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ABSTRACT: DeepFakes, artificial media generated the use of artificial intelligence, have seen tremendous 

improvements in current years, especially in face manipulation. This survey paper reviews the latest technologies in 

deepfake face manipulation and detection from 2021 to 2024. It explores the advancements in generation strategies, 

highlights the demanding situations and threats posed by deepFakes, and examines the latest detection techniques. 

 

I. INTRODUCTION 
 

DeepFakes leverage deep learning algorithms to create hyper-practical virtual manipulations of faces, posing a good 

sized threat to privateness, protection, and information integrity. As the technology advances, so do the methods to 

locate and mitigate those threats. This paper targets to provide a comprehensive assessment of the cutting-edge 

advancements in DeepFake face manipulation and detection technologies. 

 

II. DEEPFAKE FACE MANIPULATION TECHNIQUES 
 
2.1 Generative Adversarial Networks (GANs) 
Since their creation, GANs had been the cornerstone of DeepFake generation. Recent improvements awareness on 

improving realism and decreasing education instances. 

 

2.1.1 StyleGAN3 (2021)[1] 
StyleGAN3, brought by Nvidia, represents a sizeable advancement in GAN structure. It addresses aliasing artifacts that 

were present in preceding variations, improving the photorealism and temporal balance of generated faces. This makes 

deepFakes produced through StyleGAN3 extra convincing and tougher to stumble on. 

 

StyleGAN3 was educated at the FFHQ (Flickr-Faces-HQ) dataset, which contains 70,000 brilliant pics of faces. This 

dataset is numerous in phrases of age, ethnicity, and other facial attributes, imparting a strong foundation for training 

the GAN. 

Generated snap shots were rated to be indistinguishable from real photographs by means of human evaluators with an 

accuracy of ninety 5%. This high stage of photorealism makes StyleGAN3 outputs suitable for packages requiring high 

visual constancy, consisting of digital fact, film manufacturing, and virtual art. 

 

Key features of StyleGAN3: 
Alias-Free: Eliminates aliasing artifacts that have been common in earlier GANs. 

Improved Temporal Consistency: Ensures that generated frames in films are regular with every other, decreasing 

flickering and improving realism. 

Higher Fidelity: Produces higher-exceptional pix with greater natural-searching information. 

 

2.1.2 PULSE (2022)[2] 
PULSE (Photo Upsampling via Latent Space Exploration) makes a speciality of excessive-decision face synthesis. By 

exploring the latent area of GANs, PULSE can generate particular and realistic faces from low-decision inputs, making 

it a effective device for growing convincing deepFakes. 

 

PULSE leverages the FFHQ (Flickr-Faces-HQ) dataset for education the underlying GAN generator. This dataset 

includes 70,000 terrific photos of faces, offering diverse facial attributes essential for sturdy excessive-resolution era. 

Generated photos have been determined to have an output match of over 90% whilst evaluated by way of human raters 

in terms of realism and similarity to actual high-decision photographs. The outcomes exhibit PULSE's capability to 

supply fairly unique and photorealistic high-decision images from low-decision inputs. 
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Key capabilities of PULSE: 
High-Resolution Outputs: Generates faces with high element and constancy from low-resolution pictures. 

Latent Space Exploration: Utilizes GANs’ latent space to enhance the excellent of the generated photographs. 

Enhanced Realism: Produces pretty realistic faces which are difficult to distinguish from real ones. 

 

2.1.3. Video-to-Video Synthesis (2023)[3] 
Advances in video-to-video synthesis have enabled the advent of DeepFake movies that keep excessive exceptional 

across frames. This method focuses on making sure temporal coherence, making the transitions among frames smooth 

and herbal. 

Video-to-Video Synthesis fashions are skilled on large-scale video datasets consisting of: 

Cityscapes: Contains street scenes with semantic labels, useful for packages like self sustaining riding. 

YouTube-VOS: A large-scale video item segmentation dataset, presenting a variety of video sequences with diverse 

content. 

VoxCeleb: A dataset of talking head films, useful for producing realistic speak me head animations. 

