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FE-DARFormer: Image Desnowing Model Based on Frequency Enhancement and Degradation-
aware Routing Transformer

QIN Yi,ZHAN Pengxiang . XIAN Feng.LLIU Chenlong and WANG Minghui

College of Computer Science,Sichuan University, Chengdu 610065, China

Abstract The goal of image desnowing is to restore clear scene information from images degraded by complex snowy scenes. Un-
like the regularity and semi-transparency of rain,snow exhibits various forms and scales of degradation, with severely degraded
regions often obstructing important scene details. Recent methods have employed self-attention mechanisms to address different
degradation phenomena. However, global self-attention computation across all image regions is computationally expensive,leading
these methods to restrict attention to smaller windows. Yet,due to the occlusion effects in severely degraded areas, the recovery
of these regions relies heavily on capturing information from surrounding areas,which results in a receptive field bottleneck, limi-
ting the ability to aggregate sufficient information. As a result,these methods struggle to effectively restore large-scale degraded
regions. To improve desnowing performance, this paper proposes a novel approach,introducing a new network architecture called
FE-DARFormer.which combines a Degradation-Aware Routing Transformer and a Dual-Frequency Enhancement Transformer.
FE-DARFormer dynamically routes and applies global self-attention to severely degraded regions,enabling a global receptive field
for effective restoration of large degraded areas while reducing computational cost. Additionally,it uses discrete wavelet decompo-
sition to handle multi-scale snow degradation,enhancing the recovery of diverse snowflake shapes and textures.

Keywords Image desnowing,Degradation-aware routing, Dual-frequency enhancement,Global receptive field
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G AL 20 T ER) S D S IO DA S S A s B = R . R R
JER L TSR MAE B . SCHRL15 5 i 7 1E 8 18 2 57
2 JR TR AL B 22 R AR Ak o (E 3R DL DG 2 ] B8R4 5 L 78 Ak RS
WA . A ERE TR softmax ( « ) FT 43 (19 3% T A5 H 4T
PRI A 43 1Y B 2l B Oy IR [ It PR A 8 1 E B0 4
HAEMRBET 7 PRI AR SCT AR BN AR 4 (DWT) 23 i 14
BARME B FH T8 0 R A Ty ML AT A R 2
PP I REARAT SR TT 4 . R IR  xk 1 (e AR 5 AR B, B A O
25 ER(CDO) AR & 22 70 46 BUE T i SR S0 A5 8L 9F AL A
DWT JEBRRA 44k . BT & - DWT 43 i A5 AE $2 AR
oy ST TR 000 8l 2 AR AR JR g A AL 1 B AR
R38BT B R R B B TR DL I —
A B A A8 FG o R S S e, AR S R T A
DS AR B, SR I CDC B 5 o AR AIE , B 458
i DWT A {e il & PO . I R4/ 1T AR I3 4p 12 A =5 (8] 73
B A Jo A S AR B RS B TR HEAT L AT B A K 2 B
AN ) RO ) 37 IR AL AR

WE 2 Fis, i ARRE R X € RO 3 el ooy i
S T AR AR T . R AT R OR O

(LF, .HF} .HF; .HF})=DWT(X) (10
Hp . DWTC ) R B HUMNE R e R 45 LF, 5% 0 R
T HF! RonE8 i JZI58 e A mRF i, BEJS AR+

5 X

#HLF € R il W-MHSA' BT [ 8 R
Hid e fmN.
LF,=LF, +W-MHSA (LN(LF,)) (1D
LF,”"=LF; +MFFN(LN(LF})) (12)

Hh, LN %752 H—1k (LayerNorm) , W-MHSA (¥ B &£
KT

Softmax(Q\/IéT
Hp,Q. KMV ENLF, 4455215 3 094 1E , ) 4 o %
F 5 p 2om 5t R 1 07 5 4 15

TES — 4y P AR SCHE B8 A CDC M i A FFIE X €
R MY i BB 2 0 R AR SR I AR IEXT € RO DR T
SUELAN AT Ay AL B8 I 5 4K 5 R K DWT $2 BOXT (9 /& 4 0y 1=

+p)V+DWCom(V> (13)

HF € RS R T IDWT 4 550 b HE, 5t
A T L€ RS T S L
FRN
X' =CDC(X)+X (14)
(LF,” \HF}' ,HF* \HF*)=DWT(X") (15
X,.=IDWT(LF,” ,HF\' ,HF}* ,HF?*) (16)

Hi,CDCC» YFR L2 BTREAE , IDWT( - ) FIR B #l
N SLIEE
3.3 BMEEH
FE-DARFormer i it LAF 3 Fli ik ok Bt AT A -
D Lo B 5 R B, BISF 34 %5 52 22, T e /MBI &2 181 1R
J SX R ESAE GT Z A . HE k.
Li=J=GT], an
2) B8 B I 45 2% R K L (Focal Frequency Loss)MY,

