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ABSTRACT
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Nowadays, the necessity to attend to traffic is increasing tremendously, and as a consequence,
the number of collisions is also climbing substantially. These are mainly caused by human error
while driving, including texting, talking on the phone, eating and drinking, and so on. Drivers using
cellular phones are nearly fourfold more likely to be involved in an accident than drivers who do
not use a cell phone. In 2020, 3142 individuals were killed in automobile accidents caused by
distracted drivers in the US. Distracted accidents are the main concern that this work seeks a
solution to address.

In automotive systems, numerous methods to address driver distraction have been developed,
including the use of biological testing, Al-based prediction, and image processing. However, the
majority of these approaches were developed in laboratory settings that may not be ideal for actual
automobile cabins. Some of the techniques are insufficient for use in automotive contexts due to
platform constraints, or biological testing cannot adapt to real-time needs. Image processing may
adapt to the two mentioned requirements, but the accuracy and flexibility may not be achievable.

This thesis presents an end-to-end system that combines two types of models - the Coral Al
model and the Decision Tree - to certainly assist tackle this challenge. The outcomes of this sys-
tem are the driver’s status, and an external module is in charge of advising the driver to drive
carefully.

This thesis focuses on a real-time Al-based monitoring system that categorizes a driver’s dis-
traction level. The system is separated into three major stages: head pose detection, distraction
estimation, and warning module. The key joints in the top half of the human body, such as the
head, neck, and shoulders, are extracted using pose detection., and the joints are used as input
parameters by the distraction estimator to predict the status of the drivers. Finally, the warning
assesses the situation and, if necessary, activates the warning system to alert the driver.

In a nutshell, the key contributions of this study included implementing the classifier model and
performing it in an embedded environment. The PoseNet model was chosen as the pose estima-
tor; it operates on Coral’s Edge TPU and can deliver results in 2.6 ms. To identify the distraction,
a fine-tuned decision tree is used. It can work on the Nvidia Jetson Nano, which is the primary
environment for running the classified task. Also, the external warning module is constructed on
a Raspberry Pi 2 and it interacts with the Jetson through Socket protocols to receive reports and
notify the driver. The system performance can achieve from 15 to 20 frame rate, and the decision
tree’s prediction accuracy is more than 90%.

Keywords: Al application, Distracted Estimator, Embedded System, Real-time
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1. INTRODUCTION

In this modern world, traffic accidents are becoming more common, and most of them
result in serious injuries or fatalities. According to studies, distracted drivers cause the
majority of accidents in the US. These are mainly caused by human error while driving,
including texting, talking on the phone, eating and drinking, and so on. The number of
accidents caused by mobile phone use while driving is four times that of the other causes
[1]. Based on the survey of the National Highway Transportation and Safety Administra-
tion, in 2020, 3 142 individuals were Killed in fatal distracted driving accidents in the US,
accounting for 8.7% of all collision deaths that year. In addition, roughly 280 000 people
are wounded each year as a result of driving distractions [2]. The numbers show how
disastrous the consequences may be when we drive while distracted.

A traditional vehicle was mostly composed of mechanical components until the 1960s. In
the 1970s, the integration of electronic components began to improve. Modern automo-
biles may have 100 or more electronic control units (ECUs), which manage tasks ranging
such as fundamental, comfort, security, and access tasks (such as door locks and keyless
entry) [3]. The ECUs are connected with others by controller area network (CAN) com-
munication [4]. They are specifically developed to satisfy the demands of the automotive
industry and communicate between modules. Today, electronic technologies have mostly
supplanted mechanical ones in autos. The automotive sector makes extensive use of
embedded systems. Embedded systems have taken over the control of vehicles, from
wiper controls to complicated anti-lock braking controls and airbags, so the techniques
can secure safety for drivers and travelers. However, these solutions only have use in de-
creasing the damage to drivers, passengers, and cars. To address the problems caused
by distracted behaviors, several high-technology modules have been added to vehicles to
support the drivers, namely artificial intelligence (Al) or deep learning.

Since 2003, Tesla has been a leader in automotive Al adoption. One of the company’s
most notable developments is an Al-powered inside camera mounted above the rearview
mirror to increase cabin safety. The camera identifies and analyzes drivers’ eyes using Al
innovation to identify tiredness and avert on-road accidents [5]. However, if only drowsi-
ness is detected, that would be a massive loss since many activities can be classified as
"distracted driving." Therefore, it’s critical to understand the distinction between a legal
distraction and a personal distraction before getting behind the wheel. Common distract-



ing behaviors include applying makeup, driving while texting, or having a lengthy phone
conversation and turning to grab items from the back seat. Therefore, all of this behavior
has to be taken into account. This thesis focuses on detecting the status: safe or dis-
tracted, as well as providing real-time notification to the driver directly in the cabin. This
can be helpful in terms of addressing the need to reduce traffic accidents.

The designed system is separated into three major stages: head pose detection, distrac-
tion estimation, and warning interaction. To be more exact, the head pose detection is
developed in a single-board NVIDIA Jetson Nano capable of performing Al tasks, with a
Coral USB Accelerator [6] included to boost performance. Real-time needs could be suc-
cessfully adapted thanks to the accelerator. The head poses estimator is a ready-made
model from Coral [7] to extract the human stance and a decision tree to determine the
driver’s state. whereas the distraction estimation module is the main target of this thesis,
it is a single decision tree to recognize the status of the drivers via inputs of the head
pose detection. Raspberry Pi 2B main board is in charge of collecting status information
and activating the buzzer to alert drivers. The Ethernet protocol is used to link the two
main boards. Because these two boards lack CAN connection, Ethernet is employed as
a replacement as well as an alternate means of connecting with other projects.

The thesis is organized as follows. Chapter 1 presents the background information re-
garding the study field. In Chapter 2, the basic principles of the work as well as several
practical implications for the development of driver distraction detection systems are in-
troduced. Chapter 3 discusses the target model such as PoseNet and Decision Tree and
facts related to their benefits. In addition, the algorithms of both models, are completely
covered. In Chapter 4, the evaluation approaches are described, which includes the pre-
sentation of all relevant material for the thesis and the research technique. Chapter 5
introduces all relevant background material concerning the implementation and experi-
ments. Then, the testing outcomes and comparison with other works are then fully ex-
amined in Chapter 6. Finally, chapter 7 offers an overview of the system as well as a
discussion of future work.



2. DRIVER MONITORING SYSTEM

2.1 Basic Principles

Driver behavior is commonly classified as either intentional or unintentional. The intended
activity of the driver is an adaptation of his or her mental thinking, and it could be utilized to
deduce the driver’s inner mental state. Normal driving behaviors include head movement,
eye-gaze mechanics, hand motions and gestures, body movement, and foot patterns.
Driving tiredness, attention, and focus have all been successfully predicted using these
driver behavior characteristics. As a result, recognizing the driver’s distraction is critical
in regular driving scenarios. Simple driver distraction monitoring comprises the following
components in general.

First, a feature selection and assessment-based driving behavior need to be conducted,
and pass the feature to the recognition system. Then, the driver's head and body joint
positions can be now monitored. Several previous studies investigated the impact of
driver body joints on distraction detection. Individually, the system evaluates the driver’'s
head attitude, body posture, arm position, and depth information. Driver body position
attributes are found to help with more accurate driver status classification.

When the driver is driving, the system determines the driver’s status and the information
of the driver sends to a warning module, which is used to inform distracted drivers. This
module is important for communication between the proposed system and the real world.
It's also worth considering the integration of the driver behavior detection system with its
working environment. For example, how the system will interact with the other subsys-
tems of the vehicle such as the Advanced Driver Assistance Systems (ADAS) [8], and
how the system will work together with the existing embedded system in the vehicle to
convey information to the driver.

2.2 Existing Driver Distraction Systems

Driver distraction detection entails initially gathering and then comprehending information
about the behavior of drivers and items in the car cabin. As a result, there are three
major types of distraction: physical distraction, cognitive distraction, and visual distraction.
These three forms of driving distractions can occur independently, or simultaneously [9].



2.2.1 Manual Distraction

Manual distraction is driving behaviors using the hands and feet, such as feet from the
pedals or removing hands from the steering wheel. In other words, whenever the driver
becomes distracted, the pace and direction of the vehicle can be changed instanta-
neously. As a result, systems for tracking lanes or detecting velocity can be designated
as a remedy for dealing with this form of distraction.

Hand detection is one of the methods for dealing with this manual distraction. According
to the experiment of Cuong Tran and Mohan Manubhai Trivedi [10], There are three states
of hands when driving vehicles: Two, one, or no hand on the steering wheel. Their tech-
nology presents a method for tracking hand position in order to identify how many hands
are currently holding the steering wheel, which is an indicator of vehicle readiness. The
movement of hand blobs may indicate whether the driver is at rest or performing certain
tasks (which may or may not relate to the driving task). Because the driver normally sits
in a fixed position, head blob tracking approximates the sitting posture, which is critical for
smart airbag activation, for example.

Another solution to address the issue of manual distraction while driving is to classify
hand actions. Yan et al. [11] developed a system that utilizes Convolutional Neural Net-
works (CNN) - a type of neural network architecture used primarily for image and video
recognition tasks. The CNN-based system identifies driver postures by analyzing hand
position data, enabling it to recognize when a driver is engaging in activities such as eat-
ing, smoking, or using a phone. By detecting these behaviors, the system can alert the
driver to the potential danger and remind them to focus on the road, significantly reducing
the risk of accidents caused by distracted driving. The use of CNN-based systems for
recognizing driver postures has the potential to improve road safety by promoting respon-
sible driving habits and reducing the number of accidents caused by manual distractions.
Overall, this technology can help address the issue of manual distraction and contribute
to a safer driving experience for all.

2.2.2 Cognitive Distraction

Cognitive distraction happens when a driver’s thoughts are diverted from the task of driv-
ing, such as while conversing, experiencing strong emotions, feeling anxious, or day-
dreaming. In other words, mental issues produce cognitive distraction. As a result, the
built-in system or computer must communicate with the human brain in order to evaluate
if the driver is distracted. To evaluate the driver’s state, biological tests such as electroen-
cephalography (EEG) and electrocardiogram (ECG) are employed. Also, the system can
be enhanced by integrating the driver’s physiological data (heart rate, breathing rate, etc.)
to detect the driver’s stress level, fatigue, and drowsiness, which can be correlated to



distraction. However, cognitive distraction must be performed in real-time and without in-
trusion; subjective report measurements and driver biological measures are not adequate
for a real-world context. [12].

Eye movements are the most often utilized driver physical evidence for driver cognitive
distraction. [13], [14]. Azman et al. [15] discovered that when a person is thinking or intel-
lectually distracted, his or her lips and eyes are associated and that they may be utilized to
identify a driver’'s cognitive distraction. According to Victor and Trent, cognitive distraction
forces drivers to focus their attention in the center of the driving scene, as characterized
by the vertical and horizontal standard deviation of gaze distribution and reduces drivers’
ability to recognize targets throughout the full driving scene. [16]. In a nutshell, visual
distraction detection algorithms could be used to identify cognitive distraction whereas
obtaining information such as eye gaze direction, eye closure, and blink detection, as well
as head position.

