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High Dimensional Multispectral Data Classification by Support Vector Machine
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Abstract Support vector machine (SVM) is recently developed as a novel learning machine based on statistic
learning theory. It is well generalized even when the training samples set is small. The difficulties in high dimen-
sional multispectral data classification are analyzed, which are small training samples set, high dimension and seri-
ous Hughes phenomenon etc. So it is a good idea to apply support vector learning theory in high dimensional multi-
spectral data classification. Support vector classifier (SVC) is constructed in this paper. The classification accuracy
of SVC and traditional algorithms used in multispectral data clessification are compared with computer generated
data and multispectral data. Experiments results show that the SVC can overcome the difficulties met in high di-
mensional multispectral data classification easily. It has higher classification accuracy than traditional algorithms,

especially when the training samples set is small.

Keywords Support vector machine, Neural networks, High dimensional multispectral itnage processing. Pattern

classification

1 SN

FHEHARRANKR BAHBRREE B W
—FEEFRV. EESBREEANES FEHEN
WERB A EIHELNTHXRR AENLES
(100~-300) L #E 3 B, IX A ATRE T EE MY
ERAMBTHEEERE EIREHPRERE
RS mAE L IR KA IF B R ERE. %
GORFUIR B 1 b B 4 B Gk BUIR o) T it
EXHBME. (DETFLBETEHRZ2UABTER
HUNSEAR RSB TR, A EETIRR.
LEFYEE N, BEEURISREFNSR (D
YT R R M B 2 260 Hughes R+
EY; ()T Bayes B M T EFENREHEER
S ERR, B YRR SRER SRR A
e, SR E IR T (OWMERELRBD
SUN AT E RS KD, G T I Bayes 7
BEFOSR BREMEFENAEER. BRA
RER A R EGRIE .

70448, Vapnik FB Y T HitE I HRHEE
BE REBFART HRESFE THETFEIME
GRS EX-BRIERTERT “XHnE
L (Support Vector Machine-SVM)”H| 84 3
O SVM LR EEMERERMBME K,
RIBFREHERTY.SVM 22 EHAIRG)H
BV 8 BT SR T RIFA SRR,

AL SVM BT REE L EHES %1
ETIRENEBESLRBEVO,. RR TR EESE

IFFLO BEERETRA RO X
Hughes SR = B B2 T SRk, 88 T 4 0
B HRAATEEMZ L EHEE, B 5 E 5
SPFEAME. THRT SVC 42458 . LRE
B%RE,SVC SN F RIS, S XAWEH
BRTHRES LS AL LYEIESLBE L, SVC
FHRAEMEE,

2 XREBSEBFEVO

BE—THRRSHZ, —1THTEHERE (€
ZHAW, ) +b=0} (W, 2 )RR WA BHATRE
FOM—EBH T BT (29 G=1,2,
L, EPx€RY, y€{—1,+1} .SVC HERFU
Tﬁéi‘cé@ﬂ&ﬁﬁ!,

f(:r)=sgn[z;a,y,»K(x.,x)+b:| )

HA a20,6 HEEKC, ORFFE Mecer N
MR,

SVC ML BEREEBEEL SR SE R
ERTETE EREFESAPHERLEE VCE
F RS R TFE . ESES RSN R S
IR 7, FRESHKRE EFR/DHEPER A

A EORTHEMRNT.
!
min r(W,E)=%(W.W)+C§& (2)
y.[(W.Q(x.))'i-b]?«’l—E, .
s.t: £>0 i=1,2,,{ 3

«YEPRBHEHITHI NN TREL SRSV WP MR WL ERRAAR . HERESERE LR MRTESTY
£ URSRERRMSHES AW BLd TEFRAR. H2ME SERRR.

.94



’\EQ(Z)E’JXT{EHEE!IH"FB’J QP ﬁtﬂﬁl’ﬂ:@.
maxQ(a)rm—E Eaa,y ¥ K(xx,0+ Ea (4)

Eyia!':O
=1 i=1'21
8. Og_ﬂ,g_c u.[
a (W, P(x))+b4+6—11=0 (k. k. t)
(5>

He B RN K (x,x,)=(®(x,),0(x,)),
HABGIPH k. k. O EEITTUEH, RE
S¥h R EOR S BE R A KA EA N B e >0,
HERAEINE =0, K11 >0 #ERHE I
¥ 5] & (Support Vector—SV) . BEmMPMN WE W
EIE-5 8
W=x§va;y;@(x.-) (6)

Hph SVERIBREES.
5‘5'19&@&59:f(x)=Sgn[x§va;y,-K(x;,x)+b] %0

3 E¥rmlsAERMEAE

HA14 BB A TEIE . 6435 B £ 0 %EB F 220
B R A AR 18 SVC 54 M (B E
B 28— MDD, B AR 2B ML, R
16 0 45 P 4 53 F 28 10— NINC, 1 1 2 1 45 9 8 3 2K
#3051 —RBFNNC) #4734 L AF %5

3.1 AL¥ESA

1. &asdgnk

FERERNSANHEE RBDENFEER

piilpoR

1 1 0.5
M1—l:]:| ’21”!:0.5 ] }!

