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ONTOLOGY TO ANALYZE LAND USE IN PHITSANULOK
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ABSTRACT

Land use and Land cover (LULC) tend to change over time and
continuously. LULC mapping or site monitoring and classification must be obtained
quickly and accurately. Acquisition of LULC data that can be tracked or improved is
limited in terms of interpretation because it requires specialists in interpretation,
sometimes field surveys are required. Each survey takes a long time and is quite
expensive. Therefore, technology has been employed to aid in the interpretation of
satellite images. The object-based image analysis method has achieved higher overall
accuracy than other approaches. In the analysis of land use in Phitsanulok Province,
the combination of object-based image analysis and ontological methods has shown
superior effectiveness in land use and Land cover classification compared to
traditional data analysis techniques. By incorporating ontological practices, the

classification process can achieve an overall accuracy rate exceeding 80 percent.
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1. Object-based Image Analysis (OBIA) 3. Ontology based Classification

Data pre-

processing, Domain Classification, Confusion
Segmentation knowledge, Classified Matrix,
and Feature Built ontology Image Objects Google Earth
Extraction
2. Ontology Analyze 4. Accuracy Assessment
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JEUVVRINTUNTNYINTTINUTEINAANTFaLNSNT (U.S. Geological Survey : USGS) wiUn3
Swuneandu 3 sEuU (NSUWRILNNALY, 2563) A9l

' (%
v o 4

szaudl 1 uusduiuiiguounazasnedauanadne (U) iuiinuasnssy (A) Aundil

(F) fudit (W) wagiuidnmndn (M)
U dl o a dgj dl ! L s ! 1 dgj dl
sEAUN 2 UUNTIEazBuatuidarUszinnlusedu 1 fegrany Nunyuulay
daneade wigeaidu dudewazgunisin wdtu aaunsvnis aanfiauuny

SEAUN 3 IUNITIUALLDEANUNLAAZUTEANTUTZAUN 2 AIFIDEIAIUAIT 1



M1319 1 fegensduunnisidnaudssinalnevasunyasunasdugnadi

5¥AU/ Level 1 50U/ Level 2 5¥AU/ Level 3

U Hufiguruuazdnignads U1 silosuazeunisen U200 Tasamsiidudaass
U2 gt U201 vjtinu
U3 audisnens wavanii 0202 tuuuuiige
$199) U401 auudu
U4 anndinsunay U402 aanisalyl
U5 gugnavingsy U403 annfluuds
U6 3w U404 vini3e

U501 daugaanunssy
U502 1399119Ra N353
U601 anuitinseundoula
U602 awnunaan

U603 aau U1t

U604 fugianemn

nsduunnslinauvosuszmalneimulansuinundifuiinnsivunssiunis
Suuntiavun 3 szoulneudazseiuaziinmaudamudnvazeamsiiauuasasunaguiuds
annsadunlffunmdunsivuslssinnvesnslinfusaydsunaauiudayldiunis
AmuaUsEnliunTEUIunsklafnuteyan MAIBUARRAIUNTEUIUNITIATIEN
foganwarudfien windnisnuenisswuniuasdesiisdanuazBoadaiuives
ToyanmaiionlundazUszianiaziinldau Wesanazdsmasossfureanisdiuun
UspLamiuies

{ do o a

dayanundminiiualan

9
(% ¥

Hudwmiaineegluwnaiamiiensudinianatneuuuvesussimalnefiiud
10,815.854 m159ilans wuseenilu 9 6une Usznousie snnedissfivalan 1amad ung
ey naEisw waslve wdnsents daluaduazuiesein dwauiaunsiivadanduwn
Lﬁaqquéﬂmwaﬁw’mLLazL‘TJuﬁ&gmfla’maN%’mi’m ([Fwinfiwaglan, 2563)

1. fksuareornnn

A
a o

Janiafivalanvinannsunnaviuas 377 Alawes dilleinamuauseunu 10,815

[

ANS9NLALUAT K38 6,759,909 15 ToanwainreiudaninlnaLAesndl



10

fimnile Aadorugunofide sunevoswaudu uagsunattn Jamingnsand,
wlyeys Ussinaand

firngJueen Andeiudunevaudn dunawiAe sunetalds Sminmysysal, 81108
ATULNY WAZBILNDUILIAT T dnLaY

Y a ' [y

7eld AaranusLNoLloalang 91LN0ITIUISH B1LNDANNINY LASBLNDANLNEN

fiemziunn Anserudinenslnsaia sunedsdilss daningludie, suneaiunssle
I UHIANYS

2. dnwagiusEIne

nneumileuazneunaruiuwaifionuigiazisings lnedwnguigeiu

nziusenideaniledeglungneimes duneinluad dunailiuuzysne dunaunsing

=

J a A < &
LAz LNBYIANTENITINEGA PR aoeATY 2,102 s Wugearrduauaulve-a1d iy
v A v & a ' a ' I 3
mounanumMalmTunu wazmneulmidunsivgy Inslanzusnaguidiiniulazaitiey
Fuduwnaenisineasiidrngyigavesiminfivalan sgluwndnneuitsein newies
Awailan ennenInuisIy snneiliuuzdsne kagundiuvesdunaianad (uwminnvalan,
2563)
3. WANITUNATDN

[ v a

mmmwwaﬂaﬂLL‘dqmsUﬂmaaaam“flu 9 9108 93 fua 1,032 U FegLnens
9 gLnalinll 1) dLnelesivglan 2) sneuasing 3) 91NYIAATENTT 4) SUNBUS
581 5) SUNDUNATLYY 6) BUNBNUNATIY 7) S1Lneinluad 8) 9naTwad uazd) 81108

Wungdsn Farinfivaglan, 2563) Aann 3

AW 3 wanann1sUnAsesdIinfiyailan



11

Wesnanunisallgyinislinauvesuszimalnelugimansliniuanaziieides

[
=

funisyngnituileusny anudaudasosuiwniinu nslanauilivunzauriofudnanin

T 9
¥

A S d & da ') yaa o a
ANUWRBNEMAENINTENNINITRBIATRenAU b TusTIN MsIINRwIAY nsusenanly
N13U3IsIRnIsTdanuieteiu waziluguassanenisimuimiuasegia dau 113

SN¥IANUANAAVDITEUULNA AADAIUAIHARBAINUTUAIVDIFIUNTNYINTEITUYA

a o

Tngtane Aau dudugrundndmiulilunssdnomsiiunuasUaends saudeinudd
ununidrfglunisfaunasssiavesuszmalnglidiendu nagnamnssy
odamzuning wazniauinis dawalinnudeinisifuiieAanssumaasugianiieg i
Q\isﬁumﬂllé'm’i’]ﬂ’]i%il’]&lﬁ?‘l/l’l%ﬁ'ﬁﬂﬂﬁﬁ]L‘ﬁ@ﬁmu’]‘dizmﬁ uanniieaniininernsduves

Useelng dalszaulymaudeninsunazuinainuaananysel (nesulouisuasununisly

[ |

AU, 2562) MMNADTUNTAUAAATU $555TUNULRITITOIUINTING W.A. 2560 1w 72(1)

<9 Y

a

TadnsUalAlndinasneununsidnauvesUsemalngliwunsauivanmnuiuazdnanin
aa v [ ! U A i Y a va [ |
veeAunINnannIsiauIeg19dty waziieliidululun1su§uanusgsssuuguwis
51%810419n5bNne WA, 2560 drnuienszuuns JadUsen1ALkunTUUUsEWAlaed
LHUM U TUAUNTHEINTTITUYIRLaEAWINGDY (5aanTne1nsau Alamurualyiinisdnyi

wUAUNTIENAULBIBIANITEUU I ADAA A DILAZL AU AUNUANS A NVYDINUT AL ANTHAIU

' '
Yaa I

iAswgnanazdinuvatUsema Sidmanglvussmealiununisiinauniinnugnaes wilug
wasidutligiunisszuy wannunsnsanunsathdeyawdunislanauasnan luldlunisimun

-’-&J PN ¥/ U % dg{l PN Y o dy v U A Y o a 4
wunnsnwasiivangaududnanmeesiunvesnuls aslludminiivadanlanidunislv

<

ulumusgsssuyays w.a. 2560 wagunun1susudsemanengy driinauufsunau

[ v a

JaninfiwaglanFuiusfananlunsusuusungeaiu saunemseysnenuwazii 9lagnnis

LY a v v [ [y o

FavinunslENAusEAUYIA seaudandn wagseauduatu laedidvunglunisusudss
~ yaa v a v 1 ° =1 P =~
wnunannasisnaulidauaziden anugnies wiudwiniu lasldmaluladuas
PINssuat eIyl iANuaenAd oI UANINLINABN LAZADIUNISUNSNYINTAUN
WasukUadly §99zdnaliiunsiinaunaonAaodwaslnzaufuAne A WA UALaLa@N 1N

MNALATYINILALEINY 9T8UUATATERUUTEMAIUTaERURun aunsathllglunisusms

1 o w

Y] X A Ao v v Yy 1 oa a a =~ Y
ﬁmmiwummwmwuaqamﬁmﬂmiwmmiﬂﬁuﬂiﬂwﬁlmEJNiJ‘lJixa‘VlﬁmWL‘W’e)i’eNi‘ULﬂwm

4.0 fegraiy wnumslEnAuiUaNEY1Ngs dnnalles Jmdnfivalan (nesuleulguas

'
Yyaa (% o IS

WHUNISIINAY, 2562) HN15IATIILEUNISIINRUSEAUAIUE HNTOUTLELHIAMUNITAMEUITY

[y o

Wiy 5 U wiesadvayunisdaiuaudgianismslinauseaudiua Wlinslinauediedl



12

UseanSan aenadosiudnuninvesiny wazauieenisvesguvuludiva 8une way
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n133u3anszeslng
nssuFanseerlnaizuluanissed 20 91n3UaNeM198171A (Aerial Photographs)
a 1 Ao Yo a [ a [l [ < (% 1 A v e
Anannisanenmilidandunueainvesnduwdmaniiidudnuvasvesguaeiduin
a6 1 < (Y] a v = ¥ = 1d
vuilan AU ILdUANBUETOININYIQAUUNNAILTEUUNIIANIN (Scanner System) @aLUu
) U = v a ° vy Y ! I3 PN P =
dnwaurveanstuiindeyadaay inlnladeyalaenislidauusivanluininenninglseaum
< o o Y] a a LY | | 1 a
woaiu (@innuiauimalulageinialazQlansaume, 2552) A198199U YI9AAY
BunssnALsou (Thermal Infrared) wislugaspaululasim (Microware) AIWAT A6,
1960 Juduulafinsiauiniiieud1saanine1nsaugislaasnaloniaguy LANDSAT,
SPOT, IRS Wag JERS-1 @ailmuazldenuasnIngInil 100 LUms
n153uU3Nszezlng (Remote Sensing ) Aon1stuiinusanislaunvesteyainyafiu
99 Nud wazdsingnisaluuiulanainia3essus (Senson) UsaAannisindudadng
Whvne endendenuainaauuiiwaniidia (Electromagnetic Energy) Wudonansluns

=

lpanvestouads

=

finaaulf 3 Usenns Ae dnwarnsasyioutisnauutmdnlaii (Spectral
Characteristics) é’ﬂwmzL%aﬁuﬁsuaﬂ’j’mquuﬁuﬁﬂaﬂ (Spatial Characteristics) uaganwoy
mMsasuawesingamgiaan (Temporal Characteristics) (dinsmuiammelulad
oIMALazQiansaumA, 2552) deanansatanatindeyauiierinnisiesgiitazyszanana
N38UIUNITULAYBIAUTENBUNITTUIAINT Elng (Processes and Elements of
Remote Sensing) Usgnausie 2 daufe nisldundeteya (Data Acquisition) uaznis
Waszideya (Data Analysis) (@riinauiaumalulageiniauasgiansaume, 2552) s
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USuuseann ddnanumaluladeinieuazgilansauma (2552)

1) mslfunBsteya (Data Acquisition) finarneduusimanluliiniliainundsiuia
WU WU Ae7ng () wndeusuduussenna (b) iaufduiusuemdsnuiugudnua
vutufialan (o) uasiRunmadigiaiessudfifassludeny Wy 1w3sadu erueania e
g1uliAudy Wazaitea (d)

2) MsAAsEdeya (Data Analysis) aziieadesfudeyasnsdasinesine 1w yadeya
fiu doyauffiu adidnisugniiy wazduq 1Judu (e) MunszviumsinseiuazuUainng
A (Image Analysis and Interpretation) Usgnaulunag n1suUafA LA NAI8a1u6 1
(Visual Interpretation) wagn15aaszmdeay (Digital analysis) ¥ian1sikuafnun NG
ADURNALABS (f) Aulanaans (g) Suaqmnmaﬁmwﬂug‘uLLUULLNuﬁ TOYATUAY AT
MeSue vidounugdl 1udu e lldUselevisioly (h)

mssuFanszeglnaaunsanvseanidu 2 svuu de nsfuiinszezlnawuuunadn
(Passive Remote Sensing System) wag mﬁ‘uiﬁﬂﬂizﬂﬂﬂaLL‘U‘ULLSﬂﬁW (Active Remote
Sensing System) lagn1ssusveglnawuuunadn Junsesatandsnuadundudnlniing
¥annnisasiiay (Reflect) nituin uazdundenuainasenfindvildndanudinsratald
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1 Y

agluraspduiinueniiu uazdunise (nfrared) Fremdundmaniniiianunsansqriutuy
U5581NAaL InsIEa1YaaudunIIAIINg1IvesRautazgnannaulaeTUUTIEINIA
Areganufisnluszuuunadn wu anadien LANDSAT, SPOT udu diuni1ssudann

szoglnawuuuwdnfin [uszuuuywdasimasusiuisdmdsnuinnsenuingidining
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Tugaerdululasion Wy seuuiseis (Radio Detection And Ranging : RADAR) §28814

awfienluszuuwdniivl Wy aaLiien RADASAT, ERS, ENVISAT aunsasadeyaniliainnis

Uisreglnans 2 seuvilenaliendt “ldeyaninaniiien” Reddna dsnaie, 2557; asde

SouLasunad, 2553)

daganmandiiey

Joyanmaiiiey fedeyavinnislidaiuiisnyinisaienmiiudeyaiuilanmu
H39138124lATveAaz ian e win1snazideyaunldauafaiunszuIung
a ¢ ~ . . 1% a =~
IATITRULALAAIINANIN (Image Analysis and Interpretation) Imma;&amwmamauu
[ [ a o = ¥ o X a 3 &
anwauznsiiuanluszuudenaaineldunudnguunudalan inuduiuuuaignaim
(Arrays of Pixel) Tuusiazgnn1n (Pixel) T5zAUnT wazAIWMLINBIIINUAIMAARENY AN
Y9990 (Pixel Value) %50 d1urusaiay (Digital Number) Wusnfiduiinleainndsud
avviouaninguuiulanluduniensiadn (W1adn Aaunes, 2553) nszuaunsnnee) lunis
Ussananawaznaszideyaiisiaan dlievielviinusslevidvesnsiiteyanwluly
U wanuIluefnnisuseutananimielylaun@sdoya aro1fun1sAAIIUNLIEIN
AMENgNeINIAviIedayan mAINAIELLARBlIIENsuUaRAINMAIEAT B9I51AIY

