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Abstract

Most of Content Based Image Retrieval systems CBIR are based on a single
feature at a time which led to poor retrieval results in most situation. Therefore,
feature fusion technique is one of the solutions adopted for improving the
performance of CBIR systems because different features can represent different
and complementary characteristics of the data. The proposed fusion technique is
characterize by a reduction of features fusion dimensions, through selecting the
most appropriate features that decide the most representative and discriminative
features. Retrieval becomes when features and descriptors of the query are
compared to those in the features database in order to retrieve image according
to its distance to the query. Describable Textures Dataset DTD texture images
dataset used for testing, which is contains 5640 texture image, results
demonstrate that the proposed technique working on the fuse of four image
features, is an effective technique in achieving higher accuracy of image
retrieval comparing with results that obtained by individual feature and by using
combinations of features.
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I. Introduction

The growing volume of digitally created images in the all life areas like
medicine, daily the doctors in the hospital have to access large volumes of
images, Journalists also need to look for the images by several conditions, and
private life, the home users have a database which contains hundreds of images,
etc., all of these fields and others demanding new methods for retrieving
1mages.

Two adaptive approaches for image retrieval these are; firstly, Text-Based
Image Retrieval (TBIR) approach which needs human classification and
explanation of the image collection using keywords only as query to retrieve the
similarity images, thus it is perforrned based on image annotation or metadata of
image to retrieve the desired image [1]. Secondly, Content-Based Image
Retrieval (CBIR) where it uses an example of an image as query, hence the
similarity images are retrieved based on image content known as low-level
features like color, shape, and texture [2, 3].

Many algorithms were proposed and developed by researchers for similarity
image retrieval based on TBIR, the best real example of these algorithms that
implemented 1n the search process through Yahoo, AltaVista, Google, etc., are
relies deeply on the metadata associated with images, such as keywords and
caption and represent the top of TBIR systems [4].

TBIR forced many problems because of the increasing amount of digital images
which make the keywords annotation not applicable, and people assign different
labels to the same 1mages, so using the second approach CBIR as an alternative
mechanism is necessary. With the development of computer technology, CBIR
will be more important to overcome the problems of TBIR system mentioned
above, there are various applications using CBIR, like crime investigation, face
recogmition, finger print or retina scanning for access privileges, medical
diagnosis, and museum images [5].

II. FEATURES FUSION

The main and important component of CBIR is Feature Extraction (FE)
process, which various features are extracted that represent the most important

352



09l gl aaall  Aadali il s Al

———

information which describe the image in understandable format hke shape,
color, and texture of any image. There are many descriptors can extracted from
an image to represent these features. So, these feature descriptors will be
collected in Feature Vectors (FVs) [6].

The backbone in accomplishing an efficient retrieval system using CBIR
approach is to select the most proper features that represent the image as unique
as possible using one of feature sufficient and discriminative selection method
to increase the efficiency of retrieval. Most of CBIR systems depend on one of
these features in each retrieval process, since each feature is describe the certain
aspect of image content, it is very difficult to get satisfactory retrieval results, so
designing and developing CBIR based on combination of appropriate relevant
features to yield better retrieval performance be the ideal solution to achieve
perfect retrieval by measuring the image similarity based on multiple visual
features, the Features Fusion Technique (FFT) is necessary to represent the
images as matchless as possible, and to extend the system ability for accuracy
result [6].

Fusion data is more enriched in information than those brought from a
single source, it is an important aspects of an intelligent system which combine
of data from multiple resources to form useful information. Although the
Feature Fusion Vector (FFV) obtained by fuse multiple feature vectors gives
extra knowledge and can be increased the performance of CBIR system, but at
the same time, it may yicld a large Feature Vector (FV) contains hundreds of
dimensions which lead to be long time-consuming for retrieving similar images
from a large database. So, proposing a new FFT is required to avoid these
problems.

HILTEXTURE IMAGES

Texture is a structure of surfaces formed by repeating a particular
subimage or several elements in a specific spatial positions. Generally, the
repetition involves local variations of scale, orientation, or other geometric and
optical features of the elements [7], it contains important information about the
structural arrangement of surfaces and their relationship to the surrounding
environment, such as; clouds, leaves, fabric, tree bark, water, etc [7]. Typically,
texture features methods calculate the degree of uniformity, roughness, contrast,
frequency, coarseness, directionality, density, regularity, linearity, and phase
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[8]. Although texture is quite easy for humans to recognize and describe, it 1s
quite subjective by its nature and is extremely difficult to precisely define and
analyze by digital computers. Since the texture features could be very useful.

