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Abstract 

The COVID19 pandemic and the variants of COVID19 have affected millions of 

people globally. With no effective cure, prevention is the only solution to slow 

down the rapid transmission of the virus. Face masks play a vital role in 

prevention of the transmission. Real time detection of proper face masks is 

crucial in this time. The proposed system helps in identifying proper face mask 

automatically compared to the manual detection. We propose a Localized YOLO 

algorithm in this paper which identifies the proper face masks using following 

two criteria, 1) Nose, Mouth and Chin is fully covered 2) Wearing any other 

object to cover face is detected. The DarkNET is used to focus more on the 

important features of the image. The spatial difference between the prediction 

and ground truth boxes are lowered in this proposed method for increased 

precision in prediction by adopting the GloU loss method. We used the Kaggle 

Face Mask detection dataset containing 853 images, the data set is processed for 

three different categories namely 1)Without Mask, 2)With Proper Mask, 3)With 

Incorrect Mask. The proposed Localized YOLO has good prediction performance. 

The proposed algorithm can be used in real time over a video to detect people 

with incorrect face masks. 
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1. Introduction 

COVID19 break out in the year 2019 has affected tens of millions of people globally. As of 

December 12, 2021 268,549,864 People have been infected worldwide and the total death 

due to the virus is total deaths is 5,287,534. The vaccinations help in slowing down the 

transmission of the virus, nearly 8,324,380,164 people have been vaccinated at least with 

one dose [1]. With new Omicron Variant of COVID19 [2] the threats remain challenging to 

control, the transmissibility rate of the new variant pose a major threat for re infection and 

new infection. WHO recommends proven public health measures such as well fitted face 

masks, hand hygiene, avoiding crowd spaces and getting vaccinated to reduce the risk of 

transmission and infection. At present people have been advised to wear masks properly 

in public places through advertisements and each organization recommends employees to 

wear masks, specially educational institutions needs to be vigilant in ensuring students to 

wear masks properly at all times, manual intervention to check proper wearing of mask is 

in effect. We propose a automated method to detect proper wearing of face mask. 

Computer Vision is a inter disciplinary approach that enables a system to extract meaningful 

information from Digital Images, Video and other forms of Visual Input. Object Detection 

plays a vital role in computer vision by ensuring the scene and context understanding of the 

digital image [3]. Face Mask is an object which can be detected by computer vision 

techniques. Mask detection in a crowded environment plays a vital role, computer vision 

paves a way to do it automatically. 

 

2. Object Detection Techniques – A Review 

Object detection is a major field of research in computer vision, Face Detection, Pedestrian 

Detection, Vehicle Detection, Sign Detection has been widely researched. Face Mask 

Detection is the new hotspot since the outbreak of the pandemic. Wang et al[4] surveys the 

comprehensive review of new developments in Face Detection. 

Object Detection involves taking a digital image as input and locating the presence of the 

object by drawing a bounding box around the object, then come the process of classifying 

the objects in the bounding box. The following deep learning models excel in Object 

Detection. 

  

 YOLO – You Only Look Once 

Joseph Redmon et al[5] proposed seeing object detection as a regression problem and 

illustrated a new model YOLO – You Only Look Once which predict class probabilities and 

bounding boxes by learning the general representation of objects in a single neural 

network there by increasing speed and precision. YOLO has been evolved over the years 

since its first publication in 2016, YOLO9000 in 2016 can detect upto 9000 objects with 

efficient precision. In 

[6] Joseph Redmon et al, claimed that YOLOv2 that is YOLO9000 gets 78.6 mAP, 

outperforming state-of-the-art methods like Faster RCNN with ResNet and SSD. 

  

 SSD – Single Shot Detector 
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Wei Liu et al [7] proposed a single deep neural network which discretizes the output 

space and combines multiple feature maps with varying resolution to produce precise 

bounding boxes. The SSD completely combines all computations in a single network, 

thereby making SSD easy to implement. SSD300 achieves 74.3% mAP at 59 FPS while 

SSD500 achieves 76.9% mAP at 22 FPS. SSD also helps in detecting smaller objects, SSD 

has the ability to handle lower aspect ratio precisely compared to YOLO. 

  

 RCNN - Region Based Convolutional Neural Networks 

Ross Girshick[8] proposed a two stage object detection technique, which involves 

selective Search to extract Region of Interest(ROI) which is then fed to the neural 

network for object detection. The RCNN detects objects present in the rectangular ROI. 

RCNN has evolved over the years with variations such as Fast RCNN, Mesh RCNN and 

Mask RCNN.   ROI Pooling is used in Fast RCNN which uses single neural network to ROI 

identification and object detection. Google Lens[9] uses the RCNN for Object Detection. 

