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This thesis presents a method to remove rain from the image. It is divided
into light rain and heavy rain, which have different methods of removing rain. Because
there are two ways to remove the rain. Precipitation separation is thus required before
leading to the precipitation removal step. In rain classification, CNN is combined with
a technique called Fusion model to increase the efficiency of the classification. This is
a training model that requires two models to combine Weights to increase the
efficiency of rain classification. Next comes the division of light rain and heavy rain. In
light rain, a method called SATLNet is used, a light rain removal method that combines
various techniques that allow rain-removal. The main method is to use Autoencoder,
which is a method used to train the source image to be the same as the destination
image. For the most part, this method is popular for eliminating noise. In this thesis, it
has been applied to remove rain. which sees rain as noise in another form For the
purpose of removing the rain In addition to helping with beauty Can also help in the
field of vision, such as detecting objects in the rain. Removing the precipitation can
help detect objects better. As for the image database, three databases, Rain100L,
Rain100H and Rain800 are used for training. and test of images of light rain and heavy

rain
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2.1.1 Fumeuligdu (Convolution layer) L‘flusuu‘mLL&Jﬂ@mauﬁﬁmaqﬂaqsﬁ’agamwﬁ
Suun egasdidinsasmmelulsenouludiaarilidmsuannauanvaeauainIn i
N3999gyNISdeUNIUAMNT VT IIAATUNNTInwa s lARIAMEN YT TRININBENIT WWeld
dmsureuligtulududaly lnglusuduvestudagiinsnenlusanseninaaeuuning

a ¢ & a fal o | a ' | ¢ | o &
wsndusnidugaresnsiiinesniseuslavsetondnogeiimesiua diuwmningdniilu
Hassuiliaesiualiiseusdoua Tnemesiuaiivuindnuaiiaudnuinnin enfegns wu
sUnwUsEneuMeaudy (RGB) muasazaunivennesiuavzdvuabnnuningd
udeayanin usnnudnazenglufivisauduveinin inesiuavzdeulusuanugiay
AMUNTINIUATRIFUN N NSIFUVBIABSILATZISENIN Stride Fadususuaniisyey
N15+88Uv0RABS WA T Stride MuNAElAAMANYULYDININN YR LAYINABINTT

(% ] [ 74 t% Y o [ t4 14 . A a 4 a
AaaNwaEiiudayan nduatuIndusdedly Paddingfianisiiudayaluusnmsaugves
AN INAVUIANINLEIILIUIN W X W x D @9 W ABAINUNIUDININ bae D As ARUa9nNIN
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2 v gdN o & A o ' \ o &
‘ﬁdNﬂﬂWﬁﬂvl@ﬁ]:Lﬂuﬂm’]@]‘llad Feature map ﬂﬁquqiﬂﬂqu?maﬂq\‘]ﬁqU@]O@]QVL‘]_I%
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e f g h w X
L J k I y z
SOV A N NI Kernel
Image l
. aw+bx bw+cx cw+dx
+ey+fz +fy+gz +gy+hz
ew+fx fw+gx gw+hx
+Hy+jz +jy+kz +ky+lz
harfice o kw+x+ o
my+nz ny+oz oy+pz Activation Map

U7 2.1 M591 Feature map
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fian - https://miro.medium.com/v2/resize:fit:720/format:webp/1*r

13Z2UdVTQwWVuhDPmo3JKag.png

nUaslunsliinesiuaruin 2 x 2 %qéf@qﬁﬁmiLﬁlaumumw%’ayjaﬁﬂL%ﬁﬁﬁsumm 4 x4
Tnadn1svin Stride windu 1 wagliiiinisvin Padding 911av84 Feature map agdlaualiifu
3 x 3 \ileewnithdfinisv Padding ¥l Feature map ﬁléfﬁﬁummLﬁﬂmﬂfj’m'}wﬁauﬂaﬁfnﬂw
T,mEJL'%@Jéfué]’mﬁﬁmm81ULﬂ@§Lua17iL?ﬂ'awhuiu%umﬂ@jmﬁuﬂ'wadﬁﬂLezfamwﬁuaﬁ’umm

AUNUS 10 aw+bx+ey+fz MUAN wdnTuhaunsUaan 9 ads axld Feature map
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https://miro.medium.com/v2/resize:fit:720/format:webp/1*r13ZUdVTQwVuhDPmo3JKag.png
https://miro.medium.com/v2/resize:fit:720/format:webp/1*r13ZUdVTQwVuhDPmo3JKag.png

2.2.2 Funads (Pooling layer) Funadaluduieginantunsuligiu nevimiies
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Single depth slice

11112 |4

5 6 7 8 Max pool with 2x2 filters and stride 2 nn
.

>

>y

5U 2.2 15917 pooling 91NN

Y

fin - https://miro.medium.com/v2/resize:fit:720/format:

webp/1*sK70P1m129V._oNGSsHIm_ w.png
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2.2.3 udouleaauysal (Fully Connected Layer) iutuganevadassienauligdu
inadnsanduneugunskunlresnidunasws iAo s mdlaeenuuuduIuUsTIAY

YostayannaIniswue Ingliismswenlemngnualunnduivinualutudaly uazasd d
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https://miro.medium.com/v2/resize:fit:720/format:webp/1*sK7oP1m129V_oNGSsHIm_w.png
https://miro.medium.com/v2/resize:fit:720/format:webp/1*sK7oP1m129V_oNGSsHIm_w.png
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Neural Network Neural Network
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(2x2) P g (2x2) \\.dropout)

INPUT nlchannels nl channels n2 channels n2 channels E / \‘ 9
(28x28x1) (24 x 24 xn1) (12x12xn1) (8 x8xn2) (4x4xn2) | _ | —

n3 units

JUN 2.3 lasstheneuligiu

i - https://miro.medium.com/max/1400/1*uAeANQIOQPqWZnnuH-VEyw.jpeg

2.2 lase1gn1snsvidaanludln (Autoencoder)
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s v v oo 1 v Y o o v o & v 2% o w 4 o
wrdneflavinnisseulluleswig lneddhsiadnludadndudeddteyadmsunisinid
Y a A PRy ¢ v \ 3 & oA v o
nuazlansivilouiuiluemuanfents ludiuvetewinaiuenaaglimiounnduady

Ve Llesannlusgninnsinadeuiinsgapdeveyatiiesaninistvdadeyaludiunans
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2.2.1 M3159d (Encoder) Wuduivihwinidnsiateya laedl

o £ =

funeuligtu lngvuinvesteyail Suidruiazdvuimdnadlunnduniunisesnuuudy

Y

Aouligtu wWisuiadowdunsiudatayaliianas werlugdiudaluisondn duurs
(Latent layer)

(%
v v 1

2.2.2 Fuuels (Latent layer) Wuduiilasudeyaunandunesuntiiflasitnisanvuin

v

Y
Toyaas JududiudrAgyiign lesndeyaluduiifesdiaunedlunisesnwuu drmnd

Y


https://miro.medium.com/max/1400/1*uAeANQIOQPqWZnnuH-VEyw.jpeg
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ulesuteyaanvudeyausls Favimiiiiy aune

d3UnN

nuguannsvihaeuliatu dadunisvi win $1uau

ayalinduilurwavintiuneudunn T

Javhlideyaiudulunnadu wadnsildssitulumunsssyendnailaseng

2.2.3 N1309n5¥a (Decoder) Wu

e

[
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Toya vy
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~
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~
. Representation 5
.
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N
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~
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sU#l 2.4 Tasetnenasiinsiasnlud
i https://miro.medium.com/max/750/1*ngzWupxC60iAH2dYrFT78Q.png

2.3 Transfer learning
Transfer learning 1Uw3smsuilsiveiiuyssavsamvesunanigmudoyadnuim

oy wieRein1sUszndanarlunisilnaeuliwa uavssdvsnmanasfisadntos 1nedsnns
U84 Transfer learning dlagviangadisn1svan Ao

23.1 millumaninisfinasuineunt1 (Pre-trained model) Fudulumaiign
Anaouliilusdrsduasiimsligudoyavualvglunisiinasy sausdlauureduinaeiaas

