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Abstract : This paper proposes a virtual yet high quality image of adverse weather conditions that minimizes information loss
and distortion. The proposed method comprises two main components: the development of a Cycle-GAN technique that
preserves image quality by reducing the performance of discriminators and by modifying the network structure of generators,
and a partial stable diffusion technique that transforms only the targeted areas, utilizing Mask R-CNN for precise region
identification. High-quality image generation under various adverse weather conditions can be achieved by transferring
features through the proposed Cycle-GAN and by changing the structural features of the road in the image with partial stable
diffusion. Compared to the original Cycle-GAN and stable diffusion, the proposed algorithm generates a variety of adverse
weather road images without compromising quality. By applying the augmented database created through this algorithm to a
deep learning-based road area detection model, the results demonstrate improved performance in deep learning-based
detection tasks.

Key words : Virtual image generation(7}4} ©]1]X] AJ4]), Learning-balanced Cycle-GAN(SR5 & Ao]Z 71, Partial
stable diffusion(5--24 Qg &4 71¥)), Data augmentation(H| 0| E] &73), Adverse weather conditions(2F% £-73)

LME W Sgaks Zoleh ShA AT B dH X
e 97 A AF e Aolshzdl s} RS, o duel) siFshe B4 oA 24t
DAl 7ol ok geld V1Ea AFE Ao % A 9] oo, e Ao e S Ay TEehs
Aoz Aerel #9874 A4 ASe ASHoR P AL FUHOR Wby o2 s, HHF #7o
ahar gluk kAR el |ukela) Ve o s ok Mol Pely o1 mue] Jahy % AlEAS wshs
T 8ol = AT AskE Atk Lol HeEd 7 AL A FE = EATO
=2 ol ojE2 o, ofl 5 gAdel x| ol dlole o] 25 75 ol tigh SAIE s ds}7] 9]
gk dlolE7F gh2 & ol gl tlojH B A A8 g ow oA g & FHa4, A U] =24 5
=3l7] wiolth = T3l 4 dlojElE MEF ek oy 7 2ol 9l
b5 ghgoll A o] el 71Hk )14 AdsS ghr st b7 SHARE o] HhAle QI dlolH o] A 54
7] 918 7 SR A QS v ob F S ol A AdekA] Fah] wiitell thd EHE sk
o] AFehs HaF kg3 o] HolHE &8st B U ©hgdo] gitk whehA] ofd 5 ehdoll gk vhekd,
*Corresponding author, E-mail: juhuigim@changwon.ac.kr
This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http:/creativecommons.org/licenses/by-nc/3.0) which

permits unrestricted non-commercial use, distribution, and reproduction in any medium provided the original work is properly cited.

271


https://crossmark.crossref.org/dialog/?doi=10.7467/KSAE.2025.33.4.271&domain=http://journal.ksae.org/&uri_scheme=http:&cm_version=v1.5

Ho
oX

ek

o mE g5 e SV vl A7 Tk

F o= A Al(Generative Al) 7] o] 23]
TEHWHA, dolE S-S s Held 7ol &&
Hal ekF® A E Al 7|2 i dlolEe] 548
FotAY 54 F 23S E3l S5 dlolH o] vk
S A9 Ao m FFAIZITE webs] B3 Al 7]
gk 71 o] X] HlolH IS HolH gr.9] g
ol a4 a0 diFETh doly Al
| 714 o] &85 AAE Al 7192 Generative
Adversarial Nets(GAN) 715+ ¥+ 7} Diffusion model 7]7F
o] gleh0

2

oft
% ox i

i

L oft o2

ox Mt me ¥ B
>

743}5 Cycle-GAN 2 Star-GAN 59|
o}¥2 72y Cycle-GANT} Star-GANY
X5 fFAsHA o|n A S-S st
7] ol theFet ojw]) x| &4 ¥ B Translation)< 7}
ol thkst ol u] x| G2 A A (Transformation)oll = 3¢
AZF ATk mgh Ao sk Fall 7 olmAE
A= GAN 7'M 9] 54 4, A XK Generator) <} 3
*H ZH(Discriminator) ] &5 o] 7H3 o|H]A] HolH
A YELF2] &

