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Abstract: As the multimedia content is increasing rapidly,
there is an urgent need of an effective image retrieval system and
the key to this peculiar problem is denoted by Content-based
image retrieval (CBIR) system. But, for retrieving some
particular images from a massive database, the retrieval process
becomes time consuming. So, in order to reduce the retrieval
time, image indexing is utilized. The present work highlights an
effective image retrieval system with an indexing technique to
reduce the retrieval time. This paper focuses on the formation of
a hybrid image retrieval system in which texture, color and shape
attributes of an image are withdrawn by using gray level co-
occurrence matrix (GLCM), color moment and region props
procedure respectively. Then, extracted fused features are
optimally selected by using principal component analysis (PCA).
Afterwards, two types of Indexing techniques namely, similarity-
based indexing and cluster-based indexing have been tested on
the developed hybrid system to find the best amongst them. The
results of the hybrid color descriptor based on Cluster-based
Indexing technique depict that the proposed system has
enhanced results. Average precision of 93.8%, 79.6%, 70%,
98.7%, 93.5% and 79.5% has been obtained on Corel-1K, Corel-
5K, Corel-10K, COIL-100, GHIM-10 and ZUBUD datasets
respectively.

Keywords: Similarity based indexing, cluster based
indexing, Principal component analysis, Gray level co-
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I. Introduction

In this current era, digital images and videos are prevalent in
almost all the realms of technology. The increasing pace of
digital images has in turn led to the development of different
effective techniques for image retrieval, indexing, storage,
etc.[1]. Among these techniques, an eminent technique is
known by the name, content-based image retrieval (CBIR)
system. This technology is based on retrieving the desired
images from vast repositories based on basic image attributes
like color, texture, shape, spatial information, etc. [2].

Basically, a basic image retrieval system can be disintegrated
into two types: (1) Text-based image retrieval (TBIR) (2)
Content-based image retrieval. In TBIR, images are retrieved
on the basis of given annotations [3]. But, this technique is
prone to many disadvantages like homonyms, spelling errors,
etc. Therefore, the drawbacks associated with this technique
can be resolved by using CBIR systems. In CBIR system,
basic features like color, texture, shape, etc. are extracted from
an image and a particular feature vector is formed. Then, the
same procedure is applied to the complete set of database
images and again feature vector is formed. Then, the two
formed feature vectors are compared in similarity matching
stage by using a specific distance metric and finally top N
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similar images are retrieved [4] as shown in Fig. 1.

Figure 1. A basic architecture of a CBIR system

To develop a hybrid CBIR system, many types of features can
be extorted depending on the requirements of the user. Texture
defines the discernible patterns of an image. Different texture
descriptors like discrete wavelet transform (DWT), curvelet
transform [2], gabor transform, color co-occurance matrix
(CCM), tamura features etc. have been used for texture
extraction. Color is the basic attribute of an image and
techniques like color histogram [5], color coherence
vector,dominant color descriptor, color correlogram, etc, can
be used for its extraction. Shape is also a prominent feature of
an image which bears the semantic information and has been
categorized into region based and boundary based. B-splines,
curvature scale space (CSS), hough transform, fourier
transform, zernike moments etc. are handful of shape
descriptors used in CBIR system [3]. Different edge detection
techniques like robert, prewitt, sobel, etc. can also be utilized
for identification and location of keen disruption.

But, the retrieval of desired images from huge databases
becomes too time consuming because each and every query
image has to be matched with all the images in the database.
Therefore, to reduce the time of retrieval, different techniques
can be used and image indexing is one of these techniques.
Indexing is a technique in which a database index of each
image is maintained in a tabular format which can be used to
access and find any image of that database [6]. Utilization of
indexing techniques also leads to less storage requirements of
the data and it can be used as a sorting technique.

The main benefactions of this paper are as follows:

* To generate a hybrid system by extracting color, texture

and shape features of an image.

* To select the optimal fused features by using Principal
component analysis (PCA).

* In order to reduce the retrieval time of the proposed
hybrid system, two different and novel indexing
techniques have been tested and analyzed.

* Finally, the execution of the proposed hybrid CBIR
system based on an efficient indexing technique is
evaluated by calculating precision, recall, retrieval time
etc.

* Lastly, the proposed system has been evaluated on six
benchmark CBIR datasets.

The remaining organization of the paper is as follows:
Related work is described in Section II. Preliminaries in the
form of utilized feature extraction with different indexing
methods are given in section III. Section IV gives description
of the proposed methodology and experimental setup and
results are given in section V. Conclusion with future trends
are given in Section VI.