Limsefiulaugudayameiisesnis fAiudadinisdy Weigsht anlumangninasusnnou

loulniulunalvsindesnsilinaeunielagiudeyaianizineanisaagy 2.5


https://miro.medium.com/max/750/1*nqzWupxC60iAH2dYrFT78Q.png

Network A

Transfer
parameters
input

Network B

SUN 2.5 A3 Transfer learning S¥winsaodlung

Y

fian - https://miro.medium.com/v2/resize:fit:720/format:webp/

1*WHnkrPOjWZkmdzDYAdAUMg.png

wUIINNSY Transfer leaming adinslou Weight veslutnaflsludnlumaienfoenis
wnzludiuves CNN layer Wil wag Classification layer agiunaalumaiugunu Tudiu
Y99 CNN  layer  ywvinisteusniuasyiinsngaldldlitinisiingey avilnasuaniy

Classification layer tintiu

232 M3 Fine tuning Faduiinsfiedreduidnsusn  Wewwsluwiensed
Uszansamitldenaesldmundhmneiinaly seudaingsld Fine tuning definuszansam
TnsmavgansiFoudues CNN layer usdruvindu wazau CNN layer 92suUangoen wagiiia
SudnlUlo dielilanavhnsiingeu CNN layer Tugauuane wagyhnsilinaeulunalml oz
ilnadigriindeunuud®  Fine tuning anansauUuusidnusuldmudesnts ifleifia

Usgansnn tesnluunsnumsiindnnuiuetasiiiiiadsydnsamle uansdagy 2.6


https://miro.medium.com/v2/resize:fit:720/format:webp/1*wHnkrPOjWZkmdzDYAdAuMg.png
https://miro.medium.com/v2/resize:fit:720/format:webp/1*wHnkrPOjWZkmdzDYAdAuMg.png
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g
= Pertrained
= Pertrained || convolutional base
5 =
§|| convolutional £
k31 @
2 base E
;:, o Fine-tuned
= = .
() Z|| convolutional base
2 E
= 1
z 2 = v
= =
2 New classifier New FC layers
=
Output Output

E‘U‘ﬁ 2.6 113917 Fine tuning

i - https://www.degruyter.com/document/doi/10.1515/jisys-2022-
0198/asset/graphic/j- jisys-2022-0198 fig 001.jpg

2.4 Median stack
Median stack umefliadiltlunudseanananin wsesuiieniunmeis 1935013
FINNIANY)NIN RSN TNUINITINNUF DL TIDALLDIAUNAIUTDININALANANTU LNOVI
inmnadnsnladinmnnluSewedsgazden wazanuesdadls [9] wann15vINUTes
Median stack AansmedsegIvuafingaluamniusiu TnemaAdsegiuveiniga
nssiuluusiaznn  Wevinauasuyniingasglaninednaniausyd  wasiusuaside
vesnmlanau esanfinmaiduuesdinaznuluuisnminiandouiu vlrduafinea
! 9/ A o o a gj = &, PN 1 a a a Y
dtesimhundnnaldufineatug  Jaduanvgiianunsatiemulssansamassnnlalu
1 a dy o . v 1 dll = 1 d'd 1
98797 UBNINUNISYIN Median stack atisluFoswednud wazauaitavean nnilyl

[

wirduluksaznw Tadlanulnadeesnudnme Tagausalkaniaunisiaeail

Iresult(xl y) = Median{]l(x! Y)»Iz(x: Y)l "'IIn(x' y)} (2.2)


https://www.degruyter.com/document/doi/10.1515/jisys-2022-0198/asset/graphic/j_jisys-2022-0198_fig_001.jpg
https://www.degruyter.com/document/doi/10.1515/jisys-2022-0198/asset/graphic/j_jisys-2022-0198_fig_001.jpg
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G0l peue Co, y)demiinwalusunds Ge, y) wae I (x, ), LG ), -, L (x, y) Wusums

YDINNA LULARLANTARDINNTYIN Median stack

gﬂﬁ 2.7 ANs¥11 Median stack

iz : https://frank.sauerburger.io/2021/12/28/median-stack.html

25 nﬁLﬁmi’ﬂu'nwz’fagamw (Image augmentation)
& aa a ) = v o a o v v
Wudsnisiasudnwagni own lunwlnilanuvainnany LWEJLW&JR]’]U’JU?JEJH@VL’J

dmiunisiinaeu denldiugiudoyaNlid i unIntesnsen aIn13AINUNAINUALUVBININ

Y

WNBaTU A nildeziiauuanaiadntaeanamiuatu Msiiuduudeyaning el

nsRnasulunan e iuszansninuinde@u lnedsunluamazldmailaniee wialining

[

ANUvAINYAY Feanansavinlalaeniswisunuasguihuuresnineall

2.5.1 nMsuyunIn (Rotation) tunisuyuainlidanuunnaisainnainduadu

adqa 1

Fsanursanyulvluiwiveunazuuliasld nsnyuamiadudnni3saivaslinin

fAUMAINaNg


https://frank.sauerburger.io/2021/12/28/median-stack.html
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2.5.2 mMaaguuInnw (Resizing) Wun1susuruavesnmlidinazsidunisdenin
a a a v a X o g w ~ ) a !
WIveuA UL NIRRT MsasuawInnmilvinlinnianuaudnuasiuuinnige

FeazrwlmnuaNuaInateundeduluvgyinnsilnd@aukuuInaag

2.5.3 nstiiudssunu (Noise) tunisiiuaulanvueulrdunin Taenisiiuides

sunilunmazdiglilumaanunsaseusuagsiuennla

200 w 200 200
A

0 250 0 250 0

200 % 200 j i 200

0 250 0 250 0

=]

=in gl [* “ .

0 250 0 250 0 2.%0

i

gﬂﬁ 2.8 mstﬂmﬁ’nmugﬂmw
i - https://149695847 .v2.pressablecdn.com/wpcontent/
uploads/2020/08/UKwFsg.jpg

2.6 YOLOV5

(%
[

Yolovs Aelulaad miun1snsnaduingstdluniuds wazaimiad eula [10]
(object detection) 'ﬁ'ﬂ’mmﬁuiﬂ8168’3§msl,§8u§1,58ﬁﬂ'§'wﬁ’u Convolutional Neural
Network (CNN) Tainafidusiiiansonn Yolova daduluaadioglungs You Only Look
Once (YOLO) Afimsiamnluizoswssnisnsrnduinguiegiseniuiu ludiuwes Yolovs i

A5ATIENUTEANS AN lueanay wazinuwd wlndaunwmuiszuulndlunisadnanuey

v
(% =

Y9330 (feature extraction) Favinlvluszaniamlun1snsiaduingaadu lnsianizns
v a < = i o val ' ! v =
nduingidvunadnvseeglussuglnaanunsaviladnitlulueaneunit 1au Yolovs &

(%
Y

drulsznaundfgnauaandulain Backbone,Neck way Head

- Backbone lugafilddmiunsadinnudnune (Feature Extraction) ¥0enn lagly
luma CNN lpafifegratu Darknet-53 @eusenauluaie Convolutional layers Aigudou

waziinaslaru skip connections vhlilumaiianuudugwazanuigilun1snsaduing


https://149695847.v2.pressablecdn.com/wpcontent/uploads/2020/08/UKwFg.jpg
https://149695847.v2.pressablecdn.com/wpcontent/uploads/2020/08/UKwFg.jpg
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- Neck Tuganilddmiunisrunmudnuaelaain Backbone sy uasiiuniy
AnveRENwEAIEN15IEIY Spatial Pyramid Pooling (SPP) wivelvianunsavinauiunm

YRR 191

- Head lugafilddmiunsaamenuiazduvesing lngld layer Adousery
backbone Waz neck LiteUszinananadnuaziiaiaeenin uazviinsnsaduing laed
layer gavinendu fully connected layer Fldfdmsunsiuneawn funs WA NNIANY VRS
$g Tae YOLOVS Wi YOLOV3 wag YOLOVA fldhudsenaunaubigiuiiavananudy

AIvIuneveuwn veingNAeIN1snTINTY ATk ULLaUSBIVIYRTTng

[

wennl Yolovs gudinsiiuusednsnmerenisldluwa Backbone 7R Fuiu
Tassaseiugiuvedluma CNN wagldlumadausn (Anchor box) Miuduuszneudidly
N3032930Tng  wardalinsldann TensorRT wiarina1usalunisUszunana 1nesIuudn

Yolov5 1ulumaniiuszansninnazainuwkauen

Overview of YOLOV5

BackBone PANet Output

BottleNeckCSP

BottleNeckCSP s/ Cconvixi |

‘,, 7(:70 nv73‘x3 S2 )

[ Convlxl 7:—@?

