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Single image rain removal based on selective kernel convolution
using a residual refine factor

Wang Meihua, He Haijun, Li Chao
College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China

Abstract . Objective Rain lines adversely affect the visual quality of images collected from outdoors. Severe weather condi-
tions, such as rain, fog, and haze, can affect the quality of these images and make them unusable. These degraded images
may also drastically affect the performance of man’s vision system. Given that rain is a common meteorological phenome-
non, an algorithm that can remove rain from single image is of practical significance. Given that video-based de-raining
methods obtain pixel information of the same location at different periods, removing rain from an individual image is more
challenging because of less available information. Traditional de-raining methods mainly focus on rain map modeling and
use mathematical optimization to detect and remove rain streaks, but the performance of such approach requires further
improvement. Method To address the above problems, this paper establishes a convolution neural network for single image

rain removal that is trained on a synthetic dataset. The contributions of this work are as follows. 1) To expand the neural
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receptive field of a convolution neural network that learns abstract feature representation of rain streaks and the ground
truth, this work establishes a selective kernel network based on multi-scale convolution with different kernel for feature
learning. To accomplish useful information fusion and selection, an external non-linear weight learning mechanism is devel-
oped to redistribute the weight for the corresponding channel’ s feature information from different convolution kernels. This
mechanism enables the network to select the feature information of different receptive fields adaptively and enhance its
expression ability and rain removal capability. 2) The existing rain map model shows some limitations at the training stage.
Completing this model by adding a learnable refine factor that modifies each pixel in a rain streak image, can enhance the
accuracy of the result and prevent background misjudgment. The range of the refining factor is also limited to reduce the
mapping range of the network training process. 3) At the training stage the existing single image rain removal networks need
to learn various types of image content, including rain streaks removal and background restoration, which will undoubtedly
increase their burden. By using the novel idea of residual learning the proposed network can directly learn the rain streak
map by using the input rain map. In this way, the mapping interval of the network learning process is reduced, the back-
ground of the original graph can be preserved, and loss of details can be prevented. The validity of the above arguments is
tested by designing a comparison network with different modules. Specifically, based on general convolution, different mod-
ules are combined step by step, including the SK net, residual learning mechanism, and refine factor learning net. Single
image rain removal network based on selective kernel convolution using residual refine factor ( SKRF) is eventually
designed. The residual learning mechanism is used to reduce the mapping interval, and the refined factor is used to
enhance the rain streak map to improve the rain removal performance. Result An SKRF network, including the three sub-
nets of SK net, refine factor net, and residual net, is designed in a rain removal experiment and tested on the open Rain12
test set. This network achieves a higher accuracy, peak signal to noise ratio (PSNR) (34.62), and structural similarity
(SSIM) (0.970 6) compared with the existing methods. The SKRF network shows obvious advantages in removing rain
from single image. Conclusion We construct a convolution neural network based on SKRF to remove rain streaks from sin-
gle image. A selective kernel convolution network is established to improve the expression ability of the proposed network
via the adaptive adjustment mechanism of the size of the receptive field by the internal neurons. A rain map with different
characteristics can be well learned, and the effect of rain removal can be improved. The residual learning mechanism can
reduce the mapping interval of the network learning process and retain more details of the original image. In the modified
rain map model, an additional refine factor is provided for the rain streak map, which can further reduce the mapping inter-
val and reduce background misjudgment. This network not only removes the majority of the visible rain streaks but also
retains the ground truth. In our feature work, we plan to extend this network to a wider range of image restoration tasks.

Key words: single image rain removal ; deep learning; selective kernel network (SK Net) ; refine factor (RF) ; residual learning
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Fig. 1 Structure of selective kernel convolution network
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FFHESRIUN S GBI E R 9 x 9 KRR
FUZ (Dong 55,2016 ) , i H F#1E K150 128, 3R K
LN S KUl 2 o= DR Sl S R S T R |
1ox 1 RGBSR AF & A 48 B2, 0 /D 1 3 1 11 )
B 2% AR R VR IR R J) . LR LG

0 28 B A R B B 45 2k R RO SO8CR B HE 1Y
YEJE R 48,

FRTERAGHIN PO 2% r £ 9 J2 19 285 (1 Y 1 S 1o e 6 4
RZE . BRI L, S BU 5 0 R
3 x 3 HAERAMNGT N3 x 3R N 2 )=
BB (Yu 55,2017 X HEAE B SO E R
THOLT, $E 71 7 W 4% 19 %52 BF , Il A AR Al A
ReLU 0 eR BOMAL 0 — AL B . ASSLER e % 45 A1
MG ER e e R™  Hihd =16,
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Table 1 Rain streaks network structure settings

JZ BR Mh4EE Bosms #A—-i
1 9 %9 128 ReLU true
2 1x1 48 ReLU true
3 SK 48 ReLU true
4 SK 48 ReLU true
5 3x3 3 - false

