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Abstract 

Copy-move forgery (CMF) is one of the most common and challenging image forgeries due to its seamless duplication. This paper 

proposes a passive detection method that combines a modified Kirsch (mKirsch) edge detector with a novel SIFT-based descriptor 

(DivSIFT) to effectively identify and localize CMF. The mKirsch detector enhances edge sensitivity by removing specific 

directional masks, boosting the quality of keypoints extracted by DivSIFT. Experiments were conducted on three benchmark 

datasets; MICC-F220, CoMoFoD, and MICC-F8Multi under various attack conditions including rotation, scaling, JPEG 

compression, and multiple cloning. The proposed method achieved high accuracy, notably reaching a 90.91% true positive rate 

(TPR), 100% precision, and a 95.24% F-measure when NE_SE or SW_NW masks were removed. It also maintained robustness 

under rotation (81.82% TPR) and scaling (96.97% TPR). Compared to state-of-the-art methods, our approach achieved a lower 

false positive rate (0%) and faster execution time (2.74 seconds), demonstrating its practical value in real-world forensics. 
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1. Introduction
*

 

The widespread availability of affordable, high-resolution cameras and advanced, user-friendly devices like 

smartphones has led to an increase in the use of digital images in recent years. These images offer significant 

advantages in areas such as modern media (both print and digital), security surveillance, insurance claims, and 

medical diagnoses. However, despite these benefits, digital images are increasingly being manipulated to spread false 

information, which raises concerns about their authenticity, especially from a forensic standpoint. People at different 

levels are exploiting images for malicious purposes. For example, Figures 1 and 2 depict images used in advertising 

strategies and political campaigns. Figure 1 shows a controversial election photo of John Kerry, where he was 

digitally altered to appear seated next to Jane Fonda at an anti-war rally in 1970, giving a misleading impression of 

his political stance. In Figure 2, a marketing campaign involved swapping the head of a Black man with that of a 

white man (Zheng et al., 2019). 

The study of image forgery became more serious around 2001 (Fridrich et al., 2003). Two of the most common and 

troubling types of image manipulation, which are difficult for the human eye to detect, are copy-move forgery and 

splicing (Asghar et al., 2016; Rao & Ni, 2017). This research focuses specifically on detecting copy-move forgery. A 

number of techniques were proposed for detecting such forgery in digital images (Dixit & Naskar, 2017; Soni et al., 

2019), including both active and passive methods (Joglekar & Chatur, 2015). The active technique assumes that the 

image contains a signature or watermark, and the presence of forgery is determined by comparing the extracted 

features with the original ones. However, this approach has significant limitations because many images lack any 

prior signatures or watermarks (Korus, 2017), restricting the method's applicability. As a result, passive detection 

solutions have been developed, which work effectively irrespective of any prior information about the image. These 

methods extract key features from the image and use statistical analysis to determine if the image has been altered 
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(Chien-chang Chen et al., 2019). Additionally, images affected by copy-move forgery often involve pixel 

modifications, typically through geometric transformations and post-processing (Chenglong Chen et al., 2017). This 

paper proposes a passive detection approach for identifying and locating forged regions in digital images, particularly 

those with geometrically altered pixels, using modified SIFT descriptors and the Kirsch edge detector. 

 

Fig. 1. A software company used a marketing tactic where a Black man's head (left) was replaced with that of a white 

man (right). 

 

Fig. 2. The Kerry-Fonda photo controversy involved a manipulated image that falsely depicted John Kerry alongside 

Jane Fonda at a 1970s anti-war rally, creating a misleading political narrative. 

2. Related work 

With the increasing prevalence of image manipulation, researchers have explored various methods to detect digital 

forgeries. Among these, block-based techniques involve segmenting an image into overlapping or non-overlapping 

blocks and extracting relevant features from each segment. These features are then compared using different matching 

strategies. Initially, approaches such as exhaustive search, exact match, auto-correlation, and robust match were 

employed for feature comparison. While these methods successfully identified forgeries, they also produced a high 

number of false matches. To improve accuracy, alternative techniques such as lexicographic sorting, radix sorting, 

hash values, k-d trees, and Euclidean distance-based matching have been introduced (Teerakanok & Uehara, 2019). 