¥
Y

nARsRrluegiulsraunIsalvesiuUasiuitesfusenausne 4 dmsunisdndulalundaiie

[
a Y

wunyseiandeya anndldaulszinursudisgazszeznallun1syinnuasud1auu

Y

Dy D

a i

£ £% o < ' = 07 = <
naandudlUanelinuiuazaudwgiuegiwnn dadudagduinaidunisandyminis
wUaRAuNINAIEEIENNABANTIENITHIARN NN WINNTIEUTEIRaNAN MTUNTEUIUNTT
Y9INITILUNDIAENITTIMUNAIBIgAN NTLUTELAN (Class) veansduundeoya wWiaidu
nsdanguyannliidulssanaiuteuleinmun n1sdwundssiandayanin (Image
Classification) $in15WaIuTENTTIMUNUTIANTOYaN A8 TUSEIaNaN M IUnANE D
21910 1) N1FTLUNLUUATUAY (Supervised Classification) ABN1TUUIUTEANTDINT
v ' a I3 i i Y o v & A o Y = ..
azvioutepauesnidungunate s nquudimmualmduiiunvesnaudayainidu (Training

Y [ 1

Area) Wuiunuresdnumzengg Wdmdumuinaimeads wu AuadsvesunazUsean
foya aradndlfiduiunudmiunsduunUssnnvesdoyanin 2) nssuunuuul
AuAN (Unsupervised Classification) 1unisdnuuniagldnmsduunussinndeyaanmada
yesmIazyiouvestsaduluingsineg Fonin msdnnguuesdeya (Clustering) uay 3) N3
FMUNUUULEITRE (Object-based Classification) Wun1sduunlagldmnisaziounauuy

489907 IUNIUAIEHINTNINGUII § ANUITHU LazAUNIZNANVRITaYANINENY
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luusnanniedisiaiiasduszezinanieanuienn Wy Jayaainninaienniiiiey
Landsat 5¥UU MSS Uagssuu TM NN na1d150nseunquiunvuln 185 x 185 1514
Alawns dudeyadnamaigandiiey SPOT nilAMEIN13AATOUAGUNUNIUIA 60 X 60

a [ £
mnlaLes sy

v =

5. pazgndudinlivantisnay pfiendsansneansinendes uavsruuns
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30 WAT Toyan1iliien SPOT ANAZIBYANIN 2.5 AT T83aaInaA1iLiiuy THEOS A1y
aziden 2 lung TayadnanIiiey IKONOS ANagldennIn 1 wns Lazdayaainaiiiiey
QuickBird AUALIBEANTI 61 LHURALINS

8. nérHaw (Color Composite) 31NTBLYANINANWANYUAINITAATININEIINNT
WAL 3 P29RAY NFAAUTBIATITIBLTTUTIn W

Toyanmaeaiiey Landsat 8 aglaanssuuduiinnin 2 vila fe Operation
Land Imager (OLI) wag The Thermal Infrared Sensor (TIRS) 91u7u 11 Fa9pdu T
uaziBungnnIngasadu Visible, NIR, SWIR 30 103 323 Thermal 100 uns uay

Panchromatic 15 105 Wandlunis1e 2
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6. DumssnnaUEY 1 (SWIR 1) 1.57 = 1.65 30
7. dumsusnnavdu 2 (SWIR 2) 2.11-235 30
8. 5¥UUV - A (Panchromatic) 0.50 - 0.68 15
9. iwaduga (Cirrus) 136 - 1.38 30
10. BunsuIAAINTOU 1 (Thermal Infrared - TIRS 1) 10.60 — 11.19 100
11. Bunsusanusou 2 (Thermal Infrared - TIRS 2)  11.50 - 12.51 100

Fp1divy Landsat 8 Wumfisnlszinnaidfisudsianineinssssusiives
UsenAansgoLusni WawnaInAUsINLeTEnIneAnIs NASA wag USGS (U.S. Geological
Survey) gnasiugialaasiudun 11 nua1ius 2556 TAAsTrsuvuaaung 16 T AuniNg

YOWMWINENIN 185 Alawuns anunsadifefeyariumaivled
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http://earthexplorer.usgs.gov (USGS, 2017)

n1sUsEIanataygan naen1iiey
nsUsznanateyaninaenifisuwiseenidunisuiaiiniudieaieni (Visual
Interpretation) \ina1nnsldesAusznaulunsulanumunefiansunanNANLIdLveddLas
& (Tone/Color) ¥ (Size) U314 (Shape) o0 (Texture) UL (Pattern) AINELAE
191 (Height and Shadow) 7ids (Site) Ananileiu (Association) uaznsUsyanananmeae

ADURIMDS (Image Processing) FINITUIUNITAILAIN 5

PRE-PROCESSING IMAGE CLASSIFICATION ACCURACY ASSESSMENT

) -?-ém I(éJD

IMAGE ENHANCEMENT

AN 5 NSUSZLNARANINIIEABURAES (Kamavisdar et al., 2013)

nsUszanananmmerauiuaesiunszuIunsveinsuszianatayanInein
ALY UTENBUAIY NIPUIUNMINBUNMTUTELIANANN (Pre-processing) NMstiutayanin
(Image enhancement) M3TunUsznndayanin (Image Classification) N15ILATIEVINAS
N13534UN (Post-processing) LAENITATIVABUAIUYNADY (Accuracy Assessment)
(Kamavisdar et al., 2013)

1. nsguaun1sneuni1suseNlananin (Pre-processing) Wun1susuunaing
ﬂmmﬂﬁaumaﬁa%a (Data Error) dgyeyrausunadu (Noise) wazaudnderdausvindnd

1%
a =

Weduluszninnisarenm mstuiindeyadyaraveanisazviounduudundntilin n1sds

[

Foueuned wazn1slAasueenLiay

T
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2. Mmsviudoyanin (Image Enhancement) {unszuiun1susulUasuavesgnnn
VI0ATEAVANT DN 1882880 AMUYALIUYDITOYANTONITHINTEAUAULANGIS
sErinadng viidunamiuve uwavesingrssdaiulddanuuinlurseaiunsaituniig
AudaangludiundeinsfinwyiglinisianuyssinningieunTunadwaansila bl
o a dl o ¥ U o ¥ dl o } %4 a 1 QI
hnsienuierivuadseandeyansuiilldiiion sduunuseunndeya welladnge N9e
Tolumaidudeyaninduy

3. M3uunUsziandeyanin (Image Classification) n1sdnuunusziandeyann
& aa v & =i 2 X A
Jumssuiunmsdssinanalunieads iewendeyagnnimviauaiuszneuiduiundne
sonilunqueselidnvasnsadfdusiimnunauuanseszninanguyanin Ineganmd
gninlegnquirieniussiidnwaznsadfwnzngulululuianafetu uiaznguannim

[J a

PamuntadulIzwanatsdunmaunuiulssnntaUsznnniannana1eanuly Tun1sawun

9

v
a

Y =1 a A = [ o P 14 .
ToyanIMATINgNINAeI5 T uag AuUsEInNUeIn1sILUniiienly (Kamavisdar et al,,
6.

2013; Natya & Rehna, 2016; Salah, 2017) uanslun131s 3

f19719 3 Ui%m‘lﬂ‘d'ﬂﬁﬂ'ﬁﬁ’]LL‘L!ﬂ‘l’JIEIQﬁﬂWWﬂ']'JLﬁEJlI

Uszuan AN A2D81995N153UN

Supervised ﬁmumﬁuﬁg\'ﬁ@&]ﬂﬂé’ﬂwmz‘uawizLm/lsﬁaﬁ,daLEN K-nearest neighbor
Minimum distance
Mahalanobis distance
Maximum likelihood
Parallelepiped
Spectral angle mapper
Unsupervised sl muniiuiidhegnsosdeyausiazdszion ISODATA
K-means
Support vector machine
Object-Based  n19LUSEIUAIN (Segmentation) sondunaeifui eCognition

o

(Region) #3070 (Object) vangvianudnyMEYes
A uiiie i iy (Homogenous Area) #3904
AuduSU (Relatively Homogeneous Areas) kia
nenemadeinguarliingiiaiduneiusdudoya

(Class)
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4. NFIATILNNEINITINUN (Post-processing) NAINITUTELIAHANETIULUNTNGUS
avviln HaansilauinssikazuuliiinugndesunTu Wy USHMTEUTDINUTN
\esandedninvesnuazidenannmuaslalanmagaiielinlriuganniiveyaues
Tmguinndn 1 odie wu ddeyaarniiuniul 50% waziiiuifu 50% Jusu dawalinisuia
a o 1 < % 1 = 1 7 [y 1 I~4 dy 4'
AenaInnsIzanmaena e 50% Jdddanunsavenlaingenenaridunuiiun
ysalulynuAun (Prasad & Krishna, 2015)

5. N13MTI9ABUAIINYNABY (Accuracy Assessment) lumsiuFeuiisunaiilaain
nTMTERdeyanmaeafigunsesiuiunisesnd1saslunaauiuneuiaziinsasuna
a ~ o v A ° v
Anu e deyaninusiusInlatunipauInniInIsnsIvae vk lunanisulan i
am;”iﬂiﬁa%uiuuNﬂ%’ﬂmiai’ﬂsaammammﬁaqﬁwﬁaﬁwwnmﬁé’ﬁméfaﬁL"fJuszmnmﬁ
Inagsiunnitldlunisudaiinny udrnhuwanwaslieglusuvesmsisteyanisendt Eror

Matrix @18713albuansAin1ugnead Lol A1ugnAeivesEHadn (Producer’s Accuracy)

mmgﬂﬁawawﬂ% (User’s Accuracy) mmgﬂﬁaﬂmai’m (Overall Accuracy) wag A1

duuseansuayun (Kappa coefficient: K) fsaunis 1-4 Faiilinisdniunnimeanaaniiiey

fAnugNABININUY

HATIYARTIIERUTINATIRSIiU * 100

Overall accuracy == PR £ N/
mumuaﬁmmﬂaaamemﬂmﬂuma&mmmaaU

)

N(Xi)—(Xiy* X4i)
N2—(Xi* X+)

, Xii
Producer’s accuracy = —— (3)
Xti
) Xii
User’s accuracy = — (4)
Xiy
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A A ° a . v e,
W Xy Ao dwauluwuiidesvestal i wazaoau i
Xiy Ao dwusanlune |
Xy Ao fwuswluredud i

N A9 INUIUTIUVIUA

N1531A5129NNTING (Object-Based Image Analysis)
mMsinseiadsiaglundnnisvesnissiuundeyanmiieldlunisiai wnde
oSueUngmsaiviedaiusnguulanass (Real World) Tneiisnsiddydonisutdi
A (Segmentation) LHi8991nATWUSEIUAIMIZTINISRUIAIN (Image) ponduitui
(Region) a8 #3u n3910g (Object) nang %ﬁm%{uagﬁUﬂmé’ﬂwmwmmiLﬁuLﬁa
W82 (Homogenous Areas) #38ilAudunusiu (Relatively Homogeneous Areas)
eftagaiisinquagldingiuiunesuiedudeya (Class)

NIz INMENITIe TR INB IngUsEnoUfeNsEUILNTT 2 Tunaufo N1uUs
#Un (Image Segmentation) kagn153LUNIAGNIN (Object Image Classification) (a3
sn5al lveusn wayide (Hesisvu, 2556)

1. ATWUEIUAIN (Image Segmentation)

MsuUsdLnmAe Bnnsilddmsunisnmesniduding erfuAinsasTiounaes
wawluuinalndifssifidnvuzvosarnududodertudlifiedu enfinnsanain
wisfiwes liud wuin 3519 & anuiBey uagnisinignguiuvesteyadiliannamdie
pfenslufsmiwiinvestisedu fereluil

1.1 Wislmesunsidiu (Scale Parameter) Wunsivuavuinlunisasng

L% Y v

ngaInalaenetosiuruInYeding Fesdumnmuamiuwanaavesuuningils 61
YUINVBITRYUUTANUANA1IAUNIN AdsABIMruaA i oaielilinguvesinguintu
a g a [ ¥ = [ t% & & o [y N1 Ao ¥
faviuaziinnisuzduiuvestoya Tnavilvinnuduiliewmediuaziimniadlume

1.2 W157dwas5Us1an3ed (Shape/Color Parameter) WuA1v8Iu0UWA

sUTalayavziUsiunuANdITussenIegUseivdveoya 9ansanaInnslvian

= 1

niinvesguseamseanimdnvesduinniniu MAruaA1ENINNIReIRaTNINAINTT

1 | A A a = a Aa a ) A o | v
AENDUNIUVINAFUNLEDAN SUQIUﬂ']W"U']ﬂWW'JLV]EJ?JV]?JF"I'WJ@QHLLG]ag'JG]QVl‘ZJ@LQu %Sﬁﬂmﬁﬂfw

- Y] = 1 ] PN ] a = ] = v A
wmtinvesduinningusdluvaeizuiteiiansaniiesguiwiseunsweingiusing uu

1%
o Y

MNP AsiuNsIUAAIdImTnvesgusarantasuiulinu 1 wanddunin 6)
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o -

nsbiadminesaziiuluinishiaanuiiazi duvesduinningusns sewsfiindoyai

Y

]

[ 7 3 v a A = a o w 14 [ 1 d' 1 <
agiu@mm‘wmmuuLUu‘ua;ﬂaLﬁtmﬂaummmmmﬂ@mnﬁlumiaswgmq LAYUENTUTIUUD

Y

Tadgnilanmhandrglunisuenussnningeenaingusnavesing

1.3 W5ARBTALALUUKIOAIIUITBU (Smoothness/Compactness) A

[y

nsfimuadadeauauEsukaznsinznguarliiuingniianuunniwearuiaiveyi

[ 1A

nsueninguuIadnesnaningndvuialvg drurnisagvieutasivlidanu daduai

Haglunisiigunsavesing

. Scale Parameter MNote: Smoothness and Compactiness are
. . Py e
Delines the maximum standard devialion of the homo- not relatad to the featuras Smoothness or
eneity cilitena in regard to the wieghted image |ayess- CDrr'lptl':,".rH':‘SS.
ﬁ resulting [mage objects )
he hugher the value. The laiger the resulling image
wr objects

@ Composition of Homogeneity

l‘;io:no ﬁnei:p crikenia. composed of 4 criterion which
efine the total relative homogeneity for the resulting [V
image objects i

Color

Digital value [colar) of the
resilting image cbjects,

I _;" [Calor=1 - Shape
1 JEN\Critergsg——75% E‘ISmnnihness
- ¥
® Each pair of critenon are N Dolimizes te resulting image objects
weengh |;d7% equalized to n regard to smook &lgﬂ;:x walkur Ehe
a value of 1. zpe crilerion

| \\N moothness = [1 - Becompaciness) 5
Shape hape]

