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RESEARCH ARTICLE

Squirrel Search Optimization-based near-duplicate image detection
Srinidhi Sundarama, Kamalakkannan Somasundaramb and Sasikala Jayaramana

aFaculty of Engineering and Technology, Department of Information Technology, Annamalai University, Annamalainagar, India; 
bDepartment of Information Technology, School of Computing Sciences, Vels Institute of Science, Technology & Advanced Studies, 
Chennai, India

ABSTRACT  
Near duplicate (ND) image detection is a significant issue in a modern online environment with 
a wide range of applications like the detection of copyright violations and saving of storage 
space. Several existing ND detection techniques are perhaps not suitable for online 
applications due to the large computational burden, and may not successfully detect NDs 
containing large smooth and plain regions. In addition, the K-means algorithm used in most 
of the existing methods yield sub-optimal quantization of visual words. This article employs 
a robust algorithm of Squirrel Search Optimization (SSO) for quantization, fast-hessian 
matrix-based detector (FHMBD) and FAST Corner Detector (FCD) for the detection of KPs at 
both plain and non-smooth regions of all images, SURF for computing descriptors and 
Principal Component Analysis (PCA) for dimensionality reduction. The results of the 
developed method presented on five image databases. The proposed method offered 99.9% 
accuracy, 98.67% sensitivity, and 99.91% specificity respectively.
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Nomenclature
As The body’s surface area
CCk Climate constant at k-th iteration
CMmin Minimum value of climate constant
CNDDM Classical ND Detection Method
CNN Convolution Neural Network`
DistSQ Distance glided by the squirrel
Dj j-th descriptor 
D′j j-th transformed descriptor 

DR
j j-th reduced descriptor 

DR
j,i i-th value of the j-th reduced descriptor 

FCD FAST Corner Detector
FD False Duplicate
FHMBD Fast-Hessian Matrix-Based Detector
FO False Original
Gd and Gc Random gliding distance and gliding  

constant, respectively
HLSQ Height loss after gliding
KD Drag coefficient
KL Lift coefficient
KP Key Point
LF(n) n-dimensional Levy Flight
m The number of squirrels in the population
ND Near Duplicate
nf Number of feature vectors in the entire  

image database
nv Length of reduced feature descriptor
PCA Principal Component Analysis
P prob Predator probability constant
RANSAC Random Sample Consensus
ra and rb Random numbers (0,1)
SIFT Scale Invariant Features Transform
SQp Position of p-th squirrel
SQp(0) Initial position of p-th squirrel
SQlow & SQup Lower and upper limits for squirrels,  

respectively

SQk
at Squirrel presently sitting on acorn nut tree  

at k-th instant
SQk

ht Squirrel sitting on hickory nut tree at k-th  
instant

SQk
nt Squirrel sitting on a normal tree at k-th  

instant
SSO Squirrel Search Optimization
SSONDM SSO-based ND detection method
SURF Speeded Up Robust Features
Sp Speed
TD True duplicate
TO True original
wk k-th visual word
wk,i i-th value of k-th visual word
m Air density
u Gliding angle
b A constant value

Introduction

Many of the images available on websites are dupli
cates and near-duplicate (ND) images of one another 
among the several trillions of images. This phenom
enon is most noticeable in photos of well-known 
themes like celebrities, music albums, and art films. 
A duplicate is a digital image that is nearly identical 
to the original in terms of user perception, with the 
only differences being in scale, colour schemes, or 
storage format. In contrast, a near-duplicate (ND) has 
additional variations in terms of contract, luminance, 
rotation, translation, and a small alteration in the orig
inal document’s background. The problem of compar
ing a pirated image to its original in huge image 
databases is known as ND image detection, which is 
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one specific use of content-based similarity search, and 
is essential for visual search applications. It finds appli
cations in many areas such as (a) reduction of storage 
space, (b) detection of copyright infringement and (c) 
understanding the public’s behaviour and interests. 
ND detection of digital images is more arduous than 
detecting exact duplicates as the decomposition of an 
image still pertains to the domain of fiction and no 
grammar yet exists for images [1].

