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vision, Object, Object Tracking
Warit Ditsayakarin : Development of a Collision Avoidance System for Autonomous
Vehicles by using Camera-based Object Detection with cellular C-V2I. Advisor:

Asst. Prof. NUKSIT NOOMWONGS

The research conducted by the Intelligent Vehicle Research Center revealed the
necessity of testing autonomous vehicles at intersections without traffic signals and obstacles
alongside human-driven vehicles on the main road. To address this, a detection system was
developed to minimize the risk of accidents. This research focuses on the development of a C-
V2I (Connected Vehicle to Infrastructure) system for detecting human-driven vehicles on the
main road and incorporating the detected variables into the decision-making process of
autonomous vehicles. The experiments were conducted at Chulalongkorn University's Faculty
of Engineering, which represents a signal-less and obstacle-filled intersection used for
autonomous vehicle testing. The system consists of three components: object detection and
tracking, communication between autonomous vehicles, and decision-making by autonomous
vehicles. The system utilizes a 2D camera for object detection and tracking. The detected
object variables are used to estimate the position of moving objects on the road surface. These
variables are then transmitted to the autonomous vehicle system through the MQTT
communication system, providing input for the decision-making process. The experiments
demonstrated the camera's capability to measure the distance and speed of detected vehicles
within a 30-meter range. These calculated variables were utilized to determine the safe distance

of the autonomous vehicle in the simulation system.

Field of Study: Cyber-Physical System Student's Signature .........ccceeveeeeeenenne
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2.1 Detection and Tracking System
2.1.1 Object detection theory

2.1.1.1 Neural network
' I o o v J
GU”IEJTJ’izﬁ”IVILﬁEJM(ArtiﬂciaI Neural Network) {WumstaeIn1siiauuIaIvYeusan
4 4 I 1
Uszamluanesvesnyud Ysznoudromosiwilasou(perceptron)[6] tHuite sz amiion

' o Yy o [ A
nupdie Tastiaed luanyazad 3N 2

g?fﬁz Tnseaaveunesiwilason/s]
T@ﬂ%’uﬂ'ﬁuwmndJunﬂma§§1uauﬁﬁmazﬁ’mamwmanm%uﬁmmudwﬁmﬁﬂ
YOIDUNA (x1,X2,...,xn) ?h(wl,wz,...,wn)iugﬂﬁaﬁwﬁmﬁﬂmm@uwm a1 1891 A U
b lulasFunszdu (activation function) ﬁ’qgﬂﬁ’méwﬁaﬁqﬁsﬁ’uamﬂ% (Bipolar
function) ipthiidamndunauazanihminieusumdauts naodna ifu 1 uaz -1

AWNTOUTAUDENA (0) Glugﬂmmﬁqﬁéﬁuﬁuwﬁ 1daaaunsn 1
1if wo +wyixg +waxao+ -+ wyx, >0

—1if wog+wixg + woxy+ -+ wpx, <0 M

0(xq, X9, e, Xp) = {

¢ ' 73 o 3 A
Tagyvrlunisiseuiveuneimlasouls] Aomsniawnmesiimiin (W) f
o ¥ o y = o A 99 s ' s v
mngavdmsuswundoyaiihunaewie ldimesimaseuamsouaasnnerana lans
v 1 d‘ AAan 9 1 %’ % dy 4 d'
Ausaeu Tagazidsmsdiuaniminiiugudeaunisi 2
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1 A 1 . 1 =\ 1 Y U A 1 4 A Y
A1 Ol ADA learning rate f1 tADAUDIANANADINIG LASAT 0 ﬂ@ﬂ']t@'lﬁ?!@ﬁfl]lﬂﬁ]'lﬂ
¢ s ) A 2 Y
mosimlasou TasmoiiwvasouszamisaSouilesndunenIdlugduuFadumniu ile
) 14 o A Y o Y a I ] H .
H1LW'E]ﬁmﬁjﬁﬁﬂuﬁﬂ'lﬂﬁﬁll'lﬁfﬂllﬁﬂﬂu fl]%‘ﬂ'l“l‘ﬂlﬂﬂlﬂu“l]'lﬂ\ﬂuﬂigﬁ"IVI‘Via'lfJG]fu (multllayer
=< o Y a a @ a [ Y . « -
neural network) a1 Iinaridaadulalugadu (non-linear decision surface) [6]1 f

neuisuszuudaduleldaslugin 3

...... [
X

\ -il_-x1

{ v A 1 o ] ]
717 3 nsvlfFeudioussunudaau laseninms e sivilasou 1 niteuazaedniiag
2.1.1.2 ﬂ75!§8u5!°)?’\7§ﬂ (Deep learning)
A Ya 2 A 4 = Y . 2
N1ITYUFLIYIANAD Multilayer neural network Nazlsenovunie Hidden layer o185

Aa317 4

—yi

—y2

VI
// 2

x6 —

Input Layer Output Layer

6 neurons 50 neurons

100 neurons 500 neurons 200 neurons

-
Hidden Layers

~ o ! 4 = Y a =
3'1/1/1 4 908N Iﬂ’5\7ﬁ'i’N‘l]@\‘lﬂ53‘51]314ﬂ75!5€lug!‘?f\7ﬁﬂ[7]
A 2 o Y [ Yo 9 vy d‘y A
mmwummmmm“lumimmu Gl,vrmmmmmmclﬁmumauulmnﬂmu ﬂWﬂqﬁ;ﬂ‘Vl 5
Y I 1 A A o . v A ° Y A
uﬂm“lwmum IUBIWNITUIU Hidden layer 531!1‘1JGI,‘L!ﬂ1‘iﬁﬂﬁu1%ﬁ1llﬁﬂﬁ]1!,l,uﬂ"ll’t]3Jﬁ°VI§Jﬂ’NiJ

k)

1% 9 9 49!
FUdoU IuInUU



Structure Type of Exclusive-OR Classes with Most General
Decision Regions Problem Mesned Regions | Region Shapes

Single-layer RN /
Half plane N //
/j\ bounded NN
by N
hyperplane ' ® ®
%
Two-layers Convex

open
or
closed
regions

®
Three-layers T
Arbitrary ’ ®
(Complexity
limited by A
® B
number of nodes) ® %

A o A A P 4
gzl‘n 5 seuruaaay loie Hidden layer INNVYU[S]

Y o L
79917131511 1032VIUNT Deep learning W115zgna 14 lun1sud lvilgywilunaie
v ' L . .
#1U 1YY machine vision ,robotics, Natural language processing
2.1.1.3 Convolutional neural network (CNN)
= .
Convolutional neural network 1 unialudlseinnuenszuiums Deep learning Neural
AA o A 1w a o Y o 9 Y v
network mlaﬂymzmswamaﬂuLm‘uwmywﬂwmmsmmuﬂmauﬁaﬂizmwgﬂmwllmmw
Neural network %1211/ CNN Uszneud e layer Hanf® Convolve input layer, non-linearity layer,
Subsampling and Pooling Layer, fully connected layer i8¢ Input layer § UN 6uaaefloeq

CNN %0 LeNet-5

C3: f. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

INPUT 6@26x28 .
- BYEr £6:layer OUTPUT
rl- 120 8 o 10

32x32 S2: f. maps
r
r

Sty |T_
i

| Full conrtection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection
Fig. 2. Architecture of LeNet-5. a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are const rained to be identical,

gﬂ‘ﬁ 6 #70819 In59a5 1 Convolutional neural network[9]
. A o a A v 4' 1 (9 Y A =\
1) Convolution layer NANHULNWIAYADLUANS node IFONNBNU node Tnameazing

