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Abstract

The rapid expansion of digital imagery, combined with increasingly sophisticated editing
tools, has made image forgery a widespread and critical concern in fields such as journalism,
forensics, and social media. This study provides a comprehensive review of Copy-Move
Forgery Detection (CMFD) methods, focusing on the latest advances in deep learning-
based techniques. We analyze key real-world challenges, summarize the most relevant
recent solutions, and highlight persistent limitations that hinder robustness, accuracy, and
practical deployment. A comparative review and qualitative analysis of prominent deep
learning architectures reported in the literature is conducted to examine their relative
efficiency, resilience, and trade-offs under diverse forgery scenarios. Finally, the paper
highlights future research directions, including the development of more adaptable and
generalizable models, the design of comprehensive benchmark datasets, the pursuit of
real-time detection frameworks, and the enhancement of interpretability and transparency
in CMFD systems.

Keywords: image forgery detection; copy-move forgery; deep learning-based approaches;
conventional approaches; benchmark datasets

1. Introduction
Digital images have become an integral part of contemporary life, serving as essential

tools for communication, entertainment and documentation. However, the proliferation of
sophisticated editing software has simultaneously facilitated the manipulation of visual
content, enabling the creation of highly realistic forgery that are increasingly difficult
to detect [1–3]. Image forgery refers to the deliberate modification of digital content to
deceive or misrepresent reality [4]. Such alterations may involve the addition, removal
or modification of image components, often executed with great precision to conceal any
visible evidence of tampering [5].

Methods for detecting image forgery are generally classified into two categories: active
and passive approaches. In active detection, supplementary information such as digital
watermarks or cryptographic signatures is embedded within the image, thereby enabling
the subsequent verification of its authenticity and integrity [6–9]. Although effective under
certain conditions, this approach requires the prior insertion of metadata during image
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acquisition or the involvement of trusted entities, making it impractical in situations where
the original image data are unavailable or unverifiable [10].

In contrast, passive techniques analyze the intrinsic statistical and structural properties
of an image without requiring prior knowledge about its origin, authenticity, or acquisition
device [11]. These approaches are specifically valuable for analyzing images captured in
uncontrolled or unverified environments. Passive forgery detection methods are commonly
divided into three subcategories: Copy–Move Forgery (CMF), image splicing, and image
retouching [12].

• CMF is one of the most straightforward and widely used forms of image
manipulation [13]. It involves duplicating specific regions of an image and pasting
them elsewhere within the same image. This technique is often employed to con-
ceal critical details or introduce misleading information. Since the duplicated areas
originate from the same image, they naturally share similar color, texture, and illu-
mination characteristics, making detection particularly challenging [14]. Beyond the
basic copy-paste operation, additional transformations, such as rotation, scaling, or
post-processing effects (e.g., blurring, brightness adjustment, compression, or noise
addition), are often applied to further obscure manipulation and reduce the visibility
of tampered regions to the human eye.

• Image splicing involves merging two or more distinct images into a single composite
image [15,16]. The boundaries between the spliced regions may reveal visual incon-
sistencies such as abrupt transitions, mismatched textures, or unnatural edges that
indicate manipulation. However, advanced image editing software can effectively
smooth these transitions, producing composites that appear seamless and realistic
even under close inspection [17].

• Image retouching, although considered the least malicious form of forgery, still represents
an intentional alteration of visual information. It focuses on enhancing or diminishing
specific features within an image, and it is widely used in advertising, fashion and
photography industries to improve visual appeal. Typical operations include adjusting
color balance, brightness or contrast to achieve the desired aesthetic effect.

Ensuring the authenticity and reliability of digital imagery has become increasingly
important in a world where visual content plays a central role in shaping public percep-
tion and decision-making. As image editing technologies continue to evolve, there is a
growing necessity for robust and efficient methods to detect tampering. Among various
image forgery detection approaches, CMFD has emerged as a particularly active research
domain [13].

However, despite its significance, CMFD has not been extensively covered in previous
survey studies, regarding a systematic investigation of its challenges, methodologies,
and application domains. To address this gap, the main contributions of this paper are
summarized as follows:

• We present a comprehensive and structured survey of CMFD techniques, encompass-
ing traditional (block-based and keypoint-based) and hybrid approaches, along with
recent deep-learning-based models.

• We review the benchmark datasets and evaluation metrics commonly used in CMFD
research, highlighting their importance in assessing the robustness and generalization
of detection algorithms.

• We provide a critical analysis of the strengths, weaknesses and distinct features of each
category of methods, offering an integrated perspective on their relative advantages
and limitations.
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• We identify and synthesize emerging research directions and key challenges, provid-
ing insights that can guide future developments towards more reliable and scalable
CMFD systems.

The remainder of this paper is organized as follows: Section 2 reviews the most
influential surveys on CMFD, summarizing major contributions and identifying existing
research gaps. Section 3 focuses on benchmarking CMFD, describing commonly used
datasets and evaluation metrics while discussing their limitations and implications for
model assessment. Section 4 explores real-world application domains and evaluates the
relevance of existing methods in these contexts. Section 5 provides a comprehensive
review of CMFD techniques, ranging from conventional feature-based methods to recent
deep learning-driven architectures. Section 6 discusses the findings from the comparative
review and qualitative analysis, addressing ongoing challenges and future perspectives
such as enhancing interpretability, achieving real-time detection, incorporating multimodal
data, and improving dataset diversity and quality. Finally, Sections 7 and 8 provides a
comprehensive discussion and concluding remarks. Figure 1 illustrates the overall structure
of the paper.
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2. Review of Reviews
Within the spectrum of digital image forgery techniques reported in the literature,

CMFD has attracted substantial research attention. CMF involves replicating a segment of
an image and inserting it elsewhere within the same image to obscure or duplicate objects
or regions [18]. This form of manipulation is typically challenging to detect because the
duplicated area often shares similar visual characteristics with its surroundings, making
it difficult to distinguish it from the original content. CMFD techniques have important
practical applications in numerous domains where image integrity is critical.

Thanks to the rapid growth of research in the field of image forensics, a considerable
number of studies have recently addressed the problem of image forgery detection [11,19–33].
However, the majority of existing reviews cover all types of forgery detection without
providing sufficient focus on Copy-Move Forgery (CMF). This is a significant limitation
because CMFD represents one of the most prevalent and practically threatening forms
of manipulation, yet it often receives limited detailed analysis. Even among studies that
address deep-learning-based CMFD, discussions regarding network architectures, dataset
realism, robustness, and practical applicability remain superficial.

A critical observation across the literature is that many studies emphasize algorithmic
novelty rather than problem-driven analysis. Little work examined the trade-off between
handcrafted and deep features, the reasons behind robustness failure under transformations,
or the implications of dataset bias on model generalization. Understanding these aspects
is essential to interpret why certain CMFD techniques have succeeded in constrained
benchmarks but failed in uncontrolled environments.
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Strengths of existing CMFD research include the development of advanced deep-
learning models capable of detecting subtle manipulations and the availability of bench-
mark datasets that support comparative evaluation. Weaknesses include reliance on syn-
thetic datasets, limited generalization to real-world scenarios, inconsistent evaluation
protocols, and insufficient consideration of robustness against transformations such as
compression, scaling and rotation. Research gaps remain in designing interpretable archi-
tectures, integrating multimodal or contextual information, and establishing standardized
evaluation frameworks.

From a broader perspective, the evolution of CMFD research reflects a transition from
algorithm-centric development towards learning-based adaptability. Yet, this transition
remains incomplete: While deep learning models improve accuracy, they introduce new
vulnerabilities, including dependence on data distribution and adversarial susceptibility.
More holistic analysis integrating technical, forensic, and operational factors is therefore
required to define the next generation of CMFD frameworks.

Figures 2 and 3 present the annual publication trends in CMFD research from 2020
to 2025, categorized into Copy-Move, Splicing, and Retouching detection techniques. As
shown, there is a noticeable increase in Copy-Move publications from 84 in 2020 to 146
in 2024, followed by a decline to 119 in 2025, which may reflect shifts in research focus,
dataset availability, or methodological saturation. Splicing publications generally rise from
58 in 2020 to 114 in 2024, before slightly decreasing to 95 in 2025. Retouching publications
fluctuate throughout the period, with peaks in 2021 (24) and 2024 (23), and lower values
in other years. These figures not only quantify annual trends in CMFD research but
also highlight shifts in attention across different types of forgery, providing a basis for
identifying gaps in 2025 and motivating further investigation in areas where research
activity shows variations or declines.
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Figure 2. Classification of forgery detection research from 2020 to 2025.

Figure 3. Classification of CMFD methods from 2020 to 2025.
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Based on this data, our survey classifies CMFD methods and analyzes trends over
the period 2020–2025. The statistical insights, illustrated in Figures 2 and 3, reveal a clear
research gap: while many studies focus on algorithmic novelty, few comprehensively eval-
uate methods under diverse real-world conditions or address robustness, interpretability,
and dataset biases.

To address these gaps, we conduct a systematic review of CMFD research, synthesizing
recent developments, analyzing trends, and identifying challenges and opportunities for
future work.

Based on these topics, we conduct a review of studies spanning from 2020 to 2025,
focusing on image forgery detection. Our statistical analysis, based on data collected from
relevant literature, classifies forgery detection research and CMFD methods over this period.
The findings indicate that CMF is the most extensively studied type of image manipulation
and highlight the superior performance of deep-learning-based approaches in detection
tasks. By providing a critical evaluation of methodological strengths, weaknesses, and
open challenges, this survey aims to guide future research directions in CMFD.

