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1. INTRODUCTION 

The COVID-19 pandemic, declared in March 2020, 

has necessitated the use of face masks to prevent virus 

transmission. Despite the easing of mask mandates, 

the resurgence of infectious diseases underscores the 

need for automated face mask detection systems. This 

study aims to develop a real-time face mask detection 

system using deep learning techniques. Face masks 

are an essential tool for reducing the chance of 

COVID-19 transmission. Even though face masks are 

no longer mandatory as the situation and vaccination 

rates rise, it is crucial to be aware of the future 

pandemic and resurgence of infectious diseases 

(Tabish, 2020). Therefore, an automated system for 

face mask detection is essential for future use. 

Monitoring compliance with mask-wearing 

guidelines in public spaces is challenging and 

resource-intensive (Tabish, 2020). 
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An automated system can alleviate the burden on 

human resources and ensure consistent enforcement 

of mask-wearing protocols (Curtis et al., 2022). 

Machine learning or deep learning techniques can 

help develop automated face mask detection systems 

(Kumar et al., 2022). These systems use cameras and 

image processing algorithms to identify the 

appearance of the face mask. Wearing a face mask 

indoors would no longer be required, but it would still 

be needed for all healthcare facilities, on public 

transportation, and for people who are positive for 

COVID-19. 

There are still people who are infected with COVID-

19, and there are also new COVID-19 variants that 

are rapidly spreading in China, such as BA.5.2 and 

BF.7, an Omicron sub-variant that had infected many 

people, by the 31st of December 2022 in Indonesia 

and other countries (Tallei et al., 2023). Respiratory 

infections are not new; apart from COVID-19, other 

respiratory diseases require the use of a face mask, 

such as Influenza H5N1 and H1N1. The third most 

frequent cause of mortality is lower respiratory tract 

infections, which are also the most prevalent 

infectious cause of death. Therefore, we must 

recognize the prediction of additional pandemics in 

the future and develop a system that can effectively 

identify face masks for the foreseeable future to play 

a critical role in respiratory infection control, 

especially in public places where social distancing is 

not always possible (Jewell et al., 2020). 

Abstract: 
The COVID-19 pandemic has highlighted the critical need for face masks to prevent virus transmission. Ensuring consistent mask 

usage in crowded public spaces remains a challenge, especially with manual monitoring methods that are inefficient and prone to 

error. To address this, this research introduces a real-time face mask detection system leveraging MobileNet-V2, a lightweight and 

efficient deep learning model known for its high performance in image classification tasks. The system utilizes a dataset from 

Kaggle comprising 11,792 images, divided into training (10,000), validation (800), and testing (992) sets. MobileNet-V2 was fine-

tuned for this task, using its inverted residual layers to extract features and enhance performance effectively. Data augmentation 

techniques were applied to improve the model’s ability to generalize across diverse scenarios. The MobileNet-V2 model achieved 

an impressive 98.69% accuracy on the testing dataset, demonstrating exceptional reliability in identifying individuals wearing 

masks versus those without. Standard evaluation metrics, including precision, recall, and a confusion matrix, confirmed its 

robustness. This system’s ability to operate in real-time makes it ideal for public health surveillance in environments such as 

airports, shopping malls, and public transport. The proposed face mask detection system is both accurate and scalable, offering an 

efficient solution for enforcing mask-wearing protocols in public spaces. The system’s integration of advanced deep learning 

techniques ensures its reliability in real-time monitoring, contributing to better public health management. Future work will focus 

on further optimizing the model and expanding its application to other health-related monitoring tasks, enhancing its value for 

public health surveillance.  
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Numerous studies have explored the application of 

deep learning techniques, particularly Convolutional 

Neural Networks (CNNs), to address the need for 

automated face mask detection. These methods have 

proven highly effective in image classification tasks, 

making them ideal for identifying the presence of face 

masks in images or video streams. The literature 

provides a range of approaches that focus on 

optimizing accuracy, computational efficiency, and 

real-time processing. 

A significant contribution to this field is the use of 

MobileNet-V2, a lightweight CNN architecture 

designed for mobile and embedded vision 

applications. Its inverted residual layers and linear 

bottleneck enhance its performance while 

maintaining low computational costs, making it 

suitable for real-time face mask detection on 

resource-constrained devices. A study by Loey et al. 

(2021) demonstrated the effectiveness of MobileNet-

V2 in a face mask detection system, achieving high 

accuracy with minimal computational overhead and 

making it deployable in real-world environments 

such as public spaces and healthcare facilities. 

Other deep learning models, such as VGG16, 

ResNet50, and InceptionV3, have also been used in 

face mask detection, but these models typically 

require more processing power and are less suited to 

real-time applications (Nyarko et al., 2022). 

MobileNet-V2's architecture, specifically optimized 

for speed and efficiency, outperforms these models 

when considering the balance between accuracy and 

real-time performance. 

