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SITTISAK THONGSRI: PERSONAL VEHICLE DRIVER BEHAVIOR EVALUATION USING
TELEMETRICS AND ARTIFICIAL INTELLIGENCE TECHNOLOGY. THESIS ADVISOR:
ASSOC. PROF. SETTAWIT POOCHAYA, Ph. D., 84 PP.

Keywords: Telematics, Driver behavior, Artificial Intelligence

Increased automobile usage on roads has led to a rise in accidents, resulting
in injuries and losses. A review of the literature and accident statistics from relevant
agencies reveals that personal vehicles have the highest accident rates. Speeding is
identified as a major cause of accidents. Statistics show that the primary cause of
accidents is speeding. In 2023, there were 20,872 accidents. Most accidents involved
four-wheeled trucks and personal vehicles. Studying driver behavior is thus crucial for
reducing road accident risks. Four methods are used to study driver behavior: surveys,
benchmarks, simulations, and real-time data collection. This research utilizes real-time
data and vehicle data collection methods. Data is gathered from on-board equipment
(OBE) and applied to three-axis sensors. The use of V2N (Vehicle-to-Network)
technology and artificial intelligence (Al). Data from ECU (Electronic Control Units) and
three-axis sensors, which reflect driver behavior, are transmitted for processing using
V2N technology and Al. This data is then analyzed using mathematical models and Al
models to enhance the accuracy of driver behavior assessments, providing alerts
during driving and after the drive. This work presents the integration of V2N technology
with mathematical and Al models to improve the accuracy of driver behavior
classification. This approach aims to alert drivers to their driving behaviors and

contribute to the development of safer driving practices, ultimately reducing the

accident rate.
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Speed
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Driver

| | Statistical analysis | |: ] Simulators | |
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2. Brmsmwsadeyanginssuddul
mMamwgAnssgiuTnagiinmslsndedeyangAnssudtudanunsouans
1aguii 2.6 Fausznaudnevianun 4 nguds fedl
2.1 n@WsT 1 381319 (Survey)

Fawvsnguidhmnglunisdrsiaduddul flasans wasdu 4 dn1sld

Y

Y o

1 @ I d' = ) a a
gatamauunsguluusasUssinuiuasedislun1sd1sia wuvaeuaadausuna uwagns
dunwalngudvaneg

2.2 NI 2 FnsUSeuiigy (Benchmark)
1n15lEnszuunTiATIEInIEda NMskuangy MAsIsionnee
° v A a a Yo a
wazn1sviue wldilueseselunsmngAnssuvessdud
2.3 NN 3 F5n1531883KUU (Simulation)
Insldyalusunsudnaeen1stud IngennItifiieg1amnn1salnig 9

Y v o4

vunuud uui el Fud Aldgalusunsudandnn uanswgfnssunisduddaenadasiu
anunsaliieens ileAnwmgAnssudiulanyalusunsudsnan
2.4 nauiAsd 4 FBnsmslindadeyaiidutiaatu (Real-time)

wUsgnISnseandu 3 Ussiom eiun
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NSMEANTIUETUTIUSENOUME 3 TnguszasAnen

Driver
behavior
benefits &

motivations

Benefits of road safety: Reduction. croshes and

r regulate traffic flow:
« Urbandrivers

« Types of vehicles
+ Developing intelligent
transportation systems

+ Busstructure and design

+ Modification of driver braking
behaviors

- Sensation seeking behavior

+ Simulation program

+ Test time restrictions

+ Measurements

Benefits related to increase
driver's awareness energy
conservation:

+ Developing controllers
+ Encour@ging incentives and

training program
+ Bustypes
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7 uonntuteyannndesaauausn (ECU) digndsinumelulad van Taeldiaiete 4G-
LTE \ledstoyaiieumlalulszananadunginssuddud

govlfuafuaraunsaing 9 Mlddmiunsisdoyangnssugtudannndes ECUluns
fatoyanginssunistudannass ECU fimsld ECU 1ieasafy nesn OBD-I uazmiae
Uszananauessneus Tneduandoyailddudunan EcU Tuduneuusn Wudeyaiisslaign
uasAdamsned 2.1 fnsideyaiildainndes ECU udassinuaumsiiieades iileuas
Andu s soulAdossus MsvhaureaAdeseud MImBeufulss uazgumgdl
Ao usTiasysaifemsadl 2.2 sl Can ID Ap ID wdesumitvestoyafifernutain ECU
yossanus Werhanltlunsiese anus souledossus Mamdeuduiss mehauves
irSeseud uavgamnll Seihesing 9 vesdeyaveusazdeyaszinisldgasmumnsgu
diemsiuailildrnuasavesnsldau

M139 2.1 shegredayantaniuain ECU

Received CAN ID:7E8 aq a1 C B D4 0 0 0
C
Received CAN ID:7E8 q a1 C B D4 0 0 0
C
Received CAN ID:7E8 7} 41 D 0 0 0 0 0
D

A15N9 2.2 W1Ewesvestayailavin ECU

Can ID Data byte Usgtan N gns

TE8 3 Temperature °C A-40

7E8 1 Engine load % A/2.55
Throttle

7E8 1 % (100/255)*A
position

TE8 1 Velocity Km/h A

7E8 2 Engine speed | rpm (A*256+B)/4
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2. guUnsaisznounsTIuTIdeyannAnssuiiud

1. OBD Il TO DB-9 CABLE
U3 Can-Bus Shield V2 Wesafuszuuuaznaes ECU sivumosn OBD-Il way
guAmgAnssuduifiuanioandenistudsasudriunaes ECU 1ulUam 1msgiu ves
SAE J1962 / 1O 15031-3 @eanansaldleiusadialy negudl 2.8 wansane OBD Il TO DBY
dmiunsidendefsdoyaanndes ECU Tnsfivndmiunmsilensionns 9 anunsouansléiss

AN 2.3

Eﬂ‘ﬁl 2.8 OBD Il TO DB9 CABLE

M9197 2.3 Wduwsunsideude OBD Il TO DB CABLE

Pin Description OBD Il DB9
Chassis Ground 4 2
J1850 BUS+ 2 7
Signal Ground 5 1
CAN High J-2284 6 3
ISO 9141-2 K Line 7 a4
J1850 BUS 10 6
CAN Low J-2284 14 5
ISO 9141-2 L Line 15 8
Battery Power 16 9
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2. CAN-BUS SHIELD
CAN-BUS SHIELD Aeyngunsalillidmiudeyaiidmnain ECU vessnous uand
16 gUil 2.13 Tnefidoyaiifaainnaes ECU Aaenndosiunis@numginssugdud ldun
M9vues Leseseud ANAE seuITesud Mawilleuduise guvnlinieseus s

AnaNdRNUFIUYEY CAN-BUS SHIELD loun

1. CAN V2.0B gafia 1 Mb/s
Buwmesing SPI mu5Ige 10 MHz

Toyainsg LAz Ieesusserlng

e

N3 Wousia CAN N1uTI98 sub-D 9 M19uInsgIu aneevdaliausia OBD-I

WMIgIugey 5.9 aewaldaliouse OBDIl 1m531U sub-D

|

|
‘Eﬂﬁl 2.9 CAN-BUS SHIELD

Joyaannaes ECU vassnsudlasun1sdatayaniumisane OBD-I DB9 7l

\Wouseeagiu Can-Bus shields V2 lleteyailiain ECU 01 Arduino Uno R3 2

o o J a sal o 14 a o (% a
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AT 2.4 gATNITANUININTITMBTH ) 210 ECU

Uselan iveld gns
Temperature °C A-40
Engine load % A/2.55
Throttle position | % (100/255)*A
Velocity Km/h A
Engine speed rpm (A*256+B)/4

JUT 2.10 lassasansymginssuddudlagldinalulad V2N

lassasinmsinvenisynganssugtudlagldmalulad V2N anansauanalansgy

# 2.10 Fadoyanginssultuinuanseanludiisagud azgneusilaefsdeyaainndes
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222 msuszafiunginssun1sdulsae Vehicle Data Condition
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£ / Bad Vehicle Data Condition '
3 4 )l
5 L Normal Vehicle Data Condition )
0.9 N Wiy B
o5t N Bad Vehicle Data Condition 4

. 1 I 1 1 1 1 1
1 2 3 4 5 & 7 8 9 10
Data sequences

5U7l 2.11 Vehicle Data Condition
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2.23  MsUsEBiUngANSSUN1STUVA2 Geotab Technology
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Driver Safety Scorecard waz¥iglvinguenusudiudsungnssunistuanlivasndoidunis

¥

Juiduwvulaennsundu laeldUssloviann Driver Safety Scorecard 7 lasudayaann

Y
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%0 | 962 954 938

|
80 85.2 838

70 7860 EE |
737 , .
5 715 70.0 !

63.7
50
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Score

Vehicle 9 Vehicle15 Vehicle4 Vehicle 10 Vehicle8 Vehicle3 Vehicle 11 Vehicle7 Vehicle5 Vehicle 14

JUT 2.12 fegrensuseiiiung Anssunisduliann Geotab Technology

224 m3BeuivenniewaziyyiusividmiunissiuunwgAnssunisdiud
91nN13A NI NsTAdasIunssunud lunisduunwgAnssunstud
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719 9 1lglunis Awdnuazdniin Features lanagud 2.14

Driver Behavior Categorization
M Abnormal

Aggressive

Line deviation
[ Vehicle stopping

Drivers status

~
27,63% 4 On 31,58%

11,849%

7,89%

28,95%
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Feature

Vehicle speed
Acceleration/Deceleration
Pedal/Throttle/Accelerator
Acceleration (Lateral and Longitudinal)
Time/ time ta intersection/stop line/lane crossing
Personne| information

Rotation ratefangle

Steering

Physiological and psychological signals
Velodity

Location

Vehicle position

Traffic condition

Distance to ahead vehi y ine/p
Wehicle type

Drientation

Engine speed/Ioad/output torque/RPM
Turn signals

Phone Tasks.