3. Benchmarking CMFD: Datasets and Evaluation Metrics
3.1. Datasets

Datasets serve as essential tools for evaluating and comparing various algorithms
across research domains [34]. When researchers employ different datasets or create their
own, it becomes challenging to compare their findings with those of others. The use of
standardized and widely accepted datasets greatly benefits the research community, as it
enables consistent and reproducible comparisons. In the area of image forgery detection,
particularly CMFD, several benchmark datasets have been introduced, each with distinct
characteristics, strengths and limitations. Some of these datasets are outlined below.

3.1.1. MICC Dataset

The MICC dataset is one of the earliest and most widely used benchmarks in
CMFD research. It comprises four subsets: MICC-F220, MICC-F2000, MICC-F600, and
MICC-F8multi [35]. These subsets contain images forged via copy–move operations in-
corporating geometric modifications such as rotation and scaling. Despite its historical
relevance, MICC presents several drawbacks. First, it lacks post-processing operations
(e.g., compression and blurring), which significantly limits its realism and fail to emulate
real-world tampering scenarios. Second, ground-truth masks are missing in MICC-F220,
MICC-F2000 and MICC-F8multi, restricting performance evaluation to the image level
rather than fine-grained pixel-level analysis. Third, the high-resolution images make block-
based detection methods computationally expensive, favoring keypoint-based approaches
instead. Moreover, the limited and uneven distribution of authentic and forged images
across the subsets may reduce the reliability and generalizability of the results [35]. Further-
more, since all tampered samples are synthetically generated, the dataset fails to capture the
complexity of real-world manipulations, such as mixed post-processing artifacts, irregular
lighting variations, and semantically coherent object movements, which often occur in
real forgery.

3.1.2. CoMoFoD Dataset

The CoMoFoD dataset, introduced by Tralic et al. in 2013 [36], consists of two subsets
derived from 260 base images, one small (512 × 512) and one large (3000 × 2000). It
provides a balanced collection of original and forged images (10,000 in the small set
and 3000 in the large one). Forgery was generated using the copy-move technique with
various geometric transformations such as translation, rotation, scaling, distortion, and
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their combinations [37]. Additionally, both original and forged images underwent post-
processing operations, enhancing realism. The CoMoFoD dataset is particularly valuable
because it provides ground-truth masks, supports pixel-level evaluation and covers a
broad range of transformation types. However, its large image subset poses computational
challenges for block-based methods, and the absence of precise transformation parameters
(e.g., rotation angles) hinders reproducibility. Although CoMoFoD is often regarded as
one of the most comprehensive datasets for CMFD, its controlled setting and synthetic
manipulations still limit its ecological validity compared with naturally tampered images
collected from the web or social media.

3.1.3. CASIA Dataset

The CASIA dataset, widely used for splicing and CMFD tasks, is available in two
versions: CASIA V1.0 and CASIA V2.0. The first comprises 800 authentic images and
925 forged ones (384 × 256), while the second contains 7491 authentic and 5123 forged
ones with varying resolutions. Both include post-processing operations such as blurring
to enhance realism [38]. However, the absence of ground-truth masks limits its utility for
pixel-level evaluation [39]. Moreover, annotation inconsistencies between CASIA and other
public datasets introduce significant bias in cross-method comparisons. For instance, some
datasets annotate copied regions only, while others include both source and target areas,
making metric-based benchmarking unreliable. Hence, establishing a unified annotation
standard is crucial for ensuring fairness and reproducibility across CMFD studies.

3.1.4. COVERAGE Dataset

The COVERAGE dataset, proposed by Wen et al. [40], was designed to increase
realism by incorporating visually similar objects, making forgery more challenging to
detect. It includes six transformation categories: rotation, scaling, freeform, illumination,
translation, and combination. Nevertheless, COVERAGE is limited by its small scale (only
100 original images and 100 forged ones) and lack of post-processing operations, which
reduce complexity and realism. Although it provides ground-truth masks for both source
and target regions, these must be merged prior to evaluation, adding an extra preprocessing
step. Despite these limitations, its inclusion of visually similar objects introduces a degree
of semantic realism absent in earlier datasets. However, its limited diversity and lack of
complex contextual scenes make it insufficient for training deep architectures capable of
generalizing uncontrolled real-world image forgery.

3.1.5. Inpainting and General Purpose Datasets

In addition to CMFD-specific datasets, several large-scale image collections are
used for forgery and inpainting research. These include COCO [41], ImageNet [42],
MIT Places [43], UCID [44], and facial datasets like CelebA [45], Celeb-HQ [46], FFHQ [47]
and Caltech Faces [48]. These datasets enable model training on diverse visual concepts and
facilitate robustness analysis under different imaging conditions [49,50]. However, their
heterogeneous annotation schemes, demographic bias and good acquisition conditions may
limit their representativeness of real-world manipulations. Although these general-purpose
datasets provide a broad visual foundation, they are not explicitly designed for tampering
detection tasks and therefore lack the structural correlations and ground-truth annotations
required for CMFD benchmarking.

3.1.6. Critical Analysis and Dataset Suitability Criteria

Although numerous CMFD datasets exist, most are synthetically generated and fail
to capture the complexity and diversity of authentic manipulations involving compres-
sion, illumination inconsistencies or composite forgery. Furthermore, the absence of stan-
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dardized ground-truth annotations and uniform evaluation protocols hampers objective
benchmarking and cross-dataset generalization.

To address these gaps, a dataset’s suitability for CMFD research should be assessed
according to several complementary criteria:

• Realism: The extent to which manipulations emulate real-world scenarios, including
post-processing, mixed compression, and context-aware editing.

• Annotation consistency: The availability of accurate, standardized ground-truth masks
enabling fair cross-method evaluation.

• Diversity: Inclusion of varied image content, resolutions, manipulation scales, and
scene complexities.

• Balance: A proportional representation of authentic and tampered images to prevent
model bias.

• Reproducibility: Transparent documentation of manipulation parameters and forgery-
generation processes.

Future dataset designing should move towards hybrid approaches that combine
synthetic control with realistic manipulations collected from diverse environments. This
would bridge the gap between laboratory performance and real-world applicability, en-
abling more robust and generalizable CMFD evaluation frameworks.

3.2. Evaluation Metrics

Evaluation metrics are employed to quantitatively assess the performance of a model
or algorithm on a benchmark dataset. In CMFD, each image is typically classified as
either forged or authentic. These metrics are derived from a confusion matrix [10], which
comprises four components: True Positive (TP), representing instances in which forged
images are correctly identified as forged; False Positive (FP), corresponding to authentic
images that are incorrectly classified as forged; False Negative (FN), indicating forged
images that are mistakenly classified as authentic; and True Negative (TN), denoting
authentic images that are accurately recognized as authentic. Using these components,
standard evaluation metrics, such as Accuracy (Acc), Precision, Recall, and F1-score [39],
are calculated as follows:

• Accuracy: It measures the ratio of accurate predictions to total predictions (Equation (1)):

Acc =
TP + TN

TP + TN + FP + FN
(1)

• Precision: It measures the accuracy of positive predictions (Equation (2)):

Precision =
TP

TP + FP
(2)

• Recall: It is also known as sensitivity or True Positive Rate (TPR). It measures the
model’s ability to find all relevant positive cases (Equation (3)):

Recall =
TP

TP + FN
(3)

• F1-score: It is the harmonic mean of precision and recall (Equation (4)):

F1-score = 2 × Precision × Recall
Precision + Recall

(4)
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The F1-score ranges from 0 to 1, where 1 indicates perfect precision and recall, and 0
indicates the worst performance.

However, while these global metrics are informative, they are insufficient for evaluat-
ing pixel-level CMF localization. To assess spatial accuracy, we denote by P the set of pixels
predicted as forged and by G the ground-truth forged pixels.

The Intersection over Union (IoU), also called the Jaccard Index, quantifies the overlap
between the predicted and ground-truth forged areas (Equation (5)):

IoU =
|P ∩ G|
|P ∪ G| (5)

The Dice Similarity Coefficient (DSC) measures the spatial similarity between P and
G, emphasizing the balance between Precision and Recall (Equation (6)):

DSC =
2|P ∩ G|
|P|+ |G| (6)

For region-based evaluation, the Average Precision (AP) is often employed. Let TPbbox,
FPbbox and FNbbox denote the number of true, false and missed detection at the bounding-
box level. The precision–recall curve is generated, and the AP corresponds to the area
under this curve (Equation (7)):

AP =
∫ 1

0
p(r) dr (7)

where p(r) is the precision as a function of recall r.
To evaluate robustness under real-world perturbations (e.g., compression or noise), a

Metric Drop Rate (MDR) can be introduced. Let Mre f denote the metric value on pristine
images and Mdeg its value under a degradation (e.g., JPEG compression of 30%). The drop
rate is given by Equation (8):

MDR =
Mre f − Mdeg

Mre f
× 100% (8)

This indicator helps quantify how performance degrades under adverse conditions,
providing insight into the model’s robustness and generalization capability. Finally, it is
essential to recognize that no single metric can comprehensively capture all aspects of
CMFD performance; thus, the choice of metrics should depend on the task objective, global
detection, pixel-level localization, or robustness analysis.

Table 1 provides a concise overview of the evaluation metrics discussed above,
including their specific use in CMFD assessment, objectives and limitations.

Table 1. Comparison of CMFD metric types, objectives and limitations.

Metric Type Objective Limitations

Image-level metrics
Evaluating whether an entire image
is forged or authentic (e.g., Accuracy,
Precision, Recall, F1-score)

• Do not provide information
about the location or shape of
forgery

• Can mask small or partial
manipulations

Pixel-level metrics
Assessing spatial accuracy of
detected forgery at the pixel level
(e.g., IoU and DSC)

• Require precise ground-truth
masks

• Sensitive to annotation
inconsistencies

• Computationally expensive for
large images
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Table 1. Cont.

