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CLASSIFICATION METHOD USING DEEP LEARNING THESIS ADVISOR :  SOPON
PHUMEECHANYA, Ph.D.

This thesis presents a method for spatially increased diseases area of training
data. We were called Local-based images augmentation or LoBIA in order to train
model for classified plant diseases using deep learning which is a way to increases
information to the image with spreading random data on image of leaf area.
According to above method, it is different from data augmentation of general form
that it is adjust image overall such as: image rotation, image colour adjustment,
brightness adjustment, or generated noise etc. This method is called Global-based
images augmentation in this thesis. According to LoBIA method, it will provide
disparate data and similarly realistic disease generation data on leaf. Accuracy value
of plant disease type classification from using deep learning model that trained by
Original+LoBIA dataset. It produces results that close to or greater than deep learning
model that trained by Original dataset and Original+Global dataset. Using the LoBIA
training dataset will have amount of training data is smaller than using the Global
training dataset, allowing the model to learn faster and save on computer resources.
In this research, image datasets from online databases Kaggle and PlantVillage were
used research. It is data on two types of plant via grape leaves diseases dataset and
potato leaves diseases dataset. Models are used to training datasets consists of our

Convolutional Neural Network (CNN) model, VGG19 model, and MobileNet model.
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7511511 Global-based image augmentation Wa¥ Local-based image augmentation
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Wenlinusiuanadaguil 1.1

— Black rot

Black measles

Classification ]
Grape Diseases

Framework — Leaf blight
— Healthy
Grape leaf
— Early blight
Classification
Potato Diseases — Late blight
Framework

— Healthy

Potato leaf

a o a a s
E‘U‘Vl 1.1 AMWFIUNTNINUYDIINYTUNUS

Ingazdunsihnivvesdeyalsafivuuluaquiiuiu ¢ 1sa laun Black rot, Black measles,
Leaf blight waz Healthy wazlufun$agiunu 3 15a lgun Early blight, Late blisht waz

Healthy unlglunisnaasalagisuainnisdininluvinisulsdinusnaidulsaieild
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afgadeyarnasulviulumanisiFeusidednfieanwuy (CNN model) waztluinadnla
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Y Y
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Inguasimuyuduauiu (Visible light) agilluuasiioglugisanueindu 380 wiluwns

750 WluLAS (380 nm - 750 nm) Useneunie 7 & tagisuannddlg a@nwn auku den &

WiRea Jdu uavduns mus1AY uanagun 2.1

< Increasing Frequency (v)
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' | 1 1 ' 1 l | | ' |
¥ rays X rays uv IR Microwave |FM| AM| Long radio waves
Radio waves
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10" 10" 10" 10 10t ) it 104 10 10° 10° 10 10° 10* A (m)
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Increasing Wavelength (A) —

Visible spectrum
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i - https://www.beng.com/th-th/knowledge-center/knowledge/what-is-accurate-

color.html
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\waa3UnTIe vse Cone celliluannigluastszamanidanulinouasiosus
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g1IAFULTT 564 UIUUAT LAAIRIFUN 2.4
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i3 + https://www.wikiwand.com/th/igadsuuas
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AalAIINLaraIN1I0sUSnaslauINNINeaa JUNTIETRE NN TuLasadIlan weld

a111509uUndLe [18]
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431990493 (Lightness/Value) LazA1AIUBNATIVRIE (Saturation/Chroma) flauanslugud
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i : https://www.subpng.com/png-b2601i/download.html

Anand (Hue) WupuautAnszyIndudladnils Inaluszuu Munsell asuvuand
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a

20U 10 Wad Usznaumiennanan 5 aadlawn dune dwdes A7 AUNEy J1h9 way
RAATDILANINNNITHNAUNUYBURAFNANDN 5 LR b kN Ady ATgrasd A0e1UNNY 3

1 90’ a a0 U dﬂ'
UWUINY BASFUINLA LLﬁﬂﬂﬂﬂg‘U‘V] 2.6

U7l 2.6 landvdnuaziondseuedsyuud Munsell
fisn : https://munsell.com/about-munsell-color/how-color-notation-works/munsell-

hue/

1 1 = . I wa 1 H LY 1 1 I A o

AIAIINEAIN9909d (Lightness/Value) LUAMENUATDIATUINUNDDULNYDINGNERN
a = PR N ' a o = a ! ' a0 o a
A wazdwn lnedauinineauwa 0 (@nn) IUQUOQ 10 (@017) KLATAITENINNAAINUAVID

puaduA1dInTnsEnIeden 2w 8917 Ineeumitinding 1Sen11 Ardnais (Neutral) A0
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! ! 1 I aa 1l wa J a 1 I a 1 % C% =
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Y
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9 \ianshauminaindgeuan (Low saturation) WE@Niiaudnduan (High saturation)

wanaRagun 2.7
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Saturation

JUT 2.7 dnwauznislaseaudluszuy Munsell

3%UUd CIE

syuvud CF W usguu CE (Commission International de I’ Eclairage) %50
International commission on-Illumination #wlussAnsfidunuinafglunisiivua

Yy o s Ay o A= & a o | 1%
wnsguaud lngesdnstilanimunuinsgiunisindsaduneensuegiaininewinduiinis
Fnsuarn1sideAeszuud CIE lab scale Wussuudngniiauinnainssuud CIEXYZ agld
UT58188 wAd 1387 Lagidu waillssanseuusiinanldaunsafiagussensfemnuiinging

NG

aada o aa A

dmSuszuud CIELAB \Jusyuudniidnwagnnsussensnuy 3 8/ Ae L*a*b*
Taglunnu L* 9zussenefer1n11uadng (Lightness) 909d1nA1 +L* wansdeden auld
f4 —L* uanafieden unu a* WWuunufiusserounudann —a* uansdiden lauds +ax*

wananadnae wazludiuveawny b* ztdunnuldussenewnudain —b* waninadtEy

Tauds +b* uansdsdinges uanalaragui 2.8
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Green Red

+a*

Black
JUN 2.8 58UUE L*a*b*

fian ; https://xn--12cf0dj0aaufkrolOai2méabdp.blogspot.com/2014/06/lab.html

2.1.3 nswasuiing

AMNTZAUAWN (Gray scale)

Ao

ANTLAUFNT ABAIN V12-01-A1 NATEAUAIULTUVDIFSUN 0 D19 255 (8-bits)
WARaRaguUN 2.9

255

[y

'gﬂﬁ 2.9 S¥AUAILTL gray scale 0-255 (8-bits)

TngA1ANNtLBIsEAUEIMAinaInNswasn g RGB 1Wunw Gray scale mlamienis

WARAvesAav @ Ndfaun1sA (2.1) wagluaunsi (2.2) Wuaunisnisuuasnin Gray

¥
o Y 1

scale AflinminvewiazdfimnzautazanulndlAssiunisueaiiuresmuyeduniign

wadmsTlAdulunusui 2.10 [19]

R+B+G
gray_scalezT (2.1)
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gray _scale =0.299R+0.587G +0.114B (2.2)

Gray scale

gﬂﬁ 2.10 naswmsueensuuasnn RGB tUu Gray scale

AMNY1-A1 (Binary)

Am1-61 1WUN15HUaININaIA gray scale 0-255 (8-bits) Tl unniiufay

a0 1

Anwaidayaruin 1 Un Aediewa 0 AU 1 luszuufaa lnes 0 aziladudesinay 1 a0

kY

udn wanedaguil 2.11 nadwsveanisudasnn RGB L Binary3ud 2.11

RGB Gray Binary

gﬂﬁ 2.11 naanwsvesn1suuainin RGB tJu Binary

Wuni1suvasnin Gray scale Tiiunin v11-a1 lagnivuadeulva1inmue
(Thresholding) Inefignfinialauunin Gray scale NilAAuaINtpniAnusIA LAy
Jue 0 uidfinalafifaiaiuadnauinndiannad Anwatuazgnunuiiaisieiay 1

Hulumuaumsi (2.3)

. 1 ; gray_scale>threshold
binary = (2.3)
0 ; gray_scale<threshold
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CIELAB

| aa

CIELAB %30 CIE L*a*b* 1Judrdngniiannlag CIE fignifamunanaind1d CIEXYZ

Y

[y

F9 CIELAB gnihanldiduaunasgiuvessyuvdludaqiu iesandsluuuseaudniaiig

a

TndAesdunisueufiuvesnuywdunfigawazirenenisinlulduazinluseuiisy

Usznaumedinla 3 a1 leun L, a wag b laef L* Jumsiudanuansteniuilauay

a o = ¥ =)

A7199998 151970 L =0 nuneded@auvseniuiin wazlaseauluauds L =100 nunedsdun
VIOAUAIN a* AeAlamzvetandlaglnseiuagiulaln fie -128 D4 127 laefiunuils

£ 1 A A y ~ 1 by A =
—a* MNUAAATYT WATLAUNIGEN +a* MU18T9AEN1EELAY b* ARANIEYDRNE

WUREITU a* WAdLagUULAY b IAgN ~b* vungfemduuiladunty uaswaule +b*

VUNERIANDIEMRDY WanIRIgUN 2:12 120, 21]

White ;
L* =100 o Ar+

+a* =128

gﬂﬁ 2.12 CIELAB color space
#i11 : “Innovative Tin Electrolyte combining high technical standards with significant
cost saving potentials,” by Olaf Kurtz, Peter Kilhlkamp, Jurgen Barthelmes, Robert
Ruther, Din-Ghee Neoh, and Sia-Wing Kok, 2012, International Electronics
Manufacturing Technology (IEMT) [20]

105U 2.12 dAvhudananiiinedatedduszuudl s AL*, Aa* WAz Ab>
Junasnsvedveuwsiasunuuuuny L*, a* uag b* lneanmadninaitidnazgnunlulady

MusumAuAaIARRauYeIsEULd CIELAB lnefisunuudeyafianavssesinnisunlufe
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SULUUTRY AT NANARAIAUNRBINITUTOANAAANTUAIAIIUARIAARDY fAIBE1UTU 01

al £ o

v a a K d' = o & { =] N A - o 1

JoyailA1 Aa*iiundiAaaianieudedllunizdewiinisuiuamdunmisedileielian
a4 i v

AaRLARoUBglUYATIfeINTS

(% b}

seuvd CIELAB Heugninluldanulugnamnssudwsuvinunsgudiviuinguse

q

<

mesuaddefidundenanldlunisiuieuiisuiussuvresgunmiuszsuvdou o lu
NATENsUABUsEUUE sRGB wnlusyuud CIELAB anwnsamuwialaainaunisi (2.4) 8

(2.6) lunsdifidnwes X /X, Y/IY, uay Z/Z, fewnnin &°

L*=1163Y 1Y, 16 (2.4)
a* = 500(3/X 1 X, =3V 1Y, ) (2.5)
b* =200(3¥ 1Y, -3z 1Z;) (2.6)

Tunsaifiewes X [ X, 1Y uag Z/Z, Setesniwiewiiu 6° agaiunsa

funadldanaunisy (2.7) 8 (2.9)

L*=903.3(Y /Y,) (2.7)

a*=500| 7.87 [i—iﬂ (2.8)
L Xn Yn

T 7_87(1_5]} 09
L Yn Zn

oo X, Y waz Z Wuadildainseurvd CIE tristimulus Aulavnlaainaunisi (2.10)

X 0.4124 0.3576 0.1805| R
Y |=/0.2126 0.7151 0.0721|| G (2.10)
z 0.0193 0.1192 0.9505(| B

[
= 1

X, way Z, Wuadildain CE tristimulus 299ua3d@319390uag AuuAazuInsgu

n Y

STUVANAINUA hAAIRIRANAIA! TUNULKRAINITD199 Lazm15199 2.2 CIE 10

Degree Standard Observe

Y, =100, 5= 2
29



v v P ° ' * * *
INANNITTNAULLOWINITNIANYDS Lx e, 8%, b samples L

* v h*
a standard ey b

(2.11) 99 (2.13)

31971 2.1 CIE 2 Degree standard observer [21]

