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[Abstract] Image deraining aims to restore high-quality clean images from rain-degraded inputs and is a key
technique for improving the robustness of cutdoor vision systems. Existing Convolutional Neural Network (CNN)-
based methods are limited by local xeeeptive fields and thus struggle to effectively model long-range dependencies.
Although some Transformer-based ‘methods enhance global modeling capability, they show limited ability in
handling multi-scale and ditectional rain streaks as well as recovering local high-frequency details. Moreover,
existing frequency-domdin enhancement methods often treat the frequency domain merely as an auxiliary
representation, which lack fine-grained collaborative modeling of the complementary relationship between the
spatial and frequency domains. To address these issues, this study proposes a Synergizing Frequency and Spatial
Network (SynFSNet) for image deraining. Unlike existing methods that primarily use the frequency domain as a
global enhancement tool, the proposed method uses the directional, density-related, and scale-varying
characteristics of rain streaks in the frequency domain. Specifically, a Multi-Scale Fourier Fusion Module
(MSFFM) is designed to progressively suppress rain streaks in a coarse-to-fine manner. Additionally, a Fourier
Shaped Attention Module (FSAM) is introduced in which Rectangular Filter Attention (RFA) and Square Filter
Attention ( SFA ) are used to enhance direction-sensitive and local-structure-sensitive frequency-domain
representations, respectively. Furthermore, a dual-domain loss is employed to jointly constrain spatial structural
restoration and frequency-domain consistency, thereby improving restoration quality in complex scenes. Experimental
results show that SynFSNet achieves superior performance on multiple synthetic and real-world datasets, verifying the
effectiveness of collaborative spatial-frequency domain modeling for complex image deraining tasks.
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35.61 dB, SSIM ik 3 0. 967 4, ¥445 4% Fir G % b 7
oo XPIAEE A R AL & 5 A ) 23 ) A2 AL T 2
AR S 106 2 2 AE 3495 T 20 H AT T 58 1Y) 38 N fig
77 A% 55 T 04 23 () 385 5 4003k D3 [) A AL
REAS B 70 4 b 42 i 22 R L 205 I W SURR1E . 7E
Rain200L 1 Rain200H I, SynFSNet [ PSNR 43
Wk 42. 06 dB 1 32. 64 dB. 5 PW-FNet-
L 22854k 0. 17 dB A1 0. 24 dB. P A 42T
FH SynFSNet 7EAIXRAELL I A B 2037 5 [
FEELE& MR R BE 1. W 4 FR , AN RZERE
T ELAT 22 AL B R AT L A7 Bl T I 2 8] 388 R 38
P 2 T F 308 180 5 MR N S iR AT X 48, anfgl 5
JJi7 . SynFSNet 78 4 A& BUEUHE 5 1 34 3R 90 1 4
S0 5E 4 ) U HAE B 22 N st s T LS hneA &,
EG A NG BB 1 R B PT LUE Y, SynFSNet
FEARAAE S — B 4R L U R DL B, T2 e A ]
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Table 1 Comparison of quantitative results on synthetic and real-world datasets
Methods Rain200L Rain200H DID-Data DDN-Data SPA-Data Complexity

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM  Params/10° FLOPs/10°
RESCANC!Y 36.09 0.9697 26.75 0.8353 31.94 0.9345 33.38 0.9417 3811 0.9707  0.15 32.12
PReNett 2! 37.80 0.9814 29.04 0.8991 32.60 0.9459 33.17 0.9481 40.16 0.9816  0.17 66. 25
MSPFNE2H 38.58 0.9827 29.36 0.9034 32.99 0.9333 33.72 0.9550 43.43 0.9843  20.89 595. 50
RCDNet?] 39.17 0.9885 30.24 0.9048 33.04 0.9472 34.08 0.9532 43.36 0.9831  2.96 194. 50
MPRNetH 39.47 0.9825 30.67 0.9110 33.10 0.9347 33.99 0.9590 43.64 0.9844  3.64 548. 70
SPDNet!**] 40.50 0.9875 31.28 0.9207 33.15 0.9457 34.57 0.9560 43.20 0.9871  2.98 96. 29
Uformert'*! 40.20 0.9860 30.80 0.9105 33.95 0.9545 35.02 0.9621 46.13 0.9913  20.60 41,09
Restormer-'*] 40.99 0.9890 32,00 0.9329 34.20 0.9571 35.29 0.9641 47.98 0.9921 _126.10 141. 00
DT 40.74 0.9884 32,10 0.9344 33.84 0.9549 34.89 0.9623 47.35 0.99300 16539 58. 44
HCT-FFENH® 39.70 0.9850 31.51 0.9100 33.00 0.9502 33.96 0.9592 45.79 079898 W, 0.87 80. 25
DRSformer!? 41,23 0.9894 32.17 0.9326 34.35 0.9588 35.35 0.964 6 48,54 0,992 4/ 33.70 242. 90
FADformer-'*] 41,80 0.990 6 32,48 0.9359 34.42 0.9602 35.48 0.9659 49.21 0,9934  6.95 48. 51
SFHformert*" 41.85 0.9908 32.33 0.9351 3544 0.9655 35.38 0.965%7 50.11%m009942  7.63 50. 59

