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Abstracts

The Objectives of the study are collecting cassava leaf disease images and environmental
factors of cassava fields at Nakhon Ratchasima, Prachin Buri and Sa Keao Province during October
2019 to September 2020 and developing cassava leaf disease images classification model. Images
are classified to 5 classes; 0) Healthy 1) Bacterial Blight 2) Brown Streak Disease 3) Anthracnose and
4) Mosaic Disease. In the pre-processing, all images are normalized and created database of cassava
leaf disease images in order to design machine learning model of leaf disease images classification.
Cassava fields were found that tree humidity around 31- 40%, tree temperature around 31- 35
Celsius degree, soil temperature more than 31-35 Celsius degree, and soil moisture more than 31-
40 %, the maximum temperature 31-35 Celsius degree, Minimum temperature 21-25 Celsius degree
, relative humidity 61-70 %. Developing Cassava leaf disease images classification model were used
the sample size of 9,907 images from the dataset of cassava leaves images collected in Nakhon
Ratchasima, Prachinburi, and Sakaeo province. Label mapping encoded categories to 5 classes; 0)
Healthy 1) Bacterial Blight (CBB) 2) Brown Streak Disease (CBS) 3) Anthracnose and 4) Mosaic
Disease (CM). Building transfer learning model used ResNet (Deep Residual Learning for Image
Recognition) of 70 % training data and 30% testing data. The result got 94.90% for accuracy and

this model will be developed to application platform for users.
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Abstracts

The Objectives of the study are collecting cassava leaf disease images and environmental
factors of cassava fields at Nakhon Ratchasima, Prachin Buri and Sa Keao Province during October
2019 to September 2020. Images are classified to 5 classes; 0) Healthy 1) Bacterial Blight 2) Brown
Streak Disease 3) Anthracnose and 4) Mosaic Disease. In the pre-processing, all images are
normalized and created database of cassava leaf disease images in order to design machine
learning model of leaf disease images classification. Cassava fields were found that tree humidity
around 31- 40%, tree temperature around 31- 35 Celsius degree, soil temperature more than 31-35
Celsius degree, and soil moisture more than 31-40 %, the maximum temperature 31-35 Celsius

degree, Minimum temperature 21-25 Celsius degree , relative humidity 61-70 %.
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52108UI5N15998  (Research Methodology)
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Nan1sNnaasLazanusie (Results and Discussion)

1. NsANYIaNEAzaIN1sNLsANinatgludud1Uznas

NANISANWIANWULEINTSNEsANTIaNgTudUE U189 910 keIt UF UL MA VDN BATATIUTINIA

UATTIVANY UT1AUYT wazaszund Usingaamsnei 1

dl tﬂgj o U o U
A15190 1 Lsa bUBELNG) wazdnwauzein1sunlududUenas

awluuansomsilulsa \Woauvn AnwaILaINIg
Tulvsl (Bacterial Blight : BB) Unin3 Funsnuansornislugamae s1un ol luidien
Xl 0 ] i’ Xanthomonas | 814118 9uf19IN1500ALAY WAL INIBAINN
< campestris pv. | uenaniidsinldszuurionomsvesddunaysn
manihotis AVe
Tugadthema (Brown Streak o wanse1n1slueadeudrundsunauduledaam
Disease : BSD) Cercosporidium | dsineauedtiinia v 3-15 fadwns fveudaau
| X henningsil AUNAR1UNFILUTFNT wag WNadoNToUAIEIE
WdDs AsINANUHaeIIIERazaatlug
WaULNIALUE o1 Tuagiwevlulndidinmaseedutgnandy i
(Antracnose : CA) Colletotrichum | Usngiuluiegans ludunauuluasiifiodn q d
gloeosporioides | 118@lUR LT UYDILNADINT ML daunuly
fspmanihotis | on13azUsIngludnlaud il asduusadiina
v lunuilu vlinululidnuaggamnain
gon iiefluaziinseainiiulu eenmsluiieauas
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wirale drudidunazean wnanatduazidulnaden
AU ntananuNUlukaslaNINLINR aUWLNZ AL

uraaveneialugdiuseninlisaniie e

N 1 T o V dy % s 1 a = ! = 1
21n15lUANg Wolsa T Tuansuazlumin LﬁEJE‘U‘VISQ DINTIAWUAAURUU YU