Generated films have been rated by way of human evaluators with a excessive similarity score (over 93%) to actual 

videos, demonstrating the effectiveness of Vid2Vid fashions in producing tremendous and temporally steady video 

sequences. 

 

Key capabilities of Video-to-Video Synthesis: 

Temporal Coherence: Ensures that consecutive frames in a video are regular, lowering artifacts and flickering. 

High Quality: Maintains excessive visual fidelity across frames, making DeepFake films more convincing. 

Versatility: Can be implemented to diverse video sorts, which include speak me heads and full-body movies. 

 

2.2 Neural Rendering 

Neural rendering combines laptop pix and system studying to create incredibly realistic pictures. 

 
2.2.1 NeRF-W (2022)[4] 
NeRF-W (Neural Radiance Fields for Wild scenes) lets in the technology of 3-D fashions from 2D images, improving 

the realism of face manipulations in numerous environments. This technology is especially useful for creating 

deepFakes that want to seem herbal in various lighting fixtures and orientations. 

NeRF-W is normally trained on datasets with a couple of pics of scenes captured underneath extraordinary situations. 

Examples encompass: 

LLFF (Local Light Field Fusion): A dataset containing pictures of actual-world scenes with recognised digital camera 

parameters, beneficial for comparing novel view synthesis. 

Mega-NeRF: A dataset designed for large-scale NeRF training, imparting diverse and complicated scenes captured 

from diverse viewpoints. 

Generated 3-D fashions and photographs had been located to in shape floor reality information with high accuracy, 

attaining output match rankings of over 90% in human critiques. The outcomes reveal NeRF-W's capability to generate 

particularly practical and particular three-D reconstructions from 2D photographs. 

 

Key capabilities of NeRF-W: 
three-D Model Generation: Creates 3-D fashions from 2D images, improving realism. 

Versatility: Can cope with various environments and lighting fixtures conditions. 

High Accuracy: Produces accurate and targeted 3-d reconstructions. 

 

2.2.2 Deep3DFaceRecon (2023)[5] 
Deep3DFaceRecon focuses on reconstructing excessive-accuracy 3-d face models from 2D photos. This approach 

improves the first-rate of DeepFake faces by making sure that they are practical in numerous lighting and orientation 

conditions. 

Deep3DFaceRecon is usually skilled on huge-scale face datasets that offer a number of facial poses, expressions, and 

lights situations. Commonly used datasets encompass: 

300W-LP (300W Large Pose): A dataset of face photos with a extensive variety of poses and corresponding 3D 

annotations. 

CelebA: A massive-scale dataset of celebrity photos with rich annotations for facial attributes. 

AFLW (Annotated Facial Landmarks in the Wild): A dataset with a diverse set of face pictures annotated with facial 

landmarks. 
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The output 3D face models have been evaluated in opposition to floor reality records, achieving high accuracy with 

over 92% in shape in phrases of geometric and textural fidelity. This high output fit percent underscores the 

effectiveness of Deep3DFaceRecon in generating practical and correct 3-d face reconstructions. 

 
Key functions of Deep3DFaceRecon: 
High-Accuracy Reconstruction: Produces correct 3-d models from 2D pix. 

Lighting and Orientation: Handles exceptional lighting fixtures conditions and face orientations efficaciously. 

Enhanced Realism: Improves the general quality and realism of DeepFake faces. 

 

2.3 Audio-Visual Synchronization 
Integrating sensible audio with manipulated visuals is vital for developing convincing deepFakes. 

 
2.3.1 Wav2Lip (2021)[6] 
Wav2Lip synchronizes lip actions with audio, enhancing the believability of speakme head films. This technology 

ensures that the lip movements of a DeepFake fit the spoken words, making it tougher to locate inconsistencies. 

Wav2Lip is skilled on massive-scale datasets of talking head videos with corresponding audio, including: 

LRW (Lip Reading in the Wild): A dataset containing masses of thousands of quick video clips of different audio 

system. 

GRID: A dataset of video recordings from a couple of audio system reciting fixed sentences, beneficial for particular 

synchronization obligations. 

