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For the classification of sugarcane diseases that are most common on
Khon Kaen 3, which is the most popular sugarcane variety in Thailand. The focus
will be on the analysis of diseases most affecting the sugarcane leaves such as
those caused by bacteria, fungi, and insects. Therefore, there is the idea of creating
a system that faster diagnosis automatically identifies sugarcane disease with
accuracy, called Intelligent System Diagnosis Sugarcane Diseases with Deep
Convolutional Neural Network. The system allows users to upload pictures of sugar
cane leaves. It was able to identify sugarcane disease and identify the cause and
methods of prevention or control. The system has the ability to classify five
classes of sugarcane disease: Red Rot, Rust, Ring Spot, White Leaf, and Normal leaf

with mean average precision (mAP) up to 0.8681 or 86.81 percent.
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Learning Tasks

29 1 Ussnmvian 9 Y89 Machine Learning [6]
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maFeuiuuuliigaeu ilunsiannuuuiasaiieNnizesuiy vsemanuduius

a v o a

vostayakarimuusidmingudnisseusiuuliiifaeuss Suilssoyaidiesegafent

ez

fnaansvisenisinineg Favilinseuiwuuliigaewiulilaiiveyauieeniiszdisusu

Y

Wuudnaeamilauiunsalven s euTuvitaoulrfeustuinntoyav i iieag1me?

ulnldiveusssinnvesdayairinty

=

3. MSSEUILUUNN

a v

Ura@ou (Semi Supervised Learning)

maseuduuuisdigaeu WunsSudiuunauraunsseusLuuiyaou

Y Y Y

(Supervised) uagwuulailgfaau (Unsupervised) Fauwuuiifaeunyntouarniveyaniidne
iy (Labeled) Wudwiios wasdoyanilifitheiiu (Unlabeled) iudulneg Fans
SeuswuvididasuiazUsenaulumedoyaunsdiungniniieuaz vayaurdiuitlignia

Une wuudaesaglddeyaniinsfathadusumslunseudiionzduunviinvesdoyad

:
galullagnantne
4. MIRPUsLUUESUANEY (Reinforcement Learning)
madsuiiuuasid (eedadondt neFouduuuaiuuse) Wunsiau
wuuaesiilinuegudalivssaninmanniy wudeenegnldnuluanimunies

v

anun1saluazSouslaglinisleundu (Feed Back) Maieudiuuiasuusdsliivoyatng
AN wrazldduune (Goal) Mdusiiuuniasasdasilrlaniuidvane nsnseyin
(Action) MLATB99ZYIN kaE NNSUBUNAULNEINU ANUAILNTANSeUSEANSANTLNNSIUDY

I 4 o U = ¥
Wy mmu‘uayjammummwg



2.1.2 nquiggmnisiseuswuulausa (Hybrid Learning Problems)
nszvaunstunguiiazdunszuiunisiildinaiining o naunauiy wazauise
1 < 1 1 v 1
wualungquees loun
1. nsseuskuuisiiaou (Semi-Supervised Learning)
nsSeuwuuAagaeu Wumsiseusuuuiigasunyadeyainiiveyanithemiu
(Labeled) \Judutios wazdayailifithemiu (Unlabeled) iudulvg) dan1siseuiuuy
Aaflgaeuilazysynaulumedeyauisduignindrewasdoyaudiunlignintiey
° vy aa a ] a v oA A ° a 9 Ao
wuuaesarlddeyaninisinieiluuuimdunisiSeusinenazduunviinvestoyands
Luildgnanthe
2. nsseuuuuiedugaou (Self-Supervised Learning)
maseuduuuimieadugaeu Wunsseusuuulififaeudainuluveuis
witlouiun1sSeuswuugasy lnsuitagmanauilasuseuning (Pretext Task) Iy
LATY FIRE Y NURldsuNBUMINEABNIIAIIILTLIUBTUAILIUTIgNABY LATRIREIN

a Y

nsseuswarinudugunlifiveyamiuundnseslumunusiignees
3. NNSSEUIWUUNGNAIRE1 (Multi-Instance Learning)
= ¥ { o 1 = ¥ ¥ o 1 ] o s
neeufuuunguidedng unisGeufuuuiidae Inafetauiazialaidde
° o ' ' o 1 = ° o 1 ' PR Yy v
My winquaesietwaritheiidu i nguaesnyuaidadseg lAwiinesnyuanen
= 1 o 1 J ‘dl 1 = k4 o
wenazilungusinetineuon waznguaednuaiilammnitndseg asazgndmdu
% ' o Xy = (2% o [V X
faat19aL N19vuTesdsiaewle Wiunuastazatmnsarinug A uatiaini e

q

{Wadsenlavialy

2.1.3 NANNTOUNIUNEDR (Statistical Inference)

nsvvaunstunguifasidunssuiunisiildnseysnumeadn uasannsouvadundu
goe LA

1. msiSguskuugUile (Inductive Learning)

M3FeuiuuugUils uwwudiassesmieagiinluandeusiin Ineguiisiteyalmin
Is¥uasdinaenndoiudsiiBousn

2. m3seujwuuilstdy (Deductive Learning)

mMsBeuiuuuisds luudunvesnisBouiveasiesie WoinldnsBouiuuuguis
lunmsSeuduugadoyaiinfienuuusians wasnuusaesildiuanmsodarumnzaud

anldlunisviwngls nslduuudnaeddunisvinng fe Mmaseusuuuilsdy



3. MssguIkuunTUendu (Transductive Learning)
= 4 v o Y o 1 o dl M v
nsFeufuuunsudndu dunisldetivanizlunsinnens Tneildléfings

wdaaglnevialiiow

2.1.4 nguAaIaN1siseus (Learning Technique)
1 dg’ Id dl v a aa a b 1 < 1
nszuiunslunguiiasdunseuiunsildnainisn1sseus waganunsawdadungy
goe LAl
1. Msileudiuunanen1sia (Multi-Task Leamning)
a ¥ a = a ¥ v vy = a v
nsiseuskuuratenisia Wunsseuiuuuiidaeulaslddoyaiiniaediulunis
Sguinuvany o nuiingtesiugeaansatigiinuseansamnsiseuiiagauwsiug
dmsunsiuneravesluuiassliaisuiunsiniuuiasdlag nkeniuEn

2. MISEUSAIN (Active Learning)

NSSEUSAIN LuuiaeEusanvzosveliuyudidnylgluseninanssuiums
= v A v o i =9
Seusiiteuntyviinniuseninenssuunsin

3. msisguiuuueeulall (Online Learning)

a o/ 6 & a Y 1 = [ o
nsseuswuveaulal lWunsseuilasldvayalny q uaziimsuSunuuinaes
lngnssneunasiinsilldvinng

4. msipusiuunigleu (Transfer Learning)

Sy ' oy 0 = oy Y o o
nsreufuuunielan iunisBeudanuunsiassngninizeuiaaudodmineu
= ] a9 ° 2 ° Y a9 PR v A
1 ] uarueduvireriinazeskLLaaestiugnian v Guiu i uninaadesdy
9 sioly
5. M3REUsLUUTINAY (Ensemble Learning)
= ¥ 1 o add‘ ¥ o :// ] o dg/
nsreufiuuaniu unadsn duuuanaessaws 2 uuuanaesauldlunistnuu

¥ a o o

gadayaneaii wazn1svinuiaas uuLaaeiauN e iR N uaNi

2.2 lasevnedseamiiay (Neural Networks)
I o d' Yo Ly 1 v 6
Wuszuuniseunanlesuwsatunnalaain lassneussamluaueswesdn?d tay
lasengUszamusenaulumewadusyan (Neuron) Midausany wadusean 1 1waa
97199zLRNARAUAAUTEADU 9 Bnvaewea IwUwaaUsTAMIerNTaNaaiuly

sruvUszanmiiuliduiuinn mswensefiuvesiiseugniseningauszaulszam



(Synapse) dusnndyainuszaingnasnin leussamiiesn (Axon) TWés leussaminda
(Dendrite)

TnseneUszamidisndsznaulusewaduszamidion (Artificial Neuron) 3331aes
WNnaaUsTaluaues ﬂ'ﬁlfz"j'amiaﬁ’uiwdfmL%aéﬂssamgm‘ﬁamé’aa At
(Weights) ﬁh‘f’mﬁﬂﬁLﬂuuami"]aaamiﬂszéju‘[,uamaa ﬁhﬁfmﬁfﬂﬁLﬂuauﬁﬂaaﬁmfyﬂmﬂﬁ

gugdluaues Toyatazgnarmesdminuazauewde (Bias) nawinuudslugs Heidu

ﬂisél:u (Activation Function)

2.2.1 siavaslaseigUsea oy (Neural Networks)

A mostly complete chort of

o NeUral Networks ...

