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Abstract

Thailand is one of the top exporters of rice in the world. Nevertheless, one of
the major obstacles in rice cultivation is the incidence of rice leaf disease. Not all rice
leaf diseases have the same treatment. The lack of knowledge in rice disease analysis
and relying on experience based on naked eye observations may lead to errors in rice
disease treatment such as using a too strong disinfectant. Although consulting experts
is possible, some farmers may find it difficult. At present, artificial intelligence,
especially deep learning can be used as a tool to analyze objects from images. In this
research, pretrained convolutional neural network (CNN) models are used to classify 5
rice leaf diseases that frequently found in Thailand namely blast disease, brown spot
disease, bacterial leaf blight disease, rice tungro disease and narrow brown spot disease
and healthy leaves. The pretrained models used are in the group of Xception, ResNet,
Inception, InceptionResNet and DenseNet. The dataset was from 3 data sources: 1) the
UCI database, 2) the sample dataset of Sethy's rice leaf disease, and 3) the diseased
rice dataset which photographed and collected by the researcher in Banglen District,
Nakhon Pathom Province during the year 2018 -2020 and certified by the rice scholars.
The preliminary result showed that pretrained CNN models required a larger number
of images for a better classification. With restrictions under the COVID situation, the

researcher then applied the image data augmentation technique to increase the



number of images in the dataset instead of taking more photos. The experimental
result showed that the accuracy in rice disease classification was averagely increased
up to 16.533% in the ResNet50v2 and the results of other models had increased
between 13.178 — 16.533%. Only the DenseNet201 that its average accuracy increased
only 8.503%.

Keywords: Deep learning, Computer vision, Convolutional neural networks, Rice leaf

disease
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1ma Ispvauluwis Tsaludnlusakas lsalunauuns Tsaluddy wazlsaluduan 1Husu

2.1.1 Tsalud (Rice Blast Disease)

15alusl (Rice Blast Disease) ANUALNAN 13891 Pyricularia grisea Sacc. WU

ity datugiudielsiegisuas nudlnglunmamie manziunnides
wille aAnzTunnuazn1Ald dnvazeInis seeendt ludlunanduiniagua Jamn
BYATINAINUNE ANUNTVBIUNAUTEIM 2-5 TaflunsuazadIuenIUszan 10-15

Hoflns UNaaNNIaveNgaNAINLAZNTEIANTEANeMIUTINIY dnlsATuLTINATN

v v o a

zuiarunney oan1sadegnlilvgl szavaesis (srageansie) SrdnmasasEulies

dlognidesinansdnazdunun wadndulsaneusndrauiuies 9wUsngsesuna

Y

GEUNNIANUSIUADII YNIAUIIEINII85199NITWVEUFLMELIN NISENTTEUN

%

wulsAluuUaafidiudrmuuiu ibiernealiaemaeudiadu auglivssunn 22-25

arwaLyd aukssriglrlsawngnszanylan

Ui 2.2 1salud (Rice blast disease)



2.1.2 Isﬂluqtélﬁ{f’lma (Brown Spot Disease)

Tselugedmia  (Brown Spot  Disease)  awwmifnann  1H091
Helminthosporium oryzae Breda de Haan. (Bipolaris oryzae (Brada de Haan)
Shoemaker) wurnATawHuLazvaUseu lunpnans meamile anengSunn
manziusendeunile wavnield enisuwaiiludm nuinnluszozuannedidnua

v
°

Jugndena  sUnaunsesUld  veuuengavewsaldmdosunaduniiuaudnas

o—

a a a v 3

0.5-1 Tadns unaniinsimunaNNvwInUTENN 1-2 x 4-10 Tadluns v19ASIny
uwralidunauisesuld  wivslusesoundeatunszdnnszaeiliuuludn
o a % v a oq v & w - - a4 o
uwHadsensaifauwdadUFen iliuaatieonanUsnideuamnn ety

¥

U ansaLrinde

3‘1]17; 2.3 Tsalugaduana (Brown spot disease)

v
o

2.1.3 lsaludadurnna (Narrow Brown Spot Disease)

Tseluadtinia (Narow Brown Spot Disease) awvuinain 1031
Cercospora oryzae |. Miyake wuuflmﬁu’qmﬁ’]Nuuasuwaﬂszmu Tunianans
mawmile mengfuan mengfusendeanie wazneld onisiluiidimaduin
9 vwluiud@lutn dnwulussesdnuanne wnalinine sssnanadnuazlifises
Fifluna senunavzveeiaty unasziinnmaludruazUanely Tuiidulsaes

winmearndatsluneu dudiidulsasunsasiiuiaduimaddessluliiguiu e

fa1unsavinaneeese ynlraesisuwaginiule



g‘d‘ﬁ 2.4 Tsaludndunnia (Narrow brown spot disease)

2.1.4 Vsawauluwiis (Bacterial Leaf Blight or Bacterial Blight Disease)
Tspvauluwims (Bacterial Leaf Blight or Bacterial Blight Disease) mm&y,ﬁﬂ

97N L%@Lwﬂﬁl,%'a Xanthomonas oryzae pv. oyzae (ex Ishiyama) Swings et al. fo

Ly X. campestris pv. oryzae (Ishiyama Dye) wusnluuniney wasuneaUseynu

nawille nMesziussniduanie wazniald anstsatiduladensesezndn wanne

Julie eanse Aundneuthlulndezdiyadn o dnvastiiveuluveduae feun

v v
o

Usganaw 7-10 Tu ganfaznaneidunisdmdosenimuludn lundulspazuias,
wardlenaznaaludin 9 onslusvertnaazuanmdstdnaudmiaiouds
wourse Tuiulsaveuluiisesindn seunazilaswdudvias Nunainenindasy
PANEENNEUNAY 9 YWIAENVIITLduTYe seunaznateidudiinauarrgalunnuan
TERIRA] Feagvinhilseaunsassuiaselulauraszvenglunuainueivediu
vnsasetnlutnslunuauniewesly  veuwkaildnwuzduvsuatevdnwkadl
Wouuldaziasuwduaing Tunidulsavavluazurialazdiiunuaiiued Tuuiansa

Melivnugudhagilivisemsendy  Audniinuasiiisuaiuazaelag

TI5258n81N15VRALSATIN ASLEN



3‘1]17; 2.5 Tsavauluwiis (Bacterial leaf blight or bacterial blight disease)

2.1.5 lsaludnlusauss (Bacterial Leaf Streak Disease)
lsaludelusauas (Bacterial Leaf Streak Disease) @Lviniinan Wwoukuaiiise
Xanthomonas oryzae pv. oryzicola (Fang et al.) Swings et al. wunAluLIUINY
wazuwaUsEU MAnae mangTusenidsamile wazmald o1nslsallduldiun

= = ) 2 & o 3 v ' '

wANNe AuA90aNIN 91N15UsINgGTIY Tuwsniuiudatenluaudulu feunres
an' @ A N yooA v & & ' ' Y
1 Waswdudmiewmsedy Weounavenesiudunssduunalng uwaseuisonzauiule
warnunuaiiselugunemihdesuadeensaunay 9 vinadnwiiidunyausinget
UUMKNE  d9UATINETIVDIUNATUBEIUAUMUNIUYEINUTTNT  ULarAINTULIIVDY

¥ '

Wowmaziuyd  Tusiusnldfenumuniway  wiaszvergaululuilutaniulusie

9

anwazeINsvaEaIrAaeadiuiauuly  dnluiugiumuiiuiuunaazoy

wazlNavz [ UADYEIIAULUINIITOU ¢ WNaYZIEUIRIa



;J'd‘ﬁ 2.6 1salualusauas (Bacterial leaf streak disease)

2.1.6 lsaluwauuns (Red Stripe Disease)
lsaluwpuias  (Red  Stripe  Disease) @LveiindIn  LWBULUATILSY
Microbacterium sp. WULNATUWTAUIENIU LURAIANAN BINITANWAIEDINISNEALY

vadlsasuusnluimasdugedmios unadugunaunioguly anturzaeneaniisy

¥
=

& a Yy X & o a P & Aa Y a
Wuwavulumavanglu dvetunaszitudududiviaoady UNATIAUILNALVY LAy

a &£ A g v &
LﬂﬂmULﬁJaLUUEULLi\ﬁ]3LL‘V1\‘1‘VNIU

sU#i 2.7 Tsalunauuns (Red stripe disease)
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2.1.7 saluddu (Tungro Disease or Yellow Orange Leaf Disease)

Tsalud@du (Tungro Disease or Yellow Orange Leaf Disease) ANNRLNARN
Wold Rice Tungro Bacilliform Virus (RTBV) Rice Tungro Spherical Virus (RTSV)
omsutdulseldiasveznd wnne saes mnlduidensudnoyseu (svey
n&runnne) T1asdememnnirldsudeneutnengun (szpedsinr-eansy 41
Suuansenmskausiony 15-20 Yu feiudusidnagldiuidessesla onaius
TudmzBuifvdemdudewenaduivies Sunnvaeludmladly dudu
suusdluszeendrdudnienadame ennsuanmdsind Budanalafilumuiu du
Adulsmaiieunssunsuaddudunininn  lulmiilndeenuniidumdasiingy

Josioluatgn dnduguusionameriane dldmedefsvezeansulivinin vkl

2ONINAY LALBINTIANGINITUNR

gﬂﬁ 2.8 Tsaluddu (Tungro disease or yellow orange leaf disease)

2.1.8 lsaluduan (Orange Leaf Disease)

Tsalufuan (Orange Leaf  Disease) @umgifinan  idelnlananaun
(Phytoplasma) anmssudrudulsald lussesunnne daies fudnidulsed lu
wansornsananananeluiiluan wanduduanthirlusniudunandy Tuidu
Tsavisluagshunveuluisaesiadnumidunandy vililuwidufigasudioumn
naviaguagemuUng Liflonsisuasmestissins Tsaluduaninndune q

wnsnszaneduusnuniiag



11

g‘d‘ﬁ 2.9 Tsalududn (Orange leaf disease)

2.2 n13BEBUswUULBeEn (Deep Learning)

msﬁauiuvm%ﬁn (Deep Learning) (Dandawate and Kokare 2015) %un8fs
annenssurdotnoUstamifiondiidu (Layer) msussananasiuauinn 3ansmeanilesy
msmunsunduegien vieidendy State-of-the-art lunsdudsma n1sfusTaglunm
msasnduinquaslawudu 9 Snunn wu msduaiien uag lufind (Genomics) MsiFend
wwuidinaseuaguidiasadsiisudoulugedoyavualnglneldduneuis Back
propagation Tz munina3es (Machine) laasagldsunmsiasuamisfinesneludily

1 ¥

TunsAwraluwiagduannsunulutunauntn

23 lpssdnedszamuuumauligduuea
lassdgUsgamuuuneuligduuea (Convolutional neural network) (Nielsen
2018) Yaqtiufelung State-of-the-art &v3umsduun (Classification) JUam Fslassve
Uszamuuuasuligtuusaiirundeadeiudulassineuszamiiisuuuudnd fivseneuly
$refiaseu (Neurons) $1uasnn AifinsiFeuddednimin Weights) wazaluied (Biases)
Tuusaziiseusrsuadoyatindi (Input) gntiurinsiwa Dot product wieenaazldils
HariduitldiSudunse (Non-linearity Function) Tun1sAiuin Gelassneuszamiionagi

n1ssudeyarndAefiniea (Pixcels) vasnmanduararwialunsiazdu uazdnisAuimn

v
= g

Hadun1saayds (Loss function) wazlutugnvneazideuranis Fully-connected &etuil

v
g

niduduiiduanadnsineduunitdeyanmiivndrtdusglungy (Class) ln Favianund

naMut AU dasiiguszamiuuaeuligtuuea uavlasswigUszamiisunuuunadl

[

SV UMD UNULAZINA1IN WA UYBASITNEUS LA AB LN I@D I UUTRIeNY Aail
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1) deoyatndn na1afie laswnedszamuuumrsuligtuneaszsutayaridifily

sumnlaeflaiiunszuiumslaludnuuraiuia 3D) Tuvaeilassieusgam

¢ o

WisnwuuUnAdeyadndisziduiininesiies (Single vector) nie 1 d4

1 o 1

shagraduly IasaneUszamisuwuuund Sdayatidnduninuuin 32x32x3

Y
(M9 32, g4 32, 9043 3 &) Trvouniweuseriulutudeou (Hidden layer) Wsnag
Hanmdngiuiu 32 * 32 * 3 = 3072 uadandauialug T udavyinlid

