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ABSTRACT

Shadow removal from a single-image has been a significant issue in image processing and many computer
vision areas. This paper proposes a novel network based on the conditional generative adversarial network
scheme without requiring additional shadow detection process to remove shadows. The proposed structure also
utilizes a spatially adaptive de-normalization method to prevent the input image information loss caused by
various normalization layers in the neural network. From the various experiments related to shadow removal
using authorized datasets, it is confirmed that the proposed network shows at least 5dB higher performance in

PSNR, compared to the state of the arts neural network based methodologies.

I.M & gk oleldh At W adrks, dd Qe mE,
3% et AA Q1A T3 A2 Tkl 44k Az
Sl 2@ 1o Heli Azt go] Bl HEe W AFE A7 AE @ u), oA WEe] LA} =
= o] Exten] e 1L o g Bae w  Aske AW el ke A B A
# R AT EEASIE 2 s U] A Al eR SUE SR R2020040239)
+ First Author : Yonsel Umversny Department of Electrical & Electronic Engineering, mesh0213 @yonsei.ac.kr, %3]<]

Corresponding Author : Yonsei University Department of Electrical & Electronic Engineering, yschoe@yonsei.ac.kr, $413]<]
=& 0 202107-157-A-RN, Received July 7, 2021; Revised September 19, 2021; Accepted January 12, 2022

584

www.dbpia.co.kr



=37

Iy

-84 Aarel WA ZeE 2l 4k o 2R AlA 71

o)
o

o oA RhEck ) gk, iRl 39
5ol wet ookt FelE e = gl wisee]
A WellA 2A} ddvkE AAs A= A
. SR F ol Al SIS 7
L2 gk QA ] 7] W v Ee] A AlA
wgk ook o7} o] Foi Ll

7122] Aol A4 2177 (generative adversarial
network)1vkS- 0|83l 12} A AES A =HH A
3= WhERe] ks A7) oIF7] wjel| 1A AT
o] o2 H3ke W dAs AAEIUZ] 18l

2& Adre =AY Add A AAEY

e}

=

flo L to ¢l
M=ol
{

o
W
L
o

(conditional generative adversarial network)-& 7|4k
o= Fas|oigkeh. sHAR olelal s|=e] A Azt
HE Ahgolt A HeE AAEA] b ool
a=jAfeh AAle] AR olglAl @ wak ohe}
A} ogeizt o ogeizle] Al el A @A
vehdel ol2ld FARES 3 el 22l
= 292 AAE 7 AR 25AE AAE A7
AR T FAlel Shrshe whge] AljkEdch®
Zefut o] Wi’k 2R}k el Agshe 7o)
opz} g2k el chekgt wiA 2 Ao ARE 3
a3l7] witell oxls] 23zt dHE A= AlA
apA] ehar wi A A BlekA] ek EAlE
drk

o] wHo T IR} AA AT ZakxE A=A
Aere Fastol edauiolel 2t AREALE S]uke.
23 A2 A ARk <34k dlole] 7k At
o] Tizp dodol] Wigh Aw. glo] 2z} 3
g7 dlolElel 1RIA} gle 3 dlolHE A2t
A= dole] Al lm Aoeka, gzt o] 23t
oﬂﬂﬁi—ﬁ'—ﬂ a#A} AAR A dHlelH R

5 7FsA she 8 AT AAES Rl A
3%: Zolet. o5 Sl =414 A
Fgato] k= whake] s

¢

fr e

E i

a8 1. AA 23R o
Fig. 1. shadow examples in real world

o

& TS wEA 3] fle wix Ao
Al Pg chekel Aatst S5 Z8sle] =
frestoick shAlRl, asizp Al e} 3ol Aol
4 dae] okt “‘—7}24 Sl wig- RIZHRE A9
thekdh st o sl 2818 H <Ak W o
o] Aot FAdEe] Aol AdE= EAdel W
et

o] AL o] BAT FpA0E s 9
3 37 A4 n] A3} (spatially adaptive de-
normalization) WM& gkl 7k 284 ]
ZJ-T—F:Q], H}Alo _,17101] odaﬂ o3 A}e] 27 ARE 1=
of 82 ke ol AqIFea 4Y] el
B3 7oA o2 odAke] tleksl Z7kd EAlL I8
@ QES Ok w, 2se] AAEs 499
AARE 2 TR A oles okt spaee) 3
Bl aa gael AnE Yolgeas e sl
oA WA Tl B mEE g 4

