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ABSTRACT

Image manipulation detection (IMD) aims to determine whether an image has been tampered with

and to identify the manipulated regions. These capabilities have become increasingly important

with the rapid advancement of media editing and generation technologies, such as Photoshop and

generative AI methods, which underscore the need for robust tools for media authentication. Al-

though current state-of-the-art (SoTA) methods achieve strong results on common manipulation

types, such as splicing, copy-move, and removal, they often struggle to generalize to manipulation

types not represented in the training data. Consequently, their real-world applicability remains

limited, with performance degrading significantly in practical scenarios.

In this dissertation, we advance image manipulation detection through three key contribu-

tions. First, we introduce the Challenging Image Manipulation Detection (CIMD) benchmark, a

novel, high-quality dataset with fine-grained annotations designed to evaluate SoTA methods on

both editing-based and compression-based manipulations under realistic and more complex con-

ditions. Using CIMD, we demonstrate that existing SoTA methods struggle with small tampered

regions and double-compression cases with identical quality factors, and we propose a two-branch

HRNet-based model that significantly outperforms prior work on these challenges. Second, we

present a unified unsupervised and weakly supervised framework that reduces reliance on pixel-

level annotations. This framework leverages implicit neural representations and selective con-

trastive learning, achieving detection performance comparable to supervised methods while im-

proving robustness to unseen manipulations. Finally, we develop a training-free diffusion-based

approach that exploits inconsistencies between conditional and unconditional reconstructions for

manipulation detection. This method requires no external training data and outperforms existing

unsupervised and weakly supervised techniques, while achieving competitive results with fully

supervised models across multiple benchmark datasets.

Collectively, these contributions strengthen IMD performance in realistic tampering scenar-
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ios and broaden its applicability to forensic settings where manipulation types are diverse, rapidly

evolving, and often unseen during training.
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CHAPTER 1

Introduction

Digital images play a central role in communication and everyday life. People naturally trust what

they see, believing their eyes will not deceive them. However, with the rapid development of AI-

driven image generation and editing technologies, along with commercial tools such as Photoshop,

manipulating images has become easier and more accessible than ever. Modern editing methods

can produce highly realistic results that are extremely difficult for humans to distinguish from

authentic content. As a consequence, manipulated images are no longer limited to entertainment

or harmless creativity—they now pose serious risks, including the spread of misinformation, fraud,

and threats to the safe deployment of AI systems. These concerns make it essential to develop

robust image manipulation detection tools.

Image manipulation detection aims to determine whether an image has been altered and,

if so, to localize the manipulated regions. This task has gained increasing attention in recent

years. Despite encouraging progress in existing work, most prior approaches target only a narrow

subset of manipulation types (e.g., splicing, copy–move, and removal) and depend on specific

assumptions regarding image characteristics. In real-world scenarios, however, manipulations are

diverse, unconstrained, and frequently generated by modern AI models. As a result, many existing

methods struggle to generalize beyond the limited conditions for which they were designed.

This lack of generalizability motivates the work presented in this thesis. The central goal is

to improve the robustness and adaptability of image manipulation detection methods so that they

remain effective under diverse and realistic real-world scenarios. This thesis contributes to this

goal in three ways. First, we introduce a novel and more challenging dataset, along with a new

method capable of handling more complex real-world cases without requiring expanded training

data. Second, we develop a unified weakly supervised and unsupervised framework that requires

only minimal image-level supervision—or no labels at all—while remaining effective on complex
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and unseen manipulation types. Third, we propose a training-free method that does not rely on any

training data and can generalize naturally to previously unseen manipulations.

1.1 Image Manipulation Detection

The emergence of diverse media tampering tools, such as Photoshop and modern AI-based

image editing and generation methods [78, 101, 117, 114, 21], has made it increasingly easy to ma-

nipulate visual content. These tools can produce highly realistic edited images that are extremely

difficult for humans to detect with the naked eye. While some manipulated images are created for

entertainment or artistic purposes, the same accessibility raises serious concerns about the spread

of misinformation and the potential security risks that follow. In addition, such undetectable ma-

nipulations undermine AI transparency and complicate the responsible use of AI technologies.

Therefore, the development and deployment of robust tampering detection techniques—namely,

Image Manipulation Detection methods—are essential to mitigate these risks effectively.

Fig. 1.1 illustrates the common high-level pipeline for image manipulation detection and

localization. Given an RGB image, the input is passed through an image manipulation detection

network, which produces a predicted mask highlighting the potential manipulated regions. Based

on this mask, prior methods typically apply a non-trainable pooling strategy to obtain the final

image-level prediction indicating whether the image is authentic or tampered. These models are

usually trained using a combination of pixel-level losses (supervised by ground-truth manipulation

masks) and image-level classification losses.

The task itself consists of two objectives. For a given RGB image, detection determines

whether the image has been manipulated (image-level prediction), while localization identifies and

delineates the specific manipulated regions (pixel-level prediction). The image-level decision is

typically derived from the predicted manipulation mask using pooling operations such as global

average pooling. Most prior approaches focus on a small set of classical manipulation types, as

shown in Fig. 1.2, including:
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Figure 1.1: The common high-level pipeline of image manipulation detection and localiza-
tion.

• Splicing: inserting content from one image into another to form a composite.

• Copy–move: duplicating a region within an image and pasting it elsewhere in the same

image.

• Removal: deleting a region of an image and filling the missing area using synthesized or

inpainted content.

Current state-of-the-art (SoTA) image manipulation detection (IMD) methods can broadly

be categorized into two groups: active methods and passive methods. Active IMD relies on pre-

embedded signals or watermarks that are intentionally added at the time of image creation. In prin-

ciple, these embedded markers make manipulation easier to detect. However, active approaches

have several major limitations: they require a controlled imaging pipeline in which the camera

or generator must insert the marker, and the embedded signal is often fragile, easily degraded by

common post-processing operations such as compression or resizing. For these reasons, active

methods are rarely used in real-world settings.

In contrast, passive IMD methods do not rely on any pre-inserted information and instead

analyze the intrinsic content of the image itself. Based on the level of supervision used during

training, passive methods can be further divided into three categories: unsupervised, weakly su-

pervised, and fully supervised approaches. Unsupervised methods [60, 59, 88, 29, 22, 17, 4, 53, 18]

typically rely on handcrafted cues such as noise inconsistencies, color filter array (CFA) patterns,

or local mosaic inconsistencies. Weakly supervised methods [109] use only image-level labels

to identify manipulated images and do not require pixel-level masks. Fully supervised meth-

ods [12, 102, 99, 56, 34] instead depend on large-scale datasets containing both image-level and
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Figure 1.2: Examples of three common image manipulation types: copy–move, splicing, and
removal. Image samples are from COVERAGE [95], Colombia [42] and NIST16 [32].

pixel-level annotations, allowing models to learn manipulation traces by exploiting anomalous

low-level features. For example, CAT-Net [51] employs a two-branch architecture to jointly detect

both editing manipulations and double JPEG compression artifacts.

In general, SoTA works that mention only “detection” in their titles usually address both

image-level detection and pixel-level localization, whereas papers that explicitly focus on “local-

ization” tend to restrict their analysis to pixel-level mask prediction alone.

1.2 Motivation of Thesis

Although previous methods have achieved satisfactory results on common manipulation

types such as splicing, copy–move, and removal, they often struggle to adapt to manipulations

that are more complex or differ substantially from those seen during training. In real-world scenar-
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ios, manipulation types are far more diverse, unconstrained, and increasingly influenced by modern

AI-based editing tools. Under these conditions, many state-of-the-art methods exhibit significant

performance degradation.

Current approaches tend to focus primarily on the three classical manipulation categories in-

troduced in Sec. 1.1 and often rely on strict assumptions about the tampered image. For example,

many methods require the manipulated region to be relatively large, or—in the case of JPEG-

compressed images—assume that the first and second compression quality factors differ. These

assumptions rarely hold in real-world scenarios. When faced with small manipulations, identical

recompression settings, or manipulation types outside the conventional categories, existing meth-

ods frequently fail to generalize. Consequently, current IMD techniques are not yet equipped to

handle the full complexity of real-world manipulation scenarios.

A straightforward way to extend image manipulation detection and localization methods to

real-world scenarios is to train models on a wider variety of manipulation types. In principle, expo-

sure to more diverse manipulations could improve a model’s generalization capability. However,

due to the rapid evolution of editing tools, constructing large-scale datasets that comprehensively

represent real-world manipulations is impractical. Such datasets require both accurate image-level

labels and precise pixel-level masks—annotations that are extremely time-consuming and costly to

obtain. Moreover, inaccurate labels can seriously degrade model performance, making large-scale

annotation even more challenging.

Unsupervised manipulation localization methods attempt to avoid these issues by relying

solely on handcrafted features such as noise inconsistencies, color filter array (CFA) patterns, or

camera fingerprints. However, these approaches typically assume that the input image is already

tampered and only aim to highlight possible anomalous regions. As a result, they often produce

unreliable or unsatisfactory localization results, especially in modern editing scenarios where ma-

nipulation traces may be subtle or semantically driven.

Given the diversity and complexity of real-world manipulations, along with the limited gen-

eralizability of existing methods, improving the robustness and adaptability of image manipulation
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detection has become both urgent and essential. Accordingly, this thesis focuses on enhancing the

generalizability of image manipulation detection methods to better meet the demands of real-world

applications.

1.3 Thesis Outline

This section outlines the organization of the thesis and briefly summarizes the content of

each chapter.

Chapter 2 reviews the related work, including a detailed description of state-of-the-art meth-

ods, the datasets used for image manipulation detection, diffusion models, implicit neural repre-

sentations and contrastive learning.

Chapter 3 presents the details of our work “A New Benchmark and Model for Challenging

Image Manipulation Detection” [121]. In this study, we observe that state-of-the-art methods

struggle with more challenging manipulation scenarios, such as extremely small tampered regions

and double-compression cases where both compression stages use identical quality factors. We

address the limitations of prior fully supervised approaches, which typically rely on restrictive

assumptions—namely, that the manipulated region must be sufficiently large and that compressed

images must involve different compression quality factors across stages.

We introduce a high-quality benchmark dataset, CIMD, to evaluate state-of-the-art meth-

ods under realistic conditions without restrictive assumptions. CIMD contains two complemen-

tary subsets: an uncompressed subset designed for image-editing–based detection and a com-

pressed subset targeting double-compression–based methods. The dataset includes fine-grained,

high-fidelity annotations at both the image and pixel levels, with images collected under diverse

conditions, subjected to complex post-processing, and featuring extremely small manipulated re-

gions.

Unlike previous benchmarks, all images in CIMD contain only tiny manipulated regions,

and the double-compressed subset applies identical quality factors in both compression stages.
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Our experimental results show that existing state-of-the-art methods perform poorly under these

more challenging and realistic conditions, underscoring the need for models that generalize beyond

idealized assumptions.

In addition to introducing the benchmark, we propose a novel two-branch model designed

to improve detection performance on these challenging manipulation cases without requiring any

expansion of the training dataset. This method effectively addresses both tiny manipulated regions

and identical–quality-factor double compression, demonstrating stronger generalization capability

than prior approaches.

Although the first method presented in Chapter 3 achieves stronger performance on challeng-

ing manipulation cases, it remains a fully supervised approach and is therefore limited to detecting

common manipulation types rather than novel or unseen ones. To address this limitation, Chapter 4

details our work “Image Manipulation Detection With Implicit Neural Representation and Limited

Supervision” [122]. In this study, we introduce a novel image manipulation detection and local-

ization framework that leverages implicit neural representations to support both weakly supervised

learning (using only image-level labels) and fully unsupervised learning.

The main objective of this chapter is to explore whether manipulation detection methods

can be extended to unseen manipulation types using minimal or no supervision. By relying solely

on image-level labels—or, in the unsupervised setting, no labels at all—our method avoids the

need to construct large-scale, fully annotated datasets. Such datasets are not only extremely time-

consuming to create but are also impractical given the vast diversity of real-world tampering tech-

niques.

In our approach, we use the reconstruction error from the implicit neural representation as the

manipulation prior, and we combine this with a novel selective supervision strategy and an adaptive

pooling mechanism to enhance generalizability to unseen manipulation types. This framework

demonstrates strong potential to detect a broad range of manipulations while substantially reducing

dependence on costly dataset construction.

While the framework in Chapter 4 effectively improves the generalizability of image manip-
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ulation detection using limited supervision, it still requires model training. Therefore, in Chapter 5,

we explore the possibility of a training-free approach for the image manipulation localization task.

This chapter presents the details of our work “Training-Free Image Manipulation Localization

Using Diffusion Models” [119].

In this study, we leverage the purification capability of diffusion models to develop a fully

training-free framework for manipulation localization. Because a pre-trained diffusion model is

trained on large-scale clean images, it learns the distribution of authentic images and naturally

removes manipulation traces during reconstruction. Unlike conventional approaches, our method

requires neither trainable parameters nor dedicated datasets, yet it exhibits strong generalizability

to unseen manipulation types in real-world scenarios.

After presenting the details of each proposed method aimed at improving generalizability,

Chapter 6 concludes the thesis by summarizing the main contributions, discussing remaining lim-

itations, and outlining promising directions for future research.
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CHAPTER 2

Related Works

This chapter reviews the related work relevant to this thesis. The discussion is organized to

move from state-of-the-art IMD methods to the core components incorporated in our approaches.

Section 2.1 introduces state-of-the-art image manipulation detection techniques. Section 2.2 re-

views widely used benchmark datasets that support empirical evaluation and cross-method com-

parison. Sections 2.3 and 2.4 examine Denoising Diffusion Probabilistic Models (DDPMs) and

implicit neural representations, respectively. Finally, Section 2.5 provides an overview of con-

trastive learning. Portions of this chapter are reproduced from the author’s previously published

works [121, 122, 119]. Reproduced with permission from the publishers.

2.1 Image Manipulation Detection and Localization

Based on the type of supervision, image manipulation detection methods can be categorized

into three groups: unsupervised, weakly supervised, and fully supervised approaches. Unsuper-

vised methods typically rely on hand-crafted features such as noise inconsistency [60, 59, 88],

color filter array patterns [29, 22, 17], local mosaic consistency [4], JPEG compression arti-

facts [53], and camera fingerprints [18]. For weakly supervised learning, [109] introduced a

self-consistency learning framework, using FCN [75] as a baseline. Fully supervised IMD meth-

ods [12, 102, 99, 56, 34, 7, 45, 33, 91] require large-scale datasets with both image- and pixel-level

annotations. Most of these methods learn to identify manipulation traces by modeling anomalous

features. For example, CatNet [51] introduced a two-branch network capable of detecting both

image editing and double JPEG compression artifacts.

The following provides a brief overview of state-of-the-art image manipulation detection

methods:
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Unsupervised methods rely on hand-crafted or self-extracted features without any labeled

data. Since these techniques generally assume that every input image may contain tampered re-

gions, they are applicable mainly to manipulation localization rather than image-level classifica-

tion. Early work such as NOI [60] exploits noise inconsistency analysis for blind localization of

manipulated areas. CFA [29] leverages color filter array (CFA) pattern analysis to detect regions

inconsistent with the camera’s demosaicing process. Noiseprint [18] extracts camera-specific fin-

gerprints to reveal local anomalies caused by editing operations. MCA [4] employs an adaptive

network to capture mosaic consistency, while IVC [17] applies intermediate-value counting for

identifying unnatural transitions introduced by tampering. Similarly, BLK [53] analyzes JPEG

compression artifacts to localize inconsistencies within the image block structure.

Weakly supervised methods mitigate the need for dense pixel-level annotations by learn-

ing from image-level labels. A representative baseline is FCN [75], which adapts fully convolu-

tional networks to the IMD problem, producing coarse localization maps guided only by global

supervision. Building upon this foundation, WSCL [109] introduces a self-consistency learning

framework that enforces internal agreement between different image transformations, thereby im-

proving localization accuracy and generalization. These approaches demonstrate that meaningful

spatial cues can be learned even in the absence of detailed ground truth masks.

