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Abstract: In the realm of drill and blast (D&B) tunneling, the design of tunnel support
emerges as a pivotal concern. As a typical knowledge-intensive task, the practical
application of tunnel support design often relies extensively on experienced engineers
or experts who formulate designs based on their expertise. Compared with data-driven
approaches, knowledge-driven tunnel support design allows for a nuanced
understanding of the intricate geological and engineering factors influencing support
design, and yield results that are more transparent and explainable. However, in practice,
the substantial knowledge sources and complex interrelationships between factors
which have direct or indirect influences on support design hinder the implementation
of knowledge-based support design methods. To solve such knowledge gap, this study
proposed a hybrid natural language processing (NLP)-based method to develop a
knowledge graph for rock tunnel design. Specifically, rule-based methods are used to
extract entities and classification relationships from standards and specifications, and
statistical and artificial intelligence (Al)-based methods are used for extracting entities
and non-classification relationships from a large amount of scientific literature,
academic papers, and support design schemes. A total of 947 entities, 3 kinds of
classification relationships and 11 kinds of non-classification relationships were
extracted. On the basis of extracted entities, relations, and attributes, a knowledge graph

was developed using ontology-based method, providing functionalities such as
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knowledge element retrieval, semantic retrieval, and query expansion. The findings of
this study are expected to provide practical recommendations for the design of the
tunnel support and advance the existing knowledge about the tunnel design from a

knowledge-driven perspective.

Keywords: Tunnel support design; Knowledge graph; Natural language processing;

Knowledge extraction; Named entity recognition (NER); Ontology
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1 Introduction

In the realm of D&B tunneling, the design of tunnel support emerges as a pivotal
concern due to the necessity of dynamically revising support parameters in response to
newly exposed data throughout the construction process[1]. Fig.1 presents the
connections between “tunnel” and “tunnel support”. “Tunnel” is the hollow, enclosed
structure through which vehicles, trains, pedestrians, utilities, or other forms of
transportation can pass, while “tunnel support” refers to the structures, systems, and
materials used to maintain the stability and safety of a tunnel during and after its
construction. Upon the revelation of construction-phase data, the determination of
support parameters becomes imperative in a just-in-time manner, as untimely alteration
of support may pose risks to both tunnel stability and construction safety [2, 3].
Regarding the issues of support design, research efforts have been allocated to
methodologies such as empirical design, numerical simulation, and analytical
calculations, which have been applied to design aspects encompassing support schemes,
support parameters, mechanical responses, and structural displacements [4-6]. In recent
years, with the continuous accumulation of geological and engineering data during the
construction process, the accuracy and efficiency of traditional methods such as
numerical simulation and analytical calculations can be significantly impacted [7].
Consequently, data-driven methods, especially Al methods, leveraging their advantages
in data processing and predictive analytics, have gradually found application in the field
of support design, and several data-driven algorithms within the realm of AI and

machine learning have been employed for support parameter design [8, 9].
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Fig.1 Diagram of tunnel and tunnel support (Adapted from [10])

As a typical knowledge-intensive task, the practical application of tunnel support
design often relies extensively on experienced engineers or experts who formulate
designs based on their expertise. Within pertinent standards and regulations, empirical
design is recognized and recommended as a viable approach[11, 12]. Compared with
traditional approaches (empirical design, numerical simulation, and analytical
calculations) and the emerging data-driven approaches, knowledge-driven approaches
excel by integrating diverse sources of information into a cohesive, continuously
updated framework, facilitating more informed decision-making and holistic, adaptive
solutions [13]. Hence, the application of knowledge-based methods in tunnel support
design is a natural progression, offering a holistic and experiential approach to address
the complex challenges of underground construction, and have been gradually
incorporated into design practice [14, 15].

An effective solution for the knowledge-based tunnel support design is to construct
a knowledge graph which enables knowledge integration and decision support. A
knowledge graph is a structured representation of knowledge that captures relationships
between entities in a specific domain [16-18]. Knowledge graph can provide a powerful

means of organizing, connecting, and querying information, facilitating a more
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comprehensive understanding of complex relationships within a particular knowledge
domain. In the realm of tunneling, a handful of researches have been conducted on
knowledge graph application [19, 20], which have provided valuable insights into the
integration of diverse and abundant knowledge sources within the field of tunnel
support design. In fact, by creating a semantic network and using predefined rules and
logical inferences, the knowledge graph can apply domain-specific knowledge to
generate support schemes automatically. For instance, if certain geological conditions
require specific support types (e.g., rock bolts in unstable rock formations), the
knowledge graph can infer and recommend these support types automatically based on
the input data. The knowledge graph can also match different geological conditions
with historical data to find similar scenarios.

To develop the knowledge graph, as Shadbolt and Milton [21] pointed out, right
knowledge should be mapped in the right way, which includes dual implications: how
to choose appropriate knowledge, and how to extract and represent knowledge. From
one hand, the traditional knowledge required for tunnel design is primarily derived from
various standards, regulations, academic papers, support design schemes, and other
pertinent documents and references. The influx of online information also provides
professionals in the field of tunnel design with diverse avenues for knowledge
acquisition and application. However, it also poses challenges for knowledge
integration and the development of knowledge graph for tunnel support design.

From the other hand, rock tunnels constructed using the D&B method involve a
multitude of intricate operational phases, encompassing preliminary geological
exploration, drilling, blasting, rock excavation, support installation, drainage and
ventilation, as well as construction management [19, 20]. Each of these operational
phases, along with associated factors such as geological conditions and construction
management, can exert varying degrees of influence on support design. In addition,
complex interrelationships exist among these various factors. Hence, the development

of knowledge graph for tunnel support design must consider a myriad of factors and
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their complex relationships, with data originating from diverse sources and knowledge
spanning a broad spectrum. However, it is still unclear how to extract and represent
factors from multi-source data in the realm of tunnel support design and thoroughly
uncovering intricate semantic relationships among factors.

Hence, to address the aforementioned knowledge gaps of how to integrate, extract
and represent tunnel support design-related knowledge from multi-source resources,
this study uses hybrid NLP-based methods to develop the knowledge graph for rock
tunnel support design from multi-source textual data, thus providing basis for
implementing knowledge-based tunnel support design method and trying to bring a
paradigm shift to rock engineering design. The remainder of the paper is organized as
follows. Section 2 briefly gives an overview of related works. Section 3 describes the
hybrid NLP-based methods used in this study. Section 4 provides the data preparation
process and knowledge extraction results using the proposed hybrid NLP-based
methods. Section 5 presents the construction of the knowledge graph using the extracted
knowledge. Finally, Section 6 concludes the paper, discusses limitations of the proposed

methodology and reveals future work directions.

2 Related works

To date, many studies on traditional approaches and data-driven tunnel support
design have been conducted, but there is relatively limited research on knowledge-
driven tunnel support design. This section reviews the state-of-the-art works on tunnel
support design in depth, with an emphasis on development of domain-specific
knowledge graph.

2.1 Traditional tunnel support design

Empirical design, numerical simulation, and analytical calculations are three main
approaches used in tunnel support design. Empirical design is based on engineering
experience and surrounding rock classification, and support schemes and parameters
can be determined by classifying and grading surrounding rock. Since the first proposal
of the concept of classifying rock mass in 1926, there have been many different

6
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surrounding rock classification systems such as Q system and Rock Mass Rating (RMR)
system [1]. With the application of methods in the field of Al to tunnel and underground

engineering, the automation, efficiency and accuracy of surrounding rock classification

have been improved. For example, Li et al. [22] introduced system reliability analysis

theory into classifying surrounding rock, thus providing data support for the

optimization of support parameters. However, empirical design methods rely heavily

on historical data and past experiences, which can limit their applicability to new or

unique conditions.

Based on the principles of engineering mechanics and structural mechanics, the
numerical simulation method calculates the stress of the supporting structure and
surrounding rock by numerical means, so as to determine the parameters of the tunnel
support. For example, Hsiao et al. [23] conducted 75 cases of 3D numerical analysis to
assess the tunnel behavior and thus provide support design suggestions. In some cases,
numerical methods can be computationally intensive and time-consuming, requiring
significant computational resources and expertise to set up and interpret the models
accurately [1].

