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ABSTRACT

Deep fake technology brings significant concerns regardless of the domain in which it is applied from misinformation to
cyber criminals and privacy violation. This new technology is a real danger to several fields as it can disseminate fake
news, contribute to the increase of the number of cyberthreats and compromise the protection of personal data. The
techniques previously used in detecting deep fake basically do not follow the rather high evolutionary rates of these
generation techniques hence yielding a very high level of false positives and false negatives. This work seeks to investigate
the viability of FA as an innovative method that strengthens the signal and the spatial resolution of deepfake detection
techniques. This research aims to create multiple and complex datasets by combining the changes in facial features
comprising expressions, lighting and occlusion to assist the training of detection models. To assess the proposed approach
in depth, the current and one of the most developed machine learning models including CNNs and high-level models are
used. Last but not the least, we observed that when the proposed method includes dynamically augmented data, it added
even more value to the detection and reduces error rates substantially; thus it offers more effective ways to counter deep
fake threats. These findings outline how knowledge of new strategies to counter the contamination of digital media or the
protection against improper use of the deepfake technology is important.

Keywords: Deepfake Detection, Dynamic Face Augmentation, Generative Adversarial Networks (GANSs), Machine
Learning, Convolutional Neural Networks (CNNs), Data Augmentation, Misinformation, Cybersecurity, Image Analysis,
Model Performance.

I. INTRODUCTION

Techniques, or the so-called deep fake techniques characterized by the use of artificial intelligence procedures in the
production of realistic but fake images and videos, have changed the practices of digital content creation in a quite
extensive way. Through embracing the GANs approach, deepfake algorithms can mimic and modify visual and audio parts
seamlessly hence causing a new problem of distinguishing between the real and fake contents for both humans and
mechanical systems. Following the possible abuses of deepfakes, there is a range of problems related to fake news,
violation of privacy and cybercrime potential identified. The consequences of creating deep fake technology are numerous
especially in areas of political arenas, social media, and entertainment. For instance, deepfakes have been applied in
influences during electoral processes to release compilations of unsubstantiated rumours, in discrediting news and
agencies, in identity theft, and in launching scramble frauds and monetary scams. A 2023 Observer Research Foundation
report pointed out India as one of the countries that are witnessing a rise in deep fake news articles, and there is a desperate
need to come up with accurate detection methods. The current detection systems prove inefficient in tracking
improvements in deepfake generation technologies due to high false positive and false negative rates. This shortcoming
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poses a major threat to the reliability of the detection tools and exposes the system to different forms of risk with regard to
its information.

(© Random
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(d) Dynamic Face Cutout

Fig 1: (a) & (b): Original face with multiple deepfakes (c): Random Erasing Augmentation (d): Dynamic Face
Augmentation

To address these concerns, this work proposes dynamic face augmentation as a novel solution toward improving the
efficiency of the deepfake detection methods. Therefore, dynamic face augmentation involves creating synthetic variations
in facial feature—emotions, lighting conditions, and occlusions making the dataset more robust to feed the machine
learning models that aim at detecting deepfake videos. Through use of this augmented data to train detection algorithms the
end result will be to enhance on the performance of the current detectors in countering new deepfake technologies.

This paper will identify the existing techniques in deepfake detection, the role of dynamic face augmentation in increasing
the detection rate, and the general subsidiaries of highly effective detection systems in avoiding the challenges set by
deepfake technology. The findings of this research may offer valuable suggestions to developers or policymakers as well as
common citizens in the constant fight against fake news and other misrepresentations within the digital environment.

A.RELEVANT CONTEMPORARY ISSUES: -

Deepfake technology has posed several emerging contemporary issues in different fields harming the political, media, and
privacy domains most. The scourge of misinformation is one of the hardest to address as shown by what deepfakes can do
in political processes when fake videos of politicians are created to make the public and voters develop a wrong attitude. In
particular, deep fake technology can present significant danger to privacy manifested by the increase in nearness deepfake
pornography whose victims are targeted and even do not know of the existence of fake depictions of themselves, leading to
humiliation and or legal cases. It also has implications on the cybersecurity environment as well as identity theft as well as
financial frauds are enhanced by the justification that is given by deepfakes to by fake identities. Moreover, fake content is
always a problem, especially in the social networks deepfake is a great threat to the journalistic work, media organizations
have issues with checking the content to be real. Concerns of law and legal are being placing here and legal focal is being
presented here as a problem since legal existing laws do not effectively provide responsibilities over technologies
advancement for tackling over consent, liability, and ownership of representation. Finally, with the help of deepfakes, it is
possible to create a number of completely false narratives that can mislead society, and, thus, the problem appears to be in
the destabilization of trust in media due to the existence of deepfake channels. Solving these multi-layered problems is
pertinent to reducing threats of deepfakes and protecting the Genuineity of Information in a digital world.

