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Abstract

Single image shadow removal aims to recover the underlying content in regions occluded by light
sources, which remains a crucial yet challenging task in computer vision. During feature restoration,
most existing deep learning-based shadow removal algorithms rely heavily on local feature map-
ping within the shadow regions. However, they tend to overlook the rich and clean background pri-
ors inherent in the non-shadow regions of the same image, which often leads to texture blurring
and structural distortion when dealing with large-area shadows. To address this issue, this paper
proposes a single image shadow removal algorithm based on cross-region feature interaction and
mask guidance. Specifically, we construct a multi-scale encoder-decoder network and innovatively
introduce a Structure-Aware Cross Attention (SACA) module at the deepest bottleneck layer. With
the binary shadow mask acting as a spatial constraint, this module utilizes the high-quality fine fea-
tures from the non-shadow regions as the Key and Value, while taking the shadow region features
as the Query. Through a cross-attention mechanism, the network bridges spatial distances to accu-
rately align and propagate the intact texture and structural information from the background to the
target shadow regions, thereby effectively breaking the information bottleneck in shadow recon-
struction. Extensive qualitative and quantitative experiments on public shadow removal datasets
demonstrate that the proposed method outperforms mainstream algorithms in objective evalua-
tion metrics, generating shadow-free images with clearer textures and smoother boundary transi-
tions.
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Figure 1. Overall architecture of the shadow removal network based on cross-region feature interaction
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Figure 2. Structure diagram of the Structure-Aware Cross Attention (SACA) module

2. BXEAFERAE B SER(SACA) EHEE

DOI: 10.12677/airr.2026.153067

717

NTHE RS HLE ABT T


https://doi.org/10.12677/airr.2026.153067

HERIK

ke 2 o, SACA FEBR (A% O JE AR I L [ SRR R e i 22 1) 2 AR, R S G B

(Cross-Attention) 52 HACERIES L HE. BRI\ SRR MR RASAE A X e RS S, S oii0 T 0bE —fi
HERL M (1R, 0 R AEWIRE) . 25, FITTHERbG 4 R E X 77 IR FE | 45 5 I RAREAE X,
SR AE X,

X, =XOM' 1)

X, =x0(1-M) (@)

Horb o FoRAS A 4EFERIZ TR AR
FEES X IE R B B FHER N “RrE R X7 5“5l 35 ARSI 3. AR S, B
SUARHIE X AENRHEE B R, T8I 11 BRBS N EWHRE O, « MR RHE X, fE VB & TSR M5
UL, WG VBEAERE K, MMERERE Y, -
o, =W, X, 3
Ky =W XV =W, - X, “

Herbw W, W, SR RR] 2 S A B AL
BEJE, TR IX SRR X Z A XA SRR R 4, « ZH RS & T X —MER
BB 5W ST B ERAL B AL SS S RAHUE

T
Acros.c = Softmax [ QS Kns ] (5)

Nz

o Jd AR T, P TR R M FEDCRMDUBE AR IS, P A o 15 S RRAE 1, AT
IBCR G o X DAEY R L B RCTARIE A ACIE R 5 DX AT RSO AR “ R I3 2
IR 52 X 3ox B F) 22 [ A3 L«

= Airoes Vs (6)

B, T RIEM AR R R TP AR IR e Bk, K B S AR AL v, 5 R A M N AE X 54T
JHIE P H2(Concatenation), FFilid bk 7 EH2 4 H SACA BRI R ARFIER R Y -

Y =Conv,, (Y, ®X)+X (7)

Hrb @ RoRFHEPHE, Conv,,, WA TR FR4ERGIR . i LRSI AR A L], SACA #
BRAE 5O 2 [ SR TR oA G TR T AR R 15 B 22

3.3. WkEH

N T S B LA BT B A % BRSNS, ASCRITE TR A SR B ECR AR M 2 1IN ZRid 72, iR R
B A AR 2 5 B ) P W OB U . SRR R L, 32 AT R
L: = Lchar +i£per (8)

