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Abstract. The accurate prediction of undrained shear strength is of significant importance in areas such
as slope stability, earthquake resistance, and pile foundation design. Therefore, enhancing the accuracy
of undrained shear strength prediction is crucial. The research results indicate that employing the KMR
model can improve the computational accuracy by 4.4% to 18.9%. Furthermore, compared to
conventional empirical formulas, the KMR model evidently processes data more rapidly and can predict
relevant parameters more accurately. This method provides a new research idea to some extent for
addressing the issue of low prediction accuracy of traditional machine learning models for geotechnical
parameters.
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1. INTRODUCTION

The undrained shear strength, representing the ultimate capacity of soil to resist shear damage under
specific stress conditions and undrained conditions, plays a crucial role in ensuring the safety of geotechnical
projects, including highway foundations, dams, and high-rise buildings [1, 2]. Therefore, the reliable
assessment of undrained shear strength is a vital task in geotechnical engineering design.

Currently, undrained shear strength is primarily determined through a variety of indoor and field tests
[3]. Among these, more region-specific methods such as the cross-plate shear test are commonly used in certain
areas, particularly in Asia. However, results from indoor tests may be susceptible to inaccuracies due to
sampling disturbances, and it has been observed that these results can be significantly lower than those obtained
in field tests [4]. Additionally, findings from sampling test experiments are often not easily generalized.

To enhance the accuracy and applicability of obtained results, some researchers have proposed empirical
formulas to estimate undrained shear strength based on extensive testing experiments [5—7]. Nevertheless,
these empirical formulas often overlook factors such as soil structure, sensitivity, mineralogical aging, and
geological genesis. They fail to capture the high-dimensional nonlinear relationships in the data, rendering the
calculation methods unable to flexibly adjust parameters based on actual conditions. Consequently, this leads
to a lack of stability in predicting results, which may fluctuate between accuracy and inaccuracy.

With the rapid advancement of computer technology, an increasing array of computer technologies has
found applications in the geotechnical field. Particularly, machine learning algorithms have demonstrated
remarkable efficacy in geotechnical calculations [8, 9]. However, a singular machine learning model often
grapples with the challenge of accurately describing the intricate relationship among various geotechnical
parameters, resulting in suboptimal model accuracy. Consequently, some scholars have begun to explore
computational methods with heightened superiority [10, 11].
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In light of these, the study proposes an advanced KMR (KNN-MLP-RF) stacking model for predicting
undrained shear strength, aiming to maximize the amalgamation of accuracy and generalization capabilities
from individual base models. A comparative analysis of the stacked model’s results with those of the base
model and empirical formulas indicates a significant enhancement in the prediction accuracy of undrained
shear strength. This underscores the model’s ability to effectively integrate diverse base models, address
drawbacks and limitations inherent in individual models, and ultimately enhance prediction accuracy.

2. MATERIALS AND METHODS

2.1. Materials

This article utilizes data from clay databases in Jiangsu and Zhejiang, comprising a total of 170 samples
[12, 13], mainly collected from Quaternary soils. The geological settings of these sites included the abandoned
Yellow River floodplain, lagoons, the Yangtze Delta, the Yangtze marine environment, and the Yangtze
floodplain. Specifically, we focused on the cohesive soils from these locations. Undisturbed soil samples were
collected at 1.0-meter intervals up to a depth of 25 meters using a 76 mm fixed piston sampler. Once extracted,
the samples were sealed with wax at both ends to preserve their integrity. The primary method for acquiring
the dataset involves on-site testing. The measured parameters selected in this study include cone tip resistance
(g:), side friction resistance (f;), pore water pressure (u2), shear wave velocity (V;), overconsolidation ratio
(OCR), sensitivity (S;), and undrained shear strength (S,). g: describes the failure strength of the soil at the in-
situ stress and it is therefore commonly related to the undrained shear strength S,. QT is normalized cone tip
resistance. FS is normalized side friction resistance, refers to the resistance encountered by an object, such
as a pile or a cone in a cone penetration test (CPT), as it moves through soil. It is a measure of the frictional
force between the surface of the object and the surrounding soil, which contributes to the overall resistance
during penetration. BQ is the pore pressure parameter. VS is the normalized speed at which shear waves (a
type of seismic wave) travel through a material. In geotechnical engineering, it is used to evaluate the stiffness
and elastic properties of soils and rocks. OCR is the overconsolidation ratio. SU is the undrained shear
strength ratio.

