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Abstract

Automated compliance checking for building fire protection design requires accurate ex‑
traction of domain‑specific entities from technical code provisions. However, building
fire protection codes contain highly specialized terminology, hierarchical clause struc‑
tures, and complex regulatory semantics, whichmakemanual information extraction time‑
consuming and error‑prone. This study develops a domain‑specific named entity recog‑
nition approach for Chinese building fire protection design codes. An expert‑annotated
dataset was constructed from five representative codes, containing 2748 annotated provi‑
sions and 13,877 entity mentions across nine entity categories. A RoBERTa‑BiLSTM‑CRF
modelwas then developed to capture contextual semantic representations, bidirectional se‑
quence dependencies, and label‑transition constraints. Results suggest that the proposed
model achieves 88.34%, 88.31%, and 88.32% for precision, recall, and F1‑score, respectively.
The extracted entities can be organized into structured and traceable records, providing a
foundation for downstream building fire protection knowledge management and auto‑
mated compliance checking.

Keywords: building fire protection codes; named entity recognition; pretrained language
model; automated compliance checking; information extraction

1. Introduction
With accelerating automation across the construction industry, building fire protec‑

tion design codes (BFPDCs) play a crucial role in modern construction projects [1]. As
a fundamental standard, BFPDCs are highly specialized and essential to the design, con‑
struction, and acceptance processes of buildings to ensure fire safety [2,3]. Existing BF‑
PDCs are generally presented as long texts, and manually analyzing and extracting key
information from the codes is time‑consuming and error‑prone [4]. Therefore, how to au‑
tomatically and accurately extract key information from BFPDCs to improve the efficiency
of the building design process has become a crucial research question [5].

Named entity recognition (NER) is a foundational task in natural language processing
(NLP), which extracts targeted entities from unstructured text, forming structured knowl‑
edge representations and realizing the transformation from “data” to “knowledge” [6,7].
In BFPDCs, named entitiesmainly include domain‑specific entities such as “building type,”
“space type,” and “code clauses” [8]. However, the specific terms used in architecture are

Buildings 2026, 16, 2770 https://doi.org/10.3390/buildings16142770

https://crossmark.crossref.org/dialog?doi=10.3390/buildings16142770&domain=pdf&date_stamp=2026-07-12
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/buildings
https://www.mdpi.com
https://orcid.org/0000-0001-5384-4686
https://doi.org/10.3390/buildings16142770


Buildings 2026, 16, 2770 2 of 26

unique, and traditional NERmethods, such as rule‑basedmatching or feature engineering‑
based machine learning methods, tend to struggle with field‑specific texts [9]. The main
challenges are as follows: (1) BFPDCs include numerous domain‑specific terms and com‑
plex contextual logic, and (2) the formats and structures of code texts are diverse, making
it difficult for traditional methods to generalize [10,11].

In recent years, automated compliance checking has increasingly been integratedwith
digital construction technologies such as Building Information Modeling (BIM), Artificial
Intelligence (AI), and Digital Twin (DT). In this context, regulatory provisions need to
be transformed into structured and machine‑interpretable knowledge so that they can be
linked with building model information and used for downstream decision support. For
example, Szymczak‑Graczyk et al. developed a DT‑based model for predicting the hy‑
grothermal performance of building materials from moisture permeability tests, demon‑
strating the value of integrating experimental data and computational models for intelli‑
gent decision‑making in building engineering [12]. Therefore, domain‑specificNER can be
regarded as a foundational step for transforming unstructured fire protection regulations
into structured knowledge units for BIM‑based compliance checking and AI‑supported
compliance checking.

Considerable progress has been made in NLP techniques based on pretrained lan‑
guage models [13,14]. Pretrained models gather detailed information related to language
and meaning by learning from large sets of general text, which can be adjusted for spe‑
cific tasks to enhance the results [15]. The pretrained model‑based method provides sub‑
stantial benefits compared with the conventional methods. These advantages include its
capacity to autonomously acquire context‑relevant semantic representations without de‑
pending on hand‑crafted features and adaptability to domain‑specific tasks via fine‑tuning,
which enhances performance on specialized corpora [16]. However, bidirectional Trans‑
former encoders (BERTs), when employed as feature encoders, require integration with
task‑relevant structured models to achieve better sequence labeling performance [17,18].
Deep learning‑based pretrained models and traditional sequence labeling methods have
been widely used for NER tasks [19,20]. However, the combination of these methods to
construct an efficient model to resolve the entity extraction problem in BFPDCs has not
been fully investigated.

To address this challenge, this paper proposes a pre‑trained language model‑based
entity extraction approach for BFPDCs, aiming to improve recognition accuracy and do‑
main transferability. The major contributions are summarized below:

(1) A domain‑specific annotated dataset was constructed from five Chinese building fire
protection design codes, covering 2748 provisions and 13,877 entity mentions across
nine entity categories.

(2) A pretrained model‑based entity extraction method is developed for fine‑grained
entity recognition in highly structured and terminology‑intensive code texts. The
model combines contextual semantic representation, bidirectional sequence model‑
ing, and label‑transition constraints to improve entity boundary recognition and
category prediction.

(3) Experiments show that the proposed method performs well, and a comparative anal‑
ysis with traditional methods further supports its effectiveness.

This paper is organized as follows: Section 2 surveys related work. Section 3 details
our proposed methodology and dataset. Section 4 reports experimental findings and anal‑
ysis. Section 5 compares our approach with representative deep learning baselines, and
Section 6 concludes the paper with a summary of findings and future directions.
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2. Literature Review
2.1. Building Fire Protection Design Codes

The BFPDCs are a crucial regulatory and technical document in the building construc‑
tion industry. Its main purpose is to ensure that the constructed building provides ad‑
equate safety in case of fire. As a core component of building design, BFPDCs provide
detailed specific requirements for fire protection facilities, equipment, fire protection mea‑
sures, and fire protection design [21]. With the continuous development and automation
of the construction industry, these codes have become more detailed and complex in prac‑
tice [22,23].

The specialization and complexity of BFPDCs bring challenges to the identification of
named entities [24]. First, the code language contains an abundance of specialized terms
and industry definitions, such as firewall, fire water source, and fire compartment, which
have strict definitions and specific usage scenarios and are uncommon in ordinary con‑
texts. Second, the standards and requirements involved in code texts are often complex
in terms of technical content as well as multilevel code structure and interrelated provi‑
sions [25]. Manual methods are often inefficient and error‑prone when attempting to un‑
derstand and extract these complex rules and standards. Therefore, accurately recogniz‑
ing and understanding these criteria and requirements automatically has become a central
challenge in NER.

Therefore, NER technology has remarkable application value in building fire design
specifications, which can automatically identify key information from complex text, con‑
siderably lessen the need for manual processing, and enhance the efficiency of information
processing [26]. As NLP technologies advance, NER has become an effective tool for the
text analysis of BFPDCs, enabling efficient and accurate information extraction and pro‑
moting the intelligent process of the building design industry [27,28].