Metric Type Objective Limitations

Robustness metrics

Quantifying performance under
perturbations or real-world
conditions (e.g., MDR under
compression, noise and geometric
distortions)

• Dependent on the type and
severity of perturbations

• Cannot fully reflect
generalization to unseen
manipulations

• Choice of degradation levels
affects interpretation

This overview underscores the importance of selecting evaluation metrics that align
with the specific task objective, whether for global image-level detection, pixel-level local-
ization or robustness assessment. Employing a combination of these metrics enables a more
comprehensive and nuanced evaluation of CMFD performance across diverse scenarios.

4. Applications and Real-World Domains
CMFD represents a critical research domain with diverse and significant applica-

tions, encompassing tasks from verifying image authenticity to addressing the escalating
challenges posed by digital manipulation. Its practical relevance extends across multiple
fields, contributing to the preservation of trust and integrity in an increasingly digital
visual environment (Figure 4). The following section provides a detailed overview of
these applications:

Copy-Move Forgery Detection Applications 

Forensic and Law
Enforcement

E-commerce and Corporate
Integrity

Healthcare and
Research Integrity

Art, Heritage, and
Archives

Government , Defense,
and Policy

Journalism, Media,
and Entertainment Social Media 

Criminal investigations
 

Surveillance and
evidence verification 

Diagnostic image
authentication

 
Scientific publication

verification

National security

Official document
verification

 
Public information

integrity

News and editorial
verification

Deepfake and visual
content authenticity 

Fake news
moderation

Real-time tamper
detection in user

content

Digital artwork
authentication

Cultural heritage
preservation

Product image authenticity

Brand protection and
advertisement trust

Figure 4. CMFD applications.

• Forensic and law enforcement investigations: In criminal and judicial contexts, CMFD
serves as a crucial forensic tool to verify the authenticity of digital images submitted
as evidence. Moreover, by confirming the integrity of visual materials, investigators
can strengthen legal proceedings and ensure the reliability of digital proof. Domain-
specific constraints in forensic applications include handling low-resolution, highly
compressed surveillance footage while generating interpretable and legally admissible
results. Traditional feature-based methods (e.g., Scale-Invariant Feature Transform
(SIFT) and Speeded-Up Robust Features (SURF)) and interpretable deep architectures
remain preferred over purely black-box approaches. For example, a recent forensic
validation framework has applied CMFD to closed-circuit television footage within
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simulated judicial investigations. The system successfully localized tampered regions
in 240p images, producing explainable heatmaps suitable for forensic reporting and
evidentiary use. In law enforcement settings, attention-based CMFD models have
also demonstrated high robustness against noise, compression artifacts, and partial
occlusions, thereby enabling traceable and explainable image analysis.

• Journalism, media and entertainment: In the media and entertainment sectors, CMFD
is essential for ensuring the authenticity of published visuals, preventing misinforma-
tion, and maintaining audience trust. Recent studies have emphasized the importance
of explainability and provenance tracking in journalistic contexts, leading to the inte-
gration of CMFD within blockchain-based verification systems and deepfake detection
frameworks. For instance, hybrid CMFD–GAN detection systems have been adopted
by several news agencies to validate both copy–move and synthetic image manipu-
lations before publication. A lightweight CMFD model integrated into an editorial
verification workflow achieved near real-time tamper localization, reducing verifi-
cation time by 80% while maintaining interpretability, an essential requirement for
editorial decision-making.

• Social media and online platforms: Social networks employ CMFD to combat misinfor-
mation and image-based manipulation, protecting users from deceptive or malicious
content. Real-time inference and large-scale deployment represent the primary techni-
cal challenges in this domain. Lightweight CNN architectures such as MobileNetV2
and ShuffleNet, enhanced through pruning, quantization, and knowledge distillation,
enable near real-time CMFD on resource-limited systems. For instance, deploying a
quantized MobileNetV2 variant in a social-media moderation pipeline can substan-
tially reduce inference latency, enabling near-real-time flagging of manipulated images
while maintaining comparable detection performance.

• E-commerce and corporate integrity: In e-commerce and brand management, CMFD
ensures that product images and promotional materials are authentic and untampered.
By detecting manipulated visuals, CMFD safeguards consumers from misleading
claims, supports fair competition, and preserves corporate reputation. In this domain,
systems must handle highly heterogeneous image resolutions, lighting conditions,
and compression levels. Texture- and region-based features combined with CNN-
based feature matching have proven effective for product image verification. Cloud-
integrated CMFD frameworks now support large-scale automated screening across
online marketplaces.

• Healthcare and research integrity: In healthcare, CMFD plays an important role in en-
suring the authenticity of diagnostic and clinical imagery, helping prevent potentially
harmful misinterpretations. Unlike typical forensic tasks, healthcare applications de-
mand privacy-preserving and domain-adaptive solutions. Federated learning-based
CMFD models enable collaborative detection across institutions without centralizing
sensitive data. In scientific publishing, CMFD assists in detecting manipulated figures,
safeguarding research credibility and ethical standards. Recent integrity-assurance
frameworks combine CMFD with metadata consistency checks to flag manipulated
or duplicated visuals in academic publications, reinforcing transparency and repro-
ducibility in research.

• Art, heritage, and archival preservation: In digital art and heritage management, CMFD
contributes to verifying authenticity and detecting unauthorized modifications in digitized
artworks. Hybrid feature-learning approaches have achieved promising results in detecting
copy–move forgery in paintings and historical images, producing interpretable localization
maps that assist expert verification. For example, CMFD has been successfully applied to



Appl. Sci. 2025, 15, 11774 11 of 33

digitized Renaissance paintings to identify subtle restoration or retouching interventions,
highlighting its relevance in cultural heritage protection.

• Government, defense, and public policy: Government and defense institutions rely on
CMFD to authenticate official documents, surveillance images, and strategic visual
data, thus supporting transparency and national security. Explainable and traceable
CMFD frameworks are essential in these domains to ensure accountability in auto-
mated decisions. Multi-modal CMFD approaches that integrate image, metadata, and
geolocation verification have been successfully employed in defense intelligence and
counter-propaganda analysis.

5. Comprehensive Overview of CMFD Techniques
Identifying CMF in digital images remains a challenging task that demands dedi-

cated methodologies and specialized tools. Over the years, researchers have developed
a wide range of strategies and advanced techniques to address this problem [10,51–53].
These approaches can be broadly categorized into conventional CMFD methods (such
as block-based and keypoint-based techniques), hybrid strategies, and those leveraging
deep-learning frameworks (Figure 5).

Image ForgeryDetection

Active Approaches

Digital Signature

Digital
Watermarking

Passive Approaches

Splicing Copy-move

Conventional

Methods

Keypoint-based 
methods

ORB
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SURF

FAST

Block-based methods

DCT

FFT
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Hybrid Methods
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GAN
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Retouching Obj

Figure 5. An overview of CMFD techniques.

5.1. Conventional CMFD Techniques

Forgery detection methods are generally categorized into two primary types: block-
based and keypoint-based approaches. Typically, these methods follow a three-step process:
descriptor extraction, similarity mapping, and identification of tampered regions.
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• Block-based methods segment an image into overlapping or non-overlapping
blocks [54]. Features are extracted from each block using techniques such as the
discrete cosine transform (DCT), principal component analysis (PCA), or local bi-
nary patterns (LBP), and are subsequently matched using correlation measures or
Euclidean distance [55]. Forgery localization is typically achieved through geometric
transformations, often employing Random Sample Consensus (RANSAC) to filter
out mismatches [56–58]. In [51], preprocessing began with converting the RGB image
to grayscale, which was then partitioned into overlapping 4 × 4 pixel blocks. Each
block underwent the Tetrolet transform, producing four low-pass and 12 high-pass
coefficients that captured local structural information effectively. For matching, feature
vectors were lexicographically sorted, and similar blocks were identified based on
Euclidean distance comparisons against predefined thresholds. Although this block-
based approach provided a structured methodology for CMFD, it exhibited limitations:
the small block size amplified sensitivity to noise and compression artifacts, and the
combination of sorting and distance calculations incurred high computational costs on
large images. Therefore, scalability and robustness remained challenging in practical,
real-world applications.
From an analytical standpoint, block-based methods demonstrated strong local corre-
spondence detection but lacked global contextual reasoning. They often treated image
regions as independent entities, ignoring semantic relationships between copied and
original areas. Consequently, their performance deteriorated when the copied region
overlapped complex textures or underwent multiple transformations. The authors
in [14] suggested that hybrid strategies, combining block-based local similarity measures
with deep feature representations, could mitigate these weaknesses by providing both
fine-grained matching and semantic awareness. Such integration also enhanced inter-
pretability, as handcrafted descriptors offered explainable cues while deep networks
improved adaptability. In postprocessing, to address false matches caused by self-similar
or homogeneous regions (such as the sky), the RANSAC algorithm was employed to
eliminate inaccurately matched blocks. Finally, morphological operations like opening
and closing were applied to precisely locate the forged regions in the image.
In a related study [53], the preprocessing stage began by converting the image from
RGB to grayscale, followed by dividing it into overlapping square blocks. Gaussian–
Hermite Moments (GHMs) were employed for feature extraction on each block. GHMs
proved particularly effective due to their scale and rotation invariance, making them a
robust descriptor for forgery detection. During block matching, descriptors were first
sorted in lexicographic order, and analogous blocks were identified through Euclidean
distances and thresholding. In the postprocessing phase, the RANSAC algorithm
filtered out mismatched blocks, while morphological operations were applied to refine
the detection of forged regions. The summary of several forgery detection studies
using block-based approaches is presented in Table 2. These studies demonstrate the
effectiveness of block-based methods in CMFD, especially when integrated with ad-
vanced feature extraction techniques and machine learning algorithms. However, they
remain computationally demanding and exhibit limited robustness against geometric
transformations, namely rotation, scaling, and affine distortions. In addition, while
these methods effectively capture local similarities, they often fail to exploit global
contextual relationships within the image, which limits their adaptability to complex
or multi-region forgery. Future research should therefore focus on hybrid frameworks
that combine block-based precision with deep contextual understanding to improve
both robustness and interpretability.
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Table 2. Overview of CMFD methods utilizing block-based approaches.

