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Abstract

This project aims to develop a system that relies on face mask detection. It can be used as a method
to control access to buildings, offices or any closed facility or public gathering places that promote
human interactions. The access control is achieved through the monitoring of the people entering
a certain building through a camera and decide whether to grant access or not to the person wishing
to enter. The decision is based on whether the person is wearing a mask or not.

The implementation of this system is made possible using two different machine learning
techniques, namely: Convolutional Neural Networks and Haar cascade classifiers. The Haar
cascade classifier is used to detect faces off frames captured from a video stream. The faces
captured by the classifier are then fed to the CNN to classify whether the person is wearing a mask

or not.
The CNN architectures used in this project are the MobileNetV2, EfficientNet-BO and a small

custom CNN. These models are evaluated and compared to each other using various metrics in

order to pick the one that suits well this specific project.



Table of Contents

D=0 o= 4 o o PSP SO PRSP I
ACKNOWIBAGMENTS. ...ttt ettt et e st be e s e ntee s i
AN 011 (ot SRS OUPRRRSP ii
LISE OF FIGUIES ...ttt b ekttt et ekt et e bt e e et e vi
LISt OF TADIES ... e e e e e viii
LiSt OF ADDIEVIALIONS........eieiiiiiee e e e st e e e s arree s IX
General INTFOGUCTION ......eeiiiiieee e e e et e e e et e e e s et a e e s et e e e e e s anbaneeesanees 1
Chapter 1: Background and Related WOIK............coouiiiiiiiieiiieie e 3
IR0 1o o T [ o4 o ISP SPPPPTPP 3
1.2 MACKINE LEAIMING .....eiiieieitie ettt ettt et 3
1.3 Haar Cascade ClIaSSITIEN ..........cocuiieiiiee ettt e e e e e nneae e 4
1.3 1 HAAN FRATUIES ..eeiieeei ittt e e e e e s sttt e e e e e s et bbb e e e e e e e e s e nneeeees 5
1.3.2 INtQral IMAJE ...oeeeiiiee ettt et e e e e et e e et e e et e e e rae e e nnaeeeanneeeanes 6
IR TR T = 1o 0 1 [ OSSR 7
1.3.4 Cascading the ClasSITIErS .........ccuviiiiie et e e saee e 13

1.4 DEEP LEAIMING ...vveeiieieeiiie ettt ettt e ettt e st e st e e st e e et e e et e e e ta e e e saeeeseaeensaaeeanaeeeantaeeanneeeas 14
1.5 Artificial Neural NETWOIKS. .......c..eiiiiii et 15
1.6 Convolutional Neural NEtWOIKS..........cciiuiieiiie e e e e srae e saee e 18
1.6.1 TYPES OF CININ LAYEIS....eeeeiiiieeiiieeeeiiee et e e st e e st e e s a e st e e st e e s snba e e snaa e e snbeeesnraeeanneeeas 19
1.6.2TrainiNg @ CNN ....cuiiiiiii e e et e et a e e st e e e snaeeesnraeeaneaeas 22

1.7 TranSTer LEAINING ......ociiuieeiiie ettt e s e et e e et e et e e et e e e nnaa e e s naaeesntaeeaneeeas 28
L7 1 MOUEIS USEU ...ttt et e et e et a e et e e e sra e e e s nraeeaneaeas 29

LB REIAIEA WOTK..... ..ottt e et e e et e e ata e e aaee s 32
1.9 CONCIUSION. ...t e e e e e et e e et e e et e e e bt e e e asa e e e anaeeesntaeeanneaeas 33
Chapter 2: Models and the Dataset USEd ..........c..eeeiieeeiiee e 34
P00 I 1111 0o [0 Tod o [OOSR 34
2.2 DAtASEl - RIMIFD ...t e e e e e s e e e e e e e e 34
G o =T o (o Tor oY [ o OO OPPPPT 36



2.4 HAAr CaSCAUE CHASSITIEK ... ettt 37

pZRS T 1Y, 0o PSP RTPPR 37
2.5. 1 MODIIENEBIVZ ...ttt 37
2.5.2 EffICIENENET-BO ... iiieeiie ettt et e e e e nrae e e nnn e e annes 38
2.5.3 CUSIOM IMOEL......oooiieeie ettt e et ee e annes 39

2T 0 Yo S0 o PSPPSR 41
2.6. 1 PYENON ...ttt 41
2.6.2 KBIAS ...ttt ettt et et e e e e b et e e e e b et e e e e bb e e e e e ntbe e e e nnees 41
2.6.4 Training ENVIFONMENT ...oouiiiiiiiiieie et 41
2.6.5 Testing ENvironment and DEVICE .........ceiiiiiiiiiiieiiie e 41

A o T3 Tod (01T o RSP 42
Chapter 3: ReSUILS and DISCUSSION...........ioiuiiiiiiiiiesiie sttt e e 43
200 A 1011 0o [ Tod o PSSP 43

3.2 EVAIUGLION IMBITICS ... eee ettt ettt e et e e et e e e ntea e e snt e e e nnaaeeenneeeennes 43
3.2.1 CONTUSION IMBEFIX 1.ttt ettt sttt e e 43
3.2.2 AVETAGE ACCUIACY ..eeeeeiiiiiiiitieteeeeeeaaiittbs ettt e e e e e s st tbbb b et e e e e e s e s s bbb b e et eeeeesaasbbbbneaaeaeeesnns 44
T B - To! ] [0 I PSP TP PP 44
B2A RECAIL.....co s 45
B2.0 FL-SCOIE ..ttt ettt e e e e e e e 45

3.3 EXPerimental RESUILS .........ccouiiiiiie et e e e e 46
3.3 L MODIIENELVZ ...ttt bbb 46
3.3 2 EffICIENINET-BO ...t 48
3.3.3 CUSIOM IMOGEL. ... et 50
3.3.3.1 Speed IMPIrOVEMENL.......oiiiiie ettt s et e e e ae e e snraeeanneas 52
3.3.4 Summary and COMPAIISON........ciiuureiiiieeiitreeesteeesieeesteeesteeessteeeasreeeesnbeeesaeeesnreeeanees 55
3.3.5 Real-Time Detection and ClassifiCation.............cccoovveiiiiiiiiiiie e 55

K I @] o 11 15T PSP PRPPUPUTRPPRURPS 57
General Conclusion and FULUIE WOTK..........cooiiiiiiiii e 59
Bibliography



List of Figures

Fig. 1.1: Some machine learning algorithms [1]. .......c.cooiiiiiiiiii e 4
Fig. 1.2: Examples of Haar-like features [3]........ccoeivieiiiiieiiee e 5
Fig. 1.3: calculation of the integral iImage [S].......cccooiieiiiiiii e 6
Fig. 1.4: Examples for Haar features applied to @ Window [4]. .......ccccoiiiiiiiiieniienicec e 7
Fig. 1.5: plot of the output weight o: with respect to the error rate € [5]. ....ccccooervveiiiiiiieiiiennn, 9
Fig. 1.6: An illustration presenting the intuition behind the boosting ...........cccocoveiiiiiiiiiiinnee, 10
algorithm, consisting of the parallel learners and weighted dataset [6]. ..........ccccoverieiiieniiennenn 10
Fig. 1.7: plot 0f the TUNCLION 7. ......ei e 11
Fig. 1.8: AdaBoost algorithm [7]. ....ooeeoeioe e 12
Fig. 1.9: The overall form of the detection process [4]. ..o 13
Fig. 1.10: Relationship between Al, ML and Deep Learning [8]. ......ccccoovverieiiiniiiiiiieiiie s 15
Fig. 1.11: Biological NeUron [L0]. ....ccueeiuiiiiieiiieiiee et 16
Fig. 1.12: Single artificial neuron (node) with n+1 inputs [9]. ....coooveiiiiiiii 16
Fig. 1.13: A simple DNN StrUCtUIe [9]. ..oovveeiiiie e e e enae e 17
Fig. 1.14: A simple convolutional neural NetWOrk [12]........ccoovuvreiiiieiiiieciiee e 18
Fig. 1.15: Convolutional layer with one filter [12]. .....cccoooiiiiiie e 20
Fig. 1.16: Max-Pooling and Average Pooling operations [12]. .......ccccoevveiiireeiiineesieeesieee s 21
Fig. 1.17: Fully connected 1aYers [14]. ....ccuveeiiieeiie ettt 21
Fig. 1.18: summary of the properties of each type of layer [14]. .....cccccovveiiieiiiiciiee e, 22
Fig. 1.19: Summary of the ReLU activation function and its variants [14]........cccccceceeviiveiinnnnnn 23
Fig. 1.20: Bias-variance trade-0ff [12]. .......ccooiriiiiii e 28
Fig. 1.21: Transfer learning performance comparison graph [15]. .....ccooveviiieiviie i, 29
Fig. 1.22: Depthwise separable CONVOIULION. ............cooviiiiiii e 30
Fig. 1.23: BOtIENECK BIOCK. ....cciveiiciieee et 31
Fig. 1.24: Model proposed by paper [21] aUthOrS. ..........cooviiiiiieeiie e 32
Fig. 2.1: Masked and normal faces examples from RMFD. ...........c..ccoooviiiiie i, 35
Fig. 2.2: Classes distribution after balancing the dataset..............cccocoeiiieiiiie e, 35
Fig. 2.3: MObIleNEetV2 arChiteCLUIE........ccviieiiie et 38
Fig. 2.4: EfficientNet-B0O arChiteCtUIe. ........ccuvviiiiiiiiie et 39

Vi



Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.

