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Single image rain removal is a typical inverse problem which decomposes the image into a background

scene and a rain streak. Recent works have witnessed a substantial progress on the task due to the
development of convolutional neural network (CNN). However, existing CNN-based approaches train
the network with synthetically generated training examples. These data tend to make the network bias
to the synthetic scenes. In this paper, we present an unsupervised framework for removing rain streaks
from real-world rainy images. We focus on the natural phenomena that static rainy scenes capture a

common background but different rain streak. From this observation, we train siamese network with

the real rain image pairs, which outputs identical backgrounds from the pairs. To train our network,
a real rainy dataset is constructed via web-crawling. We show that our unsupervised framework
outperforms the recent CNN-based approaches, which are trained by supervised manner. Experimental
results demonstrate that the effectiveness of our framework on both synthetic and real-world datasets,

showing improved performance over previous approaches.

Key words: Rain Streak Removal, Unsupervised Learning, Convolutional Neural Networks, Siamese

Network

.M E

AT AFE WA Boke] G 912 Axge )
$ 7

e A ALeFe AFAe e thakd S8R

% Corresponding Author : Kwanghoon Sohn, Address:

(120-749) Digital Image Media Labatory. C129, The 3rd

Engineering Building, Yonsei University 50 Yonsei-ro,

Seodaemun—-Gu, Seoul 120-749, Korea, TEL:@ +82-2-

2123-2879, FAX : +82-2-2123-7712, E-mail : khsohn@

yonsei.ac.kr

Receipt date : Oct. 26, 2018, Revision date : Nov. 28, 2018

Approval date: Dec. 10, 2018

" School of Electrical Electronic Engineering, Yonsei
University (E-mail : rehoon@yonsei.ac.kr)

"™ EO/IR R&D Lab., LIG Nex1 Co., Ltd., 16911, Yongin-
city, South Korea (E-mail : hyunsung.jang @gmail.com)

"™ EO/IR R&D Lab., LIG Nex1 Co,, Ltd., 16911, Yongin-
city, South Korea
(E-mail : hanamkoo369a@lignex1.com)
" EO/IR R&D Lab., LIG Nexl Co,, Ltd., 16911, Yongin-
city, South Korea
(E-mail : seungha.lee@lignexl.com)
"™ EO/IR R&D Lab., LIG Nexl Co,, Ltd,, 16911, Yongin-
city, South Korea
(E-mail : sungsoon.park@lignex1.com)
T School of Electrical Electronic Engineering, Yonsei
University



2 ZHEDICIOES ==X M22& M1%=(2019. 1)

7F o5 A FAAA BEFEHE HE7](Rain
Streaks)= =4, Agh blurring &3 2 IS &4
[e) —3]_

/\]7]1’4' mebs] BE7|2 A% 958
AL AA AFE VH ¢ EE
g —’Fﬁlﬂ o4 qlem o 31
:rLaol Sy

o < HE7] AAE A8l
olm|A] ¥2] (Image Separat1on) WS o] & A
Non-local mean smoothing W22 EAZ
st sEAIRE HlE7] 9 vl 3| Alo]e] F3§ o]
AE AF Texture FEIIA AAS= EAH] 9
Aom o] 2 & HE7|7} fle YA E HEs)
Al Smoothing =& @7o] EASIAT £ B
g FEe] HE7I7F #EEE Local F79 A&
o]§3t Local ¥ BlE7|%F A A7 &
Global ¥ gelA BlE7]= AAE 1HHA FEth
HIT AZ AEFAG 282 (Deep Convolu-
tional Neural Networks) 23} &7 HlZ7] A A
dag]EFEo] A HAR 3450 HA FHELS O
-3 Photoshopl6]-& ]88+ 94 (Synthetic) Ground
Truth® Adsta, §4 BE7] oju| A2} Bl&7]|7}
RNe ARG oln A AE o] &3t AAEE AA
ShEetth 71Ee @Y oA Zuke] HIE7] AA
o] S F ke Aldste gag ol g5

off
ox
of o
4T
e

i ol rlr
e
@

% 54 fryel Hloly Fuelu Zelsiths dolth
3% dlolEl o thE ME7] Fe wesA egte
u, 4A W7} & olu Aol A3A O ol o

A vk 28y QA A% o)m A (Ground Truth)
€ 2= A2 E7bestH, YA 0lEE o837t
2 HlE7] AA dagEed dolA ZLAA 2AE
zk=tt.

L= AAHA

rulo
r .
L
ol

2 =iolAes AA By

£ 7o g Sl4g HlolHE "@”5}"4 HIA &=
% (Unsupervised Learning) Hl€7] AA 18 &
< Attt Fig. 12 8 144 7MetE o] 83
o H)7} o= AHE HIHUL v, viA L QA3
"7‘45101 ‘Rl A gk Azbel| wet BlEY] = TEA 29
AT = Ut} ol AT FE ©
gt G4 <5 tlolHRE o] &3ttt H]
= £+ ¥4 Ground Truth data®
Agste AR BT F5317] Golstthe ool A
oh CNN2 B2 9] tlo|HE 8= 317] &
Web-crawlings &3l thFs 79 2314 HolH
A& gr3to G dolEE TE3HTH °‘Eﬂ°:"‘c3'
oF2 WAL ZAN OE ¥EY] HRE 2 T

J?~"

1

O

—4

[0
on
l‘[l‘ 2

A& =Y -t 2y 7|we] g EE FF
Siamese TZ& & &3t st53r). 71E9 HlE7]
2d& 7bte g BlE7] AA ol folg &3
3+ (Objective Function)& A 9] 3t o AQts}
= 474 F2 s Y279 wiA olvAE 2%
2oz Fejgth g5 Aol oAl AtE= W
2 ¢ Ground Truth® 8 =2 A =t F
& AAZoAE G oA E dHFFLE 0] &3
o HIE717}F AA| WA olm A&} HlEY] o|HAE
g E53th A olvA] glo] dEE YsiARE V&
9 A% sEH vudSs o AAE Jde AHE
dE T UTh

2 =29 &Ae OEH Ak 24 dAE B =
I AHEEE T A 76 v QA ATE AH
3t 3ol A= B =EoA Ajbste HAE g
719k ¥l AA daglEe] dAH Aot 54 t_’t}—’F
of tigk AW & Aeditt 43dA = A4S FallA

Fig. 1. Image pairs of a time—varying rainy scene have same background but different rain streak,
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Fig. 2. An overview of the proposed unsupervised siamese training. The image pairs of a time—varying scene are
passed through a CNN that optimizes for similarity of the estimated clean background. Additional reciprocity
and information losses regularize this ambiguous problem, (a) The siamese de—raining network takes as
input a pair of images with varying rain streak and generate a set of rain streak image. (b) The loss functions

compose the predictions into images.
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Fig. 4. Qualitative results on a synthetic rainy image. (a) Input image, (b) results from [3], (c) results from [12],

(d) ours.
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Fig. 5. Qualitative results on a synthetic rainy image. (a) Input image, (b) results from [3], (c) results from [10],

(d) ours.
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