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Abstract

The project is made for studying and creating an algorithm for Adaptive Cruise Control
(ACQ) with the objective of enhancing and developing automatic driving systems in T-MAC. The
vehicles are being developed by Development and Research of Innovative Vehicle
Engineering (DRIVE) at Faculty of Engineering. Ours objective are determine the vehicle
detection model with a web camera, and to analyze the distance of the vehicle with the LIDAR
sensor and design algorithms for Adaptive Cruise Control. The organizing team studied
information about detection models used for object detection including to create a vehicle
detection model and creating the center of the vehicle within the image. The equation the relation
of the assume angle from the sensor LIDA and the angle from the sensor LIDA. Created from
calibrating between cameras and sensors LIDA. We are conducted experiments by collecting image
data from camera and data from the sensor in the same environment at the actual distance of
200, 408, 525, 862 and 1200 centimeters at the height of the LIDA at 96 centimeters. Results to
evaluate the efficiency of vehicle detection algorithms with distance. From the experiment, the
algorithms can detect vehicles and show the distance. The organizers expect this project is useful

in developing the algorithm for Adaptive Cruise Control.
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A111 Deep Learning fvinanmsvildiawesvedassingdsgamiiisunangduspnsaiy nam
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neuron

Input layer
O000000000O0NOOO0DODOODOOO
Hidden layer
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Connections between
different neurons

Output layer

5UN 2.1 Msdaemannsvinanuves Deep Learning

(i : https://www.thaiprogrammer.org/2018/12/deep-leaming-Ainezls /, 2556)
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R-CNN: Regions with CNN features

el Warped region laeroplane? no. |
|l = ’ Tl — wn ’ :
S - WY +>[person?yes. |
e | CNNiN :
W | 7 = 7 !
= =
2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

gﬂﬁ 2.2 YUHBUNITYINNUVDI R-CNN

(s : https.//medium.com/@sapjunior/object-detection-part-1-37bf39dc557f /, 2561)
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SVM) Lﬁaﬁﬁﬂwﬁwmwyjﬁﬂﬂ%’jﬂwﬁq

3) 1Wpsannnsseninguisasaianmsranantiou vilvlausunmagnAnien

o

919liflingey I lilwanndanediuivinisaewieUsuniiinvesingizneveeniy

dudewagldndslunsuszananaiinn uwazlasswiglsvamuuureuligtunuginadudanediiy
a2
7

Wesnmsidenduniineuliiain Tudwvesnsdamuinnmiinisiauildnategns
\Wunssudvs ansnsaldnuldiemzuulsunsy MATLAB wintudslhiinswanndaneddiusaly



2.1.3 lnssedszeanmiimnuuuasuligiumuniinim (Faster Region Based Convolutional

Neural Network : Faster R-CNN) [11][1]

Faster R-CNN fi® 11511181 Selective Search un5ul3lunau Neural Networks (NN)
nou NN Ufldutsznaunan 3 diufe 1. dunviiuiniifaiaen feature 2. @1 Region

Proposal Network (RPN) fiviuinfifnidenionusiani “unee” {Wuingann feature map uaz

1%

3. @ uunuszy Al feature map way region 7ldann RPN u1Ussananalagyin Rol
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| vy H MultiClass
,‘ e : ([‘:\\ P o || Classification i
ayers ' } : ;
=N ~ RolH 4 Bounding Box !
— Pooling '} & :
A Regressor
Input : — Feature Maps: A
Illi‘l Extract Features l\Lili;[\L Projected RCL_‘I(HI ( laSSlﬁcatlon
age M

Proposals

E‘Uﬁ 220 %umaumiﬁﬂmuﬁuaq Faster R-CNN
(17'im : https://bLog.datavvovv.io/gauiaa—object—detection—L,La3Lm3§ﬂ—retinanet—ea1407ad7325 /,
2561)

18 Faster R-CNN Us¥naualgdiulsn process EULLaquaaﬂlﬁmuﬁaaq feature map
vi30 NN uazdsiolussaugnvie Classification Taedessiu Rol Pooling 910 feature maps 71lé
nou

1) a1 AgTlUrY Selective Search wievn proposed regions Wil
2)nmiidienin Uk CNN Barebone fhaildenls as VGG-16, Resnet,
Inception w300zls5Rld ust network Mdonuniiu axia fully connected layer sluvionun 2w

19ka feature map 910 convolution layer gavingwiuu



3) usiae proposed region #1k§an Selective Search MdufifawmiauLaIn
thidh azgnihumfidasunaiduiusiu furunnves feature map 910 convolution layer
gnvine (WszEY CNN 3 feature mapazdivunadnas)