Several content-based ND detection methods have 
been suggested in recent decades [2]. Many of these 
techniques extract pertinent visual characteristics of 
photos from the database or websites, compare them 
with the attributes of query image (QI), and designate 
the images having properties similar to that of the QI 
as NDs [3]. Many of them identify key points (KPs) 
and employ Scale Invariant Features Transform (SIFT), 
Speeded Up Robust Features (SURF), etc. for extracting 
local descriptors at identified KPs. They then perform 
Training and Querying. During training, the extracted 
features are indexed through hashing or quantization 
into visual words (VW) [4]. In the querying phase, the 
descriptors of a QI are evaluated and searched in the 
indexed image database for nearest neighbours. The 
score of every database image that has such nearest 
neighbours is increased. Then the geometric consist
ency of the matched KPs is checked for true matching 
and the false matching is eliminated [5]. The identified 
images in the image database are reranked and the 
high-ranked digital images are treated as NDs. These 
approaches are still inefficient due to huge KPs and 
large-sized descriptors and may fail due to sparse KPs 
at smooth regions. Moreover, the K-means technique 
employed for training may yield local minima [6]. 
These drawbacks necessitate some kind of dimension
ality reduction of descriptors before training and a 
robust optimization algorithm for realizing the global 
best solution during the quantization of descriptors.

Recently, a Squirrel Search Optimization (SSO), 
inspired by the gliding and dynamic movement beha
viours of flying squirrels, has been presented for 
solving optimization problems [7], and exhibited to 
be better than those of other population-based 
approaches like particle swarm optimization, honey- 
bee optimization, teaching, and learning-based optim
ization, and so on. In SSO, the flying squirrels indicating 
feasible solutions glide from one tree to another in 
search of acorns and hickory nuts and utilize the avail
able food resources either for eating or for storing 
depending on their availability. The SSO was used for 
solving several practical optimization problems such 
as classification [8] and identification of non-line of 
Sight nodes in Vehicular Ad hoc Networks [9].

The prime goal of this article is to build an efficient 
and robust ND image detection method, suitable for 
large image databases, by obtaining fewer KPs using 
two different techniques, computing the descriptors 

by SURF, lowering the dimension of the descriptors 
by Principal Component Analysis (PCA) and applying 
SSO for quantization. The performances of the devel
oped method on five image databases have been dis
cussed in this article.

The article is tailored into five sections. Section 
‘Literature Survey’ surveys the literature; Section 
‘Near-Duplicate Detection’ explains the classical ND 
detection methods; Section ‘Proposed SSO Based ND 
Detection’ describes the developed ND detection 
method; Section ‘Results and Discussions’ discusses 
the performances; and Section ‘Conclusion’ concludes.

Literature survey

An efficient and robust methodology for image dupli
cate detection was developed for large databases. 
The method used a Fourier Mellin Transform-based 
compact feature vector having 12-values, thereby 
enabling fast indexing and querying in large databases 
[10]. A support vector machine-based ND detection 
technique was developed. The technique used point, 
region and probabilistic filters to avoid noisy attributes. 
The support vector machine matched the descriptors of 
all images in the database and detected the NDs [11]. 
An ND video detection scheme, involving both MPEG- 
7 and semantic descriptors, was outlined to make the 
scheme more robust to transformations [12].

A phase correlation technique employing polar 
band control was suggested for image duplicate 
identification. The method computed Fourier transform 
of overlapping blocks, and then adopted adaptive 
band control for obtaining a correlation matrix. Then 
seed filling was performed to show the duplicated 
parts [13]. An ND video detection algorithm, involving 
index and query signature-based colour and texture 
descriptors, was developed. The algorithm used a 
logical model by relating an N-gram sliding window 
with lattice-based structures [14]. A SIFT-based ND 
image detection was suggested for increasing the 
confidence and making it suitable for large image data
bases. The method adopted entropy-based filtering to 
eliminate ambiguous descriptors causing false positive 
matches and graph cut for query expansion to improve 
exploration quality. An attempt was made to lower the 
computational burden of the block-matching-based 
duplicate detection scheme by employing sequential 
hashing. The hashing lowered the problem space and 
drastically lowered computation time by eliminating 
block-matching operations [15].

Four robust features involving radon transform were 
developed and combined through a uniform sampling 
approach. Such composite features were superior to 
that of a single type of feature in respect of robustness, 
blurring and other geometrical transformations. Such 
composite features were applied to ND detection and 
exhibited to offer better performance over their 
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counterparts [16]. A scheme was developed for encoding 
an image as a binary vector . The encoding scheme con
verted the local regions of the image into texture descrip
tors, which were used to form a statistical histogram and 
then denoted by a binary vector. The scheme represent
ing both local and global descriptors was used in ND 
image detection with the advantages of higher speed 
of computations and lower storage requirements [17].