Early research on CMF detection utilized block-based methods, with Fridrich et al. being the first to apply this 

approach. Their technique involved dividing an image into fixed-size overlapping blocks, analyzing them using the 

Discrete Cosine Transform (DCT), and subsequently sorting them lexicographically for feature matching (Fridrich et 

al., 2003). Many later studies built upon this foundation, aiming to enhance efficiency and reduce computational 

complexity. Researchers have explored different image representation domains, such as intensity-based (Wang et al., 

2009), frequency-based (Bayram, 2009), and moment-based (Baumeister et al., 2005) techniques. Cozzolino et al. 

introduced a more efficient method leveraging the PatchMatch algorithm, which significantly improved detection 

performance. However, challenges such as high computational costs and limited robustness to affine transformations 

persisted (Cozzolino et al., 2014). More recently, Pavlović et al. (2019) proposed a non-overlapping block-based 

approach that extracted multifractal features and applied metaheuristic classification. Although the method 

successfully detected forgeries, it struggled with images subjected to geometric transformations. Hosny et al. 

developed the QPCEMT-based method, designed to work with sub-sampled images. While effective for such images, 

its performance declined when dealing with dense and smooth-textured regions (Hosny et al., 2019). Another 

approach by Gani & Qadir (2020) involved segmenting an image into blocks, applying DCT for feature extraction, 

and using cellular automata for duplication detection. Although this method accurately identified forgeries, its 
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computational complexity remained a significant drawback. Overall, block-based techniques continue to face 

challenges related to processing complexity, geometric transformations, and resistance to various forgery techniques. 

Keypoint-based techniques address some of the limitations of block-based methods by focusing on high-entropy key 

points within an image rather than segmenting them into blocks. These methods extract distinctive features from key 

points and use them for forgery detection, avoiding the need for exhaustive block matching (Hegazi et al., 2021; 

Prakash et al., 2019). One of the most widely used keypoint-based approaches is the Scale Invariant Feature 

Transform (SIFT), known for its effectiveness in detecting copy-move forgeries (Warif et al., 2016). Amerini et al. 

(2011) utilized SIFT to identify multiple copy-move forgeries, employing the g2NN matcher to determine feature 

similarities. To reduce false positives, they later incorporated Agglomerative Hierarchical Clustering (AHC) and 

introduced the J-Linkage clustering algorithm to refine matching accuracy (Amerini et al., 2013). Other researchers, 

such as Pan & Lyu (2010), combined the SIFT descriptor with correlation maps to detect forgeries. Since SIFT is 

scale-invariant, it effectively identifies forgeries even in the presence of geometric distortions and post-processing 

effects.  

However, its performance degrades when handling blurs, flipping, and smoothing operations. Zhu et al. (2015) 

applied ORB keypoint detection and RANSAC filtering to reduce false matches, making their method effective 

against geometric transformations. Nevertheless, high-resolution images posed computational challenges. Zhou et al. 

(2017) introduced a color-invariant model and the SURF detector for feature extraction, further refining the key point 

selection process for improved forgery detection. Chou & Lee (2018) developed a multi-scale feature extraction 

technique, applying SIFT over non-overlapping irregular patches and matching features to identify duplicates. 

Similarly, Alberry et al. (2018) combined the SIFT algorithm with Fuzzy C-Means clustering, enhancing the 

detection of geometrically transformed images but struggling with post-processed ones. Yang et al. (2018) proposed a 

keypoint distribution strategy to ensure even extraction from smooth regions before applying SIFT, which proved 

effective for rotated images but not for affine transformations. Liu et al. (2019) combined Local Intensity Order 

Patterns (LIOP) with SIFT for keypoint extraction, using a 2gNN matcher alongside density grid-based filtering to 

minimize false positives. Niyishaka & Bhagvati (2020) adopted BRISK keypoint detection based on Sobel edges and 

clustered results using Blobs. While this method effectively distinguished original and duplicated regions, the 

sensitivity of the Sobel edge detector to noise sometimes led to incorrect edge detection. Jiang et al., (2024) proposed 

a strategy to extract a large number of keypoints, minimizing the risk of missed detections. To efficiently handle the 

increased keypoint set, a group matching algorithm is applied, streamlining the matching process and maintaining 

detection accuracy. 

