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Abstract

In this study, both linear and nonlinear parametric models (M1-M6) and machine learning (ML)—
based approaches were evaluated for the reliable and interpretable prediction of tunnel boring
machine (TBM) penetration rate (ROP). The analyses incorporated rock hardness index (BI), uniaxial
compressive strength (UCS), joint angle (a), excavation depth (DPW), and BTS as input variables.
Parametric model coefficients were optimized using the Differential Evolution (DE) algorithm, and
variable effects were examined via Jacobian-based elasticity analysis under both original and
standardized data scenarios. Parametric results indicate that the proposed M6 model outperforms
existing literature correlations in terms of prediction accuracy and represents variable contributions
in a more balanced and physically meaningful manner. While the dominant influence of BI and UCS
on ROP is preserved across all models, interaction terms allow the indirect contributions of variables
such as DPW and BTS to be captured more clearly. Model performance systematically improves
when moving from linear to nonlinear and interaction-inclusive structures, with R? increasing from
0.62 for M1 to 0.69 for M6. Machine learning-based variable importance analyses largely corroborate
the parametric findings, highlighting BI and a in tree-based methods, and UCS and « in SVM and
GAM models. Notably, the GAM model exhibited the highest predictive performance under both
data scenarios. Overall, the combined use of parametric and ML approaches provides a robust hybrid
framework for accurate and interpretable prediction of TBM penetration rates.

Keywords: tunnel boring machine (TBM); penetration rate (ROP); parametric and machine learning
modeling; variable importance; hybrid prediction framework

1. Introduction

In modern transportation, energy, and infrastructure projects, tunnels are widely employed to
ensure continuity between cities, support water supply and wastewater management, and facilitate
safe energy transmission. Since these structures are often constructed under complex geotechnical
conditions, their design, construction, and operation demand high technical expertise, meticulous
planning, and advanced safety measures. Tunnel Boring Machines (TBMs) represent one of the most
tangible manifestations of this multidisciplinary system in the field. Accurate prediction of TBM
performance relies on the combined knowledge of civil engineering, geology, mechanical
engineering, data science, and project management. Numerous parameters, such as rate of
penetration (ROP), advance rate (AR), and ground-support interactions, directly influence TBM
efficiency and safety. Reliable estimation of these parameters is critical not only for occupational
safety but also for cost and schedule management. Consequently, successful TBM projects necessitate
effective communication and strong teamwork among geologists, geotechnical engineers, mechanical
engineers, data analysts, and field crews, highlighting the practical importance of interdisciplinary
approaches and coordination in engineering education and practice.

Early studies on TBM penetration rate prediction primarily employed simple empirical models
based on rock hardness [1]. Subsequent research examined penetration behavior in sedimentary rock
formations [2] and employed statistical regression models [3,4], contributing significantly to the
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understanding of fundamental relationships between rock parameters and ROP. Advanced
regression analyses yielded high correlation values (r = 0.82) and developed empirical equations
suitable for practical applications [3]. However, these early approaches largely relied on linear
assumptions, limiting their ability to fully represent complex geotechnical interactions and machine-
ground behavior.

To evaluate TBM performance more realistically, heuristic optimization algorithms have become
increasingly popular. A notable example is the Particle Swarm Optimization (PSO)-based model
proposed by Yagiz and Karahan [5], which aimed to minimize the discrepancy between measured
and predicted ROP values. Subsequent studies expanded the methodological diversity by
incorporating Harmony Search (HS), Differential Evolution (DE), and Grey Wolf Optimizer (GWO)
algorithms [6]. Similarly, Khoshzaher et al. [7] demonstrated that TBM penetration rate is influenced
by both machine and geological factors, showing that the Firefly algorithm outperformed PSO in
their optimization results.

Expressing all relationships in complex geotechnical and mechanical systems like TBMs through
a single formula is extremely challenging. This limitation constrains the predictive accuracy of
parametric models, typically resulting in R? values around 0.70. To overcome this, recent years have
seen the application of Artificial Neural Networks (ANNs) [8-11], Support Vector Machines (SVMs)
[12-17], fuzzy logic [18-21], and hybrid soft computing approaches [22-25], which, thanks to their
ability to represent nonlinear relationships and manage uncertainties, achieve high accuracy in TBM
performance prediction.

These methods can predict penetration rates with high precision under multivariate and
complex geotechnical conditions, effectively capturing nonlinear interactions among parameters.
However, despite high predictive accuracy (R? = 0.90-0.95), interpreting the influence of model inputs
and determining their relative importance remains limited, posing a significant drawback for
engineering applications.

In this study, six parametric approaches were employed for predicting TBM penetration rate
(ROP): three linear, exponential, and nonlinear models, and three hybrid models. All model
parameters were optimized using the Differential Evolution (DE) algorithm [26,27], and the effects of
input variables on output were analyzed through the Jacobian matrix.

