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Abstract: Cutterhead torque is a key operational parameter for earth pressure balance (EPB) TBM
tunneling in soil strata. The effective management of cutterhead torque can significantly maintain
face stability and ensure the tunneling machine operates steadily. The Shenzhen Metro Line 12 project
at Shasan Station utilized the world’s largest rectangular pipe jacking machine for constructing
the subway station. This project has enabled the collection of relevant data to analyze the factors
influencing cutterhead torque and to establish a predictive model. The data encompass an abundant
array of cutterhead design parameters, operational parameters, properties of the excavated soil,
and environmental factors, revealing the distribution characteristics of cutterhead torque during
tunneling. The correlation between various factors and cutterhead torque has been examined. By
employing multiple regression analysis and a Levenberg–Marquardt (L-M) algorithm-based neural
network, an optimal prediction model for EPB cutterhead torque has been developed. This prediction
model incorporates various factors, including cutterhead diameter, RPM, soil chamber pressure, soil
shear strength, and the soil consistency index. And the degree of influence of each factor on the
cutter torque was also revealed. The prediction results demonstrated good accuracy compared to
previous models, providing valuable insights and guidance for EPB TBMs or pipe jacking machines
operating in soil strata. The current limitations of this model and suggestions for future work have
also been addressed.

Keywords: cutterhead torque; pipe jacking machine; EPB TBM; prediction model; correlation analysis;
neural network

1. Introduction

EPB Tunnel Boring Machines (TBMs) are commonly used in soft ground due to their
advantages of speed, safety, and environmental friendliness. They have become the most
employed type of TBM [1]. EPB TBMs effectively maintain face stability and control surface
settlement through careful management of soil chamber pressure, achieved via cutterhead
control. Key operational parameters for EPB TBM include both control parameters (such as
thrust, cutterhead RPM, soil chamber pressure, and screw conveyor RPM) and response
parameters (including cutterhead torque, penetration, and advance rate). These are in-
fluenced by geological conditions and the selected control parameters [2,3]. Cutterhead
torque is crucial for overcoming face resistance, cutting soil, and regulating muck flow into
the soil chamber. Effective torque management is essential for smooth excavation, reducing
tool wear, and preventing equipment overload [4]. However, the torque requirements of an
EPB TBM cutterhead depend on several factors, such as soil type, tool design, cutterhead
diameter, RPM, and soil chamber pressure. A comprehensive understanding of these
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factors is essential for optimizing cutterhead performance and maximizing excavation
efficiency, making a reliable torque prediction critical to EPB TBM tunneling success.

Various models, including those by Bruland [5], Rostami and Ozdemir [6], Cigla
and Ozdemir [7], An et al. [8], and Zare Naghadehi et al. [9], have been developed to
predict parameters such as cutterhead torque for hard rock TBM tunneling. These models
correlate machine performance with geological rock mass characteristics. Additionally,
some researchers have predicted cutterhead torque in mixed-face geological conditions
by analyzing diverse rock properties [10–13]. Numerous studies have explored the torque
characteristics of EPB TBM cutterheads under various soil conditions and surrounding
environmental conditions, with models broadly classified as either theoretical or empirical.

In theoretical models, Shi et al. (2011) [14] and Wang et al. (2012) [1] proposed
a physical model-based analytical formula to predict EPB TBM torque by dividing the
cutterhead into sections and analyzing soil interaction-generated torque. Subsequent re-
searchers [1,15,16] further refined the model proposed by [14]. Similarly, Xu et al. (2010) [17]
and Lin (2006) [18] developed similar models. Zhang et al. [19] took a different approach to
the cutterhead torque equation by incorporating the nonlinear pressure at the cutterhead
front and the effect of the penetration rate. Among empirical models, Krause (1987) [20]
presented a widely used model that calculates cutterhead torque based on the cutterhead
diameter and an empirical coefficient, α, generally ranging from 10 to 25 for EPB TBMs
and 8 to 20 for slurry TBMs. Ates et al. (2014) [4] also proposed a diameter-based model,
while Avunduk and Copur (2018) [21] introduced a torque prediction model incorporating
soil shear strength and a consistency index. Ramoni and Anagnostou [22,23] made some
studies to analyze the empirical method for predicting the thrust and torque requirement of
TBMs in squeezing ground. The calculation formulas for each model are shown in Table 1.

Former studies have primarily focused on TBMs, analyzing cutterhead operational
parameters with a relatively uniform machine design, excavation conditions, and surround-
ing environments. Zhang et al. (2014) [24] compared field data with Krause’s empirical
model, noting that the calculated torque ranged between 180% and 460% of the actual
average torque, due to the large safety margins embedded in empirical models. There-
fore, a more comprehensive cutterhead torque prediction model, incorporating geological,
environmental, and equipment design factors, is needed for accurate forecasting.

