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ABSTRACT

DRIVING BEHAVIOR CLASSIFICATION USING

SMARTPHONE SENSOR DATA

The need for driver behavior monitoring systems has increased due to the sig-

nificant amount of accidents that are brought on by human mistakes. These systems

have the potential to lower accident rates and increase overall road safety by offering

real-time monitoring and analysis of driving behavior. Based on the data collected

from passengers’ smartphones, we propose a novel analysis framework for classifying

driving behavior in this thesis.

Our mobile phone application was used to collect the data, which was then sub-

jected to machine learning algorithms for processing. We utilized several Machine

Learning (ML) classification techniques, with a particular emphasis on developing a

Long Short Term Memory (LSTM) algorithm for increased accuracy and sequence-

based prediction. The outcomes show how successfully the suggested method classifies

driving behavior using the data obtained from smartphone applications.

After having a successful result with LSTM, instead of collecting all data from

users into one area, we developed a federated learning algorithm to train and test each

data on users’ phones. The results of the study show that federated learning is useful

for the classification of driver behavior and thus increases accuracy.
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ÖZET

AKILLI TELEFON SENSÖR VERİLERİ KULLANILARAK

SÜRÜŞ DAVRANIŞI SINIFLANDIRILMASI

İnsan hatasından kaynaklanan önemli miktarda kaza nedeniyle sürücü davranış

izleme sistemlerine olan ihtiyaç artmıştır. Bu sistemler, sürüş davranışının gerçek za-

manlı izlenmesini ve analizini sunarak kaza oranlarını düşürme ve genel yol güvenliğini

artırma potansiyeline sahiptir. Yolcuların telefonlarından toplanan verilere dayanan

çalışmamızda, sürüş davranışını sınıflandırmak için yeni bir analiz çerçevesi önerdik.

Veriler, akıllı telefonlara yüklenen, geliştirdiğimiz mobil uygulama kullanılarak

toplandı ve Makine Öğrenimi (ML) algoritmalarını kullanarak işledik. Çalışmamız,

doğruluk oranını artırmak ve sekans bazında sonuçlar çıkarmak için Uzun Kısa Süreli

Bellek (LSTM) algoritması geliştirmeye özellikle vurgu yaparak, birkaç makine öğrenimi

sınıflandırma tekniği kullandı. Sonuçlar, yöntemin akıllı telefon uygulamalarından elde

edilen verileri kullanarak sürüş davranışını ne kadar başarılı bir şekilde sınıflandırdığını

göstermektedir.

LSTM algoritmasının başarılı olması sonrasında, kullanıcılardan verileri alarak

tek bir merkezde toplamadan, öğrenme ve analiz gerçekleştirebilmek amacıyla federe

öğrenme algoritması geliştirdik. Çalışmamız federe öğrenme algoritmamızın sürüş

davranışı sınıflandırılmasında başarı oranını da artırdığını göstermektedir.
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ÖZET . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

LIST OF SYMBOLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

LIST OF ACRONYMS/ABBREVIATIONS . . . . . . . . . . . . . . . . . . . . xiv

1. INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1. Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2. Proposed Method and Contributions . . . . . . . . . . . . . . . . . . . 2

1.3. Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2. LITERATURE SURVEY . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1. Parameters Used for Driving Behavior Detection . . . . . . . . . . . . . 4

2.2. Methods Used for Driving Behavior Classification . . . . . . . . . . . . 4

2.3. Supporting and Motivating Driver . . . . . . . . . . . . . . . . . . . . . 6

2.4. Data Privacy Perspective . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.5. Comparative Analysis of Related Works . . . . . . . . . . . . . . . . . 7

2.6. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.6.1. Passenger Perspective . . . . . . . . . . . . . . . . . . . . . . . 14

3. BACKGROUND . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.1. Machine Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.2. Machine Learning Models . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2.1. Linear Regression . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2.2. Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2.3. Decision Tree . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.4. Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.5. K-Nearest Neighbors . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.6. Support Vector Machine . . . . . . . . . . . . . . . . . . . . . . 17



vii

3.2.7. K-Means Clustering . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2.8. Naive Bayes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.3. Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.4. Differences of Machine Learning and Deep Learning . . . . . . . . . . . 19

3.5. Deep Learning Models . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.5.1. Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.5.2. Convolutional Neural Networks (CNN) . . . . . . . . . . . . . . 21

3.5.3. Recurrent Neural Networks (RNN) . . . . . . . . . . . . . . . . 22

3.5.4. Bidirectional Recurrent Neural Networks . . . . . . . . . . . . . 23

3.5.5. Long Short Term Memory Neural Networks (LSTM) . . . . . . 24

3.5.6. Gated Recurrent Unit (GRU) . . . . . . . . . . . . . . . . . . . 25

3.6. Federated Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4. MATERIALS AND METHODS . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.1. Collected Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.2. Mobile Application . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.3. Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

5. TECHNICAL DETAILS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

5.1. Machine Learning Classification . . . . . . . . . . . . . . . . . . . . . . 41

5.2. Long Short Term Memory Algorithm Architecture . . . . . . . . . . . . 41

5.3. Federated Learning Architecture . . . . . . . . . . . . . . . . . . . . . . 48

6. EXPERIMENTAL RESULTS . . . . . . . . . . . . . . . . . . . . . . . . . . 49

6.1. Machine Learning Classification . . . . . . . . . . . . . . . . . . . . . . 49

6.1.1. 3 Labels Experiment with 9 Minutes Session . . . . . . . . . . . 49

6.1.2. 2 Labels Experiment with 9 Minutes Session . . . . . . . . . . . 49

6.2. Long Short Term Memory Algorithm . . . . . . . . . . . . . . . . . . . 50

6.2.1. 3-Label Experiment with All Minutes . . . . . . . . . . . . . . . 50

6.2.2. 2-Label Experiment with All Minutes . . . . . . . . . . . . . . . 51

6.2.3. 3-Label Experiment with 10-Second Sessions to Predict Minute

Label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

6.2.4. 2-Label Experiment with 10-Second Sessions to Predict Minute

Label . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54



viii

6.2.5. 3-Label Experiment with 9-Minute Session to Predict Session Label 55

6.2.6. 2-Label Experiment with 9-Minute Session to Predict Session Label 57

6.3. Federated Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

6.4. Testing on Driver Data . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

6.4.1. 3-Label Experiment with 9-Minute Sequences for the Secondary

Data Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6.4.2. 2-Label Experiment with 9-Minute Sequences for the Secondary

Data Set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

7. RESULTS AND DISCUSSIONS . . . . . . . . . . . . . . . . . . . . . . . . . 62

8. CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

8.1. Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

8.2. Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65



ix

LIST OF FIGURES

Figure 3.1. Machine Learning Types and Algorithms, Adapted from [45]. . . . 15

Figure 3.2. Perceptron Process, Adapted from [49]. . . . . . . . . . . . . . . . 18

Figure 3.3. Differences in the Flow of Machine Learning and Deep Learning,

Adapted from [52]. . . . . . . . . . . . . . . . . . . . . . . . . . . 19

Figure 3.4. The Change in the Performance with Amount of Data, Adapted

from [53]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

Figure 3.5. Neural Networks Layer Process, Adapted from [50]. . . . . . . . . 21

Figure 3.6. Convolutional Neural Networks, Adapted from [50]. . . . . . . . . 22

Figure 3.7. Recurrent Neural Networks, Adapted from [54]. . . . . . . . . . . 22

Figure 3.8. Bidirectional Recurrent Neural Networks, Adapted from [58]. . . . 23

Figure 3.9. Long Short Term Memory Cell, Adapted from [59]. . . . . . . . . 24

Figure 3.10. Gated Recurrent Unit Architecture, Adapted from [58]. . . . . . . 25

Figure 3.11. Federated Learning Architecture, Adapted from [61]. . . . . . . . . 26

Figure 4.1. Harbiye - Unkapanı Path. . . . . . . . . . . . . . . . . . . . . . . . 28

Figure 4.2. Data Label Distribution with 3 Label Options. . . . . . . . . . . . 29



x

Figure 4.3. Data Label Distribution with 2 Label Options. . . . . . . . . . . . 30

Figure 4.4. Mobile Application Session Start Screen. . . . . . . . . . . . . . . 31

Figure 4.5. Mobile Application Sensor Data Screen. . . . . . . . . . . . . . . . 32

Figure 4.6. Mobile Application Voting Screen. . . . . . . . . . . . . . . . . . . 33

Figure 4.7. Mobile Application Session Folder Content. . . . . . . . . . . . . . 34

Figure 4.8. Mobile Application Sequence Diagram. . . . . . . . . . . . . . . . 35

Figure 4.9. Accelerometer Resampled Data Example. . . . . . . . . . . . . . . 39

Figure 5.1. Process of the Experiment. . . . . . . . . . . . . . . . . . . . . . . 40

Figure 5.2. Gradient Descent Structure, Adapted from [52]. . . . . . . . . . . 43

Figure 5.3. Sigmoid Function, Adapted from [67]. . . . . . . . . . . . . . . . . 44

Figure 5.4. tanh Function, Adapted from [67]. . . . . . . . . . . . . . . . . . . 44

Figure 5.5. Long Short Term Memory Algorithm Architecture, Adapted from

[66]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Figure 5.6. Federated Learning Sequence Diagram. . . . . . . . . . . . . . . . 48

