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Abstract. Semantic-based image retrieval is the desired target of
Content-based image retrieval (CBIR). In this paper, we proposed a
new method to extract semantic information for CBIR using the rele-
vance feedback results. Firstly it is assumed that positive and negative
examples in relevant feedback are containing semantic content added by
users. Then image internal semantic model (IISM) is proposed to repre-
sent comprehensive pair-wise correlation information for images through
analyzing the feedback results. Finally, correlation learning method is
proposed to represent the images’ pair-wise relationship based on statis-
tical value of access path, access frequency, similarity factor and correla-
tion factor. Experimental results on Corel datasets show the effectiveness
of the proposed model and method.

1 Introduction

In the past few years, Content-Based Image Retrieval (CBIR) has been a very ac-
tive research area [1-7]. Semantic feature extraction and description is the head-
stone of CBIR. The semantic feature extraction methods can be subdivided into:
automatic or semi-automatic image segmentation and understanding, automatic
or semi-automatic keyword annotation. The classical systems of former include
SIMPLIcity [1], SceneryAnalyzer [2] and Blobworld [3]. Although these systems
[1-3] support semantic retrieval, the application fields are limited. They can only
extract simple semantic features, such as types semantic or object. By now, there
is no a universal object recognition method; image understanding is still an open
problem. For human, it is not difficult to extract the semantic information from
an image. The background knowledge plays an important role in human ob-
ject recognition. So, manual or semi-automatic image annotation methods are
adopted by some CBIR systems [4-6]. But the semantic meaning of an image is
very rich. So, it is said that an image is worthy of thousand words. Sometimes,
an image is given different meaning by different people. Even one people can
give an image different semantic meaning in different time or different situation.
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Relevance feedback is an excellent technique for improving the retrieval
effectiveness. But most feedback approaches do not have a learning mechanism
to memorize the feedbacks conducted previously and reuse them in favor of
future queries [8]. A lot of relevance feedback retrieval systems need many
feedbacks to obtain satisfied results. In fact, a lot of people dislike giving
so many times feedbacks. If we can record the historic relevance feedbacks
information and analysis them, the performance of CBIR will be enhanced.
We propose a novel semantic model, image internal semantic model (IISM).
IISM extracts the semantic information not by image segmentation and image
understanding, but by analyzing relevance feedback image retrieval results.
For relevance feedback image retrieval system, the images relevant to query
are pointed as positive example, otherwise the images irrelevant to query are
pointed as negative examples. It is assumed that these positive examples are
related in semantic content. IISM provides semantic based image retrieval by
collecting and analyzing the relevance feedback retrieval results.

How to correlate relevance feedback information together and how to extract
user’s common access action is the main problem for IISM. The noise information
must be eliminated. In this paper, we introduce a correlation learning method
to support IISM. It represents images’ pair-wise relationship based on statistical
value of access path, access frequency, similarity factor and correlation factor.
Then, user can directly access image’s correlation information to implement
semantic retrieval.

The rest of this paper is organized as follows. Section 2 gives the definition
of IISM. Section 3 presents our algorithm to extract semantic correlation based
on log sequence. The effectiveness of our algorithm is presented in Section 4.
Section 5 concludes the paper.

2 Image Internal Semantic Model

The basic idea of IISM is extracting the relationships between images. For rele-
vance feedback image retrieval system, the images relevant to query are pointed
as positive example, otherwise the images irrelevant to query are pointed as
negative examples. It is assumed that these positive examples are related in se-
mantic content. IISM computes comprehensive pair-wise correlation information
for images through analyzing the results of relevance feedback image retrieval.
An association with high value means that one image is semantically associated
with another. The following definition displays the up mentioned idea formally.

2.1 Image Retrieval Transaction

In information system,transaction is a useful concept, which is the basic logical
operational unit. Image retrieval transaction is a complete query process for
relevance feedback image retrieval system.

The outcome R; of relevance feedback image retrieval is represented
by an image retrieval transaction < @,P,N,I,S >. @ is query example.
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P is positive examples, P = {p1,p2,P3,P4...,Dn}. N is negative examples,
N = {ni,n2,n3,n4...,n}. I is the retrieved images I = {i1,i2,%3,%4...,lm }
S = {s1,82,83,84..., S, } is the similarity value between @ and each retrieved
images in I.