2.5:
3.1:
3.2:
3.3:
3.4:
3.5:
3.6:
3.7:
3.8:
3.9:
3.9:

Custom mMOdel arChItECIUIE. .......coiiiie i 40
Two classes confusion MatrixX [20]. ......c.eeieieiiiiiieii e 43
MobileNetV2 10SS and aCCUIACY CUINVES. ........oiuuiiiireiiiesiieesiee ettt 47
MobileNetV2 coONfUSION MALFIX. ....eeiviieiiiieiiiieeiieeesiee e siee et e e e e sreeeesneeee s 48
Efficientnet-B0 10SS and aCCUraCY CUIVES. .........coiviiiiiiiiieiieeniee e 49
Efficientnet-BO cONfUSION MALTIX. ......vvveiiieeiiie e 50
Custom model 10SS and aCCUIACY CUINVES. ........coiuiiiiieriiieiiie ittt 51
Custom model coNFUSION MALIIX.......ciiuuieiiiieeiiee e e e seee e 52
Improved custom model 10SS and aCCUIaCY CUIVES..........coouieriiiiieiiieniie e 53
Improved custom model CoNfUSION MALIIX........covieiiiiiiiiii e 54
Real-time classification FIOWChArT. ............coooiiiiii e 56

vii



2.1
3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11

List of Tables

Number of samples iN €aCh SBL.........c.oiriii i 36
MobileNetV2 hyperparameters. ... ....c.ouviriri e 46
MobileNetV2 testing resUltS. ..o e 47
MobileNetV2 classification repPort..........oviriiii e, 48
Efficientnet-BO testing reSUltS. ... ..o e 49
Efficientnet-BO classification report.............o.coooviiiiiiii 50
Custom model testing reSUltS. ... ..o 51
Custom model classification report...........c.ooviniiiii e, 51
Improved custom model testing results..............coooiiii i 53
Improved custom model classification report.............cooooiiiiiiiiiii 54
Summary and comparison of the models.................... 55
Real-time execution time of the models.......... ..o, 57

viii



List of Abbreviations

Adam Adaptive Moment Estimation
ANN Artificial Neural Network

Al Artificial Intelligence

CNN Convolutional Neural Network
CPU Central Processing Unit

DNN Deep Neural Network

FC Fully Connected

GPU Graphics Processing Unit

ML Machine Learning

MFDD Masked Face Detection Dataset
NN Neural Network

NERCMS National Engineering Research Center for Multimedia Software
OpenCV Open Computer Vision

RAM Random Access Memory

ReLU Rectified Linear Unit

RMFD Real-world Masked Face Dataset
SBC Single Board Computer

SGD Stochastic Gradient Descent
SMFD Simulated Masked Face Dataset
VRAM Video Random Access Memory



General Introduction

During the past year and a half, the world has been suffering from an outbreak of a deadly virus,
namely COVID-19. This virus is propagated mainly through human interactions. Millions of
people around the world have been affected by this virus. The fact that this virus has a significant
death rate especially amongst elderly people, it led the World Health Organization to provide
sanitary instructions and safety measures to prevent infections and hinder the spread of the virus.

Many governments around the world have put laws and policies regarding safety measures during
this pandemic to contain the spread of the virus. For example, imposing on every citizen to wear
face masks when going out in public, when taking public transportation and in the workplace.
However, certain people fail to abide by these new laws and policies hence exposing their relative

and colleagues to this virus which is a serious problem with dangerous consequences.

The motivation behind this project is to provide a system to control access of people to areas where
the spread of the COVID-19 virus is highly probable to spread (e.g., a train station). The decision
on whether to allow or deny access is based on whether the person whishing to access that area is

wearing a face mask or not.

To develop this system, we had to use two main machine learning approaches: Haar cascade
classifiers and Convolutional Neural Networks. Since it is intended to be installed at facilities or
building entries, this system is designed to run on low computational power devices such as single
board computers. The SBC used in this project is a Raspberry Pi 3 Model B which is used to test

the performance of the different model used throughout this project.

The first chapter covers the theoretical background of the machine learning techniques used and
the math behind them. We also cover why a Haar cascade classifier is used for the task of detection
and why convolutional neural networks are used for the task of classification. We briefly discuss
the similarities and the differences between the two techniques and the related work done in the

context of this project.



In this second chapter we present the methods and steps followed to carry out the experiments in
this project. We first cover the dataset that we used, then we discuss the proposed CNN

architectures and the software tools used.

For the last chapter, three different CNN models are presented and discussed: MobileNetV2,
Efficientnet-B0 and a custom-built CNN model. These three models are tested and compared to
each other in terms of accuracy in classifying images into two classes: “person wearing a mask”
and “person not wearing a mask”. We also consider the execution time metric since it is an

important aspect given the nature of this project.

Finally, we give a general conclusion about the results obtained and how they provide a useful
insight in designing CNNSs that are intended to run on low computational devices. we also gave

suggestion on potential improvements for the systems.



Chapter 1: Background and Related Work

1.1 Introduction

In this chapter we are going to give an overview on deep learning, convolutional neural
networks, and Haar Cascade classifiers. We are also going to cover one of the related works done

for a similar project.

1.2 Machine Learning

A computer program is said to be learning when its performance on a given task improves with
experience. Machine learning algorithms are applied to training data in order to derive patterns
and make accurate predictions on new data through trial and error without being explicitly

programmed to do so.

There are two ubiquitous types of machine learning algorithms: supervised learning and

unsupervised learning.

« Supervised learning: The algorithm is exposed to a dataset containing labeled examples,
i.e., for each input, there is a corresponding desired output. Using these labeled data, the

algorithm learns to predict the correct output of unseen data with great accuracy.

Supervised learning is mostly used to solve two types of problems: classification problems
and regression problems. Classification is further discussed later since it’s our main topic

in this project.

« Unsupervised learning: Unlike supervised learning, in this case the algorithm is presented
with unlabeled data. This type of learning is used when we want to discover patterns in

unstructured data.



K-Means
Mean Shift
K-Medoids

Principal Component Analysis (PCA)
Feature Selection

Linear Discriminant Analysis (LDA)

Decision Tree
Linear Regression

Logistic Regression

Navie Bayes
SVM
K-Nearest Neighbor

Fig. 1.1: Some machine learning algorithms [1].

The first machine learning algorithm that we are going to tackle in this project is the Haar Cascade

algorithm.

1.3 Haar Cascade Classifier

Cascading classifiers is a method used to concatenate multiple weak classifiers to obtain at the
end a strong classifier. These classifiers are trained on a few hundred samples of positive images
(images that we want to detect) and a few hundred of other images that do not contain positive

images.

Before cascading the weak classifiers, we need to select them first. A great way to select a small
set of classifiers is by using a Boosting technique. Adaptative Boosting or AdaBoost is a meta-
algorithm usually used in conjuncture with other learning algorithms. This meta-algorithm tries to
solve the problem of constructing a single strong learner from a set of weak learners. A weak

learner is defined to be a classifier that is only slightly correlated with the true classification (it can



label examples better than random guessing). In contrast, a strong learner is a classifier that is

arbitrarily well-correlated with the true classification [2].

1.3.1 Haar Features

Haar-like features are digital image features used in object recognition. These features were
used in the first real-time face detector which this project is inspired from.

—. (a) Edge Features
I (b) Line Features

(¢) Four-rectangle features

Fig. 1.2: Examples of Haar-like features [3].

Before the introduction of Haar features, practitioners used to do image processing with only the
pixel values of that image made the task of feature calculation computationally expensive. Paul
Viola and Michael Jones [4] adapted the idea of using Haar features. A Haar feature considers
adjacent rectangular regions at a specific location in a detection window, sums up the pixel
intensities in each region and calculates the difference between these sums. This calculated

difference is then used to make a prediction along with multiple other Haar calculations.

For example, with a human face, it is a common observation that among all faces the region of the
eyes is darker than the region of the cheeks. Therefore, a common Haar feature for face detection

is a set of two adjacent rectangles that lie above the eye and the cheek region. The position of these



rectangles (Haar features) is defined relative to a detection window that acts like a bounding box
to the target object (the face in this case).