2.2.3 Visual Distraction

Visual distraction refers to behaviors that cause the driver to lose sight of the road or the
surrounding environment. Examples of visual distraction include shutting one’s eyes or
failing to keep their gaze on the road ahead. The purpose is to identify the direction in
which an eye is directed because it is a significant indicator of a driver’s field of view and
present focus of attention. One of the most common ways is to track drowsiness drivers.
In this approach, the state of the eyes and mouth will be tracked to determine whether
the driver falls asleep during driving. The four factors to monitor drowsiness detection
include Eye State Analysis, Eye Blinking Analysis, Mouth, and Yawning Analysis, and
Facial Expression Analysis.

To begin with the eyes, in 2010, Amol M. Malla et al developed an affordable system
in 2010 that uses a camera and near-infrared (NIR) illumination to observe the subject’s
facial indicators of drowsiness and Behavioral microsleeps without being intrusive, even in
varied lighting conditions. They utilized signal processing and computer vision techniques
to identify the location of the face, eyes, and eyelids within a video frame. The positions of
the eyelids were then analyzed to determine the proportion of eyelid closure, which can
serve as a measure for detecting drowsiness and Behavioral microsleeps [17].

The use of two cameras that operate in the visible and near-infrared spectra, respectively,
has enabled safe driving during both day and night conditions. Each spectrum under-
goes image processing through a series of two classifiers. The first classifier detects eye
regions using specific eye models for each spectrum. The second classifier verifies the
eyes based on the higher-order singular value decomposition of geometrically deformed
versions of real eye prototypes, specific to each spectrum. [18]. Moreover, there are
other solutions that detect distraction based on eyes like matching eyes template [19],



and tracking eye expressions [20].

The mentioned approaches mainly focus on gaze estimators and drowsiness. They are
based on image processing, which can ensure a fast speed for real-time requirements.
However, other solutions apply deep learning to discover the distracted status. In 2018,
Bhakti Baheti et al. propose a detecting approach using a Convolutional Neural Network
[21]. The aim of this system is to utilize the advantage of the Convolutional Neural Net-
work to recognize the distracted driver, and also determine the reason for the distraction.
This is also a classifier model since it has the ability to recognize seven activities of the
driver, such as texting, talking, and drinking.

2.3 Head Pose Estimation

Nowadays, numerous computer vision sectors, including the interaction of human and
robot, data analysis, and the automotive environment, benefit from head pose estimation.

Few studies have integrated Convolutional Neural Networks (CNN) and depth maps to
directly estimate head poses from images: the authors in [22], [23] suggested utilizing
a CNN with captured depth images from a Microsoft Azure Kinect camera. Other stud-
ies that utilize CNNs and 3D data focus on various tasks, such as estimating skeleton
body poses [24], action detection [25], object pose detection [26], and human body joint
estimation [27].

Fanelli et al. [28] suggested a real-time system based on Random Regression Forests for
detecting the head orientation and position in in-depth pictures. Also, there are other ap-
proaches to optimize the head pose estimation task: in [29], Depth images are subjected
to Particle Swarm Optimization and least-square minimization techniques. S. Malassiotis
and M. G. Strintzis developed a method for detecting head poses using low-quality depth
data [30]. RGB pictures with extremely low resolution are employed in [31] and despite the
low input quality, outcomes that are near to state-of-the-art are obtained. [32] The prob-
lem of significant variations in head pose and partial occlusions is tackled by this method,
which utilizes geometric features and nose tip identification to extract the head position
in real time. This is achieved with the help of a specialized graphics unit. The angles of
head rotation are predicted using the Histograms of Gradients (HOG) feature, which is
derived from RGB images, in [33]. CNN and RGB pictures from a monocular camera are
merged in [34]; Even with variations in lighting within input images, a deep architecture is
used to regress with high accuracy. However, deep learning algorithms typically require
a large amount of annotated data, and the use of synthetic RGB datasets is becoming
more prevalent. [35].

The head posture alone gives a rough indicator of gaze even though eyes are not vis-
ible. As a result, there are systems that use position detection to evaluate the driver’s



tiredness. For example, Erik Murphy-Chutorian et al. have investigated the driver’s head
movement [36]. They assess driver distraction using extracted head position information
from a localized gradient histogram, eye-gaze information, and support vector regressors
(SVRs). The system can perform quick face detection in a grayscale video by employing
three cascaded-Adaboost face detectors [37]. Then, to identify the face region, a Local-
ized Gradient Orientation (LGO) histogram is constructed to scale into a given size. These
histograms serve as the dataset for training the two Support Vector Regressors (SVRs)
that estimate head pitch and yaw. The drowsiness of the driver can be recognized by
combining pitch and yaw.



3. HEAD POSE ESTIMATION AND CLASSIFICATION IN
EMBEDDED ENVIRONMENT

The main object of this work is to design and implement a system equipped in front of
the driver to track whether the driver is in a distracted situation as the main target. The
system is made up of the head pose estimation and the classification Decision Tree. The
head pose estimation is a ready-made model called PoseNet which is used to transfer
the pose of the driver to the decision tree to determine the driver’s status. This Chapter
provides information about the two mentioned models. In section 3.1, the basic details
as well as the structure of PoseNet are discussed. Next, section 3.2 introduces the sta-
tus determination of the decision tree. Finally, section 3.3 gives information about the
combination of these two models.

3.1 Head Pose Estimation

Pose estimation is a computer vision technique that identifies the human head, neck,
eyes, or joints between the arms and shoulders in images or video frames [38], which
means that the system would estimate the driver’s upper half of the human body from the
fixed camera in the cabin. This method uses the PoseNet model, which has the ability
to locate important joints in the human body rather than to identify the individual in an
image.

3.1.1 PoseNet

PoseNet uses a convolutional neural network (CNN) to estimate a human’s stance from
an input RGB image. In this work, the model is deployed using a MobileNet V1 architec-
ture. The primary aim is to create a series of heatmaps and offset maps of the human
body components rather than classifying. Furthermore, quantized and optimized PoseNet
models are required for Coral’'s Edge TPU to operate well.

MobileNet V1 Architecture

The development of computer vision in the modern era has led to the creation of numer-
ous models with varying degrees of accuracy. However, the resources of these devices



play a crucial role in choosing the best model for each type of device when developing Al
applications for mobile devices such as smartphones, loT devices, embedded computers,
etc. The most popular models that can be used in this industry need to be highly accurate
and computationally cheap. The model that meets the aforementioned characteristics is
called MobileNet.

According to [39], the main component of MobileNet V1 architecture is the convolution
layer. It identifies the output of neurons linked to local sections of the input by calcu-
lating the scalar product of their weights and the region related to the input volume [40].
Generally, the architecture consists of 30 layers with different characteristics, for example:

 Layer 1: Convolution layer with stride is equal to 2.

» Layer 2: Depthwise layer with stride is equal to 1.

+ Layer 3: Pointwise layer.

» Layer 4: Depthwise layer with stride is equal to 2.

Layer 30: Softmax.
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Convolution

T~
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Figure 3.1. The overview structure of a depthwise separable convolution.

Overall, the depthwise separable convolutions (DSC) architecture is used to describe the
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MobileNet model. DSC is used to minimize the amount and complexity of computations.
It is therefore appropriate for use on embedded and mobile devices. Basically, figure 3.1
illustrates a depthwise convolution followed by a convolution, called a pointwise convolu-
tion, to create a depthwise separable convolution [41]. Each input channel for MobileNet
receives a single k x k filter thanks to depthwise convolution. The pointwise convolution,
which is a 1x1 convolution, then combines the outputs of the depthwise convolution. A
conventional convolution is used to filter and produce a new aggregate of outputs from
the inputs in a single step. This approach decreases computation and model size. [39]

Although MobileNet’s performance may be viewed as adapting to applications on mobile
devices, there are some specific circumstances, such as real-time requirements, where
two extra factors, alpha, and rho, are added to the calculation cost of DSC. Also, the width
multiplier parameter would affect the performance of the model. The main use of this is
to regulate the number of channels, whereas the resolution multiplier parameter is used
to change the resolution of the input pictures. [39]

wistn wutiptier | 0N | itAdds | Parameters
1.0 MobileNet-224 70.6 % 569 42
0.75 MobileNet-224 68.4 % 325 26
0.5 MobileNet-224 63.7 % 149 13
0.25 MobileNet-224 50.6 % 41 03

Table 3.1. MobileNet width multiplier [39].
Resolution ImageNet Million Million

Accuracy Mult-Adds | Parameters
1.0 MobileNet-224 0.6 % 569 42
0.5 MobileMNet-224 69.1 % 418 432
0.5 MobileNet-224 67.2% 290 42
(.25 MobileMNet-224 64 4% 186 42

Table 3.2. MobileNet resolution [39]

Table 3.1 makes it evident that even while the net’s accuracy marginally declines, it ex-
hibits a large drop in computations when alpha is equal to 0.75 or 0.5. However, if alpha
is 0.25, the model’s accuracy, which fell to 50.6 % from 70 %, cannot be considered sat-
isfactory. Furthermore, according to table 3.2, changing the value of the rho parameter
simply affects the number of calculations; the parameter’s actual quantity is unaffected.
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Because the resolution of the photos is fairly low, there may not be specific features of
objects in the images, which causes the accuracy percentage of ImageNet to fall. As a
result, selecting the value of the alpha and rho parameters is crucial, and this technique
benefits the model to run in the embedded environment.

3.1.2 Algorithm

PoseNet
Detection Algorithm

Heyjoint Heatmap

_— Mabile Net

Input image Pose estimation

Figure 3.2. Single person pose detector pipeline using PoseNet.

Pose estimation is a computer vision technique used to detect human figures in photos
and videos. It enables the estimation of a person’s body joint positions, such as the neck,
in an image. This technology does not identify individuals in a photo, and no personal
information is linked to posture detection. The model in this study is designed to focus
solely on the driver and perform single-pose detection on each input frame. Therefore,
this section only covers the single-pose detection algorithm.

Figure 3.2 introduce the single-pose estimation algorithm at a high level. The single-
person pose detector pipeline using PoseNet begins with capturing an image or video
frame using a camera. The input frame is then preprocessed to convert it into a for-
mat suitable for the PoseNet model. The PoseNet model takes the preprocessed input
frame as input and produces a heatmap that shows the likelihood of each key point being
present at each location in the image. The model also produces an offset vector that
predicts the distance between each key point and its associated joint. The final step in
the pipeline is to use the heatmap and offset vector to estimate the 2D position of each
key point in the image. This is done using a technique called decoding, which involves
finding the maximum value in each keypoint heatmap and using the offset vector to adjust
the keypoint position.
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Model Input Processing: Output Strides

As described in [42], the PoseNet model has the advantage of being picture size invari-
ant, which means it can forecast pose positions at the same scale as the original image
regardless of whether it has been downscaled. Therefore, by altering the output stride
during runtime, PoseNet may be tuned to have better accuracy. The output stride con-
trols how much the output is scaled down in comparison to the size of the input picture. It
has an impact on the model outputs and layer sizes. The resolution of layers in the net-
work and the outputs, as well as their accuracy, decrease with increasing output stride.
The output stride in this implementation can be either 8, 16, or 32. In other words, an out-
put stride of 32 has best performance but the lowest accuracy, whereas an output stride
of 8 produces the highest performance but the highest accuracy. Therefore, with a value
equal to 16, the performance and accuracy are considerable.

