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PHANNISA VANICH : RICE LEAF DISEASES DETECTION BY DEEP LEARNING. ADVISOR : DR.

ADNA SENTO, 79 PP.

This research presents the detection of rice leaf diseases, aiming to benefit
farmers by enabling them to accurately identify disease types on rice leaves. This
knowledge facilitates proper intervention to reduce losses and production costs in each
cycle. The study classifies four types of rice leaf diseases: blast, brown spot, Narrow
Brown and healthy leaves, using Deep Learning. Deep Learning models are efficient in
analyzing complex images and data classification. Researchers collected image dataset
samples of each disease type to enhance model accuracy. The proposed models in the
study rely on neural networks, the researchers trained models using DenseNet121 as the
base model and augmented it with additional Dense Layers and Batch Normalization.
They also trained ResNet50, ResNet50V2, VGG16, VGG19, and MobileNetV2 to compare
training outcomes and predictions. The accuracy of the proposed model in the research,

after training, is 91.20%.
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2.1.2 Techniques for Rice Leaf Disease Detection using Machine Learning

Algorithms [2]
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M137 2.1 MFATIwAUSEUBUYedanasiy ML/DL laswauniandmsunisseylsaly
993 O. Sativa w1128 Techniques for Rice Leaf Disease Detection using

Machine Learning Algorithms [2]

Diseases Identified ML/DL Technique Performance Measure and score
BLB, LB, BS, and Tungro Deep feature based SVM Accuracy: 0.97 F1 score: 0.98
LB, False smut, BS, Bakanae disease, SB, [Deep CNN Accuracy: 0.95

SR, BLB, Bacterial sheath rot,Seeding

blight and Bacterial wil

LB SVM-SFFS Mean Accuracy: 0.98

BLB, LB, and SB CNN model with high level fusion Accuracy: 1.0

LB, Red blight, Stripe blight, and SB CNN with SVM Accuracy: 0.96

a)LS, BLB and BS Extreme gradient boosting(XGBoo st) |Accuracy: 0.86 F1 score: 0.87
LB Probabilistic Neural Network(PNN) Accuracy: 0.91 F1 score: 0.92
BS, BLB and LS AlexNet neural network Accuracy: 0.99

LS, BLB and BS Decision Tree(j48) Accuracy: 0.97 F Score: 0.97
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M5NA 2.1 MFIATIAUSeUisUvedanasiiy ML/DL Tlaswuniandmsunisseylsaly
294 O. Sativa Tus1u398%IUe Techniques for Rice Leaf Disease Detection using

Machine Learning Algorithms [2] (#19)

Diseases ldentified ML/DL Technique Performance Measure and score

Stackburn, bacterial leaf streak, False Deep_Transfer Learning Accuracy: 0.98
smut, LS, Leaf scald, White tip, LB,
Stem rot, Sheath spot, SR, Grain

spotting and peck, Kernel smut, and SB

LB, BLB and BS CNN_Transfer Learning Accuracy: 0.92
LS and BS ANN Accuracy: 0.79
LB, BS and Hispa Faster RCNN Mean Accuracy: 0.987

SB, LB,False Smut, BS, and Stem Rot Minimum Distance Classifier(MDC Accuracy: 0.81

BLB, LB, BS and SR Deep Neural Network_ Jaya Mean Accuracy: 0.95

Optimization Algorithm(DNN _JOA)

2.1.3 A Review on Machine L earning Techniques for Rice Plant Disease

Detection in Agricultural Research [3]
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gupauildlunisssylsatiwandlilugun 2.5

Image acquisition
Rice plantimages are captured using a digital camera

-

Image pre-processing
Images are pre processed to suppress undesired
distortions, enhances some image features and clip
interested image region

'

Image segmentation
Partitioning of rice plant in to groups with similar
features for meaningful representation and easier
analysis

'

Feature Extraction
Image feature like color, shape and texture

'

Classification of rice plant disease
Images are classified by using neural network

b

Identification of Rice diseases

gﬂﬁ 2.5 General architecture for rice disease identification [3]

o A [

Tunuiden (3] leagunanisitadeveusaslsndnivesuiazanuidell fadl
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wzdeuuaielunevdy)  uenwdeninmaudiiurendelsandy  fifleuideues A
Kumar wazvanig filsvhnsnaaedlutasggelurest 2013 tieszynnumenvesdudunis
3nesdelsauasmalifuelasainesiugnssusosuuagssduny  BX043  1é¥unns
nsnaoulasnsAndoniivdinlusssuni ndu Manduaaivmdileeld Tuililse’
fasrssunuuiidunseuaudmiunsids gevnensiaenuguuseeslsaiiduiuns 1
dmavanedsinandiiiuinnaiunueglussiudunans fnsuinduidnies uawdl
naiulsaidntos sauvisdiaumainuaneluauiiiugnasuain 00.000 & 45.710% lagld
Bushunsaigyuendelsamd xas, Xa2 uay Xad nWu§ NKSWR-25 luvmuediiug
NKSWR16, NKSWR32, NKSWR36, NKSWR41, NKSWR42, NKSWR53, NKSWR64, NKSWR97
wag NKSWR99 Hgusun1siaseyvedlsnaatiinin xas, Xa2, uag Xad sedulaluiugin
mﬁmqqﬁﬁﬂwﬁw%mw Lifipasid Tunuddeves S. K Manerauthia uazmazldtiiaue
wisuAsnlunsssyla$a RTSV (Rice Tungro Spherical Virus) lusiegnsuasitiolsnlnglim
FunagfsadiuiGesddulita e1nsves RTSV Ausldfensmadvesumelu @ntes
warmswdewdnndivdeaduddu 1438 Hybridizations RNA dot-blot uag 2-step RT-PCR
(Reverse Transcription-Polymerase Chain Reactions) Tun1sesiageu RTSV dnsadis
RNA Aifiuiannsaognslutmiilifionnisuagiionns uagldlunsuenedduiiszyues RTSV
finseenuuuidudwmiuldlunisssylifariuns Hybridization RNA-dot blot ¥isaas
Bsitadelsgnuandiidufiaylunisszey RTSV Tushetheedlsn 910 26 fegsidu
tungro i1 8 ffladeiliifernsuindunuitasaanulidauan lesunistuduinenns RTSV
lnssiuszaulsaaus LLazqmﬁwﬁﬁiumuﬁﬁmaa T.Daniya and S.Vigneshwari [3] 1&
AnwaAderes C. Lo Chung wagamy wuzdtlsudsn lneldveawSeuwdalsdidu

o ! A aa dy v o A « ! o 4 ! 3
AIDYNN NITNTDINVNAALTD (V1) ﬂ’Ji‘VI’]LZJEJ@QIU“U’J\‘iﬂWiWWU’]LEN Tonmlunisuaninduy
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wanigunmiuazfifagediony 3 dUant inzdedlueinieiaamalind Tdawnuuesuuy

£% '
A A

WUNTog LU UM U INNYBIRUNA YN NARAE NIRRT BLTTD TnAAN BaEN1g

sUs1auazdvemnin fduun sYM 14 6A Tumsidenqaidnvaziaymsiimesisudy
sasuiidenalifiouutiugt 87.9% uwagmmdetuuin 91.8% lumsusnuessundai
qunmiuaziiinide

M9 2.2 Malisuldfisunazeduienagndvargegslunsldinalulad Machine

Y

Learning Larn15Uszananan nlunsnsiadulazdnduunlsadnauidelasiusiu [3]

Technique Used Disease Identified | Accuracy Merits Demerits
Neuro-Fuzzy expert LBD, BSD, BLB 74.21%. Recognized the diseases |Issues in tackling the
system at their early stages. noises and other lighting

problems due to external

forces.

