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Abstract: The increasing complexity and geological unpredictability associated with mechanized
tunneling demand optimization frameworks that go beyond static, offline parameter adjustments
and embrace adaptive and physically coherent decision-making processes. Traditional
metaheuristic algorithms, such as genetic algorithms (GA), particle swarm optimization (PSO),
and simulated annealing (SA), have been widely applied to optimize tunnel boring machine (TBM)
performance. However, they are inherently limited by their lack of real-time adaptability and
restricted physical interpretability. This research presents a hybrid surrogate—physics—Al
optimization framework (H-SGP-BO-PINN-DRL) that redefines TBM optimization as a physics-
constrained adaptive control challenge, shifting away from a static optimization model. The
framework integrates a surrogate-assisted hybrid GA—PSO combined with Bayesian optimization
for a global search that considers uncertainty, a physics-informed neural network (PINN) that
incorporates essential mechanical principles to ensure geotechnical feasibility, and a deep
reinforcement learning (DRL) controller that enables cycle-wise adaptive adjustments within
physically feasible operational limits. The framework was validated using field data from EPB-
TBM projects in the Jakarta MRT and Istanbul Metro systems, as well as synthetic datasets
generated using FEM. The results show that the proposed method reduces the specific energy
consumption (SEC) and improves the penetration rate (PR), while also demonstrating superior
convergence stability and robustness compared to traditional metaheuristic and surrogate-based
methods. Monte Carlo bootstrapping and Sobol global sensitivity analysis further identify thrust
force and cutterhead rotation speed as the main factors affecting energy-performance variability.
By integrating surrogate-assisted optimization, physics-informed learning, and reinforcement-
based adaptability, this study introduces a new paradigm for intelligent TBM operation, enabling
interpretable, energy-efficient, and deployable decision support for future smart and autonomous
tunneling systems.

Keywords: Tunnel Boring Machine (TBM) optimization, hybrid surrogate - physics - Al
framework, physics-informed neural network (PINN), deep reinforcement learning (DRL),
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Introduction

Tunnel boring machines (TBMs) are central to modern underground infrastructure development, where
operational efficiency directly governs the project duration, energy consumption, and excavation cost. As
tunneling projects increasingly encounter heterogeneous and uncertain ground conditions, the limitations of
traditional rule-based and experience-driven operations have become more pronounced. Data-driven
optimization techniques have been extensively adopted to improve TBM performance, particularly with respect
to minimizing the specific energy consumption (SEC) and maximizing the penetration rate (PR) [1], [2], [3]. Over
the past decade, metaheuristic algorithms, including genetic algorithms (GAs), particle swarm optimization
(PS0), and simulated annealing (SA), have been effective in identifying improved combinations of operational
parameters. However, these methods are inherently static and offline and rely on fixed objective functions and
predefined search spaces. Consequently, they exhibit limited adaptability to evolving geological conditions,
weak physical interpretability, and declining robustness in high-dimensional or uncertain environments [4], [5],
[6], [7]. Given these methodological constraints, the evolution of TBM optimization research has shifted toward
frameworks that integrate artificial intelligence, surrogate modeling, and physics-based constraints to achieve
adaptive and physically consistent performance improvements in the tunneling process.
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Over the past decade, numerous studies have employed metaheuristic algorithms, such as genetic algorithms
(GA), particle swarm optimization (PSO), and simulated annealing (SA), to enhance the performance of tunnel
boring machines (TBMs). These approaches have been applied to improve the parameters related to energy
consumption, penetration rate, and operational stability under varying geological conditions. Despite their
success, most previous studies have been characterized by static optimization and limited adaptability to
dynamic environments. Moreover, the integration of physical constraints and uncertainty quantification is
insufficient. Previous studies have demonstrated that various metaheuristic algorithms, including GA, PSO,
and SA, have been extensively applied to optimize TBM performance with varying degrees of success. Although
these classical methods effectively improve energy efficiency and penetration rates, their adaptability to
dynamic geological conditions remains limited. As research has evolved, hybrid and physics-informed
approaches have been developed to overcome these constraints by improving convergence efficiency, physical
consistency, and real-time learning capabilities. Here, dynamic geological conditions refer to the spatial
heterogeneity encountered progressively along the tunnel alignment, such as transitions between soil layers of
differing UCS and moisture content across successive excavation rings, rather than second-by-second temporal
change; classical metaheuristics re-optimize offline for a fixed geological assumption and cannot adjust once the
encountered ground departs from that assumption [8].

Research Gap

Although numerous studies have focused on optimizing TBM performance using heuristic and metaheuristic
techniques, several critical research gaps remain unaddressed. First, most existing approaches are designed for
static or offline optimization, in which parameter adjustments are performed post-analysis rather than
continuously during the excavation. This static approach limits the real-time adaptability and responsiveness
to rapidly changing subsurface conditions [9], [10], [11]. Second, uncertainty and parameter interactions have
often been neglected in previous optimization frameworks. The interdependence among mechanical and
operational variables, such as thrust, torque, and pressure, introduces nonlinear and probabilistic behaviors
that cannot be effectively captured by deterministic optimization alone. Consequently, predictions may exhibit
significant deviations under real-world conditions [12], [13], [14]. Third, the integration between physics-based
modeling and Al-driven adaptive control in TBM studies is limited. Most algorithms optimize empirical
relationships without incorporating the governing physical laws of the ground—machine interaction. The
absence of physics-informed learning restricts the reliability and generalizability of optimization outcomes,
particularly under geotechnical uncertainty [15], [16], [17]. To overcome these limitations, a more
comprehensive and hybridized optimization approach that combines physical understanding, probabilistic
reasoning, and adaptive intelligence into a unified framework is required. Accordingly, this study contributes:
(1) a surrogate-assisted hybrid GA-PSO-BO global search layer that reduces reliance on expensive FEM
evaluations; (ii) a physics-informed constraint layer (PINN) that enforces mechanical equilibrium and boundary
conditions on candidate solutions; and (iii) a DRL-based cycle-wise adaptive decision layer, jointly validated
using combined field data from the Jakarta MRT and Istanbul Metro projects and FEM-simulated data.

Methods

Metaheuristic Optimization in TBM

Over the past decade, metaheuristic algorithms have been extensively applied to optimize tunnel boring
machine (TBM) performance parameters, particularly between 2010 and 2022. Classical optimization
techniques, such as genetic algorithms (GA), particle swarm optimization (PSO), and simulated annealing (SA),
have been widely utilized to determine the optimal combination of operational variables, including thrust force,
cutterhead speed, and face pressure. These methods are primarily employed to minimize the specific energy
consumption (SEC) and maximize the penetration rate (PR) through iterative search mechanisms inspired by
natural or physical processes [18], [19]. Despite their success in providing feasible operational guidelines,
traditional metaheuristics have several inherent limitations. They tend to be computationally expensive when
dealing with high-dimensional objective functions and exhibit strong dependency on parameter tuning.
Furthermore, owing to their stochastic nature, convergence toward the global optimum is not always
guaranteed, and local optimum trapping remains a persistent issue. As TBM systems become more complex
and data-rich, the lack of adaptability and predictive learning capabilities in conventional metaheuristic
approaches increasingly restricts their applicability [20], [21]. To address these computational and convergence
challenges, subsequent studies have explored the integration of surrogate-assisted and Bayesian-based
optimization frameworks that enhance efficiency without compromising solution accuracy.
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Surrogate-Assisted and Bayesian Optimization

Surrogate-assisted optimization has emerged as a promising alternative for handling expensive function
evaluations in complex engineering systems. Techniques such as Gaussian process regression (GPR), kriging,
and radial-base function (RBF) modeling have been employed to approximate objective functions based on a
limited number of high-fidelity simulations. These surrogate models act as computationally efficient proxies
that guide the search process toward the optimal regions of the solution space with a reduced computational
burden [22], [23]. Recent studies conducted between 2023 and 2025 have demonstrated that the combination of
surrogate modeling and Bayesian optimization (BO) significantly improves convergence efficiency in multi-
objective and nonlinear problems. Bayesian methods use probabilistic inference to balance exploration and
exploitation through acquisition functions, such as expected improvement (EI) or upper confidence bound
(UCB). In tunneling and other large-scale mechanical systems, this approach has been shown to accelerate
optimization processes by reducing the number of expensive physical or numerical evaluations required [24],
[25]. Building on this foundation, the integration of physical knowledge into data-driven models has been
increasingly recognized as essential for ensuring that learned relationships remain consistent with the
governing laws of mechanics and material behavior.

Physics-Informed Neural Networks (PINN)

Physics-informed neural networks (PINNs) have recently gained attention owing to their ability to directly
Integrate governing equations into the learning process. Unlike purely data-driven approaches, PINNs
incorporate partial differential equations that represent mechanical equilibrium, stress—strain rela—tionships,
and boundary conditions as soft constraints in the loss function. This hybridization enables neural networks to
adhere to the physical laws while learning from empirical or simulated data. In the context of TBM operations,
the incorporation of governing equations related to the thrust force, cutterhead torque, and face pressure is
particularly relevant because TBM continuously interacts with heterogeneous and nonlinear geotechnical
media. The use of PINNs ensures that the predicted operational parameters not only minimize energy
consumption but also remain mechanically feasible under complex subsurface conditions. Although PINNs
provide physical consistency in predictive modeling, adaptive control and decision-making under dynamic
geological variability require an additional layer of real-time learning and policy optimization, which has been
addressed by recent advancements in deep reinforcement learning [26], [27].

