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Shadow removal with wavelet-based non-uniform diffusion model
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Abstract: Objective Shadows are a common occurrence in optical images captured under partial or complete obstruction
of light. In such images, shadow regions typically exhibit various forms of degradation, such as low contrast, color distor-
tion, and loss of scene structure. Shadows not only impact the visual perception of humans but also impose constraints on
the implementation of numerous sophisticated computer vision algorithms. Shadow removal can assist in many computer
vision tasks. It aims to enhance the visibility of shadow regions in images and achieve consistent illumination distribution
between shadow and non-shadow regions. Currently, deep learning-based shadow removal methods can be roughly divided
into two categories. One typically utilizes deep learning to minimize the pixel-level differences between shadow regions and
their corresponding non-shadow regions, aiming to learn deterministic mapping relationships between shadow and non-

shadow images. However, the primary focus of shadow removal lies in locally restoring shadow regions, often overlooking
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the essential constraints required for effectively restoring boundaries between shadow and non-shadow regions. As a result,
discrepancies in brightness exist between the restored shadow and non-shadow areas, along with the emergence of artifacts
along the boundaries. Another approach involves using image generation models to directly model the complex distribution
of shadow-free images, avoiding the direct learning of pixel-level mapping relationships, and treating shadow removal as a
conditional generation task. While diffusion models have garnered significant attention due to their powerful generation
capabilities, most existing diffusion generation models suffer from issues such as time-consuming image restoration and sen-
sitivity to resolution when recovering images. Inspired by these challenges, a wavelet non-uniform diffusion model
(WNDM) is proposed, which combines the advantages of wavelet decomposition and the generation ability of diffusion mod-
els to solve the above problems. Method First, the image is decomposed into low-frequency and high-frequency compo-
nents via wavelet decomposition. Then, diffusion generation networks are designed separately for low-frequency and high-
frequency components to reconstruct the wavelet domain distribution of shadow-free images and restore various degraded
information within these components, such as low-frequency (color, brightness) and high-frequency details. Wavelet trans-
form can decompose the image into high-frequency and low-frequency images without sacrificing information, and the spa-
tial size of the decomposed images is halved. Thus, modeling diffusion in the wavelet domain not only greatly accelerates
model inference but also captures information that may be lost in the pixel domain. Furthermore, considering the complex-
ity of the distribution of low-frequency and high-frequency components and their sensitivity to noise, for example, high-
frequency components exhibit sparsity, making it easier for neural networks to learn their features. Hence, this study
devises two separate adaptive diffusion noise scheduling tables tailored for low-frequency and high-frequency components.
The branch for low-frequency diffusion adjustment independently fine-tunes the low-frequency information within shadow
images, whereas the branch for high-frequency diffusion adjustment independently refines the high-frequency information
within shadow images, resulting in the generation of more precise low-frequency and high-frequency images, respectively.
Additionally, the low-frequency and high-frequency diffusion adjustment branches are consolidated to share a denoising
network, thus streamlining model complexity and optimizing computational resources. The difference lies in the design of
two prediction branches in the final layer of this network. These branches consist of several stacked convolution blocks,
each predicting the low-frequency and high-frequency components of the shadow-free image, respectively. Finally, high-
quality shadow-free images are reconstructed using inverse wavelet transform. Result The experiments were conducted on
three shadow removal datasets for training and testing. On the shadow removal dataset (SRD) dataset, comparisons were
made with nine state-of-the-art shadow removal algorithms. The proposed model achieved the best or second-best results in
terms of peak signal-to-noise ratio (PSNR) , structural similarity index (SSIM) , and root mean square error (RMSE) in
both non-shadow regions and the entire image. On the dataset with image shadow triplets dataset (ISTD), the performance
was the best in non-shadow regions, with improvements of 0. 36 dB in PSNR, 0. 004 in SSIM, and 0. 04 in RMSE com-
pared with the second-best model. It ranked second in performance across all metrics for the entire image. On the aug-
mented dataset with image shadow triplets (ISTD+), compared with six state-of-the-art shadow removal algorithms, the per-
formance was the best in non-shadow regions, with improvements of 0. 47 dB in PSNR and 0. 1 in RMSE. Additionally,
regarding the advanced shadow removal diffusion model ShadowDiffusion, the RMSE for the entire image was 3. 63 on the
SRD dataset when generating images of 256 X 256 pixels resolution. However, a significant performance drop occurred
when generating images of the original resolution of 840 X 640 pixels, with RMSE increasing to 7. 19. By contrast, our
approach yielded RMSE values of 3. 80 and 4. 06 for images of dimensions 256 X 256 pixels and 840 X 640 pixels, respec-
tively, showcasing consistent performance. Additionally, the time required to generate a single original image of size 840 X
640 pixels was reduced by roughly fourfold compared with ShadowDiffusion. Furthermore, our method was expanded to
address image raindrop removal tasks, delivering competitive results on the RainDrop dataset. Conclusion In this paper,
the proposed method accelerates the sampling time of the diffusion model. While removing shadows, it restores missing
color, brightness, and rich details in shadow regions. It treats shadow removal as an image generation task in the wavelet
domain and designs two adaptive diffusion flows for the low-frequency and high-frequency components of the image wavelet
domain to address the degradation of low-frequency (color, brightness) and high-frequency detail information caused by