Defines the textural homog:
eriety of the resulting image

bjecls
& hranper: [Shape =
Smm:l’l.jresgs-» Z%mpa:lness] @ Compactness

Oiptimizes the resuling imane objects
n regard to the overall compaciness

.E'thm th(? shape Erleriun.
|Compaciness’ = Beompactness »
Shape]

AN 6 LANIANNAUNUSVRINISITLABSNISWUSAIUNN (Definiens, 2007)

NTPUIUNITNINUVBINITWUSAILAN & 3 F5n15uan loun 1) n1suusdiu
AMMUUUNTEAMUNUINGN (Chessboard Segmentation), 2) N1TWUIAIUAINUUUATIBNT
(Quadtree Segmentation) Wag 3) NITLUIEIUATNULUUAINNAZLDYANAIETEAU
(Multiresolution Segmentation)

1) AISHUIAIUATMUUUNTZAIUNUINSN (Chessboard Segmentation) 1T
MsLUs (Split) aawiFeTnglunmdunseauminngnviesudmasuiiivuamintu lag
Zoarnueududeuugavesninluauieudurmansgaaintuinguaiazduargnuimi

o

&un3a (Grid) Eummﬁfmq%aﬂmwu@mmmmﬁummiwﬂ'%miugﬂﬁuaqammwﬁmmsaﬁmum

Y

YUIANTEATUMLININ NN VUIAYDIIAN NI UA NI wandlunn 7
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AN 7 MIWUSEIUAMNLUUNTEAUNLINGA (Chessboard Segmentation) (Definiens, 2007)

2) NMSHUSAIUNINUUUA8ANS (Quadtree Segmentation) 1un1suus

A v @ a A v oA = a N
nnmnsedngludnyuraiseguamasuudnsanieniaans n15NNIAYEIAIBANTAL
Useneumedmneuiiddiu Jaesanuneiinainnisiieuiisuannumilow 1neiSe99in
YOUAULIEUUAAVRIN TN AUV VAUV NAARLNINTUIAINNAI AN DUATIIUR
Tunsmsuusdiagnuuan nsusutiuesnidu 4 diu uazynisnadouaaumleuny

WU dmsudunliinunaiazgnuusdiudsluizoss uandunin 8 uaz 9

- -

Legend: W Criterion not met O Criterion met

AN 8 LEAATITNITLUNEIUATNILUUAIDANS (Definiens, 2007)
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AN 9 AISUUIAIUANULUUAI8ANS (Quadtree Segmentation) (Definiens, 2007)

3) NATWUIAIUNINUUUAIINALLBEANAI8TEAY (Multiresolution

i\ & ad Ao Y 1Y) a o Y Yy o @ |
Segmentation) {WwIsn1ssiuanmndanvaglnalfesiuiazeginiu W linefulungy
ANMYIEING lAgaunsamuaAInisIlnesien liun @ 5U319 Ausauly uazad
Seu lanadesnts Tefvedisililumsuumieasaingazwlsiunurnisnfwesiiiue
Pilildvwpdnifianuuandieiu wasdivuelndidesivanmiiduabannninasou uans

Tunw 10

|

A s v T VR .35 e B

w7,

—_ |

AT 10 NSHUIEIUATNBLUUANNaLDEaa18seaU (Definiens, 2007)
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2. ﬂ’li’iﬁ”]LLuﬂfmqu (Object Image Classification)

n3suuningnIw AenisulagannifinaautAvesnisagiiounasindenio
wiloutusenifunguvieiduseiv InsdlvnjGonit aliavieUssian (Class) iloldnns
waueningiuandlunimesnaniulunisduuningaimazdodingmsdaaulaniennuid

Netomeaiiigie Ine3sn1snsatisdidugislutuneunmsussinana Wislddmiuwen
VIOWUINGUYDIYANINUSIUNUNANYIAUEN BUE SN AT ANT AN YaaNIETILAUYD IS

'
P

avnguilansdvingiunAaueguuiuntue) wazluuisnsasiinmaessianvinadiadimn

Hglun1sTangudu Mseianatnas1ansngsas (Normalized Difference Vegetation
Index : NDVI) 1Juaruenfisanuuand1ewesn1saznauvesiuialudisndudunsisalng
(NIR) fiutapdunuediiuduns (Red) vndndiufuanavenvesisaeutiniuegludnuae
Y9IN19NTEABUUVUNGA Tne A1 NDVI TAegsening -1 89 1 ¥9A1 0 vanefausinilaing
=~ I & A A ] o & A a S A a
wisadlu@gregluiunluvaueianinnd 0.6 agmingdanunusnadudnynssalude?

' | & A o & Ao ] v A a aa =~ ) ! | 4'
RULUUNIN YU WU‘WU'{LN IUW’UV}@\Tﬂaq’JﬂWWUN"J@JWGUWiimﬂﬂﬂq&lfﬂﬁagw@u@qiusljaﬂﬂau

[
A a =

SursusalnaaenInvsnaumuesiuduawilien NOVI Wuuinusiiiiuauduiufuasien
msdzvieuveivdestsraulnadesiuvinliar NOVI lndidesiu 0 wilunsdiniuruluiiu
s a 1 1 A a v o | o 2 o § v i a

WnzAmsagriouluyniudunsusalnaniniigasndumuesiudunwilvdr NDVI fn

Av A9ANNIS 5

NIR—RED
NDV] = ———— (5)
NIR+RED
dis NDVI Ao ARYINARINYNTT
NIR A9 ANTELNDUTIPAUDUNTUSALNA
RED Ao ANNITASNOUYIAAUAUD IR LA

I !

AUNTIATIZINARTTNAR19ANNTUVDIUY (Normalized Difference Water Index :

NDWI) 1usfiuangenunniiiuneauiimy tasu1annuUsuiasidusinieindnasnouun

nAunseRivnssadlutnaudunssalng (NIR) uaztrnduinueiiudiles (Green) &1
Nnttuniivsunaunagyvsedludndu Green gngaduinnuaginisazyieusidosnin

Weasiinalvieduil NDWI diiiigadu (McFeeters, 1996) faaunis 6
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GREEN—-NIR
NDWI = ————— (6)
GREEN+NIR
dle  NDWI Ao ANPYENAAIIANUTUYDILUN

GREEN #s e1n1sagviout9anauniuadiiudiden

NIR Ao ANNSALNDUTAAUDUNTUIALNE

uaznilaTziAdviinasisdalgnaine (Normalized Difference Built-up Index:
NDBI) Ll udndiifidnmauduiusseningamgiifiuinludesuiwssnnnsvaddiiau
uazdsunaguiulaensiessiteyaainnisnsIaduaiiendigainisasieunauesaI
muuuvesingasgnadiaisdin arsfuazdanansfutugaumniivesusiuiagdiang,

(Dousset & Gourmelon, 2003) A&UN1T 7

SWIR-NIR
NDB] = ——— (7)
SWIR+NIR
de  NDBI Ao AdtinasinsdaUgnasie
NIR Ao AIN1SAZNRUTIAAUDUNSUIALNE
SWIR A9 AINTALNDUTIAFUDUNITUSAARUAY
aaulnlad

aoulnlad (Ontology) WunuiAaiiuUszandldiiionisinmuiuaziaue
Anuslusuuuuienfenguuiifnuasanuduiusseninnuegnigldveuwaiiaula seulvla
ggnndndaluanntygrvseivgiuinisldaunuiung lngludagtulagniunldly

° Y < < .

UINITFIUVBINITEDNUUUTIF09LATIAT199890 191 8N1B1La (eXtensible Markup
Language : XML) Fulun1winduuinsgiu uwazgniusedlagesdns WaC Aldsuuuuuas
Thensalauluunweisaen (Resource Description Framework : RDF Language) lagi

&l ¥ dl Y o L U o = = Y o <
Mwesaengnaiaiielddmiusessumsvieeulnlagvinddiduninsgiuvesnmsviniv
BepumInY (Semantic Web) wagnisasisesulnladuuazneserdoniviiveoulnlad

(Ontology Web Language: OWL) Lﬁaﬁm%’ua%msimqa%ﬁwaammiﬁﬂﬁw (Antoniou &

13
=

Van Harmelen, 2003; Noy & McGuinness, 2001; 553%8)] 1911 Uags§ans guevn, 2557)
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poulnladimdunumarAydmiunisussenadsanununsludnuuzuesn sy
LUIAAR N OAANTRRANDULLIAANTRaAAANN T AUFUAUTINDNITATUAYUNIS
LaNAEY NTAUALYDIANTAUMNARBNITARIUNTEUUFIUAINS (Noy & McGuinness, 2001)

wazdadunisivuadenuveanuifn (Concept) lurauwnvaniuiizadlaFemilfiauls

A %

(Domain of Interest) gnrnunssanaul@ (Property) MAgIdosfuuuIAnuasdnuas
AUENTUS (Relationship) nssnglunisiasuwlasenuduiusdmsvaseanuming wu
Snuairesauduiusiiinnugniednsiiedomieliifstomounufndld winseis
AnuduiussErsunAnfunuanTAvesweuniiauls Tnvasraduesdnuififeidosiu
Frumaiy uwazezkansludnvuslassadmesaruduiusiiunisldnata (Class) nie
LWIAR YaIrdNUS YT NAaaLasAaNTRTeRa1a (18 NTUNNAT wazAY, 2549)
1. lassaiweaulnlad
Tassa¥rsveseoulnladazeglusunuufidadudu (Hierarchical Data Structure)
wazhuuunnleludl (Taxonomy) luanwug Parent-child 3svilnlaseasnswasesulnladay
U5NaUAIENITANNUATEIUAIIUNUIENIUNIUIAA (Concept) AnANUR (Property)
ANNFUNUS (Relationship) MI3AENISWUAAUFNNUS (Axioms) LagAIANH (Instances)
(Benjamins & Gomez-Pérez, 2000)
1.1 wuadn (Concept) AovauianaruiBadlasemisiaulaannsady
orlsAldusfonieatesfusesiitdnaniwtoausassuiereandenvonieniuls
1.2 Aruantid (Property) ilunmand@niiauduiusviefetesiuuuin
flanunsaosuieuusiniuld
1.3 AnuduIUS (Relationship) L udnwauzvesn1suauan1sUfFuNus
(Interaction) ¥esunAnfunARlure UAANMYRIS o sTimAsaulasanfainsimunuuy
urup iU Tnefdnvuzvssmudniusluvanssuuuudsl
1) AruduRusuuuadudy (Subclass wie is-a hierarchy) tJu

saa .

ANNFUTUSAlAuauTRYIN1T018N N Qmauﬁamahﬁ%gﬂﬁwammLLmﬁmLﬂUé’J’a
LUIARGN LU Chemistry is-a Science a8uneledn wadl (Chemistry) Wuanuvesdnereans
(Science)

2) Anuduiusuvuudiunis (Part-od Wuauduiusiduy
d1uUs2noU WU Leaves part-of Tree a5unelddn lulsl (Leaves) il udrundsosdulsdl

(Tree)
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3) AuduRudidananunuie (Syn-of) Wuauduiusiivands
LuRnfifinumdouderiununeseiu 1y Degree syn-of Education a3uneléin seéiu
nsAnY (Degree) finumneideliun1sine (Education) @snsaununula

4) pruduiudnndudiuny (nstance-of) Wupuduiusfiuans
TNTUFINUS ELNTNVBILLIAR

5) uenaniieeulvladfiiusznauluderuduiudidnumngly
gULLUUSuﬁaamﬂa”mﬁ’mLmﬁm LwiLLmﬁmygﬂﬁmum‘lma@%m%w

1.4 assnensulannuduiiug (Axioms) Wunssnzvaeniswianinuduius
YaawAnfuAMaNTRIaRIANNULLNANYIENITATIAdRURANANURvIRaN URdmTUNS
LLUammwmaﬁgﬂéfaq

15 fdmdt (Instances) Wusamnuafiouaunaiesaufustsunluooy
nlad

2. MsnaLeaulnlad

nsaureeulnladidudsiideshnasnnaniesainszdedinisivasunlas
maaﬂnmmmﬁwmmisuaammifw%aaﬁmmimmﬁ?uiuwiamwﬁm IWSvaztung
MuupsnAatazaMuduRusliuLw R luseulnlades fiesinuaenadesiudsfiasfine
Thunnigalosannaumangauvesnsiaussulnladifeatesiuingussasdainnis

neresulnlagluldu Ing Noy and McGuinness (2001) ladausnisiauieoulnlad

Forieluil

2.1 MyUATAURANSILasYaUWRYBIRRUlNlaY

2.2 Mnsaneeulvladfiflogudnazindumliviousuliviernisvens
i

LY

2.3 fruAsIENISAENI 59usInsenisddyfiesnagliiluesulnlad
iieldasrarosuregaantRlyiiudn
2.4 fmunRraIAvEBLUIRALAYEdUTUIBIAaNE TnEnTEUILNNSHAILAY
wUseondu 3 sUuuy
1) LUUUUAIAN (Top-Down) WumsiuuakulAawuuninsasium
LUIRALUURNIZIINZAY BUINnIsassnaradmsuwnfaluuazynisinunnanawuy
WNILLE LRenISATIIRanddey
2) WUUBIITUUY (Bottom-Up) tJUn15AIAUALUIAALUY

nzRzaRulumLuAnLuun s ekwIAamlY warihnmsdanguaaiaveunfniiily
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(%
o o

3) wuuaule e (Combination) WuASA15U9 2 LuvuNauiu A9

a 4

LUUULAEN wazuuuatuudumsivuauuAaiiddyviednnsesuislunisiun
vouimrLdiug foundmnturiinisimununanduiiieadeafiofansanarumngly
Failduazangiangasnnmddnlundout

2.5 MsivuanuauURveInaNd

2.6 M3 MuaYAveRnanth laeia1sunInANENYMEA199 WY 113
farupsuuen wiinvesan uazaiiululivesnuanifluaaatiug

2.7 a¥redndw Fardudunougninefemsaisidwiluusozaaa

3. W3dlan1snaLIReulnlad

'
) = U %

Tulagtunuinesesiienlddunsunanissulnlagianuvainnaiguasunnenei

' Y Yy
a A

voausazlUsunsUTINNsITeRAvUaIduNuAn 1Y (Norta et al., 2010) wivislANREiUAIY
winzaniunsidau Tnslusunsuiifunsoslowmuieoulnlad (Ontology Editor) iflesld
muludagduiu Tsunsy Protége Wmununumingaeaununlasa (Stanford University)
mlusunsuddinfnsderuglinuniludnvaznsiiin awnsoadslndlunateguuuy wu
OWL, XML wag RDF tudu (Noy & McGuinness, 2001) uaglusunsy Hozo-Ontology
Editor W Auiunine1delesini (Osaka University) @anunsavinisdniivesaninuslu
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Lagdse AIN1a1 (2560) [I8NMTIATIEYiTaLanIna18AAgNTINAUNITUTEIIAKANIN
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N15AAUAINANANTETI88E N fuzzy spatio-spectro-temporal ontology UaUBNIU
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Amannsdasserlna

