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Abstract: To overcome a challenge in the field of imaging, Content-based Image Retrieval (CBIR) is used to find digital images in large
datasets. When distinct functionalities are employed separately, the majority of present imaging systems provide less accuracy. Shape,
texture, and colour are examples of low-level characteristics that are used to store various sets of models in the database. Based on the
query images, related categories of images are then fetched. This paper proposes the hybrid approach of different shape, texture (cartoon
feature) and colour feature. Further fuse features will be selected by neighbourhood Component Analysis (NCA) for machine learning i.e.
SVM training. Validation of simulation results is achieved by using several databases. Experiments have shown that the accuracy of a NCA
selected features in Corel dataset is up to 96%. The simulation results show strong performance based on recall, precision, accuracy, and
F-score.

Keywords: Content-based Image Retrieval; Cartoon texture; F-Score; Accuracy; Neighbourhood Component Analysis; Support Vector

Machine.
1. Introduction

The process of searching image libraries for comparable
photos of a certain sort is known as image retrieval.
Recent years have seen an increase in interest among
scholars in practical applications of image retrieval. In
retrieval systems, CBIR is a frequently used approach [1].
Visual attributes—often referred to as features—that are
taken from the database are used by CBIR to obtain
images. The chosen visual characteristic has a
considerable impact on the retrieval accuracy and
efficiency of the CBIR system. Shape [2], colour [3, 4],
spatial connectivity [5, 6], and texture [7, 8] are a few
examples of low-level properties. Previous CBIR research
has placed a strong focus on capturing the spatial
arrangement of colours because of the challenge of
differentiating a large amount of colors. Effective image
retrieval cannot be achieved using the local attributes of a
picture, such as its texture, color, shape, and spatial
arrangement, as employed by CBIR algorithms. Because
when two objects with similar colours but different
semantic categories are involved, the CBIR approach
based on colour characteristics performs differently.
Additionally, colour attributes disregard the spatial
properties of the objects in an image. Additionally, they
become noisy throughout the picture-taking process,
which results in the return of irrelevant photos during the

1School of Interdisciplinary Studies and Resarch DY Patil International
University, Akurdi Pune-411044, Maharashtra Email:
shilpa.marathe@dypiu.ac.in

2Department of Electrical Engineering Asansol Engineering College
(AEC) Asansol-713305, West Bengal Email: sirshenduarosh@gmail.com

image retrieval step and lowers CBIR performance.
Although shape-based qualities are frequently corrupted
by noise, flaws, arbitrary distortion, and occlusion, they
are more in line with human high-level perception [7].
Direction, coarseness, contrast regularity, and roughness
are among adjectives that may be used to represent
texture-based features, which show spatial variations
across collections of pixels [8]. Segmenting the texture is
still a challenge when trying to construct high-level
semantic concepts [9]. Visual similarity is the cornerstone
of CBIR. When feature vector values from several
semantic categories are similar, CBIR performance
deteriorates because pictures with no semantic link are
retrieved [10].

An image is classified using a feature descriptor to enable
comparison of visual similarity between images by
quantifying the degree of visual content similarity. The
similarity index is used to determine which images should
be retrieved by comparing the feature vector of an inquiry
image to the feature vectors of images stored in an image
repository [7]. There are descriptions of regional and
global visual aspects available. In contrast to global
features, which separate an image's visual components
based on local patches, local features for an image gather
information on semantic similarity at an abstract level
from the entire image.

This research provides a novel CBIR approach for
retrieving similar images that combines three features
colour, shape and texture. Further all features are
combined together with NCA (neighbourhood component
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analysis). The following are listed as the main offerings of
this work:

e A novel CBIR method is presented, while finding
related images, takes into consideration the visual
characteristics contents of the original image.

e  The suggested method classifies hybrid feature set
images and extracts the features that are involved.

e  Cartoon feature-based texture features are extracted
and combined the shape feature and colour features
with NCA for training and testing purpose.

2. Related Works

The problem of information retrieval, which might occur
in the following ways, is resolved by the CBIR approach.
Utilising just the traits or traits taken from the image, take
or get an image similar to a vast collection from an
attractive image [4]. Local characteristics, such as
geographical domains, were assessed in [5] to
demonstrate the impact of comparing photos with image
catalogues. For the extraction of global characteristics, the
segmentation approach is critically necessary.

