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Abstract: Currently, lime is a type of plant that has been cultivated in many places.
Because limes are used in cooking, and their properties are herb. In Thailand, limes are used
for drinking and medical herb to use in health care. From this popularity, the cultivation
of limes became widespread and began to be planted more on farms and more at home.
Nowadays, lime cultivation can be controlled to produce off-season produce. However, lime
is also prone to diseases without proper care. For these reasons, this research is to study
the analysis of decease from lime leaves by using deep learning. The Convolutional Neural
Networks (CNNs) of deep learning is used to classify the disease. In this study, LeNet-5, VGG16,
and RestNet-50 architectures of CNNs are to the proposed architecture based on VGGNet
by adjusting hyperparameter. This improvement in the proposed architecture is to reduce
the size of the learning layer and can decrease the number of network parameters. This will
make processing faster but the performance remains the same. The total number of single
lime leaf images is 5,710. The input images are RGB color. The normal and decease lime
leaves are separated equally. Training and test sets are 80 and 20 percent, respectively. The
evaluation result is found that LeNet-5 has the lowest accuracy at 78.90 percent, while the
proposed architecture has the highest accuracy at 89.06 percent but it is not different from
ResNet-50.
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uhdaudinisashenmdssnouiiEfaio wio
e Adsanunsaiilulildgndesnnni
98% Uag 94% MmUaU

Pawara wavAly (Pawara, Okafor,
Schomaker, & Wiering, 2017) la@nw1fie Data
Augmentation for Plant Classification lagil
A15911 Data Augmentation (DA) Aunwlu 6
suuuv o nMsvyuninludiesingg (Rotation)
MsUaenIN (Blur) MSENaFUNINIUIAAISY
i (Scaling) NMsUSUTEAUANUILE (Contrast)
wagn1sUTuas (Llumination) wagn1sinnIn
Tudnwaus1ee iU (Projective) AUAIWAUGY
INTaYANIN Folio, AgrilPlant uag Swedish
leaf InglinsFeusiBadniioguuiiugiuues CNN
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ffiamddndunimsesumniifiauiagdg
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6 Tulpeld Nvidia Geforce GTX 580 GPU 4112
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group ( (Krizhevsky, Sutskever, & Hinton, 2012
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1ud 2013 ZFNet (Zeiler & Fergus,
2014) Jufvuznisuiaduaadnenssy CNN
Tneflduau 8 9u uavUsu hyper-parameters
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et al,, 2015) ffiug 1970 LeNet-5 (LeCun,
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AWUseNau 6 VGGNet (Das, 2017)
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dwsugvuglul 2015 ve9 ImageNet
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“skip connections” Laz¥i1 Batch normalization
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|
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C3: f. maps 16@10x10

C1: feature maps S4:f. maps 16@5x5

INPUT
30x32 6@28x28

S2: f. maps
6@14x14

Convolutions

Subsampling Convolutions ~ Subsampling

awUsznau 8 anUnensu LeNet-5 (LeCun, Bottou, Bengio, & Haffner, 1998)

dnsulurided tiauenisuseuieu

Full coanection
Full connection

WnsBeuEusaedneay CNN anandnenssy

Input 32x32

3 Useunn bk @aannenssy LeNet-5 VGGNet
ey ResNet @9iiseazLdunnatl

3x3 conv, 64
3x3 conv, 64
2x2 maxpool/2

2.3.1 @a1Unenssy LeNet-5

LeNet-5 (LeCun & Bengio, 1998) 1¥u
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3x3 conv, 128
2x2 maxpool/2
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3x3 conv, 256
3x3 conv, 256
2x2 maxpool/2

1 9 wag Fu Output 8 1 Fu 52l 7 u

2.3.2 @a1unenssy VGG16

3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
2x2 maxpool/2

dmSuantnonssy VGGNet Tudidly
VGG16 (Simonyan & Zisserman, 2014) Fadu

3x3 conv, 512
3x3 conv, 512
3x3 conv, 512
2x2 maxpool/2

an1ilnenssuves VGGNet fiflianisutstudian
Tneil Convolution wavun 16 Hu Fdlassaing
483 VGGNet 9zt dudnuwaiziuu uniform laediun
anilamaivun maxpooling 2x2 uay stride=2

FC, 4096
FC, 4096
dropout, 0.2
FC, classes

angu Activation Tuwmaztuvas Convolution

OQutput

Ao ‘ReLu’ Tneflumaiiiisiuaumsiimes 138
AUNSRmes dnnUnunssuues VGGNet Lans
Fanmdszneu 9 lumsanwiasetnisileidu
Activation Tuduneugaviendu SGD

