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ABSTRACT

The perception of traffic environment based on various sensors in autonomous driving system has
a direct relationship with driving safety. Recently, as the perception model based on deep neural
network is used due to the development of machine learning/in-depth neural network technology, a
the perception model training and high quality of a training dataset are required. However, there are
several realistic difficulties to collect data on all situations that may occur in self-driving. The
performance of the perception model may be deteriorated due to the difference between the overseas
and domestic traffic environments, and data on bad weather where the sensors can not operate
normally can not guarantee the qualitative part. Therefore, it is necessary to build a virtual road
environment in the simulator rather than the actual road to collect the traning data. In this paper,
a training dataset collection process is suggested by diversifying the weather, illumination, sensor
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position, type and counts of vehicles in the simulator environment that simulates the domestic road
situation according to the domestic situation. In order to achieve better performance, the authors
changed the domain of image to be closer to due diligence and diversified. And the performance
evaluation was conducted on the test data collected in the actual road environment, and the
performance was similar to that of the model learned only by the actual environmental data.

Key words : Autonomous simulation, Real road dataset, Virtual environment dataset, Al learning data
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3 QA Flo] T A AL AATE Aok, o] @A LiDAR, Radar, Camera 52 T
Fok A E o] F7tE ARbete] FPMAAAS Huist AXInh o]E % RIS AAE] A o
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a8 A= 5000, BAE 10980 de dlolEo e FAdo g el Be Aty nlgo]
itk agla YR 1 Q1o Z I AR ANAHE F dojA Sy Al nd 45 AP E
wAnh wfZofl, & A7t tigFe] dojE RS AetA AYsh= o] a7HTh

E3] AEY ol ZUEZME I Z2FAHRA FUd EAsE =8, U BXAH, 733 5 EFA
) 9 ok T Aglol FHo] 7bssh, ok wolEAl F5o] 7Hed A % }XE} olof & Odﬁloﬂ
A AA B Fdhe B 5, Yot Al BEE VEs B 75
Aohe A2ES AA AL Sttt A B0l A ) ehd AT S o] 11 Q1A *é%— FdE HeiA A
Ao} F3he 7] FAEAE AR 9 AlA BdY V)eo HEoF Ao shgHolE AAES FER Jth

Yolw g~ 28 AL virtual KITTI 2= 73] HolBAS A ate] 2 %381% th(Gaidon et al., 2016).
A 9} el 7, At U 25 HEE AlY A7S Bl AAsta thekslEldth 28y AR o)
o2 @] Ao, AAEE Eol7] A AlY AAYAES 2 o w2 ARV ETh
T1of] wral], dinltjotet ERE thete] A X E YL Fol AF5d ojvA £ AR ok =Agl
ol A A FAlThe oju A7t B FL Unksl A5E Wt dF AFE UlES Aol tH(Tremblay et
al,, 2018). o= X E A& =o|7] fldl Erths Al vg-E o B8 3 /PRl E BiskeE A
o] 7Fsstthe A& AAIG Zlojtt su, YnlkstE 98 drhy B dolElE Yojofst=A] ARl s}
717 =, S749 vlolE 4ubE s Azl Eoldths BT EX8tY, A £E o) gy Ak
< 273

7P HIT AIshe W2 AdA A UlZY Z(Generative  Adversarial  Networks)S AR5}
(Goodfellow et al., 2014), AAFl| 7172 o|u| X & AYAJst, o]& Bol §83F= Zlo|th Ian Goodfellow”}
GANS T H3 o] 7o GANd| 3 AF-Eo] th7 54 .o, PIX2PIXS} CycleGAN 22 o]u| =] A}
A BdEo] S8 th(sola et al., 2017; Zhu et al, 2017). AH&F3 L <5 HolE] AAo] <83 Aolx
= 7 HZ U2 Ao] do|nollA TE 3 surfel GANO|H, = FRE I3t BH Q45 7[Hlo g A
2 TGS Sd 24 22 W 94 VFCE AAHE AMEt A4 A4 HeE =g
CVPR2020°] &3%3}9TH(Yang et al., 2020).

