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Abstract

Recent advances in image editing tools, particularly those
used in content-aware retouching and object-level manip-
ulation, have raised significant concerns regarding the au-
thenticity of digital images. While many Image Manipula-
tion Detection and Localization (IMDL) methods have been
proposed, they often struggle with subtle forgeries, intricate
boundary artifacts, and manipulations generated by unseen
editing techniques. In this work, we propose a novel edge-
aware framework that leverages the strong natural image pri-
ors of pre-trained inpainting models to harmonize manipu-
lated regions. By guiding the inpainting process with gen-
erated edge-aware masks, our method reconstructs tampered
areas using surrounding context, yielding perceptually coher-
ent results. The pixel-wise residual between the original and
reconstructed images reveals manipulation-sensitive incon-
sistencies—particularly around editing boundaries—thereby
enabling accurate and generalizable detection and local-
ization. Extensive experiments across multiple benchmarks
demonstrate that our approach achieves state-of-the-art per-
formance, especially in challenging scenarios involving real-
istic and finely retouched image forgeries.

Code — https://github.com/YYP3334522/EARG-Net

Introduction

Early approaches to Image Manipulation Detection and Lo-
calization (IMDL) predominantly relied on handcrafted fea-
tures, such as sensor noise patterns (Zhu and Li 2018; Lyu,
Pan, and Zhang 2014; Pan, Zhang, and Lyu 2012) and JPEG
compression artifacts (Korus and Huang 2016; Iakovidou
et al. 2018). However, with the rapid evolution of image
editing technologies, manipulated regions have become in-
creasingly sophisticated, often exhibiting intricate and seam-
less boundaries. The powerful post-processing capabilities
of tools like Adobe Photoshop, combined with the remark-
able image synthesis quality of Diffusion Generative Mod-
els (DGMs), have substantially narrowed the visual gap be-
tween tampered and authentic regions. As a result, modern
IMDL methods must contend with three key challenges:

A major challenge in IMDL lies in detecting subtle and
localized manipulations, where visual differences between
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tampered and authentic regions are marginal. In such cases,
models often default to empty predictions due to weak su-
pervisory signals and conservative loss formulations. Com-
pounding this, real-world forgeries frequently exhibit com-
plex and high-curvature boundaries that differ signifi-
cantly from the smooth masks common in existing datasets,
making fine-grained localization difficult. Additionally, the
presence of unseen editing tools and post-processing op-
erations—such as blending, color correction, and lighting
harmonization—further obscures manipulation traces, re-
ducing the reliability of both pixel-level and deep-feature-
based cues.

The convergence of these challenges creates a perfect
storm for manipulation detection systems, demanding novel
methodologies capable of simultaneously: (1) detecting in-
creasingly imperceptible tampering traces, (2) adapting to
rapidly evolving and diverse editing techniques, and (3) dis-
tinguishing manipulated content from authentic regions de-
spite intentional statistical obfuscation. Recent research has
explored directions such as physics-based invariant features
and self-supervised learning paradigms to mitigate these is-
sues. However, the pace at which image editing technolo-
gies advance—particularly in terms of realism and post-
processing sophistication—continues to outstrip the capabil-
ities of existing detection frameworks.

In response to the aforementioned challenges, we propose
a novel framework, termed Edge-Aware Reconstruction-
Guided Network (EARG-Net), for effective image manipu-
lation detection and localization. Our approach is built upon
the insight that common editing operations—such as copy-
move, splicing, and object removal—often introduce sub-
tle, high-frequency artifacts along manipulation boundaries,
even when synthesized by advanced deep generative mod-
els (DGMs). These boundary-level inconsistencies are fre-
quently obscured by post-processing techniques, rendering
them difficult to detect within the original image domain. To
address this, we hypothesize that explicitly amplifying such
inconsistencies can significantly enhance a model’s ability
to detect and localize tampered regions.

