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Abstract

IFL (Image Forgery Location) helps secure digital media
forensics. However, many methods suffer from false detec-
tions (i.e., FPs) and inaccurate boundaries. In this paper,
we proposed the CatmullRom Splines-based Regression Net-
work (CSR-Net), which first rethinks the IFL task from the
perspective of regression to deal with this problem. Specifi-
cally speaking, we propose an adaptive CutmullRom splines
fitting scheme for coarse localization of the tampered regions.
Then, for false positive cases, we first develop a novel re-
scoring mechanism, which aims to filter out samples that can-
not have responses on both the classification branch and the
instance branch. Later on, to further restrict the boundaries,
we design a learnable texture extraction module, which re-
fines and enhances the contour representation by decoupling
the horizontal and vertical forgery features to extract a more
robust contour representation, thus suppressing FPs. Com-
pared to segmentation-based methods, our method is simple
but effective due to the unnecessity of post-processing. Exten-
sive experiments show the superiority of CSR-Net to existing
state-of-the-art methods, not only on standard natural image
datasets but also on social media datasets.

Introduction
Image Forgery Location (IFL), also known as image tam-
pering detection, refers to the task of detecting the location
of forged regions in a suspicious image. With the increasing
availability of digital image editing software, image forgery
has become a prevalent issue in various fields such as jour-
nalism, forensics, and biometrics.

However, IFL has not been adequately studied due to the
various techniques used to manipulate images, including re-
moval, splicing, and cloning. Furthermore, the forgers may
use carefully crafted tools to conceal the tampered regions
and make the detection more difficult. Therefore, the devel-
opment of accurate and efficient forgery localization algo-
rithms is crucial to address this issue, ensuring the integrity
and credibility of digital images in today’s world. Thanks
to the rapid development of deep learning in recent years,
many excellent methods have been introduced and continue
to drive the progress of the field (Wang et al. 2022; Hu et al.
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Figure 1: The categorization of existing methods applied
into IFL. Please zoom in for better visualization.

2020). However, due to the specific properties of forgery re-
gions such as large variance in color, texture, shape, etc.,
there are still mainly two challenging issues that haven’t
been addressed satisfactorily in Image Forgery Localization.

The first issue is false positives (FPs). False positives re-
fer to test results that indicate the presence of a satisfactory
target region when in reality it is not convincing. Traditional
segmentation-based methods often suffer from this situation
(as shown in Fig. 2). Binarization, an indispensable and deci-
sive strategy used in these methods, is a threshold-sensitive
task that directly determines the number of foreground re-
gion blocks. An unreasonable threshold value often leads
to the appearance of unexpected regions (i.e., false posi-
tive cases) in traditional segmentation methods. However,
many methods, when focusing on potentially tampered re-
gions, usually ignore the false alarm rate. This has negative
implications on the propagation of digital content, impact-
ing the profitability of relevant journalistic sources, which
constrains the development of assay results in a more con-
vincing direction.

The second issue is inaccurate boundaries. As shown in
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Figure 2: The illustration of FPs in traditional segmentation-
based methods.

the results displayed in Fig. 1 (a), traditional segmentation-
based methods suffer from inconsistent mask predictions be-
tween consecutive decoder layers, which leads to inconsis-
tent optimization goals and weak coupling of feature spaces.
On the other hand, the localization effect is also unsatisfac-
tory when the general regression method is directly intro-
duced to handle the task because the bounding boxes used
can only localize the target region in a quadrilateral fashion,
and often the target region appears mostly in irregular curves
(Fig. 1 (b) shows the localization effect of rotation detec-
tion (Li et al. 2022), where we use the minimum bounding
quadrilateral of the masked region as the Ground Truth). The
increasingly elaborate tampered image poses a greater chal-
lenge, as most methods do not constrain or explicitly model
forged region boundaries well, which can easily lead to the
blending of other targets or incompatible backgrounds in the
detection results.