A dmesTuuInnmulumeTazdenaliiin Overfitting uadnsulasstny

o v

Uszamuuuneuligiuueadziudeyaindniusunmilddasmunszuiunisla

D

lnsusarduiliseusrdnegly 3 5 AoflAundna AIUEY wazANEN AsgUT

2.10

U 2.10 aandnenssulasetnguszamuuuund (§e) uazaantnenssuvastunuu 3

finlulasednguszamuuuasulagduuea

2) \flesanniassieUszamuuuinfagynisfudeyadidndufinegs wazviinis

wUasleglusunnmesined duluridmtdnvedlassieUssamuuuuniaeilel

v

wdniiriudeyaihid dulasegdszanmuuueeuligduusateyatidiuas
Fudouazldlalfouneduiineananuausaziiounaiusigfuiiian 9 Fenid

Local receptive field FudunildlunwiAniiugiuvadlassislszamuuunou

Tatuueass JUN 2.11
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input neurons
00000

000D
00000~ 40
0000T

first hidden layer

gﬂﬁ 2.11 Local receptive field

3) TnssteUsramuuuaeulgiuueaiinuand@iiionda Parameter Sharing f4ay
$rfasruauves Arthviin wagluwea Tneldwmafimoshutiluuasduanudn
vostoyatitn Tneldndnnsitin danasdands (Feature) Wuuselomilums
Fnaiisuns 0g, yo) wé seudaduusdenilunsinadisumidu
(xz, ¥ 138 Pauansieedliiunaaud® Parameter Sharing é'fagﬂffl" 2.12 4
2.15 Tnermuslideyatidifivwayinty 77 waeliarwdniiy 3 dndwn

Tue 3x3 wazdauanwiniu 3 wazaArluweailiaAvindu 1

5U#1 2.12 #9819 Parameters Sharing dwiunisiuialuudasduveslassingdszam
wuuaaulgduuea (1)
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5U#1 2.13 #9819 Parameters Sharing dwiunisiuialuudasduveslassingdszam

wuuaauligtuuea (2)

Uil 2.14 f1a819 Parameters Sharing dwiunisiuialuudasduveslassingdszam

wuurauligduuea (3)
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35U 2.15 fi18819 Parameters Sharing dwsunisauialuudasduveslassdnedszam

wuuaauligduuea (4)

231

dauuszneuvadlasstguszamuuunauligduues

drulszneuvedasaigyszamuuunauligiuuea (TensorFlow 2018) 4

iU 3 @

1)

Fupeuligduuea (Convolutional layers) aggnimunlagaeuligiuiines

(Convolution filters) lagiusiagiiufides  (Subregion) ¥BINMALYN

<

suilumsmendamand saduiAieslu Output feature map 91ntuaz
Taritunsedu (Activation) Tasunfineldilerdunszdu ReLU Tuuovinm
Wethadilidudadudlusstuea

Pooling layers Suthitlun1sanunadsiufl wioisendh down samples uie
andruauvesmivefuagmsduaululesade Tnesuuuuinuinniignde
Pooling layers Wanesazdouin 2x2 Iagldn1saniiuns MAX agiseni
Max Pooling uazaziedeudilufiay 2 vn 9 (Hesanfumesaziivuin 2x2)
Auanveteyatdl diuauanazivunarinay ﬁagﬂﬁ 2.16 wag 2.17

1% ]
v I~ 1

anINU Wendudu 9 1wy Average pooling Waz L2-norm pooling L
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Average pooling fingnldlusdn uslianauiieliuunilideyieuiu Max

Pooling 51231 Max Pooling anunsavieulafnittumesiua

3UN 2.16 A19819N158AVUINYBS Pooling layers

U 2.17 f19819n138A7UIAVBS Pooling layers AMMENLAE

- Red : Blue
JUN 2.18 adetayaiduazdoyasanvaudaztuvadlassiguszamuuunaulgiu

uUaa ATNIN [24]

3) Dense layers 438 fully connected agyinwtiliadLuUnlAEA1TEAR
@mau‘f@mﬂ Convolutional layers wag Pooling layers uaglu Dense layers

i (Node) Tutuiingiensiafiuynnivunludunaunin



2.4
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Ingundlassgdszamuuunauligiuueaszusenaulusie Stack vesluga

(YY)

nadududoudwinsainaudnune wiaglugausznouluime Junsuligtuuea

o
v v

puRie Pooling layers wagtuanyneven1uaie Dense layers lulpsetiy
Uszamuuupeuligiuuea Dense layers Tutuanve azUszneulumenia
Tuuasontalimung sefsidu Softmax eagliaszing 0 8 1 Beazaunse

Anulainnmazaneglunguidmangle

n1sBeuiuuuBandmiuneuiamesitu  (Deep  learning  for

computer vision)

WesnnlasagUszamuuumsuligiuues Wulasanefianuaiunsalunis

Fuunguamls FalunsiSeuiuuuddndmiuneuiamesitu (Chollet 2021) Fsende

lasseUszamuuuneuligtuuea  Tunsaddliwa JagduszuunisiBeuivenaies

(Machine-learning  systems) #lassasadeyaiuguiienin Tensors  @eniivualag

Google’s TensorFlow Tu Tensors agus53A38 ket anwagillvaauvsng (Matrix) fauav

vosAvestoya N13ANiunimLAfzALiun1sHIl Tensors

nsaiiunsvesmeuligdu (Convolution operation) MIALUNTTENIN Dense

layers LLaS%’umuI’JQ%'u (Convolution layers) fia Dense layers %L%‘EJU%EULL‘UU (Pattern)

1ng333 (Global patterns) d@utunouligtuagiseuisuiuuiiugiu (Local patterns) Aagud

2.19
-
i
5UN 2.19 msiSsusUvastunsulagiu
Fenwazlanzananyhlilaswisysramiuunouligtuues  dRuaudimhaula
dosUsznseail

Y

1) sUwuunSeuiazlifeudlodedng fe sUwuuMSeushidtingareddiulaves

Amidlaghemunisivagiuidle 9
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v
[

2) awsaleuidwutuluuiieessUluuld  Ae Fuesuligtuduusnavieus
SULUUNUEIL WU YU wazduasuligtutdui 2 szSeuizuiuuawiulvgi
lananauaudfvostulsn  wazdu 9 warAuantilieduilililasang

Uszamuuuneuligtuuealsouduwidaiesiunmidudeou  wazduuusssy

N AIFUN 2.20

JUT 2.20 drpgensiseuidduduuuuniag

2.5 Transfer Learning

\osnlumauszanlaseelszamiosuuoasligiuuea 1dszaznatluns
naoufivuiuan wardoddandoyanmauelnglneniadoudveduaadudsanimin
Buiu (Weight initialization) 3ufuainnsdy warlunaaziFousmeyndeyavunlvg/Tases
fmsusurmimin (Weight) $1uuinn dedeslintnennsuazialumsiingeuiinnniuie
Haiun5l438n13 Transfer Learning (Tan, Sun et al. 2018) Wun1sielounadanluiaa
flgsumsiinaeunnudinnyadoyavualug (rdminildsunsuunuds) dundoya
sunlngfilusaladunmsiingeuntiuanainmsutsdu ILSVRC (The ImageNet large scale
visual recognition challenge) (Deng, Dong et al. 2009) #i Google §atu Fadunisudedu
nsaslueanvuaeulgiuueaiulszaanamedeyaninuualig RN ENRHE
ImageNet Usgnaulusignin 1,000 Class gadayannasu 1,281,167 1MW YAvayanTI9ay

(Validation) 50,000 a1 uazyadeyanagay 100,000 A Matuazdiulsiluwaldsunis
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Anasunuaianyadeyavuintngmsldnaia Transfer Leamning vilvinsinasulunald

7 1

181 BAYNSNYINTUBENIINSHNADUlLRaRILARY (Sketch) T9RgdlTNUIUVRININALDYND

sedoslininensuazauInnIlunisilnaou (Bengio 2012)

2.6 Image Data Augmentation Technique

nsseuivedaswisyszamuuunsulgtuueatzssuslamiledduiunmauin

- wilumadussadnsdrdsedeyanmmsenisfiusiusunm  sudsedeyanimly

9 Y

ansnsaztiuilegeg1adnia fatiy Image Data Augmentation Technique (Sladojevic,
Arsenovic et al. 2016, Alzubaidi, Zhang et al. 2021) \Judnuilanailiafliiusuiuaes
sunmlagnisassnmlrduiimeisnisaisguamludainguameuadu Tagldvdanns

Tunsuszanananm (Image processing) lnsgunmilnivzgnasiaduanguninduadulag

MIANEUNNTUNBEN U MINYU NI N1SIEBY NINEN WaENITZUIUNMIDULS MiNgItes

fupnuaiad AUl 221 wasamsldmsuszanananmiiteiiudnuIuYeanm

v
o

wanNUgraunsaldnisyseanananmswiuld wu msldnmmyusindunsguazyiiliiie

o
P TV VR Y] a

nludlaunu satiumedatidewinlrnissrassninlvdduunannawiulmdusiuaumin

31n151% Image Data Augmentation Technique a5z islunisuszanananIn

'
0o % = o a

agseuiy Aevgdesiiadeingiiulnelunauazingassaaenndetiu Wy amees
giuvvesgirardesegimuaasnmludiu - wimniinisuszanananinlnen1suyuam

Tiungiruluegiuuunzvilmuwasousludsdiaduenuiuailduazdmalilumad

Ussﬁw%mwlumifﬁwLLuﬂg‘UmwiummLﬂua%ﬂﬁhjgﬂéfamuﬁu



(@) (b) ©

JUN 2.21 (a) mwdvadu (b) Mgy (o) matdauluuulgs (d) madeuluuuiniia
(e) N5 Zoom (f) mMsnauduluuuans (g) msnaudruluwuiveu (h) ns

shear (i) NMSANANEINS () nsiUasudeasd
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2.7 InceptionV3

Inception V3 (Szegedy, Vanhoucke et al. 2016) Li:;luimﬂamﬁl,?&luiﬁﬁﬂm%
Tassteuszamifisuuvuaoulgduilddmsumsduunam  InceptionV3  Wauwnain
InceptionV1 udaslude GoogleNet (Szegedy, Liu et al. 2015) ud 2014 Fslé¥unns

W laeineues Google

2.7.1 Inception Iug\a

dolassaislunalassssamifisunuuneubgiudifiantinenssuid
pudninfulusrdmalilueaia Overfitting lanaAs lnassuslugadoua
Hnaeuldd udlvinalifluyadayanaaey lag Inception 1u@a1é’gﬂﬁwmuﬁﬂfgm§
fremsi Filter vanefiidivunamsiunmndusedu (Level) deniu isliluna
veeluuatng lilguundnasly

s Inception Usgnaulusgaiud1Atyfeluga Inception $1uuun lng
Tugaves Inception Usznauluie Layers fivinauauudu @ Layers léun

1) 1x1 convolution

2) 3x3 convolution

3) 5x5 convolution

4) 3x3 max pooling

FuraenoulIgiuazgnuendueendudnudn q augui 2.22

Y

=N

31]17; 2.22 Iu@a Inception
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2.7.2  d@anUnenssuves InceptionV3
InceptionV3 gnWAMUIN191N GooglLeNet sl
1) anUnenssuves Inception Funsligduiiuendiueaniivuinanas 30

5 X 51U 3 X 3 Wieanduumsfiwesiunsauan Asgui 2.23

s

JUT 2.23 Fuvasnauligiuiignuendrusaniiudiuan o Hanvuinas

2) msugnmusznaulutu Asymmetric Convolutions agaglugunuu nxl
Ingagiinsunuinuaaty 3 X 3 Convolutions 38 3 X 1 Convolutions

willowiuvia 2 Layer auguil 2.24 wazannisuensiuseneuluguil

@

an1tnenTsnYes Inception AxldnwazAITUN 2.25

Y



UM 2.24 msuendausznaulud Asymmetric Convolutions

3Uf 2.25 msusnduszneaulutiu Asymmetric Convolutions (1 X 3)

ndnlunalasunisiauan1nenssuues Inception WA InceptionV2
eilanUnenssuniavuanugui 2.26 193U Layer iy 42 Layer 3au1nnin

nastunauntantioy

23
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3Uf 2.26 sandaenssu Inceptionv2

2.8 Xception

Xception (Chollet 2017) ¢a1191n “Extreme Inception” Faldndnnsves Inception
Tagld 1 x 1 Convolutions siaTush Input Fuatiu wazanuiazyes Input space 14 Filter
fissuluusazanudn T Xception Tumaiimsvtuneudosndu fio unuilerld Fitter Tu
wiazAuannouLaa3edusn Input Inensld 1 x 1 Convolutions waaztlunisuendiuves
Convolutions luidedn uduandmenssumsesnuuulaseneussamiiiendausidisd 2014
Iognununld Snwilaszn1sl Inception war Xception ssffude Tuluaa Inception n15d

Anududadunarldidudadu (Linearity and Non-linearity) wdsainnsandunisusniy

@

Inception Tuwnaagld ReLU flandu Mdwdadu uilu Xception gl ReLU arduilailu

D!