Furthermore, data augmentation techniques are 

commonly used in deep learning models to enhance 

robustness. Methods such as image rotation, flipping, 

and zooming help improve the model's ability to 

generalize across diverse environments, ensuring 

high detection accuracy even in varied lighting or 

occlusion conditions (Kumar et al., 2020). 

These studies highlight the growing importance of 

deep learning in developing automated face mask 

detection systems, particularly in the context of future 

pandemics and respiratory infection control. By 

leveraging state-of-the-art models like MobileNet-

V2, these systems can ensure efficient, accurate, and 

real-time monitoring of mask compliance in public 

spaces. 

MobileNetV2 

This research presents a deep-learning approach 

using a Convolutional Neural Network (CNN) and 

the pre-trained MobileNet-V2 model. The CNN 

model is trained on a dataset consisting of images of 

individuals with and without masks. 

MobileNetV2 Due to its lightweight architecture, 

MobileNet-V2 is a pre-trained deep-learning model 

designed for mobile and embedded vision 

applications, which was proposed by Sandler et al. 

(2018). The primary modifications in the MobileNet-

V2 architecture involved the adoption of inverted 

bottleneck blocks and the incorporation of residual 

connections. These changes improved the model’s 

efficiency and performance for mobile and embedded 

device applications (Dong et al., 2020). 

The MobileNet-V2 model consists of 53 layers. The 

architecture starts with a standard 3x3 convolutional 

layer having 32 channels, followed by 17 bottleneck 

blocks, each employing the specified channel 

expansion rate, number of output channels, and stride 

(Anditto et al., 2022). The network concludes with a 

regular 1x1 convolutional layer. A global average 

pooling layer is applied for classification, and then 

predictions are made using the classification layer. 

 

2. MATERIAL AND METHOD 

The research framework involves preliminary 

studies, literature review, data acquisition, model 

development, prototype design, and testing. The 

dataset was acquired from Kaggle by Ashish (2020). 

It consists of images categorized into two classes: 

“withMask” and “withoutMask” on the link 

https://www.kaggle.com/datasets/ashishjangra27/fac

e-mask-12k-images-dataset/data.  

Data Acquisition 

The dataset comprises a total of 11,792 images 

divided into three directories: training, validation, and 

testing. The training directory contains 10,000 

images, with 5,000 images of people wearing masks 

and 5,000 images of people not wearing masks. The 

validation directory includes 800 images, with 400 

images of people wearing masks and 400 images of 

people not wearing masks. The testing directory 

contains 992 images, with 509 images of people 

wearing masks and 483 images of people not wearing 

masks. 

Data Pre-processing and Data Augmentation 

The raw images were accessed from the dataset and 

stored in local folders. All images were standardized 

to a resolution of 256x256 pixels to ensure 

consistency and compatibility with the deep learning 

models. Next, data augmentation in Python code is 

shown in Figure 1. 
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Figure 1. Data Augmentation 

Based on Figure 1, Data Augmentation plays a critical 

role in enhancing the performance of deep learning 

models, especially in tasks like face mask detection, 

where the variability in real-world data is high. Data 

augmentation involves applying various 

transformations to the original dataset to increase its 

size and diversity artificially. This makes the model 

more robust and better able to generalize to new, 

unseen data. In the context of face mask detection, 

data augmentation can help the model learn to 

recognize masks in different conditions, such as 

variations in lighting, angles, face orientations, and 

occlusions. 

The sample image was displayed in Figure 2, 

WithMask and WithoutMask.  

 

Figure 2. The sample image was WithMask and WithoutMask 
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The categorical terms “with mask” and 

“without mask” were transformed into numerical 

formats for model training. “with mask” was labeled 

as 0, and “without mask” was labeled as 1. 

Various transformations were applied to the images 

to create additional variations and improve model 

generalization. These transformations included 

rescaling, rotation, horizontal and vertical flipping, 

and random rotation.  

Model Development 

The MobileNetV2 model is a lightweight architecture 

well-suited for mobile and embedded vision tasks, 

offering fast and efficient computation without 

sacrificing too much accuracy. By loading the model 

with pre-trained weights from ImageNet, the code 

leverages the model's knowledge, which has already 

been trained on a vast and diverse dataset. This allows 

for faster convergence during training and better 

initial performance, mainly when the available 

dataset for the task is limited.  

Additionally, the model is initialized with the 

parameter include_top=False, which removes the 

fully connected classification layers at the top of the 

pre-trained model. This is a common practice when 

fine-tuning a pre-trained model for a specific task that 

requires a different set of output classes than the 

original ImageNet task, which contains 1,000 classes. 

In this setup, the user would likely add their task-

specific classification layers, such as binary or 

multiclass classification heads, depending on the 

problem at hand, as shown in Figure 3. 

