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Abstract: As the mixed pixel decomposition based on linear spectrum models has lower decomposition
accuracy and the nonlinear spectrum model is difficult to be established, a nonlinear mixed pixel
decomposition method for the hyperspectral imagery was proposed based on the posterior probability
of Multiple Kernel Support Vector Machine (MKSVM). On the basis of the SVM, the multiple
kernel function formed by linear weighted combination was taken to replace the single kernel and the
simple multiple kernel learning was used to solve the weights iteratively to achieve the classification.

Then, the output values of the classifier were converted to pairwise coupling probabilities by the
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sigmoid function and then to the multi-class posterior probability. Finally, the hyperspectral imagery

decomposition was achieved through the posterior probability. The results from experiments of two

push-broom Hyperspectral Imagers (PHIs) show that the classification accuracies of hyperspectral

imagery nonlinear mixed pixel decomposition based on MKSVM reach 95. 62% and 91. 51% ,
respectively, the Root Mean Square Errors(RMSEs) are reduced to 11.15% and 7.55%, and both are

less than 15%. In conclusion, the influence of mixed pixel on hyperspectral imagery classification is

eliminated, and the classification accuracy is increased.

Key words: mixed-pixel decomposition; nonlinear decomposition; Multiple Kernel Support Vetor Machine

(MKSVM) ; hyperspectral imagery

1 31 =

1R G 1 G AR A B B R 2 AL R R
WPt G 420 R AR T AN B bR
. ) 2 REVE TN BB G IR S [A] 4 R 5
el e S TG 2 AR AR T AR A H 2 Fh by 2 AL A4
B . IRA R ICIAEAE ARG T &g
G0 43 ZOKG B  b P 22 22 AR R DU g 5 1fii HL e
95 )5 B SIS AR W R R A R T — IS

FEXT OGS SRR G R T Y a8, 5] 4 Ak 2
HIF R T REM&MOLE R G R, A
FERW 2 R AE G R vk i AR LR IR &
T 00 7 A R R 2% s AR LR PR IR 5 1B B ) 52 b
YRR KN R JC R S SR 2 IR s, H gt
N7 R AR B DRI XE L HfE AR BTz W . R,
fuf 3k o N7 S R A AR R TR B AR AR AR LR IR &
BT o AR R R 2 —

PTAEK BT g0 Mt 3 i AR AR G 18 o0 4
R ARG T AR &, Foody™ 48 H 52 4% h
A9 A5 T A5 B T LA o S5 g Ak 230 5 R
Kolaczyk! A R IR A 18I0 50 i J2: 3 T J5 S0 HE R o
K — MR B, IR TE A 43 BT 1R M Bayes J&
YA R AEAR B IR A AR e 4l 4 B T R 5 S D 4R
T — ® A H 2 £ m & Hl (Support Vector
Machine, SVM) J5 $a B R o 47 w616 AR IR &
18T 43 Ml T ¥k BE 5 A XX SRR ) & S
(Support Vector Regression, SVR) {43 SVM #f
R AT A sh 7 it ZEZE R ok SVM 5
T P T2 6 9% (Pairwise Coupling, PWCO) %4, %
T T T X £ ARE 8 B 4 oy 22 2 5 e E 2L O A &
JRFZARYGAE T HA &hE s A ST 48 T — B R
H #H 3% ] & #l ( Relevance Vector Machine.,

RVM) J5 5o 3 47 i G i 52 AR IR & 1R ot 70 R i
FE T B T SVM A T 5t % A2 iR
B 2 B0 1 2 TR X A% pR B DA Z G fE Mlercer A% %6
AR,

RAEL AR IR A R T 4 il SVML SVR HiI
RVM %0 #B 2 51 A% R B, (0% 28 4% O 15 4B
JE T AR 23 0] 9 BAA% O s, BT OR TR A%
PRI B Bk [] — 4% R B S B AN T L e AT B9 i 22 5
B AR SR B L fRT A0 A e i O 2Ok T A
FEARSEATA IR G2, B, M T KE KT
FIH Z AR 2 ) ik, I 2% ) 07
B R 2 D5 AL RE 5 G i T SR R R fiE
J1 10 HA BE 4 = 2% ) B E AR B B HLER 2= )
SR IEZ —, ZEEITETTHTAY
15 B2 CAR A 2 B AR U B[R] 05 DL SRR AE
PR T

