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ABSTRACT

Many of the near-duplicate (ND) image detection methods involve a greater number of interest
points (IPs) and large dimensions of the feature descriptors requiring huge computations and
are unsuitable for large image databases. They may fail to detect NDs if the query and images in
the database contain sparse IPs due to low entropy. Besides, the k-means algorithm used for
the quantization of visual words may land at a sub-optimal minimum for descriptors
because of their distance distribution in feature space. This article presents a new ND image
detection method, which uniformly distributes the IPs over low and high entropy regions,
reduces the dimension of feature descriptors using discrete wavelet transform (DWT) and
employs Seagull Optimization algorithm (SOA) for optimally forming the visual words. It
examines proposed method performs on image databases of various sizes and shows that
the developed method is more reliable and computationally efficient than the alternatives.

Introduction

Near-Duplicate (ND) image detection is an important
problem with several applications such as the detec-
tion of copyright infringement and the reduction of
storage space. A duplicate is a digital image that is
visually identical and differs only on the scale,
colour schemes or storage format of the original
image, while an ND is further varied by contrast,
luminance, rotation, translation, a slight change of
the background of the original document but is
nearly identical from the perception of users.
Additional alterations like the insertion of a caption
and/or a logo may further alter their appearance.
Duplicate detection is a binary decision problem
resulting in an answer of ‘yes’ or ‘no’ to confirm
the ND of a given pair of images. The majority of
the images are used unlawfully violating the copy-
rights. Any image uploaded to a website violates
copyrights unless it is a personal photo or a trans-
formed image created by the owner of the personal
photo. Automatic online detection of duplicates
enables the finding of copyright infringements and
allows the rights holders to enforce their rights. The
existing ND detection methods aim at detecting the
NDs of a given query image among a collection of
digital images and differ in making significant inno-
vations in various modules of ND detection systems
such as feature descriptors, dimensionality reduction,
indexing, quantization and geometric consistency
verification of matched features [1].
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Several methods for ND detection have been
suggested in the literature [2]. These methods are gen-
erally classified into watermarking-based strategies
and content-based approaches. The former strategies
embed a digital signature within the original image
before distribution for ascertaining the ownership
and subsequently perform checking the presence of
embedded signature in website images for NDs. The
later approaches analyse the contents of digital
images by extracting relevant visual features. They
compare the query image features with those of the
digital images in the website and identify the
images, whose features are closer to those of the
query image, as ND images. Many of the content-
based duplicate detection algorithms identify interest
points (IPs), extract local feature descriptors by using
algorithms like Scale Invariant Features Transform
(SIFT), Speeded Up Robust Features (SURF), etc., and
perform indexing or quantization of the evaluated
feature database. The number of IPs and the length
of the descriptors are so large and become a limiting
factor for application to large image databases (IDBs).
Though these approaches are robust, they may not
detect NDs if the query and images in the database
may contain sparse IPs due to low entropy regions
indicating smooth regions like plains, sea and so on.
Besides, the k-means algorithm used for the quantiza-
tion of features may land at a sub-optimal trap for
descriptors given their distance distribution in
feature space. There is thus a need for dimensionality
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reduction of the features before hashing or quantiza-
tion and avoiding local minima during quantization
into visual words.

Recently, a Seagull Optimization algorithm (SOA),
inspired from the natural seagulls’ migratory and
assault patterns, has been suggested for handling
optimization problems [3] and portrayed to be
superior to other evolutionary algorithms like genetic
algorithm, bacterial foraging, biogeography based
optimization and so on. In SOA, seagulls representing
probable solutions migrate from one location to
another in search of foods like fish, earthworms,
insects, amphibians, reptiles and other small animals.
During migration, seagulls frequently attack other
birds in a spiral natural shape at sea. The SOA was
applied to solving a variety of real-world optimization
problems such as classification [4] and detection of
NLOS nodes in VANET [5].

This paper proposes a new ND image detection
method for improving the computational efficiency
and robustness through blending the IPs obtained by
two different techniques for uniformly distributing
the IPs over low and high entropy regions, reducing
the dimension of feature descriptors using discrete
wavelet transform (DWT) and employing SOA for opti-
mally forming the visual vocabulary. The proposed
method has been studied on large IDBs and their per-
formances have been discussed in the paper.