Figure 6.1. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

All-Minutes Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . 51



xi

Figure 6.2. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

All-Minutes Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

Figure 6.3. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

10-Second Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

Figure 6.4. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

10-Second Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

Figure 6.5. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

9-Minute Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

Figure 6.6. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

9-Minute Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Figure 6.7. Loss Graph for 3-Label 9-Minute Sequence Driver Data. . . . . . . 60

Figure 6.8. Loss Graph for 2-Label 9-Minute Sequence Driver Data. . . . . . . 61



xii

LIST OF TABLES

Table 1.1. Critical reasons of accidents [4]. . . . . . . . . . . . . . . . . . . . . 1

Table 2.1. Evaluation table of selected driving behavior classification studies. 8

Table 6.1. Machine learning algorithms accuracy list for 3 labels. . . . . . . . 49

Table 6.2. Machine learning algorithms accuracy list for 2 labels. . . . . . . . 50



xiii

LIST OF SYMBOLS

b Bias vector

C1 Context unit

ft Forget gate

ht Output in related sequence

it Input gate

meanx Mean value of x axis of the sensor data

meany Mean value of y axis of the sensor data

meanz Mean value of z axis of the sensor data

ot Output gate

rt Reset gate in related sequence

tanh Hyperbolic tangent function

W Weight

xt Input in related sequence

xt−1 Input in previous related sequence

xt+1 Input in next related sequence

yt Another input in related sequence

yt−1 Another input in previous related sequence

yt+1 Another input in next related sequence

zt Update gate in related sequence

σ Sigmoid function



xiv

LIST OF ACRONYMS/ABBREVIATIONS

A Accelerometer

Adam Adaptive Moment Estimation

ANN Artificial Neural Networks

CNN Convolutional Neural Networks

DNN Deep Neural Networks

EEG Electroencephalographic

EOG Electro-oculographic

FCN Fully Convolutional Networks

G Gyroscope

GRU Gated Recurrent Units

GPU Graphical Processing Unit

IoT Internet of Things

IoV Internet of Vehicles

LSTM Long Short Term Memory

MAX Minimum

MIN Maximum

ML Machine Learning

NHTSA National Highway Traffic Safety Administration

NMVCCS National Motor Vehicle Crash Causation Survey

ReLU Rectified Linear Unit

RNN Recurrent Neural Networks

STD Standard Deviation

VAR Variance

X X axis

XYZ X, Y and Z axes

Y Y axis

Z Z axis



1

1. INTRODUCTION

1.1. Problem Definition

Modern technology has given people many possibilities like changing location eas-

ily [1]. Transportation is very important for people to socialize. It also forms the basis

of economic activities [2]. While vehicles support people to travel on the route they

want, they also cause problems such as traffic congestion and public transportation

problems. Most of these problems are caused by driver behavior [3]. According to

National Motor Vehicle Crash Causation Survey (NMVCCS) conducted in 2005 by the

US National Highway Traffic Safety Administration (NHTSA), it is seen that 94 % of

accidents are caused by drivers. Vehicles, environment, and some other reasons play

minor roles in accidents as seen in Table 1.1 [4].

Table 1.1. Critical reasons of accidents [4].

Critical Reason Attributed to
Estimated

Number Percentage

Drivers 2,046,000 94% ±2.2%

Vehicles 44,000 2% ±0.7%

Environment 52,000 2% ±1.3%

Unknown Critical Reasons 47,000 2% ±1.4%

Total 2,189,000 100%

It is important to analyze driver performance to better understand driver behav-

ior and find solutions to problems. Since the 1960s, many studies have aimed to find a

solution to this issue [3]. Parameters such as speed, distance, and acceleration play an

important role in determining driver behavior [1]. Road safety has also been suggested

to be an important factor in driver behavior. Apart from the road effect, aggressive
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drivers also exhibit unsafe driving styles. Daily influences such as demographic infor-

mation, personality, level of aggression, decision-making ability, experience, alcohol,

and stress also affect driving style as individual factors. Furthermore, environmental

factors that affect road safety are the time of day of driving, pedestrians, lighting, other

drivers, and weather conditions [5].

1.2. Proposed Method and Contributions

The main contribution of our study to the literature is that we classified the

driver behavior with the data collected from our mobile application installed on the

smartphones of the passengers. Similar to previous studies, we also suggested using

machine learning algorithms. First of all, we studied the existing Machine Learning

(ML) classification algorithms which are Logistic Regression, Support Vector Machine,

K-Nearest Neighbors, Decision Tree, Random Forest, and Naive Bayes. After com-

paring the accuracy rates of the existing machine learning classification algorithms, we

obtained higher accuracy results with the Long Shot Term Memory (LSTM) algorithm.

Since data security has become a very important issue, after developing the LSTM

algorithm, we worked on the federated learning method to be able to classify driving

behavior without collecting data from passengers’ mobile phones in a central location.

Thanks to federated learning algorithms, separate machine learning models can be

trained with different data groups, and a global model can be generated from these

separate models to be used for classification.

In our study, we used the data obtained from the accelerometer and gyroscope

sensors on the smartphones of the passengers. The accelerometer sensor is used to

detect the capacitance change of a moving mass and automatically detects the accel-

eration. Gyroscopes are devices that can detect angular velocity during rotation on a

frame [6]. Thanks to the method we propose, risky driving can be detected when it

takes place and precautions can be taken against dangerous situations.
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1.3. Thesis Organization

The thesis organization is as follows. The following Chapter 2 explains the studies

done before in the literature and what is needed to be improved with a comparative

analysis. Chapter 3 provides the details of machine learning and deep learning concepts.

Chapter 4 starts with the description of the data that we collected via the mobile

application we developed and continues with how we process it before the experiments.

Chapter 5 presents the architecture of the algorithms we use. Chapter 6 gives the

results of each implementation for the experiment. Chapter 7 provides an analysis of

our results. Chapter 8 concludes the thesis and gives a direction for future work.
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2. LITERATURE SURVEY

2.1. Parameters Used for Driving Behavior Detection

In previous studies conducted to determine the parameters that give clues about

the driver’s behavior, it was understood that the speed varies, so they worked on a road

tracking method. The predictive control model was used to have a path estimate of the

driver’s coordinates. Decision-making and time delays as a result of behavior were also

analyzed [3]. Driving analysis was also integrated with autonomous vehicles, as driving

style is believed to affect energy consumption. The most common factors found to be

analyzed in the study were speed, acceleration, and pedal positions. Classification of

the detected data has been a common way of labeling behavioral style [5].

There are many studies done with mobile applications in terms of sensor data

usage. These apps use the accelerometer, gyroscope, position, gravity, magnetome-

ter, and orientation sensors to collect data only from the driver’s phone [1, 6]. In a

study conducted only with mobile device accelerometer and gyroscope sensor data, the

importance of abnormal acceleration, steering management, and vehicle skidding was

mentioned. In that study, it was concluded that these sensor data can indicate abnor-

mal behaviors and are successful in classifying normal or risky behaviors [7]. There

have also been studies in which smartphone location information was evaluated together

with acceleration detection. In one example, passengers were also mentioned, but it

was aimed to inform the traveling passengers only in case of abnormal acceleration of

the vehicle [8].

2.2. Methods Used for Driving Behavior Classification

Detection and vehicle data recording were utilized in monitoring driver behavior

using smartphones [9]. Classification according to rules, model development, and the

use of machine learning algorithms have been the common methods in the literature
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for intelligent driving analysis observations [5]. Behavior detection has also been used

to assist the driver with recording tools, video cameras, and other safety measures

to improve intelligent transportation systems. Real-time and non-real-time analysis

methods were chosen to finalize the collected data. Vehicle-mounted cameras enabled

tracking eye movements and facial expressions for real-time control. In these studies,

mobile phone sensors of the driver were also used, and neural network algorithms were

developed to analyze them. Additional questionnaires to the same techniques were

also included but resulted in a non-real-time classification [10]. For smart systems, an

example of a method using a dynamic bayesian network that generates alarms to the

driver, and the drivers of the surrounding vehicles was also available [11].

Once again, different analysis techniques classified according to the data source,

tasks, and models for smart transportation systems and driver behavior analysis were

mentioned in the literature. Smartphone sensor records, radar simulators, and mul-

timedia collected from the driving experience were used as data inputs. Detection,

identification, and estimation were the tasks reserved for this process. Machine learn-

ing algorithms such as deep learning, fuzzy logic, decision tree, bayesian, and regression

were used for inference. Some classification labels such as careful, safe, normal, aggres-

sive, risky, dangerous, moderate, calm, and environmentally friendly were mentioned

for the purpose of labeling driver behavior. Some classifications have been made ac-

cording to the security range [12].

The study in which the complex event processing method was applied focused on

the use of the Internet of Things in driver behavior detection and the effect of cloud

systems on data storage and processing. Smartphone and vehicle sensor data were used

with the foresight that it would be easier to analyze the data instantly in real-time. The

minimum, maximum, quartile, and median of the data were used to detect outliers.

Emphasis was placed on finding the best algorithm in terms of accuracy, precision,

recall, f-measure, average, execution time, and resource consumption [13].
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Driver behavior classification has been tested with many different machine learn-

ing and technical algorithms [14]. However, there is a lack of large data sets to train

algorithms because these studies were often done in simulated environments or with

limited data collected. Since the algorithms used in the studies are generally machine

learning, it is important to train with a large data set to obtain successful results. It

is recommended to have a public data set for all studies and to benefit from this data

in the relevant studies [15].