An ND image detection method, involving multi- 
feature fusion, was suggested to avoid the spreading 
of false rumours by tracking the original images. The 
method used a bloom filter to improve the retrieval 
accuracy [18]. An ND image detection approach adopt
ing a hierarchical neural network and sensitivity 
hashing was suggested. The neural network extracted 
descriptors, which were then used for efficiently con
structing the locality sensitivity hashing-based index 
[19]. A pulse-linked neural network and correlation 
coefficient-based scheme was developed for detecting 
ND images. The neural network was used for extracting 
descriptors, and a correlation coefficient-based tech
nique was used for feature matching. The study show
cased that the scheme was efficient and accurate [20]. 
A morphological operator-based detection of dupli
cated regions in digital images was suggested. The 
study on 100 images portrayed that the method was 
efficient and robust to noise and transformations [21].

A block-based scheme involving contourlet trans
formation-based approximated band and singular 
value descriptors was presented for image forgery 
detection and was efficient [22]. A hybrid algorithm, 
adopting Fourier-Mellin and Zernike moments and 
requiring low computations with less complexity for 
detecting image forgeries, was outlined [23]. An unsu
pervised ND image detection employing deep learn
ing-based descriptors was developed. The method 
fine-tuned deep convolutional networks to obtain 
the best performances [24].

A composite feature-matching technique integrating 
the SIFT and Convolution Neural Network (CNN) 
descriptors was outlined for ND image identification. 
The method initially created bag-of-visual-words, per
formed SIFT descriptor-based matching for detecting 
the duplicate pairs, and then matched the CNN descrip
tors to assess the image similarity [25]. A two-stage fast 
and accurate matching scheme adopting CNN descrip
tors was suggested for ND image detection. In the 
first stage, a sum-of-pooling was performed on convolu
tional descriptor maps for generating global descriptors, 
while in the second-stage, the local descriptors were 
obtained from the convolutional descriptor maps and 
the saliency map was obtained using the visual saliency 
detection technique. These descriptors were then 
matched between images for detecting NDs [26].

A laterally coupled pixel-based neural network was 
outlined for detecting multiple forgeries in a single doc
tored image. The network had feeding and linking 

channels, which receive the input and detect multiple 
forgeries, respectively. The study exhibited that the 
developed network was accurate and efficient in 
detecting multiple forgeries [27]. An ND detection 
approach that homogenously distributed the KPs 
over the entire image region involving a seagull algor
ithm was outlined. This approach was exhibited to be 
more reliable and efficient for large image databases 
[28]. A deep net-based robust ND detection scheme 
was proposed. It used Gabor filter-based descriptors 
and adopted a log-likelihood testing technique for 
checking duplication [29]. A CNN-based scheme was 
developed for detecting NDs. The scheme exploited 
the ResNet-50 tool for enhancing the acumen process 
and improving computational efficiency [30].

Near-duplicate detection

The process of ND image detection involves two 
phases: (1) the training phase for building a visual 
vocabulary for a given large image database, and (2) 
the querying phase for finding NDs for a QI as pre
sented in Figure 1.

Training Phase: During training, the preprocessing 
block removes the noises by the Median filter and con
verts the colour images in the database into greyscale 
for the entire image database. The KP detection block 
applies the Difference of Gaussian or Fast-Hessian 
Matrix Based Detector (FHMBD) or FAST Corner Detec
tor (FCD) for getting the KPs, while the subsequent 
block employs SURF or SIFT for evaluating the descrip
tor vectors. The last block applies K-means clustering 
for indexing the features and forming a visual vocabu
lary containing a bag of VWs.

The bag-of-visual-words model is a standard 
approach for representing images as a group of 
image descriptors [31]. As present-day images are gen
erally high-resolution images containing an enormous 
number of KPs, the matching of KPs of the QI with 
those of the images in the database may be computa
tionally inefficient requiring long execution times. This 

Figure 1.  Schematic of ND detection.
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issue can be overcome by generating a visual vocabu
lary for the entire image database through a clustering 
(K-means) technique [32]. Two KPs are said to be 
matched, if they belong to the same cluster or VW in 
the descriptor space. The VWs are also identified for 
the QI during the querying phase. Figure 2 illustrates 
how KPs representing tiny similar parts of different 
images can be linked to an equivalent VW. Figure 3
portrays the basics of clustering to form VWs and 
matching of QI. Figure 3(a) shows the KPs of the 
image database in feature space, Figure 3(b) exhibits 
the formation of VWs by clustering, and 3(c) displays 
the identification of VWs (descriptor) of QI.

An indexing table is then formed for the entire image 
database, which is analogous to ‘index’ in textbooks. The 
indexing table relates each VW with images having the 
same VW in the database. Figure 4(a) illustrates the for
mation of an inverted file indexing table for the entire 
image database. In each row, the first column denotes 
the VW number, and the second column lists the 
image numbers containing the corresponding VW.

