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Abstract: Shield tunneling is the method most commonly used for underground projects. Segment typesetting, which involves
determining the optimal assembly point for each segment ring and sequentially assembling them into a complete tunnel, is a
critical step in shield tunneling. Currently, this typesetting process relies heavily on the operator’s experience at construction
sites, which does not guarantee quality. Furthermore, research focuses mainly on the commonly used 16-point segment typesetting,
largely ignoring other segment types. In addition, the reliability of these studies in site applications remains unsatisfactory. To
address these issues, we propose an intelligent method for segment typesetting using an artificial neural network (ANN) and
transfer learning. Due to insufficient historical data for ANN training, a dataset creation method was devised based on the
Monte Carlo method and manual annotation. An ANN model was then developed to typeset 16-point segments, with its
hyperparameters optimized through Bayesian optimization. Subsequently, the trained model was adapted to other segment types
via transfer learning, using 10-point segments as a case study. Based on the test set established in this study, our proposed
method showed superior performance compared with several commonly used machine learning methods and a representative
and well-validated segment typesetting method. It was also validated using real data collected from construction sites, achieving
an accuracy of 93.75% for 16-point segments and 91.43% for 10-point segments, both of which significantly surpass the results
from manual typesetting on-site. The proposed method achieves accurate, rapid, and intelligent segment typesetting, which is
adaptable to various segment types.

Key words: Shield tunneling; Segment typesetting; Assembly points; Artificial neural network (ANN); Bayesian optimization;
Transfer learning

1 Introduction circular ring with a certain amount of wedge shape
(Zhu et al., 2020). Only one type of universal seg-
ment ring is required to assemble the entire tunnel.
Segment typesetting involves determining the optimal
assembly point for each segment ring and sequentially
assembling them to form the complete tunnel, which
is crucial for tunnel quality (Zhou et al., 2018). As-
sembly segments with different assembly points can
offer various advance amounts in both horizontal and
vertical directions, thereby enabling the fitting of
curved sections of the design tunnel axis (DTA) and
adjusting the relative pose of the shield machine.

At construction sites, segment typesetting still
relies on the shield machine operator’s discretion,

Shield tunneling has emerged as the preferred ap-
proach for underground construction in soft soil, due
to its rapid, safe, and economical nature, and its mini-
mal impact on the surface (Su et al., 2020; Zhang
et al., 2022). During shield tunneling, the shield ma-
chine advances forward while simultaneously install-
ing precast concrete segments under the protection of
a tail shield (Ye et al., 2024). The most commonly
used segment is the universal segment, which is a
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which is based on personal experience. This approach
is not only time-intensive, detracting from construc-
tion efficiency, but also imposes a considerable work-
load on the operators (Zhang et al., 2024). Moreover,
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the high subjectivity and potential for personal error
render this method incapable of guaranteeing the qual-
ity of segment typesetting. If an unreasonable segment
typesetting plan is chosen, serious engineering acci-
dents, such as segment breakage, failure to fit the
DTA, and loss of control of the shield machine, may
occur. Therefore, accurate, rapid, and intelligent seg-
ment typesetting in shield tunneling is an urgent issue
that must be addressed.

In response to this requirement, scholars have
conducted research on the preliminary typesetting of
segments before tunneling. Some studies (Zhou et al.,
2018; Zhu et al., 2020; Luo et al., 2022; Liu et al.,
2024) have derived pose transfer algorithms for adja-
cent segment rings, which makes it possible to calcu-
late the pose of the current segment ring at different
assembly points. Subsequently, the deviations be-
tween the ring and the DTA can be computed, and the
assembly point with the least deviation can be selected.
This method for selecting assembly points aims to
minimize the axis fitting deviation. Preliminary type-
setting occurs before tunnel construction and is typi-
cally used to evaluate the segments’ ability to fit the
tunnel. However, field implementation of this method
remains challenging, as practical construction involves
segment manufacturing tolerances, assembly errors,
and segment flotation phenomena. These factors re-
sult in significant error propagation when using pose
transfer algorithms to calculate segment poses. As a
result, it becomes difficult to accurately determine the
axis fitting deviations between the segments and the
DTA. Moreover, in shield tunneling, segment typeset-
ting significantly affects construction condition factors,
such as thrust cylinder stroke differences and shield
tail gaps. If these parameters exceed acceptable thresh-
olds, they may lead to serious engineering incidents,
including segment breakage and loss of shield ma-
chine control. Therefore, these factors must be care-
fully considered during construction.