Several studies [8] suggested using low-level visual
features and descriptors to extract visual cues for
obtaining related images. Local visual attention aspects
were proposed by Yang et al. [9]. Visual attention features
are extracted around the strongest salient locations using
SURF features. Authors described a method for retrieving
images in [7] that uses features from local binary patterns
and colour information. Color information features can
explain  the colour information of important
characteristics, whereas local binary patterns can extract
textural features. The authors of [9] created a novel visual

feature that transforms the input image into a normalised
image using the discrete wavelet transform. It is
transformed by using a colour space model. The
normalised picture is divided into non-overlapping pieces
using the edge image transformation and a colour space
model. The authors of [10] suggested a unique framework
that takes into consideration visual important components
within a complicated context in order to improve
accuracy. The authors of [11] proposed a method for
generating a binary signature based on the colour and
shape of objects of interest in an image. The retrieval
results may be affected by rotation and scale.
Multidimensional scaling can help overcome this issue by
preventing image rotation [12, 13]. Furthermore,
embedded and scene text recognition has recently
received a lot of attention [14-16]. However, for detected
text-based image retrieval, there is a very rare work [18,
19].

In order to discover similar images, authors of [17]
devised a technique for identifying and recognising scene
text. Using text in textual images as a query to locate
further textual images that are comparable, the technique
of [18] was put out. The authors of [19] provide a
technique for text detection that combines edge cure with
a variety of characteristics. CNN-based deep features and
low level features are combined to achieve feature
discrimination of textual portions. Only text from literary
pictures may be discovered and recognised using these
methods. It is essential to use recognisable text in CBIR
applications in order to produce similar textual pictures.
Other approaches that use semantic learning have also
been reported.

User Interface Image Analysis

Shape

m 1 —
Texture

B e |

Comparison and similarity functions

Fig 1: Schematic of a query in a CBIR System.

A unique method that takes into account hybrid textual
visual relevance learning was presented by the authors of
[20]. Social comments and tagging are combined with the

extraction of visual characteristics. Authors of [21]
unveiled a technique for assessing the usefulness of object
and scene identifiers. Utilizing the annotated human
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description, the tags are determined. A technique for
learning the feature paradigm from massive images and
information was put out by authors of [22]. Deep learning
will be primarily used to close the semantic gap between
the social tags and the image. These systems have up to
now depended on manually added, occasionally difficult
to find descriptions and tags. The recommended research
is distinctive in that pictures are retrieved using a
classification-based method and that it is based on colour,
texture, and form qualities. Based on an image
categorization framework (training-testing model), the
study models described in [7, 9, 23, 24].

3. Proposed Methodology

We will now describe the methods used to extract
primitive functions from images, which are a key aspect
of the CBIR system. Low-level image attributes include
things like colour, form, and texture. Through the use of

several feature extraction algorithms, the CBIR system
retrieves features from an image [21]. All of the images
from the repository are stored in a discrete database called
a repository feature or database feature. The hybrid feature
vector of the database image matches the hybrid feature
vector of the query image, which is automatically
extracted from both images.

3.1. Colour

By contrasting the colour histograms of the images in the
database and the images in the query, it is possible to
determine how similar the two submitted images are to
one another. The likelihood that the randomly selected
pixel p from image I has the colour that is, in accordance
with the specification of a colour histogram for an image
I,is [17]:

hi(¢;) = P(color (p) = cilp € 1)
M)
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Fig 2: System architecture of proposed CBIR system
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3.2. Texture

The texture of the image corresponds to the phenomenon
of perception, easily recognizable by a person, but
difficult to describe mathematically. For example, grass
and rose petals vary in texture due to their softness and
pattern. Texture refers to a visual pattern that displays a
uniform nature that is not the result of a single color or
intensity [18].

Characteristics of Image: The characteristics of image are
total six that are contrast, coarseness, roughness, line-
likeness, directionality, and regularity, and their authors
found that there are three of them that strongly correlate
with human perception: coarseness, contrast and
directionality. In [19], authors have proposed, how to
calculate these characteristics to obtain a scalar value for
each processed image.

Cartoon features and Gabor Wavelet are extracted after
the gray scale conversion of the colon biopsy images.
RGB colon biopsy image is converted to a gray scale
image using rgb2gray function. These features are then
unified to form a texture feature set.

