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Single Image Deraining Using Rain Embedding Consistency

and Attention Mechanism

Student : Kuan-Hua Huang Advisor : Dr. Li-Wei Kang

Department of Electrical Engineering

National Taiwan Normal University

Abstract

Because of the rapid development of digital media, people pay more and more
attention to image processing technology. However, due to the wide range of sources of
image data and the quality is difficult to control, there are often interferences from
various factors, including obstacles, light sources, weather, etc., resulting in low image
quality, which may greatly reduce the performance of related applications, or even
Useless. Therefore, in order to solve these problems, people have invested in the
research of digital image quality restoration or enhancement, which has significantly
improved image interpretation and visibility in recent years, and can also help improve
the accuracy of object detection. In our daily life, rain is the most common occurrence,
and whether it is shooting images or videos, the images will be unclear due to rain.
Among the existing research methods, there are image deraining methods using deep
learning, multi-scale, and Transformer models. Among them, in the rain removal
method using an encoder-decoder, the rain layer is usually predicted based on the input
rainy image. Therefore, the network architecture of encoder-decoder has attracted
extensive attention. However, since the feature of rain in the image needs to be extracted
in the encoder stage, the effect and accuracy of the extraction are very important. In
order to solve this problem, many papers will add various modules to improve the

extraction effect.

In order to solve the above problems, this paper proposes an encoder-decoder



network architecture, and adds an attention module, so that it can extract more and more
accurate rainy features in the encoder stage, and is commonly used in encoder-decoder
The skip connection is also changed to an attention mechanism module, so that the
features extracted by the encoder can be strengthened, so that the decoder can predict
the rain layer more accurately. In the experimental phase, we used several well-known
image datasets, including Rain100H, Rain100L and Rain800, to train and test the effect
of the proposed network architecture.

Keywords: Image deraining; Encoder-Decoder; Attention mechanism.
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Bprpe Bo B R ETR T2 oo

p)

Pooling Indices

[as]
(=]
w
=
<

>
<

#12-15 NLEDN % 4%
(Fﬁ#ij\/ﬁ? 1 [16])

Chen % 4 [35]3 1 1 Half Instance Normalization Network(HINet) e
B AR 2-15 957 o BT £ 718 BB EAMERE . LABE
A IEH T HIN Bobl e B % B % R e TR v e[24] 0
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CSFF(Cross-Stage Feature Fusion)£2 SAM(Supervised Attention Module) % 4+
B0 ReELE TR o

Stage 1 Skip Gonnect %

HIN Block Res Block Res Block

Res Black

i
SAM Foature %
Skip Gonnect

Skip Gonnect

Q:F&atur& Map %‘Gnnv %mﬂamny %;mmncawmm%‘mmneu —>: UpSampleDownSample @ (Add & ; Coneat
2-16 HINet 4%
(4 %R 1 [35))
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Lose GT Rain Mask
Ground-truth B

GT Rain Mask <—l Larr

w%
:

et

Amﬂbm‘l‘
Decoder

k=

Encoder

———x

N/ Reconstructed &

14
=
!ﬁl
:

Zigear
: Feature Map \ Conv "*‘\ ‘Relu :RenduaJBlock caB || : Channel Attention Block — : Downsample / Upsample + conv @ Concat @ tAdd @ Subtract
4 A o

BI3-1 Fdiend A pRFH(Fwe 2 LN FH =B R > F%EF e B R)

GT Rain R ; Reconstructed Rup

Encoder Decoder

FI3-2 8 ss B 4

s

ARt pREEREERH TR T {rd A& AR SR
RIEBE - 7R p
B> # ¥ I{oB I3  licdy & 7 k- #5 & £ ik | fv ground-truth #

BE 1 Bop & %8 %A * ground-truth = & ﬂﬂigjz\ ia\iﬁl_tﬂmaq'ﬁ

i
V

Yu#B % > ground-truth s & 24 &2 385 R=1 -

» 88 Zigeqy o T R fRIEER Y Zigeqt A EE A K Ryp
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32 Jdappifi
P -HRFPAHAEY > AP R RE HIH RF-

(Rectified Local Contrast Normalization » RLCN) % i® 3 %8 % mﬂi%] »oq &
By o f%&ﬁa?] »FIRLCN ¥ » 4r(5% 3-1)#77F -

.. _ PrecUcij)— ulc(i))) -\ Q.
L(l;]: C) - O'IC(i,j)+E (;} 3 1)