Querying phase

During querying, the VWs of the QI are identified and 
searched in the inverted file index. That is, the VWs of 
the QI are directly searched in the indexed table to 
obtain the images that contain similar VWs. This index
ing simplifies the querying process and avoids the com
parison of descriptors of the entire image database, 
thereby searching faster than that of conventional 
matching [33]. Figure 4(b) shows how the VWs of the 
QI are directly searched in the indexed table to retrieve 
the images that contain those distinctive query words. 
As this procedure does not check the geometric layout 
of the matched VWs, a spatial verification step is typi
cally performed both on the matched images and the 
QI using RANSAC to eliminate false matches [34].

At the end of querying, a histogram is formed based 
on the number of occurrences (matches) and then the 
images are ranked based on the number of occur
rences. The top-ranked images are classified as NDs 
and the remaining images as non-duplicates. The clas
sical ND detection methods (CNDDM) differ in the 
method of obtaining KPs, extracting features, obtain
ing visual vocabulary, and so on. In this article, two 
CNDDMs are used in the study for performance com
parison, as given in Table 1.

Proposed SSO-based ND detection

The proposed SSO-based ND detection method 
(SSONDM) introduces (1) modification in KP identifi
cation, (2) PCA for Feature reduction, and (3) SSO- 
based clustering for forming visual vocabulary while 
following the conventional preprocessing, feature 
extraction and false-match elimination and 
classification, as given in Table 2.

KP identification

A few classical methods using a single KP detecting 
scheme are effective on images having smooth and 
plain regions (low gradients), and others are suitable 
for images having sharp corners and edges (high gradi
ents). That is, they are not effective for images having 
both smooth and sharp edges. To overcome this issue, 
the proposed method adopts both FHMBD and FCD 
for detecting the KPs at both plain and non-smooth 
regions of all images in the image database and the 
QI as well. Among the identified KPs, half of the stron
gest KPs of each technique are used for evaluating the 
SURF descriptors. The descriptor at j-th KP is represented 
by a vector containing 64 values.

Dj = [D j1, D j2, · · · · · · , D j64] (1)

Figure 2.  Concept of VWs.
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Feature reduction

The SURF descriptor, containing 64 values at each KP, 
makes the ND detection process uneconomical and 
inefficient, especially for large image databases. The 
PCA, a quantitatively rigorous method, employing 
orthogonal transformations to transform a set of 

correlated variables into a set of uncorrelated vari
ables, is adopted for lowering the length of each 
SURF descriptor [35]. It can conveniently handle 
square matrices for reducing the dimension of the 
SURF-descriptor. So, the SURF-descriptor of Equation 
(1) is rearranged as a (8 × 8) matrix.

Figure 3.  Construction of visual vocabulary and assignment of VW. (a) Pink circled KPs mapped in feature space; (b) Clustering of 
features to form visual vocabulary and (c) Identification of VWs (descriptor) of QI.
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Dj =

D j1 D j9 D j17 D j25 D j33 D j41 D j49 D j57
D j2 D j10 D j18 D j26 D j34 D j42 D j50 D j58
D j3 D j11 D j19 D j27 D j35 D j43 D j51 D j59
D j4 D j12 D j20 D j28 D j36 D j44 D j52 D j60
D j5 D j13 D j21 D j29 D j37 D j45 D j53 D j61
D j6 D j14 D j22 D j30 D j38 D j46 D j54 D j62
D j7 D j15 D j23 D j31 D j39 D j47 D j55 D j63
D j8 D j16 D j24 D j32 D j40 D j48 D j56 D j64

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(2)

The PCA performs orthogonal transformations for the 
above square matrix and yields a transformed matrix 
with the same dimensions as in Equation (3).

Figure 4.  Principle of Inverted File Indexing. (a) Formation of inverted file index for entire image database; (b) Searching of VWs 
and formation of histogram.

Table 1. Composition of classical ND detection methods.

Modules Technique
CNDDM- 

1
CNDDM- 

2

Preprocessing Median Filter & RGB to 
Greyscale Conversion

✓ ✓

Identification KPs FHMBD ✓
FCD ✓

Evaluation of Feature 
Descriptors

SURF ✓ ✓

Forming Visual 
Vocabulary

K-means Clustering ✓ ✓

Elimination of False 
Matches

RANSAC ✓ ✓

Classification Considering the number 
of true matches.

