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In current years, some large cities have expanded rapidly and many trips have
been generated on the public roads in the city. This huge increase in the number of vehicles
on the road causes many transportation and traffic problems, especially in urban areas.
Without effective management, transportation problems will affect other development sectors,
such as economics or environmental systems. In terms of transportation and traffic
engineering management, traffic information is an important and needs to be collected
regularly and use it for traffic studies and designs. In this paper, a vehicle counting and
classification system was proposed using CNN for collecting volume and type of vehicles. The
proposed system used YOLOvV8 as our vehicle detector and trained a detector system with
our local dataset of Thailand vehicles which is collected of 11 different types of vehicle
images. Then, trained detectors were combined with some great performance trackers in
multi-object tracking, ByteTrack and BotSORT. For the counting process, a referenced
counting line was provided to collect the number of vehicles and their class when they drove
past the line. Then the system was tested and evaluated with various scenarios of traffic
conditions. The video results showed that our proposed system had a good performance for
counting vehicles. The figures of average accuracy of total vehicle counting and weight mean

absolute percentage error of classified counting were 90% and 19%, respectively.

Keyword : Vehicle counting, Vehicle detection, Vehicle traking, Convolutional Neural Network
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Background Subtraction lunslunisasaasudngnaula lnauwanainiiduingnanla
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(Foreground Object) aanannainwiniiludngilaldanla (Background Object) #9anun3n
il lfsesanlunsiuliunaasle
2.1.1 411398709 A Computer Vision Based Vehicle Detection and Counting
System (Seenouvong et al., 2016)
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A nlsEnay 1 N3N foreground extraction Aaeannng background subtraction AW
4
A4, (b) NMWiTaqiiu uag (c) NMnNassBasN IWNLAILazNMTAq1il lusuddtaes

Seenouvong et al

Aun: Seenouvong et al. (2016). A Computer Vision Based Vehicle Detection

and Counting System

2.1.2 411348 ﬁ:@ﬁ A video-based real-time adaptive vehicle counting system for urban
roads (Liu et al., 2017)
Iainaueanisld Ground update algorithm N1 14 lnNTATIARLENUNINULLU
NI UUUU LR TUNR ﬂé”uﬂw%umu Extraction tmeild38n79 Block-wise background
updating Wensnnminfuitundseandauansluninisznaudt 2 uaz 1933017 shadow
suppression based on hue, satuation, and value (HSV) Lﬁlﬂm_lLQ’]‘IJ@GW’]MIAZﬁ@tm‘Q@QVU
VL&’T@@ﬂSLﬁ’m?waLﬁmmwﬁLﬂummmmmmuwmu:uﬁi@:ﬁuﬁm wazldinAlla extract the

vehicle contour NN TZANENINLNITATIARUENWNIRUZANNNTNLF AL LN TH



Fig 2. The background update result.

Andsenau 2 n13nn background subtraction AaaIannIs Ground update algorithm Tu

U Liu et al

AN Luetal (2017). A video-based real-time adaptive vehicle counting

system for urban roads

2.1.3 41UARaITR9 Convolutional Network and Moving Object Analysis for Vehicle
Detection in Highway Surveillance Videos (Muchtar et al., 2020)
o o 2 g 4 4 4 o
Uauen1sfmuIdunauniIsnsaasue I unInustaaaui tnediuilge
N92UAUNNININIULAY Mixture of Gaussians (MOG) N dn13andtyyrausunausngdanig
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Morphology wae Connected Components Tuduma Post-processing WWALAN AN LNLEN
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Improved GMM YOLOv3 classification
Incoming frame ROI detection -

Final result

Input layer

Convolution layer
Pooling layer

Fully connected layer

Final ROI region

Output layer

nwdsenay 3 N3N background subtraction ANYINANNIT Mixture of Gaussians 2 11

91U3’8U89 Muchtar et al

#iN1: Muchtar et al. (2020). Convolutional Network and Moving Object Analysis

for Vehicle Detection in Highway Surveillance Videos
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A8 You Only Look Once %38 YOLO (Redmon et al., 2016) gnAmundulud a.A.2016 Tng
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Joseph Redmon wazanans liigluuunisineuiu Single Neural Network fia11130
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VUIENAB98UILAL839RE (Bounding Box) N1elugnansndinfiauiadunuigne
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Class probability map

(a)
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layer:  Conn. Layer Conn. Layer

‘ ‘
T ) B0 T o
Conv. Layer onv. Layer nv. Layers Conv.
TxTxb422 3x3x192 Tx1x2867 <o 3x3x1024
Maxpoel Layer ~ Maxpool Layer ~ 3x3x256 3x3x512 3x3x1024 3x3x1024
222 2623 1x1x256 IxIx512 3x3x1024

Conv. Layer: Conv. Layers
1x1x128 Tx1x512

3x3x512 3x3x1024  3x3x1024:2
Maxpool Layer  Maxpool Layer
2x2-+2 2x252

nndsenay 4 3Uaw uansanninanssuees YOLO (a) WARINITLIAUNISYINUNLT8Y
WANN1? YOLO uag (b) wanslaseairaaasanifmnanssu YOLOv1 ldlunisizauisos

wannslaseaivlszaiainanuuunanigiu

11 Redmon et al. (2016). You Only Look Once: Unified, Real-Time Object

Detection

2.1.4 412381704 Classified Counting and Tracking of Local Vehicles in Manila Using
Computer Vision (Cruz et al., 2019)
o dl 4 o dl % ¥
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1 1 4 1 v
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nwilsnau 5 waasnignsaiulssunuenunavuy laglduannis YOLO Tunsmsaady

g11WvUe Tuanuiegaas Cruz et al

fix: Cruz et al. (2019). Classified Counting and Tracking of Local Vehicles in

Manila Using Computer Vision

waNNN3Le9danasny YOLO gninliWmuwnatinssiaiiiaslng Joseph Redmon uay

A A A A

Ali Farhadi uazladnigua YOLOV2 (Redmon & Farhadi, 2017) visaianaafiilunfaniuae
d‘ v o o dl 1 o =]
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A.A.2018 Joseph Redmon WAz Ali Farhadi lintaua YOLO fuludAs YOLOV3 (Redmon
& Farhadi, 2018) Tnannsiasuanmenssuvanluld Darknet-53 unuin1sld Darknet-19
wazld Softmax Activation Function Wwnnnsld Logistic Classification L1 LA Nl
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PNAEN IHANINTU AR NN91szaUANNENFTATBINTRENLT YOLOVS Wan thdgaula
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(Bochkovskiy et al., 2020) Ngnintaustuluil a.A.2020 Tnafimuiauaznguiuiuneau
ﬂ'@w] Ae Alexey Bochkovskiy, Chien-Yao Wang, and Hong-Yuan Mark Liao L&4@an1¢9

wazulaseaFravanaes YOLOv3 114 CSPDarknetss 14 Spatial Pyramid Pooling (SPP)
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YOLOv4 HA1 AP uaz FPS 44091 YOLOVS szantuiasas 10 Waz 12 ANNAIAU AI3N
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2.1.5 \‘lﬂuﬁﬁ‘\vﬂﬁ:@\‘l Embedded CNN based vehicle classification and counting in non-
laned road traffic (Chauhan et al., 2019)
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Installation (fayaiiudn99a) laun 4 gadayaanusiazndedinle wazan 1 gadeyanatn
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25 e Taeutiedaya 80 Wasdusdnil train waz il Test fu 20 wesifufivaaiie
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nwdsznau 6 gn nuanssaatitaNan1zasIaT e UL lEUANN1g YOLO Tuanuday

U89 Chauhan et al

A3 Chauhan et al. (2019). Embedded CNN based vehicle classification and

counting in non-laned road traffic
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Four camera installations across Delhi-NCR
YOLO1 oo YOLOZ mosssss YOLOZ mmmmmm YOLO4 memss YOLOS mmms

nwisgnay 7 snmudasuanisiBauifiaunisszuunsadueanunviue Alduannng
YOLOV1 24 YOLOvV5 Taeild Mean Average Precision (mAP) usina@dn luanuddeans

Chauhan et al

A" Chauhan et al. (2019). Embedded CNN based vehicle classification and

counting in non-laned road traffic



15
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wazn19ulATmFINgn @ﬂmmgﬂ‘wwmﬁlﬁmmwmhmuiwmnmwmnw RRNIYIR

MuedRguuLLLNgaugln e Segmentation waznisin lldlunnsnanudng le

2.2 STUURAMNATUNIUUL (Vehicle Tracking)

1
o

nsAnmndnguddndrAtynindrniunisnsaaduanun s inaeun ludeya

o = '

Anla NeRanndngazdatlinisnmadudngianuing NN doaliauisnseyladn

Q

1 '
o a o

enunruzAuuignasadu s luudaznaw dudusapesiuiuAungnasmadulalunaw

U

naunin anilynin19me9adudng T Teardina lna AT anITHL I UNIUULLAZALUN

)
dszinnaasenuninuzsalil ssuufaniunmunzang i ldldauiudayaglnan
n13aashdseguuiesnuuiil pasduszuuiigneanuuunTiNeAaaNTRguaie)Ing T

Aeauludayaglninnian-iuld wise multi-object tracking (MOT) tiialiaunsnsnnIN

EuNrUENALlAat19ATLda

2.2.1 mu?ﬁﬂﬁlm Intelligent Traffic Monitoring Systems: Vehicles Detection, Tracking,
And Counting using Haar Cascade Classifier and Optical Flow (Harjoko et al., 2017)
UMAMNIHIEAR NS Haar Cascade Classifier #3UAMAdLEN UMY LAY 1d
Optical Flow Mn19RARINLA S HULTNN U898 MUN I NRT LR ULMaraaLlssinABulaTlide

A mFuNsRReINEuWIMUY Az ldRuMegadueNansia Centroid 1a4iRg7ldannanis

711 Haar Cascade Classifier hazn1n19L38 i As Ui uNuA1a9n19M 793U 81N T
newniiuniniaqiiulngnisiauuadn Threshold LiiaAsIaaaLdIE T UNIMUENYN
o U 1 [ % o a o o 1 ¥ dl o 1 v o
penasulauAazAuidugun Lz AvALfuAuUN TNAauuTn natTasTulu ey
dl o U 9°, = o e‘ o k%
gNUNIMLERAETU LA TN sauandluawdsznaui 8 wazannnisinszuullldnesa
INBATIATU AAMIN LALTLLIUNINUL WU UUNULEdUa N UL ANTAINN19 1919

waduein
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Processing Video

ANUIENAL 8 LAAYFIRENNANITAIIAALILNUNINULLDUINE 11U auee Harjoko et

al

RVRE Harjoko et al. (2017). Intelligent Traffic Monitoring Systems: Vehicles

Detection, Tracking, And Counting using Haar Cascade Classifier and Optical Flow

2.2.2 mu?afi/ﬂﬁlm Vehicle and pedestrian video-tracking with classification based on
deep convolutional neural networks (Forero & Calderon, 2019)
AT AL S AN LA WNYUILny, BARITNLAZILATUIULIUNINUL
LazAALIa NN wARTe Taald Deep Convolutional Neural Network (311l uffie
Tudatludspaunedaqiulunisnmaduauniuuzaindayainte Tnelusuaseiidenld