Recently, some regression-based strategies have made
significant advances in false-positive determination in the
field of object detection (You et al. 2022; Li and Košecká
2022; Chen et al. 2023). Differing from object detection
tasks, IFL is a pixel-level task, which means that the direct-
ness of approach migration will bring performance degrada-
tion. To this end, some customized methods and processing
need to be introduced which could bridge these two tasks
effectively. Specifically, firstly, for the mask labeled GT, we
introduce CatmullRom splines to transform it into polygonal
frames, thus enabling regression strategies to be applied to
pixel-level tasks such as IFL. Meanwhile, during the training
and inference process, in order to make the polygonal label-
ing closer to the real label, adaptive parametric CatmullRom
splines method is proposed, which can minimize the similar-
ity gap between the predicted region and the Ground Truth
and for the curvature of the target region. secondly, to go
further and explicitly suppress false positives in the local-
ization results, we propose an effective re-scoring mecha-
nism: we directly reject false positives that do not receive a
response in both branches through two independent predic-
tion branches, each with a regional classification score and
an instance score. In addition, to get more accurate bound-
aries, we further refine the contours of the predicted regions
by decoupling horizontal texture features and vertical tex-
ture features for modeling the forged region boundaries and
reducing the overlap between them and other masks.

Our contributions can be summarized as three folds:
• We tailor a CatmullRom Splines-based Regression Net-

work (CSR-Net) to make the first attempt to introduce re-
gression methods into the pixel-level task (referring IFL

in this paper).
• To explicitly suppress the false positive samples and

to avoid unclear edges, we design two mutually com-
plementary and reinforcing components, i.e., Compre-
hensive Re-scoring Algorithm (CRA) to synthetically
evaluate the confidence score of each region as a tam-
pered region, while Vertical Texture-interactive Percep-
tion (VTP) is developed to control the generation of more
accurate region edges.

• Extensive experiments on multiple public datasets (in-
cluding natural image datasets and social media datasets)
demonstrate the superiority of our method compared to
state-of-the-art methods in IFL.

Related Work
Classic Methods in IFL
The prior art in IFL mainly relies on feature extraction
and matching techniques, e.g. color filter array (Ferrara
et al. 2012), photo-response non-uniformity noise (Chier-
chia et al. 2014), illumination (Carvalho et al. 2015),
JPEG artifacts (Iakovidou et al. 2018) and so on. Despite
the achievements, these methods often struggle with com-
plex forgery techniques or when the forged region is well-
blended into the background of the image. In recent years,
deep learning-based methods have shown great potential in
IFL. Many methods have been proposed to promote the
progress and development of this field. For instance, In (Liu
et al. 2022), Liu et al. proposed PSCC-Net, which uses a
two-path (top-down and bottom-up route) methodology to
analyze the image. A self-adversarial training strategy and
a reliable coarse-to-fine network (Zhuo et al. 2022) is de-
signed which utilizes a self-attention mechanism to localize
forged regions in forgery images. However, these methods
are all conducted from the point of segmentation, an un-
learnable hyperparameter needs to be predefined for the bi-
narization of different regions, limiting the method’s further
development.

Regression Based Methods
Regression-based methods have been widely used (Savran,
Sankur, and Bilge 2012; Xia et al. 2021) in computer vi-
sion, particularly in tasks such as object detection (Car-
ion et al. 2020) and localization (Choe et al. 2020). Over
the years, various algorithms were proposed such as Fast R-
CNN (Girshick 2015), YOLO (Redmon and Farhadi 2018)
and Diffusion-Det (Chen et al. 2022). Some improved al-
gorithms can adapt quickly to more complex scenes, such
as solving false-positive samples (You et al. 2022) caused
by uneven sample segmentation in 3D scenes through detec-
tion frames. In certain scenarios where quadrilateral regions
cannot be detected, some parametric curves have been in-
troduced to solve the regression problem. This mechanism
is achieved through an interpolation spline or an approx-
imation spline function. For example, gesture recognition
uses a customized way to fit points to Bezier curves with
constant memory usage, while B-splines are used to detect
lane markings and regress their 3D location (Pittner, Con-
durache, and Janai 2023). In this paper, we show how to
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tailor a customized CatmullRom detection for IFL and find
that reasonable parameter values can significantly improve
the model fit. Our results demonstrate that a proper balance
of the tension factor (τ ) can help improve the characteriza-
tion performance of the CatmullRom splines, emphasizing
the importance of flexible parameter adjustment in practical
applications.

