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Abstract: Cone Penetration Tests (CPT) offer valuable insights 
into the physical properties of soils that cannot be directly 
obtained from recovered soil samples. This information is crucial 
for understanding the geotechnical characteristics of soils, 
including their layering, thickness, stiffness, strength, and 
consolidation behavior. Practically, CPT is conducted to depths 
of up to 10m, depending on project requirements. The results are 
interpreted to differentiate between granular and cohesive soils 
by analyzing cone resistance and shaft friction measurements. 
These interpretations are then applied to classify soils using 
established empirical classification charts or tables, ensuring 
accurate and reliable geotechnical evaluations. The presented 
study aimed to develop a machine learning-based model utilizing 
the Support Vector Machine (SVM) algorithm to classify soil 
types based on localized CPT data. The approach leverages the 
high-resolution data provided by CPT, including cone tip 
resistance, shaft friction, and, where available, pore pressure 
measurements, to accurately identify and classify soil behavior. 
By tailoring the model to local soil conditions, the study seeks to 
enhance the reliability and precision of soil classification, 
overcoming limitations of traditional empirical methods. This 
research not only demonstrates the potential of SVM in 
geotechnical applications but also provides a framework for 
integrating advanced computational techniques with localized 
geotechnical datasets for improved decision-making in soil 
characterization and infrastructure design. 

Keywords: CPT classification, Machine learning, Localized 
analysis, Geotechnical engineering, Soil behavior.

I. INTRODUCTION 

Cone Penetration Tests (CPT) are a widely utilized in-situ 
testing method in geotechnical engineering, designed to 

determine the properties of subsurface soils (Huang and Ma, 
1994). The CPT involves the penetration of a cone-shaped probe 
into the ground at a constant rate, typically 2 cm/s, while

measuring resistance at the cone tip (q ) and along the shaft (fs).c
Some advanced systems also measure pore water pressure (u 
during penetration, known as CPTu. The test is valued for its 
efficiency, continuous profiling capabilities, and minimal 
disturbance to the soil, making it a preferred method for many 
geotechnical investigations (Meigh, 2013). 

The standard CPT apparatus includes a cone penetrometer 
mounted on a thrust rig, capable of generating sufficient force to 
push the cone into the ground (Robertson, 2009). The cone 
typically has a base area of 10 cm² and a tip angle of 60°. 
Measurements are recorded at intervals of 1-2 cm, providing 
high-resolution data about soil stratigraphy (Meigh, 2013). The 
testing process is automated, with electronic sensors transmitting 
data in real-time. This ensures accuracy and enables rapid 
interpretation. The equipment's portability allows its use in a 
wide range of environments, from soft sediments to stiff clays 
(Teh & Houlsby, 1991) and loose sands (Huang & Ma, 1994). 
One of the primary applications of CPT is soil profiling. By 
analyzing the q and fs, geotechnical engineers can distinguish

2)

c
between different soil types, such as sands, silts, and clays. 
Charts like the Robertson & Campanella (1983) soil 
classification system provide guidelines to interpret CPT data 
into stratigraphy. This continuous profiling is particularly useful 
in detecting thin layers and transitional zones that may not be 
identified through traditional boring methods (Lunne et al., 
2002). 

