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Abstract

Background and Objectives: Chanthaburi province is characterized by highly diverse land use and land cover
(LULC), encompassing agricultural lands, orchards, forests, urban areas, and coastal zones. These areas undergo
continuous modifications due to agricultural expansion, urbanization, and environmental transformations.
Consequently, possessing accurate, up-to-date, and high-resolution LULC data is crucial for effective natural
resource planning and management. Currently, geoinformatics technology, particularly Sentinel-2 satellite imagery
combined with machine learning techniques, has gained significant popularity for LULC classification due to its
efficiency in managing large and complex datasets. However, each algorithm has distinct advantages and
limitations; therefore, evaluating their performance is necessary to determine the most optimal approach. This study
aimed to compare the performance of four machine learning algorithms: Random Forest (RF), Support Vector
Machine (SVM), Decision Tree (DT), and Maximum Entropy (MaxEnt), for classifying seven LULC categories in
Chanthaburi province. The primary focus was to evaluate the accuracy and suitability of each method when applied
to satellite imagery.

Methodology: This study utilized atmospherically corrected Level-2A Sentinel-2 satellite imagery acquired on
January 12, 2026. The selected imagery had less than 5% cloud cover to ensure high data quality and minimize
weather-related impacts. All data were processed on the Google Earth Engine (GEE) platform. The spectral bands
incorporated into the analysis included Band 2 (Blue), Band 3 (Green), Band 4 (Red), Band 8 (Near Infrared: NIR),
and Band 11 (Shortwave Infrared: SWIR). Furthermore, four spectral indices—Normalized Difference Vegetation
Index (NDVI), Normalized Difference Built-up Index (NDBI), Modified Normalized Difference Water Index (MNDWI),
and Bare Soil Index (BSI)—were integrated to enhance the discrimination capability for LULC types sharing similar
spectral signatures. Stratified random sampling was conducted, utilizing 1,000 training samples and 400 testing
samples across the seven LULC categories. All algorithms underwent hyperparameter tuning via Grid Search and
5-fold Cross-Validation on the GEE platform to optimize their performance prior to classification. The final results

were evaluated using various statistical metrics, including Overall Accuracy (OA), Kappa Coefficient, class-specific
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F1-scores, and a Z-test at a 95% confidence level to assess statistically significant differences in performance
among the models.

Main Results: The LULC classification revealed that the Random Forest (RF) algorithm yielded the most superior
results, achieving a high Overall Accuracy (OA) of 90.25% and a Kappa coefficient of 0.88, which indicated a robust
agreement between the classified outputs and the ground truth data. This was followed by the Decision Tree (DT)
method, which achieved an OA of 86.25% and a Kappa coefficient of 0.83, and the Support Vector Machine (SVM)
with an OA of 84.25% and a Kappa coefficient of 0.81. Conversely, the Maximum Entropy (MaxEnt) method
produced the lowest performance, yielding an OA of 69.50% and a Kappa coefficient of 0.63. At the individual class
level, the water body class exhibited the highest accuracy, reaching an F1-score of 0.99 under the RF method,
owing to its distinct spectral characteristics. In contrast, the orchard class demonstrated the lowest accuracy across
all algorithms, as its spectral signature closely resembled that of forest or perennial tree areas, resulting in
classification confusion. The statistical Z-test confirmed that the performance of the RF algorithm was significantly
different from the other algorithms at the 95% confidence level, demonstrating the efficacy of this method in handling
complex and non-linear data.

Conclusions: The Random Forest (RF) algorithm is the most effective method for classifying the seven LULC types
in Chanthaburi province using Sentinel-2 satellite imagery when compared to the other evaluated algorithms,
particularly in scenarios involving highly complex and variable data. Additionally, the application of the Google Earth
Engine platform significantly enhances the processing efficiency of large-scale spatial data, mitigates
computational resource constraints, and facilitates rapid analysis. The knowledge derived from this research can
be effectively applied to land use planning, natural resource management, LULC change monitoring, and
supporting policy-level decision-making at both provincial and regional scales.