BottleNeckCSP

BottleNeckCSP [ Convixl

Conv3x352 |

BottleNeckCSP

i )
. ( Convlxl } Concat

i [ BottleNeckCSP BottleNeckCSP [ Convixl

U7 2.9 Tasea$raves Yolovs

i - https://sithub.com/ultralytics/yolov5/issues/280


https://github.com/ultralytics/yolov5/issues/280
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2.7 Peak signal-to-noise ratio
Peak signal-to-noise ratio (PSNR) tJuisnsiudeuiisunnulndifeaiugoaninms

! I a

a0 indlengaiavenialusganinimannalndideeiu lnganunsarmuinladaunisi
_ 1 ym-1vyn-1py.; ; : 12
MSE = %Zizo j=0 [I(l,]) — K(l,])] (2.3)

Togluaunisiidunismaafeanulianainfindaaes 9 m wazn Wuduuinwavesnin
Tunwide wazwuiueu wag (i) iWualuiidavesnniagiundSeudieu Ki)) Wueluiida

1Y

yoanmAuaty visnduiheildlum PSRN dasil
PSNR = 20-log,o(MAX;) = 10-log,,(MSE) (2.4)
Tngludiuves MAX Wumgeanvesfinmalunin

2.8 Structural similarity index measure
Structural similarity index measure (SSIM) WHus nniladIsdmsumanuadeiuves
AMNsED4 Tngdliiavesdagil 0 fis 1 mnantldeglnd 1 wnanulndifsaiuvesisaanin

1

galnavAeaniu Inedauniseedl

SSIM (.X, y) — uxpy+c1)(20xy+c32)

(H92c+ﬂ32;+c1)(09%+032/+cz)

(2.5)

Go Uy, Uy AoAadeves X, Y waz Oy, 0y AonuuUsUsiuees X, Y awasu uas

Oy ABANLUTUTIUTINGIVOY X, Y
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2.9 Confustion matrix

¥ o

Confusion matrix t{WuLAI9ilan19a@d A @1 1S un1sUseiiuUseanSn1nedssuy

A = ¥ va =

N133AN15UsEANE19Y Tnsaniglununisiseuiidedn feasdliginssideya vse

Y Y

NAFRUITUY aansauTuldunaniaseuun1siansussianteyaliagule lneas

Y

Usznaulumenisnauuin NxN (Iag N Aa3uiuad) S9uLandian1syinungvaslina/ssuu

IngufazwadlumTekanITIINYeitag nRdusLenisPadlAgNAavTaRANA1R

Positive Negative
g
= TP FP
(%]
o]
o
g
=] FN TN
O
Q0
D
P

;J‘Uﬁ 2.10 #8819 Confusion matrix

W : https://towardsdatascience.com/confusion-matrix-for-your-multi-class-machine-

learning-model-ff9aa3bf7826

Y

ngUTRLll ansaasUianisyiungvedinalaeiail

True Positive (TP) #Aa wan1svunenasatunaansass Taeilumavinuneindu

positive ey ground truth Adu positive

False Positive (FP) fa wan1svinunenlinseiunadnsass Taeimunaruieindu

positive i ground truth 10w negative

-False Negative (FN) fie wanisviuneflidnsesiunaansase lneflumaviunginduy

negative W ground truth tJu positive

True Negative (TN) f® wamsvuIenssiuNaansass lneflunaituieindu

negative wag ground truth Ay negative
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2.10 N13015993UNMNYBU (Edge detection)

Edge detection tJun1snsiadurevvesnmlnglininusisvesaiuduvesnimiiet

Y

v @

AnnursaaIinaLNan ITULEUYOU Fan1sesradunmveadudmilsid Ay
NIAIUNNTFTMUU NswUsdILven N Ine Edge detection anunsauedlainludinsesiln

e‘d‘w (% a

nilsianunsaainnadinyrvesvauNnld InnsmaswIndatuvesinigalun1n 3938013

[

duvsunmanunsauuseenduaesngulng lifd

2.10.1 search-based {13139 5193ureulnen1sAansInANULILSIeIveY
ey fexldiumamueunnlaegldeunussununnils 9gldn15men Gradian magnitude Lo
fiansananfinwarsuantunn Welaluauasuiinigalunn e Gradian magnitude

yal o

1NNIANNUNVBIN MV U RRatW TN WY o U TaeASn1snnsyveun witeul sl
- Sobel edge detection

Sobel operator luuisnsadends Sobel-Feldman operator #38 Sobel filter [11]
Humadaiilddmsunisassdunimeey | Tnganansaynmsnsiaduldndunuids  ues
WUIUBY tAgagiliAnsiuaTLIn 3X3 ﬁﬁﬂmiﬂauhgffuﬁumwﬁuaﬁuLﬁammmﬁuﬁLmﬂsm
AureIRNaTOUUOILADI LA TAgRg ISR ITaLUIRg  LavuuIueY  M§e1ntus N

[

sauiu e unlasad

+1 0 -1 +1 +2 +1
Gy=|+2 0 —=2|xAand G,=|0 0 O01[|*x4 (o
+1 0 -1 -1 -2 -1

G Gy Wuwadnsnnieesiualdaeuligiuiu A Anmdideanismainveui

foansmveululLulfe Tudiuves Gy Wumsmamwevluwuiuen faiaaesnilainsa

[

YU DA NVBUNIAD LU baRatl

|G| = /Gx? + Gy? 2.7)
y
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- Canny edge detection

Canny edge detection [12] Hunisasradunmveuifeudususudueg Inedl

TUABUNTVIMANDY 5 Tumaums

Lmsavuesd wWelilanmndanuusiaandssuniuanign waglinmg
Seudu lesdwlvgazld Gaussian filtter Tunisavussd lesuansiawnesle

samalull

Gixy) = somg e 4D/ 29

5o Gy 0uf1wes Gaussian filter way. x Wushumiswasiinisaly
WA x @iy Wudumdsfnalusiownu y  wagll ofmuaanuniig

Y2UEUVDU Gaussian

2. Gradient Calculation Jutumeun1snsiafuauidumasirnisvody
29U F9luIsnN15984 Canny 3gl938n15 Sobel operator 1o lauvoUlULLIAY wag

LbUIUDU

a1

. N < 1 P a P P
3. Non-maximum suppression {uN1swdRauiluineafiAgeign Ty
imslaluluynfines - wasmiiansveaduvetlumndugieneigen  lae
nUsrasAianaenIsiiesudvauntdnyasaunaaluiAnsvauvesiinwasiLmi

W Ingagiilinnveuildnwasidunuie uidireneazidenlitniauiign

4. Double threshold LHunisuvsnasicfinealaeazuualunmeias waz
L 6 a dl ] 1 1 gj & o Y @ 1 d! [
LU ‘W]ﬂ‘WﬂL‘ﬁﬁ%@giz%’ﬂﬂﬂ’mﬂﬁaﬂLﬂm‘mSMWNWI%LUUJ‘I’]W‘UE)UWQIU P99z UU

Anwaveundanudaruunige

5. Edge Tracking by Hysteresis 1{Jwisnsivhlnfinmandanulansuiios
uwUadlviianulaaiaiuiingadu mnushuseu inwatullmfinanlaninues

UIIUTIUE
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2.10.2 Zero-crossing {W3sn1snsaaduveunmiildeyiuseuduiiaes dadunis
% o a aad o Y 4 = &
witgvameeukuuwsnifianuvunannfull - Ieedstasimamnaedeaud  Feasdu

FLUNUIYDININYBU 1ABAI9E1995n159111 Zero-crossing A9 Laplacian
- Laplacian edge
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2.11 ideiiAeadas
2.11.1 Semi-Supervised Image Deraining using Gaussian Processes(Rajeev

Yasarla, Vishwanath A. Sindagi and Vishal M. Patel) [14]
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2.11.2 Progressive Image Deraining Networks: A Better and Simpler