£ LA RLCN i (L)% 7 % 2tk c € (R,G,B)# 7
Brd A LA T B B c B p(@GNE T AN iR
PP RIS AT v N T E SR ol )E T BIVE TP E R

Btk L o edom— BRULG ] E 0 Prec() = max (,0)% 7 8 & 7

AP B & B T i o

31 o de kG F PR R F BN M HINE T
Zer3s B o BIL>LJ) — pl(i, ) EBEHE - FLd F A PRI AR TR
B hFed > AR max SR TRE T EIR L B D S
W R INE Y R DR IERE R Aol )& HEF- T TR SRS

F T frig o FehifF o
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FI3-3 (=) » #0F & i (3 ) 1 RLCN # i
(F# %k o [25])

4ol 3-3 4% 2 FHRLCN B HF R E X84 & T o F T L iE

ETIS

T Yok chig B R R F 0B B R o - RIEhih -

B BB g Heh 2 1 % 0 A £ s (Residual Block) o 4] 3-4 #7

B3-4 = X HH.
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S0 e kBB A 1 i gL R 4 sl (Channel

Attention block - CAB)[26] » 4r ] 3-5 #777

Channel attention

' Conv Slngld
function

' RelLU ® Element-wise
product

Global @ Element-wise
pooling

B3-5 Wif it {4 HH(m Mt )

W R AR TER 0 o - BAHXWXC ahgifie ) igf7-
Bz B kLo it (Global Average Pooling) i 3] - i 1 x 1 x C i 3¢
Prife  HFLGE- BTREA L HRRA T - BLFEORE o
f AR € licfe R K eh ficdp 3k T PG LS hATH Hco 4o ] 3-6 7T o

B TR R LR Y | x 1B T E A ol i
Bl T o r B 160 B 0 THER Y Relu s sl A bR o

£_Sigmoid & #c o

Hxr<C IXIxXC IXIxC Hh<C
rr C IxIxC
= [ Ix1
rrrr ool =y — W -': —f-->
rr GP D U -

i=1 21 X (0, )) (3 3-2)
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CA. = o(Conv (S(Conv(gc)))) (% 3-3)
# ¥ g4 7 Sigmoid & ¥ > §% 7 Relu S #c -

BB 1 35 (SKip connection) B £ i * 3t kg BEME B2 ¢ > R E 4
RSB R E R T o wd P RLCN 15z 5 - 2 Bt 2ba
Tt if i o § MM Bendie? 3 e &M o i e do % B R4

Bl B BRLT BB E > Vi § BN RB/IFE -

SOfRAEBRAE AP/ SR GF LR 4 HEH (Multi Scale
Pixel Attention Module » MSPAM) > 4cB] 3-7 #17F - % @ BR/1 & + ¥ e 2
TABIXIERE CZBFRHEFAHFEEEHF - ReLU Sk~ - B 1x1
¥ Ak > B3 Sigmoid s Sk o

s

Encoder (Fg)

[ Conv3x3

Decoder (Fp)

Conv 3x3
v
M
NP
v
|

DilatConv (3)
DilatConv (5)
L | DailConv (7)

Attention Map (Mg,,)

RelLU

BI3-7 5% Bk ZIAEF fEH



F'm= WE*FE+ WD*FD ()7\‘ 3'4)

Hd Rt Fy >l 4 7 St B e e B A5 B et Wpt Wy 4 7

3x3 % K £ -
F = [E,, DConvs(F,), DConvs(F,), DConv,(E,)] (5* 3-5)
H¥F3mE, 2= B EDConvindeBiEi7 &4 & o

Maze = oWy * (62 (F))) (s 3-6)

B My d7md 3R BARS HHA i L4 B W47 IxX]I 54
PRl o EFR Y EF LA BIREATRIE B INE AL 0 Bt % MSPAM

j’_ ‘:a\' ':’fj/i,)é, 4 i%?)é;}é;‘%{{Foutré’ %; i—@ﬂfw ©

33 BRRYRPHFEFL IEK

Apr Tz AL SRR R BRI A S lche(R 7)1
L= Aembedﬁembed + AattLatt + AimageLimage (ju 3'7)
- B A Lompeq ” P FRBEHB AR LS PRELP

pEhm BT RN - BIEE R R » Ligear? £ B fRFS B2
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Dbk B Rypo ic 59 25 % AT IR 15 AN R 49 B At S R B>
PR R B A BT A Zigeq B D DA A R B IS B R 0R

