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Abstract—In this paper, we propose a novel copy-move forgery 

detection scheme which can accurately localize duplicated 

regions with a reasonable computational cost. To this end, a new 

interest point detector is proposed utilizing the advantages of 

both block-based and traditional keypoint-based methods. The 

detected keypoints adaptively cover the entire image, even low 

contrast regions, based on a uniqueness metric. Moreover, a new 

filtering algorithm is employed which can effectively prune the 

falsely matched regions. Considering the new interest point 

detector, an iterative improvement strategy is proposed. The 

whole procedure is iterated along with adjusting the keypoints 

density based on the achieved information. The experimental 

results demonstrate that the proposed scheme outperforms the 

state-of-the-art methods using two public benchmark databases. 

 
Index Terms—digital image forensics, copy-move detection, 

interest point detection, duplicated region localization 

 

I. INTRODUCTION 

owadays, digital images are inseparable parts of the 

human life. Images can save the moments very easily. 

There are also a lot of powerful editing software. Although 

they are helpful, they may facilitate the possibility of 

tampering and counterfeiting. The main goal of creating 

fakery is altering the semantic, and the most important 

outcome is the reduction of trust to photos. For instance, it is 

not assured to rely on an image as a clue in a court. As a 

consequence, the image forensic tools are essentially required 

to discriminate the tampered images from real ones. A lot of 

efforts have been conducted in order to overcome this 

problem. Nevertheless, existing methods are not effective 

enough against real attacks. In fact, their accuracy is not 

appropriate in most of the practical cases. 

There are two main approaches in digital image forensics 

[1]. Active methods utilize extra data embedded into the 

media. In contrast, employing additional information is not 

required in a passive approach. Passive methods just analyze 

the image content without resorting to any watermark or 

signature [1-3] and thus are of more practical significance. 
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Copy-move (region duplication) is a common attack in 

which at least one part of an image is copied and pasted onto 

another area of the same image. The main aims of the 

copy-move forgery are to conceal objects or overemphasize a 

concept by duplicating some regions. This is a special case of 

splicing attack (parts of two or more images are merged 

together in order to create a new one). However, the 

copy-move forgery cannot be effectively revealed by splicing 

detectors. It is due to the fact that splicing detectors exploit the 

inconsistency of local statistical features, but local features of 

the copied regions are consistent with the other parts [4]. 

Consequently, many passive methods have been proposed to 

detect copy-move forgery. 

In copy-move forgery detection (CMFD) algorithms, it is 

common to find similar patches as the potential copied parts. 

Then, it is necessary to remove false matches through a 

filtering phase. In doing so, geometric inconsistencies are 

usually utilized which mainly demands a high computational 

cost. In this case, the higher amount of unique areas can lead 

to lower mismatched regions [5, 6]. Therefore, in images with 

high similar parts, a huge number of false matches lead to 

ineffective performance. Owing to the fact that the smooth 

areas are extremely similar, some methods neglect these 

regions to achieve a better performance [6-8]. These methods 

may not be able to detect the smooth copied parts. Although 

numerous impressive CMFD methods have been proposed, 

processing the image with smooth areas is still challenging, 

especially in large images. 

In this paper, a novel approach for interest point detection is 

presented which is specialized for CMFD. In our approach, the 

distribution of extracted feature points reflects the local 

information content. It is worth noting that the exploited 

keypoint extractors in CMFD are mostly proposed for object 

recognition. In addition, a new filtering scheme is utilized to 

preserve the correct matches among a great number of 

potential matches with a low computational cost. Furthermore, 

an iterative improvement strategy is proposed based on the 

new interest point detector which greatly enhances the 

pixel-based accuracy. In general, our approach has advantages 

in terms of accuracy and computational cost. 

The rest of the paper is organized as follows. In the next 

section, the previously proposed CMFD methods are reviewed 

briefly. In section III, the proposed scheme is presented in four 

subsections. The experimental results are illustrated in section 

IV in order to validate the superiority of the proposed method. 
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II. RELATED WORKS 

Numerous methods have been proposed to detect the 

copy-move forgery during the last decade. Mostly all of them 

are traditionally categorized into two classes: keypoint-based 

and block-based methods. They both try to extract features, 

describing the local patches robustly, to evaluate similarity 

scores among various regions. The major difference among 

the presented methods is related to the local patch selection 

and description schemes. In fact, a feature vector is extracted 

for each point in block-based methods, while in keypoint-

based schemes a descriptor is just obtained for each salient 

point which are mostly located in high entropy regions [9]. In 

other words, in both schemes, the descriptors are calculated on 

blocks centered on the selected points. It should be noted that 

keypoints may be detected via scale-space techniques. In this 

regard, CMFD methods can be classified into exhaustively 

sampled (sliding window based) and sparsely sampled 

schemes in order to have a more illustrative representation.  

Considering the similarity between the two mentioned 

approaches, a common framework for CMFD is depicted in 

Fig. 1. This is an extended version of the pipeline presented by 

Christlein et al [9]. In contrast to [9], this framework also 

includes the recent CMFD techniques [10, 11]. 

The main objective of the first stage can be summarized as 

the efficiency improvement of the next steps. As a case in 

point, in two recent methods [11, 12], the image is segmented 

in order to reduce the computational complexity and enhance 

the detection accuracy. Then, in a localization phase, the 

centers of local patches (blocks) are determined. Afterwards, 

for each region, a feature vector is computed. 

In the matching stage, similar blocks should be found. A 

search process is performed to find similar feature vectors. 

Since there are similar patches in natural images [13], a 

considerable number of falsely matched pairs may be detected. 

A filtering phase should be conducted to remove spurious 

pairs. 

It is important to discriminate duplicated regions accurately. 

In this regard, some simple processing, e.g. morphological 

operations, are mostly employed in the post-processing stage. 

Some recent schemes are proposed to iteratively refine the 

result of the last stage [10, 11]. They update the matching 

information using the achieved knowledge from the previous 

iterations. 

The most obvious approach for CMFD is to search all 

possible locations and shapes [13]. Needless to say that the 

computational requirement of the exhaustive search makes it 

impractical. On the other hand, occurring errors (false 

matched and miss matched areas) are inevitable. The 

reliability of the matching process is related to local 

distinctiveness. In fact, the matching confidence is highly 

correlated with the local uniqueness. Besides, in order to 

overcome the computational complexity, it is required to 

confine the search space. It may be performed either through 

pruning the sampled points (e.g. sparsely sampled methods) or 

conducting an incomplete search process (e.g. through 

lexicographic sorting). 