Ref/Year Dataset Techniques Performance

[53] (2019)
Small CoMoFoD
GRIP
CMF

RGB to gray-level conversion,
overlapping square blocks, GHM,
Euclidean distance matching,
morphological operations,
RANSAC

High robustness to geometric
transformations and
post-processing (rotation,
blurring, color adjustments, JPEG
compression).

[57] (2019) CMFD
FAU

Image resizing, overlapping
circular blocks, Zernike moments,
KD-tree, RANSAC

Strong resistance to arbitrary
transformations but high
computational complexity.

[51] (2020) GRIP
CoMoFoD

RGB to gray conversion,
overlapping square blocks,
Contourlet transform, absolute
difference matching, Fast
Outliers filtering

Highly effective against noise,
post-processing, and geometric
distortions.

[52] (2020)
CoMoFoD
COVERAGE
DVMM

RGB to YCbCr conversion,
Y-component square blocks,
Tchebichef moments, GHV,
Euclidean distance matching,
morphological operations

Robust against brightness
variations, color distortions, and
compression artifacts.

[59] (2020) CoMoFoD
CASIA

Image resizing, RGB to gray
conversion, circular blocks,
PCET-SVD, Euclidean distance
matching, block distance filtering

Good performance against
rotation, scaling, and
compression, but struggles with
highly textured regions.

[60] (2022) CoMoFoD

RGB to gray conversion, SWT,
overlapped blocks, DCT-SVD,
Euclidean distance matching,
block distance, morphological
operations

Resistant to post-processing
operations and effectively detects
complex forgery patterns.
Performance data not available.

• Keypoint-based methods avoid dividing the image into blocks. Instead, they detect
keypoints such as corners and edges using algorithms like SIFT [14,61] or SURF [6],
and match them through clustering or nearest-neighbor techniques. While compu-
tationally efficient and robust to transformations, these methods face challenges in
uniform regions or misclassifying similar images as forgery [62].
Wang et al. [63] introduced a keypoint-based approach for detecting CMF in digital
images, combining the SURF algorithm with Polar Complex Exponential Transform
(PCET) techniques. The method began by dividing the image into non-overlapping
irregular blocks through superpixel segmentation, which were subsequently catego-
rized as either smooth or textured regions. Keypoints were then extracted using the
SURF algorithm, and PCET coefficients were calculated to facilitate the identification
of similar features via feature matching. To reduce FPs and accurately pinpoint areas
with a high concentration of matching points, a filtering strategy coupled with the
RANSAC algorithm was applied. The detected tampered regions were further refined
through mathematical morphology and an iterative procedure. Comparative evalua-
tions indicated that this approach outperformed other CMFD methods, particularly in
high-brightness smooth areas and in images containing visually similar genuine re-
gions. Moreover, it demonstrates robustness against various distortions, like rotation,
scaling, blurring, JPEG compression, and added noise.
In [64], the authors investigate CMF, which exploited homogeneous regions to conceal
or replicate objects, making them difficult to detect. Conventional keypoint-based
CMFD methods would struggle in such areas due to a lack of distinctive features. The
study evaluated SIFT, SURF and A-KAZE for CMFD, showing that A-KAZE would
achieve the highest accuracy on the NB-CASIA dataset (98.98%), outperforming SURF
(93.9%) and SIFT (89.2%). A-KAZE proved particularly effective for large-scale forgery
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in uniform regions while maintaining low computational cost.
In [65], Yang et al. implemented the SIFT algorithm during the feature extraction
phase to identify keypoints in the original image. For feature matching, the k-Nearest
Neighbor (kNN) algorithm was used to determine potential matching pairs from
the detected keypoints. During the post-processing stage, a custom Two-Stage Filter-
ing (TSF) algorithm was introduced to filter out false matches while retaining true
ones. The TSF process involved two steps: (1) the grid-based filter algorithm, which
performed an initial refinement of the keypoints, and (2) the clustering-based filter
algorithm, which further refined the keypoints by grouping them, identifying inliers
and outliers and discarding keypoints in outlier groups. Finally, the Delaunay triangu-
lation method was utilized for image matting to highlight the forged regions.
An overview of keypoint-based methods for CMFD is illustrated in Table 3.

Table 3. Overview of CMFD methods utilizing keypoint-based methods.

Ref/Year Dataset Techniques Performance

[66] (2019) FAU
MICC-F600

Harris Laplace, Hessian Laplace,
SIFT, G2NN, RANSAC, Bag of
Words

Robust against geometric
transformations and affine matrix
distortions but struggles with
complex background textures.

[67] (2019)
CoMoFoD
MICC-F200
MICC-F220

RGB to gray conversion, Discrete
Wavelet Transform (DWT),
2-Nearest Neighbor (2NN) search,
DBSCAN clustering, RANSAC
refinement

Resilient to geometric variations
yet suffers from significant
complexity. Reliable in
high-keypoint regions but prone to
duplicate region detection.

[62] (2020) GRIP
FAU

SIFT, G2NN, HAC, J-Linkage

Robust against image
transformations but
computationally expensive.
Effective in detecting minor
mismatches.

[68] (2020)
CoMoFoD
CMH
CIVF
COVERAGE

SIFT + LBP, 2NN, correlation
coefficient with thresholding,
RANSAC

Highly robust against geometric
distortions and noise. Performance
affected by method selection and
keypoint redundancy.

[29] (2020) COVERAGE SIFT, Rotated LBP, G2NN,
hierarchical clustering, RANSAC

Strong against geometric
transformations but sensitive to
illumination variations.

[69] (2021) MICC-F220
Contrast-limited adaptive
histogram equalization (CLAHE),
keypoint extraction, RANSAC

Reduces noise and improves
keypoint detection, but additional
filtering is needed for complex
backgrounds.

[70] (2021)
CoMoFoD
CMFD
COVERAGE
MICC-F200
MICC-F220

SIFT, 2NN, spectral clustering,
geometric constraints, RANSAC

Robust against geometric
transformations and affine
distortions, with high precision in
detecting forgery regions.

[71] (2021)
CoMoFoD
MICC-F220
MICC-F200

Dynamic Histogram Equalization
(DHE), SIFT, keypoint attraction,
geometric constraints

DHE preprocessing enhances
keypoint detection, improving
robustness against transformations.

[72] (2025) GRIP, MICC-F600

Adaptive CMFD using uniform
keypoints extraction (SLIC +
MDML-DCP), AQFPJFM + GLTP
descriptors, ITQ-PTH matching

Offers improved robustness to
geometric and illumination
variations, balanced
precision–recall performance, and
faster large-scale matching
compared to conventional
methods.

Despite their effectiveness, conventional methods suffered from several inherent limi-
tations, including the need for extensive manual parameter tuning, strong dependency
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on specific datasets, and limited generalizability across diverse image conditions.
Moreover, their performance was often constrained by handcrafted feature design,
which lacked adaptability to unseen manipulation patterns or varying acquisition
settings. Such dependence on fixed thresholds and manually engineered descrip-
tors hindered scalability and reproducibility, making these methods less reliable in
real-world forensic scenarios where noise, compression, and complex transformations
are prevalent.

5.2. Hybrid CMFD Techniques

Hybrid methods, as discussed in various studies [73,74], leverage combinations of com-
plementary detection strategies [75], such as integrating deep-learning with block-based
or keypoint-based approaches, and could enhance detection accuracy and computational
efficiency. These methods have been effective in detecting diverse CMF, handling various
transformations, and managing complex backgrounds.

For example, in [73], the authors proposed a forensic framework that combined
adaptive and hybrid strategies, incorporating Haar DWTs, SURFs, Histogram of Oriented
Gradients (HOG), and a probabilistic filter for classification. This approach was evaluated
on the IMD and MICC-F220 datasets, achieving promising results. Similarly, the authors
in [74] introduced a CMFD method that employed SURFs, maximally stable extremal
regions and novel filtering techniques, which demonstrated robust performance on the
MICC-F220 dataset and the F8 multi-datasets.

Hybrid methods integrate two or more detection strategies, such as block-based and
keypoint-based techniques [63,73,76,77], to enhance both the accuracy and efficiency of
CMFD. These approaches are capable of detecting multiple forgery, handling various
geometric and photometric transformations, and effectively performing on images with
complex backgrounds or overlapping regions. However, they often involve higher compu-
tational costs and require careful parameter selection and tuning [78,79].