AR P S C b Gl ¢

EIEREN L S EO S INER 2 Fis. HHIIE
WAL FHERECH O 48, M4 4 J2 4 A
—AL AL B (Toffe Il Szegedy,2015) F1 ReL.U {875 pR %R
(Nair 1 Hinton,2010) . 45 5 JZ %0 Hh /2 45 T £k
P 28 FOAE TE R BN 2% o 8 1F 2 8 2 8 1] Sig-
moid PR, FI [0, 1] Z A B, fm B #ioh iy
WL RANBIERBGEE 1, 2], WLREMN
it 23 BT R T % e L, RO R RO R
FRIZR B FIE IE 22 RO e 15 B 5k 2518, B i 45 3 K
By A UG8 5 5R 22 BT 3, 1

B=I-(1+a)-R (10)
R2 BERHMEENZE
Table 2 Refine network structure settings
I Eo2A FhEEE  Woh s HA—fk
1 9%x9 128 ReLU true
2 1x1 48 RelLU true
3 3x3 48 ReLU true
4 3x3 48 ReLU true
5 3x3 3 Sigmoid false

3.4 HEEMINFRE

e £ 50 o I s B A0 I R a0 £ PR 4
TEVINZRITBE , 5 220 1 AR 25 S (1A R P 0 2 A
TR . BRI AR E AR IR — N
T PRGN T PR AR AR IR A, DR g B B A A ATL ) 7
BT RAE B AASRIN F0 5 BE AR B R AR 1
S FES . DA I T IR L > 1) 25 M R R
i 1S B 77 XN 2R 2% (Fu 45,2017a) , BIAETG
I _F3d s Photoshop ITAA FIFEAR I/ INITRE, &
St A e PRI S DU

AR SO R e S S A0 300 Xt EIE, i T

B RS KA G — BB R ,  T AR R IR
(RS 1 22 S R NI U FELAG , AFTRL BA S B
EGHEEL 4 IR ER, SR 5 FEHLIE £ 32 4> 33 x33 1%
R RN B R, T — A 128 125K
R G| 2R G P 2 3 AN ESE POt
40 000 X}, &% RGB =l iAKUEIEEI [0, 255],
R T IR MZEIN G, 7R B AL B B gt — H — 4L 3]
[0, 1], Mgk mBCN B 7R 2, bk Ry 128,
FRFR B > 20 77 X MR (E R 0. 01, 38 R
B 0.9, =10 k, YT 2Rk R B 500 k
U AL AR A 3 N 2 2] SRR

4 LWERSHH

4.1 AEEREZIXTEE

T UE B A A AT ROV, B AL A )
HLixh LE 28 AT S50 TES B A — B i 0
T TEAL GRS TR 48 Al L, 20 il (e FH R 45 U
e 3k 22521 J5 VA R AB IE R BT M 8 A 2

BT 48 G 3 s, PCNN(plain con-
volutional neural network ) 3£ iH % FH, SK ( selective
kernel ) 1 F#:FH , SKR (selective kernel and residual )
VEPEL AR 28 RN 3R 22 i . S, 3 /4> R 28 {1
SRR B — B TER B IE R BT, 700
BN R AOERAE R B H o SKRF D) FE ff FH 3 5 4 A
PO 268 14 [R] I, B 22 WS 3 AT T R B

x3I MBLEMIZEXTLE

Table 3 Comparison of networks structure setting

Jik bz el Bk 2% & IEREL
PCNN 75 w i
SK = w i
SKR 2 = i
SKRF (A3C) 2 2 2

FEMRBT B, A TF Y& e 2 Rainl2 (Li
55,2016) F1 A 1Y 10 05 &5 G S0 4E (hips://
pan. baidu. com/s/1Iw5f6jtThIkNt-EptVNBO g) , Fx K
ARIEIEEE o SR FHUE(EAE M HE (peak signal to noise
ratio, PSNR ) ( Huynh FI Ghanbari, 2008 ) F14% f4) 4 )
1 (structural similarity, SSIM ) ( Wang 2§ ,2004 ) {/E N
VTR bR . PIRRIR bR AR 2 (E R 5 25 I RCR IEAH
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R B R AR L ISR AT

e 4 JEAE IR AE Rainl2 FUA HOECHE 4 1Y
MREE 5, SK BLHAME IE R B0 W4 1 3UCR A
AR TT . B T80 4R 1 T R AR AEAS R, 7
i SK BLHL W 25 76 A M B R A v R A, ARt
BB i TN 2 AT K, kB U il A B R A
THAFACR . 78 Rainl2 4l 4, W45 FE 4K
1o, FEBR 22 WL I N 45 Hh AR oy RS o (B IE R 8L
J& ,PSNR 1 SSIM 7£ 9 ™ 5 4 48 AR IUAR T fe =
{8, IEB T 1B 1IE R B S 2 3 T A e o

F4 FREZAZE Rainl2 AL IEE F RNt R
Table 4 Test results of algorithms on

Rainl2 and our dataset

) Rainl2 i A H RS
i PSNR/dB SSIM  PSNR/dB  SSIM
PCNN 32,68  0.9661  28.04  0.9442
SK 33.74  0.9632  30.10  0.960 1
SKR 3410 0.9602  29.96  0.960 9
SKRF(ZAX) 34.62  0.9706  30.17  0.961 4