The analyses were conducted under two scenarios. In Scenario I, model inputs were used in their
original form, while in Scenario II, inputs were standardized using the z-score method. In both
scenarios, the relative importance of model inputs was determined and results were compared.

Additionally, variable importance was calculated for Random Forest (RF) [28,29], Bagged Trees
(BT) [30,31], Support Vector Machine (SVM) [32,33], and Generalized Additive Models (GAM)
[34,35], and compared with parametric models. For reliable TBM penetration rate prediction, high
accuracy alone is insufficient; model decision-making processes must also be transparent and
interpretable.

To this end, Partial Dependence Plot (PDP) and Accumulated Local Effects (ALE) analyses were
applied to examine the effects of variables on ROP within these machine learning models. For tree-
based models, numerical derivative methods were used, similar to parametric models where
analytical derivatives are not feasible. These analyses reveal both global and local effects of variables,
enhancing model interpretability and providing a reliable impact assessment for ROP prediction.

2. Materials and Methods
2.1. Data Used in the Study

The dataset employed in this study is derived from field and laboratory measurements obtained
from a tunnel project located in the Queens area of southwestern New York [3]. This dataset, widely
used in the literature for evaluating TBM performance [3-5], includes key variables that enable the
prediction of the tunnel boring machine’s rate of penetration (ROP). The measured parameters
encompass both geotechnical and geometric variables, including uniaxial compressive strength
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(UCS), Brazilian tensile strength (BTS), rock hardness index (BI), excavation depth (DPW), and joint
angle (a). These variables are critical for modeling TBM performance and reliably predicting ROP.

Variations in these parameters along the tunnel alignment are presented in Figure 1, while the
basic statistical characteristics of the dataset are summarized in Table 1. As evident in Figure 1, the
relationship between the input variables in the first five columns and the observed ROP values in the
last column exhibits a highly complex structure. This complexity underscores the difficulty of
explaining penetration rate through a single simple relationship. Therefore, in this study,
mathematical models with different functional forms were developed, and the parameters of these
models were optimized. The resulting model outputs were then analyzed and compared using
various error evaluation metrics.

Table 1. Descriptive statistics of the variables used in the study.

Row BI UCS Alpha DPW BTS ROP
Min 24.867 118.276 2.000 0.050 6.724 1.268
Max 57.964 199.655 89.000 2.000 11.435 3.072
Mean 34.600 150.054 44.715 1.021 9.550 2.044
Std 8.457 22.189 23.279 0.645 0.870 0.360
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Figure 1. Variation of model variables and ROP values along the tunnel length.

2.2. Selection of Model Inputs

For the development of the prediction models, five key input parameters influencing TBM
performance were considered: rock hardness index (BI), uniaxial compressive strength (UCS), joint
angle (), excavation depth (DPW), and Brazilian tensile strength (BTS). The model output was
defined as the tunnel boring machine’s rate of penetration (ROP; m/h). The relationships and mutual
correlations between these input variables and ROP are presented in Figure 2 using a correlation
matrix.
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Figure 2. The correlation relationship between ROP and model parameters.

2.2. Analysis of Model Inputs

Examination of Figure 2 indicates that the strongest positive correlation with penetration rate
(ROP) is observed for the rock hardness index (BI) (r = 0.5805). Uniaxial compressive strength (UCS)
exhibits a moderate positive correlation with ROP (r = 0.2595), whereas the influence of joint angle
(o) is relatively lower (r = 0.2196). In contrast, excavation depth (DPW) shows a notable negative
correlation with ROP (r = -0.4654), indicating an inverse effect on penetration rate. Brazilian tensile
strength (BTS) demonstrates a very weak positive correlation with ROP (r =0.0931). Although BTS is
often neglected in previous studies, preliminary analyses conducted in this work revealed that
including BTS contributes, albeit modestly, to improved model performance. Therefore, BTS was
retained in the model formulations. Overall, BI appears as the most dominant factor affecting ROP,
while UCS and «a also provide meaningful contributions to penetration rate prediction.

2.3. Models Used in the Study

To predict the penetration rate of tunnel boring machines (ROP), five core model approaches
with varying levels of complexity were evaluated. The selection and inclusion order of independent
variables in these models were determined based on the correlation matrix presented in Figure 1,
following a stepwise progression from simple mathematical expressions to more complex structures.

First, a linear regression model was implemented, focusing on the linear relationships between
dependent and independent variables within the classical multiple linear regression framework
[36,37]. This approach aims to reveal the direct and proportional effects of the input variables on ROP.

To extend beyond the linear assumption, an exponential regression model was developed,
wherein the linear combination of independent variables is expressed through an exponential
function. This allows nonlinear effects to be incorporated into the model [36].

Additionally, the multiplicative nonlinear model represents ROP as the product of independent
variables raised to different powers. This structure enables estimation of parameters using nonlinear
regression techniques, thereby flexibly representing the relative effects of variables on ROP [37-43].

