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INTRODUCTION
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The COVID-19 pandemic has disrupted in-person activities all around the globe due to the
highly contagious characteristic of the disease. SARS-CoV-2, commonly known by the public
as the coronavirus, can be spread to other individuals who are in close contact with an
infected person. As a result, many governments implement various measures to curb the
spread of the virus. One of them is by mandating the use of face masks in public settings.
Previous studies have shown that the use of facemasks is effective in preventing transmission
of the coronavirus (Chu et al., 2020; Wang et al., 2020). Widespread use of facemasks has also
been proven to mitigate the spread of COVID-19 in multiple countries, such as Hong Kong
(Cheng et al., 2020) and the United States (Lyu &Wehby, 2020).

Unfortunately, there are groups of people who refuse to wear a face mask despite
government mandates. Researchers from Brookings found that 20% of Americans do not
wearmasks in public (Vargas & Sanchez, 2020). Out of these respondents, approximately 40%
believe that it is their right as a citizen to not wear a mask. The other 24% of the respondents
do not wear a mask because it is uncomfortable. Indonesia also faces a similar problem,
albeit to a lesser degree. In Bali, for instance, foreign visitors are often foundmaskless despite
the mandatory rule by the government (Sanders, 2021).

Therefore the government needs a mechanism to monitor the use of face masks in public
places. The existing rules will not be effective in keeping the population safe during the
pandemic if the government cannot detect those who do not obey the health protocols.
Several countries have implemented different mechanisms tomonitor the use of facemasks.
For example, Dubai uses drones to detect various types of violations, including not wearing a
mask in public. Until May 2021, the Dubai Police have fined 518 people for not complyingwith
the mask mandate (Al Shouk, 2021). China has also installed sensors at subway entrances to
detect passengers who are not wearing masks (Bloomberg, 2020).

We can see that many governments have started using face-mask recognition to help them
monitor compliance. However, unfortunately, this technology is still not widely used in
Indonesia. Moreover, when the detection system is implemented, there is still much room for
improvement. The city of Semarang, for instance, has implemented face mask detection
technology onmultiple CCTVs. The government also provides statistics on howmany people
are detected for not wearing masks, among many others. However, the statistics raise a
concern on its accuracy as we foundmany consecutive days where the number stays at zero.



Therefore, this research aims to build a
model that can detect the use of face
masks more accurately. We have
considered several areas of improvement
in building our model. First, we want to
minimize duplicate identifiers by using
person re-identification. This would
address the problem of inflated statistics
due to multiple counting of one person
who re-enters the frame .Second, we also
want to detect improper use of face masks.
In this case, people who do not wear a
mask properly (i.e., not covering their
nose) will be labeled as "not wearing a
mask". Lastly, we aim to build a model that
can be implemented on low-resolution
images. Public surveillance cameras often
produce small and blurry images,

making it more challenging to identify
faces, let alone face masks. Therefore, it is
crucial to ensure that the model can be
applied to low-resolution images and still
produce an accurate result.

The next part of this paper will discuss
previous works on face mask detection.
The next part will elaborate on the datasets
that are being used for this research. The
proposed model, which includes face
detection, face mask detection, object
tracking, and re-identification will be
explained afterward. The accuracy rate and
the limitations will then be discussed to
evaluate the proposed model. The last part
will summarize the result and provide
recommendations for future research.

PREVIOUS WORKS

In populated areas, the use of automation
and machine learning would ease the
monitoring of health protocol. There have
been numerous attempts in the research
on face mask detection since WHO
declared Covid-19 as a pandemic in 2020.
Previously, face mask detection
technology usage was focused on
improving the machine's ability to detect
faces with occlusion. In their research,
Wen et al. (2005) used Gabor filters to
produce cues of facial features which are
then processed using geometric analysis
algorithms to detect the existence of face

masks. The research aimed to give an early
warning system through surveillance to
heighten awareness upon having such
detections.

