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APIRAK WORRAKANTAPON : DEVELOPMENT OF A SYSTEM
FOR HUMAN DETECTION AND RISK-LEVEL IDENTIFICATION

TO PREVENT ACCIDENTS IN TRUCK DUMPER CONTROL

SYSTEM USING DEEP LEARNING. THESIS ADVISOR : ASSOC.

PROF.NITAYA KERDPRASOP, Ph.D.119 PP.

DEEP LEARNING/CONVOLUTION NEURAL NETWORK/OBJECT

DETECTIONJHUMAN DETECTIONRISK-LEVEL IDENTIFICATION

Presently, industrial factories have moved toward the era of intelligent

automation systems, especially, animal feed industries. They contained several
automation machines such as a mixer, pellet mill, and truck dumper. The truck dumper
has been used to lift the whole truck and dump the raw material into an intake hopper.
However, during its process, neighbor areas are identified as a risk area. Thus, if there

is a person standing on the truck dumper platform at the time, this may cause fatal

injury or death. Even though, the automation system has an important role to control
the machines, but not for the truck dumper. It still needs staff to control the system
process in a control room. The staff has to strictly observe people nearby before
operating the machine. However, it is difficult to observe every person in the risk area
because the staff's vision has been blocked by obstructions, e.g., walls, stairs, trucks,

etc.



Machine learning and deep learning techniques are widely used in object

detection tasks. In this study, a new proposal to develop a model of automatic human

detection using a convolutional neural network that learns and recognizes the important

characteristics of the target objects has been introduced. The objective of the study was

to develop a system of human detection and risk-level identification in the truck dumper
control system to prevent accidents. Herein, several experiments have been conducted

in order to select the effective and optimal object detection architecture to apply to the

truck dumper control system. In the results, the YOLOv4 model outperformed the
Faster R-CNN model in both precision and processing speed. The average precision
was 99.93% on a day-time dataset and 94.25% on a night-time dataset. The overall
accuracy of risk identification was 94.18%. An average processing speed was 31.96

frames per second.
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,
ﬂd (% 1 o .
3UN 2.29 A9 1NNITNINIUUBN ROI Pooling
. ,
o a o = Gl A . . .
MIMNAAINVUVDVIVANT U 191150 ROI Pooling (Region of Interest Pooling)

ABMIAAUUIA Feature Map ad v lvinamny luimiloununsyi Max Pooling Tulasetne
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o 1 I ] I [
Uszarnnenaou 1999y a9z un15u19 Feature Map 800111 N @91 (Region) 1agll

1 Y 1
youan IndiAesnu Tagd sz nae91n1iugsi1 Max Pooling luveuwaiignuiiseonyn
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wgndsae I Iddmszyalszantaguaz dausuiunseudensouingae i)
225  aaidaenssy YOLO (You Only Look Once)
319UV 1TAENTTUNITATIVIVIAYFUA YOLO (You Only Look
Once) (Redmon et al., 2016) 3LLANA1900N 11/917 Faster R-CNN NUMTHOULUY Two-stage
v Y T
Detection 1a891 YOLO 3£ UN15 111 H89uANST 14087 (One-stage Detection) Tasluunaneg
#1153 1un1521aN (Classification) WS ONN VAN UAVOUIYAYDINTOURONTOU TAY
L a g A A A 3 0w a9 v
(Localization) Junszuiumsmed natmamuanuislumsdssutammmdmsunundesls
< 9 ° v A . ° A g ' o 9 &
ANWGIGAUAZAD NN UV U UN (Real-time) TagmsmhnuGuauaInuuaglamsiuguily

MINTIUIU S x S (Grid of Cells) 3317 2.30

Bounding boxes
+ confidence

-

SxS grid on input Final detections

L e X ]
Class probabilities

717 2.30 dredamshanuvesanngnssy YOLO (You Only Look Once)
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Tagezilsingegninarawesreatiu q luduaeunsinadeuiiy YOLO swxnenewiuiensol
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douseuinguate 9 nseulunn q ¥o3 HazgaMoIzAeIMIIisansoUReNioaoNTOUIAY
TagW9150191081 ToU 158uieunuA1939 (Ground Truth) Tagluudaznseudonsovazd
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94A1/52n01 5 0819 @31l (X, Y, Width, Height, Confidence Score) 1agil X t1ag Y Anfinaue3

[l
o

aniegnielugil Width uaz Height Aovuiaanunhaazanugevesnseudousouiag
v ' v v

1Az Confidence Score fio MAWIUlvveTAgHagnielunsoudouTO U UFIHNIBD AN
' < o = o Y o '
unziiluresiagnielunseui Tumainneld mswauiaoidasnssy YoLo lunaaz

o A = o &
nesFuliswazidoaaiae 11l
1) aanfaenssu YOLOvI

¢ 3 = y v
YOLO lure3idusn (Redmon et al., 2016) Hugninaaualsvoyagilnin

= v < ~ Yy Ay 1o 9 a
910 ImageNet-1000 mmmmﬂizmawa'lmmmuazﬂﬂsaﬁiww‘lncﬁumaumﬂ Tﬂﬂuﬂﬁ

gl/ o 3’, g’) 4 ' t4 3’; @ o w
TdsuneuTagiu 24 Fuawdiesufouaouuuduysal 2 $u asgili 231 desiiaves YOLO

I v d’ld Y o < o 2 o o 1 A ' I
nesFulinemsauniiaguinaanii 1d ludin endredrslunsaingdnmgnutiseemiu 7

9 Y 1
x 7§09 nu1eANNINgUn vz aunsans 19U iag Iniieaa 49 Jag Tashluuaazses

‘Dgﬁﬂﬁﬁ1u1ﬂﬂ§@ﬂéjﬂhiﬂﬂq’3} 2 N5V uazaznnsamanuuud lunmsminedszinan

[ = @ 1

Taginarnnuaiulan & (Confidence Score) a4 da1nn1sduaa ToU nffeufeununing g

@ o [}

(Ground Truth) taz lunsaintiiagsiuiunas 9 Tagegnisluseudsrnurselidimialng

o

v E4
nuluaasg limuisaszyiageenin Idnaua venaniidanunlnseadedenaniinnu

@

onanlumsizou inghllvuauanaianu

448

n2 o
3 ;
3E Gl I —
448 N;Q 28 3ﬁ P —
3 | 7E) 7 7
nz b, o) 3 ‘ JQ 1 >< H ><

| | L 7 7 7
3 92 256 512 1024 024 T024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layer: Conv. Layer: Conv. Layers  Conn. Layer  Conn. Layer
Tx7xbds2 3x3x192 1x1x128 1x1x25671 4 1x1x512 7 .- 3x3x1024

Maxpaool Layer  Maxposl Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2.52 2x252 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-5-2
Maxpool Layer  Maxpool Layer
2x2-22 2x2-

51U 2.31 Taseard199091A59919 YOLOVI (Redmon et al., 2016)
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2) aonfaan3sn YOLOv2
so A . Yy o X
YOLO lunos¥un 2 (Redmon & Farhadi, 2016) llﬂQﬂWﬁlmﬁlluTﬂﬂ Joseph
v Y '
Redmon 11ag Ali Farhadi 1ui) 2016 gaun lanerennnuilszansnmlnasuTaoniulyy
MINNAINITIZAN (Recall) AZMIMUIUAWNUIUDINTOURDNTOUTAY (Localization) Tag
nessnannuudud lumsiuevesTuaa uazwereumuanuuiud Idifewniny
1 4 v
Faster R-CNN #iiims 141naila Region Proposal Network wonnidalinmslfmatiamuay
v
wu InslHimatia Batch Normalization Tunn 9 SuvesasuTigdu iinisldinaiia Higer
2 ° ] =
Resolution Classifier Aniuvadoyaiudnen 224 x 224 11 448 x 448 wazmsulasunila
Ao o a oA A ] o v = ¥ a
Nd1AYdNOE19A0NN1T 1% Anchor Boxes Tumiiuiensouasyso Iasiinslsmaila K-
. 9 ' a = Y a . . A 9
means Clustering Wnselumsnasa Ims lsmatin Fine-grained Features LW@LLﬂﬂﬂJW1
v W < J o @ ] |
TunsasTuiaguinaan 9 409 YOLO nosauusn duasimsuisginimesnilu 13 x 13
ll 2K o Y % v W <] Qldg @ = a a
¥09 3917 YOLO nefdu 2 annsoasiaduiaguinaan laavuuazdinaddszdnsnmlu

[

¥ W ] Y [ A A 1 v =K Yy
m’;‘mn%mmqmmﬁﬂwﬂg lLa$ﬂ1ﬂﬂfQ1’ﬂﬂWUﬂ15@i’J‘D%“U’NI‘QT]Mﬂ]u1ﬂllﬁﬂ¢l1ﬂﬂufﬂﬁqﬂ3~lﬂ1§

o a

1 @ { 1 o J o
WiauemAiln Multi-scale Training AvIMaguyUnmvevingluvinanuanaedulunessu

9
[ 1

= g’/ = 1 Y 9 lcgl
1 2 A9UA910 320 x 320 D4 608 x 608 TuAUADUMTHNABY dawaly Iassasrawuv vyl

Do

~ v ° ° o A ' Y gt X
mmimiﬂug DR uazmm&nmqslmlmﬂmmﬂmﬂﬂuqﬂﬂﬂwu

Type Filters Size/Stride Output
Convolutional 32 e ol 224 x 224
Maxpool 2 % 2/2 12912
Convolutional 64 3x3 112 x 112
Maxpool 284 212 56 x 56
Convolutional 128 3x3 56 x 56
Convolutional o4 1x1 56 x 56
Convolutional 128 3x3 56 x 56
Maxpool 2x2/2 28 x 28
Convolutional 256 3 %3 28 x.28
Convolutional 128 1pd 1L 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3x 3 4% T
Convolutional 256 1x1 14 x 14
Convolutional 512 Ix3 14 x 14
Convolutional 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Maxpool 2%x2/2 TR
Convolutional 1024 3x3 TxT7
Convolutional 512 1% 1 TxT
Convolutional 1024 3x3 TX'T
Convolutional 512 1wl ToxT
Convolutional 1024 3x3 Tx7
Convolutional 1000 1x1 TxT
Avgpool Global 1000
Softmax

511 2.32 Tnsaa$199091A59910 Darknet-19 T YOLOV2 (Redmon & Farhadi, 2016)
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{ J o @ { 1 I
1ng1li 232 Tu YOLO nestu 2 1aimsdsunlasuTnssadelasaneiu
o o _aul A P
punlviiseninan1Tnonssy Darknet-19 Taolinis ldsunouTagyu 19 5u Fuwad 5%
v [
uazlims 19 Softmax Activation Tutiuaoumssuunilszinniag ¥ean1laenssy Darknet-19
< = o 2 9 = g
171 Neural Network Framework NgnWanyua180181 C uag CUDA Tastianuialuns
Uszmnanagunuaz @1 l§nuau Real-time 18
3) aofaenI538 YOLOV3
3 Y J o A a A A 1o A X
UMW YOLO 19359 2 ii@uiaiuanuuiudinngy Tag
=) 9 a .. . [ Y @ 1 =
UMsl¥maiin Logistic Regression UM 3huenseudsusating lagluunaznsovazinis
° " w S A < v 2 )
Annuaringlizasnnioninnuiuleaslidreusnainiily YOLO nesdu 3 (Redmon &
Farhadi, 2018) a3in13 1@ wunauuuladadn (Logistic Classifiers) N4 Softmax 39951147
Tumagmnsoineiagrate 9 dszmnnndounuld endrediuru Tuginliau amnsoszy
g @ [ o 1 1 @ 1
Niluiagiszinnau 95% wiewnuszylszianiaginiudae 85% lameunu a1en
¥ d‘ v Y 1 < o A Y a
M3 14 Softmax Mwagaendimnnuiuleazgnaaneuasnuilsanninginuud)inas
v g o A o & v v A u gy
nuihy 1 msznnatedsnedaglszinnaumnsaiulanwnunazdmelunanfoanuld
cglw a [ A 1 ) a Y =K o a
wonnudlmsliuasuludivveamsiiuielasianuadiendanuimaiin Feature
2
Pyramid Networks (FPN) Aa#iin15411110 3 aselunaazauiaveagdninTaeiinisas