Qutput Stride and - F-:iter Loweri:mcy
Heatmap Resoution

32
BuB17

v

16
Input image 15x15x17
225x225

v v

3
2962917

Heatmap Slower Heatmap

Figure 3.3. Relationship between output stride’s value and performance, accuracy.

The amount of input striding in the layers is decreased to produce a higher output reso-
lution when the output stride is 8 or 16. The next step is to utilize atrous convolution to
give the convolution filters in the next layers a broader field of vision. Atrous convolution
is helpful in term of explicitly controlling how densely to compute feature responses in
fully convolutional networks. However, atrous convolution cannot be applied if the output
stride is 32.
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Model Outputs: Offset Vectors and Heatmaps

When PoseNet analyses an image, it returns a heatmap as well as offset vectors to locate
high-confidence areas in the picture that match posture key points. These two types of
outputs are 3D tensors with a resolution - height, and width. Besides, figure 3.4 below
shows how each posture key point is connected with one heatmap tensor and one offset
vector tensor.

(Offset Vectors and Heatmaps
Vector Simplification

Offset vector for
nose keypoint

keypoeints heatmap

Offset vector for
right shoulder keypoint

Figure 3.4. Offset vectors and heatmaps.

The resolution can be calculated from the input image size and the output stride as:

InputImageSize — 1
OutputStride

Resolution = +1 (3.1)
Heatmap is a resolution x resolution x 17 3D tensors, where 17 is the number of key
points observed by the PoseNet model. For instance, with a 255 pixels image and output
stride of 16, the heatmap would be 15 x 15 x 17. In the third dimension, each slide
represents a specific key point. Each position in the heatmap has a confidence score,
which represents the likelihood that a component of that keypoint type occurs at that
location. It can be considered as dividing the original image into a 15x15 grid, with the
heatmap scores indicating how probable each key point is to present in each grid square.

The offset vector is also a 3D tensor with a different size: resolution x resolution x 34,
where 34 is double the number of key points. Because heatmaps only give approximate
locations of the key points, the offset vectors correlate to the heatmap points in location
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and are used to anticipate the precise position of the key points by traveling along the
vector from the corresponding heatmap point. The first 17 slices of the offset vector
include the horizontal x value, whereas the final 17 contain the vertical y. The offset
vector sizes are the same as the original picture scale.

Establishing Poses

After running the image through the model, a few computations are executed to estimate
the posture based on the results. For example, the single-pose estimation technique
outputs a pose confidence score, which comprises an array of key points (indexed by part
ID). In this array, the necessary information of each keypoints like a confidence score and
X, ¥ location are stored.

o [ | pose confidence |
‘ Heatmap 1 sigmoid activation '—» confidence scores ——  Memn  —— sco;ec

argmax2d activation—— heatmapPositions —~ Outputstride > keypointPositions |

x

IR S

Matching index ——  offsetvectors f

Figure 3.5. Determining poses from model outputs.

In ref [42], to obtain confidence scores, sigmoid activation is applied to the heatmap.
Then, another layer called the argmax2d layer is applied to the keypoint confidence scores
to generate the x and y index in the heatmap with the greatest score for each part, indi-
cating where the part is most probable to appear. This produces a 17x2 tensor, with each
row representing the y and x index in the heatmap with the highest score for each section.
The offset vector for each body’s part is obtained by collecting the x and y values from the
offsets matching to the x and y indexes in the heatmap. This yields a 17x2 tensor, with
each row representing the offset vector for the associated key point. In the next step, to
acquire the key point, the x and y coordinates of each portion are multiplied by the output
stride and then added to their corresponding offset vector, which has the same scale as
the original picture. Lastly, by calculating the mean of the scores of the key points, the
pose confidence score can be easily acquired.
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3.2 Classification Decision Tree

Decision Trees are among the most widely used techniques for classifying data. Decision
trees work well for tasks involving categorization and regression. They can easily com-
prehend the input data and produce the outputs by simulating the level of human thought.
The difficulty of creating a decision tree from provided data has been solved by a number
of specialized domains, including statistics, machine learning, and pattern recognition.
Basic information on the major components that make up a decision tree is covered in
this section.

3.2.1 Definition

Decision trees are a categorization method that may be thought of as a recursive division
of the specific field [43]. Also, decision trees are a non-parametric approach since no
assumptions are created about a set of classes. The structure or model of the tree is
also unknown prior to the tree growth process [44]. Decision trees are implemented in
predictive analysis, where the model is trained on a dataset and then utilized to forecast.
Decision tree models must be trained on a dataset in order to learn from it. Thereafter, the
models are validated against other data within the same type, which can either be from
the same dataset (the data would have been separated into training and testing sets) or
from a different source. This means that the model can now forecast new or unknown
data and estimate which class the unknown data may belong to.

This type of classifying method is built based on the "tree" concept:

* Root node is the first node in decision trees, the essential component of a rooted
tree. A node, that has no incoming edges, can be considered as the base point of
the model [43].

* Internal node, also known as a decision node, is a node with outgoing edges. Each
decision node divides the instance space into two or more sub-spaces [43]. This
node normally connects to other internal nodes or leaf nodes, and they form the
attribution of the model tree.

» Leaf node, also known as a terminal node. A class that represents a suitable target
value assigned to a single leaf. Each leaf has a probability vector containing a
certain value. The input data will be sorted as it is processed from root to leaf
depending on testing results.

3.2.2 Working Principle

With the help of a given dataset, algorithms known as decision tree inducers may auto-
matically build a decision tree. The usual objective is to minimize the generalization error
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Figure 3.6. The overview structure of decision tree.

in order to get the best decision tree. Also, the number of nodes or average depth can
be minimized. The accuracy of a tree is significantly impacted by the choice of strategic
splits. For classification and regression trees, the decision criteria vary.

Decision trees employ diverse methods to decide when to split a node into several sub-
nodes. The creation of sub-nodes enhances the uniformity of the groups obtained. Node
purity also rises as the target variable increases. The decision tree splits the nodes using
all the accessible factors and selects the division that leads to the most homogeneous
sub-nodes.

The algorithm selection is also based on the type of target variables. There are several
common algorithms frequently used in Decision Trees:

+ Extension of D3: (ID3).
» Successor of ID3: (C4.5).

Classification and Regression Tree: (CART).

» Chi-square automatic interaction detection when constructing classification trees
does multi-level splits: (CHAID).

Multivariate adaptive regression splines: (MARS).

With no backtracking, the top-down greedy search method of the ID3 algorithm, which is
the lterative Dichotomiser 3 is a decision tree algorithm created in 1986 by Ross Quinlan.,
creates decision trees by traversing the space of potential branches based on a given
dataset. As the name implies, a greedy algorithm always selects the option that, at the
time, appears to be the best. [45]

Furthermore, decision trees have several unique qualities that are similar to supervised
learning approaches. The properties of decision trees are determined by several condi-
tions:
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« Sufficient data: A decision tree, like any other data mining approach, requires data.
The number of training instances should be adequate to allow for a successful
and sturdy tree building. The number of test cases is also critical in validating the
decision tree’s correctness [46]. Furthermore, each class should have a sufficient
number of instances to appropriately represent that class [44].

» Erroneous values: Errors may happen in the training data, although decision trees
may tolerate these flaws. The mistake might be in attribute values, classification
labels, or continuous output values.

« Attribute-value pairs: A data instance to be studied must be in attribute format, with
each attribute having its own set of values. These values may be categorized or
numerical. In distinct data instances, the same property cannot have various value
types. [46]

» Missing values: Although the training data may contain missing data instance val-
ues, decision trees may also accept these missing values. Attribute data, catego-
rization labels, and continuous output values may also be absent.

* Predefined output expectations: Each data instance that will be trained or tested
should be allocated a classification label or a numeric output value.

3.2.3 Types of Decision Tree

Depending on the type of target variable, different decision trees are used. There are two
varieties:

» Categorical Variable Decision Tree (Classification trees): Categorical target vari-
ables that are separated into categories are included in a categorical variable de-
cision tree. Attributes might be numerical or categorical in type. The primary goal
of this kind of tree is to divide data into classification labels or classes using clas-
sification techniques [47]. Impurity measurements are used to evaluate and decide
on tree splits or the quality of characteristics. The characteristic with the highest
purity (or lowest impurity) is chosen as the node from which to branch. A purity
measure’s principal goal is to partition the attribute’s values into pure distributions
of the classes. The entropy value is one of the most often used impurity metrics
[48].

» Continuous Variable Decision Tree (Regression trees): In this type of tree, labels
or categories are not required, but the results are continuous values that are used
for prediction. Furthermore, entropy or equivalent measures could be employed to
determine impurity and mean squared error is utilized. Because regression trees
and classification trees are similar, the same algorithm may be applied by simply
substituting entropy measurements with mean squared error calculations and class
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labels with averages. The production of leaf nodes is the only distinction in the
building of a regression tree. These are constructed by averaging the scattered
target values of the path traveled after all branching is completed until the leaf
node. Furthermore, the resultant tree is binary since nodes are always divided into
two partitions: some value larger than or equal to the provided value, and some
value less than the stated value.

3.2.4 Attribute Selection Measures

Entropy

Entropy is a term used to describe the degree of disorder, randomness, or uncertainty
present in a system. It is a scientific concept and a measurable physical property. En-
tropy attempts to compute the average amount of information included in each received
message [49]. In the context of a decision tree, entropy is used to determine which feature
to split on at each node. The goal is to find the feature that results in the most information
gain, which is the difference between the entropy of the parent node and the weighted
sum of the entropies of the child nodes. Based on ID3 algorithm, with S is the current
state, c is the number of features, i is the feature and P is the probability of i, Entropy is
defined as [50]:

C

Entropy(S) =Y —pilog, p; (3.2)
i=1
In general, the entropy-based approach to decision tree learning seeks to maximize the
homogeneity of the resulting subsets at each level of the tree, leading to a more accurate
and interpretable model.