% o]] JE:] o:]}d—,] OHA]—Eoﬂ TI]——‘ ].a;d E'_(;
W 14 4 A Hek o] il ixiel A
AAE 2 T L o} Y Ay Hne
s g T S
A vhet 2k el A= Al
el g E3slo] ALk WHES T3}
519 e, IR SIS et
TAE Aee el
ek wEe H%

4

)

mlo o Lo

},ﬁ

o} Ao [VAeA=
AEE 7Sk

2719) A=Ak AP AT 22
o A G B 294 e G AL
GAk el a8 39S e upag A E A
s, A Aele ¥ 20l bl A} Rt &,
23§l S ok A Al sl
e, Aol 23 AT o, o, b & A5FeEH,
A} gl e ne] $eld 4 gl W] A

AR

585

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "22-04 Vol.47 No.04

Jre —lighted

Is?mdalw . a+‘irs—iighcsd . (1 — m)_.

ao Jfb

Isk adow—free

a: shadow mask

a7 2. 23R EE 71E B A AlA W E14)]
Fig. 2. shadow removal via shadow decomposition

Jshadow— free
— pehadow | o, 4 re-lighted | (1 _ ) (D

2] Alof|a] phadowr= gz} og A} pshadow=free
287} gl e ejmakh s S ot 234
shaze] s W9] ARE vhehiv, olgH ot
A e 1, IR 9o 09 e ek
b, A TR G G A 2 o4
b oAl el sk whele] AFATIS ekl
o wgh A zrgEl odah e iotiede] ale) Auss
ol 4l2)9} ko] AAHEIL,

[re*lighted — . [shadow+b (2)

o7l [l A e Qdake ehie, o
st b IRIAP} Sl ake] Aol A EE o

O3 3. 71E B myEE sMkeR ) oAl e
o] s A

Fig. 3. Failure cases of prior physical modeling based
on shadow removal method

586

A shaks] wgh A AgElE vipselt)

SR, Slo} go] aRlAL JALrTr 2 23]
A} BlA=E o] gste] A} gl ogA}hedow—free
= pelalil A9 shelehs, o5 Sk 2jsio]
3Rk} AR 7¥e] AAR] 23 33} Rt Ahe-
W2 3] Feh dolgle dde] vhehiek o
A 30l @)= A} i 1 9 b =
A 235hg ko 7%l SP+M-Net 23] 4]
3 Az} 4, @ A5 e 77 depdl o)
ok ol A= A} ddel vt viaz Ausk glejzt
= aizpe] A EAS] AAEE AR
&l WAl Eehs EAl7E EAgcl

2.2 NS 55 Jlgke] O=IX MA wHE

SF Aol|A] o wle} o] 17z} Zﬂﬂ A= v
AHFEAE G A= Zlo] obd, 13 49}
7ol RIAl A AellA 187t 9l <34k BE Wk
3= Ao)7] wiEel o= <34 dlole] 7t Hste g A
71—%1— = 9\11—4_

32k dlole] 7+ A3k by 7hed] 7 Al
2o pIX2PIXPI R, o] AR A AA Al
Aol 71 Al ook 1§ 5+ o] AW
25 485 7R A wES oldsly] §A
el Zlolet. o] Al 7= 7]Ee] FEANS
24 ZHE 5 Ak A A4 A

e =, ARy it ohdel, §lH WY 2 F

d

L

Fg3le] FHE| y & s 20 AdE A
A gt A7) G B 23S vkl
S 1 Allel digh WekE 7AAl =,
W7 DE B4 271& v} Folo] & ZlA] 7|3}
o ol=L s Hrl AR Ao A A7)
E.;(_J' S

Image A
(shadow image)

Image B
(shadow-free image)