After the method decision and data collection, deciding which algorithm to use

has also great importance in studies. In general, the machine learning algorithms pre-

ferred were logistic regression, neural networks, gradient boosting classifiers, random

forest classifiers [16, 17], coordinated vehicular networks [18], one-dimensional convo-

lutional neural networks [19], deep convolutional neural networks [20], deep learning

methods [21, 22] and long short term memory algorithm [23-31]. Studies that ap-

ply machine learning and deep learning methods together to achieve highly successful

results had been more successful [32, 33].

2.3. Supporting and Motivating Driver

Since safe driving motivation is an important issue, gamification has been among

the methods used in this field. Drivers were rewarded by the detection application

among their social networks according to their results. The data collected from the ap-

plication were clustered with the K-means algorithm, then analyzed with an application

developed in Python and finally connected with the SQLite database. Users were rated

to be rewarded considering weather conditions [34]. Healthy driving systems have been

developed for drivers’ use on their mobile devices. These systems obtained information

about the road condition by taking the accelerometer sensor data and were scored by

the algorithm to show the results according to the thresholds [35]. The dissemination

of driver behaviors and the help of wearable devices in safe driving studies were also

mentioned. The eye states and yawns of the drivers were also taken into consideration

in the studies. Although the success rates of the methods were not given in tables in
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order, it was mentioned that hybrid applications give results with a high success rate

and are applicable [36].

2.4. Data Privacy Perspective

The Internet of Vehicles (IoV) term which is derived from the Internet of Things

(IoT) term was brought to the literature for data privacy. The term was mentioned

with Federated Learning which enables training a global model without collecting and

combining all the data from all drivers [37]. In Federated Learning, data are not

loaded to the server totally, yet the model is trained with sessions separately, but

the performance of the analysis still increases. While decreasing the requirements of

communication, limited computing resources on vehicular edge devices can be used

properly [38]. To assist drivers with stress detection and behavior classification, vehic-

ular network computing for edges can be managed even during increased demand [39].

In the end, thanks to Federated Learning, both privacy of the personal data and the

computing performance of the devices can be controlled easily [38].

2.5. Comparative Analysis of Related Works

To have a deep understanding and find what is lacking in the literature, we

analyzed existing driving behavior analysis studies with machine learning and deep

learning methods below. The summary look of the analysis can be seen in Table 2.1.
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Table 2.1. Evaluation table of selected driving behavior classification studies.

Study Data From Real Data Method

Ghandour et al. [16] Driver Yes (from literature) ML

Di Giacomo et al. [17] Driver Yes (from literature) ML

Shahverdy et al. [19, 20] Driver Yes (scenario based) CNN

Al-Hussein et al. [21] Driver Yes DNN, RNN, CNN

Mumcuoglu et al. [23] Driver No (simulation) LSTM

Cura et al. [24] Driver Yes (scenario based) LSTM, CNN

Kadri et al. [25] Driver Yes (from literature) LSTM

Saleh et al. [26] Driver Yes (from literature) LSTM

Kouchak and Gaffar [27] Driver No (simulation) LSTM

Zhang et al. [28] Driver Yes (from literature) LSTM, CNN

Khodairy and Abosamra [29] Driver Yes (from literature) LSTM

Cojocaru et al. [30, 31] Driver Yes LSTM, CNN

Huang et al. [32] Driver Yes (from literature) CNN

Brahim et al. [33] Driver No (simulation) LSTM, CNN

Chhabra et al. [37] Driver Yes LSTM, CNN

Doshi and Yilmaz [38] Driver Yes (from literature) CNN

Our Study Passenger Yes ML, LSTM

Ghandour et al. [16] implemented the study with real existing data which was

collected from six drivers and vehicles. They classified driving behavior as normal, ag-

gressive, and drowsy. Before applying the methods they use, they randomized the data.

Places the data was collected were motorway roads and secondary roads. From two

aspects of features, they analyzed the data. From a lane detection perspective, times-

tamp, car position, car orientation, lane width, and driver’s state (normal, aggressive,

drowsy) features were grouped. From a traffic status perspective, timestamp, distance

to the nearest car, time until collision with the nearest car, number of vehicles on the

lane, speed in GPS, and driver’s state features were grouped. They applied logistic
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regression, artificial neural networks, gradient boosting, and random forest algorithms

to analyze the data. As a result, the gradient boosting algorithm was found as the

best-performing algorithm from both perspectives. The accuracy of the best algorithm

was 60 % for lane detection and 67 % for traffic status.

Di Giacomo et al. [17] used real data in their study that was collected from con-

trol and measurement units of vehicles. They proposed learning and predicting steps

for the flow and used Weka machine learning software to process their data. Accel-

erator pedal value, the torque of friction, fuel consumption, and air pressure taken in

were some of the features considered. Also, engine soaking time, long-term fuel trim

bank, transmission oil temperature, and steering wheel speed were the discriminatory

features. They resulted that the algorithms they used in Weka software gave success-

ful analysis, but they suggested that other classification machine learning algorithms

should also be tested on the data for future work.

Shahverdy et al. [19] defined a scenario for drivers to behave and recorded three

participants to collect real data. They analyzed vehicle acceleration, road slope, speed,

steering angle, road curve, and speed limit of the road features. The data was labeled

as safe, distracted, aggressive, drunk, and drowsy. To standardize the data, they used

the scikit-learn library for standard scalar and windowed the collected data for time

series to apply the one-dimensional Convolutional Neural Network (CNN) algorithm.

The study resulted in 99.99 % accuracy and low computational complexity. Shahverdy

et al. [20] also tested deep convolutional neural networks algorithm in another study

with the same data and reached a 99.99 % accuracy rate. In their papers, they also

emphasized that Gated Recurrent Units (GRU) and Long Short Term Memory (LSTM)

algorithms gave nearly 95 % accuracy while Simple Recurrent Neural Network (RNN)

gave approximately 70 %.

Al-Hussein et al. [21] collected their data from 30 participants which included

speed, acceleration, deceleration, distance, and yaw steering columns. They divided

the data into two categories safe and aggressive. After applying Deep Neural Net-
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works (DNN), Recurrent Neural Networks (RNN), and Convolutional Neural Networks

(CNN), they resulted that CNN gave the highest success with 96.1 % accuracy.

Mumcuoglu et al. [23] analyzed truck driver behavior with Long Short Term

Memory (LSTM) algorithm according to acceleration limits. They used the Truck-

Maker vehicle simulation application to generate their data. Longitudinal and lateral

acceleration, engine, and vehicle speed, throttle, and pitch angle were the data inputs

to classify. They windowed their data for 30 seconds and applied the LSTM algorithm.

As a result, they got 74.7 % accuracy on the test.

Cura et al. [24] collected their data in a special area with real drivers, but the

drivers applied scenario-based driving styles. They analyzed the data with engine

speed pedaling, deceleration, corner turn, and lane change attempts measurements.

The labels they worked for were aggressive, mild, and gentle driving behaviors. After

windowing the data for 3.5 seconds, they applied both Convolutional Neural Network

(CNN) and Long Short Term Memory (LSTM) algorithms. They analyzed their labels

only for 2 with different combinations. They explained the aim of using the LSTM

algorithm as having time series data. They got at most 93.1 % accuracy in the test for

both of the algorithms, but this accuracy was for aggressive or gentle classification.

Kadri et al. [25] used a real-time data set from the literature in their study.

The data was labeled as normal, aggressive, and drowsy. The measurements they

analyzed were acceleration on the x, y, and z-axis, roll, pitch, and yaw angles, and

vehicle speed from the GPS sensor. They proposed a new stacked LSTM model with

separate memories and a two-layer cell. They preferred to use the LSTM algorithm

because they had time series data. The algorithm resulted in high performance with

97 % accuracy.

Saleh et al. [26] preferred to analyze driving behavior with LSTM data, but again

preferred to work on a data set from the literature. Their measurements were again

acceleration on the x, y, and z-axis, roll, pitch, and yaw angles, and vehicle speed from



11

a GPS sensor, but they also included a camera sensor to detect distance with other cars

and the number of cars on the road. They classified data labels as normal, aggressive,

and drowsy. Even if they tried different algorithms such as Multi-layer Perceptron,

they resulted that LSTM gives higher results, and they contributed to the literature

with 10 % more accuracy.

Kouchak and Gaffar [27] studied the LSTM algorithm with the data collected

from the DS-600 simulator for Drive Safety Research. The was data collected from

35 participants and 45-minute recordings were analyzed with LSTM and Bidirectional

LSTM Network. As measurements, they collected distraction status, driver error count,

response time, and navigation steps. Their bidirectional LSTM algorithm resulted in

higher performance than LSTM.

Zhang et al. [28] used a Multi-Scale Convolutional Neural Network algorithm to

extract multi-scale temporal and spatial characteristics and Bi-directional Long Short

Term Memory algorithm that gives a better performance for text analysis in their study

to recognize driving behavior. For the study, they worked on a public data set that

included coordinates and the status of driving as accelerating and decelerating. Even if

the data set included information about vehicles, riders, and pedestrians, they focused

mostly on the data from vehicles. They got 90.85 % accuracy with a combination of

their methods.

