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This paper presents a novel method to speedup content-based image retrieval (CBIR) systems. The
proposed method can be very useful for retrieving images from a large database. For this task, Zernike
and Wavelet features are first extracted from the query image, then an interval of potential matching
images is computed from the database images using the extracted feature. Therefore, the query image is
compared with images in the interval rather than the whole database which to speedup the retrieval
process. Particle swarm optimization is employed to select relevant features among Zernike and Wavelet
features, which leads to decrease feature extraction time. Three types of experiments are conducted to
evaluate effectiveness the proposed method in terms of database reduction, retrieval accuracy and
retrieval time. In the best case, the Corel-1k database is averagely reduced up to 33.98% from its original
size, and preserving 71.92% of relevant images. Retrieval accuracy in reduced database is increased by
1% in comparison with retrieving from the original database. Meanwhile, the retrieval time is reduced

up to 58.57% in comparison with retrieval time from the original database.

doi: 10.5829/ije.2020.33.05b.34

1. INTRODUCTION

There are many applications for image processing
algorithms including medical diagnosis, art collections,
crime prevention and geographical information [1-6].
Image retrieval is among the most important applications
for handling large image databases. Images can be
retrieved based on text and content, which are referred as
text-based and content-based image retrieval (CBIR),
respectively [7]. Text-based image retrieval was
proposed in 1970 for searching and indexing images in
which manual annotation is done for images in database
by assigning one or more words to each image. These
words are used by database management system for
image retrieval. In CBIR, each image is represented by a
feature vector and this vector is used for image indexing
and computing similarity with query image. Based on
image similarity measures, the most relevant images are
retrieved [8].

Researchers have proposed many CBIR systems,
some of which are reviewed here in this research. In [9],
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images are first resized to 128x128 and then wavelet
transform is applied in fourlevels. Component in the
lowes level (LL) and standard deviations in levels 3 and
4 are used as texture features. In [10], the image is first
resized to 256x256 and then transformed to Hue-Min-
Max-Difference (HMMD) color space [11]. In the next
step, wavelet transform is applied in this color space and
the LL component is used as a feature vector. In [12], a
method was developed based on convolutional neural
network (CNN) to increase CBIR precision. This method
extracted deep and high-level features from images.
Radon transformation as well as a deep network were
proposed in [13] to retrieve medical images from a highly
imbalanced benchmark. Keyword spotting and relevance
feedback were used to present a document image
retrieval in [14].

In [15], images are first indexed and retrieved to
make a CBIR system. Indexing phase was first proposed
based on MapReduce method for accelerating and
speeding up the process. Then, parallel implementation
of the k-Nearest Neighbors was used for retrieval phase.
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In [16], local derivative radial patterns (LDRP) was
proposed as texture features computed from higher
derivation orders in different directions. In [17], a CBIR
system based on combination of dominant color domains,
wavelet and curvelet features using particle swarm
optimization (PSO) is presented.

To speed up the retrieval process, features with light
computational cost are extracted from query image and a
lot of images are ignored from database by a fast
comparison. This procedure eliminates the need for
extracting features with high computational cost and
helps speed up image retrival. Following this idea, many
speedup methods have been proposed in literature.

In [18], a parallel method in graphics processing unit
was presented for image indexing referred as plane
semantic ball. In [19], a speedup procedure for image
retrieval systems was proposed on RDISK machine. In
[20], an efficient CBIR system based on speeded up
robust features referred as SURF is presented followed
by an optimization method. In [21], speedup scheme was
proposed for CBIR using shape information of images to
facilitate the retrieval process. In [22], a fast solution for
Manifold-Ranking (MR); a ranking method for CBIR
systems; was introduced which exploited two important
properties shared by many real graphs, including linear
correlations and block-wise community-like structure. In
[23], a fast calculation method of cosine similarity with
L2 norm indexed in advance on Elasticsearch was
presented for CBIR systems constructed using CNNs. In
[24], a fast and efficient image retrieval scheme was
proposed for searching images among JPEG2000
compressed image databases. In [25], a CBIR approach
was presented to solve high computational time, handling
high dimension data, and comparing images consistent
with human perception. In [26], an efficient and effective
CBIR technique was applied directly to the compressed
domain and thus did not need full decompression for
feature extraction. In [27], a fast retrieval scheme was
designed for big data applications such as images to be
retrieved from large image databases. It used reasonable
elements ranking, and appropriate distance metric to
decrease retrieval time. In [28], a fast image retrieval
procedure was presented by classifying image features
into different levels. Levels are considered as features
and retrieval is done by similarity comparison between
query image and database images. In [29], a fast and
simple content access method and retrieving JPEG
images with DCT coefficients of coded blocks was
presented without needing for complete decompression
of coded images. In [30], a fast medical image retrieval
system based on wavelet features and image signature
calculated using Kurtosis and standard deviation was
proposed to help physicians in medical images analysis
and identification. In [31], indexing method for color
images was proposed with Error Diffusion Block
Truncation Coding (EDBTC) feature extraction followed

by an unsupervised clustering to decrease required time
for comparing the target and query image. In [32], a fast
CBIR system was introduced with a Bayesian logistic
regression model. This model was used to compute
pseudo-metric weights and led to increase discriminatory
capacity and retrieval accuracy. In [33], a novel and fast
CBIR model was proposed based on Dual-Cross Patterns
(DCP). These patterns encoded second order information
of local surrounding region of every center pixel in the
vertical, horizontal and diagonal directions.