1
¥ =

YOLOv2 iludanasnuuanlunisilndugadayanniunism labeling ldauauilssiny

u

YRILTUNIUUSTINNA 9 Uszlnnuaq wazlaunlgua Tracking Algorithm lun1sRamnIy

1 v [ 1 v v
FNUNNULRAF9TUNT Aandaslumwlsznaudn 9 Teauirnasuneiudumnau 5 duna

1%

N

Zhe

1.) Object Segmentation: 14 YOLO Tunnsutislaaasraiii ROl 1agusay
muwmuﬂunﬂjLw@miwﬁuﬂ\i (20FPM)
2.) Clustering: 1n17 Detect Object 8anasNNLNNAIAIN1INAZEF19 ROI

1%

wae) e d1uFudngduneiuld adne YOLO fiiduiu usl ROI fldan YOLO aziflu
4 oA da e
Auwdzundauniudeuge

3.) Feature Extraction: TfR1unidaiin pixel 1899M Centroid, 1WA

NAUAMALNLAY label 114N1391191142849 YOLO
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4.) Matching Cost Computation: 11190 ATUITUNN Matching cost 184

v

nwnauniuaznnilaqiiule
5.) Optimization: 138 A4 04 Matching Cost 1099194 kA3 Azl
11 Winner Take All Optimization Tnedunauuiiaiu 3 loops nan< ssnanalu
mwilsznauy 10
dl A dl 1 ‘i?/ dl . . o { 1o Z’/
loop N1 A8 loop NATWNTULNE optimize NITALATBAIAIRINNNNADN
AN
loop 112 A8 loop NdF19TNaMT Object T wazyinns Track loop 73

o

= Y . , . A o _Ap oy o A o U
A® 1loop azli time-to-live Filter LN@Z28IN989UN ’W]ﬂ‘ﬂ'lﬂ\lllﬂ MNITATINAU M‘J‘ﬂﬁlﬁ")@@‘i_lill

q

walunaniiiiuue dealuntsminaulunstifeuniuuegn environments B uatic lng

F1UAZLDELANTNINIUUAIF AN D INU U LA

NNLFENAL 9 WAAININFRBLNNILULRAMINRL NWAURLT, Aetenaansnislderuy

AARNDEY YOLO, AaeiaNaansnis MssuusnnInaas foreground-background

'
akx A o

subtraction, FARENINARNENNT IEIZULRARINUIBIBANBINUNUNLALE 1IN UAREI RS Forero

& Calderon

711 Forero & Calderon. (2019). Vehicle and pedestrian video-tracking with

classification based on deep convolutional neural networks
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Algorithm 1 WTA optimization for pairing objects in the
previous and current frames
maxcost=100/for other pixel distance
ttl=5//or other number of frames in the time-to-live
while The remaining unassigned costs in Oo;,0;} <
maxcost do
1+ €,,;,= minimum cost in O(o;, 0;)
2. Find for the index i,,;, and j,,;, of ¢,,;, in O(o;,0;)
3- Store the match between the object i,,,;,, in the previous
frame with the object j..: in the current frame
4. Set all matching cost for the objects i, and jnin in
O{0;,0;) as assigned costs
end while
while There are unassigned costs in O(0;,0;) do
1- Find an unassigned index jne. in O(o;,0;)
2. Store this j,... as a new object to track, and assign
the cost matrix index
end while
while There are stored objects in the previous frame un-
matched do
1. Find an unassigned index i,,,.,, unmatched
2. increase the ttl of this object
if ttl of object i, > ttl then
delete the object ier
end if
end while

Alsznal 10 FaNEINNNIIHARINLTUNINLE LA AUAWTINNTNLALE 1NN 1A eU4

Forero & Calderon

7 11 Forero & Calderon. (2019). Vehicle and pedestrian video-tracking with

classification based on deep convolutional neural networks

ENUN MU NRRANATTULNIAWE avgnin lUvanisauuntsyinnaas

SIUNIVULLAL TRV UILL N UNINULANNTADNLADDUNNIULAUN N Y UATU FLAAIFIDENS

q

D

)}

[ % [ %

' ¥
NANTTATIAALLATHLE UNMUE AW sznauN 11 9117 ﬂﬁqmmmammuim

o I

= [ v Y a 0 o aa aa A
Lﬂ?ﬂumaunum@ummgmmmnmmmmi@mmmmmmﬁmm@’mummmmmLu@\i‘ﬂum

u

A1 UszmAlpaaniis NaN1IMARALIZUUAINAIINLAN drx1rnsulszinnlsAaudeamLay

1 v
anunsn 1 lun1auundssinnvainuanauinaule
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2018-12-05 10:42:49

| AK. 7/ X CL Y4

a o

NNLsEnan 11 WAL WNANNTAIATLILALRARINENUNINLLIBNIUIARNGNUNLALS

l19113]¢884 Forero & Calderon

7 11 Forero & Calderon. (2019). Vehicle and pedestrian video-tracking with

classification based on deep convolutional neural networks

8ane37x Simple Online and Realtime Tracking %38 SORT (Bewley et al., 2016)

o a KR ndl v o o 12 v o v
Lﬂu@aﬂmwuwmmmma‘%@mmqummqmﬂ,m LL@XQﬂ@@ﬂLLUU?JWIﬂ@’]N’]?ﬂ‘W’]\?’]Miﬂ

I
=

2811999A1598115UN1 99U real-time 18 fluudannisignldadrqunsuanalunis
a o o b9 o b4 o % 1 =3 o Y .dl
Aanudnguaneingnieniulduazyinauldataemaiannn atnasnildlszensldine

WanuluszuuRAR ML real-time 16 SORT lfmaiiavialiasing Kalman Filter (Kalman,

¥

1960) WA Hungarian Algorithm (Kuhn, 1955) lunnsiinanudeng Seaunsnfinanudeg e

q

1
=

ateudutazsnEaNan WrauinaufudanesnuAaaNIRg UL real-time NiuAsiNgA

q

o

(State-of-the-art) m%u“]ﬂﬁm&lﬁm’mﬂ’mdu Markov Decision Process 138 MDP Wa Y

Temporal Dynamic Appearance Modeling 138 TDAM K@a1 SORT Haanuduglunis
o Aa ' o Ny oA o o _alnowm o ' o A A
MTAINAILUNANAN LL[ﬁlﬂ\m\‘IN‘ﬂ@LﬁﬂLﬁ‘ﬂﬂﬂ’]ﬁ‘[ﬁlﬁ‘fJ@@U’)[ﬁmVlllﬂvl,Nﬁl';N UATNNRUVUIT YITRA

q

o o

Identity Switches (DI sw) #iganan wazyinaulalain luanunisaidnggnuatiaanniin
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2.2.3 91398309 A Traffic Surveillance System for Obtaining Comprehensive
Information of the Passing Vehicles Based on Instance Segmentation (Zhang & Zhang,
2021)

taueszuudnIzdssiunisamasiifiudayaresenunivuelfatnansauagy
Usznavldmie dssinneauninue, SIuIiNaI 198N UNIuULL, ﬂ?ﬂ‘].lmWf'fquLuu 3 4R,
ANLTITRILNIUNINUY, TRIAT1A7VRIEIUN VUL LazdTuruasasiaalditnima
. ad o o dl v %
Segmentation @11 Mask R-CNN 'Jﬁm?m\‘nuvmﬂjmL@uﬂﬂi:ﬂﬂﬂﬂmﬂ 1)NITATINTYA
o 4

fayaiuNINIe9sneuAdouyAna, TlatansauIntuey, 30U399N LATADUBNENTUNIUY

Waldlunig train Mask R-CNN: 2)25013 1401925 UR B BIN AN UDILTUNIN LR 1

c}

2 1
¥y K =

MaskloU Lusnsz1y; 3) NaUNARGULL 3 HANAFINTUANAINUNUENIDINANITNARDN;
o s o (=3 dl v k% a dl % d?j

4) F1MFUNITANUIUANNNITUUATAINLNUBILNUN UL I AU 19BINATINTULUNUY,
utlszuiedasasas uazqnanyanasnaau lun1sAIua i Homography matrix; 5)
d; Yy dl v 1 dl A g a o/ 1

Wialideyavaseuninugliiaonuingene axldasn19Aan Ndnnatne SORT lunns
AnsudRguane sy Auandluaiwdsznaud 12 gadeyan’ldlunistindy Mask R-
CNN azilsznaulildaan naessnsusidonynna, snlnaansauialug, s0Us99n uazae1es
IUNIMUS FUNA 342 N wiadi Training set A1191243 nawlaztilu Testing set

AU 99 NN Bazkaan b pre-train model ati14 ResNet-50 Hnausaudy ImageNet LLaE

b

4 1
¥ ¥

gadayanai1erund Inuuadninldainnismn Mask R-CNN azlduasnsiilu dszinnaes
HIUNIMUL, ATUIUNAITBIEIUNINUE, TOIRTIATTBILIUNINUL LATAIINENITBS
EUNINUL LAY NABITALIIRVBILNUNIVUTILL 2 JR megﬂLﬁ’mﬂqumﬁmaﬂu%umu
nsfnnNdRguiaznnsell uaTNAANEAATINETRIUTTNNVBIETUNINUE ANUIULNA
TOIEUNIVLY WAZTBIATIATLDIEUNIILE Az lFa1NN3 voting m@mﬂjmmﬁmm@ﬁﬂﬁ

ANNNIINAZALN LAAINTLULNUNAUD HANITANUUNLTZLANLAZATUIBINANUDI T UNI U UL
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SORT ( Vehicle tracking in virtual detection region
(Kalman filter (First frame) (ith frame) (Last frame)
& Hungarian ! ) = A i

algorithm)

2D bounding box

',‘r'._‘w-'_
=

Vehicle type

\ehkle parameters in each frame ]

- ‘ ( Calibration of the road plane
\

l Driving lane ‘ | Vehicle length

Instance L

(Mask R-CNN) ‘

ALIZNaL 12 NITUARNNININULE9TE LU NN WA YRS Zhang & Zhang

N Zhang & Zhang, (2021). A Traffic Surveillance System for Obtaining

Comprehensive Information of the Passing Vehicles Based on Instance Segmentation

DeepSORT (Wojke et al., 2017) Walu1a1n SORT i audleyu1isas Identity
Switches MiNdszAnsninnandnan InaldnisFaufidean (Deep Learning) WiEaufann
Deep Association Metric Nilsznavliananisiadaunuazglinsaesdng wasidnduiuges
daya person re-identification 211a g anuanIIAgeLFELWEUAY SORT Wudnd
UszAnBnangandnunn taedl Identity Switches (DI sw) NenasaniAnDsszunuianas 45

=® o alk a o o v o -dl o 2 1 o 1
DeepSORT Avfludanasnuanaindnguaia-ingnianiuniieulduiugininnd uay
a dg’ o £ nﬂl a ¥ aa
nangfutiansnnaulunisi il dinefaninenuniuuzaindeyainle
2.2.4 4113481704 Vehicle Counting Using Detecting-Tracking Combinations: A
Comparative Analysis (A. Alsanabani et al., 2020)
il A.f. 2020 Ala A. Alsanabani, Mohammed A. Ahmed LLay Ahmad M. Al
Smadi lAauearuisaininiadTeuineunisaenldseuumnsRdLLAZITULRARIN
g1uNIUE I State-of-the-Art NNNNNE N9 UFINTRLAge R A T TTLLTLE RN TUE
= a a a A ) . A A
Hilsc@ninannngn Tudauues Object Detector N LA NN TN AA D U
1#un CenterNet, Detectron2, YOLOV4 ua EfficientDet uazludauaag Object Tracker

