






















































2.3.3 Faster Region CNN (FRCNN). 

The faster R-CNN object detection network consists of a feature extraction 

network which is usually a pre-trained CNN, like the one used for its predecessor. Next 

are two subnets that can be trained. The first is the Area Recommendation Network 

(RPN), which as the name suggests is used to generate entity recommendations and the 

second is used to predict the actual class of the entity. So, the main difference for Faster 

R-CNN is that the RPN is inserted after the last convolutional layer. This is formed to 

give direct regional recommendations without any external mechanism like selective 

search. We then use the aggregation of the ROI and the same upstream classifier and 

the same bounding box regression as Fast R-CNN. Figure 2-3 below shows a Faster 

RCNN works by getting the whole image of an object and produces a feature map for 

object detection. 
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Figure 2-3 The Operation Of Faster RCNN in Image Detection 

FRCNN uses a reg10n recommendation network named CNN to generate 

bounding boxes for the target object. This algorithm uses anchor boxes to vary its 

ability to detect objects with different aspect ratios. They are then passed through 

several grouping classes to obtain a classifier image. FRCNN is 10 times faster than 

Fast RCNN with similar accuracy [ 13]. As for the drawbacks of the Faster RCNN, there 

might be a small target size that Faster R-CNN cannot detect, which makes the 

detection rate relatively low [ 14]. 
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2.3.4 Conclusion from various object detection model 

Based on the literature review that has been done, it is quite a difficult to choose 

which object detection model is the best for the system. Based on [ 13 ], The choice of 

object detection and recognition model depends on the target application. An 

application that requires more precision but no time, FRCNN will be the best choice. 

The results from the study that has been made are as table 2-1 below [13]: 

Table 2-1 Comparison Between YOLO, SSD and FRCNN 

Object detection model 

YOLO SSD FR CNN 

Frame per second 1.57 3.98 1.39 

(FPS) 

Runtime (ms) 12.68 16.341 25.943 

Probability of detection 95% 97% 100% 

From the table, SSD gives better FPS than YOLO and FRCNN. YOLO turned 

out to be the fastest model out of the three. The FRCNN model provides more accuracy 

than the YOLO and SSD models. Each model has their very own advantage. As the 

study has stated that The YOLO model proves to the fastest and easiest of three models 

[13]. So, the object detection model chosen for the system is the YOLOv5 as it has the 

fastest runtime and easiest configuration among the others. The percentage of 

probability of detection is still high (95%), so it is considered acceptable. 

25 



2.4 Related works 

The last criteria that have been looked into before constructing the system is the 

study on existing related works. By doing this, knowledges on systems that has already 

been done can be obtained. This part of study will also give ideas on what to improve 

from existing systems. There are three systems that has been studied that are the 

Wearable Social Distancing Detection System [15] , IoT-Based COVID-19 SOP 

Compliance and Monitoring System for Businesses and Public Offices [16] and lastly 

Face Mask Recognition System with YOLOV5 Based on Image Recognition [17]. After 

completing the study on all three existing systems, the best way to construct the Smart 

Crowd Covid Monitoring system can be acquired. 

2.4.1 Wearable Social Distancing Detection System 

In this system, a portable social distance detector that uses a microcontroller 

with an ultrasonic sensor is used to detect the distance between two people and issue an 

alert if the person breaks the safe distance set. The system can perform social distance 

detection accurately and can help to monitor the movement of people in an area. Figure 

2-4 below shows the hardware of the system. It is worn by strapping the system to a 

user's body with the ultrasonic sensor facing backwards. 

Figure 2-4: Prototype of The Ultrasonic Sensor System 
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The system works by sensing a person at the back of the user. It means that the 

user will have to be responsible for the person in front and beside of the user by 

minding his or her gap as the system only detects if a person comes too close to the user 

from the back. Once the system is turn on, the ultrasonic sensor will continuously 

transmit an ultrasonic to detect either there is a person or not at the back of the user. 

The output of the sensor will be sent to a STM32F446 microcontroller. Then, the 

microcontroller will do the distance calculation between the user and anyone from 

behind the user. If the sensor does not detect anyone, the microcontroller will send a 

signal to the LCD to give an output of "SAFE DISTANCE". If a person is present from 

the user from behind in less than 1 meter, the system will trigger a buzzer as a waning 

sound and the LCD will show "WARNING, STEP BACK" so that the person that is too 

close to the user moves away for a safer physical distancing. The figure 2-5 below 

shows the flowchart of the system explaining in a simple way on how the system works. 
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Figure 2-5: The Flowchart of The Ultrasonic Sensor System 
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2.4.2 IoT-Based COVID-19 SOP Compliance and Monitoring System for 

Businesses and Public Offices 

The next system is applied in the whole area of a certain location. The system 

starts with a questionnaire that is needed to be answered before entering the premise. 