Other studies focus on segment typesetting in
shield tunneling with the goal of adjusting construc-
tion condition factors, which is essentially a multi-
objective optimization problem. Zhang et al. (2021)
analyzed the impact of selecting different 16-point
segment assembly points on shield tail gaps, thrust
cylinder stroke differences, and lining trends. They es-
tablished an objective function by weighted summa-
tion of these factors. However, the weights are set by
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operators in real time based on their experience,
which leads to a significant decrease in the automa-
tion and feasibility of the method. Although Xie et al.
(2023) provided a dynamic relationship between the
weights and construction condition factors, it lacked
theoretical justification. Furthermore, the axis fitting
deviation included in their objective function cannot
be accurately determined in practical engineering, re-
sulting in limited applicability on construction sites.
Liu et al. (2022) proposed a method with on-site vali-
dation. They divided the construction condition fac-
tors into 81 intervals and used a genetic algorithm to
determine weights for each interval. However, this ap-
proach piecewise linearizes the issue of continuous
variation in weights with construction condition fac-
tors, which could inevitably lead to errors. As a result,
the accuracy of typesetting still needs improvement.
Note that existing research focuses mainly on 16-point
segments, as they are the most commonly used. How-
ever, there is a gap in research on other segment types
with different numbers of assembly points, such as
10, 12, 14, 19, and 22. Therefore, methods for segment
typesetting applicable to various segment types need
to be studied, and the accuracy of typesetting must be
improved and validated through field applications.
The core of intelligent segment typesetting in
shield tunneling is determining the segment assembly
points. This is a multi-classification problem, tradi-
tionally relying on operator experience. Machine learn-
ing, renowned for its powerful mapping capabilities,
has been widely used to tackle complex issues that
are challenging for traditional approaches (Vinod et al.,
2024; Cui et al., 2025). In the realm of machine learn-
ing, common multi-classification methods include de-
cision tree (DT) (Guan et al., 2017), k-nearest neigh-
bors (KNN) (Hu et al., 2017), support vector machine
(SVM) (An et al., 2007; Zhou et al., 2017), and artifi-
cial neural network (ANN) (Liu et al., 2025). The
ANN stands out due to its robust non-linear modeling
capabilities, superior feature extraction abilities, and
strong adaptability, which has contributed to its wide-
spread applications across various fields (Liu et al.,
2021; Li et al., 2023). As an important part of ma-
chine learning, transfer learning is highly valued for
its ability to transfer knowledge from one problem do-
main to another, particularly when labeled data are
scarce (Na, 2024; Paldino et al., 2024). Its application
is especially useful when segment typesetting focuses
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on 16-point segments and neglects other segment
types.

In this article, we introduce a novel method for
intelligent segment typesetting in shield tunneling
based on ANN and transfer learning. To address the
issues of excessive reliance on human experience and
the unsatisfactory field application of existing meth-
ods, we developed an ANN-based intelligent typeset-
ting model for 16-point segments. Due to the lack of
historical data, we propose a method for generating
example datasets based on the Monte Carlo method
combined with manual annotation. Transfer learning
is then used to adapt the model to various segment
types. The proposed method can perform segment
typesetting accurately, quickly, and intelligently, and
is applicable to various segment types.

The contributions of this study can be summa-
rized as follows:

(1) The impacts of various constraints on seg-
ment typesetting are analyzed, including thrust cylin-
der stroke differences, shield tail gaps, and the previ-
ous segment assembly point. An intelligent 16-point
segment typesetting model is then developed using
ANN, with Bayesian optimization used to fine-tune
the hyperparameters.

(2) To address the scarcity of historical field data,
the Monte Carlo method simulates the pose of the seg-
ment and shield machine. Coordinate transformation
and spatial analytical geometry are used to calculate
the constraint parameters. These data are then manually
annotated to create example datasets.

(3) To address the gap in research on non-16-
point segment typesetting, transfer learning is used to
adapt the 16-point segment typesetting model to other
segment types, with the 10-point segment taken as a
case study. This approach fills the gap in research on
non-16-point segment typesetting.

(4) The performance of the developed models is
validated using both simulated test set data and real-
world data from construction sites. The proposed
models achieve satisfactory accuracy for both 16-
point and 10-point segments, demonstrating their su-
periority in guiding field construction.

The remainder of this article is structured as fol-
lows: Section 2 provides an overview of the basic in-
formation about segment typesetting. Section 3 de-
tails the generation of datasets for 16-point segment
typesetting, the development of the ANN model, and

the establishment of a 10-point segment typesetting
model using transfer learning. Section 4 demonstrates
the validation of this method through simulation data
and site application. Sections 5 and 6 present the dis-
cussion and conclusions, respectively.

2 Basic information of segment typesetting
2.1 Segment assembly points

Segment typesetting involves assembling each
segment ring at a predetermined assembly point to
form a complete tunnel. Fig. 1 shows an actual tunnel
after the typesetting process is completed. A universal
segment ring is generally composed of one capping
block (K-block), two adjacent blocks (B-blocks), and
several standard blocks (A-blocks). The rings are con-
nected to each other by longitudinal bolts.

