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Abstract

The layout of underground engineering objects significantly influences the stability of the surrounding rock mass and construction
safety. Despite advancements toward intellectualization and informatization in design optimization and safety assessments, mechanical
analysis-based engineering computations still face certain impediments. Consequently, this paper proposes a comprehensive framework
integrating tunnel information modelling (TIM), finite element method (FEM) and machine learning (ML) technology to optimize the
tunnel longitudinal orientation. It also delves into the specifics of addressing the challenges associated with each technology. The frame-
work encompasses three phases: parametric modelling based on TIM, automatic numerical simulation based on FEM, and intelligent
optimization leveraging ML. Initially, geometric models of the geological formations and engineering structures are constructed on
the TIM platform. Subsequently, data conversion is facilitated through the proposed transformation interface. Python codes are pro-
grammed to realize automatic processing of numerical simulation and results are extracted to the ML algorithm for the prediction model.
An optimization algorithm is implanted in the numerical stream file to retrieve the optimal relative intersection angle between the tunnel
axis and the trend of rocks. A case study is conducted to evaluate the feasibility of the proposed framework. Results demonstrate a sub-
stantial improvement in design and optimization accuracy and efficiency. This framework holds immense potential to propel the intel-
lectualization and informatization of underground engineering.

Keywords: Underground engineering; Tunnel information modeling; Machine learning; Design optimization; Layered rock mass

1 Introduction inconvenient to contrast and update. Conventional docu-

ments are preserved by papers or electronic documents,

With the rapid development of information technology
and the strategic needs of urban development, the architec-
ture, engineering and construction (AEC) industry has
been marching towards intellectualization and informatiza-
tion. Traditional engineering design is mainly based on 2D
computer-aided design (CAD) drawings, which are

* Corresponding author.
E-mail address: wzchen@whrsm.ac.cn (W. Chen).
Peer review under the responsibility of Tongji University

https://doi.org/10.1016/j.undsp.2025.03.001

independently, which are difficult to share and edit corpo-
rately by professionals from different domains, leading to
information loss and “data fault” (Eastman et al., 2008,
2011).

On the contrary, building information modelling (BIM)
provides a technology to integrate construction informa-
tion with 3D visualization and provides a platform for
experts to cooperate (Tawelian & Mickovski, 2016). At
present, BIM is mature in the building industry but in
the infant era in underground engineering because of the
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complicated lithology distribution features, spatial con-
struction schedule, and the non-standard geometry of engi-
neering object (Cheng et al., 2016). Due to the rapid
urbanization and the growing population, underground
space exploitation and utilization are heavily stimulated.
Efforts have been done for the geometric modelling of the
underground structures. As common underground engi-
neering, tunnels are the practical products with the devel-
opment of urban underground space (Huang et al.,
2021). And as a specific application of BIM, tunnel infor-
mation modelling (TIM) has been raised for tunnel pro-
jects. The study on the parametric tunnel model that
takes into account the geological conditions of its burial
remains insufficient (Fabozzi et al., 2021; Sharafat et al.,
2021). Due to the complex existence feature of rock mass,
more attention needs to be paid on the longitudinal design
of the engineering objects. Furthermore, layered rock mass
is the most widely distributed rock. The spatial relations of
the layered rocks and the tunnel are worth studying. Con-
ventional method is engineering analogy which compares
and selects design scheme from existing projects (Zhu
et al., 2014). It is no doubt cumbersome and unrepresenta-
tive, leading to delays in construction or potential risk.
With the development of computer science, the numerical
analysis methods including finite element method (FEM),
discrete element method (DEM), finite-discrete element
method (FDEM), and cut finite-element method (Cut-
FEM) (Bui et al., 2022) hold promising tools for mechani-
cal analysis, deformation prediction, and design selection
(Liet al., 2022). But the design optimization and numerical
analysis are commonly considered to be two separate
phases in engineering analysis (Cao et al., 2022), and efforts
are challengeable for the integration in one platform.
Moreover, researchers are struggled for the combination
of BIM, computational models, and surrogate modelling
techniques to implement complicated engineering problems
(Nini¢ et al., 2024; Bui et al., 2023). Based on the CutFEM
method, Bui et al. (2022) proposed a comprehensive strat-
egy for interactive design of tunnel alignment. Neverthe-
less, automatic design alternatives and optimal deign
scheme with respect to specific geological conditions and
construction features are missing the link to the design
and stability assessment.

Considering the advantages of BIM and FEM, integra-
tion of them provides a robust technology for accurate
analysis. Therefore, it is urgent to build a robust link
between the parametric modelling and numerical simula-
tion. Previous studies have proposed many methods and
strategies (Huang et al., 2022; Zhu et al., 2022, 2024).
Tang et al. (2020) proposed a conversion interface to inte-
grate the 3D design with the structurally numerical analysis
in asphalt pavement. Jeong et al. (2017) developed a bridge
management system (BMS) integrating BIM, numerical
analysis with the structural health monitoring systems.
Even so, the transformation between TIM and FEM mod-
els in tunnel engineering still remains obstacle because of
the multidisciplinary of the system with the manifold and

intrinsic fragmented information, and dynamic construc-
tion process considering the segmental excavation (Nini¢
et al., 2021). To this end, the robust transformation work-
flow will be introduced in detail between the information
and numerical models, which has also been validated by
our previous study (Li et al., 2022).

