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Article History:  Abstract. Named Entity Recognition (NER) is crucial for building knowledge bases and facilitating semantic search in the 
construction industry. While conventional NER models can identify general entities such as spatial and organizational 
information, extracting domain-specific entities, like materials and dimensions from construction-related texts –particu-
larly in Bill of Quantities (BoQ) and Building Information Modeling (BIM) parameters – remains challenging extensive 
manual annotation.

Key entity categories were defined, and datasets from four BoQ and two BIM sources were annotated to establish 
ground truth labels. A semi-automated labelling process was introduced to streamline annotation and improve training 
efficiency. Experimental results demonstrate that the proposed framework reduces annotation time by nearly threefold 
compared to manual processes. This study developed a BERT-based NER model achieving F1 scores ranging from 0.81 to 
0.97, with higher performance for well-defined construction parameters (name, material, size, thickness, diameter, length, 
type: 0.95–0.97) compared to miscellaneous text entities (0.81).

Despite extensive research in construction NLP, existing approaches fail to address the integration challenges between 
heterogeneous BIM-BoQ data formats and lack domain-specific entity recognition capabilities. The extracted entities are 
aligned with standardized formats using semantic text similarity techniques. This ontology-based integration enhances 
data consistency, interoperability, and retrieval accuracy, improving semantic alignment while minimizing discrepancies 
from heterogeneous terminology.
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1. Introduction
Digital Twin technology has emerged as a  key innova-
tion in the construction industry, playing a significant role 
across the design, construction, and maintenance phases 
of the project lifecycle. However, compared to other indus-
tries, the implementation of Digital Twin in the construc-
tion sector faces several challenges. The primary obstacles 
can be categorized into three main issues. 1) Construc-
tion projects generate vast amounts of data from diverse 
sources, 2) the lack of standardized data formats leads to 
poor interoperability between heterogeneous systems, 
and 3) the insufficient integration of various types of con-
struction-related information (Halmetoja, 2022).

The lack of data standardization and integration is 
a key issue hindering the development of digital twins in 
the construction industry. Analysis of the national digital 
twin pilot project identified inadequate standardization as 
a  key issue, which is linked to service model scalability 
(Jeong et al., 2024). Currently, most digital twin implemen-
tations remain at the level of simple 3D modeling visu-
alization or IoT monitoring, necessitating standardization 
across each industry (Yun & Kim, 2022). For the combined 
utilization of individual digital twins created across differ-
ent domains, metadata standards are essential to ensure 
interoperability (Na & Kim, 2024). In the public sector, link-
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ing and expanding digital twins across national territories 
is also identified as a key improvement priority, demon-
strating the urgent need for data standardization and en-
hanced connectivity (Kim et al., 2020).

These issues reduce the applicability of digital twins, 
and to address this problem, Natural Language Process-
ing (NLP) technology becomes a critical issue, especially 
for processing text-based information (specifications, re-
ports, statements, etc.). Although the construction industry 
possesses vast amounts of textual data, existing technolo-
gies for efficient data processing remain inadequate (Jag-
annathan et al., 2022). Therefore, it is essential to develop 
methodologies that can extract and standardize mean-
ingful information from unstructured text data (Wu et al., 
2022b).

This study proposes the application of Named Enti-
ty Recognition (NER) to extract specific entity informa-
tion from large-scale text data in the construction indus-
try. NER has been widely validated in the field of NLP as 
an effective information extraction method. When applied 
to construction, NER offers several advantages. It enables 
the structuring of unstructured text data by automatically 
identifying entities such as locations, materials, workforce, 
and processes in construction project documents, thereby 
enhancing data usability (Jeon et al., 2022).

Furthermore, it facilitates data standardization by in-
tegrating identical concepts across various document for-
mats (Wu et  al., 2022a). Additionally, by improving the 
data quality of Digital Twin models, it enables more pre-
cise information integration and analysis, thereby enhanc-
ing the reliability of decision-making processes (Zhang 
et al., 2023).

Despite these advancements, challenges remain in ap-
plying NER to construction document text. For instance, 
texts in Bills of Quantity (BoQ) descriptions and BIM pa-
rameters often contain construction-specific abbreviations, 
inconsistent terminology, and contextual ambiguities, 
leading to interpretation challenges (Kuiper & Duffield, 
2018). Addressing these issues requires customized solu-
tions, including the development of high-quality ground 
truth labels, optimization of entity recognition models for 
specialized contexts, and integration of ontology-based 
data. Furthermore, the importance of an ontology-driv-
en approach for comprehensive project data management 
has been emphasized. The interoperability between BIM 
systems and other documents has emerged as a  critical 
research area, highlighting the need for standardized data 
exchange formats and structured contextual data systems.

The objective of this study is to extract text-based pa-
rameter information from BIM and BoQ documents, stan-
dardize the extracted data, and establish an ontology-
based integrated metadata framework. This research aims 
to structure unstructured data in the construction indus-
try and enhance data interoperability. The key contribu-
tions of this study are as follows. First, a construction do-
main-specific NER model is developed to automatically 
extract parameter information from BIM and BoQ docu-

ments, generating structured entity data. Second, a map-
ping methodology using Semantic Text Similarity (STS), 
which quantifies the degree of semantic equivalence be-
tween textual entities, is proposed to align extracted en-
tities with standard data formats, thereby improving data 
consistency and usability. Finally, ontology is designed to 
integrate various data sources, enabling efficient informa-
tion retrieval and utilization within the construction indus-
try.

2. Literature review 
2.1. NER development process
Named Entity Recognition (NER) has established itself as 
a fundamental task in Natural Language Processing (NLP), 
playing a  crucial role in extracting valuable information 
from large-scale textual datasets. By identifying and cat-
egorizing entities such as names, locations, dates, and do-
main-specific terms, NER facilitates a wide range of appli-
cations, including information retrieval, semantic analysis, 
and knowledge graph construction (Pakhale, 2023). 

