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Abstract: The popular production of synthetic media that are of high quality and highly realistic, also referred to as deepfakes, is 
due to the rapid development of artificial intelligence (AI) and generative models. Although these technologies bring novel 
opportunities in the entertainment, education, and digital media production domain, they also present a big threat to 
cybersecurity, privacy, and social trust. The misinformation campaign, identity scams, political influence, and a fraud of money 
can be conducted with the help of the fake AI-generated videos. Therefore, timely deepfake video detection has emerged as a 
serious field of research in digital forensics and cybersecurity. The following review paper will present a plethora of current 
methods of identifying AI-produced fake videos with the help of deep learning and big data analysis. It investigates many types of 
deep learning frameworks like convolutional neural networks (CNNs), recurrent neural networks (RNNs), generative 
adversarial network (GAN) detection models, and transformer-based ones. The research also examines how the big data models 
like Hadoop, Spark and distributed cloud computing have facilitated scalability and real-time detection systems. Additionally, the 
paper examines benchmark data, measures of evaluation, detection issues, and future directions of research in deepfake 
detection. The article has identified the use of artificial intelligence coupled with big data infrastructure as essential in 
developing scalable cybersecurity measures that can process large quantities of multimedia data that are generated in the digital 
platform. The results propose that spatial, temporal, and behavioral hybrid models are more accurate in the detection. Also, the 
newly developed technologies explainable AI, federated learning, and blockchain are likely to make the deepfake detection 
systems even more reliable. The scope of this review will be summarized as offering researchers and cybersecurity practitioners a 
summarized view of the deepfake detectors and the advancement of real-time scalable security frameworks. 
Keywords: Artificial Intelligence, Big Data Analytics, Cyber Security, Deep Learning, Deepfake Detection. 
 

I. INTRODUCTION 
In the recent years, technological advances in the field of artificial intelligence (AI) have transformed the digital media production. 
Deep learning-based generative models that include Generative Adversarial Networks (GANs) and autoencoders have made it 
possible to generate hyper-realistic synthetic images, audio, and videos. The creation of the so-called deepfake videos that are 
modified or completely produced videos created with the help of AI algorithms is one of the most alarming trends in this area. These 
videos are able to convincingly emulate real personalities, and it is not easy to detect between authentic and false material that is 
written by the human beings [1]. 
The spread of deepfake videos has created Great concern in the area of cybersecurity, journalism, politics, and verification of digital 
identity. Deepfake may be employed in malice and malicious intent in terms of misinformation campaigning, blackmail, and 
monetary fraud, and political propaganda. As an example, the manipulated videos of the prominent figures may affect the election, 
harm the image, or cause social conflicts. Availability of open-source deep fake tools and the enormous growth of social media 
networks have only added fuel to the proliferation of fake videos [2]. 
Conventional digital forensic methods were majorly created to identify solely complex picture manipulation or video editing 
artifacts. Nevertheless, the current AI-created videos involve using complex neural networks that allow producing highly realistic 
facial expressions, light effects, and motion patterns. Consequently, these sophisticated manipulations can no longer be discovered 
by using traditional detection approaches. This has prompted scientists to come up with deep learning-based detection algorithms 
that can analyze the slight abnormalities in video frames, movement of faces, as well as temporal variations [3]. 
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Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) are deep learning models that have shown 
encouraging performances in the process of detecting deepfake videos. The CNNs are also especially efficient in the spatial analysis 
of video frames, whereas RNNs are capable of learning the temporal correlation between video frames. Transformer-based models 
and attention mechanisms have also enhanced the accuracy of detection by detecting long-range relations in video sequences [4]. 
Besides more sophisticated data algorithm detection tools, the sheer volume of multimedia data being created within digital 
platforms necessitates a robust system of data processing. Hadoop, Apache Spark, and distributed cloud systems are also big data 
analytics frameworks that are important in processing and analysing large volumes of video data in real-time. Through the 
combination of deep learning models with big data architecture, scholars can create scalable cybersecurity frameworks that can 
identify deep fake videos on social media, streaming services and surveillance systems [5]. 
This review paper analyses the present situation in the study of deepfake detection with special attention to deep learning framework 
and big data analytics approaches to allow real-time detection. Such topics as benchmark datasets, evaluation methods, system 
architectures, and new technologies that may strengthen deepfake detection abilities are discussed in the paper, too. Lastly, the paper 
outlines the major challenges and research areas moving forward to develop a strong cybersecurity measures against AI-enabled 
fake videos. 
 