At present, numerical analysis by FEM applications
requires modelling, set generation, property and boundary
condition assignment, construction implementation, mesh
generation, and job submission, which needs reductant
and cumbersome manual interventions. Therefore, an
automatic simulation and analysis procedure is of evident
need to be developed. Efforts have been done on the
semi-automatic numerical simulation (Fabozzi et al.,
2021). These studies are merely automatic on parametric
modelling and model transformation; however, the follow-
ing procedure is actually similar to the traditional method
by manual definition and simulation. The fully automatic
simulation process from the modelling to the result extrac-
tion has been rarely proposed (Xie et al., 2022b).

Additionally, for engineering projects with complex geo-
metric features, the simulation and calculation efficiency
are quite low. A simulation-based assistant tool, namely,
the surrogate model, which predicts the stability of the sur-
rounding rock mass and the rock-structure interactions in a
real-time manner, is necessary to develop. Compared with
the time-consuming numerical simulations, surrogate
model based on the ML algorithms outperforms in accu-
racy and efficiency. Result from the artificial intelligence
(AI) technology, the complex relationships of big data
can be mined by ML algorithms quickly and accurately.
The ML is widely used in various fields, including disaster
prediction, posture learning, and back analysis (Li et al.,
2023a; Guo et al., 2023; Liu et al., 2024a, 2024b). There
are several ML algorithms that have excellent performance
on the prediction of the future behaviors of tunnel struc-
tures, back analysis of geomechanical parameters, and atti-
tude adjustment of TBM, etc. (Zhang et al., 2020; Bai et al.,
2021; Kang et al., 2022). For these algorithms, the quantity
of the dataset is key for the prediction behavior. A suffi-
cient amount of data can prevent the model from overfit-
ting or underfitting, and it is beneficial for the model to
learn adequately. When the dataset contains limited infor-
mation, the deep learning algorithms may result in overfit-
ting. However, the support vector machine (SVM), even
though proposed a few years ago, is proven to have an out-
standing learning capability based on small datasets
(Drucker et al., 1997). The mechanical results obtained
by FEM construct the database, from which the hidden
relationships between the design parameters and the stabil-
ity features can be withdrawn, and then, the trained model
is regarded as the surrogate model for stability prediction
of different design schemes. In addition, the nonlinear map-
ping relationships between the design schemes and stability
evaluation indices are generally implicit with high-
dimensional variables. Therefore, the relational graph is
hard to draw and the maximum or minimum value is
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difficult to acquire. Numerous intelligent meta-heuristic
optimization algorithms have been inspired by natural
behavior and then developed for optimization problems
in underground engineering, including genetic algorithm
(GA) (Saiprasad et al., 2019), simulated annealing (SA)
(Kirkpatrick et al., 1983), and particle swarm optimization
(PSO) (Kennedy & Eberhart, 1995; Kashani et al., 2021).
These algorithms have been proven available in model
selection and parameter optimization (Al-Thanoon et al.,
2019; Zhang et al., 2021). The optimized particle swarm
optimization (OPSO) algorithm has been also validated
to search for the optimal with higher precision and faster
speed (Kennedy & Eberhart, 1995; Li et al., 2023a). There-
fore, how to implant the intelligent optimization algorithm
into the parametric modelling and automatic numerical
analysis is the key imperative to solve.

To address the challenges, an integration framework
combining the TIM and FEM technology with the ML
algorithm is proposed for the attempt of comprehensive
and automation-intellectualization analysis from the aspect
of mechanical response. In this work, the geomechanical
characteristics of the layered rock mass and the factors that
affect the stability are first discussed (Section 2). Then, the
framework of the integration technology is introduced
(Section 3.1). Details are stated for the parametric mod-
elling method (Section 3.2), automatic numerical simula-
tion method (Section 3.3), intelligent optimization
procedure (Section 3.4), and the integration strategy.
Finally, the comprehensive framework is applied to the
longitudinal optimization of the tunnel passing through
an interlayered soft-hard rock mass (Section 4). The pro-
posed comprehensive technology has the potential to stim-
ulate the development of TIM technology and ML
methods in tunnel engineering.

2 Problem description

Many researchers have revealed that the existence of soft
rock and bedding planes may lead to transverse isotropy of
the layered rock mass. For the tunnel excavated in the lay-
ered rock mass, the overall layout (specifically the tunnel
axis) has a significant influence on the deformation and fail-
ure characteristics of the surrounding rock mass (Li et al.,
2020). As shown in Fig. 1, the key parameters of the bed-
ding planes include the dip angle (f), the intersection angle
between the tunnel axis and the strata strike (o), and the
thickness of the layered rocks (#). Considering the influence
of the thickness and the dip angle of layered rocks, the
deformation modulus (Ej) (Li et al., 2018), tensile strength
(a¢) (Claesson & Bohloli, 2002), and compressive strength
(ac) (Jaeger et al., 2007) of the layered rock mass bearing
compression stress can be expressed as
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Fig. 1. Features for tunnel in the layered rock mass.

where ¢; and o3 are the maximum and minimum principal
stresses, respectively; £ and v are the elastic modulus and
Poisson’s ratio of rock, respectively; a and / are the mean
radius and normal density of the bedding planes, respec-
tively; 4 is the residual shear stress ratio, which can be
expressed as h = [t — (¢; — 0,¢,)] /7, T is the shear stress
at the bedding planes.