Image

Traffic light

Pedestrian

Lane change/deviation

Traffic sign

Gyroscope data

Gap

Environmental conditions
Detected vehicles

Stroke

Magnetometer
Crosswalk/Crossing

Acceleration nalse (or variation)
Wiper onfoff

Meteorological data
Intensity of the car door movement
Gravity

Direction

Clutch

£
~

=)
|| | lll

n
| |

o EUEENE »II 1]
L] | .I

s 10 15 20 25
Number of studies

30

35

an
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Data sources

M Simulator
Camera

M Smartphone sensors
GPS

W Accelerometer

W Questionnaire

M Gyroscope
DBDI Sensor

M Diata collectors-observers

W Recorder system

M Orientation sensor
ECG

M EEG

¥ Radar

M Magnetometer
EDA

a5
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Uszan@nu Machine Learnin
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g Ansundauelunanise ﬁﬂg‘dﬁ 2.15 Taedi SVM: Support

b

Y

Vector Machine tuluinadilasuandealunisihuidiwunngfinssunisdulsasudaiy

el' v & = Y ° a v ad= a = 19
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Lea SVM Liven1sussiliuuagduunng@inssunstulisasuddiuynna

Machine learning

Numbar of studias
= - o o w w
o o s & ] & 8 &
svv I ¢ 5%

Type (algorithms) / Algorithms

Desplearnig

onw [
sk-Ner [l
1.03%
Fon [l B
autoencoders [l
voro [l
worp [§051%

1

wab [l
vea1s °

.51%

Statistical models

&
T &

s 2 g 2 "8ue
SRR R S @
in i
.. L1 1 |
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T%-‘zzgumﬁgué'ﬁ)
g3=8cagzr38338¢
§3%%°"z27-3:°28¢
: ITT3E <%

[

‘Uﬂ 2.15 LUUNaeeR1uy Machine Learning ﬁ’WﬁUﬂ’Ti‘\]’lLLUﬂWi]Wﬂiiuﬂqisﬂﬂﬂsﬂﬂﬂ’iﬂﬂum
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2.2.5 3msflzﬁwqanisumsﬁu%awﬁ'ﬁ% areanuasiRNyatayanle dause

bl

RVYVDIFUTNINY

IMU Sensors data Feature extraction @

N,
o Nomnal driving R
T ) —>
® 3

Slow dm'mg E I
Aggressive dniving ;
) ] L

—2

Prediction

i‘U 2. 16 ﬂi@Uﬂ’]iVl’N']u‘U@\‘iﬂ’ﬁ’JLﬂi’]u%‘Wﬂﬁ]ﬂi‘iM%@\‘iN‘UU‘U

Y

[
v A

nAdeillsiauensldustlomiandeya IMU Aduiinlagldaunsvlum
Nsegaslusnsudsaguil 2.16 i ethunvimgAnssuvesdul Me35n1smna Machine
Learning lauA Random Forest, Extra Tree Classifier, Logistic Regression, Support Vector
Classifier, Wiz Extreme Gradient Boosting éj’.lEJmimUﬁamﬂﬁﬁLﬁaﬂﬂmauﬁaﬁgﬁ 6 35 WU

Random Forest Way Extreme Gradient Boosting dinaawsluaiu accuracy precision recall

wag f1-score ANNINITLUARDULARIRIFUN 2.17

svC XGBoosl
= With Gyroscope Features = With Accelerometer Features
= Without Timestamp Feature Without Timestamp Feature & With New Features
= With Two Target = With All Features

JUN 2.17 nasnsiuTeuiisuannisussiiunalinanignsniusiy

A va O aca
NILABNAMANURAYIN 6 %
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226 Uadedunywdluresnisiul: msszydmunaznsusuianuvasiul
Tnglduumienisiseuiideanlaglddayanianginssumiednineg,
mAdesemnlstiiaue mIszyfinukaznsmaaeuiuiuve s

N1INTL5 80U LTIA N (deep learning) 44U CNN, LSTM, GRU, FCN, LSTM-FCN, Siamese
Neural Network (proposed model) Tneld 4 agyangdnssun1s3ningn (Psychological

Behavioral Data) wazdayadiulvgjeglusuiuuaunsuiian 1y 1ayan1smivaAueunIviuy

o Al

Y [

gniawenlaAnAuluilinadnsA1nuuuglatg 99.60 % dwmsunsTEyy

ﬁamumaammmmmgﬂﬁ 2.18 wag A1 accuracy, precision, recall, lag fl-score TRy

Y

1171731 70 % Jull YIUARLETUAMTUNINTINAOUUARIAITUN 2.19

Model Accuracy
CNN [9] 89.44%
LSTM [27] 87.45%
GRU 95.02%
FCN [45] 99.20%
LSTM-FCN [29] 99.00%
Ours 99.60%

JUN 2.18 naswnsiUTeuiisuannnsusedunalanaluniy accuracy dmsunisssyusinu

Vv
VN QGUU
100 - —0r=—0
y I\
4 l/ \
95 W -y o
: \ A
. 90 $
2 i \
k73 A
2 e\
& 85 |
80 Precision {
Recall e
75 F1_score o
Accuracy :
0 10 15 20
Driver ID

JUN 2.19 wadnsannnsusediunalinaluiu accuracy §1MSUN1IATIVAOUVDIHTY
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2.2.7 n’15€1’mﬁﬂﬂﬂﬂé@'ﬁ’u?ﬁ@ﬂ%’ Long Short-Term Memory (LSTM) wag
wsaU1eUsTaMmMBNwUU Convolutional Neural Network (CNN)

msfinwidunisuszdiulusiidngfnssuvesidualagldnmauianiuansig

Y a

AU 12 A7 lASUANNTEUUA 9815 CAN Bus U898T1UNINUE AI8NISL38USLTIAN (deep

Y

learning) 2 33n15lAWA CNN ke LSTM waaduunngfnssuvesgduilu 3 nuang lawn

Aggressive Uag Gentle Wulnudnsuesves CNN duwidoninlunneuuanasagui 2.20

CNN
Number|Epochs|Validation[Validation| Test Test | Test | Test
of Loss |Accuracy [Accuracy|Precision|Recall| F1
Layers %] [%] [%] |%)] |Score
1 200 0.08 97.1 93.2 93.2 193.210.93

2 200 0.05 Q7 95.7 95.7 95.7 | 0.96
3 200 0.03 99 4 96.1 96.1 96.1 | 0.96
4

200 0.01 99.8 95.3 95.2 |[95.3]0.95
LSTM
Number{Number|(Epochs|V alidation|[Validation| Test Test l1I Test | Test
of of Loss |Accuracy [Accuracy|PrecisionfRecall] F1
Layers [Neurons| [%] %] |%] | [%)] |Score

1 27 500 0.16 93.7 87.7 88.5 |[87.70.88
2 27, 500 0.12 95.4 92.3 92.2 ]192.310.92
3 27 500 0.13 96.0 90.0 91.1 [90.6 1091
4 27 500 0.09 97.1 93.2 93.1 193.210.93

U7 22003 uLisunadnsssning CNN wag LSTM
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2.28 013N mAaadEnluna Support Vector Machine (SVM) fagadaya

IMU sensors

A vy Y = Y v o & Ay @& v A v
LN@I@@ULLUUI@JL%LL@’J ‘\]QNﬂ'ﬁﬂU‘W']‘Q@?J@MUaﬁ']Lisﬂgﬂ‘ﬂsﬂﬂLﬂ‘U?J@ﬂ;IJﬁV]LﬂEJ’J‘U@Q

a

Aun1sTuunnginssunstulsasuddiuyana lagdlaseasneanisvinauvesseuunegy

1
: Seen ! ! Model ! : Result i
i ‘ i ' | !
! 1 1 1 1
' 1 1 1 1 !
1 | I 1
i -_:_ i I —- :
, ! | 3644 datasets ! H i
! 1 * T - T L !
a 1
; | | B | el ; |
: . : : ! |
! I 1 I | |
! 1 1 1 1
O, I Leceeee_ =08 . _________ i e
————————————————————————————— ' R T TR,
i Model | : Result !
i i i !
1 1 1 1
1 1 1 1
i i !
3084 datasets | | 1
° ! . 1
T T !
1 1 1
1 1 1 1
1 1 1 1
: : : :
I 1

JUN 2.21 MU IUUTIRINNANAAIERSAIUNTAN BN ANTTUNITUTVDITRE URH Y

yAAaLIUTEYNATU Machine Learning

Result of seen data

E » Trainset
Seen train set accuracy:0.9972555746140652

« Testset
accuracy:0.9972565157750343

Result of unseen data

Unseen train set

| Trainset
accuracy:0.9643291447101743

 testset
accuracy:0.9692058346839546

JUTN 2.22 HaN5TaeeuuUsEansnInvessuuntllauane SYM

31nn153188euwuUlagszuundaue uaussdnsaindaguin 2.22 wuin SYM
ansaldusylevdlunisduunnginssunistudsasuddiuyanals willetyndayarnay

WAEVAFBUINARUNUNAROURARAIHARITUN 2.23
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Seen data , " Resuilt of unseen data |

-E * accuracy = 0.36525795828759605 !
'

Result of seen data

W+ accuracy = 0,3232814526588846

tﬂl o a a Iﬂl o v U v
Eﬂ‘ﬂ 2.23 mamimamwaizamamwmaﬁswwmLﬁuawaqmﬂaawmaaﬂa

WUUIWAANGTLAAU accuracy darenann wazldwnngaununsihluly Wesannmns
gotlumalianunsaduunlaegiauiug) wazihluldlulanauduailule Wesndeya
nlanaruasadudeyauvudunauasidngluna dadu Jalddnausluma LSTM afimny

Fudpuiinuny wWisliauisaduundegailiuuudy wasiinnududauiuveynsum

General Securty Details Previous Versions General  Securty Detads Previous Versions
RF_Classifier pkl 1 my_model_3h5
Type of file. PKL File (.pkl) Type offile H5 File (hS)
Opens with + Pickanapp _Changm Opens with + Pickanapp Change
Location D1001_My_Tasks\Python\Master_Degree\ModelRF _\ Locaton D001_My_Tasks\Python\Master_Degree\MQTT
Size: 75.0 MB (78,660.281 bytes) Random Size. 322 KB (330,152 bytes) LSTM
Size on disk 750 MB (78,663,630 bytes) Forrest Szeondisk 324 KB (331,776 bytes)
Created 26 unvnn 2567, 16:12.45 Created 4 i 2567. 212133
Modified 26 wavm 2567, 16:13.19 Modified. 18w 2567, 13:26:54
Accessed 26 wamem 2567, 16:4746 Accessed 4 o 2567. 212133
Amibutes’ | “[JReadonly [ Hidden Advanced | Asributes [JRead-only 4 [ JHidden Advanced.
Secunty This fila came from another computer r— Secunty This file came from another computer
and might e Blocked 1o help piotect |1 U"D10ck 1A mightbe blocked to help protect. L UrDlock
this computer, this computer
oK Cancel Apply oK Cancel Aoph
Model Size of model (Kilo
Bytes)
LSTM (Long Short-Term 322
Memory)
RF (Random Forest) 76,817

JUN 2.24 vwnveslumalyausvivgiiaviluiingen TCU
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1

oglsAmuidefinsanfuwmnavedinanadinmaniuaglunaveslyylseiug
flagiluldau wudn svM Seunnvesyalusunsalve waz RF (Random Forest) 4/ ufi
mheanudlundes TCU 1 fsgudl 2.24 mnmsvaaeuiiisnda lelsiuulafigninlunad
fiTeviaueiuiinumngantugadeyadildainndes ECU uaz IMU Sensor Ssléiinng
npaeuifisnis Tnefnnsiiaue LSTM Wuntaslunisduunngingsunstud Saaduss
U 4.1 wudn LSTM flaussousiiniganaziinnumnzaslumsiluldomsistugngunsal
229 n1sUszduuszd@nsainuazaussauzusenisseudusas seuas
Uy sehnvg
Confusion Matrix fia NM13UsluNaansN13YIIUIY (Radnsanlusunsy)
Wisuiiieu funadnsasafivnlaeay wazthlufuinen Accuracy Precision Recall wag F1

score

MN5199 2.5 Confusion matrix

Actually Positive 1 Actually Negative 0
Predicted Positive 1 True Positive TPs False Positives FPs
Predicted Negative 0 False Negative FNs True Negative TNs

1%
o =

1. i@ TP (True Positive) @B @9491Y1NUN8 ASINUASILAATUDIY b YNUN8I1939
QI d‘ a ‘:’{ A a

