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Abstract : Various ill-posed regions, such as repeated patterns and reflective surfaces, pose pressing challenges to accurate stereo
matching(SM). In road images captured in rainy weather, these ill-posed regions are randomly scattered across the entire image,
making accurate matching even more difficult. To address this, this study proposed a novel method to achieve accurate sparse
SM(SSM) even under challenging conditions caused by rain. The suggested method include the following steps: (1) constructing
an image pyramid to capture global structures and fine details; (2) generating multiscale feature maps for stereo images at each
resolution using a lightweight neural network; (3) enhancing the flexibility of matching cost calculation by splitting each feature
map into multiple groups along the channel axis; and (4) filtering the matching cost using a cascaded lightweight network. The
featured method was validated using the GYLane and KITTI datasets, demonstrating its effectiveness in addressing complicated
conditions. The findings indicate that the recommended method outperforms existing approaches by more than 10 % in the DI
metric and by more than 2 points in the EPE metric. The code is available at https://github.com/sjg918/raindisp.
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(a) An image captured on a rainy night
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(b) Initial matching cost distribution: left - for pixel 2,
right - for pixel 3 (from image in (a))

Fig. 1 Initial matching cost calculation for pixels on unclear
edges affected by noise
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Fig. 2 Schematic architecture of our proposed method
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bn: batch normalization, act: activation function

Table 12 9-2]7} A AI$F FENO| AbFS A|AIgH Ao
o o714 T o5 A Ak Tl fEE 93 =
AL dAE Yehlar, ato]E F o] iAbs 5 wAE
LFERATE FENS] 3 A Sl A= 7 x 7 DE & AM-S
A Atell viA] AatsH?E 2881l Leaky ReLU™
£ 23 g AR 1A Soll A= 1 x 1 T
Ptk =83tk Z FENOIA &9 5= FMe] 27
= o] =AY Fdstar, Ade AL
glo] 320]t} o] 7]l A FE =7|v M) A=
Ao w ATt
Aol A ARk = v ]g Al g o] A
0}47} 27} A7k FEN tHAle] MobileNetv2'"t}
PSMNet”ll 28 FENS AH8-8 & Slth= flolt). =,
S-2|7F AR o7 YA 7 Ao SYFE TS f&t}.
AH&-# FEN©l| w2 sMe] A5 vl A A
4.3 A AT

—

it

i Mol g

o [‘10 Jin

H
rr
e}
o,

32 HIg A

3 Aol A= 39 33 Atele] thg4 WAl Fig 3
of el 11Q) vhs) o] Zefeld AmS AL
o g-ahod vl u] 8-S ALk of 3ol FENe] 44
3 U Slme] PMES AL ET) UsA ale &

368 RSB =27 A33A AlSE, 2025

Qs 7Eo w2 s, ol 2 @] A p =
(u, VVE 7522 poll th-g-ah= - 2] A4 1 = (u-d,
Ve 3= o 7oA di= A|XKDisparity) 24 0 ~
Maxdisp-171A] 2] W8 9] =2 47 AT}, Maxdisp> 715 CNN

7Igke] SM WS s HaLE fsl 71E s
TAaHA 1922 Yk

W/s
Left FM | {1/5 737 window
Right FM
a=0 | d=Makdisp/s-1
[ Cost > EXP > Mean

D>O>@>@
Sequence of Cost
Calcluation

Fig. 3 Schematic description of multi-scale and group-wise
matching cost calculation

L

Mo jo

A
=

S8 2 Mol = pE, §- FMoll = 12
_dx:oex\%;do]_jl 7} Qe o] RE FA=
oAl 3l FM2] B o2 pe} z_/] mH o]B= o
H|&-S AL o710l A= 7] 7x 72 2
o2 A3t Aot} HE AFA A FMEY SAsHA 7 x
7 9595 Agoh=u], FMe] 27 Yol nfel pot ro] 2
T p = (uls, vis), t = (u-d)ls, vis)7} BT}, whebs] 249
FMol| A% A% o] FAase] x4 (1)l 9
sl 27 ¥k

3

rln m

16 ofy
10
o
O AU T
2ol N

u %
(u; =—+i,v; =—+i),
K s

u-d . Q)