B =R Ogy o] FAF ok 17 E d7uid 2 537, AgATFete] o) He At 2
ol Ae A&F3 A7 shgulolE A4 Al2EIQl MORAI SIMol| thallA] Amstar, 374l A= W
2 28 9 B A3E 2230 npA Yo g 4Fo e B A7 AE 29kl A S AAET

. Brgdlold Abg A A&R AT

HSOIO[E XtS W AlAH JHR

1ok

® Ao 7bg 9 87 HolA AFOE dole e AN A% T2 I8 MORAI SIM®] FHE
& <Fig >3 2tk 94 270 B3 WAl thE H4S YA B Jbg BH) I} 2=, B
o) W, Aol U, A FHS HUA o5 9H 5 YT 5 Ak o) AA HolHA A5 A
e w A 2 %laoq chor dAol et HlolEl} Rl M Rekshy) 913 Aolm, AeFa Ay

30, oM |

@73 24 ﬂ‘ﬂh Aol gt A= 7hssith ASFd At A5 MM SRt A, A
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<Fig. 1> MORAI SIM dataset automatic generation system
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.2 1\5-5—01]/\‘] A% A Az Unityth. Unity= UnrealEngine® 371 Al
dolw, AAe] A3 A7 54 85k ol T8 $E, Fo 22 59 21 5%
7Fssith o] wj&ol| A-&F3 ATl Unreal Engine¥} Unity7} AH8-% 2 ST} Unreal EngineS & =)
ol A&F38 A EH o|El= CARLA(Dosovitskiy et al., 2017)$} Airsim ©|t}. 53] CARLAE 38 4%
2 2o|3 o] AEFY AP IS d, I AR} =E2Z 21} 9THChen et al., 2019). Unity2]
7d%-9= LGSVL simulator’} tiE & o, A&Fh& do]HA T1HFEEZ2= YoM 29 virtual kitti7} T
% o] tHGaidon et al., 2016).

B =FoA AdAe /N AR Unityddl, 2AMIS Unreal Engine A &2, ML-agent 522 7}3}3}
F& BHoE o] 73l FEHE FOE AEHCIHE SHA FHFE A4S E AWE AFE
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AZCZE UnityE ARG & A =W =& 8745 <Fig. 2>+ 4 3D Mapl. & A4 T8t o
gel2 FHH e AEF vlolHAlS e S0y 52§19 VEoR Hol gl
Ashes FAHT EACIE 22 g ' lxtel ik AR 23EA 7] wiEel s
of A&at7el AFol HA etk olF A Al FHelvt EAlstE nF JAxeHE THSE
F718HATE oWl 7HdEA A A EE dolHAL s EXAH EF A o tid A E
ol 71938 Z o] ti(Tremblay et al., 2018).
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<Fig. 2> Sensor information available from MORAI SIM

2) Jtete| Fatd W MM Ho|Ef Fe|
MORAI SIM2 71de] 3 275 AAstal Ao F tolHE AARte s Ads) AA tolgE 7}

Fohe A9 glo] PaTol 77he HlolEE ALY T glow, <Fig 2ol4E A l°lE1°ﬂ 89 3D B
B3k AR A7 ekt itk e FRBA B AR £2, AEF, AF 5 AA)
B ABIAE Aol Psul, A FUAN EAFE 2 FAEF EAR, bR £ FOE FEH0

k. a8 7 34 Ul GPSE A EoleE GPSY Y3 ZREEZEE AFo] HW, Lidard A$E
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of QItke A MR sk i e AT F3o] TFEA gkt el 7ol AR X mHe] A
FAE LI cityscapes] FFAE SU W olg SAo] FPFHOL o] EF HAFE TFIAA G