Input Cell 2016 Fiodar van Ve - ssimovinstitute.org

Al |
&3 Noisy Input Cell Perceptron (F) Feed Forward (FF)  Radial Basis Network (RBF)

. Hidden Cell
@ rrobablistic Hidden Cell

. Spiking Hidden Cell

® outputcen

. Match Input Output Cell

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM]  Gated Recurrent Unit (GRU)
- - - - - -

. Recurrent Cell
@ memory cel - "
Auto Encoder (AE) Variational AE (VAE) Denaising AE [DAE) Sparse AE (SAE)

. Different Memary Cell

Kernel

) Convolution or Pool

7 2 winveslnsseysyarsmiiey (Neural Network) l991ulutiaguiu

Tudutlazfunsndnisinveslasmedssamiuiiosiludssendldfunide
Fuil Tngaznamia Tassedsvamifleuiiiugiuiianfio Perceptron (P) Suduiiugruves
Tassteduusn viauldifissdoutoyaidn Input layer 1nnd1 2 dums 9rnsurh
nEUIUMTHaTILIMIsA Ui Ut U sRtinAansuaylinaanseanyg output layer
dnsulaseneUszamifisuiifienududouivtuandy lnsheUssamuuuludamivie

Feed forward (FF) fiaiduluwaniannsassuieldtaauiign osaindnsaniunisves
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(% '
a

unadeyalulufiemafeamiiouiu Perception wnnenanseiaziituiignageu (hidden

Y

[ £
U =

layen) sevisdudoyariduazansen wazanaaedistuuduiiinnndi 1 4u fuly agluae
Tassefivilaiianududeulunisusyananaanntu Taseteusvamuuuiug wie
Recurrent neural network (RNN) ifhilassinguszanmusn q ffinsdeudeyandu
(feedback) neflu hidden layer vasidumasng Tnsfluudastuazanunsnasndoyaly
Meluwadeng 9 1 (hold information or store) dwalvinszuiunissuteyavinliegiadu
§1efutu (data sequences) waglinadwsnie output layer sgradugisuituiu RNN Huay
Heullimesudeya wu msiwmeivanning anudasadevesdayan1anistiv iaz
NUNEUAIRULIAT (time sequences) 1 TATIzvdQIaluLUUTAUNET (time
domain) ¥3elauaud (frequency domain) wagn1sTnszsidaaandewing q laswwe
Uszanniiienaggnin iiSeudiiunsmaianuRanaIngg3sn1sunsneevas (Backward
Propagation) Lﬁaﬁiﬂﬂiwwﬂigmmﬁaummmﬁ'mﬁuﬁ‘swd’]ﬁagamLﬁé’h Wazdoyau
oonld drusnnlassieussamisnnuuluimihasgnldsmfvlassineussamiendy
dieflagldulasaneussamuiinll

laswngUszamifisunuuaouligdu (CNN) 1unsdiaesainnisuediuyeauyyd
Tnsusiaziwaduszamaruoniuduiieuiidiuges q (Receptive Field) uagiimusenau

2 & A &

Tnansviudouuisdu (Overlap) [8] Nz sadunuiinisuaaiiuiua Ingazdnisien

(% ' ' '
v el = aa v LY 1 % = 1 1

AENYEYBIUTIgBY Y WU HUYBUYRINI Andnfusenineing Jauywdazsuiindi

q 9

lnunddniu anauaulangaiu wasususeuingUsznouiu Tumsvhauvesssuvates
v Yo

natlaiagldnsAanandertinaanslunisseyininguuseosls lnen1sAnumuwniAnil

lgnannisiedtuiuaeuligdudeiiui (Spatial convolution) 91namaenlalazgniisn

A = 1Y a o

U
Uszananann 5unnsimueaaesiua (Kemel) Nhefsradnuaznldlunisiining
d‘ o U - dl o .

290 N17LadUVDY Kernel ANNIUUAIINAIVBY Stride mgﬂmwumaﬂua}mmw (Pixel) k3NUDg
amdaya nntuazgnideulumuuuganmaulua nauasuynannim lnensvihaeuligdy
NadnSvwInreradnsliazdl 2 wuumeniu fenadnsiawinannitdeyavidiiesninnis
rouliatu warnaansivwnwiiunseingnitdeyaridi@auinainnisyvi padding lng

a ° . o Iz Y A A a & A o sal v
91993In15911 pooling #8331NEBNANTRATUNITLAY LNBTINLANYUIATINUNVBIHATNETILA
nMsveeuligtu Favihliaanisldndenulunisawinliiosas uagld max pooling
Angeanluusnaignasaunqume kemel agundunadng lnsazwseyludnuaededtiunis
¥ Feature extraction Wvuvudeyaudadonaiigaaauusiansaatu undunadnslnd

d{' Y . A o v Y o .
LLﬁS%SLﬁ@UW’JﬂiBQIUGﬂN Stride ‘vmwm@la 1AgUUIAVDIRINTBIYBINITIN Max pOOLIﬂg W
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He139n71 pool size nszvIUNTTIMNaazldiun waesluses uaginlilassineUssam

TuuNYilauazaNuUreIN15VedlIReY lnenseuluseuiazgnyiig) iieusue Weight

a1

P 4 1 o &:’ = 1
w18 9 50U (Epoch) Livelviauuaiugngadu wazilengayide (Eror) anaslunsazsey

pooled Fully-connected 1
feature maps pooled ~ featuremaps  featyre maps
feature maps o
r r o \pPWix)
|— E °
r @)
O
I |_ I o
T o
O

Outputs
Input

Convolutional Pooling 1
layer 1 layer 2

Convolutional  pogling 2

il 3 wuaAnveslnsstgUszarmuuuneuligsu (CNN)

2.2.2 dhudszneuvedasadigyszamiiisuuuuaauligdu (CNN)

a1 [

Tulasanguszamiinuuuneuligiuavidiulsenaudall
2.2.2.1 ¥u Conv2D

HuConv2D Judupeuligtu 2 8 {Wunsviaeulgtudsiiuiviavianin lnedu

o
v A

roulgtullavainreuligiuimesiuauasyitnisreuligtuiunmlaedeuludigadalusme
A1 stride Mfmuald uaganansadmua padding l9Ae same aelvinadnsvesnisinneulg
v a - a . ) o o & ' a &
Fulvuawiiuguids wae valid asdumsvhresubigtulaeinesiuadzeguuguiiumitu

o 2/ v eal A & 1 a o 1 v 1 &
‘VI’]GLWNﬁaWﬁN“UU’mVILaﬂaﬂﬂ’J’]E‘ULﬂN ﬁ']iJ’]iﬂﬂ’WU’JUIWQ’Wﬂ ammsmmalﬂu

0= (FE22) 41 o

Taofi

O fie WATAANNNINVBRUVETNGDWNG (A1UNT1981IAL)
| Ao YUIANRANUNINVBAUNINTBUNS (ANuNIETIVIN)

K Ao vu1nved Kemel

P Ao UM Padding

S A® YUA Stride
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2.22.2 %uﬁﬁ%’uﬂizéju (Activation Function)
melulassineUssamidisuilaidunssduandusiifewimanuuuudaimd
(Weighted Sum) waguinsuALdsuy (Bias) vesdoyaviiazudasuidudeyasen a1
Tnualuusasdunglulasstiedszamidionognls dsidunssiululassinedszamiond
Joaldnuaziidnuarilidudadu (Non-linean leflazielilassisdszamidion
annsaeuideyaditudou uazldnadnsidanuutiue neilsitunszduiingzuiums

