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Study on Multi-source Remote Sensing Images Classification with SVM
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Abstract There are two ways to improve the performance of land cover classification with remote sensing images. The first
way is to apply new data source including GIS data and normalized difference vegetation index (NDVI) to multi-source
information fusion. The second one is to use methods with higher accuracy. Support vector machines( SVM) overcome the
defects of maximum-likelihood and neural networks classifiers. SVMs are suitable to process complex data of high dimension
and small number of training data. In this paper, selection of SVM models including kernel functions and multi-class
methods is studied in order to improve the accuracy of multi-source remote sensing images classification. Experimental
results show that the SVMs have higher accuracy than other traditional classifiers for the classification of multi-source remote
sensing data. The SVM with a RBF kernel function and One-against-one multi-class method is the best classifier in this
study. SVM methods could greatly improve the multi-source land cover classification.
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Fig.1 Structure risk minimization
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FRAE, BB T 41 4 550 20 0 B R 5 SR 9 L (B
SUEASTTERAXMNEEFE B RE, BB
¥ (normalized difference vegetation index, NDVI) %
EMATHEEEEGERTR™, 15—
BEBAAHGEENMEMNBEEEE SR
BRXSF, A—EBEHRENITEAR N

™4 - TM3
oYL= T s ®

F35h, R GEHHE Bt AR 9 5 M R AR AR O L MR
FERERBURE . RN LA HE M T™ B
AT AR XY 8 K, 2R, REH
AEAE, BAEEREQE I GREAR MR RK A
(BR%E1),

Rl HRXEHDEANNOES

Tab.1 Samples of land cover categories in the study site

» BARE1 A2

se  EOEIN g @R g Wk
BAN  BEAN  RER  RAXK
Cl1 , Kk 60 60 60 60
C2 BAY 60 60 60 66
C3 Kk H 60 60 80 88
4 HBBELEM 60 60 60 61
s R 60 60 62 62
C6  KEMRE 60 60 68 60
C7 b 60 60 80 81
C8 HAi 60 60 77 65
B 480 480 547 543
3.2 HETE

Wgm et FHEHERE—LB(-1, +1),
EEMNANGREA NS LK SVM 22628, I

i, Se M IR T X BAE R E SVM I C Fy 5
=R iR 3 an A [ B e I
FoXBEMTENREESENEY; RE MR
WHER SVM R BN BEMABRXHETHL, HT
HEE SVM 432K 88 89 43 K BUR , Bk, & SCtu F A &
KSR B (maximum likelihood classification, MLC) ,
2 W 48 4 25 55 ( BP neural network, BPNN) # 47
A%,

WK A B 1T M R4 35 55 : CPU & AMD 24 A
# Athlon™ XP 1800 +,512M R, BER LR
Microsoft Windows XP Professional SP2
3.3 RBLERRAN

WA RBOR, 4 B 53 2 BE AT B R)
P 7 X R R B9 4 K AR I BLHAT A AT LB, IR 4
RENK2MR3, R CRETNSH,b,d,y BB
TE e 38

MAEREEFERE, Bk, ZRARNSEF
BOAR2ATLUE W, 8 K24 SVM 43 K851 B4k
HELBAMUREAMEMESIRERHFL, X
Y SVM EHIXM B E MRS KE, BERIFH
PALRE S ; R, %18 SVM BB RRIE R, Bk
AL 1 ET Sigmoid BB 0AA A, kK
BI(OWER 73.96% ) , oAb E) & Fh SVM BERY 43 K 4F
BAHERK, A LA 6% ~T8% (BAL 1) M
9% ~82% (FEALE 2) Z A, MLEWE, & mE
BRI 43 250 FE g | F 2 T =0H Sigmoid # o6 3
B REE, A ETT%M81% I L, HEREFMHE
EHESEBENREES LR BB,
BIMEBETE,0A0 ZRTHENSLEE —BE
T OAA 7THEMI DAG T, A HEEFRMER
0AO 732K3% , K BB RITA SVM 2 KR
BREM. S EH,0AA FEMBERR 0A0
FEM DAG 5k, IR 2 OAA P &IMH%
ARBOBEABYEOZE . FUNEENEER
W ERY, B FEEEHM 0A0 HEREBIFH
e,