® Bouyerbou et al. (2014) tiausisnsuiulginsduunusuindened
Arainamaiennfisnsenitananisal Sefda 33nsdld35n s nunddutude
anuvnenueeulnladiiie entosinmisa e seninamadnsreamAAns LN
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® Chu et al. (2016) a3unediaidmsivddmiumsiuwunamnisiuiannsseslng
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nseumsvhnuildesulnlagiiefsteyadsunAguinesnainnnaren1iieulaednlulia
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1. %”’umaumsﬁ’lLﬁﬂﬁagaﬂﬂwdﬂsmnﬁauuazmsm‘%au%’mﬂa (Data pre-processing)
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AN 14 uanaiunAnwidoyaiuil 10 Suiau 2563

nduitayanInaIenI ey Landsat 8 unldeuneriin1suuasan Digital
numbers (DNs) 1y Top Of Atmosphere (TOA) Reflectance Tusyuu Multispectral
bands ﬁ’]‘ﬂ@ﬂ%@%ﬁﬁiﬁﬂﬂﬁﬁ’m’liutu’]ﬁ]’]ﬂ Meta data veslndn1n (Congedo, 2016; USGS,

2019)
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nauwarANUTIVIREUNUANA1iY Inglianunasidiusas A suseuasdlnlanaan dnyue

Y

1% ' 1%
(Y]

niiAntusaa sy delirnsmenguituiniu dnvag ingnwiiintuagly
arufiuennmwieaumainuaisvesdeyaiitiosas visiufianansafiazuenasnainduld
oghednu Wudsatudilieveseusuidsuiiintuauatamansmateyaiasiiun
furhlsursiiuiliannsousneananiuldedtenay
mAfeilddnstwuasmnivesiitvifedasfinsunanumngauain
foyanmeaisniaiies Landsat 8 d1unisuisdruamluiiuiidnuilaeldlusunsy

eCognition 9 waAdluAIS1e 4

M1519 4 ATWI510LMDSNITIUN1TRUIEIUNTW

Parameter Value
ANNNT1dU (Scale) 100
A15U574 (Shape) 0.1
@ (Color) 0.9
AINSNENEY (Compactness) 0.5

ATAUSBU (Smoothness) 0.5
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3. nsanaRuanyy (Feature Extraction) InnAmauURvesnsazoutniulag

Mnualassasavesdiutuludiuundeya (Class Hierarchy) unisasatudeyaioldly

[
v v

NM5UTENaUNITTILUNTINEINTAMUATTRA9Y MALIT8IAUTEAUTY (Class) lasA1nun

lAsaiesEAUTuYeINIsIkUNIEiasaunanauaudRvesingdeinslugduuulasadie

U

Auldl (Tree structure) FaaAududreyliiuisnnumiloununssunnasiurosdanieg 1

e

eTuUszneufeaiieg Iiun Aadetiandu (Mean) A1A1N@319 (Brightness) Andau
\oauusmsgIu (Standard Deviation) AndIusinegaan (Max. diff) Annsassieuvestas
AAUKULS 2-7 Adilnasafiunsses (Normalized Difference Vegetation Index : NDVI) @1
fiinaninsruturesi (Normalized Difference Water Index : NDWI) uagandaiinasing
dsugnais (Normalized Difference Bulit-up Index : NDBI) tilesinssiuunlngnisimun
L'ﬁlaulsumﬂméuaﬁaga (Threshold) LLawTﬁms&y’aﬂg] (Rule Set) Tun1sAnwiii3uainnng
Suuniuiieenduiiuiildlyfianssas (Non-vegetation) uaziufifiansses (Vegetation)
frsannAnsasvoundunlmanluih Aatedudndu waze1 NDVI deaintusiuun
druvesiiudinn (Water), ﬁuﬁﬁqﬂqﬂa%a (Built-up) Laziiufiinaan (Bare soil) Usznaudu

A1 NDWI tiaeniiuininaniesnainiulalunenssamudisu a9 15

Vegetation

AN 15 Land Use and Land Cover class hierarchy
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Usznm A2D819NUN ng

NUNTT0U NDVI > 0.2 and Brightness > 10000

Q|

i NDVI < 0.2 and Brightness <10000 and
NDWI > 0.0

deugn NDVI < 0.2 and Brightness < 14000 and
GERR NDBI < 0.05

faan NDVI < 0.2 and Brightness > 14000 and

NDBI > 0.05
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9NA150 5 waansnliainngiasrstvanauantivesingnmuanddiiiuienis

NATIENAINVRRAAINYNTTU (NDVI) ANFIUNAA1IAINUTUYBIUT (NDWI) AaLN1TIATIEN

v

AR inad19dsugnasne (NDBI) Wunisussananateyaningien1iiiiey Landsat 8 any

A1N151153LAS12% A1 NDVI NDWI waz NDBI @anafilaainnisuszuiananandliiiuinmn

[
=] 1l A =

NDVI vasiiuilidfifivnssaudearnian (NDVI < 0.2, NDWI < 0.0 wag NDBI <0.0) 11184371
2 A Aaaa % = vy o Y] v a A A o L Aa

Juitunndivegdesdeaunsalidudusiuiuansasvioudisnauiiodnwundseinniiuiiing
nysapananunlulafiunssa druilofiansufun NNy wssandundn agwuInNunng

w35aUazdlAn NDVI gendindnA1du (NDVI > 0.2, NDWI < 0.0 uag NDBI <0.0) 183910

USUALAZAMUNUILULYDIRTN TS Ua1Talgasana LT uAL N E1 UL UN NUTANY

'
1A

wssaueonInuililengnssads dununiilenarsannuiiazlien NDWI g9n3IAd

£ ' [N

(%
) a a

(NDVI < 0.0, NDWI > 0.0 @z NDBI <0.0) Y1 1u15091eunUsesnniiuaiuiaenainnum

a0

TailaNonssale wazillafansanAiuNadslanasiawasiuninalalagnuine NDBI deaa

Y Y

n31A1dY (NDVI < 0.0, NDWI < 0.0 wag NDBI = 0.0) vilvianunsadwunussinvinundsan
¥ ::941 . ! 4:;{1 = 90’ ¥
asuaziuiaa1eenNLmle
naINNITANAAMEN YL IRgAINIINANENTRvRINTAETOUYNATY wavAAYll
narsaglavoyaniianautiaindsiigg Ao Imgnm (Image object) HAINNTEUIUNITUUS
drunmunisanateyanadnsiilaazgn uiiniduguuuulid CSV (Comma-Separated
Values) wethlvavayaluldlunszuiumsinnevieoulnlagusdsmiudnuazueiniyinesy
nlagidladludonilng csv uwasegluguuuulngilieeulvlagansadilaladenis
4

wdaadulnd OWL (Web Ontology Language) Wielfidudouatiirlugiuvesnsiasegs

oaulnlad waras1slassasrseaulnladseld

n1sAs1zvioaulnlad (Ontology Analysis)
| ~ a ¢ a . a Y o &
dui 2 nMTiATIzReaulnlad (Ontology Analysis) HuUnoUAYL
1. lawiua21m§ (Domain Knowledge) snanndeyatenans deganin deya
INFFINIYNNgItestudeyanisTuunnsiinaulazdslnaguauiiiediunaing
LuIAIUAR (Concept) Yatoaulnlad Aoy Tayaninainnised1siasseslna
(Remote sensing imagery) Uayalasyl (Auxiliary data) uazdayanminuuzIaeing (Image

object feature) 1Judu wanslunm 16
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Domain
Knowledge

Geographic Remote sensing Image object

knowledge imagery feature Auxiliary data

Spatial

distribution Image feature

Spectral == Land use data

Terrain

knowledge e

Time
knowledge

= | hematic Index

2w 16 lawuanusluseullag

2. mM3a3ieaulnlad (Build Ontology) Wunszuaumsaitslumaseulnlad
(Ontology Model) Tudgruvestuneulunisitpsizvlassainvesooulnladlneldlauiy
Audande 1 wieihundudusuulunisadiesulnlaglaeidenianisdiuiiedesus

1% N

toyaiilsunenalilsogluguuvunsnisiviilfiesosannsoslddsiestinnndenteyavie
AMUATeNUAUNUIEHIUNIUUIAA (Concept) AnaudR (Property) A1uduRUsS
(Relationship) mssnzn1swUanuduius (Axioms) wagfdni (Instances) MAededlndu
sUnuuilesosanansnidlaldazeglusuuuuvesniw OWL a¥angdne SWRL dwsunisls
winnaigatuooulnladlagly reasoner way Instances vasingaimitldainisuvsdannim
gnivualviuunAaidusuuveaeuifilelflunisduuningsunm
nstmuananALarANELTLS fnuneaaLaraRUTuTeIAAaRi8TEINULAY
813 (Top-down Approach) wuamansnmuatuus i uiuitlildfonssa (Non-

vegetation) fuiuAiiunssa (Vegetation) Tuiiaasdaanunsawuslaiuduin (Water) fudu
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1%

fufidsUanadree1ms Bulit up) LazuTinaUEn (Bare Soil) ponandu fuitlilyfionssa

Y

ddnwazlulasia$rwesduldivazasremnuduiusseninemana danw 17

2.

is-a

Land Use Land Cover
(LULO)

is-a is-a

Non-Vegetation

\ is-a
. 18-
1s-a

a

MW 17 wuudnaeseeulnlagnslinifuuasdsunaqumiu

nsauunUssnnaueaulnlad (Ontology-based Classification)
! a o a0 - v o =
g 3 MyuwunUszanaueaulnlad diutilunisaiwvuiasiseulnlagves
ngidlunisdunyszinnnislinaunasdsunaguiu ngandunisiaeldniyl SWRL
(Semantic Web Rule Language) Wunilslunwiiudsanunanelae W3C wazluniwiil
Tlunsuansngdmsunssnzniseysnuinlviindeyalniieasiseshnui nlase SWRL

wazld reasoner Wusduunnislinfuuazdsunaguinsisseulnlad uandunin 18

is-a

is-a is—a

.

. a AN
,,,’1sa ‘u
.. ..-@ .

A 18 wuudnasseaulnladueing
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11314 6 uanINgINlAsEsveaulnladuazgUuuy SWRL

Uszam ngoaulnlad ng) SWRL

WYNII  Vegetation = Iregular [ Planar  Irregular (?x), Planar (?x), Rough (?x),
M Rough N Dark Dark(?x) -> Vegetation

g Water = Irregular N planar N Irregular (?x), Planar (?x), Smooth (?x),
Smooth [N Dark Dark(?x) -> Water

mﬂqﬂ Built-up = Regular N Planar N Regular (?x), Planar (?x), Rough (?x),
GEMN Rough M Light Light (?x) -> Built-up

a ! v ? ? ?
N9Ldan Bare'soil = Iregular N Planar N Irregular (?x), Planar (?x), Rough (?x),

Light (2x) -> Bare soil
Rough N Light ight (?x) are soi

[ 1Y

NRITN 6 Uu‘ﬁugmmaqmi'ai’mumlsmmL%'ué’uiﬂmwiammqazgﬂ AUTELANINL
LaznsIvdaUlnngAEvIely SWRL Lﬁa%’uﬁayja@amﬂwma Imaﬁﬁﬁayjammummm
Tngn NG99 Regular, Planar, Rough, Dark 1uuszian Vegetation finauvainis
ai’wLLuﬂi’mqﬁwmm3QﬂﬁmﬂizmwﬁqmaaﬂlﬂugﬂLLUU OWL tJusitaalunishsnuaudfing

) v v ¢ ! [ va
ﬂ’]ﬂﬂ{]ﬂ%LLﬁﬂx‘iL‘UUﬂ’]U’] SWRL LAZATINFNNUINNAIIUNUIYIEHINIAYAUTUUA

LaTAAIAGNAS 1T FIpgatiy Ussnnanuadng (Brightness) asuanaidu SWRL sl

Mean (?x, ?y), greaterThanOrEqual (?y, 10000) -> Light (?x)
Mean (?x, ?y), lessThan (?y, 10000) -> Dark (?x)

INAIDYNVUYANUIIANTNYULIRALYITAY > 10000 U188 @319 (Light)
Tuvaigi < 10000 vuneds da (Dark) Aetiu C(?2x), X 101 individual @84 C, P2 X? Y) wnu
attribute, x wag y \Uumuwus

a9 Yoo v o vaa a a 1 ! [ & A
nglddmsuuunUssamsiinnulazaUnaquaue 4 Ussnnuueanidu wuin

Wynssad (Vegetation) Wuiitn (Water) Wundaugnasna (Built-up) wagiiuniingan (Bare
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soil) tulaunnteyanineides lnumuaus wasiuuinastesulnlaguainginivue Ny

Tzgnimunegradumenisiagly OWL sl

Vegetation = Irregular N Planar N Rough N Dark
Water = Irregular N Planar N Smooth M Dark
Built-up = Regular [ Planar [ Rough N Light
Bare soil = Irregular N planar N Rough N Light

Nnnglduunusziannsldnauuardsunaquiuazuandduguwuuniy SWRL
LAZAUAUNUSITIANUNUITENINN LA USLANNES 19V FI981909U WUANINITO

(Vegetation) azuanaifiu SWRL sail
Irregular (?x), Planar (?x), Rough (?x), Dark (?x), -> Vegetation (?x)

g 1uandlinganinuaudRlaun AaUnd (regular), sEU1U (Planar), nane

(Rough), wazdle (Dark) tJunaauifvesUszunniiufiiivnssas (Vegetation)

gainenanisdwunlseianaiuesulnlagazegluzuuuulig OwL dewdng
nszvrunswlaslalviedluguuuulngd CSV wse Shape file ienagldlunisuanuans
PuunUszannshintusazdsuneguanludnvagreununnisiakunysenn wara1unse

Wlddnszuiunisuseidiunnugraivesnisiwunyssnmeely

n1sUseLiiuAINgNABY (Accuracy Assessment)
] = a v ° o yala = a ay
duil 4 MmyUszdiuaugnAevesnIsTLundeayanisiinaunasdsunaauduilagn

dnUsiiiuanugnaesvesnanisiiuniagliteyanimaienniiieunil Anuazdenid

'
a

WuNgIUINN Google Earth Ing1duIngnfiiog 199l ldunismunusnaeyinnisdnsia

e

Me3Bn13duAIeg13 (Random Sampling) WWunisgusegaidululaegu wieuviaviinis

UszidluanugnaesvensduunmsidusslevinauuasdsunaquanlagedenisAiuinen

a 1% ay v ° a a Y] Y ° Y
NG GZJ@;JUaVleﬂ(\]’]ﬂ Google Earth "U%Qﬂ u’]ll']L‘UiEJ‘UL‘V]EJ‘Uﬂ“UNaVlVLW"UWﬂﬂ']if\]']LLUﬂﬂWﬂfU

'
a a

aunazdsunaquanluzuvesunindainuianaia (Eror matrix) IngagA1UINAIAIY

q
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gNADIYBIENER (Producer’s accuracy) A1AINYNABITDIR LTI (User’s accuracy) AN