Fridrich et. al. [13] commenced the research on the copy-

move detection. They proposed to extract quantized DCT 

(Discrete Cosine Transform) coefficients of all overlapping 

blocks. Lexicographic sorting was also exploited in the 

matching stage in order to overcome the computational 

complexity. Afterwards, a lot of schemes have been proposed 

based on exhaustively sampling. The major difference among 

them is related to their block representation methods. PCA 

(Principal Component Analysis), DCT and SVD (Singular 

Value Decomposition) are some features which are also 

employed [14-20]. It is shown that these features are mostly 

robust against JPEG compression, additive noise and blurring 

[21, 22]. 

Geometric transformations of the copied region may be 

helpful to adapt it with its surrounding. Consequently, it is 

required to exploit a description strategy which is invariant 

against geometric transformations. In order to detect the 

copied patches, underwent geometric transformations, some 

rotation invariant features are employed such as FMT (Fourier 

Mellin Transform) [21] and LBP (Local Binary Patterns) [23]. 

Being limited to special degrees is the main drawback of these 

methods [9]. Representing the circular blocks in the polar 

coordinate is also another technique [6, 24-26]. Generally, it is 

shown that Zernike moments and Polar Cosine Transform 

(PCT) have impressive results for detecting the rotated copies 

[27-29]. 

Some other techniques have been proposed to improve the 

efficiency. Christlein et. al. [7] proposed an algorithm for the 

filtering phase in which the underlying affine transformations 

between the duplicated regions are estimated. Random sample 

consensus (RANSAC) was also employed to estimate affine 

transformations in which mismatched points (outliers) are 

discarded using a random process [8, 28]. Moreover, in [30], a 

matching threshold is adapted for each block. The effect of 

utilizing the adaptive threshold is the higher performance in  

the matching step, and therefore in the rest of the detection 

phases. PatchMatch [31] (a matching algorithm based on 

random search) is also suggested [32] and utilized to detect 
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Fig. 1. Common framework of the copy-move forgery detection methods 
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CMFD [33]. 

Sparsely sampled methods follow another localization 

strategy which use feature points extraction techniques. In this 

regard, SIFT (Scale Invariant Feature Transform) [34] and 

SURF (Speeded-Up Robust Features) [35] are mostly 

employed in order to detect salient points and describe them 

using their surrounding blocks [8, 10-12, 36-41]. Keypoint-

based methods are appropriately robust against geometric 

transformations. A lower computational cost is also imposed 

because of dramatically lower number of points in comparison 

with the sliding window approach. 

It is worth noting that the utilized interest point detectors 

are mostly used for finding correspondences between two 

views of the same object or scene [36, 42]. It is well known 

that each application demands its own constraints; therefore, 

an appropriate feature point detector for one application may 

be ineffective in the context of other problems [5]. Interest 

point detectors focus on areas with high information content, 

as it is expected in such applications [9, 42]. As a result, they 

may neglect the copied areas which are not adequately 

covered by feature points, like low contrast regions. In fact, to 

achieve an appropriate result, duplicated regions should be 

effectively covered by keypoints [9]. Furthermore, due to the 

sparse nature of keypoints, the duplicated regions cannot be 

precisely determined. 

In general, keypoint-based methods are more robust against 

geometric attacks. They may however neglect some copied 

regions. On the other hand, exhaustively sampled methods 

may lead to a huge number of falsely matched pairs, especially 

on self-similar images [9]. In addition to impractical high 

computational cost, it causes an inefficacious result. 

Recently, two methods have been proposed which utilize 

segmentation in order to enhance the results [11, 12]. In [11] 

an EM (Expectation-Maximization)-based stage is proposed in 

order to reduce the affine estimation error. This technique can 

reduce the errors, but the imposed computational cost is 

unaffordable on large images. In another effort [10], a multi-

scale analysis and a voting process is used. All the three 

mentioned methods perform CMFD in two phases. They find 

a coarse detection map firstly and then improve it through the 

next phase. All of them in the first step employ a traditional 

feature point detector. Although they can enhance the 

accuracy of keypoint-based methods, they inherit the 

challenge of low contrast regions. 

In the next section, we propose an algorithm whose goal is 

to benefit from both the keypoint-based and the block-based 

approaches. Although the whole image is indeed covered 

thoroughly, the amount of blocks under investigation is 

dropped dramatically. As a result, it is feasible to exploit more 

effective algorithms with a higher computational cost. The 

ability to adjust the density of interest points is another 

advantage of the presented method. It allows the procedure to 

investigate just the suspected regions more intensively in the 

following iterations which leads to a more accurate result. 

 

III. PROPOSED COPY-MOVE FORGERY DETECTION ALGORITHM 

We proposed a new interest point detector specifically 

designed for CMFD. In this new scheme, the entire image, 

even low contrast regions, is covered adaptively based on a 

distinctiveness metric. The interest point density can also be 

automatically adjusted over the image in order to concentrate 

more on the suspected regions. Finally, an appropriate 

descriptor is employed for the detected interest points. 

In the rest of this section, the details of our contributions are 

portrayed. First of all, interest points are detected and then 

described using Polar Cosine Transform. After that, an 

improved version of the adaptive matching [30] is utilized. 

Next, falsely matched pairs are discarded by an effective 

filtering algorithm. In order to enhance the result, the whole 

process can be iterated regarding the prior information. 

For the sake of simplicity, the most important notations are 

depicted in Table 1. The superscript t indicates the iteration 

number. For the first iteration, it is considered as 1. 

A. Interest point detector 

Due to the inherent self-similarity of natural images, 

numerous patches may be considered as corresponding, 

especially in low entropy areas. As a result, employing all 

possible blocks may detract the detection from applicability. 

In fact, probability of falsely matching is more in portions 

with low uniqueness. It is due to the fact that the uniqueness 

increases the discrimination [43]. Hence, we were motivated 

to follow the strategy of more selecting unique areas which are 

less likely to be mismatched. 

    

 

  
(a1) (a2) 

  
(b1) (b2) 

Fig. 2. Examples of the uniqueness map: (a1) and (b1) illustrate 

two forged images, (a2) and (b2) are their corresponding 
uniqueness map respectively. Warmer colors indicate more 

uniqueness. 

TABLE 1 

NOTATIONS 

Symbol Definition 

I(x,y) Intensity of the input image 

B Block size 

µi Uniqueness of the ith point 

ξi
t Capacity of the ith point, in the tth iteration 

γt
i Certainty level of the ith point, in the tth iteration 

χt Set of interest point locations, in the tth iteration 

ωt
i,j Matching table, in the tth iteration 
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On the other hand, it is essential in CMFD that the whole 

image to be covered adequately by interest points. The 

proposed scheme provides a full coverage of interest points 

whose density is adapted based on the local uniqueness. 

