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Abstract

In this study, a Support Vector Machine (SVM)-based model was developed to predict the Rate of
Penetration (ROP) during tunnel excavation. The model demonstrated high accuracy and stability on
both training and testing datasets, with performance metrics indicating its reliability (R? = 0.9583—
0.9664, NSE = 0.9164-0.9292, MAE = 0.095-0.0968). To enhance predictive performance, three
systematic hyperparameter optimization strategies—Grid Search, Random Search, and Bayesian
Optimization—were employed. Notably, Bayesian Optimization achieved high accuracy and
computational efficiency with fewer evaluations, leveraging a probabilistic search framework and
Gaussian Process-based modeling. Unlike previous studies in the literature, the dataset and input
parameters used in this work exhibit greater diversity, and the effect of hyperparameter optimization
on model performance was analyzed in detail. The results demonstrate that careful hyperparameter
tuning can ensure strong generalization even under limited data conditions. This study provides
significant methodological contributions to TBM performance prediction and geotechnical
engineering applications.

Keywords: tunnel boring machine (TBM); rate of penetration (ROP); support vector machine (SVM);
hyperparameter optimization; grid search; random search; bayesian optimization

1. Introduction

In modern transportation, energy, and infrastructure projects, tunnels are constructed to ensure
continuity in intercity and regional transport, as well as to support water supply, wastewater
management, and energy transmission. However, these structures are often executed under complex
geotechnical conditions and variable ground properties, posing high costs, safety risks, and technical
challenges during design, construction, and operation. Therefore, the efficient and safe excavation of
tunnels is directly dependent on the accurate prediction of tunnel boring machine (TBM)
performance. Reliable estimation of TBM penetration rate (ROP) is crucial for planning excavation
operations and controlling project costs.

Early research on TBM penetration rate prediction [1] began with empirical models based on
rock strength, followed by studies examining TBM performance in sedimentary rock environments
[2]. A statistical regression model relating rock properties (UCS, PSI, DPW, a) to penetration rate was
first proposed in [3]. Through advanced regression analysis, this model achieved the highest
correlation (r = 0.82) and provided an empirical prediction equation based on measured rock
parameters [3]. However, these early approaches generally relied on simple correlations and were
insufficient in capturing complex geotechnical interactions.

Heuristic optimization algorithms were first applied to TBM performance prediction by Yagiz
and Karahan [4], who developed a particle swarm optimization (PSO)-based model to minimize the
difference between measured and predicted ROP values [4]. Subsequent studies [5] extended these
approaches using Harmony Search (HS), Differential Evolution (DE), and Grey Wolf Optimizer
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(GWO) algorithms, demonstrating the applicability of heuristic methods for TBM performance
estimation. While these models offer interpretability due to their analytical form, they remain limited
in capturing ground heterogeneity and complex interactions.

To overcome these limitations, artificial intelligence-based methods such as Artificial Neural
Networks (ANN) [6-8], Support Vector Machines (SVM) [9-11], and fuzzy logic [12-14] have been
increasingly adopted for TBM modeling. These methods can accurately predict penetration rates
under complex, multivariate geotechnical conditions and effectively capture nonlinear relationships
and intricate interactions among parameters. Even with small or noisy datasets, they can yield
reliable results, although interpretability may be somewhat constrained.

Furthermore, model performance is highly dependent on network architecture, activation
functions, and learning algorithms for ANNs [15-17], and on proper selection of model parameters
for SVMs [18]. This necessitates numerous trial-and-error iterations prior to modeling. Given their
reliance on hyperparameter optimization and data preprocessing, these methods can incur significant
time and computational costs, especially when dealing with large datasets.

Accurate prediction of TBM penetration rate is therefore critical for planning and optimizing
tunnel construction projects. Recent studies have increasingly employed Al-based models for this
purpose [19,20]. For example, Reference [19] developed an SVR-based model under hard rock
conditions and achieved high predictive accuracy. Similarly, Reference [20] compared the
performance of ANN, SVM, and GEP models for the Chamshir water conveyance tunnel project in
Iran, reporting that the GEP model exhibited relatively lower error. These studies highlight the
influence of dataset size and geological variability on model performance.