1 BOI % Q/ {
Ysuaninain T lumaderduio] uaaslugin 7



g?fﬁ 7 mafFeuiieysenin Fully-connected layer 1101& Convolution layer[11]
M1191994 convolution layer ABMITANATABULYDINN 228013 1A MR filter
a 4 Aaa o v .

matrix ¥UADNTITDIUA Convolve (MTNINAAAYA Dot Product) NV Input Matrix ‘lJENg‘IJmW

Tunne1I9av04 Input matrix 1eAIAI3LN 8

271+ 470+ 151+ 171+ 170 + 6%1 + 7*1 + 60 + 41 =-1

[ _[1-1)
W a

51i1 8 AI0819ATLUIUMTAINIY Convolve A8 filter matrix 718 11U Convolution layer[10]

U

4
o a

197N filter matrix Watewiavzy ldaunsaasIugUaNBUzUNEINVRIN N R
2)Pooling layer
¥ A . A 1% ' A o A 9 A
NUIN VB Pooling layer ABNI1TANALOIAIUNTIAYNGAVOIVOYA LA LIN Y
A a Y < A é’ v 1A ~ A 1 = A
dseansnmmsaiszuanalisaEizau TasmsadamnuInNgansonunas Y3013 199
1< J . @ A A v 1A A = J
11 uInput 1AVA111 Matrix Output @931 oaAAAINUINNFAILITENIINTLVIUNT Max
pooling HIBANAAUNABILITUNIINTLUIUNT Average pooling
3)Activation Function
. . . A d v A [V o A °
Activation function A9 WINFUNILTUNANITAIUIUIN Input layer IW® U101
1 I d @ 1
Uszurananinl Out put a1:15au 1da1eWan 119U Sigmoid function, tanh function,

ReLU function, Leaky ReLU function, Maxout function, ELU function N gﬂﬁ 9



Activation Functions

Sigmoid Leaky ReLU )
1 max(0.1z, x)

(J'(T) == F

tanh Maxout

tanh(;r:) N . max(w] z + by, wl z + by)

ReLU J ELU J
0 x x>0

maX( ,CE) _ i {a(exfl) <0 ' T

~ a o . . . A~ o 4 o
JUN 9 wilauazanyugved Activation Function 1in51w 15 luilagaiu/i2]

2.1.1.5 Computer vision
a Ja o 0 & a A4 o Y 1 9
ADUNUADIITY (computer vision) 1 UV d1IAY lunanvareaI1u ¥814

A A 9 2 9y Y 3 Y 0 Ao o
lﬂﬁﬂﬂllﬂﬁ’]ll’]ﬁﬂlsll']ﬂlﬂLlagﬂﬂﬁqmﬂlﬂyjaﬂqq‘ﬂ']wllﬂ 1Wuau !LUUﬂ’]ﬁﬂ’NWUﬂﬁ’]ﬂﬂgiu

Ja o A

ABUNWIABSITIADNITATIVIVING (object detection) NMFVUUNTIAY (object classification) AL

[

9
NSAALENTAY (object segmentation) TunszUIUNMIAINAIUTanYUE 1F1u TBniau

v oA 1 v W dy
LUASHAANT NUANANNUANIU

1%

2.1.1.5.1 NIFFTIRALIFIN (Object Detection)

q

[ A A (3

@ I A
ﬂ’ﬁ@iﬁﬂﬂﬂﬁﬁﬂﬂ@ﬂigﬂjuﬂ’ljﬂlﬂuﬂ'lﬁﬂi’)i]ﬁﬂullagjgu @Qﬂ@ﬂiuﬂqw Tﬂﬂﬂ’li

Q

€

sA MUY IngAIeNToTHALY (bounding box) AeLsuendeNnANIngeglunw uaz
a [ & 1 J an v W A o
s21UsznNMSoraUe AR 9 19U F08UA, AL, UNI 984 TBNTATINIVIAYN 1ATUAIN
a v o a @ [l a 1
denlutgtiwilundnms 19 1asev1e1szamFaan (Deep Neural Networks) 15U Faster R-

CNN, YOLO (You Only Look Once), tt82 SSD (Single Shot MultiBox Detector)

'
=1

710 10 Mg ruansdoyail |45 U9INNTEUIUMS Detection[13]

2.1.1.5.2 msﬁmuﬂ’i’m (Object Classification)
) @ I A Y a A [ ~ [l
ﬂ”lsmuuﬂmq!,ﬂuﬂ’izuaumsmuullﬂwmi’izlqlﬂsxmﬂﬁiﬂﬂmﬁﬂlmmqmagiu

1o & o 1 o v W o o
NN Tﬂﬂ"luﬁ]uﬂuﬁ}@ﬁzumtmLNﬂlm’mqmﬁ@u“lumim:]iﬁmmq UANNIININIUUBDINIT
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suuniagiuldfnsSeuizlunuvesiaglugam wu msldlassielszamizaanign

o w

HAnaoudoyadoyaniitheriiy (labeled dataset) 1o 1UNIARA1 9 awlsznniimua

U

- Donut
- Coffee

=

~ 1 o Ay Y
gUil 11 daulaii IdvnnsguIums Image Classificationt
2.1.1.5.3 miﬁmwﬂi'@]q (Object Segmentation)
o Y] A A 9 ~ o 1 o v
msaaueningaenszuIumsiuiu llinsszyveuvavesinguaazal lunimaie
a v v 7 d s A = X 4 o L v
anvazeoa laslinadnwsiduuyean (mask) NUsvendsnunvesinglunm sexie1d
[ A [ Y v @ [ 9 A Ao [ 9
aunsoneningiannuesnInmn lnod gy msdaueniag ldmatianianududou

NINTATINIVINQUAZMITWUNIAY 13U Mask R-CNN, U-Net

g?fﬁ' 12 08 NYINILUIUNT Object Segmentation
2.1.1.4 CNN-based Object detection design
zﬁ”ﬂymzmimnfﬁ’ui’mha“l%’*ﬁugmmm convolution neural network 11199171111} 4
ponilu 2 3 Juvy fie Two-stage models {181& One-stage models

2.1.1.4.1 Two-stage models

[

HaatedrumnluGeufennunsai1atuiaginigld wo stage detection @150

'
A o

. - . . i
(first stage) Ao regional proposals extraction 1111 neural network N1 classification ¥1¥dVIVAN

Re

]
1 =

uwzﬁffmqa&juazﬁmiﬁw regression Lﬁ@ﬁ%:"lﬁ'mamwﬁ!,muﬁwu VYIULUAN region proposal
network(RPN) 11131n#i915a1 Aenaesdimasuvals v11a finsouaqu feature map THF MM
@199 region proposal network AazIMIHIvELIATII92IY object mﬂﬁqﬂmﬁmmﬁa (U
300 Vo ULUA Lﬁ@dﬂl‘ﬂu region proposal W30 Rol (Region of Interest) ﬁ1ﬂ§lﬂﬂ%ﬁuﬁﬂuﬁ'ﬂl‘lﬂ N
fa0d191u gﬂ“ﬁ 1301952u0Hn15 1952V sliding window technique, Deformable Parts

Models (DPM) e OverFeat s
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: Anchor is an object?
- - ; Kx20x 15

LY ] Y Box transforms
¥ ! 4K x20x 15
R _ Sort the K*20*15 boxes by
Input Image their “object” score, take top
(e.g. 3 x 640 x 480) Image features ~300 as our proposals