WALAILNATUAD 259

2. TN (True Negative) fin @snviruneassiudsniatu Tunsdl viuiean laiass uag
Q' d‘ a é’ & I a
Adiedufe Taase

3. FP (False Positive) Aa @99 unglinssnudsiitindu Aovinunean 259 waden
Wnu Ao Laasa

4. FN (False Negative) e @wiviunglinseiuiintuaie Aeviiuiednliase wads
d‘ a dy = a
PAnTU Ao 939

Tag TP TN FP waz FN Tun151998mnuaigaIn1un @unsaby Confusion Matrix 11

ANUIUNTISUSEIUUSEANS AINNITYINUNEVBILUUINEDIN AR ANEAS
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2.3 ITS (Intelligent Transportation System)

szuvIuddaney ie TS Wuszuvrudsivunaluladlundazesdusznoues
TPUU (8T1UHUA JHAUNNG LagTsUUNIEnImMYIBINIseudsazau) inldausiuiu nauxay
sewis welulaBfldeglutiigtudntumeluladiifndutuln WerelhAnnisldnuszuy
yudsog1afiuszansam waluladivhunldiuszuuvudaszneulude suuszanadoya
P1ans sudomsinsnuua uasaududidnmseind lnemelulaBinardgnansdldauey
vugIUN MU gunsaldiuyana Ly amé'?qagi%’waauuLLaz Audauax anldanusauiy v
Tinstudsasuduuauu mslaganssaasisuy nsmuaudansasamiosaidemded
WinAMUAGBIRT Uasasdy N15laganssnasIsasiinauasanInauly ssuuvudssIasey
38 ITS Usenaulume 4 5Ukuu fie 1.Vehicle-to-Vehicle (V2V) 2.Vehicle-to-Infrastructure
(V2I) 3.Vehicle-to-Pedestrian (V2P) wag 4.Vehicle-to-Network (V2N) #5a158n31 V2X
Technology (Vehicle-to-Everything) Tuauideildsaufumalulad Vehicle-to-Network

(V2N)

¥ LT
Vehicle-to-
! vnfrastructure (V21)

AJ‘I%_

Vehicle-to-pedestrian

Vehicle-to- 4@ g (_v’z:)! oy
vehicle (V2V) : = Pe3rians, bicyclists

e.g. collision avoidance s

E“U 2 25 ﬂ'TWTJNTULL‘U‘Uﬂ’]ﬁﬁ@ﬁ'ﬁiuiuUU‘Ui‘!a\‘i@ﬁ]@’iﬂu

2.4 V2N Technology (Vehicle-to-Network)
amsgUiuunsaeanslussuvvudidantosuanalanguin 2.26 laeiilemludiud
LﬁumiﬂﬁnﬁqgﬂLLuumsﬁaame V2N (Vehicle to Network Communication) #a.dun1s

dsfoyannsasudludadsnines wevhmsussanateyaiignivunly waziedoyad

Y

&

14

Uszananald? LULEnINanIdIun1g 9 M183Wies n1sdsdauaannsasus liududswines

Y

aunsadaumaluladinsdeansiiaenndesiuseeyATEUARUNISARANS 819U DSRC, 4G-

LTE/5G {Wwsiu Wlefinnsanlassadsveanalulad Van wladdgresnsddeyaainsaeud
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= 4 =

Wsszuudniiutoyaiwnduegndanasdendenltiaenadesivaninwindenlunisly

U
P
s )N
NE-oT LN Backend
[ ®))
Pa!king _J.‘rrr ’1”1‘\:({?1 \ A{/
hJ U L (\,‘
v Y
@ Edge Cloud
3 LTE/5G
Traffic L P2N
lights, O LTE/SG T Vulnerable
roadside e V2l n ®)) \\\ road
infrastructure [ - : users
LTE/5G A .
V2N LTE/5G 7 A o
V2N 7 LTE/5G U' Q
~J vep
\ELTE/5G V2v & LTE/5G V2V 0
g e C2(0
l—-\\ y | \ / \
—O o OF LC* &
cal sSensors Local sensors Local sensors
Q{' U | k4
JUN 2.26 Megelaseasng V2N
25 unagl

Wewiluunidunisnaniemsiwalulad VoN andszendldiunisfneingfnssy

o

v N = a v ¢ o A ' v aa A
2\! Y INATANWIUINAY LazITIUNTTU ﬁﬁ]zﬂﬂmﬁﬂmaﬂigﬂ‘U@@ﬂqTﬂUsﬂN 5 Useian As 1.

Javsaninkinasy 2. J99uauanuazaalssunng 3.0938muan1nds 4.Ja3uauan1nsg

Jaulanvadeauaningg wazdadun unisy

v LY

way 5.U93801umsIu9UsEa1Ie MUY

[
Y [y =

aa o w = a a 1 I a = a
FINUTLINIU NNITANTINEFHNTINATS VULUINUUY 4 Uselan NUIVYUANYINEGANTTU

Y

Msdudifesnisnisldundedoyaiiantu (Realtime) susznoulude v anmauy
wazsasud lun1s@nuingAnssunstuldadeyatiagiu (Real-time) IHuuudiananis
ALNAIERT Vehicle Data Condition LLazmsﬁﬂquﬁﬂﬁumisﬁ’U%LLuuaavﬂaﬂ (off-line)
lduuudnaemneptinaans Geotab technology Tussuuudnieunuuisealng Tdunasdoya

N WULesVedlnIAnY (smartphone sensors) Naad ECU kazAangiasauss uaylalya

s

1oy 3 unu ethuidugedeyadmsunisiindulieg saensunsiilunatyyiuseivg

EE]
LY

wnssusuarniuluy LSTM wenanddalahlumaiuy LSTM wnd3suiiguiulunadu

LY [y

Aen1TUsEIUNAL UMY accuracy precision recall waz fl-score dnsudITinUszansnIn
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[%
Y

waglusuvuinvedling saenutilaauifinneiugunsal TCU liadwunninssugduiiniu

]

msddnauand® liun enuEisasud surdsAuss Anuss 3 unu wazlalsalay 3 wnu

wardstoyaluda Dashboard HwnAlulad V2N uaggudoyangfinssu dudnanias

AN519N 2.6

a;' & v = a v ¢ &
H1I1N 2.6 WW?WQﬁEUNﬁﬂWiLa@ﬂi‘?ﬁ\‘l’]ugﬂqﬂﬂqﬁﬂﬂﬁqﬂiﬂﬂujﬁimﬂiiﬂﬂﬂﬁﬂﬂ

Forest (RF)
3. Logistic
Regression

(LR)

Study | Performance Data Source Feature Methodology
Type Evaluation
Field 1.Accuracy 1.Smartphone 1.Vehicle speed 1. Support 1.
driving | 2.Precision sensors 2.Throttle position | Vector LSTM
study 3.Recall 2.ECU data 3.Rotation Machine 2. CNN
4.F1-Score 3.Accelerometer rate/angle (SVM)
4.Gyroscope 4.Acceleration 2. Random
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A5ALUN15IY

[

Tuuniiladauedsnisaiiunisidewaziilorddusenauluaie 4 ideundnleawn

o

LY PN ad o a

Fannldlun13ds F8anlumaide nsadluwatygusefivgnineitos wagn1seoniuy

<9

a s IS a (% nglj
sTUUMaLANg Lasfisvazidunsail

1
% =

3.1 daanldlun1side
Fanldlunsideusenausigaunsalfingn fadaiundeas TCU LitoRerInIimes

AeMAetesaInnass ECU ddluuszanananginssunisdud Tnessuuiidnausiduluas

yudldd a

U7 3.1 Usznaulusediu Realtime dashboard Miansnsandadsugduaidedngfinssunis

o

e ¢

aav 1= v o o v a v G ° v = v v v A
VU vLiJWQUi%ﬁQ?ﬂ@ BAZLUDUNIIVUVLAILAT ﬂ’uﬂiﬂu’maﬂﬁuuwmmmaLGU’IMI"ULWE)

kY

USulsemgRnssunmstulvesnuediiinnuUaendesdonuesuwaziou Jadumsiaduaiy

Yaannglunislanuu

Real-Time Notification

0 AccX (misect2) Driving Safety Notification System

O AceY (m/sech2) 3 Deep Neural Networks

QO AccZ (m/sech2) = Optimized U Safe Q Saf

O GyroX (degree/sec) = Low processingtime d Unsafe Q Unsafe

U GyroY (degree/sec) = High performance

0 GyroZ (degree/sec) O Acceleration
! U Sudden Acc.
| I Acceleration (m/sec”2) e e 0 Nermal Acc.

0 Velocity (misec) Q Velocity

Q0 High Speed

O Blind spot detection

: = O Normal Speed
W Collision warning

3 | U Distance Automotive Sensors }
1
!

Offline Notification -
— — 1 Driver Scoring and Profiling System
U Driving Safety Notification System I
uecy 3 D Scorng .
0 Engine Speed (RPM) 0 GEOTAP formul 0 GEOTAP . SR
QTP (%) formula :
_ U Dashboard
oGPs s JWebApp 2
U Latitude Q Trip driving ) 72) (® 2
0 Longitude U Map plotting -t - b ) @
U Vehicle speed Q Etc. T 2
Q Timestamp
B et Real-Time LSTM Classifi::atinn
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3.2 A5n15AiuN15Ie

a [

nsidenlunalyaussAvnmunzandmiunisiunnginssun1stul negide

ladgadeyan1stulangrudeyanindeds [ Kagsle ] tounyadayanina1iuniinis
Uszananaa19uiln (preprocessing data) A28 Google Colab laadlanaun1svineiu laun
data visualization, feature selection, feature scaling, data splitting, model creation,

kay model evaluation ﬁ'\‘ig‘dﬁ 3.2

.~ () Google COLAB on Google Drive R

Input Data

Data Visualization Feature Selection Feature Scaling

Data Splitting Model Creation Model Evaluation

JUN 3.2 TumeunsAnuendaya

3.2.1 Data visualization
neuihyadayalulniurseldiunisnmaasuanunionvestoyaynlis
fou lunszuaunsiiiunszuaunis visualization Teyade 2 3513 1l ens19a0y
Aruduitusszarindnuney wesmsnsvanefvestoya nedseandeadsil
1. MIRsIvdoUANANIUS Iz NRnaNYrYoIYtayaIBN1IaDn
NIMLULBUNTULIAN
1N3UT 3.3 AudnuazaNYdeyAgNNADALUYBYN TN NBAME
12 aaudnway laun mnansslunwunu x, v, waz z lalsalavluguunu x, y, was z A

a a

s08Us 989394 avfiyn LBARAY SEEENe kagl1emAY 9INNITIATIEENUd AT el
WUILNY X, Y, kAT z (Acc X, Acc_Y, waz Acc_Z) lalsalavlunuiuny x, y, wag z (Gyro X,
Gyro Y, uaz Gyro_2) wavmnundasasusiuiieuduiudiuluusasdis Weraeiifinrnga
V043089 AMALSsluLwINAY X, v, uaz z lalsalavlukwinnu x, y, way z dnaginisuniwes
nsmlgasneuiudunnliannduns wagdilernnsn Tasidunmanedamsduduuul
Uaende uagddemaneiainisiuluuulaende Alanuaenndesiudasihemiiu (Label)
wioAnlmuny wazaAwestheiiu wieAnthmneszgmihluduswawasdmiunsilndu

Tuman1eunas
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m/s? Ace_X Degree/sec Gyro X
b 1.0
e =15
: o we 0 mwe oo mae o . P o ™ "™ ™
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U7 3.3 Visualization YoyamensineunsuIa
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2. NIATIVABUNNINTELT0LAVDILANL ALAN BULVDIYATBYANIUNTT
naeANTIMWUUBAlNLNTY

