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Determining the optimal method for classification and mapping of
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Abstract

Background and Objective: Images classification is one of the important techniques for
interpretation of satellite images that is widely used in survey of earth changes. In the meantime,
satellite data has been recognized as the best tool for detection and evaluation of changes due to its
update information, low costs and variety of forms. Therefore, land use/land cover map is one of the
most important information required by the environmental managers and planners. On the other hand,
in recent years, artificial neural network method has been used widely for the classification of satellite
data. The aim of this study is to compare three different methods for land cover classification using
2014 OLI image over a 26-year period.

Method: In this study, digital data of OLI (2014) sensor was used in order to optimize image
classification method. Initially, the image was corrected in terms of geometry and radiometry in the
ENVI software. Then IDRISI software was used for image classification using three different
methods: fuzzy artmap, multilayer perceptron artificial neural networks and support vector machine.
Finally, land cover maps were classified into five categories: water, vegetation, canebrake, barren
lands and saline lands. To evaluate accuracy with the help of user accuracy, producer accuracy, overall
accuracy, kappa coefficient and error matrix, the created map was compared with the ground reality
map created by GPS, Google Earth images and field observations.

Discussion and Conclusion: The results of image accuracy evaluation showed that among the applied
methods the fuzzy artmap algorithm had the highest accuracy in classification of satellite data with an
overall accuracy of 94.68 and kappa coefficient of 0.91 compared to both multilayer perceptron
artificial algorithm with an overall accuracy of 92.99 and kappa coefficient of 0.89 and support vector
machine with an overall accuracy of 90.93 and kappa coefficient of 0.85. This study showed that
classification of fuzzy artmap artificial neural network algorithm has a high capability to create the
land cover map with high accuracy.

Keywords: Artificial Neural Networks, Land Cover Classification, International Hamoun Wetland,
Satellite Data.
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Figure 1. Geographical location of the study area on satellite images Landsat ETM + 2005
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Table 6- The results of classification accuracy land cover maps using three classification methods
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neural network Multilayer Perceptron method

SVM) laciiay oy oyl
Odol 48 Ceal o (G S by, o by Sl eile
SVM L gl jlop edle i (yme Sty Lawsi L
o9y M 99 3,90 53 Lal (29993 oaS Ak Sy &Bly 5
2 alold aS sl byl asie ol S o jls e SVM
4 oS gladass glaosls wles oo S las asao 13 U1, OIS
T B alals ol 6 pSeslal sl i 5 Koo i 13
Pl bty slalop cslabais bosls (nl g, cnl 51035,
o=l o a8 (@) S &5 cn a5l (S (YY) Wl
mase J55 s Sl asle 0 e e Ll
99 31 G 51 sl S 5 elat sl Joiss sl

5 amibe 5l Losiis g5 o 5L 4TSNS 3935 DS

1- Linear kernel

2- Polynomial kernel
3- Radial kernel

4- Sigmoid kernel

5ol o wsal Jué ARTD 5 ARTA g, oa
Gl 00,8 S G ARTD a5 ¢l axws oles ARTa

D98 oo cyed (A) ala, 51 FAD & 90 cpl jo wuled

:(N) 4.‘4.3‘)
b pab . " .
y A"j; ol Jub 5 By g Jui By jlegf
ab. ) .. pb e
B | Wr e Jui By s e By leg
X =
b, . D |
v ;MWJL.stgJL-sﬁ.:FZ
0; o) Juie EO, 2
72 2
Loint g W
[T ey i -
|y
- ®
000N |t Ay (g 0—12. 5—25 5Hskm —
[ |39 2! 5
s P

e A 9, b o (guiy Al p guai —F IS
38 eod s (o8 g
Figure 4-Classified image using fuzzy ARTMAP
(method)