ANUNgNABIlALTIM (Overall accuracy) wazenduyseansualln (Kappa coefficient: K))



UNN 4

NaN1578

HAN1TITENTIATIERTYAN NTTIngTINdueulnladivedins e insiinauly

[ v a

Jandafivalanmutuneuluuni 3 Useneume 1) Han153AsIERdayan nlieing 2) Ha
A153As1Meaulnlal 3) Nan15akunUsennenueasulnlad way 4) nan1sUsEluAINY

gnees Aasaluil

L

HaN13IATIENTaYanINdeIng

9

ﬁﬁLﬁﬁJW%}aaﬂamwmaLﬁw Landsat 8 210 USGS (https://earthexplorer.usgs.gov/)

'
v

Fuil 26 ganAN 2558 waziuil 10 §urnau 2563 oeflu Path 130 Uag Row 48 FsaAsouAqN

(% '
= =

Hundnwinmae Wesnnduginanussmalnglildegludggruiiwaunaauliuin
deonldlayanimaieainaniiied Landsat 8 W@wizkuud (Band) 2, 3, 4, 5, 6 Uag 7 wagyil
v v = v & e = & A °
N1IANUBIANINATNYY (Sub Set Image) Tilalane NuAn AT UATDINUTILAB LN D

e Jwiniwailan

'
a a

uamsudsaunlumssuunnslifiauuarasunaquinluiuiiinuseisnsus
#UNIMAETEN1T Multi-resolution Segmentation fnnuaAINITITALS AL W1s1Tnes
UNTIAIUNTBVUIA (Scale Parameter) W1513L0833U3 (Shape Parameter) W1513tn03d
(Color Parameter) W1573LA93AUDALUUNIOANUNUILUY (Compactness Parameter)
LaENNITTNaSANUEEU (Smoothness Parameter) WAAtUATIE 7 WAZHANTHUSEILAN

AININ 19 wag 20

AN 7 ATWISIALADS IUNNTRUEIUNTI

Parameter Value
Scale 100
Shape 0.1
Color 0.9
Smoothness 0.5

Compactness 0.5
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N 7 MITmuaANTEReNUIINMsi MU AYaYesn ALl Lans
ynadnvielngresingnin dduisinsanannssutuvesingnmluseninenisuus
dnuudnafiunganfunssuunussannisliifuuasdsnaquinluadsd daudndug
wu Fgusarlitiudomnamitetsiunmsasioutasdunnniguisinansuudeya
AmaenTisndaeztuaduinnit daumanuldusaziauseuIsiludugesves

AFUTIRsT A I lesnlalaiunsusaguiu

AN 19 wanswlsdiun iU gnnewilesiun 26 naawu 2558
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AN 20 NANSHUIEIUAIMNNUNDIADLLDIIUN 10 5UINAL 2563

Han1sanARMANYMY (Feature Extraction) InAmaudfveInsagviauyadulag
Amualassasiwesadutuluduundeyas (Class Hierarchy) Wunisadstudeyaiioldly

(%
v

mMsUszneunssuunsIndsnsinuaiadesne fiieadeaiuseiutu (Class) Tnefvun
Tnssadeseiuduresnissuunagfinnsaninauandivesiagiidenis wu Aladerisedu
(Mean) ¥09Luus 2-7 A1Amad1a (Brightness) Ardrutdeaiuuninigiu (Standard
Deviation) AndauA19gean (Max. diff) Ardaiinasafisnssas (NDVD) Arduinarisnudy
a1 (NDWI) wazAinainadsgnaiins (NDBI) Wuduiilesiinisduunlasnisimun

Foulvaneweadeya (Threshold) wagsinseiang (Rule Set) wanslunm 21 uag 22



Class Hierarchy

- classes
() non-vegetation
(") bare soil
@ built-up
@ vater

) vegetation

NN 21 udny Class Hierarchy

Object features
NDBI

NDVI

NDWI

Layer Values
Brightness
B2Blue
B3Green
B4Red

BSNIR
B6SWIR1
B7SWIR2

AN 22 UAMSNANTANPRMANYLINNTNN N

Customized
0.1091
0.3058
40.2943
Mean
10636.66
7909.12
8719.89
8502.60
15993.03
12846.32
9848.99

50

NN 22 wadnsnlianngasiluanauauivesingninazgndsean Juiin

Jugduuulng csv ndsanniuazdndnszuiunisudatingdoyalimduguuuulng OWL ite

T Judeyathdnludiuveinslinszieeulnlad wavasalassaivosulnladdeoly dsnm

23



NDWI
-0.27123366
-0.24387346
-0.32500152
-0.33869313
-0.30656198
-0.27886399
-0.26342249
-0.31367659
-0.31143269
-0.23221648
~ -0.21411329
-0.28831571
-0.29065561
-0.29054249
-0.29983853
-0.22901765
-0.20603661
-0.34193126

g NDVI

0.211937918
0.191966366
0.33244951
0.340450766
0.317190616
0.25990126
0.215114587
0.304245731
0.329203511
0.167101342
0.157194618
0.263435208
0.2644306
0.246958199
0.281762083
0.170179549
0.150311165
0.354439596

g NDBI

0.058954108
0.059537686
-0.13082649
-0.11072473
-0.10586632
-0.03041687
0.055161756
-0.06609176
-0.13673144
0.097619016
0.114834068
-0.01334692
-0.02899499
0.011706461
-0.02294884
0.093067961
0.125354201
-0.10928396

g Max. diff. g

0.78932005
0.71558446
0.86251862
0.88964142
0.79219733
0.69206668
0.76633874
0.79103845
0.81941722
0.78098515
0.77067682
0.69717091
0.71791389
0.72351372
0.73477438
0.76249022
0.76343867
0.87847442

51

M 23 HadnsvasNITANAAMENYMENRuN N TT N tugUkUULNG CSV

Han1sAsITiaulnlag
myieszilassaisvesesulladlnglilaunuanuiandeyadidevaluenas
mATeAeITes doyanwdreaniien iethundusuuuulunsaielaummauiesy
nlagin1snvuafionuadunuga1unIuIfn (Concept) Anaud® (Property)
AuduTUS (Relationship) assnznsuUanuduiug (Axioms) wazAdny (Instances)

Wendesdbiluguuuiesesamnsadilaliuansianim 24
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Ty g ™
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AN 24 LEn3 ontology model d@usudniunuseLannsianay

nansadrsesulvladnisvunaaauazauduRLSdnsunmssuunnslivinunasy
dsUnaguAufeITanuuasans (Top-down Approach) wunusn et uusnduitud
aflafiwssas (Non-vegetation) fuiuiiftunssas (Vegetation) Fuitdasdsanunsauddlgiu
Hutd1 (Water) fuduiiuiidagnashs (Bulit-up) uagiuiiiaan (Bare Soil) senainduiiui

TaleNunwssau Faildnwazidulasiasrivesdulivazasreamnuduiusseninemana sann 25
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"

L built_up )

i?-:;i--"---- "
— O —,

= P -,

{_ Mon_Vegetation =1—*2—— bare_soil )

e — i e — . T

- - — . e -r____ﬁ o --.___J_i._-_-ﬁ

[ owl:Thing B<=3— LULC | . JEE— —
b Pt i~ T .
T e I Wegetation ) L waterf_'

AN 25 Wad@ng LULC model Tupaulnlad

NaN1sIUNUTEANANNBaUN LAY
n3duunUsziavnslififunardsunaguinainnisadisngesulnladlagng i
fmuadmsusuunyszaidiniw SWRL vuffugiuvesnissiunussanisudulnouray
Sngazgninvssiamlnsiuazasisasulnengainuvangly SWRL iesudeyaidennumne
Imsﬁ“ﬁ’aa&ammwmmm Tngn1neI0819Wu Regular, Planar, Rough, Dark 1uusziamn
Vegetation fwativasnmsduuningianunazgniaUssinnisdseantuluguuy owL ifush
Higlunsivanautaing
foyansswunusziannslififunazasnaquanlusduuy OWL gruvaadu
sULUU Shapefile ¥953uil 10 §uaAL 2563 Fauanslunim 26 (a) MssuunUszLansle

hukazdsunaguaunanIsAsIeRn s Ingnalulaglifioaulnlagdedinsly "n1suus

q

1 [ o

d1un M N1sanAAMEN MY N15AAUTEANAIN" Lullaudal Lagnan1sIkunysennnisly
a a a 19 a (4 IS ' LY a v !

AuLazdUnAauAumemM e ziamlsingsiuivesulnlag dinauandunin 26 (b)
drunan1sIwUNUTEANNTIENA UL AIUNAGUANYEITUN 26 nanA 2558 wanslunin 27
(@) MITwuNUsELAMNSIINANKAEAIUNARUANAIENTITIATIENAINTITNG wagn13TLUN
Usznnnslinaunasdalnagualgmen1sinsennmidsingsiuiuesulnlag asandly

A 27 (b)
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|:| Bare soil . Built-up . Vegetation . Water

(a) OBIA (b) OBIA with Ontology

AN 26 KANTTLUNYTEANNITIENALLAAIUNAUALYDITUT 10 BUINAN 2563 AIEN1S

AATINN TN (@) wazn1TiasIennImTainguduesulvlad (b)

NN 26 WUIMHANITWUSEIUNWNUNI LB BINwalan Judl 10 Suiau 2563

A3 UIAIUA N TIURINLA 13,568 Thga1n wanslimiudwanissiuunyssiannisly

=)

AunazdsuneguAunuIINIslTIBMIR i B IngsuAueaulnlag (01w 26 b) adl

9

<

) nundmdondudyanwalunuiiuidiuda 91uau 2,592 Tagan 2) Aufiduaady

[EN

v
) < v v

¢ & A
HQLUuaﬁy/aﬂUmLLWUWUWW%

Fryanwalunuiunaagnasne 911w 4,891 I0ngn 1w 3) Nuna:

WS U 5,226 1091 was 4) MuiduiRududydnualunuiiuiun 91uau 859 g
(3

AN MIUAIAU BAERANITIILUNUTELANAS IGNAUBALEIUNARUAUNUINNIT AT IATILH

q

yaa a

ARG (01 26 2) @wsadkunUssannsiinauuwazdsunaquiulaneil 1) Wund
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Abstract

Land Use and Land Cover (LU/ LC) map plays an important role in the digital society. These
spatial data are applied to various application such as monitoring, planning, management and
etc. In order to generate the high accuracy LU/LC map, the suitable classifier is an important
factor. The objective of this study is to review the process of classification, showing the
Maximum Likelihood Classifier (MLC) steps and give some examples of MLC which is the
most popular image classifier. Class signature is a representative of each class. Each pixel
whose probability is closed to specific class signature; it would be in that class. Accuracy
assessment is in the form of an error matric table. Overall accuracy (OA) and Kappa
coefficient of MLC are higher than the other classifiers. Examples of application on MLC are
shown.

Keywords: Error Matric Table, LUYLC, Maximum likelthood, Supervised Classification

Introduction

Land Use and Land Cover (LU/ LC) generally refers to the categorization of human activities
and natural elements on the landscape. The examples of LU/LC are (1) detecting the change of
urban area in India [1], (2) LU/LC map of Nakhonnayok province of Thailand [2]. Monitoring
LU/LC with GIS techniques [3] and etc. Both of LU/LC can be obtained from the satellite image
depending on scientific and statistical methods of the image interpretation [4]. Five processes of
mnterpretation are pre-works by orienting the image with the base map, image reading, image
measurement, image analysis and thematic map. In image analysis process, classification methods
effect to the interpretation results, mostly [5-6]. There are traditionally two types of classification:
unsupervised image classification and supervised image classification. Unsupervised image
classification is working under an algorithm which determines and groups pixels in classes. It can be
operated as an automatic classification. While, supervised image classification requires a training set
as references for grouping the pixels. The training set which 1s selected from the image is operated
as data entry to supervised classification algonithm or supervised classifier. Result is displayed in the
form of class signatures. Rest of the image is determined and grouped in class based on each class
signature [5] [7]. Commonly used supervised classifier parallelepiped (PP), minimum distance
(MD), K-nearest neighbor (KNN) and spectral angle mapper (SAM) [5], [8-10]. Maximum
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Likelihood Classifier (MLC). a traditional classifier, seem to be effective to the accuracy of
interpreting the satellite image. Due to the formats of its class signature are the class mean vectors
and the covariance metrics [11]. Both of them can be obtained from the quality of training set,
probably the quality of the satellite image. Reports also show that a large number of users prefers to
employ this MLC to their applications [6, 11]. The purpose of this paper is to review on using MLC
to identify LU/LC. It consists of the processes of satellite image classification, MLC method,
application of MLC and, finally. conclusion.

Satellite Image Techniques for Identifying Land Use and Land
Cover
There are two types of classification: unsupervised classification and supervised classification.
According to Figure 1, unsupervised classification techniques operate all analysis based on the
image classification algorithms such as K-means and Iterative Self-Organizing Data Analysis
Technique (ISODATA) [9]. [12. 13].

Figure 1 Supervised and unsupervised image classification

Supervised classifications analyst a satellite image, almost similar. Just only, this classification
must generate the class signature from the training set before grouping the pixel into classes. Its
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accuracy depends on the quality of training set. In order to achieve the good quality of training set,
the spatial resolution of the satellite image should be considered. Figure 2 shows the suitable scene
cover size (Local scale, Medium scale and Global scale) and spatial resolution.

{ = 150m

2
E
I
E { 20 m — 250 ;0
&

< 2m

L Local sake Medium scale Global scale
B0~ 4,000k | 4,900 30000 ke? | 34,000 — 5,760,000 b |

Senne puvETage

Figure 2 Scale of Satellite Image Data ( Adapt from [14-15])

Satellite image of the local scale size can be obtained from IKONOS, SPOT 5, Quickbird are
helpful. At the medium scale size can be obtained from Landsat TM/ETM+/0LL, Sentinel-2, and
ASTER are the most used data, At a continental or global scale size can be obtained from MODIS,
SPOT vegetation, Orbview-1, and AVHRR are prevalent and etc. [6], [14-15].

The last process of classification, the accuracy assessment, is calculated from an error matrix
table as shown in Table 1.

Table 1- An error matrix [16]

Ground truth classes Total
A B C
Thematic map A 35 2 2 i9
classes B 10 37 3 50
C 5 1 41 47
Number of ground truth pixels 50 40 46 136

Classes of the thematic map are generated from the classifier. While, classes of the ground truth
come from the field survey. Comparison the value of random pixel between these classes are filled

3-10
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in the table. Four assessment approaches are calculated from the error matric table: producer
accuracy, user accuracy, over all accuracy and Kappa.

Producer accuracy depends on the number of correct pixels in that class divided
by the total number of pixels of that class (the corresponding column sum in Table
1(. It shows how much accuracy the classifier does. For example, fifty pixels of
thematic map class A are selected. The result founds that class A, class B and
class C are thirty-five, ten, and five pixels of the ground truth, respectively.
Therefore, the value of producer accuracy of class A is thirty-five divided by total
number of pixel and multiply by a hundred is equal seventy percent.