In a recent study [21], MLR, ANN, and SVM methods were compared for predicting TBM
penetration rates in the Kerman and Gavoshan tunnels. The models incorporated variables such as
RQD, UCS, BTS, density, Poisson’s ratio, joint angle, and joint spacing as input features. While all
methods achieved high accuracy, SVM predictions were found to be more precise and realistic than
those of other methods.

However, SVM performance strongly depends on the proper optimization of hyperparameters,
including the regularization parameter (C), the e-insensitive loss function, and the kernel parameter
(). To reliably assess the model’s generalization capability, the dataset must be split into training
and testing subsets, which plays a key role in reducing the risk of overfitting [15]. In the
aforementioned studies [19-21], achieving high model performance required numerous trial-and-
error iterations to select suitable parameters.

In this study, Grid Search, Random Search, and Bayesian optimization strategies were
systematically applied to improve SVM performance for TBM modeling. The resulting findings are
presented with figures and visualizations, aiming to provide original contributions to academic
research, practical guidance for field applications, and teaching resources.

From an educational perspective, this study allows students in civil, geological, and geophysical
engineering to experience modeling TBM performance based on real-world data. The comparison of
different optimization strategies enhances students” data-driven decision-making and design skills.
Moreover, integrating Al and modeling processes provides a valuable foundation for translating
acquired knowledge and skills into practical field applications.

2. Materials and Methods

2.1. Study Area and Data Collection

This study is based on field and laboratory measurements from a tunnel construction project
located in the Queens area, southwestern New York City [3]. The dataset employed [4,5] has been
widely used in subsequent TBM performance modeling studies [7,8]. It includes the essential
parameters required to predict the TBM penetration rate (ROP). The measured parameters comprise
uniaxial compressive strength (UCS), Brazilian tensile strength (BTS), rock hardness index (BI),
excavation depth (DPW), and joint angle ().
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These data were utilized to model TBM performance and predict penetration rates, providing a
reliable representation of field conditions and serving as a practical reference for both training
purposes and field applications.

2.2. Input and Output Parameters

Five key input parameters affecting TBM performance were selected for the prediction models:
UCS, BTS, BL, DPW, and joint angle (a, °). The target output of the model was defined as the TBM
penetration rate (ROP, m/h). The correlation relationships between these input variables and ROP
are illustrated in Figure 1.
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Figure 1. The correlation relationship between ROP and model parameters.

As shown in Figure 1, the strongest correlations with ROP are observed with BI, UCS, a, and
BTS parameters, respectively, whereas DPW exhibits a negative correlation of -0.465 with ROP. The
correlation matrix clearly illustrates the relationships between ROP and the other variables,
providing a crucial foundation for constructing the network architectures of SVM and ANN models.
This information enables the identification of which input variables exert the most significant
influence on the output.

The variation of the model input variables and the measured ROP values along the tunnel length
is presented in Figure 2. In this figure, the first five parameters represent the model inputs, while the
last parameter corresponds to the target ROP to be predicted. It is evident that the relationship
between the model inputs and ROP is highly variable and complex along the tunnel length.
Consequently, conventional regression methods or empirically derived relationships optimized
through heuristic approaches exhibit limited success in accurately capturing these intricate patterns.
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Figure 2. Variation of model variables and ROP values along the tunnel length.

2.3. Hyperparameter Optimization

To more accurately model the complex and nonlinear relationships illustrated in Figure 2,
advanced machine learning approaches were employed. During the parameter optimization and
modeling process, the dataset was divided into training and testing subsets to minimize the risks of
overfitting and underfitting, thereby enhancing the model’s generalization capability. In the SVM
model, the hyperparameters C, y, and & were optimized using three different strategies: Grid Search,
Random Search, and Bayesian Optimization. The predictive performance of the model was then
comparatively evaluated across these optimization methods to identify the most effective
configuration.