3.3. Texture Features Set

Gabor Wavelet: For an input image 1(x,y) ofsize P X Q,
the discrete Gabor wavelet transform is defined as the
following convolution [20]:

Gnn(5,9) = ) D 1 (6= 5,7 = a5, )

()

Where, s and t are symbolized for the variables of filter
mask size, and i, is symbolized for the complex
conjugate of Y,,,,.

1(x? y? .
Yx,y) = exp [— > (? + ?)] .exp(j2nWx)

2mo,0, x b

©)

Where W denotes the modulation frequency. Now the
generating function:

Y (x,¥) = a P (X, )
4

Here, the values n and m denote the orientation and
wavelet's scale respectively.

And "'m=0,1,.M-1,n=0,1,...,N —1"
X =a™(xcosB + ysinh)
()
¥ =a™(—xsin6 + ycos9)

(6)
Where a > 1 and 8 =nn/N.
And,

a= (Uh/Ul)ﬁ

()
Wm‘n = amUl
®)
_ (a+1)v2In2
Txmn = 2mam(a — ny,
9)
1
O-y,m,n =
T\ | U 1\
2 tan () \/ 2InZ ~ (ZHJX_m_n)
(10)

Wavelet Moments: Following the application of Gabor
filters to a photo of a certain orientation at a particular size,
the following array is obtained [21]:

EGnm) = ) > |G, 9)]
y

X
(1)
Where, “m = 0,1,..,M—1;n = 0,1,..,N—1”

In the event where uniformly textured images or regions
are what we are interested in, the mean and standard
deviation are represented as follows:

_E(m,n)
Hmn = PxQ
(12)
_ \/Zny(len(x: }/)l - /'lmn)2
mn = PxQ
(13)

A feature vector f, (texture representation) is created
using U, and o,,, as the feature components [21]:

fg = (o0, Go0, Ho1, T01 - - - las, Oas)
(14)
3.4. Color Features Set

RGB to HSV Conversion Using the following formula,
image pixel values are transformed from RGB
representation:
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TR =6) + R - B)]
JR-6)2+(R-B)(G—B)

-1

H = cos

(15)
3[min (R,G,B
$=1- ﬁ
(16)
_ [R +G+ B]
3
an

Color Moments

a. Mean
b.  Standard Deviation

If there are N pixels in the image and the i** colour
channel value is the j** image pixel equal to I;;, then the
area 'r" and the index entries for this colour channel exactly
match the time suggested by the formula [22]:

Mean:
N
1
Er i = Nz Iij
j=1
(18)
a. Standard Deviation:
1 N
2
Ori = NZ(IU - Er,i)
Jj=1
(19)

Where E;;(1 < i < 3) isthe color mean of the r region,
and o,.; is the standard deviation of the r region. And the
extracted color characteristics are specified by the
following feature vector:

f;v = {El,l’ 0‘1'1E212, 0-2'2E3'3, 0‘3]3 MR ET,i’ Ur,i}
(20)

Color Correlogram: A three-dimensional histogram that
depicts the colour distribution and spatial correlation
between colour pairings is called a colour correlogram.
The histogram's first and second dimensions stand in for
each pair of pixels' colour, while its third dimension
measures their spatial separation [23].

The probability that a pixel of colour j is situated k pixels
away from a pixel of colour I for the image is
characterized by the k" entry for (i,j). A colour
correlogram may be thought of as an indexed table of
colour pairings.

If H is a collection of color-coded pixels c(j) and Hejy is
a set of image-related pixels, the correlogram of this
image is defined as:

Y = pr[p2€Hcjy P2 — P2 = K|
(21)

Where, i,j € {1,2,3, ..., N}
k€{1,23,..,4d}

|p, — p2| symbolizes the distance between pixels p; and
p,, and

p, represents the probability function.
3.5. Shape

This is a crucial characteristic of the segmented image
region, and its effectiveness and toughness are crucial to
its recovery. Depending on your application, you might
need to express the form using displacement, rotation, or
scale invariance.

The two categories of shape are border-based and region-
based. The first is based on the shape's perimeter, while
the second is based on the shape's overall area. Fourier
descriptors, which use the Fourier transform's limits, and
invariance moments, which use moments based on
transform-invariant fields, are the two representations for
these two categories that work best [24] [25].

Geometric moment and central moment: Define the two-
dimensional moment of the geomorphic order (p + q) of
the density distribution function f(x, y) as follows:

Mpq = EZ xPyaf(x,y)

Moments with translation invariance are called central
moments and are defined as:

tpg = ). D (x =D& =7 (%)

(22)

(23)

Where x and y are symbols for the coordinates of the
centroid of the image function f(x, y).

