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Abstract

Phu Khiao District, Chaiyaphum Province, is a significant sugarcane-growing area in northeastern Thailand, both
in terms of cultivation area and production volume serving as the primary raw material for the sugar industry. However,
sugarcane area mapping still relies largely on field surveys, leading to limitations in spatial detail and temporal consistency.
This study develops a sugarcane plantation classification model using a Random Forest algorithm with 21 features
comprising 13 Sentinel-2 spectral bands, 6 vegetation indices, and VV and VH polarizations from Sentinel-1, processed
on Google Earth Engine. A total of 400 training polygons (54,304 pixels) and 400 independent field validation points were
used. Four feature datasets were compared: (1) RGB optical data, (2) vegetation indices (Vls), (3) vegetation indices
combined with SAR data (VIs + SAR), and (4) SAR data alone. The results indicate that integrating vegetation indices with
SAR data (VIs + SAR) yields the best performance, achieving an Overall Accuracy of 88.50%, a Kappa Coefficient of
81.90%, and a Producer's Accuracy for sugarcane of 94.0%. The Red-edge indices, particularly Cl red edge and SAREI,
effectively reduced spectral overlap between sugarcane and other vegetation types, as sugarcane prior to harvest exhibits
high and uniform chlorophyll content, resulting in a narrow interquartile range that is clearly distinguishable from other
crops. These findings suggest that multi-sensor integration with Red-edge indices is effective for sugarcane plantation

classification and can serve as a prototype for large-scale sugarcane monitoring.
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Map study area Phu Khiao District, Chaiyaphum Province.
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Figure 1 The study area in the Phu Khico District, Chaiyaphum Province
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Figure 3 The conceptual framework
s g e

1. NM5USTNIANA2BYR2UAYN (Pre-processing)

NN ALAE BNY B AR UNNAUUNARNETH Google Earth Engine (GEE) Anifiunslaanisdaldanynyeya
Sentinel-2 SXAUNAAN ! Level-2A i KIWNTTLINAITUN [BAINARIALAR BUNIILTIENA (Atmospheric Correction)
Lﬁl’rﬂLLﬂ@Gﬁﬂﬂy@HﬂTﬁﬂgmgﬂﬁ"lﬂﬂ‘iﬂ:ﬁﬂuﬁ”uﬁq (Surface Reflectance) ﬁgﬂ@iym gimﬁmﬁ%quﬁ’u{@ﬁ@ Sentinel-1 (GRD)
Twanlsias5 W uaz VH 89n1unszuann1sUsuun13e3ed (Radiometric Calibration) waznnsUsuwn mnsAanaLAa am
L‘??dL’ﬁ“ﬂﬁmﬁmmﬂﬁ/ﬂwngﬁﬂizmﬂ (Terrain Correction) L‘Wlﬂaf‘myﬁWﬂﬂﬁﬂﬁ:ﬁmﬂ‘ﬁmwﬂﬁu (Backscatter) ﬁmwgﬂ@?ﬂ\i
L%w‘hLmﬁmml,%\m%mmqqqm Tumﬁl,ﬁ'u@mmwﬁmj@T&Tﬁmﬁumimﬁmmqmﬁumu (Speckle Noise) AnBsianTas Focdl
Mean GaifisAgnafifenlaluniawieanesa Sentnel-1 (SAR) (Mulissa et ol., 2021; Badruzzaman et dl., 2025) Tnsidan
‘ﬂymjmmﬁmymj@ﬁy’mmﬂiuﬂﬁuﬁmLquf‘fﬂmmymﬁu R DAANENATH LIS HHE AT IIBIEN N HUFTEINALAS

Aoy IMTUNIBINTW FSunTArTsBelBanadduiuneuda U



31581531 INISLNBNITAMRIRINNTTHBINUT (JSID) T91 7 20Ul 3 AReIeW — 54IAN 2569 | 179

2. NISATRIUALHLTIARY
NEVAINTITUTLUN DY ABILTTYINIALAZIBILTVIATN 2BYAAINITAENEURURIUATAIN1INTLIANTTINY

nauazgniATInsrili B pau e aTnAdANBozIAN (Feature Extraction) 289 3anuuiuia Taasifinnianim

ANANANDITNINTARN THNTT NN ANz dRg Tagasyaan Sentinel-2 azgnudaadudafiusdann

v ' '
o

REN330UATANT Y aouzfinaya Sentinel-1 azlyTunnsdinsenlassasnesiuianudedsnsiaan Inanlsisdn