=

= T &S 7A =, T

=
AT AL S

FUdS - o Hep2
Diffusion modelS &-&3F 7} o]u| x| AA] w2 o] A
T HAE IRrES Fd 875w 545 s

A4 7F5 3%k Stable diffusion©] &) whaba] o)X
T2 AZd o= Stable diffusion 2] ] Cycle 2 Star-GAN

Pk o) O At s gaEs mEe
71k 57 ¢ ou] ] 7ke] AA7} 4

T
P e BnE
21 o]l 4] Mol o, g2} e

ale] @317 A olw]x| o] B4
| AR P

mE

[}

A= T 34 RS Y= Foof & nkdet
F ALEE Fjof 3} ANk oju| x| B4 Ao 73l
GAN 7|4tk 7o) 49 ¥ oju|x]of o= 213k
314 st 54 e & HA w2 A 9 2e
AL 5 B4 Ad =58 2431 Fa) ofH % 317 o
3l thokA S R &= A8 B7153lt) Stable diffusion
7ol Ag- 22T EE B oHF 3ol 3l vk
S FRE e QIR A D FH 28 He 5o
AT ol9]e] b m2 o] EX7X] A4 2 HEsH
Ui wdo] do) ez ob 5 sk o ik vhedAd
S EHEHEE FQ B EYS fX51= HolE A
A 719 7] @ ety

Bt omR] FH &4 glo] oA S g Ao gt

272 #RASAABEE =27 ABH A4E, 2025

oN
N
lob

o
o2
o

filo

o,

2

W
O;O [oZa)

ot o,
%
kY

N o
2

il

K r
Ac)
)\
lo
=K

i
Hel il
o b ool S O oX

S
do
= T T s e T

&
S
7
o)
>

A
oX,
offt
:()\:l
o
e
o it

—

oo
i
[o
il

o X
4

N
)
o
=)
o X

ol o 12
o

&2 e

[o
u
ox
o,
N
N
0%

L

ox
oX,
2
>
1o
uv)
et
—_
oy N
ol
o
2
jufel

7Hd olmlA|
=t} A, o|m]A] &
= Cycle-GAN<9] A}
s Aaste] dotsl 3t
A giet A, A
of o3l W7 3starz} 3t

HEo] o]#E Stable
7] 918l WA st} s P

Stable diffusionS %}-&-35}=

N >
- rN oL :‘o

ry 2o e

=2 &

2

H

(2 oy ok o o Mo X B d of Ff ok fF v I
By
co
'~
rlo

o =

ih)
.=
2
A
S
nl
i
ox
o
2,
x

T T Fa Y IHES A

= ARbehs darelss ARtk 4ol = Atk
darg] 5ol Aeg ASEH A0, AdE 7S ol
A 71Rke] HloJEfH|o] 25 &-g-sho] of 5 oA 9
e mie HEFgesn el A des st
& AES BoErh 28 s AR o s v
Elass

2
aE]F i Al €-E8-F Cycle-GAN,
Stable diffusion2] 73S A3}

o] M= 2 &
Mask R-CNN, 2] 31
2.1 Cycle-GAN

Cycle-GAN=2 71 o] R| & A3 1= A/ X Generator)
oF A olmxe] 9] AFE FEst= WEA
(Discriminator) {F A th%] st53 &3l 7139 o|n| A&
8= GAN 728 7|Whe = ojux] 54& Hddat
+ Unpaired image-to-image translation 7|%& & 3p4o]
T} Fig. 12 Cycle-GAN9] 9 -5 YER)H], F &
olmA| X, Y Zb7+e] 724 AH Ay S A A =
A2 Zke] EAke] AdEE v, X & A gtk



E78 58 JIME Cycle-GANZ} £

Original image Generator (G) Translated image

— Y 1
Discriminator (Dx)’ Generator (F) \ Discriminator (D)

