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Abstract The performance of content-based image retrieval (CBIR) systems is largely
limited by the gap between the low-level features and high-level semantic concepts. In this
paper, a probabilistic semantic network-based image retrieval framework using relevance
feedback is proposed to bridge this gap, which not only takes into consideration the low-
level image content features, but also learns high-level concepts from a set of training data,
such as access frequencies and access patterns of the images. One of the distinct properties
of our framework is that it exploits the structured description of visual contents as well as
the relative affinity measurements among the images. Consequently, it provides the
capability to bridge the gap between the low-level features and high-level concepts.
Moreover, such high-level concepts can be learned off-line, and can be utilized and refined
based on the user’s specific interest during the on-line retrieval process. Our experimental
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results demonstrate that the proposed framework can effectively assist in retrieving more
accurate results for user queries.

Keywords Content-based image retrieval . Probabilistic semantic network . MMM
mechanism . Relevance feedback

1 Introduction

With the advance in image processing, information retrieval, and database management,
content-based image retrieval (CBIR) has been actively studied in recent years, which
resulted in a number of systems and techniques, both in the academic and commercial
domains. For example, IBM’s QBIC system [4] and Virage’s VIR engine [21] are two most
notable commercial image retrieval systems, while VisualSEEK [19], Metaseek [1],
PhotoBook [12] are well-known academic image retrieval systems. In addition, a prototype
content-based image retrieval system, PicHunter, was presented in [3]. Most of the existing
CBIR systems rely on the use of the low-level image information, such as color [20], shape
[24], and texture [7] features, to search for similar images from the databases. Queries are
issued through query-by-image example (QBE).

However, the performance of CBIR systems is largely limited by the gap between the
low-level features and high-level semantic concepts. To overcome this problem, recent
studies in CBIR have focused on the approaches based on relevance feedback (RF), which
tries to establish the link between the high-level concepts and low-level feature
representations by modeling the user’s subjective perception from the user’s feedback
[15]. Most of the previous relevance feedback research can be classified into two
approaches: re-weighting and query point movement [6]. For instance, the query-point
movement approach has been applied to the image retrieval systems, such as MARS [14]
and MindReader [6]. The MARS system also implements a re-weighting method called the
standard deviation method. However, those RF-based systems have two major limitations
as follows.

1. These approaches estimate the ideal query parameters only from the low-level image
features. Due to the limited power of the low-level features in representing the high-
level semantics, it may not be effective in modeling users’ perceptions. As a result, in
many cases, the desired query results could not be achieved even after a large number
of user interactions. To address this issue, a framework that performs relevance
feedback on both the images’ low-level features and the semantic contents represented
by keywords was proposed [9]. In their work, a semantic network was constructed as a
set of keywords linked to the images in the database. Though the retrieval accuracy is
improved by using this approach, extra effort is required to label the images manually
with the keywords.

2. Though the feedback information provided in each interaction contains certain high-
level concepts, it is solely used to improve the current query results for a specific user.
In other words, no mechanism is included in these systems to memorize or to
accumulate the relevance feedback information to improve both the current query
accuracy and the future system performance.

To overcome such limitations, in this paper, we propose a probabilistic semantic
network-based image retrieval framework which employs both relevance feedback and
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Markov Model Mediator (MMM) mechanism for image retrieval. The MMM mechanism
adopts the Markov model framework and the concept of the mediators. The Markov model
is one of the most powerful tools available for scientists and engineers to analyze the
complicated systems, whereas a mediator is defined as a program to collect and combine
information from one or more sources, and finally yield the resulting information [22].
Markov models have been used in many applications. Some well-known examples are
Markov Random Field Models [5], and Hidden Markov Models (HMMs) [13]. Some
research works have been done to integrate the Markov model into the field of image
retrieval. Lin et al. [8] used a Markov model to combine the spatial and color information.
In their approach, each image in the database is represented by a pseudo two-dimensional
HMM in order to adequately capture both the spatial and chromatic information about that
image. HMMs were also used to parse video data in [23]. In [11], by using a probabilistic
framework, the HMM was employed to model the time series of the feature vectors of
events and objects for semantic level indexing and retrieval. In our earlier studies, the
MMM mechanism has been applied to multimedia database management [17] and
document management on the World Wide Web (WWW) [16]. In our recent work, we
applied MMM to content-based image retrieval and the preliminary results were presented
in [18], where the MMM mechanism functions as both the searching engine and the image
similarity arbitrator for image retrieval, whereas the RF process provides the information of
a specific user’s concepts for MMM to improve the query performance.