EARG-Net adopts a masking-based reconstruction strat-
egy that targets high-frequency details critical for forensic
analysis. Unlike traditional reconstruction pipelines that pri-
oritize visual fidelity, our objective is to expose manipula-
tion traces rather than suppress them. To this end, we intro-



duce the Edge-Aware Targeted Mask (EATM), which selec-
tively masks regions with suspected boundary inconsisten-
cies. Compared to random masking, EATM more effectively
focuses the reconstruction process on semantically relevant
areas, resulting in residual signals that are both more dis-
criminative and more stable for manipulation detection. Pre-
trained image inpainting model is then applied to reconstruct
the masked areas. Due to its reliance on surrounding context
and strong natural image priors, the inpainting model pro-
duces visually coherent outputs that effectively harmonize
manipulated regions. By computing the pixel-wise residual
between the original and reconstructed images, we obtain a
difference map that highlights manipulation-induced incon-
sistencies along object boundaries. To further refine these
forensic cues, we incorporate a learnable Adaptive Edge Op-
erator (AEO). Unlike fixed edge detectors, the AEO dynam-
ically adapts its kernel weights to varying manipulation pat-
terns, improving sensitivity to diverse boundary-level arti-
facts. The resulting Edge-aware Inconsistency Feature (EIF)
is fused with spatial features from the original image through
a dual-stream architecture, where cross-modal features are
rectified and integrated via transformer-based interaction,
enabling robust manipulation detection and localization.
Extensive experiments on benchmark datasets demon-
strate that EARG-Net consistently outperforms state-of-the-
art methods, particularly in challenging scenarios involving
subtle manipulations and intricate tampering boundaries.
Our contributions can be summarized as follows:

* We propose a novel forensic feature called Edge-aware
Inconsistency Feature (EIF), which reveals manipulation
artifacts by applying targeted edge masking followed by
image inpainting. To further enhance the inconsistency
signal, we introduce a learnable Adaptive Edge Operator
(AEO) for feature refinement.

We design a dual-stream framework, EARG-Net, that
integrates spatial features and edge-aware inconsistency
representations through attention-driven cross-modal in-
teraction, enabling precise and robust manipulation de-
tection and localization.

Extensive experiments demonstrate that our method
outperforms state-of-the-art approaches across multiple
benchmarks, particularly in localizing subtle manipula-
tions and handling complex tampering boundaries.

Related Work
Image Manuplation Detection and Localization

Handcrafted Cues Based Method. Early IMDL ap-
proaches relied on intrinsic artifacts introduced during im-
age acquisition or basic editing operations, such as incon-
sistencies in sensor noise (Zhu and Li 2018; Lyu, Pan, and
Zhang 2014; Pan, Zhang, and Lyu 2012; Mahdian and Saic
2009), illumination variations (Riess et al. 2017; de Car-
valho et al. 2013; Yao et al. 2012), Color Filter Array
(CFA) demosaic artifacts (Ferrara et al. 2012; Singh, Singh,
and Singh 2018), and JPEG compression traces (Korus and
Huang 2016; Iakovidou et al. 2018; Li, Yuan, and Yu 2009).
Although conceptually straightforward, these methods suf-
fer from limited applicability, high computational cost, and
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vulnerability to simple post-processing, rendering them in-
creasingly ineffective against modern editing tools.

Deep Learning Based Method. With the advent of deep
learning, data-driven IMDL techniques have become pre-
dominant. For example, MVSS-Net (Dong et al. 2023) em-
ploys multi-view and multi-scale supervision to enhance lo-
calization precision. CAT-Net (Kwon et al. 2021) integrates
RGB-domain and DCT-domain features for end-to-end
forgery detection. TruFor (Guillaro et al. 2023) combines
global signals (e.g., illumination consistency) with localized
noise analysis to identify generative manipulations. Recent
advances in large language models (LLMs) have spurred
growing interest in GPT-based approaches for IMDL tasks.
These methods leverage the multimodal capabilities of foun-
dation models to achieve breakthroughs in forensic analy-
sis. For example, ForgeryGPT (Li et al. 2024) establishes
a novel paradigm by capturing high-level forensic corre-
lations between visual artifacts and their linguistic repre-
sentations across diverse feature spaces, enabling unprece-
dented interactive capabilities. Similarly, FakeShield (Xu
et al. 2024) integrates GPT-40’s textual reAEOning with vi-
sual evidence, generating tamper-descriptive narratives that
provide human-interpretable detection results while main-
taining forensic accuracy.

