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Abstract: In recent years, convolutional neural networks have made remarkable progress in the field of hyperspectral
image classification, but they can only perform regular grid operations on images,and cannot adaptively perform feature
aggregation. Therefore ,a segmented forest-based multi-scale convolutional neural network hyperspectral image classifi-
cation method is proposed in this paper,which consists of four steps. Firstly, principal component analysis is used for
dimensionality reduction,and a multi-scale segmented forest is constructed according to the spatial information of ima-
ges to establish the relationship between the subtrees. Then,a U-net model architecture based on graph convolutional
network is proposed to establish the transformation of graph structural features between multiple scales by pooling and
unpooling. The network uses a graph convolutional neural network to perform adaptive feature aggregation and fuses
multi-scale features by layer hopping connection between encoder and decoder. Finally, the semi-supervised classifica-

tion of nodes is carried out through SoftMax. The experiment is verified on the public hyperspectral dataset, all of
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which achieves good classification accuracy, demonstrating the effectiveness of the method.

Keywords : hyperspectral image ; multiscale ; segmented forest; graph convolutional neural network ; subtree
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Tab. 1 Classification accuracy of different algorithms on Indian Pines dataset

Class SVM SSRN MDGCN EGNN HybirdSN DCNN SFMSGCN
Alfalfa 41.30 88.26 £15. 65 93.75 £0 47.39 £7.19 92.17 £7.48 80.00 +£9. 16 99.50 1. 00
Corn-notill 71.29 90. 07 £2. 60 92.31 0. 21 78.72 £2.63 83.85 +3.25 82.91 +2.90 97.80 £0. 10
Corn-mintill 52.25 84.46 +5.08 93.12 £0.01 58.09 £2. 64 84.14 +3. 14 80.07 +1.79 98.71 £0. 10
Corn 45. 14 94.35 £3.57 96. 13 +0. 02 66.91 £9. 56 82.27 £10. 55 86.32 +1.18 92.39 £4.45
Pasture 85.91 88.28 £2. 69 95.85 +0.35 81.11 £3.08 88.15 0. 71 88.86 +1.29 97.55 £1.31
Trees/ Grass 90. 82 95.7 £6.59 97.43 £6.59 95.80 +£0. 88 96.54 £1. 10 92.46 £1.94 98.63 1. 09
Pasture-mowed 75.00 100 0 69.23 +0 77. 14 £10. 49 97.85 £4.25 95.00 +£2.85 80. 00 +19. 40

Hay-windrowed | 94.56 99. 67 £0. 31 97.99 +0 98.24 £1.27 99.70 £0. 16 93.97 £1.15 99.95 +0
Oats 25.00 99 +2 100 0 35+0 89 £12 99 +2 67.78 £24.19
Soybeans-not 75.20 90.78 £6. 36 84.59 £0.57 74.27 £1.98 94.83 £1.23 90.96 +1.50 95.00 £0. 10
Soybean-mintill | 70.71 93.8 +0. 64 94.8 £0. 46 89.53 £0.36 95.51 £1.88 83.84 £4.30 98.58 +0.73
Soybean-clean 57.17 93.69 £2.35 89.27 £0. 96 62.73 £4.09 90. 69 £2.90 85.53 +3.40 94.78 £2. 69
Wheat 96. 58 100 0 99.43 £1. 14 98.83 £1. 10 100 =0 99.80 +£0.23 98.9 +1.24
Woods 93.99 95.30 £6. 17 99.37 +£0. 03 94.26 £0. 53 99.47 £0.36 95.06 £6.38 99.94 +0.70
Building-Grass 42.74 96.06 +4. 14 99.55 +0.33 89.27 £5.42 95.28 £0. 17 91.70 £5. 60 98.55 +1.08
Stone-steelTowers | 86. 02 99.57 £0.53 98.41 0 77.42 £3.90 99.13 £1.25 100 =0 91.08 £6.35
OA/ % 73.90 92.84 £1.21 94.24 +0.23 82.73 £0. 60 92.82 +0.90 87.75 £0.91 97.8 £0.23
AA/ % 69. 00 94.31 £1.47 93.83 £0. 13 76.54 +£0.70 93.04 £0. 16 90.34 £0.76 94.32 £0.17
KAPPA/ % 70.3 91.84 £1.38 93.39 0. 27 80.17 £0.71 91.81 £0. 10 86.09 +0. 10 97.50 £0. 26