__ My, _  Mpy
X=—,y=—
Mpo Moo
(24)
Related invariant moments implemented:
1 2
Invy = — (Uzoloz — Ui1)
Hoo
(25)

1
Inv, = MT(/MOHM — 4ui3pzg + 3#%2)
00
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(26)

1
Inv; = ,u_7 (U20M21H30 — 4#20#%2 — Hi11Hlo3H30
00

+ t11tz21 M1z + Hozlizolaz — Hozl31)
(27)

1
Inv, = F(#%oﬂ(z)z — 6Uy1 2130 03 — 4#30#%2
00

+ 4#03#%1 - 3,“%1.“%2)
(28)

3.6. Feature Extraction using Cartoon Descriptors

A pair of low-pass and high-pass filters applied on image
I by the following minimization is the traditional method
for obtaining the cartoon feature in images:

Cartoon Feature = min{a* [|Dul? + |1 — ul|?-1}
’ @9)
The cartoon part of the image I is represented by u.
3.7. Color, Texture and Shape Features Fusion

Retrieval using multiple sources can be much more
efficient, so this task uses a combination of the three
primary sources.

Apart from the disparate nature of the information, the
structure of the primitives is an added difficulty when it
comes to combining all the information available.

The best of each will be obtained from the most basic data
sets using this weighted sum approach, which is
extensively used in the scientific world.

For every T-image in the dataset, given N evaluation
primitives for the images Py, P,, ... ....., Py and the query
image Q, the difference between the two according to the
primitive Py is symbolised as D,(Q,T) € [0,1]. The
following is the definition for the total distance D€:

N
DY(Q.T) = ) wiDi(Q,T)
i=1

(30)

Each primitive P, is given a weight wy such that 0 < w;, <
1 and ¥V, w; = 1 are both true.

3.8. Selection of Features utilizing the Neighborhood
Component Analysis (NCA)

The NCA is a classifier whose goal is to apply a kNN in a
new space after finding a linear transformation for it from
a dataset. The goal of the linear transformation is to have

the KNN perform better in the new space than it did in the
old space [26].

Due to the kNN's characteristic of partitioning space, the
value of the function that calculates the kNN LOO
classification error for a set, {x,---, x,,} — {x;} is different
from the value obtained for the set {x,--,x,} —{x;}.
This difference highlights a discontinuity in the LOO error
function. To address the discontinuity problem of LOO
classification error, NCA smooth the assignment of
neighbors in the new space. Smoothing is done in such a
way that the selection of which observation is next to each
observation is no longer deterministic, as it was originally
done in KNN, and becomes probabilistic. So, let p;; be the
probability of point i choose point j as its neighbor, the
value of p;; is given by,

( x (D(xl-, x]-))

by = iz:k# K (D(x,-,x]-))'
0, i=j

L#]j

(1)

In equation (31), D(x;,x) = ||Ax; — Ax;||" is the
Euclidean distance in space transformed by A and k(z) =
e‘g. The function k(z) is a kernel function with width
defined by o [27]. Let C; = {j|c; = ;} is the set of points
with the same class as point i, the probability of this point

being correctly classified by the algorithm is given by
Equation (32),

(32)

The A transformation is obtained by maximizing the
probability of each point in the set being correctly
classified, given by Equation (33):

F@=> > py=>n
T Jjec; 7
(39)

Differentiating this function from A, the following
expression is obtained:

of
N = ZAZ Di zk:PikxikxiTk - Z pijxijxiTj
L

JEC;
(34)

The two functions presented can be modified to include a
regularization parameter [27]. The inclusion of a
regularization parameter is done to minimize the
classification error of new unseen observations, avoiding
overfitting [26]. The new functions with regularization are
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defined by equations (35) and (36) where N is the number (35)

of elements of 4, as:
af A
24 = ZAZ piZk:PikxikxiTk - Z PijxijxiTj - NA
L

1 JEC;
A) = Z . ——1|A 2
L
3.9. Support Vector Machine (SVM) based Classification
Outcome
Testin i
datase SVM Classifier of query
image
Reflected data N
acquisition
_ i Feature Selection !
Téa't”'” i using Neighborhood !
atase i Component Analysis !
Fig. 3: Working of support vector machine classifier
Classification is present in many real world problems, 4. Simulation and Result Analysis
initially SVM were designed to handle binary (+/- 1) .
, . 4.1. Description of Dataset
problems. Now let's see how to solve this problem.
Following equation presents the objective function [15]: To evaluate our approach, Caltech 101 [28], Caltech 256
u m [28] databases were chosen for the experiment because of
w, € H,€T€ R™, b, € REZ”Wr”Z _I_iz z el its Iargt_e siz_e and inter-class Yariability. _Most of the
2 — med & images in this database are medium resolution. They are
= = Y1
37) used by many researchers to evaluate their work.