Rectangular pipe jacking tunnels, with their high utilization of cross-sectional area,
shallow depth, and minimal impact on surrounding environments, represent a promising
development in urban short-distance tunneling technology [25–29]. Advances in rectangu-
lar pipe jacking machines have enabled larger cross-sections for diverse construction needs.
These rectangular pipe jacking machines are typically equipped with multiple cutterheads
of varying diameters for full-face excavation. Compared to TBMs, the larger cross-section of
rectangular pipe jacking machines introduces additional factors affecting cutterhead torque,
including geological conditions, cutterhead design and arrangement, and soil chamber
pressure, allowing for an abundant database for torque analysis and prediction.

This study aims to create a more comprehensive EPB TBM cutterhead torque pre-
diction model, accounting for geological, environmental, and equipment design factors,
to improve theoretical accuracy in EPB TBM tunneling in soil strata. This research is
based on the Shasan Station, part of Shenzhen Metro Line 12 in China, where construction
involved the rectangular pipe jacking machine with the world’s largest excavation area.
By collecting design parameters and operational parameters along with soil properties,
this study conducted univariate regression analysis to identify the correlation between
each influencing factor and torque, followed by performed multiple regression analyses
and a Levenberg-Marquardt (L-M) algorithm-based neural network to develop a torque
prediction model.



Infrastructures 2024, 9, 212 3 of 21

Table 1. The summary of cutterhead torque prediction model.

Authors Friction Torque on Frontal Surface Friction Torque on
Circular Surface

Friction Torque on Back
Surface Cutting Torque Shearing

Torque on Torque of Rotational Bearing

Shi et al. (2011) [14] T1 = πD3

12 K0 f γH(1 − η) T2 = πD2

4 f γHW(1 + K0) T3 = πD3

12 K0 f γH(1 − η) f∆p T4 =
n
∑

i−1
Fciri T5 = πD3

12 ·kq·η·τ T6 =
nb
∑

i=1
γ(H−Lisinθb)·Db·Lb· fc·nb·Rb

Godinez et al.
(2015) [15] Based on Shi et al. (2011), the soil arch effect is considered.

Koohsari et al.
(2023) [16] T = ω(T1 + T2 + T3 + T5 + TOther). Based on Shi et al. (2011), the RPM is considered.

Xu et al. (2010) [17] T2 = (1 − η)µp0eAl πD3

12 T3 = πD2

8
1
2 (c + Ntan φ)lk - T1 = ∑n

i=1 Qiri T4 = η Cτ πD3

6
-

Lin (2006) [18] T1a =
πD3

12 K0 f γH(1 − η) T1b = πD2

4 f γHW(1 + K0) T2 = πD3

12 K0 f ′γH(1 − η)k - - T3= k∑
n
γHDb LbRb f ’

Zhang et al.
(2014) [24] T1 = πG f1(1−η)

1−µ + (1 − η) 2
3 πR3 f1K0γH T3 = 2πR2t f4Pm - T2 = 1

2δcR2 + 2RGδ2tanφ
π(1−η)

- T4 = nbπDb LbRb f ′Pm

Krause (1987) [20] T = α·D3 (EPB TBM : 10 ≤ α ≤ 25, slurry TBM : 8 ≤ α ≤ 20)

Avunduk and Copur
(2018) [21] T = 4.28Su + 270Ic + 230

Ates et al. (2014) [4] T = 13.438D3.154

Note: D is cutterhead diameter, K0 is the coefficient of lateral earth pressure, f is the coefficient of dynamic friction, γ is the volume weight, H is the depth, η is the opening ratio of
cutterhead, W is the width of cutterhead, f∆p is the coefficient related to the difference between inner and outer pressures, Fci is the resistance force applied on the cutter i, n is the
number of the cutter fixed on cutterhead τ is the shear strength of the soil, kq is a reduced coefficient related to shear area, nb is the number of the agitating bars, Rb is the distance
between the agitating bar and the centerline of shield, θb is the angle of the plane through the axes of the bar and the shield with respect to the horizontal plane, Db is the diameter of the
agitating bar, Lb is the length of the agitating bar, fc is the friction factor between the improved earth and the steel bar, ω is the rotational speed, p0 is the chamber earth pressure, A is
constant, ν is Poisson’s ratio of soil, φ is internal friction angle of soil, l is the length of chamber, c is the soil cohesion, N is the normal earth pressure at rest acting on the cutterhead, Qi is
the tangential force of the tool, ri is the distance of each tool from the center of the cutterhead, Cτ is the shear strength of the muck, k is the ratio of the earth pressure in the chamber to
the earth pressure on the tunnel face, and f ′ is the friction coefficient between the cutterhead, the stirring rod, and the muck, Pm is the average soil pressure on the shield, Su is the vane
shear strength, Ic is the consistency index.
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The paper is organized as follows: The second section provided background on the
supporting engineering project, including the metro station, geological conditions, and the
combined tunnel boring machine used. The third section analyzed the torque parameters of
various cutterheads and identified how these characteristics change at different excavation
stages. The fourth section established a database, performed univariate correlation analysis
to identify relationships, and applied both multiple linear regression and a neural network
based on the Levenberg–Marquardt algorithm to develop cutterhead torque prediction
models. The fifth section evaluated the applicability and interpretability of the prediction
models to identify the most suitable one. In Section 5, conclusions were drawn.