4 e gy (P (ol 4Seh (g

(MLP)
St el Y sz Gg e n (Sras omas &SD
Al abl e (Fyian (pmas Al )6 0 g0
(5999 42¥ S Jolds GBS Ly w9 smas
DP9y Bl oo eg Y ST g e Y S JBlas
3 el Lz Ll ey (95 B L o651 5o (6 ,:50k
O 058 (g0 melail (LIS (5 oged 4y A 139 gy 0
=97 b osdbe o255 Jlade oS (ol jl &5 550

o (25 G (53 42 45 b el S5 ey



S 2B (63w A g (G adinb Aty (W9 (yen

Sl el pslas slo Al p i bl aslllas ol s
5§ (8 yrmod] Dloezal (D3LS S5 S 5 olonl o0 1 S
99 4td 4 probal (B3l al> e 50 s 08 Jlosl (pwiin
il g oo alib jolaie & (S diged 5 (coelad Aged g9
EH—as omac AT iy, 90 5l delale ay8 )T pladl Coxs
5 42Y air sy (Soian ras 450 5 36 )]
Ot ebie QLRI el S Gletiy Sl etle (o
ooliiwl b (o) gy (il 4t 5 o a4kl sl g,
Cwad o lsal o OLI suies b oz eoly (5
Slgi gy o a2l Adgy (sla Al g 00,5 ooli
el Cawd 4 250 (ol 4 Como ob)l s lsl jo asa
SIS 38 iy (ogian (oas a g, & g 4kl
ol &5 Sg0 cnl adl (o LI ol g U5 Como YL
1210 SAFFA LIS oy 5 LS cmo b a5 4 s,
Y wix g (Eohas (onas 40D la gy L anlis
1z edle o9y 9 JAR 5 AVAR GLIS o po y JS cno b
CBS JAD 5 A+ AY LB s g JS coo b plaiiy
S ol Jds utls ool gy o il 5 1, YL
Mt (65 i S8 Gl (egran (orae 4SS o )
s Sl pd cale slilo b aSn pl oSl
M el iy S an I 3o (ol )0 s (oS
emas A=h (g 99 e | 655 o8 288 pliiy
s Lo Gy aoe b ldaze S b Ll ccasls
5 o0l Ly (V) 5,LSod 5 iy 45 ) alar 51 il
AEE A pladl pslal gun ail Sslits sla py 55!
A4S Wy a2 (pl a5 W05 98 Gl ot (21 68
e (g Comd iy o (edle g diib g
P Ll eV como Gl qras 4SS ez op S0
rabad oy b ln (VF) 0lasS 5 (9aSed ;500 (69,9
Eyan gras 4o (he) L)l edle (B9 sl o lale
I etle oSN A 0 S Ao g us S Al

(Fsan o Ak 8y s 55V S sl oty

2 S slgssy 3 ol szl @l o 058 ool (laniy
gl Gl cze) - @e) 00 aates g ks Jlie
adl 0gd oo oolawl WS o slo) e 9590 4o (Sledb]
Lo kst o 0y 65 i ©ldbl g5 - 755 omatws b,

(YY) ans oo 53
£ Cq*d\)QTAfcgwhsdgohﬁjjgsbcﬂLG 6L¢>S\/hﬂ
atwd i |y oo slaaigs JSiw 095> jbjeel 0 SVM
5 LSl S oo o press Jloix] iSTas b 1) oaisS g0y
2 &2y g anleion Gaet A Djge 4 1) 395 Shelns
Lo S 5l eslil b oS Slosloms b g o, 4y 1, s
ke LS o Bl 0o Jols pagie g e

Support

Ol 510 3 cpiilo (gudy Al —F IS

Figure 6- Classification of Support Vector
(Machine)