The research on face mask detection is
accelerated by improving machine
learning technologies and the urgency of
such research during the pandemic. Due to
the importance of processing speed in live
detection systems, Singh et al. (2021) use
YOLOv3 and faster R-CNN in their model to
classify two categories for images of faces
that are with or without a mask in videos.
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The authors expressed the research difficulties due to the existence of multiple camera
angles that causes misclassification from the model. Hence, in their research, they used
~7500 images from MAFA, WIDER FACE to train over the model with an additional custom
dataset taken from theweb. The result shows that YOLOv3 has an average precision of 55 and
inference time of 0.045 s, while Faster R-CNN has an average precision of 62 and inference
time of 0.15 s. The tradeoff between precision and time spent is a recurring themewhere this
will become relevant depending on the implementation of the technology, e.g., live monitor
or post-event monitoring. The research highlighted the use of bounding boxes from the raw
surveillance data and then classifying the retrieved facial image using models with short
classification time.

Additionally, further progress has been launched by Rios et al. (2020) from Tryolabs where 2
other models were tried, namely the MobileNetV2 and BiT-M model; both are pre-trained
models from Google. Their research also uses a similar workflow which is to find the
bounding box to detect faces from the surveillance image and then classify them using the
models. Additionally, this research addressed the common friction in public surveillance
situations where the images used as an input are of low quality, varying sizes, and at different
angles. Realizing the difference between the available dataset and practical solutions, they
collected another 200 images for each category of mask and nomask. The main procedure is
also reinforced with the tracking ability of the model using Kalman filter that allows it to
detect the existence of the samepersonwithin the video taken. Their research concluded that
using the existing pre-trained model resulted in a validation accuracy below 75%, which in
the case of a binary classifier is still close to randomness, i.e., 50% accuracy.

Graph 1.Amazon’sbusinessmodel canvas.1

Sample augmented dataset used
to train the model by Rios et al.
(2020) which contains images
which are present in practical

conditions.

Source: https://tryolabs.com/blog/2020/07/09/face-mask-
detection-in-street-camera-video-streams-using-ai-behind-

the-curtain
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Sample result from Rios et al. (2020) in which the classifier score tends
to 0 for no masks, 50 for undecided, and 100 if mask is detected.

Source: https://tryolabs.com/blog/2020/07/09/face-mask-detection-in-street-camera-video-streams-using-ai-
behind-the-curtain

Rios et al. then uses the CIFAR dataset along with the BiT-M model since its images have
similar characteristics as the practical condition, being a dataset that contains low-resolution
images. Additionally, the researchers use aggressive augmentations on the train and test
dataset through means of random rotations, translations, and color jittering. The research
concluded that the method above "generalizes much better to other unseen images", hence
the final test accuracy of ~96%. The limitation of the model is that it shows better results when
both eyes of the detected face are visible. Possible improvements mentioned by the
researchers include a more robust model towards head rotation, increasing a category
towards faces with misused masks, and person re-identification given the same person re-
enters the video. These are the features that we will try to improve in our research.
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DATASETS

In this research, we use 5 different datasets to train our model :

1. CrowdHuman

This dataset consists of 24.370 images
and 470.000 human instances from highly
crowded environments with various kinds
of occlusions (Shao et al., 2018). This
dataset is used to train the YOLO model
to detect the face and human body.

This dataset is collected from
different resources and applied data
augmentation, consisting of 5521
mask and nomask images,
respectively.

5. Neuralet

Neuralet provides two kinds of datasets. The first one is Extended Synthetic Dataset,
consisting of 10.881 mask images and 11.560 nomask images, while the second one is
50.000 synthesized mask images from the CelebA dataset. These datasets are used to
train the face mask model.

4. Realtime Medical Mask Detection3. Real-World Masked Face Dataset (RMFD)

This dataset consists of 5000 faces with
masks and 90.000 faces without masks that
were crawled from the website (Wang et
al., 2020). In this research, we only use the
dataset of masked faces.