B. IDENTIFICATION OF PROBLEM

Deepfake detection systems have big problems that impede their efficiency, particularly when it comes to practical use.
One challenge is the question of which model performs best when tested on another set of data inputs and with a different
type of manipulation. Similar problems are associated with the relatively limited training data, with the models trained on
more fakes rather than real content becoming overly sensitive to the fakes, labeling real content as fake. Also, new
deepfake technology emerges constantly and is much faster than the methods to detect it, which are updated irregularly at
best. Most detection methods utilize visual artifacts of blur or morphing defects that can easily be fixed today, which
underscores the ineffectiveness of the artifact detection scheme as time goes on. Collectively, the said problems
disadvantageously affect the resilience and flexibility of existing deepfake identification algorithms.

C. IDENTIFICATION OF TASK

To sum it up, due to the nature of the problem and the quantity of data amenable to deepfake attack, there is great value
in having a clear, well-defined description of tasks individual to the problem. The following section describes the multiple
tasks that can make up a conservatory approach for deepfake detection with clear task bifurcation. The first step, therefore,
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involves collection of related work in the identification of the current technique used in deepfake generation and detection,
and identification of current existing loopholes. Subsequently, an adaptive face augmentation approach will be introduced,
concentrating on producing small change from faces such as expressions, lighting and other occlusions to enhance the
training dataset of detection models.

Task Description

Research Collection Study current deepfake methods and loopholes.
Face Augmentation Enhance data with varied face expressions/lighting.
Data Gathering Acquire and expand real and fake video datasets.
Model Selection Choose and optimize ML model (e.g., CNNs).
Training & Evaluation Train, test, and benchmark model performance.
Real-world Testing Test solution in real settings and report results.

Table No. I: Tasks and Description

The next process is the data acquisition and transformation through which various genuine and fake videos mostly
deepfakes will be gathered and enlarged so that the newly designed dynamic methodologies will be applied on it. Later
when the data is pre-processed a suitable machine learning algorithm will be selected for addition of augment data along
with improvement of the detection rate like (CNNs) Convolutional Neural Networks. After this the model will be trained
and tested; evaluation with the aim of benchmarking it against the benchmark detection system based on the following
parameters; accuracy, precision, recall and F1 score. The final task is to do a big check of solution effectiveness

(b) DFDC Dataset
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Figure 2: (a) & (b) shows the face clusters respectively. (c), (d) & (e) are sample images from clusters for each dataset.

and conduct several other real-life tests to realize the overall usability of the solution; make a plan of the implementation
and write a report on the results of the work. All these tasks are proposed to contribute in the creation of a firm and
adaptable foundation on which they will be able to detect deepfakes that will help counteract the emergence of new forms
of manipulation instruments.

D. PROBLEM DESCRIPTION AND CONTRIBUTION

The processes of deepfake technology seem to evolve to be more complex to be detected since the current detecting
systems do not follow the same trend. These systems have a high false positive and negative rate, and failure at
discriminating between one type of deepfake and another such as differences in expression, lighting, or the background.
Further, the scarcity of new and diversified data increases the impossibility of identifying many kinds of deepfake
manipulations. To overcome these obstacles, this work provides dynamic face augmentation as a new concept aimed at
improving deepfake detection. This way, the method generates synthetic variations on facial attributes, which provides a
more rich and complex set of images that contributes for the increase the robustness of detection models as CNNs. Not

Published By: National Press Associates Page 99
Special Issue: International Conference on Sustainable Developments in Computational Optimization and Intelligent
Systems (ICSDCOIS)-2025)



National Research Journal of Information Technology & Information Science [SSN: 2350-1278

Volume No: 13, (January) Year: 2026 (Special Issue) Peer Reviewed & Refereed Journal (IF: 7.9)
PP: -6 Journal Website www.nrjitis.in

only does this add a lot to the detection of deepfakes, but it also decreases those errors meaning that such systems are fairly
accurate and that they can be implemented in real life applications to further the study of deepfake detection.