Translated image
Original image

Fig. 1 Framework of Cycle-GAN

2.2 Mask R-CNN

Mask R-CNN-2 o]u| =] W] 7I'd AA|e] BAE vk~
FE| 2 %3} Instance segmentation 7|¥F 7|H ZF 3}
L}o]t}9 Fig. 2= Mask R-CNN&] 7|3 25 el
o} 39 o] A= AF-A Q] A4S 3 3F= Top-down
Aol ESIA} SA4E A4 O SHS 99 ¢
2 g3k Bottom-up Aol WIESLIAVE SEE
Pyramid 735 %3l 5% P(Feature map)o. 2 FE4
th 53 e A5 A T 5 9 9(Region proposal)
£ % Region Proposal Network(RPN)°l| 2] &l X4 = = Z
A3 TH g2 AHE Rol aligns 53l Al'd 3} o)
HEH o w AEstE A FH G s AA 57
(Classification), 2} $1%]& YER= v 1k A4
(Bounding box), 12|31 A JH o 29l viad oF
(Mask prediction)S HWHEZ 2|5, 2HH AA 1
£t R gtk

Input

Classification

ol Bounding

R - —
Align box
Mask
Prediction

Output

Feature Map RPN

Fig. 2 Framework of Mask R-CNN

2.3 Stable Diffusion

Stable diffusion= Diffusion model®] ¥F oz HXE
o} on]X#| ko] AW S FETF] ZEIZER QiHH
E34S F3) o]n| A& ¥ 7(Transformation) g} * Fig. 3
< Stable diffusion®] 7|22l F2& HolFr) i of

22| Stable Diffusion® 8%t 1

Ea0| JH ofH% E2 00|x] M4

Pixel Space Latent Space Conditioning

*I—( Diffusion Process ]—I !

Denoising U-Net

Bilki

\ 1epodeq /

Fig. 3 Framework of Stable diffusion

an}

W] X|:E=  Variational autoencoder(VAE) X 2e] 1=
(Encoder) & &3l %A & P(Latent space) 0.2 EH &
A W ()= HEteth oL Eis
B (2):= Diffusion ¥H74-& 74X4 574 W7ol

Foksiy 1—o]z 3 EH,] zl—xﬂ HHE{(ZT)E W3y
A W] (Z)= Semantic map, Text prompt, Representatlons
Images=5-E] §1¥] wh fate= 54 ¥¥abiA] A
A wolz=7b AAR A WE (2 & AL HFH o
= VAE®] Y ZH(Decoden) & &3 Ysl= 53

2o Exe
S5d& X

b

Sk
ch

—_

rEa 0130
uzi o 2

HHF gk o] m| x| &2 El F T},
3. Yz
AlRbsh= F4 &4 glo] ol %o gk vhkst ==
7 oln| A& AAdsHE LarE]SS Fig 49 ol ok
Ao ER A WA E Ha FxA WA AY AF
x2 AT 544 9 oA = AR
FEAY g5 TAE 933 Cycle-GANS 2-8-3)

F

gl

A<

A=)
H A =2 =) glo] ol T S o 2 o] HAWEA Q]
]

7] M= Fsitt 2 WY AL 9T EH =
o o] FxA AHHE W7 ¥ Stable diffusion 3+
3| A3}7] 9]l Partial stable diffusione &3} o

Qb o2 Mz & 3L U o
o

o

2
Aol s gshs mx =W 54 WAS gtk

3.1 Feature Translation with Learning-balanced
Cycle-GAN
Cycle-GAN7|H Z2L gho o] =7 o]u]X|(X)
ﬁiﬂml w9l 7E %‘id? Sl werI=

GAN 71191 53 2, B 1)
zJo| 2 13]] AJA 3l ojn| x| o] EHo| FAF
wPgo] Qe

A= olm| A o] W] xRt YEEte] gk A
234 FZE AU FEHAe} Ey, o]n| x| & A sl o
slrw Qmo-vad e Y 24e 0w w1
25 AYar 7] wlio|th upepA] AR 7R o

Transactions of the Korean Society of Automotive Engineers, Vol. 33, No. 4, 2025 273



Jeonghyeon Yoon + Juhui Gim

Feature Translation

Dry weather
b Original image
X —

Gaussian noise

Discriminator (D,)
X'

Translated image

Generator (G)

Generator (F)

Learning-balanced Cycle-GAN

Translated image  output ' 9 I"

Gaussian noise

Discriminator (D,)

