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Enhanced prediction of slope stability and failure distance using hyperparameter

tuning and polynomial features
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Abstract

This study presents an extensive analysis of slope stability using various machine learning (ML) models, focusing on
hyperparameter tuning and feature importance and model validation for predicting factor safety (FS), slope failure
distance relative to the height of the slope, and the safety level of the slope. The input parameters include cohesion
(C), internal friction angle (Phi), slope angle (Slope), and height of the slope (H). The performance of each model was
assessed using Mean Absolute Percentage Error (MAPE), Mean Squared Error (MSE), and R-squared (R?) for
regression tasks, while classification tasks were evaluated using accuracy, precision, recall, F1-score, and Area Under

the Curve (AUC). The analysis demonstrates the efficacy of different ML models. The model that performed well in
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both regression and classification is the Random Forest. The use of polynomial features significantly improved the

performance of linear methods, while hyperparameter tuning greatly enhanced the performance of Support Vector and

MLP models.

Keywords: Slope stability analysis, machine learning, slope failure distance
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Table 1 Summary statistics of all input and output variables
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Table 2 The hyperparameters utilized by implemented predictive models

Model Hyperparameters Values Used Best for
[Default] Regression Classification
FS L/H Criterion
Ridge alpha [1.0] 1e-06, 1e-05, 1e-04, 0.001, 0.01, 0.1, 1 1e-06 1e-06
Lasso alpha [1.0] 1e-06, 1e-05, 1e-04, 0.001, 0.01, 0.1, 1 1e-06 1e-06
EN Alpha [1.0] 1e-06, 1e-05, 1e-04, 0.001, 0.01, 0.1, 1 1e-06 1e-06
I1_ratio [0.5] np.linspace (0, 1, 5) 0.0 0.0
LgR C [1.0] 05,1,5 0.5
max_iter [100] np.arange (50, 1000, 50) 50
KNR metric ['minkowski’] ‘euclidean’, ‘manhattan’, ‘minkowski’ ‘euclidean’  ‘euclidean’
n_neighbors [5] 1,2,83,57 1 1
weights [‘uniform’] ‘uniform’, ‘distance’ ‘uniform’ ‘uniform’
KNC n_neighbors [5] range (1, 21) 6
Weights [‘uniform’] ‘uniform’, ‘distance’ ‘distance’
P [2] 1,2 1
SVR Kernel ['rbf’] ‘linear’, ‘poly’, ‘rbf ‘linear’ ‘linear’
C[1.0] 0.001, 0.01, 0.1, 1, 10, 100 0.001 0.0001
Epsilon [0.1] 0.00001, 0.0001, 0.001, 0.01, 0.1 1e-06 1e-06
SvC C[1.0] 0.01, 0.1, 1, 10, 100 100
gamma ['scale’] 0.01, 0.1, 1, 10 0.01
DTR criterion [‘squared_error’] ‘squared_error’, ‘friedman_mse’, ‘abso-  ‘squared_er- ‘squared_er-
lute_error’, ‘poisson’ ror’ ror’
min_samples_split [2] 2,4,8 2 2
DTC max_depth ['None’] 3,5,7,9, ‘None’ 7
min_samples_split [2] 2,5,10 5
min_samples_leaf [1] 1,3,5 3
XTR n_estimators [100] np.arange(10,100,5) 50 50
min_samples_split [2] 2,4,8 2 2
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Table 2 The hyperparameters utilized by implemented predictive models (continue)

115

Model Hyperparameters Values Used Best for
[Default] Regression Classification
FS L/H Criterion
XTC max_depth ['None’] 3,5,7,9, ‘None’ 9
min_samples_split [2] 2,5,10 10
RFR n_estimators [100] 50, 100, 200, 300 50 50
min_samples_split [2] 2,4,8 2 2
RFC n_estimators [100] 100, 200, 300 300
max_depth ['None’] 3,5,7,9, ‘None’ 9
max_features ['sqrt’] ‘'sqrt’, ‘log2’ ‘log2’
BR, n_estimators [10] 5, 10, 50, 100, 500, 1000 5 5 50
BC max_samples [1.0] np.arange(0.4, 0.8, 0.05) 0.5 0.5 0.7
GBR, n_estimators [100] 50, 100, 200, 300 50 50 50
GBC learning_rate [0.1] 0.01, 0.05, 0.1, 0.5, 1 0.01 0.01 1
min_samples_split [2] 2,4,8, 2 2 3
ABR, n_estimators [50] 25, 50, 100, 200 25 25 100
ABC learning_rate [1.0] 0.01, 0.05, 0.1, 0.5, 1.0 0.1 0.01 0.1
CBR Depth [6] 2,3,5,8 2 2
CBC learning_rate [0.3] 0.0001, 0.001, 0.01, 0.05, 0.1 0.0001 0.00001 0.05
Iterations [1000] 500, 1000, 1500, 2000 500 500 500
LS Kernel [‘rbf’] rbf, ‘knn’ ‘knn’
Alpha [0.2] 1.e-03, 1.e-02, 1.e-01, 1.e+00, 1.e+01, 1. 0.001
e+02
max_iter [30] 50, 100, 200 50
MLPR, hidden_layer_sizes [100]  (300,200,100), (270,180,90), (240,160,80), (300,200,100) (300, (240,160,80)
MLPC (210, 140, 70) 200,100)
Activation [‘relu’] ‘identity’, ‘logistic’, ‘tanh’, ‘relu’ ‘identity’ ‘identity’ ‘logistic’
max_iter [200] 100, 200, 400, 600, 1000 100 100 1000
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L#ulds ROC wazduAildnsnw Auc
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etal. (2013) Laua lduunIzaLlszAnTainuas AUC fe
AUC > 0.9 fiatoaatiiua (Excellent) 8¢32%319 0.8-0.9
fadun (Very Good), 8g3ewing 0.7-0.8 N1ad@ (Good),
9g3TIN 0.6-0.7 fiadwelt (Fair), 983z 0.5-0.6
fladud (Poor), uazénin 0.5 Badugann (Fail)
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Table 3 Safety factor regression prediction performance

hyperparameter tuning and polynomial features
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U3LANTAIWNIIVINNY (Tien Bui et al., 2019)
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Table 4 Slope failure distance regression prediction performance
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076

L/H
Normal Feature Polynomial Feature Hyperparameter Tuning
Model R® |R® R® | R R” | R®
MAPE [MSE MAPE [MSE MAPE [MSE
Train| Test Train| Test Train| Test
LR | 0.24 | 0.64|0.68(0.71] 0.22 | 0.48( 0.80| 0.78
Ridge| 0.24 | 0.64 | 0.68(0.71] 0.23 | 0.48|0.80|0.78| 0.24 0.64|0.68(0.71
Lasso| 0.28 (0.71)|0.64]0.68| 0.26 | 0.68]|0.69|0.69| 0.24 0.64(0.68|0.71
EN | 0.27 | 0.69(0.65|0.68] 0.25 | 0.58|0.74|0.73| 0.24 0.64|0.68(0.71
KNR'| 0.26 | 0.58( 0.80(0.74] 0.26 | 0.60( 0.80| 0.73| 0.31 0.93 0.58
0.23 | 0.64 0.24 | 0.75
0.2 |0.61 0.20 | 0.67

1.20| 0.46] 0.45
0.57(0.76| 0.74
2.19(0.01] 0.00
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Table 5 Performance in predicting the safety level classification of soil slope.
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Multi-Model Multiclass ROC Curve
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Figure 6 ROC curves and AUC values of the classifier

models
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