The Particle Swarm Optimization (PSO) method was
introduced in 1995, inspired by the behavior of social
groups such as birds, ants and fishes. In this algorithm,
information is shared between members by interaction to
find a common solution. PSO has been applied to solve
numerous areas of optimization problems [19].

This work extends our previously proposed CBIR
systems in [17, 34-36] with different features and
retrieval schemes. Our main motivation is to find a
solution to make a CBIR system almost independent to
database size. For this task, for each query image, the
Zernike and Wavelet features are extracted as shape and
texture features, respectively, and then an interval is
computed based on extracted features for the query
image. For each image in the database, it is determined
whether the image is within the computed interval of the
query image. Images within the interval are kept and the
rest are ignored, which leads to the search space
reduction. Among the extracted Zernike and Wavelet
features, most relevant ones are selected by the PSO
which leads to the optimum search space reduction and
subsequently the higher accuracy. Therefore, query
images are not compared with the whole database. This
paper is presented in the following sections. The
proposed method is described in Section 2. Experimental
setup and experimental results are provided in Section 3
and 4, respectively. Finally, the conclusion is drawn in
Section 5.

2. PROPOSED METHOD

CBIR consists of two steps: feature extraction and
retrieval. Since in many CBIR applications, feature
extraction is done in offline phase, CBIR speed depends
on retrieval phase in which query image should be
compared with the whole database images. Therefore,
retrieval time depends on the number of images in
database, hence high number of images leads to increase
retrieval time significantly. | In this paper, database
(search space) reduction method is proposed for CBIR
speedup. Reduction is done by removing irrelevant
images from database. In the proposed method, for each
image query, first irrelevant images with query images
are removed before image retrieval phase. The flowchart
of the proposed method is shown in Figure 1.
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Figure 1. The flowchart of the proposed CBIR system

As it is depicted in Figure 1, database reduction is
considered as preprocessing phase in CBIR systems and
should be very fast with low computational cost.
Generally, image features are divided into three
categories: shape, texture and color; the texture and shape
categories have more image information and stronger
image discriminability.

In this research, Zernike moments and Wavelet
coefficients are used as shape and texture features,
respectively, duo to their low cost and high speed for
extraction. Furthermore, to make the feature extraction
faster, number of features should be limited. Therefore, a
limited number of Zernike and Wavelet features should
be selected. This problem can be formulated by feature
selection algorithms. For this task, the PSO feature
selectin is proposed to select most significant Zernike and
Wavelet features among the whole feature set. In the
subsequent sections, Zernike and Wavelet features are
presented and then feature selection and database
reduction using these features are explained.

2. 1. Zernike Moments Zernike moments
extract shape features from images. In these features
orthogonal Zernike polynomials are used to extract a set
of complex orthogonal polynomials inside unit circle.
Another derivation of Zernike moments are Pseudo
moments. These moments have been used in many image
processing applications as a good shape descriptor of
images since they are robust against noise and rotation
and can be extracted very fast and efficiently. These
properties make Pseudo Zernike moments suitable for
database reduction. Orthogonal polynomials are
represented by V7,.,, (x, y) as follows [37], [38]:

Vin (%, ¥) = Vinn (0, 0) = Rynn (P) - einf (1)

where p=.x%2+y%0=tan"'(y/x) and n is
polynomial degree. Radius orthogonal Zernike
polynomials are defined in Equation (2) [3].

_ vm-|n| _ (-D*Qm+1-s)lp™"°
Rin(P) = g9 si(m+|n|+1-s)!(m—|n|-s)!

@

Since polynomials are orthogonal, g(x,y) can be
decomposed in orthogonal space as follows:

glx,y) = Z'?Z:O Z{n:|n|sm}Amann(x' y) (3)

where A,,,, and n are Pseudo Zrenike descriptors and
repetition, respectively, computed as follows:

1 *
Apn = %ﬂ‘xz+y251 90, Y)W (x, y)dxdy 4

Size of this coefficient is used as image descriptors.
Zernike features of order m and repetition n for jth image
from ith class are represented by z;;™.