AnUsenau 9 daandnenssy VGG16

Gaussian connections
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256-d

nMUsznau 10 lassasne Residual block wesan1tinanssu ResNet-50 (He, Zhang, Ren, & Sun, 2016)

Intial Image

100

199

i
0 100 200 0

Augmented Images

O} o

100 100

35
4

4 a0 20
100 200 o 100 200 o
o 0=
100 5 100 ‘
| w0 2 20 ==
100 200 o 100 200 o 100 200

100 100

|
=

20
100 200 0 1100 200

AnUIzNaU 11 ANLEAINITYIN Augmentation
7u: https://towardsdatascience.com/image-augmentation-14a0aafd0498

2.3.3 d@a1Unenssyu ResNet-50

dwivaaUnenssu ResNet agnain
waneaaUnenssudsluiitidenld ResNet-50
(He, Zhang, Ren, & Sun, 2016) InganUnanss
ResNet-50 lszgnsinann VGG-19 Felaseadng
yasannenssu ResNet-50 fidenldazilassadns
Fauansl i muszneu 7 uazillasead1a Residual
block 91U2U 3 layer Asn WUIZNDU 10

2.4 n15Y11 Augmentation

ANV Augmentation (Pawara, Okafor,
Schomaker, & Wiering, 2017) Iﬁﬁ’mgwﬁa;&aﬁ
‘L‘hmL‘%auiﬁwLﬁaLﬁmmwmﬂwaﬂmawm%’aga
Tiflaamannvanauiie?l Model a¢liEousle
Uszavsaailaadadu Tnensvin Auement Téun
N5vsuNN (Rotation) Tuyaisnge nsLaeUnH
(Shift) M5UANIN (Shearing) 159 (Zooming)
MsUTuLana (Shading) s wielildnmly
AnwaEA19 AU dNTUFI0E19n1591 Augment
aunsananslanenmUszneu 11
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A15197 1 Confusion Matrix
NAINALUA
anuyazvamANIIal (Predicted Result) HATIUNITIIUUN
Negative Positive
Naﬂqwqﬁq Negatlve TN FP TN+FP
(Actual Condition)  positive FN TP FN+TP
NATINATIMLUN TN+FN FP+TP TN+FN+FP+TP

2.5 msi’wﬂszﬁw%mwmsiﬁq

M3InUsEANTNIMYDINITIULUNNGY
(Classification) vi3on1ssmuuntiy fvane3sily
lun1sTauseansam wu dnsnsnsiadugn
@84 (True Positive Rate, Recall) 81517153 1bUA
Apmann (False Positive Rate) Wugu Tngvialy
nadnsAldanasTuunvzdnegluguuuures
#1979 Confusion Matrix (Fawcett, 2006) R
\Hunistanamudnuazaiedilagnduundign
Fodliuduazasunanisduundldannmsiuneg
frawmeieviosanesuiusneg ithuldou &
Confusion Matrix uamaldsamnisned 1

1ae?

TN flenaainnisduungniesiledaya
.U Negative (True Negative)

FP fexaannsdiuunianainiiledeya
\Uu Negative (False Positive)

FN fesaainnsduunianainiiledeya
\Ju Positive (False Negative)

TP Fonaannisduungndesileteya
Ju Positive (True Positive) #4An91nm1974
Confusion Matrix @11159U111AWIUNNTIN
UsAn5n1munsgium1eg Tun1sdniunnanis
vhune il

1. A1ATINYNABIYEINITTMUN (Accuracy)

o 1

AadndIuraIHANTYIWIENgNARIIINTOYAN N
nanuadldlunsmageu Awinlanaunis

p P+ TN N
Y = TN T EN+ FP+ TP

2. $ns1nsduungnioailedoya
\Jua34 (True Positive Rate : TPR %38 Recall)
fodaduvemanissuunngulsignies Fsun
l9anauns

TP

Recall = TP+—F1V

2)

2 o o Aa o a a
FIAPINANIUTUNITINUTZANTAN
\eUsuanInssuvanIndmzinmlagnsies

1NNUDYWLA Y
3. AIANWLUEY (Precision) @11158
AMuadlanadl
TP
Precision = ——— 3)
TP + FP
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3. 350 UN15IY

TusAtediunsussgndlénnadou
398N (Deep Learning) lun1sduunuseinm
Tsauzumanlungurifendsdifiugueguu
lasaeneuligdu lngieuiiguussavsnmiu
MUz Geeziiouidiou ¢ aaninonssy
ffoil LeNet-5, VGG16, ResNet-50 uazaningnssu
finaueileguuiiugiuves VGGNet fsil