2.4. Evaluation of Model Performance

The performance of the models was assessed using several statistical indicators commonly
adopted in the literature, including the coefficient of determination (R?), mean squared error (MSE),
root mean squared error (RMSE), mean absolute error (MAE), and the Nash-Sutcliffe efficiency
coefficient (NSE). The R? value represents the proportion of the measured ROP variance explained
by the model and reflects its overall explanatory capability. MSE and RMSE quantify the prediction
accuracy, with lower values indicating a higher level of precision. MAE defines the average
magnitude of the prediction errors, providing insight into the model’s overall error distribution. The
NSE coefficient measures the agreement between predicted and observed values, where values
approaching unity denote excellent predictive performance. Collectively, these metrics offer a
comprehensive evaluation of model accuracy, robustness, and generalization capacity, enabling a
meaningful comparison of the effects of different hyperparameter optimization strategies.
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3. Methodology

3.1. General Approach

In this study, a Support Vector Machine (SVM)-based model was developed to predict the
performance parameters of a Tunnel Boring Machine (TBM). SVM was selected as the modeling
technique due to its strong generalization capability in handling nonlinear and multivariate data
structures, which makes it a suitable approach for TBM performance prediction.

To optimize the model performance, the main hyperparameters of SVM —namely the penalty
parameter (C), kernel parameter (y), and epsilon (¢)—were tuned using three different optimization
techniques: Grid Search, Random Search, and Bayesian Optimization. These methods were chosen
considering their distinct strategies for exploring the hyperparameter space and their potential to
achieve a global optimum.

Through this approach, the effects of each optimization technique on model prediction accuracy,
computational cost, and stability were comparatively evaluated. Consequently, the study aimed to
identify the most suitable optimization strategy for TBM performance prediction and to demonstrate
the effectiveness of SVM-based modeling in this context.

3.2. Dataset and Preprocessing

In the modeling process, BI, UCS, o, BTS, and DPW parameters were considered as independent

variables, while the rate of penetration (ROP), representing the excavation performance, was
designated as the dependent variable.
Although outlier removal is commonly applied to enhance model performance, in this study, extreme
values were deliberately retained. Eliminating these data points could weaken the representation of
natural excavation behavior in both hard and soft ground conditions. Therefore, the dataset was
preserved in its entirety to ensure a more realistic reflection of actual field performance.

Additionally, the dataset was divided into two subsets with 70% used for training and 30% for
testing. In contrast to the commonly adopted 80-20 split in the literature, this study intentionally
trained the model with a smaller portion of the data. This approach aimed to evaluate the model’s
generalization capability under limited training conditions and to obtain a performance assessment
that better reflects real-world scenarios. Remarkably, despite being trained with less data, the
proposed model achieved superior predictive accuracy compared to studies employing larger
training ratios, demonstrating its strong generalization ability and the effectiveness of the adopted
methodology. This confirms that the SVM-based approach can effectively capture underlying
patterns and maintain robust predictive power even when trained on a reduced dataset.

3.3. SVM Model

Support Vector Machines (SVM) represent a powerful regression and classification technique
capable of modeling both linear and nonlinear relationships. In this study, Support Vector Regression
(SVR) was employed to predict the performance parameters of the Tunnel Boring Machine (TBM).
The SVR model was configured with a Radial Basis Function (RBF) kernel, which enables effective
learning of nonlinear patterns by mapping the input data into a high-dimensional feature space. The
RBF kernel computes the similarity between data points based on Euclidean distance, allowing the
model to capture complex data structures [22]. The performance of the SVR model depends critically
on the proper selection of its key hyperparameters — C (penalty parameter), y (gamma), and &
(epsilon).

The C parameter controls the trade-off between model complexity and tolerance to errors: higher
C values aim to minimize errors more strictly, while lower C values yield a more flexible model. The
Y parameter determines the influence radius of the RBF kernel; small gamma values produce
smoother decision surfaces, whereas large gamma values create tighter, more localized regions of
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influence. The & parameter defines the width of the error-insensitive zone, within which deviations
are not penalized.

SVM models are computationally efficient since predictions rely only on support vectors,
leading to reduced memory requirements and strong generalization capability. Furthermore, the
margin-maximization principle minimizes the risk of overfitting. [22,23].

In this study, the modeling process was carried out in three main stages.

First, the SVR model was trained using the training dataset.

