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Abstract—In this paper, a new system of fuzzy relevance 

feedback for image retrieval is introduced. In conventional 
CBIR systems, the users are restricted to make a binary 
labeling on the retrieval results, while this determination is 
difficult for rich images in semantic. In the proposed system, we 
accumulate user interactions using a soft feedback model to 
construct Fuzzy Transaction Repository (FTR). The repository 
remembers the user’s intent and, therefore, in terms of the 
semantic meanings, provides a better representation of each 
image in the database. To best exploit the benefits of user 
feedback, we improved the proposed system, so that the 
repository remembers the user’s intent in a suitable manner (as 
structure-based fuzzy transaction repository) and provides an 
accurate representation for each image in the database. The 
semantic similarity between the query and each database image 
can then be computed using the current feedback and the 
semantic values in the FTR. Furthermore, feature re-weighting 
is applied to the session-term feedback in order to learn the 
weight of low-level features. 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 systems exceeds 83% after 
three iterations.  

 
Index Terms— Feature Re-weighting, Fuzzy Relevance 

Feedback, Fuzzy Transaction Repository, Image Retrieval 
 

I. INTRODUCTION 
Content-based image retrieval (CBIR) is a process of 

retrieving a set of desired images from a collection of images 
based on visual contents present in the images, such as color, 
texture, shape or spatial relationship. Extensive experiments 
on CBIR systems show that the retrieval accuracy of today’s 
CBIR systems remains relatively unsatisfactory [1]. CBIR 
systems interpret user information needs based on a set of 
low-level visual features extracted from the images [2]. 
However, these features may not correspond to the user’s 
interpretation and understanding of image contents. Indeed, 
the semantic gap between the low-level representation of 
images and high-level user concepts poses great challenges in 
a CBIR system design. 

To bridge the gap between low-level features and semantic 
meaning, relevance feedback techniques have been 
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incorporated in the process of image retrieval [3]. Indeed, the 
relevance feedback approach has been proposed to 
semi-automatic annotation and image retrieval [4]. Early 
relevance feedback schemes can be classified into two 
categories: query point movement (QPM) or query 
refinement [5], [6] and feature re-weighting method [7]-[10].  

The query point movement was proposed by Rocchoio [5]; 
it improves the estimation of the query point by moving it 
towards positive examples and away from the negative ones. 
The best-known implementation is the MARS [11]. It 
assumes that the query is represented as a point in the 
multi-dimensional feature space and that all relevant images 
cluster in the feature domain. However, in most cases, it is 
neither sufficient nor effective to describe the user 
information need using a single global model. 

The feature re-weighting method considers the 
discriminating power of different features and enhances the 
contribution of features that identify the relevant examples 
marked by the user in the best way. It uses heuristic 
formulation with empirical parameter adjustment, mainly 
along the line of independent axis weighting in the feature 
space. 

Recently Learning based approaches are typically used to 
appropriately modify the feature set or similarity measure. 
Bayesian or probabilistic learning [12], [13] has been utilized 
to incorporate user feedback to update the probability 
distribution of all images in the database. Artificial neural 
networks [14], [15] have also been adopted in the relevance 
feedback process due to their ability to simulate universal 
mapping. Since the number of feedback samples from the 
users is usually small in respect to feature dimensions, neural 
networks suffer from this limitation, as they require large 
volumes of training data. Tong and Chang in [16] propose a 
support vector machines (SVM) that is an active learning 
algorithm for image retrieval. To address the problems of 
insufficient training samples, the D-EM 
(Discriminant-Expectation Maximization) algorithm [17] is 
introduced to incorporate unlabeled data in order to enhance 
performance in CBIR. The results are   promising, but 
computation complexity can be significant for a large 
database. In [18] a complete review of recent works in RF has 
been presented. 

Traditionally, the user is restricted to binary classification 
to determine whether an image is “fully relevant” or “totally 
irrelevant.” Therefore, a single semantic label or namely a 
crisp label is assigned to each image.  

An additional point to note is that all these methods are 
applied to improve the retrieval performance of the current 
query session without learns the previous users’ behaviors. 
To overcome this limitation, another method, generally 
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called long-term learning, has been recently developed. This 
involves the memorization and accumulation of user’s 
preferences in the RF process. The historical retrieval 
experience is then used to guide new users’ queries. Indeed, 
long-term learning algorithms are based on previous users’ 
behavior, which embody more semantic information than 
low-level features. Han [19] and Zhuang [20] introduce a 
knowledge memory model to store semantic information by 
accumulating user-provided interactions. In the process of 
image retrieval, the system converts user feedback to 
semantic relations between images, to do that, it constructs a 
semantic relation network. [19], [20] are effective 
approaches for learning about semantic relationships 
between images. However, these approaches have some 
problems:  

• The relationship is stored between each of the two 
images and so requires O(n2) space, where n is the 
number of images in the database.  

