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Abstract. Document image forgeries, especially text manipulations in 
scanned documents, pose severe risks to information integrity, impact-
ing domains such as legal, financial, and personal records. These alter-
ations are often subtle, localized, and visually indistinguishable, espe-
cially under common compression standards like JPEG. Existing detec-
tion methods typically rely on single-model architectures, either convo-
lutional neural networks (CNNs) or transformers, which independently 
struggle with effectively capturing both local artifacts and global struc-
tural inconsistencies. To overcome these limitations, we propose Doc-
ForgeNet, a novel dual cross-stream fusion network explicitly designed 
for robust detection and localization of forged text regions in document 
images. DocForgeNet simultaneously processes RGB and discrete cosine 
transform (DCT) features through parallel CNN and transformer streams. 
The CNN stream excels at identifying local inconsistencies, such as com-
pression artifacts and font irregularities, while the transformer stream 
leverages self-attention mechanisms to model broader, contextual dis-
crepancies indicative of large-scale manipulations. Cross-linear attention 
modules facilitate effective feature fusion b etween the streams without
information loss. Extensive evaluations on the DocTamper dataset, which
contains forgeries on 170,000 document images of various types, demon-
strate that DocForgeNet significantly outperforms state-of-the-art meth-
ods, achieving superior precision, recall, and F1-scores across various test-
ing scenarios, including severe JPEG compression. Our approach not only
establishes a new benchmark in tampering detection performance but also
highlights the effectiveness of integrating complementary local and global
representations for enhanced document integrity verification.
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Attention · Cross-Linear Attention · Multi-View Iterativ e Decoder
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1 Introduction 

Document images serve as ubiquitous carriers of sensitive information, includ-
ing personal, legal, and financial data, where the integrity of textual content is 
paramount. However, advancements in image editing tools have enabled mali-
cious a ctors to imperceptibly alter or replace text in scanned documents, posing
significant threats to security and trust [2, 6,30,32,41]. Such forgeries, whether 
aimed at manipulating contracts, receipts, or identification records, undermine 
the reliability of digital documentation, necessitating robust methods to detect
and localize tampered text [30,33]. While recent research has focused on identi-
fying tampering operations such as splicing, copy-move forgeries, and synthetic 
text generation, detecting these manipulations remains a formidable challenge
due to their subtlety and the complex nature of document layouts.

Fig. 1. Tampered text in document images typically occupies small areas and provides 
minimal visual evidence of tampering. This figure presents f orged document images
alongside their corresponding ground truth forged regions.

Unlike natural image forgeries [22,43], document text manipulations often 
lack obvious visual artifacts. Tampered regions in documents are often local-
ized and minimal, with forged text carefully crafted to align with the original
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in terms of font, size, and background characteristics. This meticulous matching 
makes the alterations nearly imperceptible to the human eye, as illustrated in
Fig. 1. Compounding this challenge, scanned documents are frequently stored in 
lossy formats like J PEG, where compression artifacts obscure subtle tampering
cues [24]. Block boundary noise, quantization effects, and other compression-
induced distortions degrade image quality while masking critical forensic evi-
dence. Prior efforts to exploit JPEG-specific patterns for forgery detection have 
shown limited success, particularly under varying compression levels, leaving
room for improvement in robustness and generalization.

Existing detection frameworks often rely on single-model architectures, such 
as convolutional neural networks (CNNs) or transformers, or their sequential
combination, each with inherent limitations [31]. While CNNs excel at captur-
ing local spatial features, such as font irregularities o r DCT coefficient disconti-
nuities [6] they struggle to model long-range dependencies critical for detecting 
forgeries like copy-move spanning document regions. Transformers, conversely, 
adeptly identify global inconsistencies through self-attention mechanisms but
often overlook fine-grained local details essential for localized tampering detec-
tion [16,22]. Sequential combinations of these architectures [33], where one model 
processes features before passing them to the other, risk diluting complementary 
strengths: early CNN layers may discard global cont ext, while initial transformer
stages might aggregate features at the expense of local precision.