✓ ✓
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D′j =

D′j1 D′j9 D′j17 D′j25 D′j33 D′j41 D′j49 D′j57
D′j2 D′j10 D′j18 D′j26 D′j34 D′j42 D′j50 D′j58
D′j3 D′j11 D′j19 D′j27 D′j35 D′j43 D′j51 D′j59
D′j4 D′j12 D′j20 D′j28 D′j36 D′j44 D′j52 D′j60
D′j5 D′j13 D′j21 D′j29 D′j37 D′j45 D′j53 D′j61
D′j6 D′j14 D′j22 D′j30 D′j38 D′j46 D′j54 D′j62
D′j7 D′j15 D′j23 D′j31 D′j39 D′j47 D′j55 D′j63
D′j8 D′j16 D′j24 D′j32 D′j40 D′j48 D′j56 D′j64

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3)

The first column indicates the first principal com
ponent that will span the direction of the dataset’s 
greatest variation, the next column denotes the 
second principal component, and so on. The first few 
columns, may be one or two, are rearranged into a 
vector representing reduced features of the original 
SURF descriptor. For example, selecting the first two 
columns, the reduced feature descriptor with 16 
values can be rearranged for j-th KP as follows:

DR
j =

D′j1 D′j9
D′j2 D′j10
D′j3 D′j11
D′j4 D′j12
D′j5 D′j13
D′j6 D′j14
D′j7 D′j15
D′j8 D′j16

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(4)

DR
j = D′j1 D′j2 · · · · · · D′j16

􏼂 􏼃
(5)

SSO-based clustering

Each reduced feature vector DR
j is represented by a 

vector (1× nv) as in Equation (5). All the reduced 
feature vectors of the whole image database are con
catenated into a matrix [DR] of size (nf × nv). Here, 
nv & nf denote the length of the reduced descriptor 
and several reduced descriptor vectors for the whole 
image database, respectively. The reduced feature 
vectors of the entire image database are grouped 
into K-number of VWs [w1, w2, · · · · · · , wK] using a 
K-means clustering scheme [36,37], which minimizes 
Equation (6). The dimension of each VW is the same 
as that of the reduced feature descriptor (1× nv).

Minimize V =
􏽘K

k=1

􏽘nf

j=1

||DR
j − wk||

2
(6)

where

||DR
j − wk|| =

������������������
􏽘nv

i=1

(DR
j,i − wk,i)

2

􏽳

(7)

As the K-means technique begins to search from a 
single random starting solution, and its nature of cor
recting the solution using gradients towards the 
nearby solution in the problem space, the technique 
may result in sub-optimal VWs. The proposed method
ology, therefore, employs SSO for generating optimal 
VWs. The SSO is a population-based algorithm, which 
performs a search in the problem space with multiple 
starting solution points, and yields the global best sol
ution [38]. This SSO is modelled from the clever fora
ging and gliding skills of flying squirrels, and requires 
the following processes for solving the clustering 
problem:

Initialization
The forest contains m-flying squirrels, each of which is 
modelled to represent the solution vector as follows:

SQ = [SQ1, SQ2, · · · · · · , SQm]

= [(w11, w12, · · · , w1nv), (w21, w22, · · · , w2nv),
· · · (wK1, wK2, · · · , wKnv)]

(8)

The initial position of i-th squirrel is randomly gener
ated using Equation (9)

SQp(0) = SQlow + rand(0, 1) × (SQup − SQlow);

p = 1, 2, · · · , m
(9)

Strength evaluation
The optimization process uses the squirrels’ clever 
dynamic foraging behaviour of utilizing the available 
food resources for eating or storing depending on 
their availability. The hickory trees and acorn trees 
are considered to be the best and average respectively, 
while the normal trees have no food sources. The fora
ging behaviour of each squirrel in utilizing the food 

Table 2. Composition of the proposed method.
Modules Technique SSONDM Role / Operation

Preprocessing Median Filter & RGB to 
Greyscale Conversion

✓ Performs preprocessing for all the images in the entire image database

KPs FHMBD ✓ Adopts both techniques and selects 50% of the strongest KPs of each technique.
FCD ✓

Descriptors SURF ✓ Evaluates feature descriptors at selected KPs using SURF. The dimension of each 
descriptor is 64.

Feature Reduction PCA ✓ Applies PCA for reducing the dimension of each feature descriptor from 64 to 16.
Clustering SSO ✓ Employs SSO for obtaining optimal VWs for the entire image database.
False Matches 

Elimination
RANSAC ✓ Checks the geometry of the matched KPs and eliminates the false matches.

Classification Based on the number of true 
matches.

✓ The images are ranked based on the number of matched KPs, and are classed as 
duplicates or NDs if the number of matched KPs is greater than a threshold value
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sources can be estimated by the following strength 
function (S), formed from Equation (6), for each candi
date solution.