II. Related Work

In this section, varied state-of-the-art techniques utilized for
indexing have been discussed with their short-comings.
Different hybrid CBIR systems have also been analyzed here.
Color has been considered as an eminent feature of an image
and is an obligatory source of human perception. Color
histogram is the basic technique for extracting color features
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of an image. In addition to extract color attributes by using
color histogram, an optimization technique based on K-means
has been proposed by Rejito et al. [7]. But, this optimization
based on K-means is dependent on the value of K. Therefore,
many latest optimization techniques like monarch butterfly
optimization (MBO) [8] and earthworm optimization
algorithm (EWA) [9] have also been utilized.

Dimensionality reduction is the foremost advantage of
indexing techniques. Basic intrinsic pattern (BIP) [10] is
another indexing technique which is based on image intensity
for indexing applications. But, this algorithm works well on
only the texture characteristics of an image like smoothness,
roughness etc. and the other features associated with color,
region and shape have not been considered in this algorithm.
Anti-pole tree algorithm [6] has also been used for image
indexing purpose but this algorithm works only for sorted data
and pre-sorting of data is not always feasible. Moreover, this
technique is also less efficient in its performance.

Different types of human oriented techniques can also be
utilized for the development of a user based interactive CBIR
system. Interactive genetic algorithm (IGA) [11] has been
deployed for fetching the most similar images based on the
user’s query image and to reduce the retrieval time of the
developed system, K-means clustering has been used. But, in
developing IGA based systems, there are many parameters
which should be considered for an effective manufacturing.
Small population size, interactive user-friendly system, small
number of combinations and generations [12] are some of the
attributes which are mandatory to be considered before the
development of any IGA based image retrieval system.
Therefore, selection of these parameters is a typical task.

Another indexing technique has been proposed by Megha
et al. [13]. A R+-tree indexing approach has been utilized
which is based on multi-dimensional analysis. This approach
is generally used over the data which possesses multi-
dimensional information. In this technique, generally the
shape of a rectangle is chosen to represent the nearby grouped
objects or images. Again, this R+-tree structure has several
drawbacks. It involves recurrent insertion of objections. It is a
very slow process and to satisfy the user’s requirements,
retrieval process becomes too complex and indeed is based on
a large number of nodes.

In order to create a multi-dimensional feature matrix in a
CBIR system, various descriptors like speeded up robust
features (SURF), maximally stable extermal regions (MSER),
color correlograms and improved color coherence vector
(ICCV) have been used [14]. But, this multi-dimensionality
increases the storage space for the algorithm and an efficient
indexing technique is required to solve this issue. The
foremost demand of any retrieval system is to capture the
higher semantic information and for this purpose perceptual
uniform descriptor (PUD) has been proposed by Shenglan Liu
et al. [15]. This descriptor is based on a combination of
gradient direction features with color attributes of an image.

Many hybrid CBIR systems have been developed so as to
retrieve the required images from vast storehouse of images.
A CBIR system based on three-level hierarchical system has
been developed by Pradhan et al. [16]. It utilizes adaptive
tetrolet transform to extract the textual information while edge
joint histogram and color channel correlation histogram has
been used respectively to analyze shape and color features.
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But, this hybrid system does not utilize any indexing
technique for the fast retrieval of images. Divergent statistics
of histogram [17] has also been used for the extraction of
texture features in an image retrieval system. There are many
more techniques which can be used for the extraction of
textural information. Curvelet transform, wavelet transform
[18], local binary pattern (LBP) [19], discrete cosine
transform (DCT), gabor filter are among the common texture
descriptors.

Like texture, different types of global color descriptors have
been used in the domain of CBIR. Color layout descriptor
(CLD), edge histogram descriptor (EHD), color and edge
directivity descriptor (CEDD), etc have been analyzed by
lakovidou et al. [20]. In order to extract information from a
specific part of an image, a region-based descriptor is required
and edge-integrated minimum spanning tree (EI-MST) is an
algorithm which can be used for region-based extraction [21].
Sometimes, to enhance the efficiency of the developed CBIR
system, different partitions of the complete dataset has been
done and clusters have been formed [22]. But, this clustering
approach should be combined with an effective indexing
technique for faster retrieval as well as for occupying less
storage space.

In the current era, the focus of the researcher community
has been shifted from machine learning to deep learning.
Many CBIR systems have been developed where deep
learning techniques have been utilized to extract image
features. Like Arun et al. [23] describes a hybrid deep learning
architecture (HDLA) which uses boltzmann machines in the
upper layers and softmax model in the lower levels. Another
technique based on deep convolutional neural network
(DCNN) [24] has been developed which extracts the features
of an image using convolution layers which subsequently
employs max pooling layers for its execution. Again, the
deployment of any indexing technique is missing here, which
should be needed to save large number of features in proper
index table with less storage requirement.

Different types of deep learning techniques like deep neural
networks, restricted boltzmann machines, deep belief
networks (DBN), auto encoders etc., can be used for the
formation of a CBIR system [25].

In addition to images, indexing can be applied to images
related to remote sensing [26], medical images [27],
specifically for large medical databases namely MEDLINE
[28], plant biology etc. Indexing has many advantages in the
field of image processing. In order to remove redundant
images from the server, again indexing technique based on
locality sensitive hashing (LSH) [29] has been used.