User accuracy describes that how often the user does. To calculate the user
accuracy, it does the same steps as the producer accuracy. Just only it is
calculating based on the row of table. For example, thirty-five pixels of thematic
map class A are selected. The result founds that class A, class B and class C are
thirty-five, two, and two pixels of the ground truth, respectively. Therefore, user
accuracy of Class A in Table 1 is thirty-five divided by total number of pixel and
multiply by a hundred is equal eighty-nine percent.

Overall corrected value is calculated from the corrected value on the diagonal
direction. For example, one hundred and thirteen pixels of thematic map all class
are sclected. The result founds that class A, class B and class C are thirty-five,
thirty-seven, and fourth-one correct pixels of the ground truth, respectively.
Therefore, overall accuracy of error matrix in Table 1 are total number of correct
pixels each class divided by total number of pixel and multiply by a hundred is
equal eighty-three percent.

Kappa coefficient assists in considering the consistency between the testing data
and the reference data. It always considers Kappa with the overall accuracy. If
both values of them are similar in the high direction, the classifier is considered
good. In other cases, the classifier is not suitable for the classification [20].

Maximum Likelihood classifier

Classifier is the main factor for the image classification process. Using the proper classifier in
the image interpretation will lead to a highly accurate LU/LC map [8], [21-22]. Maximum
Likelihood Classifier (MLC) is one of supervised classifiers which widely applied to a variety of
application. This method classifies the calculation of the probability for each given pixel in a class,
in which the pixels are allocated to the class that has the highest probability. It calculates the mean
vector and covariance matrix for training sample based on one assumption. That is each data class
must have a normal distribution. According to Figure 3, the probability of pixel number 1 is closed
to the group of class C. Therefore. pixel number 1 is classified as a member of Class C [23].
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Figure 3 Maximum Likelihood Classifier

The normal distribution of MLC can be calculated as the following equation:

Li(X) = ——exp—= (X —m) T (X —my)t (1)
2MT|Y kj2 z

X indicates as the image data of n bands. L, (X) represents the likelihood of X
belonging to class k. m, is mean vector of class k. 3] k is the variance covariance matrix
of class k [23]. There are various applications of LU/LC based on MLC as shown below.

The study of monitoring about the change of LU/LC in Hawalbagh block, district
Almora, Uttarakhand, India [3] - MLC was applied on the Landsat satellite images of
two different periods: 1990 and 2010. Results showed that the image was divided into
five classes including: vegetation, agriculture, barren, built-up and water body. In
2010, the number of vegetation and built-up area were more than their numbers in
1990. While, the number of agricultures, barren land and water body area were less
than their numbers in 1990. Survey result of the year 2010 also showed in the same
direction.

Detecting and learning the agriculture situation of Nakhon Nayok, Thailand [2] - this
study determined the class of LU/LC based on MLC. The Landsat satellite images of
2004 until 2015 were used as the primary resources. The satellite image was divided
into five classes namely water, agriculture, urban, bare soil, and forest. Result showed
as the series of LU/LC changes during these 10 vears.
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¢ Monitoring the LU/LC of Selangor, Malaysia [11] — a comparative study was
conducted based on ISODATA classifier and MLC. Clustering method of ISODATA
could generate eight classes: urban, industry, oil palm, dry-land forest, coastal swamp
forest, cleared land, water and sediment plumes. While, MLC classified it into eleven
classes more than ISODATA and they were coconut, rubber and bare land. MLC has
a higher classification accuracy than ISODATA.

¢ Pixel-based classification analysis of LU/LC using Sentinel-2 and Landsat-8 data in
Zonguldak, Turkey [25]. — Two satellite images of Sentinel-2 and Landsat-8 were
analyst for LU/LC map. Based on MLC, there were five classes: water body,
settlement, forest, bare-land and vegetation. Accuracy assessment of these two types
of image tended to the good direction. However, the Sentinel-2 presented the OA
higher than Landsat-8 data. Due to, Sentinel-2 had-a spatial resolution higher than
Landsat 8.

¢ Island management in Italy [26] - Landsat satellite images were analyzed for detecting
the change of small island areas. Using MLC, there were four classes in these satellite
images: urban, bare soil (with rocks), sparse vegetation and dense vegetation. The
accuracy assessment was based on field survey. Results showed that the OA is 85
percent and the evaluation of the specific map accuracy received guarantees the
quality of the results at the level of 1: 25,000.

e A LU/LC map of Prahova Subcarpathians, Romania [27] — Two classifiers (minimum
distance classifier and MLC) were applied on Landsat-8 satellite images of the local
area in Prahova Subcarpathians. Result showed that MLC displayed the LU/LC map
with high accuracy, while, the other displayed the LU/LC map with low accuracy.

« Finding the appropriate classifier for Ralegaon Siddhi watershed, Ahmednagar district
of Maharashtra state, India [17] — the satellite image of IRS-1C LISS-III were used in
this study. Four classifiers (MLC. box, minimum distance and mahalanobis) were
applied. Five classes (agricultural land, shrubs, water body, wasteland and barren
land) were assigned for each classifier. Ground investigation had been conducted to
check and assess the accuracy of classification. Result showed that the accuracy
assessment of MLC, mahalanobis, minimum distance and box were 88.52, 84.20,
81.85 and 58.15, respectively. Kappa value of these classifier also revealed in the
same direction with the accuracy assessment. Hence, MLC could be the most
appropriate classifier for this study.

According from above examples, LU/LC map is classified as basic spatial information
for managing and deciding in several areas such as city management, forest management,
and etc. The accuracy assessment of MLC is higher than the other assessments. The OA
value is increasing along with Kappa coefficient value. Hence, LU/LC map is generated
with high accurate and consistency. It can be said that MLC is classified the most suitable
classifier for generating LU/LC map.
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Conclusion

In order to select the suitable classifier, many factors must take into account. They are
area size and spatial resolution, classifier and accuracy assessment of classification. Study
arca may lead to specify the scales of satellite image which are local scale, medium scale
and global scale (Figure 2). To interpret a satellite image, two classification methods
(supervised method and unsupervised method) are considered. Pixels on a satellite image
may be identified in any information depending on the classification. Classification is a
process of image analysis which determines, and groups related pixels in each class.
Supervised classifiers, MLC, PP, MD, KNN, SAM and Maharanobis, are often applied due
to the training process can guarantee the class signatures are actual representative of the
particular area. Classifier performs well depending on sampling of training areas, statistical
of sample areas (e.g. spectral signature, variance, correlation), and its own algorithm. An
error metric table is used to calculate four assessment values: producer accuracy, user
accuracy, over all accuracy and kappa. MLC are the most utilized classifier as shown in
Section 3, due to the OA value and Kappa coefficient value is higher in the same direction.
While, these values of other classifiers are lower.
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ABSTRACT

The study of land use/land cover (LU / LC) has belonged to an important aspect of
resource management, planning and mapping, etc. The acquisition of these results is due to the
interpretation process, consists of two methods which are visual interpretation and digital
interpretation. The tools used in the interpretation are classifiers in image processing software.
Currently, there are many classifiers, but there is one method that provides better results than
the other. maximum likelihood classifier (MLC). MLC is one of supervised classifiers, this
method classifies the calculation of the probability for each given pixel in LU/LC class. The
comparative study of the interpretation results with MLC through three image processing
software (ERDAS, ENVL QGIS) is the purpose of this study. Interpretation results show that
ERDAS (OA = 83%, Kappa = 76%) provides better overall accuracy (OA) and kappa
coefficient (Kappa) than ENVI (OA = 81%. Kappa = 74%) and QGIS (OA = 79%, Kappa =
71%).

Keywords: Chomthong, Interpretation, LU/LC, MLC
INTRODUCTION

Land use /Land cover (LU/LC) map is a significant spatial information for
decision maker who are planning, managing and designing any matter related to
particular area(Giri, 2016, Natya & Rehna, 2016). For example, LU/LC map of
Nakhonnayok province of Thailand (Diem et al., 2015) showed the change of LU/LC
between 2004 and 2015. The governor could design an economic plan or a city plan
for coming year. The results of the LU/LC change in Nakhonnayok presented as
Figure 1. Another example is a LU/LC map of Hawalbagh block, district Almora,
Uttarakhand in India (Rawat & Kumar, 2015). This map displayed the change of this
district during 1990-2010 which assisted in planning for urban development. next
example is assessment of LU/LC changes Island in Italy (Mei et al., 2016) showed the
changes in LU/ LC between 1984 and 2014 to get spatial and temporal data of changes
that occurred on the island. Next example is LU/LC mapping in Bhopal city of
Madhya Pradesh State of India (Paliwal & Katiyar, 2015) illustrates classification and
accuracy assessment of LU/LC mapping using satellite imagery. next example is a
classification of LU/LC map in Zonguldak city, Turkey (Sekertekin et al.. 2017)
conduct accuracy analyses of LU/LC mapping in 2016 for sustainable land
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Nakhon Nayok Landcover Map in 2004

Figure 1 Sample of LU/LC maps in Nakhonnayok in 2004(a) and 2015(b)

management, landscape ecology and climate related researches. The last example is
on environmental management in Tirupati, India (Mallupattu et al., 2013). LU/LC
map was generated in order to determine the changes in Tirupati from 1976 to 2003.
To obtain LU/LC map, the satellite images of interested area have to be interpreted.
There are two types of image interpretation: visual interpretation and digital
interpretation (Dalsted & Queen, 1999). The first type is analyst the image based on
human being sense. Another type always involves in interpreting by image processing
software. Three popular software are ERDAS Imagine (ERDAS), Environment for
Visualizing Images (ENVI) and Quantum Geographic Information System (QGIS).
Using data and remote sensing techniques urgently makes geographic processes fast
and efficient, even though the increased complexity makes more opportunities for
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errors. This paper aims to interpret LU/LC of the study area by using remote sensing
and images processing software and conducting an accurate assessment to assess how
well the classification is doing. Most of LU/LC maps are generated from digital
interpretation. The consistency of digital interpretation depends on satellite image,
classifier and accuracy assessment. There are two main types of digital interpretation:
unsupervised and supervised approaches. Both of them will return the result on the
form of information group (e.g. agriculture, wetland, forest). However, supervised
approach will generate the class signature from the training set before identifying the
pixel into each group. In this paper, we focus on the supervised approach. It outlines
the image interpretation. a case study on interpreting the satellite image of
Chomthong, Phitsanulok, result and discussion and conclusion.

IMAGE INTERPRETATION

Image interpretation process consists of detecting, identifying, describing and
estimating the importance of objects and pattern imaged. Interpretation methods can
be either visual or digital. Both interpretation techniques have pros and cons, even if
analyzed with digital, the final result must be analvzed visually (Lillesand et al.,
2015). The ability of humans to identify objects through the content of images by
combining many interpretive elements. There are two types of data extraction from
images: Interpretation with visual analysis and digital interpretation (digital image
processing) followed by visual analysis such as vector layer models from raster
images via on-screen digitization and Digital Terrain Model (DTM) / Digital
Elevation Model (DEM) creation (Zhou, 2016). Similarly, aerial imagery is
interpreted through 3D visualization through visual study. In general, analog form in
remote sensing data 1s being used to visual interpretation. This involves systematic
data valhidation, studying existing maps, collecting field data and working at various
complex levels. The analysis depends on the perception of the individual and the
experience of the interpreter, the nature of the material. the quality of the data, size,
combination of special bands, etc. The whole process of visual interpretation can be
divided into the following phases: object detection. interpretation. perception and
identification, analysis, classification, deduction and optimization, and depends on the
inference of the object.

Therefore, the interpretation is the sum of identifying properties through the
composition, photo recogmition, field examination and final thematic mapping.
Interpreting images that are helped by satellite imagery. The general flow of the
interpretation process 1s shown in the Figure 2.

In the case of digital interpretation refers to managing digital images with the
help of computers that is programmed to perform calculations using mathematical
equations on the value of pixels and groups of pixels taken from the raw image as
input. The output of the digital image processing is a new digital image whose pixel
values are the result of those calculations. There are some disadvantages in visual
interpretation techniques. However, they may want extensive training and intensive
labor. In addition, the spectrum characteristics are not evaluated when attempting n
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visual interpretation images. In part because of the limited ability of the eye to see the
tonal values in the image and the difficulty of interpreters in the analysis of multiple
spectral images simultaneously. In applications that have high spectral data, Therefore
it is popular to analyze digital data instead of visual data (Ratanopad & Kainz, 2006).

Remotely Sensed Data

v
Image Preprocessing

Collect Training Data

|
v
Image Classification

Accuracy Assessment

Figure 2 Flow for the image interpretation process

Image interpretation applications are used extensively such as monitoring,
resource management, planning activities and mapping (Bayoudh et al., 2015, Du et
al., 2014, Jagadeeswaran et al., 2018, Rawat & Kumar, 2015, Rujoiu-Mare & Mihai,
2016). For the application of the LU/LC classification interpretation. In practice, the
remote sensing method can be used to classify LU/LC types, saving and duplicate
pattern, in a large area. As the case study in the next section.

CASE STUDY

This study focused on a process of image interpretation for LU/LC
classification. This process consists of an image pre-processing step. specifying of
LU/LC as training areas, Image classification with maximum likelihood classifier
(MLC), and accuracy assessment.
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Image Pre-processing

The study area is an area of 35.8 km” including and surrounding Chomthong
subdistrict Muang district, Phitsanulok province (Figure 3). The Nan river flows
north-south through the study site. The whole area is flat river plain. The agricultural
usage areas are completely under irrigation.

Figure 3 The location of Chomthong

A multi-temporal satellite data observed by LANDSAT 8 Operational Land
Imager (OLI) from USGS (https://earthexplorer.usgs.gov/) on March 8, 2018 (Path
130/Row 48) was used for the analysis. The LANDSAT 8 satellite payload consists
of two scientific instruments; the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS). Both of these sensors provide a seasonal coverage of the earth
with a spatial resolution of 30 meters visible (Near infrared (NIR), Shortwave infrared
(SWIR)). 100 meters thermal, and 15 meters panchromatic (Lillesand et al., 2015).
The initial processing is done using a 6-spectral-band layer stack comprised of Band-
2 (blue, 0.450 - 0.51 um), Band-3 (green, 0.53 - 0.59 um), Band-4 (red,0.64 - 0.67
um), Band-5 (NIR, 0.85 - 0.88 um), Band-6 (SWIR 1, 1.57 - 1.65 um) and Band-7
(SWIR 2, 2.11 - 2.29 um), with false color composites, RGB: 5-6-4 for OLI. This
combination of NIR (Band 5), SWIR 1 (Band 6) and red (Band 4) offers additional
definitions of land-water scope highlights subtle details not readily apparent in the
visible bands alone. Lakes and freshwater streams can be located increasingly
precision when using more infrared bands. By this band combination, vegetation type
and condition show as different of hues (oranges, browns, and greens), as well as in
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tone. The 5-6-4 combination shows different moisture content and is useful for soil
and vegetation condition analysis. In general, the wet soil will be darker due to the
infrared absorption of water. The relationship between the remotely sensed data and
data used to reference geographic coordinates in systems is subject to geometrical
correction and cutting out sub images of the study area from the remote sensing
imagery (Subset image) (Figure 4).