K-block
,(segment ring 1)
B-block
(segment ring 1)

ongitudinal
bolt holes

- Kblock
/ ‘s‘e'bﬁe ring 2)

Fig. 1 An actual formed tunnel assembled by segments

Fig. 2 shows the structures of a 16-point and a
10-point universal segment ring, each composed of
three A-blocks, two B-blocks, and one K-block. From
the front view, the universal segment ring is a circular
ring, while from its side view, it is an isosceles trape-
zoid with a wedge shape. The longitudinal bolt holes
are evenly distributed on the side surface of the seg-
ment ring. The relative rotation angle between two ad-
jacent rings must be an integer multiple of the unit ro-
tation angle. For a 16-point segment ring, this angle is
22.5°, and for a 10-point segment ring, it is 36°. The K-
block is typically the last component to be assembled
within a segment ring, representing the most critical



phase of assembly. The assembly point of a segment
ring is the spatial installation position of the K-block.
As illustrated in Fig. 3, for the 16-point segment,
when the assembly point is 16, the K-block is located
at the top of the ring. At point 4, it is positioned direct-
ly to the right, corresponding to a clockwise rotation
of 90° (4x22.5°).

(a) (b)

Fig. 3 Assembly point diagram of a 16-point segment: (a)
assembly point 16; (b) assembly point 4

2.2 Segment typesetting process

As depicted in Fig. 4, a shield machine typically
consists of a front shield and a tail shield, connected by
articulation cylinders. The thrust cylinder is mounted
on the front shield. During operation, the cylinder ex-
tends and presses against the sidewall of the previous
segment ring. The reaction force from the segment
ring pushes the shield machine forward. At the end of
each working stroke, the shield machine stops boring
and retracts the thrust cylinder, and a new segment
ring with an optimal assembly point is assembled. This
cycle repeats until the tunnel is fully constructed.

The connection of the center points of the seg-
ment rings forms the formed tunnel axis (FTA). The
FTA needs to align as closely as possible with the
DTA. To guarantee the quality of the formed tunnel,
the method used in engineering is to measure the pose
of the shield machine in real time through the guid-
ance system and to ensure that the shield machine
advances along the DTA. The goal of assembling
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Fig. 4 Schematic diagram of the shield machine and
segment ring. U,, and U,, are the strokes of the upper and
lower thrust cylinders before the assembly of the current
segment ring, respectively; U ., and U,,,, are the strokes
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the shield tail gaps on the upper side before and after the
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segments is to follow the advance of the shield ma-
chine, adjusting the relative pose with the shield ma-
chine to ensure that the thrust cylinder stroke differ-
ences and the shield tail gaps are within an allowable
range (Liu et al., 2022).

2.3 Constraints for segment typesetting
2.3.1 Thrust cylinder stroke differences

The thrust cylinders are divided into four groups:
upper, lower, left, and right. The differences in stroke
lengths of thrust cylinders in the vertical direction
(upper minus lower) and the horizontal direction (left
minus right) serve as critical metrics for assessing the
operating conditions of the shield tunneling. A large
thrust cylinder stroke difference can result in exces-
sive radial forces acting on the segments, leading to
their breakage or loss of control of the shield machine.

Assembling segments at different assembly points
will influence the thrust cylinder stroke difference to
variable degrees. For instance, in Fig. 4, by selecting
an assembly point closer to the bottom, the vertical
thrust cylinder stroke difference is adjusted from U, , -
Ud,n to Uu.n+l - UanH-

2.3.2 Shield tail gaps

Segments are assembled into a ring within the
tail shield and are then progressively pushed out as
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the shield machine advances. The space between the
inner surface of the tail shield and the outer surface of
the segments is called the shield tail gap. If this gap is
too narrow, it may cause compression of the segments
by the tail shield, leading to segment breakage and
damaging the shield tail seal system (Shen et al.,
2022). Therefore, maintaining a sufficient uniform gap
at the shield tail is considered a better condition.

The shield tail gaps in the upper, lower, left, and
right directions are monitored. The selection of differ-
ent assembly points has a significant impact on the
gap size. For example, as shown in Fig. 4, selecting a
lower positioned assembly point increases the upper
gap from 7, ,to 7,

un+l*

2.3.3 Principle of staggered-joint assembly

To ensure the structural stability and load-bearing
capabilities of the tunnel lining, the stitches formed
between adjacent blocks within each segment ring
should be staggered from ring to ring. This concept is
known as the principle of staggered-joint assembly
(Lin et al., 2024), as illustrated in Fig. 5a. Conversely,
Fig. 5b represents the result of continuous-joint as-
sembly, a scenario that should be largely avoided in
engineering.