T ad A RN A S SRR R, i T HIBAKIG
03B A AR R S A 3 A0 Y L 7 PO 3% B A [ 45
ARy I M oy B LR [, Bl AT FEL 46 bR #0TT L 3l
25 H A TR AR R T X ST Y A 4t 43 TG S R R A R, DA T AT
LI 25 PERE 4R T BRI ol . HRE SOM

wlusv)=|F; (usv) —Fer (usov) |° (18)
1 M—1 N—1
LIII“L: 2 Ew(u"l))|P‘](M97J)7I“(;T(M’"U)‘z 19

MN .= =

Hr Fy Gua o)l For Cuso) KR53 I Z R T 5 E 5K
& GT BEATA B AR 3 2 J5 15 30 09 430 3% MR 5 o J2 40 iR R T
AR BAME 1,

3) Loananr » BIF- 359 48 %5 4w 25 1F W0 Ak, F T 24 3% ol A 38
i 1 JE 2T one-hot I, HiE X R .

Lyapr = ZI:MAD (M;) 20)
Hor, M, FR8 i A~ FERTB 00 (9 B A A . Rk,
A SCBT Y R 4% B R iR ECE XAnTE

L=X L1+ Lyp, T2 Luvak (AP
Horr, A, A, FESLI T A B A I E S 1,0.2 F1O. 1,

4 =
4.1 HIEE

AR SCAE A A R AN L ST A R AU 4R AR E T BT R O 1k
RO A0 . SR BARS A R

224 B4 42 (Comprehensive Snow Dataset, CSD)!M
— T HR THEEMESNGEE R E, — LA
8000 3K LR AEF1 2000 3K M 3L 48 P& 4.

Snow100K! ;4 & AR 4% 55 (9 A A ALY K29 10 T3 3K AL
X B 4 DL B B S i 1300 23k H IR ER

B 5355 P % £ R (Snow Removal in Realistic Scena-
rio, SRRSY™T . 38 3 5 F 24§ 3 47 19 % 2k o B s &£ RE-
SIDEM 5 & 1 A7 8L %5 30 i 3 17 19 18114, 2% J& A Photoshop
G S S BRI R T B WE RN E

PN BdE 4 s B2 0005k MG UE AT WAL . T BT
B9S2 » Snowl00K B # Xl 4> K 3 A~ FE (W S, M M L),
P A SO AN S MR L FAEFEERE T 1200 5K .400 5K
400 K EUR AT VEAL . R, A T VEAL Ik AE R R
ZALBE ST M T Snowl00K Hi Y B35 BEAR , I3 o 40 36 &
WX L 1k 5 B e ik R AT T R R
4.2 EWHEE

AR SR 9 FE-DARFormer 3% T PyTorch 3 Ji 2 > -
B, ERARMEGEI P ACRAT £ RE 4 F 14
4 45 2 00 5 i 48 B 43 531 152 4 (32,64, 128,256, 128,64,32} ,
HO B B E Y [2.2,3,3.3,2,2], DART 9 #
T TR /N AR B A AR AE A R AT B A R R L B AR AR
Jo HXW e B g e i R A UNet %5 g
AT M 5. AL 88 R Adam''? , BB .5 e I E
S ERINE L BD 0.9,0.999 Al 1X107°, b4, 9] fh 2% > At
RN BB 2 X107 F0 8, 2 ) SR % OR W SR FH 4y 9% 3R
KR N 2 2 RN UG R 2 X 100, A8 B 1
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75 1 A SCRENLER BT K /N 256 X 256 1 B 44 e, 3F 4 H gk A7
] 52 # B HESE CHD 0°,90°,180°8% 270°) , LA M & T &8¢ /K F
B . ZEB AU 2 B B, B AR 25 1 200 A R BT, 2E
Snowl100K B4 4 I A SCHIHLEE £ T 20000 ik & K ik 47

Y 25,
4.3 iEHriELR

SN TAERRE— B0 A SCR T 158 WL S 4503w
JH 14 0 (8 15 M2 [ (Peak Signal-to-Noise Ratio, PSNR) il 45 #4
AH LI 48 B (Structural Similarity Index Measurement, SSIM)
A RS MR, Ho, PSNR R #% 2 Bk 2 K% 5 5 16 R
Z G R AH 1Y 22 55 SSIM R 1R K & &5 5 5 b EHR
SERE X LEBE RS {5 B 22 E] A AR BL 1
4.4 IFLEELZ