4) RNNAAFILMUIUY feature map convolution layer qmﬁmmﬁ 111 region
asetiulURL ROl Pooling Layer wiial#le feature vector fiflaunnsii Feazgnaalud fully
connected layer iU softmax \fievi classification 91 proposed region feature ﬁuﬁ]wauiw
Wuraaeyls @Eunadnladlald sSvm undlu classifier wan f1937n R-CNN 1ws1z SYM train 870
waysssuvAveasiuodldldidy multiclass classifier)

5) NAAAAILKAUL UUAINUUDIN1959999 proposed region ﬁ%gﬂdﬂ%”ﬂﬂﬁ
regressor network iU feature vector #l#a1n ROI Pooling LileusunAfifnues “’mqﬁ%mau
panlu [12]

2.1.4 YOLO

Tutaa YOLO T5zuutazdunauniIsynieuaaieiu Faster R-CNN wama1uLs2lun1s
Uszunanatul3in3101n Laneaanunsailuieaazyinn1svin i gsunty TUIAUeINaeuDuLYA

a

KAZAIUUNILL UM NADIADU AUV ULA I ADAD

q

= 1

1) InmInendesveuaLdIddludanses ualinayoLOtha s s
naswsuaLagaImaziluvesraIan1s o oaniiwseuiu

2) NAITYIIUYAIN Pnn iy 9sinnsulsnnesnifudi 9 WU
dwmuusardruarinsiunendeweuuauaraatd Fusamnsntansmiuiieidene

ARNALAZNADIVEULATIAZIUUENGALA [10]



S x S grid on input Final detections

D)
V)

-

Class probability map

gﬂﬁ 2.4 uppumsvhemes YOLO
(ﬁ?,ﬂ : https://medium.com/@sanparithmarukataVIaﬂquui‘LJ—\‘ﬂueﬁf 85‘1/{3414@1’13J—46ae76d4e195 /,)

2.1.5 LIDAR

A a 6

walulaglanis 30 a5 (LIDAR) ga1a1n Light Detection and Ranging ving1ulag
nsBsduaaasiudinuianssanisiivieys lnedeyanliantudeyannisinssaziailu
NSIAUNIVBIEANLALED STAE VIR UNAUIN Sugugesiuay Bwaninsnindayailaunasiann
~ P ¢ AR A a | ' ~ a &
wialululduselowd srauvsdalaninwesiulinisiegagideauinninainaieniiey an1sil
WANNIIAAIBAULIAS widAmLanssiud weluladinnsldnauingduniesdelunissey

9

SY8LYNIRNsAS U LN Taula [3][4]

2.1.6 RPLIDAR A1M8

RPLIDAR Ju A1M8 Aedansianunsaaunuseudirnis 360 asem danudlunsaunuogd
5.5 @14 10 B304 uazilannudlunisguiaegns 4,000 - 8,000 B34 lagszegluniinivdey
gean?l 12 wes 013fAMS 10-3u (RPLIDAR A1) Wugunsaliawesaunuwessiia 2 17 gnitannlag
U3t SLAMTEC Tnedeyatilsianunsairluadausunmiraesanminndenuas ing dszuunisin
wesiuuauwiRen aynsavihauluanmedenlusuneznanudmauszim Taglisuiegn

LAILAALALASI BISTAMS 18-TU UTTNBUMIUSEUUALNULALSEUUNDWRS Walansiiauensnans
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- uaS U UazALNUMUIINR M AN 18-Tu eguuiugwwemanmsaesivennviane

wagldinslindenisueiiueaigs [15]

sU# 2.5 gUnsal RPLIDAR A1MS8

L4

2.2 A55unssulsney

MITeEes “syuumuauaITEnludRbuuL Ui AnzdiRuliinnisAnwenans
wazadfeningesiusULuunsisens neidiauenuaiu Al