shadow images. Benefiting from the frequency decomposition of the wavelet transform, WNDM does not learn from the
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entangled pixel space domain but effectively separates and trains them separately, thereby generating more refined low-

frequency and high-frequency information for reconstructing the final image. Extensive experiments on multiple datasets

demonstrate the effectiveness of WNDM, achieving competitive results compared with state-of-the-art methods.

Key words: shadow removal; diffusion model(DM) ; wavelet transform ; dual-branch network ; noise schedule
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Fig. 3 Visualization results obtained by adding the same noise

to the low-frequency and high-frequency components

decomposed by wavelet transform
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3.2 ZESRDEEELLR

7R T 48 SRD Hdle e 15 0 et i 1Y
FE LA R AR AR R o 2 5 ¥ (Guo 45
2013) F1 3 T IR B 27 > 19 J5 % DSC (direction-aware
spatial context) (Hu %5 ,2020) .DHAN (dual hierarchi-
cal aggregation network) (Cun %5 , 2020) . DC-

ShadowNet(domain-classifier shadow removal network )

(Guo %#,2023b) .ShadowFormer( Guo 2%,2023a) . N
TR LA B A BT A I 25 SR8 T SCEE
RATFE AR E Ty 458, 45 R R A U A BUE
o AR AR R G X S80RN TE B 52 DX 30 BT A7
febr LIS T sk 45 8 R e S5 H Al
B 77 ShadowDiffusion A He , JCFA 52 X 38 ) RMSE
M 3. 44 AR F] 3. 11, SSIM M 0. 985 42 T 5|

(Jin%F,2021)  Auto-Exposure(Fu%#,2021) ZhuZF A 0.990, 56 UE T A S5 B 78 B3 5 BRAT 45 Fh UG T 4%
(2022b) , BMNet (Zhu 45 , 2022a) . ShadowDiffusion S HIHERE .
%1 SRD#IEE FAEFENESLLER
Table 1 Quantitative comparison of different methods on the SRD dataset
i PR X 38k (S) JEBRE X I (NS) HEBE R (ALL)

