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Abstract

Image forgery localization in the diffusion era
poses new challenges as modern editing pipelines
produce photorealistic, semantically coherent ma-
nipulations that bypass conventional detectors.
While some recent methods leverage foundation
model cues or handcrafted noise residuals, they
still miss the subtle embedding artifacts intro-
duced by modern diffusion pipelines. In response,
we develop Detective SAM, which extends the
Segment Anything Model by incorporating a blur-
based detection signal, learnable coarse-to-fine
prompt generation, and lightweight fine-tuning
for automatic forgery mask generation. Detec-
tive SAM localizes forgeries with high precision.
On three challenging benchmarks (MagicBrush,
CoCoGlide, and IMD2020), it outperforms prior
state-of-the-art methods, demonstrating the power
of combining explicit forensic perturbation cues
with foundation-model adaptation for robust im-
age forgery localization in the diffusion era.

1. Introduction

The sophistication of modern diffusion models and their lo-
cal editing techniques has blurred the line between synthetic
and real imagery (Ramesh et al., 2021). Deep learning has
democratized photorealistic image generation, and synthetic
images are now virtually indistinguishable to the naked
eye. The wide availability of these techniques has caused
our virtual environment to flood with such images. This
transformation creates demand for robust and generalizable
methods for image forgery localization (IFL) (Kadha et al.,
2025).

Modern image-editing systems build directly on broader
innovations in deep learning for processing visual informa-
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tion. Among these are Vision Transformers (ViT) (Doso-
vitskiy et al., 2021) and image foundation models, such as
CLIP (Radford et al., 2021), DINOv2 (Oquab et al., 2024),
and other self-supervised embeddings (Assran et al., 2023).
These architectures produce global (coarse, e.g., a 16x16
feature map) and local (fine, pixel-level) representations
through large-scale pretraining, yielding powerful features
for downstream tasks. The recently released Segment Any-
thing Model (SAM) (Ravi et al., 2024) exemplifies this
trend, serving as a strong segmentation foundation model
for understanding arbitrary image regions. Moreover, SAM
has been fine-tuned via lightweight adapters (Chen et al.,
2024) to specialized domains such as shadow detection (Jie
& Zhang, 2023) and camouflage detection (Meeran et al.,
2024).

Previous forgery methods mainly focused on splicing and
copy-move (Chang et al., 2013). The rise of diffusion mod-
els such as DALL-E (Ramesh et al., 2022) and their ability
to generate realistic local inpaintings has caused previous
methods and forensic clues to become outdated (Zhang
et al., 2024). The text-guided pipelines of these models
allow them to create semantically consistent content. New
diffusion-based datasets such as MagicBrush (Zhang et al.,
2024) expose the vulnerability of existing IFL approaches,
causing a significant drop in performance for IFL tasks
(Nguyen et al., 2024). The combination of diffusion-edit
datasets (Zhang et al., 2024; Jia et al., 2023) and foundation
models has sparked a wide array of IFL models (Lai et al.,
2023; Kwon et al., 2024; Zhang et al., 2025; Nguyen et al.,
2024) which successfully improve existing diffusion-based
IFL benchmarks.

The paradigm shift brought on by diffusion models for im-
age generation initiated the surge in research on stronger
forensic clues. Part of this surge has seen robust empirical
success with training-free (Ricker et al., 2024; Tsai et al.,
2024; He et al., 2024) and zero-shot (Cozzolino et al., 2024)
methods that rely on explicit noise artifacts in the embed-
ding space. The text-to-image nature of diffusion edits has
also inspired the use of Multimodal Large Language Models
(MLLMs) for IFL (Liu et al., 2025). EditScout (Nguyen
et al., 2024) benchmarks previous approaches on diffusion-
based datasets and proposes such an MLLM-based method.



Detective SAM

The concept of leveraging linguistic cues as supplementalicit Gaussian blur perturbation embedding artifacts as a
semantic information is promising; however, the insuf cient forensic signal (2) feature adapters to ne-tune SAM for the

use of forensic indicators and image foundation models mayfL task (3) a learnable prompter based on modern vision
explain why performance has not yet reached expectationarchitectures, and (4) training on modern diffusion-edited
Figure 1 shows that our proposed Detective SAM frameedatasets. This paper offers such a uni cation of ideas and
work masks are more accurate with respect to the grounshows that it improves benchmark scores signi cantly.

truth forged region when compared to EditScout, We proposepDetective SAMa comprehensive framework

for image forgery localization. The key novelties of Detec-
tive SAM are as follows:

1. Perturbation-driven forensic signal: We build upon
the success of perturbation embedding sensitivity as a
forensic signal to reveal subtle diffusion-induced edit-
ing artifacts and integrate this in a learned IFL pipeline.

2. Coarse-to- ne learnable prompting: We propose
a learnable prompter module that fuses the forensic
signal features with the target image features for auto-
matic prompting with coarse-to- ne localization as in
ViT architectures.

3. End-to-End SAM feature adapter integration: We
extend automatic prompting with feature adapters
(Chen et al., 2024), enabling lightweight end-to-end
ne-tuning of SAM's mask decoding head for forgery
segmentation.

4. State-of-the-art performance: We demonstrate the
effectiveness of this approach on recent diffusion-based
IFL datasets such as MagicBrush and CoCoGilide.

2. Related work

Image forgery localization. IFL concerns itself with the
Figure 1.Left column: source images and instructions. Right col-talSk of not only detecting if parts of an image are manip-

umn: forged segmentation mask contours generated by EditScob’t_lated* bt’t also _pinpoi,r,fting thgm pixel-wise_. An effective
(vellow) and the Detective SAM mask (red) with a white contour Signal or f0ren§|C clue” is requ'red to locate Image forgery.
for the ground truth forged region. The original EditScout masksThese clues/artifacts can include reconstruction error (Ves-

are shown in supplementary Figure 7. nin et al., 2024), JPEG compression artifacts (Kwon et al.,
2021), explicit noise artifacts (Zhu et al., 2024), or implicit
Few state-of-the-art techniques have begun incorporatingoise artifacts (Zhang et al., 2025).

these recent innovations for a robust IFL system. SAM's S . .
: Recent work has shown explicit noise artifacts in the embed-
release prompted papers to adapt the model to various task

o . oslhg space of vision-transformer architectures and founda-
A successful framework for this is provided by (Ch.en et al"ti n model embeddings. RIGID (He et al., 2024) and BLUR
2024). The authors propose feature adapters as lightweig sai et al., 2024) show that it is possible to detect synthetic
modules to ne-tune SAM for detecting different classes of ! P y

segments. In the problem of IFL, the task requires segmenlr-nages using the DINOv2 (Oquab et al,, 2024) image foun-

ing the forged region and identifying where it is. This de—g;t't?endg]iggii'g':ﬁ)g?g::l%}g:e manner by detecting subtle
mands automatic prompting of SAM, IMDPrompter (Zhang '

et al., 2025) proposes a learnable prompting system base&AM in IFL. Adaptations of SAM for IFL have attracted

on implicit noise lters. Their method relies on dense, hand-considerable interest (Kwon et al., 2024; Lai et al., 2023;
crafted, and trained noise views instead of artifacts in th&Zhang et al., 2025). These methods seek to distinguish ma-
embeddings of foundation models and does not beat earligripulated regions from genuine content by training SAM
benchmarks set by (Niu et al., 2024). The IFL eld currently to segment forged areas in contrast to the conventional ob-
lacks a framework that combines these innovations: (1) eXect segmentation task. For example, SAM is adapted for
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