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Abstract To solve the problem that hyperspectral image data has many dimensions and it is difficult to extract
spectral information and spatial information, a classification algorithm is proposed based on a hypergraph and a
convolutional neural network. In this algorithm, the hypergraph is first constructed based on the spectral and spatial
relationships among pixels in a hyperspectral image, and then a sample with spectral space joint features is
constructed through this hypergraph, which is finally sent to the convolutional neural network for feature extraction
and thus the classification is finally achieved. The experiment is performed on three most commonly used
hyperspectral datasets and an overall classification accuracy of 96.63% on the Indian Pines dataset is achieved.
Compared with other algorithms, the proposed algorithm has a high classification accuracy and a high speed, which
avoids the instability in feature extraction and fusion by traditional methods. It is verified that the spectral space
joint information extracted by the proposed algorithm has a strong feature expression of hyperspectral images.
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8 Woods 200 1065
Total 1600 6904
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Table 2 Parameter setting of convolutional neural network

Dataset 3 S ty EP l3 3 ty Sy N Ny
Indian Pines 21 1 2 2 21 1 2 2 100 8
University of Pavia 10 1 2 2 10 1 2 2 100 9
Salinas 21 1 2 2 21 1 2 2 100 16
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Table 3 Training time and test time for each algorithm on Indian Pines dataset s
Ttem SVM G-SVM Shallower CNN Contextual Deep CNN SPPF CNN G-CNN
Training time 0.21 4.74 287.16 431.71 2704.34 337.08
Testing time 1.12 0.92 0.23 3.35 19.57 0.29
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Fig. 8 Classification results by different algorithms on Indian Pines dataset. (a) Ground-truth; (b) SVM;
(¢) G-SVM; (d) Shallower CNN; (e) Contextual Deep CNN; (f) SPPF CNN; (g) G-CNN; (h) label

111007-6



Wt 5ot T o R

e N I NG K RSN N N Ok R TR
B GE Ry SVM 43 28 51 43 280K B8 A, {H K 68 15T
SVM BESE G Z 5 53 2K BE W) o 42 & 78 B A Hds
B EARE 300 ~400 AH IR RN B2 W 45 53 AL L A
—E MR, Shallower CNN 1 £ ¥ £ #5081 i T34
S8R LU AR A, LA A O T RO 1 7S Tl S
A HG 8 5 B AR 3 28, 7 2K B Ak,
Contextual Deep CNN A1 SPPF CNN ¥ #ft A &%
TR 04 3 TR L B DA 2 45 2R T4 v L E R
RS T, 0 e O 1 AR 10 15 25 R AE 2 O RS
1M G-CNN A K w38 Bl 2= 1) 5 B HDL IS E B
A s 1 BEAR S Hh 4t B 2 Y 3% 2 R AOE L BT D A SR
JE B T AR

F A4 3SADBIRE AR R BN

Table 4 Overall classification accuracy of each

model on three datasets %

Indian  University

Algorithm Salinas
Pines of Pavia

SVM 85.86 86.83 87.12
G-SVM 89.40 90.91 90.97
Shallower CNNH? 90.12 92.34 92.18
Contextual Deep CNNM 93,30 95.01 95.47
SPPF CNNM 94.87 91.74 94.21
G-CNN 96.63 97.42 97.27
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Table 5 G-CNN classification results %
Indian University
Parameter Salinas
Pines of Pavia
OA 96.63 97.42 97.27
AA 96.87 97.83 97.44
Kappa 96.54 97.18 97.12
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