The evolution of NER has been characterized by a tran-
sition from rule-based systems, which heavily relied on 
predefined patterns and linguistic rules, to more sophis-
ticated machine learning and deep learning techniques. 
Early methods, such as Long Short-Term Memory (LSTM), 
Bidirectional-LSTM (Bi-LSTM), and Conditional Random 
Fields (CRF) with static embeddings, were widely adopt-
ed and demonstrated reasonable performance. However, 
these approaches were often constrained by their depen-
dence on handcrafted features, domain-specific challeng-
es, and limitations in handling low-resource languages 
with insufficient training data (Sammet & Krestel, 2023; 
Taher et al., 2020; Zhang et al., 2023).

In contrast, recent years have witnessed ground-
breaking advancements in this field through pre-trained 
language models based on Transformer architectures, 
particularly BERT. These models leverage contextual em-
beddings to capture the semantic and syntactic nuances of 
text, significantly enhancing NER performance. Traditional 
NER models employing static embedding vectors, such as 
Word2Vec and Bi-LSTM architecture, have offered light-
weight models with fast training and inference (Lê et al., 
2019; Yang & Xu, 2020). However, they struggled to in-
corporate contextual information, making it difficult to re-
solve polysemy, infer the meaning of unseen words, and 
capture long-term dependencies in lengthy sentences (Luo 
et al., 2019). In contrast, BERT effectively addresses these 
limitations by utilizing dynamic embeddings that consider 
inter-sentence context and integrating long-range depen-
dencies, making it particularly suited for handling com-
plex NER tasks involving nested and discontinuous enti-
ties (Cho & Lee, 2019; Luoma & Pyysalo, 2020; Xie, 2024). 
In clinical NER tasks, encoder-based models such as BERT 
achieved superior F1-scores of 0.87–0.88 compared to 
LLMs’ 0.18–0.30, with decoder-based LLMs showing poor 
recall despite high precision (Arzideh et  al., 2025). BERT 
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demonstrates advantages in logical reasoning, being im-
mune to the “reversal curse” that affects decoder models 
like GPT and performs better on complex logical reason-
ing tasks (Wu et al., 2024).

Contextual embeddings have proven superior to tra-
ditional word embeddings by adapting to the context of 
individual instances. Studies have reported up to a 13% 
improvement in micro F1 scores for such tasks using BERT 
(Lester et al., 2020; Taillé et al., 2019). Moreover, domain-
specific adaptation of BERT has yielded exceptional results 
in fields like biomedical, financial, and legal NER, where 
domain-specific semantics and regulations pose significant 
challenges (Keshavarz et al., 2022; Pakhale, 2023; Y. Zhang 
& H. Zhang, 2023).

2.2. NLP and data integration in construction
With the increasing adoption of digital technologies such 
as BIM, the Internet of Things (IoT), and Building Automa-
tion Systems (BAS), vast amounts of data are being gen-
erated. However, data silos within the Architecture, Engi-
neering, and Construction (AEC) industry hinder the ex-
change of information between buildings and innovative 
applications due to the lack of a common data represen-
tation (Tang et al., 2022). To address this issue, research in 
NLP has focused on structuring, systematizing, and inte-
grating text data from sources such as BIM and construc-
tion specifications using NER and hierarchical structures.

NLP and Named Entity Recognition (NER) techniques 
play a crucial role in extracting user-intended entity data 
from large-scale construction documents. Extensive NER 
research has been conducted to extract relevant informa-
tion from construction-related texts. For example, an au-
tomated compliance checking (ACC) system for BIM was 
proposed by extracting and standardizing data via Dy-
namo and utilizing BERT embeddings with a BiLSTM-CRF 
model to identify regulatory entities from construction 
specifications, enabling rule-to-model data matching (Li 
et al., 2024). Similarly, a hybrid deep learning model was 
introduced to automate constraint modeling for Advanced 
Work Packaging (AWP) by extracting constraint-related en-
tities from specifications using a BiLSTM-CRF model and 
structuring inter-constraint relationships through a knowl-
edge representation learning (KRL) model to generate 
AWP graphs (Wu et  al., 2021). Moreover, a  BiLSTM-CRF 
model was applied to extract entities, including organiza-
tions, equipment, regulations, and technical terms, from 
Chinese construction documents (Zhang et al., 2023).

To construct hierarchical data structures, various on-
tology-based or data-schema approaches have been 
proposed, including BIM data structuring using Indus-
try Foundation Classes (IFC) standards enabling efficient 
data retrieval from BIM object databases through a natural 
language-based search engine (Wu et al., 2019). Similar-
ly, a methodology was developed to automatically extract 
BIM project-specific properties and integrate them into 
an ontology, enhancing data management and reusability 

while employing a Sentence-BERT (SBERT)-based approach 
for synonym retrieval (Yin et al., 2024). Additionally, a Text-
to-BIMQL framework was introduced, which utilizes Word-
2Vec embeddings and graph neural networks (GNN) to 
convert natural language queries (NLQ) into BIM-specific 
structured queries, facilitating efficient data retrieval (Yin 
et al., 2023). Ontology applications were further expand-
ed by developing a  formalized spatial representation for 
transport assets and utilities, analyzing hierarchical seman-
tic structures, and examining logical relationships in tex-
tual descriptions to improve information extraction strate-
gies (Xu & Cai, 2021).

Despite these advancements, existing studies pres-
ent certain limitations when considering comprehensive 
data integration for digital twin implementation. Single-
system information processing studies have demonstrated 
excellent performance within individual domains or sin-
gle document types, yet their scope remains focused on 
processing within specific systems rather than achieving 
inter-system data integration. Document comparison and 
classification studies have achieved advanced approaches 
and high performance, but are primarily designed for ho-
mogeneous data formats, which limits their applicability 
to resolving structural disparities between heterogeneous 
data sources.

