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High-Resolution Hyperspectral Image Classification Based on Hybrid
Convolutional Network

Shen Bingzhi, Nie Ruomei, Jiang Haipeng, Yang Zhishuai, Song Mingrui, Chen Siqi,
Li Xinwei
College of Science, Beijing Forestry University, Beijing 100083, China

Abstract Traditional convolutional neural network models fail to fully utilize the rich spatial-spectral information in high-
resolution hyperspectral images, and have the problems of high computational cost and low classification accuracy for small
sample data. This study proposes a lightweight multiscale pyramid hybrid pooling hybrid convolution model. Based on the
hybrid convolution network, the proposed model uses an improved pyramid pooling module to enhance the ability to
extract spatial-spectral features, uses fewer convolution layers and depth separable convolution, and uses the global
average pooling layer to replace a part of the full connection layer to achieve the transition from the convolution layer to the
full connection layer, significantly reducing number of parameters. In this study, the proposed method is tested on three
high-resolution hyperspectral datasets and compared with classical hyperspectral image classification methods. The results
show that the proposed method can achieve the best classification results under high-resolution conditions, multiple ground
object types, and complex boundaries. The overall accuracy of the proposed method on WHU-Hi-LongKou, WHU-Hi-
HanChuan, and WHU-Hi-HongHu datasets are 99. 12%, 98.43% , and 98. 84% , respectively, when only 1%, 2% , and
2% training samples are used, which is superior to that of the traditional convolutional networks. It is proved that the
model proposed in this study has a low computational cost, high accuracy for small sample problems, and can be well
applied to high-resolution hyperspectral datasets.
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Fig. 1 Schematic of lightweight multi-scale pyramid hybrid pooling hybrid convolution network
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Table 1 Class information of the WHU-Hi-LongKou dataset
No. Class name Ngmber of Number of No. Class name }Il.meer of Number of
training samples  test samples training samples  test samples
C1 Corn 345 34166 C6 Rice 119 11735
C2 Cotton 84 8290 C7 Water 670 66386
C3 Sesame 30 3001 C8 Roads and houses 71 7053
C4 Broad-leaf soybean 632 62580 C9 Mixed weed 52 5177
C5 Narrow-leaf soybean 42 4109
%2 WHU-Hi-HanChuan 348 £ 19 4 205 B
Table 2 Class information of the WHU-Hi-HanChuan dataset
No. Class name Ngmber of Number of No. Class name l-\hilmber of Number of
training samples  test samples training samples  test samples
C1 Strawberry 895 43840 C9 Grass 189 9280
C2 Cowpea 455 22298 C10 Red roof 210 10306
C3 Soybean 206 10081 C11 Gray roof 338 16593
C4 Sorghum 107 5246 C12 Plastic 74 3605
(O Water spinach 24 1176 C13 Bare soil 182 8934
C6 Watermelon 91 4442 Cl4 Road 371 18189
Cc7 Greens 118 5785 C15 Bright object 23 1113
C8 Trees 359 17619 C16 Water 1508 73893
F3 WHU-Hi-HongHu %8 4 i 43 2615 &,
Table 3 Class information of the WHU-Hi-HongHu dataset
No. Class name I‘\Illjmber of Number of No. Class name I‘\Illjmber of Number of
training samples  test samples training samples  test samples
Cl1 Red roof 281 13760 C12 Brassica chinensis 179 8775
(O Road 70 3442 C13  Small Brassica chinensis 450 22057
C3 Bare soil 437 21384 Cl4 Lactuca sativa 147 7209
Cc4 Cotton 3265 160020 C15 Celtuce 20 982
C5 Cotton firewood 124 6094 C16 Film covered lettuce 145 7117
C6 Rape 891 43666 C17 Romaine lettuce 60 2950
Cc7 Chinese cabbage 482 23621 C18 Carrot 64 3153
C8 Pakchoi 81 3973 C19 White radish 174 8538
C9 Cabbage 217 10602 C20 Garlic sprout 70 3416
C10 Tuber mustard 248 12146 C21 Broad bean 27 1301
C11  DBrassica parachinensis 220 10795 C22 Tree 81 3959
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Table 4 Number of parameters of different models

Res-2D- 3D- HybridS LHH
Parameter . .

CNN CNN N N

Number of 11443

479114 1299306 1715078
parameters
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Table 5 Classification accuracy of different methods on WHU-Hi-LongKou dataset(1% samples)

Accuracy /%

No. Class
Res-2D-CNN 3D-CNN HybridSN LHHN
Cl Corn 64.88 71.92 99.79 99.72
Cc2 Cotton 47.50 50. 14 95.55 98.41
C3 Sesame 54.98 0 96.07 99.49
C4 Broad-leaf soybean 86.03 88.94 99.42 99.59
C5 Narrow-leaf soybeans 25.21 33.33 91.58 98. 38
C6 Rice 72.07 43.91 99.57 99. 84
Cc7 Water 99.93 99.59 99.91 99.90
C8 Roads and houses 86. 35 72.42 95. 04 92.53
C9 Mixed weed 50. 74 85.53 96.01 96. 55
Training time /s 171.49 837.99 55.17 29.37
Predicting time /s 247.11 736.40 22.27 25.10
OA /% 84.96 79.13 99.03 99.12
Kappa /% 80. 00 73.00 98.72 99.33
AA /% 55.76 45. 26 96.03 97.76

