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Avrticle Info Abstract

Content-based image retrieval (CBIR) systems compare a query image
with images in a dataset to find similar images to a query image. In
this paper, a novel and efficient CBIR system is proposed using the
color and texture features. The color features are represented by color
moments and color histograms of RGB and HSV color spaces, and the
texture features are represented by localized Discrete Cosine
Transform (DCT) and localized gray level co-occurrence matrix and
local binary patterns (LBPs). The DCT coefficients and gray level co-
occurrence matrix of the blocks are examined for assessing the block
details. Also, LBP is used for rotation invariant texture information of
the image. After feature extraction, the Shannon entropy criterion is
*Corresponding — Author’s — Email used to reduce the inefficient features. Finally, an improved version of
Address: s.asadi@umz.ac.ir(S. Asadi . . T
Amiri). Canberra distance is employed to compare the similarity of feature
vectors. The experimental analysis is carried out using precision and
recall on the Corel-5K and Corel-10K datasets. The results
demonstrate that the proposed method can efficiently improve the
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precision and recall, and outperforms the most existing methods.

1. Introduction

The real-world image-based applications are
increasingly  complex and ever more
encompassing these days. Especially, more
information and parameters are available to obtain
the complexities of an image, which cause the
amount of image data obtained and stocked in
archival environments to expand rapidly.
Additionally, storage, retrieval, and interpretation
of a high number of images are involved in these
conditions, causing further serious difficulties [1].
In the recent years, retrieval of stocked imaging
data through image sets has been introduced as
one of the significant focuses in the field of
informatics research for use in real-world
research, education, and applications [2]. In this
regard, a system known as content-based image
retrieval (CBIR) could be utilized for such goals.
CBIR can return a collection of images from an
image dataset by using the automatically elicited
visual image characteristics specified as a search

criterion to meet the user demand [3]. These
similarity evaluation characteristics involve, but
may not be restricted to, the similarities of the
image content, edge pattern, color, texture, and
spatial arrangement of the target area. Hence, a
CBIR system provides a beneficial technique for
achieving, searching, and retrieving a collection of
like images in real-world applications. Different
from conventional text-based approaches, CBIR
does not require manual image annotation, as it is
not possible today due to the massive volume of
images contained in the real-world archives [1].
CBIR aims at retrieving images associated with a
certain inquiry from extremely large image
databases based on imparting two prominent
steps. As such, at first, the images are identified
via a class of features; then those images that are
similar to the inquiry one are retrieved. In order to
yield high-performance results, the basic step of a
CBIR system is the representation of an image
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using discriminative, descriptive, and informative
features. In this regard, several studies have been
proposed to elicit the embedded data in the image
via straightly calculating the features of the image
from an image [4-6]. For instance, based on the
discrete cosine transform (DCT) -coefficients,
Poursistani et al. have presented a modified image
retrieval method in which the features are
extracted from the JPEG compressed images [6].
Furthermore, the systems designed based on
machine learning approaches have been greatly
capable of improving the retrieval results by
detecting and extracting high-level features like
objects. However, the time complexity in the
detection of such features is considered their most
important weakness [7].

In the recent years, the fusion techniques have
attracted much attention due to their high
performance, and many researchers are still
encouraged to employ them in the CBIR systems
for different purposes. Data fusion merges the
retrieval outcomes of several different systems. In
other words, in the data fusion process, two or
more lists of multiple data are ranked, and then
these lists are merged into a ranked list to provide
a better efficiency than all of the systems
employed for data fusion [8]. In this spirit, various
image retrieval methods based on multi-feature
fusion have been proposed recently [9, 10]. It is
primarily because of the simplicity of the global
feature methods and the low feature dimensions.
For instance, in [11], the color difference
histograms (CDH) are proposed as a novel image
feature representation method for image retrieval.
To calculate CDH, a uniform perceptual color
difference is counted between two points in
accordance with the edge directions and different
color backgrounds. The approach in [12] has
applied color and texture features to develop an
image retrieval system. The authors utilized this
approach in corporation with color histograms for
the color features. They also used block variation
of local correlation coefficients (BVLC) and block
difference of inverse probabilities (BDIP) as the
texture features. In [13], features of color and
texture have been fused for image representation.
To construct the feature vector, their proposed
fusion method uses color properties in the HSV
and RGB domains along with the norm of low-
frequency components of wavelet transform. In
[14], the edge orientation similarities and
underlying colors have been used to describe an
image, which is named a micro-structure
descriptor. In [15], block wise DCT has been used
to elicit the texture features. Moreover, in this
study, moments of colors including mean,
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deviation, and skewness have been utilized to
elicit the color features. A new descriptor based
on variations in intensity, edges, and color has
been proposed for describing an image [16].