Khodairy and Abosamra [29] focused on the labels normal, drowsy, and aggressive

for driving behavior. They used the accelerometer, gyroscope, GPS data, and vehicle

detection with a video-camera sensor from the DriveSafe application. They used a

data set from the literature that can list the data given above. They both tried to

classify the data with 2 and 3 labels with their LSTM algorithm model in different

experiments. 3 label classifications gave the highest accuracy with 99.47 % as a result.

Cojocaru et al. [30, 31] focused on slow, normal, and aggressive labels to classify

driving behavior. After analyzing and finding that the data sets in the literature were
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not enough, not well labeled, and not collected exactly in real situations, they collected

their data set from the driver. They used LSTM and CNN methods in two different

studies. They classified their data both with 2 labels and 3 labels. As a result, in their

first study, they reached up to 63.70 % accuracy with 3 labels and 79.50 % accuracy

with 2 labels. In their second study, they improved the result by up to 91.94 % accuracy.

Huang et al. [32] used a data set from the literature to detect driver behavior.

Their data included many labels as normal driving, texting, calling, playing with the

radio, reaching behind, drinking, makeup - hair, and talking with passengers. They

processed the images of the driver to classify the behavior. Their deep learning model

with CNN achieved an accuracy of 94.72 %.

Brahim et al. [33] collected their data from the Carla simulator with the genera-

tion of different scenarios. They simulated different weather conditions and roads with

normal, intermediate, aggressive, and dangerous driving styles. They implemented the

LSTM algorithm in three different types alone, with Convolutional Neural Network

and with Fully Convolutional Network (FCN) to classify the steering and speed data.

The best accuracy they got from LSTM with a combination of Convolutional Networks

was 79 %.

Chhabra et al. [37] collected smartphone data from accelerometer and gyroscope

sensors and labeled them as safe, unsafe, or fatigue driving. Using CNN and LSTM

algorithms, they classified the behavior and also emphasized on the term Internet of

Vehicles (IoV) aiming for Federated Learning which is derived from the Internet of

Things (IoT) for model training without collecting data from users. Their accuracy

reached up to 89 % with 5 clients. It was seen that the experiment with 20 clients got

approximately 87 % accuracy.

Doshi and Yilmaz [38] used 2 different data sets from the literature for bench-

marking. While using the CNN algorithm, they combined their study with Federated

Learning to compare the results. The data set they used included only images and
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video captured for driver view where the drivers behaved in the given scenarios. Even

if they did not share their decentralized algorithm results with federated learning, they

concluded that the models they applied gave similar success rates and decentralized

model could be used successfully.

2.6. Discussion

When we compare the related works, firstly, we see that collecting primary and

real-life data are necessary in the literature. Existing studies generally referred to

similar data sets which are especially UAH-DriveSet [25, 26, 29], or generated their

data from simulators [23, 27, 33]. In real data collection processes, they included the

scenario they created that is driven by the driver. That is why, collecting real-world

data is vital to contribute to the literature.

We also realized that studies were conducted on the data gathered from the

driver and the vehicle. To have a better understanding of passenger safety, we propose

to collect data from passengers’ smartphones. Doing so, we can also collect genuinely

voted labels from the passengers and do not need to classify the data by designed rules.

As we use mobile phones, we collect accelerometer and gyroscope sensor data. We did

not include GPS since the path was specific.

For the method selection, simple Recurrent Neural Network (RNN) was found

to be a less accurately resulting algorithm [19, 20], but Long Short Term Memory

(LSTM) and Convolutional Neural Networks (CNN) were among the best-performing

algorithms [24, 28, 33]. It was explained that CNN is performing better with image

and video processing [21, 33], but for the data of time series recorded in tables, LSTM

gives effective results [24, 28]. The explanation of the above-mentioned algorithms is

given in Chapter 3. In the studies, it was also preferred and suggested to compare the

results with classical machine learning algorithms [16, 17, 33]. When they analyzed

the results, deep learning was found to get high performance among algorithms. We

also propose to compare results with existing machine learning algorithms. To reduce
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communication requirements and increase the success rate of the algorithms with small-

session training, the Federated Learning model was also suggested in the literature to

be used in driving behavior classification [37, 38]. In this study, we also propose to

train a global model with different model weights without giving the whole data set to

the LSTM algorithm.

2.6.1. Passenger Perspective

Passenger safety is important and it has not been studied before. It should be

analyzed because thousands of passengers die every year [40]. Detection of how driving

behavior affects passengers should be well understood to ensure safety of the passengers

as numerous accidents are reported to occur while passengers are complaining to the

driver. Passengers tend to inform drivers, talk and even complain about the driving

experience [41]. Even if this distraction causes accidents, such warnings do not improve

driving behavior because they generally make no difference to drivers [40]. If there can

be a detection system that automatically classifies the driving experience, passengers

can know that their safety is detected in a central mechanism. Therefore, the detection

system from passengers’ perspective can be used by local authorities to ensure that

public transportation drivers are driving safely. Furthermore, the general directorate

of highways can detect risky path directions and improve them. To reach a standardized

education, many students go to schools that are not near their homes. Because they

commute by school bus, passenger safety detection can be used by children and parents

as well. Even if the parents wonder about the school bus atmosphere, they also focus

on the road length and driving behavior. They assume that school bus drivers are

speeding on rural roads [42]. As a result, to know about their child’s safety, parents

can install the driving behavior detection application on their child’s smartphone.
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3. BACKGROUND

3.1. Machine Learning

Machine learning algorithms are developed to reduce human work in different

areas. These algorithms are based on artificial intelligence and learn from their errors.

When data are given, they can analyze it according to their needs [43, 44].

Figure 3.1. Machine Learning Types and Algorithms, Adapted from [45].

When the output of the data is given with labels mapped with inputs, it is called

supervised learning. On the other hand, the unsupervised learning occurs when the

labels are not given [45]. In addition to the supervised and unsupervised algorithm

types, there is another term as reinforcement learning, which is mostly preferred in the

Internet of Things and Robotics area. After getting some sensor data, it decides the

action for the next step [46].

These algorithms are used in a wide range such as image recognition, fall detec-

tion, text classification, bio-informatics, and voice recognition [44, 46]. While machine

learning algorithms solve different problems, the most common areas they are used are:
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• Classification,

• Regression,

• Clustering,

• Association.

Classification algorithms only focus on the data to classify it. The regression

method predicts numerical values, while the classification algorithm is interested in

categories. Clustering differs from the others with grouping ideas. It groups the data

by some features. Finally, the association algorithm works with rules [46].

3.2. Machine Learning Models

The machine learning process includes three steps: train, preview, and action.

During the training step, the data is given to the model without any guidance. Sec-

ondly, preview results with data relations to make predictions. In the action stage, the

model is guided with feedback on correct or incorrect results [46]. Linear Regression,

Logistic Regression, Decision Tree, Random Forest, K-Nearest Neighbors, Support Vec-

tor Machine, K-Means Clustering, and Naive Bayes are among the machine learning

algorithms widely used [43, 44].

3.2.1. Linear Regression

Linear regression is based on a straight-line equation. It estimates the relationship

between independent and dependent variables [47].

3.2.2. Logistic Regression

Even if it is similar to linear regression for deciding dependent and independent

variables, logistic regression is a type for classification because it can predict probabil-

ities. It classifies as 1 or 0 for conditions like true or false [47].
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3.2.3. Decision Tree

The decision tree splits the data according to the question and feature relations.

It is a type of supervised learning. To predict, this algorithm generates a decision tree

to reduce randomness [47].

3.2.4. Random Forest

The random forest is similar to the decision tree, but it generates multiple trees.

This algorithm works with the idea voted the most by many trees. Then the counts of

the results are summed to conclude [47].

3.2.5. K-Nearest Neighbors

K-Nearest neighbor is a classification algorithm according to the nearest data

point. The new item is assigned to the most neighbor-assigned class [47]. For nearest

neighbor detection, Euclidean, Minkowski, Manhattan or Hamming distance equations

can be used [48].

3.2.6. Support Vector Machine

Support vector machine is a type of supervised learning, and is useful for both

regression and classification problems. To decide for different classes, it generates a

decision boundary or a hyperplane [47, 48].

3.2.7. K-Means Clustering

As a type of unsupervised learning algorithm, K-means clustering works with a

K number of clusters to have similar points in it. These clusters are randomly selected

and adjusted until being highly distinct [47].
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3.2.8. Naive Bayes

Naive Bayes is based on a probabilistic model related to Bayes theorem which

claims that all of the features are independent. It predicts the probability to decide

which class an item belongs to [47].

3.3. Deep Learning

Thanks to high accuracy, deep learning algorithms are found valuable in literature

as a type of machine learning. With connected layers, deep learning algorithms should

be trained with big data sets. The idea behind it is the cerebral cortex as human brains

work [49]. To have a similar process for artificial neurons, perceptrons are defined by

Frank Rosenblatt in the 1950s. Perceptrons get several inputs and produce a single

output [50]. Even if perceptrons cannot process the input as the human brain does,

they give some weights to inputs and conclude output accordingly.

Figure 3.2. Perceptron Process, Adapted from [49].
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3.4. Differences of Machine Learning and Deep Learning

Deep learning is a part of machine learning. Only the process is different for

these two types of algorithms. Basic machine learning models still require some human

involvement even if they do get better at doing their respective tasks when new data

are added. On the other hand, a deep learning algorithm may evaluate the accuracy

of a prediction using a neural network without assistance of a person. Deep learning

organizes algorithms in layers to create an artificial neural network that can learn and

decide in contrast to machine learning, which employs algorithms to parse data to learn

and decide [51].