Keywords: Machine Learning Algorithms; Land Use and Land Cover; Satellite Imagery;

Sentinel-2; Google Earth Engine
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Figure 1 Study area; Chanthaburi Province

2. dayainllunisdnm

2.1 AMNEnaaInANAEN Sentinel-2 MSI (MultiSpectral Instrument) 32aulszsaata Level-2A (Bottom-of-
Atmosphere Reflectance) ﬁchumiﬂ‘}’uLLﬁL%a%"umimmﬂ TRFnnwEasuR 12 unsAL W.A.2569 TiRanuaziann
20 AT SzULNTAG1989 WGS 1984 UTM Zone 48N Tnai3enlddayani Google Earth Engine siagl Collection ID:
COPERNICUS/S2_SR_HARMONIZED 1lsznatrldatuiusldlunnsiiassd Iun wuus 2 dafndasnaudun @
(Blue) wuus 3 SPALT IR AR e (Green) WUWA 4 4m FUT9AAURLA (Red) WLUA 8 4R FuTaenauEunsealng
(NIR) LAZLLUA 11 FpFuta9nauBunINITn AR LAY (SWIR) %mmumwﬁwﬂ?ﬂluwﬁnmfﬁ’ﬁu@ﬂwLLwéumﬂTu

o o

A3ANEI LULC seaudandn

2.2 dayasaiiieaiinnii (Spectral Indices) N4 lun1sdnm tnagRaalavinnisawaeidailidanlnasy
a a A 6 o o o ax ° o cala a a = =
WwiniAn e ldidunusnsnizaessulsdanasnulunisauunnisldsylamiauuas Asnaquau Tnadoaszidan

Aandnalu Table 1
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Table 1 Spectral indices used in this study

Index Equation Source

Normalized Difference (Tucker, 1979)
(NIR-RED)/(NIR+RED)
Vegetation Index (NDVI)

Normalized Difference Built-up (Zha et al., 2003)
(SWIR1-NIR)/(SWIR1+NIR)
Index (NDBI)
Modified Normalized Difference (Xu, 2006)

(GREEN-SWIR1)/(GREEN+SWIR1)
Water Index (MNDWI)

((SWIR1+RED)- (Rikimaru et al., 2002)
Bare Soil Index (BSI)
(NIR+BLUE))/(SWIR1+RED+NIR+BLUE)

*Note: BLUE = Reflectance of blue band, GREEN = Reflectance of green band, RED = Reflectance of red band,

NIR = Reflectance of near infrared band, SWIR1 = Reflectance of short-wave infrared 1 band

1
cala o o o =

2.3 daganisldisrlaminauresdmdndunys w.a.2568 lugluuunnmes aannanimuiau
2.4 daypreuwndandnaunys Tugduunnnmas annsuimunmu

2.5 dagadsdanipaungnianldlunsdawangadayadniunisiinas uazniamaaauuLLaaes lng

1 ¥

wugdanananidudndau 70:30 :ﬁ’mﬁ*uqm‘ﬂ’mg@ﬁﬂm@u (training dataset) LL@&“I;@%’@H@V}M@‘QU (testing dataset)

a

AINAIAU AERDNNIGNFIRLINLULUINTY (stratified random splitting) Wiaindndauaesdayalunsazilszinnnig

lselommauuaz@elnrgumuliaenndasiuluivassgadasys Ussinnnsldils: TamMauuazdalnagumauildly

nsdnelsenaudan 7 Uszim laun Wunguauuaz@silgnasng (Urban and Built-up Area: Ur) fiufitdn (Water Body:
Wa) Nundlduazldaviuny (Forest and Shrubland: Fr) Nunld e udu (Perennial Vegetation: Pe) Nunldua
(Orchards: Or) NUANEATNTINEY | (Other Agricultural Land: Ag) wazWuAuitlan (Bare Land: Br) Inaifinuun
o o ' v v o | ~ ' [y .

nuudet il Indissiuluusazlssnn ineannansenuainauliannavasdaa (class imbalance) g0
fayatlsznaudnsfitatelnaauaiuai 1,000 A29E19 uazARHNNAABLIAIUIN 400 Frat1e wanaINi tNednNIs

TeymANNANWUSITSNWA (spatial autocorrelation) analialuaINNIsNqnsatsinaeuuaznagauat InanuuIn

rdla al o d‘

Al vieagnialuulasnisldilselamMauneatiu fearadanaliiianisFauf iiunes (overfitting) wazvinlie

v |
o o

ANHYNABIGUNUATS TARNNIAMUATTEZ T UANIEMIN9qAFRaENT (Minimum separation distance) Tneqasnating
nmeludszinnihaaiusesiszasinsdaddaandn 60 ns (3 pixels d1m5udoya Sentinel-2 AT NAZIBEALTINUN
20 wm9) Fauszazininninauaviaaadenuivesdagyaransin ineananswanes spatial dependency 33199

o [

qafaatinaneg IndlAeaiy uaziinaiudasvidsinunaesdeyalnaauuazdayanaaay sl dayanuusianu

a
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3. Matlssnaanadeyauazn1IANALBANETIN

