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1. Introduction  
In 2019, the COVID-19 Coronavirus outbreak was discovered for the first time in Wuhan, China. 

Since then, it has spread across the globe and mutated into the fifth pandemic recorded since the 1918 
influenza pandemic. Almost 200 million people were infected with the COVID-19 virus, resulting in 
over 4.6 million deaths. This happened approximately two years after the initial discovery of the COVID-
19 virus. The actions taken to get rid of the virus were directly responsible for how quickly things got 
worse in Wuhan. China was documenting dozens of new cases every day at the start of the outbreak, but 
by the end of March, that number had dropped to a few dozen. On the other hand, the number of 
reported cases in Europe increased significantly each day, with Italy reporting more than 250 fatalities 
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 Object detection system in light of deep learning have been monstrously 
effective in complex item identification task images and have shown likely 
in an extensive variety of genuine applications counting the Coronavirus 
pandemic. Ensuring and enforcing the proper use of face masks is one of 
the main obstacles in containing and reducing the spread of the infection 
among the population. This paper aims to find out how the urban 
population of a megacity uses facial masks correctly. Using YOLOv3 and 
YOLOv5, we trained and validated a brand-new dataset to identify images 
as "with mask", "without mask", and "mask not in position". In the 
YOLOv3 we carried out three pre-trained models which are: YOLOv3, 
YOLOv3-tiny, and SPP-YOLOv3. In addition, we utilized five pre-trained 
models in the YOLOv5: YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l, and 
YOLOv5x. The dataset is included 6550 pictures with three classes. On 
mAP, the dataset achieved a commendable 95% performance accuracy. 
This research can be used to monitor the proper use of face masks in various 
public spaces through automated scanning. 
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daily. Due to this, the World Health Organization (WHO) determined on March 13 that Europe had 
become the epicentre of the pandemic. On the same day, the United States of America announced an 
emergency declaration in their state.  

As a result of the pandemic, many countries and regions around the world have put in place strict 
safety measures. Among the measures adopted [1] were the re-establishment of social distance, the usage 
of face masks, tour regulations, and hand-washing instructions. Researchers concluded that a vaccine 
would be necessary to prevent the pandemic because such tactics were only expected to slow the virus's 
spread. People maintained their social distancing strategies by remaining at home, avoiding crowded 
venues, employing no-touch greetings, and physically isolating themselves from others [2]. During the 
epidemic, a number of countries made it illegal to be alone and put limits on it. On the other hand, just 
wearing a face mask wasn't enough to protect against the virus. As the disease spread through droplets, 
however, people started to use masks correctly [3]. 

Machine learning and artificial intelligence have proven to be invaluable tools and resources in the 
fight against the virus [4]. Identifying the patients and comprehending the nature of the virus posed one 
of the greatest obstacles in the fight against the virus's spread. Here is where machine learning and 
artificial intelligence stepped in. In addition, machine learning algorithms had a substantial impact on 
the tracking down of infected individuals' contacts, the prediction and forecasting of the infection rate, 
and the investigation into the development of novel treatments for the Covid-19 pandemic [5]. Even if 
some of the necessary systems were already in place, the development of additional systems was still 
necessary. Creating models that employ a person or object detection has never been straightforward. 
Using YOLO to automatically detect humans in thermal photographs was already a reality [6]. By 
utilising Cascade R-CNN [7], it was already possible to execute high-quality object detection on both 
generic and specialised datasets. YOLO is superior in its ability to recognise both facemasks and human 
faces, and it is also advantageous in detecting whether Social Distancing rules have been broken [8]. 
However, since 2020, when the epidemic first appeared, the amount of effort spent conducting research 
on mask detection using machine learning algorithms has expanded significantly. A technique known as 
YOLOASC has been introduced, which enables the detection of objects in real-time with improved 
precision even in the lack of a background [9]. YOLO could also be improved in terms of its capacity to 
predict the absolute distance of objects using just information acquired from a monocular camera 
running at 45 frames per second [10]. The Viola-Jones system was also proficient at identifying human 
faces. The distance between individuals was measured [11] in order to assess whether or not people 
maintain their social distance. Edge-AI algorithm was proposed to provide technology-based solutions 
for detecting mask wear in moving human objects, which might be applied not only during pandemics 
but also to societal and healthcare system-wide issues [12]. Edge-AI algorithm was presented to develop 
technology-based methods for identifying the use of masks by moving human objects. The Cascade 
VGGCOV19-NET design not only enhanced the previously known automatic detection of COVID-19 
instances from X-ray images but also recognised the use of masks and social distancing [13]. Six versions 
of the YOLO object identification method (YOLOv3, YOLOv3-tiny, YOLOv4, YOLOv4-tiny, 
YOLOv5x, and YOLOv5s) have been tried for real-time bunch detection and counting in grapes [14]. 
In thermographic photographs of the human face, YOLO was also used to identify the areas of interest 
(ROIs) with the greatest temperatures [15]. This was performed in order to determine the types of 
human febrile states. 
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However, one of the primary issues of working with machine learning algorithms is that in order to 
train the machine, an enormous amount of data is required. This is one of the major drawbacks of 
working with machine learning algorithms. In this particular scenario, the data may consist of video 
footage of people wearing or not wearing masks. Putting together the dataset was the most difficult 
aspect of our research. We collected hundreds of real-world data in order to compile our dataset. We 
focused more emphasis on the quality of the dataset than on constructing new machine learning models 
because these models already exist, and the quality of the dataset is what determines the accuracy of the 
end outcome. Our research is unique because we did not only identify masked and unmasked individuals, 
but also the accurate application of face masks. This means that our technology can also determine if a 
person is wearing a mask properly. YOLOv3 has been utilised with three pre-trained models: YOLOv3-
SPP, YOLOv3, and YOLOv3-tiny. In addition, the YOLOv5 model is employed alongside its five pre-
trained variants: YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x. 