CIE 2 Degree standard observer
Illuminant X, Z,
A 109.83 35.55
C 98.04 118.11
D, 95.02 108.82
F2 98.09 67.53
TL 4 101.40 65.90
UL 3000 107.99 33.91
D,, 96.38 82.45
D, 95.23 100.86
D.; 94.96 122.53

3197 2.2 CIE 10 Degree Standard Observe [21]

CIE 10 Degree standard observer
Iluminant X, Z,
A 111.16 35.19
C 97.30 116.14
D, 94.83 107.38
F2 102.13 69.37
TL 4 103.82 66.90
UL 3000 111.12 35.21
D, 96.72 81.45
Dy, 95.21 99.60
D, 94.45 120.70

standard

15

standard ’

1AWaIALUIUIMINEAIS AL*, Aa* WAy Ab* laA1uaunsy
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AL* =L e —L *sundara (2.11)
Aa*=a*g e =% dard (2.12)
Ab*=b* e D™ sandar (2.13)
ﬁllﬂ'ﬁ‘ﬁl (2.14) L‘ﬁuwammaamaﬁmﬁmm
AE* = \J(AL*) +(Aa*)’ +(Ab*)’ (2.14)

YININUUTIAIUITONIAIAIINDUFAIVB9E (Saturation/Chroma) baa1nn1517

NARNIYDIANIAINNDUAIVDIE (AC *) WAaTIIAMNATDLRAE (Hue) lAannnIsuiNasIeseniIng

Y

LUATDE

[

URNNIN5FIU (AH *) FeagoglusUuuuiiingata (Polar coordinate) lamu

aunsi (2.15) fe (2.17)

AC*=C *sample —C *stan dard (2.15)
C*=.J(a*)" +(b*)’ (2.16)
AH*= J(AE*) =(AL*)’ =(AC*)’ (2.17)

Waunsi (2.14) unuluaunsi (2.17) Ieauniss (2.18)

AH*= \/[\/(AL*)Z H(Aa*) +(Ab*) } _(AL#—(AC*Y 218)

AH* = J(Aa*)" +(Ab*)’ — (AC*)’ (2.19)

A1NITNTT AU DYINNNTUAINI DLENTOIVDIAMUEIU L*a*b* 99NUIWAILU]

HAGNSMETUNIVLA 3 JULUU Uanenagun 2.13 LAB
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(n) sRGB channel (@) L channel

(M) a channel (9) b channel

JUN 2.13 LAB

N3UT 2.13 anduntswansisesdussneuvesgiud Lra*b> Uszneulusie (n)
LAAIEIUE SRGB () WARIEIUBIAUTENDUVDIAINAINNVD9E AD L channel (A) LanDsenu
99904AUSENBUALAITUATET A9 a channel way (1) 1UpIAUSENAUVBIAMARINUALNRY

A8 b channel

TneLlnanaNa15anLAazeny L channel a¢uanina9nlsenauvadnINuaINuesd

1 v a J

Inefledunnanguireiuasiiiuiddfnneuididanuainsey 2 dlaedotludisuiunn

=

RGB aztdusiniswesdiudesnuailendududnilodunafiign1asiiui Ao utnainening
au udasiilainflegniled@nlifanisdsundadle q Asdimmszillesainddmtuiduid

[y

nliAanuadeglugisenindmiuaviviernansiiansugui 2.9



18

a A I3 a s aa a = U
NA1TUN a channel LLTUNITNINTUIVDIBIAUTZNBUANLAAINNFLAIN ULV

=% 1 a o = A d'

= [ A 3 i A d' LY a o
Lll’e]ﬁﬂLﬂﬁ]E“U‘Vl 2.13(A) ALLAUINAVAYUADIDUV N UUILUDUNUIAINNDNDUNUINUA LALLUD

13 < I

thluwIeudieutiuguil 2.13(0) Aagiiuvindudmdevesiwmisdunsivdiden Tngaziiiuld
Taunaiiedunnly a channel sgidudmasuiainuilesainindogluunuves ax 3Ingud
2.12 Aunsazegluiliveany +a> wasdlothaildludmunfasia L* funninddend
ogyE —a* 3917l a channel Aunsagilosdusznouresrmiuainannnin@ides lu

° = Y} = & ' A a s aa a a A v
UDUALINUVDY b channel FUUULIUNILNANTUIVDIDIAUTLNDUFNLAAINALNIDINUE

[% 1%
o a a

Wy Tnendwiesazeglumils +b> wardituazegluniels —b* vuuny b* uaziile

daunalugui 2.13(3) Wleuiuguil 2.13(n) Avziiuinesduszneuvesdindesazainainindi

a |

[ wrognelsfinuasiiiudmislugui 2.13(@) wazgufl 2.13(3) Aivdeuvetesdusznaudim

Juvieldmsizidesanidudniainais (Neutral) Fernarstduazluliiwadle 1Ju

6 1
BNEERRILRGE!

2.1.4 guasina SLIC

a 1 N v

guWosiinagnilenninludnuvauzsduuutesnisiangudeyavuiiniwanianvase

' '
a % LY =4

Ad1e U vwn wied edigiu Ieedudanasiiungnununldlusunieiiu Computer

vision 8% Image processing @81ININANY LU IUATUNITLUIAIUAIN NITUIAUNLIY

fvilsde nsnsradusasfnniuing Uusu

TunsutsduninaesgUilosfinwafunszurunisutdudmvosnmiiinainnis
sufuremansinmasenduvatsiudniiiodesoninilUTinset ndnfe n1sutsdiu
awAenszuILNTazAmuathelifunneuiesfinwaiignuusly Welviguiesfinia
finwafifthomfuiefuazidnuusamehutiuiensdumiuiivazvounvesing

LLaméﬁ’qgﬂﬁ 2.14
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JUN 2.14 fegrednuaiznisikusdiunmelegUiUasiiniga

i : “SLIC Superpixels,” Ecole Polytechnique Fédrale de Lausanne (EPFL) [22]

9nlugud 2.14 mwdugiiosinwatuaznenamdanduuesfinwanais 4 fin
wasnegsmfulaeneremazyiinisanaulinieaiieglndfiu wazddnnaundudamiloudy
1niian

guiasiiniga SLIC (Simple linear iterative clustering) tuaiiavesguosiinia
wilsfinsdanguuesiiniga Tnewdeunnmesd 3 A vesgunimain V,, =[r, g,b] Wu
V.=[l,a,b, x, y] vua 5 T Taeit [I,a, b] Wunnmesvesineadluuigid CIELAB uay

[%, ] Wunnmessmuniwesiinisasig 9 [22]

n13vanTes SLIC Bulagnsidensrnugdwosfineadiuiu K du lasads
YBULIAFI0E19TUNT VIAAINGAINANNIT Co=[l. ac b, %, v | # k=[L K]
syariarnsaienanssenigUwesineald S=N/K 4 N Aedruiufinieaves
sUan uaz N/K ﬁamumﬁuﬁ%awummfﬁﬂwa LLﬁzﬁ’]ﬂ’]igﬁﬁlﬁﬂLLMﬂﬂQﬂﬁQﬂﬁ’]W@ﬂ
squLiJa%ﬁm%aﬁmlﬁlmj [14, 23, 24] naun5#t (2.20) 9 (2.22) Tngagyienllides g

UNTENIDANUINNAILT

dy =(L 1)’ +(3 -2 ) +(b,—b))’ (2.20)

de:\/(Xk_Xi)2+(yk_yi)2 (2.21)

D,=d,, +(gjdw (2.22)
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loghl  dy, A0 svEEuUYAaAveeUINNE CIELAB
d, fie sweEMUUUgATALLTEINY XY
D, e funiaganainanvesgUivasiinealu

m  fie AenuviwkduvesgUiesiinga Wura

2.1.5 lasevreUseanmiiey

Mitochondrion

Dendrite

Cell Body 1 Cytoplasm

Y. .
-~ Golgi apparatus

Axon terminals

Nucleus

sU# 2:15 waduszam (Neuron)
fian - https://ichi.pro/th/kar-reiyn-ru-serim-srang-smxng-laea-citwithya-phun-than-

thang-prasath-withyasastr-1-141597428538670

TAssUeUseamuion 158 “Neural network” A8anasNuNINasdsguLuuUNg
MMauveswadUszain (Neuron) veeunuwdniguil 2.15 lnswadUssamudazioanazil
U nﬂ' q" o % b4 U dl' 2 24 a
anMsaea1sBaiukaziuINNITgnnsEAuYesAndluil Welwaduszamgnnseduaziin
NIMBUAUBIAIENISABUANNANNFNG Feaziinadnsilu 2 dnwae Tonn dnwasLInazLina
nszuaUsraImMilaiinsanseAuLAiuYaulInn1siin (Threshold of excitation) A® A¥inIs

dll 1 (% (7 (3 = G v d‘ 1 a d‘ t 35 1
doanssenuliduraaussamau Vﬁ@ﬁﬂ’tﬂﬂd%‘ﬂﬂ@ﬁ'ﬂ511]Lﬂﬂﬂﬁ%LLﬂU'ﬁ%ﬁ']V]LJJE]LL?Qﬂi%G!UUUi@J

a

a Y A 1A I a 14 o s o o
Auvaulwan1sii Ae azlidiivseldarunsafndedeasluduvaduszamdu uanasegy
2.16 AngUTRuIzdodusInsEAuvasdndlnihfunnndt -50mv Geazlinssualszamiva

lUduwaaUsyamdu nanfe WelwadUszamisuaudsdyauaindiwas (Cell body) Nu

wnuUszam (Axon) lUdsgauszaiulszam (Synapse/Axon terminals) Feaziludaui
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nshnsiedeansrsedid U wradussamdurtumaduloUszaim (Dendrite) i 909

wadUsvarminnisaeansiuiiesiilundnnisdragmihluszgndldiulasaineyszam

=
Wl [1]
Action
potential
+40
=
E Sf |z
o O T °
=) N =}
il 5 ey
S g !
4 3
< [Threshold \eied
initiations
70 . Resting state
StimquST
0 1 2 3 4 5

Time (ms)

g'ﬂ‘ﬁ 2.16 fneza1u (Action potential)

fian : https://th.wikipedia.org/wiki/lg:Action potential.svg

« P = oA 3 ! s & a o w o

wuladn NsWeNsedealsvanwad st A mMIEIuwaddudsdAglunsvinu

! < o = = (Y
vaslaseUngUszain vuiakazaNLd s wesgalszaululIsidsuuUadluiued iy
Usraun1salmaseusni i veagaauseaim delaswtgUssanniieuliieuuifindan

Usegnaldlagazisunida “Synaptic weight” visewsendu «§ “Weight”

Neuron

JUN 2.17 wuudnaedlasseUssanniiey


https://th.wikipedia.org/wiki/ไฟล์:Action_potential.svg
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Tugun 2.17 Wugduuulasadsdnaewedassieussamiieniwaduseam vie

13591 (Neuron) wandluguvevs (Node) uazdiuvesnsieuseseninaeagnusyam vse

lywuUd (Synapse) unusigiduiion (Edge) Nla1umin (Weight) niuagTanfon
Usgaunsadvastuiiu q lngdmuald W, wuadmidnuududesluiiemeindu i 1 ]

FeanunsamwinmAnivesteyasiuludaln j wle net; ladsaunisi (2.23)

n
net; = w,a (2.23)
i=1

'
oA

Taedl a ¥u18f8ANEI00NNNIAAUNT | waza1nUu | Weakiuilinduaislou

[

YAg1IARNNAITUN 2.18 WAINATNEVDY O azillaaosaniuzmuannisy (2.24) Wuluany

Y

ANYULYDINIINTLAUVDAYARUTHA

0 netj <TJ.
0, = (2.24)
1 ; netj >TJ.