Figure 3.3. Differences in the Flow of Machine Learning and Deep Learning, Adapted

from [52].

Deep learning networks require more computational power because they need

more data to work better. Therefore, while machine learning algorithms can work with
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what the CPU can provide, deep learning algorithms work better with a graphical

processing unit (GPU), which has hundreds of cores as opposed to a CPU [53].

Deep learning algorithms also perform better when more data input is given.

Machine learning algorithms can perform well with small data sets as well [53].

Figure 3.4. The Change in the Performance with Amount of Data, Adapted from [53].

In the industry, machine learning algorithms are used more commonly. Deep

learning algorithms are not always found reliable to implement in the industry. Areas

like banking and stock prediction mostly choose machine learning algorithms such as

linear regression, decision trees, and random forests. In general, both machine learning

and deep learning algorithms are used in medicine, text and image interpretation, and

natural language processing [53].
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3.5. Deep Learning Models

3.5.1. Neural Networks

There are several nodes in an artificial neural network. In Figure 3.5, every single

circle represents a node for an artificial neuron, and arrows are connections [54].

Figure 3.5. Neural Networks Layer Process, Adapted from [50].

There are three types of layers: input, hidden, and output. The hidden layer

connects the input and output layers [54]. With the data from sensors or the files, input

layer neurons gather the data to process. After the process is finished, the output layer

shares the result with the outside [55]. Hidden layers implement a continuous data

process and accuracy increases with the improvement. Neural network depth changes

in accordance with the layer number [54]. The process mentioned here is the weight

given to the features which enter as inputs, and the summation of them to conclude a

vector representing how features affect the result with their weights [55].

3.5.2. Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) is widely used for image processing or

document classification that is considered as an image. Without CNN, fully connected

neural networks should take each pixel of an image as input for a neuron which means

having as many neurons as the number of pixels on each side equals. With CNN, we

can give pixel intensity as input instead of a multiplication of pixels. Here, input pixels
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enter the hidden layer neurons. We can get a small part of the picture with the area

of that pixel [50].

Figure 3.6. Convolutional Neural Networks, Adapted from [50].

Figure 3.6 shows the CNN process. The pooling layer here comes differently. This

layer simplifies what the convolutional layer does, takes the results of convolutional

layers and processes them [50].

3.5.3. Recurrent Neural Networks (RNN)

Strength of Recurrent Neural Networks depends on the ability to remember pre-

vious data which is done in hidden layers [56].

Figure 3.7. Recurrent Neural Networks, Adapted from [54].
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In Figure 3.7, C1 and C2 letters are used to represent context units. While

processing the previous state, RNN gives different weights and does not process all the

data again directly. It focuses on the most weighted features [56].

RNN is mostly used for sequential data. Tasks like handwriting and speech

recognition are also processed by this [57]. The advantage of RNN is that it can

process huge numbers of data as well, but its model does not increase much according

to the size of the input. However, it is slow for computation and cannot reach much

earlier data [57].

3.5.4. Bidirectional Recurrent Neural Networks

RNN networks can process past data and conclude accordingly, but for some

predictions such as speech recognition, it is necessary to take upcoming words into

account for a meaningful result. That is why Bidirectional Recurrent Neural Networks

work with two RNNs to process the input from right to left and left to right together

[58].

Figure 3.8. Bidirectional Recurrent Neural Networks, Adapted from [58].
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In Figure 3.8, x and y letters are used to represent inputs, while h letter is used

to represent output which is given with t as related time sequence [58].

With two hidden states, Bidirectional RNNs combine forward and backward pro-

cesses, but the dimension can be increased to four with up and down processes as well

[52].

3.5.5. Long Short Term Memory Neural Networks (LSTM)

Long Short Term Memory (LSTM) algorithms are a branch of RNN algorithms

that can relate dependencies between sequential data like words in sentences. While

relating earlier parts of sequences is hard in RNN, LSTM brings a solution to this

problem which is called the vanishing gradient problem solution [58].

Figure 3.9. Long Short Term Memory Cell, Adapted from [59].
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Thanks to the forget gate, LSTM deletes unnecessary information after processing

it with the activation function. This algorithm is useful for unlimited time sequences

with input, output, and forget gates [60]. LSTM architecture and usage are explained

with details in Chapter 5.

3.5.6. Gated Recurrent Unit (GRU)

After the discussion of which part of LSTM is needed for some cases, Gated

Recurrent Unit comes to the scene. It differs from LSTM by having a single gate unit

that checks forgetting and decision at the same time [52].

According to the hidden memory state and current input, the reset gate and

update gate are calculated and the new hidden state is decided accordingly [58].

Figure 3.10. Gated Recurrent Unit Architecture, Adapted from [58].
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In Figure 3.10, x is the current input while h is the hidden state output. r and z

with related time represent reset and update gates. σ and tanh are the functions used

to calculate the hidden state output [58].

3.6. Federated Learning

Federated learning means a machine learning or deep learning environment with

multiple collaborators, also referred as clients, that are coordinated under a central

service provider. There is a huge data set in clients’ local machines because the sensors

collect the data easily and repeatedly. These collaborators’ data is collected in their

local environment and not transmitted to the central area. The data from clients

are used to update the learning of the central model [61]. Federated learning has

advantages like separating the data and achieving privacy security. There is a need

to train the central model so that the available data from each client can be used to

update it without security risks [62].

Figure 3.11. Federated Learning Architecture, Adapted from [61].
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Other than device-based federated learning, cross-silo federated learning is also

mentioned in the literature. With decentralized local data collected from different

organizations in the areas like finance or medicine, hubs in the topology are connected

to the central, and there might be hundreds of users for this type of architecture [61].

The process of federated learning includes steps such as defining the problem,

client instrumentation, prototyping as simulation, training federated model, and de-

ployment [61].
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4. MATERIALS AND METHODS

4.1. Collected Data

We collected the data we use in the experiment from public transportation pas-

sengers in Istanbul via the Android application that we developed. To implement our

study with the same type of vehicle, we only included the buses in our data collection

part. Because it is important to have the same type of path in the experiment to not

be affected by differences on the road, we included the path between Harbiye - Un-

kapanı and Unkapanı - Harbiye stations in Istanbul, Turkey. We predicted it to take

approximately 15 minutes to go. The passengers recorded the two paths in different

sessions. We got 64 session records for each direction which is a totally 128 number of

session records.

Figure 4.1. Harbiye - Unkapanı Path.
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In Figure 4.1, the bus path selected with a yellow line is one of the directions we

mentioned above.

Passengers downloaded our application before joining the experiment and gave

permission for the application to collect their smartphone sensor data. When they

got on the bus, they started the session and used their phones only in the standard

forward horizontal direction. As the journey continued until the passengers finished

it, the session recorded the accelerometer and gyroscope sensor data shown on the

screen simultaneously. Passengers ended the session just before getting off the bus and

voted on the driving behavior. The options on the voting page were listed as normal,

aggressive, or risky. The sessions were never started or finished in any other location

than the stations we defined earlier even if the journey would take shorter or longer

than we estimated. The mobile phones that we collected the data on were of three

models: Poco X3, Poco X3 Pro, and Samsung A53. The sensors in the phones were

named lsm6dso Non-wakeup, bmi220 Non-wakeup and LSM6DSO.

Figure 4.2. Data Label Distribution with 3 Label Options.

The voting results distribution for the total number of sessions in two directions

of the path is shown in Figure 4.2.
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To have a larger data set, we used both paths of Harbiye - Unkapanı and Unkapanı

- Harbiye separately and combined them in different experiments. We implemented

experiments with the data voted with 3 labels and processed the data to turn into 2

labels. Because detecting risky driving behavior is important, we divided the votes

into two categories as safe and danger where danger only includes voted sessions with

risky labels.

Figure 4.3. Data Label Distribution with 2 Label Options.

The processed data distribution with 2 labels for the total number of sessions of

the two directions are shown in Figure 4.3.

The passengers shared their session records on their smartphones with us via a

cloud environment.

4.2. Mobile Application

We developed an Android application to collect the data from passengers for de-

tecting the changes in their accelerometer and gyroscope data during the session. On

Android phones, there are several sensors such as accelerometer, accelerometer uncali-
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brated, gravity, gyroscope, gyroscope uncalibrated, linear acceleration, rotation vector,

significant motion, step counter, and step detector, which can directly be reached via

an Android application code [63]. We only used accelerometer and gyroscope types of

sensors in our application and study.

There are three main activities in the application: starting a session, collecting

sensor data, and ending the session to vote on the driving behavior.

Figure 4.4. Mobile Application Session Start Screen.

When the button to start the session was clicked on the start page, our mobile

application started to record the smartphone’s accelerometer and gyroscope sensors’

x, y, and z axis data with 1 Hz frequency to the separate CSV files that it created

under the session folder within the application folder in the downloads sub-folder of

the smartphone.
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To end the session, users pressed on the end session button on the sensor page of

the application. When the session ended, passengers voted the behavior of the driver

of that session as normal, aggressive, or risky from the dropdown list on the voting

page. When users pressed on the record voting button, our application recorded the

vote on a TXT file under the session folder and showed the feedback to the user as the

given feedback was recorded.