3.1 nsinanudanasiu
Tneildgadeyainaeugaiieaiudmiunisinaenluusiazdanesiiu lnanisiszananaiommasniiunig
1UU Google Earth Engine (GEE) %qﬁmmamw'ﬂ{umw;mfzﬁ'wé‘“umﬁLmﬁzﬁ’w@gﬁmmummmmslum&i ShahGR
ARTRYa Sentinel-2 Level-2A (COPERNICUS/S2_SR_HARMONIZED) Taei 14 Classifier APl danasiutlngu
(ee.Classifier.smileRandomForest) §anasNNGNNa TN LADFuNTTU (ee.Classifier.libsvm) 8anasnusuldfndula
(ee.Classifier.smileCart) LLmﬁaﬂ@?‘ﬁm@uimﬂqmm (ee.Classifier.maximumEntropy)
3.2 m?mwwﬁﬁgmmrﬁmmmw (Hyperparameter Optimization)
Lﬂu%umuﬁﬁm'mzé’wﬁmﬂumm%ﬁ\iLLuuﬁmmmﬁﬂuf’nmm’?‘lm Hesannmnsfime @ ldmunzaiena
yinldunusaeaindymaaududausifiull (underfitting) wraarNduteuguiuly (overfiting) fedanalnnmsg
slapanudugnlunisdruundaya nalder Accuracy 1aigann Cross-Validation idwinmualunisdaidan o
nezuaunsdiuAnlamasnisfmesuuunanveasi GEE Aiunsfoads Grid Search %uﬂumammunﬂm

ATNIIRABFNNUUA I TRA1919 (Table 2) at19ATUAIU warld 5-Fold Cross-Validation UWGATaNatingae Wie

q a
'

Uszifulse@nsnIniednaedusargaN N linasiaranANLAENaIn overfiting newtnANaNga T 14 lun19auun

4

a3 Ipefsaazidsnsduanalis Table 2

Table 2 Hyperparameters Tested for Each Algorithm

Algorithms Testing hyperparameters

Random Forest (RF) numberOfTrees: 50, 100, 200, 300 | minLeafPopulation: 1, 5, 10 |
bagFraction: 0.5, 0.6, 0.7

Support Vector Machine (SVM)  kernelType: RBF | gamma: 0.1, 0.5, 1.0 | cost: 1, 10, 100

Decision Tree (DT) maxNodes: 10, 20, 50, 100 | minLeafPopulation: 1, 5, 10

Maximum Entropy (MaxEnt) Default parameters (GEE implementation)

3.3 NIAIVARDLAINNYNHBY
HARNENITANUUNTINNAAYNUINITALIEANTNINA8ANII0NATNE A NAUAY (Confusion Matrix)

AU EUAN True Positive (TP), False Positive (FP), True Negative (TN) ez False Negative (FN) mnﬂqmsﬁ’@g‘@mmu
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anduANIiAIANgNARYing N (OA), AN Precision, A Recall, A1 F1-score, A1dnysz@nsuatlin (Cohen's

Kappa: K) Wasnagauan Z-test NszAuaanaidiadusasas 95 (Viera & Garrett, 2005)

Results

1. NATDN [TNAFNI 2V TR TN AN

'
=

nmagavlamesimimesiasdanaininrngn wudn ganliAiangniesgege (Feaaz 90.25) Taun
sruaudulsl (numberOfTrees) = 200 A1uausaat1lulfA1ga (minLeafPopulation) = 1 wazdadaudayags
(bagFraction) = 0.5 duSLeANBINNTNNEFALINIABFUNTTU AN cost = 10 LAz gamma = 0.5 (kernelType = RBF) 14
ﬂ@z'ﬁm’%qummﬁ%@mx 80.25 grufudanainusuldindula Araruaulnungeqn (maxNodes) = 50 Lazauau

snatiluliEngn (minLeafPopulation) = 1 liitlsyAnsnngeannfesay 84.00 Auanssnaazidanly Table 3

Table 3 Optimal hyperparameters for each algorithm

Algorithms Testing hyperparameters

Random Forest (RF) numberOfTrees: 200 | minLeafPopulation: 1 | bagFraction: 0.5

Support Vector Machine (SVM)  kernelType: RBF | gamma: 0.5 | cost: 10

Decision Tree (DT) maxNodes: 50 | minLeafPopulation: 1

Maximum Entropy (MaxEnt) Default parameters (GEE implementation)