2.2.1 ANUMNIEVOIIZUUAIUANAMILTISAIULIRRUULUIHY

Ritesh Kanjee et al. (2013) liidlenuszuvaruauaasidnluifuuuwdsdudunis
idouiuuudnlusiAnlldidumosiazseuuaiugy SolEduTsnvinuilunsiulfivasady
wazsrapeduiusiusadun sruumuauaSealuALuuL UL TinsAIuAusTaENn
Tuvesasasisioluil

y  Aueuusdvng
2) Amussumisiisadmneeglugeinsasies
3) dnsgegmaludeenunmuzidvang

4) HFusavisausnandu Wesnwszezinanvasnsuansatvune

ahinusaimangeglugoinisawas ssuumuauanuEITRluiRwuuwUIiy avndud

Y

5)  AnusInvua liaiantin

NTBAMUNNANUITINAUNITINUVDITEUU naNleAe szuvazsnuAusdnlulAnysiu

1Y

AINANINNTTITINT MUNBAINT TEUVALTEAR visawusniiievgnedlaednlud® luvusngdul

LiflosmunuuINMsofss TneseuuaesinwIseuereaInsaAumuy



LY < v va
222 ﬂ?iWWUWﬁ]Wﬂi%UUﬂ?UﬂNﬂ’N&JLi’JEJG]I‘lJfLIG]

lbrahem Hussein et al. (2017) lupsdlvesszuumuauauIaluliRLuuRy TAu
WF98n 3180015189 MemaRanatgusenis 1wy atnauauaIvesyul lunisaiuay
BIUNIAUZRANA1ITY La1TissiulionvdimariningiRmetu iWumenalunisiaunszuy

AUANAINSISRILITRAY 93T 1 wansdlan1si3euiisuszuu Cruise Control fiu Adaptive

'
=

Cruise Control MaUaldau Fuedfudtul Wedtulissrnuiiauiennuiifideans s

v

WaszuumuauamuidnludfanuSaeigndonty leesyuvarlid dadsaninnsasas §

Y

o o a = L%
JuIEIsarinN1sUaszuuielanla

yndepnufinanaundeiu szuumuauauSdaludiuuuiy fiuldnludeniun

grunnuzliiinfouniodsvaonds wunuluszuuntvauams onludfwuuudsdu 1y

v A

udusedldnisaruananddul wuweFaryinisinsrozuaviiudeyau1Uszuiananiuny

YIUNTNUL

Cruise Control System

A N T oo e mmm e ==

l_ Conventional CC system [ ACC system
11 - - o / 4 N /8
———m — e i - L) /.8
Input: Driver Estimation | I Input:- Sensars
s v e I 4
_ . N i N >
On/Off Processed by Driver | | On/Off Processed by Controller
Constant operating speed Consider Traffic Flow
Non- adaptive mechanism Adaptive mechanism

gﬂﬁ 2.6 nMstTsuLiiBuszuU Cruise Control i Adaptive Cruise Control

(i ; https.//www.semanticscholar.org/paper/Modeling-and-Simulation-of-Intelligent-Cruise-

Hussein-Hourani/b494ed35af943564b56654809f9cd088f2b5790, 2560 )
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2.2.3 939AUsENUNUIUUDITZUUAIUANAUT I AlUITRRUULUSAL

1) BHUNTWAITVINUYDITZUY

Chan Wei Hsu et ls. (2012) WHUNMANSaUYDsszUULARIagUT 1 10y
sULUUURRTIRmuslAssa g AN IILAz NI RLALveITE UU grudeyariomnsesiudie
Lilasreulnsamefifundn dnmsimudureuiBnisdridoyminduasiusunsudeyaionn
diolussquliimunenisldou deyaguaim sauvisdeya LiDAR Tuduvessniugquiinis
pevaued LilnFoasiuinuay lulasasulnsamedudard azdsidsludigunsaiuarsma
Wolasudyga nousudula CAN (CAN bus) Turagipeniu lulpspoulnaaesusazsulaly
ailngfdaEuduosszuy Toyaillisuasidunounisaiuquinat lnenautsnwd demai

[
¥ LY

dayanamualunisnsaadu aznalalagnisifennesn

B B IH 3

T

- -2 -

Iy cituot! ety .

| JUARTY / \ UART J A_:n_«..\‘
\:T

gﬂﬁ 2.7 Proposed System Architecture

(ﬁuﬁ : https//www.artc.orgtw/chinese/03._service/03 02detail.aspx?pid=1448, 2555 )
2) LiDAR

Chan Wei Hsu et Ls. (2012) 118991nAU@1U150 bUNITAS1LHUNTNATIDIU
ANTNLINABUNIIN1EAN LIDAR ”LéfﬂmaLfJuLWﬂIuIaﬁﬂIﬂmwiuiuﬁaagﬂmmammm Wu
= ) v A vy a ) P A A ° ~
Wuesnldinelideyainerfivanmuindenlaeseu Wlunswanidesguassauazn1siuauy
N3N wanan1syinauvenguiges LiDAR lnawuigeslideyainesnilumszagriafy

