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Abstract

 In this paper, we introduce a combined relevance 

feedback approach for image retrieval using semantic 

similarity based on fuzzy transaction repository and 
feature re-weighting technique. This system 

accumulates user interactions using soft feedback 

model to construct Fuzzy Transaction Repository 

therefore provides a better representation of each 
image in the database in terms of the semantic 

meanings. The semantic similarity between the query 

image and each database image can then be computed 

using the current feedbacks and the semantic values in 

the FTR. Furthermore, feature re-weighting is applied 

on the session-term feedback to learn weight of low 
level features. Then we use the weighted Euclidean 

distance metric to measure the distance between the 

query image and each database image. These two 
similarity measures are normalized and combined 

together to form the overall similarity measure. 

Our experimental results show that the average 
precision of the proposed system exceeds 83% after 

three iterations. 

1. Introduction

Due to the recent improvements in digital 

photography and storage capacity, storing large 

amounts of images has been made possible. As a 

result, there is an increasing demand for image 

management tools. Content-based Image Retrieval 

(CBIR) systems use automatically extracted low-level 

features such as color, texture and shape for retrieval. 

Extensive experiments on CBIR systems show that 

low-level contents often fail to describe the high level 

expectations [1].  

In order to improve the retrieval accuracy of 

content-based image retrieval systems, research focus 

has been shifted from designing sophisticated low-

level features extraction algorithms to reducing the 

-level features and 

high-level semantics [2]. In order to reduce the gap, 

different techniques were introduced such as 

Relevance Feedback (RF). RF is a powerful tool 

traditionally used in text-based information retrieval 

systems. It was introduced to CBIR, with the intention 

to bring user in the retrieval loop to reduce the 

semantic gap. In this technique different approaches 

are s feedbacks. A typical 

approach is to adjust the weights of low-level features 

(feature re-weighting) [3-6]. Feature re-weighting 

dynamically updates the weights embedded in the 

query to model the high-level concepts. Another 

method is called query-point-movement (QPM) [7].

QPM improves the estimation of the query point by 

moving it towards the positive examples and away 

from the negative examples. Recently Machine 

learning techniques such as SVM [8] are also used for 

concept learning. SVM is often used to capture the 

query concept by separating the relevant images from 

the irrelevant images using a hyper-plane in a projected 

space. Generally, the labeled samples provided by the 

user are limited, and such small training data set will 

result in weak classification of database images (as 

relevant/irrelevant). In [9], D-EM (Discriminant-EM) 

is used to solve this problem. 

Noticeable point is that, purpose of all of these 

methods is to improve the retrieval performance of the 

behaviors. To overcome this limitation, another school 

of thought generally called long-term learning, has 

become available in recent years. They memorize and 
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process. The 

historical retrieval experience will then be used to 

Indeed, long-term learning 

which basically embody more semantic information 

than low-level features. Han [10] and Zhuang [11], 

introduce a knowledge memory model to store the 

semantic information by simply accumulating user-

provided interactions. In the process of image retrieval, 

feedbacks to some semantic 

relations between images, and then a semantic relation 

network is constructed. [10], [11] are effective 

approaches for learning the semantic relationships 

between the images, but they have some problems: 1-

They store the relationship between each two images, 

so it requires O(n2) space, where n is the number of 

images in the database. 2-These learning techniques 

are susceptible to images being mislabeled by the user, 

where the relationship between two images will 

therefore be learned incorrectly. 

To address the limitations of current CBIR systems, 

we introduce an image retrieval system that uses fuzzy 

decision based on transaction repository and feature re-

weighting technique. The proposed system integrates 

Fuzzy Transaction Repository (FTR). We then refine 

the query by updating its associated weight vector 

using current feedbacks and FTR. Then, the semantic 

similarity between the query and each database image 

is computed using weighted combination of fuzzy 

membership function. Furthermore, to improve short 

term learning, feature re-weighting is applied on the 

session-term feedback to learn the weights of low level 

features. We finally return retrieval results by 

combining the normalized similarity scores computed 

from both fuzzy transaction-based and feature re-

weighting. The semantic-space-based [12, 13] and the 

log based [14] are the other systems that integrate the 

log information of user feedbacks with RF for image 

retrieval. Our proposed model outperforms these 

systems. Dominant features of the proposed systems 

are as follows: 

First, we dynamically construct a fuzzy transaction 

repository by recording each session-term feedback. 

