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Abstract

Most techniques approach the problem of image forgery lo-
calization as a binary segmentation task, training neural net-
works to label original areas as 0 and forged areas as 1. In
contrast, we tackle this issue from a more fundamental per-
spective by partitioning images according to their originating
sources. To this end, we propose Segment Any Forged Image
Region (SAFIRE), which solves forgery localization using
point prompting. Each point on an image is used to segment
the source region containing itself. This allows us to partition
images into multiple source regions, a capability achieved for
the first time. Additionally, rather than memorizing certain
forgery traces, SAFIRE naturally focuses on uniform char-
acteristics within each source region. This approach leads to
more stable and effective learning, achieving superior perfor-
mance in both the new task and the traditional binary forgery
localization.

Code & Data — https://github.com/mjkwon2021/SAFIRI
Extended version — https://arxiv.org/abs/2412.08197

Introduction

In the era of artificial intelligence (Al), the proliferation of
image editing software (Fu et al. 2023; Yu et al. 2023) and
sophisticated generative models (Rombach et al. 2022; Ho,
Jain, and Abbeel 2020) has made image forgery more acces-
sible and more challenging to detect than ever before (Lin
et al. 2024). The ease of image manipulation critically af-
fects areas where the integrity of visual information is cru-
cial, including the spread of fake news in journalism, the
use of counterfeit evidence in law enforcement, and the
presence of fabricated microscopy images in biomedical re-
search (Verdoliva 2020; Sabir et al. 2021). Therefore, de-
tecting and precisely localizing forgeries within an image is
crucial for maintaining trust in digital media.

Currently, most image forensics methods address the
problem of image forgery localization (IFL) through bi-
nary segmentation (Guillaro et al. 2023; Kwon et al. 2022;
Liu et al. 2022; Dong et al. 2022; Hu et al. 2020; Wu et al.
2022; Zhou et al. 2023a; Ji et al. 2023a; Sun et al. 2023).
That is, within an image, regions that remain unchanged
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Figure 1: The forged image is composed of three source re-
gions. Previous methods are limited to binary prediction —
segmenting forged regions. In contrast, our SAFIRE is also
capable of multi-source prediction — distinguishing regions
that originate from the same source images.

from the camera capture are labeled as 0, and regions that
have been manipulated are labeled as 1, to train deep neural
networks.

Instead, we view the IFL from a more fundamental per-
spective of partitioning an image into distinct regions based
on their origins. In this context, we define these distinct re-
gions as source regions, which are distinct segments of an
image that have been independently captured, Al-generated,
or manipulated (Fig. 1).

From this perspective, we propose Segment Any Forged
Image Region (SAFIRE), a novel point prompt-based IFL
method designed to precisely partition images into regions
based on their original sources. SAFIRE employs point
prompting, where each point on an image segments the area
that shares the same source (Fig. 2).

To achieve this, we capitalize on the Segment Anything
Model (SAM)’s (Kirillov et al. 2023) point prompting ca-
pability with several differences compared to the original
SAM. First, SAFIRE segments a source region containing
the given point whereas SAM segments any meaningful
chunk around the point. Second, while SAM deals with am-
biguous ground truths, SAFIRE has a clear ground truth,
where all points on one source region share the same answer.
Third, SAFIRE generates and uses point prompts internally,
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Figure 2: Overview of how SAFIRE conducts IFL. An im-
age along with point prompts are input into the model. The
model segments the source region containing each point, and
these results are combined to produce the final output

so there is no need for manual input to designate points.

The SAFIRE framework consists of pretraining, train-
ing, and inference phases. In the pretraining phase, source
region-based contrastive learning is applied to enhance the
feature extraction ability of the image encoder. In the train-
ing phase, the model is trained to segment the source region
corresponding to a given point prompt. Although the model
can be trained using forgery datasets with only binary labels,
it can perform multi-source prediction. During inference, a
grid of points generates multiple masks, which are then com-
bined to produce the final source partitioning result.

