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Abstract. Image Manipulation Localization (IML) aims to achieve pixel-
level localization of locally manipulated images. Its core challenge is how
to distinguish the inconsistencies between authentic and tampered ar-
eas. To this end, existing IML methods typically exploit patch-level and
edge-level forensic cues for accurate localization. However, these methods
extract forged information at both levels with fixed parameters, leading
to interference from real information that is detrimental to localization
as more realistic manipulated textures are enhanced by the upgrading of
tampering techniques. To tackle the above issue, this paper proposes a
Disentangling and Gathering Forensic Cues method, called DG-Force,
which explicitly disentangles and adaptively aggregates region and edge
cues to preserve the most informative evidence. Specifically, we propose
a Patch-based Forensic Disentangling (PFD) module and an Edge-based
Forensic Disentangling (EFD) module to decompose forensic cues of dif-
ferent granularities to explicitly suppress the imbalance between forensic
traces in both patch-level and edge-level areas. In addition, a Multi-
scale Forensic Transfer (MFT) module is further designed to aggregate
and balance multi-granularity information through the interaction across
different scales for robust key inconsistencies in forensic traces discovery.
Extensive experiments on multiple benchmarks demonstrate the superi-
ority of our method in the image manipulation localization task.

Keywords: Image Manipulation Localization - Digital Image Forensics

1 Introduction

Image manipulation localization (IML) aims to achieve pixel-level localization
of locally manipulated image by diverse tampering techniques [19}/22]. Its core
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Fig. 1: Existing methods directly extract entangled forensic cues and treat them
equally across different forgery scenarios. Our approach first disentangles these cues
and then adaptively aggregates them according to their importance.

challenge lies in how to distinguish the low-level inconsistencies between authen-
tic and tampering areas in images forged by different manipulation methods,
i.e., forensic traces. To this end, patch-level IML methods devote to locate ma-
nipulated regions through identifying inconsistencies in texture ,
or noise levels @, across distinct regions, while edge-level IML methods
capture abrupt changes of the pixels distributed along the outline or the
anomalies derived by discontinuous boundaries [42|, etc. When it comes to var-
ious forensic traces brought by different tampering techniques, some recent ad-
vancements have combined the aforementioned two aspects and have also made

progress [40,/55].

To achieve simultaneous adaptation and detection to diverse types of image
tampering techniques , existing methods typically
employ IML models with constant parameters to extract forensic cues distributed
across edges and patches. However, with the continuous upgrading of tamper-
ing techniques, increasingly realistic forged object textures and edges suppress
the extraction of key forensic cues. Specifically, as shown in Fig. [T, when the
quality of manipulated textures in image patches is enhanced by updated tam-
pering techniques, employing models with constant parameters to merge both
traces within patches and edges inevitably results in the merged traces contain-
ing more authentic texture information, suppressing the proportion of potentially
but crucial forensic cues distributed at the edges. Furthermore, due to the ag-
nostic nature of manipulation techniques in the inference, using patch or texture
information at a single scale is typically insufficient to determine the amount
of forensic traces. As a result, existing methods often exacerbate the imbalance
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of forensic traces out of manipulated regions, compromising the integrity and
robustness of image localization. As shown in Fig. 2] the vanilla IML model fails
to extract key forensic cues when confronted with novel manipulations, which
leads to imbalanced evidence and inaccurate localization.

To address the above issues, we propose a Disentangling and Gathering
Forensic Cues (DG-Force) method for image manipulation localization. It starts
by separating patch-level and edge-level forensic cues and then adaptively gath-
ers them based on the amount of forensic traces in distinct regions. Specifically,
we designed a Dual Forensic Disentangling and Gathering (DFDG) module,
which contains a patch-based and an edge-based forensic disentangling to de-
compose forensic traces of different granularities. Furthermore, for each image
token, we introduced a lightweight forgery amount evaluation network to assess
the forensic traces of different manipulations, which is used to adaptively gather
patch-level and edge-level forensic cues. Therefore, it can dynamically adjust
the proportion of different forensic cues under different downstream tasks, thus
overcoming the catastrophic imbalance problem of forensic traces. Finally, to
further improve the capacity in identifying agnostic manipulation types, we also
introduced a Multi-scale Forensic Transfer (MFT) module to aggregate forensic
cues at different perspectives, allowing the collaborative discovery of key incon-
sistencies in forgery information at different granularities.