In this paper, we further improve our work in [18] by constructing a probabilistic
semantic network for content-based image retrieval using MMM and relevance feedback.
Our experimental results demonstrate that the proposed semantic network can provide a
better representation of the relative affinity relationships among images in the database. In
addition, the proposed framework can support both accumulative learning which is
conducted off- and on-line instant learning for individual users. The main contributions are
summarized as follows:

1. Different from the common approaches which try to capture the semantic content of an
individual image (it is more difficult and most likely incomplete), a probabilistic
semantic network is constructed in our framework to represent the semantic relationships
among images. Such a network is useful because image retrieval is actually a process to
explore the relationships between the query image and the other images in the database.

2. In contrast to the work proposed in [9], which requires extra manual effort in labeling
the images, our framework provides the capabilities to accumulate the previous
feedback information and automatically mine the semantic relationships among the
images to construct and update the probabilistic semantic network. Therefore, instead
of starting each query with the low-level features, the users’ perceptions are gradually
embedded into our framework to improve the initial query results.

3. In addition to supporting accumulative learning, the proposed framework also supports
the query refinement for individual users in real-time. In particular, a temporary
semantic subnetwork is extracted from the original semantic network and updated
based on the current user’s interests. For the sake of system efficiency and avoiding the
bias caused by a single user, such update is conducted on the temporary semantic
subnetwork only, without affecting the original semantic network. In the meanwhile,
the individual user’s feedback is collected continuously, and the update of the whole
semantic network is triggered only when the number of accumulated feedbacks reaches
a threshold. Such update is conducted off-line to enable accumulative learning while
maintaining efficiency.
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The remainder of this paper is organized as follows. Section 2 discusses the architecture
and the details of the proposed framework. Experimental results are presented in Section 3
to demonstrate the effectiveness of this framework. A brief conclusion is given in Section 4.

2 Architecture of the framework

The architecture of the proposed framework is shown in figure 1. As can be seen from this
figure, a training process is used to construct the semantic network off-line. Then image
retrieval is conducted by utilizing both the low-level features and the semantic network,
which are captured by two matrices in the MMM mechanism, namely the feature matrix B
and the relative affinity matrix A, respectively. A feedback process refines the current
retrieval results by updating the temporary semantic subnetwork. In the meanwhile, the user
feedback information is collected continuously as the training data for subsequent updates of
the whole semantic network. The discussions are detailed in the following three subsections.

2.1 Semantic network

Assume N is the total number of images in the image database and I = {i1, i2, ... , iN} is the
image set. The semantic network is modeled by the relative affinity matrix A, where A =
fam;ngð1 � m; n � NÞ denotes the probabilities of the semantic relationships among the
images based on users’ preferences, and the relationships of the images in the semantic
network are represented by the sequences of the states (images) connected by transitions.
Figure 2 shows an example of the semantic network, where the lines with zero probabilities
are omitted. Table 1 shows the corresponding A matrix.

Fig. 1 Framework architecture
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In the network, we define two different kinds of relationships between two images:

1. Directly related ðRDÞ
im RD in , am;n 6¼ 0 where im; in 2 I , am;n 2 A
For example: i1 RD i2, i2 RD i3, etc.

2. Indirectly related ðRI Þ
im RI in , ((am;n ¼ 0) ^ ( 9ix 2 I ) am;x 6¼ 0 ^ ax;n 6¼ 0)) where im; in; ix 2
I , am;n; am;x; ax;n 2 A, and m 6¼ n
For example: i1 RI i3, i1 RI i4, etc.