Baseline(Dongwei Ren, Wangmeng Zuo, Qinghua Hu, Pengfei Zhu and Deyu Meng) [15]
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Rainy image DDN [5] JORDER [10] PReNet
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2.11.3 Multi-Scale Progressive Fusion Network for Single Image Deraining (Kui
Jiangl Zhongyuan Wang, Peng Yi, Chen Chen, Baojin Huang, Yimin Luo,Jiayi Ma and

Junjun Jiang)[1]
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2.11.4 Spatial Attentive Single-Image Deraining with a High Quality Real Rain
Dataset(Tianyu Wang, Xin Yang, Ke Xu, Shaozhe Chen, Qiang Zhang and Rynson W.H.
Lau) [17]
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A1sauUNuAU PSNR way SSIM Tagldiian1nase waznmdauasizy wulinauisaaululidy
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Ut 2.17 Tassarsanninenssu SPANet

(a) Rain / Clean Image (b) DDN [11] (c) JORDER [40] (d) DID-MDN [42] (e) RESCAN [25]
33.53/0.9372 37.27/0.9631 36.67 /0.9657 22.86/0.8721 35.80/0.9538
- -
(f) Our SPANet (g) DDN [11] (h) JORDER [40] (i) DID-MDN [42] (j) RESCAN [25]
43.49/0.9938 38.36/0.9668 40.49/0.9834 26.54/0.9625 39.29/0.9771
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2.11.5 Clearing the Skies: A deep network architecture for single-image rain

removal(Xueyang Fu, Jiabin Huang, Xinghao Ding, Yinghao Liao and John Paisley) [18]
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(a) Ground truth (b) Synthesized image (c) Method [10] (d) Method [11] (e) Method [13] (f) DerainNet
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2.11.6 A Model-driven Deep Neural Network for Single Image Rain

Removal(Hong Wang1, Qi Xiel, Qian Zhaol and Deyu Meng) [19]
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2.11.7  Structure-Preserving  Deraining  with  Residue  Channel  Prior
Guidance(Qiaosi Yi, Juncheng Li, Qinyan Dai, Faming Fang, Guixu Zhang and Tieyong
Zeng) [20]
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2.11.8 SAPNet: Segmentation-Aware Progressive Network for Perceptual

Contrastive Deraining(Shen Zheng, Changjie Lu, Yuxiong Wu and Gaurav Gupta) [1]
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(d) MSPEN (e) Ours (f) GT
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2.11.9 Gated Context Aggrecation Network for Image Dehazing and
Deraining(Dongdong Chen, Mingming He, Qingnan Fan, et al.) [22]
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3.3.1 Non Block-based Autoencoder
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3.3.2 Block-based Autoencoder
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Stages
PSNR SSIM
Input (150 31) 26.63 0.8250
Non-block-based autoencoder 30.71 0.9280
Block-based autoencoder 31.08 0.9195
Improve block#1 31.46 0.9241
Transfer learning autoencoder 32.12 0.9369
Improve block#2 32.40 0.9395
Output 32.43 0.9395
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Metrics
Method PSNR SSIM
Input 26.63 0.8250
GCANet 27.19 0.8579
SATLNet 3243 0.9395
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ANEHY 19.19 0.6492
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Method PSNR SSIM
Input 26.63 0.8250
GCANet 20.35 0.6596
Our method 28.44 0.9140




67

[y (%

1n915199 4.6 1Wun1silSeuiisunisauduszrinaluauddeiiu GCANet Famadns

[y

Aleann15IAUSEENSAINA8 PSNR ag SSIM WuINN1sauluitinueaanuidfadd PSNR way

SSIM igendnegaunn 1iee91n GCANet lilagnaanuuuiniusumiin myaududsldansnse

[
= v o o

aulad dnvadavinliusnauniluhe

4.3.3 NAdaUUITENSAIMNANTAUNUNITEUU
Tun1snaapuUsEaNS A5 UY [WUNISNAZDUAILATUADUNITINLUNEY 2UD
Funaulan1nn1saveu LW ot UN1sNAaaUISNITaUNUN T NI1TIIMUNNUNIN B UNTN

Tngnsduuniuuiannugndes 149 54U Fauuniia 15U ludiuvesumindinisdnuungn

(%
¥

95 5U d1uunin 5 3U aeduguiinesdglumanisauruiuniiviavan 154 5U wagguniing

Tuwarluvinyisvun 96 3U lnganunsauanasydniniiemisiseluil

a = ~ a a o &
15199 4.7 W39 UngUUTEananInUeIn1sauNunUn bagNuLuIvINSsuU

PSNR SSIM
AUNULUN 31.16 0.9255
AUNUNTIA 28.89 0.9187

a =3 [} P = @ 1 (% a a a

NATINN 4.7 LLAUINNITAVNULUNLUBLNSUNUAITAUNUNBUNUY 2UUSZANTNIN
a A o ° o Ao ° a P =
NANAYLUDININADIUINIUAUNUN 5 FUNLNITIIUNNALIFNTZUIUNTITAUR UL FlUAanIs
aunuun llanusavinnsauumtneanla walualureenssuIuNIsauluntniiusEanS AW
dinRunnlesandnisuusgUlulvmesluiun 55U Gaviliirives PSNR wae SSIM uaiiiies
< v
GIRVGE

4.3.4 Ne@uUILANTNINAITAUNUISY

N5NAERUUSEANS A NUBIN LRSI WHpsanklausaninIn Ground truth laaalal
aunsardSeuieulsyansnnlaeisnis PSNR waz SSIM g Tunisveassiidedinisnaasu

WBAUHUSY wWaLUUSUEUNUNNHUALALLNEWINTY  IAgNSNAZEUNNHUSINU

mslaustuundudsgud 6.27 fa U7 4.29



68

(n) (v) (R)

SUT 4.27 Wisuiien (n) meuasdaiu (1) mwaurtulagly GCANet uag (A) am

feunnsaueulagld SATLNet

(n) Gl)) (m)

SU# 4.28 Wisuie (n) Aweluasenadu (@) amaudulagld GCANet uag (A) am

frnunisaunulagly SATLNet

fisn : https://res.cloudinary.com/dk-find-
out/image/upload/q_80,w 1920,f auto/A-123rf-39618990 nqgrpdy.jpg



69

(n) (@) (M)

SUT 4.29 Wibuiiteu (n) mmeualsdaia (1) nmaurtulagld GCANet uag (A) am

felunisaveulagld SATLNet

fian https://www.maximum-inc.com/wp-content/uploads/2019/10/Rainy-Lamp-

Post.jpg

njUiansnsBsuiieunisaunuLsazisaziuIausoaunulalun sk

v o a v o

[ A 13 I ad @ @ @ [
ANWUEILUULAUNTS LLC‘]IUﬂﬁﬂJVILUuLiJﬂaﬂHﬂJSﬂaN mia“uNum%%mmléﬂ,mamuﬂ NYIY

[

lannuinasuldmesnudag niundanvazadegnnay T35 saudulumuidell

o

JAUHU
Snuzilaluseiuis wannsuAuISns GCANet azwiuInatunsaaurulaulsdiLuvonIn

wihtdu ludiuresnisnaaesausuminlunIngse uandaguy 4.30 fagun 4.32



70

(n) () (m)

SUT 4.30 Wisuidieu (n) Ameluasenadiu (@) amnnsaudulagld GCANet uag (a)

MnAEunsaunulagllaaanumin
N :

https://www.omron.com/global/en/edge-link/uploads/554 1.jpg

(n) () (m)

SUT 4.31 Wisuidieu (n) mMmsluasanadin (@) ammnnsaudulagld GCANet uag (a)

AnArumsaululaeltlumarunn
PN -

https://static.toiimg.com/thumb/msid-93975791,imgsize-91980,width-
400,resizemode-4/93975791.jpg


https://static.toiimg.com/thumb/msid-93975791,imgsize-91980,width-400,resizemode-4/93975791.jpg
https://static.toiimg.com/thumb/msid-93975791,imgsize-91980,width-400,resizemode-4/93975791.jpg

71

(n) ) (m)

SUT 4.32 Wisuiieu (n) mwstuaiasaidin () amnnsaudulagld GCANet uag (a)

AMnAEun1saululngltluwanungn

fian - https://files.ocula.com/anzax/a6/a63610a6-870b-43d5-ad 13-
e628fe7a06be 750 556.jpg