2. N@ﬂ’?ﬁ‘ﬁ?ﬁ")"ﬂﬂ@ﬂﬂ’)’?ﬂ@ﬂﬁyﬂﬁ

o ¥ ac ?/ ada Yar a v ¥ ¥ a o 1 e a KR 1
NANITANULUNALIGYN 4 98 VLﬂi“Uﬂ’]iﬂi‘SLlluﬁ'}’mQﬂﬁl@ﬂtﬂﬂiﬂjﬁﬂﬁl@?ﬂ@%ﬁ@@‘]_lﬁﬂl,ﬁﬁl']ﬂu wuIdanaInuiln

qu (RF) Warmanugndasinesan (OA) g94n Niaaay 90.25 uazAn Kappa Winfu 0.88 sasasnnassiuldifingula
(DT) WirAaugnaadinason (OA) faaay 86.25 uaz Kappa Wiy 0.83 dwwasaininasiuadu (SVM) Tianaax
gnsiaslnasan (OA) Faray 84.25 uay Kappa Winriu 0.81 uazieulnilgegn (Maxent) Wiaraaugndesiaasn (OA)

Fae1az 69.50 LAY Kappa WL 0.63 ANANAL

a v

It Nan199 BN AR NgUN AR LAY NLANFANNNATRAAEAD Z-test TnafiuuaaNNAFIUNAN (Ho)

= o & ° ¥ asy \ | o oAl » o Y aad a =
AR N@ﬂWﬁ"]qﬂﬂqﬁ‘qqLLuﬂﬂ')ﬂqﬁﬂqﬁﬁJVLNLLmﬂmqﬂqqﬂN@@Wﬁ‘WVLﬂ@’]ﬂﬂ'ﬁqqLLuﬂmqﬂ'Jﬁﬂu LL@Z@NNW‘EWH?@Q (Hl) AR

A

o rd‘ v o ¥ aa ] ' o rdl v o v .
N@ﬂWﬁ'ﬂim@ﬂﬂﬂ’]M’]LLuﬂm'm'uﬁﬂﬁZis\luﬂ'}’mmelﬂ’Nﬂ’mN@@WﬁV}imﬂ’mﬂﬂﬂﬁLLuﬂm%l’Jﬁ'ﬂu (Intarat & Sillaparat,
Y @ 1 oasy Y o & \ aal | Aae o o aaa o 4 o 9
2019) N@ﬂq?WQQEULL@ﬂQ‘luLﬂu'Jq Qﬁﬂq@‘NsLMN@@WﬁLLmﬂm’]qqqﬂqﬁﬂuﬂﬂq\iﬂuﬂﬂqﬂf]o_JV]’N@f]mV]TZ@UﬂQqNLmﬂNuﬁ‘@ﬂ

ad o -

az 95 (AN H +1.96) InelA Z-test winriy 7.22, 2.49 uaz 2.43 WalfFaumeuniudsieninsligeqn Tadwnese
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v
o o

- a ad Yy Y Yo a ° X A \ i a aao =
LINLARAThN T LLﬂz')ﬁﬁ]uvLﬂJﬁ]ﬁ@usl@ ANNANAL YNU ANARBRL Z-test sLuV!ﬂﬂ?mﬂﬂq@ﬁﬂqqﬂq']ﬂqm%ﬂqﬁum AIAINITN

o o

UfjiasannmgIunan (Ho) WieteiitodAynieada Asuanssaazidenlu Table 4

(7

Table 4 Comparison of OA, Kappa and Z-test results

Algorithms OA (%) Kappa (K) Z-test Test result
Random Forest (RF) 90.25 0.88 - -
Support Vector Machine (SVM) 84.25 0.81 2.49 Reject Hg
Decision Tree (DT) 86.25 0.83 2.43 Reject Hg
Maximum Entropy (MaxEnt) 69.50 0.63 7.22 Reject Hg