Fully supervised methods constitute the dominant paradigm in recent years, enabled by

large-scale datasets providing both image- and pixel-level annotations. RRU-Net [7] first adapts

the U-Net architecture with ringed residual connections for more accurate splicing detection. CR-

CNN [102] integrates constrained convolution layers to capture noise inconsistencies indicative

of manipulation. Mantra-Net [99] learns a manipulation-trace feature extractor jointly with a lo-

cal anomaly detector, whereas SPAN [45] introduces a pyramid attention mechanism to better

aggregate multi-scale contextual information. Extending these designs, PCSS-Net [56] fuses top-

down and bottom-up pathways to progressively refine spatio-channel correlations, and CAT-Net

[51] learns joint representations of editing and compression artifacts. More recently, MVSS-Net

[12] incorporates multi-view and multi-scale supervision by exploiting both noise and edge cues,

while TruFor [33] further enhances detection by introducing camera fingerprints as auxiliary input.
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Transformer-based architectures such as ObjectFormer [91] and hierarchical frameworks like Hifi-

Net [34] represent the latest advancements, offering improved generalization to both traditional

and AI-generated forgeries.

2.2 Benchmark Datasets

There are several datasets publicly available that are dedicated to image manipulation detec-

tion task. For example, the Columbia Dataset [65] contains uncompressed 363 splicing images of

a low average resolution (938 × 720). CASIA V1.0 and V2.0 [24] were introduced for splicing-

only manipulation detection with no ground truth mask. Numerous datasets have been introduced

for copy-move tampering detection. For instance, the MICC [1] features images mainly sourced

from Columbia photographic image repository. Coverage [95] is another copy-move only dataset

includes 100 original-forged pairs with similar-but-genuine objects. The NIST [32] has presented

benchmark manipulation datasets with multiple versions. Some large benchmark datasets, such

as [61] and [69], apply non-realistic questionable automatically forgeries methods [19] to gener-

ate forgery images. In addition, to detect compression artifacts, [51] created five custom datasets

that are double compressed using different unreported QFs. [14] proposed a large-scale image

manipulation dataset using semantic significance.

2.3 Denoising Diffusion Probabilistic Model

The Denoising Diffusion Probabilistic Model (DDPM) [39] has become popular because

of its superior generative capabilities compared to earlier generative models such as GANs [31]

and VAEs [48]. DDPM involves two main processes: the forward process adds noise to the im-

age, while the backward process removes the noise to produce a clean image. DDPM has been

widely used in media generation and editing [21, 47, 120], image segmentation [96, 2], and image

classification [106].

The DDPM [39] consists of two main processes: the forward process, which adds noise, and

the backward process, which removes noise. In the forward process, Gaussian noise is gradually
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added to the image x0 to obtain the noised image xt. The formula for the DDPM forward process

is:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (2.1)

where αt = 1− βt and ᾱt =
∏t

i=1 αi. ϵ is the random noise from normal distribution, and βt is the

predefined variance schedule at a timestep t.

In the backward process, the model removes the noise from xt to obtain xt−1. The formula

for the DDPM backward process is represented as follows:

xt−1 =
1√
ᾱt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
+ σtz, (2.2)

where z ∼ N (0, I) and σ2
t = βt. ϵθ(xt, t) represents the predicted noise of xt using trained

U-Net [80].

The training objective is to minimize the difference between the predicted and ground-truth

noise, as shown by the following equation:

L(θ) = Et,x0∼data,ϵ∼(0,I)
[∥ϵ− ϵθ(xt, t)∥2]. (2.3)

Classifier and classifier-free guidance: Traditional DDPM often produce random outputs that

may not meet specific real-world needs. To address this, conditional DDPM are introduced using

either classifier guidance [21] and classifier-free guidance [40]. For classifier guidance, a separate

classifier p(c|xt) is trained to predict a condition c from xt. Let sc denote the classifier guiding

scale and ϵ̃(xt, c, t) denote the conditional output based on condition c on timestep t. The classifier

guidance is given by:

ϵ̃(xt, c, t) = ϵθ(xt, t)− sc · σt∇xt log p(c|xt). (2.4)

The main drawback of classifier guidance is the need to train a standalone classifier. To

address this, a classifier-free method is introduced in [40]. Let sf denote the classifier-free guiding
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scale. The classifier-free guidance is:

ϵ̃(xt, c, t) = ϵθ(xt, t) + sf · (ϵθ(xt, c, t)− ϵθ(xt, t)). (2.5)

Refer to the original papers [39, 21, 40] for detailed derivation.

2.4 Implicit Neural Representation

Implicit Neural Representation (INR)[13] has become increasingly popular for image mod-

eling. Traditionally, images are treated as discrete signals defined pixel by pixel. In contrast, INR

employs a continuous fitting function to represent images, enabling a smooth and flexible represen-

tation. The controllable fitting capacity of INR has been widely applied in various tasks, including

continuous image and video super-resolution[13, 15], video and image compression [25, 50], con-

tinuous shape representation [28, 110], and medical image analysis [64, 111]. More recently, INR

has also been adopted for low-light image enhancement [105].

In INR, the input image is first encoded into a feature map FN ∈ RH×W×C , where H and

W denote the height and width, and C is the number of feature channels. The corresponding

coordinate set is represented as X ∈ RH×W×2. The feature map FN and the coordinate set X

are then concatenated and passed through a Multi-Layer Perceptron (MLP) decoder. Formally, the

INR process can be expressed as:

IR[x, y] = MLP (FN [x, y], X[x, y]). (2.6)

Here, IR denotes the reconstructed RGB pixel values of image I , and [x, y] represents the pixel

coordinates. The main objective of Implicit Neural Representation (INR) is to recover the RGB

values of I , with the loss function formulated as:

LINR = ∥I − IR∥1 . (2.7)
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2.5 Contrastive Learning

The core idea of contrastive learning [35, 36] is to push apart negative sample pairs while

pulling together positive pairs. One of the most widely used architectures for contrastive learning is

the Siamese network [49], which processes two inputs simultaneously and is trained based on their

similarity. Contrastive learning has been extensively applied in unsupervised and self-supervised

settings [83, 10, 115, 58]. The most commonly used formulation of contrastive loss is the InfoNCE

objective [70], defined as:

Lq = − log
exp(q · k+/τ)∑K
i=0 exp(q · ki/τ)

(2.8)

In the InfoNCE formulation, τ denotes the temperature hyper-parameter. The objective is

to bring the positive key k+ closer to the query while pushing it farther from negative samples.

Depending on the specific method and application, alternative formulations of contrastive loss

have also been proposed [100, 38, 93].
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CHAPTER 3

A New Benchmark and Model for Challenging Image Manipulation

Detection

In this chapter, we propose a new benchmark dataset and model for image manipulation detec-

tion (IMD) under challenging conditions. Existing IMD methods primarily rely on detecting

anomalous features arising from image editing or double-compression artifacts. However, these

approaches often impose restrictive assumptions on manipulation conditions—for example, re-

quiring tampered regions to be relatively large or assuming that double compression uses different

quality factors. As a result, they struggle to detect manipulations outside these constraints, such

as small tampered regions with limited visual information or double-compression cases with iden-

tical quality factors. To systematically evaluate state-of-the-art (SoTA) IMD methods under these

challenging conditions and to encourage more robust solutions for real-world applications, we

introduce the Challenging Image Manipulation Detection (CIMD) benchmark dataset. CIMD con-

sists of two subsets tailored to assess editing-based and compression-based methods, respectively,

and contains manually captured images that were tampered with and annotated at high quality. In

addition, we present a two-branch network model based on HR-Net [89], specifically designed to

more effectively detect both editing and compression artifacts in these difficult scenarios. Exten-

sive experiments on the CIMD benchmark demonstrate that our model significantly outperforms

existing SoTA IMD methods.

The organization of this chapter is as follows. Section 3.1 motivates the problem and high-

lights our contributions. Section 3.2 details the proposed CIMD benchmark, including data col-

lection, design choices, and evaluation protocols. Section 3.3 presents the proposed two-branch

method and the compression-artifact learning module. Subsequent sections report experimental re-

sults and analyses, followed by a discussion of limitations. This chapter is reproduced from [121].

Reproduced with permission from the publisher.
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Figure 3.1: Comparison of image manipulation detection performance with recent main-
stream methods under challenging conditions. The first three rows show manipulation of re-
gion copy-move, splicing and removal, respectively. The last row shows double-compressed
splicing with the same Quality Factor (QF). Our method achieves the new state-of-the-art in
detecting challenging manipulation cases.

3.1 Motivation and Problem Setting

With the advancement image editing and AI content generation, image editing, tampering

and content synthesis are becoming common. However, the abuse of these technologies can

bring in serious security and social impacts, including misinformation, disinformation, and deep-

fakes [44, 85]. Image Manipulation Detection (IMD) methods that can accurately detect image

manipulation regions are important in media forensics.

There are three general types of image manipulation operations: (1) region splicing, where

the content from one image is copied and pasted onto another image, (2) region copy-move, where

an image regions is moved to another location within the same image, and (3) region removal,
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Figure 3.2: Overview of the proposed two-branch architecture. RGB stream can detect
anomalous features, while frequency stream is able to learn compression artifacts by feeding
the image to the compression artifacts learning model, as depicted in Fig. 3.5. The ASPP in
Fig. 3.4(a) is appended to each of the outputs, and channel attention and spatial attention
in Fig. 3.4(b)(c) interactively perform between each scale output to improve the detection
performance under small manipulation.

where parts of the image are erased and new contents are synthesized. To accurately detect these

manipulations, some methods rely on detecting anomalous image region or texture features, while

others identify double compression artifacts. While the State-of-the-Art (SoTA) IMD methods per-

form well on mainstream public IMD datasets, they still face two challenges as shown in Fig. 3.1.

First, existing IMD methods have general difficulties in detecting relatively small tampered re-

gions, due to the data-driven design under limited visual information. Secondly, approaches detect-

ing double compression inconsistencies with two different quantization matrices fall apart when

the compression Quality Factor (QF) remains the same. This is because the use of identical Q-

matrix can significantly suppress double compression artifacts. As shown in Fig. 3.3, methods in

this category detect tampered regions by identifying missing histogram values arisen from the two

compression processes. When the same QF is used, the histogram undergoes very small changes,

making it hard to detect double compression. In summary, as the image tampering techniques im-

prove increasingly fast, forensic problems are typically ill-defined, and IMD methods in general

fall behind in research for challenging cases.

To address the issues and challenging conditions, we present a new two-branch IMD network
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Figure 3.3: DCT coefficient histograms from the (0,1) position generated from a raw image
under different compression processes. The range of X-axis is [-20, 20].

incorporating both the RGB and frequency streams, such that both anomaly features and compres-

sion artifacts can be detected in a single framework. Our network adopts HR-Net [89] as a feature

extractor, with parallel processing at four different scales as in Fig. 3.2. To more precisely pin-

point tiny tampering regions, we carefully designed the model by applying Atrous Spatial Pyramid

Pooling (ASPP) [11, 104] and attention mechanism [87, 43]. For the frequency stream, we feed the

backbone with quantized DCT coefficients, Q-matrix, and novel residual DCT coefficients from

multiple recompressions to detect double compression artifacts. This design works regardless of

different or identical QF’s. To enhance the performance of the proposed two-branch model, we

introduce an adaptive weighted heatmap aggregation design at the end, using soft selection to fuse

the heatmaps generated by both branches. Our approach is distinct from the one used in [16],

which relies on a simple averaging operation.

Datasets play a critical role in training and evaluating the performance of models. There is no

publicly accessible datasets for challenging IMD cases. Existing datasets [24, 95, 65, 32, 1] exhibit

a significant imbalance in the distribution of tampered images or contains only one image format,

leading to an unreliable measurement of the overall detection capability of models. Additionally,

some datasets [61, 69] apply image tampering algorithms e.g., [19] to manipulate images in stan-

dard datasets such as MSCOCO [54], which raises concerns, as some IMD methods can rely on

MSCOCO pre-trained backbones. In order to evaluate the effectiveness of IMD methods in chal-

lenging conditions, we propose a novel Challenging Image Manipulation Detection (CIMD)

dataset with new features. CIMD consists of two subsets for evaluations of image-editing-based

and compression-based methods, respectively.
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The primary objective of the first subset is to evaluate the overall performance of image-

editing-based methods in detecting small manipulation regions across all three types of manipula-

tions. To ensure fair evaluation, we use raw images without any compression and ensure each type

of manipulation contains the same number of samples. The main objective of the second subset is

to assess the effectiveness of compression-based methods in detecting compression inconsistency

using double-compressed images with identical QF. We created splicing manipulation images in

which each double-compressed image was created using the same compression QF from 50-100.

CIMD was taken and tampered with manually, ensuring high-quality image samples and annota-

tions. We thus provide a reliable and accurate benchmark for evaluating the performance of image

manipulation detection models. The availability of paired authentic and tampered images enables

the comprehensive evaluation of a model’s ability to identify manipulated images. This chapter

makes the following contributions:

• We present a two-branch architecture incorporating RGB and frequency features for chal-

lenging image manipulation detection. To our knowledge, our model is the first approach to

focus on detecting small tampered regions.

• We introduced the pioneering compression artifacts learning model capable of detecting

double-compression artifacts, regardless of whether the quantization factors (QFs) are dif-

ferent or identical.

• We introduce a new high-quality CIMD benchmark for evaluating the performance of SoTA

IMD methods in challenging manipulations.

• Extensive experiments on CIMD demonstrate that the proposed approach outperforms the

SoTA significantly in challenging image manipulation detection.

3.2 The Challenging Image Manipulation Detection Dataset (CIMD)

The proposed dataset aims to evaluate the performance of models in detecting small region

forgeries, which has proven to be a challenging task for current state-of-the-art methods. However,
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CASIA
Columbia

(Color)
MICC-F220 CoMoFoD COVERAGE NIST16 Ours

Year 2013 2006 2011 2011 2016 2016 2024
Avg. Resolution 404× 321 938× 720 550× 780 512× 512 400× 486 2450× 3315 2048× 1365

Dataset size 800 363 220 260 200 564 800
Tampering Type C,S S C C C C,S,R C,S,R

JPEG ✓ - ✓ ✓ - ✓ ✓
TIFF Some TIFF ✓ - - ✓ - ✓

Binary mask - - - - ✓ ✓ ✓
Complex Tamper - - - - ✓ N/A ✓
Var. in Locations ✓ - ✓ ✓ - ✓ ✓

Small region - - ✓ - - - ✓

Table 3.1: A comparison of mainstream Image Manipulation Detection (IMD) datasets. The
Avg. and Var. are short for average and variation, respectively. Image tempering types
of splicing, copy-move, and removal are denoted as S, C, and R, respectively. The entry
of N/A means the criteria is not provided in the original paper. CASIA, Columbia, MICC,
CoMoFoD, COVERAGE, NIST16, and IMD datasets refers [24], [42], [1], [86], [95], [32],
and [69] respectively

among the existing mainstream evaluation datasets, only the MICC dataset [1] focuses on small

region forgery with only one type of tampering (copy-move). Therefore, to address this gap in

the evaluation, we introduce our new CIMD dataset, that is specifically designed to evaluate the

detection of small region forgeries. Unlike most previous datasets that only offer images for a

specific task, CIMD is a comprehensive dataset that covers multiple types of image forgery tasks,

including copy-move, removal, and splicing.

Recent datasets such as NIST16 [32] provide images for the three tampering types (copy-

move, removal, and splicing). However, all images in this dataset are compressed using JPEG,

which can be unfair in evaluating the performance of some methods. This is because some

compression-based methods can detect compression inconsistency instead of image editing traces.

Therefore, CIMD contributes to the field by offering both JPEG and TIFF forgery images, enabling

fair evaluation of image-editing methods and compression-based methods while eliminating the

bias caused by previous datasets with only JPEG images. To achieve a diverse evaluation dataset,

we conducted a year-long effort to collect original images, resulting in the first dataset that includes

images from all four seasons and different times of day and night.
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Table 3.1 provides a comprehensive comparison of mainstream public IMD datasets used in

many research papers. In addition to common criteria such as publication year and resolution, our

table incorporates criteria such as original image, complex tampering, variation in locations, and

all seasons. The original image criterion evaluates whether the datasets employ original, first-hand

images as their ground truth photographs. Utilizing first-hand images typically ensures superior

image quality and credibility. The complex tampering consists of color and contrast adjustments

within the manipulated regions, as these adjustments often yield more convincing forgeries. The

variation in location and all seasons in Table 3.1 means that the images were taken at different

geographical locations and times throughout the year, ensuring image diversity. Although most

datasets introduce image diversity by capturing images at various scenes within a short time frame,

they often neglect to consider the influence of seasonal changes. Our dataset addresses this limita-

tion by incorporating longitudinal diversity through the inclusion of images from all four seasons,

thereby providing a more accurate representation of daily life.