Analytical methods primarily involve deriving and solving mathematical
equations that describe the behavior of the tunnel and its support structures under
various loading conditions. These methods use principles of mechanics and material
science to calculate stress distribution, deformation, and stability, providing a
theoretical basis for designing support systems such as lining, bolts, and anchors.
Compared to numerical methods, analytical methods use various assumptions and
simplifications for the analysis, making them more straightforward, intuitive, and
computationally efficient. For instance, Su et al. [24] used the convergence constraint
method to obtain deformation of tunnel surrounding rock and the minimum internal
pressure required to stabilize the tunnel, so as to analyze the stability of the whole

support system.
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2.2 Data-driven tunnel support design

Data-driven methods have evolved from traditional approaches such as empirical
methods and numerical calculation [1], and primarily involve the application of
advanced Al techniques to analyze data. Currently, Al-based intelligent design methods
in the literature can be broadly categorized into two types. The first type utilizes
intelligent algorithms and newly exposed geological information after excavation to
reclassify the surrounding rock mass levels and then derive the corresponding support
parameters. The second type employs intelligent algorithms to fit the nonlinear
relationships between various factors and support parameters.

Wang et al. [25] leveraged 299 sets of drilling parameters automatically collected
by an intelligent drilling machine in a railway tunnel and established an intelligent
classification rock mass database, which employed the Support Vector Machine (SVM)
method to develop an intelligent classification model with an overall accuracy 0f91.9%.
This contribution lays the foundation for the dynamic design of tunnel supports. Liu et
al. [26] employed an enhanced SVM method, augmenting the Basic Quality (BQ)
method with additional indicators such as surface roughness. Using eight classification
criteria as inputs and BQ quality as the output, they developed an intelligent
classification model for surrounding rock and thus obtained the corresponding support
parameters. Gholami et al. [27] employed Genetic Algorithm (GA) to optimize the
Support Vector Regression (SVR) algorithm for predicting the Rock Mass Rating
(RMR) values of tunnel surroundings and enhancing support design. The results
indicated that empirical methods often tend to overestimate RMR values, while the
improved SVR algorithm demonstrates superior predictive accuracy for RMR values.
In addition, with the widespread adoption of lightweight, portable, and non-contact
intelligent data collection devices such as smart cameras, novel approaches and
methods have emerged for the acquisition of geological information on construction
sites. Leveraging deep learning-based image processing technologies enables the

efficient handling of vast volumes of rock mass image data [28, 29].
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The determination of support parameters relies on various factors such as
geological, engineering, and construction considerations, and the intricate relationships
among these factors are complex. Certain Al algorithms prove effective in fitting and
capturing nonlinear relationships. Liu et al. [30] introduced Artificial Neural Networks
(ANN) into the domain of Measure While Drilling (MWD), who established a nonlinear
relationship between MWD data. The results indicated a strong correlation between
MWD data and support patterns. Ghorbani et al. [31] developed an ANN model that
takes into account the stress state of the tunnel, radial displacement, and material
softening behavior. This model is utilized for predicting support pressures in circular
tunnels within elasto-plastic and strain-softening rock masses. Mitelman and Urlainis
[32] attempted to design tunnel support using a transfer learning approach, who trained
ANN models on two datasets of varying sizes and transferred the extensive geological
knowledge gained from one set of strata to facilitate support design in new geological
conditions.

2.3 Development of knowledge graph

Google introduced the concept of the knowledge graph in 2012 to enhance search
engine performance by leveraging semantic search capabilities, which utilize
information gathered from a variety of sources [33]. The development of a knowledge
graph involves several key steps that transform raw data into a structured,
interconnected web of information. In this type of semantic network, entities are
represented as nodes for the subject and object, and the predicate is illustrated by edges
that indicate the relationships between these entities. Hence, the development of
knowledge graph usually involves the extraction of entities and their relationships after
defining the scope and gathering relevant data.

In the early stages of technological development, knowledge graphs were typically
defined manually. This process involved experts painstakingly curating and organizing
data, defining entities, relationships, and attributes based on their domain expertise. For

example, Ren etal. [34] designed a knowledge graph for bridge maintenance by domain
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experts, and all the entities and relationships were all defined manually. Although this
method ensured high accuracy and reliability, it was extremely time-consuming and
lacked scalability, particularly when dealing with large and complex datasets.

In addition to early methods of building knowledge graphs using manual
techniques, advances in technology have led to the application of Named Entity
Recognition (NER) for the automated or semi-automated construction of knowledge
graphs from large datasets. NER is a crucial NLP technique that automatically identifies
and classifies entities (such as names of people, organizations, locations, dates, etc.) in
text, facilitating the automated construction of knowledge graphs. For example, Ma et
al. [35] used NER to extract entities from different texts related to low-carbon
construction schemes of bridges. Then, the relationship classification between entities
was performed after entity recognition. To be specific, the model used in that study was
the combination of BiLSTM (the Bidirectional Long Short-Term Memory), statistical
models CRF (Conditional Random Field), and BERT (bidirectional encoder
representation from transformers model). In such way, a knowledge graph of low
carbon construction schemes for bridges was constructed using a small sample dataset.
Another example is the study carried out by Peng etal. [19] who developed a knowledge
graph for operational hazard management of utility tunnels. BILSTM and CRF model
were used to extract entities from unstructured text data. The extracted relationships
were mainly pre-defined “work for”, “dealt with” and “type of”. Based on the
extracted entities and relationships, the knowledge graph can be developed accordingly.

Some literature has adopted methods for automatically extracting entity and
relationship triples, thereby avoiding the need to predefine relationships or extract
relationships separately after entity extraction. Wu et al. [36] used BiLSTM-CRF model
and knowledge representation learning to extract entities and relations from text
documents. Such method simplifies the workflow, as it does not require predefined
relationships, making it more adaptable to various domains and less dependent on

extensive prior knowledge.

10
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2.4 Summary

According to the aforementioned works, empirical-based design relies heavily on
the classification of the tunnel surrounding rock, which neglected and failed to integrate
the on-site data, further limiting their applicability to new or unique conditions.
Numerical simulation-based tunnel support design can be time-consuming in some
cases, and analytical approaches use various simplified hypotheses which may be
different from on-site actual situations.

Moreover, though the emerging data-driven tunnel support design methods can be
effective in discovering relationships between geological conditions and support
parameters, they rely on patterns and correlations identified in datasets and might face
challenges in dealing with insufficient or biased datasets. They also might not
effectively handle novel or unforeseen situations as they rely on historical data for
learning, and if faced with unprecedented conditions or emerging challenges, their
predictive capability may be limited.

Tunnel support design constitutes a dynamic and intricate knowledge system,
arising from the interplay of various factors such as geological conditions, construction
management, equipment materials, and more. Geological conditions serve as the
foundation for support design, with different methods requiring distinct materials.
Factors like construction progress and quality control, equipment performance, and risk
assessment impact the design of tunnel support schemes. Hence, compared with the
traditional methods and data-driven methods, developing a knowledge graph towards
tunnel support design can: 1) incorporate and build upon empirical data and historical
experiences, integrating this information into a more comprehensive framework for
more informed and adaptive decision-making; 2) can integrate results from numerical
and analytical calculation using a more time-efficient and easier-to-update framework;
3) incorporate site-specific information by integrating real-time on-site data into the
knowledge graph, allowing for continuous updating and refinement of the design based

on current site conditions.

11
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Knowledge-based approaches have found considerable application in tunnel
engineering, yet existing research predominantly relies on manually defined methods
for knowledge extraction and representation [20, 37, 38]. In fact, the knowledge
pertinent to tunnel support design is dispersed across multiple documents and resources,
typically existing in an unstructured format, rendering precise retrieval of necessary
information challenging. In contrast to manually extracted methods, NLP techniques
have demonstrated superior performance in various domains of civil engineering,
showcasing the ability to extract knowledge from extensive data sources [39-42]. Hence,
to address such challenge and provide basis for knowledge-driven tunnel support design,
this study aims to use hybrid NLP-based methods to extract knowledge from various
resources under multiple contexts and develop a knowledge graph for tunnel support

design.

3 Hybrid NLP-based method

As previously elucidated, tunnel support design involves a substantial volume of
semi-structured and unstructured data. Building upon insights from prior researches,
this section undertakes an analysis of pertinent data sources. Subsequently, a hybrid
extraction method is proposed, aiming to extract entities, relationships, and attributes
relevant to the field of support design.

