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Abstract :[Objective] Given the shortage of low classification precision in traditional remote sensing
classification, the Basic Competitive NN is applied to classify TM remote sensing image. [Method] Consid-
ering the spectral information of TM image and the changing information of surface structure, TM image
classification is carried out using the classifier trained by the Basic Competitive NN, and the result from
Basic Competitive NN is compared with it from MLC. [Result] The total classification precision and Kappa
index of TM image with Basic Competitive NN in the study area are 89. 1% and 0. 873, while these with
MLC are 70. 6% and 0. 646. [Conclusion] The result shows that the classification result of Basic Competi-
tive NN is better than that of MLC.

Key words: TM image classification; surface structure information; Basic Competitive Neural Network
(Basic Competitive NN) ; Maximum Likelihood Classifier(MLC)
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Table 1 Correlation matrix of TM remote sensing image band in the study area
gjﬁ 1 2 3 4 5 6 7
1 1. 000 0. 828 0.716 0. 065 0.297 0. 385 0.495
2 0. 828 1. 000 0.933 0. 360 0.608 0. 370 0.735
3 0.716 0.933 1. 000 0.458 0. 744 0.375 0. 832
4 0. 065 0. 360 0.458 1. 000 0. 835 0.178 0.635
5 0.297 0.608 0.744 0. 835 1. 000 0.371 0.921
6 0. 385 0. 370 0.375 0.178 0.371 1. 000 0. 500
7 0.495 0.735 0. 832 0.635 0.921 0. 500 1. 000
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in the study area
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Map of first principal component
band in the study area
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Fig. 5 Classification map by basic competition NN in the study area

According to reflection rate, high buildings were divided into high and low reflection buildings
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Table 2 Mixture matrix of classification precision for Basic Competitive NN
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Classification Grassland Forestland P b Orchard o g Farmland Total
water water building building
IR
il 90 4 0 0 2 0 0 4 100
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ok ]
Shallow water 1 z 4 93 0 0 0 0 100
|
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= ot A
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i 5
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A< | .
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Mt
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Note: High buildings refer to the sum of high and low reflection buildings.
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Table 3 Mixture matrix of precision analysis of MLC classification
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Table 4 Total classification accuracy and Kappa index of the two classification methods
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Classification
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FRMAR B2 MLC

MAKSYHHR R/ % Kappa R %1
Total classification accuracy Kappa index
89.1 0.873
70.6 0. 646

3 W e

I REAS K B 38 6 X S A 5 4 UM 22 1) 25 114
FEA BALR W FA T R 22 N 45 7 1 2 AR
FAF— DI B REA RS RN R R 45 L D9 I i AL T
25 HRRE A B B0 T S A SRR R AR AR R
A5 R T S 0 A T BR L R TR A ROHE Y R A T
S R HR S 25 SR R W L i A A S S g b it
— LA

D ARBETEAR W S FE A 5 S BB 28 ) 2% 119 3 S MG
JEE RE A% 1B R R O 2R 5 BN AR AR R A Y
JLAR AL R 18 o 45l 9y 1) ) ) o0 1 4 g 20 28
R BE B0 5 AR b 317 1 - R A SR TR AR B N
BZ—.

4 %5 B8

ARG e A T 4 U o 22 ) 4 187 P T 38 SR %
Gy 43 B B AR T G T 25 I 2 3 ISR T R
e RABNER 1 oy F BT AT T 40 283050, Bk 416
.

1) FE A 5o 4 700 o 28 0 246 114 o S5 SRR T e K AR
SR 43 28 45 S T L S 5008 1 R AIE 28 [ 52 2% R i
UG BCHE 19 53 A5 RN T AS [ /9 G 11 43 A3 15, O 8 % 4%
HAR

2)TE LA TE G AU P28 W 2% 3 28 H L I AR R
G5 RN — 2L F AR B P9 2R DL ) oF S 4R R o KRG
B, AR b3 T TM i E B R 2%
JEE] T b 3R S5 1 AR A AF B TR B T R
Oy G IR e KSR L oy T AR LL L, T
T3 SR FH B AR 3 4 10 b 28 R0 265 43 25, ] A — 5 R
T B A% Gt TR AR 53 2 T SR I SR P RS T
P

(&% k]
CUT e ivt 9. S 114 B J5 8 5 7 0% [ M), b 5 B o A
2007.

Zhao S Y. Principle and method of remote sensing application
[M]. Beijing: Science Press,2007. (in Chinese)
(2] BEGUAR, TR DVt 5. B IR E R i KRR ik m

[3]

[4]

[5]

(6]

(7]

[8]

L9l

M ek L), 222241, 2002, 31(3) : 234-239.
Luo J C,Wang Q M, Ma J H,et al. The EM-based maximum
likelihood classifier for remotely sensed data [J]. Acta Geo-
daetica et Cartographica Sinica,2002,31(3):234-239. (in Chi-
nese)
g X BHL AT AR B — A 2Ok ik B R R R [ 3E D A
ANPE B 43260k [T, R S B B 44 4R . 2000, 5(1) £ 21-23.
Zhu J H,Liu Z K,Yu N H.,et al. Remote sensing image classi-
fication using an adaptive min-distance algorithm [ J]. Journal
of Image and Graphics,2000,5(1) :21-23. (in Chinese)
- B L BT L GE L T TM R AR PR AT 110 K 6 S B
SR T2 440 [J]. FRBER%,2003,24(2) 1 73-76.
Wang ] P,Cheng S T.Jia H F,et al. An artificial neural net-
work model for lake color inversion using TM imagery []].
Environmental Science,2003,24(2):73-76. (in Chinese)
ISR FIRLE A HE L S R R A R TR AR R SRR I
F i /R 2 [T AR VR IR 2% 4, 2001, 16 (2) .
179-183.
Luo J C,Zhou C H, Yang Y.et al. Land-cover and land-use
classification based on remote sensing intelligent Geo-interpre-
ting model [J]. Journal of Natural Resources, 2001,16(2):
179-183. (in Chinese)
XEZ, TARMEE 25 BT Fuzzy ARTMAP 2 R 4 (1)
FOTHERE R L W K RPN (] EE R EE %
42 .2003,8(2) : 151-152.
Liu Z J,Wang C Y, Yan H, et al. High resolution land cover
image classification and evaluation based on fuzzy ARTMAP
neural network [ J]. Journal of Image and Graphics, 2003, 8
(2):151-152. (in Chinese)
MBI IR AR, 25 FasART SR #2826 1] T 38 J
F G R a it s [T o B B R EDE 244, 2002, 7(12)
1064-1068.
Lin J,Bao G S,Jin R Z,et al. A study of FasART neuro-fuzzy
networks for supervised classification of remotely sensed ima-
ges [ J]. Journal of Image and Graphics, 2002,7(12);1064-
1068. (in Chinese)
Carpenter G A, Grossberg,Rosen D B. Fuzzy ART:fast stable
learning and categorization of analog patterns by an adaptive
resonance system [ J]. Neural Networks,1991,4:759-771.
TGN XV B F 532 1) 1 B Rl 28 T 4 A R JRRRE =)
HR IR L L) ] BRI %, 1994, 9(1) 1 68-72.
Zhang Y Q, Liu Z K. Accuracy improving of neural network
classification for remotely-sensed data by using of fractal di-

mension [ J]. Remote Sensing of Environment,1994,9(1); 68-

72. (in Chinese) (F#% 170 ®)