1 k24

3.1 d@01UnenssuNUILEUaUUN
§1UVDY VGGNet

'3'§miﬁﬁwLauaslumu'ﬁaﬁagjuuﬁugm
483 VGGNet Ingu3uusa Hyperparameter 94
aodmenssusanann 3aldun vuaves Filter
(Filtering size) vowsazt wulu VGG16 Hu
YUIRVaY Filter U89 Convolution Lwiaz%’jul,ﬂu
64, 128, 256, 512 way uﬁluﬁfiﬁ1432,64,128
Way 256 uaﬂﬂﬂﬂﬁéﬂﬁﬂuau%ﬁ Convolution
Tuustay Block widotfies 1 94 512 dau Full
Connection i Hidden Node Lilgs 1024 1oy
VGG16 I Hidden Node 18 4096 sazanunsn
AATUIAVDITIUIUNSTMeTALlR

Input 32x32
3x3 conv, 32
2x2 maxpool/2
3x3 conv, 64
2x2 maxpool/2
3x3 conv, 128
2x2 maxpool/2
3x3 conv, 256
2x2 maxpool/2
FC, 1024
FC, 1024
dropout, 0.2
FC, classes

Output

awusznau 12 andnenssuiuiaus

3.2 AMNSIUNISUSLAUUTLANT AN
Ya9luLna

dusunmsiunisuseiliuysednsnm
YaIlAANTSEUFNITIIUN kanwianmUsEnay
13 lnsyadoyalunzunissgnuialuynasu
(Training set) Saway 80 wavyanaaoy (Test
set) $ovaz 20 FeluinagATEYRINITILUNDY
gnUsziiulszavsamlaglduemaaeuiitoduun
Usstnvilunzuniidulse violiidulsa

4. NaN1INAAD

dwsunismeaesd] Iaiununiudeya
| va & [ 1% P |
mwaneluliianulaansuuzuniidulse wagll
< = Aa X vy a
1Hulse dalsafnadulawnlsanusuveaulu lsasnd
11918 15AIAN L5AUNID 1SANLUAINALNE
wazlsaluni Tusddeididunisimsiziinlu
yzundulsanseliidulse Tnglufinsduwunile
289l5A AIUUTIUIUAAAT LTI UNNTILUNT L
2 yiinde Wulse wazliidulse lnanisdwunlu
1 I~ G (=S Y o a o
yruIdulsensaluldulsa lasfiunisanwun
LPgEIREWINRAUNITNEAT TITILIUNNENY

—{ gatayaluazu }—
v ! ,

Y
[ 70 Validation | | TANATOL

'gﬂaau |

!

[ Augmentation

!

| Souimaiwwnidszinnlasld CNN
—P[ dszfudszansnmluies
[ Tuaagarhy

[ Uszifiudszdnsniwmaduwun

HUHTE

AMWUIZNBU 13 AMTILTUABUNITIIEUS
Wan1sTwunlsnntungu
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MAUTIUTWIETS WL 5,710 A Huuzunll
Julsa 2,855 i wazuzunadulse 2,855
warwlsdoyaduyndeu uazyavageu (80:20)
YUIAVBINNWUNINTVUR 224x224 WnLwa
Taemsthinnagyinnseanmanglmudennis
duvosnmlulsifeluguuuunmad RGB lng
nsnaaeUssUBUNanIsUsEIIUUSEENS NN
pean1Ununssusinge vee CNN fail LeNet-s,

Loss Curves

VGG16, ResNet-50 wazisnisiiviiauouu
WUFIUUD9 VGGNet

mmm‘%au@ﬁaa%ﬁﬂuLmaﬁm%’ums
Annilsanameanglunzun meaalnenssy
wiazkuy lnednuiuseuveansseuiivualy
fi 40 50U FaaunsauszAvEIMveINIEYUS
A28e1 Loss Wagm1 Accuracy lansn1nuseneu 14
e ndszneu 17

Accuracy Curves

—— Training set
— Validation set

= Training set
—— Validation set

] s 0 s )

)
Epochs

9 H ) B )

)
Epochs

AUsZNBU 14 Lans Loss (§19) wag Accuracy (1711) vesannUnunssu LeNet-5

Loss Curves

Accuracy Curves

—— Training set o
— Validation set
S :;j
o o2 = Training set
00 = Validation set
0 : o s Epulcnhs E R T 0 S o 5 Epolcnhs E R
nnUsZNaU 15 Lans Loss (§18) wag Accuracy (171) vesaaniUnenssu VGG16
Loss Curves Accuracy Curves