• These learning techniques are susceptible to images 
mislabeled by the user, which result in the relationship 
between two images to be learned incorrectly. 

To address the limitations of current CBIR systems, we 
introduce an image retrieval system that uses fuzzy decision 
based on a transaction repository and feature re-weighting 
technique. The proposed system integrates user feedback 
from all iterations in order to construct a Fuzzy Transaction 
Repository (FTR). To optimally exploit the benefits of user 
feedback, we also improved the proposed system. In the 
improved system, the repository remembers the user’s intent 
as a new structure and therefore provides an accurate 
representation for each image in the database.  The semantic 
similarity between the query and each database image is then 
computed using a weighted combination of the fuzzy 
membership function. Furthermore, to improve short term 
learning, feature re-weighting is applied to the session-term 
feedback in order to learn the weights of low level features. 
The retrieval results are returned by combining the 
normalized similarity scores computed from both the fuzzy 
transaction-based and the feature re-weighting. The 
semantic-space-based [21]-[23] and the log-based [24] are 
other systems that integrate the log information of user 
feedback with RF for image retrieval. Our proposed model 
improves these systems. The dominant features of the 
proposed systems are as follows: 

First, a fuzzy transaction repository is dynamically 
constructed by recording each session-term feedback. This is 
important because FTR is not only limited to the existing 
images in the database. Therefore, a new image, with a new 
concept, can be added to the database in the proposed model. 
Also, its semantic information can be further added. Indeed, 
FTR is updated continually for both of existing and recently 
added images. Second, most systems using RF prefer that the 
user mark retrieval images as relevant or irrelevant, whereas 
this determination is difficult for images rich in semantic. 
The fuzzy feedback model is applied in the retrieval process 
to allow the user to judge more accurately. According to this 
feedback, the fuzzy decision is used for computing the 
semantic similarity between the query and each database 
image. Third, to retrieve the results, both low-level features 
and high-level concepts are integrated. To this end, feature 

re-weighting technique is employed. Finally, because of the 
subjectivity of human annotation, the first system has been 
improved and the structure of the FTR changed. In the 
improved system different user’s judgments for each image 
in each semantic group are completely stored.        

The structure of the paper is organized as follows. Section 
2 describes the proposed system in detail. For better 
comprehension of recommended method, we describe it into 
two separate primary and improved phase. Section 3 
illustrates the experimental results. Section 4 draws 
conclusion. 
  

II. THE PROPOSED SYSTEM 
The system first computes the low-level features of the 

query image and then returns 20 ones with the highest 
similarity scores to the user. The system solicits the user to 
judge the relevance of the retrieved images. The user 
provides his evaluation by labeling each displayed image as 
‘full relevant,’ ‘relevant,’ ‘full irrelevant’ and ‘irrelevant.’ 
Transaction-based semantic learning employs session-term 
feedback and the semantic values in FTR to estimate the 
query semantic feature. The FTR stores the high-level 
semantic features for each image in the database, which is 
constructed on-line by collecting user feedback from various 
query sessions. Furthermore, the feature re-weighting 
technique uses session-term feedback to learn the weight of 
low-level features. The system then returns the top 20 images 
which were ranked by fusing the normalized scores 
computed from both techniques. The user goes on to label 
each returned image for the next iteration. The process will 
be continued and refined iteratively until the user is satisfied. 
The following subsections explain the proposed system in 
detail. 

A. Feature Extraction  
Low-level sets of features are used to represent images. 

They contain 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 (mean, 
variance and skewness) in each color channel (H, S, and V) 
are extracted from each image. Edge direction histogram is 
used 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 analysing the co-occurrence 
matrix. The Euclidian distance is used to measure the 
similarity between the query and each image in the database.  

B. Fuzzy Labeling 
Most existing image retrieval methods assume that images 

have binary memberships in semantic classes. Therefore, 
they assign a single semantic or a crisp label to each image, 
while images may belong to many classes with different 
degrees of relevance. Hence, a novel fuzzy relevance 
feedback is proposed for user feedback which enables the 
user to make a fuzzy judgment. The fuzzy labelling has more 
flexibility for users, especially when the queries or images 
are semantically rich; it provides a natural and flexible way in 
expressing the user’s preferences. 

Our proposed FTR includes fuzzy labels obtained from the 
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relevance feedback procedure. Five types of fuzzy labels are 
used in our feedback process: full irrelevant, irrelevant, full 
relevant, relevant, and Don't Care (DC). The four primary 
membership functions are defined by a trapezoidal 
membership function, while the DC is defined by a triangular 
one. Users judge the relevance degree of the retrieved images. 
When the image does not retrieve in any iteration, its FTR 
element is empty. These elements are called missing values. 
If the number of missing values is few, instances with 
missing values can be discarded, while, there are many 
images of this form, especially in the first query sessions. 
Therefore, the DC membership function is used to solve the 
missing value problem in the transaction logs’ data.  