Y o ' 2 ! Vo & 7w
ﬂf;lmﬂyﬂwﬂ’f)ﬂll"I‘VI"I‘Ll"lﬂiu&mﬂ%ﬂiﬂﬁ}’lﬂ"lﬂﬂﬂ‘ﬁlmﬂ@]Nﬂ‘Ll "?Qﬁﬁwaiﬁ} YOLO 17935%U 3 fl

3
=]

anwanso lumsmnezamivainnatevina lauiudieed

Type Filters Size Output
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128x128
Convolutional 32 1 x1

1x| Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64x64
Convolutional 64 1 x1

2x| Convolutional 128 3x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x1

8x| Convolutional 256 3x3

Residual 32x32
Convolutional 512 3x3/2 16x16
Convolutional 256 1x1

Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1 x1

4x| Convolutional 1024 3 x3

8

X

Residual 8x8
Avgpool Gilobal
Connected 1000

Softmax

511 2.33 Tnsa$199091A59910 Darknet-53 T4 YOLOV3 (Redmon & Farhadi, 2018)
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110317 2.33 Tuanilaenssu YOLO nefHu 3 1alimsdsuilalaseine

] 9
Darknet-19 33UNUINAUA Residual Network ﬁﬂﬁﬂ?iﬁ%‘l’]ﬂl!ﬂ"’lgﬁuﬂﬁl‘%ﬂuﬁﬂi314’31\1"]511!?1B‘H

Tgtulunaazseuieannugudelildqudnsuzusediudounmes’ly Taseineuny
4
Y

Tyt e

@ v

r v v 9
%971 Darknet-53 Falin13 IdnouTagdunua 53 $u dredrananuanyuzuyy

ldy o Y d o = ] o [ [ a 49! A Id
Tnusily YOLO o3 %u 3 ianuududrilunisasiadudaguingavuuazderiu

v o A < Ay Y A Y A
andaenssumiasadudagiuiuanusilumsdszuranannimiinga a naniu
nSeumsunuaoinenssudu

4) aa1fnenIsN YOLOV4

11109910 Joseph Redmon K319 YOLO ld1lszmaganisiseanuiineido
@ a da v P A = - 9 ~ AAa o R =X a I
AuasuNaaes IMmitieranasans lna TuTas 1 lunania Tasmiianeasesssuilu
van Tud 2020 Alexey Bochkovskiy, Chien-Yao Wang t481¢ Hong- Yuan Mark Liao ala
d5udgeanidaenssy YOLOv3 aelude YOLOv4 (Bochkovskiy et al., 2020) Tagiily

a a ] o I o a 1
dszansanlumuanuuiudwazanudilumsiszuana Tagiunaiialuy o madu
Y

msFeudiFeaanulioldnuinssaienmsasviuiaguuudan naludiuaes Backbone,

Neck 118z Head Tnolianvaz Inseadedsgali 2.34

: Two-Stage Detector :
: : One-Stage Detector ] :
,,,,,,,,,,,,,, |
: : Input Backbone ¥ Neck : Dense Prediction ] } Sparse Prediction } :
[ | | b ! 1
] & — N £ L |
- S —— 1
[ A | | 1 1 ! |
| 1 —_— I
H — i T |
[ R Tt : ] 2 1 } i
1
v i —h // i -
|
g | - : 1 B
| 1l 1

Ik | I T [
1 e o e e 1 e I L__J I
I S A R S — ey~ mmm e e, e e e A A S e 1
[ & 8 3 £ B it o B N L B ) e A 1

Input: { Image, Patches, Image Pyramid, ...

Backbone: { VGG16 |6%], ResNet-50 | 26], ResNeXt-101 [86], Darknet53 [63], ... }

Neck: { FPN |44, PANet [49], Bi-FPN [77], ... }

Head:

Dense Prediction: { RPN [64], YOLO [61. 62. 63], SSD [50], RetinaNet [45], FCOS |78, ... }
Sparse Prediction: { Faster R-CNN [64], R-FCN [9],... }

517 2.34 Tassadrana lvesannlaenssumsas199uag (Bochkovskiy et al., 2020)
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YOLOv4 Backbone Network

=)

v F
Tasn 1 Iuaruasiasuiagazinis 14 1asavneiiioanas (Backbone) 910

a

Taseurengninaou13a2911i11d2 (Pre-trained) 91n903ya ImageNet FIHNU1GAT1NIT
[ o 1 Yo =3 Y o v ¥ o Y Y o o 9 4
Taseeaanan lasumsisoniuazdSuaniminldihnuguanyuzvosmdoyarnaou 13
4 o o ' g & o o o
udaiori I lgnuau i ldazainuaz saai523u Taslu YOLO nesdu 4 driannlanwann
Tasea$ 19Dy CSPDarknets3 #43i 1399101111 DenseNet Ao 1asaai1alassiioioonuuy

A A ' 5 o 1 ) Yy 9 @ o =~ A = I A
ml,weuﬂfeumﬂfuﬂ@uh@_%ulmmawmmmaﬂu a93lN 2.35 LW@ﬁﬂﬂﬂJu‘VHLﬂilﬂEJuGWlM
=
3]

I A (BN [ ] 1 %} v A 1 o Y] 1 A
yaanadzos 9w ludewagensdiulysanimindnae lddmiuTassirenlianudn
YN 9 (Vanishing Gradient) azdasiomumsmeuniguanyuz Nanasenutlaliinigi

o FX 1 d"w I o a J [l a9y 1
navuu e lvy wenvintiduilumsaasiuiumsiiwes lulassieanale laslulaseuie
v Y
VU CSPDarknets3 lanmsvsuilyunuanlasuenguanyuzvosiugiulnsiaaoniazds
1 Y v g’; o 2 J Y o A v Y o 3
aolU1dnuguna q 1 Failumsaadymasvranmemumssunandudoutazduiluns

' 9
YsulganszunumsiSeus Tnodeguanvaziids ignusulge lUdssuda 9 ludae

q

Partial Dense Block

] éln)“cm

e Layer 1 | Dense Layer 2 Dense Layer k&

H— 0 - »Xyi
Jiconv conv

i concat

g‘ﬂ‘ﬁ 2.35 Tassadelasaingveanniin Cross Stage Partial DenseNet (Wang et al., 2020)

YOLOV4 Neck - Feature Aggregation

"luﬂ]%umuﬁl,ﬂumiﬁmmﬁﬂymzﬁaﬁﬂ"lﬁ’mm‘?uﬂauhq%umimﬁu
(Neck) Lﬁemi‘jauw%’am?m%’umsmnaﬁ"uj"ﬁq“lu%umuﬁﬂ"lﬂ Tag YOLO 1D05%u 4 14
idonldinaiin PANet (Path Aggregation Network) (Liu et al., 2018) Tumssauamanbuzvoq

TAs9918
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YOLOv4 Head - The Detection Step
[ 1% J o a [ [
ludIUN159359990 (Head) ¥09 YOLO 170551 4 18 1dmatia@ednuiy
X o [ %
YOLO 110591 3 Ao1in1314% Anchors T4 A1LILAZIATATIVIVUUY 3 TLAU UBNDIN
Y H 1 v Y
TUADUNNANNGTMIHUNATADY ) 1IN TZaNTAIN Ail
GG Bag of Freebies (BoF)
I A A o [ § A 1o
ihugavounaiinignisuldludiu Neck 1az Backbone 1ivorfiun v
1 o 9 9 a A 3 1 1 3’; =} Y
Tagluvh ldna lumsisznanalums I5aues anudy ugszaawammiziuaounsizous
a % 1 o t;’ . . d :
Tﬂﬁl"]gﬂ"’llﬂﬂmﬂlmﬂﬂﬂan naell Augmentation, Random Cropping, Drop Block Wudy ¥
a 1 d”d a o 9 a ’a o 4 X o 9 d‘
madaarifemaiana lvesnudiuaeunuaesnimi Tag YOLO nossu 4 1w ldiive
v v x '
mvvnavesgatoyaluvuaeumsindouswieldlumsasiadeuiiomunnuutiudinin
4 X2 = g o a 1A . . 9y 2
89U wonnNHEMInauomailn iAo Mosaic Data Augmentation 3115914 Fuun1s

v Aa o

SN 4 Mwdnaneny Tagaould luaadumidngnivuiadnuazaaanuaulanunin

a

sou o N luleingas Az 2.36

aug_-1271888501_0_-749611674,jpa aug_1462167959_0_-1659206634,jpg

o

aug_1715045541_0_603913529,jpg aug_1779424844_0_-589696888,jpg

p] 1/ 2.36 amve1uNALiA Mosaic Data Augmentation (Bochkovskiy et al., 2020)
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dnuilumaiinlninldgniunldaude maiia Self Adversarial Training
2o o a Y 0 A ' ~ v
(SAT) TaslnanmImMAunae e mAUMIa NVl MUNNNaReNTLUIUMIITEUI VD
H v ] H
Tns9a1e0InNga AoaINTUIZHeIeIwDAIdIuaIna1 e 19 lassuronereuioz
3 o 3 ] d' 1 % A a 9 dyw = [ d’ 1
auanvuzdinylud q Nzugigasrndumuanld vennniidlimsdsunlasuludiu
U84 Loss Function 1a85im3 14 Complete IoU (CIoU) s Idunuluainveamsiensou
Y [ =t [ a =) a ‘31 Y o w a
aausUIngulTsuNeunUYIANTE VST TagliuuiAaNugIuaINTe A luNITHIITN
H v
mWzMINUgeuveInsoudousouNue Idnuvuianseuss wiuen lifieanoaons
v A o & o A A a [} @ A
aaduly suiludealdtedn q muanlunsasieden wu Tavenmuginsusvinia
o v 9 ] =K o 1 I Y o ] A a
ANBULMINUFOU T28211900INTOV TINDIBATIAIUUDINTO 1Tuan sndredalunsain
lifimsvudounu 9199zA0elinsNTANTZELNNTZHINNNTOURDNTOUNYNTIUIENY
Y Y a 1A 1 o = o 1 Y [}
nseUdensouINToyasINNszeznaisnumniisslanazeziiedisls i inseine
A = o ) Yo 9 2y <

wonedsunsoungninelid lndnudeyasialauinige

A Bag of Specials (BoS)

I = & a d' Y o Y v J o [

WHudnnilsgaveunaiind g lgny YOLO neisu 4 Tudiuwues Neck

= @ A 49! <3 Y A A a A
1ag Backbone talimanunarlumsiszuramnvwantioaiomulssaninmuazniuy

1 Y ) 4

iU 1o 19089 F9YAUDUNATIAAING1I UAIH Cross Stage Partial Connection (CSP),
Spatial Attention Module (SAM), Path Aggregation Network (PAN), Spatial Pyramid Pooling

