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Triple path multi-scale dense connection network for
hyperspectral image classification
DENG Ziging, YANG Chen
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Compared with traditional images, hyperspectral image (HSI) not only has spatial information, but also contains rich
spectral information, so it is widely used in various fields. In recent years, the research shows that using neural network can achieve
good classification effect. Therefore, how to build a network to realize the effective utilization of spectral and spatial information and
achieve high—precision classification has become a challenging topic. In order to use efficiently HSI spectral and spatial information,
this paper proposes a triple path multi—scale module for HSI feature classification. This module makes full use of 3D convolution to
construct a triple path structure to realize the extraction and fusion of multi-scale features. By stacking the module for several times
to form the final network, the network can extract deep—seated representative features; the introduction of dense connections reduces
the gradient disappearance problem of deep—seated networks, so as to ensure the classification performance of networks. In this
paper, three HSI data sets, Indian pines (IP), University of Pavia (up) and Salinas Valley (SV) are used to test the performance
of the proposed network. The experimental results show that the proposed network can effectively extract the spatial features of HSI
spectrum and achieve a classification accuracy of more than 99.5%.
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Fig. 1 Structure of triple path multi-scale feature dense connection network
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Fig. 2 Structure of triple path multi-scale module
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Fig. 5 Classification maps for IP datasets
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Tab. 1 Classification results and training time of different networks on IP dataset

Results
Jiik
0A/ % AA/ % K Training time/ (s - (per epoch) ")

SVM 82.67 78.84 0.777 6 6
SAE 92.99 90.76 0.911 8 20
3DCNN 97.08 95.09 0.967 4 34
SSRN 99.39 98.92 0.991 7 92
The proposed 99.63 99.67 0.996 1 40

R 2 UPHHRE L& M4 HEH B LUR Il 2R At iEl Xt bt

Tab. 2 Classification results and training time of different networks on UP dataset

Results
Trik
0A/ % AA/ % K Training time/ (s « (per epoch) ")

SVM 89.08 89.99 0.872 1 4
SAE 86.10 77.09 0.840 9 25
3DCNN 97.85 97.04 0.974 7 38
SSRN 99.69 99.66 0.995 2 61
The proposed 99.83 99.74 0.997 7 52
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Tab. 3 Classification results and training time of different networks on SV dataset

Results
ik
0A/ % AA/ % K Training time/ (s + ( per epoch) ")
SVM 92.16 93.09 0.868 0 6
SAE 94.01 95.56 0.9310 46
3DCNN 96.19 95.35 0.945 3 72
SSRN 99.75 99.77 0.997 5 302
The proposed 99.91 99.81 0.998 9 104
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