Deep Reinforcement Learning in Tunneling Automation

Recent developments in deep reinforcement learning (DRL) have introduced advanced capabilities for dynamic
control and adaptive optimization in tunneling systems. Algorithms such as proximal policy optimization (PPO),
soft actor—critic (SAC), and deep deterministic policy gradient (DDPG) have been successfully applied to
continuous control tasks, wherein system parameters evolve in response to changing environmental conditions.
In tunneling automation, DRL enables the TBM to learn control policies that maximize performance rewards,
such as increased penetration or reduced energy usage, based on real-time feedback loops. Several studies have
reported that DRL can significantly improve decision-making in complex and uncertain environments. The
ability to map high-dimensional state and action spaces allows for the real-time adaptation of thrust, torque,
and pressure parameters, effectively transforming traditional static optimization into a closed-loop intelligent
control system. The integration of learning-based control offers an opportunity to enhance the responsiveness
and robustness of TBM operations under varying ground conditions [28], [29]. These advancements in
metaheuristic optimization, surrogate modeling, physics-informed learning, and reinforcement-based control
collectively reveal progress toward a new generation of hybrid frameworks that unify efficiency, physical
consistency, and adaptability.

Data Sources and Experimental Setup

In this study, datasets comprising field data from mechanized tunneling projects in the Jakarta MRT and
synthetic data generated using finite element method (FEM) simulations were employed. The integration of
empirical and simulated data enabled a broader representation of geological conditions. The input parameters
included the thrust force, cutterhead speed, face pressure, uniaxial compressive strength (UCS), and moisture
content, whereas the output variables comprised the specific energy consumption (SEC) and penetration rate
(PR). To ensure data comparability, z-score normalization was applied, and outlier detection was performed
using the interquartile range criterion. To establish the optimization framework, the relationship between the
operational variables and performance indicators was formalized using a multi-objective mathematical model
[30], [31].
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Table 1. Data summary: Statistical characteristics of combined field and simulation data

Parameter Unit  Datasource Mean Standard deviation Minimum  Maximum
Thrust force kN Field + FEM 6,850 1,240.0 4,200.0 9,500.0
Cutterhead rotation speed (RPM) rpm  Field+FEM 6.5 1.1 4.2 8.3
Face pressure bar Field+ FEM 2.4 0.6 1.2 3.8
Torque kKNm Field+FEM 980 185.0 640.0 1,280.0
Uniaxial compressive strength (UCS) MPa Field 52.0 14.5 25.0 78.0
Moisture content % Field 185 4.3 10.0 25.0
Specific energy consumption (SEC) kWh/m® Field+FEM 921.9 129.8 800.0 1250.0
Penetration rate (PR) mm/rev Field+ FEM 7.8 1.6 4.5 10.5

The dataset used in this study comprised field measurements from EPB-TBM tunneling projects in Jakarta
and Istanbul and synthetic data generated using finite element method (FEM) simulations. Several operational
and geotechnical parameters were selected as inputs to represent the mechanical and environmental conditions
that influence the TBM performance. The corresponding output parameters were defined to quantify energy
efficiency and excavation productivity. Among the input parameters, the thrust force and cutterhead rotation
speed were identified as the most influential factors governing the energy consumption and penetration rate,
as they directly control the interaction between the cutterhead and ground material. Face pressure and torque
serve as stability and resistance indicators, respectively, reflecting the response of the TBM to varying ground
conditions. The uniaxial compressive strength (UCS) and moisture content represent the intrinsic geological
properties that determine the cutting resistance and deformation characteristics of the surrounding medium.
On the output side, the specific energy consumption (SEC) provides a quantitative measure of tunneling energy
efficiency, whereas the penetration rate (PR) reflects the mechanical productivity of the excavation process.
Together, these outputs establish a dual-objective performance metric that forms the basis of subsequent
optimization. The relationship between the inputs and outputs underscores the necessity of adopting hybrid
optimization and machine-learning frameworks capable of capturing nonlinear dependencies, ensuring physical
consistency, and adapting to varying operational and geological scenarios.

To ensure comprehensive model calibration, a combined dataset consisting of both field measurements and
simulation-derived data was analyzed. The inclusion of empirical data from EPB-TBM projects in Jakarta and
synthetic data generated using finite element method (FEM) simulations provided a representative range of
operational and geological conditions. Statistical indicators, such as the mean, standard deviation, and range,
were calculated to evaluate data variability and consistency. A summary of these statistical characteristics is
presented in Table 1.

The statistical summary presented in Table 1 illustrates the variability and representativeness of the combined
field and simulation datasets used in this study. The integration of field measurements and FEM-generated
synthetic data resulted in a balanced distribution of the operational and geological parameters. The thrust force
and torque values exhibited moderate standard deviations, indicating controlled variations in the machine
operation while capturing realistic fluctuations in the tunneling conditions. The cutterhead rotation speed and
face pressure parameters showed relatively narrow ranges, suggesting consistent operational management
during the excavation. In contrast, UCS and moisture content displayed higher variability, reflecting the
natural heterogeneity in ground conditions along the tunnel alignment. The output parameters, specific energy
consumption (SEC) and penetration rate (PR), demonstrated stable mean values with moderate dispersion,
signifying reliable measurement consistency between the field and simulated data. These statistical
characteristics confirm that the dataset encompasses a realistic operational domain that is suitable for model
training and validation. The observed variability also ensures that the proposed hybrid optimization framework
can effectively learn from diverse scenarios, thereby enhancing its robustness, adaptability, and predictive
accuracy in real-world TBM applications.

Problem Formulation

The optimization problem was formulated as a bi-objective function that simultaneously minimized energy
consumption and maximized the penetration rate. This can be expressed mathematically as

minF (x)=[f, (x)=SEC, f(x)=-PR] D
where represents the energy objective and represents the productivity objective. f;(x)fo(x)

The optimization is subjected to physical constraints that govern the operational safety of the Tunnel Boring
Machine (TBM):
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g1 (X): Tmax<Tlimitv 92 (x): Pface € [Pmin: Pmax] (2)
where Ty, is the cutterhead torque measured and Py, is the applied face pressure.

To efficiently evaluate this multi-objective problem while reducing the computational cost, a surrogate modeling
approach was adopted in the subsequent stage [32], [33].

Surrogate Modeling Layer

A Gaussian Process Regression (GPR) model was constructed to serve as a surrogate for the computationally
expensive FEM simulations of SEC and PR. The surrogate model approximated the true objective functions
and through probabilistic inference, defined as:

F =) +k e, XK (X, X)+02 11 (y-u(X)) ®3)

The mean prediction is represented by u(x), while the covariance kernel is denoted by k(x,X), and the
covariance matrix of the training data is indicated by K(X,X) [34]. To efficiently tackle the bi-objective
optimization problem while reducing computational expenses, surrogate modeling techniques were employed
to approximate the intricate nonlinear relationships between input variables and target responses, specifically
the specific energy consumption (SEC) and penetration rate (PR). By utilizing surrogate models, the hybrid
optimization framework can substitute computationally intensive finite element method (FEM) simulations
with rapid, data-driven estimates, thus speeding up convergence without compromising accuracy. In this study,
three surrogate modeling techniques were explored: Gaussian process regression (GPR), ordinary kriging, and
radial basis function (RBF) networks. Each model was trained and validated using a combined dataset of field
and synthetic data, as described in the previous section. Their predictive capabilities were evaluated using three
statistical metrics: R?, root mean square error (RMSE), and mean absolute error (MAE), which were calculated
separately for SEC and PR. All metrics reported in Table 2 were computed on a held-out 20% test partition
following an 80:20 train-test split of the combined field and FEM dataset (stratified to preserve the
Jakarta/Istanbul/FEM source proportions); GPR hyperparameters were selected by maximizing the marginal
likelihood on the training partition only, which offers some protection against overfitting. A full k-fold cross-
validation is identified in the Limitations and Future Work section as a next step to further quantify the stability
of these accuracy estimates.

The comparative evaluation of these surrogate models, presented in Table 2 highlights their relative efficiency,
accuracy, and computational performance in representing TBM operational behavior.

A comparative analysis of the GPR, Kriging, and RBF surrogate modeling techniques showed differences in
predictive accuracy, generalization, and computational efficiency. Table 2 shows that GPR had the highest
predictive reliability for specific energy consumption (SEC) and penetration rate (PR), with R? values of 0.962
and 0.948, respectively. The GPR exhibited the lowest RMSE and MAE values, indicating its proficiency in
approximating the nonlinear relationship between the parameters and performance indicators. This is because
of GPR's ability to incorporate probabilistic inference and quantify uncertainty, balancing the model bias and
variance. Kriging also showed competitive accuracy (R? = 0.935 for SEC and 0.922 for PR) but was less stable
than GPR because of its sensitivity to the variogram model and nugget effect, which affected the spatial
correlation. Kriging requires more computation time than GPR because of the correlation matrix inversion and
variogram fitting. The RBF network, while the fastest in training, had the lowest accuracy (R?> =0.911 for SEC
and 0.895 for PR) and higher prediction errors, due to overfitting in dense data areas and underfitting in sparse
regions. Overall, GPR offers the best balance of accuracy, robustness, and computational cost. Thus, GPR was
selected as the primary surrogate model for the hybrid GA—PSO—Bayesian optimization framework. The
Kriging and RBF models served as benchmarks to validate the surrogate-assisted optimization process.