To calculate the features on an image using the Haar kernels considering all the possible sizes of
the kernels and all the possible locations at where they could be computed on the image would be

a lot of computations to do. Even a 24x24 window would result in over 160,000 features.

Keeping in mind that we will slide many windows through our image to detect potential objects,
that is a huge computational cost that we just cannot afford since our main objective is for our
system to be computationally friendly. One of the contributions of Paul Viola and Michael Jones

in their 2001 paper cited earlier was to use a concept called integral images.

1.3.2 Integral Image

The integral image also known as the summed area table is an image representation that allows
very fast Haar feature evaluation. Once computed, any one of these Haar-like features can be

computed at any scale or location at constant time.

Input Image Summed Area Table

Fig. 1.3: calculation of the integral image [5].



It is clear from Figure 1.3 that the value of the pixels at any location in the integral image is the
sum of the pixels in the original image that are in the area defined by the top left corner and the
pixel coordinates that we want to calculate its value in the integral image.

The integral image can be calculated in a single pass through the image starting from the top left
corner. Once the integral image is calculated, summing the pixel intensities over any rectangular

area in the image takes only four addition operations regardless of the size of the rectangle.

1.3.3 Boosting

As stated before, a window as small as 24x24 could result in over 160,000 Haar features. Even
though each feature can be computed efficiently since we introduced the concept of integral
images, computing every possible Haar feature is computationally expensive for low-power CPUs.

There are many combinations of Haar features. However, we need to pick only some of them
which are relevant to our problem. In our case, we need to detect faces, thus we need features
which are relevant to detect face features such as eyes, mouths etc. Figure 1.4 below, depicts two
useful features in detecting faces. One of them detects the eye region, since the area below the eyes
tends to be brighter than the area of the eyes themselves, thus the sum of the difference between
these two areas will generally be a net positive which promotes that the candidate sub-window

contains a face.

Fig. 1.4: Examples for Haar features applied to a window [4].



A solution to select the best Haar features out of +160,000 features is by using a variant of a
boosting algorithm such as AdaBoost (Adaptive Boosting).

AdaBoost is a popular boosting technique which helps you construct a linear combination of
multiple weighted “weak classifiers” into a single “strong classifier”. Every Haar features is
considered a weak classifier because, on its own, it cannot determine with great confidence that

the sub-window contains a face.

AdaBoost can be applied to any classification algorithm, so it’s considered as a meta-algorithm or
a technique that builds on top of other classifiers as opposed to being a classifier itself [5]. The
output (the strong classifier) of AdaBoost is represented in the equation below:

H(x) = sign (Z atht(x)> (1.1)

t=1

Where:
e h,(x) is the prediction made by the weak classifier t on the input x
e «.is the weight assigned by the AdaBoost algorithm to the classifier t

e The final output H (x) is the sign of the linear combination of T weak classifiers.

1.3.3.1 Training

The classifiers are trained one at a time. After each classifier is trained, we update the vector Dy
which represents a probability distribution of each of the training example appearing in the training

set for the next classifier.

The first classifier (t = 1) is trained with equal probability given to all training examples. After it’s

trained, we compute the output weight (alpha) for that classifier [5].

1 1—-€
ay = 5 ln( c, t) (1.2)



Where:

The error rate e which is just the number of misclassifications over the training set divided
by the training set size.

[n is the logarithmic function.

3
2\
AN
11
@ \\t__
- T——
a0 T
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_1 L ‘\“\\ .
\,\\
2t 1
73 1 L 1 L
0 0.2 04 06 08 1

Error Rate

Fig. 1.5: plot of the output weight a: with respect to the error rate e [5].

From the graph we can deduce three key pieces of intuition:

1.

The classifier weight increases exponentially as the error rate approaches 0. We can deduce
that better classifiers are given a greater weight, therefor it has more influence on the linear

combination.

When the error rate is 0.5 the classifier’s weight is 0. A classifier with 50% accuracy is

no better than random guessing so we discard it.

We give a negative weight to classifiers with worse than 50% accuracy. The classifier
weight grows exponentially negative as the error approaches 1. This means that we want

to take the opposite answer of what the classifier suggested.



After computing the weight for the first classifier, we update the training example’s probability

distribution vector Dy using the following formula:

Dt(i)e—ZatJ’iht(xi) (1.3)
t

Dy, () =
Where:
e D, (i) is the old probability of the training example i
e D,,,(i) is the new probability of the training example i
e« is the weight of classifier t
e yiis the ground truth label of the training example i

e h.(x;) is the prediction made by classifier t on the training example i

I
Ze= ) DD (14)
i=1
Where:

e | is the total number of training examples.

D, 4 carries a weight for each example in the training set that represents that example’s probability
to be selected in the next classifier’s training round. As mentioned previously, the first classifier
is trained with the training data probability being equally distributed.

090¢g 00¢ @
P T P 9.8.8
() O... O... () ...
Original Data Weighted data Weighted data
Vo000 || |V e00| |7 eeo
000 0000 000
X 0000 X 0000 X 0000
00000 0000 00000
00000 00000 00000

Fig. 1.6: An illustration presenting the intuition behind the boosting
algorithm, consisting of the parallel learners and weighted dataset [6].
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The above-mentioned equation needs to be evaluated for each of the training sample x; and its
corresponding label yi. Each sample’s weight from the previous training round is going to be
increased or decreased by this exponential term. To understand how this exponential term behaves,

let’s look first at how the function e* behaves [5].

~

-2 0 2

Fig. 1.7: plot of the function e™.

The function e™ will return a fraction for positive values of x, and a value greater than one for
negative input values. Thus, the weight for each training sample will be either increased or

decreased according to the final sign of the term -awyih:(xi).

For binary classifiers whose output is constrained to either -1 or +1, the terms yi and ht(x;) only

contribute to the sign and not the magnitude.

The term y; represents the correct output for the corresponding training example, and hy(x;) is the
predicted output by classifier t on this training example. If the predicted and actual output agree,

yihi(xi) will always be +1. If they disagree, yih«(xi) will be -1.
From the equation we can deduce that if classifier with a positive a coefficient misclassifies a

sample x;, this sample will be given greater weight so that it can be included in the next round of

evaluations. Likewise. If a weak classifier misclassifies an input, the consequences are less strict.

11



Initialization:
1. Given training data from the instance
space

S = {(z1,¥1)y ..+, (Tm,ym)} where z; € X and y; € Y =
2. Initialize the distribution D;(2) = #u
Algorithm:

for t=1,...,7T: do
Train a weak learner h:;: X — R using
distribution D;.
Determine weight a; of h;.
Update the distribution over the training

set:
Dt(i)e—my.ht(zl)
Zt

where Z; is a normalization factor chosen
so that D:;4; will be a distribution.

end for

Final score:

¥lz) = EtT=o achi(z) and H(z) = sign(f(z))

Diya(3) =

Fig. 1.8: AdaBoost algorithm [7].

1.3.3.2 Using AdaBoost to Select the Features

As discussed above, in its original form, the AdaBoost learning algorithm is used to only boost
the classification performance of weak classifiers. However, in the paper cited earlier [4], the
authors used a variant of the AdaBoost both to select a small set of features and to train the

classifier.

For this, we apply every feature on all the training images. For each feature, it finds the best
threshold which will classify the faces to positive and negative. Obviously, there will be errors or
misclassifications. We select the features with minimum error rate, which means they are the
features that most accurately classify the face and non-face images. Then we simply add the

selected feature to our subset of selected features [3].

Paper [4] says even 200 features provide detection with 95% accuracy. Their final setup had around

6000 features. That is a reduction from +160,000 features to only 6000 features.

12



However, in an image, most of the image is not a face. One needs to find a way to discard non-
promising areas and only focus most of the computation time on promising sub-windows. The
authors tackled that problem by coming up with a great contribution which is cascading the

classifiers.

1.3.4 Cascading the Classifiers

In order to improve the efficiency of the classifiers, one method is to arrange them in a
cascade manner. The idea is to place the most efficient classifiers at the beginning of the cascade
so that we can reject most negative sub-windows while keeping almost all potential positive sub-
windows. As the cascade goes on, the classifiers get more and more complex allowing to extract

with great accuracy the relevant features that allow to make the final decision on the classification.

A positive result from a classifier at any point of the cascade triggers the evaluation of the classifier
after it which is usually a more complex one. This process is followed throughout the whole
cascade architecture. A negative result from any classifier at any point would result in discarding

that whole sub-window.

=
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Fig. 1.9: The overall form of the detection process [4].
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As an example, if we wanted to make an excellent first stage classifier, we would pick one that has
the highest true positives. This allows to keep all potential positive sub-windows and not risk
throwing away true positive in the early stages of the classifier. First stage classifiers have the
luxury of having a relatively high false positive rate since it will be taken care of in the following
stages of the cascade.