DeRainMambal'™  41.71 0.9899 32.63 0.9397 35.52 0.9642 34.43 0.9581 % — — 27.79 —
PW-FNet-LM*) 42,23 0.9915 32.88 0.9413 3554 0.9663 34.38 0.9606,.49.79 0.9936  1.44 33.56
SynFSNet (Ours) 42,06 0.9912 32.64 0.9376 36.32 0.9693 35.61 10.9674 50.62 0.9953 16.90 121. 65
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Fig.4 Analysis of frequency-domain perspective and rain streak degradation phenomena
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SHAEAMREEMEGEMBIEE LK T
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FNet-L" FIA SCHE H Y SynFSNet J5 ¥ 19 R
FIVERE. 1] 6 R 7 IR T 2EAN[A] R 2 80 B FN 7

] R E PSS ] 8 WU R T 78 B S ik 4
SPA-Data I iy ¥ fig. & F {8 B ok 9 J7 ik, W
FADformer, J8K #5174 Ry SR 4347 . (H 38 H 2005 5
ARG SRR AR L Wi G R SC B, S8 25 EMGAT
PR B B = 4075, A b 2 F, SynFSNet i i
MSFFM Fl FSAM HX 4 1) %5 [A]-451 % Re fiF A%, G
g [l Bt Jei B2 4 Jm 225 F AN RS B 4 45 fff SynFSNet [
LA I R S F T BB N8 AR 1l S VR BT L 40 1 B
BIEWENR. T EE W R R R Dk Z
FESE AR SO SR XA T T R R . AT LAOWEE
) BT LTI AE AN B0 B K IRAT A AR BR B
FEIN G SCIR X I 75 5 B sl S B4 . M
FeZ - SynFSNet BB B A %50 A1) il 55 4% ¥R 320  [] Biof
BT R BA 5 B2 4 i SR = A S A AR
213 () 3al 55 05038l U ) SRS 52 2% W 3 1 55 T AP 3
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Fig.5 Comparison of PSNR and parameters
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Fig.6 Visual comparisons of derained results on the Rain200L dataset
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Fig.7 Visual comparisons of derained results on the Rain200H dataset
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(a)FH & (h)SPDNet

(e)Z:mkE& (f)PW-FNet-L

(¢)DRSformer (d)FADformer

(g)SynFSNet{Ours) (h)Ground Truth
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Fig.8 Visual comparisons of derained results on the real-world dataset’'SPA-Data

(EAR R Y 2, ARG 2 S50 84 AT, SynFSNet
TEHEFR R By RIS 383 T 36. 64 Wi/s,
HoA S HT4 S5 Transformer 279 J7 5 AT 25 FY
e, i FADformer (22. 60 5i/s) #il SEHformer
(25. 54 Wi/s) . X—Z5 R KW, SynFSNet 7EHE LT
DR 1 RE A [R] ), BEAS DRI o R HE AR

R2 AEFEHREIILL

Table 2 Efficiency comparison of different methods

Methods Params/10° R/ (Wies™ 0
DRSformer %] 33.70 9. 80
FADformer" 6.95 22. 60
SFHformer™”’ 7.63 25264

SynEFSNet(Ours) 16. 90 36. 64

3.5 HRREIE

3 B SC I I IE SynF SNet #h (%) 56 HAR He F11
R REL A R . Sl T ORI SR AR ) 1
e T A SEER I 7E Rain200 86 5 kAT,

1) BRI 1) T8 il S 555

ARSCHAT T IR SR BRI T oA O itk
XTHERIPE BRI SZIR , 45 AR 3 Prow , Horfr, X FoR
AN I,/ Fn il I, R IR, R IR R R
i M SynFSNet 44 %0 th 22 % MDConv f14f FSAM
o4 i) MSFEM 15 8 1, 5k i F§ MDConv
Ji » FELEAR A AE PSNR 7+ T 0. 26 dB, MDConv
i Z R BT MORR T R R RS rh 4
FUOBERHE , 3858 T X5 A 6] ROBE I SC R BT RE . R
MR MSFFM (R4 MDConv Hl FSAM) fii PSNR
$EFH T 0.53 dB, X R MSFFM 3k H £ 43 32 45
4 AR T RAE R0 A 3R A 22 RUBERRAIE , S8
T HH B A A R . BN B FSAMOAR &
MDConv F1 MSFFEM) fifi PSNR 47} 7 0. 40 dB, 3%