SAFIRE is the first method capable of distinguishing each
source when an image has been forged twice or more, re-
sulting in three or more sources. Differentiating each source
provides a better explanation of the manipulated image than
simply locating forged pixels. Additionally, it facilitates sub-
sequent analysis, such as provenance filtering, which in-
volves retrieving the donor image for each source region in
a set of candidate images (Pinto et al. 2017; Moreira et al.
2018; Verdoliva 2020). Therefore, multi-source partitioning
is particularly beneficial for image forensics in real-world
scenarios where multiple manipulations are common.

Furthermore, the novel prompting enables SAFIRE to
learn effectively by considering the interchangeable nature
of authentic and tampered regions, a characteristic we re-
fer to as label agnosticity in IFL. Tampered areas often lack
common traces and are simply different sources within the
image compared to authentic areas (Huh et al. 2018). Con-
sequently, attempts to memorize forgery traces lead to con-
fusion and result in unstable learning. In contrast, SAFIRE
uses points as references to learn the uniform characteris-
tics of each source region, rather than memorizing forgery
traces. This approach results in stable and effective learning,
achieving high performance in both traditional binary IFL
and new source partitioning tasks.

As the first paper to solve IFL through multi-source parti-
tioning, we have created a dataset, SafireMS, composed of
multi-source images to promote further research in this area.
We plan to make it publicly available.

Our primary contributions can be summarized as follows:

* We introduce a new IFL task that partitions forged im-
ages by each originating source. It helps in understanding
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the composition of the forged image and makes further
analysis easier.

* We propose SAFIRE, a novel IFL method that uses point
prompting internally. It is the first technique capable of
multi-source partitioning, yet it can be trained using tra-
ditional binary datasets.

» Extensive experiments show that SAFIRE demonstrates
top performance in both the traditional binary IFL and
the new task.

» To facilitate the research on the new task, we construct
and release a forgery dataset containing images com-
posed of multiple sources.

Related Work
Image Forgery Localization

Effective extraction of forensic clues is essential in IFL. This
often involves determining which forensic fingerprints to
be utilized. These artifacts, often low-level and inconspic-
uous, include local CFA artifacts (Bammey, Gioi, and Morel
2020), edge information (Dong et al. 2022; Li et al. 2023),
JPEG compression artifacts (Kwon et al. 2021, 2022),
unique traces left by different camera models (Guillaro et al.
2023), and explicitly enhanced noise (Zhu et al. 2024).

Designing network architectures specifically tailored for
forensics is another key component in solving IFL. This
includes the application of steganalysis filter (Zhou et al.
2018), various low-level filters and anomaly-enhancing
pooling (Wu, AbdAlmageed, and Natarajan 2019), utilizing
both top-down and bottom-up paths (Liu et al. 2022), and
efficient modeling of internal relationships using Transform-
ers (Hu et al. 2020; Hao et al. 2021; Wang et al. 2022; Zeng
et al. 2024).

Learning the common characteristics of an image and us-
ing consistency as a criterion is also a viable approach. The
pioneering study (Huh et al. 2018) trains a model using self-
supervised learning to determine if two image patches have
the same EXIF metadata and uses clustering to check con-
sistency. Subsequent research has utilized the consistency of
camera model fingerprints (Cozzolino and Verdoliva 2019)
or employed various contrastive learning techniques to uti-
lize consistent features (Zhou et al. 2023a; Wu, Chen, and
Zhou 2023; Niloy, Bhaumik, and Woo 2023).

Our method aligns with this research trend of using con-
sistency but stands out in several key ways. Firstly, we
employ a symmetric pretraining approach that focuses on
source regions without distinguishing between authentic and
tampered areas. Secondly, we use point prompting, which
enables multi-source partitioning and addresses label agnos-
ticity. Lastly, clustering is performed at the prediction map
level, rather than on all patch pairs or individual pixels.