PCA, Color Grid- Leaf blast, leaf 90% |Attained Highest This methodology was
centered Moment streak, BLB, leaf accuracy not applicable for
and GLCM for feature [brown spot categorization of crop
extortion and SVM diseases
for classification
Deep CNNcentered pests and diseases 95% |Accurately and timely Deep learning
classification in rice plants were detect the diseases methodology contained

recognize several layers for

classification. So it took
more time to spot the

diseases contrasted with

others

R-FNN, RCNN, SSD Diseases and pests 88% |Ability to compete with |Time Consumin
of various plants complex scenarios and
were identified effectively identifies

disparate diseases.

SVM classifier rice blast diseases, 70% |Efficiently classified 4 Lowest accuracy when
narrow brown kinds of diseases in rice |contrasted with others
spot, BLB, brown
spot,

ESforRPD2 8 sorts of diseases 87.50%|Showed GoodReliability |Performance of this

application, Unified and 48 symptoms method was low

Modelling Language of the rice plants compared with other

and Waterfall were recognized expert system

Paradigm
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M3NN 2.2 MalSeuiisusareiuienagnsuatsetslunsldimalulad Machine Learning

WaLNITUTTUIANANINIUNNTATIATULBLIAIIWUNLSATINNUITE ATV [3] (71D)

Technique Used Disease Identified | Accuracy Merits Demerits
Radial basis function [Sheath Blight, 95.50% |Good recognition some of the diseases
network (RBFN) model|Panicle Blast, efficiency and were not identified
Brown spot, Leaf generalization accurately
Blast.

PCA and NN Rice Blast 95.83% [Identify the disease Limitations exist in the

quickly and efficiently recognition of lesions
with similar morphology
and color

PSO - centered Rice blast, Sheath 84.02% |Reduces the The results are not

incremental classifier [Rot, Leaf brown computational time checked for incremental

spot, BB data and also the system
may demand a self-
adapted parameter setting
scheme.

Hyperspectral data RLF damage in rice 82% |More accurate than Applicable only to
others because of specific fields due to the
reflectance variation of spectra say,

stages of growing, species
of crop etc

A visual method blast fungus, 85% |Sensitive, and cost- Cannot find Other sorts

based on
PdNPscatalyzed

TMB/H202 system

Magnaporth e grisea

effectual methodology
for the fast screening
and for early diagnosis

of M. grisea in rice plant

of diseases in rice.

lumnsen 2.2 gaguisnisae o Aldlunsseylsndnn Ineldisnisussanananin

wag Machine Leaming Nuansineiiueg9aziden 15a913919 9 wulsaseidatna, ndudina

lutm, msiivesuay BB gnszulagldmduunyseianiuandeiu usasinaiinaside

TowSouvesdies ABmsTnunUszianeg § wazmaluladuszinananiwau q alglu

NMAIEAN 9 QneTIREey kavlUSeuiisuussavinmueaasasilenlilunsiiasiziamm

AINLNATTINANLLLLE WHuTUSsUWEuUsEANSamYeitnsine o Alasunisdialy

M3 3 rgnesuelagazdenlunIng 2.6
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100 1

90
8 Neuro-Fuzzy expert

_ = system [10)]

& ® PCA based SVM

3 %7 classifier [23]

E’ 50 M Deep CNN classifier[12]

5 a0+

< 307 ® Faster R-CNN classifier
20 [43]
10 4 M SVM Classifier[44]

Techniques Used

(a)

100
®ES forRPD2

application [45]

95

® Radial basis function
“ 71 networkmodel [46]

4““ Neural

Network Classifier [47)

85

Accuracy Rate (%)
8

80
M PSO based Incremental
Classifier [48]

Techniques @ Hyper spectral Data [49]
(b)

5+

JUN 2.6 nsiSeuiiuseAuAuwingIvaamatiasig 9 lakAsEUULTEIvIRkUY Neuro

Fuzzy, SYM #ildf PCA, CNN @n, Faster R-CNN, uag SVM (b) Szuuidenwiey

dm3u RPD2 #andu gnuitiedsd ddnuunuszinm NN fauwundssinnwuy PSO [3]

AINA 2.6 B5UNUTTAUANUNUEIIVOIRITILUNUIZLATAN 9 wagion15au
i Y a v a i . ax A v
9 fldlunisseulsatn dmsldmedin Machine Learning viangiSieszylsatiavians
Usznn AawunUsenniild Neural Network bonaadwsfanindlawseuiisunumaindy
9 MegYu AT uunUsEIan Neural Network lasuminuusiugnasan (95.8%) Tuvased
Tuwa RBEN l@sgsumnuukiugi 95.5% d@uiidnwuniseinn SYM lasusnsiainuwiuen
mgaleiSeuiisuivmadiavanuaily
Y] N v O v d I o

sruumssuilsavasiedgadulunisnensallsalilasindwasuaiugn Tu
nsdanslsafivimnedgn ielimssuslsavesieinilussogduatdvayutnidenunisuan
T1wazinensnsunsadunsnmsnetsstuiwlaiuia)  nsEnwiituinisdsa

wazasUtoyainediun1snsindulsavesivdnilaeldisnsussinananmuag  waluladnig
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a

Beudvenains mwaaslufindnfigndnannisldvedamsuvadnuundusig g 380159

Y

o Yo aw a = Y 1 oa a a
QﬂV]UVl'JUIUUV]ﬂ'J']ﬂJUGU']EJI‘V]‘L!ﬂ’J"UEJa']ll']iﬂL@Wsﬁugﬁ@lwqﬂLLmﬂﬁgL‘UEJ‘UI@E]EJ'N@J Y3zansnIn

v Al

dwfunuizande  slinsuusdiignisiavyhauiulymnsidetadunlagnnanis
197U LagN1581579975n1591 Machine Learning uanisuuadniuunduifidnaniniiagyi
Tinssuslsaluiindudesedu  Tuewen  nsUsz@vduanaranudeinistunisaiuim

9193zNIeuLg Ui Udane s kUULAY

2.1.4 An Automated Convolutional Neural Network Based Approach for
Paddy Leaf Disease Detection (2021) [4]

v A

AILALTUAUYDIANITTYN 21 919U (Oryza sativa species) faaailusayiia
v (4 [ ! v a o v A A a
wantuszuvemsTesysdlesduuamatuwagisiud Ay aniignuilaa
IngUszanaanuiudaiuay aand 90% vestnlulangnudnluginiaeideududiin lu
Uszinatsnanme dradufinaiddey Uszuna 75% vesiuiimnzugniiunuazannniy
80% vesiiunsatviavaagnUgnd1n ety ddiaudAglunmsendeegvesaululseine