Despite these advancements, existing methods still strug-
gle with subtle artifacts, complex boundaries, and general-
ization to unseen manipulations—challenges our proposed
EARG-Net is specifically designed to address. Early IMDL
methods primarily relied on spatial or frequency domain
cues, but often struggled to generalize to unseen manip-
ulation types. To improve robustness, feature fusion has
emerged as a key strategy, evolving through three main
stages. The first stage used direct concatenation of low-
level features (e.g., RGB, noise), which lacked the abil-
ity to model cross-modal relationships. The second stage
introduced dual-stream networks that process spatial and
frequency (or edge) features in parallel, often combined
through attention mechanisms. For instance, PSCC-Net (Liu
et al. 2022) enforces cross-modal consistency to highlight
tampering traces. However, fusion designs at this stage were
typically task-specific and lacked generalizability. In the cur-
rent stage, fusion itself has become a central focus. Recent
works adopt more flexible strategies—such as multi-scale
fusion, pyramid integration, and cross-modal transform-
ers—to learn richer representations. ObjectFormer (Wang
et al. 2022) and GIMFormer (Chen et al. 2025) exemplify
this shift toward general-purpose fusion frameworks. Build-
ing on this trend, our method integrates targeted forensic fea-
tures into a unified pipeline for accurate and generalizable
manipulation localization.

Method
Overview

Figure 1 provides an overview of our proposed method.
For the input image, we first apply Edge-Aware Targeted
Mask (EATM) to deliberately obscure the edges of can-
didated tampered regions. Next, we employ the inpainting
model to reconstruct the image by removing the masked ar-
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Figure 1: Overall architecture of the proposed EARG-Net. Given an input image, the Edge-Aware Targeted Mask (EATM)
first obscures potential tampered boundaries, followed by reconstruction using a pre-trained inpainting model. The residual
between the original and reconstructed images is processed by the Adaptive Edge Operator (AEO Block) to extract the Edge-
aware Inconsistency Feature (EIF). The original image and the extracted Edge-aware Inconsistency Feature (EIF) are processed
through two parallel transformer branches to encode spatial and forensic representations, respectively. These features are first
refined via the Cross-Modal Feature Rectification Module (CM-FRM), which leverages global average pooling and MLP layers
to align and calibrate modality-specific features. Subsequently, the Feature Fusion Module (FFM) employs a cross-attention
mechanism to effectively integrate spatial and edge-aware cues. The fused representation is then decoded into a pixel-wise
manipulation localization map under the supervision of ground-truth masks.

eas. We then perform pixel-by-pixel subtraction between the
source image and the reconstructed image and feed this dif-
ference into the Adaptive Edge Operator(AEO) to extract
forensic features - called the Edge-Aware Inconsistency Fea-
ture (EIF) . Finally, the EIF and spatial features are indepen-
dently embedded and passed through parallel transformer
layers. The resulting representations are fused via Cross-
Modal Feature Rectification Module (CM-FRM) and Fea-
ture Fusion Module (FFM), and subsequently decoded to
produce a precise localization map of manipulated regions.

Observation

Recent advances in image inpainting have demonstrated re-
markable capabilities in reconstructing missing content with
high visual plausibility, guided by strong natural image pri-
ors and spatial coherence. These models effectively exploit
surrounding contextual cues to fill occluded regions in a
perceptually harmonious manner. As illustrated in Figure 2,
when a manipulated region (e.g., an inserted object such as a
spider) is masked and restored by a state-of-the-art inpaint-
ing model, the tampered content is replaced with seman-
tically consistent and visually coherent background, seam-
lessly integrating into the surrounding scene.

This behavior reveals a key insight: inpainting models in-
herently “disagree” with manipulated content, particularly
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when the manipulation introduces semantic or structural in-
consistencies that deviate from natural image statistics. In
contrast, authentic regions—due to their inherent contex-
tual consistency—tend to be faithfully reconstructed without
introducing significant deviations. By comparing the orig-
inal image with its inpainted counterpart, we can extract
meaningful discrepancies that serve as strong and seman-
tically grounded forensic cues. Unlike traditional low-level
artifacts, these inpainting-induced inconsistencies emerge
from contextual or compositional mismatch, making them
especially discriminative for detecting subtle, manually re-
touched forgeries.

