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PANUPONG SAEGO: REAL-TIME PERSON AND VEHICLE DETECTION SYSTEM
USING DEEP LEARNING FOR SMART UNIVERSITY. ADVISOR: DR. SARAYUT
NONSIRI, 43 PP.

The increasing complexity of crowd management in public spaces, including
COVID-1 9 pandemic, needs innovative solutions. Universities, as hubs of human
activity, face unique challenges in managing large crowds, particularly in cafeterias and
parking lots. This research applied the cutting -edge object detection algorithm to
crowd management in university using YOLO, by accurately detecting individuals in
cafeterias and vehicles in parking lots. The proposed system aims to improve campus
safety, optimize resource allocation, and enhance the overall student experience with
human and vehicle detect systems. The different algorithms were evaluated such as
YOLOv1 1n (nano), YOLOv1 15 (small), YOLOv1 1 m (medium) and be compared with
previous versions, including YOLOv8 and YOLOv10. The results shown YOLOv8 m
achieved the highest accuracy of 89.5% in 1st area of cafeterias, while YOLOv1 15
reached 85% in 2nd area of cafeterias. For vehicle detection, all models achieved an

accuracy of 90%.

Graduate Studies Student’s Signature.......c.cccoveevereennne,
Field of Study Information Technology Advisor’s Signature..........cocoeoerieennnne.
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wazmsiidgaiigninluldlunandasidmsuiinussdiu 1wy ndeadiogu nsdmidledio
msandrluntilaesnluifveandesdiesunielnsdnisiede uazlnsdwidefefarunsn
muaudeides Fmamarisunsthaildlusosud wu msmuaugunsallusnsudldse
e AuanTaessrUUtmslunTLIud U duian wazdmislugagamang
Uaneyeeg el sz Ansnmnauununsinmun unumddyiesnisinuasyiameslums
$ravsszuUsInizfianunsaaianmindemaiiouaidlaegafiusyansnim nszuauvienl
TusmAnemsvueust [Wusiu Bmnanhauduiinansenvediifsdfyiensindouives
viusud nsadisszuuind eudlldsalulfluanimuwandousine 9 maseusvenniouaz
vugualiwwltuddglunisihinldsuiuteyavuialug n15SeusideEn Msdmauagng

IANITON LULR

2.2 M3l38UYaNATRY (Machine Learning)

a

= o = [ A o = [y [ a = ~ U
ﬂ']'iLiEJUE‘U@\‘ILﬂi@QLUUﬂW‘U’WlZ:I‘QLuuvLUVIﬂ’ﬁWGMUWE]ﬁﬂE]'iVlllLW@U?UUEQI&I alaady

[

audayadiuuminiignldlunisseuiuarlidndudesdeulusunsulaenss unuimaifisy

o

=)

yosmsiSeuiveaaionisrtostunsduunUszian fnquszasditelviszuuiSeusiladdu
anansndeunuanTAnionmdnurvensiivatutunaaiifsatesldos g uazin
msasderananlunsiuunussinvlivderesiian egndlsimulananldsumasoudoud
ANNusug AUl uenanazdesldaouiiamesifiussandainganazinanlunis
Uszanana lunadziimnuamnsalumaineanuwiudifuyateyalvsifieguenmioan
yndeyaiRulétionas lunsdidifendiiniaifin Overfitting

sUuvUNT3suivenad ssamnsauusesnldansguuuundn fe msiseusiuudl
{aou (Supervised leaming) Tnsaziiedasiunissuunyszianegnaisunudamsdnauls
(Decision trees) N15gUkUUNDLAS (Random forest) @R UNIUIUNTY (Lexicographic
order) FWWOTALINLADTUUTTU (Support Vector Machines) Wag Boosting N15L3813 81

sUwuunils Ae nsiseuguuulifidasu (Unsupervised learning) dllvaneiiteniileidud

ansaesuiedeyanlasuinldestuiuglagendunsdnngy (Clustering)



