511 Mo T

¥R Vol.43  No.1l

2015 4 11 H ACTA ELECTRONICA SINICA Nov. 2015

— BT P42 B 103 I
PR e
FhoORDREW, G R AR R, RS

(L ATHRAS P28 P TR o0y TR AL 2100445 2. P UH S TR R AT RS ForF<A e, L9 B aL 2100445
3. ML T ORSET R HURLE 5 TRRAE B, VTIN5 2100945 4. b7 (5 S FsHl 4L AR 0 VEAR R AT 211153)

B OE: AU EER R A RDEE S TR A 20 28 T5 ik, M s 18] 2 0 G 4 [l AT [ R 4
T3 6] 32, 75 B HE 4 1] 5 AR B T ABE 5 A 3 180T 20 ZE A B R A A B T 5 28 91, JF 8 IR 2 (1) v g it e T
(R 7 UL, ) FE LA X 5 S RO CAE i T (R 200 7 ML BEAT s B /8, 15 S i AL 2R 14T 5 o Tk ABE 3R PTG i
MR PILE PR, 7 A G A ) B 2R AT G TE DI IU$2 40 P14 2 LR B, o B BT I R AR AR 10 25 3 70 S Y S 3%
B, 482 1) P 03 2 i Tl 45 50k B R DI R AR 5D 0 P B D7 TR A B A 1) 0 62 2R

KR SOLESSK; TEBRZEEIN; MR 20K DRARIEN

FESES: TP XHEkFRIRES: A XEHS:  0372-2112 (2015)11-2210-08
B F=3R URL: http://www. ejournal . org. cn DOI: 10.3969/j.1issn.0372-2112.2015.11.011

A Novel Two-Classifier Fusion Method for Spectral-Spatial
Hyperspectral Classification

SUN Le'?, WU Ze-bin®, FENG Can*, LIU Jian-jun®,XIAO Liang®, WEI Zhi-hui®
(1. Jiangsu Engineering Center of Network Monitoring , Nanjing , Jiangsu 210044, China ;
2. School of Computer and Software , Nanjing University of Information Science and Technology , Nanjing , Jiangsu 210044, China ;
3. Computer Science and Engineering , Nanjing University of Science and Technology , Nanjing , Jiangsu 210094, China ;
4. Sofiware Center of China North Industries Group Corporation , Nanjing , Jiangsu 211153, China )

Abstract:  This paper presents a new multiple-classifier approach for spectral-spatial classification of hyperspectral images
(HSI) . Firstly , subspace based multinomial logistic regression (MLRsub) method is used to calculate the full probability of each
pixel in the feature space; Secondly, the sub-dictionary is constructed by the training samples of the most two reliable classes, which
is determined by the full probability for each pixel. Then, sparse unmixing (SU) is used to calculate the sparse probability in the o-
riginal HSI. Finally, the full probability and sparse probability are fused linearly and the spatial information is exploit by an edge pre-
serving Markov random field (MRF) regularizer. Experimental results indicate that our proposed multiple-classifier leads to better

classification performance than the state-of-the-art methods, even with small training samples.
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SR A AR b AN 3 S 18] U5 v A5 R 2 I
L EAEYE| (subspace based MLR, MLRsub)mH‘EEU\ AE 25 [A]
HIZ I SIS EEE A BT : h T s (8] 3 BEREIL, EO
FERE 2252 IR 514 G (mixed plxel)ﬂﬁﬁﬁﬁﬁﬁ?@:ﬁ
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HARRE TGN S . y E R B — L8N ELEAY 52K
T, X — BRI 1) AT SR A A A EG 18 ( graph
cut) PP IR AR A8 , LR 22 TR i B 1], 43 i)
IV AL e {0 2 ) ) . LA A DL ARk 1.