We aim to build a comprehensive validation dataset (CIMD) dedicated to small region forgery

(less than 1.5% on average) in both compressed and uncompressed scenarios. Our dataset are su-

perior in image quality, image diversity, and forgery strategy. Two separate subsets have been

introduced to evaluate image editing-based and compression-based methods, respectively.

Collection. We captured original images using Canon RP camera, encompassing both un-

compressed TIFF and compressed JPG forgery-original image pairs. These captures were taken

across highly diverse multi-season settings, characterized by intricate and sophisticated lighting

conditions. Our intention was to offer an impartial and all-encompassing assessment of models

within a real-life context. Two Disentangled Sub-Datasets. We offer two subsets: the CIMD-

Raw subset consists of pairs of original uncompressed TIFF images for the evaluation of image

editing-based methods. The CIMD-Compressed subset encompasses splicing forgery and their

corresponding original JPEG images with uniform quantization factors (QFs) ranging from 50 to

100. This subset evaluates the capability of compression-based models in detecting forgery under

the same QF conditions.

Processing and Tampering. We used Photoshop 2023 (PS) to process and create tampering pho-
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tos due to its popularity in other datasets mentioned in the related work section and its popularity

in general public.

3.2.1 The CIMD-Raw (CIMD-R) Subset

The CIMD-R benchmark provides a comprehensive evaluation of the image-editing-based

models’ performance in detecting small tampered copy-move, object-removal, and splicing forg-

eries on uncompressed images. The use of uncompressed images eliminates undesired compres-

sion artifacts on forgery region that can be otherwise sensed by neural networks, enabling a more

true performance evaluation on out-of-detection. CIMD-R comprises 600 TIFF images, with a

resolution of 2048 × 1365. Ground-truth masks are also provided. In addition, CIMD-R adopts

a future-oriented approach by providing 16-bit image pairs that offer up to 248 (trillions of) col-

ors. For copy-move manipulation, a part of an image is copied and pasted within the same image,

followed by five post-processing methods: scaling, rotation, level/curve increasing, illumination

changing, and color redistribution. In the case of removal manipulation, forged images are syn-

thesized by removing the selected region from the image (via Content-Aware Fill in PS). Content-

Aware Fill is widely used in several datasets [73, 23] and represents the PS’s best guess to inpaint

the object according to the surrounding region. For splicing forgery, regions from one image are

copied and pasted into another source. Then, the same post-processing methods mentioned in

copy-move are applied to make the forged region harmonious with its surroundings.

3.2.2 The CIMD-Compressed (CIMD-C) Subset

The CIMD-C benchmark is designed to evaluate the capability of compressed-based models

in detecting double JEPG compression artifacts, where the primary and secondary compression

has the same QFs. The dataset comprises 200 JPEG images with a resolution of 2048 × 1365,

wherein the QF is uniformly distributed as 50 ≤ QF < 100. Forgery images are generated akin

to CIMD-R’s splicing samples, with the distinction that the forged image is saved using the JPEG

compression algorithm, employing the same QF as the original image. The original images were
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produced from RAW files ensuring that the original images are compressed for the first time, en-

hancing the dataset’s credibility. In the forgery images, the background is double-compressed,

while the tampered regions are single-compressed. Furthermore, the dataset also comprises binary

masks and QF values utilized for compression, thereby augmenting its utility for further investiga-

tions into the effects of different QFs.

3.2.3 Ethics Statement

To ensure ethical compliance, all photos presented in our dataset are original and obtained

either in public places or with the owners’ explicit permission in private places, in accordance with

local jurisdiction laws. Moreover, the authors ensure that the photos contain neither identifiable in-

dividuals nor personal information. As advised by institutional review boards (IRB), IRB approval

is not required for the dataset. Datasets will be publicly available upon acceptance.

3.3 Two-Branch RGB–Frequency IMD Network

The two-branch architecture we propose enables the detection of both anomalous features

and compression artifacts inspired by [51]. Furthermore, our model is effective for detecting small

manipulation regions and identifying double compression traces that apply the same quantization

matrix (Q-matrix). To achieve our research objectives, we adopted HR-Net [89] as the backbone

of our model, based on its ability to offer three-fold benefits. Firstly, the absence of pooling

layers in HR-Net ensures that the features maintain high resolutions throughout the entire process.

Secondly, the model processes features from different scales in parallel with effective information

exchange, which is essential for capturing information of varying scales. Finally, the input size of

HR-Net is ideally suited for DCT features. Since after processing by dilated convolution with a

rate of 8, the size of the DCT feature is reduced to 1/8 of the input size, which is equivalent to the

second stage resolution of HR-Net.
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(a)

(b)

(c)

Figure 3.4: Detailed structure of the Atrous Spatial Pyramid Pooling (ASPP), channel atten-
tion and spatial attention.

3.3.1 Network Architecture

The network architecture comprises two branches, one for detecting anomalous features and

the other for identifying compression artifacts, as in Fig. 3.2. For the RGB stream, the input

image is fed to a full HR-Net, which learns the image editing traces from the visual content. In

the frequency stream, the image is first input to the proposed compression artifact learning model

shown in Fig. 3.5 to extract various DCT features. Subsequently, the DCT features are fed to a

variant of the HR-Net, which operates at three different resolutions (1/8, 1/16, and 1/32).

To precisely pinpoint small tampering regions, we carefully designed our model using both

Atrous Spatial Pyramid Pooling (ASPP) [11] shown in Fig. 3.4(a) and Attention Mechanism shown

in Fig. 3.4(b)(c). The ASPP captures long-range distance information via various receptive fields
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Figure 3.5: The compression artifact learning module. Three types (de-quantized, quantized,
and residual quantized) of DCT features are fed into the backbone to learn double compres-
sion artifacts in cases whether the QFs are the same or not.

and handles scale variations. It consists of three dilated convolutional layers with different rates

and a Global Average Pooling (GAP). The resulting features are concatenated and passed to a 1×1

convolution.

The starting point for designing an attention mechanism between each resolution output

of HR-Net lies in the understanding that the four scale features extracted from HR-Net contain a

diverse range of semantic and spatial information. Specifically, the high-resolution features contain

more spatial content, whereas the low-resolution features carry more semantic responses. However,

most prior methods simply do upsampling and concatenate these features for detection without

adequately considering their inter-dependencies. The attention mechanism aims to fully leverage

the information provided by each resolution and improve detection performance. Specifically,

the approach utilizes channel attention from a bottom-up path and spatial attention from a top-

down path, where two attention modules collaborate to enhance the features interactively. Through

this approach, we seek to fully exploit the potential of each scale feature and improve detection

performance.

We next describe how attention works interactively in the RGB stream, where the procedure

is virtually identical to the frequency stream, with a different number of output resolution branches.

Given a RGB input image I with width W and height H , I ∈ RH×W×3, the HR-Net output features

25



in four resolutions can be denoted as F1 ∈ RH/4×W/4×C1 , F2 ∈ RH/8×W/8×C2 , F3 ∈ RH/16×W/16×C3

and F4 ∈ RH/32×W/32×C4 , and C1 = 48, C2 = 96, C3 = 192, C4 = 384 as default setting. The

bottom-up channel attention feature are calculated using:

Fn = C(Fn+1)⊙ Fn, n = 1, 2, 3, (3.1)

where C(·) denotes the channel attention block in Fig. 3.4(b) and ⊙ represents element-wise mul-

tiplication. As F4 contains the highest level of semantic information, it remains unchanged at the

channel level.

For the detail of channel attention, the feature maps Fn+1 undergo an essential preliminary

transformation through a 1 × 1 convolutional layer. This transformation is crucial to ensure that

the number of channels between Fn+1 and Fn is consistent, thereby enabling the element-wise

multiplication to be performed effectively in the channel dimension. We set the transformed chan-

nel number as C
′ . The transformed features are subsequently fed to a Global Average Pooling,

denoted as GAP (·), followed by the excitation process E(·) = C
′ → C

′
/r → C

′ , r = 4). The

channel attention is calculated as C(F ) = σ (E(GAP (Conv1×1(F )))) , where σ(·) is the Sigmoid

activation function.

Following the application of bottom-up channel attention, the feature maps F2, F3, and F4

are upsampled using the bilinear upsampling method to match the resolution of F1. The spatial

attention mechanism from the top-down pathway is then applied, which is given by:

Fm = S(Fm−1)⊗ Fm, m = 2, 3, 4, (3.2)

where S(·) is the spatial-attention in Fig. 3.4(c). As F1 contains the richest spatial information, it

remains unchanged at the spatial level. The spatial attention is calculated using the Spatial Max

Pooling Pmax and Spatial Average Pooling Pavg as S(F ) = σ (Conv1×1 [Pmax(F );Pavg(F )]) ,

where [; ] denotes concatenation.

The feature maps of each branch, after undergoing upsampling and interactive attention,
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Figure 3.6: Visualization of DCT coefficients for each recompression for a repeatedly com-
pressed image under QF 80. The number below shows recompression counts. Black pixels
indicate unaltered DCT coefficients. White pixels indicate the unstable region where DCT
coefficients change after compression, which gradually focus on the tampered region as the
count increases.

have the same resolution. These features are then concatenated together to form final features

for adaptive weighted heatmap aggregation in inference stage. Our model generates two final

heatmaps, which are aggregated through soft selection. Specifically, we employ bilinear feature

upsampling to upscale the heatmap of the frequency stream to match the resolution of the RGB

stream heatmap. Following this, we apply the Softmax activation function to the heatmaps, and

then use Global Max Pooling (GMP), denoted as GMP (·), to select the main heatmap and its cor-

responding weight. This selection is based on higher values, which indicate a stronger localization

response compared to the other heatmaps. We define the main and secondary heatmap using hm

and hs. Thus the weighted aggregated heatmap h can be generated using:

h = GMP (hm) · hm + (1−GMP (hm)) · hs. (3.3)

Finally, the same as [12], we apply a non-trainable GMP over the predicted binary mask to perform

image-level detection, since image-level detection is highly related to pixel-wise prediction.

3.3.2 JPEG Compression Artifacts Learning Model

Our compression learning model aims to identify compression artifacts in double-compressed

images, regardless of whether the primary and secondary compressions have the same QF or

not. Several approaches attempt to detect inconsistencies in the DCT histogram, as illustrated

in Fig. 3.3(b)(c). It should be noted that when double compression is performed using the same

Q-matrix, histogram-based methods are not effective since there are very few compression incon-
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sistencies, as shown in Fig. 3.3(d). Fortunately, some traces can still be detected even in such

conditions. It was observed in [46] that when a JPEG image is repeatedly compressed using the

same QF, the number of different quantized DCT coefficients between two consecutive compres-

sions decreases monotonically. Several methods [76, 103, 67] leverage this evidence to determine

whether an image has been single or double-compressed. In contrast to previous approaches, we

investigate the feasibility of leveraging this trace to localize tampered regions in an image. Fig. 3.6

shows that when a spliced image is created using the same QF, the manipulated region is singly

compressed, however the background regions are doubly compressed. Consequently, when the

image is repeatedly compressed, unstable quantized DCT coefficients gradually focus on the tam-

pered area, while the authentic regions remain relatively stable. Based on this observation, we

introduce a novel residual DCT map to guide the DCT features to better focus on the unstable

regions for IMD.

Our method focuses only on Y-channel DCT map, as it is more sensitive to human eyes.

Given a JPEG image, it is easy to obtain the Y-channel quantized DCT coefficients Q0 and its

corresponding Q-matrix from the JPEG file header. The Q-matrix is first repeated to have the same

size as Q0 and we set the repeated Q-matrix as q. Thus, We compute the (k+ 1)th re-compression

quantized JPEG coefficients Qk+1 using the following equations sequentially:



Dk = Qk ⊙ q

Bk = IDCT (Dk)

Ik+1 = RT (Bk)

Qk+1 = [DCT (Ik+1)⊘ q]

, (3.4)

where ⊘ denotes element-wise division, D, B, I and Q represent de-quantized DCT coefficients,

de-transformed blocks using inverse DCT, image blocks and quantized JPEG coefficients respec-

tively. The subscripts of the variables in the above equations represent the number of recompres-

sions and we experimentally set k = 7. RT (·) is rounding and truncation operation. [·] denotes to

the rounding operation. Thus, the residual de-quantized DCT coefficients R after k-times recom-
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pressions is defined as:

R =
1

k

k∑
i=1

(Qi −Qi−1). (3.5)

For original Y-channel DCT coefficients Q0, we perform a clipping operation using a thresh-

old value T, after which we convert them into a binary volume. Denote this binary value conversion

as f : QH×W
0 → {0, 1}(T+1)×H×W . It is shown in [107] that f is effective in evaluating the cor-

relation between each coefficient in the DCT histogram. Therefore, the DCT coefficients Q0 is

converted to binary volumes as:

f(Qt
0(i, j)) =

 1, if |clip(Q0(i, j))| = t, t ∈ [0, T ] ,

0, otherwise.

The function clip(·) is utilized to extract the histogram feature within [−T, T ], which is essential

for GPU memory constraints. We set T as 20 from the experiments. Additionally, we apply the

absolute operation as DCT histogram exhibits symmetry.

The compression artifact learning method involves two element-wise multiplication oper-

ations. The first multiplication is performed between the histogram features and the Q-matrix,

which is utilized to simulate the JPEG de-quantization procedure. The second multiplication is

used to guide the histogram feature to focus more on unstable coefficients, which is a critical step

for detecting double-compressed images using the same QF.

In an 8×8 block of DCT coefficients, each coefficient position represents a specific frequency

component. However, the convolution operations in the backbone are designed for RGB images

and ignore these frequency relationships. To fully exploit the spatial and frequency information

of the DCT coefficients, a reshaping operation is necessary. In detail, each block with a size of

(8×8×1) is reshaped into a size of (1×1×64). Thus, the first and second dimensions represent the

spatial information, while the third dimension represents the frequency relationship. Next, the de-

quantized, quantized, and residual histogram features are concatenated in the channel dimension.

Finally, the concatenated features are input to a 1×1 convolutional layer and the backbone network
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for the detection task.

3.4 Experimental Results

We first describe the experimental setup, and then compare the proposed network with the

state-of-the-art methods on the newly proposed CIMD dataset.

Datasets. The training datasets used in this study were adopted from [51]. The testing phase

entailed the utilization of CIMD-R and CIMD-C to evaluate the efficacy of image-editing-based

and compression-based methods, respectively.

Evaluation metrics. Following most previous work, we evaluated the localization results

using pixel-level F1 score with both the optimal and fixed 0.5 thresholds. For image-level detec-

tion, we employed AUC and image-level accuracy. We set 0.5 as the threshold for image-level

accuracy. Only tampered images are used for the manipulation localization evaluation.

Implementation details. Our model was implemented using PyTorch [74] and trained on 8

RTX 2080 GPUs, with batch size 4. We set the initial learning rate as 0.001 with exponential decay.

The training process consists of 250 epochs. The proposed model is designed to accept various

image formats, including both JPEG and non-JPEG formats. The training objective is designed to

minimize the pixel-level binary cross-entropy.

3.4.1 Comparison With State-of-the-Art Methods

To guarantee a fair comparison and evaluate the previous models using newly introduced

CIMD, we select the state-of-the-art approaches using these two standards: (1) pre-trained model

is publicly available, and (2) the evaluation datasets we used are not in their training sets. Fol-

lowing these criteria, we select RRU-Net [7], MantraNet [99], HiFi IFDL [34], CR-CNN [102],

SPAN [45], PSCC-Net [56], MVSS-Net [12], IF-OSN [98], CAT-Net [51], DJPEG [73] and Com-

print [62].