Thus, the described hybrid CBIR systems and the indexing
techniques in literature suffers from one or the other drawback.
In order to overcome the above mentioned issues, a hybrid
CBIR system is proposed in this paper which is based on an
effective combination of gray level co-occurrence matrix
(GLCM), color moment (CM) and region props procedure. To
fasten the retrieval accuracy of the proposed system, an
efficacious indexing technique is also utilized. This
experimental analysis have been done on six benchmark CBIR
systems.

III. Preliminaries

Various techniques used in the evolution of the proposed
hybrid CBIR system are described in this section.

A. Color moment

In image retrieval systems, varied techniques have been used
for the extraction of color features. Among these, color
histogram [30] is the conventional method of color feature
extraction. Though it is very simple and is invariant to scale
and angle rotation but it does not convey any spatial
information regarding an image. Color coherence vector
(CCV) [31] has also been used as a color feature descriptor
but the feature vector produced by this method is of high
dimensionality which is against the basic requirements of any
CBIR system. Dominant color descriptor (DCD) [2] also
suffers from the lack of complete spatial information and
moreover, if the obtained feature vector is compact, then it is
utilized feasibly otherwise vague results can be produced.

Color auto-correlogram (CAC) [32] has a high computation
time and cost and it is very sensitive to noise also. Therefore,
based on these facts and conclusions, the color moment has
been chosen as an effective color feature extraction technique.
It is robust, fast, scalable, consumes less time and space. Color
moments (CM) are metrics which signify color distributions
in an image. According to probability theory, its distribution
can be effectively characterized by its moments. Color
moment can be computed for any color space model. Different
moments specify diverse analytical and statistical measures.
This color descriptor is also scale and rotation invariant but it
includes the spatial information from images [28].

If I; specifies the iy color channel and j; image pixel, the
number of pixels in an image are N, then index entries
associated with the particular color channel and region r is
given by first color moment, which signifies average color in
an image denoted as:

N

1
Mean(E) =+ X ,_, Iij (0
The next moment is given by standard deviation which is
obtained from a color distribution of a particular image and is
defined as the square root of the variance. It is given as:
1

1

N 2
Standard deviation(o,,;) = (Ez 1(11‘1' - r,i)z) 2
j=

The third moment is called as skewness and signifies that
how asymmetric is the color distribution. It is given as:
1

N 3
Skewness (S,;) = (%Z 1(11']' - Er,i)3) )
j=

Fourth moment is denoted by Kurtosis and it signifies the
color distribution shape, emphasizing particularly on tall or
flat shape of the color distribution.

B.  Grey level co-occurrence matrix

To withdraw the texture features from an image, different
second-order statistical methods have been utilized like: Gray
level difference matrix (GLDM) [33], Gray level run length
matrix (GLRLM) etc. but with the change in gray level
variance, GLDM also becomes variant. On the other hand,
GLRLM suffers from meagerness to represent the pattern of



an image and also its computational involvement is high. For
analyzing a signal in time-frequency zone, initially fourier
based transforms like discrete cosine transform (DCT) and
discrete fourier transform (DFT) were in trend. But, these
traditional methods are deficient, as they do not convey the
local information of an image. Also, the images regenerated
by these techniques are of deprived standard, especially at the
edges because of the presence of high- frequency bristly
components.

In the wavelet domain, both gabor wavelet and discrete
wavelet transform are highly prominent. But, due to a large
dimension of feature vectors, Gabor wavelet takes more time
in image analysis. Discrete wavelet transform (DWT) also
suffers from many disadvantages like ringing near
discontinuities, variance with shift, the lack of directionality
of decomposition functions etc. Local binary pattern (LBP)
suffers from the production of very long histograms which
slows down the process of image recognition, sometimes
sensitivity to noise and the effect of the center pixel is
sometimes not included. Based on these conclusions, the best
second-order statistical texture feature extraction technique is
gray level co-occurence matrix (GLCM) [34] which has many
dominant attributes like: (1) Rotation invariance (2) Diverse
applications (3) Simple implementation and fast performance
(4) Numerous resultant (Haralick) parameters (5) Precise
inter-pixel relationship.

It is used to withdraw texture features for the retrieval and
classification of different images. The spatial correlation
enclosed by the pixel duplet in any given image is also
computed by this geometrical method. A co-occurance matrix
denoted by Pus (m,n) specifying grey levels, contains
information about two pixels: Gray level content m is denoted
by the first pixel and content n is denoted precisely by the
second pixel which further is separated by a distance denoted
by dis. These specifications are chosen according to a specific
angle. Matrices produced by this technique gives the gray
level spatial frequencies which further gives association
among pixels which are adjacent and have distinct distances
amidst them [35].