To address these limitations, we propose a novel DocForgeNet dual-stream 
framework that leverages parallel CNN and transformer architectures to simul-
taneously capture both local a nd global tampering cues. The main contributions
of our paper are as follows:

– Dual Cross-Stream Processing: DocForgeNet processes RGB and fre-
quency (DCT) modalities through independent streams, allowing each to 
retain its unique advantages. The CNN stream is designed to capture localized 
artifacts, such as block boundary inconsistencies and compression-induced 
discontinuities, while the transformer stream models long-range dependencies 
to identify large-scale manipulations like copy-move forgeries. This parallel
architecture prevents the information loss common in sequential processing,
ensuring both fine-grained details and global structural coherence are pre-
served.

– Enhanced Detection and Robustness: The proposed method not only 
enhances localization on forged documents but also improves robustness to 
JPEG compression artifacts. outperforming the state-of-the-art on DocTam-
per [33] dataset by a significant margin. By leveraging the complementary 
strengths of CNNs and Transformers, our approach offers a more comprehen-
sive solution for safeguarding document integrity.

The remainder of this paper is organized as follows: Sect. 2 reviews related 
work in document forgery detection and h ybrid deep learning architectures.
Section 3 details our methodology, including the dual cross-stream framew ork
and fusion strategies. Section 4 presents experimental results, comparisons with 
state-of-the-art methods and ablation studies followed by a conclusion in Sect. 5.
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2 Related Work 

2.1 Natural Image Forgery 

Early approaches to natural image forgery detection focused on handcrafted 
features and artifact analysis. Cozzolino et al. [11,12] proposed dense-field copy-
move detection and blind splicing detection using s ensor pattern noise. Fridrich et
al. [15] introduced rich models for steganalysis through handcrafted noise resid-
uals. While effective for specific artifacts, t hese methods lacked generalizability
to unseen manipulations.

With the advent of deep learning, Zhou et al. [44] pioneered CNN-based 
approaches using RGB and SRM filtered inputs. Bappy et al. [4] combined LSTM 
with encoder-decoder networks for improved localization. Bayar et al. [6]  pro-
posed constrained CNNs to suppress image content while learning manipulation 
traces. However, these e arly deep methods struggled with subtle forgeries and
precise localization.

While current state-of-the-art methods have demonstrated improved per-
formance, many rely on single stream processing of RGB and frequency
domains [4, 6] or late fusion strategies [13], which fail to fully exploit the com-
plementary nature of local and global features across modalities. Single-stream
architectures [39] often lack the ability to simultaneously capture fine-grained 
local details and long-range global context. Additionally, transformer-based
methods [25], while effective at modeling global relationships, frequently overlook 
critical local texture details that are essential for precise localization of forensic 
artifacts. These limitations highlight the need for a more int egrated approach
that can effectively leverage both local and global features without sacrificing
the strengths of either.

2.2 Document Image Forgery 

Early document forgery detection approaches focused on printer classification
using texture features [23,29]  and  DCT  analysis [37]. Font-based authentication 
emerged through statistical analysis [5], typographical features [45], and con-
ditional random fields [8]. Template matching via intrinsic document c ontents
[2] and text-line alignment verification [9] showed promise but required clean 
scanned documents.

Modern approaches employ deep learning: James et al.[19] used graph atten-
tion networks to detect manipulated regions, while Abramova et al.[1] detected 
copy-move forgeries through quantization artifacts, though failing under mu lti-
ple compressions. Wang et al.[40] introduced a two-stream Faster R-CNN [34] 
combining RGB and frequency features, but primarily targets SRNet-generated
forgeries [41] rather than careful c opy-paste tampering.

