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Keywords Abstract

The penetration rate (PR) is a critical parameter in tunnelling, as

Artificial Neural Network (ANN) it directly determines project timelines, cost, and overall efficiency.

Flrei"ly Algorithm (F.A). . Developing accurate predictive models for the penetration rate (PR)

Particle Swarm Optimization (PSO) . . o . . .

EPB TBM is crucial for optimizing tunnelling performance and enabling more
. . L. effective project planning. To meet this need, this study employs

Penetration Rate Prediction R e e . .

Tabriz Metro advanced metaheuristic optimization algorithms to augment an

artificial neural network (ANN) for improved penetration rate (PR)
prediction. Specifically, particle swarm optimization (PSO) and the
firefly algorithm (FA) were employed to refine the model's accuracy.
The research utilized data from the Tabriz Metro Line 2 project. The data integrated key influencing factors,
which were categorized as follows: geological parameters, including soil friction angle, cohesion, unit weight,
shear modulus, and water table depth; and machine parameters, including torque, thrust force, and
rotational speed. The explicit goal of the model's optimization was to minimize the normalized mean squared
error (NMSE) for its predictions against the actual measured values. The results demonstrate that both PSO
and FA significantly enhanced the predictive performance of the baseline ANN model. However, the firefly
algorithm proved superior, achieving a higher coefficient of determination (R*=0.836 for test data, compared
to 0.780 for the PSO-optimized model) and a lower NMSE. This key outcome is attributed to the FA's robust
search capabilities, confirming its effectiveness in identifying optimal model parameters for complex,
nonlinear relationships in tunnelling. The findings provide a reliable, data-driven framework for predicting
TBM performance, offering substantial practical value for project planning and execution in geotechnical
engineering.

Soil Mechanics Parameters

cutterhead or in meters per hour (m/h). Generally, a
higher advance rate results in a shorter project
execution time. Assessing and forecasting TBM
performance, along with the factors affecting it, aims to

I INTRODUCTION

Tunnelling in urban areas involves specific
challenges due to the sensitivity of these regions. Earth

pressure balance (EPB) tunnel boring machines
(TBMs) have seen a marked increase in deployment, a
trend most evident in urban infrastructure projects. One
approach to predict the efficiency of these machines is
to estimate their penetration rate, which is the ratio of
the distance excavated to the time taken during
continuous excavation. This rate represents the
machine's instantaneous advance rate. It is typically
measured in millimeters per revolution (mm/rev) of the
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improve accuracy, speed, and risk reduction. The first
step involves identifying the parameters influencing
machine performance, such as geological conditions,
TBM operational parameters, and route engineering.
Data from previous excavations and geological studies
are used to collect all relevant factors, enabling the
development of a precise model for predicting machine
penetration rates.
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Given the critical role of predicting the penetration
rate in tunneling operations, researchers have long
sought effective methods to estimate it, resulting in
numerous theoretical and empirical approaches.
Benardos. (2008) applied neural network modeling to
analyze TBM performance [2]. In this study, due to the
significant impact and complexity of geological
conditions, machine parameters such as thrust force
and torque were excluded. The input parameters
included the rock quality designation (RQD), rock
weathering degree, rock mass rating (RMR), uniaxial
compressive strength, overburden depth, groundwater
conditions (water table depth), and rock permeability.
Bazargan et al. (2022) investigated the performance of
cutting tools (disc cutters and rippers) in silty-sand soils
via artificial neural networks (ANNSs), and their results
revealed that rippers outperform disc cutters in silty
soils, as shown by the ANN model [3]. Darbor et al.
(2020) demonstrated that a neuro-fuzzy (ANFIS)
model achieves superior accuracy in predicting the
EPB TBM penetration rate for the Tabriz Metro Line 2
project, with sensitivity analysis confirming cutter head
torque as the most influential parameter[4]. Nickjou
Tabrizi et al. (2022), using a simulator, determined that
wear increases with higher rotational speed and
operation time but decreases with a greater penetration
rate; they also found that maximum abrasivity occurs at
7% soil moisture [5]. Khodaee Ashestani et al. (2023)
employed neural networks to accurately predict TBM
penetration rates in Tabriz Metro, identifying soil
cohesion and friction angle as the most influential
geotechnical parameters[6]. Khoshzaher et al. (2023)
investigated the effects of fine-grained soil content and
moisture on TBM clogging and tool wear, finding that
increased fines and moisture significantly elevate
clogging and wear, while foam injection effectively
mitigates these issues [7]. Darbor et al. (2023) linked
wear to soil properties, demonstrating that maximum
abrasion occurs at 10% fine grain content—a point that
aligns with the Talbot curve for maximum density—
and that increased soil density significantly elevates
wear rates [8]. Ansari et al. (2024) Further exploring
soil abrasiveness, established the sorting coefficient as
a key evaluation criterion. They reported that tool wear
increases with parameters like D;g, D3g, and Dgg in
soils containing more than 10% fines, but decreases in
soils with less than 10% fines [9]. Amoun & Chakeri.
(2024) demonstrated that soil conditioning with foam
can reduce cutting tool wear by 58% and cutterhead
torque by 34% in EPB-TBM tunneling, with wear
behavior critically dependent on fines content and
grading parameters [ 10]. Maleki et al. (2025) utilized a
novel small-scale Linear Cutting Machine (LCM) to
show that disc cutter wear increases with penetration
depth across all rock types, is most severe in basalt, and
correlates most strongly with Brazilian Tensile
Strength [11]. Chakeri et al. (2024) experimentally and
numerically analyzed disc cutter wear across eight rock
types using a novel laboratory TBM simulator and
PFC3D software, finding good agreement between the
physical and simulated models particularly for rock
abrasion [12]. Chakeri et al. (2025) developed a novel
small-scale linear cutting machine (LCM) and used