This is important for us because, FTR is not only 

limited to the existing images in database. So a new 

image, with a new concept can be added to database in 

our proposed model, also its semantic information is 

further added. Indeed, FTR is updated for both of 

existent and recently added images, continually. 

Second, while most systems that use RF, want user to 

mark retrieval images as relevant or irrelevant images 

and this decision would be difficult for images which 

are rich in semantic, we use soft feedback model in 

retrieval process that allows user to judge more truly. 

According to this feedback, we use fuzzy decision 

making for computing semantic similarity between 

query image and each database image. Third, for 

retrieving results, we integrate both low level features 

and high level concepts. To this end, we use low level 

features re-weighting technique.       

The remainder of the paper is organized as follows. 

Section 2 describes our proposed CBIR system in 

detail. Section 3 illustrates the experimental results. 

Section 4 draws conclusion.

2. The proposed system 

The block diagram of our proposed system is shown 

in Fig. 1. The system first computes low level features 

of the query image and returns 20 images with the 

highest similarity scores to the user. The user labels 

examples according to the relevance of each retrieved 

image to the query image. The transaction based 

semantic learning uses session-term feedback and the 

FTR to estimate the query semantic feature. The 

feature re-weighting technique also uses session-term 

feedback to learn the weight of low level features. The 

system then returns top 20 images ranked by fusing the 

normalized scores computed from both techniques. The 

user labels each returned image for the next iteration. 

The process will be continued and refined iteratively 

until the user is satisfied. The following subsections 

will explain our proposed system in details. 

Figure 1. The block diagram of our proposed 

system 
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2.1. Feature extraction 

We use the sets of features to represent the images. 

This set contains three types of features, color, shape, 

and texture. The color feature used in our experiments 

is color moment. It is a 9-dimension feature vector 

where 3 moments (color mean, color variance and 

color skewness) in each color channel (H, S, and V) 

are extracted from each image. We use edge direction 

histogram for image shape feature. It is an 18-

dimension feature vector. The texture feature used is 

the co-occurrence feature. It is a 16-dimension feature 

by analyzing the Co-occurrence matrix. The weighted 

Euclidian distance is used to measure the similarity 

between the query and each image in the database. 

Initially, the weight vector is set to 1 and updated in 

next iterations according to relation (11) in section 2.4. 

2.2. Fuzzy Transaction Repository 

2.2.1. Fuzzy labeling. Most existing image retrieval 

methods assume that images have binary memberships 

in semantic classes. So they assign a single semantic 

label -Crisp Label- to each image. While, images may 

belong to many classes with different degrees of 

relevance. 

feedback. The fuzzy labeling or soft feedback model 

provides more flexibility for users, especially when the 

query or images are semantically rich.

Our proposed FTR include fuzzy labels that 

obtained from relevance feedback procedure. Five 

types of fuzzy labels are used in our feedback process; 

include Full Irrelevant (FIR), Irrelevant (IR), Don't 

Care (DC), Full Relevant (FR), and Relevant (R). FIR, 

IR, FR and R membership function are defined to form 

of trapezoidal form and DC is defined to triangular 

form. 

We will consider the following linear membership 

function related to each triangle fuzzy sample: [15] 
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where id is tolerance of ith input vector and 1,0id

which is shown in Fig 2.   

Figure 2. User feedback to form of triangle 

according to relation (1) with 1iY  and 1id  . 

Also for trapezoidal fuzzy samples we can write: 
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where ib is width of trapezoidal membership function 

as an example in Fig 3. 

Figure 3. User feedback to form of trapezoidal 

according to relation (2) with 1iY , 1id and

1ib

2.2.2. Fuzzy Transaction Repository construction. 

represents an image in the database and each column 

corresponds to one semantic group. Initially FTR is 

empty and dynamically is constructed as follows:

1. For each query image Q

1.1  Append a new row and new column to 

FTR, new row means that new images is 

added to database, new column means that a 

new concept is added to database. 

1.2 Retrieve images using low-level features and 

return 20 images most similar to query 

image Q.
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1.3 The relevance feedback mechanism solicits 

the user to judge the relevance of the 

retrieved images. 