Tned] T, fe AAndu (Threshold) 3sAveulunn13i37 (Threshold of excitation)

netj

CRe

JUN 2.18 Hlandudieleusniniin

A J

HenduaeloutuioinduimnmuanadnsfageonlianlaseieUssamnu ¢ lay

1%
1

IuﬂﬁiLﬁaﬂl%’suﬁmmmﬁqﬁﬁﬁumﬂ‘[auﬁuﬁ%%uagjﬁwizmw%aﬁnﬁmwﬁayjaﬁﬁmﬂ%’ 1ng

yilavasitandumeloutuiimeiunateuuuuiandlunisan 2.3
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AT 2.3 asnuansstinesilsiduaislou (Types of transfer function)

Activation function Equation Example 1D Graph
Unit step 0, z<0, Perceptron
(Heaviside) $(z) =405, z=0, variant —_—
1, z>0,
Sign (Signum) -1, z<o. Perceptron
Pz)=40, z=0, variant _
1 z> 0,
Linear Adaline, linear
d(z) =1z regression 74
- _ . - > l
Piece-wise linear 1, J z 23 1 Suppgrt vector | —
pR={z+4 -L<z<i, machine —_—
< -3,
Logistic (sigmoid Logistic
¢ o ) Pz) = ! regression A
‘ l+ez . ’ - 1
Multi-layer NN
Hyperbolic tangent _é—et Multi-layer
P2 = el + 2 Neural
Networks
Rectifier, RelLU Multi-layer
(Rectified Linear o(z) = max(0, z) Neural —L»
Unit) Networks
Rectifier, softplus Multi-layer /
d(z) = In(1 + €7) Neural —_—
Copyright © Sebastian Raschka 2016 NetWOka

(http://sebastianraschka.com)

TaseU19UszaMAsULUUEIIAUINTS (CNN)

TseteUszamilounuudeinunis (Convolutional neural network) wieii3en
A1 “CNN” Ao Uszsnnaedlassgrsdssamidisuedandefideutsnimuinazldlumy
N19A1UN1TUTEUIAaNAFUAN (Image processing) ABNLMBIIYIAY (Computer vision)
ms1zasalvinarean1suun (Classification) Ussivldrurdadoyaiidugunin

Ms§aguuuUmenys madanediedeu usy

LUIAANANVDILATIUNEUTEANMTUUTLANTNIDINATEUIUNNSYINETIAUINIG TTD

Convolution Tus1un1suszarananin dmuals | Wuaindidn (nput image) au1a
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Y

wxw finwa waz K unimdunuu (Kernel) vunn (2m+1)x(2m+1) finwa lnedidn

v 6

UjtRnsmegunmiagyhminfiuvasnimind | dunmlniey 2 Useianfie anduius

'
1Al

(Cross-correlation : O, ) kag &37nu1n13 (Convolution : O ) lasdiuuraniwlnaii

(W—2m)><(w—2m) finwa [25] Muiadldannaunisi (2.25) wag (2.26)

O, yI=f| D D Ix+m+i,y+m+ jIK[m+i,m+ j] (2.25)
i=—m j=—m

O, [, y1=f| D D Ix+m+i,y+m+ jIK[m—i,m— j] (2.26)
i=—m j=—m

e f() Fafenduvesn1suyad 1w Tanh, Sigmoid %3e Relu

[
Y

TuaruUszurananInLuITN19% Cross-correlation %38 Convolution agl9AN

' [
[ A [ U v F% v v

HaansNgulouInan I I dulidneaemetulidnuagadienuamauiuy K dufes

£
1 |

annsnfiasannduuUumatddnwame uldBnvate 1 sUuuukarldnszuannsis
asslunisasradusiumislunm | vnuinuiiidnvasiduusdazdosiuuaninduluy
JuanreuiivrSuatinnmudnumeinusing 4 san wilulasstneUssamifeuuuudsnuinis
A 9 vunduLumardfeldudiminvesnaisufueilasaiefiosgnuiulunden

5 AUAILUTINDU 9 fY

Feature Feature Feature Feature Hidden Hidden
Inputs maps maps maps maps units units Outputs
3@32x32 32@18x18 32@10x10 48@6x6 48@4x4 768 500 2
%
Convolution Max-pooling Convolution Max-pooling Flatten Fully Fully
x5 kernel 2x2 kernel 5x5 kernel 2ud kernel connected connected

=

5UN 2.19 lassaialassngusramineawuudsinuinis (Convolutional neural network)
i “Nuclei Recognition Using Convolutional Neural Network and Hough
Transform,” by M. Zejmo, M. Kowal, J. Korbicz and R. Monczak, 2018, International

Conference on Diagnostics of Processes and Systems [26]
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1A59a519989 CNN AlFUUsEnoUAI8dUdTinuIns (Convolution layer) Lavau

n158aUR (Pooling) @auiumiumetu Fully connected (Aaneiunisvin MLP) [27] uans
AIUN 2.19 FunsanvunatulynUszashliioandnsianuaaandouiingItesiumumy
YIFNBULAUUUTUA MU wazn1nilaainnisidaiauinisualitiuazisendt aam

[ £%
[ 1 Y

anwaglau (Feature map) lnglulsassutuazusenoulimenimdnwauzinulavatgnin
fude Wedudetnuinisegdu | dofuamdnsusiduynainludy
1-1,5'% k=1,2,3,.... n Inglunsseszminenmdunuuit t Tudu | funmdnvazsiui
k luduil 1-1 avldnmdusuuiivnnsisfueentu lunismauvestudeiauinisd | e

FAUIUAMNT t TvilalagaunsT (2.27) [25]

S/[x,y]=f Zn:ZSi'jl[x+m+i, y+m+ilK, [m—i,m—j] (2.27)

k=1 i, ]

nnitldnanaudrsduiunisyih Convolution %38 Cross-correlation w&nn1513e
fansadalunisiiverhuifiafdnsuzidueenuntufie amduluy (Kemel) Sdnwaus
Fog1efaguil 2.20 uazilesluaindnuaziduvssnmidudazd 2 3390owviluns
afnRnudnuway Ae MIatanadnvaizUnAuuvlidiimey funsafnaudnuuzuuufiLvey

(Padding)

Kernel size 3x3

JUT 2.20 g 19anuaizuaIn1mauLy (Kemel)

Tunsafnnudnuazwuulidiuvevasiiunsainnudnvauzinuvenmiidilag
nsdInmELL UL U lugun 2.21 wazAmImiA1 Convolution %38 Cross-

correlation tngufuiiay 1 ASY (Stride = 1) waneFaguN 2.22 wavlinadnsvasnmanuae

'
[ =

wulvdietr lulgnunwsukuulunisaneanwaslutudaluassui 2.23

Y



U 2.21

Inp:
Toyanini

ut image Size 7x7

W97 (Input image no padding)

26




27




28

U

1l

Step 25

2.22 Cross-correlation (stride = 1)
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Feature map

g'th?i 2.23 Feature map

21NN15%11 Convolution (Cross-correlation) Tusag19d19sunsmnluiinisiiuay

%30 Padding agtiulainnindnuagiay (Feature map) nlneenuntuaziauinianas

al

wirdu (W—2m)x(w-2m)=(7-2m)x(7-2m)=5 % m =1 wiriuiamdnvuziau
Igaefiawinwiiu 5x5 finda ausuil 2.23 azmuldinnmaliainnisaindnuaeiuasd
anwziAuYeIRainigaameiumusinigaresn N dIua INWAYBININALLUULIN
a
g

lunsannAuanYMELUUILYIY Y30 Padding HuAansiiuveulviiunmyddl
eunvziluvi Convolution laemluudiagieuiiinvoumen 0 visevaudinlulngasd

Tovsetunsunsainanumuzwuungliulivia Padding nUsens wansdagui 2.24

00 TI_| 00 | O 0 0 0 0
1x0 1x1 1x0 0 0 \‘k\\i\ 0, 0.2 0.2 0.2 01 0.1
0x0 1x1 0x1 0 = B 0 b 01 0.1
0 0 0 0 0 0 0 .2 0.2 0.2 0.1 0.2
0 0 0 0 . 0 77777 0.1 0.2 01 0.2 01 0.1
0 0 0 0 o | o ° 0.2 o1 | o | 02
i . Kernel size 3x3
0 0 0 0 1 o] 0.2 0.1 0.1 0.1
07 0 0 0 1 0 0 0 0.1 0.1 01 0.2 0.1 0 0.1
0 0 0 0 , 0 } 0 0 0 0 Feature map

Input image Size 7x7 + padding

'gﬂﬁ 2.24 Cross-correlation (Stride = 1 and zero padding)
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HARNEUBININANWALLAUTIIARINNTSY1 Cross-correlation AUAWULLINTNT9N
Padding L&1UAEHVUIANVINAUAINAN Ao 7x 7 wazfilinaansveinsaindnyuziau

panunlimNazLdaiuInnIvTeadeiukuulivinns Padding

lulassa¥iswas ONN duidienmindrunnsgyiinsdeinuinisvie Convolution
wagkunsrilsitumaasnuda faguit 2.25 dusioluasindeyadnuusiiuildluan
1119 (Pooling) iielWidayatufimunamedouveshumisdnumsiiutiosas lnsasd 2 33
fiuurld Ao nsanvunalneidendigeanuuiiuiifl Kemel aaounquey (Max pooling) fgy

7i 2.26 wazmsanvualagldinnades (Averase pooling) é’agﬂ‘ﬁ 2.27

0.1 0 0
0.1 0 0
0.2 0 0
0.1 Activation 0 0
_——
0.2 0 0
0.1 0 0
0.1 0 0

0 (] 0

0 0

0 0 0
0 0 0 Max pooling with 2x2
—

0 0 0

0 0 0

0 0 0

gﬂﬁ 2.26 Max pooling
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0 0
0 0
0 0
0 0 Average pooling with 2x2
—_—
0 0
0 0
0 0

E‘U‘ﬁ 2.27 Average pooling

dna1nTuUVD9YIn1S Cross-correlation fUA1TAAIUIA Pooling ULAIT T U

vapUdsudeyalvitivuin 1 45 Mmen1svil Flatten faguil 2.28 ielviansnsatdeyauly

v (Y s

28, 29] ngain15YNIUNAR LN UNDSLINATDUY

=

Tun19v1 Fully connected %38 Dense

Y
¥ v L%

waretulasfedndulaseineyssaminagninevesnisieus lnefduanineves Fully

Qe

[

connected xilTuulnuaivImIulayaeenineinis (Class) uannamiaggun 2.29

1
1
2
1 1 2 4
Flattening
4 5 0 5
0 7 8 0
0
7
8

U7 2.28 Flattening layer
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Flattening
—_—

Output

—J —J —J

Input layer Fully connected Output layer

gﬂ‘ﬁl 2.29 Fully connected

Tasevneuszammiisusingu

VGG

(%

ns3Pgunmniivuinlngsazliriauaiugiannnitlama CNN 3Snsiilagniauslag
K. Simonyan ag A. Zisserman WiiunIIng1asoongwose lUunauitendasn “Very
Deep Convolutional Networks for Large-Scale Image Recognition” [30] Iﬂﬂ@ﬂﬁéwmw
au N o Aa o & . oA a X ° a =
29997198 UABN1TEF 19N NHTIUIUTUVDS Hidden layer MANTULAzUINIUSUBU

' '
A I

Aulunadu o Addnwasieriu azdonlunanguilin ConvNets Tngdio VGG Wudefiun

1NYoNguveinIdY Visual Geometry Group 397397071 VGG lagluina VGG inguiinide
a5197utulagnenu 2 luwna Ap VGG16 way VGG19 F9A3Lav 16 way 19 Mad VGG U

Y

UDNENIIUIUTUYEY Hidden layer 909lA598519 VGG 1U 9 [31-34]

VGG16 Wulmaanignimuiuiduluwausnvaainguluea VGG daldimuiunain

Tuina CNN Tpefisaluna VG616 tudulumafifisiuaudu Hidden layer #i 16 Hu Usznau
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lUAtuveIn1991 Convolution #38 Cross-correlation 13 ¥u LagduypIN15%1 Fully-