In this study, a simple but influential new scheme
is introduced for the CBIR system as visual
analytics in image retrieval. The proposed method
used an efficient feature fusion scheme, which
combines color and texture information for
describing the image content. In order to derive
the texture data of the image, an image is first
segmented into non-overlapped blocks. After that,
the wavelet transform is computed for each block.
Then, the feature map is created by the inverse
wavelet transform of two detailed sub-bands after
eliminating the LL and HH sub-bands. This
feature map represents the primitive details of the
block. To extract the features, DCT of the feature
map is computed. L1 norm of the first row,
column, and some coefficients in the zigzag scan
give good texture information about each block of
the image. Also, the feature of homogeneity
through the co-occurrence matrix of the block is
extracted. This feature estimates the detail of the
viewed image. Finally, the texture data based on
the rotation-invariant of the image is extracted
using LBP. To extract color data from the image,
color moments and color histograms of the HSV
and RGB channels are used. In this way, the final
feature vector is made from the fusion of these
features. The Shannon entropy criterion is utilized
to eliminate the redundant and irrelevant features.
The rest of the paper is organized as follows.
Section 2 gives an overview of the related works
on the CBIR systems. Section 3 describes a
detailed description of the proposed approach.
Section 4 reports the performance results of the
proposed techniques. Finally, conclusions are
stated in Section 5.

2. Technical Work Preparation

A brief explanation of the existing CBIR
techniques is provided in this section. The CBIR
techniques commonly fall inside one of two
general classes, namely those based on the
elicitation of local attributes and those based on
the elicitation of global ones. In general, the
techniques that use local features can focus on the
key points or salient patches such as [17].
However, these features usually not only have
high a computational complexity but also produce
high-dimensional features. In this paradigm, the
local feature based on occurrence histogram is
generally used, which reflects the bag-of-words
method related to textual documents. The bag of
representation of the morphological words in
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terms of texture descriptors of local
morphological, and visual words bag in
accordance with the scale-invariant feature

transform (SIFT) are such examples [18, 19]. In
addition, speeded up robust features (SURF) [20]
and bag of words (BOW) model [21] are some
other examples of local feature methods. In
contrast, the techniques that use global features
extract visual features such as shape features [22],
intensity features [23], color features [24], and
texture features [25]. In the literature, it has been
shown that the collection of local features is a
suitable approach for the global explanation of an
image. This is mainly because the calculation of
these features is simple and also produces low-
dimensional features. In this context, color
histogram is one of the simple and common global
features. This feature is invariant to scale and
rotation. Although color histogram is widely used
in the CBIR systems, it suffers from determining
the spatial information of images problem [26].
Accordingly, several methods of the color
descriptors type have been proposed to address
this problem, to name a few, color correlograms
[27], color coherence vectors [28], and the color
difference histogram [29]. Texture feature is
another well-known global descriptor used in the
CBIR systems. There are several algorithms in the
literature reported to be very effective in texture
analytics related to image data including Gabor
filtering [30] and gray level co-occurrence
matrices [31]. The other important global feature
for describing an image is known as shape. Many
researchers have developed approaches based on
this descriptors including curvature scale space
(CSS) [32], Zernike moments (ZMs) [33], and
angular radial transform (ART) [34].

3. Proposed Method

A novel and efficient CBIR method based on low-
level visual attributes is introduced in this study
for describing images. It is difficult to describe the
content of the image based on a single feature
efficiently. In order to address this problem, a
simple but potent new fusion descriptor is
proposed in this paper. To this end, the color and
texture data are combined to get better results for
the image descriptor. Figure 1 illustrates the flow
chart of the proposed method. In the following,
the implementation of the proposed method is
explained in detail.

