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Introduction

The prevalence of digital media has significantly transformed the way people communicate, socialize, and access
information. With the rapid advancements in technology, the manipulation of digital content has become increasingly
sophisticated, making it difficult to determine the authenticity of multimedia files. However, some malicious tam-
pering has brought many impacts to society, such as Barack Obama's Fake Speech: In 2018, an Al-based video ma-
nipulation tool called "Deepfake" was used to create a fake video of former U.S. President Barack Obama. The video
showed Obama delivering a speech that he never actually gave, raising concerns about the potential misuse of
deepfake technology to spread false information. and another one is Nancy Pelosi's Altered Video: In 2019, a video of
U.S. House Speaker Nancy Pelosi was manipulated to make her appear drunk and slurring her words during a public
event. The altered video spread rapidly on social media, illustrating the ease with which manipulated videos can be
shared and potentially influence public opinion. Consequently, the need for efficient forgery detection techniques has
become critical. This review paper focuses on the progress made in multiple-media forgery detection over the last ten
years, highlighting the most significant advancements and challenges. It aims to provide a comprehensive under-
standing of the field and inspire future research directions.

In recent years, the rise of digital forensics has played a crucial role in combating multimedia forgery. For instance,
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an important advancement in image forgery detection is the use of deep learning algorithms. These algorithms are
trained on vast datasets and can automatically learn the distinguishing features of manipulated images. One notable
example is the development of Convolutional Neural Networks (CNN), which can accurately detect tampered regions
in images by analyzing pixel-level details and inconsistencies. By identifying anomalies such as mismatched colors
or glitch-like artifacts, these advanced algorithms have greatly contributed to the authenticity and credibility of digital
media.

The challenges in multiple-media forgery detection persist, particularly in the detection of sophisticated manipu-
lations known as deepfakes. Deepfakes involve creating highly realistic yet forged videos or images using artificial
intelligence techniques. These manipulated media can deceive even trained professionals, posing threats to public
figures, reputation management, and even national security. Thus, combating deepfakes demands continuous re-
search and innovating new techniques to identify and authenticate media content.

1. Evolution of Multiple-Media Forgery Detection Techniques

The past decade has seen a remarkable evolution in multiple-media forgery detection techniques. Early approaches
predominantly relied on manual analysis, which was both time-consuming and error-prone. The introduction of
machine learning and computer vision algorithms revolutionized the field, enabling the automatic detection of for-
geries with increased accuracy and efficiency.

1.1 Traditional Techniques

Traditional forgery detection techniques can be broadly categorized into active and passive approaches. Active
techniques involve embedding watermarks, signatures, or other forms of hidden information into the original content,
which can be later verified for authenticity [1]. Passive techniques, on the other hand, rely on the inherent characte-
ristics of the digital content, such as noise patterns, compression artifacts, and statistical properties [2]. These tech-
niques have been widely applied to detect image and video forgeries, such as copy-move, splicing, and tampering [3].

1.2 Machine Learning-Based Techniques

With the advent of machine learning algorithms, forgery detection techniques have become more sophisticated.
These techniques employ supervised learning, in which a model is trained on a labeled dataset, enabling it to classify
new, unseen instances [4]. Machine learning-based techniques have shown promise in detecting various forms of
forgeries, such as image splicing, video manipulation, and deepfake generation [5].

1.3 Deep Learning-Based Techniques

The emergence of deep learning and convolutional neural networks (CNNs) has further revolutionized the field of
forgery detection. CNNSs, in particular, have demonstrated exceptional performance in image and video analysis tasks
[6]. These models can automatically learn hierarchical features from raw pixel data, making them particularly
well-suited for forgery detection tasks [2]. Deep learning-based techniques have been successfully applied to detect
image and video forgeries, including deepfakes, generative adversarial networks (GANs), and other advanced ma-
nipulation techniques [7].

Deep learning techniques have also facilitated the detection of deepfakes, which are highly realistic synthetic
videos created using artificial intelligence algorithms. By analyzing the facial movements and expressions, as well as
the overall consistency of visual elements within a video, CNNs can identify anomalies that suggest the presence of
deepfake manipulation. These models can effectively detect discrepancies in lighting, shadows, pixel-level incon-
sistencies, and other subtle cues that may indicate tampering.

1.4 Advancements in Image Forensics

Advancements in image forensics have played a significant role in improving multiple-media forgery detection
techniques. One important area of advancement is the detection of copy-move forgery, where a portion of an image is
duplicated and pasted onto another area. Initially, copy-move detection relied on manual methods, such as visual
inspection or searching for repetitive patterns. However, as the complexity of forgery techniques increased, auto-
mated algorithms were developed to accurately identify duplicated regions, even when they were resized, rotated, or
covered with noise [8]. These algorithms utilize techniques such as block-based comparison, keypoint matching, and
feature extraction to locate and analyze repetitive regions within an image [9].
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Another area of advancement in image forensics is the detection of tampering or splicing in images. Traditional
techniques relied on detecting anomalies in pixel-level properties or examining inconsistencies in lighting, color, or
texture. More recently, deep learning-based approaches have been developed to analyze the pixel-level details and
learn the distinguishing features of manipulated images. These techniques have shown remarkable accuracy in
identifying subtle changes and manipulations in images [10]. For instance, deep learning models trained on large
datasets of authentic and manipulated images can accurately detect tampered regions based on differences in pixel
values, noise patterns, or other visual artifacts [11].