The lower probability of observing a patch means more 

uniqueness [44]. More local visual complexity results in a 

more unique area [43]. In order to estimate the visual 

complexity, different metrics can be used. Based on the 

extensive experiments, we defined a uniqueness metric, μi, for 

the ith point as follows: 

 

      
2

21
, ,   , ,

2
i i i

x y

B
I x y x y x y

B
      (1) 

 

where ∇2 and || . || denote the Laplacian and Euclidean norm 

respectively. The proposed criterion is calculated for each 

point considering its surrounding block. Examples of the 

uniqueness map are illustrated in Fig. 2. Variations among less 

unique areas are insignificant. It is reasonable to represent 

them more sparsely (with a fewer number of interest points). 

In order to adjust the density of interest points, a local capacity 

is defined based on the uniqueness and the certainty level: 

 
t t

i i i     (2) 

 

in which γt
i (certainty level) informs the interest point detector 

of prior knowledge about suspicious regions. In the first 

iteration, the certainty levels (γ1
i) are considered the same for 

all points. As the image resolution is increased, the local 

variations are restricted. As a result, the initial value of γ 

should be dependent to the size of the image. In the next 

iterations, the certainty levels are adjusted based on the 

previously achieved result, as discussed in the section III-D. 

In this case, all points are investigated based on their 

uniqueness, i.e., more unique points are selected first. The 

chosen point is regarded as an interest point provided that its 

capacity is greater than its local density (di). The local density 

of each candidate point is calculated using a Gaussian 

window: 
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in which σ controls the distance weights. Smaller σ increases 

the sensitivity on close points and hence disperses the interest 

points. Considering the neighborhood radius of the local 

density which is equal to B/2, the feature extraction stage is 

forced to certainly represent whole of the image. It is clear that 

the appropriate value of σ should be dependent to B. 

In summary, the proposed scheme detects the interest points 

which certainly cover the whole image in a compact manner. 

It is also able to utilize the prior information in contrast to 

other detectors which only decide based on structural 

information. The details of our interest point detector are  

Interest point detection                                            

   { } //Set of interest point locations

   Compute the uniqueness  for all points

1 number of all points i
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do

if  then

    ,

       

                                                                                       

j jx y  

end if

   end for

 

 

illustrated in Algorithm 1. 

The copied parts are usually distorted and are not identical 

to their original counterparts. Accordingly, the detected 

interest points should be represented by a robust, invariant and 

distinctive feature utilizing the regions around them. It is hard 

to achieve a high degree of distinctiveness and invariance 

simultaneously. In this regard, an inappropriate level of 

invariance may have a negative effect on the results [5]. It is 

shown that Zernike moments and PCT have the most precise 

detection in CMFD [9, 29]. In this paper, the PCT is utilized 

due to its maximal discrimination property [45]. The PCT 

features of a continuous image, g, of order n with repetition l 

are calculated as follows [29]: 
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g(r,θ) indicates the image representation in the polar 

coordinate. In order to describe the selected interest points, a 

B×B block around each interest point is transformed to the 

feature space using (4). The feature set, including the 

representation of all selected points, is depicted by F. 

In addition, the rotation angle between two patches can be 

estimated from the phase of the PCT following the approach 

presented in [28]. The estimated rotation is utilized in the 

proposed filtering algorithm. 

B. Adaptive Matching 

After the image representation, the descriptors are 

compared to find candidate matches. To achieve a higher 

performance, the adaptive matching is exploited [30]. In [30], 
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we showed that the adaptive matching outperforms the best 

recent LSH (Locality Sensitive Hashing)-based methods. 
As it is mentioned, the matching process is more reliable on 

more distinct areas. Hence, a higher similarity threshold can 

be selected for textured areas since less false matches occur in 

such regions. Besides, high informative regions are more 

vulnerable to degradations in comparison to low entropy areas. 

On the other hand, a high threshold may lead to numerous 

false matches notably for smooth regions. Thus, it is desirable 

to employ an adaptive threshold. 

In [30], it is proposed to employ a linear function of the 

standard deviations of two blocks to estimate their similarity 

threshold: 

 

 ,
2

i jt t

sim i j

S S
T S S  


   (7) 

 

in which Tsim is the threshold function. Si and Sj represent the 

standard deviation of the corresponding blocks estimating the 

energy of high frequency components. In addition, αt and βt 

are user-defined parameters which should be adjusted based 

on the selected feature space and the similarity distance 

measure. As mentioned before, t indicates the iteration 

number. 

Adaptive threshold is employed in the matching procedure 

using lexicographic sorting [30]. In this regard, the feature 

matrix, F, is lexicographically sorted. The sorted feature 

matrix is denoted as F̂ . Ŝ is also the reordered version of S 

based on the sorted feature matrix. The Euclidean distances 

between the adjacent pairs of the sorted set are calculated. If 

the similarity distance of two interest points is lower than an 

adaptive threshold, they will be considered as a candidate 

match: 

 

 ˆ ˆˆ ˆ , ,   p p q sim p p q search searchF F T S S T q T       (8) 

 

where Tsearch denotes the search range. By employing the 

adaptive threshold, a higher performance is achieved in the 

matching step, and the rest of the detection phases. It is clear 

that the larger window for description, the more 

distinctiveness is achieved. Consequently, α parameter can be 

calculated automatically based on the block size. 

It should be noted that high similarity between neighboring 

regions may cause a huge number of false matches. As a 

result, a minimum spatial distance criterion is also employed 

in conjunction with (8): 

 

i j B    (9) 

 

χi and χj are locations of the interest points under investigation. 

In summary, two keypoints considered as a potential match if 

the conditions presented in (8) and (9) are satisfied. As it is 

mentioned in Table 1, the matching table, ω, is utilized to 

indicate the potential matches as follows: 

,

1  and   interest points are matched

0 otherwise

th th

i j

i j



 


 (10) 

 

C. Filtering 

Due to the intrinsic self-similarity of natural images, a 

considerable number of candidate matched pairs may be 

falsely assigned. Nevertheless, matches that originate from the 

same copy-move action exhibit a common behavior. 

Inspecting this common behavior can be helpful to discard 

falsely matched pairs. It is common to estimate the 

relationship between each copied region with its 

corresponding in term of an affine transform. 

Most of the previous filtering algorithms suffer from the 

high computational cost especially in exhaustively sampled 

methods. Although RANSAC can properly handle outliers, it 

may miss the correct matches when there are a lot of falsely 

matched pairs. The detected interest points are also denser 

than the usual keypoints. Hence, the clustering of matched 

feature points, which increases the probability of finding 

correct pairs [8, 37], cannot be performed due to the high 

computational complexity. 

