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ABSTRACT

RESUMEN

Este estudio compara métodos empíricos tradicionales y modelos de aprendizaje automático (ML) para estimar la re-
sistencia al corte no drenada (su) de arcillas sensibles en la región de Saguenay, Canadá, utilizando mediciones SCPTu 
de seis sitios, con profundidades de penetración de 10 a 40 m. Los parámetros SCPTu (qt, fs, u2, y Vs) se registraron a 
intervalos de 0,5 m hasta los 20 m de profundidad, mientras que los ensayos de corte con veleta de campo (FVT) se rea-
lizaron a intervalos de 1 m entre 2 y 20 m, en los mismos puntos que las mediciones SCPTu para asegurar la compara-
bilidad directa. Estos conjuntos de datos emparejados permitieron el desarrollo de correlaciones empíricas específicas 
de la región entre los parámetros SCPTu y su, así como el entrenamiento y la evaluación de varios modelos de regresión 
ML. Entre los seis algoritmos considerados, Random Forest y XGBoost demostraron la mayor precisión predictiva 
(R2 de hasta 0,95), superando a los enfoques clásicos. Los resultados destacan la efectividad de integrar datos SCPTu
con técnicas de ML para mejorar la estimación de su en arcillas sensibles sobreconsolidadas y enfatizan la importancia 
de la calibración enfocada en la región para el diseño geotécnico.

This study compares traditional empirical methods and machine learning (ML) models for estimating the undrained 
shear strength (su) of sensitive clays in the Saguenay region of Canada using SCPTu measurements from six sites, with 
penetration depths ranging from 10 to 40 m. SCPTu parameters (qt, fs, u2, and Vs) were recorded at 0.5 m intervals up 
to 20 m depth, while field vane shear tests (FVT) were conducted at 1 m intervals between 2 and 20 m, co-located with 
SCPTu points to ensure direct comparability. These paired datasets enabled the development of region-specific empi-
rical correlations between SCPTu parameters and su, as well as the training and evaluation of multiple ML regression 
models. Among the six algorithms considered, Random Forest and XGBoost demonstrated the highest predictive accu-
racy (R2 up to 0.95), outperforming classical approaches. The findings highlight the effectiveness of integrating SCPTu 
data with ML techniques to enhance su estimation in overconsolidated, sensitive clays and emphasize the importance of 
region-focused calibration for geotechnical design.

Análisis comparativo de enfoques tradicionales y de aprendizaje automático para la estimación de la resistencia 
 al corte no drenado a partir de datos de SCPT
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1. Introduction

Sensitive clay deposits are widespread in Eastern Canada, especially in 
the southern part of Quebec. The presence of extensive sensitive clay deposits 
with catastrophic landslide scars (1971: Saint-Jean-Vianney landslide; 2021: 
Kuujjuarapik/Whapmagoostui landslide) makes the Quebec province an 
unstable area that is prone to large retrogressive landslides (Tavenas et al., 
1971; Fournier et al., 2022). The undrained shear strength (su) and remoulded 
shear strength are the most widely used geotechnical characteristic of sensitive 
clay for the reliable stability analysis of natural slopes and foundations (Duan 
et al., 2019; Tran et al., 2022). Accurate estimation of su of sensitive clays is 
no trivial task (Kulhawy, 1992). Numerous types of laboratory and in-situ 
tests are available to determine su. However, the challenge of obtaining high-
quality sensitive clay samples without sample disturbance and stress release for 
laboratory tests to determine su has led to greater reliance on in-situ testing (Low 
et al., 2010). Degago et al., (2025) demonstrated that conventional total-stress 
approaches relying on fixed anisotropy factors and laboratory-derived su values 
may lead to misleadingly low calculated undrained factors of safety for natural 
slopes, particularly when the initial in-situ effective stress state and principal 
stress orientation are not adequately represented. Compared to laboratory tests, 
in-situ tests generally offer more reliable and convenient measurements of 
soil shear strength (Alshibli et al., 2011). Field vane shear test (FVT) and 
piezocone penetration test (CPTu) are the most commonly adopted in-situ 
tests along with dilatometer (DMT) and full flow penetrometer for field 
investigation of soft sensitive clays (Lefebvre et al., 1988; Nakamura et al., 
2009; Shin and Kim, 2011).  