In summary, our main contributions are as follows:

— A Disentangling and Gathering Forensic Cues (DG-Force) method is pro-
posed to tackle the image manipulation localization challenge, which aims
to alleviate the catastrophic imbalance problem of forgery information dis-
tributed at different granularities.

— A Patch-based Forensic Disentangling (PFD) module and an Edge-based
Forensic Disentangling (EFD) module to achieve decomposition of foren-
sic cues of different granularities, which explicitly suppresses the imbalance
between forensic traces in both patch-level and edge-level areas.

— A Multi-scale Forensic Transfer (MFT) module is introduced to aggregate
and balance multi-granularity information through the interaction across
different scales for robust key inconsistencies in forensic traces discovery.

2 Related Work

2.1 Image Forgery Techniques

Early image manipulations were typically created through manual editing, in-
cluding copy-move, splicing, and inpainting, often followed by blending, smooth-
ing, or compression to better match the surrounding context. More recently,
Al-based image tampering has advanced rapidly, and generative approaches for
localized edits have become increasingly common. These methods edit selected
regions using GAN-based models [4}20], diffusion-based models [3}29,32}[36],
or instruction-driven multimodal editors [33}|37], enabling insertion, removal, or
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Forged image Activation Cues Predicted Mask

DG-Force (Ours) Vanilla model

Fig. 2: The visualizations compare the activated cues: the red mask denotes the forged
region, and the model-activated cues are visualized using Grad-CAM .

replacement while producing realistic textures and visually coherent transitions.
These diverse manipulation techniques pose new challenges to the generalization
ability of image manipulation localization.

2.2 Image Manipulation Localization Methods

Patch-level IML Methods

Patch-level IML methods capture texture or color anomalies between ma-
nipulated regions and authentic content. Since many artifacts appear as local
texture inconsistencies, several approaches examine patch-level
mismatches to extract cross-region forensic cues, and some further consider finer
artifacts such as incorrect color interpolation to localize abnormal areas. Be-
cause a single spatial scale is difficult to capture multi-scale traces with varied
shapes, several studies adopt multi-scale designs that fuse texture cues
across resolutions, improving sensitivity to manipulated textures. Despite favor-
able performance in many cases, patch-level methods still struggle to extract
reliable forensic cues as the increasingly realistic textures.
Edge-level IML Methods

Motivated by the limitations of patch-level methods, edge-level IML methods
emphasize object boundaries, since local manipulations often leave more visible
traces along clear edges. Some approaches predict an outline mask of
the forged region and add an auxiliary boundary loss during training, encourag-
ing the model to focus on boundary-related artifacts. Other methods do
not directly input RGB images, but instead use signals processed by High-pass
filters as input, which retain more edge-level cues while suppressing content-
dependent textures and other irrelevant details.
Mixed IML Methods

Mixed IML methods combine complementary cues, such as patch-level and
edge-level evidence, by leveraging both texture information and additional sig-
nals to capture manipulation traces more reliably. Some methods @
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(a) Dual Forensic Di: ling and Gathering (DFDG) (b) Multi-scale Forensic Transfer (MFT)

Fig. 3: Overall architecture of DG-Force. The top illustrates the main pipeline of our
method, while the bottom shows the details of (a) the Dual Forensic Disentangling and
Gathering (DFDG) module and (b) the Multi-scale Forensic Transfer (MFT) module.

apply SRM [9] or BayarConv |2 to extract residual responses, then fuse them
with RGB features for localization. Other approaches [13/4255] pair RGB inputs
with frequency-domain transforms such as DCT [10], strengthening edge-level
evidence and encouraging the model to account for both texture inconsisten-
cies and boundary discontinuities. Additional methods [12}/40[53] use dedicated
feature extractors to obtain semantics-agnostic forensic cues from specialized
low-level signals and combine them with texture information for localization.

Different from these methods, we explicitly disentangle patch-level and edge-
level forensic cues through supervised patch and edge branches, and then adap-
tively aggregate the most informative evidence across spatial regions, thereby
improving the robustness across diverse manipulation types.