The questionnaire is in a digital form so it can be done via phone. Upon entering the 

premise, an Infrared obstacle detector will detect the person. There will be two of these 

sensors installed. One at the entrance of the premise and the other one at the exit of the 

premise. By doing this, the number of people in a particular premise can be limited. A 

non-contact IR temperature sensor MLX906 l 4 sensor is installed just after the entrance 

of the premise. People will not need to go and scan their temperature manually as it is 

automatically done by the system. At the queue area of the premise, there is an 

addressable LEDs WS2812B installed to visually display the permissible queueing 

location. A time of flight (ToF) sensor VL531 x is installed at the counter to measure the 

distance between a person and the counter. The whole premise will be monitored by a 

Raspberry PI camera located near the queueing area so anyone who violates the safe 

physical distance, will be given a warning. 
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Figure 2-6: Layout of The System 

Figure 2-6 above shows the layout of the premise including all the sensors as 

explained earlier. In this system all sensors are connected to different ESP8266. Then 

All ESP8266 transmits the data to the Raspberry PI server using WebSocket 

communication protocol. By doing this, the system can be set to link with Blynk app for 
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loT application. This means that a person can monitor what is happening at the premise 

anywhere as long as the person can access to the internet. This is a very good 

application as in today, everything must be accessible through the internet. 

2.4.3 Face Mask Detection using YOLOvS for COVID-19 

The last and final existing related work that have been studied is a very straight 

forward system yet very efficient. The system starts with a camera that is installed at an 

entrance of a mall. The camera will capture the image and face mask image recognition 

is done. In other words, the system will identify either the person is wearing a facemask 

or not. The system is then connected to the door or the gate of the mall. If the person is 

wearing a face mask, the system will trigger the door to open and if the person does not 

wear a mask the door or gate will not open. By implementing this system everywhere, 

we can achieve a fully face mask environment as everyone knows that without wearing 

a face mask, there is no use going anywhere. The system uses a YOLOv5 which is an 

excellent object detection model so it can be said that the system will recognize a 95% 

or mask wearer. Figure 2-7 below shows the block diagram of the system as explained 

earlier. 
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Figure 2-7: Block Diagram of The Face Mask Detection System 

However, it stated in the paper that the system may have flaws when people 

tend to cover their facemask with something else such as their hand. The problem can 

be overcome by improving the custom dataset. It would only need to be trained with a 

label of "mask covered". But can it really be done? Another question is how actually 

the best way to custom the best dataset for the system. 
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2.4.4 Conclusion from various existing related works 

The first system is a good application for physical distancing, but it is too 

simple. Firstly, physical distancing is to be practice form all direction not only from the 

back. Secondly, a I-meter gap is not safe ifthere is a person without a facemask as they 

may sneeze or cough. The system is also not applicable if the premise has already too 

many people. It will be very hard to maintain a safe distance between one another. So, it 

is essential to first limit the number of people inside the premise so that a safe physical 

distancing can easily be practice. It is also important to filter or keep a person without a 

mask from entering a premise as it is too risky for other people and a very irresponsible 

act. 

The second system is also a very good system wear lots of parameters have been 

considered. There are still room for improvement for the second system where a 

facemask detector can be installed at the entrance of the premise or at an angle where 

the whole premise can be monitored. this is because the usage facemask is very 

essential during this pandemic. The LEDs WS2812B that are installed to visually 

display the permissible queueing location is too much. Note that it cost almost RM65 

per LED. The price is high as it is not a regular LED but is an LED that can be 

programmed. Taping the floor with masking tapes can also make people aware of the 

safe physical distance. However, the camera can still be maintained in the system for 

monitoring purposes. 

Lastly, the third system is almost the same as the first system. It only focuses on 

one detection and ignoring other important matters. There is no need to eliminate the 

system, but it is better to improvise the system with other features too such as a 

temperature detector. This will not only make the environment safe from non-mask 

people but can also filter out people with a high fever from entering a particular place. 

Note that having a fever is the most common symptom ofCOVID-19. 
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As a conclusion from the study on the related works, we would like to use the 

idea of the existing related works for the system. The system constructed will have the 

following features: 

1. Facemask detection. 

2. Wireless monitoring, Via Personal Computer (PC) or mobile phone. 

3. Monitor crowds instead of monitoring one entrance. 
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CHAPTER3 

METHODOLOGY 

3.1 Introduction 

In this chapter, explanations on how the Smart Crowd Monitoring System works 

is written in detail. All components may it be hardware or software plays a very 

important role. The chapter will begin with a block diagram where main components 

are listed and explained on its functionality. The block diagram is the simplest and most 

efficient way to explain in detail a particular system by stating its input, process, and 

output. Then the chapter will continue with a flowchart where the process of the system 

is explained step by step. As completing two important subtopics, the chapter will carry 

on with a simulation that has been done for the system. Then, the chapter will continue 

with details and specification on all hardware and software including the pricing of each 

component. Before going deeper into the methodology of the system, steps taken to 

complete the system itself must be understood first. The system requires a lot of steps to 

be completed in a given period of time. The overall methodology of completing the 

system can be seen as figure 3-1 below. 

Figure 3-1: Overall Methodology of Completing The System. 
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From figure 3-1 above, the system that has been constructed has begun with 

project research as explained in detail in chapter 2. This step is very crucial as the 

system itself cannot start without any knowledge and guidance. Then, a simulation on 

object detection via Google Colab has been done. Google Colab is a free Deep Leaming 

environment where we can run Deep Learning algorithms, as for this system case, the 

YOLOv5. Google Colab can be set to use a GPU as its processor so it is very 

convenient for the system as the system done is planned to be using an NVIDIA Jetson 

Nano as stated in the conclusion of the literature review. Figure 3-2 below shows the 

interface of a Google Colab running YOL0v5. 