) 4.1.1. Caltech 256
Subject to:

We used a different Caltech 256 database with 30,607

images in 256 categories (rings, brains, diamonds, camels,

(38) etc.), with a scale of 80 images as the minimum amount of
images for each category [28].

Wy, X)) + by, = (W, X;)+b.+2—¢, & 20

Where, m € {1, ..., M}\Y; and Y; € [1, ..., M] is the multi-
class label of the X; pattern.

Fig 4: Retrieved images of Caltech Dataset [28]

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2023, 11(7s), 406-423 | 412



4.1.2. Corel Dataset

The dataset consists of 500 images from the Corel dataset,
divided into 5 classes, with 100 images in each class. This
setup allows for experimentation and evaluation of
algorithms or techniques in the context of real-life images.

Having a dataset with a sufficient number of images per
class (100 in this case) can provide a representative
sample for each class and allow for robust evaluations. It
is important to ensure that the dataset covers a diverse
range of images within each class to capture the variations
and characteristics of real-life images accurately.

query image

The images are either 256x384 or 384x256 in size. Africa,
Beach, Transportation, Architecture, and Dinosaur are the
first five photo categories that are accessible. Each class's
images have a unique number (Class 1: 0-99, Class 2: 100-
199 etc.). In the literature, it is known as the Corel
database and which is utilised for experimenting with the
simplicity structure put out by the authors of [29]. This
database is publicly available for experimentation [30]
[31].

Fig. 5: Retrieved images of Africa Category from Corel Dataset [29]

When comparing Content-Based Image Retrieval (CBIR)
systems, it is indeed important to evaluate their quality
using appropriate metrics. However, due to the varied
applications and contexts in which CBIR systems are
used, it can be challenging to find a single metric that is
universally applicable. There are a few key considerations
to keep in mind when selecting metrics for evaluating
CBIR systems.

Ease of Interpretation: The chosen metric should be easy
to understand and interpret. It should provide a clear
indication of the system's performance without requiring

complex calculations or specialized knowledge. This is
important to ensure that the results of the evaluation are
accessible and meaningful to both technical and non-
technical stakeholders.

User-Centric Quality: CBIR systems are developed to
serve users' needs, so it is crucial to capture the quality
notion as perceived by the users. Different user groups
may have diverse requirements and expectations from a
CBIR system. It is essential to consider the specific
domain and the users' preferences when selecting metrics.

4.2. Evaluation Parameters

Table 1: Parameters of evaluation

“TP (True Positive)” | “Indicated the number of desired image that were classified as correctly classified”

“TN (True Negative)” | “Indicated the number of desired image that were classified as not classified correctly”

“FP (False Positive)” | “Indicated the number of desired image that were classified as incorrectly classified”

“FN (False Negative)” | “Indicated the number of desired image that were classified as not classified incorrectly”
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TP+TN TP

Accuracy = ——— Sensitivity =
TP+TN+FP+FN TP+FN
(39) (41)
P TP 2TP
Precision = F —Score = ———
TP+FP 2TP+FP+FN
(40) (42)
4.3. Simulation Results
T T T T T
0.13 — _
0.1 | —
1
0.1+t | .
()
o |
S 0.09 - .
(04
® 0.08 + n
=
S o007t : E
So06F — —i— .
0.05 | B
0.04 — _
0.03 | 1 ]
1 1 1 1 1
Hybrid Colour shape Texture Cartoon

Fig. 6: Range of training features extracted by proposed hybrid method
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0.06 I 4

Testfeature Range
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0.03 i 7

0.02 - N .