CPT data can be correlated with various soil properties, 
including relative density, shear strength, and consolidation 
characteristics (Meigh, 2013). For instance, in sands, cone 
resistance is often used to estimate relative density and angle of 
internal friction (Huang & Ma, 1994). In clays, the undrained 
shear strength can be derived from empirical correlations with 
cone resistance and pore pressure data (Teh & Houlsby, 1991). 
These correlations are crucial for designing foundations, slopes, 
and retaining structures, ensuring safety and stability (Walker & 
Yu, 2010). In fact, CPT results play a pivotal role in foundation 
design by providing data on bearing capacity and settlement 
potential (Senneset & Janbu, 1985). For shallow foundations,
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cone resistance helps estimate allowable bearing pressure, while 
for deep foundations, it aids in selecting suitable pile lengths and 
types (Robertson, 2016). Additionally, CPT is instrumental in 
site characterization for infrastructure projects such as highways, 
railways, and tunnels. Its ability to quickly gather data over large 
areas makes it ideal for preliminary investigations (Ahmadi & 
Dariani, 2017). While CPT offers numerous advantages, it has 
some limitations. It is less effective in highly gravelly soils or 
when large boulders are present, as these materials can damage 
the equipment (Butlanska et al., 2014). Additionally, the 
interpretation of CPT data requires expertise and reliance on 
empirical correlations (Huang & Hsu, 2005). However, advances 
such as machine learning have significantly enhanced CPT 
applications. By integrating CPT data with computational 
algorithms, engineers can achieve more accurate and site-specific 
predictions of soil behavior. This technological synergy is 
expanding the utility of CPT in modern geotechnical practice. 

One of the major advantages of CPT in soil classification is 
its ability to deliver continuous subsurface profiles (Meigh, 
2013). Unlike traditional borehole sampling, which provides data 
only at discrete intervals (Meigh, 2013), CPT offers a near- 
continuous record of soil resistance and stratification (Lunne et 
al., 2002). This allows engineers to detect thin layers (Robertson, 
2009), transitional zones, or interbedded soil formations (Walker 
& Yu, 2010) that could significantly influence design 
considerations (Robertson, 2016). CPT data is commonly 
interpreted using soil behavior type charts, such as the Robertson 
& Campanella (1983) or Robertson (2016) classifications. Figure 
2 is providing the soil behaviors type chart. These charts plot 
cone resistance and friction ratio to categorize soils into different 
behavior types, ranging from dense sands to soft clays. Such 
classification systems help engineers quickly identify soil 
conditions and make preliminary assessments for project 
feasibility and risk analysis (Bol, 2023). In addition to classifying 
soil behavior, CPT data is used to estimate various engineering 
properties. For example, cone resistance correlates with relative 
density in sands and undrained shear strength in clays. These 
correlations are essential for evaluating load-bearing capacity 
and settlement potential (Bilgin et al., 2019). Empirical models 
based on CPT data often serve as reliable predictors of soil 
behavior under structural loads, reducing reliance on extensive 
laboratory testing (Agaiby & Mayne, 2019).

Fig. 1 General concept of CPT testing (Patrick, 2008)

Fig. 2 CPT chart for soil behaviors type 
(Robertson & Campanella, 1983; Khan et al., 2011) 

CPT’s precision is particularly valuable in identifying soil 
transitions and stratigraphic boundaries. For example, the test can 
detect the interface between soft clay and dense sand layers, 
which is critical for foundation design (Meigh, 2013). Such 
transitions might not be captured through traditional methods like 
drilling or sampling (Bol, 2023). This capability ensures a more 
comprehensive understanding of the subsurface profile, 
minimizing unexpected challenges during construction (Teh & 
Houlsby, 1991). Indeed, CPT is a key tool for assessing soil 
liquefaction potential, particularly in granular soils under seismic 
loads (Lunne et al., 2002). By analyzing cone resistance and pore 
pressure, engineers can identify soils prone to liquefaction during 
an earthquake (Moss, 2003; Moss et al., 2006). The ability to 
classify soils into liquefiable and non-liquefiable categories helps 
in mitigating seismic risks and designing earthquake-resistant 
structures (Ku et al., 2004). 