C. First Phase: Semantic Image Retrieval Based on Fuzzy 
Transaction Repository 
For better comprehension of recommended method, we 

describe it into two separate primary and improved phase. In 
this section, we describe the first phase. The improved phase 
will be detailed in the next section. 

The membership functions of the fuzzy labels are 
determined as follows: 

• Five different states are considered for user’s feedback. 
These states are including: Relevant (R), Full Relevant 
(FR), IrRelevant (IR) and Full IrRelevant (FIR). The 
5th state belongs to the image does not appear as a 
retrieved image in any iteration, i.e. DC. 

• The membership functions are shown in Fig. 1. 

 
Figure 1. The membership functions of each fuzzy label in the first 

phase of proposed system 

 
Fuzzy Transaction Repository construction (First Phase): 

The FTR stores user feedback. Each row in the FTR 
represents an image in the database and each column 
corresponds to a semantic group. Initially the FTR is empty 
and it is constructed dynamically as follows: 
1) For each query image Q : 

• Append a new column to the FTR. A new column 
signifies that a new concept have been added to the 
database.  

• Retrieve images using low-level features and return 20 
ones which are the most similar to a query Q. 

• The relevance feedback mechanism solicits the user to 
judge the relevance of the retrieved images. 

• According to the user feedback, the elements 
corresponding to the rows of all full relevant and 
relevant images are set to 2 and 1, but, the full 
irrelevant and irrelevant ones are set to -2 and -1 
respectively. Remaining elements are set to 0.  

The elements of the FTR have numeric values, but the 
membership functions, introduced in the proposed FTR 
system, are used to compute semantic similarity.  

• Compute the semantic similarity score between a query 
Q and each database image by using fuzzy 
transaction-based semantic learning.  

• Compute the visual similarity score between a query Q 
and each database image by using feature re-weighting 
learning technique (section E). 

• The two similarity measures are combined together to 
form the overall similarity measure (section F). 

• Repeat steps c through h until the user is satisfied with 
the retrieval results or when the maximum iteration is 
reached. If iteration numbers exceed the maximum, it 
means that, a new semantic group has been added to the 
database, which previously contained no images or few 
ones of a semantic group. As database images are 
increased, images that belong to this semantic group 
are gradually added to the database. 

2) Finally, the new column is compared with all existing 
columns in the FTR to determine if there is any 
correlation between new column and other existing 
columns. If the correlation value is greater than 80%, it 
means that the new column is semantically similar to the 
other. Therefore the information of the new column 
(fuzzy label of images assigned by user in current 
session) has been merged with the information of the 
identified column, so the new column can be removed; 
otherwise it will remain. This process is effective 
because FTR dimensions and search time are reduced.  

Semantic Similarity Based on Fuzzy Transaction 
Repository (First Phase): Fuzzy decision-based transaction 
repository is introduced in this subsection. As mentioned, for 
each new query, images are retrieved using low-level 
features in the first iteration. The user then 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 ones. Each semantic vector 
corresponds to a row vector of the FTR, which is determined 
by the index number of the labeled image. Then, the 
high-level feature vector of the query (Q) is initialized as: 

 ),...,,( 21 nqqqQ =        (1) 
where n equals the number of columns in the FTR , qi is ith 
element of the query semantic feature vector and defined as 
follows: 

)...()...( 2121 ts
i

s
i

s
i

s
iiii xxxxxxq +++ ∨∨∨∧∨∨∨=    (2) 

where j
ix is ith element of the semantic feature vector of the 

jth image. The j
ix with a value of -1 and -2 is be treated as 0’s, 

but, the j
ix with a value of 1 and 2 is be treated as 1’s in this 

computation. 
Initially, w is equal to Q (w = Q), where w represents the 

weight vector associated with the query. In the proposed 
systems, the similarity score between the query and each 
image in the database calculates using Eq.3.  

( ) ( )xwx i

n

i
iR μμ ∑

=
=

1
      (3) 

where ( )xiμ  is the fuzzy membership function of the ith 
element of the semantic feature vector x , wi is used for 
weighting the fuzzy membership function,  n equals the 
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number of columns in the FTR and ( )xRμ  is the result of 
adding the weighted membership function in the FTR. Fig. 2 
shows the summation of two weighted membership functions 
according to the Eq. (3): 
 

 
Figure 2. Example of adding weighted membership functions (convex form) 
 

The result of summation of membership functions shown 
in Fig. 2 becomes non-convex form, but the experiments 
show that it is appeared in convex form too, Fig. 3. So the 
output of the Eq. (3) can be convex or non-convex form. 