In order to deal with mentioned challenges, we propose a 

new filtering algorithm. The copied parts are usually selected 

from meaningful segments [11] and hence, segmentation was 

effectively utilized. In fact, clustering of candidate matches 

was performed using a segmentation algorithm which 

demands a low computational cost. In this regard, only the 

relationships of matches between clusters (segments) were 

independently assessed which confines the search space. The 

proposed filtering algorithm increases the probability of 

finding correct matches in addition to decrease the 

computational cost. It should be noted that the segmentation is 

performed by SLIC (Simple Linear Iterative Clustering) 

algorithm [46] using vlFeat library [47]. SLIC is more 

computationally effective especially for large images in 

comparison with other segmentation algorithms [11, 46] such 

as quick shift [48]. 

Following the idea of [28], the orientation of matches was 

estimated using the phase of PCT. The rotation angle between 

pairs can be determined by analyzing the phase of PCT 

coefficients. In our implementation, the phase information is 

extracted from M0,1: 

 

0,1mod2M   (11) 

 

Therefore, the phase difference is calculated as follows: 

 

 , min ,2 mod2i j i j i j            (12) 

 

In this case, RANSAC can only concentrate on pairs with 

the same phase differences. Thus, the search space for the 

affine estimation is more restricted to matched pairs with a 

similar orientation. The phase similarity threshold is called Tθ. 

Furthermore, the estimated transform can be validated by 
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using the phase information and the scaling factors. Ts is 

utilized for validating based on the scale information. Finally, 

the achieved affine transform can be generalized to other pairs 

with compatible orientations. Threshold Tg is exploited to 

discriminate inlier matches from outliers. The number of 

inliers must be greater than another threshold Tinliers. 

Algorithm 2 describes the details of the proposed filtering 

algorithm. 

The TransformEstimation function gets a set of matched 

points as the input and then estimate an affine transform, ψ, 

using RANSAC algorithm. ψ is a 3×3 matrix: 

 

11 12 13

21 22 23

0 0 1

  

   

 
 
 
  

 (13) 

 

which can describes the geometric relationship between two 

points (x,y) and (xʹ,yʹ): 

 

1 1

x x

y y

   
    
   
      

  (14) 

 
ψ(1:2,1:2) contains the scaling and rotation information of 

transformation. It should be noted that at least three non-

collinear pairs are required to estimate ψ.  

At the end of the filtering stage, the pairs which are not 

detected as correct are removed from ω. 

 

D. Iterative Improvement 

It is expected that the false matches have been removed 

during the filtering stage. However, the whole duplicated 

regions may not be detected precisely. It is due to the discrete 

nature of interest points. Moreover, some copied regions may 

be missed. The goal of this procedure is to utilize the achieved 

prior information in order to more accurately determine the 

duplicated regions.

 

 

In this step, the suspected duplicated regions (SR) along 

with their geometric relationships are available. SR is defined 

as neighbors of the matched interest points: 
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in which H is the collection of paired interest points: 
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if  then

end if

           end if

       end for

   end for                                                             
 

The detection process is iterated considering the available 

information. In each iteration, firstly, the interest point density 

is increased in suspected regions (SR) by 
c

  while in the other 

regions density is decreased by 
f

 . In practice, the capacities 

are adjusted by modifying the certainty level, γ, as follows:

 

 

 

 1

1

1

if , 1

otherwise

c t

i i it

i f

i

SR x y



 


 


 

 


 (17) 

 

Certainty level parameter allows the procedure to iterate and 

control the density of interest points. It should be noted that, in 

each iteration only interest points are processed which are able 

to extend the suspected regions. In particular, the ith interest 

point in the tth iteration must satisfy the following condition to 

be considered in the next stages: 
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 (18) 

 

In fact, an interest point will not be processed if all of its 

neighbors are suspected. This trick greatly reduces the time 

complexity due to prevention of redundant processing. 

Regarding the achieved information about the duplicated 

zones, the adaptive threshold, Tsim, can be increased in order to 

find more correct pairs: 

 
1

1

t t

t t





  

  








  (19) 

 

in which the amount of threshold increment is controlled by 

  and  . It should be noted that the filtering stage only uses 

the previous estimated transforms in order to validate the 

newly detected pairs. In other words, after the first iteration, 

the filtering stage does not estimate any affine transform. The 

detailed information about filtering stage (t>1) are expressed 

in Algorithm 3. The final forgery map (FR) is achieved 

through union of all detected suspected regions: 

 

     1 2, , , ...FR x y SR x y SR x y    (20) 

 

In summary, the probability of detecting duplicated regions 

is increased considering the prior information gained during 

the previous iterations. The procedure is iterated until either 

two successive iterations achieve similar results or a certain 

number of repetitions. In our implementation, the number of 

iterations is limited to four to achieve the maximum efficacy 

of the iterative strategy based on experiments described in 

section IV-F. The detection result of each iteration is 

presented in Fig. 3. The proposed iterative process provides a 

high accurate result with a reasonable computational cost due 

to the coarse to fine keypoint selection strategy. This effective 

iterative process is the result of the flexibility of the proposed 

interest point detection mechanism. 

IV. EXPERIMENTAL RESULTS 

In this section, the details of our experimental results are 

provided. Firstly, we describe the utilized datasets, the applied 

attacks and the evaluation criteria. Afterwards, the setup 

section details the settings of the proposed algorithm. Then the 

comparison results are illustrated. Finally, the effectiveness of 

our approach is empirically analyzed. 

A. Datasets and Error Metrics 

In order to evaluate the efficiency of the algorithm, the 

assessments should be performed by a variety of copy-move 

manipulated images. Christlein et al. [9] prepared the Image 

Manipulation Dataset (IMD) based on 48 original images. The 

average size of an image is about 3000×2300 and about 10% 

of pixels are duplicated. Various kinds of attacks such as 

  
 

,

Filtering Procedure - After 1st Iteration ( >1)    

   { } //Set of correct pairs (output)

   , 1 //Set of candidate pairs

each candidate pair ,  

           //find a

t

p q

t

C

P p q

p q P





 



Algorithm 3. 

       for do

11 12

21 22

ppropriate affine transforms from 

           each affine transform  

                 
1 1

                    //SVD

                   

set

set

p q

g

T

T

U V

R



 

 


 

 



   
    

   

 
   

 

for do

if  then

 

  

1,1

,

//Polar Decomposition

                   arccos

                   

                       ,

                       

                   

               

 

T

R

R p q

UV

R

T

C C p q





 





  

 

if  then

break

end if

end if

          

                                                                               

end for

       end for

 

 

 

 
Fig. 3. Iterative copy-move forgery detection. In the first iteration, the 

image is completely covered by keypoints. The interest point density is 
gradually increased in order to concentrate more on duplicated 

regions. The duplicated portions are indicated in Fig. 4. 
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Fig. 4. The SBU-CM16 dataset; simple copy-move attack. Boundaries of the 
duplicated areas are highlighted. Green marks the copied regions and red 

specifies the pasted portions. 