Information Gain

One of the first and most widely used decision tree attribute selection criteria was infor-
mation gain. With no backtracking, the top-down research method of the ID3 algorithm,
which is Quinlan, the creator of the ID3 technique, was also the first to employ the infor-
mation gain selection criterion in a decision tree. However, information gain would not
have existed without Claude E. Shannon’s discovery of entropy [51], creates decision
trees by traversing the space of potential branches. The information gained quantifies
how successfully a certain variable splits training instances into their intended classifica-
tions. Finding a characteristic that yields the most information gain and the lowest entropy
is the key to building a decision tree. The arrangement of characteristics in nodes is de-
termined in part by information gain. The information gain is the difference between the
entropy of the parent node E,,,.,; and the average entropy of the child nodes E;;4 [50]:
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InformationGain = Epgrent — Eehita (3.3)

As a result, information gain is computed for each conceivable attribute that may be
branched on the test node to discover the attribute with the highest information gain
among the other attributes. The attribute with the biggest gain is forked, and the pro-
cedure is repeated until the classification is finished.

3.3 Driver Distraction Detection Algorithms

After extracting the pose of the driver, the information of the pose is passed to a pre-
processing stage.

3.3.1 Preprocessing

Since the pose of the driver is a set of coordinates of each part, they can be considered
as fixed points. Each position of the driver is a set of fixed points, and this may require nu-
merous frames to train the decision tree. Thus, a pre-processing stage is used to convert
fixed points to distances between the neck and other parts. The model can recognize
that position is in a particular pattern. To monitor drivers, the upper half of the body is
only taken into account, which means only the eyes, ears, nose, neck, and shoulders are
utilized to input the tree.

Figure 3.7. Set of fix points — output of PoseNet.

To calculate the distances between the neck to other parts, the distance formula is ap-
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The length of the line segment connecting any two points is the distance between

Distance = /(x5 — )% + (y2 — y1)? (3.4)

An image can be considered as 2D coordination, and all the distances are converted by

applying the distance formula:
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Figure 3.8. Converting to distance based on distance formula.

Moreover, this compression step can help to reduce the number of features of the decision

tree from sixteen parameters to seven parameters. If the fixed points are used as the main

features of the model, both x and y of the eight parts will be set as the input features of the

model. However, after converting to distances, there are only seven parameters, such:

From neck to left eye: denote as NeLey.

From neck to right eye: denote as NeRey.
From neck to left ear: denote as NelLea.
From neck to right eye: denote as NeRea.
From neck to left shoulder: denote as NeLs.
From neck to right shoulder: denote as NeRs.

From neck to nose: denote as NeNo.

Before putting it into the model, the seven features need to be normalized. The largest

value in the package needs to be obtained, and divide the seven features by that value to

get the normalized values.
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3.3.2 Algorithm

Since the purpose of the model is to classify the status of drivers, the algorithm Classi-
fication and Regression Tree: CART is chosen to build the tree. Similar to C4.5, CART
allows for numerical target variables but does not build rule sets (regression). By choos-
ing the feature and threshold that maximizes information acquisition at each node, CART
constructs binary trees.

Mathematical formulation

A decision tree divides the feature space recursively, grouping samples with similar labels
or target values together. Consider each node to be a yes/no question; if the answer
is yes, the samples will go to group A; otherwise, the samples will go to group B. More
nodes are created if this method is performed recursively. Converting to mathematical
formulation, denote that:

* x; € R,witht=1,.... [ is a training vector.

* y € Ry is a label vector.

« The data at node m be expressed as (),, with n,,, samples.

+ Feature j and threshold t,,, form candidate split 6(j, ¢.,)

« Left and right data subset Q'“/¢(9), Q79" (9)
The sample set nm is divided into left and right subsets at node m based on the threshold

tm. If the value is greater than or equal to ¢m, the sample is sent to Qleftm(e), otherwise
it is sent to Q79" () [52]:

QIN0) = {(z, y)|z; > tm} (3.5)
Qrist () = Z;QT”@ (3.6)

After splitting the samples, the quality of a candidate split is calculated by using an impu-
rity function or loss function H (), these functions are selected based on the task of the
model which is classification or regression [52]:

nleft nright )
G(Qm,0) = ~"—H(QyT"(0)) + m—H(Q"(0)) (3.7)

The target of this step is to choose the 6 value that can minimize the impurity G(Q,, 9).
From this point, the nodes are created until the depth of the decision tree is maximized,
the number of samples in one subset is smaller than the minimum samples, or the total
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samples n,, is only one sample left.

Classification criteria

If the goal is to produce a classification result with values of 1, 2,..., K, the only changes
to the tree algorithm are the criteria for splitting nodes and pruning the tree, so the per-
centage of class k in node m is computed by (3.6), and because the model is built based
on the Entropy criteria, the impurity is measured by (3.7) [53]:

1
P =— > (I(y=Hh)) (3.8)
" yeQm
H(Qm) == Dk 10g(pmr) (3.9)
k

Additionally, the entropy criterion calculates the Shannon entropy of the feasible classes.
This computation involves using the class frequencies of the training data points that have
reached a particular leaf as their probability. The Shannon entropy serves as a means of
minimizing the log loss, which is also known as cross-entropy and multinomial deviance,
between the genuine correct labels and the probabilistic forecasts for class made by the
tree model [54].



23

4. RESEARCH AND TEST METHODOLOGIES

This thesis seeks to answer three main questions: 1) Which aspects of the head pose
affect the decision of the model; 2) How can the model classify the status of the driver
from the head pose joints; 3) How the application can adapt the real-time requirement.
To illustrate a general solution, the strategies utilized to address these questions are
presented in this chapter. Section 4.1 introduce research methodologies about the related
aspects and section 4.2 gives more information about verifying and testing the decision
tree.

4.1 Reseach Methodology

To address the three questions, the research methodology in this thesis adopts a design
science approach, which involves a cyclical process of design, implementation, and eval-
uation aimed at creating and evaluating a system that detects the driver’s head orientation
effectively and efficiently in real-time. This method encompasses constructing an artifact,
such as a system or process, to address a specific problem and evaluate it to ensure that
it meets the desired objectives and achieves the intended outcomes.

In this case, the artifact is a decision tree model trained to detect the driver’'s head orienta-
tion based on head movements. The heads’ orientation contains a wealth of interpersonal
information. For instance, a person turns his head in the direction of the intended focus of
a conversation. Similarly, in a conversation, the head direction is a nonverbal indication
that tells a listener when to swap roles and start speaking. In terms of driving behavior,
the head attitude also is reserved for certain tasks in the cabin, such as looking and talk-
ing to passengers. As a result, the study focuses on the driver’s head orientation, and the
decision tree model is trained to detect the state based on head movement. The model
is designed and evaluated iteratively to ensure that it meets the desired objectives and
achieves the intended outcomes. Next, the workflow of the tree is researched to con-
duct a suitable configuration for the input features as well as the accuracy of the results.
Utilizing the advantages of an embedded board such as I/O devices and communication
ports, embedded boards, NVIDIA Jetson and Raspberry Pi in this case, are chosen to
accomplish the work. Lastly, a parallelism technique is also considered to increase the
performance of the procedure to respond to real-time needs. Overall, the adoption of
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design science in this research methodology ensures a rigorous approach to problem-
solving and aligns with the principles of creating effective and efficient artifacts to address
specific problems.

4.1.1 Dataset

The selection of datasets is critical in the experiment since the data must be credible and
appropriate. The data must be in the right format and ready for categorization in order to
be considered applicable. Furthermore, not all forms of data are appropriate for decision
tree learning or categorization. As a result, datasets must be carefully selected and, if not
previously, preprocessed.

Pointing’04

This collection has 15 image sets that represent 15 different people. Each set covers two
sets of 93 images of the same person in different poses. To be specific, 15 people in the
database who wear glasses or not, have varied skin tones and have varying head and
neck sizes. The head poses spanning from -90 to +90 degrees and determine posture or
head position. [55]

Biwi Kinect Head Pose Database

There are about fifteen thousand photos of 20 persons (six females and fourteen males
- four people were captured twice) in this database. A depth picture, the accompanying
RGB image (both 640x480 pixels), and the annotation are supplied for each frame. Like
the above dataset, the head position range is around +-75 degrees yaw and +-60 degrees
pitch. The training set can cover all conceivable positions of the drivers whereas they ex-
ecute certain fundamental behaviors such as glancing about, talking to other passengers,
and checking the car’s mirrors due to its wide range of head pose positions.[56]

4.1.2 Model Implementation

The model tree may be constructed after the dataset has been established. The afore-
mentioned research topics and other aims influence the development of a realistic deci-
sion tree model. The development method includes a stage for building up tree properties
as well as a validation step to effectively generate a high-accuracy model. Finally, the
model is exported so that it may be executed and tested on an embedded platform.

The dataset used to build the model is a measure of the uncertainty of a random variable.
Hence, entropy is used as the main criterion because it can indicate the impurity of an
arbitrary set of cases. Another attribution that massively affects the model is the splitter.
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In this case, the best splitter is applied to the model. Because the goal is to divide the data
so that the resulting group of records at the new node has the least amount of impurity.
Because the parent split did not successfully divide the data, a node with high impurity
has a high population of numerous possible values of the target variable. The model is
expected to be ready for training at this point, but a few minor post-training steps can be
explored to increase the model’'s accuracy. There are various side attributions that may
be fine-tuned to produce better outcomes, such as the maximum depth of the tree, the
number of characteristics to examine when looking for the optimal split, and so on.

Each action while driving happened very quickly and the system needs to capture the
activities in millisecond units, hence real-time requirements are demanded in this type of
solution. To run efficiently on an embedded platform, a real-time structure program must
be implemented to help the model respond quicker in real life. As a result, transform-
ing the serial execution to parallel execution is an alternate technique to speed up the
processing time.

4.1.3 Experimental Platform

NVidia Jetson Nano

The NVIDIA Jetson Nano Kit is a compact but powerful computer that allows users to run
several neural networks in parallel for image classification, object recognition, segmen-
tation, and voice processing. All in a simple platform that consumes as low as 5 watts.
JetPack is interoperable with NVIDIA’s world-leading Al platform for training and deploying
Al applications, minimizing developer complexity and effort [57].

According to Erik Ostrowski and Stefan Kaufmann, [58], the processing time when per-
forming with TensorFlow is three times faster than the other model. In terms of computing
power, a speed-up of around 157% for both Mobilenet Version 1 models and the Ten-
sorRT optimized TensorFlow models, and a speed-up of 485% if we convert the model to
Nvidia’s UFF format. For the Mobilenet Version 2 model, there are even larger improve-
ments. In other words, if the requirement is to deploy the Jetson Nano for application,
TensorRT or TensorLite should be considered. [58]

Coral Accelerator USB

This device helps the system to increase the speed of the Al work. The onboard Edge
TPU coprocessor can execute 4 trillion operations per second (TOPS), consuming 0.5
watts for each TOPS (2 TOPS per watt). It can, for example, perform cutting-edge mobile
vision models like MobileNet v2 at around 400 FPS while remaining power efficient [59].
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In [60], when experiencing the speed of the accelerator USB, the frame rate of Coral was
around 6-7 times faster than its NVIDIA equivalent. This is especially noteworthy given
that the Coral USB Accelerator consumes around one-fourth the power (2.5W) of the
Jetson Nano (10W).

