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Abstract: The high data dimension of hyperspectral images causes difficulties in the classification process.
To improve the accuracy of classification, a hyperspectral image classification method using a 3D
convolution joint attention mechanism is proposed. First, by pairing the center pixel with other pixels
adjacent to it, it can form multiple sets of new pixel-pairs, and the neighborhood correlation between the
pixels can be fully utilized. Then, the pixel-pairs are classified into the 3D convolution joint attention
mechanism network framework, which can selectively learn the features in the hyperspectral image. Finally,
the pixel label is obtained through the voting strategy. An experiment was carried out on two real
hyperspectral image datasets. The results show that the proposed method fully exploits the spectral-spatial
features of hyperspectral images, and this can effectively improve the classification accuracy.
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Table 1 Number of training and testing samples used in the Table 2 Number of training and testing samples used in thelndia
University of Pavia data set Pines data set
No. Class Training Testing No. Class Training Testing
1 Asphalt 200 6431 1 Corn-notill 200 1228
2 Meadows 200 18449 2 Corn-mintill 200 630
3 Gravel 200 1899 3 Grass-pasture 200 283
4 Trees 200 2864 4 Grass-trees 200 530
5 Sheets 200 1145 5 Hay-windrowed 200 278
6 Bare Soil 200 4829 6 Soybean-notill 200 772
7 Bitumen 200 1130 7 Soybean-mintill 200 2255
8 Bricks 200 3482 8 Soybean-clean 200 393
9 Shadows 200 747 9 Woods 200 1065
Total 1800 40976 Total 1800 7434

# 3 Indian Pines ${dE4EMERI®R  Table 3 Indian Pines data set accuracy
%

No. K-NN PCA RNN ICA SVM 3D-CNN CNN-PPF LA 3D-CNN
1 87.21 8789 88.76 89.12 89.45 89.63 91.25 91.27

2 88.73 89.51 90.02 9121 9152 9271 96.26 95.34

3 93.85 9451 9542 9591 96.05 96.14 96.58 97.02

4 9308 9363 9432 9473 9525 9535 95.98 96.27

5 97.41 9796 98.88 99.14 99.25 99.46 100 100

6 87.15 87.74 88.54 8882 89.02 89.21 89.24 91.12

7 8473 85.15 8599 86.58 88.12 88.55 92.80 93.29

8 88.61 89.13 89.81 9051 91.03 91.18 92.98 93.47

9 9256 93.12 93.64 9429 9481 95.44 96.31 97.88

OA 8953 9032 91.02 9161 9255 93.23 94.11 95.67

AA 89.22 89.64 90.89 90.63 92.23 9248 94.14 94.82

K 89.09 89.35 91.03 9132 9207 92.25 94.01 94.51

% 4 University of Pavia $4E 4 #E % Table 4 University of Pavia data set accuracy
%

No. K-NN PCA RNN ICA SVM 3D-CNN CNN-PPF LA 3D-CNN
1 84.79 8551 86.17 89.54 9211 94.87 96.02 96.11

2 88.54 89.12 89.89 90.91 91.08 91.22 93.76 93.41

3 87.01 8757 88.23 88.98 9282 94.17 94.35 95.01

4 9151 9202 9231 93.18 9457 95.78 96.02 96.47

5 98.44 99.12 99.39 9956 99.42 99.71 100 100

6 9251 93.03 9387 94.16 94.82 95.23 97.31 99.47

7 85.76 86.59 87.18 89.18 9143 9257 92.89 93.21

8 88.83 89.51 90.33 90.97 91.73 9232 93.99 94.87

9 95.05 9587 96.31 96.91 97.14 97.25 97.53 98.18

OA 90.05 90.91 091.62 9258 93.67 9484 95.28 96.61

AA 89.77 90.53 90.28 9484 93.13 9461 95.02 95.72

K 89.53 90.17 90.17 9146 93.08 94.98 95.27 95.57
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# 5 Indian Pines ¥4 & A A A T = AL N 28 2 1)
Table 5 Classification accuracy with and without attention
mechanism layer using the Indian Pines data set
%
Window Size 3X3 5X5 T7X7
With Attention Mechanism 95.12 95.67 95.75
Without Attention Mechanism  94.67 95.23 95.34
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