To mitigate the influence of in-situ stresses on the dataset, normalization and dimensionless processing
are performed according to formulas (1) to (7) [14]:

QT = (q: — 0-1;0)/0'1,70 (1)

FS = fS/O-ISO (2)

BQ = (uz — u)/(qt — 0v0) 3)
0.25

vs = 1 (2+) @

OCR = OCR (5)

ST = S, (6)

SU = Su/o-éo (7)

where p, is the reference pressure, set to 100 kPa (standard atmospheric pressure), o, is the total vertical
stress, oy, is the vertical effective stress.

The mean (Mean), standard deviation (c), maximum value (Max), and minimum value (Min) after
normalization are presented in Table 1. Within this local database, only VS exhibits a notable standard
deviation of 32.454, attributed to the substantial variation in the data. Conversely, the remaining parameters
have relatively small deviations, all less than 5, and do not significantly impact the overall consistency.
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Table 1

Statistical analysis of research variables

Variable Max Min Mean c
QT 23.490 1.760 6.620 4.096
FS 1.079 0.015 0.227 0.223
BQ 1.004 0.088 0.561 0.188
VS 257.486 86.179 133.862 32.454

OCR 7.652 1.003 2.014 1.084
ST 25.713 1.068 5.168 4.636
SU 0.965 0.113 0.441 0.196

2.2. Method

Bayesian optimization was first applied to the base model, which was to improve the accuracy and
generalization of the base model. In addition, to assess the superiority of the KMR model, five base models
(KNN, MLP, RF, SVR and XGBoost) are selected as the basis for this study. These five algorithms are also the
most commonly used basic algorithmic models for machine learning and are highly applicable [14—18]. Three
of these models are arbitrarily selected to construct a stacked model for computational analysis, and the results
obtained are compared with those of the target model (the KMR stacked model) to analyse the superiority of
the model.

Among them, the Bayesian optimisation algorithm is based on the Bayesian principle to find a kind of
functional relationship between the loss function and hyper-parameters [19], which can find the optimal
combination of hyper-parameters in the shortest time.

Stacking represents an integrated model framework for hierarchical computation; it is not an algorithm
but a high-level integration strategy. Typically, stacking involves a two-level network. Level 0 comprises
various base models [20, 21]. Using k-fold cross-validation, predictions are made for the original training
dataset. For level 1, the model takes the output of the base models from level 0, along with the original training
dataset. The average of the test dataset from the level 0 model is then used for prediction, resulting in the
completion of the model.

After dividing the dataset into training and test sets with a 7:3 ratio and normalizing the dataset (Equation
8), the training set is further split into five parts (Trainl, Train2, Train3, Train4, Train5). Each part is used as
the validation set in turn, while the remaining four parts serve as the training set. The model undergoes training
using a 5-fold cross-validation, leading to predictions. This process yields predicted values for all training sets
on the base model, with the averages of the five test sets forming the final prediction. Subsequently, the
predicted and measured values from different models are utilized as a new training set for further training. The
model is then employed to make predictions on this new test set, and the results constitute the final prediction

of the stacked model (Fig. 1).

X — Xmin
Xnor=  _ - (&)

Xmax — Xmin

where x,,, is the value of the variable, xmin and xmax are the minimum and maximum values of the variable,

respectively.
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Fig 1 — Schematic diagram of the stacked model calculation.

2.3. Evaluation indicators

RMSE, R? and MAPE error indicators are used to assess the strengths and weaknesses of the model’s
computational results. The RMSE reflects the difference between the measured data and the predicted data. R?
reflects the overall fit of the model curve, with a value closer to 1 indicating a better fit. Given the small
variability in the SU range (0—1.2), MAPE is particularly effective in assessing the error between measured
and predicted values. The calculation formula for the evaluation indices is as follows:

n
1 A
RMSE= |- (7 = )2 ©
i=1
100 |
MAPE = - Z y‘y. Yi [%] (10)
i=1 t
N v )2
RZ — 1 _Zl=1(yl yl) (11)

Z?:l(:;’i —¥i)?

where J; and y;Petively represent the predicted values and true values on the test set, and j is the average value.

