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Multi-scale feature fusion for image restoration method of
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Abstract . In this study, a deep learning model based on multi-scale fusion is proposed to address the problem of visual interference due to
rain bars and rain fog in urban rail vehicle images in rainy weather. Rainbars present a variety of blurring levels and resolution features in
images, and have significant similarity and correlation in images of different scales. For this reason, a multi-scale feature pyramid structure
is designed in this paper, which is dynamically modelled by a cross-scale feature interaction module to enhance the representation of global
and local features. The model incorporates a multi-scale convolutional kernel reconstruction strategy to effectively retain image details while
removing rainbars, and jointly models the spatial features of similar rainbars through a recursive strategy to enhance the rain removal effect.
Experimental results show that the proposed model performs well on multiple datasets, especially in complex rainy weather scenes, and
achieves high PSNR ( Test2800 : 32. 022, R100H : 28.950) and SSIM ( Test2800 : 0. 930, R100H : 0. 891). Compared with traditional
methods, the model in this paper performs more robustly in complex scenes, demonstrating strong image restoration capability, adaptability
and good generalisation. The method provides a new solution for rainy weather rail transit image processing and lays the foundation for
further research in related fields.

Keywords: urban rail vehicle monitoring; image deraining restoration; cross-scale feature interaction; multi-scale convolutional kernel
reconstruction; deep learning; feature pyramid; multi-scale integration
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Fig. 1 A method for image restoration of urban rail vehicles in rainy conditions based on multi-scale fusion network for cross-scale feature

interaction and convolutional reconstruction
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Fig.2 Hybrid representation module

TR GRS R — MR G S F2 4  F T2 2T W
SRBUMTC S S HOAFNE 2R . Transformer A5 Y4 F T~ HL AR
T R SRR I B A R A2 XL T T3 P ) 4 R o 22 I 4%
WL 10 F R SCRRIE T AR XT RS54 , BRUS 12 i 4% 4
HYE SRR A3 A1 27 2 TC I T 5t SR B 405, Transformer 15
Mo i e T AR BT B BRI A R R 2k A
RV AE B LB LI AT A B 7 Sk 0 4 B 3 in
TERTERRZ VS IEE . ILAh , (A ISR T T OREE,
MG TET FORME . A TR R AR E 2R ) IR A R
PEECHAE B T & R MR R 5 s B 38 2o R O 43 T T
BOR AR AR 8 8 R AL, LAk, BN TR G R IE S HU
38 R R FE Al 3 B G BRI AL HE B BT

TS b b A A S A S IR A 43 S 22 1] AR G
A PR YOI R ICE R Ak ik R i

STIX A3 52 2 18] AR X e RSk iR AT Ak, EAm
LA OT RPN R A ORI X A S 2
B 2215 8 Wt R UL, FEal 7 B 5% 225 BRI T4
Ui 53 3, MRS Al 53 S ik 22 5 BN EE Al o S b P i, B
S8, B RAS PRI TR 50 LS R A A 1Y A5 S A B 3, ifF
FH sigmoid pRELA: B—4~ 0 B 1 Z [BIAAL & R 50, TR
TEBMS, TR E B R, 5 IA T ]
ERREA, VISEI A S N B, kX Aoy =
ERR TR 4 SOFURG A 43 3 22 18] Y B R R AR SRl
AN,
2.3 BRESHERZE

5, A BT R UGG i — S SRS TR 4 A TR
TEFEIC, LA ARAS [F) RUEE 00 IEHGRRAIE 38 2k ) 20 7y 4 R
BB T —HZ )2 RBFEE R R {FL_ . XSy



H2h b 3 R 5 5 H

118

Techniques of Automation and Applications

2026 4F 45 45 % 45 10 3]

il PELRAT AN TR] B9 25 6] o3 B M A5 B BRREOR B IR1IR Y
AR RHIE , SCREARAS Sz B9 BN SUfE R RHIEERIBUS Y
R 1 O Ji 52 10 5 T8 il RVRR AR 3 s 4R 11 1 s i 1Y
HA

N T FE M2 ROE RS B, 483t T s R4
MESZE ML, ML 3 2852 A A AN [ RUEE Ay
RTINS, AT S BRAR B A R A it Mg

w, AR,

FEAE BRI — 5 DAL T 4 I RO, USRI
B R S, VB R P T S AR 8 B 02
A7 LR B0 A 1, 40 590 DR 038 2 X 45
HEAT I GRS IV R L 5 4 e P AL
B 1) T B T, WA T X 5 A 5 077
VA s TR SRR e 45 4 4R P A A

Znnm

F=F + Y u F (2)  TLLESE RV 1B  M\TIXE S A £
JEN(D) EO% SE IS 23 A V2= 4t B 4T
b, B R PR R RRIEERAE, £ omig oy o AR
TR IRHE, NCD) F0R 55 | R0 R e, A
F1 FARRBEEKEESESHAIEREX L
Tab. 1 Performance comparison of different models in image restoration tasks
R100L R100H Test100 Test1200 Test2800 Average
Hodel PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
DIDMDN' 2/ 25.332  0.745 17.655 0.553  23.571 0.799 28.974 0.894 27.596 0.834 24.627 0.765
RESCAN!?! 30.572  0.896  25.787 0.805 25.785 0.847 30.198 0.856  30.866 0.879  28.642 0.857
LPNet:2# 35.537 0.947 22.653 0.795 24.231 0.783 24.781 0.763 27.311 0.804 26.903 0.819
UMRL!>! 28.932 0.937 25.982 0.824 23.984 0.816 29.431 0.872 28.632 0.861 27.392  0.862
PreNet! 2! 33.631 0.947 26.537 0.864 24.531 0.844 30.752 0.889 29.958 0.906 29.082 0.890
MSPFN'?"] 33.720 0.958  28.462 0.868 27.586 0.874  28.521 0.862 30.848 0.913  29.827 0.895
SWAL?! 35.381 0.962 28.841 0.887 28.198 0.888 31.624 0.903 29.162 0.904 30.641 0.909
Our Model 36.174 0.967 28.950 0.891 28.943 0.895 30.218 0.884  32.022 0.930 31.261 0.913
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