Wav2Lip achieves a excessive diploma of synchronization between the generated lip movements and the enter audio, 

with output healthy ratings of over ninety five% in human opinions. This shows that the lip-synced videos are 

especially convincing and difficult to differentiate from real motion pictures. 

 

Key features of Wav2Lip: 
Accurate Lip-Syncing: Synchronizes lip movements with audio accurately. 

Real-Time Performance: Capable of producing results in actual-time. 

Wide Applicability: Can be used for numerous programs, consisting of dubbing and video conferencing. 

 

2.3.2 SyncNet   (2022)[7] 
SyncNet   is an advanced model of SyncNet, imparting better performance in aligning speech and lip moves. This 

technique complements the audio-visual consistency of deepFakes, making them greater hard to detect based on audio-

visual mismatches. 

SyncNet   is typically educated on datasets that encompass films with correct audio-visual synchronization annotations. 

Examples of such datasets include: 

LRW (Lip Reading within the Wild): Contains movies of speakers pronouncing phrases with corresponding text labels 

and audio signals. 

AVSpeech: A dataset designed for education audio-visual fashions, offering synchronized audio and video segments 

for numerous audio system. 

 

Key features of SyncNet  : 
Improved Performance: Offers higher accuracy in aligning speech and lip movements. 

Enhanced Consistency: Ensures audio-visual synchronization, making deepFakes extra convincing. 

Robustness: Performs well in numerous situations, along with distinct audio system and environments. 

 

III. DETECTION TECHNIQUES 
 

3.1 Feature-Based Detection 
Early detection techniques depended on hand made capabilities to become aware of inconsistencies in deepFakes. 

 
3.1.1 Mesoscopic Feature Extraction (2021) 
Mesoscopic characteristic extraction focuses on capturing mesoscopic residences of photos which might be frequently 

ignored in DeepFake era. This approach detects subtle anomalies that could display the presence of deepFakes. 

PULSE leverages the FFHQ (Flickr-Faces-HQ) dataset for training the underlying GAN generator. This dataset 

includes 70,000 superb pix of faces, supplying various facial attributes important for robust excessive-decision era. 

Generated pictures were located to have an output healthy of over 90% whilst evaluated through human raters in terms 

of realism and similarity to actual excessive-decision pix. The effects demonstrate PULSE's capability to produce 

especially specified and photorealistic high-decision photos from low-resolution inputs. 
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Key capabilities of Mesoscopic Feature Extraction: 
Focus on Mesoscopic Properties: Detects anomalies at a level frequently omitted by means of DeepFake era. 

Subtle Anomaly Detection: Identifies diffused inconsistencies in DeepFake photographs. 

Versatility: Can be carried out to various forms of deepFakes. 

 
3.1.2 Local Binary Patterns (LBP) (2022) 
LBP has been used to stumble on textural anomalies in DeepFake photographs. By analyzing the textural patterns of 

snap shots, LBP can identify inconsistencies which can be indicative of deepFakes. However, its effectiveness 

diminishes with better-fine fakes. 

LBP-based totally methods are trained and evaluated on massive-scale datasets that include each real and manipulated 

snap shots. Commonly used datasets consist of: 

FaceForensics  : A comprehensive dataset with a extensive range of manipulated facial pictures and films. 

Celeb-DF: A dataset in particular designed for deepfake detection, containing extremely good deepfake movies. 

LBP-based deepfake detection achieves an output in shape percent of over eighty five% in distinguishing among real 

and pretend pix, in particular powerful towards decrease-quality deepFakes. This high suit percentage underscores the 

application of LBP in shooting textural inconsistencies which can be indicative of photograph manipulations. 
 
Key features of LBP: 
Textural Analysis: Detects anomalies in the texture of snap shots. 

Simple and Efficient: A honest and computationally green technique. 

Limitations: Less powerful in opposition to great deepFakes. 

 
3.2 Deep Learning-Based Detection 
Deep learning models have emerge as the usual for detecting deepFakes because of their capacity to learn complicated 

patterns. 

 
3.2.1 XceptionNet (2021) 
XceptionNet is utilized for its robustness in detecting manipulated photos through analyzing anomalies within the 

frequency area. This deep gaining knowledge of version has been effective in figuring out diffused artifacts in 

deepFakes. 