To assess the effectiveness of the surrogate modeling framework employed for tunnel boring machine (TBM)
performance prediction and optimization, a series of diagnostic visualizations were created. These subfigures
examine the internal structure of the Gaussian process regression (GPR) model, its predictive accuracy
compared to alternative surrogate techniques, the statistical robustness of each model under cross-validation,
and the influence of surrogate integration on optimization convergence. Together, they provide a comprehensive
evaluation of the model reliability, generalizability, and computational efficiency within the proposed hybrid
optimization scheme.
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Table 2. Model comparison metrics for surrogate models (GPR, Kriging, RBF)

Surrogate model Prediction R2() RMSE (sWh/m?or - MAE (kWh/m? or Con}putatmn Remarks / performance Nnote
target mm/rev) mm/rev) time (s)
It has high predictive accuracy
Gaussian Process and smooth generalization and
Regression (GPR) SEC 0.962 38500 29.900 185 captures nof]jnear trends
efficiently.
PR 0.948 0.206 0.163
Moderate accuracy; sensitive to
Kriging (Ordinary) SEC 0.935 48.300 37.500 21.3 the correlation model and nugget
effect.
PR 0.922 0.247 0.191
Radial Basis Fastest training time but less
Function RBF)  SEC 0.911 56.100 43.700 15.8 stable and prone to local
Network oscillations in sparse regions.
PR 0.895 0.283 0.219

Hybrid GA - PSO - BO Framework

The hybrid optimization algorithm combined a genetic algorithm (GA) and particle swarm optimization (PSO)
with an additional Bayesian optimization (BO) layer for adaptive tuning. GA and PSO were selected specifically
because they address complementary weaknesses: GA's crossover and mutation operators sustain population
diversity and reduce premature convergence in the non-convex SEC-PR search landscape, whereas PSO's
velocity-based updates accelerate convergence once a promising region has been located; used alone, GA is
diversity-rich but slow, while PSO converges quickly but is prone to local-minima trapping in this multi-
parameter search space.

(a) Imtialization
The initial population diversity was generated using GA operators, and the velocity-based updates were
governed by the PSO as follows:

t+1_
i

v wvf+ery (pi-xf) e, (g-xf) 4)

where w 1s the inertia weight, ¢, and ¢, are learning factors, and r;, r, are random coefficients.

(b) Bayesian Optimization Layer
The Expected Improvement (EI) criterion was applied to select the next candidate point from the surrogate
model: x4,

EI(0)=(u(0)-f )@ (2)+0(x)$(2) ®)

where f is the current best solution, and @, ¢ denote the cumulative and probability density functions of the
standard normal distribution, respectively.

(c) Adaptive Parameter Tuning

Hyperparameters, such as the mutation rate and inertia weight, were adaptively adjusted based on the
convergence trends identified through BO for faster and more stable convergence. The optimization results were
constrained by mechanical laws using a physics-informed neural framework[35], [36]. A hybrid genetic
algorithm—particle swarm optimization—Bayesian optimization (Hybrid GA-—PSO-BO) framework was used for
efficient and stable convergence. This combines GA's exploration ability of GA with PSO's rapid convergence of
PSO, whereas BO adaptively tunes the hyperparameters. This integration balances exploration and
exploitation, reduces the risk of local stagnation, and improves convergence reliability under complex TBM
conditions. The GA operators-maintained population diversity, and the PSO mechanism guided the search
using velocity and position updates. The Bayesian layer monitored the convergence and adjusted parameters
such as the mutation rate, inertia weight, and crossover probability via the expected improvement (EI)
acquisition function. The configuration of the algorithmic parameters, including the population size, learning
coefficients, and BO tuning strategies, is summarized in Table 3. These settings were optimized through
sensitivity analyses for stable and efficient hybrid framework performance across tunneling datasets.
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Table 3. Parameter settings for hybrid GA - PSO - Bayesian optimization framework

Symbol / . Adaptation .. . .
Parameter variable Assigned value / range method Description / role in optimization
Population size N, 50 individuals Fixed The tptal number of candidate solutions evaluated per
1teration.

Maximum iterations Niter 100 Fixed Termination criterion for the evolutionary search

. . . Controls the balance between global exploration and
Inertia weight w 09—-04 Linear decay Jocal exploitation in PSO.
Cognitive learning . The weight assigned to the individual’s best experience

¢ 1.8 Fixed .
factor in PSO.
Social learning factor c, 2.0 Fixed Weight assigned to global best experience in the PSO
e . Probability that the two parents exchanged genetic
Crossover probability P, 0.85 Fixed material in the GA.
Mutation probability P, 0.05-0.15 Adaptive (BO- Int?od.uce.d genetic diversity, adjusted using Bayesian
tuned) optimization.

Selection operator - Tom?;?;eni Z(;lectlon Fixed Determines individuals that reproduce in GA.
Velocity limits Vnax +0.2 X variable range Fixed It prevents overshooting in the PSO particle movement.
Bayesian acquisition a(x) Expected Improvement Adaptive Guides exploration—exploitation trade-off based on
function (ED) P surrogate model predictions.
Surmgate update Every 5 iterations Fixed Fr.equency at which the surrogate model is retrained
interval using the new samples.
Convergence tolerance c 10 Fixed Threshold for the minimal change in the objective

function to stop iterations.

The parameter configuration in Table 3 balances exploration, exploitation, and adaptive convergence in the
hybrid GA - PSO-Bayesian optimization (H-GPBO) framework. The population size and iteration count were
chosen to ensure search diversity without incurring a high computational cost. The inertia weight decreased
from 0.9 to 0.4, aiding the shift from global exploration to local refinement and preventing a premature
convergence. The cognitive and social learning coefficients were set to balance individual learning and swarm
collaboration, thereby avoiding oscillatory behavior. The crossover probability facilitated information exchange,
whereas the mutation probability was adjusted via Bayesian optimization (BO) using the Expected
Improvement (EI) function, introducing diversity when needed. This balance was maintained across the
geological conditions in the TBM dataset. The surrogate update interval (every five iterations) allowed for
Bayesian layer retraining, ensuring the predictive accuracy of the surrogate. Convergence tolerance provides a
stopping criterion that prevents unnecessary iterations. These parameters improved the convergence speed by
30-45% compared to GA and PSO alone, while maintaining solution stability and reproducibility. The hybrid
GA - PSO-BO structure established an efficient foundation for integrating physics-based constraints and
reinforcement learning layers in the optimization framework.

Table 4. PINN boundary conditions and governing equations used for TBM mechanics

Equation / condition Mathematical formulation Physical meaning Implementation in PINN loss function
Eaquilibrium of Stress represents the static mechanical ~  ncluded as a PDE residual term, Lo,= 1| 7 -
Field V- otpg=0 equilibrium of the stresses in the soil- Z

TBM interaction zone. atpg I°.
Constitutive relation o=C: &, where = (Tu+7u") Defines stress - strain relationship ~ Enforced via strain - stress consistency loss,
(Linear elasticity) Y 2 using the elastic stiffness tensor C.  Legnse= Il 0-C: € II%.
Face pressure boundary It ensures that Fhe normal stress Applied as boundary loss term, L qeo= Il 0,-
o 0, =P at the tunnel face equals the applied face pressure to
condition o L. P12,
maintain stability. f
Cutterhead - ground represents the frictional contact Enforced as interface loss,
interface condition T=Uo, between the cutterhead and ground | . _ Il T-pa,, II?
(Mohr—Coulomb interface). fric
gﬁgiz(;inzg;l:}goundmy u=0 at the tunnel wall It prevents rigid-body motion and Implemented as Dirichlet loss term, L;,.= |l
boundary) boundary simulates a fixed tunnel periphery. Uprea-Uerue I
L It ensures equilibrium between the  Aqded as interface continuity loss, Lo =
Continuity of stress .
across interface [o -n] =0 TBM segment and the surrounding 5
ground medium. llo - n]II*.
L . . . . .
=P‘ljvv NL Wil All physical and boundary constraints The model was optimized using gradient
Total PINN loss function 1ea 2*const were combined with the adaptive backpropagation to ensure physical

+ W3‘Cface + W4Lfric + WsLbc

weighting coefficients. consistency and numerical stability.
+ WeLeone
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To elucidate the operational structure and dynamic behavior of the proposed hybrid optimization framework, a
set of workflow and evolutionary visualizations is presented. These subfigures outline the integration of genetic
and swarm-based search mechanisms, incorporation of Bayesian optimization for adaptive parameter tuning,
progression of population distributions across iterations, and the resulting SEC-PR trade-offs summarized as
comparative solution points across the tested algorithms. Collectively, these studies provide a comprehensive
depiction of how hybrid algorithms operate and evolve to achieve improved TBM performance optimization.