3 Method

We propose DG-Force (Fig. for image manipulation localization. DG-Force
separates patch-based and edge-based forensic cues and adaptively aggregates
them across scales. Sec. describes the multi-scale Transformer backbone;
Sec. introduces Dual Forensic Disentangling and Gathering (DFDG); Sec.
presents Multi-scale Forensic Transfer (MFT); Sec. details the overall loss.
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3.1 Preliminaries: Multi-Scale Transformer

We use SegFormer [45] as the backbone. Its hierarchical multi-scale architecture
preserves fine details while modeling long-range context, which suits pixel-level
manipulation localization. SegFormer includes a four-stage encoder {El}?zl and
a lightweight decoder D. Each encoder stage starts with an embedding layer
and then applies a stack of Transformer blocks. The first stage takes the input
image, and each subsequent stage processes the output from the previous stage.
Formally, stage [ produces tokens as

Xl :gl(lel>7 l: 1727?)’47 (]-)
where X; = {z; fvzll, x; € R*%, N; is the number of tokens, and d; is the channel
dimension in stage [. In the end, we keep the outputs from all stages, i.e., {X;}7_;,

and pass them to the decoder D for multi-scale fusion. The fused representation
is then fed to a task-specific prediction head to produce the final output.

3.2 Dual Forensic Disentangling and Gathering

To address shifts in cue strength across manipulation scenarios and reduce the
risk of discarding useful evidence, we introduce Dual Forensic Disentangling
and Gathering (DFDG), illustrated in Fig. 3[a). DFDG includes two branches,
Patch-based Forensic Disentangling (PFD) and Edge-based Forensic Disentan-
gling (EFD), which decompose the uncoupled input features into patch-level
and edge-level cues, respectively. A lightweight gating network then adaptively
combines these cues based on their estimated importance. DFDG can be imple-
mented between any Transformer layers at each scale. For clarity, we describe
the module in a single-scale setting in this section.

Patch-based Forensic Disentangling

The Patch-based Forensic Disentangling (PFD) branch aims to capture tex-
ture inconsistencies at the patch level and determine whether a local image
patch contains forged content, using coarse forensic cues derived from individual
patches to support image manipulation localization.

Specifically, PFD includes a patch-level cue extractor Myown(+), a restora-
tion layer M,,(-), and a patch decoder Dp(-). Given a token sequence from
an arbitrary Transformer layer ¢, denoted as X = {z;}}V, with X € RVxd
PFD processes these tokens independently. It first maps each token to a lower-
dimensional representation and then projects it back to dimension d, producing
disentangled patch-level tokens Xpatcn:

Hpatch = Mﬁown(X% Hpatch € RNX(d/rp)v (2>
Xpatch = Mép(Hpatch)v Xpatch € RNXd7 (3)

where 7, is the reduction ratio. Mf ., (-) and M/ (-) are two-layer MLPs applied
to all tokens in the ¢-th Transformer layer independently and in parallel.
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To guide the PFD branch to extract accurate patch-level forensic cues, we
use a soft patch label as supervision. For each token, its patch label is defined as
the fraction of forged pixels within the corresponding image patch 2; with |§2;]
pixels:

patch

(4)
uE.Q
where mask(u) is the binary pixel-level ground truth (1 for forged, 0 for authen-
tic). The complete set of patch labels is Ypaten = {ypatCh N |, where each value
lies in [0, 1] and reflects the forgery proportion of the patch.
PFD then predicts patch labels from the intermediate features using a lightweight

decoder for patch-level branch:
Ypatch = Dp(Hpatch)a (5)
and the loss for the PFD branch at Transformer layer ¢ is

‘Cpatch - BCE( patch Ypatch)7 (6)

where BCE(:, -) denotes the binary cross-entropy loss. All layers within the same
scale share one patch decoder, while different scales use separate decoders.

Although PFD processes all tokens in a layer in one forward pass, each token
is handled independently, with no interaction across tokens. This design keeps
the disentangled patch-level cues aligned with their local image regions, without
influence from neighboring tokens or global context.
Edge-based Forensic Disentangling

The Edge-based Forensic Disentangling (EFD) branch aims to capture dis-
continuous boundaries and abrupt pixel inconsistencies around object regions.
In contrast to PFD, which processes each token independently, EFD applies con-
volution operations on the entire 2D feature map to model local neighborhood
inconsistencies and produce fine-grained, boundary-sensitive forensic cues.