QOriginal image

Rainny weatehr

Feature Transformation

B Mask R-CNN

Partial Stable Diffusion

— .=
L g gl gl Align

P5 Mask
e e Prediction
P2
. T |
Feature Map RPN

Pixel Space
Transformed

=
c2 Classification — o Diffusion Process
Cc3
e
— — 0! _— B":::"‘E Vi Zr

Latent Space " Conditioning’

Fig. 4 Overall structure of the proposed virtual image generator

= AT sl e ko] A3 8 £E7) e,
H % n

ARAZL rEAte] w =)

o} ko] dlo] g gﬁaé T
ATl A= AA o] ojm A e} A
7Hd oln| A S 913l 7] Cycle-GANS] @S
A s A3t 2) Cycle-GANS] A A YEY =
TZ WA S Fa gl

3.1.1 Discriminator Performance Reduction

wAe] s A5 918 A wﬂ R
8} E(Learning rate)s Z=H3H=
Cycle-GAN®] F1A15] AIAH2) o1 5.2
A4 s Suw 44 g
2} viu] o)A 0. sebu) e o] 4
5()¢} o] whe £ S H o], AR} AR
olu| A& A8t & Hol|, WEAF A ApEe] %
9] AR5 W&o Al
Fig. 5(b)= ¥HAe] Sh5ES AR e5ERT
A 2GRS o] B4 G BolEth 270 Al
tsgol ofal FEate] 271 shgo] BtAeA &

7

3
o] 2713k thn] Akata, o) = Q18] 4 457} Fig

m* (e,
PN' E1>

274 #AR2ASABEE =27 ABH A4E, 2025

Generator G
Generator F
Discriminator D,

(a) Total loss of the orginal Cycle-GAN

Discriminator Dy

log(Loss)
80

0 50 100 150 200 250
Epochs
(b) Total loss of the proposed Cycle-GAN

0 50 100 150 200 250

Fig. 5 Loss of the generators and discriminators: (a) in the
original Cycle-GAN, and (b) in the proposed

Cycle-GAN
SGa) Tl =219 Sele & gk AR} )
Aol WA 7 £ 23 2 kel Aols 29
oM, AT 94 olnlA o) FAL §AL 5 A

i 5]_]‘4_
wAtel Qs A 919 7 WA e Fig 69}



Generating Virtual Adverse Weather Images with High-Quality Using an Integrated Learning-Balanced Cycle-GAN and Partial Stable Diffusion

Generated image

I adding
Gaussian
Real
Ground truth or
Fake
-__ " adding
— Gaussian

Fig. 6 Discriminator training with the Gaussian noise-added

images
ol i) FHE 9% = ojm| Aol wo]l=E 4t
Yokl Fdshs Aotk mol=7) 231 oW A& A}
gato] WEAE FAsE WHS AT B E4
o] o|m A& BA TS vl BEAE A ddshA] X
SHA sh= W o=, daxte] Atk TS A kA A, &F
2 = S Fal AR 7H olm A A 5
oS Fok

3.1.2 Generator Network Design
*£”-‘4 olnjx| o] 42 As} A 23] #lal, A
A}z A 9] 71 A1 A d-S Fig. 73 o] o]n]X]
48 AL S M= A2 ARG
. Down-sampling & ‘&3l o|n|#| 2] EA & F=3}
1 1_\:_ E/\]oﬂ o]-z‘.-_ jr,}?(%o]]}q
A gk Al A

%L%’\l 7=

o o

o o ¥

—

<
anj
r
m
o
lo
N
o
4
of
o
rE

.

)

o
L2
o
Mg
é

BN i
o

i

o oX
Anj
=2
>
At
o,
2
ﬂJlO —H

Down-sampling
54 W FEh, of
< oA =71 vl H
Up samplmg~ ]833]’04

2
N
ol
)
e &
(o
M e

%-E
N
%
o 5
iE

o

B
Y
W e

=
N
g

WL M o rlt = omo <4 e rlr W o on

o (o, 01>L

A O}E 3&‘;}.
Up-sampling T] Z T2} Resizing?] 232> A #F2] o]
A 4B A B8 Ao T

5
M/\O] 7] CYCle GAN ‘:HH] %HX}A o & /g% &
AA o7 GA 5= o] 7)o gk}

3.2 Feature Transformation with Partial Stable Diffusion
Stable diffusions 2-8-3F 722 WA o] 122, obxl
T g o] B4 Aol ghnd oA E ttew =
= 9] ARl e uo] 2 gl o &gk 1t WRAL
S T35t Aot} 12} 712 Stable diffusion 7]

of HU

Architecture of Generator
256x256 ]
256x256
256x256
256x256
256x 256
256x256
256x 256
512x512
1024x1024 ]
Resizing