3.1 Pertinent data sources analysis

Based on the contents and forms, sources related to support design can be
categorized into six major classes: academic papers, standards and specifications,
support design cases, technical manuals and construction regulations, geological
exploration and engineering survey reports, and project management and construction
organizational documents [43]. Table 1 presents the primary contents and form of each
category of data sources.

Table 1 The primary contents and form of each category of data sources.

Category Contents Form

Academic papers  Research  outcomes, technological innovations, Texts
theoretical discussions

12
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Standards and Standards and regulations to be adhered to in tunnel Texts
specifications design and construction
Design cases Successful support design schemes and case studies from  Texts, pictures
practical engineering projects
Technical manuals  Specific technical manuals and operational norms for Texts, pictures
support design and construction
Survey reports Results of geological exploration, engineering geological — Texts, pictures
investigations on soil and rock properties
Organizational Project management plans, construction organization Texts, pictures

documents designs, progress schedules, safety plans, etc.

As shown in Table 1, the predominant form of data is textual in nature. Considering
accessibility and authority, in this study, academic papers, standards and specifications,
and some publicly available support design cases are selected as the textual data sources.
The standards and specifications mainly contain semi-structured knowledge, while the
other texts primarily consist of unstructured knowledge.

In the field of rock tunnel support design, entities can be broadly categorized into
three types based on their definitions, scope, and quantities: entities with relatively clear
definitions and limited quantities, entities with clear definitions but numerous instances,
and entities with relatively uncertain definitions and quantities. Based on such
characteristic, this study proposes a hybrid method for extracting these three different
types of entities, as shown in Subsection 3.2.

3.2 Overview of hybrid NLP-based method

The overall structure of which is presented in Fig.2. The method is comprised of
three steps, namely, domain corpora development, hybrid NLP-based extraction and
result validation.

After construction of domain corpora, rule-based, statistics-based, and Al-based
knowledge extraction methods are applied to extract entities, relationships and
attributes. For entities with clearly defined characteristics and frequent occurrences
(found in standards and specifications), rule-based extraction method is used, which
involves creating rules based on the distinctive features of the text and then developing
code to automate the extraction of these entities. This approach is particularly effective

for handling the semi-structured knowledge found in standards and specifications. For
13
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unstructured texts (entities and attributes that have uncertain definitions and varying
quantities), statistical and Al-based methods are used. Specific statistical models and
Al algorithms are developed which consider word frequency and semantic relationships
of the entities, enabling the automated extraction of these knowledge from unstructured
texts.

For relationships, this study also uses rule-based and Al-based extraction method,
where the extraction of inter-entity classification relationships and non-classification
relationships is achieved through rule-based methods and hierarchical clustering
method respectively. Rule-based approaches offer high interpretability, being easily
comprehensible and implementable. Unsupervised learning, on the other hand, enables
the discovery of latent relationships in the text without relying on predefined

relationship labels [44].

Domain corpora Hybrid NLP-based -
o development 9 extraction 9 Result validation
/ \ / Rule-based \ / Entities \
. Number-term1-English-Explanation relationships
Data acquisition Number-term2-English-Explanation attributes
Statistics-based +
b I' - y n, p| Knowledge
ata cleanin == idf = log——— ;
Workflow 9 N S e N fusion
\ Al-based Manual check
Domain corpora RN 0
construction - [ i [m} o
yARYay / A Precision,
/ Recall, F1-score
Toolkits : % Selenium & Pycharm ¢ Tensorflow |

Fig.2 Overall structure of the proposed hybrid NLP-based knowledge extraction
3.3 Rule-based extraction
The majority of standards and specifications incorporate chapters on
“Terminology” or “Terminology and Symbols”, designed to systematically define and
elucidate key terms used within the scope of the standard. Within the “Terminology”
and “Terminology and Symbols” chapters, each term is accompanied by its
corresponding explanatory description, enabling readers to accurately comprehend the

14
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meaning of the terms used in the standard. In the main body of the standards and
specifications, there are also sections providing detailed supplementary explanations
for terms or entities, exemplified in Fig.3 (a) and (b). It can be seen that entities and
their explanatory details exhibit two distinct forms of features. Form 1 consists of
<Clause Number><Entity in Chinese><Entity in English><Explanatory Description>,
while Feature 2 comprises <Clause Number><Entity in Chinese><Explanatory
Description>. Utilizing Form 1 and Form 2, it is feasible to filter and extract the
corresponding entities and their explanatory details using rule-based method.

In the explanatory descriptions, there is also information encompassing
classification relationships between entities. Taking Fig 3.(c) as an example, the final
part of the explanatory description includes the entity “lining”, thereby indicating that
the entity “shotcrete and rockbolt lining” is a type of the entity “lining”, establishing a
“typeof” classification relationship. Moreover, the entity “lining” can also be
considered as the central word of the entity “shotcrete and rockbolt lining”, which
denotes the category the entity belongs to [45]. Building upon such characteristics, it is
possible to formulate corresponding rules to extract the classification relationships

between entities within standards and specifications.

Number Entity in Chinese Entity in English

| 2.1.13 | [mt4i#t )| [shotcrete and rockbolt lining]
AW BE - A, AR 75 B2 5 S AT A0 I L S SR S 1
?ﬁﬁl—ﬁhﬁﬁ’ﬂ?ﬂwo Explanation of entity

(a) Entity explanation: form 1

Number Entity in Chinese Explanation of entity

[ &R 17, 2. 3-1) [ s s R RIS 745, b L W R A
i, LA E AT S0m RSk T S AR, R P AT . R K B R
Bt BT S e 0T T 4 R 558 S BRI T 2 O AT T, B I T 0

(b) Entity explanation: form 2

Entity 1

2.1.13 |E5i%t8)| shotcrete and rockbolt lining
L‘l“ﬁ'ﬂ']"?ﬁ‘s?%?:tﬁ A4, ARG E S5 HAT 9975 M 2R S
2ﬁ %m—“ﬁzﬁ{ ' Entity 2

(c) Inter-entity classification relationship

15
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Fig.3 Entity explanation and inter-entity classification relationship in Chinese

standards and specifications

3.4 Statistics-based extraction

In this study, TF-IDF (Term Frequency-Inverse Document Frequency) is adopted
to extract entities from academic papers and cases. TF-IDF is a widely used technique
for extracting entities from texts, the core of which lies in that frequent words in a
document are representative of that document as long as they are not also very frequent
at the corpus level [46]. This method involves evaluating the significance of terms
within a document collection by considering both their frequency in a specific
document (Term Frequency, TF) and their importance across the entire collection
(Inverse Document Frequency, IDF).

TF measures the frequency of a term within a specific document. It is calculated
as the ratio of the number of times a term appears in a document to the total number of
terms in that document, as shown in Eq.(1). High TF values indicate the importance of
a term within a particular document. IDF quantifies the rarity of a term across the entire
document collection. It is calculated as the logarithm of the ratio of the total number of
documents to the number of documents containing the term, as shown in Eq.(2). Terms
that appear in fewer documents receive higher IDF values, indicating their importance

in distinguishing documents.
n;;

)] (1)

Dk Ny,

log. — 21

TF

ij =

IDF; = (2)

where n;; represents the frequency of the word i occurring in document j, Z;n;; is

the total number of words in document j, |D| is the total number of documents in the
corpus, and | j:t; € dj| is the number of documents containing the word .

Building upon the TF-IDF framework, this study introduces the concepts of
minimum term frequency 7Fy, and minimum document frequency IDFy, to filter

entities. 7Fuin serves to exclude less common vocabulary, as infrequently occurring
16
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terms often exhibit lower frequencies. On the other hand, /DF,.;, aids in filtering out
widely prevalent terms across the entire document collection, directing attention
towards relatively unique vocabulary. Therefore, for a given word i, successful

extraction is contingent upon satisfying the following three conditions simultaneously:

TF_IDF; = TF, * IDF,
TF; > TF (3)
IDF; > IDF,,;,

3.5 Al-based extraction

This study integrates neural network model BiLSTM and statistical models CRF
to extract entity from the complex corpus in the field of rock tunnel support design. The
BiLSTM-CRF model is a sequence labeling model employed for NLP tasks, commonly
applied in tasks such as NER and part-of-speech tagging [36, 40, 47]. In this model,
BiLSTM is utilized to capture contextual information of input sequences, particularly
beneficial in tasks like NER where it aids in understanding entity boundaries and
context. On the other hand, CRF is employed to model dependencies between labels,
ensuring the output label sequence forms a valid sequence. The combination of
BiLSTM and CRF constitutes a sequence labeling model where the input is a text
sequence, and the output is a label sequence for each word, identifying which words
represent entities.