Texture is one of the most important characteristic which used to classify
and recognize objects and used in finding similarities between images in
multimedia databases. Fundamentally, texture formation methods can be
classified into five approaches (structural, statistical, signal processing,
stochastic, and morphology based method), Out of these five groups of
methods, structural and statistical methods are the most widely used because
they can be directly applied onto any type of texture [9].

Most of the texture analysis methods consist of two successive stages:
feature extraction and feature based classification [10]. Therefore, the texture
features could obtained using different types of methods; they can be used
individually or in combination with each other.

IV.PROPOSED SYSTEM LAYOUT
The architecture of the proposed CBIR system is illustrated in Figure (1),
it is consist of three main parts:

e Building feature vectors database: for cach image in the image database,
preprocessing sub stage should be done. To describe the contents, image should
be processed first in order to extract the features. The processing involves
footnote removing, filtering, normalization, segmentation, and object
identification. The output of this stage is a set of significant regions and objects.
Other sub stages of the proposed CBIR system is the Feature Extraction (FE)
function, four FE methods are proposed which are dealing with texture images.

e Building a feature vector for query image: by applying same procedure in
the first part on the image which required to retrieve the similanties.

e Retrieving process: The proposed CBIR system select the feature values
that are effected in texture, and supported two retrieval process, firstly, image
retrieval based on individual image features. Secondly, IR based on fusion
feature technique, the similarity matching process depend on the distance
between query image vector and each vector in obtained feature DB. Then some
measures for testing the performance should be apphied.
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Figure (1) Proposed System Architecture.

V. FEATURE EXTRACTION

One of important texture characteristic i1s directionality, in this work, the

directional attributes have been used to distinguish between the textures regions,
where different sets of gradient based features were used as an extracted feature

vectors, they are:

1. Co- occurrence Feature Vector (V1)

The co-occurrence matrix C(i, j) calculates the co-occurrence of pixels with
gray values 7 and j at a given distance d. The distance d is defined in polar
coordinates (d, €), with discrete length and orientation. In practice, @ takes the
values Oc; 450; 900; 1352; 180°; 225; 270°; and 315° [9]. The co-occurrence

matrix C(i, j) can now be defined as in equation (1):

C{i,j) =card {

(Cepoyi) (xa,¥2)) € (XYY X (XY); for flxp,y1) = Lf(x2.p2) =]
(x2,¥2) = (x, ¥1) + (d costl, d sin8); for 0 < i,j <N '
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Let (7 be the number of gray-values in the image, then the dimension of the
co-occurrence matrix C(i, j) will be N XN,

Features can be extracted from the co-occurrence matrix to reduce feature
space dimensionality and the formal definitions of five features from the co-
occurrence matrix are done as in equations 2 to 6 [9]:

Energy = ¥;X; C(i.j)? @
mertia = %,; ;G — ))* C(.j) )
Correlation = BELCEDiky C)]
(‘-",’ﬂ'}:
Dif ference Moment = 3); Z,—ﬁ cij) &
Entropy = —%,;%;C(,j)10g C(i, j) ©)
Where

p= i), €D
ANODY
g; = Zi(i —u)? ch(i'f)
o=, U= ), €

The feature vector is constructed using pu(W,8,0y,0,), std(W,0,0x,0,) 7
and Skew as feature components, where o, and ,0,, are the scaling parameters,
W is the radial frequency of the sinusoid and @ € [0, 7] specifies the orientation

[11].

2. First Order Gradient Feature Vector (V2):

A set of first order derivative in image processing are implemented using the
magnitude of the gradient. For the function Ifx,y), the gradient of / at
coordinates (x,p) 1s defined as the two dimensional vector as in equation (7)
[10].

Z=l6 6] ©
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Where G, and G, are the horizontal and vertical derivatives, respectively.
This vector holds geometrical information that points to the direction of the
greatest rate of change in / at (x, y). The gradient approximations results can be
combined to give the gradient magnitude at each point in the image, using

equation (8):
G= ’G,% + G; ®

Sobel operator is used here for computing (G, and G, as in equation (9):

-1 0 +1 =1 =221 =1
c;x=[—z 0 42|, and G,=[0 0 © ©)
-1 0 +1 +1 +2 +1

A feature vector (V2) is constructed by computing 12 features representing
the means of G,, Gy, and G for four directions. ’

3. Min- Max Gradient Feature Vector (V3)
This set of features depends on the minimum and maximum values of the
first derivative for each direction, equations (10), and (11):

Gmin(%,¥) = Min(G,(x,y), Gy(xry)) (10)
Gnax(x,y) = Max(Gx(x')’)va(xry)) (11

The established feature vector (V3) consists of 8 values, each represents the
mean values of G, or G for each of the four directions. At any point Gy
takes its value to be the greater between the horizontal and vertical derivative
(i.e. it measures the maximum rate of changes at any point despite its direction;
that makes it invariant under rotation). The same 1s true for Gy