Figure 4.5. Mobile Application Sensor Data Screen.
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To start another session, passengers restarted the application. Then, when they

pushed the start session button, a new session folder was created under the application

folder in the downloads sub-folder of the smartphone.

Figure 4.6. Mobile Application Voting Screen.

Because the data is recorded on the smartphone storage, we wanted passengers

to share their data with us via a cloud environment. We got 64 useful sessions for each

direction which is 128 sessions in total.

Each session had its folder and those folders included accelerometer, gyroscope,

and vote files separately. The name of the session folder was the timestamp of the

starting time and voting was also recorded with the timestamp of the voting time.
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We gathered the session folders from the users and kept them in their related

timestamp folders. Even if we processed the data to use in our experiments, we kept

the original data separately.

Figure 4.7. Mobile Application Session Folder Content.

The content of a particular session folder can be seen in Figure 4.7 which includes

accelerometer, gyroscope, and vote files.
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Our mobile application sequence diagram also includes the process of the session

and activity codes.

Figure 4.8. Mobile Application Sequence Diagram.

In Figure 4.8, the sensor data collection part represents a loop because the data

was collected during the whole session time. Other than sensor data, other activities

were triggered by the user.
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4.3. Data Processing

To have a meaningful data set with useful features, at first we windowed the

sensor data as one minute for each row. For this purpose, we used the resampling

method by applying some functions [64]. For each session data with accelerometer and

gyroscope, after applying our functions, we got the same number of rows with how

many minutes any session takes. Because we applied different experiment methods,

while keeping this number of minute rows, we took 9 minutes of data, so 9 rows of

data in order to have the same number of rows for all sessions because we processed

it with a deep learning algorithm for time series in the experiment. We decided on 9

rows because the shortest session took 9 minutes.

We also processed the raw data with the same functions to have 10-second rows

for each session. We applied this to process the featured data to get minute-wise

predictions later in the experiment.

For the voting result of each session, we created a new column both for 1-minute

and 10-second types of resampled data and entered the vote there in each row. This

column represented a label for us, and it was an actual value to compare with the

predicted one. We also created another column to write the session number of the

session but did not use this as a feature.

The functions used to process the data can be listed as follows:
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Mean: The mean function of the Python math library was applied to x, y, and

z-axis of the sensor to resample as minutes and seconds. Results were recorded as the

first letter of the sensor name, accelerometer (A) or gyroscope (G), with the axis name

and the abbreviation of the function name which were AX mean, AY mean, AZ mean,

GX mean, GY mean, and GZ mean. Then, the resulting axis mean was used when all

x, y, and z directions’ data was processed together for a sensor-based interpretation.

One of the processes was getting the mean of the axes’ mean values. The results were

written as the abbreviation of the function name with the first letter of the sensor name

and XYZ that represents all axes which were mean AXYZ and mean GXYZ.

Standard Deviation: The standard deviation function of the Python math

library was applied to x, y, and z-axis to resample as minutes and seconds. Results

were recorded as AX std, AY std, AZ std, GX std, GY std and GZ std. Then, it was

also applied to the mean value of sensor axes to find the standard deviation which was

recorded as std AXYZ and std GXYZ.

Variance: We applied the variance function of the Python math library to x, y,

and z-axis to resample as minutes and seconds. We recorded the results as AX var,

AY var, AZ var, GX var, GY var and GZ var. Then, it was applied to the mean value

of sensor axes to find their variance recorded as var AXYZ and var GXYZ.

Minimum: The minimum function of the Python math library was applied to

the sensor’s x, y, and z-axis to resample as minutes and seconds. Results were recorded

as AX min, AY min, AZ min, GX min, GY min and GZ min. Then, it was applied

to the mean value of sensor axes to find the minimum recorded as min AXYZ and

min GXYZ.
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Maximum: The maximum function of the Python math library was also ap-

plied to the sensor’s x, y, and z-axis to resample as minutes and seconds. Results

were recorded as AX max, AY max, AZ max, GX max, GY max and GZ max. Then,

it was applied to the mean value of sensor axes to find their maximum recorded as

max AXYZ and max GXYZ.

Median: The median function of the Python math library was only applied

to the mean value of sensor axes to find their median which were recorded as me-

dian AXYZ and median GXYZ.

Magnitude: The magnitude of the mean values of axes was expressed as√
mean2

x +mean2
y +mean2

z (4.1)

where meanx, meany and meanz represents mean value of the x, y and z axes. Results

were recorded as magnitude AXYZ and magnitude GXYZ.

Signal Magnitude Area: The received signal was expressed as√
mean2

x +mean2
y +mean2

z

3
(4.2)

where meanx, meany and meanz represents mean value of the x, y and z axes. Results

were recorded as signalMagnitudeArea AXYZ and signalMagnitudeArea GXYZ.
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Root Mean Squared: The received signal was expressed as√
mean2

x +mean2
y +mean2

z

3
(4.3)

where meanx, meany and meanz represents mean value of the x, y and z axes. Results

were recorded as rootMeanSquared AXYZ and rootMeanSquared GXYZ.

Curve Length: The received signal was expressed as

|meanx −meany|+ |meany −meanz| (4.4)

where meanx, meany and meanz represents mean value of the x, y and z axes. Results

were recorded as curveLength AXYZ and curveLength GXYZ.

Figure 4.9. Accelerometer Resampled Data Example.

After applying the functions, we got 50 features to include in the experiment.

The first 25 were for the accelerometer and the other 25 were for the gyroscope. Of

the 25 features for each sensor, the first 15 features were the results for the x, y, and

z axis where 5 columns for each axis was calculated with mean, standard deviation,

variance, minimum and maximum functions. The other 10 columns for each sensor

were the result of variance, mean, maximum, minimum, standard deviation, median,

magnitude, signal magnitude area, root mean squared, and curve length functions

which were applied to the mean values of the sensor axes. We collected each path’s

session results in different files and folders.



40

5. TECHNICAL DETAILS

As described earlier, we collected the data from passengers’ smartphones and

processed them with functions as 1 minute and 10 seconds wise. Because we wanted to

detect the real dangerous driving behaviors, we implemented the experiments on the

data with 3-label votes and 2-label votes separately. To detect a dangerous situation,

we relabeled ”risky” as ”danger”, and ”normal” and ”aggressive” together as ”safe”.

We used both machine learning and deep learning algorithms to predict the driving

behavior.

Figure 5.1. Process of the Experiment.

To see the results of machine learning, we used 9-minute windows of each session

as input as the combination of two directions and concluded minute-wise predictions.

For the LSTM algorithm, we re-used 9-minute windowed sessions to have sequence

division with sessions but also generated inputs with all minutes of sessions with a

probabilistic approach and 10-second-wise inputs to predict each minute behavior.
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5.1. Machine Learning Classification

Firstly, we used machine learning algorithms to predict driving behaviors. We

implemented the most common machine learning algorithms with Python scikit-learn

library default parameters.

We divided our data into two as 0.7 train and 0.3 test. We did not randomize

it while dividing because having the minutes in order was important for session-based

interpretations. We dropped the time and session columns because they were not used

in the experiment. Only 50 features mentioned previously were used as input with 1

label for driving behavior. After applying the standard scaling function of the pre-

processing ability of the library, we implemented Logistic Regression, Support Vector

Machines, K Neighbors Classifier, Decision Tree Classifier, Random Forest Classifier,

and Gaussian Naive Bayes algorithms.

5.2. Long Short Term Memory Algorithm Architecture

To develop our Long Short Term Memory (LSTM) algorithm, we used the Python

Pytorch library. We dropped time and session columns as they were not included

in features and selected 50 features as input with 1 label. Firstly, because we had

50 features in the data input with resulted number of rows of data, there were two

dimensions. Therefore, we extended label input to two dimensions as well with row

numbers. The X and y inputs were like (number of rows, 50) and (number of rows,

1) respectively with 50 features and 1 label. Then, we applied the standard scalar

function of the Python scikit-learn library to normalize the feature data. We preferred

Standardization, not Normalization because we wanted to scale the data with mean

by dividing standard deviation to shift its distribution so as to get a mean of zero and

standard deviation of one instead of scaling it to range 0-1 for floating-point values

[65]. We also applied Label Encoder in order to turn the label text data into numerical

classification.
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For session driving behavior prediction, we reshaped our data with 9 because

we had 9 minutes for each session. When we were using it for minute prediction, we

reshaped it with 6. For 9 minutes of the session, we should have 50x9 two-dimensional

data.

To define labels for series, we defined a prediction matrix and calculated how

many of which labels were there in that shape.

We divided our data set into two as 0.7 for the train and 0.3 for the test, but

did not randomize it. We converted our set to a torch. Then, we applied the softmax

function to get probability numbers.

Softmax Function: This function is applied to get the corresponding weights of

numbers as a probability. When the counts of inputs are given, it gets the probability.

aLj =
exLj∑
kezLk

(5.1)

where z numbers are the probable numbers and a is the corresponding output [50].

To prepare our data set for the loader for giving into the LSTM algorithm, we

turned the shape into two dimensions again which have the number of sessions in the

train or test set and the number of labels.