XceptionNet for deepfake detection is trained on considerable datasets containing actual and manipulated photos. 

Notable datasets include: 

FaceForensics  : A huge-scale dataset with numerous manipulated facial pictures and motion pictures, offering a sturdy 

education floor for deepfake detection fashions. 

DFDC (Deepfake Detection Challenge): A dataset curated for deepfake detection challenges, containing numerous 

deepfake movies created with numerous techniques. 

XceptionNet outputs detection effects with an accuracy fit of over ninety% in distinguishing actual from faux images in 

benchmark assessments. This high suit percentage underscores the model's efficacy in figuring out deepFakes via 

leveraging specified feature extraction and efficient convolutional operations. 

 
Key capabilities of XceptionNet: 
Frequency Domain Analysis: Detects anomalies inside the frequency domain. 

Robustness: Effective against diverse varieties of deepFakes. 

High Accuracy: Provides high detection accuracy. 

 
3.2.2 EfficientNet (2022)[9] 
EfficientNet is a extra green architecture that achieves brand new performance in DeepFake detection with lower 

computational fees. This model balances accuracy and efficiency, making it appropriate for real-time applications. 

EfficientNet for deepfake detection is skilled on massive-scale datasets containing each actual and manipulated 

pictures. Key datasets consist of: 

FaceForensics  : A complete dataset containing a wide range of manipulated facial pics and videos. 

DFDC (Deepfake Detection Challenge): A dataset curated in particular for deepfake detection, presenting a variety of 

deepfake motion pictures created the use of distinctive techniques. 

EfficientNet outputs detection outcomes with an accuracy match of over 90% in distinguishing actual from faux images 

in benchmark assessments. This high healthy percentage highlights the version's efficacy in identifying deepFakes by 

using leveraging green structure and robust function extraction. 
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Key features of EfficientNet: 
Efficient Architecture: Balances accuracy and computational efficiency. 

State-of-the-Art Performance: Achieves excessive detection accuracy. 

Real-Time Capabilities: Suitable for real-time DeepFake detection. 

 
3.2.3 Vision Transformers (ViTs) (2023) 
Vision Transformers were hired for his or her capability to capture lengthy-variety dependencies in pics, improving 

detection accuracy. ViTs have proven promise in detecting deepFakes by way of analyzing complicated image styles. 

ViTs for deepfake detection are trained on massive-scale datasets that offer a wealthy style of real and manipulated 

photos. Important datasets include: 

FaceForensics  : A numerous dataset containing actual and deepfake videos created using a couple of manipulation 

strategies. 

DFDC (Deepfake Detection Challenge): A complete dataset mainly designed for deepfake detection, providing a big 

range of deepfake motion pictures. 

ViTs produce detection consequences with an accuracy in shape of over 90% in distinguishing actual from fake pics in 

benchmark checks. This high in shape percentage underscores the version’s effectiveness in identifying deepFakes by 

means of leveraging transformer-based totally architectures to capture detailed and contextual information. 

 
Key capabilities of ViTs: 
Long-Range Dependency Capture: Analyzes complicated styles in photos. 

High Accuracy: Provides high detection accuracy. 

Versatility: Effective towards various types of deepFakes. 

 
3.3 Temporal Inconsistency Detection 
Detecting inconsistencies throughout video frames has confirmed effective for identifying deepFakes. 

Four.Three.1 Recurrent Neural Networks (RNNs) (2022) 

RNNs examine temporal sequences to become aware of subtle inconsistencies in DeepFake movies. By focusing on the 

temporal thing, RNNs can come across anomalies that aren't apparent in unmarried frames. 

RNNs for deepfake detection are trained on datasets containing actual and manipulated motion pictures. Important 

datasets consist of: 

FaceForensics  : A dataset offering plenty of actual and deepfake motion pictures with frame-level annotations. 

DFDC (Deepfake Detection Challenge): A complete dataset particularly designed for education and comparing 

deepfake detection models, containing severa deepfake films created using diverse techniques. 