P22 Wi i r - RAE o @ Loppeq @ * 8 LLI0ss > 40(5¢ 3-8) 777 -

Lembea = |l Zideal —-Z Iy (5“ 3'8)

FZ B A Lo 0 27 EFIMSPAM #7A 4 i {4 Bleng Y 0 A
@ * i ¥ ground-truth & & R & ff @ i @ 91 o0 ground-truth @) % fa
WA S TR BRI R 4 BT e Ly, % chE_L2loss>

do(3 3-9) 477 o

3y
Late = Zl"Ma;t L (5% 3-9)

B > My ™47 2 BRerii 4 B> M &4 ground-truth B -

Bois— B4 Limage LW A% > 4P ® § SSIM 4R 4 [33] k3=
ground-truth &2 £ 2= 0% B B L 8 > 4o(38 3-10) 77 -

Limage = —SSIM (B, B) # 3-10)

# ¢ Bk £ thE_ground-truth » B & €12 ch¥ § 81§ o
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LR EMEP AT BB F R T AN AL AT RAPMEY

i

42 F %2 A %% 0 A3 RRRE

41 AW

FREIRA > NP A Gk AR ok 4-1 P77 AT

£4-1 T RA MK A

CPU Intel® Xeon® Gold6154@ 3.00GHz
GPU NVIDIA Tesla V100 32G
RAM 90GB

LEIFEEY E B P B R @ ¥ Python#25 % % % 4> 12 Python
AR IFS A ROBRFERE > AP AL IR PyTorch ks A an
BaTRE > @ % PyTorcheniF > A 8 7 UL FREL o PEE
BRI ERS GPU TR AR iTE AL Linux o FHER

fie ¥ 4ok 4-2 -
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142 BEBREAE

Linux 5= # Ubuntu 20.04
CUDA = 11.7
CUDNN 5% 8.4
Python %< & 3.8
Pytorch i< 2.0.0
411 3w E
YT R Bk e
1. ~F %%+ 35 100 i 8P (Epoch) °
2. A0 TR RS T 96X 96 e T & o H A2 o
3. RLCN® 3 X hh"F vk B 5 9x9eh* | » SR ANFHRMRE
NZ5 60
4. FCATRERTE O TR E o W R P e U -
5 #3354+ & (Batchsize)* /| % & 4 o
6. i it B (Optimizer) i€ * Adam(Adaptive Moment Estimation)
7. #7318 ¥ F(Learning Rate)zX % % 0.001 » i A pFE 3] % 25 -
50 ~ 75 & Epoch p¥ € 3k 12 0.2 k™% g ¥ & o
8. HAEL DL 0 Aompea =0.02, Agee = 0.1, Ajpgge =1
412 FHE

LFAEAEEY DR S S) A RATRE S APERT F 2

b AT R R R R ARG RIS £ 8 R
P

R4 o

TR ¢ * cE_ Rain800[31] ~ Rain100H[30] ~ Rain100L[30] -
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Rain200H[30]F 41 & - # ¥ > Rain800 # 7 700 B34 ster 98 B ipls 4t
(d 3Rt o JiRW e 9 100 BREER G #I% 2 BRG) o
Rainl00H # % 1800 i 3" s ¥te? 100 & ipl:# %t > Rainl00L ¢ % 200 i 3" %k
2 100 B Rl3# % > Rain200H ¢ 7 1800 i 2" s ¥t &r 200 i RI2 ¥ © 4o F]

4-1 % 42 57 7 o

')

':. \ f . o ) ‘, v “‘

..A..:,l :"‘.: 2l -'v: K L4
o YR e

“J"" i \

Bl4-1 Rainl00H F#: &
(F A %A [30])

H¢ Rainl00H ¢ z 7 47 I = = % ¥ > Rainl00L ¥ 3 - f& 2 » b

F 2> Raing00 A7 I3 & ~ 2w chad X% - Rain200H R £ ¢ Rain100H

o3l & 5 )
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®4-2 RainlOOL 7 42 &
(F 4 % im:[30])

42 RHIaRs

BAED o APREE RS R RmE o AR AR B &
B AN E A GAFEE Y P i N R 0 R B
2 s vt PSNR(Peak Signal-to-Noise Ratio) f- & Jf? 1o 014 4 Hopl B