9 U

' 9
(SPP), Mish Activation 431 2.37 Hudu asiIdnan IAudaneunthil

Derivatives of Mish and Swish

— Mish = 1st Derivative of Mish

307 — ReLu I I . == 2nd Derivative of Mish

——— SoftPlus Y 1.0] —— 1st Derivative of Swish

— Swish i === 2nd Derivative of Swish

25 T 74
i ;

[+R-]
20

15

o4

s L | i 0.2

-3 =2 -1 1 2 3 -3 -2 =l 0 1 2 3

5% 2.37 dredanvazuoans vl Mish 1f5euiieuny Activation Function DU 9)

(Misra, 2019)
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23 nasiadszansmmlunumumsasieduing

msiadszaniniwvesluaaluciuaiunisasindvinginiitetanionldog
a [ (=1 o 3’ T 1 1 &' A o
wanvateriia lagaiulvgimsmuisndosdunnmsmadasiaiusgninnuiiude

=

vosnseudeuseuingiivhue IdiTsufsuiunsoudensensnguinatsa (ntersection over
Union 138 ToU) #4317} 2.38 Tagazfinisaaunaiat (Threshold) ‘1315 0.5 0.75 0.95 fudu
B ToU Heunnmneaih Tmaamusaiuensevdenseuiagivldiniuénnn Tag
AAMIMUUANIATIAYTLANTNINAN 9 fail

TP (True Positive)

o Swuiagn luaaadunseudonseuing Iagndes (loU > Threshold)

a

o))y

FP (False Positive)
o Sruuiagi luaaadunsoudonsouing Ia lignaea (IoU < Threshold)
FN (False Negative)

v
1Y =

o Swuiagn luaa luadenseudensening

o))y

TN (True Negative)

A ° [ A v Y Y [ A <3| @ = ] ]
o mmumqﬂmﬂa'lmfiwﬂs’oua@mamﬂqmmmmﬂmmﬂuagiumm
2

Q

auly aniu TN 3 lignibinlflunudumsainniviag

Area of Overlap

Area of Union

ToU =

ToU=0.46 IoU=0.72 ToU =10.97
Poor Excellent

O Ground truth [ Prediction

A o N o ' v A do v v o Ao Y
519 2.38 6]'J?]fJNﬂTiﬂWl!’Jil!ﬂﬁiﬁﬂlui31421NWMT]‘V]‘]J“NE]“L!"’UENT‘I?@‘]JQ@ZJ?@U?G\Q‘l’l'l’nlﬂﬂulﬂ

U

nFeuifeununseudensouinguLIAY3 T Intersection over Union (IoU)
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231 MANNNYINTI (Precision)

A ] [ 1 d‘ = o
Ao vuleTAaA1ANUNeInsIvUed luaa laaf5euneua1nIIUIUNT O U

9 v o

v o Ao v A y X H) o d’
a@uiﬂﬂ?@ﬂ‘ﬂ‘ﬂﬂf!"lﬂllﬂﬂﬂ@@\‘lﬂﬂi]WT!”JurIﬁ@U‘V]QﬂIiJLﬂaﬁiW\T"Uuaﬂ‘ﬂ\ﬁfiuﬂ ATUNITN 2.9

a a

Precision = F 2.9
recision = oo — :

232 AIM552an (Recall)
A 1 @ 1 = A ) F) = o
Ao Mletaa1mMsszanyisemsani lavesTuaalasnfSouisnandiuiu

9 Y o

v Y H
nseudousouiagihue ldgndesnudiuiunseunndoyass iavua aseaumsi 2.10

U

Recall = (2.11)
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Precision x Recall curve
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52UV11T0N3 : Windows 10 Pro

oA ¥ 10152 u78Wa : NVIDIA CUDA 10.1 and cuDNN SDK 7.6
oIS NI uAsA : TensorFlow-GPU 2.3.1, Darknet
yoWd5 1auTi3 : OpenCV 4.3.0

yonALsdmSuRanN1Usunsy : Visual Studio 2019 Community
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A5 N0 4.1 KANATEUNIATITUYARARI8TuRadINan1TAeNTIU Faster R-CNN Hndou
2
Aegatoya MS COCO Taelivoyalszinningianua 80 Uszinn nadeunuya

1 E4
FoyayanannanuNUIRIUIT 100% veyadoyaniua

U El

HUMAN DETECTION
Faster R-CNN

MS COCO
80 Classes

DAY
5,043 5,078 2,564 217 2,297 69.8308
[1920 x 1080]
DAY
5,043 5,103 3,112 230 1,761 58.0252
[963 x 1080]
NIGHT
4,068 4,109 2,055 86 1,968 71.1380
[1920 x 1080]
NIGHT
4,068 4,159 2,562 128 1,469 59.3144
[963 x 1080]
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FoyayananndnuNUIROUII 100% vewgatoyaniua

QU a

HUMAN DETECTION
Faster R-CNN

MS COCO
80 Classes

AVG FPS PRECISION | RECALL

DAY
14.3555 0.9220 0.5275 0.6710 51.5875
[1920 x 1080]
DAY
17.2620 0.9312 0.6386 0.7576 63.0854
[963 x 1080]
NIGHT
14.0888 0.9598 0.5108 0.6668 50.6053
[1920 x 1080]
NIGHT
16.9047 0.9524 0.6356 0.7624 63.3128
[963 x 1080]

1M 4.2 wiinldiwaagmnsnnivyanavesanlaenssy Faster
R-CNN fimanuiiiesnsanoudiegs aie 09220 minmmlunainas ez 09598 mnninly
pananiy uaileinsanaImsseandmuniinuiios 05275 minmwlunainaisunaz
0.6356 Minamlunanaiiy FedwalianlszansamIaesuiianiios 0.6710 nnnly
nana1iunaz 0.6668 Minmwlunanalsiy taziefiaisanmianuiisms unden
amlunanarsuilaudios 51.59% uag 50.61% lunanatsdn lvssfinadwsano i
Qﬂaﬂmmﬂmwuiwﬂizaw%mwmﬁmaﬂﬁuTﬂamu%wmaﬁu TaoimmzmaIniiense
m%’;ﬂqﬁmﬂu 63.09% 1A mIunanaafunag 63.31% 1 wlunanaay wailuea
e umsalszurananmiunmuma 1,920 x 1,080 finsa mae 14.24 nmMasIui taz
ANVUIA 963 x 1,080 ANLKA (AT 17.10 NN INT

422  wWanaaRLMIAsINIVYARaMIBlaanINafnenssn YOLOvV4

mInaaevlszansnmnlumangnwannnaaninenssy YOLOv4 Anaeu

QU

9
v

aegadeya MS COCO Taviideyailszinniagnanua 80 Uszinn nagevnugadoyalana

a

[ 9 v '
TugounUPiiaaues wiamua 100% vesgadoyanavua 1Hran1sNAaoIAInI15199 4.3

a M15197 4.4



67

A15199 4.3 KaNAAEUNIATIIIVYARARI8 TuAaINaTRenNs T YOLOV4 Rnaeudiesa

9

9
Joya MS coCo TaesTidoyailszmnningnanua 80 Uszinn naaeunugadoya

o

1 v
YANANNTNIUNUFTANUITI 100% VogAToyanIiua

£l

HUMAN DETECTION
YOLOv4

MS COCO
80 Classes

DAY
5,043 5,043 2,738 4 2,301 38.2100
[1920 x 1080]
DAY
5,043 5,043 3,435 3 1,605 31.3117
[963 x 1080]
NIGHT
4,068 4,068 2,108 4 1,956 35.9861
[1920 x 1080]
NIGHT
4,068 4,072 2,389 11 1,672 31.3050
[963 x 1080]

A 2 Y A o Y =
N3N 4.3 wwdin lanTueainandisaanlnenssy YOLOv4 Hnaeu
Y ) Ay o 2 - v ¢ o
Adegadoya MS COCO Taalidoyailszianingnariua 80 Uszinn UWadwin1ing 1991
v A 1 ~ <
yanalunainarsiuanitanifaonssu Faster R-CNN tiouaniios laslumaaiansou
Y o A 9 ) ~ a g ~ Ay Y o
dousouingiasegnaouiie 2,738 niou Aatlu 54.29% uaziinseuh lugnadiesduau
a 4 1 T A = ) a o
2,301 A9V AAY 45.63% uaNUNINToUNAIAATIUINTRENNIAAD 4 NTBU AnTlY 0.08%
9 ' 1
nndeyanadounavua luvaziraansiionaaounuaimyanalunainaisau Tuaa
o a I ] o a
awnsaasnsou lagndessiuau 2,108 nso Amilu 51.82% liadenseuduau 1,956 An
< a o a I 3’, 4
1y 48.08% tazdasansouAasIuIu 4 nsou Aailu 0.10% ndoyanadeunivua 1o
T Y T
fnsawaansn ldainmsanvuazlamnslunanaiciueznaiu aunsaliwadnsi
o w A ) A v Ve
avu Tasnmyaaalunanaeiuansamunsadnseuignaselang 13.82% wazam
v H 4
TunanaAuansaumsasiansoungndela 6.91% uenvniidsamwisoansiuau

Ay ] o A4 9 a v ) A Ao P
ﬂi@‘]J“I/lvlllQﬂﬁiNl,mg%1u3uﬂiﬂﬂﬂﬁi1ﬂwﬂﬁﬂqﬂ ﬂﬂL?Uﬂ1W1‘UL’J’GﬂﬂﬂNﬂuiJmL!’JL!ﬂi@‘U“VI

v
a

Yy A E S ¥ oA ¥ 2 ) a4 a
FINWNHAUNNVUNIUANUDY AD 7 NTDU ﬂQUTNLﬂaEl"]fL'JﬁWE],NﬂWil]ﬁgiJ'JaNﬁlﬂale‘WfJ\i 37.22

a aa =

Jaa UM NUUIA 1,920 x 1,080 Wnkya 1ag 31.31 YaaIu1N AUNINUUIA 963 x 1,080

Nnya



68
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HUMAN DETECTION
YOLOv4

MS COCO
80 Classes

AVG FPS PRECISION RECALL

DAY
26.4409 0.9985 0.5434 0.7038 54.3163
[1920 x 1080]
DAY
31.9617 0.9991 0.6815 0.8103 68.1349
[963 x 1080]
NIGHT
28.0942 0.9981 0.5187 0.6826 51.8455
[1920 x 1080]
NIGHT
31.9679 0.9954 0.5883 0.7395 58.8033
[963 x 1080]
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Faster R-CNN
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MS COCO
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[1920 x 1080]
YOLOv4
MS COCO
80 Classes
[963 x 1080]

14.2366 51.5875 50.6053 51.0687

17.0958 63.0854 63.3128 63.2493

27.1791 543163 51.8455 53.2242

31.9644 68.1349 58.8033 63.9820
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HUMAN DETECTION
YOLOv4

MS COCO
80 Classes

DAY
HIGH-RISK 685 685 433 0 252 31.4901
[1920 x 1080]
DAY
HIGH-RISK 685 685 564 0 121 30.4756
[963 = 1080]
DAY
MEDIUM-RISK 828 828 497 0 331 31.6411
[1920 x 1080]
DAY
MEDIUM-RISK 828 828 524 0 304 30.7318
[963 = 1080]
NIGHT
HIGH-RISK 644 644 406 0 238 31.6327
[1920 x 1080]
NIGHT
HIGH-RISK 644 644 446 3 195 30.6844
[963 x 1080]
NIGHT
MEDIUM-RISK 576 576 304 0 272 31.8312
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 580 355 4 221 31.3076
[963 x 1080]
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HUMAN DETECTION
YOLOv4