Maximize S =
1

1+
􏽐K

k=1

􏽐nf

j=1
||DR

j − wk||
2

(10)

Ranking
The strength values of all squirrels are sorted in des
cending order. The top-ranked squirrel is sitting on 
the hickory nut tree, and the subsequent three top- 
ranked squirrels occupy on acorn nuts trees, while 
the remaining squirrels sit on the ordinary trees. The 
three squirrels on the acorn nuts tree attempt to 
glide to the hickory nut tree. A few squirrels are 
deemed to have met their food requirements and 
are expected to move to the hickory nut tree. The 
other squirrels will seek out acorn nut trees to get 
their food requirements. However, the presence of pre
dators has an impact on flying squirrels’ foraging 
actions.

Locomotion
Three scenarios may arise during the foraging of squir
rels. In each scenario, it is believed that the squirrel 
glides and explores effectively for its preferred food 
source when there is no predator. Nevertheless, the 
squirrel makes a small random move to find a hiding 
spot in the neighbourhood, if a predator is seen 
around. The foraging feature of squirrels is modelled 
under three scenarios:

Scenario 1: The squirrels on acorn nut trees may 
attempt to glide to the hickory nut tree by Equation 
(11).

SQk+1
at =

SQk
at + Gd × Gc × (SQk

ht − SQk
at) rand(0, 1) ≥ P prob

Random Location Otherwise

􏼚

(11)

where, rand(0, 1) is a random number.

Scenario 2: The squirrels on normal trees attempt 
to glide to acorn nut trees by Equation (12).

SQk+1
nt =

SQk
nt + Gd × Gc × (SQk

at − SQk
nt) rand(0, 1) ≥ P prob

Random Location Otherwise

􏼚

(12)

Scenario 3: The squirrels that are on normal trees posses
sing acorn nuts may glide to hickory nut tree with a view 
of storing hickory nuts to face the food shortage by 
Equation (13).

SQk+1
nt =

SQk
nt + Gd × Gc × (SQk

ht − SQk
nt) rand(0, 1) ≥ P prob

Random Location Otherwise

􏼚

(13)

The gliding locomotion of squirrels by changing the lift 
and drag forces during the night is pictorially exhibited 
in Figure 5.

Aerodynamic gliding
The squirrel’s gliding process can be modelled by equi
poise glide in which the drag and lift forces form a 
combined force, which is just opposite to the direction 
of the gliding mass of the squirrel. The squirrel glides at 
an angle θ relating the lift and drag forces at constant 
speed as in Equation (14).

FL

FD
=

1
tan u

(14)

The length of the squirrel’s gliding route can be 
increased by decreasing the gliding angle (θ). The FL 

to FD ratio is likewise raised when gliding-path 
length increases. The FD and the FL created by down
ward deflections of air passing over the wings can be 
written by Equations (15) and (16), respectively.

FD =
1

2m KD S2
p As

(15)

FL =
1

2m KL S2
p As

(16)

At slow speeds, the drag element is prominently large, 
while at higher speeds, the drag element is lesser. The 

Figure 5.  Gliding locomotion of Squirrels.
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gliding element can be modelled at a steady state by 
Equation (17):

u = arctan
FD

FL

􏼒 􏼓

(17)

The distance (DistSQ) glided by the squirrel can be esti
mated by Equation (18).

DistSQ =
HLSQ

tan u

􏼒 􏼓

(18)

A squirrel can vary the DistSQ by altering the FL to FD 

ratio to reach the desired target location.

Seasonal changes
Squirrel’s foraging behaviour is strongly affected by 
seasonal fluctuations. They lose a lot of energy to 
keep their body warm during winter, and their fora
ging activity is dangerous due to predators. They do 
not actively move during winter to keep themselves 
away from predators and keep themselves warm. The 
climate conditions therefore affect the behaviour of 
squirrels, which is modelled by three steps:

Step 1: Compute the climate constant (CCk) using 
Equation (19).

CCk =

���������������������
􏽘3

j=1

(SQk
at,j − SQk

ht)
2

􏽶
􏽵
􏽵
􏽴 (19)

Step 2: Examine the climate monitoring situation. That 
is, check whether CCk , CMmin is satisfied. Here CMmin 

is the minimum value of the climate constant which is 
computed by

CMmin =
10e− 6

365k/(MNI/2.5) (20)

Step 3: The satisfaction of the climate monitoring indi
cates that the winter season is completed, and requires 
random relocation of squirrels for better exploration of 
the forest. So randomly relocate the squirrels.

After-winter relocation
After winter, the squirrels will become active. The 
squirrels that could not find hickory nuts trees will 
glide in several directions for finding a better food 
source. Such relocation can be represented by 
Equation (21).