We use CIMD-R to evaluate the performance of the image-editing-based method, while
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Method Pixel-level F1 Image Level
Best Fixed AUC Acc

RRU-Net [7] 0.126 0.103 0.500 0.500
CR-CNN [102] 0.126 0.088 0.513 0.502
MantraNet [99] 0.051 0.018 0.500 0.500
SPAN [45] 0.160 0.045 0.510 0.498
HiFi IFDL [34] 0.145 0.115 0.502 0.502
PSCC-Net [56] 0.208 0.118 0.514 0.505
CAT-Net [51] 0.301 0.194 0.589 0.537
MVSS-Net [12] 0.234 0.153 0.568 0.515
IF-OSN [98] 0.184 0.103 0.516 0.522
Ours 0.444 0.335 0.677 0.545

Table 3.2: Evaluation results for image-editing based methods using CIMD-R. Pixel-level F1
scores are calculated using both best and fixed (0.5) thresholds. For image-level performance,
AUC and image-level accuracy are reported.

Method Pixel-level F1 Image-level
Best Fixed AUC Acc

DJPEG [73] 0.026 0.022 0.500 0.500
Comprint [62] 0.030 0.010 0.467 0.500
CAT-Net [51] 0.395 0.259 0.534 0.490
Ours 0.542 0.442 0.727 0.525

Table 3.3: Evaluation results for compression-based methods on the CIMD-C subset.

CIMD-C is utilized for compression-based approaches.

Evaluation using CIMD-R subset. Table 3.2 reports the results of image-editing-based

methods using CIMD-R, in which all image samples are uncompressed. Two Pixel-level F1 scores

are calculated using the best F1 threshold for each image and using fixed F1 threshold of 0.5,

respectively. Best scores are highlighted in bold. Our method outperforms existing SoTA methods

in both image-level and pixel-level evaluation, which demonstrates its superiority for detecting

small tampering regions.

Evaluation using CIMD-C subset. Table 3.3 compares the performance of compression-

based IMD methods, where all image samples are double compressed using the same QF and the

evaluation settings are consistent with those used in Table 3.2. Our method is again the best per-

former in terms of overall performance, highlighting the effectiveness of our approach for double-

compressed images with the same QF.
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Method
Columbia CASIAv1+
F1 AUC F1 AUC

RRU-Net [7] 0.595 0.580 0.410 0.575
CR-CNN [102] 0.436 0.783 0.405 0.719
MantraNet [99] 0.364 0.701 0.155 0.500
SPAN [45] 0.487 0.500 0.184 0.500
PCSS-Net [56] 0.625 0.657 0.520 0.856
CAT-Net [51] 0.876 0.971 0.437 0.647
MVSS-Net [12] 0.655 0.984 0.456 0.837
IF-OSN [98] 0.724 0.883 0.509 0.873
Ours 0.919 0.910 0.552 0.932

Table 3.4: Evaluation results compared with SoTA method using two public image manipu-
lation datasets. The evaluation metrics are fixed pixel-level F1 and image-level ROC-AUC.

Evaluation using Public IMD Datasets. We use two publicly available datasets, namely

the Columbia [65] and CASIAv1+ [24]), which are widely used in image forgery detection. The

performance of our model is compared with existing SoTA approaches on both datasets. Notably,

all the images in the Columbia dataset are uncompressed, whereas all samples in the CASIA v1+

are JPEG compressed. This selection allows us to further demonstrate our model’s detection abil-

ity on both uncompressed and compressed image samples, thereby providing a comprehensive

performance evaluation.

Table 3.4 report this evaluation results. Observed that our model demonstrates excellent

localization performance on both datasets. In terms of image-level AUC, our model outperforms

the SoTA approach on the CASIAv1+ dataset. However, on the Columbia dataset, our model’s

performance is inferior to that of CAT-Net and MVSS-Net. Our interpretation is that this may be

due to the high sensitivity of our model compared to them.

Visualization Results Compared with State-of-the-Art. We provide additional visualiza-

tions to compare our approach with existing methods in Figure 3.7 and Figure 3.8. Unlike previous

studies that only report tampered detection results, we provide the detection results for each image

pair, which includes both the tampered and corresponding authentic image. It is straightforward

that when running image manipulation detection on the original unaltered image, any positive re-
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Method CIMD-R Subset CIMD-C Subset
F1 AUC F1 AUC

RGB Stream 0.330 0.593 0.409 0.525
Frequency Stream 0.130 0.531 0.301 0.512
RGB + Freqnency 0.335 0.677 0.442 0.727

Table 3.5: Ablation study of two streams to work collaboratively and/or separately.

sponse reported by the detector is a false positive. We believe that this comparison is more effective

in showcasing the overall detection ability of the model for both manipulated and authentic sam-

ples. From Figure 3.7 and Figure 3.8, our model achieve the best detection results in both CIMD-R

and CIMD-C subsets when compared with the state-of-the-art IMD methods. It is important to note

that our method produces not only very good true detections, it is also good in suppressing false

positives.

Ablation study. We provide a simple ablation study shown in Table 3.5. Observe that

our RGB stream is effective in both compressed and uncompressed data. Notably, the frequency

stream fails to produce satisfactory results in CIMD-R due to the absence of compression artifacts.

However, when the two branches work collaboratively, the model’s performance improves in both

localization and detection evaluation.

3.5 Limitation

We provide visualization of some failure cases of our model in Figure 3.9, where our model

can not detect the small removal regions. Our interpretation is that this can be due to the insufficient

number of removal training samples in our training set, as the CIMD dataset mainly consists of

splicing and copy-move manipulation types.

In addition to the bias of training dataset, the new version of Photoshop now provides gener-

ative neural networks to perform image inpainting. Image tampering using such technology makes

the task of detecting removal region more difficult.
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Figure 3.7: Visualization results compared with SoTA image-editing-based methods using
CIMD-R subset. We provide the detection results of both tampered and their corresponding
authentic images. Each sub-figure in (a-f) contains two rows, where the top row shows the
IMD results on a tampered image, and the bottom shows the IMD results running on the
unaltered authentic image. We show the IMD results on the unaltered images to highlight
the false-positives (FP) of the evaluated methods. Observe that the proposed method has very
few FP, showing that it is superior to other methods. The (a-b) input images are tampered
with copy-move, the (c-d) input images are tampered with region removal, and (e-f) input
images are tampered with region splicing.

34



Figure 3.8: Visualization results compared with SoTA compression-based methods using
CIMD-C subset. Detection results are provided for both tampered images and their corre-
sponding authentic counterparts. The same as in Figure 3.7, each sub-figure in (a-b) contains
two rows, where the top row shows the IMD results on a tampered image, and the bottom
shows the IMD results running on the unaltered authentic image.
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Figure 3.9: Some failure cases of proposed model, where it cannot detect small regions with
pixels removed (not copy-move nor spliced).
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CHAPTER 4

Image Manipulation Detection With Implicit Neural Representation and

Limited Supervision

In the previous chapter, we introduced a new challenging image manipulation detection bench-

mark (CIMD) along with a method capable of handling such difficult cases. However, that ap-

proach is still a fully supervised method, requiring accurate pixel-level annotations. To avoid this

dependency and further improve the generalizability of IMD in real-world scenarios, this chapter

proposes a novel framework that unifies weakly supervised and unsupervised approaches.

A key limitation of state-of-the-art methods is their reliance on large, high-quality training

datasets with both image- and pixel-level annotations. Their performance often degrades when ap-

plied to manipulated or noisy samples that deviate from the training distribution. To address these

challenges, we introduce a unified framework that integrates unsupervised and weakly supervised

strategies.

Specifically, we design a novel preprocessing stage based on a controllable fitting function

derived from Implicit Neural Representation (INR). In addition, we propose a selective pixel-

level contrastive learning scheme that concentrates on high-confidence regions, thereby reducing

uncertainty arising from the absence of pixel-level annotations. In the weakly supervised setting,

ground-truth image-level labels guide predictions through an adaptive pooling mechanism. In the

unsupervised setting, we adopt a self-distillation strategy that exploits high-confidence pseudo-

labels extracted from deep network layers and multiple information sources.

Extensive experiments demonstrate that our framework not only surpasses existing unsu-

pervised and weakly supervised methods but also achieves competitive performance compared to

fully supervised approaches on novel manipulation detection tasks.

The chapter is organized as follows. Section 4.1 motivates the problem and presents the
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central idea of using INR-based reconstruction errors as manipulation priors, highlighting the key

contributions. Section 4.2 details the proposed two-branch architecture, including Neural Repre-

sentation Reconstruction (NRR), selective contrastive learning, and adaptive global-average pool-

ing (AGAP). Section 4.3 reports experimental results on both standard and novel manipulation

benchmarks, followed by ablation studies that validate each component. This chapter reproduces

material from [122]. Reproduced with permission from Springer Nature.

4.1 Motivation and Problem Setting

The emergence of diverse media tampering tools, such as Photoshop and AI editing and gen-

eration methods [78, 101, 117, 114, 21], has made it increasingly convenient to manipulate media

content. However, this accessibility also brings forth the concerning issue of widespread misin-

formation, which can precipitate serious security implications. Therefore, the development and

implementation of robust tampering detection technology, namely, Image Manipulation Detection

(IMD) methods, are imperative to mitigate these risks effectively. The fundamental manipulation

operations that previous methods typically address are as follows: (1) Splicing, which involves

taking content from one image and pasting it onto another image, (2) Copy-move, in which parts

of an image are duplicated and relocated to another location within the same image, (3) Inpainting,

which entails erasing parts of an image and replacing them with synthesized content.

Despite significant advances in fully supervised IMD methods, they encounter several no-

table challenges. First, these methods often perform poorly when confronted with unseen manip-

ulation types. Second, extension of them towards unseen manipulation types faces challenges due

to their reliance on high-quality training datasets with either image-level and pixel-level annota-

tions. Acquiring such datasets is costly and in many cases, impractical, especially considering the

myriad varieties of real-life tampering methods. Third, while some language-guided datasets may

lack pixel-level labels, they hold advantages handling real-world scenarios. These datasets can

potentially enhance the generalization capability of IMD models.

To address the limitations of fully supervised IMD methods and enhance the generaliza-
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Figure 4.1: We conducted experiments using three widely-used evaluation datasets contain-
ing both authentic and tampered samples. Performance are compared with six state-of-the-
art fully supervised IMD methods. The pixel-level F1 score is calculated using tampered im-
ages, while image-level accuracy is computed using authentic images. The blue and orange
bars represent the original datasets and reconstructed datasets via Implicit Neural Repre-
sentation, respectively. It is evident that there is a significant performance decrease in all
methods when applied to reconstructed images in pixel-level detection compared with the
original dataset. On the other hand, performance using authentic images shows less change.
The scores are averaged across CASIAv1 [23], Coverage [95], and Columbia [42] datasets.

tion ability toward real-world use, we propose to integrate unsupervised and weakly supervised

approaches into a unified IMD framework. Our framework allows training with solely image-

level labels or even without any labels, aligning with many unsupervised and weakly supervised

tasks [116, 26, 118]. Compared to the fully supervised methods, our approach comes with superior

generalization capabilities and can be trained using datasets without annotations. Our method be-

gins with the observation that tampered regions exhibit differences from authentic regions in most

cases, such as the variations in color and lighting, which pose challenges for the fitting function

that needs to model regions accurately. It is shown in [105] that the controllable fitting function

of Implicit Neural Representation (INR) tends to learn an average representation of the training

images. Motivated by this insight, we raise the following question as our hypothesis: if we train

an INR solely on authentic images, can the fitting function effectively represent the characteristics

of tampered regions?

To obtain the answer to this question, we first train an INR using only pristine images from

CASIAv2 [24] and use it to reconstruct three mainstream datasets. We then apply fully supervised

SoTA methods to evaluate the reconstructed datasets, as shown in Fig. 4.1. Surprisingly, the evalua-
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Figure 4.2: Examples of pixel-level Mean Squared Error (MSE) maps computed between
original and reconstructed images are presented. The first two rows depict the data samples
and their corresponding ground-truth masks, respectively. The first three columns showcase
tampered image examples, while the last three columns display authentic images, where the
ground-truth masks are all black. Apparently, the reconstruction process fails to properly
reconstruct the tampered pixels, resulting in activations in the MSE map. Conversely, there
is minimal change observed in the authentic samples.

tion results of these methods exhibit a significant decrease when using INR-reconstructed samples,

while there is less performance change in the authentic image samples. This outcome leads us

to an initial assumption that the INR may not effectively capture the characteristics of tampered

regions. To validate this assumption, we compute the reconstruction error map between the re-

constructed and original images in Fig. 4.2. Remarkably, we observe activation in the tampered

regions of the tampered samples, while there is no discernible difference in the authentic samples.

This observation inspires us to incorporate the INR as a pre-processing method and concatenate

the reconstruction error map with the input RGB images before feeding them to the backbone.

Notably, this operation alone yields promising results in our weak supervision approach. We name

this pre-processing method as Neural Representation Reconstruction (NRR). It is noteworthy

that our proposed pre-processing utilizing INR differs from previous methods employing high-pass

filters such as SRM [30] or Bayer [102], which can only suppress low-frequency information, thus

they are ineffective and inefficient at highlighting potential manipulation regions. Additionally,
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Figure 4.3: An overview of the proposed two-branch framework. The first branch accepts
concatenated four-channel inputs as the main branch, while the NRR reconstructed image
is fed into the second branch as a complementary branch. Selective contrastive learning is
applied only to the pixels that have high confidence of being authentic or tampered. The
classification result is conducted by using global-average pooling on both the result of the
main branch using Otsu’s method and intersected tampered pixels from clustering. In the
weakly supervised setting, ground-truth image-level labels are applied for supervision. In
the unsupervised setting, high-confidence pseudo-labels from the deepest layers are used to
guide the shallow outputs.

they can only work when tampered parts originate from a different source, such as splicing or re-

moval. Our method, however, proves effective even when the tampered parts originate from the

same source as the authentic parts, such as copy-move operations.

Following the success of the pre-processing using INR, we further explore our findings and

leverage it fully in our framework. Drawing inspiration from Contrastive Learning [36], we uti-

lize NRR as a contrastive sample generator and introduce selective pixel-level contrastive learn-

ing, focusing solely on highly confident regions. This approach effectively mitigates uncertainty

associated with the absence of pixel-level labels and further enhances weakly supervised perfor-

mance. We further extend our method to a fully unsupervised approach trained with selected

high-confidence pseudo-labels using a self-distillation [113] training strategy. Finally, previous
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SoTA methods widely apply Global-Max Pooling (GMP) or Global-Average Pooling (GAP) for

image-level detection. However, GMP can hinder training and cause inaccurate predictions, as

only the most discriminative response is back-propagated, neglecting the entire tampered content.

Conversely, GAP is susceptible to inaccuracies due to weakly activated pixels. To overcome this

limitation, we propose an adaptive global-average pooling that focuses on the high-confidence

tampered regions. Our method can thus produce more comprehensive and robust image-level pre-

dictions.

Experimental evaluations are conducted on seven datasets, including five mainstream datasets

featuring general manipulation types and two novel datasets containing unseen tampered samples.

The results demonstrate that our methods outperform SoTA weakly and unsupervised methods.

Furthermore, our method achieves competitive results compared to fully supervised methods in

novel manipulation detection tasks. Finally, our method can be easily extended to the datasets

without pixel-level labels, which shows enhanced generalizability.

This chapter makes the following contributions:

• We propose a novel method that achieves plausible weakly and unsupervised IMD results.

Our method can be easily adapted to images without labels or only with image-level labels.

• To our knowledge, we are the first to investigate the potential of Implicit Neural Represen-

tation (INR) in the IMD task. The pre-process step utilizing INR demonstrates effectiveness

in handling tampered cases.

• We introduce selective supervision, which mitigates uncertainty associated with the absence

of labels and further improves detection performance.

