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Abstract : Hyperspectral images have the characteristics of multiple bands and strong correlation among bands, which leads to information
redundancy of hyperspectral images, resulting in dimensionality disaster and difficulty in classification. Therefore, a dimensionality
reduction classification method of hyperspectral images based on LDA and extreme learning machine is proposed. In this method,
hyperspectral data are firstly processed by LDA for dimensionality reduction, so as to overcome the problem of hyperspectral image
information redundancy and keep the image feature information as far as possible. After reducing the spectral image dimension, ELM is
adopted to classify and identify hyperspectral remote sensing images. The method proposed is applied to Pavia University and Salinas
hyperspectral image processing, and the classification accuracy reaches 98.78% and 99. 94% respectively, which effectively improves
the feature classification performance of hyperspectral images and has strong practicability.
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Fig. 2 Process flow chart of object identification

in hyperspectral image

TER P FE A REA | 275 4 TE 5 432 3 % 107 49y 26 0 v )
FEARANEL, FEAS BB M) SR I b BUREA B8 3T
AN

L

2 CLL

L=1

;zwu

Forb, € FORIREHIE, R 5 L IO 315 j 2R
FEARANEL, L FR IR AL
3.2 Kappa REl

Kappa %% ( Kappa coefficient) ISR FR /R85 IR 5
IZREIE Z (] W & FEIE , Se iR 1 S A 23 SRS B2 2 JEE 4K
TR AR I T BRIV AR B ) e i 2 — Rl 5 Ry 0 WL B T
b, HtA a0y

OA =

(12)

(Po _Pe>
K = 13
=T (13)
Hr,
L
ZCLL
Py =0A = /,Lill, (14)
2 ¢y
L=1 j=1
L L a.b.
DY v (15)
i=1 j=1 nXn

A Py SRR —RIER P A REA B Z MR LLE AR A
B, BRI BKEE 5 a),a,, 0,0, FEE—IEHY ELSREAR
AHL by by oo by TN HOR B B — B REARAN S 0
SAREA B, Kappa RBOHUKR, 73 ARG RE B



55 3

FF LDA F1 ELM 14 615 G B 5 43 28 5 oY

- 193 -

4 BRIEEBIRRLE

ASLEG L) Pavia University Fl Salinas 15506 i UG E
SRS, i T X ALBOE AR I 5 e D
BEEL 23 () oA o Bl KNG YR HE], HR A TS AS
Tei) 4 B AL s, AT LA B 4 T 14 96 UEAR SO sk (A Rk
4.1 Pavia University 255

Pavia University £0854E B 599622 R 48 A8 O6 15X
(ROSIS) 7EE R FHLFREY Pavia K2 T 2013 4E4A4E R 4E
M, GRS A 115 AN B, B 25 AR 23 WA il 1)
12 MR AE M ek B, R 103 AN B, R T L 0. 43 ~
0.86 pm, 25 [ /3 BE AR 1.3 K, BIE KN SF 2 610 %
340,675 9 ML,

4.2 Salinas #1545

Salinas B 4E HH AVIRIS £ 8% 78 56 [E I Salians
A HLT 1998 AFAARERAE , ik A 224 MEE BR &
20 7K WAL BH 8 1k B, JRH 204 AN i B, UK YE LR
0.4~2.5 wm, Z5 [0 73 FEHH 3.7 m, KR K/ANRA R
512x217 , 6055 16 280
4.3 iigEmitER S

1) Pavia University 5(#E4E

ARSI 56 DA A T 1) s R A R ik B 200 AU AR
7,100 MR EEAS | Hh3 T 1 800 NI AL 5 F1 900 4>
IHRREAE 5 HAE A ELM 432525 B0 AREA B I 45
FEAREE 1~ 200 FRIC MRS 1,301 ~ 500 FRic AFREE 2,
601 ~800 #Ric MARZE 3, LA ZEHE, 2401 ~ 2600 Fric M FxR
2 9, MAREASE 201 ~ 300 #rid HFR%E 1,501 ~ 600 Frid

R4 2,801 ~900 Fric AAn4s 3, KL ZEHE, 2601 ~ 2700
FRid FARZE 9, 3 9 ANARZE, B I AS B AR IR S5 Pavia
University BIntE

2) Salinas 5 4

X} F Salinas BUHE 4 , >R FH RIRE A9 77 72 IR 4 5 19
BRRBEA T BEEL 200 YN ZREEA, 100 AT AR A, 3t
13 200 MIIGREA SR 1 600 MIRFEA 4 W HAE
i ELM 43 2645 B 5 AFEA . BT ZRHEALE 1~200 bR
IEMARZ 1,301 ~500 #Ric MHRZE 2,601 ~ 800 #rid A
bR 3, LR HE, 4501 ~ 4700 #RiC MARZE 16 Mk AE
A4 201 ~300 ARic MFRZE 1,501 ~ 600 Fric MFR% 2,
801~900 FRic AAr2s 3, LI 2EHE | 4701 ~ 4800 4R K
PR 16, 48 16 AN FR %, i UL A3 2 A4S I SC 56 Salinas 4K
TR
4.4 LDA PCA FE4EF4y 25X #r

SR LDA I PCA W@ G s SR E A7 R4 %t
Pavia University F1 Salinas P 25 G RS B0HE 45 047 LU
T2EAE, K 3 M4 Fis A Pavia University 1 Salinas
LGS ERBRSE7E LDA FI PCA F&4E D5 3F | BRAERRE
M K 48 (KNN) 2 RE f#EHL(SVM) (ELM 3 #4532
T RGBS R X LB, %] T Pavia University 404
7 LDA B4 7 X, 1 15 A B4R R ESfE KNN
SVM Al ELM 432575 30 F /9 OA W] 43 51 15 5] 96.22% |
96% Fl1 98. 78% ; £ PCA [a4E =0 R 1l 20 /R 4R AEHL
7 KNN SVM Fl ELM 432577 X R 9 OA 7] 43 51l ik 3|
91.44% 96. 56% F1 58.78% , 1Mij 24 [% 4 F5 1E % Ny 5 B,
ELM B)5325K5 1 e 18 8] 95.39% , 22 J5 & 2R & 44
P H BB Y FE I OEAAR

100 o - e o 100
95 TR TAPa AT A grarprargiray 90
§,90 ; < 80
§85 3 §‘70
= 80 ] ]
8 H 3 60
<75 ; <
= .f = 50
=70 f <
3 H 2 40
865 " o) ;
60 i —+=1 DA-KNN 0 & —-PCA-KNN
55 i - LDA-SVM 0b % - PCA-SVM
{ —e—LDA-ELM : ——PCA-ELM
50 JoL—4
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
LDA 4545 4F %t LDA R4k R54F %t
() (b)

€l 3 Pavia University $(H A FE4ERFAE SR KNN SVM \ELM =Fh 53285 L AR B0 B R R 5T 1L
Fig.3 Comparison diagram of the accuracy relationship between the dimensionality reduction feature number of

Pavia University dataset and KNN, SVM and ELM classification methods
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Comparison diagram of the accuracy relationship between the dimensionality reduction feature number of

Salinas dataset and KNN, SVM and ELM classification methods
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Table 1 Comparison of experimental results of Pavia University datasets under different classification methods
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Table 2 Comparison of experimental results of Salinas datasets under different classification methods
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