1.4

corresponding to the rows of all full relevant 

images and relevant images are respectively 

set to 2 and 1, and the elements 

corresponding to the full irrelevant and 

irrelevant images are respectively set to -2 

and -1 and the remaining elements are set to 

0. 

1.5 Compute the semantic similarity score 

between query image Q and each database 

image using the fuzzy transaction-based 

semantic learning (section 2.3). 

1.6 Compute the visual similarity score between 

query image Q and each database image 

using the feature re-weighting learning 

technique (section 2.4). 

1.7 These two similarity measures combined 

together to form the overall similarity 

measure (section 2.5). 

1.8 Repeat steps 1.3 through 1.8 until the user is 

satisfied with the retrieval results or the 

maximum iteration is reached. If iteration 

numbers exceeded from maximum, that 

means, new semantic group has been added 

to database that previously, no images or 

few images of the semantic group exist in 

database. Along database images are 

increased, images that belong to this 

semantic group are gradually added to 

database. 

2. Finally, the new column is compared with all 

existing columns in FTR to determine if there is 

full relevant in both of columns. 

If any match is found-that means the new column 

has similar semantic to that column-, information 

of the new column is merged with the information 

of identified column. Now we can remove the new 

column. Otherwise new column is remained. This 

process is useful because, dimensions of FTR and 

also searching time are reduced.

2.3. Semantic similarity based on Fuzzy 

Transaction Repository 

We introduced our fuzzy decision based transaction 

repository in this section. As aforementioned, for each 

new query we retrieve images using low-level features 

in the first iteration. The user labels retrieval results. 

Each labeled image is represented by a semantic vector 
jx  with sj ,...,1  for the relevant images and 

tssj ,...,1  for the irrelevant images. Each 

semantic vector corresponds to a row vector of FTR, 

which is determined by the index number of the 

labeled images. Then the high-level feature vector of 

the query (Q) is initialized as: 

),...,2,1( nqqqQ    (3) 

where n equals the number of columns in FTR , qi is ith

element of the query semantic feature vector and 

defined as follows: 

)...21()...
21

( ts
ixs

ixs
ix

s
ixixixiq (4)

where 
j

ix is ith element of the semantic feature vector 

of the jth image. The 
j

ix with a value of -1 or -2 will be 

Initially, we set w = Q, where w represents the 

weight vector associated with the query.  

In the previous systems [12-14], the system 

calculates the similarity score between the query and 

each image in the database using (5).  
n

j

jjscore xwxwxh
1

)()(    (5)                             

where w represents the weight vector associated with 

the query, x represents the semantic vector of an image 

in the database and n is the length of both vectors. 

In the proposed FTR iw is used for weighting of 

fuzzy membership function. Result of weighting is: 

xwx i

n

i

iR

1

  (6) 

where xi  is fuzzy membership function of  ith

element of the semantic feature vector x , w is the 

weight vector, n equals the number of columns in FTR 

and xR  is result of adding weighted membership 

function in FTR. Relation (6) is fuzzy form of relation 

(5). Fig 4 shows summation of two weighted 

membership function. 

Afterwards, results will be defuzzified. We use 

Centroid defuzzification according follow, 

x R

Rx

R
x

x
x

   (7) 

As an example, R in Fig 4 is -1.1667. 
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Figure 4. Example of adding weighted membership 

function 

For the following feedback iterations, the short-term 

learning refines the query by updating its weight vector 

using current feedbacks and FTR as follows: 
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Negative Feedback:
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where wi
(t) is the ith element of the current weight 

vector, wi
(t+1) is the ith element of the updated weight 

vector, xi is the ith element of the hidden semantic 

feature vector of the labeled image x, and  is the 

adjustment rate and is empirically set to 1.1.  