 

rotation, scale, AWGN and JPEG compression are performed 

on the copied regions. The snippets range from uniform to 

highly textured areas. However, the concentration on 

homogeneous regions is lower than textured areas. Regarding 

this issue, we also provided the results on our dataset named 

SBU-CM161 [30] in order to attain more comprehensive 

results. In contrast to the other datasets, most of our selected 

images contain large portions of uniform areas as depicted in 

Fig. 4. The copied regions are chosen both from textured and 

smooth areas. SBU-CM16 includes 240 forged images which 

are based on 16 original images of sizes about 800×580. Five 

percent of each image is copied on average. The details of the 

utilized datasets are illustrated in Table 2. 

In order to assess the proposed method, the accuracy is 

calculated at pixel level due to its broader scope in comparison 

to image level metrics [9]. Image level metrics cannot fairly 

evaluate low precision methods especially on datasets which 

mainly include forged images. In fact, the pixel level analysis 

can provide a more in-depth evaluation. In this regard, to 

evaluate the accuracy of the proposed method, precision and 

recall are calculated at pixel level: 

 

   

 

Forged Pixels Detected Pixels
Precision

Detected Pixels


  (21) 

   

 

Forged Pixels Detected Pixels
Recall

Forged Pixels


  (22) 

 

Precision and recall are combined to a single measure as 

follows: 

 

1

Recall×Precision
=2

Recall+Precision
F  (23) 

 
1 http://faculties.sbu.ac.ir/~a_mahmoudi/Researches.htm 

 

 

B. Setup 

The performance of different stages of the CMFD pipeline 

is highly dependent. Setting one parameter is related to the 

others. In fact, the final result is under the influence of the 

compatibility of the parameter settings. Therefore, various 

parameter settings can be employed and the detailed analysis 

of all of them is not feasible. 

Parameters influence the ratio of probability of finding 

correct matches to wrong ones. The main point about 

parameters setting is controlling the wrong matches while 

finding more correct pairs. 

It is clear that the optimized parameters are highly related to 

dataset characteristics especially the images resolution. To 

have a fully automated CMFD method, some of the important 

parameters are adapted based on the image resolution. 

Our experiments show that the filtering stage can separate 

the correct matches even in presence of huge number of false 

pairs. Hence, finding some clues (pairs between copied 

regions) has more priority in settings of the interest point 

detector and the matching phase. B and 
1

i are the most 

TABLE 3 
SETUP FOR THE IMAGE OF SIZE M×N 

Parameter Value 

 B 12 0.01 MN 
 

 

1

i   1 0.00135 20,  MN i   

σ 6B  

1   
2

35B
 

1
 1 

searchT  100 

T  3 

sT
 0.03 

gT
 3 

inliersT  
 3 

exT
 B 

c

  50 

f

  -1
 

  1.01 

  1.01 

 

TABLE 2 
DATASETS 

Attack Criterion IMD SBU-CM16 

AWGN 
Standard 

Deviation 
0.02 : 0.02 : 0.1 0.001 , 0.002 , 0.003  

JPEG 
Quality 
Factor 

20 : 10 : 100 70 : 10 : 100 

Blurring 
Filter 

Radius 
------------------- 0.5, 1.5, 2.5 

Rotation Degree 
2, 4, 6, 8, 10, 
20, 60, 180 

10 : 20 : 90 

Resizing Ratio 0.91 :0.02 : 1.09 ------------------------ 
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important parameters of the interest point detector. Small 

blocks in large images cover only simple patterns which are 

very frequent and hence, not distinctive. As a result, B is 

considered proportional to the image resolution to reduce the 

false matches. 
1

i  controls the number of interest points. Small value 

reduce the repeatability of interest points. On the other hand, 

large value change the behavior of our method to exhaustive 

methods which may leads to huge number of false matches in 

addition to high computational cost. Moreover, this parameter 

should be adapted based on the image size as it is suggested in 

section III-A. All the mentioned points are considered in 

setting this parameter. 

As it is mentioned in section III-B, it is appropriate to 

estimate the main parameter of the adaptive matching (α) from 

B. To this end, a relation (4th row of Table 3) is achieved 

through the extensive experiments performed on images of 

different sizes. α is considered large enough to decrease the 

probability of missing correct pairs regarding the rest of the 

proposed pipeline which controls the errors in different ways. 

Filtering thresholds are set similar to [28], but our bias is 

slightly more toward finding correct pairs. It is owing to the 

fact that the iterative strategy needs at least some clues. 

After the first iteration, most of the forged regions are 

probably correctly suspected. Consequently, the value of
c

  

needs to be large enough to cover the suspected regions 

appropriately. A negative value is also considered for 
f

 to 

bypass regions which are not suspicious. λα and λβ are slightly 

more than 1 to increase gradually α and β respectively in each 

iteration. 

In order to make the proposed method reproducible, the 

details of the employed parameter settings are depicted in 

Table 3. The parameter setting is considered the same for both 

of the employed benchmark datasets. It should be noted that 

the SLIC parameters, regionsize and regularizer, are 

considered 0.1 0.5MN 
 

 and 1 respectively for the image of 

size M×N. 

C. Comparison of Detection Results on IMD 

This section presents the comparison of the proposed method 

with the state of the art on the IMD dataset. Two recent 

methods GoDeep [10] and OverSeg [12] in addition to J-SIFT 

(SIFT+J-Linkage) [36] are selected for comparison. Moreover, 

Zernike [27] and SURF [38] are also reported because of their 

remarkable accuracy on the IMD [9]. Besides, as it is 

mentioned before, the size of the images in the IMD are large. 

Hence evaluation of methods demanding a high computational 

cost, such as [11, 28, 29], cannot be performed within a 

reasonable time. Consequently, they are only evaluated on the 

SBU-CM16. 