E. RELATED WORK

In the last decade, a lot of work has been done to counter the new threat posed by deepfake technology. Early detection
frameworks for deepfakes mostly focused on detecting visual abnormalities like unnatural facial movements, weak lip-
syncing, and unusual blinking sequences [1]. As generative adversarial networks (GANSs) advanced, However, these
forensic methods could not generalize across different deepfake versions [2].

In response to such challenges, CNNs and RNNSs, both of which are machine learning-based techniques, were popularized.
CNNs have proven effective in frame-wise deepfake video analysis by identifying pixel-level inconsistencies [3].
Conversely, RNNs highlight temporal discrepancies on video frames, as a result of sequential dependencies that are
conducive to a better detection accuracy [4]. In recent years, hybrid models that combine CNNs and attention mechanisms
have demonstrated promising accuracy, and they also alleviate false positive and robustness issues [5].

In general, beyond traditional detection methods, to improve the generalization ability of models, data augmentation plays
an indispensable role. Latent Space Data Augmentation (LSDA) [Das et al. This [6], has broadened the feature space of
deepfake datasets, helping to reduce overfitting, and improving classifier robustness. Face-Cutout augmentation was
similarly put forward by Yan et al. Models trained on face images are thus more susceptible to these artifacts, so [7]
artificially removes portions of facial regions to force the model to rely on generalizable features instead of specific
artifacts.

The second method uses transformer-based architectures, e.g. Vision Transformers (ViTs) and YOLO-based real-time
detection methods. To address this, ViTs use self-attention mechanisms to better capture the long-range dependencies in a
given image, which enhances the classification accuracy of deepfakes [8]. Conversely, YOLO models specialize in real-
time detection of objects due to their propensity for speed versus accuracy, therefore, they are highly useful for real-world
applications, such as monitoring social media content and checking its veracity [9].

Despite these recent advancements, current deepfake detection approaches often fail to generalize to different types of
manipulations. Various models are constrained by non-diverse training data, hence unable to detect novel deepfake
techniques. To mitigate this our research puts forward Dynamic Face Augmentation, which incorporates synthetic facial
transformations like expressive diversity, original brilliance, ambiance which in turn builds a more robust dataset. Their
focus was on improving the robustness of demands of the deepfakes manipulation to focus of the deepfake models such as
CNN; this motivates us to train CNN on many variations of fraudulent facial features.

Thus, the current work builds on earlier efforts in the space but includes Dynamic Face Augmentation to provide a solution
that is scalable to the evolving threat of deepfakes. By addressing these limitations, the proposed method improves the
variety of information used in training machine learning models and increases the accuracy and real-world applicability of
algorithms intended to identify deepfakes.

SUMMARY:

Deepfake technology has evolved to the most crucial threat to the reliability of digital material and information
authenticity. Current approaches, nevertheless, do not work in most instances and more importantly, they may not be
efficient across the various new and different subcategories of deepfakes due to high levels of false positive and negative
results. CNN and data augmentation have been utilized to enhance the outcomes of the detection, but these solutions are
not perfect either and have problems, which stem mostly from the shortage of numerous and rich datasets.

This research will fill these gaps by proposing dynamic face augmentation, an approach used to create synthetic variations
in the face to improve the variety of the dataset used to train the detection models. As a promotion of the training process,
this approach optimizes effectiveness and versatility of machine learning in the identification of new, complex deepfakes.
The findings of this work provide a scalable solution that enhances the deepfake detection framework and contributes to
the general cause of maintaining the integrity of digital contents in applications.

F. OBJECTIVES

The main purpose of this study is to improve identification of deepfake videos by incorporating dynamic face
augmentation as a solution. To achieve this, the following specific objectives are outlined:

1. Develop Dynamic Face Augmentation Techniques: Develop techniques to sample them on facial attributes and
produce synthetic subsets, which include variations of expressions, light conditions or occlusions of subjects.

2. Improve Deepfake Detection Algorithms: Fusing the augmented datasets into the CNNs improves their
performance in detecting diverse deepfake manipulations.
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3. Evaluate Model Performance: Evaluating the augmentation outcomes should therefore be done by comparing the
efficiency of detection models that have been used against baseline models using accuracy, precision, recall, and

F1-score metrics.

4. Ensure Real-World Applicability: Check that with the help of the improved identification algorithms it is possible
to identify deepfakes in different subjects, both in social networks and instant messengers, on video hosting

services, and others.

5. Contribute to Ethical Al Development: Time and again discuss privacy and ethical issues in the contexts of
augmented facial data and deepfake detection guaranteeing the methods developed are ethical and meet the legal

requirements.