TS AN [F AT f P B L A SCR R B4 T V6 A 4% < 1 ]
B4 5 AT 55 89 75 3 FocalNet', ConvIRPY , Restormer"’ ,
NAFNet"*!, Uformer™* , DGUNet"" ; T [A] 3% 247 K S AT 55 19
J7 i TKLYY, TransWeather'™ ; i ] B 1% 25 AT 55 0 7 =
JSTASRY™, DesnowNet"'?), HDCW-Net''*), DDMSNet"**/,
SMGARN"*),CPLFormer"",

4.5 ZWHERSHW
4.5.1 R E3H4ME

¥ FE-DARFormer 5 £ A48 A W56t ik Lk 3 4
FEILMEHIRE AT TS . R IT AR R gk 1
G AR R R B LA A, TR LR R IR A . fE CSD #ilE
£ F. A SCH P PSNR 48 45 1 & £ J7 35 ConvIR-B ik
0.33dB. FEFHELAET CSD HmEHR LT FEEANTEH
B RIS B T A SO ik EEME T HAE MK E .
SR R Y 55 X2 KA S L R BOGZ 2 I A L
T RE NIRRT A SO SRR R A LRI, L Rk
W BOI A XS F BT, DRI E 2R RN
1% /4 % 52 3 B . 7E Snowl00K U 8 F. KA X ER
PSNR #; ConvIR-B & ilt 0. 88 dB. M4k, A& 77 ¥ #9 FLOPs
{2 ConvIR-B 92 30% , 5 2% BE 1 35 e AR . 76 H: i B 30 4R
b ARSI 7E PSNR 5 SSIM $5 bR _F 4 18 T HAth 7 %%
FEF AT & %A X DFET £ XF 25 16 78 K% A [6] 45 58 74
L 43500 R 4 R A0 S 30 Ak B A% 5 9k AR TR AR R AT R
A S T R AR S DART A LAl 7538 1k 7™ = X 5 4k 13
T4 JR) (15 8 DA Ik B30 4 ik B 3R .

# 1 FE-DRAFormer 5 JUF iz 9 it J5 1 1) 22 o 0F b S 36 45 21
Table 1 Quantitative comparisons between FE-DARFormer and several state-of-the-art methods
Methods CSD SRRS Snowl100K Overhead

PSNR/dBA SSIM4A PSNR/dB* SSIM* PSNR/dB4 SSIM#4 % Param % FLOPs

DesnowNeth12] 20.13 0.81 20. 38 0.84 30. 50 0.94 1.5600% 107 1. 70KG

JSTASRLS] 27.96 0. 88 25. 82 0. 89 23.12 0. 86 6.5000%107 -
DDMSNet33] 28.79 0. 90 27.03 0.91 30.76 0.91 2.2945%10° -

HDCW-Net!!4] 29.06 0.91 27.78 0.92 31.54 0.95 6.9900x 105 9.78G
SMGARNL46] 31.93 0.95 29. 14 0. 94 31.92 0.93 6.8600X10°  450.30G
TransWeather[!!] 31.76 0.93 28. 29 0.92 31.82 0.93 2.1900x107 5.64G
TKLM5] 33.89 0.96 30. 82 0.96 34.37 0.95 3.1350% 107 41.58G
DGUNet 4] 34,74 0.97 31.28 0. 96 34.21 0.95 1.2180X107  199.74G
Uformerl36] 33. 80 0.96 30.12 0.96 33.81 0.94 9.0300x 105 19.82G
Restormerl15 35.43 0.98 32.19 0. 95 34.67 0.95 2.6120X107  140.99G
NAFNetl#3] 35.13 0.97 32,13 0.97 34,49 0.95 2.2400%107 12.12G
FocalNet[19] 37.18 0.99 31.34 0.98 33.53 0.95 3.7400% 105 30.63G
CPLFormert37] 37.83 0.98 33.49 0.98 35.85 0.96 8.7800X10° 11.12G
ConvIR-SE34] 38.43 0.99 32.25 0.98 35. 46 0.96 5.5300% 105 42.10G
ConvIR-BL3] 39.10 0.99 32.39 0.98 35.59 0.96 8.6300Xx108 71.22G
DFE-DARFormer 38.77 0.99 34.47 0.98 36.47 0.96 1.0060X 107 21.86G

4.5.2 FEMEIEAE

B4 ST AR SO 5 ELA ek ik e CSD R & b
PR SRR . AR AT DL 2% 3 . HDCW-Net 475 4% 77 76 91 1
B I IR B ™ A O 5% s Restormer 3 1 76 3 38 J2 W _E #E 47
AR AT, — R R AR T TR JCORE T A Y DX AR
R AARH 2N TS S L ERNES, S Gy
%2k ;NAFNet #l FocalNet fEf# ¥ B Z iy 5 4017 . (H &2 75 K
T AR Ak X sk 1 52 1) 28 BRAPS SR R An AR SC 7 . B8R FocalNet
3 1 38 T XU e 5 A HIL T S R T X R X I A b B {EL AR B
AR U A X B R Z BT R R A L E B A X ™
AR b XA RS SR SR AR AR SO s B8R ConvIR G i
Z RO W T L B 2l 245 b X5 8 3 8 I T8 B 43 R AT DG T L {0

