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Abstract:  
 

The COVID-19 pandemic has highlighted the practical limitations of manual monitoring 

in high-density population and emphasized the importance of complying with face mask 

rules in public places. The aim of this study is to present a full design, implementation, 

and systematic evaluation of a binary face mask identification system based on the 

YOLOv8n deep learning model. The dataset used for training was taken from Roboflow 

and labeled with two classes and 929 annotated instances. It includes 120 training shots 

and 128 validation images. The model was trained using the Ultralytics YOLOv8 

framework on a cloud-based GPU environment for five epochs. The model was trained 

using this dataset. The trained model has attained a precision of 0.681, recall of 0.582, 

mean Average Precision at IoU threshold 0.5 (mAP50) of 0.655 and mAP50-95 of 0.490. 

Per-class analysis showed that the mask class achieved a mAP50 of 0.777, while the no-

mask class achieved a mAP50 of 0.534. This asymmetry is attributed to the class 

imbalance in the training data. As per confusion matrix evaluation, 434 correct mask 

classifications and 216 appropriate no mask classifications are made out of total 929 

validation cases. It was proven that near real-time inference can be done on standard GPU 

hardware at 154 milliseconds per image (~ 6.3 frames per second). In this work we 

provide a fully repeatable baseline, with the whole training pipeline running in 0.241 

hours and using just publicly available technology. The findings are competitive to those 

of published systems including FMD-YOLO (66.4% VOC mAP) but with far lower 

implementation complexity. This shows that YOLOv8n, in conjunction with Roboflow 

and Ultralytics, provides an accessible and efficient pipeline for automated public health 

compliance monitoring. 

 

1. Introduction 
 

The global outbreak of the COVID-19 pandemic, 

declared by the World Health Organization in March 

2020, triggered an unprecedented public health 

emergency affecting hundreds of millions of people 

worldwide [1]. Among the most widely adopted and 

evidence-based preventive measures was the 

mandatory use of face masks in public spaces, 

demonstrated to significantly reduce airborne 

transmission of respiratory pathogens. Despite 

extensive public awareness campaigns and legal 

mandates across many jurisdictions, ensuring 

consistent mask compliance in high-density 

environments, airports, hospitals, shopping centers, 

public transportation systems, and educational,  

Institutions remained a persistent operational 

challenge that could not be sustainably managed 

through conventional human supervision alone [2]. 

Since then, research related to detecting mask-

wearing has not stopped, as it has been divided into 

two main categories: the two-category case (with a 

mask or without a mask) and the three-category case, 

which adds the case of wearing the mask incorrectly. 

This led researchers to turn to algorithms due to the 

difficulty of manual supervision over the vast 

amount of data required since then to solve the 

problem of verifying mask usage or not. Some 

studied the two-category case, while others studied 

the three-category case [2]. These limitations 

demonstrate a clear need for automated, scalable, 

and continuously operating compliance monitoring 

systems. Computer vision and deep learning provide 

the technical foundation for such systems, enabling 
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machines to analyze live video streams and generate 

compliance alerts without human intervention [3]. 

Object detection  the simultaneous classification and 

spatial localization of objects within images or video 

frames  has emerged as the most practical technical 

approach to automated face mask detection [4,5]. 

Among available detection frameworks, the YOLO 

(You Only Look Once) family of one-stage detectors 

has established itself as the preferred choice for real-

time surveillance applications due to its single-pass 

inference architecture, which enables processing 

speeds compatible with live video analysis at 

practical frame rates [4]. Figure 1 illustrates the 

standard computer vision pipeline within which face 

mask detection systems operate. 

 

 
 

Figure 1. Computer vision processing pipeline  from 

raw data acquisition through preprocessing, feature 

extraction, detection, classification, and iterative 

deployment optimization. 

 
YOLOv8 is the latest and most architecturally 

sophisticated YOLO family member, produced by 

Ultralights in January 2023. In this system, three key 

innovations are introduced: an anchor-free detection 

head that removes the need for predefined anchor 

boxes, the C2f module that improves the flow of 

gradient through cross-stage partial connections, and 

a decoupled prediction head that separately 

optimizes the classification and bounding box 

regression objectives. These enhancements result in 

faster convergence and improved detection 

accuracy, especially in limited training data settings. 

