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ABSTRACT

Water is an important resource for human daily life, which needs to be planned
systematic in order to sustain the resource. For effective planning and managing the
resource, accurate and update water body information is important. The objective of
the research was to detect and extract water body automatically from Bing Maps
Satellite images using supervised image classification with Markov Random Fields
(MRFs) technique. The research procedure was divided into 4 steps including: 1) super
pixels generation; 2) feature extraction using color-based properties; 3) classification
water body using random forest classifier; and 4) improving of the image classification
by applying MRFs technique. Experimental results were concluded that classification of
water boy from Bing Maps Satellite images using supervised image classification with
MRFs gave better performance compare to classification without MRFs.
KEY WORDS: Supervised classification, Markov Random Fields, Bing Maps, water body

extraction
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Amdeaaflenwuy Landsat TM Tnssiddeildinadianissuunwuuiindudaesasuun maximum
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Foyannildlunisfnuwiadedldniain Bing maps duduamunuiluiwnaia
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3. MUTuUTUsEENEATWNISIMUNA9Y Markov random fields

dovhnisduunfinialunimudn ‘z]zumawialﬂﬁam3U%’Uﬂ§awa‘uaﬂmiﬁ’1Lmﬂﬁmﬁzja 1Aen1g
Ul geiagRionsanismnuduiusvesiiniealuiufl (local interaction of pixels) n135M15UUUTIHANTS
$ruun Tunududlédnislfvadamsduuuuinaeniad (Penny, 2002) Inevhlunisduuuuanaeniiaday
Uszneulumensiluuulsdimuaiirma (Undirected Graph) G ={N,E} lne N fo Inuavewiauls
du dmualyl X, WWusavosiuusduinudes (Fouse) fuduusdu S wuideu (Edges) E azuans
auduiusvesuUsguamng i iWedmualiidulsdy A B waz C laq 9zl X , fanuduiius
wuulidunsuouiideuladiu X, dle X, waw X, dousie X Adeidelsifidumilnenssdidon X ,
war X, wildanuisonansaanuduiusuuulifuasuuuiifouly (Conditional Independent) L¢3
X, X4 [X o wnvedvuatrafes B, veslnun N laq arunsofdvualéainnguuesivundideusioru

N rhududenlag Tuns
B,={men|(mnee) } (5)

muualilrnuesduuadifssasnun N lae Nazliunssdulnundug snulnuat1afss AaEuLs
a ! & a A Yo i &
aunsasuautnazdudsdauluves X, tesasaluil

P(X, | Xy =X,)=P(X, Xy ) ©6)
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nAuautRvewIsaeiengn a1uisaesuteiisnisuanwatiuuswanuduiusnidululd X
(mnudululsinmuaiiazanusaiaduldaindudsdulunsm) TneRarsanldainnisuanuaauuiiieuly
YRINANVDIAIMUTHY P(Xn | Xy ) agslsfimuiioRasanianmsinianunvesdulsdy 151811750

n

asensuanuasuuuiiieulvvesiuusduiitiunlagofanannisuesnIskaniasuy Gibbs (Casella, 1992)
Tunsllas Asaunsnssaludl

P(x)= 5 T1¢: (x,) G

lagauni1sn 7 innwaguuesndn (Clique) avuaneaglunsiv lngadnAenguvedrualunsindidy
Wousatuianuannivua a1 Z ferussuealad wie landuveanisidu (Partition Function) tnedenu
Aarolull

Z =>114.(x,) (8)
g
1
di(x.)=e " ©)

Farn T azFenindudsenngiifinesaiuauanuaunaluduneunis optimization Astusiaunsadeu
P(x) lmildsisemnnsdnaans

1
P(x)= EPS (10)

Tng

U (x)=>V,(x) (11)

FsgniFeninileitundsau (Energy Function) 9numiigavives Hamersley-Clifford (Bilmes, 2006) 5¥131
mMsduuuvinaeiladlag awnsafiezidouluzuuuureanisuanuasuuy Gibbs $1eduld ndnnnsddnlu
nsthnsguuuvinaenladsunldlunisuienin (mage Segmentation) Ae n1seenuuUTlsidungasud
wanzavluednlag hudsduiradesidoinealunm) Sdaeillduariannsnaaferdundanuldans
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weu fio farduiiien (Unary term) LLasﬁaﬁ%uﬁj (Binary Term) lngaunsauannuduiusianiziiud
(Locality) vossfuvsduldsid
V.x = Bin(x) +Un(x) (12)

levinseenuuuitsidulfimnzauuds dumeuselufients Optimization iielldArmusdusiudigs
fgelunsinl Gamneenrinfineaasdaingauiigamuilaiduildeanuuuly

Turnuguiialdmuad Bin(x) Wuilsdduiiduegamnubuamninaes ¢,(x, ) e friiniad
Ty ¢,(x,) gndnlseglunguieniufiv x asfmusli Bink) = 1 uazdn ¢, (x_ ) gndnlieglungusinsain x
azuuald Bin(X) = 3

dmdu UN(X) azvimseunaninnuazidundinisiangs sﬁwm%uﬁ%augﬁiﬁ‘ﬁagaﬁmi
nsza1BLUUUNRA (normal distribution) fytauay

un(x,) =G(x,m,,o,) (13)

Tng

1 7(X7,uk )2

G(x,u, ,0,)=—-— (14)
(:uk k) O'\/Z

Ly w8 o, AaAnatavesiinigangy k kazauudsusinvesiinwanay k aeldaintunaunisiuniiniga

8 K-means
dievhmsimuafleiduiionaeyiing optimize ud3 optimization Azgnaiunisiasnaiansman
(Graph cut technigue) (Olga, 2001)
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fnafiaulafufinadrades Femadansduiuuansaen lushdaiaziniseiuisiinmvaasaiie
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Wousuiulsedniamuadisnisfithiaue wldihnsfiusiunudeyanimaieniiey Bing maps
Tagvhnsifununu 5 o Tuusazamagilesdusznaunmiiduiuiivn uazauinvesniwgnimunlis
3u1A 1000x1000 finka teanszaziatlunisUszana uonanammaaouLdnaliiinisainveuiun
ameaniieielfidutoyadoudmiuussdulssansnm

mﬂm31/1maamudﬁ%‘mﬂumﬁzqﬁuﬁﬁwLmué’miuﬁaﬁlﬁﬁwLauaﬁﬂizﬁm%mwhﬂﬁsmmjmﬂmﬁva
Ieignéiasiia 98% TapAmssuunuanafanIs1e confusion matrix Tumssdi 1
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Hansvaaaslunsszyiunuuudalulfneisnsidiausianidagui 3 uay 4

q

(m)
JUN 3 uanswadnsannnsdnuunegTsnsndaue (n) amduatu Bing Maps (¥) awilvinmsanvauln
ez (A) WaawsAlAaINNTIUA

nsUszauinIng maluladadinidiazgldisdumduiivaid Use3l 2556
25-27 sureu 2556 o duwia Wadu awnaesil



gec infotech” () /5

(@)
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uay () naawsnlaainnsTun

d3Unan1siY
NunilAnwaadsnslunsiuunuazseyiuiuTlunwaieaifiey Bing maps 8438n1suantuns
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