finite element method (FEM) simulations to evaluate
disc cutter performance across nine rock types, finding
that specific energy was highest in porous Basalt-1 and
lowest in soft Travertine-1, while wear was most severe
in fine-grained Fossiliferous Limestone [13]. Yagiz et
al. (2009) employed multivariate nonlinear regression
and neural networks to estimate the penetration rate
using parameters such as uniaxial compressive
strength, brittleness index, joint spacing, and the angle
between joints and the tunnel axis [14]. Gholamnejad
& Tayarani. (2010) used artificial neural networks to
predict the penetration rate via parameters such as the
uniaxial compressive strength, joint spacing, and RQD
[15]. Yagiz & Karahan. (2011) used the particle swarm
optimization algorithm to optimize the coefficients of a
nonlinear equation that defines the penetration rate
based on independent variables including uniaxial
compressive strength, brittleness index, joint spacing,
and the angle between joints and the tunnel axis [16].
Torabi et al. (2013) examined the impact of
geotechnical parameters on TBM performance in the
Tehran—Shomal highway project, revealing that the
uniaxial  compressive  strength (UCS) most
significantly affects the penetration rate whereas
utilization is largely influenced by management-related
factors [17]. The superior reliability of artificial neural
networks (ANNSs) over statistical methods for
predicting performance emphasizes the need for
effective management to minimize downtime and
optimize TBM efficiency. Salimi et al. (2016) predicted
TBM performance in hard rock using nonlinear
regression analysis and artificial intelligence
algorithms, which incorporated parameters such as
uniaxial compressive strength (UCS), rock quality
designation (RQD), and Brazilian tensile strength
(BTS) [18]. Gao et al. (2015) predicted the TBM
penetration rate via support vector regression (SVR)
[19]. Jamshidi. (2018) developed statistical models to
predict tunnel boring machine (TBM) penetration rates
via brittleness indices derived from rock properties
[20]. The results demonstrate that multiple regression
models provide high accuracy and reliability, which
makes them valuable tools for the planning and cost
control phases of tunneling projects. Fatemi et al.
(2018) conducted a sensitivity analysis on input
parameters with various TBM performance prediction
models [21].

Materials and methods

A. Study Area

Line 2 of the Tabriz Metro is a vital component of
the Tabriz urban rail network, spanning approximately
22.4 kilometers and comprising 22 stations. The route
connects key areas across the city, starting from the
western part of Tabriz and extending to the eastern
regions, ultimately terminating at the Tabriz
International Exhibition. The tunnel for Line 2 features
an external diameter of 9.49 m, an internal diameter of
8.48 m, a segment thickness of 35 cm, and an injection
zone thickness of 15.5 cm. The tunnel depth varies
between 15 and 28 m along the route, reflecting the
diverse geological conditions of the area. Excavation
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Fig. 1. The EPB-type tunnel boring machine in the Tabriz Metro Line 2 project.[1]

employs an earth pressure balance (EPB) tunnel boring
machine (TBM), a technology well-suited to the mixed
soil and rock conditions encountered in the region.
Figure 1 illustrates the TBM used for the excavation of
Line 2, highlighting the advanced engineering
techniques employed in this project.