Therefore, the description of GLCM is as follows:

Pdis,@(m; n) = B(U(p) =mal () =nallpy—pall =dis (4)

In equation (4) / is the given image and the positional
information in the same image / is given by p; and p>, the

Gray

Tone 0 1 2 3
0 # (0,0) #(0,1) # (0,2) #(0,3)
1 #(1,0)  #(1,1)  #(1,2)  #(1.3)
2 #(2,0) #(2,1) #(2,2) | #(2,3)
3 #(3,0) #(3,1) #(3,2)  #(3,3)

probability is denoted by P and ® denotes the range of

different angle directions given by 0° 45° 90° and 135°.

Therefore, a GLCM image is represented by d as its vector

used for movement, J as its radius and 6 as orientation. A

generalized GLCM matrix can be represented by Fig. 2.
Figure 2. A generalized GLCM
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Therefore, for a given specific test image with gray tone
values, a GLCM matrix is formed which is the spatial co-
occurance dependence matrix.

Prominent four types of GLCM feature parameters which
are subjected to be used for the extraction of the textual
content of an image and are denoted by:

Contrast = ¥, Yo [P(m,n) * (m — n)]° %)

The disparity between the topmost and the bottom most
conterminous pixel sets is given by Contrast intensity.

YmEn(m ux;i;l uy) P(m,n) (6)

The correspondence between a reference pixel and its
adjoining pixels in an image is diagnosed by making use of
Correlation. It considers the mean and standard deviation of a
matrix by encapsulating both the row and column of that
particular matrix.

Correlation =

. P(mn)
Homogeneity = Y, 2 % @)

In the spatial domain, the proximity among gray levels in
an image is defined by the term homogeneity.

Energy = /Xm Xy P(m,n)? ®

Energy of a texture denotes the cyclic consistency of gray
level allocation in an image.

C. Region props procedure
Shape features of an object provide valuable information
about the identity of an object. These features can be
categorized into two types: based on its region and based on
its boundary. Information about an object’s internal regions is
depicted by region-based descriptors while boundary based
shape descriptors are based on the usage of boundary
information of an object. Fourier descriptors are among the
popular technique of boundary-based shape descriptors. They
are robust, contains perceptual characteristics but information
about local features is not present because only magnitudes of
the frequencies are present in Fourier transform and location
information is missing.

Curvature scale space (CSS) is another shape descriptor
which analyzes the boundary of an object as a 1D signal and
finally represents the signal in scale space. The major issue
with this technique is the superficial projections on the shape
of an image. Angular radial transform (ART) produces a high
dimensional feature vector which causes a hindrance in the
performance of a CBIR system. Image moments, Zernike
moments, Hu moments, Canny edge detector are also among
the prominent shape and edge descriptors but suffers from one
or the other functioning issue. Properties of image regions are
efficiently measured by using region props which measures
the number of connected components in an image. Many types
ofregion props such as Center of gravity (Centroid) [36], mass,
dispersion, eccentricity, axis of least inertia, hole area ratio,
etc. can be used to find the shape related information in an
image. In this paper, some of the region props are used to find
the largest connected component. They are:

Mass: It is the total number of pixels present in one class.
It is given as:

Ymn h(m, n) )
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1if s(m,n) € C}

Where h = { 0 if s(m,n) C

Centroid: The center value of all the pixels is denoted by
centroid and is also known as the center of mass. C denotes
the cluster, h specifies mask over the same cluster C over
image S(m,n). A Centroid is given by:

_ Xmnmxh(mn)
- mass

Ye (10)

And 7o = Zmnn+h(mmn) (11

mass

In these equations ()., z.) are the co-ordinates of the centroid.

Mean: It is defined as the average value of all pixels and is
denoted by:

_ Ymn Imn* hc(mn)
mass

(12)

Variance: It is the analysis which measures the distance of
the spread from an average value of given random numbers.

(13)

Uc

G2 = Zmn(Imn—#c)* he(mn)
¢ mass

Dispersion: Dispersion is defined as the total distance
from the centroid to every class present in an image. It is
given as:

Dispersion = ¥ dist(0p 0;p) (14)

Where dist( Op 0;p) gives information related to the
distance metric

Centroid of class D is Op
Centroid of region j of class D is O;p
D. Principal component analysis

Use of extraneous, redundant and higher number of features
can lead to the slow convergence and low performance of the
designed CBIR system. Therefore, to remove this issue, the
PCA technique has been utilized in this paper for
dimensionality reduction. It works by zeroing the weakest
principal components which leads to a projection of the data
in the lower dimension. Orthogonal linear projection [37] is
used to obtain these features in the lower dimension. In
general PCA can be defined as:

Z=YC (15)
Where Z € RTXP is the projected data matrix. Here, P depicts
the principal components of Y and P < M. The ultimate goal
is to find the projection matrix C € RMXP or the singular value
decomposition (SVD) technique for Y should be applied.