(e.g. 512x 20 x 15)

g?fﬁ 13 NTEUIUNIT Region Proposal Network (RPN)

=S

9
4 1 g o
TUADUNTB9(second state) UYILNBUAIBNTZUIUNITA9AD Rol pool 11114A1TH Rol
A 1 o P 2 Y A g . Y v
V04 feature map NHVUIAUANA1AU THTUIARINY o)1 input 1WA neural network 11

Y ]
WU classification N¥11113UTLUIANAINDIILUN object LAY regression $11N15USTVVOUIUAVD S

Y 1
Rol THiing Ay aegd 14

SVM Classifiers

Bounding Box
Regressors

Selective Search Warped region Compute
~2K region proposals for each proposal feature map

gllﬁ 14 NILVIUMINNIUYIN Two-state Object Detection[14]
Two-state detection 93111 accuracy 1HN15A5IITVNGI A1W150A5I93DTAY 16 11
' 4‘ v A (2 o a A dy A . =
rarg e naodndagiuidavelunisas 193N uIUAL Realtime 9 Two-state

detection %z“l%'nmﬂizmawamwﬁmuﬁa‘lﬂmmzﬁuﬁumsmam‘i’mmu Realtime

2.1.1.4.2 One-state models
2 9 [ ] A o .
umslegiununangedaeegiuny Aiv YOLO (You Only Look Once) 1) SSD (Single
) v < A H 1 1
Shot Multibox Detector) ¥39zia1uimaz Usuimdoya lasinnisdnidesnianiiy
uiu11un15A5199092 08N 11 Two-state Detector 111799171 One-state Detector 113 WA

) Y
pgaaatiioalianusoasradu Iauiud 1YL HanN1T1HIIUUBY One-state Detector AD N5
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] { v g 1 1 [
niegndesmisasndvilumane N X N Taouaazsoq (grid cell) 3z 5uAasouluns

]
v I3 1

as193udngiedlumisis uazly ouputio N X N X S Taoa1 S feature map Aod1

vouuning N X N uazarwessnazlundazse1u03a1519 (grid cell) Tagiialian
feature map V04 3AnfidoImanT1dy 1 drezdszneudis m S = (5 + C) i

Tag 4 ANTNAD AVOINTOU Bounding box (x coordinate, y coordinate, height, width)
i 5 e 1vesadnieziiuves o4 (grid cell) Moz fidwnisedudnutag a1 C venviia

Y993AY[14] ANBBIZUDI One state models 32T ANUFUFOUTOINI1 Two stage models LLAAT

Feature Feature Detection Non-Maximum
Map Map Layer Suppression

g'llﬁ 15 NTLUIUMITNNIUYDN One-stage Object detection[14]

=< Y A 9 ' < '

wawsalgszunlsznanandesniazanuEilumsdszuananinndi luma
assnudmmanuuiud lunsasniuingaziiaiiosas

2.1.1.5m3Usediutlse@nsnmuedn1sns199UA 16595
a Aa A v 9 (% [ I [l =

M3tlsziiulszanianueInisnsaaaualedag ansaisesniy 2 aIunanae
mssziivdurianamnsonsdn lduagmsisaiivanuansolumsswuniag

2.1.1.5.1msdsgiudumiisd s in 1d Iaga1na19as1du Intersection over Union

(IoU)

. . I 1% U dy Aa ¥ o ' = =
Intersection over Union (IoU) WUOATIFIUVDINUNNEINUTSHINNNTOUT MDY
(bounding box) #1521} A8V Detection agnsoudasnMiumneuignas A1 loU

o A

gagainyY 1 naraedannuinensigagavesszun lumsssydumiiauesing loU mgafo

Q

10 "]dﬁﬂiJWEJﬂ'J"IiJ’J'”IﬂiEJ']Jﬁhlﬁ}%"Iﬂﬂ"Ii Detection HAZATDUAINDY "l,ajﬁmsc%’@uﬁuﬁu



13

Area of Overlap
loU =

Area of Union

Predicted Box

Ground truth box vs predicted box

gﬂﬁ' 16 M3 1¥n3520IUMT IoU Ysziiuna Bounding Box[15]
2.1.1.5.2m3szmiuanuamnsalumssuundag
1) Confusion Matrix ({93 NANNT V) Lﬂugﬂémﬁaﬁwiumiﬁ”mmzﬁ;sﬂwaﬁ’wﬁmawzuu
mIassuiag Hreliawsauaainanissmunesnilunguais q Uszneudodauls
ol
True Positives (TP): $1u3nv83s2081371gnAs s ugndeaiuilusaguan (Positive) Tnsszuy
msaTIuiagszyiiuiaguan

o @ 1 1% 13 v .
True Negatives (TN): mu’mﬂlmmamﬂﬁgﬂm’Ji]imgﬂé’fm’nn,ﬂu’mqau (Negative) Iﬂﬂigﬂ‘ﬂ

Y < I ]
N1IATINIVINYNTE mgﬂumqau
.. ° % 1 A v & o 1 I a Y
False Positives (FP): mu:lmlmmama‘ngﬂm’mw’mﬂu’mqum ua luauiuasanan
] L) =) = %
"lu“lmmqmﬂ (MyUABINU False Alarm)
. o @ I A [ o 1 I a Y I
False Negatives (FN): mmwummammgﬂm’smmnﬂumqau ua luanuduasawailu
3 = =) v .
INUVIN (INYULAYINY Miss)

ACTUAL VALUES

POSITIVE  NEGATIVE

PREDICTED
VALUES
—
T

TN

NEGATIVE POSITIVE

gUN 17 §70619A1 TP FP FN TN

. g 4 v A o A ) ]
Confusion Matrix Wuaseanas vy Iagnaaulsina il uunuaisa Tasuuiaauny

]
o [ 3 [

TagRszuumsas193uiagiune 18 (Predicted) tazuuueuuMUIngNose (Actual)

Q Q
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v
1 A

2) Precision 1N&IAUN15ATIVVUIAYAT Precision ADAINOTUIIAIWITANIA True Positive

1 @ @ o 1 I 1 g‘/
ldavs50 'l Tagna1nnuduwuS 521719 True Positive AUAN Positive Prediction 111a

. . True Positive
Precision = — — 3)
True Positive+False Positive

. . True Positive
Precision = , 4)
All Observations

A 1 o Y] [ 1 .. Y A 1
3) Recall AoMAIMTUNMIIAANNE T IUNITHIAT True Positive Ulﬂﬂﬁﬁﬂuluﬁluﬂﬁ

Y
MUIININUA
True Positive

Recall = (5)

True Positive+False Negative
True Positive

Recall = (6)
All Ground Truth

v
( v A

.. I Lg Y a a A o
4) Average Precision (AP) Lﬂummﬂﬂﬂumiﬂizmuﬂizﬁ“l/l‘ﬁmwsumiwmmﬁmamu

1A% (Object Detection) Taed 1150 3a lan1nn15e3 190519521319 A1 Precision 11azA1 Recall

J v L dqu 2
(PR curve) Tagf1 AP e131350%1 199 1nraswueanui 1ans e PR curve Tunnauaoums
9 o gj g’/ a 1 =3 1 A a A I 1
AINUIUTUABUNINYA AP UA15EMI1 0 DA 1 TAgAININGIRA 1o AP 11U 1 uaaIIzu

MInT990IngNssanTamgalumsszyinguintaznuAIouAqUge

1
AP = [ p(r)dr 7)
I~ 1 H ' o v
5) mean Average Precision (mAP) Wuaunasued Average Precision ﬂlaagmazﬂmﬁmq‘ﬁ
[ o = g’; I A A Y o 1 U @ Aa a
752990 lagyimsmagnavua Wuwesnin lgnusgiaunivaislumsiadssansainues
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MINN 1 ANVaI50 luNTATIIUINgINNITAITIVeNAN S.S.A.[17]

Table 4

Performance comparison of various object detectors on MS COCO and PASCAL VOC 2012 datasets at

similar input image size. Rows colored gray are real-time detectors (>30 FPS).