NIUAIAUNTS
Y = Y (weight * input) + bias (2.2)
Fuilaffunseduusznousie

2.2.2.2.1 FuAsATu Sigmoid
Sigmoid Juilerdusuulidudadu Wnefarduiiazwlasaleglugg 0 fs 1

2115093 UNAILENNTT

1
S() = —= (2.3)

1.0}
0.8}
0.6/
0.4}

0.2}

0.0}

-8 -6 -4 -2 0 2 4 6 8

2 4 Sigmoid Activation Function

2.2.2.2.2 Suileridi ReLU (Rectified Linear Unit)
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ety ReLU Aian1svi Linear Activation §Usuunileiidian Threshold gfiAue @4
ReLU la5uanufisuagnaunnly CNN tosriefliaideseyinnisly ReLU tu asvinlinis
AN CNN geinidavu wagnisduau ReLU winifieuiiu tang Sigmoid 3@ Logistic Sigmoid

wa? a@nusaruInladIenIuIn [7] @aunsaasuielansannig

10}

1 i 1 1
10

Epochs

f(x) = max (0,x) (2.0)

2.2.2.2.3 Fuiladdu Softmax
laidu Softmax 1Wuilsdduguinluvesilandu sismoid ansaldlunissuunngud
WINNI 2 N B9 NHeTu sigmoid Nanansadwunloue 2 nguwindu esunglass

adunng

e?j o .
O'(Z)j = W lngyl j=1,..,K (2.5)

279 5 Rel. U Activation Function (978) ns1Wuaninsivseuiieusevainisly RelL U auiu] uae

tanh [iawUe] Wu31 ReL U gidi5ana1 6 o177 (937)

#landu Softmax agnldlutugaevedlasadngyszamieuiveldlunisduunussian
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2.2.2.3 ¥ Pooling
& . &) . . L4 (Y o o
1 Pooling LUun1saATWIA (Dimension) vesteyalagndsannnisiaeuligdunas
rnuileidunsziuasdunaitoyaszgnanvuin ieannasnuiideddlunisfuin nsi
pooling azilag 2 uumeiulala max pooling ka average pooling lag max pooling
sniumsfiuAfigeiaaveuinuignaseunguaie kemel way average poling afue

& ! d’ a = 1%
wuaea YUBUILIUNINATBUAGUAIY kernel

Max Pooling

2 x 2 Feature map

Average Pooling

2 x 2 Feature Map

4 x 4 Image

A9 6 wilaves pooling layer
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2.2.2.4 ¥u Flatten
Jutuinsu output Nldantupsuligtuiiliteyaiiegluvanedii (Dimension) 1

Seeiuldauin e 1 97 1edwmaludeau fully connected layer

2.2.2.5 ¥u Fully connected
< Y oA ' 1 Y v 1Y 3 ¥ [
Jutunwesleusaz node vadlasainguszannidnieiulaglutugamegagyinnis

AINKAET (Dot Product) vasdayaninuidn (input) wazaasdmin (Weight) vaslanaa

2.2.2.6 % Dropout

Wudrunanudaglunisusuusalaseieuszam Wun1sazie node 9

o

L vV

° =) = o & dl 1 = 1 o &
Anuddgesrisliiannnudnlu wielilasweuszamilannuuaiugnaiy (Accuracy) wae

Jestunsiinuuuinasaseuiarndayavidiuiniuly (Overfitting) Tuseninanisiln

TasaveUszaminasisvule

2.2.3 3 suseiiuanuklugnvedasstneusyaniien (Confusion Matrix)
< a = a v & A a a a o . .
Wuwasedislunisuseliunaansnieussdiulsednsnmuesnsvitung (prediction)
= o ) A v = P o
e sinANansavedlusingu (machine learning) TunisuAteymn wWisuiisuiu

NAANGAS

Actual Value

(as confirmed by experiment)

positives negatives

ey W
2 % P FP
S 2 B frue False
- ‘;_ a Positive Positive
@ s
- T )
St FN TN
Q B “ﬁ False True
o S [ Negative Negative

291 7 97399 Confusion Matrix
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Afuanslumsssefiamadndusznouluse

1. A93udeuan (True Positive: TP) Aons@ifilusunsuyueinduuinuazanass
Huuan fedratu anuduade “daaulaamu” wuih “siaviuiu’ wadns
“fls” wansideyadnnquidupanauinegisgnees

2. A193adeau (True Negative; TN) Fensdifiiusunsuvhuieinduauuazanass
Juau segragu mnuduass “dadulaliamu” wui “s1amfuas” waans
“Divanu” wansideyadnnguiiupanaauegisgnios

3. AwiaLdeuan (False Positive; FP) Aensdiilusunsuyinunednuinusaiasadu
au fegrau anuluase “dndulaamu” wud “51n1uas” wadns
“pranu” uansiteyadanguiluraiauinie

4. AuNUTeaU (False Negative; FN) Aons@nusunsuyugauLARI93IAe
van foghatu ananduaie “dadulaliamu” wuth “smavui’ wadws

“antemanazlinils” wansinteyadangudunaiauinin

[y a

Tnevhluaeiliinideuldlunuidouasnsvihausig 4 eg 4 é1 e
2.2.3.1 amnubkiugn (Accuracy)
AAssiug (Accuracy) Wudndruivenmnuanansalumsinnedigniesse
wmnsaivavan nan accuracy adnlng 1 wansimuudaedassieysramidieni 4

fAnuusiugnga

Accuracy = (TP+TH) (2.6)
(TP+TN+FP+FN) '

2.2.3.2 ananusieanss (Precision)
AR Te (Precision) LUARdI1UAI19SUTIUINADANTIVINTINUA RINAN
precision dAtlng 1 wansinnvudnasslasstielszamiisudanuanisalunisneinsal

AN UTIVINLAR

.. TP
Precision = —— 2.7
(TP+FP)
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2.2.3.3 ansisenau (Recall)
' P & &, 1 Y v Py
AMssenA (Recall) iWumsusuenanuaansatunisnensalliegegnioniios

v 1 ca a a ) 1 a1 v 1% 1 o 1
mwaﬂmmamm‘wmmmﬂumﬂ mine Recall AALlnd 1 wamsduudasslasedng

o

Usgamiileuanunsadumaiuinted manegiudeyanidndiudeyanduuintes o

Y

TP

Recall = m (2.8)

2.2.3.4 A1 F1-Score
ﬂlﬁ F1 ‘1/1%’9) F-Measure LﬂumiﬁwaﬂmmmmamaqLLUU'«iwameasdwsJUizmw

a0 a1

Wignaensld precision waz recall UNNATILUUTIADINIAB19923IAY precision NALATIAT

recall M1Le warlunINAUAULUUTIAD90199lAT precision NLeuATAT recall MR 9l

AZLUUVIADIIUNISANUIAT F1 91ne1 F1 Jawnlng 1 danainkuuinasalasavieusyan

Wenaunsanensailas

2+(Precision*Recall)
(Precision+Recall)

F1 score =

2.2.3.5 115USU8NAIIEINII0938A7 Average Precision (AP)
FBsvsuenanuaiusavesiunalasneUszamiisinisldausgrsunsvans 1wy
N3032990Rg (Object detection) ¥83 PASCAL VOC2015 [7] aziunisuansiean
Average Precision (AP) #aen1smAuiilalas (Under curve area) 5mine Anennandienss
(Precision) kag A1N1SI3ENAY (Recall) A10g5end19 0 8 1 vnA1 AP dandnlng 1 uang

Tlunalassedszamitoutuainsonensalldogsgniesisiug)
1 _ on . .

