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Titel Study and analysis of sugarcane planting areas over time by learning
techniques of Machine from Landsat 9 satellite. Case study:
Bang Rakam District, Phitsanulok Province.
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Abstract

This study aims to compare an classification efficiency of sugarcane from Landsat 9
satellite plantation in Bangrakam district, Phitsanulok province using machine learning
methods namely 1. Support Vector Machine (SVM), 2. Maximum Likelihood, 3. Random Trees,
and 4. K-Nearest Neighbor (KNN), Based on field survey data and Google Earth Pro images
in the accuracy assessment, we have found the overall accuracy from the selected methods
that are 80.34%, 60.33%, 60.83% and 70.43%, respectively, while, Kappa Statistics are 72.939%,
51.72%, 45.91% and 59.77%, respectively. Therefore SVM method in the best classification
method in our case that was used to analyze and monitor the sugarcane areas from the multi-
temporal satellite data during dry season from, November 2021 to April 2022. It was also
found that the sugarcane areas have decreased during the monitoring period, while the open
have shown increasing toward the end of dry season. The merit of the research is to adapt
the machine learning techniques in field of remote sensing for monitoring the agricultural

areas during growing season and harvesting period.
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(USGS) WagaiAnI1sus 1150150 UhaseIn1@Auy $91@ (NASA) @1u15an13lvanla 910
https://earthexplorer.usgs.gov/ Iﬂ&lLﬁUi’JU’i’JN‘ETE]Hﬁﬂ’]Wﬂ"]EJWVJLﬁEJJJELULﬁE]u NEATIN1YU
WAl 2564 BuAoU WwEu WA 2565 iovhnssuunmsldUstleviauuasinssiiuiinns i

= v
bNEYIDDY


https://earthexplorer.usgs.gov/

1.6 DeUANNANE

v Yy . & o A = A o o o U oa Ay [
n133u3szeglna (Remote Sensing) Wumsdsiaiiasesileodnlidudaivasndesnisinlae

=

D1RAA AT DITALYIU NABIANEAN LIFeias UUUaaY UULAS 90U 81UINIA NI BRI Bl

Y Y

uatoFeAAULNLAN WAL YSeasNouN1ANNFIFaInTITaITIaludelun1sTe a1unsauLiiu
Toyalaning

[ roY
v U

n1slduselevinau (Land Use) tdunislanauluiuitu 4 auni1udein1sveuywe

o & a & Ql'

LONINTTUMNAATYNIUALIMUSTIN LU WUNN5INERT UadnT dangnamnssumileaws vsedeg

Y

n1s3uundaya (Classification) \un1sdnussinndeyanudnuaevetoyanidnyuy

Y

= o v o v & Y o ° 1% A & =
PANBUNU ﬂ’]if\]@"ﬂ’ll’LUﬂ"Ua%a ﬂﬁiLUulﬂmﬂmuﬂmigﬂuaﬂﬂa ﬂ’]@Jﬂ’ﬁ"\ﬂLLUﬂsU@NUaV]LUU@JWW?EWUL@H?

v & Tl = a 6 o Y/
Aunase axUSeuiisunasiiasizinula

wAllANI3ISEU3Va1A3 89 (Machine learning) Wluusuanvestayauseivg (A) 197
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T waUnamdy usewandwIsa UITayuUIeNa beag 19t ug1uInTu Tneluassnduswnsulingng

[ [
v A

FALAU LHBINTUHUFIUNSITUUTVOUATEY ABNITasIdanaTiuna1Insasuteyalowd uaslyd

a & aa « 6 1 Ao i4
NTIATITINNEDH WoAIRnIsalAT Output nelussuzniula

Landsat 9 1Junaifionesdinaiudi99ssdliveunsansgoiuing (USGS) wazosAns
USMIIN5TULAZDINARAITIR (NASA) Fatulasen1sinii a1 sansnensnanuniviian15anass

ninenslunsais@invesuyydogadstiu

o

g0 (Sugar Cane) doardufiniasugiavestszmdlneg 1 duingiulugramnssudesuas

[% '
o Y

wnna aduiivlunszgang dnvasnaisuentszneu smedduniidenazudestnay dluinadu

P13 wasliarunuluiuansull

1.7 duyfgnu

1. 38113 Machine Learning 9ifvianAeistn
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2. NuLfazdIUalusILNau1sEmin1sdndasnlsluLdaziiouy



1.8 NSAULUIAA

Anlvandayan1na1iLiiey Landsat
9 Tutrhou weAIN1eU w.A. 2564

DA LUWEU W.A. 2565

Anszilagldmaianig
Bouivoaries

1.Support Vector Machine
2.Maximum Likelihood

3. Random Trees

4 K-Nearest Neighbor

YSULNANENEAT I

aelUswnsy Arc GIS Pro

A\ 4

[ '
A =

FILUNNUANTIY

Uselowineuy

A 4

ONEITIVNIAAUIY

(%

A Al 44'
NUNANYIUNDHIIAIFDU

NANITTILLUN

A 4

MTIRADUAIUYNADINETN
wATANSITEUIUaATRN

fidiia

TATIAEARANUNUgNS Y

sl NDVI NDWI ag SAVI

AT 1.2 NTBULUIANIUINY




UNa 2
av ad v
LANAIFLASITUAIYNLNYIUDY

N5ANETY MIANYILAENITIATIBTUNUgN o aneyaiaImemaATanIsssusves
LATBIINAMANITEY Landsat 9 nstlAnw: dunaunesedn Swminfivadan FIdelavinnsnuniu