Method
Overview
Fig. 3 is an overview of our framework. The input image is
represented as X ∈ RH×W×3. First, we use FPN embedded
with ResNet-50 as the backbone network to conduct Catmull
spline detection. More specifically, our approach utilizes a
parameterization method based on CatmullRom splines to
fit the target segmentation area adaptively (orange part). Fol-
lowing (Chen et al. 2017), we adopt atrous spatial pyra-
mid pooling (ASPP) together with ResNet-50 to capture the
long-range contextual information and multi-scale features.
This anchor-free convolutional neural network significantly
simplifies the detection for our task and also allows us to
obtain a coarse feature map. Later on, we use a re-scoring
mechanism (CRA) to filter out the false positive samples for
suspicious regions highlighted on the coarse feature maps
(blue part). Finally, we perform texture extraction (by VTP)
on the regions from both horizontal and vertical directions
simultaneously in anticipation of obtaining more accurate
boundaries (green part). Note that each tampered region re-
served will be processed by VTP independently.

CatmullRom Splines Detection
Most traditional methods use the idea of segmentation-

based in IFL (Liu et al. 2022; Wang et al. 2023; Wu,
AbdAlmageed, and Natarajan 2019; Li et al. 2023). How-
ever, regression-based methods tend to be a more efficient
approach when dealing with such mask or polygon-based
datasets, e.g. (Liu et al. 2019; Pranav, Zhenggang et al.
2020; Zhang et al. 2022). In general, mainstream regression-
based methods require complex processing to fit the instance
boundaries, which leads to unreliability and instability in
practice. In recent years, spline curves have been used in
computer graphics applications to generate curves of vari-
ous shapes. For example, automatic driving lane lines (Ma
et al. 2019; Yu and Chen 2017), text detection (Liu et al.
2020; Tang et al. 2022; Nguyen et al. 2021), Fault detection
(Park et al. 2011; Guo and Wang 2005), etc. Among them,
CatmullRom spline function is a classic interpolating spline,
which is suitable for parameterization of tampered regions
due to its fitting effect and inference cost (Chandra 2020; Li
2022).

Specifically, CatmullRom splines are a family of cubic in-
terpolating splines formulated such that the tangent at each
point Pi is calculated using the previous and next point on
the spline. Under the given control points, there are varia-
tions of CatmullRom spline functions that can be adapted
to any shape desired (Li and Chen 2016; Li, Liu, and Liu
2022). In addition, only integer coefficients are involved
in constructing a cubic CatmullRom spline function which

reduces the implementation cost when compared to other
spline functions. All these properties mentioned above con-
tribute to the faster inference speed and lower calculation
consumption (Flops).

Mathematically, CatmullRom spline is defined as Eq. 1:

ci(t) =
3∑

j=0

bj(t)pi+j , i = 0, 1, . . . , n− 3 (1)

where 0 ≤ t ≤ 1, pi(i = 0, 1, . . . , n − 3;n ≥ 3) are
control points, bj(t) is the basis. For example, it can be ex-
pressed by Eq. 2 when the highest power of t in the function
bj(t) is 3:

ci(t) =
1
2 ·
[
1 t t2 t3

]
· 0 2 0 0

−τ 0 τ 0
2τ τ − 6 −2(τ − 3) −τ
−τ 4− τ τ − 4 τ

 ·

 pi
pi+1
pi+2
pi+3

 (2)

In order to reconcile arbitrary shapes of the tampered re-
gions with CatmullRom splines, we thoroughly studied ori-
ented or curved tampered from existing datasets and the au-
thentic images. In CatmullRom splines, τ (tension factor) is
an important parameter that is used to control the tightness
of the splines. A higher value of the tension factor will cause
the curve to bend more tightly between the control points,
thus fitting closer to the given data points during the fitting
process. Conversely, lower values of the tension factor will
cause the curve to be smoother between the control points.
Intuitively, the conventional CatmullRom spline (parameter
τ=1) is a poor fit for the IFL task directly, so we sought
to find the right balance between fitting accuracy and curve
smoothness by adjusting τ . Ablation experiments (In the ab-
lation analysis part) show that CatmullRom splines can be
reliable for this task when τ is set to 16. It also allows the
learned control points to be closer to the foreground (tam-
pered) area.

