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Abstract 
 
Exponential growth of multimedia on cyberspace and availability of sophisticated image editing tools have raised the 
propagation of forged images, leading to a major threat to information integrity and authenticity. Among the 
conventional image forgery techniques, copy-move forgery (CMF), involving copying and pasting a region within the 
same image to conceal or duplicate an object, remains the most challenging to detect due to its context-preserving 
nature and presence of the same noise pattern on the forged regions. Further, CMF is more challenging to detect in 
the presence of different post-processing attacks. To counter these challenges, we propose a deep learning-based 
framework, ReLU-EfficientNet, designed for robust CMF detection under post-processing attacks. The proposed 
method enhances the EfficientNetB0 architecture with the introduction of ReLU activation to enhance discriminative 
feature extraction, accelerate convergence, and mitigate vanishing gradient problems. Further, we also introduce three 
dense layers to refine learned features, resulting in better separability, improved generalization, and robust 
classification performance. We evaluated the performance on two diverse benchmark datasets, MICC-F2000 and 
CASIA v2.0. The accuracy of 97% on MICC-F2000 and 96% on CASIA v2.0 illustrates the competency of the 
proposed method over several contemporary CMF detection methods. Furthermore, our method exhibits minimal 
overfitting and stable learning, thus providing strong generalization. These findings highlight the effectiveness and 
computational efficiency of our ReLU-EfficientNet method for CMF detection. 
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1. Introduction 
The easier availability of low-cost imaging devices and social media platforms has motivated users to generate an 
enormous amount of multimedia content, including images. Digital images are widely used in various domains, 
including communication, journalism, surveillance, and social media, to record events, deliver information, and serve 
as evidence in legal and security contexts. However, the access to different cutting-edge image editing tools has made 
image manipulation faster and more realistic. Such manipulations can distort facts, spread disinformation, and reduce 
public trust in digital media. Copy-move forgery (CMF) is one of the most frequently used techniques among others, 
being most difficult to detect. CMF involves copying and pasting a region within the same image to either conceal or 
duplicate objects, making the forgery appear visually seamless.  
 
Conventional copy-move forgery detection (CMFD) methods relied on handcrafted feature extraction. Techniques such 
as Scale-Invariant Feature Transform (SIFT), Speeded-Up Robust Features (SURF), Discrete Cosine Transform (DCT), 
and Discrete Wavelet Transform (DWT) are frequently employed to spot duplicated regions by analyzing texture and 
structure. These traditional approaches are effective in certain conditions, but often experience degraded performance 
under different transformations, like rotation, scaling, blurring, or compression. Point-based methods like SIFT and 
SURF perform well on clean images but show lower results under noise or post-processing attacks (Gani and Qadir 
2021; Priyanka et al. 2020). The conventional approaches lack robustness under different geometric transformations 
and post-processing attacks due to the complexity and diversity of modern-day digital images. 
 
Deep learning (DL) approaches have been effectively applied to combat various image forgeries. Convolutional Neural 
Networks (CNNs) learn hierarchical and discriminative features automatically from raw pixels, without requiring 
manual feature engineering approaches. Studies (Tahaoglu et al. 2021; Ryu et al. 2008) have shown that CNN-based 
models perform better than traditional techniques by learning fine-grained variations in texture, color, and geometry. 
However, deep networks still face challenges such as long training times, high computational cost, and overfitting on 
small or imbalanced datasets. EfficientNet (Niu et al. 2021) addresses many of these issues through compound scaling 
of depth, width, and resolution, achieving improved accuracy with fewer parameters. Recent studies (Jain and Kundra 
2024; Reyad et al. 2023) revealed that employing advanced activation and optimization techniques can significantly 
enhance convergence speed and accuracy in detection and classification tasks. 
 
Detecting copy-move forgery is more difficult due to the presence of similar noise patterns, color tonality, lightning, 
textures, etc., in copied and pasted regions. Moreover, forgers often used different transformations like rotation, 
rescaling, blending, etc., to further complicate detection. These challenges present a motivation to develop more 
effective CMFD methods robust to the above-mentioned challenges. The objectives of this research work include the 
development of a reliable CMFD approach robust to different post-processing attacks. To counter these, this research 
introduces an end-to-end DL-based framework for robust CMFD under post-processing transformations. Our method 
presents an improved version of the EfficientNet-B0 backbone with ReLU activation to improve feature extraction, 
convergence speed, and generalization. The major contributions of this research are as follows: 
 

• We present an effective and robust DL method, ReLU-EfficientNet, to reliably detect copy-move image 
forgery under post-processing attacks. 