[
o

connected 3 U sy 16 9u ves Hidden layer lngfiufazdunavilasrusenaunielu

MUANFANTULARIRITUN 2.30

convl

convs feb £

==
I x1x4096 1x1x1000

28 x 28 x 512

56 x 56 x 256

Tx7x512

11/% 112 x 128

@ convolution4ReLLU
fffa max pooling

ﬁ fully connected+Rel.U

224 % 224 x 64
SUTt 2.30 Taseadnsliiing VGG 16
‘ﬁm . “Automatic localization of casting defects with convolutional neural networks,”
by Max Ferguson, Ronay Ak, Yung-Tsun Tina Lee and Kincho H. Law, 2017, IEEE
International Conference on Big Data (BIGDATA), 1735 [35]

VGG19 Wulimanignitmurduainieuduluna VGG16 tnefilassasiuaznis
MuNAd19iulngalAULANATIA U I 1UIUTUYBS Hidden layer NTU1NTU LA
asdusznaungluiuandiseanly wansdeguin 231 asdusenauvedluna VGG19 Uy

Usznaual89ureIn1511 Convolution %58 Cross-correlation 312U 16 U wagtu Fully

Y Y
a o

connected 91U 3 Fu Iagludu Fully connected wadlitnailiuiinnuuansisainlung
VGG16 agn3aiiin1311te1n159i1 dropout unldludiuveandenisvia Fully connected Tu

FunsngeazidunisansnurunisitwesnazinunldluniseiuiuveslasaneUsyainludu

Fully connected Tifidnuulaiinnifiuluisdisandymnisiia Overfitting vestouale
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81=81=3 B1=B1»64

A0=40=128

1 024
20%20%256 *1x
10=10=512 1=1x64
———
ot
T 2x2x512 P
Lty
10%10% 256 Sx5x512 1x1%256
20=20=128 .
@ comvolutional layer (RelLU)
B 2x%2 max pooling

 A0x40%64
' fully-connected layer (Rell) + dropout

[ fully-connected layer (RelL)
i output layer (no activation)

5Ui 231 Tnssadrdlalng VGG19
fi17 : “A Convolutional Neural Network Approach for Estimating Tropical Cyclone
Intensity Using Satellite-based Infrared Images,” by J. S. Combinido, John Robert
Mendoza and Jeffrey A. Aborot, 2018, International Conference on Pattern

Recognition (ICPR), 24,1476 [36]

MobileNet

MobileNet [@ulmaanisfousiddnignasisuiliannsoldldvunenndindu
nsdniilefievsoaursnliu wazFudulumaniesniy Mobile Computer Vision lalaausn
¥4 TensorFlow lagundnn1s1vinsuves MobileNet agl4n15vi1 Convolution #3® Cross-
correlation LuukUswgnvurueenlUduidedn (Depthwise Separable Convolution) R
Bnsdazvildaunsoansuiuvemnsiwesadldesranniletlussudieuiulasane
visolunady « Aifinnsvi Convolution wuuUn@ffiaudnmindu nadnwsailéTaililuma
MobileNet fiiAnthminvssmsfimesfideudnedes Tnglunisv Convolution wuuvwil
\inann1svinaueg 2 e e n13 Convolution 13380 (Depthwise convolution) wag

N3 Convolution wuuaa (Pointwise convolution) [27, 37-39]
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=

MobileNet fiatduriinues CNN slianiangniaiuidulaeg Google AIUAIUITA

Y

o A = v o o Aa I [N a & o
GU@QNUﬂ@ﬂ'WﬁNﬂNUIMQWLLUﬂQG]QV]NGUU']WLaﬂlﬂ@EJ']\TEJ@@LEJEJNLL@%T]@L?? I@ﬂiﬂiﬂaﬁq\ﬂmlﬁa

989 MobileNet kanIRIn15199 2.4

M5197 2.4 Tnseadralanea MobileNet

Type / Stride Filter Shape Input Size
Conv /s2 3x3x3x32 224 x224x3
Conv dw /sl 3x3x32dw 112x 112x 32
Conv /sl 1 x1x32x64 112x112x 32
Conv dw / s2 3x 3 x64dw 112x 112 x 64
Conv /sl Ix1x64x128 56 x 56 x 64
Conv dw /sl 3x3x 128 dw 56 x 56 x 128
Conv /sl Ix1x128x 128 56 x 56 x 128
Conv dw / s2 3x3x 128 dw 56 x 56 x 128
Conv /sl 1x1x128x256 28 x 28 x 128
Conv dw /sl 3x3x256dw 28 x 28 x 256
Conv/ sl I'x1x256x256 28 x 28 x 256
Conv dw / s2 3x3x256dw 28 x 28 x 256
Conv /sl 1x1x256x512 14 x 14x 256
Conv dw /sl 3x3x512dw 14x 14x 512
X Conv / sl Ix1x512x512 14x 14x 512
Conv dw / s2 3x3x512dw 14x14x 512
Conv /sl 1x1x512x 1024 7x7x512
Conv dw / s2 3x3x1024 dw 7x7x1024
Conv /sl 1x1x1024x 1024 7x7x1024
Avg Pool / sl Pool 7x 7 7x7x1024
FC /sl 1024 x 1000 1x1x1024
SoftMax / sl Classifier 1x1x 1000
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a Y v . & Aaaa P Y a = A
ﬂ']ﬂVlﬂa'Tlll']sU']ﬂWU'J'ﬂllLﬂa MobileNet L‘IJUINL@Ia‘Vlll’Jﬁﬂ'ﬁLiEJugLL‘U‘UGU‘L!']‘UL%Qaﬂﬂ@

LAAINN19911 Depthwise convolution WazMINAIBAIYI1 Pointwise convolution Wamdfs

Ut 2.32

Depthwise Convolution

\_ Dix Dx conv\_ 1x1 conv
i)

" r Y
b 3
7 ’

b

Pointwise Convolution

Ul 2.32 laseasansii Depthwise Separable Convolution

Y

i - https://medium.com/analytics-vidhya/image-classification-with-mobilenet-

cc6fbb2cddr0

31nA308193U7 2.32 TuduveIn15%1 Depthwise convolution 3g1dun 5%
Convolution WNuNvadisas Channel 1nga1nn1mazdl 5 Channels 3Auu18A111797301S

¥ Convolution ¥u1% 5x (D, xD,) wa3W1u1%1 Convolution sioludu Pointwise

2 '
v A

convolution @aduduniivuinvesda Convolution WU 1x1 Foimihlunsivaeugusng

[

fifvesdeya Inaninarulunsieuves Convolution wanilasainiy
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2.1.6 nMsiiudwudaya
N19ANTILINTEYA 1138 “Images augmentation” uaAIIBENFUN 2.33 ABNTS
Windwuvseveegliuuvesdeyaiite lviidiuiudeyaiuiniy wannate uagliieesness

st lUTau

Image
Augmentation

JUN 2.33 AnwagveanisiiinduIuteya “Images augmentation”

s - https://www.quora.com/What-is-data-augmentation-in-CNN

TuguyNeR1u Machine leamning 3o Deep learning AMsue1n 1wl neluidu
ad =% da Y . vo v o 1% R N o w 1
FBnsvilanfleuldluanuaiuidinsiaduing Jeyatulsdiednlaruddgyediwinlunig
1u1ld wazlasunfuarlunisindulamali Machine learning 39 Deep leamning Uugdl
PuukarANaINaIeasatauIninlefzBuinl ssdvinmuesnisiseuslidaang
wiugBaTuaInnsHnluloyaivainatendu wagndwieandnsinisiin Underfitting
waz Overfitting liunsinaeunaznaaeuvesyndoyals uiogrdlsinulunisifiudiuiu

o a a J & M oY % = & a a a - &

Yostoyanmisnniiulutunesslilaviglinmilinasuvedanaatuiussdnsnmiuiniy
warenvrdmaliiinn1sSeuininnusedudeuiuluvliiinnsdndulanianainves
Joyauaziin Overfitting ¥ean1sinaeuuaznageuvasyadoyaiiy q ld Jaalssziaveinis

WindwIutayarndeuiudimsiiudnnuteyalvegludnuiunmungay [10-13, 40]
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An91971 2.5 Fee1avein1sin Underfitting way Overfitting

Underfitting Just right
« High training error « Training error slightly lower
« Training error close to test than test error
Symptoms
error
« High bias
Regression
illustration

Classification
illustration

Error Error

Validation

Deep learning
illustration

Training

Validation

Training

Overfitting

« Very low training error

« Training error much lower
than test error

» High variance

Error

Training

Epochs Epochs

Epochs

) https://www.kaggle.com/getting-started/166897

PNA5197 2.5 aziuliIndnengresnisiia Underfitting Wuaztina1nn15nd

Toyantesiiuludmivindulumaisilildarunsadadulalanludeyainasuniiaig

o

Y

] ° a o a N & a Aoy a
UPauUdIN LLagiquuaﬂLﬂﬁnﬂUﬂqiLﬂﬂ Overﬁttlng UUﬂfﬂgLﬂ@‘\ﬂﬂﬂqiwumaﬁﬂauqﬂLﬂuvL‘U

PNAMAILURITTULATN Overfitting WUNNEIUNIAIFILUAVBIFNNITNAD L LAY AR

anuRanaiatunsiinaeudeyafidosldnauudiliaunsadunldeuaiald Swandldinlu

nsfTuuininuseteuiulutiudmasg19u1nlun15v19IUuves Machine learning way

Deep learning
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[

2.1 MAseiiisades
2.1.1 97u39¥vd3 Leidy Esperanza Pamplona Beron, Andrés Felipe Calvo
Salcedo, wag Arley Bejarano Martinez \3049 “Detection of foliar diseases using
image processing techniques” [6]
Tuuddeiilafinsdnauaisatunswauiisnsasaniesifuivesiuii

WAananszNuvedlsn Phytophthora infestans uuluuziamalasnisldimaiinnisuseinana

a

amAdviauldlunisainaudnvaugd miuueniuinaulamenisinseinied wagldluma
A YIQ way TSL dwsuatiadunilea lagddnsvessuideiiusznaulumenisundgmiiny

Uaeu0in1shuddIngunnmsiiundwagilsaiiiinannisarenmitliaunsanvananin

TGN
Diseased leaf YiQ TSL

JUN 2.34 a1n1sngadulsamedsntnauerauide et
111 : “Detection of foliar diseases using image processing techniques,” by Leidy
Esperanza Pamplona Beron, Andrés Felipe Calvo Salcedo and Arley Bejarano

Martinez, 2020, Revista Ceres, 2, 109

v vYa [

HARNSAIFUTN 2.34 fe35n15t1eRuil e lminluiuSeuliisuiuisnis K-means

Y

saa 1

with LAB (Sharma et al., 2017) waz38n15 K-means with HSV laglvanadnsnaninlaed

LWoSIGUARANAIAT 4.32 + 5.44 % FaLandlunIsIen 2.6

[y

AN 2.6 HAANSANAINURANAIAVDIUITETNO19D

Methodologies Referred error [%]
1. Proposed method 432+544
2. K-means with LAB (Sharma et al., 2017) 7.72+7.24

3. K-means with HSV 10.36 £ 7.60
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2.1.2  97U398984 Shanwen Zhang, Zhuhong You Wag Xiaowei Wu 304 “Plant
disease leaf image segmentation based on superpixel clustering and EM
algorithm” [15]

mu%%ﬁﬁ%aua%%mﬁwLLuﬂImﬁﬂaé]’w%%mi%’mmjmwu Superpixel tag EM
algorithm Tnglusuddeiildaueiznisuuulmi fe WNsIRNGURUUREaN Hybrid clustering
Tngnsuiienisnisguesfiniea SLIC wvaslunsdanguamluliifedunuimslunis

iluutsdun el EM algorithm anunsavinaulasimsTunazusiuddedu

[y

AN5197 2.7 HAANFINIUIUTOUBALIATUNITIATIZIUDINUITEND19D9

Method K-means Fuzzy C-means EM algorithm Superpixels + EM
Iterative number 378 475 362 659
Computation time (ms) 325 371 234 168

i
Y I addva o ]