This metro line is expected to significantly enhance
urban mobility, reduce traffic congestion, and
contribute to the sustainable development of Tabriz by
providing a reliable and efficient public transportation
system. The project also addresses the challenges posed
by the city's complex geology, ensuring safe and
efficient tunneling operations. In this section,
geotechnical parameters for designing various soil and
rock layers along the route are determined basis of
observations during borehole drilling, field and
laboratory test results, geotechnical studies of nearby
projects, and engineering judgment. The geotechnical
parameters were proposed by analyzing laboratory and
field test results, considering geotechnical studies of
projects near the design boundary, and applying
engineering judgment. The statistical values of the
studied data were also determined. The input
parameters for the predictive model were selected
based on the specific ground conditions encountered in
the Tabriz Metro Line 2 project and the operational
principles of the EPB TBM. While the route featured
mixed soil and rock conditions, the geological
environment was predominantly soil-like, comprising
cohesive soils, weathered rock, and sheared formations.
In such materials, the behavior of the excavated mass is
governed primarily by soil mechanics principles.
Consequently, geotechnical parameters fundamental to
soil shear strength and deformation—such as internal
friction angle, cohesion, unit weight, and shear
modulus—were deemed most relevant for predicting
TBM penetration rate. Traditional rock mass
classification parameters (e.g., Uniaxial Compressive
Strength (UCS), Rock Quality Designation (RQD)),
while crucial in hard rock tunneling, were not
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considered as they are not representative of the bulk
material behavior controlling EPB TBM performance
in these specific ground conditions.

The dataset for machine parameters was collected
from drilling data between Stations 1 and 3. Figure
2 shows the geological profile of the studied route
between these stations. Geotechnical data were
obtained from laboratory tests or in situ tests. For both
algorithms wused in this study to optimize the
penetration rate, eight input variables were used,
including torque (MN-m), thrust force (KN), speed
(mm/min), internal friction angle (°), cohesion (kPa),
specific weight (gr/m?®), and water table level (m). The
sole output in this study was the penetration rate
(mm/rev). Table 1 presents the maximum, minimum,
mean, standard deviation, and variance values for each
parameter.

TABLE 1- DESCRIPTIVE STATISTICS

Standar
Param . . faximu d Varianc
Minimum Mean ..
eter m Deviatio e
n

Torque 4.134 0347

(MN-m) 1.10 5.30 7 4 0.121
Thrust 7195.  36265. 22371  4734. 22418313
Force (kN) 00 00 .02 80 .64
Speed
(mm/min) 5.00 55.00 33.30 4.77 22.80
Internal

Friction 5.04 28.48 15.59 5.81 33.71
Angle (°)

Cohesion

(kPa) 11.19  58.93 41.36 11.39 129.70
Specific

Weight 1.82 1.97 1.90 0.05 0.002
(gr/m’)

Shear

Modulus 28.52 15520 7143 27.59 761.16
(kg/cm?)

Water

Table 11.00 17.80 14.67 1.96 3.82
Level (m)
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Fig. 2. Soil profile station 01(X:607266, Y:4216548).

B. Hybrid ANN-FA Model

The firefly algorithm (FA) was introduced by Yang.
(2009) [22]. It is one of the latest swarm intelligence-
based optimization algorithms. The FA shares some
similarities with the PSO and BFO algorithms, and with
proper parameter selection, its performance can closely
resemble that of the standard PSO algorithm.
According to Sayadi et al. (2010), although the Firefly
Algorithm (FA) was initially applied to unconstrained
continuous optimization problems, recent research has
focused on extending it to combinatorial optimization
problems [23].

1) Utilizing the Firefly Algorithm to Solve
Unconstrained Continuous Optimization Problems

1) Initialization = of  Parameters:  Assign
appropriate values to the parameters, where:

3)

4)

5)

6)

number of iterations (termination condition for
the algorithm), [fo: Maximum attractiveness
between two fireflies, 0: Random movement

coefficient, mM: Number of fireflies, t: Iteration
counter.

Initialization of Fireflies: Generate an initial
population of fireflies (i.e., a set of vectors
(i=1,2,..,m) x; randomly within the
problem domain).

Light intensity calculation: Determine the light
intensity of i —th firefly (I;) using the
objective function value at that point, f(x;).

Termination Check: If t < Max Generation,
proceed to step 5; otherwise, go to step 11.