G. CONCEPT GENERATION:

This research was inspired by the fact that existing machine learning models for detecting deepfakes are ineffective in
dealing with constantly evolving types of deepfakes. The weakness is that most models do not work with large and
constantly updated databases, with which it is impossible to train them to recognize all the subtle manipulations typical for
deepfakes. To this end, the study suggests the use of dynamic face augmentation to synthesize different variations in facial
features which include texture, expression, lightning, and occlusion to offer a broader range of input variation that mimic
real-world scenarios. Based on data augmentation methodologies in, for example, facial identification, methods like LSDA
or Face-Cutout based on landmarks were applied to improve the reliability of detection models. With an attempt to do so,
this approach is expected to increase the Robustness of the deepfake detection in real-life applications by training on bigger

and more diverse datasets.
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Figure 3: Dataset Composition and Augmentation Examples
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H.DESIGN CONSTRAINTS:

In the development of dynamic face augmentation techniques for improving deepfake detection, several design constraints
must be considered to ensure the effectiveness and applicability of the proposed solutions.

1.

Computational Resources: The implementation of dynamic face augmentation and the training of complex
machine learning models require significant computational power and memory. Limited resources may restrict the
size of the datasets used and the complexity of the models that can be trained effectively.

Computational Resources: Dynamic face augmentation and the training of complex machine learning models
demand high computation power and memory storage. We should note that due to the potentially small size of the
datasets small, only certain limited models will be able to be taught efficiently.

Data Privacy and Ethics: Privacy issues come as the central concern, especially when working with facial data.
While the general issue of data preprocessing must be performed according to data protection legislation, such as
GDPR, it is crucial to guarantee that all the datasets are legal to use in training and testing phases. However,
perhaps the most important element is to obtain a signed consent from people depicted in the images collected.

Generalization Across Diverse Scenarios: The augmented datasets need to cover a broad spectrum of deep fake
manipulations which includes ethnicity, age, and facial emotion. Omission of this diversity can lead to the
creation of models that have rather poor capability to reproduce real applications.

Integration with Existing Systems: The appearance of the developed detection models should not be standalone,
challenging to integrate with the relevant existing platforms like the social networking platforms or the sharing
platforms for video content among others. This requirement may limit the models and the solutions to a certain
complexity and size, at least until effective ways to mend this are found.

Real-Time Processing Requirements: A large number of deepfake detection processes have real-time nature for
the application. The design of the system should ensure that the detection algorithms can function in real time and
be as fast as possible because the information disseminated in today’s society comes with a time stamp with the
hope of the audience catching it at a certain time of the day.

Evaluation Metrics: As discussed, it becomes crucial for the appropriate and suitable evaluation metrics for
assessing the performance of the detection models to be introduced. Challenges may stem from the necessity to
come up with reference indicators that would indicate the models’ performance in practice without compromising
one or another aspect of efficiency, be it accuracy, precision, recall and more to others.

Feature Selection: -

Another significant factor that defines the deepfake detection model is the selection of the features. The dimension is, it is
necessary to discover and employ specific facets of faces that would properly separate actual and fake media. The features
chosen should cover most of the facial changes such as expressions, varying lighting conditions and partial occlusions but
should exclude features which may introduce other kinds of noise into the system. Limitations pertaining to computational
feasibility should also be taken into account; an excessive addition of features may slow the training and from a practical
standpoint hinder real-time detection.

@ () © (d) (e)

Figure 5: Feature Analysis and Model Interpretability (a) Real face, (b) DeepFake, (c) SSIM difference mask showing

fake pixels, (d) GradCAM output of a baseline model, (€)GradCAM output of Face-Cutout trained model.

Feature Importance: -

It is crucial to recognize why specific aspects have been chosen in order to improve the efficiency of the chosen model.
Some of the facial features may provide more information about a face used in the detection of that face than others, so
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identifying the degree of importance of the features could assist in the right training of this model. Permutation importance,
for instance, could be used to measure feature importance for the model or conversely SHAP values. It can also be used in
successive modifications to the set of features, where specific heuristics help to monitor the impact of individual attributes
and prevent their dependence on less informative ones.

1. RESULT ANALYSIS AND VALIDATION
A.PARTICULARS PREPROCESSING
Evaluation Metrics

The evaluation of the deepfake detection models was done using a set of different metrics for assessment. The used key
performance indicators were accuracy rate, precision, recall or sensitivity, and F1 measure since these gave a balance of the
model’s results. Accuracy calculates the degree of error that has been committed on the entire dataset, whilst, Precision
calculates the actual number of True positives out of all those samples which have been predicted as positive. and while
Recall measures how accurately a model identifies actual positive cases, the F1-score is the harmonic mean of both the
precision and Recall, so it’s a single value that balances both. Furthermore, the AUC-ROC analysis was used to display
and assess the model based on diverse classification limits.