Janana dlvgiinensnsnoandeyiulamene lunisimguandn wu anudemeste

(% '
<~ I

fufimzgn Maviindiuauuszans msidsuulasanineinia uuasdng wazlsasiie
deswndgmeneg  wanil wnwasnsmasasdsanuaulalunisiwnzdgndilutagdu
unAnuildtuamensssuieteusasdnguasisadg  Afldentsinzdgnin Slsedm
anulssavndnie lasegaiden, lsngadenuaiie, uaglsaduq Feruflselsagaude
wuaiise, lsaaalumdes, Tsalulu, Tsaifienduly, snsoudn, Tsadenmevesndn 1oy
fu enuguussedsadiunndeds 9 fdesnuanssvuiilifisiszasdainnis
Wasuwlasanimenie Immwwﬂmﬁuﬁummqmmﬁ (IPCC, 2007) Uszuad 4-14% 94

nandntlulssinadinamegadennUlaganmsanuuasdnsuaslsnsngeg lsaly

v
a o

waiise (BLB) uwazlsapdthmaidulsaneusdudnlutondy uimaluladuinngs
dmsunuasdnguaclsaineg  fansgndriney Taevhlunisiuslsadnseisnssssumie
ms%’ui@ffssmﬂmﬁﬂL%&J'gmigs?fﬂ%namwrw LLazﬁﬂ'ﬂ%’ﬁhaqﬂuiwuﬁng q fueniiayin
uazuassfasetoRanaalumsszyrinvedisn flesanvineruglunisuimslsaludn
oghavmnzay manandmanadudisliunent Weflesemusdymi n1eusivmngan
warrinsniudssidudmiumsidadelsaludnn swiliduluilseludm s lsafiwuvesdian
0 ﬁ;m?ﬁﬁwma, Tugunmg, selulnd, Tsaluwuaiile, waz lsatninennsziu n1su]iRves

o

gaUszawslnietulunssnwseAunsmssdie iflvauaaureinsidiusiuees Al

<3

ce



20

lunanwesiguieaiuaiedu 9 wealwlaglavilriesuntulunsunlatdygmlunisineas
ediwidunidugy Tudaqtu duanaunsavihnmsesadulseununelagldnissews

¥ U

pesdnsuarnsBouiidedn  whedidedidauisedns  wisuldSumudisasgiann
pansgvunng  dhunuesnstesannsansadulsainluiifuremuesddlnglidedlure
ArutimAenndideng  meluladidziunmnetulumeaneaslueuan auns
drsaafiduiiunisluti e 1979-1981 wuindlsedvianun 20 Teaftseauindulsaly
dnludssmatanana Tnglutuflsafiddapimun 13 Tsa 1wl 2019 augruarudiien
futnvesdinawna TselusunfiisnuuafiBedodunddulsaifdunsenniian u
Uspinadsnanme Tselusn, lunides, ndma dulsaiinuldveslunameugndnn Tu
e Ieiiluilsada 4 Tsa 18un amﬁﬁwma, Tusdn, wueiise, TsAnannseiu warlu
qund finsidenidlanna Deep Convolutional Neural Network wagiindeyadsiioguy
I@JL@ﬁﬁW‘%—Lmu%a VGG-19, Xception, Inception-Resnet-V2, uag Resnet-101

rounthdl  dfenAdesnnunefieatumsasadulsavestnalnglduuda
roImIuivenrdosuarnssoudiddniagldsruuiiuandety swadeldugRamasng
Wisuileuiithnasgiuselinansfeusiddniviuudaudiuan sduwmunmasina (5
fi 27) vdmnldFunmluimidadenudh nssuumsussananwnmdhiiudag nndl

=

UsgaianaudiasussuuUszaueunseteUstamaeuligiudn - viennsussinana

mauligtuvatlinasrananmanvazranaNA MY IneTuegiuamanyazYInIN

Y 9

1%

luma DNN agisuauimiinvessaslnun duganigvesamalsenaumelnunusgainin

M e ilendunisnsesudu softmax asdielunisnensalvinvesdeyaiimun wasesleu

(% '
a

AMANYATBLA UTLLIaNMIUMLY, Y8y, Wan, adu, YSurunnn dagldsuuuunasne

ANWULANWAZNNTIILUNUTELAN NSNENTAINAAEIUAANATNER

9

1ﬂ: BN
g

Data Preprocessing

Resize, Rotation, Zoom, Flip, Shuffle

{

Deep CNN Model

FetureExtranction

Classification

.

U1 2.7 Proposed Scheme [4]
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Deep Convolutional Neural Network (Deep CNN) Lﬁugﬂl,wusuam%mha
Uszadadnilldlumsufumafimestenaietieifioandwesilaiduduyu Tunawanid
nansvinuegannlumslinszsinmedoulmmanwiiednle NSIUUNTTONIS
ATRTUing  MsUsEInaNaNWIsTIINA  BadetsannieletieUsramaeuligiui
Usznaufednnuduiiiinnilinea ONN il Tumasnusenoudeduneuligiu funs
nsgdu funtssiadeya dundau nisld Dropout waztunsUsuudrngy suistuaud
Dropout gnldiiletiosriunisiinns overfitting Haridun1snszsuizu RelLu, Softmax i
dltludureaedoteifiotslunisssysuuuuiidudeuludeya lima Deep CNN saql
namsluguil 2.8 91 Tuina Deep CNN fiUsgAvBamiiAdmsunisduunuaznsiadu adluna

ONEBNTUIABIUIINNNTODNLUULALAIINANIBLATOVIY  ANULUUGTTUNTNTIREDUAUY

9

[

¥

Toyan13nIA0U ImageNet wazaudnnIwmalulagvenaIaie

Model Name Top 5 Accuracy Parameters Depth
VGG-19 0.900 143,667,240 | 26
ResNet-101 0.928 44,707,176 101
Xception 0.945 22,910,480 126
Inception-ResNet-V2[32] 0.953 55,873,736 572

o

U9l 2.8 AeSunevasluaa CNN Nldnalulad Keras Tunisisousidedn (4]

&al

msfnwildvhauiusanesfiumaioudidnd Esunasteunsaim
fhe Keras viamun 4 sunuusitlinanaiivlugy 29 eduunuaznsandulaaluludn
Tuvaeieseisanasfiumand nsfinemudn Inception-ResNet-V2 ldSuaruusiug
geansEMIaNNBaiaviaiy 0.9286 wagituldiedtu dmsuanuusiugh ansdumzes
PARAU MarATLUU F1 Inception-ResNet-V2 S avEeRnn Inception-ResNet-V2
Resnet-101 lauansaaausdug il 0.9152 5Unuu Xception tosuaauusiugn 0.8942 uag
VGG-19 fmnumsiugriandu 08143 hiflsaudnnuusiugudiludiuvesniuusiue
AwdIg uazaziuy F1 nadndinan duuiifiansanie 100 dmsunszusunsilntu
favun Foyavamunitnausluzull 210 Fwszneudisnsinsiginsaiivesguiuusig
9 W151UNBINTUTEAEIY (ANHLIUET ANENTATUNITAIANTTAL AIUTUINE AZIUY F1
Qﬂﬁmumﬂuﬁmgﬂﬂﬁ AHLuEgNAMINRIN Confusion Matrix AULILETUN1TIA