Building on this observation, our approach explicitly
leverages the reconstruction residual between the input and
its inpainted version to extract edge-aware forensic signals,
forming the core of the proposed EARG-Net framework.

Edge-aware Inconsistency Feature

In the IMDL domain, a variety of forensic features have
been proposed to capture manipulation traces, such as the
Bayar filter, SRM filters, and DCT-based representations.
While these handcrafted or low-level statistical features have
shown effectiveness in detecting certain types of manipu-
lations, they also exhibit several limitations.First, many of
these features are hand-designed and fixed, making them
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Figure 2: Illustration of the motivation behind our ap-
proach. The top row shows an authentic image and its in-
painting result, while the bottom row shows a manipulated
image with its corresponding inpainting and ground-truth
mask. For authentic images, the inpainting result remains vi-
sually consistent with the original, reflecting strong contex-
tual priors. In contrast, for tampered images, the inpainting
model removes the inserted object and restores semantically
coherent background, revealing clear inconsistencies. This
contrast highlights the potential of using reconstruction-
based differences to expose manipulation traces.

less adaptive to diverse or unseen manipulation patterns, es-
pecially those introduced by generative models (e.g., DGM-
based forgeries). Second, they typically operate in a global
or patch-wise manner, which may overlook fine-grained in-
consistencies along tampered boundaries—a critical cue for
accurate localization. Moreover, most of these features lack
the ability to capture semantic or context-aware inconsisten-
cies, which are increasingly common in modern image forg-
eries (Fang et al. 2025).

To address these issues, we introduce a new forensic fea-
ture termed EIF (Edge-aware Inconsistency Feature). Unlike
traditional descriptors, EIF is derived from the residual dif-
ference between the original image and an inpainted recon-
struction guided by Edge-Aware Targeted Mask (EATM) .
This residual emphasizes boundary-level inconsistencies in-
troduced by manipulations. Additionally, we apply a learn-
able Adaptive Edge Operator (AEO) to further enhance
these signals, enabling our method to better adapt to subtle
and diverse forgery patterns.

Edge-Aware Targeted Mask. In this work, we intro-
duce a novel edge-aware targeted masking strategy to guide
self-supervised learning via high-frequency semantic re-
gions. Unlike random or uniform masking approaches, our
method exploits low-level visual cues—such as edges and
corners—to apply fine-grained occlusions in a spatially in-
formative manner.

Specifically, we propose a dense boundary-aware mask-
ing technique that synthesizes Sobel and Laplacian opera-
tors to identify salient regions characterized by strong gradi-
ents or corner responses. Based on the resulting composite
edge map, we sample high-activation areas to apply small,
non-overlapping masks, subject to constraints on both patch
size and total coverage ratio. Compared to conventional ran-
dom masking, this strategy not only guides the model to-
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ward reconstructing semantically critical structures like ob-
ject boundaries but also promotes robustness to structured
occlusions, enabling more discriminative and generalizable
feature learning.

Given an input image I € , we compute a com-
posite edge heatmap E by combining Sobel and Laplacian
responses. Based on the binarized high-activation regions in
FE, we sample multiple small, non-overlapping patches R;
such that the total covered area does not exceed a predefined
ratio p. This yields a binary mask M € {0, 1}1*H*W The
masked image I is computed as [ = I ® (1 — M), where all
pixels within the mask are replaced with zero.

By focusing sampling near edge-rich regions—often
aligned with object boundaries—our masking strategy
guides the model to reconstruct structurally meaningful con-
tent. This targeted design ensures high coverage over poten-
tial manipulation areas, enhancing the forensic value of the
residual. While the overall mask ratio has minimal impact,
spatially aware masking proves critical for exposing subtle
tampering cues.