20 = [ o 950 ) Vi (1 ) dxcly | (5)
where g;; is jth image from ith class. Finally, Zernike
feature set for image g;; in order P is defined as follows:

Zij :{zg’jq|p:O,1,2,...,P.|q| Sp} (6)

2. 2. Wavelet Features Wavelet transform is
performed by decomposing image into four sub-images
LL, LH, HL and HH. L and H mean low pass and high
pass filters, respectively. Texture Wavelet features are
extracted by applying different functions to these sub-
images [9]. Here, Frobenius norm of LL, LH, HL and HH
components are used as Wavelet features. Consider jth
image from ith class as g;; with dimension M X N and
its corresponding decomposed components as Comp. As
it is depicted in Figure 2, Wavelet features are computed
as follows:

N M
LComp __ 2 >y 2
w;j = \/anl S Compij(m, n),

L=123,.,
Comp = LL,LH,HL,HH

U]

In this equation, indices Comp and L above w indicate
decomposition component types (LL, LH, HL and HH)
and decomposition level, respectively. Also, indices i, j,
m and n represent ith class, jth image, mth row and nth
column, respectively. Figure 2 shows that features are
computed for all decomposition levels by this way that
the first image is decomposed into four components LL,
LH, HL and HH to extract four features. Then LL is
further decomposed into its components LL, LH, HL and
HH. This procedure continues to reach the last level of
decomposition. Therefore, Wavelet feature set for image
gij is defined by Equation (8).

wyj = {w;“"|Comp = LL,...,HH,L =12,...} ~ (8)

The final feature set for image g;; is a concatenation of
Zernike and Wavelet feature vectors as follows:

fij = {zij wij} 9)
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Figure 2. Wavelet feature extraction

2. 3. Proposed Interval Calculation In the
proposed model, it is supposed that there are | classes and
J images in each class and K features are extracted from
each image. For jth image of ith class, g;;, kth feature is
represented by f¥ . For this feature, af and bf are
computed by Equations (10)-(11).

al = min{ f, £k, fKY,i = 1,2, -1 (10)

bl =max{ﬁ’{,ﬁ’§,"',ﬁ’]c},i= 1,2,-,1 (11)

As it is demonstrated in Figure 3, lower and upper bounds

for kth feature in ith class are depicted with blue lines.
In the next step, the center and radius are calculated

for the kth feature of the ith class using Equation (12):

k__k
—a

k k
Classi: Rl = 2%, ¢l = 2% (12)

Then, RK . is computed using Equation (13).
kk

kmax{’le (13)

max
Finally, CF,Ck, .-, ck Rk, are computed for all
features.

For a query image presented for CBIR system, all
features are extracted and the kth feature is denoted by
fq". Based on Equations (14)-(15), appropriate intervals
for all features are computed.

kk

k
51 — [qu —R 4max (14)

max

Class 1: [a%, b¥]
10 at bt
gk ] ——
Class 2: [af, bf] pr b
. W AN s
Class I: [af, by] at bf

ok

>f
Figure 3. Lower and upper bounds for kth feature in
different classes

S¥ = [ak, bk, m = argmin(|fF — cF|)
i ' (15)
k = 1,2' e K
The final interval for all features is computed using
Equation (16).

Sk=skuskk=12-,K (16)

After computing the final interval, all images with
features out of this interval are ignored and are not
forwarded for the CBIR system.

2. 4. Feature Selection The main challenge is
to choose appropiate features from the feature vector for
database reduction. This challenge has been addressed by
the PSO feature selection. Each member in swarm is a
particle and has position vector, x;, and velocity vector,
vi. In subsequent iterations, particles move randomly
towards new positions based on their current position,
best position in current iteration and best position in all
iterations. Velocity and position of particle i is updated
using Equations (17) and (18), respectively [19].

vi(t+ D = kv (D) + an @ —x@) Fan@ =g
% (1))

xi(t+1) =x;(t) +v(t +1) (18)

where v; is the speed of ith particle, k is the speed
importance of previous iteration, a; and a, are weights
for considering velocity in previous iteration, r; and r,
are the random variables, %; is the position of the best
local particle and X is the position of the best global
particle. In this application, a weight is assigned to each
feature and considered as a particle. In fact, the
importance of each feature is encoded to its weights.
Combination of weights creates all particles. PSO is
configured to find the best weight for each feature to lead
to the best performance in term of cost function
minimization. Here, cost function is proposed by the way
that follows two criteria. The first one is that new
database is as small as possible, and the second one is that
number of relevant images in the new database be as high
as possible. These two conditions reduce database and
keep relevant images, both as much as possible
simultaneously. The first criterion is formulated in
Equation (19) which is the number of images in new
database (N, ) over the number of images in the
original database (Noy;ginar)-

N, = —2mev % 100% (19)

Noriginal

By the same way, the second criterion is expressed as the
number of relevant images in new database (Ng ey )
divided by the number of relevant images in the original
database (N origina:) USING Equation (20).

Ny = —hnew_ o 1009 (20)

N, Roriginal
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It is clear that higher values for Ny and lower values for
N, are desired. Therefore, the proposed cost function is
defined in Equation (21).