9In3UT 4.30 fa3Uil 4.32 aziiuanisnisaudutew3delanunsaauduldroudnad
Ferudulvgjaunsaaveenld | udidleungigazideaiunds -« dimsgyidesgasideni
AautvNauyIdanvaeliuasluunge Tuvazinisaurumtinues GCANet lianunsoau

dule 1esanindinsilnaeulagldnuiuniieaiiuu vlinundenuduingliaansaaula

NNINAdaUHLITItaaInmasUladlunwITel aunsoauruaselavsuUHuLU
wagiuniin - FelszAnsnmenadliifisuwiiunisaudusuudaasiedt  Wewinnsinaeu
luealigiudeyanmiiduasieiiuin  Msauruasudwhliliussansamnisauduiilyl

WBULI wagsanunsaavelule


https://files.ocula.com/anzax/a6/a63610a6-870b-43d5-a413-e628fe7a06be_750_556.jpg
https://files.ocula.com/anzax/a6/a63610a6-870b-43d5-a413-e628fe7a06be_750_556.jpg

72

4.4 JaUsEAnEnInvaIN1InTITUINguaRInaurulagly YOLO

4.4.1 MyInUsyansamlaglsn niudnnsizy

Tunisneassiidunisinuseansanvesn wilorinnisavelussn  1935n1905295U

% v

lﬂ' 1 o ;2 U % 5 lﬂgj
nLveveaauAMULug1vaInIn tagly Yolovs lun1snsiaduing lnenismeasnsatiayly
n:l' (9] 1 ug."/ Aﬁ' 1 < -zl'd
ANRNIEAE1U5aM593U AU Ground truth Wintu 11199371777 Ground truth LHun Wil

wngiuvas Wiy mnldaiunsansinduinglu Ground truth 19 awiliAnainnisausuis

(%
v = a [V

gnrian13nIaduinglusie  dauddimmegeunsiaduinglugiudeya Rainl00L uag
Rain100H Ml3l¥dmsunageudiuu 200 5U nuitausansiaduinglunin Ground truth

lensnun 36 3U wanswiveefazy 4.33

.
perasan: 43%

T
=

g

horae: 85%

horae: 62%

SUT 4.33 feg1amsnsaaduingainaim Ground truthlagld Yolovs
mMy¥avUszanBamaztihnmeuiignavesninsaduiagiisuiuamsuidslignau
oon lagazAnlUesouni1ugndesa1nn1siun1nd aunsaniasuingld Tnels
Ailsfindasiwunnugnsiedveinsnsiaduing lagluuisguvesnisauduiliansansiadu
Yqld shegredesud 436 vieluvnsdlaunsonsadulfifisanmauduminiudgud 4.35

vselunmaunsamIvinglanmundsguiiegun 4.36



73

Ground Truth

Denoised Image

100

150

] 50 100 150 200 0 50 100 150 200

JUN 4.3¢ fpgrannililanansansiaduinglalunimnu wazninauny

Ground Truth Noisy Image

W

Denoised Image

bl

100

150

0 50 100 150 200 0 50 100 150 200

JUN 4.35 g9 ninsInvuInglan v MnaUsY

Ground Truth Noisy Image Denoised Image

100 100

150 150

0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

JUN 4.36 98190 nInTI9dUTnglanza niaus
1AENNTNAGOUAMTIMNA 36 FU NuIinsnTaduinglunmeulansvun 14 5U

nvievan 38 3U Andumnugndeaindu 36.84% ludiesnsvageunindignauduesn

C -

wa amnsafmuTaglasiua 28 3U 910 36 3U Anlu 77.77% asiiiuiinisaudutiuanuse

9

HIgLUTEANTNMUBINTATINTU TR LANNE e



74

4.4.2 MyInUszansnmlaglonuas
lummaaestiazldiluasdlunmsmaaeunsiaduing lnunmnuilduansdegun 4.37
Feazunnelunmiduaniineutiamtdn  auinlrseazideauiedkidaay vselauua

Tesanndany diethluaudwiietluasiaduinglanagui 4.38

SUN 4.37 nMnruasaiinsiaduinglunmn

i : https://resize.indiatvnews.com/en/resize/newbucket/730 -

/2021/02/capture-1613549245.jpg



75

Noisy Image Denoised Image
05y R TTVR 0 iy
50 50
100 100
150 + 150
200 200

0 50 100 150 200 0 50 100 150 200

JUN 4.38 pmnisauduasfitlunsiaduingluam

n:l' [y 1 5 (9 1 4 I3 @ d'*
NFUN 4.38 zdunainlunnvesutunisnsiaduresitsasudnaiedusada @
LARANANSNRHULNTIUSNUSAYUATIANISYNUNBRANATN  wiklaTiN15auKWeanNaNAN

fou  wardilunsanduingnuin surluiignavsenaimnsansiaduinggnsies lneduindu

s08UA Y MAuIINITaUREEONINNINAITIBANUSEANS NN In 1 TauURULe



76

uni 5
ayluazdaiauauue

5.1 #3UNan15Y
endnustdnaueisnsauruesnanainlaglinisSeusizedn Tinguszasdiite

AN®135N1500NwUULASIES 19U ALT AN UTILUNHEY LazauluaanaINAIN Inedn1s iy

£
Y

wiaflaneganaulssinanannugiglunisavdusenainanlanuu Fevinlidaglues

UNIAIUNISUBIAUN N WY TwEea89n15015193UTRg MnaTIduinguasinuiuly

9

v

vnasslilansaningnienisiaela waimnvinsaununeunaznsafuingazaiunse

¥
a av A

Y} [ Y ] Y o 1 = Ly} :il’
n3337uTnglaiduegnef iummﬁ]au"mmmiauwuaqaauwum AULUN haseluudn a9
Snuaizvlununnaeiusg1eunn TunsalvaeluiuiiudnunzvaudinluaziaiuLenaen

niu wazaziuludaunnniwumin Tudruvewuninuuasiaudveddy uazegfniu

I Iy 1 a =3 1
17N ULUY AzUATININIIANI M URSElE U UDE19Nn

TuAnednustuyanisyinanusemdu 2 @11 tonn 1.d2UU99n 153 MUNRUUN Az

UUN 2.@7UVDINITAUHNUDDAINATNHULUT WagHTININ

Tudruusnlun1sdwunduu) wazdunidn lasannnifesdnisdwundunou
-d' o’.JI 5 o Yy dl' a d'dcu % % 3
L9991 TURaUNTAUR LT A3vinlaf i alindsindaulumanila nwazaukeniy f9duns
Iuunduiieglnnangninaeuliveniudieiindszdnsnnld lnstunoun1svenis
Puuniy gldreuligiulunisduundy uillssninmiugnaesilatdududiauianain 39
11911 Fusion model tatinuszd@nsninasinisaiwundu lnen15udn Weight vodluinaiis

o <, v | P v

daun5un U luwawsnazidunisunasulaglyniney RGB d@7ulunana@aald A nusuwuu

'
a a =

Canny @slvilszaninmangalunismvsuvewu lngUsednsaminannisnaaeuninely

(%
Y

Vlavda 200 2w daugneesit 98% uinndnisidmeuligduluinaiiietegamginialng

QnABIagN 94%

Tuduiasaduisnsaunueenainain IneazsunInignILunuININTUABUSN

= 1 @) ] I ! Y ! & ¥
azdin1suuseaniluassdiume d@1uresnisauduiul waskuntn ludiuvesduiuiduazly

a o =

15113 SATLNet Fan1elulaseasstiddiuidrfegfe Autoencoder , Improve block wag

o

Transfer learning Fwaelunisaurwunldidusgrsfiannisnageuaunineudivau 150 U



14

waziluiSeudisun nduatuildfau wuinawdnlnaauisoauduldiduenad uae
seanduaiundslunmdsogasulndideatunmsiuaty uiluunanmdinavdesossosves
dulSunsdau Tudhuveshmtinifuaglfifies Autoencoder wiiu wifinmusudusneunis
Anaourimunaessey omndnvarduiidinnrirlunsauruadusndmavdetesesry

¢ n1sauHuseuaRIluIILiNUTEANE AN TaUrule Tnedintsnaaeuiunindunin

100 N1 nuBansaaudulad uinvaziBeaiundzgnanatliegataay

5.2 Ugynuazdatauauug
Lasaudunsaiiuuluusnnbiannseauldindeswionun . Tagdwlngazedh

Ushuviesih fegasagui 5.1

JUN 5.1 fegensieuiiieuseninanmduady ez niiauruesnud s adniiosy

28
U



78

2 lunsalvasnisaudunin fauniiazausnaunuaanlaienus LAS18aSLD8ANUNAI

egnanasly wanwiiegeisgy 5.2

Ground Truth

Denoised Image
=
=2

= Y 1 ) = ! v Ly = Aa
E‘U‘V] 5.2 kAngmI08 19N SUIHUNEUIEUINININAUAUY NNWHU LLﬂSﬂ’]WN‘N‘V]QﬂﬁU@@ﬂ‘W@J

ngazduANUNaNanadly
5.3 WUANNAISHAIUIADLDA

1 uvesanlusensulianunsaladunimeadauluala

2 W lianunsaltdnsvaunuas e egnealiussansanwuniu



10.