The introduction of the recent DocTamper [33] dataset has significantly 
advanced the field, offering a large-scale, diverse collection of 170,000 document 
images with various tampering types, including copy-move, splicing, and genera-
tion. This dataset, along with its cross-domain testing subsets, provides a robust
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benchmark for evaluating the generalization capabilities of tampering detection 
models. The DocTamper dataset’s comprehensive nature and realistic tamper-
ing synthesis method make it a valuable resource for developing and testing 
state-of-the-art document forgery detection systems. Alongside the dataset, the 
authors proposed the Document Tampering Detector (DTD), a multi-modality 
Transformer-based model that integrates visual and frequency domain features. 
The DTD employs a Frequency Perception Head (FPH) to capture tamper-
ing clues from DCT coefficients and a Multi-view Iterative Decoder (MID) to 
leverage multi-scale feature information. While the DTD demonstrates strong 
performance, particularly in handling inconspicuous tampering traces, it pri-
marily relies on a Swin-Transformer-based encoder for feature fusion. Howe ver,
the patching mechanism in Swin Transformers, which divides the input image
into non-overlapping patches, may lead to the loss of fine-grained local details.
This limitation could potentially hinder the model’s ability to detect subtle tam-
pering artifacts in document images. For large images, the Swin Transformer
requires larger initial patches to mitigate the O(n2) computational complex-
ity [21,28,35,36,38] of the attention mechanism, compromising the preservation 
of local feature details. In contrast, our DocForgeNet, a dual cross-stream CNN 
and transformer architecture, is sp ecifically designed to address these limita-
tions by simultaneously capturing fine-grained local details and long-range global
dependencies.

3 DocForgeNet: The Proposed Approach 

We propose DocForgeNet, specifically designed to address the unique challenges 
in document forgery detection, combining CNNs for local detail extraction with
Transformers for global context modeling, as illustrated in Fig. 2. By integrating 
the complementary strengths of CNNs in capturing fine-grained texture patterns 
and Transformers in modeling long-range dependencies, this framework robustly 
detects both subtle pixel-level artifacts and broader layout inconsistencies. The 
proposed architecture comprises several key modules: a Frequency Perception 
Head (FPH), a fusion strategy integrated with a projection layer, dual cross-
stream blocks, and a Multi-view Iterative Decoder (MID) as a segmentation
head.

The motivation for our proposed dual cross-stream approach arises from 
observed limitations in using a Swin Transformer [26] backbone, as previously 
employed in [33]. While Swin Transformer is efficient for general image tasks due 
to its local window focus and periodic shifting for global context aggregation, it 
potentially weakens local detail capture if window partitions are too coarse or if 
subtle, fine-grained modifications, such as small text alterations, fall within inad-
equately represented internal window patterns. Moreover, exclusive reliance on
a Transformer pathway might inadequately address local texture variations like
pixel-level artifacts, where CNNs traditionally excel. Additionally, homogenously
treating RGB and DCT inputs within a single-path architecture risks diluting
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the unique frequency artifacts captured by DCT and the visual pattern cues 
inherent in RGB data, thus failing to fully exploit their distinct characteristics.

Fig. 2. Overview of DocForgeNet. We employ a dual cross-stream framework that 
processes both DCT and RGB images. Initially, the two modalities pass through the 
stem stage, where the assignment of each modality to a stream is configurable. This 
assignment is determined based on a fusion strategy, which serves as a hyperparameter 
for ablation studies. Subsequently, the features are processed through the Dual Cross-
Stream Network, and multi-scale spatial features are fed into a Multi-View Iterative
Decoder for final prediction.

3.1 Stem Stage 

In the stem stage, we employ an FPH module similar to [33], which follows a 
dual-head design. It first extracts the DCT coefficient map from the Y channel 
and embeds it using convolution layers. Simultaneously, it processes the quanti-
zation table, expands it, and embeds it with learnable parameters. T he embed-
dings are fused through element-wise multiplication and concatenated before
being down-sampled to align with the input’s BAG [24] structure. Finally, posi-
tion embeddings and MobileConv [18] layers are applied to refine the frequency 
feature representation. Given a DCT coefficient map of size H × W , we obtain 
the feature representation F ∈ R H 