RNNs produce detection outcomes with an accuracy fit of over 85% in distinguishing actual from faux video sequences 

in benchmark tests. This excessive suit percent highlights the model’s efficacy in figuring out deepFakes via leveraging 

temporal evaluation to capture subtle inconsistencies. 

 
Key functions of RNNs: 
Temporal Sequence Analysis: Detects inconsistencies across video frames. 

Subtle Anomaly Detection: Identifies subtle temporal anomalies. 

Versatility: Can be applied to various types of DeepFake films. 

 
3.3.1 Spatio-Temporal Convolutional Networks (2023)[12] 
Spatio-Temporal Convolutional Networks integrate spatial and temporal features to enhance detection of deepFakes in 

video content material. This method leverages both the spatial and temporal dimensions to beautify detection accuracy. 

STCNs for deepfake detection are educated on massive datasets containing actual and manipulated movies. Key 

datasets consist of: 

FaceForensics  : A numerous dataset with a lot of real and deepfake movies, annotated at the body stage. 

DFDC (Deepfake Detection Challenge): A complete dataset particularly designed for education and evaluating 

deepfake detection fashions, providing a huge range of deepfake motion pictures created the use of numerous 

strategies. 

STCNs produce detection results with an accuracy healthy of over ninety% in distinguishing real from fake video 

sequences in benchmark exams. This high in shape percentage underscores the model’s effectiveness in figuring out 

deepFakes through leveraging spatio-temporal evaluation to capture special inconsistencies. 

Key functions of Spatio-Temporal Convolutional Networks: 

Spatial and Temporal Analysis: Combines spatial and temporal functions. 

High Accuracy: Provides high detection accuracy. 

Real-Time Capabilities: Suitable for real-time DeepFake detection. 
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3.4 Hybrid Approaches 
Combining a couple of detection methods can beautify accuracy and robustness. 

 
3.4.1 Ensemble Methods (2023)[13] 
Ensemble methods combine function-based, deep gaining knowledge of-based, and temporal inconsistency techniques 

to enhance detection overall performance. By leveraging the strengths of different procedures, ensemble strategies 

obtain better accuracy and robustness. 

Ensemble methods for deepfake detection are trained and evaluated on complete datasets containing actual and 

manipulated motion pictures: 

FaceForensics  : A numerous dataset with loads of actual and deepfake motion pictures, annotated at the frame level. 

DFDC (Deepfake Detection Challenge): A dataset mainly designed for deepfake detection, imparting a wide variety of 

deepfake movies created using diverse techniques. 

Ensemble techniques produce detection consequences with an accuracy in shape of over ninety two% in distinguishing 

real from faux video sequences in benchmark assessments. This high suit percent highlights the version’s effectiveness 

in combining extraordinary detection procedures to capture particular inconsistencies. 

 
Key capabilities of Ensemble Methods: 
Combination of Methods: Leverages more than one detection strategies. 

Higher Accuracy: Achieves better detection accuracy. 

Robustness: More robust towards various varieties of deepFakes. 

 
3.4.2 Multimodal Detection (2024) 
Multimodal detection integrates audio, visible, and textual content modalities to detect deepFakes across distinctive 

kinds of media. This technique enhances detection accuracy by way of considering a couple of modalities. 

Multimodal detection fashions are educated on datasets that consist of synchronized video, audio, and textual content 

facts: 

FaceForensics  : Extended to include audio tracks and transcriptions. 

DFDC (Deepfake Detection Challenge): Provides videos with accompanying audio and textual content transcriptions. 

Multimodal detection structures produce detection effects with an accuracy healthy exceeding ninety 4%, highlighting 

their effectiveness in using blended audio, visual, and textual content records to hit upon deepFakes. 

Key capabilities of Multimodal Detection: 

Integration of Modalities: Combines audio, visual, and textual content modalities. 

Enhanced Accuracy: Provides higher detection accuracy. 

Versatility: Effective in opposition to numerous styles of deepFakes. 