Figure 3-2: Interface of Google Colab Running YOLOv5 

YOL0v5 has its own default dataset. It means without even making a custom 

dataset, the algorithm can already be used but with the default dataset. The default 

dataset can detect various objects with an average level of confidence and accuracy. 

From figure 3-3 below, it shows an output image of an object detection run on an 

image. The output shows that it detects two cars and a person. Although trees can be 

seen clearly in the image, the algorithm does not detect them. This is what meant from 

the explanation of a default dataset. 
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Figure 3-3: Output of Object Detection From A Default Dataset 
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That brings the methodology to the third step that is the custom dataset 

preparation. This step is done because the object the system wants to detect is a face 

mask. When creating a custom dataset and uploading it to the algorithm, it will no 

longer use the default dataset. It means, it will ignore all other objects and only focusing 

on the object on the custom dataset. 

The next question to be answered is what is a custom dataset? There are 

different kinds of object detection algorithms available and each of them follow a 

different labels format. For the YOLO algorithm, each image should have a 

corresponding text file or so-called annotation or labels with the same name. the text 

file should contain one row per object in the image. Each number in each row 

represents the class number of the object inside the bounding box (most likely to be 

zero if only one class), standardized x centre in terms of width, standardized y centre in 

terms of height, width of the bounding box and finally the height of the bounding box. 

As figure 3-4 below, there are 3 objects to be detected that are 2 persons and a tie. The 

bounding boxes of the person are shown in orange while the bounding box of the tie is 

shown in green. From the figure 3-4, it is shown how all the parameters stated earlier 

are gained from a single image. The annotation or label of the person on the left of the 

image is shown in the table 3-1 below. 
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Figure 3-4: The Boxes Made to Obtain The Coordinates From An Image. 

Table 3-1: Coordinates from an image Obtained for YOL0v5. 

Class Width Height Width Height 

X-center Y-center Box Box 

0 0.48 0.63 0.69 0.7 

Now that the content of dataset has already been understood, the next question is 

where we can create the labels of the images for the custom dataset. There are many 

data annotations tools available online such as CV AT, labelmaker makesense.ai and 

many more. The online tool used to create the labels or dataset for the system is 

makesense.ai. Once opening makesense.ai, around 80 images were uploaded for 

training purposes. After uploading the images, a label was created and named as 

"mask". Then, from the images, the facemask worn by the person in the image is boxed 

out. After repeating the same steps for 80 images, the annotations were exported to a 

laptop. The labels or annotation will be used later in the YOL0v5. The figure 3-5 below 

shows the interface of makesense.ai and the image of a person wearing a facemask. The 

green box is a box created to the label a face mask for that image. 
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Figure 3-5: The Process of Obtaining Labels from Makesense.Ai 

After creating the custom dataset of a face mask and uploading to YOLOv5 run 

on Google Colab, an output with face mask detection was obtained. From that, the 

simulation proves that the YOL0v5 is suitable for the system. Figure 3-6 below shows 

one of the outputs obtained from the simulation that has been done. As seen, the output 

differs from the first detection where now it only detects face masks. 

Figure 3-6: Output of Object Detection with Face Mask Dataset 

All three methodologies explained earlier does not require physical components, 

it just done with a regular laptop. As mentioned in the project research or literature 

review, components that has been selected is the NVIDIA Jetson Nano. 
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When purchasing, it only comes with the board itself without any additional 

components. So, several components were needed to be purchased separately. The 

components are the webcam and the Wi-Fi Module. Details on these components are 

explained in the block diagram section of the report. An acrylic case was also purchased 

as it may provide protection for the board. It comes along with a fan so when installed, 

better ventilation will be given to the board itself. Figure 3-7 below shows all 

component mentioned before assembling (left) and after the full hardware setup has 

been done. 

D 

Figure 3-7: Components of The System 

The hardware of the system may be just a few since the project itself is a system 

more to software and algorithm. Each hardware is very important for the system. The 

NVIDIA Jetson Nano is not like other computers that are usually use where most 

computers have the feature to plug and play. As the NVIDIA Jetson Nano is not created 

for common use, there are several extra steps for configuration that must be done before 

using it. First, an Operating System (OS) need to be installed to it. The OS installed is 

the Linux Ubuntu. This is a very stable OS as it already has 7 versions of itself. As 

installing the Linux OS, few configurations need to be done and then only the board can 

be used but before that, it is important to first be familiar with the Linux Terminal. Most 
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of the actions or commands are done on the terminal for a Linux machine. Figure 3-8 

below shows a Linux Terminal used to operate the NVIDIA Jetson Nano. 

Figure 3-8: Linux Terminal on The NVIDIA Jetson Nano 

The main software or in this application, a deep learning algorithm, the You 

Only Look Once version 5 (YOL0v5). To fully utilize YOLOv5, first the repository 

that has been done by Ultralytics that has been uploaded to github must be cloned on 

the board. Then, all required packages or also known as the requirements, from the 

cloned repository root directory to run YOL0v5 must be installed. There are lots of its 

requirements such as matplotlib>=3.2.2, numpy>= l.18.5, opencv-python>=4. l.2 and 

many more. After finishing all the installation, the YOLOv5 is ready to run. That are 

the hardware setup that must be done before starting to program and troubleshoot the 

system. Lots of troubleshooting has been done on the Visual Studio Code (VSC), a 

programming environment use to run the program of the system. After completing the 

program, the system is ready to fully operate. A test run has been done at one of UMP's 

Cafeteria. The results will be shown in the results chapter. Finally, after the system can 

finally run, an analysis has been done to know what the best way is to create a custom 

dataset. This will also be explained in detail in the next chapter in the results sections. 
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3.2 Block Diagram 

Figure 3-9 shows the block diagram for the Smart Crowd Monitoring System. 