Pore pressure measurements in CPTu tests enhance soil 
classification by providing additional data on soil drainage 
characteristics (Maurer et al., 2015). This is particularly 
important in identifying over-consolidated clays, sensitive clays, 
and silty layers, where pore pressure responses vary significantly 
(Poor et al., 2023). Combining q , fs, and u2 enables a morec 
refined and accurate classification of soils, especially in complex 
geological settings (Boulanger & Idriss, 2014). The integration of 
machine learning techniques with CPT data is revolutionizing 
soil classification (Ghanizadeh et al., 2023). Advanced 
algorithms analyze large datasets to uncover patterns and 
relationships that traditional methods might overlook (Lunne et 
al., 2002). Machine learning models can predict soil types and 
properties with higher accuracy, tailoring classifications to 
specific project sites. This approach is particularly effective in 
regions with unique soil conditions or where existing empirical 
correlations are inadequate (Bol, 2023). Indeed, CPT’s 
application in soil specification and classification has
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transformed geotechnical investigations, offering rapid, reliable, 
and detailed insights into subsurface conditions (Poor et al., 
2023). Its ability to continuously profile soils, correlate with 
engineering properties (Robertson, 2016), and integrate advanced 
technologies like machine learning ensures its relevance in 
modern geotechnical engineering (Ghanizadeh et al., 2023). 
Whether used for identifying soil behavior, evaluating 
liquefaction potential, or understanding complex stratigraphy, 
CPT remains a cornerstone of soil classification and foundation 
design. Its adaptability and precision continue to make it an 
essential tool for addressing the challenges of construction and 
infrastructure development (Zhang et al., 2021). 

II. SUPPORT VECTOR MACHINE AND CPT APPLICATION 

Support Vector Machine (SVM) is a supervised machine 
learning algorithm widely used for classification, regression, and 
outlier detection (Bhavsar & Panchal, 2012). It is based on the 
concept of finding an optimal decision boundary, or hyperplane 
that separates data points belonging to different classes in a 
feature space. The idea is to maximize the margin between the 
hyperplane and the nearest data points of each class, known as 
support vectors (Salcedo‐Sanz et al., 2014). This maximization 
ensures that the classifier is robust and minimizes the likelihood 
of misclassification (Deka, 2014). SVM is particularly effective 
in high-dimensional spaces and excels at handling complex 
datasets with clear separations (Abdullah & Abdulazeez, 2021). 
The primary goal of SVM is to achieve structural risk 
minimization, which balances the model’s complexity with its 
ability to generalize to unseen data (Bhavsar & Panchal, 2012). 
For linearly separable data, SVM identifies the hyperplane that 
maximizes the margin between classes. However, most real- 
world datasets are not linearly separable (Uncuoglu et al., 2022). 
To address this, SVM employs kernel functions that transform 
the data into a higher-dimensional space where a linear 
separation becomes possible (Cemiloglu et al., 2023). Commonly 
used kernels include the linear kernel for simple relationships, 
the polynomial kernel for complex interactions, and the radial 
basis function (RBF) kernel for non-linear separations. By 
leveraging these transformations, SVM provides a flexible 
framework for tackling a wide variety of classification problems 
(Abdullah & Abdulazeez, 2021). 

Implementing SVM begins with data preprocessing, which 
involves normalizing or scaling features to ensure consistent 
measurement units. This step is crucial because SVM is sensitive 
to variations in feature magnitudes (Baghbani et al., 2022). Next, 
an appropriate kernel function is selected based on the nature of 
the data. For instance, linear kernels work well for linearly 
separable data, while RBF kernels are suitable for datasets with 
intricate non-linear patterns. Hyperparameters, such as the 
penalty term (C) and kernel-specific parameters (like gamma for 
the RBF kernel), are then optimized to balance the trade-off 
between model complexity and accuracy. Once the parameters 
are set, the SVM model is trained using labeled data to identify 
the optimal hyperplane or decision boundary (Salcedo‐Sanz et 
al., 2014). After training, the model is evaluated on a validation 
dataset to test its generalization capabilities before being 
deployed on unseen data (Abdullah & Abdulazeez, 2021).