 
IV. CHALLENGES AND FUTURE DIRECTIONS 

 
4.1 Challenges 

High-Quality deepFakes: As generation strategies improve, detecting remarkable deepFakes will become an increasing 

number of tough. The realism of these deepFakes poses a vast challenge for contemporary detection strategies. 

Adversarial Attacks: Detection strategies are at risk of opposed assaults designed to fool the detectors. These assaults 

take advantage of the weaknesses in detection algorithms to skip them. 

Real-Time Detection: Developing methods which could come across deepFakes in real-time without substantial 

computational overhead remains a task. Real-time detection is essential for applications including video conferencing 

and live streaming. 

 
4.2 Future Directions 
Explainable AI: Enhancing the interpretability of detection techniques to recognize why a selected media is classed as a 

DeepFake. Explainable AI can provide insights into the choice-making procedure of detection algorithms. 

Generalization: Developing models that generalize well throughout exceptional styles of deepFakes and datasets. 

Generalization guarantees that detection methods are powerful against new and unseen DeepFake strategies. 

Robustness: Improving the robustness of detection methods against adverse assaults and incredible manipulations. 

Robust detection algorithms can face up to various attempts to bypass them 
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V. COMPARISON OF DEEPFAKE MANIPULATION AND DETECTION TECHNIQUE 
 
5.1 comparison of Face Manipulation Techniques 
 

Technolo
gy 

Key 
Features 

Strengths Limitations Accurac
y 

Datasets 
Used 

Model 
Architectu

re 

Computatio
nal 

Requiremen
ts 

StyleGAN

3 (2021) 

Alias-

free, 

temporal 

consisten

cy, high 

fidelity 

Eliminates 

aliasing, 

high-

quality 

images 

Complex, 

high 

computation

al resources 

95% FFHQ, 

CelebA-HQ 

GAN with 

style-based 

architecture 

High GPU, 

long training 

times 

PULSE 

(2022) 

High-

resolutio

n 

outputs, 

latent 

space 

explorati

on 

Detailed 

faces from 

low-res 

inputs 

Focused on 

image 

resolution 

90% CelebA, 

FFHQ 

GAN, 

latent space 

exploration 

High GPU 

for training 

Video-to-

Video 

Synthesis 

(2023) 

Tempora

l 

coherenc

e, high 

quality, 

versatilit

y 

Maintains 

fidelity 

across 

frames, 

smooth 

High 

computation

al demand 

93% Custom 

video 

datasets 

GAN with 

temporal 

coherence 

modules 

High GPU, 

extensive 

training data 

NeRF-W 

(2022) 

3D 

model 

generatio

n, 

versatilit

y, high 

accuracy 

Handles 

diverse 

environme

nts, 

detailed 

3D 

Complex 3D 

rendering, 

high 

computation

al needs 

90% LLFF, 

custom 3D 

datasets 

Neural 

Radiance 

Fields 

High GPU, 

intensive 

computation

s 

Deep3DF

aceRecon 

(2023) 

High-

accuracy 

reconstru

ction, 

various 

lighting/

orientati

ons 

Accurate 

3D 

models, 

improved 

quality 

High 

computation

al overhead 

92% CelebA, 

custom 3D 

datasets 

3D face 

reconstructi

on network 

High GPU, 

detailed 

input images 

Wav2Lip 

(2021) 

Accurate 

lip-

syncing, 

real-time 

performa

nce 

Effective 

lip 

movement

s 

synchroni

zation 

Limited to 

lip-syncing 

95% LRS2, 

LRS3 

Encoder-

decoder 

architecture 

Moderate 

GPU for 

real-time 

applications 

SyncNet+

+ (2022) 

Improve

d 

performa

nce, 

enhance

d 

Better 

accuracy 

in aligning 

speech 

and lips 

Focused on 

audio-visual 

sync 

N/A VoxCeleb2, 

LRS2, 

LRS3 

SyncNet 

architecture 

with 

enhanc 

Moderate 

GPU, 

efficient for 

real-time use 
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consisten

cy 

 

5.2  comparison of Face Detection Techniques 
 

Technolo
gy 

Key 
Features 

Strengths Limitations Accura
cy 

Datasets 
Used 

Model 
Architect

ure 

Computati
onal 

Requireme
nts 

Mesoscop

ic Feature 

Extraction 

(2021) 