In particular, the CPTu measures several important factors for profiling 
geostratigraphy and geotechnical properties during routine site investigations 
(Mayne et al., 2015). These measurements include cone tip resistance (qt), 
sleeve friction (fs), and porewater pressure (u2). Moreover, the CPTu has proven 
to be an effective tool in geotechnical site characterization, addressing various 
aspects including soil classification, estimation of soil properties, assessment 
of liquefaction potential, assessment of effects of ground improvement, and 
prediction of pile capacity (Cai et al., 2009; Rezania et al., 2010; Shin and Kim, 
2011; Miao et al., 2011; Mohammed et al., 2013; Dariani and Ahmadi, 2018; 
Liu et al., 2020). CPTu has long been used as an in-situ test for estimating 
the undrained shear strength (su) of soft clays, with its application dating back 
several decades. More recent studies have focused on refining CPTu-based 
correlations and improving their reliability for soft sensitive clays under varying 
stress and geological conditions (Cai et al., 2010; Duan et al., 2019; Knuuti and 
Länsivaara, 2019). In addition to this, employing the CPTu to determine the 
(su) of soil can aid in understanding stress release and soil disturbance resulting 
from laboratory sampling (Liu et al., 2021). Despite this, it has also been well-
accepted that the su cannot be measured directly from CPTu measurements and 
must rely on specific correlations. Numerous empirical approaches have been 
proposed to estimate undrained shear strength (su) from CPTu measurements, 
typically expressed through cone factor correlations using parameters such as 
corrected cone resistance, excess pore pressure, and effective tip resistance 
(Wride et al., 2000; Miura et al., 2003; Kim et al., 2009; Hong et al., 2010; 
Ebrahimian et al., 2012; Mantaras et al., 2015; Bol et al., 2019; Liu et al., 2021). 

A wide range of empirical cone factors has been reported in the 
literature, reflecting variations in soil type, structure, and stress history. For 
overconsolidated clays, studies have documented Nk values generally between 
8–30 (Remai, 2013; Liu et al., 2020) and Nkt values between 5–30 (Robertson 
and Cabal, 2015) with commonly cited averages near 13–17 (Kim et al., 
2009). Cone factors based on excess pore pressure, such as N∆u and N∆umax, 
also exhibit considerable variability, with typical values ranging from 4–10 for 
normally consolidated clays (Lunne et al., 2002; and slightly higher values for 
overconsolidated deposits (Mantaras et al., 2015; Duan et al., 2019; Liu et al., 
2021). These cone factors vary widely across soil types and stress histories, 
often spanning an order of magnitude. This variability underscores the need 
for site-specific calibration, especially in sensitive and overconsolidated clays. 
The SCPTu offers the added advantage of providing shear-wave velocity 
(Vs), which has also been correlated to su due to their shared dependence on 
effective stress and soil stiffness. Several correlations between Vs and su 
have been proposed in the literature, reflecting their common dependence on 
effective stress, void ratio, and soil structure (Agaiby and Maine, 2015; Long 
et al., 2013; Oh et al., 2017; L’Heureux and Long, 2017; Trafford and Long, 
2020). Many of these studies relied on laboratory-measured Vs or site-specific 

seismic testing methods. Although the SCPTu has been available for more than 
four decades (Mayne et al., 2015), the systematic use of in-situ Vs obtained 
directly from SCPTu measurements for developing Vs and su correlations has 
received comparatively limited attention in the literature prior to Duan et al. 
(2019). Furthermore, the generic empirical correlations available are often site-
dependent, contributing to uncertainty in the estimation of su when applied to 
sensitive clays without local calibration. These limitations reinforce the need 
for region-specific empirical models based on co-located SCPTu and field vane 
shear test (FVT) measurements.

In parallel, machine learning (ML) techniques have increasingly been 
applied to geotechnical prediction problems, demonstrating their ability to 
capture nonlinear relationships that traditional empirical methods may not fully 
represent. Although advanced hybrid models, such as GA-RBFNN, ANFIS-
PSO, and symbolic regression approaches (El-Bosraty et al., 2020; Tran et al., 
2022; Länsivaara et al., 2023), have shown promise, they often require large, 
diverse datasets, extensive parameter tuning, and significant computational 
effort, limiting their practicality in routine engineering workflows. In contrast, 
classical ML models, including Support Vector Regression (SVR), Random 
Forest (RF), and Extreme Gradient Boosting (XGB), offer an effective 
compromise: they are computationally efficient, interpretable, and sufficiently 
robust for moderate-sized geotechnical datasets, making them well suited for 
SCPTu-based su prediction.

Despite the widespread use of CPTu and SCPTu for characterizing soft 
clays, few studies have explored the integration of SCPTu parameters with 
ML models, and even fewer have developed models specifically tailored to the 
sensitive, overconsolidated clays of the Saguenay region. This gap limits the 
reliability of strength estimates required for infrastructure design in this area, 
including slope stability assessments, foundation analyses, and embankment 
evaluations.