CatmullRom Ground Truth Generation
In IFL, many benchmarks use Mask or polygon-based

datasets as public datasets (Dong, Wang, and Tan 2013; Hsu
and Chang 2006; Alibaba 2021/2022). Given the annotated
points {pi}ni=1 from the curved boundary where pi repre-
sents the i − th annotating point, the main goal is to obtain
the optimal parameters for CatmullRom splines c(t) in Eq.
1. To achieve this, we can simply apply the standard least
square method, as shown in Eq. 3:

p03t0
· · · p33t0

p03t1
· · · p33t1

.

.

.
. . .

.

.

.
p03tm

· · · p33tm




cx0
cy0

cx1 cy1
cx2

cy2
cx3

cy3

 =


Px0

Py0
Px1

Py1

.

.

.
.
.
.

Pxm Pym

 (3)

where m represents the number of annotated points for
a curved boundary. while t is calculated by using the ratio
of the cumulative length to the perimeter of the polyline.
pij can be refered from Eq. 1, and we use Pi represents the
new coordinate points after the transformation. According to
Eq. 1 and Eq. 3, we convert the original masked annotation
to a parameterized CatmullRom spline. Illustration can be
referred from Fig. 4.
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Figure 3: Overall of our proposed CSR-Net. The top part is our pipeline, which takes a suspicious image (H×W×3) as input,
and the output is the predicted mask (H×W×1, the tampered regions). Formally, an uncertain number of potential regions will
be obtained after CRA processing, and VTP will refine each region independently. The bottom parts are details of each module.

Comprehensive Re-scoring Algorithm
The fundamental mechanism behind Mask R-CNN is to

treat the classification confidence of the resulting bound-
ing boxes as scores, and then a predetermined threshold
is used to filter out the background boxes. However, de-
spite the advances, when bounding boxes contain an obvi-
ously incompatible region instance, it is accompanied by
a large amount of background information, and Mask R-
CNN often filters out such low-score true positives, while
it retains some FPs with relatively high confidence in con-
trast. Therefore, we re-assign scores for each region in-
stance. Specifically speaking, the comprehensive score of re-
gion instance is composed of two parts: classification score
(CLS) and instance score (INS). Mathematically, the com-
prehensive score for the i−th proposal, given the predicted
n-class scores CLS =

{
sclsij | j ∈ [0, · · · , n− 1]

}
and INS ={

sinsij | j ∈ [0, · · · , n− 1]
}

is computed via the customized
softmax function: Eq. 4 .

sij =
es

cls
ij +sins

ij∑n−1
l=0 es

cls
il +sins

il

(4)

In our work, we adopt n = 2, where the two classes repre-

Figure 4: An example of Cubic CatmullRom splines. Note
that with only two end-points c1 and c5 the CatmullRom
spline degenerates to a straight line.

sent tampered (foreground) and authentic (background) re-
gions. Therefore, we only need to calculate the score for the
foreground class. CLS is directly obtained by a classifica-
tion branch similar to Mask R-CNN, and INS is the activa-
tion value of the region instance on the global region seg-
mentation map. In detail, it is projected onto a tampered re-
gion segmentation map for each region instance, containing
Pi =

{
p1i , p

2
i . . . p

n
i

}
, and the mean of Pi in the region in-

stance area can be formulated as:

sinsi1 =

∑
j p

j
i

N
(5)

where Pi is the set of the pixels’ value of i−th region in-
stance on region segmentation map. The classification score
is organically integrated with the instance score to get the
comprehensive score, which can reduce the FP confidence in
practice. This is because FPs tend to have weaker responses
than regions on the segmentation map.

Experiments results in the following show that our design
is more friendly for splicing cases because the splicing cases
usually enjoy a stronger response on the segmentation map,
a high instance score will compensate for a low classification
score.

