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%1
Table 1

Indian Pines,Pavia University,Salinas Scene il WHU-Hi-Han Chuan £ & 4

Datasets of Indian Pines, Pavia University, Salinas Scene, and WHU-Hi-Han Chuan

Indian Pines Salinas Scene

WHU-Hi-Han Chuan

Pavia University

Class Number of Class Number of Class Number of Class Number of
samples samples samples samples

Alfalfa 46 Brocoli green weeds 1 2009 Strawberry 44735 Asphalt 6631

Corn notill 1428 Brocoli green weeds 2 3726 Cowpea 22753 Meadows 18649

Corn mintill 830 Fallow 1976 Soybean 10287 Gravel 2099

Corn 237 Fallow rough plow 1394 Sorghum 5353 Trees 3064

Grass pasture 483 Fallow smooth 2678 Water spinach 1200 Shadows 947

Grass trees 730 Stubble 3959 Watermelon 4533 Bare soil 5029

glzl;zdpasture 28 Celery 3579 Greens 5903 Se'If blocking 2682

Hay windrowed 478 Grapes untrained 11271 Trees 17978 bricks

Oats 20 Soil vinyard develop 6203 Grass 9469 Bitumen 1330

Soybean notill 972 Vinyard untrained 7268 Red roof 10516 '

Soybean mintill 2455  Lettuce romaine 4wk 1068 Gray roof 16911 fﬁ:id metal 1345

Soybean clean 593 Lettuce romaine 5wk 1927 Plastic 3679

Wheat 205 Lettuce romaine 6wk 916 Bare soil 9116

Woods 1265 Lettuce romaine 7wk 1070 Road 18560

i‘;‘f'gi; irass 386 SVZZ ‘;;Se“esced green 3278 Bright object 1136

Stone steel towers 93 Vinyard vertical trellis 1807 Water 75401

3 S2u R EEIE S E . (a)Indian Pines; (b)Pavia University; (¢) Salinas Scene; (d) WHU-Hi-Han Chuan
Fig. 3 Hyperspectral data used in experiment. (a) Indian Pines; (b) Pavia University; (c) Salinas Scene; (d) WHU-Hi-
Han Chuan
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Table 2 Convolution training model of Indian Pines dataset

Number of

Layer (type) Output shape

parameters
Input_1 (Input layer) (None, 25, 25, 30, 1) 0
Conv3d (Conv3D) (None, 23, 23, 24, 8) 512
Conv3d_1 (Conv3D) (None, 21, 21, 20, 16) 5776
Reshape (Reshape)  (None, 21, 21, 320) 0
Conv2d (Conv2D) (None, 19, 19, 32) 92192
Reshape_1 (Reshape) (None, 19, 608) 0
Convld (ConvlD) (None, 17, 64) 116800
Flatten (Flatten) (None, 1088) 0
Dense (Dense) (None, 256) 278784
Dropout (Dropout)  (None, 256) 0
Dense_1 (Dense) (None, 128) 32896
Dropout_1 (Dropout) (None, 128) 0
Dense_2 (Dense) (None, 16) 2064

Total number of parameters: 5361913
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Table 3 Classification accuracies of each model in Indian Pines, Pavia University, Salinas Scene and WHU-Hi-Han

Chuan datasets unit: %
Dataset Accuracy of oy 2D CNN sDCNN 3Dep NN P EP ONN o enn
classification (new)
OA 69.675 89. 560 96.962 99. 331 94. 328 99. 652
Indian Pines AA 51.652 94. 443 97.638 98. 141 93. 483 98.974
KAPPA 64.498 84. 364 96.526 99.238 93.512 99. 603
OA 71.690 97.262 98. 834 99. 930 99.953 99. 947
Pavia University AA 55.553 98. 655 98. 456 99. 882 99.909 99. 883
KAPPA 57.041 91. 957 98. 456 99. 907 99. 938 99.929
OA 93.418 95.238 99. 937 100. 000 100. 000 100. 000
Salinas Scene AA 96. 784 99.993 99. 895 100. 000 100. 000 100. 000
KAPPA 92.663 93.103 99.929 100. 000 100. 000 100. 000
OA 81.575 99. 271 99.917 99. 956 99. 953 99. 849
WHU-Hi-Han Chuan AA 62.336 98. 205 99. 800 99. 802 99. 872 99. 816
KAPPA 78.136 99. 146 99. 903 99.948 99. 945 99. 823
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Table 4 Classification accuracy of each model for each ground object sample in Indian Pines dataset unit: %

