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Hyperspectral image classification based on hybrid spectral
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Abstract: Due to the presence of the same object with different spectrum and the same spectrum with
different objects in hyperspectral images, spectral information alone cannot fully reflect the features of
hyperspectral images, and spatial information can be introduced to capture the features of objects more
accurately. Therefore, a hyperspectral image classification method based on hybrid spectral enhancement

and multi-scale spatial aggregation is proposed in this paper. In this method, a hybrid spectral enhancement
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module is designed, multi—scale local features of the spectrum are constructed using wavelet transform,

and global features of the spectrum are generated by Transformer architecture, so as to enhance the intra-

class consistency of the spectral features. At the same time, a multi—scale spatial aggregation module is

designed to extract the inherent multi—scale information of spatial features and establish the interaction

between different scales, so as to generate a more robust land cover representation, thereby further

improve the classification performance. The experimental results show that the proposed method is superior

to other advanced networks, indicating that the method can effectively obtain more abundant spectral

information and spatial feature representation.

Key words: hyperspectral image classification; hybrid spectral enhancement module; wavelet transform

multi—scale spatial aggregation module
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Fig.1 Hyperspectralimage classification network structure based on hybrid spectral enhancement and

multi—scale spatial aggregation
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Fig. 2 Structure diagram of hybrid spectral enhancement module
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Fig. 4 Structure diagram of multi—scale spatial aggregation module
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Table1 HEMA ablation experiments in the IN dataset

5% N Z R OA/%  AA/Y% Kap-
T RAMHR pax 100
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Former X N 87.72 83.31  86.00
N, N, 94.80 91.90 94.04
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Table 2 Classification results of different methods

for IN datasets

2% ABLSTM CNN3D ViT Spectral” SSETT HEMA
Former
1 26.19 57.14  68.96 74.19  100.00 100.00
2 59.92 80.73 67.68 75.84  83.33 96.16
3 48.90 66.48 66.75 63.25  74.96 87.59
4 38.63 39.08 52.04 46.04  74.10 80.76
5 84.86 95.39 80.94 91.00 9245 97.43
6 90.94 98.30 93.56 92.93  98.10 98.88
7 18.75 34.28 30.76 50.00  48.00  92.30
8 84.84 98.98 92.82 97.75  99.49 100.00
9 4.54 10.86 13.33 20.83 100.00  83.33
10 69.80 77.44 63.88 76.57  73.29 86.22
11 73.08 78.49 82.11 90.50  87.30 97.53
12 50.00 48.94 4217 63.05  56.38  98.52
13 92.00 94.59 83.13 88.60  90.90  97.90
14 97.69 97.46 98.07 97.66  97.18 97.83
15 69.84 72.93 71.15 71.97 81.86 9532
16 60.00 81.63 64.51 59.70  64.51  60.60

OA/% 69.90 77.89 74.96 80.46 83.77  94.80
AA/ % 60.62 70.80 66.99 72.49 83.62  91.90

Kappa X
100

65.84 74.89 71.58 77.88 91.54 94.04




%114

BT AT RAEERRE 5 R RS0 F B RS £k

- 3733 -

RI3 AEAEELKHBEE WS ERER
Table 3 Classification results of different methods for

LK datasets

2%]  ABLSTM CNN3D ViT Spectral SSETT HEMA
Former
1 94.15  99.04 96.16 93.3¢  99.61  99.21
2 75.67  68.80 70.93 87.46  81.12 97.19
3 25.96  39.53 49.13 91.15  53.96 92.15
4 97.65  98.51 98.45 98.66  98.72 99.28
5 30.99  56.97 30.10 41.39  57.08 48.84
6 91.01  84.21 96.77 96.86  98.61  99.68
7 98.92  98.66 99.92  99.97  99.96  99.95
8 81.01  82.22 84.56 90.22  91.11 94.33
9 28.37  68.43 59.33 90.53  86.68 85.34

OA/% 8494 9147 91.06 93.69 9538 96.75
AA/Y%  69.30  77.37 76.15 8551 8520  90.67
Kappa X
100

80.80 89.01 88.44 91.79 93.99  95.76
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Fig.5 Classification effect for IN dataset
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