Model Year Backbone Size AP(g.5:0.95] APg5 FPS
R-CNN* 2014  AlexNet 224 - 58.50%  ~0.02
SPP-Net” 2015 ZF-5 Variable - 59.20% ~0.23
Fast R-CNN* 2015 VGG-16 Variable - 65.70% ~0.43
Faster R-CNN* 2016  VGG-16 600 - 67.00% 5
R-FCN 2016 ResNet-101 600 31.50% 53.20% ~3
FPN 2017  ResNet-101 800 36.20% 59.10% 5
Mask R-CNN 2018  ResNeXt-101-FPN 800 39.80% 6230% 5
DetectoRS 2020 ResNeXt-101 1333 53.30% 71.60% ~4
YOLO* 2015 (Modified) GoogleNet 448 - 57.90% 45
SSD 2016  VGG-16 300 23.20% 4120% 46
YOLOv2 2016  DarkNet-19 352 21.60% 44,00% 81
RetinaNet 2018 ResNet-101-FPN 400 31.90% 49.50% 12
YOLOv3 2018  DarkNet-53 320 28.20% 51.50% 45
CenterNet 2019 Hourglass-104 512 42.10% 61.10% 78
EfficientDet-D2 2020  Efficient-B2 768 43.00% 62.30% 417
YOLOv4 2020  CSPDarkNet-53 512 43.00% 64.90% 31
DeTR 2020  ResNet-101 - 43.50% 63.80% 20
Swin-L 2021  HTC++ - 57.70% - -

Models marked with * are compared on PASCAL VOC 2012, while others on MS COCO.

2.1.2 Object Tracking
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2.1.2.2 Multiple Object Tracker (MOT)
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Complete Camera matrix model
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2.2 Communication System
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2.2.1 LTE/4G/5G: Long-Term Evolution (LTE)[5]
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2.2.2 DSRC (Dedicated short-range communications) [5]
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2.3 Decision system
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$1 TTC (a < 90°)
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Logitech C920E WEBCAM

71/71 24 n&04 Logitech C920E WEBCAM

MITNTA 2 uaANAUaVIAYOINADY Logitech BRIO ULTRA HD PRO BUSINESS WEBCAM

Height: Width: Depth Cable : Length : Weight 43.3mm:94mm:71mm:1.5m:162g

Mega Pixel 3

Depth Field of View (dFoV) 78 degrees

Video Capture 1920 x 1080 @ 30 fps | 1280 x 720 @ 30 fps
Camera Focal Range fx: 1394.6 , fy: 1394.60

Camera Offset Coordinate cx: 995.58 ¢y:599.32

Camera Distortion Value |k1: 0.1148 k2: -0.219 p1: 0.0012 p2: 0.0085 k3: 0.1127
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Notebook Acer Nitro 5 AN515-55DM

g?fﬁ 25 Notebook Acer Nitro 5 AN515-55DM

MINN 3 AUANTAVN Notebook Acer Nitro 5 ANS515-55DM
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Processor Intel Core 15-7300HQ Processor (6M L3 Cache, up to 3.50 GHz)
Chipset Intel, NVIDIA

System Memory 4 GB DDR4 2400Mhz

Graphics Engine NVIDIA GeForce GTX 1050
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71N 26 HUAWEI AIS5G CPE

HUAWEI AIS5G CPE
13197 4 AaaUAvVEd HUAWEL AIS5G CPE
Dimension 90 mm x 96.6 mm x 178 mm
Weight 600 g
5G/4AG Communication Standard: 3GPP Release 15

Applicable Network: 5G/4G
Network Mode: NSA/SA
5G Transmission Rate: 3.6 Gbps/250 Mbps (Theoretical value. The actual rate
depends on the operator)
4G Transmission Rate: 1.6 Gbps/150 Mbps (Theoretical value. The actual rate
depends on the operator)

Antenna Type: Built-in 5G/4G primary and secondary antennas

WIFI

Transmission Standard: Wi-Fi 6, compatible with 802.11ac/n/g/b/a
Transmission Rate: DBDC 2976 Mbps, 5 GHz 2402 Mbps (theoretical value),
2.4 GHz 574 Mbps (theoretical value)

Frequency Band: 2.4 GHz & 5 GHz

Antenna Type: Built-in dual-band Wi-Fi antennas




Turing OPAL T2
AN 5 AUANTAYN OPAL T2
Wheelbase 2894 mm
Passenger 10+2 pax
Curb Weight 1374 kg
Gross Vehicle Weight 2200kg
Maximum Speed 40 km/hr

Tire Size

185/60R15 / 0.30150 m (White car)

185/65R14 / 0.29805 m (Blue car)
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Object Detection Accuracy Improvements
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Fig. 3. Accuracy improvement of object detection on VOC07, VOC12,
and MS-COCO datasets. Detectors in this figure: DPM-v1 [13], DPM-
v5 [37], RCNN [16], SPPNet [17], Fast RCNN [18], Faster RCNN [19],
SSD [23], FPN [24], Retina-Net [25], RefineDet [38], TridentNet [39]
CenterNet [40], FCOS [41], HTC [42], YOLOv4 [22], Deformable DETR
[43], and Swin Transformer [44].
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Zou et al.: Object Detection in 20 Years: A Survey

/ot Keypoint Based Detection
Object Detection Milestones CornerNet (L. Heietal-18) , *+EndtoEnd Detection

+ Multi-resolution Detection // ’ CenterNet (X. Zhou et al-15)
+ Hard-negative Mining Reﬁ"":”‘" / / +Reference-free Detection
/" + Bounding Box R i SSD (W, Liu et al-16) (T ¥-Linet ""/7} / .
f— + Bounding Box Regression - b / / / DETR (N. Carion et al-20)
;?c; D’et{, 105 (P Felzenszwalb et al-08, 10) YOLO (1. Redmon / / / / o d
. Dalal et al- / . ne-stage detector
Vi et , / etal1617) / / /S / g
(P Viola et al-01) / ) / tAlextet / 2014 2015 2016 2017 2018 2019 2020 2021 2022
2001 2004 2006 2008 2012 \ 2014 2015 2016 2017 2018 2019 2020 2021 2022
s . \ \ \
Tfad""’"aLD:‘e“"’" RCNN N\ \PN (. ¥. Lin et al-17) Two-stage detector
‘ . \
Methods (R- Glrshick et ak-14} SPPNei\ \ / +Feature Fusion
i (K. He et al-14) \\ N\
Deep l.e_arn'lng based Fast RCNN Faster RCNN (5. Ren et al-15)
Detection Methods (R. Girshick-15) | * Multi-reference Detection (Anchors Boxes.