Traditional computer vision methods for keypoint detection often depend on histogram-based feature descriptors, 

with SIFT being one of the most well-known (Lowe, 2004). Alternative techniques employ various feature extraction 

methods, including kernel convolution (Mukundan et al., 2017), comparing intensity values (Leutenegger et al., 

2011), using Haar wavelets (Bay et al., 2008), and analyzing pixel arrangements (Wang et al., 2016). 

To enhance SIFT’s robustness and efficiency, researchers have developed various modifications. Bellavia & 

Colombo (2020) reviewed these advancements, including the RootSIFT algorithm, which replaces Euclidean distance 

with the Hellinger Kernel for improved histogram-based similarity measurement. Arandjelovic & Zisserman (2012) 

introduced RootSIFT by normalizing SIFT vectors using L1 normalization followed by a square-root transformation, 

demonstrating its effectiveness as a refined version of SIFT. RootSIFT has since been widely adopted in object 

detection and forgery detection tasks. Further enhancements, such as RootSIFT-PCA, have also been proposed, 

incorporating Principal Component Analysis (PCA) for feature compression (Bursuc et al., 2015). 

3. Proposed Methodology 

DivSIFT and mKirsch are the proposed methods. DivSFT modification is routed from the idea in RooSIFT 

(Arandjelovic & Zisserman, 2012). The mKirsch on the other hand is modified by reducing the eight-edge filters to 

six, in order to secure distinctive and strong image edges. These procedures were accomplished in four steps as 

categorized in Fig. 3. 

3.1. Pre-processing 

The method presented is a passive image forgery detection technique that processes input in the form of RGB images. 

These images are initially transformed into grayscale using the formula in  (Eq.1), which simplifies the processing by 

reducing the color channels. Once converted, the grayscale image is utilized to extract key points through SIFT and 

detect blobs using the mKirsch edge method. 
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 Gray = 0.299 × R + 0.587 × G + 0.114 × B  (1) 

3.2. DivSIFT Descriptor 

In the RootSIFT approach, the SIFT vector is first L1-normalized, then each element is square-rooted using the 

Hellinger kernel (Arandjelovic & Zisserman, 2012), which enhances performance compared to the standard 

Euclidean-based SIFT (Lowe, 2004). Despite this, the square root operation tends to be computationally intensive due 

to factors like function call overhead. While division may take longer during execution, it is generally less demanding 

on system resources. To address this, the proposed method replaces the square root operation with division, aiming 

for a balance between accuracy and computational efficiency (Bursuc et al., 2015). This alternative approach consists 

of two key steps: 

 Applying L1 normalization to the original L2-normalized SIFT vector 

 Performing an element-wise division of the L2-normalized vector by the L1-normalized vector 

 

Fig. 3. Workflow of the Proposed Method 

The resulting vector, called DivSIFT, is created by averaging the elements of the original vector after it has been L2-

normalized. DivSIFT modifies the Hellinger Kernel method (Arandjelovic & Zisserman, 2012) by using division 

instead of the square root in the calculation, as shown below: 

 

The Hellinger Kernel,     

  𝐻(𝑥, 𝑦) = ∑ √𝑥𝑖𝑦𝑖
𝑛
𝑖=1   (2) 

 

Replacing the Euclidian distance term in the Helinger kernel, in (Eq. 2), resulted in (Eq. 3) 

   𝐻(𝑥, 𝑦)2 = ‖𝑥‖2
2 +  ‖𝑦‖2

2 − 2𝑆𝐸(𝑥, 𝑦) (3) 

 

Given ‖𝑥‖2
2 = 1 𝑎𝑛𝑑 ‖𝑦‖2

2 = 1, it implies to (eq. 4 and 5). 