(u, = . +i,v, =V)),

i={-3,-2,...2.3},




Stereo Matching for Rainy Road Images Using Feature Space Expansion and Lightweight Convolutional Neural Network

A7 A s= FME] Aol W vk A1EH
2 1,2,4,8, 16,32 % shtoelar, o} HA} 17} 2 247}
ztol 9-= vehdiin) -5 FMel dial f=g-2] SA41%
AR Al dis7F 87  obd A9+ A ¢J gt =, 95 FM
oA AL o)F Sg7t s EEE debith FMO
=7 H x W 74§ Maxdispt ©]5 347 H x W2
1/32¢1 79~ Maxdisp/324 |53t}
2= i3 ¥]&-& AlLkst] 98l 29 FMell A 5
717} Fop PR g shal, o] 5 FMe] Al dnt
o} o= A A E Fah Fo) A2 2H2h 1 x 7
7 % N(k) 2} Maxdispls x 7 x 7 x N(k)©]th. 1 7] 4] 7 x 7
L QxS Ar]on, k= AAIY Y ARA |- 6A}0]
o] eato| AL, Nik)= FM 9| Al d el & 2 & vHeh
Witk $-2]7F A A S FENS FM 9| &7F s =9} -A1Q1
°] 32 A4 o] FMS A3/d 3] 7k, MobileNetV21+ PSMNet
= el wet FMe] A dr) thE o} wheba] FME]
AEF NS o] 2 YERd Aol v vlg
2 Fa el A zfol & Alstttt, 7]Fo] Fi= Foll ol
&l Maxdisp/s7We] F& 7kl o] xfo]7} 7 22 Fo]
Foll -2 7154 o] =) 92 o] xfo] ALt =4
3HA) 817] 8 F-& Maxdispl/s7W S A 814 AH-&-3hct,

AT 3 A ZFE F9- G oS B
= A3 o7 Fsty] g vhA T A =7 FM< GV
o] AF o= W A, S8 MhE 8714 152
2 =T} MobileNetV2U PSMNet 2] Mk) = 871 = Yie
0] Ve g8 & 15 v S A 8% 4
= 7131 & AlFgt A7) 1ET S AP o R
ggk Zlolth. §-2]7F A A1gF FENo| A/d gk 3219 <]
FMS 87l 1702 YA 7F 152 4719] Ad =R o]
FojzTh v v]8- 7t 1Rl &3 Fa F o] Afo]=

o

St o

2

3

X

oo
x o

kY

O

]

¥

o stz 9 el B g

o

sk

C, =) UpSample(C, ),
fe=*

@

Cg,k = {cg,k,O’Cg,k,l"'"cg,k,(Maxdisp/s)—l}’
7 7 N(k)/8 —Cost, , , ‘
1— guv.nk.d
id = Zv=1 Zu=1 Zn=l ( ¢ )
& 49x N(k)/8

! r
guvnkd = ¥guvnk ~Fgu-davni

Cc

>

Cost

o710l A okel A} g, (w, v), n, dy s, k= 242 T2 <)
gl A9 o] IA 1, 1 o] Al e, Al
2F, O AMEE A, A QY925 YERTE 4] (2)
off A * gl wik= Aol A A E FMe] A9 13 691
QA PSMNetol| 4] AA® FMe] 4-9- B 40|t} 524}
49 AES- U] A Frolrk B3 Cy= A8 1E
gl &t Maxdisp/s*Hd o] 1818, F-2]= Cyeell A
HHS A838t Maxdisp 2H19] Hl§ CE A3t
21 (2)¢] UpSample©] ©] 7' 348ttt 2 (2)¢] H]-&
Akl 2|4 g EQe A2 vjAgA o2 & 1§
o] F3FE ¢hslalr] AT 2 (2)9] HF A<l c=
8 x Maxdisp 3JE oIt} Fig. 3& 2] )= A% v]-& 4
A IS A H o 7 Wl Zo|t)