LwIAn Vgud wezlenasuITeTieItes Invazdenludssiiuniegfl

2.1 Yoyan1iiiey Landsat 9
2.2 noufuazuurfailieitos
2.2.1 wRangen1ssuisveslng
2.2.2 WnAnnquinsiouiveaaies
2.23 wunAanguinisdiunmsldussloniaiau
2.2.4 WNAANMIATIAABUAINYNABY
2.2.5 wwnAangquiietudaienssn
2.2.6 WuRaienfuindnaivedos

2.3 LONANSHATIIUIVENNYIVDI

2.1 Yagyan1aiiey Landsat 9

arfien Landsat 9 Wagudiesudt 27 dueneu w.a. 2564 Wusdieululasenisildde
Aeoafuetne Landsat daflulasinisfiilidisianinensaaiuniviienssnassninenslunis
MssTnveayudednadadu lag Landsat 9 finmuadiefuaridounisieuniiietns Landsat 8 17
Uszansnmitmileninanifiounisieu o Tulassmsiiendu Tasgnaslufiaglaas Sun-Synchronous
fiszfuaruga 705 Alaums soumstuiindeyaq 14-16 Tu a1wnsauenauuAnaleuINAT
16,000 \andveddfifiauenaauiitinus amé?mﬁmmejmwmmamﬁsmqq OLI-2 @na1508180n
Alanfieudnsesu 15 was wasdugesdunsisa TIRS-2 awnsasenmialaniiaudnse sy

100 449 HIR1519 2.1



A1579 2.1 LEAYIZUULIAAUNITENIAINAN BN Landsat 9

Landsat 9 Bands Central Wavelength (um) Resolution (m)
Band 1 - Visible 0.43 - 0.45 30
Band 2 - Visible 0.45 - 0.51 30
Band 3 - Visible 0.53 -0.59 30
Band 4 - Red 0.64 - 0.67 30
Band 5 - Near-Infrared 0.85-10.88 30
Band 6 — SWIR 157=.1.65 30
Band 7 - SWIR 211 -2.29 30
Band 8 - Panchromatic 0.50 - 0.68 15
Band 9 - Cirrus 1.36 - 1.38 30
Band 10 - TIRS 1 10.60 - 11.19 100
Band 11 - TIRS 2 115 = 42351 100

#iu1: Landsat missions

PNATNT 2.1 Operational Land Imager 2 (OLI-2) b8z Thermal Infrared Sensor 2 (TIRS-
2) A unuiuuanivan 11 wuus Wseasdengnnin Visible, Red, Near-Infrared, SWIR wag Cirrus

#1 30 Lns Panchromatic 15 A3 kag TIRS 100 L9
2.2 Ngufiasuuifafiingadas

2.2.1 waRanguinsiuiszezlng

° = ° r-:l' A W = v v U a ay )
mia’li’gf\]izUzlﬂaLﬂuﬂﬁmi’sfﬂmﬂiwzlﬂa IWEJLﬂiﬁNlI@'J@11]1]ﬂqﬁaﬂimaﬂuaflm@@ﬂﬂqimﬁqf\]j@
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(Y

lagnse vin1sdsaalaeliiaTesinegina9Ind aeen1snivin lageiaiadunIsainigy Naes

' '
¥ % = = 1

a1en1n Lidavige uuueagu uuAseadu 81109016 M3on1iien wadenfendunimanivilnfiw

v
Yaad A

& 1 a oy ° & Y] ° & & v av vy
ﬁﬁ@ﬁgmauuq"iﬂﬂﬁﬂmﬁ@ﬂﬂqiaqﬁﬁﬁlLﬂUﬁQIUﬂ’ﬁ'ﬂm ﬂ']ﬁﬁ']i']ﬁﬂ@fﬂflﬂﬁuLﬂUﬂqiLﬂUﬂJ@%aﬂlﬂsﬂ@Na

U

F11UL1N TUUSAUNTINNIINNITEITIVAINAUIN 1NNSITLAS DL 9d1195zezlna TagLaS 0alle

v v v v

dralidndundesdudaduingdisegie i iesesdudmaiiedenmluszeslng msldanaiiey

4 =] a fa o

As1ansnennsviinisiiuteauanuilanluszeslna (AugIdendarsauneiioUssinelng,2563)

Y Y

WALAN T IUNSIAIIEATaua @1u150vinle 2 wedafe N1SItASITRRlgaTenLazItAsIzlae Ty

Y

ABNNILABT INUUILYIINITATIVAOUAINYNADIVBITDYALNDLAAIAN YL TIUTIITIVDINUT

AN 2.1
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N ! (n) uudandsny ' | E

)
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) (=) L]
(1) mensenmindu sl nmwoums wiadion
TouR wlamn  msaune

