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An image derain algorithm based on the residual block network
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Abstract ; To recover image quality from images with rain, a rain removal algorithm for sea surface images is proposed, which is based on
the residual block network. The algorithm combines two types of residual block networks for extracting deep-level information of images
with rain. During the training process, the residuals between the image with rain and the original image are learned. In this way, the
target value domain of the image operated by the algorithm is reduced and the sparsity is enhanced. For the training dataset, we use the
outdoor rain image dataset and the sea surface rain image dataset simulated by two rain addition algorithms to expand the training
samples. For the test images, three different types of rain scene images are selected, and the types of rain include rain lines and
raindrops. Experimental results show that the proposed derain algorithm can be applied to different rain scenes. The signal-to-noise ratio
evaluation index of the images after derain processing is above 35, and the structural similarity is above 0. 97. The clarity of the images
is generally improved.
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Fig. 1 Images of outdoor rain dataset
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Fig.2 Rainy sea surface simulation image
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Fig.3 Derain algorithm network structure based on residual blocks
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(a) Rainy image (b) Our method (c) Ref. [18] method
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Fig. 6 Derain effect of outdoor rainy day image
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Fig.7 Derain effect of rainy day sea surface simulation image
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Fig. 8 Derain effect of sea surface image

B8 w55 1 ak GO M B3 7E T R AT B5 4 4 fa )
B, FRATTAT LAGE 2o v R B 1 JB (0 W A T A 1 B W
TR BIRGE , 2ead Bvk AL B , N T 2 B
A TEER 3 5K EMR 22 3 T LLE I 54T I T
K, 725 B I AR W — FE M TR, 26 4 sk BR
555 3 5k AL, 3 A B W 5k b B, KER 43 1 T 4R
VR AR AR B /b, 3l X 3 AR AS R RN R 3 5,
AT DL AR S 25 T BTk BB A 335 0 S [ 9 TR R BR 05
T ] DUAT 5% 25 Bk I RN K B4 TR AT L 2 B B
S K,

R T BESEAER W1 3 AT 5375 B B, AR SR 3 Fif
ANTA] ) G T R PEAG 8 A , 739002 PSNR (SSIM T NRSS,

1) PSNR E& 5 & P FA

I3RS Lt ( peak signal noise ratio, PSNR) 8 H ok
W i b B J5 1 BB 5 2 25 AR H T B I AP 3R,
AR PSNR # , Dd WAL RS B % 0 ECE/)N . PSNR &
PGB PP A SR ST A TR AT R R PR A O A, B

Sy TS5 A 3 f9— o 15 2 LT
B L 5 T B 4 2 R 2% L e
I (9) ((10) iR,

L3S (xXGig) - v (9)

col X row =1 3
2" - 1)?

PSNR = 10 x lg(( MSE) )

Horp , MSE Fon bR IR X 52 FEB Y Z 1
B TR 2E 5 col B row 43 B EIR B B8 BE AN i B 5 n
VBRI R, — B 8, RIME K H 256,

2) SSIM & i P

245 A3 0L ( structural similarity index, SSIM ) [1s] ,
FHRVEAG RS i . SR R B R i S5 A 1, 3%
IUAE R AR 3R 1] 47 A6 AR 5 0 A DG M JG I 2 A 25 ]
AHLRAE LT o X SEAH G PEAE L 3 & 5 h 5 3 X T
PRESF A A5 . K R0 i T 158 2 BURR B 1) o i
VARG D7 B T e Ve AR ok A i R AR 5 XA 0 12

MSE =

(10)



%83

fhoOP A TR Y 1 IR TR 181

FIRH I, T SSIM AT LU S B 19 LU 45k FL UG A 2
HEMG ISR, T SSIM F %M 3 A J5 1 AT H A
SEPE R PRE FE RIS A fe 4P 3 R R 8L IR
A1) Fros,

SSIM(x,y) =[ 1(x,y) 1" [ e(x,9) P[5 Cx,) 17 (11)

Hdr I(x,y) RARZBIER R c(x,y) BmXfHLER
Fis(a,y) TR KR ;o By RFIEAIR A BUE
9S4, SSIM I PSNR PETEE R MNZL 2 fin, Hia~e
IR 7 Tk IR,

x2 WMREBEEMEGIREEZMIRITN
Table 2 Clarity evaluation on sea surface rainy

image dataset

PSNR SSIM
& A \i& bR
ARSI SCER[ 181 ASCHETE SGHR[ 18] HTE
a 36.85 30.51 0.979 0.928
b 41.36 33.87 0. 988 0.924
c 38.42 32.33 0. 981 0.933
d 36. 82 32.20 0. 982 0.931
e 35.07 31.76 0.979 0. 937
3)NRSS EI& B

I TAS SR FH AR 43 PR U AR 0 1 AR Bt b LS (]
8 IV AT UG RS B AT AR, 6l 2R TGS
Z K A% P 5 P, NRSS ( no-reference structural
sharpness ) HILTE LS % KRG L T Al LS A &%
FUEPFO I EARIRI 45 2R . 7 b B PR LU BORS 115 5 A7
SN A A5 R R R A3t O] DL o 4 5 PR
5 R AUE B 2 DR IEA R YT T . NRSS 2 Xf
JE AR UG A T I8 A5 B — 1R 2 25 KR HF RS % E
BRGNS A AL . S A st (12)
NS

1 &
NRSS = 1 —WZSSIM(Xi,Yi) (12)

FUG H TE 5 R @ 5 B, Bl 6 I8k 4 =2
JE S 2 A5 B A AR AR ARURE /) | BSR4 M
AR, PRI HE A A NRSS B /N , 158 PR A ok ik
I, NRSS {E M EETHRZE RN 3 s,

FE 3 AT LAE H, B R MR H) NRSS BUE 5 e, Ui
U Y75 AT 32 AT, 38 e AR S W v A B 2 I Y BT L ok
Fhs, ELAETER 317 0 T £ 3 F TR B2 40775 9 2% 119 %
KW,

%3 WREGMLEE THENETH

Table 3 Clarity evaluation on rainy image dataset
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