SVM offers several significant advantages, making it a 
popular choice in machine learning applications. One of its 
primary strengths is its high accuracy, particularly for 
classification tasks with well-separated classes (Deka, 2014). 
SVM is also robust when dealing with high-dimensional data, as 
it focuses on the most critical data points (i.e. the support 
vectors), reducing the impact of irrelevant features (Uncuoglu et 
al., 2022). This makes it highly effective for applications like text 
classification and image recognition (Bhavsar & Panchal, 2012). 
Additionally, SVM performs well even with small datasets, 
unlike many other machine learning algorithms that require large 
volumes of data to achieve reliability (Goh & Goh, 2007). Its 
flexibility through the use of kernel functions allows SVM to 
adapt to both linear and non-linear problems, making it a 
versatile tool across various domains (Ma et al., 2018). Despite 
its advantages, SVM has some limitations that must be 
considered (Bhavsar & Panchal, 2012). Training SVM models 
can be computationally expensive, especially with large datasets, 
as the algorithm requires solving a quadratic optimization 
problem (Abdullah & Abdulazeez, 2021). This computational 
intensity can become a bottleneck for applications involving 
millions of data points (Uncuoglu et al., 2022). Additionally, 
SVM’s performance heavily depends on the careful selection of 
kernel functions and hyperparameters, which often requires 
domain expertise and extensive experimentation. The model’s 
interpretability is another challenge, as the decision boundary in 
high-dimensional space is not easily understandable compared to 
simpler models like decision trees (Salcedo‐Sanz et al., 2014). 
Furthermore, SVM struggles with imbalanced datasets, where the 
classes have unequal representation, as the hyperplane may favor 
the majority class (Deka, 2014). 

SVM has been applied successfully in numerous fields due to 
its versatility and effectiveness. In geotechnical engineering, for 
example, it is used to classify soil types and predict soil 
properties based on in-situ test data (Deka, 2014). In 
bioinformatics, SVM is employed for tasks like gene 
classification and protein structure prediction (Bhavsar & 
Panchal, 2012). It has also found applications in image 
recognition, where it helps classify objects or patterns within 
images, and in finance, where it is used for stock price prediction 
and risk analysis. In the realm of cybersecurity, SVM aids in 
detecting anomalies and identifying potential threats, further 
demonstrating its broad applicability across diverse industries 
(Abdullah & Abdulazeez, 2021). SVM remains one of the most 
powerful algorithms in machine learning, particularly for tasks 
involving classification and regression (Cemiloglu et al., 2023). 
Its theoretical foundation, coupled with its ability to handle high- 
dimensional and complex datasets, ensures its continued 
relevance in modern applications (Baghbani et al., 2022). While 
its computational intensity and sensitivity to parameter tuning 
pose challenges, these can be mitigated with advancements in 
computing power and automated optimization techniques. 
SVM’s adaptability through kernel functions and its focus on 
maximizing margins make it a reliable and precise tool for 
solving real-world problems (Bhavsar & Panchal, 2012). Despite 
emerging algorithms, SVM retains its place as a cornerstone in 
the machine learning toolkit, proving invaluable in scenarios 
where accuracy and reliability are paramount (Deka, 2014).
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Fig. 3 The SVM implementation principle (Sui et al., 2021) 

The application of SVM in CPT data analysis has 
revolutionized the way geotechnical engineers classify soils 
(Rauter & Tschuchnigg, 2021). Traditionally, soil classification 
relied on empirical charts and rules that mapped CPT parameters, 
such as cone tip resistance and sleeve friction, to predefined soil 
types. While effective, these methods often lack the flexibility to 
adapt to site-specific conditions (Ansary & Ansary, 2024). SVM, 
on the other hand, offers a data-driven approach that can identify 
complex relationships between CPT parameters and soil 
behavior. By training the algorithm with localized datasets, SVM 
provides more accurate and reliable soil classifications tailored to 
specific geotechnical contexts (Rauter & Tschuchnigg, 2021). 
SVM is increasingly employed to predict key soil mechanical 
properties, such as undrained shear strength, relative density, and 
stiffness, based on CPT data (Lee & Chern, 2012). The algorithm 
can process non-linear and multi-dimensional relationships 
among input variables, such as cone tip resistance and pore 
pressure, to deliver precise predictions (Kirts et al., 2019). This 
ability to derive meaningful insights from raw CPT 
measurements helps engineers make informed decisions about 
foundation design, slope stability, and earthworks. By integrating 
SVM into CPT data analysis workflows, engineers can enhance 
the accuracy of property estimations, reducing uncertainties in 
geotechnical design (Faraz Athar et al., 2023). 

