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ABSTRACT

To solve the limitation of traffic monitoring that occur from embedded sensor such as loop and
piezo sensors, the thermal imaging camera was installed on the roadside. As the length of Class
I(passenger car) is getting longer, it is becoming difficult to classify from Class 3(2-axle truck) by
using an embedded sensor. The collected images were labeled to generate training data. A total of
17,536 vehicle images (640x480 pixels) training data were produced. CNN (Convolutional Neural
Network) was used to achieve vehicle classification based on thermal image. Based on the limited
data volume and quality, a classification accuracy of 97.7% was achieved. It shows the possibility
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of traffic monitoring system based on Al If more learning data is collected in the future, 12-class
classification will be possible. Also, Al-based traffic monitoring will be able to classify not only
12-class, but also new various class such as eco-friendly vehicles, vehicle in violation, motorcycles,
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(Peiyu et al., 2006), H]t] 2 Al A (Duarte and
et al., 2009)(Cheung et al., 2005), 3ol
A= Aot T o M= G4 oA E
53 Aot =2u%sd 54 AR AT

W o 2= w2 (Wen et al, 2015)%
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71E FEAMZE 13(582hH 3TQFER) ] Aol7t ZopAle A %< whEEtA
Fate] RF7h WS, okl Fo R o) ajloz LASE LFE HUS] 3 dspsiits
A

FHE G oHAE HolEY AE AAH 152 3FQFEY)Y FGHolEE T4 °
g Bl AA QY LEL2E F83t FHoAE BT AT BF AFS AWSATH(Tack Lee and
Chung, 2017; Zhao et al., 2016) ©l:= UlollA A=skA] & FiolA £& 997t Jlom, Az w4

LEF #3 WS As dguth
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1. MIA 7|He| REER

AR FeldetelAe 57 ST AFE 3 Jv FETF A2HE wEF AEAF A2EoA SA
AR HolHE AFstL Ytk ol FEYA Y wFHFS T 2F AF EFRAAE 1EFS Asdt
I UFYTh =3 ITS(Intelligent Transport Systems)o| A= B4HA71E ol AFE77F obd wed HE

i

283t wEHRAFTS il Uk
A R = (Kaewkamnerd et al., 2009) A 27| AIM = 2pF 7] o), Hit oA, Hd 5 7 l‘ﬂ
o7 AR AF BFE AFsth LEHke], Al HJER, o] /MR AFS BRI, &
Hhol= 95%9] =S Uehllth Al HUEY, Wo] A== 68%, 82%, 71%% HAES UEith
ApgFdol7h Fdd Aol7) el EFY AF=TE 2kom, Age] Zolrt {FARE AHFel tieiAE &5
7F ¥ Aoz Yyt
(Zhang et al,, 2007) HIH & 7|8t 2pgF 244 &7 A28 EF Holy 3 ffs) 7] ARH I 9
ol AHE R AT Wi FEte] o] e WA 7N daejEe AFgSte] AbFel tha %L
ettt Egojgte A kgl il 7S AlfEG o, A8 EE 97%01d £ A =E Ut
719 gholH, F8 w4, glolA W, ST AT A HA o] Jlon, AF ERde A
I FAHE 7HA 2 Atk (MacCarley and Slonaker, 2008)

2. @3ty 0|0|X]|

COVID19 °|% &4 WAt 1 g A L0 = d3l 7Hvet s dA S + Aok I3 7=
e B3l 255 A5t BEUH IR HoFE AX|ojth. g3l 7hige 7l wet Ab
& ot AA FriE o] A Aviy tiEd =9 et Wi 2, stAlE 7HA(Ramesh, 2017), 4 &
ZH(AL, 2019) ¥ A #&](Choi and Cho, 2018)5 TF3 &5 =F 2*o|al 9t}

(Ramesh, 2017) €3¢ 7Hele} o|m| A& Gl A&ttt FAF 2o HM o|n|AE T2 A
WA st SFstth At A FhvelE o] &8t AE, AR R &5, A T A 2
gd<S T3l BT =3, T F AeAte] el tig dSEE ois) Akt

(Cheng et al., 2019) 2. H|ZL9] ¥te]H7}ol| Tl 3P o|n| A& &8ate] 2% thy] B 2F S4kol o
3 AESIHTE. CNN(Convolutional Neural Network)”]¥Fo.2 28 =2 DenseNet (Dense Convolutional
Network) < 283t om, o]~ Aspd o]n|=]| 445, 413, 511789 thal] <55 Attt ve] 2gs
AgatA Agd = Ao, ssrlolEl B, Bhe|H Ao is) A Al Ad 5o IdAHS e A
A fFARY SHE (Al 2019931 SAH S A8t wEF HA 849] A5t —f‘_‘—’b]'% A e M2
2d 719k S ARbe o iU ER F HuF o] 4| telof e 728 840 I3 o|nlA

|
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5 Z&a n gz npo]a g2 EZuEE AHESt] o|n|A|3 & thy St BAS AYSHATh 9%6%<] A
| S EFE— 25U ShsHolEE A3t o] R 200048 AAEEIL 160071 S5 4007 =

