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Regional Soil Salinity Monitoring Based on Multi-source
Collaborative Remote Sensing Data

FENG Xueli' LIU Quanming’
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2. College of Water Conservation and Civil Engineering, Inner Mongolia Agricultural University, Huhhot 010018, China)

Abstract; Hyper-spectral remote sensing has been successfully applied to quickly and efficiently
monitoring field of soil salinization. In order to further promote the multi-source remote sensing technology
development in agricultural production and management, Jiefangzha zone of Hetao Irrigation District,
Inner Mongolia, was selected as the study area, based on the measured ground spectra, surface roughness
and four polarization scattering data of C-band microwave synthetic aperture radar ( radar SAR),
respectively by using the method of principal component regress ( PCR), multiple stepwise regress
(MSR) and partial least square regress ( PLSR) to select feature band, soil salinization distribution
modeling was built and evaluated. First of all, through correlation analysis of the spectral reflectance and
its logarithm, the first and second order derivative of these four kinds of spectral data, it was found that
the first spectrum and second derivative had better correlation compared with the original spectrum and
logarithmic transformation, correlation coefficient of the second derivative transformation of 618 ~ 622 nm,
1802 ~1806 nm, 2169 ~2 173 nm and 2 344 ~ 2 348 nm characteristic band was 0. 37, 0. 28, 0. 39 and
0. 27, respectively; characteristic band selected value of PLSR was later than that of the MSR. However,
the second-order derivative transformation model was inferior to the MSR. Second, in contrast to the soil
salt simulation method of PCR, MSR and PLSR based on the second order inverse transform, the BP
artificial neural network ( BPANN ) model was the best prediction model, which collaborated the
characteristics spectrum band center reflectivity after the second derivative and radar scattering

characteristics, surface roughness. And the R value of prediction model was 0. 890 8, and the stability

Wk B 81 2018 —01 —04 &8 H H]: 2018 =02 — 15

EE&WE: FHRHAFFHEATE (51249007 .51569018)

EHEB N BE S (1985—) 3 -+, 3 GIS TAHFST, E-mail: fxlluyi@ 163. com

BEMEE: XY (1973—) I BB, £ % N 058 1 3% B i 30 e v BT , E-mail: nndlqgm@ sina. com



128 & o Bl B ¥ iR

2018 4

and accuracy was better than those of the empirical regression model. The neural network model

integrating multi-source remote sensing data can monitor soil salinization distribution more accurately,

providing basic information guidance for soil salinization monitoring and soil degradation prevention in

irrigation area.

Key words: soil salinity; multi-source remote sensing; collaborative inversion; neural networks
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Tab.1 Data of radar back-scattering coefficients and soil saltcontents

SRE T Syu/dB Syy/dB Syu/dB Syy/dB R AAHIBEE z/em 4dh /(g kg™ ")

1 -13.3934 -18.5010 -17.898 7 -13.5632 0.02 6. 481

2 -7.1398 -17.676 0 -17.2772 -6.0770 0.03 2.070

3 -12.5476 -26.947 1 -26.8925 -12.796 2 0.07 1. 840

4 -7.4233 -19.066 9 -18.8235 -7.440 1 0.01 17. 369

5 -12.2658 -20.018 1 -19.4655 -13.3368 0.01 1.348

6 -11.7375 -23.8460 -24.7555 -11.768 3 0.03 1.942

7 -7.748 5 -20.7930 -20.534 6 —-8.0668 0.02 1.432

8 -10.5750 -21.9309 -22.184 4 -10.297 1 0.01 1.340

9 -10.3825 -19.4305 -18.4422 —-10. 668 7 0.15 1. 491

10 -3.5261 -17.5361 —-16. 686 4 -9.8457 0.02 2.237

11 -10.0930 -19.9892 -19.513 4 -12.308 4 0.02 1.302

12 -13.3934 -18.5010 -17.898 7 -13.5632 0.24 1. 402

89 -10.4223 -23.1280 -23.0511 -11.778 8 0.01 77. 891
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Fig.2  Analysis on correlation of reflectance transforms

and soil salinity contents
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Fig.4 MSR analysis of characteristic bands
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Fig.5 Analysis on correlation and PLSR weight between

reflectance derivative transformation and soil salinity
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Fig.6 Measured and simulated values of soil salinity
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Tab.3 Classification of soil salinity
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Fig.7 Prediction image of soil salinity in study area
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Tab.4 Proportion of all levels of soil salinity prediction

classification
FRG R 4 I Il I v %
HHEY % 3.77  36.22  38.54 0 21.47
4 g

(1) 3 3 A A B 3 B0 Ol 31 2% 4o 4k AT LA O 1%
JE R AR R E R R R R LA T . sl A
JiI PCR MSR F1 PLSR e JURFIE 't 2 8¢ Be, & BLOG 3%
) — B AR A R A S, TR T R
AR 618 ~622 nm .1 802 ~1 806 nm 2 169 ~2 173 nm .,