\HaWan30unA F1-score Anuunauilszinmns sz TamMauuas@snaguian (LULC) 1esusiazdanesny
AN Table 5 wudn thguillss@nininlunisauungangalunnilszinn InaiAn F1-score gandndnwnasnaniaas
wnaiu Fuldfndula uazoulnsllgegn uazilafiansanen Fi-score matlszimnisldisslamaunardnagunu
L&A LY a \ o = o ax o a4 o -
AN Table 5 Wud1 Nuunasn (Water body) HAnANusuENgengalunndanesny Insndanasnutlgu dnnasn
wnasuagdu wuarduldandulalian F1-score winfu 0.99 winiu anuzidanesiinieuinsgagaiian 0.90 il
y JdY a od A : o o X
\Wasaniumihdanyuzanaiunuanseaindszinnauetnadaan Tngianizan MNDWI ige sesadnnaaiuni
Tluazlfazmng (Forest and shrubland) #adanasfningulian F1-score gagan 0.92 Fulindula 0.88 dwnwasn
wnmauNTy 0.86 waziounllgeqn 0.73 lunnemseiudnn Wunldeusu (Perennial vegetation) HA F1-score
angaluyndaneiny Inadanesfinyngu dAvinfiu 0.87 suldisndula 0.82 dwwesmonimesuugdu 0.79 uay
aunstlgegn 0.61 Tudunaanansuzanlnafuiindidssnunun s uaziuni duasldazinng i liiaaaa
duaulunisanuunseninassnmasnans drusununliiug (Orchards) danesnuilngulien F1-score winfiu 0.90
suldindula 0.88 dunafnaninefungdu 0.85 uaziauinsllgegn 0.74 doununguauiazdslgnasng wu
NBRINTINEY 7| waziunfAuan 1en F1-score atfluszattunanedian Tnadanesnutlgu HA1windu 0.86, 0.88
waz 0.89 ANaAL auzeuinsllgegn TiAangalunanaiszinm Ingansiunguruwasdslgnasie uasiui

% 1

A A o P = A = Iy % o o o ax =
UAU NNANNWEN 0.61 1NINU 7D9ANHIADNUNLNBRATNTTNRL °] NHA1 0.58 eﬁ\‘i@zmﬂum@@qﬂﬂm@ﬂ@@ﬂ@?‘wwL@utm?ﬂ

[nc))Y

gegnlunisdnuundssinnidaonuuainuanauasiudeunvannniugs Asuansaazidanlu Table 5 Table 6 uay

Figure 3
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Table 5 Comparison of F1-score by land use/land cover class

F1-score
Class Test sample RF SVM DT MaxEnt
Urban and built-up area 34 0.86 0.76 0.78 0.61
Water body 44 0.99 0.99 0.99 0.90
Forest and shrubland 82 0.92 0.86 0.88 0.73
Perennial vegetation 68 0.87 0.79 0.83 0.61
Orchards 98 0.90 0.85 0.88 0.74
Other agricultural land 22 0.88 0.81 0.81 0.58
Bare land 52 0.89 0.87 0.84 0.63

v
1o

wananil leafansaunanislszifiuAriminaaugAnysessaulsidealnmadiy (Feature Importance) At

KX =K o

351)4u (Random Forest: RF) 1iadiaszsiidsaniviladaailnasunanniansnasenanisanuunilszionnasld

'
a 1 o

UselomMauuarAnaguan (LULC) Tuiundaudndunijs wusn sawlsivhsnldiauuusaunaiuuas daiifansso

Kl

aa a ' v a

Handnasanisanuunuansineiu TnadowlsndanudrAtysenis drdulaesuuuanasaninign 3 dusiusn laur

o

Y

NDVI §atiaz 22.50 MNDWI §atiaz 18.20 uazdaanaugunssnnandu vse wuus 11 fasaz 15.40 auandy Tuane
dl 1 dl a 2; a A o v o dlda a ' ° 3 dl o a’dﬂj v @ ! °

NanaualnRUY ¥Te LU 2 feaay 1.70 Wudiulsiianinaseiuuanaestasngn nadniiuandliiinginisi
fatdannaiudnanysaunnisiiniudeyadaspauiingiuaes Sentinel-2 HdaudrAnyetinedelunisifinainuuiug

TunsuanuezlssinmnisldlselominauuazAsnaguanlunundnm Asuanssaaziaanlu Figure 2

Feature Importance: Random Forest Land Use/Land Cover Classification

22.50%

NDVI
MNDWI

Band 11 (SWIR)
Band 8 (NIR)
BSI
NDBI

Band 4 (Red)

Band 3 (Green) 310%
Band 2 (Blue) 170%

0 5 10 15 20 25

Importance (%)

Figure 2 Feature importance scores derived from the Random Forest classifier for land use

and land cover classification in Chanthaburi Province
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Table 6 Comparison of land use and land cover classification results among different algorithms

Sentinel-2 RF SVM DT MaxEnt

Bare land
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Figure 3 Classification results of land use and land cover for each algorithm
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Table 7 Confusion Matrix and PA/UA of Random Forest (RF)