II. BACKGROUND OF DEEPFAKE TECHNOLOGY 
Deepfake technology was created as a result of the progress in the field of deep learning and generative models. Deepfake is a 
portmanteau of deep learning and fake, which means that the process of deep learning is used to produce AI-based media and use it 
to manipulate visual or audio data to resemble a real person but is fabricated [6]. 
Majority of deepfake videos are produced with the help of machine learning models that include Generative Adversarial networks 
(GANs), Variational autoencoders (VAEs) and face-swapping algorithms. GANs are two neural networks; the generator and the 
discriminator which compete. Synthetic content is generated by the generator and the discriminator tries to recognize real and 
generated samples. During training, the generator is trained to give more and more realistic outputs [7]. 
The techniques of first-generation deepface were mainly based on face-swapping algorithms, in which the face shapes of a person 
are transferred to a different face in a video. Modern deepfake systems are capable, however, of producing fully synthetic faces, 
voice clones and realistic facial expressions. Such developments have made it much harder to find manipulated data [8]. 
The accessibility of deepfake generators like DeepFaceLab, FaceSwap and StyleGAN has allowed untrained people to produce 
realistic fake videos with only basic knowledge of how to do so. Consequently, the use of deepfakes has become more prevalent in 
the social media and online communities. 
 

III. DEEP LEARNING METHODS OF DEEPFAKE DETECTION 
The power of deep learning has made it the most useful tool in the detection of AI-generated fake videos because it can 
automatically extract complex patterns and features with large volumes of data [9]. 
 
A. Convolutional Neural Networks (CNNs)  
CNN-based models examine spatial features of video frames to identify inconsistencies due to manipulations done by AI. Such 
networks are able to detect irregular patterns of textures, unnatural patterns of lighting, and irregular shapes of the face that can 
hardly be identified by the human eye [10]. 
The most popular CNN architectures that are applicable in detecting deepfakes are ResNet, VGGNet, and EfficientNet. These 
models are trained on a large set of real and fake videos to be taught about discriminative features. 
 
B. Recurrent Neural Networks (RNNs) 
RNNs are known to analyze sequential data, thus they can be applied to video analysis. RNNs preserve the temporal relationships of 
frames unlike CNNs, which only analyze each frame. Facial movement, blinking patterns and lip synchronization analysis between 
video sequences are typically analyzed using Long Short-Term Memory (LSTM) networks [11]. 
 
C. Transformer-Based Models 
The application of transformers in deepfake detection has recently become popular because of its capability to capture long-range 
dependencies in the video sequences. Spatial and temporal features Vision Transformers (ViTs) and attention-based networks have 
the capability to analyze complex features simultaneously [12]. 
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D. Detection of Motion vectors Artifact in Compressed Videotapes 
A majority of current methods of deepfake detection are based on the analysis of fully decoded video frames by computationally 
expensive deep learning models. These methods are very accurate but they consume a lot of computational power and are not 
suitable in real-time detection of large scale multimedia data. Recent studies have overcome this shortcoming by attempting to use 
low-computational detection methods that use compressed video formats like H.264. 
Video compression rules such as the H.264 rely on motion estimation to decrease the redundancy among successive images. In this 
procedure, motion vectors are computed in order to show the movement of macroblocks among the frames. These motion vectors 
represent valuable temporal data concerning the movement of objects in the scene and the dynamic nature of the scene. Motion 
vectors of genuine videos are usually in a smooth and uniform motion pattern. Nevertheless, deep fake video may create anomalies 
in motion vectors fields as they do not align with generated frames and original motion vectors. 
These abnormal patterns are detected by motion vector artifact-based detection systems that do not completely decode the video 
frames. This greatly decreases the complexity of the computations since the algorithm is run using features in the compressed-
domain instead of pixel-level data. Various works have shown that the analysis of the difference in motion vectors and prediction 
residuals, macroblock inconsistencies can be a strong method of separating real and AI-created videos. 
Compressed-domain features are also useful in the creation of scalable features that can be used to detect large video streams in real 
time. These methods are especially useful in the case of social media, surveillance, and video streaming services where millions of 
videos are uploaded every day. With the combination of motion vector analysis and lightweight machine learning or deep learning 
models, researchers may develop effective cybersecurity systems to detect deepfake videos with a minimal computational cost. 

