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ABSTRACT

The enforcement of protective measures, such as wearing face masks,
has become essential in mitigating the spread of airborne diseases.
Traditional methods of monitoring compliance can be labor-intensive
and inefficient, leading to the need for automated solutions. Artificial
intelligence (AI) and machine learning (ML) have emerged as
effective tools for real-time face mask detection, improving
efficiency and accuracy in public safety enforcement. This study
presents the development and deployment of an intelligent system
that utilizes deep learning techniques for mask detection in various
environmental conditions. The proposed model is trained on diverse
datasets, ensuring robustness against variations in lighting, occlusion,
and mask types. By integrating convolutional neural networks
(CNNs) and computer vision, the system accurately classifies
individuals as masked or unmasked in real-time video streams. The
research discusses model architecture, data pre-processing, and
implementation strategies while addressing key challenges such as
false detections and performance optimization. The findings
demonstrate the potential of Al-driven surveillance systems in
promoting adherence to health regulations, reducing manual
monitoring efforts, and enhancing public safety. Future
advancements may focus on improving accuracy, optimizing
computational efficiency, and integrating additional features such as
thermal screening and voice alerts for broader applications.
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COVID-19, caused by the SARS-CoV-2 virus, was
first detected in December 2019 in Wuhan, China.
Given its high transmission rate through respiratory
droplets, the World Health Organization (WHO)
declared it a pandemic on March 11, 2020. Wearing
face masks has been identified as an effective
measure in reducing viral transmission. However,
manual enforcement of mask-wearing policies is
challenging [1]. To address this, Al and ML-based
face mask detection systems have been developed to
ensure compliance in public spaces [2-3]. This paper
aims to present an in-depth analysis of Al-based face
mask detection, its methodologies, challenges, and
future prospects. The COVID-19 pandemic has
forced the installation of numerous preventive
measures, with the use of face masks being a critical

preventive technique [4-7. Deep learning approaches
have emerged in recent years as promising tools for
automating face mask identification, hence improving
mask-wearing protocol enforcement [8-10].

Face mask detection systems have become
increasingly important in ensuring public health and
safety [6]. With the rise of contagious diseases and
the need for preventive measures, such as wearing
face masks, automated systems that can detect and
identify individuals not wearing masks have gained
significant attention [2, 7, 11-12]. These systems
leverage computer vision and deep learning
techniques to analyze video streams and provide real-
time alerts when mask non-compliance is detected. In
this project, we develop a realtime face mask
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detection system using deep learning algorithms to
contribute to maintaining a safe and healthy
environment [11, 13-15]. Considering the covid-19
outbreak, the best project to work on python, in Fig. 1
Show the Face with and without face mask.

Fig. 1 Face with and without face mask

Today everyone is aware of taking precaution and
safety measures regarding covid-19, so face mask
detection will play a huge role to avoid corona virus
[16]. This project helps us to spread the awareness
among people using face mask properly [17]. It
detects the face mask on your face whether the person
is hiding his/her face by mask or not. It also check the
face mask is properly cover your face both nose and
mouth. This is so helpful when there is a gathering of
people it helps in detecting people in a real time
aspect which is more helpful in a screening process of
any event [18-19].

Its great spreading potential, pathogenicity, and
mortality, coronavirus (COVID-19) discovered on 31
December 2019, in Wuhan, China, has spread over
the globe. COVID-19 is caused by SARS-CoV-2, a
coronavirus that infects host cells through receptor-
mediated endocytosis in  conjunction  with
angiotensin-converting enzyme II (ACE2) [I].
COVID-19 transmits from person to person through
virus-carrying respiratory droplets expelled by
infected individuals when they speak, cough, sneeze
or exhale [4]. People nearby may inhale these
droplets, and/or these can fall on bodies/surfaces that
another person may touch, and subsequently become
infected by touching their mouth, nose, and eyes
[5,6]. SARS-CoV has a basic reproduction number of
3.28 (1.4 to 6.49), which is higher than WHO
predictions of 1.4 to 2.5, meaning that an infected
person can infect about 3 to 4 persons in a vulnerable
population [6].