s1°0°0"F 625007F

pobeti - R

o0 N

oy mble (g5 b ouls (guiy by guai-V Sl

Figure 7- Classified image using Support Vector
Machine (SVM) method




Y liwo ) VA o kol i j uzmo (65919555 g pole Y.#

basin, Iran. Arab J Geosci 8:525-537.
d0i:10.1007/ s12517-013-1244-3.
Matinfar H, Alavi Panah S, Zand F,
Khodaei K, 2013, Detection of soil
salinity changes and mapping land
cover types based upon remotely
sensed data. Arab J Geosci 6:913-919.
doi:10.1007/s12517-011- 0384-6.
Arekhi S, Jafarzadeh A, 2014,
Forecasting areas vulnerable to forest
conversion using artificial neural
network and GIS (case study: northern
Ilam forests, Ilam province, Iran).
Arab J Geosci 7:1073- 1085.
doi:10.1007/s12517-012-0875-1.
Pradhan B, 2013, A comparative study
on the predictive ability of the decision
tree, support vector machine and
neuro-fuzzy models in landslide
susceptibility mapping using GIS.
Comput Geosci 51: 350-365. doi:
10.1016/j.cage0.2012.08.023.

Alavi Panah, Seyyed Kazem, 2003.
Application of Remote Sensing in
Geosciences (Soil Sciences), First
Edition, Tehran University Press, pp.
478. (In Persian)

Lu, D, and Weng, Q, 2007, A survey
of image classification methods and
techniques for improving classification
performance. International Journal of
Remote Sensing Vol.28, No. 5, 10
March 2007, 823-870.

Tien Bui D, Pradhan B, Lofman O,
Revhaug I, Dick OB 2012 Landslide
susceptibility assessment in the Hoa
Binh  province of Vietnam: a
comparison of the Levenberg—
Marquardt and Bayesian regularized
neural  networks.  Geomorphology
171:12-19. doi:10.1016/j.
geomorph.2012.1004.1023.

ol e ami b 3lse slo (ragh L alal) jo ol oo
¢ Fyman omas gla aS b sla by, jleslinal L (YY)
a4 a pladl Jluaol Sl g oleciiy by il
45 Sy 45 (nl 4 5 9903 O] le Sl LAl 68
8o K00 gy 30 4 L (Loian omac sbd AL s,
sl o ol (Ll Gibig [6 )5 gan aids o (6 5V
aab Baa Lol plol a5 adlllas ;o wo (YA) 50,50 S0
@ LelS 1o UsT 0 (6,00 adlate (ol gy 162,15 (s
SHYL Coo Jlade gras aSD By, oS dewy A ()
OB 5 5 iz e o)l Jleial 2STas () 4 Cos
2 2l Gt o Al gl (Lo addllae )0 55 (19)
A (goy alleb a5 o) 4l (nl a eyl (L]
Al oy adb b awlie o oY L5 Coo prae
Ol oo oal s 4 lS 4 4z b aes o )| Jleas]
—as 4l o8l b (g a5 sgai blasl i
A angd Sl clie (50, 9 0,00 (YL o (o5iae
2l oo less 4 L2l sy

Reference
1- Badreldin N, Goossens R, 2013,
Monitoring land use/land cover change
using multi-temporal Landsat satellite

images in an arid environment: a case
study of EIl-Arish, Egypt. Arab J

Geosci 7:1671- 1681.
doi:10.1007/s12517-12013-10916-
12513.

2- Gardi C, Panagos P, Van Liedekerke
M, Bosco C, De Brogniez D, 2014,
Land take and food security:
assessment of land take on the
agricultural production in Europe. J
Environ Plann Manag 58:898-912.

3- Ghobadi Y, Pradhan B, Shafri H,
Kabiri K ,2013, Assessment of spatial
relationship between land surface
temperature and landuse/cover
retrieval from multi-temporal remote
sensing data in South Karkheh Sub-



\B Sy (G5l AL g (o Alleb Ao (g (e
llam Dam), Natural Resources 10- Joachims, T. 1999. Making large scale
Department,  Agriculture  Sciences SVM learning practical. In Advances

17-

18-

20-

21-

22-

23-

Faculty, University of llam, Scientific
Journal of Research Pasture and Desert
of Iran, Volume 18, Number 3, Page
420-440. (In Persian)

Watts, D., 2001 ,Land Cover Mapping
by Combinations of Multiple Artificial

Neural Networks, MSc. Thesis,
Department of Geomatics Engineering,
University of Calgary.

