
based knowledge extraction has emerged as an efficient -structured sources, machine learning

-Given the prevalent challenge of fragmented information within unstructured or semi

 .(Zhang, Ye et al. 2023)projects 

g across different construction experience gaps, have hindered the pace of digital transformin

challenges, that includes data fragmentation, weak data governance, large knowledge and 

of urban infrastructure, may also stand to benefit from these technologies. Nevertheless, 

as a component  . While the highway sector,(Ma and Lin 2023)and green economic performance 

(BIM) necessitate robust information management as an enabler to facilitate smart infrastructure 

odelling rely heavily on data and models, such as Digital Twin and Building Information M

indicated, technologies that  Bolton, Butler et al. (2018)transformation in the highway sector. As 

identified as a cornerstone within the realms of digitization, digitalization, and digital 

. In detail, information management has been 023)Road & Transportation Builders Association (2

American , UK (2021)us institutions and agencies such as the National Highways by prestigio

The digital transformation of urban infrastructure has been championed as a pivotal strategy 

 

 INTRODUCTION

 

 driven progress in the field.-furthering data

omise for better data management and interdisciplinary collaboration in highway projects, pr

domain concepts, enhancing data management and project collaboration. This method shows 

and the outcome links highway  ,3 referenced classes-Chinese standards, linked via ISO 12006

graphs and saved as OWL ontologies. This approach yielded 158 graphs from are formatted into 

sets for iterative learning. The best results  prediction and manual corrections refine training data

-ostAdditionally, plevel ontology and relationship classification. -3 as upper-ISO 12006

using  ecognitionR ntityE amedor tasks such as Nutilized on small training sets f areCRF -BERT

and  ,ERTCRF, B-BiLSTM-CRF, TextCNN-standards. Machine learning models like BiLSTM

article introduces a method for creating an automatic knowledge extraction model for highway 

sets. To tackle these issues, this  hindered by complexity, ambiguous definitions, and varied data

systems is often  transportationtransportation efficiency. However, data exchange between 

driven strategies for improving -Advancements in informatics have led to numerous data
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major stages: (1) collecting relevant Chinese standards for the highway sector as the research 

cy and reliability. The framework is delineated into three extraction framework, enhancing accura

machine learning, this research aims to create an adaptable and continually improved knowledge 

standards in the construction industry. Emphasizing the integration of human intelligence with 

established -following well highway knowledge extraction, it is crucial to curate datasets

have been limited, with varying classes of interest across domains. To enhance automation in 

based knowledge extraction -learning for automation. Historically, datasets for machine learning

hine knowledge extraction framework that combines manual expert verification with mac

To cumulates shareable knowledge in the highway industry, this study introduces a Chinese 

 the complexity before these ontologies can be effectively implemented.

ired to manage of various ontologies, each with their unique scope. However, expertise is requ

effort works have demonstrated the existence -provided concepts for the highway industry. High

have  Diraby and Kashif 2005)-(El, in addition, HiOnto (Du, Wei et al. 2023)(ATU) ontology 

Assessing The Underworld d, ground, and utility concepts are covered by Classes (IFC). Roa

have extend concepts from the Industry Foundation  Lamallam, Sebari et al. 2021)-(Aitontology 

systems and products in the construction industry. In the infrastructure sector, IFCInfra4OM 

domain ontologies which include general entities, such as processes, actors, level conceptual 

introduced Domain Ontology for Construction Knowledge (DOCK) as a high has  Diraby (2013)

-ElFor instance, been constructed manually by experts and scholars in the construction industry. 

in the construction sector, domain ontologies have  purposes. To enable the data sharing aspect

box) and relationship by defining clear axioms of the concepts for different scope of work and 

-box), assertion individuals (A-graphs, ontology focuses on explainable conceptual classes (T

. Different to knowledge Chen, Chen and Cheng 2018, de Aguiar Corrêa, Jehel et al. 2021)

( knowledge gaps, and facilitates reasoning across various contexts within the construction sector 

digitally, its high degree of interoperability and shareability bolsters data distribution, bridges 

As ontology can be stored . (de Sousa Ribeiro and Leite 2021)nce explainable artificial intellige

as a data representation of data, information, and knowledge that enforce symbolic and 

In the computer science sector, ontology has been used management in the construction sector. 

f domain ontologies has enhanced knowledge Furthermore, manual development o

 automation for knowledge extraction, with a heavy reliance on training sets.

