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Abstract
The rapid advancements of generative AI have fueled the po-
tential of generative text image editing, meanwhile escalat-
ing the threat of misinformation spreading. However, exist-
ing forensics methods struggle to detect unseen forgery types
that they have not been trained on, underscoring the need for
a model capable of generalized detection of tampered scene
text. To tackle this, we propose a novel task: open-set tam-
pered scene text detection, which evaluates forensics mod-
els on their ability to identify both seen and previously un-
seen forgery types. We have curated a comprehensive, high-
quality dataset, featuring the texts tampered by eight text edit-
ing models, to thoroughly assess the open-set generalization
capabilities. Further, we introduce a novel and effective pre-
training paradigm that subtly alters the texture of selected
texts within an image and trains the model to identify these
regions. This approach not only mitigates the scarcity of high-
quality training data but also enhances models’ fine-grained
perception and open-set generalization abilities. Additionally,
we present DAF, a novel framework that improves open-set
generalization by distinguishing between the features of au-
thentic and tampered text, rather than focusing solely on the
tampered text’s features. Our extensive experiments validate
the remarkable efficacy of our methods. For example, our
zero-shot performance can even beat the previous state-of-
the-art full-shot model by a large margin.

Code — https://github.com/qcf-568/OSTF
Datasets — https://github.com/qcf-568/OSTF
Extended version — https://arxiv.org/abs/2407.21422

Introduction
The rapid development of deep models sparks a generative
AI revolution in computer vision, demonstrating remark-
able progress in controllable editing (Sun et al. 2023b; Qu
et al. 2024b). However, the advancement of generative AI
also leads to the spread of malicious fake information on
text images, posing serious risks to social information secu-
rity (Wang et al. 2022; Qu et al. 2023a). Consequently, the
detection of AI-tampered text has become a vital topic in re-
cent years (Qu et al. 2024a). It is crucial to develop effective
methods for detecting AI-tampered text.

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Tampered scene text detection aims to simultane-
ously detect real text (green box) and tampered text (yel-
low box) in the given image. In this paper, we introduce a
novel task: open-set tampered scene text detection, where
models are tested on both seen and unseen types of forgery.
We also manually construct a comprehensive high-quality
benchmark for this task. Moreover, we propose a simple-yet-
effective method for this task, which shows strong zero-shot
and open-set generalization ability.

Recently, the Tampered-IC13 dataset (Wang et al. 2022)
has been introduced to benchmark the detection methods for
tampered scene text. Several promising methods have been
proposed for this task, such as frequency domain feature ex-
traction (Wang et al. 2022; Qu et al. 2023a) and masked
image modelling pre-training (Peng et al. 2023a,b). Despite
significant progress that has been achieved, the existing tech-
niques are far from sufficient for real-world scenarios. We
summarize the limitations as follows:

First, the failure of the existing dataset to reflect model
performance in real-world scenarios. The generative AI rev-
olution has led to the continuous emergence of new text
editing methods, producing increasingly realistic forgeries.
The tampered texts in the Tampered-IC13 dataset were all
forged using the outdated text editing model, SRNet (Wu
et al. 2019), which is unlikely to be the real-world pref-
erence due to its relatively worse performance. Moreover,
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as the development of generative scene text editing is quite
rapid, it is impractical to fit the forensics model to all types
of the generative tampering methods. Therefore, the ability
to generalize across unseen tampering methods and unseen
scenarios becomes a crucial indicator of a model’s practical-
ity in real-world applications. Unfortunately, this open-set
generalization ability cannot be adequately evaluated using
the Tampered-IC13 benchmark.

Second, the challenging nature of the tampered
scene text detection task. As introduced by pioneering
work (Wang et al. 2022), this task faces two main challenges.
(1). The lack of high-quality training data. Existing text edit-
ing methods have a high probability of producing unsatis-
factory outputs, requiring costly manual refinement in post-
processing for visual consistency (Wang et al. 2022). Train-
ing models on the purely generated samples without manual
refinement will lead them to overfit to the obvious visual in-
consistency, thereby making them difficult to generalize to
real-world forgeries. (2). Enabling fine-grained perception.
Tampered scene texts, after being generated by text editing
models and further refined by human effort, become visually
consistent with authentic texts (Qu et al. 2023b; Tuo et al.
2023). Only subtle texture anomalies may remain, which are
challenging to detect. These two challenges have not been
sufficiently addressed in previous works.