ANTNUIAABUNIIAEATN LLﬁﬂ\‘iL‘ﬁULLNUﬂWW
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» Preceding car

X J
. o i i
18 o - R
’
10 L
Left side cars: =

102000 144227
| lndex: 1284659387
b TR R

oy cst‘fng c?r
31]17'; 2.8 MIVNUVBIYULRS LIDAR
(ﬁan : https//www.artc.org.tw/upfiles/ADUpload/knowledge/tw_knowledge 408149883 pdf,
2555)

3) NABY

Chan Wei Hsu et ls. (2012) Tunaslduselord n1sviauveandas daelunisuaning
ANMWIAFONTUY VBINUTINT LU ndudstedanta dnisiswaulussuy Welinmiteiu
nsUszdIaNaafL venantudaliuiiarsatariieuladiun13n57139uyNvee LiDAR

TneUszunn

4) gUnsalniuAunIsinaT (actuator devices)

Chan Wei Hsu et ts. (2012) gunsaiduiafiountssonidu 3 @ Ao duds,
WNUFBRATN1TUTZIUAINEI0E AULTIYYNATUANAIELAT I8 UAZYYINIA (engine

vacuum) WeUsuauduvednsiaesgualviduiusiuteyantaanigueeiaie quazns

WAL AL BRI UBIN NU G L b BN S AT UANLELIDS
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uni 3
A5nN5ANTuNY

3.1. Anwdeyaiifgives

Anwaraundeyain ganudanad nunlddmsun1snsiadueun g ieAunIsns
Wousiaseninswuweiaasiulusingy Matlab Wasinanizidavinlalilusunsy Matlab Tunns

o Y a

Wannganadviy 9uvIaAnw Y adalayas IANLEUTUs Tz 19N oAy a5 eda UM U T Bdle

Ya(Calibrate) vinniilaaansnaeUiisU L 415 91U aNLNSOLART L1995 I AATUS T NS A

nsuazenuniuzly Wathluiaund anediudmsussuuduwrasudnluRwuuwdstusaly

3.2 e59ugunnLe (Vehicle Detection)

Wowntlagtudeufmiivnaneliladfanansodsetuasdug Unsalilewauneiade
sing o anlueislenisndenuliss endaeeatums i umesdaneafiumsmaduTng Ty
UseTmans WemnndasiiorlflumussavildildimunsamnntnionFeudivututiagiud
auivtiesvalulaBannsoassassa linamsiad g 97 neliiausslend aruninadla

VR aeuA L NaUNglUNS g TR AUSE U

lupan dmsun1snsaduing ludaguuannvang wwanslenunadlatun i ldges uos
m3seuianieldlunsfann wu laswiglssamifannuuuasuligiunugiae , YOLOV2 ,
MobileNet , Robot Surgery Segmentation Wag 3D Face Reconstruction from a Single Image Judu

o

Fomamnfdmiladadulalibuaalassneuszamianuuuneuligdunugiine uaslia YOLOV2
Tumsianndanedfiululassuativl filonaseeulavedusunsuiuiimetiniulasneyssam
wannuuuneuligdumugiinaiionsdusnsuiuudiFegulasnsaGonldnuld vielunma
yikAemsinaulusademues lneluiadalupaeddavhladanuiddalumaiauemFnsuliinade

AULDIDE NATLD U
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TunsumsEniulasseUssanmiawuuasuligtunugiing asnserlndulalgud Ty
AetemsEinduvesenanseaulatanuIey MatWorks [13] Hvuneudagunng 3.2 s gunmin 3.7

framaluil

doTrainingAndEval = false;
if ~doTrainingAndEval && ~exist(‘fasterRCNNResNet50VehicleExample.mat','file’)
% Download pretrained detector.
disp('Downloading pretrained detector (118 MB)...);
pretrainedURL =
"https://www.mathworks.com/supportfiles/vision/data/fasterRCNNResNet50VehicleExample.mat';
websave('fasterRCNNResNet50VehicleExample.mat’, pretrainedURL);
end

JU 3.1 lanamiilvaslusunsuikinunsilinadunsnsady

supmidl 3.1 msisenaaiinanegmsilndilaset teUssanmianuuuaeulig fusnu
giimaliasedueunvue vnuwaafudeya (Folden Mlddmsunisviney lifflidusana mat
(mat) Aeglusuiuunisifivdeyaluuinldlsunsy MATLAB vere Todwsumsmsilinsulasaine
Ussemianuuuaoulgdunugiing asdsliandvadeyaaen nniuialudnmemnaeon