MS COCO
80 Classes

AVG FPS  PRECISION | RECALL

DAY
HIGH-RISK 31.4901 1.0000 0.6321 0.7746 0.6307
[1920 x 1080]
DAY
HIGH-RISK 30.4756 1.0000 0.8234 0.9031 0.8219
[963 x 1080]
DAY
MEDIUM-RISK 31.6411 1.0000 0.6002 0.7502 0.5990
[1920 x 1080]
DAY
MEDIUM-RISK 30.7318 1.0000 0.6329 0.7751 0.6316
[963 x 1080]
NIGHT
HIGH-RISK 31.6327 1.0000 0.6304 0.7733 0.6289
[1920 x 1080]
NIGHT
HIGH-RISK 30.6844 0.9933 0.6958 0.8183 0.6940
[963 x 1080]
NIGHT
MEDIUM-RISK 31.8312 1.0000 0.5278 0.6909 0.5260
[1920 x 1080]
NIGHT
MEDIUM-RISK 31.3076 0.9889 0.6163 0.7594 0.6144
[963 x 1080]




74

A13190 4.8 HANATOUNITIZYAIMTBIINAWHUIYARaNATI99 L Iaa 8 TuIAa 91N

amilaenssy YOLOv4 Hndousegadoya MS COCO Taslidoyalszinning

wa

Y v
e 80 Uszinn nadeunugadeyayanasnan1unl uiaauese 30% veq

) g
PFAVDYANNUA

Q QU

RISK-LEVEL IDENTIFICATION

YOLOv4
MS COCO
80 Classes

TP TP (&)
CORRECT CORRECT CORRECT
(BOXES) (%) (%)

DAY
HIGH-RISK 685 433 398 91.9200 58.1000
[1920 x 1080]

DAY
HIGH-RISK 685 564 423 75.0000 61.7500
[963 x 1080]

DAY

MEDIUM-RISK 828 497 489 98.3900 59.0600
[1920 x 1080]
DAY
MEDIUM-RISK 828 524 521 99.4300 62.9200

[963 x 1080]
NIGHT
HIGH-RISK 644 406 406 100.0000 63.0400
[1920 x 1080]
NIGHT
HIGH-RISK 644 446 446 100.0000 69.2500
[963 x 1080]
NIGHT
MEDIUM-RISK 576 304 304 100.0000 52.7800
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 355 355 100.0000 61.6300
[963 x 1080]




75

< A o y

20913190 4.6 ziu ldnTumanwanndlesaanlaenisy YOLOv4 Hnaou
P P Ay o 2 ~ o ¢ w
Aregadaya MS COCO Taslidoyallszianingnariua 80 Uszian NHadusn13ns 2193V
yanalummwnanargduaninmmlunainaisdu Tasamlunainaieiulumadinise

) A Y ~ Ao Vv
@jjﬂﬂﬂuﬂﬂalusllOﬂlmﬂﬂ313Jlﬁﬂ\1ﬂ1uﬂa']\inlﬂﬂﬂ’nﬂ'nmlﬁﬂﬂqq Tﬂﬂllmuﬂuﬂi@uaﬂlliau

=

TagNasegndes 63.21% luveulwannuidesgauaz 60.02% Tuveuwanudesunalg

a

Tagi Twaa bilimsasavtunseudonsouingaanaia uaganuniinseudonsouiagh i

gnad1agad 36.79% Tuveuvanu@esgauas 39.98% luvenwanudsaunaie uaz

QU a

A A o Ay Y A Y Y Yo
LiJ’f]‘Wi]ﬁmTWﬁﬁWfﬁW\l@ﬁﬂﬂﬂWiaﬂmuiﬂﬂTWEN ﬁnﬂimWNﬂ’ﬂNQﬂﬁﬂﬂiUﬂWiﬁ’fiNﬂﬁ’f]’]Julﬂﬂﬂ
= = A o
19.13% Gluﬂ]@ﬂm@ﬂﬁ?lllﬁﬂﬂt;f\i uag 3.27% Gluﬂ]@ﬂlﬂ]@]ﬂ’)1lllﬁ8@ﬂ1uﬂﬁ?ﬂ 6],'L!ﬂl"[?ltlz‘I/lWﬂffl“l/‘l‘ﬁ
iﬂﬂfﬂi‘l’lﬂﬁﬂ’]JﬂWWGL‘L!L’J’d"Iﬂt‘l"lQﬁuIulﬂﬁﬁnﬂiﬂG’Ii’Jﬁ]ﬁjﬂuﬂﬂﬁiuﬂ]ﬂﬂlﬂlﬁﬂ??ﬂl%ﬂﬂq@lflﬁ}
A A A o Y o Ay £y
@ﬂ'ﬂﬂ’JHJLﬁEJ\i‘]J"I‘L!ﬂﬁN IﬂEJiJﬁﬂu’Juﬂi’f)'UaﬂMiﬂﬂ?@]i}ﬂﬁi?ﬂgﬂ@]@ﬂ 63.04% Gllﬁl'f)‘]JL‘lJﬁ]

= = = = o
ﬂqqulﬁﬂ\jqulﬁg 52.78% 1umﬂﬂlmﬁﬂ31ﬂlﬁﬂﬂﬂ1uﬂa1ﬂ I@Uﬂiul@ﬁlllll]ﬂ1§'ﬁﬁjgﬂsﬂllﬂ§ﬂu

v
= ]

douseuagranaln uadanuNinsoudenseuingh lugnasiegai 36.96% luveuiva
A = A a o A Y
AMMTBIaAz 47.22% luveumanudesuna waziio N saHadwin laninnis
anuIANINAY asauANugndeslumsaiiansenlane 6.21% luveuwannuidesgs
[ ' Y
oz 8.88% luveulwannuidestunai tazglimsadenseudousouingAanataiuu
= I 9 g}/ dy 9 A ~ A Aaa a
eaaniey Nat Twaalynarlumsiszatananimaaiies 31.64 Jaadunaeanvuia
1,920 x 1,080 Wwa tag 30.78 HaaIWINADNINYUIA 963 x 1,080 NALHQ
A < Y @
111A15199 4.7 aziu 141 maagdnisasiatuyanavesanidaenssu
1 2
YOLOv4 fimanuiesasenoudiegnn Tasmmznmlunainaisiu Tagega fie 119
= = A = 1 A
amluveuaanudssgaazaudsnunals Taeliaimsssanogi 0.6321 Tuvouiua
d' d' é 1 Y a Aa =
ANuABIgaaz 0.6002 TuvouuanNnudsaunan sedwalinlszansnmlaesul
AN 0.7746 NN THVRUIAANUIFBIFIIAE 0.7502 Turpuaa U@ WNaN tag
A A ' = = ' = A A
WeNnsanaInNuNsInTuadsnu M luve v NAsIgalia e 63.07% uaz lu
' ! o & H ' a a
ANMMABI11UNA19 59.90% TuvazinaaninInnImngnaavinaInyNUszansninms
Y & al ! a a A X g
A32990 TagsmnanuaaIy Taamwizanlszansamlagsmeannsomuainilu 0.9031 uag
' = a4 A 2 = = = o
ANNUNIATURDONUFIUUDI 82.19% N TuveuwanNudeIge Tuvasinadns
nnminadeunmlunainasaulumaauisoasiaduyana luvevwannudesgelda
A A =2 g’/ a T =2 ' a A
TasTiA1n21u N84T IgIna 1.0000 19 2 VOUUAANWTH HAAINITTZAN A13zanTaIN
Tag323 1azAINNNNGINTURABNAUNLI 0.6958 0.7733 1Az 63.16% Mud 191 Tuveua

AMUTBIA 1182 0.5278 0.6909 1Az 69.40% luvouwannmdsuuna1s luvazhinadns



76

ﬂ1fm1W17'igﬂaﬂmummwuﬁwﬂiz?’m%mwmimaﬁﬂﬂﬂsauﬁwmﬁﬁﬂﬂﬂimmm
iiganssanauiisudniios uamilszaniamlaos ez manuiions undeiuiuiy
0.8183 11az 69.40% awdduluvenwandeegauas 0.7594 uaz 61.44% mudiay lu
vouanmidsstunas il Tuaaldianlumsdszanananinuina 1,920 x 1,080 fin
9 193D 31,70 MWADTUT 1AZA WA 963 x 1,080 Tinsa 1AL 32.56 N AT
N 4.8 it I8 managoumsszyanuFssIndumiayanad
a32990 18d 20 Tumaninamilaenssy YOLOv4 Anaeusisyadeya MS cOCO Taslidoya
ﬂizmmfﬁqﬁwm 80 Y3zinn Tanuuiuigann Taswadnsnnamlunanmedu e
Lll?ﬂmﬁEmfTiJii’mauﬂi’o‘n‘ﬁ@]mi)ﬁ'ullﬁ’ﬁ”’uﬁﬂamgﬂﬁ'mqaﬁq 91.92% luvonvanNming

gauag 98.39% luveuvannudsaunaie salononsantfoufsunugadoyans

k4 v
Y =

navuaneglugadoyanui Tumadinsoszyanudeslagnasuiios 58.10% luveuiua
A = A A v Ay Y
ANMUITBIGNDZ59.06% TuvpuvAanUTe unat1e i saradnsn lannnisan
! o { o 2 é’ a 1 [ 1
YnanmasnuNiuIunseuhie ldgndeuiuiunnay uandunuNanugndely
MsszyANuIs U LIVAANUTgIaNaIDI 16.92% onfisuisuAus1uIUNATIITY
Yy v A o v a 3 2 2 d’
18 uannugndesTassuienfi suiiisnnugadeyass wiugaunaluye uwanNuaage
= v o A A = v o =
vazaNuuna1s luvazAnaausannmnlumainasau wenlSeumeuiuiiuiunseun
v 4y A ) = 2 A A Ao v
a9 IaiulinugnAnegen 100% N9 2 veuwanazie s uulSsuiounuyadoya
a ¥ A ] Y 1 A k4 4 ~
viananuaiedlugadeyanunTuaadinisoszynnumdosldgndouiies 63.04% Tu

4 4 L - o od
YOUIAANIMTIG 1A 52.78% TUU0IAANNITea N HeiinsaHaansn laen

A X 2

MIAAVUIANIWNAINDNAIANNYNABIVBINITZYANMTUNVIUN I IunsaiNfSeuiioy

@

° = 1Y Y A = o Y a ¥ 5 Y
usrunseufinty lauaziiionFsuisudugadoyass wnavua laslinnugnded
1 Y i v
INNAIY 6.21% TuveuwanNWABIgaLaz 8.85% Tuvatiuannundeamnang
432  wWanaaauMINIINIVYANaNIBlAa YOLOv4 Inaaudlgyadoya MS

COCO menamzeyailszianynna

]
= v

msnaaevlszansnmiueangniauinnanlnenssy YOLOv4 ey

a

aregatoya MS COCO ionmmizdoyailszinnyana nadeunuyadoyayanaludniui

Y Y v
ﬂgumm%imwm 30% %ﬂﬂﬂgﬂ%@ﬂa“ﬂﬂﬁm@ GlﬁlwaﬂﬁT]ﬂaﬂﬂﬂﬁﬁi’)‘ﬂ‘D‘]J‘]Jﬂﬂﬁﬂ\mﬁNﬁ

QU El

4.9 1Az NN 4.10 AIUNANITNAABINTIZYTTAVANUTWAAIAINITINGN 4.11



77

A15199 4.9 HANATEUNMIATINTUYARAA I8 TumannanTaenssy YOLOV4 Andoudioye

dp3ya MS COCO onmwizdoyalszinnyana nadeunugadoyayAAaIN

U U

=1

Y
amuniAnuEe 30% vougadoyanivun

HUMAN DETECTION
YOLOv4

MS COCO

Person

DAY
HIGH-RISK 685 685 685 0 0 42.0550
[1920 x 1080]