2. Literature Review

The adoption of Al in healthcare has seen rapid
growth, especially in pandemic management. Several
studies have explored computer vision techniques for
face mask detection. Researchers have utilized deep
learning models such as Convolutional Neural
Networks (CNNs) and MobileNetV2 to improve
detection accuracy. Open-source datasets, including

the RMFD (Real-World Masked Face Dataset) and
Kaggle datasets, have been extensively used for
training models [8, 20-21]. Despite these
advancements, challenges such as occlusion,
variations in lighting conditions and false detections
persist [14]. This section discusses previous research
findings and highlights the gaps in current
methodologies. The table 1 represent a performance
metrics of different deep learning models.

The adoption of artificial intelligence in healthcare
has seen rapid growth, especially in pandemic
management. Several studies have explored computer
vision techniques for face mask detection.
Researchers have utilized deep learning models such
as Convolutional Neural Networks (CNNs),
MobileNetV2, VGG16, and ResNet50 to improve
detection accuracy [1-2]. Open-source datasets,
including the Real-World Masked Face Dataset
(RMFD) and Kaggle datasets, have been extensively
used for training models.

A. Face Mask Detection Techniques

Different approaches have been used for face mask
detection, ranging from traditional image processing
techniques to advanced deep learning frameworks.
Early models relied on handcrafted features such as
edge detection and color-based segmentation, but
these methods lacked robustness under varying
lighting and occlusion conditions. More recent
techniques leverage deep learning-based object
detection models like YOLO (You Only Look Once)
and Faster R-CNN for real-time mask detection with
high accuracy [14].

B. Comparative Analysis of Deep Learning
Models

MobileNetV2 has gained popularity due to its
lightweight architecture, making it suitable for real-
time applications. ResNet50, on the other hand, has
shown higher accuracy in complex scenarios but
requires more computational resources. VGG16 and
InceptionV3 have also been tested for mask detection,
with varying results depending on dataset size and
augmentation techniques. Studies suggest that
combining multiple models or using ensemble
learning can further enhance accuracy [1].

C. Challenges in Face Mask Detection
Despite advancements, face mask detection faces
challenges such as:

» Occlusion and Partial Visibility: People
wearing scarves, face shields, or incorrectly worn
masks can lead to misclassification.

» Variability in Mask Types: Different colors,
textures, and patterns of masks affect detection
accuracy.
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» Low-Resolution and Poor Lighting: > Real-Time Processing Constraints: High
Surveillance footage in dim-lit environments computational requirements limit deployment on
reduces the efficiency of deep learning models. low-power edge devices.

D. Ethical Considerations and Privacy Concerns

Implementing Al-based face mask detection in public places raises concerns regarding individual privacy and
data security. Various regulatory bodies, including the General Data Protection Regulation (GDPR), emphasize
the need for ethical Al applications in surveillance. Future studies aim to integrate privacy-preserving Al
techniques, such as federated learning, to enhance security while maintaining model efficiency.

Table 1: Performance Metrics of Different Deep Learning Models
Model Precision (%) Recall (%) F1-Score (%) Accuracy (%)

MobileNetV2 95.2 94.8 95.0 95.5
VGG16 93.4 92.7 93.0 94.1
ResNet50 96.1 95.5 95.8 96.3
InceptionV3 94.8 94.1 94.4 95.0

3. Methodology

The development of a real-time face mask detection system involves multiple stages, including data collection,
pre-processing, model training, and real-time implementation [8]. Table 2: Comparison of Accuracy in Various
Environmental Conditions.

» Dataset Collection: The model is trained using labeled datasets containing images of individuals with and
without masks.

Pre-processing: Images undergo resizing, normalization, and augmentation to enhance model robustness.
Face Detection: A pre-trained MobileNetV2 model is used to detect faces from images or video streams.
Mask Classification: A deep learning model, trained using TensorFlow and Keras, classifies detected faces
as masked or unmasked.

Real-time Deployment: The system is integrated with OpenCV for live video stream analysis.