Adaptive Edge Operators. Traditional edge operators
exhibit limited adaptability to the diverse and subtle artifacts
introduced by modern image manipulation techniques. To
address this limitation, we introduce a differentiable mod-
ule designed to selectively enhance forensic-relevant edges
while suppressing irrelevant or noisy gradients. The core in-
novation of this module lies in integrating trainable feature
transformations with classical gradient-based edge extrac-
tion, enabling adaptive emphasis on manipulation-specific
boundaries within an end-to-end learning framework. Our
edge enhancement module consists of two components:

* Edge Normalization Unit: We first apply fixed Sobel
filters in the horizontal and vertical directions to compute
gradient responses:

RCXHXW

E, = GroupNorm(Sobel,(I)) 0
E,, = GroupNorm(Sobel, (1))
The normalized gradients are then combined to compute

the gradient magnitude:
\VEZ+E; +e

¢ T

=0

2)
where o (-) denotes the sigmoid function, € is a small con-
stant for numerical stability, and 7" is a learnable temper-
ature parameter controlling edge sharpness.
Gradient-Guided Residual Block: To propagate and
enhance edge-aware features, we introduce a residual
block guided by the gradient map G :

F' = Convyx(F)
F"” =ResBlock(F' ® (G +¢))
F, out — F" +F '
Here, F' is the residual between the input image and the
reconstructed image, © denotes element-wise multiplica-
tion, and the additive skip connection ensures preserva-
tion of identity information.
More details can be found in the supplementary material.

3)



Edge-Aware Reconstruction-Guided Network

Building upon the proposed Edge-aware Inconsistency Fea-
ture (EIF), we develop EARG-Net, a dual-stream architec-
ture designed for precise manipulation detection and local-
ization. As illustrated in Figure 1, the network comprises
an RGB stream that captures semantic and structural cues
from the original image, and an EIF stream that highlights
boundary-level inconsistencies induced by tampering. In-
spired by CMX (Zhang et al. 2023), both streams follow
a four-stage hierarchical transformer backbone with shared
configurations to extract multi-scale representations ranging
from low-level textures to high-level semantics.

To strengthen intra- and inter-modal representations, we
introduce two key components: the Cross-Modal Feature
Rectification Module (CM-FRM) and the Feature Fusion
Module (FFM). FRM enhances each modality by applying
channel-wise and spatial-wise rectification, using attention-
guided scaling and MLP-based refinement to suppress re-
dundant features while preserving manipulation-sensitive
signals. FFM is designed to align and integrate the RGB
and EIF features through bidirectional cross-attention, fol-
lowed by residual fusion and lightweight convolutional mix-
ing. This process adaptively balances global context and lo-
cal edge information, bridging the semantic gap between
modalities.

The fused features are then passed to a multi-layer de-
coder to generate pixel-wise manipulation masks, super-
vised by ground-truth annotations. In parallel, ConvGem
classification head predicts image-level manipulation labels,
providing global context to complement the localization
task. This dual-task formulation encourages the network to
learn both fine-grained and holistic forensic cues, improving
robustness and generalization.

Loss Function

Our training objective consists of two main branches: ma-
nipulation mask prediction and tampering label classifica-
tion. We design tailored loss functions for both tasks to en-
sure accurate localization and robust classification, particu-
larly under challenging cases such as small tampered regions
or subtle manipulations.

For pixel-wise manipulation localization, we employ a
combination of Binary Cross-Entropy (BCE) loss and Dice
loss:

mask
£mask = ‘Cbce

+ >\1 . Edice (4)
where \; is a balancing coefficient for the Dice loss, de-
fault set to be 0.1. To address the class imbalance between
tampered and untampered regions, we introduce an adaptive

weighting factor into the BCE term:

Lmesk — {ﬂ - M -log(M) + (1 — M) - log(1 — M)}
(%)
[ is defined as follows:
_ 1M]

where M and M denote the ground truth and predicted ma-
nipulation masks, respectively, | M| is the size of tampered
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field, |I| is the size of image, and « controls the strength
of the dynamic weight. This adaptive term encourages the
model to pay more attention to samples with small manipu-
lated regions, which are typically more difficult to detect.