Y =UAVT (16)

In equation (16) matrix of left singular values of m x [ size is

given by U and matrix of n x [ right singular values is given

by V. Diagonal matrix of singular values is given by A and 1
is the rank of matrix Y, where I < min (m, n). If the m x n

matrix of factor scores is denoted by Fs then, it becomes:

F¢ = UA. Finally, the product of Y and V" gives the projection

[35] values on the principal components by using equation (16)
and is given by:

YV = UAVTV = UA= F, (17)

Thus, PCA can be utilized for reducing the number of features.

E. Image indexing (Cluster-based vs Similarity-based)

In order to apply image indexing on the PCA based hybrid
image retrieval system, two types of indexing techniques have
been analyzed and experimented namely: Cluster based and
Similarity based.
Cluster based indexing approach is generally utilizes K-means
clustering algorithm. K-means is a partitioning algorithm
which uses a two-step iterative process to find the user
specified K clusters. If the set of observations
(¥1,¥Y2,¥Y3 ---Yn) are given then, the K-means clustering
algorithm disintegrates the n observations into K parts (K< n)
denoted by S = (81,52,53 ...S,) in order to minimize the
variance. Thus, the main objective of this algorithm [38] can
be given as:

minSk Zk Zyesk T[ydiSt(y' mk) (1 8)
Here, in equation (18), S; denotes k clusters, m;, denotes the
centroid (centroid is the mean of the various cluster members)
of Sy, my, > 0 denotes the weight of y and dist is the distance
function used.
Similarity based indexing is a technique which is based on the
usage of different similarity measures like FEuclidean,
manhattan, cosine, minkowski, [39] etc. In this algorithm, the
fusion of three attributes i.e, color, texture and shape results in
the formation of a fused feature matrix. The complete
procedure of this indexing can be explained by the means of
an algorithm.

1. Row-wise sorting of fused feature matrix.

2. Disintegration of obtained feature matrix into K parts.

3. Calculation of mean for each of the K obtained parts.

4. Then, mean selection for each obtained fragment.

5. For each image, nearest mean value from the fragment is
chosen.

6. Finally, image index equal to the nearest fragment/part

index is assigned.

7. End

To find out the nearest fragment index, divergent similarity

measures have been utilized in this algorithm. Therefore, this

algorithm is called as similarity based indexing.

IV. Proposed Methodology

The proposed system consists of an optimal feature selection
based hybrid image retrieval system where CM, GLCM and
region props procedure is used respectively to extract color,
texture and shape features. This hybrid system contains fused
features of the above three mentioned parameters. For the
optimal feature selection, PCA is used which selects the best
and precise features from the fused features. Lastly, two
indexing techniques have been analyzed and tested on the
proposed system in order to fasten the retrieval time of the
system. Cluster-based indexing and similarity-based indexing
are the two utilized approaches and amongst these cluster-
based indexing achieves superior results. Therefore, the final
proposed indexing-based hybrid image retrieval system has
been designed by using K-means cluster-based indexing.
Formally, the proposed technique can be divided into two



parts: (1) Index creation stage (2) Testing/Index Prediction
stage.

A. Index creation stage

This stage is related to the creation of indexes using cluster

based indexing and further it can be divided into four sub-parts.

1) Feature extraction stage

It is the first stage of this phase and is based on the extraction
of features from the utilized dataset using CM, GLCM and
region props procedure to extract color, texture and shape
features respectively. After this stage, three independent
feature vectors are formed for each of the attribute.

2) Fusion stage

The three feature vectors are fused together in this stage for
the formation of a hybrid feature vector (HFV). These three
feature vectors are normalized by using minimum-maximum
normalization for the creation of HFV. Normalization brings
the feature dimensions into a common range.

3) Feature selection stage

The hybrid feature vector contains the fused features of all the
three attributes of an image. But, to select the best features
among the fused features and for dimensionality reduction,
principal component analysis (PCA) has been used, which
selects only 50 features for the formation of a indexing-based
image retrieval system.

4) Clustering and index creation stage

The selected features obtained by using PCA have been
utilized as an input to the clustering algorithm. Suitable
centroid has been obtained by using K-means clustering
algorithm, which is an image, based on which matching with
the query is performed. K-means is a two-phase iterative
process and the steps can be given by means of an algorithm.

1. Initialize the initial value of K randomly.

2. K clusters are formed by connecting every given input
with the nearest mean.

3. Then, the arithmetic mean (Centroid) of each of the K
clusters becomes the new mean and step 2 and 3 are
repeated unless a convergence is reached and finally
desired clusters are obtained.

4. End

Then, finally desired clusters are obtained and these clusters
serve as indexes to different images of the dataset and index
is formed for each cluster. The architecture of this part of the
proposed system is shown in Fig. 3(a).

