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Abstract

Remote sensing hyperspectral imaging can obtain abundant spectral information, which provides
the possibility for the analysis of high precision terrain. The hyperspectral image has the charac-
teristics of “map in one”, and the full use of spectral information and spatial information in hy-
perspectral image is the premise of obtaining accurate classification results. Deep learning stack
machine model in automatic encoding (Stack Auto-Encoder SAE) can effectively extract data in
nonlinear information, and convolutional neural network (Convolutional Neural Network, CNN)
can automatically extract features from the image. Based on this, this paper presents a classifica-
tion method of hyperspectral images based on deep learning. Firstly, the spectral dimension of the
hyperspectral data is reduced using automatic encoding machine, then convolutional neural net-
work is used as the classifier, and the pixel and its neighborhood pixels are classified together as
the input of the classifier, so as to realize the hyperspectral image classification with spectral space.
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Figure 1. The flowchart of the proposed algorithm
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Figure 2. The structure of convolution natural network for hyperspectral classification
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Figure 3. The result of classification of Indian Pines. (a) Pseudocolor image; (b) Ground truth map; (c) PCA-SVM: 80.47%);
(d) Autoencoder-SVM: 85.48%; (e) PCA-MOR-SVM: 91.13%; (f) PCA-CNN: 95.27%; (g) Autoencoder-CNN: 98.64%
[&3. Indian PinesBIRE S HKLER. () BEEEIE; (b) 2ESEE; (c) PCA-SVM: 80.47%; (d) Autoencoder-SVM:
85.48%; (e) PCA-MOR-SVM: 91.13%; (f) PCA-CNN: 95.27%; (g) Autoencoder-CNN: 98.64%

Figure 4. The classification result of University of Pavia. (a) Pseudocolor image; (b) Ground truth map; (c) SVM: 80.01%;
(d) Autoencoder-SVM: 94.14%; (e) PCA-MOR-SVM: 98.16%; (f) PCA-CNN: 98.56%); (g) Autoencoder-CNN: 99.26%

[#] 4. Indian Pines IBEHHRER . (1) BEEEIE; (b)) 2ESEE;(c) SVM: 80.01%:; (d) Autoencoder-SVM: 94.14%;
(e) PCA-MOR-SVM: 98.16%; (f) PCA-CNN: 98.56%; (g) Autoencoder-CNN: 99.26%
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Figure 5. Classification accuracy of Indian Pines data
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Table 1. Class labels and train-test distribution of samples for the Indian Pines datasets
Fz1. Indian Pinesi Y5 i 5215 A 28 Rl ANt A 2

No Name Train Test
1 Asphalt 10 36
2 Corn-notill 428 1000
3 Corn-minitill 200 630
4 Corn 47 197
5 Grass-pasture 150 333
6 Grass-tress 210 520
7 Grass-pasture-mowed 7 19
8 Hay-windrowed 119 360
9 Oats 6 14

10 Soybean-notill 300 672

11 Soybean-minitill 520 1935

12 Soybean-clean 100 493

13 Wheat 50 155

14 Woods 200 1065

15 Build-Grass-Tree-Drives 186 200
16 Stone-Steel-Towers 30 63

Table 2. Class labels and train-test distribution of samples for the University of Pavia

2. Indian K F S IER G AR A A%

No Name Train Test
1 Asphalt 2231 4400
2 Meadows 6993 12,493
3 Gravel 609 1440
4 Trees 1099 2064
5 Painted Metal Sheets 401 945
6 Bare Soil 1500 4029
7 Bitumen 300 1030
8 Self-Blocking Bricks 1000 2682
9 Shadows 300 647
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