2.8.1 daanUnunssuueds Xception
dmsuanUnenssuseuuves Xception azutseanidu 3 dyuvan lnefdeya
WSNAENIU Entry flow Ua239sudn Middle flow (Wg1lu Middle flow 8 59U) Wag

anvneazlufl Exit flow faguil 2.27
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Entry flow Middle flow Exit flow

299x299x3 images 19x19x728 feature maps 19x19x728 feature maps

1
[Conv 32, 3x3, stride=2x2

2048-dimensional vectors

Optional fully-connected

]
[ReLu : | [ReLu | [ReLU |
[Conv 6%, 353 ] l lECO"‘[V 728, 3x3 | |SeparableConv 728, 3x3 |
[ReLU | [ReLU Conv 1x1 | [ReLU |
| SeparableConv 728, 3x3 | stride=2x2 | bleConv 1024, 3x3 |
L I
ISev-r-bleCon; 128, 3x3 ] [ReLU [MaxPooling 3x3, stride=2x2]
e [Ret ] leConv 728, 3x3 |
stride=2x2| [SeparableConv 128, 3x3 |
[SeparableConv 1536, 3x3 |
|MaxPooling 3x3, stride=2x2 | [ReLU |
19x19x728 feature maps I
¥ [SeparableConv 2048, 3x3 |
[ReLu ] [ReLU |
| SeparableConv 256, 3x3 | Repeated 8 times [GlobllAvenqe‘Pcoling ]
I
Conv 1x1 [ReLU | I
stride=2x2| [SeparableConv 256, 3x3 |
T
]

[MaxPooling 3x3, stride=2x2

IRel.U l layer(s)
| SeparableConv 728, 3x3 | |
1 Logistic regression
Conv 1x1 [ReLU |
stride=2x2| [SeparableConv 728, 3x3 |
1
[MaxPooling 3x3, stride=2x2|

19x19x728 feature maps

sU# 2.27 aandnenssuvadluiea Xception

2.9 ResNetV2
ResNet %38 Deep Residual Network Qﬂﬁ'u,aua’[,umu’?%’al%"m Deep Residual

Learning for Image Recognition (He, Zhang et al. 2016) LLﬁ‘i’]ﬁymﬁm Vanishing gradient

a =

Tulmandaantnenssunanunng  wuiumen1sa@ss Shortcut dmsulasadng naname

N v v

Usyw Vanishing gradient azfindulunsdlasdl e Input X kag X gnasanduvesneuligiu
Fuusn Aengnaswslulududn o 1 wagmngndsialiises 9 A1ves X 71 Input aggnnau
doumely Asliuandnenssuves ResNet ldgnesnuuuinlagnisiiiu Shortcut iadsiu

X Taudandald éﬁ’qgﬂﬁ 2.28
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5U# 2.28 ResNet udan

2.9.1 #01Unen35UVD9 ResNetV2
mﬂgﬂ‘ﬁ' 2.29 uamaandnenssuiugIuves ResNetV1 wag ResNetV2 (He,

Zhang et al. 2016)

JUN 2.29 aonUnenssu ResNetV1 (418) uag ResNetV2 (321)
AUUANANTIAN Aoy 51INe ResNetVl ua ResNetV2 figisd]
1) ResNetV1 iyl non-linearity (ReLU) N1@91a391natdun1siiusenang x way F(x)
ResNetV2 l¢iau non-linearity (ReLU) anvingaan feuun1sadnaduniaues Input

Tugs Output TugUuuuves Identity connection
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2) ResNetV2 14 Batch Normalization wag ReLU fiu Input ﬁauma@mé’ww%ﬂ%
untdn (Convolution operation) ResNetV1 9z¥i1 Convolution #1uee Batch

Normalization gy ReLU

2.10 InceptionResNetV2
InceptionResNetV2 (Szegedy, loffe et al. 2017) Wunsniniuveslasasng
Inception uag Residual (ResNet) Tuvden InceptionResNet Convolutional Filter #ang

YUINALTMAU Residual connections N514 Residual connections Litfisauananidssigm

v
[ 1

N3 Degradation problem A nlassaswan1dnenssuszuLNvgdnyinty uadsivan

Y

a1MsHneuINdnAlY JUN 2.30 uansanUngnssuinIeuneiiug1uves InceptionResnetV2

31]‘7; 2.30 @a1Unenssy InceptionResNetV2

2.11 DenseNet
DenseNet (Huang, Liu et al. 2017) Wudnnilsan1nenssuveaniseankuuseuy
vadlasadnguszamuuuasuligdu Meeniuuiuntym Vanishing gradient twuriu lngil

wann1slae Output azgnassieludsudendaluynudeon (eniiu Input layer) faguil 2.31
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sUfl 2.31 annilaenssu DenseNet

DenseNets azuusoanilu DenseBlocks Inefivunues Feature maps azAfinnelu

o a '

uSen avduau Filter seineudenasildeuly Layer sewinsufenaziSendt Transition
Layers #swhnsasduiues Chanel auvdeniwisain Chanel fiiley uazawiinig
ALduNSaNBg19ARAanY Av Batch normalization (BN), Rectified linear unit (ReLU) wag
convolution (Conv)

ﬁ]’]ﬂg‘ﬂﬁ 2.32 uansdnntnenssuvesseuunusenaulunie DenseBlocks 311U 3

[y <

vhen Layer sewinvdeniieginiugesudende Transition Layers Tsazaniunis
WavuwUas Down sampling (M9g191wu WaBUIUIAYEY Feature-maps) laen1slanig
ALtiun1s Convolution uag Pooling Tuvauzfnelu DenseBlocks UuIAUas Feature maps

zwinuiialsia@nunsald Feature concatenation 1o

JUT 2.32 aandaenssuvasszuufivsenaulufiae DenseBlocks 31uau 3 udan
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(]
o v

212 uIeNgIvag
Yagtumswammalulaguuuininsglnadsdwmaliaiuaiusalunismuines
wIon NIt Tnslanizegedan1siauiszuunsawaleeld wiheUssuiananin

(Graphical Processing Units (GPU)) 3sdsnaltinnisiauiluing uwaznszuiun1sio maly

= A

M3AWIU ag1rulianI ST sus UG IEn (LeCun, Bengio et al. 2015) Fedieladndu
MIANY8IN1338USve AT (Machine learning) (Haykin 2009) wandlviiuluguil 2.33
- =] < ° = a a wa o 14 ! ]
DesnnlumaiiaadululdlunisAnim Jafanisuilunisawiniusing q 1w nns
391079 n133U3LAee Uagn1sUsEananadu q NaNududeu nTelunanAeIn1TIATIEY
oil} o U Yo A

ayadIuIuNIn 9 dmsuinTealieiugiuveansiseuiiuuddnildiunelasaingusyam

] '
IS a a aaa

wuumeulgduuea Julunildumaiefifivszdninmnangad miunisasisluwaniinis

TATveyanNtutaULALIinITIIFULUUYDINMN

JUN 2.33 ununmukunwul-0981as ANUduusvasranidyyUsehvg

Brsnsreduriedwunlsafivson miusnaansausneonldiiuaosngumndn
mefu kA MInsIRTunsedwunlsAlirrignTsuIUNITUSEIARAN NI IUAUNTTILUN
fhemsFeuivoauniesuuuiy Aldmasunulneildldldninensvenaioanmin (al#d
n191i1 Deep learning 1114) wagmssauunsnensld Deep learing amsuszyndld Deep
learning lesumnuieuniloliitfiniuan

dosnilagtuanuausalunsiunavenedeiunntudedind il i
15 Deep learning gritnanldlunisisrguuuvvesamanniy uagldgmindwldlums

a

aszslusunsinussilallAtnnunwaslvnadnsiadunuinela  fegrawu A5
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anlnenssusing 9 vedlastigUszainuuuasuligtuueanyseyndldlunisdiuunlsaiiy
il
1.) Using deep learning for image-based plant disease detection (Mohanty,
Hughes et al. 2016)
2.) Deep neural networks based recognition of plant diseases by leaf image
classification (Sladojevic, Arsenovic et al. 2016)
3.) Deep learning models for plant disease detection and diagnosis (Ferentinos
2018)

[

Yonani qﬁmiﬂﬁz&gﬂﬁiﬂmﬂhaﬂssmwLLUUﬂauhq%uuaaiuﬁﬂjﬁLawwsmmq
NP 1 Marrrdulsnumdemeuardngiivvesiunsdome (Fuentes, Yoon et al. 2017)
warnsnsadulsaiud Usnds (Ramcharan, Baranowski et al. 2017) &alvnadnsidudiun
welaifuegneunn

Wa¥aNIUIFLYee (Pawara, Okafor et al. 2017) ladinnsiuSeuiiisuuszansan

gniamaliansihzluuuiuuiy uaglunalassieuszamuuuneuligduues Tunssey

' 1
=

Yiavasiy (Baazesurgluiide?d 2.5.3) wazanidoilswandbimiuinlunalaseineussam

wuureulgtuuea UsgansamninnisiSeushuuisu

2.12.1 Using deep learning for image-based plant disease detection
UNnAINI o5 09 Using deep learning for image-based plant disease
detection (Mohanty, Hughes et al. 2016) Livinsnaasai gafunisldluna
lassheuszamiuuneuligiuuea Tumssuunieiifulsauaslddulsalaesuun
210 26 aeugity 14 Tsefis Taosuundu 38 aana uagldnwlufieiaua 54,306
A ngiudeya Plantvillage lngldinismaass 60 gUuuulnednsivuaei
sefusumimedsaselui
1) aardnenssulassvigyszamuuuneuligiuuea laun AlexNet uaz
GoogleNet
2) Amsilnaeu loun drgleunisiieus (Transfer learning) uag N1sHnaeu
910 Scratch (Training from Scratch)
3) Ussinvvesyatayannaeu laun nmd amlnuding (Grayscale) wag

AnUsduveslu (Leaf Segmented)
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4) SnsrduveIyaveyatnaeuLAzyateavIadoU
- Hnaou 80% nadau 20%
- Hnaou 60% negaeu 40%
- Hnaou 50% neaoau 50%
- Hnaou 40% neaoau 60%
- Hnaou 20% nedeu 80%

Tnensmaaesiazldenun 30 epoch dmiuita 60 nsel 19 Stochastic
Gradient Descent lumsufuAmiindn Snsnsifeusitugiu (Leaming rate) ity
0.005 ulgu18dn31N15i58U3 (Leaming rate policy) 17U 1A 9 10 epoch Lu-
WUAN (Momentum) Winfiu 0.9 ANY83 Weight decay tM1AU 0.0005 ALATUN
(Gamma) VAU 0.1 wazau1awundg (Batch size) 24 (lunsaluns GoogleNet) wag
100 (lunsdives AlexNet) warmanaassiiasld Caffe framework Tuntswaimn

o
Y

5) ffugadeyainaouuazyndoyanadeuaziinmwianua 56,306 nw
Fuunldidu 38 aana Fregradaguil 2,30 Tunsvaaesid3desrinis
Usuruaalmiu 256 x 256 finwa warlumsmnaesiasldyadoyai
aranulann and anwlnudini (Grayscale) wagnrwiusdiuveslu