AP = [ p(r)dr = X, P({)ARe(i) (2.10)

AP = Y | Precision;(Recall; — Recall;_;) (2.11)

dlo AP fenudildldswesmnnuiiesiuaimsiiendu pardr dedlsidu
L v L3 ! U dl U U = = A o o 14 1 -
ANNENTUSTERISAIAUTBI UAINSSENAY T Aeduiugadadayatludiansm P(D)

A9AANLAgInsIluiulalas way AR e(l) Aensiasunlasvesrinisisenau
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2.2.3.6 N15USU8AAINAINITONIEAT Mean Average Precision (mAP)
dosnszuuililassdnevssamilunsduundoyasenidunduiiu asdouwen
ganiluanndt 1 aana wu Tsadunansluuas (Red Rot) Tsasnadiu (Rust) Tsalugmiaumin
(Ring Spot) 15Alur12 (White Leaf) uazluunf (perfect) Tunsusuaninlanalaseaig
Usamifendilifanuaansolunsiuundeyausiazaandlduiugudlyu Sadndugoa
A" Average Precision vadusiazaanauIiiaLade mne mAP fiandilng 1 uansinluwa

lasengyszamiisatuiauaunsalunisnensallaegagnaesustiudluynaaia

mAP = ;ZAPclasseS (2.12)

Nclasses

Tunstinlunavedaswigyssa iy usnanazaularmuulugal (Accuracy)
a a ~ Ay 4 o w 1 Y A J =) = a v ! !
dndmnilandeslimnudAgluuiiu fie Argade (Loss) FalagunAudiminaiainuuaiuves
lunandasidilndsevas 100 wazdeggdesiign (Minimize) viduisnisanunsaldnig
ISuINAneY (Regression) W93 IANANINEINTRIBE1MsBLLBY LilBAA1AINAIALAREUYDS
¢ ' 1% Iz = . 1% a v
nswennsad (Error) Wy n1sas1eflandunisasde (Loss function) lagldnimaneeiiady

(Linear regression) lilaA1ALAaNARRBNSYIN9ANRSatuAmenTal ludy

2.3 anrdnenssuvaslasevgussamiisunuuaauligdy (Architecture of
CNN)

Tunuidetlaznanaivanitmanssuaasiassnglsyamineuuuuaaulagduinily

Toun



2.3.1 VGGNet

Karen Simonyan [8] lainsginnuanvestunsuligiursensiilumalvidudeu

19

11n3u Teglimnsfiwesdu o venwlienaudndunsiivesauay wagldilawesaou

Tgtuvun 3 x 3 ililalassieUszanniieuwuuaeuligiuilianuwiudnanntusaslasy

571978509 ULLAAL LY ILSVRC T 2014

input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

27l 8 aortmensusves VGGNet [8]
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2.3.2 ResNet

Kaiming et al [9] It tanatneanunsiseusuuy residual learning 3@ residual
block Fuvaslasitiesyamiisugninienisiideyavidivestuneuntinundudeyav
dhwfunadnsuiesnainduneuniununsldnadnsvieanantuneuntiundudoyaun

Y I = = = U o g v @ '
Wniilesag s 39938luisesrenssiu feature luvangseau vilianunsauSuuss
(Optimize) lnssingUszanmiienniinnududaulaietusasduiilaanuudugigay

Tasus1atavuziaalugny ILSVRC U 2015

weight layer
F(x) l relu

weight layer

X

identity

F(x) +x

29 9 BannI5Ye3 residual learning %3e residual block [9]

2.4 15A3087ANINYDT
TuruAdedlavinsihsuamlsadesnsdy 4 1sa wilddmiunsiln laganmvnves
IsAfinannidesn 3 4 lsadeiliiaduiudesiiugueuniu 3 [Wuiugdesninunsnsyilides

9

feuvan wnuandu 80% vesiunugndeslulssmelng weanafe vouwiu 3 Tinandnas

9 15-20 fiugials TARumINU 12-14 FFed NdAgyas nulad wazlined lsafiiauain

nsavaulsaluviauiug uasiinnanImkIndeulisauiun1sseuIn Lawn

2.4.1 lsAuwaavisalsadunanstukng (Red rot disease)

® auunYadlsA : Wes1 Colletotrichum falcatum
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®  NISUWITTUIA
o WeRnlufurieuiusiidulsn anunsouninszareitensluld lnsades
annsansyanglufuauuazaiy
O @831 Colletotrichum falcatum Wvinaneldnusesunaiiinanruey
NIDUNALANTYDIAN

o lsmazszuiaguussluiunnianudugs wu luwavalszyunsenun

e Snwurens : Weanmguedlsnanunsadviaedesndiu Awsmluvieuiug v

Tvisuiugiunlisen dundrdguazidenaunian fs n1svhaltenasu dmsu

(%
aa o £%

91n1suuly azBusudugaeuwdunasluiuuwresdlu gadondiddinauaad
% a < A aa a = o & g & ¥ o v
waawdsuludnnanivevdiag wasiiyesidn 9 luuasueenadinaisludes
cava & = &
iAndugauwauan 9 vuilely
e nsAuAulsa
o louvasdoslulsaguusiiiv wazasianedasLinaenliiue
O Uaniwmyuiey eniuivedeveaiioanivg wu 41 91lne aaden
O aMNFuNILALATT 3 IRsufeulgndeslnil USuussiunsameyuun uay
wissnAulrTEUIEUIa

o feulgnenviimsuiviewiugsssluasialimdnlsaiiy tuluila 50% fuuds

N o a a o

A 9M51 20 NSURBDTN 20 A9 %38 bslantumsa 70% FUUAIN omsT 15
n¥udatn 20 Ans WU 30 wfineuygn way 0.1% A1SUUAITY 15 W9
feuUgn uagnuansananuiinlaunedesnouarAsl senineiioeyeny 1-

5 LHoU

1%
s v o

O wiviauRUS Aeulseou 52 asrwaidua tunan 4-5 91l wseaumele

9

L0UTBUN 54 par ALty duIal 2 Fala

2.4.2 15A571@%y (Rust disease)

® mLW!ﬁUEJ\‘iT,iﬁ . W31 Puccinia melanocephala

| a

®  NTUNIIEUIA : AnIainTulaegeTULTRloRINIATAINBUEY kaTIANTUES

aa ! a ¢ & I ! a =~
@m%ﬂllcl/]L‘IﬁlﬂSallG]E]ﬂ']ﬁL‘ﬂiiU?J@QﬁU@ﬁLﬂ@@%i%‘lﬁ'}’]fl 15-30 23 aLYEd bUBFENTN

9 Y v
¥ [

NNATUIZLDDOIUNADNITASIEUBINNSYIVINANE WAZNITWININTZINYVBILSAUIN
Tu uenanddmuinundairnudunsawazivunaemoanasa Inunaduugs

LAINALANALIASIATUUINYY
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[ 1

o &nwazerns : WulsadAgilAnuinaluvesdos L%aiwzﬁwﬁwmau‘%nmiwﬁaq
d199 nduazadanguavesliludes luursiugeramundualesadrseguuly
aesvontotianunsniindeaginungld o1nssvezusnifuaunaruinidndd
widesisuulunarlily dewnunavensluiuien Wasuduihinsouduvietma
uns vouuNaTAmEesdeuseuly ViliSenguideiiuiinisdunsziuas Tnsiludendi

I L4 1 1 P~ J a 1% 1 3
Wulsmazumininneunluagun ﬂ’]iLﬂﬁﬁquUE)\‘i@@EJhJﬁiJ‘liinm

e nsAuAulsA

o lewnalesvendesianvnlsaudninszareluniuay 39arsnanaes

'
a

msUgnifugdesnseuseselsaiunuiiniig welililsafinsszuinguusy

9

=

o ldMugoeeiidumunalsa wagraniaeinsliiugidesiioouns wageladl
° v Y a ' v Y o ¢
nsvhudasiussssnuenuanadel iusunug
O Weonvdiuveseesmiulse A15in15AUaanNLYaI0RENINIANY N
AU JUNY
o Tunsafianulsasiaty o1adinsidanseiwu waswunlowsy nsesled
NOUNIDUALANTA TIAIWISOVINaeBlsATaRUlaLAINARIlTaNSIATIRN

WulviwUastiuenatimsduliesnn lddueniunisldang

2.4.3 15AlugnaumIu (Ring spot disease)
® mm&y‘uaﬂiiﬂ . W01 Leptosphaeria sacchari

®  NSWNTITUN : aunsasentimdlalasuanuduuuluiieane warlsae1aiinng
v d‘d d’lj r-:tl’ 1 al 1 ‘:’{I 1
szuwbannluanmiidainuauas Fdusisusemainissenuimmulsailgenluge