AANNINAZAL LA LLn SORT, Deep SORT, IOU (the Intersection-Over-Union) ay KIOU
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(Kalman Filter+10U) wazilsegna 4 lun19tiuiiunuasasuuudn lusinandayainlaaed
a o ”v

A = , o - o o a Ho a A o
nszuaasas eAnEANNLEutnaalunan Faunauiudeyaass Tnadsaainnaanld
LansKaLTeLLLAD True Positive (TP) wazaneuwdae tadaaglan Tuudaasnnsiiy
o o 1 o/ dl val 1 o dl U 1 Y
ANUIULIUNINUE N19YBTaN BTl R lEl A s ndgeangaliun nasld
Detectron2 $9u 71 Deep SORT, CenterNet 91411 Deep SORT, Was YOLOv4 $auA U
DeepSORT Az luudne9n13a 14Ul sz tnnszngne snausisdauyanaiusaussyn n1s

Meusaniuaaslunan il aanuududngengalauninigld Detectron2 $auriu SORT,

o

CenterNet 947U IOU, YOLOv4 §9unU Deep SORT, LAz CenterNet #9071 SORT Wazeiy

o = 1

TadagsUngrAuanatngdn laan I nsaNLaq n1siaanld DeepSort Uz UURARY
4 P

o

ANUNIMLE ARaTENNIINUIassEIUTLENUN U R sz ANEN g aNign

q

AINITUIAEITY rﬁ’fmﬁmﬁ"mwumm@ﬁumumuuummxuuﬁmmwmuwmuz

wangliiindd nsdenldszuuinniuninauldalunisianindnguane)ing (Multiple

Q

Object Tracking) aunsnuinlidszgnsldlunisianiueunnuzliilueeneg wazvane)
ﬂmtﬁﬁﬁﬂﬂﬁmuiquﬁuizuumq@ﬁumuwmmﬁlﬁmqm%ﬂqﬁuﬁmmm YOLO @1u190
el U ML LA T LN s e TN L e e sy AvE ANty
TatastagannIsnaaduenunvus lunmadauasld

ByteTrack (Zhang et al., 2022) iluszuudna udngngnwmunaulud 2021 §

o ] o

AYINLANFNNAINITLLRARNARW U ) asiuimiunsruuliaunsnRanNdRg NS

o

&l
AZUBUNARITBLLANYNATIAq L IAg7] U ByteTrack axfinnulnafnniuyn-ingh

N

n39aduls uazuanduingNRAzuUWNIIA A LgIA IR NRATLWLNIIAIIAELAN F2UL

a d91 o ¥ o o o dld [ ¥ 1 o A A dl
mmuugﬂwmuﬂummuﬂu ﬁQWNﬂZLLMUﬂqEMTQ@@UiﬂQQj LLGIQT]U@U\‘IM?@NLU@‘EI%
N

1neeingAvnliliansfanudngiuls Inenisfiansundngniazuuuningady

49NgNENENNIIAARIN FINALIRNHAZUUUNIIAIIRTUAT LNBYINNITAUNTAARINTRY

17 Ml ByteTrack iWluszuumaainnvinaulunisinaindnguanadngniau-iulmi
1 = a o dl a o b2
ati13p antloyuinisianudngifianisuaialuunannls

= v s i .

wazluil 2022 BotSORT (Aharon et al., 2022) lagniuiaulag Nir Aharon, Roy

Orfaig & Ben-Zion Bobrovsky LUN1sWMUNSELLRAAANAREAAAMNITULRARIN SORT

Tnedfutlg9aunnsueq Kalman Filter waz metrices U1952989 SORT il uszuuni

1 v
dsz@nsnmlunisfinmuenunivueuanadag (MOT) lanise@nsninuinigalunaii
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ANNNTANHIUTLANTAINNITN I ULRITEULRARTN T UNINULTTIRDITZUL

1 b%
a =

o { oA o o o Yo Ao Gl

AINAT WUIIHNANNIAATUALLIITUUAAAINE UNIMUEN ITAaT TR U MOTA v3e
Multiple Object Tracking Accuracy fiugadaya MOT17 Tutlifaqiiu (Hurau w.A. 2566)
ag luduAs 2 uar 3 Aua1AL tnellssAnaninaArnudug lun1sfianINNgauniy 8o

1o

wWafidusineg denanslunwdsznaud 13 uanldnddu annisfiszuumsaadudsg
YOLOv8 ignitmunsiasanliainisonieulunisinmseuninuzaesinglszinninle
Tan17@en 1 duasTINTIUILULRARINIRD 2 FeULUAN AR ByteTrack way BotSORT 141w
Github repository 119N199849 NANERENWI YOLOV8 Minliatnnsaldeunisinaiudng L
. R 4 X . R

BENAZANALILNINESTU AW WL URARINTIaRsULH HANU launEeau Naggn
o o v a v o dgj 2 o K [~ 1 2

WA UIIUANUNITAARN NN M LW BN Uy Aasedl (ad8Raiind n1gldanu
szuumaduetunnuing ldiaseainaiingiuaes YOLOVS luntsvinanusaniussuy
AARNe1U UL 1TTAT9d519284 ByteTrack %178 BotSORT aztilussLufmunsduuazi
UsZANBAINAAMTUNIWA LT UTZL UTL ST WA UL LA LA WUN LT N NUBIENUNI VUL

sl

SM rack: SiMIlarity LEarr for Multiple OL
1 SMILEtrack 6524 8106 805 v - ' ming 0 2022
2 BoT-SORT 650 805 802 v o T nOneE e fredesEn g 2022

3 ByteTrack 803 T8 vl e s ‘ 0 2021

4 StrongSORT 644 796 795 J StrongSORT: Make DeepSORT Great Agair (v} 2022

Y o

nndsenay 13 nnsdndusulumanisfianudaglaaldfoddnidu MOTA
Aun: Papers with Code. (2023). https://paperswithcode.com/sota/multi-object-tracking-

on-mot17

2.3 STUUNUENUNINUE (Vehicle Counting)

seuudu BN uenun iy luTaqiiv nisldauatieiainuanagiluuy usseuy

IvAdUIMAITuAude R egusarszuuay at1vdun1sdeglnaaduauinulivanl s

'
o A

2 1
NUR2237197 (Inductive loop) srULNaaNTUNAN (Pneumatic loop) ARdaINTANAIN1TD
v

i EZ v !
v o oA o % o o a

udayaandisalianizaumibmans viedeilanldanalun1sfiafssaunaAniingadney
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= v aI/ I3 o a dl o ¥ 1
44, vidausinssiaimasngaaduLLuBunsIen (Infrared Sensor) Na1N130%19UlABEN
1 o v a 2!/ =) o = a c v =
wluen wed AU ulunfsinfege luldaqiu malulagaeuinanasidiuidununlunig
o dg/ o ¥ = a =R o
NIUNNA8IUNITY nsdvsunnuslngldnalulatinouiamasaagnwmuinae
o Y 1 1 o/ o/ o U alal =
undethaunsrany Inaaniziunisduenuanuaunmuzandeyadssinnanlezaann
v IS ]

NAB9ATY ARG

NINNIULBITTULULENUN UL Fa9a1AUTLUATIAALILAZAARINENUNI VUL
=l 1 dl a 421 |dl ] ] v dl dl a 1
ALUITYIN Bnun s aTat s lanasdayaniw uaziadaui il luianielaluus
aznInsaiies Tnen1 nuuANIaLIRLLATESE I UNINUE (Bounding Box) WAZANLILNA
gusvzasnunuzlunnld asazarnnsarinllusyensldlunistiuanuonaesenunug
faldls luedn IARUN9IUISEIaUEN T ANANITHL A UNIUKE IABTTLANNANUIUTD
ANUNIUUENNAFIAAL IAAINITLILATIARLII TN UL
2.3.1 4112481384 Vehicle Detection and Counting using Haar Feature-Based Classifier

(Choudhury et al., 2017)
. gt .
Ugueluina19969189N 1T Haar Feature-Based Cascade Classifier Tngli

N9l Haar Feature Technique Tung classify 921114 positive object il Negative object

o

FuAINdUABUILTN Asset Preparation $1Mn13train fia Image Classifier ivaldmsaadudmng

o

ANAINANIUKA LT Positive was Negative Tmein1wi ity Positive Object AaNINT84

1
=

HIUNIUUZANN Online Car Image Datasets wazn 1wy Negative Object T ni ldf
anunnuzad Tnanisdaniwunainlnle (Wunwlaan1svn Augmentation #ae3snns
UHUNIN) TuRauNaeIAan194519 Metadata MLl Number of objects, position WAz
. . . ] v A ¥ dl . o . :j/ dl d;
dimensions of objects AN JWARZAIN WaRLTaNn 1TLiNe train 69 Classifier TUARUNATN Lia
.o o ¥ & o o A o Ao A A o A o
train Faufeeudn a9 ld test funwRdunInuianAnleNninsenldiNeansaaqy
gUN1YUe wagld detectMultiscale Function @9¢lun194514 loop LAZAIIAALENTUNINLE
uwaztiuenunmuzgnamadulifansluniwilsznaudl 14 uaznanismaaaLnLdn sy

o

natiuAINaN92899 IR T NAN9TILNR uinaT liasTuegiuAN I NIBIN W L
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ANUTZNAL 14 WAAIFIBLINNITATIAAL LAZLLAN LI LABIL I WNINLE U D

Choudhury et al

Aaun: Choudhury et al. (2017). Vehicle Detection and Counting using Haar

Feature-Based Classifier

2.3.2 muﬁﬁﬂﬁ"m Vehicle Identification from Traffic Video Surveillance Using YOLOv4
(Sindhu, 2021)
Vl,cv’fﬁ’]mu'aimmﬁﬂi:qﬂm"l% YOLOv4 {lufansnaduenun s 0930y Lite
Fintlszansnnaesluinaldaiuisonsaadulduuy reaktime 14 uazldmagouiy
4NN UAN AR 9T zﬁmwmmm@ﬂmm:ﬁﬁﬂumﬂ, Tadesimilunisnaaiu

dl 1 1 o A ala £ d’j o o
Al dr99aINA19Tu-Na19AL, BRNean Wiy Tueatazin il 19lun 19Wmun framework

o o

ANUFUAIIAALRITRINATBETUNIUZILL real-time Aa il uazianstiuTun e WUy

q

dl ¥ o = P a a v
Wiﬂ@’]ﬂﬂ’]ﬁ‘Mﬁ‘Q@@‘U LW@Lll?‘illlLWHUﬂQWNﬂ?ﬁ@Wﬁﬂ’]W‘H@\‘IIQJLﬁ@ AIMNUANTNARDLILAAS LA

(-3 ' o dl o ¥ v a o o a
WiWan seuumgadununnn g Wranduuaniunisadasuansluniwdsznaui 15(a)

o

wazldluunegnunisad sewassluniwisznaun 15(b) denalinisldssuumnmaduitly
AN IWNN9TIL ARINANIIMARUNALAINA TUaETUTTULATIRAUEIUNINUY AILARY