AR SVM 43 8 T Bl o i PR 22 2
>J (Simple Multiple Kernel Learning, SMKL )
S5 A S8 ISR AL B, 8T T 28 SVM
(Multiple Kernel SVM, MKSVM) f4 J5 fi5 F1 % 18
[ B0, >R FH R BT B 1 b AT AR B 3 i S B
ORI ESCRE 43 S A i A e Ak S B R AR R S 56 HE
R T @G R AR L IR S5 oc . A
aob 20 A R DG R A (PHD B9 615 5245 52
B 15 3 TR L B 2

2 MKSVM 7 i #1808 512 T, 5 iR

2.1 SVM &%
XTI KR, G AE T=
(s ) s (s y) seee s (s o) | HiH %, € y=R"
FREARM ;v €Y={+1,— 1} A5 n NEE
ARAE, BOAFTE — DS oCx) K BE xi A



1914 e KE TR

o2k

JEAR AR 25 (0] 5 Bl S 21 5 4ERFAE 23 (8] F o, Jf 5]
AR oA B £, ) SVM By R HA TR B A] %R K .
min - wll* 4 CX) &,
wibs € i1
i( * ,)+1)>1*F,
o |2 glxoTh T G=1.2, ).
=0
55
T8 i A% B H pE Bk v HE S R AR Ta) S X
A% i) R

maxfézZaiaj%)’jk(x"xi)JrZa" @
« 1 il

ialyi =20
L=t

0 o< C
A kCx;s x;) Ml 2 Mercer & B Y IE & 1% 1R
B C RIESI S8, H 00 % pR BI0EL 45 Ze VA% bR
K 20 A R R R A2 1) B A R B Sigmoid

s. t (izlaza"'an)a (3)

Z)K(X7 Z):CLKl(X7 Z.)
AR XXX EA M A% R EG AR R 1) AN
2) Al A3 T T A eR A A R R

M
K(x.2) = > d,K,(x.2),
m=1

M
d,=0,>d, =1, (4)

m=1

X K, WA RS M R R BN d
FREE, () S 22 2 R R B B —
WX BRI RN LN A .

SMKL (¥ J5 46 7] B AT R 7 2
1\ 1

min —
W, nbd 2 d,

n
w35 +CDL 8.
i1

m 1

M
(O W, e o(x) +b) =1—¢

m=1

s. t. 8120 (i:1929"'9n)

M
>d, =1.d, = 0.

m=1

2.2 MKSVM B £ 5 % (5)

W4 Mercer 52 38 % FoVE B, R K, A1 K, AR (5 BB R DL d, 728 A P Ak T
JE XX B R XS R U T B 62 ming ()
PRIAL - 1 Y ; (6)

DKCxs 0= K, (x, 0+ Ky (x,2) st 2 dn = 1ody =0

M n
1A . .
min 52, - | w5+ C; &
(7::1529"'971) ’ (7)

o M
Jed T.t. (O w, e @ol(x) +b) =1—¢
m 1

& =0.

K6 B AR REL T (D) J— M) SVM
[, B — N AR d, A AR R) A R
A RS B H R K T (D B AR B R R /)N T
LA

Liw,,b, & ayv) =

M n
1 1 5 O -
o Z d I w, |l 1 (/Z &+
m 1 m i1

n M n
Dra(l—&— 3 (D W+ @u(x) + b))+ D) vk
i=1 m=1 i=1
(&)
e v NRAE I H R
XFR (8K w, . bs & YT A5