Accordingly, the present study aims to (1) develop region-specific 
empirical correlations between SCPTu measurements and su obtained from 
FVT tests, (2) evaluate the performance of traditional empirical methods, and 
(3) compare them with well-established classical ML models for predicting su. 
By combining rigorous in situ measurements with efficient ML techniques, 
this research provides improved tools for estimating su in sensitive clays and 
contributes to safer and more reliable geotechnical design practices in the 
Saguenay region.

2. Site characterization

2.1. Site description

A comprehensive geotechnical investigation was conducted in the city 
of Saguenay located in the province of Quebec, Canada (Latitude: 48.42° N & 
Longitude -71.06° E) covering a land area of 1136 km2. The city, which is dived 
into three districts, is situated in hilly terrain with a predominance of fine post-
glacial sediments or sensitive clays as can be seen from the surficial geology 
map (Figure 1). The main urban centers in the Saguenay region, Jonquière, 
Chicoutimi, and La Baie, as well as the Rio Tinto Alcan facilities, are built 
on these clay deposits (Bouchard et al., 1983). Approximately 10,000 years 
ago, during the retreat of the Wisconsin glaciers, the lowlands of the Saguenay 
region were invaded by the Laflamme Sea. This invasion was more recent and 
of shorter duration than the retreat of the St. Lawrence Valley by the Champlain 
Sea. As a result, fine post-glacial sediments containing salty interstitial water 
were deposited in the area. The post-glacial sediments deposited by the 
Laflamme Sea are therefore distinct from the Champlain clays, which have 
been extensively studied in eastern Canada (Bouchard et al., 1983). As the 
deposition period increases along with topographical uplift, the salty interstitial 
water of the initial deposition was reduced by activities, such as significant 
local influxes of freshwater deposition, leaching, or diffusion, leading to the 
development of sensitivity of fine post-glacial sediments (Torrance 2014; Yin 
et al., 2022). The sensitive clay thickness varies from 10-100 m and is slight 
to moderately overconsolidated with a mean over-consolidation ratio (OCR) 
value of 6.5. Robertson and Cabal (2015) method was used to interpret the 
OCR value based on the SCPTu data. The natural water content ranges from  
33-61 and the plasticity index of the sensitive clay is about 15%. The 
representative values of sensitive clay geotechnical characteristics are 
summarized in Table 1. In the Saguenay region, sites containing sensitive clays 
were selected for performing SCPTu and field vane shear tests.
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Figure 1. Simplified surficial geology of Saguenay showing districts and SCPTU 
and vane shear test locations (modified from Daigneault et al., 2011)

Table 1. Representative geotechnical properties of the sensitive clay in the study 
area (Demers and Leroueil, 2002)

Site
Water 

content 
(%)

Plastici-
ty index 

(%)

Liquidi-
ty index 

%< 2 μm 
(%) O.C.R  σ'

(kPa)

Chicoutimi 33 10 1.5 55 - -
Jonquiere 40 15 1.2 42 3.7-11 310-490
La Baie 37-61 17-28 0.7-1.4 34-52 2.4 400-600

2.2. Seismic piezocone penetration test

A field SCPTu was performed to develop correlations between undrained 
shear strength and SCPTu measurements for sensitive clays of Saguenay city. 
The SCPTu tests were performed by P2Risk research group of the University of 
Quebec at Chicoutimi, Canada in accordance with ASTM D5778: standard test 
method for electronic friction cone and piezocone penetration testing of soils. A 
standard type 2 piezocone with a base area of 10 cm2, an apex angle of 60°, and 
a sleeve friction surface area of 150 cm2 was used to perform SCPTu soundings 
at a penetration rate of 2 cm/s. The top of the piezocone has a dual-array seismic 
cone mounted on it. The installation of seismic sensors (typically geophones) 
enables the detection of the arrival of vertically propagating seismic body waves 
generated from a source on the ground surface. The time required for the shear 
wave to reach the seismic sensor is recorded and the shear wave velocity can be 
calculated using the cross-correlation algorithm. Vs measurements were recorded 
at 0.5 m depth intervals and the typical results of SCPTu soundings having qt, fs, 
u2, and Vs up to a penetration depth of 20 m are depicted in Figure 2. 

The SCPTu soundings were performed in clayey soil sites, and the sites 
are indicated as 30AF-2, 31AF-1, 40AF-1, 43AF-1, 45AV-1, and 45AT-1. 
SCPTu soundings were conducted at six sites within the Saguenay region, with 
penetration depths ranging from 10 m to 40 m below ground level. SCPTu 
parameters (qt, fs, u2, and Vs) were recorded at 0.5 m intervals, resulting in a 
total of [419] SCPTu data points after quality screening. Co-located field vane 
tests (FVT) were performed at 1 m depth intervals over the 2–20 m depth 
range, producing [89] valid FVT measurements. These paired SCPTu–FVT 
entries yielded a good number of final dataset of samples, which was used for 
developing empirical correlations and for training, validating, and testing the 
machine learning regression models.