In other words, RD is the relationship between two directly linked images, while RI

exists between two images that are connected to a common image. For the purpose of
constructing the semantic network, a set of training data is needed.

Fig. 2 Probabilistic semantic network

Table 1 The relative affinity matrix A of the example semantic network

Img 1 Img 2 Img 3 Img 4 ... Img m ... Img N

Img 1 a1;1 a1;2 0 0 ... a1;m ... 0
Img 2 a2;1 a2;2 a2;3 a2;4 ... 0 ... 0
Img 3 0 a3;2 a3;3 0 ... a3;m ... 0
Img 4 0 a4;2 0 a4;4 ... 0 ... 0
... ... ... ... ... ... ... ... ...
Img m am;1 0 am;3 0 ... am;m ... 0
... ... ... ... ... ... ... ... ...
Img N 0 0 0 0 ... 0 ... aN ;N
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2.1.1 Training data set

In order to construct the semantic network, a training data set is required to generate the
probabilistic semantic relationships among the images. The source of the training data set is
actually the log of user access patterns and access frequencies on the image data. Access
patterns, in brief, denote the co-occurrence relationships among the images accessed by the
user queries, while access frequencies denote how often each query was issued by the users.

A training system is implemented for this framework to collect the user access patterns and
access frequencies. Figure 3 shows the system interface. During the training process, a group
of users were asked to randomly issue queries and select positive and negative examples from
the results for each query. The positive examples selected in each query are said to have the
co-occurrence relationships with each other. Intuitively, they are semantically related. In
addition, the more frequently two images are accessed together, the more closely they are
related. The formal definition regarding the training data set is given as follows:

Definition 1 Assume N is the total number of images in the image database and a set of
queries Q ¼ fq1; q2; :::; qnqg were issued to the database in a period of time. The training
data set consists of the following information:

– Let usem;k denote the usage pattern of image m with respect to query qk per time
period, where the value of usem;k is 1 when m is accessed by qk and zero otherwise.

– The value of accessk denotes the access frequency of query qk per time period.

Table 2 gives some example queries issued to the image database with their cor-
responding access frequencies. The access patterns of the three sample images in figure 4

Fig. 3 The interface of the training system
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versus the example queries are also shown in Table 2. In this table, the entry (k, m) = 1
indicates that the mth image is accessed by query qk. For example, suppose q1 is a user-
issued query related to retrieving images containing country house scenes. Img 1 and Img 2
are accessed together in q1, with their corresponding entries in the access pattern matrix
having the value 1. Let q2 denote a query related to the concept of Fred flowers,_ then Img 2
and Img 3 will probably be accessed together in this query. However, since most of the
users regard Img 2 as a country house scene more than a Fred flowers_ scene, the access
frequency of q1 is larger than that of q2. Consequently, after the system training, Img 1 is
more likely to be retrieved than Img 3, given that Img 2 is selected as the query image.
Thus, the users’ subjective concepts about the images are captured by the pair of user access
patterns and user access frequencies.

2.1.2 Construct the semantic network

Based on the information in the training data set, we can capture the semantic relationships
among the images in the database and construct the semantic network. In order to capture
the semantic relationships among all the images, an assisting matrix AFF is defined, which
is constructed by having the affm;n to be the relative affinity relationship between two
images m and n using the following definition.

Table 2 The query access frequencies ðaccesskÞ and access patterns ðusek;mÞ of the sample images

Query accessk Img 1 Img 2 Img 3 ...

q1 4 1 1 0 ...
q2 1 0 1 1 ...
q3 access3 0 0 0 ...
... ... ... ... ... ...