There are five sections in this paper. The associated
work is surveyed in Section 2, the ND detection meth-
odologies are outlined in Section 3, the developed ND
detection scheme is described in Section 4, the results
are shown in Section 5 and the article is concluded in
Section 6.

Related work

Several methods were suggested for detecting NDs in
large IDBs in recent decades. This section reviews a few
of these techniques.

Ke et al. performed ND detection using sparse
descriptors, obtained from each image and related
with a locality sensitivity hashing (LSH) for quick
search on the individual features [6]. The methodology
used SIFT for evaluating features and employed PCA
for dimensionality reduction. The computational over-
head was found to be prohibitive especially for larger
IDBs. Wang et al. presented an ND detection algorithm,
which first calculates the k-bit hash code for each
image and then performs the ND detection using the
hash codes [7]. Chen and Stentiford developed an
ND detection method involving colour and texture-
based signatures. The approach did a heuristic match-
ing based on unrestricted competition [8]. Foo et al.
outlined a clustering method for ND image detection
employing invariant image local descriptors and
adopting ND text-document clustering techniques

[9]. Zhao et al. employed SIFT, PCA and DoG for
image representation and adopted LIP-IS for better
nearest neighbour search (NNS) for developing an
ND identification system. The scheme also eliminated
false matches and located the exact nearest neighbour
[10]. Chum et al. developed two schemes for ND image
and video-shot detection. The former one used hier-
archical colour histograms and LSH for quick detection,
while the latter one used SIFT descriptors and min-
hash algorithm. Both methods required less data
storage and yielded good results [11].

Xu et al. suggested a two-stage scheme for the
detection of NDs and retrieval. The distances among
two rectangle blocks of two images were evaluated
using SIFT descriptors in the first stage, while in the
next stage, several hypotheses were performed for
detecting scale variations. The method may fail if the
image underwent image rotations [12]. Wang et al.
proposed an ND detection approach combining both
local and global features, and using an efficient
hashing technique and map-reduce framework [13].
Hsieh et al. outlined an ND image detection technique
adopting hash tables for fast image matching and ND
detection. It initially extracted the image features and
stored them in the slots of multiple hash tables. It
then hashed the descriptors and assessed whether
the query image was an ND one with a low compu-
tational burden [14]. Yao et al. presented an ND
image detection method adopting a contextual
descriptor for measuring the similarity and discarding
the mismatches and reducing the number of images
[15].

Liu et al. outlined an adjustable-length signature for
ND detection, wherein an image was denoted by a sig-
nature, whose length depends on the number of
patches. The method utilized the earth mover’s dis-
tance to handle adjustable-length signatures [16].
Pawar and Mankar proposed a method that extracted
patches of variable length signatures through cluster-
ing adjacent and visually similar pixels of the images
for ND detection. Probabilistic binary pattern and dis-
tance were employed to calculate the similarity
between the two images [2]. Deshmukh and Lambhate
developed a MapReduce-based ND image identifi-
cation technique for improving the efficiency and
reliability of the search. MapReduce was simple and
parallel computing techniques normally used for ana-
lysing huge data with minimum storage space [17].
Layek et al. developed a hybrid methodology combin-
ing global moment-invariant features and local feature
vectors for identifying and grouping NDs from images
posted on social media [18]. Landge and Mane sur-
veyed the literature about ND image-matching tech-
nigues and discussed several schemes for
representing images, extracting features and evaluat-
ing the similarity between two images [19]. Zhang
et al. presented a Bitwise LSH method employing a