 𝐻(𝑥, 𝑦)2 = 1 + 1 − 2𝑆𝐸(𝑥, 𝑦) (4) 
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Simplify: 

 𝐻(𝑥, 𝑦)2 = 2 − 2𝑆𝐸(𝑥, 𝑦) (5) 

By replacing the square root with the division operation, (Eq.1) becomes (Eq. 6). 

 𝐻(𝑥, 𝑦) = ∑
𝑥𝑖

√𝑦𝑖

𝑛
𝑖=1   (6) 

Previously, replacing the Euclidean distance with the Hellinger function led to (Eq. 3). In contrast, using a division 

operation instead produces (Eq. 7). 

 𝑑𝐻(𝑥, 𝑦)2 = ‖𝑥‖2
2 +  ‖𝑦‖2

2 − 2 ∑
𝑥𝑖

√𝑦𝑖

𝑛
𝑖=1   (7) 

Since ‖𝑥‖2
2 = 1 𝑎𝑛𝑑 ‖𝑦‖2

2 = 1 then, the equation becomes  (Eq. 8 and 9) as the transformed kernel. 

 𝑑𝐻(𝑥, 𝑦)2 =  2 − 2 ∑
√𝑥𝑖

√𝑦𝑖

𝑛
𝑖=1 ;  (8) 

 𝑑𝐻(𝑥, 𝑦) =  ∑
𝑥𝑖

√𝑦𝑖

𝑛
𝑖=1 .  (9) 

3.3. Advantage of Division Replacement 

The rationale for using division instead of the square root in the Hellinger kernel can be understood in terms of the 

mathematical and statistical properties introduced by the transformation (Hastie et al., 2009; Genton, 2001). However, 

looking at it in the context of Relative differences in magnitude, linearity in the numerator, the impact of zero 

components, and flexibility with normalization can provide a comprehensive overview of the rationale behind using 

the division. 

Emphasis on Differences in Magnitude. In the Original Kernel (Square Root), (eq. 2), the square root operation tends 

to smooth out differences between the components. 𝑥𝑖 and 𝑦𝑖, since the square root is a concave function that grows 

more slowly than the input values. This can reduce the impact of large differences between 𝑥𝑖 and 𝑦𝑖. However, the 

transformed kernel, in (eq. 9), proposed a division operation that emphasized differences, especially when 𝑥𝑖 is small 

relative to 𝑦𝑖 . This makes the kernel more sensitive to variations in the components of the vectors, highlighting 

relative differences more strongly (Pardo, 2019; Shawe-Taylor & Cristianini, 2004). In the case of linearity in the 

Numerator, the product √𝑥𝑖𝑦𝑖 introduces non-linearity in both 𝑥𝑖  and 𝑦𝑖 . While the transformed kernel 
𝑥𝑖

√𝑦𝑖
 retains 

linearity in 𝑥𝑖  Simplifying certain types of analysis and making the contribution of each component of x directly 

proportional to its value, adjusted by y (Schölkopf & Smola, 2002). Also on the impact of Zero Components, the 

original kernel is sensitive to zero components in that, if 𝑦𝑖 = 0, the product √𝑥𝑖𝑦𝑖  becomes zero, making the 

contribution of that term to the sum zero. While with the transformed kernel, if 𝑦𝑖  = 0, the term 
𝑥𝑖

√𝑦𝑖
 becomes 

undefined. This implicitly ignores components of x where y is zero. This can be useful in cases where zero 

components in y are intended to mask or ignore the corresponding components in x (Genton, 2001). Flexibility with 

Normalization. In the original kernel, the Hellinger kernel is closely tied to normalized vectors, typically used with 

probability distributions where the components sum to 1. While the Transformed Kernel’s division operation doesn't 

inherently assume normalized vectors, providing more flexibility in how the kernel can be applied. This can be 

advantageous in contexts where normalization is either not possible or not desired (Hastie et al., 2009). The original 

kernel is suitable for comparing probability distributions and other normalized data. Captures non-linear relationships 

well, making it useful in statistical and probabilistic contexts. The transformed kernel on the other hand is useful in 

scenarios where relative differences between feature magnitudes are important. And can be applied in machine 

learning tasks, such as classification or regression, where one set of features (represented by y serves as a reference or 

baseline (Bishop, 2006; Shawe-Taylor & Cristianini, 2004). 