1.5 Progress in Video Forensics

In addition to image forensics, significant progress has been made in the field of video forensics. Video forgery
detection poses unique challenges due to the nature of sequential frames and the potential for temporal manipulations.
Traditional video forensics techniques involved analyzing frame-level properties such as motion vectors, frame rate,
or compression artifacts to detect inconsistencies. However, these methods were limited in their ability to detect
subtle or sophisticated manipulations.

The advent of deep learning has empowered video forensics with increased capabilities. Sophisticated algorithms
based on recurrent neural networks (RNNs) and long short-term memory (LSTM) networks have been developed to
analyze temporal dependencies and identify video manipulations accurately. These models can detect various video
forgery techniques, including frame deletion, frame insertion, and frame rate alteration. Additionally, deep learn-
ing-based techniques have been employed in video forgery localization, where the goal is to identify the specific
frames or segments that have been tampered with.

2. Challenges and Future Directions in Multiple-Media Forgery Detection

In the field of multiple-media forgery detection, numerous advancements have been made in recent years. How-
ever, several challenges still exist, and there are several directions that researchers can pursue in the future to improve
the effectiveness and efficiency of forgery detection techniques. This section discusses some of these challenges and
potential future directions.

(1) Contextual Understanding of Forgeries One of the major challenges in forgery detection is the ability to un-
derstand the context in which a forgery occurs. Traditional forgery detection techniques often focus on detecting
specific types of manipulations, such as copy-move or splicing. However, forgeries can be more sophisticated and
can involve multiple manipulations or combinations of different techniques. Hence, future research should aim to
develop techniques that can analyze the overall contextual consistency of an image or video to detect complex for-
geries more effectively.

Efforts are being made to encourage the sharing and collaboration of datasets among researchers and organizations.
This helps to address the scarcity of labeled data and ensures that the field of forgery detection can progress collec-
tively. Open challenges and competitions, such as the ones organized by academic institutions and industry leaders,
also facilitate the development and evaluation of forgery detection models using standardized datasets. These initia-
tives contribute to the creation of benchmark datasets that can serve as a reference for evaluating the performance of
different detection techniques.

(2) Detection of Deepfakes and Al-generated Content With the advancement of deep learning techniques, the
creation of realistic and convincing deepfakes has become a significant concern. Deepfakes refer to artificially gen-
erated media, such as images or videos that appear genuine but are actually manipulated or synthesized using Al
algorithms. Developing robust detection techniques for deepfakes and other Al-generated content is crucial in
countering the spread of misinformation and malicious activities. Future research should focus on exploring novel
approaches, such as multimodal analysis and deep learning-based algorithms, for accurately identifying deepfakes.

(3) Generalization to Various Media Types While significant progress has been made in detecting image and video
forgeries, extending these techniques to other forms of media, such as audio and text, presents a new challenge. The
detection of audio forgeries, such as voice morphing or audio manipulation, requires specialized algorithms that can
analyze the acoustic properties and patterns of the audio content. Similarly, the detection of text-based forgeries, such
as document tampering or plagiarism, demands the development of text analysis techniques that can effectively
identify manipulated or fabricated text documents. Future research should aim to generalize forgery detection tech-
niques to different media types to ensure comprehensive media forensics.

(4) Real-Time and Scalable Solutions With the increasing volume of media content being produced and shared
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online, the need for real-time and scalable forgery detection solutions is becoming critical. Traditional techniques
often involve computationally expensive processes that may not be suitable for real-time applications. Future re-
search should focus on developing efficient algorithms that can process large amounts of data in real-time, allowing
for timely detection and mitigation of forgeries.

Traditional techniques such as watermarking and digital signatures have been commonly used for forgery detec-
tion, but they may not always be sufficient to handle the increasing volume of data in real-time. These techniques
often require computationally expensive processes that can slow down the detection and verification tasks.

By combining these approaches, we can develop real-time and scalable forgery detection solutions that can ef-
fectively handle the increasing volume of media content online. These solutions will help ensure the trustworthiness
and integrity of the information shared in various digital platforms.

(5) Adversarial Attacks and Countermeasures As forgery detection techniques advance, so do the techniques used
by attackers to evade detection. Adversarial attacks involve manipulating the media content in such a way that it can
deceive forgery detection algorithms. Developing robust countermeasures against adversarial attacks is crucial to
ensure the reliability and effectiveness of forgery detection techniques. Future research should explore methods for
detecting and mitigating adversarial attacks, including adversarial training and the use of generative models for
creating more resilient forgery detection algorithms.

(6) Privacy and Ethical Concerns As forgery detection techniques become more powerful, there are growing
concerns related to privacy and ethics. Many forgery detection techniques rely on the analysis of personal media
content, such as images or videos captured by individuals. Therefore, it is essential to address privacy concerns and
develop techniques that can ensure the protection of individuals' private information and prevent the misuse of for-
gery detection technologies.

3. Conclusion

Multiple-media forgery detection techniques have seen significant advancements, but challenges still persist.
Researchers can focus on several future directions, such as improving contextual understanding, detecting deepfakes,
generalizing to various media types, developing real-time and scalable solutions, countering adversarial attacks, and
addressing privacy and ethical concerns. By addressing these challenges and pursuing these directions, the field of
multiple-media forgery detection can continue to evolve and enhance its capabilities in combating digital manipula-
tion and ensuring the authenticity of media content. Over the past ten years, multiple-media forgery detection tech-
niques have undergone significant advancements, thanks to the introduction of machine learning and deep learning
algorithms. Despite these developments, several challenges remain, including the limited availability of labeled data,
adversarial attacks, generalization, and real-time detection. As technology continues to evolve, researchers must
address these challenges to ensure the ongoing effectiveness of forgery detection systems and safeguard the trust-
worthiness of digital media.
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