We used some parameters for the LSTM algorithm and defined the algorithm

with them. These parameters are input size, sequence length, number of layers, hidden

size, number of classes, learning rate, batch size, and number of epochs differed for the

experiments. Input size means the number of features we give as input, which is 50

for us in each experiment. Sequence length is the number of lengths for each session.

When we take a 9-minute session, this parameter should be 9. Hidden size gives the

weighted features in connected layers in the hidden state. After adding all, it also tries

to add bias value and gets the best learning.
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The parameter referred as number of classes is the label counts we want to predict.

Batch size is the number of parts to be taken at each time in the algorithm. Epoch is

how many times this process is repeated [52, 58, 66].

Figure 5.2. Gradient Descent Structure, Adapted from [52].

While predicting the result, the algorithm compares the values. Hence, by taking

the derivative, it continues learning by back-propagation [58]. Here, the learning rate

affects how long it will move. When the learning rate is too low, catching the exact

value takes much time to move, which can be seen in Figure 5.2. If it is too high, the

move might pass the point it is supposed to be.

Long Short Term Memory (LSTM) algorithm is derived from a neural network

module that takes each sample of sequence. The input, output, and forget gates are

used inside. There are also activation functions used inside the LSTM architecture.
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Sigmoid Function: This function is preferred for deep learning algorithms as

an activation function. It takes the real value and reduces it to the range (0,1).

σ(x) =
1

1 + e−x
(5.2)

There are other activation functions such as tanh and rectified linear unit (ReLU), but

sigmoid is chosen for outputs in range (0,1) [67].

Figure 5.3. Sigmoid Function, Adapted from [67].

Tanh Function: This function is also used in the LSTM algorithm as an acti-

vation function. It is the scaled version of the sigmoid function

tanh(x) =
e2x − 1

e2x + 1
(5.3)

which is also used in LSTM architecture [67].

Figure 5.4. tanh Function, Adapted from [67].
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In LSTM algorithm architecture, ft is used for the ”do not forget gate” while

it and ot are input and output gates. The functions used to calculate the results are

listed below [66, 68].

Figure 5.5. Long Short Term Memory Algorithm Architecture, Adapted from [66].

In time t-1, input enters the algorithm and outs in time t. C represents long-

term memory, cell state, and h represents short-term memory. At first, the input is

processed by the sigmoid (σ) function.

Forget Gate: This function gets a weighted summation of the cell in time t,

the output of the cell in time t-1, and the input in time t to calculate the output of

the forget gate with the activation function. It decides if the coming part is related

and should be remembered or not. If it is about 0 when calculated from the activation

function, that means it is more likely to be forgotten.

ft = σ(Wf . [ht−1, xt] + bf) (5.4)

where the activation function is sigmoid. Here, Wf represents the weight, bf is the bias

vector, ht−1 is the output of the previous time and xt is the input at that time.
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Input Gate: This function gets weighted summation again. Here, short-term

memory affects the long-term memory which is used to update the cell.

it = σ(Wi . [ht−1, xt] + bi) (5.5)

where the activation function is sigmoid. Here, Wi represents the weight, bi is the bias

vector, ht−1 is the output of the previous time and xt is the input at that time.

Candidate Gate: This function yields the result of candidate value for the

memory unit at that time. It calculates the value with the tanh activation function.

C̃t = tanh(WC . [ht−1, xt] + bc) (5.6)

where WC represents the weight, bc is bias vector, ht−1 is the output of previous time

and xt is the input at that time.

Cell: This function brings the memories together for the past and present.

Ct = ft * Ct−1 + it * C̃t (5.7)

where Ct represents the cell, ft is forget gate, Ct−1 is previous cell, it is input gate and

C̃t is candidate gate.

Output Gate: This function gives the result of weighted summation again.

ot = σ(Wo . [ht−1, xt] + bo) (5.8)

where the activation function is sigmoid. Here, Wo represents the weight, bo is the bias

vector, ht−1 is the output of the previous time and xt is the input at that time.
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Hyperbolic Tangent Version of The Cell: This function gives the cell output.

The activation function is tanh here.

ht = ot * tanh(Ct) (5.9)

where ot is output gate and Ct is the cell.

As an optimizer, we chose Adam optimizer for our LSTM algorithm. There are

AdaGrad, RMSprop, Adaptive Moment Estimation (Adam), and AdaDelta optimizers

for adaptive learning [52]. AdaGrap optimizer synchronizes learning rates according

to model parameters. Parameters yielding the result of large derivatives have a huge

decrease in the learning rate in this optimizer and weight cannot be calculated when the

learning rate is too low. RMSprop optimizer changes gradient accumulation to weighted

average in order to move accordingly, which is very similar to AdaDelta. AdaDelta

algorithm directly searches for the address. It solves the vanishing gradient problem

with a history list. Adam optimizer comes with more advantages when compared with

AdaDelta and RMSprop. Even if the optimizer selection depends on the algorithm to be

implemented, the Adam optimizer is generally found the best algorithm by many users.

Learning rate does not get so much importance here, and it works well with sparse data

as well. This optimizer applies exponential weighting and has bias corrections [52, 69].

After applying the LSTM algorithm, we again applied the softmax function to

the output so as to have the probabilistic result. We compared the predicted and actual

values and thus calculated accuracy.

Loss results are the losses from each time step when the algorithm is applied [55].

We drew a loss graph after implementing the LSTM algorithm.
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5.3. Federated Learning Architecture

Having a global model to refer to different devices as well as data privacy are

important in data analysis technologies. That is why we implemented a federated

learning algorithm with our LSTM algorithm.

Figure 5.6. Federated Learning Sequence Diagram.

We divided our data set into two as 0.7 train and 0.3 test. For the train data,

we divided it into three to have 3 different client models. We created 3 different

models for each data set and applied our LSTM algorithm separately. After getting

the trained models for each, we turned the model parameters into vectors and summed

these vectors to assign the result to the global model. After this process, we were able

to test our test data set with a global model.
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6. EXPERIMENTAL RESULTS

6.1. Machine Learning Classification

6.1.1. 3 Labels Experiment with 9 Minutes Session

To implement machine learning algorithms, we generated minute-wise windowed

data set from our sensor data collected from passengers. We took 9 minutes of each

session and combined the two path results which were Harbiye - Unkapanı and Unka-

panı - Harbiye.

Table 6.1. Machine learning algorithms accuracy list for 3 labels.

Algorithm Name Accuracy

Logistic Regression 54.62 %

Support Vector Machine 53.75 %

K-Nearest Neighbors 50.00 %

Decision Tree 45.95 %

Random Forest 52.60 %

Naive Bayes 55.20 %

Table 6.1 lists the accuracy results of the input data with 3-label classifications

as normal, aggressive and risky.

6.1.2. 2 Labels Experiment with 9 Minutes Session

To find dangerous driving behaviors, we relabeled the data as ”safe” and ”dan-

ger”. For this data, we used minute-wise windowed data set from our sensor data from

passengers again. We took 9 minutes of each session and combined the results of two
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paths which were Harbiye - Unkapanı and Unkapanı - Harbiye.

Table 6.2. Machine learning algorithms accuracy list for 2 labels.

Algorithm Name Accuracy

Logistic Regression 93.06 %

Support Vector Machine 92.19 %

K-Nearest Neighbors 89.88 %

Decision Tree 82.36 %

Random Forest 92.19 %

Naive Bayes 92.19 %

Table 6.2 lists the accuracy results of the input data with 3-label classifications

as normal, aggressive and risky.

6.2. Long Short Term Memory Algorithm

6.2.1. 3-Label Experiment with All Minutes

The main aim of our study is to increase accuracy. Therefore, we implemented

our experiments with the LSTM algorithm as well because it is suitable to use with

time series data. We used the parameters listed below for the LSTM algorithm and

implemented it on all sessions with all minute rows of Harbiye - Unkapanı data.
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• Input Size: 50

• Sequence Length: 9

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 3

• Learning Rate: 0.00001

• Batch Size: 10

• Number of Epochs: 50

With this all-minutes data set which cannot be divided by sessions as sequences

with the same amount of minutes, we got 72.73 % accuracy on the train and 61.76 %

on the test. We can see the loss graph below.

Figure 6.1. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

All-Minutes Data.

6.2.2. 2-Label Experiment with All Minutes

Our main focus is to detect real dangerous driving behavior. Therefore, we re-

labeled the votes as ”safe” and ”danger” which was explained in Chapter 4. We used
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the parameters listed below for the LSTM algorithm and implemented it on the all

sessions with all minute rows of Harbiye - Unkapanı data.

• Input Size: 50

• Sequence Length: 9

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 2

• Learning Rate: 0.0001

• Batch Size: 10

• Number of Epochs: 10

With this all-minutes data set which cannot be divided by sessions as sequences

with the same amount of minutes, we reached 90.91 % accuracy on the train and 88.24

% on the test. We can see the loss graph below.

Figure 6.2. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

All-Minutes Data.
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6.2.3. 3-Label Experiment with 10-Second Sessions to Predict Minute Label

To experiment with how our LSTM algorithm predicts minute-wise labels, we

generated 10 seconds of windowed data from Harbiye - Unkapanı direction. We used

the parameters listed below for the LSTM algorithm and implemented it on all sessions

with all seconds rows of Harbiye - Unkapanı data. We took the sequence as 6 to be

able to divide each minute which is 60 seconds as sequences.