Iterate Over Fireflies: For i = 1: m, perform
steps 6 and 7.
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7) Movement of Fireflies: If I; > I;, move the i-th
firefly toward the j-th firefly. The position of
the i-th firefly is updated via Equation 9:

1
X < x;+ ﬁoe_yrizf +a (rand - E) )

8) where 1; is the Euclidean distance between the
two fireflies. After the position is updated, the
light intensity of the i-th firefly is updated.

9) 8. Randomize Best Firefly: The position of the
best (i.e., optimal) firefly is randomly adjusted.

10) 9. Sort Fireflies: The fireflies are sorted based
on the obtained cost function values, and the
best solution is identified.

11) 10. Repeat: The process returns to step 4.

12) 11. Output Best Solution: The optimal solution
to the problem is the best solution found across
all iterations.

In step 7, equation (9) is applied to guide a less

bright firefly toward a brighter firefly. In a more

general form, this equation can be expressed as:
1

X; < X; +B(xj—xi)+a(rand—z> (10)

Where £ is the attractiveness coefficient. Note that

in equations (1) and (2), r;; is the distance between the
(i)-th and (j )-th fireflies, defined as:

n
Z(xi,k - xj.k)z
k=1

Here, x; ;, is the ( k )-th component of the position
vector ( x;) for the (i )-th firefly. In equation (9), the

term ,&,e_yrizf ensures that the light intensity received
by the (i)-th firefly from the ( j)-th firefly decreases
with increasing distance, reducing the attraction
between them. In a lossless environment, the second
term on the right-hand side of equation (9) should be
substituted with:

(11

nij = ||xi - x,-|| =

_

2
T

B (12)

In an environment with a constant absorption
coefficient y, the light intensity at a distance r from the
source is expressed as I(r) =lLe™ ", where I
represents the light intensity at the source. Thus,
equation (9) combines the inverse square law and the
light absorption law to determine the attraction between
fireflies. Theoretically, any decreasing function of
distance can be used to define attractiveness. For
example, if Lukasik & Zak. (2009), the second term in
equation (9) is written as [24]:
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B =Be (13)

In reference [10], a less aggressive attractiveness
coefficient is suggested:

Bo

ﬂ=1+yr5

(14)

Since in equations (9), (13), and (14), S reduces to
Bo when 1;; =0, B, is called the maximum
attractiveness.

A key characteristic of the firefly algorithm is its
nested loop structure, which leads to a computational
complexity of 0(m?), meaning the processing time
scales with the square of the population size (number
of fireflies). Consequently, while increasing the
number of fireflies enhances the likelihood of locating
the global optimum, it also significantly increases
computational demands and may reduce the algorithm's
efficiency.

2) Selecting Appropriate Parameter Values in
the Firefly Algorithm

In the firefly algorithm, the interaction between
fireflies is determined by the attractiveness
coefficient 8, which depends on two key parameters:
the maximum attractiveness 8, and the absorption
coefficienty. The parameter 5, represents  the
attractiveness between fireflies when they are at the
exact location, typically chosen between 0 and 1.
When S, = 0, the algorithm behavior as a random
search without memory, with fireflies operating
independently. Conversely, when 8, = 1, the brightest
firefly attracts others with full strength, particularly
those in its vicinity. Empirical studies suggest
that 8, = 1 often yields optimal results.

The parameter y controls how the attractiveness
between fireflies diminishes as the distance increases.
Wheny =0, attractiveness  remains  constant
regardless of distance, which deviates from the natural
behavior of fireflies. Asy — oo, the attractiveness 3
approaches zero, which causes the algorithm to degrade
into a purely random search and lose its collective,
firefly-driven behavior. Yang. (2010)
recommends Y€[0,10], and Eukasik & Zak. (2009)
provide further recommendations for its application
[25], [24].

Yo
Yy = 15
rmax ( )
Or
Y
y=— (16)
rmax

wherey, € [0,10]
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rij = ||xl- _X]'”, in,xj ES (17)

S represents the collection of all points within the
domain of the optimization problem.

The final parameter in equation (1) isQ.
Typically, ao is selected from the range [0, 1].
Importantly, when @ = 1, all the variables in the

optimization problem are randomly shifted by 0.5
from their nominal values.