IINNITNABAKVUBUNTULIAT TN TIUANNFIRUTTENI R aN v

WuI191ngUT 3.3 AudnvaranyateyagnnasRLUUBAlLNTY (histogram) TUTIAIIILSS

Tunwauny x, v, kae z lalsalavluwuiuny x, v, wae z waranusisasudinnudunusiu

saulunsnaendmiugalnunsy azgnnasniany 7 audnyuznilauduiusiufegy
34
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U7 3.4 Visualization Yoyamensingalnunsy
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2307 3.4 Wonadnwaita 7 gnwaeauuuBalnunsumuin amdslunuiun x
y, wag z halsaladlunwanny x, y, wag z 8n15nszaneiuudn@ (normal distribution) W
AnEas0sudinsnsyaneilludde Faiuanussuuiuny x, y, wag z lalsalaulu
WUMNL %, v, uay z wgninluldnuseludunoudaluiedunndnuuruas gateyanis
Anrludmsuluna wianudasasaeudagligniluldnuse
3.22  msyiuruanuaneae (Feature Scaling)
nintenauntlimiteyau visualization n51UdnNYME MNTINVBIUBYE
wazAasnuzivrgninluldnusie luidelnadnuusiignidenasgninluiumunn el
Paswestoyaluudaznadnvausiitiilndifvstu iollvidusgagaiediunudnas
Fdu
13U 3.5 Wulaseafamsiidgudnvasitevsursunalivindusiomaie
Standardization (Z-score Normalization) Li83a1niinsnsganguuuuninadnunizusiags

rgnlauingaunisi 3

x—Mean
Z = — (3)
Standard Deviation

Taofi  Z Ao Awadwsannnisusurnavesusazgadeya
X fg ArvesuAazyvoya
Mean e Anadsvosnmdnuagiiug
Standard Deviation #e Admdeuuuinigm

Feature scaled

Accelerometer X

Accelerometer Y P xR Standardization Q Accelerometer X
(Zscore Normalization) Q Accelerometer Y

Accelerometer Z
x. — Mean U Accelerometer Z

K3 Standard Deviation U Gyroscope X
U Gyroscope Y

U Gyroscope Z

Gyroscope X

Gyroscope Y

;

Gyroscope Z

JUT 3.5 M3fnLentoyauazn1snIzINefivesynteys

Watayadenaniun1susuruauds Mlildediudeavuuinsgiuussunn 1
AatiudeyavewiarAnaN vuzlaNumIgaNiuLarinisnszaeaeiu Jeanunsanluly

Nuselutunaudaluls
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3.23  nsuendaya (Data Splitting)
rouavihdeyaluflniuluina Fesusndeyavondudadaunou Jeyaiignusu
yuIAud g nuUdIueanidu 3 diu ldun gadeyalnlu (training set) n539a8u
(Validation set) uagnngau (Test set) iUudndau 70% 20% waz 10% auaau Tudiuves
Tayayanniy wazynnsiaaey astluliluenalndusiedeyayarndy uazUSuuinleyn
TayanTivdeu ludiugatayanaaoy Ixgnuenasnbidmsulseiiudssaniamluma
Tnedoyanaseuifuteyailunalsineiiuinnou dndulassairunisudsypdeyauanadsgy

7 3.6

Train set: 70% (0 — 9975, 9976 samples)

Data set Validation set: 20% (9976 — 12824, 2849 samples)
Test set: 10% (12825 — 12429, 1425 samples) Test

JUN 3.6 nsuwdsyateyaiveldlunisiinduluma nmmeaeuling

3.24  msaieluea (Model Creation)

Mnnsuwendeyaludiuyadeyarindu 70% uazdoyagansivaeuazgniily
Tilunaissusuazusuudselumanuy LSTM (Long Short-Term Memory) Lilaluinagn
Hnduada fmlumaszlaamsfieesaiee wu Awam (weight) wagluued (bias) Wudu uay
gnandliluslumansendniunisinluldeu warannsaduunnginssunisiudlsuuy
Uaensy uwazwuulivaende dmsulassasninisingi wavlaswigussanifieuvadlung

WARIRATUN 3.7 warrnssineidmiulassieUssannienignimualansfiinisan 3.1

Feature scaled LSTM (LongT@marMemory) Model

LSTMﬁ units ?/
U Accelerometer X 6§

Q Accelerometer Y ————
O Accelerometer Z LSTM Class
O Gyroscope X 5 W

U Gyroscope Y 4
U Gyroscope Z

JUN 3.7 MmIafralunanaskandnvedunalunsdkunng Anssunsiul
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A15197 3.1 MSATUANITITND5VDNATINEUSEENTIUWUU LSTM

Parameter Values Comments
Batch size 32
Timestep 100
Features 6
Epochs 200
Learning rate 0.05 Implement on ADAM

optimization

Loss function Binary cross entropy

neural network parameters

Dense layer

Shape: (None, 100, 6)

Input layer

LSTM layer

Shape: (None, 100, 64)

Hidden layer

Dense 1

Shape: (None, 100, 1)

Output layer

913U 3.7 TuduseazidealassairevedlunaUszneuluse 3 daumdn loun
Futhiirdeya duiitousy warduioning lneiiseaBondsl
1. %uﬁm,sﬁwsqm'fayja (Input layer)
Tudruadasaaduiidndeya Ao LSTM input layer Usznaulude
msfinosded
1.1 Input unit ﬁamiﬁ’mummmaqmiﬁﬂL%’w%’auuaﬁL%W%’Ll,aw‘i’]mﬂmaiu
Tuimadivuawiiiu 6 units Tudelunaanansadnddeyals 6 Ussiniiaenndosty IMU
data ﬁﬂigﬂauéfw%ga Ax; Ay, Az, Gx, Gy ey Gz

1.2 Input shape AipvuIAnseilAvestayagniudn Tulunalilifvestaya

197

Ju 1 uon 1 pedutd wag 100 wnadeu 6 reduy aeluusenandig IMU data fegui 3.8
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Data Input Prediction algorithms Predicted values
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4.1 msﬂs:tﬁuﬂszﬁm%mwimmaﬁgna%ﬂaﬁuﬁfw Confusion metrics
classification) #1910 Confusion metrics Usenaune TPs (True Positive) TN's

(True Negative) FPs (False Positive) uaz FN's (False Negative) Awiaisanansamuansm

W5TResUTEENSAINAU accuracy precision recall way fl-score 16 lngumagnsiines

IAMUMUIYAI
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4.1.4 F1-Score (Anafgsening precision wag recall)
AadesEning precision wag recall weAaAsnuusIiudia (Harmonic
mean) un1s1dwesdmsuinnnuaunsaveslumalagsiy (Single metric) 910A1S
3By 2 mfed Useneudeanuwiug uwazannuly annsafualdaunisi

8
(Prcision XRecall)

F1 — Score = 2 X (8)
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MNMTNTTeed uaraunsiana assaUssiiuuszavsanluaaldfagui 6.1
IuLﬂﬁﬁﬁjﬂi’ﬂﬂizﬁwﬁmwlﬁm Support Vector Machine (SVM) Logistic Regression (LR)
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msUssiulugiusie q el
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3. RF lvinausg@nSn1nanu accuracy precision recall wag fl-score 11U 0.89,
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4. DT linausz@n8n1me1u accuracy precision recall wag fl-score Wiy 0.74,
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I
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[ Static Signal Quality Test ] [ Dynamic Signal Quality Test ]

_.[ Radio parameters ] _.[ Radio parameters ]
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o= Average Upload = 44.41 Mbps >150
e : 110-150 @]
Average Jitter = 1.51 ms <110 o
Average RTT = 22.6 ms
Upload (Mbps)
: — = <0.4 []
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gﬂ‘ﬁ 4.8 NaNINAHABUANMAIN Heyad 5G #1u End Parameters
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5G SA band n41 (Static Signal Quality Test)
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Normalized Values vs Data
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R, ThingsBoard
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Unsafe driving
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sUazlainy iseldgnineenty Tnensimainsud 4.18 uas 4.19 WWuA¥léian IMU sensors
nsRINgUT 4.20 iudriildannndes ECU finudrArangunsaivis 2 fanuaonadoaiiu
LLazﬁmaﬁquﬁﬂﬁmmiSﬂ’U% gnIunIIN GyroX way GyroY mﬂgﬂ‘ﬁ 4.19 usl 2 s
anunsathlidlduszendlusu Automotive SOS laluauian
4.43  NISVAFBUNIUNAINNNTTUTALUAGIUYAAATIILUULENEIUNTTA]
MnransTuTLuuuenanunsal asnsaagunansiutlaessllddmnsni
4.3 wazfaguil 4.17

137997 4.3 a3URaN1STUTLAETIUNTTUTRENANTUNITAVRINTTUTRULURBASY

Safe count Unsafe count | Safe rate (%) | Unsafe rate (%)
IMU Sensors 45 0 100 0
TTP/EGS ratio 43 2 95.56 4.44
VHS/EGS ratio 10 35 22.22 77.78

neN3197 4.3 wurluaadiiaue (LSTM model) wianuuad IMU Sensors fin13
Yuny safe rate WU 100% waz unsafe rate WU 0% lunanvadamansmi 1 wse
M1ULkA2 TTP/EGS ratio (The relative ratio of the Throttle position and Engine speed) 3
NMSYUNY safe rate AU 95.56% Way unsafe rate WAV 4.44% waglunananinaIans
#9712 w3 omuwa7 VHS/EGS ratio (The relative ratio of the Vehicle speed and Engine
speed) fin15viiune safe rate Wiy 22.229% waw unsafe rate Wiy 77.78% RasuagUle
Slueadi dausiinuduius fudulunanisndnaiansdafi 1 3o TTP/EGS ratio wa
Tunanisadlamanssai 2 Ssduunwginssududliasnadestulumadu uazany
a01un15al934 1esannistunuuvaenstedudunisnaseulussssmeiildldenuin us
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ﬁﬂmmuazmiéfmﬁmzaaﬂmauLsumﬁuaamﬁ’uﬂuwhiﬂaamﬁaLi‘]uﬁauiwiyj viEogaafisng
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o Safe driving
Prediction models Driver state ratio Safe count  Unsafe count

UNSAFE UNSAFE < SAFE
IMU Sensors < ’ y . 45 g
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UNSAFE < SAFE
e ¥ UNSAFE

AFE
o 4 2
EGS ratio) x p . 43
ECU (TTP/ e ‘ ’ . __,___—-—-———-‘ UNSAFE > SAFE

UNSAFE

s s e SAFE 35

) . - 10
ECU (VHS/EGS ratio) £ ’ . st

JUN 4.21 wanaramsudsiouananiunisalmdudiuulaensie

e

13099 4.4 agunan1sTutlaesIun1stuTkukenaaIunsain1studlinuulasnsie

Safe count Unsafe count | Safe rate (%) | Unsafe rate (%)
IMU Sensors 74 7 49.01 50.99
TTP/EGS ratio 98 53 64.90 35.10
VHS/EGS ratio 36 115 23.84 76.16

NHTN 4.4 wunlunanuaus (LSTM model) 13an1uwa? IMU Sensors dn1s

al

MUY safe rate WU 49.01% wag unsafe rate WU 55.99% lunanadad1dnsad
1 uSen1uun2 TTP/EGS ratio (The relative ratio of the Throttle position and Engine
speed) {iN15YIUY safe rate WNAU 64.90% Waz unsafe rate WNAU 35.10% wazluinaniy
AdlAFERT A7 2 NSen1uwad VHS/EGS ratio (The relative ratio of the Vehicle speed
and Engine speed) in15¥11118 safe rate AU 23.84% way Unsafe rate WAy 76.16%
faduazdldilanadiviauedenuduiusfuiulnavndamanisai 2 vie TTP/EGS
ratio wilumamasnadamansii 1 Seduunwainssudduillaonadesiulaunadu wagau
401uN1505939 i esannnistunuuliivaendeldanuiidusunistuduuulaende wagld
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Unsafe driving
Preitiondels Driver state ratio Safe count Unafe.count

IMU Sensors : . :i, SAFE : INSAFE
() ' T- 74 n- UNSAFE > SAFE

ECU (TTP/EGS ratio) < 3 ; . ;AeFE :Jj NssA FE UNSAFE < SAFE
ECU (VHS/EGS ratio) r : » g*‘g E UNSAFE UNSAFE > SAFE
\ ) - 115
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JUN 4.23 nsusyuukaznaes TCU Tldauas