2344 ~2 348 nm iX 4 U BeAH OGP 5 ; PLSR i
T 1) I8 B A 35 AH 56 R BOE I 5, 3L -5 A0 e
BIPLA B /NT MSR,

(2) 3 33 By [R) D6 3% R A Ik B B 5 o B
TR 5 U FR BORN Hh 2 41 6 KRS B 3 5 e T
XF E 438 £h 4 ) PCR \MSR #il PLSR #£75 , H i MSR
FEAY 1 e GE FR BOR 3 07 M8k 22 43 5 Dy 0343 F
9.414 g/ kg LT o3 BRI i BP T 28 [0 45 5 7
Sy fee T AR R, FLBERITUI R Oy 0. 890 8, 45 U Ay &t
VRN RS BERCAT o Rl RO G AFIE B S SAR )5
[ FRCSRT 72 B5 % Hb 3 4 45 KRS 2 2 B30T ) e 1Y) 2 U 32 Je
B R 28 X AR ELAT B S Y B



573 BTy A BT 2 YR IR R S A X 3 A 10 A M 133

10

11

14

16

17

18

20

21

22

& % x Wt

FARIFTEH J, FARSHAD A, GEORGER R J. Assessing salt-affected soils using remote sensing, solute modelling, and geophysics
[J]. Geoderma, 2006, 130. 191 —-206.
FARIFTEH J, VANDER MEER F, ATZBERGER C, et al. Quantitative analysis of salt-affected soil reflectance spectra: a
comparison of two adaptive methods ( PLSR and ANN) [ J]. Remote Sensing of Environment, 2007, 110; 59 - 78.
JIMENEZ L. O, MEDINA J L R, DIAZ E R, et al. Integration of spatial and spectral information by means of non-supervised
extraction and classification for homogeneous objects applied to multispectral and hyperspectral data[ J]. TEEE Transactions on
Geoscience and Remote Sensing, 2005,43(4) . 844 - 851.
BRUNNER P, LI H T, KINZELBACH W, et al. Generating soil electrical conductivity maps at regional level by integrating
measurements on the ground and remote sensing data[ J]. International Journal of Remote Sensing, 2007, 28(15) ;3341 - 3361.
VALERIANO M M, EPIPHANIO J C N, FORMAGGIO A R, et al. Bi-directional reflectance factor of 14 soil classes from Brazil
[J]. International Journal of Remote Sensing, 1895,16(1): 113 - 128.
SCHAAP M G, LEIJ F J. Using neural networks to predict soil water retention and soil hydraulic conductivity[ J]. Soil & Tillage
Research, 1898, 47(1/2) . 37 —42.
WALTHALL C, DULANVEY W, ANDERSON M, et al. A comparison of empirical and neural network approaches for estimating
corn and soybean leaf area index from Landsat ETM + imagery[ J]. Remote Sensing of Environment, 2004, 92(4) . 465 —474.
TADJUDIN S, LANDGREBE D A. Covariance estimation with limited training samples[ J]. TEEE Transactions on Geoscience and
Remote Sensing, 1899, 37(4) . 2113 -2118.
BEHRENS T, FORSTTER H, SCHOLTEN T, et al. Digital soil mapping using artificial neural networks[ J]. Journal of Plant
Nutrition and Soil Science, 2005, 168(1) : 55 - 62.
kR - Il R T BP 2R 4% A TR DX ER B R A B S A AL Y (D] B R SE BT ER R ,2008.
TURSUN Eshan. Saline soil salinity remote sensing inversion of the arid areas based on BP neural network model to study[ D].
Urumgqi; Xinjiang university, 2008. (in Chinese)
E#L X, 507, 5. AR T ANN BORFNE G 8 S #hmt L E W (1], ARk TR ,2009,25(12) ;161 - 166.
WANG Jing, LIU Xiangnan, HUANG Fang, et al. Salinity prediction based on the ANN technology and hyper-spectral remote
sensing[ J]. Transactions of the CSAE, 2009,25(12); 161 —166. (in Chinese )
Tt IR, N, 5. TG RGBS IR B0 O R EE AL M AT R LT ] SRk A S5O0 2 7, 2012,32(7)
1918 - 1922.
DING Jianli, WU Manchun, LIU Haixia, et al. Study on the soil salinization monitoring based on synthetical hyperspectral index
[J]. Spectroscopy and Spectral Analysis, 2012, 32(7) :1918 - 1922. (in Chinese)