Tunwdsznaun 16 aziiuladn szuunINITuaIUuEUNIBLE lERINIRuNd A LT

a 1 dJ o dl A 2 Yo o ]
ATDEYNDANAIT Taszuun1InTaaudanld Aaslasun1swmwisall
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object car 1 :
predicted object car 2 :
predicted object car 3 :
predicted object truck 1 : - -
predicted object truck 2 : predicted object car 1 :
predicted object car 4 : predicted object bus 1 :
predicted object car 5 : predicted object bus 2 :

predicted object car 6 : predicted object bus 3 :
predicted object car 7 :

ANUTENAL 15 WAANARAENNNITATIAALILALULANUIBIBIENUN AU IR R e
Sindhu (a) KEAINITATIAENUNIUULALNNIWLIAR WAT (D) LEAINITATIATLIENUNIUULT

Naule s

#Au: Sindhu. (2021). Vehicle Identification from Traffic Video Surveillance Using

YOLOv4

ANUIEnay 16 Nan1THLENENIMLZa9s UL U WRAR8Y Sindhu

Ax: Sindhu. (2021). Vehicle Identification from Traffic Video Surveillance Using

YOLOv4

ABN19ULEIUNINULAINATUIVIBIETUN MU YNATIAAL IFAIN Tz ULATIAd L

HIUNIVULAINAY AN UL TUN1TT LA LU TUANN LN U1 URITZULATIANL 1A

u

Ay = '

TRuaTRIRNIZNIUNT0ARI1ATNATUNINGS UaZ AN19231RTARDIAD BNUNIULEYNALLA
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1 v
v a o 1

n analiainnnszylddneuninuzuaarAuislluniangle anvisdanae liiaaany
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Heninlihlszandldudnainduseunisnsaaduaunivuzuas inaansnananisnmus
Wudwdswuuuouuludagan nd s uniuusitnaaunenu (Detection Line) way

v a

MMUUAGABINBILUAILNUNTBETUNIUUE TAEN1TTLANUIUNUNIBEA LTS AA819D
d‘ o dl dl ] o 1 v a dl o al ada}a ¥ al
LULIUNIAUZNNINUA LARBUARIUAILULIT D UEUE19BINNNUA wazan e N e N AN
AN LN R TN TIUL T NN U NI MUZ BN AT AN UN A TIATL MTIRALLNUN WU
. . g v A ¥ v ¥ a o
(Virtual Detection Region) Lunuuludayanin ialaunisadiadudnedelunisiuuuy
uiuaedu i liaunsnduenun iz ngnaaaN lAatnung NN T
2.3.3 4MAREITRI A Computer Vision Based Vehicle Detection and Counting
System (Seenouvong et al., 2016)
% dl o % o a o/ da’ v o N
nann1nvaue N1 wINe N rus lauRs el linnvue Region of
Interest A9 IWUsENaUN 17(a) Teazldnunianiziasly ROI TunnsnsmaduLaziiy
Ysnaeunanuzsie bl uazaudouiunauneguan ROI Aivld ROI Naiaauazutiail 5
T4 pasdrd lsnIndsenaun 17(b) wazn1uum Virtual Detection Zone 15 ULULTNNDL

o

yal 4 | & o b . o d .
a3125 M7 1 3 Fauanumaniusun vuslsdniau saniwdsznaui 17(c) ety

S 4 4, & ddo o o 3 o '
HIUNIMUENLARAUNNIUNUNNNVUA TUTUAAUTAINITHUL T UN UL A dH UL

centroid 984 contours AW l§UNENUNMLzITNAAE19BY WHasul centroid aglaw

= = y A = . . A = o Y o
19198 2 Azl status {1 0 LA2LHAD Virtual Detection azitlazuitlu 1 wiagniLLas A
wandluniwdsznaudl 18 Watlaanuniaieuniwur A daluwanuiddei ldnanis
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Seenouvong et al U (a) region of interest (b) NN9LLNBENNUNTEY ROI AT (C)

virtual detection zone

Aun: Seenouvong et al. (2016). A Computer Vision Based Vehicle Detection

and Counting System

nisznay 18 sruumaaruanuninueluedde e Seenouvong et al 3Unw (a), (b),

(c) LAY (d) WAMIAIBLNNITULIENUNINUY

Aun: Seenouvong et al. (2016). A Computer Vision Based Vehicle Detection

and Counting System
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2.3.4 91UANETR9 A video-based real-time adaptive vehicle counting system for urban
roads (Liu et al., 2017)
U3 W@wenisld Ground update algorithm 8114 lun1sAsIaqL

o v

enunnzuuiesnunLUuSnTWE warldgluuunisiufiunuesenuninuenngaduls
Y acl ¥ . . . Z// % ¥ o aal 1 dl 1
Aa898N19 M Virtual loop ka2 Detection line WaNaNN1iL mimmmu@fmmﬂum kiteld!
NAUINITATIAAULIWNIVUSAINANINNITATIAT (ANRAATATRINITATIAT) TWARZ T
= % dl £ dl o % ac o 1 ¥ £ Y a Z// 1 ?/
OUWBNAYY TeTUUABLLUIWI WA REN9ssnadsdulagnandeiazaludunaunis

naaadldiuassuunuuluies ludunaunistiuenuninue tafulaasnienlddmnsuniy

I
o s o

1133104991991781n91 frame difference function (FDF) a115UTu1/30104a312 30 @ n 1w
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| o
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1
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1301UA1A99INNTALAMALNA LAT1AINNNIATIAAULTUN UL LARAUHNUIAY base
, . . P T Y ,

line Tuusiaznw Tnein13619899m209 Target NiARauNNIUIAU baseline waz AALBLAL
base line A1MFUANINN1FATIATNHANAATA LHAIAMNLIUN M UEBIADE TUAIUNUITN
a o Y v . o v o dld | dl o o
AariuninT N1eldidu Base line a1avn sz uuiuanunIuuznNd 1289 segment NYiLiu
souiiluAumgaiuls auaenld Virtual Loop Nafreauilunseudwass wasdudsunm
231993 1NAARIU object pixels RIUFAAY segment FAAUUIAUAY Virtual Loop WAy dAdI1
ANNNINY object TBIUEIAY segment ABAIINNI1NTEY Virtual Loop tdulntusi lun19iy A
wanslunwilsznauii 19 uazsruuatusnUsunlasugluiunisiiBunnaasszidng
Y 2 o Al o A 4.
nagaauuuRlamuaninnirasaslaetneraiie nan1maaseanuan Wasauieusy

4 v o~ a | . o .
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ANUIENaL 19 LARYFaL19NIT L virtual loops Lag detection line Tun131iLA119L

LIUNIMUETR9T2 UL LN1AA RN Liu et al

AN Liuetal (2017). A video-based real-time adaptive vehicle counting

system for urban roads

2.3.5 91UAR8IFB9 A Vision-Based Pipeline for Vehicle Counting, Speed Estimation, and
Classification (Liu et al., 2021)

a o o ¥ 1

Ihinawanistszgnsldmalulagfupeniamefimiiugneninn i ldae)
1 = a a dl =® £ % o KR aa ) o o
atNHUsLANENIN WieAveTayasIuN13AIasAINAINLTUANAATe TRetiNN19MIIRILIRE
dl U o . dl o o Aﬂl
niflu state-of-the-art 1114 Larn1N"9 transfer-learning ansasuIRgNueTuNINUE,
a (9 o Yy aa ¥ o [ A .

AR, uAazANIEIL ANnaaddnte nlddnauanisldiuguuulud Ae image-to-
world homography 928N 72@nEANIUNTHLAIUIVLIUNINULAINTEIATIATUAL
ANANIIAYNNENITBENUNIMUE LA AN VRN UNMUE ANTdaga3e s wazldnanng
993 convolutional neural network (CNN) classifier fiudayan widsisnamiadnllsoe e
Ilunsuandssinnaasanuniviug Tudauaeani9iulFunniasnas MU ALIAUIALA S
N7e1u TANN14519 Reference line Iunn wazld Reference point 114 Boundary box Wi

%

0 o A = . o =
N1vua luNIELLNAIARaUNHIU Reference line Aalansluniwdsenaun 20 uay



31

o [ % -=ll v ' all o ¥ a;d =
ZQ’]‘VI‘J"LIN@ﬂ’]?u‘i_lLLZ\]ZLLEIﬂﬂﬁ‘ZZLﬂVI‘ﬂ@\?EI’WHWWMHZﬁVﬂﬂ wudnTuinaniiaus uanaung

ANLNUENNINNLT 90 LlaFidus

nsznau 20 LaagsaaginanisldE detection line TUAN91LANWIUENWN MU 9711 T1d

U9 Liu et al

Ay Liu et al. (2021). A Vision-Based Pipeline for Vehicle Counting, Speed

Estimation, and Classification

2.4 szuuanuundszinnanuniuue (Vehicle Classification)

Faanannisiasednadszarmiiaauuunaeulagdu adne YOLO Midenld §
TasaadailuszunnIadULLL9UReWAEY W38 One Stage Detector R@NxsnluadNE
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2.4.1 914348704 Classified Counting and Tracking of Local Vehicles in Manila Using
Computer Vision (Cruz et al., 2019)
Tuuddeilaunduessuutuwaratwungun et u il aansiian
UszimnaNAUTug Tl aanzfianiied HUenNae UN N UL WAN AN AULILAUUANEUAN
agatnetian 9 Uszinm, nuuanasasetinedasilszunn 21 sz waliarunsnaiuun
dszinnaaserunvuslduainuataninau gadulsinauanisaingadagasiuninuy
Nestiunaieauuiies e ldinismeufresrresingaindayadnleniinnld anuisousn
AN LANANNTBIUTEAN TN UNINUE T WAInNA 11 Uszinn sangssluninwdsznay
7 21 dnsunisimunlneaieasundssinneesgunvuziu 1okt Neural Network
Algorithms N nel wd a8 Pre-train model NAaNNINAG2L 3 LNtAA LAWA 1.)
SSD+Mobilenet, 2.) Faster—rRCNN + ResNet50 LLlay 3.) Faster—rRCNN + ResNet101 LA
Mnisuseumauiieaantunan iuannga llldlunisnsadunazainunilssinnues
‘4! o b ~3 1 a dlddl
ANUNINUE TIANEANIIAGe Uz UL YWY TunisvaasBaumaulunanangnlu
N1931WUNUTLLNNLTUNINUE FTULNAINITDAWUNUIZANAINN A FIN1709 9B LANAT

