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Abstract—Image manipulation detection and localization aims
to accurately identify and annotate tampered regions within
images and represents a critical research direction in multimedia
forensics. Although deep learning-based methods have achieved
significant progress in image manipulation localization tasks in
recent years, existing models still tend to suffer from missed
detections, false alarms, and inaccurate boundary localization
when dealing with tampered regions of diverse scales, as well as
scenarios where manipulation boundaries are highly blended with
complex backgrounds and manipulation traces are concealed. To
address these issues, this paper proposes an image manipulation
localization network based on Dual-Frequency attention and
Multi-scale feature fusion (DFM-Net). The proposed method
replaces the conventional multi-head self-attention in Trans-
formers with a Dual-Frequency Attention (DFA), where two
branches focus on local fine-grained details and global structural
information, respectively, thereby enhancing the perception of
tampering clues across different scales. Furthermore, a Feature
Enhancement Aggregation (FEA) module is designed to apply
different forms of enhancement to RGB features and noise
features and incorporate a coordinate attention mechanism,
enabling more effective utilization of RGB and noise features for
precise tampering boundary localization. Experiments on CASIA,
NIST16, Columbia, and Coverage demonstrate that DFM-Net
achieves the highest average F1 score of 67.6% and AUC of
92.0%, higher than the baseline models by 3.4% and 1.2%,
respectively.

Index Terms—image manipulation detection, image manipu-
lation localization, dual frequency attention, multi scale feature
fusion, transformer

I. INTRODUCTION

With the rapid advancement of image editing and generation
technologies, image tampering has become increasingly preva-
lent in our daily lives, and such manipulation has grown ever
more convenient and covert. At the same time, the widespread
application of image editing and generation technologies has
also introduced potential security risks. Particularly in news
reporting scenarios [1], tampered images may disseminate
false information and mislead public opinion. Therefore, ac-
curately identifying and localizing image tampering regions
is of significant practical importance. Using sophisticated
image processing software, attackers can perform sophisticated

image tampering through three common methods [2], namely
splicing, copy-move, and removal, while maintaining high
visual authenticity.

Although existing image manipulation localization methods
have made progress, they still face multiple challenges when
handling complex tampered images. For instance, different
types of tampering exhibit significant differences in spatial
scale and manifestation. Small-scale local tampering often
produces subtle artifacts like edge discontinuities or texture
anomalies in confined areas [3], while large-scale or semantic-
level tampering manifests more as inconsistencies in lighting,
color style, or overall structural relationships [4]. This cross-
scale feature disparity makes it difficult for a single model-
ing strategy to simultaneously account for local details and
global structural or semantic relationships. Meanwhile, when
tampered region boundaries are highly blended with complex
backgrounds, they often lack clear gradient discontinuities
and exhibit progressive transition characteristics, which poses
challenges for precise boundary localization. These factors
jointly limit the detection accuracy and generalization ability
of existing tampering detection methods in multi-type and
multi-scale scenarios, thereby necessitating more effective
feature modeling and fusion mechanisms.

Based on the above challenges, this paper proposes an image
manipulation localization network based on Dual-Frequency
attention and Multi-scale feature fusion (DFM-Net). To im-
prove the perception of tampering clues at different scales,
a Dual-Frequency Attention (DFA) module is introduced to
enhance the modeling of both local details and global seman-
tic information. In addition, to address the issue of blurred
boundaries in image manipulation localization, a Feature En-
hancement and Aggregation (FEA) module is designed to
strengthen features related to image manipulation and promote
more effective feature fusion. By combining the DFA and
FEA modules, the proposed method achieves more accurate
localization of tampered regions under complex scenarios. In
summary, our contributions can be outlined as follows:

• This paper proposes a dual-branch DFA module to re-
place the traditional multi-head self-attention mechanism.



By employing dual-branch attention, DFA captures both
local fine-grained features and global semantic infor-
mation, enabling more accurate detection of tampered
regions across different scales.