2. Project Overview
2.1. Project Description

The Shasan Station of Shenzhen Metro Line 12 Phase II is an underground two-level
island station, with a total length of 208.4 m. The station passes underneath an existing
water box culvert, with a clearance of approximately 2.5 m (see Figures 1 and 2). To avoid
relocating the box culvert, the station was constructed using open-cut methods at both ends,
while the central section was constructed using mechanized excavation. The mechanized
excavated section features a single-column double-span structure, measuring 22.6 m by
13.53 m, with a total length of 70 m, as shown in Figure 2. The structure’s depth is 20.61 m,
with a maximum cover of 7.1 m. The pipe jacking method for metro station construction
divides a large space into smaller sections. The station’s cross-section was split into two
parallel lines: the left and right substructures, as illustrated in Figure 2. Each substructure
was constructed sequentially using a super-large rectangular pipe jacking machine with
prefabricated segments, maintaining a separation of approximately 5 cm between them.
Upon completing the structural conversion, these substructures combined to form a unified
metro station space.
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Figure 2. Structural system and mechanical excavation section of the metro station.

2.2. Geological Characteristics

The geological characteristics of the mechanized excavation section at Shasan Station
are marked by a horizontally stratified distribution of soil layers. From top to bottom, the
exposed strata include Quaternary artificial fill, Quaternary marine-terrestrial silt, Holocene
silty clay, and hard plastic sandy clay, underlain by fully to highly weathered granite at the
station’s base (see Figure 3). The soil parameters are provided in Table 2. The groundwater
table is situated at a depth of 0.5 to 2.2 m.
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Table 2. Main soil parameters along the alignment.

Soil Layer Average Layer
Thickness (m)

Elastic Modulus
(MPa)

Density
(kN/m3)

Cohesion
(kPa)

Internal Friction Angle
(◦)

Miscellaneous soil 2.4 10.0 17.8 18.0 8.00
Sand 1.9 8.3 19.0 0.0 30.0

Muddy silty clay 2.4 2.5 16.0 10.0 4.0
Silty clay 7.6 13.0 18.8 22.5 12.5

Sandy clay 8.7 35.0 18.5 25.0 22.5
Strongly weathered

granite 7.2 70.0 19.0 30.0 25.0

2.3. EPB Rectangular Pipe Jacking Machine

For Shasan Station, a new type of mechanized equipment, the “Dayu Excavation
Machine”, was developed. This is the world’s largest rectangular pipe jacking machine. The
tunnel excavated by the rectangular pipe jacking machine has cross-sectional dimensions
of 11.275 m in width and 13.53 m in height, with a single-pass excavation area of 153 m2.
This meets the ultra-large section classification standard according to the ITA tunnel section
classification criteria (>100 m2). The machine is composed of two identical EPB TBMs
stacked vertically, with design parameters provided in Table 3.

Table 3. Technical parameters of the rectangular pipe jacking machine.

Items Specification

Model CTPJ11295 × 13,550
Machine Type Earth Pressure Balance Rectangular Pipe Jacking Machine

Excavation Size (mm) 11,295 × 13,550
Excavation Configuration Parallel axis front and rear combination cutterheads

Max Thrust Force (kN) 103,200
Max Steering Force (kN) 160,314

Overall Length (mm) Approx. 11,900
Cutterhead Count 7 + 7

Model CTPJ11295 × 13,550
Machine Type Earth Pressure Balance Rectangular Pipe Jacking Machine

Cutterhead Diameter (mm) Φ4800 (2), Φ4200 (4), Φ3600 (4), Φ2800 (4)

RPM (r/mi)

0–1.01 (Φ4800)
0~1 (Φ4200)

0~1 (Φ3600 lower)
0~1.1 (Φ3600 upper)

0~1.33 (Φ2800)

Rated Torque (kNm)

2977.7 (Φ4800)
2005 (Φ4200 lower)
1732 (Φ4200 upper)
1732 (Φ3600 lower)
1000 (Φ3600 upper)

695 (Φ2800)