More advanced hybrid nonlinear models integrate linear terms with power functions,
logarithmic transformations, and interactions among variables. Parameters for these models were
determined using heuristic optimization techniques such as Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), Firefly Algorithm (FA), and Symbiotic Organisms Search (SOS). The hybrid
approach combines the strengths of empirical modeling and machine learning—based methods,
providing greater flexibility and higher representational capacity for ROP prediction [5-7].
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All these mathematical models, developed to better capture the complex and nonlinear
relationships between ROP and independent variables observed in Figure 1, are summarized in Table
2. In this context, Equation (1) defines variable effects within a linear structure, while Equation (2)
transforms the same relationships into a nonlinear form via exponential functions. Equation (3)
represents variable effects using power terms, whereas Equations (4) and (5) correspond to hybrid
models incorporating both linear and nonlinear components. The most comprehensive model,
Equation (6), includes interaction terms such as BI x DPW, enhancing model explanatory power.
Parameters for the first three models were determined using classical regression techniques, while
more complex structures relied on heuristic optimization algorithms [5,7].

Table 2. Proposed Equations for Predicting TBM Performance.

Model Equation Eqn #
M1 ROP = p; + p,Bl + p3UCS + pya + psDPW + psBTS 1)
M2 ROP = exp®1+ 2Bl + P3UCS+ pya+psDPW +pgBTS) @)
M3 ROP = p; BIP2UCSP3 aP4+DPWP5 BTS Ps 3)
M4 ROP = p;+ p,BI + p3UCS + p,log(a) + psDPW P6 + p,BTS 4)
M5 ROP = p; + p,Bl + p3UCS + p,aP5 + ps DPW P7 4+ pgBTS 5)
Mé6 ROP = p;+ p,BI + p;UCS + p,log(a) + psDPW + ps(BI DPW) + p,BTS (6)

2.4. Determination of Model Parameters
2.4.1. Parameter Estimation Strategies

The methods used to estimate model parameters vary depending on the mathematical structure
and complexity of the model. For linear models, parameter estimation is typically performed using
Ordinary Least Squares (OLS) [41]. In cases involving multicollinearity or overfitting, regularized
regression techniques such as Ridge and Lasso are employed. For exponential or log-transformed
models, appropriate mathematical transformations can linearize the problem, allowing classical
linear regression methods to be applied.

In contrast, nonlinear models—particularly those containing numerous parameters—pose a
more complex estimation problem. While nonlinear least squares and derivative-based optimization
methods are commonly used, strong interactions among variables and complex error surfaces often
lead these approaches to become trapped in local minima, preventing convergence to the global
optimum [37-43].

To overcome these challenges, metaheuristic optimization algorithms are widely employed in
the literature. These algorithms explore the solution space through stochastic and guided search
mechanisms, reducing the risk of local minima and improving the likelihood of obtaining near-global
optimal solutions. Genetic Algorithm (GA) [44,45], Particle Swarm Optimization (PSO) [46,47], and
Firefly Algorithm (FA) [48,49] are frequently applied in TBM performance modeling for this purpose.

In the present study, all parametric model coefficients were determined using the Differential
Evolution (DE) algorithm [26,27]. DE is a population-based evolutionary optimization method that
is particularly effective for continuous and nonlinear problems, offering high convergence reliability
and robustness. The algorithm iteratively applies mutation, crossover, and selection operations on an
initially randomly generated solution population, aiming to identify the parameter set that minimizes
the objective function. Key advantages of DE include its derivative-free operation, relatively simple
parameter tuning, and high potential to reach global optima even on complex error surfaces [6,50].
These characteristics make DE a reliable and efficient tool for parameter estimation in problems
involving multiple variables and strong nonlinear relationships, such as TBM penetration rate
prediction.
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2.4.2. Model Performance Evaluation

To quantitatively assess model performance, various statistical indicators were employed to
evaluate the agreement between predicted and observed values. The most commonly used metrics
include the coefficient of determination (R?), root mean square error (RMSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE) [51-54].

The R? coefficient reflects the model’s explanatory power, while RMSE is sensitive to large errors.
MAE provides the average deviation of predictions, and MAPE expresses errors as percentages,
enhancing interpretability [51].

For machine learning—based models, datasets are typically split into training and testing subsets
to evaluate generalization capability [53,54]. In cases of limited data, noise can be added to improve
model robustness [55]. In this study, the dataset was randomly divided into 80% training and 20%
testing sets, and the models’ ability to generalize to unseen data was analyzed.

The aforementioned performance metrics were applied to both classical regression models and
nonlinear models supported by metaheuristic optimization. The resulting outcomes were then
compared with machine learning—based methods, providing a comprehensive assessment of model
interpretability, error performance, and generalization capability.