• This paper designs a FEA module. This module enhances
RGB features by amplifying high-frequency wavelet sub-
bands and reinforcing edge variations with Sobel fil-
ters, while simultaneously strengthening noise features.
Coordinate attention enables adaptive fusion, thereby
obtaining more precise tampering boundaries.

The remainder of this paper is organized as follows. Section
II reviews related work on image tampering localization. Sec-
tion III describes the proposed method in detail. Experimental
results and corresponding analyses are presented in Section
IV. Finally, Section V concludes this paper.

II. RELATED WORK

With the rapid development of deep learning techniques,
data driven image manipulation detection methods have at-
tracted increasing attention. Deep learning based methods can
automatically learn hierarchical feature representations from
large scale datasets. According to network architecture design,
deep learning based image manipulation detection methods
can be broadly categorized into single branch and multi branch
frameworks [5].

A. Single Branch Frameworks

Single branch frameworks typically take RGB images as
input and perform end to end tampering localization through
deep neural networks, such as convolutional neural networks
and Transformers. Wu et al. [6] proposed a representative
single branch framework that models local statistical discrep-
ancies between tampered and authentic regions by learning
manipulation related artifacts, enabling unified detection of
multiple manipulation types. Zhuang et al. [7] further en-
hanced feature fusion capability through densely connected
fully convolutional architectures, improving localization ac-
curacy to some extent. With the success of Transformer
based models in visual tasks, Ma et al. [8] introduced global
self attention mechanisms to enhance long range dependency
modeling, improving the detection of large scale manipulated
regions.

Although single branch deep learning methods reduce de-
pendence on handcrafted features and improve detection ac-
curacy, their reliance on a single RGB feature representation
limits modeling flexibility and hinders effective characteriza-
tion of noise inconsistencies, frequency anomalies, and subtle
manipulation cues across diverse manipulation types.

B. Multi Branch Frameworks

To overcome the limitations of single feature modeling,
researchers have gradually introduced multi branch deep learn-
ing architectures that integrate multi modal or multi view
features for improved manipulation localization performance.
Dong et al. [9] proposed an early multi branch framework by
introducing an edge supervision branch and progressive feature

fusion to enhance boundary responses, together with dual
attention mechanisms to improve feature selectivity. Guillaro
et al. [10] incorporated an auxiliary noise residual branch and
adaptive fusion strategy to improve overall detection perfor-
mance. Lin et al. [11] combined convolutional and Trans-
former based feature extraction with boundary enhancement
and supervision strategies to improve boundary localization
accuracy. Shi et al. [12] further integrated semantic and noise
features through dual branch architectures and attention mech-
anisms, improving localization accuracy and boundary clarity.
Bai et al. [13] explored manipulation traces from pixel correla-
tion and regional attribute perspectives through inconsistency
mining and progressive fusion refinement strategies, improving
localization accuracy while reducing semantic interference.

Although multi-branch deep learning methods alleviate the
limitations of single-feature modeling by incorporating seman-
tic, noise, and boundary cues, existing approaches often still
emphasize a specific type of feature. As a result, their ability to
collaboratively model multi-level information remains limited,
making it difficult to simultaneously capture fine-grained local
details and global structural context. Moreover, insufficient
interaction among different branches further constrains the
effective utilization of multi-source features.

III. METHOD

A. Overall Architecture

Considering that image manipulation operations not only
affect visual appearance but also disrupt local noise consis-
tency, the proposed method adopts a dual-stream architecture
consisting of an RGB branch and a noise branch. The original
RGB image is fed into the RGB branch, while noise features
extracted by a channel-wise high-pass filter are input into
the noise branch. Each branch employs SegFormer as the
backbone network, with Mix Transformer (MiT-B2) serving as
the encoder. Features are extracted through four hierarchical
stages to obtain multi-scale representations with rich seman-
tic information. To enhance the capability of Transformers
in detecting manipulations at different scales, the standard
Transformer blocks in SegFormer are modified by replacing
the conventional multi-head self-attention mechanism with the
proposed Dual-Frequency Attention (DFA) module, forming
new DFA Transformer blocks. In addition, a Feature Enhance-
ment Aggregation (FEA) module is designed to strengthen
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Fig. 1. Overall architecture of the proposed DFM-Net.