2.2. Named Entity Recognition

Rule‑based NER methods rely on manually formulated rules and patterns to recog‑
nize named entities [29]. They can achieve high accuracy in specific domains when the
domain knowledge is more explicit [30]. However, the design and maintenance of rule‑
based NER methods involve a large number of domain experts, which increases their
development cost, and the rules need to be updated and adjusted accordingly with the
change in domain knowledge [31]. Rules are generally designed for specific types of enti‑
ties, which weaken their ability to recognize novel or unseen entities [32]. Consequently,
rule‑based approaches perform poorly for large amounts of uncertain and changing natu‑
ral language text.

Unlike rule‑based NER methods, statistical models can automatically learn patterns
and laws of entity recognition from data by utilizing large‑scale labeled datasets and ma‑
chine learning algorithms. Common statistical models, such as Hidden Markov Model
(HMM) [33], CRF [34], and Maximum Entropy Markov Model (MEMM) [35], have been
widely used in NER tasks. Despite being simple and effective, HMM results in limited
performance when dealing with complex contexts owing to its difficulty in capturing long‑
range dependencies in sequences [36]. Compared with HMM, CRF can estimate globally
normalized conditional probabilities and model label transition dependencies more effec‑
tively, thus performing better in sequence labeling tasks [37]. The advantage of CRF lies in
its joint decoding over the entire label sequence, which enforces global sequence‑level con‑
sistency and reduces invalid label combinations, making it suitable for tasks that require
structured prediction with global constraints [38].

Deep learning techniques eliminate the need for laborious feature engineering com‑
pared with the machine learning‑based techniques [39]. Multilayer neural networks can

https://doi.org/10.3390/buildings16142770

https://doi.org/10.3390/buildings16142770


Buildings 2026, 16, 2770 4 of 26

abstract data, enabling deep learning models to automatically identify hidden properties.
NER tasks have advanced significantly, particularly with the use of convolutional neural
networks and LSTM networks [40,41]. Alsuwat et al. [42] proposed a model for acquir‑
ing temporal features based on BiLSTM networks, which models contextual dependen‑
cies in both directions. Zhang et al. [43] introduced the BiLSTM‑CRF model, which fully
leverages the benefits of BiLSTM in modeling sequential information and optimizes the
label sequence using the CRF layer to further enhance NER performance. Nevertheless,
deep learning techniques based on BiLSTM and CRF still find it challenging to acquire
large‑scale annotated corpora for model training and consume significant computational
resources [44,45].

2.3. Pre‑Trained Language Models

Pretrained BERT models have made substantial advances in NLP and demonstrated
exceptional performance in a variety of NLP applications [46,47]. BERT has given an out‑
standing performance in information extraction [48], text categorization [49], and auto‑
mated question answering owing to its robust context modeling skills in sequence anno‑
tation [50]. Pretraining on a large‑scale corpus enables BERT to capture richer semantic
information, providing strong support for domain‑specific NLP tasks, particularly in the
research areas of domain knowledge understanding and data enhancement [51,52].

BERT utilizes the bidirectional attention mechanism to capture contextual relation‑
ships, but independent token‑level predictions may lead to inconsistent boundaries for
multi‑word entities [53]. This issue can be alleviated by introducing BiLSTM to further
model sequential dependencies and enhance entity boundary recognition [54]. Moreover,
adding a CRF layer to BERT can ensure the completeness of entity boundaries bymodeling
dependencies between adjacent labels [55].

Even though BERT is trained on a wide range of text and it excels at understanding
language, it does not always effectively handle specialized fields, such as architectural engi‑
neering and fire protection design, as it misses some specific terms and grammar, leading
to misunderstandings [3]. RoBERTa, which is more fully structurally optimized, is cho‑
sen as the base model to enhance the adaptability of the pretrained model in prescriptive
texts, and domain‑specific fine‑tuning strategies are introduced [56,57]. The performance
of themodel in legal, biomedical, and engineering named entity recognition tasks has been
shown to be remarkably improved by fine‑tuning domain‑specific corpora.

In summary, by introducing modules such as BiLSTM and CRF, these difficulties of
the RoBERTa model in NER can be effectively solved, and the accuracy and robustness
of the model can be enhanced [58]. Specifically, BiLSTM helps capture long‑distance de‑
pendencies in text, while CRF can model the dependencies between labels and optimize
the boundaries of entities and the order of labels, making RoBERTa more accurate and ef‑
fective in NER tasks [59,60]. Therefore, the proposed model, which is based on RoBERTa,
BiLSTM, and CRF, uses RoBERTa to understand context, combines with BiLSTM to recog‑
nize long‑distance relationships, and uses the CRF layer to understand how labels relate
to each other, effectively improving the accuracy of NER in BFPDCs.

3. Methodology
Figure 1 presents the overall framework for NER in BFPDCs. The overall workflow

is organized into three steps: data collection and preprocessing, entity classification and
labeling, and the entity extraction model. First, data collection and preprocessing are fun‑
damental to the entire entity extraction process. A large amount of text data was collected
fromBFPDCs, and the data underwentword segmentation and other processing. The com‑
plex building fire protection design knowledge was structured into an easily manageable
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JSON format. Second, entity classification and labeling involve classifying different types
of entities and providing detailed BIO annotations to the text data, ensuring that the data
provides standardized input for subsequent model training. Finally, in the entity recog‑
nition and extraction stage, this paper establishes a RoBERTa‑BiLSTM‑CRF model, which
achieves accurate entity extraction from BFPDCs by jointly leveraging the encoding and
decoding layers.

 

Figure 1. Pretrained model‑based NER framework for BFPDCs.

3.1. Data Collection and Preprocessing
3.1.1. Data Collection

InNER, high‑quality data collection is fundamental to building effectivemodels. This
is especially true for entity extraction from codes related to building fire protection based
on pretrained models, where the quality of labeled data directly determines model perfor‑
mance. Herein, we target entity extraction on BFPDCs. Therefore, data collection should
comply with the relevant requirements of the building fire protection design. Table 1
presents the current major BFPDCs considered.

The data in this study originate from the current effective codes for building fire pro‑
tection design and representative standards in various specialized fields in the building
design process. The reasons behind selecting them are as follows: (1) These codes are
the fundamental documents for fire protection design in China’s building design industry.
These codes, widely used in operations for designing fire protection in buildings, are au‑
thoritative and legally binding. Therefore, the information contained in these codes is quite
useful for identifying entities, (2) These codes cover several important aspects of building
fire protection design, such as alarm systems, fire extinguishing systems, smoke control,
and exhaust. The model can accurately extract different objects using these documents
as a source of information, ensuring that all key parts of building fire protection designs
are included, and (3) a wide range of technical provisions, standard requirements, system
components, and equipment types are included in BFPDCs. By extracting entities in these
standard texts, rich training samples can be provided for the model, thereby effectively
improving its ability to recognize terms in the field of building fire protection.
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Table 1. Primary data sources for BFPDCs.