3. RESULTS AND DISCUSSION

3.1. Bayesian optimization results

The Bayesian optimization calculations were executed in the Python language environment utilizing the
hyperopt library. The optimization metric was analyzed using the RMSE, commonly employed in regression
algorithms (Eq. 11). The number of iterations for the model was set to 1000, and the results are presented in
Table 2.
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Table 2

The result of hyperparametric

Models hyper-parameter (optimal value)
KNN n_neighbors (5)
SVR C (3.379); epsilon (0.123); gamma (0.001)
MLP hidden_layer sizes (128,64,64); max_iter (20000)
RF max_depth (18); max_features (2); min_samples leaf (2);min_samples_split (7); n_estimators (47)

n_estimators (393); learning_rate (0.029); in_child weight (15);max_depth (14); subsample

XGBoost (0.864); colsample_bytree (0.805);gamma (1); reg_alpha (0.101); reg_lambda (0.104)

Individually, the RF and XGBoost models outperformed KNN, SVR, and MLP significantly. The model’s
RMSE ranged from 0.089 to 0.112, R* ranged from 0.513 to 0.658, and MAPE ranged from 21.40 to 29.55
(Fig. 2). Overall, the model exhibited improved performance following hyperparameter optimization.

Specifically, it is evident that the KNN model is more accurate in predicting SU within the range of
0-0.65, the SVR model excels in predicting SU within the range of 0.2—0.65, the XGBoost model demonstrates
higher accuracy in predicting SU within the range of 0 — 0.70, MLP proves to be more accurate in predicting
SU within the range of 0.2 — 0.8, and the RF model exhibits greater accuracy in predicting SU within the range
of 0.2 — 0.6. The optimized values resulted in enhanced accuracy across the board.
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Fig. 2 — The test results of base models after optimization.

3.2. Results of the stacked model

After subjecting the foundational model to the stacked model process, we derived prediction accuracies
for all stacked models on the test set, as illustrated in Fig. 3. The root mean square errors (RMSE) for the three
stacked models range from 0.0852 to 0.101, the R-squared (R?) values range from 0.571 to 0.702, and the mean
absolute percentage errors (MAPE) range from 19.68 to 26.5. Upon analyzing the results, it is evident that the
accuracies of the three stacked models surpass those of individual models, signifying a notable enhancement
in overall model accuracy. This substantiates the efficacy of stacked models in effectively amalgamating the
strengths of base models.
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Fig. 3 — Stack model prediction results on test set.

Furthermore, Fig. 3 indicates that K-nearest neighbors (KNN) plays a pivotal role in elevating model
prediction accuracy, outperforming support vector regression (SVR). Particularly, when KNN is integrated
with multilayer perceptron (MLP) and random forest (RF) models, there is a significant enhancement in model
accuracy. Additionally, a comparison of stacked models involving RF and XGBoost, the two mainstream
integrated models, reveals that the KNN-MLP-RF model outshines all other combinations. This underscores
the superior predictive accuracy of the KNN-MLP-RF stacked model, showcasing its adept integration of each
model’s advantages and emphasizing its substantial superiority in prediction accuracy.

3.3. Comparative analysis of stacked models and empirical formulations

Undrained shear strength was estimated using empirical equations proposed by Robertson et al. (2020),
Senneset et al. (1985) and Jamiolkowski et al. (1985) [22—24]. These formulae were adapted to suit the SU
calculations, resulting in equations 12 to 14:

(qt - 0-1;0)/0'1;0

SU=s,/0,, = Ner 12)
—u,)/o,
SU = s, /ol = (e —u2)/ 0% (13)
NiE
SU = s, /04, = (0.23 4 0.04)(OCR®®) (14)

The total cone tip coefficient Nyr has a range of 11 to 19, while the effective cone tip coefficient Niz
ranges from 6 to 12. QT, defined in this paper as (q; — 0y0)/ 0%, However, formula (13) is derived based on
normally consolidated soil, and in this study, the OCR 1is consistently greater than 1, indicating
overconsolidated soil. Therefore, for calculations, formula (12) and formula (14) are selected.

As Niris an empirical parameter, an optimization algorithm is employed to determine its value, with
RMSE as the regression optimization criterion. After calculations, when N;r equals 16, formula (12) exhibits
the best predictive accuracy, yielding an RMSE of 0.111 (Fig. 4a). According to formula (14), SU shows a
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linear relationship with OCR 0.8. To determine the optimal coefficient value, we analyze the end values of
(0.23+0.04). Upon calculation, when the coefficient is set to 0.27, the RMSE is 0.101. When the coefficient is
0.19, the RMSE is 0.128. Since a smaller RMSE indicates better predictive accuracy, the coefficient of 0.27 is
chosen.