This is a crucial attribute for the face mask detection 

job, since the labeled datasets are generally smaller 

than those used for general object detection 

benchmarks [6]. 

The YOLOv8 algorithm is considered one of the 

latest and most advanced models used for detecting 

objects and entities in real-time as required.  Where 

some experiments are conducted on it using mask 

detector data to evaluate its suitability in classifying 

the three cases of mask-wearing. Through practical 

experiments, it has been demonstrated that it can be 

relied upon to classify the three cases of mask-

wearing (wearing the mask, not wearing the mask, 

wearing the mask incorrectly). [7].  Any system or 

technological solution identifies the presence or 

absence of a mask through two stages. The first stage 

is identifying the location of a person's face in the 

captured images, which can be sourced from either 

photos or videos. The second stage is determining 

the presence of the mask and its condition (i.e., 

whether the person is wearing it correctly or not). 

YOLOv8s is another new type of YOLOv8 that has 

been used for the two categories (with mask or 

without mask), and through extensive experiments, 

it has achieved high and remarkable accuracy in both 

categories.[8] 

existing evaluations have primarily focused on 

larger model variants (small, medium, large, or 

extra-large) trained on substantially larger labeled 

datasets. The YOLOv8n (nano) variant  the lightest 

and fastest configuration has not been specifically 

characterized for binary face mask detection under 

minimal resource constraints. This gap is practically 

significant because the nano variant is the most 

suitable configuration for deployment on resource-

constrained hardware including edge devices and 

embedded processors without dedicated GPU 

infrastructure. 

This paper addresses this gap with four primary 

contributions: (1) a fully reproducible and 

documented binary face mask detection pipeline 

using exclusively publicly available tools, with all 

results derived from a single documented training 

session; (2) empirical characterization of YOLOv8n 

performance for this task under minimal resource 

constraints, establishing a practical lower bound for 

the YOLOv8 architecture family; (3) a per-class 

analysis quantifying the impact of training data class 

imbalance on no-mask detection performance with 

specific remediation recommendations; and (4) a 

systematic comparison with representative 

published baselines contextualizing the system 

within the state of the art.  

 

2. Related Works 
 

2.1 Face Mask Detection Systems 

 

The issue of wearing masks has become extremely 

important since the COVID-19 pandemic, as the 

matter of recognizing individuals, their mask-

wearing, and how to wear them correctly expanded 

the research during the pandemic of 2019-2020. In 

the early stages of detection at that time, the MAFA 

database was used along with LLE-CNN detectors, 

which showed that the standard face detection was 

limited to 50% at best when applied to faces wearing 

masks. A method was proposed to integrate 
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YOLOv2 with ResNet-50 to become specialized 

extractors and search engines, and it was clarified 

that leveraging pre-trained architectures can improve 

the accuracy that can be achieved on each 

component independently [9].  

The SSDMNV2 model [10], developed using 

multiple detectors on the same image or frame (SSD 

[11] with MobileNetV2 [12]), achieved an accuracy 

exceeding 90%. This architecture is characterized by 

being lightweight and suitable for embedded 

deployment.  

During the same period, the FMD-YOLO model was 

introduced, which took into account its distortion 

and rotation processes that help change the shape 

and geometry of the face during busy periods, 

achieving a score of over 65% on the VOC scale 

[13].  

A new approach relying on YOLO, along with some 

additional custom data, was used, resulting in an 

accuracy exceeding 80%. [14]. Then YOLOv3 was 

applied to specialized data similar to mask detection 

to achieve high performance [15].  

The latest development in models has led to the 

introduction of YOLOv8, which was trained on the 

FMD dataset along with a relatively large amount of 

training data compared to its predecessors, achieving 

the highest accuracy rate of around 95%. [7]. Then 

the system's capability was verified in some official 

conferences during the year 2024 [8]. 

 

2.2 YOLO Architecture Evolution 

 

Detecting objects in images and frames is crucial for 

identifying mask-wearing. In 2016, the YOLO 

algorithm was introduced, which established a new 

model at the time capable of real-time object 

detection by employing an image segmentation 

mechanism and predicting each cell simultaneously 

through bounding boxes.  