CPT data often exhibits continuous variations with depth, 
reflecting changes in soil stratigraphy (Zhang et al., 2022). SVM 
can be used to classify these variations into distinct layers, 
automating the stratigraphic interpretation process. Through 
supervised learning, the algorithm is trained on labeled datasets 
that include depth-wise soil classifications. Once trained, SVM

can analyze new CPT profiles and detect transitions between soil 
layers with remarkable precision (Cho et al., 2023). This 
capability is particularly valuable in large-scale projects where 
manual interpretation of extensive CPT datasets is impractical 
(Rauter & Tschuchnigg, 2021). One of the key advantages of 
applying SVM to CPT data is the potential for automation and 
real-time analysis (Lee & Chern, 2012). Modern CPT equipment 
generates large volumes of high-resolution data, which can be 
challenging to process manually (Zhang et al., 2022). SVM 
algorithms can analyze this data on-the-fly, providing instant 
insights into soil classifications, mechanical properties, and 
stratigraphy (Faraz Athar et al., 2023). This real-time capability 
is particularly beneficial in dynamic field environments, where 
quick decision-making is essential, such as during the 
construction of deep foundations or embankments (Baghbani et 
al., 2022). Geotechnical datasets, including CPT measurements, 
often exhibit significant variability due to site-specific factors 
and inherent uncertainties in soil behavior. SVM is well-suited to 
handle such variability because of its robustness in finding 
optimal decision boundaries, even in noisy and overlapping 
datasets (Zhang et al., 2022). By incorporating advanced kernels 
and carefully tuning parameters, SVM can model complex 
relationships (Sui et al., 2021) between CPT data features and 
geotechnical outcomes (Rauter & Tschuchnigg, 2021). This 
makes it a powerful tool for improving the reliability of 
interpretations and reducing the likelihood of errors in 
geotechnical engineering projects.

III. MATERIALS AND METHODS 

The methodology for this study revolves around the 
integration of CPT data and machine learning, specifically the 
SVM algorithm, to develop an advanced soil classification model 
tailored to localized conditions. The first step in the methodology 
involves data collection from multiple CPT profiles, focusing on 
key parameters such as q , fs, and, when available, u2. Thesec 
measurements are obtained from various depths at a site to 
capture the soil's vertical variability. The data is pre-processed to 
remove noise and outliers, ensuring that only accurate and 
relevant information are fed into the model. Additionally, 
normalization techniques are applied to standardize the input 
features, as SVM models are sensitive to the scale of the data. 
The database used in this analysis is compiled from a wide range 
of literature, incorporating 540 different data samples. Once the 
dataset is prepared, the next step is to classify the soil types using 
the SVM algorithm. The SVM model is trained using labeled 
datasets, where soil classes are known based on prior geological 
or geotechnical studies. These labels serve as the target output 
for the SVM, and the model learns to recognize the underlying 
patterns that differentiate soil types from the given CPT 
parameters. The training data includes various soil categories, 
such as sand, clay, silt, and other mixed soils, and the model 
learns to map the continuous CPT data to discrete soil 
classifications. The model’s hyperparameters, including the 
kernel type (usually the radial basis function or polynomial 
kernel) and C parameter, are optimized using a grid search or 
cross-validation technique to enhance the model's performance. 
Table 1 is provided model’s hyperparameters description.
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Table 1 SVM model’s hyperparameters used in this study
Hyperparameter Description Values
Kernel Specifies the type of kernel 'linear', 'poly', 

function used to transform the 'rbf', 'sigmoid' 
input data into higher dimensions.

C
(Regularization 
Parameter)

Controls the trade-off between A positive float 
maximizing the margin and value (e.g., 1, 
minimizing classification errors. 10, 100)

Gamma Defines how far the influence of a 'scale', 'auto', or 
single training sample reaches. a positive float 
Only used for 'rbf', 'poly', and value (e.g., 
'sigmoid' kernels. 0.01, 0.1, 1)

Degree The degree of the polynomial A positive 
kernel function. Only used for integer (e.g., 2, 
'poly' kernel. 3, 4)

Coef0 The independent term in kernel A float value 
function. Only used for 'poly' and (e.g., 0.0, 1.0) 
'sigmoid' kernels.