WWeasgauaya fananyssdmsunisUszaanalwiunewdn (U Tna sl Ayl

2.1 Normalized Difference Vegetation Index (NDVI)

[
adaAad

FaBTANUg IR NIT BaLAZ AN UWENY Yinruniiue nuAiRs naguasnanwd ndRe wasly
Aamuniseigiulalnesansesans BN ui Al gouansfofed facnunuiuue mnnzdmnsunisdseifiv

nawsnyivlnwesiisuaznisfinanenisiaeuulasdelnaguan (Jena et al, 2019 ; Shi et dl., 2023) Feann199 1

NDVI = MR=RED (Equation 1)
NIR+RED
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2.5 Soil-Adjusted Vegetation Index (SAVI)
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Faunnrasannienssadlagsasasiunazulas uazasannansznueInasulsiesaqannne il ey
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nERNIERNEeuLULSIaeY (ARNANN1TAT99 8aLAMN NI BN AIALALATIEINIANTEaE AR AF sl ARE LA
ﬂ@llm (Boxplot) Tmﬂsf%’s?}qw;%ﬁwﬁ}wmmﬁﬂmeﬁﬁﬁﬂﬂﬁu (Mean—Median Difference) Lﬁumm"ﬁmﬁﬂumii:qﬁﬂ
AmUnd (Outliers) 3aNRUINMANAFB3zMI19AB A (Interquartile Range: 1.5 x 1QR) LL@zVTﬂﬂﬂ'ﬁﬁmmm{ﬂw
fananapansnyanany s iANasanaresnyanis AT AR LAz aRd 1 sunanlunsin

fana3fiuguluiunendaly
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4. msﬁmum*’qﬂmaﬁa

v
a v AA o/

ANFMUAYAATIANEIUE (Feature Sets Design) [anAdeilfidngussasaiatssilulss@ninmniayson

q
! g

NN39TMINYBHABILTIUAZIDYALIANT TWNFIuNnALTiUgnaseiifdansaensdnansoiazlnssasnammanianin
Wzsia Tagaaunisundgmaesitian e nAguIATaRAMNFUAWBIAAY T30 9epa LA Rews s inaui
a4 Yoo Yo XX 4 . v o d Ao s A d Y ey

fiamsazneulnaidesiu Mol ieszysenlsznaureyafiviinanfigaamiunisUssilduiuivgnessiianoiy

a o

gﬂ@iymmiuﬁu%@ﬁqLmﬁaqaqm mmwﬁﬁ@;@“’ﬁLLuﬂﬁmmr&“ﬂwmz@@mﬁu 4 Uuuy Wemaszisaudiauda
TG T E T (TR AR AT 2

4.1 wymdmﬁaumuuumiumtﬁugwmLﬂa"] (RGB) U52Naumaeg99pAuan1Ew (Blue) #ideq (Green)
uazduag (Red) LﬁﬂTfLﬁuﬂmﬂyﬂH@ﬁuﬁqﬂumﬁﬂﬁuﬁuﬁﬂﬂmwL%amw (Visual Potential) 311 A21HUANATNZE
SRR AN NEDIA9as RTINS uHN AT WsAe (Ayhan & Kwan, 2020; Nyamekye et al., 2021;
De Swaef et al., 2021)

4.2 Gufifiawesns (Vegetation Indices: Vis) duiuniaysmuiniammsduilidend Taun NDVI, GNDVI, MS,
Clieg eager SAVI UAE SAREI Lﬁ'ﬂLﬁuﬂﬁ:ﬁwﬁmwcfumﬁmwfﬁﬂmzﬁ’ﬂwmxmﬁwéi’mgzﬁ (Phenology) 1% U5u4
AnelaMas ATNMHILHUEEIRENTTos A2HEWTUTL LATNITAANENENENAsINNNTNENaNTeIAN egasn
me?mmmmaa%ugyﬂ’%ﬁﬁwmmiw‘%fyL@uTmm@w&aﬂT@T@uﬁﬂmﬂéﬁm‘z“f%ﬂy@ﬂaﬁwﬂﬁuﬁuﬁﬂmﬁm@éﬁuﬁm
(Nsiah et al., 2024; Zhao et al., 2024; Li et al., 2024)