In summary, the primary advantage of the transformed kernel is its emphasis on relative differences and its sensitivity 

to the magnitude of components, which can provide a different perspective on the relationship between the vectors x 

and y. This transformation changes the nature of the similarity measure, making it potentially more suitable for 

applications where the relative sizes of vector components carry significant meaning. As a result, the developed 

CMFD detection method utilizes the newly introduced DivSIFT descriptor to identify unique image features. These 

features are then employed in the CMFD process using the subsequent stages. 
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3.4. DivSIFT Feature Generations 

The DivSIFT descriptor is employed to extract distinctive features from local regions of an image, using the 

foundation of the SIFT algorithm. SIFT is known for its robustness against changes in scale, rotation, lighting 

conditions, noise, distortion, and varying viewpoints. According to Lowe (2004), the SIFT process involves five key 

stages: detection of extrema in scale space, keypoint localization, orientation assignment, descriptor construction, and 

keypoint matching. 

In the proposed method, during the descriptor computation phase, the standard SIFT descriptor from Lowe’s method 

is replaced with the DivSIFT descriptor. This results in the generation of a 128-dimensional feature vector, which is 

used for matching during the forgery detection process. Fig. 4 illustrates the key points and descriptors obtained using 

the DivSIFT approach, while Algorithm 1 outlines the steps involved in implementing the DivSIFT algorithm. 

3.5. Proposed mKirsch Edge Detector 

The modified Kirsch edge detection method (mKirsch) enhances both feature detection and the accuracy of key point 

matching. Traditionally, the Kirsch edge detector employs eight directional masks to identify the strongest edge 

responses. In this study, the method is refined by reducing the number of masks from eight to six. This adjustment 

retains the vertical and horizontal edge detection masks in both directions while selectively removing diagonal masks 

either one from each diagonal direction or two from a single diagonal orientation. For instance, masks corresponding 

to directions like north-east and south-east, or combinations such as north-west and south-west, may be excluded, as 

illustrated in Fig. 5. 

 

Fig. 4. DivSIFT Feature Generations; a) The original image, b) Points identified using SIFT, c) Descriptors generated 

using DivSIFT. 

 Algorithm 1: Proposed DivSIFT implementation algorithm 

1 Input: An image I(x,y) 

2 Output: Keypoints (kps) and descriptors (descs) 

3 for each of the N images in the dataset: 

4 
5 
6 
7 
8 
9 
10 
11 

Convert the image I(x,y) to grayscale, resulting in GI(x,y) 

Detect key points and compute descriptors 

If no key points are found, return an empty set 

Otherwise: 

Apply L1 normalization to the descriptors to obtain a modified Hellinger representation. 

for each descriptor in the set: 

Compute the L1 norm along axis 1 while retaining dimensions 

Normalize the descriptor by dividing it by its corresponding L1 norm 

return the key points and the newly generated DivSIFT descriptors 
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Fig. 5. Kirsch Filter Directions and Diagonal filters to be Deleted (Venmathi et al., 2016) 

The proposed mKirsch edge detector focuses on enhancing edge detection by targeting vertical (North-South) and 

horizontal (East-West) orientations, while selectively applying diagonal masks such as North-East with South-West 

or North-West with South-East. As illustrated in Fig. 5(b), specific diagonal masks were deliberately omitted to 

optimize the original Kirsch filter improving processing speed at the cost of a reduced number of detected edges. 