Toua Al

% Unzip vehicle dataset images.

unzip vehicleDatasetimageszip

% Load vehicle dataset ground truth.

data = load(\vehicleDatasetGroundTruth.mat);

vehicleDataset = data.vehicleDataset;

JUN 3.2 Waueninddeyasunmmenumviuzuas luunT el oy aenum mugass

sund 3.2 Wswnsullminmsueninddudeadeyagummenuwmugiigndudasulidunguy
wentulinsyanesenunuenusias g Mnidwmiivanluuisgedoyaenumviugluaunduds
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% Display first few rows of the data set.

vehicleDataset(1:4,)

UM 3.3 1Aaussydeyalusnsn

sund 3.3 Jayaenummuzluanuiuaswsgninuliedlumns lneredudusniediuves
Wanmw wezaeduddugAetiodmsuenunmuy

vehidleDatasetimageFilename = fullfile(pwd, vehicleDataset.imageFilename);
% Read one of the images.

| = imread(vehicleDatasetimageFilename{10});

% Insert the RO labels.

| = insertShapell, Rectangle’, vehicleDataset.vehicle{10});

% Resize and display image.

| = imresize(,3);

figure

imshow()

JUN 3.4 Anuananimuayyinaasilanuussnvrean ey

P a v o g I3 5% S i w A4 a
sUnMwi 3.4 Wudeysatuiiuadiindneideyaenunmue Mntusudeyagunmiiieliiy
Ue ROl uazanavesmn Funeuiliieuanwildunmanyedeyaitevieandlatudssnvueanm

iley
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% Set random seed to ensure example training reproducibility.
mg(0);

% Randomly split data into a training and test set.

shuffledidx = randperm(height(vehicleDataset));

idx = floor(0.6 * height(vehicleDataset)),

trainingData = vehicleDataset(shuffledidx(1:idx),);

testData = vehicleDataset(shuffledidx(idx+1:end),);

U 3.5 laauUslayamethlutlndnasUssdlol

£ =

suam? 3.5 udsadeyaiieluidng msiindumsnsiadumeyndeyal il nlunazym

Y
a b4 =

nageuiNaUssll N30 993U Ieelditouadnnuseras 60 WetlUinduiasteyadniouas 40 wie

Y

Toyanwdelda msunsusyiios

% Options for step 1.

options = trainingOptions('sedm’, ..
'MaxEpochs, 5, ...
'MiniBatchSize', 1, ...
InitialLeamRate’, 1e-3, ...

‘CheckpointPath', tempdir);

3UN 3.6 lanvusrdiend msunsiingu

UMW 3.6 iN1sivURAIR G oNYBINT SN v Induneuiidsensalniulinas e

TUSHATUR9T
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if doTrainingAndEval
% Train Faster R-CNN detector.
% * Use resnet50' as the feature extraction network.
% * Adjust the NegativeOverlapRange and PositiveOverlapRange to ensure
% training samples tightly overlap with ground truth.
[detector, info] = trainFasterRCNNObjectDetector(trainingData, resnet50, options, ...
‘NegativeOverlapRanee', [0 0.3], ...
"PositiveOverlapRange’, [0.6 1]);
else
% Load pretrained detector for the example.
pretrained = load(fasterRCNNResNet50VehicleExample.mat);
detector = pretrained.detector;

end

gﬂ'ﬁ 3.7 laamsnelulaeg

suami 3.7 Waknsudldienmsiadulinalagly Resnets0 wuldeiuesatnemsuen
AuaNUR wavUTutanisdeuniudaauuwagnisteuriugauaniiioliwilaindisgnmstineusuasiv

£ Y [ < a
Foulnafesiuauduas s

wadwsndsanmsiindulinaduiaayliyadeyaiifinduSeuiesuds anunsaviluldlums
psnTusuwmglnadnsdaiiarnanluidomdaly uadluduestuneunsiindu YoLov2 T4
A ugunIvuzaunsor nelulalasUf IR nudeg1ansilinluresenaisesulatvesui e
MatWorks [14] lelajuiu

NAINTE NN UlLAAA 15D 19192aUT0UNURANTATITUE UM UL TUN1IR9T U
gunuglneldluswnsulaeall IneasnanianisnsIaduenunuelag lunalasIu e Usa v mLun

wuupeUbIgtwugiNAneY Aalleniusngpielil
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clear

camera = webcam;

fasterRCNN = vehicleDetectorFasterRCNN(full-view');
while true

picture = camera.snapshot;