Fig. 2. Road map of object detection. Milestone detectors in this figure: V] Det. [10], [11], HOG Det. [12], DPM [13], [14], [15], RCNN [16],
SPPNet [17], Fast RCNN [18], Faster RCNN [19], YOLO [20], [21], [22], SSD [23], FPN [24], Retina-Net [25], CornerNet [26], CenterNet [27], and
DETR [28].
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71 33 Tnsaainves Yorovs Tuilogiiug27;
Yolov8 A1 WM WI1UW Dataset HanA® COCO Dataset (Common Objects in Context
< A 9 @ 4y Ao
Dataset) COCO Dataset 111 Dataset NUNIATIIUATHIY M35 19naeoU Benchmark 1o

= v oA
Usziliunavoq Object Detection model @115nNfsuounaanin lavinnsilszuianays

e

Yo1a COCO 11nA1 FPS t1ag mAP 198 YOLOVS 1015 Train Model vIngadoyauas lainis
AT 6 LAAIAT mAP 1A A1 FPS 499 YOLOVS luiaas model Tagazilsznoudis
YOLOvV8n (nano), YOLOv8s (small), YOLOv8m (medium), YOLOv8I (large), YOLOv8x [28]

MINN 6 ANNVAIWITOVON YOLOVS . 1NN Model[28]

Speed Speed
size  mApv cPU A100 params  FLOPs
Model (pixels)  50-95 ONNX TensorRT ) (8)
(ms) (ms)

YOLOv8n 640 373 80.4 0.99 3.2 87
YOLOv8s 640 449 128.4 1.20 1.2 286
YOLOv8m 640 50.2 2347 1.83 259 78.9
YOLOvSI 640 52.9 375.2 2.39 437 165.2
YOLOv8x 640 539 4791 353 68.2 257.8

« mAP"? values are for single-model single-scale on COCO val2017 dataset.
Reproduce by yolo val detect data=coco.yaml device=@

* Speed averaged over COCO val images using an Amazon EC2 P4d instance.
Reproduce by yolo val detect data=cocol28.yaml batch=1 device=0|cpu

91n903yaN15 Train Dataset Y83%128911[29] Roboflow lavhmsufSeuiieunivesnis

naaeuluAa YOLOvS, YOLOv7, YOLOVS Augadioya RF100 Ndeimuamediuuagnui
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~» Tracking{car}
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Mruamalsnnandos

(Xcam> Yeamr Zeam) = (0,0,0) 21)

AMUAAT Transformation and Rotational Matrix(Extrinsic Matrix)

1 0 0 x.om 1 0 0 O
0 1 0 Ycam 0 1 0 O (22)
0 0 1 2z unm O 0 1 0

M¥uAA Intrinsic Matric 19a1 (fx, fy, cx, cy) = (100,100,0,0)
fr 0 ¢y 100 0 0

0 f, ¢|=|0 100 O (23)
0 0 1 0 0 1

AUINUHIA1 Camera Matric

100
Camera Matric = Intrinsict Matrix X Extrinsic Matrix = [ 0 100 0 0](24)
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(pz - pl) X (p3 - pl) 5 (7;6;5) X (21511) = (_1913123) (26)
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1 import paho.mgtt.client as mqtt

2 import json

i (variable) client: Client

5 client = mqtt.Client()

6 client.connect('192.168.1.247',1883)

7

8

9 SUBSCRIBE TOPIC = 'computer/switch'

10

11 client.subscribe(SUBSCRIBE TOPIC)

12

13 def on message callback(client, ta, msg):
14 topic = msg.topic

15 encoded msg = msg.payload

16 decoded msg = json.loads(encoded msg)
17 print(topic, decoded msg)

18

19 client.on message = on message callback

2

21 client.loop forever()
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Velocity Estimation of Cruise Speed 20 km/hr
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Velocity Estimation of Cruise Speed 40 km/hr
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TdsunsudmmsSuaineszinuvesauuals ArUco Marker A380181 Python

def

def

fx = 13us # focal length in x direction
fy = 1us # focal length in y direction
cx = 956 # x coordinate of principal point
cy = sw3 # y coordinate of principal point
# # skcameralogitect
# fx = 1027.861096044307 # focal length in x direction
# fy = 1083420769920078 # focal length in y direction
# cX = 340s4872314317566  # X coordinate of principal point
# Cy = 165.19220659193354 # y coordinate of principal point
camera_matrix = np.array([[fx, o, cx], [o, fy, cyl, [o, o, m,dtype=np.floats)
return camera_matrix
get _distortion_coefficient():
# # Define the distortion coefficients
ki=ons # radial distortion coefficient i
k2=-0210 # radial distortion coefficient 2
pi=o000i2 # tangential distortion coefficient
pz=o00086 # tangential distortion coefficient 2
ks-o12 # radial distortion coefficient smnot always present)
dist _coeffs = np.array([k:, k2, p1, p2, kap
# 4k cam Define the distortion coefficients
# ki=o318240 # radial distortion coefficient i
# ko=293ss # radial distortion coefficient >
# pi=oo0701s  # tangential distortion coefficient i
# p2-o0004752 # tangential distortion coefficient :
# ki=1754034 # radial distortion coefficient s3mot always present)
# dist _coeffs = np.array([ki, k2, pi1, p2, kan
return dist_coeffs
pose_esitmationxframe, aruco dict type, matrix coefficients, distortion coefficients):
gray = cvacvtColor(frame, cv2COLOR_BGR2GRAY)
corners, ids, rej = detector.detectMarkers(gray)
if ids is None:
return frame, []
point=[]
for i in range(o, len(ids)):
# Estimate pose of each marker and return the values rvec and tvec---(different from

those of camera coefficients)

rvec, tvec, markerPoints = cv2aruco.estimatePoseSingleMarkers(corners[i], o7s,

matrix_coefficients,distortion_coefficients)

def

# Draw a square around the markers
cv2aruco.drawDetectedMarkers (frame, corners)
# Draw Axis
origin = (int(corners[i][onoinon,int(corners[i] [oomim
cvadrawFrameAxes (frame, matrix coefficients, distortion_coefficients, rvec, tvec, oon
if ids[i] din [o,1,2,3:
writeXYZ(frame,tvec,origin,ids,point)
return frame,point
writeXYZ(frame, tvec, origin, ids, point):
tvec = tvec[oao
txt = f'{tvec[o:2f}, {tvec[un:2f}, {tvec[a:2f}'
print(M------mm e ")
point.append([tvec[o, tvec[n, tvec[am
cvaputText(frame, txt, origin, cv2FONT_HERSHEY SIMPLEX, 1, thickness=2, color=(o, 255, o)
return tvec, point



def

def

def

def

def

draw_board(img):
gray = cvacvtColor(img, cv2.COLOR_BGR:2GRAY)
corners, ids, rej = detector.detectMarkers(gray)

if len(corners) > o
cvearuco.drawDetectedMarkers(img, corners)

Print(M----- - ")
for i in range(len(ids)):

origin = (int(corners[i][onoiron,int(corners[i] [oxoiin
# print(origin)
cvaputText(img, str(ids[i][op, origin, cv2FONT_HERSHEY SIMPLEX, 1, (2s5,0,0)
return img
calibrateCamera(camera, charuco_board):
cam_mat = get camera_matrix()
dist coef = get distortion_coefficient()
return cam_mat, dist_coef
pointToplane(point):
points_plane = np.array(point).T
# Find plane
pi=points_plane[:, o
p2-points_plane[:, 1
ps=points_plane[:, 2

pip2=p2-p1
pip3=p3-p1

norm_vec = np.cross(pip2, pipy
A = norm_vec[o

B = norm_vec[1

C = norm_vec[2

D = -np.dot(norm_vec, pn

equation=f'{A: .>f}, {B:.2f}, {C:.2f},{D:.>f}'
# print (equation)