However, this trade-off results in better segmentation quality and more effective feature extraction. Figure 6 and 

Table 1 present the performance evaluation of four mKirsch variations, each removing different combinations of 

directional masks. The first group removed diagonals in opposite directions (e.g., North-East and South-East or 

North-West and South-West), while the second excluded masks along a single diagonal axis (e.g., North-East and 

South-West or North-West and South-East). Across all tests, configurations with selective mask deletion consistently 

outperformed the unmodified version, indicating that removing less informative edge directions reduces noise and 

enhances detection accuracy within the CMFD pipeline. 

Visual comparisons (Fig. 6) confirm these findings. In particular, SW_NW_Deleted and NE_SE_Deleted 

configurations produced cleaner and more distinct edge maps by suppressing noisy gradients often caused by 

background textures or compression artifacts. These configurations align better with tampering patterns, improving 

sensitivity to altered regions while minimizing false detections. Both configurations achieved top performance 

metrics, 90.91% TPR, 0% FPR, 100% Precision, 90.91% Recall, and a 95.24% F-Measure demonstrating a strong 

balance between accuracy and reliability. The refined edge maps generated enhance the CMFD process by preserving 

only the most relevant structural details. The selective removal of specific diagonal masks in mKirsch improves 

segmentation quality and detection precision, making SW_NW_Deleted and NE_SE_Deleted configurations highly 

effective for practical forgery detection applications. Algorithm 1 depicts the mKirsch implementation. 

 

Fig. 6. Enhanced Kirsch Filter for Edge Detection: Emphasized Diagonal Operators 



Idris et.al |  Journal of Applied Science, Engineering, Technology, and Education, 2025, 7(2): 195–209 

202 

 

Algorithm: mKirsch Edge Detection Algorithm’s Implementation 

Input: RGB image I(x, y) 

Output: Edge-enhanced grayscale image (mKirsch_Image) 

1 

2 

Convert to Grayscale: 

    Gi ← Grayscale(I) 

3 

4 

Initialize Z_image: 

Z_image ← zeros_like(Gi) 

5 

6 

7 

8 

9 

10 

11 

12 

Select Diagonal Masks: 

if use_diagonals = "NW_SW": 

    masks ← {North, South, East, West, North-West, South-West} 

elif use_diagonals = "NE_SE": 

    masks ← {North, South, East, West, North-East, South-East} 

else: 

    masks ← {North, South, East, West}  # No diagonals 

13 

14 

15 

16 

17 

18 

Apply Each Mask: 

for each mask M in masks: 

E ← Gi * M (convolution) 

for each pixel (i, j): 

If E[i, j] is the max at (i, j) across all masks: 

Z_image[i, j] += E[i, j]  

19 

20 

21 

Normalize Output: 

For each pixel (i, j) in Z_image: 

If Z_image[i, j] > 255, set Z_image[i, j] = 255 

22 

23 

Return Output: 

mKirsch_Image ← Z_image 

3.6. Blob Detection 

After edge detection is performed using the mKirsch method by identifying the strongest response from its masks 

blobs are identified from the extrema of the filter responses across multiple scales. This is achieved by convolving the 

image with a blob filter at different scales. The final blob positions are approximated using the Difference of 

Gaussian (DoG) within the scale-space of the Laplacian of Gaussian. Points found within these blobs are then 

matched to identify duplicated regions, indicating copy-move forgery (CMF). The result of this process is illustrated 

in Fig 7. 

 

Fig. 7. Forgery Detection Using mKirsch and DivSIFT: (a) The original image, (b) The manipulated version, (c) 

Grayscale Conversion, (d) Edge detection using the mKirsch operator, (e) identification of blob regions, and (f) The 

final result highlighting the detected forgeries. 
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4. Results and Evaluation 

This section evaluates the results obtained using the proposed techniques, focusing on their effectiveness as compared 

to current state-of-the-art methods. The analysis aims to assess the robustness of the new descriptor and the modified 

Kirsch filter. 

4.1 Mask Deletion Impact on Edge Detection 

To evaluate the effect of directional edge emphasis, we tested different configurations of the Kirsch and mKirsch 

detectors by deleting specific diagonal masks. This was intended to reduce noise and irrelevant edge responses, 

thereby enhancing CMFD precision. Table 1 presents the performance metrics for mask deletion experiments. The 

mKirsch detector achieved the highest performance when either the SW_NW or NE_SE directional masks were 

removed. This configuration resulted in TPR: 90.91%, FPR: 0%, Precision: 100%, and F-measure: 95.24%.  