Alhaidery et al. [73] suggested a passive image forensic framework that combined
adaptive and hybrid strategies. The framework comprised a preparatory phase followed
by three processing layers. In the preparatory phase, Haar DWTs were used for automated
image segmentation. The first layer applied simple linear iterative clustering to segment
images and classified the segments using entropy measures. In the second stage, SURF
and HOG descriptors were utilized to perform region-based keypoint detection. The
third stage incorporated a probabilistic FP suppression module to enhance recognition
accuracy by refining the TPR and false-positive rate (FPR). The pipeline was assessed on the
IMD and MICC-F220 benchmark datasets, demonstrating robustness against photometric
and geometric transformations. In a subsequent study [74], the same authors developed
a CMFD scheme focusing specifically on detecting duplicated regions. This approach
integrated SURF and MSER detectors with unique vector representations, complemented
by newly introduced parallel and distance ratio filters to enhance detection performance.
The experiments on the MICC-F220 dataset and F8 multi-datasets demonstrated the method
robustness to post-processing attacks, achieving a high TPR and a low FPR, and improving
upon their previous framework by specifically targeting CMF.

Nirmal et al. [80] introduced a CMFD approach that combined the Histogram of Ori-
ented Gradients (HOG) descriptor with Local Binary Pattern Variance (LBPV) algorithms.
The method located forged regions through post-processing procedures and was evaluated
on six benchmark datasets (UCID, MICC-F220, CASIA, MICC-F2000, TIDE, and CoMoFoD),
which included a wide variety of transformations such as translation, flipping, scaling,
rotation, color adjustments, brightness variations, and JPEG compression. Performance
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was assessed using pixel-level metrics, namely the FPR and True Detection Rate (TDR).
Table 4 illustrates an overview of hybrid CMFD methods.

Table 4. Overview of CMFD methods utilizing hybrid approaches.

Ref Year Dataset Techniques Performance

[63] 2019 GRIP,
FAU

Image partitioning into irregular
blocks (smooth and texture
regions), SURF+PCET feature
extraction, Improved G2NN
matching, RANSAC and
morphological post-processing

Robust to geometric
transformations, blurring, JPEG
compression, and noise. Detects
forgery in visually similar regions.
Difficult parameter tuning

[81] 2019 IMD

SIFT + Local Intensity Order
Pattern (LIOP) for feature
extraction, G2NN + transitive
matching, SLIC segmentation,
RANSAC

Resistant to geometric
transformations, noise, and JPEG
compression. Effective for cloned
regions with few key points

[76] 2020 MICC-F600

Non-overlapping block division,
SIFT feature extraction, Euclidean
distance matching, Morphological
operations

Robust to geometric
transformations. Struggles with
smooth images and small forgery
within single blocks

[77] 2020 MICC-F220

Square block division, SIFT +
SURF feature extraction,
Hierarchical clustering with spatial
distances, RANSAC refinement

Handles geometric
transformations well. Effective for
smooth images and small forgery
with SIFT and SURF

[82] 2020 GRIP,
IMD

Image segmentation into smooth
and texture parts, FMT and
SIFT-based feature extraction,
Patch match and G2NN matching,
Dense Linear Fitting and RANSAC
filtering

Robust to scaling, noise, and JPEG
compression

[83] 2020
MICC-F220,
MICC-F8multi,
CoMoFod

Grayscale conversion, Sobel edge
detection, DoG blob detection,
BRISK feature extraction,
Hamming distance matching,
RANSAC filtering

Resistant to geometric
transformations and
post-processing operations.
Detects multiple forgery regions
with reduced computational
complexity

[84] 2020 CoMoFod

Grayscale conversion, DCT and
BRISK-based feature extraction,
Euclidean and FLANN-based
matching, clustering via Euclidean
distance

Maintains stability under
geometric changes, blur, and noise,
but struggles in detecting forgery
in smooth regions and after
advanced post-processing

[85] 2024
CASIA V1,
Coverage,
GRIP

WE-CLAHE pre-processing,
Hybrid DTT+VGGNet feature
extraction, IHH-based
dimensionality reduction, DCCAE
classification, ADFC segmentation

Robust to geometric
transformations and achieves high
accuracy

[86] 2024 Custom

CenSurE keypoint detection
combined with CNN-based feature
learning for CMFD and
localization

Robust against geometric
transformations, compression,
noise, and various post-processing
operations. Performs well on both
smooth and textured images

5.3. Deep-Learning-Based CMFD Methods

Over the last few years, deep-learning techniques have gained significant attention in
the field of computer vision, specifically in forgery detection [87]. These methods excel in
automatically learning hierarchical feature representations directly from data, enabling the
extraction of rich semantic information without manual feature engineering. However, a
major challenge associated with deep-learning approaches is their strong dependence on
large datasets for effective training. To mitigate this limitation, several strategies have been
put forward in the literature, as outlined below.
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• CMFD using CNNs: Researchers have adapted deep-learning models [88–95] such
as the VGG series, DenseNet, and GoogleNet architectures for forgery detection by
fine-tuning their layers and training them on domain-specific datasets [96]. AlexNet is
a widely used pre-trained CNN in deep-learning, comprising eight layers, five convo-
lutional blocks, two fully connected layers, and a softmax output that distinguishes
between 1000 classes. Trained on the large-scale ImageNet dataset with approximately
60 million parameters, it demonstrates strong generalization capability. The Relief
feature selection algorithm can be then applied to extract relevant features, which can
be subsequently classified as authentic or forged using logistic regression.
Several pre-trained networks have been evaluated in combination with different classi-
fiers on the MICC-F600 and MICC-F2000 datasets. In a related study, Hebbar et al. [97]
explored the use of transfer learning for detecting copy-move and splicing forgery,
employing models such as VGG16, VGG19, ResNet50, and DenseNet. To enhance de-
tection accuracy, images were preprocessed using Error Level Analysis (ELA), which
highlighted forgery regions by comparing the original image with its recompressed
version at 90% quality. The preprocessed images were then used for model fine-tuning.
During classification, feature maps extracted by the models passed through a Global
Average Pooling (GAP) layer, followed by a dense layer with 512 neurons, a dropout
layer (0.25) and a final dense layer with a sigmoid activation function to distinguish
between authentic and forged images. This method was evaluated on the CASIA
V2 dataset.
Accordingly, Table 5 provides an overview of several forgery detection studies em-
ploying this approach. The analysis of this table highlights the growing adoption of
CNN architectures for CMFD. The table reveals a clear trend toward leveraging deep
learning models originally designed for image classification, repurposed to extract
discriminative features and identify duplicated regions. While these architectures
have demonstrated competitive performance across several datasets, a closer exami-
nation indicates that their effectiveness remains highly dependent on network depth,
dataset diversity, and post-processing refinement. While these architectures have been
effectively adapted for copy-move detection, their primary strength lies in feature
extraction and classification rather than precise pixel-level localization. This limitation
becomes particularly evident when dealing with subtle or small duplicated regions,
where global features may overlook fine-grained spatial inconsistencies. Furthermore,
most CNN-based CMFD frameworks rely heavily on supervised learning, requiring
large, well-annotated datasets that are often unavailable or domain-specific. As a
result, their generalization capability remains limited when confronted with unseen
manipulations or cross-dataset variations. In addition, the lack of explicit spatial
constraints within convolutional layers can lead to localization ambiguity, especially
in cases involving geometric transformations such as rotation, scaling, or partial occlu-
sion. Therefore, despite their strong representational power, CNN-based methods still
face challenges in achieving robust, interpretable, and pixel-accurate forgery detection.
To overcome these constraints, recent research has shifted toward hybrid architectures
that integrate CNNs with attention mechanisms or transformer-based encoders.
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Table 5. Overview of CMFD studies using CNNs.

Ref Year Dataset Techniques Performance

[98] 2019 GRIP Pre-trained AlexNet model with
Block-based method

This method combines the
advantages of a pre-trained AlexNet
and a block-based approach

[99] 2019 CASIA CNN with Block-Based method with
Zernike Moment

This method combines the
advantages of deep-learning and a
block-based approach, detecting both
forgery images and their types

[97] 2021 CASIA V2 ResNet50, VGG16, VGG19 and
DenseNet networks

This technique utilized pre-trained
networks and transfer learning with
ELA images to emphasize
forgery regions

[96] 2021 MICC-F2000 Dual branch of CNN with different
filters and kernel sizes

This technique uses a dual-branch
CNN with a functional API,
enhancing robustness to scaling
through filters of varying kernel sizes

[93] 2022 MICC-F600,
MICC-F2000

AlexNet with Logistic regression
This technique employed the
pre-trained AlexNet model as the
feature extractor

[100] 2025
4 publicly
available
datasets

Lightweight CNN-based CMFD
network (ST-Net) with Selective
Sampling Attention (SSA), Two-Step
Self-Correlation Calculation (TS-SCC),
dual-branch adaptive feature fusion,
multiscale atrous convolutions

Outperforms several related CMFD
networks in detection accuracy,
number of parameters, computational
cost, and inference time

[101] 2025
CoMoFoD,
CASIA,
COVERAGE

Recursive Wavelet Transform
Network: multi-stage wavelet
transform, sorted convolution,
adaptive multi-scale attention fusion,
diagonal-guided self-correlation,
U-Net localization