—— Training set
— Validation set

—— Training set
—— Validation set

o 5 » 5 2 3 o

5 2
Epochs

AMUSZNBU 16 Lans Loss (§18) ag Accuracy (1711) 983aa1Unensss ResNet-50

Loss Curves

Accuracy Curves

—— Training set
= Validation set

Loss

Accuracy

075

0.950

0.900

0.850

0.825

== Training set
—— Validation set

[ 5 PR ] )

)
Epochs

o H 0 1 5 30 35 40

2
Epochs

MMWUSZNBU 17 AMLEns Loss (€78) wag Accuracy (131) UesannUnenssufiuiaue
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A139 2 wansUssliudsEAnSamiuyanadeu

Wosidud
gdanUnenssu CNN
Accuracy Precision Recall
LeNet-5 78.90 79.23 79.11
VGG16 86.30 86.64 86.31
ResNet-50 88.26 88.42 88.29
ihuaue 89.06 89.32 89.08

AMnAMUTENOU 14 3 nMwUsznau 17
JumsiuSeuiieuan Loss uag A1 Accuracy 184
Tayaynaeu (Training set) kavyaUssluUseansnm
Tuna (Validation set) Sanuinannilnenssu LeNet-5
thuiruuansnsvesdn Loss wag Accuracy U84
JoyaynaeuLazyaUsiluinn LazUsgansam
YoMIBeuIgindundwiunnniannenssy
3uq duaninenssudue Hue Loss uay
Accuracy vestayaynaeulazynUszduliunng
funnihuas Buasdisausiseui 20 dausantinenssu
fihuaue Bunsideussouit 25 1Huuly

NA5197 2 wansuszfiuUsyansam
nMseszRlsnanlutzum nuinsivhaue Tag
nsuSuaandnenssuann VGGNet iUseenaly
aglwlsgansnmlunisinuunlsaanamanglu
UPUIABANANLYNADS (Accuracy) AN Precision
warAn Recall aegn uoilunne1aius ResNet-50
wntdh dmduisTiiauetiansnsaannailunis
ewaddileioutu Vee16 wsziisuau
Futesniniues @ LeNet-5 Tdszansam
ueiftgalunng du udagldnadesigalunis
Uszananaidesaniidunuiutosiian ua
WUd1 ResNet-50 Alvinadnsiifiuszansam

(%

49171 VGG16 uay LeNet-5 analanau

(9

fg1an na8luNLUILENIRIT

~@

) IsAsdumarsesian

A) lsAANLUaI AN

e

9) Isaluimdasuagluwnia

¥ 4

) Tuun@

AwUsenau 18 fregrennagluugunn
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5. ajunalazUalauaLuL

INATVADINUINITNTUATIZIATUNEUT
Adulsauazldidlsaannmangluien TnewSou
\guransmagouainlumaildainnisious
FreABnsiug i 3 3318un LeNet-5 VGG16
L& ResNet-50 umuin ResNet-50 fiuszavanm
Tnegdidgn da LeNet-5 Tridszansan
#am woliilesan LeNet-5 fifuaudutiosan 3
vilvinnsBeusidulussnamiag Jsunnsneann
VGG16 Uy ResNet-50 Fafisnunuduann sanmsth
@ueIsNsleen1suTuUTsandnenssu VGGNet
vruninaaeuiUieuiisuUssavsaimiuin 3
199U Tiuszansnmuseneaudnin ualdunnin
dlawfieuiiu ResNet-50

esnnnisvaaeadunisidenld
Hold-out Method lun1sutsteyailonsious
wazvaaey wudlamdnnudeyaidoutislies
iesannsielsaliildfisiuaumnnin wagiinng
dAnlsadutisggnia Fedesin Augmentation
dhdelunsFeuslitiussansnmannty us
othalsfiny deyailinaaoudifedin s1um
AfosiAuly fenaldfinnuvainuans vinlsk
UsyAvBammaEeussilififivemerten A Class
fdlunssuuniiies 2 Ussiamindu

dmiumaidesiely iloviuusaszaviam
nsiesgAliaty asddunnfusius
foyaliiuniu uenainiasliislunisusndu
UsednSnnlagldis Cross-validation 9110
Suuteyafiinnutosussodiiaiesszinag
wafifiussansamgstu idosmnamiddoun
TngiddldnanlunisSouiuiudeenaaviude
PiatuNIMAaeY kazUTuUTINsTMUnUTTIAN
Tnganunsaszylsausazaiinvasluuzunsield

6. NARNTSNUIZNA

AMZKITYYBVOUAN ANEINGINTS

ANTAUWA WINEIREUMIEN TN N UaTUayy
o Aa a v S ve ! v v a
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