AaUTeR @arunsnuandszinnlalaaiarnuusuenegi 92.96 wafidus tnalunanld

maraduuazLensvnnlAnngnAa Faster-RCNN + ResNet101

SUV: 99%

ANUTTNAU 21 ARBENNNITATIAALABITEULLE N TN NI UN VUL DI DU LI UIRE

U89 Cruz et al

f11: Cruz et al. (2019). Classified Counting and Tracking of Local Vehicles in

Manila Using Computer Vision
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2.4.2 91UR8Te9 Embedded CNN based vehicle classification and counting in non-
laned road traffic (Chauhan et al., 2019)
T1a113de il uanannazunauelupaniewTa e unanisawund sy
o o U o dld 1 o U o ¥ o

waztua uKe unIruznsing lMuann1s CNN AR LANFA1iuLae galiinduanns
ldgpdayanasismunies Tnaldaalanifiunn 4 JULUUNRYNNOWDINUNIAUEALANF
o ¥ ¥ dl 1 dl £
i wnaiaiudeyasesuies iauteenu wivugeaniddu 7 Ussinn ialneuszuulng 1
Tasvinelszanminenuuurauligiulunimmaduuazatuunissinnainilssinnaes
FNUN UL BIDU T9ann1INedaL wadnalfiiugn s2UUg1N1709IN19AUN LT LNN T8

gNUNILENNAINUAN leAaud9R AatdnslunIwlsznaun 22

100 = . ; ! T ]
Al |

B0

Pracision

40
20

SRR T
e e e W
B I A A S e

MMWUTZNAL 22 LARIFRBENNHANNINAFBLINITANUUNLTUNN BN UN UL B DU a5

Auls InaldmaTimiduan precision TuaNuAqaea9 Chauhan et al

AN Chauhan et al. (2019). Embedded CNN based vehicle classification and

counting in non-laned road traffic

2.4.3 911348704 A Vision-Based Pipeline for Vehicle Counting, Speed Estimation, and
Clasification (Liu et al., 2021)

A o ]

IiinawanistszgnsldmalulagiunaniamefsimiiugUnandiniiildes
A a a A = o 9 o R _aa |
aeieNU 3L ANENIN IiNamvleNdayanIun1sagIazaInnIntunnafle Tnaludqunisuen
1szinnaasenunue 1Akl szinnaaseunInuzaaniilu 12 Usslnn wasidauasanig
o aa A % dl % i’/ o o o
AF9A91 2 98 ABNIT MANINEINTAIENWNINULA LAAINTUAAUNITATIRIULTUAIR LN

FNAUNITITUANNI7289 CNN DA LUNLILIANUBILNUNINUL LARININITIAALNAN
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WTIANANINUAU

Fuunmunuplals ﬁﬁlluﬂiﬂlﬂ‘ﬂ CNN:
(weight = ImageNet)

T

i i) 1 [

— 1= T
| Vehicle class | Vehiclk Tength |
Class 1 up 1o 5.5m

>12.5m - | e ——
9 - 7.5 Loee  Umer  Laver
=27.5m — 365
=36,5m - 53.5m

Final Class = Class(i), where i = argmax count(i)

ANUsEnas 23 ANLAAINIFALUNLTZINNa9TE UL TN 1Aega9 Liu et al

Aun: Liu et al. (2021). A Vision-Based Pipeline for Vehicle Counting, Speed

Estimation, and Classification
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Tassdnalszamnanuuunauiagdulunisiinidulumangnilnd un1uaa (Pretrained

Model) fanriugadayasuniuusriastiunlaadnaunnlnsiangdaisveseuninugng
¥ 1 a dal dl :J/ 3 v dl 4 %
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2.5 nM1sUsziiulse@NENW (Evaluation)

o o

Tun19tsting s ANEN N VBT UUTILETUNINUZETUNIUNUY FRR8HNUIALe
v aa = o rd‘ Y o ¥ dl a d? a
HANNINAABIAERTNILTULNUUHARWEN AN UNALRAL 93Ty aNAATIWATY (ground

¥
o o

truth) A1NNT3EUMLdNRN FTdaNLanallsz@naninaasszuslsatinetaautastan iy
NINAB ATAINLNLEN (Accuracy) warARAEBLURsTUAAMURANAINENYTA! (Mean

Absolute Percentage Error (MAPE) 7iingninunduginanuianainlunisiuieuseinnues
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2% 24
% o [ %

grunmuzlasnmaantessruufitiaue wenainil defldidaiug fgnidenunldedung
LRI AZIAEANNIUUNUTZ AN UNINUZIBISZUL BEINQLT1 Precision, True
Positive Rate 1138 Recall, True Negative Rate W38 Specificity, False Positive Rate, False
Negative Rate k@< Confusion Metrix 17{ LA AITI8AZLBYAYDA True Positive (TP), True
Negative (TN), False Positive (FP), False Negative (FN) HIT: 401
2.5.1 $11A%EF04 Vehicle Counting Using Detecting-Tracking Combinations: A
Comparative Analysis (A. Alsanabani et al., 2020)

AT a6 993N ML BN AUa A TN N Y0 Deep
Learning Algorithms §1%15Un13m39a419me (Object Detector) WAz Algorithms &11§1UN13
ARA1NTRY (Object Tracker) ﬁILﬂuﬁﬁﬂu’lﬂwﬂu e ldUsuldFunisulsunn

a31a7 Inelunimadauszuy lduantaainnisiulane uwalTaumauiunisdusasg

¥
o

FianaenMudnsnailTaUauAa Accuracy Percentage 1ol

o

angpaNdayaas Ineis

o)

mwilsznauf 24 uaaswanaiBausudadouainuudugn inasan lun e uninue

A o a
ﬂ@QINLﬂ@‘V]L@‘ﬂﬂhl‘ﬁ LAZATITINN 1

YLOv4 and SORT

YLOw4 and KIOU

YLOv4 and 10U

YLOv4 and Deep SORT

EfficientDet and SORT
EfficientDet and KIOU

EfficientDet and 10U
Detectron2 and SORT
Detectron2 and KIOU

Detectron2 and 10U

Detectron2 and Deep SORT
CenterNet and SORT
CenterNetand KiOU | —

CenterNet and 10U

CenterNet and Deep SORT
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Accuracy percentage

andszneu 24 nansidTeuiisudadauaanuuiugn lunsiueunivizaeslunadn

Ranld l1aN1Asuad A, Alsanabani et al

A A. Alsanabani et al. (2020). Vehicle Counting Using Detecting-Tracking

Combinations: A Comparative Analysis
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m1319 1 Nan 1lFauiaugndoumlnnuduealun1stusunvuzaaalninaniaan 4

melARerlranuuAnAasdn IneINALazdaan luaBqaaed A. Alsanabani et al

Model Daylight Night Rain
Counts Pct. % Counts Pct. % Counts Pct. %
CenterNet and Deep SORT 1693 96 811 97 72 104
CenterNet and 10U 2350 133 1246 149 1208 173
CenterNet and KIOU 1359 7 644 7 845 121
CenterNet and SORT 2033 115 945 113 942 135
Detectron2 and Deep SORT 1637 93 775 92.7 649 93
Detectron2 and 10U 2722 155 1413 169 1180 169
Detectron2 and KIOU 1387 79 694 83 796 144
Detectron2 and SORT 1984 113 928 111 879 126
EfficientDet and IOU 1405 80 686 82 642 92
EfficientDet and KIOU 597 34 318 38 30 53
EfficientDet and SORT 562 32 510 61 342 49
YOLOv4 and Deep SORT 1633 93 769 92 642 92
YOLOv4 and 10U 2581 147 1204 144 1040 149
YOLOv4 and KIOU 1264 72 585 70 586 84
YOLOv4 and SORT 1984 113 903 108 845 121

AN A Alsanabani et al. (2020). Vehicle Counting Using Detecting-Tracking

Combinations: A Comparative Analysis

2.5.2 SIUANIETDY Intelligent Traffic Monitoring Systems: Vehicles Detection, Tracking,

And Counting using Haar Cascade Classifier and Optical Flow (Harjoko et al., 2017)

!
a

ARETNEURITILINIASY AARuLAzTULBNN0uaasld Haar Cascade
Classifier 8115Um399U UNIMUE WAz 435015 Optical Flow TUN1sRARINEIUNIMUL
LA AI19391NN 2RI AT UUAL AR A NENUNAMLENN TN ARDLISELIL AL 290TaNS
M99 RAAN wAHULTNN TR ULy Inelun1ImageaunisnsaaLeNuNIuue 18
WBefennisld min_neighbours value (min_nb) Avainuane uazulFefiening 14

¥ 1 [
Accuracy Percentage Wusiamidn inagilsz@nnmluniaiuscuy Auanslunnsneit 2 az

'
! a

Wuladn sruuntauai A nudus lunTuN ARt 19l UssAnsnn Taadanu Ll ugn

|dl & @ 6
gagnetinlsvannd 89.40 e idus
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a o

F1979 2 NANTTHLENUNILEIe9NadENgniaue LAt Yes Harjoko et al

Min-nb Real Detected TP TN FP FN Acc (%)
2 1744 1769 1648 0 121 96 88.36
3 1744 1688 1620 0 68 124 89.4
4 1744 1625 1577 0 48 167 88

Nun: Harjoko et al. (2017). Intelligent Traffic Monitoring Systems: Vehicles

Detection, Tracking, And Counting using Haar Cascade Classifier and Optical Flow

2.5.3 mu%vﬂﬁ;m A Traffic Surveillance System for Obtaining Comprehensive
Information of the Passing Vehicles Based on Instance Segmentation (Zhang & Zhang,
2021)

Biauedsnisluntsimuiszuuifassdadaunisasasi Mudeya1e9
gnunvue (Usznaullfne Ussnnenuninug, a0 nata a9 uniuue, NTALNINIRE
WUL 3 HB, ANHLTITBNLIUNIVLE, TAT1ATYRIENUNINUY WazLTNIUaI1a9) tnenig
Mas R-CNN 11013911 Instance Segmentation Lﬁﬂm'm"fmq, 14 SORT lunnsinn1udng
LazyiIN"g calibrate AW ludayadale aging homography matrix 1NN IMUATE Y

Y

fepnAduass Tunisdananisdnuunzessruundnane §adelduancuatneld

confusion matrixes Tun17LA A AR UDIT N8R LIAEANNITALUNAL1ITALA WAL A9 T3

dl o

nwisznaudi 25 uazludouresnisdananisdnuunaesszuuiinaue lduanadu
dndauresnanisiuainszuufsaunsuiunamasredoyaasaiuanslun1s1ei 3
A ) = ° Nao o oy
nudriAdnnudngmaslunisauendssinnaessuninurlulnlesaiuegn 97.3
wafidus, 08.8 wWafidus uaz 99.1 wWefidus uazarnuingaanlunisduenaiuau

aa z |dl & 6 < [ < &
memmmuwmuﬂmmiﬂmmmgm 95.4 Lﬂmmum, 88.5 LWaFIdUs uaz 99.5 LaFEus
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coach coach

True label
T'rue label

True label

truck truck

car coach truck car coach truck car coach truck
Predicted label Predicted label Predicted label

(a) (b) (©)

ANUTZNAL 25 LEAININAIREINHANITAAANLTLNNUBIENTUNI VUL LAZANUILIBINAN
(a), (b) Az (c) LAMY confusion matrixes m@qm?ﬁﬁLLuﬂﬂi:mmmmuwmumﬁﬂqm%’ﬂga

1, adayan 2 uaz gadayah 3 lwiudduaes Zhang & Zhang

N Zhang & Zhang. (2021). A Traffic Surveillance System for Obtaining

Comprehensive Information of the Passing Vehicles Based on Instance Segmentation

D

1379 3 LL’&G’NN@ﬂW?ﬁUHﬁuWWﬁuzLLEIﬂﬂ?:’,LﬂV]?J‘ﬂQEI’]uW’]MHZ"]Wﬂ‘lj‘ﬂ?a.ll‘ﬂﬂslj@ﬁ 1, Tadanan 2

q a

e fgm‘*z’fmgaﬁ 3 Tusuiqeaag Zhang & Zhang

Driving lane Car (CN/GT)  Coach (CN/GT) Truck All Types

(CN/GT) (CN/GT)