DAY
HIGH-RISK 685 685 685 0 0 30.4069
[963 = 1080]

DAY

MEDIUM-RISK 828 830 828 2 0 42.2156
[1920 x 1080]
DAY
MEDIUM-RISK 828 828 828 0 0 30.5299
[963 = 1080]
NIGHT
HIGH-RISK 644 644 621 0 23 42.1461
[1920 x 1080]
NIGHT
HIGH-RISK 644 644 627 7 10 30.9208
[963 x 1080]
NIGHT
MEDIUM-RISK 576 576 515 0 61 43.5158
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 722 499 176 47 31.0835
[963 x 1080]
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HUMAN DETECTION
YOLOv4

MS COCO

AVG FPS PRECISION | RECALL
Person

DAY
HIGH-RISK 23.8539 1.0000 1.0000 1.0000 0.9985
[1920 x 1080]

DAY
HIGH-RISK 32.9619 1.0000 1.0000 1.0000 0.9985
[963 x 1080]

DAY

MEDIUM-RISK 23.8287 0.9976 1.0000 0.9988 0.9988
[1920 x 1080]
DAY
MEDIUM-RISK 32.8111 1.0000 1.0000 1.0000 0.9988

[963 x 1080]
NIGHT
HIGH-RISK 23.7560 1.0000 0.9643 0.9818 0.9627
[1920 x 1080]
NIGHT
HIGH-RISK 32.4319 0.9890 0.9843 0.9866 0.9825
[963 x 1080]
NIGHT
MEDIUM-RISK 23.0478 1.0000 0.8941 0.9441 0.8924
[1920 x 1080]
NIGHT
MEDIUM-RISK 32.3016 0.7393 0.9139 0.8174 0.8876
[963 x 1080]
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RISK-LEVEL IDENTIFICATION

YOLOv4
TP TP GT

CORRECT CORRECT CORRECT
(BOXES) (%) (%)

MS COCO

Person

DAY
HIGH-RISK 685 685 579 84.5300 84.5300
[1920 x 1080]
DAY
HIGH-RISK 685 685 600 87.5900 87.5900
[963 x 1080]
DAY
MEDIUM-RISK 828 828 826 99.7600 99.7600
[1920 x 1080]
DAY
MEDIUM-RISK 828 828 825 99.6400 99.6400
[963 x 1080]
NIGHT
HIGH-RISK 644 621 621 100.0000 96.4300
[1920 x 1080]
NIGHT
HIGH-RISK 644 627 627 100.0000 97.3600
[963 x 1080]
NIGHT
MEDIUM-RISK 576 515 515 100.0000 89.4100
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 499 499 100.0000 86.6300
[963 x 1080]
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YOLOv4 HUMAN DETECTION
MS COCO

Person +

Truckdump

DAY
HIGH-RISK 685 686 684 1 1 42.6613
[1920 x 1080]
DAY
HIGH-RISK 685 685 685 0 0 30.5433
[963 x 1080]
DAY
MEDIUM-RISK 828 828 828 0 0 41.9212
[1920 x 1080]
DAY
MEDIUM-RISK 828 828 828 0 0 30.7289
[963 x 1080]
NIGHT
HIGH-RISK 644 644 612 0 32 42.4991
[1920 x 1080]
NIGHT
HIGH-RISK 644 644 622 5 17 30.9790
[963 x 1080]
NIGHT
MEDIUM-RISK 576 576 517 0 59 42.7554
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 656 494 113 49 30.7430
[963 x 1080]
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YOLOv4 HUMAN DETECTION

MS COCO

Person + AVG FPS PRECISION RECALL
Truckdump

DAY
HIGH-RISK 23.4691 0.9985 0.9985 0.9985 0.9971
[1920 x 1080]

DAY
HIGH-RISK 32.8065 1.0000 1.0000 1.0000 0.9985
[963 x 1080]

DAY

MEDIUM-RISK 24.0136 1.0000 1.0000 1.0000 0.9988
[1920 x 1080]
DAY
MEDIUM-RISK 32.5785 1.0000 1.0000 1.0000 0.9988
[963 x 1080]
NIGHT
HIGH-RISK 23.5413 1.0000 0.9503 0.9745 0.9488
[1920 x 1080]
NIGHT
HIGH-RISK 32.3470 0.9920 0.9734 0.9826 0.9718
[963 x 1080]
NIGHT
MEDIUM-RISK 23.4020 1.0000 0.8976 0.9460 0.8958
[1920 x 1080]
NIGHT
MEDIUM-RISK 32.5942 0.8138 0.9098 0.8591 0.8993
[963 x 1080]
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YOLOv4 RISK-LEVEL IDENTIFICATION

MS COCO TP TP GT

Person + CORRECT CORRECT CORRECT
Truckdump (BOXES) (%) (%)

DAY
HIGH-RISK 685 684 592 86.5500 86.4200
[1920 x 1080]
DAY
HIGH-RISK 685 685 627 91.5300 91.5300
[963 x 1080]
DAY
MEDIUM-RISK 828 828 826 99.7600 99.7600
[1920 x 1080]
DAY
MEDIUM-RISK 828 828 825 99.6400 99.6400
[963 x 1080]
NIGHT
HIGH-RISK 644 612 612 100.0000 95.0300
[1920 x 1080]
NIGHT
HIGH-RISK 644 622 622 100.0000 96.5800
[963 x 1080]
NIGHT
MEDIUM-RISK 576 517 517 100.0000 89.7600
[1920 x 1080]
NIGHT
MEDIUM-RISK 576 494 494 100.0000 85.7600
[963 x 1080]




85

~ < 1 A o
910913199 4.12 zsiu ld Tumansianndreanilaens sy YOLOv4 ae
gAvoYa MS COCO 1apnanIzdoyalszianyanasiunugadoyayanaInaniu
Y
Aa oA a Y] % 4 1% [ 1
URTRNIUII 70% vosgadoyanavnua Tnaanimsasdnduyanalunimmainaniudni

A o ¥ v o Y ¥ ®
amlunainaisau Iﬂﬂﬂ?Wiul’Ja1ﬂaN’JuTNmﬁﬁ’iNﬂ‘i@‘]JﬁmJ’iﬂﬂﬂﬁqqﬂﬂﬂﬁﬂﬂﬂﬂ 99.85%

LY

Y 9

Tuveuaanudesganas 100% luveuwaanu@salunals uazlimsas1InIoUdoNITO
o a = 1 g’; A a v Ay Y 1 =
agAawa1Aiios 1 nsoUMIIY oNnTuwadws lav1nmMsaauuanmaInu luaall
! o Y Y o Y Y =) 9
anuuiudunnTagansanadunseudonsouiag lngnaesnsunnnseuuas lulimsadig
nseunAanaa luvnenradnsanminadounnlunainasaulumaaIunsonsady

A Y 1 A A o Y [ A
mwmiumamwmmmmqqllﬂﬂmmammmmuﬂaw Iﬂﬂhﬂ1u3uﬂi®ﬂa@m5@ﬂ’)ﬁﬂ‘ﬂ

a

]
S

a519gnA09 95.03% TuveuwanudsIgaLay 89.76% Tuveuiannuideswnais Tagh
Twaa lifimsadnseudeusouingaanaia naziinseudeusoniagh lignaduiies
3 9 A A A A
1@NUBY A 2.64% TUUDVIWAANUFBIGULAL 8.51% TUvoUUAANNTEIIUNaIN uaziiie
A v Ay Y A B 9 P
HsuIwaansn ldnnmsaavnanimas aunsamuanugndeslumsaiansenldon
1.55% Tuvouuan1udesgs LANAUNUANAINYNABIAAAY 4% Turpuuan1udesl1u
= ¥ ) o A A 2 3 9 a A
AAN HAZIMIATNTOUADNTDVINQHANIANVUUIANT08AD 0.78% TUVBVIIAAIINITE
a ¥ D)
gaaz 19.62% Tuveuwaanuasainars nailuealsnar lumsdszurananiwymna
1,920 x 1,080 NALa 1RAVITEHI 42.42 TAAIUINADNIN LAZAINYUIA 963 x 1,080 nwya 1a7
NAMRALNLALA 30.75 HAaWINADNIN
d' < 91 Y]
11015199 4.13 aziiu Id T wadiUnisasnnduynnavesanidaenssu
A ~ ' = ' A a
YOLOv4 11710083054 A1n135zan uazanszansninlagsougan Tagaiwluman
nauliauminuae 0.9985 luvenlwannudsaguas 1 luveuwannuidenuna1s uaz
4 A . o 4 . ‘3 o
HONITUIAIANWNGINT BRAGHY NN N IUVOVIUAA N T BIGINAIZID 99.71% a1y
§ § v J { [ Aa a
ANUTE1UNA19 99.88% TuvasIHAdWFIINNINNNanvUIAaINYNYsZaNTAINMS
% g/ dg =S 1 d' 1 =1 1 a a
752991 AT INNIHUAAVY TaslAnNuNednss Ansszan uazalssansnnlaesiu
D e 2 4 4 \ 2 4

W 1 neluveuvaanudssgazanudsahunais Tasaianunsinsunadasly

~ a A 3 I 1 = @ A [
YOUUAANWABIGANA NN 99.85% auluvevwaanudeaunaradinaliaim
a $ [ 4 %
@n TuvmzAnaansanmsnadouninlunainanau lueaaiunsoasrnduyaaalu

A Yot gy 4 . 2 4 :
YU NTeIgelan Taslin1nuMesnsagan 1 192 Y9 UIYAAUTEL LAZAINIS

= 1 a A 1 d' d' a1 1 9 [ dy

szan Anlseansninlaesdu uazmnNUNens unaelMAoUT1IgIAdl 0.9503 0.9745 Liay
94.88% MUA1AY TuYBVIYAANWTIIGIAY 0.8976 0.9460 LA 89.58% A1 1AY 1u

4 { v J { v §
youan NI uNa1 TuvaeNHadws91nNIMNENaAYLIAAINDNAINNUNGINT



86

~ <] H = [ o A X I
anaufisnanifesns 2 veulwaawdes uanimsszandinunuawilu 0.9734 Tuveuiua
d‘ d‘ ' Y a A
ANUTIgINaz 0.9098 Tuvoutvannuideaunals damalinlscansnmlaesinlu
= A A2 g ' = o oA
YDUIAA NN TLIGINA NN Y 0.9826 1 TuvovvaaNwasI unandLA1aAaa
T A a ' = 4 3 = o A X g
M0 0.8591 LABNITAIAIANWNBIATUNDENT 2 VO UIWAA DU ToTInunuI iU
1 v Yy v
97.18% luveuivanudsIgaLaz 89.93% luvevwaanuassunan naiiluaaldinal
Tumsdszurananmnunia 1,920 x 1,080 Wa 1908 23.64 NNADIUIN 1AL NINVUIA 963
x 1,080 NALYA (RAY 32.58 NMNADIUIN
1AANT190 4.14 wiu IdmanadeumIzyaNU AN AR IYAfAa T
@ vy = Y 9 A
a9 ladeTumannanlaonssy YOLOv4 Hndeudisgadoya MS COCO aanmnz
' v
doyalszinnyanasiunugadeyayananndn1unliaause 70% vewgmdoyanivug
1 o v J v oA
tanuuiudigaunn Taswaansnnamlunainaeiuiinnugnasegads 86.55% luveuiua
d d 4 A e, d
ANUTEIGAAL 99.76% luveuwaaNudealiunars iwanfFeumeunusiuiunsoui
a31990' 18 nazilonfisuifeunugadoyansaianua wulinnnugnaetedh 86.42% u
= A A a v IAY Y
YOUIAANUITOIGIAZ 99.76% TV VIIARNNITI1UNA1 oNTRIWAdNEN 1a91N

