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60,27 17 1 R 1
HSI . . N . . Tab.1 Selected Information on Experiment Data Set
7 HYDICE (Washington DC Mall)
1 .
1 400 3 434
2 168 248
3 36 139
4 814 1114
5 80 325
6 224 1 000
1 HYDICE 7 11 36

Fig. 1 False Color Images of HYDICE
(overall accuracy, OA)  Kappa

WKMNF +SVM , 10 ,
SVM,PCA+ SVM,MNF + SVM, : 2 .2
KPCA( )+ SVM .

o

2 HYDICE (Washington DC MalD)
Tab. 2 Experiment Result on HYDICE Data Set (Washington DC Mall)

SVM PCA+SVM MNF+SVM KPCA+SVM WKMNF +SVM

1 62.1% 64.8% 66. 4% 70. 7% 77.4%
2 98% 100% 94. 8% 98. 4% 97.6%
3 100% 100% 100 % 100% 100%
4 97.2% 98.1% 97.7% 100% 99. 8%
5 98.8% 98.8% 98.8% 95.4% 96.8%
6 99.9% 99.9% 99. 9% 99. 8% 99. 8%
7 82.6% 79.1% 84.9% 89.5% 89.5%
(OA) 78.6% 80.7% 81% 84.1% 87.5%

Kappa 0.717 0. 744 0. 745 0.787 0. 823

2 (HYDICE)

Fig. 2 Classification Result Image with Different Methods (HYDICE)
SVM , KPCA ; 3%,
96 % . . 2.2 AVIRIS

WKMNF ,

) / (airborne
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visible infra-red imaging spectrometer, AVIRIS) 3
1992 6 12 Indiana
220 )
0.4~2.5 um, o
145X 145 , 16 bit,
16 : ) )
, o (30,60,

3 AVIRIS
Fig. 3 False Color Images of AVIRIS

Tab.3 Training Sample Data and Testing Sample Data in Experiment

1 27 27 9 10 10
2 100 1334 10 100 2 368
3 84 750 11 97 871
4 117 117 12 62 552
5 50 447 13 38 342
6 75 672 14 106 106
7 13 13 15 100 1194
8 49 440 16 48 47
AVIRIS WKM- 4 , 4 .
NF-+ SVM SVM, PCA + SVM, MNF §2.1 o )
+SVM,KPCA( )+ SVM . WKMNF AVIRIS
Kappa , ,  KPCA
10 b b 6% b o
4 (AVIRIS)

Fig. 4 Classification Result Image with Different Methods (HYDICE)

§2.1 §2.2 , .
HYDICE AVIRIS WKMNF
. WKMNF + SVM .
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number threshold of a sub-block. Secondly. the initial small cube is created using the minimum dis-
tance from the point to the sub-block boundary, and the size of the small cube is changed dynamically
based on a threshold; that is, the amount of points in a small cube to narrow down the search extent
of kneighbors. Thirdly, the expansion direction is determined by the outer normal vector of the cor-
responding side, which is the side nearest to a unsuccessful searching point. The maximal distance
from the unsuccessful searching point to the side is taken as a step to expand the sub-block quantita-
tively. Experimental results show that the proposed method is not only stable, but also is more auto-
matic with better performance.

Key words: dynamic grid; k—nearest neighbors; surface reconstruction; point cloud; search step
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SVM Classification of Hyperspectral Image Based on
Wavelet Kernel Minimum Noise Fraction

BAI Lin' LIU Panzhi'® HUI Meng"*

1 School of Electronics and Control Engineering, Chang”’an University, Xi’an 710064, China

Abstract: Linear features extraction methods for hyperspectral imaging reduce feature class separabili-
ty. Aiming to solve these problems, this paper introduces a novel kernel method based on minimum
noise fraction transformation. This method focuses on the kernel function in the minimum noise frac-
tion transformation and replacing the traditional kernel function with a wavelet kernel function. This
new method improves the nonlinear mapping capability of kernel minimum noise fraction transforma-
tion by exploiting the features of multi-resolution analysis. Classification experiments on hyperspectral
image data combined the novel kernel minimum noise fraction transformation and support vector ma-
chine; simulation results show that the wavelet kernel minimum noise fraction transformation method
is suitable for the nonlinear characteristics of hyperspectral images. The proposed method was applied
to HYDICE and AVIRIS data, and compared with other algorithms. Classification accuracy increased
3%-9%.
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