Usgansnmitanunsananisalladienan  wazludnsdwnilvesdayaivinunelaegns
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[

gndsssiedeyanmuaiugadeyauasiinnuuiugnfon Wuldldamadieveaiauin

wagivauiidiniulugadeya 1e91nluea Inception-ResNet-V2  lasumanuusiugge

=

fign WewFeuifisuiulumamuzuuuudy q ud msdnwldairsmnssussansamdmiy
é’aaa’%ﬁuﬁawwﬁm%’uL,wiammaiuﬁm%’a;da wagtufinenuusiug  Anudme  uae
ATWUY F1 Yasunazaad failiiulumsng IV dvdumnuwiug Tuaaa Brown Spot, Leaf
Blast, Leaf Blight, Leaf Smut ld5uu1nnai 0.90 usidmsuninlugunin duanasndeliies
0.78 dwsun1sisenau dvsurardlulndidamingu 0.71 wardmsuaanadu o SaAu 0.90
Tuinedign dmsvazuuu F1 eanalulmfifumgadl 082 wazdmiuaanalsanennsziu
ANLLaiugr nssenAy wavazuuu F1 dawdu 1.0 Gﬁaaﬂaﬁgﬂwmﬁluaziwazﬁamﬁu 9

thiaueguil 2.10

Muodels Accuracy Precision Recall F1 Score
vGG19 0.8143 0.8176 0.8035 0.8041
ResNet-101 0.9152 0.9215 0.9056 0.9056
Inception- - _|

R esNet-V?2 0.9286 0.9371 0.9262 0.9286
Xeeption 0.8942 0.8963 0.8865 0.85823

a a & aa | al v v oA | ')
gﬂ‘m 2.9 MFIASITINEDRVDILULAE Keras ABUNIIIYUIAIUUIVILANG19NY [4]

Classes Brown Healthy Leaf Leaf Leaf

Spot Leaf Blast Blight Smut
Precision 1.00 0.78 0.95 0.91 1.00
Recall 0.93 1.00 0.71 1.00 1.00
F1 Score 096 (.88 0.82 0.98 1

JUN 2.10 AzuuuUsEAMSN Mm@ mTuLsiazaanaatliag InceptionResNet-V2 [4]

SUN 211 uanensvesnuutiug lumsHiniazn1snTIaaeuAllutiug

o

@ Y1 o [y 1 =% v Y Ao a Ve
Y09luLng ﬁ’]ll'ﬁﬂLWUIG]’J’]GWMTUWN&ILLNuEﬂIuﬂ’liNﬂ MIYLAUFUINY lmmﬂismm 1.0 way

i % = dl

Tupnuusiuglunisasiaaey Fadududdy dnisweaoululugisuseuna 0.80 89 0.90



23

Training and Validation Accuracy
10 ”
09 ‘
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’l
|
074 ’
06 4 ’ —— TFaining Accuracy
| Validation Accuracy
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;J‘U‘ﬁ 2.11 Training and Validation Accuracy Graph [4]

winazdiAUeInauInlunsaTdulse  wawaluladlavinliauidaedu

wndmsuis waklinsgiuweluwladfliansalinadnsiauolundounysd v1ansading

'
[ v a

Sy o ' a4 o 9 a4 o 9 = Ao =
Iedeey  inTeinavduaunedIUNINTIRTULsA  vasnidenlimaiiaiign 4
Y a ' a X d' =] Y1 Ay o Y '

JoRanatnuesiindy lunmi 212 aansamulahiveyandandaniusening Leaf
Blast iU Healthy Leaf &visviain 8 Uaya waz 2 Usyaves Brown Spot fiu Leaf Blast wae

o

Leaf Blight fausiagdisnuautiosas uandsile

T

Confusion Matrix

Brown

Tue Class
Healthy Leaf

Leaf Blast

Leaf Blight

Smut

Leaf

Brown Spot Healthy Leaf LeafBlast LeafBlight Leaf Smut

Predicted Class

g“dﬁ 2.12 Confusion Matrix of Inception-ResNet-V2 Model [4]
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=

Tudutiaeyedadsnisnne 9 lumsseysazduunisaresinuagludn &
ansaidedetilugduuuie 9 legldiesedlenasimalulagiunnd1aiuves  Machine

Learning wag Deep Learning finsideununsluiideiineuntiiilaziasaiiuniseely

'
a0

281961909 NSUSHUASUUIAIUTINUAFNH UL LEASIUAINT 2,13 TuauATeEY

ya v

) Wi dfidenarsawrhnuiunivsedemseauvisedlsavesinilaglddanesiiu
Machine Learning #3alutaa Deep Learning #30LuIAMUAATIAIUNMSRLULR 113981l
Tavhaunulsadydanunnaneiu (Leaf Smut, Leaf Blast, Bacterial Leaf Blight, uag Brown

Spot) waglutmiduiiduguaiwdenisldluma Deep CNN fildnsiseuiloudnaduas

Diseases Tools Technologies Accuracy
KNN, J48, Naive
Leaf smut, Bayes, Logistic
bactenal blight, Regression, Decision 97%
brown spot Tree, 10-fold cross-
validation
Leaf blast CNN, [oT, spore 29.4%
germination
N
Rice blast, DCCF.C' N, S.VM’
bacterial leaf transfer learning,
blost. sheath MatConvNet toolbox, | 91.37%
bl'- -tl - AlexNet, NVIDIA
igh GeForce 940M GPU
deep CNN, faster-
Rice sheath RENN, confusion The better
blight, rice stem matrix, VGGI16, result from
borer, brown ResNet-50, ResNet- custom
spot 101, YOLOw3, custom | DCNN
DCNN
Leaf blast KNN, ANN 99%
Brown spot, Fuzzy logic,
bacteral blight, computational 0
leaf scald, leaf ntelligence, SVM, K- 56358
blast means

'g“d‘ﬁl 2.13 Comparison of previous research on paddy diseases [4]

o a = & v a a a = o A =
mimLuumiﬂﬂmulmﬂizLmuﬂizawﬁmwma&ﬂmﬂaﬁﬂLﬂiaﬂﬂﬂaﬂiuﬂﬁi

aa 1

Seusuuuaniaziiaseilagliinnsnisatifang 4 lnenslesisnnuwiug1vessanainy,

ANNLIUEN, NISAUAN, Wag F1 score lASuAzkULgIaAlUN1TVIA@RUANLIUENR 92.68%

£
v A

Tu  Inception-ResNetv2  Tuaddest  deyadlilunsinuasnaaeulumaiuunain

1 '
=

uwastoyauudumesidawasustninlunug yndeyalsenousmemsuiisisunmlurestny

Y
(%

mlulseatuuandiusasristuvesgunmluniduguam Tasaiaesevenlimiioudu
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U89 Inception-ResNet-V2 Usenauseuaenans q Alwansgynuananis 571 a1ndiunnia
A 1 d‘ = - Y 14 ¥ A 1 Yo 1 o
\wsev1edu 4 Wielidniulatiuyadeya lassaiaaiett ResNet-101 lasumnuusiugnly
MINedoUNgIEnduRuanItia 91.52% walilanisnensaiiuduguntuieiulsaluves