High localization accuracy; robust to
geometric transformations

• CMFD using object detection networks: Scientists have adapted object detection frame-
works, including R-CNN, fast R-CNN, faster R-CNN, and mask R-CNN, ref. [102]
to detect forgery regions by fine-tuning their layers and training them on special-
ized datasets. Detecting objects at different scales, especially small ones, remains
challenging. The Feature Pyramid Network (FPN) addresses this issue by combin-
ing features from multiple convolutional layers to improve multi-scale detection
performance [103]. A copy-move and splicing forgery detection approach integrating
the FPN with mask R-CNN was explored in [102], following three stages: feature
extraction (using ResNet-101), region proposal (via Region Of Interest (RoI) Align),
and prediction (using an FCN framework). To enhance forgery localization accuracy,
the Sobel edge detection filter was incorporated into the loss function. The method
was evaluated on the COVERAGE and DVMM datasets.
Another study [104] proposed a two-stream faster R-CNN for forgery detection, utiliz-
ing both RGB and noise images. The RGB stream extracted features using ResNet-101,
which were then fed into the Region Proposal Network (RPN) and RoI pooling for
bounding box regression and manipulation classification. Since RGB images alone
were insufficient, a second stream processed noise images generated via a steganalysis-
rich model filter. Extracted noise features were then combined with RGB features to
improve detection of copy-move, splicing, and object removal forgery. This method
was tested on the NIST16, COVERAGE, CASIA, and Columbia datasets. However,
despite its promising dual-stream design, the approach remained limited by its re-
liance on supervised learning and the computational overhead of the Faster R-CNN
framework. Moreover, its performance degraded when confronted with subtle ma-
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nipulations or low-quality images, indicating that noise-based cues alone may not
provide sufficient discriminative power for generalized forgery detection.
Additionally, a two-stage constrained R-CNN with mask R-CNN was introduced
in [105]. In the first stage, a constrained convolution layer and early ResNet-101 blocks
extracted a unified feature representation, which was passed to an attention-based
RPN for RoI identification. In the second stage, a skip structure merges low-level
(Conv-3x) and high-level Convolutional Block Attention Module (CBAM) features,
enhancing global representations. A softmax layer then classified boundary pixels.
This approach was evaluated on the COVERAGE, Columbia, NIST16, and CASIA
datasets. The integration of CBAM significantly improved feature discrimination
and spatial awareness, allowing the network to better capture subtle boundary cues
between authentic and tampered regions. However, this two-stage framework also
increased computational complexity and inference time due to the additional atten-
tion and mask generation processes. Moreover, its dependency on region proposals
limited scalability and reduced robustness when applied to high-resolution or heavily
compressed images. As a result, although the method achieved high detection accu-
racy on benchmark datasets, its practical deployment in real-world forensic analysis
remains challenging. Table 6 provides an overview of several studies employing
object detection networks for CMFD, highlighting the architectures, datasets, and key
findings. The analysis of Table 6 shows that object detection-based CMFD methods
increasingly exploit advanced region proposal and segmentation frameworks such
as Faster R-CNN and Mask R-CNN to achieve precise localization of tampered areas.
While these approaches demonstrate strong detection accuracy and robustness to
geometric and compression variations, they often suffer from high computational cost
and dependency on large annotated datasets. Moreover, the reliance on bounding-box
or mask-based localization can introduce coarse boundary estimations, limiting their
effectiveness for subtle or small-scale manipulations. Overall, these models illustrate
a promising evolution toward region-aware detection but still face challenges related
to efficiency, generalization, and scalability in real-world forensic scenarios.

Table 6. Overview of CMFD methods utilizing object detection networks.

Ref Year Dataset Techniques Performance

[104] 2018 COVERAGE,
CASIA,
NIST16

Two streams Faster R-CNN
and RGB with noise image

Robust to resizing/compression,
leveraging color/noise to detect
and specify forgery types

[102] 2019 COVERAGE,
DVMM

Feature pyramid network with
ResNet101 as the backbone
with Mask R-CNN with Sobel
Filter

Robust to
compression/resizing, with
Sobel loss improving accuracy
for multi-scale forgery
detection

[105] 2020
NIST16,
COVERAGE,
CASIA,
Columbia

Constrained R-CNN

Detects pixel forgery and type,
using constrained convolution
and feature fusion for robust
detection

[106] 2022 CoMoFod,
MICC-F2000,
CASIA V2

DenseNet-41 with Mask
R-CNN

Robust to transformations, but
sensitive to large light
variations

• CMFD using autoencoder networks: An autoencoder network, consisting of an en-
coder and a decoder, compresses an image into a latent representation and reconstructs
it to detect inconsistencies. Symmetric or asymmetric layer designs can enhance detec-
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tion performance. Instead of reconstructing the entire image, the network can generate
a binary mask to differentiate between forged and authentic pixels, effectively de-
tecting various forgery types [107,108]. Autoencoder networks, typically used for
data generation, can also be adapted for image forgery detection. They consist of
an encoder, which compresses the input image into a feature representation, and a
decoder, which reconstructs the original image. The encoder–decoder structure is
often symmetric, though some studies [109] introduced asymmetry or multiple input
streams to improve forgery detection. Training is generally performed using datasets
with ground-truth images to optimize accuracy.
Unlike traditional reconstruction-based autoencoders, forgery detection models gen-
erate binary masks to accurately distinguish manipulated from authentic pixels. For
instance, Ding et al. [110] suggested DCU-Net, a dual-channel U-shaped network
specifically designed for splicing forgery detection. It consisted of encoder, feature-
fusion, and decoder stages. Unlike standard autoencoders, DCU-Net’s encoder in-
corporated two input channels: an RGB image and a residual image (extracted via
high-pass filtering). This dual-channel design improved edge and content feature ex-
traction. Feature fusion occurred in two steps: First, deep features from both channels
are combined; second, multiscale dilated convolution layers refined forgery detection
across various region sizes. In the decoder, low-resolution features were upsampled,
while skip connections restore lost semantic information. The final stage applied condi-
tional random fields and morphological operations to enhance pixel-level localization
accuracy. DCU-Net was evaluated on the CASIA and Columbia datasets.
In [111], the authors proposed an encoder–decoder CNN framework for copy-move
forgery detection, which utilized images at multiple scales to capture both global
and local features. The network employed varied layers and kernel sizes, enabling
more comprehensive feature extraction across different image resolutions. This multi-
scale design enhanced the model’s robustness to common image degradations, such
as brightness variations, additive noise, and geometric scaling. Evaluations on the
CoMoFod and CMFD datasets demonstrated that the method effectively detected
forged regions, even under challenging conditions. However, the approach was
limited by increased computational complexity due to multi-scale processing, and
its reliance on CNN-based feature extraction potentially restricted adaptability to
manipulations exhibiting subtle or highly textured patterns. Overall, while this en-
coder–decoder design improved resilience to typical image variations, further work
would be needed to enhance generalization across diverse forgery types and real-world
scenarios. Table 7 summarizes recent CMFD studies employing autoencoder-based
networks. These methods leveraged encoder–decoder architectures, often enhanced
with CNNs, LSTMs, or hybrid modules, to capture both spatial and temporal de-
pendencies and improve pixel-level forgery localization. While they demonstrated
robustness to brightness variations, noise, compression, and geometric scaling, most
approaches suffered from high computational complexity, long training times, and
dependency on large annotated datasets. Moreover, despite their ability to detect vari-
ous forgery types, subtle manipulations in highly textured or low-resolution regions
remained challenging, indicating that autoencoder-based CMFD methods still require
further refinement for scalable, real-world deployment.
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Table 7. Overview of CMFD studies using autoencoder networks.

Ref Year Dataset Techniques Performance

[112] 2019 NIST16,
COVERAGE

(CNN with LSTM) Encoder
and Decoder

This approach integrates
spatial and frequency
information to enhance
performance and detect all
types of forgery.

[109] 2020 MIT dataset (CNN with LSTM) Encoder
and Decoder (CNN)

The CNN detects similarities,
and the LSTM eliminates
wrongly identified forgery
regions, making it robust to
compression and noise

[113] 2021
GRIP,
DVMM,
CMFD,
BSDS300

VGG16, CNN for splicing and
copy-move, and
Encoder–Decoder for pixel
forgery

This method detects and
classifies forgery types but has
high computational complexity,
preprocessing, and training time

[111] 2022 CoMoFod,
CMFD

Encoder (CNN)-Decoder
(CNN)

Utilizes images at different
scales and networks with
varied layers and kernel sizes
for improved feature
extraction, and is robust to
brightness changes, noise, and
scaling

[108] 2022
COVERAGE,
NIST16,
CASIA

Encoder (LSTM with Rotating
Residual Units)-Decoder

This hybrid approach
combines LSTM resampling
and rotating residual units to
highlight inconsistencies
between healthy and forged
regions, detecting all types of
forgery

[107] 2022
COVERAGE,
NIST16,
CASIA,
CoMoFod

U-Net (Encoder
(ResNet)-Decoder)

This technique identifies all
types of forgery but has high
computational complexity

• CMFD using generative adversarial networks (GANs): GANs consist of a generator,
which creates samples resembling the training data, and a discriminator, which eval-
uates their authenticity. GAN-based methods for CMFD [114] leverage techniques
such as one-class classification to identify anomalies. Abdalla et al. [115] put forward
a three-branch framework for CMFD based on a GAN architecture, comprising a
generator and a discriminator. The G component generated forged variations of the
input data, whereas the discriminator classified pixels as genuine or manipulated.
During training, the generator aimed to deceive the discriminator, which simulta-
neously learned to accurately detect forged regions. Complementing the GAN, a
tailored CNN model extracted features to identify similar regions, particularly those
affected by copy-move operations. The network integrated convolution operations,
self-correlation mechanisms, pooling layers and dense connections to generate a binary
mask representing the duplicated regions. A linear Support Vector Machine (SVM)
was subsequently utilized to perform classification using the combined outputs of the
GAN and the CNN. The GAN was pre-trained and evaluated on CIFAR-10 and MNIST,
while the CNN and SVM were trained and tested on a custom dataset containing
authentic and forged images. Although this GAN-based framework demonstrated in-
novative integration of generative and discriminative components, it remained limited
by the reliance on synthetic pre-training, potential overfitting to small custom datasets,
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and high computational demands, which may hinder generalization to complex, real-
world forgeries. Islam et al. [114] proposed a CMFD and localization technique based
on a GAN-driven deep model, called DOA-GAN. In this architecture, the generator
employed a dual-order attention module, enabling the extraction of forgery-aware
attention maps and capturing co-occurrence relationships across image patches. The
discriminator ensured the accuracy of the predicted masks. The results revealed that
DOA-GAN outperformed state-of-the-art methods, providing finer copy-move masks
and accurately distinguishing source and target regions. However, despite its im-
proved localization and attention mechanisms, the method remained computationally
intensive and heavily dependent on the availability of large, well-annotated training
datasets, which may limit its applicability to diverse real-world images and subtle
forgery scenarios.
Collectively, these studies have demonstrated the effectiveness of GAN-based deep-
learning approaches for CMFD. Such methods are capable of learning complex image
representations and generating corresponding masks that precisely delineate dupli-
cated regions, showing strong potential for diverse multimedia applications.
The summary of several CMFD studies using GANs is presented in Table 8. From an
analytical perspective, while GAN-based approaches demonstrate notable robustness
to geometric distortions and limited availability of forged samples, they are inherently
constrained by substantial data and computational requirements. Furthermore, their
effectiveness diminishes when addressing subtle, small-scale, or homogeneous dupli-
cated regions, indicating that additional methodological advancements are required
to ensure reliable performance in practical forensic applications.