P, T RN, K0, S TR G 8 B H N B R B DX b R B AL MR [T ], Lk oA 5 O63g 2 A7, 2013,
33(6) :1658 - 1664.
YAO Yuan, DING Jianli, ZHANG Fang, et al. Research on model of soil salinization monitoring based on hyperspectral index
and EM38[J]. Spectroscopy and Spectral Analysis, 2013,33(6) :1658 —1664. (in Chinese)
FAE, T, EBE LA AT RO A A X ek L R B I OF [T ). T R X ,2016,39 (1) 1190 - 198.
WANG Shuang, DING Jianli, WANG Lu, et al. Research on thezonal soil salinization using the remote sensing monitoring based
on the surface spectral modeling[ J]. Journal of Arid Area Geography, 2016, 39(1): 190 - 198. (in Chinese)
XA B, BB, o A TEE X SR AL O TR s R [ T] . ROk TR 24 ,2016,32(16) 109 ~ 114.
LIU Quanming, CHENG Qiuming, WANG Xue, et al. Soil salinity inversion in Hetao Irrigation District using microwave radar
[J]. Transactions of the CSAE, 2016, 32(16) : 109 —114. (in Chinese)
AN XV T A A AL SO R Y DR B R R A SO LT ] ARl AR 2R ,2014,30(17) 1167 - 174.
PENG Jie, LIU Huanjun, SHI Zhou, et al. Regional heterogeneity of hyperspectral characteristics of salt-affected soil and salinity
inversion[ J|. Transactions of the CSAE, 2014,30(17): 167 —174. (in Chinese)
AN, B, AL A I AR 5 R Y G SRR X EL BT LT ] il 5061 404 ,2014,34(2) :510 - 514.
PENG Jie, WANG Jiagiang, XIANG Hongying, et al. Comparative study on hyperspectral inversion accuracy of soil salt content
and electrical conductivity[ J]. Spectroscopy and Spectral Analysis,2014,34(2) :510 —514. (in Chinese)
JiEZ¥ R, H A, 55, OLL 5 HSI 2R A4 1 LI 70 RO AL [ ] R0l T #2240 ,2017,33(21) : 173 - 180.
LI Yanling, ZHAO Gengxing, CHANG Chunyan, et al. Soil salinity retrieval model based on OLI and HSI image fusion[J].
Transactions of the CSAE, 2017,33(21) : 173 —180. (in Chinese)
Lo, JET HI - 1A moGiE A0 LI s @ S (1], TR X IR 55645 ,2014,28(2) : 180 — 184.
MA Chi. Research on soil salinization using remote sensing of H] — 1 A hyperspectral images[ J]. Journal of Arid Land Resources
and Environment, 2014, 28(2): 180 —184. (in Chinese)
AL BV R KRR, T L AR S G R A HST SR XA R A BRI S [ T]. il 5ot
#1,2014,34(7) 1948 - 1953.
LEI Lei, TIYIP Tashpolatl, DING Jianli, et al. Study on the soil salinization monitoring based on measured hyperspectral and HSI
data[ J]. Spectroscopy and Spectral Analysis, 2014, 34(7) :1948 —1953. (in Chinese)
XIT7B, RN A EhAN A BT R RN B AR Y DO = A b R A s A AR S [J/0L ] RO LR A 4z , 2013 ,44(7)
78 —82. http: // www. j-csam. org/jesam/ch/reader/ view _abstract. aspx? flag = 1&file_no =20130715&journal_id = jesam. DOI;
10.6041/j. issn. 1000-1298.2013. 07.015.
LIU Guangming, WU Yakun, YANG Jinsong, et al. Regional 3-D soil salt spatial variability based on electromagnetic induction
technology[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2013,44(7) ;.78 —82. (in Chinese)
e, S5 B, X 77 WY, . ff AL G R O X R 3 R g i s R S R AR 5 08 B8 LB E 5E [J/OL ] RO LB 27 4k, 2017,
48(12) ;221 -228. http; / www. j-csam. org/jcsam/ch/reader/view_abstract. aspx? flag = 1&file_no = 20171226 &journal _id =
jesam. DOI:10.6041/j. issn. 1000-1298.2017.12.026.
LIU Qiangian,SU Litan, LIU Guangming, et al. Spatio-temporal variation and migration mechanism of soil salinity in Chanan
Irrigation Area of Ili [ J/OL ]. Transactions of the Chinese Society for Agricultural Machinery,2017,48 (12):221 - 228. (in
Chinese)