EQ=[A,B,C,D]

return EQ

findObjectPoint(Upip, Vpip,eq):

x_cam = o

y_cam = o
z_cam = o

transform = np.array([[1, o, o, x _cam], [o, 1, o, y cam], [o, o, 1, z_cam]])
cam_mat= get_camera_matrix()

# print(cam_mat)

fullcam_mat= np.dot(cam_mat,transform)

cam_con = np.vstack((fullcam_mat, eq))

# print(cam_con)

inv_mat = np.linalg.inv(cam_con)

# print(inv_mat)

vec = np.array([Upip, Vpip, 1, o

sol_vec = np.dot(inv_mat, vec)

s = 1/s0l_vec[s

x = sol_vec[a*s

y = sol_vec[in*s

z = sol_vec[z*s

position_mat=[x,y,z]

return position_mat

main():

print(cva_ version_ )

camera = cv2VideoCapture(2

camera.set(s, 1920

camera.set(4, 1080

cam_mat, dist coef = calibrateCamera(camera, board)

&3



while True:
Upip=1400
Vpip=s00
ret, img = camera.read()
print(ret)
img = cvacircle(img, (Upip,Vpip),radius=3, color=(o,0,2s5, thickness=4
frame, point=pose_esitmationzdmg, dictionary, cam_mat, dist_coef)
if len(point) == 3
print(point)
eq=pointToplane(point)
print(eq)
# chanf path------------cmm

poseEs=findObjectPoint(Upip, Vpip, eq)
print(poseEs)
cvaimshow("test", img)
cvawaitKey (10)
if __name__ == '__main__ ':
main()

Tdsunsulumsnsanduing

Q
import os
from ultralytics import YOLO
import cv2
import cvzone
import math
from tracker import Tracker
from collections import deque
import numpy as np
from loaddata import read eq_from yaml, read conflict from yaml

# csvfilesave
import csv
import datetime

MQTT

import paho.mgtt.client as mqtt
client = mgtt.Client()
client.connect('17020.105", 1883)

H OH OB B R

import json

# Plane equation load
import yaml
from arucoequationsave import get camera matrix,get distortion_coefficient, findObjectPoint

# velocity calculation
import time

# class TrackObj:
# def _init_ (self, class_id, obj_id, pos,whbbox):
# self.class_id = class_id
# self.obj id = obj_id
# self.pos = pos
# self.whbboxes = whbbox
class ObjectTracker:
def _dinit_ (self):

&4
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self.classNames =
["person","bicycle","car","
light",

“fire hydrant

motorcycle","airplane", "bus","train", "truck", "boat", "traffic

,"stop sign","parking

meter","bench","bird", "cat", "dog", "horse", "sheep", "cow",
relephant","bear", "zebra", "giraffe", "backpack", "umbrella", "handbag", "tie","
“frisbee", "skis","snowboard", "sports ball","kite","baseball bat",
baseball glove","skateboard", "surfboard", "tennis racket","bottle",

wine glass","cup","fork","knife","spoon", "bowl", "banana","apple",

»sandwich","orange", "broccoli", "carrot", "hot dog", "pizza", "donut", "cake",

»chair", "couch", "potted plant”,"bed","dining table","toilet",

“tv","laptop", "mouse", "remote", "keyboard", "cell phone", "microwave",

woven", "toaster","sink", "refrigerator", "book", "clock", "vase

“teddy bear","hair drier","toothbrush"]

self.detectClassNames = ["bottle","car", "'motorcycle", "bicycle", "bus","truck"]

self.list _cls_detectClasses = [self.classNames.index(name) for name in

self.detectClassNames]

self.trackers = {}

for detectedClass_cls in self.list cls detectClasses:
self.trackers[detectedClass cls] = Tracker(max_age=2 , max_cosine_distance= o4

self.model = YOLO('yolovsm.pt')

self.cap = cv2VideoCapture(2

# self.cap = cv2VideoCapture("calibcar.mps

self.cap.set(s, 1920

self.cap.set(4, 1080)

self.data_deque = dict()

#Region selection Image

self.mask=cv2imread("mask.png")

# Choose section for detect

# imgRegion = cv2bitwise_and(img,mask)

# results = model(imgRegion, stream=True)

# results = model(img,stream=True,verbose=True)

self.time_now = time.time()

self.eqFilePath = 'planeequation.yaml'

self.eq = read eq from yaml(self.eqFilePath)

# print(self.eq)

self.conflictposition="conflictstart.yaml'

self.conflict=read conflict from yaml(self.conflictposition)

suitcase",

- "
,"scissors”,

def doTracking(self, img, detection):
# if len(detection) > o
for slct cls in self.list cls_detectClasses:
slct _dets = []
for det in detection:
cls = det[-n
if cls == slct_cls:
slct_dets.append(det)
self.trackers[slct cls].update(img, slct dets)
if len(slct_dets) > o
self.trackers[slct cls].update(img, slct dets)
# self.processDataBase()
def visualizeTracking(self, img, classes_id=None):
for slct cls in self.list cls_detectClasses:
tracker = self.trackers[slct cls]
className = self.classNames[slct_cls]

if tracker.tracks is None:
continue

# mqtt part
raw_msg=[]
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for track in tracker.tracks:
bbox = track.bbox
X1, Y1, X2, y2=bbox
X1, yi, X2, y2=int(xn, int(yn, int(x2, int(y2
track_id = track.track_id
w, h = x2-x1, y2-yi
center = int((xu1w/2), int(y2
# find real world theposition
# P = findObjectPoint(int(center[op, int(center[iy, list(self.eq))
# print(position)
if classes_id is None or slct_cls in classes_id:
obj_id = track_id+slct_cls*iwo

# Store center in data_deque
if obj_id not in self.data_deque:
self.data_deque[obj_id] = deque(maxlen=10 # Change the maxlen to your
desired value
self.data_deque[obj _id].append(center)
if len(self.data_deque[obj_id])>=2:
pos_imgi-self.data_deque[obj_id][o
pos_imgz-self.data_deque[obj id][u1
posi=findObjectPoint(pos_imgipl, pos_imgini, self.eq)
pos2-findObjectPoint (pos_imgapor, pos_imgani, self.eq)
vel = self.calculate_speed(posi,pos
disCon = self.calculateDistanceConflict(pos»
print(self.data_deque)
print(f'{className}, {vel:.if}, {track_id},{posapr.if}")
timestamp = datetime.datetime.now().strftime('%Y-%m-%d %H:%M:%S")
# mqtt
obj_data=dict()
obj_data["id"]=track id
obj_data["classs Name"]=className
obj_data["velocity"]=int(vel)
obj_data["Distance"]=int(disCon)
raw_msg.append(obj_data)
# csv SAVE
csv_file = 'DetectTrack.csv'
with open(csv_file, 'a', newline='") as file:
writer = csv.writer(file)
writer.writerow([timestamp, className, f'{vel:..f}', track_ id,
f'{disCon:.2f}'])

if vel is not None:
cvzone.putTextRect(img,
f'{className},ID:{track_id},Distance:{int(disCon)}m,Vel:{int(vel*ys}km/hr', (max(o, xn, max(ss,
y1, thickness=2, offset=3, scale=p
else:
cvzone.putTextRect(img,
f'{className},ID:{track_id},Distance:{int(disCon)}"', (max(o, xn, max(ss, y, thickness=z,
offset=3, scale=n
else:
cvzone.putTextRect(img, f'{className},ID:{track id}', (max(o, xn,
max(3s, ym, thickness=2, offset=3, scale=os)
cvzone.cornerRect(img, (xi1, yi, w, h), 1=