Third, the poor open-set generalization of existing
methods for detecting tampered scene text. Forensic models
oftentimes suffer from significant performance degradation
on unseen types of forgeries. Such degradation is widely ob-
served in other related fields, such as face anti-spoofing (Sun
et al. 2023a; Zhou et al. 2023), deepfake detection (Dong
et al. 2023; Wang et al. 2023), image manipulation localiza-
tion (Sun et al. 2023c). Undoubtedly, no exception for the
tampered scene text detection. However, none of the pre-
vious works pay attention to the open-set generalization of
tampered scene text detection methods, resulting in a huge
gap between the real-world applications.

To address these issues and to bridge the gap to real-world
scenarios, we propose the following techniques:

1) To address the limitation of the existing benchmark,
we manually construct a comprehensive high-quality bench-
mark for open-set tampered scene text detection, termed as
Open-set Scene Text Forensics (OSTF). As shown in Fig-
ure 1, the tampered texts in our OSTF benchmark are tam-
pered by a comprehensive set of text editing models, cov-
ering all the three types of scene text editing methods (con-
ventional deep models, font rendering model, and diffusion
models), successfully lining up with the recent development
of generative AI. Except for the test setting of cross tam-
pering methods, our OSTF benchmark also includes the test
setting of cross source data, thus can better evaluate open-set
generalization ability.

2) To simultaneously address the scarcity of high-quality
training data, facilitate fine-grained perception, and improve
open-set generalization, we propose a novel pre-training
paradigm termed as Texture Jitter. In this paradigm, we
subtly change the texture of the randomly selected text re-
gions with elaborately designed operations to produce di-
verse types of texture anomalies, and train the model to

localize these processed texts. Since the proposed Texture
Jitter does not change the macro appearance, it can be ap-
plied directly to any type of image and will always produce
perfectly visually consistent results. Therefore, the scarcity
of high-quality training data can be significantly mitigated.
In addition, since models trained with our Texture Jitter
are forced to capture the subtle anomaly in the texture, the
ability of fine-grained perception can be considerably im-
proved. Moreover, by guiding the model to detect the tex-
ture anomaly rather than a specific type of tampering clue
left by a particular tampering method, our Texture Jitter can
also notably improve the model’s open-set generalization.

3) To further facilitate the models’ ability of open-set
generalization, we propose a novel pluggable framework,
termed as Difference-Aware Forensics, inspired by the de-
velopment of unsupervised anomaly detection (Li et al.
2021b; Pang et al. 2021). The key idea is to learn a com-
pact, robust representation for authentic text, and identify
whether the input text is tampered or not by comparing its
features with the learned authentic representation. By pay-
ing attention to the feature differences rather than only the
features of the input text, models can better generalize to
unseen forgeries.

We conduct extensive experiments on both the pro-
posed OSTF benchmark and the widely-used Tampered-
IC13 (Wang et al. 2022) benchmark. Our method demon-
strates strong generalization ability in these experiments. For
example, the proposed method leads to a gain of 27.88 mean
F-score on the open-set generalization ability in the OSTF
benchmark. Moreover, the zero-shot version of our method
even outperforms the full-shot version of the previous SOTA
method UPOCR (Peng et al. 2023b) by 10.46 mean IoU on
the Tampered-IC13 benchmark.

In summary, the contributions of this paper are as follows:

• We propose a novel task, open-set tampered scene text
detection, to meet the crucial demands. We manually
construct a comprehensive high-quality benchmark for it.

• We propose a novel pre-training paradigm for tampered
scene text detection. It significantly mitigates the scarcity
of high-quality training data, and notably improves ca-
pabilities for both fine-grained perception and open-set
generalization.

• We propose a novel pluggable framework that further im-
proves open-set generalization on unseen forgery.

• In-depth analysis and extensive experiments have veri-
fied the effectiveness of the proposed method.

