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I. INTRODUCTION 

Digital images are widely used in journalism, social media, surveillance, legal investigations and other information systems 

in which visual authenticity is important. The increasing availability of image editing tools has made manipulation easier to perform 
and more difficult to recognize from visual inspection alone. Image splicing and copy-move operations may introduce subtle 

changes in texture, edges, noise characteristics and local structure, creating a need for computational forensic analysis.  

Recent forgery detection research has explored residual analysis, noise estimation, edge information, deep feature learning, 

attention mechanisms and localization networks. These approaches improve the ability to identify manipulated content, but the 

literature continues to report challenges associated with preservation of weak forensic evidence, computational cost, localization 

of small manipulated regions and generalization to different manipulation conditions. 

The present study compares two research phases that address these issues at different levels of the forgery-analysis pipeline. 

Phase I introduced a two-stage DRFNS-GAPS framework. DRFNS performs patch-wise denoising according to local forgery 

evidence, while GAPS evaluates gradient, texture and colour irregularities and uses K-Means clustering to obtain suspicious-region 

masks. The reported results show a PSNR of 40.48, SSIM of 0.96 and RMSE of 0.0093 for denoising, together with 97.00% 

segmentation accuracy. 

Phase II developed a broader FASETE-VEDAC framework. FASETE combines statistical texture, edge-aware, structural, 
frequency-domain and adaptive patch-level information. VEDAC then applies convolutional feature learning, attention-based 

refinement and variational inference to obtain authenticity predictions together with confidence and uncertainty estimates. The 

reported classification results are 96.55% accuracy, 85.71% precision, 60.00% recall and 70.59% F1-score. 

The objective of this article is not to treat the two phases as interchangeable classifiers. Instead, it examines their 

progression as two complementary stages of research and identifies how the focus changes from evidence-preserving preprocessing 

and localization to multi-domain representation, probabilistic decision making and integrated localization. 

 

II.MATERIALS AND METHODS 

2.1 Comparative study design 

The comparative study was constructed from the two supplied research manuscripts. The comparison follows four common 

analytical dimensions: preprocessing and evidence preservation, feature representation, tampering localization, and classification 
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or decision reliability. Reported numerical results are retained as presented in the source studies. Because Phase I reports denoising 

and segmentation performance whereas Phase II reports feature-extraction and classification performance, the numerical values 

are interpreted according to their original tasks rather than being presented as a direct one-to-one benchmark. 

 

2.2 Phase I framework: DRFNS-GAPS 

Phase I uses a two-stage pipeline. Dynamic Residual Forgery-aware Noise Suppression (DRFNS) first computes residual 

information from the difference between the input image and a blurred version. The image is divided into local patches, and patch-
level indicators such as edge density and structural inconsistencies guide the filtering strength. Safer regions receive stronger 

smoothing, whereas suspicious regions receive weaker filtering and partial residual reinforcement. This design aims to reduce 

noise and compression artifacts without removing useful manipulation traces. 

Gradient-Aware Patch Saliency (GAPS) processes the denoised image at patch level. Horizontal and vertical gradients are 

combined to characterize structural variation, while texture variability and colour divergence provide additional evidence. The 

resulting saliency scores are normalized and separated into normal and suspicious groups using K-Means clustering. The selected 

suspicious patches are assembled into a binary localization mask. 

 

2.3 Phase II framework: FASETE-VEDAC 

Phase II changes the emphasis from preprocessing and segmentation toward discriminative representation and 

classification. Forgery-Aware Semantic and Edge Tracing Feature Extraction (FASETE) extracts statistical texture, edge-aware, 

structural, frequency-domain and adaptive patch-importance features from highly suspicious regions. These complementary 
representations are fused and normalized to retain both local forgery characteristics and global context. 

The resulting feature maps are supplied to the Variational Evidence-Driven Attention Classifier (VEDAC). VEDAC first 

learns high-level features using convolutional operations and then generates an attention representation that emphasizes 

informative semantic, texture, structural and frequency features. Variational inference estimates latent distributions, from which 

sampled representations are used for tampering probability prediction. Patch-level decisions are aggregated to obtain the final 

localization map, while confidence and uncertainty scores support reliability assessment. 