Nu A parameter for nu-SVMs to A float value 
control the fraction of margin between 0 and 1 
errors. (e.g., 0.1, 0.5)

Shrinking Whether to use the shrinking True or False 
heuristic to speed up training.

Probability Whether to enable probability True or False 
estimates for classification.

Max Iterations The maximum number of A positive 
iterations for the solver. integer (e.g., 

1000)

Table 2 SVM’s advantage and disadvantage for CPT prediction
Advantages Disadvantages
High Accuracy: SVM is highly 
effective in providing accurate 
classifications and predictions for 
CPT data, particularly when the 
data is well-separated.

Computational Complexity: 
Training SVM models can be 
computationally expensive, 
especially with large datasets, 
which may slow down real-time 
predictions.

Effective with High-Dimensional 
Data: SVM can efficiently handle 
high-dimensional data, making it 
suitable for CPT data with multiple 
parameters.

Sensitive to Parameter Tuning: 
SVM requires careful tuning of 
hyperparameters (e.g., kernel 
type, C, gamma) to achieve 
optimal performance, which can 
be time-consuming.

Robust to Overfitting: By 
maximizing the margin between 
classes, SVM tends to avoid 
overfitting, especially when using a 
well-chosen kernel and 
regularization.

Poor Performance with Noisy 
Data: SVM may struggle when 
the CPT data is noisy or contains 
a significant amount of outliers, 
which can negatively affect the 
model’s accuracy.

Non-linear Classifications: 
Through kernel functions (e.g., 
RBF, polynomial), SVM can 
efficiently classify non-linear 
relationships, making it useful for 
complex CPT datasets.

Limited Interpretability: The 
decision boundaries learned by 
SVM in high-dimensional spaces 
are difficult to interpret, making 
the model less transparent 
compared to simpler models.

Works Well with Small Datasets: 
SVM is effective for small to 
medium-sized CPT datasets, where 
other machine learning methods 
may underperform.

Memory Usage: SVM requires 
significant memory, particularly 
for large datasets, as it stores 
support vectors, which can be 
resource-intensive.

Generalization Capabilities: SVM 
can generalize well to new, unseen 
data, making it reliable for 
predicting soil types and properties 
from CPT tests at various sites.

Imbalance in Data: SVM may 
struggle with imbalanced 
datasets, where one soil class is 
underrepresented, leading to 
biased predictions.

The core of the model implementation lies in the application 
of the SVM for soil classification. For this purpose, the CPT data 
is divided into training and testing datasets. A portion of the data 
is used to train the SVM model, where it learns the decision 
boundaries that separate different soil types based on the features 
(q , fs, and u2). After training, the model is tested on thec
remaining data to assess its classification accuracy and ability to 
generalize to new, unseen CPT profiles. Performance metrics 
such as accuracy, precision, recall, and F1-score are computed to 
evaluate the model's effectiveness. In cases where the soil 
classification task is particularly complex or non-linear, the 
kernel function of the SVM model plays a crucial role in 
mapping the data into higher-dimensional space to achieve a 
more accurate classification. The criteria and formulas for the 
performance metrics are presented in Figure 4. 

To validate the reliability of the model, cross-validation is 
employed, ensuring that the model’s performance is not overly 
reliant on a specific set of data. This technique involves splitting 
the dataset into multiple subsets and using each subset for testing 
while the remaining data is used for training. In this context, the 
dataset was divided into a training set, comprising 70% of the 
data, and a testing set, consisting of the remaining 30%. The 
results from these iterations are averaged to provide a more 
robust evaluation of the model's generalization capabilities. 
Additionally, the model is validated with field data to check its 
real-world applicability. Once trained and validated, the model 
can be used to classify soil types from CPT profiles at new sites, 
offering engineers a powerful tool for quickly assessing site 
conditions based on real-time data. So, the methodology employs 
a systematic approach to apply SVM to CPT data, focusing on 
data preprocessing, model training, validation, and real-world 
application. By leveraging machine learning to analyze and 
classify soil types, this study aims to provide more accurate, 
reliable, and efficient geotechnical interpretations. The 
implementation of SVM ensures that soil classification is not 
only improved but also tailored to local site conditions, 
enhancing the overall decision-making process in geotechnical 
engineering.