ANUT

(%
1 o 1

o SnwmweInis : Bulsniduandideiruii deunlaswdudiledursudtinia wse

9 9

5 o

= P o 1% o a & a0
IAFAUINALEN € maﬂmmamaaﬂwmzﬂmagﬂlm ADULNALUAS UL UUAUINALLAS
aa & i =~ % =3 Y a v a v
warddnansdonsau (halo) Weunaveelugau nelunnaiazuisdnanadnneg

wazvaulNatdudinataimay wWeofaunaituiuundasenuluazlvindu
UIUNING
® nsAIuAulsA ;
o W d‘ I~ o a
O mantundulsaeantazinivinalede

O vhanuareauarmInivivluuUasuan
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o Uanimyudeunn 9 2 U lagld 417 913lwe 61 w3erinene q

2.4.4 15aluv1y (White leaf disease)

o auvguadlsn : \Wollananaun (Phytoplasma)

[
a

® NsuNIITUIA : lsAlurnivesdesunssyunlaelideinluiuvowiugoey
wonnuudsimdedndudnialnane (Matsumuratettix hiroglyphicus) Wuusuas
wmgareveawennedesiiulsaludinedesuniluls wudwaumnluggguy

& A 1 A & a o = =
53U'1@§ULL§Q$LUL7JWWUWUQﬂE]@EW]LUU@UWiqﬂﬂqﬂmgju@aﬂLﬂﬂﬁWiua

® anwwreIn1s : lsaluanmausaindulanunnszeznisiasyidulnvesdes lag

v o Yo Y v N’ Aag o
a1n1sasungiiuladaiauluszezndidesunnneodesinieawdn o Niludv?
Fuunn edrenevg ndelindgdud nneinslsnuunsidesazuiimeiing
Tuiign vnviedeelunaadgluails ardesnliasliauysal

e nsAuAulsa
o lovhaneudasdesmenidulsasuussiaieliliduunasszuinve e
O aATenaliteaniun Ygniivtrgsiuvyuieu wazlanauludefivan nou
Ugnoeelny
dl v ) = a & -
O hengguanivilvangas (Aa1aN-5uAL) LEaANSARLIDIINULAININET

szumlugaru [10]

2.5 yATeiieadesfunsTuunviauazdnuazainisveslsades
dmsunsUszanananimielilunsie et ussmssuunviavesiagiu fnsli
wafase 4 vaneguuuy Tnedingusvaslimslinseginmdanudeunu Fmssuun
TsadoelusUuuuiiusngarendeiimsussanananmieisnmsmedunouituazaunmans
ANAANENT 19U MITWUNANULANA1YDIFUIN F uazruinvesludes lagnisuudiunin
(Image segmentation) Fedunous Canny edge, Otsu’s method, clustering method
napnauNTUsTENAldlasngUsyam (Neural network) lunisiwungusrauasdvesiudee
1N wiariEnsadlidunouindedu Ao mautsdiuniw nsisendnumey wasns

AUNUTLLAN

Evy Kamilah Ratnasari et al. [11] YL@uUoIoN15NISUUSEIUAINOE1ULUEN

(accurate segmentation) 31NMTAATIENFUTIVBIUSRY Iaen1sinTed feature NN
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thresholding fu color space ndsaniufiazihnadnsiildluuenussamvelsademaiin
classification (33714 Support VectorMachine (SVM)) N9 classify #8015 SVM
Jsdedld L*a*b* color space $3uffu Gray Level Co-Occurrence Matrix (GLCM) ey
feature Tae model fldlun1ssmungauadtsauuludesilsing accuracy §1 80% ns
segmented image WilaligausiazAuwInmgauulugaeusidiaInnsam interest region 1A
uiludes tielflunisszyUszamveslsase classification technique Tagld co-
occurrence texture in L*a*b* color space. mmsmsu‘limm@?asﬂéﬂmmﬂ%’ SVM
classifier $2ufu texture and color features extraction @1 model Hlnadnsvie
accuracy ﬁqq WAy error U89 estimation average 7isn 819agiidesAnluAsnns
segmentation 74lunsyhnsnegeu aunsawszuUlRTuldlnensTh pre-
processing Tfudegyaniagunin 381438 segmentation Bu 9 filluszansamunni iile

yilsszuvatusavinauleavy ns3ulekiug

Swapnil Dadabhau Daphal et al. [12] latinaueisnisssyussinnvedlsndosnis
Tu wngannsnnansaisssrvedlsavionuuussvedlsaiivnintuld Tnonsld deep
neural networks (DNN) kagn3u§uiUdsuaniiinenssu Convolutional Neural Network
I¥uuzihssavsnmiiatulugiuues recovery rate (RA) uaziatlumsyiuneiivesas dsly
n3¥i feature extraction #n13ti1 ResNet-50 tUu backbone lun1sin ladanuusiugney
71 85.39% LW3suifiufiunsih DenseNet201 TdAnAmLsiuS10g7 86.53% 91nsle

sunmwasludeslsisiiniy 2,000

Artzai Picom et al. [13] YiausismsszylsndessyanFudunuusnluiifuy
wonndndululnsdniislofie Tounlsa Septoria, Tan Spot wa Rust Falgld Deep
Convolutional Neural Networks (CNNs) Fsyndayaniw input fldduldgnusuaumanas
ogfl 224 x 224 finiwa M3 crop image HipRsduanziiauls uonandussdis
Superpixel based tile extraction \unisuenanzarufiaulalaserdeiznis Simple
Linear Iterative Clustering (SLIC) Faazanlagaiifiuduilodentunielndifoatuuin

Mign larnAnuwiugegn 87%. :nnisldsunmeesludesviaonun 8,178 5U

Urnapathy Eaganathan et al. [14] TW3duatudl Mdvhnsuendesunfuazdesiiiy
15aluliis (Leaf scorch disease) Inanslaas acquisition, filtering, segmentation tag

feature extraction lngn1snaaaalalin accuracy agj'ﬁ 95% laun13vin feature extraction
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1w 1efins14738n13 histogram dvedludasuazyinnis convert amluluguuiuu gray scale
Tnensmuesisnsvil wanslifiuisriinnuuanasvedniinanennsiaunfvedludesi
Julsalaegnetnau uaznisin segmentation ieuenjUlusenaniiunadlaiinisi k-

mean 19ElUAITUEANIN

P. DharaniDevi et al. [15] unauiagfienuimiloufuunanudreiuiie 35nssey
uazuenUszinnuazsvysinvedlsaiiintuludeslililuszosiiudu Tnonsl4is
acquisition, filtering, segmentation Wag feature extraction WAAITILANENIIINUNAY
neuui Ae L9139y pixels dynamic range lu RGB colorspace lagnsldy image
processing algorithms Lﬁ@lﬁlé’mww’%agﬂﬁﬁqmmwﬁﬁu fORA870N15¥N feature
extraction \fiaugnUssunnvasludesinfelsaviol wazswunlsasng q vesdouldnieis
classification wan15naaasiile Ao n1s classify Tneld K-NN Classifier Inadwsuie
accuracy 71 98%. annuadnsazuansauenludseiiunfeenanludesiiiulsaldiiou

auysnl

Anoop G L. [16] ladinsnaasinisnialinainludeemeisnig grey scale way
color image processing @sldvhnsiiasziiouiteunadniannisnsieaes Tu erey
scale 1al435 Gradient Magnitude, Otsu method, Morphological Operations wag
Normalization ielwldituitvestsauuludesiiauls ludauues color processing ¥1ns
wUas RGB iy L*a*b format wdsanniils L*a*b image uan 14 K-means clustering wag
edge detection operations Wil featurefifoinis wdnle feature AigaanIsuds 39
1 feature classify siolagldszuu Support Vector Machine (SVM) classifier syuuiiay
Insuen feature sagun waanidu class 6ne 9 mmimﬁszqié’ WU ring, rust wag
yellow spot sugarcane leaf diseases nadwsildainn1siiasiest Ao features fildannnas
1 color processing inaanslunisinunlsaluludeslanniinslais grey scale oy
color processing M5393UlA 100% lulsaluivaes Yellow leaf disease LWs1zAILLANGTT
voalsa (FEundesannlsavuluoee) walu ring wag rust leaf disease Nsl3s grey scale
wa color processing Wkadnsiindafufousyana 80-90% wseAnuadiendsiuvedsa