Figure 2. Typical results of SCPTu soundings (40AF-1) at a study site

2.3. Field vane shear test

Field vane shear tests (FVT) are one of the very early and most popular 
in—situ tests in geotechnical engineering to measure su of clayey soils and 
sensitive clays. Depending on the site conditions, the FVT tests were performed 
in the same sites as SCPTu between depths ranging from 2-20 m. These tests 
were performed in accordance with ASTM D2573 for the development of 
correlations between SCPTu and FVT as well as for verification with CPT 
results.  

3. Machine learning models

3.1. Linear Regression (LR)

A supervised learning technique in machine learning (ML), linear 
regression is primarily used to predict a target or dependent variable based 
on available independent variables. Its core objective is to identify a linear 
relationship between the dependent variable and the independent variables, 
which forms the basis of its name.

3.2. Decision Tree Regressor (DTR)

DTR splits data at each node to create increasingly homogeneous groups, 
with splits often determined by minimizing mean squared error. This splitting 
continues until a stopping condition, like a maximum depth or minimum 
samples per node, is reached. By tuning hyperparameters such as maximum 
depth and minimum samples required to split, users can balance the model’s 
complexity and interpretability. Decision trees excel at capturing non-linear 
relationships and provide an intuitive, tree-like structure that’s easy to interpret.

3.3. Random Forest Regressor (RFR)

Random Forest (RF), proposed by Breiman (2001), is an ensemble 
learning algorithm that builds multiple decision trees during training by using 
bagging and random feature selection. The data is fed into numerous trees, each 
generated independently, and the final prediction is obtained by averaging (for 
regression) or voting (for classification) across trees. This process enhances 
accuracy and reduces overfitting, making RF highly effective for both 
classification and regression tasks across diverse datasets.

3.4. XGBoost Regressor (XGBR)

XGBoost (Chen and Gusterin, 2016) is a powerful tree-based boosting 
algorithm that iteratively builds decision trees to predict residuals from 
previous models. It prevents overfitting through regularization, limiting tree 
depth and controlling complexity. A learning rate hyperparameter scales 
residual corrections, avoiding overly aggressive adjustments. Users can specify 
the number of trees and iterations for model refinement. XGBoost excels in 
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handling large datasets, missing values, and capturing non-linear relationships, 
making it a highly efficient and accurate method for regression tasks.

3.5. K-Nearest Neighbors Regressor (KNN)

K-Nearest Neighbors is a non-parametric ML method used for regression 
and classification. KNN predicts values by averaging the outcomes of the 
k-nearest data points, making it effective for capturing local patterns in data. 
It’s easy to implement and interpret, though it can be computationally intensive 
with large datasets.

3.6. Support Vector Regressor (SVR) 

Introduced by Vapnik (1999), SVR is an effective method for nonlinear 
regression. It divides data into training and testing sets, mapping training 
samples into a high-dimensional feature space. By fitting an optimal decision 
function in this space, SVR captures complex patterns while minimizing error 
within a specified tolerance margin. This approach enables SVR to generalize 
well across various data types, making it ideal for diverse applications where 
robust, accurate predictions are needed.

4. Interpretation of soil classification

As can be seen in Figure 1, the city of Saguenay is predominantly covered 
by glaciomarine clay along with minor portions of glaciofluvial, coarse post-
glacial sediments, alluvium, and landslide sediments. The grain size of surficial 
deposits in Saguenay varies greatly with glaciomarine and glaciofluvial 
deposits composed of clays, silty clays, and clay-silt-sand mixtures. The 
soil classification was performed using CPTu-based classification charts 
considering the challenges posed by the vastly diverse soil types in the study 
area. There has been several soil classification charts suggested in the literature 
to determine soil behavior type using CPTu data. In this study, five different 
classification charts proposed by Robertson (1990), Schneider et al., (2008), 
Robertson (2009), Robertson (2016), and Saye et al., (2017) are used. The 
CPTu parameters such as normalized cone resistance (Qt1& Qtn), normalized 
friction ratio (Fr), and pore pressure parameter (Bq), which are expressed as   

σ
σ

σ
σ σ

σ
, were 

used to develop these generalized classification charts. For the study area, the 
pore pressure parameter Bq ranged from 0.36 to 0.82 with a mean value of 0.59. 
Firm clays are typically associated with low Bq values, whereas Bq values close 
to 1 are indicative of very sensitive clays (Rémai 2013). The classification charts 
in Figure 3 reveal that the majority of soils from the testing sites, more than 
85%, belong to the silty clay–clay category. The laboratory grain size analysis 
data of soils at particular sites illustrated similar soil classification. More 
specifically, over 90% of SCPTu data indicated that the soils from the testing 
sites are silty clay or clay according to Robertson (1990) and Robertson (2009) 
charts. The recently updated classification charts by Schneider et al. (2008) 
and Saye et al., (2017), which consider the consolidation status of soil and 
drainage conditions during the penetration, projected the soil classification with 
similar accuracy.  Out of the classification charts mentioned above, Robertson's 
(2009) chart (which is based on the soil behavior index, Ic = [(3.47- logQt )