_ i) anuneiamisasian )
N vf:@; E“*@%}S@@%ﬁw S
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MW 2.1 nszuIumssuisseslng

a = a v =
2.2.2 LUIANNE ) ﬂ"l'iLiElug"UaﬁLﬂiiN

s

N15:38U3Y04AT8Y (Machine Leaming) AogsAusznavdunileves Al sedyaiuseiivg

(Artificial Intelligence : Al ) fifiaudrAgyee1ede insiziludruildlunsAnuazindula n30913
na1lein Machine Learning Afeaunswes Al s
Machine Learning a#3190715t38u3 binuiATedlag IS Mnsadinatansuazaialunisasg

wuudaes (Model) anndayanilet weldlunisvimnenadnaula
Meg1umnAlAIEN1ITUIURIATEN

1.1 Support Vector Machine (SVM) Junilslulumaves Machine Learning Nianu13avinung
Halaviawuy Classification waguu Regression uslagdaulvainagldauluguuuu Classification
wnnd Siresiua Tunsuungudeyaliidenmewuy Jwamnsausuilasulunusliuurestayad

wansnariule lunatidauatiosreudiaas

1.2 Maximum Likelihood (ML) Ao 3§ﬂﬁw%ﬂumn1uwwaam WWIIEINTEN1TAT19A7

e

&

Ussanaanie s tarldiussnuiifinuautfivaisegns uundadesiuredismside wene
= ' a ca &
FonAmommineidullld Tnglimidentmnsdumduneiléanndusosa

1.3 Random Trees Juluaafiioulduiueg munsvate fesaindivannisilaigsen
aunsnseusladewarsins awsariuienaldvisuuy Classification (Categorical) wazuuy
Regression @MdN3aLdnINaL Uy Visual 1)

1.4 K-Nearest Neighbor (KNN) tdulutnad nuuund 1989 Machine Learning 1935013

WIHULEUA28MaNNITNIAAFIERT N UFIWMITY ViTunenalaviawuy Classification kashuy



Regression fllafiesnmiazauaslunisihaudeutienn feudangusonsuiuuasuteya
Aogalen

2.2.3 wuAanguinmsiuunmsldlseloviiau

msduunteyanslivsglovidau Wunsdanguuioussinnuesdoya ledang udoyals
oglunguitimun lngerdemnuerdoadmdemsasvieunandsaduilndifsaiu tielridiuanim
unnsnsvasdeyausarUszny toldlumssuunysslonidauluiuiifnw deyaannsuimuniiay

1nei5188L8ANNUAITIN 2.2

2.2.4 WHIRANIIATIAFBUAINNQNGDY

NMINTIERUANNGNFOIMTONTUsTIUAUGNABIT WU ayad s szeylnaldu
mMseSueAauRamAdaulUInATILTa3 913UNANIINTYANITAITIAZIINNTUTEUIANE
awluTUsunsuBeiun

v Y a g = a v v &
1) AN NABIUBIH WA m (Producer’s Accuracy) 4A1UNNNEN drusaasouliiiu

Usgansnmveanistutoyavesiadun (Classifier) tunisininlutudeyaniia q faduunaiunsn

(%
[

Jatuldnunndesiiesl WeiasananuRanaiaiiinann1sasdeyall (Omission Error) a5unely
dnanuuznilfe 1nteyad1sdestutleyanile 4 Nldnsradeuiinisdiuntayagniewviilsie
aulalupnuRanainvesnasduniiiinduainnisi ldldduundeyatuiy 4 nuiidega3e 1lu

Usglevidemsitadedndmduunrinulasdiedalunsduwundeyausznnnis 1

Njj
Producer’s Accuracy = ——
n+]‘

2) ANUNABIURE 1Y (User’'s Accuracy) innuminefianunsaagiouyseAnsnavednis
Fuunaunsavivenauwgeiislunisindeyalunsasdudeyaluld Wunisiadmanisduuntu

= d v

Toyanils q ghdeanindesidiesle lneidunnuianaiaiiininnissisundeyaussnviuunndi
aaduasdudnuaenidunssuiuiyssinndudinn (Commission Errors) Wusslewiisionis
Atmstuundudeyalanlinaflungeteld
, njj
User’s Accuracy = ——
nj+
3) Augneaslae T (Overall Accuracy) Wun1suansmugndedvesnIsiwundeyaid

ANLEDAARDINTINUIENI AR TIEeURUTayad B RnlulosidudvesganTIvdeusiunlaglyl
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AilafadnvazaesruRanan nanfefiansanlaesiuvemndudeyanduunlivanaduminig

QNABALAEY

Overall Accuracy =

4) AradifwAuun (Kappa Statistics) LUun15Uszidiun1ugnees dn15fiansananysves

a A a & . Y a SA o Ay 1
ANURANA1A AT UL Error Matrix Tupasmasaduuszansnavvinisusideyalunsazyssian
Menuadndanudiiuld visdianugnaeinnisduntunudisiasseglnauasteyanldlunis
998 UsuanAmanlulwInketa N siudsuwlasaaaluaduazaed il (NyYadiuas YA

,2561)

= nE—k 5 K mk.
1 Ny AT i+ 4

Kappa Statistics K = 12-1 1}; i=1

I y— hjtn+j

2.2.5 WUIRANGERAVLNINITIOM

1. fvtkan19Nsnssed (Normalized Differences Vegetation Index; NDVI)
NDVI'='NIR — RED / NIR + RED
NIR = ¥r3nduduriiselng
RED = szﬂﬁ'umuml,ﬁuﬁum
2. ﬁ%ﬁwaﬁmmmﬁumaaﬁw (Normalized Difference Water Index; NDWI)
NDWI = NIR — SWIR 7 NIR + SWIR
NIR = Frapduduriiselng
SWIR = SUW’]LﬁWﬂ’NNEﬂ’Jﬂgugu