4.5 ANSNAFDULIANNTITUTSUIUNAVDITSUU
miwmaauLammiﬂizmmma%ﬁzwgmmaaami‘]u 2 @ Tawn 1alaesIunIg

Uszannuwaiindes TCU uagnalagsiunisiidsdayaniuesodng Ingiinasail



4.5.1 alegsIun1sUsTIIMNaTingas TCU

LIA1lAETIUINNTUTEUINNAT N Bd TCU gnTRaInt3ans udunis
UI2aIaNaUNTLNIAUNNTUTLUIUNAVDIONALIT NNUULIIAIUIMIEIUAAUNILA 30

AN NUILIBNRRYINNNISUTTUIUNATINGBY TCU (Execute time) WNAU 1.6559 U9 Lana

AIP15199 4.5

AN5197 4.5 NAANSIINNITUSEINaNaNNasds TCU

No. Executed time (second)
1 1.6599
2 1.6717
3 1.6580
4 1.6539
5 1.6622
6 1.6636
7 1.6589
8 1.6721
9 1.6579
10 1.6723
1¢l 1.6626
12 1.6677
13 1.6672
14 1.6638
15 1.6686
16 1.6676
17 1.6904
18 1.6780
19 1.6640




AN5199 4.5 NadNsIINASUSELNaNaTinaad TCU ()
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No. Executed time (second)
20 1.6776
21 1.6673
22 1.6745
23 1.6735
24 1.6624
25 1.6751
26 1.6638
27 1.6683
28 1.6781
29 1.6751
30 1.6864
naade 1.6599

452 nalagsnannsindedayaruiaiayie V2N

nanlagsnnmsiidsdayaiiuaIetie V2N gninandayaiuuaziian

Y8na8s TCU Uag timestamp ¥84 dashboard Liledayauifs antuihiulagiiaivaes

wudaadu Unix timestamp Wa21iuma@iusesiamn 30 A1 wuinataisainnisuiads

Joyar1uATeYIY V2N WU 0.2 FUIW UARIAIRNTIaN 4.6

M50 4.6 Lalagsananmstidsteyaruazetng V2N Lugh dashboard

Datetime of Datetime | Unix timestamp | Unix timestamp Total
dashboard of TCU of dashboard of TCU box delay
box (second) (second) (second)
10/8/2024 10/8/2024 1723312658 1723312658 0
17:57:38 17:57:38
10/8/2024 10/8/2024 1723312661 1723312661 0
17:57:41 17:57:41
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M50 4.6 alagsmINNsindayariwnIeYie V2N LUgs dashboard (s0)

Datetime of Datetime | Unix timestamp | Unix timestamp Total
dashboard of TCU of dashboard of TCU box delay
box (second) (second) (second)

10/8/2024 10/8/2024 1723312663 1723312663 0
17:57:43 17:57:43

10/8/2024 10/8/2024 1723312665 1723312665 0
17:57:45 17:57:45

10/8/2024 10/8/2024 1723312667 1723312667 0
17:57:.47 17:57:47

10/8/2024 10/8/2024 1723312670 1723312669 1
17:57:50 17:57:49

10/8/2024 10/8/2024 1723312672 1723312672 0
17:57:52 17:57:52

10/8/2024 10/8/2024 1723312674 1723312674 0
17:57:54 17:57:54

10/8/2024 10/8/2024 1723312677 1723312677 0
17:57:57 17:57:57

10/8/2024 10/8/2024 1723312680 1723312679 1
17:58:00 17:57:59

10/8/2024 10/8/2024 1723312682 1723312682 0
17:58:02 17:58:02

10/8/2024 10/8/2024 1723312684 1723312684 0
17:58:04 17:58:04

10/8/2024 10/8/2024 1723312686 1723312686 0
17:58:06 17:58:06

10/8/2024 10/8/2024 1723312689 1723312688 1
17:58:09 17:58:08
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M3NN 4.6 alagsIINNIsindayar1wAIeYiy V2N LUgs dashboard (s8)

Datetime of Datetime | Unix timestamp | Unix timestamp Total
dashboard of TCU of dashboard of TCU box delay
box (second) (second) (second)

10/8/2024 10/8/2024 1723312691 1723312691 0
17:58:11 17:58:11

10/8/2024 10/8/2024 1723312693 1723312693 0
17:58:13 17:58:13

10/8/2024 10/8/2024 1723312696 1723312695 1
17:58:16 17:58:15

10/8/2024 10/8/2024 1723312698 1723312698 0
17:58:18 17:58:18

10/8/2024 10/8/2024 1723312700 1723312700 0
17:58:20 17:58:20

10/8/2024 10/8/2024 1723312702 1723312702 0
17:58:22 17:58:22

10/8/2024 10/8/2024 1723312705 1723312704 1
17:58:25 17:58:24

10/8/2024 10/8/2024 1723312707 1723312707 0
17:58:27 17:58:27

10/8/2024 10/8/2024 1723312709 1723312709 0
17:58:29 17:58:29

10/8/2024 10/8/2024 1723312711 1723312711 0
17:58:31 17:58:31

10/8/2024 10/8/2024 1723312714 1723312713 1
17:58:34 17:58:33

10/8/2024 10/8/2024 1723312716 1723312716 0
17:58:36 17:58:36




64

M3NN 4.6 alagsIINNsindayarwAIeYie V2N LUgs dashboard (s8)

Datetime of Datetime | Unix timestamp | Unix timestamp Total
dashboard of TCU of dashboard of TCU box delay
box (second) (second) (second)
10/8/2024 10/8/2024 | 1723312718 1723312718 0
17:58:38 17:58:38
10/8/2024 10/8/2024 | 1723312720 1723312720 0
17:58:40 17:58:40
10/8/2024 10/8/2024 | 1723312722 1723312722 0
17:58:42 17:58:42
10/8/2024 10/8/2024 | 1723312725 1723312725 0
17:58:45 17:58:45
nmLaﬁa 1723312692 1723312692 0.2

v s d' 5 r-ﬂl o U [ - a )
AINNAANTLIANRAYVDING 2 NIFUTTUIUNA LUBUILNTINNVILININY 1.8599 1UM

IR UNRAINTNDUAUDNVBIRKUT 310 [14] AMAUAUSBTUTRYN 1 TNl vise

0 o./d‘:lo ]

mmmu mmumwuwwmmm LL@"ﬁﬂ’mﬂ’lim’Jﬂq% L’Jﬁ’]ﬁ]@UﬂU@ﬂN‘UUﬂJTG’ISLQ EJﬁ'JbLIJEJ%iVI

a

1.5 3u LL@%L’Jﬁ’]W@UﬁU@\‘iE&%U%I@ULﬁﬁEJﬁ’]‘IﬂiUI’(‘\IJEjQ']EJ LL@SE;IJV]‘ENEJ“UWUWEU E\JJ 7 2.5 U9

Y Yy d

V]‘U’]U']QJ

Faluihudewisuiu wuaniaivesssuuidlauediliaunsasineNosud

1%
(Y] Y

Yo o Y 1% ' | YA Yo SAav 1o & v v &
ez dualaealule uianunsaylsudnieud duanldtunagvsedasivle aululueuiand
lanmanaunszuy ielianunsawdadaugduilvviuilanisly 1 3uil drensanaaii
Fudouvadluing wduseuliiuddulagluiiunIevie uasiisussaniaimnvaswenius

11N



uni 5

A3UNAN1338 aAUTIENA wazUalauaLuL

51  #@3Unanisiag

nmsdunsifeaninsoasUliin wainssunisiulsosuddinyanafudsdify
wazifutladefidudundswesnmaingiivg fadu nisfindandas TCU saudundes ECU
fuluedssiloatmilslumsihdeyanginssunsdudludszananasiumelulad V2N g
vilvanunsoduunngAnssunistudliudunsldinulunatyyiussAuiiuy LSTM 3

a v ! Ivyud'

a = 1 . ] 14
NANTSIgAINaTARTUTTNI5LA 8 UAULDIHIUNIY Realtime dashboard danaldiaiuisnan

U

lonanisiingUufmela

5.2  UDLEUDLUY

1. psfinsfadsszuuimiaueiveuewdlinnniu wasihdeyauagliduyadeoya

10551 Tumstludunngingsunistull
1 = PN PN [y o ¥ o 1 [

2. lAsanglvsAuunANLUULAGRUN gATl 5 mnnzauiunsiunldvin V2N agslsh
au Sadndusisaldsunisaivayuuiiananselusssuseduilnnagnsyfsssy

3. msnedoudluglunismasaunuumMBsUALLIS LUSN Lagsinieng iy
Judalng vibimunzunnisasiadudngn uwieialdldnseuauisaniunisaldu q 9
Uaende wazlilaoany Asdumsiinaniunisalnisnageuliuinduluauiam @y n1sies

ward LuAu



LBNE1591994

[1] K. Kanwal, F. Rustam, R. Chaganti, A. D. Jurcut and I. Ashraf, "Smartphone Inertial
Measurement Unit Data Features for Analyzing Driver Driving Behavior," in IEEE Sensors
Journal, wvol. 23, no. 11, pp. 11308-11323, 1 Junel, 2023, doi
10.1109/JSEN.2023.3256000.

2] R. Ghandour, A. J. Potams, I. Boulkaibet, B. Neji, Z. A. Barakeh and A. S. Karar,
"Machine learning methods for driver behaviour classification," 2021 4th International
Conference on Bio-Engineering for Smart Technologies (BioSMART), Paris / Créteil,
France, 2021, pp. 1-4, doi: 10.1109/BioSMART54244.2021.9677801.

[3] M. A. Khan, T. Nawaz, U. S. Khan, A. Hamza and N. Rashid, "loT-Based Non-
Intrusive Automated Driver Drowsiness Monitoring Framework for Logistics and Public
Transport Applications to Enhance Road Safety," in IEEE Access, vol. 11, pp. 14385-
14397, 2023, doi: 10.1109/ACCESS.2023.3244008.

4] M. H. Baccour, F. Driewer, T. Schack and E. Kasneci, "Comparative Analysis of
Vehicle-Based and Driver-Based Features for Driver Drowsiness Monitoring by Support
Vector Machines," in IEEE Transactions on Intelligent Transportation Systems, vol. 23,
no. 12, pp. 23164-23178, Dec. 2022, doi: 10.1109/TITS.2022.3207965.

(5] A. E. Abdelrahman, H. S. Hassanein and N. Abu-Ali, "Robust Data-Driven
Framework for Driver NETworkS(COMSNETS), Bangalore, India, 2022, pp. 700-706, doi:
10.1109/COMSNETS53615.2022.9668532.

[6] A. Jaafer, G. Nilsson and G. Como, "Data Augmentation of IMU Signals and
Evaluation via a Semi-Supervised Classification of Driving Behavior," 2020 IEEE 23rd
International Conference on Intelligent Transportation Systems (ITSC), Rhodes, Greece,
2020, pp. 1-6, doi: 10.1109/1TSC45102.2020.9294496.

(7] E. Turk and M. Challenger, "An android-based loT system for vehicle monitoring
and diagnostic," 2018 26th Signal Processing and Communications Applications

Conference (SIU), Izmir, Turkey, 2018, pp. 1-4, doi: 10.1109/S1U.2018.8404378.



67

(8] S. lonut-Cristian, "A Brief Review of Using the Inertial Sensor to Determine the
Driver Head Posture," 2021 International Conference on e-Health and Bioengineering
(EHB), lasi, Romania, 2021, pp. 1-4, doi: 10.1109/EHB52898.2021.9657575.