When training a cascade, we have to make a trade-off between speed and accuracy. Classifiers
with more features tend to make better predictions, however, they are slower to run. In the training
step we generally have to optimize the quantities: the number of classifiers in each stage, the
number of features in each stage and the threshold. The lower the threshold of the stage the lower
the false negatives are in that stage.

These three quantities are traded off in order to minimize the expected number of evaluated
features. Finding the best trade-off is a very hard problem; thus, in practice, each stage in the
cascade reduces the false positive rate and decreases the detection rate. Target values for the
minimum reduction of the false positive rate maximum decrease in detection are set in the

beginning of the training and the training stops when these values are met.

The complete face detection cascade presented in paper [4] has 38 stages with over 6000 features.
Nevertheless, the cascade structure results in fast average detection times. On a difficult dataset,
containing 507 faces and 75 million sub-windows, faces are detected using an average of 10 feature
evaluations per sub-window. That is a decrease from having to evaluate 6000+ features for each

sub-window to only about an average of 10 features.

1.4 Deep Learning

Deep learning is subset of machine learning which is an approach to achieve artificial

intelligence and attempt to mimic the human brain.

Neural networks make up the backbone of deep learning models. Basically, any neural network

with more than three layers is considered a deep neural network. Theoretically, the more layers a
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neural network has, the better its performance will be; since the additional layers will only optimize

and refine its accuracy.

Artificial Intelligence
The theory and development of computer systems
able to perform tasks normally requiring human
intelligence.

Machine Learning

Gives “computers the ability to learn
without being explicitly programmed”

Deep Learning

Machine learning algorithms
with brain-like logical
structure of algorithms
called artificial neural
network.

Fig. 1.10: Relationship between Al, ML and Deep Learning [8].

Deep learning has been taking off since the last decade. This is due to three main components: the
availability of huge amounts of data, a lot of algorithmic innovations that made neural networks

run much faster along with the availability of huge computational powers.

1.5 Artificial Neural Networks

ANNs are a ML model inspired by the biological nervous systems that are composed of
interconnected neurons, hence the name neural networks. Each biological neuron is made of
dendrites, an axon, and synapses. The neuron collects the input signals from its dendrites and
produces spikes of electrical activity to be transmitted via the axon which is divided into thousands
of branches. At the end of each branch, a structure called a synapse connects it to the dendrite of
another neuron. Synapses mainly amplify or inhibit the signal coming out of the axon depending

on the signals fed from the dendrites [9].

15



input

dendl_lﬂ'.ltes 1 ) axon terminals

cell bod}' output

Fig. 1.11: Biological neuron [10].

Similarly, ANNs are also made up of a set of interconnected neurons. Neurons are the simplest
processing units that make up an ANN. Each neuron takes a set of inputs (e.g., word frequency),
each input X, is associated with a synaptic weight w,. The weights are multiplied by the
corresponding inputs and accumulated together then biased, as depicted in figure 1.11. The result

is used to calculate the output of the activation function as shown in equation below [9].

N
a=9g (Z Xn. Wy + b) (1.5)

n=1

Where g is the activation function and N is the number of inputs.

Activation
Function

f

1

A\
-

Fig. 1.12: Single artificial neuron (node) with n+1 inputs [9].
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Typical ANNSs are made up of three groups of successive layers: an input layer, hidden layer, and
output layer — this type of neural network is referred to as Deep Neural Networks (DNNSs). An
example of a simple DNN is shown in figure 1.12.

Input Hidden Output
layer layer layer

Input #3 —

Input #4 —

Fig. 1.13: A simple DNN structure [9].

In most cases, the training of ANN classifiers is done in a supervised manner forward propagation
and backward propagation.

The neurons in neural networks are grouped into layers. Each neuron in the network produces an
output according to the function shown in Figure 1.12. the value calculated by each neuron is
passed to all the neurons in the next layer of the network. This process is called forward
propagation. The output of the neuron in the last layer of the network is the output value of the

whole network.

Another process called back propagation used in conjuncture with forward propagation uses error
optimization algorithms such as gradient descent to calculate errors in predictions and then adjusts
the weights and biases of the neurons by moving backwards through the layers. Together, forward
propagation and backpropagation allow a neural network to minimize the errors it makes in each

classification, thus resulting in a more accurate result.
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The above describes in simple terms how simple deep neural networks operate to make intelligent
decisions. However, DNN’s algorithms can get very complex quickly, and there are many types

of neural networks to address different problems.

One of the types that derives from simple neural network architecture are Convolutional neural
networks. This type of network is used primarily in computer vision and image classification
applications, can detect features and patterns within an image, enabling tasks, like object detection
or recognition. In 2015, a CNN bested a human in an object recognition challenge for the first time
[11].

1.6 Convolutional Neural Networks

Convolutional neural networks are the best type of neural networks for image classification
and detection problems because of they provide the highest accuracy amongst all the types of
neural networks. They were first proposed by computer scientist Yann LeCun in the late 90s; after
he was inspired from the human visual perception of recognizing things. The basic building block
of a CNN is the convolutional layers. at the end of the convolutional layers sequence, we find a

few fully connected layers like the one found in simple feed forward neural networks.

