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Abstract 
 

Relevance feedback [1] has been a powerful tool for 
interactive Content-Based Image Retrieval (CBIR). 
During the retrieval process, the user selects the most 
relevant images and provides a weight of preference for 
each relevant image. User’s high level query and 
perception subjectivity can be captured to some extent by 
dynamically updated low-level feature weights based on 
the user’s feedback. However, in MARS [2] only the 
positive feedbacks, i.e., relevant images are considered.  
In this paper, a novel approach is proposed by providing 
both positive and negative feedbacks for Support Vector 
Machines (SVM) learning. The SVM learning results are 
used to update the weights of preference for relevant 
images. Priorities are given to the positive feedbacks that 
have larger distances to the hyperplane determined by the 
support vectors. This approach releases the user from 
manually providing preference weight for each positive 
example, i.e., relevant image as before. Experimental 
results show that the proposed approach has reasonable 
improvement over relevance feedback with possible 
examples only. 
 
1. Introduction 
 

Content-Based Image Retrieval (CBIR) has become a 
very active research area since the 1990’s [3, 4].      Most 
of the early research effort focused on finding the “best” 
image features or representations. Retrieval was 
performed by summing the distance of individual feature 
representation with fixed weights. Although this isolated 
approach establishes the basis of CBIR, the usefulness of 
such systems was limited. A human-computer interactive 
approach to CBIR based on relevance feedback was 
proposed in [1].              

 Unlike the isolated approach, where the user has to 
precisely decompose the information need into precise 
weights, the interactive approach allows the user to submit 
a coarse initial query and continuously refine his 
information need via relevance feedback. This approach 

greatly reduces the user’s effort of composing a query and 
captures the user’s information need more precisely.  

 However, only using the positive examples as feedback 
[1, 2] may lose the information implied by the negative 
examples.  It is our expectation that by utilizing both 
positive and negative feedbacks, the user’s perception 
subjectivity can be captured more accurately than 
relevance feedback with positive examples only. Negative 
examples are also used in FourEyes [5], where the user 
chooses the both positive and negative examples. 
FourEyes looks at all of the models and determines which 
model or combination of models best describe the positive 
examples chosen by the user, while satisfying the 
constraints of the negative examples. In MARS [2], 
manually providing preference weights of the relevant 
image may not be accurate and is sometimes a burden for 
the user. The Support Vector Machine approach will be 
applied in this paper to release the user from the above 
burden and automatically generate preference weights of 
the relevant images. 

 The rest of paper is organized as follows. Relevance 
feedback and similarity measure in MARS [2] is discussed 
in Section 2. Section 3 describes Support Vector 
Machines (SVM) with its application to update the 
weights of the relevant images in CBIR. Experimental 
results and conclusions are given in Section 4 and 5, 
respectively. 
 
2. Relevance Feedback in CBIR 
2.1 Relevance Feedback 
 

 Relevance feedback is a process of automatically 
adjusting an existing query using information fed-back 
from the user about the relevance of previous retrieved 
document [6]. In MARS [2], the user tells the system 
about which images of the previous retrieved results are 
relevant to what he or she wants and provides a preference 
weight for each relevant image.  Query weights for each 
low-level feature, i.e., color and texture, etc., are 
dynamically updated based on the user’s feedback. This 
release the user from the burden. The user is no longer 



required to specify a precise weight for each low-level 
feature at the query formulation stage. Based on user’s 
feedback, the high level concepts implied by the query 
weights are automatically refined. 
 
2.2 Similarity Measurement 
 

 The overall similarity jS  for the jth image in the 

database is obtained by linearly combining individual 
feature, if ’s similarity distance, )( ij fS : 
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where N is the total number of the images in the database. 
Mahalanobis distance is used as the similarity 
measurement: 
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where ix is the ith feature vector of the jth image in the 

database, iq  is the feature vector of the query, and iC  is 

the covariance matrix of the ith feature components of the 
relevant images.  The element of iC is defined as: 
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where V(k) is the preference weight for the kth relevant 
image (positive feedback), ),( mkri and ),( nkri are the mth 

and nth component values of the ith feature of the kth 
relevant image, respectively. )(mqi and )(nqi  are the mth 

and nth component values of the ith feature of the query, 
respectively. NR is the total number of positive feedbacks 
and 1>NR . iC is an identity matrix if 1=NR . 