C(t) =Ng— Ny (21)

PSO selects features yielding a better C(t) . These
features are used in online phase of the CBIR system.

To sum up, in offline phase, intervals are computed
for all features based on training data. Then, PSO feature
selection is used to select the most relevant features.
Finally, in online phase, selected features are extracted
from the query image and intervals are computed; all
images out of the intervals are ignored and won’t further
be used in retrieval. This procedure results in retrieval
speedup.

3. EXPERIMENTAL SETUP

The proposed method has been evaluated on four
databases Corel-1k, Corel-10k, Caltech-256 and ZuBuD
reported in Table 1.

In each database, 50% of data is used for training and
remained 50% for test. For Zernike features, parameters
p and g are configured with values 2 and 4, respectively,
which leads to 27 features. Also, for Wavelet features
images are resized to 256 x 256 and then Frobenius
norm is computed for each component. By this
computation, 28 Wavelet features are extracted. The
most relevant features are first selected using the PSO
with parameters in Table 2.

TABLE 1. Databases for proposed method evaluation

) Total Images per category
Database Categories Images - iean Viox
Corel-1k 10 1000 100 100 100
Corel-10k 100 10000 100 100 100
Caltech-256 257 30607 80 119 827
ZuBuD 201 1005 5 5 5

TABLE 2. PSO parameters

Parameter Value
The number of generations: 100
The number of particles 20
The dimension of a particle 55
The maximum velocity 0.2
The weight 1.0
The acceleration coefficients 15
r, and r, are random variables in: [0,1]

4. EXPERIMENTAL RESULTS

To evaluate the proposed method, three experiments are
applied on the databases. These experiments have been
done to show the effectiveness of the proposed method
in database reduction, retrieval accuracy and retrieval
time.

4.1.Database Reduction In the first experiment,
the effectiveness of the proposed method is evaluated for
database reduction. For this task, an image is selected as
query image, then its interval is calculated and all images
out of this interval are removed from database to create
new database. There are two important parameters
associated with this reduction. The first one is the number
of images remained in new database, which is better to
be as low as possible. The second parameter is the
number of images in new database belong to the same
class with query class, which is better to be as high as
possible.

Figures 4-6 show the results of the proposed
reduction method applied in Corel-1k database with
Zernike, Wavelet and both Zernike and Wavelet features,
respectively. In each plot, blue line represents the
percentage of remained relevant images and the red line
is the percentage of the remained images. In each
experiment, 50% of images are used for training and 50%
of the rest for test. Therefore, among all 1000 images in
Corel-1k with 10 classes, 500 images; 50 images in each
class; are used for training and 500 images; 50 images in
each class; are used for test. Each point in these plots is
an average of 50 images in each class.

For example, in category 1 in Figure 4 with Zernike
features, 35% of database is reduced before retrieval
phase. This 35% is an average reduction for all 50 test
images in category 1. Among the remained 65%, almost
90% are relevant with the query image. 10% of relevant
images are removed from the database which. Figures 4-
6 demonstrates that the proposed reduction method
shrinks database and preserves relevant images with
query image simultaneously.

100.0

80.0 -

60.0

Percent (%)

40.0

—&-Relevant

200 —o-All

0.0
al 2 <) 4 5 6 7 8 9 10
Category

Figure 4. Percentage of remained relevant images with
query image and the remained images with Zernike features
in Corel-1k database
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Figure 5. Percentage of remained relevant images with
query image and the remained images with Wavelet features
in Corel-1k database
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Figure 6. Percentage of remained relevant images with
query image and the remained images with both Zernike and
Wavelet features in Corel-1k database

Average reduction in all image categories in Corel-1k
database is reported in Figure 7 for Zernike, Wavelet and
both Zernike and Wavelet features. For Zernike feature,
51.05% of images is remained and forwarded for further
processing in CBIR, and 84.79% of all relevant images is
preserved in the reduced database. It means that database
is reduced by half. Using Wavelet features, database is
reduced to 46.84% while keeping 82.93% of relevant
images which is a reduction more than half. Finally, by
combination of Zernike and Wavelet features, database
is resized to the 33.98% of original database preserving
71.92% of relevant images. It can be concluded that the
combined feature set leads to the highest level of
irrelevant image reduction in comparison with using each
feature set separately.

A same database reduction with Zernike and Wavelet
features has been done for other databases Corek-10k and
Caltech-256 in Figure 8 which are reduced to 62.1% and
52.47%, respectively. Average percentage of relevant
images in Corel-10k and Caltech-256 are 84.56% and
72.86%, respectively. This experiment shows a low
percentage of remained images and a high percentage of
relevant images.

4. 2. Retrieval Accuracy The previous section
showed that the proposed method reduces databases
significantly  and  preserves  relevant  images

simultaneously. In this section image retrieval is done in
original database and reduced database, then their
accuracy is compared.