All hardware is presented in the block diagram where the process starts with a World 

Wide Web Camera (Webcam) collecting the input for the system. The input the system 

collects are images and videos or in the system, the real-time video. The real-time video 

is just another term for a live streaming video. The input will then be sent to an 

NVIDIA Jetson Nano where a YOLOv5 data frame is run on it. Finally, the results of 

the face mask detection will be sent to monitoring devices such as laptops or mobile 

phones wirelessly via Wi-Fi. The block diagram as explained can be referred from 

figure 3-9 below. 

Input ltnage NVIDIA Jetson 
AC8265 \Vi·Fi 

Exten1al - - Bluctooth ~le -
\Vebcaiu Nano 

1.1odulc 
Monitoring DC\·icc 

Figure 3-9: Block Diagram of The Smart Crowd Covid Monitoring System 

Initially, the Jetson Nano does not come with an internet receiver. There are two 

ways to connect the Jetson Nano to the internet or network that is by either using a Wi­

Fi Network Card Module or Wi-Fi USB Dongle. In this system, a Network Card 

Module that is the AC8265 Wi-Fi Bluetooth NIC Module is used. The reason the 

module is installed is because the system is designed with an ability to monitor a place 

from anywhere as long as the user has internet connection. By only entering the IP 

address of the Jetson Nano on another computer, the current situation can be monitored 

wirelessly. 
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3.3 Flowchart 

The flowchart shows the flow or what will happen when the system runs. Once 

the system starts, the webcam will collect images as inputs of the system. Although the 

input is said to be a video, the picture obtained is actually a collection of images that 

forms a video. The images will then be sent to the NVIDIA Jetson Nano. In the 

meantime, YOLOv5 or face mask detection will be run on the Jetson Nano. The 

detection does not happen on one person at a time. Instead, it can detect several face 

masks simultaneously on a person even in a crowd. If a person wearing a face mask is 

detected, a green box will appear on the person ' s face and if no person with no face 

mask is detected, a red box will appear on the person's face. This process is run in a 

very fast speed that is 20 frame per second (fps). Then, the output of the detection is 

sent to the Wi-Fi and finally monitoring devices can access the output of the system 

when connected to the Wi-Fi. This process of the system will be repeated until the user 

stops or tuns off the system. Figure 3-10 below shows the flowchart diagram of the 

system. 

Figure 3-10: Flowchart of The Smart Crowd Covid Monitoring System 
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3.4 Components Specification 

In this section, detail specifications on the hardware of the system will be stated. 

The hardware is the NVIDIA Jetson Nano, Fantech Luminous C30 Webcam and 

AC8265 WIFI Bluetooth NIC. Then, the cost of each component will be stated at the 

end of the section. 

3.4.1 NVIDIA Jetson Nano 

Figure 3-11: NVIDIA Jetson Nano 

Table 3-2: Specifications of NVIDIA Jetson Nano 

GPU NVIDIA Maxwell architecture with 128 NVIDIA CUDA 

CPU Quad-core ARM Cortex-A57 MPCore processor 

Memory 4 GB 64-bit LPDDR4, 1600MHz 25.6 GB/s 

Storage 16 GB eMMC 5.1 

Video Encode 250MP/sec 

lx 4K @ 30 (HEVC) 

Video Decode 500MP/sec 

Ix 4K @ 60 (HEVC) 

Connectivity Gigabit Ethernet, M.2 Key E 

Display HDMI 2.0 and eDP 1.4 

USB 4x USB 3.0, USB 2.0 Micro-B 

Others GPIO, I2C, 12S, SPI, UART 
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3.4.2 Fantech Luminous C30 Webcam 

Figure 3-12: Fantech Luminous C30 Webcam 

Table 3-3: Specifications of Fantech Luminous C30 Webcam 

Weight 87g 

Video resolution 2560 x 1440 

Camera 4k 

Field of View 106° 

Frame Rate 2K/25fps 

Plug type USB 2.0 

Dimension 73x26x33mm (Camera) 

73x49x52mm (Camera with clip) 
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3.4.3 AC8265 WIFI Bluetooth NIC 
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Figure 3-13: AC8265 WIFI Bluetooth NIC 

AC8265 Wireless NIC is compatible with Jetson Nano. This is a dual -mode 

wireless NJC module for Jetson Nano that supports 2.4GHz and 5GHz dual-band WiFi 

as well as Bluetooth 4.2. 

Table 3-4: Specifications of AC8265 WIFI Bluetooth NIC 

Chip Intel 8265AC 

Bands 2.4GHz I 5GHz 

Speed 300Mbps I 867Mbps 

WIFI Protocol 802. l lac 

Bluetooth Version 4.2 

NIC Interface NGFF (M.2) 

Antenna Interface IPEX connector 

Dimensions 22mm x 30mm x 2.4mm 

Weight 50 grams 
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3.5 Cost of components of the system 

Table 3-5: Costing for The Components of The System 

No Component Quantity Price (RM) 

I. NVIDIA Jetson Nano Development Kit I 550.00 

Rev.BO! 