 

 
Figure 3. Example of adding weighted membership functions (non-convex 

form) 
 

Therefore, results are defuzzified. The Centroid 
defuzzification is used according to the following: 

( )

( )∑

∑

=

x R

Rx

R
x

x
x

μ

μ
      (4) 

For example, R in Fig. 2 is -1.1667. 
For the following feedback iterations, short-term learning 

refines the query by updating its weight vector using current 
feedback 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 α is the adjustment rate and is empirically set to 
1.1.  

D. Improved Phase: Semantic Image Retrieval Based on 
Structured Fuzzy Transaction Repository (SFTR) 
The problem of the first phase is that each element of the 

FTR determines whether the image in the semantic group is 
full relevant, relevant, full irrelevant or irrelevant and it is not 
possible to store different user judgments for each image of 
each semantic group. This problem motivates us to improve 
the proposed system. Due to the subjectivity of human 
annotation, the structure of the FTR has been changed. In the 
improved system, each element of the FTR is a data structure 
and it can be possible to store different user judgments for 
each image of each semantic group. For example, if three 
users determine that image i is “full relevant” to the query 
then, the full relevant term of the data structure of image i in 
the column is equal to 3. The importance feature and 
difference of the improved system will be detailed in this 
section. 

In the improved system, five different states are considered 
for user feedback without any overlapping (Fig. 4). These 
membership functions will be updated in long term learning. 
So that, the importance of each option; relevant, full relevant, 
irrelevant and full irrelevant; will be increased by user 
feedback on it.  

 
Figure 4. The membership functions of each fuzzy label in the 

improved system 
Construction of SFTR (Improved Phase): Similar to the 
previous scheme, SFTR stores user feedback. Each row in the 
SFTR represents an image in the database and each column 
corresponds to a semantic group. Whereas, each element of 
the SFTR is a data structure and includes four terms: FIR, IR, 
R and FR. Initially, the SFTR is empty and, dynamically, it is 
constructed as follows: 

All steps of this algorithm are similar to the previous, but 
step ‘d’ in previous is replaced with these two steps: 
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• Initially, empty the temporary feedback table. 
According to user feedback, add retrieved images to 
the temporary feedback table. The elements 
corresponding to the rows of all full relevant and 
relevant images are set to 2 and 1, but, the full 
irrelevant and irrelevant ones are set to -2 and -1 
respectively. Remaining elements are set to 0. 

• The temporary feedback table is compared with all 
existing columns in the SFTR to determine if there is 
any image that is full relevant in both of them. If any 
match is found, this means the new session is 
semantically similar to that particular column, and so 
information of the temporary feedback table is added to 
the information of the identified column. For example, 
if image i is identified FR in the current session, the FR 
element from image i in the identified column is 
increased by one unit. Similarly, if image j is identified 
IR, its IR element in the identified column is increased 
by one unit. In this way, information of the temporary 
table is added to the identified column. Otherwise, the 
information of the temporary feedback table is added to 
the SFTR as a new column or a new semantic group. 
This process is effective because, the information of 
the SFTR is continually updated after each iteration.  

Similar to the previous algorithm, repeat steps d through h 
until the user is satisfied with the retrieval results or the 
maximum iteration is reached. 

Semantic Similarity Based on SFTR (Improved Phase): 
According to the memorized knowledge in the SFTR, the 
semantic similarity between a query and each database image 
is computed in another manner. Also, the weight vector is 
updated differently. These differences will be illustrated in 
the following.   

In the proposed SFTR, the Eq. (3) is improved as follows;  

( ) ( )xWx ij

N

i
DCIrRFIrR

RFRj
iR μμ ∑ ∑

= ∈
=

1
,,

,,
   (7) 

Where ( )xijμ  is the fuzzy membership function of the ith 

element from the jth term of the semantic feature vector x , W 
is the weight vector, N equals the number of columns in the 
SFTR and ( )xRμ  is the result of adding the weighted 
membership function in the SFTR. Similar to the first phase, 
the result of summation of membership functions can be 
convex or non-convex form. Therefore, the results of the Eq. 
(7) will be defuzzified by Centroid defuzzification to 
compute semantic similarity between a query and each 
database image. 

An additional point to note is that, in the first phase of the 
proposed system, the fuzzy membership function is defined 
to form of trapezoidal and triangular functions, which are 
fixed during computations. While in the new scheme, 
according to the knowledge stores in the SFTR, it is possible 
to update these membership functions. For example, if most 
of the user determined image i is full relevant in the semantic 
group one, then the full relevant membership function of this 
image in this semantic group is invigorated. Also, according 
to user judgement, other membership functions of this image, 
namely relevance, irrelevance and full irrelevance are 
invigorated and then the Eq. (7) is computed. 

Method of Membership Function Updating: The updating 
membership functions will be described as follows. 