Second, the hyperparameters were optimized using Grid Search, Random Search, and Bayesian
Optimization methods. Finally, the optimal parameter combination was applied to the test dataset,
and the model’s predictive performance was comprehensively evaluated.

3.4. Hyperparameter Optimization

The performance of the SVM model depends on three key parameters: the penalty parameter
(C), the RBF kernel parameter (y), and epsilon () [22,23].

In this study, the ranges of the hyperparameters used in the Support Vector Regression (SVR)
model were determined based on the recommendations of previous studies and preliminary
experiments. The parameter C, which balances model complexity and generalization capability, was
defined within the range of 0.1 to 10,000. The vy (gamma) parameter, which controls the influence of
individual training samples in capturing nonlinear relationships, was constrained between 1x107°
and 0.1. The ¢ (epsilon) parameter, representing the tolerance for prediction errors, was explored
within the range of 1x10-3 to 0.2. These ranges guided the hyperparameter search process across the
three optimization methods.

Hyperparameter optimization was performed using three distinct search strategies.

First, the Grid Search method was applied, in which all possible parameter combinations were
systematically evaluated over a logarithmically spaced grid defined within the selected parameter
ranges [24]. Second, the Random Search approach was employed, where 1000 randomly selected
parameter combinations were tested. This method allowed efficient exploration of a wide parameter
domain while maintaining lower computational cost [24]. Finally, Bayesian Optimization was adopted
as a probabilistic optimization technique. This approach dynamically explored the parameter space using a
Gaussian Process-based surrogate model and selected new candidate combinations through the Expected
Improvement (EI) acquisition function [25,26].

4. Model Implementation

In this study, the developed SVM model was implemented after splitting the dataset into 70%
for training and 30% for testing, utilizing three different optimization strategies. The predictive
performance of the model was comprehensively evaluated using several performance indicators,
including Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Coefficient of Determination (R?), and Nash-Sutcliffe Efficiency (NSE).

During the hyperparameter optimization process, Grid Search, Random Search, and Bayesian
Optimization techniques were employed. Among these, Bayesian Optimization demonstrated a clear
advantage in computational efficiency by achieving high predictive accuracy with fewer evaluations.
The optimal C and y values obtained reflected the distinct search behaviors of the optimization
methods, and the impact of these variations on model performance was visualized through three-
dimensional hyperparameter search surfaces, as illustrated in Figure 3.

These plots clearly show that Bayesian Optimization reached optimal performance with a
limited number of trials and provided more efficient hyperparameter tuning compared to Grid
Search and Random Search. While Grid Search produced results close to those of Bayesian
Optimization, Random Search exhibited greater deviation from the optimal region.

Although reducing grid density in Grid Search or increasing the number of trials in Random
Search can enhance model performance, both approaches substantially increase computation time
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and memory requirements. In contrast, Bayesian Optimization offers a distinct advantage by
achieving both high predictive accuracy and computational efficiency with far fewer evaluations.

Overall, the predictions obtained from the measured data demonstrate that the developed model
possesses a high degree of accuracy and stability. Furthermore, the comparative analysis of
optimization strategies highlights the critical role of hyperparameter selection in model performance
and provides a practical methodology for engineering applications that aim to achieve efficient
results under limited computational resources.
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Figure 3. Optimized SVM parameters.
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As illustrated in Figure 3, the optimal SVM parameters obtained through Bayesian Optimization
were determined as C =16.322462, v = 0.000865, and & =0.111265. Using these optimized parameters,
the model performance was evaluated, and the results for the training, testing, and entire datasets
were computed based on various performance metrics. The corresponding results for MSE, RMSE,
MAE, NSE, and R? are presented in Table 1.

Table 1. SVM model performance.

Metric Train Test All Data
MSE 0.010161 0.010160 0.010161
RMSE 0.100803 0.100796 0.100801
MAE 0.096832 0.094994 0.096284
NSE 0.916367 0.929197 0.920932
R2 0.958294 0.966447 0.960534

As shown in Table 1, the model achieved R2 values of 0.9583 and 0.9664, NSE values of 0.9164
and 0.9292, and MAE values of 0.0968 and 0.0950 for the training and testing datasets, respectively.
These results indicate minimal prediction errors and demonstrate the SVM model’s high accuracy
and strong predictive capability. Figure 4 presents the ROP predictions along the tunnel together
with the scatter plots of the training and testing data. When Table 1 and Figure 4 are evaluated jointly,
it becomes evident that the model maintained high accuracy and stability across both datasets, with
predictions showing a strong agreement with the observed values.