Fig. 5 shows some detection results of the proposed method 

in comparison to two recent methods GoDeep (SURF based)  
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Fig. 5. Some of the experimental results on the IMD. Green is the label of correctly detected regions and false areas are indicated in red. White color also 
specifies the duplicated portions. 
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(a1) Rotation, Recall 

 

(a2) Rotation, Precision 

 

(a3) Rotation, F1 score 

 

   
(b1) Noise, Recall 

 

(b2) Noise, Precision 

 

(b3) Noise, F1 score 

 

   
(c1) JPEG, Recall 

 
(c2) JPEG, Precision 
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(d1) Resizing, Recall (d2) Resizing, Precision (d3) Resizing, F1 score 

   

Fig. 6. The experimental results on the IMD. 
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Fig. 7. The experimental results on the SBU-CM16 dataset. 
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and OverSeg (SIFT based). Our proposed method localizes the 

duplicated regions more accurately. As it is illustrated in Fig. 

6, our method is highly robust especially against noise and 

rotation. Its results are almost insensitive to the degree of the 

attacks. 

The proposed method outperforms the state-of-the-art 

methods in term of F1 score in most of the cases. Despite the 

fact that our detector-descriptor scheme is not theoretically 

scale invariant, it provides a comparable result with GoDeep 

in which SURF algorithm is utilized. It should be noted that 

the ratios of the applied resizing attack are not intensive. 

J-SIFT exhibits a higher recall, yet it suffers from a 

remarkably low precision. In general, the CMFD methods are 

not capable of enhancing both recall and precision jointly. 

As it is depicted, the proposed method can simultaneously 

improve the precision and recall. Iterative improvement is the 

main reason for elevating the recall rate. In addition, our 

keypoint detector allows choosing a high matching threshold. 

The density of interest points is also sufficient in each region. 

Consequently the probability of missing the copied regions is 

decreased. 

Furthermore, our filtering algorithm can effectively remove 

the false matches and hence it provides a high precision. As it 

is mentioned before, utilizing the segmentation instead of a 

high computational clustering algorithm provides a cost 

effective filtering scheme for the proposed method. This 

technique confines the local search space into meaningful 

parts, and therefore the effect of outliers is decreased on the 

estimation of correct affine transforms. 

D. Comparison of Detection Results on SBU-CM16 

In order to have a more comprehensive comparison, we also 

prepare the results on the SBU-CM16 dataset. Most of the 

selected methods for this experiment are too slow on the IMD. 

In particular, SegBase [11], GoDeep [10], AdaPCT and 

AdaZernike are chosen. AdaPCT and AdaZernike are the 

methods presented in [29] and [28] respectively in which the 

adaptive matching [30] is employed instead of LSH. This 

alteration makes the computational cost feasible especially on 

smooth images. Better detection results are also achieved. 

Fig. 7 exhibits the experimental results on the SBU-CM16 

dataset. The superiority of our method is more noticeable in 

this experiment. Since the SBU-CM16 dataset contains a 

considerable amount of smooth portions, sparsely sampled 

methods cannot cover the duplicated regions appropriately. On 

the other hand, smooth regions impose a great number of 

falsely matched pairs for exhaustively sampled methods which 

deteriorate their filtering phase. 

Our method appropriately covers the whole image which 

leads to a high probability of finding correct pairs. Adaptive 

matching also precisely decreases the false matches on smooth 

regions. 

E. Execution Time Comparison 

A practical CMFD algorithm should have a reasonable run 

time in addition to appropriate accuracy. In this section, 

execution times are reported on both datasets. It should be 

noted that the implementation platforms of evaluated methods 

are different. As a case in point, GoDeep is completely 

implemented in C++ using OpenCV library which provides an 

impressive speed up. 

The average execution times are illustrated in Fig. 8. 

Generally, all methods require more time on IMD due to the 

high resolution of images. Our method demands the lowest 

computational time on IMD even in comparison with sparsely 

sampled methods. This is another advantage of our iterative 

strategy which hierarchically searches for finding forged 

regions. 

GoDeep is the only method which is faster than the 

proposed scheme on SBU-CM16 because of a low number of 

SURF keypoints on smooth images. SegBase is the most time 

consuming method by reason of its EM stage. 

In summary, the proposed method can achieve an 

impressive accuracy in a reasonable time. The main reason is 

that our method does not inherit the limitations of the classical 

approaches, while bringing together the advantages of both of 

them owing to our new interest point detector. 

F. Evaluation of the Iterative Strategy 

In this part, the efficacy of the proposed iterative 

improvement is demonstrated. In addition, the filtering stage is 

also investigated. In this experiment, a subset of both datasets 

is selected to reduce the computational time. Twenty percent 

of original images of both datasets are considered. For each 

image, one forged sample is selected per attack. 

Fig. 9 illustrates the effectiveness of the filtering stage and 

iterative improvement. The processing-time distribution of the 

different stages is also depicted in Fig. 10 for a deeper 

analysis. Before filtering in the first iteration, both of correct 

and false matches are excessive due to settings of the 
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Fig. 8. Average execution time per image in second. (a) and (b) show the 

results on IMD and SBU-CM16 respectively. 
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Fig. 9. Influence of the filtering stage and the iterative improvement strategy 

on performance metrics. 

 
 

Fig. 10. Processing-time distribution of the proposed method. 

matching stage. The proposed filtering stage can effectively 

remove a huge part of errors in a short time relative to the 

whole procedure. 

Results of the iterative process express an increasing 

relationship between the number of iterations and the F1 score. 

In general, the achieved results demonstrate the effectiveness 

of the iterative strategy which can gradually increase the 

recall, while controlling the precision. The main reason is the 

capability of our interest point detector to utilize the prior 

information from previous iterations. Moreover, the time 

complexity of iterations has a decreasing trend due to the 

restriction of the search space on suspected regions. 

It is also of worth noting that the performance metrics 

remain constant after some iterations. It is due to the fact that 

the forged regions, which are partially localized in the first 

iteration, are thoroughly detected. 

V. CONCLUSION 

In this paper, a novel interest point detector, specialized for 

CMFD, is proposed which certainly cover the whole image in 

a compact manner. Since the matching process is more 

reliable on more distinct areas, the density of interest points is 

increased on unique areas. Consequently, it is possible to 

conduct the matching stage more precisely. Even by 

considering a reliable matching, a great number of potential 

matched pairs may be falsely assigned due to the intrinsic self-

similarity of natural images. Since in the proposed method 

interest points are selected more densely in comparison to 

previously used keypoint detectors, the current filtering 

schemes are not effective enough. Therefore, a new filtering 

algorithm is also utilized which separates the correct matches 

even in presence of high falsely matched pairs. 