3.3 HE TES

$-2]3= Fig. 401 221 n}e} 7+o] ResNet}
2 7S CNNS 2-8-3f v]-& dEd S
& HE AQEk o] CNNellA = 5 Y
o] 49 WHEE, 7} 558 271€] 2D §H
JETh o] ONNS 173olA Augk =2
Aot 71 WRHES 7= T4 ol ¥

wblol AlQHEl W 1 ghel

o

¢

A

AR -

Jo

ol
o
>~
= )

-+

i

o
do

oL

@)
3 &
1o (o o ot

%oﬂ it e
e mlo of -4 Lt K

i3
il

oo m ffl |o fo

o

d
o,
)

o
rlo

7] W& C7F CFNe] A =50 ¥
o 8 x Maxdisp 3y E A C= Maxdisp
AL, coll ek 2D 2
ol FaETh BE AT 59
22 5o FA Q1 Maxdisp x 1-& A gt
Fig. 4014 “bn”2 ¥iX] G r3stE e AL, “act’=
Leaky ReLU &5 YeRAT) whebA] CFNS] 7} S-of| 4]
AR g Aol wiA] AarstE a3 - Leaky
ReLU $H-5 &3t} o] 32 vix|u S22l

R
2T
A,

X
X
[o2e]
lo,
lm},E
ol

e
Z
lo
N
i)
ol o,
o o

e 7]

o [0

-~
N

C, 192x1x8
[ [ Conv5.3x1 ]
Y [ bn, act
[_Convl,3x1 ] [_Convé, 3x1 ]
bn. bn, act

Conv7, 3x1

[ bn, act
[ Conv8.3x1 ]
bn, act

Conv9, 1x1

Fig. 4 CFN with a lightweight cascade structure

Transactions of the Korean Society of Automotive Engineers, Vol. 33, No. 5, 2025 369



< Tol A&Hnk B3 A3 87H ol AHH Y
o] A7]&= 3 x10]a,
A oy, mpA] 701]/\1 /\}‘Q“E] 4y =27 ]%1 x 10]aL, =
o] A= 10]vh mpx vt Fo] gk
of] thk 878 1&-9] viA B85 S st
A O HAS ouldth CFNOl HF:
Maxdisp x 1 Z.712] v]-& & mo|t},

a1

34 A2t 319
2] CFNC. 2 92 Maxdisp x 13+92] B]-& m(d)=
A2t 3715 g o] 3915 28l m@)oll -18 w3
%, CoExol| Al A|¢kel 29 k-4~ 3 E-argmax(argmin) A
z} 31 9] A E MR 3 270 akS dEsta, ol &
of thal] AZEMA Axt 5()S FF] AJAE o S8}
oAl SH AR}F g* = v 2Eol - Al AF a3t b0 FHE 7Y
THo® ALk

d" =d,xo(-m(d,)) +d, x 5(~m(d,)), 3)
A7 m(d) S m(d)oN A 71 Z gholal, m(dh) =
TR R 2 grolT).

3.5 zl.o OI_'.I_I-AO-| iﬂﬂ
A|x}F F2 A F-2- A 3] 2] F(Left-Right Consistency
Check, LRCC):= 7H Xl 5= Sl 2L =+ 9=
% @ *‘tﬂi-ﬂ aff A 2 ] 7= A p

=)ol 3= &= F F7de] o] po = gy H-g,
LRCCE o= t’° 7=l 2 rofl t-gE= 2 33
A o] pRlA] o -5 E13tet,

LRCCXE 2] (2)9}( )= o]-&3ste] 7= =d|, LRCC
oNMET7x7 AE$7F ¢ ol sdT = Ak o
2} 2 3) 94611 ANSHE A 27 axd S o) H%
= (u-d*, v)olth. kA LRCC -8 A &g aboll A 9]
g SepoldL (u-a*, v)ollA A1t ((u-d*)+
(Maxdisp/s-1), v)7FA  ol&dtt}, of7]eA  whein|E
Maxdisp¥} s= 32748 #Ha18}7] npgieh 2 Aol A ¢
o Ul-&-3h= HAlo] ux3e] 9] ulol] o ¢S poll o
ot HAR Zhstal, 18 A] ¢gFom Alzf ol Sol A
¥ ZF3lt}, o} 7)o 4 LRCCOl &3k A2} o
7|E2 7)|E ATVE 2 Ho|th

o =07
—,__.