C. Hybrid ANN-PSO Model

The hybrid ANN-PSO model integrates the
complementary strengths of artificial neural networks
(ANNSs) for predictive modeling and particle swarm
optimization (PSO) for efficient search, thereby
enhancing both predictive accuracy and optimization
performance. Artificial neural networks (ANNSs) are
particularly adept at modeling complex, nonlinear
systems due to their inherent adaptive learning
capabilities. Conversely, particle swarm optimization
(PSO) is a robust metaheuristic algorithm, inspired by
the collective behavior of bird flocks or fish schools,
which excels at efficiently navigating complex, high-
dimensional search spaces to identify near-optimal
solutions without requiring gradient information
Particle swarm optimization (PSO), introduced
byKennedy & Eberhart. (1995), is a nature-inspired
metaheuristic designed to solve numerical problems
with large search spaces without requiring gradient
information [26]. It has been effectively applied in
various domains, including neural network training,
power distribution optimization, and process
identification. While PSO is primarily used for
continuous optimization, ongoing research aims to
extend its application to combinatorial problems.

1) Rules Governing Animal Swarm Behavior in
Nature

Three fundamental rules describe the collective
movement of animal swarms:

Separation: Avoid crowding nearby members of
the group.

Alignment: Steer towards the average heading
(direction and velocity) of nearby members.

Cohesion: Staying close to other members of the
group.

2) Utilize the PSO Algorithm to Solve
Unconstrained Continuous Optimization Problems

Initialization: Set up a population of particles by
assigning random positions and velocities within a DD-
dimensional search space.

Evaluation: Determine the fitness of every particle
in the population to evaluate its effectiveness in solving
the problem.

Update: Determine the velocity of each particle via
equation (18) and update their positions via equation

(19). (Kennedy & Eberhart. (1995), Shi & Eberhart.
(1998)) [26], [27]

Termination: End the algorithm if the termination
criterion is met; otherwise, return to step 2.

Where:

V;(i) represents the velocity of particle j during
iteration i.

X;(i): Denotes the position of particle j at iteration i.
Pyest j: Best position of particle j thus far.

Gpest: Indicates the best position discovered by the
entire swarm.

0(i): Inertia weight at iteration i.
c1, C5: Acceleration coefficients.
11, 7> Random numbers generated between 0 and 1.

Omax» Omin: Maximum and minimum values of the
inertia weight.

imax: Maximum number of iterations.

Xinchao. (2010) and Zhan et al. (2009) mentioned
that, in most cases, the values 6,,,, = 0.9 and 0,,;,, =
0.4 are used for this purpose [28], [29]. These values,
which have been obtained empirically through
extensive and diverse simulations, yield satisfactory
results in most problems.

D. Fitness Function and Error Values

To evaluate the model's performance, the
Normalized Mean Squared Error (NMSE) was adopted
as the primary fitness function for the optimization
algorithm. The NMSE was chosen for its property of
being a dimensionless metric, allowing for
interpretable comparison across different datasets. The
coefficient of determination (R?) provided a
supplementary measure of the model's goodness-of-fit

([30], [31], [32D).

1 .
— Xz i = 9)° 21)

o? o?
Determine coef ficient  (R?)
-1 _Z(Yi - 9)? (22)
2@y —¥i)?
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Fig. 3. a: Comparison of predicted vs. actual values for the training dataset via the artificial neural network (ANN) model, b: the hybrid
ANN-firefly algorithm (ANN-FFA) model, c: the hybrid ANN-particle swarm optimization (ANN-PSO) model.

Where y; is the observed value, §; is the predicted
value, ¥; is the mean of observed values, n is the
number of data points, and ¢* is the variance of the
observed values.

II.  RESULTS

A. Artificial Neural Network Training and Test
Results

Based on the provided plots, the performance of the
artificial neural network (ANN) model in predicting the
rate of penetration (ROP) and other target variables was
evaluated. For the training data, the ANN model
demonstrated a strong fit, achieving a coefficient of
determination (R?) of0.77 and an NMSE of0.22,
indicating good alignment between the predicted and
observed values. The strong agreement between
predicted and actual values on the training data is
evident in Figure 4(a), where the fitted regression line
aligns closely with the ideal y=x line. On the test data
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(Figure 4(b)), the model achieved an R? of 0.76 and an
NMSE of 0.2377. These metrics indicate reasonable
generalization performance, albeit with increased
prediction error compared to the training results. These
findings suggest that the ANN model has a satisfactory
predictive ability for the target variables. However,
further optimization of parameters or the integration of
hybrid approaches, such as metaheuristic algorithms,
may be needed to increase accuracy and reduce errors.
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B. Hybrid artificial neural network-firefly algorithm
training and test results