Physics-Informed Neural Network (PINN)

A physics-informed neural network (PINN) was implemented to embed the governing mechanical laws of the
TBM-—soil interaction directly into the optimization process. The equilibrium condition of the stress distribution
was enforced as a soft constraint in the loss function, and is expressed as follows:

V- (0)+pg=0 (6)

where 0 is the stress tensor, p is the material density, and g denotes the gravitational acceleration. This
formulation ensured that the predicted parameters adhered to the fundamental physics of the ground response
and mechanical stability. After integrating the physical constraints, a control layer was developed using
reinforcement learning to adaptively adjust the TBM operational parameters in response to changing ground
conditions [37], [38]. To ensure that the optimization process remains physically consistent with the underlying
mechanics of tunnel excavation, a Physics-Informed Neural Network (PINN) was incorporated into the hybrid
framework. Unlike conventional neural networks that rely solely on data fitting, PINN integrates the governing
physical laws directly into the learning architecture using partial differential equations (PDEs) and boundary
constraints. This integration allows the model to maintain mechanical realism even when trained on limited or
noisy data, thereby enhancing its generalization ability and interpretability. In the context of TBM operations,
the mechanical behavior of the soil - machine interaction is governed by equilibrium equations, constitutive
stress - strain relationships, and boundary conditions associated with face pressure, cutterhead - ground contact,
and displacement constraints. These physical relationships were formulated as residual terms within the PINN
loss function, ensuring that every predicted state complied with the fundamental principles of rock and soil
mechanics. Table 4 outlines the key governing equations and boundary conditions incorporated into the PINN
framework, along with their physical interpretations and mathematical implementations in the loss function.
These formulations collectively ensure that the hybrid optimization model achieves computational efficiency
and preserves geotechnical validity across different tunneling conditions.

Control Layer

A proximal policy optimization (PPO) agent was trained to achieve cycle-wise adaptive control of the TBM
parameters across successive operational snapshots. The system state is represented as follows: The three
layers of the framework were designed to address distinct sub-problems rather than to duplicate a single
function: GPR provides a computationally inexpensive surrogate that replaces costly FEM evaluations during
the evolutionary search (the Surrogate Modeling Layer subsection), PINN subsequently constrains candidate
solutions to obey mechanical equilibrium and boundary conditions that a purely data-driven surrogate cannot
guarantee (the Physics-Informed Neural Network (PINN) subsection), and PPO performs sequential, reward-
driven decision-making under those physical constraints. A controlled ablation isolating the marginal
contribution of each layer, including a physics-reward-only DRL baseline, is identified as a priority direction for
future work (the Limitations and Future Work section).

s.=[UCS, Pressure, Torque, CutterheadSpeed] @)

and the action vector is defined as
a,=[ARPM, AT hrust, APressure] 8

The reward function was designed to maximize energy efficiency and penetration while penalizing unstable or
unsafe states. Over the training episodes, the PPO agent learned the control actions that improved tunneling
efficiency under dynamic conditions. To assess the framework robustness, uncertainties in the optimization
outputs were quantified, and the parameter influence was examined[39], [40]. A reinforcement learning (RL)
layer was added to the hybrid optimization framework for the adaptive real-time control of TBM parameters
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under variable conditions. Surrogate modeling and physics-informed components ensured computational
efficiency and mechanical consistency, whereas the RL component enabled dynamic decision-making based on
environmental feedback. The proximal policy optimization (PPO) method was selected for its stability, sample
efficiency, and effectiveness in continuous action spaces typical of TBM operations. The PPO agent interacted
with a simulated environment, observing the thrust force, cutterhead speed, face pressure, and geological
indicators, and generated control actions to maximize excavation performance while maintaining safety and
energy efficiency.

The reward function was designed to reinforce actions that minimize the specific energy consumption (SEC) and
maximize the penetration rate (PR), while applying penalties for unstable or mechanically unsafe operating
conditions. Through iterative learning, the PPO agent continuously refines its control policy, thereby enabling
the TBM to autonomously adapt to changes in the ground properties and operational demands. The detailed
configuration of the PPO agent, including key hyperparameters such as the learning rate, discount factor,
clipping ratio, batch size, and reward structure, are presented in Table 5. These settings were calibrated through
extensive sensitivity analyses to ensure convergence stability, computational efficiency, and consistent
performance across diverse tunneling scenarios.

The implementation of a Proximal Policy Optimization (PPO) agent in the hybrid optimization framework
enhanced the adaptability and intelligence of the TBM control. As shown in Table 5, the PPO hyperparameters
were optimized for stable, efficient learning, and responsiveness to geological changes. The learning rate
balanced convergence stability and efficiency; higher rates caused instability, and lower rates slowed
adaptation. The discount factor prioritizes long-term rewards, fostering strategies for sustained tunneling
performance over short-term energy savings. Long-horizon optimization captures the effects of cumulative
operational decisions. The clipping parameter stabilizes training by limiting policy updates and preventing
oscillations or forgetting. The entropy coefficient encourages exploration and avoids premature convergence to
suboptimal solutions. The reward function directly reflects the TBM objectives: maximizing the penetration rate
(PR), minimizing the specific energy consumption (SEC), and penalizing unsafe actions. This guided the PPO
agent towards optimal performance and safety. After extensive training over 5,000 episodes, the PPO agent
improved policy stability and reward accumulation, converging consistently within 3,500—4,000 episodes. The
learned policy adapted the thrust force, cutterhead speed, and face pressure in real time to change the soil
strength (UCS) and moisture. The policy network architecture with three hidden layers of 128 neurons captured
the complex dependencies without overfitting. The Adam optimizer improved gradient stability, ensuring
smooth policy updates. Overall, the configuration in Table 5 enabled the PPO agent to autonomously tune the
TBM parameters, transforming the framework into a dynamic, self-learning system that maintained optimal
energy efficiency and excavation performance under varying geotechnical conditions.

Figure 1 presents an integrated visualization of the proposed deep reinforcement learning (DRL) framework,
which was designed to enhance TBM operational adaptability of the TBM. The figure consolidates four
complementary components that collectively illustrate how the learning agent is structured, how its policy
evolves during training, how it interprets the TBM operating state, and how its decisions are translated into
measurable performance improvements. The architecture of the proximal policy optimization (PPO) agent
outlines the computational pathways through which the state variables are transformed into optimized control
actions. The progression of the reward function over successive episodes provides empirical insight into the
agent’s convergence behavior and policy stability. The resulting state-action mapping demonstrated how the
trained agent navigated the multidimensional TBM control space. Finally, a comparative evaluation between
the DRL-controlled and static parameter settings underscored the operational advantages of adaptive decision-
making. Together, these elements offer a cohesive depiction of how learning-based control can be systematically
developed and validated for complex tunneling operations.

Figure 1 Panel (a) PPO Agent Architecture This diagram outlines the PPO framework for TBM control.
Environmental observations, such as thrust, RPM, pressure, vibration, and geotechnical data, are fed into a
shared encoder and compressed into a latent state. The policy (actor) and value (critic) networks demonstrate
PPO's dual-learning approach of PPO. The actor generates actions and the critic assesses the utility, thereby
enabling stable policy updates. This visualizes the integration of perception, decision-making, and learning into
a feedback loop, forming the basis for TBM control reinforcement learning. Panel (b) Reward Function Evolution
The reward curve over 300 episodes illustrates PPO agent convergence. The raw reward shows the stochastic
nature of exploratory actions, whereas the smoothed curve trends upward. The plateau indicates policy
stabilization, showing convergence to an efficient strategy that balances energy and excavation. This confirms
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Table 5. Reinforcement learning configuration and hyperparameters (PPO Agent)

iﬁ;ﬁ?ﬂ Symbol Assigned value / setting Purpose / description
RL algorithm i Proximal Policy Optimization (PPO) ~ -nsures stable policy updates using clipped
surrogate objectives.
The step size is controlled during the gradient
Learning rate a 3x10™* updates to balance the stability and learning
speed.
Discount factor y 0.99 Determi..nes the weighting of future mwards apd
emphasizes long-term performance optimization.
The magnitude of the policy updates is limited to
Clipping parameter €clip 0.2 prevent divergence and to maintain monotonic
improvement.
. Encourages exploration by penalizing premature
Entropy coefficient Bent 0.01 convergeioe u}ipsuboptima}{ golicies. #r
Value function c 05 The contribution of the value function loss to the
coefficient v ’ overall optimization objective was balanced.
Batch size i 198 Number of .sample.s per training update to ensure
stable gradient estimation.
Number of epochs 10 Controls the number of optimizations performed
per update for each policy update cycle.
_ improves the penetration rate (PR),
Reward function 5;_(2/1 (APR))_WZ (ASEC)- pega]izes enefgy inefficiency (SEC), and
3% unstable unstable operations.
State vector Represents the TBM thrust force (F,), cutterhead
components - [Fy, N, Pr,7,UCS, MC] spe.ed (N), face pressure (Py), torque (z), UCS, and
moisture content (MC).
The control actions are defined as incremental
Action vector - [AF,, AN, APf] changes in the thrust, rotation speed, and face
pressure.
.. . Total number of learning interactions between the
Training episodes - 5,000 agent and simulated engironment.
Policy network i 3 hidden layers x 128 neurons (ReLU Nonlinear mapping from the state to the action
architecture activation) space using deep neural approximation
Optimizer i Adam A gradient-based optimizer was used for policy

and value function updates.
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Figure 1. DRL training and control maps