Gahegan ,M., German, G. and West,
G., 1999 ,Improving Neural Network
Performance on the Classification of
Complex Geographic Datasets, Journal
of Geographical Systems, No. 1, pp. 3-
22.

Wijaya ,A., 2005 ,Application of
Multi-Stage Classification to Detect
Illegal Logging with the Use of Multi-
Source Data, MSc. Thesis, ITC,
Enschede, The Netherlands.

Liu, X.H., Skidmore, A.K. and Oosten,
H.V., 2002, Integration of
Classification Methods for
Improvement of Land-cover Map
Accuracy, ISPRS Journal of
Photogrammetry & Remote Sensing,
No.56, pp. 257-268.

Hung, C.C., Coleman, T.L. and Long,
0., 2004, Supervised and
Unsupervised Neural Models for
Multispectral Image Classification,
ISPRS, http://www.isprs.org/istanbul
2004/ CommY/papers/Y +.pdf.

Vapnik, V .N., 1995.The Nature of
Statistical Learning Theory (New
York :Springer Verlag ).

Hsu, C.W. and Lin, C.K., 2002.
Acomparison  of  methods  for
multiclass support vector machines.
IEEE  Transactions on  Neutal
Networks 13, 415-425.

11

12

15

16

in
Kernel ~ Methods-Support
Learning, pp.169-184.
Alavipanah, S.K., Masoudi, M., 2000,
Land Use Mapping Using Landsat TM
and Geographic Information System
(GIS), a Case Study: Mouk Region of
Fars Province, J. Agri. Sci. Natural
Resources, Vol. 8, No. 1, pp. 65-75.
Borak, J.S. and Strahler, A.H. 1999.
Feature selection and land cover
classification of a MODIS-like dataset
for a  semiarid environment.
International  Journal of Remote
Sensing. 20: 919-938.

Amiri, A., Chavooshi, H. and Amini,
J. 2007. Comparison of Three Satellite
Image Classification: Fuzzy, Neural
Network and Minimum Distanc
Geomatic ~ Conference, National
Cartographic Center, Tehran.

Mas, J.F., 2003, An Artificial Neural
Networks Approach to Map Land
Use/cover Using Landsat Imagery and
Ancillary Data, Proceedings of the
International Geosciences and Remote
Sensing Symposium IEEE IGARSS
2003, Vol. VI, pp. 3498-3500,
Toulouse, France.

Jianjun, J., Jie, Z., Hongan, W., Li, A,,
Hailing, Z., Li, Z., Jun, X., 2005, Land
Cover Changes in the Rural-urban
Interaction of Xian Region Using
Landsat TM/ETM Data, Journal of
Geographical Science, Vol. 15, No. 4,
pp. 423-430.

Arekhi Saleh and Adibnejad. Mostafa,
2011, Evaluation of the efficiency of
support vector machine algorithms for
land use classification using Landsat +
ETM satellite imagery (case study:

Vector



http://www.isprs.org/istanbul

v ul-u»-e) YA okl o ) o ‘539.‘9& ) ,651-9 YA

26- Arekhi Saleh, 1393, Preparation of

land use map of Abbas llam Plain
using artificial neural network, backup
vector machine and maximum
probability, Journal of Rangeland,
Issue 2: Pages 30-43. (In Persian)

27- Lizarazo, |., 2006, Urban Land Cover

and Land Use Classification Using
High Spatial Resolution Images and
Spatial Metrics, Proceedings of the
Ynd Workshop of the EARSeL SIG on
Land Use and Land Cover, pp. 292-
298.

24- Yousef, S., Tazeh, M., Mirezee, S.,

Moradi, H.R. and Tavanger, S.H.
2001. Comparison of different
classification algorithms in satellite
imagery to produce land use maps
(Case study: Noor city), Journal of
Applied RS & GIS Techniques in
Natural Resource Science. 2(2): 15-25.

25- Dixon, B. and Candade, N. 2008.

Multispectral land use classification
using neural networks and support
vector machines: one or the other, or
both? International Journal of Remote
Sensing. 29: 1185-1206.