[o

1o I
of 9]

)
o o

OH N rl

d

4. H¥EN
Tl A A|TE CNNO| ol st
ol H7HE 918 dloly &nl, 3

o] oM 1 o

R

A5 AR, Ak

370 HIRASAABEE| =27 A33H AlSE, 2025

=2

Pholl AL A8 ANk EE Ak P
& 71 ONN 71uke] w5 2 ) wato], chh g A <
o) A A F e,

4.1 EH MNSAR

Aot CNNQ| 3L o] o) g A Ve st
o} WA 960 x 540 =712 35454702 FH G4} 4,370
e 7 ol 2FE diatR 33 dloly 3l
Sceneflow HoJE] TS AL-g5te] AP TS 53
gt} o] FHo= vA M 57 Augmentation)*V 0]
Q2 v ol Ao R thAetr] 98l A-8EHA
o Sl W B x4l A= oE W05,
2]), ZFvH([0.8, 1.2]), tHHI([0.8, 1.2]) L =HX=([0, 1.4]) =4
= TR R A 8ok Ao ZFEQTE gk, F-2k9 A
27] 4% T ol FaE Ao, T2 2 2 o]
n| =] €] ﬂﬂf 512 x 256°] AT} AQHE CNN-2 Bl %] =1

7] 42 % 2000l F = (epoch) 5t SHFE AT SHEES
12l 0.001 2 2783+ Th3- 80, 120, 160, 1800 33 &

o = dwto & =) 52 vl NVIDIA RTX
2080 Ti F~F =] 2131, FH A3k 913l Adam FE]w}o] 4>
7} ARSE = o] W stolH TEtuE = 5,=0.9 2 3,
=0.9992 A4 At

ojojA] AA| w27} FAdH G4k 13kl KITTI 2012
o} KITTI 2015'"& AF&-3Fe] CNNS FH ) KITTI
A3to] oAk A= thokslR| w1248 x 384 1] Rlo]th
Sceneflow HloE] 3}l ALg-% A1 L3t dlojy
7 71zo] ALH AL, W] 77} 491 B viR] = F
600 ol =1 F# o] =1t} Sceneflow o8] gl ¢
AP 9 ol sdetA 7] S5E20.001%2 A
= 2131, 200, 400, 500, 550 S| . vt} =ApA o 2 Ak
A Zdc} t=9o] D Adam FH A3 A AL FH
I FL It

ShA A5 gh 7 BhE B AIRF FES] i g Eol
L getrt ol g I A= AlF-S fIal
7HA S ARESITE 3 HA R 3 %
ALAE AHEBte] B17] Ade

71714 A717F 12080 & 24
T A S A A el A
A F5 Aes)
Wk A A
g1 5= Folth

T2l el AR Gttt 647l 0] S
sto Sh5& AT A W
647l ol w2 A HshH

e e o7l AT T+ e A8

= 4
< zéu]-w z%Lg}o:] 1 9 35 A A

¥



£ 39 #¥0 Y CNNS #8F 22 Al E2 Y49 A< ojY

Xﬂ Al OPi‘i E}.

4.2 712 g GYLanel} KITTILane 7=
T3 Al B2 o] FgH Jde] 2 FH Ho
te A eath whebA] -2 AlQke W o] H7t
1 2FeF U)ol ZED 2i 289 7| EtE A X8}
Fefoll Al 3 Al FasHA e G4
7FdlolH J3hs AT T3 ofxh 44 7h
A Z 400719 FFS AEgrt. o] FFEL] sl
= 1920 x 4480]t}, o] ‘WPEETEJ GT A} HlolH
HE 938l /gl Al 2bal HA J AL 23] deetaL, 5
F A AALE & éi&ﬁ‘r =A% GT ARl = 214
AA A oo Fun o] HA JAEE L
o} o] E A g gt dio]E 33 GYLaneo| 2} 8 3
3k Aoty HH o] 7ol KITTI 2015 dlo]E] #
9] 2007 Y= AFEFITE o] FYAEL] A A A
& 2 A A A S H ekl FEch 1
AL FE59 24 AA HAE F KITTIONA AlF-E GT
Alxpol] AlxF7F EABEA] AW A1xF7E 0.1 7] REQL
= H7E gidell A ALt olFA FEek [
KITTILane®] 2} 4§ gt}

o Y
I ol

[¢]