B. Index allotment/Testing stage

In this stage, the indexes which are created by using clustering
approach in the previous section are utilized to retrieve an
image by using a specific distance metric in spite of matching
each and every image of the database. The main subsections
of this stage are as follows:

1) Query formulation stage

It is the first stage of this section. The user enters the query
image to test the working of the proposed system. Here, each
and every image is utilized as a query image.
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2) Feature extraction and Fusion stage

Again, the features of the query image are extracted using CM,
GLCM and region props. Finally, a hybrid feature vector
(HFV) is created which is formed by fusing the independent
feature vectors of three used techniques.

3) Feature selection stage

The optimal features of the HFV are selected by using
principal component analysis (PCA) to reduce the dimensions
of the HFV and to select the best and optimal features from
the fused feature vector.

4) Index prediction and similarity matching stage

In this stage, the matching of the query image is performed in
two levels. In the index prediction phase, the matching of the
query image is done with the already created cluster index and
the best cluster is chosen. In the second level, by using a
specific distance metric, matching of the query image is
performed with images in that selected cluster and finally top
N images are retrieved based on the minimal distance. The
basic architecture depicting this part is given in Fig. 3(b).

V. Experimental set-up and Simulation results

To analyze the retrieval efficiency of the implemented
technique, six benchmark datasets namely Corel-1K, Corel-
5K, Corel-10K [40], COIL-100 [41], GHIM-10 [42] and
ZUBUD [43] have been utilized. There are a diversity of
images present in these databases which have been used
successfully in many retrieval techniques. All the experiments
are performed in MATLAB R2018a, core i3 processor, 4 GB
memory, 64-bit windows. A brief description of these datasets
is given in Table 1 and sample images from each dataset is
shown in Fig. 4(a-1).

Image Total Total Size of images

Database images classes

Corel-1K 1000 10 256 x 384 or 384 x
256

Corel-5K 5000 50 256 x 384 or 384 x
256

Corel-10K 10000 100 256 x 384 or 384 x
256

COIL-100 7200 100 128 x 128

GHIM-10 10000 20 300 x 400 or 400 x
300

.

Figure 4(b). Sample images from Corel-5K dataset
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Figure 4(e). Sample images from COIL-100 dataset

Figure 4(c). Sample images from Corel-10K dataset

Figure 4(d). Sample images from GHIM-10 dataset

A. Evaluation metrics Number of relevant images retrieved

. . . U 1

There are different evaluation parameters which can Recall(R;) = - - (20)
Total number of relevant images in the database

be utilized for calculating the capability of a particular
CBIR system. But, the prominent metrics are precision

and recall [44-45]. Here, the total retrieved images are 10 for every dataset

except ZUBUD dataset where 5 images are retrieved because
Number of relevant images retrieved (19) it has only 5 images per category. In case of recall, the number

of relevant images of a particular dataset depends on the total
number of images per category of a particular dataset. Corel-

Precision(P;) = . -
Total number of images retrieved



1K, Corel-5K and Corel-10K has 100 images, GHIM-10 has
500, COIL-100 has 72 and ZUBUD has 5 images as relevant
images.

B. Retrieval performance analysis

The proposed system has been obtained by extracting color,
texture and shape features of an image by using CM, GLCM
and Region props procedure respectively. Then, for the feature
selection, PCA has been used. In order to lessen the retrieval
time of the proposed technique, two divergent indexing
techniques namely, similarity-based indexing and cluster-
based indexing have been analyzed and tested over the
proposed technique. The results in terms of average precision
obtained over all the six datasets by using similarity-based
indexing are given in Table 2.

Datasets Average Precision (%)
based on Similarity-based
Indexing

Corel-1K 92

Corel-5K 78.8

Corel-10K 69

COIL-100 97.5

GHIM-10 92.3

ZUBUD 77.5

Table 2. Average precision (%) by using similarity-based
indexing

Similarly, average precision obtained by using cluster-based
indexing technique is given in Table 3.

Datasets Average Precision (%) based on
Cluster-based Indexing

Corel-1K 93.8

Corel-5K 79.6

Corel-10K 70

Coil-100 98.7

GHIM-10 93.5

ZUBUD 79.5

Table 3. Average precision (%) by using cluster-based
indexing

From Table 2 and Table 3, it can be seen that the results of
cluster-based indexing techniques are higher than the results
of similarity-based indexing. It is due to the fact that in case
of cluster-based indexing the similarity of a query image is
performed only with the selected and the best cluster in place
of all images in the database while in similarity-based
indexing, query matching is performed with all the images in
the database which is time consuming and average precision
of all images in the database while in similarity-based
indexing, query matching is performed with all the images in
the database which is time consuming and average precision
obtained is also low. Finally, indexing based on K-means
clustering has been selected as the technique to be utilized
over the hybrid CBIR system.