3.1. Color feature

Color is known as an important case of low-level
visual attributes. This feature is constant. In
addition, it is rarely affected by image
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characteristics such as translation, rotation, and
scale [35, 36]. The color spaces used in this study
include RGB and HSV. The components of RGB
color space include green (G), red (R), and blue
(B), while saturation (S), hue (H), and value (V)
form the components of HSV color space. The
HSV color space can be configured based on a
cylinder. Also, the high simulation ability of this
color space from human color perception is
remarkable [37-39]. Although the human visual
system cannot understand a large number of
colors simultaneously, it is well capable of
distinguishing similar colors from each other [40].
In the proposed method, components of R, G, B,
V, S, and H are quantized into 10 values
uniformly. Then, the color histogram is calculated
for every component. Therefore, 10 x 6 = 60 color
features are obtained.

Another color based feature used in this work is
the color moments. It is required to segment the
input image into sixteen non-overlapped blocks
for the extraction of color moments to be
performed. The first and second moments, i.e.
mean and variance of components H, V, and S, in
HSV color space are used as the color moment
features. Hence, we have 16 * 2 * 3 = 96 color
moments feature.

To extract color information of images, we used

color histogram and color moments. For the
global color descriptor of the images, a color
histogram is used. Moreover, for the local color
image descriptor, the color moments are utilized.

3.2. Texture feature

In order to extract the texture feature, the input
image is first segmented into sixteen non-
overlapped blocks. Then by extracting some
texture features from each block, the content of
the block is described. In addition, the extraction
of LBP is performed from the image. In what
follows, the proposed texture descriptor is
explained in detail.

3.2.1. Discrete wavelet transform (DWT) and
discrete cosine transform (DCT)

DWT [41] is utilized in this work for extracting
the texture features from the image. A given
image utilizes low-pass and high-pass filters in
two dimensions to decompose the image to detail
(high-frequency components) and approximation
(low-frequency components) coefficients.
Therefore, based on the wavelet-packet
decomposition manner, four sub-bands including
HH, HL, LH, and LL are the result of the first
decomposition level. The LL sub-band represents
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the approximation coefficient of the image.
Moreover, the sub-bands of HH, HL, and LH
indicate the diagonal, vertical, and horizontal
details coefficients of an image, respectively. As
mentioned earlier, the input image is first
segmented into sixteen non-overlapped blocks.
Then, DWT is applied on every block. In this
method, one-level decomposition with the

Color features

Daubechies mother wavelet is used. After that, the
two sub-bands of LL and HH are eliminated.
Next, the inverse discrete wavelet transform
(IDWT) is fed into two detailed sub-bands (HL
and LH). Figure 2 represents the proposed texture
feature map for an image.

Fusion of
features

Entropy feature Improved Canberra
selection distance
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Figure 1. Flow chart of proposed image retrieval method.

a) original image

b) texture feature map

Figure 2. Representative of an image and its texture feature map based on the wavelet transform.

In order to extract the texture feature, DCT is
applied on the obtained texture feature map. The
vertical edge, horizontal edge, and texture
information of a block of an image are available

in the DCT coefficients of the block. However, for
better describing the texture information of the
image, first by applying DWT on the image, low-
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frequency information and unnecessary high-
frequency information are eliminated.

Figure 3 depicts 8 x 8 DCT basis functions and
DCT zigzag scan for an image. As shown in
Figure 2, the element in the top-left corner
denotes the DC coefficient, while each other
conversion  coefficients denote the AC
coefficients. The AC elements in the top row and
in the left column represent vertical and horizontal

a) 8 x 8 DCT basis functions

variations, respectively. In addition, coefficients
of zigzag scan represent the order of significance
of these coefficients in the human visual system
behavior. Hence, the L1-norm of AC coefficients
is calculated in the top row and in the left column
as well as some important DCT zigzag scan
coefficients. In this way, the content of each block
is described using the three values obtained for it.
We have 16 * 3 = 48 DCT features.
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b) DCT zigzag scan

Figure 3. Two dimensional DCT frequencies and exhibition of DCT zigzag scan.