Fully-
Convolutional connected
layer 1 Convolutional layer
36 layer 2
26 \ -9
12 :\’—’o:
1 “““ 3 6 ~ r’ . ,\"l,'"
~~~~~~ e - B 1@
g 3&3: szt 71 b s (e Of x|
d ::f‘z‘é’ 12|/ al L O;.
a0 < ? 3 Max pooling [@]”
9 9 ) layer 2
Max pooling Output
3 layer 1 layers
Input layer

Fig. 1.14: A simple convolutional neural network [12].
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Why choose CNNs over feedforward NN for image data

One approach to attempt classification on image data is to use feedforward neural networks like
the one depicted in Figure 1.13. For example, we could flatten the image into a vector (24x24
image into a 576x1 vector) and feed it as an input to a feedforward neural network.

In case of extremely basic binary images, the above approach has been found to show an average
score when performing classification. However, the approach had little to no accuracy when
performing on complex images having different pixel dependencies across the image.

A CNN network can be trained to understand the sophistication of the image better. The reason
for this is the nature of the architecture allows for a better fitting to the image dataset due to the

reduction in the number of parameters involved and reusability of weights.

Furthermore, unlike fully connected layers of feedforward networks, convolutional networks have
sparse connections. In each layer, each output value depends only on a small number of input
values. This promotes far less computations through the network allowing for faster forward and

backwards propagation routines.

1.6.1 Types of CNN Layers

In order to understand the overall architecture of CNNs and how they operate, we must

first familiarize ourselves with the different types of layers a CNN usually consists of.

1. Convolutional Layers

This type of layer is the core building block of a CNN that does most of the

computational heavy lifting. It is the first layer to extract features from the input image
(generally RGB). The kernel superposed over the input image starting from the top left
corner. It starts shifting according to the stride value of that layer, performing a matrix

multiplication at each step. After the convolution, another image is obtained with a
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different height, width, and depth [13].

As depicted in Figure 1.15 below, each conv layer must have at least one filter associated
with it. The number of filters in each layer corresponds to the number of channels in the
result image of that layer (e.g., for the example in Figure 1.15 below, the layer has one
filter thus the result block has only one channel).

An important aspect to keep in mind is that the number of channels n¢ in each kernel in a
particular layer must be equal to the number of channels of the input image of that layer.

A padding value in CNN layers refers to the number of pixels added to the input image
prior to being processed by a kernel. The two most commonly used types of padding in
CNN layers are same padding and valid padding.

Input Filter Result
| | [

| [ 2

2ol | 2 - |/

5 6 24

2 4 5

5|6|5 4|78 Parameters:
— Size: f =00+

S INZE (ST R |28 [ — #channels: n,=3 1+
= Stride: s=1 ol |

2l A e Padding: p=o0

n, XN, xn,= 6x6x3 https://indoml.com

H V

Fig. 1.15: Convolutional layer with one filter [12].

The bias is another quantity associated with each filter in each layer. The bias is added to
each element of the output image after the filter has gone through all the input image. If a

layer has 32 filters, that layer would have 32 bias parameters associated with each filter.

Also, after adding a bias, we apply an activation function on the computed matrix. This is

done to introduce non-linearity to the network.
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2. Pooling Layers

This layer performs a down-sampling operation, typically applied after a convolution
layer, which does some spatial invariance. In particular, max and average pooling are

special kinds of pooling where the maximum and average value is taken, respectively.

One Feature Map One Feature Map
2SN N0 20 RS2 N0
5|-2| 2| 8 | Pooling i SHIES 5 1=2. (| 2:( '8 Pooling‘ 2083
16|73 1|7 1|67 |3 4| 4
45| 4|2 4(-5|4|2
(a) Max-Pooling (b) Average-Pooling

Fig. 1.16: Max-Pooling and Average Pooling operations [12].

3. Fully Connected Layers (for Classification)

The fully connected layer (FC) operates on a flattened input where each input is
connected to all neurons. If present, FC layers are usually found towards the end of CNN

architectures and can be used to optimize objectives such as class scores.

Fig. 1.17: Fully connected layers [14].

21



CONV POOL FC

= d OO0
00,
llustration F XK F || max ’:?‘;-;;‘O
®C Arm Nnut
Input size IxIxC ITxixd N
Output size Ox0Ox K Ox0OxC Now
Number of (FxFxC+1)-K 0 (Nim 1) % Now
parameters
* One bias parameter per filter » Pooling operation done " Input I_S flattened
. + One bias parameter per neuron
Remarks «In most cases, § << F channel-wise \ ber of _
« & common choice for K is2(  +Inmostcases, § = F  The number of FC neurons s

tree of structural constraints

Fig. 1.18: summary of the properties of each type of layer [14].

Note: In figure 1.18, O denotes the output size, and it has been shown previously in this report

how to calculate it. S represents the stride of the filters (kernels).

1.6.2 Training a CNN

At first our model is initialized with random parameters (filters values and biases in each
layer). The appropriate parameters result in a minimum error or loss when evaluating the examples

in the training dataset. Those parameters are found by training the model.

1.6.2.1 Activation Functions

An important aspect about any CNN model is the activation function that model uses.
Activation functions are used to introduce non-linearities to the network. Without them, the
network would perform linear combinations of the features which would lead to no better result

than using a simple linear regression algorithm.

The choice of the activation function impacts the performance of the neural network. All hidden

layers typically use the same activation function; however, the output layer uses a different one
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that depends on the type of prediction performed by the model. The most ubiquitous activation
functions in practice are the following:

1. Rectified Linear Unit (ReLU) — typically used in the conv layers

It is an activation function that is used on all elements of the volume. Also, one of its

variants may be used in practice.

RelU Leaky RelU ELU
g(z) = max(ez, z) g(z) = max(a(e® — 1), 2)
g(z) = max(0, z) ] ]
withe < 1 withe <7 1
1 1 1
—
0 1 0 1 0 1
x =

. .Non—.linear?ty com plexities . Add-resses dying Rel U issue far - Differentiable everywhere
biologically interpretable negative values

Fig. 1.19: Summary of the ReLU activation function and its variants [14].

2. Softmax — used in the output layer

the softmax function takes as input an n-dimensional vector x and output a similar vector

p of outputs probability. i.e., it assigns a probability to each entry of the input vector.

P1
. ( s ) (1.6)
Pn

X

e (1.7)

where p; = Sl
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1.6.2.2 Cost Function

The cost function calculates how much our predicted result deviates from the actual label
that we want to predict. This is done by averaging the results of a given loss function across the
entire dataset (in case of using batch gradient descent) or the entire batch (in case of using mini-
batch gradient descent). The most used loss function in practice for outputs that have a probability
value between 0 and 1 is the cross-entropy loss function.

C
L(y,p) = — Z yilog(p:) (1.8)

The above loss function is evaluated for every training example when training our model. Where
yi is the label vector for the example i and pi is our prediction vector for the same example

calculated by the softmax function. ¢ defines the number of classes in our dataset.

1.6.2.3 Gradient Descent

The gradient descent algorithm calculates how much we need to change our model’s
parameters to minimize the cost function. To start finding the right values, we initialize our
parameters randomly, then we apply gradient descent iteratively to get closer to the minimum

value of the cost function at each iteration.

There are three main gradient descent algorithms used in practice. They differ on when they update

the values of the parameters. We are going to cover two of them:
1. Batch Gradient Descent

calculates the error for each example within the training dataset, but only after all training
examples have been evaluated does the model get updated. This whole process is like a
cycle, and it's called a training epoch (more on this later). The formula used to update the

parameters if the following:
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where: j is the index of the parameter that we want to update.
«a is the learning rate (more on this later).
k is the number of parameters we have in our model.

J is the cost function.
2. Mini-Batch Gradient Descent

Mini-batch gradient descent is the one that we used in this project. This algorithm splits
the training dataset into small batches of randomly picked training examples and
performs an update for each of those batches.

Common mini-batch sizes range between 50 and 256, but like any other machine learning

technique, there is no clear rule because it varies for different applications.

1.6.2.4 Backward Propagation

The backward propagation algorithm allows the information from the cost to then flow
backwards through the network, to compute the gradient of the loss function with respect to the
model’s parameters. The gradient is then used by an optimization algorithm such as the gradient

descent to update the model’s parameters.

The algorithm involves the recursive application of the chain rule from calculus that is used to
calculate the derivative of a sub-function given the derivative of the parent function for which the

derivative is known.

The term backward propagation is often misunderstood as meaning the whole learning algorithm
for multi-layer neural networks. Backward propagation refers only to the method for computing
the gradient, while another algorithm, such as mini-batch gradient descent, is used to perform

learning using this gradient.
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1.5.2.5 Hyperparameters tuning

Tuning hyperparameters for deep neural network is difficult as it is slow to train a deep
neural network and there are numerous parameters to configure. In this part, we briefly cover the

most common hyperparameters found in a CNN.

1. Learning Rate

Learning rate controls how much to update the weight in the optimization algorithm. We
can use fixed learning rate, gradually decreasing learning rate, momentum-based

methods, or adaptive learning rates, depending on our choice of optimizer such as Adam.

2. Number of Epochs

Number of epochs is the number of times the entire training set pass through the neural
network. We should increase the number of epochs until we see a small gap between the

test error and the training error.

3. Batch size

A hyperparameter of gradient descent that controls the number of training samples to
work through before the model's internal parameters are updated. Mini batch is usually
preferable in the learning process of CNNs. A range of 16 to 128 is a good choice to test

with.

4. Number of convolutional layers, filters, filter sizes

It is usually good to add more layers until the test error no longer improves. The tradeoff
is that it is computationally expensive to train the network. Having a small number of

units may lead to underfitting while having more units are usually not harmful with
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appropriate regularization.

1.6.2.6 Overfitting and Underfitting

Overfitting occurs when our model performs well on our training set but poorly on our
testing set. This can be seen as our model memorizing the training examples and failing to
generalize to new examples. When a model is overfitting, we say it has high variance. In machine