' o { 3 o 2 é’ 1
ﬂTﬁaﬂﬂJlﬂﬂﬂ'IWEN‘WTJ’Ni]1u3uﬂi®ﬂ‘ﬁﬂ1u1ﬂllﬁ}gﬂgl}@ﬂﬁEM‘L!'JL!LWZJBUL! !,LﬁgW‘]J'J]ﬂ’Nllgﬂg]}@\i

P
= 1

TumsszyanuidesluveumwanNnudesgaliauinuiu 5.11% uaanugnaesluveuivan iy

9 a

= a < Y ~ A = @ =
Lﬂ’ﬂ\i‘]_l111ﬂaN3Jﬂ1aﬂﬁQmﬂu@8L‘WEN 0.12% LIJ’E]LIGEJUWIEJ‘]JﬂU“]J’WU’E)iJﬁi]iQVN“HMﬂ 1ummzw

a U

{ & Y

v o A A A o o A o v &
waawmmmw“lunammmu !,lI’E]LL]ETEJ‘UWIEJUﬂ‘UEUTL!'JHﬂﬁﬂll“l/lﬂﬁ'J‘ﬂi]ﬂulﬂuullﬂ'JnJﬂﬂ@]'ﬂﬂ

QU

' 9

Y ! 9
903 100% 09 2 veuanazionnsanfSeufiounuyadoyass snsruaneglugadoya

wunTumaasnszyaNude lagnaeegan 96.03% luveuwanudsga uaz 89.76%
g i a o oA (A
Tuvouwannu@esahunaie Weiinsannaansf 1dv1nnsaarIan maIny AN
Y = A =1 @ 9 a 3 A d%’
2nABIYDINITTZYANMTEANBTEUVINGVAUYATOYAITINIHUAINUUY 1.55% Tuveuua

ANUFBIGIIANAVAART 4% THvRLIVAA NN 1UNa1

434  ajdwamsnaaeulumaieanvunavae

9 a A d‘ o dgl
dayldeyananisnadeulscansninluaanwanvusnnanidasnssy

Y ) A "o o A E) Ay
YOLOvV4 AWYAUVDYANUANA NN UITUIU 3 YA AD YAVDYQ MS COCO Iﬂfﬂﬂl’ﬂyﬁﬂi&ﬂ‘ﬂ

v
[ v

agnanua 80 1sz1n gadeya MS COCO onmnizdoyalszinnyana uazgadoya MS

COCO rpnanizdoyalszianyanasiunugadoyanIMyAnaINanIuNUHUAIuS <
9 ! E4

70% vogaToyanInua nadeutUgAteyayanasInadnIuNUfIR U InLA 30%

) 4

YougadoyanIug d3lnaninaaodlaninsned 4.15 3UN 4.4 wazgln 4.5



a A o 2 3
MTNN 4.15 Z’f‘gﬂNﬂﬂﬁﬂﬂﬁﬂUIm@aWW@JuWGUHVN?iilﬂ

YOLOv4
MS COCO
80 Classes

[1920 x 1080]

AVG FPS

31.7037

AP DAY

61.4012

AP NIGHT

58.1148

AP

59.9707

RISK

CORRECT

(%)

58.4339
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YOLOv4
MS COCO
80 Classes
[963 x 1080]

32.5561

71.8440

65.7173

69.1575

64.1053

YOLOv4
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Person

[1920 x 1080]
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Person +
Truckdump
[1920 x 1080]
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96.5971

93.2308

YOLOv4
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Person +
Truckdump
[963 x 1080]
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97.4597
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RISK-LEVEL IDENTIFICATION CORRECT (%)

|l YOLOV4 80 Classes

92.9747 93.2308

[1920x1080]

I YOLOV4 Person
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[963 x 1080]
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Abstract. Any accident may cause a loss in human resources; thus, safety in
industries should be primarily concerned. Truck dumpers are an industrial area
for receiving raw materials from suppliers” trucks. The suppliers have to walk
around the workplace while machines are working; this may cause serious
accidents. Our conceptual idea to prevent accidents is that if there is a person
close to the dangerous area, the machine should stop immediately and also alert
workers. Therefore, a system to automatically detect and predict the existence
of humans was necessary. In this paper, we introduce a novel framework for
human detection and risk-level identification. This framework provides an
intelligent monitoring system with the ability to detect persons through the
camera images and be able to identify their locations that are divided into high-
risk and medium-risk zones. The high-risk zone is the region at the truck
dumper. The medium-risk zone is the region around the truck dumper, In our
experiments, we measured precision and recall comparing between two real-
time deep learning methods: YOLOv3 and YOLOv4. According to the
experiment results, YOLOv4 showed better performance in both precision and
recall. The processing speed of YOLOv4 was not much different from YOLOV3.
Thus, we apply YOLOv4 in real situations due to efficient performance and
suitable speed.

Keywords: Truck Dumper, Human Detection, Risk-Level Identification, Deep
Learning, Accident Prevention.

1. Introduction

Safety in animal feed industries should be prioritized over other things to reduce risks
occurring at workplaces, especially to prevent loss in human resources. In the industries, truck
dumpers are risky areas for employees and suppliers. The suppliers convey raw material, e.g.,
corn, wheat grain, and soybean, to the truck dumpers. After the suppliers™ trucks move to the
truck dumpers area, the truck dumpers lift the whole truck and dump the material into the
intake hoppers. Due to safety concerns, persons are prohibited to approach the area. However,
accidents may occur because there are some blind corners in the area that the employees who
control the dumping machine may not be able to notice human beings around. This probably
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leads to an unpleasant accidental situation. Therefore, automatic person detection and risk
identification system is necessary to be implemented in the risky area to prevent any fatal
accident.

During past decades, there were several studies relating to industrial safety. Rafael
Mosberger and teammates [ 1] proposed a system for detecting multiple humans to prevent
collisions between vehicle and pedestrian by using NIR camera captured with IR flash to detect
reflective clothing. Zdenek Kolar et al. [2] used transfer learning technique from VGG-16 [3]
model based on deep convolutional neural networks to detect safety guardrail and inspect
safety area in the construction industry. Hao Wu et al. [4] presented a new fire detection system
applied in chemical factories and high- fire- risk industries using deep learning, i.e.,
Convolutional Neural Networks (CNN) and You Only Look Once (YOLO) [5]. Their
experimental results showed that the system could classify fire and fire-like images precisely;
thus, it could avoid false alarm problems. Seungbo Shim et al. [6] developed a system to
identify the risk situation of workers location based on YOLOv3 [7] for preventing injuries at
the construction site. Apirak et al. [8] provided a real-time human detection system in a truck
dumper control system. They used YOLO to detect humans and evaluated the system by
comparing YOLOv2 [9] and YOLOv3. Experimental results from YOLOv3 outperformed
YOLOV2 in terms of precision.

In this study, we propose a novel human detection and risk-level identification framework
for the truck dumper control system using deep learning based on YOLOv3 and YOLOv4 [10].
It includes two stages. The first stage is human detection. The second stage is the risk-level
identification based on the specific regions around the truck dumper area. We collect videos
from surveillance cameras installed near the truck dumpers. The cameras recorded all events
happening in the areas, and we found that there were a few people walking around the
workplaces including the risky area. This system can detect people and identify human
location, If someone is close to the risky area, the system should alert a warning to the
employees in a control room. The objectives of this study are to prevent accidents that may
occur in the truck dumper control system and to develop a new framework based on a deep
learning technique to be implemented on the automation system.

2. A Novel Framework for Human Detection and Risk-Level Identification

In this study, the novel human detection and risk-level identification framework has been
developed. The main purpose is to reduce fatal accidents that can affect humans by detecting
human positions in a risky region and commanding machines to stop for safety in case that
humans exist in the region.

In general, the surveillance camera is always installed in the frontal view of every truck
dumper. This framework requires to set up the region of interest in each truck dumper for the
human detection system and defines the medium-risk area and high-risk area for the risk-level
identification system. Figure 1 illustrates an overview of this proposed framework which
contains four main steps to be explained in the following subsections.

2.1. Data Collection and Preparation
The data used in this study had been collected by industrial surveillance cameras installed at
the truck dumpers. The cameras record all events during daytime including the event with
suppliers getting off the trucks (Figure 1(2)) and the event with the employees cleaning around
the area (Figure 1(b)).

The prior assumption of our framework is that the obtained data should be ready and in a
proper format for processing by the detection and identification systems. We thus prepare the
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data by selecting the scenes containing at least one person in a frame and then extracting the
specific video clips to be images in a frame-by-frame basis (Figure 1(a)).

n

(]

———— —
M v —: Alarm

Figure 1. The processes of the human detection and risk-level identification systems

2.2. Human Detection and Risk-Level Identification

The proposed framework consists of two systems: human detection and risk- level
identification. The human detection system is used to detect humans existing in the images
with bounding boxes. The input data are the images extracted from the video clips containing
humans. This system crops only the interested image region, which is the region around the
truck dumper, and discards the rest of the images (Figure 1(b)). The human detection system
applies YOLO to capture humans in the images (Figure 1(c)). This YOLO had been trained
by the MS COCO dataset [ 1 1] containing objects from 80 classes or categories including the
Person class that we used in this study. Other classes, except for the Person class, were ignored.
Finally, the system provides output data, which are object class with a percentage of
confidence score and a bounding box locating the human position (Figure 1(d)).

Another system was a risk-level identification (Figure 1(e). The input data are the output
from the previous human detection system. This identification system has been configured to
assign high-risk and medium-risk zones. The high-risk zone is the region right at the truck
dumper because the heavy machine can lift itself up and down and may cause danger to living
beings. Thus, this zone is strictly prohibited for persons, particularly during the machine is
working. If there are persons in the high-risk zone, the system should alarm the employees in
the control room and the lifting machine should stop immediately. In Figure 1F, we mark this
high-risk zone with red color. Moreover, the medium-risk zone is also monitored as it is an
area next to the high-risk zone. This area is not as strict as the high-risk zone. The persons are
allowed to stay near the truck dumper but not too close. If there are persons in the area, the
system should also alarm the employees in the control room, but the machines are still
working. We set the zone color as yellow (Figure 1(f)).

To differentiate between high and medium risky level of the person in the dumper area, we
define three points at the bounding box (Figure 2). The points are located at the lower-left
corner of the bounding box, the lower- middle at the bottom edge, and the lower-right corner
of the bounding box. If there are at least two points found to be in the high-risk zone, the
system should identify the object in the bounding box as being at a high-risk level. In the same
way, if there are at least two points found to be in the medium-risk zone, the system should
identify the object in the bounding box as being at a medium-risk level.
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ﬁ
Figure 2. The three points at the bounding box for analyzing risk-level of a person

3. Experiment and Evaluation
3.1. Experimental Data

In the experiment, we used the collected data as mentioned in Section 2. We had recorded
the video clips for 10 days, only during the daytime. After extracting the images from the video
clips, we obtained totally 6,637 images that could be categorized as high-risk zone for 3,011
images and as medium-risk zone for 3,626 images. An image resolution was 1920x1080 pixels.
We labeled the images by using Labellmg software [ 12] which is an efficient software to
annotate graphical images for testing performance of the identification system.