256 x256

Fig. 7 Proposed structure of generators in the proposed

Cycle-GAN
He A8, 2 oA I F3Fe A e =
AE7HA T35 AN o] gt st
= Gl diaiA Rt o5 Aol gk 724 MAS
F34317] 918+9] 1) Mask R-CNNS- 531 oJu] %] W7
o F=7 2) =9 o WA d9ddl digh Stable

3.2.1 Image Transform Area Extraction
ojnA] M4 ¢ FE= 9% 2L Mask R-CNN
ResNetS0-FPNS &-8-ghet he ol ik = 814
ojlnj#] HlolH = o L2 =i JHE FEHIEE &
5% Mask R-CNN-> RPNS &-8-5to] 92 Wk == o]
A Eg =S BT 3 SRS TSk 8 E
=8 e 34 oﬂoﬂ(Region of interests) .= 2| A gk
=2 W A= Stable diffusion
o] 4 g 72 WA Yoz Fgwrh

3.2.2 Partial Stable Diffusion

Mask R-CNN& &3l F5% == FAol disfiAvh
%‘r%’ o Aol = 4
Stable diffusion<
2 A3 o)

S Ak olsheh 2
A& shax sz 4 ol9) e %

Transactions of the Korean Society of Automotive Engineers, Vol. 33, No. 4, 2025 275



Ho
ox

ek

=z

to g
SN
Y
1L
2
o

rlr ot

_m OE
=
=
b
il
o
fuj

Im
E
-
F

g Asphalt’, ‘Road’, ‘Off-road’ <} £
v s JEhls xdol, Fas)

554_ 7o w9 7] AgE 33
ITEZ o3|, Akl B
sk )3 Azhsl gl ofn)x
stown, oju|x] g 7

=
S 2anonA & A A WU 2

F1

I
ot r_\d

OB e o B

]_

oﬁﬁ i

H
off

4.1 Implementation

2 Aol A ARE-SE Sl 3> RTX4090 189S
7o) YA ssgHoldS o WS olm]H] 54
S 93 Cycle-GAN 8ol = 256 x 256 =712 &
2 o] HX] 3007, F-FIA] o] ] 727, B o] ]| 427
= 5otk gl B2 ojuA] A4 F ] FES A%
Mask R-CNN 2.2 852 9]3) Hlo| B 2 256 x 256 =L
7]o] e I =7 o|u] X 2533} ¢ A] =& o]u|X|
127 2 JF o] m] =] 1975 AF8-8te] h5& xlaaqith

= =1

A

4.2 Validation

Fig. 8& 5 7l1¢] gh& o] =7 817 o|n]%|(Original) =
712 Cycle-GANT} #2013 1 2] Cycle-GAN(Proposed)S-

-gato] n7F = Fo oln| A= WEkg AiE Ko
=t 7] Cycle-GAN©] AB/d gk o|m| x| o] 7%, 712}
2] G F A vHeh A A d ol A on| A9
Ao Fx]= olE]H E(Artifact) 47} A4 E o]H]A|
o] A7} 2= 53] (Mode collapse) /o] A3 212
welth whA| Aot Cycle-GANS] A= o}E]HE 2
ne Bylgato] Atz o® AL 7]F Cycle-GAN T
H| =& F4 0] 71 o)X & "ﬁ*é ghot, whebA], AlQke
Cycle-GAN©] 7] Cycle-GAN thH] &4 &4k glo] o]
A 545 EX # ddgske s G0 vk

