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Spatial-frequency multi-scale sparse attention for single image raindrop removal

Lin Xiao, Dong Dateng, Li Yan, Hong Xuan, Yang Qizhe’
School Of Information , Mechanical And Electrical Engineering ,Shanghai Normal University , Shanghai 201418, China

Abstract: Objective Single image deraining is a critical task in image restoration, aiming to remove raindrop degradations
that exhibit spatially heterogeneous characteristics: central regions of raindrops produce uniform blur due to semi-
transparent occlusion, while edge regions introduce complex refraction distortions. These two physically distinct degrada-
tion patterns coexist and impose conflicting requirements on restoration models — effective suppression of blur in central
areas yet preservation of fine textures and structural details at edges. Existing methods, including conventional

model-based approaches and deep learning frameworks, lack explicit physical priors on degradation properties and effective
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frequency-domain modeling, making it difficult to address both types of degradation simultaneously. Convolutional neural
networks (CNNs) are limited by local receptive fields, hindering accurate modeling of complex light-path distortions at
raindrop edges. Transformer-based architectures leverage global self-attention but rely on feature similarity or computa-
tional efficiency heuristics without explicit modeling of degradation physics, and their sparse attention decisions are often
globally homogeneous. To overcome these limitations, this paper proposes a novel single image deraining method based on
spatial-frequency joint processing and uncertainty-guided multi-scale sparse attention. Method The proposed method
adopts a symmetric encoder-decoder (U-Net) architecture. The core innovations are four modules. First, a multi-scale
physical decoupling block employs three parallel depthwise separable convolution branches with different kernel sizes and
dilation rates: a large-kernel low-dilation branch (7x7, dilation 1) captures global blur; a medium-kernel
moderate-dilation branch (5x5, dilation 2) preserves transitional details; and a small-kernel high-dilation branch (3x3,
dilation 3) focuses on high-frequency refraction features at raindrop edges. A cross-scale interaction unit adaptively fuses
these multi-scale features via spatial attention weights, providing physics-guided multi-seale representations. Second, a
spatial-frequency joint processing module enhances feature representations complementarily. The spatial branch employs
depthwise separable convolution with channel attention to capture local texture information. The frequency branch trans-
forms features into the Fourier domain via real FFT, applies a lightweight complex modulation network to jointly model real
and imaginary parts, then transforms back. A dynamic gating unit adaptively fuses the two branches based on global image
context. Third, an uncertainty guidance module estimates a spatial uncertainty map that quantifies restoration difficulty at
each pixel position. This map is generated through three stacked 3X3 convolutions followed by a 1X1 convolution and Sig-
moid activation, then fused with global context from average pooling. The uncertainty map dynamically modulates attention
scores — enhancing responses in high-uncertainty regions (e. g. , raindrop edges) while suppressing redundant computation
in low-uncertainty regions (simple backgrounds). Fourth, an uncertainty-guided sparse attention mechanism incorporates
the modulated uncertainty signals into Transformer attention, enabling physics-aware adaptive resource allocation. The
overall loss function is a composite of Charbonnier reconstruction loss, sparsity loss to encourage the uncertainty map to
focus on degraded regions, and total variation loss to smooth the uncertainty map. Experiments are conducted on three
benchmark datasets: the AGAN-Data raindrop dataset, the SPAD rain streak dataset, and the Dense-Haze real-world haze
dataset. All input images are cropped to 256X256 patches. Training uses the AdamW optimizer with an initial learning rate
of 2x107™* and cosine annealing decay to 1X107% on an NVIDIA A100 GPU. Result Extensive experiments demonstrate that
the proposed method achieves state-of-the-art performance. On the AGAN-Data raindrop removal test-a subset, the method
attains a PSNR of 32.97 dB and an SSIM of 0. 942, outperforming all compared methods including AttnGAN, Quan’s
model, Uformer, IDT, MAXIM-2S, AST-B, RQ-D2UNet, and WeatherNet. It surpasses the best competing method
(WeatherNet, 32. 67 dB) by 0. 30 dB in PSNR and matches the best SSIM. On the SPAD rain streak removal dataset, the
method achieves a PSNR of 47. 65 dB and an SSIM of 0. 9931, improving PSNR by 0. 31 dB over IDT (47. 34 dB) and
achieving the second-best SSIM. On the Dense-Haze real-world haze dataset, the method attains a PSNR of 17. 51 dB,
which is 0. 56 dB higher than MB-TaylorFormer-B (16.95 dB) , demonstrating strong generalization across different degra-
dation types. Qualitative visual comparisons show that the proposed method effectively removes raindrops and rain streaks
while preserving sharp edges and fine textures, whereas competing methods either leave residual artifacts or over-smooth
details. Ablation studies on the AGAN-Data dataset systematically evaluate the three key components : multi-scale physical
decoupling, spatial-frequency joint processing, and uncertainty guidance. The full model with all three modules achieves
the best performance (PSNR 32.97 dB, SSIM 0. 942). The combination of multi-scale decoupling and spatial-frequency
joint processing yields 32. 86 dB, while adding uncertainty guidance further improves to 32. 97 dB. Each individual mod-
ule, when introduced alone, slightly degrades performance relative to the baseline (32. 76 dB) due to disruption of feature
distribution, but combinations exhibit clear synergistic effects. Among the three, spatial-frequency joint processing contrib-
utes slightly more than uncertainty guidance (32. 86 vs. 32. 80 when paired with multi-scale decoupling) , highlighting the
unique advantage of frequency-domain modeling for edge refraction recovery. Conclusion In this paper, we have proposed
a single image deraining method based on spatial-frequency joint multi-scale sparse attention. By integrating multi-scale