• We introduce ReLU activation in the EfficientNet-B0 backbone to enhance feature extraction, expedite 
convergence, improve stability, and reduce vanishing gradient issues.  

• We introduce three dense layers with dropout to combine and refine features for improved generalization and 
robust classification performance. 

• Extensive experimentation on two diverse benchmarks, MICC-F2000 and CASIA v2.0, with an average 
accuracy of 97% and 96%, respectively, signifies the efficacy of our technique for CMFD. 

 
2. Literature Review 
This section critically analyses the existing state-of-the-art (SOTA) CMFD methods. The research community has 
explored various point-based, block-based, DL-based, and hybrid approaches to counter the threats of CMF. 
The point-based approach identifies keypoints in the image to get transformation invariance and resistance to post-
processing attacks for CMF. Niu et al. (2021) proposed a moment invariant method based on SIFT keypoints, and 
achieved good accuracy and efficiency for CMFD. For accurate localization, this method employed clustering, 
filtering, and SSIM; however, this method struggles to achieve better results under geometric distortions. Hegazi et 
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al. (2021) introduced a DBSCAN-GORE method to successfully reduce false detections while improving operational 
efficiency. However, it has limited performance when dealing with complex textured regions. Lyu et al. (2021) 
presented a double matching approach using Delaunay triangle matching, DBSCAN, and RANSAC localization to 
boost precision and robustness under scaling and rotation transformations. This approach requires longer matching 
time when it comes to large image datasets. Jiang et al. (2024) presented a dynamic keypoint-detection approach for 
CMFD. This method is unable to perform well on noisy and compressed images. 
 
Existing works have also employed block-based methods for CMFD by splitting an image directly into smaller parts 
and comparing the extracted characteristics. (Mahdi and Ali 2024) extracted features from overlapping blocks using 
a multiple-stage Local Binary Pattern (LBP) and angular second moments, along with standard variance with SVM 
for classification. This approach shows degraded performance under geometric transformations and other post-
processing attacks. Amiri et al. (2024) employed DWT and DCT with the Equilibrium Optimization Algorithm (EOA) 
to detect the CMF, but were unable to achieve better performance under compression and complex post-processing 
attacks. Priyanka et al. (2020) have used a DCT-SVD approach to enhance the detection robustness. The method used 
DCT features with SVD reduction and applied SVM and K-means algorithms to perform both classification and 
localization tasks. The method demonstrated reasonably better performance under noise, scaling, and compression, 
but it was unable to perform well under geometric transformations. The block-based methods experience problems 
when working with repeated block deviations and boundary irregularities that occur in light-textured or complex image 
regions. 
 
Deep learning techniques have improved the performance of CMFD over the traditional approaches due to their ability 
to compute salient feature maps and better classification. Chang (2023) created a DL approach based on combining 
the ResNet18 with a vision transformer to achieve both the detection and localization of forged regions. Jaiswal and 
Srivastava (2022) developed a CNN model to improve the CMFD under scaling and geometric transformations; 
however, with poor generalization ability to tackle new forgeries. Kumaret et al. (2024) used the DenseNet model to 
detect the copy-move and splicing forgeries, but with higher computational complexity. Khalil et al. (2023) developed 
a CNN-based system for reasonable forgery detection performance while maintaining a lower computational cost. 
However, it is important to mention that it achieved lower performance than deeper DL models. Abbas et al. (2021) 
provided a comparative analysis to assess the performance of SVGGNet and MobileNetV2 models for CMFD. This 
study revealed that MobileNetV2 showed better accuracy and false positive reduction under noise, rotation, and 
blurring attacks. Zabiya et al. (2024) used a standard CNN model, whereas (Oraby et al. 2024) used an ensemble deep 
neural network with XGBoost to identify CMF regions. These approaches are unable to spot forged segments of small 
regions and have limited generalizability. Nazir et al. (2022) proposed an enhanced Mask RCNN model. The system 
used DenseNet-41 to achieve better accuracy while making the model more resistant to post-processing attacks. The 
model shows better feature extraction with a low computational cost. Moreover, DL methods in general are 
computationally more expensive than traditional methods. 
 