3.5.1 BiLSTM

The structure of LSTM and BiLSTM are presented in Fig.4 (a) and (b),
respectively. The principle of BILSTM involves the composition of two independent
LSTM layers: a forward LSTM and a backward LSTM. The forward LSTM processes
data in the regular chronological order of the time sequence, while the backward LSTM
processes data in the reverse order. LSTM, depicted in Fig.4 (a), primarily consists of
the forget gate f, input gate i, output gate o, and cell state. The cell state, serving as the
core of LSTM, traverses through the network, carrying essential information. Its
updates are governed by the control of the input and forget gates, allowing information

to be either strengthened or attenuated over time. At each time step, the LSTM unit
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1  updates its cell state and hidden state based on the current input and the preceding time

2  step's hidden state.
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7 Fig.4 Structures of LSTM and BiLSTM
8 The forget gate f'determines the retention of old information, employing a sigmoid

9 layer to decide which portion of information in the cell state should be retained.

10 f,=o(Ws-[he—q,x] + by) 4)
11  where f, represents the output of the forget gate, o denotes the sigmoid function,
12 Wyg is the weight of the forget gate, h,_; is the hidden state from the previous time
13  step, x, is the inputat the current time step, and by is the bias term of the forget gate.
14 The input gate i determines the quantity of new incoming information by
15 employing a sigmoid layer to decide which information to update. Simultaneously, it
16  utilizes a tanh layer to create a new candidate value vector.

17 ir =0(W; - [heq,x] +by) (5)
18 C, = tanh(W, - [h,_1,x.] + b) (6)

19  where i, represents the sigmoid activation value of the input gate, C, is the new
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candidate value vector generated using the tanh activation function, W; is the weight
of the input gate, b; is the bias term of the input gate, W, is the weight for the
candidate cell state, and b is the bias term.

Cell state update involves integrating the outcomes of the forget gate and the input

gate to determine which information should be stored, forgotten, or transmitted.
Ct:ft*ct—l"'it*bt (7)

where C; represents the cell state at the current time step, and C,_; is the cell state
from the previous time step.

The output gate o determines the final output based on the cell state and input. It

combines the outputs of sigmoid and tanh layers to decide which information to output.

o, =W, - [he1, %] + b,) (8)

h; = o, * tanh(C,) (9)

where o; represents the activation value of the output gate, h; is the hidden state at

the current time step, W, is the weight of the output gate, and b, is the bias term of

the output gate.

Based on LSTM, the calculation for BILSTM are as follows (see Fig.4 (b)):
he = f(wix, + wohZq)
hi = f(wsxe + wahiiy) (10)
y, = [he, by ]

where h; represents the hidden state, superscripts — and « denote the forward and
backward hidden states, wq-w, are the weight parameters, and y, is the final output.

3.5.2 CRF

CRF is a probabilistic graphical model used for modeling sequential data,
particularly suitable for tasks involving label prediction in sequential data. CRF can be
seen as modeling the conditional probability distribution of predicting a label sequence
given an observed sequence. The core idea lies in considering the interdependencies
between elements in the sequence and the contextual information of the entire sequence,
enabling more accurate predictions [48]. The structure of linear chain CRF is shown in
Fig.5, which employs feature functions to express the relationships between the
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observed sequence and the label sequence, as well as the transition relationships

between labels.

State feature function

Observation
sequence X1 Xi-1 Xi Xi41 Xn
Label
sequence Y1 Yi-1 Vi Vi+1 Vn

Transition feature function

Fig.5 Structure of a simplified CRF
For sequential data, considering an observed sequence X = (x4, X3, ..., xy) and

the corresponding label sequence Y = (y,,¥,, ..., ¥;), the objective of a CRF model is

to learn the conditional probability P(Y|X), which can be calculated as follows:

Z(lX) =P <ZtT=1 <Zk/1kfk(yt_1'yf’ X t) + Zl“lgl(yt' X, t))) (11D

where f k(yt_l, Vo X t) represents the transition feature function, utilized to

P(Y|X) =

characterize the relationship between adjacent labels y,_, and y,, gl(yt, X, t) serves

as the state feature function, describing the relationship between the observed sequence
X and the current label y,, 4, and p, are the weights for the transition and state
feature functions, and Z(X) represents the normalization factor, ensuring that the
probabilities sum up to 1.

3.5.3 BILSTM-CRF

The BiLSTM-CRF model integrates the advantages of both BILSTM and CREF, as
illustrated in Fig.6. The CRF layer is positioned on top of the BILSTM, leveraging the
hidden states provided by BiLSTM at each time step. By considering the constraints
and interdependencies of the label sequence, the model predicts the final label sequence.
The BILSTM-CRF model takes characters as input and produces entity labels
corresponding to each character. The main steps include:

1) Input Layer: The input is typically a character sequence from a sentence. In this
layer, each character is often represented as a one-hot encoding, indicating its index in
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the vocabulary. Specifically, in one-hot encoding, each character is transformed into a
binary vector. If the vocabulary size is N, each word corresponds to a vector of length
N, where only one element is 1 (indicating the position of the word in the vocabulary),
and the rest of the elements are 0.

2) BILSTM Layer: This layer captures contextual information in the character
vectors, considering information from characters both before and after the current
character. The forward hidden state, backward hidden state, and the final concatenated
state are computed based on Eq.(10).

3) CRF Layer: Modeling the output of the BILSTM layer, the CRF layer utilizes
the Viterbi algorithm to find the most probable label sequence. It outputs the probability
of each character corresponding to each label, enhancing the overall annotation
accuracy of the model.

4) Output Layer: Based on the calculations from the CRF layer, the most likely
entity label for each character is determined.

This architecture allows the model to effectively capture contextual dependencies

and improve the accuracy of entity labeling in NER and knowledge extraction tasks.

L) 7 = ] 124 0] - k-2 i
Word
embedding
! =1 ! ! 7! \77‘71 I—1 ! !
T L TP e (L e I e e [

| | | | | | | | I
layer :L , Lﬁ—‘['f_ﬁl[fglt,f_i D }Lj_ ﬁi_ JI'_JL,]I'_JIJ

.2';2, (e (e [lea) [Lea) [les) Le] [ena) [eni] [en]
B-Geology I-Geology |-Geology |-Geology 0 B-support  l-support |-Support I-Support
& _m_ & W = m_® = P

Severe rockburst Steel frame support

Fig.6 Structure of BILSTM-CRF model
3.5.4 Hierarchical clustering
Subsection 3.3 describes the use of rule-based method to extract inter-entity

classification relationships, This subsection employs hierarchical clustering to further
21
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extract non-classification relationships between entities from the text. Hierarchical
clustering is a commonly used clustering method in NLP tasks, and it can be applied to
extract non-classification relationships between entities [49]. Unlike other methods,
hierarchical clustering does not require predefining relationship types; instead, it
automatically clusters entities based on the similarity within the data. This makes it
suitable for exploratory relationship extraction without the need for prior knowledge.
Suppose there are N text documents and M different vocabulary words. For each
text document i, create an M-dimensional vector where the j-th element represents the
frequency of the j-th word in the document. The vector representation for document i
isdenoted as i = [x;1, X3, ..., X;u], Where x;; represents the frequency of the j-th word
in document i. Combine the vectors of all text documents into a matrix, where each row

represents the vector of a text document:

Document vectory

: Document vector,
Text set matric =

(12)

Documerll't.f vectory
Then, use hierarchical clustering algorithm to perform hierarchical clustering on
the feature vectors. In cluster analysis, it is necessary to calculate the similarity between
vocabulary and the similarity between clusters. The similarity between vocabulary is
typically measured using a distance metric between feature vectors. Assuming there are
two feature vectors x and y, this study employs the Euclidean distance to represent the

similarity between vocabulary:

n
Vocubulary Similarity(x, y) = Z (xl- - yi)z (13)
i=1

where x; and y,; are elements of the feature vectors, and » is the dimensionality of
the feature vectors.