2P [(E\F) cosap [VEE (1 20\
= oL |\F 4 2 \@ F ’
(2)
2(c; + o3 tan ¢,
P Lt 3
(1 —tan @, cot f) sin2f

where P is the load; E|, vy, E’, and v’ are the elastic mod-
ulus and Poisson’s ratio of the rock mass parallel and ver-
tical to the bedding planes, respectively; G, ¢;, and ¢; are
the shear modulus, the cohesion, and internal friction of
the bedding planes, respectively; D and L are the diameter
and thickness of the Brazilian disk, respectively.

For the layered rock mass, the normlized deformation
modulus shows a “U” shaped distribution with the dip
angle, which is also consistent with the relationship
between the strength of the layered rock mass and the
dip angle of the bedding planes. That is, when the intersec-
tion angle between the load and bedding planes is near 0°
and 45°, the strength and deformation modulus of the rock
mass reach the maximum and minimum, respectively. In
Fig. 2, ks represents the shear stiffness of the bedding
planes, showing that the relationship between the normal-
ized deformation modulus and the dip angle converts from
“U” shape to monotony growth as the shear stiffness of the
bedding planes increases (Park & Min, 2015).
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Fig. 2. Normalized deformation modulus of layered rock mass with
different dip angles.

Besides, the anisotropy of rock mass is also controlled
by the thickness of the soft or hard rocks (Fossum,
1985). Considering the deformation of the bedding planes
and bedrock, the equivalent deformation modulus of rock
mass can be interpreted in Fig. 3. Shear stiffness (k) and
normal stiffness (k,) are used to describe the tangential
and normal deformation of the bedding planes. The equiv-
alent deformation parameters of the layered rock mass
with various layer thickness can be caculated by Eq. (4).
Then, the evalution curve of the deformation parameters
for rock mass with various thicknesses is shown in Fig. 4.
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where K;, and G;, are effective bulk and shear moduli,
respectively. The other parameters are the same as
aforementioned.

According to the geological survey (Xie et al., 2022a),
the dip angle and thickness of rocks will also affect the fail-
ure characteristics of tunnels and the tunneling rate signif-
icantly (Bruland, 1998; Xu et al., 2017). The asymmetric
failure of the surrounding rock mass occurs from the side-
wall to the vault and the arch bottom as the dip angle of
the bedding planes and the intersection angle between that
and the tunnel axis increase.

From the studies mentioned above, the deformation and
failure characteristics of the layered rock mass are closely
related to the property parameters of the bedding planes
and the property difference of the soft and hard rocks.
As the tunnel excavation in the layered rock mass, the lay-
out of the tunnel will affect the latent parameters of the
bedding planes (such as dip angle, layered thickness, etc.)
around the tunnel, and then, influence the deformation
and failure features of the surrounding rock mass. There-
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Fig. 3. Schematic diagram of equivalent parameters of rock mass with
different layer thicknesses. (a) Equivalent shear modulus, and (b)
equivalent elastic modulus.
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Fig. 4. Deformation parameters variation of rock mass with different
thicknesses.

fore, the optimization of the tunnel axis is the key to con-
trol the stability of the layered rock mass.

3 Framework for design optimization uniting TIM-FEM-
ML

In this section, a framework based on the integration of
TIM, FEM and ML technologies is introduced. Following
the research roadmap of modelling, analysis, and optimiza-
tion, the framework consists of three phases, and they are
detailed in the following.
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Fig. 5. Overall flow chart for the comprehensive framework of TIM-FEM-ML integrated technology.

3.1 Description of the proposed framework

In consideration of the repetitive model generation and
updating, limited in situ monitoring data, and complex
relationship between input and output variables, a compre-
hensive framework of TIM-FEM-ML integrated technol-
ogy is raised. The complete flow chart is displayed in
Fig. 5, including the parametric modelling phase based
on TIM, the automatic numerical simulation phase based
on FEM, and the intelligent optimization phase based on
ML.

Parametric modelling phase: the geometric models of
geological conditions and engineering structures are estab-
lished to be the fundamental of the following analysis. For
the tunnel engineering constructed in the interlayered soft
and hard rock mass, the latent parameters of the thickness
and attitude of layered rocks, the shapes of the tunnel
cross-section, and the supporting system are first selected
and then parameterized. Logic correlations are also raised
for cooperative update. Automatic numerical simulation
phase: repetitive model generation and updating may lead
to redundant manual interventions and result in low calcu-
lation efficiency and accuracy. Based on the initial geomet-

ric models, a procedure of automatic model pretreatment,
numerical drive and results processing is available by
proposing several Python-based codes. Among these, the
most important step is to assign properties to the corre-
sponding objects and build the associations among geome-
tries according to the constitutive parameters and
construction schedule. Intelligent optimization phase:
based on the data obtained from in situ monitoring or
numerical simulation, a dataset including the influence fac-
tors and the variables to be optimized is built. Data prepro-
cessing, model training and validation, and parameter
optimization are considered in this phase. In this study,
the key aim is to search for the globally optimal longitudi-
nal design for tunnels under different geological conditions.