Fig. 4 Three sample images (Img 1–Img 3)
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Definition 2 The relative affinity measurement ðaffm;nÞ between two images m and
nð1 � m; n � NÞ indicates how frequently these two images are accessed together, where

aff m;n ¼
Xnq
k¼1

usem;k � usen;k � accessk ð1Þ

Let N be the total number of the images in the database. The matrix A is initialized by
having am;n be the element in the ðm; nÞth entry in A, where

am;n ¼ 1=N ð2Þ
Then A is constructed via the following equation.

am;n ¼
affm;nP

k2d
affm;k

if
P
k2d

affm;k 6¼ 0

am;n otherwise:

8>><
>>:

ð3Þ

From the above equations, we can see that each row m in the A matrix represents the RD

relationship between the image im and the other images, while the whole A matrix contains
the information of both the two kinds of relationships among the images in the database.
The values in A are then used to construct the semantic network.

For the sake of efficiency, during a training period, the training system only collects all
the user access patterns. Once the number of records reaches a threshold (e.g., 500), the
update of A matrix is triggered automatically. All the computations are done off-line.
Moreover, instead of using the whole A matrix, in the retrieval process we only utilize the
RD relationship between the query image and the other images together with the low-level
features to generate the initial query results. In other words, for a specific query image
imðim 2 IÞ, only the mth row in matrix A (denoted as Am) is applied in order to reduce the
computational load and I/O cost.

2.1.3 Refine the semantic subnetwork on-line

As mentioned above, the relative affinity matrix A is obtained based on the feedbacks
provided by various users on different kinds of queries. Therefore, matrix A represents the
general user concepts and can help to achieve better query results. However, in the retrieval
process, different users may have different concepts about the query images. Therefore, in
addition to supporting accumulative learning, the system also needs to support the instant
learning which enables the query refinement for individual users on the fly. Moreover, it is
most likely that the query images chosen by the users have no existing RD or RI relationships
in the current semantic network. In this subsection, a refinement method for the semantic
subnetwork is proposed to solve these problems based on users’ feedback. Note that as
discussed earlier, such refinement is conducted on the temporary subnetwork only.

For a query image imðim 2 IÞ, the user can choose to accept the initial query results
obtained by using the general user concepts, or to provide the feedback via indicating the
positive and negative examples. The access patterns can be obtained based on these positive
and negative examples, as mentioned in the previous subsection. Such access patterns are
then used to update the A matrix to further improve the initial query results. More
importantly, the user specified RD relationship A0

m ¼ ½a0
k �ð1 � k � NÞ between im and other

images can be obtained using Eqs. 1 and 3 with parameter m fixed and n varied from 1 to
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N. Let vector Vm ¼ ½vj�ð1 � j � NÞ denote the information of both RD and RI relationships
between im and other images. Table 3 shows the steps to calculate it. The idea is quite
straightforward. As we know, each a

0
ni in A0

m represents the RD probability from im to ini ,
while each ani; j in Ani denotes the RD probability from ini to ij. Therefore, the RD

probability from im to ij connected by a common image ini can be obtained via a
0
ni
� ani; j. A

pair of images can be indirectly related to each other via multiple paths in the semantic
network. For example, Img 1 and Img 3 are indirectly related via two different ways — one
through Img 2 and one through Img m (as shown in figure 2). In such a situation, the
maximal probability is kept since this maximal probability indicates the actual degree of
their semantic relationship. It is worth mentioning that normally the set of non-zero items in
A0

m is quite small, so the algorithm is efficient in terms of space and time.

