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Estimation of soil temperature based on
XGBoost and LSTM methods

LI Qing-liang* , CAI Kai-xuan, GENG Qing-tian, LLIU Guang-jie,
SUN Ming-yu, ZHANG Yu, YU Fan-hua”

(College of Computer Science and Technology, Changchun
Normal University , Changchun 130032, China)
* Corresponding author , E-mail ; ligingliang@ccs fu. edu. cn; yu fanhua(@163. com

Abstract: Soil temperature is an important variable in Earth sciences. The temporal and spatial varia-
tions in soil temperature are affected by numerous factors, resulting in various challenges in soil tem-
perature prediction. For soil temperature prediction, the data-driven machine learning method is valu-
able and can be an important complement to physics-based process models. However, no extensive
studies have been carried out on the importance of environmental factors on soil temperature. In this

study, a data-driven XGBoost-LSTM method is proposed. The weights of the meteorological inputs
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are computed based on XGBoost, and then, the combination of meteorological inputs based on their

weights is applied to obtain an optimal model by the LSTM method. An experiment is carried out at

two stations in China (Changbai Mountain and Haibei). The most accurate performance for soil tem-
perature estimation is attained, with highest values of NS = 0. 932, WI = 0. 983, and LMI = 0. 729
and lowest values of RMSE and MAE of 2. 234 and 1. 716, respectively. These results show that the

proposed model is generally superior to other state-of-the-art predictive models.

Key words: soil temperature estimation; long short-term memory; extreme gradient; data-driven

method; weight of feature
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Tab.1 Estimation results with different LSTM

_size at

Changbai Mountain meteorological station

LSTM _sizeRMSE ~ MAE NS WI LMI
30 2.493 1. 901 0.915 0.979  0.739
50 2.413  1.893 0.921 0.980 0.740
100 2.558 2.089 0.911 0.980 0.714
150 2.785 2.318 0.894 0.976  0.682

®2 ARAMEHBEADMEKBLUSFENTNE R
Tab. 2

Estimation results with different batch _size at

Changbai Mountain meteorological station

batch_size RMSE  MAE NS WI LMI
50 2.696 2.105 0.901 0.978 0.711
100 2.890 2.381 0.886 0.975 0.674

150 2.686  2.217  0.902 0.978  0.696
250 2.452 1.980  0.918  0.980  0.729
300 2. 406 1.918 0.921  0.981  0.737
350 2.385 1.895 0.922 0.981 0.740
400 2.392  1.875 0.922 0.981 0.743
450 2. 408 1.889  0.921 0.980  0.741

500 2.453 1.934  0.918 0.980  0.735

x3 AEAERRXFEKBLSREHTNER
Tab. 3 Estimation results with different train_epoch at

Changbai Mountain meteorological station

train_epoch RMSE ~ MAE NS WI LMI

100 2.750  2.195  0.897  0.975  0.700
200 2.392 1.875 0.922  0.981 0.743
300 2.323 1.850  0.926  0.982  0.746
400 2.306 1.840  0.927  0.982  0.748
500 2.296 1. 831 0.928 0.982  0.749
600 2. 287 1.822  0.929 0.982 0.750
800 2.238 1.762  0.932  0.983 0.758
1000 2.235 1.758 0.932  0.983 0.759
1100 2.234 1.756 0.932  0.983 0.759

1200 2.235 1.759  0.932  0.983 0.759
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Tab.5 XGBoost model performance of different parameters
¥R WA RRBE 7 R s E ¥R WA BRRRE 77 451 R 9ok A
0.01 4 700 —0.090 0. 005 4 700 —0.084
0.01 4 800 —0. 087 0.005 1 800 —0. 084
0.01 4 900 —0. 086 0.005 4 900 —0.086
0.01 ) 700 —0.079 0. 005 5 700 —0.078
0.01 S 800 —0.078 0. 005 5 800 —0.077
0.01 5 900 —0.078 0.005 5 900 —0.078
0.01 6 700 —0. 080 0. 005 6 700 —0.080
0.01 6 800 —0. 080 0. 005 6 800 —0.081
0.01 6 900 —0. 080 0.005 6 900 —0.081
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Tab. 6 Estimation results of the LSTM model by differ-

ent input combinations

A RMSE MAE NS WI LMI
1 5.224  3.817 0.628  0.891  0.477
2 4.105  3.142 0.770  0.936  0.936
3 2.234  1.756  0.932  0.983 0.759
4 3. 861 2.833 0.7967 0.947  0.612
5 3.969  2.964 0.785 0.942  0.594
6 4.064 3.141 0.785 0.939  0.569
7 4.100  3.137 0.771 0.937  0.570
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5 Scatterplots of the estimated and observed values of temperature(’C) using the data-driven models for Chang-

bai Mountain metrological station
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Fig. 6 Scatterplots of the estimated and observed values of temperature (°C) using the data-driven models for Haibei

Mountain metrological station
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Tab. 7 Testing phase results of the different models at

Changbai Mountain

Ji:  RMSE MAE NS WI LMI

LR 2.266 1.836 —10 081.42 0.407 —6 720. 342
SVR 2.303 1.794 0.928 0.982 0.754
XGBoost 2. 804 2.213 0.893 0.971 0.697
BPNN 2.320 1.800 0.927 0.982 0.753

ELM 2.350 1.862 —10 427.05 0.429 —6 923.51

ATk 2.234 1.756 0.932 0.983 0.759

®8 BAHX AT EHIERNER AR

Tab. 8 Testing phase results of the different models at
Haibei
J7# RMSE MAE NS W1 LMI

LR 3.307 2.598 —9 791.016 0.403 —6 717.998
SVR  3.941 3.027 0.718 0.918 0.522
XGBoost 2.825 2.197 0. 855 0.961 0.653
BPNN 2.270 1.754 0.906 0.975 0.723

ELM 2.216 1.724 —10 577.625 0.422 —7 016.792

ALY 2.240 1.716 0. 909 0.977  0.729

4 % #®
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