SQnew
nt = SQlow + LF(n) × (SQup − SQlow) (21)

The Levy Flight (LF(n)) is used for calculating the dis
tance and is mathematically modelled as follows:

LF(n) = 0.01×
ra × j

|rb|
1/b (22)

where j is computed by Equations (23) and (24).

j =

G(1+ b) × sin
pb

z

􏼒 􏼓

G
1+ b

z
× b× 2

b − 1
2

􏼒 􏼓⎛

⎜
⎝

⎞

⎟
⎠

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

1
b

(23)

G(z) = (z − 1)! (24)

The proposed SSO-based clustering commences 
with a population of squirrels that is randomly gener
ated. During the solution process, the squirrels sit on 
the Hickory, Acorn and Normal trees depending on 
their strength. Considering the three scenarios, the 
squirrels fly to new positions using Equations (11)– 
(13). They are also relocated by Equation (21) depend
ing on the climate condition. This process is repeated 
till convergence. The squirrel on the Hickory nut tree 
represents the optimal VWs. The steps of the SSO’s 

Figure 6. Flowchart of SSO.
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iterative process are outlined in Figure 6. The method
ology also employs the traditional modules of inverted 
file index, wrong match removal using RANSAC, 
identification of NDs based on match counts (ranked 
histogram) and classification. The top-scored images 
are classified as NDs.

Results and discussions

Test Data: 4970 digital RGB images were downloaded 
from several web sources. Among them, six images 
were selected and five NDs were fabricated by chan
ging colour and intensity, cropping and rotation for 
each of the chosen six images, and added to the data
base. The database, therefore, contained 5000 images. 
The whole database is duplicated to form another four 
different-sized databases involving 10000, 15000, 
20000 and 25000 digital images.

Performance Study: The SSONDM was tested on 
the above five image databases. In addition, for com
paring the performances of the SSONDM with classical 
methods, two classical methods with different combi

nations of modules, as listed in Table 1, were 
developed.

Tables 3 and 4 present the six different-sized QIs 
(QI-1 to QI-6) and their NDs, respectively. The ident
ified KPs by FHMBD and FCD modules were marked 
on the QIs and presented in Table 5. It is observed 
from the table that the FCD module found a greater 
number of KPs than that of FHMBD. The proposed 
SSONDM selected only 50% of the strongest KPs 
from each of the FHMBD and FCD modules and com
bined them into a set of KPs. It then evaluated the 
SURF descriptors at all these KPs. Such blending of 
KPs would cover both the low and high gradient 
parts of the images. During querying, the SSONDM 
compared the KPs of QI with all the KPs of all 
images in the database. The false matches were elimi
nated by the RANSAC module. The images were then 
ranked considering the count of matched pairs. The 
high-ranked images were taken as NDs. The match
ings of the top-ranked images were marked by 
yellow lines between the matched KPs of QI-1 and 
its NDs before and after RANSAC are exhibited in 

Table 3. Query images.
No Image No Image

QI-1

Size: (663*474*3) 

QI-4

Size: (598*800*3)

QI-2

Size: (552*736*3) 

QI-5

Size: (640*960*3)

QI-3

Size: (650*975*3)

QI-6

Size: (720*1280*3)
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Tables 6 and 7, respectively in addition to mentioning 
the number of matched pairs. It can be observed from 
the number of matched pairs that the RANSAC elimi
nated the wrong matches.

All the three methods successfully detected the ND 
images for QIs-1, -2 and -6. But both CNDDM-1 and 
CNDDM-2 failed to detect an ND for QI-3 and QI-5, 
and CNDDM-1 failed to detect an ND for QI-4, while 
the proposed SSONDM was able to successfully 
detect all the NDs for all the six QIs. The CNDDMs 
were unsuccessful in detecting a few of the rotated 
and cropped NDs. The success and failure of all three 
methods are marked with ✓ and ×, respectively in 
Table 8. The true and false classifications by the 
CNDDM-1, CNDDM-2 and SSONDM for the entire 
image database are denoted by 

. true original (TO), the original image rightly categor
ized as original;

. true duplicate (TD), the ND image rightly detected 
as ND;

. false duplicate (FD), the authenticated image falsely 
identified as ND;

. false original (FO), the ND image falsely categorized 
as authentic.

The confusion matrices relating the actual and esti
mated classes for all five image databases are 

presented in Tables 9–13. In confusion matrices, the 
diagonal values, representing TO and TD, must equal 
the actual class numbers, while the off-diagonal 
values, denoting FD and FO, must be ideally zero. 
These off-diagonal values must be as small as possible. 
Comparing the off-diagonal values of the proposed 
SSONDM with CNDDM-1 and CNDDM-2 for all the 
five image databases, it is very clear that they are 
smaller than those of the CNDDM-1 and CNDDM-2, 
thereby portraying the better performances of the pro
posed SSONDM.