The explanation for the significant difference is most likely the performance of the spe-
cialized Edge TPU ASIC vs the broad GPU architecture of the Jetson Nano. Coral, for
example, only employs 8-bit integer values in its models, and the Edge TPU is designed to
take maximum advantage of this. Because of the decreased integer precision, detection
accuracy is decreased. The bounding boxes of the discovered objects were collected and
calculated the mean average precision (mAP) for all 80 classes in the COCO dataset was
to measure the platforms’ accuracy when conducting object detection. Erik Ostrowski
and Stefan Kaufmann pointed out that with the help of Coral devices, the accuracy of the
Nano is approximately 12.60 percentage points higher than the other and the processing
time also has been improved tremendously [58]. Therefore, performing optimized Ten-
sorFlow Lite models with Coral Edge TPUs is selected to guarantee accurate results that
can adapt to real-time requirements.

4.2 Test Methodology

Assuming a model is developed using a specific algorithm and trained on a given dataset,
achieving a high accuracy of 95% or more on the training data does not necessarily mean
that the model is suitable for prediction. The reason is that the model has become familiar
with the training data and has learned to generalize effectively over it. However, the
model’s accuracy on new and unseen data is likely to be low, as it has not been exposed
to this data during training and therefore fails to generalize well over it. This phenomenon
is known as overfitting, which can be a major challenge in machine learning and can
result in poor performance when applying the model to real-world scenarios. Therefore, it
is crucial to evaluate the model’s accuracy on unseen data to ensure that it can generalize
well and make accurate predictions in practice. In this case, cross-validation provides a
useful approach for estimating the performance of a model. Specifically, cross-validation
involves dividing the available data into two distinct sections: a training set, which is
used to develop the model, and a test set, which is used to evaluate its performance.
By repeating this process multiple times with different splits of the data, cross-validation
provides a more reliable estimate of a model’s accuracy on new, unseen data.

To that end, the training set has been divided into 2 sets: 60% for training and 40% for
testing. The prediction is tested and determined to evaluate how effectively the model
performs on the testing set. If the model performs well on test data, it implies that it has
not overfitted the training data and can be trusted to make predictions. However, if it
performs poorly, the model cannot be trusted and further tweaking steps are required to
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enhance it.

To observe the performance of the program - in terms of speed, profiling code is an
alternate approach for tracking the program. It is a technique for assessing how much
time is spent on a program. It is easier to verify the delay time that occurs at whatever
step if the program structure is broken down into little sections. There are three major
sections in this work: interact with the driver’s stance through the camera, identify the
driver’'s state, and alert stage. Brief footage is used as a testing sample to see how the
software has been enhanced to adapt to the real-time requirement. This can aid in fine-
tuning the procedure to accommodate any real-time restrictions. The frame rate is the
metric to observe the speed of the program. The running time of each major state is
measured and exported as a data file type, for example, excel or CVS file. At this stage,
a line chart can be exported from the data to conduct an overview of the performance.
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5. DESIGNED HEAD POSE ESTIMATION AND
CLASSIFICATION SYSTEM

In this chapter, the design scheme as well as the software structure is be introduced.
Section 5.1 demonstrates the overall architecture of the work, while Section 5.2 depicts
the software structure and related information of the head pose estimator and the decision
tree. Lastly, the parallelization scheme also is presented.

5.1 Overall Architecture

Figure 5.1 illustrates the program architecture which includes two main parts: Server and
Client. The Client detects the status of the driver while the Server is used as an alarm
device. The purpose of separating it into two parts is to reduce the number of tasks for
one device as well as save more time to adapt the real-time requirements. The server
connects to the Client via a Socket protocol, which is utilized to transmit and receive data
between different network systems [61]. In this work, the socket Transmission Control
Protocol, generally known as TCP/IP, is utilized as a data transfer technique because it is
faster and guarantees data delivery to the destination router, making it reliable.

In the Client, the PyCoral API is an external library that performs a small set of utility func-
tions such as establishing the TensorFlow Lite Interpreter with the Edge TPU delegation
and performing other inference chores for typical models such as interpreting a labels file,
pre-processing input tensors, and post-processing output tensors. In other words, the API
simplifies the process of loading and using the Edge TPU model.

The 'Control’ section contains the majority of the management instructions. All data struc-
tures, such as pictures, frames, data frames, or decision tree results, are gathered the
information at this section for transmission to the Server. This is also where the PoseNet
and trained decision tree are loaded via the PyCoral API. Furthermore, 'Control’ instructs
the daemon thread 'Webcam’ to process in order to communicate with the real world.

The queue-structure thread, which is located in the Thread block in figure 5.1, is employed
by the application to conduct parallel tasks. It is responsible for scheduling tasks based on
established dependencies and performing them in different threads. These threads are
generated in 'Control’ and placed in a pool, where they wait for execution authorization.



29

| [
' Client X
| [
| [
' Webcam Scheduler Pose_module | ,
| [
| [
i Stari_stream Distance_calculating i
' Update Odd_thread Get_dist !
: Read_frame Even_thread Detect_pose :
1 Stop Detect_status 1
| [
| [
. F Y .
| [
| [
| [
1 v 1
| . [
' Thread Control Pose_engine i
| [
: o Read_image KeypointType :
' Thread queue "l Load_engine PoseEngine .
1 - aq : » Create_threading |« Run_inference 1
: read_poo Scale_jmage DetectPosesinimage :
. Connect_server Get_input_shape ;
1 Get_output_tensor '
1 L ParseQutput 1
| [
] A i
| [
1 1
| . . [
+ | Client receiver '
| [
1 . 1
PyCoral Lib
: Get_message :
A e ||
P Sto Load_delegate 1
] P Interpreter i
| [
| [
UM G USRNSSR g |
e e
: hd S :
: Server receiver erver Buzzer :
| [
] Start Start 1
] Handle_client Buzzing 1
: Signal_handler > Get_status :
P Setup_lO Pause '
] Input_direction Stop i
| [
| [

Figure 5.1. Driver’s distraction estimator architecture

The major thread functionality is gathered under 'Scheduler’, and the tasks are defined
under 'Pose modules’ and 'Pose engine’. The 'Pose engine’ contains all of the essential
stages from preprocessing frames to exporting driver poses, while the compressed data
frame and normalized data are stored in the 'Pose modules’. From there, the result is
transported back to ’Control’, and sent to the Server by using the communication functions
in 'Client receiver’.

The Server takes care of listening to the clients and package analysis. The tasks are
executed under ’handle client’, which is also a thread structure that is useful in terms of
collecting the package from the client on time. Because the buzzer is a peripheral device,
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I/O communications are necessary to drive it. As a result, the 'setup I/O’ is produced to
initialize the ports for the buzzer. Furthermore, the 'Buzzer’ is a daemon thread that is
designed to adjust alarm requirements, such as delay time, of the Buzzer thread.

5.2 Software Architecture

Figure 5.2 illustrates the workflow of the program. There are two main components in the
diagram: Server and Client.

The Client’s function is wrapped up with "'Webcam, 'Control, and 'Scheduler, as shown
in the figure 5.2. The 'Webcam’ layer basically is a daemon thread which is the thread
that constantly operates in the background and gives assistance to main or non-daemon
threads. The Daemon Thread runs in the background and does not prevent the main
thread from quitting [62]. To begin, the 'Webcam’ checks for accessible webcams and
begins reading a single frame from the video capture stream. To increase the precision
of the pose estimator, the input frame is scaled to meet the Coral model’s required input
size and transmitted to the main thread ‘Control’. Also, if no more frames are requested,
the stream is closed and the webcam is released.

In the 'Control’ layer, the models are loaded in the main thread at the same time as the
‘Checking webcam’ step. Then threads are created, and the operation of each thread is
fairly straightforward. Firstly, in the main loop of the ’Control’, the threads are initialized
based on the 'Scheduler’ layer. An already resized frame is returned from the "'Webcam’
and written to the designated thread. Following that, a resized frame is fetched to the
designated threads. At the completion of each loop, the generated package is released
from each thread and transmitted to the server. This main loop is continued running until
a 'stop’ signal is detected or there are no more frames to analyze. Finally, after exiting the
main loop, the main thread releases all assigned resources and sends a disconnected
signal to the Server.

The 'Scheduler’ layer generates the thread configuration. This setup is then utilized to pre-
pare the threads for processing by initializing them. The input frame is read and fetched
into the PoseNet model at the beginning, which is the responsibility of ‘Get pose loca-
tion.” A ’Request new thread’ step generates parallelism architecture for the application.
It instructs the main thread 'Control’ to generate a new thread to perform alongside the
current thread. A more detailed explanation will be provided in a forthcoming section.
The data from the pose position is then provided to the 'Get driver’s status’ stage, which
extracts the driver’s status and other necessary information. These values are returned
to 'Control, and the thread terminates itself to complete the procedure.

The ’Server’ module must continuously be active in order to prepare for the upcoming
request from the 'Client” The first step is to determine whether or not the connection



31

Client
Yes
Y ¥
Open webcam »  Getframe » Resize frame N
o
Load model to | | [ checkthread
Pose engine Control ' queue

S T
Yy ¥

Create thread —» > et results » Send to server
queue
A A
R, [ R
+ Scheduler i i
] Request new .| Getdrivers Pack data and | |
>  Getpose > thread > status > kilthread | |

Client sender |

Y

¥
Send binding Wait for .| Encode and
request Yes message | send package

i
- o e e e E e e e O R R e e e e e e e e e e e e E e e e

-

- e o e e

Server

Server receiver

DR PR S T

v Y
Receive and

analyze package

Binding address Setup 10 >

Buzzer
¥ v
Turn on buzzer Distracted? Wait ?j’;‘?a‘:“ec“

.T.

s s s s s s s s s s s s e s e s s s e s s e s s e s e s s EEE S EEEEE S E S e .-

Figure 5.2. Workflow of program.



32

has been established. If the server is linked to the client, the "Client’ proceeds to retrieve
and encode the data package while the server configures the I/O ports for the buzzer.
Following the completion of these processes, the package is transmitted to the server
through a socket connection. The data is then analyzed by the server. Depending on
the results of the decision tree, the server activates the buzzer to inform the driver. A
supplementary 'Delay time’ step is added, however, to provide a sufficient delay between
each time the buzzer rings. Furthermore, to meet the real-time need, the 'Client sender’
and '‘Buzzer are implemented using the daemon thread approach.

5.3 Workflow

5.3.1 Client Working Principle

The Client component contains three parts: Webcam, Control, and Client Sender. It
controls the webcam-capturing process as well as the classified procedure. As described
in Figure 5.2, there is a Scheduler part which is the based workflow of each thread to
process a frame received from the Webcam.

Webcam

The video processing normally is divided into two sections: retrieving the next avail-
able frame from a camera and applying further processing on the frame. Reading and
processing the next frame could be executed sequentially in a program without multi-
threading. The program pauses for the next frame to become available before doing the
necessary processing on it. The time it takes to read the frame is mostly related to the time
it takes to request, wait for, and transmit the next video frame from the camera to memory.
As a result, the time it takes to conduct computations on the video frame, whether on the
CPU or GPU, accounts for the majority of the time spent on video processing.