3 1 0.7
M"hm .22—[0_7 1 }

HTHEESEBHIGETHRYENE
1. RATREFHIER. © VoA B & 5200,

(b ML

{c) NNC

VISRBE S8R H 20, FRME O T WA HE 41 R 2000,
LTREESK . RPHEE. &M LSI0RE 5%
BENERIFR,

21 BHABABMyAHES AN AEG L
a % # MD | ML | NNC |{RBFNNC| SVC
It
SYEERE | 200
B(%) | Vg
20

83.30(88.33!88.82| BB.84 | 89.82

72.49 | 85.08

72.90(74.00170.79

IS R LT € TP
HATE T DO FERR, nE 1P R L8P I
VIgRREA 1004 , WA EE A 3004,

B2 H010% B Rr e 69 DR BE

AT G RENREENED, TR
B4 RFE L. © MRS MWk G 1 i
@ H010% o K MR A WA R A (N 2B 5D .
B R AN H e @4 A ME 3 (a~e) BrR 42

SRS X EARIPHE Y.
- &;."- T .o -
# . ‘“&,“'ﬁ 3 -',"
R :
{d) RBFNNC (e) SVC

B3 AR AURGENE AR M K E

A2 HoR B OUKAMIE 5 AR

4 % &% MD | ML | NNC [RBFNNC| SVC

b2 e

UM | KRR 9967

57.67|56.00[89.67 | 98.33

BE(%) | AR
iy

56. 33(55.6777.99f $1.00 | 94.00

3.2 BhifmiERY

1648 6 5 kKB H A

THEM LR F A ER63-308 iR £
HERBE. I THRES LSBT GEETHENE
REEA BRI BENSHESTR SR FHHEN

= 05«



BEATRY EG B3 T 2K LRI e S A e
AR E 4R FIF Y 8 F B 0 i R

2 OHEHE RS, SVC KRB E N B R,
F4,FK6) AR UH SVC LI AR BEANH
WRT, RAEMRFHET S,

A3 HAEHL
s M1 ‘ mgz‘ £5 MHABE
griEAe | WREEE | PBiEE | MR P ¥l Hige
Grass | 158 945 70 946 GRS | A | VGRS | RS
Usknown | 1503 70 1503 Corn- 300 485 100 685
Vegetable : notill
Soybeans-
B4 RE IR SR B S KW I e N e 0 o

A4 BoABUCLEE S XS AR

A6 B RABF20REER P LMBES RN

e MD | ML | NNC |RBENNC| SVC
#HE1189.34(91.67]94. 20| 94.51 |94.80

(%)
SRR ¥imz(89. 38]62. 72| 84. 36| 91.67 |93.54

I.220ik 4 3 i iEm &

TELRMABIERI2FH AVIRIS X
ARGt 2200 Br R 4E £ 6RO ETER
M AR, R W R MRSETR.
HARBIPEE I E ST SRR EERT
B, SR, BRI FNE N HHFEARE L MR
AW AEATY e, B SR X P M ) F i
W R 2%,

SewTE Rpors )
—

) T 1
Sretedl B

5 RSP AHBNERIG TR MY

3.3 GRS

REATHEMSAERBLRER, RNE
LT 5.

(DARRFIRFHBH L), BEHBES

W, SVC BRGT ILER T RSEHNER. Y
» 9F

it MD | ML [ NNC [RBFNNC| SVC

¥rig1|74. 73(83.01)98. 49| 98.06 [99.35
[}
AERECD 472173, 90|80, 83|89. 98| 94.21 [96.51

)Rz, BREARMNE RS B,
MD #t ML 388y BB KIEERE. X REAE
114> 2 uf 512 $0 38 HR N B 3 43 A5 . NNC . RBFNNC
HSVCHAZRERMESHHEW.