No. Code for Fire Protection Description

1 Code for fire protection design of
buildings (GB50016‑2014) [61]

This is a basic and comprehensive technical regulation that primarily
regulates the fire protection design of buildings. It is applicable to
newly built, expanded, or renovated industrial and civil buildings,
and it aims to ensure that the buildings can protect the safety of life
and property to the greatest extent in case of fire.

2
General code for fire protection of

buildings and constructions
(GB 55037‑2022) [62]

This specification is a mandatory engineering construction
specification that covers all aspects of building fire protection and
requires the strict implementation of all fire protection design
provisions in engineering construction. This is a comprehensive
requirement for building fire protection technology to ensure that
building design meets safety specifications.

3 Code for design of sprinkler systems
(GB50084‑2017) [63]

This specification specifies in detail the design requirements and
technical standards for automatic sprinkler fire extinguishing
systems, with the aim of ensuring that the system can effectively
extinguish fires when they occur.

4 Code for design of automatic fire
alarm system (GB50116‑2013) [64]

This specification aims to ensure that when a fire catches, the source
of the fire can be discovered and the alarm can be promptly sounded
through the alarm system so that effective measures can be taken.

5
Technical standard for smoke

management systems in buildings
(GB 51251‑2017) [65]

This standard provides technical requirements for the design,
construction, and acceptance of smoke prevention and exhaust
facilities in buildings, ensuring that when it catches fire, the smoke in
the building can be promptly cleared and smooth evacuation of
personnel and firefighters can be ensured.

3.1.2. Data Preprocessing

Note that Table 1 only lists authoritative guidance documents from BFPDCs, which
are highly representative when constructing the entity recognition dataset. As the design
code texts are generally presented in a semi‑structured format, appropriate preprocessing
is required to improve the accuracy of the subsequent NER task. Our preprocessing pro‑
cedure builds on previously published methods.

The structure level of the BFPDCs shown in Figure 2 generally includes chapters, sec‑
tions, clauses, subclauses, and items. Each level represents a different degree of abstraction,
ranging from conceptual provisions to specific operational requirements. Among them,
the chapter is the highest level in a building design code and generally represents themain
part of the code. Sections further refine the content of a chapter, breaking down the broad
areas into multiple more specific parts, each of which generally involves a category of re‑
lated design requirements or standards. Clauses are the core units of content in a specific
section, each defining a specific design requirement or technical standard. Sub‑clauses are
usually further refinements of clauses. The item is the smallest unit in the code and is used
to further refine the specific operational requirements in the clause or subclause or to spec‑
ify specific technical parameters and design requirements. Therefore, in this study, the text
data such as clauses, subclauses, and items are regarded as independent data units, and
each unit is assigned a unique identifier for labeling.

3.2. Entity Type Classification and Labeling
3.2.1. Entity Type Classification

The entities in BFPDCs are classified based on pertinent provisions in China and
the practical requirements of building design and fire engineering. In accordance with
the many phases of building design, functional specifications, technological criteria, and
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regulatory standards, fire protection measures are effectively planned and administered
throughout all stages. Based on the semantic descriptions and document architecture of
diverse information within the code, the entity classifications are reported in Table 2.

 

Figure 2.Text data structure.

Table 2. Entities classification of BFPDCs.

No. Entities Label Description

1 Building Types BT This is a method of classifying buildings as a whole according to standards
such as building function, structural form, risk level, or design purpose.

2 Space Types ST Specific functional usages divide subareas within a building.

3 Fire Protection
Requirements FPR

Fire Protection Requirements refer to regulatory requirements that specify
fire‑safety protection measures, configuration conditions, or protective
provisions that should be provided or satisfied in building fire protection
design.

4 Building Materials BM

Building materials refer to all types of materials used for constructing and
decorating buildings. According to fire safety requirements, building
materials are primarily categorized and regulated based on their
combustion and fire resistance properties.

5 Fire Protection
Facilities FPF Fire protection facilities are systematic equipment used in building design

to prevent, control, and extinguish fire.

6 Functional
Requirements FR

Functional Requirements refer to the operational, control, or performance
functions that a specific fire protection facility, system, component, or space
should possess to support fire prevention, evacuation, smoke control, or
firefighting.

7 Numerical
Requirements NR

Numerical requirements are the standardized regulations for the spatial
dimensions of various key design elements in building design to ensure that
the requirements of the building in terms of functionality, safety, and
operability are met.

8 Laws and
Regulations LR

The design for building fire protection needs to be carried out in accordance
with national and local laws and regulations to ensure that the design plan
meets statutory standards and safety requirements.

9 Standard Provisions SC During the design process for building fire protection, standard provisions
refer to other clauses in this code or other pertinent codes.
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3.2.2. Text Data Labeling

After completing the preprocessing of BFPDCs, the hierarchical structure of the
codes (chapter‑section‑clause/item) is converted into model‑ready samples. The spe‑
cific approach is as follows: First, the original number of each provision (e.g., chap‑
ter/section/clause number) is retained, and then the provision is divided into sentence‑
level/item‑level segments according to the punctuation and item separators commonly
used in Chinese technical standards (e.g., “;”, “.”, “:”, and numbered items). To avoid
information leakage, all segments from the same provision identifier are forcibly assigned
to the same data subset during data partitioning. Each segment adopts the BIO annotation
scheme at the entity span level, where B is assigned to the first token of the entity span, I
to subsequent tokens within the same entity, and O to non‑entity tokens. This design pre‑
serves the traceability of the extraction results back to the original provisions, providing a
basis for evidence location in downstream compliance review.

To improve annotation consistency, this paper compiles annotation guidelines for
fire protection codes, clarifying rules for entity boundary determination, handling of
nested/overlapping cases, and normalization rules. For ambiguous samples, domain ex‑
perts and annotators iteratively discuss and update the guidelines accordingly, and a con‑
sistency review is performed on all data. To further ensure annotation reliability, a subset
of the corpus was independently checked by two annotators according to the predefined
annotation guidelines. Cohen’s Kappa was calculated at the BIO‑label level, achieving
a value of 0.86, which indicates good inter‑annotator agreement. Inconsistent labels were
mainly related to semantically similar categories, such as FPR, FR, and BM, and these cases
were further reviewed and finalized through discussion with domain experts. The struc‑
ture of the annotated data is shown in Figure 3.

 

Figure 3.Text data labeling.