2.4. Feature re-weighting 

There are several ways for measuring distance 

between a query and each database image such as 

Minkowski distance, Quadratic distance and Euclidean 

distances. Each of them has its own merits and 

demerits. We chose weighted Euclidean distance 

because it is computationally very simple and produces 

fairly good results. If Q is query image and I is 

database image, weighted Euclidean distance is 

computed as follows: 

2/1

2

1

)*(),(
M

i

iQiIi ffwQID  (10) 

where iIf  and iQf are ith feature component of I and

of Q respectively, M is the length of feature vector and 

wi is weight factor. When there is no RF, equal weight 

values are used for each feature component. For the 

following feedback iterations, these weights are 

updated as follows: 

00001.0

,

1

Rt

i

t

it

iw   (11) 

where
1t

iw is weight factor in t+1th iteration,
Rt

i

,
 is 

the standard deviation of  ith component of feature 

vector into the set of relevant images (Full Relevant 

and Relevant), 
t

i is the discriminant ratio of the ith

component of feature vector and  is defined as follows:  

t
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where

t

l

Ul

i

1

,
 is the number of non-relevant 

images (Full Irrelevant and Irrelevant), located inside 

the dominant range of relevant samples and 

t

l

Ul

iF
1

,

is the total number of non-relevant images among the 

retrieved images, for the ith feature component. The 

confusion set of ith feature component after the tth

iteration is given by: 
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i

t

i

t

i

t

i

t

i

Ut

i Ffandff ,, |  (13) 
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For all irrelevant images we stack ith feature

component into the set
Ut

iF ,
, the dominant range of

relevant images on the axis of the ith feature component 

are defined as follows: 

)max(

)min(
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2.5. Retrieval results 

After the first retrieval result is prepared, similarity 

between query image and each database image is 

computed using both visual similarity and semantic 

based similarity. Visual similarity (Scorelow) and 

semantic similarity (Scorehigh) -computed using (7)-, 

are combined to obtain final similarity measure: 

),(),(),(

),(),(

QIlowScoreQIhighScoreQIScore

QIDQIlowScore

(15)

3. Experimental results 

We have tested our proposed system on a general 

purpose images with one thousand images from 

COREL. These images have 10 categories with 100 

images in each category. Fig. 5 shows a scheme of the 

proposed interactive retrieval system with first image 

as a query. 

Figure 5. Image retrieval system 

In order to evaluate CBIR system two important 

criterions are Precision and Recall. Precision is the 

fraction of the relevant images which has been 

retrieved and recall is the ratio of relevant retrieved 

images over all relevant images. We use the first 

criterion to evaluate our system. Fig. 6 summarizes the 

average retrieval precision for our proposed system 

(transaction based and feature re-weighting) and 

feature re-weighting system. It shows that precision of 

our proposed approach exceeds 91% after 6 iterations. 

While after 6 iterations retrieval precision of the 

feature re-weighting approach reaches only 67%. Thus, 

our approach is able to accomplish the retrieval goal in 

only a few iterations. This improvement is preferred in 

image retrieval since the user wants to retrieve the 

desired images in as few feedback steps as possible. 

terations

P
re
c
is
io
n
%

Figure 6. Comparisons of our proposed approach 

and feature re-weighting approach 

Furthermore experiments show that, the retrieval 

precision increases as the information of FTR increase 

and each iteration leads to better retrieval precision. 

For this purpose, we show experiments in three steps. 

In the first step FTR is empty and we show the average 

of retrieval precision on query images, in the second 

step we will start test on a pre-built FTR from step1. 

Finally, in the third step we will test on a pre-built FTR 

from step1 and step2. So Fig. 7 compares the retrieval 

precision for our proposed approach on an empty FTR 

and a pre-built FTR (step1) and a pre-built FTR (step1 

& step2). It clearly shows, a pre-built FTR from step1 

& step2 has better precision on the 2th iteration and 

achieves retrieval precision as high as 95% on the 7th

iterations.
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Figure 7. Comparison of retrieval precision on 

empty repository and pre-build repository 

4. Conclusion

We have proposed image retrieval system based on 

transaction based semantic learning and low level 

features learning. The important contributions to the 

field in this work can be summarized as follows: 

1. We construct fuzzy transaction repository 

information.  

2. Since FTR is dynamically constructed, it is 

possible to add new images with new concepts 

to existing database images. Their semantic 

information is further added to FTR during 

future sessions. 

3. We develop an incremental method to deal with 

new log sessions, it is important toward a long 

term learning purpose. 

4. Using soft feedback model in retrieval sessions 

that allows user to judge about the relevance of 

the returned results more truly. 

5. The semantic similarity can be computed using 

the current feedback and the semantic values in 

the FTR. 

6.  Applying the feature re-weighting learning to 

find images which are visually similar to the 

query image. 

Experiments show that our proposed system has a 

desirable performance and achieves remarkably high 

retrieval precision after the first three iterations. 
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