8 ×W 
8 ×C , ensuring that each spatial unit in F 

corresponds to an 8 × 8 block in the original DCT domain. Next, the Fusion 
Strategy Module is primarily designed for ablation studies, where we tested 
three different combinations: (1) DCT features passed through the Transformer 
stream and RGB image passed through the Conv stream, (2) the reverse setup,
and (3) both features fused via concatenation and passed through both streams.
The best results were obtained when DCT features were processed through the
Transformer stream, while the RGB image was passed through the Conv stream,
as discussed in Sect. 4.4. The Projection Layer is necessary to divide the features
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into fixed window-sized patches and flatten them. Given the DCT feature map 
F ∈ R H 

8 ×W 
8 ×C , it is transformed into F ′ ∈ RS×C , where S = H 

8 × W 
8 represents 

the total number of patches. Since the FPH module already divides the f eatures
into 8 × 8 windows, we directly use each feature pixel as an individual patch.
This stem stage is illustrated in Fig. 2. 

3.2 Dual Cross-Stream Network 

Before employing the dual cross-stream module, we pass the D CT features
through a Linear Transformer [20] block and the RGB input image via a Con-
volution block without the cross-stream fusion (Linear Cross-Attention). The 
linear transformer block is similar to a naive transformer [38] encoder block 
with the difference of Multi-Head Linear Self A ttention(MHLSA). This can be
seen in Fig. 3. 

Fig. 3. Network architecture of the proposed DocForgeNet’s dual cross-stream module, 
highlighting the implementation details of the CNN block, Transformer block, and
Cross-Linear Attention mechanism used for cross-stream fusion.

MHLSA. The Multi-Head Linear Self-Attention (MHLSA) block employs a 
computationally efficient attention mec hanism, reducing the quadratic complex-
ity [21,36,38] of standard self-attention to a linear form. Given an input feature
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map X ∈ RS×C , where S is the sequence length and C is the embedding dimen-
sion, the standard self-attention is formulated as: 

Attention(Q, K, V ) = softmax
(

QKT 

√
dk

)
V 

where Q = XWQ, K = XWK ,  and  V = XWV are the query, key, and value 
projections with learnable weight matrices WQ,  WK ,  WV ∈ RC×dk .  To  achieve  
linear complexity, Linear A ttention replaces the softmax operation with a kernel
function φ(·):

A = φ(Q)(φ(K)TV )

where φ(·) is a feature transformation such as ReLU or exponential mapping.
The computation is performed as follows:

1. Projection of Inputs: 

Q = XWQ, K  = XWK , V = XWV

2. Feature Transformation: 

Q̃ = φ(Q), K̃ = φ(K)

3. Efficient Attention Calculation: 

Z = K̃T V ∈ Rdk ×dk

A = Q̃Z

This formulation reduces complexity from O(S2)  to  O(S), making it m emory-
efficient and scalable for high-resolution vision tasks.

Conv Block. The Convolutional Block follows a ResNet-like design, focusing on 
extracting local details from images. According to the definition in ResNet [17], 
a bottleneck consists of a 1 × 1 down-projection convolution, a 3 × 3 spatial 
convolution, and a 1× 1 up-projection convolution. Additionally, a residual con-
nection is introduced between the input and output of the bottleneck to enhance
gradient flow and improve feature propagation as shown in Fig. 3. Visual Trans-
formers [14,26] map image patches into feature vectors in a single step, which 
can lead to a loss of local details. In contrast, CNNs utilize sliding convolutional 
kernels that process feature maps with overlapping regions, allowing them to 
retain fine-grained local features. As a result, the CNN branch effectively pre-
serves and continuously supplies local feature information to the transformer
branch, enhancing its ability to capture spatial details.
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Cross-Stream Fusion via Cross Linear Attention. We employ the Trans-
former and Convolution blocks in a dual-stream manner with Cross Linear Atten-
tion for cross-stream fusion, facilitating both global and local feature under-
standing. The dual cross-stream architecture is divided into three stages (refer
to Fig. 2). After each stage, the spatial resolution of the features from the Con-
volution stream is reduced by half. Within each stage, Cross Linear Attention 
is applied between the Transformer and Convolution features. Specifically, when 
cross-attending from the Convolution stream to the Transformer stream, the 
keys and values originate from the Convolution stream, while the queries
come from the Transformer stream. The reverse is applied when cross-attending
in the opposite direction, as illustrated in Fig. 3. 