Number of screw conveyors (PCS) 2 + 2
Max Output Capacity (m3/h) 153

Max Grain Size (mm) Φ280

Figure 4 illustrates that the rectangular pipe jacking machine is equipped with 14 cut-
terheads, with those in the upper and lower area of EPB TBM aligned in the same position.
A multi-level, parallel axis arrangement of the cutterheads is adopted. The top shield of
the pipe jacking machine is extended, with two green-colored cutterheads positioned at
the front of the first layer, six cutterheads in the middle layer, and six cutterheads in the
bottom layer. This arrangement creates a micro-step form excavation pattern, minimizing
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disturbance to the soil above the machine. The cutterheads, varying in diameter, are ar-
ranged both front and back, with their excavation areas overlapping, achieving a nearly
90% excavation coverage rate.
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The pipe jacking machine excavated a horizontally stratified soil layer, with an exca-
vation height of up to 13.55 m. This led to a wide variety of soil types along the tunnel
alignment, as well as significant fluctuations in soil and water pressure. As shown in
Figure 4 and Table 3, the equipment is fitted with four different diameters of cutterheads,
positioned across different areas of the excavation cross-section. During tunneling, the
cutterhead RPM is adjusted based on its diameter and position. The cutterhead design pa-
rameters, operational parameters, soil properties, and environmental factors in this project
are notably more diverse than in other projects, and the data collected will provide valuable
insights for a comprehensive analysis of how these factors influence cutterhead torque.

3. Cutterhead Torque Characteristics

As shown in Figure 2, the rectangular pipe jacking machine progresses in two stages,
excavating 70 m to form the main structure of the underground station. Each pipe segment
is 2 m wide. After assembling the pipe segments to the fourth ring, the cutterhead contacted
the soil and begins excavation. Due to the large excavation cross-sectional area and height,
stability at both the launch and reception ends is maintained by reinforcing the soil within
an 8 m width at each end, forming an underground wall with enhanced strength and
waterproofing properties. Consequently, the thrust required by the machine increases
significantly within the reinforced areas, as shown in Figure 5.
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3.1. Torque Characteristics of Different Cutterheads

Taking the left line tunneling as an example, Figure 5 illustrates the torque of each
cutterhead during the excavation process, with the cutterheads numbered from top to
bottom according to their position. To facilitate a clear analysis, comparisons were made
between the cutterheads of the same diameter located at different heights. Figure 5a–d
present the average torque and total thrust for cutterheads with diameters of 2800 mm (2#,
3#, 9#, 10#), 3600 mm (1#, 4#, 8#, 11#), 4800 mm (6#, 13#), and 4200 mm (5#, 7#, 12#, 14#)
for each ring. The scale on the axes is consistent across all figures. The light-color areas
represent the standard deviation of the torque for each ring, with a larger range indicating
greater fluctuations in torque values.

The figures clearly show that, for cutterheads of the same diameter, the torque of the
lower cutterheads is significantly higher than that of the upper ones, with a wider range of
torque fluctuations. For instance, in Figure 5a, cutterheads 2#, 3#, 9#, and 10# all have a
diameter of 2800 mm. The average torques for cutterheads 2# and 3# are 41.34 kNm and
45 kNm, with standard deviations of 7.08 and 8.64, respectively. Meanwhile, cutterheads
9# and 10# exhibit torques of 77.78 kNm and 85.05 kNm, with standard deviations of 24.62
and 23.07. For the largest diameter cutterheads (4800 mm), the torques for 6# and 13# are
311.47 kNm and 419.38 kNm, with standard deviations of 76.70 and 119.74. These results
indicate that the operating conditions of the lower cutterheads are less stable, which can be
attributed to two main factors.

Firstly, due to the depth, the deeper cutterheads are subjected to higher soil and water
pressures, leading to greater frictional resistance during the cutting process. As shown in
Figure 6, the pressure in the cutterhead’s soil chamber lies between the static earth pressure
and the Rankine passive earth pressure, approximately 2.5 times closer to the static earth
pressure. Secondly, there are variations in the properties of the excavated soil. According to
the stratigraphic distribution, the upper excavated soil primarily consists of silty clay and
muddy clay (represented by the dark gray soil in the middle of the muck bucket in Figure 7),
while the deeper excavated soil comprises sandy clay and fully weathered granite (shown
as yellowish-brown soil on both sides of the muck bucket in Figure 7). Soil properties, such
as shear strength and liquid and plastic limits, can influence the operational parameters
of the cutterhead [21]. The specific effects will be analyzed in the following sections of
this paper.
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Figure 7. Muck transport.