] 2~4 F AT JE R IR A 4 P AR M ) R A A /D |
W) o3 A AN Y RN 3 B A 2% 1) IX 35, Res-2D-CNN L, 3D-
CNN %505 1 i F Bk = 0F a0 #ERAE 0 22 B {5 Y o6
T, PRI 7 3k 6 DB 4 R OR IE AN AR . WHU-Hi-
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LUl ) o 2 G 35 R G hn 5 (] s F 1 3 R0 T 4 /] 6 WHU-
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B MW RS i AR X M4 A . A WHU-HiI-
HanChuan il WHU-Hi-HongHu %% 4 4 |, LHHN #
AL OA % HybridSN 43 5] $2 T+ 7 0. 74 A~ 'H 43 5 A
LUAES ST ZREIRA MRS S B
X 52 2% DX S5l b ) 70 A R A X 4 BE T BT R IR A
PR ASE B BB T G b 45 B b ) SOBLRRAE  FE MBI R S 2 (X
BT 2 AR B /N I L A AR R IRORS A R Y A 2
K% .
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#6  AFEJrEXT WHU-Hi-HanChuan 048 48 (2% Y ZRREAS ) (19 43 2885 i
Table 6 Classification accuracy of different methods on WHU-Hi-HanChuan dataset(2% samples)

Accuracy /%

No. Class - -
Res-2D-CNN 3D-CNN HybridSN LHHN
C1 Strawberry 89.21 94. 59 96. 84 98.02
C2 Cowpea 66.01 90. 05 98.41 98.72
C3 Soybean 58.19 60. 95 97.69 97.27
C4 Sorghum 56. 86 72.56 99. 64 98.94
C5 Water spinach 24.49 83.75 88.98 97.78
C6 Watermelon 22.29 61.15 94.19 94.01
C7 Greens 71.51 95.07 92. 66 94.03
C8 Trees 74.79 75. 56 96. 24 98.44
C9 Grass 58.76 71.59 95.75 98. 04
C10 Red roof 94.16 97.58 98.51 98. 89
C11 Gray roof 89.48 92.62 96. 49 98. 26
C12 Plastic 30. 88 64. 54 96. 22 95.48
C13 Bare soil 63.09 69.92 94.70 95.51
C14 Road 82.41 82.69 97.00 98.27
C15 Bright object 69. 33 61.53 97.33 95.83
C16 Water 99. 31 97.61 99.95 99.92
Training time /s 441.68 2124.83 58. 83 64.77
Predicting time /s 405. 13 1298. 87 33.86 35.45
OA /% 82.16 80. 06 97.69 98.43
Kappa /% 79.07 76. 87 97. 30 98.16
AA /% 60. 20 65.95 94.35 96. 40
£7 REEJrEk WHU-Hi-HongHu 048 42 (2 %6 Y ZRFEA) 1 43 2805 B
Table 7 Classification accuracy of different methods on WHU-Hi-HongHu dataset(2 % samples)
. Accuracy /%
No. Class ;
Res-2D-CNN 3D-CNN HybridSN LHHN
C1 Red roof 95.55 95. 38 97.99 98. 64
C2 Road 73.52 79.98 90. 39 92.61
C3 Bare soil 86. 68 88.43 96.73 99.1
C4 Cotton 97. 86 99. 00 99. 57 99.74
C5 Cotton firewood 79.00 82.61 95.38 97.94
C6 Rape 92.32 88.71 99.02 99.57
C7 Chinese cabbage 75.41 84.47 95.38 97.11
C8 Pakchot 41.85 65.76 94. 47 95.94
C9 Cabbage 98.07 97.51 96. 58 99.61
C10 Tuber mustard 66. 36 80.92 96. 97 97.89
C11 Brassica parachinensis 74.98 76.52 96.49 97.19
C12 Brassica chinensis 62.03 71.27 93.41 97.17
C13 Small Brassica chinensis 65.39 75.41 96. 77 97. 30
Cl4 Lactuca sativa 81.88 88. 40 97.56 99. 44
C15 Celtuce 61.57 98. 54 97.57 65.91
C16 Film covered lettuce 88.48 87.45 88. 86 98.59
C17 Romaine lettuce 63.77 88. 36 80.95 98.53
C18 Carrot 60. 85 64.01 93.27 96. 09
C19 White radish 82.31 73.04 96. 49 98.61
C20 Garlic sprout 80. 37 61.30 96. 81 96. 62
Cc21 Broad bean 2.78 19. 54 93.12 97.06
C22 Tree 69.74 66. 90 96.12 96.12
Training time /s 674.38 3243.99 122. 16 101. 07
Predicting time /s 473.05 1519. 56 55. 54 61.31
OA /% 87.74 84. 80 97.70 98. 84
Kappa /% 84.47 80.93 97.09 98.53
AA /% 66. 53 66.19 93.25 97.35
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