# Draw path of the object
path = np.array(self.data_deque[obj_id])
cvepolylines(img, [path], False, (255, o, 0, thickness=2



# Check if object is still in frame
if len(self.data_deque[obj_id]) == self.data_deque[obj_id].maxlen:

the frame

# self.se

self.data_deque.pop(obj_id)

nd_mqtt(raw_msg)

def calculate_speed(self,pointi, pointa
distance = np.linalg.norm(np.array(point2-np.array(pointy
T=self.time_now-self.time_ past

def

def

def

#
#
#
#
#
#

#

speed = dista
return speed

nce / T

calculateDistanceConflict(self,point):
distanceconflict = np.linalg.norm(np.array(point)- np.array(self.conflict))

return distan

detectionYolo
detection = [

ceconflict

(self, img):
]

results = self.model(img, stream=True, verbose=True)
for r in results:

boxes = 1

for box i
X1, Y1
X1, Y1
w, h
conf
cls =

.boxes
n boxes:
, X2, y2=box.xyxy[o

, X2, y2=int(xn, int(yn, int(x2, int(y2

= X2-X1, Y2-Yyi

int(box.cls[op

math.ceil((box.conf[o*100)/100

currentClass = self.classNames[cls]
if cls in self.list cls_detectClasses and conf > os:

detection.append([x1, yi, x2, y2, conf, cls])

# print(detec
return detect

# Nine,MQTT
send_mqtt(sel
encoded_msg =

tion)
ion

f,raw_msg):
json.dumps (raw_msg)

client.publish('computer/switch',encoded_msg)

for data in
obj:Tra
# print

def temp(self,img):

self.data_deque.values():
ckObj = datala
(obj.obj_id, )

print(obj.obj_id,self.classNames[obj.class_id],obj.pos)

bbox=0b
cvzone.

j.whbboxes
putTextRect(img,

f'{self.classNames[obj.class_id]},ID:{obj.obj id},{obj.pos[2:2}", (max(o, bbox[op, max(ss,
bbox[11), thickness=1, offset=3, scale=os)
def capture(self):

def

self.time_pas
# print("----
success, img

self.time_now
# print("----
return succes

start_trackin

while True:
success,
detection
# print("

t = self.time_now
--",self.time_past)
= self.cap.read()

= time.time()
--",self.time_now)
s, img

g(self):
img = self.capture()

= self.detectionYolo(img)
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# Remove data for objects that have left



self.doTracking(img, detection)

self.visualizeTracking(img)

# oprint(M--------mmmmm e tracking--------------c---cmmemo o ")
# self.temp(img)

cv2.imshow("Image", img)

cvawaitKey (10

# Create an instance of the ObjectTracker class
tracker = ObjectTracker()

# Start tracking

tracker.start_tracking()

TsunsulunsSu message MQTT

import paho.mgtt.client as mqtt
import json
client = mgtt.Client()
client.connect('192.168.8.6"',1883)
SUBSCRIBE_TOPIC = 'computer/switch'
client.subscribe(SUBSCRIBE_TOPIC)
def on_message callback(client, userdata, msg):
topic = msg.topic
encoded_msg = msg.payload
decoded_msg = json.loads(encoded msg)
print(topic, decoded msg)
client.on_message = on_message_callback
client.loop_forever()

Iﬂﬁ!!ﬂ‘iuﬁluﬂigﬂﬁuﬂ1i Simulation
import matplotlib.pyplot as plt

import time
# import paho.mqgtt.client as mqtt

# def on_connect(client, userdata, flags, rc):i

# print("Connected to MQTT broker")

# client.subscribe("computer/switch") # dmldfanuniniaoumladuMQTT topic "computer/switch”
# def on_message(client, userdata, msg):

# if msg.topic == "computer/switch":

# input_data = msg.payload.decode("utf-s,

# print("Received input data:", input_data)

# # Gonldladdu Multi_Input() wezisznanade’hl

# # «hMQTT client
# client = mqtt.Client()

# # smuacallback function dmfunsdeureunsiudorya
# client.on_connect = on_connect
# client.on_message = on_message

# # doudoruMQTT broker
# client.connect("io216ss.10", 1883 # wumqtt_broker_address &wileg IP/hostname w:MQTT broker

# Gumssudoyann MQTT broker
client.loop_start()
# sefudoyasnMQTT broker aasanm
try:
while True:
pass
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# except KeyboardInterrupt:

# # wganadoude MQTT client iefimsna Ctr1+C
# client.loop_stop()

# client.disconnect()

# Input

TD=0.035s #AverageDataDelay[s]

CT = o5 # TTC between T2 and other car
LB = ns # Distance after Confict Point
V_cornering = 10 # T2 Max Conering

a = 045
ba = 236
™ = 100
dt=0.001
RS = 1dt
t = [0

Car_Length = [["t2,431, ["bike",21, ["car",s, ["truck",m# Length of Car for each type

Car_Type = [i[oifor i in Car_Length]

Car_Data = [[4000sn®), (40+Car_Length[oryeorsns), (a0+LB+Caxr_Length[omnosns), o, o, [401, [201, [o1, [o1,
Com

Car_ID = {o}
Car_temp = []
Car_Plot = []
TS = o

Decision = True
Car ID for Multi_Input() (eazy to known its have or not)
Car Data for Car that went off Confict Area
Merged Data of Car that went off Confict Area
T2 State
T2 Acceleration
T2 Full Brake Acceleration # Max Time for Simulation #Timeinterval
Simulation Resolution
Time Data
Car_Type = [i[ofor i in Car_Length] # Type of car in int format(eazy to index)
# Car_Data_Format = [TTCis],TTCxs],TTCss],ID[int], TYPE[int], [S[m]],V[km/h], [Time[s]]]
TaAcceleration[m/s”2, Time[s], Case[int])
# T»_Data_Format =
[TTCis], TTCxs], TTCsis], ID[int], TYPE[int], [S[m]], [V[km/h]], [Acceleration[m/s"2
,[Time[s]], [Case[int]]]
Car Data = [[400sns), (40+Car_Length[ommeossns), (40+LB+Car_Length[omnossns), o, o, [401, [201, [o1, [o1,
Lom
def Multi Input(text):
text = text.replace(" ","").lower().split(";")
print(text)
for i in text:
id, ct, cs, cv = i.split(",")
if ct not in Car_Type:
print("Unknown Car Type")
else:
id, cs, cv = int(did), float(cs), float(cv)
if id in Car ID:
for j in range(len(Car_Data)):
if id == Car Data[j][s
Car_temp.append(Car_Data[j])
Car_Data.pop(3j)
Car_ID.discard(id)
break
ttci-cs / (cv * s/18)
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ct_index = [car[ofor car in Car_Length].index(ct)
ttce=cs + Car_Length[ct_index][m/cv * s/18
ttcs-cs + LB + Car_Length[ct_index][m/cv * s/1s)

