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Abstract

Various relevance feedback techniques have been
applied in content-based image retrieval. This paper
gives a brief review on existing techniques. from early
heuristic-based feature weighting schemes to recently
proposed optimal learning algorithms, probabilistic/
Bayesian learning algorithms, self-organiziing map
based techniques, boosting techniques, discriminant-EM
algorithm, support vector machine, and other kernel-
based learning machines. In addition, the kernel-based
biased discriminant analysis (BDA) is proposed to fit the
unigue nature of relevance feedback as a biased
classification problem. BDA is based on the extension of
discriminant analysis. By varying parameters, it can also
provide a trade-off between discriminant transform and
regression. The kernel form is derived to deal with non-
linearity. Experimental results indicate that significant
improvement is achieved by the new scheme.

1. Introduction

In spite of the significant advances in machine
intelligence and computer vision technology, fully
automated image understanding by machines is still an
unsolved problem. In the context of content-based
image retrieval (CBIR), even if we assume that
consensus interpretation of images can be reached
among all possible users at al times (which is seldom
true), the gap exists between the high level semanticsin
the human minds (whether expressible by words or not)
and the low level features computable by machines. So
the first challenge for the machine is to learn the
associations between high-level and low-level to
effectively facilitate retrieval. However, “A picture is
worth a thousand words’—a more profound challenge
comes from the dynamic interpretation of images under
various circumstances. In other words, the perceptual
“similarity” depends upon the application, the person,
and the context of usage. So in fact the machine not only
needs to learn the associations, but has to learn them on-
line with user in the loop.

A natural way of getting user in the loop is to ask the
user to give feedbacks regarding the relevance of the
current outputs of the system. Though this is an idea
borrowed from the text retrieval field [13], it seems to
work better in image domain: it is easier to tell the
relevance of an image than that of a document—it takes
time to read through a document while an image reveas
its content instantly.

Aside from the real-time demand, another difficulty
for learning during user feedback is the relatively small
number of training samples (comparing to traditional
requirements) during the user interaction, usualy only
10 to 20 per round for an image retrieval system. Often
times this is even smaller than the dimension of the
feature space. These difficulties make learning in CBIR
aunique, challenging, yet exciting research area.

In this paper, we use the term “relevance feedback” to
denote the on-line learning process during information
retrieval, based on the relevance judgments fed-back by
the user. Relevance feedback techniques have been
shown to provide dramatic performance boost in CBIR
systems [9][11][5][16][18].

2. Stateof the Art

2.1 Different Assumptions

Before we get into the details of various relevance
feedback techniques, the reader should note that under
the same name of “relevance feedback”, different
methods might have been developed under very different
assumptions or problem settings. The following shows
how diversified they might be in answering some of the
basic questions:

a. “What is the user looking for?” Some assumes the
user is looking for “a particular target image” [2],
while many others assume the user is looking for
“smilar” images to the query (or sketch) at hand
[4151[11][12].



b.“ What to feedback?” Some algorithm assumes the user
will give a binary feedback for positive and negative
examples [16]; some only takes positive examples [5];
some takes positive and negative examples with
“degree of (ir)relevance” for each [11]; some assumes
the feedback is only a comparative judgment, i.e., the
positive examples are not necessarily “relevant” to the
target, but “more like the target than the negative
ones’ [2]. The latter can be related to “query
refinement” techniquesin others[7].

c."What's the distribution?” Another issue is what
assumption to be imposed on the target image
class(es). Gaussian assumption is the most common
and convenient one [5]. However, recent kernel based
agorithms can deal with non-linearity in an elegant
way [1].

d.“What to learn and how?” A majority of the work
uses relevance feedback to learn a new query and the
relative importance of different featureq[8][11][14],
with some tries to learn a linear transformation in the
feature space either with [5][12] or without [11]
considering correlations among feature components.
While others treat it either as a learning[17] [18],
classification [16][20] or a density estimation [1]
problem. In the following section we review some of
the maor developments in relevance feedback
techniques.