3.22. Gray level matrix
(GLCM)

GLCM is one of the important texture-based
feature extraction methods. In contrast to
histogram, GLCM indicates the relationship
between the values of the neighbors in an image.
GLCM is an N-dimensional square matrix, in
which N indicates the number of gray levels in an
image.

In this paper, the GLCM is a 256 x 256 matrix,
where the [i.j]™ element of this matrix represents
the probability of a pixel with gray level value of i
to be neighbor with a pixel with the gray level
value of j. GLCM is calculated using the function

P(,j.d,0), as follows:
P(,j.,d,0)=#{(x,y )Xo, ¥ o) I (X1,¥4)
=i, f (X0, y5) =0, (x, Y1) - (X5, ¥ 9) I=
d, Z((X1, Y1) (x5, Y5) =0)}

CO-0occurrence

1)

where i indicates the gray level value of the pixel
located in (X, y) coordinates, and j is the value of
the pixel located at the distance d and the
direction © from (X, y) coordinates. GLCM is
calculated for four values of © (0, 45, 90, and 135
degrees), and the texture features are calculated by
averaging over the four GLCMs. After GLCM
calculation, the homogeneity feature is estimated
by the GLCM values, as follows:

256256 P(i, j
Hom = 3, '3 (i,i)
i=1i=11+]i—j|

(2)
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In our work, each image is divided to 16 blocks,
and homogeneity feature is extracted from each
block of the image. Hence, 16 features are
extracted in this step.

3.2.3. Local binary pattern (LBP)
LBP is a well-known method for extracting the

texture features of the image. Computational
simplicity and non-parametric are considered two
prominent advantages of LBP [7]. LBP is a
descriptor of the local grayscale texture computed
by comparing the value of a pixel with the values
of its neighbors. LBP is defined as follows:

LBPy g=25(n)(In~1c)2"

s

3)

In-1c>0
|n—lc<0

where I indicates the gray level value of the pixel
located in center, I,, indicates the gray level value
of its neighbor n, N indicates the neighbor
number, and R indicates the radius of the
neighborhood. These steps are done for every
pixel of the image, and the LBP matrix is
performed using the LBP values of all pixels. In
some studies, the histogram of the LBP matrix
was utilized as the input features [41-43]. The
LBP estimation for R = 1 and N = 8 is presented

in Figure 4,
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Figure 4. Representative of LBP calculation for R =1 and N = 8.

3.3. Feature selection

Feature selection reduces the number of calculated
features to decrease the computational complexity
of modeling, and, also in some cases, to improve
the model performance. In this paper, the Shannon
entropy criterion is used to select the superior
features. The Shannon entropy represents the
importance of information contained in the

a) An example of image in Corel-5k dataset

0.8

06
0.4

02 ’

] 100 200 300 400

c) Proposed feature of a)

feature. The low value of the entropy for a feature
represents that the feature is not informative
enough, whereas its high value indicates the
importance of the feature. Our proposed feature
vector includes 459 features. After feature
selection with Shannon entropy, 410 features are
remained. Figure 5 shows two pictures and their
proposed final features.

1

(5]

0. I| }rll Jhﬁ
L)

0 100 200 300

d) Proposed feature of b)

Figure 5. Two examples of proposed feature vector. Horizontal axes indicates index values for efficient features, and vertical
axes indicates feature values.

4. Experimental results

In this work, we present a technique for content-
based image retrieval. Our results are compared
with some other new papers worked on the Corel-
5K and Corel-10k datasets. We selected 20% of
data from each class randomly as query images,
and this process was repeated three times. Then
the results of these three repetitions were averaged
and used for performance evaluation.

4.1. Datasets

The Corel-5k and Corel-10k databases consist of
5000 and 10000 color images in the JPEG format,
respectively. Corel-5k contains 50 classes and
Corel-10k contains 100 classes. Also every class
consists of 100 images in (192 x 128) and (128 x
192) size. Corel-5k is part of the Corel-10k
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dataset. The sample of image categories is shown
in Figure 6.