This experiment reveals the effect of database
reduction on retrieval accuracy. It is expected that the
accuracy of the retrieval in the reduced database is as
close as the accruacy in the original database. Table 3
reports retrieval accuracy of CBIR systems in [39], [17]
and [40] on original and reduced Corel-1k database. The
average retrieval accuracy achieved by CBIR system in
[39] for the original and reduced Corel-10k database are
67.50% and 66.72%, respectively. These accuracies in
[17] are 69.20% and 69.09%. Finally in [40], retrieval
accuracies in original and reduced databases are 51.12%
and 51.18%. In [39] and [17], database reduction by the
proposed method decreases the retrieval accuracy less
than a percent while in [40], retrieval accuracy is
increased after database reduction. Form these
experiments, it can be concluded that the proposed
database reduction preserves retrieval accuracy (see
Figure 9).

As it is clear from Figure 10, database reduction in
Corel-10k improves retrieval accuracy by 0.77% (from
36.37% to 37.14%) in [17] and by 0.38% (from 21.98%
to 22.36%) in [40], while decreases it by 0.70% (from
33.72 to 33.02%) in [39]. Finally, effect of database
reduction in retrieval accuracy for Caltech-256 database

100

84.79 82.93 B Relevant BAI

80 -

2 46.84
I 77777777 I 777777 B

60

Percent (%)

40

20

0

Zernike Wavelet

Zernike-Wavelet

Figure 7. Average reduction in all image categories in
Corel-1k

100

84.56 B Relevant mAll

80

7192
6221

60 -

40 e

) . 77777
0

Corel-1k Corel-10k

5247

Percent (%}

Caltech-256

Figure 8. Average database reduction percentage and
relevant preserving percentage on Corel-1k, Corel-10k and
Caltech-256 databases
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TABLE 3. Retrieval accuracy of all categories by CBIR systems in [39], [17] and [40] in original and reduced Corel-1k database

Precision
Category [39] (171
Without database With database Without database With database Without database With database
reduction reduction reduction reduction reduction reduction

1 56.80 55.20 69.40 70.00 47.10 46.40
2 54.80 56.80 49.00 48.10 35.90 36.20
3 52.80 50.80 55.40 55.00 24.20 23.40
4 61.20 63.80 74.40 75.30 54.10 56.60
5 98.80 98.80 98.60 98.80 96.10 96.00
6 57.40 54.60 61.40 60.20 48.40 47.20
7 88.00 85.80 69.20 68.40 79.30 78.60
8 91.40 92.40 96.20 95.20 60.20 60.20
9 45.00 45.20 43.40 45.70 30.90 32.40
10 68.80 63.80 75.00 74.20 35.00 34.80
Average 67.50 66.72 69.20 69.09 51.12 51.18

is reported in Figure 11. In this database, retrieval
accuracy in CBIR systems in [39] and [17] are decreased
by 0.79% (from 11.87% to 11.08%) and 0.60% (from
12.21% to 11.61%), respectively.

80 W Without database reduction B With database reduction

69.20 69.09

67.50 66.72

51.12 51.18

[39] [17] [40]

Precision (%}
— @
o o

N
(=}

0

Figure 9. Retrieval accuracy of CBIR systems from the
methods in [39], [17] and [40] on the original and reduced
Corel-1k database

50

W Without database reduction B With database reduction

40 36.37 37.14
3872 3302
21.98 22.36

0 ll II

[39] [17] [40]

w
o

N
o

Precision (%)

=
o

Figure 10. Retrieval accuracy of CBIR systems from the
methods in [39], [17] and [40] on original and reduced
Corel-10k databases

15

W Without database reduction B with database reduction

11.87

12.21
12 [l !

Precision (%)

[39] [17] [40]

Figure 11. Retrieval accuracy of CBIR systems from the
methods in [39], [17] and [40] on the original and reduced
Caltech-256 databases

It can be concluded that the proposed database reduction
not only preserves retrieval accuracy but also improves it
slightly in some cases. It means the relevant images are
preserved in reduced database. The proposed method is
also compared with two speedup methods in [32] and
[33]. Three human subjects were used in [32] to evaluate
retrieval accuracy. Subjects are asked to rank retrieval
results with scores 0, 1 and 2 for worst, fair and best
performances, respectively. The precision is computed as
the sum of goodness scores for retrieved images over the
number of images returned to the user. In our
experiments, retrieval score is computed from the label
of images in dataset.

Retrieval results applied to Corel-1k and ZuBuD
databases are shown in Figures 12 and 13, respectively.
It is clear that the method in [32] on Corel-1k database
has higher precision for low number of retrieved images
while for high retrieved images it is vice versa. The
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higher number of retrieved images the larger difference
of precision is acheived. It means that by increasing the
number of retrieved images, precision of the proposed
method is preserved constant with a slight decrement
while in [32] it is decreased significantly with a negative
slope.

