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Fig. 1 Schematic diagram of the shear strength test procedure for frozen soil: (a) soil sampling; (b) specimen preparation ;

(¢) timed freezing of specimens; (d) shear test using a standard direct shear apparatus
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Fig. 2 Distance correlation coefficient graph
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Table 1  Statistical distribution of frozen soil dataset features

BN LS5 N o 1% (R B (53

=2 N

"
BIEAR T w M w w wew
HEERRE/C —40 10 —-24.9 =30 -5  KREMH
HEERIEIM 2 24 13.0 8 19  KRHEE
K% 7.36 36.85 22.1 17.1  31.9 ERHME
BHEJEJj/kPa 50 400 189.6 100 300  JCREME

VBT /KPa 9.6 232.2 99.6 52.365 130.395 JLRE{H

W SRR LSRR (1.5 IQR) I e o AT 4F
AR 3 1E 1. 5 TQR YL P, A & B 3 L, PR i vl B 1]
FRIYIZ

Note: Outlier detection was performed using the 1. 5 IQR rule.
All features were within the 1.5 IQR range, indicating no outliers;

thus, the data were directly employed for model training.
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Table 2 Values of each model parameter

R 2 B SRR ZHRUE

Linear regression alpha 1.0
Ridge alpha 1.0
Lasso alpha 1.0
Random_Forest n-estimators 100
SVR gamma 1.0
Decision_Tree max_depth None
alpha 0.9

Gradient_Boosting leaming_rate 0-1

max_depth 3

n_estimators 100

Xgboost learning_rate 0.1
n_estimators 100

learning_rate 0.1

Lightgbm max_depth -1
n_estimators 100
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Table 3 Evaluation indicators and calculation formulas
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Fig. 3 Comparison of Bagging ensemble, Boosting ensemble, and Single models in prediction performance
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Fig. 4 Comparison between the real and predicted values of the Stacking model: (a) training set; (b) validation set
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Prediction of frozen silty sand shear strength based on four ensemble
learning methods: Boosting, Bagging, Stacking, and Voting

ZHAO Na, WANG Shiwang, WANG Laigui, MI Yakuan, DING Mingrui

(School of Mechanics and Engineering , Liaoning Technical University, Fuxin 123000, Liaoning, China)

Abstract: Traditional laboratory tests for determining the shear strength of frozen soil are time-consuming, la-
bor-intensive, and unable to meet the dynamic prediction requirements of cold-region engineering. To address
these limitations, this study aims to develop an efficient and interpretable prediction framework for frozen soil
shear strength based on ensemble learning techniques. Specifically, four ensemble strategies—Boosting, Bag-
ging, Stacking, and Voting—were employed to integrate multiple base learners and to investigate the effects of
different ensemble mechanisms on model performance. Silty sand collected from the Inner Mongolia region was
selected as the research material. Through a series of laboratory direct shear tests, a dataset containing 768 sam-
ples was established, with freezing time, freezing temperature, moisture content, axial pressure, and shear
strength serving as key features. A total of 27 models, including single base models, Bagging ensembles, and
Boosting ensembles, were constructed and compared in terms of predictive accuracy. The nine best-performing
models were then selected as base learners for constructing Stacking and Voting ensemble models. Model perfor-
mance was comprehensively evaluated using the coefficient of determination (R*), mean absolute error (MAE) ,
and mean squared error (MSE), and the influence of each feature was examined through feature importance anal-
ysis. The results demonstrate that the Stacking model achieved superior overall performance (R*=0. 998, MAE=
1.7091, MSE=6. 4233) , outperforming the Voting model (R=0.9979, MAE=1. 6864, MSE=6.7903). Both
models exhibited consistent feature importance rankings, namely: moisture content > freezing time > freezing
temperature > axial pressure. These findings indicate that moisture content and freezing time are the dominant
factors controlling the shear strength of frozen soil. In conclusion, this study confirms that an appropriately de-
signed ensemble learning strategy can achieve high-accuracy predictions using a small number of easily measur-
able parameters. The proposed approach not only reduces the cost and time of traditional testing but also enhanc-
es model interpretability. It provides an effective, economical, and scientifically robust method for predicting
the shear strength of frozen soil, offering valuable insights for stability assessment and design optimization in
cold-region geotechnical engineering.

Key words: silty sand; shear strength; ensemble learning; feature importance; interpretability analysis

(TEHZ: A1)



