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Abstract: To address the issue of traditional GAN networks underperforming in single-image rain removal
due to imbalanced network capacity, this article introduces a progressive recursive generative adversarial
algorithm for this task. This method employs a progressive recursive module generator and a multi-scale
feature module discriminator, aiming to enhance the efficiency of the generator and bolster the
discriminator’s capability. The progressive recursive module, by merging multi-scale features and
constructing a progressive recursive structure, not only reduces the burden of network parameters but also

elevates the generator’s efficiency. Concurrently, the multi-scale feature module aids the discriminator in
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extracting features at both local and global levels, thereby amplifying its discriminative power.

Experimental results indicate that, compared to existing algorithms, our method achieves a peak signal-to-

noise ratio (PSNR) and a structural similarity index measure (SSIM) were improved by 1.11% and
1.16% on the Rain100L dataset. On the Rain100H dataset, these metrics were improved by 3.28% and

1.01%, respectively. On real-world datasets, our algorithm excels in rain removal, successfully preserving

the majority of detailed features. These experimental outcomes thoroughly verify the effectiveness and

robustness of our proposed algorithm.

Key words: computer version; image rain removal; multi-scale; generative adversarial networks;
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Table 1 Results on Rain100L, Rain100H, and
Rain400 Datasets

Rain100L Rain100H Rain400

LISITES

PSNR SSIM PSNR SSIM PSNR SSIM

DID-MDN'"" 26.84 0.860 25.00 0.754 25.01 0.728

DDN'*/ 32.38 0926 24.95 0.781 25.05 0.721
DerainCycle-
GAN'® 31.49 0.936 26.82 0.848 29.24 0.852

RESCAN' 34.99 0.931 2645 0.846 27.14 0.841

JORDER" 35.11  0.951 22.15 0.674 27.78 0.867
MSPFN® 34.40 0.943 27.62 0.860 29.18 0.896
ID-CGAN™ 3244 0950 24.16 0.747 29.87 0.898

PRENET™ 34.79  0.945 28.06 0.888 29.92 0.902
JRGR™ 32.80 0.938 27.40 0.867 31.88 0.938
MOEDN'# 34.39  0.945 28.00 0.876 30.12 0.919
ES'S 35.50 0.962 28.98 0.897 32.32 0.946

mME DID-MDN Derain RESCAN
CycleGAN
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A2 R K, 78 Rain100H 3048 48 | 4% R vk 1k fig
AT B 7R A SCRT $ 4R 1) Raind00 Fifi AL 51 45 4
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DerainCycleGAN £ i 7 K8 53 7 80, (H X 4 56 /i
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Fig. 5 Comparison of deraining results on synthetic images by different algorithm
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ARG S5 A BR 3% B8 55 1k AT B 0 72 58 4 TH BR TR



RESCAN

PReNET

6 EEXHFEELHEMERLILE

Fig. 6 Performance comparison of rain removal on real datasets
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Table 2 Comparison of NIQE results for different

algorithms on a real dataset

W TR 1A SO B B s A7 b a) O 5 2 Rk
AR R AT LL R, AR ST AR B TR R R RN
512X 512, 5 ¥ 3546 GPU L 47 7 3k, % Lo
b T5 % , AR SCH A A PG PR
x3 HEXMASRZXSR2HER EAREFENEIET
it ]
Table 3 Average execution time of different methods

on images of size 512X512

. MSP-  JORDER  RES- DID- R
ﬁd‘ FN[zn' [16] CAN“SV MDNWV ZISI
T4

R 0.31 1.46 0.52 0.20 0.176 3
I E] /s

DID- RES- o) (20)
MDN'™  CANDS PRENET'" MSPFN"*" A& 3¢
NIQE 4.3939 4.5735 4.654 7 44528 4.0492

3.3.3 iEATHFE X}

T B UEAS ST R 0 T I ) 2 R
JEE A= KT B B R PRG3R B L 6 B
500 2H EHGRT, PPAG AN [6) J5 125 1 ~F- S i ), 75 35 3

3.4 HEXRE

3.4.1 ST A R HE B RO Rl S
FATER T ki IR B B N=2, 3,

4,5 WF 25T 9 4% 1) PSNR R SSIM ¥ 348 47, 7] L

A B i 5 A R HE B R B 8 I, 2K W SR AR )

SR o LBl S e U R BN, A Y S R o OR

R BRI 2 i X FE AR IR AR R . N
x4 BREARNERAKIHEIEEFSERLLF

SHELE
Table 4 SSIM and PSNR of the proposed method with

different values of N

Al 18 b N=2 N=3 N=4 N=5
PSNR 35.02 35.28 35.50 35.11
SSIM 0.941 0.958 0.962 0.961
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Table 5 Comparison of loss function parameter settings

S8 PSNR SSIM
a=110,4=1 35.19 0.935
a=100,8=10 35.50 0.962
a=60,3=750 34.92 0.949
a=10,8=100 34.68 0.947

3.4.3  Wrkid IR 2 ROE FFIE S R
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Table 6 Comparison of evaluation metrics before and

after adding progressive recursive modules

and multi—Scale feature modules

(Ve PSNR SSIM
32 32 U A B 33.19 0.902
EINERSHR =3 34.74 0.918
A AR+ 22 R R A AL R 35.50 0.962
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