4. Second Order Gradient Feature Vector (V4)
The established second order gradient feature vector consist of 2™ gradient
values along the horizontal, vertical, diagonal and second diagonal direction as

1n figure (2):
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Figure (2) Sub Image Coordinates

They can be computed using the following equations 12 to 15:

Gy (6, ¥) =210, y) = 1(x =1, ) —I(x +1,y) (12)
Gy2(x,y) = 21(x,y) =10,y — 1) —I(x,y + 1) (13)
Gama (e, ) =21, ) - I(x-1,y—-1)—I(x+Ly+1) (14
Gy, y) =210, y) —I(x+1y—-1)-I1(x—-1,y+1) (15)

The feature vector (V4) consists of 16 values, 4 for each direction.

The above four introduced features vectors (V1, V2, V3, and V4) methods
tend to capture different image texture characteristics. The use of different
combinations between these features could improve the classifier accuracy.

VL. CLASSIFIERS

Appropriate classifier should be selected when the features are extracted.
A number of classifiers are used, each chosen classifier is found suitable to
determine a particular kind of feature vectors. The classifier that used
commonly is Nearest Neighbor classifier. The Nearest Neighbor classifier is
used to calculate the distance of similarity of the feature vector of the query
image with 1mage teature vectors stored in the database. It is obtained by
finding the shortest distance between the query image and the database vectors.
Classifier used two times, first for individual feature vectors, then for fusion
feature vectors.
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VIL. EVALUATION METHOD

Accuracy is a direct measurement of the quality and user satisfaction of
the image retrieval process. To evaluate the efficiency of IR system, two well-
known metrics are used, reliability which outlined in equation (16) is defined as
the ratio of the relevant images that are retrieved to the total number of retnieved
images, and recovery which outlined in equation (17) is defined as the ratio of
the relevant images that are retrieved to the total number of relevant images in
the database. Reliability and recovery metrics give an estimate of retrieval
efficiency in the range from worst case (equal to 0) to perfect retriegal (equal to

1 [12]:

S Number of relevant images retrieved
Rellablllty —_———— _9,7 (16)
Total number of retrieved images
Number of relevant images retrieved
Recovery = la an

Total number of relevant images in the database

Vill. EXPERIMENTAL RESULTS AND ANALYSIS

The testing results was evaluated using Describable Textures Dataset
DTD which is a texture database, it is developed in 2012 at the Johns Hopkins
Centre for Language and Speech Processing (CLSP) [13], consisting of 5640
images, organized according to a list of 47 terms (categories) inspired from
human perception. There are 120 images for each category. Image sizes range
between 300x300 and 640x640, and the images contain at least 90% of the
surface representing the category attribute, each image provided by key attribute
(main category) and a list of joint attributes, some texture pictures from DTD
are shown in Figure (3).
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Figure (3) some images from DTD

The dataset is split into two parts, training, and testing, for first experiment a
set of 40 randomly chosen images from each class were used for training
(building feature database), while the rest 80 samples were used for testing the
classifier efficiency, the number of training/testing is changed in other
experiments. The conducted tests have been directed toward finding the similar
images which is belong to the same class according to distance measure.

Table (1) shows the comparison in term of Success Retrieval Rate between
the results that were obtained using individual feature descriptors VI, V2, V3,
and V4, then the combination of descriptors {V1, V2}, {V3, V4}, and {V1, V2,
V3, V4} with results that were obtained using proposed fusion vector. Three
experiments are applied with different training/ testing number of images for
cach class, these are 40/80, 60/60, and 80/40. It is clear that the fusion had
achieved higher retrieving accuracy.

Table (1) retricving aceursey for three experiments.

Success " Success

Retrieving rate far fpuccees Retrieving rate for
Descriptar rieving Retrieving mate for nievirg Average

Train/test Trainftest 60/60 Traintest

40/80 80/40
V1 0683 0725 0.775 0.728
V2 0622 0.750 0767 | oms
V3 0608 0 658 0692 0653
V4 0.658 0708 0.733 0.700
V1, V2} 0733 0783 0.800 0.772
V3, v} 0.725 0.758 0.775 0753
V1, V2, V3, v4} | 0850 0900 0917 0.889
Fusion Vector 0908 0958 0975 0.947
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It can clearly be seen that the retrieving results of fusion (0.947) more
effective than individuals, and the success rate increasing when the number of
training images be increased. The performance of the combination techniques
are evaluated and summarized in Table (1). Since we cannot rely on a single
feature in the image retrieval because it cannot represent the images as much as
possible, so fusing the most appropriate features descriptors to increase the
accuracy of system's performance has been used.
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