4.3 ﬁ’wﬁﬁ’nwssmum;&agmsm% (Vis + SAR) TaenfunnsnannaosyaiBauassanturayaisans (SAR)
Twanlsindis VW uag VH Lﬁ'ﬂﬁqﬂﬂsﬁmmuéua%u%mﬂ%qL%fauﬂm mf]m‘gﬂﬁmmﬁuﬁq wazAIHEuazan T
A Fandnuozanizeasaasfiigluuunianasdanszansndy (Backscatter) mnsanniielaeiinay m‘iwmuﬂyﬂyj@
sUuuuirsunmmassiinamusrUnaguuazanaaduaninsduunfeifidnunsdenaulnaifes i (Yuon
et al., 2023; Chabaldla et l., 2022; Dagne et al., 2023) FAVDYAHLTENDLUAREIAU 21 FAAL TN FafliBendu
789 Sentinel-2 14U 13 ¥29AAW (B1, B2, B3, B4, BS, B6, B7, B8, BBA, B9, B10, B11, B12) Twanlaidiu W uaz VH
990 Sentinel-1 §9949%4 2 %9AAY WAATABIARY 6 Arf (AU NDVI, GNDVI, MSI, Cly agger SAVI Uaz SARE! 1iaTn
LULSNRBIRTNNTOBLATIZH (VIR NE HENN9EET3NeN 32 AUANNTY warlaseaseEensen %aLﬁuﬂ@ﬁVﬂﬁqﬁﬁyTu
nasusneeyeananRysindulnes g

4.4 ‘Zly’ﬂq;ljﬂl,‘iﬂ"lg (SAR) TmfimeizﬁquxﬂyﬂaﬂwmﬁLsﬁ%’u W 48z VH ieUssiiug anauanunsnees
doynroilulasionlunnsduuniiuiiugneasTneUsminteyadeuss S9danudidgyannsdelunisfianiaiud
inussnssnnelaredinamanmeneuasnsnaguaeites Tnsumnistieyalasesnsnionimuazaansds

pasindusingaunnnan (Tsuchiya & Sonobe, 2025; Xu et al., 2019; Tomppo et al., 2021)



182 | The Journal of Spatial Innovation Development (JSID) Vol. 7 No.3 September-December 2026

¥ 4
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5.1 ASAIURAATARITTLNA

daneafinuthguiumafianiadousrecsdasifilasaninmgetunisdanaiugnayaifinanadusan Tu
nartsas AR EAANTe (numberOfTrees) fivmnzan vinmanaseulusae 50-500 au Tngdszfinarnaiaans
gﬂﬁ?ﬂﬂﬂmqu (0A) uazAdNUszAVELALLN (Kappa) 2asganaaay (Test Set) Felodmsunnsiden Hyperparameter

I3 %ﬂTNT%ﬂ’ﬁﬁ’mﬂ’]uNﬂﬂ’ﬁ“%LL‘LAﬂ‘V\’&/ﬂ N@ﬂﬁﬁ‘i’l@ﬂﬂﬂ%ﬂ@\‘l?ﬂ Figure 4

Random Forest — numberOfTrees Optimization
(Test set, 80/20 split)
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Figure 4 Random Forest Optimization, the comparison between number of trees and accuracy
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5.2 NSANIBUURZIIUNNYDYR

YDRATINIUNITAIITNDLAMNINIAIIINULAIFIBENITIUIN 400 ULAY (54,304 qAn ) gnutpeniumgm
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Results
1. N1SIATIHNITNTTINLHIVD qmé’mgmzl.%a ARRUATISANSINRUAIFIBYNS
w@m'ﬁLmﬁxﬁm'ﬁﬂﬁmmﬁfmméﬂ@mﬁﬂwmmﬁﬂmeﬁf;@éwﬂfmﬂmmhmu 400 ulas BeafinAnmag
aGRARAY (Mean) @Wﬂ‘ﬁ?@ﬁj@@’]%ﬁﬂu?ﬂfwL’J@’]Lﬁﬁ’]ﬁuﬁ?%ﬁfuﬂ’ﬁ’ﬁ’]LLuﬂﬁuﬁﬂQﬂgﬂﬂ Taenns B UARnINNaDa
(Boxplot) %G“ZIT’]?JT‘V?N"IN"l‘iﬂﬁ@ﬁ‘iﬂ%"lﬁlﬂﬁﬁﬂﬁaﬁu $9A8va (Q1 — Q3) wazpnAnUnflnpgnaiuszuy Lﬁuﬁgumuzﬁqﬁiy