3. svtlannuunna1en1sUTuRAAY (Soil Adjustment Vegetation Index; SAVI)

NIR-RED
SAVI = ————— (1+L)

NIR+RED+L
NIR = 99PauduUNILIAlNg
RED = 929AAUALAUA LAY

L = Ansunmguvesiiv tnefdadu 0 dmsuiunfdivunaquvuiudy uaslidndu 1 dwsuiuing

TRV GHIRTRITRN
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2.2.6 wulAaNgNUINaNwalvaday

908 (5&?15115}: Sugar-cane; %aimmmam%: Saccharum officinarum  L.) {ufivaed POACEAE
wAFetU Bl nguarSyfiv wu 9a1d 90 nlne war Fuidiad faudidaluendouvemniv
oude Tududesfitaldvininaiuiiuglasaussanm 17-35% wudos (bagasse) fignduien
tdeeeonlundr aunsatunldinseans nanadn Wudewmds warermsdnd @runndinia
(molasses) Ainoneenaininmalusenineanisudn anunsadilunndumdsa (rum) 18snaae

ANYALN NN BAERS

Sondulifuan g9 2-5 ung uanneutu sviufiwussiaedlauneniou flvdumunagu
lawnnfAsiiu Tuden Besadulu 2 un7 e 2.5-5 wuRuing 812 0.5-1 wes ludevidonenlda Tu
sUlunenunuuuauveulufivunudngvenu aende oonfivaesen JousnLYLs SUUdn We
gonendosgUlunenieguluvenunuureuruu fvwdvrunegu nesdunauuunasyiiv wimasd
YUIAAN
dnwauzinly

37N

snvasdestu wdusniiegldau fuuelvg nszangfaddu SarmeniUssanm 100
wufiuns Inesnuesdoetuasutseanidu 2 gadeiu feanvameutus Al sndsaiuazsn
pnsIunimiedeuaniuln uaznviadorvueanwluies deluffe snvesmie Aesnuuin
Tngiiyeenanusinvesmisiidulauda sanvesdoutiuasiinisiiulamaunuiuedsasiiaue
LagIINMINEILAANINAILURIUNMALIAT

Gy

S

Sdurnlvgjvessesiuartssnaulufedeudessiuiuinn Udsananiasenivieduiiay
Puogifutiinanhfildsu Sedivhunn Ydostazenuasyliadugddvgnu
sUTv0eUReY
Udeadiguinunnananuvalegunsannuie wu iugunsenszuen (cylindrical) dadnasy
(tumescent) na1sman (bobbin-shaped) laulug) (conoidal) Iaulan (obconoidal) w3elAs (curved)
FouasUdoanaiasiidulssnevinnanemindvegsae i
Tu
wilewludiniiawinlugtu ludesasd 2 daudetufe mulutazusiuly
nulu Aeduilevseuddiuadudne vinlumainduiaedidu widlu Wudndidadiluainniy
T szfunumsenansiiviliusiuluiidnvasuddanseld

AN
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) Aoy

maﬂéumé’aaﬁ"’u%Lﬂumamﬁmﬁamﬁwﬂu@j 9 watunilagnazuenosniduneniidimuuaz il
fiu ustazaenazilvudvnegiiveusu Wononum yumaniRazneansey q Wuseidn 9
M
navosdesiidnvazadenaiudnesinifvundnamivaieii uazazinegiudinen
DL UY

2.3 1NA5IUILNNYIVDY

o s o = saa

gaanual Auiles (2563) dngussasAineAnyInIsiasunlasnsiduselovunauvednis

' 1%
2 <~

veeiiunivgndes IieAnwnszern1nasaiulanved segnaendianailunisugn Tuiungneauns

Y

sei Fandadivalan lnesiusinteayaningts a1difieu Sentinel-1 TwUn.a.2560 f9 U w.m.2563

lnel435n15 Random forest wan1sAnwnuinnslduselevungu nundeglul w.m.2562 fuitgn

v '
] )

dovgeaniviniy 54,304 13 sosasunied n.e.2560 Uil Ugndes 41,675 15 Yn.m.2561 Iiuiiugn

=3

998 39,832 15 warln.¢.2563 ﬁﬁuﬁﬂqﬂé’aa 2911 19 mudu uonNTUMTIATIERTLELNS
wsaivinvesdeslufiufisinaunsei Waeswinisiasaiuln 2 wuuRed Polarization W uay
VH ¥ 2 wuu Simstasapivle geanludeutuensu lae Polarization W fifh intensity db geaneg
fi -7 uazPolarization VH e intensity db gsgnet i -10 Polarization filndlAsafuUffiunns
nzUgndeenn figaAe Polarization VH wayliv 1nisiieuiiisuiudeyaninatenasiniaain
o1mAguly euduiilin imseenniaaumwuIlugiafeuiue ey A1ALgeaN intensity do i