(9] F. J. Bruwer and M. J. Booysen, "Comparison of GPS and MEMS Support for
Smartphone-Based Driver Behavior Monitoring," 2015 IEEE Symposium Series on
Computational Intelligence, Cape Town, South Africa, 2015, pp. 434-441, doi:
10.1109/55C1.2015.71.

[10]  Nazirkar. (2021). Phone sensor data while driving a car [Online]. Available:
https://www.kaggle.com/datasets

[11]  Behavior Profiling Using Supervised Machine Learning," in IEEE Transactions on
Intelligent Transportation Systems, vol. 23, no. 4, pp. 3336-3350, April 2022, doi:
10.1109/TITS.2020.3035700.

[12] J. Carmona, M. A. de Miguel, D. Martin, F. Garcia and A. de la Escalera,
"Embedded system for driver behavior analysis based on GMM," 2016 IEEE Intellicent
Vehicles  Symposium  (IV), Gothenburg, Sweden, 2016, pp. 61-65, doi
10.1109/IVS.2016.7535365.

[13]  A.Agnoor, P. Atmakuri and R. Sivanandan, "Analysis of Driving Behaviour through
Instrumented Vehicles," 2022 14th International Conference on communication
Systems

[14]  Summala, Heikki. (2000). Brake Reaction Times and Driver Behavior Analysis.
Transportation Human Factors. 2. 217-226. 10.1207/STHF0203 2.



AMANUIN

UNAMNIVYTLAVUIUVIANLASUNITANUN



4

UNAMUIYTLAUUIUIBIRN LASUNITANUN

1.S. Thongsri, P. Phoynok, C. Luecha, T. Khayan, P. Kijphitayarit and S.
Poochaya, "Development of 5G Standalone QOS Tester Device for CAV
Communication," 2024 12th International Electrical Engineering Congress
(IEECON), Pattaya, Thailand, 2024, pp. 1-5, doi:
10.1109/iEECON60677.2024.10537859

2. S. Thongsri, K. Bunchen and S. Poochaya, “Enhancing Thailand Road
Safety through Personal Driving Style Classification using Machine
Learning Model”

The 2024 International Conference on Power, Energy and Innovations (ICPEI

2024) to be held in Korat, Thailand from 16-18 October 2024.



1.S. Thongsri, P. Phoynok, C. Luecha, T. Khayan, P. Kijphitayarit and S.
Poochaya, "Development of 5G Standalone QOS Tester Device for CAV

Communication," 2024 12th International Electrical Engineering Congress
(IEECON), Pattaya, Thailand, 2024, pp. 1-5, doi:
10.1109/iEECON60677.2024.10537859

Co-hosted by :

ﬁJNEEE (o 3‘5 -

Conference) Tlopics;

COMMUNICATIONS
Communication Theory, Antennas and. Propagation Optical Communications, POWEH & ENERGY
Wirgless Communications, Signal P ing for C Smast Grid Technelogy, Pianning, Management Operation, and Cantral;
Channel Coding. Multimedia Communication, Remote Sensingand Applications, Electric Powar Systems ion T ission and Distril
Metamaterials, etc, Electrical i Energy Ci i Energy Sources,

Power Blectronics, Energy Systems, Power Quality, High Voltage Engineering,
Insulation and Materlals, Piezoelectric ceramic and thin films, Energy storage

ELECTRON'CS & CONTROL materials and technology, energy harvesting and energy storage designs,

Analog Circuits, Filters and Data Conversion, Analog and Mixed Signal Processing.
Embedded Computer System, Robotics, VLS| Design, Biomedical Electronics,

and ies of ic materials etc.

Industrial Electronics and automation, Adaptive Control, Electric Circuit Technology, COMPUTER & n-
Fault Tolerance and Detection, Semicenductor Materials, Magnetic Materials,
Themoelectrc materials and devioss, Sensor, Organic Electronics and Printed Elecironic
&

Computer Networks, Ck
Aritical Inteligencs, o) B ———————
Computing, Computer Se :

DIGITAL SIGNAL PROCESSING Compain,Weo S : _
Image and Video Processing, Audio and Speech Prooessing, Patfern Recognition, Homan G ) parer fotorad s
man Lom| rini -
Biomedical Signal Processing, Computer Vision and Pattern Recognition, =
dapive Signal Processing, Meachine Learning fr Signal Pracessing, ec INDUSTRIAL TEC
Applied Sciences, Techin..,. -




71

2024 1th imternation al Ebectrical Engnesning Congress (IEECON] | 979-8- 3503 8359 1/24/531.00 D204 EEE | DO: 101 109 9EE CONGOGT 7 2024 10537 559

Development of 5G Standalone QOS Tester Device
for CAV Communication

Sitthisak Thongsri , Palakorn Phoynol, Chanapa Luecha, Tativa Khayan, Pannatorn Kijphitayarit and Sertawit Poochaya

School of Telecommunication Engineering,
Suranares University of Technology  Muang, MakhonRatchasima, Thadlamd 30004
Ermsail 1 settawitfisor. ac.th

Abstract—Foeus  on Connected = Autonomous=-Shared-
Electric Vehicle (CASE), Connected and Automomons Vehicle
Technologies are a famows topic in the world., CAY requires
high performance of communication links. 50 communication
i & high=performance communication system in Thailand .
The service area of 50 mobile commuanication in standalone
mide increases every year. Quality of Service (Q05) in 5G
for CAY & important. Commercial 56 Q05 tester deviee is
eipensive.  Then, the developing of 56 QOS5 Teter and Q05
parameters in terms of radio and end parameters: 55-RSRP,
S5=SINR, S5=RSROQ. RTT, Upload, Download, Jiter of 56
standalone for CAY are presented in this work. Our resalis
confirm  that 56 standalene 5 a  high=performance
communication link for CAV data transmission .

Keywords—V2N, 5G, NR, 54, and ITS

I INTRODUCTION

Mowadays, information and communication technology
are developing rapidly. As a result, automotive techmology
has made twaveling more comfortable, safe, and
environmentally  fniendly, resulting in  autonomous —and
connected vehicle technology  (CAV)  including vehicles
that connect to vanouws things.  Vehicles wath the ability to
drve autonomously, car shanng, and the use of electric
vehicles (CASE), which 15 a smart vehicle technology .
Modern technologies that help in driving include the Advance
Diniver Assistance System (ADAS) . Autonomous driving
technolegy and vehicle-to-everything (V2X) technology.
Our work focuses on testing and developing devices that help

vehicles  conmect o network  through  vehicle
communications  networks  or  vehile-to-networks
communmication  (V2N) to measure signal quality and

appropriate arcabefore deploying modern smart vehicle
technology . In the intnicate recciving telemetry  and
transmitting telecommands and collecting enormous amounts
of data transmission. The functionality of Connected and
Autonomous  Vehicles (CAW), and the integniy of the
system infrastruciure stand as a linchpin for ensuring scambcss
operations. At the hean of this infrastructure lies the critical
need for a high-performance communication link., a
fundamental requirement for the transmission of data from the
vehicle up to the cloud  with 3G NRE VIX technology that
provides mobility management for V2N communication

(1.

Connected and autonomous vehicles operate within an
ecosystem where real-time data exchange is not merely a
convenience but a necessity.  To enable functionalities such

Q70K -3500-8350- 1,/24,/531 .00 © 204 IEEE

as remote monitoring, over-the—air updates, and data- driven
deciston-making, CAVs rely on a robust communication link
that facilitates the bidirectional flow of information between
the vehicle and the clowd. This paper shows that 5G can
support advanced V2 X services by using V2N communication
to send data to the cloud [2]. To achieve the desired level
of performance in the communication link, various Q0%
parameicrs come into play.  Synchronization Signal
Reference Signal Received Power (35-RSRF), Secondary
Synchronizaton Signal Signal-to-Noise and Interference
Ratwo (S5-5INR), Synchronization Signal Reference Signal
Received Quality (55-RSR(), and End parameters such as
Average Upload (UL) and Average Download (DL}
throughput, Round-Trip Time (RTT), and Jitter collectively
define the quality of the communication link [3] . Finally,
results present a 5G QOS5 tester device measuring V2X
communication link performance in terms of radio and end
parameters that supported the CAV communication link .

Fig. |. Proposed 5G QOS Tester for CAV

1L SvSTEM INFRASTRUCTURE AND 5G NR
PERFORMANCE METRICS

56 AR Performance parameters

Figure 1 shows the proposed system infrastructure.  The
Device Under Test (DUT)  was produced with RPi4 and
RMS020Q-AE radio HAT (hardware attracted on top) .
DUT was installed inside the experimental vehicle,  5G MR
performance parameters are separated into two types:  Radio
parameters and End parameters .

Radio Parameters

S5-RSRP is the reference signal power value of the
synchronization signal recerved in a wireless network
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or telecommunications system. The S5-RSRP value
can be used to estimate the signal strength level in
measuring  and  evaluating  signal quality and
connection n the mobile phone network system  for
connections and communications to work correctly
and with maximum efficiency, the unit 1s dBm.

S5-8INR is  the value used to measure signal quality in
mobile or wircless telephone network systems is
employed o identify the quality of signals and
mterference in the system. [t indicates the matio
between the signal strength from the serving cell and
the level of interference and noise in the network.
This is done to evaluate the efficiency of connections
and commumication between mobile phones and
service cells in the cellular network system or other
wireless systems, ensuring optimal efficiency in
connectivity  and communication.  The unit of
measurement is in decibels (dB) .

S5-RSRO s the  indicator of overall signal quality.
Which is used to consider Handover to consider and
change signal antennas. When the 85-RSR0) value
is high, it indicates good channel quality. The unit is
dB or Decibel, calculated as in Eq. (1), where N is
the Physical Resource Blocks value .

N x 55— RSRP
S5-RSRO = —— (n
55— SINKE
End Parameters

Average Upload, or the average data transmission speed,
is the rate at which data is uploaded on average over a
specified period. It can be measured in bits per
second (bps). bytes per second (Bps). kilobits per
sccond (Kbps), or megabits per sccond (Mbps) .
The average upload speed is caleulated by the mtemnet
system or device in use, and this value is provaded to
users. The average upload speed refers to the raie at
which data is sent from the user's device to the server
or the internet network. It 1s a erucial metric for

assessing the performance of data upload .

Average Download, or the average data transfer speed, is
the rate a1 which data is dewnloaded on average over a
specified perind.  The download speed reflects the
cfficiency of receiving data from the network and is
crucial for measuring and monitonng the speed of
internet connections, especially m applications that
require fast data transmission. The average download
speed can bemeasured in units such as bits per second
(bps), bytes per second (Bps), kilobits per second
(Kbps), or megabits per second (Mbps) .

RTT, or Round -Trip Time, 15 the duration measured from
a ping operation, expressed m milliseconds (ms) .
Ping 15 a connectivity and responsiveness test for both
the network and the destination host. 1t is a command
on & computer that operates by sending an "echo
request”  of the Imtemet Control Message Protocol
(ICMP)  type to the target host and waiting for the
corresponding “echo response™ data. The measured
duratson 15 referred to as "RTT," and this RTT value
indicates the status of the connection and the
responsiveness of the target host.  Assessing RTT

values 1s a way to evaluate the network's and target
host's connectivity and responsiveness.

Jiner is the variability in the time it takes for data to be
transmitted from the source 1o the destination. This
can affect the stability of real-time communication.
Lovw jitter values contribute to smeoth communication,
while hagh jitter values indicate significant fluctuations
in Round Trip Time (RTT), impacting the quality of
real-time interactions and responsiveness .

