ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 36,No. 1,Jan. 2021 ,pp. 156 —163 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2021. 01. 015 Tel/Fax: +86-025-84892742
© 2021 by Journal of Data Acquisition and Processing

E T 3D-CNN H 5 e 18 1E R E & 4 4 2
HER, B OEY, L

(1. dbBTIM S R 22 BRI AL IX [ SR Bl 2 2 S 0T 98 B, Bk 519087 5 2. Jb 5 Ui R 22 8 6 T 72 5 20 & M FH BT 98 vhoes | Bk
T 5190875 3. ¥ ma VS K (5 B R H AR =B i 1 571158)

W OE:SAEERVRABEKRS . AEF TR, ;Iﬂ’]ﬁ\ﬂy’mﬁhb,rnyﬂ’ﬂabé’ﬂ”/\ikﬁ\ AT

Z 4“7m4’% g RIEZ R s E T XS 75? i’”;’o%éﬁﬁ" W) R AEAR B, Bk T = 1) 4 B B e 4
M T RS, = 4 kAR A2 W % (Three-dimensional convolutional neural network,

3D—CNN)T=TWﬂH*rﬁ‘%/\éﬁ?i_ﬁiuﬁ.—k TEARA I HOK SR A 3D-CNN IR E M % 347 3 K ik H 1%
s ok, AT 3D-CNN W &8 7 f2 49 B A, 4% T —Fr & T 2t 69 3D-CNN 89 & b3k & B P AL e )
SR Tk, AL kIR 6 F R fe b g AF AR Z A ARAS LA, ﬁ'\'anﬁiéﬂ%mWMﬁo b, RS
FINXEHEMTREMNELNSH RE—FESREHFEDT RGO HIG D JE W AR i —
TRETaREG R 5 X ERHE, ETemorfow?Hi T2 E R I/JJYDTEJJV};&' GA% B
(Indian Pines #= Pavia University ) #9 5% 3 25 R & 90 , 48 b A 249 SD-CNN W &, K L5 i 09 o £ 45 B 7
BTE2%, m AL DRE AR,

KR : HAERGR SR Z AR E ML IERES X B Em T R A

FESES: TP391 MR : A

Hyperspectral Remote Sensing Land-Cover Classification Based on Improved 3D-CNN

XIE Xingyu!, HE Hui'?, XING Haihua®

(1.Advanced Institute of Natural Sciences, Beijing Normal University, Zhuhai 519087, China; 2.Research Center for Intelligent Engi-
neering and Educational Application, Beijing Normal University, Zhuhai 519087, China; 3.School of Information Science and Tech-
nology, Hainan Normal University, Haikou 571158, China)

Abstract: Hyperspectral remote sensing image has dozens or even hundreds of bands. It is a
comprehensive carrier of many kinds of information, including rich radiation, spatial and spectral
information and is widely used in the field of terrain mapping. However, the traditional hyperspectral image
classification methods mostly focus on the feature extraction of spectral dimension, but ignore the features
of spatial dimension, which affects the accuracy of classification. The three-dimensional convolutional
neural network (3D-CNN) can convolute data in three dimensions at the same time, so this paper uses 3D-
CNN depth network to classify ground objects with hyperspectral images, and proposes an improved
algorithm based on 3D-CNN for hyperspectral remote sensing land-cover classification. The method can
reuse the extracted spatial and spectral features and give full play to the value of features. In addition, this

paper introduces the idea of shallow feature preservation network, and proposes a depth network model of
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image classification integrating shallow feature preservation, which further improves the accuracy of
hyperspectral remote sensing land-cover classification. Experimental results of two commonly used
hyperspectral remote sensing image data sets (Indian Pines and Pavia University) under the framework of
Tensorflow show that compared with the basic 3D-CNN network, the classification accuracy of the
proposed method is improved by nearly 2% .

Key words: hyperspectral remote sensing land-cover classification; 3D-CNN network; feature fusion;

feature details preservation
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Table 2 Objective index comparison
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