2. AC8265 WiFi Bluetooth NIC Module for I 96.80 

Jetson Nano 

3. Fantech Luminous C30 Webcam I 130.00 

4. Jetson Nano Acryclic Case I 49.00 

5. Raspberry PI Camera Acrylic Case I 14.50 

Total 840.30 
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CHAPTER4 

RESULTS 

4.1 Introduction 

In this chapter, results of the system will be shown in detail. The results are 

divided into two subchapters, the simulation via Google Colab and the actual results via 

NVIDIA Jetson Nano. Both results are slightly the same as both detects the use of face 

masks on a person in a crowd. The difference is just on the simulation, an image is 

uploaded to the computer for object detection and on the NVIDIA Jetson Nano, a 

camera is attached to the board to receive inputs in a form of images also for object 

detection. Both results are also important as the simulation gives early understanding of 

the algorithm before applying it on actual component and the actual results proves that 

the simulation done and all theories agrees with both results. 

4.2 Simulation results via Google Colab 

A simulation has been done by using YOL0v5 on Google Colab. It is done to 

have a better understanding of the algorithm before applying it on the NVIDIA Jetson 

Nano. As stated earlier, the object detection that is needed to be done is the detection on 

face masks. By accomplishing the simulation, the concept, and the steps to use Deep 

Leaming object detection algorithm on YOLOv5 has been understood. The simulation 

of the system has been done based on the steps as follow: 
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I . Change the Google Colab GPU runtime environment Hardware Accelerator 

setting. Figure 4-1 below shows the Hardware accelerator changed to GPU. 

Figure 4-1: The Setting to Change The Hardware Accelerator In Google Colab 

2. Once changed, the simulation can be started by installing the YOLOv5 

environment. Before doing so, the the Google Colab is connected to the 

server and once it is connected, the cell ran. Only after this step the YOL0v5 

directory can be seen as figure 4-2. The commend line for the step are as 

follow : 

l git clone https://github.com/ultralytics/yolov5.git 

3. Then, all the dependencies are downloaded for the model , the active 

directory was changed to YOL0v5 and then use pip to download the 

dependencies from the requirements.txt file. The commend line are as 

follow: 

% cd yolov5/ 

% pip install -r requirements.txt 
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Figure 4-2: The Interface of Google Colab After Doing Step 2 And 3. 

Figure 4-2 above shows the two steps (Step 2 and 3) done on Google Collab. On 

the left side of the interface, we can see the directory of YOL0v5 that has been 

installed. The directory is not there initially before step 1 is done. 

4. Once the dependencies are downloaded, a custom dataset was uploaded. To 

do so, a new folder in the YOLOv5 directory was created. The folder was 

named ' custom dataset' . Under this folder training validation and test sets 

was added by creating a train folder. Then under training folder, a images 

and labels folder were created. All training images are added to the images 

folder and all labels or annotations obtained from makesense.ai are uploaded 

to the labels folder. This can be seen as figure 4-3 below. 
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Figure 4-3: The Interface of Google Colab After Doing Step 4. 

.. 

5. Once we have uploaded our dataset, we created a yam I file in the data 

directory named dataset.yam!. A yaml file is essentially a configuration file 

which will tell our model where the dataset is and about the dataset. In this 

file first we give the path to the training dataset (Line I). The YOLO code is 

configured in a way that it automatically replaces the images at the end with 

labels to get the label files. 

Since we are profiting, we will get the validation dataset the same training 

for the same path as our training dataset (Line 2). Then we write NC (Line 

4) which is basically the total number of unique classes that our dataset has. 

Since we only have mask, we only write I. Then finally, we write names 

(Line 6) which is basically a list that will contain the names of all the 

classes. So, we write mask again. The lines of the yaml file can be seen as 

figure 4-4 below. 
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Figure 4-4: The Interface ff Google Colab After Doing Step 5 
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6. Training the images can be already done. This line starts with python 

train.py followed by the image argument, data argument, epochs argument, 

weights argument and lastly the size of the YOL0v5 we are using. YOL0v5 

has 4 model sizes: the small, medium, large, x-large. We will use the small 

version. The commend to do so are as follow: 

! python train.py --img 600 --data dataset.yam] --epochs 50 --weights 

'yolov5s.pt' 

When running the cell, information and the hyper parameter values of our model 

can be seen on the terminal. Then, it will download the YOLOv5 model weights. After 

a few seconds the model design can be seen. Lastly, the logging of the results and the 

path for that can be seen. And now the model has started training. After the training is 

complete the total time taken and the first and last Epoch weight files saved along with 

their sizes can be seen. The trained images can be viewed at yolov5 > runs > train > exp 

> train_batchO.jpg. Figure 4-5 below shows one of the output trained images that have 

been done. 
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Figure 4-5: Training Images That Have Been Added On Custom Dataset. 