• Input Size: 50

• Sequence Length: 6

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 3

• Learning Rate: 0.001

• Batch Size: 1000

• Number of Epochs: 20

With this all-seconds-included set of data that cannot be divided by sessions as

sequences, we got 68.51 % accuracy on the train and 56.31 % on the test. We compared

predicted and actual values for each session because we were able to see all minute-wise

predictions for all sessions, we knew how many minutes each session took, and the data

was not randomized. We calculated the accuracy for each session and got the mean

value of them. In the end, we were able to get 64.90 % accuracy.
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The loss graph is given below.

Figure 6.3. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

10-Second Data.

6.2.4. 2-Label Experiment with 10-Second Sessions to Predict Minute Label

To experiment with how our LSTM algorithm predicts minute-wise labels, we

again generated 10-second-windowed data from the data collected on Harbiye - Unka-

panı direction but relabeled it as ”safe” and ”danger” to see how dangerous behaviors

would be detected. We used the parameters listed below for the LSTM algorithm and

implemented it on all sessions with 10-second counts of Harbiye - Unkapanı data. We

took the sequence as 6 to be able to divide each minute as sequence.

• Input Size: 50

• Sequence Length: 6

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 2

• Learning Rate: 0.001
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• Batch Size: 1000

• Number of Epochs: 15

With this all-seconds-included set of data that cannot be divided by sessions, we

got 90.71 % accuracy on the train and 90.94 % on the test. We compared predicted and

actual values for each session because we were able to see all minute-wise predictions

for all sessions, we knew how many minutes each session took, and the data was not

randomized. We calculated the accuracy for each session and got the mean value of

them. In the end, we were able to get 91.40 % accuracy. We can see the loss graph

below.

Figure 6.4. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

10-Second Data.

6.2.5. 3-Label Experiment with 9-Minute Session to Predict Session Label

The LSTM algorithm is useful for time series data and we can get better results

if we provide the minutes of a session as one sequence to it. We implemented our

experiment finally with 9 minutes of each session labeled as normal, aggressive, and
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risky and took the sequence length as 9. We combined the two directions as Harbiye -

Unkapanı and Unkapanı - Harbiye as well. We used the parameters listed below.

• Input Size: 50

• Sequence Length: 9

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 3

• Learning Rate: 0.0001

• Batch Size: 100

• Number of Epochs: 165

With this 9-minute 3-label data set, we got 71.91 % accuracy on the train and

58.97 % on the test. We can see the loss graph below.

Figure 6.5. Long Short Term Memory Algorithm Loss Graph for 3 Labels with

9-Minute Data.
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6.2.6. 2-Label Experiment with 9-Minute Session to Predict Session Label

With our focus to detect really dangerous behaviors, we implemented our exper-

iment again with 9 minutes of each session combined in total but this time relabeled

as ”safe” and ”danger”. We combined the two directions as Harbiye - Unkapanı and

Unkapanı - Harbiye as well. We used the parameters listed below.

• Input Size: 50

• Sequence Length: 9

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 2

• Learning Rate: 0.0001

• Batch Size: 100

• Number of Epochs: 185

With this 9-minute 2-label data set, we got 93.26 % accuracy on the train and

92.31 % on the test.



58

We can see the loss graph below.

Figure 6.6. Long Short Term Memory Algorithm Loss Graph for 2 Labels with

9-Minute Data.

6.3. Federated Learning

With the process we applied as explained in Chapter 5, we combined our LSTM

algorithm with federated learning architecture. We divided our total 9 minutes of

Harbiye - Unkapanı and Unkapanı - Harbiye session data into train and test sets.

Then, we divided the train part into 3 sets to have 3 different client models. We

applied the experiment on 2-label data set. The number of sessions included in each

client was 30, 30, and 29. We reached the accuracy of 96.67 %, 93.33 % and 93.10 %

for them in training part respectively. After summing these vectors of parameters of

these models, we updated the global model and applied it to the test data set with 39

sessions. We got 94.87 % accuracy in the end, which is a successful result to detect

dangerous driving behavior.
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6.4. Testing on Driver Data

In this study, we suggested applying our algorithm to the data we collected from

passengers while they were traveling in a bus, and shared our results on this data. We

developed a new algorithm and got successful results on our own real-time primary

passenger data. Additionally, we implemented our algorithm on driver data existing

in the literature. We ultimately aimed to test how our algorithm would perform on a

secondary data used previously in the literature.

We selected the data collected by Cojocaru et al. [30, 31] because it was a recent

data set collected the previous year and is similar to our structure. Similar to our

study, they focused on Accelerometer and Gyroscope sensors but with 2 samples per

second rate. The labels they used were slow, normal, and aggressive. The smartphone

they used to have sensors was Samsung Galaxy S21. Because they did not have many

samples collected, we combined train and test data sets they shared, which was already

suggested in their study. Then, we divided the total set as 0.7 train and 0.3 test. We

applied our feature generation functions shared in Section 4.3 to prepare the data and

then applied our LSTM algorithm with 9-minute-windowed sequences.

We used the parameters listed below.

• Input Size: 50

• Sequence Length: 9

• Number of Layers: 2

• Hidden Size: 256

• Number of Classes: 2 for 2 label, 3 for 3 label

• Learning Rate: 0.0001

• Batch Size: 10

• Number of Epochs: 90 for 2 label, 55 for 3 label
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6.4.1. 3-Label Experiment with 9-Minute Sequences for the Secondary Data

Set

Firstly, we used the data set as it was, with 3 labels as slow, normal, and aggres-

sive. The accuracy rate we got was 75.00 % on the train and 100.00 % on the test. We

can see the loss graph below.

When we compared this result with the findings they shared in their study, we

saw that the accuracy rates increased with our algorithm. The rates they found with

3-label classifications were 59.26 % and 63.70 % in their different papers [30, 31].

Figure 6.7. Loss Graph for 3-Label 9-Minute Sequence Driver Data.
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6.4.2. 2-Label Experiment with 9-Minute Sequences for the Secondary Data

Set

Secondly, we used the data set with 2 labels (danger and safe) with danger for

aggressive, and safe for slow and normal. The accuracy rate we got was 100.00 % on

the train and 100.00 % on the test. We can see the loss graph below.

When we compared this result with the findings they shared in their study, we

observed that the accuracy rates increased with our algorithm. The rates they found

with 2-label classification were 79.50 % and 91.94 % in their different papers [30, 31].

Figure 6.8. Loss Graph for 2-Label 9-Minute Sequence Driver Data.
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7. RESULTS AND DISCUSSIONS

We applied 2 different machine learning algorithms and 6 different LSTM algo-

rithms in our experiment. We wanted to see if it makes a difference in accuracy if the

input is classified differently.

Our algorithm was more successful in classifying 2-label data than classifying

3-label data. 2-label classification was enough for detecting risky driving behaviors.

When we compared the machine learning algorithms with our LSTM algorithm, the

former were also more successful in 2-label classifications than 3-label classifications.

In general, we see that we can increase the accuracy of machine learning algo-

rithms with our Long Short Term Memory and Federated Learning algorithms.

We were expecting a 9-minute session-wise prediction to be successful to detect

our time series data. It was successful with the 2-label classification, but the 3-label

classification was better for the experiment with all minutes of the data included.

Because we prepared probability shapes for the labels, having successful results with

undivided proper sessions was expected.

We see that it also gives successful results with 2-label prediction when we give

10 seconds of each session to predict minute-wise labels. This explains that we can get

real-time feedback during the session without waiting until the end of the session. We

can get feedback each minute.

Our federated learning algorithm also gives high-accuracy results for each client.

The client-wise results increased up to 96.67 % during training. It also resulted in

94.87 % during testing. This means that the client-distributed model can predict the

driving behavior successfully and it also increases the accuracy.
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8. CONCLUSION

8.1. Remarks

In this study, we aimed to use smartphone sensor data to detect driving behavior

automatically and get the results from a passenger perspective via the application we

developed. With this aim, we collected the data of 128 sessions which had 64 sessions

for each direction on a path that takes approximately 15 minutes to drive. This data set

also included the voting results of the passengers for each driving session. Passengers

used our application on their smartphones to record the accelerometer and gyroscope

sensor data during driving sessions and recorded their votes in the application as well.

Firstly, we applied machine learning algorithms to our data set and got accuracy

results between 82 % to 93 %. Even if these algorithms were resulting in successful

accuracy, we needed a deep learning algorithm to classify session-wise time series input.

The deep learning algorithm, Long Short Term Memory in our study, which is

a branch of Recurrent Neural Network algorithms gave successful results for our data

set collected from passengers and can classify the driving behavior in accordance with

the session-wise time series data. We got 92.31 % accuracy in the test for 9-minute

sessions classified as ”safe” or ”danger”.

Because we believed that developing a federated learning algorithm can facilitate

keeping the data private and update a global model from each user’s smartphone, we

used our LSTM algorithm for 2-label classification with 9-minute sequenced sessions

in the federated learning algorithm we developed. We updated a global model with 3

different client models and reached 94.87 % accuracy in the test.
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8.2. Future Work

The results from our study can be applied to the mobile application that can give

real-time feedback according to driving behavior. Thanks to our federated learning

algorithm, user data can be stored locally and a global model can be trained with each

session.

The results can be helpful for parents of students when they get on school buses to

detect if they are experiencing safe driving behavior or not, municipalities to supervise

if public transportation drivers are driving safely and general directorate of highways

to find risky path directions.
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