The development of hybrid techniques that combine block-based and keypoint-based techniques has resulted in 
enhanced detection performance in challenging image manipulation scenarios. The hybrid model suggested by (Singh 
and Kumar 2024) developed the emperor penguin optimization technique and obtained better performance under a 
variety of forgeries, including the CMF. However, the model's adaptability and timeline for convergence are still 
limited for datasets of considerable size. Kaur et al. (2024) proposed a hybrid model to detect CMF using a CNN and 
wavelet-transformed picture coefficients, but showed lower performance on images with post-processing attacks of 
different severity levels. Tinnathi and Sudhavani (2021) presented a dynamic gradient swarm optimization method for 
CMF detection, but it was unable to perform well under extreme geometric variations.  Yu et al. (2025) presented an 
efficient ConvNeXt-UperNet framework for CMFD.  Dell’Olmo et al. (2025) employed a hybrid CMFD method using 
traditional clustering of forged region predictions with deep learning. This method was unable to cope well with 
unseen tampering variations. By combining BRISK and SURF descriptors with DBSCAN clustering, (Bilal et al. 
2020)  successfully minimized false positives and improved robustness towards noise and compression attacks. 
However, a significant drop in performance was reported when handling low-contrast images. Diwan and Roy (2024) 
proposed a dual-stage pipeline combining CNN-learned localized descriptors with traditional keypoint detection for 
CMFD, but with added computation cost.  
 
The current CMFD techniques show several limitations. Methods with handcrafted features are ineffective with noisy 
data, compression, and post-processing. The performance of keypoint-based and block-based techniques is limited 
under geometric transformations. The hybrid and DL methods achieve better results than all other traditional methods, 
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but with increased computational cost. Lightweight CNNs are proposed to reduce the computational cost of DL 
techniques, but these approaches suffer from limited generalization ability. 
 
3. Methodology 
This section provides a detailed explanation of our deep learning framework, ReLU-EfficientNet for CMF detection. 
To effectively extract complex features from forgery images, we used the EfficientNetB0 network combined with the 
ReLU activation function to enhance feature extraction. Additionally, we introduced three dense layers to combine 
and refine features for improved generalization and robust classification performance. The workflow of the proposed 
method is illustrated in Figure 1. 
 
3.1  Preprocessing 
The images are of different sizes; therefore, data preprocessing is essential before model training to ensure that the 
image dimensions are consistent and uniform across the entire dataset. Thus, the images were resized to 128 × 128 × 
3. Then, the pixel intensity values are rescaled to a predefined range of 0 to 1 to enhance the data presentation and 
quality, which can improve model training and detection performance.  
 

 
 

Figure 1. Workflow of the proposed method. 
 
3.2  Feature Computation 
The proposed method presents an improved version of EfficientNetB0 for CMFD. We selected the EfficientNetB0 
model for architectural enhancements due to its dual benefits of better detection and generalization performance, and 
computational efficiency. EfficientNet is based on compound scaling, an approach to balancing network depth, width, 
and input resolution with the help of a simple and powerful scaling coefficient. This approach ensures that the network 
performs well with fewer parameters than traditional CNNs. 
To enhance our method’s capacity to learn significant features, a Squeeze-and-Excitation (SE) block is placed after 
each convolutional layer. By suppressing less useful channels in a feature map, the SE block facilitates the model to 
emphasize the most crucial ones. As demonstrated below, the squeeze process first uses Global Average Pooling (GAP) 
to downsample spatial data for each channel as: 

𝑧𝑧𝑐𝑐 = 1
𝐻𝐻 ×𝑊𝑊

∑ ∑ 𝑋𝑋𝑐𝑐(𝑖𝑖, 𝑗𝑗)𝑊𝑊
𝑗𝑗=1

𝐻𝐻
𝑖𝑖=1                (1) 

Here, Xc, H, and W represent the cth channel of the feature map, its height, and width, respectively. The excitation step 
then uses two completely connected layers with Sigmoid as well as ReLU activations to determine the significance of 
each channel as: 