• Extensive experiments validate the efficacy of our proposed methods, showcasing superior

performance on both standard and novel manipulation types compared to SoTA methods.
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4.2 INR-Guided Weakly and Unsupervised IMD Framework

4.2.1 Overall Architecture

Fig. 4.3 illustrates the overall architecture of our IMD framework. The basic architecture

comprises two branches with shared weights. Given an RGB image I ∈ RH×W×3 where H and W

are its height and width, respectively, we first apply Neural Representation Reconstruction (NRR)

to reconstruct it as IR ∈ RH×W×3 and generate a reconstruction error map IE ∈ RH×W×1 be-

tween IR and I . We then concatenate I and IE , feeding them into the first branch, which serves

as the main branch. Similar to most IMD methods, the main branch generates a mask using a

simple upsampling and Sigmoid activation function on the final feature map. We then apply Otsu’s

method to adaptively select the activated region for image-level prediction, as done in [109]. The

reconstructed image IR is fed into the second branch, acting as a complementary branch for feature

matching. After processing with the backbone, we obtain two feature maps F and FR. We next

compute the feature matching scores M between the two feature maps via a dot product, where

authentic pixels tend to have higher matching scores and vice versa. For the two-class classifica-

tion of manipulation detection, unsupervised clustering is applied to F and M . We then intersect

the two clustering results and exclusively apply pixel-level contrastive learning to the intersected

features that exhibit higher confidence in being either authentic or tampered. The image-level clas-

sification result is conducted using the proposed adaptive global average pooling, which focuses

on the high-confidence tampered regions for comprehensice image-level prediction. In a weakly

supervised manner, the ground-truth image-level label is applied to supervise the prediction. In

an unsupervised manner, a selected set of high-confidence pseudo-labels from the deepest layer

are utilized to supervise the shallow prediction via self-distillation [113] training strategy. The

high-confidence pseudo-labels are chosen by comparing predictions derived from Otsu’s method

and clustering technique, opting solely for those consistently identified by both sources.
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4.2.2 Neural Representation Reconstruction

Inspired by [105] and the observation from our experiment in Fig. 4.1 and 4.2, we apply

NRR to reconstruct the input image. The reconstruction error can highlight the manipulation trace,

thereby furnishing an indispensable prior to the subsequent IMD model. In INR, the input image

is first converted to a feature map FN ∈ RH×W×C using an image encoder, where H and W are

height and width, C is the number of feature channels. The coordinate set of input can be expressed

using X ∈ RH×W×2. We proceed by concatenating FN and X , subsequently feeding them into a

Multi-Layer Perceptron (MLP) for decoding. The NRR is formulated as:

IR[x, y] = MLP (FN [x, y], X[x, y]), (4.1)

where IR is reconstructed RGB pixel values from I , [x, y] is each pixel location. The main goal of

NRR is to reconstruct the RGB values of I , with loss function formulated as:

LNRR = ∥I − IR∥1 . (4.2)

Note that such reconstruction can not depict the high-frequency pixels properly. We therefore

apply the positional encoding from [63] to map X to a higher-dimensional space. Such positional

encoding is expressed as:

X
′
=

(
sin(20πX), cos(20πX), · · ·, sin(2L−1πX), cos(2L−1πX)

)
, (4.3)

where L is a pre-setting constant to control the fitting ability of NRR. Normally, larger L results

in a more accurate fitting. In our task, we aim to avoid outputs from NRR that mirror the inputs;

instead, we desire NRR to faithfully preserve information in normal (authentic) content while

introducing unfaithfulness in extreme (tampered) pixels. We empirically choose L = 8 as the

optimal trade-off.
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4.2.3 Selective Contrastive Learning

After obtaining IR from NRR, we calculate the reconstruction error map between I and IR

using IE = (IR − I)2. Then, we concatenate IE and I , enhancing the input to the backbone’s

first (main) branch. For the input of the second (complementary) branch, we send IR for feature

matching. We employ ResNet50 [37] as a backbone, which consists of four stages that match

previous weakly supervised methods. The weights of two branches are shared. After processing

by the backbone, we obtain 2 feature outputs F and FR from different input sources. We then

compute the feature matching scores M using the dot product as:

Mx,y = σ

(
P (F x,y

R ) · P (F x,y)√
C

)
, (4.4)

where Mx,y is the similarity score at the spatial location (x, y). The project head P (·) contains 2

convolutional layers and ReLU activation. The σ(·) denotes the sigmoid activation function, and
√
C provides normalization.

Due to the ability of NRR to properly reproduce only authentic pixels (and not tampered

ones), the high matching scores in M tend to correspond to the authentic parts of the image. In con-

trast, low scores tend to correspond to manipulated regions of the image. Due to the lack of ground-

truth masks to supervise the final features, we apply unsupervised clustering for forged/pristine

classification similar to [97, 8, 68, 72, 77] and assume that the cluster with fewer elements is the

tampered cluster. This assumption aligns with the real-world situation of current manipulation

datasets. The reason is that, in most cases, the tampered region is usually much smaller than the

authentic ones.

Ideally, we can apply pixel-level contrastive learning through InfoNCE [36] on M and F

as [97]. However, we found that this method does not work well in our experiments, as clustering

may come with low confidence due to the lack of ground-truth masks. To address this issue, we

intersect on the clustering results of M and F , and denote the intersected clustering as CI . After the

intersection, we will have 2 clusters with higher confidence in being either authentic or tampered

with, since they come from the same prediction from 2 different sources. We thus apply InfoNCE
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only to intersected pixels for contrastive learning, leaving the ambiguous pixels unchanged. This

selective contrastive learning loss is formulated as:

LSCL = − log
1
J

∑
j∈[1,J ] exp(q · k

+
j /τ)∑

i∈[1,K] exp(q · k
−
i /τ)

, (4.5)

where q is an encoded query; J and K are the number of selected positive and negative keys,

respectively; τ is a temperature hyper-parameter. We set positive keys k+
j as pixels associated with

pristine regions, whereas negative keys k−
i correspond to pixels linked to tampered regions.

4.2.4 Adaptive Global Average Pooling

Many existing methods use Global-Max Pooling (GMP) and Global-Average Pooling (GAP)

for image-level prediction to determine if the input is authentic or tampered. However, GMP can

hinder training and cause inaccurate predictions as only the most discriminative response is back-

propagated, neglecting the entire tampered content. Global-Average Pooling (GAP) is susceptible

to inaccuracies due to weakly activated pixels.

To tackle these challenges, we introduce Adaptive Global Average Pooling (AGAP), which

focuses on the high-confidence tampered regions for comprehensive image-level prediction. Lever-

aging the intersection of two clustering results (discussed in Section 4.2.3), we initially apply

Global Average Pooling (GAP) exclusively to intersected tampered regions from a clustering per-

spective. However, relying solely on unsupervised clustering may not guarantee optimal perfor-

mance and robustness across all input types without ground-truth labels. As discussed in [55],

Otsu’s method performs well when the image histogram exhibits a bimodal distribution, whereas

clustering provides flexibility and the ability to handle more complex histograms. Therefore, we

combine Otsu and clustering to enhance image-level prediction and training robustness. Specifi-

cally, GAP is applied to the tampered responses from both Otsu and intersected clustering results

for loss computation with image-level labels. Further details on Otsu’s method and clustering can

be found in their respective papers [71, 27].
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4.2.5 Weakly-supervised and Unsupervised IMD

In the weakly-supervised IMD setting, we utilize ground truth image-level labels to supervise

the prediction training using a binary cross-entropy (BCE) loss, which is:

LBCE(g, ĝ) = −(1− g) log(1− ĝ)− g log(ĝ), (4.6)

where g and ĝ are the ground-truth and prediction scores, respectively. The final classification loss

in a weakly supervised manner is the sum of two BCE losses, comparing two pooling results with

g.

In the unsupervised IMD setting, where no labels are used, we employ a self-distillation

training strategy [113], using pseudo-labels from the deepest layers as a teacher to supervise the

shallow outputs.

To streamline prediction results from shallow layers and mitigate computational overhead,

the classification head following each middle stage of the backbone uses spatial-average pooling in

the channel dimension, reshaping it into a one-channel feature map. This is followed by a sigmoid

function and global-max pooling. In traditional self-distillation methods, combining ground truth

loss and self-distillation enhances overall performance, but this approach is not applicable in an

unsupervised context. Our experiments revealed that relying solely on self-distillation did not yield

satisfactory results, as the outputs from the deepest layers may lack accuracy, hindering the training

process and overall performance.

Drawing inspiration from the selective-supervised method [52], proven effective in handling

noisy label datasets, we leverage its concept of selecting training examples based on the alignment

between feature representation and given labels. However, in our unsupervised setting, the absence

of labels poses a challenge. To overcome this hurdle, we compare predictions obtained from Otsu

and clustering methods, choosing only those consistently predicted by both sources as pseudo-

labels for self-distillation training.

In pseudo-label selection, predictions exceeding 0.5 are considered as tampered samples.
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Similar to weakly supervised setting, we employ BCE loss between selected pseudo-labels and

shallow predictions for supervision. During inference, all classification heads in shallow layers are

excluded to avoid unnecessary parameters.

Training objective. We first apply trained NRR through LNRR as a pre-trained model, with

all its weights frozen during IMD training. For simplicity, we use the symbol Lcls to denote the

loss functions for classification in both unsupervised and weakly supervised approaches, albeit

with slight differences as described above.

The total loss for our proposed IMD, denoted as Ltotal, is a weighted sum of both classifica-

tion losses using BCE loss and the selective pixel-level contrastive learning loss:

Ltotal = αLcls + βLSCL, (4.7)

where α and β are weighting hyperparameters.

4.3 Experimental Results

4.4 Experiments

In this section, we provide details on the experimental setups, present the comparison results

with state-of-the-art (SoTA) methods, and conduct some ablation studies.

Dataset: Our model is trained using CASIAv2 [24] exclusively, which comprises 7,491

authentic samples and 5,063 tampered images. For the evaluations of the standard IMD task,

we employ widely-used benchmarks, including CASIAv1 [23], Coverage [95], Columbia [42],

IMD2020 [69], and NIST16 [32]. CASIAv1 [23] consists of both splicing and copy-move images

without ground truth. Coverage [95] contains only copy-move samples with some post-processing.

Columbia [42] comprises 363 uncompressed images with an average resolution of 938 × 720.

NIST16 [32] and IMD2020 [69] contain only tampered images, suitable for pixel-level evaluation.

These datasets cover traditional manipulation types including splicing, copy-move, and removal.
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For evaluations involving novel or more complex manipulation types, we utilize IEdit [81] and

MagicBrush [112], which are two language-driven datasets containing various novel manipulation

types, such as action change and light change.

Table 4.1 provides details of the training and testing datasets. Instances marked as N/A

indicate either a lack of information in the original paper or the presence of tampered types distinct

from the conventional three types.

Split Dataset Authentic Tampered Copy-Move Splicing Removal

Training CASIAv2 [24] 7,491 5,063 3,235 1,828 0

Testing

CASIAv1 [23] 800 920 459 461 0
Columbia [42] 183 180 0 180 0
Coverage [95] 100 100 100 0 0
NIST16 [32] 0 563 68 288 208
IMD2020 [69] 0 2,010 ————N/A————
IEdit [81] 401 445 ————N/A————
MagicBrush [112] 535 535 ————N/A————

Table 4.1: Comparison of datasets used for training and testing.

Evaluation Metrics: We utilize IOU and F1 scores, including P-F1 for pixel-level F1, I-F1

for image-level F1, and C-F1 for combined F1. The C-F1 score accounts for both pixel-level and

image-level performance through the harmonic mean, providing an overall performance compari-

son. All F1 scores and IOU scores are computed using 0.5 as the fixed threshold. Due to the lack

of pixel-level masks in IEdit [81], we include image-level ACC for additional evaluation.

Implementation Details: We employ ResNet50 [37] as the backbone and the model is im-

plemented using PyTorch [74], with parameters initialized randomly. We apply AdamW [57] as

the optimizer. The Multi-Layer Perceptron (MLP) in NRR follows a three-hidden-layer architec-

ture. NRR is trained for 120 epochs with an initial learning rate of 2 × 10−4 and weight decay

is applied. The IMD model in weakly supervised mode is trained for 50 epochs with an initial

learning rate of 0.0005 and weight decay. For the unsupervised model, we train for 20 epochs with

an initial learning rate of 0.0001, applying weight decay. Image augmentation is limited to random

flipping and cropping.
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Method CASIAv1 Columbia Coverage NIST16 IMD2020
IOU P-F1 IOU P-F1 IOU P-F1 IOU P-F1 IOU P-F1

NOI [60] 0.075 0.132 0.152 0.236 0.122 0.210 0.048 0.074 0.091 0.126
CFAl [29] 0.081 0.134 0.175 0.275 0.103 0.185 0.076 0.105 0.068 0.103
MCA [4] 0.049 0.089 0.085 0.148 0.078 0.136 0.049 0.074 0.044 0.079
NoisePrint [18] 0.074 0.130 0.085 0.320 0.098 0.176 0.062 0.106 0.054 0.104
IVC [17] 0.056 0.101 0.085 0.164 0.070 0.127 0.038 0.068 0.048 0.086
Ours 0.097 0.166 0.216 0.344 0.131 0.217 0.080 0.129 0.079 0.136

Table 4.2: Evaluation results of unsupervised methods for Standard Manipulation task.

Method CASIAv1 Columbia Coverage NIST16 IMD2020
IOU P-F1 I-F1 C-F1 IOU P-F1 I-F1 C-F1 IOU P-F1 I-F1 C-F1 IOU P-F1 IOU P-F1

FCN [75] 0.078 0.122 0.561 0.200 0.062 0.098 0.524 0.165 0.072 0.122 0.424 0.190 0.032 0.052 0.052 0.086
WSCL [109] 0.100 0.163 0.679 0.263 0.220 0.321 0.720 0.444 0.102 0.171 0.571 0.263 0.047 0.078 0.093 0.152
Ours 0.124 0.199 0.703 0.310 0.248 0.365 0.695 0.479 0.140 0.221 0.667 0.332 0.079 0.131 0.124 0.204

Table 4.3: Evaluation results of weakly supervised approaches for Standard Manipulation
task.

4.4.1 Comparison with SoTA Methods

For a fair comparison with state-of-the-art (SoTA) methods, we selected approaches for

which the source code is publicly available. Among the unsupervised methods applied for com-

parison are NOI [60], CFAl [29], MCA [4], NoisePrint [18], and IVC [17], while the weakly

supervised methods include FCN [75] and WSCL [109].

Additionally, we conducted experiments using two novel manipulation datasets and com-

pared our approach with fully supervised methods, including RRU-Net [7], Mantra-Net [99],

SPAN [45], PSCC-Net [56], Trufor [33], CAT-Net [51], Hifi-Net [34], CR-CNN [102], Object-

Former [91], and MVSS-Net [12].

Comparison with SoTA unsupervised methods: Due to the assumption of unsupervised

methods that all images contain manipulated parts, they will classify all test images as tampered.

Thus, they are not suitable for image-level evaluation. We conduct pixel-level experiments to com-

pare their abilities to localize the manipulated region, as shown in Table 4.2. We can observe that

our proposed method in the unsupervised setting achieves the best detection performance com-

pared to other unsupervised methods across five widely used standard manipulation benchmarks.
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Ty
pe Method Training Data Size IEdit MagicBrush

ACC I-F1 AUC P-F1 I-F1 C-F1

Fu
ll

Su
pe

rv
is

io
n

RRU-Net [7] 4.2K 0.482 0.651 0.536 0.153 0.667 0.249
Mantra-Net [99] 64K 0.499 0.665 0.497 0.105 0.667 0.181
SPAN [45] 96K 0.528 0.210 0.494 0.002 0.585 0.004
PSCC-Net [56] 100K 0.524 0.206 0.493 0.210 0.710 0.324
Trufor [33] 858K 0.505 0.665 0.617 0.304 0.670 0.418
CAT-Net [51] 858K 0.488 0.567 0.509 0.033 0.766 0.063
Hifi-Net [34] 1,710K 0.531 0.460 0.457 0.151 0.677 0.247
CR-CNN [102] 12.5K 0.531 0.530 0.500 0.042 0.593 0.078
ObjectFormer [91] 12.5K 0.497 0.427 0.514 0.047 0.430 0.085
MVSS-Net [12] 12.5K 0.526 0.487 0.516 0.072 0.675 0.130

W
ea

k FCN [75] 12.5K 0.481 0.220 0.506 0.035 0.360 0.064
WSCL [109] 12.5K 0.511 0.475 0.538 0.122 0.572 0.201
Ours 12.5K 0.535 0.664 0.611 0.264 0.690 0.382

Table 4.4: Evaluation results on Novel Manipulation task for both fully supervised and
weakly supervised methods. For the methods that are trained on a dataset with a size
of 12.5K, they all utilize CASIAv2 [24] as the training set. For the methods not utilizing
CASIAv2, except for RRU-Net, they utilize their synthesis datasets. The best and second-
best performances are highlighted using bold and underline, respectively.