Video 1 Inside 202/202 7/8 8/6 2171216
Outside 61/58 13/12 89/90 163/160

Video 2 Inside 148/148 13/12 4/4 156/156
Outside 72/68 15/15 95/95 182/178

Video 3 Inside 125/128 2/0 12/7 139/135
Outside 165/164 2/2 38/30 205/196

TR Zhang & Zhang. (2021). A Traffic Surveillance System for Obtaining

Comprehensive Information of the Passing Vehicles Based on Instance Segmentation
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3.2 NSLASANTAYA (Pre-Processing)

cvl/Li/c.v 2 o

Tunswrenauniantesgadeys §adelaanmesfidulaldnanaunesu
v 1
POILNULTUNINUELURDIDUWAIUNA 250 LN uazvinnisivuateTetlszinnaes
enun vz lugy visanievin labelling tneldiAsaaiia Roboflow iveadagadesagiininaes
oa 4 .
LIUNINULNNYTUNNTRENUNINUEAUANFAU 11 Uszinn Anngtuuunisudedseing
TRIENUNIUUETBINTHNNANNILszmelng Taun
1. Motorcycle 1138 $0ANIBNUEIUF

'
o

Passenger Car %38 sngusisdauyanaliii 7 Nl
Van 9138 s08usiisdauanaiiu 7 N1l
Light Truck 98 $0USINNUUIALAN 4 Aa

Medium Truck ‘Vﬁ"ﬂ INUTIINNIUIANAT] 6 an

e o A w N

Heavy Truck w78 saussnnawIAtug) 10 88
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7. Light Bus %78 30lR2i@n7211AL8N

8. Medium Bus %138 301Ag4192W71ANANY

9. Heavy Bus 190 snlpaansauinluny

10. Semi-Trailer i safiaviag

11. Full-Trailer %178 saWa9

waNaNE Roboflow fagnuanansaldiduiasesiialinimin Data Augmentation il

%’@H@f;lé\‘uﬁ’ful,mm%’wgﬂmwLﬂugﬂmwimij efinaanamanuatuazauandayals Tae
ludunauil gadeiaanldianig nduauglnn (Flip), AALUN9491a830N (Crop), Ny
1N (Rotation), U5uiaaugilnan (Shear), Uiuuasadng (Brightness) waz AnAesunau

v

aslilunan (Noise) neuinliadadugadayaieilnduuunaisesludunausalil anug

¥

n13%11 Labelling 4az Data Augmentation Tng/ldLe3aia Roboflow & vinllagadeyand
> = = iy, oo = =
JUNNTIMHA 3000 JUNN UATH label Nunnsteiuieuun 11 dszinm Tnalssaziaan
i ] 1% P o o v o
instance B98I UNNMLIAaszINATLandlua1s199 4 dusuldlunisinluszuugan

dszinmanuniuuy faativaasnnlugadagyanaiuaniia mwilsznaudi 28

B34 4 918AZIBAAAUIN instance BBdENUNIMUzLAaLlszn lugdaya

Class Description Instances
0 motorcycle 11,905
1 Passenger Car 21,676
2 Van 2,231
3 light bus 144
4 medium bus 1,322
5 heavy bus 276
6 light truck 12,641
7 medium truck 1,322
8 heavy truck 1,228
9 semi-trailer 1,023

N
o

full trailer 402
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1 4
nwisenau 28 faatinsnanenunavue lugedaganaingi

3.3 N19ATIAQAUETUNINUE (Vehicle Detection)

guiuluduneunisnsaadudngiduenunivue gaduliaenlduannislasedne

q

dszaminenuuuaauligiuatine YOLOvs iluannifnanssuvanaesszuulunismnsiady

o ¥

Fognidueuninue Tnonadnsnldainduneunisnaduilas naesrauLas 2 JAve9
#1UNIUUL (2D Bounding Box) harAd1NuIaviduaestlszinnueading (Class

v

Probabilities) @auaanaaa12 1l azgnldidunislmeFludunatnigh RN WnINLe

a

De

(Vehicle Tracking) sialyl weiillassag YOLO gnilntulaaldgadeya COCO danialutn

¥ i
¥ a A o dL

auatl PIngAduenunirusuunuuines 4 Uszinn taun motorcycle, car, truck wag bus

a Q

Pl uglssinnaasina laieana 4 desinnivingi e lissuufna 51921110 nuNeNg

dszinnaasaruninue lda1useIn1s AR uineuseu ﬁfmqméﬁ’ﬂgaﬁm%ﬁumiu
fumeuneuwing Wrrunamnsanmaduuazimunalssnnaesaunmuzldian 11
Ussinnanaiituunlugadeya Tnadenfindusan pretrained weight i laseadauansing
fugnusldur YOLOV8N, YOLOVBM uay YOLOV8x d4iflu weight 7ildannnsiinsulneld

fadayn COCO val2017 It nuansnimes batch = 16 WAz epoch = 100 WAZLAGN

weight Nangaaasusiaslnsaaielilddmiunaseussuusell aannasesnisindudeya

1 1
cala a

wud1 nagaanld YOLOVSx 1l weight Tunnsilnilu Tiuadawsnangn Inaidn mAP50
AN NUszIne U Iruretnlsenns 98 wWafidus uazA1 mAP50-95 LaAHTINYN

dszinnanuniuuzegnlszunm ge.3 wefidusd dvnansluniwdsznaui 29 uas
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confusion matrix ABINIIVNUNLUTLNNUAILNUNNULUAAIAININLTENBUN 30 898911

A YoLovem iflu weight Tunsilndu Wuadnsiiaiian InailAn mAPSO l@dasaunn

ﬂixmmmuwwuzﬂﬁﬂnmm 97 1aFiFus WATA1 MAP50-95 mﬁlmqunﬂﬂizmm

muwmumﬁﬂszmm 81.7 wafidus dauansluniwilsznaudi 31 uaz confusion

matrix 784199118 TTIN TR EIUN Uz RARIFI A Wl sEnaud 32 uazdiuiy

YOLOvan flu weight lunsiindlu Sszandnwsniige Taaddn mAPS0 lwAgsaumn

ﬂ@tmmmuwwuu:@fﬁﬂ?:mm 86.9 \lafiGus LazA1 mAP50-95 Lﬂ?}lmqunﬂﬂﬁzmm
P

anunnuzeglszuam 62.3 wWefidusd Awandluninwisznaud 33 uaz confusion

matrix 2BIN1IN1UNLUILNNTBILTUN VUL UARIAININLTENBUN 34

100 epochs completed in 9.482 hours.
optimizer stripped from runs/detect/train/weights/last.pt, 136.7MB
optimizer stripped from runs/detect/train/weights/best.pt, 136.7MB

Validating runs/detect/train/weights/best.pt...
Ultralytics YOLOV8.0.54 &’ Python-3.9.16 torch-1.13.1+cull6é CUDA:@ (Tesla T4, 15102MiB)
Model summary (fused): 268 layers, 68134161 parameters, © gradients, 257.4 GFLOPs

Class Images Instances Box (P R mMAPS@ mAPS50-95): 100% 94/94 [01:49<00:00, 1.17s/it]
all 3000 54960 0.989 0.959 9.98 0.863
full_trailer 3000 402 0.996 0.998 0.995 0.92
heavy_bus 3000 276 0.993 0.995 0.995 0.889
heavy_truck 3000 1228 0.983 0.909 0.959 0.802
light_bus 3000 144 0.991 S & 0.995 0.936
light_truck 3000 12641 0.988 0.941 0.977 0.83
medium_bus 3000 1322 0.994 0.981 0.994 0.904
medium_truck 3000 2112 0.99 0.964 0.986 0.86
motorcycle 3000 11905 0.972 0.859 0.922 0.715
passenger_car 3000 21676 0.983 0.955 0.984 0.847
semi_trailer 3000 1023 0.997 0.993 0.995 0.93
van 3000 2231 0.986 0.95 ©0.982 0.857

Speed: ©.3ms preprocess, 25.6ms inference, ©.0ms loss, 1.5ms postprocess per image
Results saved to runs/detect/train

nwtlsznay 29 neaNnsENeluIz UL Aogl YOLOV8X weight WAz adayasntin e

v
#5971
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nwilsznay 30 confusion metrix WARNNANIFYINWILLITTIANENUN MUz BT AT AT NE

52UL Aagl YOLOVBx weight

100 epochs completed in

Class

all
full_trailer
heavy_bus
heavy_truck
light_bus
light_truck
medium_bus
medium_truck
motorcycle
passenger_car
semi_trailer
van

4.464 hours.

Images Instances
3000 54960
3000 402
3000 276
3000 1228
3000 144
3600 12641
3000 1322
3000 2112
3000 11905
3600 21676
3000 1023
3000 2231

Validating runs/detect/train3/weights/best.pt...
Ultralytics YOLOv8.8.55 & Python-3.9.16 torch-1.13.1+cull6 CUDA:@ (Tesla T4, 15102MiB)
Model summary (fused): 218 layers, 25846129 parameters, © gradients, 78.7 GFLOPs

Box(P

9.
Speed: ©.3ms preprocess, 11.2ms inference, ©.ems loss, 1.8ms postprocess per image
Results saved to runs/detect/train3

DO OO OO0 000

Optimizer stripped from runs/detect/train3/weights/last.pt, 52.8MB
Optimizer stripped from runs/detect/train3/weights/best.pt, 52.0MB

R
©0.935
0.99
982
.849
1
907
o74
242
808
927
985
0.92

® ®

OO 000 O

mAP58

0.97
8.995
0.995
0.936
0.995
0.961

0.981
©.888
0.972
0.995
0.964

mAP5@-95): 1@0% 94/94 [01:08<00:00,
0.817

0.847

8.75
911
777
869
813
645
798
893
864

OOO 00000

1.36it/s]

nntlsznau 31 nngannsEneusTLIL Aogl YOLOVEM weight LAz ATayatnunI iz

oy X
ATNUU
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background
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heavy_bus
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nwilsznay 32 confusion metrix WAANNANIFYINWIALITTIANENUN MUz BT AT ATHNE

52U Aagl YOLOV8m weight

Class

all
full_trailer
heavy_bus
heavy_truck
light_bus
light_truck
medium_bus
medium_truck
motorcycle
passenger_car
semi_trailer
van

100 epochs completed in 2.937 hours
Optimizer stripped from runs/detect/train2/weights/last.pt, 6.2MB
Optimizer stripped from runs/detect/train2/weights/best.pt, 6.2MB

Validating runs/detect/train2/weights/best.pt...
Ultralytics YOLOv8.0.55 &

Images Instances
3000 54966
3000 482
3000 276
3ee0 1228
3000 144
3000 12641
3600 1322
3000 2112
3000 11905
3000 21676
3000 1023
3000 2231

Box(P

DO OO0 OO O
o
~
o

R mAP50
©.786 0.869
9.836 9.914
©.827 0.882
9.634 0.75

0.86 9.909
9.734 0.85
0.876 0.941
0.764 0.866

0.62 0.73
0.789 0.892
0.919 ©.948
0.785 0.874

mAP509-
o.