Figure 4 False colour composites: 56 4

Training Area

Supervised classification is a technique commonly used for analysis of remote
sensing image. Supervised classification depends on the user to select sample pixels
in the image that is used to represent a particular class and then use the image
processing software on the training area as a reference for the classification all other
pixels in the image.

The training area is chosen from the raw images. The data in the training area
must be good quality and be representative of the data from the area on the remote
sensing image to be classified as a reference. The training area data pixel
characteristics must have the same relative characteristics as the reference area,
making the comparison between the training data and the reference data more
accurate. As well, the training area must overlay the reference area accurately in
regard to geographical coordinates. These factors will enhance the accuracy of the
statistical analysis of the reference area and reduce the bias potentially in the statistical
analysis of the reference area (Figure 5).
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(c) (d)
Figure 5 The training area for classifier; water area (a), vegetation area (b),

built-up (c) and bare soil (d)

The LU/LC was generated based on field visits and interpretation of remote
sensing imagery. The total number of pixels is chosen randomly from each type of
land cover as training areas. Every pixel in the training area is additionally examined
using high-resolution images of Google Earth and Landsat images to assure the land
cover labels were correctly assigned (Zhu et al., 2016).

The training area were extracted from four categories (Table 1) of land
use/land cover.

Table 1 Landcover desciption

Classes Description
Water Reservoirs, stream, river, swamps
Vegetation All plants and trees collectively, forest, agriculture, shrubs
Built-up Land covered by buildings or houses structures, residential. urban area
Bare soil The land has sandy, rocky. soil, never has more than 10% plant cover all year round

Image Classification with MLC

According to the idea that various types of properties on the surface of the
earth has different spectral reflections and transmittance properties, their awareness is
applied through the classification process into the widest sense. Image classification
is described as the process of classifying all pixels in an image or remote sensing data
to take a set of labels or land cover themes (Al-Doski et al., 2013). This paper classifies
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the data based on the type of LU/LC, divided into four types: bare soil, built-up water
and vegetation.

Image classification of remotely sensed data is one step in the information
extraction process. This is done using different techniques in image classification
whether training samples are used or not. Other relevant factors to be considered in
the information extraction process include the use of parametric or non-parametric
statistical analysis, the kind of pixel information used, whether or not the output will
provide a definitive decision about land cover class, and whether or not spatial
information is used (Rong, 2016). These techniques are used to classify each pixel as
representing a water area, or a vegetation area, or a built-up area and area of bare soil,
based on its spectral response.

In our analysis the classification method known as Maximum Likelihood
Classifier (MLC), was used to map out the four classes. This method is a supervised
classification method that calculates the probability of a pixel being representative of
each class thereby allowing them to be allocated to a particular class with the
maximum probability. MLC calculates from the mean and covariance matrix for the
training area and assumes that the pixel values are normally distributed. A class can
stated as a feature by using the mean and covariance matrix value (Domadia & Zaveri,
2011; Nair & Bindhu, 2016). MLC is one of the most potent methods for processing
training data when available and is one of the most widely used algorithms (Chutia et
al., 2016; Perumal & Bhaskaran, 2010). In our research, MLC was used with three
image processing software tools: Erdas Imagine, ENVI and QGIS to assess the
accuracy of pixel classification in each method, and thus indicating the ability of each
method to accurately classify LULC. The classification results of LULC areas by each
of the three software tools is shown in Figure 6.

(a) (b) (c)

Figure 6 Classification results using MLC of Erdas Imagine (a), ENVI (b) and
QGIS (c)
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Accuracy Assessment
Accuracy assessment is the verification process which evaluates how

accuracy of classification result or LU/LC map. Comparing this LU/LC map with
reference maps is performed by comparing pixel per pixel, point per point and polygon
per polygon based on the reference objects stated. The result determined correct and
error of each of them and display in the format of an error matrix. Error matrix is an
array of numbers given in rows and columns. Particularly, the number of sample units
selected to a specific category is related to the actual category obtained from the
ground truth. The column shows the reference data while the row defines the
classification that is created from the remote sensing data (Congalton, 1991, 2001;
Story & Congalton, 1986). The diagonals represent sites that are categorized correctly
as references. Diagonal outside being wrongly made type. The error matrix of MLC
classification on these three software (ERDAS, ENVI and QGIS) are shown below

(Table 2 to Table 5).

Table 2 Error matrix of LU/LC classification of ERDAS

Reference data
= e =
= = 5 = =
s z < ° g
. | = B = ] =
3 -~ - @
2
‘z‘ Water 37 1 6 6 S0
O Vegetation I 45 | 3 50
Built-up 1 3 33 13 50
Bare soil 0 0 0 50 50
Total 39 49 40 72 200
Table 3 Error matrix of LU/LC classification of ENVI
Reference data
g -
% 3 g ; 3
= % = @ S
g = o 5 3 [
e~ -
2
E Water 37 1 6 6 30
g
S Vegetation 1 44 2 3 50
Built-up | 3 33 13 50
Bare soil 0 0 2 48 S0
Total 39 48 43 70 200
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Table 4 Error matrix of LU/LC classification of QGIS

Reference data
E o =
b g 7 & =
= i) = 2 2
& = =0 E] =
4 2 =+ &
2
E’ Water 37 1 6 6 20
o Vegetation | 40 6 3 50
Built-up 1 i 30 13 50
Bare soil a o 0 50 50
Toital 30 47 42 72 20

Information of each error matrix table are used to calculate overall accuracy
(OA), producer accuracy (PA) and user accuracy (UA). These values are useful for
decision maker to design which software are appropriate for their works. OA can

calculate from eguation (1) below:

Number of correct pixels
0A = : R (1)
Total number of pixels

OA 15 the average. It does not reveal whether the errors are equally distributed
between classes or if some classes are certainly not good and some are good. Hence,
the other two values. UA and PA, may be considered. User accuracy shows the map
accuracy from the user's perspective in the classified map. A pixel which is grouped
into one of the classified class on the image, can be two or more types of matter on
the reference map. The "correct’ class, which refers to the same land cover class on the
map and on the ground, and the "incorrect’ class, which shows the different land cover
for the ground than those classified on the map. The following classes are called a
commission error. More commission errors, the lower the user accuracy (Banko,
1998; Congalton & Green, 2002; Nagamam et al., 2015). The calculations of UA and
commission error (CE) are shown as in equation (2) and (3).

UA = Number of correctly identified ina given map class (2)
- Number claimed to be in that map class

CE=1-UA (3)

Producer accuracy comes from dividing the correct number of pixels in one
class divided by the total number of pixels obtained from the reference data. PA is a
measure of how well the category is classified. It includes omission errors which refer
to the proportion of features seen on the ground that are not classified in the map.
More omission error, the lower the producer accuracy (Banko, 1998; Congalton &
Green, 2002; NAGAMANI et al., 2015). The calculations of PA and omission error

{OE) are shown as in equation (4) and (5).
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Number of correctly identified in ref pixels of a given class
Number actually in that reference class

PA = (4)

OFE=1-FA (3)

Kappa is a statistical value which measures the different of agreement or
accuracy between the classification map obtained from remote sensing and the
reference data specified. Can calculate the Kappa coefficient (Kappa) as follows,

_ Po—P:

K
1-F,

(6)

Where,
P, = proportion of units agreed, OA
P. = proportion of units for expected chance agreement

The Kappa coefficient is not sensitive to the difference in sample size between
classes. so it is considered a more reliable measurement. The general range for Kappa
values is divided into three groups: a value greater than 0.80 indicates a high
agreement, values between 0.40 and 0.80 indicates medium agreements, and a value
lower than 0.40 indicates poor agreement (Banko, 1998; Congalton, 2001). In Table
5 show all accuracy measurement for classification.

Table 5 Classification accuracies for various image processing software tools

Mame of image processing software

ERDAS | ENVI

QGIS
Accuracy measurement | %)
PA UA | CE OE PA UA | CE OE PA UA | CE OE
Water 9487 T4 26 5.13 94 87 T4 26 5.13 9487 T4 26 5.13

Vegetation | 91.84 90 10 B.16 91.67 B8 12 B33 B5.10 ED 20 14.90

Built-up 82.50 i) 34 17.50 | 7674 i 34 | 2326 | 7143 6l 40 | 2857

Rare sml 9. 44 100 0 3056 | 6857 9 4 3143 [ 6944 100 1] 3056
0A a3 81 T
Kappa T6 74 71

Mote: PA= producer accuracy, UA = user accuracy, CE = commission error, OFE = omission error, OA = overall
accuracy, and Kappa = kappa coefficient

The comparison of classification results in LU/LC map was based on the
value of accuracy assessment. An error matrix table was generated for each result
map, and calculate the overall accuracy (OA), producer accuracy (PA), user accuracy
(UA), and kappa coefficient (Kappa). Moreover, the main focus for pixel selection,
accuracy assessment, is in areas that can be identified, both in high resolution and
Landsat images. The pixel selection uses reference data to classify from Google Earth
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and Google maps. Create a total of 200 points from classified images in the study area
using stratified random sampling. Stratified sampling is suggested according to the
minimum number of samples to choose from in each category (Congalton, 1991).
Accuracy assessment results have shown in Table: 2, 3, 4 and 5 respectively.

RESULTS AND DISCUSSION

Comparison of interpretation on satellite image of Chomthong with three
image processing software 1s shown in Table 5. The results of the accuracy assessment
in Table V show the O A received from the process of sampling for the images of 83%,
81% and 79% (ERDAS, ENVI and QGIS). UA 1s between 60% to 100% while PA is
between 68.57% to 94.87%. Multiple accuracies in predicting specific categories. The
UA shows the reliability of classification to users. UA is a more pertinent
measurement of true classification in the field. Found that bare soil is more reliable
with 100% of UA except for ENVI (96%). To indicate the strong complexity of built-
up with other land cover classes. In addition, PA measurements show CE, reflecting
the pixels included in the category while not in that category. For example, CE is the
highest level in the case of the built-up area, which means that many pixels not in this
category will be categorized as the built-up area. Nearly, OE shows the number of
pixels that are not included in the same category in that category. The OE in the case
of bare soil is more (30.56% in ERDAS and QGIS, 31.43% in ENVI) with 22 pixels
which be members of this category, are not classified in this class. In this study, Kappa
of 76%, 74% and 71% (ERDAS. ENVI and QGIS) were received which is rated as
considerable. As stated earlier, Kappa is over 70% higher. [t may be interpreted that
the classification is more accurate than expected by a random class assignment. Kappa
value of 76% for ERDAS indicates better classification of LU/LC map. But that does
not mean that the other software is not effective in identifying LU/LC, which can be
seen from the Kappa values (74% and 71%) that are similar. It 1s possible that each
software will hide the adjustment of various parameters in the background, resulting
in different classification performance. Because the study area, identifier and training
are the same.

CONCLUSIONS

In this study, MLC is done through image processing software, to interpret
LULC in Chomthong, in which leads to the conclusion. MLC classifies existing
classes in the study area with good agreement with the reference area. MLC classified
the study area through ERDAS, ENVI, and QGIS into four classes (e.g. water, bare
soil, vegetation and built-up). The accuracy assessment 1s useful in evaluating the
effectiveness of the model for a specific interest class for the study. The error matrix
has been carried out, with OA of more than 79% of the three-image processing
software and Kappa is better by 70%. Kappa is ranked as important and makes the
classified images suitable. The result shows that OA and Kappa are better for ERDAS
compared to ENVI and QGIS. Therefore, it can be concluded that ERDAS is a better
tool for effective LULC classification in Chomthong. Selection of a suitable software
requires consideration of main factor, such as classifier performance, classification
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accuracy and software type (e.g. commercial software or open source software).
Which it depends on the user's decision to use the software. If you want to use open
source software, QGIS is as effective in interpreting LULC as well as commercial
software,
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ABSTRACT. Object-based image analysis (OBI4) has emerged as a popular method for land use
and land cover (LULC) classification from satellite imagery. Integrating ontolagy with OBIA has
shown promise in improving the accuracy and efficiency of LULC classification. This approach
involves developing domain knowledge with input from experts, generating classification rules
using Semantic Web Rule Language (SWRL), and using ontology for LULC classification
reasoning. In this study, we present the potential of OBIA with ontology for LULC classification.
We demonstrate that the approach achieves an overall accuracy of over 80% with improved
efficiency compared to conventional OBIA methods. The ontological model for image object
praperties uses OBIA with an entological structure for finrther extension, feature extraction, rule
generation, and ontologv-based classification. The results of this study suggest that OBI4 with
ontelogy can be a useful approach for accurate and efficient LULC classification. Further
research could explore its application to different regions and compare its performance with other
classification technigues.

Keywords: Object-based image analysis, ontology, land use and land cover, satellite image

1. Introduction. Remote sensing technology is commonly employed for land use and land cover
(LULC) classification, which involves the analysis of satellite image data. Two primary methods
for analyzing image data are pixel based image analysis (PBIA) and object based image analysis
(OBIA) [1, 2]. The PBIA assigns the individual pixels to different geographic classes solely based
on their reflectance values which obtained from various spectral bands. This method does not make
use of other spatial, geometrical, or contextual characteristics that could be valuable. [3]. PBIA
operates at the pixel level, which creates the issue of mixed pixels where a single pixel represents
multiple types of image objects. As satellite image resolutions improve, the utilization of PBIA
reduces because of concerns like the "salt and pepper” effect. In this effect, single pixels are
incorrectly classified within a cluster of pixels that represent a specific class [4-6]. The change has
occurred over a few years. Most classification method of LULC has been moved from PBIA to
OBIA [7]. OBIA is a method used for analyzing satellite imagery that focuses on identifying and
classifying image objects based on their spectral, spatial, and contextual features, rather than
individual pixels. OBIA allows for more accurate and efficient analysis of satellite imagery, as it
can account for mixed pixels and incorporate additional features beyond just spectral reflectance
[8]- OBIA uses the feature values of image objects to establish rule sets that can categorize them
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into diverse classifications. This technique varies from PBIA approaches in that it considers
several characteristics, such as spatial, textural, and contextual, in addition to spectral features to
classify image objects. Object-based methods can be applied at multiple scales, making them more
versatile than PBIA methods. One limitation of OBIA is the requirement for manual parameter
tuning, which is not only subjective but also time-consuming. OBIA relies on a set of parameters,
including scale, shape, and compactness, to determine the segmentation process. However, these
parameters can vary depending on the image resolution, study area, and desired level of detail.
Thus, users must manually adjust the parameters to achieve the optimal segmentation outcome,
which can be a time-consuming and subjective process. To enhance the efficiency of classification,
knowledge representation methods were employed to aid in the process, including forest
classification, farmland classification, and ocean classification [9-11].

