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Hyperspectral images classification based on
RNN and multiple attention mechanisms
ZHENG Kaidong, LI Aying
(College of Computer Science, Xi'an Shiyou University, Xi'an 710065, China)

[ Abstract] Nowadays, with the increasingly complex network models, the real —time performance of hyperspectral images
classification is poor. Based on the fact that hyperspectral images are essentially a type of sequence data, this paper proposes the
LZ-RNN model, which reduces the time cost by referring to the bidirectional recurrent neural network ( BRNN) to process the
sequence data. A multi — attention mechanism is introduced to improve the accuracy of the model, and the attention weights are
calculated by capturing cross—latitude interactions through three branches. Experiments show that the method proposed in this paper
achieves excellent results on the Pavia Centre and Botswana datasets, and achieves higher accuracy in a shorter time than other

mainstream algorithms.
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Fig. 1 LZ-BRNN network framework flowchart
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Tab. 1 Classification results of the Botswana dataset

class SVM RNN 3D-FCN 3D-CNN LZ-RNN
Water 1.000 0.996 1.000 1.000 1.000
Hippo grass 0.971 0.990 1.000 0.970 0.990
Floodplain grassesl 0.967 0.992 0.992 1.000 1.000
Floodplain grasses2 0.918 0.968 0.982 1.000 1.000
Reeds 0.882 0.903 0.938 0.956 0.960
Riparian 0.691 0.870 0.933 0.945 0.930
Firescar 0.985 1.000 1.000 1.000 1.000
Island interior 0.771 0.990 0.969 1.000 0.994
Acacia woodlands 0.850 0.943 0.975 0.981 0.985
Acacia shrublands 0.702 0.963 0.956 0.992 0.995
Acacia grasslands 0.773 0.974 0.971 0.993 0.998
Short mopane 0.994 0.920 0.910 0.989 1.000
Mixed mopane 0.908 0.927 0.924 0.993 0.984
Exposed soils 0.854 0.979 0.989 1.000 1.000
0A/ % 87.13 95.57 96.55 98.65 98.82
Kappa 0.860 0.952 0.963 0.985 0.986
Time/ s 65.3 46.2 218.0 572.0 74.0
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(a) Ground-truth map (b) SVM (¢) RNN

(d) 3D-FCN
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Fig. 3 Classification results graph of different models in the Botswana dataset
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Tab. 2 Classification results of the PaviaC dataset

class SVM RNN 3D-FCN 3D-CNN LZ-RNN
Water 0.985 0.999 1.000 0.996 0.999
Trees 0.863 0.915 1.000 0.970 0.975
Asphalt 0.368 0.823 0.992 0.915 0.930
Self-Blocking Bricks 0.302 0.502 0.982 0.800 0.852
Bitumen 0.439 0.841 0.938 0.935 0.959
Tiles 0.919 0.866 0.933 0.980 0.970
Shadows 0.887 0.832 1.000 0.970 0.953
Meadows 0.948 0.896 0.969 0.996 0.998
Bare Soil 0.714 0.888 0.975 0.999 0.998
0A/ % 0.916 96.64 96.55 98.12 98.68
Kappa 0.879 0.953 0.963 0.973 0.981
Time/ min 15.60 13.33 66.75 133.50 20.08
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Fig. 4 Classification results graph of different models in the PaviaC dataset
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