A < Y @ amaa a ¢ g |
INAIINN 2.7 ﬁ]%LﬂubL@'J'TJﬁ‘V]N'] HULAUDUULUUISNUNAUDINITIATIZNLIINDN

kY

24

Sane3fiudu o fwasdsiuviuseuiiwesn iy wasdewSeuiou EM algorithm fu
superpixels + EM fauasaaguladanasdanguaae superpixels @1u1sagali EM
algorithm vheulfigadetu
2.1.3 914398989 Prakruti Bhatt, Sanat Sarangi W& ¢ Srinivasu Pappula 130 9
“Comparison of CNN Models for Application in Crop Health Assessment with
Participatory Sensing” [32]
TadnanenisiUseuiieulsna CNN Tunmsiluldusadunnundasaesiivlagld
Participatory sensing waglamuiguitsunulutaa 4 lawaa laun VGG19, Inception-V3,

Xception kag ResNet50 LARINAANSAIAISITN 2.8

d' v 61 1 o
A1 2.8 NAAWIAIAIULNUEN

Architecture  Size (MB)  Memory usage (MB)  Operations count  Inference time (s)

VGG-19 597 658 19,632,166,912 1.073
Inception-v3 95 2974 5,713,271,392 0.624
Xception 91 221.1 649,023,584 0.775

Resnet-50 102 258.8 3,834,386,432 0.737
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Color Format  VGG-19  Inception-vd  Xception  ResNet-50
RGB 08.2 08.4 08.6 99.7
80-10-10 Gray 02.8 08.17 05.8 08.74
CIEIab 0934 08.18 06.1 97.9
RGB 08.6 98.01 97.94 99.5
60-20-20 Gray 93.10 07.6 053 08.45
CIEIab 02.9 97.73 07.9 973

214 97U 738989 GSuresh, V.Gnanaprakash it @ ¢ R.Santhiya L‘%I 24
“Performance Analysis of Different CNN Architecture with Different Optimisers
for Plant Disease Classification” [37]

UNEUDNITIATIZNUTEANBATNANUUANANUDILATIESIE CNN AUAUAIIYBS
Optimisers @wsudnuunlsaie niin1sn1siuisuiideuluna Inception-V3, MobileNetV2,

ResNetV2 lun1591 Optimisers Adagrad, Adadelta uaz Adam loeldkadnsnnsnadi 2.9

a = P o o a ..
H1319N 2.9 G]’ﬁ'NL‘UiEJ‘UL‘VIEJ'UI@JLﬂaﬂUﬂ’]iVﬂﬂ’]u‘Uaﬂ%u@ Optlmlzers

) Architecture Validation Accuracy for different
N optimizers (%)
o

Adagrad | Adadelt | Adam

a

1 Inception v3 a7.2 993 999

2 Mobilenet v2 140 | 95.1 99.1 993
224

3 Resnet v2 50 888 95.8 95.8

TuanAdellagdlainnisdenld Optimizers Aulumatuiinasemaiugnaadunis
WA31z9i Felunisvin Optimizer Wunisvinliszuurainn1su3uuseen Error w3e Loss Wle

YauzvnsEnEueglaenn1sUSuWAguAnimln (Weight) WagaAouldes (Bias)
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2.1.5 91U298UB 4 Endang Suryawati, Rika Sustika, R. Sandra Yuwana, Agus
Subekti W@ 2 Hilman F. Pardede 1394 “Deep Structured Convolutional Neural
Network for Tomato Diseases Detection” [33]

Tunuideiddumddeiivihnmedeudsyansnmueduaans 4 luna Mo
Baseline, AlexNet, GooglrNet waz VGGNet (VGG16) IngilUlnaauiuyaniminaauain

F1utaya PlantVillage dwiunsiadulsalifiniunzileama lnanansuanslunis1an 2.10

AT 2.10 NAN1TNARDY

Architecture | Accuracy (%) | Loss
Baseline R4.58 0.47
AlexNet 01.52 0.51
GoogleNet 8068 0.30
VGGNet 95.24 0.17

INNITNAADIVIINTTUUININATNSU train 80% Wazd1nsu validate 10% T
class ﬁngum 10 class tfulsa 9 class lgur Bacterial spot 2,127 a1 Early blight 1,000
AW Late blight 1,909 a1w Leaf Mold 952 AN Septoria Leaf spot 1,771 AW Spider
mites 1,676 AW Target spot 1,404 A2W Mosaic virus 373 219 Yellow Leaf Curl virus
5357 N1 way 1 Class iJunzidemalaiulsn 1,591 s wadilaae VGGNet aunsalsiad
mnugndesganiilutaady 4 wazazuinlunadsfiaudnazgrglunisudlaliiinuusiue

Tuntsawunauls wazvuiavesiinsesdinasgraunnlunisannndddunisaiui

2.1.6 41U338v84 Azeddine Elhassouny wae Florentin Smarandache SOR
“Smart mobile application to recognize tomato leaf diseases using
Convolutional Neural Networks” [27]

TuenAfediginauenisisilsaviluseudalagld NN Fa838uU Smart mobile
application Ingléluina MobileNet fu Optimisers aMnnsnaaesdesduredumalunis

FUNISARIUNLL VDN ALINARINITIN 2.11 WALAIT N 2.12



ANSN 2.11 WaNISNAanLUsIRuvadluma MobileNet

Image example

Obtained result

Expected results

- leat mold passalora fulva
0.99999

- septoria leaf spot septo-
ria lycopersici 5.87832e-
06

- mosaic virus 2.3457le-
06

- late blight phytophthora
infestans 1.02782e-06

- early blight alternaria
solani 2.06558e-07

- leat mold passa-
lora fulva

MITNAN 2,12 MFNATRINI5IEen kA1 Optimizers

Optimization method Final test accuracy
Stocastic gredient descent 88.4%
Adagrad 88.3%
SGD with Momentum 87.6%
Adam 88.5%
Proximal Gradient Descent 89.2%
Proximal Adagrad 88.8%
RMSProp 85.9%

a3

MnIaglaviinIsiden MobileNet 1nlduusguy Smart mobile wiiaaandlvuin

ANMNINFDUTILANWAZINNNATUAITI9N 2:12 iavlutea MobileNet 11vinn1siUSeuLiiau

AlRaINN15¥1 Optimize 9gfiudn Proximal Gradient Descent vinanulaanulunalagls

AMIUNABIN 89.2%

2.1.7 97u4923¥¥89 Md. Jahid Hasan, Shamim Mahbub, Md. Shahin Alom wag

Md. Abu Nasim L% 2 9

“Rice Disease Identification and Classification by

Integrating Support Vector Machine with Deep Convolutional Neural Network”

[41]

Todauan1sawUndnwuLlsArestlagn1THRILY SYM U DCNN Tagduwsnyin

Transfer leaming Y84 Inception-V3 fiu DCNN fs3U#l 2.35 wagvinsinsuiuyadeyanin

113U 1,080 2w ethlunaaeulddanugneiesi 97.5%
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giﬁ?‘i 2.35 1A59a319n13%17. Transfer learning wadlutaa Inception-V3 iu DCNN
11 : “Rice Disease Identification and Classification by Integrating Support Vector
Machine with Deep Convolutional Neural Network,” by Md. Jahid Hasan, Shamim
Mahbub, Md. Shahin Alom and Md. Abu Nasim, 2019, International Conference on

Advances in Science, Engineering and-Robotics Technology (ICASERT), 1

2.1.8 91U98989 Guoxiong Zhou, Wenzhuo Zhang, Aibin Chen, Mingfang He

wag Xueshuo Ma 1383 “Rapid Detection of Rice Disease Based on FCM-KM and

Faster R-CNN Fusion” [T]
Tadnaueisn1snsradulsauud1leg195Insilaenissiuduwes FCM-KM way

Faster R-CNN Iaglutunaunisvin Preprocessing Ladin1susudsegunmivelviifinanuee

wnvedlsa lanaansagun 2.36



a5

E‘U‘ﬁ' 2.36 N15%11 Segmentation #18 Otsu thresholding
fian : Rapid Detection of Rice Disease Based on FCM-KM and Faster R-CNN Fusion,”
by Guoxiong Zhou, Wenzhuo Zhang, Aibin Chen, Mingfang He and Xueshuo Ma, 2019,
IEEE, 143195

Tuauiddensyi Otsu threshold segmentation Atiledesnisnazlnlaunaauise

o [y v £
MaunsIadulsalasiau

2.1.9 91u398v89 Md: Rasel Howlader, Umme Habiba, Rahat Hossain Faisal
b8 e Md. Mostafijur Rahman v3 8 9 “Automatic Recognition of Guava Leaf
Diseases using Deep Convolution Neural Network” [42]

Ighinauenisisdmusilsafifnuuludfslagosnuut D-CNN Jusnlaedredennn
Tuina AlexNet Sigruauduviavnn 11 $u Usenausae Convolution layers 4 44 Max

pooling layers 43 uag Fully connection 3 9u Tngivuauazarfiwlanagun 2.37

Feature Extaction Model Identification Model

5U# 2.37 Tnssa$ralaina D-CNN
fi1n : “Autornatic Recognition of Guava Leaf Diseases using Deep Convolution Neural
Network,” by Md. Rasel Howlader, Umme Habiba, Rahat Hossain Faisal and Md.
Mostafijur Rahman, 2019, International Conference on Electrical, Computer and

Communication Engineering (ECCE)
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Tunnsvharures D-CNN faedesrhnisusurunnwlndu 256 x 256 finwa way
Tudurasnismeuligiusuusnisiuiuiiomas 32 ¢ 14 Kemel aunn 32x3x3 Tnedusio
uamdu (64x3x3), (128x3x3) ua (256x3x3) Fetagliivszansnmainiulnsaoulagdy
vaetuit 1 9vdu Kernel fiay 4 Same mauligduiag Max pooling yaetudl ¢ vifu Kernel

fay 2 99mg FanadnsnlaurA1auklug lun159wUn 98.74% wisunu AlexNet 9

97.92%
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ABmauaztumeumsiniuny
nseenuuuTaszUUAE T wunlsafielagldnsEusidainty Winerinudidud
Jaldinmsiamnlusunsudmiuduunuazananviavedsafivienisoudidadn ald
Mn13Anw13IsN1sTnnduvesteyaualnunldlaeidenisn1sinngualeisnasyii SLIC
superpixel LleliAnn1sdnnguvesteyausnaiidulsauaslulduiug: waztdoyaildly
T#naauiu CNN model floanuuulidnadu uagilumadildtuulddmiunsdanion
foyanduioluden1sia Local-based image augmentation axtfun1sifiudiuuvesdoya
1ua°’wmmaamnﬁwﬁauﬂaL%aﬁuﬁLLazﬁﬂU"HﬁJﬂaauﬁu‘meﬁgﬂ 3 Tawma bokA CNN model,

VGG19 wag MobileNet @msun13iasnzsawunsinuadsaiusnaly

[% [
= o U =

Tuunflaznanndedsudunounazisniseibuaulunisylassnudded Wunsesuie
= v o U :-’/ o a o é} 2 1 g.JI aa
D9lAs9Es kAT a1R UTURAUN1VIUYBUTLNSY Tne TuawITedla U Tun ouwasIs NS
anduuesndu 6 duneu Ysznaulume dupeun 1. nsudsdunnluldsneisgiles
finwa SLIC dwmivaioyayainasuliivlauma CNN Tumeuil 2. nsinaaw CNN model
) ~ ] a P % A e vy & ~
JUADUN 3. NSHUIAINUS U TUlsAlagld CNN model ALPRNFBULLAT TUADUNA 4. AT
WNTIUINTRYan8N19M Images augmentation Yunaudl 5. Hnasulunanvzirluly
dmTuMITUNTALIANY waztuneunl 6. TURBUTBINTTNAABULIAATIHNABUNIUAINUYA
Joyanaaau lneazilunisesuiednuduneuysenaunin Framework uag Block diagram

a
AINgUN 3.1
Image input dataset
Create leaves and
diseases dataset
segmentation Training model for
J segmentaton ) ]
Trained model for segmentation Training model for
classification
Segmented output Select 3t order Create data
image maximum area augmentation