An ontology is a language for presenting knowledge that offers a particular lexicon for a given
subject or field. It is a precise and unambiguous explanation of a shared understanding of a field
that is established by specialists and intended to encourage interoperation, reuse, and distribution
of domain expertise [12]. The Web Ontology Language (OWL) is a machine-readable language
that is utilized for expressing and distributing ontologies. It allows ontologies to be exchanged and
repurposed across various applications and systems. Description logic, a formal logic employed
for knowledge representation, is the foundation for OWL. It offers an extensive array of constructs
to establish classes, properties, and connections between them[13]. Reasoning engines can
examine and uphold the logical coherence of an ontology by identifying and reporting any
discrepancies, paradoxes, or other inaccuracies in the ontology. Commonly used reasoning engines
for ontologies include Pellet, HermiT, and FaCT++ [14]. The Semantic Web Rule Language
(SWRL) enables the development of conditional rules to supplement the reasoning abilities of
semantic web reasoners [15]. These regulations are executed via a semantic reasoner, which
uncovers new implications and integrates them into an established ontology.

This study integrates OBIA with ontology for LULC classification. The methodology involves
constructing a domain ontology using OWL, writing SWRL rules, and using a semantic reasoner
for object classification. Section 2 reviews related work, while Section 3 presents a case study of
LULC in Phitsanulok, explaining the integration of OBIA with Ontology. Section 4 discusses the
results, and Section 5 concludes the paper. summarizing the study’s implications. This study
demonstrates the benefits of integrating OBIA with Ontology, including enhanced accuracy,
semantic understanding, flexibility, interoperability, and decision support for LULC classification.

2. Related Work

2.1. Image Interpretation for LULC. Image interpretation involves the analyzing of satellite or
aerial images to identify and classify different types of LULC [16, 17]. It can be for monitoring
the changes of land use patterns [18] in particular area. In this interpretation, there are several steps
including preprocessing the image to correct for distortions or atmospheric effects, segmenting the
image into individual objects, extracting features from the objects, and classifying the objects into
different land cover or land use categories using machine learning or rule-based approaches.
Accuracy depends on various factors such as the spatial resolution, the effectiveness of the
classification algorithm, etc. LULC classification can be applied and deployed as a tool for
planning in the geographic area or sector such as environmental monitoring, urban planning, and



natural resource management.

2.2. OBIA with Ontology. OBIA is a technique commonly utilized for analyzing remote sensing
imagery [16, 19, 20], which involves breaking down images into meaningful objects, such as
buildings, roads, and fields [21-23]. To improve the accuracy and efficiency of image analysis,
ontology has been integrated with OBIA [24]. An example of using the domain-specific ontologies
is to verify the result of an image interpretation [25, 26]. A domain ontology is created to capture
the semantic relationships among the objects in the image. Then this semantic relation also
provides an easy to segment and classify the image. The inclusion of ontology enhances the
precision of object classification and minimizes the computational burden associated with image
analysis. Another example of OBIA with ontology is the use of ontologies to select features for
object classification in remote sensing images [27]. In this approach, ontologies define a set of
relevant features likely to be present in the image objects of interest, and these features are used to
train machine learning algorithms for object classification. The use of ontology in this technique
reduces the dimensionality of the feature space, which can improve the efficiency of machine
learning algorithms for object classification. Overall, integrating ontology into OBIA has great
potential for improving the accuracy and efficiency of image analysis in remote sensing
applications. As technology advances, the use of ontology in OBIA is expected to become more
widespread, leading to more precise and informed decision-making in various fields.

3. Integrating OBIA for LULC classification: A Case Study of LULC in Phitsanulok. This
section infroduces the concept of using OBIA with ontology for LULC classification in satellite
images. The workflow will be presented, and case studies conducted for this research will be
described. Figure 1 illustrates the methodology for OBIA with ontology. which comprises the
following steps:

Ohbject-hased Image Analysis (OBIA) Ontology Analyze Accuracy Assessment

\ \ A
{ (

. . . Domain . OBIA with b n
Data pre- Error Matrix,
p ntology

" knowledge, ai
Pravesiin Built ontology £ classification EESERERE

Step 1 Step 2 Step 3 Step 4 Step 5 Step 6

FIGURE 1. An overall methodological workflow for OBIA with Ontology

Step 1: The initial step in the methodology involves preprocessing the image data, which
includes tasks like atmospheric correction, noise removal, and georeferencing of satellite imagery.
In this study, multi-temporal satellite data from the USGS Earth Explorer platform was utilized,
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which was captured on December 10, 2020, covering Path 130/Row 48, utilizing the Landsat 8
OLI. The data contained six spectral bands: Band 2 (blue, 0.450 - 0.51 um), Band 3 (green, 0.53 -
0.59 um), Band 4 (red, 0.64 - 0.67 pm), Band 5 (near-infrared, 0.85 - 0.88 pm), Band 6 (short-
wave infrared 1, 1.57 - 1.65 pm), and Band 7 (short-wave infrared 2, 2.11 - 2.29 um).

Step 2: Image Segmentation - The next step is to segment the image into meaningful objects
using a segmentation algorithm. The Multi-resolution Segmentation algorithm is often utilized for
this purpose and is configured with appropriate parameters [28] such as scale, shape, color,
compactness, and smoothness to produce precise outcomes. The research focuses on the Muang
District of Phitsanulok Province, Thailand, encompassing an area of 750.8 square kilometers. The
district is located primarily in the lower and northern parts of the upper central region of Thailand,
with the Nan River flowing through the city's center. The area is known for its diverse LULC, as
displayed in Figure 2. The segmentation techniques applied in this study utilized the
multiresolution method and were executed using eCognition Developer Version 9 software.
Multispectral data (Band 2-7) was used to perform a multiresolution segmentation process to
extract image objects. The scale parameter was set to 100, while the shape, color, compactness,
and smoothness parameters were set to 0.1, 0.9, 0.5, and 0.5. respectively.
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FIGURE 2. The geographical position of study area

Step 3: Feature Extraction - after segmenting the image into objects, the next step is to extract
relevant features from each object. The features that can be extracted from the segmented objects
include mean wavelength, brightness, standard deviation, maximum difference, reflection values
of specific spectral bands (Band 2-7), as well as vegetation indices such as NDVI, NDWI, and
NDBI (Figure 3). As an instance of feature extraction, areas that exhibit NDVI values of 0.3 or
higher are potentially indicative of vegetation, while NDWTI values greater than 0 may indicate
water areas. Similarly, NDBI values greater than a certain threshold may indicate built-up areas,
and so on.
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FIGURE 3. Examples of objects that can be classified as vegetation.

Step 4: Create a domain-specific ontology for capturing LULC class knowledge in the
methodology. This ontology is constructed with inputs from experts and research papers and
provides a structured and consistent framework for organizing and representing knowledge. The
process of ontology analysis involves the identification of concepts and relationships that exist
within a particular domain of knowledge. In this study, the domain knowledge was derived from
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various sources related to LULC classification, such as documents, images, and expert information.

The ontology was developed using Protégé 5.6.1. an open-source tool by Stanford University [29].
The ontology model is created by analyzing the structure of the domain using expert knowledge
from various sources. In some cases, satellite image data may be used, but it requires selecting or
defining concepts and properties to include in the model. These properties, relationships, axioms,
and associated instances are transformed into a machine-readable format using OWL and
presented in Figure 4.
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FIGURE 4. Ontology Model for LULC



Step 5: Using OBIA with ontology for classification involves generating classification rules
using a SWRL editor, which define the relationships between features and LULC classes. The
SWRL specification is used to create these rules, and a reasoner is utilized to execute them using
reasoning tools. An example SWRL rule is presented below:

highNDVI (? x) “dark (? x) “rough (? x) " irregular (? x) = vegetation (? x)

In this context, a vegetation can be identified as an image object exhibiting highNDVI, dark, rough,
and irregular. Here, C(?X) represents a class, where X is an individual belonging to that class.
Taking vegetation as an example, the presence of dark, rough, irregular, and highNDVI
characteristics indicates that the object should be classified as vegetation. SWRL can express an
instance of the NDVI type as shown below:

NDVI (? x? y), greaterThanOrEqual (? y, 0.3) = highNDVI (? x)

The formula means that when NDVTI is greater than or equal to 0.3. the object is highNDVI.

Step 6: Accuracy assessment: Finally, the reasoner is used to classify the objects based on the
rules generated in the previous step. Additionally, we need to convert the OWL format file and
SHP format file to obtain image objects in SHP format. The classification results are validated
using ground truth data from Google Earth. To evaluate the accuracy of a classification result, a
comparison is made between the result and data obtained from Google Earth, and Random
Sampling is used. The standard error matrix is used to calculate various metrics, such as the overall
accuracy (OA), producer accuracy (PA), user accuracy (UA). and Kappa statistics (K) (Equation
1-4) [30, 31].

0A = The count of pixels that are correctly classified (1)
Total number of pixels

Number of correctly identified pixels of a given class in the reference data

= 2
PA Number actually in that reference class @)
A2 Number of correctly identified in a given map class (3)
The number of correctly classified pixels inthe reference data for a given class
-P,.
K= PP (4)

1—-P,

Were, F, = The proportion of units for which there is agreement, OA
P, = Proportion of units expected to agree by chance

4. Results and Discussion.
4.1. The result. The study area's feature classification using OBIA and OBIA with ontology is
demonstrated in the results, as shown in Figure 4 and Figure 5.
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TABLE 1. Error matrix of LULC classification by OBIA

Reference data from field
5 o oy
ARIHEIEIERE
&% ) ; = 2] o < <
3 on = =1 | -
E = ad i ==
2
‘= | Vegetation | 36 2 2 4 44 | 923 | 81.82
7
& | Water 0 7 0 0 7 | 7000 | 100
&) :
Built-up 1 0 16 6 | 23 [ 7272 | 69.57
Bare soil 2 1 4 19 | 26 | 6551 | 73.07
Total 39 [ 10| 22| 29 | 100
OA (%) 78.00 OBIA
Kappa (%) 77.55

Note that PA refers to producer accuracy, UA refers to user accuracy, OA refers to overnall accuracy, and Kappa refers to kappa cocfficient
FIGURE 4. The result of OBIA classification

TABLE 2. Error matrix of LULC classification by OBIA with Ontology

Reference data from field
g - = —
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B
= | Vegetation | 36 2 2 4 44 | 923 | 81.82
b
2 | Water 0 7 0 0 7 | 77278 | 100
o g
Built-up 1 0 18 5 24 | 77.27/| 7391
Bare soil 2 0 3 20 | 25 | 70.00 | 80.77
Total 39 9 22 30 100
0A (%) 81.00 5
& OBIA with Ontology
Kappa (%) 80.01

Note that PA refers to producer accuracy, UA refers to user accuracy. OA refers to overall accuracy. and Kappa refers to kappa cocfficient

FIGURE 5. The result of OBIA with ontology classification

Figure 4 illustrates the LULC classification result of the study area employing OBIA. The most
extensive area of the study arca is covered by vegetation, represented by the green color. The
second most dominant category is bare soil, identified by the yellow color. The built-up area is
displayed in red, while the water area has the smallest coverage, represented by the blue color.
And table | presents the range of user accuracy (UA) and producer accuracy (PA), where UA
ranges from 69.57% to 100% and PA ranges from 65.51% to 92.30%. The UA values for specific
categories indicate the reliability of the classification for users, with a higher UA indicating a more
accurate classification. In particular, the water surface category had a UA of 100%, while the built-
up area had a UA of 69.57%. On the other hand, PA reflects pixels that are classified in a category



but do not belong to that category.

Figure 5 depicts the results of LULC classification in the study area using OBIA with ontology.
The dominant land cover type is vegetation, which is represented by the green color. Bare soil,
represented by the yellow color, is the second most dominant category. The built-up area is
displayed in red, while the water area has the smallest coverage, represented by the blue color. It
should be noted that the number of yellow areas representing bare soil has decreased. while the
number of red areas representing built-up areas has increased. Table 2 presents the overall accuracy
between the OBIA method and the integration of OBIA with ontology. The findings indicate a
significant enhancement in classification accuracy through the integration of ontology with OBIA.
Specifically, the overall accuracy value for the generated category improved from 78% to 81%.
The UA and PA for the generated classification demonstrated notable performance, reaching as
high as 77.27% and 73.91% respectively. Moreover, the classification of bare soil, vegetation, and
water areas also exhibited improved accuracy compared to the traditional OBIA method. It is
important to note that although misclassifications may occur due to incomplete knowledge of
OBIA with ontology, the classification results obtained using this integrated approach are slightly
superior to those achieved with the traditional OBIA method, the difference is not significant.

4.2. Discussion. Three issues have arisen, with the first one being related to the marginal
improvement in classification accuracy that can be achieved by using ontology with OBIA.
Nevertheless, it is essential for human operators and software agents to comprehend the intricate
structures involved. Ontological frameworks enable in-depth knowledge analysis and explicit
ontologies, which promote the reuse of common ontology frameworks and expand the knowledge
domain in other areas. The LULC ontology model caters to the specific requirements of different
problem domains based on geographic models and enhances the semantic comprehension of land
cover types. Expert image interpretation in geographic domains necessitates parameter fine-tuning
based on the problem domain [32]. Ontology-classified OBIAs proficiently identify regional
disparities in changing land use and land cover. Integrating building map data into the knowledge
domain resulted in improved building-related classification accuracy and overall accuracy
exceeding 80%, Table 2 presents the improvements in classification results achieved by using
OBIA with ontology for the study area.

The second issue concerns the potential impact of random sampling on the accuracy of LULC
classification. Both large and small sampling approaches can be effective, depending on the
research question and study objectives. Large sampling provides a broad overview of the study
area, while small sampling offers a more detailed and accurate assessment of specific areas or
features of interest [33]. The choice of sampling method should consider the research question,
study objectives, and data availability and quality.

The last issue concerns the possible future directions for utilizing OBIA with Ontology for
LULC classification. These include integrating additional data sources, examining alternative
ontological frameworks, refining OBIA algorithms, comparing the approach to alternative
classification technigues, and extending the methodology to other geographic regions. Exploring
these opportunities for further research may enhance our comprehension and capability to
accurately classify LULC.

5. Conclusion. The objective of this study was to use OBIA and ontological techniques for
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classifying LULC using Landsat 8 satellite imagery. The OBIA analysis involved using Multi-
resolution Segmentation with specific configuration parameters, allowing for feature extraction
based on wavelength reflection properties and establishing a hierarchical structure for data
classification. The features were determined using properties such as mean wavelength, brightness,
and reflection values of specific bands. along with vegetation difference indices like NDVI, NDWI,
and NDBIL Four LULC types were classified: vegetation, water, bare soil, and built-up areas.
Domain knowledge and ontology concepts were developed using input from experts and relevant
information such as building information. Classification rules were established using SWRL
language, leading to improved classification demonstrated in Table 2. The integration of OBIA
with ontological analysis resulted in successful LULC classification with over 80% overall
accuracy in the study area. The ontology approach proved to be more efficient in LULC
classification than traditional OBIA methods, as indicated by the high kappa coefficient of 80.61,
signifying good agreement between the classification results and ground truth data from Google
Earth.
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