2.3 N1338U3LT9AN (Deep Learning)

nsiFeuiidadnfuismsudtgmisieuwiuduazsnsidmiunssouives
in3oslnsnsiSoudanyadeyavunalug F5dunsnareiigalunisiiousiddnde laseneg
Uszamifigudiedn TBlaseingUsvamiienanunsogeundulufissuves Warren McCulloch
uag Walter Pitts Tul 1943 ilowininenenuids uluunisitnuveasadUssanluaued
Ingld19958 18 nnseind viliiAnd e 1fonialasev1eUszamiiioy (Artificial neural
networks %38 ANN)

pdnnisdidunsvedtasdistsyamiden fo maaueietiefivszneudietu
voslvuaiidourefistu lulasasmvenndotns seiutuusnanymiinidusedudulunis

i [
v v v v v v 6

Undndoya luruziiszautuaniineyimiimluseiutuvenaans nadnsfasiduusias

¥
v v v =1 1

Inuangluszauduazgnasludilnunlussaududnly uasnmsdsteyatiavgndslunsouiy

Y Y

'
Y

HATINYBIANE NN tAseneysramiisuiunumdinglunsiseusveuasod aunse
gnunuifieisresnnuuiandu 1wy wnsevneuuuiudideu dnnasannnesuuyiu ie
NIZUIUNITHUULNAG U TATet1sUssamiyisudsdan A9nismatddidivdrngluaiunis

Seujvenasasazinanldasnunalunisviiung

2.4  Twlaseinguszamuuunaullagdu (Convolutional Neural Networks)
BlasangUszamiuunsuligtunseseniaggalun1¥dingwil CNN daiulen
wuluguzlanalassigysyaniiguianizNsanuuuind msulssananatayan  nae il

waganunsaunUsuldiudeyaifiewazanuialametuiu lassieuszamiieudseian

a @ ¥

Ugvannsaldanulasiudeyan duteyaniud1siu (Sequential Data)

241  szAuturedreulgdu (Convolutional layer)

inAINA15ANITENINT5LsgvRsTeyat g (Input) AueIsLsdvean

Wmithn (weights) Wuvaesdla Ingasisdvasaniminignisenindinged (filter) nieinasiug

(kernel) TnevinlusnsesililulasineUszamifisnasdvnmannitfiadieuiudeyating,

nsaserINduvestayadidngnnseslyiivuauiiudinsesiuiinseuetuiseniign

MAaRaaANa (dot product) n1saiiunisidnisendinagauainaisiiesanauautaves
U sav v s = XY o 2 A s

waansaloiudainasipgane nsldmnsesidvumaanadlagianuniaidunagnsogig

wile iesnilvdansesfgdiudsluniiasyavesaniminaiuisainluldlavalenssly



funtasing q nglulufivesteyaindi ileesuiegiandenfinsesasgnseaiy
spuuruiiuiivesdeyaind lnensadeuusasaiuvestoyatidriignnsestidivunmminiy
fhnsesfiazsnenms Mndreluruazuuasans nsvuiunstiteliiaietisaunsomsuiuy
uazAadnuziawzing q melutegadndrunslimnseadeatud 4 1§
ogdlsinuilesaindansesgniteegraduszuunaziuldiuduns

o v A

§ng 9 ttsenfissteyaindfiotnatendisdaniii o1fisdiiuszneuseriignineen
(Output) nanee dsusazAuansdamadnsvasnisnsesdoyatndrlusmumsiiunnsiaiu
nadnsvesesdansdAtiist unasrUILMsHEeN T nv (feature map) 1ng
inanansadudaz A luusudsqudnazandmuiamsaia i dudaasa (nonlinearity)

2819 Rectified Linear Unit (Rel V)

2|0 2|11(2]|0 2|11(2]0 2| 1(2]0
0| 2 1/0[0]|2 P 1
o|1(2]1 ol1]2|1 1 0
1/0[1]0 1/0f1]|0 0 1
Step 1 Step 2

SUN 2.1 uansmsiUasusumisvesilames

2.4.2 Max pooling
Junszuaumsniieundsainduneu Convolutional layer lagvinisan

o v

YUIAVBIAURIANE NwaILAII NN LA U asayad L lndnudnadwazidonAunn

Y

a

a a J & A = 1 v v 6 ad & a <
NUINNFAINUARSNUNY DY %ﬂ%?ﬂiﬁlﬂNﬁﬁWﬁ%@ﬂN@%Laﬂaﬂ LWHANUASAINLALIIALIININ

U

).