3.3. Named Entity Recognition Model

Herein, a multilayer neural network structure integrating RoBERTa, BiLSTM, and
CRF is constructed to cope with the complex structure and terminology‑intensive NER
task in the CFPDB texts. The architecture is illustrated in Figure 4. In this model, RoBERTa
serves as the encoder to construct a deep language representation based on a large‑scale
pretrained corpus, which effectively captures fine‑grained semantic features in the context
in which the entity is embedded. The BiLSTM module is used to model the forward and
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backward bidirectional dependencies in sequences, which enhances the extraction ability
of long distance‑dependent entities. The CRF decoding layer introduces global constraints
between labels in the output phase, which effectively avoids the generation of illegal la‑
bel sequences. Upon combining these three modules, the model can better capture the
semantic structure of complex regulatory texts and has greatly enhanced consistency and
accuracy in predicting entity labels. The structure performswell in the typical professional
language and highly structural context of building codes, which lays a technical founda‑
tion for the automatic extraction and management of fire protection knowledge.

 

Figure 4. Framework of the RoBERTa‑BiLSTM‑CRF entity extraction model.

3.3.1. RoBERTa Encoding Layer

Herein, RoBERTa is employed as the text encoder for entity extraction on the BFPDCs,
which is primarily responsible for extracting the contextual semantic representations at the
lexical and sentence levels. Figure 4 illustrates the core architecture of themodel. RoBERTa
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is developed based on the Transformer architecture and comprehensively models the con‑
textual dependencies via the multi‑head attentionmechanism to generate deeply semantic
feature representations that effectively support subsequent entity recognition.

Given a sequence X = {x1, x2, · · · , xn}, each token is represented by a fused
embedding formed from the token, position, and segment embeddings, as expressed
in Equation (1).

Ei = TokenEmb(xi) + PositionEmb(i) + SegmentEmb(xi) (1)

where TokenEmb(xi) is the token embedding, PositionEmb(i) encodes the positional infor‑
mation of token at position i through learned positional embeddings, and SegmentEmb(xi)

encodes segment information, which is a constant zero vector in RoBERTa. Let E =

{E1, E2, · · · , En} denote the embedding matrix of the whole sequence.
The Transformer architecture in RoBERTa comprises multiple layers, each containing

a multi‑head self‑attention mechanism and a feed‑forward neural network. For the j‑th
attention head, the query, key, and values are obtained by linear projections:

Q(j) = EW(j)
Q , K(j) = EW(j)

K , V(j) = EW(j)
V (2)

where W(j)
Q , W(j)

K , W(j)
V denote projection matrices and dk is the key/query dimension per

head. The scaled dot‑product self‑attention output of head j is computed as Equation (3).

headj = so f tmax

Q(j)
(

K(j)
)T

√
dk

V(j) (3)

RoBERTa performs attention in parallel with h heads and concatenates their outputs
to obtain the result:

M = Concat(head1, head2, · · · , headh)Wo (4)

where h denotes the number of attention heads, headj denotes the j‑th self‑attention head,
and Wo represents the output projection matrix.

After the L‑layer Transformer, the final output sequence representation is expressed
as Equation (5):

T = {t1, t2, · · · , tn} = RoBERTa(X) (5)

where T represents the contextualized representations, which serve as input to the subse‑
quent BiLSTM layer.

3.3.2. BiLSTM Layer

The BiLSTM layer is used to encode bidirectional context for the sequence, enabling
the model to leverage both preceding and succeeding contextual dependencies. It takes
the RoBERTa output T = {t1, t2, · · · , tn} as input. The forward LSTM reads the sequence
from left to right and updates its hidden state as

→
h i = LSTM f

(
ti,
→
h i−1

)
(6)

where
→
h i denotes the forward hidden state at time step i,

→
h i−1 is the previous state, ti is

the current input, and LSTM f (·) denotes the forward LSTM cell function with standard
gating mechanisms.
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Similarly, the backward LSTMprocesses the sequence in reverse order, computing
←
h i

from the subsequent state
←
h i+1 and the current input ti, as shown in Equation (7):

←
h i = LSTMb

(
ti,
←
h i+1

)
(7)

where
←
h i is the backward hidden state and LSTMb(·) follows the same gating mechanism

as the forward LSTM.
At each position, the forward and backward hidden states are concatenated to form

the bidirectional representation, as expressed in Equation (8):

hBiLSTM
i =

[→
h i;
←
h i

]
(8)

where
→
h i and

←
h i are the representations obtained from the two directional LSTM passes,

respectively. [· ; ·] denotes vector concatenation.
The resulting sequence HBiLSTM =

{
hBiLSTM

1 , hBiLSTM
2 , · · · , hBiLSTM

n
}
provides en‑

riched bidirectional features and is fed into the subsequent CRF layer for structured
label decoding.

3.3.3. CRF Decoding Layer

The CRF layer is adopted to model dependencies among adjacent labels and to gen‑
erate a globally optimal tag sequence. Unlike token‑wise classification, linear‑chain CRF
jointly decodes the entire sequence by considering both emission scores from the BiLSTM
and transition scores between labels, which enforces valid label transitions and improves
sequence consistency.

Given the BiLSTM outputs HBiLSTM, a linear layer produces the emission score vector
at each position i:

pi = WhBiLSTM
i + b, pi ∈ RK (9)

where K is the number of labels, W and b are trainable model parameters, and pi,k denotes
the emission score of assigning label k to position i.

Let A ∈ RK×K be the trainable transition matrix, where Aa,b represents the transition
score from label a to b. For a label sequence y = {y1, y2, · · · , yn} given input X, the CRF
defines a sequence score as

s(X, y) = ∑n
i=1

(
Ayi−1,yi + pi,yi

)
(10)

where y0 denotes a special start label. The conditional probability of y given X is

P(y|X) =
exp(s(X, y))

∑y′ exp(s(X, y′))
(11)

where the denominator sums over all possible label sequences, which can be efficiently
computed using the forward algorithm.

During training, the objective is to maximize the log‑likelihood of the correct label
sequence. During inference, the optimal label sequence y∗ is obtained by finding the se‑
quence that maximizes the conditional probability, as shown in Equation (12):

y∗ = argmax
y

P(y, X) = argmax
y

s(X, y) (12)
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where y∗ represents the predicted label sequence. The decoding process is efficiently
performed using the Viterbi algorithm, which finds the highest‑scoring path through
dynamic programming.

4. Experiment
4.1. Dataset Construction

This study aims to construct an entity extraction dataset fromBFPDCs. The chosen BF‑
PDCs are presented in Table 1. The collected code texts were first preprocessed, followed
by entity classification and manual annotation. In total, 2748 annotated samples were ob‑
tained, with sample lengths ranging from 3 to 233 characters (Table 3). In the experimental
evaluation, a ratio of 8:1:1 was used to divide the training set, validation set, and test set.

Table 3. Statistics of the CFPDB dataset.