2.5. Jacobian-Based Elasticity Analysis

In this study, a Jacobian-based elasticity approach was employed to evaluate the sensitivity of
the TBM penetration rate prediction model with respect to its input variables [56]. For a single-output
model:

y= f(x11x21 "'lxn)ry ER (7)
and

X = [xq, X3, ..., x,]T € R® (8)
representing the vector of input variables.

For each observation in the dataset, local derivatives of the model with respect to the input
variables are computed, providing a detailed depiction of the model’s sensitivity structure. By
aggregating the derivatives across all observations, a Jacobian matrix is constructed with dimensions
m X n, where mis the number of observations and nis the number of input variables:

dx, 0xy dx,
J=|: : ol € R™" )
dx; 0xy dx,

Here, y;represents the model’s predicted value for the i-th observation. Each row corresponds to
the local sensitivity vector at the respective observation point [57,58].

To assess the relative influence of each variable, the elasticity measure is used. Elasticity is a
dimensionless quantity that expresses the proportional effect of a proportional change in an input
variable on the output. Following the classical econometric definition, it is given by:

=25 ()
ox; y

This expression provides a general definition of elasticity for any model, indicating the
proportional impact on Yof a 1% change in X;. Computing elasticity for all observations yields an
elasticity matrix E € R™*™[58], with each element calculated as:
= % L] (11)

ax]' Vi
In vector form, the elasticity matrix can be expressed as:
E=]0OX/Y) (12)
where Xis the observation matrix (m X n), Yis the predicted output vector (m X 1), and
(Ddenotes element-wise multiplication. The notation X /Yindicates thateach X;jvalue is divided by

ij
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the corresponding Y;value. For clarity, the Xmatrix comprises the column vectors of the model
variables BL, UCS, a, DPW, and BTS, while Y consists of the ROP column vector.

This approach enables quantitative analysis of the model’s sensitivity to each input variable,
both at the individual observation level and across the model as a whole. Moreover, for nonlinear
and “black-box” models such as SVM, GAM, or other machine learning approaches, this method
facilitates local-level interpretability, providing a clearer insight into the decision-making mechanism
of the model.

For parametric models, derivatives are obtained analytically, whereas for black-box machine
learning models, the Jacobian can be computed numerically. This allows the approach to be applied
consistently across all model types. Parametric model Jacobians and elasticities are detailed in
Appendix A.1, and the interpretability and sensitivity analyses of black-box models are presented in
Appendix A.2.

3. Model Application and Results
3.1. Implementation of Parametric Models (M1-M6)

This section presents the implementation process of the parametric models (M1-M6) developed
for predicting the TBM penetration rate (ROP). Both classical regression approaches—including
linear, exponential, and multiplicative nonlinear models—and hybrid nonlinear models supported
by heuristic optimization techniques were evaluated in this study.

Parameters for the models defined in Equations (1)-(3) were estimated using conventional
methods. Specifically, the linear model was fitted using Ordinary Least Squares (OLS) [36,37], while
the exponential and multiplicative nonlinear models were estimated via Nonlinear Least Squares
(NLS) [38—41].

For the hybrid models expressed in Equations (4)—(6), parameter optimization was performed
using the Differential Evolution (DE) algorithm [26,27], which is capable of accommodating nonlinear
and complex data relationships more effectively.

The optimized model parameters are presented in Table 3, while the performance evaluations
of the models based on various error metrics are provided comparatively in Table 4.

Table 3. Optimal Parameters of the Penetration Rate Prediction Models.

Model p: p2 p3 p: ps ps p7 ps
M1 1.4138 0.0308 -0.0035 0.0054 -0.2161 0.0069
M2 0.4078 0.0146 -0.0019 0.0026 -0.1098  0.0076
M3 0.6491 0.5483 -0.2934 0.0987 -0.0703  0.1337
M4 1.0572 0.0291 -0.0037 0.1908 -0.3395  0.6141 0.0187
M5 2.5870 0.0286 -0.0038 -1.7221 -0.2017  -0.3441 0.6108 0.0219
Me 0.7297 0.0384 -0.0040 0.1875 0.0948  -0.0090 0.0138

Table 4. Comparative Performance of Penetration Rate Prediction Models.

Model R R2 RMSE MAE
M1 0.7896 0.6235 0.2200 0.1852
M2 0.7955 0.6327 0.2172 0.1821
M3 0.8122 0.6597 0.2091 0.1756
M4 0.8187 0.6702 0.2059 0.1764
M5 0.8203 0.6728 0.2050 0.1758
Meé 0.8299 0.6888 0.2000 0.1690
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An examination of the results presented in Table 4 reveals a consistent increase in the correlation
coefficient (R) and the coefficient of determination (R?) from M1 to M6, accompanied by a pronounced
decrease in RMSE and MAE values. This trend reflects an improved representation of inter-variable
relationships as model structures evolve from linear and relatively simple forms to more complex
nonlinear formulations.

