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Abstract: The proliferation of deepfakes—synthetically
generated media using deep learning techniques—poses
significant threats to information authenticity, privacy,
and public trust. With increasing accessibility to
generative models such as Generative Adversarial
Networks (GANSs) and autoencoders, the manipulation
of audio, images, and videos has become more
sophisticated and difficult to detect through traditional
methods. This survey aims to provide a comprehensive
overview of recent deep learning approaches for
deepfake detection. It explores state-of-the-art
techniques, including CNN-based classifiers, RNNs for
temporal  analysis, attention  mechanisms, and
multimodal learning strategies. In addition, it highlights
benchmark datasets like FaceForensics++, DFDC, and
Celeb-DF, which facilitate model training and
evaluation. The paper also discusses key challenges
such as generalization across unseen manipulations,
adversarial robustness, and computational efficiency.
Through comparative analysis, the survey identifies
strengths, limitations, and performance trends in
existing models, providing valuable insights for
researchers and practitioners. This work serves as a
foundational reference for developing more resilient
and accurate deepfake detection systems in an era
where visual misinformation is increasingly prevalent.
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l. INTRODUCTION

The proliferation of deep learning has led to remarkable
advancements in multimedia content generation,
particularly through generative models capable of
producing hyper-realistic synthetic media. Among
these, deepfakes—a portmanteau of "deep learning" and
"fake"—stand out as a potent example of both
technological prowess and societal risk. Deepfakes
leverage deep neural networks, especially Generative
Adversarial Networks (GANs) and autoencoders, to
manipulate audio, video, and images in ways that are
often imperceptible to the human eye. While they have
legitimate applications in entertainment, accessibility,
and education, deepfakes have increasingly become
tools for misinformation, political manipulation,
identity fraud, and cyberbullying. As the threats posed
by deepfakes become more sophisticated, there is a

Guide Name
Mr. Anurag Shrivastava
CSE, Department
NIIST, Bhopal
jhu@gmail.com

pressing need for robust and reliable detection
techniques. Traditional digital forensics methods are
often inadequate due to the high fidelity and realism of
modern synthetic content. Consequently, the research
community has turned to deep learning as a primary
approach for deepfake detection. Deep learning models
offer the advantage of learning complex, hierarchical
representations from large datasets, making them well-
suited for identifying subtle artifacts and inconsistencies
introduced during synthetic media generation.

This survey aims to provide a comprehensive overview
of the deep learning methodologies employed in the
detection of deepfakes. It categorizes detection
approaches based on the architectural frameworks used,
such as Convolutional Neural Networks (CNNSs),
Recurrent Neural Networks (RNNs), Transformer
models, and hybrid techniques. Furthermore, it
discusses the role of feature representation, data
preprocessing, and training strategies in enhancing
model performance. The survey also highlights the
challenges  associated  with  dataset  diversity,
generalization to unseen data, adversarial attacks, and
real-world deployment scenarios. In addition to
technical methodologies, this paper underscores the
importance of benchmark datasets and standardized
evaluation metrics in fostering reproducibility and fair
comparison among different detection models.
Prominent datasets such as FaceForensics++, DeepFake
Detection Challenge (DFDC), and Celeb-DF are
analyzed in terms of their design, content diversity, and
suitability for evaluating deepfake detection systems.

Despite significant progress, the arms race between
deepfake generation and detection continues to evolve.
This necessitates not only more sophisticated detection
algorithms but also interdisciplinary efforts involving
ethics, law, and policy to mitigate the broader societal
implications of deepfake technologies. In summary, this
paper surveys the current landscape of deep learning
approaches for deepfake detection, identifies existing
gaps and challenges, and outlines future research
directions that can contribute to developing more
effective and trustworthy solutions in the fight against
digital disinformation.

Il. LITRETURE REVIEW
The literature on diabetes detection highlights the
growing use of deep learning models due to their
superior ability to learn complex patterns from medical
data. Early studies focused on traditional machine
learning, but recent research has shifted toward deep
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architectures like CNNs, RNNs, and hybrid models.
These approaches have shown improved accuracy in
diagnosis using clinical, demographic, and lifestyle
data. The literature also addresses challenges such as
data imbalance, model interpretability, and the need for
clinically validated systems.

Authors [1] research covers audio-based, visual-based,
and multi-modal detection methods. Also, it discusses
the usage of Convolutional Neural Networks (CNNSs),
frequency-domain  analysis, and  audio-visual
synchronization in deepfake video detection and
evaluates the strengths and shortcomings of these
techniques. Moreover, the research explores major
issues such as low resolution, video compression, and
adversarial attacks, which prove to be a barrier to
making deepfake video detection processes robust. By
connecting findings from numerous studies, this
research draws attention to the development of standard
benchmarking SOPs and multi-modal detection
techniques to improve detection performance.

Author’s [2] highlighted the critical need to recognize
and address the significant impact of deepfakes, which
have emerged as a pervasive challenge in the field of
digital media. The report mentions several
advancements in detecting deepfakes, utilizing tools
and technologies like machine learning, deep learning,
and various datasets. According to the reviewed
literature, researchers have proposed multiple detection
and prediction models for different types of deepfakes,
yet there remain significant gaps that require further
investigation. The research indicates that future studies

should focus on integrating multiple data modalities,
datasets and further exploring deep learning-based
techniques for deepfake detection and prediction.