3.2 Geometric modelling for geological models and
engineering objects

3.2.1 TIM and parametric design

TIM is a platform for data storage and model collection.
It has the potential to link various components according
to the regularity of the platform. While it needs the para-
metric design (PD) approach to design and digitize the
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individual components by generative logic. To this end,
TIM should be regarded as an information collector rather
than a processor (Wu et al., 2022).

PD method is an intelligent method to realize rapid
model generation and updating. The commonly used para-
metric design software mainly includes Revit series and
CATIA series. Revit, by Autodesk, excels in BIM for archi-
tectural projects, offering a lifecycle platform with rich
component libraries and C#-based API for customization.
CATIA, by Dassault, stands out in industrial design with
powerful parametric and associative features, supporting
VBScript and Visual Basic for complex modeling. Because
the CATIA software is more compatible with the numeri-
cal software ABAQUS, which is also developed by Das-
sault, it is adopted for the parametric design in this
study. Users define the initial design conditions and rela-
tionships between various design parameters, or describe
the design order of the primary and secondary features,
which are “design logics”, and then digitize the compo-
nents by controlling the geometric parameters and their
correlation. According to the design strategy of the overall
model and individual components, the logic-based design
framework can be classified into “bottom-up” and ‘“up-
bottom” methods (Sanguinetti et al., 2012). The former is
the common design method, which provides the opportu-
nity to conduct parametric design with the aid of codes.
For instance, for the construction of the supporting system
(take the rock bolts for example), the single bolt can be dig-
itized by assigning the initial and end points, or the initial
point, length, and dip angle. The parametric design of a
single rock bolt can be implemented through a VBScript
code after providing the corresponding control parameters
and correlations. Then, the bolt supporting system can be
generated by conducting the loop code, only with the
changing of the initial conditions, “design logic”, and col-
lection rules in the TIM platform.

3.2.2 Creation of geological model

The geological condition is the buried circumstance of
the construction structures. The geological rock mass is
the reconstructive object for engineering construction and
is the key factor for the stability evaluation. On the other
hand, engineering structures are the consequence of engi-
neering reconstruction. They affect each other and feed-
back can be observed on both of them once the state of
either is changed. To this end, it is of vital importance to
build an accurate geological model. The physical and
mechanical properties of the layered rock mass vary with
the relative thickness of the hard and soft rocks, the atti-
tude of the layered rocks, and the geostress (Hao et al.,
2021). Thus, the attitude and the thickness of rocks are
two geometric factors that need to be estimated in our
modelling.

In this study, the geological investigation results includ-
ing borehole data, geological sections, and topographic
and geological maps are used to conduct the geological
modelling of the interlayered soft-hard rock mass. Firstly,

the elevation points derived from topographic and geolog-
ical maps undergo preprocessing to eliminate low-quality
points, subsequently are utilized to create point clouds
for modeling the terrain surface, based on the non-
uniform rational B-spline (NURBS-based) procedure. Sec-
ondly, according to the locations of the boreholes and the
coordinate data of the corresponding lithology, the coordi-
nates of the lithologic boundary points are retrieved and
recoded to form point clouds. By the NURBS-based pro-
gram in the CATIA software, the lithology surfaces can
be drawn. So far, the terrain and lithologic interfaces are
generated and can be reserved as specific file format.
Lastly, the geological-terrain model can be built by the
Boolean operation among surfaces and a solid element
according to the time of tectonic movement and strati-
graphic sequence. Specifically, once we focus on the influ-
ence of (1) the thickness and attitude of rocks, and (2)
the relative intersection angle between the tunnel axis and
strike of layered rocks, the layered planes can be simplified
as flat and the attitude can be defined by the parametric
variables. Besides, the thickness of hard or soft rocks can
be adjusted by the interval of clipping planes. In this study,
the terrain is simplified as flat, and the thickness and atti-
tude of the rocks are set as parametric variables that can
be adjusted by user-specified information. Several models
for the rock mass with various thicknesses and dip angles
are illustrated in Fig. 6.

3.2.3 Creation of tunnel model

Repetitive model updating for tunnels at various orien-
tations leads to huge computational time. For the tunnel
with a circle section, the difference for various projects is
only the radius, buried depth, and layout of the tunnel axis.
Thus, based on the CATIA software and the secondary
development language VBScript, a user design feature
(UDF) is generated by assigning the initial center and the
radius of the tunnel and the tunnel axis. In this way, the
influence of various longitudinal designs on the stability
of surrounding rock mass can be studied. It is reliable
and convenient to conduct this by a loop in VBScript code.
Furthermore, algebraic relationships representing design
parameters can be defined and then control the “design
logic” of element structures.

A parametric model consisting of the geological model
and structures is built by Boolean operation. The sur-
rounding rock mass is generally regarded as solid elements
in numerical analysis and they should be meshed for com-
putation. Therefore, it is necessary to cut the geometric
model along the tunnel surfaces to guarantee the mesh
quality. Specifically, the tunnel with different axis orienta-
tions will pass through various lithology of the surrounding
rock mass, and the tunnel is subdivided into segments with
different lithology (Fig. 7). Thus, to ensure efficient and
accurate assignment of properties, it is crucial to recognize
the geometry model with varying lithology and mesh them
separately. Besides, to simulate the segmented excavation
schedule of the tunnel, the driving length should be defined
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primarily and then the tunnel is subdivided and meshed
according to that interval.