2 1 2 0

1 0 0 2 2 2
 ——

0 1 2 1 1 2

1 0 1 0

SUTI 2.2 MSYINAGILULANER

243  Average pooling

ANNTEUIUM INLILUNT TR NRAATUINVDINUAIALAN YL AIIINNTT

wUsduveIteyad Ll lA T W Ul Lanas LAnT una 910 uneu Convolutional layer

a1

WULABINU Max pooling LAAEiN1T1IARANUIAUIRENISRUAIALARE NUT B

2 (1|2 |0
110(0]| 2 : L
0|1]2 |1 0.5 1
110110

SUN 2.3 MmevinafawuuniAlLaie

2.4.4 ANN for classification

v A

Juguuwuunsuszananaras ANN Tnauseneunigluuniliions ofiaiu
= 1 I3 eA' v A 2 o & v "o o o
Sendnvaduszam igndaiseadutu q lneiugiuuaissuiady 3 sedu @ Input layer
lunssutayaiu Hidden layers dwisuussuiananazuiastayan Ui dunsuseuiana
lusgautuiazyinisuenaudnyueidudouaintaya Output layer seAUTUNIa3 e

HaansaavnelunshuIngy



Input Layer Hidden Layer Output Layer

SUN 2.4 UanINTEUIUNNTWUINGUYEI ANN

2.5  N15A5933UIAY (Object Detection)

N399IV TNNANNAUABINTFUIUNNTURIABNTAMBTINAY (Computer Vision)
Wasreiu laun n139uungUnn (Image classification) wagn 155z usLULIng (object
localization) mwmﬁﬁ]’ui’mq%ﬁwmimﬂﬂiauﬁamau’j’mqLwiaﬁjyuiugﬂmwuazssqﬂizLml

TfudngL a1y [16]

2.6 YOLO

WUU1883 YOLO (You Only Look Once) Qﬂﬁ’]LﬁH@ﬂ%ﬂLLiﬂiUUV}ﬂ’NﬂJ "You Only
Look Once: Unified, Real-Time Object Detection." L9 8 ulne J. Redmon wazaug tul
2015 [17]

YOLO fnulamaulunislélasseuszamdiondilasunisiinausy wagviinis
SEUFINTBYANINIIWIUNIN AN TIUIgmumlauas sz yUTBnYesinglaegis
waiugh uenaniidsanunsaUsvinanauuuisalv@ 155 wisusedundl

wuushasstisiunislaensuvsnniideudreenidunssweasad Tnousas
wan gl s uNaUnaNE lYUIENTOUYUANINIRAAUENANUBINTOULOULRBLUS I TR
wWhvane Tuusaziwadagyinisiuenseuroulniilessysumieing sudeiiin x uag v

AN ANEs Al wasmsdnngy
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U 2.5 uanIN13219n3ATRe YOLO

2.7 YOLOv5

YOLOV5 [18] lawmunsiaganain YOLOvA Ussunuaadaaulul 2020 lng Glen
Jocher g fiasauag CEO 984 Ultralytics YOLOV5 1dinadiafignusuugematsag 19a1n
YOLOVA Lo WIU1UYU Pytorch Wi Darknet YeN9INi YOLOVS fin154i usanes iy
AutoAnchor 984 Ultralytics 1a3 095l odmsunaaey (Pre-training tool) 1 1A% ail ol 9%
#329a0ULA=USU anchor box lfmanganfugadeyauagnizneain1sin Wy suinam
153N AutoAnchor agl8#lsA U k-means (U label vaayadayaLii oa1adouluiiusu
dmsudane3iiu Genetic Evolution (GE) wdsamiu Sane3fiu GE azgniiun anchor box
#eludn 1000 u duATudu annsTaaidu CloU loss [19] uag A1 Recall AdTgaLdy

AeNFUN ALz EL

2.8 YOLOv6

YOLOV6 [20] gniseunslu Arxiv iiletfleuriueneu 2022 Tngunun Meituan Vision
Al 11598NLULLATaY 8UsEN UM sdund N AUszanSan Tneldudon RepVGG wSe
CSPStackRep fianusausnadInusafsuefiduszangaamein hybrid-channel strateey 1u
n1305333uluminuywe wonaniimstmadanisiauszansamingld post-training
quantization way channel-wise distillation deralwiinsnsaduilisuazudugunnd sty
Tngsauuds YOLOV6 fuszdvisnmnsyiaumienitlunaneunihilusuanuudugiuay
AINL579879 YOLOVS YOLOX wag PP-YOLOE
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2.9 YOLOv7
YOLOVT [21] gnikeunsuu ArXiv lutdaunsngiau 2022 tagfiugasiaaednuiu

v

YOLOVA wag YOLOR Tuvianiiu YOLOv7 danutsanasanusiugiuianinginsiaduing

q

31 9 luna1uuigiemuda 5 FPS 83 160 FPS wulieaiu YOLOvA ignilnineldyadeya
MS COCO iigaagnaaed tnglildduinsatielssamiiioudosdunniunisiinuiaranii
YOLOVT7 Ieausmsitdsuudamnvantdnenssy wasyamalinfiisendn "bag-of-freebies" &9