Author’s [3] propose a novel multi-modal attention
framework based on recurrent neural networks (RNNSs)
that leverages contextual information for audio-visual
deepfake detection. The proposed approach applies
attention to multi-modal multi-sequence representations
and learns the contributing features among them for
deepfake detection and localization. Thorough
experimental validations on audio-visual deepfake
datasets, namely FakeAVCeleb, AV-DeepfakelM,
TVIL, and LAV-DF datasets, demonstrate the efficacy
of our approach. Cross-comparison with the published
studies demonstrates superior performance of our
approach with an improved accuracy and precision by
347% and 2.05% in deepfake detection and
localization, respectively. Thus, obtaining state-of-the-
art performance.

Author [4] proposes the Cross-Quality Similarity
Learning (CQSL) strategy to learn the similarities in the
rPPG signals under the variations of visual qualities.
Moreover, we utilize a pre-trained vision-language
model as our text encoder and propose the Cross-
Modality Consistency Learning (CMCL) to pair-wisely
align the multi-modal features with the textual features
of the corresponding class prompts. Author’s extensive

experiments demonstrate that the proposed achieves
superior performance on both seen and unseen
manipulation types and datasets, and provide a
benchmark for CCR scenarios.

Author’s [5] work presents preliminary results on
FaceForensics++. Author’s approach demonstrates the
potential for improving generalization and detecting
high-quality deepfakes that evade conventional
detectors. However, hyperspectral reconstruction adds
computational overhead, making real-time detection
challenging.

Authors [6] propose a self-supervised contrastive
learning framework  for cross-domain  deepfake
detection. Different from conventional deepfake
detection techniques, our approach introduces contrast
between features and prototypes of original data to
mitigate domain-specific distractions. Evaluations on
deepfake video datasets demonstrate the robust
performance of the proposed method on cross-domain
data, including unseen deepfake datasets and generative
techniques. Furthermore, as the most representative
samples within classes, prototypes enhance the
explainability and interpretability of the network’s
predictions.

I1l. FINDINGS OF THE SURVEY

The survey uncovers several important trends and
challenges in the application of deep learning for
deepfake detection. This survey highlights several
notable trends in deep learning-based deepfake
detection. Convolutional Neural Networks (CNNSs)
continue to dominate the field due to their effectiveness
in capturing spatial-level inconsistencies and visual
artifacts common in manipulated media. However, there
is a growing interest in Transformer-based models,
which offer enhanced performance by modeling long-
range temporal dependencies and  cross-frame
contextual relationships. Despite these advancements, a
significant limitation remains: most models lack
generalization capability. They often perform well on
the datasets they are trained on but struggle when
exposed to novel or real-world deepfake content. This
issue underscores the importance of training on diverse
and representative datasets. Furthermore, the survey
finds that many current systems are not robust against
adversarial attacks, which can be used to subtly alter
fake media and evade detection. These findings suggest
an urgent need for more generalized, secure, and
adaptable detection frameworks. By analyzing a broad
range of techniques and architectures, the following key
observations were made:

CNN-based Models Dominate: Convolutional Neural
Networks (CNNs) are the most commonly employed
due to their effectiveness in detecting visual artifacts
and frame-level inconsistencies.
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Emergence of Transformer Models: Transformer-based
architectures are gaining traction, offering superior
performance in capturing temporal and contextual cues
across video sequences.

Poor Generalization Across Datasets: Many detection
models fail to generalize to unseen data, revealing a
dependence on dataset-specific artifacts rather than
inherent deepfake characteristics.

Vulnerability to Adversarial Attacks: Most deep
learning detectors are susceptible to adversarial
perturbations, exposing a critical weakness in current
detection systems.

CONCLUSION

Deepfakes represent one of the most challenging threats
in the digital era, blurring the line between reality and
fabrication. This survey examined a wide spectrum of
deep learning approaches developed to detect such
manipulations, revealing both the promise and
limitations of current techniques. Convolutional Neural
Networks remain the foundation for many systems due
to their strong performance in analyzing spatial
features, while Transformer-based models and hybrid
architectures are emerging as powerful tools for
understanding temporal and contextual patterns in video
data. Despite notable progress, key challenges persist.
Chief among them is the limited generalization of
models across different datasets and unseen
manipulation techniques, which undermines their
reliability in real-world scenarios. Additionally, the
vulnerability of existing detectors to adversarial attacks
highlights a critical gap in the robustness of current
solutions. The lack of standardized datasets and
evaluation protocols further complicates performance
benchmarking. To address these challenges, future
research must prioritize  model generalizability,
adversarial resilience, and real-time performance.
Collaboration between academia, industry, and
policymakers is essential to develop effective
countermeasures against malicious use of deepfakes.
Ultimately, as synthetic media continues to evolve, so
too must our detection systems—ensuring the integrity
of digital content in an increasingly artificial world.
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