(a) {) WIHIJ(WJV”Z)’E’d’ [ Ua}\a 7']) -

diw,,,,* E Ot;yisom(x;) =0

i=1
n

(b) 2 ) LW, s by &rdrasvs ks = X, aiy; = 0

i1

(c) ?:Lw, b, &6 dyasvsdsp = C—a;— v, =0
€D)
kO A (8) , 1T 1%

n n

n M
maX*%Z Z aiajy,-yjz d,,,k,,,(xi,xj) —+ Z Qi »

i1 il m 1 i1

En oy — O
i=1

O<a,<(3

s. t. (i:LZ,"‘,n). (10)



557 1 1

AR A T 2 1 B LAY RO R L TR

E A4 T 1915

X (10) B HFHE® k(x,x) =

}]dk<x,x>MHwESVM|ﬂ@mmﬂEﬁ*:

ﬁn% A0 B —A R IR AT T — A%
ER d, RE J(DFREAN.

iZ Z @' o yiy; e

de (x5 x)JrE

ﬁﬁuan%% Fﬂl%%kﬂﬂwﬁ
d,. It .

(’) n n
Jad,» :7l2 Za’x o vy k(X X,
Id. 25

(12)
KA N EWRRE J (D WBE ., &A%
1% PRECER i /2 Mercer AE BLIEERSAE. W J(d)
Je— R B A AR IR L AT AR, — HL T () B
JEE VAR SR L DU AT LA 2o A BE T R 9 T 1) ok BE BT
W /e 2R d E
d,+vD—~>d;", (13)
Kopoy, WEF K, AT - 4RI
1350 D, BT BT
S L E i R, MKSVM W 26 43 28 350 vk 4
ST
Stepl: & H db, WIMH:dL,=1/M, (m=1,2,
M) ;
Step2: X T4 ¢ EAL: A H X (DO H G
W B AR SVM 5 8 T (D)
Step3: A LD THAER B B 7 18] D, 1
BB K v
Step4 MRAEX 1) EH 4 ' HEHH 4,
{ELIV BT 4 45 4% PR B 5
Step5 : JI W7 /2 75 i 12 1% AT 1k S5 A AN
JE L, Step2 & Stepd, H 23k 8E (R K M.
IR AR 1k A5 1 A 8 X R 22 (Duality Gap.
DG) . KKT 414, Ad ik 5 3 {4 2 3 fc Kk Rk
. DG ERH

m’leZa af viy;i K, (xihx) —

i1

22& a; yyjzd K,.(x,x) <

i=1 j=

J(d) =—

1D

(14)
A e HHMH,

2.3 MKSVM %345 FE @M

T MKSVM i £ 385326, 5 SVM £
Hor IR AT 38 I P 2 A R AR R R I L AR R Y
JE MKSVM {0 AL H £ & X T — 4~ H tr ok 5L
JCd) . BT W B — W28 3 2K 4% 55 1Y B AR ek AL
{E >R AFRA, B

J(d = (1

DI,

K KBRS EBES; T (D EE kA
PiZE SVM 2k dn i) HAR R B, AR EZ
SVM 43250k b B A5 sR ECE B8, W J () A
FER

”J= ZEXSMmW%K(Lx%

REK i 1 j

(16)
Ko, BN EETHE DR RBP4
FEARYRLAR ) H R AL
2.4 MKSVM BRiEZGREETH R
¥ MKSVM 1 H] T 5 06 1% 5248 1 IR & 1% 0T
Sy SE R Plandt™ 2 5 Ik
MKSVM 732 i i i {638 13 Sigmoid bR #H%
M5 B HE R, & X —XF 4y (One Against All,
OAMEZ 3 26t R Gt R A0 1 1 J5 i
13BN 5 B A5 X T — X — 2 K4 KM i
# (One Against One, OAO) , £Z35 )5 WML K111
FWEG L, ASCRURH Wal ™ 8 0 7 vk
1 TV TEC RS 1) S 30 M AR A 22 2R R SR B
Wit k2 Wck[12], BT MKSVM &
ISR & BT il BRI R 1 R .