(a) (b)

Fig. 5 Schematic diagram of two assembly methods: (a)
staggered-joint assembly; (b) continuous-joint assembly

To achieve staggered-joint assembly, construction
experience dictates that for 16-point segments, the
possible assembly point i, , of the current segment and
the assembly point i, of the previous segment must
satisfy Eq. (1). Similarly, for 10-point segments, the
corresponding relationship is defined by Eq. (2).

i,+2+3t, i,+2+3t<16,
b= v2a3-16, i+2+3s16, D
) i,+1+2t, i,+1+2t<10,
b= s1e20-10. f+1+2s10, P

where ¢t € {1, 2, 3, 4, 5}, chosen at random.

For 16-point segments, considering the quality of
the tunnel, the topmost and bottommost assembly points
(16 and 8) are usually not permitted for selection.

3 Methodology

Segment typesetting in shield tunneling is a highly
complex issue that is dependent mainly on empirical
knowledge. This process involves considering the thrust
cylinder stroke differences in both the vertical (U,,)
and horizontal (U,,) directions, the shield tail gaps in
the upper (7,,), lower (7,,), left (7},), and right (7;,) di-
rections, and the assembly point (i,) of the previous
segment, in order to select the optimal assembly point
(i) of the current segment. We used ANN and trans-
fer learning to resolve this challenge.

Fig. 6 presents the proposed research flowchart.
Due to the insufficiency of on-site data, we created a
dataset using simulation and manual labeling methods.
This dataset was used for the training and evalua-
tion of the ANN model. Considering the widespread
use of the 16-point segment, we initially developed
an ANN model for 16-point segment typesetting. A
Bayesian optimization algorithm was implemented for
the tuning of hyperparameters. Building on this initial
model, transfer learning was then used to establish
typesetting models for other segment types, exempli-
fied by the 10-point segment. After the performance
of the models was evaluated through test sets, the
models were applied to actual construction sites.

3.1 Dataset

The poses of both the shield machine and the
previous segment ring can be determined through ex-
perience and construction specifications. Then, con-
straint parameters such as thrust cylinder stroke differ-
ences and shield tail gaps are calculated using spatial
analytical geometry and coordinate transformation
methods. Ultimately, the dataset is obtained through
manual labeling.

3.1.1 Generation of the shield machine and segment
ring poses

To facilitate the calculation of constraint parame-
ters, five coordinate systems were established on the
front shield, tail shield, and the previous segment ring.
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Fig. 6 Flowchart of the proposed method

The configuration of the coordinate systems is shown
in Fig. 7. The origin of the DTA coordinate system,
0,-X.Y.Z,,1s located on the DTA, with the x-axis co-
inciding with the DTA and the yoz plane perpendicu-
lar to the DTA. The front shield coordinate system,
Oy-X; Yy Z,, has its origin at the center of the cutter
head, with the x-axis aligned with the front shield axis

and pointing in the direction the shield machine ad-
vances. The y-axis and z-axis are positioned within
the cutter head plane. Similarly, the tail shield coordi-
nate system O.-X_.Y.Z. was established with its ori-
gin at the center of the front face of the tail shield.
The segment coordinate system 1 (O,-X,Y,Z;,) has
its origin at the center of the front face of the previous
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segment ring, with the y-axis and z-axis located on the
front face. By rotating coordinate system O,-X,Y,Z,
around the y-axis by an angle 6 so that the x-axis
aligns with the segment ring axis, the segment coordi-
nate system 2 (O-X; Y Z;) is derived.

According to construction specifications and en-
gineering experience, the poses of the front shield rel-
ative to the DTA (xg, Vg, Zg, @, Bg» ¥s), the tail shield
relative to the front shield (x¢, yc, zc, 0c, Be, 7c), and
the previous segment ring relative to the DTA (xp, Vp,
Zp, Op, Bo, Vo) are established. Taking a 6 m-class pas-
sive articulated shield machine as an example, the
range of values for each pose parameter is shown
in Table 1. The Monte Carlo method was used to ran-
domly select each pose parameter within its value
range, thereby obtaining sets of poses for both the
shield machine and the previous segment ring.

3.1.2 Calculation of thrust cylinder stroke differences

There are four groups of thrust cylinders mounted
at designated points M, (k=1, 2, 3, 4) on the front

shield (Fig. 7). The positions where the cylinders ex-
tend to push against the segment ring are denoted as
S, (k=1, 2, 3, 4). The distance between these two
points can be used to calculate the stroke of the cylin-
ders. Based on spatial analytical geometry and coordi-
nate transformation methods (Szczotka and Wojciech,
2008), the thrust cylinder stroke differences in the ver-
tical and horizontal directions are derived. A detailed
description is provided in Section S1 of the electronic
supplementary materials (ESM).