[bboxes,scores] = detect(fasterRCNN, picture);

if notlisempty(bboxes)) && notlisempty(scores))

| = insertObjectAnnotation(picture, rectangle'bboxes,scores),

else

| = picture;
end
image());
end

JUN 3.8 1AANTIIT UMM LAYES NNE DIV UIAE TN IVLY

sUnmin 3.8 TWsunsudslidnsdoyasuusiauamliluntisg Workspace vadlusunsy

nPuALINIsSenldndasiuleukazisenleilendunisnsiatusn g uauedlasIinedsean

Y o

Wwkuuaeulgiunugiinig o ilrzdnvilasenlafandudiiagy mndeamsldlunad

&

1% v 1%

Anluannsadsuldaiosenldld mntuaiisguamsievesnszuaumsdeluil Buainms
Funmefmiafionsramsasuiaslunnuazaiangoseun (Bounding Box) litusaeusil
annsanraduld wieunslirzuunantuiwanssa mnawnsansndusasudnieluniwle
wUsngnIevdmidsutuindeusevuinadiisosus mnliamnsansndusasudldndniely

Usingnsevawaeuiy leamdsiikansninideudoyaidnunwaninawny
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[

daninladariinisneasdaadidininsadueunivuelagldlunalaseaiguszam
Wauuuaeulgtunugiinig lagn1siinmsasudiasamiadeulmivuauunusznaunig

¢ A o v sal
I0YUR LW@aﬂLﬂﬁ!NaaWﬁW‘léﬂﬂJLﬂa

JUN 3.9 nmAnluu (n) uasnansvievedlUsunsy () vediinalassneUssamiauiiuunau

Tgdumuninng

mMedgUnnden1InTaduzUel 3.9 (n) delUsunsuansansiaduenunivugle
LASNADIVOULIAFITRARIAININAINITNIAY LAASHAINSHT 3.9 (2)

LAYSWARIFINITNTIVIVLIUNNULYDLAE YOLOV2 Nvinnselnruunlalunisnsiadu

¥
v a

enunvulaeld saluluswnsulasail
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clear

camera = webcam;

vehicleDetector = load('yolov2VehicleDetectormat', detector’),
detector = vehicleDetector detector,

while true

picture = camera.snapshot;

[bboxes,scores| = detect(detector,picture);

if notlisempty(bboxes)) && notlisempty(scores))

| = insertObjectAnnotation(picture, rectangle'bboxes,scores);

else

| = picture;
end
image());
end

3U 3.10 lARATIRT U T IVIUEUALAS 19NE DIVBURIRNUW VLY

U 3.10 svaazdslidradeyaduusiiiuanliluntsing Workspace vaslusunsu
ndusgiinadenlindesivuauuazaniiivandeyaluuninisasiadueiuminug YOLOV2
Mniuasgunishivesnszuaumsselull Buannisfuamedmiafionsiamsasudaely
AMLAZAS19NERIVB LA (Bounding Box) Witusasudiianunsansaaduld ndeunsliasuun
Mntulauanina mnaunsossafusasudmelunmlfsusnngnsevdivasuiuindousen
Usnaiidsasusd wmnldannsansndusasudldnanfeliusngnsevimdsutiu swaneddls

wananndaudayalinanianinauny
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[

HInhladavinnisnaasdlagldsiaidinisnsinduerunmuglasldluwa YOLOV2 s

AU LUARAENNLAR DU VLU UTENIUAISOEUA LUMSNAaDY FaLl

JUN 3.11 amaiuu (n) daskan1syiamiedlusunsy () vedluinavoLOv2

MU mMAneINsnsIaTuun 3.11 () WesiiaAdsanansansiadueiunivuela

1% 1 (% v o

A NNERIVDULUAAITHAAFININAILT1IAU LanaNadnsAsguin 3.11 (V)

Feinadnwdszmrienslisiadddaalasaeuszamitauuursugdunuginig uas
Tauna YOLOV2 lumsssadugnumvugiiu duemuaansalunsamadusosudtudanaupnsaiy
7o BusalasteUssamimuuuueeulgdumuni maduaunsorsaduldfinunmennn it
yoLovz aunsauilalilnenmiudeyalumsinsling wighuriblunsssedudulues YOLOV2
ansovieldUsEAvEnmndnann Wesniednsanmanratusumvustuilvideulut urou

soly Fadumsldveyaiionstssinanauuusiaies Anwgdnrindswindulalunisliluea YoLovz Tu

MRV UN VUL VBIATINURUUT
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3.3 asgnaudnanvessagudniglunm (Centroid)

