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Abstract The attention mechanism of neural networks can extract key information from data, and the application of
this feature in the selection of hyperspectral bands can help fully learn the interdependence and nonlinear relations
between bands and extract more important bands. This paper presents a multi-objective optimization method for
hyperspectral band selection based on the attention mechanism. First, the attention module and autoencoder are
used to construct the network. Then, one-dimensional spectral data is provided as input to the network; two loss
functions are used and combined with the multi-objective optimization method for training. Therefore, the attention
module embedded in the network learns the nonlinear relationship between different bands and assigns more weight
to the bands with a large amount of information and easy classification, thereby realizing band selection. Finally, the
support vector machine classifier and mean spectral divergence are used to validate the performance of the band
subset. The experimental results show that the band subset extracted using this method from the Botswana and
Indian Pines datasets is more accurate and informative than the subsets extracted using other algorithms. Thus, it is
demonstrated that this algorithm is more effective in selecting hyperspectral bands.

Key words remote sensing; hyperspectral image; band selection; attentional mechanism; multi-objective
optimization
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Fig. 2 Band selection model structure
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Table 1 Data size and activation function change in the model

Module Layer Input size Output size Activation
Input 1X1%b
Attention module FC-1(fully connected layer) 1X1X0b 1X1X(b/16) RelLU
FC-2(fully connected layer) 1X1X(b/16) 1X1Xb Sigmoid
Encoder-1(autoencoder) 1X1Xb 1X1X256
BN-1(batch normalization) 1X1X256 1X1X256 RelLU
Encoder-2 (autoencoder) 1 X1X256 1 X1X128
BN-2(batch normalization) 1X1X128 1X1X128 RelLU
Encoder-3(autoencoder) 1X1X128 1X1X64
BN-3(batch normalization) 1X1X64 1X1X64 RelLU
Reconstruction module Encoder-4 (autoencoder) 1X1X64 1X1X64
BN-4(batch normalization) 1 X1X64 1 X1X64 RelLU
Decoder-1(autoencoder) 1 X1X64 1X1X128
BN-5(batch normalization) 1X1X128 1X1X128 RelLU
Decoder-2(autoencoder) 1X1X128 1X1X256
BN-6 (batch normalization) 1X1X256 1X1X256 RelLU
Decoder-3(autoencoder) 1X1X256 1X1Xb Sigmoid
Classification module Latent vector 1X1X64 1X1X64
FC-3(fully connected layer) 1X1X64 Number of class Softmax
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Table 2 Hyperspectral image data set

Item

Botswana Indian Pines

Shooting area

Okavango Delta, Botswana Indiana, USA

Imaging spectrometer Hyperion AVIRIS
Spectral range /nm 400-2500 400—-2500
Number of wavelengths (remove strong noise and water vapor band) 145 200
Image size /(pixel X pixeD 1476 X256 145X 145
Spatial resolution /m 30 20
Sample size 3248 10249
Object types 14 16
I vndefined [/ island interior
I vater I acacia woodlands
[/ hippo grass I acacia shrublands

(®)

& 3 Botswana FUH5 £ 19 FL% @ G F b ) BLE

floodplain grasses 1 - acacia grasslands
floodplain grasses 2 - short mopane

I reeds - mixed mopane
[ riparian - exposed soils
. firescar
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Fig. 3 True color image and ground truth map of Botswana data set. (a) True color image; (b) ground truth map
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Fig. 4 True color image and ground truth map of Indian Pines data set. (a) True color image; (b) ground truth map
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Table 3 Experimental results of two data sets with different

weight coefficients

Indian Pines

OA /% AA /% Kappa OA /% AA /% Kappa

Botswana

0.1 88.9 89.5 0.873 73.1 71.4  0.708
0.3 89.3 89.8 0.886 73.6 71.5  0.706
0.5 88.6 87.1 0.869 74.3 70.4  0.712
0.7 87.2 86.8 0.853 72.1 69.5  0.698
0.9 85.3 86.7 0.839 69.7 66.1  0.664
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Fig. 6 Overall classification accuracy, training loss, and band weight changes in the Botswana data set.

(a) Overall classification accuracy; (b) training loss; (c¢) band weight thermal map
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Fig. 7 Overall classification accuracy, training loss and band weight changes on the Indian Pines data set.

(a) Overall classification accuracy; (b) training loss; (c¢) band weight thermal map
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