ANNFNTUSAUAIAINEWRtRINIAE UL I AUTY

LUASUAT DBuAS (2561) i’mqﬂﬁzmﬁlﬁaﬁﬂwmamﬁmiqzﬁLLazmiLLUamwdw ALTiE
P20 071UNG waztTfiuuds Tneldimadanissuundganin uuuiidugua (Supervised
Classification) fuiaaIn1sad flagldudnnisainuyiazidy Maximum Likelihood nan1sanen
wuiTIEmssuundaganin wuuridugua TutasDifiund 1dun Swa. 2540,2556 Tn.e. 2540 4
ﬁuﬁ'm%’wqqaqmvﬁﬁ’u 199,943.10 15 wesiiudivanua Anldudesas 48,53 Huf urd1vafu
67,709.26 15 Anwdudovay 16.43 fufiseawiidy 12,722.99 15 Andudesas 3.10 IagliarAiy

nnAe9 Overall Accuracy WinAUSoYas 95 AT Kappa 111U 95.1 % TuU w.A. 2556 WU U110

=3

gegawinfiu 215,236.36 13 Yt Andufosay 40.89 Hufiseewiiy 49,439.71 15 Andu
Jou ar 9.40 lagliA1A11gNABY Overall Accuracy WNAUSouae 98 flA1 Kappa Wiy 98.7 %
wazlutetiinnds 1un Tne. 2558,2550 Tw.a. 2558 Siluiunrsgeaaiiiy 259,016.86 15 ves
fufivanun Aaduiosay 50.75 TagliaAugndes Overall Accuracy WinAu¥os az 99 fdn
Kappa 111U 99.1 % Uw.f. 2559 ﬁﬁuﬁm%ﬁqqqqmmﬁu 288,235.06 13 o fufisranun Andu

Jowar 54.76 lagliAAugnaed Overall Accuracy Winiuseeay 98 i A1 Kappa Wiy 98.6 %
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Rimal, Bhagawat WazAniy 1399 NsiUssulfisuininesla3osatuayulaziuenyssiam
auasidugsandmiunsiuaud lunsdnund 18lduaznaausaneisunissuuniifuan
WUU: 5835UNNMaTATDY (Support Vector Machine (SVM) LLasiaﬂﬂaqqqm (Maximum Likelihood
(ML) ﬁm%’umiﬁi’wLLuﬂﬂizmwﬁuﬁmamqmamumegmmbn UsgmAudg #an1sIvenuIn SYM
finin armsiuglumssuunusziamidleifisudu ML

91U Weea uag ad3un gnYegdu.(2563). MIfnwinsdundeyanimmieIsdnnese
nnwesuurTu nadiAnw Nufidgndn suneau Tavianeien STnguszasd e nwiUszAnsnin
vounaianisiuundoyanindaeiinsiwneinnnnesusdu dusumssuuniuiiugninlagld
ANANLTBLLALLYA 8 INAVYATDLAINIDE 1AL AN TIRERUAIMIUNITUSELTTUAINgNABY Lag
nsUszidiumnugndestagsan uazAdudszansuauun Tnethmadildluiieuiiisuiunsdiuun

Tayanmalgdsariuntnandugege ananansdwunnuidsnsinnesanmesusduiaiig

gnsedlaesiuiarvadiuauinganiisauuiasdugan

Y

&
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Ui 3

AT HUIUIY

¥

av o A = a e 1% < o 1 1% a
mAdeatslilunmsfnwiuagdiasziiuiugndes uazsveznisinuiieldes lagldinaile
NsSeuvRLATEY ANTeyAanENgAILTeY Landsat 9 wazduundsnaquiulagldteyaninedney
™~ " 4' ° & A v a 2 a Y o =
A1y Landsat 9 lagsaiuluinisduuniiuiugndes uagn1sinniunisiiuiieddey ednwm

nsldusglerunfunasnsnuielsesnasn sz ia lugaesgauaiidudiweinisiiufedes

v

TReiisNsaLduuIe el

3.1 \n3esilefldlunsfing
3.2 JoyanazmauTnsideya
331 funsumsminadaiBmauiveniesiiian
3.3.2 fungumstuunnsliuslenifiau
33.3 Funsumsduunituiiugndes
33,4 Funounmyasgiendaifisnsan
3.3 MAATIEviveya

3.1 sa9dianlglun1sAne

.{)I ArcGIS Pro XY V€| Excel

Google Earth Pre

AN 3.1 LASE9LBNIBLUNISANEN
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M99 3.1 1309 aN LTl UN1SANEYI

fdu 1ATasile WA TINn/AasEN TR
1 ArcGIS PRO Ju 2.9 Wsunsuussyndssuvansaumagiinmans
2 Google Earth Pro $u 7.3.4 TUsunsuuanausuigiiusemetas MU
3 Excel U 2209 TUSUNTUAIUIUAT bazaT 1KUY
4 GPS $u Garmin 64 s \a3esiloLfiumuvsidaaniu
5 Lindn ASUS ROG - Windows 10
STRIX G15 - CPU : INTEL CORE 15-10300H
GL542LI-HNO53T - RAM : 8 GB DDR4 2933MHz

3.2 dayauaznsiiusiusandoya
3.2.1 Yayauazinasdayanisng

M1919 3.2 Yayauazunastayanldluniside

A1AY 1n30aila unadaya ¥29U W.A.
1 ATNAIEAINBY Landsat 9 https://earthexplorer.usgs.cov/ 2564 - 2565
2 YOULURTIUTIANE https://csuwan.weebly.com/