PPO's effectiveness of PPO in dynamic environments and the validity of the reward formulation, encapsulating
efficiency, constraints, and safety. Panel (c) State—Action Mapping The state—action mapping visualizes how
the trained PPO policy converts states into actions. The rock strength and thrust force distribution, color-coded
by RPM, revealed coherent action patterns aligned with the domain logic. Harder conditions correspond to
higher RPM settings, whereas the thrust modulates the response of the interactions. Smooth gradients indicate
strong generalization, suggesting that the policy does not overfit but interpolates across the operating states.
These characteristics are crucial for real-time TBM automation, in which adaptability is essential. Panel (d)
Comparison of DRL-Controlled vs Static Settings Metrics show DRL-based controller advantages. The energy
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consumption decreased by 21% (1200 kWh/m? — 950 kWh/m?), indicating improved efficiency. The penetration
rate increased by 29% (5.5 m/h — 7.1 m/h), indicating faster progress. The stability index increased from 0.75
to 0.88, reflecting enhanced robustness. These improvements validate DRL's capability of DRL to optimize TBM
performance, which is unattainable by static controls, especially in variable settings. The results reinforce the
value of adaptive, learning-based approaches for tunneling operations. The composite figure synthesizes the
architecture, policy structure, and performance outcomes into a cohesive narrative. The panels depict how the
PPO agent perceives states, evolves policy, internalizes patterns, and translates behaviors into gains. This
visualization enhances clarity and demonstrates the DRL-based TBM control lifecycle, establishing its
relevance as a tunneling-automation strategy.

Uncertainty Quantification and Sensitivity Analysis

Uncertainty propagation was analyzed using Monte Carlo bootstrapping (N = 1000) to estimate the 95%
confidence intervals for SEC and PR predictions.

Closo=p + 1.96 = )

Additionally, the Sobol Global Sensitivity Index (S;) was computed to identify the most influential parameters
contributing to model variability. The Spearman correlation coefficient was used to evaluate the nonlinear
dependencies among the operational variables. Following the uncertainty and sensitivity analyses, statistical

validation was performed to verify the significance of the performance improvements over the baseline methods
[41], [42].

To quantify the robustness of the predictive framework and assess the relative influence of key operational and
geotechnical variables, a suite of uncertainty and sensitivity analyses was performed, as shown in Figure 2. The
visualizations encompass Monte Carlo-based variability in energy consumption, confidence interval
characterization for penetration rate predictions, and both global and correlation-based sensitivity metrics.
Together, these components provide a comprehensive evaluation of the model reliability, parameter influence,
and stability of the underlying predictive relationships. Panel (a) Monte Carlo Bootstrapping Distribution of
SEC (mean). The mean Specific Energy Consumption (SEC) from 5,000 bootstrap iterations is nearly Gaussian,
indicating a stable central tendency. The estimated mean of 921.9 kWh/m? matched the empirical mean, and
the 95% confidence interval (900.8-942.7 kWh/m?®) showed narrow dispersion, supporting dataset robustness.
Panel (b) 95% Confidence Interval Bands for PR Prediction. The confidence band for the surrogate model
predictions of the penetration rate (PR) as a function of the thrust force shows predictive uncertainty. Narrow
Intervals in data-dense regions indicate high confidence, whereas wider intervals at larger thrust values
indicate reduced certainty.
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Figure 2. Uncertainty and sensitivity
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The alignment between the empirical trends and predicted curves within the 95% bounds validates the
predictive fidelity of the model, highlighting the uncertainty quantification in TBM performance predictions.
Panel (c) Sobol’s Global Sensitivity Index. Sobol analysis shows that the thrust force is the dominant contributor
to output variance, with indices of 0.45 and 0.55, indicating substantial effects on TBM performance. The
cutterhead RPM had a moderate influence, whereas the chamber pressure showed the weakest sensitivity. The
gap between the first- and total-order values suggests interaction effects, underscoring the need for
multiparameter optimization. These findings justify the prioritization of thrust control in TBM operations. This
three-parameter screening serves as a preliminary sensitivity check; the complete six-parameter Sobol analysis,
including Torque, UCS, and Moisture Content, is presented in the Sensitivity and Uncertainty Results
subsection later in this article. Panel (d) Spearman Correlation Matrix. The matrix reveals the monotonic
relationships among the variables. SEC was strongly positively correlated with thrust and negatively correlated
with RPM, implying that increased thrust raises the energy demand, whereas a higher speed enhances
efficiency. PR showed a negative correlation with SEC and a positive correlation with RPM, confirming that
high speeds enhance penetration and reduce energy use. Chamber pressure showed weak associations,
consistent with its role in facial stability. This matrix aids in feature selection and emphasizes the balancing of
energy efficiency and production in optimization frameworks.

Statistical Validation

The statistical performance of the proposed hybrid framework was assessed using MANOVA and Kruskal-
Wallis tests to determine whether the enhancements in SEC and PR were statistically significant. The effect
size (n?) gauged the extent of improvement in the new model. Comparative evaluations with traditional GA,
PSO, and SA algorithms showed that the proposed framework offered superior convergence stability, lower
energy consumption, and improved penetration rates. Figure 3 shows the statistical diagnostics used to evaluate
the robustness, significance, and effect magnitude of the models. This includes multivariate hypothesis testing,
effect size measurement, pairwise comparison methods and resampling-based verification. The figure includes
(@) a visual summary of MANOVA results assessing differences across multiple TBM performance indicators,
(b) an effect size comparison illustrating key operational factors' contributions, (¢) post-hoc contrasts from
Tukey’s HSD test identifying significant pairwise differences, and (d) a bootstrapping-based robustness analysis
examining statistical conclusions' stability under resampling. These visualizations enhance inferential validity
and offer a framework for understanding factor influence and the reliability of the model.

Figure 3 (a) MANOVA result visualization panel (a) shows the operational and geomechanically impacts on the
TBM performance. Wilks’ Lambda values for Specific Energy Consumption (SEC), Penetration Rate (PR),
Cutterhead Torque, Face Pressure, and Cutterhead RPM reveal variance explanation. SEC and PR had the
lowest lambda values (0.32 and 0.45, respectively), significant at p < 0.01, indicating strong effects. Face
Pressure and RPM have higher values (0.61 and 0.74, respectively) with p > 0.05, indicating minimal sensitivity.

(a) MANOVA Result (b) Effect Size (n?) Comparison for TBM Performance Variables
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These results highlight SEC and PR as key indicators for optimization. Figure 3(b) Effect Size (n? Comparison
Panel (b) shows the effect size estimates (n?) for five TBM variables, assessing significance. SEC has the largest
effect size (n? = 0.62), indicating strong reliance on conditions. PR and Torque have moderate-to-large effect sizes
(n* = 0.48 and 0.35), underscoring importance. Face Pressure (n? = 0.28) and RPM (n? = 0.22) show smaller
effects, with RPM below the medium-effect threshold. This supports the choice of SEC and PR for modeling.
Figure 3(c) Tukey’s post-hoc comparison panel (c) provides a post-hoc analysis of SEC differences across three
TBM conditions using Tukey’s HSD test. Significant differences are indicated by confidence intervals that do
not intersect zero. The A—B comparison shows a higher SEC under Condition A. The B-C comparison shows
that Condition C has a higher SEC. The A—C comparison included zero, suggesting no significant difference.
These findings clarify that performance varies across conditions, providing a foundation for customized TBM
control strategies. Figure 3(d) Statistical Robustness via Bootstrapping Panel (d) evaluates SEC to mean
robustness using 1000 bootstrap iterations. Although SEC data follows a lognormal distribution, bootstrapped
means approximate normality. The narrow 95% confidence interval indicates high stability in the estimated
central tendency. Minimal dispersion confirms the insensitivity of the SEC estimate to variability. This
reinforces SEC's reliability of SEC as a primary indicator for energy efficiency analysis in TBM operations and
strengthens confidence in predictive modeling, optimization, and comparative evaluations.

Results and Discussion
Model Convergence and Computational Performance

The convergence performances of the Genetic Algorithm (GA), particle swarm optimization (PSO), Simulated
Annealing (SA), and proposed hybrid surrogate GA—PSO-Bayesian optimization with deep reinforcement
learning (H-SGP-BO + DRL) framework were evaluated. The convergence curves indicated that the proposed
hybrid model achieved a faster and more stable approach to the global optimum than the classical meta-
heuristic algorithms. The GA exhibited gradual improvement with moderate oscillation, whereas the PSO
converged more rapidly but tended to stagnate near the local optima. The SA displayed slow convergence with
high variance because of its stochastic cooling schedule. In contrast, the H-SGP-BO + DRL framework
demonstrated accelerated convergence and smooth stabilization after approximately 40 iterations, reflecting an
effective balance between exploration and exploitation. Computational efficiency was further assessed based on
the convergence time and iteration count. It was observed that the hybrid model required nearly 45 % fewer
iterations than GA and 30 % fewer than PSO to achieve comparable objective function values. This acceleration
can be attributed to the ability of the surrogate model to approximate costly evaluations and the adaptive
parameter tuning of the Bayesian layer. Following the examination of convergence behavior, the multi-objective
trade-off between energy consumption and penetration rate was explored using a comparative solution-point
(SEC—PR trade-off) analysis.

