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The global pandemic known as COVID-19 puts huge pressure on researchers to use technological solutions to 
provide further protection mechanisms. Face masks are one of the most important protection mechanisms 
among other health protocols. This study detects the wearing mask classification problem using four CNN 
models: VGG16, ResNet50V2, IncptionV3, and MobileNetV2 based on the Transfer Learning and also makes 
a fair comparison among their performance. The proposed models enhance the classification of wearing masks 
into three classes; without the mask, the correct wearing of the mask, and not the correct wearing of the mask. 
The four-transfer learning models of CNN architectures were used to train, test, and validate based on the 
image dataset. The results reveal that the proposed models have performed the classification task to detect the 
condition of wearing a mask. VGG16, ResNet50V2, and MobileNetV2 models achieved the same accuracy 
level of 99%, while the IncptionV3 achieved a little bit lower accuracy at 97%. 
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1. Introduction 
 
Preventive measures in serious cases such as the spread of epidemics and infectious diseases are one of the most 
important means to be followed to reduce and control the situation. The process of wearing face masks is a low-cost 
and very effective precautionary measure in preventive cases, as we witnessed recently in the Covid-19 pandemic. 
Given the seriousness of the situation, governments and global and international health organizations have obliged 
people to wear masks. This process was accompanied by common mistakes in the process of wearing the mask, 
whether intentionally or unintentionally, and for the purpose of controlling the matter, researchers and engineers 
built smart models that have the ability to monitor and classify people on the basis of wearing a mask [1]. Assigning 
humans to the process of enforcing and following people who wear a mask has a very high cost, especially in a 
crowded public place. Fortunately, it is possible to employ technology as a replacement for humans. Around 
December 2019, a new coronavirus disease (COVID-19) was discovered in Wuhan, China (Hubei Province), and it 
has been spread to many other nations. Following the World Health Organization's (WHO) declaration of COVID-
19 as a pandemic on 11 March, 2020, some nations implemented measures like limiting international travel [2]. The 
mask-wearing check system should be implemented right once to replace this new work with computerized, 
unsupervised work. It was anticipated that introducing this would lighten employees' workloads. The mask-wearing 
check system allows us to carry out mask-wearing activity at a lower cost while maintaining higher quality and 
accuracy. So, Artificial Intelligence (AI) can be defined as a computer system that can handle a large amount of data 
to perform tasks such as image classification, and decision-making [3]. In this digital age, AI plays a crucial role in 
the medical field due to its ability to cope with large clinical data [4]. Furthermore, deep learning is defined as part 
of a large group of methods of neural networks and is also known as representative science [5]. 
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The rationalization of using preventive measures to reduce infection with the Coronavirus or any infectious diseases 
through the respiratory system is our first motivation in presenting this study. The unexpected COVID-19 outbreak 
has severely damaged both the health system and the global economy [6, 7] and put several countries in a vulnerable 
position. To lessen the impact of the epidemic, governments all around the world started to educate their citizens about 
the importance of health protocols. Warn the face mask is one of the most crucial health precautions. Despite the 
noticeable decline in the impact of the Coronavirus, we, as researchers, must continue to develop various ways to be 
ready in the event of a repeat of the 2019 scenario. 
 
Many smart models can identify people who do not wear face masks, but the main problem is the people who do not 
wear the mask correctly, as they leave a part of the nose or mouth exposed. Wearing a mask this way is an unintended 
misleading of the devices, as they classify them as wearing masks. In this research, we aim to adapt models so that 
they can solve this issue.  
 
In this study, we presented four deep learning pre-trained models of Inspectionv3, MobileNetV2, ResNetV2, and VGG-
16. At the same time, we used a large number of images of people wearing the face mask incorrectly to train the 
models. Also, we fed models with the images of both wearing the mask correctly and not wearing it at all. The aim of 
this study is to record a higher performance among the four used models on the face mask classification problem. 
 
2. Related Works 
 
This section offers a non-exhaustive sample of works published on the face mask detection problem. We have 
selected several studies that dealt with the same deep learning models that we intend to use in this paper.  
 
Sommana and Kitiyakara [8] presented a two-stage face mask detection problem. The first stage extracts the head 
region from the total body image by using the joint of PyramidKey and RetinaFace algorithms with ResNet50, 
MobileNetV11.0, MobileNetV20.25 and MobileNetV21.0 backbone models. The second stage classified the faces 
they wore the masks or not based on MobileNetV2. AIZOO and Moxa 3K were used as benchmarks datasets; both 
were labeled to two classes wearing and not wearing masks with a respectable number of images. The model 
achieved high results with AIZOO dataset while the results were extremely poor with Moxa 3K dataset because of 
unbalancing between these two classes. Then, they made a fair comparison with state-of-art methods results which 
demonstrated the high performance of the PyramidKey-MobileNetV11.0 model by achieving F1-score accuracies 
of 95.07 in the without mask class and 95.79 in the wearing mask class. 