Vertical Texture-interactive Perception
Traditional edge detection operators (e.g. Sobel, Roberts,

Prewitt, etc.) help to extract handcrafted features on natural
image processing tasks, while the biggest drawback is that
they cannot learn dynamically according to the specificity
of the task. Inspired by (Holla and Lee 2022), we adopt
an edge detection operator into a learnable module coined
Sobel layer, see Fig. 5. Furthermore, for better modeling
of tampered area boundaries, we introduce Vertical Texture-
interactive Perception (VTP) into our network. In VTP, tam-
pered region is represented with a set of contour points,
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Figure 5: Diagrams of Sobel layer, used in VTP for enhanc-
ing edge-related patterns and manipulation edge detection.
Features from the i-th block first go through the Sobel Unit
(SU) followed by an Edge Residual Unit (ERU). For train-
ing and optimization reasons, a residual learning strategy is
introduced.

these points containing strong texture characteristics can ac-
curately localize tampered regions with arbitrary shapes.

See them all: there are two core parallel branches in VTP,
in the top branch, we introduce a convolutional kernel with
size 1 × k sliding over the feature maps to model the local
texture information in the horizontal direction, which only
focuses on the texture characteristics in a k-range region.
This flexible trick is proved to be simple but works a lot
through our pre-experiments. Moreover, It is nearly cost-free
while maintaining competitive efficiency at the same time.
Through a similar paradigm, the bottom branch is conducted
to model the texture characteristics in the vertical direction
through a convolutional kernel with size k× 1. k is a hyper-
parameter to control the size of the receptive field of texture
characteristics. In the actual experiment, we take k = 3.
Finally, two independent sigmoid layers are involved to nor-
malize the heatmaps to [0, 1] in both directions. In this way,
tampered regions can be detected in two orthogonal direc-
tions and represented with contour points in two different
heatmaps, either of which only responds to texture charac-
teristics in a certain direction.

As false positive predictions can be effectively suppressed
by considering the response value in both orthogonal direc-
tions, two heatmaps from VTP are further processed through
Point Re-scoring Algorithm. Concretely, points in different
heatmaps are first processed through NMS to achieve a tight
representation. Then, to suppress the predictions with strong
unidirectional or weakly orthogonal responses, we only se-
lect the points with distinct responses in both heatmaps as
candidates. Finally, the tampered region can be represented
with a polygon made up of these high-quality contour points.

Optimization
As described above, our network includes multi-task. There-
fore, we calculate the loss function for the following compo-
nents:

L = Lrpn + λ1 · Lcls + λ2 · Lmask + λ3 · Lgts + λ4 · LCR

(6)

where Lrpn , Lcls and Lmask are the standard loss derived
from Mask R-CNN. The Lgts is used to optimize tampered
region detection, defined as:

Lgts =
1

N

∑
i

− log

(
epi∑
j e

pj

)
(7)

The Lgts is Softmax loss, where p is the output prediction
of the network.

The LCR is used to optimize the fit of CatmullRom spline
detection, defined as:

LCR = Lctr + Lbias (8)

The Lctr and Lbias are all FCOS loss (Tian et al. 2019).
The former is used to optimize distance loss from the center
of CatmullRom control points, while the offset distance of
these control points from the center is constrained by the
latter.

Experiment
Experimental Setup
Pre-training Data We create a sizable image tampering
dataset and use it to pre-train our model. This dataset in-
cludes three categories: 1) splicing, 2) copy-move, and 3)
removal.

Testing Datasets Following (Wang et al. 2022; Hu et al.
2020), we evaluate our model on CASIA (Dong, Wang,
and Tan 2013), Columbia (Hsu and Chang 2006), NIST16
(Guan et al. 2019), COVER (Wen et al. 2016).

Evaluation Metrics To quantify the localization perfor-
mance, following previous works (Hu et al. 2020), we use
pixel-level Area Under Curve (AUC) and F1 score on ma-
nipulation masks. Since binary masks are required to com-
pute F1 scores, we adopt the Equal Error Rate (EER) thresh-
old to binarize them.

Implementation Details The input images are resized to
512 × 512. In this work, the backbone network is ResNet-
50, pre-trained on ImageNet. Implemented by PyTorch, our
model is trained with GeForce GTX 3090, using Adam as
the optimizer.

