DOT :10. 1320375. whagis2003. 05. (04

28 5 Vol. 28 No. 5
2003 10 Geomatics and Information Science of Wuhan University Oct. 2003
: 1671-8860 (2003) 05-0517-04 :A
B SCRF IR =L B 2 AR SO 70 2R 5T
25 FF ) = AL 2 5218 S0 0 SR 9T
ZA -1 - F2
w7 w5
a 129, 430079)

(2 .

R AR SVM M RME R A ES G T E, AR 2 F

16, 100039)

¥ R 89 s 3EAF ARG Hoak b, 35 SVM A T

A R ILD K, A B R T AR AR B3 Ao 4 S0P AL RIS R U, AP O ik T 2 B U 42

T s SR L HEEM
: TP751; P231. 5

MR Gibbs

GR'? R N
ER L6l

— (support vector

machines SVM) s
1 SVM 1781
SVM
, (D), ,
C @) s
Lagrange . (
Dai , Xio

&) =sign(w ° Px)+ b) =

sign( Z ayK (x; > x)+b) A1)
s, W= E apyi®(xi)s K (x, ;) = P(x) °
(P(xi)o

x]')‘|_ Z;a,-

@

max Lp(a) —*—E aayyK (x; °

1]1

: 2003-04-29.

t. Zaiyz =
i=1
’ (2) aiy w
(3) b, Xis s
yilw> expD)+b)=1 i=1,wn @G)
ai b (1 f

090< al Cal_ 17 ‘e

(x).,

2 SVM

17 , 17 , X

12 . 12
6 ( Law  5X5

(WLK (010102,



518

2003

4
1,
12
17
, [12]
2.2 SVM
SVM
1) X A
(2);
2) SWM ,
Cli%s
3) 3) b;
4) S, (1);
5) Xi f(X)v
( ) ,
6) ,
SVM C
, ey
(support veclory
)s Y
K (x, x;)
[7s8’
N d=1,2,3)
(6=0.707 1, 0.5, 0. 408, 1),
C )
, C
. 1
(d=2) ’
=—1) (y=4+1)

K

15(C/ C)  (Co=

1000, C 1 000
1 , C
) Cf(x)
, C ,
Ry .
, C ,
, C
93.0
s 025
% 920
? 91.5
% 91.0
Z 905
3 90.0
89.5
lg(C/Cy)
1 C
Fig. 1 Relationship Betveen Parameter C
and Classification Accuracy
2.3
6  23cm
X 23cm 23em X
23cm , 4 (
) 340 ,
, (170
) (170 )s
17 .

D) SVM )
y=—D, (y=
+1), SVM 4
SVM, 1 c (

)\
1 ,
2)
170 , 1 SVM

, 15 51, ,

8.8% ~30.0%. (

) ,

s SVM



5 : 519

1 N C.
Tab. 1 Accunacies of the Test Set Different Types of SVM, C and Number of Support Vectors

/ 54 47 23 46 /%
92.94 8. 18 2.35 88. &2 % 0
51 3 2 31
C 3000 4000 4 000 3 000
d=1 92.94 81. 18 R.35 88. 82 &8
15 46 2 31
C 3000 3000 4 000 2 000
=2 92.94 88.24 2. % 90. 59 o1 18
24 4] 2% 33 ’
c 1 000 3000 2 000 3 000
=3 92.94 86. 47 R.% 89. 41 0. 44
21 40 27 39
C 2000 2000 2 000 2 000
6=10. 707 91.76 85. 88 2. N 89. 41 0. 00
19 29 % 45
C 700 3000 2000 100
6=0.5 92.35 85. 88 2. % 87. 06 9.5
28 A 23 35
C 100 3000 700 400
6= 0. 408 92.35 85. 88 %3.53 82. % . 68
29 37 2 37 )
C 100 700 400 700
o= 92.94 83.53 91. 76 90. 00 . 5%
24 48 27 43
C 400 400 700 400
3) 17 11
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Tab.3 Recognition Probability of

(d=1) s ’
Perceptron Neural Network
17 11 /%
, SVM 300 N 2 000 100
/%  84.12 81.77 9294 76.47 3.3
o b
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22 ’ Tab.4 Different Initial Value and Different Result
b / %
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3 , SVM w, —0.82250 71.765
R s sw=[0.575 27 0. 181 07, —0.943 01, 0. 718 83 —0. 341 81, 0. 184 81,
—0.788 73 —0.934 41,0.120 03 0. 592 51, 0. 301 62 —0.735 8% 0. 685
’ 52,0. 771 95, 0. 942 91, 0. 285 50, 0. 089 48], w, = 0.924 07, —0.048 47,
0.349 75 —0.767 40 0.391 06 —0.363 49 0. 658 93 0. 581 09, 0. 600 39
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Tab.2  Recognition Probability of Different
Dimensional Features 1) 17
C 100 1000 2000 3000 4 000 5 000 ° ’
11 /% 91.76 90.59 91.19 90.59 90.59 90. 00 » SVM

17 /%  91.18 91.76 9235 92.94 91.76 91. 18
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Texture Classification of Aerial Images Based on Support Vector Machines
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Abstract: This paper applies the support vector machines (SVM ) to the texture classification of aerial
images. The SVM is a new learning machine for two-goup classification problems. SVM approach uses
the kernel method to map the data with a non-linear transformation to a higher dimensional space and in
that space attempts to find a linear separating surface between the two classes. The complexity relies on
the number of samples, especially the number of support vector. This can solve the problem of small
number of samples and higher dimersional features. The experiments show that the results ar better.
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