Related Works
Scene Text Editing. Since scene texts are sparse and have
complex styles, various sizes, it is difficult to edit them to
target content by copy-paste (Wang et al. 2022). The ac-
tual scene text editing is achieved by neural networks. Ex-
isting scene text editing methods can be divided into three
types. (1) Conventional deep models, which edit scene text
in an E2E manner without utilizing diffusion models. SR-
Net (Wu et al. 2019) is the first model to achieve E2E scene
text editing. STEFANN (Roy et al. 2020) proposed to edit
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scene text at char-level. MOSTEL (Qu et al. 2023b) im-
proved the visual quality of text editing with stroke-level
masks and self-supervised learning on non-synthetic data.
(2) Font-rendering based methods, which edit text with dig-
ital font files. DST (Shimoda et al. 2021) inpainted the orig-
inal text region and rendered new text on it with the corre-
sponding digital font file. This is very similar to the pro-
cess of manually editing the target text using image pro-
cessing software. (3) Diffusion methods, which leverage
the power of diffusion models for realistic text tampering.
TextDiffuser (Chen et al. 2023b) generated text images with
the given prompts, while DiffSTE (Ji et al. 2023) manipu-
lated the specific parts of the images with target texts. Any-
Text (Tuo et al. 2023) introduced Auxiliary Latent Module
for higher visual quality. UDiffText (Zhao and Lian 2023)
improved scene text editing with large-scale training data
and text embedding. The rapid development of generative
scene text editing techniques brings huge challenges and
risks to social security (Chen et al. 2023b). Therefore, it is
essential to develop forensics models that can achieve open-
set generalization on the text tampered by unseen methods.

Tampered scene text detection aims to localize tampered
text on the given image. Wang. et al. (Wang et al. 2022)
did the first work for tampered scene text detection, they
proposed the first tampered scene text detection benchmark
Tampered-IC13, they also proposed the S3R strategy and
frequency domain modelling. However, this type of fre-
quency domain modelling is likely to suffer from significant
performance degradation on unseen types of forgery (Tan
et al. 2023). Qu. et al. (Qu et al. 2023a) introduced Selec-
tive Tampering Synthesis method and Document Tampering
Detector model to improve tampered text detection in doc-
uments. However, these methods are not suitable for scene
text due to the board variety in sizes and appearance. They
also introduced the DocTamper synthetic dataset for docu-
ments, but it unable to benchmark model performance across
unseen tampering methods and on AIGC-based tampering.
Benefiting from more training data and more lenient evalu-
ation metrics, Peng. et al. (Peng et al. 2023b) achieved the
highest mean F-score on the Tampered-IC13 benchmark by
averaging real text detection scores. However, due to the
lack of a specialized design, their performance for tampered
text detection is still unsatisfactory. None of the existing
work has explored open-set tampered scene text detection.
To meet with the real-life requirements, we manually con-
struct a comprehensive high-quality benchmark for open-set
tampered scene text detection and propose novel, simple-
yet-effective methods.

OSTF Dataset and Benchmark
Motivation. In this era of generative AI, numerous new
text editing models continuously emerge (Chen et al. 2023b;
Zhao and Lian 2023). However, the existing Tampered-IC13
benchmark only covers text tampered by the oldest text edit-
ing method SRNet, which can hardly be a real-world pref-
erence due to its relatively inferior performance. Moreover,
the ability to detect the text tampered by unseen text edit-
ing model and that on unseen scenario is essential for foren-

sics model in this era of generative AI. However, this abil-
ity totally cannot be evaluated in the Tampered-IC13 bench-
mark. To address the above issues, we manually construct
a comprehensive high-quality new benchmark for tampered
scene text detection, termed as OSFT, which includes text
tampered by various latest text editing methods and cross
source-dataset evaluation settings.

