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3-Remote Sensing

4- Maximum likelihood(ML)

5- Artifical Neural Network (ANN)
6- Support Vector Machines (SVM)
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Figurel. Geographical location of case Study

Al ghoail Sy 4 cad plad p Glder L
Sed> LS ol 5 o Ve nsis IS 8 b 51 Jlexs]
s agd ke 4 gladlas s [O]fj Al g5 Lo ysN0
5 TETM 53, slaesls el e s Ll 08
Oy Dl fpadile (o gume was 4SS luaib b )
MBSyl 52 S el Jlzml S 5 B8 ol S L
i o sy S a3 eslinl U el SLI i
Sl 5 2L B8 50 (slS S2L) OIS Ll &
(Glaih S ol S e 3 S lnaid lanls
W3S 1B aslie 30 el Coundly 2 b M5 glanis
ATV IS Cos b o sns as a5 35 ol QL:,J@L"JAS
AV S Comn L Oty oy dle gy a0 Sl Ao
s S les doys AVEY G b Jlazml Slas s, 5 dos
2ol ol (6,8 WAl A s (e

Sy s e 33 4B S Sope Slllas 4 g L
Ol Gloslpale polal el 3 il slagn, S
g s Falie 3 5 ollS el 6“&)}—@‘ S 5 S Ol
s ol fagn s cpl sl ol ol 6,8 gladll
G5 L Okaiy Sl pedle e S guaib slaez, S
Sloslsale st ghuaid g ol Slas 5 cilses |5 S
o= ALl s alE 0 5GEs af pske 4 TM
O amlie 3se (Olgps Olad L3 W3l alall s g
Klaz S

&&5}56‘5&
adlas 5, 40 gaibain

Dl gl 5 Olgps Ol L3 WBly uballpl sl o35
Sl Mbda 355 54 644'[5-:_5) 059> 1) u—if§)f c&\»&b

YYD s G-YY o )lows — o> Jlw

\43

SIS s men 5350 A_.)T)dlil?.@‘jﬂ SSL 53 (g
o Jll Sl Gy Sl VL e a5 ) gduadd
G 3N, sladlls 5 W] 0L 5 iewas el s
Sloslsabe i slar sauaab ¢l (Jlal Sl 5 ae 4SS
Gaik 5 by A s 2 VL S SSE o8 L
e @Lﬁ 4Jd.>)ﬂg;m.>4.34§.a;}l:mﬂ_$ Sl e Sois
J':Sl.b-uij)«{g;,,...}Md@ﬁ)ﬂ\ds\soujgwl
OLKaa 5 Sl ssls slad ghuazb 5 (g i s Jlaxs|
Slp s i pas Sl Sy o Sk laddlas 5o [VA]
Sl i bamlie o H VL S codS L el ghoaid
Aol ol 3 S s Jlazmd S 5 0y sy dle
23V Cmo 5 S35 Wilg e TANN 355 oS sl 0L
OLKen 5 pdsl el il ails ML 5 SVM iy, 5o
slaosls 51 SUI 63 ob) sy el o sk w0 [V]
pobas aadlas ol 5 (s S eslinal LISS-IIT (g 0458,
O3 e 5 smn s S 5 ozl Sl slann, S
Glutih o (A2E O3 5 ud a5 S 4 b Y 4
Jleal Slas gy gl g csruanl Gil:.? S T LUl
Sheslial b e a5 5 ol Sl eslital 05y e oSG2
5l s S a sl s s A8 AV SAY LS S @ e
Stoank ¢l » SVM ‘_;Lar;i)jijl S e s [E] 15 sl
/Cwwdd glaesls 31 eslaal L S IS P BNt}
osliial b gduazl ( Jrags cpl 5o Waol s S el +ETM
oo ol 2 S0 g s St oy sy slaile B )
gl sl 513 anslie 3) 50 Jlol Sl gduail o5 L L
LS e Ol Sls il 6\.‘:(,:4_)}@\ S ol Ol ol

1. Artificial Neural Network
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3. Google Earth
4. Majority
5. Multi-Layer Perceptron
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1. Environment For Visualizing Image
2. Root-Mean-Squared-Error
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6. Penalty Parameter
7. Pyramid Level

8. Overall accuracy

9. Producer’s accuracy
10. User’s accuracy
11. Kappa coefficient
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1. binary

2. Linear

3. Polynomial
4. Radial Basis
5. Sigmoid
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Figure 3. Land use map produced by method of artificial

Jlea! i8>
Figure 2. Land use map produced by the method of
neural network classification maximum likelihood classification
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Tablel. Error Matrix for Land use map that produced by the method of maximum likelihood classification
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Figure4. Land use map produced by the method of radial support vector machine classification
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Table 2. Error Matrix for land use map that produced by the method of artificial neural network classification
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Table3. Error Matrix for land use map that produced by the method of linear support vector machine classification
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Table4. Error Matrix for land use map that produced by the method of polynomial support vector machine

classification
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Table 5. Error Matrix for land use map that produced by the method of radial support vector machine classification
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Table 6. Error Matrix for land use map that produced by the method of sigmoid support vector machine classification
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Fig. 5. Area of land use classes that calculated by the method of maximum likelihood, artificial neural network and radial

support vector machine
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Abstract

Comparison of Three Classification Algorithms (ANN, SVM and Maximum
Likelihood) for Preparing Land Use Map (Case Study: Abolabbas Basin)

S. M. Shanani Hoveyzeh'*, H. Zarei?
Received: 2015/05/21 Accepted: 2016/04/23

One of the most important tasks of remote sensing technology is to produce land use maps. In this
study, in order to produce land use map of abolabbas basin, landsat satellite image of TM scanner acquired
on 01 June 2009 were employed. The image classified by using three-layer perceptron neural network,
support vector machine with the radial basis kernel function and Maximum Likelihood algorithm. So, the
performance of different classification algorithms in producing land use maps were investigated using
overall accuracy and kappa coefficient. Results showed that Nonparametric algorithms such as artificial
neural network (with 95.8% overall accuracy and 0.95 kappa coefficient) and support vector machine with
the radial basis kernel function (with 95.8% overall accuracy and 0.94 Kappa coefficient) with the same
performance were better than the third method which is Parametric maximum likelihood algorithm (with
93.7% overall accuracy and 0.91 Kappa coefficient). Overall, this study showed that three classification
algorithms, neural network, support vector machine and maximum likelihood are capable to generate land

use maps with high accuracy.

Keywords: Satellite image, Classification algorithms, Land use map, Overall accuracy, Kappa
coefficient, Abolabbas basin.
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