physical decoupling, spatial-frequency complementary enhancement, and uncertainty-guided sparse attention, the pro-
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posed method explicitly incorporates degradation physics into the attention mechanism and dynamically allocates computa-

tional resources according to regional restoration difficulty. Extensive experiments on raindrop removal, rain streak

removal, and real-world haze removal benchmarks demonstrate that the method consistently outperforms state-of-the-art

approaches in both quantitative metrics (PSNR and SSIM) and visual quality. Ablation studies confirm the synergistic con-

tributions of multi-scale decoupling, spatial-frequency joint processing, and uncertainty guidance mechanisms. The pro-

posed framework shows strong generalization across heterogeneous degradations and holds promise for future extensions to

video restoration and real-time deployment. The experimental code and data have been made publicly available (https://

doi. org/10. 57760/sciencedb. j00240. 00269).

Key words: image restoration; spatial-frequency joint processing; uncertainty guidance; sparse attention; multi-scale fea-
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Fig. 1  Overall Architecture of the Spatial-Frequency Joint and Uncertainty-Guided Multi-Scale Sparse Transformer (SFFormer)
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Fig. 3 Visualization Example of Uncertainty Guidance Block
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U=o(fia(d8( X)) (3)
Aol () TR = ZHE o Sigmoid REL. UH
BATCER w, B TOLE (L)) B MR (8 T
1 27812 DX OB AB 52 (A0 R 320 3T 5 X)), e
AT O W27 fif AT 5

3 7R 1 i T AN P | T e A Y AN
SEPEEDR G, N AT LUE Y i P TR T 7 1Y
TG AT Sk DR v 375 I 8P DXl 5 3 v 11
M 17 P12 8 g 5 8 43 ) A T S5 DX e iy 11
FWIBAY e A% o BN [ X B MRS . 455
J5 22 A TE R 3 PR ] L AR AR A e AN E P IX
SR B AN SO FEARAN A 22 T DX ) T o
NS5 R8T i N S Br 7 8

Ohy 3 B B — R AR AT O A O 22, 4 LR
AFHER 2R BT SCREACRE EVER . | 5ext X it
T4 R AL, P48 Sigmoid 06 1551 42 )5 R 3¢
K, 5 UELE

Upa=A - U+p-o(AAP(X)) (4)
AL ] o o B R, AAP () R H IS N
SEH AL (Adaptive Average Pooling, APP) , J5 28] #%&
BRI =23 B RS . RlE S U, B R B
A Jeih LE R

SRS, 114200 SO ARk X 558 0 5
Je MRV 3 T > e 2 I Sigmoid BT L A5 2 T4A ]
it g, DA 5 250 8 A B AT 55 TP i 42 Ry i L
B,

R AT EER PSR U, It 51142 W
WEEICRMRGRHEETM,, =g - U, %ZFES
T S AR 5 B2 B 18, AL AE o ANl
e DX it e 7, 7E AN P DX S il TR+
2.4 ZHREHR

BT B — Ak FE X LA 4 TR T O PR 2 4R
6 45 AR B )8, A SCHR Y S 0 Rl S B (Spatial-
Frequency Fusion Module, SFFM) , il 53 I fras il 5
WU o3 S AN SRR IE R R IF S A ST ML
S HE RS, T 2() R .