2 

+ (logFr + 1.22)2]0.5) and Saye et al.'s (2017) chart do not include sensitive 
clay classification. Although both Robertson's (1990) chart and Schneider et 
al.'s (2008) chart identify the sensitive clay zone, none of the four charts can 
reliably forecast the soil classification at the testing locations, even though 
their prediction of silty clay is correct. Gylland et al. (2017) suggested that the 
disparity between classification charts and soil behavior at testing sites could 
stem from parameters that do not fully capture the sensitivity of clay. 

It is possible that sensitive clay is present in soils that exhibit behavior 
typical of silty clay, but the indication of its presence may be less noticeable due 
to the overconsolidation effect on the soil deposits (Liu et al., 2020). Although 
this effect may not significantly alter the physical properties of the soil, it can 
increase the cone tip resistance (Qt1& Qtn). As a result, the soil may transition 
from a soft state to a moderately firm state, which could explain why some 
SCPTu data for sensitive clays may fall within the firm or stiff soil zones on 
almost all soil classification charts.

However, Robertson’s (2016) chart with classification zones such as 
contractive, dilative, and transitional came close to the prediction of actual 
soil classification in the testing sites. The classification of soils into contractive 
or dilative can be a crucial behavioral attribute for numerous geotechnical 
issues. Figure 3c depicts that the SCPTu data located predominately in the 
claylike–contractive–sensitive (CCS) and transitional–contractive (TC) zone 
consistent with the regional behavior of soils. According to Robertson’s 
(2016) classification, claylike–contractive–sensitive (CCS) soils exhibit high 
sensitivity i.e. St > 3. According to the representative field vane test result of the 
study area (Figure 4), the soil shows a mean sensitivity of about 4 with a higher 
value of about 8, which agrees with the CCS classification. 

5. Estimation of su based on SCPTu measurements – Traditional approach

In this study, two different SCPTu measurements such as normalized 
cone resistance (qt), excess pore water pressure (∆u), and shear wave velocity 
(Vs) are used to estimate su. The following empirical correlation was used to 
determine the cone factor for region specific conditions:

su = (qt - σ0 )/Nkt	 (1)

As mentioned earlier, normalized cone resistance (qt) and excess pore 
water pressure (∆u) are the most commonly preferred CPTu measurements for 
precise estimation of su. Despite this, excess pore water pressure (∆u) based 
cone factor was not established to avoid the errors caused by low generation 
of excess pore water pressures in overconsolidated clays. Similarly, since the 
primary objective of the SCPTu testing was to acquire shear wave velocity and 
other CPTu measurements, the dissipation tests were not performed in the study 
region. To make use of Vs measurements obtained from SCPTu, su values are 
correlated with Vs measurements. 

The empirical cone factor Nkt was evaluated using qt  and su obtained from 
FVT results at various test sites. The total vertical stress (σ0) was computed 
using the unit weight (γt) obtained from undisturbed soil samples collected 
at the FVT and SCPTu test sites. The plot between SCPTu measurements  
qt - σ0 and su  from FVT is shown in Figure 5a. The computed Nkt value varied 
between 10 to 23. With a good linear regression coefficient of 0.79, the average  
Nkt value for the study area is found to be 15.09.  The Nkt value obtained was 
in good agreement with the typical range of 10-18 (Robertson, 2015) and also 
consistent with the representative value of 15 suggested by Cai et al. (2010) 
to estimate average su in intact clays. The findings of the researchers indicate 
that the Nkt value is dependent on sensitivity. It was observed that as sensitivity 
increases, the Nkt value decreases, and for highly sensitive clays, the Nkt value 
can be as low as 6. A plot was generated to assess the correlation between the 
empirical cone factor Nkt and the pore pressure parameter (Bq), but no reliable 
correlation was found. Since there is no sample disturbance involved in FVT, 
contrary to laboratory shear strength tests, the obtained Nkt value can be utilized 
with greater confidence. The accuracy of empirical correlations is assessed 
using three statistical criteria: 

(1) Root mean squared error, ; 
where n number of data points;

(2) Mean bias error,  
(3) Coefficient of determination, R2.
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Figure 3. Soil behavior classification of SCPTu data based on five different approaches (Robertson, 1990; Schneider et al., 2008; Robertson, 2009, 2016; Saye et al., 2017)