NNANNELNTINTIVTUEUMIMUEAElUNNILaEAT1INA DR LR 0 (Bounding Box)
vianTeUAMATNGINTEUILUNIMUE NaARAINTTT YA LMLaYeseunvu e Tunwle
daaliianunsamaaguinansdalidnuvazdoyaiugsusvresfinwaninuesnassvouiund
Anduldduddudam Suaquinasnmdudioviaiiougavesnmiiiuanuniandeves
sopudfisruUANLgEINELILesanng Wethyagudnasamilgnisdunssessidluideni
wnanlushdedely Famsdunumaquinamesndeseuuntumunsadousiadsduasy
nnsaddslunsrsadugunuzwaraiandesouLun i deina1anudld shesiamas

[

9%

vehicleDetector = load('yolov2VehicleDetectormat’, detector);
detector = vehicleDetector detector;
[bboxes,scores| = detect(detector picture),

| = insertObjectAnnotation(picture, rectangle' bboxes,scores);

centers = bboxes(1:2) + (bboxes(3:4))/2;

| = insertMarker(l,centers,'o);

JUN 3.12 lanaseanaudnansvessasudniglunm

NEBIUBUIATILARA AU 3.11 asnsend i vngenanansnlaelrndaiagui 3.12 Tag
bboxes axfiuteyailumninuunn 1xa Feteyalunodudusnie szezinmnuoummisoundes
YousluszuuNY x AeduldefessvevinenueuMNdwwaundesveualussULNY v Aeaul
muAeALgIeINdeaUYn way Aeduldrennuniwesndeweun Wethdeyalunedudi 1
suiueallwestoyaluneduin 3 uasdoyalunedudil 2 suwiuedstiwoseyaluneduii 4 wxldg

SUAUNNITAYDIYANINGNNEBIVB UL
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JUN 3.13 amduiuu (n) wazransvitnuestusing (1) as199agudnansuassaguiniglunmn

@ -

FeE19MTINNUYBIIVEAIAS JUN 3.13 (1) At guninidesnisnsiadu Wesia
i JUT 3,13 (1) 9Ll onmRedeyadduiures

v

'
o o [

AFIENNTANTIRTUEWI U IR L AR INE AN
fnagaaudna N niLes

= v 1

Jefayadsuiuresiinmagaauinansami annsnilulflunisduouguaiiouves
wuwesdaniluanilldoinndeaadun Wediluisuiisuueiwaasueddndneld
FoyavauanoianlogannsniilUmsseginsssyinsgunuginsasuunniuluge i
A5 a

3.4 MymenuduRussEn L inglun i esans

Tumsihdoyaszszshsnnumednsunldiusidunedfonhnsaeufivu(Calibrate)
odungldimamarudimiusfifetuseniasdnameluninildanndewiuaunasyves
wuweianifiivdoyaluanimuandemieatu ot awadns ildduuiuieuiouing
arwdiiusfiuiuaunisla mmisdnransovensregiessesinglunwiilssesviadu

wirlusanneuiwasanis
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JUT 3.14 NEBAIUMMLITUAZIULOTAASTBARA

Y1INADILALLIULTDT AN EARAN U NDNITES NEUNITANUANUFUNUS waz AR U g UN

gndias Aaguvl 3.14

UM 3.15 wseuingdmsunudeya
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B (rad)=tan 1(E)
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A19197 3.1 Lanadeuaszeviafinanimlunwazdeyauananisluan wwindesieniu

Object a b Anglmg(rad) | AngLi(rad)
1 445 706 1.009 0.60105
2 445 343 0.6566 0.33952
3 445 0 0 0.05209
4 445 360 -0.682 -0.2387
5 445 711 -1.012 -0.5089
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FReRy waneeauns 3.2
y =-0.0317x" + 0.2046x° + 0.0279%* + 0.3402x + 0.0521 (3.2)
dlo x= AU ANalunm
y = TWINYLET oUW RTENS

W TLIALILET DU YR TEaA15 L US s ULBUA A UYHAT VRN ERTaANS avvilansiu

TEYEMNTEMI N UN MLTLavIIUY e AN TTLUTuIalasseaEr1aRla
3.5 NIMNTLYLMINATINYUATDUGULET AT