Multi-Objective SEC-PR Trade-off Analysis

The SEC-PR trade-off among the tested optimization approaches was visualized to assess their relative
efficiency. This comparison is presented in Figure 4(a), which plots the best solution obtained per algorithm
(GA, PSO, SA, and the proposed hybrid framework) across repeated independent runs; it is referred to here as
a comparative solution-point overview rather than a full Pareto front, since the retained results do not include
the complete set of non-dominated solutions per algorithm (see the Limitations and Future Work section for
further discussion).The comparative solution points indicated that the proposed H-SGP-BO + DRL framework
occupied a more favorable position in the SEC-PR trade-off space than the best solutions obtained by GA, PSO,
and SA across repeated runs. This suggests that, at comparable SEC levels, higher PR values were achieved by
the hybrid model; however, because the underlying runs did not retain the full set of non-dominated solutions
per algorithm, this comparison reflects representative operating points rather than a formally verified Pareto-
front dominance, and quantitative confirmation via Hypervolume/Spread metrics is identified in the
Limitations and Future Work section as a follow-up step. Mathematically, a solution was considered dominant
over ifx, x;,

fi(xq) < fi(xp)Vi € {1,2}, and f;(x,)<fj(xp) for at least one j (10)
where f; (x)=SEC and f,(x)=-PR. The dominance of the hybrid front was evident, as it exhibited lower SEC

values and higher PR. To further interpret the mechanisms underlying this improved performance, the
influence and uncertainty associated with each operational parameter were analyzed.
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Sensitivity and Uncertainty Results

The Sobol global sensitivity analysis quantified the contribution of each input parameter to the variability of
the SEC and PR. The results demonstrated that Thrust Force was the dominant contributor to SEC variance
(total-order Sobol index S; = 0.55), followed by Cutterhead Speed (S; = 0.42), Uniaxial Compressive Strength
(St = 0.35), Face Pressure (S; = 0.24), Torque (S; = 0.18), and Moisture Content (S; = 0.15) (Table 8). This
distribution confirms that the operational forces and rotational speed are the primary drivers of tunneling
energy efficiency. Uncertainty quantification through Monte Carlo bootstrapping (N = 1000) produced 95 %
confidence intervals, revealing stable predictions with narrow variability bands for both the SEC and PR. The
lower uncertainty observed in the hybrid model can be attributed to the smoothing effect of the surrogate and
the adaptive corrections of the DRL layer under dynamic conditions. After establishing the sensitivity and
reliability of the model, comparative analyses were performed to benchmark the hybrid approach against
classical optimization methods.

Comparison with Classical Algorithms

The overall performance of the proposed hybrid surrogate—physics—Al optimization framework (H-SGP-BO—
PINN-DRL) was evaluated by comparing it with conventional metaheuristic algorithms, namely, the Genetic
Algorithm (GA), particle swarm optimization (PSO), and Simulated Annealing (SA). This comparative analysis
was conducted to quantitatively assess the improvements achieved in terms of Specific Energy Consumption
(SEC), Penetration Rate (PR), convergence time, and robustness. Although classical algorithms have been
widely applied in TBM optimization studies, their static nature and limited adaptivity often result in slower
convergence and reduced consistency when faced with complex, nonlinear geological conditions. In contrast, the
proposed hybrid framework integrates surrogate modeling, Bayesian parameter tuning, physics-informed
constraints, and reinforcement-based adaptive control, thereby enabling a dynamic balance between
computational efficiency and physical feasibility of the model. To ensure fairness in the comparison, all models
were trained and executed using identical datasets and optimization conditions. The results were normalized
with respect to the baseline GA performance, allowing for the direct evaluation of relative improvements across
the algorithms. The quantitative outcomes, summarized in Specifically, the standalone GA, PSO, and SA
baselines used the same population size (50) and iteration budget (100) as the proposed framework (see Table
3). GA used single-point crossover (Pc = 0.85) and fixed mutation (Pm = 0.10) with tournament selection (size =
3); PSO used cl1 = 1.8, c2 = 2.0, and inertia weight linearly decaying from 0.9 to 0.4; SA used an initial
temperature of 100 with geometric cooling (a = 0.95) and 100 iterations per temperature level. These settings
follow standard defaults reported in the metaheuristic literature (the Metaheuristic Optimization in TBM
subsection) and were not further tuned to advantage or disadvantage any baseline. For each optimization
method, the reported solution corresponds to the point selected via an equal-weighted-sum scalarization of the
normalized SEC and PR objectives (0.5xSEC + 0.5XPR), applied consistently across all four methods to ensure
a like-for-like comparison. Table 6 demonstrates the comparative performance of each method and highlights
the advantages of the proposed hybrid approach in achieving faster convergence, lower energy consumption,
higher penetration rates, and improved operational robustness.

Table 7 show that the hybrid surrogate—physics—Al optimization framework (H-SGP-BO—PINN-DRL)
outperforms conventional metaheuristic algorithms such as the Genetic Algorithm (GA), particle swarm
optimization (PSO), and Simulated Annealing (SA). In terms of Specific Energy Consumption (SEC), which
indicates tunneling energy efficiency, the hybrid framework reduced the SEC by 15% compared to GA
(normalized SEC = 0.85). This reflects the synergy between surrogate modeling and Bayesian tuning, which
minimizes computational overhead while maintaining accuracy. The Physics-Informed Neural Network (PINN)
ensured that the solutions adhered to mechanical equilibrium, preventing unrealistic parameters that
increased energy demand. For the Penetration Rate (PR), representing excavation productivity, the model
showed a 12% increase over GA and a 9% improvement over PSO. This was due to the adaptive control
mechanism via Deep Reinforcement Learning (DRL), which adjusts parameters such as thrust force, cutterhead
speed, and face pressure based on geological feedback. The PPO-based learning agent enabled real-time TBM
control fine-tuning, thereby boosting productivity across varying ground conditions. The convergence time
decreased by 45% compared with that of the GA and by 30% compared with the PSO, demonstrating the faster
optimization of the hybrid method with fewer iterations. This is because the BO layer adjusted the mutation
and inertia parameters using the EI criterion, effectively steering the search toward the global optima. The
robustness index increased by 35%, indicating greater consistency and reduced sensitivity to the initial
conditions. This highlights the stable performance of the framework with varied geological datasets. GA had a
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Table 6. Baseline parameter settings used for the standalone GA, PSO, and SA comparisons

Parameter GA PSO SA
Population size 50 50 50
Maximum iterations 100 100 100
Crossover probability (Pc) 0.85 — —
Mutation probability (Pm) 0.10 (fixed) - -
Selection operator Tournament (size = 3) — —
Cognitive factor (c1) - 1.8 -
Social factor (c2) — 2.0 -
Inertia weight (w) - 0.9 — 0.4 (linear decay) -
Initial temperature (T0) — - 100
Cooling rate (o) - - 0.95
Iterations per temperature level — - 100

Note: “~” indicates a parameter not applicable to that algorithm. Population size and iteration budget were held constant across all methods,
matching the hybrid framework (Table 3), to ensure a like-for-like comparison.

Table 7. Performance comparison between classical and proposed models

Optimization Speciﬁc_energy Penetration rate Conv.ergence Robust'n.ess
method consumption (SEC) (PR) time (Stability Remarks / performance summary
(Normalized |) (Normalized 1) (Normalized |) index 1)
. . Baseline performance: stable
%X)e tic algorithm 1.00 1.00 1.00 1.00 convergence but relatively slow owing
to discrete population evolution.
It exhibits faster convergence and
Particle swarm improved PR but is prone to local
optimization (PSO) 0.92 103 0.75 L0 inima under high-dimensional
conditions.

. Reliable for small-scale problems;
Simulated 1.0 0.97 0.90 100 limited exploration and slow
annealing (SA)

convergence for complex data sets.

It achieved the lowest SEC, highest
Proposed H-SGP- PR, and most stable convergence, and
BO - PINN - DRL 0.85 1.12 0.55 1.35 integrated  surrogate = modeling,
framework physics-informed  constraints, and

adaptive RL control.

Notes: All values are normalized relative to the baseline GA model (lower SEC, convergence time = better; higher PR, robustness = better).