(Mosaic Disease : MD) Geminiridae ANNYVIITAFA U BTN AU DIFA UL YD TUTIN
P WS T )

| PR .
“p \

& a & 1 a dy a ¥ =
ana w30 vidnimaes Tudeelnlewiinee Taadegunse Tu
Begomovirus | sounazluiiasgyluiiauinianas sonin AuuAsy

<
AU

2. mydrsadayasnmuindauuasiudUendsiminuasvdun Usauys waraseuia ny
I¥oaniunadimaiminuassdin 8 adt Usdugs wasaseuth Smiaas 9 ads v 26 ads ddoya
334 3,912 Youa (5197 2) WU
auduldnsoiy wasiudendsdminuassvdudundenutuldnamy 31-40 % ulas
Fw¥aurduyiiautddvsemiy 41-50 % waswasiminassudadienutuldvsmiannnndi 60 %
gamgiilansaiu wasludUsnadaminuasnvdundoumgilanseiu 31-35 sswrwadies ulas
Jarinusuysiioamailavseiu 36-40 asrmwaled waziUaminassuiidoumniilanseiy 31-35 a9
LAGHG!

=

gamniiny wlasudenddwminuassvaundoaumaisiu 31-35 ssmwaya wadminusauys

9 v U 9
Y A a

Hgaumiifuinnndl 36-40 esrniwaided uagiuasdwrinaszunidgum)iiu 31-35 esmivalged

9

53

(%
=

AMUTUTUAY wlasiudUsnas9 I auATITANNNANNTUTUAY 31-40 % wlasdandinusuusa

]

ANUTULURAY 31-40 % Lazhlasdaminaszuitiamnudulufu 60%

a

guuiigedn wlasiudusndminuassvdunigum

Y q

g49gn 31-35 sarlwallea uuasdwmin

a

Nl
Y
Us1auysiloamaiigean31-35 asmnwalda wasiladwinassumilgamgilasgn 31-35 srmiualgya
il
Y

LA VA LT
o

ANdn 21-25 aaAsalded wladdanin
Nlenan 21-25 eriwaieE

AUNNAAEN wWUAITUANULNRITINTAUATINVAUNT D EUN

9 Y q 9 9

' '
o

)

Us13uysiioamaiisngn 21-25 ssrnwailed uaswlasdwminassuiiiloom

v 4
o/ o 4

AMUVUFUNNS LUaUA 1 Usna s M TnuATIIHELNTANUTUFURNNSUINNTY 61-70 % bUaITINIn

¥
=] v o 6

U513UYSHANNIUFNIMSIINNTT 61-70 % waviUasdminasswiilANuRuduivg 71-80%
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AN 2 IUIULALIE8ATVILUAN LA UL VAILARLIINIA LENANUTIFIANNLINA DL