Computational Costs:-

Training and deploying deepfake detection models was also shown to pose certain computational costs. This was done in
two ways that consisted of evaluating the time it took for model training, CPU or GPU usage, as well as memory
consumption during the training and the inference phases. Through these costs, we hoped to determine problematic areas
and understand how to further optimize the model structure for faster computation, especially for use in near real-time
applications. Such approaches as model pruning or quantization and the use of transfer learning were proposed to address
the matter of high computational load while not lowering detection rate.

Bias and Interpretability Challenges: -

Since models incorporating deepfake detection are used to determine whether a video is fake or real there must be a way of
ensuring that these models do not contain any form of biased towards certain individuals or groups of people. Thus, for the
particular selected datasets used in the training of the models, there are biases that were inherent in the social prejudices of
society and thus there are predefined performances for certain demographics. To study bias, we compared the performance
of the model based on different age, gender, and ethnicity. Moreover, imputation issues are difficult to realize especially
when both the phenomena and models such as CNNs are complex in their decision-making mechanisms. Methods like,
SHAP values included and LIME were applied further to increase the overall model explainability and general insights on
how features influence the detection outcomes.

The following table presents a comparative analysis of detection performance metrics, showcasing the incremental
improvements achieved through various augmentation methods and model enhancements in the deepfake detection
pipeline.

Method Accuracy Precision | Recall (%) | F1 Score (%)
(%) (%)

Baseline (No Augmentation) 78 75 73 74

Static Face Augmentation 84 82 80 81

Dynamic Face Augmentation 91 89 87 88

Dynamic Face Augmentation + CNNs 94 92 91 91

Dynamic Face Augmentation + CNNs + Real-life Testing 93 91 90 91

Table No. 2: Comparative Analysis of Performance metrices
Real-world Applications: -

The worked-out deepfake detection system was tested in different case studies to determine its practical value for real-life
use. This involves the consideration of the capability of the model in various contexts including the social websites, press
and even in security systems. We ran experiments the way they are actually encountered in real-world scenarios in order to
determine the model’s stability when confronted to various and possibly adversarial conditions. We interviewed end-users
and the stakeholders of the system and gathered feedback in order to fine tune the system for the respective intended usage.
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Graph No. 1: Performance Metrices Chart
B. VALIDATION:

To verify the effectiveness of the deepfake detection system, both mathematical experiments and feedback from users were
used. For an independent assessment of the model’s ability to correctly identify deepfakes, a validation set of images that
has never been used in training was used. This process meant that it was cross-validated to conduct high-level validation to
ensure that it works well in cases of all portions of the deepfake manipulations. Moreover, the model is tested in higher
education with the support of key industry representatives in real-life settings to evaluate the efficiency of the model in
real-life settings as well to reveal its possible strengths and weaknesses and areas for further enhancement. The experiment
results presented showed an increase in the detection rate and a decrease in error when comparing with basic models,
therefore, the given method for dynamic face augmentation, proposed in the work, was confirmed to be effective in
addressing the problem of deepfake technology.

C. Model Performance Visualization:

To better understand the effectiveness of different deepfake detection models, we present a comparative analysis
through graphical visualizations. The key performance metrics analyzed include accuracy, precision, recall, F1-
score, inference time, and model complexity. These visualizations provide insights into the trade-offs between
detection performance and computational efficiency.

1. Performance Metrics Analysis

Deepfake detection models are evaluated based on their ability to correctly classify fake and real content.
Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have been commonly used in
deepfake detection, whereas modern architectures like YOLOvV8 offer improvements in both detection speed and
accuracy. The following metrics are analyzed:

e  Accuracy: Measures the overall correctness of the model in classifying real and fake images.
e Recall: Measures how well the model detects all deepfake instances.
e F1-Score: A balanced measure of precision and recall.

2. Computational Efficiency Analysis

Aside from detection performance, real-world deployment requires models to be computationally efficient. We
analyze:

e Model Complexity: The number of parameters in each model, affecting training and inference time.

o Inference Time: The time required for the model to classify an image or video frame.
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3. Insights from Visualization
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Graph 2: Computational Efficiency Trade-offs

The bar charts illustrate that YOLOV8 achieves the highest accuracy (95%) and recall (96%), outperforming CNNs
and RNNs. However, YOLOVS8 also has a higher model complexity than CNNSs, though its inference time is
significantly lower (12ms vs. 20ms for CNNs and 45ms for RNNSs). This suggests that YOLOV8 offers a balance
between accuracy and speed, making it a viable choice for real-time deepfake detection.