Frgfinausiuglaslidnanaausilunisusesanana wionvdaasaseezialunisin

2.10 YOLOv8

Ultralytics YOLOVS ilulanmadiasrstuuuainudiiares YOLO Jurouwiiuay
hiauenuaiinarnsusuusdlel Milussavsamuazannudangulunisldam YoLovs
gneenuuulifiausinds wiugh uaranunsotanldeuldhetu laeamnsavunldould
fanundis Ao n13m3233UTAg (object detection) NSAAMINIRG (tracking) N1331WUN
Usziandoayanin (Image classification) wazn15UszananIsal Maevinveuuwe (Pose

estimation)

2.11 YOLOv9

YOLOV9 fugadsuddymamaluladlunisiiiaus Programmable Gradient
Information (PGI) a2 Generalized Efficient Layer Aggregation Network (GELAN) [22] i
Paelilainafianuniugiunndsiu uasiedemsiuuszgndld venanddlunadsasig

3

wnsprulmllumsesiaduingriiugadeya MS COCO faluna YOLOVY vlulusianddign

RaWIHIUTL open source Tagld Ultralytics YOLOVS iusuunuuluniswmmn

2.11.1 Proesrammable Gradient Information (PGI)

¥
v =

QMAIITuLL auxiliary branch villsifinisdevsneansfiadiy Snita
PGl annsaLdeniladtunnugadedmunzaudutmugldegedasy Ssanansoudle
Fodaifainulu mask modeling 1 wonanil naln PGl Ainausanunsniluussyndldiy
TassrgUszamiiiondadndifvunnsg q leetrsdaveu uaziirnuduainasinninaln
deep supervision d4laeialumunzdmsulasieUssamifiondadnd flasassdudon

WINTIY
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2.11.2  Generalized Efficient Layer Aggregation Network (GELAN
N1508NULUUYY GELAN Arflafisdnuiumsilines anududeulunis
A ALLLUgT wazausiluniseyaulunsendu nsesnwuuilyelii Mauise

AonudannisAuiuivunzaunu different inference devices l9og19dase

2.12 YOLOv10

Tunedduil 10 ves YOLO [23] finsth NMS-Free Training 1nu§uusslitannsaan
asglumsawnasiaduegrsnnndeuiudinaanuwiuglila waznisuiuusslaseasi
YaluLnan 8 large-kernel convolutions wag partial self-attention modules ‘ﬁﬂ%luﬂ'iqﬂ

]

Anuansalumsyseudanalagldgadensnenslunisuszulanaseaiiivdday

2.12.1 NMS-Free Training

Tneiiall YOLO $dudadld non-maximum suppression (NMS) d111§u

N15US8UIANALUY one-to-many assignment g M1 IRLAANITUSELT UNAA NET Lol &

a

Uszansnm TuvaeNdnisnilsitiunltoes one-to-one matching NivaeanAugugoulu
M3y wadndudaafiunsweinslunisusesiiunadnsasnsenusan1sUssaIana Lie
uAUgym1a9nan2398n1511 one-to-many assignment fiu one-to-one matching 11537

138071 Dual label assignments Fatieuivaneeveinsaasnagnsla

2.12.2 Enhanced Model Capabilities
n13U" Large-kernel convolution 111glun1svengvaulvnn1ssus ves

Tunalugdiuvedlassasng compact inverted block (CIB) Tnen1siiiuauInLAesLuaan 3x3
Wu 7x7 wieumaiinn1susulassasramsifmesinglinsenunon1sussliunadns ns

sonuuuiinzAuluwarwInén wszlumasualugfveuwnnssuinninsegia,
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JUTN 2.6 Uansaiun15N91uve4 Large-kemel convolution [23]