Dataset Construction
Tampering Methods. We take all the three types of gener-
ative tampering methods (conventional, font rendering, dif-
fusion) into account, and select eight text editing methods,
including SRNet (Wu et al. 2019), STEFANN (Roy et al.
2020), MOSTEL (Qu et al. 2023b), DST (Shimoda et al.
2021), DiffSTE (Ji et al. 2023), AnyText (Tuo et al. 2023),
UDiffText (Zhao and Lian 2023), Textdiffuser (Chen et al.
2023a), as shown in Table 2. Given that the Tampered-IC13
dataset (Wang et al. 2022) already has reasonable forgeries
tampered by SRNet, we take it as our ‘SRNet‘ part.
Data Source. We forge the text images from the IC-
DAR2013 (Karatzas et al. 2013) with the selected eight
text editing methods. To enable the cross-source dataset
evaluation, we further edit the text images from the Tex-
tOCR (Singh et al. 2021) validation set with UDiffText, and
the text images from the ICDAR2017 (Nayef et al. 2017),
ReCTS (Zhang et al. 2019) validation sets with TextDiffuser.
Manual Improvement. To ensure the high quality of the
tampered texts in our dataset, we edit all text instances using
the chosen methods, and manually pick the most success-
ful outputs. We further manually and elaborately improve
the visual consistency of the picked texts using PhotoShop
and GIMP. To ensure the high quality of the annotations, we
manually update the bounding box for each tampered text
to match its new appearance. We also check the labels via
visualization to avoid errors.

Dataset Statistics, Benchmark Settings, Highlights
Dataset Statistics. As shown in Table 1, there are a total of
5018 tampered texts and 1980 tampered images in our OSTF
dataset. The detailed statistics of it are shown in Table 2.
Evaluation Settings. As shown in Table 2, there are 9
sessions in our dataset (ICDAR2013 tampered by 7 meth-
ods, TextOCR tampered by UDiffText, ICDAR2017 and
ReCTS tampered by TextDiffuser). To evaluate both closed-
set performance and open-set generalization, the models are
trained on one session of the training set and tested on
all nine sessions of the testing set. As a result, there are
9×9=81 test settings, enabling three evaluation protocols:
cross tampering methods, cross source dataset, and cross
both tampering methods and source datasets.
Dataset Highlights. The comparison between our OSTF
dataset and previous dataset is shown in Table 1. Some of
the samples in our dataset are shown in Figure 2. The main
highlights of our dataset are as follows:

(1) Comprehensive. Our dataset includes all three types
of generative text editing methods, keeping pace with the
generative AI revolution. Our benchmark includes both the
cross-AI-model and cross-dataset evaluation settings.
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Name Cross
Domain

Number of images Number of texts Tampering methods
All Tampered All Tampered Types Conv. Rend. Diff.

Tampered-IC13 × 462 378 1944 995 1 ✓ × ×
OSTF (Ours) ✓ 4418 1980 64858 5018 8 ✓ ✓ ✓

Table 1: Comparison between our OSTF dataset and the previous dataset of Tampered Scene Text Detection. ”Conv.” denotes
”Conventional deep models”, ”Rend.” denotes ”Rendering based methods”, ”Diff.” denotes ”Diffusion models”.

Tampering
type

Tampering
method

Images Text instances Data
SourceAuthentic Tampered Authentic Tampered

train test train test train test train test
Rendering DST 72 82 157 151 382 588 467 507 IC-13

Conventional
deep models

SRNet 29 55 200 178 342 607 507 488 IC-13
STEFANN 182 181 47 52 721 946 128 149 IC-13
MOSTEL 168 172 61 61 628 882 221 213 IC-13

Diffusion
models

DiffSTE 174 181 55 52 683 943 166 152 IC-13
AnyText 181 191 48 42 715 974 134 121 IC-13

UDiffText 129 132 100 101 471 772 378 323 IC-13
UDiffText 196 233 218 211 23737 22886 419 399 T-OCR

TextDiffuser 40 40 123 123 2048 1515 123 123 IC-17

Table 2: The detailed statistics of the proposed OSTF benchmark. ”IC-13” denotes ICDAR2013 (Karatzas et al. 2013) dataset,
”T-OCR” denotes TextOCR (Singh et al. 2021) dataset, ”IC-17” denotes ICDAR2017 (Nayef et al. 2017) dataset.

Figure 2: Samples in the proposed Open-set Scene Text Forensics (OSTF) dataset.

(2) High Quality. The tampered texts in our OSTF
dataset are manually selected and elaborately enhanced for
better visual consistency. The bounding boxes are manually
adjusted to match the tampered texts.