s PSNR/ABT SSIMT RMSE! PSNR/ABT SSIMT RMSE| PSNR/ABT SSIMT RMSE|
LN 1896  0.871 36.69 3147 0975 4.83 18.19  0.830 14.05
Guo 5£ A (2013) - - 29.89 - - 6.47 - - 12.60
DSC(Hu%:,2020) 30.65 0960  8.62 31.94 0965  4.41 2776 0903  5.71
DHAN(Cun%,2020) 33.67 0978  8.94 3479 0979  4.80 3051 0949  5.67
DC-ShadowNet(Jin%%,2021) 3400 0975  7.70 3553 0981  3.65 3153 0955  4.65
Auto-Exposure (Fu%:,2021) 3226 0966  9.55 3187 0945 574 2840  0.893  6.50
Zhu % A\ (2022h) 3494 0980  7.44 3585 0982 3.74 3172 0952 4.79
BMNet(Zhu%,2022a) 3505 0981  6.61 36.02 0982 3.6l 31.69 0956  4.46
ShadowDiffusion(Guo % ,2023b) 3872 0987  4.98 3778 0985  3.44 3473 0970  3.63
ShadowFormer( Guo % ,2023a) 3691 0989 590 3622 0989 3.44 3290 0958  4.04
WNDM(A3C) 3639 0985 533 37.14 0990 3.1 32.94 0970  3.80

T IHLA R RIZ W3R s S B A RS . 1 (L) 3o ey GBI B, " 3R IR SOR R A .

N B AEAR ST LB BOCR 6 45 1 T SRD
Wik R rT LS SR o fEA— 4 i, SRD £ dls
A 1 FE1R 5 ISTD B S A He B AT B 42 2R (1 U LA
P IT AT o T A SORE 52 25 B 18 8 A A T:
5, % BB BRI R e 50 S 3t AR 2 519 R B,
I AR B B8 T I 52 G JC T 1 e LA 1 AR 42 S
WA BRI TSR E R . ik e iR s —1T,
H1 T b A B P T O A A R, A
J7EAE 25 B BA R I 38 23 7 LR A i 3 B DR A 46
AR TWIAR SCT7 vk AT LAEE At Y 5 4l 4 40 5 45 5 R IE
A . A, 25 AR 52 DXCIURN A B 52 X0 52
JE 25 S A/INIE, I HR 0 O B3 25 5 B I O 12 22 s
N 6 BSR4 DR B4 B fhk o IR R A E R A
N GBS E R BRI IR TR O IR ER
B (N5 AR BT A R L BRI, sl 6 55 24

N, Auto-Exposure 7 TG 152 X 3™ A= T #5151
B0 fi5 1, , ShadowDiffusion 7£ JC B 52 X Jak p= A T 4
BRIYSE AR B s e ok g LBk iS4 T
AR ST AR AT B R S A B S AR A
TC e 2 o A R BIAE B (RO ) 3 2 S0 4 1 15 B
(FRpAL) | AR SO ¥4 e i i e 1 o vy o 6 1) T B 5
R
3.3 ZEISTDFISTD+##E&E L3018

2R 3535 /R T HEISTD  ISTD+EHE 5 |
5 A A W i Le R A R AR AR TR 2R )
(477 1 (Guo 55, 2013) Fl L T IR £ 2% > 1) J5 1 ST-
CGAN(Wang %,2018) \DHAN (Cun %¢,2020) , Auto-
Exposure(Fu &5 2021) .BMNet(Zhu %#,2022a) .Shad-
owDiffusion (Guo %, 2023b) . ShadowFormer ( Guo %5 ,
2023a) %, A SCI A AE ISTD A1 ISTD+ 4 4 I [
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Fig. 6 Visual comparison of the state-of-the-art methods and ours on the test set of the SRD dataset ((a) shadow images ;
(b) Auto-Exposure; (¢) DC-ShadowNet; (d) Zhu et al. (2022b); (e) BMNet; (f) ShadowDiffusion; (g) ours; (h) ground truth)

x2 ISTDHFELE LARAENEELLR
Table 2 Quantitative comparison of different methods on the ISTD dataset

