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Abstract: Given the recent infectious disease outbreak, efficient and adaptive protective actions must be in place
to slow transmission while keeping social interaction going. The project offers a creative solution by incorporating
deepfake technology into face mask design and leveraging an exception model to boost functionality and user
experience. With the use of sophisticated deep teaching methods, our system generates masks dynamic, natural-
looking facial masks that adapt to individual facial features and expressions, enhancing comfort and compliance.
The exception models allow the system to recognize and adapt to one-of-a-kind facial variations and environment
conditions to achieve maximum masks fit and filtration efficiency. This integration of deepfake methods and
personal protective gear is a new paradigm in public health apparatus, with a possible outbreak of an infectious
disease, facial masks' acceptance and efficacy rise. Experimental outcomes visually demonstrate the capability of
the model to create masks that initially conform to users' actions, indicating its useful decoration. This research
paves the way for subsequent research in intelligent, personal protective equipment that integrates safety and
social connectivity.

Key Concepts — Autoencoders, CNNs (Convolutional Neural Networks), Decoding Mechanisms, Facial

Recognition, and Mask ldentification.

INTRODUCTION

The global outbreak of infectious diseases such as Covid -19 has underlined the important role of face masks in
reducing viral transmission and protecting public health. Traditional face masks,challenges related to comfort,
communication and social acceptance. People often find it difficult to wear masks due to discomfort or the inability
of masks to express facial expressions required for effective mutual communication. In this context, it is necessary

to discover innovative solutions to mix security with better user experience.

The project proposes a novel approach that incorporates deepfake technique in face mask design, which creates a
"deepfake face mask™ that maintains dynamic and real wearer's face characteristics and manifestations while
maintaining protective functionality. Deepfake technique, powered by advanced deep learning models, can
produce extremely realistic facial images and videos by mapping facial movements. By integrating this technique
with face masks, it becomes possible to remove obstacles generated by traditional masks, facilitates better social
interaction without compromising safety.

A model of exceptions to deepfake mask system is being developed as well that is exclusively based on the

individual differences in face and environmental differences. In contrast to the traditional static models,
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the exception models were driven on compromise of individual differences, hence, when one generates masks they
fit and respond appropriately concerning various conditions like light, body motion and wearing of glasses or

beards. This adaptative design enhances comfort and utility of face mask.

2.LITERATURE SURVEY

The convergence of computer vision and health technologies has picked up in the recent years especially with the
rising global challenges on infectious diseases. Now the use of face masks has become a main preventive measure,
which brings to question how to make them more functional and easier to use by modern Al methods, such as

deepfake and exception modeling.

Wang et al. (2022) investigated how deep learning could be used to develop responsive designs of face masks that
adapt to the movement of the wearers to better fit them and enhance their comfort. They applied convolutional
neural networks (CNNs) to real-time analysis of facial landmarks so that masks can adapt to changes in shapes of
faces. They proved that personalization enhances user compliance, which is crucial when wearing a mask longer
in the time of a pandemic.

Chen and Li (2023) also studied the topic of generative adversarial networks (GANS) as one of the approaches to
create realistic images of faces encountered under the occlusion conditions (i.e., people covered partially with
masks). Their article pointed out the possibility of GANS to restore covered facial features, a factor that led to the
idea of the deepfake mask keeping basic facial expressions and social gestures visible with covering methods.
Singh et al. (2021) developed an exception model to address the outliers associated with facial data (facial hair,
glasses, and headwear) to fit and identify masks, which are quite challenging to fit. The adaptive strategy gave
them the ability to dynamicallycorrect the masks models depending on the recognized exceptions leading to
improved comfort with the users and decreasing the false recognition rates. This idea best fits well with our project

involving exception based modeling to more personalized masks.

Zhou and Park (2023) studied the importance of synthesizing facial expressions to further communication in virtual
reality through the means of deepfake technologies. They showed that real-time community reiteration through
deepfake models considerably improves the feeling of old age and exclusion when wearing face coverings,
bringing a more usual interaction. This implies the usefulness of the incorporation of deepfake technology in the
design of protective gear.

Kim et al. (2022) examined the solutions to the prototype smart mask with sensors and Al-based adjustments of
comfort levels by relying on user feedback. Their contributions were made mention of the relevance of adaptive
models that can be used to fit to various user conditions, environments and health conditions. They suggested more
comprehensive integration of the Al-based personalization approaches, which once again support the applicability
of the exception models to cover various user requirements. Patel et al. (2024) used the sentiment analysis of the
large-scale customer data to measure the mood of the society regarding new mask designs. The observations led
to positive correlations between personalization features and satisfaction of the users and encouraged studies to

improve the usability of masks with innovative Al technology.
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Liu et al. (2023) proposed a hybrid model of the generation of deepfakes and machine learning classifiers with the
aim of maximizing face alignment and the visual appearance of masks as a measure of realism and protective
power. The study came up with conclusions that such integration does not only enhance aesthetic acceptance but
also provides safety standards, which is reflected in the goals of our proposed system.