e PR FSAMLE o (8 B AR $oke R EAE S 20 A4
IR A BB A AR SR Ry T I AR AIE ek 5 34 5 )
L8N I 2% T ST AR = A R BE . S R B
MDCony, Ml MSFEMCAR & FSAM) if , 15 3 25 45 71
FHLLZEPSNR _F#27F T 1. 38 dB. A T 2 Bl fif
M, B MDConv 2 it 09 2 RUE i A e A B T
MSFFM #5475 58 70 1 5 ROBERFIE R & . SRl a il
A MDConv 1 FSAMCA % MSFFM) i, PSNR #£ 7}
T 1. 16 dB, B Z R Hi A 25 (] SE R RRAE -5 40
TEZ A1 2 A B o oAb Ve, Y [6] s 1] MSEFM. #11
FSAM(A % MDConv) i, PSNR 427} 1 1. 50 dB, j#
— PR TS (] g X w5 AR AR o 1 P
[T RE RS AT bR T SRR . 2 3 AN ] B
it P, BB AHIZE PSNR FEEFE T 1. 79 dB, k% 5%
FEMERE, B09F T MDConv, MSFFM Fl1 FSAM 4351 7%
A 22 RUBE S AR B BB i s RS Rl 5 LA B 3
FEIEXSSR A DI6E, = PR OLAe 4Tt T R L
PERE. X LI A SC I A5 RIS UE TOAR ST
MDConv,FSAM FI MSFFM Al il A 2k
R3 XPEHREEBMAR
Table 3 Ablation studies of key modules

MDConv MSEEM FSAM PSNR/dB SSIM
(w/o FSAM)
X X 30. 85 0.910 7
N X X 31.11 0.912 3
X N X 31. 38 0.915 6
X X N 31. 25 0.914 2
N N X 32.23 0.932 2
N X N 32.01 0.928 5
X J J 32.35 0.934 7
N N, N/ 32. 64 0.937 6
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2)MSFEM w3 S8R T REIT 5T

& MSFFM v, 43 38 & 52 e 22 ROBE R ik 6
INARCER R R . T RGHPEAL X R RE Y
SR AT T AR G0 S E RV R SR g . ank 4 P
7 BG4 SCECR S I BRI MR REOR T Ry . B
MH BT S B CR RN 2)SEBL T 0. 26 dB
() PSNR 42 F, 17 >R H = 43 2 e & W A ok T
1.79 dB W& 52 T, Bl o3 S8 5, AR
REFFEEAET) o H [F] A 2 8 e 5 3 5 01 R Bl
ZHh, SIS 3 43R . PSNR £ 71T R & T
R M A gk g, Kk, AEmE MRS
AR Z [ U5 BV AR SCIR 2R =0
Z5K7E MSFEM 9 BOIATC & . 3X 2845 ] 5557 1
E T 7E MSFEM i 4 (% 22 RUBE S (A 30k

% 4 MSFFM #HR A E B R
Table 4 Ablation studies of the MSFFM module

2 4 8 PSNR/dB  SSIM  Params/10° FLOPs/10°

AR o BRI TEZR S 25 IR 5 o i S AL & S B 1Y
TR A SO R A N =16 15 A R E .

DFSAM {2431 AT 5% .

T — A FSAM 194 %0, XF RFA il
SEA SXPHAMAZ O TIH R SES 43 0 A T B R
AL, W3 6 Frs, e T 4 FPEcE . A5
# FSAM () L 28 45 % (Experiment 1), {3 £ RFA
(Experiment D 8V £ 7 SFA (Experiment [[[)
B, D) e 588 1) FSAM(Experiment [V), B i
I REA A4S T R4 B8, PSNR B4 i1 1 0. 26 dB, 11ij
SRR ] SFA N T 0. 21 dB, 3 I3 w4~ 21 4
FEAHHE 7 1) M RN 2R SRR AE D TR 50 . 24 REA A
SFA 254 M58 # iy FSAM i BAISA 2 1 e v fie,
AT HELRAAY, PSNRAE: . 1 0. 39 dB, % 6 JH#l
SEIGEE R, A REA 85 SFA BIReigs kb
REPETL . TP 1K G B B e AR 4 A 3K 100 W) 7 35 7
AR NEAEE AT B 1 B A

