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Abstract

SVM based image retrieval suffers from the scarcity of
labelled samples. In this paper; this problem is solved by in-
corporating prior knowledge into SVM. Firstly, some prior
knowledge of image retrieval is discussed and constructed.
After that, the knowledge is incorporated into SVM opti-
mization as a constraint, and a new knowledge-based target
function is formulated. Based on this, a framework of image
retrieval with knowledge based SVM is proposed. Experi-
mental results demonstrate that the proposed method can
effectively improve the learning and retrieval performance
of SVM, especially when the number of labelled samples is
small.

1. Introduction

Recently, Support Vector Machine (SVM) has been ap-
plied to Content-Based Image Retrieval to learn user prefer-
ence [2, 5, 6, 7, 8]. In this scenario, a user is often asked to
provide some “positive” and “negative” image examples via
relevance feedback for retrieval. These labelled image sam-
ples are then used as training data to train an SVM classifier
to perform a bi-class classification over an image database.
Those images having the larger positive decision values are
retrieved as positive images.

However, the number of labelled samples is often small
because a user is unwilling to label too many images in
a retrieval. Because learning performance of SVM often
degrades with the decreasing number of training samples,
poor retrieval performance is resulted. It is especially true
for the initial stage of retrieval where the number of train-
ing samples is very limited, and the worse is that the re-
trieval performance at this stage is often a crucial factor on
whether the users wish to continue with the search. Some
methods have been proposed to get around this problem.

users. In [2, 8], Euclidean search is combined with SVM
for retrieval. However, the poor learning performance of
SVM is left untouched. In [7], transductive SVM is used
to improve the learning performance by incorporating unla-
belled data. Nevertheless, it is also observed that the perfor-
mance of this method may be unstable in some cases. Fur-
thermore, whether unlabelled data is truly helpful for super-
vised learning is still unclear [9].

It has been well realized in the field of machine learn-
ing that incorporating prior knowledge helps a learning ma-
chine achieving more accurate generalization, especially
when training samples are scarce [3]. As a practical ap-
plication, image retrieval has its own characteristics and
prior knowledge. To our best knowledge, no papers have
addressed incorporating prior knowledge of image retrieval
to boost the retrieval performance of SVM. In this pa-
per, some prior knowledge of image retrieval is discussed
and constructed. The knowledge is then incorporated into
SVM optimization as a constraint, and a new target func-
tion is formulated. Based on this, a framework of image re-
trieval with knowledge based SVM is proposed. We show,
through experimental results, that by incorporating simple
prior knowledge, the generalization accuracy of SVM can
be well improved, leading to an overall better retrieval per-
formance.

2. Support Vector Machine

Let D = {(x,9)} € (R" x Y)/P| be a training set,
where R™ denotes an n-dimensional input space, )V =
{+£1} denotes the label set of x, and |D| is the size of
D. Given D, SVM finds an optimal separating hyperplane,
(w*,x) + b* = 0, which classifies the two classes by the
minimal expected test error. w* and b* are found by mini-
mizing

o(w) = w2+ P e

In [6], the user is asked to label more images to expand subject to: y; ((w,x;) +b)>1-¢&, i=1,---,|D|

the labelled sample set. However, it increases the burden on (D
Proceedings of the 17th International Conference on Pattern Recognition (ICPR’04) COMPGTER
1051-4651/04 $ 20.00 IEEE SOCIETY



where &; (& > 0) is the i-th slack variable and C is the
parameter controlling the trade-off between function com-
plexity and training error. The solution of (1) is w* =
Zgll ay;x; and b* = 1 — (w*,x®), where «; is a non-
negative real number and x° denotes a support vector. In
this way, the optimal separating hyperplane is

|D|
(W*,x) + b* :Zaiyi<xi,x>+b*:0 2)
i=1

In test phase, f(x) = (w*,x) + b* is used as decision
function, and a test sample is labelled as sgn [f(x)], where
sgn(-) denotes the sign function. The kernel trick can be
conveniently embedded into SVM to handle more complex
patterns.

It can be seen that SVM learns classification rules solely
from training samples. When training samples are suffi-
cient, SVM can offer excellent classification performance.
However, it may fail if the requirement is not satisfied.

3. The proposed method
3.1. Prior knowledge in image retrieval

An image retrieval system includes an image database,
visual features, query, user, similarity metric, and so on. For
each of them, there is some prior knowledge. Since the per-
formance of SVM is mainly related to training data, the
prior knowledge on the images in a database is our focus
here.