2.2 Low-level feature set

In this framework, currently we consider two kinds of low-level features: color information
and texture information, for the images in the image database. Since the color feature is
closely associated with image scenes and it is more robust to changes due to scaling,
orientation, perspective and occlusion of images, it is the most widely used visual feature in
image retrieval [10]. In our CBIR system, color information is obtained for each image
from its HSV color space. The HSV color space is chosen for two reasons. First, it is
perceptual, which makes HSV a proven color space particularly amenable to color image
analysis [2]. Secondly, the benchmark results in [10] showed that the color histogram in the
HSV color space performs the best. For the texture features, one-level wavelet
transformation using Daubechies wavelets are used because it is proven to be suitable for
image analysis. Since our focus is to evaluate the performance of the MMM retrieval
mechanism rather than to explore the most appropriate features for image retrieval, in our
study, each image has a feature vector of only 19 elements. Within the 19 features, 13 are
for color descriptors and six are texture descriptors. The color features considered are

Table 3 Capture RD and RI relationships between im and other images

1. Obtain non-zero items ½a0
n1
; a0

n2
; :::; a0

nT
� in A0

m, where T is the total number of images which have non-zero
RD relationships with imð1 � T � NÞ.

2. For each a0
ni
ð1 � i � TÞ, get its corresponding Ani ¼ ½ani ; j�ð1 � j � NÞ from matrix A

3. Normalize each Ani as:
if (max ðAni Þ 6¼ minðAni ÞÞ
ani ; j ¼ ðani ; j �minðAni ÞÞ=ðmaxðAni Þ �minðAni ÞÞ
else

ani ; j ¼ 1 if ni ¼ j
0 otherwise

�

4. Define a matrix P = fpi; jgð1 � i � T ; 1 � j � NÞ
For j = 1 to N
For i = 1 to T
pi; j ¼ a0

ni
� ani ; j

end
vj = the maximal value of the jth column of P

end
5. Normalize the vector V ¼ fvjgð1 � j � NÞ as:
vj ¼ vjP

1�i�N
vi
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Fblack_ (bl), Fgray_ (gy), Fwhite_ (w), Fred,_ Fred-yellow_ (ry), Fyellow_ (y), Fyellow-green_
(yg), Fgreen_ (g), Fgreen-blue_ (gb), Fblue_ (b), Fblue-purple_ (bp), Fpurple_ (p) and Fpurple-
red_ (pr) according to the combinations of different ranges of the hue (H), saturation (S),
and the intensity values (V). Colors with the number of pixels less than 5% of the total
number of pixels are regarded as non-important and the corresponding positions in the
feature vector have the value 0. Otherwise, we put the corresponding percentage of that
color component to that position. For the texture features, one-level wavelet transformation
using Daubechies wavelets are used to generate the horizontal detail sub-image, the vertical
detail sub-image, and the diagonal detail sub-image. For the wavelet coefficients in each of
the above three subbands, the mean and variance values are extracted. A temporary matrix
ðBBÞ is created to contain all the image feature vectors. The rows of matrix BB are all the
distinct images, while its columns contain all the distinct features. The value in the ðp; qÞth
entry is greater than zero if feature q appears in image p, and zero otherwise. Then the
feature matrix B can be obtained via normalizing BB per row. We consider that the color
and texture information are of equal importance, such that the sum of the feature values of
the color features should be equal to that of the texture features. In other words, the sum of
the values that the features are observed from a given image should be 1, with 0.5 for the
sum of all the color features and 0.5 for the sum of all the texture features. It is worth
mentioning that our mechanism is flexible in the sense that the B matrix can be constructed
by using any normalized vector-based image feature set.

2.3 Stochastic process for information retrieval

In this subsection, a stochastic retrieval process is defined to calculate the edge weights
among the images utilizing both the low-level features and the semantic network. Assume
N is the total number of images in the database, and the features of the query image q is
denoted as fo1; o2; :::; oTg, where T is the total number of non-zero features of the query
image q. In our case, 1 � T � 19 since there are 19 features in total.

Definition 3 WtðiÞ is defined as the edge weight from image i to q at the evaluation of the
tth feature ðotÞ in the query, where 1 � i � N and 1 � t � T .