When cross-fusion between the Convolution stream and Transformer stream 
occurs, the Convolution stream features of shape Fconv ∈ RH×W ×C are first 
reshaped into a sequence form: 

F ′
conv ∈ RS ×C , S = H × W

where S represents the total number of spatial locations after flattening.
Since we employ Linear Attention, the large spatial resolution H×W does not 

significantly impact computational complexity. The linear attention mech anism
is formulated as:

A = φ(Q)(φ(K)TV )

1. Cross-Attention from Convolution Stream to Transformer Stream: 

Q = FtransWQ, K  = F ′
con vWK , V = F ′

convWV

2. Cross-Attention from Transformer Stream to Convolution Stream: 

Q = F ′
convWQ, K  = FtransWK , V = FtransWV

Here, WQ,  WK ,  WV ∈ RC×dk are learnable projection matrices, and φ(· ) is a
kernel transformation ensuring computational efficiency.

Due to the linear complexity O(S) of Linear Attention, the large spatial 
resolution of the Convolution stream does not introduce significant overhead. 
This enables efficient cross-stream information exchange, enhancing both global
and local feature representations.

3.3 Multi-view Iterative Decoder 

We employ a Multi-View Iterative Decoder (MID) similar to [33] to refine multi-
scale features for more accurate predictions. Given the encoder’s output features, 
MID iteratively processes them through cascaded operations, generating hier-
archical decoder features. These features are then concatenated and projected 
via a convolution layer to obtain the final prediction. This iterative multi-view
approach mimics human perception by integrating information across different
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scales. We train our model combining Cross-Entropy Loss and Lovász Loss [7]  to  
optimize segmentation accuracy. Given a prediction mask ŷ for an input image 
x with ground-truth mask y, the total loss is formulated as:

L = Lce(ŷ, y)  +  L lov(ŷ, y)

where Lce represents Cross-Entropy Loss, and Llov is the Lovász Loss f or better
boundary optimization.

4 Experiments 

We adopt an evaluation procedure similar to the one proposed in [33], ensuring 
consistency and comparability with prior work on the DocTamper dataset. Our 
evaluation follows the same metrics and benchmarking strategies, allowing for a 
direct assessment of our model’s performance against existing approaches. The 
DocTamper dataset is evaluated using Precision, Recall, F1-score, and Inter-
section over Union (IoU), as the tampering detection task is formulated as a
binary semantic segmentation problem. These metrics provide a comprehensive
assessment of the model’s performance in detecting manipulated regions.

4.1 DocTamper Dataset 

The DocTamper [33] dataset is a comprehensive, large-scale collection specif-
ically designed for tampered text detection in document images. It consists 
of 170,000 images, encompassing diverse document types such as contracts, 
invoices, and receipts, presented in both English and Chinese. The dataset 
addresses three prevalent tampering metho ds: copy-move, splicing, and gen-
eration, with each method evenly represented across the dataset to simulate
real-world document manipulation scenarios accurately.

DocTamper includes a primary training set of 120,000 images, a general 
testing set of 30,000 images, and two specialized cross-domain testing subsets, 
DocTamper-FCD and DocTamper-SCD with 2,000 and 18,000 images, respec-
tively. These cross-domain subsets facilitate robust evaluation of model gen-
eralization across varying image sources and document styles. Unlike previous 
datasets that typically contain fewer than 1,000 images a nd limited document
types, DocTamper significantly expands scale and diversity, thus providing a
more realistic and challenging benchmark for advancing research in document
image tampering detection.

4.2 Implementation Details 

We configure the RGB input image to have dimensions 512×512×3 with its cor-
responding DCT representation set to 512×512. As the image progresses through 
the stem stage and early transformer block, the DCT features are downsampled
to 128 × 128 × 64, while the Conv block processes the RGB image into feature
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maps of size 256 × 256 × 64 (more details in ablation studies). F or optimiza-
tion, we employ AdamW [27] with an initial learning rate of 3 × 10−4,  which  
gradually decreases to 1 × 10−5 following a cosine decay schedule. Training is 
conducted on four A100-40GB GPUs, each handling a batch size of 8, result-
ing in a total batch size of 32. To align with the Doctamper testing setup, we 
introduce dynamic JPEG compression during training. The JPEG quality fac-
tor is randomly sampled between 75 and 100, while the number of compression
iterations varies between 1 and 3. The final predictions are binarized using a
threshold of 0.5.