Given a token sequence X € RN*4 we reshape it into a 2D feature map X,
where N = h x w is the spatial resolution at stage t. EFD includes an edge-cue
extractor Caown(-), an edge-cue restorer Cyp(-), and an edge decoder D, (-). The
reshaped feature map is processed as

HCdgC - Cfiown(X)v ‘HCdgC € thwX(d/TE)a (7)

Xedge = C ( edge) Xedge S thde7 (8)

where r. is the channel-reduction ratio. Cqown(-) and Cyp(-) are implemented
with several 3 x 3 convolutional blocks. By using convolutional receptive fields,
EFD aggregates information from local neighborhoods rather than only relying
on a single token, which helps capture edge-level cues more completely. Finally,
we reshape Xedge back to Xeqge € RV*4 which is spatially aligned with the
patch-level tokens Xpatch-
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For supervision, we derive a binary boundary mask Yegee € {0, LW from
the manipulation mask. The edge decoder D.(-) first refines the compressed
feature ffcdgc with a 3 x 3 convolution, and then progressively upsamples it with
several transposed-convolution blocks to the target resolution, producing the
predicted edge mask:

Yedge = De (Hedge)7 (9)
and the EFD loss at layer ¢ is
Czdge = BCE (Yedge7 Yedge)- (10)

This supervision encourages the EFD branch to focus on boundary-sensitive
edge-level cues, which complement the patch-level forensic cues.
Adaptively Gathering Forensic Cues

Forensic traces may be obscured by increasingly realistic texture informa-
tion, leading to imbalanced forensic cues across diverse manipulation scenarios.
To alleviate this issue, we use a lightweight evaluator that estimates the amount
of forgery information for each token to determine which cue type carries more
critical evidence based on the disentangled representations. Formally, given to-
kens X € RV*4 together with disentangled patch tokens Xpaten and edge tokens
Xedge, We compute per-token scores Z € RY*2 using an MLP applied to X. We
normalize these scores with Softmax to obtain weights W € RV>2, whose two
entries for each token sum to 1. Let W = [wpatch, wedge] denote the two columns
of weights, which denote the strength of patch-level and edge-level cues. Finally,
the original image tokens, patch tokens, and edge tokens are aggregated as

X =X+ Wpatch © Xpatch + Wedge © Xedgea (11>

where X denotes enriched tokens, and ® is element-wise multiplication.

Because wpatch + Wedge = 1 for each token, the fusion adapts between the
two cue types. When wpaten — 1 and wegge — 0, X relies mainly on patch-
level cues and favors region-wise texture inconsistencies. When wegge — 1 and
Wpateh — 0, the fusion emphasizes boundary cues and reduces the influence of
noisy patch responses. This token-wise gating strengthens informative evidence
and downweights weaker signals under different manipulation types, improving
both stability and accuracy for image manipulation localization.

After reweighting and fusion, the enriched tokens are passed to the next
Transformer layer so that subsequent feature extraction operates on adaptively
aggregated cues across regions and manipulation scenarios.

3.3 Multi-scale Forensic Transfer

Given manipulation traces can appear at different sizes, single-scale traces are
typically insufficient to recover comprehensive forensic cues. To address this,
we propose the Multi-scale Forensic Transfer (MFT), shown in Fig. b), which
aggregates cues from multiple perspectives and collaboratively discovers key in-
consistencies across layers and scales. MFT operates on both patch and edge
tokens through two components: intra-scale transfer and cross-scale transfer.
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Intra-scale Transfer

Intra-scale transfer carries patch/edge forensic tokens from shallow Trans-
former layers to deeper ones within the same stage, helping preserve useful evi-
dence as features become more abstract.