3.2.2 MsNUsIVTINGaya
3.2.2.1 Yayan1mangn1iiey Landsat 9
TOUANINE18A1LTEN Landsat 9 OLI/TIRS Path 130 Row 47 szuuiiingda1ans WGS
1984 UTM Zone 48 asaunquitudl sanevnssedl Samtaivailan Tasnisandlvandeyaain
https://earthexplorer.usgs.gov/ tteanldlunssuunituiimsusslenifiau waziufinisfiuie:
dou Usenaulufienmatovesiudl 23 naadniew w.a. 2564 Suit 21 SuatAu w.a. 2564 Suil 6
UNTIAL WA, 2565 Uil 7 nuAS A, 2565 Tuil 27 funau wa. 2565 uazTuil 28 Wwieu wa.

2565 Falugreganisiiuiieldes


https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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AN 3.2 LAAIAIWAIIATIATABN Landsat 9

3.2.2.2 Uayad151901Ad Y

mafudoyaluiiufiesuieduunnislivsslowifniu vinaiuiisnaeuissed dmin
fivaylan uazimansasunnugniesesdeyaiiud Tngldvihnsduiuifogafeismduuun
1519 duanf1aEINsEANeRaasine warldvinnaseand1san A Anwisevinatuil 10 - 14
WEAINBY N.A. 2565 lﬁﬁwmiizqﬁwmeﬁﬁﬂuuﬁ’uﬁﬂaﬂ (GPS) waglddanaiuiianainans

Google Earth Pro Tuusauiiun fldauisaitnfisla

3.3 M3Aszidaya
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EBFEe-c- Raster Layer MyProjects - Map - ArcGIS Pro 2 - B8 X
m Map | Insert = Analysis  View  Edit  Imagery  Share  Appearance  Data R Command Search (Alt+Q) & rumsiny (Faculty of Agriculture, Naresuan University) » @~
¥ Y New Report ~ (] Impart Map =" - = add- St
x 2 New Notebook + 1) Import Layout +  ~— ¢ 62 New ~
New Connections Add Newlink  Distance and Add
Map~ Layou olbox ~ &] Task - - Folder S Chart Direction &2 Import  frem ~
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Contents - x [ElME ~ Export Map vax
Y | searcn r ‘ Map
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Drawing Order ~ File 2
] Map File Type
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%€ Environments Use Tools~ Buffer Within Join Clip Soot Analysis |¥ | Analysis~ Analysis~ nee Modeler Analysis 30 Analysis= Analysis»  Wizard  Analysis~ Interop= | Functions~  Editor
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Contents - o x| [EIMEpX | Geoprocessing -4
Y [ search 2 ® Composite Bands &
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. Input Rasters (%)
Drawing Order o :
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0048.20211221.20220121.02 T1_SR BSTIF ~
1 [V] LCO9_L2SP 120048 20211221.20220121 02 T1 SR BATIF
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(@ (b) (@)

Analysis
£
Select *
- A Tools
Geoprocessing = &
@ ‘(Iip Raster{ X - @

Clip Raster (Datz Managemert Tools)

Cuts out a portion of a raster dataset, mosaic  +~
dataset, or image service layer.

“ B8
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Geoprocessing v X
® Clip Raster @
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Input Raster
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910 3.6 [umswaudiuug lnefinw (a) As nmeauda3e (Natural Color) 1w (b) Ao
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Bathymetric

3.1.1.4 FupsumsTakuansldusElesuinny svynsduiuisiieeswesmiazUssnningay
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= =

\feniAIeile Classification Tools > Training Samples Manager 3nuulivinnsassdudeyaiiui

[% !

17U 6 Tu Town wAadn 19 U1 WUNNISiens 9eswasiiulas AanIn 3.8

@ (b)
v E

Glasihcaton Point Distance Area ' Image Classification ? v RX
Tools~

Training Samples Manager : LC09_23 _Clip =
/A Segmentation

Select a tool to start sketching X
== Group neighboring pixels together based on their
similarity, to create objects that are then used in image . _
classification. D m (_) (] b R |=| 5
4 NLCD20M
raining Samples Manager B Water
reate and manage training samples for supervised
classification. Urban
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O| Label Objects for Deep Learning .
Agiculture

* Create and manage labeled objects for deep learning.
M Sugarcane

(J. Classify Baresoil
/d N
. Categoﬂze pixels into classes.
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(a)

Classification Point Distance Area
Tools~ =

£ Segmentation
=
classification.

Training Samples Manager

classification.

Classify
Categorize pixels into classes.

Label Objects for Deep Learning

Group neighbaring pixels together based on their
similarity, to create objects that are then used in image

Create and manage training samples for supervised

Create and manage labeled objects for deep learning.