bit per hash, thereby significantly reducing the
memory for storing hash values, and performing the
ND detection of images, videos and web documents
much faster [20]. Jayshree and Bhale suggested an
ND detection method involving Earth Move’s Distance
Algorithm. The method evaluated patches that rep-
resented changeable length signatures by clustering
the adjacent and visually same pixels of the image
[21]. Thaiyalnayaki et al. proposed a method for index-
ing ND Images in the Web Search. The method
employed SURF for extracting the features and
hashing for sorting ND images based on the query
image [1]. Fellah proposed a generalized domain-inde-
pendent clustering for detecting ND records. The
method worked recursively for arranging NDs as hier-
archical clusters with a view of reducing the search
space [22]. Albayrak et al. developed a duplicate
record detection scheme for e-commerce applications
using a real-world dataset. The method generated
potential duplicate product pairs for training using
text similarity and domain-specific distance metrics. It
was shown that the scheme could detect duplicates
with good accuracy [23]. Chevallier et al. introduced
the idea of an ND dataset involving data exploration,
data integration and data quality. It employed a meth-
odology for artificially creating the training data [24].
Gusev and Xu presented a method for detecting ND
images from a large image database involving candi-
date production, selection and clustering. It employed
visual embedding to lower the computational burden
[25]. Wang et al. studied the ND text alignment search
problem and suggested leveraging the bottom-k-
sketch. It identifies groups of sections with comparable
sketches as NDs [26]. Mehta and Tripathi suggested an
ND detection technique by analysing the edge profile
obtained by the edge histogram descriptor and SVM
classifier [27]. Outlined an ND detection method invol-
ving a sectional MinHash algorithm, which predicts the
similarity between two documents. The method
attempted to lower the hashing time while retaining
the detection accuracy [28].

Proposed SOA-based ND detection method

The conventional scheme of ND detection of a query
image is given in Figure 1. It initially pre-processes all
the images in a large IDB by removing their noises
and converting them into grey scale. It then identifies
the IPs either by using the Difference of Gaussian (DoG)
or fast Hessian matrix (FHM) or FAST corner points, and
evaluates local descriptors employing SIFT or SURF. It
forms a visual vocabulary as depicted in Figure 2
using K-means clustering. It then searches the features
of a query image in the clustered visual vocabulary by
the concept of inverted file indexing as explained in
Figure 3. The geometrical consistence of matched
points is verified by applying RANSAC [29] and the
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false matches are eliminated. It then ranks the
images based on the number of matched feature
points. A few of the top-ranked images are considered
NDs.

Instead of using a single technique for identifying
the IPs, the proposed methodology uses DoG and
minimum eigenvalue (MEV) based approaches for
finding the IPs at both low and high entropy regions
[30]. Then 50% of the strongest IPs of each approach
are used for computing the local descriptors using
SIFT [31]. This process is repeated for all images in
the entire IDB. The dimension of SIFT descriptor is
128, which is large enough to make the ND detection
process highly inefficient. DWT, a powerful technique
using dyadic positions and scales, is applied for redu-
cing the dimension of each descriptor. The 128-dimen-
sional SIFT descriptors at each IP are rearranged into a
(16 x 8) sized matrix, which is then passed through a
DWT as shown in Figure 4 to form 4 sub-bands (LL,
LH, HH and HL). The approximation component (LL)
with a size of (8 x4) is rearranged into a (1x32)
sized vector and considered as the reduced descrip-
tors, while discarding the detailed components of LH,
HL and HH [32].

The reduced descriptors, organized in the form of a
matrix [$7] of size (N x L), are clustered into K-number
of visual words [vw;, vwsy, ..., vwk] by using the
K-means clustering technique [33], which lowers the
sum of squares of Euclidean distance (ED) between
the visual words and the feature descriptors.

K N
Minimize Q = > > " [$f — vw7 | M
m=1 n=1
Gray scale
iy » conversion and — ‘IP .
Database . Identification
Noise Removal ¢
Formation of Computation of
Visual =1 Local Feature
Vocabulary Descriptors
Query Inverted File False Match
Indexin > Elimination by
Image €Xing
RANSAC
Classification |j¢—| Ranking

AN

Top IDB
Ranked does not
Images contain
as NDs NDs

Figure 1. Generalized ND detection.
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(a) feature points mapped in feature space

Figure 2. Construction of visual vocabulary.
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Figure 3. Principle of Inverted File Indexing.

(b) voronoi cell based partition

$%, represents the jth value of the nth reduced
feature

vw,, indicates the mth visual word

vWp,; denotes the jth value of mth visual word

N represents the number of features

L denotes the length of each feature vector.

