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Image desnowing algorithm based on a complementary
mixture-of-experts and agreement-biased routing
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(1. School of Internet of Things Engineering, Wuxi University, Wuxi 214105,
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China;
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Abstract: Single-image desnowing is an important subtask in the field of image restoration. Its primary challenges lie in
snow particle occlusion and snow-fog blur, which degrade image quality and affect the performance of downstream
visual tasks. To address the limitations of existing methods in feature modeling and expert selection adaptability, a
single-image desnowing model named SynergyRestorer was proposed. The model is based on a complementary mixture
of experts and an agreement-biased sub-network routing scheme. A complementary mixture of experts decoder was
designed to capture complementary information across multi-dimensional features by combining specialized and
cooperative experts, thereby enhancing the model’s representation capacity. An agreement-biased sub-network router
was also introduced to fuse multi-source features and incorporate agreement signals. It dynamically balanced
coordination and conflict among features, improving the discriminative and adaptive capacity of expert selection.
Experimental results showed that the proposed method achieved an average PSNR of 33. 71 dB and SSIM of 0. 950 on
three benchmark datasets: CSD, Snowl00K and SRRS. The results validate its effectiveness in complex snowy scene

restoration tasks.
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Fig. 1 Comparison of various severe weather with snow
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Fig. 2 Framework of overall network
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Table 1 Evaluation metrics on synthetic dataset
. Snow100K SRRS CSD Average

Bk PSNR SSIM S/M/L PSNR SSIM PSNR SSIM PSNR SSIM
MGF 22.41 0. 77 24.32/22.99/19. 95 15.78 0.74 13.98 0.67 17. 39 0.727
DesnowNet 30. 11 0.93 32.33/30.86/27.16 20. 38 0. 84 20. 13 0. 81 23.54 0. 860
InvDN 27.99 0. 81 28.83/28.44/26.74 26.49 0. 88 27.46 0. 86 27.31 0. 850
JSTASR 28.59 0. 86 31.40/29.11/25. 32 25.82 0. 89 27.96 0. 88 27.46 0. 877
DTCWT 28.39 0.90 — 27.52 0. 88 29. 89 0.91 28. 60 0. 897
DesnowGAN 31.11 0.95 33.43/31.87/28.06 — — 27.09 0. 88 29.10 0.915
DDMSNet 32.03 0.92 34.34/32.89/28. 85 27.03 0. 90 28.79 0.91 29. 28 0.910
HDCWNet 31. 10 0.95 32.84/31.75/28.75 27.78 0.92 29. 06 0.91 29. 31 0. 927
SmartAssign 29.45 0.92 — 30. 53 0.93 32.50 0.95 30. 83 0.933
DAN-Net 32.48 0. 96 — 29. 34 0.95 30. 82 0.95 30. 88 0. 950
InvDSNet 32.41 0.93 34.39/33.17/29. 69 29.25 0.95 31. 85 0.96 31.17 0. 947
DARDNet 32.03 0.95 — 30. 08 0.95 32.16 0. 96 31.42 0. 950
LMQFormer 31. 96 0.95 33.81/32.67/29. 41 31.04 0. 87 32. 64 0. 96 31.88 0.927
MSP-former 33.43 0. 96 — 30. 76 0. 95 33.75 0.96 32.65 0. 956
VINS'S 34. 66 0.96 31.77/35.32/36.91 31.22 0.94 35. 26 0.95 33.71 0. 950
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(b) ISTASR (¢) HDCWNet

(d) LMQFormer

(H EEER
(f) Snow-free
images

(e) SynergyRestorer

K4 &SR LSS

Fig. 4 Comparison results of snow removal on synthetic snow images
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Fig. 5 Comparison results of snow removal on real snow images
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LMQFormer 3 fft E 35k . i i £ 7] & 1L w22 4
Z AR AT E VW, AT K B L B R B A AR i 3
A JE AT 5 A HITEAY .