There are different distance metrics which have been
utilized for calculating the similarity between a query image
and complete database images. Both the indexing techniques
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have been evaluated with varied distance metrics. The results
obtained by using varied distance metrics on both the indexing
techniques are given in Table 4 and Table 5. Some of the
prominent distance metrics are:

Distancegyciigean = ?:1' (Ij - Dj)z | (2 1)
Distancecity prock = Z?=1|I]- - D]-| (22)
Distanceyinkowsii= [X]=1|(I; = D)D" |] (23

Distance Metrics on Similarity-based indexing

Datasets Euclidean City block Minkowski Cosine
Corel-1K 91.6 92.0 91.2 90.3
Corel-5K 77.4 78.8 76.5 76.0
Corel- 69.0 69.0 68.6 67.1
10K

Coil-100 96.2 97.5 95.7 95.2
GHIM-10 91.3 92.3 90.6 88.4
ZUBUD 76.2 71.5 76.12 75.0

Table 4. Average precision (%) by using various distance
metrics on similarity-based indexing

Distance Metrics on Cluster-based indexing

Datasets  Seuclidean City Correlation  Cosine
block

Corel-1K 92.0 93.8 90.1 91.5
Corel-5K 78.5 79.6 76.8 77.2
Corel- 68.7 70 64.2 66.4
10K

Coil-100 96.2 98.7 93.7 95.6
GHIM-10 92.1 93.5 89.5 91
ZUBUD 77.68 79.5 74.23 76.86

Table 5. Average precision (%) by using various distance
metrics on cluster-based indexing

From Table 4, it can be concluded that in case of similarity-
based indexing, city-block distance metric has superior results
as compared to other similarity measures. Similarly, in
cluster-based indexing again city-block distance obtains the
highest results. Generally, in case of indexing based on K-
means clustering, squared euclidean distance metric has been
used but the proposed system has been realized in such a way,
that other distance metrics can also be tested.

Among, these distance metrics again, City block obtains
augmented results because it is based on absolute value results
in comparison to squared value results. Moreover, it is fast in
computation.

After applying the K-means cluster based indexing the
whole dataset has been divided into K clusters and mean of
each cluster is calculated which forms the centroid of each
cluster. Then, each query image is matched with the total
images of the best cluster based on the minimum value of
distance metric and thus indexing is performed. The number
of images for each cluster for Corel-1K dataset is given in
Table 6.
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Cluster (K=10) Record count (No. of

images/cluster)
132
131
97
144
26
103
42
145
102

78

SOOI UN AW =

Table 6. Number of clusters present in Corel-1K dataset

From Table 6, it can be seen that for Corel-1K dataset, the
whole dataset has been divided into 10 clusters (K=10) and
the record count represents the number of images present in
each cluster. Then, if a query image is given by the user, its
best matching cluster is obtained based on the minimum
distance and finally, only the images present in that particular
cluster are matched with the given query image to retrieve the
top N images.

Recall is also considered as an eminent measure to represent
the retrieval efficiency of any CBIR system. Together,
precision vs recall curves proves to be very effective in
calculating and analyzing the performance of any image
retrieval system. Precision vs recall curves by varying the
number of images from 10 to 50 for the utilized datasets are
shown in Fig. 5(a) and 5(b).

=—4— Corel-1K =fll=— Corel-5K Corel-10K

100

PRECISION (%)
= N w S u [e)) ~ o] o
o o o o o o o o o

o

0 10 20 30 40
RECALL (%)

Figure 5(a). P vs R curves on Corel-1K, Corel-5K and
Corel-10K

Thus, from the curves given in Fig. 5(a) and 5(b), it can be
seen that as there is a decrease in the value of precision, there
is an increase in the value of recall.

=—4—COIL-100 == GHIM-10
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Figure 5(b). P vs R curves on COIL-100 and GHIM-10

The comparative analysis based on COIL, GHIM and
ZUBUD datasets is given in Table 7, 8 and 9.

Dataset Average Precision (%)
COIL- Hybrid Ref. Ref. Ref.  Proposed
100 only [31] [12] [13]  (Hybrid +
Indexing)
94.4 95 82.5 96.5 98.7

Table 7. Comparative analysis based on COIL-100 dataset

Dataset Average Precision (%)
GHIM-  Hybrid Ref. Ref. Ref  Proposed
10 only [17] [21] [43] (Hybrid
+
Indexing)
85.7 7699 73.7 57.5l1 93.5

Table 8. Comparative analysis based on GHIM-10 dataset

Dataset Average Precision (%)
ZUBUD Hybrid Ref. Ref. Ref.  Proposed
only [19] [18] [20] (Hybrid +
Indexing)