 Low-level feature weight iW  in Eq. (3) is updated by 

Eq. (6) and (7). 
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 Higher weight is given to the feature that has smaller 
average distance id , based on the relevant images.  This 

is because the relevant images are more similar (have 
smaller distance) in this feature than in other feature.  

 In this approach, the user manually provides his or her 
preference weight, i.e., )(kV in Eq. (5) for the relevant 

images. The preference weights denote the degree of how 
much the user likes the images.  A query is then the 
weighted average, i.e., centroid of the relevant images in 
the feature space. However, in some cases, there exist 
examples that are not desired by the user but closer to the 
query than some of the relevant images in the feature 
space. These examples are considered as negative 

examples in this work. Usually, the problem to separate 
the negative examples from the positive examples turns 
out to be finding a nonlinear classifier. Classification can’t 
be done from the positive feedbacks alone. Therefore, the 
negative examples will still be mixed with the positive 
examples after the relevance feedback. Moreover, 
sometimes it is hard for the user to tell the system about 
his or her subjectivity by providing preference weight for 
each relevant image. The query may be harmed by 
improper assignments of preference weights. Therefore, a 
weak classification of preference, e.g., like or dislike, 
instead of giving specific preference weights would be 
more appropriate in this sense.  

 In this work, the user provides not only the positive 
feedbacks, but also the negative feedbacks. The new 
preference weights for the relevant image are obtained 
from the SVM learning on both kinds of feedbacks.    
 
3. Support Vector Machines 
 

 Support Vector Machines (SVM) [7] is an approximate 
implementation of the structural risk minimization (SRM) 
principle. It creates a classifier with minimized Vapnik-
Chervonenkis (VC) dimension.  SVM minimizes an upper 
bound on the generalization error rate. The error rate is 
bounded by the sum of the training-error rate and a term 
that depends on the VC dimension.  The SVM can 
provide a good generalization performance on pattern 
classification problems without incorporating problem 
domain knowledge. 

 Consider the problem of separating the set of training 
vectors belonging to two classes, e.g., image retrieval 
problem, +1 denotes positive example, -1 denotes the 
negative example. 
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where ix
�

is an input pattern, e.g., feature vector in image 

retrieval, for the ith example and yi is the label. If the two 
classes are linearly separable, the hyperplane that does the 
separation is: 

 0=+ bxwT �    (9) 
where x

�
 is an input vector, w is a weight vector, and b is 

a bias. The goal of a support vector machine is to find the 
parameter wo and bo for a optimal hyperplane to maximize 
the distance between the hyperplane and the closest data 
point:  
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For a given wo and bo, the distance of a point x
�

from the 
optimal hyperplane defined in (10) is 
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A linear separable example in 2D is illustrated in Figure 

1. If the two classes are non-linearly separable, the input 
vectors should be nonlinearly mapped to a high-
dimensional feature space by an inner-product kernel 
function ),( ixxK

��
. Table 1 shows three typical kernel 

functions [8]. An optimal hyperplane is constructed for 

separating the data in the high-dimensional feature space. 
This hyperplane is optimal in the sense of being a 
maximal margin classifier with respect to the training 
data.  

 
Table 1. Types of kernel functions 

Kernel 
Function 

Inner Product Kernel 
),( ixxK

��
, i = 1, 2, …, N 

Polynomial P
i

T xx )1( +
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, p=1,2,… 

 
Radial-basis )
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by the user  
Sigmoid )tanh 10
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, α0 and α1 are 

decided by the user 
 
The distance from the hyperplane determined by the 

support vectors can be used to measure how much an 
example belonging to one class is different from the other 
class. This motivates us to use SVM for automatically 
generating preference weights for relevant images. In this 
paper, we use positive and negative examples for image 
retrieval. The positive examples are preferred images, 
while the negative examples are undesirable images. 
Intuitively, the farther the positive examples from the 
hyperplane, the more distinguishable they are from the 
negative examples. Thus, when we decide their preference 
weights, they are assigned with larger weights. In 
numerical calculation, the distances of the positive 
examples to the hyperplane are used to decide the weights 
of the relevant images, i.e., V(k) in Eq. (5). In our 

experiments, the distance is normalized to the range 10-
100. Those negative examples will be removed from the 
retrieved image list by simply setting their distance 
similarity value (section 2.2) to a very large number. 