MitE e | ERE R, B ERAEEERSE
BRE FUSXBENHENERER, X34
T &R SVM SRV 323 ) B4 B MR R B
B, K 5 — 5 B XA 512 x 512pixels X /MY
BX#HTH R E (M5 ESEER 3 K,
BEFHE), WK 3 M, 3 & Fh% o3,
Sigmoid 4% bR %5 B Il 4 B 6] 2> F & T =X #0142 1) B
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Tab.2 Test accuracy in percentage for the classification methods applied to multi-source data
BRI =3 BAE2
Kappa R BARE Kappa Z¥ SiEHE
BER S BH PRI BN B s A V48
MLC 64.05 68.54 69.44 73.53
BPNN 3E 71.23 74.87 32 72.89 71.35
0AO €=2%,y=2"*5=0.5 74.29 71.50 C=2%,y=2"%5=0.5 78.95 81.37
Sigmoid  OAA C=2",y=27b=0 70.24 73.96 €=2%,y=2"%=0.5 78.14 80. 15
DAG €=2%,y=2"%b=0.5 74.29 77.50 €=2%,y=2"%5=0.5 77.38 79.62
0AO C=2%y=2"%b=0.5,d=4 74.52 77.71 €=2°,y=2"%5=0.5,d=3 78.95 81.37
BWR 0AA €=2",y=2"%5=0,d=3 72.62 76.04 C=2",y=2"%,6=0,d=4 78.14 80.15
DAG C=2%,y=27,6=0.5,d=4 72.86 76.25 €=2°,y=2"2,b=0.5,d=3 78.95 81.37
0A0 ¢=2",y=2"3 75.24 78.33 €=2°,y=2"° 79.31 82.14
B 0AA €=2°y=2"3 74.05 77.29 €=2°,y=2"% 78.56 81.77
DAG c=2",y=2"* 73.81 77.08 €=2°,y=2"° 78.46 81.77
R3 B SVM 5388 U 2 30 BT 9 A9 B 1)
Tab.3 Training and test time with different SVM classifiers applied to multi-source data
SVM e # BAE1 HEE?2
BEN  S¥EyE XEEE  YigeE  WREE EMRBEKX IEmE  JigGRE MRgEE BEAMRBEKX
° M (ms) 432 (ms) 4% (s) M (ms) 4+%(ms) 5% (s)
0AO 245 90 100 53 251 100 110 55
Sigmoid 0AA 398 431 120 66 413 310 140 67
DAG 245 90 80 46 251 100 100 54
E2Eo 0AQ 199 170 80 45 225 220 85 49
0AA 275 360 90 50 274 900 95 55
DAG 199 170 70 43 225 220 80 47
B 0A0 198 180 70 39 207 251 85 39
0AA 252 411 80 40 253 912 90 41
DAG 202 120 70 38 207 250 80 39

R AT TEEZRW AR E, 2T 2HAM
ZAOR T A T ERTEW AL E-Y
PLBR & R 2 K7 EE, OAA J7 Bk B YII 25 A0 300 1 s ] 5
REBZH, LRI E R 0AO J7 ¥k DAG 77 ik
#9 2 ~4 %, DAG J7 LB BN 6] 5, 0AO J5 ¥k &
HEH DAG FFEEMEAR K, 4K WA E E
ES5XRHABHEEAX, 0A0 Ml DAG J ik AR
PR MmENLRBHERLL OAA TEEZBEL HE
HTENMAETRBOIRFRBHEE D, BRXH
1) B2 L OAA 53520, Bt S A 43 S8 e o] 2 T EE
OAA J7kb,

M T B9 4347 AT AR DR AR - 7 A R R 32

b, — 7 AR A RO I 3 S B A3 26
B LRE BERSERNEE; 75—\, R &R
BHSHERLD, RAE—1 v, SREV G B P B
SEH) SVM Z2HBRA C M y, b Sigmoid B &% (2
MESR)METABER G MBS ELHH.
i OAO £375 ¥ B ARTE 2r S W [6] LW K F DAG U7
WOHRRENE L ERET DAG Tk SR % R,
OAO Tk N % B B 3, B Mt , 2 T 42 10 2 % o6 0 #K)
0AO R FF M B KRR RIS,

AT AN EBYRANG D REE, R4BHT
WA REEE (ETREERRHM 0A0
ZRITHE) NRATUBER, RE(C5) FKEMFP
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R4 ETFREAELESM OA0 SXFFH BE (C6) s (C7) B4 2 IF #a Z AR X 84K, K6 B &
SVM S xR &k HI4E 60% 45% F1 65% Z2 47 , F I FL A K R B 43 3%
Tab.4 Error matrix of classification based on SVM %ﬁ(ﬁﬂ BPNN\MLC)% EE ﬁo 3t 5}1}? X 3 3’3 H
with RBF kernel and OAO multi-class method %E%ﬁﬁ(ﬁﬁfi)E‘J{%ﬁ%ﬁ{ﬁkﬂl,”&’ﬂ]ﬁﬁﬂ?
applied to mulf-source data BEAE - (1) R T 4 B B 0 R JE (3 3 B
- ks wib EDEIBEAEIE AR AL, B 3 26 4 0 e 3 K
o 2 8 @ 8 % T % HRREAKEY;(2)%E DEM SRS 34
2 0 48 0 0 2 0 1 o s1 BigEE, U L3 RPN KEEER R,
EZ g ‘1’ 514 600 (1) (1) g g 2; Bpsx ses i o A MM IE A B R R . A EXTH
BE & 0.0 1 o0 34 2 15 1 71 BB (U T™M BGEE) B RERIEN >R R
Bl oo a0mm o6 2w ST E MBSRER, SERER 3 KN
8 0 0 0 0 3 1 0 56 60 AN RERLEBEREER 4 ERH, XHREN
Bit 60 60 60 60 60 60 60 60 480 frAEmBEFRERSTEBENER, MEHE—
Y S BREASME, BRI RN R AR
3 o o0 8 1 1 2 0 0 8 BB R
T A B 3(b) 3 (c) A 3(d) REAMRR K K5
#2060 2 2 1 0 1o RERER(AHBELIE), S% TR A
Good b0 0 ¥ T AR ET SYMWEREBRE QN N KR
@it 60 66 88 61 62 60 81 65 543 (B 3(c) B3(d))EmEGH,

(c) SWM “p B35 1L (d) SVM 4 HEt L
(2R AL FEACHE LRBF $2,0A0) (2R A K2 BT AU 2,RBF H4.0A0)

A3 RBRXEGEBAMSRER((D), (o) (HRIBLER)

Fig.3 The classification results of different classifiers
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