No. Code for Fire Protection Number of
Provisions

Length

Min Max

1 Code for fire protection design of buildings
(GB 50016‑2014) [61] 883 7 223

2 General code for fire protection of buildings and
constructions (GB 55037‑2022) [62] 727 3 184

3 Code for design of sprinkler systems
(GB 50084‑2017) [63] 254 7 174

4 Code for design of automatic fire alarm system
(GB 50116‑2013) [64] 439 5 229

5 Technical standard for smoke management systems
in buildings (GB 51251‑2017) [65] 445 5 229

The reasons for not removing regulatory function words and normative expressions
while developing the building fire protection design code dataset are primarily based on
the followingpoints: (1) The text of BFPDCshas a strong structure and regularity, and regu‑
latory function words and normative expressions play an important grammatical function
in it [66]; (2) as a technical document, the language of BFPDCs is rigorous and standardized,
and the regulatory functionwords and normative expressions are often used to connect the
technical clauses, definitions, and conventions, which has an indispensable grammatical
role [67]; and (3) models such as RoBERTa have strong contextual understanding and can
effectively recognize entities without removing regulatory function words and normative
expressions. Therefore, retaining the regulatory function words and normative expres‑
sions may not have a considerable negative impact on the prediction accuracy. The entity
statistics are presented in Table 4, which includes 13,877 labeled entities distributed across
nine categories.

4.2. Evaluation Metrics

This study conducts evaluation at the entity level and adopts three standard metrics
commonly used for named entity recognition: Precision, Recall, and F1‑score. Following
Equations (13) and (14), Precision reflects the correctness of the model’s predicted entity
mentions, while Recall quantifies how many gold‑standard entity mentions are success‑
fully recovered.

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)
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where TP, FP, and FN denote True Positives, False Positives, and False Negatives,
respectively.

The F1 score, computed by Equation (15), aggregates Precision and Recall via the
harmonic mean to summarize their trade‑off, as calculated in Equation (15):

F1 =
2× Precision× Recall

Precision + Recall
(15)

F1 lies in [0, 1] and increases when both precision and recall are high, offering a com‑
prehensive performance metric. Unless otherwise specified, all results reported in this
paper are micro‑averaged scores computed over all entity instances.

Table 4. Entity category statistics.

No. Code for Fire Protection
Number of Entities

BT ST FPR BM FPF FR NR LR SC Total

1 Code for fire protection design of
buildings 712 818 686 132 1298 584 1030 39 139 5492

2 General code for fire protection of
buildings and constructions 531 1051 372 158 617 297 510 0 36 3572

3 Code for design of sprinkler systems 34 111 30 36 552 249 170 4 83 1269

4 Code for design of automatic fire alarm
system 19 328 112 34 832 176 217 5 40 1763

5 Technical standard for smoke
management systems in buildings 20 304 299 57 740 130 239 5 41 1765

Total 1316 2612 1499 417 4039 1436 2166 53 339 13,877

4.3. Experimental Results

In this experiment, key hyperparameters considered during model training include
max_len, learning rate, batch size, and epoch. Furthermore, the partitioning of the training,
validation, and test sets significantly impacts model performance. Combining the statisti‑
cal results in Table 3 with the characteristics of text structure, the max_len is set to 240.
To evaluate the effects of different parameters on model performance, a univariate control
strategy is adopted, where each hyperparameter is varied while keeping the others fixed,
and all configurations are evaluated on the same fixed hold‑out split. To guarantee that
the model has generalization capacity on unseen samples, the dataset is divided into an
8:1:1 ratio of training, validation, and test sets.

Table 5 summarizes the average performance of the RoBERTa‑BiLSTM‑CRF model in
recognizing named entities in BFPDCs under different hyperparameter settings. Results
suggest that the parameters of the learning rate, batch size, and epoch notably affect the
performance of the model. In particular, the model demonstrated the best performance on
average when the learning rate was set to 2× 10−5, the batch size to 8, and the epoch to 90.
These results provide empirical support for model parameter optimization and provide a
reference basis for subsequent model training.

Table 5. Performance under different parameters.

NO. Parameter Value
Evaluation Metrics

Precision Recall F1

1

Learning
Rate

1 × 10−5 0.8757 0.8768 0.8763
2 2 × 10−5 0.8834 0.8831 0.8832
3 3 × 10−5 0.8742 0.8789 0.8765
4 4 × 10−5 0.8724 0.8789 0.8756
5 5 × 10−5 0.876 0.8818 0.8789
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Table 5.Cont.

NO. Parameter Value
Evaluation Metrics

Precision Recall F1

6

Batch Size

8 0.8834 0.8831 0.8832
7 16 0.8653 0.8718 0.8686
8 24 0.8476 0.8606 0.8542
9 32 0.8699 0.8764 0.8731
10 40 0.8607 0.8714 0.866
11 48 0.8515 0.8664 0.8589
12 56 0.8425 0.8615 0.8518
13 64 0.8335 0.8566 0.8449

14

Epoch

10 0.8247 0.8419 0.8332
15 20 0.8527 0.8577 0.8552
16 30 0.8634 0.871 0.8672
17 40 0.8573 0.8747 0.8659
18 50 0.8695 0.8764 0.873
19 60 0.8695 0.8764 0.873
20 70 0.8714 0.8768 0.8741
21 80 0.8714 0.8768 0.8741
22 90 0.8834 0.8831 0.8832
23 100 0.8775 0.8826 0.8801

5. Discussion
5.1. Model Performance Analysis

In theNER task, hyperparameter settings significantly impact themodel performance.
The learning rate, batch size, and epoch are selected for sensitivity analysis to comprehen‑
sively evaluate the model’s robustness and generalizability. This is to explore the fluctua‑
tion of model performance under different configurations to provide theoretical support
and practical reference for subsequent model optimization.

Learning rate significantly affects how quickly and smoothly the model converges.
We therefore tested five values (1 × 10−5 to 5 × 10−5) while keeping all other hyperpa‑
rameters fixed (Figure 5). The learning rate of 2 × 10−5 achieved the best performance,
with the highest F1 score of 0.8832, and exhibited stable convergence. A larger learning
rate may lead to unstable optimization, whereas a smaller learning rate typically results in
slower convergence and may require more training steps. Therefore, we use 2 × 10−5 as
the learning rate in subsequent experiments.

Figure 6a indicates that adopting batch size 8 achieves a higher F1 score, reaching
0.8832. When the batch size increases to 64, the F1 score drops considerably. This may
be because larger batch sizes reduce the frequency and stochasticity of gradient updates,
which canweaken themodel’s adaptability to fine‑grained entity boundaries in a relatively
small domain‑specific corpus. As illustrated in Figure 6b, the F1 improves withmore train‑
ing epochs; however, when epochs exceed 90, the performance of a few batch‑size configu‑
rations starts to decrease, suggesting the onset of overfitting. This indicates that excessive
training may cause the model to further fit domain‑specific expressions and annotation
patterns in the training data while reducing its generalization ability on unseen samples.
Considering both performance and training efficiency, we adopt 90 epochs in this study.

In the NER task, the partitioning strategy of the dataset has a considerable impact on
the training effect. This study adopts three ratio settings to evaluate the impact of different
portioning schemes, and Figure 7 summarizes the comparative results. The results show
that adopting the 8:1:1 split technique enables the model to achieve the highest F1 score.
This ratio provides sufficient training data while reserving appropriate subsets for valida‑
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tion and testing. Both alternative partitioning schemes (7:1.5:1.5 and 6:2:2) result in lower
performance than 8:1:1, possibly because they allocate fewer samples for training. Over‑
all, the 8:1:1 data partitioning method performs well for this task and is recommended for
subsequent experiments.