For image-level tampering classification, we use a
weighted Binary Cross-Entropy loss:

Liaet = — [y -1log(§) + (1 —y) -log(1 = 9)] (7
where y € {0, 1} is the ground truth label, and 3 is the pre-
dicted probability. The coefficient v > 1 emphasizes penal-
izing false negatives, i.e., tampered images misclassified as
authentic, which is critical in forensic scenarios.

The final optimization objective combines both branches:

[:total = Lmask + /\2 : Elabe] (8)

where )\ is a balancing coefficient for the label loss, default

set to be 0.3. This joint loss allows the network to simultane-

ously learn fine-grained localization and holistic tampering
classification in an end-to-end fashion.

Experiment
Experiment Setup

Training Details. All images were resized to 512x512 pix-
els. We conducted the training over 50 epochs, utilizing a
batch size of 8 on four A6000 graphics cards. The learning
rate followed a cosine schedule, starting at 1e-4 and decreas-
ing to a minimum of Se-7.

Training Protocol. Following the IMDL-Benco (Ma et al.
2024) configuration, we employ two training protocols:
Protocol-MVSS and Protocol-CAT.

* Protocol-MVSS: The model is trained exclusively on
CASIAv2 (Dong, Wang, and Tan 2013) and evaluated on
other datasets.

Protocol-CAT: The model is trained on a composite
dataset comprising CASIAv2, Fantastic Reality (Kniaz,
Knyaz, and Remondino 2019), IMD2020 (Novozdmsky,
Mahdian, and Saic 2020), tampered COCO, and tam-
pered RAISE(Kwon et al. 2021), then tested on other
datasets.

Testing Datasets. For benchmark comparisons, we utilize
datasets commonly adopted in the IMDL research commu-
nity:

e Traditional manipulation datasets: COVER-
AGE (Wen et al. 2016), Columbia (Hsu and Chang
2006), NIST16 (Guan et al. 2019), IMD2020 and
CASIAv1 (Dong, Wang, and Tan 2013).

» Al-generated datasets: AutoSplice (Jia et al. 2023) and
CocoGlide(Guillaro et al. 2023).

Since Protocol-CAT’s training data already includes
IMD2020, we exclude IMD2020 from testing when eval-
uating models trained under this protocol to prevent data
leakage. Meanwhile, following IMDL-Benco’s recommen-
dations, we cleaned the NIST16 dataset.

Benchmark Models. We select 6 state-of-the-art meth-
ods in the IMDL field as benchmark models: MVSS-
Net(Dong et al. 2023), CAT-Net(Kwon et al. 2021), Ob-
jectFormer(Wang et al. 2022), PSCC-Net(Liu et al. 2022),
Trufor(Guillaro et al. 2023), IML-ViT (Ma et al. 2023),
Mesorch (Zhu et al. 2025) and SparseViT (Su et al. 2025).
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DGM

Protocol Method Average
COVERAGE Columbia NIST16 CASIAvl IMD2020 AutoSplice CocoGlide
MVSS-Net 0.304 0.361 0.095 0.274 0.162 0.167 0.214 0.225
CAT-Net 0.259 0.584 0.271 0.581 0.221 0.217 0.084 0.316
ObjectFormer 0.197 0.116 0.030 0.226 0.083 0.238 0.357 0.178
MVSS PSCC-Net 0.206 0.604 0.201 0.378 0.245 0.386 0.226 0.321
Trufor 0.322 0.864 0.307 0.721 0.287 0.196 0.202 0414
IML-ViT 0.354 0.746 0.268 0.718 0.316 0.137 0.208 0.393
Ours 0.403 0.806 0.269 0.563 0.242 0.334 0.387 0.429
CAT-Net 0.230 0.915 0.055 0.442 - 0.043 0.139 0.352
PSCC-Net 0.402 0.864 0.301 0.403 - 0.306 0.470 0.457
Trufor 0.480 0.875 0.320 0.820 - 0.200 0.280 0.495
CAT IML-ViT 0.612 0.944 0.173 0.792 - 0.154 0.207 0.480
Mesorch 0.594 0.867 0.302 0.820 - 0.211 0.326 0.520
SparseViT 0.487 0.956 0.011 0.819 - 0.233 0.278 0.464
Ours 0.755 0.924 0.589 0.498 - 0.463 0.401 0.605

Table 1: Comparative performance of state-of-the-art methods on benchmark datasets (values indicate F1 scores). The best and
secondbest performances for each dataset under each protocol are highlighted in bold and underlined.

