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Classification of hyperspectral image by convex
combination kernels function SVM

HU Yan-yan, Ll Dong-sheng, ZHANG Shi-gui
(Electronic Engineering Institute , Hefei 230037, China)

Abstract; In support vector machine (SVM) hyperspectral image classification, monocyte function has its limitation.

In order to improve the classifier accuracy and generalization ability of SVM model ,a complex kernel function SVM u-

sing the convex combination of radial basis function kernel and sigmoid kernel was constructed ,and it proves that the

function satisfies a judgment called Mercer condition as a kernel function. Then,the convex combination of kernels

SVM was applied to hyperspectral image classification,and the modeling and experimental validation were completed.

The experimental results show that the convex combination kernel has better robustness. As the classification accuracy

and KAPPA coefficient have been effectively improved compared to that of the single-core SVM, the new SVM is an

effective solution to the problem of multi-classification.
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PRIE T 65 BN R 7400 . SVM & —Ff
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MYsE SVM 732t 73 R RE Y SC Bl P R 2 B 1Y
W pRE, A ] B A% e R, SVM B PERERS [A] . R I A
SVM (RIS Hp , HoAZ o [ 4% A Ry 1 i o A% R B
R T R, A SC A i G R o A RS 4, $ i —
FIET I A AZ KRB SVM ( Convex Combination of
Kernels SVM,SVM-CCK) 732K 51,

2 SVM_CCK Z&##

FEA I3 & 0] RS Jo e — A~ AR ABLRE ™[]t , T A%
PRAOE AL T AR BN 5 SCo fl T AL
A AN L (AR AR B R 1) i) | DI
briree % NCIliOF 7355 O 95 E[:0) 303k C R

1) 2k M:4% PR %X ( Linear Kernel ,L-K) ;

K(x,x,) = (2 x;) (1)
2) Z TR A% PR %X ( Polynomial Kernel , Poly — K) ;
K(x,x) = [(a"x,) +11° (2)

3) = B 4% 1) 3 4% R %X ( Radial Basis Function
Kernel ,RBF-K) .

K = o - L2250y .
20

4) Z IR R %X ( Quadratic Kernel , Qu-K) :

K(x,x,) = x'x,(x"x, +1) (4)

5) Z 2N A% R ( Sigmoid Kernel , Sig-K) :

K(x,x;) = tanhly(x"x,) + 5] (5)

GRS AR IR M R v > 0,
r < OB, H 28/}, Sigmoid 4 E W] J2 25 1E
S,

A SRR R LRk A% R B B A, e 2
78 I A BRSNS B e i o

I TN T D A% sR G T I 40 0 2
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P, LAY A% pR AL, L-K  Poly-K il Sig-K #{JE 5L T
SRR AR pR T, RBF-K 255 5 B A% e 58
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Fig. 1 Geometric relational between mapping vector angles and distances
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TIE BRI RN A% R B (A S5 Jmy PR A% PR LA
Jriti e, FUA ARIEAR (4 5 A0 i R B (A R
Wi, HRAYRY, L-K A% R8O 42 R 1 R 8, RBF-K 2 )5
I T/ G

G SRR 1) R HLLE RG0S H SR — A R
BN B — B PR B AT 0 2 (B S RS A%
PRI AN [R] 2H 5 L RS 31— 28 3 SRR R

RS K, K, AR X x Y LR,
X eR, ,H8a=0,THAIRBAIEALREL:

K(x,x") = K/ (x,x") + K,(x,x") (6)

K(x,x') = a+K(x,x") (7)

BRI O 9 R A, A SOR AR X (6) Ak
(7) B — P 2H 5 B9A% PR B AL

{K(x,x’) = 1K, (x,x") + 1K, (x,x")

st A+, =1,0 <A,0, <1

Ay Ay AUCRE, B A% eR RO 73 SRR Y
SUMRERE o BT 3l Iy RBF-K A% o £l 2kG 2
B, H2 Sig-K &% o iy BN, TERES
RBF-K B R8O 4. 455 b SCIR B A AZ s EUX o
PRt , AR SCIE 5 K(x,2") J RBF-K il Sig-K 9  4
A HBYIE 7850 T R B A3, 1k . A
B335 2 Mercer Z54F  IERTINT

ﬂ (ALK (w,2") + 0K, (x,2") [ (x) p(x") dwdx’

(8)