11.

12.

S18N1591994

Zheng, S., et al. SAPNet: Segmentation-Aware Progressive Network for
Perceptual Contrastive Deraining. 2021.

Xianghao Jiao, Y.L., Jiaxin Gao, Xinyuan Chu, Risheng Liu, Xin Fan. PEARL:
Preprocessing Enhanced Adversarial Robust Learning of Image Deraining for
Semantic Segmentation. 2023.

Dor Bank, N.K,, Raja Giryes. Autoencoders. 2021.

Yoonsik Kim, J.W.S., Gu Yong Park, Nam |k Cho. Transfer Learning From Synthetic
to Real-Noise Denoising With Adaptive Instance Normalization. in IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). 2020.

Jason Wang, L.P. The Effectiveness of Data Augmentation in Image
Classification using Deep Learning. 2017.

W. Yang, RT.T., J. Feng, Z. Guo, S. Yan and J. Liu. Joint Rain Detection and
Removal from a Single Image with Contextualized Deep Networks. 2020.

H. Zhang, V.S.a.V.M.P., Image De-Raining Using a Conditional Generative
Adversarial Network.-2020.

X. Fu, J:H;; X. Ding, Y. Liao and J. Paisley. Clearing the Skies: A Deep Network
Architecture for Single-Image Rain Removal. 2017.

Moncef Gabbouj, E.C., Neal Gallagher. An-overview of median and stack
filtering. 1992.

Joseph Redmon, S.D., Ross Girshick, Ali Farhadi, You Only Look Once: Unified,
Real-Time Object Detection. 2016.

tutorialspoint. Sobel Operator. Available from:
https://www.tutorialspoint.com/dip/sobel_operator.htm&cd=4&hl=th&ct=clnk&g
(=th.

Sahir, S. Canny Edge Detection Step by Step in Python — Computer Vision.
2019; Available from: https://towardsdatascience.com/canny-edge-detection-

step-by-step-in-python-computer-vision-b49c3a2d8123.


https://www.tutorialspoint.com/dip/sobel_operator.htm&cd=4&hl=th&ct=clnk&gl=th
https://www.tutorialspoint.com/dip/sobel_operator.htm&cd=4&hl=th&ct=clnk&gl=th
https://towardsdatascience.com/canny-edge-detection-step-by-step-in-python-computer-vision-b49c3a2d8123
https://towardsdatascience.com/canny-edge-detection-step-by-step-in-python-computer-vision-b49c3a2d8123

13.

14.

15.

16.

17.

18.

19.

20.

21.

80

tutorialspoint. Laplacian Operator. Available from:
https://www.tutorialspoint.com/dip/laplacian_operator.htm&cd=29&hl=th&ct=cl
nk&gl=th.

Wenzhe Shi, et al., Real-Time Single Image and Video Super-Resolution Using
an Efficient Sub-Pixel Convolutional Neural Network, in CVPR 2016. 2016.
Rajeev Yasarla, Vishwanath Sindagi, and V.M. Patel, Semi-Supervised Image
Deraining using Gaussian Processes. 2020.

Dongwei Ren, et al., Progressive Image Deraining Networks: A Better and Simpler
Baseline, in 2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2019.

Kui Jiang, et al., Multi-Scale Progressive Fusion Network for Single Image
Deraining, in 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.

Tianyu Wang, et al. Spatial Attentive Single-lmage Deraining With a High Quality
Real Rain Dataset. in 2019 I[EEE/CVF Conference on Computer Vision and
Pattern Recognition 2019. Long Beach, CA, USA.

Xueyang Fu, et al., Clearing the Skies: A deep network architecture for single-
image rain removatl.-IEEE Transactions on Image Processing, 2017.

Hong Wang, et al., A Model-Driven Deep Neural Network for Single Image Rain
Removal, in 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.

Qiaosi Yi, et al., Structure-Preserving Deraining with Residue Channel Prior

Guidance. 2021.


https://www.tutorialspoint.com/dip/laplacian_operator.htm&cd=29&hl=th&ct=clnk&gl=th
https://www.tutorialspoint.com/dip/laplacian_operator.htm&cd=29&hl=th&ct=clnk&gl=th







83

(LLID) puejiey | ur sueacy L[ JO |1DUn0) Uapisald

(FuoynayuIry ) 1St 11014 D088y )
‘pueprey ] ‘unqeyiuoN ‘(N 1d) wwawadeuepy jo aimnsuf jemidefue e

ZTOT 19QWIAON *[ [-01 Bulnp ‘(LLID) pue|iey ] ut sueaq L] Jo [1auno) &q paziuedio

Y(ZZ0ZLIDuD) ATo[ouyda |, UONEBWLIOJU] U0 2DUIJUO)) [BUONBUIAIU] 19 dY) ul
Sururesd(q 3ewy 10) HIOMIIN SUILIEIT] JQJSURL | UONBIUIWINY-J[S ¥V
papnua saded v payuasasd K[ nyssasons sey
eAuRyIRWNYJ :c&ow J&}»wm_«—_uﬂ—aov_< wioyesje

184} AJ120 01 81 SIY
NOILVdVOILYVd 40 ALVOIAILLYHAOD

Mol puesey) -
w

NN om ._-_ U C_ mm.we._,‘ﬁ ¥3indWed (111 73

& V'V (198




84

smeurer QIEEE ECT] ATAT

Thalland Chapter ~ THAILAND SECTION === Assoclation

The 6" International Conference on Information Technology (InCIT2022)

DL [ e e
CALL FOR PAPERS

OVERVIEW

The 6™ International Conference on Information Technology (InCiT2022) is a premier forum for !

sharing research in areas related to information and communication technologies. We believe that "
fostering research encompassing intelligent technology and innovation for the future of society is | “
vital. Authors involved in those research areas are cordially invited to submit papers and present (

them at InCiT2022. The conference will be an ideal opportunity to strengthen collaboration |/
between researchers. It will provide many excellent opportunities for participants to exchange and’|

discuss new innovative ideas and research results, as well as enabling exploration of futurg

directions for cooperative research.

SCOPE

* Artificial Intelligence * Quantum Computing ®* Human Computer Interactaon
® Cloud Service and Computing  ® Natural Language Processing  ® IT and Project Management

® Computer Animation and Game *® Smart and Expert Systems ® IT and Mobile Appllcatnon

® Database Technology * Wireless and Mobile Networks *® Internet of Thlngs (A

*® Geo-informatics *® Data Science and Analytics * Augmented and V‘trtual Realty
® IT in Education ®* Communications and ® Platform Technologles

® IT Security and Privacy Networking * Signal Processing. |

*® Intelligence Communications * Digital Multimedia Technology * Bio-medical Informaths :

* Network Security and Privacy * E-Commerce, E-Education, E-  ® Web and/ntemnef Technolqg: 2s
f
]
|

® Pattern Recognition Industry, E-Society *® Other Related Topncs / /

CONTACT INFORMATION
Faculty of Engineering and Technology
Panyapinat Institute of Management (PIM)

85/1 Moo 2 Chaengattana Rd. 11120 IMPORTANT DATE

Phone: +662 855 0327 ; o e Ready
E-mail: incit2022acitt ac th=" : : : AT R R Registration Conference Dates
: : = 30 10% - 11
30"‘Jme 2022 31 July 2022 AUSUSt 2022 Septembe' zon Novembe! 2022

7 4 2 X

bcmou@ 2082 Nél LbB08 6 VO




0126 Inermtom] Conlerence on Information Technology (InC 1T} | 975-1-6654-89 1 26/ TEE1L00 ©02 2 |EEE | DOL: 10110900 | T 56006 2022 1006 7606

A Self-Augmentation Transfer Learning
Network for Image Deraining
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Absrrace— This paper proposes a self-augmentation
transfer learning network, a mew framework for
removing rain from i that imelud It der.
improve  block, and transfer learning as  key
components. The first step is (o remove rain wsing both
nii-blsck-based  awteencoder  and  block-based
antvencoder. Following that is the improve block step,
which was designed to improve the efficiency of rain
remival, The image will then be analveed to bdentify
rain streaks for additional trainieg o the transfer
learning awtoencoder step. The resulis will then be run
throngh the improve block again. In the experiment, we
wied PSNR and S5IM to measure the efficacy of rain
removal using 150 test images. On average, our method
viehded a PSNR of 3243 and a SSIM of 0.935.