&GN LPAAR, DTN FPHUY] B o] FRoE F

t}. BDDIOOK = F,0k7F & thakst Iy
o] I T2 AT F53I¢ AHeS E
7o 2ynt HTE A AA QA =

e BAER Zith o2 BsEty] ¢3] MORAI SIMS
d 5SS dHolHAe BERES BAstaua ot

166 PA=ITSYR|=EN| 193, THI52(2020'F 10¥)



AEFY Aol st HolE A MY AJAH T

TEST SCENARIO

Billions of miles tested, unlimited scenarios

<Fig. 3> Creation of various driving environments of MORAI SIM

4) MIMo| HE oy

&8 & HolEA 3 B 50 7 olg e A T stue HkE A"EolHE Aol HA Adhke
ghdy #gjolth AA ey Zeje Ao o7 st= Al YukHoltt gads] AAzte] Fgdo] 2T
W, o] i tolE F5& ofHA ok =, AR HolEHE thEolokshe AFR AdRIE okt
oh a2Elal A7IRE A Al AR Aot sds wgE Q) ghEde] AR Hol HolHAlY FHe E
ojgjA Hrtk ol HlolHAlE *}%3}04 e RO AFE 3 AT fEel] AsoE o R
tolHE AFgH sA, AFE Fdshe 14 80& wAANZ F e 7H 874 W ol o] &
e 7ML it

AHgA7E 85 4= e AdHolEY] o AlE <Fig 4, 5>9F 22 AT tlolEl 9} o]m| x| o] A4 2] Raw
tlolef e} Shzoll AHEE F AES 7Hed A HolBHE T AREATE AlA HlolHE BE 7 §
o] HtZ Btgol AHTFEE HolEE AlF s F UAEF FHATH

<Fig. 4>= 7t A7 Hlol87} A%, 52, A8 5 ofdl Zyxd &3] QExE Yehjsd, ol 44 1
ol Aol bhes Agrlelgelth. T HolE = oA RGE ARH B S w7]7] oj7] o, 7V
T3 o= Qg AF Aol & olfe] "t

<Fig. 5> 7V 73 84S F53hed 221 AZe T34, 7 AA 9 S~ AHE Fig 9544 7

]

gl Felz E=sk= Al 7hsdtth ol FallA Abgol HUSHA ¥, Asom Zepyle] Al sl
bounding box= ¥ 4 9121, T bounding box 2| FFe, 3t HEE KITTI dlo|HAL] &2l3f o]
g92E SdFe 2 Wdto] 7he3lth. A= AFgo| bounding boxE ©IH|A] g & with AA ZAAdsE AAAE

AL & Y= AHo] At
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<Fig. 5> Image correct answer data
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<Fig. 6> Virtual driving environment image data obtained under various conditions

2) AlA| o|0|X|29| Neural Style Transfer

749l FHYEAANA AL tolH ox o Tddt THlfle] Ae S &8l7] H8, style transferS Al=3)
t}. style transfer, image-to-image translation 522 E&|& o] #Al= & o|H|AE & o|r|A g 2B S 7}
A AZE ouAZ AAste e 23d. a8ln AY 5397 Y5293 Generative Adversarial

rEL' 'L

Network(GAN)5-2] &' =Z(Goodfellow et al., 2014), B 7 BUl-& AH&3F &2 neural style transfer ¢ 18] EE0]
52319 th(Isola et al., 2017; Zhu et al., 2017). segmentation 2H8-S A AR 02 vl FETIA 7] %ﬂﬂ/\}ﬁ%
HAYZ, 0 AR E ooz uiE 59 EAIE| style transfer A1 E©|T}

J2u o] neural style trasferS AAE Fdst=t] 2 7FA 7]€d W o]&4< olfgo] WE+H,
segmentation 2PS AoJA] AA| ARKAT doH Agro] 2F gpill S A A ofst= 5o Aol &
st tlgoz At B A7te] AUt (Zhu et al, 2017). W] 7 58 3749 A4, vlolE $3 Al
Filet A2 AL olu |2t A HlolEE 22 ZH Y oA AR FaE SolA ¥ ©rIzhel| i
o2 dojule Flo| 7Fs3ty] wWEol, style transferE A =31717} #-2]5hch