= ﬂ)\lKl(x,x')d)(x)d)(x’)dxdx’ +

ﬂAsz(x,x’)(b(x)d)(x’)dxdx' (9)
N0 <A <1,0<A, <1135
A [ Ky G () (' dxd” +

L[ K(xx)d(0)d(x)dedx' =0 (10)

VO] AT A Mercer 2 £, B0 41 4 B0 R0
BREL. 2545 B R B PR 5 26 I, SVM_CCK 2k
B 2 B
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Fig. 2 Modeling the SVM-CCK classification of hyperspectral imagery
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EIES AT RAE
K(x,x;) = tanhlp(x"x,) + ] (11)
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Fig. 3 Sigmoid kernel function graph
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Fig. 5 Convex combination of RBF and Sigmoid kernel function graph
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Fig. 6 An airport hyperspectral image in San Diego
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Fig. 9 The Convex combination kernel function Categories renderings
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Fig. 10 The Convex combination kernel function Categories renderings
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Fig. 11 The Convex combination kernel function Categories renderings
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Fig. 12 Classification results comparison between
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Fig. 13 Classification results comparison between

SVM_CCK and RBF kernel SVM
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A R B AT B
@2 ATLLE T, RBF-K SVM #1 Sig-K SVM
RSN S B, G S o S Ey

FRBL/ N X JEROR BURR I, T SVM_CCK X% 2L
AAEABURR, 7y RBCR B = A, 3] SVM_CCK 5%
LR S E .

x1 ZR1~%8S5 #FFEMEHKSVM LI 84551 &
Tab.1 Different kernel function SVM experimental data tables from experiment 1 to experiment 5
—_— TrNEBE Jrp APPA
€hL IE Fie st T B €hL OB} Fie st T B
RBF-K 0.5040 | 0.6377 | 0.8402 | 0.6606 | 0.6842 0 0 0 0 0 0.6126
Sig-K 0.6080 | 0.7814 | 0.9467 | 0.7787 | 0.8080 | 0.0080 | 0.1228 | 0.0615 | 0.0641 | 0.0811 | 0.7213
Ay =054, =0.5 | 0.5600 | 0.9281 | 0.9713 | 0.8198 | 0.8777 | 0.0080 | 0.0240 0 0.0107 | 0.0128 | 0.8184
% A =0.8,24, =02 0.7520 | 0.7725 | 0.9221 | 0.8155 | 0.8208 | 0.0320 | 0.0030 0 0.0117 | 0.0071 | 0.7583
A A =0.3,4, =0.7 | 0.8560 | 0.8772 | 0.9754 | 0.9029 | 0.9075 | 0.0880 | 0.0180 0 0.0353 | 0.0242 | 0.8627
%2 %H6 ¥ SVM_CCK &% 4 5o iF
Tab.2 SVM_CCK ’s robustness verification in experiment 6
— SRAF AES i B APPA
o Y v ) B P B
® -1 0. 005 0.7787 0. 8080 0. 0641 0. 0811 0.7213
Sig-K # -0.5 0. 005 0.7348 0.7169 0. 4585 0.4893 0.3994
* -0.2 0. 005 0.7463 0.7525 0. 5662 0.4253 0. 5204
2 -1 0. 005 0. 9029 0. 9075 0.0353 0. 0242 0. 8627
2 -0.5 0. 005 0. 8903 0.9147 0.0110 0. 0085 0. 8723
SVM_CCK 2 -0.2 0. 005 0. 9497 0. 9474 0. 1420 0.0782 0.9147
1 -1 0. 005 0. 9069 0.9018 0. 0903 0. 0526 0. 8525
0.59 -1 0. 005 0. 8538 0. 8791 0.2293 0. 1294 0. 8065
2 * * 0. 6606 0. 6842 0 0 0.6126
RBF - K 1 ® * 0. 3308 0.3428 0 0 0.3076
0.59 * * 0.1136 0. 1010 0 0 0.0979
vE R BE

AR —Ffoks RBF - K I Sig - K (W21 5 (19
EAARRBCC R AL (SVM_CCK) |, i A2 28 il
A, BT RO E B e b e n J8erk S
5 H PR R, 15 L SR REIL T 20 4% , HLAERS
TP AL FeJa HE T RSB M A A% R L
SVM 73 JRIIFZMA LA T 5 5 4% s B RAT R (45
PPk, AR, BAR SVM_CCK 7E T B &R 14 0 2%
HIRURE T B 73 JEBOR  (BE — AT A A — S i
TR DR . HATAS SVM A4 R B HAZ S B A
SRR S — O FIE T S 5 Bk v
TR A 1 PR B L PR — RO RZ R B PR RE 22 I . R
SCRMOMET— 7 B e g MR, RS 2 50 S X [
RGN ZR S SR (147 3 KAy 35 5 A% R AR o