Under normal circumstances, at the same depth, the torque of the cutterhead increases
significantly as the diameter of the cutterhead increases. For example, the average torque
of cutterhead #6 (4800 mm) is 311.47 kNm, compared to 230.79 kNm for cutterhead #7
(4200 mm). However, as shown in Figure 5c,d, between the 9th and 23rd ring, the torque
of cutterheads #12 and #14, located at the outermost edge of the pipe jacking machine, is
approximately 30% to 40% higher than that of cutterhead #13, which is positioned centrally.
This difference is primarily due to the uneven weathering of the bedrock at the bottom of
the excavation, which is characterized by significant undulations in the weathering interface
and isolated boulders caused by uneven weathering. Furthermore, the consolidation of
muck in the blind area at the lower edge of the cutterhead leads to abnormal local soil
pressure within the soil chamber, which also affects the cutterhead torque, as shown in
Figure 8.
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3.2. Torque Characteristics During Excavation Stages

The muck bucket of the rectangular composite tunneling machine at Shasan Station
has a capacity of approximately 24 m3. Consequently, after tunneling about 120 to 140 mm,
the muck fills the muck bucket and the machine stops and discharges the muck. This
cycle process is referred to as a tunneling progression. The previous section analyzed the
distribution characteristics of the torque for different cutterheads. Now, the microscopic
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variations in parameters during each tunneling progression are examined. Figure 9 records
the tunneling parameters for four cycle processes during the 21st ring of the left line,
including the torque and RPM of cutterheads 5# (upper 4200 mm), 12# (lower 4200 mm),
and 13# (lower 4800 mm), as well as the penetration rate and thrust of the machine.
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The figure shows a sudden increase in torque after each start of the tunneling progres-
sion. This phenomenon is primarily due to the consolidation of the soil surrounding the
cutterhead, resulting in the dissipation of pore water pressure in the soil. As a result, the
effective stress and frictional resistance acting on the cutterhead increase. Based on the
characteristics of the tunneling parameters, each excavation cycle can be categorized into
the following typical stages:

i. Start-Up Stage: The cutterhead starts rotating and quickly reaches its rated RPM,
resulting in a sharp increase in torque that is significantly higher than during normal
tunneling conditions. This stage lasts a very short time, generally around 1 min.

ii. Loading Stage: The phase begins as the pipe jacking machine starts pushing forward.
With the injection of foam stabilizer, the cutterhead torque gradually decreases to normal
levels, while the thrust reaches its peak. The penetration rate rises from 10 mm/min to
20 mm/min, with the cutterhead torque fluctuating within a defined range. This phase
typically lasts for 4 to 5 min.

iii: Stabilization Stage: During this phase, the thrust, penetration rate, and RPM remain
stable. The torque relationship T12# > T13# > T5# aligns with previous observations. This
phase is governed by the penetration rate and generally lasts for 6 to 7 min.

iv: Stop Stage: Once the muck has filled the muck bucket, the pipe jacking machine
ceases its pushing forward. The cutterhead gradually reduces its rational speed, and the
retracting device is fixed in place to maintain soil chamber pressure.

During the tunneling process, the cutterhead RPM and the thrust remain relatively
constant, while the penetration rate and cutterhead torque exhibit significant variations.
For approximately one-third to two-thirds of each tunneling cycle, the penetration rate
increases during a rising phase before stabilizing. The operational parameters during the
tunneling with a rectangular pipe jacking machine differ significantly from those of hard
rock TBMs. Unlike rock mass, which has high strength and a structured behavior, the
soil is less cohesive and more porous. Consequently, the loading phase in pipe jacking
machines is less pronounced compared to hard rock excavation. In soft ground, the torque
serves as a more effective indicator of real-time excavation conditions and soil quality than
thrust force.
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4. Cutterhead Torque Prediction Model

The analysis of cutterhead torque distribution patterns revealed that torque is influ-
enced by multiple factors, including design specifications, geological and environmental
conditions, and operational parameters. During the tunneling beneath the box culvert
(14th–20th rings), the machine operated a full-chamber state to maintain the tunnel face
stability and minimize surrounding ground disturbance. Under these conditions, all cutter-
heads operated with their normal operating conditions. To account for the characteristics
of the excavated grounds and the state of the tunneling process, data from the 14th to the
20th rings of both lines were selected for analysis. This dataset reflects stable operational
conditions and provides a reliable basis for evaluating torque behavior under uniform
working scenarios.

4.1. Database Establishment

The soil’s mechanical parameters in the research area have been determined through
laboratory tests and preliminary geotechnical investigations. Operational parameters were
extracted from the automatic recording system of a pipe jacking machine. Based on these
data, a comprehensive database was established, encompassing soil parameters (shear
strength (τ), consistency index (Ic)), cutterhead design parameters (diameter (D)), and
operational parameters (RPM, penetration rate (PR), solid chamber pressure (P)). The
database comprises 207,074 datasets collected over a 28-meter section corresponding to the
14th–20th rings of both tunnel lines.

4.2. Univariate Analysis

Regression analysis was conducted to assess the correlation and variation trends be-
tween the cutterhead torque (T) and various factors. This analysis provides a foundational
basis for the subsequent development of the EPB cutterhead torque prediction model.
Figure 10 illustrates the correlation of the cutterhead torque with each factor that informs
the model.