Furthermore, graph-based approaches have shown 
promise for representing construction knowledge. The 
ifcOWL ontology has been developed to represent IFC 
schemas in OWL format, enabling semantic queries across 
building data (Beetz et al., 2009). RDF (Resource Descrip-
tion Framework) and SPARQL queries have been applied to 
building information, primarily focusing on structured BIM 
data rather than unstructured text from documents (Ras-
mussen et al., 2021). However, these implementations typi-
cally rely on manual ontology construction using tools like 
Protégé, requiring extensive domain expertise and time 
investment.

This approach automates entity extraction via NER 
while preserving semantic relationships through STS-
based alignment, enabling automatic mapping between 
unstructured construction documents and structured on-
tological representations – a gap that tools like Protégé 
cannot automatically bridge.

This study extends existing research to extract param-
eter-related entities from construction documents while 
addressing inter-system connectivity challenges, propos-
ing an BERT-NER-based ontology and STS integration 
methodology that enables seamless data connectivity for 
digital twin implementation. The extracted entities will be 
integrated into an ontology using Structured Text Similar-
ity (STS) based on Cost Breakdown Structure (CBS) and 
Engineering Breakdown Structure (EBS), facilitating com-
prehensive data integration necessary for digital twin 
construction through structural integration between het-
erogeneous systems such as BIM models and BoQ docu-
ments.
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3. Methodology 
Ontology is defined as a formal and explicit specification 
of a shared conceptualization, enabling the representation 
of domain-specific knowledge in a machine-readable and 
processable format while incorporating defined constraints 
(Gruber, 1993). Additionally, ontology models semantic hi-
erarchies by structuring and formalizing properties and re-
lationships within classes and instances.

This study aims to construct an ontology for elements 
that constitute BoQ and BIM data and to automatically ex-
tract ontology-defined entities using BERT-based NER. On-
tology not only provides a structured approach to repre-
senting conventions but also enables dynamic integration 
and analysis of entities extracted from BIM and BoQ with 
Cost Breakdown Structure (CBS) and Engineering Break-
down Structure (EBS) datasets. By hierarchically organiz-
ing entities and establishing clear relationships, ontology 
facilitates efficient classification and linkage between BIM 
parameter data and BoQ description data. Furthermore, 
textual data processing extends beyond simple pattern 
matching, enabling conceptual associations between inte-
grated datasets and the analysis of semantic relationships 
within contextual information.

The research framework of this study is illustrated in 
Figure 1 and follows the following process: 

(1)	 To integrate BIM and BoQ information, CBS and 
EBS classes and properties are defined, establish-
ing the foundation for ontology-integrated data. 

(2)	 BoQ datasets from four projects and BIM textual 
data from two projects are used to create training 
and testing datasets for NER (Table 1), following 
the predefined standards in step (1). The BoQ and 
BIM datasets primarily focus on foundational con-
struction, steel-frame construction, and reinforced 
concrete (RC) construction.

(3)	 Through this process, entity data constituting CBS 
and EBS within BoQ and BIM can be identified.

(4)	 Finally, data acquired in step (3) is cross-refer-
enced with CBS defined in step (1) for ontology 
construction and integration, using Semantic Text 
Similarity (STS) – a  computational method that 
measures the semantic equivalence between text 
segments to establish relationships across differ-
ent data sources.

3.1. Metadata for ontology
This section defines the hierarchical structure of metada-
ta constituting the ontology, as well as CBS, the stand-
ardized text that forms this hierarchy. CBS can be struc-
tured according to various criteria based on the needs of 
project practitioners and organizations. In this study, one 
BoQ from the four analyzed projects was selected, and the 
types of specification information were first classified. BoQ 
text was categorized into seven classes: name, material, 
size, type, thickness, diameter, and others. Subsequently, 
text corresponding to specification information and stop 

Figure 1. Research framework for ontology development using BERT-based Named Entity Recognition  
in construction information integration
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Table 1. Project information

Project Country Language Building Type BoQ data BIM data

PJT1 South Korea Korean, English Battery Manufacturing Facility 1,160 0
PJT2 South Korea Korean, English Battery Office Complex 122 8,474
PJT3 Indonesia English Battery Manufacturing Facility 51 20,220
PJ4 Poland English Battery Manufacturing Facility 92 0

Total 1,425 28,694
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words (e.g., special characters) were removed from item 
names to define CBS, which consists of standardized item 
names and a specification template.

The selection criteria for BoQ were based on exclud-
ing three projects written in foreign languages. Among 
the remaining two projects, the one with greater scale and 
functional significance was chosen, incorporating feedback 
from relevant project stakeholders. The development of 
CBS represents a critical preliminary step in this study, as 
the definition of CBS item names directly affects the an-
notation of specification labels. For example, if the BoQ 
description “Auger Crane Equipment Cost, 200 ton” is de-
fined under CBS as “Auger Crane Equipment Cost”, the pa-
rameter information should be annotated as “Other: 200 
ton”. However, if the CBS item name is defined as “Equip-
ment Cost”, the parameter information should be annotat-
ed as “Type: Auger Crane” and “Other: 200 ton”.

The hierarchical structure in this study aims to establish 
a  structured relationship by linking EBS (Element Break-
down Structure) to CBS (Cost Breakdown Structure). EBS 
consists of element parameters in BIM, such as columns, 
beams, and walls, and is further subdivided into smaller 
units than CBS items, which include construction tasks 
like steel member installation and concrete pouring. Ad-
ditionally, BoQ items that are not explicitly modeled in 
BIM result in a  broader range of CBS items. Analyzing 
BIM parameters data revealed six key parameters – ma-
terial, size, type, thickness, diameter, and element – which 

were subsequently defined as EBS components. While EBS 
shares common elements with CBS, such as material, size, 
type, thickness, and diameter, the “element” parameter is 
unique to EBS, containing additional information distinct 
from CBS. A visualization of the CBS-EBS relationship is il-
lustrated in Figure 2.