No. Class SVM 2D CNN 3D CNN  3D-2D CNN  3D-2D CNN(new) 3D-2D-1D CNN
1 Alfalfa 52. 174 15. 217 100. 000 87.500 87.500 100. 000
2 Corn notill 84. 804 71.919 96. 700 98. 500 90. 600 99. 600
3 Corn mintill 73.855 50.723 81.928 100. 000 87.608 100. 000
4 Corn 64. 135 25. 316 100. 000 100. 000 83.133 98. 795
5 Grass pasture 89. 648 65.010 98.225 100. 000 97.633 99. 408
6 Grass trees 96. 027 87.945 99. 804 100. 000 99. 609 99.609
7 Grass pasture mowed 71.429 21.429 100. 000 95. 000 100. 000 90. 000
8 Hay windrowed 89. 331 61.088 100. 000 100. 000 100. 000 100. 000
9 Oats 45. 000 5. 000 100. 000 92. 857 92. 857 100. 000
10 Soybean notill 82.510 57.819 95. 000 100. 000 88.235 100. 000
11 Soybean mintill 89.939 84.236 99. 767 99.011 99. 651 99.767
12 Soybean clean 77.572 45.363 97. 831 98. 313 91.807 99. 277
13 Wheat 97.561 52.195 100. 000 99. 301 98. 601 98. 601
14 Woods 94.704 91. 700 98. 871 99.774 94.018 100. 000
15 Buildings grass trees drives 69. 430 40.933 94.074 100. 000 93.704 98.519
16 Stone steel towers 79.570 50. 538 100. 000 100. 000 90. 769 100. 000
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Hh I T 7 4 O S . T A S SR AR R e e T
PRI, BEAR Y JENG BB . BERURT 100 Wk AU
PR A 2R FIORS BE AN &L 6 T 7, W] DL Y, B AU AE
20 YCERARI SR F T YOS 3 MR Y LA AR PR G UL 8K
.

[ IF S 1 S G O 48 B3k 19 23 P RE L S
IR BT T A5 A 4R 9 I g s ] 00 5 e, 5 2R
KSR, WTLUEMRESRIFEL B RA
2 SVM B 12 1 48 B 2 19 1153 BT IR LA AR A K 3 iy 42

1610003-6



#£ 48 %5 £ 16 #H/2021 £ 8 B/ E#

(a) 0.98 (b) !
L I
0.97 0.12 N
£ 0.95 |- g B p I
8 8 |
o 094 2 0.08 L 1
g 0.93 S
g 0'92 = 0.06 | |
g B = 1
3 3
© 091 ©0.04 | |
I
0.90 F 1 T 1 1 1 1 L 1 1 1 L 1 1
2 4 6 8 10 12 14 16 2 4 6 8 10 12 14 16
Class No. Class No.

€ 4 Indian Pines ¥4 5 B9 G5 A 28 [0 47 AEAH OC R EUE . (a) SE i iEAH OC R KL (b) 25 A RRAE AH OC R %K
Fig. 4 Correlation coefficient graphs of spectral and spatial features of Indian Pines dataset. (a) Correlation coefficient of

spectral features; (b) correlation coefficient of spatial features
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Fig. 5 Test results of each model classification in Indian Pines dataset. (a) Ground truth; (b) SVM; (c¢) 2D CNN;
(d) 3D CNNj; (e) 3D-2D CNN; () 3D-2D-1D CNN
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Table 5 Training time and test time of each model in Indian Pines. Pavia University, Salinas Scene, and WHU-Hi-Han
Chuan datasets

Classificati
Dataset asstiication SVM  2DCNN 3D CNN 3D-2D CNN  3D-2D CNN(new) 3D-2D-1D CNN
performance
Training time /s 1.18 901. 20 1477.93 968. 71 642.97 600. 77
Indian Pines
Test time /s 0.98 6.51 18. 04 20. 04 14. 28 13.37
Pavia Train time /s 2.23 180. 28 953. 88 725.11 564. 86 564,32
University Test time /s 4.38 4,37 21. 20 23. 29 20,17 19. 81
Train time /s 3.41 572.69 1155. 50 920.70 706. 34 664. 93
Salinas Scene
Test time /s 8. 34 5.5 25.93 29.42 25.43 22.83
WHU-Hi-Han Training time /s 678.335  1396.175 7935.224  5372.430 3410. 025 3228. 423
Chuan Test time /s 862.016 27.298 148.706 149.471 129. 047 114.472
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Abstract