Hybrid Colour shape Texture Cartoon

Fig. 7: Range of testing features extracted by proposed hybrid method

Figures 6 and 7's boxplots display the distribution of system performed throughout training and testing. There
hybrid features across datasets, illustrate how well the are two main observations in this chart:
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The hybrid resource can provide a more
representative and balanced training sample for
the classifier. This is important because
classifiers often perform better when trained on
data that follows a more symmetrical

Hybrid features, shapes, textures, and boxes are
less prone to graphic displacement based on
hybrid features than color-A functions. The
average range for hybrid features is 0.056 to 0.07
within this range. The distribution among all

distribution. Such data allows the classifier to
learn patterns and make predictions more
effectively.

classes and the average weight of the tag table are
almost the same.

hybrid feature SVM _
NCA hybrid feature SVM

o
o

True positive rate
o o
B [6)]
T
1

=)
w
T
1

o
o
T
1

0.1r b

0 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

False positive rate

Fig. 8: ROC curve for hybrid features and NCA based hybrid features with SVM
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Fig 9: Confusion matrix plot for Corel dataset with SVM approach
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Figure 9 shows a confusion matrix plot for Corel dataset. image category. Calculation for each class is given as
As per the dataset, it exhibits five classes for the five follows:

Table 2: Result for Corel dataset using SVM classifier

Parameter 1 2 3 4 5
TP 99 99 100 93 85
FP 1 1 0 7 15
FN 0 23 0 0 1
TN 400 377 400 400 399
For ‘1’:
TP=99, TN=400, FP=1, FN=0
Accuracy = TP =299 _ 9989
TP+TN+FP+FN  99+400+1+0
Precision = P - - 99%
TP+FP 99+1
Recall = 22— =22 = 100%
TP+FN ~ 99+0
F—Score =——22 =29 _ 9959,
2TP+FP+FN 2X99+1+0
For 2°:
TP=99, TN=377, FP=1, FN=23
Accuracy = AR =277 _ 9520
TP+TN+FP+FN 99+4+377+1+23
Precision = =2 = 99%
TP+FP  99+1
Recall = —— = —2_ = 81.15%
TP+FN 99423
F—Score =——22 = _ 2% _g9199,
2TP+FP+FN  2x99+1+23
For ‘3°:
TP=100, TN=400, FP=0, FN=0
Accuracy = TP+TN _ _ 1004400  _ 100%
TP+TN+FP+FN 100+400+0+0
Precision = P 1% _ 100%
TP+FP 10040
Recall = —— = 2% = 100%
TP+FN 100+0
F — Score = ik = 2100 _ 100%
2TP+FP+FN 2X100+0+0
For ‘4°:
TP=93, TN=400, FP=7, FN=0
Accuracy = TPATN %499 _ 98.6%
TP+TN+FP+FN  93+400+7+0
Precision = —4— = 2= 93%
TP+FP 93+7
Recall = —— =2 = 100%
TP+FN 9340
F — Score = 2Tk =2 _ 96.37%

2TP+FP+FN  2X93+7+0
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For ‘5°:
TP=85, TN=399, FP=15, FN=1

TP+TN 85+399

Accuracy = = = 96.8%

TP+TN+FP+FN  85+399+15+1

.. TP 85

Precision = =——=85%

TP+FP  85+15

TP 85
Recall = = = 98.83%
TP+FN 85+1
2TP 2x85

F — Score = = =91.4%

2TP+FP+FN  2x85+15+1

Total accuracy of this approach will be the mean of individual accuracies of all the classes, i.e. 98.08%.

] 97 2 0 0 9 89.8%

19.4% 0.4% 0.0% 0.0% 1.8% 10.2%

5 0 98 0 0 0 100%

0.0% 19.6% 0.0% 0.0% 0.0% 0.0%

@ o 0 0 100 3 0 97.1%

‘_,g 0.0% 0.0% 20.0% 0.6% 0.0% 2.9%
o
whd
=
o

5 4 0 0 ()} 97 0 100%

o 0.0% 0.0% 0.0% 19.4% 0.0% 0.0%

5 3 0 0 0 91 96.8%

0.6% 0.0% 0.0% 0.0% 18.2% 3.2%

97.0% 98.0% 100% 97.0% 91.0% 96.6%

3.0% 2.0% 0.0% 3.0% 9.0% 3.4%

N 9 S ™ %

Target Class

Fig. 10: Confusion matrix plot for Caltech dataset with SVM approach

Figure 10 shows a confusion matrix plot for Caltech dataset. As per the dataset, it exhibits five classes for the five categories
of image. Calculation for each class is given as follows:

Table 3: Result for Caltech dataset using SVM classifier

Parameter 1 2 3 4 5
TP 97 98 100 97 91
FP 3 2 0 3 9
FN 11 0 3 0 3
TN 389 400 397 400 397
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For ‘1’:
TP =97,TN = 389,FP =3,FN =11

TP+TN _ 97+389

Accuracy = = =97.2%
TP+TN+FP+FN 97+389+3+11
Precision = ——— = —_ = 97%
TP+FP  97+3
Recall = —=— =27 =8981%
TP+FN 97+11
F—Score =—22 =29 _ 93269
2TP+FP+FN  2x97+3+11
For 2°:
TP=98, TN=400, FP=0, FN=0
Accuracy = TP = B9 _ 99,69
TP+TN+FP+FN  98+400+2+0
Precision = ——— = 2 _ 98%
TP+FP 98+2
Recall = —~— =22 = 100%
TP+FN ~ 98+0
F—Score =—22 = 2% _ 93989
2TP+FP+FN 2X98+2+0
For ‘3°:
TP=100, TN=397, FP=0, FN=3
Accuracy = TP+TN _ _ 1004397  _ 99.4%
TP+TN+FP+FN 100+397+4+0+3
Precision = ——— = 20— 100%
TP+FP 10040
Recall = —— =22 = 97.1%
TP+FN 100+3
F — Score = 2P =_2X1%0 _ 98.52%
2TP+FP+FN  2x100+0+3
For ‘4°:
TP=97, TN=400, FP=3, FN=0
Accuracy = TP =270 _ 99,49
TP+TN+FP+FN  97+400+3+0
Precision = ——— = 2= 97%
TP+FP 97+3
Recall = —=— =22 = 100%
TP+FN 9740
F—Score = —22 =297 _ 9847%
2TP+FP+FN 2X97+3+0
For ‘5°:
TP=91, TN=397, FP=9, FN=3
Accuracy = AR =39 _ 9769
TP+TN+FP+FN 9143974943
Precision = —4— = % = 91%
TP+FP  91+9
Recall = —— = 2L — 96.8%
TP+FN 91+3
F—Score =——2 =291 _ 93819

2TP+FP+FN  2x91+9+3
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Total accuracy of this approach will be the mean of individual accuracies of all the classes, i.e. 98.64%. Similarly, Table 4

calculates and displays the accuracy, recall, precision and F-score values.

Table 4: Comparative analysis

Dataset and Method Precision Accuracy Recall F-Score
Corel dataset with SVM 95.2% 98.08% 95.99% 95.29%
Caltech dataset with SVM 96.6% 98.64% 96.74% 96.6%

On observing the Table 4, it was found that both the datasets have nearly similar performance. It is clear that the results with

Caltech outperforms the Corel database.

Table 5: Feature computation time for an image

Features Computation time

Cartoon Features 34.308
Gabor wavelets 0.4900
Wavelet moments 0.345

Histogram 0.1121
Color autocorrelogram 0.0887
Color moments 0.0283
Hybrid 79.1245

Table 5 represents the computation time for different
feature extraction methods. It can be seen that hybrid
feature set are taking higher computational time as
compared to other feature extraction. Color moments
takes very less computation time. Even though hybrid
feature set having higher computation time but best
suitable for classification.

A general-purpose WANG dataset of 1000 Corel images
in ten distinct topic categories is used to evaluate the

proposed technique. It has a dimension of 384x256 pixels.
JPEG images are 256x384 pixels. 100, as shown by table
6.

Photos from all 10 categories, including Africa, Beaches,
Buses, Horses, Buildings, and more, are included in this
collection. Mountain ranges, food, elephants, dinosaurs,
and trees. Additionally, this information is gathered to
evaluate other CBIR systems. Since the dataset class
information is easily accessible, it is commonly used.

Table 6: Performance evaluation

Class Category “True Positive “True Negative “False Positive “False Negative
Rate” Rate” Rate” Rate”
1 “Africa” 0.9118 0.9824 0.0882 0.0176
2 “Beach” 0.9300 0.9825 0.0700 0.0175
3 “Transportation” 0.9043 0.9631 0.0957 0.0369
4 “Architecture” 0.9519 0.9975 0.0481 0.0025
5 “Dinosaur” 1.0000 1.0000 0 0
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Fig. 11: Accuracy in percentage of different dataset

For a certain class of observations, recall is defined as the
ratio of observations that were reasonably predicted to be
positive to all observations. As shown in Fig. 11 and Table
7, NCA-Hybrid has a high recall ratio for all ten classes in
the CORAL dataset, with recall values of 0.968, 0.98,
0.87, and 0.88 for the Create Beaches, Food, and
Mountain groups respectively. Comparing hybrid feature

set classifiers to NCA filtered hybrid feature SVM
classifiers, the recall parameter value of the former is
much lower.