Speed: ©.2ms preprocess, 2.3ms inference, @.8ms loss, 1.8ms postprocess per image
Results saved to runs/detect/train2

00000 O ®

Python-3.9.16 torch-1.13.1+cul1l6 CUDA:@ (Tesla T4, 15102MiB)
Model summary (fused): 168 layers, 30887793 parameters, @ gradients, 8.1 GFLOPs

95):

623
696
643
531
729
565
762
662

.42
.61
e.
0.

737
619

100% 94/94 [00:44<00:00,

2.11it/s]

nwtlsznay 33 NININNITRNRWITLIL Aogl YOLOVBN weight UasgATRLAENUuNIWET

oy X
ATNUU
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Confusion Matrix

full_trailer

heavy_bus

heavy_truck

light_bus

light_truck

medium_bus

predicted

medium_truck

motorcycle

passenger_car

semi_trailer

van

s
-
o
s
8
o
]
2
-
o
3
=
Q
2

background

full_trailer
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background

True

nwisznay 34 confusion metrix WAAILANITVINUIELTEINNENUN MWL RYATIHNE 1

52U Aagl YOLOV8N weight

3.4 NMIAAMINETUNINUE (Vehicle Tracking)

A miusruuAamneunnusiiaanld faduasldssuufnnINYes BotSORT uay

o o 1 o

v
ByteTrack JussUURAAMINENUAIYMUS In8as ITT2UURARINTN 2 FaAINaII7INNIUIINAL
TULAIINNLLTUNINULN LT LATI8519289 YOLOVS Lae custom weight 7 laannnnsinely
sruumnegadeyasuNIMLETiastutessvinalne Nai9au (Local Dataset) NAANST L5
1 14 ¥
ANTTUUAIINTLLAZRAARINENUNIMULNEF9TUNNT azle Auntlerese N uzLAas Ay
Tunaw (Bounding Box), Useinnaa48 1Un11ue (Class) Was A19ZALAINNTIRNULDS
4. , 4 . ek & «
UsenneNunInuENgniauIe (Confidence Score) TILAANTNANNAN azgniAuLiluy
widwmasguiuiin llusegnld ludunaunisiiauniue Auuntdssnmanuniuuzuay

Sauani1madauszuLsalyl

3.5 mMsuudTuasIasuazaLunlssinnaasenunIre (Vehicle Counting and
Classification)

TunMTT LAY LN s NTegEUNTLE AYlEHadNSTILEANN TuRRUN1RIAEL
LALAARINYIUNINUY ‘L‘:Tuﬁ@ Bounding boxes wag Class Probabilities Wunigflimas

AmiunendeyasedsuniuizusiazAu lunisiueuninue azldsn1ead1adudneseau
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vunuuANkuIndszesauulunin Inald OpenCV Library UAZYINN1TANULAABINEILIU
Boundary Box U898 UNINULLAREAUN LARNNTUABUNNTA TIAALLAZAARTNETWUNINUE
1 v Y dl U a o 1 dl
neuntn Tngldqannenatszaanine1unduue TN 981989 LML TBNENUNINUE UATIND
WnARusuen lunsieunnue fRdslfnnnunlunsmsaduauniuue Tnavianng
ANUUALAL offset = 15 MIADIAIUIDNAUENIDIAILAAIFIDENG IBNINLTLNAUN 35 T2
TUHIUNIUULNAFINTUE AZVIINITUIMUNIAUTETUNINUY 1IB9AS1NBIT89EUNIULY
dl tzi ] o % ¥ a dl v dg/ 1 G dl ] 1 v a
WaRUNENUALIAUE9BINaTN TN luuAA U YTRLHEAIUNLIT4AENBIVBIENUNINUY
44 o X v = . . o - . .
AU ag lununuesdudneg ssuuazyinniafiudeyanisime fe s 1un 1z AY
W Aedeyalssinnuede TUNINLEULAZATUIUATANTBIEIUNINUEU TN NN LAY
o K v ada o o 1 ﬂl
wansnauariunnualugluuudaninuunindnledsuanssoatinalunindsznaun 35

(LAPNNAANTLTI DI HNUUENHTBININ)

0 200 400 600 800 1000 1200

ANUTENan 35 NN NUALAWAN9BY TN TUL BN BN VUL LA

3.6 IANANITNARDY

Y o

dl ¥ dgl 9 o v A d”u/ J 1 o o o
NINAFAUTSUUNATINTYL N"J@Hi@L@ﬂﬂimm‘)‘ﬁﬂ]ﬂﬂ’]ﬂ’)ﬂ%muﬂ’] (Accuracy) 4MUsU

a

FauasyuuiiaIuaueuwnuy IngaziiunisduenuniuennAunindaunEuduan9as
sauniszinn wazlddalidnrAneanasslafifudaonuianaiaduysaiuuuaaeinumin
(Weight Mean Absolute Percentage Error (WMAPE)) g 5UdnNase LU wunlszinnaes
dl ' aa = ] o KR v
BNUNIULE WeaInENnuaaswiazlszinnluialennasuenaiiaainliannaiis Ao
yinnstasminiiednAtANEaNaAlaL 9 NIBINITUUN LUK INUEYNTTLAN LAz
azyMs L EUNadNS A WL WU UL NUssmA lAanssuLR LR AT DY A
@4t (ground truth) NlAainnisnendeyalaaldau Inagluuunisuaninanimaaay

¥
pananail azuansnaugluuuansngluiodadaly
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NISNARDY WATNAANEUDINITIAE

4.1 HANTNAARNLLIBIAY
4.1.1 SEUUMTIARULTUNINUE

4.1.1.1 NIATIRGLENTUNINUEAEMANN19a LB ARINHUNAT

(Background Subtraction)
HANITATIAALENUNINULAINANNITALTRYAANANUNRS wanali

windn lunendngnanla §rusudeyan miniaauazidangs a18130

o

neaaauENUNILE e Aaudnalunindsznaui 36 wilan1snsaasudng

q

aa = <I1 [ % dl = < o
AMNATNNNNAIHNIZLAE AR memqmulf«]mmm@ﬂﬁlumw NALUNNANIT

= s v a
W?Q@’Qumimﬂﬂqﬂuﬂ AALAAS NN USENaUN 37

=

nwlszney 36 nanigasAduenuNIuuEInensld Background Subtraction fiudasad

AHAZIDHARN

=

ndsznay 37 nanisnsaduenuniuuginenisld Background Subtraction fiudasyai

ANHAZIAEIARINGN
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4.1.1.2 N1IATIRALLIUNINULAILUANNNG YOLO
o ¥ aa 2
HANNINARLNNTAIASLEUNIUNEANTeyaLszinninte Tneld
YOLOV3, YOLOV4, YOLOV5, YOLOV7 waz YOLOVS Laasssninilsznau
# 38 Tunwdsznauyt 42 muandy aziiuladinisineuees YOLO vn
e‘ql/ [ A dl o dl 1 ¥ ' a
nasiuaNnsnnmadudngRueunmuznAunag lunwlmduatnem
Tnadau1rangaadunazkantszinnaasaunivuzdiulun laAaudng
wiutn Tnaazdiulddniaudn aanisainuiudeyandnglauiaanls
a 1 o ¥ nd” o 1 dl < Y o dl
AnduanNIsaudayanunAINIn wiangUiuanawiuladn soussyn 1 Aun

gnA393a L LAUFUAIUN AR NTAININ FEULTINITUAAINITATIARUN

Hanataluunedos nanaunsaduladng 2 dng uaniduusinndouin

q

AMUALFUFAIUNULETaANAN Y

nwilsznay 38 wanismaauanuwIvielaanigld YOLOV3

nndsznau 39 NaN19ATIAALENUNIMULAINNT LT YOLOVA



ANLTTNAL 40 NANITAFIRRLENUNINULANNNITET YOLOVS

NNLznau 42 Nan19IRMIAaLENUNIYMUYAINNT T YOLOVS
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4.1.3 STULNUEIUNINUL
4.1.3.1 NMITUINLURRENANNIT Background Subtraction
mam:mmaﬂuma‘ﬁu:mimﬂ’l,ﬁ’fm*ﬂmmu%’@gmmﬁyuuﬁqﬁu
%’@aﬂamwﬁlﬁmmﬂuﬁm‘gaﬁumwﬁﬁmmﬂu%mﬁqﬂdq WAAIA S
nwilsznaud 43 uaznawilsznaud 44 pruaFy azifiulddn
ﬂ?zam%mwmmmsﬁumuwmum:ﬁu@fgﬁuﬂ@x@m%mmmm@mmﬁu
Tnamse vinldnsineuiudeyanimiidanuazidangs anansadusald
wiushannannndn feyanmiifiruazidaamndiwazenunuusiiaun
Binndn esannszuunaadurineuldlidne Wadymnisdugivienty
ﬂﬁﬂ%uﬂgl:ﬁ@ﬂﬂé‘:\‘l

VEHICLE COUNT : 4

all
A ndsenau 43 waasnanisiuanuaueuniuuzlaeld Background Subtraction 1w

danasnulunismasudan

ICLE COUNT : 78

ANUIENaL 44 Lamsnanisiuanuaueuntviuzlae 1 Background Subtractiontili

o

danasnulunismaaadudng

q
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4.1.3.2 NNINUIDEUFAFAIEUANNT YOLO
L UUTULNUNINUEANINIINARDL LAASHANITNAZ DL A
ﬂl =X ﬂl o o
Awlsznaun 45 09 MWLTENAUN 49 AINNIINARDLILRNWIUENUNINLE
Tunataynnesinaiu Inegld YOLO Tun1smsaaduenuniuue uazninisiy
ANUIUANNANUIUTDIRNUNINUENYNATIAAL LR AanHanITAaaLnLan ulay
U dl (=3 Yo v 1% 1
Wudaganinluyunasnaiuisanasiiugnunimuslddaudesdaau uszuy
ﬁmimq@é{umuwmuzﬁwﬁuﬁﬁLﬁm%u@ﬂﬂ@ﬂmﬁ“ﬂ AUNANIFTLRINUIUTINAN
AUATIRTUIBENUNINULALN ATUATININ FandaslunInUdsznaun 45
uaNaINy wudduiuusdeya n1sdus unIuUEIn lARANA1Ae 93N
o/ dl 1 1 o/ ﬂl

A3 UN NN L T un nuzidueunI e dangaaaluninwidsznaun 46
PIARNANAIALLAIAINATIATUN N LHAIRINNTENINNTATIAINAAT A 11T
FUMUNHNNADITILEN398 M AN TUATIANTIasEN UN MU IIAZNIN A
wasaluniwdsesnauin 47 uaz Awdsznaun 48 vreannsmiaa Yu
U U IANAAANT By AL UN RN AIN N TaIN W I geinuar AW A
grunnnzidnuanudayanin denalinisszuuliainisonsady
enunanuzlunnldetieaseupquatiandlunindsznaudi 49

v

sty Tunsun 1 euase @ uiuiua wINEIUNIMUY A9ATHNITAILANNNNASY
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A1319 5 LL@@\?NZ\]ﬂ’]ﬁ‘Lﬂ?‘HULﬁ?.l‘].lﬂ’]‘j‘ﬁqﬂ’]u‘ﬂ@ﬁ YOLOvV8n, YOLOvVBmM Lay YOLOvV8X Ay