4.2. Distance metric

The distance metric is a way of measuring how
much data samples are distinct or closed to each
other. In this work, an improved Canberra
distance is used as the distance metric. Let R and
K be the m-dimensional feature vectors of
template and query images, respectively. An
improved Canberra distance is defined as follows:

IR; —K; |
i i @)

in which D(R,K) is the distance value between
vectors R and K, and w is a constant value,

m
D(R,K)=X
|=1|Ri +Kj +w xuy |
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i=lm

Figure 6. Sample of Corel-10k database.

4.3. Performance measures

In this work, two known metrics, precision and
recall metrics were utilized for evaluation the
performance of the proposed algorithm. In our
work, 12 images were retrieved at each step.
These two metrics are defined as follows:

(%)

. K
Precision = —
N

K (6)
Recall = —
M

where K indicates the number of images correctly
retrieved that are in the same class with the query
image. N is the total number of images retrieved
at each step, and M is the total number of images
that are in the same class with the query image.
For the two mentioned databases, M is 100 and N
is 12. Higher precision and recall values show the
better image retrieval performance.

4.4. Proposed algorithm evaluation
In this section, a comparison is made between our

work and some other new works. As mentioned
earlier, for a subjective comparison, precision and
recall are used. Also 20% of the images from each

class were selected as query images. Table 1
presents a comparison between results of the
proposed work with some existing methods
worked on Corel-5k and Corel-10k. The results
indicate that our work has a better performance in
term of higher precision and recall value than the
other methods. Figure 7 shows two images from
Corel-10k database retrieved by the proposed
method. In this figure, the query image with 12
retrieved images are shown. In the first example,
all of the 12 retrieved images belong to the query
class. However, in the second example, two
retrieved images do not match with the query
image. In the proposed method, the color and
texture information of the image is used to
describe the content of the image. It seems that by
adding the shape descriptor of the image, our
proposed method will be improved. It would be
our future work.

Table 1. Comparisons of proposed work with some new methods in terms of precision and recall metrics on the Corel-5K
and Corel-10K datasets.

P
Dataset CDH[11]  BBC[12]  LMDCP[25] CDHT[29]  HCSF [24] 7] ;zfﬁzzd
isi 0,
Corel-5K Precision (%) 57.23 57.5 47.12 59.51 61.82 62.64 64.14
Recall (%) 6.87 6.90 5.74 7.21 741 7.58 7.70
isi 0, —
Corel-10K Precision (%) 45.24 47.01 49.31 50.67 51.06 53.18
Recall (%) 5.43 5.64 - 5.88 6.08 6.28 6.38
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b) Leftimage is query image, and 10 images are correctly retrieved and ranked within top 12 images.

Figure 7. Two image retrieval examples made by proposed algorithm on Corel-10k dataset.

5. Conclusion

This work presented a new image retrieval system
that used a fusion of low-level features. The
proposed feature vector not only describes color
information by combining the HSV and RGB
color spaces but also extracts texture features by
combing information on edges and intensity
variations. Finally, the experiments on two
different databases confirmed that the proposed
algorithm in terms of accuracy of image retrieval
was efficient compared to some existing methods.

566

References
[1] A. Kumar, F. Nette, , K.Klein, , M. Fulham, , and J.
Kim, "A visual analytics approach using the

exploration of multidimensional feature spaces for
content-based medical image retrieval,” IEEE journal
of biomedical and health informatics, vol. 19, no. 5, pp.
1734-1746, 2014.

[2] S. A. Napel, C. F. Beaulieu, C. Rodriguez, J. Cui, J.
Xu, A. Gupta, D. Korenblum, H. Greenspan, Y. Ma,
and D. L. Rubin, “Automated retrieval of CT images of
liver lesions on the basis of image similarity: Method
and preliminary results,” Radiology, vol. 256, no. 1, pp.
243-252, 2010.



A Novel Content-based Image Retrieval System using Fusing Color and Texture Features

[3] J. M.Guo, , and H. Prasetyo, "Content-based image
retrieval using features extracted from halftoning-based
block truncation coding,” IEEE Transactions on image
processing, vol. 24, no. 3, pp. 1010-1024, 2014.