learning, the difference in fits between datasets is called variance.

Overfitting can be reduced using regularization techniques such as L2 Regularization and Dropout.

e L2 Regularization

for this type of regularization we need to add the following value to our loss function L:
C k
L(y,p) = —Z yilog(p) + 2 Z 6;” (1.10)
i=1 j=1

As stated before, 8 represents our parameters i.c., our filters’ elements’ values and there

are k of them. A is set before initiating the training.

If we have overfitting, we can reduce the weight that some of the terms in our model
carry by increasing their cost. If the value of lambda is large enough, the parameters will
be decreased because the added L2 expression will penalize our parameters. Thus,
reducing the influence that some parameters have on the decision, therefore simplifying

our model.

e Dropout

The key idea is to randomly drop units (along with their connections) from the neural
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network during training. This means that their contribution to the activation of
downstream neurons is temporarily removed on the forward pass and any weight updates

are not applied to the neuron on the backward pass [12].

Contrary to overfitting, underfitting occurs when our model fails to classify the examples it was
trained on. In machine learning, when our model fails to capture the true relationship among our
input features it is said to have a high bias. This problem usually happens, when we don’t have
enough data, when we over-simplify our model or when we don’t train our model for enough

epochs.

Error

Optimal
error ' balance

error

Model complexity

Fig. 1.20: Bias-variance trade-off [12].
1.7 Transfer Learning

Transfer learning is a technique where rather than training the weights from scratch, we
download the weights that someone else has trained on that same network architecture and use that
as starting point for our specific problem. The starting point weights used in this project are the
weights that were trained on the ImageNet dataset.

For transfer learning to work well, we need to pick models that are pre-trained on a type of data

that is similar to the type of data that we are using. For example, in this project we are working
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with image data, thus, the pre-trained models we need to pick need to be trained on image data as

well.
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Fig. 1.21: Transfer learning performance comparison graph [15].

1.7.1 Models Used

For the purpose of this project, we are going to gather and use low-computation CPU
friendly pre-trained models trained on image data. Also, we will use simple models created from

scratch.

1.7.1.1 MobileNetV2

MobileNetV2 is a convolutional neural network architecture that seeks to perform well and
have low latency on mobile and embedded devices. It is an improvement upon the original
MobileNetV1 architecture. The key idea was to use depthwise-separable convolutions instead of

normal convolutions.

Depthwise-separable convolutions

This type of convolutions does the computations in two steps: depthwise convolutions, then
pointwise convolutions. This technique was proven to reduce the computation time by a factor of

10 in typical CNN layers.
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Fig. 1.22: Depthwise separable convolution.

Considering the above figure, in the normal convolution we would have to make 2160
multiplications to obtain our result. However, when using the depthwise separable convolution

technique, the computation is reduced to only 672 multiplications.

The authors of the MobileNet paper showed that in general, the ratio of the cost of the depthwise

separable convolution compared to the normal convolution is determined using this equation:

oty 1 (1.11)
ne  f?
Where n¢ is the number of channels in the filter and f is the filter size.
Inverted Residuals and Linear Bottleneck Block
In MobileNet v2, there are two main changes. One is the addition of a residual connection.

This residual connection or skip connection, takes the input from the previous layer, and passes it

directly to the next layer, does allow gradients to propagate backward more efficiently.
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The second change is the addition of an expansion layer before the depthwise convolution,
followed by the pointwise convolution, which we're going to call projection in a point-wise

convolution.

56x56 »| 56x56 56x56 56x56 .

x24 expansion x144 depthwise x144 projection x24
convolution convolution convolution
(factor = 6)

residual connection

Fig. 1.23: Bottleneck Block.

Residual connections connect the beginning and end of a convolutional block with a skip
connection. By adding these two states the network has the opportunity of accessing earlier
activations that weren’t modified in the convolutional block. This approach turned out to be

essential in order to build networks of great depth.

Advantages of the Bottleneck Block

The bottleneck block accomplishes two things, One, by using the expansion operation, it increases
the size of the representation within the bottleneck block. This allows the neural network to learn

a richer function.

The bottleneck block uses the pointwise convolution or the projection operation in order to project
it back down to a smaller set of values, so that when you pass this the next block, the amount of
memory needed to store these values is reduced back down. This is very useful when deploying

the model on memory restrained mobile and embedded devices

That's why the MobileNet v2 can get a better performance than MobileNet v1, while still

continuing to use only a modest amount of compute and memory resources.
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1.7.1.2 EfficientNet

First introduced in 2019 by Tan and Le, EfficientNet is among the most efficient models
(i.e., requiring least floating-point operations per second for inference) that reaches state-of-the-
art accuracy on both the ImageNet dataset and common image classification transfer learning tasks.

To scale a CNN, we could either: scale the resolution of the input image r, adjust the depth of the
model d, or adjust the width of the model w. The authors of EfficientNet gave a method to find the
optimal trade-off between those three values in order to get the best possible performance within

a given computational budget.

1.8 Related Work

Motivated by the tedious task of manual observation of the face mask in crowded places,

researchers have been seeking to automate the task of face mask detection via an Al system.

In this paper [16], the authors presented a MobileNet architecture with a global pooling block for
face mask detection. The proposed model employs a global pooling layer to perform a flatten of
the feature vector. A fully connected dense layer associated with the softmax layer has been
utilized for classification. The proposed model outperforms existing models on two publicly

available face mask datasets in terms of vital performance metrics.
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Fig. 1.24: Model proposed by paper [21] authors.
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The authors trained the model for 50 epochs for a batch size of 8 examples. They set the initial
learning rate to 0.0001 and used the Adam optimizer. Their proposed model records best perform
of 99.56%.

1.9 Conclusion

Convolutional neural networks have been the most prominent type of machine learning
techniques used in image data classification tasks. Haar cascade classifiers have been shown to be
amongst the most efficient type of classifiers for computationally restrained devices such as mobile
and embedded devices. In this chapter, all the machine learning methods that are going to be used
in this project have been thoroughly explained with detailed examples. Thus, in this project it has
been decided to use both Haar cascade classifiers and CNNs to carry out the main task of this
project.
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Chapter 2: Models and the Dataset Used

2.1 Introduction

In this chapter, the methods used for the implementation of the proposed system will be
presented. The implementation follows four major steps: exploratory data analysis, preprocessing,
face detection, face mask detection. Since the choice of the data is important to neural networks,
it additionally involved the search for proper data sets. The dataset suggested in some of the

consulted state-of-the-art papers [17], is used as a baseline for the evaluation of CNNs.

2.2 Dataset - RMFD

The dataset used in this project is known as the Real-world Masked Face Dataset (RMFD).
It was created by researchers from Wuhan University, and it was sponsored by the National
Engineering Research Center for Multimedia Software (NERCMS) and the School of Computer

Science of Wuhan University.

This dataset was primarily developed for masked face recognition purposes. i.e., developing a

technique to recognize people even when they are wearing face masks.

The researchers provided two three types of masked faces datasets, including Masked Face
Detection Dataset (MFDD), Real-world Masked Face Recognition Dataset (RMFD) and
Simulated Masked Face Recognition Dataset (SMFD).

Given that we are not concerned with doing recognition in this project, the most suitable type of
dataset for our project would be the MFDD variant. However, after extensive research online for
this dataset, it was nowhere to be found. Thus, we settled with the RMFD dataset and manipulated

it to fit the needs of our project.
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RMFD is a dataset that contains two classes: masked faces and normal faces. Given that this dataset
was intended for recognition purposes. Each classes contains a folder for every person used in the
dataset. In total, this dataset contains 5,000 masked faces of 525 people and 90,000 normal faces.

Fig. 2.1: Masked and normal faces examples from RMFD.

After downloading the dataset, it was found that it contains only 2,203 masked faces. Thus, the
dataset was balanced to also have 2,203 normal faces. i.e., 88,265 images of normal faces were

removed.
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Fig. 2.2: Classes distribution after balancing the dataset.
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2.3 Preprocessing

In order to train our convolutional neural networks, we need to preprocess the images that
we gathered from our dataset in a way that is convenient for our models to consume. There are

certain criteria our images must meet in order for them to be accepted.

The image size that is most commonly accepted by the pre-trained models used in this project is
224x224 pixels. Thus, the images were resized to fit the aforementioned size.

To make our model converge faster, we have to normalize the pixel values in each picture. That

is, pixel values in our pictures must range from -1 to +1.

Also, our images are labeled with their respective class names. Since our models will be using the
softmax output function, and given that we have two classes, then our data to be accepted in our

models we need to encode those alphabetic names into vectors using one-hot encoding. This

resulted in encoding the with_mask class into the vector [(1)] and the without_mask class into the

vector [2]

The data is then shuffled and split into a training set and a testing set. The training set make up
72% of the dataset, the testing set represents 20% and the validation set is 08%. It is also worth

mentioning that the split was stratified. i.e., the percentage of each class in our sets is preserved.

Table 2.1: Number of samples in each set.

Class With mask Without mask Percentage
Training set 1586 1585 72%
Validation set 176 177 08%
Testing set 441 441 20%
Total 2203 2203 100%
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After all the preprocessing is done, we resulted in six arrays containing our data. These arrays are
stored on disk to avoid doing the preprocessing every time we need to train a model.

2.4 Haar Cascade Classifier

Since we are going to classify images coming from the camera in real-time, we need to