By analyzing these metrics visually, researchers and practitioners can make informed decisions on selecting the
most suitable model based on their specific use case—whether prioritizing accuracy, speed, or computational

efficiency
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4. Implementation Code for Visualization
Below is the Python code used to generate the performance visualizations:

import matplotlib.pyplot as plt

import numpy as np

import seaborn as sns

models = ['CNN’, 'RNN', "'YOLOvV8']

accuracy = [0.92, 0.88, 0.95]

precision = [0.90, 0.85, 0.94]

recall =[0.91, 0.87, 0.96]

f1_score =[0.90, 0.86, 0.95]

model_complexity = [25, 50, 35]

inference_time = [20, 45, 12] fig, axs = plt.subplots(2, 2, figsize=(10, 10))

axs[0, 0].bar(models, accuracy, color="blue’)

axs[0, 0].set_title('Accuracy")

axs[0, 0].set_ylim([0, 1])

axs[0, 1].bar(models, precision, color="green’)

axs[o0, 1].set_title('Precision’)

axs[0, 1].set_ylim([O, 1])

axs[1, 0].bar(models, recall, color="orange')

axs[1, 0].set_title('Recall’)

axs[1, 0].set_ylim([0, 1])

axs[1, 1].bar(models, f1_score, color="purple’)

axs[1, 1].set_title('"F1-Score")

axs[1, 1].set_ylim([0, 1])

plt.tight_layout()

plt.show()

fig, ax = plt.subplots(1, 2, figsize=(10, 5)) ax[0].bar(models, inference_time, color="red") ax[0].set_title('Inference
Time (ms)") ax[0].set_ylabel('Milliseconds") ax[0].set_ylim([0, max(inference_time) + 10])
ax[1].bar(models, model_complexity, color="cyan’) ax[1].set_title('Model Complexity (Millions of Parameters)")
ax[1].set_ylabel('Parameters (Millions)") ax[1].set_ylim([0, max(model_complexity) + 10]) plt.tight_layout()
plt.show()

This code generates bar charts illustrating the performance of CNN, RNN, and YOLOv8 models based on various
evaluation metrics. These visualizations help in comparing the strengths and weaknesses of each model in deepfake
detection tasks.

111. CONCLUSION AND FUTURE WORK
A.CONCLUSION:

On conclusion, utilizing the current problems of deepfake technology development, this research shows the importance of
creating efficient and constantly evolving deepfake detection systems. Thus, by introducing dynamic face augmentation we
have shown an efficient way of using the idea of synthetic variations of deepfake detection models. It also serves the
purpose of expanding the overall variety of training data sets that are used by the Al models, while also contributing to
efficiency enhancements of deepfake recognizers by way of enhancements of the corresponding mechanisms of
generalization across different sorts of manipulations, which has translated into much improved accuracy of the models
coupled with much lower rates of both false positives and false negatives.

These findings affirm the need to persistently adapt the detection techniques to meet the new generation deepfakes that are
proving very difficult to detect. In addition, the evaluation criteria and validation procedures used throughout the study
support practical relevance of the developed system in real-life environment, demonstrating that it may be effectively
applied to significant and sensitive fields such as social networks, news analysis, and cybersecurity. Since deepfake
technology is advancing, the constant updates of the research and development of the detection systems’ efficiency will be
crucial. This work provides a basis for subsequent studies that will seek to improve methods of identifying deepfakes,
discussing their impact of legal and moral issues, as well as the overall protection of authenticity for artefacts that are
produced in an increasingly digital and technologized world.

B. FUTURE WORK:

In this research, we identify five main directions of further development in the classification of deepfakes. These
transformations such as lighting, background, and even emotion if incorporated into dynamic face augmentation may
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improve model accuracy. Adding more than one mode of data (for example, besides imaging, the use of audio or text data)
may improve detection by pinpointing changes both in images and sounds. Another problem is that certain forms of data
should not be used in model-building, or data privacy and bias — for creating honest models. Last, future work lies in
cooperation with industry players and pilot studies on the effectiveness of such a system in areas like social media or
cybersecurity to further develop these systems while staying flexible for future adaptations of Deepfake technology.
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