2.2 From Heuristic to Optimal Scheme

In its short history, relevance feedback developed
aong the path from heuristic based techniques to optimal
learning algorithms, with early work inspired by term-
weighting and relevance feedback techniques in
document retrieval[13]. These methods proposed
heurisic ~ formulation with  empirical  parameter
adjustment, mainly along the line of independent axis
weighting in the feature space[9][11][8][10][14]. The
intuition is to emphasize more on the feature(s) that can
best cluster the positive examples and separate the
positive and the negative.

Early works [9][11] have clear birthmarks from
document retrieval field. For example, [9] quantizes the
features and then groups the images or regions into
hierarchical trees whose nodes are constructed through
single-link clustering. Then weighting on groupings is
based on “set operations’. In [11], learning based on
“term frequency” and “inverse document frequency” in
text domain is transformed into learning based on the
ranks of the positive and negative images along each
feature axis in the continuous feature space.

An interesting scheme using SOM (Self-organizing
Map) is worth noting[6]: it uses TS(Tree-Structured)-
SOMs to index the images along different features.
Positive and negative examples are mapped to positive
and negative impulses on the maps and a low-pass

operation on the maps is argued to implicitly revea the
relative importance of different features because a
“good” map will keep positive examples cluster while
negative examples scatter away. This is based on similar
intuition as that of [8], where a probabilistic method is
used to capture feature relevance.

Aside from their lack of optimality clam, the
assumption of feature independence imposed in these
methods is aso artificial, unless independent
components can be effectively extracted beforehand.

Later on researchers begin to look at this problem
from a more systematic point of view by formulating it
into an optimization, learning, classification, or density
estimation problem. In [5] and [12], based on the
minimization of total distances of positive examples
from the new query, the optimal solutions turn out to be
the weighted average as the new query and a whitening
transform (or Mahalanobis distance). Additionally, [12]
adopts a two-level weighting scheme to better cope with
singularity issue due to the small number of training
samples.

Assuming that the user is searching for a particular
target, and the feedback is in the form of “relative
judgment”, the PicHunter[2] proposes the stochastic
comparison search asits relevance feedback algorithm.

While most CBIR systems use well-established image
features such as color histogram/moments, texture,
shape, and structure features, there are alternatives. [16]
uses more than 45,000 “highly selective features’, and a
boosting technique to learn a classification function in
this feature space. In [17], Gaussian mixture model on
DCT coefficients is used as image representation. Then
Bayesian inference is applied for image regiona
matching and learning.

Recently there are also attempts to incorporate support
vector machine (SVM) into relevance feedback process
[1][4]. However, SVM as a two-class classifier is not
directly suitable for relevance feedback, because the
training examples are far too few to be representatives of
the true distributions [1]. However a kernel based one-
class SVM as density estimator for positive examples
has been shown to outperform the whitening transform
based linear method [1].

Formulated in the transductive learning framework, D-
EM algorithm[18] uses examples from the user feedback
(labeled data) as well as other data points (unlabeled
data). It performs discriminant analysis inside the EM
iterations to select a good subset of features and to relax
the assumption of probabilistic structure of data
distributions. Noting that performing discriminant
analysis alone without EM will fail miserably due to its
strong assumption on the negative examples, and a better
alternative is proposed in [20], for which we will give
more detailed discussion in the following sections and
propose its kernel-based version to take into account
non-linearity in the original feature space.



2.3 Relevance Feedback as a Biased
Classification Problem

Much work regards the relevance feedback problem as
a dirict two-class classification problem, with equal
treatments on both positive and negative examples. It is
reasonable to assume positive examples to cluster in
certain way (maybe non-linearly), but negative examples
usually do not cluster since they can belong to any class.
Forcefully assigning al negative examples into one
classsfmode can mislead the agorithm therefore hurt the
robustness in performance, especially when the number
of training samples is small, which is exactly the case
here.

We define biased classification problem as the
problem in which there are an unknown number of
classes but the user is only interested in one class, i.e.,
the user is biased toward one class. And the training
examples are labeled by the user as only positive or
negative as to whether they belong to the target class or
not. Thus the negative examples can come from an
uncertain  number of classes. Much research has
addressed this problem simply as a two-class
classification problem, i.e., the negative examples are all
treated as one class. However the intuition is that “the
positive examples are all good in the same way, but bad
examples are bad in their own ways’. Therefore it is
desirable to distinguish a real two-class problem from a
biased classification (or (1+Xx)-class) problem.