Comparison with SoTA weakly supervised methods: Table 4.3 shows experimental results

comparing weakly supervised SoTA approaches. Except for the F1 (I-F1) score at the image level

in the Columbia [42] dataset, our method performs better than state-of-the-art methods in all other

metrics. Regarding the relatively lower I-F1 score in Columbia compared to WSCL [109], we

believe the reason is that Columbia does not have post-processing, so our method may not be very

sensitive to manipulation. However, despite this issue, our method achieves the best localization

performance in the Columbia dataset.

Comparison using novel manipulation dataset: In order to show the generalization ability

of our method. We conduct evaluations using fully supervised and weakly supervised methods

on two novel manipulation detection datasets in Table 4.4. We can see that the fully supervised

methods cannot adapt to the novel manipulation type, resulting in low detection performance even

if they utilize a very large synthesis training dataset with both image-level and pixel-level labels.

In contrast, our method achieves competitive performance while using extremely few training data

with only image-level labels.

Visualization Results: We present some visualization results compared to SoTA methods in
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Method CASIAv1 NIST16
P-F1 I-F1 C-F1 P-F1

Baseline [75] 0.070 0.363 0.117 0.084
Baseline+NRR 0.123 0.517 0.199 0.114
Baseline+NRR+SCL 0.156 0.591 0.247 0.119
Baseline+NRR+SCL+AGAP 0.199 0.703 0.310 0.131

Table 4.5: Ablation study of proposed components using
CASIAv1 and NIST16 on Weakly Supervised setting.

Method CASIAv1 NIST16
P-F1 P-F1

w/o PLS 0.132 0.082
w/ PLS 0.166 0.129

Table 4.6: Ablation on
pseudo-label selection.

Figure 4.4: Visualization results using different methods. The images are displayed in the
following order from top to bottom: tampered images, ground truth masks, prediction results
from CR-CNN, Mantra-Net, NOI, WSCL, and our method.

Figure 5.3. Our method can better localize the tampered region, even without the use of pixel-level

labels. However, due to the lack of pixel-level labels, our model cannot accurately detect tampered

edges. These results of our method are generated from the weakly supervised model, and more

visualization results are provided in the additional material.
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Method CASIAv1 NIST16
P-F1 I-F1 C-F1 P-F1

Global-Max Pooling 0.033 0.570 0.062 0.058
Global-Average Pooling 0.158 0.256 0.195 0.081
Generalized Mean Pooling [79] 0.067 0.626 0.121 0.072
Global Smooth Pooling [92] 0.076 0.627 0.136 0.080
Adaptive Global-Average Pooling (Ours) 0.199 0.703 0.310 0.131

Table 4.7: Comparisons using different pooling methods.

4.4.2 Ablation Study

We conducted several ablation studies to evaluate the effectiveness of each proposed com-

ponent. For these studies, we utilized the CASIAv1 [24] and NIST16 [32] datasets.

Effectiveness of proposed components: We introduced three novel components: pre-processing

stage using Neural Representation Reconstruction (NRR), Selective Pixel-wise Contrastive Learn-

ing (SCL), and Adaptive Global-Average Pooling (AGAP) for both un-/weakly supervised IMD.

The ablation study conducted in weak mode is shown in Table 4.5. It is evident that with the

progressive integration of our proposed modules, the model’s overall ability to detect tampering

consistently improves.

Pseudo-Label Selection (PLS): In our unsupervised method, we introduce PLS, which ex-

clusively leverages high-confidence pseudo-labels from two sources to supervise shallow predic-

tions in the self-distillation training process. The impact of PLS is examined in Table 4.6. In

experiments without PLS, we use image-level predictions from the mask in the main branch as

pseudo-labels to guide shallow predictions. The proposed PLS proves to be effective in enhancing

unsupervised performance.

Adaptive Global-Average Pooling: To demonstrate the superiority of the proposed AGAP,

we conduct an ablation study in weakly supervised setting using different pooling methods, in-

cluding Global-Max Pooling (GMP), Global-Average Pooling (GAP), Generalized Mean Pooling

(GeM) [79], and Global Smooth Pooling (GsM) [92]. The results are shown in Table 4.7. Similarly,

the proposed AGAP achieves the best performance, highlighting its superiority.
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CHAPTER 5

Training-Free Image Manipulation Localization Using Diffusion Models

In the previous chapter, although we proposed weakly supervised and unsupervised methods that

reduce reliance on labels, these approaches still require training. In this chapter, we introduce a

training-free method for image manipulation localization (IML) that requires neither model train-

ing nor annotated datasets. This work is motivated by the limitations of existing IML methods,

which typically depend on extensive training with both image-level and pixel-level annotations

and often struggle to generalize to unseen manipulation types.

To address this issue, we propose a training-free approach based on diffusion models. Specif-

ically, our method adaptively selects an appropriate number of diffusion timesteps for each input

image in the forward process, and then performs both conditional and unconditional reconstruc-

tions in the backward process without relying on external conditions. By comparing these recon-

structions, we generate localization maps that highlight manipulated regions through their incon-

sistencies.

We evaluate our approach against sixteen state-of-the-art (SoTA) methods across six bench-

mark datasets. Experimental results demonstrate that our method not only surpasses existing unsu-

pervised and weakly supervised techniques, but also achieves competitive performance compared

to fully supervised methods on novel, unseen manipulation types.

The remainder of this chapter is organized as follows. Section 5.1 motivates training-free

IML, defines the problem setting, and highlights the key contributions. Section 5.2 presents the

full pipeline of the proposed method. Section 5.3 reports extensive experiments on six bench-

marks against sixteen baselines, including unsupervised, weakly supervised, and fully supervised

methods. This chapter is reproduced from [119]. Reproduced with permission from the publisher.

54



5.1 Motivation and Problem Setting

Image manipulation localization (IML) aims to locate tampered regions within an image.

This technology has become increasingly important due to the advancements in media editing and

generation methods, such as Photoshop and Generative AI techniques [78, 101, 117, 21], to ensure

media authentication. Traditional image manipulation types fall into three categories: removal,

where media content is removed and synthesized; splicing, which involves inserting content from

a different source into an image; and copy-move, which involves relocating content within the same

image.

Even though fully-supervised IML methods have achieved satisfactory localization perfor-

mance on some common IML datasets, they still have several drawbacks. First, they require ex-

tensive training with datasets including image and pixel-level annotations, which are costly. Sec-

ond, these methods perform poorly when localizing manipulation types different from those in the

training datasets, resulting in low generalizability and unsatisfactory performance in real-world

scenarios. Given the numerous and ever-growing types of tampering, it is impractical to create

datasets that fully encompasses all tampering types for model training.

To address the aforementioned issues as well as improve the generalizability of IML meth-

ods for real-world scenarios, this work explores the possibility of a training-free method for IML

that does not require any training datasets for learning. Our initial experiment is inspired by diffu-

sion purification methods [66, 90], which have demonstrated that diffusion models (DM), having

learned the clean data distribution, can effectively remove adversarial attacks. As an extension

of image purification, the work of [82] shows that DM can hide manipulation traces, resulting in

decreased performance of IML methods. Based on this idea and its successful results, we propose

the following hypothesis: Since DM learns the clean data distribution using authentic images, and

forensic traces can be hidden after the diffusion reverse process, can we use this property to locate

possible manipulations through the reconstruction inconsistencies?

To verify this hypothesis, we start with feeding tampered images into an unconditional DM,

akin to the diffusion purification, to obtain the reconstructed images. A key issue before this is
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Figure 5.1: (a) SSIM scores at various timesteps are shown for forward and backward dif-
fusion processes. For the forward process, results with a high-pass filter are indicated by a
green line, and without a high-pass filter by an orange line. The backward diffusion process
is depicted with a blue line. These scores are averaged across CASIAv1 [23], Coverage [95],
and Columbia [42] datasets. (b) From left to right: the tampered image, ground-truth mask,
and three error masks (unconditional reconstruction vs. input, unconditional vs. conditional
reconstruction, and unconditional vs. conditional reconstruction with self-attention guid-
ance).

choosing the appropriate number of diffusion timesteps T . If T is too large, the reconstructed

image may deviate significantly from the input, introducing unwanted artifacts. Conversely, if T

is too small, the method might not effectively remove the tampered traces. Previous purification

methods often use a fixed T for all images, which is clearly suboptimal. Inspired by the high-pass

(HP) filters [30, 5] commonly used in IML to enhance performance by filtering out image content,

we use HP filters to assess whether tampering traces have been effectively removed. The green and
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orange lines in Fig. 5.1(a) illustrate the Structural Similarity Index Metric (SSIM) [94] at different

timesteps in the diffusion forward process, with and without the application of HP filters. The

SSIM scores are calculated between each time-step-noised sample and the original input. Both

trends show a consistent decrease, indicating that more noise leads to greater deviation from the

original input. The SSIM with HP filters (green curve) drop more rapidly, which helps in selecting

T that effectively removes tampered traces while preserving the structure of the input image.

We obtained the reconstruction error map by comparing the original input against the recon-

structed image. Unfortunately, the results did not align with our expectations and assumptions, as

shown in Fig. 5.1(b3), where the error map covers the entire foreground region. This observation

shows that using DM directly cannot differentiate between the tampered and authentic image re-

gions. The underlying issue is that while the DM can reconstruct the tampered image to align with

a clean distribution, leading to inconsistencies in tampered regions, it fails to accurately recon-

struct the authentic pixel values, resulting in unexpected inconsistencies in the authentic regions as

well. To address this issue, we modify the diffusion reverse process to start from the same noised

image xT and perform both conditional and unconditional reconstructions. The conditional re-

construction is guided by the forged image, using similarity scores SSIM [94] to reconstruct the

tampered traces, while the unconditional reconstruction generates a clean image devoid of manip-

ulation traces. We seek for a diffusion reconstruction that minimizes inconsistencies in authentic

pixels, while ensuring that the error is concentrated solely on the tampered regions, such that IML

can be achieved. We also ensure that both reverse diffusion processes use the same random noise

in the sampling step to minimize the impact of noise randomness of the results.

The error mask between two backward processes focuses more on the tampered region rather

than the entire foreground, as shown in the example in Fig. 5.1(b4). However, there is one more

challenge to overcome: Due to the global guidance of the conditional generation by SSIM, the re-

sult still contains many false alarms. To address these false positives, inspired by the self-attention

(SF) guidance diffusion model [41], which demonstrates that self-attention masks from DM over-

lap with high-frequency regions. We incorporate the guidance from both SF and SSIM into the

conditional branch to direct the reconstruction more precisely towards the tampered regions. The
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final error mask, shown in Fig. 5.1(b5), contains much less false positives, achieving the best IML

effects. Unlike traditional guided diffusion methods, our conditional backward process does not

require any external conditions (such as class labels or text), thereby demonstrating strong gener-

alizability.

We also observed that the SSIM values between unconditional and conditional samplings

along backward timestamps, shown by the blue curve in Fig. 5.1(a), initially decrease and then

increase. This pattern is similar to what was observed in [9] with external conditions (image-level

labels). Based on this observation, and following the approach in [9], we obtain the final error

mask by aggregating the error maps starting from the backward timestep when SSIM reaches its

minimum. This approach produces the best performance in our experiments. Fig. 5.2 overviews

our method.

We evaluated our IML method on six public datasets: five standard datasets with common

tampering types and one novel dataset with unseen and more complex manipulation types. The

results show that our training-free method outperforms State-of-The-Art (SoTA) unsupervised

and weakly-supervised approaches. Additionally, our method competes effectively with fully-

supervised methods on unseen, novel manipulation types, demonstrating stronger generalizability.

The contributions can be summarized as follows:

• We present a novel image manipulation localization approach that does not require any training

or training data.

• The conditional backward process in our method operates without relying on external conditions,

making the approach more generalizable.

• We conducted comprehensive evaluations of sixteen SoTA methods using six IML datasets,

encompassing unsupervised, weakly-supervised, and fully-supervised approaches. The results

demonstrate superior performance on both standard and novel tampered datasets compared to

existing SoTA methods.
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Figure 5.2: (a) Overview of our IML method. In the forward process, S(x0) is compared
with each S(xt) using SSIM scores. These scores help choose the appropriate T to remove
manipulation traces while preserving the input image’s structure. Two backward processes
then aggregate the error maps starting from the backward timestep m, where SSIM is lowest.
(b) The conditional denoising is guided by both self-attention and similarity.

5.2 Training-Free Diffusion-Based Localization Pipeline

Fig. 5.2(a) shows the overall pipeline of our method, which is both training-free and condition-

free. Our method includes a single forward process that adds noise to the image and two backward

processes that reconstruct the image with and without manipulation traces. Let t denote a timestep

where t ∈ [0, T ], with T being the final timestep. During the forward process, samples are de-

noted as xt. In the conditional and unconditional backward processes, samples are denoted as xct

and xut , respectively. Let Act denote the self-attention map, and Mct denote the corresponding

attention mask.

In the forward process, let S(·) denote the steganalysis rich model (SRM) filters [30]. The

SSIM values between S(x0) and each S(xt) are used to adaptively select an appropriate T to add

noise, with the goal of removing tampered traces while preserving the overall structure of the input

image.

Starting from the same noised image xT , the two backward processes diverge: unconditional

denoising produces a clean image without tampered traces, as the pre-trained diffusion model

has learned a clean data distribution from untampered images. In contrast, conditional denoising
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reconstructs the image with tampered traces, guided by the forged input and self-attention. SSIM

scores are then calculated between the two denoised samples, S(xct) and S(xut), to determine the

appropriate reverse timestep m for starting the aggregation of error maps, following the approach

of [9]. The error map is computed using squared error.

5.2.1 Adaptive Number of Diffusion Timesteps Selection

The number of diffusion timestep T for adding noise plays a crucial role in our method. If

T is too large, it would cause significant deviation from the input image, resulting in unexpected

artifacts. Conversely, if T is too small, it cannot effectively remove the tampered areas, leaving

manipulation traces in the unconditional reconstruction. Previous purification methods [90, 66, 82]

select a fixed T for all images, which is clearly inappropriate. Inspired by the previous IML meth-

ods [5, 12, 123] that use high-pass filters to suppress image content, based on the idea that manipu-

lation traces are more likely to be detected in the filtered results rather than in the image content. As

discussed in the introduction and Fig. 5.1(a), high-frequency information is removed more quickly

than image content in the diffusion forward process. Therefore, we use SRM filters [30] to process

each xt as S(xt), and the SSIM scores between each S(xt) and S(x0) are used to adaptively select

an appropriate T . The basic idea is that when the SSIM using high-pass filters approaches 0, the

SSIM without high-pass filters remains higher. This ensures that the forward process effectively

removes manipulation traces while preserving the overall structure of the image. As illustrated in

the examples in Fig. 5.2(a), the adaptively selected T causes the filtered image S(xT ) to resemble

random noise, while the image sample xT still retains the overall structure. The reason for using

SSIM is that it provides a clear cut-off value to indicate when two images are dissimilar (when the

score is 0), whereas other metrics, such as mean square error (MSE), do not offer this property. We

select 0.2 as the SSIM threshold to determine the appropriate T , meaning that when SSIM falls

below 0.2, that timestep is selected as T .
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5.2.2 Conditional Backward Process

Due to unexpected inconsistencies in authentic pixels when calculating the error directly

from the unconditional reconstruction and the input, we modified the diffusion backward process

into two branches, with the error now calculated between these two backward processes. By

applying both conditional and unconditional backward processes to the same noised image xT

and ensuring that both use the same random noise at each timestep, we aimed to resolve these

inconsistencies and improve localization performance.

For unconditional denoising, the process simply starts from xT and gradually removes noise

without any guidance, as described in Eq. (2.2). Our primary contribution lies in introducing condi-

tional denoising without apply any external conditions, aiming to reconstruct an image that retains

manipulation traces. This allows the inconsistency between the conditional and unconditional

branches to effectively highlight the tampered regions.