Table 8. Overview of CMFD methods utilizing GANs.

Ref Year Dataset Techniques Performance

[116] 2018 European credit
card transactions

GAN with One-class
classification approach

Ideal when forgery samples
are lacking or training
datasets are imbalanced

[117] 2018 NASA satellite
image

Block-based with GAN and
One-class approach

The approach relies only on
authentic samples for
training, with no
assumptions regarding
forgery

[115] 2019 MICC-F600,
CoMoFod

GAN with SVM
Requires a large amount of
data to train the GAN
network

[114] 2020 CASIA,
CoMoFod

Dual-order attentive GAN

Resilient to geometric
distortions and subsequent
processing, though its
performance decreases in the
presence of small or
homogeneous regions

• CMFD using Recurrent Neural Networks (RNNs): RNNs are designed to capture depen-
dencies within data, particularly in image analysis [118], where they identify relationships
between pixels. Researchers use RNNs [119], often in combination with CNNs and autoen-
coders, for pixel-level forgery detection. Techniques such as Long Short-Term Memory
(LSTM) networks are employed to learn spatial relationships and classify image patches
as forged or authentic. RNNs are applied in deep-learning to capture dependencies be-
tween components. In authentic images, pixel color dynamics exhibit strong dependencies,
whereas forgery regions introduce spatial inconsistencies.
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Researchers [112,118,119] have employed RNNs to detect forged patches or pixels,
often combined with CNNs or autoencoders to refine detection and reduce false posi-
tives. For example, a pixel-level forgery detection method combining CNN and LSTM
was suggested in [118]. First, image patches were extracted using a sliding window.
The model consisted of five convolutional layers and a three-layer LSTM network.
Initial convolutional layers captured low-level features, which were then processed
into 8×8 blocks and fed into the LSTM to learn spatial relationships. A softmax classi-
fier categorized patches as forged or authentic, followed by additional convolutional
layers to generate a confidence score map. The model, trained end-to-end, detected
multiple forgery types and was evaluated on the COVERAGE and NIST datasets.
Another approach [119] integrated CNN with ConvLSTM for CMFD. ConvLSTM,
which replaced fully connected layers with convolutional ones, encoded spatial–
temporal information. This method, tested on the MICC-F220, MICC-F600, MICC-
F2000 and SATs-130 datasets, enhanced detection accuracy by preserving spatial
correlations across pixels.
Table 9 summarizes forgery detection studies using RNNs. These architectures, par-
ticularly when combined with CNNs, effectively capture both spatial and temporal
dependencies, improving the detection of sequential or contextual inconsistencies
across image regions. However, despite their ability to handle complex feature corre-
lations and enhance generalization, RNN-based methods often incur higher computa-
tional costs and longer training times. Moreover, their reliance on temporal modeling
(originally designed for sequential data) may limit efficiency in purely spatial forgery
detection tasks, suggesting that hybrid or attention-based extensions could offer more
balanced solutions.

Table 9. Overview of forgery detection studies using RNNs.

Ref Year Dataset Techniques Performance

[118] 2017 COVERAGE,
NIST

CNN with LSTM
This end-to-end network
detects all types of image
forgery

[112] 2019 NIST16,
COVERAGE

(CNN with LSTM) Encoder
and Decoder

This method combines
spatial and frequency
information for enhanced
performance, detecting all
types of image forgery

[119] 2021

MICC-F220,
MICC-F600,
MICC-F2000,
SATs-130

CNN with ConvLSTM

The ConvLSTM-CNN hybrid
enhances performance, while
combining four datasets
improves generalization and
reduces overfitting

6. Challenges and Future Directions
The field of CMFD continues to face numerous technical, methodological, and ethical

challenges that make it a complex and rapidly evolving research area. Existing approaches,
ranging from traditional feature-based algorithms to modern deep-learning architectures,
often encounter inherent limitations that restrict their robustness, scalability, and general-
ization capabilities. These obstacles underscore the urgent need for continuous innovation
and methodological refinement to ensure the reliability and adaptability of CMFD systems.
This section provides an in-depth discussion of key challenges while highlighting possible
future directions, integration strategies, and emerging opportunities for improvement.
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• Computational complexity and lack of real-time performance: Most CMFD models re-
main computationally demanding and are not yet optimized for real-time deployment,
especially when processing large, high-resolution images. This limitation is critical in
time-sensitive or large-scale contexts such as social media monitoring, CCTV surveil-
lance, and digital media forensics, where latency and scalability are major constraints.
Conventional feature-based methods (e.g., SIFT and SURF) often generate thousands
of keypoints per image, while deep CNN models (e.g., ResNet and EfficientNet) im-
pose heavy GPU and memory loads during inference. Future research should focus on
lightweight and energy-efficient architectures—such as MobileNetV3, ShuffleNet, or
quantized CNNs combined with pipeline optimization and on-the-fly feature match-
ing to achieve near real-time performance. Techniques like model pruning, knowledge
distillation, dynamic inference, and the integration of GPU acceleration or edge frame-
works (e.g., TensorRT and ONNX Runtime) can further enhance scalability, reduce
latency and enable efficient CMFD deployment on resource-constrained devices.

• Vulnerability to complex attacks: CMFD algorithms often lose robustness against
sophisticated manipulations involving scaling, rotation, compression, or added noise.
Adversarial attacks or compound transformations can disguise duplicated regions,
reducing detection accuracy. For example, attackers can introduce local geometric
distortions or apply post-processing filters that obscure copy-move traces, causing
deep networks to misclassify or overlook tampered regions. Future work should
emphasize adversarially trained CMFD models and the incorporation of data aug-
mentation strategies simulating realistic forgery. The integration of self-supervised or
contrastive learning could also enhance robustness by teaching models to recognize
intrinsic structural consistencies even under degradation.

• Localization precision: Accurate localization of forged regions remains a persistent
issue, particularly when copied areas are small, overlapping, or seamlessly integrated
into complex backgrounds. Most patch-based CNNs or block-matching methods still
suffer from boundary uncertainty and tend to generate coarse detection masks. To
improve spatial accuracy, attention-based networks or transformer architectures can be
employed to focus on fine-grained inconsistencies. Hybrid strategies combining pixel-
level refinement with contextual analysis, such as U-Net or Mask R-CNN variants
adapted for forgery detection, can further improve localization precision.

• Scale and rotation invariance: Manipulations involving scaling and rotation still
present challenges, especially for CNN-based models trained on limited transforma-
tion variations. Feature-invariant descriptors (e.g., ORB and Zernike moments) have
shown partial success, but deep-learning alternatives must explicitly model geometric
transformations. Future research should explore Spatial Transformer Networks (STNs)
or equivariant CNNs capable of learning transformation-invariant representations
directly, thereby enhancing robustness against diverse manipulation scenarios.

• High FPR: Many CMFD techniques produce high FPRs, flagging genuine textures as
duplicated regions, mainly in images with repetitive patterns such as foliage or bricks.
Reducing the FPR without sacrificing sensitivity remains a promising trade-off. Fu-
ture systems may benefit from uncertainty quantification or confidence-aware fusion,
integrating statistical thresholds with semantic-level context to distinguish authen-
tic repetitions from manipulations. For instance, combining CNN-based similarity
maps with structural priors (edges, symmetry cues) could substantially reduce false
detections in textured backgrounds.

• Generalization to diverse manipulation scenarios: Generalization remains one of
the weakest points of current CMFD systems. Models trained on specific datasets
(e.g., CoMoFoD or MICC-F220) often fail on unseen forgery types. This is partly
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due to overfitting to specific data distributions and lack of domain diversity. Future
directions should explore cross-dataset learning, domain adaptation, and generative
data synthesis (using GANs) to improve robustness to new manipulations. Meta-
learning or few-shot CMFD frameworks could further enable rapid adaptation to
novel manipulation styles with minimal retraining.

• Dependence on training data quality: Machine learning-based CMFD methods are
highly dependent on dataset quality. Current datasets often contain limited ma-
nipulation styles, artificial post-processing, or non-representative textures, reducing
real-world applicability. Efforts should focus on building large-scale, balanced and
publicly available datasets that simulate real-life forgery across multiple compression
levels, devices and contexts. For example, a “CMFD-RealWorld” benchmark integrat-
ing authentic camera pipelines and complex environmental noise would substantially
improve the ecological validity of future evaluations.