𝑠𝑠 = 𝜎𝜎�𝑊𝑊2 ∙ 𝛿𝛿(𝑊𝑊1 ∙ 𝑧𝑧 )�                         (2) 



Proceedings of the 3rd GCC International Conference on Industrial Engineering and Operations Management 
Tabuk, Saudi Arabia, February 2-4, 2026 
 

© 2025 IEOM Society International 

In Eq. (2), the sigmoid activation function is represented by σ and the weight matrices by W1 and W2. A weight ranging 
from 0 to 1 is provided for each channel by the output, s. Next, these adjusted weights are multiplied by the initial 
features to produce the modified feature maps as follows: 

𝑋𝑋𝑐𝑐′ = 𝑠𝑠𝑐𝑐 ∙ 𝑋𝑋𝑐𝑐                                           (3) 
The network can enhance the quality of feature representations also adaptively highlight more relevant information by 
incorporating SE blocks into each convolutional layer. This helps the model in identifying minute details and small 
variations in images, leading to improved identification of copy-move forgeries. 
 
After feature extraction, Global Average Pooling (GAP) is used to flatten the feature maps. It is followed by three 
additional dense layers introduced in our ReLU-EfficientNet to perform the classification. Our model consists of a 
dense layer of 512 neurons and 50% dropout, then a dense layer of 256 neurons and 50% dropout, and finally a third 
dense layer with 128 neurons followed by 50% dropout. The last stage is the binary prediction that involves one output 
layer with a single sigmoid neuron. The architectural details of our ReLU-EfficientNet are depicted in Table 1. 
 
3.3  Activation Function  
We introduce the ReLU activation in place of Swish in all Convolutional layers, due to its simplicity, faster 
convergence, and mitigating the vanishing gradient problem. The sparse activation property of ReLU enables fast 
learning with fewer computing resources. Furthermore, we added dropout layers between each dense layer to minimize 
the risk of overfitting. The combination of dropout and ReLU ensures the model remains lightweight while achieving 
better detection performance. ReLU is defined as: 

𝑓𝑓(𝑥𝑥)  =  𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑥𝑥)                                         (4) 
 
3.4  Training Configuration and Optimization 
We used the Adam optimizer to train our model due to its ability to adjust the learning rate during training (Reyad et 
al. 2023). The hyperparameters were set as: Learning rate=0.001, Batch size=32, and early stopping with patience of 5 
epochs. We used the binary cross-entropy loss function in our model, as it penalizes incorrect predictions more heavily 
when the model exhibits higher confidence, thus improving the generalization. We computed the loss function as:  

ℒ(𝑦𝑦, 𝑦𝑦∧) = −[ylog(𝑦𝑦∧) + (1 − 𝑦𝑦) log(1 − 𝑦𝑦∧)]                (5) 
 

Table 1. Architectural details of the proposed model 
 

Blocks Layer Type Kernel Size and Number 
of Layers 

Stride Value 

1 Convolutional layer (EfficientNetB0) 3 × 3 conv 2 
2 MBConv 1 Block (EfficientNetB0) 3 × 3 conv × 1 1 
3 MBConv 6 Block (EfficientNetB0) 3 × 3 conv × 2 2 
4 MBConv 6 Block (EfficientNetB0) 5 × 5 conv × 2 2 
5 MBConv 6 Block (EfficientNetB0) 3 × 3 conv × 3 2 
6 MBConv 6 Block (EfficientNetB0) 5 × 5 conv × 3 1 
7 MBConv 6 Block (EfficientNetB0) 3 × 3 conv × 4 2 
8 Convolutional layer (EfficientNetB0) 1 × 1 conv × 4 1 
9 GlobalAveragePooling2D layer _ _ 
10 Dense layer 512 units  - 
11 Dropout layer 50% dropout rate - 
12 Dense layer 256 units  - 
13 Dropout layer 50% dropout rate - 
14 Dense layer 128 units  
15 Dropout layer 50% dropout rate - 
16 Output layer Sigmoid activation - 
    