However, reading the next frame and processing can be parallelized with multi-threading.
While one thread reads the next frame, the main thread uses the CPU or GPU to analyze
the previous read frame. By overlaying the two activities, the overall time for reading and
processing the frames is lowered. Therefore, the webcam capture is developed always
active, and whenever the main thread requests a new frame, it is ready to submit the
frame to the 'Control’. With the Threading library in Python, a daemon thread is utilized for
handling webcams. When starting the stream, the available webcam has to be checked
before processing further. Only if the webcam is accessed, the stream can be continued
to grab the frame. Then the frame is scaled to match with PostNet input. As described in
the Coral API, each ready-made model has a specific input size of the image. Therefore,
to obtain perfect results, the frame has to be scaled down to fit the chosen model.
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Control

At the main thread, the models are loaded to perform. The program uses a First-In-First-
Out queue (FIFO), which is notably helpful in threaded programming where information
must be passed among different threads in the correct order. In this solution, a thread
obtains a frame and resources to run the model. However, to avoid conflict in using
resources, threads are pushed to a queue to wait. When the resources are available, the
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threads are executed as a first-come-first-server approach.

Scheduler

Figure 5.4 describes the way that two small tasks run concurrently in each thread: get
the status of the pose and the head direction. In 'Get Pose Joints’, the PoseNet is used
to parse interpreter output tensors and return decoded poses. Each pose contains seven
parts of the upper half of a human including the shoulders, neck, nose, eyes, and ears.
Each component has its own x and y coordinates, which represent the pixel value in the
picture. Then, by applying the method introduced in Section 3.2.1, the sixteen features are
compressed into seven for the decision tree in the 'Calculate distance’. Before importing
to the decision tree, the data has to be normalized. Data normalization seeks to eliminate
data redundancy, which exists when many fields contain redundant information. The
database may be more adaptable by applying normalization.

» Get Pose Joints » Calculate Distrance » Mormalized Data »  Decision Tree

Import frame to PoseNet Package

» Nose Joints Head Direction

¥

Figure 5.4. Scheduler workflow.

Client Sender

In this Client, another daemon thread is employed to establish a connection to the server
and work in the background to transmit data on time. When the program starts, this
thread is responsible to collect the address and port to interface with the server. The
communication that is utilized is called Socket which began with ARPANET in 1971 and
eventually evolved into Berkeley sockets, an API in the Berkeley Software Distribution
(BSD) operating system launched in 1983 [61]. Client-server applications are the most
popular form of socket applications, in which one side operates as the server and waits for
connections from clients. The socket module in Python provides access to the Berkeley
sockets API.

Once the binding is established, this thread waits for the packages and encodes them in
the 'utf-8' format. A socket can only transport bytes but a string is a series of characters
rather than bytes. To transport a string across a socket, it must first be encoded as a
series of bytes and then decoded. Hence, 'utf-8 format is selected in this case. In the
'Receive feedback’ process, this stage is used to check that whenever the server wants



to disconnect and inform into another thread to stop processing.

5.3.2 Server Working Principle

35

In this thesis, the server functions as an additional control unit to manage the car’s alarm

system. In the real model, the control units communicate through CAN. Due to the limi-

tations of the testing boards, however, Ethernet is utilized to imitate CAN communication.

The procedure that occurs within the server is detailed below. Figure 5.5 illustrates how

the server works in order to alarm the driver on time. Furthermore, the warning module

also is introduced.
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Figure 5.5. Server working principle.
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Software design

The configuration of the server must be defined clearly. In this case, the socket was set
to SOCK_STREAM and the address belong to the AF_INET address family. A pair (host,
port) was included, where the host is a string indicating a hostname in internet domain
format or an IPv4 address such as '100.50.195.5’, and the port is an integer. Then, the
server is bound to the static IP of the testing board, and this address must not be bound
already. At this point, the server is able to listen to the client and connect to the request.

Once the connection is established, the input and output ports must be configured to
operate the buzzer. Another daemon thread handles the buzz, which is launched when
the connection between the devices is established. When the data arrives at the server,
it is encoded into a string message that includes two pieces of information: the status
and the heading. These data are subsequently sent to the Buzzer thread for further
processing.

In a modern car, a control unit monitors the turning signals to determine when the driver
wants to turn the vehicle. By incorporating this function into the server, the server can now
estimate when to switch on. For example, if the driver's head must turn left to check in the
left-side mirror and put on the left signal, the decision tree recognizes that the driver is now
distracted and the head is turning to the left. To determine whether to turn on the buzzer,
the buzzer compares the turning signal and the direction of the head. If the direction of
the head matches the turn signal of the car, the buzzer does not be triggered to alert.
Alternatively, a delay time component is added to prevent the buzzer from alarming the
driver continuously.

Model design

Figure 5.6 depicts an external module that interfaces with the real world via the buzzer
which means alerts the driver when he or she is in distracting status. The warning module
was designed in 3D via the SolidWorks program. The material of the box is 4mm-anti-
static-black MICA panels.

This module also performs like a car simulation. There are buttons that are used as the
main functions of a car, such as turning left or right, running, or stopping. The central heart
of this module is the Raspberry Pi 3 which is responsible for all the I/O operations. This
board collects the status and head direction and then releases the decision to turn on or
off the buzzer. This module has two floors, the first floor contains an Arduino board which
is used for reading analog signals and transferring the data to the Raspberry board since
the Raspberry board is not equipped with analog 1/O. The second floor is for the main
function. The hole right above the ethernet spot is the place for the buzzer. Moreover, for
a better Ul experience, an OLED screen is set up to show the connected status of two
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Figure 5.6. 3D design of warning module.

main boards, the IP address, the status of the driver, and the car. Figure 5.7 is how the
module look like after assembling all components.

Figure 5.7. Warning module.
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5.3.3 Head Direction Estimator

The head direction estimator identifies whether a distracted situation is a purposeful or
unintended behavior in a distinct distracted circumstance. An intentional action occurs
when the driver desires to maneuver the automobile to the left or right, which necessitates
moving the head to check the side mirrors. Unintended behavior appears when drivers
move their heads to hear the phone, converse with other passengers, or succumb to
drowsiness. Based on these particular points, the algorithm to detect the direction of the
head can be described in Figure 5.8.

Left Safe Right

Figure 5.8. Analyzing head’s direction.

Each captured frame could be thought of as the driver’s working space in the cabin. This
working space must have a clear view of the driver, which implies that all parts of the
driver's upper half body in a safe scenario must be visible in the picture. The image’s
width is separated into three sections: Left, Safe, and Right. The Safe gap was adjusted
so that drivers may turn their heads in an appropriate space. If the x coordinate of the
nose passes through one of two red lines, the direction is recorded and formed into a
package with the status results. This package is sent back to the main ’Control’ thread.

5.3.4 Decision Tree and Processing

Cameras operate as eyes to notice changes and motions in the actual world. The motion
of the objects is captured in different frames by the camera. These frames are transferred
into the models for further processing. Data preparation and model deployment is made



39

easier with the help of Python libraries. The model specifics and how the camera function
works are provided below.

Prepare Data

A set of around 10000 pictures have been selected from three main datasets: Pointing’04
dataset [55], Biwi Kinect Head Pose Database [56] to extract the features. In order to
accurately analyze the poses of individuals in a given set of images, it is necessary to
carefully examine the position of each individual’s head. This set of images is then pro-
cessed using the PoseNet model, which is executed on the Coral Acceleration USB. The
model is able to extract the position of eight different body parts, including the left and
right shoulders, eyes, and ears, as well as the neck and nose.

However, in some circumstances, missing values may occur because the model’s pos-
ture is difficult to identify. All data were evaluated one by one to see whether any attribute
in the dataset had missing values and whether they were relevant to the dataset or not.
There were missing attribute values after extracting the feature from PoseNet, and some
of them with nonsensical properties. The reason for this is that the number of missing
values may have a significant influence on the attributes, turning those attributes mean-
ingless to the dataset. Missing values must be handled in these circumstances to avoid
inaccurate Distraction detector model findings. Missing values are classified into three
types: Missing At Random (MAR), Missing Completely At Random (MCAR), and Missing
Not At Random (MNAR). The possibility of missing data is the same for all observations in
MCAR and MAR, and it has a link with other monitored data, but MNAR is dependent on
unobserved data. Because the majority of the missing values in this situation are MAR,
the whole columns are erased to handle these data.

Attribute Missing values | Percentage
Left shoulder 20 3.6%
Right shoulder 26 4.34%
Left eye 5 0.47%
Right eye 6 1.83%
Left ear 63 12.87%
Right ear 75 14.64%
Nose 3 0.34%
Neck 0 0%

Table 5.1. Missing values of prepared data.
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Building Decision Tree

Before importing the features into the decision tree model, it is important to normalize
them. This is done by dividing each feature value of the pose by the highest distance

value.
Dataset

No | class | NeNo Nels NeRs NeLey | NeRey | Nelea | NeRea
0 0 0.86464 | 0.6538 | 0.64035 | 0.97931 1 0.86054 | 0.89468
1 0 0.86256 | 0.66209 | 0.64845 | 0.97875 1 0.87201 | 0.89429
2 0 0.86464 | 0.66726 | 0.64035 | 0.97931 1 0.86054 | 0.89468
3 0 0.86408 | 0.6777 | 0.63664 | 0.98273 1 0.86571 | 0.89101
9106 1 0.7964 | 0.90364 | 0.90364 1 0.94641 | 0.98585 | 0.94234
9107 1 0.79403 | 0.89498 | 0.89498 1 0.94572 | 0.98735 | 0.92336
9108 1 0.78768 | 0.91862 | 0.91862 1 0.95583 | 0.98675 | 0.97668

9109 1 0.78767 | 0.93012 | 0.93012 1 0.965 0.9832 0.966

Table 5.2. Normalized featured.

In table 5.2, the class column contains only two values: 0 and 1 stand for safe and dis-
tracted respectively. The other columns are values of the distance between the neck to
other parts. Those values were normalized by dividing by the longest distance in each
row. By doing so, the range of feature values is standardized, allowing for a fair com-
parison and preventing any one feature from dominating the others during the decision-
making process. This normalization step helps to ensure that the decision tree is built
based on unbiased feature values and improves the accuracy of the model.

After this step, the processed data is divided into two parts: 60% for training and 40%
for testing. The training data is randomized to ensure that each data point causes an
"independent” change in the model without being influenced by previous data points.
As described in earlier chapters, the decision tree’s attributions must be configured as
an entropy criterion with the appropriate splitter. Because seven features are imported
into the model, the most appropriate maximum number of features is seven, and the
appropriate depth of the tree is six.