U2 UATTIVHUN Us1uYy3 GERN) 594
uudaya (n) 1532 1192 1188 3912
aruduldnsofy (Wasidud)
Hownin 31 1 184 142 159 485
Sovay 12.01 11.91 13.38 12.39
31-40 MUY 394 304 247 945
Sovay 25.72 25.50 20.80 24.16
41 - 50 DRivel| 391 378 263 1032
Sovay 25.52 31.71 22.14 26.38
51 - 60 DRivel 318 168 231 717
Sovay 20.76 14.10 19.44 18.33
11NN 60 MUY 245 200 288 733
Sovay 15.99 16.78 24.24 18.74
QUi lAnsay (eeAaded)
Uounin 26 DRivel 110 23 132 265
Sovay 7.18 1.93 11.11 6.78
26 - 30 ORivel| 535 260 285 1080
Sovay 34.92 21.81 23.99 27.61
31 - 35 ORIeY 669 429 512 1610
Sovay 43.67 35.99 43.10 41.15
36 - 40 ohivel! 190 452 220 862
Sovay 12.40 37.92 18.52 22.03
11NN 40 MUY 28 28 39 95
Sovay 1.83 2.35 3.28 243
UNNNAY (2eANvaLTes)
Uounin 26 1 110 23 132 265
Sovay 7.18 1.92 11.11 6.77
26 - 30 U 535 260 285 1080
Sovay 34.92 21.81 23.99 27.60
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Uady UATTIYHNN Usnauy3 GEAAIG 594
31 -35 MUY 669 429 512 1610
Sovay 43.67 36 43.10 41.15
36 - 40 1 190 452 220 862
Sovay 12.40 37.92 18.52 22.03
11NN 40 U 28 28 39 95
Sovay 1.83 2.35 3.28 243
anudulufy (Uadidud)
Hownin 31 MU 244 228 175 647
Sovay 15.93 19.13 14.73 16.54
31 - 40 1 482 369 243 1094
Sovay 31.46 30.96 20.45 27.96
41 - 50 1 239 199 168 606
Sovay 15.60 16.69 14.14 15.49
51 - 60 U 159 43 % 296
Sovay 10.38 361 791 757
11NN 60 MUY 408 353 508 1269
Sovay 26.63 29.61 42.76 32.44
gauunilgegn (AN TaLgys)
Woynn 31 Saie 364 0 0 364
Sovay 23.76 0 0 9.30
31 - 35 AU 916 954 950 2820
Sovay 59.79 80.03 79.97 72.09
11N 35 11U 252 232 232 728
Sovay 16.45 19.97 20.03 18.61
aaumgiisnga(asifud)
Hownin 21 Rey 594 0 470 1064
Sovay 38.77 0 39.56 27.20
21 -25 U 938 954 718 2610
Sovay 61.23 80.03 60.44 66.72
11NN 25 U 0 238 0 238
Jovaz 0 19.97 0 6.08
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U2y UATTIVEUN Us13uU3 A0 594

A o o ¢ ¢ < I
AMUBUAUNNS (LUILTUR)

Hounin 61 U 0 308 0 308
Sovay 0 25.84 0 7.87

61 - 70 U 706 688 190 1584
Sovag 46.08 57.72 15.99 40.49

71 - 80 U 546 196 760 1502
Sovay 35.64 16.44 63.97 38.40

11N 80 U 280 0 238 518
Sovay 18.28 0 20.04 13.24

3. Mysusanwlududuzvds

pamafiunusdeyanmlududevda nmssendrsautasiudUmds sau 24 a3y UFuusenn
Tfienueudaty uazuonifiumuennts (nsedl 3) wulh awdisuraldunigaie nmeinislusne Sevas
39.0 sesaunfenmiselugeding Sosar 31.2 ndutnd Sevay 15.0 nwilsalulug Sovas 13.5 uaznm
lsAuauunsalua Seuay 1.3

a o i3 CZC) v A <
$13799 3 "i]WUQULLﬁgiE}EIﬁ%“UENﬂ']WI‘UlIIJﬂTUB%ﬁQV]LLﬂ@Qa’m’liLUiﬂ,iﬂ

TsA U (A W) Sovaz
2IN3LUA 3,867 39.0
Tugediinna 3,087 31.2
Tuunf 1,491 15.0
Tulnd 1,336 13.5
wouLySALUE 126 13

3794 9,907 100.0

a@wamﬁ%’a uazdatauauus (Conclusion and Suggestion)
awlusiudevdsutsesnidu 5 ndu nwernisiuanadulse fe 0) fuund 1) Tsalulusl 2) lsaluged
dena 3) Tspneuunselua wag 4) ermslusnsiudsnds s1usld 9,907 aw %“mﬁﬁl,ﬂugmﬁayjal,ﬁ@
thivldlumsiaulieanis Soufvounios edwunUsziavveanm uaginnenwlufudgndails]

@ 1 1 a I G 1
weLiudnewIdennsiiulsalavsely
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N1SNAABIN 2

ASHAILLULAATLUNLSATILEAIDINNSUUTUTUA Usna

Development on Cassava Leaf Disease Classification Model

v 6 o/

33m3 o53ulvenans I5ANG YuBIWY NUN kR dsnay UseAnsiaued

UASUNIANG Wnsans wiaual wivuda a3 sewdeu ausTyy Anlaided esses Ruswang
AdAgY
Tuddends, lueanisduunamlse, Nsiseuiiedn

Key words

Cassava, Classification Model, Deep Learning

UNAnRgD
nsaunlamanisduunamlsaiuansensuuludiudlends audunisdrsianassiusiudoya

A U

Tuiundaniauassigdnn Usduys wavassui seudntifiounalny 2563 89 waudueeu 2564 lanmly