 
Farady et al. [9] proposed a model that combined both mask detection problems and head temperature using a deep 
learning detection approach. The project involves; reducing the spread of coronavirus infections, checking the 
people who enter public places for wearing masks, and having head temperature in real-time. Three modules were 
presented in this study: 1) object detection for detecting the 3 positions of the mask-wearing (with mask, without 
mask, or incorrect mask). 2) Head temperature detection with one class classifier to detect the head position. 3) 
Combine model gathering the two modules. The first two modules depended on One-stage object detection 
RetinaNet, this backbone network used ResNet50 as a convolutional neural network to extract the important features 
from input images. The results show a confidence score of 81.31% for real-time videos. Expanding the dataset by 
adding more training and a variety of thermal head or facial photos are suggestions for future work.  

 
Han et al. [10] presented a single-shot detector (SSD) that is used for mask detection in a supermarket for the 
substantial risk of infection in these crowded spaces. The paper's contribution can be summarized as using SSD to 
improve the speed of real-time detection, proposing a Feature Enhancement Module (FEM) for smaller object 
detection, and construction of a large-scale image dataset. VGG-16 network was used with a lightweight backbone 
to ensure rapid detection of small objects. 
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Joshi et al. [11] provided a deep learning-based method for finding facial masks in videos. The suggested framework 
makes use of the Multi-Task Convolutional Neural Network face detection model to recognize faces and the facial 
landmarks that correspond to them that are visible in the video frame. A neoteric classifier uses the MobileNetV2 
architecture as an object detector for finding masked regions to analyze these facial images and cues. The suggested 
framework was evaluated using a dataset made up of films documenting how individuals move about in public areas 
while adhering to COVID-19 safety standards. The proposed method achieved 86.6% accuracy and 87.8% recall.   

 
Rahman et al. [12] suggested simulating a smart city and how to monitor and deal with people who do not wear masks 
in light of the Corona pandemic. The process begins with creating an integrated network of monitoring devices to 
monitor the movement of people. All captured videos are analyzed by systems connected to the network. This system 
is a smart device that has the ability to distinguish between people wearing face masks or not. The basic design of the 
smart models is based on a convolutional neural network, which consists of 17 layers, including 6 bypass layers while 
it was trained on an image dataset extracted from multiple websites. The result shows high accuracy, 98.7%, for 
distinguishing a mask-wearing person from a non-mask-wearing person. 

 
Li [13] classified the wearing mask cases into three classes: not wearing a mask, wearing a mask, and not wearing a 
mask correctly. Two different datasets were used in this research, and the accuracy of the first test was 94.52% by 

using the InspectionV3 model while the second test achieved 96.68% after preprocessing operations.   

 
3. Methodology 
 
This study aims to employ the CNN pre-trained models: IncpectionV3, MobileNetV2, ResNet50, and VGG-16, for 
classifying the people into three groups wearing a mask, not wearing a mask, or wearing a mask incorrectly. As shown 
in Figure 1, in the first stage we load the images, then increase the image numbers with the augmentation method. 
The second stage is adjusting the weights of constructed models by the Transfer Learning (TL) layer. The criterion 
on which this paper is based is to know the highest prediction that can be achieved among the models used. The data 
was separated into 80/20 splitting rates for all used models for the training phase. During the training, models tuned 
their weights based on TL, while the evaluation step pushed the model's foreword to get more suitable weights. In 
the end, the classification step was executed to classify the classes. 

  
Figure 1. Illustrate the diagram of this study. 

 
A. Inception-V3: 

 
The model is known without changing the structure, as the model consists of groups that each hold different numbers 
of convolution layers, MaxPooling layers, and dropout layers, fully connected layers, as well as the output pass 
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through the SoftMax (Figure 2). We used TL InspectionV3, where the weights have already been trained using 
ImageNet dataset. The model structure consists of a cover of transferred learned InspectionV3, average pooling, a 
flattened layer, and two dense layers. The cover ran once with the first epoch to tune the weights of the total model 
then the head of the constructed model was placed on top [14]. The convolution layers were used for feature extraction 
from images the MaxPooling layers were used during the extraction operation to reduce the high demotions of 
extracted features. Also, drop out technique was used to prevent over fitting, where 5% of the network weights were 
dropped for each iteration. In the last stage, we used a dense layer with SoftMax regression equation and three output 
classes for classification issues. 