Path Loss

Path Loss is the reduction in signal strength that occurs
because of natural phenomena, occurring as the distance
between the transmitting and receiving ends increases.  Itis
categorized into three environmental types:  urban, suburban,
and rural . Simulation of all three environmental conditions
15 achieved by considering the distance between the
transmitting and recerving devices, with the distance acting as
a determinant of the environmental conditions [4] .

There are three fundamental types of large-scale path loss
models designed to forecast signal strength over distance for
cxpansive arcas. In the past, omnidirectional path loss
medels, also known as ABG models, were developed [5] .
The alpha-beta-gamma (ABG) model is a sigmificant
multifrequency path loss model.  Typically, multifrequency
path loss models are necessary to standardize the path loss
models, ensuring coverage across a wide spectrum of
frequencies [6], as shownin Eqg. (2).

d
PLAMGE , d) ] =10alog ||I[ﬂ'_]+ﬂ+ Iwr""'ll{;_}'— x:.b‘.'u)
A

In the given expression, @ and # represent the path loss
cocfficients defining distance and frequency dependency,
respectively .y indicates the optimized offset for path loss,
denotes the operational frequency (in GHz), i represents a
fixed reference frequency, and DEDE symbolizes the
large-scale signal wvanabilitics received conceming the
distance in the direct path.

The Close-In (CI) free-space path loss model is a
widely recognized path loss model [7] . Generally, this path
Ioss model is utilized 1o illustrate the effects of the channel
induced doe to the surrounding environment.  The Close-In
(CI}) free-space path boss model is shown in Eq.  (3).

PLU(F, di[dB] = FSPLIF, &) + muu»gm[di] + X (3)
o

In the provided comext, n represents the Path Loss
Exponent (PLE), X5' signifies a Gaussian random variable, &
symbolizes the standard deviation in decibels (dB), and ds
mdicates the physical reference distance (ds = Lm), FSPL
d} 15 the free space path loss (FSPL {f) d) in df), which =
dependent on camer frequency (f in GHz), and the distance
between transmitter and receiver antennas are represented in
d (d in meter). The FSPL f, df can be calculated m Eq. (4).

FSPL{f,d1=|mogm(4Tu]' )
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Where X is wavelength of 5G NR n41 band.

1L PROPOSED SYSTEM

Hardware and software development are explained in this
section.

Hardware development

For hardware development, a Device Under Test (DUT)
consisting of Raspberry Pi4 Mode! B has a Broadcom
BCM2711. Quad-core Cortex-A72 (ARM v8) 64-bit SoC @
1.8GHz with memory 4GB, RM502Q-AE 5G HAT (hardware
attracted on top) medule is a device with various features. It
supports connections with 4G and 5G networks and a 7-inch
LCD Display for Raspberry Pi. A connection between a
Raspberry Pi4 Model B and RM502Q-AE 5G HAT module is
conneeted via a serial interface, and the connection between a
Device Under Test (DUT) and a 7-inch LCD Display 1s
connected via a USB port that is shown in Figure 1.

Software development

The software development of Device Under Test (DUT) s
developed separately, but they will work together, with the
software development being scparated mto 2 parts: software
of radio parameters and software of end parameters, they are
developed with Python. then the InfluxDB which is a database
is retricval parameters that is collected in comma separated
values (CSV) file into Grafana dashboard, The software
operation of both is shown in pscudocode algorithm as shown
in Figures 2 and 3.
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Iv. RESULT

DUT was dcg‘lzred sct of cquipment and software for
measuring  5G ity Of Services (QOS), both radio
parameters and end parameters, by measuring in the nd41 band
at the frequency range 2496 = 2690 MHz in the Advanced
Smart City arca mside the Suranarce University of
Technology Science Park as shown in Figure 4, scale in
meter. By testing a total of 20 points and divided into static

use limied toc S u of T

and dynamic signal quality tests, the Next-Generation Node
B is represented by green circles.  In addition. our developed
system and commercially available system measuring
instruments were compared.

Fig. 4. Advanced Smart City arca or Suranaree Universaty of
Technology Science Park area

Static Signal Quality Testing

In the case of Static signal quality testing, it will be used
to test the signal for | minute. The test results can be seen in
Figures 5, 6, and TABLE 1.

From the results of the 5G static signal quality tests on
Band n41 across all 20 test points and plotting the average
values in Figure 7, it is evident that the SS-RSRQ signal in
the Advanced Smart City arca exhibits relatively stable signal
quality. However, the SS-RSRP and SS-SINR signals show
fluctuations corresponding to different conditions and end
parameters, according to Table 1, which illustrates the
telecommunications service quality of the 5G SA Band n4l
signal in the Advanced Smart City area, there is good quality
of telecommunications services.  The test results meet the
teleccommunications service quality standards as per the
NBTC's measurement guidelmes  [8] .

5 SA band nd1 (Static Siznal Qmality Test)

3 SS-RSRP
z oPb—— SS-RSRO
? } 55-5INR
» 20
RN
o -0k Y
- | I~ !
4 e
i
2 -100p-
o
A =120 -
v o s 0 15 20
Tinta roimes
Fig. 5. Avemge valuc of 5G SA Band nd] static signal quality test
resulls
TABLE L RESULTS OF QUALITY -OF -SERVICE TESTING BN 5G SA BAND
N4l
5G SA Band ndl
Paints Dovnload Upload Jter RIT
OMbps) Oibps) (ms) (ms)
1 460.69 54.41 1.10 2.17
2 471.13 74.06 .10 23.47
3 455.53 95.24 0.88 23.37
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5G SA Band ndl
Points Download Upload Jister RIT
OMbps) CMbps) (ms) (ms)
4 332.51 48.18 0.52 23.30
5 239.50 55.73 0.45 22.10
6 47.04 32.9 1.48 21.13
7 278.73 63.61 2.29 21.00
8 285.86 65.63 0.15 23.30
9 322.60 71,28 2.29 19.10
10 480.86 91.58 1.40 20.47
1 488,76 ®7.21 0.75 22,63
12 419.34 92.73 0.15 23.13
13 275.74 68.82 0.81 19.60
14 271.95 60.42 1.31 20.%0
Is5 273.33 61.97 2.31 20.33
16 214.26 $6.33 0.73 21.64
17 356.22 49.64 0.62 19.97
18 442.05 81.59 0.82 20.47
19 354.73 64.57 3.56 21.13
20 459.78 71.54 1.53 21.97
Average 351.53 67.34 1.21 21.56
From static signal quality testing, end parameters were

plotted on the Advanced Smart City map, then compared with
the NBTC's telecommunications service quality standards by
dividing the range of service standards region color, as shown
in Figure 8.
Dynamic Signal Quality Testing

Dynamic signal quality test case, testing from the

beginning to the end. The test results can be seen in Figures
7.8.9, and Table II.

Fig. 6. Overview of the Quality of Service of the 5G Band ndl
signal

From the results of the 5G dynamic m‘;ml quality tests on
Band ndl, then plotting the values-in Figure 7, They also
plotted the points on the map showing that the overall signal
quality of 5G SA Band n41 in the Advance Smant City arca
has good signal quality shown in Figure 8. and end
parameters, which the result of the test of the quality of
teleccommunications services in the Advance Smart City arca,
which has the average test results in the test shown in Table
II.

ok '

S5 RSRP W, S5 05 RO ) SS AN ()

T il

7] [
Dgs poians

Fig 7. The value of 5G SA Band nd! dynamic signal quality test
results

o

SS-RSRP

e JC I
SS-SINR Ep

Fig. 8. Overview of 5G SA Band nd] radio parameters dynamic
signal guality in the Advance Smart City area.

Results on average Quality-of-Service for dynamic
signal quality testing. end parameters were plotted on
the Advanced Smart City map. then compared with
the NBTCs tcleccommunications service quality
standards by dividing the range of service standards
region color, as shown in Figure 9.

TABLE [LTHE AVERAGE QUALITY -OF-SERVICE TESTING RESULTS FOR

SG SABaANDNALL
SG SA Band ndl

= Deownload Upload RIT

Tige Otips) | Qtbps) | Hter (us) | Gy

10/12/2023 223.26 1.7 0.51 19.9
8:41

10/12/2023 370.69 64.65 0.54 25

R:42

10/12/2023 412.83 28.19 0.5 24.9
§:43

10/12/2023 352.67 61.41 2.91 19.8
§:44

10/42/2023 209.71 36.02 T.08 23.4
§:45

Average 313.83 44. 41 1.51 22.6

y of T gy provided by UniNet. D
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Dezsvrdenaa = 31383 Mbgs
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Fig.9. Overview of the average Cuality-of-Service testing resulis
fior 5G SA Band o
TABLE 1. COMPARISON OF RADID PARAMETERS BETWEEN
oUR DUT anD TEST PHONE

506G SA Band nd]

j Tmi
Radio paramerers ey LT e
S5-RSRP (dBm) -6 -7l
S5-RER() (dE) -12 -12
S5-SINR (dB) 4 5
TABLE IV, COMPARISON OF END PARAMETERS BETWEEN

OUR DUT axD TEST PHONE

S0 5A Band nd)

Rudio paraweters | Owr BUT PL‘:
Dawnload  (Mbps) 181.70 153
Tplcad (Mibps) ETRY b 76
Jitler {ms) 2.99 3
ETT, Ping Cms) 19.94 2h

Proposed System and Commercind Test Phone

Measuring the actual 5G signal quality by Device Under
Test (DUTY)  found that the radio parameters obtained from
the signal test and the actual signal quality test by phone were
similar trend with same Physical Cell 1D {PCI) accordign to
table I11. Speed test application was selected for measuring
internet speed test.  Results 15 presetned mnoin tabel [V the
Device Under Test (DUT)  used for testing is effective
enough to be used m testing telecommunications service

quality standards fior 5G nd1 band .

V. CONCLUSION

In conclusion, the system infrastructure of Connected and
Autonomous Vehicles pivots on the robusiness of the CAV
communication link . Our results enhance the efficiency and

reliability of data transmission and play a pivotal role in
shaping the capabiliics and limitations of aulonomous
vehicles .

In summary, the use of the 5G QOS Tester is crucial for

evaluating the performance of 5G connections to provide
efficient services for Connected and Autonomous Vehicles
{CAY) in the context of Connected - Autonomous-Share-
Electric Vehicles (CASE)  systems. The testing has
demonstrated the surtability of 3G Standalone (5G SA) New
Radio (NR) in delivering high-performance and seamless
services In this context. This work has conducted and
presented test results to venfy the suitability of 5G 5A NR in
the CAV service scenario for CASE, representing a crucial
step in the expenmentation and development of efficient and
reliable autonomous vehicle systems .
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Abstrect—In Thabland, road safety remains a critheal
concern due (o vardous factors, including diverse driving
styles. To address this isswe, this stwdy proposes an
approach wtilizing machine learning models to classily
personal driving stvles, aiming to enhance road safety
mimsures. By analyeing driving behavior data collected
Trom Inertial Measurement Unit sensors (IMU), which is
a telematics device. This study presents the simulation of
a driver behavior dataset to determing the appropriate
machine learning model. Then analves the dataset,
selects features suitable for featwre scaling, and trains
midels wsing machine learning algorithms, including
Support Vector Machine (5VM), Logistie Regresshon
(LR}, Random Forest (RF), and Decision Tree (DT). Our
resulis reveal that the Random Forest algorithm
outperforms others, achieving an accuracy of B9%,
precision of T8%., recall of 80%, and an M-score of B2 %.
This highlights the effectiveness of the proposed
approach in accurately driver behavior, which is
classified as safery driving and unsafety driving, the
study lays the foundation for the development of tallored
roqd safety initiatives aimed at reducing accidents and
promoting responsible driving practices in Thailand.