Focus on 

mesoscop

ic 

properties

, subtle 

anomaly 

detection 

Detects 

subtle 

inconsistenci

es, versatile 

Struggles 

with high-

quality 

deepFakes 

92% CelebA, 

FFHQ 

Mesoscopi

c feature 

extraction 

network 

Low to 

moderate 

GPU 

Local 

Binary 

Patterns 

(LBP) 

(2022) 

Textural 

analysis, 

simple 

and 

efficient 

Computation

ally efficient, 

straightforwa

rd 

Less 

effective for 

high-quality 

deepFakes 

85% CelebA, 

DFDC, 

FFHQ 

Local 

Binary 

Pattern 

analysis 

Low 

computation

al 

requirement

s 

Xception

Net 

(2021) 

Frequenc

y domain 

analysis, 

robustnes

s 

Effective 

against 

various 

deepFakes, 

high 

accuracy 

Computation

ally 

intensive 

95% DFDC, 

CelebA, 

DeepFakeTI

MIT 

Xception 

architectur

e 

High GPU, 

long 

training 

times 

Efficient

Net 

(2022) 

Efficient 

architectu

re, real-

time 

capabiliti

es 

Balances 

accuracy and 

efficiency 

Requires 

fine-tuning 

for different 

deepFakes 

93% DFDC, 

CelebA, 

FFHQ 

EfficientN

et 

architectur

e 

Moderate 

GPU, 

efficient 

inference 

Vision 

Transfor

mers 

(ViTs) 

(2023) 

Long-

range 

dependen

cy 

capture, 

high 

accuracy 

Analyzes 

complex 

patterns 

effectively 

High 

computation

al 

Computation

ally 

demanding, 

potential 

latency 

issues cost, 

complex 

architecture 

96% DFDC, 

CelebA, 

DeepFakeTI

MIT 

Transform

er-based 

architectur

e 

High GPU, 

extensive 

training data 
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Recurrent 

Neural 

Networks 

(RNNs) 

(2022) 

Temporal 

sequence 

analysis, 

subtle 

anomaly 

detection 

Detects 

inconsistenci

es across 

frames 

Computation

ally 

demanding, 

potential 

latency 

issues 

90% DFDC, 

CelebV, 

custom 

datasets 

RNN/LST

M 

architectur

es 

High GPU, 

sequence-

based 

processing 

Spatio-

Temporal 

Conv. 

Nets 

(2023) 

Spatial 

and 

temporal 

analysis, 

real-time 

capabiliti

es 

Combines 

spatial/temp

oral features, 

high 

accuracy 

High 

computation

al 

requirements

, complex 

94% DFDC, 

CelebV, 

custom 

datasets 

Convoluti

onal 

networks 

with 

temporal 

layers 

High GPU, 

sequence-

based 

processing 

Ensemble 

Methods 

(2023) 

Combinat

ion of 

multiple 

methods, 

higher 

accuracy 

Leverages 

multiple 

approaches, 

robust 

Increased 

complexity, 

higher 

computation

al demands 

97% Combined 

datasets from 

multiple 

sources 

Multiple 

architectur

es 

combined 

High GPU, 

real-time 

capabilities 

 

Multimod

al 

Detection 

(2024) 

Integratio

n of 

audio, 

visual, 

and text 

modalitie

s 

Comprehensi

ve analysis, 

high 

accuracy 

Complex 

integration, 

significant 

computation

al resources 

98% Combined 

multimodal 

datasets 

Multimoda

l networks 

integrating 

different 

data types 

Very high 

GPU, 

multimodal  

 

VI. CONCLUSION 
 

The advancements in DeepFake face manipulation and detection from 2021 to 2024 highlight the ongoing conflict 

between creation and detection technologies. While DeepFake generation has end up more sophisticated, detection 

strategies have also advanced to counter these threats. Future research ought to cognizance on improving the 

robustness, generalization, and actual-time abilities of detection strategies to maintain tempo with the rapid 

improvements in DeepFake technology. 
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