 The full irrelevant membership function is: 
 

 
Figure 5: full irrelevant membership function 

 
The width of the membership function is invigorated, and 

the following Eq. is utilized to update y2 and y1: 

22

11
*
*

bxay
bxay

+=
+=        (8) 

where x is the normalized FIR or IR or R or FR term of 
structure in SFTR. The values a, b1 and b2 are determined 
according to table 1: 

 
TABLE 1: VALUES USED IN EQ. (8) 

FIR IR R FR 
a=-2 a=-2 a=2 a=2 

b1=-11 b1=-7 b1=7 b1=12 
b2=-12 b2=-6 b2=6 b2=11 

 
The values of a, b1 and b2 are empirically set, so that the 

center of gravity is moved 65% for each user feedback. e.g. if 
a user determine that image i is irrelevant and two ones 
specify that image i is full irrelevant, so the value x in the Eq. 
(8) for IR label and FIR label are 1/3 and 2/3 respectively. Fig. 
6 shows the updated membership functions for two fuzzy 
labels, i.e. FIR and IR for image i.  

As shown in Fig. 6, the membership function of FIR and 
IR are invigorated. Its invigoration is directed to the left side. 
So, the moment of membership function was appeared 
according to user feedback.  

 

 
Figure 6: Normal and updated membership functions for FIR and IR 
 
Also, the updated membership functions for two fuzzy 

labels, i.e. FR and R is shown in Fig. 7, where x in Eq. 8 is 
equal to 0.5 and 0.5 for R and FR, respectively. 
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Figure 7: Normal and updated membership functions for R and FR 

 
As shown in above Fig., the membership function of FR 

and R are invigorated. Its invigoration is directed to the right 
side. It is necessary to illustrate by an example as follows: 

Example of Membership Function Updating: As an 
example, the following result was obtained for image i in the 
database during the first query sessions: 

 

 
Figure 8: Semantic similarity measure for image i 

 
As shown in Fig. 8, a user specify the image i as relevant 

one to the query and another users determine this image as 
full relevant one, so the centroid deffuzification for image i is 
equal to 7.99. After long term learning and obtaining 
different user feedback, the status of image i is as follows: 

 

 
Figure 9: Semantic similarity measure for image i 

 
The membership function of the FR label for image i is 

invigorated to right side more than the R label type, because 
the most users determine that image i is full relevant image. 
The centroid deffuzification for image i is equal to 10.19. 
Therefore, the way to update the membership functions is 
exactly based on user’s opinion. 

Method of Weight Updating: Since the SFTR has perfect 
knowledge, in comparison with the FTR, the weight vector is 
effectively updated as follows. For each positive and 
negative image, the related semantic feature vector in the 
SFTR is reviewed. For example, for image i, the semantic 
feature vector j

ix in the SFTR for j=1,…, n is reviewed,  
where n equals the number of columns of the SFTR. Initially 
the terms of structure j

ix are normalized and the max term is 
computed as follows: 
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          (9) 

 If the max term and user feedback are similar, then this 
column must be invigorated. This is done as follows: 

νλλ *)1(* )()1( −+=+ t
i

t
i WW                    (10) 

where wi
(t) is the ith element of the current weight vector, wi

(t+1) 
is the ith element of the updated weight vector, λ  is the 
amplification coefficient equal to 0.95 and v  is equal to the 
max term. For example, if a user determined image i as full 
relevant one, it means that, the user feedback and the max 
term are similar, for this reason this column is invigorated 
according to the Eq. (10). Otherwise, this column must be 
weakened. This is done as achieved: 

sWW t
i

t
i *)1(* )()1( λλ −−=+                   (11) 

where λ   is similar to the Eq. (10) and s  is equal to the term 
that is related to user feedback. For example, if a user 
determined image i as irrelevant one, it means that, the user 
feedback is not similar to the max term, so this column must 
be weakened.  

E. Feature Re-Weighting 
There are several ways to measure the distance between a 

query and each database image, such as the Minkowski 
distance, the Quadratic distance and the Euclidean distances. 
Each one has its own merits and demerits. In the proposed 
system, the weighted Euclidean distance is chooses [26], 
because it is computationally very simple and produces fairly 
good results.  

F. Retrieval Results 
After the first retrieval result is achieved, the similarity 

between the query and each database image is computed 
using both normalized visual and semantic-based similarity. 
Visual similarity (Scorelow) and semantic similarity 
(Scorehigh), computed using Eq. 4, are normalized and 
combined to obtain the final similarity measure: 

),(),(),(

),(),(

QIlowNormScoreQIhighNormScoreQIScore

QIDQIlowScore

+=

−=
 

(12) 