Let N be the number of images in a database, and let
N, and N,, denote the numbers of positives and negatives
for a given query, respectively. There is N = N, + N,, for
bi-class classification. For an image, x, its priori probabil-
ity with respect to the negative class can be calculated as
P,.;(Neg|x) = £=. Commonly, in an image database, the
number of negative images is much larger than the one of
the positives. This is especially true for real applications.
In this way, it can be obtained that N,, > 0.5N. As a re-
sult, there is

P,.;(Neg|x) > 0.5 3)
This constructs the following prior knowledge that

PKy: For a randomly sampled unlabelled image, be-
fore seeing any additional evidence, its label is nega-
tive with high probability.

Another prior knowledge can be obtained from long-term
learning, a hot topic in recent research on image retrieval.
Some algorithms have been devised to predict the labels of
the images in a database for a given query by using long-
term retrieval history only [1]. Although the predicted la-
bels may not be completely consistent with those in the cur-
rent user’s mind due to the subjectivity of human perception,

they are still helpful because of the commonness of percep-
tion. It brings forth the following prior knowledge that

PKy: For a randomly sampled unlabelled image, its
probabilities of being positive and negative can be pre-
dicted, based only on the given query and retrieval his-
tory, as Ppri(Pos|x) and P,,;(Neg|x).

In this work, the knowledge P K is utilized though the fol-
lowing proposed method can deal with both. We aim to
show that the learning and retrieval performance of SVM
can be well improved even by incorporating such simple
prior knowledge.

3.2. Incorporating prior knowledge

The task of incorporating prior knowledge can be mod-
elled as follows:
Given:

e Labelled data set, D = {(x,%)} € (R" x V)Pl

e Prior knowledge set, B ={PK;,PK,, -- ,PKy};
e A learning machine, SVM.

Find:

o f(x) = (w" x) + b*, which best fits both D and B.

This can be further expressed as
[w*,b"} = argmin \pL(f, D) + AsL(f, B)]  (4)

where L(f, D) denotes the loss resulted from the disagree-
ment between the sign of f(x) (x € D) and the label of
x given in D, and L(f, B) denotes the loss due to the dis-
agreement between the sign of f and the labels estimated
from B. Ap and Ap are their weights, respectively. Both
prior knowledge, PK; and PK,, can be used to assign
pseudo-labels to unlabelled images, and a pseudo-labelled
data set, Dp = {(x,yp)}, can be obtained. In this way,
equation (4) becomes

{w*,b*} = argmin [A\pL(f,D) + AgL(f,Dg)] (5)

This means to train f on both D and Dpg while different
penalties for training error are assigned. Based on equa-
tion (1), the target function for SVM incorporating prior
knowledge can be proposed as

D B
Op(w) = Llw|? + Cp X2 b+ 200 O el

subject to :
yp,i (W, xpi) +b) =21 —&ps, i=1,---,|D|
yp; ((W,xp ) +b) >1—-¢p;, j=1,--,|Dg|
(6)
where Cp and Cp ; (j = 1,--- ,|Dpg|) are the parameters

for D and Dp, respectively. C'p ; varies with the confidence
of the pseudo-label for xp ;. When the knowledge like
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PK; is applied, Cp j is identical toxp ;,j = 1,--- , |Dpg|.
For knowledge as PK,, Cp ; will be different for differ-
ent data. Also, a Cp; can be applied if the confidence in-
formation of yp ; is available. Here, it is simply considered
as C'p. A large C' means a big penalty for training error. The
relationship between C'p and C'p controls the trade-off be-
tween the training errors on D and Dp. It can be set by a
retrieval system according to user preference. The optimiza-
tion in equation (6) can be easily solved by the tool pack-
ages for the original SVM.

By incorporating prior knowledge, SVM can effectively
avoid being misled by insufficient training data when it gen-
eralizes over them. It can be expected to achieve better
learning and retrieval performance when training samples
are insufficient. One potential disadvantage is an increase
on training time due to incorporating pseudo-labelled data.
In the current work, this problem is tackled by randomly
sampling a part of pseudo-labelled data for training.