(Fvedlsavseanvarvedsaiinuadeiuyilnduunanuuandelaldauysal)
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undl 3 MewatunsuAsdwiusiuunlsados

fAfovhmsinundeyalsndesirenuluiiuiiugndesvessumaleanionansiiag
fisneauld uazdralsndeslulsendlne sausiudeya wazUszialudayalsndesnnlsn
Tutsemdlye Mndufinnsandadenisadosiiunaula 4 Tsa lnefinnsanandnumreins
AnUnAvesdosiidanany msunsszuialundas anudanuiiamsadansldeasues
p1msivsnguuly imﬁ"’qgﬂﬁwm‘%agﬂm uavAduvesenisvedlsaiiiniu [3] ilevisi 4
Tsn TeunsussidiuangiBong deddun Tsaunhuasidelsadunanduuns 1saata T5a
Tugmasuu waglsalurn Judeyalimanvasnsanilsdessunsu viinvesdsa a1

AINUTULLIN LLaﬂa%‘ﬂ’]ﬁﬂ’J‘Uﬂll

3.1 fnwwazdnszvideayasinisiaunivasludesiitinainlsa

3.1.1 57UTWA819 U BeTIRALD

< v '

asfiuniudeyaninaielsnesnauddasuanamnssudesLaznansen1an 3

JarinvayTuariuilsdogvadnunsns WIgAsn uide NRwy 6 Muainaissa d1neve
nes Jminvays lngluuntuladnislddessiugueuunu 3 Tunisimizugn lnedeyanindy

srgniivliluguiuy JPG wiaguiuu PNG Tagldsuuuud RGB

AN I NAdD LA ||3ltl]\l‘l‘n‘nl‘nl
HOOATHN Y3 dANUY PMNaNsIn. 18N S

NN G
L2y 1 \

: - QY
‘F .
e - >

e

i 10 gudauasienaInssusaguazinansenIng 3 3minvays
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TasamswWruunm st nIuIaana.uianssuﬁ'\uﬁuﬂﬂmUs.ann'Iu
smsiiiugh dundasaus U 2562

279 11 wiaslsopevaunsmsns

3.1.2 eonwuukazadug udeyaiiedninudeyavedsadoy
ganuuULavas g uteyaiiedniuloyavedlsades ielugiudeyaalivayunis
Puunviawazdnvuzeinsvedlsadessiessuupeuiames lnevzdutuluiinsinudeya

LB ILUNTLA AT AN YL DINISUBILSADBYNARMGDN

3.2 MsWansTuudukennaiadudmiulasenuide

goldwasTlilunsiaunszuuiuunlsadeeitusuuuuiuuenmdiadu (Web
Application) ¥hemuuuivledaeSenldnurinmssuladitsruudunediin (nternet) Tl
doafamseiiuaiuugUnsaivesildannisluauninensilaiduiu ilelildnuannsald
NuldheruUTTIges (Browser) 19U Safari Firefox Google Chrome uugunsaisnee 1
poufimes witude aunsvlniu Wusu Jsdrlunginnsvi Web Application fivheusaudu
Machine learning model Flidudaursdeuieniuw HTML winadodldnuiu Machine
learning model fdmnududounnntu Wy MV Features engineer N159AN151384
Imputation 53lUSen"3 Training model Aiflanududeuriliinueg HTML Aiftlinouland
[17]
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Fouluaseatuizadentd streamlit dudulaustd Python #idins Implement 41
NN T8U HTML 38U Machine learning model w51z Streamlit laigududesldlaus
3 APl i Flask «Jushdaelunisiinde vilianunsadeu Web Application Télaenss Sudu
w1 Python wifleufuvilinisviauiu Object duq lai1aeifiu Pandas DataFrame 3@ Figure
210 Matplotlib ffudesietuify fefuns Integrate ML Model 210 Tensorflow %3a Scikit-

learn gauyiladianin HTML
e« $YOMOMOG :

Programming | Project tagsh || seredn | Mutict File/Presentaton

Welcome to Classifying Common Sugarcane Diseases

Image Classification
Uplosdyourimage

. Draganadrop ferer
i Browse les

27 12 miwdusennasnguilaloaniialy

Welcome to Classifying Common Sugarcane Diseases

Image Classification

2T 13 winSukenwainsuinneglsasae
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Tunmd 13 azdumiivsenndindudmnsunsldanuvesdldnuiily Jsausadn
Inanldnnludeenidenis uazssuvagynnsinwelsaniintuuuludey niounsssy
avsuazIsn1sUesiu

Qe +* @-OMO OGP :

= ; Welcome to Classifying Common Sugarcane Diseases

Image Classification

Plesse sum!

M7 14 minIukennan TRl T ey

Aaw v @ OM0s»0F :
Dropbax P, @9 myCourselite N N& nenstonse., @ Dicord s RiDEcourses || Zancarowth | Money | Ul | Pogamming  Pojet | Engen | sseradm ) 1 Fadrasentii

Welcome to Classifying Common Sugarcane Diseases

Image Classification

2 15 il Tusenman uileide 1wy Uuiinteya

Tunmd 15 azdumiivuenndindudmsunisldanuvesiidersiy Feemnsadn
Inanldnnludesnd deanUssinnvedlsaifindu niounsseyanveuazisnistesiu

= 1 v & & v Y
LW@IVﬁ%U‘Uﬁ’m’ﬁﬂQ@ LU Lﬂugﬁwagalm
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3.3 N1509NLUUIATIVIEUTTEMEIMSUIIMUNLSADDEY
321 maiwUSunadeya (Data Augmentation)

A1SHNANNANNNTAIUNTANVBILASIUNEUT LA WiBUNUNTTNSI9TUNSoAAKEN

[ a

Tngifesn13eenINAMULY Fefesadeyadeyanmiignintreudinlylunisin ds

9

Uszansnmlunmsvihauiasanuudugilunsdaweninguedlues awduegiuusinndey

Y Y

flilunein ilesansuiifiegiuiswaudedeiudusosimafiusunugndeyatuiely
TnssedszamiflenannsnSouifosusnueznudnunvodandesldfitu lnensdenld
quﬁqé"q (Library) imgaug dwisuthunldilugadeyadmiuiinlasmneussam 89 imgaug 4
finsatfuayunssudsmsueneyanin (image augmentation) fivanavane [18] uldlunns
WsSnadeyanmlaensdauuasangunwisiisier udosliuasuuUaaunndnuay
amAsuudaslunnifusnawiuly ensezdwalrlszavsamlunsiinlusalaseneg
Useanm warAT LU AN AIENIINTUNTTEIBYAN THIETEaANTSLAA Overfitting 499

Lna ¥3aN1sRaUALaWN1TTUNIUIINILLIN anviibiinissuniunvihliAndeyalyl

gnddluilunalunisiiens dwaliussansnmlunisnsiaduanasiyainiiy

i 16 ludeelsaiunarluund (red rot disease) NEUMTANYTUI0YRYA

mif 17 lugeelsasiaidy (rust disease) iEunIsiuYTuInioya
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i 16 lulsaluamasumau (ring spot disease) EUMTIANYTUI04YRYA

- : -

nmi 18 ludegauysal (perfect) MkunIsiiuYsuIToYA

322 nmsasnyadeya (Dataset) wagn1sintne (Labeling)

sTUUNsIRUNYauazanvzeIn1svadlsndey dnseenwuuliviaueiens
BousuuuilEfaou (Supervised Learning) iflunsihdeyaguammlsannsiiisdiinudeya
Usenoulufegadayadlidmiiin (Training set) S1uauiisau 7,000 3U Andudesas 70
wazdayadmsunaaau (Test) $1u7u 2,000 3U Anluiosas 20 uazu ueNUIBLONNASNS

pun1sAndne (Labeling) LLé’ﬁqﬁq@ﬁagaﬁamﬂwaLLé’a (Pre-labeled training data) lul4lu
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nmsfintueasely Wnensuusdunquiisiun 5 nqu Uszneuse Tudesauysal (perfect) Tu
soglsatdunandluung (red rot) ludeelsasiaily (rust) ludeelsalugaaawmu (ring_spot)
wagludaelsaluvn (white_leaf) nasannuuidegenlauwinisanesulnewfeudnuns
' 1% < o =2 I = ¥ 14 ! 1
N9 Y1 wazAadiuuas Wudwiu 3 fe 5 aswienilaglaulaguninvedludesusazngy
Uszanad 1,000 §U Livelddmiuidugansasaeuninugndes (Validation set) Aausovas