Tunnamsreasugnn LA ANz ENagR ey anewi (U T lunsruannisinaewuunsiaes (Figure 5)

Boxplot Distribution of Spectral and Radar Indices across Land Cover Classes
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Figure 5 Box plots illustrating the value distributions of each vegetation index across classes

(A : Agricultural, F : Forest, M : Miscellaneous, U : Urban and Built-up, W : Water and S : Sugarcane)
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2. ﬂ'ﬁﬂizLﬁuﬂmugﬂmmﬂmﬂﬁiﬁﬂuuﬂ (Accuracy Assessment)

Uszifiunnnsgnassassnisduun TneuEeuiieunadnsann lunaiignaeyansiaqaun AN Kuns
ARITNENTANHAUF TRETAAMHUHUENLTZNDLAE AN NADITINUAY AR LALLA Banszuannisiiu
ﬁgumﬂuﬁ’]ﬁiysfumﬁﬁuﬁummﬁﬁL%ﬂﬁmmLmuémmﬁﬂuﬁﬂﬂé’mﬁqLme‘/‘imm‘sfﬁflLLuﬂﬁuﬁﬂqﬂﬂyﬂﬂTuﬁﬁﬁuqﬂﬁw

Trefinn919n13R999FBUAIHYNABINAINITTIURNRILUNAGHAR Wamlu Tadle 1

Table 1 Confusion matrix and accuracy assessment results for land cover classification

Agriculture (A) Agriculture (A)
Forest (F) 13 132 0 0 5 0 50 Forest (F) 0 3 0 0 1 0 50
Miscellaneous (M) 6 0 3 0 0 2 1 Miscellaneous (M) 5 0 5 0 O 1 1
Urban and Built-up (U) 2 O 1 11 1 1 16 Urban and Built-up(U) 3 ' 0 O 11 O 2 16
Water (W) 0 0 0 1 10 1 12 Water (W) o/ o0 0 1 11 O 12
Sugarcane (S) 12,0 1 2 2 198 215 Sugarcane (S) 4,0 0 1 1 199 215
Total 13 38 6 17 18 208 400 Total 13 43 6 16 13 209 400
Overall Accuracy = 83.50% | Kappa = 74.11% Overall Accuracy = 86.50% | Kappa = 78.74%
BTN BT
_IIIIII- _Illlll-
Agriculture (A) Agriculture (A)
Forest (F) 8 4 0 0 1 0 50 Forest (F) B 21 0 0 1 13 50
Miscellaneous (M) 3 1.6 0 O 1 1 Miscellaneous (M) 302 3 1 0 2 1
Urban and Built-up(U) 3 0 1 10 0 2 16 Urban and Built-up (U) 5 4 0 5 1 1 16
Water (W) o o0 o 1t 1 O 12 Water (W) o o0 o0 1t 1 O 12
Sugarcane (S) 10 1 1.1 0 202 215 Sugarcane (S) 4 33, 0 2 0 136 215
Total 108 47 10 13 12 210 400 Total 112 80 4 9 14 181 400

Overall Accuracy = 88.50% | Kappa = 81.90% Overall Accuracy = 55.25% | Kappa = 32.44%
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9919173749 Confusion Matrix WL213% Vis + SAR @1xnanuenuszaanmiaundiige Tnsaniziniioosd
dunnlngnaesile 202 9a 990 215 90 Feasnadasgnmaslagsasgegadl OA = 88.50% uas Kappa = 81.90%
Tuanisiineya SAR ilsvognaifeauansiiiinssiuanuduaigessnansiufionsduiuiiinumsnssuuazila Tnsd
AAangnanslagsaNfigaiiies 55.25% Flfuainisysannisreyasindiulinadnsfifnainisleaeyasiia
Lﬁmaéwﬁﬁ’ﬂﬁﬁﬁm TG‘I?JNWN’]‘J‘QLLNWQﬁﬂﬂqqﬁgﬂﬁ;jﬂﬂ?}ﬂdﬂﬂ‘i@a%mﬂLLG;ﬂzﬁﬁﬂyﬂNm@Tﬁyﬁx‘l Figure 6 viadl i aTmifiv
AnsanvesLlszanBaInntsTuun huunaz s lnesnsaan fiv‘qfﬁyﬂ‘gﬂéqmwgﬂﬁyﬂﬁmmqu AdsEAVB AL
LAZANAINGNABIDSENARANSUR LTI gnoaala Ty Table 2 UAYIAZIBIAAIAINGNADIVBINAR (Producer's
Accuracy: PA) ﬁﬂﬂ'zﬂugﬂﬁrﬂwm;ﬁ"g(User% Accuracy: UA) uAZA1 F1-Score wenmxasinnnnslefinuunazaanaln