The inter-cluster similarity is used to measure the similarity between different
clusters, determining which clusters should be merged. Assuming there are two clusters

C1 and C,, the formula for calculating inter-cluster similarity is as follows:
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V(C,UCy) - (V(C1) + V(Cz))
|C1] +1C2] =2
where V(C,;UC,) represents the variance of the merged cluster C;UC,, V(C;) and

Cluster Similarity(Cq, C,) = (14)

V(C,) represent the variances of clusters C; and C, respectively, |C{| and |C,]
represent the number of vocabulary items in clusters C; and C, respectively.

When analyzing the clustering results, it is necessary to identify the entities within
the same cluster. These entities can be considered as members with some relationship,
and the nature of the relationship can be determined based on shared features or other

contextual information among the entities.

4 Implementation of the hybrid NLP-based method

4.1 Data preparation

As discussed in Subsection 3.1, academic papers, standards and specifications, and
support design cases are three main sources of tunnel support design knowledge. The
acquisition of standards and specifications is presented in Fig.7 (a). To ensure the
rationality of the collected standards and specifications, this study initially gathered the
most authoritative and relevant standards and specifications (in Chinese) related to rock
tunnel support design, such as “Code for Design of Railway Tunnel” [12] and
“Specifications for Design of Highway Tunnels” [11]. A total of 13 standards and
specifications were collected to form the core set of standards for rock tunnel support
design, referred to as "Standardcor." Building upon this foundation, these core standards
were used as initial seeds to systematically expand the collection of standards and
specifications. This expansion involved searching for other standards documents that
were either related to the core set or had referencing relationships with them. Ultimately,
this process resulted in the formation of an extended set of standards and specifications,
denoted as "Standardexiend,”" comprising a total of 28 documents.

The acquisition of academic papers is shown in Fig.7 (b). Similar to the collection
process of standards and specifications, a progressive approach using the “Snowball”
method was employed to gather literature relevant to rock tunnel support design in the

field [50]. Firstly, a series of core literature directly related to rock tunnel support design
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was selected as the initial seed. A search was conducted using keywords such as "tunnel
support design" in online databases, and a total of 223 documents were collected.
Subsequently, some literature unrelated to the topic of rock tunnel support design was
excluded. Literature in areas like underwater tunnels, urban tunnels, and soft soil
tunnels, which do not fall within the scope of rock tunnel construction using D&B
methods, was also excluded. This resulted in the exclusion of 56 documents, leaving a
total of 167 documents. Subsequently, based on these 167 core documents, the
Snowball sampling method was employed to identify and acquire other literature
directly or indirectly related to them, gradually expanding the literature collection.
Through this method, in total, 1079 relevant scientific papers and academic articles

were collected through this process.

Standard,yenq 28 in total

{Technical rules for design and
{Technical guide  construction of goaf road) ...

for railway tunnel Reference {Code for design of
construction) ... 13 in total concrete structures) ...
Relevant Extension
4 in total Standard“““’ 11 in total

{Code for Design of Railway Tunnel}
{Specifications for Design of
Highway Tunmels) ...

13 in total

(a) Standards and specifications

Online Keywords, title, Initial collection
| —> .
database abstract of literatures (223)
Manual
Reference screening

Extensions of relation |Core collection of]
literatures (1079) literatures (167)

(b) Academic papers
Fig.7 Data preparation process
This study documented the support design parameters during the survey, design,
and construction phases of a rock tunnel in Yunnan Province, China. It recorded the
preliminary design and construction drawing design of several cross-sections,

collecting data from a total of 17 support types and 367 successfully supported sections.
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These sections serve as the primary data source for rock tunnel support design schemes.

4.2 Data preprocessing

For rule-based knowledge extraction, the acquired textual standards and
specifications need to be processed and converted into the txt format. For statistics-
based knowledge extraction, firstly, different formats of textual data are converted into
txt files. Then, due to the absence of explicit word delimiters in Chinese, as seen in
English with spaces, this study employed Chinese word segmentation to break
continuous sequences of Chinese characters into meaningful lexical units. The Jieba
tool [51], an open-source Chinese segmentation tool based on Python, was utilized for
this purpose. Afterwards, this study employed the Chinese stop-word library to
eliminate stop words in the text. Additionally, it removes numerical values, punctuation,
and other characters to enhance the accuracy of subsequent vocabulary extraction. As
illustrated in Fig.8 (a), the segmented text accurately distinguishes the majority of
vocabulary.

For Al-based (BiLSTM-CRF) extraction, as illustrated in Fig.6, the input of the
BiLSTM-CRF model is Chinese character and the output is the corresponding label.
Hence, in the data preprocessing stage, the raw texts need to be processed into single
character with its label to train the BILSTM-CRF model. Regarding the labels, a total
of 11 topics are summarized by referring to previous studies [3, 20, 37,45], as presented
in Table 1. In terms of annotation format, this study employs the BIO (Begin-Inside-
Outside) labeling style for entity annotation, where each entity type corresponds to two
labels: B for the beginning of an entity, I for the interior words of an entity, and O for
entities not belonging to any label. Hence, 11*2 + 1 = 23 different tags are used for
annotation.

Entity annotation was conducted using the online annotation tool RASA NLU
Trainer [52]. Rasa NLU Trainer is a web-based visualization tool designed to facilitate
the creation and editing of training data for NLP models. The text annotated with RASA

NLU Trainer needs to be processed into the BIO standard format, the process of which
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is illustrated in Fig.8 (b). The text annotated online can be exported as a JSON-
formatted file. By writing code, one can aggregate and count all entities labeled under
each tag, removing duplicate annotations. Finally, the entities and their corresponding
labels annotated in RASA NLU Trainer can be transformed into a BIO-formatted file,
where each line stores a character and its corresponding label. Through this process, the

original text data is ultimately converted into an annotated txt file, containing a total of

140,202 lines with characters and their corresponding labels.

Table 1 Labels for BILSTM-CRF model

Label Explanation Entity examples
Method Construction and design methods D&B method
Numerical calculation...
Tunnel Tunnel parameters Tunnel location
Span...
Structure Tunnel structures excluding Auxiliary tunnel
support Drainage structure...
Activity Activities involved in construction Advanced geological prediction

Surrounding

Material Materials used in the support Rebar
Concrete...
Support Tunnel support Secondary lining
Advance bolt...
Value Properties, physical and Minimum reinforcement ratio
mechanical index Shear stress...
Geology Engineering geology and high ground stress
hydrogeology Large deformation of soft rock...
Reaction Reaction of supports under Longitudinal tension
surrounding rock Lining subsidence...
Facility Facilities Heading machine

Surrounding rock conditions

Surrounding rock reinforcement...
Surrounding rock classification

Weak surrounding rock...

Shield machine...
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Fig.8 Data preprocessing for different NLP methods

4.3 Knowledge extraction results

4.3.1 Rule-based extraction

Based on the established rules, entities and their corresponding explanations can
be filtered from the collected standards and specifications. A total of 314 entities were
extracted in this study. Table 2 presents the results of rule-based entity extraction, which
classifies entities into different topics (see Table 1). From the explanations of these
entities, four types of classification relationships were generalized, including “Typeof”,
“Partof”, and “Sameas”. The relationship “Typeof” denotes a hierarchical relationship

between two entities, where one entity is a type or category of the other entity; the
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relationship “Part of” signifies that one entity is a constituent or part of another entity;
the relationship “Sameas” indicates that two entities are different representations of the
same actual object or concept. Table 3 presents part of the extracted inter-entity
classification relationships.

Table 2 Entity counts of rule-based extraction

No. Topic Examples of entities Count

1 Activity Advance geological forecast, construction monitoring 80
measurement, grouting, blasting...

2 Reaction Loose pressure, deformation pressure, excavation effect, bearing 11
arch, elastic reaction, natural arch, action effect...

3 Structure Open hole, shed hole, shaft, deformation joint... 19

4 Support Lining, invert, spray anchor lining, composite lining, advance 59
support, initial support, secondary lining, steel mesh...

Geology High ground stress, special rock, rock burst, fault fracture zone... 9

6 Tunnel Mountain tunnel, D&B tunnel, deep buried tunnel, design service 41
life, tunnel length, buried depth...

7 Value BQ, integrity index of rock mass, waterproofing grade, ground 37
motion parameter, reliability index, anchoring density...