III. EXPERIMENTAL RESULTS 
More than half of systems use a subset of Corel image 

dataset to test retrieval performance [3]. Corel image dataset 
contains a large amount of images of various contents 
ranging from animals and outdoor sports to natural sceneries. 
These images are pre-classified into different categories of 
size 100 by domain professionals. The proposed system has 
been tested on general purpose images with one thousand 
images from Corel. These images have ten categories with 
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100 images in each category.  
In order to evaluate CBIR system, two important criterions 

are utilized: Precision and Recall. Precision is the fraction of 
the relevant images which have been retrieved while recall is 
the ratio of relevant retrieved images over all relevant ones. 
To evaluate our system, it can be realized by two points of 
view; so two different criterions are introduced. There is not 
any difference between relevant and full relevant retrieved 
images, so the first criterion is introduced as Normal 
Precision. Normal Precision is defined as follows: 

|ImRe|
|ReRe|Pr

agestrievedAll
levantlevantFullecisionNormal +=  

(13) 
On the other hand, the precision can be measured with 

emphasis on the full relevant retrieved images. Therefore, the 
second criterion is introduced as High Precision. High 
precision is defined according to Eq. (14): 

|ImRe2|
|ReRe2|Pr

agestrievedAll
levantlevantFullecisionHigh

×
+×=  

(14) 
 
Since the important contribution of the proposed system is 

the fuzzy feedback model, which enables the user to make a 
fuzzy judgment about retrieved images, the proposed system 
is compared with the previous systems introduced in [21], 
[22], [24]. As mentioned, these systems are based on long 
term learning similar to our system but with the binary 
feedback model. Fig. 10 shows the comparison of the 
proposed system (Semantic Image Retrieval Based on the 
FTR) and the previous systems based on High Precision 
criterion.    
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Figure 10: Comparison of the proposed system and other systems based on 

High Precision 
 
Furthermore, there is another difference between the 

proposed system and the system introduced by Wacht [23]. 
Our proposed system is a composite relevance feedback 
approach for image retrieval using transaction-based and 
feature re-weighting based learning, whereas learning in [23] 
is just based on semantic information that is stored in 
semantic space and the visual similarity is completely 
ignored. Therefore, the comparison of the proposed system 
and Wacht system is shown in Fig. 11 based on Normal 
Precision. 
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Figure 11: Comparison of the proposed system and Wacht system based on 

Normal Precision 
 

To evaluate the proposed system, the experimental results 
can be presented in two stages. First stage is related to 
evaluation of the short term and the long term learning of the 
proposed system. In short term learning, the results will be 
obtained just by using user feedback in current session, 
whereas long term learning algorithms are based on previous 
users’ behaviors. Finally in the second stage, the retrieval 
results of the proposed system, first phase and improved one 
will be compared. 

Stage 1: Fig. 12 summarizes the average retrieval 
precision for the proposed system transaction-based and 
feature re-weighting (long term and short term learning) and 
for the feature re-weighting (short term learning) system. 
This figure shows that the precision of our proposed 
approach exceeds 94% after seven iterations, whereas, after 
seven iterations the retrieval precision of the feature 
re-weighting approach only reaches 67%. Thus, the proposed 
approach is able to reach the retrieval goal in only a few 
iterations. This improvement is preferred in image retrieval 
since the user aims to retrieve the desired images in as few 
feedback steps as possible. 
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Figure 12: Comparisons of our proposed approach and feature 

re-weighting approach based on Normal Precision 
 

Experiments further document the retrieval precision 
increases as the same as the information of the FTR and so 
that each iteration leads to a better retrieval precision. For this 
purpose, the experiments are presented in three steps. In the 
first step, FTR is empty and the average retrieval precision on 
query images is shown. In the second step, the query session 
tests will be started on a pre-built FTR from step one. Finally, 
in the third step we shall test on a pre-built FTR from step one 
and two. Therefore, Fig. 13 compares the retrieval precision 
for the proposed approach on an empty FTR, a pre-built FTR 
(step one) and a pre-built FTR (step one and two) based on 
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Normal Precision. This clearly shows that a pre-built FTR 
from step one and two has better precision in the second 
iteration and achieves a retrieval precision as high as 94% on 
the seventh iteration. 
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Figure 13: Comparison of our proposed approach on an empty and pre-build 

repository based on Normal Precision 
 
Stage 2: Finally, the retrieval precision of the proposed 

system, first phase and improved one are compared. Since 
decision in the improved system is based on the most users’ 
opinion, the retrieval results of it emphasize on the full 
relevant images. Therefore, the High Precision criterion is 
used to compare the two proposed schemes. Fig. 14 
demonstrates the average of High Precision of two proposed 
schemes. As shown in Fig. 14, the average precision of the 
second scheme is higher than the first scheme in some of the 
iterations. The reasons for this are: 
• The long term information has been stored in the SFTR 

is effective so that, the full relevant images which will be 
retrieved are more than the first scheme. 

• The long term learning in the improved scheme is 
possible by updating membership function; because of 
the type of the long term information has been stored in 
the SFTR, whereas it is impossible in the first scheme. 
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Figure 14: Comparison of two proposed system, first phase and improved 

phase based on High Precision 
 
Especially in long term, the average retrieval precision of 

the improved system surpasses that of the first one.  