Partial self-attention (PSA) ¥N15LUINTZUIUNITODNIUABIAIU AD multi-head
self-attention (MHSA) wag feed-forward network (FFN) Iag38n15a9nanit38aansnens

Tunsuseanana waziuuszansninlunisussaiana

SUT 2.7 waneanaiun15vna11Yes Partial self-attention (PSA) [23]
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2.13 YOLO11

YOLO11 lasunisusudgalassasnalumauasislunstindulusedu Backbore wae
Neck dadulassasrmdnlumnmaduingues YOLO vilvidluinadiauuduguindsdu
Tuvaugdildwsfimeslunsiindudosainin 22% laglamizluina YOLO11m saensly

ninensUsEInaNafanas Yigliamnsadiluealuiafawagldauiuaunsainiiusednsam

inlavanaeuty aluayun1snIITuIngluyutesvaInvate Ny

2.14 9AReiiAeades

YOLO gnihunldnsradugavunazerunviuglaegrsusiugndouduinisusuuss
nestulvieanmnetsawles egtlsinunmildainanmenafisinuonnunuiy deals
nsasndunmdululdernuadanuutiudianas Fsdinnsusuuasluina YOLO Thaunsa
preduimgananiidiulufemonldusiuginndy uasSenlunadildsunmsusuudaio
Image-Adaptive YOLO (IA-YOLO) Inan1511 Differentiable Image Processing (DIP) 11114
UsuU53 YOLO lfanmnsnnsiaduing luanineanian saneenisuesiiu uayld
Convolutional Neural Network (CNN) @5 usiuneAmnsifimes A gaduanineinie
i oluylain CNN azanansat DIP Widifinauwiuglunisasiaduninldeggusiug
1B el uluudazaniwernia [24] 2nulTeinuda IA-YOLO annsnnsraduingiialy
anmennrUsnikazanimenafiensensueaiuldaddulasanziunmiidnuenuass
wasiios uenanimsfindedlauuatiludivasvilsaumeliiavioanmenmedivinlienn
Aansuewiuaunwlidaay silidanudssnisuidymainanainnsin YOLOVS v
M3U5UU5s8 Flip-Mosaic algorithm wagtisnldsuiuyateyafifinudnuazeunimuy
wanuansluusd azaniunisal [25] 91ne1u3Teiinugn Flip-Mosaic algorithm @1113a4fix
anukuglunsnsatusum g lunntusazandnsnsasaduiiaumana

91mAg Ll iAuTU Unmanned aerial vehicle (UAV) iusaiaslunisnsiaduisl
yumesfiva nvaneuas AaS I ALY sWALLLUmuA LS wese M as Ul AUty Turag
yesanunIsainIsunsszuInve sl elifalalsu 2019 Fellmstheiniselsauduunly
pvduLiiedsiaiiuiinednvesssny (26] lusuddsiii YoLova inldlumsnmaduniey
fufsunidunnanistudisafidaiau Tnefinnmusiugia 90% lumsasadugausailui
ANLDTAYDI Y venenilugnuAdenisdimsfiumuannsalunmsnsisduvesome

gulSpudunsauiuninnsiaduaaumgd Thermal infrared (TIR) i bvilayunniiwansneain
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amlagiild Tng YOLOVS legnianldlumsnsiadu [27] uaswuindanuusiudiadelunis

nraduegiifesar 88.69 warnsIaduldiimmIEInmgegn 50 susioiund
MNHANIENUNTUNIsTURTeadelaYalelsun 2019 vildlarwaulalumsinms

farundu egeuinasiaasinaudifuenannaglilunisdoatunisunsszuinuds 8

=

Uszlegilsianisusmsdanmsgaruliiinainuagaesilun1siauns wasfnuinginssuveds

v
a v A

yuil e lUUsuUTIMsUInnsuesieasIndudisely (28] lunsidedldinausszuy
n3IaduUEavulagn1sin YOLOV3 inldlunisamiaduuazuenuezdaunseuiusanasiuluns
finAs DeepSORT leaduuidlunsifusiuaugau uenaniinisth YoLOv3 #lésunis
Ananld92mitu TensorFlow iftelifinnsuszsnanauuuBoalnslléfsatu Tnefiniuusiug,
ogfifovay 91.07
ilesnmsnnatugausnunnuuuEealnidndudeddaunsaiidanuannsa
TumsUszananaiigs fedrinsuuszavsamuesgunsalilifiauweiewadudane 3
Tumsanaduinglifugunsalfifinnuannsalunsszananaiisnda msusulssdanesiiu