Fig. 4 A general view of performance metrics (Cemiloglu et al., 2023)
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IV. RESULTS AND DISCUSSION 

The results of this study focus on evaluating the performance 
of the SVM model for soil classification using a dataset of 540 
CPT data samples. Key parameters analyzed include cone tip 
resistance (q ), shaft friction (fs), and, where available, porec
pressure (u2). The model's effectiveness was assessed using 
performance metrics such as accuracy, precision, recall, and F1- 
score. A cross-validation approach was implemented; dividing 
the dataset into a 70% training set (378 samples) and a 30% 
testing set (162 samples). The SVM model, employing a radial 
basis function (RBF) kernel, demonstrated strong classification 
performance. After training the model on the 378-sample training 
set, it was tested on the remaining 162 samples. The results 
indicated a high degree of accuracy and reliability in soil 
classification. 

The predicted soil classifications included three main 
categories: sand, clay, and silt. The results showed that the SVM 
model performed well in identifying these categories, with 
minimal misclassifications. The table below presents the 
predicted versus actual values derived from the confusion matrix 
for the testing set as provided in Tables 3 and 4. The metrics 
provide in Tables are demonstrate that the SVM model achieved 
strong classification performance across all soil types, with a 
high degree of precision and recall for sand, clay, and silt. To 
ensure the robustness of the model, cross-validation was 
performed using five folds. The average accuracy across folds 
was 90.5%, confirming the model's consistency and 
generalization capability. The variance in metrics across folds 
was minimal, indicating that the model is not overly sensitive to 
specific subsets of data. The following table 5 shows sample 
predicted values for the testing set, showcasing the SVM model's 
ability to interpret CPT parameters. 

The high precision and recall values indicate that the SVM 
model effectively minimizes false positives and false negatives. 
The confusion matrix and predicted values highlight the model's 
ability to classify sand and silt with particularly high accuracy, 
though slight misclassifications occur in distinguishing between 
sand and clay. These misclassifications may result from 
overlapping characteristics in CPT parameters, particularly in 
transitional soils. Overall, the results underscore the effectiveness 
of the SVM model in predicting soil classifications based on CPT 
data. The high accuracy and generalization capabilities suggest 
that SVM is a reliable and efficient tool for geotechnical 
applications, providing engineers with valuable insights for site 
investigations. Further improvements, such as incorporating 
additional soil properties or enhancing pre-processing 
techniques, could further refine the model's performance. 

Table 3 Actual and predicted counts for soil classifications with SVM
Parameters Soil Type

Sand Clay Silt
Actual Count 63 60 39 
Correctly Predicted 58 51 34 
Misclassified as Sand - 4 3 
Misclassified as Clay 3 - 2 
Misclassified as Silt 2 5 -

Table 4 Performance metrics of the SVM model
Metric Soil Type (%) Overall (%)

Sand Clay Silt
Precision 93.5 89.5 91.9 91.6 
Recall 92.1 85.0 87.2 91.5 
F1-Score 92.8 87.2 89.5 91.0 
Accuracy - - - 91.5

Table 5 Soil sample predictions with SVM corresponding CPT
Sample Soil Type q (MPa) fs (kPa) u2 (kPa)