(3) Board Diversity. The images in our OSTF dataset
have various styles and resolutions. The texts in these im-
ages have various fonts and backgrounds, and are tampered
by 8 different generative methods.

Pre-training with Texture Jitter
Motivation. Existing text editing methods often generate
noticeable visual inconsistencies (Wang et al. 2022), es-
pecially when dealing with complex fonts, unfamiliar lan-
guages, and diverse styles. Such failure to generate vivid
tampered text leads to overfitting to obvious visual incon-
sistency. As the result, the trained models struggle to gen-
eralize their applicability to real-world scenarios where the
visual appearance of the manipulated text is refined through
human intervention and has minimized visual inconsistency.

Method. Based on the above observations, we propose a

simple-yet-effective method called Textual Jitter, as shown
in Figure 3. It slightly changes the texture of randomly
picked texts while keeping their macro appearance un-
changed, that is, the processed texts are almost the same
as the original ones. Once this data processing is done, we
train the models to localize the text regions and to iden-
tify whether their texture has been changed or not. With-
out changing the macro appearance, this approach can be
applied directly to any text image and can always produce
high-quality training data that is visually consistent and sim-
ilar to the elaborately tampered text. Despite the simplic-
ity, the proposed Texture Jitter can simultaneously address
three major issues in tampered scene text detection:

(1) The scarcity of high-quality training data is signifi-
cantly mitigated. Our Texture Jitter can automatically output
tampered text that is visually consistent with the macro ap-
pearance. It can be directly applied to any type of image and
any foreign language, and produce diverse and high-quality
data, thereby addressing the data scarcity issue.

(2) The ability of fine-grained perception is consider-
ably improved. The text processed by our Texture Jitter is
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Figure 3: The pipeline of the proposed Texture Jitter.

visually consistent with surrounding texts and its anomaly is
obscure and difficult to capture. By training forensics mod-
els with our Texture Jitter, the models are encouraged to de-
tect subtle anomalies and the ability of fine-grained percep-
tion can be improved.

(3) The ability of open-set generalization is notably en-
hanced. By training with our Texture Jitter, the models learn
to identify the tampered text by judging whether the texture
is abnormal, rather than relying on a specific feature of a
tampering method, and thus achieve better open-set general-
ization on unseen forgery.
Implementation. The pipeline of our Texture Jitter is shown
in Figure 3. Given an input text image, we randomly select
some text instances, and apply a random texture process-
ing operation or the combination of multiple operations. The
texture processing operations include random blur, reverse
blur, random image compression, and reverse image com-
pression. By doing this, various types of texture anomalies
are created. The processed text instances are then spliced
into the same positions as the original ones, with a smooth
transition at the edges to avoid obvious visual anomalies.
Further, to ensure a balance between the learning difficulty
and a natural fusion between the original and processed re-
gions, we also propose to adaptively adjust the intensity of
jittering and the edge smoothing with rules, based on the
size of the target text. With the proposed adaptive intensity,
Texture Jitter can always produce satisfactory outputs with
minimized visual inconsistency. More details are given in
the appendix. The full implementation will be open-source.

Difference Aware Forensics
Motivation. Forensics models often suffer from significant
performance degradation on unseen forgeries (Zhou et al.
2023; Sun et al. 2023c). Typically in the era of generative AI,
advanced generative models are rapidly emerging and they
can edit the texts in images in ways that the forensics mod-
els have never seen during training. Therefore, constructing
a robust forensics model that can generalize across unseen
forgeries is critical for real-life scenarios.
Analysis. The performance degradation on unseen forgeries
is mostly caused by the training objective, a common binary
classification task (Perez-Cabo et al. 2019). As shown in the

Figure 4: The key idea of our DAF is to model the feature
difference rather than the input features themselves.

top left of Figure 4, during the training process, the models
simply learn the specific features for the seen authentic class
(blue circle) and the tampered class (yellow circle). When
text is tampered by an unseen text editing method, the edit-
ing styles are never seen before and thus the features of the
tampered text (red circle) are different from the seen ones.
Consequently, the classifier is confused by new features of
unseen forgeries, leading to poor performance.