3.1.3 Calculation of shield tail gaps

The main method for measuring the tail shield
gaps involves placing laser displacement sensors at
the tail shield to measure the distance between the in-
ner wall of the tail shield and the outer wall of the seg-
ment. Four displacement sensors are positioned at H,
(=1, 2, 3, 4), with the corresponding measurement
points denoted as D, (k=1, 2, 3, 4) (Fig. 7). The dis-
tances between H, and D, represent the tail shield
gaps. The procedure for calculating the lower tail

H,
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Cutter head Thrust cylinder
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segment ring

Fig. 7 Schematic diagram of the coordinate system configuration. « is the normal vector of the front face of the previous
segment ring; w is the direction vector of the segment ring’s axis; v is the direction vector of the thrust cylinder; r is the
direction vector of the laser emitted by the displacement sensor below

Table 1 Value ranges of the relative poses of the shield machine, segment ring, and DTA

Parameter Value range Parameter Value range Parameter Value range

X (mm) 0 X (mm) [4680, 4880] Xp (mm) [6700, 6900]

yp (mm) [-50, 50] V¢ (mm) [-200, 200] ¥Vp (mm) [-100, 100]

zy (mm) [-50, 50] z. (mm) [-200, 200] zp (mm) [-100, 100]

ag (°) [-3,3] o¢ (°) [-3,3] ap i,%x360°/16,i,e [1, 71U [9, 15]
By ) [-3.3] Be ) [-3,3] Bo () [-3, 3]

) [3.3] 7 () [-3,3] 7o () [3.3]




shield gap using spatial analytical geometry is provided
in detail in Section S2 of the ESM. The methods for
calculating the tail shield gaps on the upper, left, and
right sides are similar. Accordingly, the four tail shield
gaps, T, Ty,» T\,, and T,,, are computed.

u,nd Lnd

3.1.4 Labeling and data augmentation

The assembly point of the previous segment i,
was determined during the segment ring pose genera-
tion, and the unlabeled sample data (U,,, U,,, T,,,
T,, T, T., i,) were obtained. Subsequently, several
shield machine operators selected the optimal assem-
bly point of the current segment ring, resulting in the
data being labeled.

Due to the excessive time and effort required for
precise data labeling, a data augmentation method is
proposed. Detailed information can be found in Sec-
tion S3 of the ESM. Ultimately, a total of 11560 sets

of example data were collected.

3.2 Establishment of a 16-point segment typesetting
model

3.2.1 ANN model

The typical structure of an ANN consists of an
input layer, hidden layers, and an output layer, which
are interconnected through weights and biases. When
input data are propagated forward through the net-
work to the output layer, if the difference between the
output result and the label exceeds a predefined thresh-
old, the weights and biases are updated through back-
ward propagation, and then the output result is pre-
dicted again. This process is repeated until the ANN
can learn the complex mapping relationships between
the input and output data. Fig. 8 shows the ANN
structure of this application. Inputs (U, ,, U, ,, T,

u,n>

Ty, T\, T.,, 1, are fed into the network, and after for-
ward propagation through multiple hidden layers and
the output layer, the optimal current assembly point
i, is obtained. The assembly point is represented us-
ing one-hot encoding. Therefore, the input layer con-
sists of 22 neurons in total, while the output layer

comprises 16 neurons.
3.2.2 Hyperparameter tuning

An excellent ANN model for segment typeset-
ting requires the appropriate selection of hyperparam-
eters. These include the number of network layers and

J Zhejiang Univ-Sci A 2026 27(3):200-214 | 207

|Input|ayer| IHidden Iayersl |Output Iayerl

E>[2.(16) |

Fig. 8 Structure of the ANN model for a 16-point segment
typesetting

neurons, which determine the architecture of the ANN,
activation functions, which decide the type of non-
linear transmission function, optimizers, which set the
strategy for backpropagation, loss functions, which
define the metric for observing the difference between
predicted values and label values, and the learning
rate, which dictates the degree of change applied to
the weights and biases with each update. The choice of
these hyperparameters greatly influences the model’s
predictive performance, and setting reasonable param-
eters is a complex task.

Common methods for hyperparameter tuning in-
clude random search, grid search, and Bayesian opti-
mization. Random search (Tarek et al., 2023) involves
random sampling within the hyperparameter space
and calculating the value of the objective function. It
can search for continuous values and is unlikely to get
stuck in local optima, but the downside is that the re-
sults can be quite variable and the model’s accuracy
may be compromised. Grid search (Lopez et al., 2020)
systematically goes through all possible combinations
of hyperparameters to find the one that yields the best
model performance. It can lead to an explosion in
computational cost when dealing with numerous pa-
rameters, and is limited to discrete hyperparameter val-
ues. Bayesian optimization (Victoria and Maragatham,
2021; Li et al., 2022) not only supports the searching
of continuous hyperparameter values but also uses prior
knowledge during the search, offering higher search
efficiency and accuracy, and is becoming the preferred
method for hyperparameter optimization.