Y5 5E W ANHRAE X e ROV SFFM & 56 43 1] 8
SUREEC W BB 0 5 B i R i (1103

23 B 03 SOR i e G s A BB, HG R )
3 B A RS 38 TR AR, AT e R AR R SO

=

=
&1

=

X, =X + At ( £ (X)) Of (X)) (5)
T fopoom H I} TRPE AT 3 B, Attn (+) M T4
JR AR R EIE R T, © FRoRB TR AT
MR SN i A\ e SIS PR e L A e
L, SR E B X e ¢ B R
e 0 R BRI ) 0 4% ) LS 5 e SR AT B A
HE RIRZ BIRE ST K R X, W 1x1 %
o, JF R fa b P 4 S 5 Tanh 3005 A5 R T
ZEM:

M = tanh( fi (L fos (X e (X)) (6)
S S B IXVER SRR B RS Y
ARy -

X, =XO(1+a-M)+0.1X (7)
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AP a Rl 2 1Y 42 R 4 R T (R0 3R A 0..01)
PR ZEVEFDAIE TR E B OOR . feJm i il 5
A B B2 BT X,y RO

SRy I R RS G S A S SEFMB T Bl
ANERIC, \oeX A X #1742 R i, 15
# 4 fey B R SCH i R R A 1D ERUZA—
A~ Softmax PRECHUIN A~ 43 52 1 Bl AUEE

[wipﬂ,wﬁ.eq} = Softmax(fgme(GAP(X) ) ) (8)

X GAP (+) Ry 42 Jmy V- 24 L £, AN 1x1 %5 17
(v [a] & GELU M0 ) 2 B, fan t0 48 FE o 2 AL
Wy ey € RY TEIBIEFNAS (B 4EE b H5 , S
FEAB ARG o 3SR A5 B sk o fl G REAE
HIF I A PHE R EARHER G2

SFFM i A5 HU R % AR 4l 1R F5 N 45 A 3 I 45 5 Jm)
FRSCH 5 A R A B, RIS S R AL it
AT A RAIE RIS
2.5 BENWNSZEFESN

SRR R T S AN E PR AR B R A
TP AR SCBT A 3 A3 3 B (Adaptive Dual-
branch Attention, ADA) . % 5 H £ i (i MSDC #01
SFFM il £ /5 B934 SR AFAE X 000 € R™C, DL H
UGM MR (55 M, M & s e tEE U, il
ANEAE PR ) U3 SRS 5 5 28 AL, SE AN 2
PEGI R Y B 3 TR

G B ARRIE X it 2R e A AR 1.0
HEKAE V. VIR BOERE A | Q5 KRy s
B LAY d I EARXHO B E B R NT S EE
T3 TR MERE DI, R TH R SIS 5 M, X A BEET
AN .

lllll

B T RFEAR U 5B A& A E VA R
TERLS3 SZA Y, ADA SR H] Softmax #4335
7B IE 2R M BT (rectified linear unit, ReL.U) # i
03 353 R RS E P R SRR AL, JF i A AT
ZROIMACR AN B 1 2 7 4 i 5 JeJm AN 1 2 1
L U, M 2Ry R AL ] 75 536 2 BT M R, A 1 AR 4f
DI S X B 3 O A AR I B
2.6 HHAELRLAETIRER
I 7E Transformer )25 H 384 38 Jry F8 41 5 2L HE )
A SCBETHRRE A AL AT 15t 3 (Feature Refinement Feed-