FEMPEM 25 U £ 2 TR, SynergyRestorer 7E 3 >
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Table 2 MOS results on real snow scenes

A7 Y5 R thi M Bk
HDCWNet 3.7240.58 3.7040.60 3.71+0.54
SmartAssign  3.78£0.55 3.71£0.57 3.7540.52
LMQFormer 3.86£0.51 3.74%£0.53 3.8040.49
AL 3.8940.47 3.8040.52 3.85+0.45

3.6 WEHEIL
VPG R AR AR SO T 5 02 24 2 5 4 Bk 3 7 T

AT T X A #T . a1 3 TR . SynergyRestorer [ S 4 &
(13.07 M) W& i T XF LAY . {H 7E 3+ 55 & J7 i, H FLOPs
0 19.29 G AU THEM I % DARDNet(12. 24 G, i &
ZAE T InvDSNet 5 DaN-Net (BE{K 21 69 %) , ) W H #% &
PR A T A B

®3 HHEZXESHEEREREMNEER
Table 3 Comparison results of computational

complexity and runtimes

Bk Parameters/M  Runtimes/s FLOPs/G
InvDSNet 6. 94 0.031 62. 29
DaN-Net 2.73 — 62.72
DARDNet 5. 48 — 12. 24

LMQFormer 2.18 0.042 22. 47

AL 13.07 0. 068 19. 29

TF #fE ¥ 3 F J7 1 , SynergyRestorer (0. 068 s) % 18 F
InvDSNet(0. 031 s) fil LMQFormer(0. 042 s) , ¥t W32 17 5%
KRAGA T2 0], RE W, SynergyRestorer 76 2 5 & i
JEE R0 ry TR g ST RS AR T BT TR S
FIE,

3.7 HEEBESH

N4 TP RS AS SCHE Y Y SynergyRestorer 0% 1
B M T SRRS Bdls & Fikit T 4 HIHRLSE SR, S0
id . Patch Size ¥Ji% R 128X 128,

FAJER T ABSR IR SE I 45 3R . 45 R R B BRI
154k A B A B — B0 (F 5 5 PSNR Al SSIM ¥ it 3 A [f]
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Table 4 Ablation results of the ABSR
ke E PSNR SSIM
T bR ER i A i A 30. 97 0.942
BE—8HEY 31.01 0. 942
ABSR(A 30 31.17 0. 946

F 5 B/RT ABSR 1 Top-K & Z2 UG 0 W& 09 A 3t
iR B HEEEOE WA A TR B ER 1 8 F 2, PSNR
A SSIM i 48 T, ik — 2B = 3w, AR IR T T i
AHTR R R ERIN, AR K=2,3f T XT3
REEE,

F 5 ABSR T ZIE KA (Top-K) KR KK
Table 5 Ablation results of the ABSR expert selection
strategy (Top-K)

Top-K BLHE PSNR SSIM FLOPs/G
K=1 30. 86 0.933 14. 57

K=2(&30 31.17 0. 946 19. 29
K=3 31.18 0.946 23.92

F 6 BN T HAME A T R (CME) (11 fil 52 35 45
B BB RS 5—(3,3,3,3) I PEAEMS B, R £
REEECE (1,35, DA B FERBEAR R ESE. BERIME
T R WOR FH ) 5 2546 (R JE % - 4 1) ¥ b 38 B AR
A BOUE T LS -UME 4> T4t B 1R SR s o L 5 SR I B
B,

F TX T AR RS EE T WEEE, JCRH B —3

®6 HiIREEHRHMIBER
Table 6 Ablation results of the complementary

mixture of experts

7k meE PSNR SSIM
BRRR T #2:(3,3.3,3) 31.12 0. 940
BRI T (1,3.5,7) 31. 17 0. 946
BERUMEL K 30. 88 0. 934

IF] Bk % K s it 30. 94 0. 940

SER CME ¥4t (R 30 31.17 0. 946

T A g e AR e 25 R RE X AR T AN SR M . SR D AR
HAMEWS S, B EETF T PSNR fil SSIM., % B Z i@ fd 22 5
HD IR B AT R .

KT FRBOBEREEMIBER

Table 7 Ablation results of different decoder configurations

Ty ik ie PSNR SSIM

H— CA fRig o 30. 67 0. 936
Hi— SA RIS 30. 34 0. 933
21— MSF 5 2% 30. 46 0.931

E4 2L AR IV NS 31.17 0. 946

R T 2T R W] 576 0 | A R) 5 00 R ek B
o T 0 &% A YOI AT T Al OF AT A . e ER R
B 38 s B — B K4 SR I R R B O B
5 B 22 23 AT 40 0 BUR — 1k 5 Top-K &, 245
BB BRI TTIAR ., ERE T, 21 /3 0 5 5 KRR AE
T EMR S R B L R T R AR
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Fig. 6 Expert contribution heatmap visualization
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