edge and texture information, improve boundary clarity, and
enhance the complementarity and correlation between RGB
and noise features. At each scale, features from the two
branches are enhanced and fused, followed by coordinate
attention to guide effective collaboration across branches.
Finally, the fused multi-scale features are fed into an MLP
decoder for upsampling to generate the final manipulation
prediction mask. During training, Dice Loss and Focal Loss
are jointly used for optimization. The overall architecture of
the proposed DFM-Net is illustrated in Fig. 1.

B. Dual-Frequency Attention Module

The multi-head self-attention mechanism in Transformers
typically applies the same processing to all attention heads,
causing the focus ranges and priorities of different heads to
gradually converge. This paper rationally divides the number
of attention heads: one portion is proportionally allocated to
the high-frequency branch for detecting local high-frequency
features; the remaining attention heads are assigned to the low-
frequency branch to capture global low-frequency semantic
information.

Specifically, given an input feature map X ∈ RH×W×D,
where D denotes the channel dimension of each token, the
number of attention heads is denoted as Nh, and the dimension
of each attention head is dh = D/Nh. Query, Key, and
Value matrices are generated through linear projections.The
attention heads are divided according to a predefined ratio β.
Specifically, βNh heads are assigned to the high-frequency
branch, while (1 − β)Nh heads are allocated to the low-
frequency branch. The architecture of the DFA module is
illustrated in Fig. 2.

The high-frequency branch adopts local-window self-
attention [14]. Instead of performing global attention on the
entire feature map, the input feature is partitioned into non-
overlapping windows of size s × s. Given the input feature
X ∈ RH×W×D, the number of windows is M = H

s × W
s .Let

Xi ∈ Rs2×D denote the token set of the i-th window.For
the high-frequency branch, the corresponding Query, Key, and
Value for the hi-th attention head in the i-th window are
denoted as: Q

(i)
hi

, K
(i)
hi

, and V
(i)
hi

, respectively. Scaled dot-
product attention [15] is computed within each window as

Attn
(i)
hi

= Softmax

Q
(i)
hi

(
K

(i)
hi

)⊤

√
dh

V
(i)
hi

(1)

After computing all heads, the outputs are concatenated along
the channel dimension to form the high-frequency window
output. Then , the outputs of all windows are rearranged to
their original spatial positions to obtain the high-frequency
branch output.

The low-frequency branch performs window-wise average
pooling on the input features to preserve global semantics.
To reduce computational cost and improve efficiency, the
proposed pooling strategy uses pooled Key tokens and Value
tokens, while Query tokens remain at the original resolution
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Fig. 2. Architecture of the proposed DFA module.

to ensure spatial alignment between the output and the input.
Global attention is then computed to capture large-range struc-
tural and semantic information. Specifically, given the input
feature, we first apply average pooling to Key and Value within
each window to reduce the spatial resolution. Then, Attn(i)lo

is obtained through scaled dot-product attention.Similar to
the high-frequency branch, the output is obtained through
concatenation and linear mapping.

Finally, the features computed from the high-frequency and
low-frequency branches are concatenated along the channel
dimension, ultimately yielding features that integrate both
local and global information.

C. Feature Enhancement Aggregation Module

To address the issue of blurred boundaries in image tamper-
ing localization, this paper designed an FEA module. The FEA
module enhances the RGB and noise features separately, then
uses coordinate attention for adaptive fusion. The architecture
of the FEA module is illustrated in Fig. 3.