Forward Block, FRB) . W& 2(e) 7~ , FRB i i 51
AR PE GBS T LS, RO RE T 28R 1 [ s 5
BURFAE RS AAb 23k
B AT X e ROV FRB 1 Jeidad — 4
S ¥ R B R T N JFOR B 4 4%, IR GELU
P -
X, = GELU(XW, +b,) (10)
KW, e R, HEIAJRERas Iz B 6 X, ¥
g T HEERAE IR IR 3%3 R AT A S A AR AT A
AR IURR RS, RS R  BUS 1 RRAE RS- [ 32 41
B ISR X, SOt R AT 1 IE S . RS
e B AN A R A RO R R R AR 4B C
2 X, BRI RN N
X, =(X,ODWConv(X,))W,+b, (11
P DW Conv (+) i 3 WA B AY — 2k H1 90 5 454
FRB 3 18 Fh 24— () BL— 1 T4 B 4 1) 224
AR T RRIE A R AN T F AR T, RIRS AR R T
Transformer )4 Ja) 225 HE 77 .
2.7 IKEE
AR SR FHASHf 22 T B0 A 425 0 2 bR B3 B )
YN G, 70 UE T HRS B A [ s 5 ) R e P T 2
> B R4S R B L A o i 2 H Charbonnier
217 B O 50 11 B | S AR 7 3 S AV
Ly = A B + Ay L + ALy, (12)
Charbonnier $i1%k (Charbonnier 2% , 1994 ) H| T- 24
WEEEGR L, 5ELER L MR RS
R T B R I R R T

gm:/wm—g
Krhe = 107 MHEL
T i M A 2 SR AS i o P T U S RO 1 1 5%
X LIAE &2 DXL AT 5 K 7, 17 A FRT B S DX Bl
%

2

+ & (13)

1 H W
L. = U, (14)
=1j=1

Hx W
A543 2% (Rudin 25, 1992) 1 TF M A 16 &
PR kb PR IR 7 I 7= A AN LRI AT

1 H-1 W )
L= H X W(Z‘Z;(Ui+l_j_ Ui,,’)

(15)
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wWEE, EXE, =&, #ill, BEE
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I E UK A I 2% ARG B A A [R] ), 2 > 3]
AT BT Afly DX I A B2 M 4 7 T SCR AN Tf 2 P 0
NIRRT R IR e AT AR 5

3 XL g

3.1 HEEMLWET

Sy A VAL T DT IR M RE AR SCHEE AN EA
AR UGS 52 B 4 1 JR S0 < R I 2B R
H 1z 8 H B Raindrop 2 H84E (Qian 55 ,2018) , 1%
it B 38 o AR AR BLARE Sk s R AR Y 3 B 40 4
SR EME I ZREE 0 F 861 X G , ik 4

AL FH P48 X6 55 test-a T8 (58 X4 ) s 4L
FBRAE SPAD i 8 (Wang %, 2019) | HEATPEAS , %
PG EA T 14 000 XY 2k EL (A WAS ) A
1000 X 32 RIS, 166 55 25 ol R S0 R 58 B 5 L
5% 58 = 5 R ] Dense-Haze U 3 £ (Ancuti 45,

2019)FF47 2S5 HERB IR IIE , A0 A5 & Bt ALY
5 4 55 i [RGB LT (AR B TR, ol 2 5 A 55 4
7 B PR B s, A MR ALE i A ) 2%
R B BT R 256%256 (14 K115k, A E i A2 g Il
SR AR NI X AR 0] 43 350 7 e A HL R R e, A )
SIMA TR B SEg Y e AR R A 1Tl
BB N AEARN IR A b5 Rl

FESZIG AT LA SOy ¥ 35 F PyTorch YR 2% )
HE 2R Sz B, fdi F NVIDIA A100 GPU 347 31l Z5 A1
o AR RRAE LAt TE B0 N C = 32, Gt
A5 20 E g R 2 & {32, 64, 128,256, 512}
AL T U BB, B (1, 2, 8, 8 1A b B ER
(FRB) 5 Jfft 2850 22 6, 55 2 > B 5 ik B 4 T 07 i e M
[8,8,2, I]/MAbHE . A AT R IBEHCRI8 x 8
MW HaRDA, ZLEBENDLBERERN
[1,2,4,8,8,4,2, 1], 7 %4 zamlrfr(zozz) 1) 5 i
R Sk 0 RRAF AR PR — 30