Keywords-image  deraining; aufoencoder; fransfer
learning; image aug frm;  convolutions!  menrnd
metwork

L INTRODUCTION

Image deraining is an essential preliminary step in
computer vision that mvolves the processing of
images with rain. Deep leaming is now used in the
design of image deraiming methods to increase the
cfficiency of tasks such as ohject detection, image
segmentation, image recognition, and so on
Convolutional neural networks (CNNs) are used i a
variety of frameworks to remove rain and restore
image quality in rain streak-obscured areas. In
addition, the intensity of the rain is the main factor
and challenge of this work to achieve satisfactory
output image.

In this paper. we design a novel framework for
image deraining. There are three main components in
this framework: autoencoder. improve block, and
transfer leamning. The first two components are n
charge of preliminary removing rain from images and
extracting the rain streak arcas. In our image
augmentation process, the additional ran streak
images arc created from the extracted rain streak
arcas together with images that have already been
initially removed and are used in the transfer learning
step. So we call the framework we proposed as a self-
augmentation transfer leaming network.
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This paper proposes the SATLMet method for
removing rain streak from the image. The method 1=
designed to handle with two main issues.

*  Handle with the rain streak that is large and
opaquc.

*  Keep the tone of the output image the same as
the input image withowt distortion of
brighiness and conirast

1L RELATED WORK

There have been various studies that have
developed methods for removing rain from images.
Each approach has its own advantages and similar
components. The majority of them are based on deep
learning and can be divided into two types: general
CNN-based and autoencoder-based.

A, General CNN-based method

Many researches focus on the design of the CNN
model to remove the rin from the image [1]. (2], [3].

[4]. [5] which is difficult and the complexity of

designing structures for effective rain removal. As a
result, some research handles on the input image
before importing it into the CNN model. For example,
MSPFN [6] minimizes the mput image several sizes
and then imports to the CMN model Dragnet [7]
extracts mput images using low-pass filters and high-
pass filters before removing rain with the CNN
Model RCDWNet [8] extracts all rain sireaks to
determine the details and pattems of the rain, and then
rms the procedure of removing the rain. SPDMet
9] recreates the image channel as a way to prevent
image details that may be lost during the rain removal
process. JORDER [10] extracted key features of rain
from rain images, and then entered the CNN model.

8. Autoencoder -based method

Since the autoencoder method can be used to
climinate noise in images, there is a lot of research
that uses this method to remove rain, which is seen as
a form of noise in images. For example, gp-based
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551 framework [11] uses autoencoder trained in both
synthetic rain images and actual rain images. This
makes it independent to remove rain in many forms.
GCANet [12] was developed for fog removal and can
also be used to remove rain. The structural design of
this method uses the principle of auwtoencoder,
switching from a straight layer to a method called
Smoothed Dilated Resblock [13]. which solves the
problem of gridding artifacts of images from dilated
convolutions. MPRNet [14] s a method of
subtracting ramn by dividing it into mubiple states,
each degrading the input image in multiple sizes, and
using an anioencoder to learn contexiualized features
and then bring the resulting details together in the
next stage.

I, THE PROPOSED METHOD

This section describes our proposed method, called
a sclf-augmentation tnmsljtj: learning  metwork,
abbreviated as SATLMet. The structure of the
framework, 2s shown in Fig. 1. The framework
consists of three key parts: autoencoder, improve
block, and transfer learning, with the first part being
the rain remove using two types of autoencoders: non-
block-based and block-based. The reason why both
types of autoencoders are needed is because the ability
to remove rain has different advantages and
disadvantages. The first autoencoder section clearly
focuses on removing rain, but the background details
are also reduced. On the other hand, the second
autoencoder contributes to the matter of maintaining
the back d. but removing the rain is not good
enough. Once the results from the two autoencoder are
obtained, it enters improve block# | that was created to
improve main removal performance by taking
advantage of the previous two ram removal results.
The resulting images are extracted for rain streaks to
be used for further training in the transfer leaming
autoencoder section. The resulting image, then goes
through improve block#2, which has a slightly
different detail to improve block#1, which is
explained later. At the very end of the SATLNet
framework, it increases the efficiency of rain removal
by applying the resulting results to ﬂll: nput image,
finding the rain streaks of the input erg\: and then
re-subtracting it with the previous result image. This
will help to retum some of the background details of
the image that were lost in the previous step.

A, Non-Block-based Auivencoder

Autoencoder is a type of neural network that is
designed o leam the input image that is recerved o
be the same as the output image, so it can be used to
remove nmoise in the image The structure of the
autoencoder we use for removing ram is shown in
Fig. 3. It has a total of 15 layers. In the first part is an
encoder with 5 convolution layers. Next, it is a
section of latent layer consisting of 2 layers. Then
enter to the decoder consisting of 7 convolution
layers. In some layers, there & a concatenation
between the encoder and decoder to prevent data loss
along the way.
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B Block-based Auwioencoder

Using the Block-base technique is one way to help
reconstruct the image. It divides the original image
into sections of the same size as shown in Fig. 4. In
this work, we used 240240 input images. subdivided
into 9 blocks with a see of 8080, The reason why an
image size of 80=80 15 required is because the ram
streaks are a large noise. If we use a small image size,
the rain streaks ane ted until they look
ambiguous. There may alse be a lot of blocking
artifacts. As a result of the test, an image division of
BO=80 was sclected, which is the appropriate size of
the input image. The structure of the block-based
autoencoder 15 the same as the non-block-based
autoencoder. The results can remove the rain well to
some extent, but the background detail is better done
than the non-block-based sutoencoder.

. Improve Slock
In our framework, two improve blocks are used,
which have a slightly different structure. The first
block, called improve block#1, as shown in Fig 2.,
extracts the key points of the resulting image from
both the non-block-based autoencoder and block-
hased autoencoder steps. It switches the rain streak
characteristics of each step and compares the
performance to deliver the best results to the next
process. The improve block#1 has received three input
input derain 1. which is derived
gﬁﬁmﬂmmd wuwwmdcr and derain
image£2, which 15 processed from  block-based
autoencoder. Mext, the rain streak images of the two
images had to be found by deleting them with the
input image. Afier that, take them through the binary
thresholding process to obtain binary rain streak
images called rain region. At this stage, we get two
rain regions, rain region# | and rain region#2, both of
which are taken to AND with rain streak images
again. The rain region#1 will be AND with rain streak
image#5 and ram region#2 will be AND with rain
streak image#3. Occasionally, the results ohmined
from the non-block-based autoencoder and block-
based autoencoder hawve different details and
characteristics of rain removal. We took the rain
region to AND with the rain streak to preserve the
location of the rain streak and climmate unncecssary
bucl:gru‘und details. After that, the two ram streak
umgcs are taken back to subtract with the original
rain image to get result images without rain streaks.
The result images are imported into the PSNR
comparison to compare the performance of which
images are better and are sent as output images to the
median stack process. The median 5Eck stcp,gcwhlch s
the determination of the median value of the pixels
that are nested between the derain images#1, #2, #6, to
increase the eﬂ'lcmy of rain removal. Next, the
obtained output image will be subtracted from the
ariginal image for rain streaks as in rain streak#7 to be
sent to the transfer learing avtocncoder process.
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Figure 5. Some part of the improve hlocka2.