  
(a) 1 × 10−5 (b) 2 × 10−5 

 
(c) 3 × 10−5 (d) 4 × 10−5 

 

 

(e) 5 × 10−5  

Figure 5. Impact of learning rate on the model.
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(a) Effect of Batch Size on the model (b) Effect of Epoch on the model 

Figure 6. Effect of Batch Size and Epoch on the model.

 

Figure 7. Impact of dataset partitioning on modeling.

5.2. Ablation Experiment and Model Effectiveness Analysis
5.2.1. Comparison of the Adaptability of Various BERT Models

This study compares six mainstreammodels, including the standard BERT, RoBERTa,
MacBERT, ChineseBERT, mBERT, and TinyBERT, to assess the efficacy of BERT and its
variants in the NER task of BFPDCs. Figure 8a depicts the experimental findings for each
model. The results indicate that RoBERTa delivers the best performance, achieving an
F1 score of 0.8832, which is higher than that of the standard BERT baseline. This result
suggests that RoBERTa’s pretraining strategy and representations may be more effective
for this task. Furthermore, MacBERT performs better (F1 score = 0.8736), ranking second
only toRoBERTa. In comparison, ChineseBERT attains an F1 score of 0.8394, indicating that
its performance is relatively lower on this specialized dataset. Although the lightweight
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TinyBERTmodel yields a lower F1 score (0.8501), its smallermodel size and faster inference
potential make it an attractive option for deployment in resource‑constrained scenarios.

  
(a) Different BERT models (b) Ablation experiments 

Figure 8. Effectiveness analysis of RoBERTa.

To further understand how RoBERTa interacts with other modeling components, this
study proposes experiments that eliminate specific structures and examine how well the
combination of RoBERTa‑BiLSTM‑CRF, RoBERTa, and BiLSTM‑CRF performs. As pre‑
sented in Figure 8b, the RoBERTa‑BiLSTM‑CRF arrangement is the most effective at recog‑
nizing entity boundaries and interpreting meanings.

The F1 score for the structure with only RoBERTa is 0.8618, indicating proficient con‑
textual semantic modeling capabilities; nevertheless, it lacks explicit modeling of label de‑
pendencies, resulting in a relatively ambiguous recognition entity boundary. Similarly,
while BiLSTM‑CRF achieves a recall of 0.8719, the absence of pretraining semantic support
may result in a precision of 0.8568, yielding an F1 score of 0.8696, thereby highlighting the
important role of pretrained models in enhancing entity extraction performance.

In summary, the synergistic combination of RoBERTa and BiLSTM‑CRF remarkably
improves the ability to model long‑distance dependencies and professional terminology
structures in BFPDCs texts.

5.2.2. Analysis of the Role of BiLSTM with Parameter Tuning

BiLSTM is introduced as a downstreammodule to further enhance the sequencemod‑
eling capability of the proposed model. Built on top of contextual embeddings, BiLSTM
can better capture word order and bidirectional dependency relationships, which is suit‑
able for sequence labeling in building fire protection codes with complex structures. To
validate the performance of BiLSTM hyperparameters, this study designs parameter ab‑
lation experiments, including num_layers, hidden_size, and dropout, and Table 6 reports
the results.

Experiments show that in a single‑layer BiLSTM, when the hidden_size is 256 and
the dropout is 0.3, the model achieves superior performance, suggesting that an appropri‑
ate model capacity and regularization are helpful in this setting. The two‑layer BiLSTM
structure achieves the highest F1 score in this group of experiments with a dropout of 0.3
and a hidden_size of 256, indicating that a deeper BiLSTM can be beneficial, but its per‑
formance depends on suitable regularization and model size. When the number of layers
increases but the dropout is too small or the hidden size is too large, the model exhibits
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performance fluctuations in some experimental groups, reflecting the sensitivity of the BiL‑
STM structure to hyperparameters in complex tasks.

Table 6.Model performance under different BiLSTM parameter configurations.

Num_Layers Dropout Hidden_Size Precision Recall F1 Score

1 0.2 64 0.8702 0.8768 0.8735
1 0.2 128 0.8705 0.8731 0.8718
1 0.2 256 0.8696 0.8685 0.8689
1 0.3 64 0.8775 0.8672 0.8723
1 0.3 128 0.8685 0.8763 0.8724
1 0.3 256 0.8752 0.8785 0.8768
2 0.2 64 0.8708 0.8776 0.8742
2 0.2 128 0.8734 0.8731 0.8733
2 0.2 256 0.8668 0.8772 0.8720
2 0.3 64 0.8630 0.8731 0.8680
2 0.3 128 0.8811 0.8822 0.8816
2 0.3 256 0.8834 0.8831 0.8832

Figure 9a shows the model performance on the NER task under different BiLSTM
parameter settings. The results indicate that themodel performance generally improves as
num_layers and hidden_size increase within the tested range. When dropout is applied,
the performance is more stable across settings. The best performance is achieved with
num_layers = 2, dropout = 0.3, and hidden_size = 256, reaching an F1 score of 0.8832.

 
 

(a) (b) 

Figure 9. BiLSTM effectiveness analysis. (a) F1 score heatmap for different combinations of hidden
size, dropout, and number of layers; (b) BiLSTM ablation experiments.

Figure 9b further analyzes the contribution of the BiLSTM component via struc‑
tural ablation. Compared with the baseline model (RoBERTa‑CRF), which only includes
RoBERTa andCRF, the RoBERTa‑BiLSTM‑CRFmodel performs better in Precision (0.8834),
Recall (0.8831), and F1 score (0.8832). Although the overall performance of the RoBERTa‑
CRF model remains strong, it lacks additional order‑sensitive sequential modeling in this
setting. In particular, when complex contextual linkages exist between entities, their recall
is lower, at 0.8738.

Comprehensive results indicate that introducing the BiLSTM layer enhances con‑
text modeling capability, particularly for texts containing many professional terms and
long sentence dependencies related to BFPDCs. Its dual‑channel modeling mechanism
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of forward and backward semantics can make entity predictions both more accurate and
more stable.

5.2.3. Comparison with Traditional NER Baselines

To further evaluate the effectiveness of the proposedmodel, traditionalNER baselines
were introduced for comparison, including a rule‑based method, HMM, and independent
CRF. Unlike pretrained language models such as BERT and RoBERTa, HMM and CRF are
traditional statistical sequence labeling models trained directly on the annotated corpus.
The rule‑based method was constructed using domain dictionaries, trigger expressions,
and regular expressions. Specifically, domain dictionaries were developed for common
building types, space types, fire protection facilities, building materials, and regulatory
expressions, while regular expressions were used to identify numerical requirements and
clause references. All baseline models used the same dataset split and evaluation metrics
as the proposed model.