3.2. Tools

The hardware and software used in this study described as follow:

Hardware

- CPU: Inter® Core™ i7-9750H 2.60GHz

-RAM: 16.0 GB

- GPU: NVIDIA GeForce RTX 2070

Software

- Windows 10 Pro

- NVIDIA CUDA 10.2 and cuDNN 8.0

- OpenCV 4.3.0
3.3. Evaluation

In this study, the performance of the proposed framework to detect humans was validated
using precision and recall because the main target of this study was to detect the human in the
specifics area. The precision represents how accurate the system predicts as compared to the
correct result (or ground truth) of all detectable persons. The computation is shown in equation
(1). The recall, as shown in equation (2), represents how well the system recalls or recognizes
the true objects in the class by comparing correct results to all actual persons appearing in the
data. Therefore, precision and recall are the two main metrics used for assessing the
performance of the proposed framework of this study.

IP

Preci.sion:m (1)
Recall =L 2)
(TP + FN)

where;

True positive (TP) is the number of persons being predicted correctly. False positive (FP)
is the number of non-human objects being incorrectly predicted as “Person™. False negative
(FN) is the number of persons being undetectable by the system; i.e., a person is classified as
“Not-a-Person™ but the person actually exists in the images. True Negative (TN) is not used in
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object detection problems. There are many possible bounding boxes that are not detected
correctly.

4. Experimental Results

The experiments had been conducted on both YOLOv3 and YOLOv4 during the study. The
obtained results were presented here by separating into two systems, i.e., human detection
system and risk- level identification system. Performance of the human detection system is
presented in Table 1, whereas the performance of the risk-level identification is illustrated in
Table 2. Example results are also displayed in Figures 3 and 4.

Table 1. Experimental results of the human detection system
“All Samol

\p FN Precision Recall
YOLOv3 3,626 2290 9 1,336 0.996 0.631
medium-risk
YOLOv4 3,626 3204 14 422 0.995 0.883
medium-risk
YOLOv3 3o 1474 3 1,537 0.998 0.489
high-risk
YOLOv4 3o 2574 2 437 0.999 0.854
high-risk

It can be seen from the experimental results that the human detection system provides high
precisions on both YOLOv3 and YOLOv4 with precision value as high as 0.99. Our system
can detect and predict persons correctly with only minor incorrect predictions. From the total
of 6,637 images, wrong predictions are only 12 images for YOLOv3 and 16 images for
YOLOv4. The incorrect predictions occurred in some specific images. For example, if there
is a reflection on the truck's windscreen, then detection system misunderstood the reflection as
the person. However, we observe that the bounding box of the incorrect result was presented
with a low confidence value. Therefore, to mitigate this problem, we can increase threshold
confidence to a higher value.

For the recall measurement, YOLOv4 outperforms YOLOv3 explicitly in that the average
recall is 0.567 for YOLOv3 and 0.870 for YOLOv4. Thus, YOLOv4 can detect people more
effective than YOLOv3. After considering the results, we found that there are some image
characteristics that YOLO cannot detect correctly, for example, an image with a person
holding a broom or equipment, an image with a person bending down, and an image with
incomplete human structure due to a part of building obstructs the camera sight.

In this study, the image data had been fixed as a front-view received from a fixed angle
camera. However, the camera angle may change if it is installed in different factories or
locations. Due to the flexibility of this framework, it is possibly applicable to various image
data even if they are from a different perspective because the camera settings are not the main
factor for this framework process. In every first use of this framework, a user has to define the
region of interest as low-, medium- and high-risk regions manually; thus, the framework
process depends on how the user defines the regions.

Table 2. Experimental results of the risk-level identification.

Ground Truths ~ Medium-Risk High-Risk Accuracy

YOLOv3 2290 2290 0 1.000
medium-risk

YOLOv4 3204 3,203 1 0.9%9
medium-risk

YOLOv3 1474 64 1,410 0956

high-nisk

YOLOv4 2574 154 2,380 0.924
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On assessing performance of the risk-level identification system, we measure its accuracy,
which is the ratio of correctly classified images (as high or medium risk) to all tested images.
For both YOLOv3 and YOLOv4, we can observe high accuracy of 0.978 and 0. 961,
respectively. However, there are some cases that lead to mistaken identification. For example,
a person extends arms that causes the bounding box to expand, and this the three points are
shifted to another zone. This case should be identified as the high-risk level, but the system
instead classifies the case as the medium-risk level.

For safety concern on timely warning in the real application, we also consider the system
speed. The speed of YOLOV3 was 70.048 milliseconds per image and 78.643 milliseconds per
image for YOLOv4. Even though YOLOv3 was faster than YOLOv4, the difference was
insignificant. Therefore, YOLOv4 is appropriate to use for this study because of higher
precision and recall as well as providing good speed.

Figure 3. Example results from human detection and risk-level identification: (A) human
detectable in high-risk zone, (B) h de ble in medium-risk zone, (C) high-
risk zone identification and (D) medium-risk zone identification.

Figure 4. Example of false positive and false negative results from human detection system

Conclusion

In this study, we proposed a new framework to prevent accidents in susceptible industrial
areas. The framework had been designed based on an intelligent paradigm to include two
systems: human detection and risk-level identification. The main objectives were to prevent
accidents at the truck dumper control system as well as to develop a new framework based on
a deep learning technique implemented on the automation system. We conducted the
experiments and compared the results between two deep learning systems: YOLOv3 and
YOLOv4. We found that the human detection system implemented by YOLOv4 can detect
persons precisely with the high precision rate at 0.87. For the risk-level identification system,
it provided high accuracy on identifying high/medium risk level of human detected around the
dumper area. Therefore, our framework has been proven efficient enough to be applicable in
a real situation because it is reliable, accurate, and also provides a suitable processing speed.
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Abstract—A process to receive raw materials from suppliers
in an animal feed industry utilizes both automatic and semi-
automatic machine control systems. The process called
“truck dumper system” is the procedure that the suppliers
provide raw materials carried by trucks; then, their
tailgates open, and the raw materials are discharged by
raising front end part of a truck to gather raw materials in a
collection area. In general, the truck dumper system has
been controlled manually by staff in a control room, not by
a truck driver. However, serious accidents may occur
during the process because when the dumper lifts up, the
staff's vision has been blocked by the raised part of a truck.
Therefore, if the staff controls the dumper to lift down by
lacking safety awareness, people in the restricted area can
be endangered. In this study, we proposed a framework of
automatic human detection to prevent any accident that
may occur from the truck dumper in the restricted area.
The human detection model was developed to detect humans
possibly in different blind corners that are difficult for staff
in a control room to monitor these unseen areas for safety-
awareness. The main technology of the proposed framework
was the real-time human d with fully ¢ lutional
neural network architecture called You Only Look Once, or
YOLO. The framework has been designed to send a signal
to terminate the truck dumper system immediately after the
model detects people in the restricted area. In experiments,
we discovered that the model could detect a human in all
blind corners, including the corners that the staff's sight was
completely bloacked by some barriers. The overall efficiency
of this framework in an aspect of speed was high. The
average time to process per image was 397 milliseconds by
using CPUs and only 52 milliseconds by using GPUs. The
results also showed that the model was effectively applicable
to detect human in real-time due to its high-speed process.

Index Terms—Truck d human ion, safe-
dumping system, deep learning, YOLO, convolutional
neural network

1. INTRODUCTION

In the present era of industry 4.0, more and more
industrial factories have moved toward the smart and
automation systems that in the previous decade have
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usually been operated by humans. However, which
industrial procedures being able to be automated can be
varied from industry to industry due to the differences in
the systems. The focus of this work is automation process
in the animal feed industry. Traditionally, a feedmill,
which is a factory to produce animal feed, includes many
processes: receiving raw material, storing and managing
the material, mixing and pelleting, packing, and loading
out to silo trucks. Indeed, the mentioned processes
involve many heavy machines. Therefore, safety in the
work place for employees and other people nearby is very
important because accidents from heavy machinery can
be easily occurred.

In the process of raw-material receiving, general
factories obtain the raw material from suppliers conveyed
by big dump trucks. The trucks dump the material to raw-
material intake; then, the machine transfers the raw
material to storage such as silos or bulk storages.
Supplier’s dump trucks can be distinguished into two
main types: a truck with a self-dumping dump body and a
truck fixed the dump body part. For the truck fixed the
dump body part, the factories use truck dumper systems
to lift the whole truck and dump the material into a
designated area. During the process, this are is strictly
prohibited by not allowing people to get close because it
may cause fatal danger. To prevent any unpleasant
accidental situation to occur, a staff in a control room is
assigned a particular job to observe the workspace area
for making sure that there is mo human in the area.
However, blind-side corners in the area are difficult to
notice by the staff who monitors in a remote room.

We therefore propose an automation system to help
securing the controlled access zone in the truck dumping
system. As far as we know, this framework is the first
proposal to turn 2 human work toward the automation
process. The main benefit of our proposed framework is
for human safety in a truck dumping system, especially in
the animal feed factory. In the next section, preliminaries
regarding human d ion with convolutional neural
network and You Only Look Once (YOLO) are briefly
presented. Our proposed automated safety framework for
human detection in the truck dumping system is
explained in Section III. Section IV describes
experimental details and evaluation metric. Experimental
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results are illustrated in Section V. We finally conclude
our work in Section VL.

II. PRELIMINARIES

In the past, computer vision based on various statistical
and mathemaucal methods has been a popular technique
ford in still & and video stream and
for recogmzmg acuon 1]+ [5] However, rccogaition

is ¢ fiable b light and
sight aspects affect the perfc of the comp
vision techniques. Common solution for such problems
are applying the background subtraction technique, but it
is inapplicable to various budging objects. Another
solution is object capturing with a 3D camera that has
been proven satisfiable detected results; however, the 3D
camera is costly [6], [7].

With the high performances of the central processing
unit (CPU) and graphics processing unit (GPU), the
complex deep learning algorithms such as convolutional
neural networks (CNN) have been extensively applied to
solve the human detection problem [8]-[11], [12]. The
success of CNN application for object detection is
because of the multi-layer network-based architecture
that makes it excellent in extracting representative
features from images [13], [14]. Its architecture contains
two parts: a convolution part and a classification part. A
convolution part is for feature extraction, whilst the
classification part is for object recognition. However,
CNN is still hard to use in real-time applications because
of its huge time-consuming during the learning phase.

To improve time complexity during learning phase of 2
CNN deep learning method, a faster image recogaition
scheme called You Only Look Once, or YOLO, has been
proposed by Redmon and colleagues in 2015 [15]. As the
name suggested, YOLO speeds up typical CNN learning
style by performing a one-stage scan over image and
transforming an image classification problem to be a
logistic regressional learning. Presently, YOLO has been
adopted to solve a wide rage of machine vision and
engineering problems that need object detection in real-
time [16]-[22].

YOLO works faster than ordinary CNNs by locating
objects in the image and classifying the objects at the
same time. It firstly divides an image into SxS grids.
Then, it predicts positions and size of interest objects and
estimates their confidence scores for possibly object types
on each grid simultaneously [15], [20]. This concept is
shown in Fig. 1. The high confidence score represents the
high probability of the target. This concept helps reducing
time consumption potentially.