Concretely, we inject information from the first n layers into the last n layers.
For patch/edge tokens X* at a shallow layer ¢, MFT transfers them to the tokens
X" at a deeper layer via

Xtn = Xt 4 G 6 o ([ ¢(X1), X (12)

where [, ] denotes concatenation, ® is element-wise multiplication, ¢(-) and &(-)
are convolutional blocks, and G*™™ is a learned residual gate that modulates the
injected signal to avoid overly aggressive aggregation that might corrupt valid
content in target tokens. In this way, the tokens passed to the downstream DFDG
modules retain richer forensic evidence.

Cross-scale Transfer

Cross-scale transfer propagates cues along SegFormer’s bottom-up hierarchy,
passing evidence from early high-resolution stages to later coarser stages while
preserving local details for localization.

Specifically, Xs_ is taken from the last few layers of the preceding higher-
resolution stage, and X comes from the early layers of the current stage. We first
map X,_1 to the current resolution and channel dimension with a convolutional
block v (-), and then fuse cross-scale tokens via a cross-attention block ¥(-) that
uses current-stage tokens as queries and the previous-stage tokens as keys and
values. Finally, a gated residual is applied:

Xs = Xs + Gs © W(X37¢(Xs—1))- (13)

After intra-scale transfer and cross-scale transfer, the updated patch and edge
tokens are adaptively fused by DFDG and then passed to the next Transformer
layer, which allows subsequent layers to aggregate cues from richer, multi-scale,
manipulation-aware representations.

3.4 Loss Function

We supervise three objectives: (i) manipulation mask, (ii) patch-level cues, and
(iii) edge-level cues. The manipulation mask objective is optimized using a stan-
dard binary cross-entropy loss:

Lumask = BCE(M, M), (14)

where M and M denote the predicted and ground-truth masks. Auxiliary patch/edge
losses are computed at each stage s€{1,...,S} and supervised Transformer layer
te{l,...,T} and averaged over all. The final objective is:

T
1 S S
L= aq ['mask + ﬁ Z Z (042 ‘CpZtch + a3 ['eéjtge)a (15)
s=1t=1

s,t s,t
where Epatch and Eedge are BCE losses at layer t of stage s, and a1, ag, a3 are

hyperparameters to balance the three terms.
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4 Experiment

4.1 Experimental Setup

Training Setting

We follow the CAT-Net protocol [24] and implement our method within
IMDLBenCo [31]. All images are resized to 512 x 512. We train for 150 epochs
on four NVIDIA H800 GPUs, using a batch size of 12 per GPU and gradient
accumulation of 2. We use AdamW with weight decay 0.05. The learning rate
follows a cosine decay schedule, starting from 1 x 10~# and decaying to 5 x 1077,
with a warm-up of 2 epochs.

For the architecture, we insert PFD and EFD into the early Transformer lay-
ers of the first three stages (i.e., 3/4/6 layers for stages 1/2/3, respectively). For
MFT, we use [1,1, 2] intra-scale fusion layers for these scales and add two cross-
scale fusion layers across them. We set the loss weights for mask localization,
patch supervision, and edge supervision to 2.0, 1.0, and 1.0, respectively.
Testing Setting

We primarily evaluate localization performance and robustness on four test
datasets: CASIA v1 [7], COVERAGE [44], NIST16 [11], and Columbia [15],
which is consistent with common practice [41,/55]. We additionally evaluate gen-
eralization to Al-generated tampering on CoCoGlide 12| and AutoSplice [18].
Evaluation Metrics

We comprehensively report pixel-level F1, pixel-level IoU, and pixel-level
AUC to evaluate localization performance. Unless otherwise specified, all metrics
are computed using a threshold of 0.5.

4.2 State-of-the-Art Comparison

We compare against PSCC-Net [26], CAT-Net [24], MVSS-Net [6], TruFor |12],
IML-ViT [30], SparseViT [41], Mesorch [55], and OpenSDI [43]. All methods are
trained and evaluated under the CAT-Net protocol using official implementations
and recommended settings. For each method, we use the image resolution in its
paper and apply the same data augmentations across all methods.
Localization Results

As shown in Table[I} DG-Force achieves the best average performance across
the three metrics on all four datasets, outperforming existing methods by a
clear margin. Relative to the strongest baseline, DG-Force improves the aver-
age F1, IoU, and AUC by 2.02%, 1.03%, and 1.8%, respectively. On individual
datasets, DG-Force achieves the best performance on COVERAGE, Columbia,
and NIST16, while remaining competitive on CASIAv1.