[4] A. Badzaoui, M. Abderrahim, and W. Barhoumi,
"Dynamic distance learning for joint assessment of
visual and semantic similarities within the framework
of medical image retrieval,"Computers in Biology and
Medicine, vol. 122, 103833, 2020.

[5] S. Etemad, and M. Amirmazlaghani, "Color texture
image retrieval based on Copula multivariate modeling
in the Shearlet domain," Engineering Applications of
Artificial Intelligence, vol. 102, 104256, 2021.

[6] P. Poursistani, H. Nezamabadi-Pour, R. Askari
Moghadam, and M. Saeed, "Image indexing and
retrieval in JPEG compressed domain based on vector
quantization,” Math. Computer. Model, vol. 57, no. 5-
6, pp. 1005-1017, 2011.

[7] M. M. AlyanNezhadi, H. Qazanfari, A. Ajam, and
Z. Amiri, "Content-based image retrieval considering
colour difference histogram of image texture and edge
orientation,” International Journal of Engineering, vol.
33, no. 5, pp. 949-958, 2020.

[8] M. Nasrolahzadeh, S. Rahnamayan, and J.
Haddadnia, "Alzheimer’s discase diagnosis using
genetic programming based on higher order spectra
features," Machine Learning with Applications, vol. 7,
100225, 2022.

[9] S. Liu, M. Sun, L. Feng, H. Qiao, S. Chen, and Y.
Liu, "Social neighborhood graph and multigraph fusion
ranking for multifeature image retrieval,” IEEE
Transactions on Neural Networks and Learning
Systems, vol. 32, no. 3, pp. 1389-1399, 2020.

[10] H. Zeng, Q. Wang, and J. Liu, "Multi-feature
fusion based on multi-view feature and 3D shape
feature for non-rigid 3D model retrieval,"IEEE access,
vol. 7, pp. 41584-41595, 2019.

[11] G. H. Liu, and J. Y.Yang, "Content-based image
retrieval using color difference histogram,” Pattern
recognition, vol. 46, no. 1, pp. 188-198, 2013.

[12] C. Singh, and K. P. Kaur, "A fast and efficient
image retrieval system based on color and texture
features," Journal of Visual Communication and Image
Representation, vol. 41, pp. 225-238, 2016.

[13] A. Rashno, and E. Rashno, "Content-based image
retrieval system with most relevant features among
wavelet and color features,” arXiv preprint
arXiv:1902.02059, 2019.

[14] H. Dawood, M. H. Alkinani, A. Raza, H. Dawood,
R.  Mehboob, and S. Shabbir, "Correlated
microstructure descriptor for image retrieval," IEEE
Access, vol. 7, pp. 55206-55228, 2019.

[15] S. Soman, M. Ghorpade, V. Sonone, and S.
Chavan, "Content based image retrieval using
advanced color and texture features," In International

567

Conference in Computational Intelligence (ICCIA),
vol. 3, no. 4, pp. 1-5, 2012.

[16] Z. Wei, and G. H. Liu, "Image retrieval using the
intensity variation descriptor,” Mathematical Problems
in Engineering, 2020.

[17] C. J. Veenman, A. W. Smeulders, and J. M.
Geusebroek, "Visual word ambiguity,” IEEE
Transactions on Pattern Analysis and Machine
Intelligence, vol. 32, no. 7, pp. 1271-1283, 2010.

[18] E. Aptoula, "Remote sensing image retrieval with
global morphological texture descriptors,” IEEE
transactions on geoscience and remote sensing, vol.
52, no. 5, pp. 3023-3034, 2013.

[19] Y. Yang, and S. Newsam, "Geographic image
retrieval using local invariant features,"” IEEE
Transactions on Geoscience and Remote Sensing, vol.
51, no. 2, pp. 818-832, 2012.

[20] X. Li, J. Yang, and J. Ma, "Large scale category-
structured image retrieval for object identification
through supervised learning of CNN and SURF-based
matching,” IEEE Access, vol. 8, pp. 57796-57809,
2020.