Bayesian optimization comprises two essential
components: the surrogate model and the acquisition
function. The surrogate model estimates the probability
distribution of the target function corresponding to
the hyperparameters and is constantly updated as



208 | JZhejiang Univ-SciA 2026 27(3):200-214

more sample points are added. The Gaussian process
(Yousefpour et al., 2024), which estimates the normal
distribution of unknown sampling points within any
range of values, is a commonly used surrogate model.
The acquisition function in Bayesian optimization bal-
ances exploration and exploitation, thereby avoiding
local optima. Based on the posterior probability distri-
bution, it identifies the next promising sampling point.
The commonly used acquisition function is expected
improvement (Yan et al., 2022). This process is reiter-
ated until either the algorithm converges or the prede-
termined number of iterations is reached. Bayesian
optimization effectively explores the hyperparameter
space, considerably enhancing the performance of the
model. The hyperparameters of the ANN, tuned using
Bayesian optimization, and the search space in this
model are shown in Table 2.

Table 2 Search space of ANN hyperparameters

Hyperparameter
Number of hidden layers

Description
1-10
15-40 (step=5)

Number of neurons of
hidden layers

Activation function in the
hidden layers

ReLU, Softmax, tanh

Activation function in the
output layer

ReLU, Softmax, tanh

SGD, Adam
MSE, categorical cross entropy
0.005, 0.001, 0.0005, 0.0001

Optimizer
Loss function
Learning rate

ReLU: rectified linear unit; SGD: stochastic gradient descent; MSE:
mean squared error

3.3 Transfer learning

Transfer learning recognizes and shares charac-
teristics between the source and target domains. By
fine-tuning the source domain model, it can be suc-
cessfully applied in a new domain, especially where
data are scarce or training is costly (Chen et al., 2020).
We adopted the transfer learning approach, applying
the model for intelligent typesetting of 16-point seg-
ments to other types of segments. The 10-point seg-
ment serves as an example in our discussion.

The assembly points of the 10-point segment are
represented by 10 neurons; therefore, the input layer
consists of 16 neurons, and the output layer consists of
10 neurons. The 16-point segment typesetting model
serves as the pre-trained model. Both the input and
output layers are replaced to create a new model for

10-point segment typesetting (Fig. 9). The black solid
lines signify frozen weights, while the brown dashed
lines indicate trainable weights. A minimal amount
of example data is used for training the new model,
thereby implementing intelligent typesetting for the
10-point segments.

|Inputlayer| |Hidden Iayersl |Output|ayer|

[0 ]

NN

, ®
e
, @

Fig. 9 Schematic diagram for constructing the 10-point
segment typesetting model. References to color refer to
the online version of this figure

4 Experimental results and analysis

4.1 Training and evaluation of the 16-point segment
typesetting model

The 11560 sets of 16-point segment typesetting
example data were divided into training, validation,
and test sets in a ratio of 7:2:1. The proposed ANN
model was developed using Python 3 and the Tensor-
Flow deep learning framework, and the Bayesian opti-
mization algorithm was implemented using the Keras
Tuner library. The program ran on a computer with a
6136 CPU, 3.0 GHz frequency, and a 32 GB memory
environment.

We used Bayesian optimization to search for the
optimal ANN hyperparameters from Table 2, with the
goal of minimizing the loss on the validation set. The
preset number of iterations for each model training
was 2000, with a batch size of 64 per epoch. The
model with the smallest validation loss was retained
throughout the iteration process. The Bayesian optimi-
zation algorithm was executed for a total of 50 itera-
tions, and Fig. 10 shows the process of finding the op-
timal hyperparameters.

The procedure achieved a minimal loss value
at the 24th iteration, after which it entered a state
of convergence. After training, the Bayesian optimiza-
tion algorithm returned the optimal hyperparameter
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combination: a 5-layer neural network architecture
with dimensions of 22, 30, 35, 15, and 16, a ReL.U ac-
tivation function for the hidden layers, a Softmax acti-
vation function for the output layer, an Adam optimizer
for error backpropagation, and categorical cross entro-
py for the loss function. The learning rate was dynam-
ically adapted during optimization using Adam’s adap-
tive mechanism.

The trained ANN model was used to predict the
data of the test set, with the ensuing predicted assem-
bly points being compared to the labels. Based on the
comparison results, each set of test examples can be
classified into one of four categories: a true positive
(TP), when both the prediction and the label are of the
same category; a false positive (FP), when the predic-
tion is of a specified category but the label is not; a
false negative (FN), when the prediction is not of the
specified category but the label is; and a true negative
(TN), when neither the prediction nor the label is of
the category. The accuracy (4..), precision (P), recall
(R), and F1-score (F,) were used as evaluation indica-
tors to compare the performance of the classification
model. The definitions of each indicator are shown in

Egs. (3)—(6).
N(TP)+ N(TN)

A= N(TP)+ N(TN)+ N(FP)+ N(FN)* (3)
____N(P) A
~ N(TP)+N(FP) “)
__ Nap

R= NP+ NN )
2xPxR
= TPiR ©)

where N is the number of test examples in the corre-
sponding category.
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In evaluating the performance of the ANN model,
three widely recognized machine learning methods
were used for comparison: KNN, SVM, and DT.
Each of these methods represents their respective opti-
mal outcomes following hyperparameter tuning. In
addition, the method proposed by Liu et al. (2022),
which divides construction condition factors into 81
intervals and optimizes the weights within each inter-
val, was included in the comparison. This method op-
erates without manual intervention and has been vali-
dated in practical construction projects.