. In relation to that, machine learning, including deep learning, provides Matthes 2018)

(Waltl, Bonczek and and sentence structure to create rules that effectively capture concepts 

on, it requires a level of expertise in linguistics based knowledge extraction offers high precisi

-have been proposed. While rule (Zhang, Xu et al. 2022)and machine learning  and Zhou 2021)

(Liu, Hua based extraction -based (Wu, Lin et al. 2022), pattern-been proposed, including rule

ety of knowledge extraction techniques have structured data, a vari-from unstructured or semi

To construct the triplets the description of relationships between data elements using predicates. 

predicate, and object), which are a fundamental component of graph data structures, facilitating 

a subject, , etc. Specifically, knowledge graphs are constructed from triples (consisting of 2023)

(Ramonell, Chacón and Posada , digital twins (Pauwels, Costin and Rasmussen 2022)buildings 

, smart (Hu, Leng et al. 2022)driven applications in the construction industry, such as BIM 

-lt, knowledge graphs may enhance datascattered data into integrated knowledge, and as a resu

. Furthermore, knowledge extraction is one of the way to compile (Petrasch and Petrasch 2022)

, and reused (Liepert, Stary et al. 2023), shared (Hodapp and Hanelt 2022)can be processed 

nevertheless, however, the more effectively the data is organized, the more easily the information 

structured and unstructured formats, -ed in structured, semisolution. Data can be stor



 

more significant than the latter. Referring to these levels, the standards with pertinent to the 

, with the former considered (China Communications Standards Association 2018)standards 

dards and enterprise levels: national standards, sector standards, local standards, association stan

related to knowledge in this research. Specifically, Chinese standards are categorized into five 

review and discussion have been selected as the sources for extracting concepts extensive peer 

. To ensure mutual agreement and clear definitions, standards that have undergone (Newell 2015)

to prevent misunderstandings and promote effective implementation  definitions are necessary

from various levels of standards. Since consensus is crucial in knowledge management, clear 

In the initial phase of this study, 158 data sources for knowledge extraction have been chosen 

 

 task.

for next training  finalized tripletsexperts (5) Reclaim the  domainhecking by cManually 

(4)  ionredictp for newataset d Extended(3)  evaluationraining and Model tatasets (2) d

agging t(1) Manual Training process of the knowledge extraction framework:  :1Figure 

 
 

 shown in Figure 1). the triplets before it being added to the dataset for later round of training (as 

checking and feedback from highway domain experts have been involved to ensure the quality of 

iplet can be constructed using the outcome of the two minor tasks. Next, manual and object of a tr

pronged approach, the subject, predicate, -direction of the relationship in a triplet. With this dual

tuned with two different sets of categories, which involve the type and -model has been fine

task of RC, the BERT sequence classification for our specific NER task. For the subsequent 

balances individual model strengths with our dataset’s needs, aiming to optimize performance 

understanding, lead in NLP benchmarks and provide a broad contextual view. This selection 

trained language -their pre, with (Hu, Zhang et al. 2022) CRF-BERT(4) and  Chang et al. 2019)

(Devlin, BERT (3) s for local feature detection, enhanced by CRFs. )CNN( neural networks

uses convolutional  (Long, Yuan et al. 2018, Zhang and He 2022)CRF -CNN-Text(2) . (CRF)

Conditional Random Fields and emory networks (BiLSTM) Merm T-hortSong bidirectional L

excels in sequence context via  (Dai, Xiao et al. 2019)CRF -BiSLTMbeen employed. (1) 

have models the following For NER,  Recognition (NER) and relationship classification (RC).

Overall, knowledge extraction task has been bifurcated into two minor tasks: Named Entity 
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 oncepts, and (3) constructing triples by categorizing relationships between identified entities.c

dataset, (2) identifying entities and properties in the standards aligned with construction industry 



 

Standards Code No. Selected Standards 

ach class has an , eSubsequentlyextracted with the classes associated to the labels. identified and 

By applying this tagging to the text extracted from standards, relevant concepts can be easily 

 entity.

be assigned a label indicating whether it is the beginning of an entity, inside an entity, or outside 

n English word in the sentence will entities within a given text. In detail, a Chinese character or a

is a widely employed technique in natural language processing (NLP) for annotating and labeling 

e BIO tagging system is being utilized. This system, short for Beginning, Inside, and Outside, th

Furthermore, to capture the beginning and the end of the character of the entity in the text, 

 been selected for the NER tagging task. 

shows, 23 classes under have  2relevant to the highway industry has been established. As Figure 

ibing general concepts 3. As a result, a comprehensive framework for descr-IFC and ISO 12006

extended to encompass the classes that are of interest in standards and not explicitly covered by 

e knowledge extraction approach for the highway domain. Additionally, concepts are being in th

exploration of the standards ensures the incorporation of comprehensive and pertinent concepts 

both versions for tagging in the NER process have been carried out by this research. This 

ction, the identification and selection of relevant concepts from counterpart. Despite this redu

resulting in a reduction in the number of constrained concepts when compared to its 2016 

3, -research. Nevertheless, changes have been implemented in the 2022 version of ISO 12006

level ontology in this -3 serves as an upper-06concepts in BIM and data dictionaries, ISO 120

3. Designed for -the NER process, recourse has been taken to the IFC schema and ISO 12006

specific classes applicable to -standard and the IFC schema. To establish a consensus on domain

3 -nded from the ISO 12006Moreover, classes for the NER task have been selected and exte

 and standards of the targeted domain.