(b)
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Classify : €21122021_Clip =

Classifier

‘Suppm‘f\lactor Machine A

Training Samples

| DA\Class\CLO6012022.5hp -

Maximum Number of Samples per Class
[s00 |

Segmented Image (optional)
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‘ D:\MyPraject?\MyProJectS\MyProjeclS.gdb\CIassi‘
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‘ Di\MyProject2\MyProject5\ClassDefinitions_2022 1‘

Image Classification

1
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Classifier

‘ Random Trees

TEINING 28 MPIES
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ED |
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ED |

Maximum Number of Samples per Class
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Segmented Image (optional)

Output Classified Dataset

‘ D‘\Mmeje:tZ\MmeJe(t\MyProJe:t.gdb\(lassifiel

Output Classifier Definition File (.ecd)

‘ D‘\Mypmje:tZ\MmeJect\classDerinitiansjuzzwD|

Image Classification [RLEX

Classify : LCO9_L2SP_130048_20211123_2...

l— -
|Maximum Likelihood -

Training Samples
| D\Class\CL21121021.shp |

Segmented Image (optional)
Output Classified Dataset
| D:\MyProjeth\MyProject\MyPrOJect.gdb\[la55|fie|

Output Classifier Definition File (.ecd)
| Di\MyProject2\MyProject\ClassDefinitions_20221 0|

Image Classification ? v B X

Classify : LC09_L25P_130048_20211123_2...

Classifier

‘

‘ K-Nearest Neighbor

raining gamp es

‘D\CIass\ClZMNOZW shp v\

Dimension Value Field

K Nearest Neighbors
i |
Maximum Number of Samples per Class

[1000 |

Segmented Image (optional)

Output Classified Dataset

[DAMyProject2\MyProjectMyProject gdb\Classifie]

Output Classifier Definition File (ecd)
\ D\MypmjeaZ\Mypmject\classDefinnions_zozz14
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NN 3.10 2 (3) AswAseslenld Classify N (b) Aeniip1suesA3esile Classify 913 4

o

38015 aziulaman1sTuuNae3tn1sTeusveuas aIkAarIs UL Tnan1sTunuang 9y
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3.1.1.6 TUNBUNNIATIAAOUAIINGNADY 1ABILIIINTTATINIANTIVABUAINGNABITIUIL 100
30 Tirdnfpsele Tools nuuliAuMIAIN Create Accuracy Assessment Point 7153984 Input
Raster or Feature Class Data l1danunanisinuun ludauteives Number of Random Point =

100 S9N 3.12

(a) (b) Geoprocessing <
Analysis
@ Create Accuracy Assessment Points @
Parameters Environments @
Tools Input Raster or Feature Class Data
[svma1122021 -
Qutput Accuracy Assessment Points
Geoprocessing SRR [P231120211 500 |
Target Field
(© | Create Acc x | ® [crassified -
S Number of Random Points 100

Create Accuracy Assessment Points (image.
Sampling Strategy

Creates randomly sampled points for post- T -
classification accuracy assessment. | Stratified random

-

AN 3.12 TUABUNTATNYANTIAABY
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1NN 3.12 11 (a) ABLAS 8l a7 14 Create Accuracy Assessment Point AW (b) Ai®

nR9vRAIBie Create Accuracy Assessment Point AW (C) Ae NaaWSTlA

NUUILYIINTATIAADUANNYNABILA LI U8laY 10 = Unaedn 11 = 189 12 = Wi
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AAEUILLEY NTIEBUIIN Google Earth Pro Tuushuildamnsadndsls asnn 3.13

[ po1i22021
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Tools > Compute Confusion Matrix >Input Accuracy Assessment Point Ia'blwafﬁmaﬂﬂ AIAIN

(a) Analysis (b)
£
Geoprocessing = & &
Tools
) Compute Confusion Matrix ®
Parameters Environments @
Geoprocessing > :
Input Accuracy Assessment Points
® |compute conf x - P21122021 -
Output Confusion Matrix
Compute Confusion Matrix (mage Analyst T.. con21122021T
IV g

Computes a confusion matrix with errors of
omission and commission and derives a kap...

-
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1ne35n15 Support Vector Machine (SVM) #3a1w 3.15

OBJECTID * ClassValue

1)1 C_10

2 |2 C_11

33 c_12

4 4 c_13
5|5 Cc_14
6|6 C_15
7|7 Tota
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A 3.15 M3NAIANgNABdLaratALAUUIYeIIEN1S SVM
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6
0
0
0
0
0
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1
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0
5
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o
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[ T T 1 I U T T s
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0
0
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0
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[
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21N 3.16 NNENEAITIENTUN 23 WaFRNEY WAL 2564

Pndulivimuduneun 3.1.1.3 Asuneun 3.1.1.6 uilunisldmadianisiousvenniaddi

saa [
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OBJECTID * ClassValue c10 c11 C12 C13 C14 C15 Total U_Accuracy Kappa
1] 1 c_10 10 0 2 8 1 5 26 0.384615 0
2 |2 cn 0 9 0 0 1 0 10 0.9 0
3|3 c12 0 0 20 0 1 0 21 0.952381 0
4 |4 Cc_13 0 0 0 8 2 0 10 0.8 0
3|5 C_14 0 2 1 0 33 0 38 0.921053 0

6 C_15 1 1 0 0 1 10 13 0.769231 0
7|7 Total 11 12 23 16 41 15 118 0 0
8 |8 P_Accuracy 0.909091 0.75 0.869565 0.5 | 0.853659 0.666667 0 0.779661 0
919 Kappa 0 0 0 0 0 0 0 0 072415
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(@)

3

Change
Detection =

E‘_)H Change Detection Wizard

time series of rasters using a guided workflow.