While the initial models express independent variables through linear or limited logarithmic
and exponential transformations, subsequent models incorporate exponential, logarithmic, and
interaction terms, resulting in a substantial improvement in prediction accuracy. Among these, the
M6 model—applied for the first time in this study and explicitly accounting for inter-variable
interactions—achieves the highest goodness-of-fit metrics and the lowest error values in TBM
performance prediction.

In particular, the Brazilian tensile strength (BTS) variable, which has often been neglected in
previous studies, was found to make no significant contribution in Equations (1)—(3). However, when
interaction terms were introduced in Equations (4)—(6), BTS led to a marked improvement in model
performance. In this context, the M6 model emerges as the most successful among the examined
parametric models, yielding the highest R? value (0.69) and the lowest RMSE (0.20).

Furthermore, the superior test performance obtained in this study, compared with commonly
referenced parametric models in the literature [4-6], demonstrates that the proposed model offers a
robust and reliable alternative for TBM penetration rate prediction. In engineering applications,
understanding the relative contributions of input variables is as critical as achieving high predictive
accuracy. Accordingly, this study not only focuses on improving model performance but also
explicitly quantifies the relative effects of model inputs. This dual emphasis represents one of the
most significant contributions of the present work to TBM performance modeling.

3.2. Feature Importance Analysis for Parametric Models

As shown in Table 1, the model variables exhibit substantially different mean values and scales;
for instance, UCS is on the order of 150, whereas DPW is approximately 1. These scale differences
necessitated the application of the Jacobian-based elasticity analysis under two distinct scenarios in
order to reliably assess the relative influence of the model variables:

e  Scenario I: Model variables in their original scales
e  Scenario II: Standardized model variables

In both scenarios, the relative weights of the model inputs were computed, and the results are
presented comparatively in Figure 3.

Original X
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Figure 3. Relative effects of variables in the M1-M6 models constructed using original data and Z-score

standardization.

The strongest positive relationship with the penetration rate (ROP) is observed for the rock
brittleness index (BI) (r = 0.5805), followed by the uniaxial compressive strength (UCS) (r = 0.2595).
Figure 3 further indicates that the effects of BI and UCS on the model outputs remain consistently
high across all models, both for the original and standardized datasets.

These findings are consistent with the correlation matrix of the variables, confirming that the
models successfully capture the relationships between ROP and the input parameters. A more
detailed examination shows that the influence of the joint angle () is relatively weak (r = 0.2196). In
contrast, a pronounced negative relationship is observed between penetration depth per revolution
(DPW) and ROP (r = -0.4654), indicating that an increase in DPW leads to a decrease in penetration
rate, and thus DPW adversely affects ROP.

3.3. Feature Importance Analysis for Machine Learning Models

Feature importance analysis is a fundamental explainability approach that reveals which input
variables a machine learning model relies on—and to what extent—when predicting the target
variable. This analysis is critical not only for evaluating predictive performance but also for
understanding the mechanisms through which that performance is achieved. It is particularly
effective in tree-based methods (e.g., Random Forest and Gradient Boosting), where it serves as a
powerful tool for interpreting the model’s decision-making process [28-30].

The primary objective of feature importance analysis is to quantify the relative contributions of
variables within the dataset, thereby enhancing model transparency. By identifying the inputs that
contribute most significantly to prediction accuracy, the “black-box” nature of machine learning
models can be substantially reduced [59].

In addition, feature importance analysis offers notable advantages in terms of dimensionality
reduction and model simplification. Removing variables with low contribution or high collinearity
enables the development of more parsimonious and interpretable models, reduces training time and
computational cost, and often improves generalization performance [44]. Moreover, this approach
allows for a comparative evaluation of variable priorities across different model types, providing
clearer insights into the sensitivity of the model to specific input parameters.

Within the scope of this study, the effects of the input variables used for modeling TBM
penetration rate (ROP) were systematically analyzed using four machine learning methods—
Random Forest, Bagged Trees, Support Vector Machines (SVM), and Generalized Additive Models
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(GAM). Model performances under both original and standardized data scenarios were evaluated
and comparatively summarized by method in Table 5.

Table 5. Performance comparison of penetration rate prediction models.

Scenario Model R R2 RMSE MAE
Random Forest 0.878 0.751 0.179 0.146

I Bagged Trees 0.879 0.743 0.182 0.148
SVM 0.894 0.764 0.174 0.123

GAM 0.952 0.906 0.110 0.058

Random Forest 0.885 0.756 0.177 0.146

- Bagged Trees 0.882 0.742 0.182 0.148
SVM 0.888 0.750 0.179 0.125

GAM 0.932 0.868 0.130 0.070

As shown in Table 5, the GAM model consistently outperforms the other machine learning
methods in both scenarios by achieving the highest correlation coefficient (R) and coefficient of
determination (R?), along with the lowest error values (RMSE and MAE). In particular, in Scenario I,
the GAM model attains an R? value of 0.906 and an RMSE of 0.110, indicating its strong capability to
accurately capture the nonlinear relationships governing TBM penetration rate.