[%
] o

Tud1Ugnds 9,907 A usserenmuiadu 0) duund (Healthy) 1) Tsalugadiuimia (CBS) 2) Tsalulnd
(CBB) 3) TsAuauwnsatua (CAN) wag 4) 81n15huA19 (CMD) U1 INTIUALIGNTEUIUNTEENDANIS
L%SuiL%ﬂﬁﬂ (Transfer Learning) laulaflutaa ResNet (Deep Residual Learning for Image Recognition)

wisdeganmiludoyailn 70 % uavdeyanaaau 30 % wadnsnladAiAugnAewsinIsTLLn 94.90

Wosidus aunsathluwaluiauiteundeduiivasenldsaly

Abstracts
Developing Cassava leaf disease images classification model were used the sample size of
9,907 images from the dataset of cassava leaves images collected in Nakhon Ratchasima,
Prachinburi, and Sakaeo province. Label mapping encoded categories to 5 classes; 0) Healthy 1)
Bacterial Blight (CBB) 2) Brown Streak Disease (CBS) 3) Anthracnose and 4) Mosaic Disease (CM).
Building transfer learning model used ResNet (Deep Residual Learning for Image Recognition) of 70
% training data and 30% testing data. The result ¢ot 94.90% for accuracy and this model will be

developed to application platform for users.
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Ui (Introduction)

Tud1Uznas ¥9IneA1ans Manihotesculenta Crant Toanilgl3unateonun1w161ee Alagunu

110 oA Cassava, Yuca, Mandioa, Manioc, Tapioca Hunaariniilauauiiguiunsou (Lowland tropics) vJu
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~ A o 2 o % a v Y o O & A
Wszjmmiﬂ/la’lﬂzgmuaumu 5 GUE]QIaﬂ 7939717V GU'TJIW@ P17 WaZHUNTI LUUNYDINT GRIZBNIRN

Usewmeluwniou aAnudesnstatudivsndanisludssimavealng U 2561 Arninagiiuduanl 2560

[ a o/

Ingiamzegadinrussansidiudzndsiaduingivlunsndnenivea Jagtuillssnuildianiziv

o a

Auzndaduingivlunisudnioniuea 9 wie d@uAufoINsitiiananutssiudUsnduiuduantos 3
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wladudzuasldiduingivlugnamnssusadedlinainuaiy dmsududulinnudeanisldlndifeuiy

nalmnudeansldnielulsemalivszsinaiosas 20 Nwdesoras 80 Wunisdean Jagtuduilulsemary
o ¥ a (Y € o (% 1o - IS v Y o v = o a 3
dndwdndundudvzndanglngiigaveding ewindanusesnisliddudunelundnueanssed way

wlaludUegndaiialdlugnamnssunseaviazdme (@1nauAsugianisinens, 2560)

dmsuussmdalvediudzndsdaduiivasugiaiinensnsioudgniuuin wudgnuiniian lawn

WATIIFELT Munanes Fegll NMyauy3 wavauaTus1ll Tinedgn 2560 Hiiuiign 8.9 duls nandnans

9 Y Y

Uszine 30 Audu uazkandniade 3.4 dussls (@inaursegianisinens, 2560) Wesanduiinuuas

Ugnirgldladelunisndndes anansalvinandalaudiluusnaiianugauauysalin winandnsdelsuaz

]

Useansninn1suandasii uwiasiinunvaniud1Ugnaauininiy Wesainn1sseuinveadsalazuaaandy

Y

JymdragAnelimiamnudsmerenanandudrvsudsdulsemalnouarussmadnaufes iWusuuin

Tuvariinstestunazuddymdng niudwlvgidunsldasnduaznisdanisuvasign ulvzdaean

=

HanszvvaInAudsvneandamdinanladng witsnisdanardunmsiindunulunisedalininuasns
anansldansiatiiudineliiinnansenuAeaunIMeatN¥nINg NaKGs wasduindou

lsavesiudiUsnaalianugainidoniee tawn 1wes weuuanisy Walisa Inlanataun wavldinou
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Hoe Tulsemalneiisngnulsaveadudivenas lowd lsalulnd lsalugeddinia uaslsawauunsalua
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o