(a) Input (b) AttenGAN (c) IDT (d) Quan’s

(e) MAXIM (f) AST-B (g)SFFormer (h) GT

Bl 4 7EAGANBHRSE BRI IS IA AR 22 BRAGHLIEXT H
Fig. 4 Visual Comparison of Different Methods for Raindrop Removal.on the AGAN Dataset

YN 45K H AdamW (Loshchilov Fil Hutter,2019) {1
T8, B0 06 27 21 R R 2 x 107, 38 2 A% 5% % Il
(Loshchilov Fl Hutter, 2017 ) 5B 2 1 x 10°, ik
PBRECR TS 2.7 19 FIr ik (42 & 45 2% R 5, FErh i i
PE R ALE AL, =001, & AF 4 R AL E
A, =0.01, YNt ferh, f A KR EEHLER 5 A 128x
12848 F B L5 4 VI 2RIt [a) , T 78 358 52 2% B I i
F1256x256 it AR o R AL 80 R JGE & 39 i

Wk R g T E, 2501 F Ren %5
(2019) Fll Zamir 55 (2021) .
3.2 KGR

RIS UEA SO TR A S R ATTE = AN A TFEL
P4 LIEAT T A2 X b S5 AGAN T 25 Bk AR dis
£ Dense Haze FL3 %5 3 8040 52 DL S SPAD § 20 25 bk
PR o PP 4R bR R P 15 e L (PSNR) 45 14
AHARLUE (SSIM) .
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(a) Input
(6.33dB/0.168)

(e) MB-TaylorFormer-B
V1 (16.59dB/0.323)

(b) FFA-Net
(13.27dB/0.304)

’,‘

(c) SGID-PFF
(11.31dB/0.279)
" e

(d) Dehamer
(15.35dB/0.314)

(f) MB-TaylorFormer-B
V2 (16.63dB/0.335)

(g) SFFormer (h) GT
(16.97dB/0.323) (PSNR/SSIM)

5 7 Dense-haze £ 42 12248 [A) 75k ) 85 4 25 5 25 BR A AL X 1L

Fig. 5 Visual Comparison of Different Methods for Dense Haze Removal on the Dense-Haze Dataset

(a) Input

(b) DualGCN (c) SPDNet

(e) IDT (g) SFFormer (h) GT

Bl 6 f£SPAD Kdladk B A7 4 1 0 802 BR A58 X L
Fig. 6 Visual Comparison of Different Methods for Rain Streak Removal on the SPAD Dataset

AGAN ¥E4E (Qian %5 ,2018) 45 0K 1 iR .
A CHE Y SFFormer B/ T 32. 97dB ) PSNR Al
0. 942 % SSIM, 0L T B G X L vk . 5kt i
WeatherNet (Xu % ,2025) (32. 67 dB) A kb , PSNR 42
T47.0.30 dB, SSIM A3 5 i LI RV 19 7K-F-, 5
UET TR S o R IR A 5 T 5

Dense-Haze (4 £ (Ancuti 55, 2019) &5 Sk 2
Jii/R o SFFormer [ PSNR i85 17. 51dB, & Ui A XF
e s, LR AL 1) MB-TaylorFormer-B (Jin 45 , 2025)
(16.95dB) #2£ 7+ 0. 56dB. #RMT , 4% 3C 7 ¥ 19 SSIM Hy
0. 54, fik F ConvIR-B (0. 61) il MB-TaylorFormer-B
(0.62) . 7 EJR A, Dense-Haze NI 5) %5 4 25 50
st BB = 23 (8] 5 Bt AR SCf Sy S B R IR A1
THO RS 5 30 B 1 B AR I ™ A — e U ]
RE I BE P18 T R B4 5 [, LA Charbonnier 451 2%
o FEREAL B AR T 25 AR AR B 1 2 55 T SSIM it

Ko S, PSNR B4 SEAT 2 AR SO IR AR IR R
REARGE FEAH.