Table 2: Comparison of Accuracy in Various Environmental Conditions
Environmental Condition Accuracy (%)

YV VVYVY

Well-lit Indoor 97.5
Dim-lit Indoor 90.2
Outdoor Daylight 94.8
Outdoor Night 88.6
Crowded Environment 85.4
Mask Variations 92.1
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Fig.2 Comparison of Accuracy in Various Environmental Conditions

4. Face mask detection technologies

A. Traditional Methods

Prior to the introduction of deep learning, face mask identification depended mostly on traditional computer
vision techniques such as image processing and machine learning algorithms. While useful, these systems
frequently faced limitations in terms of accuracy and applicability to a variety of settings.
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B. Deep learning methodologies

Deep learning models, particularly convolutional neural networks (CNNs), have demonstrated outstanding
performance in a variety of computer vision applications, including face mask identification. This section
discusses well-known deep learning architectures used in face mask detection, including YOLO (You Only Look
Once), Faster R-CNN (Region-based Convolutional Neural Network), and MobileNet.

C. Deep learning-based model

This study offers a strong deep learning-based model for detecting masks on faces in public spaces, with the
primary goal of reducing Coronavirus community propagation. The suggested model overcomes the obstacles
given by dense circumstances and different occlusions by using an ensemble of single and two-stage detectors.
The use of bounding box affine transformation and the judicious use of transfer learning techniques both make
significant contributions to the model's efficiency. The presented deep learning-based model, with its ensemble
approach, occlusion handling strategies, bounding box affine transformation, and the judicious use of transfer
learning, proves to be a highly efficient tool for face mask detection in public spaces. The adaptability to varying
scenarios positions the model as a valuable contribution to the efforts aimed at reducing the risk of virus
transmission in densely populated environments.

5. System development

It is proposed to design a system that is capable of identifying a person’s face, even if it is with or without a
mask. For the system to work properly, it is necessary to use two databases: the first is for classifier training and
consists of a large number of images of people who wear a face mask and others who do not. The second is used
for training the facial recognition system, and here there are people with and without the biosafety material (face
mask). The input data are obtained either from an image, or a video and the architecture used is MobileNet, with
the aim of having a better precision and robustness. The Fig. 3 shows the process of detection of Mask phases.
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Fig.3: Process of detection of Mask phases

First Stage: This stage focuses on finding the location and dimension of one or more faces, regardless of
whether or not they wear a mask, within an image. For this, the OpenCV Deep Learning-based face detection
model is used and, as a result, the region of interest (ROI) is obtained, which contains data such as the location,
width, and height of the face.

Second Stage: This is where the classifier training is performed to detect faces with a mask and without a mask.
For this, the “Real-World-Masked-Face-Dataset” database available on Git-Hub is used. Unzipping the files
makes available a large number of images of people of Asian origin wearing a mask. From this database, the
training of the classifier of the first stage is carried out.

6. Results and Discussion

The trained model demonstrated an accuracy of over 95% in detecting masked and unmasked faces under
controlled conditions. However, challenges such as false positives due to face occlusions and varying
environmental conditions were observed. Performance was evaluated based on precision, recall, and F1-score
metrics. Comparisons with existing face recognition technologies highlighted the advantages of deep learning in
real-time detection. The results indicate the feasibility of implementing Al-driven mask detection in public
spaces for safety enforcement.

@ IJTSRD | Unique Paper ID —IJTSRD78359 | Volume-9 | Issue—2 | Mar-Apr 2025 Page 476



International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN: 2456-6470

A. Experimental setup

Diverse and representative datasets are required to train and assess deep learning models. This section addresses
existing face mask detection datasets, their properties, and the issues associated with dataset diversity and bias.
The experiment is set up by loading different pre-trained models using the Torch Vision package
(https://github.com/pytorch/vision). These models are fine-tuned on our dataset using the open-source Caffe
Python library. We choose our customized unbiased dataset with 5600 images available online at
https://www .kaggle.com/mrviswamitrakaushik/facedatahybrid.