4.3 Comparison with State-of-the-Art Methods 

To the best of our knowledge, we compare our DocForgeNet against state-of-
the-art image manipulation detection approaches [13,22,25,42], including the 
baseline model proposed in [33], as well as advanced semantic segmentation
models [3,26]. Our experimental results demonstrate that our model achieves 
a significant performance improvement o ver existing approaches, as detailed
in Table 1, highlighting the importance of integrating local and global repre-
sentations for robust document image forgery detection. By employing a dual 
cross-stream architecture combining CNNs and transformers, our method effec-
tively captures fine-grained structural inconsistencies and long-range contextual 
relationships, significantly enhancing tampering detection performance. More-
over, our approach establishes a new benchmark on the DocTamper dataset, 
improving upon the DTD model by a substantial margin. These results validate 
the effectiveness of our fusion strategy in handling document f orgery detection
under various compression and degradation scenarios, further reinforcing the
role of multi-scale feature integration in this domain. We also conduct a visual
comparison of our DocForgeNet dual cross-stream architecture with the state-
of-the-art method DTD on the DocTamper dataset, as shown in Fig. 4, where 
the results indicate that DTD struggles with detecting forgeries in very small 
areas due to its Swin Transformer-based architecture, which depends on initial 
windo w patches that may lose fine-grained local details. Note that we did not
include comparisons with [10] as their experimental setup deviates from the orig-
inal DocTamper protocol, as clarified in their official GitHub repository, making 
a direct comparison under identical conditions infeasible. Following the Doc-
Tamper dataset settings, our model achieves an inference time of approximately 
0.6678 s per image, outperforming the DTD model’s 0.9863 s on CPU. Notably, 
our linear attention transformer o perates with per-pixel embeddings and global
attention, in contrast to DTD’s Swin Transformer which relies on patch-based
windowed attention—yet our approach remains more efficient.

4.4 Ablation Study 

We conducted ablation study to explore three distinct fusion strategies for docu-
ment forgery detection, each leveraging both Discrete Cosine Transform (DCT)
and RGB features in different ways:
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Fig. 4. Qualitative results on the DocTamper dataset [33], evaluated using the three 
testing splits proposed by the authors. Our proposed DocForgeNet arc hitecture is com-
pared against the state-of-the-art DTD method [33]. GT denotes the ground-truth
segmentation mask.
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Table 1. Comparison on the DocTamper dataset. All test images undergo random 
compression between one and three times with quality factors of at least 75, following
the random seed specified by the authors in [33]. “D-TestingSet” refers to the primary 
DocTamper testing split, alongside the FCD and SCD splits proposed by the authors. 
“P” denotes precision, “R” recall, “F” t he F-score, and “Params” indicates the number
of parameters for each model.

Method D-TestingSet DocTamper-FCD DocTamper-SCD Params 
P R F P R F P R F 

Mantra-Net [42] 0.123 0.204 0.153 0.175 0.261 0.209 0.124 0.218 0.157 4M 

MVSS-Net [13] 0.494 0.383 0.431 0.480 0.381 0.424 0.478 0.366 0.414 143M 
PSCC-Net [25] 0.309 0.506 0.384 0.330 0.580 0.420 0.286 0.540 0.374 4M 

BEiT-Uper [ 3] 0.564 0.451 0.501 0.550 0.436 0.487 0.408 0.395 0.402 120M 
Swin-Uper [26] 0.671 0.608 0.638 0.642 0.475 0.546 0.541 0.612 0.574 121M 
CAT-Net [22] 0.737 0.666 0.700 0.644 0.484 0.553 0.645 0.618 0.631 114M 
DTD [33] 0.814 0.771 0.792 0.849 0.786 0.816 0.745 0.762 0.754 66M 
DocForgeNet 0.856 0.814 0.820 0.915 0.884 0.891 0.711 0.769 0.712 32M 

1. DCT-TF: DCT features were processed through a transformer-based stream, 
while RGB features w ere processed through a CNN-based stream.