Table 4 Image retrieval steps using the proposed framework

1. Given the query image q, obtain its feature vector fo1; o2; :::; oTg, where T is the total number of non-zero
features of the query image q.

2. Upon the first feature o1, calculate W1ðiÞ according to Eq. 4.
3. To generate the initial query results, set aq;i to be the value of ðq; iÞth entry in matrix A. Otherwise, based
on the user’s feedback, calculate vector Vq by using the algorithm presented in Table 3 and let aq;i equal to
vi, the ith entry in Vq.

4. Move on to calculate W2ðiÞ according to Eq. 5.
5. Continue to calculate the next values for the W vector until all the features in the query have been taken
care of.

6. Upon each non-zero feature in the query image, we can obtain a vector WtðiÞð1 � t � TÞ. We then sum up
each value at the same position in the vectors W1ðiÞ, W2ðiÞ, ..., WT ðiÞ. Namely, sumWT ðiÞ ¼

P
T WtðiÞ is

calculated.
7. Find the candidate images by sorting their corresponding values in sumWT ðiÞ. The bigger the value is, the
stronger the relationship exists between the candidate image and the query image.
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Based on the definition, the retrieval algorithm is given as follows. At t = 1,

W1ðiÞ ¼ ð1� jbiðo1Þ � bqðo1Þj=bqðo1ÞÞ ð4Þ
The value of Wtþ1ðiÞ, where 1 � t � T � 1, is calculated by using the value of WtðiÞ.

Wtþ1ðiÞ ¼ WtðiÞaq;ið1� jbiðotþ1Þ � bqðotþ1Þj=bqðotþ1ÞÞ ð5Þ
As we mentioned before, A represents the relative affinity measures of the semantic

relationships among the images in the probabilistic semantic network and B contains the
low-level features. To generate the initial query results, the value of aq;i from matrix A is
used. Once the user provides the feedback, a vector Vq is calculated using the algorithm
presented in Table 3. Then aq;i ¼ viðvi 2 VqÞ is applied in Eq. 5. The stochastic process for
image retrieval by using the dynamic programming algorithm is shown in Table 4.

3 Experiments

In this paper, we present a framework in which the semantic network and low-level features
can be integrated seamlessly into the image retrieval process to improve the query results. In
this section, the experimental results are presented to demonstrate the effectiveness of this
framework.

3.1 Experimental image database system

In the experiments, 10,000 color images from the Corel image library with more than 70
categories, such as people, animal, etc., are used. In order to avoid the bias and to capture
the general users’ perceptions, the training process was performed by a group of ten
university students, who are not involved in the design and development of our framework
and have no knowledge of the image content in the database. Currently, we have collected
1,400 user access patterns through the training system, which covered less than half of the
images in the database. The A matrix and the semantic network are constructed according
to the algorithms presented in Section 2. For the low-level image features, the color and
texture features of the images are considered and the B matrix is obtained using the
procedures illustrated in Section 2. The constructions of these matrices can be performed
off-line.

To test the retrieval performance and efficiency of the proposed mechanism, 80 randomly
chosen images belonging to five distinct categories were used as the query images. Table 5
lists the descriptions for each category as well as the number of query images selected from
each category.

For a given query image issued by a user, the proposed stochastic process is conducted
to dynamically find the matching images for the user’s query. The similarity scores of the

Category Explanation Number of query images

Landscape Land, Sky, Mountain 16
Flower Flower 16
Animal Elephant, Panther, Tiger 16
Vehicle Car, Bus, Plane, Ship 16
Human Human 16

Table 5 The category distribu-
tion of the query image set
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images with respect to the certain query image are determined by the values in the resulting
sumWT vectors according to the rules described in Table 4. Figure 5 gives a query-by-image
example, in which the retrieved images are ranked and displayed in the descending order of
their similarity scores from the top left to the bottom right, with the upper leftmost image
being the query image. In this example, the query image belongs to the FLandscape_
category. As can be seen from this figure, the perceptions contained in these returned
images are quite similar and the ranking is reasonably good.