Segment Anything Model

Foundation models have first emerged in the field of Natu-
ral Language Processing (NLP), which is pretrained on large
datasets and then fine-tuned across a variety of sub-tasks or
domains for specific applications (Bommasani et al. 2021).
These NLP-based foundation models have demonstrated



breakthrough performance in natural language understand-
ing and generation tasks. Their impact has expanded to other
Al domains, including computer vision and speech recogni-
tion, leading to models like CLIP (Radford et al. 2021) and
wav2vec 2.0 (Baevski et al. 2020).

Recently, Meta Al introduced SAM (Kirillov et al. 2023)
as the first foundation model for image segmentation. As a
prompt-based model, SAM accepts point prompts, bounding
boxes, and masks. Furthermore, its design allows for inte-
gration with other models to handle text prompts, enabling
flexible integration with other systems. SAM has been fine-
tuned and applied to various domains such as polyp segmen-
tation (Li, Hu, and Yang 2023; Zhou et al. 2023b), camou-
flaged object detection (Tang, Xiao, and Li 2023), and oth-
ers (Ji et al. 2023b), with related research publications keep
emerging.

SAM in IFL. Very recently, there have been a few at-
tempts to use SAM in IFL techniques. One approach (Su,
Tan, and Huang 2024) constructs an IFL model by adding
an SRM filter (Zhou et al. 2018) to SAM. It completely
removes the prompt encoder, essentially using SAM as a
modern segmentation backbone. Another study (Karageor-
giou, Kordopatis-Zilos, and Papadopoulos 2024) fuses vari-
ous signals using attention, and to assist with this attention,
it employs a pretrained and frozen SAM for instance seg-
mentation.

In summary, previous studies have primarily used SAM
either as a backbone or solely to obtain segmentation
masks. These approaches neglect SAM’s most significant
feature—its promptable capability—and fail to fully lever-
age its potential. Meanwhile, we pioneer the application
of promptable segmentation models for partitioning images
into source regions. By using SAM-based point prompts, we
enable each point to serve as a reference, segmenting the
source region that contains it. Moreover, inspired by SAM’s
automatic mask generation process, we propose an inference
technique that involves placing points on the image in a grid
pattern and aggregating the results. This approach enables,
for the first time, multi-source partitioning.

Method

Overview

The core methodology we propose, the SAFIRE framework,
refers to the pretraining, training, and inference processes
for IFL. The neural network used within this framework is
termed the SAFIRE model, which does not require a specific
structure and can be freely modified. In this paper, we utilize
a slightly altered structure from SAM, adding only adapter
layers to the image encoder for enhancing the model’s ca-
pability to extract forensics features by utilizing low-level
signals (outlined in Fig. 2 and detailed in Appendix). It con-
sists of an image encoder E(-), prompt encoder F'(-), and
mask decoder D(-,-). The model takes an image I and a
point prompt P as inputs and outputs a prediction map X
and confidence score s for the source region that includes
the point.

The upcoming sections will delve into a detailed explana-
tion of the SAFIRE framework. Initially, for effective source
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Figure 3: Pretraining. Features originating from the same
source region become closer in the feature space, while those
from different source regions move apart, enabling the im-
age encoder to learn information that distinguishes source
regions.

image partitioning, the image encoder is pretrained through
region-to-region contrastive learning. Subsequently, in the
main training phase, the model is trained on source region
segmentation using point prompts. In the final inference
stage, multiple points are fed into the model in a grid for-
mation, and all the results are aggregated to obtain the final
prediction heatmap.

Pretraining: Region-to-Region Contrastive
Learning

We propose Region-to-Region Contrastive Learning to
pretrain the image encoder for effective source region par-
titioning (Fig. 3). This approach aims to have embeddings
from the same source region close together in the feature
space, while those from different source regions are dis-
tanced, when an image consists of two or more sources.