8  Surrounding Surrounding rock, surrounding rock classification, weak 4
surrounding rock, intermediate rock

9 Method Damage stage design method, allowable stress design method... 20

10 Material Cementing material, hot rolled ribbed bar, full thread fiber 21
reinforced composite material...

11 Facility Formwork trolley, rock drilling trolley, concrete jet machine, 13

grouting machine...

Table 3 Examples of inter-entity classification relationships

No. Head entity Relationship Tail entity
1 Shotcrete Partof Primary support
2 Bolt Partof Primary support
3 Primary support Partof Composite lining
4 Secondary lining Partof Composite lining
5 Self-weight stress Typeof Initial stress
6 Structural stress Typeof Initial stress
7 Loess Typeof Special soil
8 Load structure method Typeof Calculation method
9 Mining method Sameas D&B method
10 Shotcrete support Sameas Shotcrete lining
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4.3.2 Statistics-based extraction

Based on the statistical extraction method, a total of 500 entities were extracted
based on TF-IDF values, i.e., the top 500 TF-IDF values. Fig.9 (a) and (b) specifically
show the entity and corresponding TF-IDF values. It can be observed that entities such
as “anchor rod”, “initial support”, “secondary lining”, “shotcrete”, “arch”, “concrete”,
“steel arch” and “inverted arch” are related to support design and have high TF-IDF
values. Entities related to tunnel structural design and stress analysis, such as
“deformation”, “structure”, “load”, “force”, “stability”, “rock pressure” and ‘“axial
force” also have high TF-IDF values. Entities related to construction methods, tunnel
characteristics, and geological conditions, such as “cross-section”, “engineering”,
“grouting”, “railway tunnel”, “burial depth” and “rock mass” also have high TF-IDF
values. In addition, other entities are related to specific values or coefficients, such as
“spacing”, “thickness”, “strength” and “coefficient”. This distribution is similar to the
results of rule-based entity extraction in Subsection 4.3.1, indicating that a large number

of entities in the text are related to support design, structural calculation, and

construction activities.

Tunnel |
Surrounding Rock J
Anchor Rod |
Initial Support |
Deformation |
Structure |
Secondary Lining |
Parameters |
Load |
Cross-section

Entity

Engineering
Grouting
Arch 4
Concrete 4
Rock Mass 4
Thickness -
Inverted Arch |
Method 4
Bench Face
Spacing

0.0 0.1 0.2 0.3 0.4 0.5
TF-IDF value

(a) The top 20 entity statistics based on TF-IDF values.
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(b) The entity statistics for TF-IDF values ranking from 21 to 40

Fig.9 TF-IDF values for different entities

0.5

The overlapping entities with the rule-based extraction were identified, totaling 44

entities, leaving 456 entities newly extracted through TF-IDF method. However, among

these extracted entities, some are irrelevant to tunnel support design, such as “J&j%5”

(local), “fi B> (arrangement), “ZE¥5> (station), “f=%#k> (high-speed rail), etc. These

irrelevant entities should be excluded. Similar to the rule-based method, this study also

performed topic matching on the newly extracted entities, refining and associating them

with relevant topics, as shown in Table 4, resulting in a total of 104 entities.

Table 4 Entity counts of statistics-based extraction

No. Topic Examples of entities Count
1 Reaction Deformation, axial force, principal stress, lateral pressure, shear 7
stress, stress field, shear force
2 Support Steel arch, shotcrete, steel grid frame, waterproof layer, bottom 8
plate, small guide pipe, arch frame, mortar bolt
3 Geology Sandstone, carbonaceous rock, limestone, schist... 25
4 Tunnel Span, large section, excavation span, mileage, pile number, 9
tunnel site area, tunnel diameter...
5 Value Thickness, spacing, radius, height, diameter, direction, Poisson's 26
ratio, internal friction angle, cohesion...
Surrounding  Plastic zone, joint, fissure, loosening zone, core soil... 10
Method Finite element method, numerical simulation, empirical method, 9

calculation method, excavation method, engineering analogy,
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total safety factor method

8 Material Section steel, I-steel, plain concrete, cement mortar... 10

4.3.3 Al-based extraction

For the preprocessed data from Subsection 4.2, this study utilized the Keras toolkit
in the Anaconda environment for training, employing the Python programming
language. During the training process, the samples (comprising 140,202 annotated rows
of data) were divided into training, validation, and test sets in a ratio of 7:2:1. The loss
variation of the model during training is illustrated in Fig.10 (a). The training loss on
the training set starts from a relatively high value and continuously decreases as the
number of iterations increases, indicating that the model's performance on the training
data gradually improves over time. The testing loss decreases with the increasing
number of iterations but stabilizes around 30 to 40 iterations.

To evaluate the model performance, four metrics are commonly used: Accuracy,
Precision, Recall, and F1 Score. These metrics involve four scenarios: TP (True
Positives), which are the samples correctly predicted as positive; TN (True Negatives),
which are the samples correctly predicted as negative; FP (False Positives), which are
the samples incorrectly predicted as positive; and FN (False Negatives), which are the
samples incorrectly predicted as negative.

Accuracy represents the ratio of samples correctly predicted by the model to the

total number of samples:

. B TP+ TN as)
Y = TP TN+ FP + FN

The overall Accuracy of the model during the training process is depicted in Fig.10

(b). It is evident from the graph that the accuracy on both the training and test sets
improves with an increasing number of iterations, surpassing 90% and reaching around
95%.

Precision is the ratio of samples correctly identified as positive by the model to the

total number of samples identified as positive by the model:
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Precision = ———— (16)
TP + FP

Recall is the ratio of samples correctly identified as positive by the model to the

total number of samples that are actually positive:

TP
Recall = ——— (17)
TP+ FN

F1 Score is the harmonic mean of Precision and Recall, providing a balanced

measure considering both Precision and Recall.

Precision * Recall

Flgeore = (1 + B7) (18)
score P
BZ (Precision + Recall)
3.0 0.95 L
—Training set
284 Test set 0.90
2.6 1 .
2 5. 8 085
g 24 s
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Fig.10 The change in model loss and accuracy during the training process.

In situations with imbalanced datasets, where some classes have significantly
more samples than others, Accuracy value may provide misleading results. For instance,
if one class constitutes 99% of the samples, even a model that simply classifies all
samples into this dominant class would achieve 99% accuracy. However, this does not
necessarily indicate that the model is effective. Therefore, when evaluating model
performance, this study considers other metrics (Precision, Recall, F1-score) to obtain
a more comprehensive perspective. The performance of the model in predicting

different label categories and their respective metrics are presented in Table 5 and

Fig.11.
Table 5 Predicted performance of different labels
Label Precision Recall F1 score Label counts
B_cStructure 0.9474 0.5870 0.7248 92
[ cStructure 0.9494 0.5952 0.7317 126

0) 0.8926 0.9530 0.9218 9936
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B_cSupport 0.7753 0.6603 0.7132 209

I _cSupport 0.8373 0.7753 0.8051 405
B_cMaterial 0.6290 0.5652 0.5954 69
I _cMaterial 0.7591 0.6624 0.7075 157
B _cActivity 0.6923 0.2045 0.3158 44
I _cActivity 0.5556 0.1961 0.2899 51
B_cMethod 0.6250 0.4348 0.5128 23
I _cMethod 0.5893 0.4583 0.5156 72
B_cGeology 0.5732 0.2814 0.3775 167
I _cGeology 0.5459 0.3544 0.4298 285
B _cValue 0.4839 0.2830 0.3571 212
I cValue 0.5731 0.3930 0.4662 369
B_cTunnel 0.2500 0.0909 0.1333 22
[ _cTunnel 0.4500 0.1184 0.1875 76
B_cSurrounding 0.5698 0.6806 0.6203 72
I_cSurrounding 0.4444 0.7529 0.5590 85
B_cActivity 10,14 1.0
B_cFacility
B_cGeology 10.02 0.32 0.05
B_cMaterial 0.01
B_cMethod 0 8
B_cReaction
B_cStructure .
B_cSupport 0.03 . 0.03
B B_cSurrounding 0.01 . 0.04 0.05 0.02 06
E B_cTunnel 0.23 0.01
= B_cValue 0.01 0.21 0.05 0.01 0.01
W
E I_cActivity {0.02 0.14
= )
g |_cFacility
= I_cGeology 0.07 0.05 0.35 0.07 0.4

|_cMaterial 0.03 .
I_cMethod 0.04 .

|_cReaction

|_cStructure -
0.2

|_cSupport {0.02 0.03 0.09 0.02 0.06
I_cSurrounding 0.03 0.05 0.06

I_cTunnel 0.24
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Fig.11 Fuzzy matrix of real label and prediction label.

