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Abstract: The soil water characteristic curve (SWCC) is fundamental for studying the permeability,
strength prediction, and constitutive relationships of unsaturated soils. Machine learning algorithms
are characterized by their efficiency in large dataset processing and feature extraction. This study used
six machine learning algorithms (four ensemble learning and two traditional machine learning algo-
rithms) to simulate 154 SWCCs with 1976 data points from the United States Unsaturated Soil Data-
base. Four performance evaluation indicators (R*, EVS, MAE, and RMSE) were used to assess the
algorithms’ performance. Two types of data input methods were selected: one with logarithmic pro-

cessing of matric suction, and the other without any transformation. The results showed that, under
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both mput types, the effect on the LightGBM, XGB, RF, and AdaBoost algorithms was minimal.

However, the two traditional machine learning algorithms, GPR and SVM, were significantly affect-

ed. Without logarithmic transformation, R* decreased noticeably, and in some cases, the SWCC

could not be simulated. Additionally, LightGBM outperformed other models in simulating the SWCC

for the test set, with higher trend evaluation indicators (R* and EVS) and lower error measurement in-
dicators (MAE and RMSE). The ranking of the six algorithms in terms of SWCC simulation perfor-
mance was as follows: LightGBM, GPR, XGB, RF, AdaBoost, and SVM. Finally, the trained
LightGBM model was used to predict 9 SWCC datasets not included in the original database. The re-

sults showed that LightGBM could effectively predict the soil water characteristics of unsaturated

soils. The findings provide important guidance for improving SWCC predictions for different types of

soils.
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Table 1 Statistical description of the database

it iy A
Fa,/% Fa/% H/cm
Rkl 1.48 2.65 0.42 21.57 29.74 1747
NG 0.19 0.04 0.09 17.85 20.61 4026
/ME 1.01 2.50 023 0 0 0.01
QL(25%) 1.34 2.62 0.36  4.92 16.48 30
Q2(50%) 1.49 2.65 0.41 17.90 27.80 80
Q3(75%) 1.61 2.66 0.48 33.82 42.70 690
NI 1.97 2.80 0.66 76.36 85.46 16 540
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Fig.1 Spearman correlation matrix of input variables
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Table 2 Correlation classification based on r, values
r(HaxHE) R iy A2 A
HYpy, H5G,, H50,, H5 F,,,
0 56G,,650,G5F,,, G5F,
HY5F,, .05 F..05F,
045 Foy, 0.5 F,,, Fo,5 Fa
050,

0.00~0.19 R 55

0.20~0.39 5
0.40~0.59 4
0.80~1.00 7B

106

2 MMERSITi8
2.1 EitEM

KT VEH 7S FBL A 2 2T S 0 0 A8 %k HX
DU bR BE VT O 48 b e REC(R?) JAT BT 2215 5%
(EVS) .V ¥ 48 x%f = 22 (MAE) #1305 A 3% 2
(RMSE) . & 315 4 43 5150 7 A SCff FH i HL 2
2 ) LA BRI e bR A
3 AXERMNBEIE S

Table 3 Machine learning algorithms used in this study
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Table 4 Performance evaluation indicators used in this

study
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Fig.2 Comparison of predicted and measured values of six al-
gorithms based on logarithmic processing of matric
suction
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Table 5 Input and output parameters of six machine

learning algorithms
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Table 6 Performance indicators of test sets for six

algorithms under different input types
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No.1 0.985 0.985 0.011 0.017

LightGBM
No.2 0.985 0.985 0.011 0.017
No.1 0.984 0.984 0.009 0.017
GPR
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No.1 0.953 0.953 0.015 0.029
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BT R, 2 IO ECR B9 R K Sk Bl
HEAT 5 BB i DI 2R A . 3 S BT R Kk
X EOE 2R DU ASPE BE 45 A X5 S Bl HIL 2 2 ) S
WAL G H 45 A . TR Al A, Light GBM 7E fii il 7
K 77 T2 B B A, A B Y R A o 48 AR (R
FEVS) , UL K& B AK MY % 22 0 & 48 b1 (MAE #

107



RMSE) , ¥k /& GPR . XGB ., RF 5 AdaBoost, Tfi
SV M 7E FUI 55 7K S8 7 11 2% B0 e 2 0% T P R, L
B8 AR (R A EVS) 78 ff 47 8 vk b e /K OF B
PR 21 B 45 A% (MAE #l RMSE) % /& -

LightGBM
5 ]GPR 57 GPR

XGB XGB

GPR GPR

XGB XGB

(c) MAE (d) RMSE
3 BT T K Sk X BOR U Bl &% 27 > 53 PERE PP A

Fig.3 Performance evaluation of machine learning algorithms

based on logarithmic processing of matric suction
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Table 7 Basic physical properties of validation data

X LGS

Y i

04/ (geem™) G, A Fo,/% Fa/%
2611 0.92 2.49 0.507 32.36 37.94
2614 1.72 2.83 0.383 37.39 38.51
2680 1.14 2.49 0.594 26.91 28.09
2740 0.73 2.48 0.698 27.3 41.16
2742 0.75 2.47 0.66 35.71 31.59
2743 0.71 2.48 0.701 43.25 33.1
4680 1.1 2.46 0.555 55.82 35.18
4681 1.08 2.48 0.578 62.11 28.49
4790 0.96 2.40 0.504 29.22 24.08
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Fig.5 LightGBM prediction of validation data
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