%4 Table 3

Classification Accuracy Comparison

mm Overall Accuracy
100% Il Kappa Coefficient
94.0 I Recall Sugarcane (PA)

80%

60%

40%

20%

o RGB Vis Vis + SAR SAR

Figure 6 Accuracy comparison of different classification approaches

Table 2 Summary of classification accuracy for each method.

Method Overall Accuracy (%) Kappa Coefficient (%) Recall Sugarcane (%)
Method 1: RGB 83.50 74.11 92.10
Method 2: Vs 86.50 78.74 92.60
Method 3: Vis + SAR 88.50 81.90 94.00

Method 4: SAR 55.25 32.44 63.30
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Table 3 Recall (Producer's Accuracy), Precision (User's Accuracy), and F1-Score by land use category (%).
Class Recall — Producer's Accuracy (%) Precision — User's Accuracy (%) F1-Score (%)
RGB Vis  VIs+SAR  SAR RGB VIs  VIs+SAR SAR  RGB VIs  VIs+SAR  SAR
Agriculture (A) 83.3 84.4 87.5 46.9 70.8 7.7 77.8 40.2 76.6 77.5 82.4 43.3
Forest (F) 64.0 78.0 82.0 42.0 84.2 90.7 87.2 26.2 72.7 83.9 84.5 32.3
Miscellaneous (M) 27.3 455 b4.5 27.3 50.0 83.3 60.0 75.0 35.3 58.8 571 40.0
Urban and Built-up 68.8 68.8 62.5 31.2 64.7 68.8 76.9 5b.6 66.7 68.8 69.0 40.0
L)

Water (W) 83.3 91.7 91.7 91.7 55.6 84.6 91.7 78.6 66.7 88.0 91.7 84.6
Sugarcane (S) 92.1 926 94.0 63.3 95.2 95.2 96.2 75.1 93.6 93.9 95.1 68.7

Note: Method 1: RGB (Blue, Green, Red); Method 2: VIs (NDVI, GNDVI, MSI, Clred edge, SAVI, SAREI); Method 3: VIs + SAR (13 Sentinel-

2 bands + 6 Vs + VV/VH = 21 features); Method 4: SAR (VV, VH only).

annsFeuiisulssAnBnannnassaunnii 4 gluuy wuandsi 3 Selrduiifanssnsaniueeyaisnns

) v 1 v . . L L P
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(Kappa) L‘V]I’ﬁu 81.90% ﬂmzﬁﬁyuﬁﬁzgﬂﬂyﬂﬂﬁﬁﬁ Producer’s Accuracy (PA) 94.0% ﬂl'w User’s Accuracy (UA) 96.2% Lay

A1 F1-Score 95.1% &neubAiiuanIayssdn1s9eyaiBasasanenandaifanssmsaniveeyaidalasias9ennisnis
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"ﬁ’TLLuﬂﬂﬂﬂTﬂﬁLLG]Q/GWUﬂ'J’TNﬁﬂ"l@Lﬂﬁ@uU%L‘Jm‘j@ﬂ@ﬂﬂﬂﬂﬁ%W?ﬁu AIUIDYR RGB T‘iﬂﬂ"l PA 92.1% A1 UA 95.2% uae

A1 F1-Score 93.6% T@mﬁﬂfﬂﬁﬁmmu%ﬁumu@qﬁuﬁ I AARANNARIALARDWILNNTI BN AT INYATNTIHUAZDDE)

HINTW B0izFinNslmweya SAR Wensenaieninadnosiniign lnafian PA 63.3% A1 UA 75.1% uazAn F1-Score 68.7%
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Figure 7 Comparison of land-cover classification maps produced by different methods

(A) Satellite Image (B) RGB (C) VIS (D) VIS+SAR (E) SAR
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