Leveraging the proven effectiveness of the InfoNCE loss
in contrastive learning (Oord, Li, and Vinyals 2018), we de-
fine our loss function as follows. Let I € R3*>W be an in-
put image composed of r sources, E(-) the image encoder,
and £ = E(I) € RV*®*% the image embeddings with
downsampling ratio K. With a slight abuse of notation, we
treat £ as a set of V-dimensional image embeddings. Then
there are 2 x Y embeddings ¢ € RY in £. We also let
{&;};_, be the partition of £ which corresponds to source
regions in I.

Then we define the region-to-region contrastive loss
LRrog as:

) (D

Lron = ‘?1‘ 33 infoNCE(0. EN(T.E\E), @)

i=1q€EE;

exp (1F)
oxp (£F) + ey exp (457)

InfoNCE(q,p, N) = —log <

where 7 is a hyperparameter called temperature, | - | returns
the number of elements and - returns the average over all
elements.

Before the image passes through the image encoder,
global post-processing such as various blurring, noise ad-
dition, or contrast changes are probabilistically applied to it.
By doing so, we expect the image encoder to become robust
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Figure 4: Training. The adapter and mask decoder are
trained to segment the source region that includes the given
point effectively. Furthermore, it is trained to output a confi-
dence score of this prediction map for inference purposes.
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to global common variations and focus more on fine local
distinctions.

Given the large size of the image encoder, we have deter-
mined that the currently available public forgery datasets are
insufficient in scale and noisy. Therefore, we generate and
use a large-scale noise-free dataset, SafireMS-Auto. More
in Appendix.

Training: Source Region Segmentation Using Point
Prompts

Upon completion of the image encoder pretraining, the
SAFIRE model undergoes the main training to accurately
segment the source region in response to the specified point
prompt (Fig. 4). Both the image encoder and prompt encoder
are frozen: the image encoder in its pretrained state and the
prompt encoder in its original SAM state. The adapter com-
ponent and mask decoder are trained by feeding image em-
beddings and prompt embeddings into the mask decoder, en-
suring the output aligns with the correct mask.

Point Mask Creation. During the training process, it is
necessary to transform the image-level ground truth mask
into a mask corresponding to the given point, which we call
a point mask. If there is a multi-source mask where different
labels are assigned to each source region, then a point mask
could be simply created by assigning 1 to the source region
that contains the point and 0 otherwise. However, almost all
of the datasets currently available for IFL tasks are in only
binary form, marking manipulated parts as 1 and unaltered
parts as 0.

We introduce a methodology to convert these image-level
binary masks into point masks. If a manipulated image uses
only two sources, the areas marked as 0 and 1 would each
represent a single source region. Taking a step further, we
also consider connected components. A connected region
containing a given point is marked as 1, and other connected
regions neighboring this region are labeled as 0. Regions
that are not neighboring it are assigned an ignore label of
-1, which is ignored when calculating losses. This transfor-

mation allows us to train for multi-source partitioning using
only datasets with binary labels.

To be specific, let Y € {0,1} be the ground truth
mask for an image I which contains ¢ connected compo-
nents, R = {(i,j) € Z* : 0 <i < H,0 < j < W} aset
of integer coordinates of I, {R;}¢_, the partition of R cov-
ering connected components of Y, P € R a point prompt,
and R aregion contains P which is one of {R;}¢_,. Then

the point mask Yp € {—1,0, 1}HXW can be computed as:

HxW

1, if (4,5) € RF
Ypli,j]=1¢0, if (i,§) € neighbors(RY), (3)
—1, otherwise

where neighbors(-) returns the union of neighboring re-
gions.

Dual-Region Paired Point Sampling. The image encoder
computes image embeddings independently of the point
prompts. Maximally leveraging this feature, efficient train-
ing can be achieved by simultaneously processing multiple
point prompts for a single image. Furthermore, to balance
the source regions, points were always sampled in pairs from
regions marked as 0 and 1 based on the image-level ground
truth.