7. Finally, the object detection on our custom dataset can be done. To do this, a 

test image is uploaded for inference. Once uploaded, the commend line for 

test the image is as follow: 

! python detect.py --source ' . ./UMP.jpg' --weights 

'./runs/train/exp/weights/best.pt' 

The commend starts with a python detect.py then source argument which is 

going to be the test image uploaded previously followed with the weight file as an 

argument. For this argument the best weight fi le is inserted. In order to do that the full 

path of the file was entered. 
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Finally, the results are saved in the runs directory under text folder. Click on the 

refresh button and go to runs > detect > experiment. The confidence score is low 

because the dataset is small, so the model is not very sure about how mask look. 

However, the results are still very accurate. Figure 4-6 below shows the output of the 

face mask detection that we have run successfully. Notice that YOL0v5 has the ability 

to detect several masks at a time. This feature is very good for the system. 

Figure 4-6: The Output of Simulation With A Face Mask Dataset. 
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4.3 Actual results via NVIDIA Jetson Nano 

There are two ways to operate the NVIDIA Jetson Nano. The fist setup is with a 

direct display and the second setup is headless mode where no direct display is 

connected to the NVIDIA Jetson Nano. For this system, it will be operating in headless 

mode. To start, a USB-A to Micro-USB cable is used to connect the NVIDIA Jetson 

Nano to a host PC. This step can be seen from figure 4-7 below. Both ends of the cable, 

USB-A to host PC, Micro-USB to NVIDIA Jetson Nano, are circled in red. 

Figure 4-7: USB Connection Between Host PC and NVIDIA Jetson Nano 

The USB connection made is just temporary before connecting the two devices 

wirelessly. Then, the laptop must be connected to an available Wi-Fi. Then a software 

called PuTTY is opened. PuTTY is a telnet and SSH client developed by Simon Tatham 

for the Windows platform. PuTTY is free, open-source software with source code that 

is developed and maintained by a group of volunteers. To access NVIDIA Jetson Nano 

wirelessly, the IP address of it must be obtained. To do so, the terminal of the NVIDIA 

Jetson Nano is accessed via serial connection as shown in figure 4-8. The COM port is 

identified from the device manager as also shown in the figure 4-8. The COM port must 

be correct as it indicates at which port or driver the NVIDIA Jetson Nano is connected 

to. Better understanding can be obtained by referring to figure 4-8, mentioned criteria 

are as circled in red. 
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Figure 4-8: Device Manager and Putty Interface During Serial Setup 

When open at PuTTY is selected after entering the correct COM, it will be 

directed to the terminal of the NVIDIA Jetson Nano. Then, a command is run to 

identify the IP address of the NVIDIA Jetson Nano that is "ifconfig". The IP address 

can be obtained at WLANO the laptop is connected to the internet via Wi-Fi. The IP 

address can be seen as circled in figure 4-9 below. 

Figure 4-9: Output From IFconfig Command On Terminal 
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The obtained IP address will then be used to access the terminal wirelessly. 

Now, disconnect the USB cable and close PuTTY. PuTTY is opened back but now with 

an SSH connection. Insert the IP address obtained earlier and now the terminal can 

accessed anywhere as long as it is in range with the Wi-Fi. Figure 4-10 below shows the 

interface of the PuTTy when entering the IP address of the NVIDIA Jetson Nano . 

...,_ ...... ,.~­.. ~-

Figure 4-10: PuITY SSH Connection Type Interface 

Now, as the NVIDIA Jetson Nano is connected wirelessly to the host PC via 

PuTTy, the run command cen be entered to start the system. The IP address (BOLD) in 

the run command must be changed first before starting. After inserting the command 

and hitting enter, it will need to wait for a few seconds for the program to load. The 

system has already started running when the processed number of frames appears at the 

terminal as circled in figure 4-11 below. The run command is as follow: 

sudo docker run --runtime nvidia --privileged --rm -it --env 
MASKCAM_DEVICE_ADDRESS=192.168.2.107 -p 1883:1883 -p 8080:8080 -p 

8554:8554 maskcam/maskcam 
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Figure 4-11: Processed Number of Frames From Terminal 

The monitoring can begin when the processed number of frames appears. To do 

so, VLC software will need to be opened, open network streams, insert the following 

command with the same IP address and hit play. The interface of the VLC when 

inserting the command are as in figure 4-12 below. 

rtsp://192.168.2.107:8554/maskcam 

Figure 4-12: Start Monitoring Using VLC Software 
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The output of the system can be seen as in figure 4-13. As seen, when the 

system detects the usage of face mask, a green box will appear at the face of the person 

that wears a facemask while a red box will appear at the face of a person that does not 

wears a facemask. 

Figure 4-13: Output of The System 

The system has also been run at a public place. From the test run, it shows that 

the system has the ability to detect several people and the usage of the facemask at one 

time. The test run proves that the system is relevant for monitoring applications. Figure 

4-14 below shows the setup that have been done for the test run. The location of the test 

run was at Pusat Aktivti Pelajar (PAP) Cafe. Figure 4-15 below shows the output that 

have been obtained from the test run that have been done. It can be seen that although a 

person is far away from the camera (approximately 5 meters), the system can still do 

face mask detection correctly. 
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Figure 4-14: Test Run of The System At PAP Cafe 

Figure 4-15: Output of Test Run Of The System 
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CHAPTERS 

DISCUSSION 

5.1 Discussion (Analysis on Custom Dataset) 

After completely finishing the system, an analysis has been made to determine 

what is the best way to make a custom dataset. This is important as the system's 

efficiency depends on the dataset. 3 variables have been manipulated: the size of the 

dataset, the colour of mask in a dataset, and the type of image in the dataset. The 

parameters that have been observed are the training output, the number of face masks 

detected, the percentage of face masks detected (differs on input image), highest 

confidence level of detection, and lastly the average confidence level of detection. The 

number of object detection or in this system, the face mask detection, is the factor that 

must be put first. This is because, the system will function at its best when it detects the 

highest number of face mask at one time as possible. Then the second factor that was 

investigated is the confidence level of the face mask detection. The confidence level is 

the how good does the system recognises a face mask. The closer the level of 

confidence to 1, the better it recognises a face mask. This is important as the system 

will be less efficient if it just recognises a face mask at its surface. 