 
4. Experimental Results 
 

 To validate the effectiveness of the SVM approach for 
CBIR, we have performed experiments over COREL 
dataset. COREL dataset contains more than 17,000 
images. In our current retrieval system, the visual features 
used include color (color moments), texture (wavelet 
moments) and structure. 

 

 
Figure 2 Retrieval results using positive feedbacks only 
(rank from left to right and from top to bottom, the top 4 
are positive feedbacks) 
 
 

 
Figure 3 Retrieval results using SVM learning (rank from 
left to right and from top to bottom, the top 3 and the 6th 
image are the positive feedbacks, four negative examples 
are used and not shown in the retrieval results, polynomial 
kernel function with 1=p  is used) 
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Figure 1. Illustration of the idea of an optimal hyperplane 
for linearly separable patterns and the definition of the 
distance 



 
Figure 2 shows an example of the flower retrieval 

results using positive feedbacks only. Figure 3 shows the 
flower retrieval results using SVM approach. Same four 
positive feedbacks (top 4 in Fig. 2 and 1st, 2nd, 3rd and 
6th image in Fig. 3) are used for this experiment. Other 
four negative examples are selected for negative feedback. 
Through SVM learning, two positive examples, i.e., the 
3rd and 6th image (Fig.3) and two negative examples are 
selected as supported vectors. Table 2 shows the relevant 
image weights updated by SVM learning.  

 
    Table 2 Weights for relevant images through SVM learning 

Image ID 1st 2nd 3rd 6th 

Weights 100 30.5 10 10 
 

Since the 3rd and 6th image in Figure 2 are selected as 
support vectors, less weights are assigned. The 1st image 
has the largest distance to the hyperplane determined by 
the support vectors and therefore is most distinguishable 
from the negative examples. The largest weight 100 is 
assigned to it. Compared to Fig.2, clearly, more flowers 
are returned in Fig. 3 in the top 20 returned images. 

 Figure 4 shows the number of hits in top 20 returned 
images for SVM approach and relevance feedback for 
different image classes, e.g., car, flower, airplane, etc. 
Five positive feedbacks are used for relevance feedback 
and five negative feedbacks are used for SVM approach. 
Polynomial kernel function with 1=p is use for SVM.  

Clearly, in most of cases, SVM approach has 
improvement over using positive feedback alone. 

 
Figure 4. Compare SVM approach and relevance feedback with 

positive examples  
 

 
5. Conclusions 
 

 In this paper, a novel approach for CBIR to 
automatically update relevant image weights through 
SVM learning based on the both positive and negative 

feedback is proposed.  This not only releases the users 
from providing accurate preference weight for each 
relevant image but also utilizes the negative information.   
Reasonable better results are obtained compared to that of 
positive feedbacks only.     

 However, in order for this approach to be effective, a 
certain number (at least 4 for each) of positive and 
negative feedbacks is needed for SVM learning. This is 
the major limit of this approach.  Therefore for small 
number of query images, i.e., less than 4, we still use the 
positive feedbacks only in the first run. After more 
relevant images are returned, the proposed approach can 
be performed to get more refined results. There are two 
possible improvements of this approach that will involve 
incremental learning: (1) Every time the learning is 
performed on all of the positive and negative examples 
that are selected in the history; or  (2) The support vectors 
calculated in the last feedback is combined with the 
positive and negative examples selected in the current 
feedback to decide a new optimal hyperplane.  Optimal 
selection of SVM kernel functions still needs to be 
investigated in the future. 
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