SPAD %4l 45 (Wang 55 ,2019) 45 403 3 iR .
FENBCRBRAE S TR TX e . SRk
IDT (Xiao %% ,2022) (47.34 dB) #f kb, PSNR $2£ 7} T
0.31 dB, SSIM & b5t 35 BN ALK, Bk T B 44
AN R IE Z AT 5 P i R Az AL Rg

FATLERE 4 18 5 FnEl 6 435I 7R T AGAN-
Data (Qian 55 , 2018) F % 25 % . Dense-Haze (Ancuti
4 ,2019) 22 % F1 SPAD (Wang %5, 2019) 25 T 20 #9 #1
WXT HEAE IR o R EURAAAE O B R 5 3 G AT I Y
SRR Ak, 55 55 G 4 Jm 6t H R T R, T S0 RS )
RN RIBAR L A I k2 A5k R
AR , B g BE U SO AT . A SC SFFormer i
Tob % B AR 5 Ah BB e, 7 2 Bl 0 Jeg S SO Y
[Fi) s FEARUIRAR 52 4 Jmy 2548 5 405 22 N AR A fi R ASE
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F1 AREFETFEAGAN X E test—a FRIFF L EER
Table 1 Comparison of Different Methods on the AGAN
Test-a Subset

ik simr T Sdf;’" SSIM

AttenGAN(Qian%,2018)  CVPR’2018 31.43 0.926

Quan’s(Quan?$,2019)  ICCV’2019  31.37 0.918
CCN(Quan%,2021)  CVPR’2021 3134 0.929
Uformer(Wang%:,2022) CVPR’2022 29.42 0.929

IDT(Xiao%,2022) ~ TPAMI’2022 31.87 0.931
MAXIM-2S(Tu % ,2022) CVPR’2022 31.87 0.935
USTN(Chen%%,2023)  TIM’2024  31.62 0.924
AST-B(Zhou%,2024)  CVPR’2024 32.10 0.935
RQ-D’UNet(Gai fINi,2025)  TIP’2025 3242 0.942

WeatherNet(Xu %, 2025) TCSVT’2025 32.67 0.942

SFFormer — 3297 0.942

T MR SR B L ME, TR R R

P BN [RGB, TR AN 2 PR 5 | 5 O i
HE I REBEMER, NTTEA R BR & 2 R Ik
[ FF R A AR A 5 A BRI B, 30 0E T AT 5
PR R RNZ AR
3.4 HELKIG
3.4.1 BiARES T

9T B IR A A% S B B i AT ROPE AR SCHE

AGAN-Data i % 504 £E (Qian 55,2018 ) 1Y test-a T4
AT TIH AL SR o 4 R 22 RO TR B A LR
(MSDC) A iy 2 P 5 & He (UGM) F1 23 45 il 5 B
(SFFM) AT AL, SER 25 R AN 4 R HE4k
TR AN 35 A T P SRS ) SR T 17 0 9 22 465 R R
ZEREP AR LR B AR R S5 RS . T
A LS AR RN 2R B T 30T, DA % L.

MF AT LIE 1, Bl 5] AME— L], PSNR
PR T HLL X0 g2 TR 5] ABR T
VA T 22 A5 R B R 23 A, S BON G e A S
SRNT, YA gl A ft I, PR AR 5 2 T, R AR S
iR 22 (A TE R A0 BRI R0

BRI, 4R AF5] A MSDC 5 SFFM i, PSNR
K% 32. 86 dB, A HE LR 4R TH 0. 10 dB, 1 B 22 R J&
2 W7 5 23 BRI AL B B AN A RE S A AL R] 3
] 45 TH e fiE R 68 1o AF Bb LA BaE— 2 A
UGM, 5 & B4 7 B 45 ¢ FEPE B , PSNR 35 32. 97 dB,
SSIM 35 0. 942, # “MSDC+SFFM " 4H 4 #2 71:0. 11 dB,
BILLARETE0.21 dB. X RBIAME WS FRES A
SR AR T R M DX, 5 2 IR o R A A 8 i
BUE AR, PR B i

I Ak, “MSDC+SFFM” 5 “MSDC+UGM™ 44 & 7]
U, Hi A (32, 86 dB)HL T 5 #5 (32. 80 dB) , i W] = i
G PR PR BE Y DRI R T ANE E R | S P, R
HR AT A B A AL T U 2 % AT S AR e % R

R2 AEFETEDense—Haze $#E & FHIXT L &R
Table 2 Comparison of Different Methods on the Dense-Haze Dataset