For RGB features, this paper first introduces a layer of
Discrete Wavelet Transform (DWT) to decompose the input
features into four subbands: LL, LH, HL, and HH [16]. This
process can be formulated as:

DWT(XRGB) = {XLL,XLH ,XHL,XHH} . (2)

Wavelet decomposition separates structural information of
different orientations and frequencies while preserving spa-
tial correspondences, laying the foundation for subsequent
directional enhancement. In tamper detection scenarios, the
LH and HL subbands correspond to high-frequency responses
in the vertical and horizontal directions, respectively. Since
tampering operations often introduce discontinuous horizontal
or vertical structural changes at target boundaries, the LH
and HL subbands are the most sensitive frequency bands
to tampering boundaries. Leveraging this characteristic, this
paper applies High-Frequency Subband Enhancement (HFSE)
to the LH and HL subbands, applying a linear enhancement
coefficient e to amplify boundary inconsistencies in different
directions. Specifically, the HFSE operation is formulated as:

X′
LH = e ·XLH , X′

HL = e ·XHL. (3)

After completing the high-frequency subband enhancement,
the features are reconstructed back into the spatial domain via
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Fig. 3. Architecture of the proposed FEA module. DWT denotes Discrete
Wavelet Transform, HFSE denotes High-Frequency Subband Enhancement,
IDWT denotes Inverse Discrete Wavelet Transform, and 3 × 3 DC denotes
Dynamic Convolution.

Inverse Discrete Wavelet Transform (IDWT). Subsequently, a
Sobel filter is introduced to further enhance gradient infor-
mation. The Sobel filter directly responds to local grayscale
variations, effectively highlighting gradient jumps at edges.
Positioning the Sobel filter after wavelet enhancement allows
for a secondary reinforcement of boundary separability on top
of the already amplified directional high-frequency structures,
making tampered edges more prominent in the feature space.
The processed features are then fed into a 3×3 dynamic con-
volution. Finally, residual connections aggregate the processed
features with the input RGB features.

For noise features, this paper employs a combined structure
of max pooling and large convolutional kernels. Max pooling
preserves more pronounced anomalous responses, highlighting
the statistical inconsistencies in noise introduced by tampering
operations. Subsequently, a 7 × 7 convolution is applied
to expand the receptive field, capturing broader contextual
information. Finally, the processed features are aggregated
with the input noise features via residual connections.

After that, the processed RGB features and noise features
are concatenated to obtain the fused feature U . Next, a
coordinate attention mechanism is introduced to model the
long-range dependencies among features along the height and
width directions, generating directional attention weights to
adaptively enhance the fused features. In this way, the module
can highlight key cues such as boundary responses and noise
anomalies while preserving positional information, and the
enhanced output feature is obtained by Z = U ⊗ Ah ⊗ Aw,
thereby achieving clearer and more accurate localization of
tampered regions.

IV. EXPERIMENTS

A. Dataset

We conduct experiments on four benchmark datasets, in-
cluding CASIA [17], NIST16 [18], Columbia [19], and Cov-
erage [20]. The CASIA dataset includes two versions: CA-
SIA v2.0 contains 5,163 tampered images and CASIA v1.0
contains 920 tampered images. To evaluate generalization
capability, we use CASIA v2.0 for training and CASIA v1.0
for testing. To ensure fair comparisons, all experiments on

TABLE I
DATASET STATISTICS.

Dataset Total Involved manipulation technique
Copy-move Splicing Removal

CASIA 6043 ✓ ✓ ×
NIST16 564 ✓ ✓ ✓
Columbia 180 × ✓ ×
Coverage 100 ✓ × ×

each dataset follow the same training and testing splits. The
dataset statistics are summarized in Table I.

B. Implementation Details

All input images are resized to 512×512 and preprocessed
using data augmentation strategies, including random flipping,
scaling, and cropping. The model is trained for 100 epochs
with a batch size of 8. The initial learning rate is set to
5 × 10−3 and gradually decayed to 5 × 10−4 using a cosine
decay strategy. The AdamW optimizer is employed with a
momentum coefficient of 0.9. The parameter β is set to 0.6,
0.5, 0.4, and 0.3 for the four stages of the backbone network,
respectively. The window size s is set to 2, and the linear
enhancement coefficient e is set to 1.8. For the loss function,
the hyperparameters are empirically set to α = 0.5 and γ = 2.