Figure 4. Representative Field vane test (FVT) data
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Figure 6 shows the plots of predicted and measured undrained shear 
strength (su) values obtained from various regression correlations, along with 
their respective statistical parameters. The performance of correlation improves 
as its R2 values increase, but greater accuracy and lower error in estimating are 
achieved by lower RMSE and MBE values. The su  value derived using  Nkt 
value is presented in Figure 7a. The Nkt  correlation has a RMSE = 7.04 kPa and  
MBE = 0.75 kPa. In order to provide context for the RMSE and MBE values 
obtained, it should be noted that the mean s_u value is approximately 79 kPa 
with su ranging from 20-165 kPa in the study area. The mean residual value of 
0.75 kPa and R2 value of 0.79 indicating the acceptable precision of the obtained 
correlation. The statistical parameters clearly indicating the better performance 
of the obtained correlation. In addition, Mantaras et al., (2015) indicated that 
in overconsolidated clays, the values of Nkt often deviate from the anticipated 
range of 10 to 20. This was observed to be true at three specific depths where the 
clay is highly overconsolidated across the sites, except for those shallow depths, 
the obtained Nkt value was found within the anticipated range. The reason for 
this could be that human activity may have a notable impact at very shallow 
depths. A highly overconsolidated clay at shallow depths indicates that the clay 
has undergone more consolidation in the past than at deeper depths. This means 
that the soil at shallow depths is likely to be stronger and more compact than 
the soil at deeper depths.

Additional correlations were explored in overconsolidated clays utilizing 
both su and Vs, as they are dependent on the same set of properties such as 
void ratio, effective stress, and stress history. Figure 5b shows the relationship 
between su and Vs for sensitive clays of Saguenay. A correlation based on a 
power function was evaluated for the parameters su and Vs, as it follows a similar 
format to most existing correlations. The best fitting correlation is found as  
su = 1.9×10-3 Vs

2.02 with R2 = 0.70. Scattered data can be observed throughout 
the plotted curve, with the level of scatter appearing to increase as Vs increases. 
The statistical analysis based on measured and calculated su provided a  
RMSE =14.92 kPa and MBE = 1.58 kPa. Figure 6c displays some of the 
relationships suggested by Kulkarni et al. (2010), Agaiby and Mayne (2015), 
and Duan et al. (2019). At low Vs values (below 200 m/s), these curves match 
the measured data well. However, significant discrepancies appear at higher 
Vs values. The relationship proposed by Duan et al. (2019) is slightly closer 
for sensitive clays of Saguenay since it is based on CPTu data, whereas the 
relationships proposed by Kulkarni et al. (2010) and Agaiby and Mayne (2015) 
yielded lower values of su at higher Vs. The predicted values of su, as determined 
by their expressions, do not always align with the measured su values for sensitive 
clays of Saguenay. This discrepancy can be attributed to the impact of soil type 
and the inherent uncertainties arising from soil heterogeneity and geologic origin 
that underlie the empirical correlations used to establish these expressions. As 
a result, these expressions may not be universally applicable across different 
locations.

Figure 5. Correlation between su from FVT and SCPTu data (a) qt -  σ0  versus su; and (b) VS  versus su 

Figure 6. Predicted versus measured undrained shear strength (su) values obtained from correlations between (a) qt -  σ0 versus su; and (b) VS  versus su
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6. Estimation of su based on SCPTu measurements – Machine learning 
approach 

To predict the undrained shear strength (su) from SCPTu measurements, 
this study used various machine learning (ML) regression techniques, including 
LR, RF, DT, KNN, XGB, and SVM. The SCPTu measurements utilized 
include total cone resistance (qc), normalized cone resistance (qt), normalized 
resistance parameters (Qc  & Qt), total stress (σ0), effective stress (σ0'), and shear 
wave velocity (VS). Less commonly used SCPTu parameters have also been 
incorporated to enhance the precision of su estimations.  

The full dataset was randomly divided into training (80%) and testing 
(20%) subsets, with data from all six sites represented in both partitions. 
Hyperparameter tuning and model evaluation were conducted using five-fold 
cross-validation within the training dataset to reduce overfitting and ensure 
robust performance estimates. To improve interpretability, feature importance 
was assessed using model-based importance measures from the Random Forest 
and XGBoost algorithms. Both models consistently identified corrected cone 
resistance–related parameters and shear wave velocity (VS) as the dominant 
predictors of undrained shear strength, followed by effective stress variables. 
This ranking is consistent with established geotechnical principles and supports 
the physical relevance of the selected input parameters.

Hyperparameter tuning was performed using a nested cross-validation 
framework, where an inner loop was used for hyperparameter optimization and 
an outer loop for unbiased performance evaluation. A grid-search approach was 
adopted to identify optimal model settings based on the minimization of RMSE.

