H41E H5M EARENE S N Vol.41 No.5
201945 A Infrared Technology May 2019
(AR 545 A)

E T B RIS HE M S IEE R E R 77 LR

KE K, B

R S 3

&, M R

(mE R FE%E, =M B9 650500)

WE: A TABAAGLEEREARTHRERELR, REELIEE
HETHRR G G % M % (Stacked Autoencoder, SA) 1 b igiE

W%ﬁﬁﬂﬂ%%%@%*%%%ﬁw,
W TOa, AT iR R T W 5 R
ﬁﬁ%ﬁaﬁﬁﬁﬁiﬁﬁiﬁﬁﬁ%&mc

ROE R KA, AN T
REGHTHE. BB RGWHE

RH AT BRI, B T ARAE A B 2 e A
ST

BEYT DURAE A7 iR A AT I 2, AR R B9t

X888 KA REWENL, SR EAE; BOR
FESES: TPT5 XERFRINED: A XEHE: 1001-8891(2019)05-0450-07

Classification of Hyperspectral Remote Sensing Images Based on Stack
Self-encoding Neural Network

ZHANG Guodong, ZHOU Hao, FANG Qi, ZHANG Lu, YANG Jun
(School of Information, Yunnan University, Kunming 650500, China)

Abstract: In this study, we aim to utilize the band information in hyperspectral remote sensing images
effectively and improve the accuracy of hyperspectral remote sensing image classification. The proposed
method is aimed at the classification of hyperspectral remote sensing images based on a stacked autoencoder.
A stack self-encoding neural network takes advantage of the spectral information in a hyperspectral image,
extracts the corresponding features, and reduces the relativity between adjacent information and the
redundancy. This method combines unsupervised learning with supervised learning. Hence, we can reduce
the dimension and simplify the computation complexity as in traditional methods. The proposed algorithm

improved the classification accuracy effectively.
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Table 1 Parameter settings in stack self-encoding neural network
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. function learning rate o
learning training
Adam Mean
0.01 L 0.001 5000
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F 2 Pavia University FUZHYI25 0] e A $tE Table2 Pavia University image feature categories and sample size

. Number of training  Number of test Total number of

Number  Different features
samples samples samples per class

1 pitch 1326 5305 6631
2 meadow 3730 14919 18649
3 gravel 420 1679 2099
4 trees 612 2452 3064
5 metal plate 269 1076 1345
6 bare land 1006 4023 5029
7 asphalt 266 1064 1330
8 brick 736 2946 3682
9 shadow 189 758 947
Total number of samples 8554 34222 42776

#* 3 Pavia University BUZTEAS A 73 AR 8L T (1 IR A %

Table 3 Correct rate of Pavia University images under different classification models

Classification Spectral Spatial Spatial Spectral Spatial Empty spectrum  Spectral
model information information information information information information information
+DBN +DBN +DBN +CNN +CNN +CNN +SA

Correct rate 81.29% 85.86% 89.20% 84.87% 91.42% 92.03% 98.24%
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Fig.7 Classification results of Pavia University images under different DBN network models
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