The K-means technique may land at a sub-optimal
trap for image descriptors given their distance distri-
bution in feature space. The proposed methodology
adopts SOA for optimally forming the visual words.
Each seagull’s position in any flock denotes a solution
to the clustering problem as

—
PSG = [vwy, vws, ..., vwk] = [(vwqq, vWqa, ..., VWq),
(vwar, vWay, .., VW), - -+, (VWk1, VW2, ..., VW]
3)

The optimization process uses the seagulls’ behaviour
of migration and attack during the search for foods like
fish, earthworms, insects, amphibians, reptiles and
other small animals. The fitness of a trial solution for
the problem variable vector can be assessed by a
fitness function formed from the problem’s objective
function of Equation (1). The fitness value is calculated
by the following fitness function (F) adopting Equation
(1) for each candidate solution during the iterative

Feature Matrix [16 x 8]

f(m)

f(m)

v A 4 A\ 4 A 4

LL LH HL HH

(Reduced
Features)
[8 x 4]

g(m)

f(m) g(m)

g(m)

Figure 4. Two-dimensional DWT.



process.

1
Maximize F = (4)

K N
1+ Zm:1 Zn=1 $ﬁ - VW1277

Seagulls’ migration is considered a global search as
such search represents large-scale flights, while their
attack is represented as a local search.

Migration: During migration, seagulls must fly in
the path of the best location. A supplementary variable
‘S’ is introduced in between neighbouring seagulls to
evade collisions. The change in the position required
to evade collisions can be expressed by Equation (5).

—_—k —_
APSG (t+1) =S x PSG(t) (5)

where
—
APSG reflects the change in the position of seagulls

required for evading collisions
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P—S(>3(t) denotes the current position of seagulls at
instant-t.

S reflects the seagulls’ movement factor, which is
linearly varied from S° to 0 during iterations by
Equation (6).

ot

S=5—
MNI

where

t is the iteration counter

59 is the initial S parameter

MNI denotes maximum number of iterations.

The seagulls follow the fittest neighbour after
evading the collisions of neighbouring seagulls. Such
movement is so randomized to achieve a better
balance between exploration and exploitation during

Acquire the reduced descriptors [$ %],
and set the number of visual words,

"

Choose the SOA parameters

v

Randomly form a flock of seagulls

v

Set ¢t = @

v

Compute the Fitness of all seagulls using Eq. (4)

i

Perform Migration using Eqgs. (5)-(8)

v

Perform Attacking using Egs. (9)-(13)

v

Is

= MNI
?

Yes

Y

t=t+1

The fittest seagull
represents the optimal
visual words

v

( Stop )

Figure 5. Flowchart of SOA.
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Table 1. Modules of proposed and existing methods.

IPs Descriptors Feature reduction Clustering False matches elimination
Method DoG FHM MEV SIFT SLCBD Wavelet K-means SOA RANSAC
EM-1 v v v v
EM-2 v v/ v v
EM-3 v v
SNDD v v v 4 v v
Table 2. Query images.
No. Size No. Image Size
201*
277* 251*3
182*3
1 4
1200*
275*
900*3
183*3
2 5
259* 276%
194*3 183*3
3 6

Table 3. NDs in the IDB.

Ql-1




the search as given by Equation (7).

NG
APSG (t+1) =2 x S$* xrand(0, 1)

— s Fit

—
x (PSG (t) — PSG(t)) (7)

where

— s #

APSG reflects the change in position of seagulls
required to follow the fittest seagull

— Fit

PSG (t) denotes the fittest seagull in the flock at tth
iteration

rand(0, 1) denotes a random number that falls in
between 0 and 1.

Table 4. Query images with detected IPs.
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The seagull can update its location following the best
search agent. The net distance between the seagulls and
the fittest seagull can be written by Equation (8).

—— s net NG _
APSG  (t+ 1) = (APSG (t+ 1) — APSG* (t + 1)) (8)

Attack: The purpose of exploitation is to exploit the
experience and history of the search process. At the
time of migration, seagulls change their velocity and
attack angle. They use their wings and weight to keep
their altitude and do spiral movements in the sky while
attacking the prey. The behaviours in the x, y and z

No. Image with DoG IPs No. of IPs Image with MEV IPs No. of IPs

242 561
1

202 2690
2

45 466
3

39 130
4

173 519
5

262 1088
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planes are given in Equations (9)—(12).

x* = A x cos(6) 9)
y* = A x sin(6) (10)
Z=Ax8 an
A=Bx (12)

where

A is the spiral’s radius for each rotation

6 is a random number

B and « are constant factors representing spiral
rotation.