Among the various factors influencing T, the D and RPM show the most significant
correlation, with a coefficient of determination (R2) of 0.64. The cutterhead D determines
the area of soil being cut and the contact area with the soil, making it a key determinant of
cutterhead T. Previous studies have primarily focused on the frictional resistance between
the cutterhead and the surrounding soil during tunneling, which depends on the friction
coefficient and contact area. The cutterhead RPM is another critical factor, although this
is rarely overlooked in discussions. The theory suggests that a higher cutterhead speed
increases resistance and demands greater torque. However, Figure 10b reveals an inverse
relationship, with the torque decreasing as the RPM increases.

Figures 9 and 11a show that the cutterhead RPM rapidly stabilizes at its rated speed
shortly after starting, making it well suitable for operation in homogeneous soft soil strata.
This rated RPM is related to the cutterhead D. As the D increases, the rated RPM decreases.
This trend is further illustrated by the data distribution in Figure 11b. Therefore, the
cutterhead RPM in this study is primarily considered as a design parameter. Here, the
RPM refers to the rated RPM of the cutterhead, denoted as RPMrated. To analyse the
relationship between different RPM and T, a more detailed categorization of the cutterhead
RPM distribution in the database is necessary.

Figure 10c,d demonstrate a positive correlation between T and both P and τ. P repre-
sents the effective stress between the cutterhead and the surrounding soil. Meanwhile, τ
directly affects the ease of soil cutting and mixing.

Soil moisture content significantly affects its plastic state. Higher moisture content
causes the soil to transition from a solid to a plastic state and, ultimately, to a fluid state.
Hollmann and Thewes (2013) [30] introduced the Ic to assess the impact of clay properties
on mechanical excavation, as depicted in Figure 12. The calculation formula for Ic is shown
in Equation (1), where WL represents the liquid limit, Wn denotes the natural moisture
content, and IP is the plasticity index. Avunduk and Copur (2018) [21] observed that higher
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Ic values correspond to increased cutterhead torque, a trend also evident in Figure 10e. As
the consistency index increases, viscous soil becomes softer and stickier, making it prone to
adhering to the cutterhead’s metal surface, causing blockages and increased torque.

IC = (WL − Wn)/IP (1)
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Figure 10. The correlation between cutterhead torque and various factors. (a) T vs. D (R2 = 0.64);
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PR (R2 = 0.15).
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Figure 12. Clogging potentials of the soil with the influence of water content (after [30]).

Figure 10f reveals a weak correlation between the PR and T, with an R2 of just 0.15.
The PR is primarily determined by the thrust of the push cylinders, but it also depends on
complex factors such as the interaction between the shield, the ring, and the surrounding
soil, as well as the soil discharge conditions. Consequently, the factors influencing the PR
are multifaceted and challenging to isolate.

4.3. Multiple Linear Regression Analysis

A correlation analysis of the factors influencing cutterhead T was used to establish
functional relationships between these factors and the T. The selected independent variables
were D, RPMrated, P, τ, and Ic, with cutterhead T as the dependent variable. Multiple
regression analysis was conducted using SPSS statistical analysis software to fit the torque
calculation formula.

The correlation analysis between the independent variables and the dependent vari-
able revealed that all parameters exhibit a good linear relationship with T, demonstrating
high correlation and clear physical significance. Therefore, multiple linear regression
analysis was conducted using a stepwise regression input method. This method involves
recalculating the contribution of already included independent variables after adding each
new variable to assess their ongoing relevance to the equation. Variables are alternately
added or removed based on their significance, until no further changes can be made. The
detailed steps are as follows, and the flowchart is shown in Figure 13.
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Step 1: Establish a unary regression model for p independent variables X1, X2, · · · , XP,
and dependent variable Y, respectively.

Y = β0 + βiXi + ϵ, i = 1, · · · , p (2)

The calculation of variable X1 corresponding regression coefficients of F the value of
the test statistics to F(1)

1 , F(1)
2 , · · · , F(1)

P , take the maximum value F(1)
i1

.

F(1)
i1

= max
{

F(1)
1 , F(1)

2 , · · · , F(1)
P

}
(3)

Compare F(1)
i1

with the threshold F(1) at a given significance level α, and if the

F(1)
i1

> F(1), introduce Xi1 into the regression model and add it to the set of selected vari-
ables I1.