 

 
Fig. 1. Comparative evolution of the Phase I and Phase II image forgery detection pipelines. 
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Input processing 
Patch-wise residual-aware 

denoising 

High-saliency regions followed 

by multi-domain feature 

extraction 

From restoration to 

evidence-oriented 

representation 

Feature evidence 
Residual, edge, gradient, 

texture and colour cues 

Texture, edge-aware, structural, 

frequency and patch-
importance cues 

Broader and explicitly 

fused feature space 

Localization 
GAPS saliency and K-

Means segmentation 

Patch-level predictions 

aggregated into tampering map 

From saliency segmentation 

to prediction-driven 

localization 



Comparative Evolution of Digital Image Forgery Detection: From Residual-Saliency Processing to Variational Attention Learning 

Published By: Fifth Dimension Research Publication                   https://fdrpjournals.org/                                       103 | P a g e  

 

 
 

Decision 

mechanism 

Segmentation-based 

suspicious-region 

identification 

CNN learning + attention + 

variational inference 

Adds learned and 

probabilistic decision 

support 

Reliability 

information 

Not explicitly modeled as 

a separate output 

Confidence and uncertainty 

estimation 

Introduces uncertainty-

aware decision making 

Reported primary 

result 

Denoising and 

segmentation performance 

Feature extraction and image 

forgery classification 

performance 

Evaluation expands from 

preprocessing/localization 

to classification 
Table:1 - Methodological comparison 

 

III. RESULTS AND DISCUSSION 

3.1 Phase I reported performance 

In Phase I, DRFNS achieved a PSNR of 40.48, SSIM of 0.96 and RMSE of 0.0093 in the reported denoising comparison. 
These values were used to support the claim that the method can reduce noise while preserving relevant structural and forensic 

information. GAPS subsequently achieved 97.00% accuracy, 96.34% precision, 94.44% recall and 93.91% F1-score in the 

reported segmentation comparison. 

 

Method Task PSNR SSIM RMSE Segmentation F1 (%) 

DRFNS Denoising 40.48 0.96 0.0093 — 

GAPS Segmentation — — — 93.91 

Table: 2 - Key reported Phase I results. 

Denoising and segmentation metrics are shown separately because they measure different stages. 

 

3.2 Phase II reported performance 

Phase II reports FASETE as the feature extraction component and VEDAC as the classification component. In the feature 

extraction comparison, FASETE reported an MSE of 0.4686, PSNR of 51.42 dB, SSIM of 0.9850, entropy of 2.0972, EPI of 

0.9999 and SNR of 41.97 dB for Image 1. For Image 2, the reported values were MSE 0.7914, PSNR 49.14 dB, SSIM 0.9973, 

entropy 2.7015, EPI 0.9999 and SNR 47.13 dB. 

At the classification stage, VEDAC obtained the highest reported values among the compared methods: 96.55% accuracy, 
85.71% precision, 60.00% recall and 70.59% F1-score. The Phase II ablation study also reports progressive performance 

reductions when multi-domain FASETE features, adaptive patch importance, attention refinement or variational inference are 

removed, indicating that the complete framework benefits from the combination of these components. 

 

Configuration Accuracy (%) Precision (%) Recall (%) F1-score (%) 

Without multi-domain FASETE features 92.84 79.36 52.18 62.95 

Without adaptive patch importance 93.72 80.91 54.26 64.96 

Without attention refinement 94.61 82.37 56.14 66.77 

Without variational inference 95.48 84.12 58.32 68.87 

Complete FASETE-VEDAC 96.55 85.71 60.00 70.59 
Table: 3 -  Phase II ablation results reported for the FASETE-VEDAC framework. 

 

3.3 Comparative interpretation 

The two phases show a clear methodological progression. Phase I concentrates on improving the quality of the image 

evidence before localization. DRFNS is specifically designed to avoid excessive smoothing in suspicious patches, while GAPS 

converts local gradient, texture and colour differences into a segmentation decision. The resulting architecture is therefore 

primarily evidence-preserving and localization-oriented. 