[21] H. Wang, Z. Xia, J. Fei, and F. Xiao, "An AES-
based secure image retrieval scheme using random
mapping and BOW in cloud computing,” IEEE Access,
vol. 8, pp. 61138-61147, 2020.

[22] G. J. Scott, M. N. Klaric, C. H. Davis, and C. R.
Shyu, "Entropy-balanced bitmap tree for shape-based
object retrieval from large-scale satellite imagery
databases,” IEEE Transactions on Geoscience and
Remote Sensing, vol. 49, no. 5, pp. 1603-1616, 2010.

[23] Q. Bao, and P. Guo, "Comparative studies on
similarity measures for remote sensing image
retrieval," In 2004 IEEE International Conference on
Systems, Man and Cybernetics (IEEE Cat. No.
04CH37583), vol. 1, pp. 1112-1116, IEEE, 2004.

[24] H. Qazanfari, H. Hassanpour, and K. Qazanfari,
"Content-Based Image Retrieval Using HSV Colour
Space Features,” International Journal of Computer
and Information Engineering, vol. 13, no. 10, pp. 537-
545, 2019.

[25] G. S. Kumar, and P. K. Mohan, "Local mean
differential excitation pattern for content based image
retrieval," SN Applied Sciences, vol. 1, no. 1, pp. 46,
2019.

[26] J. Pradhan, S. Kumar, A. K. Pal, and H. Banka, "A
hierarchical CBIR framework using adaptive tetrolet
transform and novel histograms from color and shape
features,” Digital Signal Processing, vol. 82, pp. 258-
281, 2018.

[27] D. Soni, and K. J. Mathai, "An efficient content
based image retrieval system based on color space
approach  using color histogram and color
correlogram,” In 2015 Fifth International Conference



Asadi Amiri et al./ Journal of Al and Data Mining, Vol. 10, No. 4, 2022

on Communication Systems and Network Technologies,
pp. 488-492, IEEE, 2015.

[28] M. Salmi, and B. Boucheham, (2014). "Content
based image retrieval based on cell color coherence
vector (Cell-CCV)," In 2014 4th International
Symposium ISKO-Maghreb: Concepts and Tools for
knowledge Management (ISKO-Maghreb), pp.1-5,
IEEE, 2014.

[29] A. Ajam, M. M. AlyanNezhadi, H. Qazanfari, M.
Forghani, and Z.Amiri "Content-based Image Retrieval
Using Colour Difference Histogram in Image
Textures," 2019 5th Iranian Conference on Intelligent
Systems and Signal Processing (ICSPIS). IEEE, 2019.

[30] H. A. Jalab, "Image retrieval system based on
color layout descriptor and Gabor filters,” In 2011
IEEE Conference on Open Systems, pp. 32-36, |IEEE,
2011.

[31] X. Chen, B. Wang, and Y. Gao, "Symmetric
Binary Tree Based Co-occurrence Texture Pattern
Mining for Fine-grained Plant Leaf Image Retrieval,”
Pattern Recognition, vol. 129, 108769, 2022.

[32] C. W. de Almeida, R. M. de Souza, C. E.
Rodrigues, and N. L. Cavalcanti, "Image retrieval using
the curvature scale space (CSS) technique and the self-
organizing map (SOM) model under rotation," In 2007
2nd International Conference on Digital Information
Management, vol. 1, pp. 357-361, 2007.

[33] Y. Kumar, A. Aggarwal, S. Tiwari, and K. Singh,
"An efficient and robust approach for biomedical
image retrieval using Zernike moments,” Biomedical
Signal Processing and Control, vol. 39, pp. 459-473,
2018.

[34] P. Sharma, (“Improved shape matching and
retrieval using robust histograms of spatially
distributed points and angular radial transform," Optik,
vol. 145, pp. 346-364, 2017.

[35] A. Latif, A. Rasheed, U. Sajid, J. Ahmed, N. Ali,
N.I. Ratyal, B. Zafar, S.H. Dar, M. Sajid, and T. Khalil,
"Content-based image retrieval and feature extraction:
a comprehensive review," Mathematical Problems in
Engineering, 2019.

