =X, where H(t) is the
hierarchy control function, and a(t)
is a learning rate. H(t) and a(t) are
decreased with iteration t.

L At the second step, from {Wi}¾,=
find:

n =1{j1*1i2 } Sst. 112Z -W. 11'112Z-Wj. 1l
where j*=argmin(jIZ-WjII), and Z is the

query position.

L At the third step, for l<i< K,
label X, with y,:

fI ifj'E H, where j' = arg min(II Xi - Wj)

0O otherwise

L At the fourth step, use {X,,y,}l, to
characterize the RBF model, and
perform new database search using
nonlinear function,

f(X)=ZexP - (X[i] - C[i])2 I (4oi])2)

where C,oa are computed from {X,,y,}Ji .

It is noted that the above process associates ROI
features in the space 9tP2 for relevance identification,
while the features in the space 91P' are used for database
search within the RBF model. The automatic adaptive
learning process repeats step one to four without user
input. However, after the process converts to some points,
user interaction method can be subsequently applied to
run the system in "semi-automatic mode". This allows the
system to learn further different user perception
subjectivity. The proposed system is depicted in Figure 2
which also includes a semi-automatic mode which will be
described in the next section.
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Figure 2: Diagram of an automatic relevant feedback image retrieval
system.

IV. EXPERIMENTAL RESULTS

Results provided in this section are obtained using the
Corel Digital Library [ 1], together with its pre-defined
ground truth classes. Although some classes of images in
this database are overlapping based on the ground truth
created by Corel Professionals, further judgment was
conducted by a user to provide fair results. The selected
database has more than 11,500 JPEG files, covering a
wide range of real-life photos.
Each image is indexed by 48-bin HSV color histogram

and color moments for color descriptors; Gabor wavelet
method for texture; and Fourier descriptor for shape [12].
This produces a 11 5-dimentional feature vector X, which
is used for retrieval. For the identification of image
relevancy by SOTM, the retrieved images are passed
through Edge Flow algorithm to identify ROIs, followed
by extracting the feature vector Xi within the ROIs,

1857

Authorized licensed use limited to: NARESUAN UNIVERSITY. Downloaded on January 4, 2010 at 23:59 from IEEE Xplore.  Restrictions apply. 



using color histogram and Fourier descriptor. Here, we
also pay attention to the application of a weighting
scheme to the color and shape descriptors which are the
input to the SOTM, to embed user's perception in the
SOTM relevance identification process.
We compare the performances of four methods: non-

adaptive CBIR, user-controlled RF, automatic RF, and
semi-automatic RF, using 20 queries from different
categories. The non-adaptive CBIR method employ
normalized Euclidean distance as matching criterion.
This method provides a retrieved image set to the user-
controlled RF algorithm that further enhances the system
performance by the non-linear RBF model, together with
user interaction interface. In comparison, in automatic RF
case, the relevance identification was executed by the
SOTM with two cycles of adaptation. In addition, after
automatic adaptation, the system performance was refined
by a user to obtain semi-automatic RF results.

Table I presents results obtained by the four methods,
measured by the average precisions on the top 16 best
matches. Evidently, the automatic RF provides
considerable improvement over the non-adaptive CBIR
method (i.e., by more than 25% in precision measure),
without user interaction. The automatic result is =4%
lower than that of user-controlled RF method. By
combining automatic learning with user interaction, it is
observed that the semi-automatic RF clearly outperforms
others methods discussed.
We also experimented on allowing the user interaction

process to continue until convergence. It is observed that
the user-controlled RF and the semi-automatic RF reached
the convergence at the similar points at = 93% in
precision measure. However, in order to reach this
optimum point, the user-controlled RF method used on
average 2.4 cycles of user interaction, while the semi-
automatic RF method used 1.6 cycles. This shows that the
semi-automatic method is the most effective learning
strategy in both retrieval accuracy and minimizing user
interaction. This also demonstrates that the application of
self-organizing RF in combination with perceptually
significant features extracted from the ROIs clearly
enhanced the overall system performance.
One retrieval example is given in Figure 3. Figure 3(a)

shows the 16 best-matched images obtained by the non-
adaptive CBIR method, with the query image displayed at
the top left corner. From the figure, nine images are
relevant to the query "plane" shown in the top-left corner.
By comparison, Figure 3(b) shows the results after
applying self-organizing relevance feedback to capture
notion of image similarity with the ROI features, which
shows the considerably improved retrieval results by using
the proposed method.

(a)

(b)
Figure 3: Examples ofretrieval results on the query "plane", obtained by (a)
non-adaptive CBIR method, and (b) automatic relevance feedback method.
The precisions measured from (a) and (b) are: 0.56 and 0.94, respectively.

TABLE I
AVERAGE PRECISION RATE (%/6) AND NUMBER OF USER

FEEDBACK CYCLES, OBTAINED BY RETRIEVING 20 QUERIES
FROM COREL DATABASE, MEASURED FROM THE TOP 16 BEST
MATCHES. PRECISION IS DEFINED AS np / 16, WHERE np IS

THE NUMBER OF RELEVANT IMAGES RETRIEVED.

Average # User
Method Precision (%) Feedback
Non-adaptive CBIR 52.81 -

Automatic RF 78.13 -

User-controlled RF 82.19 1
Semi-automatic RF 87.50 I
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V. CONCLUSIONS

In the context of a relevance feedback retrieval
framework, the user workload and processing time
introduced by user-interaction are relatively high due to a
series of querying process. With the proposed automatic
relevant feedback strategy with perceptually important
features extracted from the regions of interest, user
interaction can be eliminated from relevant feedback
image retrieval. Simulation results demonstrate that the
unsupervised relevance feedback learning strategy based
on the self-organizing tree map effectively utilized the
perceptually important features extracted from the ROIs
in relevance classification and substantially improved
retrieval accuracy without user interaction. In addition, it
is observed that it is possible to find the optimal tradeoff
between the automatic process and the number of
feedback cycles required on the user in order to achieve
very high retrieval accuracy.
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