The comprehensive parameter dataset, encompassing 
the primary parameters of CBS and EBS, serves as an in-
termediate layer standard for aligning heterogeneous BIM 
and BoQ datasets. This allows multiple BoQ items and BIM 
elements to be represented as a single CBS and EBS cate-
gory through many-to-one mapping, providing the possi-
bility of cross-system validation of BIM quantities and BoQ 
quantities. The names and parameter information defined 
for CBS and EBS in this study are extracted as ontology 
classes and properties. The extracted classes and proper-
ties are presented in Table 2.

3.2. NER model development process
The NER model in this study is developed following the 
process outlined in Figure 3. First, based on the CBS de-
fined in the previous section, a manual annotation process 
is conducted to create the initial training and test datasets. 
The annotation follows the guidelines specified in “Meta-
data for Ontology”. Using this dataset, the first NER mod-
el is trained, after which an entity prediction algorithm is 
applied to generate temporary labels automatically for the 
cleaned data of three BoQ projects and two BIM projects. 

Table 2. Ontology class categorization for entity extraction

Class Instance Example Property Description

NAM Name Pile, H-steel hasSYN CBS/EBS has a synonym named NAM
ELE Element Foundation, Column, Beam hasELE EBS has element entity named ELE
MAT Material Concrete, SM355 hasMAT CBS/EBS has material entity named MAT
SIZ Size 300x200x9x14 hasSIZ CBS/EBS has size entity named SIZ
THK Thickness 6t hasTHK CBS/EBS has a thickness entity named THK
DIA Diameter D600 hasDIA CBS/EBS has diameter entity named DIA
TYP Type Micro-Pile, PHC-Pile, H, L hasTYP CBS/EBS has type entity named TYP
ETC Etc. (Random Text) hasETC CBS has etc. entity named ETC

Figure 2. Example of BoQ and BIM data integration through ontology-based entity mapping. The framework shows how CBS and EBS 
entities are extracted via NER and integrated using STS, demonstrated through H-steel structural elements from both data sources

Integrated Ontology Data Example
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The data cleaning process involves handling imbalanced 
data, translation, and special character processing, with 
further details provided in the “Data Pre-processing” sec-
tion. The automatically generated temporary labels were 
evaluated using the first model, achieving an F1 score of 
approximately 83%. The decrease in score can be attribut-
ed to differences in text composition, specifically: (1) BoQ 
and BIM data contain stopwords, while CBS is a pre-pro-
cessed dataset with stopwords already removed, and (2) 
BIM data includes element names and library names that 
are absent in CBS. These discrepancies lead to inconsist-
encies in NER model performance when analyzing BoQ 
and BIM text based on CBS-trained models. After manually 
correcting the wrong temporary labels which rate 17% of 
whole data, the dataset is retrained along with the initial 
training and test data to develop the second NER model.

While a total of 3,610 sentences require annotation for 
the manual annotation process, the semi-automated ap-
proach demonstrates a  substantial improvement in effi-
ciency, reducing the amount of manually labeled data by 
approximately 83% in this study. Since only the remain-

ing 17% of data with incorrect temporary labels from the 
first model requires manual correction, while the accurate-
ly predicted 83% can be directly utilized for training the 
second model.

3.3. NER model architecture
Bidirectional Encoder Representations from Transformers 
(BERT) is a neural network model designed for NLP tasks 
that captures word relationships bidirectionally. In this 
study, a pre-trained BERT model with 110 million param-
eters is fine-tuned for the specific task of entity recogni-
tion to extract contextual features and enhance NER per-
formance. The NER model architecture, which takes a cor-
pus as input and produces tagged output, is illustrated 
in Figure 4. The process of loading the pre-trained BERT 
model is defined as follows: H = BERT(X) where H repre-
sents the final hidden state of BERT, and X denotes the in-
put token embedding vectors. The final hidden state H is 
subsequently processed using a linear transformation and 
a  softmax function to derive the probability distribution 
for entity classification.

Figure 3. NER model development process using semi-automated labeling. Three-stage workflow: (1) initial model training  
with CBS data; (2) automated label generation with initial model; (3) final model training with BoQ and BIM datasets

Figure 4. BERT-based NER Model Architecture. Input tokens are processed through BERT transformer layers to generate contextualized 
embeddings, followed by dense classification layers that output BIO-tagged entity predictions for domain-specific construction terms
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3.4. Data pre-processing
To ensure effective entity extraction from construction 
documents, a structured data pre-processing pipeline was 
implemented. The data pre-processing consists of two pri-
mary stages: cleaning and labeling.

For labeling, entities and relationships were manual-
ly annotated for BoQ descriptions based on the catego-
ries defined in Section 3.1. The initial ground truth da-
taset served as the training set for the first BERT-based 
NER model, which was then used to predict entities for 
the remaining three BoQ descriptions and two BIM param-
eter datasets. The labeled data was then refined through 
a semi-automated correction process, and a second NER 
model was developed.

In the data cleaning process, given the unique char-
acteristics of construction documents, we addressed im-
balanced data, ensured language consistency, and applied 
rules for special characters. Notably, stopword removal 
and case normalization were not applied. Stopwords were 
labeled as “O” to retain their presence in the dataset with-
out affecting model learning, and an uncased pre-trained 
BERT model was used to eliminate the need for case nor-
malization.

1.	Handling Imbalanced Data: Due to the structured 
nature of BIM, parameters such as component prop-
erties frequently appear in large quantities, result-
ing in highly redundant text. Unlike BoQ, where item 
quantities are represented numerically per item, BIM 
software characteristics cause text to be repeated 
as many times as the number of modelled compo-
nents. To mitigate this imbalance, BIM parameters 
with more than four repetitions were removed, while 
BoQ text was augmented threefold using a decoder-
based transformer model.