 

3. Proposed System 

The proposed system uses the underlying yolov3 model to find the face masks, but after 

detecting the face masks the localized features of the bounding box is in turn taken into 

account for detecting the three categories of mask wearers 1)Without Mask, 2)With 

Proper Mask, 3)With Incorrect Mask 

  

Implementation 

YOLOv3 uses DarkNET53 which uses 53 convolution layers of network trained on Image 

NET. Image NET [10] is an image data base containing thousands of images organized in 

a word net hierarchy containing only the nouns. Millions of images are annotated by 

hand for object and is categorized in Image NET. The proposed method uses a K Means 

clustering algorithm to generate anchor boxes which reduces the burden on learning 

difficulty. The 9 anchor nodes are generated P0 to P8 which constitutes of 10X10, 20X20 

and 40X40 each with three anchor nodes grouped. The features inside the bounding box 

play a vital role in determining the correctness of the mask in the face. Thus after 

detecting the mask the information of the bounding box is then applied to detect 

presence of nose, mouth and chin in the bounding box area. The visible presence of 

these features indicates that the mask is not worn properly. 

 

The LOSS function in YOLO is formulated (1) as below 

𝐿𝑂𝑆𝑆𝑡𝑜𝑡𝑎𝑙 =  𝐿𝑂𝑆𝑆𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝐵𝑜𝑥 + 𝐿𝑂𝑆𝑆𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 + 𝐿𝑂𝑆𝑆 𝐶𝑙𝑎𝑠       (1) 

 

The loss due to bounding box will affect the scale of targets; the outlying features may 

affect the prediction model. GloU Loss function is used; it is defined as equation (2) 

 

𝐺𝑙𝑜𝑈 𝐿𝑜𝑠𝑠 

𝑎𝑟𝑒𝑎 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 𝑣𝑎𝑙𝑢𝑒) 
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Prediction falls under the following 

1)Without Mask, 

2)With Proper Mask, 

3)With Incorrect Mask 

= 
𝑎𝑟𝑒𝑎 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋃ 𝑙𝑎𝑏𝑙𝑒𝑑 𝑣𝑎𝑙𝑢𝑒) 

𝑎𝑟𝑒𝑎(𝑀𝑖𝑛𝑢𝑚𝑢𝑚 𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝐵𝑜𝑥 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑎𝑛𝑑 𝐿𝑎𝑏𝑒𝑙𝑒𝑑) − 𝑎𝑟𝑒𝑎 (𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 ⋂ 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 

𝑣𝑎𝑙𝑢𝑒) 

− 
𝑎𝑟𝑒𝑎(𝑀𝑖𝑛𝑢𝑚𝑢𝑚 𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝐵𝑜𝑥 𝑜𝑓 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑎𝑛𝑑 𝐿𝑎𝑏𝑒𝑙𝑒𝑑) 

The GloU loss function helps in achieving maximum precision by eliminating outliers. 
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               Figure 1: Implementation Architecture of Proper Face Mask Detection 

 

The distribution of labels in the data set is shown in figure 2. Three colored 

bounding boxes are used for differentiating three different classes of detection, red 

is used for No Mask, Green is used for Proper Mask and yellow is used for Incorrect 

Mask. The anchor nodes helps in selecting the random images for each training 

epoch. 

 

As the layers of the network increases, the convergence occuring in the network will 

cause degradation. The precision gets 
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exhausted. Training error occur in deep neural models, degradation and exhaustion 

indicates that system is not easily optimized. In DARKNet53, the layers are explicitly 

made to fit the anchor nodes found using K Means, thereby decreasing the precision 

errors considerably. 

 

 

Figure 2: Distribution of Labels in the Data Set 

 

 Experimental Results and Discussion 

The experiments were conducted in a tensor flow deep learning framework, in 

google colab environment. The initial learning rate is set at 4 X e-5 gradually the 

learning rate is increased to 1 X e-1. The Kaggle data set[11] has 853 images with all 

three categories of images 1)Without Mask, 2)With Proper Mask, 3)With Incorrect 

mask. The dataset is split into training data containing 550 images and to test the 
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remaining 303 images are used. The figure shows the 3 different outputs. 

Figure 3: Output with all three classes 

 

 
 
 

Figure 4: Loss and Accuracy plot in Anchor Nodes 0 to 9 

 

         Future Work and Applications 

Ranjith et al [12] suggesting a way to recognize action from surveillance videos, the similar 

approach can be used for surveillance of incorrect mask wearers in a public domain. Jiang at 

al [13] recommends a real time system where entry can be restricted on accounts of incorrect 

or no mask classes. Figure 5 represents an application architecture based on [13], which uses 

a camera and a Raspberry pi, Arduino controlled door. The camera captures the video and 

from the video automated mask detection is done, if the mask is properly worn then the door 

is opened else a notification is shown. This application is theoretically concluded for 

implementation in schools and colleges. 

 

   Figure5: Proposed Application Architecture 
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4. Conclusion 

The COVID19 pandemic is challenging to control, the recommended precautions [14] 

suggests that the mask plays a vital role in controlling the transmission. A system which 

detects mask automatically will help in reducing the manual labor. The proposed 

application architecture figure 5 can be implemented in organizations. There is always a 

room for optimizations in terms of data set annotations and prediction precision, which 

can contribute to safety measures. 
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