The seagulls’ position can be modified using
Equations (8)-(12) as

— —— > net
PSG(t+ 1) = (APSG (t+ 1) x x* x y* x Z¥)
_)Fit
+PSG () (13)
—
where PSG(t + 1) denotes the position of seagulls in
the next iteration.
The suggested SOA begins with a flock of seagulls
that is randomly formed. During the iterative process,
the seagulls modify their positions following the

Table 5. ND detection of SNDD for QI-5 before RANSAC.

fittest seagull. The S is linearly varied from 5° to 0
during iterations for realizing a linear transition
among exploration and exploitation, and lands at the
global best position. The flow of the SOA’s solution
process is explained in Figure 5. The method also
adopts the conventional modules of inverted file index-
ing, false match elimination by RANSAC, ranking the
NDs based on the number of matches and classification.
The top-ranked ones are considered NDs.

Results and discussion

The proposed SOA-based ND Detection (SNDD) was
studied on five IDBs containing 5000, 10,000, 15,000,
20,000 and 25,000 images. In this regard, 4976
images were collected from websites through brows-
ing. Among the collected images, six sample query
images (QI-1 to QI-6) that classically contain photo-
graphs of Church, Mother Theresa, Pyramids, Rose, Taj-
mahal and Tiger, were selected and four NDs were
artificially created for each of the chosen six images
through colour change, rotation, intensity variation,
cropping, etc. and included in the IDB, thereby
making the size of 5000. Large IDBs comprising

Querry and ND images with matched IPs

No. of matched IPs

208

174

128

115




10,000, 15,000, 20,000 and 25,000 images were
obtained by duplicating the IDB containing 5000
images. These IDBs (denoted as IDB-1- IDB-5) were
used for studying the performances of the PMs
through indexing and searching for NDs of query
images. In addition, the results of the PM were com-
pared with those of two EMs (EM-1 and EM-2) invol-
ving DoG/FHM, SIFT, K-means clustering and
RANSAC, and another existing method (EM-3) adopt-
ing Spatial Layout of Colour Based Descriptor
(SLCBD) and K-means clustering. The combinations of
various modules employed in the proposed and EMs
are given in Table 1.

The sample six Qls with their sizes and NDs are
given in Tables 2 and 3 respectively. Table 4 displays
the images with detected DoG and MEV-based IPs.
All the detected IPs either by DoG or MEV were used
in the existing methods, while in the PM, 50% of the
strongest DoG-based IPs and 50% of the MEV-based
IPs were used in the subsequent processes.

It is obvious from Table 4 that the DoG-based
scheme identifies lesser number of IPs at abruptly
changing regions with large gradients, while the MEV
finds a larger number of IPs distributed throughout

Table 6. ND detection of SNDD for QI -5 after RANSAC.
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the image. Combining the strongest IPs of each
approach gives a balance between the low entropy
and high entropy regions.

The query image and the NDs marked with matched
IPs before and after applying RANSAC are shown in
Tables 5 and 6 respectively for QI-5. The tables also
include the number of matched pairs in each detected
ND image. The number of matched IPs after the
removal of inconsistent IPs is slightly smaller than
the number of matches before removal. However,
they contain only the true matches belonging to the
query and ND images.

The successfully detected and undetected NDs for
all six query images are given in Table 7. It is very
clear from the table that the developed method ident-
ified all the NDs of the given query images, while the
existing methods failed to detect one or more NDs,
especially the cropped and rotated images. The
correct or wrong classification by the proposed and
existing methods was also studied for all the image
databases, and are represented by

e true positive (T+), the ND image correctly classified
as ND;

Querry and ND images with matched IPs

No. of matched IPs

203

166

122

99
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Table 7. Success (v') and Failure (x) in detecting NDs.