Similarity guidance is employed to direct the reconstruction using the forged input, with the aim

of guiding the model to reconstruct the image as closely as possible to the forged one, thereby

preserving the tampered traces. Similar to [90, 82], we define the similarity metric as D(·) and the

similarity guidance is given by:

ϵ̃(xct , d, t) = ϵθ(xct , t)− sdt · σt∇xct
D(xt, xct), (5.1)

which is similar to classifier guidance shown in Eq. (2.4). The key difference is that the separate

classifier is replaced by the similarity metric. Here, ϵ̃(xct , d, t) represents the conditional output

guided by the similarity d. xt and xct are samples in forward and conditional backward process,

respectively. sdt is the guidance scale that is proportional to added noise and it can be expressed as

sdt = sd ·
√
1− ᾱt/

√
ᾱt, Where sd is a pre-defined initial guidance scale.

Self-attention Guidance: Using solely Eq. (5.1) for conditional reconstruction results in unsat-

isfactory localization outcomes because the similarity guidance is applied globally to the entire

image, leading to false alarms in the untampered regions. To address this issue and focus the
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reconstruction error more on the tampered region, we draw inspiration from [41], which demon-

strates that the self-attention map from the diffusion U-Net overlaps with high-frequency details

in the image. Since manipulation traces are most likely found in high-frequency regions, such as

edge inconsistencies, we incorporate self-attention guidance into the conditional reconstruction.

The self-attention in U-Net is implemented as multi-head self-attention [87], with the number of

attention heads denoted by N . Let Qh
t denote the query, Kh

t denote the key and V h
t denote the

value. The attention on the hth head at timestep t is:

A(Qh
t , K

h
t , V

h
t ) = softmax(Qh

t (K
h
t )

T/
√
d) · V h

t . (5.2)

The stacked self-attention maps across all attention heads at timestep t is Ast ∈ RN×(HW )×(HW ),

where H and W denote the height and width, respectively. Then, Ast is processed by global aver-

age pooling (GAP), reshaping Reshape(·) and upsampling Upsample(·) to match the dimensions

of image sample xct . The final aggregated attention Act from all attention heads at timestep t is:

Act = Upsample(Reshape(GAP(Ast))). (5.3)

As shown in Fig. 5.2(b), once we have the attention map, we can use the activated informa-

tion to guide the generation, thus the reconstruction can focus more on these regions. The basic

idea is to apply Gaussian blur only to the activated regions and then use the residual information

between the blurred and unblurred image samples to guide the generation in a classifier-free man-

ner. Let M i
ct denote the binary mask value, and Ai

ct denote the self-attention map value at the ith

pixel. Given an attention mask threshold τ , we first threshold Act to a binary mask Mct using:

Mct =


M i

ct = 1, if Ai
ct > τ,

M i
ct = 0, otherwise.

(5.4)

For the Gaussian blur process, we follow the method outlined in [41] to generate blurred sam-

62



ples xbt from xct . This approach helps mitigate the side effects of reducing Gaussian noise when

applying Gaussian blur, as discussed in [41]. Finally, Mct is used to obtain the masked blurred

samples x̂bt , where only the regions with high activation in self-attention are blurred. The residual

information is then used to guide the generation. Let ⊙ denote element-wise multiplication, and

ϵ̃(xct , a, t) denote the guided output using self-attention guidance a, and sf be the self-attention

guidance scale. The masking and final self-attention guiding process is:

x̂bt = (1−Mct)⊙ xct +Mct ⊙ xbt , (5.5)

ϵ̃(xct , a, t) = ϵθ(xct , t) + sf · (ϵθ(xct , t)− ϵθ(x̂bt , t)). (5.6)

This allows using the masked residual information to guide the generation, making the denoising

process concentrate more on the masked region.

The complete conditional denoising process incorporates both similarity and self-attention

guidance, applying guidance from both global and local perspectives. The final conditional gener-

ation output guided by both a and d is:

ϵ̃(xct , a, d, t) = ϵθ(xct , t) + sf · (ϵθ(xct , t) (5.7)

− ϵθ(x̂bt , t))− sdt · σt∇xct
D(xt, xct).

5.2.3 Error Map Aggregation

Unlike the forward process, where SSIM consistently decreases, in the backward process,

SSIM first decreases and then increases. This behavior, also noted in [9] using external conditions,

occurs because the unconditional branch initially reconstructs tampered information into a clean

distribution, while the conditional branch works to reverse manipulation traces, leading to a de-

crease in SSIM. Once SSIM reaches its minimum, both branches have reconstructed the tampered

regions and start to reconstruct the original information, causing SSIM to rise. Following [9], we

aggregate error maps starting from the reverse timestep m (where SSIM is lowest). We calculate
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the error map using the squared error formula: (xct − xut)
2. The final aggregated error map is the

average of all error maps from reverse timestep m to 0. The final localization map E(xu, xc) is

obtained by:

E(xu, xc) =

∑m
t=0(xct − xut)

2

m+ 1
. (5.8)

5.3 Experimental Results

We first present the experimental setup, including implementation details, datasets, and eval-

uation metrics. We then compare the IML performance of our method against State-of-The-Art

approaches. Finally, we provide ablation studies.

5.3.1 Experimental Setup

Datasets: We use six IML datasets for evaluation: CASIAv1 [24], Colombia [42], Coverage [95],

NIST16 [32], CIMD [121] and MagicBrush [112]. The first five datasets contain only standard

manipulation types, which are splicing, copy-move, and removal. MagicBrush, however, is a

novel instruction-guided manipulation dataset that features previously unseen and more complex

tampered types, such as color changes, action changes, and object alterations. This dataset is closer

to real-world manipulations and is particularly valuable for evaluating a model’s generalizability.

For the CIMD dataset, we applied the uncompressed subset, which is intended for evaluating image

editing IML methods.

Evaluation metrics: We use two thresholding-agnostic metrics for evaluation: Area Under

the Receiver Operating Characteristic curve (AUC) and Average Precision (AP). These two evalu-

ation metrics do not require predefined thresholds, making the evaluation more fair. Some previous

works [51, 18] have also used permuted metrics for evaluation, as they argue that it can sometimes

be ambiguous to determine which segments should be identified as tampered. Accordingly, we also

provide evaluation results using permuted metrics. To ensure fair evaluation across all methods,

we used the same evaluation code for quantitative results.

Implementation details: Our method does not require training or external conditions. We
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Method CASIAv1 Columbia Coverage NIST16 CIMD Average
AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

NOI1[60] 0.586 0.140 0.539 0.387 0.580 0.168 0.511 0.115 0.680 0.060 0.579 0.174
CFA1[29] 0.498 0.100 0.641 0.445 0.533 0.133 0.503 0.101 0.427 0.016 0.520 0.159
MCA [4] 0.542 0.117 0.513 0.270 0.536 0.124 0.520 0.083 0.521 0.020 0.526 0.123
NoisePrint [18] 0.514 0.091 0.563 0.359 0.515 0.123 0.450 0.114 0.543 0.018 0.517 0.141
IVC [17] 0.531 0.109 0.511 0.291 0.532 0.140 0.532 0.092 0.561 0.021 0.533 0.131
CFA2 [22] 0.531 0.104 0.530 0.411 0.524 0.143 0.480 0.095 0.510 0.017 0.515 0.154
NOI2 [59] 0.574 0.135 0.559 0.353 0.598 0.161 0.519 0.089 0.506 0.018 0.551 0.151
NOI4 [88] 0.535 0.106 0.536 0.313 0.537 0.130 0.494 0.085 0.634 0.043 0.547 0.135
BLK [53] 0.541 0.112 0.624 0.416 0.598 0.154 0.583 0.136 0.494 0.027 0.568 0.169
Ours 0.587 0.162 0.682 0.461 0.622 0.208 0.556 0.160 0.690 0.068 0.627 0.212

Table 5.1: Evaluation results of unsupervised methods for the Standard Manipulation task.
Average scores are calculated across five datasets, with the best and second-best perfor-
mances highlighted in bold and underlined.

used the pre-trained diffusion model from [21], which was trained on ImageNet [20]. The method

is implemented using Pytorch [74] on an A40 GPU. For the diffusion model itself, we did not mod-

ify any of the diffusion settings except for the diffusion timestep T . For our proposed components,

we set the initial similarity scale to sd = 104, and the threshold for selecting the appropriate T is

set to 0.2. In self-attention guidance, the guidance scale sf is set to 1.3, the attention threshold τ is

1.3, and the blur sigma is 3.

Method Training Data Size MagicBrush
AUC AP

Mantra-Net [99] 64K 0.426 0.156
PSCC-Net [56] 100K 0.375 0.140
CAT-Net [51] 858K 0.392 0.155
Hifi-Net [16] 1,710K 0.480 0.169
CR-CNN [102] 12.5K 0.515 0.193
MVSS-Net [12] 12.5K + NMA 0.578 0.270
WSCL [109] 12.5K 0.516 0.170
Ours None 0.543 0.206

Table 5.2: Evaluation results for the Novel Manipulation task for both fully supervised and
weakly supervised methods. NMA refers to Naive Manipulation Augmentation, which in-
cludes techniques such as cropping and pasting squared areas, and utilizing OpenCV in-
painting functions [84, 6]. The best and second-best performances are highlighted in bold
and underline, respectively.
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5.3.2 Comparison with SoTA Methods

We conducted a comprehensive comparison with sixteen state-of-the-art (SoTA) methods,

spanning unsupervised, weakly-supervised, and fully-supervised approaches. Crucially, all se-

lected methods have open-source code, ensuring a fair evaluation. The unsupervised methods

include [60, 59, 88, 29, 22, 53, 4, 17, 18], with the first six being implemented by MKLab

[108]. For weakly-supervised methods, we evaluate [109]. The fully-supervised methods in-

clude [5, 51, 56, 99, 34, 12]. Using their open-source code, we generated localization maps and

applied the same evaluation code to obtain quantitative results, maintaining consistency for a fair

comparison. Abbreviations for each method follow those used in prior work.

Comparison using standard manipulation datasets: Table 5.1 provides evaluation results

on five standard IML datasets for unsupervised methods. In most cases, our training-free method

achieves the best localization performance across almost all datasets, except for the AUC score on

the NIST16 dataset. Regarding the AUC performance on NIST16, our method does not outperform

BLK, as all images in NIST16 are JPEG compressed, and BLK is specifically designed for JPEG

format. Additionally, our method achieves significantly higher average performance than other

approaches, demonstrating much stronger localization ability.

Comparison on the MagicBrush dataset: Table 5.2 shows the evaluation results comparing

fully-supervised and weakly-supervised IML methods on MagicBrush [112], a recent IML dataset

containing new tampered types. For methods trained on a dataset size of 12.5K, CASIAv2 [24] was

used as the training set, while other methods used their own synthetic datasets. Table 5.2 shows

results demonstrating that even fully-supervised methods trained on large datasets often struggle

to adapt to new manipulation types, exhibiting low generalizability. In contrast, our training-free

method delivers competitive results without any training images. Although MVSS-Net outper-

forms our method, it employs naive manipulation augmentation (NMA), such as cropping and

pasting squared areas, and utilizing OpenCV inpainting functions [84, 6], thereby increasing its

training data diversity beyond the 12.5K samples.

Comparison using Permuted Metrics: Some IML methods [51, 18] use permuted metrics
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Method CASIAv1 Columbia Coverage NIST16 CIMD Average
p-AUC p-AP p-AUC p-AP p-AUC p-AP p-AUC p-AP p-AUC p-AP p-AUC p-AP

NOI1 [60] 0.684 0.174 0.722 0.503 0.668 0.201 0.694 0.190 0.721 0.062 0.698 0.226
CFA1 [29] 0.622 0.129 0.714 0.490 0.618 0.152 0.613 0.140 0.614 0.023 0.636 0.187
MCA [4] 0.604 0.125 0.553 0.292 0.567 0.130 0.567 0.089 0.589 0.022 0.576 0.132
NoisePrint [18] 0.537 0.097 0.603 0.380 0.567 0.138 0.655 0.181 0.565 0.020 0.592 0.163
IVC [17] 0.579 0.114 0.536 0.301 0.559 0.143 0.576 0.096 0.570 0.025 0.564 0.136
CFA2 [22] 0.606 0.127 0.760 0.575 0.606 0.161 0.634 0.164 0.598 0.021 0.641 0.210
NOI2 [59] 0.629 0.151 0.597 0.367 0.628 0.167 0.535 0.090 0.507 0.018 0.579 0.159
NOI4 [88] 0.582 0.116 0.577 0.327 0.560 0.133 0.572 0.096 0.616 0.044 0.581 0.143
BLK [53] 0.630 0.145 0.684 0.451 0.648 0.169 0.688 0.164 0.658 0.042 0.662 0.194
Ours 0.696 0.199 0.741 0.497 0.715 0.238 0.757 0.242 0.750 0.073 0.732 0.250

Table 5.3: Evaluation results of unsupervised methods using permuted metrics for the Stan-
dard Manipulation task. The average scores are computed across the five datasets, with the
best and second-best performances highlighted in bold and underlined, respectively.

due to the potential ambiguity in determining which of the two segments is tampered with. For

instance, in the context of splicing tampering, when IML localizes a region, it remains unclear

whether the detected region was spliced into the image or if an undetected region was spliced into

the image. Consequently, it is difficult to conclusively classify the detected region as tampered.

Let G and P represent the ground-truth mask and the predicted mask, respectively, and ∁ denote

the flipping operation. The permuted average precision (AP) is defined as:

p-AP(G,P ) = max(AP(G,P ),AP(G,P ∁)). (5.9)

The permuted AUC can be calculated similarly. The results are summarized in Table 5.3 and

Table 5.4.

For the standard datasets, our method exhibits a slight decrease in performance compared to

the best scores on the Columbia dataset but still achieves the highest overall performance across

all five IML datasets, demonstrating strong overall effectiveness. On the novel (unseen) IML

datasets, while our AP is not the second-best, it is only 0.007 lower than the top performance.

This demonstrates that our training-free method remains competitive even against fully-supervised

methods trained on large labeled datasets.

Experimental Results for Each Manipulation Types: For evaluating performance across
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Method Training Data Size MagicBrush
p-AUC p-AP

Mantra-Net [99] 64K 0.595 0.192
PSCC-Net [56] 100K 0.692 0.243
CAT-Net [51] 858K 0.656 0.235
Hifi-Net [16] 1,710K 0.714 0.275
CR-CNN [102] 12.5K 0.609 0.213
MVSS-Net [12] 12.5K + NMA 0.643 0.279
WSCL [109] 12.5K 0.625 0.221
Ours None 0.696 0.272

Table 5.4: Evaluation results on the Novel Manipulation task using permuted metrics for
both fully-supervised and weakly-supervised methods. The best and second-best perfor-
mances are highlighted in bold and underline, respectively.

Method Copy-move Removal Splicing
AUC AP AUC AP AUC AP

NOI1 [60] 0.728 0.066 0.586 0.027 0.724 0.086
CFA1 [29] 0.421 0.016 0.454 0.020 0.407 0.012
MCA [4] 0.535 0.021 0.492 0.023 0.535 0.018
NoisePrint [18] 0.547 0.018 0.536 0.020 0.545 0.016
IVC [17] 0.568 0.027 0.542 0.021 0.574 0.026
CFA2 [22] 0.531 0.018 0.487 0.019 0.512 0.014
NOI2 [59] 0.511 0.019 0.501 0.019 0.505 0.017
NOI4 [88] 0.676 0.047 0.556 0.023 0.670 0.059
BLK [53] 0.520 0.037 0.458 0.018 0.505 0.025
Ours 0.735 0.067 0.588 0.032 0.754 0.108

Table 5.5: AUC and AP performance comparison of various methods for the three manipu-
lation types on the CIMD dataset [121].

different manipulation types, we utilized the CIMD dataset [121], which provides consistent tam-

pered image samples for each manipulation type, ensuring for a fair assessment of performance. As

shown in Table 5.5, our method outperforms other State-of-The-Art (SoTA) IML methods across

all standard manipulation types.

Visualization: Fig. 5.3 presents the visualization of the IML results. Compared to other

methods, our approach offers improved coverage of the tampered regions, despite not requiring

any training. However, because our method is training-free and does not rely on datasets or pixel-

level masks for supervision, it struggles to define the edges of the tampered regions precisely. We

plan to address this limitation in our future work.
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Figure 5.3: Visualization results are shown from top to bottom: the tampered images,
ground-truth masks, results of the fully-supervised method Mantra-Net [99], the unsuper-
vised method NOI1 [60], the weakly-supervised method WSCL [109], and our training-free
method.