The predictive performance of the hybrid artificial
neural network-firefly algorithm (ANN-FFA) model
was thoroughly evaluated via the provided plots, with a
focus on its ability to estimate the rate of penetration
(PR). For the training data, the ANN-FFA model
achieved a coefficient of determination (R?)
0f 0.93 and an NMSE of 0.06, indicating its ability to
predict the PR with minimal error accurately. This
evident in the training plots in Figure 4 (a), where the
predicted values closely align with the actual values
along the ideal y=xline. The model demonstrated
strong generalization on the test data (Figure 4c),
achieving an R* of 0.9 and an NMSE of 0.091. These
results confirm its robustness and predictive accuracy
on unseen data. The convergence plot in Figure 5
further highlights the efficiency of the firefly algorithm
in optimizing the ANN parameters, as the cost function
consistently decreases over iterations, ensuring
efficient model training. These results highlight the
ANN-FFA model as a powerful and reliable approach
for predicting PR, offering superior performance
compared with traditional ANN models in addressing
complex, nonlinear engineering challenges.

C. Hybrid Artificial Neural Network-Particle Swarm
Optimization Train and Test Results

The hybrid artificial neural network-particle swarm
optimization (ANN-PSO) model was evaluated for its
predictive performance in estimating the rate of
penetration (ROP), as demonstrated by the provided
plots. On the training data, the hybrid ANN-PSO model
demonstrated exceptional performance, evidenced by a
coefficient of determination (R?) of 0.864 and a root
mean square error (NMSE) of 0.122. These metrics
indicate an excellent fit between the model's
predictions and the observed values. The strong model
fit is visually confirmed in the training data scatter plot
(Figure 6(b)), where the regression line closely follows
the line of perfect agreement (y = x). For the test data
in Figure 6, the model maintained robust performance,
with an R? 0f 0.84 and an NMSE of 0.15, indicating
reliable generalizability to unseen data despite a slight
increase in prediction error. The convergence plot
(Figure 5) further emphasizes the efficiency of the PSO
algorithm in fine-tuning ANN parameters, as the cost
function steadily decreases across iterations. These
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Fig. 5. Comparison of predicted vs. actual values for the test dataset using the artificial neural network (ANN) model, b: the hybrid
ANN-firefly algorithm (ANN-FFA) model, c: the hybrid ANN-particle swarm optimization (ANN-PSO) model.

findings highlight the improved predictive power and
consistency of the hybrid ANN-PSO model,
establishing it as a more effective solution than
conventional ANN models for addressing intricate
prediction tasks in engineering contexts.

The penetration rate is a key factor in tunnelling
operations and directly influences project duration,
cost, and efficiency. This study developed predictive
models for the penetration rate (PR) by leveraging
optimization algorithms—specifically, particle swarm
optimization (PSO) and the firefly algorithm (FA)—to
refine the mathematical relationship between a set of
input parameters and the PR. Two main groups of
factors influence the penetration rate: geological
parameters (e.g., the soil friction angle, cohesion,
specific weight, shear modulus, and groundwater level)
and machine parameters (e.g., torque, thrust force, and
cutterhead rotation speed). These factors were
incorporated into an initial mathematical model, which
was subsequently optimized using both PSO and FA.
The objective of this optimization was to minimize the

55

normalized mean squared error (NMSE), which served
as the goodness-of-fit function.

The results demonstrate that both metaheuristic
algorithms significantly enhanced the model's
predictive accuracy. However, the Firefly Algorithm
(FA) demonstrated superior performance over Particle
Swarm Optimization (PSO), achieving a higher
coefficient of determination (R*) and a lower
normalized mean squared error (NMSE). This superior
performance can be attributed to the FA's ability to
balance exploration and exploitation in the search
space, enabling it to find better solutions than PSO
does. The inherent adaptability and efficiency of the FA
in handling complex, nonlinear relationships likely
contributed to its enhanced performance in optimizing
the penetration rate model.

A direct comparison of the predictive performance
(R?) between the models developed in this study and
those from previous influential works reveals critical
contextual differences. While the Fuzzy Logic model
by Ghasemi et al. (2014) and the ANN model by



Chakeri et al.