Overall, the use of original or standardized data leads to only marginal changes in the
performance metrics of the Random Forest, Bagged Trees, and SVM models. This suggests that these
methods exhibit relatively stable behavior with respect to data scaling choices. In contrast, the use of
standardized data in the GAM model (Scenario II) results in a noticeable decline in performance,
characterized by a reduction in R? and increases in RMSE and MAE values. Nevertheless, despite this
decrease, the GAM model continues to outperform all other methods across all performance criteria
in both scenarios. This finding indicates that, while GAM possesses a high representational capacity,
it may be more sensitive to the original scale and distribution of input variables.

Following the scenario- and method-based evaluation of model performances, a feature
importance analysis was conducted to identify which input variables primarily contribute to the
achieved prediction accuracy. Accordingly, the analysis focuses not only on how well the models
perform, but also on the extent to which individual variables drive this performance. The variable
importance results for the machine learning models are presented in Table 6.

Table 6. Variable importance of machine learning models.

Variable Importance (%)

Scenario Variable

RF BT SVM GAM

BI 31.90 37.69 21.19 23.27

ucs 9.25 9.91 27.73 15.62

I Alpha 28.83 35.53 26.80 34.48
DPW 19.81 8.99 8.63 12.85

BTS 10.21 7.88 15.63 13.78

BI 29.56 37.74 18.54 26.75

ucs 9.10 12.84 16.10 19.99

IT Alpha 30.10 30.05 31.18 27.58
DPW 23.73 13.75 18.23 12.02

BTS 7.52 5.63 15.95 13.66
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Table 6 presents the relative variable importance values obtained for the Random Forest (RF),
Bagged Trees (BT), Support Vector Machine (SVM), and Generalized Additive Model (GAM)
methods under Scenario I (original variables) and Scenario II (standardized variables). The results
indicate that the machine learning approaches yield largely consistent outcomes across both
scenarios, exhibiting similar learning dynamics and overall behavior.

As illustrated in Figure 5, the joint angle (a) and the brittleness index (BI) emerge as the
dominant input variables across all models in both scenarios, attaining the highest importance scores
and highlighting their critical role in TBM penetration rate prediction.

Nevertheless, in Scenario II, particularly for the SVM and GAM models, the distribution of
variable importance becomes more balanced, with noticeable increases observed in the relative
importance of uniaxial compressive strength (UCS) and depth of penetration per wheel (DPW). In
contrast, for tree-based models such as RF and BT, inter-scenario differences remain limited, and the
ranking of variables is largely preserved. This behavior suggests that tree-based methods are
comparatively less sensitive to variable scaling.

The differences observed between machine learning (ML) and parametric models indicate that
the manner in which variable contributions are reflected in model outcomes is strongly dependent
on model structure. The fact that the joint angle («), which exhibits a relatively limited influence in
parametric models, assumes a dominant role across all ML approaches highlights a clear divergence
between the two modeling paradigms in terms of learning mechanisms and their capacity to capture
nonlinear relationships.

Similarly, the Brazilian tensile strength (BTS), which has been treated as a secondary variable in
many previous parametric studies and some ML applications, was found to contribute positively to
model performance in both nonlinear parametric models and ML-based approaches. This finding
suggests that BTS plays a complementary yet meaningful role in explaining TBM performance.

Overall, the results demonstrate that variable importance analyses yield robust and consistent
outcomes across different scaling scenarios and model classes, and that ML approaches possess a
strong potential to represent the complex interactions influencing TBM penetration rate in a more
effective and interpretable manner.

4. Discussion

Feature importance analyses conducted using both parametric and machine learning (ML)
models provide a multidimensional perspective for evaluating the roles of variables affecting tunnel
boring machine (TBM) penetration rate (ROP). Since input variables in parametric models exhibit
markedly different scales (e.g., UCS = 150, DPW = 1), direct comparison of variable effects becomes
challenging. Therefore, Jacobian-based elasticity analysis was performed under two different
scenarios: original-scale variables (Scenario I) and standardized variables (Scenario II). The relative
variable weights obtained under both scenarios are comparatively presented in Figure 3, and the
influence of scaling on the results is systematically evaluated.

All coefficients of the six parametric models (M1-M6) used in this analysis were optimized using
the Differential Evolution (DE) algorithm. Consequently, the feature importance assessments were
not based on fixed or literature-derived coefficients, but rather on parameter sets that were optimal
in terms of predictive performance for each model. This strategy enabled a more reliable
interpretation of variable effects that is consistent with model accuracy, thereby enhancing the
robustness of the parametric analyses.

