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Abstract: In photographs taken in snowy environments during winter or at high altitudes, a large number of
snowflakes obscure the images, severely degrading their quality. Current image desnowing algorithms
mainly focus on extracting massive features to detect and remove multi-scale snowflakes, but they lack an
effective mechanism for feature discrimination and selection. To address this issue and extract snowflake
features with stronger relevance, we propose an image desnowing network called RASP-Net, which is based

on residual blocks and high-similarity propagation attention. First, residual blocks are combined with a spa-
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tial attention mechanism to dynamically enhance useful features while suppressing irrelevant snowflake

features. Then, high-similarity propagation attention and soft-thresholding techniques are employed to adap-

tively identify snowflake features. Finally, a recurrent structure is introduced to refine feature extraction and

snowflake removal, thereby improving the desnowing performance and robustness of the model. Extensive

experiments on the Snowl100K, SRRS, and CSD datasets demonstrate that RASP-Net achieves superior

desnowing results on both synthetic and real-world datasets compared to state-of-the-art methods. In par-
ticular, on the Snow100K dataset, RASP-Net achieves a peak signal-to-noise ratio (PSNR) of 35.51 dB, and

can accurately reconstruct image details lost due to snowflake occlusion.
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) SSIM W EHILFHR, XTI b &5 i
WaveFrSnow 15 0.010 8,
3.2.2 EMESLE

VEIUA R A L 75 5256 25 Rt A7 A R0CR
X, f4% DesnowNet'” | HDCWNet!'fl LMQ-
Former'"'| 7E & WA 4 L X 5 AR MR E AT L 5 1
1B, 4 B B RCR XT L] 3 R . AL

F2 ECSDHIEE L 10 A EEEE RN

itk PSNR/dB? SSIM?
DesnowNet”! 20.13 0.8186
JSTASRP®! 27.96 0.8850
HDCWNet!!”! 29.06 0.9173
DesnowFormer!*") 30.34 0.9556
SnowFormer*?! 33.92 0.9551
LMQFormer''"! 32.64 0.9667
CCNP! 32.07 0.9714
TuneSnow!**! 36.02 0.9687
WaveFrSnow!*! 38.41 0.9761
RASP-Net 37.21 0.9869

s MR RALE.

H, BAR 4 FPOrE AR T AN AT RCR, (B2
MY Z AR TETE2E 5 . DesnowNet XA Se5t i 4E 19
EERRIFATEAE ; HDCWNet BAR £ RFUR A4S,
HE & A 0 ER R RS ; LMQFormer 9k 2%
BRSO A HE, (B2 E G 1Y BAR 600 6 5%
RASP-Net NMUFES A8 R BR 5 H BT T W EROR,
ITEAR KRR B O B I i i 5 B, S T i
)tk — S

RS L, WERURHT LR FERAE,
4 5 B BE R XT LU 4 R . ATLAE
(1) ZRITEN LA TR ERAME: DesnowNet
P RS 2k B, HDCWNet BARXNT T HEHE4T T —
FE ML BR HE IR AN RESE 4 5Bk, H MG R AE IS
LMQFormer BEAR{RIE T EFURRO G, (HREEFRL
JORFEAE . (2) RASP-Net 19EH RO B0 T Xt
ik
3.3 HESLIG

T B UE HSPA AEHE i A UM AN . [ 3 LY
R B, A RO X A3 I DE T AR M T, R
TS s FUR M E &R ), 78 CSD a4 I,
1 IS B AL DI B LMQFormer H ) MQTM
( mask query Transformer module ) #F475056, 46
WEIX 2 0%t e B RO R, g5 RN 3 iR
ATLAE Y, AEH MQTM Hl HSPA FiHtif, PSNR
HA 3439dB, ffifl MQTM J5, PSNR ik 3|
36.03 dB; RASP-Net [) HSPA RURUR H 4, PSNR
iK% 37.21 dB, SSIM i5%]0.986 9,

9T BAIEAS SCHR HY Y RBSA f5iHe . HSPA ik
GRS R UG E SUE S RE 1 B X EIR 25
ERRCR, fF CSD A L TiH e . L
Swin-Unet! A [0 28 B4 g FE vk | iz BB A S5 Y
I ZECRRRE B RS AT, R 3
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a. Input b. DesnowNet!®! ¢. HDCWNet!'"! d. LMQFormer!') e. RASP-Net

K3 7 g b 4 R iR ss R M 1L

s s ‘ : £ ol ,_
a. Input b. DesnowNet!! c. HDCWNet!'"! d. LMQFormer!"! e. RASP-Net
B4 FEESCHAREE I 4 Py ik i S FCR R L
XFEFRERMN, S50 MK 4 in. ATLEH, HSPA FEHUil i ST #AE AL B IX 73 JF i i S 46 T4,

RBSA HERAENS B ML TH Swin-Unet R ; (G I f B PSR B A BN 2 5 IR IR A R PRAIE T 65
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RASP-Net: F&F 5% 2= He s AL 86 7 25 01 19 EMG 2 5 4% 163

®3 2 MIERAHRSIIE R

FHRE PSNR/dB?1 SSIM1
baseline 34.49 0.980 1
baselinetMQTM 36.03 0.982 1
baseline+HSPA 37.21 0.986 9

T HRFR RIE.

= 4 RASP-Net & /MNEHRAIER

i85 PSNR/dB? SSIM?1
RBSA 33.30 0.979 1
RBSA+HSPA 36.26 0.984 1
RBSA+HE 4514 34.49 0.980 9
RASP-Net 37.21 0.986 9

T HRFRRRAE.

P, SCEZE R EIH , fF RBSA il HSPA Ak iy ]
YEHIF, RASP-Net 7E PSNR il SSIM F&#5 I i1
REAR LR T AT B R T
4 % B
J T AR X 22 RO AL R BRAT 55, A SCHR
H — b T % 2 B = AR LA 3 1 T S AL G 2
T 2% RASP-Net, Hid454 RBSA Hisk 25iE =
JIML, ShAS MG AT FRRAE I T RRAE , (7]
IR BE R BA E E ;. HSPA BT ASZEL T ST A3,
i 2% et Sh A ML IX 4y 5 AL S5 AR H AERHE , #2715
TR BE 5 O PR 2540 1% AR b AR AL AR iE B2 ORI 25 46
FBRRI R, BRTF T ML E e . 7R A B LS
FBRSE AT KESLE, JEW] T RASP-Net 546
FENE S AN GRS AIL X T R T A5 R Rk, ff ok
T O AR AR AN B ) R, R M R R
WGRR I B EMG, BE AR T T 255 X B P4
WEFsBE Ty, PRBEsC W . PAMASE . A sh 2 34
IO FH B4 RS TR0 S50k 0 U, T AT R AN e 4
. R4 RASP-Net £ 2 RJEH L LR 5 Rt
R AP RE (AR 22 sh B 5 N ey — 2k
HAR KR RCR Ty A AFAE— B AN o KR
ZOTEY R E RN TAL S, FEad 5] AT sk
(AR I AR SR M, 48 T AR LS AT A BRI P A g
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