11

7k R PSNR/dB SSIM
AOD-Net(Li%%,2017) ICCT’ 2017 13.14 0.41
GridDehazeNet(Liu%%,2019) ICCV’2019 13.31 0.37
FFA-Net(Qin %,2020) AAAIL’2020 14.39 0.54
SGID(Bai%:,2022) TIP’ 2022 13.09 0.52

Uformer(Wang %5 ,2022) CVPR’2022 15.22 0.43

Restormer( Zamir %5 ,2022) CVPR’2022 15.78 0.55
DeHamer(Guo %¢,2022) CVPR’2022 16.62 0.56
MB-TaylorFormer—s( Qiu4%,2023) TIP 2023 16.29 0.51
ConvIR-B(Cui%F,2024) TPAMI’ 2024 16.86 0.61
MB-TaylorFormer—B(Jin 4§ ,2025) TPAMI’ 2025 16.95 0.62
SFFormer — 17.51 0.54

T MR R UMEL, TR &R AL (e
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®3 AEFHETESPADHIEE FHXTLER
Table 3 Comparison of Different Methods on the SPAD

Dataset

i PSNR/dB SSIM
SPDNet(Yi%:,2021) 43.20 0.9871
Dual GCN(Fu%,2021) 44.18 0.9902
IDT(Xiao 4,2022) 47.34 0.9929
Fu4§(2023) 45.03 0.9907
SCD-Former(Guo % ,2023) 46.86 0.9941
SFFormer 47.65 0.9931

TE AR AU E, T IIL R AL E

%4 SFFormer #E3RAYE B KL
Table 4 Comparison of Different Methods on the SPAD

Dataset

MSDC UGM SFFM  PSNR/dB  SSIM
X X X 32.76 0.940
x x N 32.35 0.934
x N x 32.49 0.938
x N N 32.69 0.940
N x x 32.66 0.937
N x N 32.86 0.941
N x 32.80 0.941
N N N 32.97 0.942

T AR f LR 3. 3 UBEROCRIT L

H

P, A LS UGM A YT X4 R A UGM
(I ALE , UE B AN B 2 A TR e AR [R) R R AE L Al -
BIRet R e 15 .

25 b A T S e 2 R A A IR T TR A
B 1 A R0 B RV T S B fig £ it
T AR
3.4.2 PURREBUESE T

WA 2. 745 Fnik AR SCR A AR R 5
Charbonnier T8 2 451 2 . A & VE & 1 75 G5 PR 01 2%
(FLE A, ) ARk (REA,) o T
X AN I I % AR R MR RE G R m, FRAT AE
AGAN-Data M4E I 647 TS 0N Ml S2 56, 45 5%
W5 R

N5 AT LA Y, 24 (] A RS o s i R 3
TE N4k (5256:2) Bif, PSNR A1 HC2RIAIE R F% 0. 43
dB, SSIM T [ 0. 005, UE I 79 701 1 I 751 %if 45 718 &2

K5 MARBESHHMIRBER

Table 5 Loss function hyperparameter ablation study

PSNR/

Tk A A, G oSS
OCERIN) 0.1 0.01 3297 0.942
@ 0 0 3254 0.937
® 0.05 0.01 32.85  0.940
@ 0.2 0.01 3261 0.934
® 0.1 0 3223 0.934
® 0.1 0.05 3231 0.936
TE MU FR A

Jo i Y BA TR

XPHAE D @ @A LLE H EE A= 0.01
B LA WERIAE 0. 1 38/NE 0. 05 (5250 3)) it K
F] 0. 2(5L5 @), PSNR 435 F % 0. 12 dB F1 0. 36
dB,SSIM W34 T [, X% B I /N B # B A AE T O
A Rl AN 1 P R AR TR Ak X, T A K
R B P A 0 D00 T 8 e 8 0 ) AS B e e O, A
H X A 5 DI DTS A