Journal of Rock Mechanics

TABLE L COMPARISON OF PREDICTIVE MODEL PERFORMANCE FOR TBM PENETRATION RATE IN VARIOUS GROUND CONDITIONS.
Study Wodel Used G;gl;,o;gy Key Input Parameters R? Error Value Notes
Yagiz & UCS, Brittleness, Joint Laboratory/Case Study in
Karahan PSO-NLR Hard Rock ’ Spacin ? 0.94 Rock
(2011) pacing
FL 89.06 0.13
Salimi et al. LMR 70.39 0.22 Focus on hard rock
(2016) NLMR  Hard Rock UCS, RQD, BTS 6137  RMSE 0.34 conditions
PSO 69.64 0.21
Ghasemi et . UCS, BL, DPW, Alpha Queens Tunnel, USA.
al. (2014) Logic  Hard Rock Anol 0.893 - High accuracy in hard
’ gle rock.
. Queens Tunnel, USA.
Y*‘élgoegt)al' NLMR HardRock  OC% BIA?PX’ Alpha 5 o) RMSE 0.114 Best-performing
g regression model.
. Queens Tunnel, USA.
Yagiz et al. ANN  Hard Rock UCS, BI, DPW, Alpha 0'9.5 RMSE 0.066 High performance on
(2009) Angle (Train) -
training data.
Gholamneja Min Combined data from 3
d & Tayarani ANN  Hard Rock UCS, RQD, DPW 0.94 Mse 016 tunnels. Complex 5-layer
(2010) ’ network.
Darbor et al. Mixed Cohesion, Friction
(2020) ANFIS Soil/Rock Angle, Torque, Thrust 0.87 RMSE 0.94 )
Present ANN Mixed Cohesion, Friction
Study (Baseline) Soil/Rock Angle, Torque, Thrust 0.764 NMSE 1.685 Test data performance
Present ANN- Mixed Cohesion, Friction
Study PSO Soil/Rock Angle, Torque, Thrust 0.78 NMSE 0.16 Test data performance
Present ANN- Mixed Cohesion, Friction
Study FFA Soil/Rock Angle, Torque, Thrust 0.836 NMSE 0.147 Test data performance

Gholamnejad & Tayarani (2010) achieved notably
high R? values of 0.893 and 0.94 respectively, it is

imperative to note that these models were
developed for and applied to hard rock conditions using
parameters like Uniaxial Compressive Strength (UCS),
Brittleness Index (BI), and Rock Quality Designation
(RQD) [15, 33]. In contrast, the present study addresses
the inherently more complex and stochastic nature of

mixed soft ground and soil-like formations
encountered

in the Tabriz Metro Line 2 project. Predictive
modeling in such conditions deals with greater inherent
uncertainty, which often results in a lower ceiling for

predictive accuracy metrics like R The primary
achievement of this research is not the absolute R?
value but the significant relative improvement achieved

by integrating metaheuristic algorithms (PSO and
FA) with a baseline ANN model. Our hybrid ANN-
FFA model improved the test data prediction from an
R? of 0.76 (baseline ANN) to 0.90, demonstrating a
powerful enhancement in predictive capability for
challenging soft-ground tunneling environments. This
performance is  highly = competitive = when
contextualized within the appropriate geotechnical
domain, underscoring the effectiveness of our
optimization approach for real-world, complex ground
conditions.

These findings align with previous research
emphasizing the efficacy of metaheuristic algorithms
for solving complex engineering problems. The
integration of FA with the predictive model not only
improved accuracy but also provided a more robust
framework for understanding the interaction between
geological and machine parameters in tunnelling
operations. This particularly important in tunnelling,
where the interplay between ground conditions and
machine performance is inherently complex and
nonlinear.

Despite its promising performance, the proposed
methodology is subject to several limitations. The
computational complexity of the FA, while effective,
may require more resources than simpler algorithms
such as PSO. Additionally, the model's performance is
highly dependent on the quality and quantity of input
data, emphasizing the need for comprehensive and
accurate datasets in real-world applications.

This study demonstrates the significant potential of
advanced metaheuristic optimization algorithms,
notably the Firefly Algorithm (FA), for enhancing the
prediction accuracy of penetration rates in tunnelling
operations. Future research could explore the
integration of additional metaheuristic algorithms or
hybrid approaches to further improve the predictive
accuracy. Moreover, applying these models to real-
world tunnelling projects and incorporating real-time
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data could validate their practical utility and expand
their applicability within the discipline of geotechnical
engineering.