These performance gains can be attributed to the flexible cue disentangling-
and-gathering mechanism, which allows the model to dynamically select and
aggregate the most informative forensic cues within local regions of a forged im-
age according to the manipulation characteristics of each sample, thereby main-
taining strong adaptability across diverse manipulation scenarios. As texture
content becomes increasingly realistic, forgery artifacts can be concealed, which



DG-Force 11

Table 1: Main results of image manipulation localization. Best average result is high-
lighted in red, and second-best in blue. Single-dataset best results are bold, and
second-best underlined. Methods marked with T indicate results from Mesorch [55].

COVERAGE CASIAv1 Columbi NIST16 AVG
Method Venue V. olumbia

F1 IoU  AUC F1 IoU  AUC F1 IoU  AUC F1 IoU  AUC F1 IoU AUC

MVSS-Nett |6] TPAMI'22 0.486 0.3886 0.8705 0.5832 0.4907 0.9115 0.7399 0.6721 0.9332 0.3363 0.2593 0.7900 0.5364 0.4527 0.8763
PSCC-Netf 26| TCSVT™22 0.4475 0.3009 0.8838 0.6304 0.4999 0.9188 0.8841 0.8138 0.9457 0.3457 0.2971 0.8279 0.5769 0.4779 0.8941
CAT-Net' |23 [JCV’'22  0.4273 0.3875 0.9168 0.8081 0.7481 0.9804 0.915 0.8953 0.9457 0.2521 0.2125 0.8216 0.6006 0.5609 0.9161
TruFor' |12 CVPR’23 0.4573 0.4149 0.9423 0.8176 0.7746 0.9742 0.8845 0.8593 0.8995 0.348 0.2964 0.8781 0.6269 0.5863 0.9235
IML-ViT [30] arXiv’23  0.5619 0.4994 0.9457 0.7415 0.6736 0.9605 0.7075 0.6868 0.7203 0.2942 0.2587 0.8755 0.5763 0.5296 0.8755
SparseViT |41 AAAT25 0.5240 0.4721 0.9387 0.7143 0.6704 0.9652 0.9165 0.8983 0.9482 0.1511 0.1349 0.8452 0.5764 0.5439 0.9243
Mesorcht |55 AAAT25 0.5862 0.5360 0.9327 0.8398 0.7877 0.9852 0.8903 0.8766 0.9094 0.3921 0.3357 0.8883 0.6771 0.6356 0.9289
OpenSDI |43 CVPR’25 0.4971 0.4357 0.9023 0.7765 0.7246 0.9723 0.8425 0.8196 0.8841 0.3612 0.3154 0.8782 0.6193 0.5738 0.9092
DG-Force(Ours) 0.6163 0.5391 0.9553 0.8063 0.7615 0.9796 0.9383 0.9224 0.9632 0.4285 0.3611 0.8896 0.6973 0.6459 0.9469

Image Ground Truth  MVSS-Net PSCC-Net CAT-Net IML-ViT SparseViT Mesorch OpenSDI DG-Force

ANEENENREN
II!I o |ufuufuluu
TN

Fig. 4: Comparison of visualized prediction masks. The first two columns are the forged
images and their corresponding tampered masks, the last column is our method.

suppresses subtle but critical edge cues and further exacerbates cue imbalance
between authentic and manipulated regions. DG-Force mitigates this imbalance
through an explicit cue disentangling design and a flexible weighting scheme
that aggregates the most informative local cues under different manipulation
scenarios, thereby improving overall localization performance.

Robust Performance

For robustness evaluation, we consider five common degradations in practical
image processing: geometric rotation (Rot.), gaussian noise (Noise), JPEG com-
pression (JPEG), scale resampling (Scale), and color variation (Color). For each
degradation, we test six severity levels and report the average pixel-F1 over the
four test datasets (CASIAvl, COVERAGE, NIST16, and Columbia). Details of
each degradation setting are provided in the Appendix.