In ZuBuD database, the proposed method almost
achieves the better precision in all cases except the case
5 retrieved images.

In the last experiment of accuracy assessment, the
proposed method is compared with the method in [33] on
Corel-1k dataset shown in Figure 14. In 5 out of 10
categories, the proposed method outperforms the method
in [33], in one category they are almost same and in the
remained four categories, method in [33] achieves higher
precision than the proposed method. Retrieval times of
the proposed method and [33] are 10.61s and 34.75s,
respectively, means that the proposed method is very
quicker than the method in [33].

4. 3. Retrieval Time The smaller database size, the
higher retrieval speed is achieved since retrieving relevant
images from smaller database needs less time than a larger
database. To show the effectiveness of the proposed
method in retrieval speedup, the retrieval time of CBIR
methods in [39], [17] and [40] are reported in two cases
of the original and reduced databases in Table 4.

Reported time complexities show that retrieval time
for reduced database is less than the original database.
The best speedup is appeared in CBIR system in [17]
from 18.37, 1046.25 and 5037 in original databases to
7.61,228.30 and 502.7 in the reduced databases on Corel-
1k, Corel-10k and Caltech-256, respectively. The main
reason is that in [17], similarity measure computation is
strongly depends on the number of images in database
and by linear increament of the number of images in
database, retrieval time is increased exponentially.
Therefore, in this case, database reduction has more
effect on retrieval time.
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Figure 12. Retrieval precisions of the proposed CBIR
system and the method in [32] on Corel-1k database
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Figure 13. Retrieval precisions of the proposed CBIR
system and the method in [32] on ZuBuD database
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Figure 14. Retrieval precisions of the proposed CBIR
system and the method in [33] on Corel-1k database

TABLE 4. Retrieval time of CBIR systems in [39], [17] and [40] on the original and reduced databases

Retrieval Time (ms)

Method Corel-1k Corel-10k Coltech256
Without database With database Without database With database Without database With database
reduction reduction reduction reduction reduction reduction
[39] 4.79 3.60 105.38 63.40 139.21 86.50
[17] 18.37 7.61 1046.25 228.30 5037.11 502.37
[40] 6.40 4,18 102.70 61.10 128.22 82.39

5. CONCOLUSION

Acceleration and speedup scheme was proposed in this
paper based on an interval computed from efficient

combination of Zernike and Wavelet features. This
interval was computed for each query image to remove
all irrelevant images from database. Most appropriate
features among Zernike and Wavelet features were
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selected using PSO to have the hightest reduced database.
Three cases of experiments including database reduction
evaluation, retrieval accuracy and retrieval time were
performed to show the effectiveness of the proposed
method. Experiments revealed that the proposed database
reduction method decreases database size significantly,
keeps relevant images and preserves retrieval accuracy
simultaneously. Future works can be proposed towards
acceleration methods based on color features in different
color domains as well as appropriate features for images
with irregular objects. Finally, efficient combination of
intervals achieved from different features can be
proposed as another future effort.

6. REFERENCES

10.

11.

12.

Rashno, A., Tabataba, F. S. and Sadri, S., “Image restoration with
regularization convex optimization approach”, Journal of
Electrical Systems and Signals, Vol. 2, No. 2, (2014), 32-36.

Rashno, A., Sarace, M. and Sadri, S., “Mars image segmentation
with most relevant features among wavelet and color features”, In
2015 Al & Robotics (IRANOPEN), IEEE, (2015), 1-7.

Li, S., Lee, M.C. and Pun, C. M., “Complex Zernike moments
features for shape-based image retrieval”, IEEE Transactions on
Systems, Man, and Cybernetics-Part A: Systems and Humans,
Vol. 39, No. 1, (2008), 227-237.

Rashno, A., Nazari, B., Sadri, S. and Saraee, M., “Effective pixel
classification of mars images based on ant colony optimization
feature  selection and extreme learning  machine”,
Neurocomputing, Vol. 226, (2017), 66—79.

Rashno, A., Tabataba, F.S. and Sadri, S., “Regularization convex
optimization method with I-curve estimation in image
restoration”, In 2014 4th International Conference on Computer
and Knowledge Engineering (ICCKE), IEEE, (2014), 221-226.

Kohler, J., Rashno, A., Parhi, K.K., Drayna, P., Radwan, S. and
Koozekanani, D. D., “Correlation between initial vision and
vision improvement with automatically calculated retinal cyst
volume in treated dme after resolution”, Investigative
Ophthalmology & Visual Science, Vol. 58, No. 8, (2017), 953—
953.

Murala, S., Maheshwari, R.P. and Balasubramanian, R., “Local
tetra patterns: a new feature descriptor for content-based image
retrieval”, IEEE Transactions on Image Processing, Vol. 21,
No. 5, (2012), 2874-2886.