 
Figure 1: Block-based motion estimation method. (A) The image is divided into macroblocks. (B) A macroblock in the target frame. 
(C) Reference frame, where the macroblock searched for similar blocks. (D) The macroblocks in the target frame are found to be the 

most similar blocks within the specified search range by using a block matching algorithm in the reference frame [13] 
 
This figure 1 indicates that motion vectors are created in the H.264 video compression to indicate the change in the positions of 
macro blocks between two frames. In natural videos, motion vectors tend to take smooth patterns. Nevertheless, deepfake videos 
generated by AI are usually associated with irregular distributions of motion vectors, which can be identified to identify 
manipulation with high efficiency. 
 

IV. BIG DATA ANALYTICS AS PART OF REAL-TIME DETECTION 
The high amount of video information produced on social media networks necessitates scalable systems to process and analyze. 
Distributed computing services like Hadoop and Apache Spark have been used as the big data analytics platforms to enable the deep 
learning models to work on the large size of video data simultaneously. 
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Cloud computing systems also contribute to scalability by allowing on-demand computing infrastructure on training and deploying 
deepfake detection models [14]. 

 
Table 1: Comparison of Deep Learning Techniques for Deepfake Detection  

Method Strength Limitation Accuracy Range 
CNN Strong spatial feature extraction Limited temporal analysis 85–95% 
RNN Captures temporal patterns High computational cost 80–92% 
CNN + LSTM Combines spatial and temporal features Complex training 90–97% 
Transformers Long-range dependency analysis Large dataset required 92–98% 

 
This table 1 is a comparison of popular deep learning systems in deepfake detection. CNN models are suitable in extracting spatial 
features, whereas RNN models are used in extracting temporal features. The Hybrid CNN-LSTM represents a better version of the 
CNN and LSTM models as it has elevated the accuracy of detection. Models involving transformers offer better performance, but 
are expensive to train on limited datasets and cannot use limited computing resources.         
 

V. DEEPFAKE DETECTION DATASET 
Several publicly available datasets are used to train and evaluate deepfake detection system. 

 
Table 2: Deepfake Detection Dataset [15] 

Dataset Description Size 
FaceForensics++ Contains manipulated videos generated using various 

techniques 
1,000+ videos 

DeepFake Detection Challenge 
(DFDC) 

Large-scale dataset released by Facebook 100,000+ 
videos 

Celeb-DF High-quality deepfake videos of celebrities 5,000+ videos 

DeeperForensics Dataset designed for real-world detection scenarios 60,000+ videos 

 
The table 2 above gives widespread benchmark datasets in deepfake detection studies. FaceForensics++ and Celeb-DF deal with 
datasets of face manipulations, and DFDC is a large-scale dataset that can be used to train deep learning models. DeeperForensics 
presents both realistic distortions and environmental changes to test detection systems in practice. 
 