SSIM(Structural Similarity Index Measure)[19 ]« % = F84 E 30 i * £ &b

FARPGEE RS P WA LA PRE TR R DS R

BARE * O dg iR 0 e R PSNR {r SSIM o = B3 i 0
RGB gi¢ 2R+ » &% PSNR 4r SSIM il k20 822 A chik % o
PSNR crif i § & BB fenhZ 2 FHL - T EBEER L B
TRCE A Tl P PSNR eniE b g B X3 - G (A A a %k o

$ o 3 F € 45 e SSIM e B > SSIM AL i v KR i 1A gk
BER L B 0 EEELRDOTEER o PSNR {r SSIM ehif i 318
AW AR GEEBEPERE > B F oy F’)}*i\'&% » PSNR 45 1% = 5
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4o(5% 4-1) o

PSNR(X,Y) = 10log;o == 2557 (% 4-1)
Hd 5255 K4 8hit p &+ e » MSE & £ %38 N g5 54 > H

2 7N (5 4-2) o
MSE =3, S0, (XG@) - Y(E0)? (¢ 4-2)

He XU )FeY (A, ) Wk £ 3 sEB P 23040 e = % ¢0pixel » MSE &

# T - i plXG' e Fﬁ-i , ‘}_]Lbﬁ;{_% /l""‘%?%’izﬁflﬂ .

SERG X frd A BHY k- =E X B Y BB Feh

SSIM L8 %% 4o(5% 4-3)#7 7

SSIM(X, Y) - QuXuYy+cq)20XoY+cy) (;“ 4_3)

(us+ug+c1)(ogop+cz)

X o BY A Bl 4 X 2 Y h aih o @ gX{eoY £ X 8 Y ik
£ ocydocy Bl ¥ fice 2215 SSIM(X, Y) i 38 £ 5 bt 0B A F 1 SSIM
PESTIR
421 BR3 FEVR

B E AR nd Aok o APER T Um iz AR ALED 2R
i & 3% :PReNet[15] ~ MPRNet[24 ] ~ ECNet[25] - ]3>t Rain800 F
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AL & ek 4o @] 4-3 A7

PReNet

MPRNet ECNet Proposed
B14-3 Rain800 F#LB3E# & %

FORIGESE % kg o Vi e TEE 4 vt AT ground-truth » ¥ 3 & chox
-;c J" LL ‘ﬁ;;ﬁ'k; ° MPRNet E"ﬁ;?/; fw%/v\’}’i“;}%ﬂ ’ ECNet _EE fg,\;b PreNet i"i% j{ ﬁj‘!i;‘
- e A S H A A Bag R(PSNR/SSIM) i R 0 H % ek 430 2

PReNet 4p+* » PSNR #& = 7 1.45dB - SSIM # = 7 0.006 - 22 MPRNet #p
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vt > PSNR # = 2.86dB > SSIM ## 7 0.093 - 22 ECNet 4p+* > PSNR # =
7 1.11dB > SSIM # = 7 0.018 -

#4-3 Rain800 2 = & & {S % % (PSNR/SSIM)

Method PSNR(dB) SSIM
PReNet 26.33 0.891
MPRNet 23.84 0.804
ECNet 26.67 0.879
Proposed 27.78 0.897

A qp e 2 B RAiN1OOH 3R & © % % 5 PSNR Fr SSIM 4 w5~ 17 7
FAE P 0 dod 44 R 44 S o AP EnE g A ko ) E 0 T R
Hia W BT o ECNet chsg 5 ¥ £ ¢ 4 2540 > @ PreNet fsf 5 ¢ £304
4 ot fi45 - MPRNet i 5 i 10k - 22 PReNet 4p+* »PSNR 2 = 5 0.04dB
SSIM # < 7 0.004 - 22 MPRNet 48+ » PSNR # < 1 2.52dB » SSIM # =
0.068 - 2 ECNet 45+ » PSNR # < 7 0.58dB » SSIM # < 0.008 -

% 4-4 Rainl00H 2 = # & {¢ % % (PSNR/SSIM)

Method PSNR(dB) SSIM
PReNet 30.07 0.904
MPRNet 27.59 0.834
ECNet 29.53 0.900
Proposed 30.11 0.908
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PSSR o 1|1
\ [ I |