2.	Special Character and Whitespace Handling: A con-
sistent rule set was applied to process special char-
acters and whitespace. Special characters were either 
modified during cleaning or used as tokenization 
markers in the NER model. Initial tokenization was 
conducted using whitespace and commas, forming 
the basis for secondary tokenization via the BERT to-
kenizer. Since labelled entities were extracted based 
on the first tokenization stage, this process was cru-
cial. Tokenization rules were applied to process the 
text effectively. Whitespace and commas served as 
the primary tokenization markers. Special charac-

ters were manually reviewed in Excel to determine 
whether they required separation. Parentheses were 
replaced with commas to improve parsing. A forward 
slash was inserted between names and descriptions 
to enhance NER accuracy for names. For name text, 
a hyphen was used to join necessary words, while 
for description text, an underscore was used instead 
of spaces to maintain word integrity. For example, 
the text “H-steel/SM355, H-300×200×9×14” was 
processed following these rules to minimize manu-
al data modification. The number of NER training & 
test data is shown in Table 3 for each project.

3.	Language and Terminology Standardization: Con-
struction terminology exhibits significant lexical var-
iation, with the same concept expressed through 
multiple languages, synonyms, and abbreviations. 
This variability degrades NER model accuracy. 
Therefore, a  two-step standardization process was 
applied: terminology standardization via a synonym 
dictionary followed by language standardization 
through a translation API. For instance, “Reinforced 
Concrete”, “R.C”, “철콘”(RC in Korean), and “철근콘
크리트” (Reinforced Concrete in Korean) were all 
unified to “RC”. To address this, a synonym diction-
ary was developed to map variant terms to stand-
ardized forms. During preprocessing, variant terms 
were compiled in two stages. Korean variant terms 
were identified by comparing pre- and post-transla-
tion outputs, while English variant terms were com-
piled during a  provisional labeling stage after the 
first NER. The completed synonym dictionary and 
translation process can be applied to new data, im-
proving prediction accuracy.

The original dataset comprised 30,119 raw sentences 
from BoQ and BIM, from which 3,610 sentences were se-
lected for training and testing. The dataset was split into 
80% training data and 20% test data to develop the NER 
model. This structured methodology ensures high-quali-
ty entity extraction while enhancing the efficiency of text 
processing related to construction.

3.5. Training BERT-based NER model
The training process of the BERT-based NER model used 
in this study consists of the following steps:
1.	BERT Embedding Transformation of Input Sentences

The input sentence undergoes tokenization and is 
transformed through the embedding layer of the BERT 

Table 3. Imbalanced data treatment for NER

Division Language Number of Sentence (Before) Number of Sentence (After)

PJT1 (BoQ → CBS) Korean, English 1,160 1,160
PJT2 (BoQ) Korean, English 122 366
PJT3 (BoQ) English 51 153
PJT4 (BoQ) English 92 276
PJT2 (BIM) Korean, English 8,474 644
PJT3 (BIM) English 20,220 1,011

Total 30,119 3,610
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model. A  tokenizer is used to split sentences into sub-
word units, followed by the addition of a  classification 
token (CLS) and a  sentence separator token (SEP). The 
transformed sentence consists of Token Embeddings (vec-
tors representing each word split into WordPiece tokens), 
Segment Embeddings (vectors distinguishing different 
segments within a  sentence), and Position Embeddings 
(vectors incorporating positional information to reflect 
contextual meaning), which are processed into a 768-di-
mensional input vector and fed into BERT. At this stage, 
each token is labeled using the BIO tagging scheme. ‘B-X’ 
means the beginning of an entity, ‘I-X’ means intermedi-
ate or last token in an entity, and ‘O’ means outside any 
entity class. 

2.	Passing the Embeddings through the BERT Transformer 
Layers
BERT consists of a deep neural network with 12 Trans-

former blocks, each containing multi-head self-attention 
and feed-forward layers that hierarchically apply non-lin-
ear transformations to the input data.

The attention operation in each Transformer block is 
defined as follows:

( ), , ,
T

k

QKAttention Q K V softmax V
d

æ ö÷ç ÷ç ÷= ç ÷ç ÷ç ÷÷çè ø
 	 (1)

where Q, K, and V  represent the Query, Key, and Value 
matrices, and dk is the scaling factor, typically equal to the 
matrix dimension.

( ) ( )2 1 1 2        .FFN x W f W x b b= × × + + 	 (2)

The feed-forward neural network (FFNN) in each layer 
consists of two linear transformations (W1, W2), biases (b1, 
b2), and an activation function f(x). After passing through 
all Transformer layers, the final hidden state (H) of BERT 
is generated.

3.	Adding a Dense Classification Layer for Fine-Tuning
In the NER task, each word must be assigned a spe-

cific entity tag. To achieve this, the H  from BERT is used 
for classification by adding a dense output layer that pre-
dicts entity tags:

( ) ,P softmax WH b= + 	 (3)

where W  represents the trainable weight matrix, b  is the 
bias vector, and the softmax function produces probability 
scores for each token’s entity class.

4.	Optimization
The Adam optimizer is employed for model optimiza-

tion. Adam extends stochastic gradient descent (SGD) by 
incorporating momentum-based learning rate adjustments 
to improve convergence. The weight update rule for Adam 
is given by:
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where gt, is the current gradient, mt represents the mo-
mentum term, and vt is the adaptive learning rate adjust-
ment term.

5.	Loss Function Definition
For training the NER model, Sparse Categorical Cros-

sentropy is used as the loss function, as it is well-suited 
for multi-class classification tasks where labels are repre-
sented as integers instead of one-hot vectors:

( )    log ,i ii
L y y=-å 	 (7)

where yi, is the true label and iy  is the predicted prob-
ability.

6.	Model Compilation and Training Execution
Once the loss function is defined, the BERT-based NER 

model is trained using a mini-batch gradient descent ap-
proach with a batch size of 32 over 10 epochs.

Weight updates are computed using the Adam opti-
mizer, following the gradient of the loss function:

( )1     ,t t L   + = - Ñ 	 (8)

here, η is the learning rate and ( )L Ñ  represents the gra-
dient of the loss function.