VI. DEEPFAKE DETECTION ON REAL TIME SYSTEMS [16] 
An effective deepfake detector system is usually scalable and has several components: 
1) Data collection layer 
2) Miniprocessing and feature integration. 
3) Deep learning detection frameworks. 
4) Big data analytics architecture. 
5) Real-time alert system 

 
Table 3: Architecture Components of a Real Time Detection System 

Component Function 
Data Acquisition Collects videos from online platforms 
Preprocessing Extracts frames and facial features 
Detection Model Applies deep learning algorithms 
Big Data Engine Handles large-scale data processing 
Decision Module Generates alerts or flags content 
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This table identifies the major parts of a scalable deep fake detector architecture. Multimedia data on the internet is collected 
through data acquisition and preprocessing transforms video frames into a format that can undergo analysis. Deep learning models 
are used to accomplish detection work, and big data engines are used for scalable processing. The decision module sends alerts in 
case suspicious videos are found. 

 
Figure 2: Flow chart of visual deepfake detection [17] 

 
Figure 2 represents the design of a real-time deepfake detector. The entire process starts by acquiring the videos online, then 
preprocessing is done and then the frame is extracted. Deep learning models consider both the spatial and temporal characteristics to 
determine manipulations. Big data designs permit scalability of processing, and the decision unit identifies suspicious videos to 
verify it further. 
 

VII. DIFFICULTIES OF REAL-TIME DEEPFAKE DETECTION 
Even with all these developments, there are still a number of issues regarding the identification of AI-generated fake videos [18]. 
To begin with, the deepfake generation technologies are advancing at a fast rate such that detection systems are hard to keep up. 
New generative models are able to generate more realistic videos with few artifacts [19]. 
Second, deep learning detection models need large labeled datasets to be trained. But the acquisition of good-quality annotated 
datasets is difficult because of the privacy issues and constraints of data collection [20]. 
Third, real time detection consumes a lot of computational resources. The detection systems are limited in the complexity of the 
deep learning models that may introduce latency when processing high-resolution videos [21]. 
Fourth, detection systems can be bypassed with the help of adversarial attacks. The attackers can purposefully alter deepfakes 
videos to circumvent the detection algorithms [22]. 
 

VIII. THE NEW TECHNOLOGIES TO DETECT DEEPFAKES 
Some emerging technologies promise to enhance the process of deepfake detection. 
Explainable AI methods are used to gain a better understanding of deep learning models and to give transparency in detection 
decisions. 
Federated learning facilitates the joint training of models in more than two organisations without exchanging sensitive information. 
The blockchain technology can be used to offer a safe digital signature to verify the validity of multimedia content [23], [24], [25]. 
 

IX. FUTURE RESEARCH DIRECTIONS 
Further studies are necessary to create the multimodal detection systems to examine video, audio, and contextual metadata all at the 
same time. More effective detection can be achieved by hybrid designs based on deep learning with conventional forensic tools. 
Also, big data infrastructures will be combined with artificial intelligence to accommodate the sheer volume of multimedia data 
created over the internet. 
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X. CONCLUSION 
The Deepfake technology is one of the most relevant cybersecurity threats in the digital age. Artificial intelligence generated videos 
are becoming real, and this has become dangerous to political stability, financial security, and trust among the population. These 
videos are hard to detect with a single model of deep learning unless those models are scaled using large infrastructures of big data. 
The current review paper has analyzed the different deep learning methods that are applied to deepfake detection and these methods 
are CNNs, RNNs, and transformer-based models. The use of big data analytics to facilitate scalable detection systems had also been 
talked about. The paper has also reviewed benchmark datasets, detection architectures and some upcoming technologies that may be 
employed to improve cybersecurity strategies. 
The results indicate that hybrid detection models involving spatial and temporal analysis are more accurate as compared to single 
models. In addition, the detection systems can be more reliable and transparent by incorporating explainable AI, federated learning, 
and blockchain technologies. 
Since the impact of deepfake technology is still evolving, researchers and cybersecurity experts should devise scalable and 
responsive solutions in countering the use of AI-generated fake news. The future ways of detecting should be centered on real-time 
processing, multimodal analysis, and collaborative security frameworks to adequately deal with the increasing threat of fake AI-
generated videos. 
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