A framework of image retrieval with the knowledge
based SVM is proposed as follows. (1)A user launches a
retrieval with query examples. These examples form a la-
belled data set, D; (2)According to prior knowledge B, a
pseudo-labelled data set, Dp, is set up; (3)Train SVM on
both D and Dp, and calculate the decision values for the im-
ages in the database; (4)If the user will perform more feed-
backs, show the selected images to the user to get their la-
bels. Otherwise, sort the images in the database according
to the descending order of decision values, and show the
top images as the final retrieval result; (5)After the user la-
bels the shown images, add them to D and remove them
from Dp. Then go to step(3).

4. Experimental Result

One artificial and one real image databases are used in
the experiments. The artificial database is shown in Fig-
ure 1(a). The positive “image” class is represented by a
cross-shaped cloud of “x” while the negative is denoted by
“0”. The numbers of positive and negative samples are 80
and 820, respectively. The real image database includes 600
general color images composed from Corel Stock Photos.
Six image classes are defined based on high-level seman-
tics, and each class includes 100 image samples. Based on
the CIE — Lab color space, a feature vector of color mo-
ments [4] is defined for each image. Classification accu-
racy and Precision are used to measure the learning and re-
trieval performance, respectively. In the experiments, Gaus-
sian RBF kernel is used, and the Gaussian width is set as
the average Euclidean distance between the nearest positive
and negative training samples. The prior knowledge PK;
is used, and all the unlabelled images are labelled as nega-
tive. The parameters C'p and C'p ; are experimentally set to
103 and 109, respectively. Note that this setting strikes a bal-

ance between incorporating prior knowledge and prevent-
ing the inaccurate inference of the knowledge (for exam-
ple, some unlabelled true positive images may be wrongly
labelled as negative under P K ) from overriding the infor-
mation from user-labelled data.

Figure 2(a), (b), and (c) show the comparison between
the proposed method, SVM+PK, and SVM on the artificial
database when different numbers of labelled data are avail-
able. All the results are averaged over 100 groups of experi-
ments. From the sub-figure(a), it can be seen that SVM+PK
achieves higher classification accuracy while smaller stan-
dard deviation than SVM, and that the less the number of
labelled data, the more significant the improvement. This
result indicates the benefit of incorporating retrieval prior
knowledge. Figure 1(b) and (c) illustrate two classification
examples by using SVM+PK and SVM, respectively. The
dotted lines highlight the decision boundaries. It can be
seen, by referring to Figure 1(a), that the boundary from
SVM+PK is more accurate. Figure 2(b) and (c) present the
comparison on Precision of top 20 and 50 retrieved images,
respectively. Compared with SVM, SVM+PK consistently
shows better retrieval performance. To reach a given Preci-
sion level, SVM+PK requires less number of training data
than SVM.
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Figure 1. The artificial database

Besides one-shot retrieval, SVM+PK and SVM are also
compared on relevance feedback based retrieval. The ac-
tive learning mode in [6] is used. To simulate real cases,
only one positive and one negative examples are assumed
to be available at the beginning of retrieval, and 20 im-
ages are shown in each feedback. Also, this experiment tests
the performance of SVM+PK when different percentages
of pseudo-labelled samples are randomly sampled for train-
ing. Figure 2(d), (e), and (f) show the comparison results.
Again, SVM+PK shows better classification and retrieval
performance (For the case of 1%, SVM+PK is comparable
to SVM). The more the incorporated pseudo-labelled sam-
ples, the higher the improvement. In real applications, short
response time can be achieved by incorporating less number
of pseudo-labelled samples. Figure 3(a) and (b) present the
comparison on classification accuracy and Precision of top
20 over the real database. Similar conclusions are drawn.
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For Precision of top 10 and 50 retrieved images, SVM+PK
still shows better performance. They are not listed due to
the limitation of space. Besides these, preliminary exper-
iment is performed to compare SVM+PK with the meth-
ods of SVM with Euclidean search [8] (SVM+EU) and
Transductive SVM [7] (SVM+TRANS). For SVM+PK and
SVM+TRANS, 10% pseudo-labelled samples and the same
percentage of unlabelled samples are used, respectively. As
shown in Figure 3(c) and (d), SVM+PK still shows the best
performance.

5. Conclusion

In this paper, retrieval prior knowledge is incorporated
into SVM to improve its retrieval performance on the lim-
ited number of labelled samples. To achieve this, a pseudo-
labelled data set is set up according to prior knowledge, and
SVM is trained on this set and the given labelled data to-
gether. The experimental results show that, by using the pro-
posed method, SVM based image retrieval achieves better
performance, especially when the number of labelled sam-
ples is small.
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Figure 2. Comparison on artificial database
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Figure 3. Comparison on real database
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