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Abstract: Aiming at the challenges of low classification accuracy in hyperspectral images classification using convolutional neural networks, we

proposed a hybrid attention-deepLab Net (HA-DLNet). In the encoder, we used 3D convolution module of lightweight backbone feature extractor to

extract spectral features, introduced a hybrid attention mechanism constructed from channel attention, spatial attention and multi-head self-attention,

and used heterogeneous field fusion connection and stripe pooling strategies to ptimize the encoder structure, realizing the learning and reconstruction

of global context information. We used the global convolutional network module to tighten the structural connection of decoder, which was

combined with boundary enhancement to achieve the recovery of shallow spatial-spectral feature loss. The experimental results show that

HA-DLNet enhances the attention on different regional spatial-spectral features and refines the feature edge information in Indian Pines, Salinas

Valley, WHU-Hi-LongKou datasets.
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6 A 73 657 730
7 BB e 3 25 28
8 THORLHE 48 430 478
9 M 2 18 20
10 i N 97 875 972
11 PRER G 245 2210 2455
12 (CIEpNEA 59 534 593
13 INEE 20 185 205
14 R 126 1139 1265
15 AR-E-R 39 347 386 386
16 AI-5N-5% 9 84 9393
Ze) A VIGREAR  MNKARAR  BARARL
1 U fE-Aeti-1 100 1909 2009
2 (=i A S ey) 186 3540 3726
3 AL 99 1877 1976
4 WAk 70 1324 1394
5 BB 134 2544 2678
6 YERIE 198 3761 3959
7 i 179 3 400 3579
8 % 564 10 707 11271
9 2 el - - 4 310 5893 6203
10 BEPS 164 3114 3278
11 A4 JH] 53 1015 1068
12 H:3E-5 96 1831 1927
13 HE3E-6 )1 46 870 916
14 AT 54 1016 1070
15 4 el 364 6 904 7268
16 % bel - kS 90 1717 1807
el kS WIGHAR  IAMEAR  FEARR
1 [iivia 835 7512 8 347
2 e 6321 56 891 63212
3 TRAZRE 523 4706 5229
4 MR 415 3736 4151
5 ok 3451 31 060 34511
6 Kk 6 706 60 350 67 056
7 IKH 1185 10 669 11854
8 £ 3 303 2728 3031
9 TE e s = 712 6412 7124
AR BAEHKEEE (04) . FIHERE (44) F

Kappa %8 3 PR AL 0254

ES (i a

25 ID-CNN 2D-CNN 3D-CNN HSN SSFTT HA-DLNet
1 32.44 81.46 46.34  82.92 95.85 92.43
2 69.84 91.44 91.90 94.16 94091 98.27
3 62.82 91.88 96.92  98.52 98.72 97.72
4 43.05 91.36 95.77 9483 98.77 99.20
5 88.48 92.66 96.55 98.85 98.06 97.24
6 96.59 99.23 99.64  99.08 98.82 98.88
7 40.40 75.20 92.01 100.00 90.40  100.00
8 98.28 99.16 99.95 99.53 99.81 100.00
9 39.44 71.66 61.11 9259 68.77 82.77
10 67.34 92.57 95.08 98.74 97.63 99.68
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13 97.95 99.51 99.02  96.75 96.16 99.89
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Kappa 740 74.88 93.69 96.62 96.75 97.46 98.49
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6 99.80 99.99 99.99 9991 99.95 99.98
7 98.66 40.50 99.94 100.00 99.78  100.00
8 82.07 97.94 99.68  99.99 99.75 99.99
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YRt al/s 0.11 8.19 0.19 0.47 0.13 1.66
Indian Pines WA 1A /s 0.12 40.63 1.16 5.64 0.39 9.15
BHRIK 72.30 2 636.34 974.51 3 942.66 153.22 7021.32
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VvV V vV VvV 9952 99.38
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