2. DCT-Conv: The reverse of DCT-TF, where the DCT stream used a CNN 
and the RGB stream used a transformer.

3. DCT+RGB Fusion: The DCT and RGB features were concatenated, then 
passed join tly through both transformer and CNN streams.

We conducted our experiments on the DocTamper [33] dataset, following the 
same splits and protocols proposed by the original authors: the standard testing 
split, ‘D-FCD’ (DocTamper-FCD), and ‘D-SCD’ (DocTamper-SCD). To simu-
late different levels of compression-induced degradation, we subjected each image 
to one to three random JPEG compression cycles, with quality factors ranging 
from 75 to 100. We further tested lower-bound compression quality settings of 
75100 and 90100, where ‘Q’ denotes the lowest applied compression factor. Eval-
uation was carried out using four key metrics—Intersection over Union (IoU), 
Precision (P), Recall (R), and F 1-score (F)—across all splits. By adhering closely
to the authors’ original experimental setup and examining model performance
under varied compression scenarios, we aimed to provide a direct and compre-
hensive comparison of these fusion strategies for detecting tampered text regions.
Detailed results under these settings are presented in Tables 2 and 3.
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Table 2. Ablation study results on the DocTamper dataset (“D-TestingSet”, includ-
ing FCD and SCD subsets). Each test image undergoes random JPEG compression 
(13 times, quality 75100) using the seed from [32]. “P”, “R”, and “F” denote pre-
cision, recall, and F-score, respectively. “Fusion” combines DCT and R GB features
for both streams; “DCT-Conv” inputs DCT features into convolution and RGB into
transformer; “DCT-TF” uses the opposite feature arrangement.

Method D-TestingSet DocTamper-FCD DocTamper-SCD 
IoU P R F IoU P R F IoU P R F 

Fusion 0.830 0.816 0.748 0.763 0.811 0.896 0.851 0.861 0.656 0.728 0.723 0.690 
DCT-Conv 0.845 0.835 0.783 0.794 0.827 0.906 0.856 0.871 0.584 0.701 0.662 0.646 
DTD [33] 0.828 0.814 0.771 0.792 0.749 0.849 0.786 0.816 0.691 0.745 0.762 0.754 
DCT-TF (Ours) 0.866 0.856 0.814 0.820 0.843 0.915 0.884 0.891 0.657 0.711 0.769 0.712 

Table 3. Ablation study on the DocTamper dataset under varying compression qual-
ities, following the approach in [33]. All experiments use the IoU metric. ‘Q’ denotes 
the lowest compression quality factor. ‘D-TestingSet’ refers to the main DocTam-
per testing set, ‘D-FCD’ to DocTamper-FCD, and ‘D-SCD’ to DocTamper-SCD. The 
“Fusion” method refers to fusing DCT and RGB features before feeding them into 
both streams. “DCT-Conv” indicates D CT features passed through the convolution
stream and RGB features through the transformer stream, while “DCT-TF” indicates
the opposite arrangement.

Method D-TestingSet D-FCD D-SCD 
Q75 Q90 Q75 Q90 Q75 Q90 

Fusion 0.830 0.901 0.811 0.850 0.656 0.784 
DCT-Conv 0.845 0.901 0.827 0.859 0.584 0.699 
DTD [33] 0.83 0.89 0.75 0.83 0.69 0.78 

