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Abstract

This research presented a method for applying digital photographs to agriculture for the analysis
of pineapple leaf wilt by using digital photographs. There were 3 steps in the research as follows: step 1:
Input Image, step 2: Train Image, and step 3: System Test. The research used digital photos taken with a
smartphone that the camera had a resolution of 12 megapixels. All 865 digital photos were brought into a
system developed for practicing learning. The images imported into the system were divided into 4 classes:
full leaf class, tip class, mid leaf class, and base leaf class. The machine was set to learn repeatedly for
10 rounds in the process of testing the system. The researchers used unprocessed digital photographs
and used them to test the correctness of the system. The research revealed an analysis of pineapple
leaf wilt by digital image processing and a convolutional neural network, it was able to analyze photos

with wilt of pineapple leaves with an accuracy of 98.96%.
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Msseandu 3 Jusau Inenludulssandaluazle

AENgRTATIIUIL 4 N (4 Aana) MsEiniuLagiEeuS

=

Hutuneuiifienudidyedneda esinnsfiedes
ADLTILABSALAUTNUATILVIVTOUENUTLANYDIN N
ihufoniietessudiazdilateuhnmenousiasea
fie dlaveduduiysn JsmansiinduuaziBeuives
szuudY 10 59U MM 1 szkiulddAnana
gndasluusiazsavargetu anseudl 1 feseudl 10
fiAnAmgnies 0.9630 Tutuseuvesnismagey 1
amanelududzsafiiulsadioailidnndoulidmsy
nsthameaeuszuy Wunmaeildlsidigiuney
nsinduiSsuivesades deldamlundazdiud
LANANAY U 4 AR FARITIEaZIBEAAN
anugndadlumsnadl 3

A1519% 3 NANITNARDUIINATNETY I1UIU 4 AAE

USZLANYDININ A1ANAGNADY
(Aang) (Accuracy)
Aanad 0 ity 98.94
aanad 1 dnvangly 98.08
fanad 2 daunanslu 98.96
aanad 3 daulavly 96.32

P13197 3 91nn15EAINEIEVeILRATAATET
uanaenululaazdIl U 4 AN Nan1SNAEBU
Usngi aanadt 2 dhunandlu ddeugnesgsiiae
0 98.96 asasn Aie Aanadl 0 dudisily rnnugnsies
og#l 98.94 aanadl 1 drudansly dArAnugndes
ogfl 98.08 daunanadl 3 dwleulu fidAnugnses
tloufian oyl 96.32

d1113UAN Precision Recall Wag Fl-score ¥84n15
aoulpssnoudaysoutiy LLam“LugUVi 8 Fadlevhnis
APULUUTIADIATUI 10 S0ULEEIA1 0.99 0.99 uay
0.99 AuAIAU
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Accuracy : 98.95500000

Report : precision recall fl-score support
0 0.99 1.00 0.99 10

1 0.99 0.96 0.97 10

2 0.99 1.00 0.99 10

3 0.99 1.00 0.99 10

accuracy 0.99 40

macro avg 0.99 0.99 0.99 40

weighted ave 0.99 0.99 0.99 40

=1

5UM 8 ¢ Precision, Recall wag Fl-score

4. afusnenauazasy
AR IlPANwaTIRILNSTUUMT AT IS ALY

aa o

vaslududzsamienmaieddva 1Wuni1suszendld

aa o 1

walladsn1susvananan nidIvasiudulaseuie
Uszamidisunuuneubadu [Wuaiesilefidrfylu
Hagufianunsadnnuszendldanulivanvanes
Lidnazidunsinugnamnssy Wuanamnssun1skan
Msumng Msvuds waznsinums Wudy Wetelu
N350IEOU wenUsiv Invaany InTevilaedns
gndfeuardauusiugigs 1nuansisuidmaaesil
wanslisiuhmsiannszuumsieseilsaieanty
vadulzsamnsUTEItanan nuazlaTIeUsEam
Fenuuuneulguilldimutuinlumiaded annse
Aereilsaiieranameeld fefleanugniosiigeu
fammunandunmdefitmnainduvesduzsn
et oRng dunsumatinwdgssuudu
T smsunmuaznisutsaanaiifinnudniouann
diethlugnisussanananinludunounisiinduidous
199380 uazludIuT It UMBUTDINITNAADUTEUY
fifimsviuneRauanaiiy o1aflauvmunanmstam
flailfriunsUszinananin avinsmageuiuszuy
yilvszuudianumaedeulunsuenueznmluaana
A 9 1 dulusuianaisusuisnisainviesujun
nsliiasnsadieeilsaiienlfanudasgndulzsn
Iolaelsidadalundnseiiaraunsarinuienisiin
Isadivaldifioannisgaydeannisielsaiieavesly
dudesalel

mAteiflafinsieudloussans amanaiy
gnAesszmiamsieseilsaiisranluvesdulzn
fremsUstanananInfunseides  fetunews
nsiseuddednuuuaeuligdu (Convolutional Neural
Network; CNN) IUﬂﬁﬁﬁ’liﬂiJi%Sqﬂﬁlﬁl%’Lﬁaﬁ’lLLuﬂﬂiszﬂ
vostoyalunsinneilsaiiy duandunised 4

A5eTl 4 WSBUTsUUsEAvEAmANANIg eI
mMsieszAlsaisnluresdulzsadie
MsUszananannAuNsuidedu 9 de
Fumeuitnisudidednuuudetaminig
Tunsduundsziandeyaiiion1siinsies
1smiy

No Algorithm
1 | MobileNet (Kamal, 2019) [10]
AlexNet models, GPDCNN

2 95.18
(Shanwen, 2019) [11]

Accuracy (%)
98.34

3 | DenseNets (Edna ,2019) [12] 99.75
4 | AlexNet (K. Thenmozhi, 2019) [13] 96.75
5 | Septoria (Artzai, 2019) [14] 96.00
6 | Pineapple Leaf Wilt Analysis 98.96

NATNUAAINMTUTIUNIBUANILYNABY d13150)
Wludusunutlunudusig « 6ende Ssaenndosiu
NUITEVee Too wazAuy [15] AnwinisiSeuliiay
sUsuUNMIBeudddndmiunistiwuntseiie {unsly
lassneusvaifieadean Suunuseinnlsaivaiey
anlulsflfranugndes 99.75% Tsaeandesiuau
73809 Geetharamani wag Pandian [16] syylsaludiy
Tnonnsldlaseneussamiisuuuuingy n1sindu
Tngldgadoyauuudn Wnmlufiefifiunds 39 oie
lannugnees 96.46% uavdsdennaosiunuileves
Barbedo wazamy [17] lavinnsiiasizvilsananeuiin
TngltseuunsUsEanananInedva 1 na1enIenaed
Avta 91ndie Srunu 12 sdafiunnsedu laun daviald

v oA £ 1%

duenae NuRsEnady Uegnsnn 913lne N J1e

Y

ie
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94U 1@ IR do8 ward1IENE YIN1IVRdeU

frusgvunmsuunkuunsdivduatulugiutoya

ualng) UAnITENHY 709% Wwaznagdeu 30% Wuil

annsnduglsaiaiugiudeyald 40-76%
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