 
Figure 2. Explain the IncptionV3 design [14]. 

 
B. MobileNetV2: 

 
We used a MobileNetV2 pre-trained model by ImageNet dataset as a base network and then replaced the 

base network's top layer with a convolution layer and a SoftMax classifier. We applied dropout to reduce overfitting 
and used Adam Optimizer with a very low Learning Rate (LR), 0.0001. The pre-trained MobileNetV2 was used to 
extract features and tune the value of weights. SoftMax classifier was used to classify features. We trained this new 
model in two stages using Adam Optimizer of different LR. The constructed model layers with iterations are 
illustrated in Table 1.  
 

Table 1. The constructed model of MobileNetV2. 
Iterations No. Used layers  

For the first iteration  MobileNetV2 network pre-
trained by ImageNet 

For all iterations  Conv2D 
AveragePooling2D 
Flatten  
Denes(128) 
Dropout (0.5) 
Denes(3) 

 
C. ResNetV2: 

 
As a base network, we used a ResNetV2 model that had been trained on the ImageNet dataset. The top layer of the 
base network was run once in the first iteration then it was replaced with the constructed model layers and a Softmax 
classifier. To lessen overfitting, we applied a dropout of 0.5 averages while we used Adam Optimizers with a small 
L.R., 0.0001. The entire framework is illustrated in Table 3. 
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Table 2. The constructed model of ResNetV2. 
Iterations No. Used layers  
For the first iteration  ResNetV2 network pre-

trained by ImageNet 
For all iterations  Conv2D 

AveragePooling2D 
Flatten  
Denes(128) 
Dropout (0.5) 
Denes(3) 

 
D. VGG19: 

 
We used a VGG19 trained on the ImageNet dataset as our foundation network. A common convolution layer and a 
Softmax classifier were added to the base network's top layer to replace the original structure, as the model structure 
was listed in Table 3. We simultaneously added dropout to the recently introduced conv2d to reduce overfitting. The 
pre-trained VGG19 and the Softmax classifier were used for feature extraction and classification, while 0.0001 
training rate was used. 
 

Table 3. The constructed model of VGG-16. 
Iterations No. Used layers  
For the first iteration  VGG-16 network pre-trained 

by ImageNet 
For all iterations  Conv2D 

AveragePooling2D 
Flatten  
Denes(128) 
Dropout (0.5) 
Denes(3)  

 
4. Experimental Study 
 

A. VGG19: 
 
The usage dataset was collected from Kaggle [15]. The final blend includes 8982 images divided into three subfolders: 
correct mask, incorrect mask, and without mask, each folder holds 2994 images of people that belong to such a labeled 
class. All images are in RGB colors and PNG format, while the images' sizes varied (higher or lower than 
(256Px*256Px)), as shown in Figure 3. The data were preprocessed before feeding it to the model: we reshaped the 
dimensions of the images to be (128Px*128Px*3) which reduced the images' sizes smoothly without affecting the 
features and lowered the computations and complexity. On the other hand, while 15% of the dataset remained original, 
20% of the dataset was rotated, 15% was zoomed, 20% was shifted to the left, and 20% was shifted to the right.  
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a b c d 

Figure 3. Sample Images from dataset usage, a: wearing mask incorrectly, b: wearing correctly, c: without 
mask, d: wearing incorrectly.   

 
B. Evaluation Metrics: 

 
There are several metrics extracted through the confusion matrix to evaluate the machine learning models' 
achievement. In this study, we evaluate the presented models by the most common evaluation metrics: Accuracy, 
Recall, Precision and F1-score. 
 
Accuracy is the most often used parameter for assessing classification performance. This measure computes the 
proportion of properly identified samples and is represented by Equation (1) [16]. 
 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ൌ  
்ேା்௉

் ା ி
                    (1) 

 
Where TP is the True Positive, TN is the True Negative, T is the total True (True Positive and True Negative together) 
and F total False (False Positive and False Negative together). 
 
The Recall or sensitivity refers to the rate of true positive to the positive classes’ samples that are appropriately 
labeled. Equation 2 shows the Recall mathematical representation:  
 

𝑟𝑒𝑐𝑎𝑙𝑙  ൌ  
்௉

்௉ ା ிே
                     (2) 

 
Precision could be the opposite of Recall, where it deals with negative values i.e refer to the rate of the true negative 
to the negative classes samples that are appropriately labeled or how can the model detect the negative instances. 
 

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  ൌ  
𝑇𝑁

𝑇𝑁 ൅ 𝐹𝑃
                      (3) 

 
The last common measurement metric is F1-score which extracting from the values of Recall and Precision. Perfect 
score of this parameter means that the model leads the positive class; the equation of F1-score is shown below. 
 