OMD(—Br a3 5 ML A 238 A Bk
EHBTHERERAIEZES LT (H3(, ),
FUNBERRETASTHEETILAOEERS
(#2,4,6) ,NNC.RBFNNC #1 SVC #7] b\ 7E 2
A R A S 2 (B3 (c-e)), BTLLRB R
EWEREE YN,

(MHR2ERE R YA A HEF,
NNC #1 RBFNNC 4> 3058 BE A 8 KW B AT R
T SVC o4 4508 I R0 B 80 /h  iX BiBA SVC A
FENEESD.

(5)NNC 3 Il r e B R oK AR K. X VI ekt
it KOS MEE R AREMNREIRGEERL2. 4,
6).

EEE5RE #MEHESAERESLTEN
B (R SRR E Hughes AR H),
AringeitE R R RYLUE T SN
X HETIRAESERBGEVO) . FHMHERT
BEBES S FHET. RAATRE AEESY
W T 2200 R R ISR X LB T SVC
5 B B iy 4Fh 4y 2688 (MD, ML, NNC,RBFNNC)
S APERE, LM RER,SVC hFE S RBERY
EFHEBE. A RESVIgHEH BRI,
SVC LB E M X R YA B TF AEA ST
2y SVC FEVNGHEELN, BREERFAHHE A
A EREATRELSHBETE.

# % 3 ®

1 Richards J A,Jia Xiuping. Remote sensing digital image analysis.
Springer-Verlag, Berlin Heidelberg. 1999 (F4#F51R)



G IMERET S, n) 464 B H Newton-
Thiele BUHE{E /T M5 G, O3 I 7 (Ax, Ay B2 85
AL .

ARG FE TURHRELR GG, DM
Koo’ B¢, HME.

4. KBHR

# {175 Pentium 655_F f{ Dephi 5. 03 M 7% &
B FE T BT R T AT 4. L 256 X 256 /5

B2 FRECHKXG0TX460)

Panda. bmp A4, 43 Bl 3 5 i A7 ik K A 4E b in B
1—BE 3575 . B 2B th AT Bt 6] $9535ms . B 3 BT BT
(8] 3%172ms. [@3C[2]F 3 4 4 b, BB B4R 5,

W L PT L

A3 FAZEICEE N 205X 128)

Bt ALRERWLUE t, #I A Newton-
Thiele 744 {8 hy T #4790 USRS » B2 — TP ER
R X BERIER BB EREB T ik, AN TEZ R
EMEKR ERRWLEE -ENEXL.

2 % X R

1 RFRELHEPE, GRS W E SR LR 2F Dk B
A.1998. 97~117

2 HEE.% H B ERNOREX TR BREERE &R
AT o PR BY Bt S B AR 2240, 2001, 13C9) 824~ 827

3 Durand C X, Faguy D. Rational zoom of bitmaps using B-spline
interpolation in computerized 2-D animation. Computer Graphics
Forum. 1990,9(1):27~37

4 WK% AT Besier thEAY ERMAHFED] K%M,
1999,10(8) .570~574

5 OMER HE. AT FEATA S RER TENEA
2000, 20{Suppl. ) ;57~59

§ Tan Jieqing.Fang Yi. Newton-Thiele’ rational interpolants[J].
Numerical Algorithms,2000,24:141~157

? Tan I. Bivariate blending rational interpolants[J]. Approx. The-
ory &its Application, 1999,15(2).74~83

8 Siemaszko W. Thiele-type branched continued fractions for two
variable functions[J]. Comput. Appl. Math. ,1983,9.137~153

(E3&F967)

2 Landgrebe D. Some fundamentals and methods for hyperspectral
image data analysis. SPIE [nternational Symposium on Biomedi-
cal Optics (Photonics West), San Jose California, Jan. 1959. 23
~29

3 Heermann P D, Khazenie N. Classification of multispectral re-
mote sensing data using a back-propagation neural network.
IEEE Trans. on Geosci and Remote Sensing,1992,30(1):81~
88

4 He Mingyi,Bogner R Eet al. Classification of multispectral im-

agery by using neural network with binary data. Australia First

Conference on Artificial Neural Networks , Sydney, Jan. 1990

5 Haykin S. Neural networks; A comprehensive foundation. Pren-
tice Hall, 2001

6 Vapnik ¥, KFTid HHEIHROERE WEIFEHER,
2000

7 Scholkef B. Support vector learning: [PhD} Thesis]. Betlin,
1897

8 Burges CJC. A tutorial on support vector machines for pattern
recognition. Knowledge Discovery and Data Mining,1998,2(2)

9 BRSO BAALEE W WA M, 1996

¢ 51