2. Flickr-Faces-HQ (FFHQ)

This dataset is a high-quality image
dataset of human faces collected from
Flickr and consists of 70.000 images.
This dataset offers a lot of variation in
terms of age, ethnicity, and image
background (Karras et al., 2019).

Table 1. Total number of images based on the dataset and image type

Datasets

Real timemedical mask 5,521 5,521 11,042

CrowdHuman 24,370 24,370

Neuralet 60,881 11,560 72,441

RMFD 5,000 5,000

FFHQ 70,000 70,000

Total 24,370 71,042 87,081 182,853

Face Images Mask Images No Mask Images Total
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PROPOSED MODEL

The proposedmodel includes 4 main components: face detection, face
mask detection, object tracking, and person re-identification.

We use the YOLO v4 model to detect faces and the human body. This YOLO v4 model was
trained on a customized Crowdhuman dataset. Crowdhuman dataset originally contains 3
different types of annotations: head bounding box, human-visible region bounding box, and
human full-body bounding box. Our proposed model requires a face bounding box and
human full-body bounding box. Since the Crowdhuman dataset does not have annotation for
the face bounding box, we replaced the head bounding box with a face bounding box by
detecting faces in the Crowdhuman dataset with TinaFace model (Zhu et al., 2021).

Source: https://www.crowdhuman.org/

1. Face Detection

CrowdHuman
Dataset

Detect
Faces

Face
Annotations

Replace head
annotation with
face annotation

Train customized
CrowdHuman

dataset with YOLO v4

Image with head
annotation

Image with face annotation
from TinaFace

Source: https://www.crowdhuman.org/
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For the face mask detection, we fine-tuned the Big Transfer Model (Kolesnikov et al.,
2020) on a dataset from different sources. This dataset was preprocessed by resizing
the images into smaller ones to replicate the images from a surveillance video.

Preprocessed
images

We used the Simple Online and Realtime
Tracking (SORT) model to do object-
tracking. SORT is a pragmatic approach to
multiple object-tracking with a focus on
simple, effective algorithms (Bewley et al.
2016). Bounding box position and size are
used in SORT for motion estimation and
data association.

2.

3.

Face Mask Detection

Object Detection

Face Mask
Dataset

Image
Preprocessing

Fine Tuning with
Big Transfer
model

Face Mask
Model

Face images from
surveillance camera

89.14
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The SORT model has limitations, such as ID switching. In order to overcome this problem, we
also applied person re-identification. We are using Torchreid for person re-identification.

With those being said, the main contributions of this work are:

We tested our model on a public surveillance camera from Semarang. In particular, we were
using the surveillance camera in Pasar Pedurungan (Pedurungan Market). There are 16
cameras installed in Pasar Pedurungan, Semarang. Based on our consideration of the camera
angle, the amount of people passing by, and clarity of the image, we decided to choose the
Pedurungan 12 camera. The video was taken on September 10th 2021, with the duration of 10
minutes.

4.

1

Re-Identification

Data Sample

We have built a face mask detection system for low resolution images.

In addition to face detection, we have also implemented object tracking and person
re-identification into our model.

RESULTS

1

2

2 Comparisons of accuracy rate

For the baseline model, we used Dlib for face detection, Big Transfer model for face mask
detection, and Deep-Sort for object tracking.

We compared the baseline model with 3 other models. The first model used Deep-Sort as the
object tracker and did not apply person re-identification. The second model employed Sort
for object tracking and applying re-identification. While the last model only used the Sort
model without person re-identification.

Table 2 shows the accuracy for detecting face masks. The Sort model achieved the highest
accuracy with an accuracy of 0.82.