Long, F., Zhang, H. and Feng, D.D., “Fundamentals of content-
based image retrieval”, In Multimedia information retrieval and
management, Springer, Berlin, Heidelberg, (2003), 1-26.

Yildizer, E., Balci, A.M., Jarada, T.N. and Alhajj, R., “Integrating
wavelets with clustering and indexing for effective content-based
image retrieval”, Knowledge-Based Systems, Vol. 31, (2012),
55-66.

Farsi, H. and Mohamadzadeh, S., “Colour and texture feature-
based image retrieval by using hadamard matrix in discrete
wavelet transform”, IET Image Processing, Vol. 7, No. 3, (2013),
212-218.

Manjunath, B.S., Ohm, J.R., Vasudevan, V.V. and Yamada, A.,
“Color and texture descriptors”, IEEE Transactions on Circuits
and Systems for Video Technology, Vol. 11, No. 6, (2001), 703—
715.

Sezavar, A., Farsi, H. and Mohamadzadeh, S., “A Modified
Grasshopper Optimization Algorithm Combined with CNN for

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

1008

Content Based Image Retrieval”, International Journal of
Engineering - Transaction A: Basics, Vol. 32, No. 7, (2019),
924-930.

Khosravi, A., Tizhoosh, H.R., Babaie, M., Khatami, A. and
Nahavandi, S., “A radon-based convolutional neural network for
medical image retrieval”, International Journal of Engineering
- Transaction C: Aspects, Vol. 31, No. 6, (2018), 910-915.

Keyvanpour, M., Tavoli, R. and Mozafari, S., “Document image
retrieval based on keyword spotting using relevance feedback”,
International Journal of Engineering - Transaction A: Basics,
Vol. 27, No. 1, (2014), 7-14.

Mezzoudj, S., Behloul, A., Seghir, R. and Saadna, Y., “A parallel
content-based image retrieval system using spark and tachyon
frameworks”, Journal of King Saud University-Computer and
Information ~ Sciences,  (2019),  Article in  Press,
https://doi.org/10.1016/j.jksuci.2019.01.003.

Fadaei, S., Amirfattahi, R. and Ahmadzadeh, M. R., “Local
derivative radial patterns: a new texture descriptor for content-
based image retrieval”, Signal Processing, Vol. 137, (2017), 274—
286.

Fadaei, S., Amirfattahi, R. and Ahmadzadeh, M. R., “New
content-based image retrieval system based on optimised
integration of DCD, wavelet and curvelet features”, IET Image
Processing, Vol. 11, No. 2, (2016), 89-98.

Zhu, L., “Accelerating content-based image retrieval via GPU-
adaptive index structure”, The Scientific World Journal, Vol.
2014, (2014), 1-11.

Noumsi, A., Derrien, S. and Quinton, P., “Acceleration of a
content-based image-retrieval application on the RDISK cluster”,
In Proceedings 20th IEEE International Parallel & Distributed
Processing Symposium, IEEE, (2006), 1-10.

Wasson, V., “An efficient content based image retrieval based on
speeded up robust features (SURF) with optimization technique”,
In 2017 2nd IEEE International Conference on Recent Trends in
Electronics, Information & Communication Technology
(RTEICT), IEEE, (2017), 730-735.

Lee, D.H. and Kim, H. J., “A fast content-based indexing and
retrieval technique by the shape information in large image
database”, Journal of Systems and Software, Vol. 56, No. 2,
(2001), 165-182.

He, R., Zhu, Y. and Zhan, W., “Fast manifold-ranking for content-
based image retrieval”, In 2009 ISECS International Colloquium
on Computing, Communication, Control, and Management (Vol.
2), IEEE, (2009), 299-302.

Tanioka, H., “A Fast Content-Based Image Retrieval Method
Using Deep Visual Features”, In 2019 International Conference
on Document Analysis and Recognition Workshops (ICDARW)
(Vol. 5), IEEE, (2019), 20-23.

Zargari, F., Mosleh, A. and Ghanbari, M., “A fast and efficient
compressed domain JPEG2000 image retrieval method”, IEEE
Transactions on Consumer Electronics, Vol. 54, No. 4, (2008),
1886-1893.

Park, M., Jin, J.S. and Wilson, L. S., “Fast content-based image
retrieval using quasi-gabor filter and reduction of image feature
dimension”, In Proceedings Fifth IEEE Southwest Symposium on
Image Analysis and Interpretation, IEEE, (2002), 178-182.

Schaefer, G., “Fast Compressed Domain JPEG Image Retrieval”,
In 2017 International Conference on Vision, Image and Signal
Processing (ICVISP), IEEE, (2017), 22-26.

Yang, J., Jiang, B., Li, B., Tian, K. and Lv, Z., “A fast image
retrieval method designed for network big data”, IEEE
Transactions on Industrial Informatics, Vol. 13, No. 5, (2017),
2350-2359.

Sreedevi, S. and Sebastian, S., “Fast image retrieval with feature
levels”, In 2013 Annual International Conference on Emerging



1009

29.