C. Evaluation Metrics

This study employs pixel-level F1 score and AUC as eval-
uation metrics for image tampering localization tasks. The F1
score comprehensively measures both accuracy and complete-
ness of detection results, making it suitable for identifying
tampered pixels under imbalanced data conditions [21]. AUC,
meanwhile, reflects the model’s overall ability to distinguish
between tampered and non-tampered pixels across different
thresholds [22].

D. Experimental Results and Analysis

1) Comparison Experiments: To comprehensively evaluate
the performance of the proposed image manipulation localiza-
tion model DFM-Net, we conduct comparative experiments
on four widely used public benchmark datasets, including
CASIA, NIST16, Columbia, and Coverage. The proposed
method is compared with several state-of-the-art image manip-
ulation localization approaches. The comparison methods can
be broadly divided into two categories: single-branch networks
and multi-branch networks. Single-branch networks include
ManTra-Net [6] and IML-ViT [8]. Multi-branch methods
include MVSS-Net [9], EMT-Net [11], TruFor [10], DAE-Net
[12], and PIM-Net [13]. Quantitative comparison results in
terms of pixel-level F1 score are reported in Table II.The AUC
(%) comparison results for image tampering localization are
shown in Table III.

For single-branch networks, ManTra-Net primarily focuses
on modeling local statistical anomalies, which can lead to false
positives or inaccurate localization in large-scale tampering
scenarios. IML-ViT enhances long-range dependency model-
ing through a global self-attention mechanism, but its ability



TABLE II
COMPARISON OF PIXEL-LEVEL F1 SCORE (%) ON DIFFERENT DATASETS.

Method CASIA NIST16 Columbia Coverage Average
ManTra-Net 22.3 46.2 65.4 28.3 40.6
MVSS-Net 39.0 82.7 70.3 28.4 55.1
EMT-Net 45.9 82.5 56.1 35.3 55.0
TruFor 44.5 36.0 56.6 31.9 42.3
IML-ViT 46.5 82.8 80.1 41.4 62.7
DAE-Net 49.4 87.1 87.2 33.0 64.2
PIM-Net 51.2 84.2 79.2 40.2 63.7
Ours 51.8 87.9 88.3 42.5 67.6

TABLE III
COMPARISON OF PIXEL-LEVEL AUC (%) ON DIFFERENT DATASETS.

Method CASIA NIST16 Columbia Coverage Average
ManTra-Net 64.8 80.5 82.4 77.7 76.4
MVSS-Net 84.7 98.1 86.9 80.8 87.6
EMT-Net 85.6 96.7 83.2 81.2 86.7
TruFor 84.4 80.6 86.9 83.7 83.9
IML-ViT 78.4 85.3 88.4 85.1 84.3
DAE-Net 80.5 98.4 97.3 74.1 87.6
PIM-Net 89.2 98.1 93.5 82.2 90.8
Ours 90.4 98.4 97.5 85.7 92.0

to detect small-scale tampered regions remains insufficient.
By introducing a dual-branch architecture that jointly exploits
RGB features and noise features, and performing feature fu-
sion across multiple scales, DFM-Net enables the simultaneous
utilization of visual information and noise anomaly cues,
thereby improving adaptability to complex tampering sce-
narios. Experimental results show that DFM-Net consistently
outperforms representative single-branch methods across all
four datasets.

For multi-branch networks, MVSS-Net mainly focuses
on spatial and edge cues, but lacks explicit modeling of
frequency-domain inconsistencies, making it less effective
for detecting subtle or small-scale manipulations. EMT-Net
and DAE-Net both mainly focus on boundary artifact en-
hancement; however, their detection performance may decline
when the authentic background is highly blended with the
tampered regions. TruFor integrates multiple forensic cues
through noise residual modeling, yet its feature fusion is
mainly performed at high semantic levels, which may limit
its sensitivity to fine-grained or small-scale tampering regions.
PIM-Net exploits progressive inconsistency mining to improve
localization accuracy, but it may suffer from misclassification
in large-area tampering scenarios. Compared to existing multi-
branch image tampering detection methods, DFM Net achieves
better detection performance in multi-scale and multi type
tampering scenarios by proposing DFA and FEA modules.
In particular, experiments on the CASIA dataset indicate that
DFM-Net exhibits stronger generalization capability.