10

29091 19 Fasehalusselsmaunaldluuna

2799 20 saeeheluaselsasiaiy
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i 21 daeeludeelsalugniuniu

™

nmi 23 daeenludegauysal

3.2.3  ATSEINAINILATIU8UTLEMNENE NS UNITINLUNLTADBE
nmadwuningielassedssamifsndunsvihlireuiiamesansoiuiuas
UszananaiadnkunIndailasuinfeesls Inenannisyinaueeadassineussaiisuwuy

Aoulgdull ndnNN1TNIUATIEAUNTHDLALVBINYYENIUN N TUOATUNTNAIEA
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L3

Sen11 RN IMBsIViAY (Computer vision) Usglanaumspeuiamesiviriuuseanduy 4

1.) nsdanuanning (Object classification) unsduwuningainaiwinduing
a < = [ = N

yialaluninidy q Feszyduaaalaenmsiuieanaiasen

2.) M3dnvany Inguagszysuni (Classification and localization) 1un1s
Puuningainnm wisuszysiunisiluinguiela Jazszyduranaiedlunim
3.) N131M539M130g (Object detection) unsduuringuinnimilsanaainain
wiouszysumiwasaraaalun iy o eradupanaieriursenananiaiu
4.) N3wUEIUNIM (Image segmentation) Wun1sduuringuinnimilanaialu

RN R PR T W A N B G R AT g i T

(% ¥
v A

uenaninmsmandnuuzvesingiu o Weflazueniringiufesslslneiiiugiuan
NnauFAuiteeiEeusin 1l 2012 Tunisusstu Large Scale Visual Recognition
Challenge 2012 (ILSVRC 2012) ilumsudstunisswuninglae ddoyayanin (Image
Dataset) 1NN 1.4 §runw waz g dldsunsinthefidunuiomn 1,000 Aata dan
amagdinisssyamafigniedliinagiufeesls 4n doyanimiiendt imageNet iilaflazim
wuuaesiiiiussAvsnmasan Tnglasmneyszamifisunuueeuligiuldgniamutuuae
lpsunetasuzidalunisudstuduuning laswieussamieuiuupeuligdusueuunig
i VGG Net, R-CNN, Fast-RCNN, Faster-RCNN, GoogleNet VD) Inception, ResNet,
RetinaNet 1Jufiu 31091139 Deep Residual Learning for Image Recognition [9] gn
91983lugutaya Scopus 3,700 a1 uasly Google scholar 47,481 a1 dsunsem .
2559 quila Tquieu w.A.2563 dauan1sunidymn Vanishing gradient #ig oy Tindulu
sewianstinlumalasetneyusyanm Wevuninresninuatn (Gradient) anasises 9 auwinfy
0 azdsna Wianinin (Weight) lignuiududiilagtiu waslunsalignfinde Snifafy
Tassedsvamidddutuininn uslalilaensmiedn (Shortcut) drudiutunieluves
TasetneUszam wu nstailandunsedu (Activation function) ReLU uvu Sigmoid 1Jusiu
Zonlasetne Uszamviaiiin Residual Network (ResNet) 3ld¥umufisuargniinantdly
aududuuninganniunuiuuusiaesildnmandnvusiuuiai neldlasse
Ussanmiflendifiussavsamgsannmsudedaulusy ILSVRC snidu backbone Tun1siln

msilnvesgifpazshmsiinlasseussamiiisuuuuneulgtulagldynds Keras

Faduyamdsnognigluy TENSORFLOW 1.15 lnegndnds Keras dnansnasnalasvng
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Usga v WenTuinInuaemaing 9 1w Dense, Conv2D, MaxPool2D, Flatten wazdu 9
TnganunsamnunAmslneslu Arguments 619 9 vesddaliniudons wideyanldly
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5.2 WUINNNITAAILINIUIY
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Abstract— Crop disease is a major problem that affects the
economy in Thailand. Sugarcane is one of the important crops in
manufacture as well as the economy of Thai products. Khon
Kaen 3 sugarcane is the most popular sugarcane variety in
Thailand. It is resistant to environmental conditions, can grow
normally in different terrain, and use less water for cultivation.
Sugarcmdxsemnsouof&emywpmbhmsmnusesa
decrease in agricultural productivity. About 50-65%0 diseases
identified in sugarcane leaves are cultivated from fangal
including white leaf disease, rust di ring spot di and
red midline disease or red rot disease. These diseases cause
farmers to suffer in productivity, time, labor, and costs loss, as
well as affect the industrial sector.

In this paper, Convolutional Neural Networks (CNNs) are
applied for analyzing and detecting diseases in sugarcane leaf by
Open-Source tools. ResNet-50 (Residual Neural Network) is
used as backbome. CNNs are set to do transfer learning by
weighting data. Then fine-tuning is added to imcrease the
analytic process using Temsorflow. Sugarcane contains the
diseases and normal sugarcane are classified by data collection,
data augmentation, feature extraction and classification. They
are labeled and separated into five classes. Data augmentation
process includes GaussianBlur, LinearContrast,
MultiplyBrightness, and -\ddmvecasmﬂanhase Feature
histogram along with the segmentation method is msed to
separate sugarcane leaf from the background Our model on
ResNet-50 transfer learning with data augmentation and fine-
tuning steps yields a promising result at 81.70% accuracy.

Keyword—convolution neural nemwork, fine-tuning, transfer
ing, sugarcane dis Resner-50
I INTRODUCTION

Sugarcane 15 one of the important economuc plants m
Thaland It 15 a kind of nutrient that 15 necessary for bumans
and other creatures. Sugar is a product from sugarcane
contained in many foods manufacturers such as bakeries,
beverages, sweets, cosmetics, and renewable energy (in form
of gasohol) [1]. OFFICE OF THE CANE AND SUGAR
BOARD shows that cultivation of = and sugarcane
fields in 2020 to 2021 15 zbout 10,862,610 acres. It decreases
about 9.17%[2] from the previous year. Even there 15
development in genetic and plant breeding; however,
agncultural products from sugarcane are still weaken [31. Thz
various diseases mfecting the leadto a d
thequahnrandquanmvofsugamanepmducuou These
problems cause by bactena, fungi. and msects. There are more
than 150 types of diseases that occur in sugarcane [4].

Sugarcane abnormal symptoms show m leaves, stems, and
roots which occur as leaf spots, dry tom leaves, white leaves,
shriveled. deformed leaves, bumt leaves, stunted stems, lots
of tillering more than normal, stems, and roots rot [5].
Manpower 15 stll the main sowrce to detect and identify
diseases that ocowr In sugarcane, which needs experience and
tme.

Image processing 15 one of the various methods that have
been used for deteching diseases in agncultural plants. Image
processing usually meludes 4 steps: 1. Data collection. 2. Data
Augmentation, 3. Feature Extrachion, and 4. Classification. It
helps cultrvator or farmer to analyze and detect at early stage
of diseases. We collected pictures of normal sugarcane
(healthy crops) and mfected sugarcane (sugarcane leaf
diseases) at Cane and Sugar Industry Promoting Center,
Chonbun and Sugarcane plot located at Moo 6, WatSuwan,
Borthong, Chonbun. Image dataset is processed as JPEG or
PNG file using RGB color. Over a year, 2 number of image
analysis-based methodologies have been proposed for
automatic image identification of various matters such as
disease identification and classify plant [6]. Deep
Convolutional Neural Networks is one of the most successful
techniques for differenfiating visual disease m crops [7].

In this paper, Deep Convolutional Newral Networks along
with the mobile application are apphed to automatcally
1dentify the disease at its early stage. The application will
assist fammers to identify the disease and provide the
prevention method to control infacted crops. Our tool is easy
to use online through the mobile application.