B IX 3 (S) TR XK (NS) R R (ALL)

s PSNR/ABT SSIMT RMSE| PSNR/dBT SSIMT RMSE! PSNR/IBT SSIMT RMSE]
LPNEEES 2240 0936  32.10 2732 0976  7.09 20.56  0.893  10.88
Guo % N (2013) 2776 0.964  18.65 2644 0975  7.09 23.08 091 9.26
ST-CGAN(Wang%#,2018) 3374 0981  9.99 2951 0958  6.05 2744 0929  6.65
DHAN(Cun %,2020) 3553 0988  7.49 31.05 0971 530 2011 0954  5.66
DC-ShadowNet(Jin % ,2021) 31.69 0976 1143 28.99 0958 5.81 2638 0922 657
Auto-Exposure (Fu%,2021) 3471 0975 791 28.61  0.880 5.51 27.19 0945 588
Zhu %5 \(2022h) 3695 0987 829 31.54 0975 455 29.85 0960  5.09
BMNet(Zhu%:,2022a) 3561 0988  7.60 32.80 0976  4.59 3028 0959  5.02
ShadowDiffusion( Guo %5 ,2023b) 4015 0994  4.13 3370 0977 4.14 3233 0969  4.12
ShadowFormer(Guo % ,2023a) 37.03 0985  6.76 3220 0953 444 3047 0935 479
WNDM (A 3C) 36.67 0990  6.51 34.06 0.981 4.10 31.37 0967  4.50
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BF 5 [X 4ol 11K i P45 19 RMSE $5 45 _E B HUS T e
(4 R . a3 3 W ISTD+ $di 4 1 1% JC BA 52 X 2
RPN, — S5 R bR S e KRB iRk
B2 DI GRS AR SCH B AIRAR | m A3LAE 1 50 97
Az AR R, AT RIOK P 5 a at  TEORS A A ) AR AURD
TR AR 2, DT A 18 1 TG 95 R LA 5 2 1Y)
i, 58 B R SUHE B . A B 7 B8 T AE ISTD
FISTD+EE S L 1T #4k gk

R3 ISTD+ HIEE L ARG EHERILE

Table 3 Quantitative comparison of different methods on

the ISTD+ dataset
RMSE

ik BI% P iR

Xal X R
LTINS 402 26 85
ST-CGAN(Wang%#,2018) 134 77 87
DHAN(Cun%,2020) 11.2 7.1 7.8
Auto-Exposure (Fu%:,2021) 6.6 3.8 4.2
BMNet(Zhu %5 ,2022a) 5.6 2.5 3.0
ShadowDiffusion(Guo %5 ,2023b) 4.9 2.3 2.7
ShadowFormer( Guo % ,2023a) 52 2.3 2.8
WNDM (A<30) 53 22 27
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U (BRI AN B4l 0 RCR ) | R RE & 2
A . ARSI R X /N 23 ] A RS R o5 431
SEPEATY HOR L, PO BRI N B XA
[] 53 B 1 B 52 R BRASOR T Rt

BRitZ Ah 9RO R iy T 2R AR R
WG SR A I T S e — R 3, AR SCHE /N 25 (1)
P14 RO AT AR R b 207 DR AR IS (] . AR 4,
A5 ShadowDiffusion #H Lt , 7F 2 % — iR 840 x

, . p
]

(a) |3ﬂ % . (b) DHAN (c) DC-ShadowNet

(d) BMNet

(e) ShadowDiffusion

(H AL
&7 AEISTD FIISTD+EHE & MHRAE X state-of-the-art 5 155 A 305 1 A AT WAL L 55

Fig. 7 Visual comparison of the state-of-the-art methods and ours on the test sets of the ISTD and ISTD+ datasets
((a) shadow images; (b) DHAN; (¢) DC-ShadowNet; (d) BMNet; (e) ShadowDiffusion; (f) ours; (g) ground truth)

(2) AfEIEI
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Table 4 Quantitative comparison of ShadowDiffusion and ours

RMSE |
Jrik SRNRE . s |
5% X 35 (S) TEBH R XA (NS) HEIRER (ALL)
256 x 256 4.98 3.44 3.63 0.92
ShadowDiffusion