J7 4. %4 Aol <4 BRS] A WY E
Fig. 4. Translation Image A to Image B

www.dbpia.co.kr



7H A 8A WA B e vl 4 o RlA A 7

B geleh. 714 oyt 27 Qs 2%
WS ehlle, 2 4HeME S SJelsle, £ & 7]
gk

LCGAAV(G(?D) = 3
E, llogD(zy)1+ B, log(1 - D(z,G(x,2))] @

LGAN(GD) = 4
B, logDW)+E, llog(1— D(Glz,2)] @

A 3 @2l Aol BH7] Dell o7k o
o] ejolrk &, A 3)2 oY A dHlelHE 54
FRo % st e 2A1E WEAIE 94 )
ole] AL 7Fe7 sk WhAolt o]of 2k Aol
< Sl 2R A AAAe] wd7) D o
st 29 el AR 2ale AL ol F=A] &

sho} 7-e vl ATFEHE Bgsllch aehd, o)
g vhel AEeE 22, Ao abgAel e w
Al SAlo] gleel® ek, 134 A} 2
o] ARZIZL BAkR Beld AAke oA §JF edah
& Bgale] FEshe 4, G4 deld Ane] &4
S A 5 A Hek 3 delE gue] ¢4

m

—

-

it

Vi

Decoder

‘ﬁ.\_‘*

Encoder

oAt 7)ES] 22y Ao Ay
b A w7
Fgate] W19 e mAshy, )Y o4k dle)

e okl 54 () 7o) Ho)€lel

SPADE(F,S) =
F_
(9 ®

A 5)elA, ot o a3 284 viAEt
A8 A FE AR 84Sl st 15
AAE ovlsd, @} b= 84 3 2 84§
vhehdeh aeeR AR A= 4(5) ¢k 8(S
355l gho] obd FAFellA oA n®, 54-1

= 545 7 o] ul, iR} dake] 54
A3 AH= 912 4ot po] FHelE AglE s,
7Rl B4 ARy} WEse] 7|Ee] wix] A4fs}

ol AL K o
N, g
N,

Generated Qutput

e

é/ | Real/Fake ?

Discriminator

GT(ground truth)

a2l 5. PIX2PIX Alw +&
Fig. 5. PIX2PIX network structure

587

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "22-04 Vol.47 No.04

conv

| oo .
o,
i

5

P SPADE Ruliih b -
B !
L

network output y ;
Bateh-Norm element-wi - [ spape | ranve BN saoe G seane
- | ResBlk | { sl | ReaB:

| |
SPADE design SPADE Generator
a2l 6. Ehart A-eA vl As 71 (D 32 A v] At 71 A7) oelRl SRS AR 5AS RER 72

Fig. 6. (left)spatially adaptive de-normalization structure, (right)multi-resolution structure of spatially adaptive de-normalization
generator

7} 7R a S|l 3k dlole] Ax 1o A7) s A 2.4 Hotshs AlAY 7=
Fr} 2] (5)elx] FT3E A e 13 62 E3) B Aoy, 2™ 79 AlAY Fxo} 2], £4
gelad 4= glck 718 o} Fol& T ZlQIR|ol] Rk WS
o] ol M= vloket sdE TRl AslElE ¥ 7RE 25 A gAY RS 7R, o
7F BeA v A 7| e Faste] YATE A 3] PIX2PIX RS ARE3E Al7dvdol|A] hAlst 4= g)
gtk o= tlekdt 54 AHHEe] £AlS x| Wt =y Ak AR £48 uhe 5 gle® It A
ozl X719 BIr|E FAshe kel =7)9 2 v A3 7S 243 A2 AAE AlgE
Sl Ag-=]o] ]lE <Ak dlolee] Z7|el wE g}, P02 o] Al Wxel I7x} oS
A B4 wgk 2 4= o)A & Sk gl o3 71l viem Ao, 18R} S ARFe BE
69 53} 22 72| ] ASAH B4 HRE < H8 2 K] U= AL Ak Al
Alshs 24 F2 G MRl Adse] Zfo] £4 T3] 59} 2ro] AAI719} FHH| R o] Foxl A - A
< S8k AlgS 3] ARl A F2E 7o R s, ]l Akl FF A