Car_Data.append([ttci, ttce, ttcs, id, ct_index, [cs], cv, [t[-um

Car_Data.sort()
Car_ID.add(id)

def TC():# Calulate TTCizs in Car_Data
for i in Car Data:
if ifs=o:
if TS == 2
ifo1=23+12
if1=23%12
i[21-23%12
else:
ilo=1[si-d [ol-1#sns)
i[u=d[si-+Car_Length[i[4nupd [el-11#s18)
i[21=A[si11+LB+Car_Length[i[4nupd [el-11+518)
else:
ilo1=1[su-1vd [e1*sn18)
i[n=d[si-+Car_Length[i[anunid [ersns)
i[21=-d[si-+LB+Car_Length[i[4nnnid [er+sis)
def VL(v):# Set Velocity Limit
v = max(o,V)
v = min(20,V)
return v
def SVC(accel, tpass,nt):# Calulate Position and Velocity in Car Data
global TS
temp = []
for i in Car_Data:
if i[4—o
if i[er11+@ccel*tpass*iss) < o
tpass2=i[er-#esnsyaccel
i[srappend (i[si-n-d[e-rtpassassis+osaccel* (tpass22y)
else:
i[srappend(i[si-11-@[el-1#tpass*sis+osraccel* (tpassi ko)
i[er.append (VL (i[er-11+@ccel*tpass*issy
i[siappend(nt)
if ifer-1=0T2S = 2
else:# Backup Car Data that left Confict Area
i[s1.append (i[si-11-d [exctpass) *s1s)
i[n.append(nt)
if i[si-n< -LB:
temp.append(i)
Car_temp.append(i)
Car_ID.discard(i[sn
if len(temp) != o# Remove Car that left Confict Area
for i in temp:
Car_Data.remove(i)
TC(O)
Car_Data.sort() #Sort Car Data by TTC:
# def T.D():# Decision Making System
global T.S,ba
T2I = [i[«for 1 in Car_Data].index(o
print(T2I)
#T2 Stopped
if Car_Data[[j[«for j in Car_Data].index(ojel-11> V_cornering:
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return[-a, -1
elif T2S == 2
for i in Car_Data:
if i[4=0:

if ((ilsi-u> -LB) and (il[s-1<= opor ((iloi< 23+12and (ilo> opreturn [o,e
return [2a,7
#T2 Braking

elif TS == 1
return [-ba,s
else:
#Accelaration after pass merge point
if len(Car_Data) == 1 and Car Data[[j[#for j in Car_Data].index(oiwei-1< V_cornering -

return [4a,s]
#Full Brake
# T2 hit Car
if Car Data[T2I][oi<= 14 and T2I > o and Car_Data[T2I][oi<= Car_Data[T2I-nm+CT:
ba = Car Data[T2I][si-1114
TS =1
return [-ba,s
# Car hit T2
elif Car Data[T2I][o1<= 14 and T2I < len(Car Data)-i and Car Data[T2I+ijol<=
Car_Data[T2I][2+CT:
ba = Car Data[T2I][si-1114
TS =1
return [-ba,4
#Slow Down
# T2 hit Car
elif T2I > o and Car Data[T2I][o<= Car Data[T2I-um+CT:
return [-a,n
# Car hit T2
elif T2I < len(Car_Data)-1 and Car Data[T2I+upi<= Car_Data[T2I][2+CT:
return [-a,2
else:
return [o,0

R i T i i T T
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def T2D() :#Dicision Making System
global T-S,ba
T2I = [i[«afor i in Car_Data].index(o
#T2 Stopped
if (Car_Data[T2I][si-u> oand (Car_Data[T2I][er-11> V_cornering):
return [-a,-n
elif Decision == True:
#T2 Stopped
if TS == 2
for i in Car_Data:
if if4=0:
if ((i[si-u> -LB) and (il[si-u<= opor ((ifoi< 23¢127and (i[a> op:return [o,s6
return [2#a,7
#T2 Full Braking
elif TS == 1.
return [-ba,s]
else:
#Accelaration after pass merge point
if (Car_Data[T2I][si-1< oand (Car_Data[T2I][er-11< V_cornering):
return [2#a,s
#Will Collision
#T2 hit Car



elif T2I > o and Car_Data[T:I][a<= Car_Data[T2I-uui+CT:

c =1
#Car hit T2

elif T.I < len(Car_Data)-i and Car Data[TzI+ii<= Car Data[T2I][2+CT:

c=2
else:
return [o,0
#Will Collision Need Full Braking

if (c in [1,2pand (Car_Data[T2I][si-11<= 34

ba = Car Data[T2I][er1
TS =1
return [-ba,c+y
else:
return [-a,c]
else:
return [o,0
def SIM():# Simulation
Multi_Input(input("Input Car Data: "))

for i in range(o, int (TM*RS)+1):
t.append(i/RS)

# if t[-nin []:
# Multi_ Input(input("Input:"))
A,C] = T2D()
# Collect T2 Data (Acceleration and Case)

Car_Data[[j[4for j in Car_Data].index(oj.append(A)
Car Data[[j[«for j in Car Data].index(ojmrappend(C)

SVC(A, t[-n-t[-2,1/RS)
# Stop Simulation if T2 left Confict Area

if Car Data[[j[«for j in Car Data].index(onsi-11< -LB:

print(t[-n
break

def Plot():# Plot T2 Data

figi, T2-plt.subplots(z,2,figsize=(2+s,2%)

Tapo, 0.plot(Car_Data[[j[«for j in Car_Data].
Car_Data].index(oush

Tapo, 0.set_xLlim(o, t[-1)

Tap, 0.set_xlabel('Time [s]')

Tap, 0.set_ylabel('Distance [m]')

Tai0,0.grid (True)

Ta, 1plot(Car Data[[j[«afor j in Car Data].
Car_Data].index (os)

Tapo, 11.set_xLlim(o, t[-1)

Tapn, 1.set_xlabel('Time [s]')

Tap, 1.set_ylabel('Velocity [km/h]")

Tapo, 11.grid (True)

Ton,o.plot(Car_Data[[j[«afor j in Car Data].
Car_Data].index (o

Toir, o.set_xLlim(o, t[-1)

Toin, o.set_xlabel('Time [s]')

Torn,0.set_ylabel('Acceleration [m/s”21')

Toi1, 0.grid (True)

Toi, plot(Car_Data[[j[«afor j in Car Data].
Car_Data].index (o)

Toin, .set_xLlim(o, t[-1)

Toin, .set_xlabel('Time [s]')

index (o1,

index (oysi,

index (o1,

index (o1,

Car_Data[[j[«for j

Car_Data[[j[«for j

Car Data[[j[«for j

Car Data[[j[«for j
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Tair, 1.set_ylabel('Case')
Ton, n.grid(True)
figisuptitle("T2
def CTM():# Merge Car Data from Car_Data and Car_Temp into Car_Plot
CTID = {i[s1for i in Car_temp}
for id in CTID:
stemp, ttemp = [],[]
for i in Car_temp:
if i[s3==id:
stemp = stemp + [s for s in i[s
ttemp = ttemp + [s for s in i[m
Car_Plot.append([id, stemp, ttemp])
return
def MCPlot():# Plot all Car Data
CTM()
plt.figure()
plt.plot(Car Data[[j[«for j in Car_Data].index(onsi, Car_Data[[j[«for j in
Car_Data].index (ous)
for i in Car_Plot:
plt.plot(if[a,i[m
for j in Car_Data:
if jla=oplt.plot(j[7, s
plt.xlim(o, t[-1)
plt.xlabel("Time [s]")
plt.ylabel("Distance [m]")
plt.title("Car")
plt.grid()
plt.show()
return
SIM()
Plot()
MCP1lot()
# Example of Input: 1,car,es,10;2,car,so,10
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