2.2 Semantic Correlation Images

The images related in semantic level are called semantic correlation images.
Such as @ and P = {p1, p2, p3, P4a..., Pn} are semantic correlation images. ) and
N = {ny,ng,n3,ny...,n; } are not semantic correlation images.

For a relevance feedback image retrieval system, it is not reality to capture
the semantic relationship of all images by analyzing one query or one feedback.
Even for the same query, different user has respective interest, so the query
result may not be consistent with others. The “correct” semantic of a mul-
timedia is what most people (but not necessarily all the people) agree upon
[7]. Noisy information must be identified and eliminated. In next section, a
correlation learning method is introduced to extract semantic correlated images
by analyzing old-time query logs.

3 Correlation Learning Method

Based on IISM Image internal semantic model assumes that positive examples
are related in semantic content. So, we can compute comprehensive pair-wise
correlation information for images through analyzing the feedback results. How
to correlate relevance feedback information together and how to extract user’s
common access action is the main problem for IISM.

In this section, correlation learning method is proposed to represent the im-
ages’ pair-wise relationship based on statistical value of access path, access fre-
quency, similarity factor, and correlation factor. Path represents the relationship
between query image and other images. Access frequency evaluates the user’s
feedback frequency about a path. Similarity factor represents two images’ simi-
larity degree. Correlation factor synthesizes the access frequency and similarity
factor, which is the base to rank images in semantic learning process.

3.1 Path and Access Frequency

Path and access frequency is often used in information processing. Here, path
represents the relationship between query image and other images. Access fre-
quency evaluates the user’s feedback frequency about a path.

iq is the query example. If the retrieval system finds that i; is similar to
query example, then there is a path from ¢, to i;. path(iq,i;) represents the
path from i, to i;. As we known, not every path is interesting. Usually, user will
give feedback after each query process. It is very natural that different feedback
processes induce different retrieval results even for the same query example. Some
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paths are often visited, while some paths are visited seldom. Access frequency is
used to distinguish the approbatory degree of each path. It is defined as follows.

Nt - N-
F(i , .',t — 97 97 1
Gort:0) maxge(1,m (Ngy, = Nop) W

F(i4,1,t) represents the access frequency of path(iy,i,) from original time
to time ¢ , which can be used to evaluate the interesting degree of a path. N ;j
represents the feedback times that users regard image %, is similar to ¢; , which
is called positive feedback times. N,; represents the feedback time that users
regard image 4, is dissimilar to ¢; , which is called negative feedback times.

In equation 1, if the denominator is equal to zero, then F(i4,1;,t) = 0.
Usually, the value of access frequency between image 7, and i; is normalized to
[-1,41]. If the positive feedback time is less than negative feedback times, then
the value of access frequency between image i, and ¢; is negative. It is illustrated
that the retrieval system regard that i, is similar to i;, but user regard that they
are dissimilar.

3.2 Similarity Factor

Similarity factor is another element to evaluate each path, which represents
similarity of each path vertexes. If path(iq, ;) and path(iq,ip) has same access
frequency, but sometimes similarity(iq,i;) and similarity(iq,ip) is different.
Different RF algorithm will induce different image rank order and different sim-
ilarity values. Even for the same RF algorithm, different feedback process will
induce different similarity values. How to conform the similarity information of
each retrieval process is very important. In order to eliminate the noise informa-
tion and grasp main information, a global similarity factor is defined as follows.
At time ¢, L(iq,7;,t) is defined as follows,

L(igij, t) = Wy % L(ig,ij,t — 1) + Wy % S(ig, i;, t) (2)

L(iq,i;,t—1) represents the evaluation for path(iq, ;) at time t—1. S(iq, 1}, 1)
is the similarity between i, and 4, at time ¢. W1 is the weight of L(i,,i;,t — 1).
Wy is the weight of S(ig,%;,t). The affection degree of historic information can
be decided by modified W7 and Wj. Global similarity factor can not only reflect
the evaluation from all users for the path, but also embed time concept to fade
the older knowledge from memory.