IV. CONCLUSION 
We have proposed an image retrieval system founded on 

transaction-based semantic learning and low-level features 
learning. The important contributions of this work can be 
summarized as follows: 

• A fuzzy transaction repository is as dynamically 
constructed to store user relevance feedback information. 
An incremental method was developed to deal with new 
log sessions, through updating the information of the 
FTR in each session. This is important for the purpose of 
long term learning. 

• Due to the subjectivity of the human annotation, the first 
scheme was improved and the structure of the FTR was 
changed. In the new scheme, each element of the SFTR 
is a data structure. Therefore, in the new scheme, user 
feedback can be utilized more than the first scheme by 
storing it accurately. 

Experiments show that our proposed systems obtain a 
desirable performance and achieve remarkably high retrieval 
precision after the first three iterations. 

REFERENCES 
[1] K. Wu, K.H. Yap, “Content based image retrieval using fuzzy 

perceptual feedback”, Multimedia Tools and Applications archive 
Volume 32 ,  Issue 3, Pages 235 – 251, March 2007 

[2] X.S. Zhou, T.S. Huang, “CBIR: from low-level features to high-level 
semantics”, Proceedings of the SPIE, Image and Video Communication 
and Processing, San Jose, CA, vol. 3974,  pp. 426–431, Jan. 2000 

[3] Y. Liua, D. Zhang, G. Lua, W.Y. Mab, “A survey of content-based 
image retrieval with high-level semantics”, Proceedings of the Pattern 
Recognition, pp. 262–282, 2007 

[4] S. Asbaghi, M.R. Keyvanpour, A. Amiri, “Learning-based approach 
for semantic image retrieval by using a dynamic semantic network”, 
19th International Conference on Database and Expert Systems 
Application, IEEE 2008 

[5] J. Rocchio, “Relevance feedback in information retrieval”, 
Prentice-Hall, 1971. 

[6] G. Guo, A.K. Jain, W. Ma, H.J. Zhang, “Learning similarity measure 
for natural image retrieval with relevance feedback”, IEEE Trans. 
Neural Networks 13 (4) 811–820, 2002 

[7] S.K. Saha, A.K. Das, B. Chanda, “Image retrieval based on indexing 
and relevance feedback” , Pattern Recognition Letters 28 ,357–366, 
2007 

[8] M. Lamine Kherfi, D. Ziou, “Relevance feedback for CBIR: a new 
approach based on probabilistic  feature weighting With Positive and 
Negative Examples”, IEEE Transactions on Image Processing, Vol. 15, 
No. 4 , April 2006 

[9] A.K. Jiang, G. Er, Q. Dai, J. Gu, “Similarity-based online feature 
selection in content-based image retrieval”, IEEE Transactions on 
Image Processing, Vol. 15, No. 3, March 2006 

[10] Y. Wu, A. Zhang, “A feature re-weighting approach for relevance 
feedback in image retrieval”, Special issue on Segmentation, 
Description, and Retrieval of Video Content, Rochester NewYork, Sep. 
2002 

[11] Y. Rui, T. Huang, S. Mehrotra, “Content-based image retrieval with 
relevance feedback in MARS”, Proc IEEE Int Conf Image Processing, 
Washington DC, USA, pp 815–818, 1997 

[12] I. Cox, T. Minka, T. Papathomas, P. Yianilos, “The Bayesian image 
retrieval system, PicHunter: theory, implementation, and 
psychophysical experiments”, IEEE Trans Image Process, 2000 

[13] Z. Su, HJ. Zhang, S. Ma, ”relevant feedback using a Bayesian classifier 
in content-based image retrieval”, SPIE Electronic Imaging, San Jose, 
CA, Jan 2001 

[14] J. Laaksonen, M. Koskela, E. Oja, “PicSom-self-organizing image 
retrieval with MPEG-7 content descriptions”, IEEE Trans Neural Netw 
13(4):841–853, July 2002 

[15] P. Muneesawang, L. Guan, “Automatic machine interactions for 
content-based image retrieval using a self-organizing tree map 
architecture”, IEEE Trans Neural Netw 13(4):821–834, July 2002 

[16] S. Tong, E. Chang, “Support Vector Machine active learning for image 
retrieval”; In: Proc. of ACM Int. Conf. on Multimedia, pp. 107–118. 
ACM Press, New York, 2001 

[17] Q. Tian, Y. Yu, T.S. Huang, “Incorporate discriminant analysis with 
EM algorithm in image retrieval”, Proceedings of the International 
Conference on Multimedia and Expo (ICME), pp. 299–302, 2000 

[18] R. Datta, D. Joshi, J. Li, J.Z. Wang, “Image retrieval: ideas, influences, 
and trends of the new age” , ACM Computing Surveys, Vol. 40, No. 2, 
Article 5, April 2008 