[ a

Tun15n5293uIna i NSNS we1nslun1sUssulanaanadlut e PG-YOLO F9Ana1nn1s

q

[
[ a

Ufuunaslutnas afinegne YOLOVS [29] InswadwsAe PG-YOLO LTudanesiuidnis
UssananaanaduarsIniinndudieifisuiu YOLOVS FsanusaUszananadoyalduin
nIuAY 9 11 fanuutudilumsinsininilueatiuies 0.1% udldnailunis
Uszananaanay 32.7%

5’aﬂa%ﬁmﬁgﬂﬁwm%umLﬁaLLﬁ’lsuﬂﬁgmﬁﬁ SnwasrAdefud fe hybrid YOLOVA 71
111 YOLOV4 1i1Uns$UIUN1T Training phase pruning wag Convolutional Block Attention
Module (CBAM) [30] § 1398anaa1ud asnisvesvthsanusilunmsuszaanalagdniny
wiuglunsmsanduiiiiutu 33% e mAP 7 92.1%

naATeianuninuii YOLO gnihwrldlunisamadugmuuazenummugliiy
o1maguliaudy ndeufuaameisalunsiivanuusiuglunisnsradunsdainein
naesesUaliidaauainvuenvsegnuadsiruidensviviuaundesgaliia nsasessuy
N1305933UdMTUUIIMTIANT T8 9vU wagn1susudanednulnanunsaldnsiadus svuriu
gUnsalfiflanuannsalunsUssananadisndale egndlsinny YOLO fimssimunuazysuuss
ogmIn Sl fesinsld YoLO Tunannvaneesdu Tnslunuidetasgaduluding
Wannszvunadundendvai s ivlediannsouanssansnsaduinganawifeuay
aguteyailslusuuuuuavueiaanmismsaiuyaealuuinalsiemsuazs g lui

39A50 WBUNUTIATIUNTUTITIANTSEasuLas Iensanely
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#1919 2.1 LERIUIWNLNEIVDY

Techniques [28]

sguulunsdnns

- DeepSORT tracking algorithm

Publish
No. Topic Purpose Method Result
Year
Image-Adaptive YOLO for Object Detection in itensraduinganammiidannmsi - MAP 37.08% dmiu
1 2022 Y ) - IA-YOLO o an
Adverse Weather Conditions [24] NFNINDINIANYINEDAITUDIAU ANTNLINADUNURUDANRUN
Lﬁaammmﬁumaﬂumsmmﬁ”‘u
Real-Time Vehicle Detection Based on L .
2 2022 grunmusiiinannsuavilag - Improved YOLOv5 - mAP 90.5%
Improved YOLO v5 [25] )
AUNAU
Developing smart COVID-19 social distancing
surveillance drone using YOLO Implemented Lﬁav'iﬂiﬂmummamwﬁﬂLmu'ﬁ
3 2020 . Y4 e - YOLOV3 - Accuracy 90%
in Robot Operating System Simulation wagthnmrsruluiuiuednla
Environment [26]
Object detection from UAV thermal infrared evilenniseulSauduanunsa
4 2022 o atl R p - YOLOv5 - mAP 88.69% at 50 FPS
images and videos using YOLO models [27] mammmqmumwauvmLﬁsﬂ,m
Real-Time Human Detection and Counting Lﬁaa%ﬁzuumw«j“uéﬂuﬁuam
N . 4 vews o | - YOLOV3 - Accuracy 91.07%
5 System Using Deep Learning Computer Vision 2022 Mmf-\]amiwmu‘mLmﬂmmpﬁmaw

91
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AT 2.1 WEASIUIENLNYIVDY (MD)

Hybridized YOLOv4 [30]

NSUTZNANARARY

- mAP 92.1%

Publish
No. Topic Purpose Method Result
Year
deimuszuunseduingiling
PG-YOLO: A Novel Lightweight Object Uszanananapeuiawmesanas i
y ve cda - PG-YOLO
6 Detection Method for Edge Devices in 2022 'lwmmsa%ﬂuqﬂﬂsmm - Accuracy 93.4%
o - Better pruning algorithm
Industrial Internet of Things [29] ANaLsalunsUsEnanadnie
1ot
Realtime Crowd Monitoring Estimating Count, LﬁaﬁmuﬂmLmﬁlumﬁﬁu@ﬂﬂuﬁuﬁ
e o . - Accuracy has increased 33%
7 Speed and Direction of People Using 2023 wedalenSouiuannufnnsly - hybrid YOLOv4