 
4. Datasets  
We used two diverse and large-scale datasets, MICC-F2000 (Amerini et al. 2011) and CASIA v2.0 (Dong et al. 2013), 
to test the effectiveness of our method. Both datasets consist of authentic and tampered images. MICC-F2000 comprises 
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2000 images, including 1300 authentic and 700 tampered samples, while CASIA v2.0 contains 12323 images, with 
7200 authentic and 5123 tampered samples. The MICC-F2000 dataset includes the tampering of CMF with both plain 
forgery and post-processed attacks, such as blurring, rotation, compression, etc. On the other hand, CASIA v2.0 includes 
both the splicing and CMF, again, both plain forgery and post-processed attacks, such as blurring, noise, contrast 
adjustment, etc. Figures 2 and 3 provide a few snapshots of original and tampered images of the MICC-F2000 and 
CASIA v2.0 datasets. 
 

 
 

Figure 2. MICC-F2000 dataset: (Row 1- original images, rows 2 & 3-tampered/forged images). 
 

 
 

Figure 3. CASIA v2.0 dataset: (Row 1- original images, rows 2 & 3-tampered/forged images). 
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5. Results and Discussion 
This section provides the details of evaluation metrics, different experiments, and a discussion on the results of 
experiments conducted for performance evaluation.  
 
5.1 Evaluation Metrics 
To comprehensively evaluate the proposed model’s performance, accuracy, precision, recall, and F1 score were used. 
Accuracy determines our method’s ability to correctly classify images as authentic or forged, and is computed as: 

Accurancy = TP+TN
TP+FP+TN+FN

                                    (6) 
where TP, TN, FP, and FN represent the numbers of true positives, true negatives, false positives, and false negatives, 
respectively.  
Precision measures the proportion of correctly identified tampered images out of the entire images predicted as tampered 
and is calculated as: 

Precision = TP
TP+FP

                                                 (7) 
Recall measures the ability of the model to correctly detect all tampered images within the dataset, and is computed as: 

Recall = TP
TP+FN

                                                       (8) 
The F1 score is the harmonic mean of precision and recall, and gives a clear view of the model’s overall performance. 
We calculated the F1 score as follows: 

F1 score = 2 ∗ Precision∗Recall
Precision+Recall

                                         (9) 
The confusion matrix is also used to provide an intuitive and visual representation of our method’s performance. 
 
5.2  Evaluation on MICC-F2000 and CASIA v2.0 dataset 
We designed an experiment to evaluate the proposed ReLU-EfficientNet method using two diverse publicly available 
datasets, MICC-F2000 and CASIA v2.0. The datasets contain authentic as well as plain and post-processing attacks-
based tampered images. We used 80% samples for model training and the remaining 20% unseen samples to test our 
model for both datasets. The results in terms of precision, recall, F1 score, and accuracy are shown in Table 2. We 
attained excellent detection accuracy of 97% on MICC-F2000 and 96% on CASAI v2.0, which demonstrates the 
efficacy of our method for reliable CMFD even in the presence of post-processing attacks.  
 

Table 2. Evaluation on MICC-F2000 and CASIA v2.0 datasets 
 

Dataset Precision (%) Recall (%) F1-score (%) Accuracy (%) 
MICC-F2000 94 97 95.5 97 
CASIA v2.0 97 94 95.5 96 

 
5.3  Confusion Matrix Analysis 
We designed a confusion matrix analysis experiment to assess the classification performance of our ReLU-EfficientNet 
method on both datasets. This evaluation helps to visualize the model’s prediction of correctly and incorrectly classified 
samples. Figure 4 shows the confusion matrix outcomes on both datasets. 
 
For the MICC-F2000 dataset, we can observe that our method predicted an FP of 18 and an FN of 42 among the 2000 
total images. These results indicate that the model achieved exceptionally high classification accuracy with 682 true 
positives and 1258 true negatives, and only 60 samples among 2000 were misclassified. These misclassifications are 
caused by manipulations involving highly similar texture patterns or low-contrast duplicated regions. Nevertheless, the 
ratio of FNs to total forged samples remained negligible, confirming our method’s strong capacity to generalize even 
on smaller-region manipulations. This demonstrates that ReLU-EfficientNet can effectively capture fine-grained spatial 
correlations and local inconsistencies within the MICC-F2000 dataset. 
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Figure 4. Confusion matrix of MICC-F2000 and CASIA-v2. 