Some part of the mprove block#2 is shown in Fig
5, which has only slightly different details when
compare to the improve block#1. The input image is
the derain image#3, which is the resulting image of
the transfer leaming aumtoencoder. In addition, the
result of the PSNR C son 15 the derain image
#8, which is directed to the median stack stage with
the derain image#3 and the derain image#2 as the
result of removing rain through the block-based
autcencoder. Mext, we get the image as the derain
image#9 and then put it back in the median stack
again, resulting in the removal of the rain as in the
derain image#d.

0. Transfer Learning Autoencoder

Transfer leaming is about learning from previously
trained models to adapt them to the data we need. The
purpose of this section is to train images from the
datasct that contain only rain images with the same
characteristics of rain as the input images. It hegins
by applying weight from a non-block-based
autoencoder model to transfer leaming process, with
the dataset being tramed from image augmentation
using rain streaks extracted from the resulting image
in the stage of the improve block#2. For this reason,
we call this a self-augmentation transfer leaming
technique. The dataset that is used in this process has
the same rmain streak characteristics as the input
image. As a result, the efficiency of rain removal has

improved.
IV. EXPERIMENTS

A, Dharasers

In the experiment, we used 368 synthesized rain
images from the Rainl00L and Ranl0OH [10]
datasets. The 200 images from Rainl00L, and the 168
images from Rainl00H are used in the training
process. In the image augmentation step for the
transfer learning process, only images from the
Rainl00L datahase are used. In testing. we used a
total of 150 synthetic rin images, including: 100 test
images from ranl100L and selected 50 images from
the dataset [7]. To test on real rain images, we used
the input images from Rain800 [15] dataset.

B Metrics

To measure the cffectivencss of our framework,
we used the Peak Signal-to-Noise Ratio (PSMNR) and

the structural similarity (SSIM), which are caleulated
to compare the resulting cutput image with the ground
truth image. As for testing with real rain images, we
don't have ground truth. so we can only make
comparisons based on human view of how well the

rain has been removed from the image.

(. Training setting

There are several autoencoder parts in the
SATLNet framework. For the training process, the
Adam optimizer is used with a leamning rate of 0.001,
a batch size of 16, and an epoch of 500. Only the last
three layers are trained with an cpoch of 100 for the
transfer learning step.

0. Results of each stage in our framework

This section shows the effectivencss of each stage
in our framework.

TABLE L. RESULTS OF EACH STAGE I OUR FRAMEWORK
WHEN TESTING ON OMLY A IMAGE.
Stage Metrics
PEMR | S5IM
Input (1 image:rock) 3103 | 08677
Non-block-based sutoencoder 3749 | 09618
Block-based anteencoder 3709 | 0.9539
Improve block#1 3758 | (.95EE
Transfer leaming autoencoder 38.42 | 09651
Improve block#2 3874 | 05671
Output 3896 | (991

TABLEIL  RESULTS OF EACH STAGE IN OUR FRAMEWORK
WHEN TESTING 0N 150 IMAGES.
Stages _Mcm::s
PSNE | 55IM
Input (150 images) 26.63 | 0.4250
Non-block-based autoencoder 3071 | 09280
Block-based anioencoder 3108 | 0.9195
Improve block#1 3146 | 0524]
Transfer leaming sutoencoder 3212 | 09369
Improve block#2 3240 | 09395
Dutput 3243 | L9395

Table 1 is a comparison of performance by using
the reck image in Fig. 6 (the first row) as examples to
show PSNR and S5IM values to compare the rain
removal capacity of each stage. Starting with the non-
block-based autoencoder versus the block-based
autoencoder, 1t 1s clear that the PESNR and SSIM
wvalues have increased and in some areas of the output
image still leave little trace of rain. Mext is the stage of
improve block#l, which can further increase the
efficiency of removing rain from the image following
the autoencoder's procedure. When entening the
transfer leaming autoencoder stage, it was found that
it can further enhance ance, since it is ramed
using rain extracted directly from the previous step.
After that, the image is loaded into the improve
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block#2 to remove the rain as the final step in
producing the output image.

Table 2 shows a comparison of the performance of
the rain removal capacity of each step by showing the
average of PSNR and SSIM from a total of 150 test
images. It s clear that cach step of our framework
contributes to a continuous increasc in the average of
PSNR and SSIM.

E. Comparison

Table 3 shows a companison of average PSNR
and SSIM values from a total of 150 test images,
comprising 100 images from the RainlO0L dataset
and 50 images from the dataset [6]. From the
averages of input images, GCANet, and SATLNet, it
is clear that our methods provide higher PSNR and
SSIM values than GCANet. It has the ability to
increase the PSNR value from the input image to
approximately 6db and about 5db more than
GCANet.

TABLE L. EXPERIMENTAL RESULTS ON 150 IMAGES FROM
RAINIOOL AND DATASET [7]

Dataset (150) | Rainl00L (100) + dataset[7] (50)
Metrics PSNR SSIM
Input 26.63 0.8250
GCANet [10] 27.19 0.8579
SATLNet 3243 0.9395

Ground Truth  Input image GCANet

PSNR,SSIM 32.21,0.9080 W0.02,0,8762

24.75,0.7184 25.09,0.7615 WM
l I
g - } - = B - ‘-
PSNR, S5 281708007 29.26,0.8443 34.11,0,9680

Figure 6. Comparisces of GCANet, SATLNet for rock, snake,
mountan and g ffe miny images.

388

33.51,09283

Geownd Truth Input Image GCANet SATINet

Figure 7. Comparisons of GCANet, SATLNet for tram ramy image.

Fig. 6 shows a companison of the cffectiveness of
rain removal by various methods, with the first
column showing the original image without rain. The
second column is a image with rain that needs to be
removed. The third column is the result of removing
rain using GCANet, and the last column is our rain
removal method SATLNet. There are 4 examples of
rocks, snakes, mountains and giraffes. The results of
GCANet show that it could help remove rain to some
extent, but the PSNR value in some images is less
than the input image because this method distorts the
colors from the input image. Whereas our SATLNct
method can provide output images where the rain is
reduced and retains the same tone as the input images.
From the stone image, the difference m tone is clearly
visible. The color of the output image obtained from
GCANGet is darker than the input image and the output
image from our method. From the snake image. the
SSIM value of our method is high, while GCANet
provides a smaller SSIM value than the input image
duc to the loss of some of the image details. This 1s
obscrved from the desert wave marks in the upper left
comer that disappear.

Fig. 7 shows a train image with a zoom in the sky
arca of the image to observe the differences i the
output image obtained by removing the rain of cach
method. GCANet provides an output image with a
different tone than the input image, which i1s why
PSNR is less, but nevertheless still has a good ability
to remove smaller and not thicker rain streaks.
GCANet still cannot handle large and opaque rains,
leaving a trace of partial rain removal. While our
SATLNet does not affect the tone of the output image
when the rain is removed, it is also good to remove
thick and solid rain.

Figure & Test on a real rainy image.

Fig. 8 1s an experimental result of real rain images
taken from Rain800 dataset by removing rain using
GCANet and SATLNet methods. We found that
removing rain using GCANet can well remove thin

by UniNet. D
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and small rain streaks, but large and opague rain
streaks cannot be removed. While our SATLNet

method is able to remove large and thick rain streaks,

cnly a small amount of rin remains.

F. Tesiing time

The computational time for 150 images is
investigated  during testing. The GCANet method
takes about 30 scconds, but the SATLMNct method
takes showt 300 minutes. This is due to the image
augmentation process that takes place during the
tranzfer leamning step.

V. COMCLUSION

We propose a framework for removing rain from
images called SATLNet Both non-hlock-based
autocncoder and block-based autoencoder are used to
remove rain in the first step. Then enter the stage of
improve block, which improves the efficiency of rain
removal by comparing the details of previous rain
removals to obtain 2 well-detailed outpat image. The
output image will be used in the process of finding
rain streaks for image augmentationn  step. The
transfer learning process uses only the extracted rain
streaks for the input image to be re-trained by the
same model in the first step. Finally, it will be re-
entered imto the improve block to increase efficiency,
so that the rain in the image will be removed. Our
SATLNet method has good ability to remove both
thin and thick rain streaks. In addition, the color of
the outpit image is not distorted when compares o
the input image, resulting in PSNR and S5IM values
are high.
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