Key idea. Although diverse text editing models will pro-
duce various tampering styles, the features extracted from
the real text should remain similar. Moreover, the features
of the tampered text can be regarded as anomalies since they
are different from those of the authentic text. Inspired by
this, we propose to model the difference between the input
feature and the authentic feature for text forensics, instead
of just relying on the individual input feature, as shown in
Figure 4. Both the seen and unseen forgery features can be
distinguished from the authentic feature, so that the confu-
sion caused by the unseen forgery can be alleviated.

Implementation. Specifically, we propose a novel frame-
work DAF, as shown in Figure 5. Our DAF builds on the
widely-used detection models (e.g., Faster R-CNN (Ren
et al. 2015)) by simply adding a forensics branch, and is
trained and tested in an E2E manner. The forensics branch
shares the same backbone model as the original detec-
tion head, and extracts features for real/fake classification
with an extra FPN network (Lin et al. 2017). This follows
the S3R (Wang et al. 2022), which performs text localiza-
tion and forensics with separate networks. In the forensics
branch, an authentic kernel is learned by pulling together the
features of authentic text and pushing away the features of
tampered text, which is supervised by L2 loss during train-
ing. More details are given in the appendix. The intuition
behind our design is that the authentic kernel is approx-
imately equivalent to the average of the features extracted
from the real texts in the training set, and it can be regarded
as the common representation for the real texts. For each
input image, the learned authentic kernel is modulated by
the global representation of the image with a linear layer to
adapt to the image style. We subtract between the modulated
authentic kernel and the RoI feature vectors. Finally, the sub-
tracted features are fed into the classifier for final prediction.
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Real Text Tampered Text AverageMethod IoU F IoU F mIoU mF
DeepLabV3+ (Chen et al. 2018) (full-shot) 48.1 65.0 72.2 83.7 60.2 74.4
HRNetv2 (Wang et al. 2020a) (full-shot) 43.3 60.4 73.1 84.5 58.2 72.4
BEiT-UPer (Bao et al. 2021) (full-shot) 57.1 72.7 70.9 83.0 64.0 77.8
SegFormer (Xie et al. 2021) (full-shot) 53.2 69.5 77.8 87.5 65.5 79.0
Swin-UPer (Liu et al. 2021) (full-shot) 61.8 76.4 77.3 87.2 69.6 81.8
UPOCR (Peng et al. 2023b) (full-shot) 71.8 83.6 71.6 83.5 71.7 83.5

Ours+Faster R-CNN (Ren et al. 2015) (zero-shot) 79.9 88.8 84.5 91.6 82.2 90.2
Ours+Cascade R-CNN (Cai and Vasconcelos 2018) (zero-shot) 79.1 88.3 84.3 91.5 81.7 89.9

Ours+Faster R-CNN (Ren et al. 2015) (full-shot) 82.9 90.6 89.5 94.4 86.2 92.5
Ours+Cascade R-CNN (Cai and Vasconcelos 2018) (full-shot) 79.4 88.5 90.0 94.7 84.7 91.6

Table 3: Comparison study on the Tampered-IC13 dataset, ’mIoU’ denotes mean IoU and ’mF’ denotes mean F1.

Real Text Tampered Text Avg.Method P R F P R F mF
S3R+EAST (Zhou et al. 2017) (full-shot) 50.5 27.3 35.5 70.2 70.0 69.9 52.7

S3R+PSENet (Wang et al. 2019a) (full-shot) 61.6 41.9 49.9 79.9 79.4 79.7 64.8
S3R+ATRR (Wang et al. 2019b) (full-shot) 76.7 54.6 63.8 84.6 90.6 87.5 75.7

S3R+CounterNet (Wang et al. 2020b) (full-shot) 77.9 54.8 64.3 86.7 91.5 89.0 76.7
DTD (Qu et al. 2023a) (full-shot) - - - 92.1 89.3 90.7 45.4
Ours+Faster R-CNN (zero-shot) 71.4 78.4 74.7 86.64 82.38 84.45 79.6

Ours+Cascade R-CNN (zero-shot) 75.6 76.1 75.9 88.44 81.56 84.86 80.4
Ours+Faster R-CNN (full-shot) 80.5 81.7 81.1 91.44 96.31 93.81 87.5

Ours+Cascade R-CNN (full-shot) 83.0 82.5 82.7 92.37 96.72 94.49 88.6

Table 4: Comparison study on the Tampered-IC13 dataset, ‘S3R‘ represents the method proposed in (Wang et al. 2022).