Table 3 provides a comparative assessment of
the five models using the unified test set established
in this study. The ANN model outperforms the other
models in the task of 16-point segment typesetting in
terms of all four evaluation indicators.

Table 3 Comparison of five models for 16-point segment
typesetting based on the test set

Model A, P R F,

ANN 0.9472 0.9480 0.9470 0.9473
KNN 0.8746 0.8811 0.8726 0.8740
SVM 0.9317 0.9362 0.9307 0.9319
DT 0.8106 0.8112 0.8098 0.8101

Liu et al. (2022)’s method 0.8919 0.8966 0.8904 0.8917

Fig. 11 presents the confusion matrix of the ANN
model’s predictions based on the test set, showing a
well-balanced data distribution and high predictive ac-
curacy across all categories. No samples were classi-
fied as points 8 or 16, indicating that the model has
effectively learned to identify non-selectable points.
Furthermore, the ANN model has demonstrated sig-
nificant learning capacity in discerning the principles
of staggered-joint assembly. These findings clearly
show the powerful processing capabilities of the ANN
model for 16-point segment typesetting. Note that since
points 8 and 16 are non-selectable, the model effec-
tively performs 14-class classification. However, to dis-
tinguish this from the 14-point segments, we main-
tained the 16-class classification framework for 16-
point segment typesetting.

4.2 Transfer learning results

Using the method used for obtaining the 16-point
segment typesetting dataset, 2000 examples were col-
lected for the 10-point segments. Given the limited
amount of data, the dataset was split into training,
validation, and test sets in a 6:2:2 ratio to ensure
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Fig. 11 Confusion matrix of the ANN model for 16-point
segment typesetting based on the test set

sufficient test data for statistically valid performance
evaluation.

According to the transfer learning method pre-
sented earlier, a model was developed with a network
architecture with dimensions of 16, 30, 35, 15, and
10. To demonstrate the advantages of transfer learn-
ing in addressing issues with limited data, we directly
trained models using ANN, KNN, SVM, and DT, in
addition to the model established via transfer learn-
ing. Each model was optimized for the best perfor-
mance. Table 4 compares the performance indicators
of the five models on the same test set used in this
study. The model obtained using the transfer learning
approach significantly outperformed the other models
in terms of all four metrics. This result indicates that
the transfer learning method can effectively address
problems similar to those of the source model in sce-
narios with limited data.

Table 4 Comparison of five models for 10-point segment
typesetting on the test set

Model A, P R F,
Transfer learning  0.8975  0.9007  0.8981  0.8988
ANN 0.8350 0.8389 0.8342 0.8348
KNN 0.7275  0.7480  0.7301  0.7321
SVM 0.8375 0.8446 0.8402 0.8392
DT 0.7650  0.7678  0.7649  0.7632

Fig. 12 shows the confusion matrix of the model’s
classification results based on the test set, demonstrat-
ing good classification ability at each assembly point.
Using transfer learning methods has significantly re-
duced the required amount of data. The classification
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Fig. 12 Confusion matrix of the ANN model for 10-point
segment typesetting based on the test set

results of the model indicate that effective knowledge
transfer from 16-point segment typesetting to 10-point
segment typesetting has been successfully achieved.

4.3 Site application

We further validated the performance of the pro-
posed method using real construction site data. Zheng-
zhou Metro Line 8 in China uses 16-point segments,
while Chongqing Metro Line 24 in China uses 10-
point segments. We collected historical construction
data for 32 sets of 16-point segments from rings 1-21
on the right line and rings 80—90 on the left line. Fur-
thermore, we obtained historical data for 35 sets of
10-point segments corresponding to rings 454—487 on
the right line.

Under rushed on-site conditions, the manual seg-
ment typesetting process often leads to incomplete
consideration, making it difficult to guarantee that the
selected assembly point is optimal. For each set of
field data, three experienced shield machine operators
were tasked with conducting detailed calculations and
discussions to identify viable assembly points given
sufficient time. When optimization priorities for con-
struction condition factors are comparable, the selec-
tion of assembly points may not be unique. Conse-
quently, two alternative assembly points may exist un-
der certain site conditions.