Step 2: The binary regression model of dependent variable Y and independent variable
subset

{
Xi1 , X1

}
, · · ·

{
Xi1 , Xi1−1

}
,
{

Xi1 , Xi1+1

}
, · · · ,

{
Xi1 , XP

}
is established (that is, the re-

gressors of this regression model are binary), with a total of p−1. Compute the F-statistic
for each variable, denoted as F(2)

k (k is not included in I1), the largest of which is denoted

as F(2)
i2

, and the corresponding independent variable foot is denoted as i2, that is

F(2)
i2

= max
{

F(2)
1 , · · · , F(2)

i1−1, F(2)
i1+1, · · · F

(2)

P

}
(4)

Compare F(1)
i2

with the threshold F(2) at a significance of α, and if the F(1)
i2

> F(2),
the variable Xi2 is introduced into regression model. Otherwise, terminate the variable
introduction process.

Step 3: Repeat Step 2 by adding one independent variable at a time to the model, using
subsets

{
Xi1 , Xi2 , Xk

}
, until no additional variables meet the inclusion criteria.

This method ensures a logical selection of independent variables, minimizing the
influence of statistically insignificant factors on the final regression equation. Variables
causing multicollinearity can be identified and excluded. Following stepwise regression, the
remaining explanatory variables are both significant and free from severe multicollinearity.
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The analysis revealed that none of the independent variables were excluded, indicating
their significant impact on the cutterhead T. By systematically incorporating the various
influencing factors, the resulting fitted equations were derived and are presented in Table 4.

Table 4. The prediction model based on the stepwise regression input method.

Model R2 F Sig.

T = 172.78D − 401.55 0.64 363,434.23 <0.0001
T = 137.01D + 4.67τ − 524.72 0.79 398,073.52 <0.0001
T = 90.82D + 4.13τ − 395.41RPMrated + 7.07 0.82 318,955.03 <0.0001
T = 77.57D + 3.44τ − 444.79RPMrated + 367.36Ic − 112.65 0.83 251,018.15 <0.0001
T = 75.61D + 3.09τ − 444.29RPMrated + 368.66Ic + 16.35P − 104.96 0.83 201,097.33 <0.0001

The table above indicates that as more variables are added to the model, the adjusted
R2 values show an upward trend. When the independent variables, including D, τ, and
RPMrated, are considered together, the adjusted R-squared values for all models exceed 0.8.
The resulting regression equation is robust and demonstrates strong explanatory power for
the dependent variable.

The F-values and significance coefficients for all the models confirmed the statistical
validity of the regression model, indicating that the inclusion of the independent vari-
ables improves the model’s predictive ability. The multicollinearity analysis shows that
a tolerance value above 0.1 and a variance inflation factor (VIF) below 10 indicate no
multicollinearity between the independent variables, particularly between the cutterhead
diameter and RPM. Therefore, it is reasonable to assume that multicollinearity among the
independent variables is not present in this analysis.

Considering all independent variables, the prediction model of the cutterhead torque
is as follows:

T = 75.61D + 3.09τ − 444.29RPMrated + 368.66Ic + 16.35P − 104.96 (5)

The standardized coefficients for the independent variables D, τ, RPMrated, Ic, and
P are 0.35, 0.28, −0.33, 0.12, and 0.04, respectively. These coefficients indicate that the
various factors influencing the cutterhead torque, ranked from highest to lowest, are as
follows: cutterhead diameter (D), cutterhead-rated RPM (RPMrated), soil shear strength (τ),
consistency index (Ic), and chamber pressure (P). A comparison of the predicted and actual
cutterhead torque values is illustrated in Figure 14.
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4.4. Neural Network Prediction Using the Levenberg–Marquardt Algorithm

Artificial neural networks (ANNs) can model the relationship between input and
output without requiring a predefined mathematical equation. The Levenberg–Marquardt
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(L-M) algorithm, used in nonlinear neural network learning, integrates the Gauss–Newton
method with the steepest descent method. By adaptively adjusting the damping factor, the
algorithm achieves stable and reliable solutions, characterized by a higher rate of iterative
convergence. The L-M algorithm’s ability to dynamically transition between gradient
descent and Gauss–Newton approaches ensures a robust and efficient optimization process.
It effectively balances global stability with local convergence speed, making it one of the
most reliable methods for nonlinear least squares problems.

This study utilized MATLAB’s built-in neural network toolbox to predict the cutter-
head torque of the rectangular tunneling machine. The data samples used for this analysis
were identical to those employed for the multiple linear regression fitting. The independent
variables—D, RPMrated, P, τ, and Ic—were set as input parameters, while the cutterhead
torque (T) was designated as the output parameter. To avoid overfitting, the dataset was
divided into 70% for training, 15% for validation, and 15% for testing. The training algo-
rithm employed the L-M algorithm method with a neural network structure consisting of
10 hidden layers. The neural network structure is illustrated in Figure 15.
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The results of the prediction model are shown in Figure 16, featuring regression
plots for the training set, validation set, test set, as well as the combined dataset. The
model achieved a correlation coefficient (R) exceeding 0.95 and an R2 value exceeding
0.91, indicating that the model has a significant predictive effect and excellent data inter-
pretability. These results confirm that neural networks are highly effective in predicting
cutterhead torque.
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Figure 17 presents the error histogram, illustrating the discrepancies between the pre-
dicted and target outputs. The histogram shows that errors for the training set, validation
set, and test set are predominantly clustered around zero, confirming the reliability of
this model.
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5. Determination and Evaluation of Prediction Models

