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Using GPU computing to improve the
performance of feature extraction processing for
hyperspectral image classification
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Abstract

Because of the high spectral resolution of hyperspectral image, more detailed and
subtle spectral signatures are provided and can be used to identify and quantify a large
range of surface materials which cannot be identified by multispectral images. It seems
that the high dimensionality of hyperspectral data should increase the abilities and
effectiveness in classifying land use/cover types. However, the classification methods
which have been successfully applied to multispectral data in the past are not as
effective as to hyperspectral data. As the dimensionality increases with the number of
bands, the number of training samples needed for training a specific classifier should be
increased exponentially as well. A simpler, but sometimes very effective way of dealing
with hyperspectral data is to reduce the number of dimensionality. This can be done by
feature extraction that a small number of salient features are extracted from the
hyperspectral data when confronted with a limited set of training samples. Bands
selection is a kind of feature extraction methods that the optimal subset of spectral
bands are chose for the discrimination of classes based on some assessing criteria. A
selection criterion widely used in image classification is to determine the separability of
different classes. In this study, statistical class separability is calculated based on the
training data to estimate the expected error in the classification for various bands
combinations. However, as the dimension of data increases, the combination of bands to
be examined increases exponentially, resulting in unacceptable computational cost.
Therefore, it is expected to reduce the calculation time by GPU computing. In this
study, the bands selection algorithm was firstly paralleled based on the GPU
programming model, and then an AVIRIS data set was used to test the efficiency of the
GPU computing. The result showed that the GPU increases computing speed and the
computation cost can be exactly reduced.
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® CPU
Intel Core 2 Quad Q6600 @ 2.4 GHz
—  Memory:4G
® GPU
— Tesla C2050
— ComputeCapability: 2.0
— DriverVersion: 3.2000
— MaxThreadsPerBlock: 1024
— MaxShmemPerBlock: 49152
— MaxThreadBlockSize: [1024 1024 64]
— MaxGridSize: [65535 65535]
—  Memory:3G
® Software
— Visual Studio 2010
— Matlab 2010b
— Parallel Computing Toolbox 5.0
— CUDA3.2
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ml=mean(X1);

Cl=cov(X1);

m2=mean(X2);

C2=cov(X2);

C=(C1+C2)/2;

dm=(m1-m2)/chol(C);

try

d=0.125*dm*dm'+0.5*log(det(C/chol(C1*C2)));

catch

d=0.125*dm*dm'+0.5*log(abs(det(C/sqrtm(C1*C2))));

end
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