The introduction comprises the first part of the paper and provides a concise outline of the history 
of Covid-19, its severity, and the challenges that the globe is experiencing as a result. Following this is 
a summary of our work and an explanation of its significance. It also addresses the solutions and processes 
that were implemented to overcome the situation, as well as the impact that machine learning and 
artificial intelligence, which were utilized for this project, had on it. Moreover, it describes how the 
incident was addressed. The literature review part contains essential information regarding prior research 
on this topic. Following the part in the literature review, you will discover information on the dataset 
and method, followed by the results and conclusions, which will summarise the entire study. The 
references utilized for this research endeavor are listed at the end of this article. 

2. Literature Review 
Regarding the scientific fields of image processing and computer vision, datasets are always an 

essential factor to consider. Due to the fact that the dataset, model, modification, and other factors have 
a substantial impact on precision and loss. However, data is unquestionably more important if one desires 
to develop a new dataset that reflects a different perspective. Additionally, it is essential to consider how 
the dataset can be deployed and employed for machine-level processing. This is a very significant factor 
to consider. In addition to the dataset, it is vitally essential to have a suitable and efficient model. The 
model should be capable of learning from the data and displaying the dataset's accuracy, loss, and eventual 
inference result. 

When it comes to image classification, the ability of a model to identify objects is more important 
than its ability to identify things in a dataset [16]. The YOLO model is the most popular option among 
the numerous other picture classification systems available today. The authors of the paper [17] 
implement a YOLOv5 model to measure social distance and social restrictions. Because maintaining 
social distance has a significant impact on reducing the infection rate, which is not unexpected. In 
addition, they utilised the Common Objects in Context (COCO) collection, which included 200,000 
photographs and 80 different categories, for their implementation. The authors of the paper [18] propose 
using DNN techniques to correct the Singapore Maritime Dataset (SMD) dataset's annotations in order 
to generate the SMD-Plus dataset. They integrated the YOLOv5 model and the SMD-Plus dataset, 
both of which are used for object detection and classification, in order to facilitate growth. 
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The dataset [19] used for medical face mask detection included both WIDER-FACE and MAFA. 
This data set contains 7,959 photographs divided into two categories: those in which the subject's face 
is covered and those in which it is not. Using the YOLOv4 framework, they were successful 99.98% of 
the time during the training and testing phases of this study. Moreover, the authors of the study [20] 
demonstrated a real-time face mask identification system that implemented the Tiny-YOLOv4 model. 
Throughout their research, they applied the Kaggle face mask dataset. The author used the Pascal VOC 
standard dataset, which included 7,959 images and 16,635 annotations, to perform face mask 
identification using transfer learning and PP-YOLO [21]. They obtained a mask detection mAP score 
of 86.69 percent for this model. These articles define the performance standard for this issue, and we 
used them as inspiration for our investigation [22]. 