It is evident that the model’s performance varies significantly across different
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entity categories. High Precision values (e.g., “I_cStructure” with 0.9494) indicate that
the model is generally correct in predicting structure-related entities, while low
Precision values (e.g., “B_cTunnel” with 0.2500) suggest a higher proportion of false
positives. High Recall (e.g., “I cSurrounding” with 0.7529) indicates good
performance in identifying most instances of surrounding-related entities, while low
Recall (e.g., “I_cTunnel” with 0.1184) suggests that many instances are missed. Some
entity categories, such as “I cSupport”, “B_cSupport”, “I cStructure” and
“B_cStructure” exhibit high F1-scores, indicating effective model recognition for these
types. Therefore, the model performs well in predicting entities related to structure,
support, and materials.

However, the model exhibits poor performance in predicting labels related to other
topics such as “Activity”, “Method”, “Geology”, “Value” and “Tunnel”. According to
Fig.11, labels under these five topics are often predicted as the “O” label. The figure
also reveals significant color depths off the diagonal in certain rows and columns, such
as “B_cStructure” (0.03) in the “I cStructure” row and “I_cSupport” (0.05) in the
“I_cSurrounding” column, indicating that the model tends to confuse these entity types,
for instance, incorrectly predicting “I _cSupport” as “I_cSurrounding”. The two main
reasons for these poorer predictive performances are as follows:

1) Imbalanced Data: If the distribution of training data is uneven across different
entity categories, the model may perform poorly on less frequent categories. For
instance, according to Table 5, the number of labels under the “Tunnel” and “Method”
topics is relatively low in the training text, with fewer samples for these entity types
compared to others. The model lacks sufficient data to learn how to accurately identify
these less common entities. Additionally, due to the larger number of entities under the
“0” label, a considerable portion of less frequent entity labels may be misclassified as
“0O”, resulting in poorer predictive performance on small-sample labels.

2) Poor generalization of the model for nested entity recognition: Nested entities

refer to situations where one entity contains another entity [41], which is common in
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texts related to support design. For example, in “#X 7R &t 45 #)” (reinforced
concrete support structure), both “#{ 7V #E 1 (reinforced concrete) and “3¢ 7 4514)”
(Support structure) can be identified as entities, where one entity is part of another.
However, the model exhibits varied performance in predicting different entity labels
due to nested entities. If the annotation of nested entities in the training data is
inconsistent (i.e., sometimes annotating the outer entity and sometimes the inner entity),
it poses challenges for the model's learning process, affecting overall performance.
Nevertheless, overall, the model’s accuracy in extracting most entities, particularly
those related to support and structure, falls within an acceptable range. Hence, this
paper utilizes the well-trained BiLSTM-CRF model to extract entities from the
remaining text. For the well-trained model, inputting the text into the model results in
the extraction of corresponding entities, as illustrated in Fig.12. When new textual data
is fed into the trained BILSTM-CRF model, entities are automatically extracted along
with the labels most likely to correspond to them. Using this approach, entities are
automatically extracted from the remaining unlabeled corpus, yielding a total of 966
extracted entities. After manual review, eliminating duplicates and previously extracted
entities, a total of 802 new entities are obtained, as detailed in Table 6. It can be seen
that entities extracted from unstructured texts (using statistics-based and Al-based

method) account for more than 74% of all the entities.
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3 Table 6 New entities extracted by BILSTM-CRF model
No. Topic Examples of entities Count
1 Activity Grouting backfill, surface vertical rotary jet, small pipe advance 69
grouting...
2 Reaction Longitudinal compression, structural stress conditions, self- 18

supporting capacity of surrounding rock...
3 Structure  Settlement joint, longitudinal expansion joint... 36
4 Support Locking anchor bolt, arch wall lining, radial anchor bolt, 81
retractable steel frame, biased lining, temporary invert...
5 Geology Low gas, frost heaving soil, permafrost, water-rich karst, rock 184
gas, weakly consolidated sand mudstone...
6 Tunnel Design speed, tunnel location, tunnel diameter, loess tunnel... 53
7 Value Aggregate particle size, reinforcement ratio, anchorage length, 194

axial tensile strength, grid spacing, tensile strength. ..

8  Surrounding Extrusion surrounding rock, radioactive surrounding rock... 63
9 Method Elastic foundation beam theory, approximate solution method, 31
local deformation theory...
10 Material Polypropylene fiber, fiber concrete, ordinary Portland cement... 69
11 Facility Shield tunneling machine, open tunneling machine, tunneling 4
machine, equipment
4
5 By using hierarchical clustering approach, non-classification relations between

6 entities were extracted from textual data. In comparison to rule-based classification
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relation extraction, non-classification relation extraction presents potential non-
classification relations in the form of word pairs, amounting to 182 word pairs. Through
manual review, actual non-classification relations were extracted, resulting in a total of
12 new non-classification relations. Table 7 provides partial results of the extraction of

non-classification relations, including spatiotemporal relations, causal relations,

10
11
12
13

restrictive relations, basis relations, usage relations, and attribute relations.

Table 7 The extraction results of non-classification relations.

No. Lexical pair example Relationship Explanation

1 (Geology, lining) Factorof One entity is a factor of another entity

2 (Section, size) Hasattribute There are attribute relationships
between entities

3 (Lining, Geology) Influencedby There is an influence relationship
between entities

4 (Geology, measures) Hasaction Measure or act

(Spray, concrete) Use There is a usage relationship between
entities
6 (Spacing, requirements) Hasrequirement There are restrictions and
requirements between entities
7 (Design, section), (lining, Locatein Spatial relationships between entities

pile number)
8 (Karst, water gushing), Cause
(loess, subsidence)
9 (Design scheme, Accordingto

calculation), (Structure,

standard)
10 (Calculation, Hasoutcome
displacement)
11 (primary support, Priorto

secondary lining)

12 (Strata, cover) Topology

One entity causes another entity to
occur
One entity is based on another entity
Result of entity

Time relationship between entities

Topology relationship between entities

4.4 Development of knowledge graph

Based on the extracted knowledge in Section 4, this paper utilizes Protégé to store

and construct a knowledge graph. Protégé is a widely used free and open-source

ontology editing and knowledge management tool, primarily employed for creating,

editing, and managing ontologies [53].
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In Protégé, to develop the knowledge graph, the process involves initially adding
classes in the Class View, representing the topics described in Table 2. Subsequently,
entities extracted in Subsection 4.3, along with the classification relationships of
“Typeof”, “Part of” and “Sameas” between entities, are added to each class. These
relationships are then visually represented through a hierarchical structure using a
relationship tree. For attributes in the knowledge graph, specifically the extracted
“Value” class, their definition and storage are achieved through Data Properties in
Protégé. As for the non-classification relationships extracted, Object Properties are
defined in Protégé to facilitate the storage of these relationships. An overview of the

established knowledge graph is given in Fig.13, which demonstrates the interconnected

entities and their relationships.

Fig.13 Overview of the established knowledge graph in Protégé

In this study, the established knowledge graph is applied into a practical
engineering project, Laoying Tunnel in Yunnan province, China. The two main
problems encountered in the design process of Laoying tunnel are: 1) the surrounding
rock conditions are poor, mostly IV and V grade surrounding rock; 2) crossing the fault
fracture zone. Fig.14 (a) illustrates the semantic retrieval results for the “surrounding
rock” entity, mainly presenting entities related to surrounding rock and the relationships
between them. It can be observed that “surrounding rock” belongs to the “Surrounding”
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topic and is closely related to entities under the “Activity” topic, such as “monitoring

and measurement”, “tunnel reinforcement” and “preliminary arch construction”.