Fig. 9= Partial stable diffusion2] o]n] %] ¥17 <
2 F-7boll A 283 Mask R-CNN2| 714 A58 Hol&
o} A& 7]-9} Intersection over Union(IoU) 7]%+2]
AFAR HI7ME F3l g2 g dolHE 353k Mask
R-CNN 2dlo] MZst 7S =0 Aslya 7]-x] &=
AL AFsty FEA 0% Mask R-CNNO 2 F&
S /S = Stable diffusion©] 28T}

Figs. 102} 11> 712} gk g =2 o]u|X| & - A9}

ﬂ

2
18

276 ERASAABEE =27 ABH A4E, 2025

oN

Proposed

Original

CycleGAN

Fig. 8 Performance of the proposed Cycle-GAN

Input

Mask R-CNN

)
c

(a) (b) (c) (d)
0.9596 0.9313 0.8787 0.9492

Fig. 9 Performance of the mask R-CNN in partial stable
diffusion

S| g oln| X & W Ekgk AutE 0.4, 0.7 W 4
£ 7} Stable diffusion, #| 9+ Cycle-GAN, 2] a1 A
2FE Cycle-GAN A 3}o]] -3 Stable diffusions %83}
= AlgkelE QaeEoR WA olnAE BelFT,
Stable diffusion®] HA~E X FIXE= ‘Wet asphalt,
Cloudy sky’, ‘Snowy asphalt, Cloudy sky’¢} 7o T3}
A AR st Alet 2] el A4E HaE =
FEEE 7|Hhe 2 A3 o] u] X 52 Stable diffusion®]

Moo

[¢3

olsl o} shs @ o]l AR g off =+ Az,
£ AE5ol A8 2e Fako] AQHAY £
S AR 5 Ak olE 5o, Fig 119 Al WA o]
v =] A}l A Stable diffusionS -3l ®174 3 o|n| X &
o 744, WE 2 049] A5 59 Fo] The Fee) A
o2 WA e, M3 A% 0.79] 49 g0 e}
2 oz o WS AT F A =



£33 HA2 B Cycle-GAND 223 Suble Diffusion® 88 1 SUo| 71y A¥$ £2 olojx| 44

Groundtruth
Groundtruth

0.4)

5
o
1

<
W
c
2
-]
a

(strength

0.7)

c
-]
n
-
5
Q
2
=
®
4
[
c
2
3
=
£
o
]
=
©
2
i

Stable Diffusion Stable Diffusion

(strength =0.7)

£
w®
£
o
2
=
o

Cycle-GAN
Cycle-GAN

Proposed

Fig. 10 Generation of virtual road images in rainy days Fig. 12 Generation of virtual night road images in rainy days

e WS ATt B o wiwshA) wy g,

A|etE Cycle-GANS.Z A E o|n|x &L g &
oful <ol tal o]ulA] F2 4 1ol Huk el A
o] Bo7)= ATe A YAE AL Fols 5= 9t} 5

Groundtruth

£3 A5k Cycle-GAN®] B4 724 W7 o] A|&h o] 7] o
EE% o, =2 9] vy £e] 5] & WA 2 As
28 glg = vt

o Akt &1 E]FH(Proposed) @] A#H= A|9FE Cycle-GAN
ER o] A olHAE 7Wko 2 W7 el B wHo
e ® s A vL =2 5748 “Wet asphalt’ 2} ‘Snowy asphalt’
£ =

£

o} o] GeslAl A E TFIEE ALEsle] A
ojujx|o]t}, Akt HH o] A= Stable diffusion 23}

4

] thH] =2 Q9 o]9]e] AR HA 3k A vt iee] 54

5

& S WIS A ER1E = QAL A|REgH Cycle-GAN 2 ¥}
o) =2 g ejol hsf MLt iee] A 54S vl
AL e 5 Q)

Proposed

Fig. 125 W2 & =& o] "] %|(Ground truth)E ©}7t2]
-3 A A o] I o|m| A & 7 gk Aol T Stable
diffusion®] 7J-9- “Wet asphalt, night sky’ 5 X E7} A&

Fig. 11 Generation of virtual road images in snowy days Fdt} ghe 1wt o] x| oA B2l Uk o]u] x| & WA s