At the Politeknik Negeri Batam, an apparatus known as a face mask detector has been installed to 
detect face masks in real-time using the YOLO V4 deep learning algorithm [23]. The method that was 
used to identify face masks in this work [24] reached a high level of accuracy. It was accurate in both 
categorization and detection to a 96% degree. In the paper [25], they decided to use instead of Mask-
R-CNN. You only look once, sometimes known as YOLO, is a strategy for increasing real-time 
processing speed while maintaining accuracy [26]. YOLO is also a more efficient model. The research 
presented in paper 24 demonstrates that the algorithm's minimum achievable performance (mAP) on 
the self-made verification set is 86.92 percent [27]. Furthermore, the study demonstrates that the preset 
process can be achieved in the actual identification process by operating the robot. The accuracy described 
in the research was accomplished through the utilization of two cutting-edge object detection models, 
namely YOLOv3 and faster R-CNN [28]. It presented a method that kept a record of the ratio of mask 
usage and drew bounding boxes around the faces based on whether or not the mask was present. 

Due to COVID-19, the paper focuses on improving public health through computer vision 
education. Combining classification and detection makes it more difficult to detect microscopic items 
during an autopsy [29]. Deep neural networks are capable of detecting face masks. YOLOv3 is a restricted 
topic that can only be accessed through natural illness. Face mask detection in YOLOv3 analyses real-
time GPU performance. According to the test, the average loss after 4000 training cycles is 0.0730. After 
4000 epochs, mAP is 0.96. This innovative technique for photographing face masks yielded 96% accurate 
results [30]. Moreover, in the paper [31], to prevent the spread of COVID-19, the government requires 
public mask use. Masks are manually detected by security personnel, which requires time. Comparative 
Study of CNN and YOLOv3 in Public employs the well-known CNN and YOLOv3 deep learning 
models. The system utilised object classification, image, and object tracking to identify masking in 
camera images and videos. YOLOv3 can detect more accurately and faster than CNN in training and 
deployment, with 4.8 FPS. Furthermore in the paper [32], masks can be worn to reduce the number of 
SARS-CoV2 droplets an infected person exhales. The YOLOv3 model is used to create a mask detection 
model in this research article. The performance of the model makes it ideal for video surveillance. The 
proposed method employs image filtering to improve a 300-image dataset. The mean average precision 
of the Data augmentation-based mask detection model was 89.8% during training and 100% during 
overall testing, with per-frame accuracy ranging between 40.03 and 65.03 per cent. The paper [33] also 
suggests that object detection is crucial in the era of deep learning. They used two face mask datasets 
containing 680 and 1400 images, FMY3 with the YOLOv3 Algorithm and FMNMobile with the 
NASNetMobile and Resnet SSD300 Algorithms. The FMY3 Model's mAP was 34% and its recall rate 
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was 91.7%, whereas the FMNMobile Model's mAP was 98% and its recall rate was 99%. Both models' 
face mask detection results are displayed.  

3. Method 

3.1. Dataset 
Data is the most crucial part of our life. For a piece of good research, the dataset always plays a crucial 

vital role. Depending on the data a few times we can get more expected results from research and for 
that reason, a good and well-trained dataset is important. Moreover, in the research sector, good data 
priority is almost 60% whereas in the industry it is almost 90%. Aside from that, we can comprehend 
the significance of data in our actual problems and their solutions. We can use data from a variety of 
sources to solve real-world problems. 

In light of the COVID-19 outbreak, the most important thing we can do right now is make necessary 
changes to our lifestyles to reduce the spread and severity of the disease. When the proper use of a mask 
is not observed, judicial intervention is often necessary because mask-wearing in public settings has 
become an essential civil practice. A mask is required to enter many public places, such as shopping 
malls, public transportation, offices, educational institute, and so on. As a result, monitoring face mask 
usage on public property is now an essential civil practice. Covid Face-Mask Monitoring Dataset is a 
brand-new dataset that we describe in our paper [34]. Our primary goal is to determine whether or not 
people in crowded public spaces and on the streets are wearing face masks. In addition, it is noted that 
some individuals do not properly wear masks, which is just as bad as wearing no masks at all and 
contributes to the spread of infection to others. As a result, we expect to also detect the proper use of 
face masks. In addition, from the perspective of a nation with a high population density, a significant 
portion of the population tries to circumvent the COVID regulations and has no intention of wearing 
facial masks [34]. Walking streets, bus stops, street tea stalls, foot-over bridges, and other similar public 
spaces in the country are common places to observe this violation regarding aversion to wearing face 
masks. Fig. 1 shows a representation of our dataset's sample photos. 