3.3 Correlation Factor

If there are enough users that had accessed enough images, the access path
and similarity factor becomes clear and clear. By analysis these logs, we can
find out which images are often accessed, and which images are similar to other
images. In another word, the historic retrieval information can instruct other
user’s image retrieval. Correlation factor integrated the two elements: access
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frequency and similarity factor. It is the bases to ranking the images in semantic
learning process. It is the weighted sum of access frequency and similarity factor.
The formula is as follows.

Clig,ij,t) = Wa x L(iq, i, t) + Wy F(ig,i;,t) (3)

W3 is the weight of L(i4,%;,t). Wa is the weight of F'(i4,%;,t).

4 Experiment Result

In order to test the efficiency of mentioned algorithm, an experiment system is
established, which adopts the Rich Get Richer (RGR) relevance feedback strat-
egy [9]. Tests are performed on commercial database Corel Gallery. It contains
1,000,000 images, being classified into many semantic groups. We create a test
database by randomly selecting 20 categories of Corel Photographs (30 images
in each category). 7196 times retrievals are collected.

Access path and access frequency are extracted based on the 7196 retrieval
transactions. For each path, similarity factor and correlation factor is computed
by using the method mentioned in section 3. Then, semantic retrieval is imple-
mented. 300 images are selected as query images. For each of these 300 query
images, the first 30 images are examined. Table 1 shows the semantic retrieval
results by selected different parameters. It displays that more than 77% images
correlated to query image can be retrieved by using correlation learning method.

Table 1. Semantic retrieval result by using correlation learning method

W1 |Wa |Ws|Wa|Average Precision
0.3|0.7]0.3]0.7 76.3%
0.3/0.7/0.4|0.6 78.9%
0.3|0.7/0.5(0.5 78.2%

Precision
@
=]
=

0 1 2 3 4 5 8 7 8 9

Interaction

Fig. 1. Average performance of the image retrieval by using RGR. The y-axis repre-
sents the average precision over 300 retrievals. The x-axis represents the number of
interaction.
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Database I sualFeature Searcl

Search

|| searen | [ mark Database: ImageDB

Fig. 2. Retrieval result by using correlation learning method

N [=[ 3]
Database Image VisualFeature Search
Key [ :I Database: ImageDB

Fig. 3. Retrieval result by using RGR based on visual feature

To illustrates the efficiency of correlation learning method based on IISM. A
comparison experiment is done on the same image database. It executes image
retrieval by using the RGR [9] method. As shown in Fig. 1, the average precision
based on visual feature vectors is 32%, while if the system incorporates relevance
feedback from the user, the precision is up to 75% after 5 interactions. It is
obviously that the semantic correlation learning method based on IISM can
improve the retrieval efficiency and enhance users’ satisfaction.

The detail of query process is given in Fig.2 and Fig.3. Fig. 2 gives an example
of semantic retrieval using correlation learning method mentioned in section 3.
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Fig. 3 gives an example of visual feature based retrieval by using RGR [9]. In
Fig.2 and Fig. 3, the query image is displayed at the upper left corner. As these
show that the query images of the two experiments are same, which comes from
the “cat” category of Corel database. The best 30 retrieved images are displayed.
In Fig.2, 90% images are belonging to “cat” category. While in Fig.3, 80% images
are not belonging to the “cat” category. The performance of the query by using
RGR can up to 90% after 10 interactions (In this section, the details of feedback
query process displaying is omitted). In fact, most people dislike so many times
feedback. It obviously shows that the correlation learning method is very useful
for semantic retrieval.

5 Conclusion

In this paper, a correlation learning method based on Image Internal Semantic
Model is presented for semantic image retrieval.

IISM extracts the semantic information not by image segmentation and im-
age understanding, but by analyzing relevance feedback image retrieval results.
For relevance feedback image retrieval system, the images relevant to query are
pointed as positive example, otherwise the images irrelevant to query are pointed
as negative examples. It is assumed that these positive examples are related in
semantic content. The correlation learning method computes images’ pair-wise
association information through analyzing the log sequence of relevance feedback
image retrieval. It uses access path, access frequency, similarity factor and cor-
relation factor to represent images’ pair-wise relationship. A correlation with a
high degree means that one image is semantically associated with another closely.
Semantic retrieval is carried out based on these correlation relationships. Pri-
mary experiments on the database with 600 images show that it is efficient and
simple. In the future, we will test it on larger database.
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