[s)
87wl WS Beele] agAL A

I

&

concatenation

Spatially Adaptive
De-normalization

JOJETITILISSI(]

Shadow-free Image
A

Japosug
f=pose(

TR 7. ARk dwelze) AA e Wee] A shem An glo] 2w Ao APAATE e $7 A8 )
At 7S 288 I A Wl 2R A7 7
Fig. 7. Proposed network, A method of removing shadow regions within a single image using a spatially adaptive

de-normalization based conditional adversarial generative neural network without separate shadow mask information

588

www.dbpia.co.kr



3R A8 wIAEE A 2l o3 W 2R AA 71
7lell AbslalEomH Tl 5A4E vED 5 9l Aol Mme] Izl vhaz Au gle|® dvkd
w5 AAE ek T A 7HEAE At w3 H2e] o

a5 73} o), ofHEl Il A s qiEeR AL A7 A<l DHANWAIIE w]aaly] mado
hol 37t 484 W) Afske AE 7S S5 2 Zgsisled, ol aA rkaamE Besie] o
slo] 2olAl A Gls) = 25 4 sk & HS H2b A3 sk 23k A ElelEE SUHA
olZA ®x, TR ¢l Gt s= TR} Ak s9} 7|3, Agk vlole] A3 sl &gk 32} AAA
U gk S o] 5 FHo], o] T AL )} o Aol Abdel Qe A SRS A
o g wo] Am 1=} gl dAkelx] A7) =Y okl Al7rtelct o] ol wdl oA} vkazE 2
B 950 Zp 1Ela) gl e AelA 2 ghekeb) g dlele] Alge] s ol ik el gk 3t
He FER AL o)A st oA e ZdEhete] Ad5E ol FHAL delrlel of A
((5,G(5)),(5,8)) & F-Eahf= =4 g choe] M= vl wyow Fggict Aokl Wit v
24] (6)8} 7o) AT 2Jo)2] F|UZt E 59 Fhow WS SR T2 delEAE 2881
Aol sict. 3, WEAQl dlee] A3l ISTDHle]E] A3}w}
SRDulo]e] AI3H!1S &hgsle] AFE zlasisict
minmax V(D,G) = ISTDHlOTE] A3 ¥ 184022 34 Hlo|E| &=
¢ b . 6) Azlo] glom, 2‘%’—“% dlele] 130074, w7 540
Ebvg[lOgD(S, é)} +ES [l—logD(s, G(b))] 94 o:]/q_ EHO] c ]%d%- Eﬂohﬂ 7&6};1—_9& ;}L"‘!ﬂi‘sd'
A7 Ge 7 D) 9EZke 7hrA7| w2 8t = SRD dleled zhga] AT T 305885 _jruj
T e s, 358 vlofe] 26507, w1 4087He] 1318
ol &t ohet G(s)7F 237k §l= 94 st glole] Agkos TRElr) o] = glo]e] Al A}
oA =% Shpap] Hlvk o] AR, A skl A= o)L, ISTD ©lole] Agke] AS- (2A} Ak
A7) GrAE HEHoR a3i7t gle e A 27} Q= oAk, 1Ela) vhaz dab o] HeE A
*éf"Vﬂ S FI51at, Wb SRD Wlele] A (280 G4, 2
derem, Ak Age s dshs el A s 3 2ol o) el EAatA Ho,
Hﬁlﬁé—% g 278 Aol A A 7] A} vz RSl MER ZAE ks bolE
thewshe, el aga vhaa ARs D8 Age] Aol dhatolr e % wale] shssie uh
Harte el B ]l 8 SAse] SAEA % 2}4, SRD ®loE] Aghe 7]1& WAl 71w 1At
L5 3k 32k A5 niAarst 7E 283 AT nlaz RS ARSER] ok 790k nla AlFle|
eIk Fgsigicr  Ageld  AgE Wk e
ohe Ml A= o] =mellx] Aljkl Al wke] A PSNR(Peak Signal-to-Noise Ratio)¥} RMSE(Root
o Ade Sl A 2 A os SR mean squared error)°|™, T3} ¢l dAakke] vl
5 53l ARl A B o), ARl HAHE
L B3 o] wiolA Ak AT $ Ag 3
Slstsiek
31 & 3 % FE MF EE