Area-Adaptive Source Segmentation Loss. For each
point, we can define a loss function that minimizes the differ-
ence between the prediction map and the point mask (Fig. 4).
Here, not all pixels within a point mask contribute equally to
the loss because doing so would result in smaller areas being
overlooked. Traditional IFL techniques have addressed the
similar issue of manipulated areas being small in most im-
ages by assigning greater weight to tampered class (Kwon
et al. 2022). However, in our point masks, there is no dis-
tinction between manipulated and pristine regions; there ex-
ist only multiple source regions. Therefore, we use a strategy
that assigns greater weight to smaller areas within each point
mask, regardless of whether the correct label in those areas
is 0 or 1. This differs from the class-specific weights used
in most semantic segmentation tasks in that the weights are
calculated within a single image (Wang et al. 2020).

Let I be an input image, P a point prompt, (X,s) =
D(E(I), F(P)) the output of the mask decoder where X
is the prediction map and s is the confidence score, and
Yp the ground truth point mask for P. We only compute
the loss within the valid label region RY7-{0:1} by letting
RAB = {(i,j) € R : A[i,j] € B}. Then the Area-
Adaptive Source Segmentation Loss £ 445 is defined as:

Laass =— (Ev)[wl - Y'[i, j] - log (o(X[i, 5]))

(V)

+wo - (1= YTi,4]) - log (1 — o(X[4,5]))],

. (\RYP’”’”\

Wy, = min W,C,«;,qss) forn € {0,1}, “4)

where the expectation is calculated over RY7{%1}, o (.) is
a sigmoid function, and C'4 o5 is a hyperparameter to limit
the weight.
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Figure 5: Inference. Multiple points in a grid pattern are in-
put, and a prediction map is obtained for each point. Clus-
tering is performed using the corresponding representative
features, and the final prediction is produced.

Confidence Loss. For use in inference, the mask decoder
also predicts confidence scores. Unlike SAM which pre-
dicts box-level mean intersection over union (mloU) score
to be predicted, our model predicts pixel accuracy to mea-
sure the performance globally rather than rectangular mloU.
The confidence score loss Loy, is defined as:

ﬁconf = Rj‘x\’{ts{yg} (CLCC (bzn(X), Yp) 75) ,

&)

where bin(-) thresholds the input into binary maps, convert-
ing values greater than O to 1 and values less than or equal to
0to 0, MSE(-, ) returns the pixel-wise mean squared error,
and acc(-) returns the accuracy.

Total Training Loss.
loss Lirqin as follows:

Finally, we obtain the total training

Q)

where Ao ¢ is a hyperparameter balancing the two losses.

Etrain = ﬁAASS + )\canf : Lconfa

Inference: Multiple Points Aggregation

Inference is conducted using multiple point prompts (Fig.
5). Alongside the image to be inferred, points are provided
as input to the model in a grid format (for example, 16 x 16).
The output masks are aggregated to obtain the final predic-
tion, which could be a multi-source map or binary map.

Let I be an input image, and P, - - - , Py point prompts.
First, we compute the image embedding £ = E(I) and
prompt embeddings F; = F(P;) for all i. Since image em-
bedding extraction is independent of the point prompt, it is
performed only once per image. Thus, the total computation
does not increase too much even if we use many points.

Thereafter, the image embedding and point embeddings
pass through the mask decoder and so a prediction corre-
sponding to each point can be obtained. The output of the
mask decoder D(-, -) can be expressed as:

({Xl"" 7XN}5{817"' aSN}):D(57{]:1v"' 7]:1\7})7
@)

where X is a prediction map and s; is a confidence score of
X;.

The next step is to compute a representative feature for
each prediction X;, which is the average of image embed-
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dings corresponding to the prediction area. We define a func-
tion g : RE>XW 5 RV by:

1
9(X) = [Rbin(®).{1}] Z
(i,j)GRb“L(X)Y{l}

Eli, g, ®)

where R is a set of integer coordinates of £ and X is the
downsampled prediction map of X to match the resolution
with R. Here, Rb(X),{1} represents the set of coordinates
in the embedding space corresponding to the area segmented
by the prediction X. The representative features can be ex-
pressed as G; = g(X;) for all 4.