In order to demonstrate the performance improvement and the flexibility of our model,
we use the accuracy–scope curve to compare the performance of our proposed mechanism
with a common relevance feedback method. In the accuracy–scope curve, the scope
specifies the number of images returned to the users and the accuracy is defined as the
percentage of the retrieved images that are semantically related to the query image.

3.2 Performance comparison

In our experiments, we compare the overall performance of our proposed MMM
mechanism with the relevance feedback method (RF) proposed in [15] in the absence of
the information of user access patterns and access frequencies. The RF method proposed in
[15] conducts the query refinement based on re-weighting the low-level image features
(matrix B) alone. It is worth mentioning that in fact any normalized vector-based image

Fig. 5 The snapshot of a query-by-image example
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feature set can be plugged into the matrix B. Figure 6 shows the curves for the average
accuracy values of our CBIR system and the RF CBIR system, respectively. In figure 6a,
FMMM_Initial_ and FRF_initial_ indicate the accuracy values of the MMM mechanism and
the RF method at the initial retrieval time, respectively. The FMMM_RF_1(2)_ and the
FRF_1(2)_ in figures 6b,c represent the accuracy values of the two methods after the first
and the second rounds of user relevance feedback. The results in figure 6 are calculated
using the averages of all the 80 query images. It can be easily observed that our proposed
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Fig. 6 Performance comparison

Table 6 Accuracy and efficiency comparison between Relevance Feedback method and our proposed
framework

Relevance feedback Proposed framework

Category Feedback
number

Feedbacks
per image

Accuracy
(%)

Feedback
number

Feedbacks
per image

Accuracy
(%)

Landscape 48 3 55:3 21 1.3 61:3
Flower 48 3 44:7 23 1.4 73:4
Animal 48 3 48:8 20 1.3 81:6
Vehicle 48 3 23:8 44 2.8 74:4
Human 48 3 26:9 33 2.1 75:0
Summary 240 3 39:9 141 1.8 73:1
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method outperforms the RF method for the various numbers of images retrieved at each
iteration. This proves that the use of the user access patterns and access frequencies
obtained from the off-line training process can capture the subjective aspects of the user
concepts. As another observation, the proposed method and the RF method share the same
trend, which implies that the more iterations of user feedback, the higher accuracy they can
achieve.

Table 6 lists the number of user feedback iterations observed in the RF method and the
proposed method for each image category. For example, the number of query images in the
FLandscape_ category is 16, and the numbers of user feedback iterations observed for those
16 images are 48 and 21 for the RF method and the proposed method, respectively. Thus,
the number of feedback iterations per image is 48/16 = 3 for the RF method; while it is 1.3
for the proposed method. As can be seen from this table, the proposed method can achieve
better retrieval performance even by using a smaller number of feedback iterations than that
of the RF method in all five categories.

4 Conclusion

In this paper, a review of the recent efforts and techniques in CBIR is given, followed by
the discussion of the current problems in the CBIR systems from the concern of lacking the
mapping between the high-level concepts and the low-level features. Although Relevance
Feedback (RF) has been proposed to bridge the gap, the performance is limited by the
insufficient power of the low-level features in representing the high-level concepts. In
addition, the users are required to take heavy responsibilities during the retrieval process to
provide feedbacks in several iterations. The useful information contained in the user
feedback is employed to improve the current query results only, without being further
utilized to boost the system performance. In response to these issues, a probabilistic
semantic network-based image retrieval framework using both relevance feedback and the
Markov Model Mediator (MMM) mechanism is proposed. As a result, the semantic
network and the low-level features are seamlessly utilized to achieve a higher retrieval
accuracy. In addition, the access patterns and access frequencies from the previous
feedbacks are accumulated to refine the probabilistic semantic network. Our experimental
results demonstrate the effectiveness and efficiency of our framework for image retrieval.
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