Keywordi—relematics, mochine learning, detver behavior,
ey visnadizarion, and DL date

L [NTRODUCTION

Road safety is a paramount concem in
Thailand, where diverse dnving styles intersect with
complex traffic - dymamics, presenting ongoing
challenges for ensuring public safety and well-being.
Despite  concerted  efforts and  campaigns,  road
accidents continuwe tw  pose significant risks 10
motorists, pedestnans, and other road users. In
response to this pressing issue, this study endeavors o
proneer an innovative approach utilizing machine
learning methodologies to classify personal driving
styles, with the overarching goal of advancing road
safety measures nationwide. The increment of
telematics devices, particularly Inertial Measurement
Unit sensors {IMU), has revolutionized the landscape
of data collection in the transportation sector. These
devices offer granular insights into driver behavior,
capturing various metrics such as acceleration, braking
patterns, and vehicle trajectory. By hamessing data
sourced from platforms like Kaggle and IMU sensors

as in work [1], many papers proposed methodologies
for driver behavior classification with machine
learning algorithms, such as Logistic Regression
Classifier, Gradient Boosting, and Random Forests,
according to [2]. in works on driver drowsiness
detection for logistics and public transport applications
to enhance road safety and comparative analysis of
vehicle-based proposed support vector machine
(SVM), detect driver drowsiness with loT-based [3],
[4]. In addition, driver behavior profiling indicare
advantages driver behavior and driving  style
classification [5]. In the embedded world of driver
behavior analysis, data are obtained by the in-vehicle
sensors, such as Inertial Measurement Unat (1ML,
Controller Area Metwork bus (CAN bus), and a GPS
[6], [71. [8]. In IMU, CAN bus, and GP5 features, the
drving performance and driving characteristics were
used for vehicle monitoring and diagnostic [9]. Driver
behavior notify driver with posture based-inertial
sensor, such as accelerometer and gyroscope, in terms
of monitoring, and telematics using MEMS sensors,
such as accelerometer, gyroscope, and magnetometer
are features driver behavior monitering [10]). This
research seeks to analyze and categorize driving styles
based on individual behaviors. Key to the success of
this endeavor is the meticulous curation of feature sets
that encapsulate the nuances of driving behavior.
Through rngorous  pre-processing  and  feature
engineering techniques, the dataset is refined to
facilitate the training of machine learning algorithms.
These algorithms. ranging from classical methods like
Support Yector Machine and Logistic Regression to
more  sophisticated  ensemble technmiques such as
Random Forest and Gradient Boosting were deployved
to discern pattemns within the dnving data Moreover,
the findings of this rescarch extend beyond acadenuc
inguiry, offering practical applications in domains
such as drver scoring and msurance. The
classification of personal driving styles enables the
establishment of driver scoring mechanisms, wherein
individuals are assessed based on their adherence to
safe dnving practices. Such sconng systems can
inform insurance premiums, with safer drivers being
rewarded with lower rates, thereby incentivizing
responsible behavior on the roads.In summary, this
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study represents a significant step forward in
leveraging machine learning to enhance road safety in
Thailand. By hamessing the power of data-driven
insights, it offers a pathway toward mitigating the
multifaceted challenges posed by diverse driving
styles, ultimately fostering a  safer and more
sustainable transportation environment for all while
simultancously offering tangible benefits in driver
scoring and insurance practices.

1. DATASET [ESCRIPTION

This paper presents a detailed overview of a
unigque driver behavior dataset, specifically designed
to facilitate rescarch on driver behavier analysis. The
dataset encompasses phone sensor data collected
during various driving sessions, providing valuable
insights into the dynamics of dnver actions and vehicle
movements. Through the integration of smartphone
sensors, including accelerometers, gyroscopes, and
GPS modules, the dataset offers a comprehensive
perspective  on  driving  behavior in neal-world
SCENArios.

A Dataser (hverview

The "Phone Sensor Data While Driving a Car" dataset
available on Kaggle contains data collected from
smartphone sensors while the phone is in a3 moving
vehicle. This dataset was designed w0 help analyze
driving behavior and identify patterns or anomalies in
driving styles, the "Phone Sensor Data While Driving
a Car" dataset [2] consists of multiple sensor readings
captured during driving sessions.

Key sensors include:

s Accelerometer: Captures linear aceeleration
in three dimensions (X, Y, Z).

» Giyroscope: Measures angular velocity
around the X, Y, and Z axcs.

» GP5: Provides geospatial data, including
latitude, longitude, speed, heading, and distance.
B Processing Steps

Prior to driver behavior classification, the

dataset undergoes rigorous preprocessing steps o
ensure data quality and consistency. First, dataset
visualization is performed to analyze the relationship
of each individual feature. Then, appropniate features
are selected and undergo feature scaling to resize them

to be similar. The data‘is split mto three parts using
data splitting: the train set, validation set, and test set.

Parts of the train and validation sets are integrated into

1) Goagie DOLAB

haa bplairs Yaddd braeamrm

Figure 1. Processing Steps

the training process, while the test set is used for
evaluating machine leaming algorithms. Google Colab

i“ ||.r1.h. .II,-'I'L:'
L L

Ly | X

Figure 2. IMU-Smartphone sensors dataset
visualization in time serics plotting

Data Visualization

In this part, the dataset from Kaggle. which is IMU
sensors or smartphone sensors dataset were visualized

S
et

Figure 3. IMU-Smartphone sensors dataset
visualization in histogram plotting
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will be used for all processes, and the processing steps
are illustrated in Figure 1.

111 METHODOLOGY

In this section, processing steps will be
described  further regarding data  preprocessing,
machine learning  algorithms, and performance
evaluation. Since the dataset from Kaggle did not
clearly indicate the distribution or relationships
between features, data visualization techniques were
employed to cxplore the shape of the dataset and
examine the relationships between the features and to
observe the distnibution of the data. or this
visualization, Twelve features were utilized:
accelerometer X, accelerometer Y, accelerometer Z,
gyroscope X, gyroscope Y, gyroscope £, speed,
heading, latitude, longitude, distance, and label, the
visualization is presented in Figure 2, and Figure 3.
According to Figure 2, features exhibiting comrelations
include accelerometer X, accelerometer Y,
accelerometer  Z, gyroscope X, gyroscope Y,
gyroscope £, speed, and label. Subsequently, the label
was used as the target vanable. The comrelated features
were plotted in the form of histograms to observe their
distributions, as depicted in Figure 3. Analysis of
Figure 3 indicates that accelerometer X, accelerometer
Y, accelerometer £, gyroscope X, gyroscope Y, and
gyroscope £ follow a normal distribution pattern.

Feanire Selection

In this part, based on data visualization, the
appropriate dataset will be selected for the next step of
processing.  The features considered appropriate
include  accclerometer X,  accelerometer Y,
accelerometer 2, gyroscope X, gymoscope Y, and
gyroscope L.

Feanire Scaling

In this part, that appropriated features will be
sealed in same range of each feature, standardization
or z-score normalization technigue will be used to
scaling features, due to features hawve normal
distribution,  standardization equation shown as
equation (1}.

X = mearn

T T s o

Where z is a sample of feature that scaled, x is a sample
data that has not been scaled, mean is & average of
features, according to the equation (2), 5D is a
standard deviation, according to equation (3).

mn
mean = Lizo % =2 @
Where, x; 1s sample data that index 1, and n 1s the all-
sample data number of feature.

so :JE:’.u{z; = mean)® (3)
n-1

Figure 4. The training process of macine leaming
models

Data Splitting

In this part, the scaled features of the dataset
will be split mnto three main parts: the train set {70%),
validation set (20%6), and test set {10%). The tramn and
validation sets were used in the training process and
for fine-tuning the machine learning algorithms, while
parts of the test set were used for evaluating the models
of machine learning.

Maode! Creation

Dataset that split in tramn and validation sets
will be taken in training process of machine learning
algorithms, in this work, Support Vector Machine
(5VM), Logstic Regression (LR), Random Forest
(RF), and Decision Tree (DT), which are machine
learming  algorithms will be trained wvia Google
COLAB, and then will be compared into the next
section, this process shown as Figure 4. The train set,
comprising 0% of the dataset (9975 samples), and the
validation sct, comprsing 20% of the dataset {2849
samples), will be inputted into the training process
with machine learning algorithms. Parameters for each
algorithm will be tuned as follows:

» SVM parameters tuning: kemel is sigmoid
function, C = 100M), gamma = auto, max iterations = -
1, and random state = 109

# LR parameters tuning: solver is limited-
memory Royden-Fletcher-Goldfarb-Shanno (Ibfigs), C
= (1.5, random state = 1.

» RF parameters tuning: max depth = 1000,
random state = |, number of rees = 300,

» BF parameters tuning: criterion is Gini, max
depth = 1004, random state = 1.

V. RESULATS AND EVALUATIONS

model sccording to the model
creation process will be evaluated with 4 main
equations such as accuracy, precision, recall, and f1-
score, as follow in equation (4), (5), (6), and (7).
respectively. Where TPs is number of true positives,
TMs is number of true negatives, FPs is number of
false positives, FMs is number of false negatives.
According to model evaluation results are shown in
Figures 5. It is evident that the evaluation outcomes
across  various models exhibit a  spectrum of
performance. ranging from favorable to suboptimal.
The detailed assessment is as follows:
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1] nae ® Accuracy
_ o = ory _ = Precison
g v nse LS — -
Ban = Recall
X on mar D4R nam
IE‘-“‘ III a4t . II . = F1-Score
E I I I
d
a2
" Sapnorn vaomr Maching Loges Sagruasae Hargor Foar Decaon Tres
Figures 5. The model evaluation results
TPs + TNs () Forest algonthm achicving an accuracy of 9%,
accuracy = precision of T8%, recall of 8%%, and an fl-score of
Ths TN;;. s + Ty #2%, our proposed methodology provides a robust
precision = - (5) framework for accurately discemning safe and unsafe
TPs + FPs driving behaviors. This research contributes by
TPs mtroducing a novel approach leveraging machine
recall = TFs + FNs (6] leaming techniques and analyzing data from IMU
sensors. By offering insights into dnving behavior
2 % isiom. 3 xacall classification, our study lays the groundwork for
f1 = score = precision x 3 :I{?] tailored road safety  inibatives and  promotes

precision + recall

»  SWM evaluation results: accuracy is 0.47 or
47%, precision is 0.4% or 49%, recall i1s (.48 or 48%,
and fl-score is (.41 or 41%.

s LR cvaluation results: accuracy is 0.36 or
36%, precision is 0.5% or 59%, recall is (L62 or 62%,
and f1-score is (.35 or 35%.

s RF evaluation results: accuracy is (.89 or
E9%, precision is 0.78 or T8%, recall is (.89 or 9%,
and f1-score is (.82 or §2%.

s DT evaluation results: accuracy is 0.74 or
T4%, precision is (.66 or 66%, recall is 0.79 or T9%,
and f1-score is (L6T or 67%.

Based on the model evaluation results, Random
Forest (RF) outperforms Support Vector Machine
(8WM). Lomstic Regression (LR). and Decision Tree
(DT}, achieving the highest accuracy at 89% and the
highest fl-score at £2%. On the other hand, Logistic
Regression (LR exhibits the lowest performance, with
an accuracy of 36% and an f1-score of 35%. However,
it's important to note that these assessments may vary
dc;i'.ndi.ng on specific criteria and wse  cases.
Additionally, the choice of medel should consider the
nature of the data and the problem being addressed.

V. CONCLUSION

Conclusively, our study demonstrates the
effectivencss of utilizing machine learning models to
classify individual driving styles, aiming to enhance
road safety measures in Thailand. With the Random

responsible driving practices nationwide.
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