Subsequently, we cluster the representative features. The
clustering is predicated on the assumption that the SAFIRE
model accurately extracts features, which results in features
from the same source region being gathered together. We
cluster {Gy,---,Gn} into M clusters Cy,--- ,Cys. Any
clustering algorithm could be applied and M can be fixed
in advance or regressed by the algorithm. For general source
region partitioning, we may allow the algorithm to deter-
mine the proper M. In situations where the number of
sources is known, algorithms with a fixed number of clus-
ters can be used.

Afterward, the most confident mask from each cluster is
selected. Each cluster represents one source region of the
input image and the most confident mask corresponds to the
best prediction of it. We collect indices of the maximum con-
fidence scores for each cluster:

9)

j* = argmax s;.
G, eCjy

Finally, these masks are combined to obtain the final pre-
diction. The simplest method is taking the softmax:

X* = softmax{ Xy, -+, Xp«}.

For the special case when M = 2, to obtain a binary predic-
tion map, the simple average of the two predictions produces
an effective output:

(10)

X' = Ho(Xi) + (1—o(X))}. (D)

Experiments on binary IFL

We begin with the traditional task of localizing forged re-
gions in images. Note that SAFIRE can make binary predic-
tions as well as multi-source predictions.

Experimental Settings

Implementation Details. Our model undergoes pretrain-
ing followed by training. The temperature 7 for the region-
to-region contrastive learning in Eq. (1) is set to 0.1. The
weight limit C'4 455 for the AASS loss in Eq. (4) is set to
10 and A¢onp = 0.1 in Eq. (6). During the inference phase,
M is fixed to 2 to obtain predictions in binary form. We use
16 x 16 point prompts and k-means clustering.

Datasets. We train the network using a commonly adopted
setting (Guillaro et al. 2023) that incorporates four datasets
(Kniaz, Knyaz, and Remondino 2019; Novozamsky, Mah-
dian, and Saic 2020; Dong, Wang, and Tan 2013; Kwon et al.



Method Col. COV. CG. RT. NC16 Avg.
EXIF-SC 78.8 162 296 144 168 312
ManTraNet 505 312 516 215 199 350
SPAN 39.7 16.1  29.6 8.7 1.2 21.1
AdaCFA 584 179 287 223 114 277
CAT-Net v2 858 376 433 143 282 418
IF-OSN 7477 299 428 334 325 427
MVSS-Net 727 508 48,6 175 327 445
PSCC-Net 60.0 46.6 517 9.7 134 363
TruFor 857 587 522 432 416 563
NCL 473 213 358 145 - -
SAM 40.0 181 339 8.1 112 223

SAFIRE (Ours) 979 634 635 393 488 62.6

Method Col. COV. CG. RT. NC16 Avg.
EXIF-SC 929 317 420 28,6 33,6 458
ManTraNet 646 479 673 264 277 468
SPAN 499 248 38.1 156 16.8 29.0
AdaCFA 62.7 215 363 241 14.0 31.7
CAT-Net v2 921 575 603 243 434 555
IF-OSN 829 464 59.1 46,6 456 56.1
MVSS-Net 78.1 646 642 294 440 56.0
PSCC-Net 7577  60.6 685 183 284 503
TruFor 913 721 720 533 547 68.7
NCL 62.5 324 497 27.0 - -
SAM 478 357 463 175 233 341

SAFIRE (Ours) 99.7 769 769 499 614 73.0

Table 1: IFL results using F1 fixed (%, top) and F1 best (%,
bottom). Under both metrics, SAFIRE achieves the highest
forgery localization performance in four out of five datasets
and is ranked first in terms of average score.