3.3 Automatic numerical analysis by FEM

Combined with the PD technology, the TIM has a
robust capability for collaborative parametric design and
3D visualization. The stability analysis and design opti-
mization from a mechanical perspective remain insufficient.
On the contrary, the finite element method is outstanding
for the capability of mechanical analysis and evaluation,
but it is incapable of complex modelling. Obviously, the
powerful potential exists for their integration. However,
some barriers are preventing the development of their inte-
gration, such as distortable data conversion and inefficient
numerical analysis. To this end, with the aid of secondary
development, we deal with the two barriers and propose
a process for efficient numerical simulation.

3.3.1 Transformation framework

Transformation of information model from TIM to
FEM is crucial for integrating the two technologies. It con-
sists of geometric and attributes transformation, which are
available for subsequent engineering calculation. In this
paper, the geometry and attributes are transferred sepa-
rately by constructing the correlation between them. First,
the geometric information of all engineering objects is
transformed into the STP file format, which is a popular
“Standard for the exchange of product model data” and

is compatible with other 3D visualization and editing soft-
ware. The attribute information is extracted from the doc-
uments archived within the native database. Files that
document the coordinates of the feature point of each geo-
metric element, excavation level, constitutive parameters
(values), and their respective universally unique identifiers
(UUIDs, serving as key) are mined to obtain the parame-
ters essential for numerical simulation. This data is stored
and retrieved using the key-value pairs (K'VPs) for efficient
management. The geometric objects of engineering ele-
ments can be linked to the corresponding attributes and
the properties can be assigned to numerical models by
the corresponding UUID, which is regarded as a bond of
them. The detailed transformation framework is displayed
in Fig. 8. Besides, it is necessary to check out the conver-
sion quality of the geometric objects. Distortions at the ele-
ment interface may lead to inaccurate mesh generation.

3.3.2 Efficient simulation with FEM

To conduct the efficient simulation and obtain the anal-
ysis results for intelligent analysis and optimization, an effi-
cient simulation procedure based on the ABAQUS
software has been developed. Nowadays, software provides
an interface for users’ secondary development through
built-in programming languages. The programming lan-
guages can be designed by users to reduce repetitive and
reductant manual intervention, then to raise the analysis
efficiency. ABAQUS provides a command stream record-
ing almost all modelling operations that the user performs
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in the CAE, which offers the corresponding source code for
a user to optimize or modify. In addition, ABAQUS also
provides the Python script for repetitive or complicated
simulation, the code of which can also be learned from
the command stream (RPY file format).

In this study, an efficient simulation procedure using
Python is developed in the ABAQUS platform. According
to the analysis process of the software, mesh generation,
property assignment, and boundary condition conduction
are important steps. Among them, the first step is to iden-
tify various groups of engineering objects. As mentioned
above, the parametric model has been subdivided into sev-
eral engineering elements based on the lithology and the
excavation length. The feature points of each object have
been recorded in the database, which can be linked with
properties by UUID. In addition, ABAQUS offers several
modes to extract the spatial information, such as findAt
(...) and getByBoundingBox(...) functions, and they are
illustrated in Table 1 (Su & Jiang, 2016). Therefore, the
objects with the same lithology or excavation phase can
be identified and packaged as a group set. For the group
sets of the same lithology, they can be named by the lithol-
ogy classification, and for that of the same excavation
phase, and they are named after the excavation phase, such
as “ex-1”, which also corresponds to the name of the anal-
ysis step in the stream file.

According to the KVP concept and the specific UUID
for each object, the constitutive parameters and element
types can be retrieved and extracted from the database files.
Then, the physical and mechanical values are assigned to
the corresponding element, and the boundary conditions
will also be assigned by the obtained spatial information
of solid objects through the built-in functions in ABAQUS.

In the construction phase, due to the existence of the
subdivided segments, the excavation schedule will be listed
by the corresponding UUID representing the excavation
steps. As for the supporting system, it is installed by the
“model change method” after the excavation of corre-
sponding solid rocks. Previous studies have proposed many
meshing algorithms, including the advancing front tech-
nique (AFT), Delaunay technique (DT), mapping tech-
nique (MT), topology decomposition approach (TDA),
node connection approach (NCA), and grid-based
approach (Wang et al., 2018). Suitable mesh algorithms
for various geological models will be chosen by checking
the quality of the mesh. Herein, the processing stream is

Table 1

Functions for obtaining geometric sequence.

Function Description

FindAt(...) Through the coordinate of point

included by the geometric model
Through the compressed serial
Through the square area

Through the specified cylinder region
Through the spherical area

getSequenceFromMask(. . .)
getByBoundingBox(. . .)
getByBoundingCylinder(. . .)
getByBoundingSphere(. . .)

defined by instantiating the internal functions and the
stream file will be submitted automatically.

To construct a dataset for intelligent prediction and
optimization, several Python codes will be programmed
and implanted in the numerical simulation scripts to export
the numerical results at specific fields. As mentioned above,
the geological model has been meshed into several units
and vertices, and each of them has a specific ID, by which
the stress field, strain or displacement field, or the volumes
for units exceeding the yield limit can be extracted. The
simulation results for the mechanical field at each excava-
tion phase are stored and preserved in the MS Excel files.

