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Abstract: In order to solve the problem of large information dimension and fewer labeled training samples
of hyperspectral remote sensing images, this paper proposes a hyperspectral remote sensing image
classification framework HSI-CNN, which reduces the number of model parameters while maintaining the
depth of neural network. Image pattern invariance and spectral channel contribution rate are analyzed,
and the spectral redundancy information is reduced by principal component analysis. A full convolution
neural network structure suitable for small sample hyperspectral remote sensing images is designed and
the amount of network parameters is effectively reduced. Three kinds of HSI-CNN structures are
proposed and compared. The experimental results on Pavia University and Salinas hyperspectral remote
sensing data sets show that HSI-CNN can extract the spectral feature information only by using a small
amount of training samples effectively.
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Abstract: In order to solve the problem of large information dimension and fewer labeled training
samples of hyperspectral remote sensing images, this paper proposes a hyperspectral remote sensing
image classification framework HSI-CNN, which reduces the number of model parameters while
maintaining the depth of neural network. Image pattern invariance and spectral channel contribution rate
are analyzed, and the spectral redundancy information is reduced by principal component analysis. A full
convolution neural network structure suitable for small sample hyperspectral remote sensing images is
designed and the amount of network parameters is effectively reduced. Three kinds of HSI-CNN structures
are proposed and compared. The experimental results on Pavia University and Salinas hyperspectral
remote sensing data sets show that HSI-CNN can extract the spectral feature information only by using a
small amount of training samples effectively.
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block name kernel stride  pad
c-b-el  conv_block_1 1x7x1x32 1 0
c-b-el  conv_block_2 1x7x32x64 1 0
c-b-el  conv_block_3 1x14x64x128 1 0
fc-el fc_block 1 1x1x128x90r1l 1 0
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c-b-el conv_block_1 1x7x1x16 1 0
b conv_1 1x1x16x32 2 0
bnorm_1 - - -
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Res block 1 m=32,n=64 1 0
block - -
b conv_2 1x1x32x64 2 0
bnorm_2 - - -
residual_
Res_block 2 m=64,n=64 1 0
block - -
average
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Tab.4 Comparison of the number of parameters
for different classification methods

Method
Dataset
HSI-AlexNet  HSI-VggNet  HSI-ResNet
PaviaU 31728 33168 23504
Salinas 31984 33424 23760

block name kernel stride  pad
c-b-el  conv_block_1 1x3x1x16 1 0
c-b-el  conv_block 2 1x3x16%32 1 0
c-b-el  conv_block 3 1x3%32%x32 1 0
c-b-el  conv_block_4 1x20%32x64 1 0
fc-el fc_block 1 1x1x64x90rl1l 1 0
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Bt % RS ERBC SRIIRHUR R
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Tab. 6 Comparison of classification accuracy
of PaviaU data sets %

Train
20 40 60 80
SVM+PCA 89.15 93.30 93.55 94.35
NN+PCA 90.58 92.89 93.11 93.33
HSI-AlexNet  94.65 94.83 94.96 95.91
HSI-VggNet 94.84 94.88 95.20 95.73
HSI-ResNet 95.39 95.70 95.80 96.17
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Tab. 7 Comparison of classification accuracy
of Salinas data sets %

Train
20 40 60 80
SVM+PCA 93.21 92.44 92.78 93.54
NN+PCA 84.65 85.95 86.59 88.25
HSI-AlexNet  94.82 95.29 95.53 96.17
HSI-VggNet 94.71 94.73 95.18 95.55
HSI-ResNet 95.82 95.66 96.48 96.92
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Tab.8 Classification accuracy comparison of PaviaU datasets

based on classical deep CNN %
Train
Method
20 40 60 80
AlexNet 88.25 90.68 90.66 91.69
VggNet 91.60 92.16 92.24 92.85
ResNet 91.42 93.74 93.77 94.80
AlexNet+PCA  91.10 91.33 91.59 92.28
VggNet+PCA  91.52 91.84 92.47 92.85
ResNet+PCA 92.42 93.98 94.25 94.98
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