The table 5.3 provides insights into the crucial features that can be used to develop and
enhance the accuracy level of the decision tree. By incorporating these attributes into the
model, the decision tree can achieve better performance and produce accurate results
while avoiding overfitting. At this point, the testing data is used for checking the perfor-
mance of the model and determining whether the results of the model are trustable able
or not.
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Specification

Parameters Value
criterion entropy
splitter best
max features 7
max depth 6

Table 5.3. Specification of the decision tree.

The following code snippet demonstrates how to configure the decision tree’s parame-
ters using the Python programming language and the Scikit-learn (sklearn) library. With
this method, it is possible to customize the decision tree’s maximum depth, the minimum
number of samples required to split an internal node, the minimum number of samples re-
quired to be at a leaf node, and the criterion used to measure the quality of a split. These
parameters can have a significant impact on the decision tree’s accuracy and overfitting
tendencies.

# Import the necessary library for building the tree

from sklearn.tree import DecisionTreeClassifier, DecisionTreeRegressor

# Setting up the configuration of the tree

my_tree = DecisionTreeClassifier (
criterion=’entropy’,
splitter=’best’,
min_samples_split=5,
max_features=7,

max_depth=6

my_tree.fit(x_train, y_train)

Code Listing 5.1. Set up decision tree

After building the decision tree, it is important to test its accuracy using a separate test
set. This helps to evaluate the performance of the tree on new and unseen data. By
comparing the predicted values of the decision tree with the actual values in the test set,
metrics such as accuracy, precision, and recall can be calculated. These metrics provide
insights into how well the decision tree model generalizes to new data and can be used
to fine-tune the model for better performance.



42

#Import scikit-learn metrics module for accuracy calculation
from sklearn import metrics
from sklearn.metrics import plot_confusion_matrix

from sklearn.metrics import confusion_matrix

#Pass the test set to the tree model
y_pred = my_tree.predict(X_test)

# Model Accuracy: how often is the classifier correct?
print("Accuracy:",metrics.accuracy_score(y_test, y_pred))

# Model Precision: what percentage of positive tuples are labeled as such?
print("Precision:",metrics.precision_score(y_test, y_pred))

# Model Recall: what percentage of positive tuples are labeled as such?
print("Recall:",metrics.recall_score(y_test, y_pred))

print(£"F1 score: {metrics.fl_score(y_test, y_pred)l}")

plot_confusion_matrix(my_tree, x_test, y_test)

Code Listing 5.2. Testing performance of the model

5.4 Parallelization

Pose detection Status detection

h 4

Y

Warning

Figure 5.9. Sequential process.

A single thread can be summed up in Figure 5.9. Each operation in a pipeline may
serve as a producer and a consumer. Each pipeline stage may ingest a data package
from the previous pipeline stage, perform the processing, and then generate another data
package for the following pipeline stage. However, in the case of running thread by thread,
the speed of the program can be considered very slow and cannot adapt to the real-time
requirement. Therefore, after analyzing the dependencies between each stage of the
pipeline, the gap between 'Pose detection’ and ’Status detection’ can be utilized to call
another thread to work.

The parallelism can be implemented as shown in Figure 5.10. Stage A is for posture
detection, stage B is for status detection, and stage C is for warning. A thread is em-
ployed as a frame loader in the daemon threading scheme. This thread is executed in
the background. It allows the software to save time in stage A while loading the frame.
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Figure 5.10. Parallelism process.

Pipelining in this fashion ensures that subsequent image loads can be conducted as fast
as possible without incurring an unacceptable delay. Furthermore, rather than waiting for
the processes of stages B and C to complete, each frame may be processed immediately
after stage A of the preceding thread has been completed. Once step C is finished, the
results are now transferred to the server, and the thread is destroyed.

Moreover, according to Figure 5.10, stage A of thread 1 does not run at the same time
as stage A of thread 2, similar to threads B and C. This approach prevents the system
from going to a deadlock situation and resource conflict. For example, at the beginning
of thread one, the thread provided the resources to run stage A. After receiving the result
from stage A, the thread must release the resources before asking for a new one to run
stage B. The aim is to prevent a process from retaining one or more resources while
simultaneously demanding additional resources.
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6. PERFORMANCE RESULTS AND ANALYSIS

This chapter offers a statistical evaluation of the tree decision and the program’s speed.
Firstly, section 6.3 introduces the important tests that need to be performed. Next, sec-
tion 6.2 compares post-trained vadiation versus practical results, whereas Section 6.2
presents a speed test of the promoted parallel approach.

6.1 Testing Module

Because this system is being carried out to ensure human safety, testing is essential. The
testing module is divided into three components that must be thoroughly examined: ac-
curacy testing, speed testing, and memory consumption testing. Section 6.1.1 illustrates
the tool that is used for checking the model’s correctness, Section 6.1.2 proposes a tech-
nigue for checking the frame rate, and Section 6.1.3 will present a method for measuring
the memory consumption.

6.1.1 Accuracy Testing

To verify that the model is appropriate to be used in a real-time environment, the accu-
racy is validated using prepared data from the dataset described in Chapter 5. The metric
to determine the accuracy is the number of correct results released from the model -
Safe/Distracted status. Moreover, by checking the confusion matrix, a general analysis
of the model can be constructed. The relevant information about the model may be thor-
oughly examined using this matrix. The Python module Metrics from sklearn [52] is used
to generate this matrix. This module has ready-made functions for extracting the accuracy
level, the degree of precision and recall, and the confusion matrix.

6.1.2 Frame Rate Testing

In this test case, there are two circumstances are checked to see the improvement from
serial processing to parallel processing. The figure 6.1 below describes how the process
is organized in both fashions:
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Figure 6.1. Inference time in a sequential and parallel process.

In serial processing, the frame rate can be easily calculated by applying the formula
(FPS = 1/(b - a)), which means that the inference time of 1 frame, in this case, is the
time between point a - starting stage of the process and point b - when the processing
frame is completed.

The frame rate of the parallel process, on the other hand, must be closely monitored. In
the ideal situation which is the running time of each thread is constant time, the frame
rate can be calculated as 1 second divided by the time between two completed frames,
point 'a’ of the blue C and point 'b’ of the red C. However, the ideal situation is hard to
reach in the real world. Let’s consider red C to be the current frame and blue C to be the
previous frame that has been entirely processed. In this case, the formula 6.1 cannot be
used since the second thread begins to execute when the first thread is executing. Also,
due to the fact that the memory and other elements affect the performance of the board,
such as resource usage, and power mode, the frame rate can be calculated by measuring
the number of finished threads in a one-second interval.

6.1.3 Memory Consumption Testing

Memory consumption refers to the quantity of memory employed by a program during its
operation. The greater the number of variables, the greater the memory usage.

To optimize the system, the memory consumption of the decision tree is monitored using
a program called Memory Profiler. This is a Python module for monitoring a process’s
memory use on Python scripts. Along with the tree model, other models are tested to
evaluate performance, and therefore an overall explanation for selecting the decision tree
can be presented.
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6.2 Performance Result

6.2.1 Statistical Validating

This section presents the performance results from the prepared test set described in
Section 5.3.4. Results are exported from the tree decision to validate the predicted per-
formance of the model after being trained with the training set.
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Figure 6.2. Confusion matrix.

Using the testing data, the model gave an accuracy of 90.34%, and the following con-
fusion matrix. A confusion matrix is a two-dimensional matrix in which the rows rep-
resent the real labels and the columns represent the classifier’s predicted labels. In this
methodology, for evaluating a classification algorithm’s performance, when there is an un-
balanced amount of observations in each class or more than two classes in the dataset,
classification accuracy may be incorrect. A confusion matrix can assist in comprehending
what classification model actually delivers and what sorts of errors it produces. From the
matrix, an overall evaluation of the performance of the model can be given.

The diagram shows that the number of true positive (TP) and true negative (TN) cases is
significantly high with 1645 and 1647 respectively. In contrast, the figures for false positive
(FP) and False Negative (FN) are quite low at 146 and 206. To be more specific, in the
first column, 'O’ stands for safe cases, the model predicts that there are 1645 cases safe
while 206 cases are incorrect. Regarding the second column, ’1’ is the distracted case,
there are 1853 cases marked as ’Distracted’ but 146 cases were misjudged from ’Safe’
to 'Distracted’. This can consider quite an acceptable result.
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Furthermore, for a general explanation of why the decision tree was chosen, the table
below depicts the performance of each different machine learning model: Support-Vector
Machine (SVM), XGboost, Logistic Regression, Logistic Regression, K Neighbors, Ran-
dom Forrest, and Gaussian Naive Bayes. These models are classifiers that are adequate
for the system’s objectives. Each model’s confusion matrix can be utilized to provide an
overview evaluation of its performance and accuracy. All models used the same prepared
set of training data and are validated using the same test set.

Model TP FP FN TN Accuracy
Decision tree 1645 146 206 1648 90.36%
Support-Vector Machine 1639 152 187 1666 90.69%
XGboost 1683 108 156 1697 92.75%
Logistic Regression 1647 144 401 1452 85.04%

K Neighbors 1696 95 150 1703 93.27%
Random Forrest 1696 95 124 1729 90.99%
Gaussian Naive Bayes 1652 139 855 998 72.72%

Table 6.1. Models’ Performance with prepared test set.

As can be seen from the table 6.1, there are five models that satisfy the necessary accu-
racy with above 90%, such as Decision tree, SVM, XGBoost, K Neighbors, and Random
Forrest. The number of the true positive and true negative of these three models is signif-
icantly higher than the others. In the next subsection, these five models are used to test
with some random sample data to give a conclusion about why the Decision tree is one
of the best options for the system.

6.2.2 Real Data Testing

In this part, a self-recording video was prepared for checking the level of accuracy of each
model. The video with a length of ninety seconds included 2155 frames. Each model was
tested with the video to extract the confusion matrix. The table below illustrates the figures
about the accuracy and the difference between test-validated data and some random real
data.

Overall, it can be observed that the highest accuracy belongs to Decision tree models,
while the figures for Gaussian Naive Bayes, and Logistic Regression are the worst accu-
racy in this situation.

In this case, the Decision tree increased the accuracy to 93.31%, higher by around 3
percentage points than the last round. XGBoost also remains as one of the best models
to use alongside K Neigbores models, 92.75% and 93.27% respectively. The amount of
False Negative and False positive cases of these three models can be acceptable, with
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Model TP FP FN TN Accuracy
Decision tree 969 62 82 1042 93.31%
Support-Vector Machine 954 77 227 897 85.89%
XGboost 914 117 90 1034 90.39%
Logistic Regression 977 54 455 669 76.38%

K Neighbors 920 111 180 944 86.49%
Random Forrest 905 126 82 1042 90.34%
Gaussian Naive Bayes 931 100 638 486 65.75%

Table 6.2. Models’ performance with real data.

only 62 and 82 for Decision tree models. Regarding the poorest performance Gaussian
Naive Bayes, Logistic Regression had a very high number of False Negatives 638 and 455
cases. Therefore, the lowest accuracy model is eliminated, but only above 90% taken into
account, so the support-Vector machine and K Neighbors are also removed.