2022) which consists of real and fake images, also known as
the CAT-Net (Kwon et al. 2022) setting. We test the perfor-
mance using five public datasets which have no overlap with
the training datasets: Columbia (Ng, Chang, and Sun 2004),
COVERAGE (Wen et al. 2016), CocoGlide (Guillaro et al.
2023), RealisticTampering (Korus and Huang 2016), and
NC16 (Guan et al. 2019). These consist of various forgery
types including splicing, copy-move, removal, and adding
objects using generative models. During testing, images are
input in their original form, except for the NC16 dataset,
where images were scaled down due to memory constraints
in some comparative methods.

Comparative = Methods. Following the  protocol
from (Guillaro et al. 2023), we ensure a fair compari-
son by selecting recent techniques with publicly accessible
code and pretrained models, trained on disjoint datasets
from test sets. Namely, these include ManTra-Net (Wu,
AbdAlmageed, and Natarajan 2019), SPAN (Hu et al.
2020), AdaCFA (Bammey, Gioi, and Morel 2020), CAT-
Net v2 (Kwon et al. 2022), IF-OSN (Wu et al. 2022),
MVSS-Net (Dong et al. 2022), PSCC-Net (Liu et al. 2022),
TruFor (Guillaro et al. 2023), and NCL (Zhou et al. 2023a).
Furthermore, we also utilize a pure SAM (Kirillov et al.
2023) model trained on the same datasets.

SAFIRE

Image Ground Truth  CAT-Net v2 IF-OSN MVSS-Net TruFor (Ours)

B o ‘:

Figure 6: Visualization of IFL. The colors indicate the con-
fidence of forged pixels.

Metrics. We evaluate the localization performance in the
same manner as conducted in the TruFor (Guillaro et al.
2023) paper. Specifically, performances are reported in
terms of permuted F1 score (Huh et al. 2018; Kwon et al.
2022) using both fixed 0.5 threshold (F1 fixed) and best
threshold per image (F1 best).

Evaluation Results

Table 1 shows a comparative analysis of binary IFL perfor-
mance. A hyphen (°-’) indicates that the dataset was used for
training, and so excluded. Notably, SAFIRE shows superior
performance on both F1 fixed and F1 best, achieving the first
rank in four out of five datasets. Moreover, the average score
on all datasets reaffirms the superiority of SAFIRE, secur-
ing the best position in overall performance. In addition, in
the Appendix, we can see that our method also outperforms
other techniques under various global post-processing con-
ditions, proving its robustness.

Figure 6 shows the qualitative results of IFL produced
by each model. SAFIRE successfully identifies sophisti-
cated and challenging manipulations that other techniques
fail to detect, with less false positive detection. In particular,
SAFIRE achieves significantly more accurate predictions in
sophisticated Al-generated partial manipulations compared
to other techniques.

Ablation Study. To ensure the completeness of our study,
we conduct an ablation study on the key components of our
framework: Region-to-Region Contrastive Loss, area adap-
tive feature in Area-Adaptive Source Segmentation Loss,
point prompting, and Confidence Loss (Table 2). We sub-
stitute each with a conventional counterpart for comparison.

The results demonstrate diminished performance in the
absence of any single component compared to the full
SAFIRE framework, which integrates all four. Furthermore,
a baseline model excluding all four key features exhibits
significantly inferior results, underscoring the indispensable
role of these four components in SAFIRE.

Especially, we observe that source region partitioning
based on prompting outperforms binary segmentation. A



Setting R2R AASS Prom- Conf. F1  Fl

Loss Loss pting Loss fixed best
SAFIRE v v v v 62,6 73.0
R2R — SAM pretraining - v v v 48,6 610
No area adaptation v - v v 569 715
Prompting — Binary seg. v’ v - - 28.0 374
Using random mask v v v - 435 545
Baseline - - - - 22.3 34.1

Table 2: Ablation study (%). All core components of
SAFIRE contribute to the performance of IFL. The usage
of prompting is found to be critical to performance.

p-mIoU (%) ARI (%)