HE— 4381 TV R B (LEO .5 .©) .
2= 0 I (5285G)) , PSNR &% 32.23 dB, SSIM [&
0.934, PERE T Mm%, WA I e &
IR R RO 7 A (e Ak mT A A AT AR A ) | 1A
TV $5 25 XoF 410 il A 6 P el %) B AL 30 2 28 e
MR E 0.05(52 5@ ) B, 14 Al [F AR AL T BRA
(B D DR ek 3 %) S T 2 R 2 R v 1k IR i T
5] TOTEIERA R WL DX S A8 53 ME B 1) 25 57

i LTk BANB S A ,,..= 0. 1.4,=0.01 7£
T 1 R 5 5 S Wk 2 TRV A T AP, S 2R
IR I E .
3.4.3  BEHUARE T

H T i — R A R “ SRR R AU, AR
SCHETAH A T R S 5 0 = A O ARER g i S S 8

AT T IOEYR R, 45 R WK 6 s . SFFM
UGM 1 MSDC 1) Z % & 43 5] 7 8. 22M . 9. 09M Al
15.78M, =& 41t 33. 09M, Hr MSDCENZR.
FEAR AL MR A% O, S8 e K (15, 78M) L i
S S PR S P AR Ak AR Y 06 EAR MY 5 T SFEM A
UGCM &S = SR 52. 3%(17. 31M),, F 1 =5
WaLA SRR TS | S AR NY S BT L T e
ST RERG 3
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Table 6 Loss function hyperparameter ablation study

oL
w ASHIE g

il
SFFM (7 Jiifil 5 ) 8.22 7.4%  +0.10 dB
UGM (A E T 1S) 9.09 82%  +0.04 dB
MSDC (2 RUEE fighh) 1578  142%  -0.10dB

HAEEA R, UGMALLL 9. 09M S %k, (f 7¢
“MSDC+SFFM” 20 4 (32. 86dB) By KL fift - ik — o8
PSNR #& F+ % 32.97dB, 5T #k 7 0. 11dB (19 40 3 45 ;
SFFM LA 8.22M 1) 2 % , 5 MSDC P 8] 47 & T
0. 10dB Y #2 7+ (32. 76dB | 32. 86dB) . X £ W,
SRMSDC i 1 TR Z S 801 T S o 452, {H
H 0 UGM Fl SFFM ¥ LUK S5 U e 3 T R 0
(I RENC RS , B0 0E T AR SCET T I S ERR .

WA AR SCT BT AN o 1R 5 | AR B v )
BLA A OB (EAE T sl A 731 3 5 X 1) T
AT, AR LAl R g AR, DR BRSO
B 55 9 B A A9 S B i 58 4 (FLOPs ) FF 3 7™ 4% 1E AH
I, 3 M I S ) BY A 5 ZE AR S A% b R TR
T RSN,

4 & it

AR SR X UG AE b 23 18] 5 AR Ak (o e i
[ B 22 PSR 5 S AT ) K S MERE 4 T
— PP A AR A 5 A T | 510 22 RUBER B AR e 2%
(SFFormer) o 1% J7 218 15 23 A0 5 44 5 52 B Jmy R 4L
PR 4 R S5 1) BN, 5] A E AT R AR
DX el A 02 M B, TR TR i 1 R ) AL S R AR
TR S AL, A R pe T 5 Bt AL XA A 3
()22 SR AL TR R . SR 25 R B, SFFormer 7E WY
WSS A RS TS T TIA 2R ALY
PSNR 5 SSIM; 15 H.5: %5 55 L BR AT 55t , PSNR 4 56
{H SSIM BEAL -8B 70 % b 7 vk, e WA AL X} 1 &) 55 56
IR KA S5 4 DR LA T itk — 2D 3R T W0 L i —
IR T HAEIR A 5 bR -5 407 CR 5 T AR e
KA TAER IR R ZMERRAEMAMNE B FE 3l bty SRS
B RCT YRE IEE A T 2R 2 IR LS5 H S
P T AL (1 1T i R 5 3 7 1 o

Bl ] ]
5 HuEE AMEEH

SCEEARWETE OB B 5 AU B e R B
Bl K Hi 4217 (Science Data Bank)ScienceDB ~F- 572y
T KA, Vi lal ik h hitps : //www. doi. org/10. 57760/
j00240. 00269 1%  https://cstr.  en/
31253. 11. sciencedb. j00240. 00269, %4 % ] CC
BY-NC-ND 4. 0 VF ] Pt =

sciencedb.
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