LULC Or Fr Pe Br Wa Ur Ag Total UA (%)
Or 86 5 7 0 0 0 0 98 87.76
Fr 2 76 4 0 0 0 0 82 92.68
Pe 5 2 61 0 0 0 0 68 89.71
Br 0 0 0 45 0 5 2 52 86.54
Wa 0 1 0 0 43 0 0 44 97.73
Ur 0 0 0 3 0 31 0 34 91.18
Ag 0 0 0 1 0 2 19 22 86.36
Total 93 84 72 49 43 38 21 400
PA (%) 92.47 90.48 84.72 91.84 100.0 81.58 90.48 90.25%

Table 8 Confusion Matrix and PA/UA of Decision Tree (DT)

LULC Or Fr Pe Br Wa Ur Ag Total UA (%)
Or 83 4 9 0 0 2 0 98 84.69
Fr 3 72 6 0 0 0 0 82 87.80
Pe 4 5 58 0 0 0 0 68 85.29
Br 0 0 0 43 0 5 3 52 82.69
Wa 0 1 0 0 43 0 0 44 97.73
Ur 0 0 0 5 0 29 0 34 85.29
Ag 0 0 0 2 0 3 17 22 77.27
Total 91 82 74 50 43 40 20 400
PA (%) 92.31 87.80 78.38 86.00 100.0 72.50 85.00 86.25%

Table 9 Confusion Matrix and PA/UA of Support Vector Machine (SVM)

LULC Or Fr Pe Br Wa Ur Ag Total UA (%)
Or 80 6 10 0 0 2 0 98 81.63
Fr 3 72 7 0 0 0 0 82 87.80
Pe 7 6 55 0 0 0 0 68 80.88
Br 0 0 0 42 0 7 3 52 80.77
Wa 0 1 0 0 43 0 0 44 97.73
Ur 0 0 0 6 0 28 0 34 82.35
Ag 0 0 0 2 0 3 17 22 72.27
Total 90 85 72 44 43 40 20 400
PA (%) 88.89 84.71 76.39 95.45 100.00 70.00 85.00 84.25%

e
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Table 10 Confusion Matrix and PA/UA of Maximum Entropy (MaxEnt)

LULC Or Fr Pe Br Wa Ur Ag Total UA (%)
Or 71 8 17 0 0 0 2 98 72.45
Fr 8 62 12 0 0 0 0 82 75.61
Pe 15 10 43 0 0 0 0 68 63.24
Br 0 0 2 31 0 16 3 52 59.62
Wa 0 8 0 0 36 0 0 44 81.82
Ur 0 0 0 10 0 24 0 34 70.59
Ag 0 0 0 6 0 5 11 22 50.00
Total 94 88 74 47 36 45 16 400
PA (%) 75.53 70.45 58.11 65.96 100.0 53.33 68.75 69.50%

Discussion

nnsmegauilss@nininnisatuuninglddaneinuanuiu 4 35 laun tngu (Random Forest: RF) dnnass

4

LINLABFLNTTY (Support Vector Machine: SVM) A lsiin@ula (Decision Tree: DT) LL@:LﬂuTwsﬂqqqm (Maximum

v 1

Entropy: MaxEnt) Wudn danasnunisizauiaeaazas aun RF, SVM uaz DT Tiaraanugnaeslunisaiwungensn
MaxEnt atiedaian axiiauliiiiuisdnaninaesdanesnuniszauiaeanseslunisdssgnsldsaniudayanindis
padaNdiunisauunns ldUssleminAuuasAilnaguian (Intarat & Sillaparat, 2019; Abdi, 2020)

Tngannzatinedie A5t qulidraanugnsaelaasan (Overall Accuracy: OA) g47ign winfufesay 90.25

|
A

add‘ o 1 £% Vo a £ o 'S v % v .
Wasanidudsnvmunsegenannfuldfndula e linnsmunaansannsulduana i (ensemble leaming) waz

o

AndunaniedanisluinuLuuAIgIulen (majority voting) T4TILAAAINNARNIALAADU LATINHNAINIATETDY

wuuAanaes wananni AsThgudeanunsalsziiunnudAnysessouls (variable importance) wazdaanisiudayagoy
v a a . a 2 aa v o A o a a aal ,
werlaetinedlilsz@Enn (Breiman, 2001) BnauanINAReUNNADRAR0Y Z-test flatiududnisz@nininaasibilgu

= o A

AININFIRUBNULILINGBEUFIDLATDIR UL NHITRIANATYNI9ATRA (Intarat, 2022)