The final hidden state (H) of BERT undergoes a  linear 
transformation to generate predictions. During evaluation 
and inference, the highest probability class is selected us-
ing an argmax operation. The predicted entity tags are di-
rectly utilized in the loss function without additional nor-
malization.

3.6. Evaluation of BERT-based NER model
To assess the performance of the NER model, precision, re-
call, and F1-score were calculated using an F1-score call-
back to monitor model performance. The F1-score, which 
represents the harmonic mean of precision and recall, is 
computed as follows:

 1 2 ,Precision RecallF
Precision Recall

´
= ´

+
	 (9)

here:

	■   ;
   
TPPrecision

TP FP
=

+

	■   ;TPRecall
TP FN

=
+

	■ ( )   TP True Positives : The number of correctly predict-
ed positive instances;

	■ ( )   FP False Positives : The number of incorrectly pre-
dicted positive instances;

	■ ( )   FN False Negatives : The number of actual positive 
instances that were misclassified as negative.

The F1-score results for the NER model in this study, 
computed based on the above formula, are presented in 
Table 4.

The “NAM” category achieved a  high F1-score, like-
ly due to its consistent position at the beginning of sen-
tences and the presence of the “/” delimiter. Similarly, the 
“MAT” category achieved a  high score, as it comprises 
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a relatively small number of material types (e.g., Concrete, 
Steel, SM355, SS275), with a substantial amount of training 
data. Additionally, “SIZ”, “THK”, and “DIA” categories per-
formed well due to their frequent association with specific 
textual patterns, such as “x”, “THK”, “D”, and “∅”. However, 
the performance of the “ETC” category was relatively low, 
likely due to low recall (0.73) despite reasonable precision 
(0.92), indicating difficulty in capturing miscellaneous text 
variations with the unstructured, non-repetitive, and in-
consistent nature of the attribute information, which la-
bels specific details (scope of application, number of rep-
etitions, application conditions, etc.).

The Bi-LSTM-CRF approach showed moderate perfor-
mance with F1 scores between 0.80–0.95. While achiev-
ing competitive results for NAM (F1 = 0.95) and DIA (F1 = 
0.95), the model demonstrated significant performance 
drops for technical specifications including LEN (F1 = 0.80) 
and TYP (F1 = 0.83). The model exhibited consistent preci-
sion-recall imbalances, with generally lower precision val-
ues across most categories compared to BERT-NER.

GPT showed the most variable performance with 
F1 scores ranging from 0.84 to 0.96. Interestingly, GPT 
achieved the highest precision scores for several catego-

ries: NAM (0.98), MAT (0.98), and competitive performance 
for SIZ (0.96). However, this high precision came at the 
cost of lower recall, particularly evident in MAT (recall = 
0.73) and NAM (recall = 0.86). The pattern suggests GPT 
adopts a  conservative prediction strategy, making fewer 
but more confident predictions.

The precision-recall trade-off is most pronounced in 
GPT (gpt-4o-mini), which achieves high precision through 
conservative prediction but sacrifices recall. BERT-NER 
maintains the best precision-recall balance across most cat-
egories. The consistent superior performance of BERT-NER  
(average F1 = 0.94) over Bi-LSTM-CRF (average F1 = 0.87) 
and GPT (average F1 = 0.89) demonstrates the effective-
ness of contextual embeddings for construction domain 
NER tasks.

The extracted entity data from BIM parameters and 
BoQ descriptions based on the final NER model are illus-
trated in the following figures.

Referring to Figure  5, it is evident that BIM library 
names and BoQ item names exhibit different structural 
patterns. BIM library names primarily consist of Element, 
Type, and Material, making BoQ item names a more suit-
able reference for annotating ‘NAM’ entities. This ratio-

Table 4. F1 score of BERT-NER

BERT-NER Bi-LSTM-CRF GPT

Label Precision Recall F1 score Precision Recall F1 score Precision Recall F1 score

NAM 0.96 0.97 0.96 0.91 0.99 0.95 0.98 0.86 0.92
MAT 0.97 0.96 0.97 0.80 0.88 0.84 0.98 0.73 0.84
SIZ 0.98 0.96 0.97 0.98 0.81 0.89 0.96 0.96 0.96
THK 0.97 0.95 0.96 0.79 0.87 0.83 0.87 0.89 0.88
DIA 0.98 0.96 0.97 0.93 0.97 0.95 0.95 0.95 0.95
LEN 0.98 0.94 0.96 0.75 0.87 0.80 0.92 0.9 0.91
TYP 0.94 0.97 0.95 0.78 0.90 0.83 0.91 0.96 0.93
ETC 0.92 0.73 0.81 0.76 0.88 0.81 0.84 0.84 0.84

Figure 5. NER results from construction documents: (left) Entity extraction result from BIM parameters;  
(right) Entity extraction result from BoQ description

Raw Text from BIM properties Extracted Entities by NER Raw Text from BOQ properties

Extracted Entities by NER
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nale aligns with the approach taken in the ‘Metadata for 
Ontology’ section, where CBS was constructed based on 
BoQ. Furthermore, since the entities extracted from BoQ 
and BIM have differing naming conventions, a  similarity 
search is conducted in the following section to link them 
based on CBS names.

3.7. Semantic text similarity
While the previous section outlined entity extraction from 
BoQ and BIM sources, these datasets remain independent 
corpora rather than unified datasets. Furthermore, since 
the BIM library name is structured based on element types, 
it is challenging to achieve a one-to-one direct mapping 
with the BoQ, which does not contain element informa-
tion. This issue is also a  common difficulty encountered 
by practitioners when comparing quantities between BIM 
and BoQ.