DCT-TF (Ours) 0.866 0.919 0.843 0.869 0.657 0.765 

The DCT-TF configuration achieved the best results, demonstrating the 
advantage of combining global and local feature learning. DCT features, rich in 
global structure and frequency information, benefit from transformer-based long-
range dependency modeling, aiding anomaly detection. RGB features, capturing 
fine-grained spatial details, are well-suited for CNNs, which excel at detecting 
tampering traces and texture inconsistencies. This complementary feature pro-
cessing allows DCT-TF to outperform DCT-Conv (which lacks effective global 
modeling via CNN) and DCT+RGB Fusion (which introduces redundant infor-
mation). The results highlight the importance of a well-structured multi-stream
approach in forgery detection. Thus, the DCT-TF strategy provides the optimal
fusion, leveraging both global and local feature representations for enhanced
forgery detection in compressed document images.
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5 Conclusion 

The proposed DocForgeNet is tailored for document image forgery detection, 
addressing the unique challenges of identifying subtle manipulations in struc-
tured, text-rich content. By leveraging DCT features through a Linear Trans-
former with Multi-Head Linear Self-Attention (MHLSA), the model captures 
global spectral anomalies—such as inconsistencies in JPEG compression arti-
facts or tampering traces—while the Conv Block extracts localized spatial irreg-
ularities, including altered text regions, or inconsistent texture patterns. Cross
Linear Attention facilitates bidirectional fusion, correlating global spectral dis-
crepancies with localized spatial anomalies to pinpoint forgery regions with high
precision.

The dual-stream design effectively bridges the complementary strengths of 
CNNs and Transformers: CNNs excel at capturing fine-grained local details, 
while Transformers model long-range dependencies and global context. This syn-
ergy overcomes the limitations of standalone CNNs, which may struggle with 
global patterns, and standalone Transformers, which can lose local detail due to 
patch-based tokenization. The linear complexity of MHLSA ensures scalability 
to high-resolution do cument scans, where preserving fine details (e.g., font edges,
signature strokes) is critical. By retaining spatial resolution in early stages of the
Conv stream, the framework maintains sensitivity to small-scale forgeries, while
progressive downsampling balances computational efficiency.

The proposed architecture’s efficiency and interpretability position it as a 
promising solution for real-world document forensics. Future work will focus 
on enhancing its capabilities by incorporating explainability mec hanisms, such
as cross-attention maps, to aid analysts in validating detected forgeries and
understanding the model’s decision-making process.
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1. Abramova, S., Böhme, R.: Detecting copy-move forgeries in scanned text doc-
uments. In: Media Watermarking, Security, and Forensics (2016). https://api. 
semanticscholar.org/CorpusID:4468868 

2. Ahmed, A.G.H., Shafait, F.: Forgery detection based on intrinsic document con-
tents. In: Proceedings of the 11th IAPR International W orkshop on Document
Analysis Systems (DAS), pp. 252–256. IEEE (2014)

3. Bao, H., Dong, L., Wei, F.: Beit: BERT p re-training of image transformers. CoRR
abs/2106.08254 (2021). https://arxiv.org/abs/2106.08254 

4. Bappy, J.H., Simons, C., Nataraj, L., Manjunath, B.S., Roy-Chowdhury, A.K.: 
Hybrid LSTM and encoder-decoder architecture for detection of image forgeries.
IEEE Trans. Image Process. 28(7), 3286–3300 (2019)

5. Bataineh, B., Abdullah, S.N.H.S., Omar, K.: A statistical global feature extraction 
method for optical font recognition. In: Nguyen, N.T., Kim, C.-G., J aniak, A. (eds.)
ACIIDS 2011. LNCS (LNAI), vol. 6591, pp. 257–267. Springer, Heidelberg (2011).
https://doi.org/10.1007/978-3-642-20039-7 26 

6. Bayar, B., Stamm, M.C.: Constrained convolutional neural networks: a new app-
roach towards general purpose image manipulation detection. IEEE Trans. Inf.
Forensics Secur. 13(11), 2691–2706 (2018)



344 N. Riaz et al.

7. Berman, M., Blaschko, M.B.: Optimization of the Jaccard index for image segmen-
tation with the Lovász hinge. CoRR abs/1705.08790 (2017). http://arxiv.org/abs/ 
1705.08790 

8. Bertrand, R., Terrades, O.R., Gomez-Krämer, P., Franco, P., Ogier, J.M.: A con-
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