 

Figure 3. The MobileNetV2 model 

Based on Figure 3, to further optimize the training 

process, the pre-trained layers in MobileNetV2 are set 

to be non-trainable by freezing them with the 

command layer.trainable = False. This ensures that 

the pre-learned weights from the ImageNet dataset 

are not updated during training, allowing the model to 

retain the valuable features learned from that dataset, 

such as edge detection, patterns, and textures. 

Freezing the layers helps reduce the computational 

requirements and training time, as only the new 

custom layers added on top will be updated during the 

learning process. This technique is particularly 

effective when the dataset is smaller or when time and 

computational resources are limited, helping to avoid 

overfitting. 

The model downloads the pre-trained weights from 

TensorFlow's storage. This is a standard step when 

using pre-trained models, ensuring that the necessary 

weights are available for transfer learning. Overall, 

the setup optimizes fast, efficient training by 

leveraging transfer learning, making it highly 

effective for tasks such as face mask detection, 

wherereal-time performance and accuracy are 

critical. By using MobileNetV2, the model achieves 

a balance between computational efficiency and firm 

performance, particularly in scenarios where high-

speed inference is essential. 

 

3. RESULT AND DISCUSSION 

The experimental findings from the MobileNet-V2 

model were evaluated using the same training and 

validation sets. The test set was used to assess the 

model’s performance. The experimental results play 

a critical role in guiding the decision on the most 

suitable model for face mask detection. 

MobileNetV2 Results 

The training log presented shows the performance of 

a deep learning model across five epochs, providing 

valuable insights into its learning behavior. The 

model demonstrates steady improvement in both 

training and validation accuracy throughout the 

epochs. In the first epoch, the training accuracy starts 

at 64.14%, which progressively increases to 98.65% 

by the fifth epoch. Similarly, the validation accuracy 

improves from 94.38% in the first epoch to 98.62% 
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in the fifth epoch. These results suggest that the 

model is learning effectively and is generalizing well 

to the validation dataset. 

In terms of loss, the training loss begins at 3.3110 in 

the first epoch and decreases to 0.0392 by the fifth 

epoch. This steady decline in training loss indicates 

that the model is successfully minimizing its errors 

during training. The validation loss follows a similar 

pattern, starting at 0.4011 and reducing to 0.0356 by 

the end of the fifth epoch. The combination of 

decreasing loss and increasing accuracy shows that 

the model is effectively learning the underlying 

patterns in the data, as shown in Figure 4 and Figure 

5. 

 

Figure 4. The training MobileNetV2 model 

 

 
Figure 5. The training and validation accuracy and loss 

The high validation accuracy, which is very close to 

the training accuracy, suggests that the model is not 

overfitting despite the rapid learning progress. This is 

a positive sign, as it indicates that the model is not just 

memorizing the training data but is able to generalize 

well to unseen validation data. However, the 

consistently high performance in such a short number 

of epochs might raise some concerns about potential 

overfitting, mainly if the dataset size is small. 

To ensure the model’s robustness, a few precautions 

could be considered. Implementing early stopping 

would allow the training process to halt once the 

validation performance stops improving, preventing 

unnecessary training and reducing the risk of 

overfitting. Additionally, the use of regularization 

techniques such as dropout could further mitigate the 

risk of overfitting. Another potential improvement 

would be adjusting the learning rate. Given the rapid 

convergence observed, lowering the learning rate and 

training for more epochs might help the model learn 

more effectively from the data and refine its feature 

extraction process. 

The model exhibits strong performance, with both 

training and validation accuracy exceeding 98% by 

the fifth epoch. While the results are promising, 

further fine-tuning and monitoring for overfitting 

would help ensure that the model remains robust and 

performs well in real-world applications. 
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4. CONCLUSION 

The research successfully developed a high-accuracy 

face mask detection system using the MobileNet-V2 

model. The model achieved impressive results, 

showing that the model is learning effectively and 

minimizing errors, making it the most suitable choice 

for real-time face mask detection applications. The 

dataset used for training and testing was well-

structured and comprehensive, providing a balanced 

representation of individuals with and without masks. 

The pre-processing steps ensured that the data was in 

a suitable format for training the deep learning 

models, contributing to the high accuracy achieved by 

the MobileNet-V2 model. 

This consistent improvement in accuracy and the low 

final loss values highlight that the MobileNetV2 

model is well-suited for the task of real-time face 

mask detection. Its ability to achieve such high 

accuracy in a short training period suggests it can 

perform well in real-world environments. The 

model's balanced performance across training and 

validation datasets indicates that it is not overfitting, 

making it a reliable tool for ensuring mask 

compliance in public spaces. 

The MobileNetV2 model proves to be a robust and 

scalable solution for face mask detection, providing 

high accuracy and efficiency and the potential for 

real-time deployment in health monitoring systems. 
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