¥ '
o Ao A

puTmed Ay lumssuundasalunisinemil Aenruduauszminaituilidnauazui i doiu
ﬂ?:Lmnﬂﬁs’lﬂﬁﬂiziﬂﬁnﬁﬁﬁul,l,mﬁqﬂﬂﬂqu514‘17;ﬁf«%’mquﬁq@ﬂwmﬂuﬁuﬁﬁﬂm faililesannisgessznnanms
nsneuauedanafuilndiAee T Ingenilutaenaudunsienlng (Near Infrared: NIR) AL AT
aulnmi 1 NDVI, MNDWI uaz BSI dnandusaudsthdnifiudinanansodasananuduausonandldluszsuuil
TmﬂL@W’mﬁ@ﬁéfmﬁ’uﬁ@nﬂ?ﬁmﬂﬁzﬁu (Random Forest: RF) FagnunndanisRLANNd Uit Ute LAy liiTus
durasdayalfedieflleszdninm lenFauiauusanedfiueulnedlgegn (Maximum Entropy: MaxEnt) Feilu

FBNIUUNTATE WU SANEINNNIIEELTIBATEY IAuA RF, SYM waz DT TeApaugneesgendnatnssiaiias
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1
o o Y

dl o o Y aa a o 1 a ¥ vl K o o
FANAINATNITAANITNULDHANNNITNTCANUAITL aunazianeoeldidudadulannd) aauunzaniuniseaiuun
k7 a o

ayanigldUseleninanuasdslnaguannidaneuzanninlngdiAeiu (Rodriguez-Galiano et al., 2012; Intarat,

2022)

[%
I3 o Ny o

' = = o 5% a ) = | = 2 o ANy o o
'l’]EI’]\‘iLLi‘ﬂﬁl’]ﬂJ ﬂ’]ﬁ‘ﬂﬂ‘]:i”]u?_lxiN“II@"Wﬂﬁ@’mﬂ’]ﬂ’ﬁ’ﬂ'ﬂﬂ;{ﬂL‘NLL@\T (optical data) LNEINBENNLAEIA FeglaNdaannia i

I [
aaa o

NFANUUNAUTNRAINMAINANITIAIINRSNEGS (spectral heterogeneity) WasNuNNRANHUzNTUNAgNNANAT W
. . [mpmn ~ a o A A , ~ o o o

9N (mixed pixels) Tngtannzaaunaldminislgnimnanaaiinsoniulunuibes wu nizew e uazdinn SaiT
wiazatiadansniznenieninaasuuazinssafeizeunesnunnsdeiuetedaiau i lusesiipandauunuas
o o . A P o o = Ao 8 va a v &

11919 ANBUENINTa9ENAe NN LaznsanFassaTesluyFauRn IiRnA N §ITTIIRIAULLEEY
29m (canopy roughness) AMNUANGWNINEN NN TR Annsenuaaududaune Tunsswn deualinig
nrziasreanaanie lulnseasnaly (spongy mesophyll) Tdasinane nnldAnnrazienludasnauaunssalng (Near
Infrared: NIR) ﬁmmm?ﬂmu@.q #aNAIN ANLANANNT89L 5NN Tl (leaf water content) Ua9NTLARZ TN
fadenaliszdunisganaundsauludaipaudunsisnaaudi (Shortwave Infrared: SWIR) naluuiauna L

= o

AonuaNFaiugenn e WenFaumauiuiuntAuudsludandndunys seldnerlasaingiaugenuuy
4 . = oA = = ° v a v = a a =
WA EEU (multi-layered canopy) NinAgusaLiiatuariugaion1ngs M litAuuwdafinisnsziasaedndu NIR 7
! 1y ~ a = = A o X 0o , \ \ @ v
AauT19gIUAaTAI uaziiniIgANALARY SWIR Nasanaananaulul fnuuiundn ednlafinin udnalnnig
AZTUIZAUNTINNAZANTU witla ATz lusEALqANIN (pixel) NINANNAIUIBIANNTALTiauLL s sauwluadn
palduuunan ndudenalidedzesivassnguiiponuiudeniy asanisaestsvinniaaunuiuuuaeqisay
ganuazAfTiNawsslnA AL Y TeaanAaasiunan AT AN Aty aas auLls (Feature Importance) 1u
. d‘ Y @ | o o v d‘ ¥ £ A o | dll a v |
Figure 3 uansliiiiudiuuuanaesantudesiionndayanisasiounaznisganaundsnulugosnauasn laun
WLUWA 11 (SWIR) Waziiusl 8 (NIR) 219N lun1siiiiA a1 nn 90 lun1suenie suasan AN ALALIaIN N AANE
= oo = o o 9 o =t
NanssundanEusiEanafiudeuiumanil
. y g v o & 4 4 o
dwFumannimiglunisuenuasiun ldnaeenainNuiinEANesnay < 1 981N TRMUILWINIS
P Y ady ¥ vy ' . . ° ' = ,
Wi lAnaneds teun (1) nslddayananadagioan (multi-temporal analysis) Iagtinnndnaanalisumanedaana
Tusaudandinszifoniu e fnegUununisasuulasdaggniazesisusiazdlszinn deasanliualudmdn
o aa a a 3 -QI ' A dl 1 ¥ A A [} Y a
JunmfEiasasniawsydvinuaznaiunaauanseaniTnemslssinnaw wu davseils dealiingluuunig
o - . oo da oy e e ey 4 X ,
wWasuudaudeaidnaiuianizin Fealuwaiindoainacnusiug lunisdwundeyaldningsau (Mazzia et al.,
2020; Macintyre et al., 2020) (2) n1slddayaasawmaAniA1anfnuLan 11 dayaulaanems (farm parcel data)
Ay = o , o A o 9 o ° a -
wredeyanziouaiunalizasnisaauniady e ldidudeyasivayulunisdiuun (3) naiuuuus Red-Edge
294 Sentinel-2 (Band 5, 6 waz 7) Tedadnulasiaiiuinnselsiaduarinssaialuig doaiinaiiuainnsalunig