Five metrics given by Equations (19)-(23) were 
computed from the confusion matrices for all three 
methods for all the five image databases. Several 
performance values of the three methods for all 
the five databases may not convey anything pre
cisely. Moreover, it was observed that there was a 
small variation in the performance values for 
different image databases, and therefore the 
average of these values was computed and pre
sented in Figure 7. Comparing the performance 
values given in the figure, it is very clear that the 
SSONDM offered better performances than those of 
CNDDM-1 and CNDDM-2.

Accuracy =
(TD+ TO)

(TD+ TO+ FD+ FO)
(25)

Table 4. NDs in the image database.
ND1 ND2 ND3 ND4 ND5
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Sensitivity =
TD

(TD+ FO)
(26)

Specificity =
TO

(TO+ FD)
(27)

Precision =
TD

(TD+ FD)
(28)

F1 =
2× Precision× Sensitivity

Precision+ Sensitivity
(29)

The training time for forming the Bag of VWs by 
CNDDM-1, CNDDM-2 and SSONDM for all the five 
image databases and the querying time for detecting 
the NDs were measured, and presented in Tables 14
and 15, respectively. The training times were much 
larger compared to querying times as the methods 
had to process all the images in the entire database. 
It is seen from the tables that both the training and 
the querying times of the proposed SSONDM are 
lower than those of CNDDM-1 and CNDDM-2, 
thereby portraying the computational efficiency of 
the developed SSONDM.

Table 5. QIs with identified KPs.
No Image with FHMBD KPs No. of KPs Image with FCD KPs No. of KPs

QI-1 442 675

QI-2 209 164

QI-3 2457 5549

QI-4 689 1100

QI-5 690 1685

QI-6 3763 8274
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Conclusion

An efficient and robust ND image detection method 
was suggested to overcome the drawbacks of the 
existing classical methods. The method used FHMBD 
and FCD for identifying the most significant KPs both 

at low- and high-gradient regions. The PCA reduced 
the dimension of the SURF descriptor and lowered 
the subsequent computations during training. The 
SSO attempted to find the global best VWs than 
that of the existing K-means algorithm. The 

Table 6. ND detection of SSONDM for QI-1 before RANSAC.
Querry and ND images with matched KPs Querry and ND images with matched KPs

No of matches: 463 No of matches: 422 No of matches: 18

No of matches: 333 No of matches: 243 

Table 7. Duplicate Detection of SSONDM for QI-1 after RANSAC.
Querry and ND images with matched KPs Querry and ND images with matched KPs No. of matched KPs

No of matches: 462 No of matches: 419 No of matches: 16

No of matches: 331 No of Matches: 241 
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method was tested on 5 image databases and found 
to offer better accuracy, sensitivity, specificity, pre
cision and F1 values of 99.9, 98.67, 99.91, 87.11 
and 92.52, respectively than those of classical 
methods. Moreover, the training time of the pro
posed SSSO method for the database with 25,000 
images was 1485 s, which is lower than those of 
the CNDDM-1 and CNDDM-2 taking 1597 and 
1830, s respectively. A similar reduction in the 
querying time of the proposed method was also rea
lized. The improvement in the detection process 
may be studied with artificial neural networks, 
deep learning, neuro-fuzzy systems, other KP detec
tion schemes, other hybrid descriptors, and evol
utionary algorithms as future work.

Table 8. Success (✓) and Failure (×) in finding NDs.
ND1 ND2 ND3 ND4 ND5

QI-1 CNDDM-1 ✓ ✓ ✓ ✓ ✓
CNDDM-2 ✓ ✓ ✓ ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

QI-2 CNDDM-1 ✓ ✓ ✓ ✓ ✓
CNDDM-2 ✓ ✓ ✓ ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

QI-3 CNDDM-1 × ✓ ✓ ✓ ✓
CNDDM-2 × ✓ ✓ ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

QI-4 CNDDM-1 ✓ × ✓ ✓ ✓
CNDDM-2 ✓ ✓ ✓ ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

QI-5 CNDDM-1 ✓ ✓ × ✓ ✓
CNDDM-2 ✓ ✓ × ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

QI-6 CNDDM-1 ✓ ✓ ✓ ✓ ✓
CNDDM-2 ✓ ✓ ✓ ✓ ✓
SSONDM ✓ ✓ ✓ ✓ ✓

Table 10. Confusion Matrix for the database containing 10,000 images.

Table 9. Confusion Matrix for the database containing 5000 images.
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Table 11. Confusion Matrix for the database containing 15,000 images.

Table 12. Confusion Matrix for the database containing 20,000 images.

Table 13. Confusion Matrix for the database containing 25,000 images.
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