5. Discussion

The SVM model developed in this study exhibited high accuracy and robustness in predicting
the rate of penetration (ROP) during tunnel excavation. As shown in Table 1, the performance metrics
demonstrate a strong fit for both training and testing datasets: R? values of 0.9583 (train) and 0.9664
(test), NSE values of 0.9164 and 0.9292, and MAE values of 0.0968 and 0.0950, respectively. The ROP
predictions along the tunnel and the scatter plots in Figure 4 confirm that the model effectively
captured both overall trends and local variations.

Previous studies have addressed TBM penetration-rate prediction using various datasets and
input parameters. For instance, in [19], an SVR-based model developed from the Queens Water
Tunnel dataset achieved high accuracy through 10-fold cross-validation (R?=0.99 for training and R?
= 0.95 for testing). However, the limited sample size and the use of eight input parameters restricted
the model’s generalization capability, leading to inconsistent performance under different geological
conditions. Similarly, [20] compared ANN, SVM, and GEP based models using data from the
Chamshir water conveyance tunnel. Although GEP yielded the lowest errors, SVM performed
relatively worse. Since those studies did not report how SVM parameters were selected or tuned, a
detailed comparison was not possible. A more recent study [21] applied SVM using parameter values
directly adopted from literature references, without further optimization.

In the present work, both the dataset and input parameters differ from those used in earlier
studies. Whereas most ANN and SVM-based approaches allocate 80% of the data for training and 20%
for testing, this study employed a 70/30 split and still achieved NSE, R?, and RMSE values nearly
identical to those of the training data. Thus, higher performance was obtained with less training data,
demonstrating the model’s strong generalization capacity.

Hyperparameter optimization was carried out systematically through Grid Search, Random
Search, and particularly Bayesian Optimization, rather than through time-consuming trial-and-error
procedures. This strategy enabled the model to achieve high predictive accuracy and stability even
with limited data, as verified by the R?, NSE, and MAE metrics. Unlike previous studies, this work
provides a detailed assessment of the impact of hyperparameter optimization and the contribution
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of each parameter to model performance, offering valuable methodological and pedagogical insights
for both practice and geotechnical engineering education.
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Figure 4. Scatter plots showing the predicted ROP along the tunnel alongside the training and testing data.

6. Conclusion and Future Work

In this study, an SVM-based model was developed to predict the rate of penetration (ROP)
during tunnel excavation, and hyperparameter optimization was conducted using Grid Search,
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Random Search, and, in particular, Bayesian Optimization. The model’s performance was evaluated
on both training and testing datasets using R?, NSE, and MAE metrics, showing high accuracy and
stability (R? = 0.9583-0.9664, NSE = 0.9164-0.9292, MAE = 0.095-0.0968). The Bayesian Optimization
approach achieved high predictive accuracy with a limited number of iterations, offering a clear
advantage in both performance and computational efficiency.

This study distinguishes itself from previous research by systematically addressing SVM
hyperparameter optimization using a broader dataset and a distinct set of input parameters. This
methodological framework enhanced the stability of both training and testing performance and
clarified the influence of each hyperparameter on overall model behavior. The findings provide
meaningful contributions to geotechnical engineering, both in practical applications and educational
contexts.

Future research may focus on improving the model’s generalization capability by employing
larger and more diverse datasets that represent various geological conditions. Incorporating
additional input features—such as sensor data, TBM operational parameters, or other geotechnical
measurements—could further enhance predictive performance. Moreover, the SVM model can be
compared with other machine learning algorithms such as ANN, GEP, Random Forest, and XGBoost,
and hybrid or advanced optimization techniques may be explored to refine hyperparameter tuning.

Supplementary Materials: The following supporting information can be downloaded at the website of this

paper posted on Preprints.org.
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