Protocol Method Editing DGM Average
COVERAGE Columbia NIST16 CASIAvl IMD2020 AutoSplice CocoGlide

MVSS-Net 0.729 0.670 0.670 0.835 0.704 0.397 0.641 0.664

CAT-Net 0.684 0.800 0.789 0.910 0.657 0.455 0.684 0.708

ObjectFormer 0.337 0.336 0.173 0.546 0.147 0.410 0.697 0.378

MVSS PSCC-Net 0.697 0.814 0.693 0.833 0.775 0.692 0.550 0.722

Trufor 0.847 0.927 0.800 0.945 0.831 0.528 0.743 0.803

IML-ViT 0.837 0.898 0.767 0.939 0.819 0.457 0.726 0.777

Ours 0.908 0.967 0.871 0.836 0.761 0.526 0.802 0.810

CAT-Net 0.918 0.945 0.817 0.980 - 0.523 0.866 0.841

PSCC-Net 0.887 0.945 0.789 0.890 - 0.548 0.873 0.817

Trufor 0.927 0.899 0.805 0.974 - 0.489 0.867 0.826

CAT IML-ViT 0.922 0.955 0.887 0.976 - 0.501 0.824 0.844

Mesorch 0.929 0.375 0.878 0.928 - 0.510 0.894 0.752

SparseViT 0.914 0.484 0.832 0.966 - 0.504 0.861 0.760

Ours 0.988 0.995 0.881 0.840 - 0.528 0.912 0.853

Table 2: Comparative performance of state-of-the-art methods on benchmark datasets (values indicate AUC scores). The best
and secondbest performances for each dataset under each protocol are highlighted in bold and underlined.

Quantitative and Qualitative Comparison

As shown in Table 1 and Table 2, our method consis-
tently outperforms state-of-the-art approaches under both
the MVSS and CAT evaluation protocols. This improvement
is largely attributed to the proposed Edge-aware Inconsis-
tency Feature (EIF), which captures fine-grained manipu-
lation cues by amplifying contextual and structural incon-
sistencies. By providing complementary forensic signals to
spatial features, EIF enhances the model’s ability to localize
subtle or boundary-level tampering. In addition, our over-
all architecture—featuring targeted fusion and cross-modal
interaction—ensures efficient integration of multi-modal in-
formation, further supporting accurate and robust manipula-
tion detection.

Beyond quantitative metrics, qualitative visualizations of
the predicted manipulation masks of various models, as
provided in Figure 3, further highlight the efficacy of our
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method. As demonstrated in these results, our approach not
only accurately localizes tampered regions (even those with
subtle manipulations) , but also reconstructs complex and ir-
regular tampering boundaries with remarkable fidelity. One
potential area for future refinement lies in further calibrating
the response of the model to edge-aware signals, as strong
boundary inconsistencies may occasionally lead to slight
overextension in predicted regions.

Ablation Study

Impact of Masking Strategy and Ratio. We first analyze
the impact of the Edge-Aware Targeted Masking (EATM)
strategy used to guide reconstruction. As shown in Table 3,
EATM consistently outperforms random masking base-
lines across various masking ratios on both CASIAv1 and
NIST16. This confirms that masking semantically and struc-
turally relevant regions (e.g., along manipulation bound-
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Figure 3: Qualitative result on some image from different
datasets. Our model is compared with CAT-Net, MVSS-Net,
IML-VIiT, ObjectFormer, PSCC-Net and TruFor.