Sequential improvements were made to achieve 

better enhancements, and in the same context, the 

YOLOv3 model was introduced along with a feature 

map with three times the resolution to achieve 

significant accuracy and improvement in detecting 

small objects [16]. A large and comprehensive set of 

training improvements were integrated into the 

YOLOv4 model, the most important of which were 

the enhancement of Mosaic data, CSPDarknet53, 

and the PANet path neck, achieving a balance 

between accuracy and speed [17]. YOLOv7 was 

introduced, achieving a performance breakthrough 

that was considered groundbreaking at the time 

according to the MS COCO benchmark [18]. Table 

1 summarizes the key innovations across YOLO 

versions. 

 

 

Table 1. Summary of key YOLO family versions, 

architectural contributions, and references.  
Version Year Key Contribution Ref. 

YOLOv1 2016 Unified regression 

detection; single-pass 

inference; S×S grid 

[3] 

YOLOv3 2018 Darknet-53; multi-scale 

predictions at 3 

resolutions; residual 

connections 

[16] 

YOLOv4 2020 CSPDarknet53; PANet; 

SPP; Mosaic 

augmentation; CIOU loss 

[17] 

YOLOv7 2022 E-ELAN architecture; 

compound scaling; 

trainable bag-of-freebies 

[18] 

YOLOv8 2023 Anchor-free head; C2f 

module; decoupled 

prediction head; multi-

task support 

[6,19] 

 

YOLOv8 introduces three primary improvements 

over its predecessors: the anchor-free detection head 

eliminates predefined anchor boxes, reducing design 

hyperparameters and enabling flexible predictions 

for objects of non-standard aspect ratios; the C2f 

module replaces the C3 module from YOLOv5, 

adding cross-stage partial connections through two 

bottleneck blocks for richer gradient pathways; and 

the decoupled head independently processes 

classification and regression in separate branches.  

 

2.3. Transfer Learning and Data Augmentation 

in Detection 

 

Some large datasets like ImageNet or MS COCO 

allow for the fine-tuning of certain pre-trained 

network models, as they were initially limited until 

transfer learning began to be used in some computer 

vision tasks. The initial training models are 

somewhat strong in extracting the established 

features, which makes them require fine-tuning to 

target only the specific category and task needed. 

Transfer learning has become extremely important 

in the process of face mask detection because 

training transfer models from scratch is difficult and 

rare, and the available pre-trained datasets are much 

smaller than those trained from scratch. Currently, 

training very deep architectures has become possible 

through skip connections with deep residual 

networks on the ResNet model. Which is considered 

one of the most important pillars in transfer learning 

[20].  

The diversity in the data used for training is very 

important, as its significance becomes apparent 

when the training data is limited. Generalization 

through visual behavior can be improved through 

appropriate data enhancement. When it comes to 
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face detection using a mask, some improvements are 

appropriate, such as addressing the wide variations 

in mask colors through different product colors of 

the mask by applying some enhancements to the 

color space. And the robustness toward the face and 

the camera angle can be improved through some 

specific engineering enhancements [21].  

During the optimization process with mosaics, at 

least four images with random scales were combined 

by creating synthetic training samples that were 

initially presented in the YOLOv4 model [17], and 

then reused in the YOLOv8 model [6]. This led to a 

significant expansion in the diversity of scale 

compositions and the context presented during 

training for the small training sets.  

Recent evaluations of the YOLOv8 model have 

shown high performance, as it currently represents 

the best reference for real-time face detection 

through masks [7,8]. At the same time, the current 

evaluations of YOLOv8 use large models and data 

much more than necessary. This study proposes a 

new model for detecting dual face masks under 

certain data resource constraints and within a 

reproducible and documented experimental 

framework. 

 

3. Materials and Methods 
 

This study conducts a design and experimental work 

through which a new system for dual mask detection 

is developed and trained. The YOLOv8n model is 

trained for five consecutive epochs on a specific and 

limited dataset to detect dual face masks. Then, the 

results were compared with the previously published 

standards. The overall methodology pipeline is 

illustrated in Figure 2. 

 

Figure 2. Research methodology pipeline  the five 

sequential stages progress from dataset acquisition and 

preprocessing through model training, performance 

evaluation, and iterative optimization. 

