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Abstract: Hyperspectral images in &ﬁctral and spatial information, which increases the difficulty of classification

and recognition. Feature learni of the hyperspectral image classification techniques, can better extract features
contained in the image. Aim difficulty of classical extreme learning machine algorithms in extracting spectral
features, this paper intr ature learning technology, and proposes a composite kernel extreme learning machine
(CKELM-L) method based on"discriminant information. CKELM-L maximizes the between-class matrix and minimizes the
intra-class matrix, so that the projected low-dimensional data is closer to the same class and farther away from the different
class. Experimental results show that the proposed method retains better spectral features, low computational complexity and
achieves excellent separability.
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4 SCIG5ZER S H7(Experiment and result analysis)
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University of

K1 Indian Pines
Fig.1 Indian Pines

@2 University of Pavia
1g.2 University of Pavia

Vi
Q’\/

B 3 Salinas Scene
Fig.3 Salinas Scene
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4.2.1 Indian Pines#{{E&£SLIG LR

TESES A, ARHE SCHRI201, XF16 2R ESCER EHU 0%
AL, 031 4, HAR9,218 MERE M4, R
W43 AP Indian  Pines#R4E R - B4 R NE 1R, E4
%5 THEIndian Pines#ifidk 17 RE5RIEXFLE .,

%1 Indian PinesBIBERXE LN KER
Tab.1 Classification results of related algorithms in

Indian Pines dataset
Offr: %)

H‘b:r g3
fithi ELM  KELM

SVM  HiFi ELMCK KELMCK SVMCK CKELM-L

1 0 63.41 70.73 100 90.24  97.56  95.12 97.56
2 76.50 79.69 75.41 70.81 96.42  95.95  94.24 98.91
3 46.32 74.43 72.42 94.44 97.99  95.45  95.58 99.46
4 19.72 43.66 47.42 98.16 84.98  98.59  98.12 99.53
5 87.33 89.17 91.47 92.87 93.09  91.47  93.09 94.47
6 96.65 96.19 93.15 95.77 98.17  98.33  99.24 100
7 0 56.00 60.00 100 88.00 100 100 92.00
8 97.44 98.37 97.44 99.78 100 100 100 99.53
9 5.56 22.22 22.22 100 5.56 83.33  44.44 83.33
10 57.78 78.03 75.97 81.83 92.79 9748  95.31 97.25
11 80.76 83.11 80.94 85.67 98.10 98.55  94.98

12 66.60 70.54 68.67 96.68 97.00 96.06  93.81

o 13 98.91 98.37 95.65 98.92 98.37  98.37 97 99.
14 95.25 94.73 92.71 94.78 98.51  95.87  95.17 100
15 53.89 60.81 55.91
16 75.90 86.75 93.98

OA 73.94 81.24 79.93

AA 59.91 74.72 74.63

kappa 69.81 78.50 76.98

(e)ELMCK
A 4 Indian Pines# ¥EH£ L RRA F ko L E R ATk

Fig.4 Comparison of classification results of different

(HKELMCK (g)SVMCK (h)CKELM-L

methods in Indian Pines dataset

F1EHEL L TEIndian  Pines#iiE4E b EE NI ZtEAA
BUE AR BN I PE(CA), FREH T E kR
T(0OA)., FWEwatE(AA)Mkappa 4L, i HLET FhE
HOA, AAfikappa R FI AMRIE AT, A HREER
AR BER, RIBCAV AR L, 716 FFARMEAf 4
SCTHRAEAR 10 B R E S T HMBE ., SE50KE
FEKELMAH E B A R R = 17.67%, SHa 55 CK A ER)
KELMCKAH S e PSR = 1.33%, 5 B RTBH A Bk
HiFi SR S AR 14215510, 32%,

4.2.2 University of PaviaZ{{F £ 50IE 45 R

TESEH X9 2 SRR R I %V S I Rk A S
432 4, HoR42,344 DEHRVEMAAFEA . IR 2 REIERS
University of Pavia¥ifiifer) &R INF2H 7R, S
TAEUniversity of Pavia%ifise o245 K .,

#2 University of AWaWIERBEXEEZ D KER

Tab.2 Classifica Ils of related algorithms in
avia dataset

Univ y
CAfL: %)
N3

EL% KELM SVM HiFi ELMCK KELMCK SVMCK CKELM-L

e

.56 82.36 81.76 71.37 95.78 83.52 92.99 99.15

4 80.55 83.38 80.65 89.32 87.14  79.39  88.89 95.35

96.72 96.78 94.44 86.41 99.76 99.39 98.22 99.87
9906 3 27.96 64.05 62.80 76.14 91.29 87.05 85.80 87.87
2

CA 5 99.92 99.77 99.85 98.04 100 95.19 100 100
6 43.03 60.89 72.56 86.76 96.34 96.75 95.08 99.06
7 3.57 68.92 69.83 95.42 92.63 91.79 93.01 99.77
8§ 54.29 76.43 77.91 81.73 78.68 74.38 83.81 98.44