71 87 9] Ho]HE 7} 1L Image-to-image translation & 3}=H| Pix2Pix @& A3} th(Isola et al.,
2017). Conditional GAN®] 3+ Z7<l Pix2Pixe o|v|#] AALS 3 ofH 24 o|mA & dFor FH 71
27185 7IHto g Rdof| SigHE AEAUE 27 oW E 2EtY HIAAZT o] wFol FAHE o]v|
A7F AREA Fa, 7PN et 2 2 thE AAsteEA stk 74 2dE 7 S 0lA
42 AU olE & 24, o] & 7|82 E Pix2PixE A-&35te= AA AAL <Fig. 8> L} Unet 72E Y&
b= g olHE Hroba §o)e o]n A& AW, WEAE A o] A e} AT} wHE o] A

7HA 3 A olu A& EgT WEAE ARG TP olrAE TR WEFSRE Shgetal, A
A BEAE Lole WHOR s dth o] 7 Rdo] AYH R S5 3tH, A= AA oln
219} B3t 7P olHAE wHEo]l d ¢ Qlthe Solth Pix2PixE S5 A1Z W= segmentation St5o] ol

| |

O] cityscapes HIOJEIA-E 7FA 2 Al =3,
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A
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A2 ol ATE <Fg 7> BE 0§ ok e He B 5 ok DEF 52, 2557 ANF 5
& cityscapes®] E=VIQITIE AAE A B 4 Jlou, 7MY Tag A ARZQ ARAAE ofqlFol &
=t ol 24 =z Z*Hbl T2 A4S AR o zdsked SA7F 7] WEelth HA oju|e] &
% AX e sted A RuE R0 FsdA, o] A\t Hao) ulFo] ul$- 2o A4 2
7} BojAH g = ﬂ*ﬂr%ow W AAE lossoll 2 VT HAA LT
Generator
—_— — Discriminator
-
Real
—_— — —_
_~ Fake
<Fig. 7> Pix2Pix based virtual-real driving image style transfer
<Fig. 8> Pix2Pix style transfer result
olg uekaly] s AW ek WMBRES = mde s} o wEold APL AU
cityscapesol] AT v} eka Srjstel A2 o]vA] Hlo|ElE ¥rEo] SrAZl At Aol W ®
AF T 2] A FEZ Aol He AL S0 4 o 18l A& olH oux] HolHe 19
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3 o] 7P FRHRAH o2 AL vlolE, AFHE ST HolH, AA AYS WES HolH, F 37 1F
o= s

<Fig. 9> Improved vehicle generation results and training data composition

7P BA R wEolzl HolEAS AFste WHOE AAQ14 < 7 4 omAE Egold
Az & AA 7} olr A= Edod Al AF vl He S 7 879 ol A7} 9
n7h AT, A 14 o] sk Ao on Qe AT ¥MEE = Ade 71 ol Jde Aol

AR E AA QN4 Ed2 YOLO-v3E A}%s}&it}(kedmon et al, 2019). o] A 1A RHEo| Hl3| &=
o} 2325 Ko X*Zé_d ANE Wsa vt Azks AWkl A=, back bone R E = darknet53S A
39, SH5S 3l=tl overfitting= Y23} batch normalization®} data augmentationS AH8-3}4] regularization
7IHES A}%ok%ltk E3] o]ol 220]& ResNet-1017} ResNet-152 5o Hl3] FPS7} oA E, AT
£ zpo)7} §l.oH, floating point operation/soll A 714 =& A%5S @435l GPUS 83702 A]—%Yﬂq%
e AAE HAFa Q.