The literature has shown that the face mask is a linked area where adaptive fit models, GAN-based facial synthesis,
and exception-aware personalization are used. The use of the deepfake technology in a mask design offers the
ability to solve safety and social interaction problems regarding the control of an infectious disease. In our project,
these principles are extended by the use of exception model, which optimizes this overlay, seeking to increase the

efficiency of adaption in real time and improvement of the user experience in wearing the mask.

3. METHODOLOGY

i) Proposed Work:

The proposed Deepfake Mask Detection System is developed using ensemble learning approach, i.e. a set of well-
performing pre-trained convolutional neural networks (CNNs) and a unique CNN architecture are used. The
system applies feature embedding of the pre-trained exception, ResNet 50 and VGG 19 models using the ImageNet
to extract dense features in the spatial connection which will be merged with the output of a light-weight special
designed CNN to produce an extensive feature representation. This combination adds the features which further
allows the model to detect other lightweight artifacts related to deepfake masks, thus making the model overall
more accurate. The final grouping is performed through fully connected dense layers that learn the most complex
mapping between the features concatenated.

A web-based interface, implemented using Flask and coupled with SQL.ite, offers user authentication and simple
interaction with the model, ensuring secure and efficient use during testing and deployment stages.

ii) System Architecture:

The overall architecture is composed of four parallel feature extraction branches:exception Model

. ResNet50 Model

. VGG19 Model

. Custom CNN Model

Each of the pretrained models is loaded without their top classification layers and accepts a common input image
resized to a fixed dimension. The outputs from these models are passed through global average pooling (for
exception, ResNet50, VGG19) and flattening (for the custom CNN) to obtain feature vectors. These vectors are

then concatenated into a single merged feature space.

Aseries of dense layers follow:

A 512-unit fully connected layer activated using ReLU.
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. A 256-unit dense layer with same activation function.

The final output layer applies a sigmoid activation, enabling binary classification to differentiate between real and
fake masks. The model is optimized using Adam and employs binary cross-entropy loss. Training is conducted
over multiple epochs utilizing both training and validation datasets for improved accuracy.

The SQLite database integration helps manage user authentication details for secured testing, while Flask provides

the web interface for interaction.
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Fig 1 Proposed Architecture

* Input Layer: Input images of shape (IMG_SIZE, IMG_SIZE, 3) are fed into the system.

+  Feature Extractors: exception, ResNet50, and VGG19 models are used for deep feature extraction without

their classification heads.

+  Custom CNN Branch: Alightweight CNN designed with convolutional and pooling layers extracts additional

features.

+  Feature Fusion: Global average pooled outputs and flattened custom CNN outputs are concatenated.

+  Classification Head: Dense layers refine the concatenated features and a final sigmoid layer performs binary

classification.
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iii) Dataset collection:

The dataset used for this project comprises images collected from publicly available deepfake mask
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detection datasets and real-world facial images. These datasets consist of both genuine and manipulated images,

capturing a wide range of forgery techniques, lighting conditions, resolutions, and facial poses.

Exploratory Data Analysis (EDA) is performed to examine the distribution of data, identify potential biases, and
evaluate image quality. Additionally, data augmentation strategies are implemented to enhance the dataset size

artificially, thereby strengthening the model’s ability to generalize effectively across different scenarios.

iv) Data Processing:

Data Preprocessing is a Vital stage, involving several steps:

Image Resizing: All images are resized to a uniform dimension compatible with pretrained models.
Normalization: Pixel values are normalized within the range of 0 to 1 to enhance stability during the training
process.

Label Encoding: Labels are converted into binary format (Labels are assigned as 0 for genuine masks and 1 for
counterfeit masks to distinguish between real and fake mask classifications.).

The dataset is partitioned into training, validation, and test sets following an 80:10:10 split, ensuring a well-

balanced approach for effective model assessment and performance evaluation.

Where the need may exist, noise removal tasks, image sharpening, and minor adjustments of contrast are
implemented in order to match the quality of images in the set.

V) Model Building:

The model is created based on several potent CNN architectures combined together:

. Pretrained Models: exception, ResNet50, and VGG19 are used without their fully connected layers

(include top=False) to act as feature extractors.

. Custom CNN Model: Designed to capture complementary features not picked up by large pretrained
models.
. Merging: Pooled outputs (average across the globe) of the custom CNN and flattened outputs of

custom CNN are concatenated.

. The model uses two dense layers to learn complex relationships of features and its final output node
is activated by a sigmoid produced by the model that enables a binary classification to two different categories.

It has the model setup with Adam optimizer, building the loss with binary cross-entropy and using accuracy as the
measurement. It is trained in different epochs of 16 with batch size of 16 using the validation set to monitor

performance to eliminate possible overfitting risks.

vi) Algorithms:

439



ISSN 2277-2685
IJESR/April-June. 2025/ VVol-15/Issue-2/434-445

Yamini M et. al., / International Journal of Engineering & Science Research

Convolutional Neural Networks (CNN):

CNNs are particularly useful to detect spatial hierarchies and patterns of the image data. Filters in each
convolutional layer help identify the necessary attributes of the picture, including edges, textures, and complex
structures, which is crucial in pinpointing deepfake artifacts.Exception:

A model based on convolutions that are depth wise separable, identified as computationally efficient yet still
having good performance in the task of image classification where their use can capture spatial features with
decreased complexity.