9 53.15 90.82 98.29 99.89 68.09  23.37  72.89 96.16

OA 76.35 85.69 86.31 86.94 92.99 90.99 93.95 98.35
AA 60.31 80.38 82.01 87.23 89.97 81.20 90.08 97.30
kappa 67.34 80.76 81.57 83.09 90.64 87.97 91.94 97.81

(€)ELMCK (HKELMCK (@SVMCK  (h)CKELM-L
F5 University of Paviak #%& L R B 7 ko R &R A b
Fig.5 Comparison of classification results of different

methods in University of Pavia dataset
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FOE S THEUniversity of Pavia$dfge b w4
FEANEUG RR LN R (CA), WA H T 8K
HERRTE(OA), ~PIMERfTE(AA) Fikappa R £, @i BT
EHIOA . AAFIKappa RE] MRIEREME S|, A SCTHEE
HA BB I REER, MIECAT AE L, 1E9 KRB+
A SRS SEVEAR T R R I e T HAMEE . SESEE
EKELMAH H SR HERR MR 512, 66%, SHA 5 CKT
KELMCKAH S AR IR =7, 36%, 5 B R BH#lm Bk
HiFi S5 B AR =11 .41%,

4.2.3 Salinas Scene#}F & LG LR

TESER, %16 SRR S WA It A it
2,713 4>, HARS1, 416 DEAEAEIAREAS . AR KRB %
XfSalinas SceneX{#iE4EHY KA RMNFKIFIR, EOL4H T1E
Salinas Sceneftffik b7 L RIERT L,

#3 Salinas ScenefIEEMBXRE AN KLER
Tab.3 Classification results of related algorithms in

Salinas Scene dataset

Cf: %
it o
T
He ELM KELM SVM HiFi ELMCK KELMCK SVMCK CKELM-L
1 99.58 99.79 99.42 98.64 100 100 99.95 00
2 99.94 99.89 99.80 99.54 100 99.94 99.92
3 95.47 99.36 99.57 99.80 100 99.89 99.7 100
4 99.17 99.47 99.92 99.05 98.11 99.47 99.17 .85

5 99.02 98.47 98.55 98.98 99.53
6 99.81 99.81 99.84 99.14 100
CA 7 99.65 99.71 99.71 98.82 99.94
8 88.61 89.39 89.04 82.37 99.30
9 99.97 99.93 99.88 99.90 100 99.97 100 100
10 95.05 95.92 95.76 88.43 99.17 99.90 98.09 99.94
11 95.96 99.01 98.32 97.23 100 99.80 99.80 100
12°.99.13 100 99.89 100 100 100 99.78 100
13 98.16 98.97 99.08 98.21 100 100 100 100
14 94.00 97.64 97.34 93.14 99.41 99.41 96.85 99.80
15 60.66 70.38 71.99 75.30 86.43 99.46 99.12 99.99
16 98.31 97.44 97.67 97.65 99.01 94.61 96.74 98.95
OA 91.35 93.19 93.07 92.74 97.13 99.29 99.20 99.81
AA 95.16 96.57 96.61 95.39 98.56 99.42 99.16 99.83
kappa 90.34 92.41 92.28 91.93 96.81 99.21 99.10 99.79

()ELMCK (HKELMCK (g)SVMCK (h)CKELM-L
B 6 Salinas Scenedt #% 4 LR F) 7 ik 4 £ 45 R ik
Fig.6 Comparison of classification results of different

cene dataset

eXd e L E I GAEAR A
CA), [R5 R A E R 1

methods in Salinas
F3IEJdesn h THESali
BEARRIEER NS

(OA). “FIHHEM appa 2%, @i HRT FREER
OA., AAFIkappa Reen] IREEME T, ASCHRE®RR
B AEAY RIBCAT LAF H, #E16 2EdRFEA A

¥ RRMER R m T HAT R, SEankE

F R MERR IR 6. 62% , S A L5 CKIT LN

KAH oS AR ERG PR32 0. 52%, 5 H AlRGH ARG S35
iF1AVE AR B AR MERR AR 7. 07%,

S #4518 (Conclusion)

AR SCHR T A TR BIE B B A R R 2 AL
(CKELM—L)RYHSTZr 848 2, 08 YR J £ 1 40531 2 B
(LDA)FVEMN HSIHEA TR IBURRAE . A 28 A RFAE A SR IR ) DL 1
FHE, R CKELMRHSIEHRHE VAT, AT AKRIRE >
Fetkg, WA= E ] AR HSIEHESE B Seg e,
TESE T %A A 5 HAb S A B B i 2RR0R, £AE
B 5 BB ERY H R EA FI T HSI O 2R4E 55 . SR, A
IR AEANFAE— SR 2, X EIEIEAT 2R, TR
DAMEENETIER, AR NN AEEHS IR FE ek
B FORBRBCAF 32 . TEARRM TAES, $551 A Fh-F-1E g
FRERR T B s, XTHSIHFTHEITAY 7325,
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