The whole detection process is iterated in order to achieve a 

precise result, owing to the proposed flexible interest point 

detector. In each iteration, the interest points concentrate more 

significantly on suspicious regions using the achieved 

information from the previous iterations. It should be noted 

that it is also possible to prepare this prior information by a 

human expert. In other words, the suspicious regions can be 

investigated more precisely by selecting more keypoints. 

The proposed method make a compromise between the 

advantages of sparsely sampled and exhaustively sampled 

methods. The experimental results demonstrate the 

effectiveness of the proposed method under various 

challenging conditions. 

In our future work, we plan to improve the proposed interest 

point detector by means of scale-space techniques in order to 

deal with the resizing attack more effectively. Moreover, the 

potency of our interest point detector can be evaluated on 

other applications, such as scene recognition or image 

retrieval, due to its full coverage. 

ACKNOWLEDGMENTS 

The authors appreciate Li et al. [11] and Silva et al. [10] for  

sharing their implementations. We would like to thank the 

reviewers for their valuable comments. This work was 

supported in part by cyberspace institute, Shahid Beheshti 

University. 

REFERENCES 

[1] H. Farid, "Image forgery detection," IEEE Signal Process. Magazine, 

vol. 26, pp. 16-25, 2009. 

[2] P. Bestagini, M. Fontani, S. Milani, M. Barni, A. Piva, M. Tagliasacchi, 
et al., "An overview on video forensics," in Proc. European Signal 

Process. Conf., 2012, pp. 1229-1233. 
[3] A. Piva, "An overview on image forensics," ISRN Signal Process., vol. 

2013, pp. 1-22, 2013. 

[4] N. Hieu Cuong and S. Katzenbeisser, "Security of copy-move forgery 
detection techniques," in IEEE ICASSP, 2011, pp. 1864-1867. 

[5] T. Tuytelaars and K. Mikolajczyk, "Local invariant feature detectors: a 

survey," Found. Trends. Comput. Graph. Vis., vol. 3, pp. 177-280, 2008. 
[6] S. Bravo-Solorio and A. K. Nandi, "Exposing duplicated regions 

affected by reflection, rotation and scaling," in IEEE ICASSP, 2011, pp. 

1880-1883. 
[7] V. Christlein, C. Riess, and E. Angelopoulou, "On rotation invariance in 

copy-move forgery detection," in IEEE Int. Workshop on Information 

Forensics and Security, 2010, pp. 1-6. 
[8] I. Amerini, L. Ballan, R. Caldelli, A. Del Bimbo, and G. Serra, 

"Geometric tampering estimation by means of a SIFT-based forensic 

analysis," in IEEE ICASSP, 2010, pp. 1702-1705. 
[9] V. Christlein, C. Riess, J. Jordan, C. Riess, and E. Angelopoulou, "An 

evaluation of popular copy-move forgery detection approaches," IEEE 

Trans. Inf. Forensics Security, vol. 7, pp. 1841-1854, 2012. 
[10] E. Silva, T. Carvalho, A. Ferreira, and A. Rocha, "Going deeper into 

copy-move forgery detection: exploring image telltales via multi-scale 

analysis and voting processes," Journal of Visual Commun. and Image 
Representation, vol. 29, pp. 16-32, 2015. 

[11] J. Li, X. Li, B. Yang, and X. Sun, "Segmentation-based Image copy-

move forgery detection scheme," IEEE Trans. on Inf. Forensics and 
Security, vol. PP, pp. 1-1, 2014. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1

(Without

Filtering)

1 2 3 4

Iteration (t)

Recall

Precision

F1

Before

Filtering

Filtering

t=1

t=2

t=3

t=4

47% 

29% 

13% 

11% 

66% 

34% 



1556-6013 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIFS.2016.2585118, IEEE
Transactions on Information Forensics and Security

> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 

14 

[12] C.-M. Pun, X.-C. Yuan, and X.-L. Bi, "Image forgery detection using 

adaptive over-segmentation and feature points matching," IEEE Trans. 
Inf. Forensics Security, vol. PP, pp. 1-1, 2015. 

[13] J. Fridrich, D. Soukal, and J. Lukáš, "Detection of copy-move forgery in 

digital images " in Proc. of Digital Forensic Research Workshop, 2003. 
[14] M. Bashar, K. Noda, N. Ohnishi, and K. Mori, "Exploring duplicated 

regions in natural images," IEEE Trans. Image Process., vol. PP, pp. 1-

1, 2010. 
[15] A. C. Popescu and H. Farid, "Exposing digital forgeries by detecting 

duplicated image regions," Dartmouth College, Computer Science, Tech. 

Rep. TR2004-515, 2004. 
[16] Y. Huang, W. Lu, W. Sun, and D. Long, "Improved DCT-based 

detection of copy-move forgery in images," Forensic Sci. Int., vol. 206, 

pp. 178-184, 2011. 
[17] M. Ghorbani, M. Firouzmand, and A. Faraahi, "DWT-DCT (QCD) 

based copy-move image forgery detection," in 18th Int. Conf. on 

Systems, Signals and Image Process., 2011, pp. 1-4. 
[18] S. Kumar, J. Desai, and S. Mukherjee, "A fast DCT based method for 

copy move forgery detection," in IEEE Second Int. Conf. on Image Inf. 

Process., 2013, pp. 649-654. 
[19] L. Guohui, W. Qiong, D. Tu, and S. Shaojie, "A sorted neighborhood 

approach for detecting duplicated regions in image forgeries based on 

DWT and SVD," in IEEE Int. Conf. on Multimedia and Expo, 2007, pp. 
1750-1753. 

[20] T. G. b. Yanjun  Cao a, Li  Fan a,  Qunting  Yang a, "A  robust  

detection  algorithm  for  copy-move  forgery  in  digital  images," 
Forensic  Sci.  Int., pp. 33-43, 2012. 

[21] S. Bayram, H. T. Sencar, and N. Memon, "An efficient and robust 
method for detecting copy-move forgery," in IEEE ICASSP, 2009, pp. 

1053-1056. 

[22] S. Bayram, H. T. Sencar, and N. Memon, "A survey of copy-move 
forgery detection techniques," in IEEE Western New York Image 

Processing Workshop, Rochester, NY, 2008. 

[23] S. L. Leida Li, Hancheng Zhu, "An efficient scheme for detecting copy-
move forged images by local binary patterns," Journal of Inf. Hiding and 

Multimedia Signal Process., vol. 4, pp. 46-56, 2013. 