The two intelligent segment typesetting models
developed in this study were applied to the correspond-
ing sites. Figs. 13 and 14 compare the operators’ veri-
fication results with both the historical manual type-
setting and the ANN-generated results for 16-point and
10-point segments, respectively. Typesetting accuracy
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Fig. 14 Comparison of 10-point segment typesetting results

is defined by the overlap with the verification results.
For the 16-point segments, only 78.13% of the histori-
cal typesetting matched the verification results, while
for the 10-point segments, the value was just 57.14%.
The discrepancy can be attributed to the rushed con-
siderations of operators due to time constraints during
construction and to the operators’ habit of selecting
assembly points alternately to the left and right when
site conditions are relatively good. Representative data
can be observed at the 16-point segment from rings
80—84 and at the 10-point segment from rings 475—
480, where operators created sections of straight tun-
nels following this pattern. Although this method is
convenient and simple, it does not favor the optimiza-
tion of construction condition factors. In contrast, the
two ANN models developed in this study showed su-
perior accuracy, achieving 93.75% at the 16-point seg-
ment site (30/32) and 91.43% at the 10-point segment
site (32/35). These models outperformed the accuracy
of historical manual typesetting results by 15.62 and
34.29 percentage points, respectively.

The performance of the 16-point segment type-
setting model is remarkable, and the results of the
10-point model, developed through transfer learning
with limited data, are promising. These outcomes dem-
onstrate the successful applicability of the proposed
method across different segment types. Combined with
an average selection time of just 30 ms per assembly
point, the results indicate that the proposed method is
highly accurate, efficient, and intelligent in segment
typesetting. It is suitable for various segment types
and provides real-time guidance for on-site segment
typesetting.

5 Discussion

Segment typesetting currently relies heavily on
manual on-site experience, and research focuses mainly
on 16-point segments, with the accuracy of typesetting
still requiring improvement. To address these issues, a
highly accurate, rapid, and intelligent method for
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shield segment typesetting was developed by combin-
ing ANN and transfer learning. First, we analyzed the
constraints influencing segment typesetting, namely,
the thrust cylinder stroke differences, shield tail gaps,
and the previous segment assembly point. Then, we
simulated the poses of the shield machine and previ-
ous segment ring using the Monte Carlo method. Spa-
tial analytical geometry was used to calculate these
constraint parameters, and a manual labeling approach
was used to create the example datasets. Next, an in-
telligent 16-point segment typesetting model was de-
veloped using ANN, with the model’s hyperparame-
ters optimized through Bayesian optimization. Subse-
quently, transfer learning was used to develop models
for typesetting other segment types, with the 10-point
segment used as a case study.

Compared with several commonly used machine
learning methods, such as KNN, SVM, and DT, as
well as a representative, well-validated segment type-
setting method (Liu et al., 2022), the ANN model
achieved the best performance for 16-point segment
typesetting based on the test set developed in this
study, with accuracy, precision, recall, and F1-score
of 0.9472, 0.9480, 0.9470, and 0.9473, respectively.
Similarly, the 10-point segment typesetting model ob-
tained through transfer learning significantly outper-
formed the ANN, KNN, SVM, and DT models trained
on limited data, achieving accuracy, precision, recall,
and Fl-score of 0.8975, 0.9007, 0.8981, and 0.8988,
respectively. In field applications, the 16-point and
10-point models achieved accuracies of 93.75% and
91.43% based on historical real data, surpassing man-
ual typesetting by 15.62 and 34.29 percentage points,
respectively. These results showed that the proposed
method not only achieved higher accuracy and had the
potential to replace manual typesetting in the field,
but also filled the gap in research on non-16-point seg-
ment typesetting, making it applicable to various seg-
ment types.

Although our method has made satisfactory prog-
ress in intelligent segment typesetting, there are still
some limitations. First, due to the considerable work-
load involved in labeling sample data and the difficulty
in identifying suitable field sites, we have validated
the generalizability of the proposed method only on
16-point and 10-point segment sites. Further validation
is needed to confirm its broader applicability. In addi-
tion, the method has not yet been tested in complex

and specialized engineering scenarios, and its suitabil-
ity for such conditions requires further verification.

6 Conclusions

This paper presents a highly accurate, rapid, and
intelligent method for segment typesetting based on
ANN and transfer learning. The proposed method out-
performed the widely used machine learning methods
(KNN, SVM, and DT) and a representative, well-
validated segment typesetting method in accuracy on
the same test set. In field applications with real data,
the proposed method achieved 93.75% accuracy for
16-point segments and 91.43% accuracy for 10-point
segments. The proposed method has shown superior
results in segment typesetting and is suitable for vari-
ous segment types, with the potential to replace manual
operations in this task.

In the future, we will focus on improving and
validating the generalizability of the proposed meth-
od. This includes exploring additional constraints in-
troduced by complex, specialized engineering scenari-
os and enhancing the rationality of segment typeset-
ting in such projects. The method will also undergo
extensive validation in field applications with various
segment types.
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