117 Ialdnsiseuslowseuismstivisiuanuniviuazananududenluniinluws

2.1.5 Deep Learning Utilization in Agriculture: Detection of Rice Plant

Diseases Using an Improved CNN Model [5]

vy =t o = = o 4 & '
Trudunilslugmsninisuslaauniannilan Weniduumas
Lagunnsuandwsuvateusewme saunaUsemanduszvinsunianay U duee uag
Uifianiu M3dnunyseantesdnegneliinasuseny Orza @95iuieemssynidu 9
Wy dnlne wassyiie  wenaiviidradundesdedugeulusmeintiy uss  uaz
lawunis  leeszanandudiidenvesensudnd msusinninanuiuduaudull - 417
Judilunfivaneeiiaialanuazisnisuaniuandneiuly  egidlsfiny aslinsiudniy
Trmnsiadanuviiisuiulunsesydivls  eaneliszesiiain1sasyiulaviaueay
szyzoumMsNungl Tiuiinuasnssuialanyszana 15% gnldlunisigndnn nsudadn
9 . o a o = a4 2 g A v A&y
wiane aegnenyiueanvesduekarUINanIu Lieiiiq UlinmsanawainsnantIniula
Faauiiosnnimeanasieg nikslumanananaelsansedeinaziintuiuiedn Jaduszes
epIN"shiisUszasRunfiande Tsantlaanlu Tulngd wazgeduinna \Weswwininanszny
sgunAenIandISoaua mveuNdnd agslsinu eanslsaudazuansieiu uad
gonnusuiulunsiigauuluiiy. Aslunisesiadulsansuiisuwsnanunsaanvzedesiu
Anudsefiiieatels dywanaevinnisdunnuesigetsweiiios Jadedu q onadu
Funwnsnsidnudluauldaulasazuesiulsaiiotafatuiuiguazggniavesnnian
Isaudazansofnioivlanasniig) kAN 1SEUNANYLAZTIIAINITRSYRUTATDININLY
AagALIAIEINNsavEANTAaelIAld  NsrsIRdeUTiuNTLIA g veYIt IRt TEd Ty
Tnanwasnsfununduldlden Weswnvuevedlsijsnguazudazduldly wywdily
anunsoueslunsasiuiivuazasvdeuls  nisliinensnsnsieaeuivdneginluuszdmn
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T wifaz dulule Naslununldnineinsuin enagivernnainasuyue inaudens
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sofividludumavesmin  uarladedy g  Merduanaslunaviliiinanudems
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Yndngnmsauiundanisuiuoun wagnisiivanudaeu nsiiuvuadeyaignaniiunis
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overfitting wiialeuazlilananislamnis overfitting Morainaiuls Tusuddeilisly

maifiudeya teassnmivaifunnseiy doyalmifiadsduornmaniu nafiuwunn ns
anIuA wazn1sEnenIn niu TeyaazgnAsoyadnuaisdne VGG19 msanuundnuas
lalagld flatten, dense wag softmax layers lu VGG19 %y’uqﬂﬁwuaq VGG19 9g¥1nS
Fuundszion Tumsdssiudsnsiiausld metric soluiaruuiug uaz Fl-measure

Tnsangleuiouives CNN wuudniiauslagnuansniuaid
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Ut CONWOLUTION « BELY POOUNG  CONVOLUTION « RISU  POOLING DROFOUT FIATTEN  DINSE  SOFTMAX

EE—
\_ FEATURE LEARNING Feature Reduction _/
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sUN 2.14 FBnnsiuguvesmsaieleussuiifsinlaseieuszamidadedn (CNN) dwsu
nsdwunlsaludn (5]
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spot disease)
® Train = Test

JUN 2.15 nmsnszarevesnmlutnnldlunisinuasnaaeudmsulsatisingg (5]

satiulseanansaimuiluiussugaeanvasiulalne ndvesluianunilag
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Wasuy Wuaanagmang ﬂ\"]ﬂiﬂﬁﬂQ3‘1/]'11‘1/1Lﬂ@ﬂ'ﬁﬁjﬁyLﬁﬂV]ﬂUﬁN']ﬂ,JLLagﬂﬂJﬂWWO‘LUﬂ'ﬁLﬂ‘Hmi

a A

wansial Tudndunils yadeyaiignintreauninuanstninauamalagliinisnsiadulse

Y 9

Ao o

laq Tudestunsmaaesgnduiumslagliliee ONN dffodsaitesndeyaiilailaiusy
s gndeyativiuinasgulazveteya  wazyndeyaiillliusumasgunsing
vgetoya luaa CNN ffdodesdilesunsdrsalaun  GoosleNet, VGG16, VGG19,
DenseNet201, way AlexNet luiaa DenseNet201 ld§unruusiudifiafigalumnevsid
DenseNet201 IfSupnumsiudindonsgd 89.86% dwsuyndeyaiiuiuinnsgiunazvens
foua DenseNet201 lé3upnuwiudindoogi 88.33% uazdmsuyndeyanliliusy
wmsguLAinsveedoya DenseNet201 If3umnuusiudadeegdl 83.41% dmiuyn

Toyanlulausuungiu GoogleNet losuaiuwiugadengni 83.87% Tuvaifeafiuly

Y

v A

YaayanuTuinasuLasvenetayakasyntoyai liliuuinsguuainisveetea

9 U

AlexNet lo5uanuwsiudnadungnil 82.38% uaz 79.72% Aua16iu

2.2 FoyaneRiuN¥AINTIY
2.2.1 1salulugl (Rice Blast Disease) [6]
Turesimasdinuundugndihmandiegumifmegusnansnas
ANNEITBNAUTTINN 10-15 Radlumsanunineuseana 2-5 Jaawwns lussezaunan

JRELNAEINNTVE AN ALY
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U7t 2.16 Tsalulys! (nsunnstn) [6)

2.2.2 Iiﬂs[,m]ﬂ?lﬁ'lma (Brown Spot Disease) [6

TsalugedihmadnvasilugediinazunauviesUliveunengnveuna
fidvenwidiesdliduriugudnans 0.5-1 Tadluns wHafilnmsiusunivung 1-2 audu 4-

10 fiadwns veiinusessldsunauly usasusesndneaiy

sUft 2.17 Tsalugedinana (nsunsd12) [6]

2.2.3 IsaluTaduisia (Narrow Brown Spot Disease) [6]

o i PP & o v v 19 v

anwazsesnluddmaduiasguuiuliduiduvs sludndnnulussezanau

v = 1 g a o v A & P
anne  sesurakiniemsenanudnlilisestdenunavzsvenediniy Ianlulsagunsevsdl

wnaadumanvenelule



30

U7t 2.18 TsaluTadtiana (nsun13tn) [6)

