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Hyper-spectral retrieval of soil nutrient content of various land-cover
types in Ebinur Lake Basin
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(1. School of Applied Meteorology, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. Collaborative Innovation Center on Atmospheric Environment and Equipment Technology, Nanjing 210044, China)

Abstract The soil nutrient affects soil quality, vegetation type, crops growth and yield. To rapidly and accurately determine
soil nutrient contents, an indoor spectral data (measured by ASD FieldSpec3) of 75 soil samples of Jinghe County of Ebinur
Lake Basin were analyzed. Then the collected data were processed at resampling interval of 10 nm to suppress noise. Soil
nutrient hyper-spectral forecast models were used to forecasts soil nutrient contents in three transformation conditions. The
performance of the models was evaluated based on stepwise multiple linear regression (SMLR) analysis, partial least squares
regression (PLSR) analysis and artificial neural network (ANN) analysis and the optimal model determined by comparison.
The results showed that the transformation of first-order and second-order differential dramatically enhanced correlation

between spectroscopy data and soil nutrient content. Specifically, the first-order differential of soil spectroscopy had a good
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correction with soil nutrient content. The correlation coefficients for organic matter and total nitrogen were 0.87 and 0.91,
respectively. In conclusion, spectral transformation technique increased the sensitivity of high spectral data to soil nutrient
change, and it produced far better forecasting results. Although all the three models had good predictive ability, ANN model
had the best predictive effect, followed by PLSR model. The ANN model estimation test based on the second-order differential
of spectroscopy data with independent datasets from different soil samples respectively produced R* and RMSE values of
0.885 and 0.984 for organic matter and 2.614 and 0.147 for total nitrogen. The prediction effect of total nitrogen was obviously
better than that of organic matter. This indicated that the sensitivity of soil hyper-spectral reflectance to the soil total nitrogen
content was much better. Overall, the ANN model based on the second-order differential of spectroscopy data rapidly and
precisely predicted soil nutrients contents. It was beneficial for monitoring spatial distributions and dynamic changes of soil
nutrients in Ebinur Lake Basin.

Keywords Soil nutrient; Hyper-spectrum remote sensing; Stepwise multiple linear regression; Partial least squares

regression; Artificial neural network; Ebinur Lake Basin
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Table 1 Information of the investigated sample plots
Sample plot - Latitude and  Altitude Agrotype Land-use type Land cover t (e (major lants))
number longitude (m) grotyp yp yp Jorp
1 123 Nitrari Haloxy! dendron, C.
44°34'N T Pasture land ltrarmAtangAutorum, a 40)fy on ammo endron, Caragana
korshinskii, Ephedra sinica, Calligonum arborescens
83°09'E,
2# 44°37'N 211 . Phragmites australis, Halocnemum strobilaceum, Kalidium
Bog soil Water area .
foliatum
34 369 Nitrari Haloxy! dendron, Tamari
44°33'N Gray desert soil Unused land itraria tangutorum, q oxylon ammo en' ron, Tamarix
hohenackeri, Populus euphratica
4# 83°41E, 330 Apocynum venetum, Phragmites australis
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034/
sy 83 034 !E, 204 . '
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osgr
74 B2°56E. 34 ‘ ‘ ‘
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ot e T4 Populus simonii, Ul la, EI foli
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104 oncr 354 . P .
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Table 2 Basic properties of soil samples of soil sample plots

Sample plot number Bulk density (g-em™) PH Total salinity (g'kg™")  Organic matter (g'kg™')  Total nitrogen (g-kg™)
1# 1.160+0.028 8.090+0.355 2.40+0.324 4.468+0.114 0.191+0.090
2# 1.519+0.031 7.730+0.075 14.78+0.870 4.252+0.072 0.114+0.012
3# 1.196+0.070 7.620+0.219 19.70+0.957 4.980+0.077 0.420+0.015
4# 1.375+0.024 8.352+0.089 27.60+0.843 3.359+0.153 0.190+0.011
S# 1.543+0.025 7.534+0.051 3.52+0.642 0.402+0.068 0.190+0.021
6# 1.621+0.077 7.552+0.089 4.78+0.259 0.843+0.037 0.038+0.008
T# 1.752+0.070 7.466+0.078 7.10+0.442 2.991+0.137 0.114+0.016
8# 1.604+0.050 8.202+0.390 0.88+0.148 2.294+0.128 0.114+0.013
o# 1.157+0.065 7.958+0.165 8.10+0.447 2.244+0.095 0.191+0.015
104 1.156+0.056 7.744+0.151 17.30+0.949 3.827+0.168 0.114+0.010
11# 1.407+0.068 8.428+0.328 3.08+0.228 3.763+0.098 0.190+0.014
12# 1.041+0.044 8.718+0.245 2.20+0.235 1.683+0.093 0.114+0.019
13# 1.442+0.067 8.522+0.286 3.80+0.265 4.385+0.186 0.152+0.004
14# 1.805+0.039 7.796+0.154 10.34+0.820 0.457+0.025 0.114+0.010
15# 1.593+0.049 8.542+0.067 1.88+0.228 12.200+0.298 0.649+0.028
[28]
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R2
[19] RMSE ,
2.2
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Table 3  Test results of stepwise multiple linear regression (SMLR) model for soil nutrient contents

Soil nutrient Transform form of spectrum

Stepwise multiple linear

Coefficient of
Root mean square error

regression model determination
. . Y=24.193X1530—7.679 0.486 2.113
Organic matter Original soil spectroscopy
. . . . Y=28 903.701X39+3.072 0.768 1.420
First-order differential soil spectroscopy
. . . ~3 554.960X1000* 0.803 1.361
Second-order differential soil spectroscopy 74 349.124X1410-0.577
. . Y=-0.151-1.053X390+1.517X1999 0.627 0.093
Total nitrogen Original soil spectroscopy
. . . . Y=0.170+1 611.122X39¢ 0.835 0.064
First-order differential soil spectroscopy
' . . Y=0.274—1 492.812X,030— 0.852 0.066
Second-order differential soil spectroscopy 5 786.504X519110 819.675X779
Xy N~N+9 (nm) Xy indicates the arithmetic mean of N to N+9 (nm) waveband.
2.3 BP
PLSR ,
3 , 4
PLSR , s
R 0.886  0.984,
0.873  0.968 0.486 0.516,
) RMSE 2.614
2
R 0.147 ANN
0.881 0956, 3 : , ,
RMSE 2.706  0.045,
2
; R 0.814 3 : PMLR PLSR
0.877, ,
b
2
? R b B
0.490 0.673 PLSR
£ A A
3 .3 HigSue
2.4 > )
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Fig. 3 Fitting distribution between original (a, d), first-order differential (b, ) and second-order differential (c, f) of measured soil
spectroscopy of soil organic matter contents (a, b, ¢) and total nitrogen contents (d, e, f) and predicted values by partial least squares
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Fig. 4 Fitting distribution between original (a, d), first-order differential (b, ) and second-order differential (c, f) of measured soil
spectroscopy of soil organic matter contents (a, b, ¢) and total nitrogen contents (d, e, f) and predicted values by artificial neural

network (ANN) model
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