Ablation settings Performance
Num
ber

Pre-training Framework Base detector Mean F-score
COCO

Det
Text
Det Ours SCL DAF

(Ours)
Faster

R-CNN
Cascade
R-CNN

Real
text

Fake
text

Mean
score

(1) ✓ ✓ 59.92 34.82 47.37
(2) ✓ ✓ ✓ 63.38 37.66 50.52
(3) ✓ ✓ 71.34 45.78 58.56
(4) ✓ ✓ ✓ 72.66 48.01 60.34
(5) ✓ ✓ 74.87 71.96 73.41
(6) ✓ ✓ ✓ 75.26 72.32 73.79
(7) ✓ ✓ ✓ 75.98 73.66 74.82
(8) ✓ ✓ ✓ 76.74 74.96 75.85

Table 5: Ablation study on the OSTF dataset. ‘mP‘, ‘mR‘, ‘mF‘ denote mean precision, mean recall and mean F1-score respec-
tively. ‘SCL‘ denotes using single-center-loss (Li et al. 2021a) in training. ‘DAF‘ denotes our Difference-Aware Forensics.

Experiments

Implement Details We conduct experiments on both the
well-acknowledged Tampered-IC13 benchmark (Wang et al.
2022) and our proposed OSTF benchmark. We first pre-
train our model for 12 epochs with the proposed Texture
Jitter on the same training sets as UPOCR (Peng et al.
2023b), including LSVT (Sun et al. 2019), ReCTS (Zhang
et al. 2019), ICDAR2013 (Karatzas et al. 2013), IC-
DAR2015 (Karatzas et al. 2015), ICDAR2017 (Nayef et al.
2017), TextOCR (Singh et al. 2021), ArT (Chng et al. 2019).
The AdamW optimizer (Loshchilov and Hutter 2017) with a
learning rate initialized at 6e-5 and decaying to 1e-6 is used
in the experiments. We then fine-tune the model using also

the training sets of the Tampered-IC13 (Wang et al. 2022)
and the OSTF datasets respectively for 15k iterations with
a batch size of 8. We adopt Swin-Transformer (Small) (Liu
et al. 2021) as the backbone following previous work (Peng
et al. 2023b). The input image is resized to ensure that the
shortest edge ≤ 1024 and the longest edge ≤ 1536.

Evaluation Metric. For a fair comparison with the
segmentation-based methods, we convert the bounding box
predictions of our model into segmentation maps (detailed
in the appendix) and calculate the Precision (P), Recall (R)
and F1-score (F) at the pixel-level with the built-in functions
of mmsegmentation (Contributors 2020) following the pre-
vious works (Peng et al. 2023b). For a fair comparison with
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Figure 5: The proposed Difference-Aware Forensics (DAF).
It builds on two-stage detectors such as Faster R-CNN.

the detection-based methods, we adopt P, R, F calculated at
the instance-level with the official scripts provided by the
Tampered-IC13 (Wang et al. 2022). We use these detection-
based metrics for the ablation experiments.

Comparison Study
Comparison with segmentation models. We com-
pare the performance between our models and the
SOTA segmentation-based forensic models, including
DeepLabV3+ (Chen et al. 2018), HRNetV2 (Wang et al.
2020a), BEiT-UPer (Bao et al. 2021), SegFormer (Xie et al.
2021), Swin-UPer (Liu et al. 2021) and UPOCR (Peng
et al. 2023b). The comparison results on the Tampered-IC13
benchmark (Wang et al. 2022) are shown in Table 3. The
zero-shot variants of our models can even notably outper-
form the full-shot version of the previous SOTA model UP-
OCR by more than 10 points mIoU. The “zero-shot” repre-
sents our pre-trained model that has never seen any tampered
text used in fine-tuning. Its strong zero-shot generalization
ability is attributed to the effectiveness of our methods. Our
full-shot models achieve higher performance.
Comparison with detection models. We compare the
performance between our models and the SOTA detection-
based forensic models, including S3R+EAST (Zhou
et al. 2017), S3R+PSENet (Wang et al. 2019a),
S3R+ATRR (Wang et al. 2019b), S3R+CounterNet (Wang
et al. 2020b) and DTD (Qu et al. 2023a). As shown in Ta-
ble 4, the zero-shot variants of our models also outperform
the full-shot version of the state-of-the-art (SOTA) model by
about 3 points mean F-score. The full-shot variants of our
models further significantly outperform the state-of-the-art
model (e.g. the full-shot version of ‘Ours+Cascade R-CNN‘
achieves 88.62 mean F-score, about 12 points higher than
the SOTA of 76.66), demonstrating strong generalization.