2.3 nufarunalulag
2.3.1 danasny [7]
v ace A o v A vo v & ! 1 = -
danasfiumeynanunldlunmsuidsutulymedidleetmidadunssuiu
msuilvgmiansaesuisssnunlamdudunsufidanuiiodndierlsudazios lanaans
aglsdanasundesdianudnaudanesiuaiusaltluns@eulusunsuiiodanis
a 2 o = Yo & o ax & ax A a a =
Aauimeslihnunueuninglidsdane3uduisnsniiusednsnmnsdeu
Y o = v A A ° o 1 | =  a
dane3fivausndey eanulalduniwimenisienagmuinilendu egrdlnegimia 5y
PNVEANUSUAURALBUNASUAUYAAAS UaznarutunaumdSesEaull sa1unsa
Teinnnseinsle laginly
daneasfiuusznoumeisnisiidudunazddiuisowiuuuiug lussuu
a s o A A = s sa o Y] s ¢ A g ya
AauNmBsdanesiuAon1sWeussuLTumedwIsT Ty Inetininugenawasiialnd
Uszansnmlunisdseaniondnmaindunniineniiameslasudanesiiud sgniudu

walulad JUwuunils

2.3.2 n133guiueunias (Machine leaming) [8]

N5L38U3UDUATEY AoTTUUNENNNTAREUI IANMIegemEaULedlag
Usirannnisdeudnds nsiseuiveunsasUsEnaulumedeyauasiasolenisatialiie

MIMUEHATNS  NSSEUSIOIniAaTY  J57esesteuimileuiuuyed  uyudiseuian

Usgaun1sal Beuyudiinn Badwsenisneinsaiindwelusylsnasiaiu lagiSeuliiey
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Y
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fun3es AuaudRsieg Agnliiveunlademgnisenin Feature vector Bududunidngos
o < - 1%
vosveyanuangnidlunisuidem
= % = i & = % v = v
mM3euivesaIBsamnIagniueanidunsieusle 2 wuu launnsiSeus

wuuilgaeu  warnisiseusuuvbiiifaeu Fuilldanesiiuwuvdueddn msiSeudiuviiaou

v a = [J v ¥ v I o U =% (% U P o &
danasfiudntudedld  Jeyaludiudmsuindu  wardnTunduinieUSuyTaanuyee

\WenvgiSeuianuduiugssnineayangnleudningleyaiioanly  FensiSeusuuudl

Y

daounuseanilu 2 Ussian  Aemsudduenussian  (Classification) uaznisanae

(Regression) daluidunisseuiuuulififaeuy Sanesfinsnsavaeuianzdayaidoudnun

WINUUlAEUSIFIINAS AR NS NALLARTU

Machine Learning

& — & — 27 1l

Input Feature extraction Classification Output

JUN 2.19 1A59a319909N13158U3V0LAT0N [9]

2.3.3 n15138u3L%edn (Deep Learning) [10], [11]
nsiSguieanAegeniuIiAeNiunesTAINTAAONEEULUY  N1SVN9Y
1 6N I % < . - Y a e
YosszuulasingUszamluanesyudtelduduidnues Machine Learning dane3iuves
Deep Learning gN&3190uaINN151101 neural network vaigqdusnAefiulagduusngnae
imthilunssuteya  wasduaavnesintidmasnsnisussaianasenyn @ty
1 3 5 v a 1 . P 35 1 all’r:.f % a
FENINTULINLAETUGATINELYNITENTY Hidden layer esandumaililulassasiangn
v [ o ¢ = v Y o < 0 6 Yot Y A= a X
Jaiuuuuidunesdey  JudSeuldhduduauesq  Agvihlnillassasandndstiuluies
1ny Hidden Layer vpdusazduazilssulaiiouinusenaumeiwaalssamanuinunn 3ed

wihilunmsUsznana Sudeyasnduiiegmileniuardeyaiiuszananatadaudilugu
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floganani defvaamsdstoyauuuiife fuuartumusodendasimin damewdes
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nszvaummhandonsBoufiddn  wuudaesilinmaioudiddniiauusiugiigeu
vaneadgm  sausnmTetuingllauiimsendidome  Teesldsuludediening
fugnilaafuuuudeedicimdt Wewalidayasosns  uuusaesiaginisdeudan

Toyanardunseiiluesiniuioenuilaegesnluda

ﬁ‘ Deep learning Process

Be=g=

g‘dﬁ 2.20 ﬂ’iuU’JumiVI’N’]usU@ﬂﬂ’]iL’iEJUiL‘tNaﬂ [12]

relevant
ets and
them for
nalysis.

Chooses the type
deep learning
algorithm to use.

Deep Learning

o

G -

Input Feature extraction + Classification Output

5UN 2.21 lassasnavesnisiseusiiedn [9]

NsSuituAnTAN 2 1ld iausnAensUszendldn1sasuudasuuly
Waduiuteyanlasu lonasnseenunegluguvadnuuinaemada iaiidedfie N5
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Classification ¥84 Neural Network $ilasat1guszanymieutuunu (Shallow

[
v v a

neural network) i Hidden layer ud 1 #u urgsfidudunn uazduodnmmilond Tasste
Uszamiiieauuudn it Hidden Layer 1nnndn 1 4
yinvedlasaingUsamiiguveanisiseusidaan  lasswigdszamuuudeu
Wi Aefuwuudaesiilassaieafovieian  wszimsdudunisvesteyass
Dultlufiemafeniu  AResudeyaaindunaudidssisluduednaiazmen  lasee
Usramifleuuuuiut Ao neural network vaneqdufianansaiiudeyalifivun Sl
annsosuteyaduiuudiu uadlinadnsoandugduvesteyald Fedulassminguszam
FeuuurusndamnyadlumsUszananadeyaiifudis
lassinguszamiigaLuuaaulgdu (Convolutional neural network: CNN)
79 neural network wanetuiillassaiiaamed Tnegnoonuutanfionsifiuauang
solunmsainoinadnuneifianududousndstuanndeya NN sngnldfudeyadilsides

Huszfeu ludilassaaduguuuuames wu guam

_—a (X Y
B . H
‘ \[j [ = mevaus
L/_//' INPUT CONVOLUTION - RELY POOLING CONVOLUTION + RELU  POOLING FLATTEN COI‘JUP:::"D SOFTMAX
N i L% i
FEATURE LEARNING CLASSIFICATION

SUN 2.22 lassashavedlassingdsyamiiieaiuunouligdu [10]

2.3 4 N1SLASIEANANITNAADY [13]
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2.3.4.1 A1AULIUg (Precision) [13]

ANNENNNTIvRIRUNTAINITARBINIE RN INNTYINUAEINY Gruvane ANl
I51AUNTINTIUANNLLIUEVRITaN BN INIUTE Nl Tuan A lae A Standard
Deviation n1suaaeaduidaniunisegradusedouiiofigaududuinds wieasieeny