To address this challenge, this section integrates BoQ 
entities and BIM entities into a unified dataset using STS 
analysis, with CBS as the central reference point (Figure 6). 
The applied STS process consists of the following steps:

1.	Data Pre-processing
Initially, text labeled as ‘O’ (indicating non-meaningful 

tokens) was removed before performing similarity match-
ing. Preliminary tests revealed that the structural differ-
ences between BoQ and BIM data components resulted 
in an initial accuracy of only 0.72. Since BERT embeddings 
are influenced by word order, the placement of BIM el-
ement entities and type entities before material entities 
may have affected this issue. To address this, entity labels 
were automatically reordered in the sequence: NAM  → 
MAT → TYP → SIZ → ELE → ETC, and the following simi-
larity matching algorithm was applied.

Additionally, the CBS items were classified into two 
categories: those with and without BIM modeling. If this 
step were omitted, BIM text such as “RC-Beam, Concrete, 
400×600” would have been matched to the CBS category 
“Concrete Casting”. However, after the reclassification, it 
was correctly mapped to “Ready-Mix Concrete”.

2.	Similarity search

, , ,d
BoQ BIM CBSe e e RÎ 	 (10)

here: 
	■ ,   ,  and BoQ BIM CBSe e e  are text embedding vectors of 
each BoQ entities as query, BIM entities as query, 
and CBS entities as database.

	■ R d is a set of real numbers, and d  is the number of 
embedding dimensions.
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The texts composed of entities from BoQ and BIM re-
spectively, are calculated for similarity with entities from 
CBS. The STS results for the ontology development fol-
lowed a  systematic approach utilizing expert-validated 
ground truth data as the foundation for automated en-
tity extraction and evaluation. Three BIM specialists with 
6, 10, and 15 years of professional experience pre-estab-
lished CBS-BoQ mapping datasets and EBS-BIM parame-
ter matching data, which served as reference materials for 
subsequent NER and STS evaluation. Following text simi-
larity matching, the final accuracy reached approximately 
94%.

The accuracy results for the top 11 CBS items with 
high matching rates among 2,450 total query items from 
BIM and BoQ are presented in Table 5. Cases such as “BH-
steel, Steel-plate, Concrete-casting, Micro-pile-manufac-
turing-and-installation, Steel-stair-installation” achieved 
100% accuracy in CBS item matching, while “C-steel, L-
steel, Pile-drilling-and-driving” demonstrated accuracies of 
71%, 53%, and 0%, respectively. “C-steel, Pile-drilling-and-
driving” items were matched to different CBS items due 
to ELE class entities being positioned at the beginning of 
sentences where NAM class entities are typically located, 

Figure 6. STS process for CBS-centered entity data integration showing: (1) entity extraction from BIM, BoQ, and CBS sources; (2) similarity 
matching algorithm implementation; (3) resulting unified ontology structure with standardized entity relationships and properties

Entity Data by Resources Pseudo-code of STS Building CBS-centric ontology data
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which can be addressed by modifying ELE entity position-
ing. For “L-steel” cases, most queries involved incorrect 
matching of “H-Beam”, which was resolved by converting 
“H-Beam” to “H-steel” through synonym dictionary imple-
mentation.

In the third and seventh items of Table  6, the BIM 
element entity was repositioned to the end of the sen-
tence according to the ‘Data Pre-processing’ step. This ad-
justment was necessary to prevent a decline in CBS text 
matching accuracy when element names appeared at the 
beginning of the text. The seventh item exhibited high 
similarity between “RC” and “RH-Steel”, indicating a need 
to refine the data pre-processing step by automatically 
converting “RC” to “Concrete” in specific contexts.

Through the STS process, previously independent BoQ 
and BIM entities were successfully integrated with CBS as 
the central reference. The NAM entity extracted from BoQ 
and BIM was consolidated as a CBS synonym, while other 
extracted entities were incorporated as CBS entities.

4. Result: Integration of project documents 
for an extended ontology dataset
In the previous section, the extracted entities were inte-
grated as ontology components. The model development 
database was constructed using Excel-based management, 
with Entity-Class mapping sheets systematically created 
through NER to structurally organize entity relationships 
and semantic connections across construction datasets.

The core ontology structure encompasses eight prima-
ry entity classes (NAM, ELE, MAT, SIZ, THK, DIA, TYP, ETC) 
while comprehensively covering commonly used construc-
tion parameter categories. Manual labeling of BoQ from 
representative projects provided the foundation for CBS 
development, with NAM class entities serving as the cen-
tral reference point for ontological relationships.

The developed ontology successfully standardized 
1,160 BoQ items from PJT1 into CBS through expert-val-
idated mapping procedures. A  total of 2,450 items from 
PJT2-4  BoQ and BIM datasets achieved F1 scores rang-
ing from 0.81 to 0.97 after entity and class extraction fol-
lowed by cross-referencing through mapping sheets. The 
extracted entities by class were mapped to CBS with 94% 
accuracy through STS and systematically documented to 
establish semantic connections between heterogeneous 
construction data sources. This framework includes 23 syn-
onyms for Korean-English construction term mapping and 
18 synonyms for English-English construction abbreviation 
mapping, enabling terminology standardization across di-
verse linguistic contexts. Cross-system validation for BIM 
and BoQ entity matching achieved 94% accuracy when 
compared against expert-prepared ground truth datasets. 
This accuracy increased by approximately 4% following 
synonym dictionary construction. This validation process 
confirmed the semantic consistency and practical applica-
bility of the ontological framework for real-world construc-
tion data integration scenarios.

Two key findings emerged during the STS-based data 
mapping process: 1) When calculating text similarity with 
Name Entity and property Entity weighted at ratios of 3:7, 
5:5, 6:4, and 8:2, the 8:2  ratio yielded the lowest accu-
racy at approximately 45%, while the 6:4  ratio achieved 
the highest accuracy at 94%. 2) Although threshold values 
were examined by reviewing correct answers based on text 
similarity values, correct data distributed within a similarity 
range of 0.08–0.74, while incorrect data distributed within 
0.39–0.71, confirming that threshold-based classification 
for answer accuracy was not feasible.

Figure 7 illustrates a conceptual example of an ontol-
ogy for foundation work, steel framework, and reinforced 
concrete (RC) work, defining the hierarchical structure of 
various entities and CBS-specific parameters:

	■ Pile: Represents an entity that defines synonyms, pile 
material, pile diameter, and structural components.