3.4 Optimization with ML algorithm

Based on the big data obtained from numerical analysis,
laboratory experiments, and in situ monitoring, complex
nonlinear mapping relation needs to mine. Traditional
polynomial functions are weak in the representation of
complicated relationships. ML methods have been imple-
mented in geotechnical engineering to dig complex rela-
tions between geological parameters and design values
with the stability indices (Mahmoodzadeh et al., 2022).

The SVM algorithm is a popular tool as the substitution
of numerical simulations, whose performance is optimized
by the OPSO algorithm proposed in our previous study (Li
et al., 2023b). The conventional PSO algorithm has been
improved from two aspects, including the adjusted inertia
weight w and the ratio for stochastic particle reset. Consid-
ering the command for various optimizing speeds at differ-
ent optimization phases, a new estimation method for
inertia weight is proposed by introducing a customized
time node, before which the particles have more power to
jump out of the local optima, and after which the particles
are searching around the global optimum for more precise
value. The inertia weight is calculated through Eq. (5):

Winin —Wmax T cos (%) + Winax + wmnll
2 .
w = N
" 7 . T LCLR Y] T— 7
2 T Wiy — wmm) cos {2( — S| T T+ Waae (T > T)

T‘“M—'T) \\\\\\
©)

where wpi, and wy,,, are the minimum and maximum val-
ues of the inertia weight, respectively; Th.x indicates the
total training generation, 7 is the specific training genera-
tion, and 7 denotes the customized time node.

Based on the artificial and numerical dataset, which con-
sists of geological conditions and tunnel design parameters
with respect to stability assessment indices, the SVM model
is trained on the training dataset, and evaluated on the test-
ing dataset through the root mean square error (RMSE):

“T(T<T)

1< )
RMSE =, /- S 6
. Z; 0, =3, (6)
where y; and y; denote the predicted and actual values,
respectively; n is the number of testing samples.
After acquiring the optimal SVM model, it is regarded
as a substitution for the computational demanding numer-
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Fig. 9. OPSO algorithm for the optimization design of the tunnel
longitudinal orientation.

ical analyses. The searching process for optimal design of
longitudinal direction is deemed to an optimization prob-
lem according to the fitness function, in which the geolog-
ical parameters and the longitudinal directions are input
variables, and the predicted stability assessment indices
are output values. The optimization process is to search
for an optimal parameter combination to minimize the fit-
ness function, which consists of the indicators denoting the
deformation, stress and strain states. In this process, the
OPSO is initialized with a specific quantity of swarms
and particles, along with their locations and flying veloci-
ties, that indicate the design longitudinal direction param-
eters. After reaching the maximum iteration number or the
minimum iteration error, the corresponding parameter
combination of the minimum stability evaluation indices
is taken as the optimal design value. The algorithm for
the design optimization during the iteration process is out-
lined in Fig. 9.

Therefore, for the optimization design of the tunnel axis,
on the basis of artificial data by numerical analysis, SVM
and OPSO are developed for better performance. Machine
learning algorithms are then implanted into the efficient
simulation scripts for intelligent analysis and optimization.

4 Case study
4.1 Background of the project

To study the effect of the spatial correlation between the
trends of the layered rocks with the longitudinal orienta-
tion of the tunnel on the stability of tunnel construction,
a simple application of the proposed TIM-FEM-ML inte-
gration technology is conducted. The research area is set as
180 m x 200 m x 150 m in width X length X height, and the
surrounding rock mass consists of several soft and hard
layers, the thicknesses of which are 9 and 34 m, respec-
tively. The tunnel with a radius of 8§ m is excavated at var-
ious longitudinal orientations. It is buried 230 m in depth,
while 30-230 m rocks above the tunnel are replaced by

5 MPa compressive stress. The model is meshed into tetra-
hedrons, and the surfaces except the upper one are all con-
strained in the normal direction. The elastoplastic
parameters and Mohr—coulomb values are retrieved from
the native files and then assigned to corresponding objects.
To classify the engineering elements, an effective strategy
has been proposed and coded. In this study, the bedding
planes are simplified flat and parallel to the y-axis. To this
end, the bedding planes can be represented by linear equa-
tions defined via variables x and z, and the group sets are
classified by the range stated through the linear equations.
Then, for all of the divided units, once the feature points
are within the area surrounded by the boundary equations,
it is naturally defined as corresponding sets (Fig. 10). After
that, the soft rocks that the tunnel passed through can be
withdrawn for the subsequent analysis.