'
v a

ausaUrarIeinuadlrfeueIesiia Nz iinsinanseasliauddy  Tu

awv o & vaw vy A A = o = ° a ¢ a Y o
J1U 398R}UUUY %'ﬂ EJIWLaaﬂLﬂi@ﬁﬂ@ﬂi@ﬂaﬂﬂ'ﬁﬂﬂ%uqmqjLﬂi'w%fﬂ']llﬁrmagL@ﬂﬂiumaﬂ@lﬂ
TP

p . B
recision TP + FP

2.3.4.2 AAUQNRDY (Accuracy) [13]

HANFIATIETILAINALABSTENINSAMmAadR U U e U

& @@ 6
YIUDILTUR

(TP + TN)
(TP + TN + FP + FN)

Accuracy =

2.3.4.3 AUl (Recall) [13]

Fapuhazduiiluwarinuneyiavedsavuluialagnaesiuai

[

uduasanulsevaslutnniunldlunsiesie

TP
(TP + FN)

Recall =

2.3.4.4 AUE1U150v89luLna (F1-Score) [13]
WUANRASUDIANULLUGILAZNSISUNAY  AIUURIAINNTOLENINA

1o a P 1 A & £ 2 = 1 o
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o A

a & A ¢ ! a I o A a A < ¢
LIgnNAU VlaNUvimLLUULLagﬂ'W] Vl?jﬂﬂ@ 0 ‘Vi']ﬂﬂ'l']llLL@JugJ']Viaﬂ'ﬁLiUﬂﬂuuju@jug
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(Precision X Recall)

F1=2X
(Precision + Recall)
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nsdawmsENYATeaNSHndeuLAzYAtaadIMTUNIIATIIARUANGAREY LAY
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aunnd Aeliifulsela laglsalugndinnia uas Tsaludthmaldimedanisfiugd el
Srnuhiuraadus Tngldeds flip wae rotate uulUsWATY Jupyter Notebook waga13i]
Wangadayasenuunuly  msudsdndnesadeyaiingen  way  Yadayadnsunis
avvdeUANgnaes Tnefildfedndiu 80:20 Tneyndeyaiilddmiunsiinasu Ao fouas
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Joyavianun lagyadeyans 2 idlagnuensenainiu uansinayndeyasinisnem 3.1

Y
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A1599 3.1 wansduuyateyaluauidy

¥Un Train Validation Total
Tsalulwd 1,440 360 1,800
Tsalugedthana 1,440 360 1,800
TseluTndna 1,440 360 1,800
Tuaunng 1,440 360 1,800
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3.2 Msnaeunuuinaasiutagtu

[
Y a o

= ° Ao o a o °
ﬂ']ﬁﬂ\lﬂﬁ@ﬂLLUU"ﬂqa@QVIll@Qiu{j‘\]‘g‘U‘HIﬂEJIU\T']U'J‘UEJUL@@?WN'WSNVNMN@ 5 LUUINaDY

AB Resnet50, Resnet50V2, VGG16, VGGL9 waskuuinaaddninefa MobilenetV2 lnaumay

q

v

wuudnaesiAinugnAes (Accuracy) ige lagiiunnnindesas 90 NNUUUTIADILAAIAS

&) 2
o 9 5 O 5 O
~ o = & o 7 | & 3
v = 1= [} "q'j _,'C_, 0 _8 n 8
o = (U] (Y Q. E wn E L]
o) v < < £ ) S o S .
= N — o) g a © O Q0 9
)
2 g & Es | Eo
[ [ X, kY
£ £
VGG16 528 71.30% 90.10% | 138.4M 16 69.5 4.2
VGG19 549 71.30% 90.00% | 143.7M 19 84.8 4.4
ResNet50 98 74.90% 92.10% | 25.6M 107 58.2 4.6
ResNet50V2 98 76.00% 93.00% 25.6M 103 45.6 4.4
MobileNetV2 14 71.30% 90.10% 3.5M 105 25.9 2.8

A5 3.2 Aua [14] Inelniuiuvyadeyaiinieuliluiden 3.1
A3 3.2 UAAITELATDIUUTIABING 5 LUy [14]

3.3 Tnssa3navesuuudtaasiiniiaue

TusmAtoadsdl fAdeldimualasaivedaaiiiauslnsedelasmeyssam
Wien g uvesluing  DenseNet12l  sededrutszneudiufy  Tnefidenldlana
DenseNet121 iflosnnaniilmenssuveslunaiifuadotnslszamideniian  ddlduden
muiufiedeudeturenaietns uarudenusznaudedu Bottleneck nangtuiiouse
Wshetidusuuuumsdsdeyaidadu  lassaiwenaietieiuensiumdiiusznouse
Block, nblock, Growth_rate, reduction ez num_class Tnga1sAuus block is‘qﬂismw
yasudoniiagldluindetng 913 nblock LHusiemsfiszysuuudenluudazuden
915Auud growth rate  s¥USTUUvBIMHLTInAEMIO LA dunptlgiuly
ulon en§iuuud reduction sryfnssinsiiushvesusiastunsudeunas Tudwd

\#34A131N DenseNet121 Ao Dense Layer 8nd1uau 3 4a waw BatchNormalization 3113


https://keras.io/api/applications/vgg/#vgg16-function
https://keras.io/api/applications/vgg/#vgg19-function
https://keras.io/api/applications/resnet/#resnet50-function
https://keras.io/api/applications/resnet/#resnet50v2-function
https://keras.io/api/applications/mobilenet/#mobilenetv2-function

2 4o ludinwes Dense Layer {utudausawuuiy
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(Fully Connecetd Layer) Niianuiu

Inua 256 vue azdimswenlesiulnuaynlvusluduneuni laedlsduinisnssguwuy

ReLU (Rectified Linear Activation) itelviluinaseuslantu wazdnduves Dense Aariu

Auulnun wagmenie Dropout teaalenianisiia Overfitting uaz®el Model i

Usgansnmanndulumevihwneyadeyanliinenuinney  duganieves Dense Aoty

Fousauuuinganeniiuulnawiiuinueaiaiseeinisduwun legld Activation

W Softmax tavueautiaziduluwsazeata Tudiuvestu BatchNormalization vty

WiNoUSUlA Activation ﬁagjm&ﬂu Hidden layer 89 Deep Neural Network liifiaua
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# Importing Libraries

%matplotlib inline

import os
import glob
import pathlib
import itertools
import requests

import datetime

import numpy as np

import pandas as pd

import tensorflow as tf

import seaborn as sns

import matplotlib.image as mpimg

import matplotlib.pyplot as plt

from struct import unpack

from keras import Sequential

from sklearn.utils.multiclass import unique_labels

from sklearn.metrics import confusion_matrix,classification_report

from sklearn.model_selection import train_test split

from keras.preprocessing.image import ImageDataGenerator

from keras.layers import Flatten,Dense,BatchNormalization,Activation,Dropout

from tensorflow.keras.optimizers import Adam, SGD

from tensorflow.keras.applications.resnet50 import ResNet50
from tensorflow.keras.applications.resnet v2 import ResNet50V2

from tensorflow.keras.applications.veg16 import VGG16
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from tensorflow.keras.applications.vgg19 import VGG19

from tensorflow.keras.applications.mobilenet v2 import MobileNetV2
from tensorflow.keras.applications.xception import Xception

from tensorflow.keras.applications import EfficientNetB4

from tensorflow.keras.applications import DenseNet121

tf.  version

data_dir = "./new datasets2/train2"

data dir val = "'/new datasets2/test'