=N
=

;: of R oM
i (o

w W

o oﬁ

4.3 FENO|| Cist SM H&

Aoyl FENC A HAEL $8] KITTILaned}
GYLane A5 AH&3lo] 28-S 533+t Table 25
o] A3 A¥E Hel lo|t} §-2]7}F A|*Fg FEN 7|&
o] o2 F WPHE9] FENo|| Hla] 273 3o x| uk,
GYLane Jro = Fafgt AF Ay sM 2371 &
A Zgkt} whH o)) KITTILane g 3He] A 3ol A= A ¢tke
FEN9] D1 2 5F°%+= MobileNetV2 5.t} 3] 7+ EPE 2 7%
= 7P ket

4.4 04 oy MY SYol| ot sSM ds Hlu

41004 AlbE CNNE| 85 A, AlRF FE5 9
3 ol 24 F3ol Al 7B E e ALg sk Hv
t}. o] ghelef A= KITTILane % GYLane% A8t
A% A% ABERE LA 7 RS F o Ao
VY B S ATE kA S ﬂ@u} Table 3] 41
3 AE AASATE Table 39 31 A Dol 27+
“Edge”, “Random” % “Random + Edge”= 212} 3 #A),
A 2 HA S ERAT o] 3ol AlA | 2
= AR HPH 0 2 CNNS 8H5381 o] 714 =& A7)

2
¥ ¥

)

Table 3 SM performance according to matching target pixel
extraction methods

KITTILane GYLane
Method
D1 (%) EPE DI (%) EPE
Edge 0.54 0.630 3.98 1.384
Random 0.39 0.600 4.14 1.005
Random + edge 0.37 0.586 3.86 0.850
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Table 4 Results of ablation studies

) KITTILane GYLane
Table 2 SM results for different FENs Method DI C%) EPE DI %) p—
Method KITTILane GYLane woGroup 0.52 0.659 4.66 0.844
DI (%) EPE DI1(%) EPE woCFN 0.50 0.658 429 1.574
PSMNet FEN” 0.40 0.693 10.84 4871 Single scale FEN | 0.52 0.664 10.53 2.260
MobileNetv2'” | 0.24 0.587 6.83 2.124 woLRCC 0.64 0.630 5.21 1.415
Ours 0.37 0.586 3.86 0.850 Original 0.37 0.586 3.86 0.850
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Table 5 SM errors of the proposed and other methods on

GYLane daytime images
Methods D1 (%) EPE
CGlI-Stereo' 16.08 3.518
FastACVNetPlus'” 22.58 7.096
PCW-Net® 25.90 10.130
IGEVStereo” 22.35 11.924
PSMNet” 38.14 9.234
Ours 3.86 0.850

Table 6 SM errors of the proposed and other methods on
GYLane nighttime images

Methods D1 (%) EPE
CGI-Stereo'” 21.14 3.289
FastACVNetPlus'” 28.51 5.815
PCW-Net® 63.56 6.481
IGEVStereo” 24.64 8.580
PSMNet” 59.59 5.735
Ours 3.49 0.851
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Stereo Matching for Rainy Road Images Using Feature Space Expansion and

Lightweight Convolutional Neural Network

(b) Stereo matching results for our method

Fig. 6 Disparity estimation results for CGI-Stereo'” and our method on GYLane

Table 7 SM errors of the proposed and other methods on

KITTILane

Methods D1 (%) EPE
CGlI-Stereo'” 0 0.262
FastACVNetPlus'” 0 0.245
PCW-Net® 0.1 0.426
IGEVStereo” 0 0.219
PSMNet” 0.3 1.083
Ours 0.37 0.856
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(b) Stereo matching results for our method

Fig. 7 Disparity estimation results for CGI-Stereo'” and our method on KITTILane
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