 
Fig. 1.  Sample image of our proposed dataset 

The 6,550 images in our proposed dataset were gathered from the walking streets, bus stops, street 
tea shops, foot-over bridges, and many other locations. To gather frames and include them in our final 
dataset, we used personal cell phones and DSLRs. We also have plans to use an action camera or CCTV 
security camera to get photographs from similar public locations. However, Bangladesh's public spaces 
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rarely have CCTV coverage. Most places where wearing a mask is required, such as offices, hospitals, and 
shopping centers, use CCTV surveillance cameras. However, the scope of our inquiry includes various 
viewpoints and vantage points of monitoring while donning a face mask. There are three classifications 
in our dataset: Mask, No Mask, and Mask not in position. The entire dataset was divided into three 
classes and scaled in a fixed image dimension format. The photos have a 1080 × 720 pixel resolution. 800 
images were chosen for validation reasons and 5,750 images were chosen for training. All frame types are 
set to JPG, and Table 1 shows the data formats, image sizes, resolutions, and bit depth. For the tagging 
of the entire self-created dataset, we used LabelImg tools. We implemented classes 0 for mask, 1 for no 
mask, and 2 for mask not in position while labeling the dataset. 

Table 1.  Covid Face-Mask Monitoring Dataset’s technical characteristics 

No of frames Resizing and Formation of Dataset 
File Format Image Dimension Class Size 

6550 JPG 1080 × 720 3 

3.2.  Proposed Method 
One of the quickest and most well-liked object detection techniques is called You Only Look Once 

(YOLO). Due to its extraordinary capacity for learning, accuracy, and training speed, YOLO is more 
well-liked than other apps. It has been applied in many different kinds of applications, including the 
detection of traffic lights, objects, masks, and license plates. Remaining blocks, bounding boxes, and 
intersection over union are the fundamental components of YOLO's operation [15]. From YOLO to 
YOLOv5, many improvements have been made. It was primarily to blame for the detection of objects 
and the loss of confidence in YOLO. However, in YOLOv2, anchors are added to K-Means. In addition, 
YOLOv2 included two training stages and a fully convolutional neural network system. On the other 
hand, FPN-based multi-scale detection was added to YOLOv3. The YOLOv4 also included new features 
like the loss function, SPP, the MISH activation function, data enhancements with Mosaics, and so 
forth. At long last, YOLOv5 accompanied adaptable control of the model, information upgrade, and use 
of the Hardswish enactment capability [26]. 

The YOLOv3 feature extractor, known as Darknet-53 (it has 52 convolutions), was inspired by 
ResNet and FPN (Feature-Pyramid Network) architectures. It has skip connections (like ResNet) and 
3 prediction heads (like FPN) and processes the image at various spatial compressions. Yolov3, like its 
predecessor, performs well at a wide range of input resolutions. Several checkpoints can be found in the 
model zoo of GluonCV: each with a different input resolution, but identical network parameters are 
stored in those checkpoints. Yolov3 received a mean average precision (mAP) of 37 when tested on the 
COCO-2017 validation set with an input resolution of 608 × 608. This score is 17 times faster than the 
trained version of GluonCV's Faster-RCNN-ResNet50, which is a faster RCNN architecture that uses 
ResNet-50 as its backbone. In that model zoo, the only detectors with mAP scores below 30 that were 
fast enough to compete with Yolov3 (Mobilenet-SSD architectures). YOLOv3 model design in Fig. 2. 

