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Comparison of Different Salinity Estimation Models for Salinized Soils on
South Bank of Yellow River in Dalat Banner

LIU Xia HU Yu ZHANG Shengwei BAI Yanying ZHANG Huan
(College of Water Conservation and Civil Engineering, Inner Mongolia Agricultural University, Hohhot 010018, China)

Abstract; The south bank of the Yellow River in Dalate Banner, Ordos City, Inner Mongolia
Autonomous Region, is characterized by arid climate, low precipitation, annual evaporation much larger
than annual precipitation, and the proximity to the Yellow River leads to a high water table, which leads
to prominent soil salinization. Taking the saline soil along the south bank of the Yellow River in Dalate
Banner as the research object, based on the multi-source data of Sentinel — 1, Sentinel —2, Landsat —8
and SRTM DEM, correlation analysis and continuous variable projection combined with Lasso regression
(Lasso) , random forest regression ( RF) , light gradient boosting machine model (LightGBM) , extreme
gradient boosting ( XGBoost ) , one dimensional convolutional neural networks ( 1DCNNs), and deep
neural network ( DNN) were used to estimate soil salinity during spring bare soil period and vegetation
cover period. The results showed that the XGBoost model had the highest accuracy, and the coefficients
of determination (R”) of the test sets were 0. 76 and 0. 58 for the spring bare soil period and vegetation
cover period, the root mean square errors ( RMSE) were 5. 76 g/kg and 7. 22 ¢/kg, and the mean absolute
errors ( MAE) were 3. 38 g/kg and 4. 33 ¢/kg. The combination of multi-source remote sensing data and
the variable screening method by using the XGBoost model revealed that the soil salinity spatial

distribution in different seasons in the study area was the most effective, and the results of salinity
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inversion basically coincided with the results of the actual field investigation and analysis. The variable

importance analysis showed that the important inversion factors in the spring bare soil period and

vegetation cover period were salinity index (48.3% ) and topography factor (33.8% ), vegetation index

(22% ) and topography factor (47.9% ), respectively. The research result can provide an effective

method for remote sensing inversion of saline and alkaline land on the south bank of the Yellow River in

Dalat Banner, and provide a theoretical basis for monitoring and preventing salinized soil in the spring

bare soil period and vegetation cover period.

Key words: arid saline soil; soil salinity estimation; machine learning models; deep learning models
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Tab.2 Division of soil salinity dataset during

bare soil period

wAME/ FORAE FEE, ER Jr/

R #*ﬁ@'kg")(g'kg")(g'kg“> FH (& kg™?)
4 304 0.38  51.42 878 1.28  126.63
Plgese 213 0.38 5142 8.79 125  121.07
WikgE 91 0.39 47.83  8.73  1.35  139.64

*3 ERESHIZESHRSHEENS
Tab.3 Division of soil salinity dataset during

vegetation cover period

WM Rk, T, s e/
B BEARC A o

(g-kg™') (g-kg ') (gkg™) FE (&kg™)
s 178 0.63  44.72  6.62 1.61  113.91
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Wk 54 0.63 41.34  6.85 1.63  125.18
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Tab.5 Evaluation indexes of soil salinity inversion

model during spring bare soil period

Il 2 4 IURRWE S
TR0 2 RMSE/  MAE/ RMSE/  MAE/
(g-kg™') (g-kg™) (g-kg™") (g-kg™)
Lasso  0.36  8.78 5.98  0.45 8.72 5.86
RF 0.73  5.71 331 0.65  6.98 3.96
LigtGBM 0.87  3.96 2,52 0.72  6.19 3.74
XGBoost 0.94  2.66 1.s1 0.76 5.76 3.38
IDCNNs  0.89  3.60 2.22 0.60 7.53 5.06
DNN 0.86  4.13 2.70  0.75  5.86 3.88
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5. 86 g/kg; XGBoost #5578 5 ff, Fo 3 45 R* RMSE |
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RMSE .MAE 4} %] % 0.58 .7.22 g/kg.4.33 g/kg
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Fig. 6  Validation of accuracy of soil salinity inversion

during spring bare soil period for XGBoost modeling
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Tab.6 Evaluation indexes of soil salinity inversion

model during vegetation cover period

VE=S i 4
A RMSE/  MAE/ RMSE/  MAE/
(g-kg™) (gokg™") (g-kg™") (gkg™")
Lasso  0.25  9.05 6.27  0.32  9.20 6.71
RF 0.77  4.99 3.03  0.48  8.05 4.97
LigtGBM 0.76  5.05 333 0.55  7.53 5.05
XGBoost 0.88  3.54 2.15  0.58 7.22 4.33
IDCNNs 0.72  5.58 373 0.42  8.62 5.60
DNN 0.60 6.62 4.06  0.56  7.46 4.92
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Fig.7 Validation of accuracy of soil salinity inversion

during vegetation cover period for XGBoost model
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Fig.8 Assessment of importance of factors during

spring bare soil period
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