JUN 3.1 MMTINYDNUITY

J

Input image _
data

1
1
1
1
1
U
]
]
:
Input dataset for
I
1
]
:
: ——— Classified output
I
I

Trained model for classification

L
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3.1 nsuusdunluliisaeByuesiiniea SLIC dmiuasradayayarinaauliifu

Tutma CNN

v 1Y

anudfguesmssuunviedangulviiudeyadnvusvedlsafiviitunlddmiuduge
toyatlnaeu Welilddnvuzameivsonismnuiulsauarluldegagnies Feldnanly
Tuundl 1 iflededeninilulieuuasdselfunafioonuuuaduainsnEouiuassuun
SnunmiduresUszinnvosdeyaiiu 4 WuiudiBeiu luduvesmssuuninnduuasdoyad

v llddmsullnasulumanunuisnunusnaidulsatuil a1sutun aun15YiNaIuaIL

Flowchart ﬁdgﬂﬁ 3.2

Input images in dataset

l

SLIC super-pixel

}

Manual selection

Class 1: Class 2:
Disease regions Leaf regions

\4

Model training

l

Output trained CNN model

JUN 3.2 TuneureInIsinseNUalaNnaey

NFUN 3.2 uanstuneun1sesnkuulazn inulysunsuludiureinsuisdiuves

=

NNaaulinuluLmauDINIShUIAILNUS IYDILSALAZ USIUURILU Tag
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anansauvieandudunaundnld 2 Junau Ao 1. TUABUYBINITWUIEIUAN 2. TUABUANT
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superpixel Feagiduisnanunsauvweuaiunvesusnamiulsanululas lnedSves SLIC
. & 1 a Ao aa A ) a Y ) A & \

superpixel zupRIUIRIN@aNTdnwuzvoIdEnriisuiuvsolndfssiuaziounguuas
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Hidden layer Mwsa 7 U Usznausaie Fu Convolution (Kemnel size 3x3, Zero padding)

(% [
(Y

+ Relu 31uU2U 3 Tu Max pooling (Kernel size 2x2) + Drop out (Drop 30%) 2
Flattening 1 94 uaztuva Fully connected 1 9u Tngdruruerdnanie Class voslinna
ganuauidu 2 Classes fo Class 71 1 18w Class vaaudianilsa uag Class 7 2 1u Class

Yo3uUTally uanseazdenvatlinaluzun 3.4

Class 2 :
Leaf region

Class1:
Disease regior

(2)
P—
@*—
Output

——

Fully connected

000000000 -0

—

(51200)

Flatten

Julsanazusiialy

Convolution + ReLu
(kernel size 3x3)

'
a

(20, 20, 128)
Max pooling + Drop out
(kernel size 2x2, Drop 30 %)
VILUAUILIUNL

o

Convolution + ReLu
(kernel size 3x3, zero padding)

'ad
r
<
_ =
3 2
o
S .
g z =
= 38 <
g8 °
2= ea o)
" 23 S
g g =z
g 5T <
25 o
< <
8}
s
o
U‘B

(80, 80, 32)

Convolution + RelLu
(kernel size 3x3, zero padding)

(240,80, 80, 3)

Class 1 : Disease region
Class 2 : Leaf region
(240,80, 80, 3)
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3.3 nshusdruuSuidulsalagld CNN model #iladnaauuILan
Tudrutunauiina1709N 15N I Aa NN YU BUVBINISHNADULULAALAIT A UL TTE1UTU
Vo a A& NS ° \ & & - o
wUsEuUS UM ulsAkarlu Tngaslidunaun1sinauwlsesndu 3 Tunaume 1. n1sana

AANYME 2. asvaulnvasiunluldale SLIC superpixel wag 3. NNTATIERLUSE Y

ndulsalagldlumaniunsiingeuniuas tnsluddutunaudainaiuansdsgun 3.5

Input image

l

Leaf extraction

\ 4

SLIC super-pixel

\ 4

CNN Model
deployment

1

Output image
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Y

U7 3.5 TumeunisuusdInySanidulsalagly CNN model NiNTun1sHnaousIwe.

::1' { ¥ vl 1o o (3 < ! & <
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A A A A Y Y A & v = ~ Y] v X )
yyanmeiunanuandislulanmnduninluldegafeislulalain nundswssnnay

Lilunsenunisdwunusnamdulse Tusuidelaldisnisilasuszuudann RGB Tmdu
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! A

L*a*b* WATUIAINUDILIUWEA b* 1191 Otsu threshold Tiwmdsusiundaioas1ady
v ° o o ) PR3 Py DI a A PR P
ninInd@Imsuding and operator Auninaudslaninluliegrunel Wesanimdsnly
% I3 a %7] a v A d! = 1 I~
WYULUA b* WWSIEhauLUa b* Usenaulumeesrusenauvesdundunudmassdetainiy
3 1 d" a a = ) vdgf a" a a" I3 9/3 1 d%l ) v 1 )
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wasannsannAunvazvadtula s wlsduiuivuluiisdunsessgeuinll

[ ] ¥
v A 1 Y =

ad A .:4 o gy = v Yo Al A
NWU‘WEUENWUViaQL‘Via@@ﬁLLa'JfN‘L!']ﬂ'TWV]f’UﬂL@]iﬁ]ll‘l'lll'ﬂsﬁﬂ‘UIllLﬂaﬂﬂﬂﬁ@u I@FJQ']ﬂVlﬂﬂ'VJﬂJ']

Y

TaneUaIRUHLTURouTaIN1sIN Ul udLLAAIAIFUR 3.6

Otsu
thresholding

Input image

SLIC
super-pixel

- Trained
CNN model

Output image

U7l 3.6 UdenlaezinsutumeunsuUdIuUsanule

Tunsfuusdrunmiiedinsngrimusnnidulsaludureudiadiuty deyavsenadnsi

'
a

Iz luldsdalunszuiun13v1 Images augmentation iieliingUuuuuveteya

MANNNANYPITY

3.4 MSINNTIUIUTIYANINAIENT59IN Data Augmentation

& '
=] I

Tudunouvoan1s¥i Images augmentation Tuneudazidunisinerusnuiuivesisa
~ v & o v A P A ’~ & { '
Amlaantuneuresnisuusdiuluten 3.2 uild lngazidenusnuiuinieuinaiulng
99USHIAULSA 3 FUAULINUNY tagazte1usuNuNlsANlnuuLInsEaea2luguun1ng

snihuldiduganniingewiieiinanurainvatevesusnaiiialsn lneneideien
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35115191 Local-based image augmentation &slnalAgeiuanuiduasanintsavululdu

[
v v

g1afialann o Usnavedlulll lnefiddutuneulansiagun 3.7

Input Image Dataset =

l

Image Data
Augmentation

+ )«

[ Model Training }

}

Output Model

U 3.7 Yuneun13¥i1 Data augmentation
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o
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a

Jnunveslsadadusosas 13 vaslufaznszaredivedsaldlfiunwingy 15% wag 20%
& v A o & Yaa | A vy < VAl '
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3.5 Fnaeulumaiinzilulddmdunissuunviinlsaia
Audupewdsnisilnaeulunadmiusuunlsaiiviy luemudsed 8l lunadmiunis
$wunlsadaoiu ¢ vila Feazdsznouludrelumadiadreiu 2 Tuwa wazlumadiniunis
finaoulag Keras TensorFlow 8n 2 Tama téuA VGG19 uay MobileNet Tnelaseadnavaia
godlunatiulanandliugrtrsiuluund 2 uavdn 2 Tuwaiadrauundudulmaasia CNN
Tunariaeslung uiiauuansefiuiisuautures Hidden layer \fieflasnadauingiuiu
Fuveq hidden layer Aunnsnafutiuazansaliinnuwiuglunsiinaeuuaznaaoudia
Fundely Tnelaseadreves CNN model fisanuuuduluinansnusynaudioduaes
Convolution (32 Conv, Kernel size 3x3, Zero padding) + Relu + Max pooling (Kernel
size 2x2) Tuﬂ;ﬂﬁwﬁq Convolution (64 Conv, Kernel size 3x3, Zero padding) + Relu +
Max pooling (Kernel size 2x2) Tusqmﬁaaa Convolution (128 Conv, Kernel size 3x3, Zero

padding) + Relu lugnianu gngnvineazilunisyia Flattening iewing Fully connected

~ . | = ) ) ° . ) a
WazdnN1g Bias ﬂqﬂqiLiﬁJugﬂﬂUV}ﬂﬁTﬂaﬂﬂ']sV]'] Convolution LLﬁﬂ\‘iﬂ\?EUW 3.9

(3,3,32, padding)  relu (2,2) (3,3,64, padding)  relu (2,2) (3,3,128, padding)  relu number of classes

»

Flatten

=
.8
—
©
=
S
<

Max pooling

<
9
=
o
2
=
Q
<<

Convolution

o
7}
ot
(%]
7}
c
=
o
o
=
=
w

Convolution
Activation
Max pooling
Convolution

'gﬂﬁ 3.9 Tatma CNN model 7 layers

Tuma CNN model dufiasafilgaeniuuiuusyneusieduues Convolution (32 Conv,
Kemel size 3x3, Zero padding) + Relu + Max pooling (Kernel size 2x2) 314U 2 40 Uag
n1uae Convolution (64 Conv, Kernel size 3x3, Zero padding) + Relu + Max pooling
(Kernel size 2x2) iuﬁqﬂﬁla’m Convolution (128 Conv, Kernel size 3x3, Zero padding) +
Relu Tuyniid yagavineaziiunisvi1 Flattening teidng Fully connected uawiin1s Bias

AINISIEUSNAUNNAIVBINITIN Convolution wanRagu 3.10
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(3.3,32, padding) relu 12,2) (33,32, padding) relu (2,2) (3,3,64, padding) relu (2,2)(3,3,128, padding) relu number of classes }

—

Convolution
Activation
Max pooling
Convolution
Activation
Max pooling
Convolution
Activation

-]
[}
z
Q
7}
c
c
o
Q
=
S
(N

31117{ 3.10 lutma CNN model 9 layers

Inglunanmuaniiunldilnasutuazldiiuuasnsinisiseuisia Adam laglden

Learning rate = 0.0001

3.6 JunauvanmagaulumanindsuNInaInuYAtayanasay
Tutunauvesnsnageulinan el liutsdeyaveswiinlsainidu 2 wia ldun lsa

firluagu wazlsafinlududss Bnagoudussilunisudimngevresisunazydanazni

'
¥ a o

Wesiwudanugndedtunisindulavedunausaslaeg lnsnnvesyadeyanituvmaaey

WU IuUnmMANIUN15Y Images augmentation asauAunmduatundelaigniiluvinnis

Y

d' 13 v d' o dl o .
wWaguwlasesruseznauvasteyala 9 Inglun1sivininignyin Images augmentation 411
AU NAURTULUITLEIIINMARATIIINITYN Images augmentation HuABNITHNTILIY

3 o U A

Toyaliifiuyansegiudeyanasgniuildiuisiuiudiavseliiisanesdenisimtnasy

wesndufagdesdn1sdininiyn Images augmentation WuNNsIUAUAINAUATUALE
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NANTNAABIYDINUIIY
TummageudsransnmvessmAdeitiaueldvinismaaesuuneufiumeslinga Dell
G3 15 3590 Gaming Notebook szuuUfURn 158l CPU Intel(R) Core(TM) i5-9300H 2.40
GHz 1178A27337 Ram 32 GB MU18U581IaHaN1NN15A99 GPU NVIDIA Geforce GTX

1650 20 GB

v A o ° v ¢
gatoyaniniiunldlunmmaasshinminanguteyaninesulall Kagsle.com [16]

uay Plantvillage [17] sheazuualungulnitvluajunazngulsafigluduelsy

4.1 yatayanminldlunimaaes

4.1.1 Yadayanaaasdmiunisuusdiuusinlse

Tun1snmaewesTuseauNIshUIAILUSAlsATUYayannulglunsNAae s o b

Y

dwsulndutududeyafiinainnisiamanviigdivesinanutuneuluun 3.3 lny

Y
[
&Y

av v & & I - , A g a ) vl @&
ﬂqwmlﬂﬂqﬂ%umauuuuq}g UUﬂ']WGU@\T'iJiL'Jma'JUV]L‘U'lﬂsﬂLLa%'UiL'JﬂJGU@ﬂa'JTﬂUIlW]LU‘ULUUI??]