During an image database retrieval process, it is
reasonable to ask the user to click to indicate what he/she
thinks are relevant or irrelevant to the target image/class
in hissher mind—for example, which are “horses’ and
which are not. But it would be very unnatura to ask the
user to aso identify the class membership of those
irrdlevant images. So a typica relevance feedback
process is a biased classification problem.

Therefore we ask the following question instead: what
is the optimal linear transformation to take into account
both positive and negative examples, such that positive
examples have minimal scatter while negative examples
have maximal scatter with respect to positive ones (i.e.,
negative examples are “far away” from positive ones)?
Or mathematically, what is the optima transformation
such that the ratio of “positive scatter” over “negative
scatter with respect to positive” is minimized? We call
this biased discriminant analysis (BDA) due to the
biased toward the positive examples.

3. Biased Discriminant Analysis (BDA)

For a biased classification problem described above,
we use {x}, i=1,...,Np to denote the positive examples,
and {y}, i=1,...,Ny to denote the negative examples.

And m, is the mean vector of {x}. For any linear
transformation matrix W, which is a long matrix, we
define the biased criterion function

WS
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The optimal biased linear transformation is
W° = argmax{J (W)} 4

Among all possible linear transformations, W yields
the maximum ratio of “negative scatter with respect to
positive” over “positive within-class scatter”.

To avoid singularity in estimating the covariance
matrix in the solution, regularization shall be applied by
adding small positive values to the diagonal before
inversion. The influence of the negative examples can be
tuned by adding a weighting factor—at the extreme
value of this factor this scheme can be reduced to the
whitening transform on positive examples. This scheme
can also be regarded as a trade-off between regression
and discriminant analysis.

4. Kernel-based BDA (KBDA)

To take into account non-linearity in the data, we
propose a kernel-based approach. The origina BDA
problem is reformulated into dot-product form, and then
a kernel is used in place of the dot-product. The
nonlinear transform and dot-product are implied in the
kernel evaluation. This is the major advantage of kernel-
based approach— if we were to carry out the nonlinear
transformation  explicitly before the dot-product
calculation, the computation would usually be
formidable. Assume a nonlinear transform @ to be
performed on the original data before applying linear
BDA:
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It can be shown that the numerator of (5) can be
rewritten as:
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where:
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and ¥ isan Ny by N, matrix of all elements being 1/N,.

Similarly, rewrite the denominator of (5),



w'Sfw=a"K (I-1" )K]a ()
and |* isan N, by N, matrix of all elements being 1/N,.

With optimal a, the projection of a new pattern z onto
wisgiven by:

wg(2) = %aik(xi ,2) +iy:aj+ka(yj ,2)
i1 =1 (8)

5. Experimental Results

awr A fully labeled set of 500
EDA images from COREL is used
oBDA | for testing. It contains five
OKBAl - Classes, each  with 100
] images. Each round 10
positive and 10 negative
images are randomly drawn
as training samples and the
" learned feature transformation
is applied to al the images
before a nearest neighbor
classifier is applied for image
ranking. For each round the
error rate in the top 100 returns is recorded as the
performance measures. 500 rounds of testing are
performed and the averaged error rates are shown in
Figure 1, where four schemes are compared: WT
(whitening transform on positive examples), DA (Fisher
discriminant analysis), BDA, and KBDA. One can see
that KBDA outperforms others on average by a
significant margin.

Figure 1. Averaged
Error Rates

6. Conclusion

In this paper, we have briefly reviewed the existing
relevance feedback techniques. Emphasize is put on the
analysis of the unique characteristics of relevance
feedback as a learning/classification problem. A new
scheme is also proposed with experimental results
supporting its superior performance than existing
schemes.

Acknowledgements
This work was supported in part by National Science
Foundation Grant CDA 96-24396 and EIA 99-75019.