5.1.1 Size of dataset 

The first variable that has been manipulated for the analysis is the size of 

dataset. The size of dataset differs by the number of images inside the dataset. In the 

analysis, 3 datasets with different number of images in it are made. The number of 

images is 10, 50, and 100. Before starting the analysis, a hypothesis has been made, the 

greater the size of dataset, the better the custom dataset. 
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Figure 5-1: Training Outputs of Datasets with Different Size of Datasets 

From figure 5-1, the difference between each training output of datasets is the 

different of size of the datasets. The training output of l 0 images dataset has the 

smallest amount of training output to be compared with the training output of 100 

images dataset that has the biggest amount of training output. In simple words, this 

training outputs are the number of the system' s memory on a face mask. The outputs of 

the system after running face mask detection can be seen in figure 5-2 below. 

Figure 5-2: Face Mask Detection Output of Different Size of Dataset. 
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As can be seen in figure 5-2, it can be said that the earlier hypothesis on size of 

dataset analysis is accepted. The bigger the size of dataset, the better the custom dataset. 

The output does not only show that a bigger dataset has higher number of face mask 

detection, but it also shows that a bigger dataset will give a higher number of 

confidence level. The results for analysis on this variable are shown in table 5-1 below. 

Table 5-1: Results of Size of Dataset Analysis 

IO images ! 50 images 100 images 

I 
Training output Lowest I Moderate Highest 

Number of face 0 3 5 
masks detected 

Percentage of 0 42.86% 71.43% 
face masks 

detected (per 7) 

Highest 0 0.76 0.84 
confidence level 

of detection 

Average 0 0.73 0.75 
confidence level 

of detection 
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5.1.2 Colour of face mask in dataset 

The second variable that has been manipulated for the analysis is the colour of 

facemask in the dataset. Today, a lot of manufacturing companies have come out with 

the idea to produce colourful face masks. This is to make one's appearance more 

interesting and good-looking. The usage of these kinds of face masks are allowed if the 

material use serves its function. In the analysis, 2 datasets with different colours of face 

masks in it are made. The first dataset contains images with people wearing a standard 

colour face mask (white and light blue) that is widely used. The second dataset contains 

images with people wearing coloured face mask besides white and blue. Before starting 

the analysis, a hypothesis has been made, the output of the dataset with colourful 

images will be better in detecting a crowd wearing different colours of facemask. 

Figure 5-3: Training Outputs of Datasets with Different Colours of Face Masks 
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From figure 5-3, the difference between both training outputs of datasets is the 

different colours of face masks. The training output of the white face masks dataset 

contains only images of a person wearing a white or light blue face masks that is the 

standard or mostly used coloured face masks. The training output of coloured face 

masks dataset contains images of a person wearing a face mask besides white and light 

blue that is the standard or mostly used coloured face masks. The size of dataset was 

put at a constant where both datasets contain I 00 images. It can roughly be seen that 

there is no difference between the number of images from both datasets above. The 

outputs of the system after running face mask detection can be seen in figure 5-4 below. 

Figure 5-4: Face Mask Detection Output of Different Colour of Face Mask Dataset. 

As can be seen in figure 5-4, it can be said that the earlier hypothesis on the 

colour of face mask analysis is not accepted. From the result, it shows that the white 

face masks give better results to be compared with the dataset with coloured face 

masks. This maybe happening because the dataset on a focused colour of images is 

better to be compared with a dataset with a variety colour of images. When only one 

colour is used, the algorithm learns faster and becomes more efficient. A variety colour 

of face mask dataset can be used but in a way that one colour of face mask is put a 

constant to I 00 images instead of several colour mixed totalling up to 100 images. The 

results for analysis on this variable are shown in table 4-2 below. 
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Table 5-2: Results of Colour of Face Mask Dataset Analysis 

White face masks Colored face masks 

Training output High High 

Number of face masks detected 5 2 

Percentage of face masks 33.33% 13.33% 

detected (per 15) 

Highest confidence level of 0.78 0.26 
detection 

A veragc confidence level of 0.48 0.26 

detection 

5.1.3 Type oflmages 

The third and final variable that has been manipulated for the analysis is the type 

of images in the dataset. The type of images in the dataset differs by either the images 

are a single person image or a crowd image. In the analysis, 2 different datasets are 

made. The numbers or the size of the dataset is put at a constant where both datasets 

have 100 images. The first dataset is a dataset with images with a single person only 

and the second dataset is a dataset with crowd images only. Before starting the analysis, 

a hypothesis has been made that is the single person image will be a better dataset to be 

compared with the crowd image dataset. There are two reason to support this 

hypothesis. First, single person image has a clearer image of a face mask to be 

compared with a crowd image. This is because, when more people are in a frame of an 

image, the smaller the size of the face mask that can be seen from an image. Second, a 

single person image is most likely to be the same with one another while the crowd 

images are most likely to differ from one another. 
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Figure 5-5: Training Outputs of Datasets with Different Types of Images 

From figure 5-5, the difference between both training outputs of datasets is the 

different type of image used in the dataset. The training output of the single person 

image dataset contains only images of a one person wearing face mask. The training 

output of the crowd image dataset contains only images of a crowds wearing face mask. 