Video
Sample

Detect face and
human body with

YOLO v4
Detect Face

Mask
Object Tracking

with SORT
Person

Re-Identification
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The Dlib Deep-Sort model has the lowest
accuracy with 0.59. While the other two
models have a slight difference in accuracy
with 0.76 and 0.77 for Deep-Sort model and
Sort with Re-ID, respectively. Except for the
baseline model, all models utilized the same
model for face detection and face mask
detection. Choosing the right face detection
model will affect the overall accuracy. As
shown in the results, theDlib Deep-Sortmodel
and Deep-Sort model have a 0.17 difference in
accuracy.

In addition to detecting whether a person is wearing amask or not, we also want to count the
number of people who wear masks by applying object tracking. We evaluated two different
algorithms for object tracking; Deep-Sort and Sort. These algorithms track a person based on
the bounding box coordinates and by not considering the object in the bounding box. Thus,
it has several limitations, such as assigning the same person with multiple IDs and assigning
one ID to multiple persons. In order to overcome these problems, we also applied person re-
identification.

In Table 3, Predicted ID is the number of people tracked by the object tracker and Actual ID is
the actual number of people detected. The DLIB Deep-Sort model has the lowest number of
Actual ID, with 27 persons detected, while the Sort model is the highest with 38 persons
detected. Except for the DLIBDeep-Sortmodel, the othermodels used the same face detector,
but they have different numbers of Actual ID. This is because not all of the detected persons
are assigned to an ID by the object tracker.

As shown in Table 3, the Deep-Sort model has the highest number of Predicted ID, but is the
lowest in accuracy. It means that many people are assigned with multiple IDs.

Model

Sort 0.82

DLIB Deep Sort 0.59

Deep Sort 0.76

Sort with Re-ID 0.77

Accuracy

Table 2. Face Mask Detection Accuracy

Table 3. Person Identification Accuracy

Model

Sort 38 55 0.69

DLIB Deep Sort 27 37 0.73

Deep Sort 35 66 0.53

Sort with Re-ID 31 42 0.74

Actual ID Predicted ID Accuracy
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CONCLUSIONS

The models that we offer in this paper, especially Sort and Sort with Re-ID, could become an
option for face mask monitoring. We considered several elements, such as face instead of
head detection, the differentiation between proper and improper use of face mask, object
tracking, and person re-identification, and the applicability of the model for low-resolution
images. We also measured the accuracy of our model as we want the detection system to
provide reliable statistics. The accurate number of people who comply and do not comply
with the health protocol, in this case face mask use in public, will be useful for the
government to evaluate their policy (Descoins in Yan, 2020). Therefore, facemask recognition
technology may become an important tool to mitigate the spread of a pandemic.

However, as mentioned above, our model still has some limitations. Future research may
improve the model by decreasing the running time and improving the object tracking and
person re-identification. Another area of improvement would be the accuracy of the
detection, as we still identify some inaccurate detections in our data. Researchers may also
discuss the downsides of face mask recognition, especially in regard to privacy and bias (e.g.
gender, racial, and cultural) in the algorithm.

The Sort model is better than the Deep Sort model since it has a lower number of Predicted
ID, with 55 IDs and accuracy of 0.69. By applying person re-identification, the accuracy of the
Sort model is increased from 0.69 to 0.74. DLIB Deep Sort and Sort with Re-ID models have a
slight difference in accuracy, but the DLIB Deep Sort model has the lowest number of Actual
ID and Predicted ID. Based on Table 2 and Table 3, there is a trade off between the face mask
detection task and the people counter task. Among four models that have been evaluated,
none of the models have the best performance in both tasks. Sort model achieved the best
performance in face mask detection, but has lower performance than Sort with Re-ID for the
people counter task. In contrast, Sort with Re-ID has the highest accuracy in counting the
number of people but has lower accuracy in face mask detection.

There are several limitations in our proposed model. Our model has four main components:
face detection, face mask detection, object tracking, and person re-identification. It has a
long-running time and is not suitable to run in a realtime scenario. The second limitation,
even though we have added person re-identification to reduce the number of ID switching
and multiple IDs, improvement in object tracking and person re-identification is still needed
to count the number of people wearing or not wearing a mask.

3 Limitations
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