 
For the larger CASIA 2.0 dataset, our method predicted 300 FPs and 193 FNs among 12000+ images. These 
misclassifications (FNs) are attributed to some manipulated regions, particularly those with blended or overlapping 
tampered areas, with low contrast and massive noise. Similarly, the increase in FPs can be attributed to genuine images 
containing complex textures or lighting inconsistencies, which were mistakenly recognized as forged. Still, our method 
attained impressive results even under complex real-world conditions. This analysis demonstrates the robustness of our 
ReLU-EfficientNet method across datasets of varying complexity and CMF regions with a variety of post-processing 
attacks. 
 
5.4  Comparative Analysis 
A comprehensive comparative analysis was performed to assess the effectiveness of the proposed ReLU-EfficientNet 
method against several existing contemporary CMFD methods. The purpose of this evaluation was to determine the 
degree of improvement achieved by our method in terms of accuracy when applied to different datasets. The 
comparative study encompassed both classical handcrafted feature-based techniques and DL architectures, ensuring a 
balanced and fair assessment across model categories on two datasets. 
 

Table 3. Performance comparison with SOTA approaches 
 

Method Model Type Dataset Used Accuracy (%) 
 (Vaishali and Neetu 2023) ResNet-101 MICC-F2000 96.87 
(Arivazhagan et al. 2024) CNN-VGG16 Model  MICC-F2000 66.25 
(Korsipati et al. 2025) Optimized CNN heads MICC-F2000 96.92 
ReLU-EfficientNet (Proposed) End to end DL model MICC-F2000 97.00 
 (Joshi et al. 2022) EfficientNetv2 CASIA v2.0 93.15 
 (Tankala et al. 2023) ResNet-101 CASIA v2.0 77.00 
 (Dar et al. 2024) GAN-CNN CASIA v2.0 90.56% 
ReLU-EfficientNet (Proposed) End to end DL model CASIA v2.0 96.00 

 
As shown in Table 3, the CNN-based model (Arivazhagan et al. 2024) employed a VGG-16 backbone and achieved 
66.25 % accuracy on MICC-F2000. This approach is sensitive to post-processing attacks, and lower results indicate a 
need for improvement. Vaishali and Neetu (2023) used the ResNet-101 DL model and achieved an improved accuracy 
of 96.87% over (Arivazhagan et al. 2024). Korsipati et al. (2025) used a lightweight CNN head improved by Focal Loss 
and SE-enhanced fused-MBConv layers using compound scaling and achieved 96.92% accuracy on the MICC-F2000 
dataset, demonstrating the effectiveness of multi-level feature aggregation in improving CMFD. DL-based methods 
such as ResNet-101 (Tankala et al. 2023) and the CNN-based model (Dar et al. 2024) achieved 77% and 90.56% 
accuracy, respectively, on the CASIA v2.0 dataset, showing notable improvements in feature representation over 
handcrafted models. Similarly, the EfficientNet-v2 architecture (Joshi et al. 2022), evaluated on the CASIA v2.0 dataset, 
attained 93.15% accuracy, indicating moderate performance due to dataset complexity and class imbalance. In contrast, 
our ReLU-EfficientNet achieved 97% accuracy on MICC-F2000 and 96% on CASIA v2.0, outperforming all 
competing methods. This significant improvement demonstrates that integrating the ReLU activation function with the 
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EfficientNet compound scaling strategy enhances both discriminative learning and generalization across forgery under 
different post-processing attacks. The model’s lightweight structure further ensures reduced computational overhead, 
making it highly suitable for real-time forensics applications. 
 