Ablation Study
The ablation results on the OSFT dataset are shown in Ta-
ble 5, where the ‘mP‘, ‘mR‘, ‘mF‘ are calculated by averag-
ing the P, R, F of all the 81 test settings in the OSTF dataset.

In Table 5, settings (1), (3), (5) and (2), (4), (8) are
designed to verify the effectiveness of our Texture Jitter
paradigm. The model pre-trained with our Texture Jitter (set-
ting (5)) gets 71.96 mF-score on tampered text detection,
26.18 points higher than the baseline pre-trained with the

same training configuration but only with the common text
detection task (setting (3)), and even 37.14 points higher
than the baseline initialized with the official COCO detec-
tion pretrained weights (setting (1)). Similarly, huge im-
provement on Cascade R-CNN (Cai and Vasconcelos 2018)
can also be observed by comparing between settings (2),
(4), (8). This demonstrates the surprising effectiveness of the
proposed Texture Jitter. Settings (5), (6), (7) are designed to
verify the effectiveness of our DAF framework. By adding
single-center-loss (Li et al. 2021a) to setting (5), setting (6)
gets only tiny improvements. However, by equipping set-
ting (5) with our DAF framework, setting (7) achieves much
larger improvements. Setting (7) and setting (8) show that
our methods are robust to different base detectors, and that a
better base detector can mostly lead to better performance.

Discussion. Models have relatively worse open-set perfor-
mance when being tested on ‘STEFANN‘ and ‘TextOCR‘,
for the following reasons: (1) For STEFANN, there is a
huge difference in texture appearance between the output of
STEFANN and other editing methods. Texts edited by STE-
FANN have almost binary texture appearance, while texts
edited by other methods have richer and more realistic tex-
ture details (Figure 2). Therefore, generalization is much
more challenging. (2) For TextOCR, it has many tiny and
fuzzy texts that are challenging to detect. When models are
trained on other source data, they are adapted to big clear
text and thus have performance degradation on such tiny and
fuzzy texts. The tiny and fuzzy texts are also the main reason
for false positives in other subsets. Despite these challenges,
our proposed methods still significantly improve the perfor-
mance (e.g. 33.07 points improvement for ‘STEFANN‘ and
28.31 points improvement for ‘TextOCR‘ on average).

Conclusion

In the era of generative AI, this paper introduces a novel
task of open-set tampered scene text detection, designed
to meet the demands for generalized forensics analysis.
This task challenges forensics models with both seen and
previously unseen forgeries, aiming to thoroughly evaluate
their generalization. To facilitate this, we have manually de-
veloped a comprehensive high-quality benchmark, named
OSTF, which stands out by including text images tampered
by various editing models. Further, we introduce an inno-
vative pre-training paradigm, termed Texture Jitter, which
effectively mitigates the lack of high-quality training data
and significantly enhances the model capabilities in fine-
grained perception and open-set generalization. The pro-
posed Texture Jitter is the first fine-grained perception pre-
training paradigm, which differs from previous works that
are coarse-grained perception. To further enhance open-set
generalization, we also present a novel pluggable framework
DAF, which focuses on identifying the feature difference be-
tween authentic and tampered texts. This differs from previ-
ous works that rely only on the specific input features. Ex-
tensive experiments validate the effectiveness of our meth-
ods. With these advances, our work achieves a significant
step forward in the field of tampered text detection.
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