Proposed

Bl14-4 Rainl00H F LRI & % %

A fpen 2 & Rainl0OL T & 7 40k 4-5 22 B 4-5 77 o R R
PSNR fr SSIM # MPRNet % B fi+ » & a B ek P 283 % o &
PReNet 4p+* » PSNR #£ < 7 0.04dB » SSIM p| £.4% T - 22 MPRNet 45 +* >
PSNR # < 1.24dB > SSIM # < 0.006 - 2 ECNet 47 +* » PSNR # < 0.3dB -

SSIM # = 0.001 -

#4-5  RainlOOL # & & & {4 % % (PSNR/SSIM)

Method PSNR(dB) SSIM
PReNet 37.29 0.978
MPRNet 36.09 0.972
ECNet 37.03 0.977
Proposed 37.33 0.978
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PReNet

MPRNet ECNet Proposed
B14-5 RainlO0L F LRI & & %

S b %t Rain200H F4#2 & ¢ 5 PSNR v SSIM 4 5[5~ 8 7 % 4 e
i 0 4o 4-6 22 8] 4-6 #7o+ o £2 4 PReNet 4p+ » PSNR #% = 0.19dB -
SSIM #= 7 0. 01+ ECNet 42+ »PSNR # = 0.750B>SSIM # = 7 0.009-

%#4-6  Rain200H 4 & € & {4 % % (PSNR/SSIM)

Method PSNR(dB) SSIM
PReNet 28.94 0.900
MPRNet 26.98 0.882
ECNet 28.38 0.892
Proposed 29.13 0.901

34



MPRNet (CVPR’21) ECNet (WACV’22 Proposed

B14-6 Rain200H FHLRIE & % %

43 i Rz
G BRI A A PER L B @A A PR DD R REP 0 B
iR e e T G R B 4 A (5 ek oA RS LA, 4 0 (CAB)

B3R E AR A R (MPSAM) & G iRl o

B A2V & Rainl00H 75 f fupl3d 0 % % 4o d 4-T #7577 o4 » CAB>
PSNR # = 7 0.12dB > SSIM # = 7 0.003 P i i i3 3, 4 HH 7 L 4e 3
P Po 2 F 4o » MSPAMY & 38 45453 P BEie  »PSNR 3= 1 0.56dB>
SSIM # < 7 0.005 ° 3P 24 i 4% 1) e MSPAM ¥ 125 55§ % $ ek B o

DAREI N 128 =¥ i L R A
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% 4-7

Rain100H :f' 7] 3% % % (PSNR/SSIM)

CAB MSPAM PSNR(dB) SSIM
x x 29.53 0.900
v x 29.65 0.903
v v 30.11 0.908

2R AcTIRA > A4k 2 2 o s Rain200H TR B R B %
4o 4-8 - 5 L4 » CAB > PSNR = 0.09dB > SSIM *+ # 0.004 - 3% = 73
- TARR Gk o FHEF S » MSPAM 5 & IE:};—, s 7 P &g o PSNR =2
0.450B>SSIM * = 0.004- £ B 7P MSPAM ¥ 11 5 sxeivigd flide B ) koo

% 4-8 Rain200H i}’ & | 7% % % (PSNR/SSIM)

CAB MSPAM PSNR(dB) SSIM
x x 28.38 0.892
v x 28.49 0.896
v 4 28.94 0.900

4.4 PRIFEFFZ ] <)

Bofs o AP AT S RRRERFR 2 B0
9o RIFPFRF 3 ¥ hE_Rainl00H #c; &
$HREE G &

7] MPRNet ef-3

¥ (s/image) - #-3] ~ -] B & 4+

B AR

# & o PReNet I

W EWEL IR,

ppuu

BRG] 0 PR AP A B AR A e
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B S E o @ g ECNet Ap v BEERHCT] < ] BRI PR 3R < — g (2

Sk RATH SR

£4-9  RIEEPERZ R K ) R

Method B RR P R #3] = -] (MB)
(s/image)

PReNet 0.08 0.169M

MPRNet 0.168 20.1M

ECNet 0.026 2.461M

Proposed 0.032 2.883M
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LR S

BEABGIAFHRAD » AP B RN U2 AR
i o 2 SARE 4

#

ANV

P2

R R o S R SR R e 2
¥ 114 2k = PSNR 2 SSIM

il BRI > APEER G ) hE g W E R TR - B

PR TA G oo RS Aok 3R TR 0 BN LR
4 ﬁ:&i?&{%— I

A2 PR B N Piend al > FE Ak
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