For the Random Forest model, the final optimized hyperparameters were: 
number of trees = 300, maximum tree depth = 12, minimum samples per split  
= 5, and minimum samples per leaf = 2. 

 For the XGBoost model, the selected parameters were: number of 
boosting trees = 250, maximum depth = 8, learning rate = 0.05, subsample 
ratio = 0.8, and column sampling ratio = 0.8, with L2 regularization applied to 
control overfitting.

These values provided a balance between model complexity and 
generalization, yielding stable performance across training and testing datasets.

Figure 7 shows kernel density maps of the input parameters that machine 
learning models used to guess undrained shear strength (su). Each density 
curve shows the probability distribution of a certain SCPTu-derived parameter. 
These parameters are total cone resistance (qc​), normalized cone resistance (qt), 
normalized resistance parameters (​Qc  & Qt), total stress (σ0), effective stress 
(σ0'), and shear wave velocity (VS). These plots have three main uses. First, they 
provide the range and variability of each parameter used to train the model. 
This makes sure that the dataset accurately reflects the soil conditions in situ at 
all depths that were looked at. Second, the density plots assist find skewness, 
clustering, or long tails in the data. These things have a direct effect on model 
training and show why normalization is necessary before using ML. Third, they 
make sure that no one parameter is more important than the others, which helps 
to reduce bias in the learning process. By seeing how the input data is structured 
statistically before training. 

Figure 8 shows a pair plot that shows how the SCPTu-derived input 
parameters used in the machine learning models are related to each other. These 
parameters include total cone resistance (qc), normalized cone resistance (qt), 
normalized resistance parameters (​Qc & Qt), total stress (σ0), effective stress 
(σ0'), shear wave velocity (​VS) and undrained shear strength (su). The plots on 
the diagonal indicate how the data is spread out for each variable, while the 
plots on the off-diagonal show how two variables are related. Before training 
the model, this figure is used to look at how parameters are related to each other 
and how they change over time. The graphs help you find linear and nonlinear 
relationships, how variables group together, and how much input variables and 
su interact with each other. The pair plot shows a strong positive link between 
su and characteristics like cone resistance and VS. This supports their choice 

as important predictors. Figure 9 also helps find duplicate input parameters 
and any multicollinearity problems, which is important for the stability and 
interpretability of the model. This image shows the dataset’s underlying 
structure, which makes sure that the ML models are trained on geotechnical 
characteristics that are physically meaningful and well-related. This makes the 
suggested methodology more transparent and reproducible.

Figure 9 shows the correlation matrix, which shows the linear connections 
between the input parameters from the SCPTu and the undrained shear strength 
(Su) employed in the machine learning models. The matrix shows Pearson 
correlation coefficients, and the colour intensity shows how strong and which 
way the correlations are between the variables. This graphic gives a numerical 
measure of how closely each input parameter is related to su and other 
predictors. There are strong positive correlations between su and important 
variables like cone resistance and shear wave velocity (Vs). This shows that 
these variables are important for forecasting undrained shear strength. Moderate 
correlations among certain input parameters signify intrinsic interdependence 
in SCPTu measurements, however the lack of excessively high inter-parameter 
correlations suggests minimal multicollinearity. The correlation matrix helps 
you choose the right features by finding important parameters and making sure 
that unnecessary inputs don’t hurt the model’s performance. Figure 9 makes 
the ML framework more transparent by clearly displaying how the parameters 
are related to each other. It also shows that the models were created based on 
known geotechnical behavior rather than simply fitting unclear data.

Figure 7. Density plot of model parameters used in predicting undrained shear 
strength  Su
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Figure 8. Visualization of pairwise relationships within the model parameters

Figure 9. Correlation matrix of model parameters in ML model
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The accuracy of the machine learning model is compared with 
different regressors available in ML, namely, LR, DT, KNN, RF, XGB, 
and SV regressors. Fig. 10 shows the predicted values along with the actual 
values for various Regression models along with the values of RMSE, MBE, 
and R2 for each model. Among the models, Random Forest (RF) regression 
demonstrated better accuracy, supported by the lowest RMSE and MBE values 
and the highest R2, attaining thorough agreement with the observed data. When 
assessing the performance of a regression model, it is essential to consider the 
risk of overfitting. Overfitting occurs when the model captures the training data 
too precisely, compromising its ability to generalize to new, unseen data. This 
issue often leads to strong performance on training data but poor results on test 
data, suggesting that the model has memorized the training data rather than 
learning the underlying patterns.