Objective Now hyperspectral images have high spatial and spectral resolution, and play an important role in the
fields of land monitoring, environmental protection, earthquake prevention, and disaster reduction. However, the
high dimensionality and large data volume of hyperspectral data bring many problems (e. g., strong correlation
among bands, mixed redundant pixels, and data information redundancy) to hyperspectral classification. With the
continuous development of deep learning technology, the convolutional neural network (CNN), as one of its
representative algorithms, provides a new solution for hyperspectral image classification. There are three common
hyperspectral classification methods based on the CNN network. Among them, 1D CNN extracts spectral
information, and 2D CNN extracts spatial information. In contrast, 3D CNN is usually composed of three-dimensional
convolution kernels, which can extract two-dimensional spatial features and one-dimensional spectral features at the
same time. Although 3D CNN has a better effect in spatial-spectral information fusion, this model is more complex,
which increases the cost of network calculation and the number of parameters. With the rapid expansion of data
volume, the classification accuracy and speed of a complex model are not satisfactory. Here we propose a lightweight
fusion CNN algorithm, 3D-2D-1D CNN, for hyperspectral image classification. This algorithm organically integrates
CNNs of different dimensions, reduces the calculation amount of 3D CNN operations, and makes full use of the
hyperspectral spatial-spectral joint information. We hope that our basic strategy and findings can be helpful to
improve the applicability and computational efficiency of the model.

Methods A hybrid algorithm 3D-2D-1D CNN model (Fig. 1) is described as follows. Firstly, the hyperspectral data
is processed by 3D CNN. In the hyperspectral cube, a three-dimensional convolution kernel is used for convolution
calculation. Each feature map of the convolutional layer is connected to multiple spectrograms, so the information of
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the fused spatial and spectral features can be extracted at the same time. After that, 2D CNN is used to extract
spatial information, and subsequently the output information is subjected to 1D CNN operations to further extract
high-dimensional spectral information. Different feature information is extracted by performing two-dimensional and
one-dimensional convolution operations, respectively. Finally, classification is performed according to the extracted
feature maps. The algorithm proposed here retains the spatial-spectral joint information extraction of 3D CNN, and
replaces part of the subsequent three-dimensional convolution layer process with a 2D convolution process and a 1D
convolution process with less calculation. According to the rules of convolution operation, the proposed algorithm
improves operation efficiency (Fig. 2).

Results and Discussions The 3D-2D-1D CNN proposed here has the best accuracy among all three algorithms for
comparison (Table 3). The classification accuracy of machine learning algorithms is higher than that of general
classification algorithms (such as SVM). The classification accuracy of the intermediate output value of the proposed
3D-2D CNN model (new) remains stable, indicating that the fusion algorithm can achieve the complementarity of
multi-dimensional convolution features. The 3D-2D-1D CNN model has high classification accuracy on data with large
differences in spectral characteristics (Fig. 4), which proves that the model can extract more abstract spectral
information. The model has fast convergence, reaching convergence in 20 iterations (Fig. 6). Deep learning
algorithms consume more computing resources than the general classification algorithm SVM. Compared with 2D
CNN, 3D CNN has a more complex model, so the training time is greatly increased (Table 5). Compared with the
existing basic 3D CNN model and the existing improved algorithm 3D-2D CNN, the 3D-2D-1D CNN model has the
highest classification accuracy and the fastest calculation speed. As the amount of data in the dataset increases, the
speed of the proposed model increases fast, indicating that the model can be applied in large-scale data analysis with
a great potential. In general, the model proposed here is the optimal in terms of classification accuracy and speed.

Conclusions In view of the high computational cost of 3D CNN, a 3D-2D-1D CNN fusion model is established. The
model can effectively reduce the network parameters and calculation cost, and has a high classification accuracy.
Firstly, the network structure of 3D-2D-1D CNN can not only reach or exceed the classification accuracy of 3D CNN
under the same parameter settings, but also it can greatly reduce the time cost and calculation cost, which is a more
efficient network structure. Moreover, the model has a great data advantage in big data calculation. Second,
compared with SVM, 2D CNN and other methods, the fusion model proposed here uses the complementary
information of spatial-spectral combination at the same time, so it is the most excellent in overall classification
accuracy, average classification accuracy, and Kappa coefficient. Finally, because the proposed model uses 3D CNN
hierarchically, the fusion model can extract spatial-spectral features, spatial features, and spectral features in
stages. The model improves the ability of 3D CNN to extract the features of hyperspectral data, and at the same time
effectively utilizes the speed advantages of 2D CNN and 1D CNN, so it can effectively reduce the calculation cost and
maintain a high classification accuracy.

Key words remote sensing; hyperspectral image classification; 3D-2D-1D convolutional neural network; deep
learning
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