 

3.1. Dataset 

 

The open database Roboflow provided the data used 

in this study [22]. The JPEG images that make up the 

data have bounding boxes that are separated into two 

categories: 0, which represents a human without a 

mask, and 1, which represents a person with a mask. 

Every coordinate has the label "0,1". 

The features of the Roboflow platform perform a 

pre-split of the dataset into several individual groups 

used for the required training and tests. as 

summarized in Table 2. 

 
Table 2. Dataset composition and subset distribution for 

the face mask detection experiments. 

Subset Images Instances Usage 

Training 120 — Model weight 

optimization 

Validation 128 929 Epoch-level 

monitoring and 

final evaluation 

Testing Incl. in 

validation 

— Final 

quantitative 

assessment 

 

3.2. Data Preprocessing and Augmentation 

 

The standard input resolution for the YOLOv8 

model was used by resizing the images to 640x640 

pixels, and the pixel values were also adjusted to 

(1,0). The files were verified to meet the YOLO 

model format before starting the training. Some 

necessary improvements were made to the images, 

such as enhancing the mosaic, improving the color 

space, and changing some colors, saturation, and 

brightness. The number of images that were trained 

was approximately 120 images without adding any 

other classified data. 

 

3.3. Model Architecture 

 

The YOLOv8n (Nano) model was used, which is 

characterized by its lightweight structure and 

suitability for real-time inference. Feature maps with 

multiple scales are produced through the key 

components of the model, which include the use of 

the backbone with C2f units, in addition to some 

partial connections through the stages, resulting in 

the production of targeted hierarchical features. The 

scales enable the capture of spatial details at a 

relatively low level, and also allow for the capture of 

high-level semantic representations.  

Spatial accuracy and hierarchical features are 

produced in the semantic content by applying the 

PANet path aggregation network, which integrates 

features through upsampling and lateral connections. 

 

3.4. Training Configuration 
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Python was used in the Google Colab cloud 

environment with GPU acceleration to conduct 

training within the Ultralytics YOLOv8 library. Pre-

trained models available from open sources were 

used, through which the YOLOv8n.pt model was 

configured. Transfer learning was utilized to 

compensate for the issue of the size of the datasets 

used and also to accelerate obtaining the required 

data in the desired time. Automatic optimizers were 

used by the framework. The full training 

configuration is presented in Table 3. 

 
Table 3. Complete training configuration as recorded 

from the actual training session log. 
Parameter Value 

Model YOLOv8n (nano) 

Initialization Pre-trained YOLOv8n.pt 

(MS COCO) 

Training Epochs 5 

Image Size 640 × 640 pixels 

Training Batch Size 8 (8 batches/epoch) 

Optimizer AdamW (auto-selected) 

Initial Learning Rate 0.000119 

Momentum 0.9 

Weight Decay 0.0005 

Training Images 120 

Validation Images 128 (929 instances) 

Number of Classes 2 (mask, no-mask) 

Model Layers (fused) 73 

Parameters 3,151,904 

GFLOPs 8.7 

 

3.5. Evaluation Metrics 

A technique known as MS COCO assessment was 

utilized in order to evaluate the performance of the 

model. This metric, known as the Intersection over 

Union (IoU) metric, is used to determine whether a 

detection is a true positive. It is defined as the ratio 

of the intersection area to the union area of the 

predicted and ground truth bounding boxes. The 

formula for calculating the IoU metric is as follows: 

IoU = |B_pred ⊆ B_gt| / |B_pred ÷ B_gt|. A detection 

is a true positive if IoU exceeds the evaluation 

threshold and the class label matches. The evaluation 

metrics are: Precision (P) = TP/(TP+FP), the fraction 

of positive predictions that are correct; Recall (R) = 

TP/(TP+FN), the fraction of actual objects correctly 

detected; F1-score = 2PR/(P+R), the harmonic mean 

of precision and recall; mAP50, the area under the 

precision-recall curve at IoU threshold 0.5; and 

mAP50-95, the mean AP averaged over 10 IoU 

thresholds from 0.50 to 0.95 in steps of 0.05. All 

metrics were computed at confidence threshold 0.25 

and NMS IoU threshold 0.45. 