Figure 10. Predicted versus measured undrained shear strength (Su) values obtained 
from various ML regression models

6.1 Performance analysis on ML Regressors

To evaluate the efficiency of various machine learning regressors, nested 
ten-fold cross-validation was performed, employing an 80-20 training-testing 
split to ensure robust performance assessment and mitigate overfitting. Among 
the models, the RF Regressor demonstrated the highest R², achieving values 
up to 0.99 for training and 0.95 for testing, indicating exceptional predictive 
accuracy and generalization capabilities, as illustrated in Figure 11. 

Similarly, the XGB Regressor achieved high predictive performance 
with an R² value of 0.94, closely aligning with the RF model. The DT, KNN, 
RF, and XGB regressors consistently yielded R² values in the range of 0.89 
to 0.95, highlighting their effectiveness in predicting undrained shear strength 

using SCPT parameters (Table 2). Importantly, these models exhibited minimal 
overfitting, as evidenced by comparable R² values across training and testing 
datasets. In contrast, Linear Regression (LR) and Support Vector Regression 
(SVR) displayed the lowest R² values, ranging between 0.51 and 0.60, reflecting 
poor prediction accuracy and a limited ability to capture the underlying patterns 
in the data. Additionally, the RF model recorded the lowest MBE and RMSE 
among all models, with XGB showing similarly low error metrics, further 
validating their superior performance (Figures 12-13). Conversely, LR and 
SVR demonstrated the highest RMSE and MBE values, signifying higher 
prediction errors and suboptimal fit to the data. Overall, the RF and XGB 
regressors emerged as the most reliable models for predicting the undrained 
shear strength of sensitive clays, balancing accuracy, low error rates, and strong 
generalization across datasets.

Figure 11. R2 performance indicator for different regression models

Figure 12. MBE performance indicator for different regression models

Figure 13. RMSE performance indicator for different regression models
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Table 2. Performance indicators for analysis of models

Model
R2 MBE RMSE

Training data Test data Training data Test data Training data Test data
KNN Regression 0.91 0.89 6.36 8.17 8.93 11.04
Linear Regression 0.66 0.60 13.49 14.91 17.45 19.28
Decision Tree Regressor 1.00 0.91 0.00 7.58 0.00 10.20
XGB Regressor 0.99 0.94 0.10 5.73 0.14 7.94
Random Forest Regressor 0.99 0.95 2.33 5.14 3.36 6.80
Support vector Regressor 0.56 0.51 13.89 15.11 19.15 23.42

The results presented above highlight an important distinction between 
regional relevance and broader methodological applicability. The empirical 
SCPTu-based correlations and cone factors derived in this study are strongly 
influenced by the geological setting, stress history, and low- to moderately 
sensitive nature of the overconsolidated post-glacial clays in the Saguenay 
region. As such, these relationships should be regarded as regionally calibrated 
and are not intended for direct transfer to other sensitive clay deposits without 
site-specific validation. In contrast, the machine learning framework—
particularly the Random Forest and XGBoost models—demonstrates a more 
generalizable modeling approach, as it captures nonlinear interactions among 
SCPTu-derived parameters that are common to fine-grained soils. Nevertheless, 
the predictive performance of these models remains inherently dependent on 
the representativeness and size of the training dataset and the availability of 
independent reference data. Accordingly, both the empirical and ML-based 
results are best interpreted as complementary tools that provide reliable insight 
within the investigated geological context, while requiring local calibration and 
validation for application beyond the Saguenay region.

7. Conclusions

This study examined the comparative performance of conventional 
empirical correlations and supervised machine learning (ML) models for 
estimating undrained shear strength (su​) of low- to moderately sensitive, 
overconsolidated clays using SCPTu data from the Saguenay region. The 
analysis provided insight into the relative strengths and limitations of traditional 
cone-based methods and ML approaches in capturing the complex, nonlinear 
relationships between SCPTu-derived parameters and su​. The results indicate 
that while empirical correlations based on corrected cone resistance and 
shear wave velocity provide reasonable first-order estimates consistent with 
regional experience, their predictive capability is influenced by soil structure, 
stress history, and geological variability. Among the ML models evaluated, 
Random Forest and XGBoost consistently outperformed simpler regressors, 
demonstrating superior ability to model nonlinear behavior and parameter 
interactions. However, model performance was affected by dataset size, regional 
representativeness, and the absence of independent laboratory validation, 
underscoring the need for cautious interpretation and site-specific calibration. 
Despite these limitations, the proposed framework offers practical value for 
preliminary slope stability assessment, embankment design, and regional-scale 
evaluation of strength variability in sensitive clay deposits. Overall, the findings 
contribute to improved understanding of how SCPTu data can be integrated 
with both empirical and interpretable ML methods for strength estimation, 
while emphasizing the importance of regional calibration, transparent data 
limitations, and complementary laboratory testing for broader application.
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