These findings suggest that modifying the edge response can significantly improve the ability to distinguish between 

authentic and duplicated regions. 

Table 1. Performance Evaluation of the mKirsch Edge Detector with Various Mask Configurations 

Method Variant 
TPR 

(%) 

FPR 

(%) 

Precision 

(%) 
Recall (%) F-Measure (%) 

NE_SE Masks Removed 90.90 0 100 90.90 95.23 

NW_SE Masks Removed 81.81 0 100 81.81 90.00 

NE_SW Masks Removed 86.36 0 100 86.36 92.68 

SW_NW Masks Removed 90.90 0 100 90.90 95.23 

Standard Kirsch (No Masks Removed) 81.81 0 100 81.81 90.00 

 

4.2 CMFD Performance on Forgery Variants 

We further evaluated six detection configurations: SIFT + Kirsch + Blob, SIFT + mKirsch + Blob, RootSIFT + 

Kirsch + Blob, RootSIFT + mKirsch + Blob, DivSIFT + Kirsch + Blob, and DivSIFT + mKirsch + Blob. These 

methods were tested across six major forgery scenarios as in Table 2. 

Table 2. Performance Evaluation of the SIFT-Based Kirsch Edge Detection Approaches for Copy-Move Forgery 

Detection 

Proposed 

Techniques 

Plain CMF 
Rotated 

CMF 
Scaled CMF 

Combined 

CMF 

JPEG-Compressed 

CMF 

Multiple 

CMF 

TPR FPR TPR FPR TPR FPR TPR FPR TPR FPR TPR FPR 

Kirsch + SIFT + 

Blob 
81.82 0.00 81.82 0.00 84.85 0.00 80.00 0.00 91.3 14.29 53.85 0.00 

mKirsch + SIFT + 

Blob 
100.00 0.00 81.82 0.00 96.97 0.00 90.91 0.00 94.03 14.29 61.54 0.00 

Kirsch + RootSIFT 

+ Blob 
81.82 0.00 77.27 0.00 84.85 0.00 81.82 0.00 92.54 14.29 53.85 0.00 

mKirsch + 

RootSIFT + Blob 
100.00 0.00 77.27 0.00 93.94 0.00 86.36 0.00 92.54 12.9 53.85 0.00 

Kirsch + DivSIFT + 

Blob 
90.91 0.00 84.09 0.00 84.85 0.00 86.36 0.00 94.03 14.29 53.85 0.00 

mKirsch + DivSIFT 

+ Blob 
100.00 0.00 81.82 0.00 96.97 0.00 90.91 0.00 95.52 12.31 61.54 0.00 

 

4.3 Plain Copy-Move Forgery (CMF) 

All configurations achieved 100% TPR, effectively detecting duplicated regions with no geometric transformation 

and post-processing. Zero false positives were recorded in each method. The result is visualized in Fig 8. 
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Fig. 8. Visual Illustration of Detection Accuracy on Plain Images 

 

4.4 Rotation Variants (10°–40°) 

The performance dropped slightly under rotation, but the DivSIFT + Kirsch + Blob method demonstrated the best 

robustness, achieving a TPR of 84.09% and maintaining 0% FPR. Fig. 9 presents a visual result of the detection 

performance. 

 

Fig. 9. Visual Illustration of Detection Accuracy on Rotated images at 10°, 20°, 30°, and 40°. 

4.5 Scaling Attacks 

When cloned regions were scaled (e.g., 1.2x), mKirsch-based methods maintained high TPRs up to 96.97% and zero 

false positives. The robustness to scaling demonstrates strong invariance features in DivSIFT and mKirsch edge 

detection. Fig. 10 presents the detection accuracy of these methods.  
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Fig. 10. Visual Illustration of Detection Accuracy on Scaled Images 

4.6 Combined Rotation + Scaling (RS) 

Performance under dual transformations remained high. The mKirsch + DivSIFT + Blob method consistently 

achieved zero FPR and TPRs above 90%, indicating strong resilience to geometric changes. Fig. 11 further illustrates 

the detection result of the RS attack. 