B Aelxs, AP A8 AR TS 7 3.2 st dold Tge &8st a2 A

Hke = gh 7)) W Est asiAh A7) e Al Z1t
WP RS Al ste] wladgls Adsialek A A A, 2A vkam AR E dew s g 7S
A AR 7eEe] 7t <l PIX2PIX AP, o] ol WA F shfel PIX2PIX S} Alsksl mihE
ol& 7Mker g AlFiel Ak AAE FAlel nlaste] AFS Aldsiolch. PIX2PIXS] ¢ L
s, A5 7&94 A sFo] FFEES Ak HAE Qe sl oR Weh 2 e de )
% ST-CGAN™! WpA]8- F7pxl oz H]Jm}ot} ok B57) PR A, oY dde 2 9 At
ofe}, 1A} whaa AR glolis 1A $lis A A F e b oz, oleldt dAE Fepsl]
S 2L e Euld 54S 283 SP+M-Net g FAFFE 2 M He T2 A
A& mlsL ) e AdAsted, o] s=tella] Alsket ek AR oA g Al 3] 71El]
589

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "22-04 Vol.47 No.04

Qu} o] 9
selsiol, dge] B 54 Ak # wEsel o
YA7E A A He 2 )
Sgick ofel 17 8 RIA) oAl Al Al u
& 7%, ARk o] Al FheiAl A el e
4 Ea W e AdHCR g nelFe, ol
whel 719 PIX2PIXAIS] A9 212 G4l 4
B7} A BAZ Q8 TRATE AR ]
Aol BRHA es ARG 5 9lk o F 4
chre] Atsh Fow el s Y An
o) &4 #AP} AR e AAEe st
e

che-e ARER 7o) o A5l Al Al
o] Ha}—xﬂﬁl_‘: ;(]oﬂ 1:].]*8]— Ntﬂ ﬁy,}o]u]. _—lﬁ 9o _—lm
A7t e AL AQe] AAst AAA S A
AAls) 1 eds Al Tl ke
Solck ol Tk} AAle] HAwe] A A
R81A, 1glAle] AARAE A2 sl )
of, AREE 7149] Aol 23 233 A7} A
= o] FoiA)x] ke Agele). olefet A9, AAH
o oje AR ) 4 e S oles o e AR

m{m
ot
rO
o,
1«3
X
03:
olr
tlo
olN
ol

1. 37 AgA ] Aesh A1) el e 1Y o Al So mE Al Ak 9%
3, ground-truthddl, AA71o oI I QA A 56, 6, N el 2] e AL o a4 @l dE 2

17 8. PIX2PIXHE}e] 23t AlA A Wl
Fig. 8. Results of removing shadow images comparing
PIX2PIX method

T2 9. Al whyEe] A A, 95%E Add= 9
o Tzl g4k Aok wE, PIX2PIX, Awe34N(Ground
truth) & ey

Fig. 9. Failure cases of the proposed method; It
represents input shadow images, proposed methodologies,
PIX2PIX, Ground-truth images sequentially from the left

sl oﬂ/\l—‘: TZ= My:]]zﬂ-i/y] E}]ﬁ =l = 9l ZAx

Aoz agapsh Adle] AAe Rk AnE s
AR 22 o A S ek ol 2hal] flated
Frpdo R g Age) Avke ¥ 13 gk 5 ¥
7} Ao AT 83l QA7 Aelels A

24 % ] 2F A e waE
salat Ak, B2k 234 wlgFske] Aol Al
e g G ) SeldE Aol Folt
e SR1T 5 glek S, FER ol oy

Qe A 213
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F 4. 1STD dlo|ei3l3el w3k PSNR, RMSE 23}
Table 4. PSNR and RMSE results on ISTD Datasets
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