Bounding boxes .‘
+ confidence
e pid vm m P b

Class probabulities

Fig. 1. The overall object detection concept of YOLO
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In this study, we proposed a framework to adopt
YOLO for real-time human detection in the restricted
area for the safety of truck dumper control systems. The
main focus of our framework is for preventing accidents
that may harm people involved in truck dumper systems.

III. A SAFE-DUMPING SYSTEM FRAMEWORK

In this study, we proposed a framework (as shown in
Fig 2) for preventing accidents during the raw-material
receiving process managed by truck dumper control
systems. This framework operates in a real-time scenario.
Firstly, the system captures images from the IP Camera
(step 1) and processes them using the human detection
system implemented with YOLO (step 2). It counts the
number of people appearing in the risky areas of the
image. Then, the counting results are forwarded to the
Object Linking and Embedding for Process Control
Server, or OPC Server, system (step 3).

After that, the number of detected people were
recorded in the Programmable Logic Controller (PLC)
memory (step 4). We add additional conditions to a
ladder logic in the PLC program to operate the truck
dumper control system. The ladder logic is a program
written in a graphical diagram that specifies particular
conditions for signaling to the machine. Details of steps 1
throuh 4 are explained in the sub-sections: A, B, and C.

In the proposed framework, if a human detection
system in step 2 can detect people in the restricted areas,
that is, counting result is greater than zero. A signal
should be submitted to the machine, and all machine
operations must stop. If the specified memory in the PLC
is equal to 0, the machine operation should resume to

normal situations.

T

i — I

-
3

Fig. 2. Aprcpoudhm“vxkfmbmmnsafet} mthetm:kdumpm
system in a feedmill factory
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Fig. 3 (a) shows the original PLC program that was
implemented in the truck dumper system to control raw-
material dumping in the animal feedmill factory. The
program control two operations: dump up and dump
down. The modification of this original PLC program to
provide a safer envi t for employees is the one
shown in Fig. 3 (b). The number of human count as a
result of human detection system has been added to the
program. The new progr trols truck dumping like
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the original version if the number of human count in the
restricted area is zero. For some unusal situations that a
human appears in the prohibited zone, the truck dumping
operations will be blocked. Fig. 4 illustrates truck dumper
system at work. In Fig. 4 (a), the dumper system is in the
idle stage, whereas it is in the working stage (dump-up) in
Fig. 4 (b).

A. Internet Protocol Camera (IP Camera) (Fig. 2 Step 1)

IP Camera is a type of digital video camera that can
directly connect to a network system. It is usually used
for surveillance camera around houses, organizations, or
factories for security monitoring. This camera can be set
as a web server; thus, all devices located in the same
network can access the camera in real-time.

B. Proposed Safety System: Human Detection with Deep
Learning (Fig. 2 Step 2)

The human detection system had been implemented by
Python programming. Our system has been designed to
access the camera streaming in real-time. Images are then
imported to our YOLO model in order to detect human in
the image. Comparing to other deep learning models such
as CNN and Faster Region-based Convolutional Neural
Networks (Faster R C\IN) [23] the YOLO model works
faster with P Y.

&

C. OPC Server (Fig. 2 Step 3) and PLC (Fig. 2 Step 4)

OPC Server is a software interface standard used for
communicating among devices in the network of the
control system. It communicates with other devices
through the Human Machine Interface (HMI), which is a
graphical screen allowing persons to control the system
comfortably.

PLC is a small modular device with multiple inputs
and outputs (I/O) used for controling the machine. A
traditional c 1 Is the hine via electrical
circuit wiring which is difficult to modify and costly to
maintain the circuit afterward. A better solution is to use
PLC for machine control. Programmers or technicians
can write a control program into a PLC memory and can
easily modify the program subsequently. The PLC has its
own CPU and input signal receivers including sensors for
program processing. Also, it can generate output signals
for activating the machine. In this study, we add a
program into PLC to identify the conditions for filtering
output signals to the machine.

HMI or OPC Client can send and receive both data and
commands to OPC Server. Then, the server passess data
and command to PLC memory. After that, the data and
command in the memory are processed into the designed
ladder logic. Finally, the machine address mapped by
ladder logic should be activated. In this study, we
implement a program as an OPC Client. It sends the
number of detected people from the human detection
system to OPC Server and records the number into the
PLC memory for the program processing.

IV. EXPERIMENT AND EVALUATION

A. Data Preparation

The input data of this framework are a collection of
images in the real situation. These images are extracted




115

International Journal of Electrical and Electronic Engi

from video clips captured by the IP Camera installed at
the animal feedmill factory in Thailand. The data set of
this work contains 300 images with only one perspective
camera but the image data contain three different human
positions in the images, i.e., a2 human at left-side of the
image (Fig. 5 (2)), 2 human at the center of the image
(Fig. 5 (b)), and a human at right-side of the image (Fig. 5
©)

©
Fig. 5. Example of raw input data in a format of color images with three
different human positions at the dumper station: (2) at the left-side, (b)
at the center, and (c) at the right-side.

The image with a human at the left side of the dumper
station represents a situation that there is a2 human in the
prohibited area which is the opposite side of the control

ing & Tele Vol. 10, No. 1, January 2021
o Software
o NVIDIA CUDA 10.1 and cuDNN 7.6
C. Evaluation

In this research, the performance of the deep model for
detecting human in the restricted area was evaluated
using precision as a metric for g
performance. The precision can be calculated as the
proportion between the number of results that the human
detection system predicts accurately and the total number

of the test data. The calculation is shown in equation (1).
Precision =00 Positive o)
Actual results

where True positive is the number of positive results that
the model predicts accurately and Actual results are the
total number of the test data.

V. EXPERIMENTAL RESULTS

Our input data was collected from the fixed-perspective
IP Camera with three different human positions (as
shown some examples in Fig. 5). After inquiring about
possible unsafe situations from the factory staff, we found
that only two human positions had been blocked from the
staff’s vision: a human at the left-side of the image and a
human at the center of the image. These may lead to
serious accidents if any people exist in the restricted area
while the truck dumper system is activated. Fortunately,
the model based on deep learning can detect people who
are in the restricted area from all positions.

Results of human detection at all three positions are
summarized and presented in Table I. We implement both
YOLO versions 2 and 3, and then compare human
detection performance against a human staff working in a
control room. Results from YOLOv3 human detection for

room. The human at the center of the image rep
scenario that there is 2 human standing at the top of the
truck dumper. The human at the right side of the image
represents the event that a human appears at the side of
the control room. We collect 100 images of each of the
three scenarios. The image resolution was 19281080
pixels.

B. Tools used in the Experiment
The hardware and software tools used for training the
deep learning model and for testing the recogaition
accuracy of the human detection system are listed as
follws.
o Hardware
o OS: Windows 10 Pro
o CPU: Inter® Core™ i7-9750H 2.60GHz
o RAM: 16.0 GB
o GPU: NVIDIA Geforce RTX 2070

©2021 Int. J. Elec. & Elecn. Eng. & Telcomm.

both d ble and und: ble cases are d ated
in Fig. 6.
TABLE L. RESULTS SHOWING EFFECTIVENESS OF THE MODEL FOR
HUMAN DETECTION IN THE RESTRICTED AREAS
H Model- Model-
Expenmentation Smnﬂ‘ based based
YOLOv2 | YOLOv3
Precision 0.00 0.85 1.00
left-side
Processing Time
(milliseconds) - 203 399
Precizion 0.00 0.72 1.00
center
Processing Time
(wailli ) - 209 396
Precision 1.00 0.60 0951
Processing Time
(milliseconds) - . 3%

32
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Fig. 6. P of a human di model: () d

In terms of prc g time, the experi 1 results in
Table I show that the model based on YOLOv2 can
recognize human faster than the model based on
YOLOv3, approximately two times faster. In the aspect
of human safety, the speed of the model is highly
important because it obviously helps reducing any
accident that may occur when people enter the restricted
area. Once the human is detected, the control system can

ible 2 human image at the left-side, center and night-side, and (b) undetectable a human
image at the left-side, center and right-side.

factory. The automatic process of the proposed
framework is anticipated to provide a better safety system
than the current human staff controling system. The
experimental results of this study show that the proposed
framework has a high potential to prevent serious
accidents for people working in the restricted area.

In the proposed framework, we adopt a deep learning
model to detect the number of people in all three possible

automatically pause the dump diately

In terms of accuracy, the results demonstrate that the
model based on YOLOv3 provides significantly higher
accuracy than the model based on YOLOv2. The model
based on YOLOv2 provides the average precision for
automatic detection in three different human positions as
72%, whereas the average accuracy of YOLOv3 is as
high as 97%. The precision of the YOLOv2 model to
detect the human at the left-side, center, and right side of
the image was 85%, 72%, and 60%, respectively.
YOLOv3 can detect human at the same positions with
accuracy rate 100%, 100%, and 91%, respectively. It can
be observed from the result that the model based on
YOLOv3 provides the average precision significantly
higher than the model based on YOLOv2 up to 25%.

The main objective of this study was to develop the
framework to prevent accidents in the industrial factory
that might occur in the restricted area. If the accidents in
the restricted area really happen in the truck dumper area,
it will risk a human's life. Thus, we select the model
based on YOLOv3 due to its high precision and
acceptable speed. To compare the results obtained by
staff monitoring, our model can detect the human at the
blind-side of the image in which the staff cannot notice
human in that area. Therefore, we are confident to apply
this framework in a real workplace of truck dumper.

VI. CONCLUSION

Thxs work presents the deslgn of a framework for

g human d to appear in the prohibited

zone of truck dumping in the feedmill factory. The main
purpose of this design is for improving safety in the

©2021 Int. J. Elec. & Elecn. Eng. & Telcomm.

P . The model can detect human in restricted area
with precision as high as 97%. The precision of the
proposed model can possibly be further improved by
increasing the number of images in the training dataset.
However, the current model is effectively applicable even
when the human appears in blind spots that invisible by
the staff in a control room. The processing time of the
model is quite low with an average time per image of 397
milliseconds. Moreover, it can process images in real-
time with the GPU that a rate of processing speed was up
to 19.2 images per second. This indicated that the
proposed framework with the deep learning model can be
used in real-world situations.

Based on the of this prel y design and
implementation, the proposed idea can be deployed not
only in the truck dumper control system of the feedmill
factory, but the idea can also be applied to many

and facturing sectors. Since the main
concem of the ptoposed framework is for improving
safety for workers in the factory, any kind of application
that seeks for safety improvement is thus able to adopt
and adjust the proposed fraework to suit a specific
application area. For instance, the safety control system
in loading/unloading goods in large warehouses is one
area of application.

In future work, we plan to improve the performance of
the human detection model that can work under different
environments such as different illumination conditions.
Such conditions can normally occur in a workplace of our
truck dumper control system, for example, the blur scene
during the cloudy days. Therefore, some preprocessing
steps to handle sub-optimal illumination should be
helpful for the increase in accuracy of our system. We
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also plan to include a classifier to distinguish between
outsiders and employees. Even though this aspect has no
direct effect toward the performance of our system, such
extension is more or less improving the intelligent level
of our system. Then, we plan to combine this framework
of human-detection and a notification system to notify
security guards when people invade the prohibited areas,
for instance, a confined space and under-construction
area, to reduce the probability of accidents. This kind of
extension is necassary for a practical application aspect of
the proposed framework to aid other kinds of workplaces
such as hardware manufacturing, construction sites, and
many dangerous industries.
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