International Journal of Computer and Electrical Engineering, Vol. 2, No. 3, June, 2010 
1793-8163 

 

 

 

425

[19] J. Han, K.N. Ngan, M. Li, H.J. Zhang, “A memory learning framework 
for effective image retrieval”, IEEE Transactions on Image Processing, 
Vol. 14, No. 4, April 2005 

[20] Y. Zhuang, J. Yang, Q. Li, “A graphic-theoretic mode for incremental 
relevance feedback in image retrieval”, Proc. Of 2002 Int Conf. on 
Image Processing, New York, pp.413-416, Sep. 2002 

[21] X. He, Q. King, W.Y. Ma, M. Li, H.J. Zhang, “ Learning a semantic 
space from user’s relevance feedback for image retrieval “, IEEE 
Transactions on Circuits and Systems for Video Technology , Vol. 13, 
No. 1, Jan. 2003 

[22] X. Qi, R. Chang, “Image retrieval using transaction-based and 
SVM-based learning in relevance feedback sessions”, ICIAR 2007, 
LNCS 4633, pp. 638–649, 2007 

[23] M. Wacht, J. Shan, X. Qi, “A short-term and long-term learning 
approach for content-based image retrieval,“ Int. Conf. on Acoustic, 
Speech, and Signal Processing (ICASSP), 2006 

[24] S. Hoi, M.R. Lyu, R. Jin, “A unified log-based relevance feedback 
scheme for image retrieval”, IEEE Transactions on Knowledge and 
Data Engineering, Vol. 18, No. 4, April 2006 

[25] L.A. Zadeh, Fuzzy Sets. Information and Control 8, 338-35, 1965 
[26] G. Das, S. Ray, C. Wilson, “Feature re-weighting in content-based 

image retrieval“, 5th International Conference, CIVR 2006 Tempe, AZ, 
USA, Lecture Notes in Computer Science 4071, July 2006 

 
 
 
 
 
Malihe Javidi was born in Mashad, Iran, in 1984. She obtained the B.S. and 
M.S. degrees in computer engineering from Ferdowsi University of Mashad, 
Iran, in 2006 and 2008, respectively. Her research interests include image 
and video processing, machine learning, and fuzzy systems. She has some 
journal and conference publications in subject of interesting area. Email: 
malihejavidi@gmail.com  
 
 
Hamid Reza Pourreza was born in Gonabad, Iran, in 1969. He received the 
B.S. degree in electrical engineering from Ferdowsi University of Mashad in 
1989, and then he received to the M.S. and PhD degrees in engineering 
department from Amirkabir University of Technology, Iran, in 1992 and 
2003 respectively. He works in Computer Department as an associate 
professor at Ferdowsi University of Mashhad. His research interests include 
machine vision, image and video processing, and signal processing. He has 
more than 50 journal and conference publications in subject of interesting 
area. Email: hpourreza@um.ac.ir 
 
 
Hadi Sadoghi Yazdi was born in Sabzevar, Iran, in 1971. He received the 
B.S. degree in electrical engineering from Ferdowsi University of Mashad in 
1994, and then he received to the M.S. and PhD degrees in electrical 
engineering from Tarbiat Modarres University of Tehran, Iran, in 1996 and 
2005 respectively. He works in Computer Department as an assistant 
professor at Ferdowsi University of Mashhad. His research interests include 
adaptive filtering, image and video processing, and optimization in signal 
processing. He has more than 140 journal and conference publications in 
subject of interesting area. Email: h-sadoghi@um.ac.ir 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AgencyFB-Bold
    /AgencyFB-Reg
    /Algerian
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /BaskOldFace
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BlackadderITC-Regular
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BradleyHandITC
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Castellar
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /CurlzMT
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversMT
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /EstrangeloEdessa
    /FangSong_GB2312
    /FelixTitlingMT
    /FootlightMTLight
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /FZSTK--GBK1-0
    /FZYTK--GBK1-0
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Gigi-Regular
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /Gulim
    /GulimChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KaiTi_GB2312
    /Kartika
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LiSu
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /MaturaMTScriptCapitals
    /MicrosoftSansSerif
    /MicrosoftYaHei
    /MingLiU
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Gothic
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MS-UIGothic
    /MVBoli
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NSimSun
    /OCRAExtended
    /OldEnglishTextMT
    /Onyx
    /PalaceScriptMT
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Papyrus-Regular
    /Parchment-Regular
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Pristina-Regular
    /Raavi
    /RageItalic
    /Ravie
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /STCaiyun
    /Stencil
    /STFangsong
    /STHupo
    /STKaiti
    /STLiti
    /STSong
    /STXihei
    /STXingkai
    /STXinwei
    /STZhongsong
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /YouYuan
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