5.5 Ablation study 
To analyze the impact of different architectural design enhancements during the development of the proposed method, 
we conducted an ablation study to compare the performance of the baseline EfficientNet model with different 
configurations. More precisely, we compared the performance under three different settings: i) Baseline EfficientNet 
with Swish activation, ii) EfficientNet with ReLU activation, and iii) EfficientNet with ReLU and three additional 
dense layers with dropout. We performed this ablation study on both the MICC-F2000 and CASIA v2 datasets 
separately, and the results are shown in Table 4. The baseline EfficientNet method with Swish activation attained an 
accuracy of 77.99% on MICCC-F2000 and 78.25% on the CASIAv2. Next, we examined the performance of the 
enhanced model after replacing the Swish activation with ReLU. The objective of this experiment was to examine the 
effect of ReLU in terms of improving convergence and gradient flow over the swish activation in the EfficientNet 
model. The outcomes of this enhancement revealed an increase in accuracy from 77.99% to 83.12% on MICC-F2000 
and from 78.25% to 82.56% on the CASIA v2 dataset. This experiment revealed the effectiveness of ReLU activation 
for improved feature sparsity, stability, and convergence over the Swish activation in the EfficientNet model. Finally, 
we investigated the effect of adding additional dense layers in our architecture for CMFD. For this purpose, we added 
three additional dense layers with dropout in our proposed ReLU-Efficient method and achieved significant 
performance improvement. Specifically, the accuracy further increased to 97% and 96% on the MICC-F2000 and 
CASIA v2 datasets, respectively. These findings demonstrate that integration of these additional dense layers in our 
method improves the feature learning capacity for improved generalization and robust CMFD performance of our 
model. Thus, the introduction of ReLU activation and additional dense layers with dropout in the baseline EfficientNet 
model presents a more potent solution to reliably spot copy-move forgeries. 
 

Table 4. Ablation study. 
 

Dataset Architectural Enhancements Accuracy (%) 
 
MICC F2000 
 

Baseline EfficientNet with Swish 77.99 
EfficientNet with ReLU 83.12 
ReLU-EfficientNet (ReLU+ 3 dense layers with dropout) 97.00 

 
Casia V2 
 

Baseline EfficientNet with Swish 78.25 
EfficientNet with ReLU 82.56 
ReLU-EfficientNet (ReLU+ 3 dense layers with dropout) 96.00 

 
5.6  Discussion 
The proposed ReLU-EfficientNet method demonstrated exceptional performance, achieving 97% accuracy on the 
MICC-F2000 dataset and 96% on the CASIA v2.0 dataset. These results highlight the model’s strong capability in 
learning discriminative features that effectively distinguish between authentic and forged image regions. The integration 
of the ReLU activation significantly enhanced the stability of the network, enabling more efficient gradient flow and 
better learning of nonlinear relationships within image data. This improvement allowed the model to capture fine-
grained forgery traits, such as duplicated textures, irregular boundaries, and subtle inconsistencies in pixel intensity 
patterns. Compared to existing DL architectures like VGG16, ResNet101, and EfficientNetv2, our ReLU-EfficientNet 
not only achieved higher classification accuracy but also computational efficiency. The reduced model size and shorter 
inference time make it particularly suitable for real-time forensic applications, where rapid and reliable analysis of 
digital evidence is critical. Furthermore, the compound scaling mechanism of EfficientNetB0, which jointly optimizes 
the model’s depth, width, and resolution, contributed to a better balance between accuracy and efficiency. This design 
strategy allowed the model to utilize fewer trainable parameters while maintaining high representational capacity. As a 
result, the ReLU-EfficientNet achieved robust generalization across different datasets and forgery types, confirming its 
effectiveness and efficiency for CMFD. 
 
6. Conclusion 
This paper has presented a DL-based approach, ReLU-EfficientNet, for effective detection of CMF. Experimental 
evaluation on two diverse standard datasets with 97% accuracy demonstrates strong resilience against CMF on images 
under diverse post-processing attacks and forged regions with smaller size and complex patterns. The introduction of 



Proceedings of the 3rd GCC International Conference on Industrial Engineering and Operations Management 
Tabuk, Saudi Arabia, February 2-4, 2026 
 

© 2025 IEOM Society International 

ReLU activation in the EfficientNetB0 architecture ensures capturing complex spatial inconsistencies and subtle 
duplication artifacts without compromising computational performance. The optimized network design resulted in a 
compact and powerful model, capable of distinguishing forged regions from authentic content with high precision and 
minimal false detections. The proposed work can be extended to address more challenging forgery types, including 
GAN-generated and multi-modal image manipulations. Incorporating adversarial training and real-time learning 
mechanisms could further enhance the robustness and adaptability of forgery detectors under diverse manipulations. 
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