}aau} (Choi and Cho, 2018) @3¢ oH A& &-&3te] DCNN g5 A8 8 A% F

ol 2H 2gate] AFES HS8 T} (Fahmy and Moselhi, 2009)7 Utk A E9] 7]
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W FE HHolgrt ¥F, 23 F857F Mk FobA 1 glo] tRE tlolEHE &8l 479 e
W= Deep Learning 719 A& 74 2 A& WALV AA oj= 1 Aok A2 AT 5FS AvRdA A
o] L3 HEH Ao B thio] thdk 252"l Deep Learning”|& 28] Hil it}

B olPAE &3 AL EFEAL ThFSHH, (Audebert et al, 2017)%-8 ©|W|A] &85t 2 o]n|
15 2 9 75 ANIYSATE g5olu|A= LeNet, AlexNet] LEZEAAE E831Y TGS YA
H, g3 o]u]x]e] 2ol ths] CNN(Convolutional Neural Network) = &-8 Z -85t} =&k 23577 7)Ao
3l AZ3tH o, 80%0de Ht FFEE AFS BERIIATH
(Zhuo et al,, 2017) U2 AEFLA o2 AFEFE WP Vehicle Dataset®] & ©|H]X| &=
H, &, EH}\O—J— et 2= g G ] HetE 2 g3l A 1&EEZ A FHuEelA oRA & FE
ROH, AFE W2, AFat, LEHO] By W2 EY gl wle] 6 A E ST 7| RA 02 Caffe &
AE ] GoogLeNet2 Z7] Bdg A7) $3) ILSVRC-2012 HoJE] Aol thaf HA AL sk aisida, F
o= A FhEl FAelA A& 13700709 ol AR 7t g5S NAyEUTY. H e

T WHAEE WF & AGEE YEY, ot ﬁ'ﬁ«] tlol Al FFHOF oA
gz A= 528 & F AATE (Sentas et al, 2020) HAIZF AFEFI7] $ H SVM (Support
Vector Machine)@} YOLO(You Only Look Once) =2&-& Zi;j A5S =3t Gl AL 4944702 o]m]x]
E W2, vy Wl vy W2, EY) AREAke] oAl 7HA] Sl ol B sty St RISk 75% SHE
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1. @3ty olofx] =&

A 25 4754 FHAY~AH TN Fg 2o E2 nEF £ AVCrE AXEo] £YF] glon,
AA LB AH9 1ol <Fig. 3>3 o] AXA|eke] Test bads ASstaLAl shith. 3P oln| A 3
< S8l A& e 222 47 FhElE T ooy AAEg o, M Q14 AiWEE B3 ARk A=A
B FHBAT g dioleE 387 A8l AEE o] st AHES AAS AT

Hs Q12 FhuEtl A glolA AMAE B8l abFe] Fadue] ojuAE ARt dHolEE st
BHoE S 14 7hete] A& 95% oo R o)Al £ V& VEe 8% Aol S
o] dapdriviels ME 14 Fivele] AFE ASE ol dald shvlet FA AL FRE & AT
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<Fig. 2> Naegak, Jinjeop—eup, Namyangju-si, Gyeonggi-  <Fig. 3> Test Bed
do, Republic of Korea(National highway 47)

2. HIOE 2HgEl

2019 39 5E 69714 Test Bedol A 318 AAGHS hFOZ labeling D3t o, % 17,5360
o] A o)W A](640x480 pixe)ol thal AW AFFEF A <Fig. 4> 15 AF 98047, <Fig. 5> 3
F AF 327585 RS dulolHE AF T o] Uds] 2Ela AV s wro® UrtkA
Y oA &L AIIATE TFol 1F 8267, 3% 29582 Yol AAHJY HAE Moz e HA
EAo= F3H ofztel]l HE3F tlolE7l TFEHEE A Th TS 10% o] oRAE HASMoE A5
o}k o7]A iaﬂ*ﬂi E%l-ﬂ Sl AHEHE HlO]EiO]I, AEAL BAgEFAAET d5s A A%
tlolg oty HI2EAS REo HF F5S Bristkr] $13 vlolE 2 tE dlolEle} 4olA] oAl sfokgith
o] #AE& Bl 3’%5\_7‘4 3Hunderfitting) &2 Z7]F S (early stopping), 34 FH(overfitting)= WA 4 ST}

<Fig. 5> Thermal image of class 3 vehicle
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(b) ()
<Fig. 6> Example of (a) FCN (b)1D and (c) 2D CNN