 

 

Fig. 11. Visual Illustration of Detection Accuracy on Scaled and Rotated Images  

4.7 JPEG Compression 

JPEG compression presents a common real-world challenge. Despite some degradation, mKirsch + DivSIFT + Blob 

maintained a TPR of 95.52%. However, FPR reached 12.31%, the highest among all tests, indicating a tradeoff 

between sensitivity and selectivity in lossy formats. The result is visualized in Fig. 12. 

 

Fig. 12  . Visual Illustration of Detection Accuracy on JPEG Compressed Images at 20 to 100 quality factors 



Idris et.al |  Journal of Applied Science, Engineering, Technology, and Education, 2025, 7(2): 195–209 

206 

4.7 Multiple Clone Forgeries 

In scenes with multiple duplicated regions, all methods registered 0% FPR, showing excellent precision. However, 

TPRs declined slightly (53.85–61.54%), reflecting the challenge in matching features across several instances with 

potential distortions. Fig. 13 shows some results of multiple clone forgery detection. 

 

Fig. 13. Images Involving Copy-Move Forgery with Multiple Instances: a) Original Images, b) Forged Images with 

Copy-Move Manipulation, c) Detection Results Highlighting the Copy-Move Forgery 

5. Discussion 

5.1 Edge Detector and Descriptor Synergy 

The proposed DivSIFT + Blob combination with mKirsch edge filtering delivered optimal performance across most 

conditions. The key contribution is the balance between TPR and FPR, maintaining zero false detections in most 

forgery scenarios while adapting to transformations. Blob filtering also contributed significantly by removing 

irrelevant features before keypoint detection and matching. 

5.2 Challenges in Complex Cloning 

While precision remained high in multiple clone forgeries, the TPR was moderately reduced. This could be attributed 

to increased complexity in spatial consistency checks and overlapping cloned features. Still, the zero FPR underscores 

its reliability for applications where false alarms are more critical than misses, such as academic integrity verification 

or legal forensics. 

5.3 Comparison with State-of-the-Art CMFD Methods 

Table 3 summarizes a comparative evaluation of our best method (DivSIFT + mKirsch + Blob) against state-of-the-

art CMFD techniques from recent literature.  

Table 3. Performance Evaluation: Proposed Method vs. State-of-the-Art Approaches 

Method 
True Positive Rate 

(TPR%) 

False Positive Rate 

(FPR%) 
F1-Score (%) 

Execution Time 

(s) 

Soni et al., 2019 89.75 12.54 – 1.37 

Jaiswal et al., 2020 – – 86.45 – 

Tahaoglu et al., 2021 92.98 1.00 90.00 – 

Yang et al., 2021 94.00 – 82.00 – 

Niyishaka & Bhagvati, 2020 93.63 5.40 – 6.24 

Alhaidery et al., 2023 93.75 7.25 93.75 31.14 

Fu et al., 2023 – – 95.12 54.23 

Jiang et al., 2024 94.50 6.5   

Proposed Method 90.00 0.00 94.73 2.74 
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The proposed method offers a compelling mix of speed, precision, and reliability, making it practical for near real-

time CMFD applications. Its 0% FPR outperforms all other methods, many of which suffer from false detections due 

to high sensitivity. 

6. Conclusion 

This study proposed a CMFD technique combining DivSIFT descriptors, Blob filtering, and an enhanced mKirsch 

edge detector. Extensive experiments demonstrated (1) Excellent TPR under geometric transformations and 

compression. (2) Zero FPR in most forgery scenarios. And (3) Fast execution time (2.74 seconds), outperforming 

several recent methods.  

While further improvement is needed in detecting multiple cloned regions, the approach provides a highly reliable 

and efficient solution suitable for image forensic authentication systems. 
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