a2, Emithne
'."- '::' " /I'I+J.||_ JIC
i
IR AY IR AT FI B I
RV

WA

1 |—-| B |
|
[ms —] vmm |

BTy i R
Flowchart of mixed-pixel decomposition by MKSVM

K1 MKSVMIE&
Fig. 1



1916 b=

22 3

3 EZR554

HTF SVM Ji B E R 8RB 1400 4 i 2 Akl
TR AR 0T 2 i BT S A 2 — AR SRR
i SVM k5 MKSVM Ji 5 4 % 2 ik 17 1R A 1%
TCO AT B 45 R VAT T BB T . SEER AT
HLAE £4F 25 8% 4 Intel Corei5-2410M., CPU & 2. 3
GHz. N £ (RAM) N 4. 0 GB, # 1F 3% 5 &
Windows 7(64 fii) #:4FE & 48 .MATLAB 2012b,
3.1 sAEAXESHEE

fEeE S R, 2 A A T A R — SRR
A% R [ 2 B 0 22 4% - 02 AS [ A% o 8K
ANFRSEHRZ ¥, R ER b AR SCE
Bk W AR ) B % R R (Radial Basis
Function, RBF) Fl £ 3l 5L #% pf %X ( Polynomial
kernel function, POLY ) E Jy B 4% pR %0, 2k 0

ViR
_ P x—z 2]
k(x,z)—exp[ 7 s 17
k(x,2)=(x*zt1)?", (18)

Lo hmiEm S p W2 REL
MKSVM 7R S8 E B A ETN 25 Com
Wiigm B TE oo 2T R p UK EZ R
dyo TESYEI T BE AT 050 00 B FE AR SO S 56
H AR BN LR (E R B 1/ M, MR A 7
AR S5 v A TN () A% o BB R A S AN B
A, CHYHUE G F 5 & 4 (10,20, -+,100} , o A HL
G (0. 2,0, 4,++.2. 0}, p BYBAETEFE 9 (1,2,
<10}, M@ 2% ) T HHA SimpleMKL
Toolbox i iz A T B 2 e B8 e A L, AH G I A9 A%
2 CAE T 3 o VI 25 B AR 1 28 LB IE 3R 45, C B B
RAE A 10050 F1 p BUITA(E. HASH&kEWTF .
e=0.01,A=10"",A0=10"", iterm.. =200,

3.2 XBE—

S B R ] 1999 4F 9 H i E B B
T B ARy BRI 5 B A ) 9 PHT 3R BRCAY T 95 5 N
WX R AR ZARETE N 0. 42~0. 85 pm, K
/N 346 pixel X512 pixel, 2 80 P B, & it I
SN AR S R SO H — AR B [0, 1IN . L B
TR PE AR KR AR AR AR 43 A Qi 2 B 7R COF 181
BRI 7RO FEAR B R R 1R,

x1 BMNINBGEERER
Tab.1 Sample information of Changzhou
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Fig. 2 Sample distribution of Changzhou

country image
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Tab. 2 Comparison of spectral decomposition by MKSVM and SVM for Changzhou country image
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Fig. 3 Mixed-pixel decomposition of Changzhou country image by MKSVM(OAO—RBF+POLY)
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Tab. 3 Data sample sets of Shandong dock
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Tab.4 Comparison of spectral decomposition by MK-SVM and SVM for Shandong dock image

e SVM(RBF) SVM(POLY)  MKSVM(RBF) MKSVM(POLY) MKSVM(RBF+POLY)
HET OAO  OAA  OAO OAA  OAO OAA  OAO  OAA OAO OAA
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Sk sy @t /s 153.56  22.80 157.64 174.22 104.67 166.64 451.41 234.02  437.36 341.98
ERfi2/ % 89.33 90.51 86.76 89.53 89.17 91.32  71.47  72.99 89. 39 91.51
RMSE/ % 8.15 9.52 7.98 9.97 8.18 9.39 7.93  10.34 7.55 7.99
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(e M B (g) HAth (h) 7Kg 3t
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B 5 INHREHL#GE MKSVM(OAO—RBF+POLY) IR A 147043 i 45
Fig. 5 Mixed-pixel decomposition of Shandong dock image by MKSVM (OAO—RBF+POLY)
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