2) Ablation Experiments: To verify the effectiveness of
the proposed DFA and FEA modules, we conduct systematic
ablation studies. The baseline model consists of the RGB
branch, the noise branch, and the corresponding connection
modules. Then, the DFA and FEA modules are gradually
added to the baseline for comparison. All experiments are

TABLE IV
ABLATION STUDY RESULTS ON FOUR DATASETS.

Methods CASIA NIST16 Columbia Coverage
F1 AUC F1 AUC F1 AUC F1 AUC

Baseline 48.2 87.7 83.8 95.2 87.1 95.8 38.2 81.2
Baseline + DFA 51.5 89.8 86.4 98.1 87.2 97.1 39.1 83.1
Baseline + FEA 50.4 90.1 87.1 96.5 87.8 96.2 42.2 84.9

Baseline + DFA + FEA 51.8 90.4 87.9 98.4 88.3 97.5 42.5 85.7

performed under the same datasets and training settings. The
ablation results are reported in Table IV.

After incorporating the DFA module into the baseline
model, both F1 score and AUC exhibit consistent improve-
ments. Notably, the F1 score shows significant gains on the
CASIA and NIST datasets, which contain a large number of
small-scale tampering samples. This indicates that the DFA
module effectively enhances the model’s sensitivity to locally
anomalous regions, thereby alleviating missed detections in
small tampered areas.

The introduction of the FEA module to the baseline model
also leads to considerable performance improvements. Results
on the NIST and Coverage datasets, which are characterized
by complex boundaries and prominent noise cues, demonstrate
that the FEA module effectively improves boundary localiza-
tion accuracy and reduces false positives in tampered regions.

When both DFA and FEA modules are integrated, the model
achieves the best performance across all four datasets. This re-
sult highlights their complementary roles: DFA strengthens the
representation of multi-scale tampering clues during feature
encoding, while FEA further enhances boundary perception
and cross-modal feature coordination during feature fusion.
Their combined effect significantly improves the overall accu-
racy of tampered region localization.

3) Visualization Analysis: To provide an intuitive com-
parison of the localization performance of DFM-Net, Fig. 4
presents qualitative results on representative manipulated im-
ages selected from four benchmark datasets. The ground truth
annotations, the prediction results of representative methods
including MVSS-Net and IML-ViT, and the results produced
by the proposed DFM-Net are displayed for side-by-side
comparison. As illustrated in the figure, DFM-Net consistently
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Fig. 4. Qualitative comparison of image manipulation localization results on
representative samples.



achieves more accurate localization results across different
datasets. Whether dealing with small-scale or large-scale ma-
nipulated regions, the proposed method is able to precisely
identify tampered areas while maintaining clear and well-
aligned boundaries. In addition, even in challenging scenarios
where tampered regions are highly blended with complex
backgrounds and boundary cues are deliberately weakened,
DFM-Net still produces reliable localization results. These
qualitative comparisons further verify the effectiveness of the
proposed method in handling diverse and complex image
manipulation scenarios.

V. CONCLUSION

This paper addresses the challenges of image manipulation
localization in complex real-world scenarios, including diverse
tampering scales, blurred boundaries, and covert manipula-
tions, by proposing DFM-Net. Experimental results on four
public datasets demonstrate that DFM-Net outperforms multi-
ple mainstream methods in terms of both F1 score and AUC.
Comparative and ablation experiments validate the effective-
ness and synergy of the proposed modules, indicating that
the method achieves strong performance and generalization
capability in multi-type and multi-scale image manipulation
detection tasks.Although favorable experimental results are
obtained, future work will further explore the adaptability of
DFM-Net to emerging generative manipulation scenarios.
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