Query image

Near duplicates

EM-1

EM-2

EM-3 SNDD

Ql-1

Ql-2

Ql-3

Ql-4

Ql-5

Ql-6

ND-1
ND-2
ND-3
ND-4
ND-1
ND-2
ND-3
ND-4
ND-1
ND-2
ND-3
ND-4
ND-1
ND-2
ND-3
ND-4
ND-1
ND-2
ND-3
ND-4
ND-1
ND-2
ND-3
ND-4

AN N N N e N N N N SN

AN N N A e e e e N N N N N N SN

AX X AAUX X AX X AX XX NUX X NNUX X NX
AN N R N S N N S S N S NN NN

Table 8. Confusion matrices of developed methods.

matrix.

true negative (T-), the original image correctly
classified as original;
false positive (F+),
classified as ND; and
False negative (F-

the original image wrongly

), the ND image wrongly classified

The true and estimated classifications of the pro-
posed method are studied through a confusion
It is expected that the proposed method
should have ideally zero F* and F~. The classifications
by the developed and existing methods are obtained
for all the IDBs and consolidated in Table 8 in addition
to including the per cent of T*, T—, F* and F~values
concerning a total number of images. The table indi-
cates that the TtandT per cent values of the pro-
posed SNDD are (99.92% & 100%), (99.9% & 100%),
(99.9% & 100%), (99.88% & 95.83%) and (99.86% &
95.83%), which are relatively greater than or equal to

Detected class

True Class

True Class

True Class

True Class

True Class

EM-1

EM-2

EM-3

SNDD

EM-1

EM-2

EM-3

SNDD

EM-1

EM-2

EM-3

SNDD

EM-1

EM-2

EM-3

SNDD

EM-1

EM-2

EM-3

SNDD

IDB-1 (5000 images)

Original (4976)

ND (24)

Original (4976)

ND (24)

Original (4976)

ND (24)

Original (4976)

ND (24)

IDB-2 (10,000 images)

Original (9952)

ND (48)

Original (9952)

ND (48)

Original (9952)

ND (48)

Original (9952)

ND (48)

IDB-3 (15,000 images)

Original (14928)

ND (72)

Original (14928)

ND (72)

Original (14928)

ND (72)

Original (14928)

ND (72)

IDB-4 (20,000 images)

Original (19904)

ND (96)

Original (19904)

ND (96)

Original (19904)

ND (96)

Original (19904)

ND (96)

IDB-5 (25,000 images)

Original (24880)
ND (120)
Original (24880)
ND (120)
Original (24880)
ND (120)
Original (24880)
ND (120)

Original (4976)
4970 (99.88%)

(4.
247 (49.68%)
(58.33%)
497 (99.92%)
(
Original (9952)
9934 (99.82%)
6 (12.5%)
9914 (99.62%)
4 (8.33%)
4944 (49.68%)
8 (58.33%)
2 (99.90%)
0 (0%)

994

Original (14928)
14898 (99.80%)
9 (12.5%)
14868 (99.60%)
6 (8.33%)
7416 (49.68%)
2 (58.33%)
3 (99.90%)
0 (0%)

1491

Original (19904)
19856 (99.76%)
2 (12.5%)
19820 (99.58%)
8 (8.33%)
9888 (49.68%)
6 (58.33%)
0 (99.88%)
4 (4.17%)

1988

Original (24880)
24815 (99.74%)
5 (12.5%)
24770 (99.56%)
0 (8.33%)
12360 (49.68%)
0 (58.33%)
5 (99.86%)
5 (4.17%)

2484

(24

©.

(91.67%)

(0.28%)

3 (95.83%)

2504 (50.32%)
10 (41.67%)

4 (0.

4 (

100%)

30 (0.20%)
63 (87.5%)
60 (0.40%)
6 (91.67%)
7512 (50.32%)
30 (41.67%)
15 (0.10%)
2 (100%)

