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Abstract — The performance of active learning of the
Classifier and Optimizer decides the accuracy of Content
Based Image Retrieval The Classifier is used to reduce the
huge amount of the data base and will offer the semantically
similar images wher eas the optimizer optimizes the semantic
difference between the Query Image and the Retrieved
Classified images .The active learning plays an important
role in this target oriented Image Retrieval strategy. The
Image searching will be performed by comparing the
similarity of the features with that of stored in the data base.
Absolute, Euclidian distances are few of the parameters that
can be used for comparing the similarity between the images.
The Radial Basis Function Network Neural Network is used
in this approach for classifying the Images and the Image
retrieval isdesigned by using the Absolute distance.

Keywords — Image Retrieval, Query image, Database,
mean, standard deviation, features, semantic, etc.

|. INTRODUCTION

The Content Based Image Retrieval Process needs the
complete characterization of the Image. The Low level
Features from the Image like color, texture and shape are
used to fully characterize the Image. The Content in the
Image depends on the Human Perception. Therefore it is
quite necessary to describe the Image by considering the
human perception in order to enhance the compatibility of
the machine learning capabilities as compared to the
human being.

The sizes of the data base and the techniques used for
refining it as per the semantic contents from the Images
have great impact on the efficiency of the CBIR system
[1]. Higher dimensional indexing improves the speed
performance; and feature extraction is the key to accuracy
performance.

The Low level features are not sufficient to describe the
image similar to that of human visual perception (HVP).
To enhance the similarity it is necessary to convert these
low level features to semantic based High level features.
The accuracy of the CBIR system depends on the gap
between the Low level and High level features which is
known as the Semantic Gap [2].

Computational time is also one of the governing factors
that govern the performance of the CBIR. Therefore it is
beneficial to transform low-level characteristics to the high
level features.

Many efforts have been taken in improving the
relevance feedback agorithms such as query refinement
[9, 10], reweighting [11], Bayesian learning [12] and
kernel-based learning [13]. From the literature it has been
observed that optimization in the semantic gap is ill a
challenge to the researchers. To design a data base with
low dimension and high semantically mapping is the
requirement of the good CBIR system [3]. Image
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representation will be more focused towards the semantic
contents by transformation of low level to high level
features [4].

This paper proposes a simple relevance feedback
algorithm based on Radial Basis Function Network
(RBFN). Here RBFN is used not only as classifier but also
as feature Transformer. It transforms the low level
Features of the Image in semantic based high level
features

The paper is organized as follows: the section 2 focuses
on the Feature Extraction methodology used for this
approach. The Radial Based Function Network (RBFN)
along with its characteristics and properties is described in
the Section 3. Section 4 discusses the application of RBFN
as a Classifier for the semantically based classification of
the Images. The overall system operation is described in
Section 5. Experimental Results can be viewed in Section
6. Section 7 concludes the paper along with future scope.

Il. FEATURE EXTRACTION

The feature of pixels decides the characteristics of the
Image. Hence in order to characterize the Image
Semantically, it is necessary to exploit the visua
parameters of the pixel in multidimensional feature vector.
The raw image pixels are converted to a collection of
feature vectors in a 10-dimensiona feature space. Each
image is replaced by a collection of feature vectors in a
10-dimensional feature space before classification. It gives
some qualitative descriptions to characterize the principal
visual properties of images effectively.

To exploit the visual properties each image pixel is
characterized by 10-dimensional visual features and 2-
dimensional location descriptors (i.e., x and y).

The 10-dimensional pixel-based visual features include
3-dimensional color descriptors (i.e,, R, G, and B), 3-
dimensional color deviations of R, G, and B calculated by
using 5x5 window, 2-dimensional gradients of luminance
channel aong horizontal and vertical axis, and 2-
dimensions of edge and lable matrix that shows the object
oriented connectivity of pixelsin the Image. Following the
feature extraction strategy, each pixel is represented by a
10-dimensional feature vector, and the image as awholeis
represented by a collection of feature vectors in the 10-
dimensional feature space. A feature vector (FV) is created
for each of the Image from the Data base. Once the data
base is ready then next important step is to consider the
searching methodology that is to be adopted to search a
maximum similar Image to that of the Query Image.

From the research it is known that there are two distinct
types of the image search with reference to CBIR.