YA 80x80 WNLA UaARNFIBENIUN 4.1 Uaggun 4.2 8g19ag 300 W

JUT 4.1 fregnunmusialsadmsulnasunusdiu
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U7 4.2 fegnnmuinadilidulsadmiulinaeuuwddiu

4.1.2 Yadayanaaasdmsunisdauunlse
foyanminjulddmiunaasuuszansamvoslunaszutseanidu 2 nguuiinvesly
i 1fun doyanmnguinds nguveslusiuaztsznevluseyanwmaaey 4 yavesviialsn
lawn 1. Black rot 91121 40 79N 2. Black measles 41U 40 A 3. Leaf blight 97u2u

40 AW LAz 4. Healthy 92121 40 AW

naudoyanmmageunaNTiaes lunguvestuiunss Uszneulufeganimmaaey 3 4a
vowialsa taun 1. Early blight 97u2u 40 a1w 2. Late blight 91471 40 Aw 3. Healthy

AU 40 AW

Tummesesilduvsndudoyanmdilidmiviinasuliaaoandu 4 ndu léun ngu
doyanmund (Original) Lamafipgnsasaud 4.3 azguil 4.4 naudeyanmundsiuduniw
Wins1uaus833 Global augmentation (Original + Global) LLamﬁ’aasméﬁ’agUﬁ' 4.5 Ngy
doyanimunfsiufungudeyanmiifisdeyauuudsiiug (Original + LoBIA) wandoea

a ' v I3 ! 9] o v A o o
sUn 4.6 LLagﬂﬁqu@WWUL‘U'UﬂfjllGUENGU@%aﬂ']Wi'lllﬂUﬂfjNm@ﬂdaﬂWWV}uqﬂ’]Wﬁ]'}ﬂﬂqim’] LoBIA

U

a

Wfingruaude3s Global augmentation (Original + LoBIAGLobal) wansfl0e19m95U

a.7
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Original

() )

‘g‘dﬁ 4.3 segrayanmilnae (Original) vesluadu (n) Black rot (v) Black measles

(m) Leaf blight (1) Healthy.

(n) @) (A)

gﬂﬁ 4.4 fpgeyan1minaau (Original) vaslusfunsa (n) Early blisht (v) Late blight

(A) Healthy

n3UT 4.3 WWuglremadeyanimilnasureslueiuilunimduadu fdaunm

Anaeuvisua 795 a1 wiseenidu UM 4.3(n) ammvedlsh Black rot $1uau 198 A FUf
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4.3(%) nmyedlsa Black measles §1UU 200 A §UA 4.3(A) Amvedlsa Leaf blight

$1uam 197 2 uargUT 4.3(9) amwasluaduund Healthy $1uau 200 A

9n3U7 4.4 Juglresadeyanmlnasuvestusiud Ssmdunmduaty I91uou
AEnaeuianun 450 a1 wuteenidu U7 4.4(n) aawmweslsa Early blight §1u3u 150
AN JUN 4.4(0) nnveslsa Late blight 91W3u 150 A Waz3uR 4.4(R) nmvaslusiue

Y

UnA Healthy 97u7U 150 AW

Original + Global

(n) @) (m)

(%) C)) (2w)

U 4.5 fegreyanmeinaeu (Original + Global) vedluadu
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9n3U7 4.5 1Wunmregswesynnminasuiiinainn1ssaniusenitenm
sruatulusuil 4.5(0) uaznmiigniius uautugenisi Global augmentation Tuguil 4.5(
v) 893U a5@) Tnsnisvaaesdldvinisiiusiuiuamyaiinasudae Global
augmentation 8 JULUU lAuA (v) Horizontal flip (A) Rotate 45° (§) Rotate -45° () Rotate

135° (@) Rotate -135° (%) Low brightness (%) Blur wag (al) Gaussian noise

lunquuesyateyainasuil (Original + Global) ¥nveyan1nilnasuvesluedu &
FUIUAMENFOUTILA 7,155 AN kU u Awuealsa Black rot 31U 1,782 AN
ANdlsa Black measles 97u31 1,800 AW A NedlsA Leaf blight 371UU 1,773 AW

waznnvadluaquund Healthy 311431 1,800 A

nauvesynvayanwinaauveslusiuiss (Original + Global) d1uiun1ninasu
yaviA 4,050 A wlamantdu amvadlsa Early blight 471131 1,350 AN AnvadlsA Late

blight $1W3u 1,350 AW wazamvaslusiunSsund Healthy $1uau 1,350 A

Original + LoBIA

(n) (@) (m)

) ()

U7l 4.6 dhegnayanmiinaou (Original + LoBIA) vesluadu (n) amduatiu (u) A LoBIA
5% () N1 LoBIA 10% (3) AW LoBIA 15% (3) 21w LoBIA 20%
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1NFUN 4.6 UEAAIRIDY1VDININANYATOYA IUNFUVBIYATDLANNADUN AN N

[ '
a A I =]

myTuiusgninmauatulugun 4.6(n) funmigninluiiudiuiudeyalsaganui w3e

LoBIA Tuguil 4.6() faguit 4.6(2) Tasaziiulsinamiigninluvi LoBIA tuasiidnwaznns

3
av

N3¥A1882999USnUlsARNNINTY Tnelua1uddedlain1smnUAAIANUNUILULUYBINS

N5L18A09L5ALIT 5%, 10%, 15% wag 20% Yaanunbuldvianus

[

nsifindvIunmilinisnszatedivesuinalsaiiiudulivasiusgiuesidud

| v Y | v & Y
AIMTUAUNLUUYDIN TN URUU Iﬂﬁlﬁ]%LL‘Uﬂ@@ﬂi@L‘Uu 5 LQ@UI‘U

a e{' aa ¢ & & ! P v U a1 A S '
Seulwdl 1 : nsdinesi@unmnununiiuvealsavunnauatutudlifewseninad
5% lUsunsunazinsgunszanelsaasuuusnaluld arunuiuduvedsauulutiudian
TnaAgawalaiiu 5%, 10%, 15% kay 20% Wifu3n9E a1 N nan15s5EaNelsA

Fistusiuau 4 nan luguit 4.6(v) fegudl 4.6()

Jouled 2 : nsdiasidudanunuintuvedsavun nduatiutuilaiuinni 5%

wAtoand 10% Wsunsufagyinnisdunssaslsrasvuusnalull Taununduedse
g.JI a0 Y a 1 T a 1 Y 1 ¥ o ‘NI a

pulutudlalndAeswa bty 109%, 15% kag 20% wilfuinag leanuiunmiian1snssane

TsAfistusiua 3 am Tugﬂﬁ 4.6() 5@3‘1J1‘7i 4.6(3)

(%
Y

al A A ¢ & e | P ) a '

Waulud 3¢ NS UOSIIUA A UM UIRULYBI S AUUNINA LT UTUTAILINAIN
10% watoenin 15% lWsknsunazsinisgunszatelsnastuuiinadulil Tienumnuduges
TsavulutdudanlnalAeswslaiiy 15% wag 20% M1iua19gtna1uIunAInAnAN1SNSENe

Tsuin@udiou 2 nw Tuguit 4.6() faguil 4.6()

(%
v oA 1

= a N a s 2 s | v )

Reulad 4 : nsdinUesidudainunuiktiuvedisavunmauadutuiiaIuInng
15% usitioanin 20% lusunsufazyinisgunszatelsaasuuudnaluld Tanuvuindures
Lsavulutudarlnafsuslaifiv 20% wirduinagladiuiuamiiianisnssaelsaiingu

$1uau 1 0 Tugudl 4.6()

(%
v A 1

Gaulad 5 ¢ nsaiiefifudanunuiniureslsavun mduatutiuila1unng
1 ¥ < 1 ¥ Y] gj 1o [~ d' 4 o a
20% agkan WWsunsufazuesitnmaualutulidnlunazdesiinisnszarsusinnlsa

WuTu Aazlainnilaainisvin LoBIA Tudiudl
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=

lunguvesyadeyatinasuil (Original + Local) yatayanininaeuvesluaiuy &
U MENFRUTIINA 2,443 A wiseanilu nmaedlsa Black rot §1uau 841 AN
Amadlsa Black measles 91U 570 A1 Amvedlsa Leaf blight 914U 832 A uag

amvesluaduuni Healthy 91131 200 A

nauvesyadoyaninilnasuveasluiuss (Original + Local) 131u3un1nilnasu
NavdA 995 A wuseanily nnvedlsa Early blight 971471 405 AW A1nYe9lsA Late

blight $712u 440 A waznnvaslusiunsaun@ Healthy $1uau 150 nw

Original + LoBIAGlobal

(n) ) (A)

)] (1) (@)

(%) C)) (2w)

JUN 4.7 dreeagnnnilngeu (Original + LoBIAGLobal) vasluaiu
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1NUT 4.7 uansinogswesnnanyadoyalunduvesyndeyaiinasudiinain
Mssnfuserinennduatulusud 4.7(n) fAuniw LoBIA ignihluiiinduaudeyaninde
n15%1 Global augmentation Tugudl 4.7() fa3Uil 4.7() Tnsazidunisuennmiign
nsvanelsadaensi LoBIA waauunifiusiuiunnliunniudaeds Global augmentation
LﬁaéfaqmﬂﬁﬁmmwwmmmmaﬁagaﬁgﬂaaqgﬂLLUU wazdadumafiudruunmdmiy
Fnaoulunalinniy

=%

lunguvesyndoyarnaeudl (Original + LoBIAGlobal) yadeyanininasuvadly
ag:u FFuunnElnaauianus 15,579 A wuseandu anwsalsa Black rot 31U 5,342
AN N1NVDILsA Black measles 97U 3,160 AW AIWUDaLsA Leaf blight 971uUU 5,277

AN LLazmwsuaﬂuaqquﬂa Healthy 47117U 1,800 AW

nauvesyateyanIwinasuvasluduns (Original + Global) I3 1uIunwinaey
ManuA 6,010 N1 wiseenidu nanwvedlsa Early blight 31174 2,190 Aw Anwedlsa Late

blight $113u 2,470 AW warawvaslusiunSsUnd Healthy $1uau 1,350 A

4.2 nsieanamanuiugIveInIsuitdIuUsafidulsaday Fl-score
TumsTanamea Ly el sdruusnadilulsnsme Fl-score ngziiiasann
Amnauveansyhuedulaiesa 2 Aneu Ae 239 (True) nuwiia (False) Ine Fl-score 1u
MImARAESHETinTesAAILIuE (Precision) Tunnsywisuazansiioniu (Recall)
namdewdlofinsyiuneusnamifulsaudanisariidinisionaunduan 100% tumnean
fudiivinneduluiuifidulsauasinsSonAursisgn winduiudmniuiiaiunstu

Lildununvedlsarivainisisenaufazanadiy 1neNu1v99aun15v89 Fl-score 1ARAIN

aunsi (a.1) 89 (4.0)

. TP
Precision = ——— (a.1)
TP+FP
Recall = L (4.2)
TP+ FN

_ 2xPrecisionxRecall
Precision + Recall

F1
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Zx( TP j( TP ]
£1__ \TP+FP){TP+FN

( TP )Jr[ TP ) @
TP+FP) (TP+FN

. 2TP
2TP+ FP + FN

1987 TP = True Positive fa AanavadlsanAInn1salliiduasa
FP = False Positive fia paavadlsaniaanisalliduia
FN = False Negative Ao aanalaiifulsaiannnisalliduia

