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Classification Algorithm of Hyperspectral Remote Sensing Image Based on

Spatial Spectrum Feature of Kernel Extreme Learning Machine

Song Wenqi, Yan Deqin, Liu Deshan, Wang Junhao
116021, China)

Abstract: In recent years, local binary patterns (LBP) has been applied to hyperspectral remote sensing image classification be-

(School of mathematics, Liaoning Normal University, Dalian

cause of its significant advantages in spatial feature extraction. Although the algorithm reduces the intra class variance in spatial fea-
ture extraction, it ignores the spectral features used to distinguish different ground objects. In order to avoid the problem of insuffi-
cient feature extraction and unsatisfactory classification effect caused by single feature extraction in the process of image classification,
a new space spectrum feature vector is obtained by stacking spatial and spectral features. Then a new space spectrum feature vector is
introduced into the kernel extreme learning machine, and a space spectrum feature kernel extreme learning machine (SS—KELM) is
proposed. In order to verify the effectiveness of the proposed algorithm, two hyperspectral image data sets will be used for experi-
ments. The experimental results show that the performance of the proposed SS—KELM algorithm is better than the traditional classi-
fication algorithm.

Keywords: local binary pattern; space spectrum combination; nuclear limit learning machine; hyperspectral remote sensing image
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i — DR Indian Pines 84 . & 3¢ B E 500 %
ALK SR B LB AT UL/ LA AR DG 1AL (AVIRIS) &8s, 78
1992 4F 6 H . T ENSE LN P L iy B0 EE AN i 30 3 bR 4
. BB T 145X 145 R 220 D PB I 73 2637 5%
A 0.4 2 2. 45pm B 0] WOGTEFILLAM G IS IR, 28 18] 73 HE
AN 20 m, ZITRAE Z02Z Z AR =08 2 — AR
TEA SO, ERROKAT 5 SILE T 202 206 . A 16 Fb
ARl - MBS, (ELLE 8 S8 09 3 T B S b I b O R
FONHR R BRI RN ERTER 1 P RIR.

# 1 Indian Pines UG SEHEA(F B

Class Train Text
Alfalfa 6 48
Corn—notill 144 1290
Corn—mintill 84 750
Corn 24 210
Grass— pasture 50 447
Grass— trees 75 672
Grass— pasture— mowed 3 23
Hay— windrowed 49 440
Oats 2 18
Soybean—notill 97 871
Soybean— mintill 247 2221
Soybean— clean 62 552
Wheat 22 190
Woods 130 1164
Buildings— Grass— Trees— Drives 38 342
Stone— Steel — Towers 10 85
Total 1043 9323

o FH O 5 A SO R 4R 02 E S DG 2 R 48 UG DG Rk A
fEIRAIEER . ZEMR 24 DLR (EE S KR &
FERY HySens W H T UL, i T ERFMgET ., H
23 A LR 610X 340 R . LB Z T, BIRERA
103 A4t . B R RS AT A 0. 43 #] 0. 86 — pm, %5 (]
SRRy 13 m, M HAHE R A 9 25 42 776 MRidig
F. 2 BEET A YNGR A B TR 2 1EE R

% 2 Pavia University 304 A (E B

Class Train Text
Asphalt 548 6083
Meadows 540 18109

Gravel 392 1707

Trees 524 2540

Painted metal sheets 265 1080
Bare Soil 532 4497
Bitumen 375 955

Self — Blocking Bricks 514 3168
Shadows 231 716

Total 3921 38855

3.2 XWERELHW

A . AR CHRAE K SS— KELM 5 SVM,
KELM, KCRT—CK, MLR 8853 245 REFrxf bk,
X BTN B R R CAL BIRER R OA, Ty
HERR A AA I kappa £ BOR M 5 A0 B L 1 20 B MR RE
3.2.1 [Indian Pines F{# %045 5256 45 R

7 3 JB/RTE Indian Pines 3045 4R b [ & I 2R A A%
ANFEFEEIEN I F TR CAL BARER R OA, Tk
B2 AA I kappa R4, @i AR 6 MR LR OAL AA I
kappa Z AT LIARIE A 3 B ) A< SC AT #8119 SS—KELM & ik
5 SVM, KELM, KCRT—CK, MLR & ¥, £ 16 2K
BARFEA T, H 12 KRN RS R CA ZEim THME
B BVERMER A OAL FIER R AA Il Kappa REIA
7. B 4 R/RAE Indian Pines B#54E 1 AR RE M I A 43
KHER R CA 5RANZE TR, MRk M2 aT L
F . ARSCRT R IR 1 43 S R AR KT B

# 3 Indian Pines $#i 43 3¢ iR R 43 S FEE 9 LUK

Class SVM | KELM | KCRT—CK | MLR | SS—KELM
1 97.06 | 81.13 79. 25 83. 02 73. 85
2 81.29 | 68.99 73.43 62. 93 97. 58
3 78.85 | 56.48 52.97 52. 24 96. 56
4 75.12 | 48.05 29. 44 28.14 96. 21
5 92.38 | 71.14 79.67 68. 29 98.17
6 97.41 | 87.28 89. 85 85. 52 97.78
7 95.65 | 100.00 | 100.00 | 100.00 | 100.00
8 98.60 | 92.15 83.68 77.07 100. 00
9 66.67 | 84.21 68. 42 52. 63 78.95
10 | 78.21 | 78.39 66. 39 67. 33 93.58
11 | 85.99 | 89.40 88.17 89. 85 98. 87
12 | 87.80 | 55.19 57.17 59. 97 94. 83
13| 99.46 | 97.13 99. 04 90. 43 98. 32
14| 96.65 | 90.79 94. 46 91. 88 99. 47
15 | 54.34 | 80.32 84.57 85.11 97. 97
16 | 90.36 | 60.64 71.28 56. 38 86. 05

OA | 86.03 | 78.75 78. 27 75. 59 97. 37
AA | 85.97 | 77.58 76.11 71.92 94. 28
Kappa | 84.05 | 75.47 75. 02 71.78 97. 01
100
90
80
70
@ 60 |
%50
40
30
02 16

6 8 10 12
Indian $#E 5]
& 4 Indian Pines $48 4 A 6] J5 43 25 i i 2R ) Bt 1]
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