As shown in Table 7, the proposed RoBERTa‑BiLSTM‑CRF model achieves the best
overall performance. The rule‑based method achieves relatively high recall because it can
identify entities with stable terminology and explicit patterns, but its precision is limited
when entity boundaries are long or context‑dependent. TheHMMbaseline obtains compa‑
rable but slightly lower overall performance, indicating that character‑level emission and
transition probabilities are insufficient for modeling complex regulatory semantics. Inde‑
pendent CRF performs better than rule‑based and HMM baselines by using handcrafted
contextual features and structured sequence decoding, but it still lags behind the proposed
model. In contrast, RoBERTa‑BiLSTM‑CRF benefits from pretrained contextual represen‑
tations, bidirectional sequence modeling, and CRF‑based label transition constraints, en‑
abling more accurate recognition of domain‑specific entities in building fire protection de‑
sign codes.

Table 7.Comparison with traditional NER baselines.

Model Precision Recall F1 Score

Rule‑based method 0.4637 0.5487 0.5026
HMM 0.5071 0.4865 0.4965

Independent CRF 0.7608 0.7150 0.7372
RoBERTa‑BiLSTM‑CRF 0.8834 0.8831 0.8832

5.3. Recognition Challenges for Fine‑Grained Entities

Although the model demonstrates high performance in the overall NER task, which
indicates that it has excellent generalization ability in dealing with most of the entity cate‑
gories, it still faces certain challenges dealing with fine‑grained entity categories, particu‑
larly in the context of fuzzy semantic boundaries and functional overlap where the extrac‑
tion accuracy is degraded.

Table 8 indicates that for entity types “FPR” and “FR,” the F1 scores are 0.8037 and
0.8106, respectively, which are much lower than those for clearer categories such as “SC”
(F1 = 0.9811) or “NR” (F1 = 0.9554). This result suggests that when dealing with entity cate‑
gories that have unclear definitions, the proposedmodel struggles to understandmeaning
and pick up important context.

According to the category‑level results in Table 8, BM, FPR, and FR are the most diffi‑
cult entity categories to recognize, with F1 scores of 0.8025, 0.8037, and 0.8106, respectively.
These categories are more challenging because their semantic boundaries are relatively
ambiguous: BM entities are often combined with fire‑resistance properties and numeri‑
cal constraints, while FPR and FR frequently share similar normative expressions such as
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“shall be provided” and “shall meet”. In addition, long clauses containing multiple par‑
allel spaces, facilities, or requirements may lead to omission or boundary errors. These
findings suggest that future work should further refine annotation rules for overlapping
categories and incorporate domain knowledge to improve fine‑grained entity recognition.

Table 8.Model performance of different entity types.

Entity Types Precision Recall F1 Score

NR 0.9479 0.9630 0.9554
BT 0.8943 0.9227 0.9083
FPF 0.8865 0.8804 0.8834
ST 0.8623 0.8843 0.8731
BM 0.8025 0.8025 0.8025
FPR 0.8208 0.7873 0.8037
SC 0.9750 0.9873 0.9811
FR 0.8024 0.8189 0.8106
LR 0.9231 0.9231 0.9231

Table 9 presents representative examples of entity recognition challenges in building
fire protection design codes. These examples show that the proposedmodel performswell
for entities with clear boundaries and stable terminology, but recognition becomes more
difficult when multiple technical meanings are combined in one clause or when different
entity categories share similar regulatory expressions.

Overall, the examples indicate that most recognition challenges are related to entity
boundary ambiguity, category overlap, and long clauses containing multiple parallel enti‑
ties. These cases further support the need to refine annotation guidelines and incorporate
domain knowledge and boundary‑aware constraints in future work.

Table 10 presents the performance of the model under different CFPDB documents.
Themodel exhibits relatively consistent performance in the first three codes, with F1 scores
higher than 0.9255. However, the performance of themodel drops considerably in the code
for design of automatic fire alarm system and the technical standard for smoke manage‑
ment systems in buildings. This performance fluctuation may be related to the differences
in text style, term density, and sentence complexity, suggesting that cross‑code generaliza‑
tion remains challenging under the current setting.

Although the last two codes show lower F1 scores, the overall micro‑averaged perfor‑
mance remains high because entity distributions differ across codes.

Table 11 further explains the cross‑code performance differences using derived statis‑
tical indicators. The automatic fire alarm system code and the smoke management system
standard have high FPF proportions, reaching 47.2% and 40.3%, respectively. Their dense
facility‑oriented terminology, control relationships, and functional descriptions make en‑
tity boundary detection and category classification more difficult, which may partly ex‑
plain their lower F1 scores.

Table 9.Representative examples of entity recognition challenges.

Example Clause Fragment Gold‑Standard Entity Error Type Possible Reason

高层建筑内的中庭回廊应设置
自动喷水灭火系统和火灾自动
报警系统;

高层建筑/BT;中庭回廊/ST;
自动喷水灭火系统/FPF;
火灾自动报警系统/FPF

Correct recognition

The entities are common
fire protection terms with
clear boundaries, so the
model can recognize them
correctly.
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Table 9.Cont.

Example Clause Fragment Gold‑Standard Entity Error Type Possible Reason

二级耐火等级多层厂房和多层
仓库内采用预应力钢筋混凝土
的楼板,其耐火极限不应低于
0.75 h.

二级/NR;耐火等级/FPR;
多层厂房/BT;多层仓库/BT;
预应力钢筋混凝土的楼板/BM;
耐火极限/FPR; 0.75 h/NR

Boundary error

Material entities,
fire‑resistance
requirements, and
numerical constraints
appear in the same clause,
which may lead to
boundary confusion.

湿式系统,
干式系统应在开放一只洒水喷
头后自动启动,预作用系统,
雨淋系统和水幕系统应根据其
类型由火灾探测器,
闭式洒水喷头作为探测元件,
报警后自动启动;

湿式系统/FPF;干式系统/FPF;
洒水喷头/FPF;自动启动/FR;
预作用系统/FPF;
雨淋系统/FPF;水幕系统/FPF;
火灾探测器/FPF;
闭式洒水喷头/FPF;
探测元件/FPF;自动启动/FR

Category confusion

Functional expressions
such as “自动启动” may be
confused with general fire
protection requirements
because they are
embedded in normative
clauses.

系统应由火灾探测器,
手动火灾报警按钮,
火灾声光警报器,
消防应急广播,消防专用电话,
消防控制室图形显示装置,
火灾报警控制器,
消防联动控制器等组成.

火灾探测器/FPF;
手动火灾报警按钮/FPF;
火灾声光警报器/FPF;
消防应急广播/FPF;
消防专用电话/FPF;
消防控制室图形显示装置/FPF;
火灾报警控制器/FPF;
消防联动控制器/FPF

Omission error

Multiple FPF entities occur
in a long parallel structure,
increasing the risk of
missing one or more
facility entities.