(Leaf Segmented) é’mamiugﬂﬁ 2.35
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UM 2.34 fedennlugadayans 38 aand

JUN 2.35 Medreyadayaning (a, d) Mwaulnudin (b, ) uaz muuisdiuvaslu
(c, )

lngnagnsveansneaauandlugun 2.36 lagalumsnnazianimives Fi-

[

score  gagUuuueail EN

Flscore{mean precision, mean recall, Overall accuracy}u

.
al
ee
N
=
b
o}
)

Wﬁﬁﬁ?jﬂﬁa F1 score of 0.9934 (Overall accuracy of 99.35%)



urayscae

Segmented

Each cell in the table represants the mean Fi SCOM mem precisorn, mean recall, oveml &
The boid values are the F; scores of the bast performing models in the respective

33

U 6708.0.9727, 0.8725] V.YV 0 o804, 0.9801, D.8798)

0.9925,

0.98910.0593, 0.9891. 0.9862)

5, 0.9925, 0.9924)

racy) 1OF the corresponding expernmental configuration.
w/caimn

JUN 2.36 HAANSVRINTNAGDIVI 60 N30

' '
v (% 1 1 =

wivlanuannan1maaelldddvedninegiinilenaaeuniniaieniels
Reoulensnsnamildlunisiinaeuanugneiezanatetauin wazdntdednianis

v

= o va & v A& ad a @
Aanwlunlednunaanduanusedny

2.12.2 Deep neural networks-based recognition of plant diseases by leaf
image classification
UnAa1uT Tl 09 Deep neural networks based recognition of plant
diseases by leaf image classification (Sladojevic, Arsenovic et al. 2016) lay

'
U & A =

nnUszasALiiof nwiuwimamsialunadmsunsianlsaluiiy lag

[

I UL
nsldlassieuszamuuuasuliaduuea Tun1sduunlsaluiiy 13 lsaeananlui
Lidulsn Tnelsuannmsnusunimieadgiuteyalageondenisussidulag

Wergeunsinues dusulunaazly CaffeNet waglunisiinaeuluwnaly Caffe

eXe

framework Tun15WRILT wazlakan15MaasId1nsuluman bns unISWAUIT A1y

WUUENTENING 91% D9 98% 38LAELRAY 96.3% TINT18aLLDUA I UIUITYUIEIY

[

&
AU
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¥

gadoyal naeuLazgndoyanageuazladainnisAumaindumesiidnain

9 Y Y

wraeeing 9 lngldarwieing 4 lunsdunn Tnenmluyadeyassdangulalu 15

Y
o o

&, A A P & & d v
Aana wag 13 aarailulsaniandiuldanlu Tuduneutinmigniuazgnieneensie

' v
[ v

Python script 1ngna1n Mata data léun 3o wunm wagiudl udsndunindldas
@ sunsvssidulaeid oy dunoudeluAoniniudiuruguniniaenis
UszanananIn LLaﬂﬁugUﬁ 2.37 (1) n1sUsznrananmlag Affine transformation
(@) nMsUszulananInlay Perspective transformation (A) N1sUszulananinlagy
N3vyUNIM (Rotation) gavineazlagadeyailnaeudnuiu 30,880 AN waryAtaYa
dm¥unaaey 2,589 am deuandluzuil 238 uenandamiinrwasBonuar
uadesndi 500 finiga axlignld wariinnsuSuvuanimdu 256 x 256 finuwa
iioaaailunisfinaeu dmiulunaiiléfe CaffeNet Wuliaadmiumsinaou
Tagagyinsufuuiuaglivuuddana dmiulueaildunisufuusidu CaffeNet

wuduvasiladdunszsu Softmax 1ii CaffeNet azduundszianasnidu 1,000

¥

Aana axgnusuasuliilu 15 aanauazduneuilivilulueanldusuusaguiu

wazilesanyadeyanliivesnidn ilalUTeuiiguiu ImageNet Aeiun1sida

Uaynn Overfitting a¥gndanisaien1suTuana1lsuAuYeIgnIIN1sTeu; (Leaming

o
o [V 1

rates) dmiutudeou lnednsnisiseuivestuvuangnimualin 10 Tuvaendns

N5 eus veanndun1ualii 0.1 wagnisusuariminlagdunauds Back-

[ 1

propagation @%5U 100,000 59U @115 UN1SUSTUAIMNITIALRBS V0T Us aUlaY
Hyperparameters 3¢¥1N15M0@ 048 NOMANNATIAR

FINANSNAADULAANULLUUET 96.3% NFINHNDUTUINTUAANLASUNIT

'
=

USuusls 100 AT UM 2.39 LAAKANITNARBIATINYNABIVDINITVINU A T ULGRE

Aatd ausiulinnmaiddaunminittugedeyanisiineusueziinnugnaassias

a =

sne Tumansstuinulumaianuwiugrlunisyiusnininundslen Fadudselowml

agadalunmsielwenluiveanainaninwinasule



3
U

U

=
N

UM 2.37 yadayavasluiy

(m)

2.38 AMWARIUNITUSZHIANANTN
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JUN 2.39 Wan1snaaasAUgNdasasnsinuedniuLdasAand

dnsuitedaziulainimaianisianisuseuianannlunIsus LI UYRIN NG D

Judnuilaneiiaiiraulalunsifigdiwiuvesnn

2.12.3 Comparing local descriptors and bags of visual words to deep
convolutional neural networks for plant recognition
UNAINITELS o9 Comparing local descriptors and bags of visual words
to deep convolutional neural networks for plant recognition (Pawara, Okafor et
al. 2017) msldmsiSeuiveaedssuazaeufinnesidu itevinnisismwiiaais
s 9 Ineinqusrasdiiernisidiouiiou feSuisnudnvayesnnuuulanoa
(Local feature descriptor) taiz Bag of visual word ﬁuiﬂﬁﬂﬁhﬁlﬂizmwLLUUﬂauI’JQ

1%

Fu Ingldyatayatinaeu 3 yatayaliun yataya AgrilPlant yataya LeafSnap
war yaveya Folio warldanmUnunssulasevieuszamuuuasuligduues
GoogLeNet uay AlexNet fauuuUsuuss (Fine-tune) warliusuus (Training from
Scratch) wagyinnsIsuiisuiu Mesursnudnuarvesninuuulaneadld k-
nearest neighbors ag Bag of visual words AU Histogram of oriented gradients

391U Support vector machines (SVM) wag Multi-layer perceptrons @ Inaawsi

1¢ FBldanUnenssulasedneuszanuuumsuligiuueanuiunmies GoogleNet
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ANanndlauulugfisTouay 98.33 uay 97.66 luyataya AgrilPlant

waz LeafSnap mudndu dmfugadea Folio anntnunssulasetigyszamuuy

maulgtuueanuuusiae AlexNet linadnsnilanuusiugrfeiasazUszanu 97.6

[

P YALLBYANISNAADIN AIT

1) lassafuandnenssuvedlasadieussamuuuneuligiuues

an1UnenIsuue AlexNet

AlexNet wuuifnUsznaulusae 8 FuvesAnimdnlaed 5 du
v9¢ AOLIQTULeR Uar 3 Fuvs Fully connected Tnodosduusn
(conv(Alsayed, Alsabei et al. 2021)) 92%1115 Normalization tag
Max pooling sljgu 7 6uay 7azd usﬁuwm Fully connected
(fc(Alsayed, Alsabei et al. 2021)) FaUsznavulusae 4,096 17594
wazdugnine (fcs) axUsznauludae 1,000 dasoumnsz yadeya
¥849 ImageNet &I 1,000 Aana wazdinslaflendunsedu ReLU Wendu
T 7 Fuusn Sasn9asevioni (Droupout ratio) Wity 0.5 Tudud
6 unw 7 HadWSNTugATe fc8 axgniloudluil softmax flridy

Tunsnaassiiinisusuuas AlexNet Tngansiuaudaseusin
4,096 5w tu 256 512 uay 1,024 Thsou mudsuludu fcs was
f7 LR 047 WUSEENS AINVBINTITAIUIA LATAAAIIULE B997N
Overfitting %ﬂﬁﬁmﬁmamﬁum%’aga AgriPlant (1157971 2.3) Tl
FruauiaseuT LiunzdauAe 1,024 ﬁasauﬁiﬁﬂ'wmmqﬂﬁm
(Accuracy) 3nniian wagldannanuesnisnszuiunisiinaeuasiosay
34 foifisuiu 4,096 Ta5ou dufulunsmaaesiynyadeyaasld
Frunudnseuludu fes way 7 Wiy 1,024 luaandnenssuves

AlexNet é’maﬂﬁugﬂﬁ 2.40
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A15199 2.1 WANTISNAABINITUIIUIUTITOUNAUNZ AN A Nanailaisuny 1,024

TuaaUnunssuvas AlexNet

Jnuvesiiaseu ANALYNADS Yevavvesnaniianas
4,096 - -
1,024 88.30 £ 1.34 34.06
512 89.53 = 0.61 39.09
256 88.90 = 1.35 41.08

5U# 2.40 sanUnenssuvas AlexNet #il¥lunsmaass

1.2) an1Unenssuves GoogleNet

nsnmaasilldldlunaduuues GoogleNet fildgniiaualng
Szeedy wazany Tud a..2015 4 dldvaueanidnenssuaes
Inception luga flannsaanmsdineslunisiinasuldduiuann lae
Inception laiga agldn1ssiufuluUIUILYeY 1x1 3x3 kag 5x5 ABY
Tag#u ndoufutu Pooling uanainiianseseauligiuuea 1x1 1z
gnuiinlulassdieniou 3x3 uay 5x5 Aeulagiu dmsuanuuinid o
anUnenssuves GoogleNet agUsenauluaig 22 Fu w¥ouiu Max
Pooling 4 %u Average Pooling 1 ‘t?u wagld wazld RelLU Iu%’uﬂabq
Fuuoa Vlﬂsiigu 53ufat19lu Inception lugasiy Wodanisiutym
Vanishing gradients lulasaa1e uona1ni fn1sii i elunis
FIuuUNUsELAN (Auxiliary classifiers) 2 @2 191 lUATINA195E 7RI
nsrUIUMTENADY LagdnTINIAToU YN 0.4 FagUd 241

wanstunauligdunag Inception luganignesnuuulilu GoogleNet
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5U# 2.41 Yupsuligduuas Inception lugangnaanuuulilu GoogleNet

2) Mwesuielanea (Local descriptor) LUUAILAY

2.1)

Histogram of oriented gradients

v [

AIFNAR Ny Histogram of oriented gradients (HOG) Ju

'
=

YpauIsnnsuanainanaulalaen1siu  Occurrences  wansha

q

e

(Y]

SRV ANUTUBAETAFNI9UDINSLaTEAUE LaThUIAIUYRININ F1
85U HOG (HOG descriptor) agdnanimesamuanuy (Feature
vectors) Inafivunounall
1 I I3 <@ I3
1. susnweanUusaniluuasnnian 9
2. Anunslaseaualuluiuou H, wasuwiis H, vedfiniga

@

Toeldmaiua (Kermnel) [-1, 0, 1] Wudinsiadunislaszeud

[

3. AWM UIN M Lazfievg @ 989nslaseaud

My = \m (1)

0 = arctan:—z (2)

4, a¥radalnunsy Histogram) Ingldiminuesnislasysu
Arevesusazivaalalulu Orientation bin lawig

5. 14 12 normalization U Orientation bin Lfisanay
wUsUTIUVRIANINEIN wazarlalnnesAMan e

Tunsnaaesiildaurnuesudon 5x5 uav 8 Orientation bin &4

v LinmesAudnyay 200 IR MNTULLINMOITAMENYY

LNFITUNUTELAN KNN
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2.2) Bag of visual words iU Histogram of oriented gradients

Tatma Bag of visual words (BOW) 1Juuulfnveinaufiaimes-

Aulunisesuienmiianansanilaann1sinnguesnnan vz ued

v '

WuluN MY TENEUMETELATBININTIIUNIN LU AVTENURY

Tunsnaaediildyininissa BOW fu HOG 3unin BOW- HOG

FeisnsaeINme AU Ny Al

1)