Mask choice CASIAvI NIST16
F1T AUCT | FIT AUC?T
Random (ratio=0.25) | 0.161 0.570 | 0.129 0.593
Random (ratio=0.50) | 0.163  0.575 | 0.131  0.607
Random (ratio=0.75) | 0.161  0.551 | 0.131  0.613
EATM (ratio=0.25) 0487 0.836 | 0.584 0.879
EATM (ratio=0.50) 0498 0.840 | 0.589 0.881
EATM (ratio=0.75) 0.498 0.839 | 0.597 0.882

Table 3: Ablation study on the contributions of EATM on
CASIAv1 and NIST16 (CAT protocol). EATM demonstrates
significantly better performance than random masking under
all masking ratio settings.

aries) significantly enhances the informativeness of the re-
construction residual and leads to better localization perfor-
mance, validating the core intuition behind EATM’s design.

Interestingly, while different masking ratios yield very
similar results under the EATM setting, random masking
leads to both lower and less stable performance, suggest-
ing that mask quality is more critical than mask size. We
also observe that models trained with EATM typically con-
verge more slowly than those using random masking—Ilikely
due to the increased semantic difficulty of the reconstruction
task—but achieve better generalization on unseen manipula-
tions. Within a reasonable range, the masking ratio does not
significantly affect final performance; however, an overly
small ratio may fail to produce meaningful EIF features,
while an excessively large ratio increases task difficulty, hin-
dering convergence. This trade-off between training com-
plexity and cross-domain robustness further highlights the
advantages of our targeted masking strategy in promoting
meaningful and transferable feature learning.

Modality Contributions and Fusion Effectiveness. To
further understand the roles of different feature streams, we
conduct ablation experiments under three configurations: the
baseline model using only RGB features, a variant without
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. NIST16 AutoSplice
Model Variant ‘ FI+ AUCT| FI1 AUC?T
w/o RGB (EIF only) | 0.158 0.783 | 0.184  0.506
w/o EIF (RGB only) | 0.135 0.626 | 0.193  0.363
Full Setup 0.269 0.871 | 0.334 0.526

Table 4: Ablation study on the contributions of RGB features
and EIF on NIST16 and AutoSplice (MVSS protocol). The
exclusion of either RGB features or EIF individually com-
promises the overall effectiveness of the model.

the RGB stream relying solely on EIF, and the full EARG-
Net with both branches and feature fusion. The results on
NIST16 and AutoSplice are shown in Table 4. We observe
that removing either stream leads to a significant drop in per-
formance, confirming the complementary nature of RGB se-
mantics and EIF.

Beyond validating the utility of each modality, this study
also highlights the effectiveness of the proposed fusion
mechanism. The full model consistently achieves the best re-
sults in both F1 and AUC metrics, indicating that the fusion
strategy is not merely aggregating redundant information,
but instead enables synergistic learning between appearance
and edge-aware cues. The performance gap between uni-
modal and full settings further underscores the importance
of integrating global semantics with local inconsistency sig-
nals for robust manipulation localization. Moreover, explor-
ing how EIF can be more deeply integrated into the RGB
representation stream may further enhance the model’s dis-
criminative capacity.

Conclusion

In this paper, we proposed EARG-Net, a novel frame-
work for Image Manipulation Detection and Localization
(IMDL) that addresses three key challenges: subtle tamper-
ing traces, complex manipulation boundaries, and general-
ization to unseen editing techniques. By integrating edge-
aware targeted masking (EATM) with a pre-trained inpaint-
ing model, our method effectively amplifies boundary-level
inconsistencies. A learnable adaptive edge operator further
enhances forensic feature extraction by improving sensitiv-
ity to manipulation artifacts. Extensive experiments across
multiple benchmarks and standardized evaluation proto-
cols (Protocol-MVSS and Protocol-CAT) demonstrate that
EARG-Net achieves state-of-the-art performance in local-
ization accuracy and robustness, showing strong generaliza-
tion to conventional and Al-generated forgeries. Future work
may explore the integration of multiple inpainting models to
capture stronger and more diverse natural image priors, en-
abling broader coverage of manipulation types and artifacts.
Such model ensembles may provide richer contextual repre-
sentations and further enhance detection accuracy and gen-
eralization. Overall, EARG-Net takes a solid step toward in-
terpretable, generalizable manipulation detection, with prac-
tical value for digital forensics and content authentication.
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