= o aA

a A v o o 9 s & a a -
LI bbeI ST AWT NN AN ﬁuWTWTﬁ‘mIﬂ@LﬂENﬂu wae (4) ﬂqﬁ‘iﬁ@m@ﬂ‘ﬂmzLﬂj\?WuNQ (texture features) a1NNNTAUATIEU
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Grey-Level Co-occurrence Matrix (GLCM) ilwsautstindnidiniiin iiasannivui ldnasindgUuuunistgniduwnad
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; 44 4 4 e ae & .
asane TIUENNUNINEATNIINDY | INHANHITNUEIANaTY
Conclusions
a0 & Y & & o o a ~ 9 = . ) °o o °

NuddetuaasiuIAnanwee9danes NN Geu189LA709 (Machine Learning: ML) #15UN193741N
nslduselaminaunardalnaguanludandindunys lnoendudeyanintdigainaiomien Sentinel-2 UuunanWasy
Google Earth Engine (GEE) sanfiudayasaatieiliainnisdisaninauin nan1sAnewudn danesnuniaizend
2891A709 baun gy (Random Forest: RF) dnnasaionimasuugdu (Support Vector Machine: SVM) uay s lsl
sndula (Decision Tree: DT) lA1A1ngnAaslunisanuungendnisieulnslgeqgn (Maximum Entropy: MaxEnt)
atedniau Inaanzdanesnutgu SeliAianugnsesingsau (Overall Accuracy: OA) §47140 UazHAMNUANGNN

| Ao o o aa A A o o Ak A A o A o v =2 o % v @
adelidadnAynsatnlenFauauiudanaTinaunszauaudatuiaaas 95 nannsAnendeazianliiiugn
nstsegnafldaausindnilsymantiGean na iy (1w NDVI, MNDWI uaz BSI) sauiudaenaudunaiee (i SWIR
uaz NIR) HunumdrAnyed19deluniaiiulszdnsnmuazA ULl ug1109n19911UN T9danARRTLNANITILAIIZS
o o o A o 1 o L A o o X Ay o«

ANANATYTRAaLL T (Feature Importance) NEugudnmandsiuaniidaaananuduaulunisanuunivunlaasded
13289500 lagtani1 eI uN Ul ANt udauredsausaANTINII LA AN HUYN1IAA LA LT g U nATY
InaAeanu

anvdudaiauauuzlunisinuaissiall posiarsannisnaiudasyaidialasaaing (data fusion) seudnedaya
Sentinel-2 $9uiUdB3AL9A1F Sentinel-1 (SAR) 1isadaya LIDAR WNaLANANAIN130 lUN1TUEN I Z A THLANFN9T8 Y

v

IAraasaFeusansendIa i lilna Nuinldtuiu wazfunth lluasldaziuny wanannil n1sLiinga9AaL Red-Edge

o A o

9849 Sentinel-2 (Band 5, 6 44y 7) Wufaulstindivnimn §alfnan nlunisiingsz@nsninnisanwun Wesaingoa
d‘ o 1 = 1 a & v = d’ 1 a =l dld o a
AavsanaailaN et uraalsiasuarinseaeluia GeanunsadasnanLe s I RANTNI TN N AN T LT
aulnafulndiasesiulaateau sandennmaasulununAneauinaiigadaoinainiso lunasinly ldsinld

(Generalizability) TRUULLANABS
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