[1] ZHANG Bing, GAO Lianru. Hyperspectral image classifi-

cation and target dection [ M ]. Beijing; Science Press,
2012. (in Chinese)

RIS AN mOETE B2 S AR (M. e
A BRE AR, 2012,

DU Peijun, TAN Kun, XIA Junshi. Hyperspectral remote
sensing image classification and support vector machine
research[ M ]. Beijing; Science Press,2012. (in Chinese)

FEREZE R, AR L. MO B G R 2 SR
AL AR M. Jbat: B kL, 2012.

Fang Leyuan, Li Shutao, et al. Classif-ication of Hyper-
spectral Images by Exploi-ting Spectral Spatial Information
of Super-pixel via Multiple K-ernels[ J]. IEEE Trans —



ot 5 4 s

No.5 2016 P HETHE S

MZE

% RS S 1) AL R B IR (R 0 26

633

(4]

(5]

[6]

(7]

(9]

[10]

actions on Geoscience and Remote Sensing, 2015, 53
(12) :6663 —6674.

Li Jiayi, Zhang Hongyan, Zhang Liangpei. A nonlinear
multiple feature learn-ing classifier for hyperspectral ima-
ges with limited training samples[ J]. IEEE Journal of Se-
lected Topics in Applied Earth Observations and Remote
Sensing,2015,8.1 - 11.

Abe, Bolanle Tolulope. Hyperspectral data classification
based on local polynomial approximation [ C]. ICPRAM
2015 - 4th. International Conference on Pattern Recogni-
tion Applications and Methods. 2015,1:380 - 385.

Cortes C, Vapnik VN. Support vector networks [ J ]. Ma-
chine Learning,1995,20.273 —297.

Bernabe, Sergio, Marpu, et al. . Spectral spatial classifica-
tion of multispectral images using kernel feature space
representation[ J ]. IEEE Geoscience and Remote Sensing
Letters,2014 ;288 —292.

Bahria S, Essoussi N, Limam M. Hyperspectral data clas-
sification using geostatistics and support vector machines
[J]. Remote Sensing Letters,2011,2(2) :99 - 106.

Roli F,Fumera G. Support vector machines for remote —
sensing image classification[ J |. Proc. SPIE,2001,3584 .
221 -232.

TANG Xiaoyan, GAO Kun, et al. Nonlinear hyperspectral
unmixing algorithm based on the optimal endmember sub-

set [ J]. Laser & Infrared,2014,44(9) :1050 - 1054. (in

[11]

[12]

[13]

[14]

Chinese)

JEIRIE, o B , 45 T 3 oI A Y ek i i o i
SRk MOE54151,2014,44(9) 11050 - 1054,
Fassnacht FE,Neumann C, et al. With hyper-spectral data
on three central european test sites[ J]. IEEE Journal of
Selected Topics in Applied Earth Observations and Rmote
Sensing,2014,7(6) :2547 - 2561.

Abdel-Rahman EM, Mutanga O, et al. Detect-ing Sirex
noctilio grey-attacked and lightning-struck pine trees u-
sing airborne hyperspectral data,random forest and sup-
port vector machines classifiers [ J ]. ISPRS Journal of
Photo grammetry and Remote Sensing, 2014, 88.
48 - 59.

HE Zijian, SHI Jiaming, WANG Jiachun, et al. Recogni-
tion of camouflaged target bu hyperspectral imaging sys-
tem based on acousto-optic tunable filter[ J]. Laser & In-
frared ,2014 ,44(7) :796 —800. (in Chinese)
kg, I W] VE R A, 45 AOTE G iR I R e XS
Do IR FNAT S [T ] #Ot 5 £141,2014,44(7)
796 —800.

GAO Xiaojian, GUO Baofeng, YU Ping. Classificationg of
hyperspectral remote sensing image based on spatial —
spectral integration[ J]. Laser & Infrared,2013,43(11) .
1296 —1300. (in Chinese)

e, SR, T m i s il — A B 1R 2t
FE[1]. WL 54141,2013,43(11) :1296 - 1300.