Developing a prediction model is central to quantitative forecasting, as it identifies in-
herent patterns and serves as the foundation for predicting future values. The effectiveness
of a prediction model can be assessed using the following several key principles:

Sound theoretical foundation: a forecasting model must rely on a robust theoretical
framework that captures the underlying patterns and logical relationships of real-world
phenomena. Statistical reliability: the model must undergo rigorous statistical testing to
ensure stability, reliability, and the ability to capture data trends accurately. Forecasting
accuracy: a reliable model should consistently provide accurate and dependable predictions
of future trends or outcomes. Ease of application: the model should be straightforward,
user-friendly, and practical for real-world use.

Beyond accuracy, the logical coherence and physical relevance of the model are crucial,
as they determine its practical applicability.

Comparisons show that the neural network algorithm provides more accurate predic-
tions, attributed to its strong modeling capability and adaptability. However, the internal
workings of the neural network, such as weight adjustments and structure changes, are
difficult to interpret, limiting its ability to explain the physical relationships and signif-
icance between the independent and dependent variables. Consequently, the model’s
interpretability is relatively limited.

A satisfactory predictive model was also developed through multiple linear regression
analysis (R2 = 0.83), which explicitly reflects the relationships and weights of various
parameters influencing cutterhead torque in the prediction formula. Considering all factors,
the multiple linear regression prediction model (Equation (5)) was selected as the preferred
prediction model for the cutterhead torque of the EPB TBMs.

Predicted cutterhead torque values from this model and previous prediction models
in Table 1 were compared with actual torque measurements, as shown in Figure 18. The
model proposed by Shi et al. (2011) [14] did not consider the cutting torque, due to its
influence on cutterhead torque being negligible. Prior theoretical and empirical models
overestimate the actual cutterhead torque by approximately 170% to 370%, indicating a
considerable discrepancy. Additionally, discrepancies grow with increasing torque values
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or cutterhead diameters, reaching up to 1700%, consistent with findings by Zhang et al.
(2014) [24].
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The main reason for these discrepancies is that most prior empirical models focused
on the cutterhead’s design torque during manufacturing, incorporating substantial safety
margins to accommodate diverse ground conditions and special operational scenarios
encountered during tunneling. Additionally, these theoretical and empirical models often
lack comprehensive consideration of the influencing factors, leading to reduced prediction
accuracy when dealing with variations in cutterhead design parameters, soil properties, or
environmental conditions.

In contrast, the predictions from this model closely align with actual torque values,
with an average deviation of about 5% above the actual measurements. This indicates
the model’s high accuracy in considering factors such as the cutterhead diameter, soil
properties, and different burial depths. Therefore, the model provides a reliable foundation
for predicting cutterhead torque in EPB TBM and pipe jacking machine tunneling in
soil strata.

6. Conclusions

The Shasan Station project of Shenzhen Metro Line 12 employed an ultra-large section
rectangular EPB pipe jacking machine for metro station construction. The data collected
from the project contained abundant information on cutterhead design, operational pa-
rameters, soil properties, and environmental factors. Analysis of the operational data
from the pipe jacking machine tunneling process revealed the distribution characteris-
tics of cutterhead torque, highlighting the significant impact of cutterhead diameter and
excavation depth.

A database incorporating design, experimental, and field data was established to
analyze the correlation between various factors and cutterhead torque. Empirical formulas
incorporating various influencing factors were developed using stepwise regression and
the L-M algorithm neural network. Considering both interpretability and accuracy, the
EPB cutterhead torque prediction model was finalized. The model accounted for multiple
influencing factors and demonstrated better predictive results compared to traditional
theoretical and empirical models. The factors influencing cutterhead torque, ranked by
their impact from highest to lowest, are as follows: cutterhead diameter, cutterhead-rated
RPM, soil shear strength, consistency index, and soil chamber pressure. The model is highly
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suitable for predicting cutterhead torque in EPB TBM or pipe jacking machine operations
in soft ground, providing valuable support for construction activities.

However, the limited sample size in this study’s database suggests that additional
engineering data are needed to enhance its applicability and accuracy. Moreover, the
constrained RPM data distribution limits the model’s ability to effectively explain its
relationship with cutterhead torque. To address this, a larger dataset encompassing diverse
cutterhead rotation speeds is essential to enhance data composition and distribution for
better torque predictions.
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