Table 8. Summary of sensitivity and uncertainty quantification results

First-order

. Total Sobol Dominant output  CI95 CI9% . .
Input parameter Sob(zlslll)ldex index (S) influence (SEC) (PR Remarks / interpretation
1 The most influential parameter directly controls the
st force (Fy) 0.38 0.55 SEC|.PR1 £0.12 - 20.09 cutting of energy and penetration rate efficiency.
. Strong effect on cutting dynamics; higher RPM
Cl;‘zbgr(}l;e;%otatlon 0.27 0.42 SEC1,PR1 +0.15  +0.10 improves PR but increases SEC if the system is
P unbalanced.
It moderately impacts energy consumption,
Face pressure (P_f) 0.12 0.24 SEC? +0.10  +0.05 stabilizes the face, but adds resistance at higher
levels.
Torque (9 0.09 018 SEC1 1008 40.04 Secondary .mﬂuence: Qorrelatgd with thrust and
ground resistance during cutting.
.. . A significant geological factor is that a higher UCS
gﬁiﬁtﬂ E[(}rgg;esswe 0.22 0.35 SEC1,PR | +0.18  +0.12 increases the cutting resistance and energy
demand.
Moisture content MC)  0.07 0.15 SEC | 1006 =003 Lhishasaminor but non-negligible effect on soil

plasticity and energy dissipation.
Notes: Sobol indices normalized to the total variance contribution (ES; = 1.0). The CI95 values represent the 95% confidence interval range of
the model predictions under Monte Carlo simulations.

strong global search but required more iterations; PSO was faster but often stuck at local minima; and SA was
effective for smaller problems but less efficient in high-dimensional spaces. The hybrid framework combines the
strengths of traditional methods, balancing exploration, exploitation, and adaptability with physics- and
learning-based enhancements. The results in Table 7 confirm that the H-SGP-BO-PINN-DRL framework
surpasses conventional algorithms in all metrics, offering a computationally efficient, energy-optimized, and
interpretable solution for TBM performance control. Enhancements in the SEC and PR validate this hybrid
model for real-time autonomous tunneling optimization in complex geotechnical environments.
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To evaluate the hybrid optimization framework, sensitivity and uncertainty quantification (UQ) analyses were
performed to assess the influence of the input parameters on the Specific Energy Consumption (SEC) and
Penetration Rate (PR), identify the dominant factors, and quantify the model uncertainty. The Sobol sensitivity
analysis decomposed the output variance into first- and total-order indices, quantifying the direct and
interaction effects among variables such as thrust force, cutterhead speed, face pressure, torque, uniaxial
compressive strength (UCS), and moisture content. Monte Carlo-based uncertainty propagation estimated 95%
confidence intervals (CI95) for SEC and PR, reflecting model reliability. High Sobol indices indicate critical
controls, whereas a narrow CI95 suggests higher stability and predictive confidence. The detailed results,
including the Sobol indices, CI95 bounds, and contributing parameters, are presented in Table 8 supporting the
discussions on model interpretability and decision-making in the TBM control systems.

The sensitivity and uncertainty quantification (UQ) analysis in Table 8 evaluates the influence of key
operational and geotechnical parameters on the Specific Energy Consumption (SEC) and Penetration Rate (PR)
within the hybrid optimization framework. The results reveal the model dynamics and robustness under
variable tunneling conditions. The Sobol indices show that the Thrust Force (Ft) is the most influential, with a
first-order Sobol index (S7) of 0.38 and a total Sobol index (S¢) of 0.55, indicating strong direct and interaction
effects. This aligns with TBM operation principles, where thrust affects the cutting pressure, impacting energy
efficiency (SEC) and excavation productivity (PR). Higher thrust enhances penetration but may increase energy
demand if not controlled.

The Cutterhead Rotation Speed (RPM) is highly sensitive (S; = 0.42), enhancing material fragmentation and
torque demand. Moderate RPM increase improves PR, but excessive speeds can raise SEC, requiring balance
by the reinforcement learning (RL) layer. Uniaxial Compressive Strength (UCS) is significantly sensitive (S; =
0.35), affecting energy consumption and mechanical resistance. Harder ground (higher UCS) increases cutter
wear and torque, elevating the SEC and reducing the PR. Wide 95% confidence intervals (CI195) for UCS (+0.18
for SEC and +0.12 for PR) indicate geological variability and the model’s capacity to manage the uncertainty.
Face Pressure (P) and torque (r) moderately influenced SEC variation, with Sobol indices of 0.24 and 0.18,
respectively, impacting tunnel face stability and TBM system equilibrium. Moisture Content (MC) showed the
lowest influence (S; = 0.15), with a secondary effect on energy dissipation and soil plasticity. Narrow CI95
ranges (+0.10-0.18) for all parameters indicated model stability and low variance in predictive performance.
The combination of Physics-Informed Neural Network (PINN) constraints and Bayesian optimization (BO)
maintains consistent confidence intervals by reducing variability during training. Overall, the sensitivity and
uncertainty results confirm that the Hybrid Surrogate-Physics-Al Framework effectively captures the complex
nonlinear interactions between TBM operational and geological factors. The model demonstrates high
interpretability, predictive reliability, and robustness under uncertainty, making it a promising foundation for
real-time adaptive control in intelligent tunneling systems.

(a) Comparative Performance Overview: SEC vs PR
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Figure 4. Results overview
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Figure 4 synthesizes the core study findings by consolidating the performance metrics, computational behavior,
geotechnical robustness, and sensitivity across the modeling frameworks. Subfigure (a) contrasts the SEC and
PR predictive accuracies by comparing the model fidelity in capturing the TBM performance indicators.
Subfigure (b) shows the convergence speed and computational efficiency, which assesses the algorithmic
scalability. Subfigure (c) analyzes multiple geological contexts, highlighting the resilience of each model under
variable conditions. Subfigure (d) compares the sensitivity patterns between the classical and hybrid models,
emphasizing the parameter dependencies for interpretability and control strategy design. These visualizations
present an overview anchoring the discussion on the model’s applicability and operational implications.

4(a) Comparative Solution-Point Overview: SEC vs PR (Representative Best Solutions per
Algorithm)

The comparative plot synthesizes the performance of four optimization methods, GA, PSO, SA, and the Hybrid
framework, using Specific Energy Consumption (SEC) and Penetration Rate (PR) as dual indicators of
operational efficiency. The inverted SEC axis facilitates a direct interpretation of optimality, positioning highly
efficient solutions in the upper-left quadrant. Classical optimization approaches occupy a region of
comparatively higher SEC and lower PR relative to the hybrid framework: GA and SA cluster near SEC > 1200
kWh/m?® and PR < 5.0 m/hr, whereas PSO occupies an intermediate position (~1100 kWh/m?, ~5.2 m/hr);
collectively, this highlights their limited capacity to achieve simultaneous improvements in energy efficiency
and excavation rate.

The Hybrid framework distinctly departs from this cluster, delivering a lower SEC (~900 kWh/m?) and the
highest PR (~6.0 m/hr). This superior trade-off underscores its capability to jointly minimize energy
consumption and maximize the advancement rate. The observed gains reflect the benefits of integrating
surrogate-assisted search, Bayesian hyperparameter refinement, and reinforcement learning-based adaptive
control. Collectively, the visualization affirms the central hypothesis that hybrid learning—optimization
architectures outperform single-mechanism evolutionary methods when addressing multi-objective TBM
performance requirements.

4(b) Convergence Speed and Computational Efficiency

The convergence trajectory plot compares the speed at which each algorithm approaches its optimal solution.
Evolutionary algorithms, such as GA and SA, exhibit slow convergence, with SA demonstrating the most
prolonged stagnation owing to its exploration-heavy search. The PSO showed improved early-stage convergence
but plateaued before reaching the optimal objective value.

In contrast, the hybrid framework demonstrated the steepest convergence curve, reaching a lower objective
function value in fewer iterations. This performance indicates a more favorable balance between exploration
and exploitation, enabling the rapid identification of high-quality solutions with reduced computational
overhead. These characteristics suggest that the hybrid approach is better suited for real-time applications or
large-scale optimization tasks in TBM operations, where rapid convergence is essential for adaptive decision-
making.

4(c) Comparison Under Various Geological Scenarios

This visualization assesses the adaptability of the algorithms across three distinct geological settings—Soft Soil,
Mixed Face, and Hard Rock—using SEC and PR as performance indicators. The energy—productivity patterns
indicate that the hybrid approach consistently surpasses traditional algorithms in all stratigraphic
environments. In Soft Soil, the optimal SEC-PR combination (~ 820 kWh/m 2; ~ 6.0 m/hr) was achieved. In the
Mixed Face conditions, where pressure fluctuations and cutter resistance usually decrease predictability, the
hybrid method maintains a 15-20% SEC advantage over PSO and GA while maintaining a high PR (~5.7 m/hr).
Even under Hard Rock conditions, the method achieved SEC values below 950 kWh/m?, outperforming all other
algorithms despite the increased mechanical demands. Traditional algorithms exhibited reduced adaptability,
with the GA and SA experiencing diminished performance (>1100 kWh/m?; <4.5 m/hr). The PSO performed
moderately but lacked consistency across different scenarios. These trends suggest that conventional
optimization methods do not scale well with geological variability. The findings confirm the robustness of the
hybrid method, demonstrating its ability to maintain efficient TBM operations across diverse geomechanically
environments.
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4(d) Sensitivity Comparison Between Classical and Hybrid Models

This comparison integrates four key attributes—performance, efficiency, robustness, and parameter sensitivity—
into a normalized metric to assess the stability of each algorithm. Higher normalized values indicate superior
performance, while lower sensitivity scores denote resilience against parameter perturbations.

The Hybrid model exhibits a distinctly superior profile, characterized by:
¢ Highest performance (1.20)

e Highest energy efficiency (1.35)

e Highest robustness across geological variability (1.40)

o Lowest sensitivity (0.70)

The reduced sensitivity reflects the stabilizing influence of Bayesian optimization, surrogate modeling, and RL-
driven adaptive control, which collectively mitigate noise, uncertainty, and local minima entrapment issues.
Classical algorithms, especially GA and SA, displayed higher sensitivity (>0.90) and reduced robustness,
underscoring their susceptibility to parameter initialization and environmental variability. The PSO performs
better but remains inferior to the hybrid framework in terms of stability and cross-condition reliability. Overall,
the sensitivity analysis further reinforces the suitability of the hybrid model for real-time, uncertainty-aware
TBM operation, providing a stable foundation for intelligent control systems that must adapt dynamically to
heterogeneous geotechnical conditions.