The deformation of the excavation surfaces is a direct
reflection of the construction stability. The delay of con-
struction and the instability of the surrounding rock mass
usually result from huge deformation. Thus, we raised a
stability evaluation index (/sty) considering the maximum
convergence deformation of the surrounding rock mass
above the central plane of the tunnel. The diagram is dis-
played in Fig. 11. Assume that the radial convergence of
the excavation surfaces including m vertices at the ith ver-
tex is u;, the Igty is represented as follows:

[STI = II_lnél]X U;. (7)
i=

For a specific project, the constitutive parameters, the
thickness and attitude of rocks are constant, and the key
variable is the longitudinal orientation. We define the lon-
gitudinal orientation by the intersection angle between the
bedding plane and the tunnel axis (Fig. 12). To avoid over-
fitting or under-fitting of the training process, more numer-
ical schemes need to be constructed, as 16 levels with 6°
intervals at the range of [0°, 90°] for the longitudinal orien-
tation are inadequate. Thus, we take the mechanical
parameters of the interlayered rocks (elastic modulus,
cohesion) and the lateral pressure coefficient into account,
and they are separated into four levels in the corresponding
ranges (Table 2). Then, 170 numerical schemes are con-
structed via an orthogonal experiment method (it is worth
noting that the divergent experiments are eliminated). The
other property parameters are listed in Table 3. For the
practical project, the intersection angle is the unique
parameter to be optimized. By the trained SVM model,
the Istr for various longitudinal orientations can be pre-
dicted and the optimal intersection angle will be estimated
by the developed optimization algorithm. Specifically, the
detailed parameter settings are described in our previous
study (Li et al., 2024). The parameters of OPSO algorithm
are set as ¢y = ¢ = 2, Wpin = 0.4, Wipax = 0.9, T = 300,
N =100, and 7 = 0.75 x 300 = 225, in which ¢; and c;
represent the learning rates, and N is the iterations. Three
key parameters of SVM model are optimized, including
the penalty coefficient of the objective function (C), the
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Fig. 10. Identification and classification of the lithological group sets.

coefficient of the kernel function (¢?), and the slack vari-
able (¢). The hyperparameters of the SVM model are
searched in the range of C = [0.01, 1000], o> = [0.1, 10],
and ¢ = [1078%, 0.1].

Fig. 11. Diagram of the method to obtain the stability evaluation index
(R, T, and Z mean three components of the cylindrical coordinate system).

Fig. 12. Diagram of the intersection angle between the trend of rocks and
the tunnel axis.

Before model training, the datasets should be prepro-
cessed via being randomly chosen and split by the ratio
of 8:2 or 7:3 (Gholamy et al., 2018), in which the training
datasets are utilized to mine the mapping relations between
parameters, and the performance is evaluated on the test-
ing datasets. Additionally, variables with different units
and magnitude may affect the training precision and effi-
ciency. Therefore, Z-score normalization method is
adopted to reconstruct them (Eq. (8)).

, Xi— U
= 8
xl o ’ ( )

where x; are the input and output variables with different
units and magnitude; u and ¢ are the mean and standard
deviation of them.

On the other hand, two indicators RMSE and coefficient
of determination (R?) are adopted in our paper to evaluate
the performance of the trained model. Assuming that the

predicted values are y; = {y,,,,-*,»,}, the numerical/ac-
Table 2

Design levels for property variables and the lateral pressure coefficient.
Level E;, (GPa) cn (MPa) E (GPa) ¢s (MPa) A

1 5 2 0.5 0.2 0.6
2 8 3 0.8 0.5 1.0
3 10 5 1.5 1.0 1.5
4 12 6 2.0 1.3 2.0

Note: Ey,, E, ¢, and ¢, are the elastic moduli and the cohesions of the hard
and soft rock layer, respectively.

Table 3
Property parameters adopted in the FEM simulation.
Parameters Lithology Values Units
Density (p) 2500 (kg/m?)
Friction angle (¢) Hard rock 40 (°)

Soft rock 30
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tual \ialues are j; = {):/1, P35+, ¥, }, and the average values
are y, = {y,»,,-*,»,}, the evaluation functions are
described in Egs. (6) and (9),
n ~\2
RP—1— 210 =)
n =2
i =)
In addition, a relative bias factor, named as Iy gy, is also
proposed to evaluate the robustness of the trained model.
Results from statistical analysis of Iz g; values indicate that
the trained model with excellent performance has the mean
value (u) of 0 and a standard value deviation (g) of 0.
Assuming that the predicted value is y,., and the calcu-
lated value is y,,, the Irp; is defined as follows:
ypre — Veal
Yeal

©)

(10)

Irpr =

4.2 Data analysis and results

Before the application of the proposed OPSO-SVM
algorithm in the longitudinal optimization, the superiority
of this algorithm is first validated by comparing with the
commonly used ML algorithms, including PSO-Gaussian
process (GP), GP, PSO-artificial neural network (ANN),
multiple linear regression (MLR), random forest (RF)
and ridge regression algorithms. The performances of these
algorithms are evaluated based on four evaluation indica-
tors, including R?>, RMSE, the variance accounted for
(VAF), and A-20 index (/s-y), the expressions of which
are indicated in Egs. (6), (9), (11) and (12). It can be seen
from Fig. 13 that the proposed algorithm outstands from
these algorithms, showing the best prediction capability.
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My

Q )
where var(-) is the variance, myo represents the number of
samples for which the predicted values fall within 0.8 to
1.2 times the actual values, and Q represents the number
of samples to be evaluated.