However, since the solution is deployed for automotive, another condition that needs to
be taken into account is the running speed in the embedded environment. In the next
sections, brief information about the speed tests is provided. Furthermore, appendix A
sections contain figures visualizing the confusion matrix results on both validated and
random video data — used to evaluate the performance of each model. These figures
provide a more detailed picture of the results in color.

6.3 Testing Performance and Analysis

The frame rate is used to measure the running speed of an image-processing application.
Since most of the models are deployed under different circumstances like hardware, the
performance of each model has a distinct frame rate and memory consumption. Section
6.3.1 will introduce how the frame rate has been improved under parallel situations and
how the decision tree can adapt to the embedded environment.

6.3.1 Frame Rate

The decision tree was evaluated in 60 seconds using the technique described in section
5.4.2 to compute the frame rate under sequential and parallel execution. When comparing
the two scenarios, it is clear that the parallel environment produces a greater frame rate.
The difference in frame rate is due to the fact that the software does not need to wait until
the end of each frame, but the new frame loads immediately once the driver’s stance is
identified, as explained in section 5.4.2.

As can be seen from the diagram 6.3, when the program reaches the stable stage, the
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Figure 6.3. Frame rate of the decision tree model in parallel approach.

frame rate was around 14 FPS. This rate was acceptable because the gap between each
frame is around 0.04 seconds. In the sequential process - diagram 6.4, the frame rate
was decreased to 6 FPS at the stable stage. To obtain the result, the program took
approximately 1 second to estimate the status of the driver, which means the possible
loss of data can happen and it cannot cover every action of the drivers. Therefore, the
sequential process is considered as not adapting to the real-time requirements.

T
10 20 30 40 50 60
Time (s)

Figure 6.4. Frame rate of the decision tree model in a sequential approach.
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The frame rate of the Decision tree is considered one of the categories to choose the
model as the main part of the system. From the two diagrams in Appendix B, the frame
rate of XGBoost and Random Forest model is around 13 FPS (Figure B.1) and 7 FPS
(Figure B.2) respectively. Despite the accuracy of Random Forest being as good as
Decision Tree, its implementation is not suitable for embedded systems because the opti-
mization for running in embedded devices of this model type is not quite good. According
to the sklearn library, [52], the implementation of all the models is deployed for CPU, not
GPU. Therefore the structure of each model is the factor that affects the performance.
Appendix B contains diagrams that represent the frame rate of the other models. These
figures provide a more detailed performance of the program when running with different
models.

6.3.2 Memory Consumption

The measurements of memory consumption were conducted using the Memory Profiler
module, which is an alternate method for tracking the memory usage of the models.

Decicion Tree Memory Consumption

200 4

150 4

100 ~

memory used (in MiB)

50 1

0 10 20 30 40 50 60 70
time (in seconds)

Figure 6.5. Memory consumption diagram of the decision tree model.

The maximum memory usage of the software was around 205 MiB and was constant at
around 198 MiB. The XGBoost and Random Forest models, on the other hand, require
approximately 210 and 230 MiB (Figure B.3 and Figure B.4), respectively, which is slightly
more than the decision tree. Differences in implementation can explain the discrepancy
between models. In other words, due to its higher frame rate and lower memory utilization,
the decision tree has been shown to be suitable for the work.
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6.3.3 Latency

The latency is measured from the time that a frame is imported to the detecting pose
stage to the time that the system alerts the driver. The chart 6.6 gives information about
the latency of the program. The peak of the latency is approximately 15ms. The reason
for this sudden increase is that camera needs more time to adjust the resolution to view
the driver clearly. Overall, to run as a real-time application, the response of each thread
performance can be considered acceptable.

10.0 A

9.5

Latency (ms)

9.0 1

8.5

T T T T T T T
0 10 20 30 40 50 60
Time (s)

Figure 6.6. Latency diagram of the program.

6.4 Comparison

As discussed in Chapter 2, the solutions based on eye expressions, [18], [19], and [20],
only focus on drowsiness and this appears to be insufficient to cover the entire cabin of
the car, where many actions of the driver can occur. The Convolutional Neural Network
system of Bhakti Baheti et al. [21] can process at 42 FPS on an NVIDIA P5000 GPU with
16GB RAM. However, this solution is restricted to specific categories, it is unreasonable
to equip a large device in the car system which can lead to a hard change in hardware;
this may be seen as a disadvantage since if the drivers perform any activity for which the
model has not been trained, a false alarm may arise. Furthermore, despite the fact that
Erik Murphy-Chutorian et al. [36] have a method for estimating head posture, the authors
focus solely on napping habits. In these kinds of circumstances, the developed approach
alerts the driver by triggering an alert if he or she shuts one or both of his or her eyes
for a long period of time. However, these works only focus on one aspect of distraction,
drowsiness in particular, and this seems not enough to cover the whole cabin of the car,
where a lot of actions of the driver can happen.

In conclusion, this thesis has the potential to cover possible poses of the driver in most
of the circumstances that can happen in the car cabin because the system’s goal is to
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extract the status from the position and head direction, not the other categories. With
an accuracy of more than 90%, the model may ensure that the driver is notified if he or
she is becoming distracted. Another aspect worth mentioning is that the other initiatives
listed have not been tested in the embedded system, which is the working environment of
most contemporary cars. The thesis provides the opportunity to run a machine learning
model in this type of environment to adapt to real-world constraints such as real-time and
mobility. Currently, the model can attain 14 to 17 FPS and consume around 200 MiB on
NVIDIA Jetson Nano, the lowest model in Jetson Family specifications [63]. As a result,
the model can be considered adequate for use in an embedded setting.

6.5 Functional Testing in Virtual Environment

CiThruS2 (See-Through Sight, version 2) is a simulation framework that is a digital 3D
city twin of Hervanta, Finland. The CiThruS simulation framework offers a new and real-
istic virtual environment for developing vision-based ADAS. It includes a 3D urban scene
that has authentic traffic infrastructure and driving conditions, with various time-of-day,
weather, and lighting effects. Users can generate different traffic scenarios with a large
number of autonomous vehicles and pedestrians who can follow specific traffic regula-
tions. The CiThruS Traffic Simulator was a component of the CiThruS system. It is being
developed with the Unreal engine. This portable simulator is intended for 360-degree
traffic imagery at various locations throughout the city. [64].

Figure 6.7. Interface with CiThruS Traffic Simulator. [64]

As an extension of the application, the distracted estimator connects to the virtual world by
using an Ethernet cable. Instead of connecting to the warning module, the Nvidia Jetson
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board connects directly to the laptop or PC running CiThruS. If the driver is distracted,
the warning screen shows up. This application can benefit new drivers that want to learn
how to manage a car before controlling a real one.
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7. CONCLUSION

This thesis provided an outline of the real-time warning system which is employed when
drivers are involved in traffic and get distracted. First, the fundamental principles of the
distracted estimator, notably the decision tree, were introduced, followed by the real-time
implementation of parallelism and the warning system. Basic information regarding the
PoseNet, which is a key component of this end-to-end model, was also provided. The
thesis then examined the model’s performance as well as its accuracy, briefly introducing
the testing procedure and analyzing the decision tree’s advantage over other machine
learning models. Section 7.1 of this last chapter discusses the main contribution of this
study and summarizes the main achievement as well as the thesis’s weaknesses, and
Section 7.2 discusses future work and alternative development options for the solution.

7.1  Main Contribution

Overall, the following components were successfully developed for this thesis:

1. Pose prediction pipeline.

2. Implementation of a parallelized pipeline.

3. A decision tree is used to assess the distracted state of the drivers.
4. A socket interface is used to broadcast the status.
5

. Module warning box model.

The main contributions of this work involved implementing the quality of the classifier
model and its performance in an embedded environment. Decision trees are essential
in this system since they are in charge of identifying whenever the driver is in an unsafe
position. This thesis also demonstrated how to prepare the data and build up the model’s
characteristics. Furthermore, assessment methods were extremely significant because
they are strongly linked to decision trees. The process of developing a decision tree model
was guided by evaluation methodologies. Moreover, the speed of the system was the
main concern because it is an extension device that must be placed inside the embedded
system of a car, so it must be fast enough to adapt to the real-time requirement.

The decision tree was evaluated using verified and actual data in the experiment part to
see whether the model is ready or not. As a result, the major purpose was to investi-
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gate the impacts of assessment methods on decision tree accuracy and undertake model
tweaking. To begin with, cross-validation approached outperformed the other models.
Second, the tree’s split and depth might have a substantial impact on its performance.
Furthermore, a testing section concerning the accuracy, speed, and memory consump-
tion was structured to present an overall picture of each model’s performance to demon-
strate clearly why the decision tree was chosen to be a part of this system. The decision
tree has shown that it has the best performance to run in the embedded system - the
NVIDIA Jetson Nano board.

Another main point of this thesis is optimizing the workflow of the program. By utilizing the
threading concept, the program pipelined according to the "Customer-Producer" proce-
dure. In this way, the dependencies of each thread can be recognized and performed in a
parallel fashion. Compared to the serial process, the program can process approximately
14 FPS to 17 FPS while serial fashion can only produce 6 FPS to 7 FPS.

7.2 Future Work

Despite the fact that the frame rate of this version is adequate, the model tree could
perform faster if the APl module is constructed from the source in GPU and delivered to
the embedded architecture. Currently, the module’s APl is integrated into the CPU, which
is not very fast. Moreover, Implementing the model with CUDA support might also be
beneficial in terms of reducing processing time. [65].

¥

Camera position at Gx
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Figure 7.1. The impact of the camera’s position.
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Regarding the solution’s weakness, the percentage of accuracy level is highest only when
the camera is in the correct position, directly facing the driver. If the camera is positioned
too high or too low, the location of each component on the picture is offset, resulting in a
change in pixel value.

Figure 7.1 illustrate the position of the camera relative to an object can affect the way the
object is projected in an image or video. This is because the camera’s position and angle
can distort the perspective of the object, leading to differences in shape, size, and position
in the final image. According to Christophe Collewet and Frangois Chaumette in 2009
[66], the object’s location will shift by a # degree, which represents the orientation error
with regard to the target position. As a result, the distance between sections affects the
model tree’s accuracy level. Improving the richness of the dataset might be one solution
to this challenge. Because the dataset only comprises face-to-face images, integrating
additional various camera angles might aid in the resolution of the problem.

Finally, while the proposal is simply a functioning prototype, the concept might be ex-
panded to be installed in a real automobile. The system might become a black box that
records the path of the car as well as the behaviors of the driver. This may enhance the
driving experience.
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APPENDIX A: ACCURACY - CONFUSION MATRIX
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Figure A.1. Support-Vector Machine model.
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Figure A.2. XBoost model.
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APPENDIX B: PERFORMANCE ON NVIDIA JETSON
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Figure B.1. Frame per second of the XGBoost model.
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Figure B.2. Frame per second of the Random Forest model.
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Figure B.3. Memory consumption diagram of the XGBoost model.
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Figure B.4. Memory consumption diagram of the Random Forest model.
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