A9} g, whe vk o|u| x| oA 32 vt o]u| X = WA
Ag 1T = vk vhA, Aoke darE|Ee] A9 = e A, 48T TR ol XS 8o
= F9 ole]e] AEolu AEu7E FrA H AL e, = Stable diffusion®] 57 2 vh& L}EM% o5& F 70
=29 s ol Z FdE AS AT vk o] A Z A=A eF=th v, AljkehE darelEe Aljlet

Transactions of the Korean Society of Automotive Engineers, Vol. 33, No. 4, 2025 277



Jeonghyeon Yoon + Juhui Gim

= Cycle-GAN T2 o] §ate] olul#] ¢4 glo] W&
e o 54 A9 F H3 46l Suble
diffusion®] &% 22 ] o Gl A Stable diffusion
485 Avuch 04 gl o 29712 3 mast
A Hjo] o8] A mw 8E & TRsT

4.3 Application: Deep Learning-based Road Area
Detection in Adverse Weather Conditions
AlRbet dae]FS Bl Rk o s g dist
o e 7 =2 oln|A| HolHE A e 5 3
2 ATFelM = Ajbske daleas 284l %—ﬂﬂ 2
ol o] s == o HHA o &&slo, At &
g5o] ofzl S ghgol M o] Hed 7k Q1A A &
] 7]0:]61— 2= ol_O_Q 7455}1;]_ O]U:H i=t=4 o:‘ij E]U—
9% Hed &
Elaas
A& dlojgHo] 0] A-g- Bh i uk o|m]x] 2537,
G2 A G ol A] 127, ¢ Al jE o]m X 31 R =
1% Al T E e Ae EEQI) LejaL Aljk
H daglEs &8st T 2718 S HolEH|ol =5
T A WA S dlol g o] 0] g, ut $H
of thate] Bh& & H] &= el tigh vlo|y 73S Bt
& tlolE o] 2=, 1ol A o] vl o] x| (g2 vt o]
v A 2537, 3 AL St olmA] 127h) e 7] -3 A
uboju| x| 241702 Fd w o Atk - WA S Hlo]
go] o] A9, w2 g ut oju|H|eh H] e =
v A 2 HlolY S Bt ol B o] 2=, B
ojw| =] 2537, -7 Al jF o|w| %] 3173} §HA| 7}
A HE o] m]#] 2227 0 & g H o Qlrt
Fig. 13> 355 dlo]Eol] 23] -2 -3 A] W)
Hlo] =2 317 o|n| X 5L Y HolEHo| A2
gk weld} Aok daYES EZsH S7E dlelEH| o]
2 1328 Ee B YA v Fed AvE B
Ttk 7 8 A] 2 HlolHE Fall shae 2 v
= el =2 dgo] 2 A E A = gt of = v
JJr HlOﬂ Zlo] g7t 2 HolX| e T Aol A B
Fek Q1A A3kg BRlvh vhi, S dlojEuo]
—8— wolm Ao tisA] -3 A Q) = Bt R
I A o= & A8k Al GR1E o vk &
, 5738 HlolE o] 2~ 25= B] Q= & oJw| x| tf
M e FAE iAoz & A g Table 12
Fig. 132] ZA3}o)| t)3}] Intersection over Union(IoU) #|
EE UL Aotk AAH o= HolgHel 2 13 25
7Iko 2 53k kR e & Kdo] Byl vl

Hulo]~g 7|Rkow skl vl oin] 4 ¥ 22wk

Rmr&
NO?AH

=]

oo

22 Mask R-CNN ResNet50-FPNS- A}

5

0.

> rloﬂl
10 nf 2%
H 5 2

¥

O:

—_—

o o2

278 #=R2ASABEE =27 ABH A4E, 2025

Test input

database-based database 1-based database 2-based

Fig. 13 Application: drivable area detection with the Mask-
RCNN trained using the augmented database with
the proposed virtual image generator: test input
images; results using the original database; results
using the augmented daytime database; results
using the augmented nighttime database

Table 1 Intersection over Union (IoU) evaluation

mage Imbalanced Balanced Balanced
dataset-based ~ database 1-based database 1-based
1) 0.0775 0.7672 0.8792
?2) 0.5950 0.8147 0.8518
3) 0.7002 0.9251 0.9587
“ 0.0986 0.6163 0.6851
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