1. The Objective Search —This searching method uses an
absolute/ Euclidian distances between the FVs of the
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query and images from database. Based on the absolute/
Euclidian distance the Images from database are sorted in
increasing order regarding to their distances from a Query
Image.
2. The Subjective Search: Here besides the
absolute/Euclidian distance the Human Perception is also
used for sorting out the most similar Images from the data
base. The User is directly involved in the Image Retrieval
Process. The user is allowed to refine the sorting process
based on his perception. The User decides the Relevancy
of the Image that is sorted out from the Objective method
and this feedback (Relevance Feedback(RF)) will be
considered for further refinement of the final Image so as
to optimizationin reduction of the semantic gap. [5,6, 10]
The user’s relevance feedback is used for improvement
in the searching process. The User is exposed to these
Images and allowed to select the maximum similar Image
and labels subjectively the best-matched candidates. The
weights in the Radial Basis Function Network (RBFN) are
updated according to the feature vectors of the labeled
images. Because of the updating of the weights, the
centers and width of the Gaussian function will be
modified. The updated RBF model is then used to evaluate
subjective similarity in a new search. The process is
repeated until the user is satisfied with retrieved results. In
practice, several iterative steps are sufficient, as confirmed
by intensive simulations.[10,11]

IIl. THE RADIAL BASISFUNCTION NETWORK

Radial basis function (RBF) networks are commonly
used for pattern classification. Radia basis function
networks typicaly have two distinct layers as shown in
Figure 1. The bottom layer consists of a set of basis
functions each of which is a function of the distance
between an input pattern and a prototype pattern. A
standard choice of basis function is the Gaussian:
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There are major three techniques for training RBF
networks viz
1. Maximum Likelihood,

2. K-means clustering and
3. Gradient descending technique.

First, the structure of standard RBF is presented. The top
layer is a simple linear discriminant that outputs a
weighted sum of the basic functions. The equation for a

single output Y,

Pi=exp {

Basis Function

X1 X2
Inputs

Fig.1. A structure generic RBF network
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For our networks; we set the weights of the top layer
using the least squares error. Rewriting the formula for in
matrix notation, equation 2 becomes y(X)=W¢. The
minimum of the sum squared error

( / )
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- n k
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where ¢ isthe pseudo-inverse of ¢, ¢ = (¢T¢)_ P

V. RADIAL BASISFUNCTION NETWORK AS
IMAGE CLASSIFIER

The architecture of the RBFN is given in Figure 2.1t is
composed of an input layer, A Gaussian kernel layer and
an output layer. The input data will be p-dimensional low-
level feature vector. They are connected to the Gaussian
kernel layer which is constructed dynamically based on
different classes of the Images. The procedure is to cluster
samplesin each class or categories of the Images.

Let V= {v1, v2,...,vk} be a set of p-dimensiona RBF
centers. The output for an input vector of animage X is:

FO) =YW (x,3)

i=1

‘ —(X—V. )A(X—V )T .......... [4]
=2 Wexp .
25,
Wi: Connection weight of the output layer.
Vi, 0 i: center & corresponding width of the ith RBF unit
min . ..
o, :;/.—_”\/i —VJ-HJ =12,..K =i
e 5]
Where Y is a factor which controls the overlapping of
different RBF centers. A=diag [al,...,ap] is a diagonal
matrix that denotes the relative importance of different
feature components determined by positive samples.
4.1 Ffrbfn learning algorithm
The parameters of the network are adjusted in an online
error correction procedure. The error function is defined

Output F(X)

Inputs
Fig.2. Architecture of Radial Basis Function Network
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Where N: Number of total training samples
F(x;): actual network output for the jth training sample x;
Yj: desired network output or Target for X;,.

The Target are set as per the Class of the Images. The
Image data base used for the classification is from MIT
digital library. Total Five types of Images have been
considered for the Classification.1.Coast I mages, 2.Forest
Images, 3Mounain Images, 4.0pen country Images and
5.Tal building Images. For each class of the Images the
High Level features have been decided as shown below in
Table 1. The general model of the retrieval process is as

shownin Fig.3
Sr.No. | Class/Type of the High level Feature
Image output. Target
01 Coast Images 1
02 Forest Images 2
03 Mountain I mages 3
04 Open Country Images | 4
05 Tall Building Images | 5

Table.1. Mapping between the Low level Featuresand
High Level Features of the Images.

Retrieved
Query Image Image
[)
Ranking of
Low Level Feature
the Images
extractor
i h
High Level Features Similarity
Transformer —® Comparison

Image Data

High Level

base features

Fig.3. The general model of the Image Retrieval process.

V. System Description

The system has four important phases of the operation viz.

1. The preprocessing operation- Low level Feature
Extractor.

2. Low level to high level Feature Transformer/Image
Classifier,

3 Retrieval processof the query Image and

4. Displaying the optimistically matched Image to that
of the query image.

1. Preprocessing step: First step in any CBIR system is

finding relevant low-level features j=1,2,...,J (such as

color, texture, shape, etc.) describing as best as possible

the content of each image i, i=1,2,...,N. Features are

expressed by corresponding numerical values, and are
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grouped into appropriate feature vector Fi = [Fil, Fi2 K,
FiJ ].[11,12] Each coordinate of a vector Fi corresponds
to particular feature  component. FVs were stored in
appropriate feature matrix, F={Fi}, of dimension IxJ as
described in section 2. The shape is not considered in this
research. In genera, theterms F(i j), i=1,2,...,1, j=1,2,...,J,
in a feature matrix may have significantly different values
since they are obtained in different way. Components with
higher variance will be dominant in determining a
absolute/Euclidean distance and may produce unfair
competition and masking effect. To avoid the dominance
of a feature with a large variance and permit the fair
influence of all patterns, each term F(i,j) in a feature
matrix is column wise rescaled with weighted term W1,

log, (std (L+ 2) (71

1
" mean(F,) mean(F,)