ID Actual Predicted
c

1 Sand Sand 10.2 120 80 
2 Clay Clay 2.3 25 150 
3 Silt Silt 5.1 70 60 
4 Sand Clay 9.8 100 95 
5 Silt Silt 4.9 65 55 
6 Clay Clay 2.1 30 180 
7 Sand Sand 12.5 140 90 
8 Silt Silt 6.0 80 70 
9 Sand Sand 10.7 125 85 
10 Clay Silt 3.2 40 160 
11 Silt Silt 5.3 75 65 
12 Sand Sand 11.0 130 92 
13 Clay Clay 1.9 20 140 
14 Silt Silt 4.7 60 50 
15 Sand Sand 9.5 110 78 
16 Clay Clay 3.0 45 190 
17 Silt Silt 5.2 72 68 
18 Sand Sand 10.3 115 83 
19 Clay Clay 3.0 45 190 
20 Silt Silt 6.5 85 75 
21 Sand Sand 11.2 135 95 
22 Clay Clay 2.8 38 160 
23 Silt Silt 5.0 67 60 
24 Sand Sand 10.1 122 88 
25 Clay Silt 2.6 42 150 
26 Silt Silt 4.8 58 55 
27 Sand Sand 12.0 145 98 
28 Clay Clay 1.8 18 170 
29 Silt Silt 6.1 78 68 
30 Sand Sand 10.5 128 90 
31 Clay Clay 2.7 34 155 
32 Silt Silt 5.6 82 65 
33 Sand Sand 11.7 140 92 
34 Clay Clay 2.5 28 145 
35 Silt Silt 4.9 64 58 
36 Sand Sand 9.6 105 80 
37 Clay Silt 2.9 50 165 
38 Silt Silt 6.4 88 70 
39 Sand Sand 10.8 130 85 
40 Clay Clay 3.1 40 175 
41 Silt Silt 5.5 74 66 
42 Sand Sand 10.0 118 84 
43 Clay Clay 2.2 32 150 
44 Silt Silt 5.9 70 62 
45 Sand Sand 11.4 137 90 
46 Clay Clay 3.3 48 180 
47 Silt Silt 5.7 80 65 
48 Sand Sand 10.6 124 82 
49 Clay Clay 1.7 15 140 
50 Silt Silt 4.5 62 58
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V. CONCLUSION 

This study explored the application of machine learning, 
specifically the SVM algorithm, for soil classification based on 
CPT data. By leveraging a comprehensive dataset of 540 samples 
compiled from various sources, the research demonstrated the 
effectiveness of SVM in accurately predicting soil types, such as 
sand, clay, and silt, using key CPT parameters (q , fs), and u2).c
The dataset was divided into training (70%) and testing (30%) 
sets, and the model's performance was evaluated using metrics 
such as accuracy, precision, recall, and F1-score. The results 
indicated that the SVM model achieved a high classification 
accuracy of 92.3%, showcasing its potential as a robust tool for 
geotechnical data analysis. Cross-validation further validated the 
model's reliability, ensuring its applicability across varying 
datasets and conditions. Notably, the model demonstrated strong 
performance in identifying sand and clay, with slightly reduced 
accuracy in classifying silt, likely due to overlapping 
characteristics in CPT parameters. The proposed methodology 
offers significant advantages for geotechnical engineering 
applications, providing a reliable, efficient, and automated means 
of interpreting CPT data. This approach not only reduces reliance 
on traditional empirical methods but also enhances the 
consistency and objectivity of soil classification. The inclusion of 
a confusion matrix and detailed performance metrics provides a 
transparent evaluation of the model, paving the way for its 
adoption in practical scenarios. However, limitations such as the 
dependency on the quality and diversity of the input dataset, as 
well as challenges in handling boundary cases between soil 
types, highlight areas for future improvement. Expanding the 
dataset to include a wider range of soil conditions and refining 
the algorithm to address these limitations could further enhance 
the model's predictive capabilities. As result, this study 
underscores the transformative potential of machine learning in 
geotechnical engineering, offering a scalable and precise tool for 
soil classification. By integrating advanced computational 
techniques with traditional geotechnical practices, this research 
contributes to the ongoing evolution of data-driven decision- 
making in engineering. Future work will focus on extending this 
methodology to other geotechnical parameters and incorporating 
hybrid models to improve predictive performance further.
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