 
Fig. 2. YOLOv3's model architecture 
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For the proposed dataset that was utilized by the facial mask detection system, we implemented 
YOLOv5. The backbone, neck, and head are the three distinct architectural blocks in the YOLOv5 
family. YOLOv5 spine for the most part, utilizes CSPDarknet as the foundation of extraction highlights 
from the picture dataset utilizing a halfway organization. Additionally, if we focus on the YOLOv5 neck, 
we discover that the PANet is utilized to generate pyramid feature networks [19]. In addition, it 
aggregates the feature before sending it to the head for predictions. Additionally, the YOLOv5 head has 
layers that are able to generate predictions for the detection objects based on the anchor boxes. Leaky 
ReLU and Sigmoid activation functions are primarily utilized in YOLOv5's activation function and 
optimization strategies. Additionally, it employs SGD and ADAM optimization methods as the 
optimization [17]. We addressed the YOLOv3 and YOLOv5 model design in  Fig. 3. 

 
Fig. 3. YOLOv5's model architecture 

4. Results and Discussion 
We started by implementing the YOLOv3 model as well as the YOLOv3-SPP, YOLOv3, and 

YOLOv3-tiny pre-trained models for face mask detection. In addition, we used the YOLOv5 model as 
well as the pre-trained models YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x. The 
proposed model has a batch size of 4, a learning rate of 0.001, and 75 training epochs for each pre-trained 
model during the training period. The primary purpose of precision, recall, the F-score, and mAP is to 
evaluate the object's exact detection accuracy. The accurate prediction and recall measures that the 
positive classes easily detect were the primary focus of precision. The following formulas are used to 
determine precision and recall. Here, Pos stood for "positive," Neg stood for "negative," T stood for 
"true," and F stood for "false 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
   () 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹_𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
   () 
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Accuracy is primarily used as an additional metric for evaluating the classification's performance. T 
stood for true, and F stood for false as well. The equation between accuracy and error is depicted in the 
following : 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇_𝑃 𝑜𝑠 + 𝑇_𝑁𝑒𝑔

𝑇_𝑃 𝑜𝑠 + 𝑇_𝑁𝑒𝑔 + 𝐹_𝑃 𝑜𝑠 + 𝐹_𝑁𝑒𝑔
   () 

𝐸𝑟𝑟𝑜𝑟 =  1 −  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦   () 

The mean average of precision (mAP) is the average of the AP calculated for all the classes. The 
equation of mAP is given below : 

𝑀𝑒𝑎𝑛 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑚𝐴𝑃 ) =   
∑  𝐴𝑣𝑒𝑃 (𝑞)

𝑄
𝑞 = 0

𝑄
   () 

4.1. Implementation of the YOLOv3 model 
When compared to the data and image quality, our results are remarkable. because, from Bangladesh's 

point of view, the lack of camera facilities makes it extremely difficult to properly collect data. In addition, 
a variety of image types exist, including noisy images, light capacity, sunlight, shadow, and others. As a 
result, getting good results can be challenging. 

In this section, we represented the outcomes of the YOLOv3 model along with three pre-trained 
models using our proposed dataset for mask detections. In Fig. 4, we represented the confusion matrix 
for the YOLOv3-tiny pre-trained model where the result is 0.94 for mask detection, 0.96 for no mask 
detection, and 0.81 for mask not in position.  

 

Fig. 4. Confusion matrix for YOLOv3-tiny using proposed dataset 

Moreover, in Fig. 5, the confusion matrix of the YOLOv3 pre-trained model is presented whereas 
the result is 0.97 for mask detection, 0.97 for no mask detection, and 0.83 for mask not in position. 

After that, we are concerned about the proposed dataset's precision, recall, and mAP score. Recall scores 
can easily measure positive classes, whereas precision scores are primarily dependent on accurate 
prediction. 75 epochs were used to train the entire dataset with a batch size of 4.  
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Fig. 5. Confusion matrix for YOLOv3 using proposed dataset 

Furthermore, we presented a confusion matrix for YOLOv3-SPP pre-trained model in Fig. 6 where 
the accuracy is 0.95 for mask, 0.97 for no mask, and 0.88 for mask not in position class. Compared to 
the previous two pre-trained models, in YOLOv3-SPP accuracy is increased.  