I gl Aee W] S e AxEE AA A ZFAld 7P Wol AR8SHE mean Average
PrecisionmAP)E AH&-3tTh 2E AA BFE ©o] 20| precisiond} recallE A 2] FHP2E BFHde=
threshold o wel 1 gko] viA o] g AeARRE 2xo)7] FEnh T8 A FHAX7A Hrts) 5
2 =g aHA HA AAY A A AZZE o=F bounding boxgl- P& H bounding box7te
Intersection over union(loU)E A4HIA 1oUZF §4 gt o]dd of AA A5S Hrigith £ =Fd4d 052
APtk 2El3 IoUZF 0.5 oY i, thresholdE WHY7FAA] precision® recalle T3} recall E FHUj
precision®] H-& W=H), ©]AS Average Precision(AP)Z} 3T} mAPE= AP/} BE 2ol tis|A T3}
His S T30 mAP/ =S5 A5, s FAggelit.

YOLO-v32] COCO mAP-502] Z3}5 X Single Shot Detector(SSD)(Liu et al., 2015), YOLO-v2(Redmon et
al,, 2016) B+ A 3+3} 11 RetinaNet¥} Faster R-CNN (Ren et al., 2016) 5ol 2 1] A9} inference time ©1|A]

2|

§

K
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= RetinaNet#} Faster R-CNNET} B $43 2HS B297] wjio] AAsAth A&FIS 913 2z =29
9] ALE A=Wl olYg} inference time®] 50ms oW ZE vrelol 3t A& wE st Hlw3FTh

2) Hlo[E{AMl +1

7 B0 E grEo7 HolHAl Hlwelr] & AA vlol8Al HlaT S 2= KITTI® Berkeley Deep
Drive 100K(BDD100K)E AF83F33(Yu et al, 2020), TF2 734 HIoJE|Z+& Virtual KITTIE AHE-3F T
(Gaidon et al, 2016). 183 EFolls FAANI|A] ¥+ HAES Ho|E|Z& KITTI validate Ho]E]<}
KODASE A3} T} BDDI00KE KITTI9} cityscapesell HIs] &, Hl, &8 5 thoFs @X & £, 3¢
ot 3% F dolg Aol vl ot} HE 5 2E7F W A= 3o 7] wEel A AA =
DS sy} 7hssteE S 7= Zlo] 7hs et

A FrREIAL e 84he F AR, A A =EoA AAEe 7 ol 9 Virtual

KITTI & 5 stUE gFA719, 7 YOLO-v3 B9 5 ojt)7} AA KITTIO| o & &2 st=A9 o5 o
o =R AAE 7 F3 79 lolEl7} KITTIO 2 gt= Eu¢lo)gbd, Virtual KITTIERTH O &
s Zolghs 7otk AAR S HolE g A5 H2E & tlolg 11 =ml Ao|7t AAHA
£ g5H Rde H2E dolHd i) <14 Azt BAEs)zich vl AA KITTI Holgol| +
712 7P 87 HolElE 553 HIEE st TRTS ol RHEOA s Hlwstth

T+ WA= B4 KITTIS o] T tlolEAlell A 14 Ayt & doeA]9f ofFoltt. F+ M d3 9 Hlj
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<Table 1> Dataset configuration for verification of training data generation

Experiment

Number Dataset Number Dataset configuration

Only real KITTI
Virtual KITTI all & KITTI 5000
Virtual KITTI all & KITTI 2000
Morai SIM Data all & KITTI 5000
Morai SIM Data all & KITTI 2000
Morai SIM Data 2000 & KITTI 3000
Morai SIM Data 3000 & KITTI 2000
Morai SIM Data 4000 & KITTI 1000
Morai SIM Data & KITTI 1000
Virtual KITTI all & KITTI 5000
KODAS 125 + BDD100K 20000
KODAS 125 + Morai SIM Data 20000
KODAS 125 + BDDI00K 20000 + Morai SIM Data 20000
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<Table 2> Learning data generation verification result

Dataset Number mAP (IOU>0.5)
0 0.761
0.670
0.606
0.764
0.701
0.718
0.590
0.584
0.584
0.743
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<Table 3> Learning data generation verification result

mAP (I0U>0.5) Car
1 0.863
2 0.909
3 0.866

4) Failure case
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<Fig. 11> Object unknown case of model trained with virtual environment dataset
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