detect the faces before doing the classification. The detection of the faces is done by a publicly
available Haar cascade classifier. It is a popular classifier used in many projects. This classifier
contains 25 stages. It is provided in an .xml file and can be found in the OpenCV data folder.

2.5 Models

Given the low computational budget nature of our project, the most computationally
efficient pre-trained models have been picked, namely: MobileNetV2 and EfficientNetBO.
Furthermore, to experiment more with custom CNN models built from scratch, a simple CNN

model was created to compare it against the pre-trained models that we picked.

2.5.1 MobileNetV2

The model accepts the input size of 224x244. The input size perfectly fits our preprocessed
dataset. Thus, we don’t need to resize our images.
As a whole, the architecture of MobileNetV2 contains the initial fully convolution layer with 32

filters, followed by 19 residual bottleneck layers.

To benefit from transfer learning, the architecture of this model was imported from Keras (a python
library that runs on top of TensorFlow) and was initialized with weights that were already trained
on the ImageNet dataset. This dataset contains 1000 classes. Thus, the classification layers were
removed from the architecture and were replaced by our own classification layers as depicted in

the figure below.
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Layer (type) Ooutput shape Param #

mobilenetv2 1.88 224 (Functi (Hone, 7, 7, 1280) 2257984
global average pooling2d (Gl (Hone, 128@) (5]

dense (Dense) (None, 12R) 163962
dropout (Dropout) {Hone, 128)

dense 1 (Dense) {(Hone, 32)

dropout_1 (Dropout) (HNone,

dense 2 (Dense)

Total params: 2,426,146

Trainable params: 168,162
Hon-trainable params: 2,257,934

Fig. 2.3: MobileNetV2 architecture.

In total, 6 layers were added. The dropout layers were used to avoid overfitting.

2.5.2 EfficientNet-B0O

This architecture is from the EfficientNet family of models. The BO variant was found to

accept an input size of 224x224. Thus, this variant was chosen for the sake of this project.

Taking BO as a baseline model, the authors developed a full family of EfficientNet from B1 to B7

which achieved state of the art accuracy on ImageNet while being very efficient to its competitors.
The EfficientNet-B0 architecture wasn’t developed by engineers but by the neural network itself.
They developed this model using a multi-objective neural architecture search that optimizes both

accuracy and floating-point operations.

Taking BO as a baseline model, the authors developed a full family of EfficientNet from B1 to B7

which achieved state of the art accuracy on ImageNet while being very efficient to its competitors.
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Similar to the previous pre-trained model discussed, this model was imported from the Keras
library along with the ImageNet weights. The classification layers were left off and we added the
same classification layers as the previous model for a fair comparison. Figure 2.5 below shows the

parameters and the layers of the final model.

Layer (type) Output shape Param #
efficientnetb® (Functional) (Hone, 7, 7, 1288) 4849571

global average pooling2d 1 ( (Hone, 1288) (5]

dense 3 (Dense) {None, 12R) 163968

dropout 2 (Dropout) {None, 12R)
dense 4 (Dense) {None, 32)
dropout 3 (Dropout)

dense 5 (Dense)

Total params: 4,217,733

Trainable params: 168,162
Hon-trainable params: 4,849,571

Fig. 2.4: EfficientNet-BO0 architecture.

2.5.3 Custom Model

For experimental reasons, we wanted to compare the performance and execution speed of

a custom simple CNN model built from scratch to the pre-trained models used.

The architecture of the model is depicted in Figure 2.6 below. This model has significantly less
parameters than the previous models. But this does not guarantee that it has less floating-point

operations per second (which is an indirect metric for a model’s execution speed).

The model starts by 4 convolutional layers. Each convolutional layer is followed by a max pooling

layer with a stride of 2. These pooling layers reduce the dimension of the input by a factor of 2 (as
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shown in Figure 2.6). then, the same classification layers as the previous models were added in

order to account for a fair comparison between the models.

Layer (type) Output
conv2d (Conv2D)

max_pooling2d (MaxPooling2D) (MNone,
conv2d 1 (Conv2D) (Hone,
max_pooling2d 1 (MaxPooling2 (MNone,
conv2d 2 (Conv2D) (Hone,
max_pooling2d 2 (MaxPooling2 (MNone,
conv2d 3 (Conv2D) (Hone,
max_pooling2d 3 (MaxPooling2 (MNone,
global average pooling2d 2 ( (MNone,
dense 6 (Dense) {None,
dropout_4 (Dropout) {None,

dense 7 (Dense) {None,

dropout 5 (Dropout)

dense 8 (Dense)

Total params: 1,628,834
Trainable params: 1,628,834
Hon-trainable params: @

Shape

222, 222, 64)
111, 111, 64)

109, 109, 128)

54,

52,

26,

24,

54,

52,

26,

24,

12,

128)
256)
256)
512 )

512 )

Fig. 2.5: Custom model architecture.
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2.6 Tools Used

2.6.1 Python

Python is an interpreted high-level general-purpose programming language. This language
is a great choice for machine learning project because it is intuitive. contains many open-source
libraries for machine learning and data science. The version of python used in this project is python
3.7.2

2.6.2 Keras

Keras is an open-source software library that runs on top of TensorFlow. Is provides all the
tools needed to create and develop neural networks. The version of keras used in this project is
2.4.0

2.6.4 Training Environment

The preprocessing and the training of the models was done on the Google Colab Pro
platform. This platform requires no allows anyone to write and run the Python code through the

browser. It is an environment particularly suited to machine learning and data analysis.

The environment provided us with 25GB of RAM and a Tesla T4 GPU with 13.5GB of VRAM.

This makes the training process of our models very fast.

2.6.5 Testing Environment and Device
To test and evaluate our models we had to set up a Raspberry Pi 3 Model B with Raspberry
Pi OS which comes with python installed. We then installed TensorFlow 2.4.0 along with Keras

2.4.0 and a few other libraries.
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2.7 Conclusion

In this chapter, a detailed explanation of the methods used in order to detect and classify
whether people are wearing face masks was given. First, a description of the dataset was provided
where we explored the structure of the data its distribution and how we preprocessed it to make it
ready for training and testing. Next, we discussed the method used to detect the faces in each
image. We presented three different models that are going to be compared to each other in this
project. Finally, we presented the tools used to carry out this project.
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Chapter 3: Results and Discussion

3.1 Introduction

In this chapter we will present the metrics used to evaluate the performance of each model.
We will also present the results achieved and discuss them.

3.2 Evaluation Metrics

For this project, we will evaluate our models using four metrics: accuracy, precision, recall

and F-1 score.

3.2.1 Confusion Matrix

A confusion matrix is a way to visualize how well our model performed on the test set. For
each class, it depicts the number of correctly predicted samples versus the number of incorrectly
predicted samples. The number of rows in a confusion matrix is defined by the number of classes.

Fig. 3.1 shows a general structure of a confusion matrix.

Positive Negative
)
2 TP FP
3
o
g
e FN TN
©
o]y}
)
z

Fig. 3.1: Two classes confusion matrix [20].
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From the confusion matrix, we can derive four important values for each class. Those four values
are used to compute the metrics mentioned before. If we have N classes and we consider class i to

be positive and the other N — 1 classes to be negative, then:

True positive (tpi): the number of predictions where the classifier correctly predicts the
input sample as belonging to class i.

e True negative (tn;): the number of predictions where the classifier correctly predicts the

negative samples as negative.

e False positive (fpi): the number of predictions where the classifier incorrectly predicts the

other N — 1 class as class 1.

e False negative (fnj): the number of predictions where the classifier incorrectly predicts

class 1 classes as one of the N — 1.

3.2.2 Average Accuracy

It gives the overall accuracy of the model, meaning the fraction of the total samples

that were correctly classified by the classifier:

N
1 tpi + tnl- (3 1)

accuracy = — Z '

N = tp; +tn; + fp; + fny

3.2.3 Precision

It tells us what fraction of predictions as a positive class were actually positive. To calculate

precision, we use:
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.. tpi (3.2)
recision = ————— -
P tp; + [

3.2.4 Recall
It is the ability of the model to find correct predictions per class.

t .
recall = — 2 (3.3)

tp; + fn,

3.2.5 F1-score
The harmonic average of the precision and recall, it measures the effectiveness of
identification when just as much importance is given to recall as to precision for each

class.

precision X recall (3.4)

F1 =2 X
score precision + recall

3.2.6 average execution time

In order to test the average execution time of our models, we did the test on a Raspberry Pi

3 Model B. the specifications of this device are as follows:

e Quad Core 1.2GHz Broadcom BCM2837 64bit CPU

e 1GBRAM

To calculate the average execution time, we took the mean of 100 different classification prediction

operations when running on the aforementioned device.

N=100

i=1  prediction(i) (3.5)
N

art =
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3.3 Experimental Results

The experiments we did in this project consists of training three different CNN models:
two models loaded with pre-trained parameters (MobileNetV2 and EfficientNet-B0) trained using

transfer learning technique, and one model built from scratch and trained all the parameters.

We are going to start by presenting the results of the pre-trained models first, then we are going to
present the results of our custom model that was built from scratch. Then, we are going to compare

the models.

3.3.1 MobileNetV2

This model was trained using the hyperparameters shown in Table 3.1. These parameters

were chosen because they are the most commonly used when first training a CNN:
Table 3.1: MobileNetV2 hyperparameters.

Initial learning rate Batch size Epochs Classification layers
Dense = 128
Dropout = 0.5
0.001 32 10 Dense = 32
Dropout = 0.5

Dense = 2
After training the proposed model for 10 epochs on the dataset presented earlier, which contains

3171 training examples and 351 cross-validation examples, it resulted in the following accuracy

and loss curves:
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training loss and accuracy
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Fig. 3.2: MobileNetV2 loss and accuracy curves.

As shown in figure 3.2, the model converged rapidly. Thus, we did not need to train the model for

further epochs.

When testing the model on the testing set, which contains 882 examples, the following loss and

accuracy were obtained:

Table 3.2: MobileNetV2 testing results.

Loss Accuracy
0.0249 0.9909

We obtained great results on the testing set, which means that our model did not overtrain, thus

the model did not overfit the training data and it generalized on the hold-out set pretty well.

We also derived the metrics mentioned earlier in this chapter using a function from the scikit-learn

library. The following results were obtained:
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Table 3.3: MobileNetV2 classification report.

Class Precision Recall F1-score
With mask 0.99 1.00 0.99
Without mask 1.00 0.99 0.99

Confusion Matrix

irue iabeis

Predicted labels

Fig. 3.3: MobileNetV2 confusion matrix.

Accuracy

0.99