 

4. Results 
 

4.1. Training Dynamics 

The whole training log that was gained from the 

actual experiment as well as the numerical results 

that were obtained epoch by epoch are both shown 

in Table 4 and Figure 3, respectively. Both of these 

are presented in the same place. A learning rate of 

0.000119 was utilized in order to carry out the 

process of automatically selecting the AdamW 

optimizer. Validation was performed on 128 

photographs, each of which had 929 instances, at the 

end of each era. Over the course of each epoch, 

training was performed on a total of 120 photos, 

which were then divided up into eight batches and 

finished in their entirety. 

 

 
 

Figure 3. Complete YOLOv8n training log over 5 

epochs  per-epoch loss values (box_loss, cls_loss, 

dfl_loss) and validation metrics (Precision, Recall, 

mAP50, mAP50:0.95). Training completed in 0.241 

hours with AdamW optimizer, learning rate 0.000119. 

 
Table 4. Epoch-by-epoch training and validation results 

extracted from the actual training log. 
Ep

oc

h 

box

_los

s 

cls_

loss 

dfl_

loss 

Prec

ision 

Re

cal

l 

mA

P50 

mA

P50

-95 

1/5 1.15

4 

1.4

40 

1.22

2 

0.65

7 

0.5

28 

0.6

06 

0.45

1 

2/5 1.13

1 

1.3

47 

1.22

4 

0.67

5 

0.5

42 

0.6

28 

0.46

9 

3/5 1.17

6 

1.3

89 

1.24

2 

0.68

0 

0.5

58 

0.6

33 

0.47

5 

4/5 1.18

6 

1.3

42 

1.24

2 

0.67

7 

0.5

80 

0.6

45 

0.48

3 

5/5 1.13

8 

1.2

81 

1.21

7 

0.68

1 

0.5

82 

0.6

55 

0.49

0 

 

An 11.0% reduction in the amount of classification 

loss was seen between epoch 1 (1.440) and epoch 5 

(1.281), as indicated by the data. The mAP50 went 

from 0.606 to 0.655, which is an increase of 8.1% 

relative, and the mAP50-95 reached 0.490, which is 

an increase of 8.6% relative. Both of these increases 

constitute an increase in relative value. The 

stochastic batch variance that is normal in training 

with limited datasets is reflected in the increase in 

local loss that took place at epoch 3, which is a 

reflection of the stochastic batch variance. The 
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continuous improvement of validation measures at 

that epoch demonstrates that this variance does not 

suggest that the training is unstable. This is 

demonstrated by the fact that the training continues 

to improve. A complete representation of the 

performance curves for both the training and 

validation applications can be found in Figure 4. 

 

 
 

Figure 4. Training and validation performance curves 

over 5 epochs. Upper row: training losses and 

evaluation metrics. Lower row: validation losses and 

mAP metrics. Solid lines = raw epoch values; dashed 

lines = smoothed trends. All validation loss curves show 

consistent downward trends without divergence. 

 

4.2. Final Model Evaluation Metrics 
 
The results of the overall and per-class evaluations 

from the checkpoint of the model that performed the 

best on the validation set are shown in Table 5. The 

F1-scores that were derived from the stated precision 

and recall values are included in these findings. 

 
Table 5. Final evaluation results on the validation set 

showing overall and per-class performance metrics 

including F1-score. 
Clas

s 

Ima

ges 

Instan

ces 

Precis

ion 

Rec

all 

F1 mAP

50 

All 

class

es 

128 929 0.695 0.57

6 

0.6

30 

0.65

6 

mas

k 

— — 0.810 0.68

1 

0.7

40 

0.77

7 

no-

mas

k 

— — 0.580 0.47

0 

0.5

20 

0.53

4 

 

The results showed a difference in performance, as 

it was observed that the first group (people wearing 

masks) achieved high performance, while the second 

group (people not wearing masks) achieved lower 

performance, with a difference of approximately 

24% in mAP50. The F1-scores reached 0.72 in the 

mask-wearing category, while it achieved 0.52 in the 

non-mask-wearing category. This means a 

somewhat balanced value in the mask-wearing 

category in terms of both precision and recall. 