III. 5. CONCLUSION

This study investigates the application of advanced
optimization techniques, particle swarm optimization
(PSO) and the firefly algorithm (FA), for the predictive
modeling of the penetration rate in tunnelling
operations. By categorizing the influencing factors into
geological parameters (e.g., the soil friction angle,
cohesion, specific weight, shear modulus, and
groundwater level) and machine parameters (e.g.,
torque, thrust force, and cutterhead rotation speed), a
mathematical relationship was established and
optimized to minimize the normalized mean squared
error (NMSE). The results demonstrated that both the
PSO algorithm and the FA significantly enhanced the
predictive accuracy of the model, with the firefly
algorithm outperforming the PSO algorithm in terms of
higher (R 2) values and lower NMSE. This superior
performance is attributed to the FA's efficient
exploration-exploitation balance and its ability to
handle complex, nonlinear relationships more
effectively.

The findings underscore the importance of
integrating metaheuristic optimization algorithms into
predictive models for tunnelling operations, as they
provide a robust framework for understanding the
intricate interactions between ground conditions and
machine performance. Despite the FA-based model's
exceptional performance, the study underscored that
high-quality data and significant computational
resources are prerequisites for ensuring its efficacy in
real-world applications.

Future research could explore the integration of
additional metaheuristic algorithms or hybrid
approaches to refine the predictive accuracy further.
Additionally, applying these models to real-world
tunnelling projects and incorporating real-time data
could validate their practical utility and expand their
applicability in geotechnical engineering. This study
advances the field of tunnelling optimization by
introducing a reliable and efficient method for
predicting penetration rates, which can be used to
significantly improve tunnelling operations.
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APPENDIX

Artificial neural networks (ANN)

Artificial neural networks (ANNs) are highly
effective for solving nonlinear problems because of
their adaptability, whereas logistic and linear
regressions are valued for their efficiency and
reliability in fitting data. However, linear models have
limitations because they rely on linear functions, which
restrict their ability to model complex, nonlinear
relationships. To address this, linear models can be
applied to transformed inputs via nonlinear functions,
as illustrated in equation (1):

yGw) = £( D wio () ()
=1

Where a nonlinear transformation ¢(x) is applied to
the input. In ANNS, the goal is to define a mapping y =
f (x; w) by learning adaptive parameters for basic
functions, allowing the model to approximate complex
relationships.

A basic neural network involves transforming input

variables through linear combinations and a;, =

M. W,EJZ-) z; + W,E? activation functions. Equation

(2) shows how input variables are combined with
weights and biases to produce activations, which are
then passed through nonlinear activation functions, as
shown in Equation (3). Common activation functions
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include sigmoidal functions, although the rectified
linear unit (ReLU) is often more efficient in modern
applications.

ZW x; + W](OI) 2)

zj = h(a;) 3)

The outputs of these functions, called hidden units,
are further combined in the next layer, as demonstrated
in Equation (4), where the hidden units are linearly
combined with weights and biases in the second layer.

Z D2+ w @

The final network outputs are generated by
applying an output activation function to the activations
of the second (output) layer. For regression tasks, the
identity function is often used as the activation
function, whereas for binary classification, the sigmoid
function (Equation (5)) is commonly applied. Equation
(6) combines all stages to represent the overall network
function for sigmoidal outputs, mapping input features
to output labels via a set of adaptable parameters w.

1

0'((1) = HT})(—Q) (5)

y(,w) =0 ZW(Z)h<Zw x;

(€D)] )]
+ Wio ) + Wi

(6)

The bias parameters can be simplified by
introducing an additional input feature Xo = 1, as
shown in Equation (7), and Equation (8) provides a
concise representation of the network function,

incorporating biases.
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Figure 3 illustrates the architecture of a two-layer
neural network, depicting the bias nodes in each layer:

X for the input layer and Z for the hidden layer.

Z D+ )
yelr,w) = o Z mh(Z & ) ®)

The flexibility of artificial neural networks (ANN5s)
allows them to model complex, non-linear relationships
beyond the capability of linear models. Through the
learning of adaptive parameters, ANNs can effectively
approximate highly nonlinear functions. The flexibility
of ANNs allows them to model complex relationships
that linear models cannot capture, and by learning
adaptive parameters, ANNs can approximate highly
nonlinear functions effectively. The choice of
activation function (e.g., sigmoid or ReLU)
significantly impacts network performance. Modern
functions like ReLU have notably improved training
efficiency and convergence. The generalization ability
of a neural network depends on the proper tuning of its
weights, biases, and activation functions; this
capability makes the ANN framework robust for
modeling complex, nonlinear relationships in data.

Yie

outputs

Fig. 6 . Network diagram for a two-layer neural network.
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