FedanansenusansinunInssulagylinaninanauazdwaiaaminiaasegna lnganmaiian

(%)

NN5MNEATNITUIAITN1sURiuMInNgNABILAz LI ANYMEDINTITUATAILTULIWBLsAN Y LAY
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lsATuLTILAZAT AU ERONEANANINEITY

22
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UfoRnstiostuidn wu anerudunieluulasgn midavdeanuiinadenslse viedamuansiadvia
Jostufivlilidonelsafinnasuufinfiendsnduldflenadudaialaenss ghdlsfinm nsnennsallsadi
Fadunszurunsidudeu Feamsfidevgmenuiivaans lsafivine) Aginer uazgnleuine vl

ldanunsaneauauasnufeInIsveLnYasNsNdeIN1stayadmtiasniuial asiunsiauimaluladn

[ a

aunsansivinnisiinlsavuiivlalunansinisiasinensnsanunsad lUldldnseaeuuuduitudlgnuies
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a leja o Y 1% a € a = . A aa
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guUnIaluadsnIg

1.
2.
3.
4.
5.

52108U35N15998  (Research Methodology)

avayannlududUsnas

sqﬂmaqmm Python

szfav\lmmewuﬂmmml@ﬂwam%u

Lﬂi@ﬂﬂ@ﬂW?Lmai

aamﬂammmas (NSEAY VINAUN 18%1)

=
1Mk

TunauluNITWEUYAAIFINI®T Python Wasmulunadnwunlsafikanseinsuilududivenas

lngldinatianisanenennisiseus (Transfer Learning) fsil

1.

2
3.
a

5.

thidlausandudu Uszneuse

- NumPy dwisun1sdanisdeyaluzuwuy aray na1eis

- 0s iwthildeuseruszuuUfifinisvoaaios

- Copy ¥wthillunisdnaenanie objects vesdauusnisludndauuswil

- PyTorch WulausBnsiseudidedndiimmunlag Facebook fqaiulunis afrauas
Anlunamadoufiddn Silsidulildnusgvarnvans wu madansdeyaidesiu

Aouthunlidudeayatdewdt nsuUatwazdnussguniniieiiuaunainvangly

e

aYATUNIM AsAsYATayafiae19an PyTorch wazdsaunsald GPU ¥aglunis
° A A a a 2 Y va v
AwuLaiuUsEAnSAmANSILaBneIe

dndgadayanm wiagedayanmdudeyailn deyauiuuss uazdoyanaaeu

LEPININAINYATDYA

o v I~ 4 % P

dndlumairunstinSeusesiem

NaaaULarUsEIUUSEANS AN luma

Ysziiuvszansninvasaluna lnema1uia Confusion Matrix ABR1S199 LG L UN1SIA

AUENINTAveINSEuIvaATaslumsuA T INsIuuAU TN
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Actual Values

Positive (1) MNegative (0)

Positive (1) TP FP

Negative (0} FN TN

Predicted Values

True Positive (TP) Ao Asiilaumnayinuiedn “ase” wazilandu “9se”
True Negative (TN) fo @siilunasitungdn “luase” wagdian “ldase”
False Positive (FP) fia &slaayinuiedn “ase” wadlendu “liase”

False Negative (FN) A &sfilamaviunedn “lidase” untlandu “ase”

v d'q Y =}
Mandeuldnuy Ap

1. aukdug (Precision) nafiansanweniazeaid

TP
TP + FP

2. anuAsunu (Recall) Tnenansaneniiaznand

TP
TP+ FN

3. ANUYNHBY (Accuracy) lAgHANTNTINYNAAA

TP+TN
TP+TN+ FP + FN

4. F1-Score ARANLAABLUL harmonic mean 5¥%#319 precision kag Recall

(Precision X Recall)

F1 =2x —
(Precision + Recall)