76.2 79.12  75.85 70 79.5

Table 9. Comparative analysis based on ZUBUD dataset

The proposed PCA based hybrid color descriptor with cluster-
based indexing technique has been compared with many state-
of-the-art techniques in order to validate the performance of
the proposed system. The comparative analysis based on
Corel-1K, Corel-5K and Corel-10K is given in Table 10.
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Dataset  Semantic Average Precision (%)
name
Hybrid Ref. Ref. Ref. Ref. Ref. Proposed
only [7] [14] [33] [2] [37] (Hybrid
+
Indexing)
Corel-1K Africa 82 92 95 68 72.4 81 86.5
Beach 94 42 60 65 51.5 92 99
Building 82 38 55 80 59.55 79 80.5
Bus 95 52 100 90 92.35 93 88
Dinosaur 100 100 100 100 99 99 100
Elephant 83 68 90 80 72.7 79 100
Flower 100 92 100 85 92.25 99 98
Food 90 78 100 85 72.35 88 100
Horse 82 97 100 95 96.6 80 99
Mountain 87 25 75 75 55.75 85 87
Average 88.8 68 87.5 82.3 76.5 87.5 93.8
Corel-5K  Average 77.3 55.75 72.56 64.5 55.25 75.4 79.6
Corel-10K  Average 68.4 48.92 65.45 57.54 49.58 68.9 70

Table 10. Comparative analysis based on Corel-1K, Corel-5K and Corel-10K dataset

The related techniques given in Table 10 lack in performance Query Image:
due to several issues. Firstly, the described systems did not 7
include any indexing technique in their working to reduce the
retrieval time. Moreover, the presented proposed technique in
this paper is based on a hybrid CBIR system which can be
used to retrieve complex and irregular images as well.

From the comparative analysis given in Tables 7, 8, 9 and 10,
it can be clearly seen that the proposed technique has superior
results as compared to the latest and famous techniques based
on different datasets. Individual Graphical user interface (GUI)
has been designed for each dataset based on the top N retrieval.
The GUI’s for each dataset have been given in Fig. 6(a-f).

Figure 6(c). Retrieval results from Corel-5K dataset

Query Image:

X~

Query Image:

o A R w

Figure 6(a). Retrieval results from Corel-1K dataset Figure 6(d). Retrieval results from Corel-10K dataset

Query Image: Query Image:

e
e -~ -
Figure 6(b). Retrieval results from ZUBUD dataset k iﬁ ﬁ %‘ E

Figure 6(e). Retrieval results from GHIM-10 dataset
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Query Image:

o
SEAEARAES
DEAEARAES

Figure 6(f). Retrieval results from COIL-100 dataset

From Fig 6(a-f), it can be concluded that the top ten images
are retrieved from the desired category of the dataset which
in-turn belongs to the native category of the query image for
all the datasets except ZUBUD dataset where only 5 images
are retrieved. This is so because it has only 5 images per
category.

C. Time performance analysis

Since, the proposed hybrid descriptor is based on indexing,
therefore the retrieval time is indeed an important aspect to be
considered. This section describes the retrieval time of the
proposed technique. The comparative analysis of the retrieval
time based on hybrid system only (without indexing) with
indexing based hybrid system has been given in Table 11.

Datasets Avg. Retrieval Avg.  Retrieval
Precision time Precision time
on in (sec) on in (sec)
Hybrid Hybrid
system system
only with
indexing
Corel-1K 88.8 1.25 93.8 0.112
Corel-5K 77.3 1.59 79.6 0.65
Corel- 68.4 2.620 70 1.54
10K
COIL- 94.4 2.320 98.7 1.010
100
GHIM- 85.7 2.453 93.5 1.51
10
ZUBUD 76.2 1.435 79.5 0.27
Table 11. Retrieval time comparison between two levels of
the proposed system

From Table 11, it can be easily seen that the proposed system
based on indexing has lesser retrieval time as compared to the
retrieval time of hybrid system only. In Table 11, the average
precision is given in terms of percentage (%). The comparison
of the retrieval time of the proposed system with the related
techniques is given in Fig. 7.

From Fig. 7, it can be deduced that the proposed system is
effective in reducing the time required for the retrieval of
images, thus has a fast execution.

VI. Conclusion with future trends

The proposed system has been designed by using a
combination of color, texture and shape descriptors. Then,

< o0

2 i g 3
g i
Z. 1.5
o
QO
2 1
@
£ 05 S
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REF. [2] REF.[33] REF. [14] PROPOSED
TECHNIQUES

Figure 7. Comparison of the retrieval time with the related
techniques on Corel-1K dataset

PCA has been used for best feature selection. Finally, cluster-
based indexing technique has been used for the faster retrieval
of images. To validate the results of the proposed system, the
obtained results have been compared to many state-of-the-art
techniques in terms of average precision. The retrieval time
has also been compared to many related techniques in order to
satisfy the obtained results. In future, our work will be focused
on developing a deep learning based hybrid CBIR system.
Also, for the purpose of optimization, different optimization
algorithms like monarch butterfly optimization (MBO),
earthworm optimization algorithm (EWA), elephant herding
optimization (EHO), moth search (MS) algorithm, etc. could
be utilized. In order to further enhance the indexing approach,
some preference learning or structured query language (SQL)
based indexing technique could be used.
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