ResNet50:

A deep convolutional neural network (CNN) with residual connections that allows training, efficiently, extremely
deep neural networks and that helps to address the problems of vanishing gradients due to instabilities in the
training process and improves performance.

VGG19:

A simple and effective 19-layer sequential CNN that gained the reputation of the effective feature extraction CNN.

Custom CNN:

A customized CNN constructed expressly for mask artifacts peculiarities or with the aim of minimizing the

restricted artifacts found in the customized CNN will increase the model to detect minor signs of tampering.
Ensemble Approach:

Incorporation of feature outputs of various CNN networks aggregates the benefits of each network resulting in a
richer and stronger feature representation. This ensemble approach has a major contribution in enhancing
performance of the system compared to a single model.

4 EXPERIMENTAL RESULTS

Precision: Precision counts the proportion of exactly classified cases among those absolutely amazing.
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This leads towards written accuracy components as follows:

True Positive
True Positive+False Positive

Precision =

Classification Performance
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“Figure 5: Precision comparison graph”

Recall: In machine literacy, recall is a statistic that quantifies the model's ability towards comprehend all relevant
elucidations of a specific magnificence. It gives view into the efficacy of the model in determining the frequency
of a specific splendor & shows the maximum proportion of exactly expected strong observations which can endure

genuine positives through employing a long distance.
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Recall =

Accuracy: In a category task evaluating the general accuracy of version predictions, accuracy is the ratio of exact

forecasts.
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“Figure 2: Accuracy graph”
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F1 Score: The F1 score is a harmonious blend of delicacy & recollection that generates a balanced statistic, which

accounts considering all false negatives & false positives, making it appropriate considering records among
imbalances.

Recall X Precision

iD=t Recall + Precision -

00

TP+TN
TP+ FP+TN+FN

Accuracy =

Confusion Matrix

350
T 0 20 300
&
250
T
Q
5 - 200
(]
(=]
E
- 150
]
Y. 0 -100
e

-50

)
Real Fake
Predicted Label

“Figure 3: Performance Evaluation table”

5.CONCLUSION

The project taps on the sensitive concern of gasoline-related emissions by commercial entities with the aim of
lowering the level of pollution around them. Protection of the environment largely depends on the reduction of
emission (by industrial activities) which is the significant source of air pollution and global warming. Another
important aspect is the capability of hyperspectral imagery to identify fuel leakages which allows one to identify
these harmful gases using methods such as Spectral Angle Mapper (SAM). SAM helps in comparison of spectral
signatures with correct gas emissions when comparing hyperspectral-image pixels to established gas fingerprints.
The design of the system has also integrated a highly detailed personal data report plan that entails a precise
collecting data mechanism and an active management of data. Also, the project is based on the use of a wide range
of datasets, including datasets with recordings.

The leakage of methane and sulfur and enhance the training base of the model thus facilitating in developing
robust models.

The experiments indicate the great level of effectiveness of deep learning methods, especially when determining
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the detection of environmental gases. Deep learning facilitates the automatic extraction of features of hyperspectral
data that can lead to a great increase in the accuracy of detecting dangerous gases. The project suggests the use of
a hybrid CNN-BiGRU network, which shows excellent results with almost 100 percent of detection. The proposed
integrated model combines the advantages of spatial feature extraction efficiency of Convolutional Neural
Networks (CNNs) and sequential learning of Bidirectional Gated Recurrent Units (BiGRU) resulting in higher
stability and predictive accuracy in combination with complex data processing tasks.

Additionally, the convenience of performance examination and engagement with the system is taken care of by
integrating a user-friendly Flask interface. It highlights the functionality of the project, as it is easy to use yet
provides safety and high-security measures on data and verification possibilities. Concentration on the user
friendliness and the strong beliefs of the reliance on system reveals the intent of the project to be committed to the

real-life usage and the proficient supervision of the environmental issues.

6. FUTURE SCOPE

The flexibility of the proposed system consists in the ability to adapt it to different types of gases by tuning
parameters and thus it can be used in many gas detection tasks. In future, it would be possible to work on the
increase of detection accuracy and achievable computational efficiency through the examination of alternative
distance measurement metrics and optimization methods.

Increases in the industrial, environmental and safety-related applications of the model are additional ways to
increase its practical applicability. It is also possible to integrate unmanned aerial vehicles (UAVS) that would
make it possible to monitor gas emissions in a remote area over extended and more varied geographical areas. This
would widen the range of the model into those environments that are inaccessible or too dangerous and give a full

picture regarding the air quality as well as assist the environmental protection program in many parts of the world.
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