As shown in Tab. [2] DG-Force outperforms all competing methods by a clear
margin. In particular, compared with the previous SOTA, it improves Geometric
Rotation by 6.29%, Gaussian Noise by 3.3%, JPEG Compression by 2.27%,
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Table 2: For the robustness comparison, we report the average pixel-F1 score across
four test sets (CASIAvl, COVERAGE, NIST16, and Columbia). Detailed quantitative
results are shown in (a), and the corresponding radar chart is shown in (b).

Method

Rot. Noise

JPEG Scale Color

MVSS-Net
PSCC-Net
CAT-Net
TruFor
IML-ViT
SparseViT

0.3809 0.3250
0.4404 0.5241
0.2548 0.2540
0.5342 0.5708
0.4916 0.5710
0.4662 0.5533

0.3548 0.3786 0.4198
0.4300 0.4117 0.5153
0.2552 0.2550 0.2546
0.5298 0.4552 0.5973
0.5102 0.4252 0.5778
0.5246 0.3756 0.5633

Gage...
sian
Ise

PSCC-Net
MVSS-Net
CAT-Net
TruFor
IMLVIT
SparseViT
Mesorch
OpensDI

UONEIOY OLIOW0dD)

ours

Mesorch  0.5733 0.6326 0.5909 0.4832 0.6341 %,
OpenSDI  0.4643 0.6152 0.5915 0.4659 0.6086
DG-Force 0.6362 0.6656 0.6142 0.5276 0.6794

oot et

(a) Average pixel-F1 robustness results. (b) Radar chart of robustness results.

Table 3: Localization results on Al-based tampering image test sets: F1 and IoU using
optimal thresholds. Best average result is highlighted in red, and second-best in blue.

CoCoGlide AutoSplice AVG
F1* IoU* AUC F1* IoU* AUC F1* IoU* AUC

MVSS-Net 0.6378 0.5186 0.7898 0.6461 0.5109 0.6752 0.6419 0.5147 0.7325
PSCC-Net 0.6992 0.5868 0.8685 0.7882 0.6746 0.8799 0.7437 0.6307 0.8742

Method

CAT-Net 0.4505 0.3299 0.6677 0.6524 0.5200 0.7556 0.5514 0.4249 0.7116
TruFor 0.7296 0.6287 0.8868 0.8120 0.7109 0.8979 0.7708 0.6698 0.8923
IML-ViT 0.6253 0.5069 0.8118 0.7242 0.5964 0.7897 0.6747 0.5516 0.8007
SparseViT 0.7198 0.6182 0.8778 0.8041 0.6985 0.8932 0.7619 0.6583 0.8855
Mesorch 0.7363 0.6380 0.8877 0.7975 0.6847 0.8936 0.7669 0.6613 0.8906
OpenSDI 0.7175 0.6120 0.8875 0.7981 0.6885 0.8714 0.7578 0.6502 0.8794

DG-Force(Ours) 0.7762 0.6851 0.9091 0.8336 0.7335 0.9307 0.8049 0.7093 0.9199

Scale Resampling by 4.44%, and Color Variation by 4.53%, indicating consistent
robustness gains across perturbation types.

The superior robustness of DG-Force can be attributed to the mechanism
of cue disentanglement and adaptive aggregation, which adapt well to diverse
image degradations. Degradations can distort or obscure manipulation traces,
which shifts the relative reliability of different cues and makes fixed extraction
strategies less reliable. In contrast, by separating patch-level and edge-level cues,
extracting them at multiple scales, and reweighting them based on their strength
of forensic information, DG-Force preserves the most useful evidence under each
degradation and improves robustness, which mitigates the imbalance among dif-
ferent cue types and ultimately improves robustness.

Generalization on Al-based Tampering

To assess generalization to unseen manipulation types, we evaluate DG-Force
on two Al-generated datasets, CoCoGlide and AutoSplice. Since no Al-generated
manipulations are included in the training data, IML methods often exhibit
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substantial score calibration shifts under cross-domain evaluation, which causes
fixed-threshold F1/IoU to underestimate the localization performance. We there-
fore report the best-threshold F1/IoU as an upper bound under ideal calibration,
and additionally provide threshold-free AUC to measure pixel-level separability
between manipulated and authentic regions.

