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Prediction of Soil Particle Content in Wei-Ku Qasis Based on Multi-source Environmental

Variables

GU Yongsheng" %, DING Jianli""**, HAN Lijing"? LI Ke' 2, ZHOU Qian"?

(1 Key Laboratory of Smart City and Environment Modelling of Higher Education Institute, College of Geography and Remote
Sensing Sciences, Xinjiang University, Urumqi 830046, China; 2 Key Laboratory of Oasis Ecology, Xinjiang University,
Urumgqi 830046, China)

Abstract: In this paper, soil particles in the Weigan River-Kuche River Oasis (referred to as the Wei-Ku oasis) were used as the
research object, fifty typical surface (0 — 10 cm) soil samples were collected from the oasis, and environmental variables such as
remote sensing index variables, topography and climate were extracted through relevant software. After correlation analysis to
determine the relationship between environmental variables and prediction targets, a random forest (RF) model and an extreme
gradient boosting (XGBoost) model for predicting soil particle contents were constructed using R language. The results show that
the prediction results of the XGBoost model are better than those of the RF model, with the correlation coefficients ranging from
0.39 to 0.78. Soil pH, elevation and derivative variables, and spectral transformation variables are all important factors in the
prediction of soil particle contents in both models. The errors of model prediction data are smaller than those of HWSD and
measured data. In conclusion, the XGBoost model established by screening environmental variables is an effective method for
predicting soil particle content in the Wei-Ku oasis.

Key words: Soil particles; Hyperspectra; Environmental variables; Machine learning
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Fig. 1 Sampling sites
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Table 2 Descriptive statistics of soil particle sizes

AL AME RORME P AREZE R RE(%)

fib ks 7.28 95.24 58.95 28.35 48.09
ki 3.88 89.09 42.45 29.32 69.08
Fkr 0.19 6.45 1.98 1.30 73.33

KH SigmaPlot 2| -3 i = & F (F 2). R
Y5 36 E I - T A 2SR e, TE RSN Y 358 e
FECR R

90 10
[ ] (]
100 s o e agasiiogems Mg get®? 0
0 10 20 30 40 50 60 70 80 90 100

W (%)
2 TERM=FF

Fig. 2 Ternary map for soil texture
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Table 3  Description properties of soils and environment

Eistan P Az I FZ (%) A5 5 2 (%)
pH 78 043 20.20 5.51
BD(g/em®) 141  0.08 0.50 5.64
SOC(g/kg) 12.65 4.5 1.54 33.54
CEC(cmol/kg) 17.91  2.07 ~0.07 11.53
TEM('C)  27.31  0.96 ~0.52 3.5
PRE(mm) 1651  2.11 0.2 12.77
NDVI 022  0.15 0.42 67.34
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Table 4 Correlation of soil particle contents with environmental variables
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CNBL -0.361" 0.380™ -0.327" FDPC4 0.102 -0.085 -0.377"
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Fig. 3 Importance of environmental variables
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Table 5 Prediction accuracy validation of soil particle contents
MRl IIZh5E AT
WHL g RMSE MAE R RMSE MAE

RF Wh 086 840 610 052 1854 14.92
MR 089 833 620 075 1518 12.17

Bk 083 078 053 003 1.61 1.20

XGBoost kL 0.91 149 138 078 14.60 10.26
MR 088 352 1.86 0.54 1825 13.21

Fki 081 0.89 055 039 099 0.84
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Fig.4 Comparison of data error
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