Discussion of Findings

The overall findings highlight a distinct energy - productivity - trade-off in TBM operations. While traditional
algorithms tend to favor either reduced energy or increased penetration, the proposed hybrid framework
achieved simultaneous improvements in both aspects. The inclusion of the DRL contributed to stable efficiency
even under variable ground conditions by continuously adjusting the thrust and pressure parameters in
response to feedback. Additionally, the physics-informed layer ensured that the optimized solutions adhered to
the fundamental principles of soil and rock mechanics, thereby preventing unrealistic or unsafe parameter
combinations. The hybridization of surrogate modeling, Bayesian adaptation, and reinforcement learning thus
transformed the optimization process from a static search mechanism to a dynamic, knowledge-driven control
system. Based on these integrated results, both theoretical and practical implications can be drawn to inform
future developments in intelligent tunneling systems.

Theoretical and Practical Implications

Theoretically, this study broadens the traditional view of evolutionary optimization by integrating physical
principles and adaptive learning into a cohesive computational model. This hybrid approach connects
deterministic physics with probabilistic intelligence, thereby advancing the field of Physics-Informed
Evolutionary Machine Learning (PI-EML). This conceptual progress shifts optimization frameworks from
heuristic methods to intelligent and self-correcting systems. Practically, this study offers practical insights for
implementing Smart TBM Control Systems. The suggested framework can be incorporated into real-time
decision support systems to manage thrust, cutterhead speed, and face pressure, thereby reducing energy use
while achieving the desired penetration rates. Its demonstrated adaptability and resilience under varying
geological conditions make it ideal for future tunneling automation and digital twin applications. Figure 5
combines the conceptual and architectural elements required to implement the proposed optimization
framework in a smart TBM setting. Panel (a) shows the deployment plan for an integrated control system,
detailing how real-time data, surrogate-assisted optimization, and adaptive decision modules can be integrated
into the current TBM operations. Panel (b) expands on this by illustrating the potential integration of IoT and
SCADA systems and highlighting the importance of sensor networks, distributed monitoring, and cyber-
physical connectivity for continuous system awareness. Panel (¢) moves the discussion towards a future
intelligent tunneling architecture, describing a multi-layered ecosystem that includes digital twins,
reinforcement learning controllers, and uncertainty-aware analytics. Collectively, these conceptual diagrams
offer a forward-thinking view of how the proposed methods can be developed into a scalable, data-driven TBM
control model.

Figure 5(a). Deployment Framework Concept for Smart TBM Control Systems. Panel (a) illustrates the hybrid
Al-based optimization framework for TBM control, showcasing a vertically integrated process linking field-level
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sensing, data preprocessing, surrogate modeling, and adaptive optimization in a real-time feedback loop that is
used to optimize TBM control. The foundational layer, with SCADA and IoT sensors, provides continuous data
on thrust, torque, face pressure, and cutterhead RPM, forming an empirical basis for the control system. The
processed data enter a computational intelligence layer combining GPR, PINN, and hybrid GA-PSO-RL
modules for multi-objective optimization of energy consumption (SEC) and advance rate (PR), while
maintaining geomechanically compatibility. The top-tier adaptive control system modifies the machine
parameters based on the optimized outputs and ground response. This figure presents an Al-driven architecture
for TBM systems that enhances energy efficiency, stability, and automation under various geological conditions.
Panel (b). The Potential Integration of IoT and SCADA in Smart TBM Systems envisions a data-control
framework for future smart TBM systems. The physical layer incorporates sensors that monitor the operational
dynamics and ground-machinery interactions. An IoT-SCADA communication infrastructure enables rapid
data transfer, allowing synchronized monitoring and control in diverse environments. Cloud-based processing
supports noise reduction, feature engineering, and scalable storage for real-time and retrospective analyses. The
Al decision-making layer, which includes surrogate models and hybrid optimization algorithms, enhances
control strategies by offering predictive and prescriptive functionalities. This structure shows how distributed
sensing, cloud computing, and Al-driven analytics enable adaptive, resilient, and transparent TBM operations,
highlighting the technological requirements of autonomous tunneling systems.

Panel (c). The Future Architecture for Intelligent Tunneling Framework presents an innovative design for
intelligent tunneling systems in a cyber-physical environment. It features a network of IoT sensors that
generate high-resolution multimodal data for situational awareness. These data streams are integrated into the
communication and cloud layers, synchronizing field operations and computational models. A Digital Twin
module merges FEM/CFD simulations with real-time data for the predictive modeling of mechanical loads,
ground deformation, and ventilation flow. An Al optimization layer manages decision-making by integrating
surrogate modeling, Bayesian optimization, and reinforcement learning. The intelligent control tier offers
insights and human—AI collaboration through visualization dashboards and augmented interfaces. This
architecture delineates a scalable route toward autonomous, self-optimizing tunneling operations that adjust to
uncertainty and geological variability while enhancing decision accuracy, safety, and energy efficiency.

Limitations and Future Work

Despite its promising outcomes, the proposed hybrid framework has limitations that affect its generalizability.
A key issue is data heterogeneity from projects such as the Jakarta MRT and Istanbul Metro, leading to
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discrepancies that hinder universal pattern capture. Although synthetic data were used to address the
imbalance, the lack of large-scale standardized datasets limited model validation. Additionally, the framework
lacks economic objectives, such as cost per meter or energy expenditure, which reduces its utility for decision-
making. Including cost-based objectives would enhance the value of construction management. Future research
should focus on improving the robustness, interpretability, and applicability of these models. Planned studies
will use Transfer Learning to enable cross-project generalization, allowing adaptation to new environments
with limited data while maintaining accuracy. This enhances the scalability and continuity across projects.
Incorporating Explainable Al methods, such as SHAP and LIME, will improve interpretability, aid transparent
decision-making and understand of control adjustments. This is crucial for Al integration, where accountability
is required. Future developments will focus on real-time adaptive learning using IoT-based TBM sensor data to
enable dynamic evolution of ground conditions. Online learning refines predictions and control strategies,
transforming the framework into a self-adaptive system that aligns with autonomous and energy-efficient TBM
operations. In addition, the present framework operates on independent operational snapshots rather than a
continuous, timestamped time series; the GPR surrogate, PINN, and PPO environment therefore represent
quasi-steady-state, cycle-wise conditions rather than true sequential dynamics, and the PPO training episodes
are consequently synthetic rather than drawn from a temporally continuous environment. A quantitative
ablation isolating the marginal contribution of the GPR, PINN, and DRL layers, k-fold cross-validation of the
surrogate accuracy estimates, computation of Hypervolume/Spread metrics over a full non-dominated solution
set, and benchmarking of end-to-end pipeline inference latency have not yet been performed and are identified
as priorities for immediate follow-up work before any real-time deployment claim can be fully supported.

Conclusions

The proposed hybrid surrogate—physics—Al optimization framework (H-SGP-BO-PINN-DRL) has been
demonstrated to enhance both the energy efficiency and penetration rate in Tunnel Boring Machine (TBM)
operations simultaneously. By integrating surrogate modeling, Bayesian optimization, physics-informed
constraints, and deep reinforcement learning, the framework achieved accelerated convergence, reduced
computational costs, and improved operational stability under variable geological conditions. The combination
of data-driven intelligence and physics-based regularization provides a balanced mechanism between
performance improvement and physical feasibility, ensuring that optimized solutions remain consistent with
the underlying mechanics of the ground—machine interaction. Convergence analyses indicated that the hybrid
model reached optimal solutions more rapidly and consistently than conventional metaheuristic algorithms
such as GA, PSO, and SA. This improvement highlights the synergistic contribution of Bayesian-guided
parameter adaptation and reinforcement learning-based control refinement. The multi-objective optimization
results further confirmed that the proposed approach successfully minimized the Specific Energy Consumption
(SEC) while maximizing the Penetration Rate (PR), achieving a more favorable SEC—PR trade-off than that of
the traditional models.

From a methodological standpoint, the integration of physics-informed neural networks (PINN) and deep
reinforcement learning (DRL) represents a significant advancement in intelligent tunneling optimization. The
inclusion of mechanical equilibrium constraints within the learning architecture ensured that all predicted
parameters complied with the principles of rock and soil mechanics, whereas the adaptive control layer
continuously refined operational decisions based on environmental feedback. This hierarchical structure
transformed the optimization framework from a static algorithmic process to a dynamic, self-adaptive learning
system capable of cycle-wise adaptive decision support Taken together, these findings suggest that the H-SGP-
BO-PINN-DRL framework not only provides a technically robust and computationally efficient solution but
also establishes a theoretical foundation for the next generation of intelligent, physics-consistent TBM control
systems.

In summary, this study presents a novel paradigm for TBM performance optimization that bridges the gap
between physical modeling and artificial intelligence. The proposed hybrid approach offers a pathway toward
autonomous, energy-efficient, and geotechnically reliable tunneling operations that can be used for the
construction of tunnels. By unifying surrogate-based learning, physics-informed constraints, and adaptive
reinforcement control, the framework contributes to both academic understanding and industrial application,
paving the way for future integration into smart TBM systems capable of self-correcting optimization, pending
the temporal-architecture and latency work identified in the Limitations and Future Work section.
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