B. Importing the libraries for experiment

This module is used for importing the required libraries for the neural network model. We made use of various
libraries such as Panda library is used for providing high-performance, easy-to-use data structures and data
analysis, NumPy for mathematical and logical operations on arrays can be performed, Keras is designed to
enable fast experimentation with deep neural networks, it focuses on being user-friendly, modular, and
extensible, and many more.

C. Loading Training, Validating, and Testing Data

This module loads training, testing and validation dataset for testing the model. Training data is the actual
dataset that we use to train the model. The neural network model “observes” and “learns” own its own from the
training data. Testing data is the sample of data that is used to provide an unbiased evaluation of the best final
model on the training dataset. Validation data is the sample data that is used to provide an unbiased evaluation of
amodel on the training data while tuning model hyper parameters. The evaluation becomes more biased on the
validation dataset is incorporated into the model configuration. The training network successfully found 5600
train images which belonged to 2 types of human face for with-mask and without-mask. Fig. 4 represents the
result of face mask detections.

Training and Validation Loss

—&— train_loss
—e— val_loss

0.0 2.5 5.0 75 10.0 125 15.0 17.5
Epoch

Fig. 4 Result for training and validation loss

From the Fig.4, we can see a graph depicting Training and Validation Loss over multiple epochs. The x-axis
represents the number of epochs, while the y-axis represents the loss values. There are two lines:

» Green Line (train_loss): Represents the loss during training.

» Black Line (val_loss): Represents the loss on the validation dataset.

Table 3: Results for Face mask detection

Epoch Tr;j::;lsng ValIIJ((l)le:mn Explanation

0 ~0.09 ~0.04 High initial loss, as the model has just started training.
Training loss decreases, but validation loss slightly increases,

2 ~0.07 ~0.05 . i
possibly due to early model adjustments.

4 ~0.065 ~0.038 Both losses decrease, indicating the model is learning effectively.

6 ~0.06 ~0.035 Consistent decline in loss values, showing improved generalization.

3 ~0.05 ~0.04 Shght' fluctuation in validation loss, which is normal due to batch
variation.

10 ~0.045 ~0.033 Model continues to improve, with both training and validation loss
decreasing.
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12 ~0.04 ~0.031 Loss values stabilize, indicating effective learning.

14 ~0.038 ~0.03 Model is close to convergence, as losses are minimal.

16 ~0.035 ~0.028 Minor fluctuations in training loss, but overall downward trend.

13 ~0.032 ~0.027 Model has }earned well, with very low loss, indicating good
generalization.

Result analysis: The table and the diagram illustrate the training and validation loss trends over multiple epochs
for a face mask detection model. Initially, the training loss starts high (~0.09) and rapidly decreases as the model
learns key features. The validation loss, though lower initially (~0.04), fluctuates slightly but follows a
downward trend, indicating that the model is generalizing well. Around epoch 10, both losses stabilize,
suggesting that the model has learned efficiently without over fitting. The fluctuations in validation loss are
common due to variations in batch data, but the overall downward trend confirms that the model improves with
training. By the final epochs, training loss (~0.032) and validation loss (~0.027) are low, indicating strong model
performance with minimal error. This suggests that the face mask detection system is well-trained and capable of

accurate real-world predictions.

7. Conclusion

The implementation of an AI-ML-based face mask
detection system demonstrates the effectiveness of
deep learning models in real-time classification tasks.
The study highlights the importance of automated
monitoring solutions in ensuring compliance with
mask mandates, especially in public spaces. Through
extensive experimentation, the chosen deep learning
models achieved high accuracy, with MobileNetV?2
and ResNet50 performing particularly well. The
training and validation loss trends indicate successful
model learning with minimal overfitting, ensuring
reliable detection across various environmental
conditions. Despite minor challenges such as
variations in lighting and mask types, the system
proves to be robust and efficient. Future
enhancements could focus on optimizing the model
for edge computing, improving accuracy in complex
scenarios, and integrating multi-modal recognition
techniques. Al-driven face mask detection holds great
potential for public health applications, contributing
to safer environments during pandemics and beyond.
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