4.3 wanswusaruusuiitulsalasly CNN model iladnaauuinan
TunsneasuianasIAUBlug eI suUsaIuUS nauNdulsalasly CNN model 270

gj @ d' ) v d' 1 a 6 1 1 1

tunouluvdenlnezunsugun 3.6 lngvinsuiuasuamisdnesAinunuIwiungy

taya K 83 SLIC superpixel TnevnanausuAaIunuILtufl K =500, 600, 700 waz

800

lunsveassnuwingasnIsiusdulaiiniaaesiunmnasfues fingusvasd
Waneassliiuagadntaudausnaianisaunmellmanosnuuy taelainisasianin

o a & a a Y] va o v Y] Y] PN
GU']'J-W']‘V]L‘UU'UiL"JﬂJGU@\'iﬂ']3LﬂﬂiiﬂﬂUﬁﬂﬂWWGLUiNV]UWNWISUWWa@UL"UUﬂu LLaﬂﬂﬂQEU‘W 4.8

(n) )
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Abstract— A locak-based image asgmentation method to
cooperate with convolutional neural networks for plant leafl
disense classilication is proposed. There are three processes of
the diseased classification such as: 1) the localbased image
amgmentation method, 2j the global-based image angmentation

thods and 3} somal newral network [CMN) models.
First process, the locabbased fmage augmentation method i
designed to distribute disease regions on the plant leaves for
imcrensing the number of images in the datasets, The proposed
method focuses on only the regions on the leaves which is called
the local-based approach. Second process, the general global-
hased image angmentation methads are used to increase varicty
af the imuages regarding pose, brightmess, Mur and noise, Third
process, the simple CNN nusdel is proposed for plant leal disease
classification wsing the angmented images. The CNN mdel is
propsed in this research, The VGG IS and MobileMet nre using
for comparisen and siudy the impact of the propased methad in
the first process imcluding, We test on twa kinds of plants: patato
and grape with three CNN maodels: our CNN model, VGG T and
MuohileNet. The necuracy rate of potate and grape beaf for oor
CNMN, VGG and MaobileNet model are 93.78%, 95.56%,
TTA3%, LW, B30, and BOLO%, respectively, From the
resuli cun be concluded; that the proposed localkbased imnge
augmentation method can increase the accuracy rafes of all
mdels.

Keywords—  lmage  augrmemian comviluional  newrad
metwark, plant feal diseave classiffoation, decp femrning, fmoge
processimy

I INTRODHUICTION

Image dataset is essential for classification task with
convolutional neural networks in order 1o train and test the
mosdels [1.2]. If there is a lot of image in the dataset, it could
improve the performance of the models and aveid overfitting.
I case of image lacking, image augmentation techniques are
employed to add the number of images in the datasets [3.4]).

Previously several researches, image augmentation
technigques ane widely used for plant leaf disease classification,
The original images in the datasets are varously augmented
using different techniques including image enhancement,
image filtering, geometric transformation, and adding noise
[5-8]. Howewver, these techniques perform globally with the
overall region of the image. They do not focus only on the
region of plant leaf in the image. These techniques are called
the global-based image avgmentation methods, Besides, it is
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not covered in the creation of a variety of disease distribution
an the leaves.

We present a local-based image auvgmentation method to
multiply the mumber of images in the datasets. First, Our
mvethod acts 1o spread the disease throughout the leaves of the
plant. Second, the locally augmented images become the
imputs of the global-based image augmentation step. Then, we
offer a simple CNM model for the classification of plant
diseases on the leaves. Our local-based image augmentation
method is tested on two plant datasets of potato and grape.
Finally, the impact of our local-based method is studied. The
augmented images are used for iraining the three models via
the CNN model, VGG19 [9), and Mobilebet [10].

1. RELATED WORK

Image augmentation is widely used to be a preprocessing
step for plant disease classification in case of a shortage of
images, which are net enough 1w train models, 11 alse
contributes (o the reliel of overfiming.

There are many works, that take into account the image
augmentation for increasing the number of images in the
datasets, For instance, liang et al, [3] proposed an approach
for plant disease classification on apple leaves using VGG-
INCEP model with 12 tvpes of image augmentation regarding
brightness, contrast, flip, sharpness, Gaussian, and rotation.
Hasan ct al. [11] applied convolutional newral network for
jute  disease classification.  The original images were
augmented in 6 stvles by flipping, rotating, and scaling.
Widivamo et al. [4] used only one technique of image
augmentation for tomate leal disease classification, The
original images were rotated both right and lefi sides 10 20
degrees. Sheikh et al. [12] applied rotating, shifting, shearing,
flipping and zooming in image augmentation step. This work
classified the discases on maize and peach leaves using
convolutional neural network. Arva ot al. [1] proposed the
plant disease classification on potato and mange leaves using
several image augmentation methods, affine transformation,
perspective transformation and imensity transformation. The
augmented images were used for training convolutional
neural network and AlexNet models,

Regarding the above works, the image augmentation
methods did not cover in spreading of diseases on the plant
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leaves. These methods are performed globally with the overall
region of the image. Hence, we called them the global-based
image augmentation methods. In this paper, we propose a
local-based image augmentation method to generate a varety
of disease distribution on the plant leaves for improvement the
efficiency of disease classification.

Input Image Dataset — —

|

Local-Based
Image Augmentation

l

{ Global-Based ]

Image Augmentation

{ CNN Model Training |

!

Output Madel

Fig. 1. COur proposed training framework

1. THE PROPOSED METHO
The overall process of the proposed plant leaf disease
classification 1s divided into three parts: A) local-based image
augmentation, B) global-based image augmentation, and C)
convolutional newral network model. Our proposed iraining
framework is shown in Fig, |, Our local-based image

clronws, Computer, Tekcommumictions and Informatin Techmalogy (ECTIHOON)

augmentation method is designed to increase the number of
images in the dataset by spreading disease regions on the leaf
area. Then, the locally augmented images are forwarded to
the globakbased image augmentation step to multiply the
number of images in a varety of pose, brightness, blur, and
noise, Lastly, a simple CNMN model is designed o classify
plani leaf diseases wsing the augmented images in the process
of training and testing.

A, Lowad-tbosed imoge augrentation

Fig. 2 represents the overview of our local-based image
augmentation method, The original ROB image is converted
o L*a*b* color space. Then, the L=a*b* image is split imo
L* chonnel, a* channel, and b* channel. The a* channel =
used to segment the disease regions on the leaf because this
channel reacts 1o the color range of the diseases (brown tone),
The b* channel is used to find the keaf region in the image
because this channel corresponds to the color range of the leat
(green tone). Mext, the b* channel is converted from gravscale
to binary image by Otsu's thresholding and then all holes in
the leaf region are filled. The AND operator is used to crop
only the leaf region on the a* channel. Afier that, the disease
reghons on the leal reghon are detected by Otsu's thresholding.
The biggest disease region (BDR) on the leaf region is
selected to use in the discase distribution step. Meanwhile the
disease distribution rate (*DXDR) is caleulated to be a criterion
for spreading the disease region on the leal. The % DDR 15 the
ratio of all disease regions to the leat region. Afterward, the
AND operator is used 1o crop only the biggesi disease region
on the orginal RGE image. The final step is the disease
distribution (M) In this step, the biggest disease region is
copied and pasted randomly on the leaf region of the original
RGE image 1o create vartous pattems of disease distrbution,
We set the %DDR to 5%, 10%, 15%, and 20% , respectively,
for creating the diversity of output images. The number of
pasting is depended on the *<DOR of the leal so the numbser
of output images might be less than or equal to four images.
The examples of output images are illustrated in Fig. 3.

Our local-based image augmentation method

RGH

Gapacale

L'

Ovgival hrsger

i ﬂ fot
o Binary Hokes

to Birary

Fig 2. The overview of oar kcal-based imape augmentsion method
(IR Dhesease Thatribunion Rate. BIM | the Bigges Disease Kegion: and D0 Drsease Dhstrikution)
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a) Onginal Image by DDR §%

Fig 3.

<l DDR 10% dy DDR 13%

©) DDR 2%

The examples of oulpoet images from our Joca-based image sugmenlalon step: a) original image ol potasto Jeaf (first row) and

grape leal (second row ), b) DDR 5%, <) DDR 10%, d) DDR 15%, and ¢) DDR 20%.

B Global-based image avgmentation

In this section, the general globalbased image
augmentation methods are used 10 increase the variety of the
imag: garding . brigh blur, and noise. The
output images from the local-hased image augmentation step
are multiplied to six styles including horizontal flip, 435-
degree rotation, -1335-degree rotation, brightness reduction,
blur, and Gaussian noise addition. The examples of the six
output images are shown in Fig. 4.

Orgnal Image

Fig 4 The exsmple of output images from the globakbised image
augmentation step.

C. Convolwrional newral network model

To study the impact of our local-based image
augmentation method, we propose a simple convolutional
neural network (CNN) model for plant leal disease
classification as follows i Fig. 5. Our CNN structure is

included the convolution layers, ReLu, max pooling, flatten,
and fully connected.

Fig 5. Our convolutonal neursl netwark (CNN) model.
IV. EXPERIMENTAL RESULTS

In the experiments, we test the proposed method on two
plant leaf discase datascts from Kaggle.com [8.13.14]: 1)
potato dataset [15] with three classes (carly blight, late blight
and healthy) and 2) grape dataset [ 16] with four classes (black
rot, black measles, Jeaf blight and healthy). Some images in
potato and grape datascts are shown in Fig. 6. Besides, our
simple CNN model in Fig.5, we also use VGGI9 and
MobileNet 1o study the impact of our local-based image
augmentation method. The numbers of parameters and depths
for each model are shown in TABLE 1.

Black rot

Healthy Black measles Leaf blaght

Fig. 6. Some images in potido (irst row) and grape (second row ) daesess,
We sel the datasets for training the three models to three

cases. Case | is the original images only. Case 11 is the original
i bined with the aug di which derive

B
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from only the global-based image augmentation process, Case
I is the original images combined with the augmented
images, which derive from both our local-based and the
global-based image augmentation steps, The number of
training images for cach case is shown in TABLE II. For
programming. we use python on a laptop with Intel® Core™

augmentation method which can improve the capability of the
models for plant leaf discase classification.

‘rl'

A 7
|

i5-9300H 4 Core @ CPU 2.40 GHz, GPU NVIDIA GeForce g f \/ P = it
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In testing the trained models, we prepare 90 potato leaf’
images that consist of 30 early blight images. 30 late blight
images, and 30 healthy images. Meanwhile, we prepare 200
grape leal images that include 30 black rot images, 30 black
measles images, SO leal blight images, and 50 healthy images,

The training accuracy, the validation accuracy, the training
loss and the validation loss of our CNN model which is trained
by using the training images in Case 1 and Case 1l are shown
in Fig. 7 and Fig. 8. Meanwhile. the results of using Case 111
are shown in Fig, 9. We can be seen the graphs of the training
accuracy and the validation accuracy of using Case [11 are
smoother than using Case 1 and Case 11. Furthermore, the
accuracy rates on the testing images as shown in TABLE 111
We can also see that the three models (our CNN model,
VGGI9 and MobileNet) which are trained via Case 111
provide the highest accuracy rates when compared to the
results of using Case | and Case Il in both the potato and the
grape datasets. These are the impact of our local-based image
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Fig. 9. Accuracy ries and Loss rates of case 111
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V. CONCLUSIONS

A local-based image augmentation method has been
proposed in this paper. Our local-based approach is designed
te  cooperate  with  the general  global-based  image
augmentation methods and convolutional mewral network
mosdels for plant leaf disease classification. The original
imagzes are augmented by creating the outpul images, which
have a variety of disease distribution on the plant leal region,
The locally augmented images will be forwarded tw the
global-based image augmentation step to multiply the
number of images in a variety of pose, brightness, blur, and
noise. Eventually, all augmented images are employed to
train the three models, which consist of our simple CHMN
model, VGGIY, and MobileMet. In our experiments, the
proposed method can improve the accuracy rates of the three
masdels in both potato and grape datasets,
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