The size of dataset was put at a constant where both datasets contain I 00 images. It can 

roughly be seen that there is no difference between the number of images from both 

datasets above. The outputs of the system after running face mask detection can be seen 

in figure 5-6 below. 

Figure 5-6: Face Mask Detection Output of Different Type of Images In Dataset. 
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As can be seen in figure 5-6, it can be said that the earlier hypothesis on the type 

of image analysis is not accepted. From the result, it shows that the crowd images give 

better results to be compared with the dataset with single person image. This maybe 

happening because the application that is being done is a detection on crowd images. 

Although the training of datasets uses small size image of face mask in the picture, it is 

practical since the detection of the system or application itself is done on crowd images. 

It means, during running the system at real situation, it is more practical to use a crowd 

image dataset as the system is meant to monitor crowds. The results for analysis on this 

variable are shown in table 4-3 below. 

Table 5-3: Results ofTypeof Images Dataset Analysis 

Single person image Crowd image 

Training output High High 

Number of face masks detected 5 7 

Percentage of face masks 62.5% 87.5% 
detected (per 8) 

Highest confidence level of 0.84 0.81 
detection 

Average confidence level of 0.75 0.71 
detection 
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5.2 Conclusion on the Analysis of Custom Dataset 

From the analysis that has been done, it proves that three factors must be given 

serious attention. The first factor is to make a dataset as big as possible. From the 

analysis, it can be seen that the bigger the size of a dataset, the better the dataset will be. 

Although a big dataset with 100 images has been used for the analysis, the face mask 

detection was not I 00 percent. This means I 00 is still a small number for a custom 

dataset. Secondly, the colour of a specific object is a very important factor. Before 

making a custom dataset, it is best to first do research on what is the common colour of 

the object that is wanted to be detected. Several colours can also be used for a custom 

dataset but bear in mind that all colours must have high number of images for its 

particular colour. Lastly, a dataset is best to be mixed up with small size training 

images. This is because, during detections, object may be far away from the camera. 

This will make the object small from the distance. When including small sizes images 

for the dataset, the detection will also be accurate although from a far distance. 
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CHAPTER6 

CONCLUSION AND RECOMMENDATION 

6.1 Conclusion 

It is glad to conclude that the system has been successfully constructed where it 

achieves all objectives that are first to apply deep learning algorithm for a crowd 

monitoring system. The deep learning algorithm that has been used is the YOL0v5 

which is a very efficient object detection algorithm. Secondly, by using YOLOv5 as the 

selected deep learning object detection algorithm, the system can detect face mask and 

non-face mask images in real-time. The effectiveness of the detection can clearly be 

seen when it is able to differentiate a face mask user and a non-face mask user in a 

single frame. Thirdly, the output of the system can wirelessly be transmitted to 

monitoring devices. The system constructed has also the feature to stream several 

outputs in a single time from different devices. Lastly, an analysis on the custom dataset 

has been done successfully to identify the best way to make a custom dataset. Before 

doing the analysis, assumptions are only made on what does the best custom dataset 

looks like but after doing the analysis, it has been proven with data. 
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6.2 Recommendation 

However, there are some recommendations to improve the sytem. The 

recommendations are divided into three categories that are the hardware, datasets, and 

the program of the system itself. The hardware recommendation is to improve the 

system in terms of components. As the system that has been done is the foundation of 

the system, there is actually a lot more components that can be added to make the 

system better. The datasets recommendation is done after more knowledge on the 

dataset has been obtain after completing the analysis on the dataset. Finally, the 

recommendations on the program of the system are improvements to the system that 

does not involves any additional components. The system can also be upgraded without 

adding any hardware as it can also be improved just by adding lines to the program. 

6.2.1 Hardware improvements 

For the hardware improvement, an indicator can be added to the system by using 

the 1/0 pin of the NVIDIA Jetson Nano. This can be done to indicate when a person not 

wearing a face mask is detected such as an alarm. This feature will be useful especially 

today as the number of people not wearing face masks has increased. 

6.2.2 Custom dataset improvements 

For the dataset improvement, a custom dataset of a person and a feature to count 

each person for size of crowd detection can be added. This will be very useful to limit 

the number of people entering a specific area. Once the maximum number of people is 

detected in a certain area, doors can be set to automatically close or it can be done 

manually by the authorities. 
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6.2.3 System's program improvements 

For the system's program improvement, an alert to the authorities with a picture 

of the person that is not wearing a face mask can be sent via email. This feature will be 

suitable for small area such as schools, offices, and universities. Once an individual is 

detected not wearing a face mask, authorities can easily trace the individual and send a 

warning or penalty straight to the person's contact information such as email or phone 

number. This will increase the awareness of the people in the area. 
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