Comparison with the SOTA Methods
Following classic methods (Hu et al. 2020; Wang et al.
2022), our model is compared with other state-of-the-art
tampering localization methods under two settings: 1) train-
ing on the synthetic dataset and evaluating the full test
datasets, and 2) fine-tuning the pre-trained model on the
training split of test datasets and evaluating on their test split.
The pre-trained model will demonstrate each method’s gen-
eralizability, and the fine-tuned model will demonstrate how
well each method performs locally once the domain discrep-
ancy has been significantly reduced.

Pre-trained Model Tab. 1 shows the localization per-
formance of pre-trained models for different SOTA meth-
ods on five datasets under pixel-level AUC. Our CSR-Net
achieves the best localization performance on Coverage,
CASIA, NIST16 and IMD20, ranking second on Columbia.
Especially, It achieves 94.4% on the copy-move dataset
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Figure 6: Visualization of the predicted manipulation mask by different methods. From left to right, we show forged images,
predictions of ManTra-Net, SPAN, PSCCNet, TruFor, Ours and GT masks.

Method Data Columbia Coverage CASIA NIST16 IMD20

SPAN 96k 93.6 92.2 79.7 84.0 75.0
TruFor 100k 97.7 85.4 83.3 83.9 81.8

PSCCNet 100k 98.2 84.7 82.9 85.5 80.6
ObjectFormer 62K 95.5 92.8 84.3 87.2 82.1
ManTraNet 64K 82.4 81.9 81.7 79.5 74.8

Ours 60K 96.8 94.3 88.1 88.3 85.4

Table 1: Comparisons of manipulation localization AUC (%)
scores of different pre-trained models.

(COVER), whose image forgery regions are indistinguish-
able from the background. This validates our model owns
the superior ability to suppress the FPs and generate more
accurate edges. Yet, we fail to achieve the best performance
on Columbia, with a gap of 1.4 % AUC score lower than that
of PSCCNet. We conjecture that the explanation may be the
distribution of their synthesized training data closely resem-
bles that of the Columbia dataset. This is further supported
by the results in Tab. 2, which shows that CSR-Net performs
better than PSCCNet in terms of both AUC and F1 scores.
Furthermore, it is worth pointing out that we achieve decent
results with less pre-training data.

Fine-tuned Model The network weights of the pre-
trained model are used to initiate the fine-tuned models that
will be trained on the training split of Coverage, CASIA, and
NIST16 datasets, respectively. We evaluate the fine-tuned
models of different methods in Tab. 2. As for AUC and F1,
our model achieves significant performance gains. This vali-
dates that the CRA module effectively suppresses false pos-
itive cases and improves the accuracy of predicted region

Methods Coverage CASIA NIST16
AUC F1 AUC F1 AUC F1

J-LSTM 61.4 - - - 76.4 -
H-LSTM 71.2 - - - 79.4 -

SPAN 93.7 55.8 83.8 38.2 96.1 58.2
PSCCNet 94.1 72.3 87.5 55.4 99.1 74.2

ObjectFormer 95.7 75.8 88.2 57.9 99.6 82.4
RGB-N 81.7 43.7 79.5 40.8 93.7 72.2

Ours 97.9 78.0 90.4 58.5 99.7 83.5

Table 2: Comparison of manipulation localization results us-
ing fine-tuned models.

locations and boundaries by VTP.
After synthesizing the data in Tab. 1 and 2, our approach

proves that introducing regression methods for pixel-level
tasks is effective as expected which is mentioned in the In-
troduction.

Ablation Analysis
In this section, we conduct experiments to demonstrate

the effectiveness of our proposed method CSR-Net. For-
mally, the CatmullRom Splines-based Regression (CSR)
is introduced to better describe the tampered region com-
pared to traditional regression methods. Comprehensive Re-
scoring Algorithm (CRA) aims to choose expected regions
with high classification scores as well as superior instance
scores, while Vertical Texture-interactive Perception (VTP)
is used to model texture features both horizontally and verti-
cally to refine the target region. To further evaluate the effec-
tiveness of CSR, CRA, and VTP, we remove them separately
and verify the forgery localization performance on CASIA
and NIST16 datasets. Tab. 3 shows the quantitative results.
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Figure 7: L2 distance with different value of τ . We show the
results through the format of ”dataset/label”, for example,
RIFL21/Mask-level means the average distance of control
points in RIFL21 from the Ground Truth with Mask-level.