Then, the 170 numerical results are divided into 136
training and 34 testing datasets. The proposed OPSO-
SVM model is first trained and validated by the datasets,
then, the prediction performance is evaluated by compar-
ing the predicted and numerical results. Figure 14 shows
the relations between the predicted and numerical Ig; on
the training dataset and testing dataset, respectively. The
red line indicates the best fitting line of the dataset, the
slope of which close to 1 indicates satisfied agreement of
values. It can be seen that the slopes of the fitting lines
on the training and testing dataset are 0.993 and 0.976,
respectively, which indicates the robust prediction perfor-
mance of the model. Besides, the Irp; is developed to assess
the uncertainty of the trained model. Results show that
Irpr values adhere closely to a lognormal distribution,
exhibiting a mean of 0.073 and a standard deviation of
0.113 (Fig. 15). This underscores the exceptional robust-
ness of the trained model.

Furthermore, for the interlayered rocks with the prop-
erty of 9 GPa, 4 MPa, 1 GPa, and 0.5 MPa for Ej, ¢y,
E,, and ¢, respectively, and the lateral pressure coefficient
of 1.5, the STIs for the tunnel of various longitudinal ori-
entations have been forecasted and illustrated in Fig. 14
(c). The maximum, minimum and average relative errors
are 2.30%, 0.23% and 0.97%, respectively (Fig. 16). Results
presented in Fig. 17 reveal that the Igr initially decreases
with the angle increasing, but then experiences a sharp

IA-ZO = (12)

VAF — {1 ~ var(y, A—y,')} x 100%, (11) change at approximgtely 85°. The optimization algorithm
var(j,) has retrieved the optimal angle to be 87°. The spatial rela-
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Fig. 13. Comparison of valuation indices for various algorithms.
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Fig. 14. Comparison of the predicted and numerical /sty on the (a) training dataset, (b) testing dataset, and (c) predicted condition.

tions of the surrounding rock mass with the tunnel are
shown in Fig. 7(a), and the corresponding convergence
deformation of the excavation surface is displayed in

Fig. 18, exhibiting a symmetric characteristic along the

middle plane of the soft layer.
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Furthermore, throughout the whole analysis process,
the manual operation of an individual model requires
approximately 20 min, namely, nearly 57 h for the 170
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Fig. 15. Statistics histogram of /g values predicted by the trained model.
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Fig. 16. Comparison of Isr; gained from the trained OPSO-SVM model
and numerical method for tunnels with various longitudinal orientations.
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Fig. 17. Evolution of Isy; values with tunnel longitudinal orientation for
presupposed condition.
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Fig. 18. Relative convergence deformation of the tunnel with a longitu-
dinal orientation of 87°.

numerical samples. However, with the integrated frame-
work, both the model-building process and results extrac-
tion are fully automated through Python scripts.
Moreover, the optimal layout of the tunnel axis is deter-
mined using an intelligent optimization algorithm. Conse-
quently, the optimal layout can be obtained within just
10 min, significantly reducing the computation time.
Besides, the proposed framework is feasible for any geolog-
ical conditions and structural projects, just by remodeling,
re-analysis, re-training, and re-optimization, namely, we
just take a typical and common condition for example.

5 Conclusions

Mechanical analysis-based engineering computations
and optimization still face certain impediments. Refined
models and automatic simulation procedures provide an
intelligent and automatic analysis process to improve the
simulation accuracy and efficiency. A simulation-based

assistant tool, namely, the surrogate model, is imperative
for minimizing time expenditures. It is undoubted that inte-
grating TIM, FEM, and ML technologies promises
immense potential. Thus, we propose a synthetic TIM-
FEM-ML technology and apply it to the longitudinal opti-
mization of the tunnel passing through an interlayered soft-
hard rock mass. The main conclusions are conducted as
follows.

(1) Leveraging secondary development with the built-in
functions of ABAQUS, an automatic simulation pro-
cess, based on refined and parametric tunnel and geo-
logical models, is proposed.

(2) Intelligent optimization algorithms are implanted in
the automatic analysis stream, facilitating a seam-
less transition from modeling to analysis, and ulti-
mately to the optimization phase.

(3) The integration technology, applied to optimize the
spatial correlation of tunnels traversing interlayered
soft-hard rock masses, demonstrates a substantial
reduction in computation time and a significant
improvement in calculation accuracy.

Even though the proposed method has been validated
through a case study under idealized geological conditions
with a virtual circular tunnel, challenges and difficulties will
be confronted in practical engineering applications due to
(1) the inherent uncertainty and spatial variability of geo-
logical conditions, (2) the complexity in accurately simulat-
ing construction processes, (3) inevitable construction
errors, and (4) potential inaccuracies in monitoring data
acquisition. Thus, efforts need to be made for practical
engineering projects in (1) advanced geological detection
techniques for refined site characterization, (2) parametric
models with high levels of detail, and (3) data processing
and augmentation, etc. Besides, this work primarily focuses
on forward analysis, studying the process of modelling,
simulation, and intelligent optimization. In fact, more
accurate geological information will be exposed during
the excavation process, and over- or under-excavation will
lead to discrepancies with original design scheme. There-
fore, the implementation of backward analysis from ML
to TIM is also of vital importance. Further study will
emphasize the development of a dynamic and closed-loop
analysis for the TIM-FEM-ML-TIM technology. Further-
more, integrating physics-informed knowledge, reflecting
the deformation mechanism of the surrounding rock mass,
with advanced ML technologies will be a critical focus area
to enhance the physical interpretability and reliability of
the proposed methodology.

Data availability
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available from the corresponding author upon reasonable
request.
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