568

[36] J. M. Guo, H. Prasetyo, and J. H. Chen, "Content-
based image retrieval using error diffusion block
truncation coding features,” IEEE Transactions on
Circuits and Systems for Video Technology, vol. 25,
no. 3, pp. 466-481, 2014.

[37] B. H.Yuan, and G. H. Liu, "Image retrieval based
on gradient-structures histogram. Neural Computing
and Applications,”" vol. 32, no. 15, pp. 11717-11727,
2020.

[38] G.H. Liu, and J.Y. Yang "Exploiting color volume
and color difference for salient region detection," IEEE
Trans Image Process, vol. 28, no. 1, pp. 6-16, 2019.

[39] J. Z. Hua, G. H. Liu, and S. X. Song, "Content-
based image retrieval using color volume histograms,"
International Journal of Pattern Recognition and
Artificial Intelligence, vol. 33, no. 11, 1940010, 2019.

[40] G. H. Liu, Z. Y. Li, L. Zhang, and Y. Xu, "Image
retrieval based on micro-structure descriptor,” Pattern
Recognition, vol. 44, no. 9, pp. 2123-2133, 2011.

[41] M. Nasrolahzadeh, J. Haddadnia, and S.
Rahnamayan, "Multi-objective  optimization  of
wavelet-packet-based features in pathological diagnosis
of alzheimer using spontaneous speech signals,” IEEE
Access, vol. 8, pp. 112393-112406, 2020.

[42] C. Turan, and K. M. Lam, "Histogram-based local
descriptors for facial expression recognition (FER): A
comprehensive study,” Journal of  visual
communication and image representation, vol. 55, pp.
331-341, 2018.

[43] R. Davarzani, S. Mozaffari, K. Yaghmaie, "Image
authentication using LBP-based perceptual image
hashing™. Journal of Al and Data Mining, vol.3, no.1,
pp.21-30, 2015.



JFe) gl iyl o)lad o0 0,90 «s3l5o0ls 4 (sEaias Ligs dlxo u/)w} Syl (gt

Sl 9 ) s Sig oSy il eolaiwl b lgixe p (Sdo pgai (UL wos s SO

Vool all puai logeo 9 ' (599 d0omo i3 ¢ (g ol (ol S

2Ol e gy c3l 53 ko OEESIS ¢ 5 guolS” wsditen 03,5 '
ol 09,8l g ,Li  aio olLESIS ( Sy owiideo 9 S Sl 09,5 "
0121 €319 3w (5313w oS SLKINS ¢ (Sl 3y (owhien 0955

YOV MR Gopdy VYV VIVE (6,853 V- YY) SIYA Lo

RN

b aslie (500l b wisS (oo aylie 0313 dsgocma )3 09290 nslai 1) 92 5 Gup psad So CBIR) gime (e gl (23l sl pis
ol oads lpiig cil g S, lo Sy 5l eolitel b sl )5 5 waz CBIR e G lie ol 50 0iiS oy 92 5 op pgad o
090 WS (g i b 28l slaShy 5 HSV 5 RGB (X, slalad (S5 slapl St 5 (S slojsbuasl () sbShs
Gla.w o|A>)f°.m w);La 9 DCT M{l).a Ju}.w‘sa oals QLW (LBPS) lem <5)‘4L’ Lng’i” 9 (5”09” ‘_g).mfb 6]4“’ .>|J.>)rg..® w)JLo 9 (DCT)
Pedige odliiul pgal Bl ol (235 Dbl sl LBP (rizen 05 o0 13 (omin 9550 Sk Sliiz 23l sl bS5l S
[l abold 51 adly g adens o wules 5o 0gb o oolitul wel 5L slo S5y (2als 6lp o9ls g9,58T Jlre 5l g zl5el 5l
5 Corel-5K sla ools degame (59, » (Slo5b 5 <o 5l oolatnl b o)ms Julow g 4328 098 0 soliiul Sy sla,ls  calos auslio sy
Sezge slo gy 25T 51 g aisu Saus |y Sled3b g CB5 e yob 4 wilgh o solpiidn iy, a5 am o lid bt .l sals plil Corel-10K

LBP DCT il (55 oS5, pl S giacd cpgai bk i goadS Olads