[24] W. Junwen, L. Guangjie, L. Hongyuan, D. Yuewei, and W. Zhiquan, 
"Detection of image region duplication forgery using model with circle 

block," in Int. Conf. on Multimedia Inf. Networking and Security, 2009, 

pp. 25-29. 
[25] Q. Wu, S. Wang, and X. Zhang, "Detection of Image Region-

Duplication with Rotation and Scaling Tolerance," in Computational 

Collective Intelligence. Technologies and Applications. vol. 6421, J.-S. 
Pan, S.-M. Chen, and N. Nguyen, Eds., ed: Springer Berlin Heidelberg, 

2010, pp. 100-108. 

[26] Q. Wu, S. Wang, and X. Zhang, "Log-Polar Based Scheme for 
Revealing Duplicated Regions in Digital Images," IEEE Signal Process. 

Letter, vol. 18, pp. 559-562, 2011. 

[27] S.-J. Ryu, M.-J. Lee, and H.-K. Lee, "Detection of copy-rotate-move 
forgery using zernike moments," presented at the Inf. Hiding Conf., 

Calgary, AB, Canada, 2010. 

[28] S.-J. Ryu, M. Kirchner, M.-J. Lee, and H.-K. Lee, "Rotation invariant 
localization of duplicated image regions based on zernike moments," 

IEEE Trans. Inf. Forensics Security, vol. 8, pp. 1355-1370, 2013. 

[29] Y. Li, "Image copy-move forgery detection based on polar cosine 
transform and approximate nearest neighbor searching," Forensic Sci. 

Int., vol. 224, pp. 59-67, 2013. 

[30] M. Zandi, A. Mahmoudi-Aznaveh, and A. Mansouri, "Adaptive 
matching for copy-move forgery detection," in IEEE Int. Workshop on 

Information Forensics and Security, Atlanta, GA, 2014, pp. 119-124. 

[31] C. Barnes, E. Shechtman, A. Finkelstein, and D. B. Goldman, 
"PatchMatch: a randomized correspondence algorithm for structural 

image editing," ACM Trans. Graph., vol. 28, pp. 1-11, 2009. 

[32] C. Barnes, D. B. Goldman, E. Shechtman, and A. Finkelstein, "The 
PatchMatch randomized matching algorithm for image manipulation," 

Commun. ACM, vol. 54, pp. 103-110, 2011. 

[33] D. Cozzolino, G. Poggi, and L. Verdoliva, "Efficient dense-field copy-
move forgery detection," IEEE Trans. Inf. Forensics Security, vol. 10, 

pp. 2284-2297, 2015. 

[34] D. G. Lowe, "Distinctive image features from scale-invariant keypoints," 
Int. Journal of Computer Vision, vol. 60, pp. 91-110, 2004. 

[35] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool, "Speeded-up robust 

features (SURF)," Computer Vision and Image Understanding, vol. 110, 
pp. 346-359, 2008. 

[36] I. Amerini, L. Ballan, R. Caldelli, A. Del Bimbo, L. Del Tongo, and G. 

Serra, "Copy-move forgery detection and localization by means of 
robust clustering with J-Linkage," Signal Process.: Image Commun., 

vol. 28, pp. 659-669, 2013. 

[37] I. Amerini, L. Ballan, R. Caldelli, A. Del Bimbo, and G. Serra, "A SIFT-
based forensic method for copy-move attack detection and 

transformation recovery," IEEE Trans. Inf. Forensics Security, vol. 6, 

pp. 1099-1110, 2011. 
[38] B. Shivakumar and L. D. S. S. Baboo, "Detection of region duplication 

forgery in digital images using SURF," Int. Journal of Computer Sci. 

Issues, vol. 8, 2011. 
[39] B. Xu, J. Wang, G. Liu, and Y. Dai, "Image copy-move forgery 

detection based on SURF," in Int. Conf. on Multimedia Inf. Networking 

and Security, 2010, pp. 889-892. 
[40] P. Xunyu and L. Siwei, "Region duplication detection using image 

feature matching," IEEE Trans. Inf. Forensics Security, vol. 5, pp. 857-

867, 2010. 
[41] P. Xunyu and L. Siwei, "Detecting image region duplication using SIFT 

features," in IEEE ICASSP, 2010, pp. 1706-1709. 

[42] T. Tuytelaars, "Dense interest points," in CVPR, 2010, pp. 2281-2288. 
[43] T. Kadir and M. Brady, "Saliency, scale and image description," Int. 

Journal of Computer Vision, vol. 45, pp. 83-105, 2001. 

[44] M. Loog and F. Lauze, "The improbability of harris interest points," 
IEEE Trans. Pattern Anal. Mach. Intell., vol. 32, pp. 1141-1147, 2010. 

[45] Y. Pew-Thian, J. Xudong, and A. C. Kot, "Two-dimensional polar 

harmonic transforms for invariant image representation," IEEE Trans. 
Pattern Anal. Mach. Intell., vol. 32, pp. 1259-1270, 2010. 

[46] R. Achanta, A. Shaji, K. Smith, A. Lucchi, P. Fua, and S. Süsstrunk, 
"SLIC superpixels," EPFL Technical Report 149300, June 2010. 

[47] A. Vedaldi and B. Fulkerson. (2008). VLFeat: An open and portable 

library of computer vision algorithms. Available: http://www.vlfeat.org/ 
[48] A. Vedaldi and S. Soatto, "Quick Shift and Kernel Methods for Mode 

Seeking," in ECCV, 2008, pp. 705-718. 

 
 

Mohsen Zandi received his B.S. degree in computer 

engineering from Kharazmi University, Tehran, Iran 
in 2013. Then, he achieved Exceptional Talent Award 

to study toward M.S. degree at Shahid Beheshti 

University. He was a master’s student from 2013 to 
2016. Both of his thesis topics was image forgery 

detection with focusing on copy-move attack. He is 

currently a research engineer at cyberspace institue in 
SBU, Tehran, Iran. 

He is intereted in research on multimedia forensics. 

 
 

 

Ahmad Mahmoudi-Aznaveh is an assitant professor 
at computer science and engineering department at 

Shahid Beheshti University. He received the B.S. 

degree in computer engineering from Isfahan 
University of Technology, Isfahan, Iran, in 2003, and 

the M.S. and Ph.D. degrees from the Department of 

Electrical and Computer Engineering, Shahid 
Beheshti University, Tehran, Iran, in 2005 and 2010 

respectively. 

His areas of research interest include image and video 
processing, especially visual quality assessment, 

forensics applications and human action recognition. 

 
 

Alireza Talebpour is an assistant professor at 

computer science and engineering department at 
Shahid Beheshti University. He is also the founder 

and head of the cyberspace institute at SBU. Since 

2013, His main area of research is image processing 
and data mining. He received his Ph.D. and M.S. 

degrees from university of surrey, UK, and his 

bachelors from Tehran University. 
 