LT



unil 3

A5andun1599Y

Tusnidoiazjaduluiinsiaunssuursadudauiazeunmusgiagld YOLO11
wieufumsaiaiuledfaunsouanssanmsnsaduingannmwiflenseutuasuteyails
Tugduvuunruesa iethdeyalulilumsinsgisuuuulunsiansgsunazivensasioly
fdluadotiaznannis mawdsudeya wissdiefhimnld n1samaduingielina YOLO11

M5UszRuUszANS A luN19A5293U wazn1sasduladdusuianinanisnsiadu

3.1 mawseudaya
dayan1niflaainndssiiefiouiiimlsteinis 2 dreg19 wazvtmiadianu

wialulaglve-guu 1 e lnelisieaziden fil

3.1.1  3aleusalse s nnianlued 3 uid

=1
N

U 3.1 ANUSHIULSI9 NS INTS

€N
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2.1.2  3alaUsalseImsndseauel 3 uidl

JUT 3.2 amusnadlseevnsiiaes
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2.1.3 AR USHURUIMIMINERITUANLET 3 W1T 30 AW

SUN 3.3 nusnamtmadiaantu

32 p3esdiefivhunld

nsRausEUUR AT ukas I uledlunsi el gawmuinussuuU§oanas
Windows 11 Home Single Language Uszulanan 18 AMD Ryzen 7 7800X3D 8-Core
Processor RAM 32 GB. NVIDIA GeForce RTX 4070Ti. 11 1Usunsud 44 @@ Python
programming language version 3.10.15 torch version 2.5.1 torchvision version 0.20.1
with CUDA version 12.7 iulusunsuuilugasalaniviaanalelan (Visual Studio Code)

1gld Anaconda Tunsuaednn1s package waz Python environment

3.3 N13ns9UdAgaagluea YOLO11
n1sdlaeadInsunsiadunde YOLO11 uldasdduneuluniseiiunised 2
TUROUNAN 9 AL
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3.4 nsUsziivyszansaanlunisnsiadu

34.1 Precision

=

UauanfeanuingsnsebulsazUssianveng udeyanaulainiiniiy

Y

' '
a o % € a

windrvoinadnsvaanuuIaedlagnees Wallsuiunadudeyaussnnduiignuiinaawsi

Y

Whanludssianvesnaunaula

true positives

Precision = — —
true positives + false positives

34.2  Recall
vaveniaanulilunisnsisdudeyalunsasyssantaingudeya 1ngu
Jayanaulatinnuaninsalunisnssdudeyalagnies Weieuiuleyavesussnmiieiiu

ngnvihwneludungudeyadu

true positives
true positives + false negatives

Recall =
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243 Fl-score

v

F1-score LJus2d

[

AUSELANT NN IUNZAUUINAINAIAINULLUENTUATT

Uszidludseansnmuenuudnassuugateyanaiinisuuinguituanaeiunniuluns o

Y

Seningateyanliauna (imbalanced dataset)

precision X recall
F1=2X

precision + recall

3.4.4 Intersection over Union (loU)

loU Ao 38 iaN15Usidusuniaesinglun1snsiadui unvivdeu
F¥NINNTOUYDULUATBYADI (ground truth bounding box) AUNTBUBULYAT LARINNT

e (predicted bounding box) M58 NUNTINVDIVINADIVOULYA

Area of Intersection
loU =

Area of Union

1 Y]

loU fiA19g/5em719 0 69 1 lagen 1 9sUs¥danisvivdousg19auysal

Tuvauziien 0 agnunedelifinsiugounuy

3.4.5 AP

S

ANLRABYDIAINULTNBIATY (Mmean Average Precision 138 mAP) LTuN"S
MenNgITaIiunsauraun (bounding boxes) UAAMNINYBINITVINUIENTOUVDULYA

ITYNAINUAGILAILABAARBINUNTOUTDUIUATZY MIUsediusunis@uansdudnsiain

[ '
=l =

& o 1 A& A A a ! ) o a . . a
vosiui 9 1ugadadeiuigillousenin yadnmiogillenu (intersection over Union %30
loU) Msviuenaesveuniauysaiazlaai lou 1l 1 Felaealiaziiansannisviiuig
NABIVDULININNABY 1INAY loU LAY 0.5 Fausdindinsviudeuiun 50% nieuinninile

WigUAUAIR39

N

1
mAP = Nz AP,

i=1
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1 Direction v
About Me -
Choose Model to Detect o u e
yolol1ln.pt N My name is PanuSaeko, Object Detection is interesting.