, = KMR
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Fig. 4 — Analysis of empirical equations results: (a) Intelligent optimization results for Nir;
(b) Prediction results of empirical formula and KMR model.

Comparing the predicted results with empirical formulas (Fig. 4b), it is observed that the accuracy of the
KMR model far exceeds that of the empirical formulas. Results from formula (14) slightly outperform those
of formula (12), indicating that OCR has a greater impact on undrained shear strength. When SU values range
from 0.6 to 1.2, the calculated values from the empirical formula deviate significantly, suggesting its
inapplicability in predicting SU under these conditions.

Therefore, in situations where empirical formulas are not applicable, employing the KMR (KNN-MLP-
RF) model provides a better prediction of the undrained shear strength of clay, ensuring the accuracy of various
parameters during engineering implementation.

3.4. Parameters importance analysis

In soil mechanics, it is well-understood that the undrained shear strength (Su) of soil is influenced by
several key parameters, including cone tip resistance QT, pore water pressure, and overconsolidation ratio
(OCR). These factors are closely related to the soil’s stress history, consolidation state, and effective stress
conditions, which directly impact its strength and deformation characteristics. For instance, OCR is a crucial
factor as it reflects the soil’s previous loading history, where a higher OCR typically indicates a soil that has
been pre-consolidated to a greater stress than it currently experiences, leading to higher shear strength.
Similarly, QT, measured from cone penetration tests, is an indicator of the soil’s resistance to penetration,
which correlates with its stiffness and shear strength. Pore pressure plays a significant role in effective stress
and, consequently, in determining Su, especially in undrained conditions where changes in pore pressure can
lead to variations in soil strength.

To quantify the influence of these parameters, we conducted a feature importance analysis using the
Random Forest (RF) model’s feature importances attribute and Spearman’s correlation coefficient (7). The RF
model, implemented via Python, provided a ranking of parameters based on their relative importance to Su,
while (7;) was used to assess the correlation between pairs of variables, calculated using equation as follow
[25]:

6 2(x; — yi)°

s =17 n(n?—1) (15)

The results consistently showed that OCR has the greatest impact on Su, followed by QT, side friction
resistance, shear wave velocity, and pore pressure parameter. This ranking is consistent with soil mechanics
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principles, where OCR’s dominance is expected due to its direct relationship with the soil’s pre-consolidation
and stress history, which governs the stiffness and strength of the soil. The significant influence of QT is also
anticipated, as it reflects the overall soil resistance, which correlates with shear strength. FS, representing side
friction during penetration testing, and VS, indicating soil stiffness through shear wave propagation, further
contribute to understanding the soil’s shear strength. The relatively lower influence of BQ aligns with its more
indirect relationship to Su.

Although the exact numerical values of feature importance differ between the RF model and Spearman’s
correlation analysis, the consistent trend observed in the rankings validates the robustness of our approach.
Moreover, these findings are supported by empirical equations commonly used in geotechnical engineering,
demonstrating that our model not only performs well mathematically but is also firmly grounded in soil
mechanics theory. By integrating these principles into our analysis, we ensure that the results are both
scientifically sound and practically applicable.

QT

FS

BQ

VS

OCR

ST EE -, B rr

0.3 0.2 0.1 0.0 0.1 0.2 0.3
Sensitivity

Fig. 5 — Sensitivity for different parameters.

4. CONCLUSION

This paper introduces a method based on the KMR stacking model to enhance the prediction accuracy
of undrained shear strength for clay. Through a comprehensive comparative analysis of the strengths and
weaknesses of the base model, stacking model, and empirical formulas.

In the comparative analysis between stacking models and single base models, the stacking models
successfully integrate the advantages of the base models, resulting in improved calculation accuracy. However,
the degree of improvement in calculation accuracy varies for different models, with the minimum increase
being only 1.5%. In contrast, the KMR model more effectively integrates the algorithmic strengths of each
model, achieving higher accuracy and a maximum improvement of 18.9%.

Comparisons between stacking models and empirical formulas in calculation results indicate that the
KMR stacking model provides more accurate predictions of undrained shear strength. Moreover, even in cases
where SU values are relatively high and the calculated values from empirical formulas deviate significantly,
this method still delivers relatively accurate results, demonstrating the robustness of the model.

Therefore, the KMR stacking algorithm not only enhances the prediction accuracy of undrained shear
strength but also provides a reference for feature selection in predicting soil parameters. This holds significant
reference value and importance for the safe implementation of work in geotechnical engineering and related
fields.
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