II. RELATED WORKS

Image analysis-based methodologies amm to identify and
analyze objects. There are different techmques pronded with
the aim of simplifymg the analysis of images. Methods for
ldeszymg sugarcane dbease are based on algonthmic image

al equati identifying the shape
and color of sugarcane leaf from the pictures. Each method
applies a similar section, namely mmage segmentation, feature
extraction, and classification

Evy Kanulah Ramasan et al. [8] represented accurate

d This method results from analysing

sugarcm leaves by thresholding in color space. The
classification results process featwes mm Support Vector
Machine (SVM). SVM was done in L*a*h* (L*
Lightness, a*: Red/Green Value, and b*: Blue/Yellow Value)
color space along with Gray Level Co-Occurrence Matrix
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(GLCM). Identification of model. which runs by this feature,
yields accuracy of 80%. Swapnil Dadabhau Daphal et al. [9]
identfy disease on sugarcane leaves because it can be
recogmzed. Besides. the stage of disease was easy to identify.
Deep newal networks (DNN) and Convolutional Neural
Network (CNN) were used Their techniques mprove in
recovery rate (RA) and reduce predicting time. For feature
extraction. ResNet-50 as backbone was introduced to this
model. More than 2.000 mages were used as database. This
model welds accuracy of 85.39%. DenseNet201 (Dense
Convolution Network — is 2 convolutional neural network that is 201
layers deep) as backbone yields accunc) of86 53%. Artza1
Piconz et al. [10] p d appl to identify
disease on sugarcane leaves using Deep ConvolnunnalNelnal
Networks (CNNz). Input i nnages were reduced to "’4x2’4
pixel and cropped only the t pat. S ]
perceptual group of pixels, basednlemhmb) Sunple
Linear Iterative Clustering (SLIC) was used as well Images
of 8,178 as database were used which yield accuracy of 87%.
Umapathy Eaganad:an et al [l1] apphed acqmsmcn,
filtenng, segm and fi to
uiennfy Leaf xotch dxsease on sugarcane leaves. Featwre
chraction 1 ding histogram color of cane leaf
mgewascom-atedtogmvacale_ Segmentation method was
proposed to separate background from mterest object using
K-mean, which is 2 method of vector quantization that aims
to partition n observations mto k clusters. This model yields
accuracy of 95%. Result of grey scale and color image
Ing was d for identify du on sugarcane
lea\'esmAnoopGL [12] Grey scale was used to get the
inferest object of disease image mcluding vanious processes
such as Gradient Magmtude, Otsu method, which 15 a global
adaptive binanzation threshold 1mage segmentation
algonthm. Morphological Operations, and Normalization In
color image process, RGB was converted into L*a*bformat
and apphed to K-means clustenng and edge detection
Ited in proper f Support Vector Machine
(SVM) clasaifier was used in clasaification step. A color
image accwracy result is better than gray scale. Color
processing for vellow leaf disease contnbutes accuracy of
100%. However, in ring and rust leaf di wvield v
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Figure . Workflow diazram of an alzonthm for classifying sugarcane
diseases

A. Image dataset acquisition

Image of sug: leaf is acquired usmgz mobile phone.
Thesem;nnmgesmmedmafoldexsepmwdlmo
different cl of di L and a healthy mage of

of 80-90% both in grey scale and color processing.

II. OVERVIEW OF CLASSIFYING COMMON SUGARCANE
DISEASES

Based on the review articles above, the methods desenibed
by Swapmil Dadabhau Daphal et al. [9] and Artzai Picona et
al [10] are modified for our sugarcane diseases clasaification.
Our paper presents a transfer leamning from ResNet-50 [13-
14]. The proposed architecture is shown m Fig. 2. Reduced
mpmnmgesaxeapphedtodnelopanalgomhmfm
classifying ug. The ResNet-50

a 7x7 convolution layer with 64 kemels, 3 3x3 max
pooling layer with stde 2, 16 residual building blocks, a 7x7
average pooling layer wath stnde 7. and 2 new fully connected
layer before the softmax output layer.

153

leaves. Each image is collected as JPEG or PNG
ﬁleusng.Gchunzt There are shown m Fig 2.

B. Image data augmentation

Data tation method 15 applied to 1 the

of image data by modifying the existing image. Based on an
assumption that the image charactenstics must not change too
much. Augmentation 15 done by applymg library imgaug

Tudi various p such as GaussianBhur,
LinearContrast, MultiplyBnghtness and
AdditiveGaussianNoise.

C. Pre-processing of images
Pre-processmg techmques are used to reduce image size,
cropped mmage, and enhanced image. Each mmage apples
color 1solation usi.ng HSV (Hue, Saturation. and Value)
4t lted in int d ob]ect
without backgumd Also, our algonthm measures the min,
max, and mean values of colors to extract as an image feature.
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In this model, 256x256 resolution of image 1s used for future
processing.

D. Featurs extraction

The convolutional layer obtains from pre-processing step of
mmage (after resized process). Each convolutional layer has M
maps of equal size, M, and M, and a kernel of size K, and
Ky 15 shifted over the certain region of the input image. The
skipping factors, S, and S, define how many pixels the filter-
kernel skips n x- and y- direchon between subsequent
convolutions [15]. The size of the oufput map could be

as
i
M=, o8}
ME1-KY
n_ Y v
My = o1 +1, @

where n mdicates the layer. Eachmapmlayer o
connected to most M ! maps m layer L.

Vanous steps of convolutional and dxﬁ‘exmt types of
pooling Iike max pooling and average pooling are applied,
which act as filter to produce features [16]. Rectified non-
hnear activation function (ReLU) 15 also applied to the output
of every convolutional and fully connected layer [17] for
merease efficiency of the model. RelLU are used as substitute
for saturating nonlinearifies. This activaton function
adaptively learns the parameters of rectifiers and improves
accuracy at neghgible extra computational cost [15]. It 15
defined as

f(z) = max (0, =), (6))
where z, represents the input of the nonlmear activation
function f on the ith channel.

E. Classification

Final step. clasafication 15 performed m a fully connected
layer. The nommal (bealthy) or zbnommal (mfected) of
sugarcane leaf is identified and classified mto four different
types of diseases in this layer.
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Figue2. Ouwr -

proposad trnsfer leaming
ResNet-50 (n*=6, § - Stude, and P— Pa&lmg

Our system specification conmists of OS Ubuntu 20.04 LTS
and Microsoft Windoes10, CPU AMD Ryzen 3 Series 3200x
3.6GHz 4 cores 4 threads, GPU NVIDIA GeForce GTX
1080Ti 11Gb, Motherboard Asus 1200 PRIME B560-PLUS.
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RAM Hyper-X DDR3 1600MHz 8GB. Storage WD BLACK
WDI1003FZEX 512GB.

Figure 3. Smﬁemlafmpsm@)peﬁnmd(b-d)
bnormal diseases

IV. RESULT AND CONCLUSION

Model RezNet-50 leaming without data augmentation and
feature extraction steps yields accwracy of 73.20%. There are
shown m Fig. 4. For the model that runs on ResNet-50
leaming with data augmentation and feature extraction steps
vields better rezult at 81.70% accuracy. There are shown m
Fig. 5. The first model 15 set at 30 epochs, 32 batch and
learning rate of 0.001. The second model 15 set at 50 epochs,
32 batch and learming rate of 0.3.

The experimental results show that Convolutional Neural
Networks (CNNs) assist in detection. Besides, they also can
classify whether the sug leaf1s d d or healthy. The
systemredmeshumanmmandmventsznmtheakof
serious diseases. Our automatic classificaton technmique
provides abundant of benefit to farmers. The tramed model
has high compet in image recognition, but it still needs to
be taught or inputs vaneties of image data based on leave
patterns. In the future, combmation technmiques of pre-
processing and feature extraction should be explored. We
would compm mnh:p]e newal network models for

A .. Aokl awllmw‘ll
beapphedeNEoﬁualaccoum which 15 easy for
everyone to use. It could automatically reply to the user with
message such as stage of disease, source of disease, seventy
of dizease, and treatment guideline.
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