The parametric results indicate that the strongest positive relationship with ROP is associated
with the brittleness index (BI, r = 0.5805), followed by uniaxial compressive strength (UCS, r = 0.2595).
The joint angle () exhibits a relatively weaker influence (r = 0.2196), whereas a pronounced negative
relationship is observed between penetration rate and depth of penetration per wheel (DPW, r = —
0.4654). The dominant effects of BI and UCS are consistently preserved across all parametric models
under both original and standardized scenarios, in agreement with the correlation matrix results.
Differences between scenarios do not reflect changes in the physical influence of variables, but rather
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indicate how elasticity calculations redistribute relative contributions depending on the reference
scale.

Compared to other parametric models, the proposed M6 formulation yields a more balanced
and physically meaningful distribution of variable contributions. Elasticity analysis based on DE-
optimized M6 coefficients not only confirms the dominant roles of BI and UCS but also reveals the
indirect and interaction-based contributions of DPW and BTS more clearly. This outcome
demonstrates that the interaction and logarithmic terms included in M6 provide a more realistic
representation of TBM-rock interaction processes. Accordingly, the M6 model achieves superior
predictive performance relative to all previously reported parametric correlations in the literature.

Feature importance analyses performed for machine learning models (Random Forest, Bagged
Trees, SVM, and GAM) also produce largely consistent results across both scenarios (Figure 4 and
Table 6). Nevertheless, clear differences emerge between parametric and ML models regarding how
variable contributions are represented. The joint angle (o), which plays a relatively limited role in
parametric models, attains high importance values across all ML approaches. This contrast reflects
the ability of ML models to more effectively capture nonlinear and data-driven interactions,
highlighting fundamental differences in learning dynamics between the two modeling paradigms.

Variable Importance (Original X)
T T

I Random Forest
[ Bagged Trees
[Cswm

I GAM

N
(&)

Importance (%)
3

ucs ALFA DPW BTS

Variable Importance (Standardized X)
T

40 T T T

I Random Forest
[ Bagged Trees
[Cswm

I GAM

Importance (%)

BI ucs ALFA DPW BTS

Figure 4. Relative effects of variables in soft computing methods developed using original data and Z-score

standardization.
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Furthermore, the BTS variable—often treated as secondary in earlier parametric studies and
some ML applications—was found to contribute positively to model performance in both nonlinear
parametric and ML-based models. In particular, the relative importance of BTS reaching
approximately 14-15% in the GAM model clearly indicates that this variable should not be neglected
in ROP prediction. Similarly, the visibility of BTS’s indirect contribution in the M6 model further
supports the notion that this formulation provides a more comprehensive physical representation of
the underlying process.

Overall, the combined use of parametric and ML-based analyses enables a detailed assessment
of variable effects on ROP through both linear and nonlinear components. Parametric models —
especially the DE-optimized M6 formulation—offer enhanced interpretability and physical
consistency, while ML models successfully capture complex patterns and interactions inherent in the
data. Together, these complementary approaches provide a balanced and robust modeling
framework that improves both predictive accuracy and interpretability in TBM performance
prediction.

6. Conclusions

In this study, the coefficients of six different parametric models (M1-M6) developed for TBM
penetration rate (ROP) prediction were optimized using the Differential Evolution (DE) algorithm.
The predictive performances of the optimized models were compared, followed by Jacobian-based
elasticity-driven feature importance analyses conducted under original (Scenario I) and standardized
(Scenario II) variable conditions. This comprehensive framework enabled a holistic evaluation of
variable effects in terms of both predictive accuracy and scale sensitivity.

The parametric modeling results clearly demonstrate that the proposed M6 formulation
outperforms all commonly used parametric models reported in the literature. The M6 model exhibits
superior performance in terms of error metrics (RMSE and MAE) as well as goodness-of-fit measures
(R?). This improvement primarily stems from the inclusion of interaction terms and logarithmic
expressions that allow a more realistic representation of TBM-rock interaction mechanisms.

Elasticity analyses based on the optimized M6 coefficients confirm the dominant influence of the
brittleness index (BI) and uniaxial compressive strength (UCS) on ROP, while consistently revealing
the negative contribution of depth of penetration per wheel (DPW). The strong similarity between
Scenario I and Scenario II results indicates that scaling does not alter the physical influence of
variables but merely redistributes their relative contributions. Moreover, the interaction terms
embedded in M6 enable a more effective representation of complex inter-variable relationships
compared to linear formulations, underscoring both the statistical and physical robustness of the
model.

Feature importance analyses conducted using machine learning methods (Random Forest,
Bagged Trees, SVM, and GAM) produce results that are largely consistent with those obtained from
parametric models. ML approaches confirm the dominant roles of Bl and UCS while revealing a more
pronounced importance of the joint angle («), which appears less influential in parametric models.
This discrepancy arises from the nonlinear and data-driven nature of ML models, which allows them
to capture complex interactions more sensitively.