IMAGE_SIZE = [256, 256]
SEED = 42

CLASSES = 4

BATCH SIZE = 50

train_datagen = ImageDataGenerator(
rescale = 1./255,
rotation_range=30,
width_shift range=0.2,
height_shift range=0.2,
shear_range=0.2,
zoom _range=0.2,
horizontal _flip=True,

vertical flip=True)

test_datagen = ImageDataGenerator(rescale = 1./255)

val_datagen = ImageDataGenerator(rescale = 1./255)

train_generator = train_datagen.flow from directory(data dir,
class_mode='categorical’,

batch_size = 32,
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target size = (256, 256),

test _generator = test_datagen.flow from directory(data_dir val,
class_mode='categorical,
batch_size = 32,
target size = (256, 256),shuffle=False)

val_generator= val datagen.flow from_directory(data_dir,
class_ mode='categorical’,
batch_size = 32,
target_size = (256, 256),
shuffle = False

MODELS = [MobileNetV2]
model name = 'model totraining_inLoop'

model = ['MobileNetV2']

for i in range(0,len(MODELS),1):
model_name = model [i]
print(model _name)
base_model = MODELS[il(include top=False, weights="imagenet",
input_shape=(IMAGE_SIZE[0],IMAGE_SIZE[1],3))
base_model.trainable = False
model= Sequential()
model.add(base_model)
model.add(BatchNormalization())
model.add(Flatten())
if model_name != 'ProposedModel:

model.add(Dense(CLASSES,activation=('softmax")))
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else:
model.add(Dense(256,activation=("relu)))
model.add(BatchNormalization())
model.add(Dense(64,activation=("relu’)))
model.add(BatchNormalization())
model.add(Dropout(.2))
model.add(Dense(CLASSES,activation=('softmax’)))

model.summary()

EPOCHS =50
INIT_LR = 0.001
opt = Adam(learning rate=INIT LR, decay=INIT_LR / EPOCHS)

model.compile(loss="categorical crossentropy", optimizer=opt,metrics=["accuracy"])

history = model.fit(

train_generator,
epochs = EPOCHS,
steps_per_epoch = train_generator.samples//BATCH_SIZE,
validation_data = test_generator,
validation steps = test generator.samples//BATCH SIZE,
verbose = 1

)

now = datetime.datetime.now()

custom_format = now.strftime("%Y-%m-%d__ %H-%M")

plt.figure(0)

plt.plot(history.history['accuracy’], label="accuracy’)
plt.plot(history.history['val _accuracy], label='val accuracy')
plt.xlabel(Epoch)

plt.ylabel('‘Accuracy')
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plt.title(f{model name} {EPOCHS} Accuracy')
plt.legend()
plt.savefig(f'./graph/{model_name} custom format accuracy.png’)

plt.show()

plt.figure(1)

plt.plot(history.history['loss'], label='loss")
plt.plot(history.history['val loss', label='val loss')
plt.xlabel('Epoch’)

plt.ylabel('Loss")

plt.title(f{model _name} {EPOCHS} Loss')

plt.legend()
plt.savefig(f'/graph/{model name} custom format_loss.png')

plt.show()

test score = model.evaluate _generator(test generator, BATCH SIZE)
print("[INFOJ accuracy: {:.2f}%" format(test_score[1] * 100))
print("[INFO] Loss: ";test score[0])

if not os.path.exists(‘acc_evaluate’):

os.makedirs('acc_evaluate)

custom_formatl = now.strftime("%Y-%m-%d__ ")

file_path = f'/acc_evaluate/acc-{custom_format1}.csv'

if not os.path.exists('acc_evaluate’):

os.makedirs('acc_evaluate')

custom_formatl = now.strftime("%Y-%m-%d__")
file_path = f'./acc_evaluate/acc-{custom formatl}.csv'

if not os.path.exists(file_path):
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with open(file_path, 'w') as f:
f.write('Date,Model,Accuracy,loss,Epoch\n’)

Model = model _name
Accuracy = test score[1] * 100
Loss = test score[0]
Epoch = EPOCHS
Date = now.strftime("%Y-%m-%d__ 9%H-")
df = pd.DataFrame(columns=['Date’, 'Model', '‘Accuracy’, 'Loss', 'Epoch’])
if os.path.exists(file_path):
df = pd.read_csv(file_path)
if Model in dff'Model'].values:
# Find the index of the existing model
index = df{df[Model] == Model].index[0]
# Update the existing row with new data
df.loc[index] = [Date, Model, Accuracy, Loss, Epoch]
else:
new _data = pd.DataFrame({'Date": [Date], 'Model: [Modell, 'Accuracy":
[Accuracy], 'Loss": [Loss], 'Epoch': [Epoch]})
df = df.append(new_data, ignore_index=True)
df.to_csv(file_path, mode='a, header=False, index=False)
print(df)
def plot_confusion_matrix(cm, classes, normalize=True, title='Confusion matrix/,
cmap=plt.cm.Blues):
This function prints and plots the confusion matrix.
Normalization can be applied by setting ‘normalize=True'.
plt.figure(figsize=(15,15))
plt.imshow(cm, interpolation='nearest', cnap=cmap)

plt.title(title)
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plt.colorbar()

tick_marks = np.arange(len(classes))
plt.xticks(tick marks, classes, rotation=45)

plt.yticks(tick marks, classes)

if normalize:
cm = cm.astype(float’) / cm.sum(axis=1)[:, np.newaxis]
cm = np.around(cm, decimals=2)
cmlnp.isnan(cm)] = 0.0
print("Normalized confusion matrix")
else:

print('Confusion matrix, without normalization’)

thresh = cm.max() / 2.
for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):
plt.text(, i, cmli, jl,
horizontalalignment="center",

color="white" if cml[i, j1 > thresh else "black")

plt.tight layout()
plt.ylabel(True label)
plt.xlabel('Predicted label)

cm_data = target_names = []

for key in train_generator.class_indices:

target_names.append(key)

print(target_names)
Y pred = model.predict(test generator)
y_pred = np.argmax(Y_pred, axis=1)
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print('‘Confusion Matrix’)

cm = confusion_matrix(test_generator.classes, y pred)

plot confusion matrix(cm, target names, title='Confusion Matrix', normalize=False)

plt.savefig(f'./confunsionmatrix/{model_name} {custom format} cm.png’)

model.save(f"./trained_model/{model name} {custom format} {EPOCHS} epoch.hdf5")

model.save(f"./trained_model/{model name} {custom format} {EPOCHS} epoch.h5")

model.save(f"./trained_model/{model name} {custom format} {EPOCHS} epoch.hdf5")
model.save(f"./trained_model/{model name} {custom format} {EPOCHS} epoch.h5")
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