5. Jufnluna
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Nan1sNAaasnazanusie (Results and Discussion)

1. msuntlaussnlalunisnaunluma nsudnnesianslaussusazaalun1w Python Ao a3

\WeUAIEIU Jupyter Notebook il

import numpy as np

import time

import copy

import os

import torch

import torch.optim as optim
import torch.nn as nn

import torchvision

import matplotlib.pyplot as plt

from torch.optim import r_scheduler

from torchvision import datasets, models, transforms

2. msudhyadayanw

2.1 M mlududgndandrsnasiusulinnudainunsnsdaminuassisdu Usnduys uwagassui
° [y 1§ v U v a av oy =3 A a o o Y
dinmanUsuusidiienueudn dadsilidesntsesn wazieniiumueinistsaminuulududiuzngs (s
7 4) wudr amnsunulauniianfs amein1slusaie (CVD) Sevas 39 seswmeunAannlsalugaduinia
(CBS) 5oeay 31.2 Mnauund (Healthy) Sesag 15 awlsalulusl (CBB) Seway 13.5 uaznmlsAuauuwnsalus
(CAN) Saeag 1.3

a o 14 LY o A 1d
51991 4 InulazSegazveInwlududUsrauansensilulsa

1sA U (A W) Sowaz
9IN13LUA" 3,867 39.0
Mmﬁf@mm 3,087 31.2
Unh 1,491 15.0
Tulws 1,336 13.5
uouLvIALLA 126 13

39U 9,907 100

2.2 wissunm tnguvsndeyan mlutoyailin Toyadudu uwasdoyanaaeu dnldnmuen

aalvlawmes Train, Val way Test (il 1)
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\DATA
+---train
| +—--CAN

| 126 files

| +—--CBB

| 500 files

| +-—-CMD

| 1,400 files
| +—--CBS

| 1,100 files
| +—Healthy

| 600 files
+---val

| +—-CAN

| 126 files

| +--CBB

| 300 files

| +--CMD

| 1,000 files
| +—--CBS

| 800 files
| +—Healthy
| 200 files

+

| +—--CAN

| 126 files

| +—--CBB

| 500 files

| +-CMD

| 1,400 files
| +—--CBS

| 1,100 files
| +—Healthy

| 600 files

\

i 1 aabwaninkenaulnames Train, Val wag Test

2.3 nMswUasnn [uuanm 224x224 finwa ndunin wasnmiduguiwuu Tensor Ysu

1IATFIU NANNIN UAEAMUATUIN batch

transforms = {

'train’: transforms.Compose([
transforms.RandomResizedCrop(224),
transforms.RandomHorizontalFlip(),
transforms.ToTensor(),
transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])

D,

'val': transforms.Compose([

transforms.Resize(256),

27



transforms.CenterCrop(224),

transforms.ToTensor(),

transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])
D,
'test": transforms.Compose([

transforms.Resize(256),

transforms.CenterCrop(224),

transforms.ToTensor(),

transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])

data_dir = 'data’

image_datasets = {x: datasets.ImageFolder(os.path.join(data_dir, x), transform=transforms[x])
for x in ['train’, 'val, 'test'l}

dataloaders = {x: torch.utils.data.DataLoader(image datasets[x], batch size=5, shuffle=True, n

um_workers=5)
for x in ['train’, 'val), 'test]}

data_size = {x: len(image_datasets[x]) for x in [train’, 'val', 'test]}

class_names = image_datasets['train'].classes

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")

2.4 NSLAMININ FIUT LazAadfsge

def imshow(inp, title=None):
inp = inp.numpy().transpose((1, 2, 0))
mean = np.array([0.485, 0.456, 0.406])
std = np.array([0.229, 0.224, 0.225])
inp = std * inp + mean

inp = np.clip(inp, 0, 1)
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plt.imshow(inp)

if title is not None:
plt.title(title)

plt.pause(0.001)

out = torchvision.utils.make_grid(images)

imshow(out, title=[class names[x] for x in labels])

1 o "w« 2 W‘\"
t 'V\”‘i 1
A g A ‘f‘\' ' r(;'

o 200 400 600 800 1000

3. n1sadralangulunisilnuaznagauluna

def train_model(model, criterion, optimizer, scheduler, num_epochs=25):

since = time.time()

best_ model wts = copy.deepcopy(model.state dict())
best acc = 0.0

for epoch in range(num_epochs):
print(Epoch {}/{} format(epoch, num_epochs - 1))
print(-' * 10)

for phase in ['train’, 'val'l:
if phase == "train":
model.train()
else:

model.eval()
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running_loss = 0.0

running_corrects = 0

for inputs, labels in dataloaders[phasel:
inputs = inputs.to(device)