AMUNALTERVOIUNNY (Patches) P = {p1, p2, ..., pn}Imaﬁ n
Aoduauvesunng surnvesunvgardvuindu w x w i
w8 dmsunmazunvgannsaruIilaan desuelanea
(Local descriptors) LLaﬂ%’LﬂuﬁagaL%Lﬁaa%q Codebook
Codebook C HHunouismsdangu Kmeans clustering

WeaiannmasAuinyiy B uIuveanneTAUSNYME

v
[

UL UTIUIUYeY Centroids
afnanve BOW lnen1snsiadu Occurrences 98409
Tuusiazngs anunaznmazutseendu 4 Quadrants wax

MN19ATUIA Feature activation Tagld Sum-pooling

[
(Y

Tumsneaestideduie HOG  azgnléitumesuneluma
FIUAUVBINNGNIAU 400,000 YUIAVBILARLUNNTLVINAU
15x15 finiganazsuiuwes Centroids Wiy 600 1iosann
amgnitsoanidiu 4 Quadrants Fatfu HOG-BOW azas
nnwesnudnuuy 2,400 FR nduthdeyatoudngn

WUNYTELAN L2-SVM wag Multi-Layer Perceptorn (MLP)

39 HOG-BOW fldlunisnaaosiuandugud 2.42
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Uil 2.42 Fumeumsiauas HOG-BOW

3) NIVAADY
3.1) yavoyaity

Tnsenafoillililneliyadoyafinaou 3 yadeyaldun yndaya
AgrilPlant ¥adeya LeafSnap uay Yntoua Folio AgrilPlant wiazyn

Foyausznaulusedsl

o ﬁﬂ‘ffauua AgrilPlant
Yatoya AgrilPlant Usgnauaiua1mdiuiy 3,000 A
211 www flicker.com Usgnaudas 10 aana fifiedsdl wouila
Nale U VYU A3 uzazna wau dudesa mungdy uagiigy
uiazaaaiivianua 300 nm Faegraniwlugadoya AgrlPlant
Flaguil 2.43 Fsanuimiefie yateya 1. amdauadioadsiy
2. avumainviangvesriangIfuy ueUiladileiuazduna

3. ANUTUTIUVDINUNA

° ﬁﬂ‘ffauua LeafSnap

Yntoya LeafSnap Usenausignmwluig 7,719 1w uae

184 angiugnnsrualunindne Tuaninwindeunaiudeme
Insdnridedioware1adl Noise laitn wazien Iuwruninluusiay

Aanaldlyiiudasue 10 fia 183 fegreyndeyansgun 2.44

® yavaya Folio
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yadaya Folio Usgnaumignmluiiy 3 vllaudazyiiag
Uszana 20 2 sUamvaiuagnatennliuaseindununed

dun Megnyatoyanagun 2.45

JUN 2.43 dapdneyadaya AgrilPlant

JUN 2.44 shadreyadaya LeafSnap
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5U# 2.45 dredeyadaya Folio

Y

3.2) N1SVNRaBy

lunisnaaesaryinislddndiuvesyndeyal naoulazyn

v

Yayanaday 80:20 hag 5 A{1989n153%11 Cross validation A1
aviBonvasnimazgnusulu 256x256 finwa s lwesdiulvglu
aninenssuveddasaingusramuuuneuligiuueadmiu AlexNet
waz GoogleNet lamnunlyinil outui e wuuusuusuaslsl
USuurs sniiudi Max iteration wag Step size @ awanslunnsadi

2.4

v

A115U HOG NUA191bUNUsELAN KNN wag HOG-BOW AUA?

o

JUUNUTEAN MLP Uag SVM aginune k Awidngaungadmsu

v o

Aduunyseinn KNN Tudiaves k = 3, 5, 7, 9 lugadeyaudayyn

UNTAUNILUUNSA (Grid search) wagmUuAnNISIAMeS C d19sSU

n1suyang uves sVMlugaswes C=2', 2% ., 2% uaziden

W1313lmes C Nanan laen1snaaeulun1svin Cross validation 5
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ASe wardnsu MLP 14 Scaled conjugate gradient \Jutuneuisly

o

nsinaew I1wruvesinseuiniu 512 uarlidnsinisiSeuiiviniu

0.001 puawiugLdurnlinadnigalunsmaasadessiu

M1319% 2.2 nsivuanisiimeslusaidnenssuveslaseineussamuuuaaulgiu

uaadmIu AlexNet uaz GooglLeNet Tu 3 yatiaya

wisdines AgrilPlant LeafSnap Folio
Learning rate 0.001 0.001 0.001
Weight decay 0.0005 0.0005 0.0005
Train batch size 20 20 20
Validation batch size 10 10 10
Max iteration (scratch) 50000 50000 50000
Step size (scratch) 25000 25000 25000
Max iteration (fine-tuned) 20000 20000 20000
Step size (fine-tuned) 10000 10000 10000
Test iterations of solver 30 7 6
Test iterations evaluation 60 154 12

4) NANIINABY LAaEN1TAUTIENANITNAADY

Fanan1snaaedumsnn 2.5 uanenugniesvedidasinaliauag

wiiazyntoua

] a % 1 a
M99 2.3 Naﬂ'ﬁ‘lﬂﬂaasﬂ‘Uﬂ']‘JL'U%EI‘ULVIEJ‘UFI'J']ugﬂﬂaﬂ%a\ilLﬁﬁgLWﬂ‘Uﬂ

PHTab AgrilPlant LeafSnap Folio
HOG with KNN 38.13 £ 0.53 58.51 = 2.47 84.30 £ 1.62
HOG-BOW with MLP 74.63 £ 2.16 79.27£3.36 92.37+£1.78
HOG-BOW with SVM 79.43+1.68 72.63+0.38 92.78+2.17
AlexNet scratch 89.53+0.61 76.67+£0.56 84.83+2.85
AlexNet fine-tuned 96.37+0.83 89.51+0.75 97.67£1.60
GoogleNet scratch 93.33+£1.24 89.62+0.50 89.75+£1.74
GoogleNet fine-tuned 98.3340.51 97.66+0.34 97.63+1.84
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2.12.4 Deep learning models for plant disease detection and diagnosis

UNAINITELT 09 Deep learning models for plant disease detection and

diagnosis (Ferentinos 2018) lanlasadneuszamuuunsuligduusaiiionsindu

waridadelsaiia ngldnmluiivvesiiundulsauazliilulen angrudeyauuuidn

Feusznauludregateyanimdiuiu 87,848 amdell 25 vllafiy Swunladu 58

paaved [y, 15a] saudsraraluiefiididulsa Fan1tinenssulassineuszaimuuu

v v

Aoulgtuueailinugniesagaticieray 99.53 Jalls1uazidenvasiuide il

1)

Lunalasadiguszannuuuasuligtuues
muAdeilfihnsldantnenssulassszamuuueeuligiuuea
ﬁugm TAuA 1. AlexNet 2. AlexNetOWTBn 3. GooglLeNet 4. Overfeat uag
5. VGG Iumamdﬁﬁ%’ Torch71 machine learning computational
framework Tumsnisa$1slnaa ddldnwlusunsn LualT2 duneuisms
Anaouayiiuu GPU ve9nia NVIDIA® GTX1080 lngld CUDA® (uwaw

WosulUsUNTULULIUIL) VUsEUUUURN1S Ubuntu 16.04 LTS

YaoyarnapuLaTYAToLANAFDY
yndoyatsznoulufenmaiglufiviiuiu 87,848 am Sanmludldu

Tsauazlaiidulsn daazuddldiiu 58 aaravesdiivuaglsaiiy [fiv,15a] fagu
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U 2.48 fad 19N NTIAI8NEANIINRDNITS

3) MIVARBILAYHARNG
3.1)  TusansiBuuiuuuidedndianian

TumalassisUszamuuuneuligiuueasmmalude 2) ldgn
Amuna1vesnndinesmug Uil 2.49 ndsandlinaasimiani
WHNzaLLR) lgA1v898nIIN1TLSeus Leaming rate Sudaus 0.01
Lazanadnn q 20 Epoch lneanas 1/2 wie 1/5 aduduluauds
0.0001 MaLUFuiisuUszans nnvoslunad uog fulugadoya
naaey (nlualdfunnuustiugrfosar 100 Tuyedeyatinaew) JUf
2.50 wanudesidud vesmugndeslunisduunyseinnlusening
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UM 2.49 wisliimasvadlasednsuszamuuunsuligiuuea

UM 2.50 nan1maaasvaslunalassineussamuuunsuligiuuea

50 100 150 "o 50 100 150
epochs epochs

Ui 2.51 Uszansnmluyadeyannsouvesdung VGG uaz AlexNetOWTBN

Han15338lugUR 2.50 wansliiiuimnlunaduszdvsnmi

'
a

Fuilaldnmluivauadu danldiarlunisilnasuund uunu

dmsulunafilasu dnsnisuszauanudiia (Success rate) g9dn

'
v o

fia VGG (3o8ay 99.48) warlumaf tAsusASINISNAADUTBRANANS
(Average error 0.0192) ﬁﬁaaﬁqmﬁa AlexNetOWTBn tazluna VGG
Tdnalunisasiadueaysyann 5.5 Tu Tugun 2.51 uanausednsam

Tugndauanaa@pUaN TS UNIdIluAaTENINaNTEUIUNISHNADY WAy

9 Y

JUM 3.52 ULAAINTIMUNUTLANVRINITHURIBE 1A NTIE NG BA

Y
o

nagatayanaaau N1sTwunUseiananldiatadsussunu 2
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[

aeuvasanudazlunlueaiueduwsnfedineugaviniiluma

7MUY

SUN 3.52 A8819KaNISNAEDU

Y

[ a

AuddyinvesnEnaou

Tuinafilddnsaudisagean (VGG uaz AlexNetOWTBn) ¢l
#sunsmaaeuiiufuiiensanaeurnudfguosnisinaeuves
amgnevdafidnetu (Mwideainfomeass uazaiwdigieain
anminedena3s) waflduandliluguil 3.53 Fednsmudions
i1 Llesanamitdieananimuindensiedidnnudesndiam
fidnganiesmnass dsnmitlddigananmindouaisdiey 12

ARNANTINUA 58 AAE Tanan1saassLansliiuIuuulang

'
v

zdUsednSand adudl alesuni1sHnaauaInAINg a1831n
ANNLINABNITIUAZILUN N AINTBINARD (FRs1AudnSe

gafsfouar 68) lunanduiuidefnousudlsniniia1gan
VINARBIATEUNNTANEINANNLINRDLTTITENIIAINE T

791071 (Uszanauderay 33) Fauansbiiuiannuasafiinnissey

v v

AMNAN8NENINRINERNIT AT U UNeINLaTFUTaUNIN Lada

Wuaungndnsunisimuiszuuasadusalulavazitdadelse

=

WY



51

] .
¥ =]

sUM 3.53 wan1snagaudszdniainluyadoyanuTsuiisusenineniniaieain

v

09AABY LazAINNEIBINENTNLINGDNITY

sl o

33)  anunsaindlduiueuuiaznsdluad
ngnsanudniefosaz 99.53 vedlumanantliiiuiigin
Yatayanaaey 17,548 & 82 amindundaudanainegasly

amlaifiluiivle q Salunmlueana c_49 wilumaduuniegly

v
aads 1

Aana c_16 (Inlnandgunns) as1alugun 3.54 Fensaliifedn
lumadnuundsznvligndesoraiunsizdndnuugreannivuiy
Usingeglunnues c_16 seiuiu Aaduanugniedvadlung

eilUsgdnSnmainitdesay 99.53

Ygum1du 9 U9 MNAE18INENINLINA BNDTI bALA AL

'
aa v

nstauasudnunluld amndinguateegrsuenmiloannan
Tu 1wu Thile 5991 @wveade “1a% A WAlduNvdstssuay
Lidaudnarsveunsy wanaliiiulugun 3.55 Felgynunand

Y

Fanslasnensiseusfiegneiiinnuy



52

3UN 3.54 Uadeivinliidedianannlunisduunuszinn (awmilisiluiiy)