‘total

(1) Charbonnier #12K( L, ): N T HEEBE R E RN SN, ASCRA Charbonnier #7128 AAE H
¥ L1 8K L2 Bk, FT2RMEs 1, 5 ESERRIRARSE 1, TR RPN % 5

L =

char

L, ~1,[ +¢ ©

Horr e Sl bR EE RN IO N B (A SC B 107)

DOI: 10.12677/airr.2026.153067 718 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153067

() BFR( L, ): 9T R TR R AR P BUR BGRB8, R T NSRS IR A FL 5
B, ARCHINT E T VGG-16 W45 1) A5 2% «
1
‘Cper :;CJ-HJ-VVJ- “¢j (Iout)_¢j (Igt )“1 (10)
Hrr g (1) R VGG-16 MZ5 j IR SEIORHEIE, C,, H W, 70 By HIEIER. @S %E. 2 P
T R B [ S B (AR SO SIS TR & 50 M 58 0.1) 6

4. SLWE RS54
4.1. SCERIEEEHIESE

ASCAE A TR R 25 B R HE R 4 AISTD B iR S AT B0 E . JEAT ¥ ISTD #idfs 55 AR
Rz, BRI IR AR SE BB AL 32 5 AR R X I TR A7 AE — € I R A —BUR L. AISTD ¢
PS8 1 Tl ) R UL FE S0 SEEAT TABIE, AT REWS SRS HE M PPAG I 28 72 (02 5 SO IR B I sk
PERE. ZBIREILE T 1870 AmpE K EIE = c AW IR BIRAN. THREIR), Hd 1330 HH]
T ML INZR, TR 540 4TI TEAL

4.2. EELRIEL

R T BGUEASCRE IR, R I S Rk R A ) L B AL (RS DSC [3]. DHAN [6].
DC-ShadowNet [7]+ SG-ShadowNet [8]+ FusionNet [9]PA & DeS3 [10])7E AISTD MiR4E_FiE47 T @ X b o
FTA VAN Hts P44 2 8 R0 S e T RIE A I B IS R, BRI 1 R,

B 1 AR, ARSCTTVEAE AISTD a5 FHUS TR AEMLRGTERER L. 7E MAE b5 b, A30T77%
TERARS . B M RIS AIER T 6.13. 2.49 f1 3.15, SEMFK T BB ARGRIRE. ERBLS
FIRECEE SSIM 845 b, ASCTNEAERRIXEIAF] T 0.967 MK JEHAERE R, AT
TEIEBISZ X IR(NS) ) PSNR 1A% T 38.52 dB, il HAFTA XS 772 X R BIRATII A IEAALRERS =30
BERRINR, EREAEM KA EAORIP IR 9 oR 32 DI SRS I = e BE A5 X 8, A7 W08k S [ AL ik s W,
[ SARFIEIR A )

Table 1. Comparison table of AISTD Dataset
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MAE| MAE| MAE| SSIM{ SSIM{ SSIM{ PSNR{ PSNR{ PSNR{
(S) (NS.) (Al (S) (NS) (Al (S) (NS.) (All)

DHAN [6] 9.49 7.39 7.74 0.988 0.972 0.958 33.08 27.28 25.75

Method

DCShadowNet [7] 10.83 3.44 4.70 0.977 0.973 0.939 32.20 34.45 29.17

DSC [3] 7.72 5.04 5.59 0984 0969 0944 3464 3126  29.00
FusionNet [9] 6.60 3.80 4.20 - - - 36.04 3116 2945
SG-ShadowNet [8] 5.9 2.9 34

Auto-Exposure [9] 6.57 3.83 4.27 0.976 0.874 0.838 36.30 31.10 29.44

PaletteDiff [11] 15.4 7.82 6.41

RepaintDiff [12] 12.9 10.66 24.9
DeS3 [10] 6.5 34 3.94 0.989 0.972 0.958 36.49 34.7 31.8
Ours 6.13 2.49 3.15 0.989 0.983 0.967 37.78 38.52 34.32
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Figure 3. Visual qualitative results of the AISTD dataset
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