Ay ueEiliowwwgeiansanaunisn 3.2 wWisuiiguivtoyavuiayuilaannnis

¥ &fa 6"
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angimg = atan((centers(1)-960)/centers(2)-1080));
angli = -0.0295*angmgd + 0.2033%*angimeA3 + 0.0255*angimgA2 + 0.3417*anglmg + 0.0521;
fori = 1:360

if allangles(i) - 0.02 <= imageAngle && imageAngle <= allangles(i) + 0.02

end
end
if i >= 360

count = 0; alldistances = []; allangles = [J;
end

count = count+1;
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(loop) Msvigsudaya 360 ATY NA1IRBTBYAANLYUGDTAAISTIINIUATUTOU 360 BIAT 111N
TayaluyadoyalifiyulndiAgadvvwiayualiouwuiwesanstieiu madlvlanasveeiied
yunayuiug InsanzgInvilanvuanasiisveoyandalitiuiuansy 0.02 siReunse 1.15

NN

3.6 LHUMWLEANE N UTURBUNN 3919109 Algorithm (Flowchart Alogorithm)

WU NLAR IV 19099 ANDATNILNISASIT VN LIPS DS Ye I aglARANAINNITITD
MINTITUIIUNVILY NTETNEBBURNBUTOUENUINYLY N1T9NANLEITUEINWIAaNiYa
AMALYUNALLINWLLDTEMS 1as1alanAEINIs oL AL Tunetlsnsussnanateya uag

WAAIHNARNE T UD NN LTI ATLUUANINABAIUATLT A
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Input LiDAR

Set property

Local RS232 port

Baud Rate Input Webcam

Set property
alldistance =[] video resolution
allangles =[] 1920 X 1080
Count=0

v

Load YOLO v2

—> Scan LiDAR (deep-learning)
snap shot
~ 3 e
X, Count > 360 webcle
Count = Count +1 " Detect vehicle

N

insert process

boungding box |

Center marker |

Calculate
angimage A

)\ e v/

0 >

Display

—:f: allangles(i) - 0.02 <= imageAngle <= allangles(i) - 0.02
-~ -

Distance vehicle

Show Image
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NRATU tazilS U urnszeesisilaan algorithm AUSEEZIAMNTINATUTT WOIIUMNAUE 8 S28y
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0 S3LY 200 WURBINS

200 400 600 800 1000 1200 1400 1600 1800

(n) ()

5UN 4.1 ameuiuu (n) wagnan1syieuedluswnsy () 1seeenng 200 WuRlng
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wszszeginmdlng viillansonsaduld deguin 4.1

32



4 STLYN 408 WURINT

e

200 400 600 800 1000 1200 1400 1600 1800

i

@) ()

JUN 4.2 mwsiuioy (0) wazsansvianuuedlusLN sy (0) Aszegying 408 lwuRlms

P9za£iig 400 WURIAT WUINLPENTIT UL ILNNIMUEAN1N509502 3 Ule N Az 0.9857 1ng

WaRINATEEE WA Ndanefiviaum 418.05 s 419.22 Lanwsg Ui 4.2

0l STULTN 525 WUR LIRS

200 400 600 800 1000 1200 1400 1600 1800

(n) )

5UN 4.3 ameuu (n) wagnan1syieuedluswnsy () Nseeenng 525 wuRung

Tszarnng 525 wURWRT NUIRanTsue U ILEENISanTadulaiaziug 0.9996 ng

WAnINATEEE W Ndanediiam 520.10 s 531.20 uan Aegui 4.3
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MMIN 4.1 YELIDYATDITE YL NV TUNIAUE NI AlaENa NS aNa 7iu

algorithm
FHIN VRGN | Seesvinevasenuniue | JaeInnsAu YavaAMS
NMIIA (BURKIAT) (GG (rad) (rad)
200 Tainwy - -
408 41805 - 419.22 -3,0802 -30789 §14-3.08
525 520.10 - 531.20 3.124 3.1244 19 3.1149
862 0 N -3.0791 -3.0671 f14-3.0911
1200 lainy ‘ - -

MINAEIANOA TN UINILAANI5ATIITUBILUN AL AN 0051950 AT SzeEne 408
\URRS |, 525 Wulues Las 862 wuRwmsusllannsansiaduiiszey 200 wulwasuas 1200
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of error) 71 0.28676 % Tsesng 525 \wuRwns Wnadnsvessaneafiufiouna 520.01-531.20
WwuRwas Wosiusenufiananeil 213143 % wasilszeeing 1200 wuiweslilansanusseying

ailewnawestdnszanyiiiamgaduduauinuy
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