• Integration challenges with existing systems: Embedding CMFD solutions into existing
digital ecosystems, such as social media moderation, journalism verification pipelines or
forensic software, remains technically difficult. Challenges include compatibility, data
security, and scalability across heterogeneous infrastructures. Developing modular API-
based CMFD frameworks that can plug into existing verification platforms is essential.
Edge-AI deployment and federated learning approaches may also help preserve data
privacy while maintaining efficient detection across distributed networks.

• Ethical and privacy considerations: The adoption of the CMFD technology raises
important ethical and privacy questions. Misclassification could lead to reputational
harm, false accusations, or censorship, especially in journalism or legal contexts. To
mitigate these risks, CMFD systems must incorporate explainability mechanisms that
allow transparent interpretation of detection results. Collaborations with ethicists and
policymakers are also required to establish responsible AI guidelines, ensuring fair
and accountable use of image forensics technologies.

By addressing the aforementioned challenges through innovation in algorithm design,
dataset creation, system integration, and ethical governance, CMFD can evolve into a more
reliable, efficient, and socially responsible technology. Future research should also inves-
tigate hybrid CMFD architectures that integrate complementary paradigms, combining
deep-learning features with handcrafted or statistical cues to simultaneously enhance inter-
pretability, robustness, and computational efficiency. Concrete examples of such hybrid
designs in related domains, such as deepfake detection, demonstrate their potential to
enhance both accuracy and resilience.

7. Discussion
Numerous techniques for CMFD have been proposed [90,120–122], which can be broadly

grouped into three main categories: conventional methods, hybrid techniques, and deep-
learning-based approaches. Across these categories, researchers have explored diverse strategies
to address different types of manipulations, reflecting the richness and rapid evolution of the
field. In this study, we have conducted a comprehensive survey on CMFD methods to synthesize
and compare existing approaches. In our comparison, we relied on aggregated findings from
the literature, and it is important to acknowledge that such comparisons inherently involve
challenges due to differing experimental setups across studies.

Conventional methods are mainly divided into block-based and keypoint-based
techniques. Block-based approaches, which compare overlapping image blocks, are
valued for their simplicity and effectiveness in detecting large, contiguous duplicated
regions [53,57,59]. Keypoint-based methods, which rely on salient points or feature de-
scriptors, are more robust to geometric transformations and scaling [62,66–68,72]. Despite
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advantages such as interpretability and low computational costs, these methods are often
sensitive to noise, compression, and post-processing and tend to fail in detecting subtle or
high-quality forgery. From an analytical perspective, conventional methods reveal an early
trade-off between computational efficiency and robustness to transformations. Block-based
techniques excel in structured duplication detection but lack geometric flexibility, whereas
keypoint-based approaches handle transformations effectively at the expense of dense
region coverage. This dichotomy illustrates a fundamental design tension that continues to
influence modern CMFD architectures.

Hybrid techniques combine block-based analysis with keypoint descriptors, thereby lever-
aging the dense coverage of block partitioning together with the geometric invariance of key-
points. This integration enables a more balanced and reliable detection of CMF [63,73,76,77].
Nevertheless, as most of these traditional hybrid approaches still rely on hand-crafted fea-
tures, they may lack robustness and fail to generalize when exposed to previously unseen
manipulations or complex post-processing operations. To overcome these limitations, recent
research has shifted toward hybrid frameworks that integrate traditional feature extraction
with deep learning architectures, aiming to combine the interpretability of classical methods
with the powerful representation capabilities of convolutional networks [123].

A key research direction lies in defining effective integration strategies for hybrid
models. Successful fusion can occur at various stages, such as feature-level, decision-level
or architecture-level fusion, depending on the complementary nature of the combined
methods. For example, CNN-based features may be fused with keypoint descriptors to
enhance localization precision, while handcrafted and learned features can be jointly opti-
mized through multi-branch architectures. However, conflicts may arise when the feature
spaces or optimization objectives of different modules are not well aligned, leading to
instability or redundant learning. Careful normalization, attention-based weighting, or
adaptive fusion layers can mitigate these issues and ensure that hybrid designs exploit
synergies rather than amplify inconsistencies. Despite their conceptual appeal, most hybrid
strategies remain experimentally underexplored. There is limited comparative evidence on
which fusion level (feature, decision, or architecture) yields the best generalization under
cross-domain settings. This research gap highlights the need for systematic benchmarking
frameworks and ablation studies that go beyond descriptive comparisons. Deep-learning-
based approaches have recently emerged as the dominant paradigm. Among them, CNNs
remain foundational, GANs enhance robustness through synthetic training data, and au-
toencoders enable lightweight anomaly detection. Future CMFD systems are likely to
adopt hybrid architectures combining complementary strengths, which can improve both
detection accuracy and resilience to complex manipulations [78,79,86,124]. These systems
typically achieve higher accuracy, better generalization, and improved robustness against
adversarial manipulations. Integrating resilience-inspired recovery mechanisms, as sug-
gested in complex network security research and exemplified by the resilience recovery
method for complex traffic networks [125], could further enhance CMFD model robustness.
Such approaches illustrate how predictive forecasting and adaptive recovery strategies
can maintain performance under faults or unexpected image degradations, enabling ac-
curate detection even in challenging conditions. In contrast, deep-learning methods face
critical challenges. They require large and diverse datasets, incur high computational costs
and often suffer from limited interpretability, which is problematic in forensic or legal
contexts where explainability is essential. We observe that most models are evaluated
on relatively constrained datasets, which raises concerns regarding their robustness in
real-world scenarios. Incorporating resilience and recovery strategies, adapted from other
domains such as complex traffic networks, allows CMFD models to maintain performance
under unexpected perturbations and recover accurate predictions, thereby complementing
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conventional training and evaluation protocols. A more critical synthesis reveals that
while deep-learning dominates current CMFD research, the field risks over-reliance on
accuracy metrics without sufficient examination of interpretability, fairness, and energy
efficiency. Moreover, the limited adoption of cross-dataset evaluation hinders an accurate
assessment of models’ true generalization ability. Future reviews should therefore move
beyond descriptive summaries to emphasize comparative insights, clarifying the evolution-
ary trends, trade-offs, and underlying factors that determine the superior performance of
certain architectures, while providing analytical guidance for advancing CMFD research.
We believe that addressing dataset diversity and standardizing evaluation metrics is as
important as proposing new models.

8. Conclusions
This work presents a comparative review of the CMFD domain, covering key applica-

tions of image forgery detection, the main challenges reported in the literature along with
proposed solutions, and potential future research directions. We have highlighted major fac-
tors that would affect system reliability, model performance, and generalization, including
image variations (texture, scale, compression, and blurring), algorithmic and scene-related
difficulties (complex backgrounds, occlusions, and multiple objects), and dataset limitations
(imbalanced samples, insufficient annotations, and lack of diversity). We have reviewed
approaches ranging from traditional block and keypoint-based techniques to modern CNN-
and GAN-driven models, emphasizing their respective strengths and limitations. A critical
examination reveals that although deep-learning has revolutionized CMFD, progress has
often been incremental, with a lot of work focusing on architectural variations rather than
addressing fundamental limitations such as explainability, cross-domain robustness, and
computational scalability. Our analysis indicates that hybrid architectures integrating hand-
crafted features with deep representations offer a promising direction, as they combine
interpretability with high discriminative power and adaptability. However, the absence of
standardized benchmarks and unified evaluation protocols continues to hinder objective
comparison and reproducibility. Future research should therefore emphasize analytical
synthesis over descriptive reporting, fostering a deeper understanding of how architectural
design, training strategies and data realism jointly influence model generalization. In
addition, extending CMFD frameworks towards multimodal and cross-domain scenarios
could enhance resilience to novel manipulations and better align forensic detection systems
with real-world constraints.

We believe that this survey provides a comprehensive overview of the CMFD prob-
lem and will assist the community in further investigating its challenges. Ultimately,
advancing CMFD requires a paradigm shift (from isolated technical improvements to a
more integrated, explainable, and benchmark-driven approach) capable of ensuring trust,
transparency and scalability in digital image forensics.
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Abbreviations
The following abbreviations are used in this manuscript:

AP Average Precision
CLAHE Contrast-Limited Adaptive Histogram Equalization
CMF Copy-Move Forgery
CMFD Copy-Move Forgery Detection
CNN Convolutional Neural Network
DCT Discrete Cosine Transform
DCU-Net Dual-Channel U-shaped Network
DHE Dynamic Histogram Equalization
DoG Difference of Gaussian
DOA-GAN Dual-Order Attentive Generative Adversarial Network
DSC Dice Similarity Coefficient
DWT Discrete Wavelet Transform
ELA Error Level Analysis
FN False Negatives
FP False Positives
FPN Feature Pyramid Network
FPR False Positive Rates
GAN Generative Adversarial Network
GHM Gaussian–Hermite Moments
HOG Histogram of Oriented Gradient
IoU Intersection over Union
LSTM Long Short Term Memory
MSE Mean Squared Error
MSER Maximally Stable Extremal Regions
PCET Polar Complex Exponential Transform
RPN Region Proposal Network
RoI Region of Interest
RGB Red Green Blue
RNNs Recurrent Neural Networks
SIFT Scale-Invariant Feature Transform
SURF Speeded-Up Robust Features
SLIC Simple Linear Iterative Clustering
STNs Spatial Transformer Networks
SVD Singular Value Decomposition
SVM Support Vector Machine
TN True Negatives
TP True Positives
TPR True Positive Rate
TSF Two-Stage Filtering
UCID Uncompressed Color Image Database
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