3UN 3.55 Uadeivinlvideiianannlunisiuundszian

4) Yoasy
nwanmaaesnuItandngnssulassguszamuuuneuligiuyes
VGG f8ns1n1susraumnudsedesar 99.53 (+ error 0.47%) & <lunis
naaosuaniliiiudl Inssdiedszamuuupeuligdumnzdmiunsnsindu
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A5N15ANUUUIY

1) msdnvigadeyatudn loun lsalvd lsalugadinnia lsaludinduinia lsaveu

Tuuis Tsrluddu Fadulsedninulslulsemdlve (Rice Department 2016)
waglutadiladidulse 593 6 Class Usznavlddisyadeyasin 2 srudoya
as1sne uazedeyafidavies ilsliiyadoyairmeasouagslsndnilulsuime
Iye yadsanmuanden Hundmoanin lun1sdneninge

msilnaeuluiaa Mensiievenssdmuiainlueailiiunisiinaeusudse
Yadoyn ImageNet lounluima ResNet50V2 ResNet101V2 ResNet152V2
InceptionV3  InceptionResNetV2  DenseNetl2l  DenseNetl69  uag
DenseNet201

MAATEANG WagnsUsuUTIUTEAVE NN fensifiudiuiuesninge Image
Data Augmentation Technique iy 2 o5 Lﬁammammimauauawaﬂmﬂaﬁ’wqm

JoyaniiTnunuiaraudutaura N mNLTY

SUN 3.1 VUABUNITNAADY

v

AUSUNINARBINIVUATI UMDY F191)

1)

FWUTINFUNMAN 3 F1udeyazunImain 3 undadimeniy 1Sendn Original
Dataset ol
1.1)  Dataset 1: UCI database (Newman 1998)

1.2)  Dataset 2: Rice Leaf Disease Image Samples dataset (Sethy 2020)

' ¥
a2

1.3)  Our Dataset: Yndayazun1nigideladnviiaiu
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2) Hnasuyadeya Original Dataset

3) maausqms’ﬁaga Original Dataset

4) Ansevinayadeya Original Dataset

5) neaeniNlszATE GRS IILTRIINE Y Image Data
Augmentation Technique é’w%%msqimhuazﬂ'ﬁﬁmumwwﬁwﬁl,ma%ﬁ@mﬁu 2
Yatoya (Dataset A Uay Dataset B)

6) Hnasuyntaya
6.1)  Wnasuyndeya Dataset A
6.2)  WAnapuyadeya Dataset B

7) vaseuyatoya Dataset A uay Dataset B
7.1)  vaaeuyAteya Dataset A
7.2)  vameuyndeya Dataset B

8) LUSHUMIBULALILATIEIING

3.1 yadaya

[

gadeyarnaeudanudrdgyiluegraniunisiseuivedlaseieUszamuuunay

Y

1 '
v =< v

Tatu Fedesusenaulumenmniduiuinneasrainuatgigananaglilunaansn way

Y

Soudliednadfivszdniam WisuiadeunsSeudvesuywddusiunnuiilvgisdedils
WNTuLvindy
TuamAdelihnmssunugadeyaain grudeyaansisaeiannsadifeld 2 unas

penulawn UCH database (Newman 1998) Wag Rice Leaf Disease Image Samples dataset

(Sethy  2020) sadiugmudeyayagunmigideladnvindues  Livelviyadeyaiinay

AsouAgulsntluUsemAlng 3uAEnInLInaeN NUNAIWEININIVEINTaIELINTY

o

YadauaNIuaNTIUTINATaUAaNlsat TN nUluUszwmalne 5 1sa Tawn Tsalugl

Y 9
1%

Tsalugeduina Tsaludnduina Tseveuluwis waz Tsaluddu saudsdudnildidulsade

SUNIUUA 6 Class HI1UIUAIUAITIN 3.1
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374
Tsadn Dataset 1 | Dataset 2 our (Original
Dataset
Dataset)
Fitliifulse (Healthy) - - 899 899
Tsalndl (Blast disease) - 1440 315 1,755
Tsalugadthaa (Brown Spot 40 1600 240 1,880
disease)
Tsavouluwis (Bacterial Leaf 40 1584 155 1,779
Blight disease)
Tsaluddu (Rice Tungro - 1308 - 1,308
disease)
Tsludndtnma (Narrow - - 279 279
Brown Spot disease)
ANNWINADNAITANAIN WorlfuR- | anmwie- | aninuan- -
g BRIHRER BRIHRER
3.1.1  msInvingadeualsadng

Kl

u

dwsuduneunsinigadeyalivinisdaivluiiug suneuiuau Jamia

uAsUg Inensanen nimsann iy lnelanmiindey el LaghumaazoanIng

saifu Tutas® ne. 25612563 Tnsnisuiiunig il (U7 3.2)

Ya v

1) gidedrenmeneauninlviu amaldlnda (Focus) wsenmdiiuae (Blur)

rgnaveenviuiilutunouil uasldn wimun 1,732 a1

2) mmazgnanauaulavednin wwzamiignaeluyuning (dagui 3.3)

FruuvIn i amuady 2,712 A

3) nduamTmunIggnIaliid ey veslsad1ilaegandneaey

a1nsvessesluileviuneulaenisduunlneyive

4 awtamuevzgndslulidndyinisineasiinasaunini laleeg Ty

A iignAgdeen

5 ignauazgnyinglutuneuil 3 uag 4 91U 2 5oU
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6) nduanildannsadwunlinintulsgndneenly uazinienini
YlUuszaananalulavianiun 1,888 A
7) ndunnlugadeyassgn Resize 10w 224x224 pixels 1w Input Tu

N9 lea

| AVIGL IV BVIbU 1VIN dVI VI | | ”~ LIl IVVRIBIT]

UM 3.2 vunaun1sdavindayann
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UM 3.3 muigndiadluiaulavasnimanizamignaeluyandie

3.2 NSRIAINNTNARDS

Tnssdneuszamuuuaeuligiuues swifetasldandnensalassisyszamuuy
rouligduusaiildfunisilnasuudiliudr91nyadona ImageNet 910 Keras laun
Xception ResNet50V2 ResNet101V2 ResNetl52V2 InceptionV3 InceptionResNetV2
DenseNet121 DenseNet169 uaz DenseNet201 lagdl vu1n W1518Lmas WagAMEn my
a3197 3.2 19075 Transfer Learning ﬂ"l“ljfﬁ‘l/i“l:llﬂ (Weights) 910 ImageNet fnuualit Batch
size WU 64 99U Epoch iU 20 Uag Learning Wi 0.0001 Yadayatnaounazyn
Yoyanaaouazgnuuaiu 80:20 $198591n (Mohanty, Hughes et al. 2016) iiloAuusiug
99 Accuracy aw¥nsvageu Run lunasinue 10 addlasluudasedsasiinsdunmild
Huyndeysfinaeuuszyndoyanaaeulnadluudazsoud Run i aanduth Accuracy i 10
soUMANLRAY lumaazgniuu Google Colab (Bisong 2019) Intel Xeon CPU @2.20 GHz,

13 GB RAM, Tesla K80 accelerator itag GDDR5 VRAM 12 GB
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M58 3.2 andnenssulassirsyszamuuunsuligtuueaildlunimeass

Model Size Parameters Depth

Xception 88 MB 22,910,480 126
ResNet50v2 98 MB 25,613,800 -

ResNet101V2 171 MB 44,675,560 -

ResNet152Vv2 232 MB 60,380,648 -

InceptionV3 92 MB 23,851,784 159
InceptionResNetV2 215 MB 55,873,736 572
DenseNet121 33 MB 8,062,504 121
DenseNet169 57 MB 14,307,880 169
DenseNet201 80 MB 20,242,984 201

3.3 n1suiulsslseanininvedluing
Mnuamsvaassvodliiealumsd 3.2 audiuléin Accuracy agfisewing 0.49766

fi4 0.55430 Fsfioleilunadiivszd@nianlunsiseuidelidunvssivla

A15197 3.3 Namswmamﬂm"ﬁ'aa&a Original Dataset

Model Accuracy
Xception 0.54570
ResNet50Vv2 0.55156
ResNet101V2 0.55430
ResNet152V2 0.53125
InceptionV3 0.54766
InceptionResNetV2 0.54297
DenseNet121 0.49766
DenseNet169 0.52219
DenseNet201 0.60586

dmsunnimelunsuiuugalssansnmadufidelansaunigulidn - Jeyannitly
Seuiuudmsu Pretrained Tuwatuenaliiilse Fedpaiinduiuvenmlvinniuie

nnaeaUsulTelseansnnlutusiely willesananiunisal 1ade-19 unsszu1ndavinlinns
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dAudeganmiiudntuilienn wagseddnamenulunsassaeugadeyanm fely
wwIeagUSuleUseansnmvedunaladnuuinimilsfenisly Image Data

Augmentation Technique Fadudnuilamaiialumaiindiuiwvesnmiiiaula Tuawise

]
] a1

dlihmmeaesasiwadeyalvl 2 Bmedumgldniives uagdrdldlunisdy eneiu

warldyndouala 2 yaldun DatasetA uaz DatasetB MiinTwaIN Original Dataset tUu 10

W Feavesunelude 3.3.1 uay 3.3.2 Aol

3.3.1 nsUszunana DatasetA

M54 Image Data Augmentation Technique \umafialunisifinsnanues
an Tnglumaneaesiiagld Keras (imageDataGeneraton) lumsuszutananin

d15un13ase DatasetA agldvavean1sgunsfnesiunisasianinlvalv
olutasiinmlaildfinsusssanamduatuinntn  ilelilinudnvazgaiianla
vosnmdemy  wudnwasvessessesladedly  Teefwmiimeslunisdudd
Rotation 0-40 831 Height Shift 0-20 pixel. Width Shift 0-20 pixel. Zoom 0-20
pixel. Horizontal Flip &g Vertical Flip

Tu DatasetA srldsimeslunisussnananmmiiousuiomslunmsii

YAdoyarianin 10 Wi 91n¥aveya Original fan il 3.3
= DatasetBx2
= DatasetBx3

Bl | B2 | B3 | B4 | B5 ‘ B6 ‘ B7 | B8 = DatasetBx9
Bl | B2 | B3 | B4 [ BS | B6 | B7 | 38‘ B9 ‘ = DatasetBx10

Image processing
Original random { rotation 0-40 degree, height shift
Dataset 0-20 pixel, width shift 0-20 pixel, zoom 0-

20 pixel, horizontal flip, and vertical flip }

Original
Dataset

Original
Dataset

UM 3.4 msiiaduIuvenmuesyndaya DatasetA

3.3.2 msUsyulana DatasetB

(%

#11suN15a319 DatasetB A= NUNISI TN ANINUE wazwad 1w1ld wazyi

MM sduaamnsiiwesivunniy  Ingluldaginiiiuiuvesyadeys

[V V]
[ g

wigldmafiwesnaedu  Weiuanududoulviuam  viadgdldlunisdy
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mifweimiintutudinsinunandnuaevewnmbiagivuiy  laensiwesign

AAUALULARZIAN PabEASlUAINT 3.4

o T “e | B1 | B2 | = DatasetBx3
H vertical flip, brightness 30-150%} r’lil ‘ Dataset
G e A R S L S Bl B3 = DatasetBx5
L_D rotation 0-60 degree, channel shift 0-60%} B I Dataset I I B2 | | B I atasetbx
Original - = - =
| erlgma. Image gl:oc.eifmg r?r]§om {rlcirlhztzrj?! flip, BS | Original | g1 lm | e3alnales | = DatasetBx6
IMage processing ranaom {rotauon v-1suv O(lglnal
B6 =
H degree, brightness 40-150%, Shear 0-10%} ‘ | Dataset | bl | B2 | B | o | B2 | Be | Datasstbx/
1TIAEE PIOLESSINE 1dNUUIT {Z00IT1 U-4U uegiee, uriginal =
Brightness 40-150%, channel shift 0-30%} e ‘ | Dataset I el | B2 I B | B | 25 | Be | Bz | B8 | = Datasethd
|_channel shitt 0-20 px., brightness 20-180%} | | [ Dataset | "7 | 7 | T | T T T T Tt

U7 3.4 msiiuduIuvenmesyndeya DatasetB
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NAN1528LasN159AUSIONA