Additionally, it has connections with entities under the “Support” topic, including

“advance support” and “composite lining”. The box on the far right of the figure

represents specific classification relationships and non-classification relationships

represented by the lines in the graph.
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(b) “Fault” entity
Fig.14 Semantic retrieval and partial extended query results of the entities in the
developed knowledge graph

Fig.14 (b) presents another example in the established knowledge graph, i.e. the
entity “fault-fracture zone”. From Fig.14 (b), it is evident that the “fault-fracture zone”
belongs to two entity categories: “Adverse Geology” and “Geological Structure”. It is
closely associated with activities such as “controlled blasting”, “tunnel reinforcement”,
“monitoring and measurement” and “advanced geological forecasting”. These activities
may lead to phenomena like collapses, mud rushes, and water inrushes, consequently
necessitating alterations in calculation methods and construction approaches. The
bottom-left and bottom-right corners of the figure respectively showcase the results of
expanded queries related to “tunnel reinforcement” and “monitoring and measurement”.
“Tunnel reinforcement” encompasses measures such as lining reinforcement and
anchor rod reinforcement, while “monitoring and measurement” involves monitoring

the mechanical responses of support structures, including rock pressure, settlement

displacement, net clearance convergence, steel frame stress, and anchor rod axial force.
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The established knowledge graph enables both rule-based and case-based retrieval
methods. In rule-based retrieval, support design rules are extracted from relevant
standards and specifications to create SWRL (Semantic Web Rule Language) rules.
These rules facilitate the automatic generation of support design schemes, ensuring
compliance with established guidelines and best practices. For case-based retrieval, the
knowledge graph can employ SQWRL (Semantic Query-Enhanced Web Rule
Language) query methods to identify and retrieve similar cases from the database. This
allows for the application of proven solutions and insights from past projects to current
design challenges, enhancing the efficiency and effectiveness of the design process.
Table 8 presents some examples on how rule-based reasoning and case-based reasoning
can be performed based on the developed knowledge graph.

4.5 Results validation

In this section, the proposed hybrid NLP-based method is applied to tunnel support
design-related texts, and different entities and relationships are extracted to form the
knowledge graph for tunnel support design. On one hand, for the model performance,
subsection 4.3 has analyzed the performance of BILSTM-CRF model in tunnel support
design-related texts. Compared to other similar works, Wu et al. [36] also used
BiLSTM-CRF model to extract entities from text documents and the model accuracy
on different tags was higher than that used in this study. The primary reason for this
difference is that this study involves a greater variety of entity tags. Additionally, a
significant portion of entity tags are labeled as ‘O’, which is the characteristic specific
to texts in the field of tunnel support design. This high occurrence of ‘O’ tags affects
the overall model accuracy. Another study carried out by Peng et al. [19] also used rule
matching to extract structured knowledge and BiLSTM-CRF model to extract
unstructured knowledge of hazard management from texts, but the accuracy of
knowledge extraction remained low due to relatively small training corpus. As
discussed in Subsection 4.3.3, the model used in this study faced the same problem that

it may perform poorly on less frequent tags, but performed well in predicting entities
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related to structure, support, and materials.

On the other hand, to ensure the extracted knowledge comprehensively covers all
core elements of tunnel support design, a thorough evaluation process needs to be
implemented. This process involves comparing the extracted knowledge against
established literature and industry standards to verify its completeness and accuracy.
Zhu et al. [20] extracted knowledge on tunnel construction from the aspects of
personnel, machine, material, method and environment, which are included in the
knowledge categories extracted in this study. The extracted knowledge from different
sources was also compared The extracted knowledge is also checked for conformity
with relevant regulations and standards [11, 12], which specified the factors related to
tunnel support design. After manual check, the extracted knowledge under different
categories is in line with the requirement regulated by relevant standards and

specification.

5 Discussions

The extracted knowledge and developed knowledge graph relevant to tunnel
support design plays a crucial role in practical design by optimizing support schemes
tailored to specific geological conditions and project requirements. Compared with
aforementioned traditional approaches and Al-enabled data-driven methods, the
knowledge graph can integrate the empirical design results using rule-based reasoning
and numerical/analytical calculation results using case-based reasoning. Moreover,
knowledge-graph-based methods excel over Al-enabled methods in their ability to
utilize and derive knowledge systematically, leading to more interpretable and reliable
results, especially under new geological conditions. While Al-based methods often
function as “black boxes” that provide solutions without transparent reasoning, the
developed knowledge graph can use structured rules and logic derived from established
standards and past experiences. This structured reasoning allows for the generation of
support designs that are not only tailored to new conditions but also easily
understandable and explainable to engineers and stakeholders. Moreover, the
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established knowledge graph incorporates real-time site information, enabling dynamic
adjustments and updates to support schemes based on current conditions.

Moving forward, the next phase involves developing rule-based and case-based
repositories. These repositories will serve as essential resources for generating support
schemes precisely attuned to diverse geological conditions and project specifications.
By integrating rule-based algorithms, expert insights, and industry standards into
actionable rules, support design decisions can be guided effectively. Simultaneously,
the establishment of a case-based repository will facilitate the capture and analysis of
past support design instances, extracting valuable insights and best practices to inform
future endeavors. Emphasizing the foundational nature of the knowledge graph
developed in this study, it serves as a cornerstone for subsequent developments,
ensuring a robust and comprehensive approach to advancing tunnel support design.

It should be noted that in this study, the corpus used for constructing the knowledge
graph is primarily in Chinese. However, the methodologies employed are also
applicable to English text corpora or other languages with some adaptations. For rule-
based methods, it is essential to establish corresponding rules specific to English texts
or other languages. This involves formulating extraction rules that cater to the linguistic
and syntactic characteristics of English standards/specifications, similar to the approach
taken with Chinese texts. On the other hand, statistical and Al-based methods require
preprocessing steps that are language-specific. For example, for English text,
tokenization can be effectively handled using tools such as the Natural Language
Toolkit (NLTK) [54]. Once the text is tokenized, the statistical models and Al
algorithms developed for knowledge extraction can be applied without significant
modification. Thus, while there are some language-specific preprocessing steps, the
core methodologies for knowledge extraction remain robust and applicable across

different languages, including both Chinese and English.

6 Conclusion

As a typical knowledge-intensive task, the practical application of tunnel support
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design often relies extensively on experienced engineers or experts who formulate
designs based on their expertise. However, the substantial knowledge sources and
complex interrelationships between factors which have direct or indirect influences on
support design hinder the implementation of knowledge-based support design methods.
To solve such knowledge gap, this study proposed a hybrid NLP-based method to
develop a knowledge graph for rock tunnel design, which extracted entities and
classification relationships from standard specifications using rule-based methods, and
employed statistical and Al-based methods for extracting entities and non-classification
relationships from a large amount of scientific literature, academic papers, and support
design schemes.

Specifically, the rule-based method extracted a total of 314 non-repetitive entities
from 41 standards and specifications, while the statistical method utilized the TF-IDF
model to extract 104 new entities from preprocessed domain texts. The Al-based
method employed the BILSTM-CRF model, trained on a dataset of 140,202 rows
annotated using the BIO method, to automatically extract entities from the remaining
texts. A total of 802 new entities were extracted, and these entities were automatically
categorized under different topics.

Relation extraction involves both classification relation extraction and non-
classification relation extraction. Classification relation extraction is divided into three
types: Typeof, Partof, and Sameas. Non-classification relation extraction uses
hierarchical clustering, calculating vocabulary similarity and inter-cluster similarity,
resulting in 182 pairs of vocabulary. Based on these pairs, through expert review, 11
new non-classification relations were identified, including temporal and spatial
relationships, causality, restriction relationships, basis relationships, utilization
relationships, and attribute relationships.

On the basis of extracted entities, relations, and attributes, knowledge elements
were fused and stored. A knowledge graph was created using ontology-based storage in

Protégé. Entities, classification relations, non-classification relations, and attributes

44



A~ W

10
11
12
13
14
15

16

17
18
19
20

21

22

23

24

25
26
27

were stored sequentially to facilitate the sharing and reuse of knowledge. The
knowledge graph provides functionalities such as knowledge element retrieval,
semantic retrieval, and query expansion, serving as a theoretical basis for support
design.

The work presented in this paper is a crucial step toward knowledge-based support
design, involving the extraction of knowledge and the establishment of a corresponding
knowledge graph. Experimental validation of the knowledge extraction process
demonstrated a high precision and recall rate, confirming the reliability of the extracted
entities and relationships. The established knowledge graph is also applied to a practical
engineering project to showcase applicability. In future work, intelligent support design
will be pursued based on the established knowledge graph, incorporating rule-based
reasoning and case-based reasoning to implement the intelligent generation of support

schemes and parameters.
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