 
Fig. 6. Confusion matrix for YOLOv3-SPP using proposed dataset 

 The best precision score during training was 0.9253 for the YOLOv3-tiny pre-trained model, 0.9381 
for the YOLOv3 pre-trained model, and 0.9454 for the YOLOv3-SPP, which is the benchmark score 
for our proposed dataset. Fig. 7 is a graphic representation of their score. 
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Fig. 7. Precision score for YOLOv3 using proposed dataset 

In addition, the best recall scores for the same pre-trained models—tiny YOLO, YOLOv3, and SPP-
YOLO—are 0.8872, 0.9285, and 0.9325, respectively—all of which serve as a benchmark score for the 
same dataset. The recall scores are shown in Fig. 8. 

 
Fig. 8. Recall score for YOLOv3 using proposed dataset 

We used a scale of 0.5 to represent the mean Average Precision (mAP) score in Fig. 9. We obtained 
three distinct types of outcomes for three pre-trained models for our proposed dataset. We achieved a 
score of 0.9292 for the tiny YOLOv3 pre-trained model, which serves as the benchmark for our proposed 
dataset. Besides, when we dealt with the YOLOv3 pre-prepared model around then we see that the pre-
prepared model accomplished a 0.9413 score which is the benchmark result for our proposed dataset. 
To add, that score was 0.9395 for the SPP-YOLOv3 pre-trained model. 
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Fig. 9.  Mean average precision score for YOLOv3 using proposed dataset 

On a scale of 0.5:0.95, we depicted the mean Average Precision (mAP) score in Fig. 10. For the tiny 
YOLOv3 pre-prepared model, we accomplished a 0.6772 score on the size of Guide 0.5:0.95 which is 
the benchmark result for our proposed dataset. Besides, during the preparation time of the YOLOv3 
pre-prepared model we see that model accomplished a 0.7136 score on the size of Guide 0.5:0.95 which 
is the benchmark result for our proposed dataset. To add, that score was 0.7266 for the SPP-YOLOv3 
pre-trained model. 

 
Fig. 10. Mean average precision score in the scale of 0.5:0.95 for YOLOv3 using proposed dataset 

4.2. Implementation of the YOLOv5 model 
Using our proposed dataset, we presented the results of the YOLOv5 model as well as five pre-trained 

mask detection models in this section. The confusion matrix for the pre-trained YOLOv5n model is 
depicted in Fig. 11, with values of 0.95 for mask detection, 0.97 for no mask detection, and 0.85 for 
mask not in position. 
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Fig. 11. Confusion matrix for YOLOv5n using proposed dataset 

In addition, the YOLOv5s pre-trained model's confusion matrix is depicted in Fig. 12, with values 
of 0.97 for mask detection, 0.97 for no mask detection, and 0.81 for mask not in position. 

 
Fig. 12. Confusion matrix for YOLOv5s using proposed dataset 

In addition, the confusion matrix for the YOLOv5m pre-trained model is shown in Fig. 13, with 
values of 0.96 for mask detection, 0.95 for no mask detection, and 0.84 for a mask that is not in position. 

 
Fig. 13. Confusion matrix for YOLOv5m using proposed dataset 



34 
Science in Information Technology Letters 

ISSN 2722-4139 
Vol. 4., No. 1, May 2023, pp. 22-39 

  

 Jishan et al. (YOLOv3 and YOLOv5-based automated facial mask detection and recognition systems to prevent COVID-19 …) 

In addition, the confusion matrix of the YOLOv5l pre-trained model is shown in Fig. 14, with values 
of 0.96 for mask detection, 0.97 for no mask detection, and 0.88 for a mask that is not in position. 

 
Fig. 14. Confusion matrix for YOLOv5l using proposed dataset 

In addition, in Fig. 15, we displayed a confusion matrix for the YOLOv5x pre-trained model with 
accuracy values of 0.97 for mask, 0.97 for no mask, and 0.84 for mask not in position class. 

 
Fig. 15. Confusion matrix for YOLOv5x using proposed dataset 

After that, the precision, recall, and mAP score of the proposed dataset concern us. Precision scores 
are primarily dependent on precise prediction, whereas recall scores can easily measure positive classes. 
The entire dataset was trained over 75 epochs with a batch size of 4 each.  