NHANTNARBILASNITIEUBYAYATUNINTIMUAT LATINTINNIN 2 undataya
d1519:uele un UCI database (Newman 1998) wag Rice Leaf Disease Image Samples

dataset (Sethy 2020) uag yntoyan1niy3Telaviinissiusiud uiedlusseziiaiuay

] '
[ =

NiNeNsNAAn Feyatouans 3 wnasinTaud1bisaeiuisenia Original Dataset 3MnWwN
yadoya Original Dataset 11 nsrurunsUsuruIaivelvidennd iy Input YBInsinsy
Tuwa uaztihyadeyavianuaudseenilugadeyaiinaeunazyndeyavageu 80:20 31U

msinasukaznaaulinanUNaN1INAaIlaluni1s199 4.3 (Accuracy Original Dataset)

o '
v = A

HAUIINGI1A1V8Y Accuracy g uALAEY 0.49766 G 0.60586 windudsdiedndeliidud
Useiiulauasdansspausugemaly

stuidedslddanuignulit dognn milldGoudiudmiv Pre-trained luinaiiu
oraliifiseme Fadeaiuduiuresnmliunnd uiilenasosfulgssdnsamlududely
wiiloannaniumsal Tada-19 wndszuiniailinafvieyanmiisdudusilden uas
Fodldnafionuulunsasaouyadoyanm dfuwuamisiinguiuuzsssansanues
Tunalddnuumeiiafionsld Image Data Augmentation Technique lunsifinsuauves
A Taodildiiuduauvesnimits 2 33 [Wuaesnguldun DatasetA uay DatasetB &ald
W15 1TIne$uarY 2919095 NT A9 U (DatasetA (Han1snaaeduanslunseil 4.1) uas

DatasetB (HaN15NAaaLEAIUANSI9N 4.2)) Faaursauiiuuseansanlvnulunala
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Model el x2 x3 x4 x5 x6
Dataset

Xception 0.54570 | 0.65230 | 0.66223 | 0.67194 | 0.67031 | 0.67617
ResNet50V2 0.55156 | 0.67152 | 0.67500 | 0.68748 | 0.68867 | 0.68359
ResNet101V2 0.55430 | 0.66992 | 0.67247 | 0.68248 | 0.67109 | 0.69464
ResNet152V2 0.53125 | 0.65039 | 0.66636 | 0.67044 | 0.65769 | 0.66797
InceptionV3 0.54766 | 0.64189 | 0.63984 | 0.63633 | 0.68750 | 0.66563
InceptionResNetV2 0.54297 | 0.65742 | 0.65595 | 0.65039 | 0.68847 | 0.66179
DenseNet121 0.49766 | 0.57656 | 0.59125 | 0.61244 | 0.59609 | 0.60078
DenseNet169 0.52219 | 0.63034 | 0.62473 | 0.64727 | 0.63828 | 0.64922
DenseNet201 0.60586 | 0.64730 | 0.65805 | 0.66758 | 0.65117 | 0.67948

Model X7 x8 x9 x10
Xception 0.67383 | 0.68867 | 0.68681 | 0.66316
ResNet50V2 0.69102 | 0.69102 | 0.69786 | 0.68867
ResNet101V2 0.69766 | 0.69142 | 0.69628 | 0.66720
ResNet152V2 0.68055 | 0.68398 | 0.67263 | 0.67031
InceptionV3 0.66953 | 0.68984 | 0.68164 | 0.64063
InceptionResNetV2 0.69450 | 0.67813 | 0.66563 | 0.68945
DenseNet121 0.62914 | 0.58683 | 0.58398 | 0.59042
DenseNet169 0.66938 | 0.66914 | 0.64336 | 0.66655
DenseNet201 0.68083 | 0.68016 | 0.65898 | 0.67250
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Model el x2 x3 x4 x5 x6
Dataset

Xception 0.54570 | 0.61133 | 0.61133 | 0.65775 | 0.66391 | 0.70183
ResNet50V2 0.55156 | 0.65117 | 0.65117 | 0.65669 | 0.67695 | 0.71689
ResNet101V2 0.55430 | 0.63594 | 0.63594 | 0.68422 | 0.69992 | 0.70338
ResNet152V2 0.53125 | 0.61250 | 0.61250 | 0.64831 | 0.67422 | 0.68183
InceptionV3 0.54766 | 0.59180 | 0.59180 | 0.64023 | 0.65451 | 0.67266
InceptionResNetV2 0.54297 | 0.60575 | 0.60575 | 0.66367 | 0.66511 | 0.66742
DenseNet121 0.49766 | 0.57644 | 0.57644 | 0.59438 | 0.60594 | 0.62944
DenseNet169 0.52219 | 0.61016 | 0.61016 | 0.64506 | 0.62813 | 0.67273
DenseNet201 0.60586 | 0.64117 | 0.64117 | 0.65508 | 0.65469 | 0.69089

Model X7 x8 x9 x10
Xception 0.67906 | 0.66417 | 0.66186 | 0.65853
ResNet50V2 0.69688 | 0.69520 | 0.68086 | 0.67422
ResNet101V2 0.68281 | 0.68516 | 0.66445 | 0.66367
ResNet152V2 0.66953 | 0.66445 | 0.65938 | 0.66703
InceptionV3 0.67305 | 0.66133 | 0.65313 | 0.62539
InceptionResNetV2 0.66250 | 0.67070 | 0.67031 | 0.65492
DenseNet121 0.61133 0.58711 | 0.58516 | 0.57773
DenseNet169 0.66992 | 0.66094 | 0.66602 | 0.63672
DenseNet201 0.66680 | 0.65938 | 0.65703 | 0.66195
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M13197 4.3 a5UNaN1IMAaRY Wisunsusznineyadaya Original Dataset, DatasetA

ey DatasetB

Accuracy
Accuracy | Accuracy | Increase from Original
Model Original
DatasetA | DatasetB Dataset %
Dataset
Xception 0.54570 0.68867 | 0.70183 15.613
ResNet50v2 0.55156 0.69102 | 0.71689 16.533
ResNet101V2 0.55430 0.69766 | 0.70338 14.908
ResNet152V2 0.53125 0.68398 | 0.68183 15.273
InceptionV3 0.54766 0.68984 | 0.67305 14.219
InceptionResNetV2 0.54297 0.69450 | 0.67070 15.153
DenseNet121 0.49766 0.62914 | 0.62944 13.178
DenseNet169 0.52219 0.66938 | 0.67273 15.055
DenseNet201 0.60586 0.68083 | 0.69089 8.503

nwan1snnaelszansainveslunaluyadeya Original Dataset luimadi 1
UseavBamaeanie DenseNet201 (0.60586) uazlamaiilfAsnanly Original Dataset fa
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NFUN 4.1 uanmaiindures Accuracy lugadeyaiiiiudululdazivinfiain
Original Dataset 3nnsluynlunaliiaifiudiuinyesnImee Image Data Augmentation
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AMANUIN N

Source Code dw5un1sUszunanaluna

-*- coding: utf-8 -*-

nn

Model.ipynb

Automatically generated by Colaboratory.

Original file is located at

https://colab.research.google.com/drive/1nxbDxIEAQIVcr2N1dQprR86n i 0tdN

nn

import pandas as pd

from google.colab import drive

drive.mount(/content/drive")

import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Conv2D, Flatten, Dropout,
MaxPooling2D

from tensorflow.keras.preprocessing.image import ImageDataGenerator
import os
import numpy as np

import matplotlib.pyplot as plt

Ipip install -U -g PyDrive



76

from pydrive.auth import GoogleAuth
from pydrive.drive import GoogleDrive
from google.colab import auth

from oauth2client.client import GoogleCredentials

nn nn

#Download Dataset

auth.authenticate_user()
gauth = GoogleAuth()
gauth.credentials = GoogleCredentials.get_application_default()

drive = GoogleDrive(gauth)

fid =
drive.ListFile({'q":"title='Dataset2fromRiceLeafDiseaselmageSamples.zip™}).GetListO[0]['id
]

f = drive.CreateFile({id" fid})

f.GetContentFile('Dataset2fromRiceleafDiseaselmageSamples.zip")

f.keys()

PATH = '/content/Dataset2fromRicelLeafDiseaselmageSamples/Rice Leaf

Disease Images'

lunzip Dataset2fromRiceleafDiseaselmageSamples.zip

os.listdir(PATH)

train_dir = os.path.join(PATH)

train_HL_dir = os.path.join(train_dir,'HL")



keras/
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train_BD_dir = os.path.join(train_dir,'BD")
train_BLBD_dir = os.path.join(train_dir,'BLBD")
train_BSD_dir = os.path.join(train_dir,BSD')
train_RTD_dir = os.path.join(train_dir,'RTD")
train_NBSD_dir = os.path.join(train_dir,NBSD)

S=[train_HL dir

Jtrain_BD_dir

Jtrain_BLBD _dir

Jtrain_BSD_dir

Jtrain_RTD_dir

Jtrain_NBSD_dir

]

j=1

Sum=0

foriinS:
Sum=Sum-+len(os.listdir(i))
print('t'),"" len(os.listdir(i)))
j=j+1

nn nn

#Preparing the data

train_BD_dir

#https://machinelearningmastery.com/image-augmentation-deep-learming-

IMG_HEIGHT = 224
IMG_WIDTH = 224
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batch_size = 256

epochs = 20

image_gen_train = ImageDataGenerator(
rescale=1./255
,validation_split=0.2
)

train_data_gen = image_gen_train.flow_from_directory(batch_size=batch_size,
directory=train_dir,
shuffle=True,
target_size=(IMG_HEIGHT, IMG_WIDTH),
subset="training",
class_mode="categorical))

train_x_scaled, train_images_y encoded = next(train_data_gen)

validation_data_gen =
image_gen_train.flow_from_directory(batch_size=batch_size,
directory=train_dir,
shuffle=True,
target_size=(IMG_HEIGHT, IMG_WIDTH),
subset="validation",
class_mode="categorical))

val_x_scaled, val_images y encoded = next(validation_data_gen)

sample_training_images, = next(train_data_gen)

# # This function will plot images in the form of a grid with 1 row and 5

columns where images are placed in each column.

def plotimages(images_arr):



fig, axes = plt.subplots(1, 5, figsize=(20,20))
axes = axes.flatten()
for img, ax in zip( images_arr, axes):
ax.imshow(img)
ax.axis('off")
plt.tisht_layout()
plt.show()

plotimages(sample_training_images[:5])

nn

#Training the model

#Classify ImageNet classes with Model

* https://keras.io/api/applications/

nn

# Ipip install efficientnet

from keras.preprocessing import image

# import model

from tensorflow.keras.applications import Xception

from tensorflow.keras.applications import VGG16, VGG19

from tensorflow.keras.applications import ResNet50,ResNet101, ResNet152

from tensorflow.keras.applications import ResNet50V2,ResNet101V2,
ResNet152V2

from tensorflow.keras.applications import InceptionV3, InceptionResNetV2

from tensorflow.keras.applications import MobileNet, MobileNetV2

from tensorflow.keras.applications import DenseNet121, DenseNet169,

DenseNet201
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from tensorflow.keras.applications import NASNetLarge, NASNetMobile

from tensorflow.keras.applications import EfficientNetBO, EfficientNetB2,
EfficientNetB3

from tensorflow.keras.applications import EfficientNetB4, EfficientNetB5,
EfficientNetB6

from tensorflow.keras.applications import EfficientNetB7,EfficientNetB1

#Checkpoint

from tensorflow.keras.callbacks import ModelCheckpoint

from tensorflow.keras.models import Model

from tensorflow.keras.layers import Dense, GlobalAveragePooling2D, Input
from tensorflow.keras.optimizers import Adam

import numpy as np

import plotly.graph_objects as go

from sklearn.model_selection import train_test split

def Train_Model():
NameModel=[Xception,VGG16,VGG19,ResNet50,ResNet50V2,ResNet101,
ResNet101V2,ResNet152,ResNet152V2,InceptionV3,InceptionResNetV2,
MobileNet,MobileNetV2,DenseNet121,DenseNet169,DenseNet201,
NASNetMobile,NASNetLarge ,EfficientNetBO ,EfficientNetB1 ,
EfficientNetB1 |EfficientNetB2 ,EfficientNetB3 EfficientNetB4 |
EfficientNetB5,EfficientNetB6 ,EfficientNetB7]