Choose Period to Detect

30 seconds 4
Choose the App Mode
About App R
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Object Detection with YOLO

Parameters
Choose Object to Detect
Vehicle v
In This Project Testing for YOLO to Detect Object on video and Camera
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About Me

yololln.pt v My name is PanuSaeko, Object Detection is interesting.

Choose Model to Detect

Choose Period to Detect

30 seconds v
Choose the App Mode
About App v
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Settings

Object Detection with YOLO

Parameters
Choose Object to Detect

Vehicle v
In This Project Testing for YOLO to Detect Object on video and Camera

Choose Vehicle Detection Method

( 1 Direction g
1 Direction About Me
2 Direction My name is PanuSaeko, Object Detection is interesting.

Choose Period to Detect

30 seconds 4
Choose the App Mode
About App v
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Settings

Object Detection with YOLO

Parameters
Choose Object to Detect

Vehicle v

Choose Vehicle Detection Method

2 Direction v

Choose Vertical or Horizontal

Vertical v ]

Vertical

Horizontal

Choose Period to Detect

30 seconds 7
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Joousspt Object Detection with YOLO
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yolov10n.pt In This Project Testing for YOLO to Detect Object on video and Camera
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10l

! .
(yolollnApt| v My name is PanuSaeko, Object Detection is interesting.

Choose Period to Detect

30 seconds v

Choose the App Mode

About App v

SUN 3.11 iumsideniunaliunimnsiadu



355  Asntunailumsiafulazasutena

Settings
Parameters

Choose Object to Detect

5 seconds
30 seconds
1 minutes
5 minutes
30 minutes

1 hours

< Deploy

Object Detection with YOLO

In This Project Testing for YOLO to Detect Object on video and Camera

About Me
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Settings

Parameters
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3.5.6.1 Draw Detecting Area
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Settings
antg Object Detection with YOLO

Choose Object to Detect

Vehicle v

Choose Vehicle Detection Method

. Region Control

Choose Model to Detect

yolol1n.pt -
Choose Period to Detect
30 seconds ™.

Choose the App Mode

Draw Detecting Area A

Upload a Video

Drag and drop file here
200MB per file - MP4, AV, MO' Control points for Region:
MPEG4
Top left Point X3
Browse files 40
] 1020
D 752895556.790287.mp4 X
49.9M8 Top left Point Y 3
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1020

Bottom Right Point ¥ 3

500
4 Save Region3
X Delete Region 2

B Export All Regions

Imported Regions Data:

Upload Region Data (JSON)

Drag and drop file her:
g rop file here Browse files
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Settings

Object Detection with YOLO

Parameters
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Oraw Detecting Area o
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3.5.6.2 Run on video and Camera
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dl 1 o U 1 dl
A1519% 4.1 uansanuuiuglunisasiaduluisazaniui
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YOLOvV8N 0.640 0.316 0.900
YOLOv8s 0.819 0.667 0.900
YOLOv8mM 0.895 0.750 0.900
YOLOv10n 0.250 0.167 0.900
YOLOv10s 0.550 0.500 0.900

YOLOv10m 0.422 0.579 0.900
YOLO11n 0.550 0.278 0.900
YOLO11s 0.773 0.850 0.900
YOLO11m 0.810 0.723 0.900
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YOLO11s 0.850 0.850 1.000
YOLO11Im 0.810 0.929 1.000
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Ave. FPS
Tuna
CPU GPU

YOLOv8N 34.334 54.667

YOLOv8s 22.667 54.667
YOLOv8mM 13.334 49.667
YOLOv10n 29.667 50.000
YOLOv10s 21.000 49.667
YOLOv1Om 13.000 45.334
YOLO11n 33.334 51.000
YOLO11s 23.000 50.000
YOLO11Im 12.000 47.000
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