labels = labels.to(device)

optimizer.zero_grad()

with torch.set grad enabled(phase == 'train’):
outputs = model(inputs)
_, preds = torch.max(outputs, 1)

loss = criterion(outputs, labels)

if phase == "train":
loss.backward()

optimizer.step()

running_loss += loss.item() * inputs.size(0)

running_corrects += torch.sum(preds == labels.data)

if phase == "train":

scheduler.step()

epoch_loss = running_loss / data_size[phase]

epoch_acc = running_corrects.double() / data_size[phase]

print({} Loss: {:.4f} Acc: {:.4f} format(

phase, epoch_loss, epoch acc))

30




if phase == 'val' and epoch_acc > best acc:
best acc = epoch acc
best model wts = copy.deepcopy(model.state_dict()
print()

time_elapsed = time.time() - since

print("Training complete in {:.0fim {:.0f}s".format(
time_elapsed // 60, time_elapsed % 60))

print(Best val Acc: {:4f} format(best _acc))

model.load state dict(best model wts)

return model

4. nmstaenlglamanisauunnin andlvaslunaninisiniseusesuan lawn ResNet (Deep Residual

Learning for Image Recognition) %ﬂLﬁuiumam%'a%ﬁﬁau”aﬁaLlfdi (Features) d1115U Deep Convolutional

Neural Network (DCNN) §391571971 5

a1519% 5 Taaa ResNet 910 pytorch.org

layer name | outpul size 18-layer | 34-layer 50-layer 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
33 max poul stride 2
Ix1, 64 [ 1x1.64 ] [ 1x1.64 ]
N |' ,
comvZ.x | 56x56 [i": $ %2 [ :":ﬁ ]xS 3x3,64 | %3 3x3,64 | =3 33,64 | %3
* . | 1x1,256 | | 1x1,256 | | 1x1,256 |
1=1,128 7 [ 11,128 T [ 121,128
e ¥
convd x | 28x28 [ :’_x:: :;: ]xz [ :x: :ﬁ: 3x3,128 | x4 Ix3, 128 | x4 I%3, 128 | <8
RS o 1x1.512 | | 1x1.512 | | 1x1.512 |
1x1.256 11,256 11,256 ]
3%3, 256 3x3, 256
convdx | 14x14 [ 203 e ]xl [ %:% 536 3%3.256 | x6 || 3x3.256 |x23 33,256 | %36
- - 1x1, 1024 1x1, 1024 | 1x1, 1024 |
1x1,512 1x1,512 1x1,512
5 5
comSx | Tx7 [ e sz [ s ]xS 3x3.512 [x3| | 3x3.512 [x3 || 3x3.512 [x3
RIS FES S 1x1, 2048 11,2048 1x1, 2048
=1 average pool, 1000-d fe, softmax
FLOPs 1.8x10° [ 3.6x107 3.8x107 | 7.6x107 | 11.3x107

4.1 9lvanluwma ResNet18 AN1UANSHALLAD

model_resnet = models.resnet18(pretrained=True)
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4.2 $9ANIAa USUBAISILUT HUNNE hagonaNAILInen

for param in model resnet.parameters():

param.requires_grad = False

num_ftrs = model resnet.fc.in_features

model _resnet.fc = nn.Linear(num_ftrs, len(class_names))

model _resnet = model resnet.to(device)

criterion = nn.CrossEntropyLoss()

optimizer_conv = optim.SGD(model _resnet.fc.parameters(), r=0.001, momentum=0.9)

exp_lr_scheduler = lr_scheduler.StepLR(optimizer_conv, step_size=7, gamma=0.1)

4.3 Anlaunalvil

model resnet = train_model(model resnet, criterion, optimizer conv, exp Ir scheduler,

num_epochs=25)