CNN(Convolutional Neural Network)T= <Fig. 6>& ©]&3}o] AwWslH 1 dt} <Fig. 6(a)>= FCN(Fully
connected neural network)2] dAlo]t} <Fig. 6(b)><= 1D CNN, <Fig. 6(c)>< 2D CNN< UERPHATE FCNLS ¢+
Zs] dZ2d o] WA CNN2 AA-g 3R A2 = Zol7) Ytk FON2 149020 H88 4 3l
tlol Hls CNN-2 2D o]v]A] doJEu} 3D o &8 & 4 7] wjFol I3t AR &4& YA 5 9
£ 2719 EHE olEstiA Asts st BV o]l Fdhe €83 1AL strides}t Tt paddingS
Az Tl 0%ks Bl dEke A7E Y= 719+ BHeE, Y A7 wef v golole] A7)
7} 2okl = S WA 4= QT pooling W FolA Max pooling®] 7Hg LHtA o2 ALLE =, & 3ol
FHE gEgte NELE Folo AVE Foln Aeu AT 4 ok mEtA o gl AV+
pooling, stride, padding®ll @z} 278 H(Chun and Ryu, 2019).
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1. HESI3 74

A w7 229 g 7heA S gldsthe Zo] BN HEd T <Fig 3> o] ©EdtA
3t th 4 MaxPooling 9l Pool size = (2,2)Z 2743} 3L 2D Convolution 52| Kernel size®} Strides= 2}
(12,12)¢F 222 A3ty HAHEES WA s Y3l ZF Layer vlth 25% 2] Dropouts A4 3tATh £F
Al ©]EE Output Layer®] Activation ‘Softmax’E AAFAIL 199 Layerg< ‘RelwE HA3HT

e N ox

<Table 1> Factorial Design for Optimal network

Number of Node unit
16 32 48
Number 1 ©
of 2 O
Layer 3 @) @) @)
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I8 3 YEY I uet s&ATe] 2po)|E 3es)r] 35 <Table 1>3 o] #olo] 49} zF go]o]e] &
24 sty <5AES H3ATE Kemel sizet} Strides, Pool sizets A AT Z 14T AL
[e]

c 2=
— T =
AT Wl Al ofs] WEE Agsy] fAgelth. I Foll Node wnit 7k 32700]aL #lo]o} 7} 37
YEAE ©A3 89 <Fig >3} 2Tt
Max Pooling
Layer ]
Max Pooling -
Layer
Max Pooling f"
Layer /
480
Hv Class 1
4 7 Class 3
3 3 32 32 32 32 32 32 640 128 16
Input Convolution Convolution Convolution
Laver Layer Layer Layer
<Fig. 7> CNN Network
2. st&5Zn
<Table 2> Factorial Design for Optimal network
Number of Node unit
16 32 43
Validation Validation Validation Validation Validation Validation
Loss Accuracy Loss Accuracy Loss Accuracy
Number - - 0.1833 0.956 - -
of - - 0.0681 0.973 - -
Layer 0.0864 0.976 0.0739 0.977 0.0866 0.975

St 7190 B A <Tuble 259 2k Layer/k 17] & MES2 0|9l 8= 9389l o2
ST B4 AL <Fig. 80l THE2 1}
e g,

fm =

B Epoch®® 14122 ztol7} glith thxAQl st 235

4% Epoche] AFA AHEE 077% & UERISITE <Fig. 8-9 CNN 84238 B 100 Epoch ©] 5]
sjgrol FRlshs 22 Q) @ 4 etk FYslvkE dAol nelgw, HAEA A BEwT} AA Aol

A govg Ao}

gl sl @A nEF 24 Avle] ABE 7129 95%F WE}
()]
H

L =s
K-fold cross validation & AEE =4 F A= 7€ =

197, M6=2(2020H 12¢)
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train loss
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— test;lo
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ol %\m
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<Fig. 8> Plot of CNN learning result

18T 3TQFEY Y A<
ke shge st doly thekdt

=3, A 383 dACAE T
sta 7)E 23 30z )] ALY SHEAA Te T
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TR 2T g5S AYsPoen, FF 2% 9 HoHE F
tole 9@ AT E FFoz Agstaal )

v.d &

A B2 WEY 2 FE AN PHOE AFS BRAL o, 1538 35FES A
Bol7} RolA RZAAR FEsh Aol tF BAE Holx o), olF HPel] I3l E2de] Gz
) e s Al 944 B0 1580 3FCEHED) AF BRE AU

EF, ORL, i ¥ 59 GRBA JFL A7) S5 Qabd AetE Agstel FHEE Folt
ol 71edsHsie.

AL GHEHAA F1e] AF BHE DY) o) ONN WS ASIEon, 7% BaY AEE
Fol QR7F WASI U 1338 3FeFED ttel SA dold Y % BRE Sk A

S Holg %
F79 HolE st FQoE Breln AZHolE Aol 977%9) BRASEE Yepilo,
ol Al G414 Tl =2 FEF HolE $H H5AS HelFt Zojz BRED, Yuk Fv
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