Phase II builds a richer representation layer on top of the suspicious-region concept. Instead of relying mainly on hand-

designed saliency indicators for the final decision, FASETE combines several complementary feature domains and VEDAC learns 

higher-level representations before applying attention refinement and variational inference. This provides a broader route from 

local forensic evidence to image-level classification. 

A direct numerical ranking between GAPS and VEDAC would not be methodologically appropriate because the reported 
measurements correspond to different tasks. GAPS is evaluated as a segmentation method, whereas VEDAC is evaluated primarily 

as a classification method. The more meaningful comparison is therefore architectural: Phase I establishes evidence-preserving 

preprocessing and localization, while Phase II extends the pipeline toward discriminative feature fusion, probabilistic inference 

and reliability-aware classification. 

Another important observation concerns the balance between accuracy and robustness. Phase II achieves a high reported 

accuracy, but its recall of 60.00% indicates that further work is required to reduce missed forged samples. The Phase II manuscript 

itself identifies cross-dataset generalization, unseen manipulation techniques and real-world scenarios as open issues. Phase I 

similarly notes difficulty when manipulated regions are very small or strongly compressed. Together, these limitations indicate 

that the next research step should emphasize generalization under difficult post-processing conditions rather than only improving 

benchmark accuracy. 
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Capability Phase I Phase II Interpretation 

Noise/compression 

handling 
Explicit DRFNS stage 

Handled through feature 

processing; no dedicated 

denoising stage reported 

Phase I has the clearer 

preprocessing role 

Local forensic evidence 
Residual + gradient + 

patch cues 

Texture + edge + 

structure + frequency + 

patch cues 

Phase II broadens the 

feature space 

Localization 
Saliency-based 

segmentation 

Prediction-based patch 

aggregation 

Both are patch-oriented 

but use different decision 

routes 

Classification 
Not the primary reported 

endpoint 

Explicit 

authenticity/tampering 

classification 

Phase II extends the 

system to final decision 

making 

Uncertainty Not explicitly modeled 

Variational latent 

representation and 
uncertainty score 

Phase II adds 

probabilistic reliability 
information 

Ablation analysis 

Not reported in the 

supplied Phase I 

manuscript 

Reported for major 

FASETE-VEDAC 

components 

Phase II provides 

stronger component-

level evidence 

Generalization 

Limited; small/highly 

compressed regions 

remain difficult 

Cross-dataset and unseen 

manipulations remain 

open 

Generalization remains 

unresolved across both 

phases 

Table: 4 - Consolidated comparison of research capabilities 
 

IV. IMPLICATIONS FOR FURTHER RESEARCH 

The comparative findings suggest that the two frameworks should be viewed as complementary rather than competing 

designs. DRFNS-GAPS provides a strong foundation for preserving and isolating forensic evidence, while FASETE-VEDAC 

provides a richer learning and decision layer. A future unified architecture could therefore investigate whether residual-preserving 

preprocessing from Phase I can improve the robustness of the multi-domain representation used in Phase II. 
Three experimental directions are particularly justified by the reported limitations. First, evaluation should be extended 

across independent forgery datasets and manipulation categories to measure cross-dataset generalization. Second, controlled post-

processing tests involving compression, resizing, blur and noise should be included to quantify robustness. Third, recall and F1-

score should receive greater attention because high overall accuracy alone may conceal missed forged samples. 

Future experiments should also report computational time, memory use and model complexity under a common hardware 

configuration. Such measurements would make it possible to determine whether the additional feature and variational components 

of Phase II provide sufficient practical benefit for deployment-oriented forensic analysis. 

 

V.CONCLUSIONS 

This comparative study demonstrates a clear progression from residual-preserving localization to multi-domain, 

uncertainty-aware forgery classification. Phase I uses DRFNS and GAPS to preserve forensic traces and isolate suspicious regions, 

while Phase II uses FASETE and VEDAC to strengthen feature representation, attention refinement and probabilistic decision 
making. The reported results support the complementary value of the two phases, but their metrics should not be treated as a direct 

head-to-head benchmark because they evaluate different stages. Cross-dataset validation, post-processing robustness and improved 

recall remain important directions for subsequent research. 
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