Table 10. Performance of models with different codes.

No. Code for Fire Protection Precision Recall F1 Score

1 Code for fire protection design of buildings 0.9263 0.9309 0.9286
2 General code for fire protection of buildings and constructions 0.9239 0.9271 0.9255
3 Code for design of sprinkler systems 0.9333 0.9189 0.9261
4 Code for design of automatic fire alarm system 0.7500 0.7540 0.7520
5 Technical standard for smoke management systems in buildings 0.7401 0.7649 0.7523

Table 11.Derived statistical indicators of different fire protection codes.

No. Code for Fire Protection Mean
Length

Entities per
Provision

Entities per
100

Characters

Dominant
Entity Type

FPF
Proportion

1 Code for fire protection design of
buildings 53.62 6.16 11.48 FPF 23.90%

2 General code for fire protection of
buildings and constructions 40.64 4.91 12.09 ST 17.30%

3 Code for design of sprinkler systems 49.18 5 10.16 FPF 43.50%

4 Code for design of automatic fire
alarm system 46.79 4.02 8.58 FPF 47.20%

5 Technical standard for smoke
management systems in buildings 46.53 4.12 8.86 FPF 40.30%

5.4. Comparison with Existing Literature Methods

To further contextualize the performance of the proposed model, several representa‑
tive NER studies discussed in the related work are summarized in Table 12. These studies
cover technical‑domain NER, Chinese construction document NER, construction risk text
mining, general Chinese NER, and Chinese medical NER. Since the compared studies are
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based on different corpora, entity schemas, annotation strategies, and application scenar‑
ios, the comparison is intended to provide a performance reference rather than a strictly
controlled benchmark comparison.

Table 12.Comparison of named entity recognition tasks in different application fields.

No. Reference Method Application
Field/Corpus

Precision
(%)

Recall
(%)

F1 Score
(%)

1 Chen et al. [9] RoBERTa‑
Attention‑FL

Power dispatch domain
texts 92.53 88.12 90.35

2 Zhang et al. [10] CRF with domain
features

Chinese construction
documents — — 87.9

3 Shishehgarkhaneh
et al. [11]

RoBERTa‑based
Transformer

Construction supply
chain risk news 93.41 80.23 85.8

4 Xu et al. [14] GoalBERT General Chinese
NER/CLUENER2020 80.66 80.31 80.42

5 Chen et al. [16] BERT‑BiLSTM‑
CRF Chinese medical NER 77 79 78

6 This study
Proposed

domain‑specific
NER model

Chinese building fire
protection design codes 88.34 88.31 88.32

Note: “—” indicates that the corresponding value was not explicitly reported in the accessible source.

As shown in Table 12, the proposed model achieves an F1 score of 88.32% on Chinese
building fire protection design codes. This result is lower than the power dispatch NER
model reported by Chen et al. [9], whichmay be attributed to the relatively stable terminol‑
ogy and clearer entity boundaries in power dispatch texts. However, the proposed model
slightly outperforms the CRF‑based Chinese construction document NERmethod [10] and
achieves better F1 performance than the construction supply chain risk NER model [11],
the general Chinese NER model [14], and the Chinese medical NER model [16].

These results indicate that the proposed model achieves competitive performance
under a specialized regulatory‑text scenario. Compared with general‑domain or event‑
oriented texts, Chinese building fire protection design codes contain dense technical termi‑
nology, hierarchical clause structures, numerical requirements, and compliance‑oriented
semantic constraints. These characteristicsmake entity boundary recognition and category
classification more challenging. Therefore, the proposed RoBERTa‑BiLSTM‑CRF architec‑
ture provides an effective solution for extracting structured entities from fire protection
design codes and supports downstream automated compliance checking.

Beyond entity recognition performance, the extracted entities can also provide struc‑
tured knowledge units for downstream decision support in automated compliance check‑
ing. For example, building type, space type, fire protection facility, numerical requirement,
and standard provision entities can support clause retrieval, rule formalization, BIM‑based
checking, and evidence tracing, which is consistent with recent decision‑support studies
showing that structured engineering knowledge can be transformed into practical engi‑
neering decision‑making tools [68].

In a practical automated compliance checking workflow, the proposed NER model
serves as an upstream information extractionmodule. The extracted entities can be normal‑
ized and mapped to BIM information, where space type entities correspond to BIM Room
or Space objects, fire protection facility entities correspond to fire safety components, and
numerical requirement entities can be converted into computable rule constraints. Down‑
stream rule‑checkingmodules can then compare BIM‑derived informationwith structured
regulatory requirements and generate compliance results with traceable code evidence.
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Although this study focuses on Chinese building fire protection design codes, the pro‑
posed framework has potential transferability to other building code systems. When ap‑
plied to international codes such as NFPA, IBC, or Eurocodes, the entity schema, technical
terminology, measurement units, regulatory expressions, and clause structures should be
adjusted according to the target code system. In addition, annotated samples from the tar‑
get corpus are required for model fine‑tuning, and multilingual applications may further
require cross‑lingual terminology alignment and semantic adaptation.

6. Conclusions
Herein, a multilayer neural network model integrating RoBERTa, BiLSTM, and CRF

was proposed to address the challenges of the NER task in codes for designing fire protec‑
tion in buildings. The model could effectively model the terminology and complex seman‑
tic structures in the specification text and outperformed the traditional methods across all
metrics, demonstrating excellent recognition performance.

Specifically, RoBERTa enhances the model’s ability to capture terms in the domain of
building fire protection through deep contextual semantic learning. BiLSTM captured the
forward and backward dependencies of entities in the text and enhanced order‑sensitive
sequence modeling. The CRF layer further optimized the structural consistency of the
label sequences, which can improve the accuracy in recognizing entity boundaries. The
model reached 88.34% precision, 88.31% recall, and 88.32% F1 score on the fire specifica‑
tion dataset, demonstrating its effectiveness in complex scenarios. Beyond model perfor‑
mance, the extracted entities can serve as basic knowledge units for transforming unstruc‑
tured regulatory clauses into structured and traceable code records, thereby supporting
downstream applications such as clause retrieval, evidence‑based compliance checking,
and BIM‑ or document‑based compliance checking.

Although this study achieved encouraging results, several limitations remain. Future
work will focus on three aspects: improving the recognition of fine‑grained entities with
ambiguous boundaries, such as FPR, FR, and BM; enhancing cross‑code generalization for
specialized documents such as automatic fire alarm and smoke management standards
through domain adaptation or incremental fine‑tuning; and supporting practical deploy‑
ment by linking extracted entities with BIM spaces, fire safety components, computable
constraints, and traceable regulatory evidence. In addition, error propagation from NER
to rule checking, model updating after code revisions, and integration with broader BIM‑,
AI‑, IoT‑, and DT‑based fire safety management systems should be further investigated.
Such integration may support downstream applications such as dynamic fire safety as‑
sessment and intelligent evacuation decision‑making [69].
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