HadnsnsHnluea AugnaesaInIswun 94.90 Wesidud

Epoch 0/24

train Loss: 0.8808 Acc: 0.8067
val Loss: 0.4606 Acc: 0.8941

Epoch 1/24

train Loss: 0.6680 Acc: 0.8703
val Loss: 0.2884 Acc: 0.9333

Epoch 2/24

train Loss: 0.7559 Acc: 0.8615
val Loss: 0.3503 Acc: 0.9216
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Epoch 3/24

train Loss: 0.6549 Acc: 0.8786
val Loss: 0.2968 Acc: 0.9294

Epoch 4/24

train Loss: 0.6638 Acc: 0.8817
val Loss: 0.3350 Acc: 0.9373

Epoch 23/24

train Loss: 0.3775 Acc: 0.8655
val Loss: 0.2080 Acc: 0.9247

Epoch 24/24

train Loss: 0.3543 Acc: 0.8712
val Loss: 0.2183 Acc: 0.9247

Training complete in 10m 20s

Best val Acc: 0.9490

5. N1snagauluLna

dataiter = iter(dataloaders['test"])

images, labels = dataiter.next()
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imshow(torchvision.utils.make grid(images))

print(GroundTruth: ', ', "join('%5s" % class names[x] for x in labels))
images = images.to(device)

labels = images.to(device)

output = model resnet(images)

_, predicted = torch.max(output, 1)

print('Predicted: ', ', join('%5s' % class names[x] for x in predicted))

0 200 400 600 800 1000

Ground Truth: CBS, CBB, CBB, CBB, CBS
Predicted: CBS, CBB, CBB, CBB, CMD

6. N1SUUNNIULAA

# Save The Model
PATH ="'/m1 resnet18.pth’
torch.save(model resnet.state dict(), PATH)

ayunan1svnaauaztaLauaLug
NNIFBUSTENVRIATRIMEIMALANTANENBAN1TISEUS ResNet (Deep Residual Learning for
Image Recognition) lalananisinuunlsafiuanseinisuuluiudivends dernugndedunisduwun
=

94.90 Wasigud anunsainlulduszlemilunisiauiweundnduiiasanlddely agrelsAnny AsANEeds

UsgAnBn1nU0AT 09T 9R 03N153995UZIIANANINAIIEIEY (GPU) Tunsflinuasnageuluinaliuiugn

g9vU
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nIneaaei 2 MsiaulueanisIiunlsaLagdngvsnianson sunlududlends

ATAKNUIN 9 N1TA18NBANITITEUSITIAN (Transfer Learning) 19n151UsunsuA191 Python vy

JupyterNotebook

1. M15AAAY Miniconda
Miniconda tJusdnaninwindesly Python wudidesnsiaulusunsuliaansasulans 32 On
waz 64 Un uazanunsnidanguves Python lisienis config Neliinduneu

Atilvanifafaaani https:/conda.io/miniconda.html

Miniconda
Miniconda is a free minimal installer for conda. It is a small, bootstrap version of Anaconda that ineludes only conda, Python, the
packages they depend on, and a small number of other useful packages, including pip, zlib and a few others. Use the

conda instsll command to install 720+ additional conda packages from the Anaconda repasitory.

See if Miniconda is right for you.

Windows installers

Windows
Python version Name Size SHA256 hash
Python 3.8 Miniconda3 Windows 64-bit 57.0 MiB 2fa22bbadds7babbsnssaEchEE43545372a5:

Miniconda3 Windows 32-bit 54.2 MiB

Python 2.7 Miniconda2 Windows 64-bit: 54.1 MiB

Miniconda2 Windows:32-bit 47.7 MiB

2. N15AAAY Jupyter Notebook
Jupyter Notebook Ju Open Source Web Application Tanunsailisuntyn python ladieau
a11130 Share 16 wazaunsaldmasune (Markdown) lanae

2.1 Wanie1e Anacoda Poweshell Prompt (miniconda3) fis

(base) C:\> conda install -c conda-forge notebook

2.2 \Ualgau Jupyter notebook WU

(base) C:\> jupyter notebook
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agUsnglusunsuiiledn Browser videfiai http://localhost:8888/tree

" Home Page - Selectorcrestea r X +

v —

<« 2> C (@ localhost:6888/tree

B H)E® e wH
~ Jupyter

Quit Logout
Files Running Clusters
Select items to perform actions on them

Upload || New ~ | &

o | m/ Name ¥ Last Modified File size
O Dau 5 1dautua

O [ esvbuddy 1 Dituad

[

RN

2.3 @en New > python3 (ipykernel) tlouddsn1u Python lutes In[ ] wéana

P Fun | 4 o ¢
LW@@Naﬁ‘Wﬁ

InfJ:
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