When the model was tested for execution speed on our testing device (Raspberry Pi 3 Model B),

we got the following results:

Execution time

1.19 seconds/prediction

3.3.2 EfficientNet-B0O

The hyperparameters used in the training of this model are the same used for the previous

model. The same training examples and cross-validation examples were also used. The experiment

resulted in the following accuracy and loss curves:
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training loss and accuracy
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Fig. 3.4: Efficientnet-BO loss and accuracy curves.

As shown in the figure above, the model started to converge starting from the 2" epoch. The model
performed great on the validation set, which indicates the absence of overfitting. The loss value

is low which means the error value in each example is small.

When testing the model on the testing set, which contains 882 examples, the following loss and

accuracy were obtained:

Table 3.4: Efficientnet-BO0 testing results.

Loss Accuracy
0.0451 0.9875

The table above shows that this model did a great job in classifying the examples in the testing set.
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Table 3.5: Efficientnet-BO classification report.

Class Precision Recall F1-score Accuracy
With mask 0.98 1.00 0.99 0.99
Without mask 1.00 0.98 0.99 '

Confusion Matrix

¢ a1
= -
. 430 .
ed lal

Predicted labels

Fig. 3.5: Efficientnet-B0 confusion matrix.

When the model was tested for execution speed on our testing device (Raspberry Pi 3 Model B),

we got the following results:

Execution time

1.62 seconds/prediction

3.3.3 Custom Model

Unlike the other models, this one got trained for 15 epochs. The learning rate and the batch

size have the same values as the previous models.
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Fig. 3.6: Custom model loss and accuracy curves.

As shown in the figure above, the loss values for this model started at a higher value than the
previous pre-trained models. The accuracy values started at around 0.8 which is a good value but
not as good as the previous two models. The loss values quickly decreased as the training went on
and they converged by the last epoch. As for the accuracy values, they also converged quickly.

Table 3.6: custom model testing results.

Loss Accuracy
0.0148 0.9921

The table above shows that this model did a great job in classifying the examples in the testing set.

Table 3.7: Custom model classification report.

Class Precision Recall F1-score Accuracy
With mask 1.00 0.99 0.99 0.99
Without mask 0.99 1.00 0.99 '
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Confusion Matrix

True labels

Fig. 3.7: Custom model confusion matrix.

When the model was tested for execution speed on our testing device (Raspberry Pi 3 Model B),
we got the following results:

Execution time

1.72 seconds/prediction
Although this model has less parameters than the previous pre-trained models, its execution speed

is the slowest amongst the three. This is due to the use of depth-wise separable convolution in the

pre-trained models which reduces the calculations time drastically.

3.3.3.1 Speed Improvement
In an attempt to reduce the execution speed of this model, the last convolutional layer
conv2d 3 (512 filters, filter size = 3x3, parameters = 1,180,160) was removed from the

architecture along with its pooling layer.

The resulting model had 407,906 parameters. This model was trained for 30 epochs and the

following results were obtained:
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Fig. 3.8: Improved custom model loss and accuracy curves.

The number of epochs this model took to converge was higher than before removing the last
convolutional layer. This is because it is harder to extract meaningful features with a smaller

number of layers.

Table 3.8: Improved custom model testing results.

Loss Accuracy
0.0195 0.9955

Although this model has the smallest number of parameters, it got the best performance results on

the testing set.
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Table 3.9: Improved custom model classification report.

Class Precision Recall F1-score Accuracy
With mask 1.00 1.00 1.00 100
Without mask 1.00 1.00 1.00 '

Confusion Matrix

irue iabeis

Predicted labels

Fig. 3.9: Improved custom model confusion matrix.

The evaluation metrics results of this model shown in Table 3.6 are perfect. Also, the confusion
matrix showed the smallest number of errors amongst all the models.

When testing the execution speed again, with a lot less parameters than before the improvement,
we got the following result:

Execution time

0.82 seconds/prediction

The experiment yielded a 53% improvement on the execution speed while maintaining the level
of accuracy.
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3.3.4 Summary and Comparison

The following table represents a summary of the results obtained by each of the models

proposed in this project:

Table 3.10: Summary and comparison of the models.

Model Accuracy Exec. time (s/prediction)
MobilenetV2 0.99 1.19
Efficientnet-BO 0.99 1.62
Improved custom model 1.00 0.82

From the table above we can clearly derive that the improved custom model is the best model since
it has the highest accuracy score and the lowest execution time. This was not anticipated in the

beginning of the experiment since.

3.3.5 Real-Time Detection and Classification

After training the models, we put them into practice to see how they perform in real-time
using live video feed from a camera. We run a python script on a Raspberry Pi 3 Model B equipped
with the Raspberry Pi Camera Module v2. The v2 Camera Module has a Sony IMX219 8-
megapixel sensor and it can be used to take high-definition video, as well as stills photographs. It

attaches via a 15cm ribbon cable to the CSI port on the Raspberry Pi.

55



A

Import model
@ Import cascade classifier ¥ capture frame
Initialize camera
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using haar cascade classifier
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/ show classification result k

Fig. 3.9: Real-time classification flowchart.

Figure 3.9 illustrates a flowchart of how our real-time detection script runs. After setting up the
camera, a few tries were done using the three different proposed models. We recorded the real-

time execution time of this algorithm in order to compare which model runs the fastest.

This real-time execution time metric was calculated by taking the mean execution time of 20

consecutive frame during the execution of the routine shown in Figure 3.9.
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Table 3.11: real-time execution time of the models.

Model Average face Average real-time Real-time Algorithm
detection time (s) execution time (s) difference (s) execution time
MobileNetV2 0.82 14 -0.22 2.22
EfficientNet-BO 0.85 2.14 +0.42 2.99
Custom model 0.89 1.3 +0.48 2.19

When testing the models, all three of them showed great accuracy in detecting whether the mask
was worn or not. However, when testing the models for their real-time performance. They showed

different results regarding their execution time.

As shown in Table 3.8 the average execution time for the models differs from the values obtained

when we ran the average execution time metric presented at the beginning of the chapter.

The table above demonstrates how the execution time of the models changed when ran in a real-
time environment. This is probably due to the system running different operating system utilities

in parallel which impedes the execution of our models’ prediction functions.

Also, the time it takes for the Haar cascade classifier to detect a face in a frame varies a lot from
frame to frame. This is because the harder it is for the classifier to decide whether the sub-window
contains a face or not the longer it will take the classifier to discard that candidate sub-window

which means longer processing time. However, the detection time doesn’t deviate much.

3.4 Conclusion

In this chapter, we presented the different evaluation metrics used to evaluate the proposed
models. We then proceeded to show the results obtained in the different experiments that we

carried.
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We started first by training two CNN architectures loaded with pre-trained weights on the
ImageNet dataset. Afterwards, we excluded the classification layers that come included in those
architectures and added our own dense layers and trained those dense layers while freezing all the

other layers. This technique training technique is called transfer learning.

We then proposed a CNN architecture and trained it on the same dataset. Although this proposed
CNN model had less parameters than the other two, it ran slower than its pre-trained counterparts.
In an attempt to improve its execution time, we removed the convolutional layer with the most
parameters (the last convolutional layer of the architecture) and trained the model again. The
execution time improved drastically after doing this modification.

Finally, we presented our real-time detection system that was intended for use on low-power

CPUs. We demonstrated how it works using a flowchart and showed the results we got when

running the system on our testing device.
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General Conclusion and Future Work

The results obtained in the last chapter were very intriguing and not anticipated. We have seen that
a simple 3 convolutional layer had better accuracy than the pre-trained models with transfer

learning.

The main takeaway from the experiments is that even though mobile oriented CNN architecture
such as MobileNetV2 and EfficientNet-BO are advertised as the go-to architecture when running
image classification on low computational power devices. they are often not the best options in
term of efficiency; especially when the features to be learned are not very complex since in our
case face mask detection doesn’t require a lot of features to be extracted. We have seen that even
a 3 convolutional layers network had a near perfect performance on the test dataset while running
much faster than the other models. Our best model which was the custom model achieved an

accuracy of 99.55% which a great accuracy score.

the most important takeaway from these experiments is that it would be much wiser when
developing a CNN model for classification purposes to start with a simple custom built CNN
architecture with a small number of convolutional and pooling layer and increment the number of

layers until we meet the desired accuracy or until we exceed the execution time budget.
Future Work

Although all of the proposed models showed near perfect results, there is still room for improving

the overall system.
A great way to improve the running time of these models is by converting them into the

TensorFlow-Lite format. This format allows for faster execution speed on mobile and IoT

devices.
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Another great contribution would be to find a way to run Haar cascade classifiers faster on low
computation power devices, since this task takes considerable amount of time during real-time

detection and classification. This would make a great research endeavor.

Since, we improved our custom model by removing a convolutional layer and did not hurt the
performance of the model, a good problem to work on would be to find a good trade-off between
the number of parameters of the model and the accuracy. This will improve the execution time

even further.

Lastly, since the act of wearing a face mask in public in not going away anytime soon, it would be
a great contribution to work on developing a Haar cascade classifier that is trained on faces of
people wearing face masks. This would improve the false negative rate of the classifier used in
this project. It is also worth noting that an attempt to develop such a classifier was made during
the completion of this project, but due to low computational resources and time constraints, the
developed classifier had poor performance compared to the used/existing one.
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