Method 2src  3src  4src 2src 3src 4src
CAT-Net v2 53.8 - - 25.1 - -
IF-OSN 54.8 - - 25.2 - -
MVSS-Net 51.9 - - 22.5 - -
TruFor 82.5 - - 72.3 - -
SAFIRE (k-means) 90.3 622 540 80.7 578 552
SAFIRE (DBSCAN) 89.7 57.6 489 802 60.2 594

Table 3: Multi-source partitioning results of SafireMS-
Expert. SAFIRE can accurately partition images into mul-
tiple sources based on their origins.

model with the same structure and pretraining achieves only
a 28.0% F1 fixed score when using binary segmentation.
However, when employing prompting for source partition-
ing, the model’s performance significantly improves, reach-
ing 62.6%. This demonstrates the effectiveness of SAFIRE’s
prompting approach in enabling the network to understand
the characteristics of the same source regions, resulting in
stable learning and outstanding performance.

Experiments on Multi-source Partitioning

One of the unique advantages of our method is its ability
to partition images composed of three or more sources into
each source. To show this capability, we conduct additional
experiments on multi-source partitioning.

Experimental Settings

Implementation Details. We use the same model as used
in binary IFL without fine-tuning. We consider two settings
for inference: the number of sources is given in advance and
it is determined by the method. For the former, we use k-
means clustering as done in binary IFL. For the latter, we
utilize DBSCAN which automatically chooses the number
of clusters in the data distribution.

Datasets. Given that traditional forgery datasets lack in-
stances labeled with multiple source regions, we manu-
ally constructed a multi-source dataset, dubbed SafireMS-
Expert, to assess our framework’s effectiveness in han-
dling such scenarios. The forgery types include splicing, re-
moval by Al-based inpainting (Yu et al. 2023), reconstruct-
ing some objects using generative models, and adding ob-
jects by generative models using text prompts (Zhang, Rao,
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Figure 7: Visualization of multi-source IFL. Each color rep-
resents a single source region. Methods other than SAFIRE
could only produce binary results. From left to right: Im-
age, Ground Truth, CAT-Net v2, IF-OSN, MVSS-Net, Tru-
For, SAFIRE, SAFIRE prediction maps for each source.

and Agrawala 2023). More in Appendix.

Metrics. We propose to use permuted mloU (p-mloU) and
Adjusted Rand Index (ARI) for source region partitioning.
We generalize p_mloU defined on (Huh et al. 2018) for an
arbitrary number of source regions. More in Appendix.

Evaluation Results

Table 3 and Figure 7 present the quantitative and qualita-
tive results of multi-source partitioning, respectively. While
existing methods based on binary segmentation cannot
split images into three or more sources (marked with -’),
SAFIRE can do it, even though it is trained using only bi-
nary datasets. These visualizations offer a better interpre-
tation of forged images for humans, as manipulation often
occurs multiple times in real-world scenarios. Additionally,
SAFIRE’s ability to estimate the number of sources is a valu-
able feature. More results are in the Appendix.

Conclusion

Moving beyond the conventional approach of viewing the
IFL tasks through binary segmentation, SAFIRE resolved
this issue by partitioning images into multiple originat-
ing regions. Through region-to-region contrastive pretrain-
ing, we guided the encoder to effectively embed subtle
signals for source partitioning. We utilized point prompt-
based segmentation to train the SAFIRE model to accu-
rately predict the source region containing each point. Dur-
ing inference, we provided point prompts in a grid format
and aggregated the outputs to obtain the final prediction.
Through comprehensive evaluation, SAFIRE successfully
accommodated label agnosticity issues in IFL and outper-
formed other state-of-the-art methods. It also opened up pos-
sibilities for using point prompting in image partitioning and
presented a new challenge of partitioning images into mul-
tiple source regions. It aids in comprehending the structure
of the forged image and facilitates further analysis. We hope
our study contributes to solving the increasingly complex
image forgery issues in the era of Al
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