Reference

[1] Y. Chen, X. S. Zhou, T. S. Huang, “One-class SVM for
Learning in Image Retrieval”, submitted to IEEE Int’l
Conf. on Image Proc. (ICIP2001), Thessaloniki, Greece,
October 7-10, 2001

[2] 1. J Cox, M. Miller, T. Minka, P. Yianilos, “An
Optimized Interaction Strategy for Bayesian Relevance
Feedback”, IEEE Conf. Computer Vision and Pattern
Recognition (CVPR'98)

[3] M. Flickner, et a., “Query by image and video content:
The gbic system”, IEEE Computers. 1995

[4] P. Hong, Q. Tian, T. S. Huang, "Incorporate Support
Vector Machines to Content-Based Image Retrieval with
Relevance Feedback”, IEEE Int'l Conf. on Image Proc.
(ICIP2000), Vancouver, Canada, Sep 10-13, 2000.

[5] Y. Ishikawa, R. Subramanya, and C. Faoutsos,
“MindReader: Query databases through multiple
examples’, in Proc. Of the 24th VLDB Conf. (New Y ork),
1998

[6] Jorma Laaksonen, M. Koskela, and E. Oja. PicSOM: Self-
Organizing Maps for Content-Based Image Retrieval.
Proc. of IJCNN'99. Washington, DC. July 1999

[7] Chahab Nastar, M. Mitschke and C. Meilhac “Efficient
Query Refinement for Image Retrieval”, IEEE Conf.
Computer Vision and Pattern Recognition CVPR'98,
Santa Barbara, CA, June 1998.

[8] J. Peng, B. Bhanu, and S.Qing, “Probabilistic feature
relevance learning for content-based image retrieval”,
Computer Vision and Image Understanding, 75:150-164,
1999

[9] R. W. Picard, T. P. Minka, and M. Szummer, “Modeling
User Subjectivity in Image Libraries’, IEEE Int’| Conf.
Image Processing (ICIP’96), Lausanne, Sept. 1996.

[10] K. Porkaew, S. Mehrotra, and M. Ortega, “Query
Reformulation for Content Based Multimedia Retrieval in
MARS’, |EEE Int'| Conf. Multimedia Computing and
Systems (ICMCS'99), June, 1999

[11] Y. Rui, T. S. Huang, M. Ortega, and S. Mehrotra,
“Relevance Feedback: A Power Tool in Interactive
Content-Based Image Retrieval”, |IEEE Tran on Circuits
and Systems for Video Technology, Vol 8, No. 5, Sept.,
1998, 644-655

[12] Y. Rui, T. S. Huang, “Optimizing learning in image
retrieval”, Proc. IEEE CVPR, 2000, 236-243

[13] Gerald Sdlton, Automatic text processing, Addison-
Wesley, Reading, Mass., 1989

[14] S. Santini, and Jain, R., "Integrated Browsing and
Querying for Image Database," |EEE Multimedia, Vol. 7,
No.3, 2000, page 26-39

[15] R. Schettini, G. Ciacca, and |. Gagliardi, “Content-based
Color Image Retrieval with Relevance Feedback”, |EEE
Int’| Conf. Image Processing (ICIP’99), Kobe, 1999.

[16] Kinh Tieu and Paul Viola, “Boosting Image Retrieval”,
IEEE Conf Computer Vision and Pattern Recognition
(CVPR'00), Hilton Head, South Carolina.

[17] N. Vasconcelos, A. Lippman, “Bayesian relevance
feedback for content-based image retrieval”, in Proc.|EEE
Workshop on Content-based Access of Image and Video
Libraries, CVPR’ 00, Hilton Head Island, SC, 2000

[18] Y. Wu, Q. Tian, T. S. Huang, "Discriminant EM
Algorithm with Application to Image Retrieval”, |EEE
Conf. Computer Vision and Pattern Recognition
(CVPR)'2000, Hilton Head Idland, South Carolina, June
13-15, 2000.

[19] X. S. Zhou, T. S. Huang, “Edge-based structural feature
for content-based image retrieval”, Pattern Recognition
Letters, Special issue on Image and Video Indexing, 2001

[20] X. S. Zhou, T. S. Hunag, "A generalized relevance
feedback scheme for image retrieva", Proceedings of
SPIE Vol. 4210: Internet Multimedia Management
Systems, Boston, MA. November 6-7, 2000