Additionally, the BTS variable—often considered secondary in parametric modeling—was
found to enhance ROP prediction performance, particularly in ML models and nonlinear parametric
structures. This finding clearly indicates that BTS is an important input parameter that should not be
overlooked in TBM performance prediction.

In conclusion, the results of this study demonstrate that the DE-optimized M6 parametric model
provides superior predictive accuracy and a more balanced representation of variable contributions
compared to existing correlations in the literature. The joint evaluation of parametric and ML-based
feature importance analyses reveals that variable effects on ROP are generally consistent, while
different model structures offer complementary insights. Parametric models provide greater physical
interpretability, whereas ML methods more effectively capture nonlinear and complex relationships.
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Therefore, a hybrid modeling framework that integrates both parametric and machine learning

approaches offers a powerful and practical solution for achieving reliable and interpretable TBM

penetration rate prediction.

Appendix A

A.1. Jacobian Components and Elasticities of Parametric Models

(Mixed Log-Power)

Model Jacobian (GROP/0xi) Elasticities (Ei)
OROP/0BI = p2 E_BI = p2-BI/ROP
OROP/0UCS = p3 E_UCS = p3-UCS/ROP
Model 1
OROP/0a = p4 E_a=p4-a/ROP
(Linear)
OROP/0DPW = p5 E_DPW = p5-DPW/ROP
OROP/OBTS = p6 E_BTS = p6-BTS/ROP
OROP/0BI = p2-ROP E_BI=p2-BI
OROP/0UCS = p3-ROP E_UCS = p3-
Model 2
. OROP/0a = p4-ROP UCSE_a=pda
(Exponential)
OROP/0DPW = p5 ROP E_DPW = p5-DPW
OROP/OBTS = p6-ROP E_BTS = p6-BTS
OROP/0BI = p2-ROP/BI E_BI=p2
OROP/0UCS = p3-ROP/UCS E_UCS=p3
Model 3
OROP/0a = p4-ROP/ax E a=p4
(Power)
OROP/0DPW = p5-ROP/DPW E_DPW =p5
OROP/0BTS = p6-ROP/BTS E_BTS =p6
OROP/0BI = p2 E_BI = p2-BI/ROP
OROP/0UCS = p3 E_UCS = p3-UCS/ROP
Model 4

OROP/0a = p4/ac
OROP/ODPW =p5-p6-DPW"(p6-1)
OROP/OBTS = p7

E_a = p4/ROP
E_DPW = p5-p6-DPW"p6/ROP
E_BTS = p7-BTS/ROP

Model 5

(Generalized Power)

OROP/0BI = p2

OROP/0UCS = p3

OROP/0xx = p4-p5-a’(p5-1)
OROP/0DPW = p6-p7-DPW"(p7-1)
OROP/0BTS = p8

E_BI = p2-BI/ROP

E_UCS = p3-UCS/ROP

E_a = p4-p5-a”p5/ROP
E_DPW = p6-p7-DPW"p7/ROP
E_BTS = p8-BTS/ROP

Model 6

(Interaction Term)

OROP/OBI = p2 + p6-DPW
AROP/AUCS = p3
OROP/0a = p4/a
OROP/IDPW = p5 + p6-BI
OROP/OBTS = p7

E_BI = (p2 + p6-DPW)-BI/ROP
E_UCS = p3-UCS/ROP

E_a = p4/ROP

E_DPW = (p5 + p6-BI)-DPW/ROP
E_BTS = p7-BTS/ROP
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A.2 Interpretability and Sensitivity Analyses of Black-Box Models

1. Input vector for each observation

x® = [B1®, ycs®, o®, ppw®, Brs®]
2. Numerical Jacobian for a single observation

J0) = dROP® gROP® 9ROP® 9ROP® QROPW
0BI aUCS Ja JdDPW OBTS
3. Jacobian matrix for all observations

[OROPD  9ROPMW  9ROPW  9ROP® QROPW

dBI oUCS da dDPW OBTS
OROP®  QROP® QROP® AROP® QROP®
J=|"aBI auUCsS da aDPW  OBTS

OROP™M  9ROPM™ JROPM™ QJROP™ QGROP(™
dBI oUCS da dDPW OBTS

4. Numerical derivative (finite difference)

dROP®  ROP™ (x; + h) — ROP™M (x))
ax; h
5. Elasticity

,h =0.001-x;

g _ 9ROP® x
i dx; ROP®
Symbol Description
k Observation index (1, 2, ..., m); m = total number of observations
x®  Input vector of the k-th observation [BI,UCS,a, DPW,BTS]
RoP® Predicted TBM penetration rate for the k-th observation

Numerical Jacobian matrix for the k-th observation (local derivatives with respect

](k) ) )
to input variables)

El.(k) Elasticity of the i-th input variable for the k-th observation

i Index of input variables (1=BI, 2=UCS, 3=a, 4=DPW, 5=BTS)
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