30.

3L

32.

33.

34.

S. Fadaei and A. Rashno / IJE TRANSACTIONS B: Applications Vol. 33, No. 5, (May 2020) 1000-1009

Research Areas and 2013 International Conference on
Microelectronics, Communications and Renewable Energy,
IEEE, (2013), 1-4.

Mehrabi, M., Zargari, F., Ghanbari, M. and Shayegan, M. A,
“Fast content access and retrieval of JPEG compressed images”,
Signal Processing: Image Communication, Vol. 46, (2016), 54—
59.

Anwar, S.M., Arshad, F. and Majid, M., “Fast wavelet based
image characterization for content based medical image
retrieval”, In 2017 International Conference on communication,
computing and digital systems (C-CODE), IEEE, (2017), 351—
356.

Devi, S. and Mathew, A., “Fast image retrieval using error
diffusion block truncation coding and unsupervised clustering”,
In 2016 International Conference on Emerging Technological
Trends (ICETT), IEEE, (2016), 1-6.

Ksantini, R., Ziou, D., Colin, B. and Dubeau, F., “Logistic
Regression Models for a Fast CBIR Method Based on Feature
Selection”, In Proceedings of the 20th international joint
conference on Atrtifical intelligence, (2007), 2790-2795.

Kakde, B. and Okade, M., “A Novel Technique for Fast Content-
Based Image Retrieval Using Dual-Cross Patterns”, In 2018 3rd
International Conference for Convergence in Technology (I12CT),
IEEE, (2018), 1-5.

Fadaei, S., Rashno, A. and Rashno, E., “Content-based image

retrieval speedup”, In 5th Conference on Signal Processing and
Intelligent Systems (ICSPIS), (2019), 1-5.

35.

36.

37.

38.

39.

40.

Rashno, A. and Sadri, S., “Content-based image retrieval with
color and texture features in neutrosophic domain”, In 2017 3rd
International Conference on Pattern Recognition and Image
Analysis (IPRIA), IEEE, (2017), 50-55.

Rashno, A., Sadri, S. and SadeghianNejad, H., “An efficient
content-based image retrieval with ant colony optimization
feature selection schema based on wavelet and color features”, In
2015 The International Symposium on Atrtificial Intelligence and
Signal Processing (AISP), IEEE, (2015), 59-64.

Hosaini, S.J., Alirezaee, S., Ahmadi, M. and Makki, S. V. A. D,,
“Comparison of the Legendre, Zernike and Pseudo-Zernike
moments for feature extraction in iris recognition”, In 2013 5th
International Conference and Computational Intelligence and
Communication Networks, IEEE, (2013), 225-228.

Clemente, C., Pallotta, L., Proudler, I., De Maio, A., Soraghan,
J.J. and Farina, A., “Pseudo-Zernike-based multi-pass automatic
target recognition from multi-channel synthetic aperture radar”,
IET Radar, Sonar & Navigation, Vol. 9, No. 4, (2015), 457-466.

Dubey, S.R., Singh, SK. and Singh, R. K., “Local
neighbourhood-based robust colour occurrence descriptor for
colour image retrieval”, IET Image Processing, Vol. 9, No. 7,
(2015), 578-586.

Dubey, S.R., Singh, S.K. and Singh, R. K., “Local wavelet
pattern: a new feature descriptor for image retrieval in medical CT
databases”, IEEE Transactions on Image Processing, Vol. 24,
No. 12, (2015), 5892-5903.

Persian Abstract

PR LS

ey

SOl sl olsl sl Ll e eolgin By e e &Ly (CBIR) I3 1 S pead L3L L;La(..:.m:w;:«ﬂ Sl ol e ey G dlie oyl

S G psbas S o3l SO e dd £l (QUETY) g 5 oy s ) Wavelet ; Zernike slam S35 ol G cpl gl Al dis Sl S5 0303 oKL

dglie o3k slar b eals oL S aglin (sl s 5 o e cnlpls 258 o tlos o Al s (S 51l L s s e e b Gl ey

oslizad ly3 (g3lumangr o255 5l Wavelet s Zemike gl S5 ol 3l as e slam (Sis Cbil sl 558 o b3l St 1158 4 e oS 3 5dm e

Oley 5 2Lk &35 esls aK;L. Sl lamaca 5L bl (R 4w sledin s 2bol sk 4 i e La-';}u C\J,».M\ Ol fals & e 45 5557 0
oL s Lo e sl 31V AY a3 0 S S s ol 1) & oS UYL ga g COTRI-1K als olS0L (2l o g 3 3 58m oo plndl oSk

53 edd S S eals oL 5n bk Oley Jl= e 5 el 4l Sl 31 Y Wl enls oL L aglie 3 odd Som S osls oL s oLl cds Liedile L ol

sl 4l 2alS 0ALY a sl esls oL L ansli