The baseline (I) denotes that we only use the traditional re-
gression method (Li et al. 2022). In the following ablation
experiments, we can infer that the F1 scores decrease by 1.9
% on CASIA and 1.7 % on NIST16 when VTP is not in-
volved. While without CRA, the AUC scores decrease more
compared to (IV). Yet, when CRA is not available, signifi-
cant performance degradation in (II), i.e., 12.3% in terms of
AUC and 11.2% in terms of F1 on CASIA can be observed.

Index Variants CASIA NIST16
AUC F1 AUC F1

I Baseline 68.5 35.3 75.9 51.2
II w/o CSR 78.1 47.6 86.1 62.1
III w/o CRA 86.3 55.5 95.9 78.8
IV w/o VTP 88.9 56.9 97.8 81.8
V Ours 90.4 58.8 99.7 83.5

Table 3: Ablation results on CASIA and NIST16 dataset us-
ing different variants of CSR-Net. AUC and F1 scores (%)
are reported.

In Fig. 7, we represent the different values of parame-
ters τ in CatmullRom Ground Truth Generation to validate
the respective prediction effects over natural image dataset
(i.e., CASIA) and social media dataset (i.e., RIFL21). In-
tuitively, as the τ gradually increases, the Euclidean dis-
tance between the fitted CatmullRom control points and the
Ground Truth with mask-level in different datasets gradu-
ally decreases, showing a better fit. However, when τ ex-
ceeds 16, the Euclidean distance instead shows a tendency
to expand, implying that the fitting effect may appear to de-
crease. Clearly, τ = 16 is an excellent choice to generate the
optimal CatmullRom-based Ground Truth.

Visualization Results
Qualitative results. We provide predicted forgery masks of
different methods in Fig. 6. Since the source code of Object-
Former (Wang et al. 2022) is not available, their predictions
are not available. Compared with the state-of-the-art meth-
ods, our CSR-Net achieves better performance, both in terms
of suppressing false positives and in more accurate tampered

region boundaries. We have reason to believe that the im-
provement benefits from the CRA and VTP. CRA is able
to consider each possible area more comprehensively and
determine the subtle differences between tampered and au-
thentic regions, while VTP models texture boundaries from
two orthogonal approaches simultaneously to accurately de-
scribe the target regions.
Different splines-based regression. There are many types
of interpolation functions, classical ones such as Catmull-
Rom splines and Bezier curves, the former is an interpo-
lation spline function, which precisely interpolates a set of
known data points by using a series of nodes, while the latter
is an approximation spline function, which approximates a
set of data points by using nodes. Datasets for IFL are pro-
duced from natural images and social media, and the tam-
pered regions share different shapes. Through comparison
experiments, we found that CutmullRom splines are more
suitable for datasets with diverse curvature (e.g., IFL), while
Bezier curve-based methods are sometimes susceptible to
interference from other targets. For more details, please fol-
low Fig. 8.

Figure 8: Visualization of the results by different splines-
based regression. From left to right, we show forged im-
ages, results of different splines-based regression (The left
side shows the confidence score, while the right side is the
predicted manipulation mask), GT masks. Due to the space
limitation, please zoom in for better visualization.

Conclusion
In this paper, we elaborately design a customized Catmull-
Rom Splines-based Regression Network (CSR-Net) for IFL,
which first attempts to introduce regression methods into
the pixel-level (IFL in this paper). In detail, in contrast to
traditional detection methods that rely on bounding boxes,
we first introduce the CatmullRom fitting technique, which
adapts contour modeling for control points in the target re-
gion, thereby achieving more accurate and efficient localiza-
tion of tampered regions. Then, to suppress the FPs, Com-
prehensive Re-scoring Algorithm (CRA) is designed to filter
the exact tampered region with classification score and in-
stance score. Moreover, we proposed a learnable region tex-
ture extraction module named Vertical Texture-interactive
Perception (VTP) to further refine the edges. Thus the CSR-
Net can perceive all tampered regions without nearly FPs
and achieve accurate localization. Extensive experiments
show the superiority of CSR-Net to existing state-of-the-art
approaches, not only on natural image datasets but also on
social media datasets.
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