(o)

Change Detection Wizard P Rx
000
Class Configuration

Filter Method a
| Changed Only V‘
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|:| Urban
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Preview < Previous || Next =
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(©)

Change Detection Wizard

@00
Configure
Change Detection Method
Categorical Change
From Raster

svm23112021

To Raster
svm23112021

Processing Extent
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(d)

? B X
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A (a) AoLASeelia Nty

2 (d) Ap Naansla
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3.3.4.1 M5awunMsagukUasnshsuselosunaulukiazinou Tvinnnsidesnaseile

Change Detection > Change Detection Wizard %ﬂﬁﬂgwﬁwhﬁum Tuaos Change Detection

Method T#iden Categorical Change Tudes From Raster lidonaaanilisudunag To Raster T

YIa1dugn Mnuulving Next azusinguiianaald iedniden Select Al 9anuulving Next

Smoothing Neighborhood 1dan None %84 Save Result As 1dan Raster Dataset #4019 3.20

(d) Change Detection Wizard
[ X Je&
Qutput Generation

7 v ax

Smoothing Neighborhood
None

Qutput

Save Result As

‘Raster Dataset -"

Output Dataset

‘ChangeDetenican—Zl crf ‘

Preview < Previous Run

) (b) (c)
| Change Detection Wizard ?Tvax
Ly
1 'YY ) Change Detection Wizard ?vax
Configure eeO
Change g Class Configuration
Detection~ Change Detection Method
R Filter Method
‘ Categorical Change v ‘ ‘ Changed Only .,‘
2311172021 - - Vter
IEl)ﬂ Change Detection Wizard o Urban
& 0 Raster
Perform change detection between two rasters or a \\21/12/2021 ‘ | I Forest
@
time series of rasters using a guided workflow. I Agiculture
| I St
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aresoi
Processing Extent
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AN 3.20 TunaunsasuwlaINIsiauselevney

AN (@) A LA DIL BN LY

30950 (d) AD MINAN9UBNATRID AW (d) AD NAadNSALe

A (b) AD NUIANNVNATBIND AN (©) A UNUIN9VBY



3.3.5 JUABUNITIATIZHAIAYUN YN T

3.3.5.1 nMyaszvsstivnssal (Normalized Differences Vegetation Index; NDVI)
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3.3.4. 3aAuLANANITUSULARY (Soil Adjustment Vegetation Index; SAVI)
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Support Vector Machine
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25M3 Overall Kappa
Accuracy Statistics

Support Vector Machine 80.34 72.93

Maximum Likelihood 60.33 51.72
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K-Nearest Neighbor 70.43 59.77
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Agri Bare User
Class Water Urban = Forest  culture Sugarcane soil accuracy
Water 10 0 2 8 1 5 38.46
Urban 0 9 0 0 1 0 90.00
Forest 0 0 20 0 1 0 95.23
Agriculture 0 0 0 8 2 0 80.00
Sugarcane 0 % 1 0 35 0 92.10
Bare soil 1 1 0 0 1 10 76.92

Overall accuracy  77.96

Kappa 72.41
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M1914 4.6 WaN1IATRFBUANNGNABILLIUN 21 SuAN W.A. 2564

Agri Bare User
Class Water  Urban  Forest  culture Sugarcane soil accuracy
Water 6 0 0 0 0 7 46.15
Urban 0 5 0 0 0 1 80.00
Forest 0 0 9 0 2 1 75.00
Agriculture 0 0 0 5 2 0 70.00
Sugarcane 0 0 0 2 20 0 90.00
Bare soil 0 0 0 1 1 40 95.00

Overall accuracy = 80.34

Kappa 72.93
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Agri Bare User
Class Water  Urban ~ Forest culture = Sugarcane soil accuracy
Water 5 0 0 0 0 5 50.00
Urban 0 4 0 0 0 6 40.00
Forest 0 0 19 2 a 1 73.07
Agriculture 0 0 0 6 1 0 60.00
Sugarcane 0 0 0 1 9 0 90.00
Bare soil 0 1 1 0 1 48 74.35

Overall accuracy =~ 76.35

Kappa 70.34
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M1914 4.10 HANTIIATIVEBUANNGNABITUIUN 7 AUAINUS W.A. 2565

Agri Bare User
Class Water  Urban  Forest  culture Sugarcane soil accuracy
Water 5 0 0 0 0 5 50.00
Urban 0 5 0 0 0 5 50.00
Forest 0 0 27 2 4 1 84.37
Agriculture 0 2 1 12 3 0 66.66
Sugarcane 0 0 0 1 7 0 70.00
Bare soil 0 2 0 0 0 31 91.17

Overall accuracy = 76.31

Kappa 69.34
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Agri Bare User
Class Water - Urban - Forest culture Sugarcane soil accuracy
Water 6 1 0 0 0 3 60.00
Urban 0 H 0 0 0 5 50.00
Forest 0 0 7 0 2 2 63.63
Agriculture 0 0 3 3 1 3 30.00
Sugarcane 0 0 0 0 10 1 90.00
Bare soil 0 1 0 0 0 69 98.57

Overall accuracy: 81.64

Kappa 69.01
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4.7.3 é’fsaﬁmmLmﬂmamsﬂiuuﬁau (Soil Adjustment Vegetation Index; SAVI)
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An analysis of sugarcane plantations multi-time from Landsat 9 satellite using
machine learning techniques. A case study: Bangrakam District, Phitsanulok Province
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