𝐹1 െ 𝑠𝑐𝑜𝑟𝑒  ൌ 2 ∗  
௣௥௘௖௜௦௜௢௡ ∗ ௥௘௖௔௟௟

௣௥௘௖௜௦௜௢௡ ା ௥௘௖௔௟௟
                    (4) 

 

C. Experiment: 
 
The training was done only for the classification model using the generated dataset, 30 epochs were carried out on 
80% of the dataset as training samples and 20% as validation samples. Augmentation was preprocessed by randomly 
flipping, rotating, and zooming. We used the categorical-cross-entropy loss function was used during the model's 
compilation. All experiments were conducted using a high-performance P.C., Acer NITRO version core i5 which 
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was adapted for running the codes with GPU computations by NVIDIA GEFORCE RTX 3060 with 6 GB and 16 GB 
memory.  

 
D. Results: 

 
Based on the selected metrics, the performance of InceptionV3, MobileNetV2, Resnet50v2 and VGG19 
models has been calculated and listed in Table 5. We showed the accuracy and loss error of the four TL models for 
train and testing in Figure 4. We evaluated the success of models using accuracy, precision, Recall, and F1-score, as 
well as taking the execution time into account for each model. In Table 5, all models achieved extremely high 
accuracies, 0.99, except the Inspection model, which obtained 0.97. VGG-16 outperforms other models, which 
achieved 1.00 in each of the precision of the correct class, Recall and F1-score in the incorrect mask class. The 
ResNetV2 model got a good result compared with the MobileNetV2 and VGG-16 models but with exceptionally long 
execution time since its model construction has a huge complexity. We also detected that the weakest results were 
recorded in the precision column of the incorrect mask class. The reason is the difficulty of seeing the small visible 
parts, especially in the remote images captured (Figure 3.d). Table 4 shows the accuracy of the three models, 
MobileNet-V2, ResNet-V2, and VGG-16, which have achieved 99% outperforming InceptionV3. MobileNet-V2 has 
outperformed the other models regarding the run time achieving 544.7 sec., followed by the InceptionV3 with 559.32 
sec. and 640.3 sec. for VGG-16, with the worst run time of 953.26 by the ResNet-V2. Hence, according to the 
accuracy and running time, the MobileNet-V2 outperforms the other models (Inception-V3, ResNet-V2, and VGG-
16). Eventually, this section proves the performance evaluation of the models with reliable methods recommended. 

 
Table 4. Experiment results of the four deep learning models with TL, Acc. refers to (accuracy). 

Methods 

Calc
ulati
on 

Tim
e in 
seco
nd 

Ac
c. 

Correct-Mask Incorrect-Mask without-Mask 

Precis
ion 

Rec
all 

F1-
score 

Precis
ion 

Rec
all 

F1-
sco
re 

Precis
ion 

Rec
all 

F1-
score 

Inceptio
nV3 

559.
32 

0.9
7 

0.97 0.91 0.94 0.93 0.97 
0.9
8 

0.97 0.99 0.98 

MobileN
etV2 

544.7 0.99 0.99 0.98 0.98 0.98 0.99 
0.9
9 

1.00 0.99 0.99 

ResNetV
2 

953.
26 

0.9
9 

0.99 0.98 0.98 0.98 0.99 
0.9
9 

0.99 0.99 0.99 

VGG-16 640.3 0.99 1.00 0.98 0.99 0.98 1.00 
1.0
0 

0.99 0.99 0.99 
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Figure 4. The loss and accuracy graphic of the four models. 
 
 
5. Conclusion 
 
In this paper, we used the ResNet50V2, InceptionV3, VGG-19 and MobileNetV2 models as our baselines. We 
compared the classification performance accuracy and the running time beside to the recall, precision and f1-score 
on mask-wearing problems. According to Table 5, all the proposed TL models achieved high accuracy. We used the 
adaptive optimizer with the smallest LR value, 0.0001, while all models used 30 epochs and 32 batch sizes. The 
training was done only for the classification model using the generated dataset. 30 epochs were carried out on 80% 
of the dataset as training samples and 20% as validation samples. The models classified 8982 images from three 
classes: correct mask, incorrect mask and without a mask, each consisting of 2994 images. VGG-16 achieved the 
highest result, followed by MobileNetV2 and ResNet50V2, while InspectionV3 came in the last. The results in the 
three pre-trained models prove that the TL model can be used in mask detection problems. In the future, we suggest 
focusing on increasing the accuracy of the classification in relation to the incorrect wearing of the mask, by increasing 
the number of remote images of people wearing the mask incorrectly. 
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