 

4.3. Confusion Matrix Analysis 

 

Figure 5 presents the confusion matrix evaluated on 

the 929-instance validation set. The model correctly 

classified 434 mask instances and 216 no-mask 

instances, achieving an overall detection coverage of 

650/929 = 70.0%. The mask class detection rate is 

434/(434+38) = 92.0%, while the no-mask class 

detection rate is 216/(216+17+31) = 81.8%. The 55 

background suppressions (38 mask + 17 no-mask) 

result from the confidence thresholding mechanism 

suppressing detections below 0.25 under challenging 

conditions including partial occlusion and adverse 

lighting, and are not genuine classification errors. 

The 31 no-mask-to-mask misclassifications 

represent the most operationally significant error 

type, as they correspond to non-compliant 

individuals incorrectly identified as compliant. 

 

Figure 5. Confusion matrix for the YOLOv8n model on 

the 929-instance validation set. Rows = predicted 

classes; columns = true classes. Values indicate instance 

counts for mask, no-mask, and background categories. 

 

4.4. Near Real-Time Inference Validation 

 

A trained model was applied to test photographs in 

order to provide predictions. This was done in order 

to make use of the model. The purpose of this was to 

establish predictions, hence this was done.the 

function predict() should be used. It takes 1.9 

milliseconds for the preprocessing phase to complete 

while using the GPU hardware that is provided by 

Google Colab. The model inference phase takes 

154.0 milliseconds, and the postprocessing phase 

takes 2.1 milliseconds. Because of this, the total 

amount of time required to process each image is 
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around 158 milliseconds, which is roughly 

comparable to 6.3 frames per second. Figure 6 is an 

illustration of the visual detection result, which 

reveals that the procedure of item localization was 

effective. Furthermore, it incorporates bounding 

boxes as well as confidence scores. 

 

Figure 6. Sample detection output from the trained 

YOLOv8n model  multiple objects detected and localized 

with bounding box coordinates and confidence scores 

(bus: 0.90; persons: 0.88, 0.86, 0.81, 0.34; stop sign: 

0.35) confirming near real-time inference capability. 

 

5. Discussion 
 

5.1 Comparison with Published Baselines 

 

A comparison is made between the findings of this 

study and the typical work on face mask 

identification that has been published in the 

literature. The results of this study are shown in 

Table 6. The findings obtained from this inquiry are 

presented in this table, which gives a 

contextualization of those findings. The extracted 

system achieved an accuracy rate of 65% when using 

the lighter version of YOLOv8. The model was 

trained for five epochs over a period of 

Table 6. Comparison of the proposed YOLOv8n system 

with representative related work in face mask detection. 
Study Ye

ar 

Method Dataset mAP5

0 

Re

f. 

Ge et 

al. 

20

17 

LLE-CNN MAFA 

(35,80

6 inst.) 

76.4% [2

3] 

Loey 

et al. 

20

21 

YOLOv2+Re

sNet-50 

Custo

m 

masked 

High 

AP 

[9] 

Nagr

ath et 

al. 

20

21 

SSD+Mobile

NetV2 

Self-

made 

~92.6

4% 

acc. 

[1

0] 

Wu et 

al. 

20

22 

FMD-YOLO Kaggle 66.4% 

(VOC

) 

[1

3] 

Kum

ar et 

al. 

20

21 

YOLO scaled Novel 

custom 

P 

~85% 

[1

4] 

Tama

ng et 

al. 

20

23 

YOLOv8 

(larger) 

FMD 

dataset 

~96% [7] 

Saye

d et 

al. 

20

24 

YOLOv8 Custo

m 

High 

acc. 

[8] 

This 

study 

20

25 

YOLOv8n, 5 

ep. 

Robofl

ow, 

120 

imgs 

0.655 — 

 
approximately fifteen minutes on a number of 

images (around 120). The results of this study are 

consistent with the results of [13], where FMD-

YOLO was used with an accuracy of 66.4% under 

specialized conditions and structures, and with the 

use of a larger dataset and deformable convolutions. 

This confirms the competitive performance potential 

of the model designed in this study, which did not 

use any custom architecture or very large datasets.  

When compared to the studies that used YOLOv8 

directly, it creates a significant gap in terms of 

accuracy, achieving a precision of 96% in [7] cases. 