TextModel=["Xception","VGG16","VGG19","ResNet50","ResNet50V2","ResNet 101",

"ResNet101V2","ResNet152","ResNet152V2"," InceptionV3","InceptionResNetV2",

"MobileNet","MobileNetV2","DenseNet121","DenseNet169","DenseNet201",
"NASNetMobile","NASNetLarge" ,"EfficientNetB0" ,"EfficientNetB1" ,
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"EfficientNetB1" ,"EfficientNetB2" ,"EfficientNetB3" ,"EfficientNetB4" ,
"EfficientNetB5","EfficientNetB6" ,"EfficientNetB7"]

Text="\
Please enter the model you want to run \n\
1.) Xception please enter 1 \n\
2.) VGG16 please enter 2 \n\
3.) VGG19 please enter 3 \n\
4.) ResNet50 please enter 4 \n\
5.) ResNet50V2 please enter 5 \n\
6.) ResNet101 please enter 6 \n\
7.) ResNet101V2 please enter 7 \n\
8.) ResNet152 please enter 8 \n\
9.) ResNet152V2 please enter 9 \n\
10.) InceptionV3 please enter 10 \n\
11.) InceptionResNetV2 please enter 11 \n\
12.) MobileNet please enter 12 \n\
13.) MobileNetV2 please enter 13 \n\
14.) DenseNet121 please enter 14 \n\
15.) DenseNet169 please enter 15 \n\
16.) DenseNet201 please enter 16 \n\
17.) NASNetMobile please enter 17 \n\
18.) NASNetlLarge please enter 18 \n\
19.) EfficientNetBO please enter 19 \n\
20.) EfficientNetB1 please enter 20 \n\
21.) EfficientNetB1 please enter 21 \n\
22.) EfficientNetB2 please enter 22 \n\
23.) EfficientNetB3 please enter 23 \n\
24.) EfficientNetB4 please enter 24 \n\
25.) EfficientNetB5 please enter 25 \n\

81



26.) EfficientNetB6 please enter 26 \n\
27.) EfficientNetB7 please enter 27 \n\

choice = int(input(Text))

# while (choice not in(1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,
# 19,20,21,22,23,24,25,26,27)):
# print("Invalid input, please try again”)

# choice = input(Text)

# Checkpoint In the /output folder
filepath ='/content/drive/My Drive/Project_Pound/'+TextModel[choice-
1]+'.hdf5'

# Keep only a single checkpoint, the best over test accuracy.

checkpoint =ModelCheckpoint(filepath, monitor = 'val_loss', verbose = 1,
save_weights_only=True,
save_best only=True,
mode="max’

)

#Model
num_classes = 4

base_model = NameModel[choice-1]

base_model = base_model(weights="imagenet", include_top=False)
x = base_model.output

x = GlobalAveragePooling2D()(x)

x = Dense(256, activation="relu’)(x)

predictions = Dense(num_classes, activation="softmax’)(x)

model = Model(inputs=base_model.input, outputs=predictions)
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for layer in base_model.layers:

layer.trainable = False

model.compile(loss='categorical_crossentropy’,
optimizer=Adam(lr=0.0001),
metrics=["accuracy’, tf.keras.metrics. TopKCategoricalAccuracy( k=5,
name="top_5 accuracy', dtype=None)])

return model,checkpoint

model,checkpoint=Train_Model()

batch_size = 256

epochs=20

# model.summary()

history = model fit(train_x_scaled, train_images y encoded,
batch_size=batch_size, epochs=epochs,
shuffle=True
,validation_split=0.1
verbose=1
,callbacks=[checkpoint],
)

import plotly.graph_objects as go
fig = go.Figure()

fig.add_trace(go.Scatter(x=history.epoch,
y=history.history['accuracy'],

mode='lines+markers’,



name="Training accuracy"))
fig.add_trace(go.Scatter(x=history.epoch,
y=history.history['val_accuracy'],
mode='lines+markers’,
name="Validation accuracy")
fig.update_layout(title="Accuracy’,
xaxis=dict(title="Epoch’),
yaxis=dict(title="Percentage)

fig.show()

results = model.evaluate(val_x_scaled,
val_images y encoded,batch_size=256)

print("test loss, test acc:”, results)
results_train = model.evaluate(train_x_scaled,
train_images_y encoded,batch_size=256)

print("train loss, train acc:", results_train)

l|l|l|# EN Dn u
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AMANUIN U

Source Code &M%5UNSHANTIUINVBINNABINATA Image Data Augmentation

Technique

DatasetA

# -*- coding: utf-8 -*-

nn

Preprocess_DatasetA.ipynb

Automatically generated by Colaboratory.

Original file is located at

https://colab.research.google.com/drive/1Dfvh3koQMNgc4Tzs5xBTOpOoTplnZo-A

nn

import pandas as pd

import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Conv2D, Flatten, Dropout,
MaxPooling2D

from tensorflow.keras.preprocessing.image import ImageDataGenerator
import os
import numpy as np

import matplotlib.pyplot as plt

from google.colab import drive
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drive.mount(/content/drive")

Ipip install -U -g PyDrive

from pydrive.auth import GoogleAuth
from pydrive.drive import GoogleDrive
from google.colab import auth

from oauth2client.client import GoogleCredentials

nn nnn

#Download Dataset

auth.authenticate_user()
gauth = GoogleAuth()
gauth.credentials = GoogleCredentials.get_application_default()

drive = GoogleDrive(gauth)

classN = 'RTD'

fid = drive.ListFile({'q""title='RTD.zip"}).GetListO[0]['id']
f = drive.CreateFile({'id" fid})

f.GetContentFile(classN+'.zip')

f.keys()

lunzip RTD.zip

nn mn

#Data Preparation

from keras.preprocessing.image import ImageDataGenerator

from matplotlib import pyplot
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IMG_HEIGHT = 224
IMG_WIDTH = 224
batch_size = 15000

epochs = 15

PATH = '/content/Data'+classN

train_dir = os.path.join(PATH)

train_dir

# load data
image_gen_train = ImageDataGenerator(
rescale=1./255
# ,validation_split=0.2
)
train_data_gen = image_gen_train.flow_from_directory(batch_size=batch_size,
directory=train_dir,
shuffle=True,
target_size=(IMG_HEIGHT, IMG_WIDTH),
class_mode='categorical))

train_x_scaled, train_images_y encoded = next(train_data_gen)

# define data preparation

datagen = ImageDataGenerator(
horizontal flip=True,
height_shift range=0.2,
zoom_range=0.2,
rotation_range=40,
width_shift_range=0.2,

vertical_flip=True,
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)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 15
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 15,
save_prefix=classN+' x 1 15', save_format='png):

break

DatasetB

# -*- coding: utf-8 -*-

nn

Preprocess_DatasetB.ipynb

Automatically generated by Colaboratory.

Original file is located at

https://colab.research.google.com/drive/1nbo7e6DTV5kO8bGZQIBOIOrBXazT-sP8

nn

import pandas as pd

import tensorflow as tf

from tensorflow.keras.models import Sequential



from tensorflow.keras.layers import Dense, Conv2D, Flatten, Dropout,
MaxPooling2D

from tensorflow.keras.preprocessing.image import ImageDataGenerator

import os
import numpy as np

import matplotlib.pyplot as plt

from google.colab import drive

drive.mount(/content/drive’)

Ipip install -U -g PyDrive

from pydrive.auth import GoogleAuth
from pydrive.drive import GoogleDrive
from google.colab import auth

from oauth2client.client import GoogleCredentials

nn nnn

#Download Dataset

auth.authenticate_user()
gauth = GoogleAuth()
gauth.credentials = GoogleCredentials.get_application_default()

drive = GoogleDrive(gauth)

classN = 'show'

fid = drive.ListFile({'q""title="show.zip"}).GetListO[0]['id"]

f = drive.CreateFile({'id": fid})

f.GetContentFile(classN+'.zip')
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f.keys()

lunzip show.zip

nn mn

#Data Preparation

from keras.preprocessing.image import ImageDataGenerator

from matplotlib import pyplot

IMG_HEIGHT = 224
IMG_WIDTH = 224
batch_size = 15000

epochs = 15

PATH = '/content/'+classN

train_dir = os.path.join(PATH)

train_dir

# load data

image_gen_train = ImageDataGenerator(
rescale=1./255
# ,validation_split=0.2
)

90

train_data_gen = image_gen_train.flow_from_directory(batch_size=batch_size,

directory=train_dir,

shuffle=True,

target_size=(IMG_HEIGHT, IMG_WIDTH),
class_mode='categorical))

train_x_scaled, train_images_y encoded = next(train_data_gen)



nnu# **Preprocess**unn

# define data preparation
datagen = ImageDataGenerator(
horizontal flip=True,
height_shift_range=0.2,
rotation_range=40,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 1)
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 1,
save_prefix=classN+' x 1 1 '/ save format='png):

break

# define data preparation

datagen = ImageDataGenerator(
width_shift_range=0.2,
vertical_flip=True,
brightness_range=[0.3,1.5]

)
# fit parameters from data
datagen.fit(train_x_scaled)

# configure batch size and retrieve one batch of images
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os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+'_x_1_2')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+'_x_1_2/,
save_prefix=classN+' x 1 2 ' save format='png):

break

# define data preparation
datagen = ImageDataGenerator(
height_shift_range=0.4,
width_shift_range=0.4,
zoom_range=0.2,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 3')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 3,
save_prefix=classN+' x 1 3 ' save_format='png):

break

# define data preparation
datagen = ImageDataGenerator(

zoom_range=0.5,
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rotation_range=60,
channel_shift range=0.6,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_ 1 4')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 4,
save prefix=classN+' x 1 4 ' save format='png):

break

# define data preparation
datagen = ImageDataGenerator(
horizontal flip=True,
vertical_flip=True,
brightness_range=[0.3,1.5],
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 5
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My

Drive/Project_Pound/Dataset/'+classN+' x 1 5,
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save_prefix=classN+' x 1 5 ', save format='png):

break

# define data preparation
datagen = ImageDataGenerator(
rotation_range=180,
brightness_range=[0.4,1.5],
shear _range=20,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_ 1 6)
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 6/,
save prefix=classN+' x 1 6 ', save format='png):

break

# define data preparation

datagen = ImageDataGenerator(
rotation_range=180,
brightness_range=[0.4,1.5],
shear _range=10,

)
# fit parameters from data
datagen.fit(train_x_scaled)

# configure batch size and retrieve one batch of images



os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 6 A’)
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 6 A

break

# define data preparation
datagen = ImageDataGenerator(
rotation_range=180,
brightness_range=[0.4,1.5],
shear _range=5,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 6 B')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 6 B,

break

# define data preparation
datagen = ImageDataGenerator(

rotation_range=180,
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brightness_range=[0.4,1.5],
zoom_range=0.1,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 6 C')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 6 _C',

break

# define data preparation
datagen = ImageDataGenerator(
horizontal flip=False,
channel_shift_range=0.4,
zoom_range=0.2,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 7')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My

Drive/Project_Pound/Dataset/'+classN+' x 1 7,
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save prefix=classN+' x 1 7 ', save format='png):

break

# define data preparation
datagen = ImageDataGenerator(
zoom_range=0.4,
rotation_range=45,
width_shift_range=0.4,
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_ 1 8)
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 8,
save prefix=classN+' x 1 8 ', save format="png):

break

# define data preparation
datagen = ImageDataGenerator(
zoom_range=0.4,
brightness_range=[0.4,1.5],
channel_shift_range=0.3,
)
# fit parameters from data
datagen.fit(train_x_scaled)

# configure batch size and retrieve one batch of images
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os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 9')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1 9,
save_prefix=classN+' x 1 9 ' save format='png):

break

# define data preparation
datagen = ImageDataGenerator(
width_shift_range=0.4,
channel_shift range=0.2,
brightness_range=[0.2,1.8]
)
# fit parameters from data
datagen.fit(train_x_scaled)
# configure batch size and retrieve one batch of images
os.makedirs(//content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x 1 10')
for X_batch, y_batch in datagen.flow(train_x_scaled,
train_images_y encoded,batch_size=batch_size,
save_to_dir="/content/drive/My
Drive/Project_Pound/Dataset/'+classN+' x_1_10',
save_prefix=classN+' x 1 10 ', save_format='png)):

break
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