840 x 640 9.50 6.19 7.19 6.97
256 X 256 5.33 3.11 3.80 0.39

WNDM (Z30)
840 x 640 5.75 3.37 4.06 1.65

T | TG

256x256 840x640 256x256 840x640
(a) BHRZ RIS (b) EfAIA (c) ShadowDiffusion (d) &3

8  ShadowDiffusion 578 3CH7 3 78 A2 BUAS [R] 4338 2% 0 I 52 UG 6 o 46 LE

Fig. 8 Comparison of ShadowDiffusion and ours in generating shadowless images of different resolutions

((a) shadow images; (b) ground truth; (c¢) ShadowDiffusion; (d) ours)
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Table 5 Time comparison of different methods for

generating 256 x 256 resolution images

Tk FERA A I 1] /s
Auto-Exposure CNN 0.08
BMNet INN 0.07
ShadowFormer Transformer 0.15
ShadowDiffusion Diffusion 0.92
WNDM(A30) Diffusion 0.39
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FTHERM, B K =10, A l— 1 256 x 256 1% K 41 ¢
R ERGBALTT 0. 39 s[RI , 27 5 15518 () 2 fie
RUR VPR K = 1VE AR SO A BRIA B B

Fz6 XP/NEIE Y B DA R R 5
Table 6 Ablation studies on the influence of wavelet

domain diffusion mode
sy PUBIKEC JEBIRBKE HIREE G
MBZ paBt R PABT RL PiBT R

Ttk

(azeasfi 256X 256 3714 6.4 3835 24 3391 3.0
B 640x480 3520 7.7 3554 37 3108 43

SNz 256 X256 38.03 5.3 3937 22 3485 27
W 640x 480 37.40 5.8 3898 23 3448 29
e L) FEoR#GE GEAIK) #le, P PNSR, R i RMSE .

RT AEEINK SRR EXER R
Table 7 The influence of different wavelet decomposition

scales on model performance
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Fig. 9  The influence of different diffusion control

coefficients on B8, (noise schedule)
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Table 8 The influence of diffusion control coefficients of

low frequency and high frequency branches on model

performance
BH 52 X 45, JERAHE X 35k g E 15
oM LBt RL PABT RU PABT RU

. i fi | /s
gg ,ZS];\] ? SSIMT RMSEL  256x256 840 x 640
&3 eSS
K=1 3294 0970  3.80 0.39 1.65
K=2 3264 0966 397 0.18 0.56
K=3 3158 0943 48 0.11 035

He 1 (L)l GRAIR ) #ds P PNSR,R i RMSE,

3.5.3  YHAH R Ry, My, KRR B R 0 23 A
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Fig. 10  Visual comparison of model performance with different y, and y, ((a) y, = 1. 0,7y, = 1.05(b) y, = 0. 4, y, = 1. 25;
(c)y,=0.8,y,=2.5;(d) y, =0.4,y,=2.5;(e) y, =0.8,y, = 1. 25; (f) shadow images; (g) ground truth)

3.6 FEINEMEGKREES %9 7 RainDrop #{IE&E FLWHESLILE
2530 WNDM 5 3 1T LLAR 25 55 e v i T LA Table 9 Quantitative comparison of experiments on the
RainDrop dataset
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1% WAL 55 G A 6 %5, 2022) FPHEAT T SE 560 501E
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WNDM B T BRI 25 BR AT 55 Hh ik 2 s SRR /)N
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W N R AR HE BT, R 9 oR T A
IDT(Xiao %5 ,2023) 31.87 0.931

3CTTYEAE RainDrop K48 5 1 45 HoAh J7 i (19 %€ 2t 1o
B, AT LUK B WNDM A R X AT 55 R AR U 1
RAFRIEER . TR BE 7T BRI AR o

RainDropDiff(Ozdenizci fil Legenstein,2023)  32.29  0.942
WNDM (A30) 3177 0.928
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(a) TGRS
B 11 RainDrop 4l 4E I AT fiiL 45

Fig. 11 Visualization results on the RainDrop dataset

(b) A3 (c) HAHI

((a) raindrop images; (b) ours; (¢) ground truth)
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