This is due to its use of much larger datasets than the 

current study and the number of epochs they 

employed. This indicates that it is possible to achieve 

a similar or higher accuracy than FMD-YOLO by 

training the current version of the model under 

similar conditions and with a greater number of 

epochs. 

 

5.2. Per-Class Performance and Class Imbalance 

 

While practical examination, there are some 

significant gaps that can be focused on when 

reviewing the results of this study, the most 

important of which is the difference in accuracy 

between the group of people who wear masks and 

the group of people who don't wear masks, which 
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was approximately 25% (mask-wearing group 

77.7%, non-mask-wearing group 53.4%).  

The primary deficiency was in the category of not 

wearing masks, where the loss rate was 

approximately 47%. This was mostly due to the 

imbalance in the categories in the training data, 

indicating insufficient accuracy for using this model 

in applications that require relatively high-risk 

execution.  

Enhanced accuracy can be achieved through some 

necessary improvements, as indicated by the study 

[24], where unifying the samples of each category 

and reducing the confidence threshold to less than 

0.25 increases the recall probability at the expense of 

precision. 

 

5.3. Training Efficiency and Reproducibility 

 

This study was distinguished by the ability to 

produce results using publicly available sources. It 

was also distinguished by the relatively short 

execution period (from the stage of downloading the 

dataset from available sources to the model 

evaluation stage), where the duration was 

approximately 0.25 hours, indicating the possibility 

of training a larger dataset or extending the data 

duration slightly to achieve the required accuracy for 

any purpose.  

The integration of transfer learning with some 

previous COCO weights is considered one of the 

features of this study, as its integration as an 

Ultralytics enhancement pipeline provides a more 

efficient system for the size used in this study from 

the dataset. 

 

5.4. Practical Deployment Considerations 

 

The variable confidence threshold offers a practical 

method for altering the precision-recall trade-off for 

certain deployment situations without necessitating 

the model to go through retraining. This is 

accomplished without the need for the model to 

change its training. When it comes to high-security 

situations, where it is unacceptable to ignore an 

individual who is not complying with the 

requirements, a fall in the threshold below 0.25 

would result in an increase in recall, but at the 

expense of larger false positive rates. This would be 

the case in situations when the threshold is lower 

than 0.25. An increase in the threshold would result 

in an improvement in precision for settings where 

false alarm fatigue is a primary concern. The 

versatility of the YOLO framework provides a 

number of practical advantages, which makes it 

appropriate for deployment in a variety of 

operational settings. These advantages make the 

framework acceptable for deployment. 

5.5. Limitations 

 

The limited size of the training dataset is the most 

important limitation of this research, which was 

described possible comparisons with the results of 

the training datasets much larger than the one used 

in this study.  

Because the number of images was not adjusted or 

reduced in any way across these categories, an 

imbalance was created as a result of the mismatch. 

This imbalance was because to the mismatch.  

A shortcoming of this work is the use of only five 

training epochs. This was done intentionally to build 

a repeatable model, not to improve performance. 

One restriction of this analysis has to take into 

account the restricted number of epochs that were 

used for training purpose. 

 

6. Conclusions 
 

In this research, the efficiency of a dual mask 

detection approach was evaluated using the deep 

learning application of YOLOv8n. The system was 

created and trained through the phase of data set 

collecting and all the way through the phase of 

model creation. The detected images in the system 

were trained over a small and uniform length of 5 

epochs. Workflow was completed in span of quarter 

of an hour by utilization of Roboflow and Ultralytics 

YOLOv8. 

The YOLOv8n model achieved 74% accuracy for 

the mask-wearing group and 52% accuracy for the 

no-mask category, probably because of the 

difference between the categories. Meanwhile, the 

YOLOv8n model attained the mean Average 

Precision (mAP) of 66.4% according to the VOC 

standard. The experimental representation of 

YOLOv8n is a practical baseline for reproduction 

and iteration, to check the appropriateness of the 

framework for particular needs. The key effort of 

upcoming research should be to improve the training 

dataset, especially the makeup of the dataset to make 

sure that the categories are in balance with each 

other. One might also focus on increasing the 

number of iterations to be trained to achieve the 

required accuracy. It has to be trained on a number 

of various types of resources, such video. 
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