30. 85 0.910 7 12. 86 118. 95 < 6 FSAM =K H F 44 (RFA 1 SFA) B TH RAR 5T
N/ 31.11 0.912°3 14. 21 121. 00 Table'6. “Ablation studies of the FSAM module and
NN 32.23 0.932 2 15.55 121.52 its subcomponents (RFA and SFA)
J NN 32.64 0.937 6 16. 90 121. 65 Experinient RFA SFA PSNR/dB SSIM
T X X 32.25 0.932 9
3)CFFBlock 5% 25 S i i I Rl bt 5% . 1 J « 3251 0. 936 4
FRZEEER Tz N T G R 2 AT 55, B 141 I X J 32, 46 0.935 5
FE SRR B T 2 ) (LRI SRR AE A4 7 TR BT A% § J J 32.64  0.9376

Yo BRI 25 AR 25 B A 00 A TR R R AR A2
REZ )75 2808 AU . 1Al CFFBlockefidd it 5k 22
Pl GOAE ND X 00 45 14 RE 1 Suia) , Vi i 55 9 235 2R
W5 Fr7s . 4 N =4 W 3R IR 22 . R
MEFIRAE T AN AL . K AR 2k Y B 4 8] N =8
5, PSNR f5 b4 1< i e 4271 T 0. 41 dB, R HIE
SR 22 S5 AT B T A O R B, 2 N =16
I AR PR o AN SRR Z ALK 3 T e A
i, PSNR tb—242 7 T 0. 53 dB, 245% 22 Hpi i 1
inzE N =32 i}, PSNR f5 AT N =16 B {27}
JEH AR (0. 02 dB),{H Params 1 FLOPs i 3%
e AR N5k 25 BURCRE (il N = 32) Kl R
B BT SR & (R ES nl BE R I S R A A

&5 CFFBlock 5 EREBHYH AT R

Table 5 Ablation studies of the number of

residual blocks in CFFBlock

N PSNR/dB SSIM Params/10°  FLOPs/10°
32.11 0.9315 8.1 40.6
8 32.52 0.936 1 10.9 67.6
16 32. 64 0.937 6 16.9 121.6
32 32. 66 0.937 9 28.7 229.7

5) WURAG I R T BT 5T«
% B3R R PR AE 23 TR Sl AR A 22 ) 7 22
St SR T BUAR 2% R B R B4 b
B, sk 7 B RO R AE PR R AR TR
—My L1/FFT 8%,
RT MR K A B R

Table 7 Ablation studies on dual-domain loss function

Loss function PSNR/dB SSIM
L1 Loss 32.32 0.934 9
FFT Loss 32. 35 0.9357
L1+FFT Loss 32. 64 0.937 6

62 ] -H31 5451 2% vh P-4 PR (0 T R 5

R T B YA A AL 3 U 2k 1Y BT R, A SC
AT T A BRI AR S B LR VT AU
W X T AR SO L I e M AN B BT i 2
AW/

L ot = L st TAL frequency an
L i 7R 2 AR BRI L prequeney 72705 AALIER
P BRBG A BRI 5, BT D XU 2T 1Y



68

£52% £ 8HI/2026 £ 8 A/HENTIE

e 8 PR, ANl A 28 [l 45 2k (A= 0) 15 3]
i) PSNR 3} 32. 32 dB,SSIM 3} 0. 93 49, LLIHAE R
R 4L s 51 A /INBCER (A 48 453 2k (A =0. 01 Al
A=0.05) 0] LIa R fasd e RE 2 7+, (AR EEN
S BIRIAE A =0. 1 B BT B AR 45 3, 38 B i &
) PSNR(32. 64 dB) 1 SSIM(0. 937 6) , X 3% B 4fi
RA5 BA SO 5R TN SRS B R R T
R o A

*8 THETFHEMAR

Table 8 Ablation studies of balance factors

A PSNR/dB SSIM

0 32. 32 0.934 9
0.01 32.41 0.9355
0. 05 32. 56 0.936 9
0.10 32. 64 0.937 6
0. 20 32. 54 0.936 4
0. 50 32. 44 0.9357

SR, tE— 20 2 34 E) 0. 20, /X4 PSNR #
XA A FH 23 (8] 340 2 A BT $& 7t {3 SSIML B AIL &
0. 936 4, 3% 7 B 3 B s PR AT 248 0% ] BE 0 4544
., M A=0.50 B, WL BRI PERE T %
PSNR 4 32. 44 dB,SSIM 3} 0. 935 7, X4t R %
B B AE 5 | 2 T TR ) T A 25 4EH - (AT
SN, FRefRA A B R 0. 10, RIKT
25 (A FIAT R P /R 76 22 T AT 55 v B B R, DN 3
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Fig.9 Qualitative results in real-world low-light and

rainy-snowy. scenes
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