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Fig.1 Location of study area and distribution of sampling sites
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Fig.2 Spectral curve on derivative transformation
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Fig.3 Configuration of BP neural network model
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Fig4 Performance of three-layer BP neural network with the
number of nodes varying from two to nine
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Tablel R?value of four-layer BP neural network with the
number of nodes varying from two to nine
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2 3 4 5 6 7 8 9

0853 0.874 0899 0899 0901 0.893 0895 0.892
0902 0884 0896 0900 0891 0.891 0900 0.899
0.898 0902 0900 0.891 0.899 0.895 0.901 0.900
0879 0862 0899 0.900 0901 0.895 0.892 0.900
0883 0.895 0900 0.901 0899 0.895 0.902 0.901
0894 0.897 0900 0.899 0902 0.899 0.901 0.898
0846 0899 0899 0.893 0895 0.888 0901 0.901
0.888 0.894 0897 0.894 0901 0.897 0902 0.902

© 0 N o g b~ W N

e 1A 2 B 9 K2 B LATI 2 B O KR )2

%2 42 BPHEZMEIEE RVSE ERERR LG S BT 1L
Table2 RMSE value of four-layer BP neural network with the
number of nodes varying from two to nine

digide 2 3 4 5 6 7 8 9

0189 0104 0089 0.088 0.087 0.094 0.090 0.093
0.085 0103 0093 0.088 0.089 0.092 0.088 0.089
0.086 0.085 0.089 0.097 0087 0.091 0.087 0.090
0.100 0120 0.089 0.088 008 0.09 0.093 0.092
0.095 0.088 0089 008 008 0.098 008 0.088
0.089 0.088 0088 0089 008 0.088 0088 0.089
0.167 0.086 0.089 0.094 0.090 0.094 0.086 0.088
0.094 0.089 0091 0.091 0.088 0.094 0.088 0.088
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Fig.5 Comparison of BP neural network and regression model
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Salinity forecasting of saline soil based on ANN and hyper spectral
remote sensing

Wang Jing™?, Liu Xiangnan®, Huang Fang', Tang Jilong®, Zhao Lengbing®
(1. Key Lahoratory of Vegetation Ecology of Education Ministry, Institute of Grassland Science, Northeast Normal University,
Jilin 130024, China; 2. Key Laboratory for Wetland Ecology and Vegetation Restoration of National Environmental Protection,
Northeast Normal University, Jilin 130024, China; 3. Information Engineering College, China University of Geosciences(Beijing),
Beijing 100083, China; 4. College of Opto-electronic Engineering, Changchun University of Science and Technology,
Jilin 130022, China; 5. Academy of Forestry Inventory and Planning of Jilin, Jilin 130022, China)

Abstract: Soil salinization is amajor problem of land degradation in arid and semi-arid agricultural area. It is crucial to
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detect the salinity of saline soils accurately and dynamicly in time in order to prevent soil salinization and achieve
sustainable development in agriculture. Taking Changling County western Songnen Plain, as the example, this paper
constructed remote sensing predictive model of saline soils using hyperspectral data. The salinity was measured by
electric conduction method, and hyperspectral data was collected using ASD spectrometer. Derivative transformation of
spectral reflectance was used to select best spectral bands which can represent the salinity of saline soils, e.g. 550, 720,
760, 820 and 940 nm. The best performance was achieved in the 5-6-1 architecture (R? = 0.895, RMSE = 0.089) in 72
different architectures in the three- and four-layer networks. Compared with traditional regression model (R? = 0.81,
RMSE = 0.25), the method combining hyperspectral data with artificial neural network can improve the predictive
accuracy of saline soil, showing that artificial neural network is prominently advanced in establishing the relationships
between spectral reflectance and soil parameters.

Key words:. neural network, remote sensing, forecasting, salination, hyperspectral

(HEEN#W) Erh (HEEmMIEFHR) ESE

Ze e N RN DR ) RS B, CHEED L
i 2010 4E25 28 455 1 W 404 CHEEENUIR T2
23 ) (Journal of Drainage and lIrrigation Machinery
Engineering), [EHN4—F|*5 CN 32-1814/TH, [ prtrk
Tl ISSN 1005-6254, T4 XU H 1.

VB HEFEN UM S U AR BORBIIE R I S 7n - &
MZERZ A, Sl ZEARS Ty, HREND 29&
BRI KR, 1992 4F, 1996 FEELL P EE A “ 4
SOOI 5 2002 4F, SR ERH A BT
Ve, AN ERR SR EITI; 2007 SELEVLAA
TP VR LE T T VLI —ZUW T 2009 4 (HE
FEHLIRY Zb bl ® (CTREZS1) (Ei Compendex) k.

(HEERLID) 2250400 (HRENUR TEFERY, 2
h T IE N T HEENURAT AR Z2 0k TR ik TR,
ZITHE B T RER TS R P OR T A5 A 1 S8 S A S s SRR B
FHEAR RIR R S 7 2, R R 25 R Bev I
VN B A Bt o BB K HE R R et AR
P Bl B A ARG sty [ 242 S 4 AR 25 T T
112 NHE H B, X085 UE BRI B AR E 1)
7 BN B P G ORI TE R, DA SR s 4

AL L= T30 L, AEFF & O SRR I AR
st N, N SHHRRENUMAT LR, /0 2 EERI T RS
K fs RZTHT N — M S E ARSI 6

HHIAH (CHRENUR TSR RS REHRY
PR TRKEM TR, Rui TREAH0K. RllRS
Hait. WA TR M8 TR m R o 3. B
T i [ A AL TREATIK IR % 5 RHIE B BT 7N B
A EARN R P B G TS . O
P 5 RHIE N D B M SRR AR A, 3k
AR LA e SR R IR 55 [RI3ROR KK J 5% o a4
(=T PRANINE S

o b SIHEIIERES 30 SIIHARFEREH
BB #4m: 212003

B A A (HHENMWIREZM) REED

B FHBFE: pgix@chinajournal .net.cn

BXREIE: 0511-84493098

£ HE: 0511-84446662

CHEBAAR TAZFIRY G 4537