The term mean (Fj) is the mean value of al elementsin
j-th column of afeature matrix F and std(.) is the standard
deviation. The feature matrix normalized by (8) is then
saved and used for calculating the Euclidean distance as a
similarity measure between a query and images from
database. This weighting strategy, inspired by a text
retrieval, was proposed in [5] for image retrieval. A
problem of mismatching between an objective measure
and subjective sensation of similarity may be resolved by
applying weighted Euclidean distances, or by introducing
user’s relevance feedback (RF). When using weighted
distances appropriate weights are associated with feature
vector components describing the influence of particular
component to a similarity measure. Such a method is
applied in systems Photobook [1], QBIC [2], Virage [3],
NETRA [4]. Relevance feedback assumes interactive
user’s assistance in similarity classification. The two main
RF strategies in CBIR systems are already applied: a query
shifting [5] and distance reweighting [6, 7].

2. Low Level to High level features transformer: This
transformer accepts he input vector of low level features
F(i,j)) and associates with the Target vector T(i,j) as
depicted in Table 1. The RBF based neural network is
used for training. Once the network is trained, the output
will show the five classes of the Images. The multilayer
RBF based neural network is found to be suitable for the
classification of the Images. These Low level , High level
features of the Images are properly stored in the data base.

3. The Retrieval process of the query Image: The
complete model of the retrieval system is an ordinary
CBIR system, where the user inserts the query image Q
into the system, and then the low-level features, whose
values are used as the input to the RBF neural network, are
extracted. When a query image is given to the system, the
procedure which took place for the training database
images, is also done for the query image. This input vector
will be compared with the high-level vectors stored in the
database by means of a standard similarity measure like
absolute/Euclidean distance. By means of K-nearest
algorithm, the class of query image will be determined and
that class will be only considered for further processing.

4. Display of optimistically matched Image: Once the
class of the query image is determined then the search
process will be restricted to that class of the Image. By
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using standard similarity measure like Euclidean distance,
top k relevant images are displayed for feedback from the
user.

VI.SIMULATION RESULTS

An image database from MIT Media Laboratories [17]
isused for the ssmulation. Out of 2000 images, 500 images
are selected and manually grouped and properly labeled
in to 5 classes. This set of 500 images is used as initial
data base. The Images are manually grouped in to the five
groups viz. 1.Coast Images, 2.Forest Images, 3Mounain
Images, 4.0pen country Images and 5.Tall building
Images. The advantage of manually aligning the images
with known classes lies with the easy analysis of the
result. The system performance will aso be anayzed
easily. The parameters considered for the performance
measure are
1. The effectiveness and accuracy of classification and

retrieval of the Image. The precision of querying
based on the feature vectors extracted; the higher the
system’s precision, the higher the percentage of
matching images returned to a query.

2. The speed of the Classification and Retrieval of the
Image .It is desirable to have as lowest as possible the
elapsed time for both.

The most favorable condition would be for 100%
matching of images, since the idea behind a CBIR system
is to retrieve from the database the maximum number of
images that match a query image[13,14] For the

evaluation, the following Equation is used for
precision.[15,16].
Precision = Number of Correct ImagesReturned <100

Number of total Imagesreturned

The sample of the retrieval process is shown in
Fig.4.The Query Image and the corresponding Images
retrieved are shown along with the absolute distance
between the Query and retrieved Images.

VII. CONCLUSION

The Image Classification method, based on RBF neural
networks, is used here. It is based on the transformation of
Low level Features to High level features. The results
show that by using RBF based Neura network, it is
possible to accurately retrieve the Query Image from the
given data base. But the Response time should aso be
considered for the further improvement.

Bﬁ ie
P

Query Image
p — _—
— . — e
A1-0.00 A2-0.2267 A3-0.3279

Retrieved Images
Fig.4. The sample of the Retrieval Process.
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The Precession and the response time are as shown in
Table2

S.No. Class of the Precision | Response
Image In% time
In seconds
01 Coast 100% 23.372030
02 Coast 100% 33.704884
03 Coast 100% 43.355776
04 Forest 100% 53.246911
05 Forest 100% 54.219515
06 Forest 100% 43.295211
07 Mountains 100% 33.191574
08 Mountains 100% 13.247013
09 Mountains 100% 23.358124
10 Open country 100% 33.352995
11 Open country 100% 43.223969
12 Open country 100% 33.180830
13 Tall Buildings 100% 34.231710
14 Tall Buildings | 100% 36.218445
15 Tall Buildings | 100% 37.232646
Table.2. The Precision and the Response Time of the
proposed system.
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