(
48 (0.24%)
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84 (0.42%)
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10016 (50.32%)
40 (41.67%)
24 (0.12%)
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Table 9. Comparison of performances.
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Method Accuracy Sensitivity Specificity Precision F1
IDB-1 EM-1 99.84 91.67 99.88 7857 84.62
EM-2 99.70 95.83 99.72 62.16 75.41
EM-3 49.64 4167 49.68 0.40 0.79
SNDD 99.92 100.00 99.92 85.71 92.31
IDB-2 EM-1 99.76 87.50 99.82 70.00 77.78
EM-2 99.58 91.67 99.62 53.66 67.69
EM-3 49.64 41.67 49.68 0.40 0.79
SNDD 99.90 100.00 99.90 82.76 90.57
IDB-3 EM-1 99.74 87.50 99.80 67.74 7636
EM-2 99.56 91.67 99.60 5238 66.67
EM-3 49.64 41,67 49.68 0.40 0.79
SNDD 99.90 100.00 99.90 82.76 90.57
IDB-4 EM-1 99.70 87.50 99.76 63.64 73.68
EM-2 99.54 91.67 99.58 51.16 65.67
EM-3 49.64 4167 49.68 0.40 0.79
SNDD 99.86 95.83 99.88 7931 86.79
IDB-5 EM-1 99.68 87.50 99.74 61.76 72.41
EM-2 99.52 91.67 99.56 50.00 64.71
EM-3 49.64 4167 49.68 0.40 0.79
SNDD 99.84 95.83 99.86 76.67 85.19
the existing methods (EM-1, EM-2 and EM-3), thereby
portraying the superiority of the proposed methods. o T+
The most important performance metrics of accu- Sensitivity = T+ +F) (15)
racy, sensitivity, specificity, precision and F1 were
isti s T
also computed for the proposed and .eX|st|ng Specificity = — _ (16)
methods and compared for all the five IDBs in Table (T—+F*)
9. The performance metrics of the proposed SNDD
are much better than the existing methods of EM-1, .
EM-2 and EM-3. The average performance metrics of Precision = _ (17)
(T +F*)

the proposed SNDD method are graphically compared
with EM-1, EM-2 and EM-3 in Figure 6, which exhibits
the superior performances of the proposed SNDD for
different-sized IDBs.

(Tt +T7)
Accuracy = AT 1 F 1) (14)
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Figure 6. Comparison of average performance metrics.

—
@ \©
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Specificity

Fo 2 x Precision x Sensitivity (18)
"' ™ Precision + Sensitivity

With a view of studying the computational efficiency
of the proposed SNDD, the time for evaluating the fea-
tures and creating the Bag of Visual Words by EM-1, EM-
2, EM-3 and SNDD for all the five IDBs were measured,
and given in Table 10. Analysing the computation
times, it is generally clear that the proposed SNDD is

=N
x
=N
o)

[sa)

=

59

©

®EEM-1 mEM-2 s EM-3 mSNDD

89.08

_ 76.97

& | 0.79

_ 81.44

— 53.87

SO 49,68
. 68.34
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Table 10. Computation time for creating bag of visual words.

Database size EM-1 EM-2 EM-3 PM

IDB-1 320 340 256 273
(5000)

IDB-2 580 680 483 556
(10,000)

IDB-3 860 980 698 740
(15,000)

IDB-4 1150 1340 967 1110
(20,000)

IDB-5 1650 1900 1184 1538
(25,000)

Table 11. Querying time (seconds).

Database size EM-1 EM-2 EM-3 SNDD

IDB-1 2.1 24 1.7 1.9
(5000)

IDB-2 2.7 29 2.2 2.3
(10,000)

IDB-3 34 3.1 24 2.6
(15,000)

IDB-4 37 33 29 31
(20,000)

IDB-5 4.2 3.7 3.1 34
(25,000)

faster than the EM-1 and EM-2, slower than EM-3 at the
cost of losing other performances. It is to be pointed out
that the computation time exponentially increases with
the size of the IDB. The large computation times are
acceptable, as they are to be formed only once,
before searching for NDs. The querying time for search-
ing NDs for a query image is very important and hence
measured for all the six query images at all the five IDBs,
and compared in Table 11. Itis seen from the table that
the querying time is much smaller than the existing
methods of EM-1 and EM-2, and slightly larger than
EM-3. The proposed SNDD is computationally superior
to existing methods.

Conclusion

A new ND image detection method involving DoG,
MEV, DWT and SOA was developed in this paper. The
strongest DoG and MEV-based IPs were used for distri-
buting the IPs over low and high entropy regions of
images, and the DWT was used for reducing the
dimensionality of each feature vector. The SOA was
employed for optimally forming the visual words.
The developed method was studied on IDBs compris-
ing 5000-25000 digital images and found that the
developed method was more robust and computa-
tionally efficient, thereby making it suitable for online
applications. Moreover, the blending of the DoG and
MEV-based IPs makes the detection process more
robust, even on images with low entropy regions.
The method can further be modified to detect image
forgeries. Moreover, other types of IP detection

methods and other metaheuristic algorithms can be
applied to the developed ND detection method for
future work. Intelligent algorithms like fuzzy logic
and deep learning can also be applied for enhancing
the ND detection process.
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