TR N 5 B LA 2R

4.2 EHEWIES¥IEE

EAIE SKRF ) 45 1) A &, 5 A S5k
DSC ( discriminative sparse coding) ( Luo 4§,2015) Fl
LP(layer priors) (Li Z£,2016) . P4 fh 3L TR 24 )

SR PO R s

(a) AR

e

(d) DRCNN

(b) DSC

%7k DT ( DetailNet) ( Fu £¢,2017) #1 DR ( derain-
ing convolution neural network, DRCNN) ( Wang £,
2018) HEATXF 1, 7E Rainl2 FOA H B 48 4 b i) i
FERINE S PR MRS 1T LUE A
TrEAE A BRI IRAS B e, WE] 1A SCE
A

RS FEEEE Rainl2 FAMEEE EMLE RIS

Table 5 Test comparison on Rainl2 dataset and ours

) Rainl2 %4 4 A 3t B Hh
ik PSNR/AB SSIM  PSNR/dB  SSIM
DSC 28.95  0.8836  26.69  0.889 1
LP 32,21 0.9392 2422 0.883 4
DR 31,36 0.9616  29.94  0.950 4
DT 34.17  0.9682  27.61  0.9325
SKRF(A3) 34.62  0.9706  30.17  0.961 4

TE LT A N 5 B e L4 2R

4.3 EREGEMERI

3T G4 B B TR R 25 R DR B 1
Do RUEAS SO A R, 73 BIAE A s 5
FIE SR LA Tt

Bl 3 A TT 5 4 Rainl2 E Y84 W
FIGAE BEE R . ol DL, (2 G55 9 DSC A
LP Bk B 2 RCR I A BAE, LP Sk ab B 1 i
BEF-H PG . DRONN S ARIRAF fE—LE LR Gk B o

Rt W

(H) SKRE(A3Z)

B3 A ER LN AR

Fig. 3

Rain removal results on synthetic image ( (a)a rainy image; (b) DSC; (c¢) LP; (d) DRCNN; (e) DetailNet; (f) SKRF(ours))
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DetailNet FIASCHE 1) SKRF [ 248 AR HUT T AR 4FHY
SR A A M LI ENE R ERAL AT LR
3], DetailNet 5% B #R /0 4 15 RAEALBE , HAF (£ — 7 1
P MR, A SCHE Y SKRF 28 7E Rainl2 %5
sk B e R EA S
4.4 HEIXTWELEERRTLL

N T UEAARSCERE Iz AL RE T, e I
LRI TN, W T ESEH R A RS, R
AEIE I B AE RO PPAG PR B , 8 70 I 45 S ] 4

(d) DRCNN

(e) DetailNet

JiRe MALBRZE IR AT LR A5 58/ DSC Fl LP 55
DAL FRES R A U B LR E 4, H LP &
AR I B P4 . DRCNN il DetailNet 7E
PR EA T — @R T (B IR 5 B i)
4k, DRCNN ({4 BREE SR AW I , T DetailNet 13 1
RN RR AR, WK 4 (e) H, DetailNet 557 5%
He T e N 1) T8 8 A8 2 Al 1 R 2R AR B, T SKRF
DUAR G A AR DR B 10 O, R BR3¢

B ERR IR W AL

(f) SKRF(ZA37)

K4 HSCEB LSS

Fig.4 Rain removal results on real image

((a) rainy image; (b) DSC; (¢) LP; (d) DRCNN; (e) DetailNet; (f) SKRF(ours) )

5 &

RS Xof P PR 2 AT 55 e 7 o 39 i 14 22
P2%  FE PR AR 45, BEAS 30 N b e AN [+
RSP RAZ X L T AR5 B o FFAEHEAS T [T
TUSERS EIMAMB IE R B R Bt 38 MR R
M BIRERSE o [R] >R T 5k 22 2 >0 JEAE, B
PR > IR ] ol D WSS IXCR] O B D P 24055

S 3 5 R SR AT N SR S I, RS
TR PSR SRR B A AR . X HE S B 2R B, e 245 AR
P 265 1) 13 107 8] R a2 B R/ N HIL T REA B2 T i ]
BEMBOR . 5225 2 W% 5B IEREMETIA,
EIETFE SR, T AR S 45 1) L AR . MY
FIE A A% 22 18 1 iR 25 9975 SKRE, 5 B
HA B AT EL , PSNR 1 SSIM 154~ % WA 48 Ak 4
(R, U3 s 7E S B L PR EABOR
=Tt

IR , TR BE 27 > 1) P AR 53 3 3l A7 A SR R
P, T 2425 AR PR RIS B G T 4 F) i S A7
g5, A B R R 5 RE 1A B, A SCR 2 A 8K
R BRI REL I R AFE, (H 2R AR T
AR P&, 55 S T R AT 48 1) T A7 A — 28 22 5
FLILEOL 1A TR ]S HOH 0 8 58 4 325 i TR 1]
SRARMERE R, AT by fe EL ST TR B0 T B A R A
L5 X LA TG PR A XA )R [ A x5k
(S Py i R G 3 T M 4 3 S S 25 W X
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