STULRARINTRY ByteTrack

Class Ground YOLOv8n+ByteTrack YOLOv8m+ByteTrack YOLOv8x+ByteTrack
Truth
Counting  Counting Acc. Absolute Counting Acc. Absolute Counting Acc. Absolute
Rate Percentage Rate Percentage Rate Percentage
(%) Error (%) (%) Error (%) (%) Error (%)
Motorcycle 28 4 - 85.71 16 - 42.86 16 - 42.86
Passenger Car 376 364 - 3.19 433 - 15.16 395 - 5.05
Van 31 51 - 64.52 63 - 103.23 40 - 29.03
Light Truck 247 184 - 25.51 192 - 22.27 224 - 9.31
Medium Truck 37 6 = 83.93 " - 70.54 10 - 73.21
Heavy Truck 16 9 - 43.75 2 - 87.50 4 - 75.00
Light Bus 2 0 - 100.00 0 - 100.00 0 - 100.00
Medium Bus 0 0 & - 0 - = 0 - -
Heavy Bus 0 0 - 3 0 E - 0 - -
Semi-Trailer 39 4 - 89.74 24 - 38.46 27 - 30.77
Full Trailer 4 0 - 100.00 1 - 75.00 0 - 100.00
Total 780 622 79.71 - 742 95.09 - 716 91.76 -
WMAPE - - - 25.42 - - 27.72 = - 15.42

A1919 6 WAANNANTTILTE LN BLNITNI9IUTR YOLOV8N, YOLOV8m uaz YOLOv8x Nl

FTULRARINTAER BotSORT

Class Ground YOLOv8n+ BotSORT YOLOv8m+ BotSORT YOLOV8x+BotSORT
Truth
Counting  Counting Acc. Absolute Counting Acc. Absolute Counting Acc. Absolute
Rate Percentage Rate Percentage Rate Percentage
(%) Error (%) (%) Error (%) (%) Error (%)
Motorcycle 28 13 - 53.57 24 - 14.29 26 - 7.14
Passenger Car 376 378 - 0.53 502 - 33.51 465 - 23.67
Van 31 48 - 54.84 53 - 70.97 40 - 29.03
Light Truck 247 177 - 28.34 144 - 41.70 171 - 30.77
Medium Truck 37 3 - 91.96 14 - 62.50 12 - 67.86
Heavy Truck 16 7 - 56.25 1 - 93.75 3 - 81.25
Light Bus 2 0 - 100.00 0 - 100.00 0 - 100.00
Medium Bus 0 0 - - 0 - - 0 - -
Heavy Bus 0 0 - - 0 - - 0 - -
Semi-Trailer 39 5 - 87.18 27 - 30.77 27 - 30.77
Full Trailer 4 0 - 100.00 0 - 100.00 0 - 100.00
Total 780 631 80.86 - 765 98.04 - 744 95.34 -

WMAPE - - - 24.01 - - 39.90 - - 29.77
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fanasadngdqndnsna 49a9a1nanedi wasAeuinvees HANNATIBEATRININIZAL HD

(720p)

Class Ground YOLOv8x+ByteTrack YOLOv8x+BotSORT

Truth
Counting Counting Accuracy Absolute WMAPE Counting Accuracy Absolute WMAPE
(%) Percentage (%) (%) Percentage (%)
Error (%) Error (%)

Motorcycle 28 16 - 42.86 = 26 - 7.14
Passenger Car 376 395 - 5.05 - 465 - 23.67
Van 31 40 = 29.03 - 40 = 29.03
Light Truck 247 224 - o8l = 171 - 30.77
Medium Truck 37 10 - 73.21 - 12 = 67.86
Heavy Truck 16 4 - 75.00 - 3 - 81.25
Light Bus 2 0 - 100.00 - 0 - 100.00
Medium Bus 0 0 = - 2 0
Heavy Bus 0 0 - - - 0
Semi-Trailer 39 27 - 30.77 - 27 - 30.77
Full Trailer 4 0 - 100.00 - 0 - 100.00

Total 780 716 91.76 = 15.42 744 95.34 - 29.77
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AZBEALRININTZAL HD (720p)

Class Ground YOLOv8x+ByteTrack YOLOvV8x+BotSORT
Truth
Counting  Counting  Accuracy Absolute WMAPE  Counting  Accuracy Absolute WMAPE
(%) Percentage (%) (%) Percentage (%)
Error (%) Error (%)
Motorcycle 38 2 - 94.74 - 0 - 100.00 -
Passenger Car 679 503 - 25.92 - 538 - 20.77 -
Van 72 2 - 97.22 - 2 - 97.22 -
Light Truck 123 97 - 21.14 - 71 - 42.28 -
Medium Truck 3 0 - 100.00 - 0 - 100.00 -
Heavy Truck 5 0 - 100.00 F 0 - 100.00 -
Light Bus 0 0 - - - 0 - - -
Medium Bus 1 4 = 300.00 = 5 c 400.00 -
Heavy Bus 5 0 - 100.00 - 0 - 100.00 -
Semi-Trailer 2 0 = 100.00 - 0 = 100.00 -
Full Trailer 0 0 - - - 0 = - -
Total 928 608 65.52 = 35.13 616 66.38 - 34.48
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FN319 9 UAAINANITLFEUNHLNIIMNNUIBITELUALTAONI9997127 ANINN1939351NF
NANINH92ANAINTAFIIIA TIIAINAINTY kAIABUTNNIEIDT N19997147 MAYME lunN9 Ty

UGINANAZIBEATBINNTZAL HD (720p)

Class Ground YOLOv8x+ByteTrack YOLOvV8x+BotSORT
Truth
Counting  Counting  Accuracy Absolute WMAPE  Counting  Accuracy Absolute WMAPE
(%) Percentage (%) (%) Percentage (%)

Error (%) Error (%)
Motorcycle 67 25 - 62.69 - 65 - 2.99 -
Passenger Car 449 455 - 1.34 - 486 - 8.24 -
Van 36 25 - 30.56 - 26 - 27.78 -
Light Truck 279 275 - 1.43 - 331 - 18.64 -
Medium Truck 17 6 - 64.71 - 4 - 76.47 -
Heavy Truck 5 4 - 20.00 F 1 - 80.00 -
Light Bus 0 0 - - - 0 - - -
Medium Bus 7 4 = 42.86 = 5 c 28.57 -
Heavy Bus 2 2 - 0.00 - 1 - 50.00 -
Semi-Trailer 20 16 = 20.00 - 16 = 20.00 -
Full Trailer 0 0 - - - 0 = - -

Total 882 812 92.06 = 9.30 935 94.33 - 1417
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A1714 10 WAASHANTTIUTELI—LNN19IUT89T2LURLAA1aN1995197 ANNN1Ta3asiing
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AZBEALRININTZAL HD (720p)

Class Ground YOLOv8x+ByteTrack YOLOvV8x+BotSORT
Truth
Counting  Counting  Accuracy Absolute WMAPE  Counting  Accuracy Absolute WMAPE
(%) Percentage (%) (%) Percentage (%)
Error (%) Error (%)
Motorcycle 196 160 - 18.37 - 169 - 13.78 -
Passenger Car 245 333 - 35.92 - 349 - 42.45 -
Van 19 14 - 26.32 - 14 - 26.32 -
Light Truck 153 61 s 60.13 - 51 - 66.67 -
Medium Truck 7 3 - 57.14 - 2 - 71.43 -
Heavy Truck 4 0 - 100.00 - 0 - 100.00 -
Light Bus 2 0 F 100.00 - 0 - 100.00 -
Medium Bus 14 16 = 14.29 - 13 - 7.14 -
Heavy Bus 2 0 - 100.00 - 0 - 100.00 -
Semi-Trailer 3 3 = 0.00 - 3 = 0.00 -
Full Trailer 0 0 - - - 0 = - -
Total 645 590 91.47 = 36.43 601 93.18 - 39.07
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AZBEALRININTZAL HD (720p)

Class Ground YOLOv8x+ByteTrack YOLOv8x+BotSORT
Truth
Counting  Counting  Accuracy Absolute WMAPE  Counting  Accuracy Absolute WMAPE
(%) Percentage (%) (%) Percentage (%)
Error (%) Error (%)
Motorcycle 165 164 - 0.61 - 164 - 0.61 -
Passenger Car 336 344 - 2.38 - 282 - 16.07 -
Van 25 21 - 16.00 - 5 - 80.00 -
Light Truck 178 205 - 1517 - 222 - 24.72 -
Medium Truck 6 12 - 100.00 - 18 - 200.00 -
Heavy Truck 6 0 - 100.00 F 0 - 100.00 -
Light Bus 2 0 F 100.00 - 0 - 100.00 -
Medium Bus 4 il = 75.00 - 6 - 50.00 -
Heavy Bus 0 0 - - - 0 - - -
Semi-Trailer 36 18 = 50.00 - 16 = 55.56 -
Full Trailer 3 0 - 100.00 - 0 - 100.00 -
Total 761 765 99.48 = 10.25 713 93.69 - 21.55
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A19714 12 LAASHANITIUTELNAUN1I19UD 89T UUA LA TAN1999199 ANINN1TATRT
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Na1991 NANNAZIBEATRININIZAL Full HD (1080p)

Class Ground YOLOv8x+ByteTrack YOLOv8x+BotSORT
Truth
Counting Counting  Accuracy Absolute WMAPE  Counting  Accuracy MAPE Absolute
(%) Percentage (%) (%) (%) Percentage
Error (%) Error (%)
Motorcycle 149 133 - 10.74 139 6.71 -
Passenger Car 111 105 - 5.41 121 9.01 -
Van 6 5 - 16.67 3 50.00 -
Light Truck 22 29 = 31.82 20 9.09 -
Medium Truck 0 0 0 -
Heavy Truck 0 0 0 -
Light Bus 0 0 0 -
Medium Bus 3 %) = 0.00 4 33.33 -
Heavy Bus 0 0 -
Semi-Trailer 0 0 0 -
Full Trailer 0 0 0 -
Total 291 275 94.50 = 10.31 287 98.63 - 8.93
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Evaluation Situation YOLOv8x YOLOv8x
Metrics + +

ByteTrack BotSORT

Accuracy of Incoming traffic/ Bright Light/ AM period/ HD 720p 91.76 95.34

Vehicle Counting  ncoming traffic/ PM period/ HD 720p 65.52 66.38

(%) Outgoing traffic / AM period/ HD 720p 92.06 94.33

Incoming traffic with road shadow/ AM period/ HD 720p 91.47 93.18

Incoming traffic/ vehicles are seen more clearly/ AM period/ HD 720p 99.48 93.69

Incoming traffic/ congestion/ AM period/ Full HD 1080p 94.50 98.63

Average 89.13 90.26

Weight Mean Incoming traffic/ Bright Light/ AM period/ HD 720p 15.42 29.77

Absolute Incoming traffic/ PM period/ HD 720p 35.13 34.48

Percentage Ermor 1, 1oing traffic / AM period/ HD 720p 9.30 14.17
(WMAPE)

%) Incoming traffic with road shadow/ AM period/ HD 720p 36.43 39.07

( Incoming traffic/ vehicles are seen more clearly/ AM period/ HD 720p 10.25 21.55

Incoming traffic/ congestion/ AM period/ Full HD 1080p 10.31 8.93

Average 19.47 24.66
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