A AN SH 5 R R AR X I A — A AR A
KOS X IRATG K il = 0% (4 JER 32 W7, A L AR SO i,
HEWERERR ERAX ISR AR L. 55 TRk
B B AL L A S0 )7 B DFE-DARFormer 8 8% 5 X% 18 4k 47 6 X I8
RE ARG L MR R EHR (R B8 0y X845 2 5 A 200
R o TRIAE 3 ok 25 A SO a1 58 1 3 o AR S0 9k A e AR
BE BRI A, DR 4 AT LU AR S, AR S0 vk
AANTE LR LR R T A TEZ N Sy |
R E B S HAE RS B R T AE ™ P Y 3 X Bt e
R ENRCRET . M2 T, b r ks 2 h T LB AW
JELERMG P E TR TIR, SR LBRE I AN R T HG
AT EK,
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Fig. 4 Visual comparison of snow removal performance on synthetic snowy images using different methods
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Fig.5 Visual comparison of snow removal performance using different methods on the Snow100K real-world snowy dataset

4.5.3 HERER

T % DFE-DARFormer (47 2, A SCE CSD %4
AR R BEAT I AL SE T, DLIP A A AR E T, A ST TR
T 2T S R

B AL B A0 % B Transformer Y Bl S 56, Htp MSA

/T'H AL R Transformer B AN ETHOM HER

JIHL ;s Base e 7m 44 8 A~ IR bR B - Transformer BB, T
ﬂz‘ﬁiﬂi Transformer(DFET) £ 5 A 4% ; Model-A &R 7E R

TE Ak 1 b 3 T 7 (DARAD A A IB fb M1 8% 1R 1 R I ML
ﬁ1"' (DARM) Bk .

Wk 2 BrF AT AR T kR, O T BRI A SC
BT AR AR R B Eh B D AL Y A A0 R FR IR AR T E

B, B %11 T Model-B 36 7% B4 78 4% 3¢ i 19 Tl %
BRI R 5GP T 4 DARM 1 ¢ e A8 L 96 k47 17 32 00 40 5 X
H, W 6 TR,

AT DL SR B, AR TN 2545 Y v O A R Ak AT B el AL
il 19 Model-B iy i 11 45 5 HAE ™ 53R Ak I8 30K AR Bh s
D aE - | B (DL I R A < = 3 o i< A D -3~
Model-A 75 T BUR b X A7) 95 5% B 80 2 TR, B 5 45 4
2R I Pk B2 R B R A SR R T R . SRR SO

B AR % B Transformer 76 8 27 1R fb X 30 B A 1 3 199K
R

# 2 fE CSD $u¥i4E Lxt DART A5 He gk 17 75 il 50 56 1 8 o b 4%
Table 2 Quantitative comparison of DART in ablation experiments

on the CSD dataset

Xt 5 Base MSA Model-A FERTB
PSNR/dB 36.73 38.25 38.17 38.77
SSIM 0.97 0.98 0.98 0.99
# Param 3.970X105  7.460X10% 6.820x10% 1.006x107

B 6 DARA A Fil 9246 1) & T3 HCR AL L

Fig. 6 Visual comparison of snow removal performance in DARA

ablation study

2) WA IR 3% 5% Transformer M RRSE R . A T B IE AR 3C
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F AT s HFEB %R 1 5% 22 % B e & DFET £ 8 (1% ik 43
O3 37 B4 B9 F T B HLD s LFEB R JH 5% 22 % Bk
{8 DFET s iy 0 22 47 4 Bk, R JA] 45 7 (1) PSNR Al
SSIM Pk fE#8 #r Xt &5 R 2k 3 fr 5], ol LA, i 2 5

# 3 £ CSD $#E 4 %I DFET £ He ik

FHC/N 0] R A 1 AT B B R BT L IR R L E A B R
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Table 3 Quantitative comparison of the ablation study of the DFET module on the CSD dataset

Base CDC MSA HFEB LFEB Ours
CDC X J X N X N
MSA X X NG X NG N
RB X X X N/ N X
DWT X X X N/ N N/
PSNR/dB 36. 41 37.14 37.96 37.41 38.47 38.77
SSIM 0.97 0.97 0.98 0.99 0.99
# Param  5.860x105  6,040x10% 8,060x10% 6,120X10%  8,140X10%  1.006x107
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