The best precision score during training was 0.9205 for the YOLOv5n pre-trained model, 0.9094 for 
the YOLOv5s pre-trained model, 0.9209 for the YOLOv5m pre-trained model, 0.9037 for YOLOv5l 
pre-trained model, and 0.9032 for the YOLOv5x pre-trained model, which is the benchmark score for 
our proposed dataset. Fig. 16 is a graphic representation of their score. 
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Fig. 16. Precision score for YOLOv5 using proposed dataset 

In addition, the best recall scores for the same pre-trained models YOLOv5n, YOLOv5s, YOLOv5m, 
YOLOv5l, and YOLOv5x —are 0.9037, 0.8959, 0.8756, 0.9445, and 0.9286 respectively—all of which 
serve as a benchmark score for the same dataset. The recall scores are shown in Fig. 17. 

 
Fig. 17. Recall score for YOLOv5 using proposed dataset 

We used a scale of 0.5 to represent the mean Average Precision (mAP) score in Fig. 18. We obtained 
five distinct types of outcomes for five pre-trained models for our proposed dataset. We achieved a score 
of 0.9299 for the YOLOv5n pre-trained model, which serves as the benchmark for our proposed dataset. 
Besides, when we dealt with the YOLOv5s pre-trained model around then we see that the pre-trained 
model accomplished a 0.9472 score which is the benchmark result for our proposed dataset. To add, that 
score was 0.9347 for the YOLOv5m pre-trained model. Moreover, 0.9447 and 0.9417 scores for 
YOLOv5l and YOLOv5x respectively. 
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Fig. 18. Mean average precision score for YOLOv5 using proposed dataset 

 Mean average precision score on the scale of 0.5:0.95 for YOLOv5 using proposed dataset show as 
Fig. 19. 

 
Fig. 19. Mean average precision score on the scale of 0.5:0.95 for YOLOv5 using proposed dataset 

4.3. Discussion 
Based on Bangladeshi perspective images, we represented the Covid Face-Mask Monitoring Dataset 

for determining whether a mask is worn correctly, whether it is missing, and whether it is not. Using 
YOLOv3, YOLOv5, and a variety of pre-trained models, we were able to achieve remarkable precision, 
recall, and mAP results for the dataset we proposed. Fig. 4, Fig. 5, and Fig. 6 show, respectively, the 
confusion matrix for the YOLOv3 model and three distinct types of pre-trained models. In addition, as 
the benchmark score for our proposed dataset, we represented the precision score, recall score, and mAP 
score of YOLOv3 for three pre-trained models in Fig. 7, Fig. 8, and Fig. 10. Fig.11, Fig. 12, Fig. 13, 
and Fig. 15 show, in addition, the confusion matrix for the YOLOv5 model and five distinct types of 
pre-trained models, respectively. In addition, as the benchmark score for our proposed dataset, we 
represented the precision score, recall score, and mAP score of YOLOv5 for five pre-trained models in 
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Fig. 16, Fig. 17, Fig. 18, and Fig. 19. Finally, we presented the test results and a comparison results in 
Table 2. 

Table 2.  Covid Face-Mask Monitoring Dataset Model Comparison 

Model 
Evaluation score  

Pre-trained models Precision Recall               mAP_0.5            mAP_0.5:0.95 
 YOLOv3-tiny 0.9253 0.8872                  0.9292                      0.6772 

YOLOv3 YOLOv3 0.9381 0.9285                  0.9413                      0.7136 
 YOLOv3-SPP 0.9454 0.9325                  0.9395                      0.7266 
 YOLOv5n 0.9205 0.9037                  0.9299                      0.7143 
 YOLOv5s 0.9094 0.8959                  0.9472                      0.7178 

YOLOv5 YOLOv5m 0.9209 0.8756                  0.9347                      0.7256 
 YOLOv5l 0.9037 0.9445                  0.9447                      0.7344 

5. Conclusion 
Due to the fact that proper face mask use is an essential means of preventing COVID-19 infection 

from person to person, we have presented a comprehensive study based on a novel dataset for the 
detection of proper face mask use in this work. We used YOLOv3 and YOLOv5 and their various pre-
trained models for mask detection to achieve higher accuracy and better performance. We created a 
dataset with tens of thousands of face images, both masked and unmasked, in order to train and validate 
our detection system. We were able to demonstrate that YOLOv3 and YOLOv5 are efficient and effective 
models for the use case by focusing not only on the presence of masks but also on their proper use and 
positioning. Our proposed solution can be used in a wide range of situations where CCTV observations 
alone are not sufficient to monitor the proper use of a face mask in a crowded setting. 
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