As shown in Tab [3] DG-Force achieves the best average performance, im-
proving F1, IoU, and AUC by 3.41%, 3.95%, and 2.76%, respectively. This re-
sult suggests that the feature disentanglement and adaptive balancing strategy
maintain stable generalization to realistic Al-generated textures.
Visualization and Qualitative Analysis

Figure [ presents qualitative examples across multiple manipulation types,
including copy-move, splicing, and inpainting. For clarity, we show only the
top 8 methods. DG-Force better preserves global geometry of manipulated ob-
jects while also recovering fine-grained boundary details, resulting in cleaner
and more accurate localization masks. In contrast, prior methods often produce
blurred boundaries, miss anomalies inside the manipulated region, or expand
masks beyond the true extent of the tampering. A plausible explanation is that
these methods extract entangled forensic cues without explicit separation, such
that realistic textures or weakly informative signals can obscure the evidence
needed to interpret boundaries. By disentangling patch-level and edge-level cues
and reweighting them across regions, DG-Force keeps both interior consistency
and boundary fidelity. Overall, these examples indicate that DG-Force captures
forgery traces more reliably across diverse tampering types and datasets.
Model Complexity Analysis

As shown in Tab. [4] DG-Force uses 89.96M parameters and requires 93.65G
FLOPs, ranking second only to SparseViT [41] in computational cost while
achieving strong localization accuracy across diverse manipulation cases. This fa-
vorable balance between accuracy and efficiency largely stems from the lightweight
disentangling-and-gathering modules, which improve cue extraction and fusion
with limited overhead. Compared with Transformer-based baselines such as IML-
VIiT [30] and Mesorch [55], DG-Force achieves a more favorable balance between
localization accuracy and computational complexity, delivering higher localiza-
tion accuracy at a lower computational cost. Overall, DG-Force maintains prac-
tical efficiency alongside strong localization performance, which supports deploy-
ment in real-world scenarios.

4.3 Ablation Study

Table[5|reports the ablation results for DG-Force. Adding PFD and EFD branches
individually improves F1 by 1.53% and 1.40%, indicating that disentangling
patch-level and edge-level cues provides useful signals for localization. Using both
branches with fixed equal weights brings only a small gain (0.21%), whereas in-
troducing adaptive reweighting yields a much larger improvement of 2.29%. This
suggests that fixed fusion can still cover critical evidence in some manipulation
cases, while dynamic weighting better balances patch-level and edge-level cues
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Table 4: Comparison of parameters and computational efficiency.

Method Parameters (M) FLOPs (G)
MVSS-Net 150.53 171.01
PSCC-Net 3.67 376.83

CAT-Net 116.74 137.22

TruFor 68.7 236.54

IML-ViT 91.74 136.23
SparseViT 50.35 46.22

Mesorch 85.75 124.93

OpenSDI 546.83 273.02

DG-Force(Ours) 89.96 93.65

Table 5: Ablation results for individual components, where Reweight corresponds to
the adaptive weight adjustment mechanism in the DFDG. Base denotes the SegFormer.

Base PFD EFD Reweight MFT AVG-F1

v 0.6479
v v 0.6632
v v 0.6619
v v v 0.6653
v v v v 0.6882
v v ' v v 0.6973

and preserves the most discriminative information. Enabling MFT further im-
proves performance by 0.91%, showing that multi-scale transfer helps by carrying
fine-grained shallow evidence into deeper layers for pixel-level localization.

Overall, the full model achieves a total gain of 4.94% over the baseline. These
results validate the contribution of each DG-Force module and show that cue
disentanglement and adaptive gathering mitigate the imbalance among different
manipulation types of forensic cues.

5 Conclusion

In this paper, we propose DG-Force for image manipulation localization task.
DG-Force disentangles patch-level and edge-level forensic cues and adaptively
aggregates them across scales, which helps mitigate cue imbalance. Extensive
experiments and ablations demonstrate strong performance and highlight the
contribution of each component.

One limitation of DG-Force is that the added multi-scale and disentangle-
ment/aggregation modules make the computational cost sensitive to the archi-
tectural configuration. In practice, deployment may require adjusting the number
of active layers and fusion operations to balance accuracy and efficiency.

In future work, we will extend this dynamic cue fusing mechanism to large
pre-trained models and explore alternative fusion strategies that better leverage
their priors to improve cross-domain generalization.
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