#ix 1 MLRsub-SU-MRF-E A KBEREANTIEHEE N LA

LA K GRS A=[A", A%, AN ] AR A
x;, OGS R GT L N BE S8 RS E

2. while i < N do

3. pifuu =MLRsub(A,K,x;),i€ S

4. (A", A?) = max(phy, 2) , B phasRAHERIC @ 0935 AT A5 P42 1)
(A',A%)

- Plpane =SU(A', A%, x))
- pCyilx) = Apha+ (1= 3) pliuse

.y = Grapheut(P, i, E;) , Hoth P={p(ylx)t,i€ S

5
6
7. end while
8
9. Bt A RFREE Y= (71,70, )

5 I

SIS FH W 2 g O T e R . AR ST g S L
TE AT : SVM-CK( composite kernel ) [12] HETT
2 B 0] 43 2 7 5 MLRsub™®) | 7 B 26 78 40 28 7 v
SUMOY BT A R 77 5 KSOMPHO) | 138 1% 23 ] TV
TE DU 39 1) 2 251 2832 4 (0] 19 77 5 SMLR-SpTV!H'®) | MIRsub-
MRF LA &% SU-MRF, H: #1 MLRsub-SU 184 SCHE H () #
G324 1Y Rl A 45 2R O6% 15 &), MLRsub-SU-MRF F
MLRsub-SU-MRF-E 73 51 o A SCHE 1 28 35 645 DA S 2
B INGARFFRR R 23 355 43 28071 5280, SVM-CK
A2 B35 2R FH -1 Uk A8 SUBG UE Y 5 15, MLRsub A9 554
M SRR [9 ] 45 th 1 e f 2 B0isE B, # i 3R 7R Ok H
OMP, AEZEABABIME N T, = 3. % T MRF IEW 37572,
WA R VLR, — BB 0 = 2. 5256 DOF- K5 7 (aver-
age accuracy, AA) . B G B (overall accuracy, OA) Fl Kappa
ZHOT AT EAL T, 45 TR 10 SIS,
g AR BRI 25 R N R ebs
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SEG—(H FAMLER AT W21 AP A5 6 1% AL (AVIRIS) %
ERYZEE Indian Pines L6 X A & Yo i 2 R E % . % A
BAL T 220 AN B, 25 (8] 43 HE% 20m, K/ R 145 x 145.
235 20 AN IK PRI MORIMIG {7 e H i B, 4 200 A Bt .
P IX I 16 Fp iy, BE AL PEAR A BEAR Y 6.7 % 1E
SINGRFEAS (N 3(e)) T T 14 93.3 % AE Rl FEA
XFFREA A 2 B B AR B B0 — 2P AR )l
GRREAS R 1B T b B AN R AR AR S, 20 A B
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SO IR AE T 45 ()32 48 18] U5 5 7 B TR i il & 1 (MLR-
sub-SU) Ff A 43 G B $E FHR K, SR W3S i T MRF %8
[5G 50 UG 1 2 28 25 A 3 TR R4 71, I 3k 45
TR RS XU A = R G R R 4 180T
HB I B DB LA T G TR A B, X 5 RO R
UG 1) A5 R P LA R b ) 43 A A W) G . KSOMP, SVM-
CK .MLRsub . MLRsub-MRF J5 % LA} SU il SU-MRF %5
AR AT AR SCTT VL AT, Ui B 8 MLRsub 2 41 F#1iE 25 8]
M5 B 5 SU Jr A2 9 JRL 46 2 1) (1 15 B AR 45 A mT L3R
PR R P A, RS A MR, X — s AE
MRF 75 [B) e 56 T 45 2] T F— 25 50k, T4 T 5 2411
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G Aa BIF ARG RE R A W L AR T SMLR-SpTV {ﬁT‘JJEI
TUNGRAEAS [ R 3% — 20, 6 PR T T, A SOr
75 L SMLR-SpTV 1) 73 SN 2 Al A, (FL IS [h) 52 4% 12 B4

l’é‘l3 T BB RN EIE B, NS EaT A
25 )45 BT o0 2 25 ARG B 4 T+ 2, AR SO &
*%ﬁu\? SMIR-SpTV J5 % .

&1 Indian PlnPiﬁTEE’JﬁJ\?E E8R (%)

FFARFEHLRIL 50 NMNFEA, A =0.6

g&_li ﬂfé HiBE(%) | KSOMP Si\gvi SVM-CK | MLRsub Mkﬁ:?b' SU SU-MRF MLSG“}" I;/II%I‘;[L];}’F ML“I/I{;‘?:L
0A 88.33 92.16 88.98 67.55 87.98 72.40 76.67 72.87 90.79 90.82
607 loso| M 89.76 96.27 93.66 76.70 93.57 81.70 85.92 82.15 94.33 92.26
Kappa 0.867 0.911 0.889 0.634 0.864 0.688 0.736 0.693 0.895 0.895
mHEl(s) | 100.8 106.3 2.87 5.05 5.41 7.60 7.93 13.04 13.37 13.94
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