1 Salinas Brfade rf, R P B 1 % FEA
VE AR VI GRAE A HIE DI, B 0.5 % A
AT HUE, HARFEA AR 9 AR bn A T 000
ARSI T BRI — PP MR RO, 70 BeAk
MO EIRE S35 550,350,150, i1k 2 A LI i
RSO S 97535, PR 4R bR OA, AA, KAPPA J37E

Xf bl SRk R R T B ORI, il 2 99.8 %,
99.8 % ,99.78 % , TEZ5%5] 8 ( Grapes untrained ) £l
255 15 ( Vinyard untrained ) 3256 X} H 280 7 45 25 VE T
R AT HAMZE N 53 FERE EE , PR s P AP 20
TERFIEARRL, 48 SCHE Y I 5 125, R AN 20 SE 4
953 JERE RE , SR RE A ARG A O B DI B B A L ik
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Tab. 2 Classification accuracy of different algorithms on Salinas dataset
Class SVM SSRN MDGCN EGNN HybirdSN DCNN SFMSGCN
Brocoli_green_weeds_1 | 98.75 100 £0 100 £0 100 £0 99.90 0. 06 98.00 £ 1. 66 100 £0
Brocoli_green_weeds_2 | 99.24 100 £0 99.73 £0.53 94.83 £1.33 99.88 £0. 12 95.94 +7.61 100 £0
Follow 98.78 98.77 +£2.45 99.45 +0. 44 95.29 £0. 59 99.93 £0. 12 98.00 +£0. 89 100 0
Fallow_rough_plow 99.71 99.93 +0. 08 98.04 +1. 16 97.54 £0. 68 98.60 0. 813 99.46 £0. 07 99.89 0. 08
Fallow_smooth 92.56 98.24 +0.70 95.48 £1.49 97.49 £0.17 98.89 0. 64 96.28 £0. 26 99. 21 +0. 03
Stubble 99. 06 99.99 +0. 01 98. 63 +0. 27 97.50 £0. 68 99.69 +0. 18 98.24 +0. 68 99.96 +0. 07
Celery 99. 18 99.98 +0. 01 99.69 +0.20 99.38 £0.42 99.93 £0. 04 98.52 +0. 63 99.93 £0. 08
Grapes untrained 66. 76 90. 28 +6. 70 88.21 £3.72 97.54 +0. 68 95.54 +0.74 70.31 =10. 25 99.78 =0. 20

Soil_vinyard_develop 97.96 99.99 +0. 01 98.09 +1. 56 99.86 +0.05 99.89 +0. 17 97.41 +1.26 100 =0
Corn senesced green weeds| 87.73 96.22 +1.07 89.76 £2.26 94.00 £1.49 97.20 £ 1. 63 87.08 £0.97 99.46 £0.10

Lettuce_romaine_4wki | 86.42 99.55 +£0.32 98.84 +1.21 99.81 0. 11 99.26 +0.44 93.99 +2.01 99.98 +0. 03

Lettuce_romaine_Swki | 99.27 100 £0 92.28 +1.06 97.72 0. 02 99.75 +0. 21 99.72 +0.24 100 =0

Lettuce_romaine_6wki | 97.92 99.45 +0.77 95.11 £0. 61 13.51 £0.77 99.78 £0. 26 98.45 £0. 65 99.91 +0.17

Lettuce_romaine_7wki | 82.89 99. 36 +0. 86 84.23 £3.53 29.98 £2. 14 99.77 £0.27 95.02 £0. 31 99.21 £0.33

Vinyard untrained 65. 89 90. 13 +4. 40 95.20 £0. 51 99. 68 £0. 09 84.48 +1.01 83.45 +5.15 99. 69 0. 28
Vinyard vertical trellis | 95.18 98.61 £0.47 100 £0 99.07 £0. 28 98.81 £1.42 97.30 £1.48 99.89 £0.22
OA/ % 86. 05 96.21 +£0.91 95.06 +0. 85 94.82 £0.41 96. 60 +0. 06 89.32 +2.26 99. 80 0. 04
AA/% 91.71 | 98.16+0.13 | 96.06+0.22 | 88.47+0.23 | 98.21%0.11 | 94.19+1.16 | 99.80 +0.02
KAPPA/ % 84.50 95.78 1. 00 94.51 £0.94 94.24 +0. 46 96.22 +0.07 88.15+2.48 99.78 +0. 04
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Fig. 9 Remove the classification performance of layer-skip connections
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Tab. 3 Comparision of testing and training time of each algorithm

Dataset SSRN MDGCN EGNN HybirdSN DCNN SFMSGCN
Indian pines 114.99 190. 38 3.21 115.13 16. 18 5.6
Salinas 72.24 82.99 6.38 550. 54 53.34 19. 65
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