	■ H-Steel: Represents an entity that defines synonyms, 
H-section steel material, H-section steel size, and 
structural components.

Table 5. Accuracy of STS Results by CBS items 

CBS item Right 
Query

Wrong 
Query Accuracy

PHC-pile 122 1 99%

BH-steel 639 0 100%

C-steel 10 4 71%

Steel-plate 10 0 100%

Concrete-casting 236 0 100%

RH-steel 484 14 97%

L-steel 40 36 53%

Micro-pile-manufacturing-and-
installation

10 0 100%

Pile-drilling-and-driving 0 37 0%

Steel-stair-installation 5 0 100%

Table 6. Example of the STS results

Index Query (BoQ, BIM) CBS Results

1 PHC-Pile / RC, ∅500, Foundation_Pile PHC-pile / D500 OK
2 Concrete, MF1, THK.700, Foundation_Slab Reinforced-concrete-casting / Foundation OK
3 CONC, THK200, Basic_Wall Concrete-casting / Wall OK
4 H-Steel / SM 355, H, 582x300x12x17, Structural_Beam RH-steel / SM355, 582x300x12x17 OK
5 Brace-L, SS400, L, 50x50x6, B, Brace L-steel / SS275, 50x50x 4 OK
6 Assembled-Stair / Steel, Stair Steel-stair-installation / 1300x2620x1160H OK
7 RC, 400x1650, Structural_Beam RH-steel / SHN275, 400x400x13x21 NG
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	■ Painting: Represents an entity that defines synonyms, 
paint type, and additional descriptions. Since paint-
ing is not modeled in BIM, it does not contain an ELE 
(Element) entity.

	■ Ready-Mix Concrete: Represents an entity that de-
fines synonyms, concrete material, concrete thick-
ness, and structural components.

This example serves as a prototype for how the pro-
posed ontology structures CBS and EBS data. For instance, 
“hasMAT” in BoQ and “hasMAT” in BIM can be linked to 
facilitate comparisons of quantities and construction costs.

This study reduced manual effort and improved ef-
ficiency while maintaining high accuracy. A  comparative 
analysis of the manual annotation process and the pro-

posed automated pipeline highlights substantial improve-
ments (Table 7).

For a total of 3,610 sentences requiring annotation, the 
manual annotation process takes approximately 28 sec-
onds per sentence (appx.28hrs in total), while post-correc-
tion of automatically generated labels takes about 9 sec-
onds per sentence (appx. 3  hrs in total). Therefore, the 
semi-automated approach demonstrates a substantial im-
provement in efficiency, reducing the amount of manual-
ly labeled data by approximately 83% and the processing 
time by approximately 70%, resulting in a time reduction 
of 90% and an accuracy improvement of 9% compared to 
fully manual labeling methods for a new NER model de-
velopment.

Figure 7. Example of Ontology Result Data transforming heterogeneous source data (CBS, BoQ, BIM) into unified CBS structure 
 with standardized entity-property relationships and cross-system synonym mapping capabilities

Data classified by Source

Data classified by CBS
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Beyond efficiency gains, the integration of ontology-
based structured metadata further optimized data clas-
sification and interoperability between BoQ description 
and BIM parameters. The alignment of extracted entities 
through semantic text similarity (STS) reduced discrepan-
cies in naming conventions, facilitating consistent data 
retrieval and analysis. The results confirm that BoQ item 
names serve as a more suitable reference than BIM library 
names for defining standardized entities.

This study also highlights critical considerations for 
applying NER to construction domain text. Unlike gen-
eral-purpose entity extraction, BoQ and BIM data exhibit 
domain-specific abbreviations, non-standardized terminol-
ogy, and contextual ambiguity, requiring tailored prepro-
cessing and annotation strategies. Our findings suggest 
that the proposed approach can be adapted to other do-
mains with appropriate modifications.

5. Conclusions 
This study proposed an automated NER and ontology-
based integration framework for extracting and linking 
entities from BoQ descriptions and BIM parameters with 
minimal human intervention.

The current technical framework establishes a founda-
tion using software architectures including TensorFlow for 
deep learning operations and Hugging Face Transformers 
for BERT model deployment. Separate translation process-
ing through Google Translate API demonstrated improved 
accuracy compared to the BERT-multilingual models when 
validated with the Korean-English dataset.

However, deployment challenges arise from the sub-
stantial computational requirements and complex depen-
dency management inherent in BERT-based systems, ne-
cessitating model compression and minimization through 
Docker containerization and cloud deployment via Kuber-
netes orchestration for enterprise-scale applications.

This study processed over 30,000 sentences using CSV 
file-based data management through the Pandas library. 
To address scalability constraints in future enterprise de-
ployment, more robust solutions are required, such as Par-
quet for enhanced processing speed or relational database 
systems (e.g., SQLite, PostgreSQL) for concurrent user en-
vironments and data integrity assurance.

The developed ontology framework can enrich the 
contextual understanding of construction data and ad-
dress the industry’s growing demand for integrated proj-
ect management platforms. When synchronized in real-
time across heterogeneous software environments via API 
endpoints and integrated with work breakdown structures 

(WBS), cost information, and quantity data, the ontolo-
gy framework can support seamless project management 
integration across design, procurement, and construction 
phases. 

Design applications benefit from parametric rule vali-
dation and standardized vocabularies, while procurement 
processes gain automated quantity verification and sup-
plier integration capabilities. Construction phase opera-
tions achieve enhanced progress tracking and quality con-
trol through consistent data categorization and reporting 
frameworks. Additionally, project progress monitoring be-
comes feasible through data integration between design 
BIM, construction BoQ, and as-built BIM. This advance-
ment ultimately promises improved efficiency, accuracy, 
and project management effectiveness through compre-
hensive information integration throughout the construc-
tion lifecycle.
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