The estimated percentage of positive observations to all of
the positive observations is how precision is determined.
The SVM accuracy value was in the range of 0.86 and 1.

Table 7: Proposed Method Verses Individual Methods

Hybrid NCA-Hybrid

Categories “Precision” “Recall” “Accuracy” “Precision” “Recall” “Accuracy”
“African” 0.680 0.76 0.822 0.867 0.982 0.968
“Beach” 0.638 0.60 0.836 0.896 0.968 0.962
“Monuments” 0.740 0.80 0.838 0.845 0.890 0.990
“Buses” 0.957 0.90 0.812 0.956 0.94 1.00
“Dinosaurs” 0.980 0.98 0.842 1.00 1.00 1.00
“Elephants” 0.700 0.70 0.846 0.967 0.90 0.987
“Flowers” 0.979 0.94 0.816 0.980 0.99 0.997
“Horses” 0.941 0.96 0.822 0.942 0.98 0.956
“Mountains’ 0.733 0.66 0.816 0.879 0.88 0.986
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“Food” 0.914 0.86 0.824 0.926 0.98 0.964
“Average” 0.826 0.816 0.827 0.998 0.958 0.976
Table 8: Proposed Method vs. previously existing methods
Categories Method [30] Method [31] Method [32] Method [33] Proposed Method

Hybrid

Precision | Recall | Precision | Recall | Precision | Recall | Precision | Recall | Precision | Recall

African 0.760 0.431 0.745 0.82 0.50 0.745 0.52 0.760 0.867 0.982
Beach 0.587 0.328 0.693 0.68 0.55 0.693 0.48 0.587 0.896 0.968
Monuments 0.714 0.359 0.851 0.80 0.45 0.851 0.55 0.714 0.845 0.890
Buses 0.963 0.693 0.954 0.84 0.65 0.954 0.33 0.963 0.956 0.94
Dinosaurs 1.00 0.996 1.00 1.00 0.50 1.00 0.60 1.00 1.00 1.00
Elephants 0.741 0.355 0.833 0.80 0.40 0.833 0.58 0.741 0.967 0.90
Flowers 0.945 0.695 0.980 0.98 0.75 0.980 0.61 0.945 0.980 0.99
Horses 0.941 0.629 0.942 0.98 0.60 0.942 0.48 0.941 0.942 0.98
Mountains 0.457 0.240 0.759 0.78 0.45 0.759 0.32 0.457 0.879 0.88
Food 0.733 0.364 0.926 0.88 0.50 0.926 0.27 0.733 0.926 0.98

Recall for a particular class real is the ratio of observations
that were appropriately predicted to be positive to all
observations. Table 8 shows that NCA-Hybrid has a high
recall ratio for all 10 classes in the CORAL dataset, with
values ranging from 0.88 to 1., whereas [31] yields recall

0.681to0 1, [32] 0.69 to 1 and [33] gives recall values range
from 0.58 to 1. The recall parameter value of the proposed
hybrid feature set classifiers is significantly higher than
that of the other methods.

Table 9: Overall Parameters of Proposed Method of NCA-Hybrid

Parameters Magnitude
Accuracy 0.9812
Error 0.0188
Sensitivity 0.9880
Specificity 0.9539
Precision 0.9885
False Positive rate 0.0461
F1 score 0.9883
Matthews Correlation Coefficient 0.9412
Kappa 0.9412

5. Conclusion and Future Research Challenges

The proposed method integrates shape, texture, and colour
data in order to construct an image retrieval framework.
Additionally, this study focuses on a field where
equivalent technologies are not yet accessible to
professionals in the field, giving us insight on adaptability.

The study effort in this article involved experiments on 10
different categories, and it is determined that the end result
of this work includes the design of an effective intelligent
computer vision system that can retrieve images with
more accuracy. Finally, all approaches under comparison
provided good results of 98.64 percent with the Caltech
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dataset and claimed in accordance with their performance
assessment variables. It is also suggested that the fused
SVM method for the betterment of the CBIR system.
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