5.3.3 Ablation Study

We conduct ablation studies using CASIAv1 [24] to demonstrate the effectiveness of the

proposed components.

Effectiveness of conditional guidance: We assess the impact of conditional guidance, fo-

cusing on similarity and self-attention guidance. As shown in Table 5.6, using only similarity

guidance does not produce satisfactory results. This is because similarity guidance directs recon-

struction globally, leading to unintended false alarms, as explained in the introduction and method

sections. On the other hand, using only self-attention guidance significantly improves performance.

The best results are achieved when both similarity and self-attention guidance are combined, un-

derscoring the importance of both. In summary, similarity guidance increases the inconsistency

between the two branches in the tampered area, while self-attention guidance focuses more on the
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Unconditional Similarity Self-attention AUC AP

✓ 0.544 0.102
✓ ✓ 0.514 0.109
✓ ✓ 0.573 0.127
✓ ✓ ✓ 0.587 0.162

Table 5.6: Ablation study on different conditions.

T T = 10 T = 50 T = 100 T = 200 Adap

AUC 0.532 0.577 0.558 0.467 0.587
AP 0.119 0.155 0.143 0.107 0.162

Table 5.7: IML performance comparisons using various fixed timesteps T and our adaptive
T .

tampered area and reduces false positives. Both are essential for optimal performance.

Adaptive diffusion timestep selection: Our method adaptively selects an appropriate dif-

fusion timesteps T to add noise to the input image, thereby avoiding the issue of T being too low

or too high. As shown in Table 5.7, increasing T initially improves performance but eventually

causes a decline. Although there might be an optimal fixed T , finding it would require extensive

experimentation. In contrast, our adaptive approach achieves the best performance without the

need for such experiments.
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CHAPTER 6

Conclusion

This dissertation aims to advance research in image manipulation detection (IMD) by improv-

ing the generalizability of detection methods in real-world scenarios. It includes three contribu-

tions, first, it introduces a new benchmark dataset CIMD designed to evaluate existing methods

under more challenging and realistic conditions, along with a fully supervised model that signifi-

cantly improves detection performance without requiring any expansion of training data. Second,

it presents a unified framework that operates in both weakly supervised and unsupervised set-

tings, reducing dependence on pixel-level annotations. Third, it proposes a training-free paradigm

based on diffusion models that requires neither model training nor external training datasets. This

method detects manipulations by exploiting inconsistencies between conditional and unconditional

diffusion-based reconstructions.

6.1 Summary of Contributions

6.1.1 Challenging Image Manipulation Detection Benchmark

In this work, we focus on image manipulation detection under particularly challenging cases,

including tiny manipulations and double-compression with identical quality factors. We observe

that many existing SoTA methods rely on strict assumptions about manipulated images that rarely

hold in real-world settings. To enable more accurate evaluation under such conditions, we in-

troduce a new high-quality benchmark dataset with precise annotations specifically tailored to

these challenging scenarios. Alongside this dataset, we design a two-branch HRNet-based model

that significantly outperforms prior approaches on both tiny-manipulation and same-QF double-

compression tasks, all without requiring any enlargement of the training set.
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6.1.2 Unified Unsupervised and Weakly Supervised Framework

In this work, we propose a unified framework that integrates unsupervised and weakly su-

pervised learning under limited supervision. The framework leverages INR-based reconstruction

errors as manipulation priors, employs selective pixel-level contrastive learning to restrict opti-

mization to high-confidence regions, and incorporates adaptive pooling to produce more robust

image-level predictions during training. In the unsupervised setting, we adopt a self-distillation

strategy with pseudo-label selection to guide network optimization, where high-confidence image-

level predictions are used to supervise intermediate feature representations. Extensive experiments

demonstrate that this framework not only outperforms existing unsupervised and weakly super-

vised methods, but also achieves performance comparable to fully supervised approaches on novel

(unseen) manipulation types.

6.1.3 Training-Free Diffusion-Based Method

In this work, we proposed a training-free method for image manipulation localization using

pre-trained diffusion models. By adaptively selecting diffusion timesteps and comparing con-

ditional and unconditional reconstructions, the method produces localization maps directly from

reconstruction inconsistencies. This training-free approach achieves superior performance on stan-

dard manipulation tasks while exhibiting strong robustness to unseen manipulation types.

6.2 Limitations

Despite the contributions presented in the previous section, several limitations remain in this

dissertation, which we leave for future work to address.

First, methods without pixel-level supervision cannot accurately localize manipulation bound-

aries. Technically, this limitation arises because weakly supervised, unsupervised, and training-

free approaches never observe true pixel-level annotations during training. Without such ground-

truth guidance, models lack explicit boundary constraints, making it inherently difficult to learn

sharp and well-aligned manipulation contours.
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Second, although our proposed CIMD benchmark enables evaluation of image manipula-

tion detection under several challenging scenarios, its scale and manipulation diversity remain

insufficient, as it currently includes only two types of challenging cases. CIMD was intentionally

constructed as an evaluation benchmark to assess state-of-the-art image manipulation detection

(IMD) methods under more challenging conditions. However, as a dataset designed primarily for

evaluation, it does not yet fully capture the breadth and variability of manipulations encountered

in real-world forensic scenarios.

Third, although the diffusion-based method is training-free—requiring neither model train-

ing nor external datasets and exhibiting strong adaptability to unseen manipulations—the compu-

tational cost and inference time remain non-trivial. In our pipeline, we must first determine the

optimal diffusion timestep for the forward noising process, which is accomplished using high-

pass filtering followed by similarity-based comparison. We then perform two reconstruction pro-

cesses—one conditional and one unconditional—where the conditional branch incorporates similarity-

guided signals in a classifier-guided manner as well as self-attention guidance in a classifier-free

manner. Finally, multi-timestep reconstruction error maps are aggregated to generate the final lo-

calization output via the inconsistency map. This multi-stage workflow limits its suitability for

real-time deployment.

In addition, because this training-free approach relies on diffusion-based reconstruction in-

consistency, it becomes less effective when the input image is itself edited by a diffusion model.

Diffusion-based outpainting and enhancement start from the same underlying generative distribu-

tion, which significantly reduces the reconstruction inconsistency signal. As a result, localization

performance degrades for diffusion-edited images.

6.3 Future Work

Based on the limitations of the proposed methods, we can summarize several promising

research directions for future work in image manipulation detection that may further enhance per-

formance and improve generalizability. A first and highly practical direction is dataset expan-
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sion. Although the proposed CIMD benchmark effectively evaluates IMD models on small-region

manipulations and double-compression cases, its overall scale and diversity remain limited. Fu-

ture work should focus on constructing larger and more comprehensive datasets that incorporate a

broader range of environments, richer manipulation types, and more challenging scenarios—such

as full-image tampering and images containing multiple manipulation types simultaneously.

A second direction is to broaden manipulation detection beyond still images. Real-world me-

dia are inherently multimodal—including video, images, audio, and text—and restricting forensic

analysis to a single modality leaves substantial gaps in practical coverage, since real-world cases

rarely involve only one form of media. Therefore, developing multimodal manipulation detection

tools is crucial.

Third, we can improve the inference speed of diffusion-based methods. The current slow

runtime and high computational overhead make these approaches impractical for real-world de-

ployment, where fast and reliable responses are required. Also the future diffusion based method

should be able to detect the diffusion editting image as well.

With the rapid development of vision–language models (VLMs) such as [3], future IMD

systems can benefit from incorporating these models to detect manipulations in a more seman-

tic, interpretable, and interactive manner. VLMs enable models not only to identify pixel-level

inconsistencies but also to reason about what was manipulated and why it is semantically suspi-

cious. This opens the door to more transparent explanations of manipulation evidence. Beyond

improving interpretability, an end-to-end VLM-driven pipeline could support interactive image

forensics—allowing a user to upload an image and directly ask manipulation-related questions

(e.g., “Is the background manipulated?”, “Is the object’s color altered?”, “Is any part of the image

inconsistent with the rest?”). Such capabilities would greatly enhance usability and strengthen the

practical value of IMD systems in real-world applications.
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[25] Emilien Dupont, Adam Goliński, Milad Alizadeh, Yee Whye Teh, and Arnaud Doucet,

Coin: Compression with implicit neural representations, arXiv preprint arXiv:2103.03123

(2021).

[26] Tolga Ergen and Suleyman Serdar Kozat, Unsupervised anomaly detection with lstm neural

networks, IEEE transactions on neural networks and learning systems 31 (2019), no. 8,

3127–3141.

[27] Martin Ester, Hans-Peter Kriegel, Jörg Sander, Xiaowei Xu, et al., A density-based algo-

rithm for discovering clusters in large spatial databases with noise, kdd, vol. 96, 1996,

pp. 226–231.

[28] Yutong Feng, Yifan Feng, Haoxuan You, Xibin Zhao, and Yue Gao, Meshnet: Mesh neu-

ral network for 3d shape representation, Proceedings of the AAAI conference on artificial

intelligence, vol. 33, 2019, pp. 8279–8286.

[29] Pasquale Ferrara, Tiziano Bianchi, Alessia De Rosa, and Alessandro Piva, Image forgery

localization via fine-grained analysis of cfa artifacts, IEEE Transactions on Information

Forensics and Security 7 (2012), no. 5, 1566–1577.

[30] Jessica Fridrich and Jan Kodovsky, Rich models for steganalysis of digital images, IEEE

Transactions on information Forensics and Security 7 (2012), no. 3, 868–882.

[31] Ian Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil

Ozair, Aaron Courville, and Yoshua Bengio, Generative adversarial networks, Communi-

cations of the ACM 63 (2020), no. 11, 139–144.

[32] Haiying Guan, Mark Kozak, Eric Robertson, Yooyoung Lee, Amy N Yates, Andrew Del-

gado, Daniel Zhou, Timothee Kheyrkhah, Jeff Smith, and Jonathan Fiscus, Mfc datasets:

78



Large-scale benchmark datasets for media forensic challenge evaluation., IEEE/CVF Win-

ter Conference on Applications of Computer Vision Workshops, IEEE, 2019, pp. 63–72.

[33] Fabrizio Guillaro, Davide Cozzolino, Avneesh Sud, Nicholas Dufour, and Luisa Verdoliva,

Trufor: Leveraging all-round clues for trustworthy image forgery detection and localization,

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,

2023, pp. 20606–20615.

[34] Xiao Guo, Xiaohong Liu, Zhiyuan Ren, Steven Grosz, Iacopo Masi, and Xiaoming Liu,

Hierarchical fine-grained image forgery detection and localization, Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023, pp. 3155–3165.

[35] Raia Hadsell, Sumit Chopra, and Yann LeCun, Dimensionality reduction by learning an

invariant mapping, 2006 IEEE computer society conference on computer vision and pattern

recognition (CVPR’06), vol. 2, IEEE, 2006, pp. 1735–1742.

[36] Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross Girshick, Momentum contrast

for unsupervised visual representation learning, Proceedings of the IEEE/CVF conference

on computer vision and pattern recognition, 2020, pp. 9729–9738.

[37] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun, Deep residual learning for

image recognition, Proceedings of the IEEE conference on computer vision and pattern

recognition, 2016, pp. 770–778.

[38] R Devon Hjelm, Alex Fedorov, Samuel Lavoie-Marchildon, Karan Grewal, Phil Bachman,

Adam Trischler, and Yoshua Bengio, Learning deep representations by mutual information

estimation and maximization, arXiv preprint arXiv:1808.06670 (2018).

[39] Jonathan Ho, Ajay Jain, and Pieter Abbeel, Denoising diffusion probabilistic models, Ad-

vances in neural information processing systems 33 (2020), 6840–6851.

[40] Jonathan Ho and Tim Salimans, Classifier-free diffusion guidance, arXiv preprint

arXiv:2207.12598 (2022).

79



[41] Susung Hong, Gyuseong Lee, Wooseok Jang, and Seungryong Kim, Improving sample

quality of diffusion models using self-attention guidance, Proceedings of the IEEE/CVF

International Conference on Computer Vision, 2023, pp. 7462–7471.

[42] Yu-Feng Hsu and Shih-Fu Chang, Detecting image splicing using geometry invariants and

camera characteristics consistency, 2006 IEEE International Conference on Multimedia

and Expo, IEEE, 2006, pp. 549–552.

[43] Jie Hu, Li Shen, and Gang Sun, Squeeze-and-excitation networks, Proceedings of the IEEE

conference on computer vision and pattern recognition, 2018, pp. 7132–7141.

[44] Juan Hu, Xin Liao, Wei Wang, and Zheng Qin, Detecting compressed deepfake videos in

social networks using frame-temporality two-stream convolutional network, IEEE Transac-

tions on Circuits and Systems for Video Technology 32 (2021), no. 3, 1089–1102.

[45] Xuefeng Hu, Zhihan Zhang, Zhenye Jiang, Syomantak Chaudhuri, Zhenheng Yang, and

Ram Nevatia, Span: Spatial pyramid attention network for image manipulation localiza-

tion., European Conference on Computer Vision (ECCV),, Springer, 2020, pp. 312–328.

[46] Fangjun Huang, Jiwu Huang, and Yun Qing Shi, Detecting double jpeg compression with

the same quantization matrix, IEEE Transactions on Information Forensics and Security 5

(2010), no. 4, 848–856.

[47] Bahjat Kawar, Shiran Zada, Oran Lang, Omer Tov, Huiwen Chang, Tali Dekel, Inbar

Mosseri, and Michal Irani, Imagic: Text-based real image editing with diffusion models,

Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,

2023, pp. 6007–6017.

[48] Diederik P Kingma and Max Welling, Auto-encoding variational bayes, arXiv preprint

arXiv:1312.6114 (2013).

[49] Gregory Koch, Richard Zemel, Ruslan Salakhutdinov, et al., Siamese neural networks for

one-shot image recognition, ICML deep learning workshop, vol. 2, Lille, 2015.

80



[50] Ho Man Kwan, Ge Gao, Fan Zhang, Andrew Gower, and David Bull, Hinerv: Video com-

pression with hierarchical encoding-based neural representation, Advances in Neural In-

formation Processing Systems 36 (2024).

[51] Myung-Joon Kwon, Seung-Hun Nam, In-Jae Yu, Heung-Kyu Lee, and Changick Kim,

Learning jpeg compression artifacts for image manipulation detection and localization, In-

ternational Journal of Computer Vision (2022), 1875–1895.

[52] Shikun Li, Xiaobo Xia, Shiming Ge, and Tongliang Liu, Selective-supervised contrastive

learning with noisy labels, Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition, 2022, pp. 316–325.

[53] Weihai Li, Yuan Yuan, and Nenghai Yu, Passive detection of doctored jpeg image via block

artifact grid extraction, Signal Processing 89 (2009), no. 9, 1821–1829.

[54] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan,

Piotr Dollár, and C Lawrence Zitnick, Microsoft coco: Common objects in context, Euro-

pean conference on computer vision (ECCV), 2014, pp. 740–755.

[55] Dongju Liu and Jian Yu, Otsu method and k-means, 2009 Ninth International conference on

hybrid intelligent systems, vol. 1, IEEE, 2009, pp. 344–349.

[56] Xiaohong Liu, Yaojie Liu, Jun Chen, and Xiaoming Liu, Pscc-net: Progressive spatio-

channel correlation network for image manipulation detection and localization, IEEE

Transactions on Circuits and Systems for Video Technology 32 (2022), no. 11, 7505–7517.

[57] Ilya Loshchilov and Frank Hutter, Decoupled weight decay regularization, arXiv preprint

arXiv:1711.05101 (2017).

[58] Xiankai Lu, Wenguan Wang, Chao Ma, Jianbing Shen, Ling Shao, and Fatih Porikli, See

more, know more: Unsupervised video object segmentation with co-attention siamese net-

works, Proceedings of the IEEE/CVF conference on computer vision and pattern recogni-

tion, 2019, pp. 3623–3632.

81



[59] Siwei Lyu, Xunyu Pan, and Xing Zhang, Exposing region splicing forgeries with blind local

noise estimation, International journal of computer vision 110 (2014), 202–221.

[60] Babak Mahdian and Stanislav Saic, Using noise inconsistencies for blind image forensics,

Image and vision computing 27 (2009), no. 10, 1497–1503.
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