RC models, as well as for ensuring that the extracted knowledge meets the specific requirements 

raining sets and may improve the performance of the NER and increases the reliability of the t

and deduplicating, have been applied to homogenize the data. The preparation of these datasets 

removing, character correcting  noiseseparating, data cleaning and preprocessing steps, such as 

ndards mentioned above. During divided into sections and sentences after collecting sta

and natural language processing (NLP) methodologies. In detail, textualized data has been 

background in engineering. This approach ensures a robust foundation for our machine learning 

experts with a  highway industry, manually crafted datasets are being prepared by domain

specific datasets tailored for NER training and RC within the -address the absence of domain

In the second stage, datasets have been prepared for the subsequent tasks of NER and RC. To 

 

 6 CJJ, CJJ/T related Standards-Urban Construction Industry Engineering

 79 JTG, JTG/T Technical Standards of Highway Engineering

 61 JT, JT/T Transportation Industry Standards

 12 GB, GB/T Chinese National Standards

 : The number of different categories of standards selected for this research.1Table 

 

 are listed in Table 1.

e been selected for this research, and the number of each standard categories highway sector hav



 

 

hip category denoted as , with the assignment of a relationsFigure 4constructed, as illustrated in 

tuning BERT for RC is being systematically -“demolished”. In parallel, the dataset for fine

, “requireStatus” has been assigned from the activity “cleared” to the status 3Figure 

in  Moreover, a singular relationship category has been assigned to entity pairs as exemplified

 ambiguous but perceptible relationship.

“isReferencedTo” series characterizes dependency relationships, and “isRelatedTo” records an 

relationship. Additionally, the for an activity, while the “has” signifies a containment 

Specifically, the “require” series of relationships elucidates the mandatory elements essential 

 in the standards, have been introduced and cataloged in Table 2. 

delineating the activities specified Hence, in preparation for the RC task dataset, 35 relationships, 

and their corresponding sentences, integrating a classification for relationship with direction. 

On the contrary, datasets for the RC task have been compiled by concatenating paired entities 

 

 .for NER task a sentence: An example of BIO tagging in 3Figure 

 
 

 and extended classes. (ISO 2018), IFC schema (ISO 2022) 3:2022

-, ISO 120062016)(ISO  3:2016-: Relationship between classes from ISO 120062Figure 

 
 

 are connected. 

road”. With that in mind, it is better to tag the entire concept with one entity if its components 

are the “stone” and "soil" with a status of being “located on the  explicitly specify that its targets

“ifc:Product” that is cleared. However, the term “cleared” as an indicator of “xtdActivity” should 

can be tagged as an  3example, the entities “soil” and “stone” in the sentence shown in Figure 

ntity in the sentence. For deciding whether it should be tagged as a class is the semantics of the e

Furthermore, in contrast to the traditional NER approach, the primary factor in associated label. 



 

 

CRF reached 87.54, outperforming -extracting entities within the dataset. The F1 score for BERT

CRF's notable proficiency in accurately identifying and -the F1 score, showcased BERT

well in the RC task. The evaluation, conducted using variants assessed and BERT model perform 

performing model among the four -CRF emerged as the top-In the results of NER, BERT
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 three random shuffles are conducted to achieve a robust and diverse training process.

58 standards. For RC, of the dataset, with the optimal configuration chosen for processing the 1

framework. The training specifics involve utilizing the best outcomes from five random shuffles 

models, ultimately enhancing their accuracy and efficacy in the knowledge extraction 

 iterative process of training and evaluation ensures the refinement and optimization of the

the precision and the recall from the test dataset, which is 0.1 size of the training set. This 

orrectly identifying entities and their relationships by considering the models' performance in c

robust metric, considering both precision and recall. It provides a comprehensive assessment of 

entities within the given context. The evaluation method involving the F1 score serves as a 

ochs to understand associations between particularly those based on BERT, are trained for 20 ep

exercise in NER. The NER task utilizes 30 epochs for training, in contrast, RC models, 

tune -has been utilized as the pretrained model of the BERT fine (Devlin, Chang et al. 2019)

chinese -base-effectively discern and extract entities from textual data. In this research, bert

ed to tun-CRF have been fine-CRF, BERT, and BERT-BiLSTM-CRF, TextCNN-BiSLTM

and their performance is being assessed using the F1 score. In the realm of NER, models such as 

After setting up the datasets for both NER and RC, various models have undergone training, 

 

 (CLS and SEP are token required in BERT for sentence separation)

: Concatenation of Entities (with the class label), and the corresponding sentence. 4Figure 

 
 

 

 irection): Relationship categories (without d2Table 

 

 relationship” category, associated with 35 original categories, each associated with a direction.

-backwards.” Hence, this yields 71 relationship categories, including a “No-“requireStatus



isReferencedTo” series of “require” series, indicating constraints on each activity. The “the 

cal connections between activities, and hasSubTask”, denoting hierarchi“relationships such as 

at various stages in the highway life cycle. Most of these activities are associated with 

12,107 entities. This is understandable as standards predominantly encompass activities relevant 

vity, totaling been identified within the 158 standards. The class with the highest count is xtdActi

relationships have 183,582 In the results of both NER and RC, a total of 125,692 entities and 

 

 Varied Training Set Sizes in RC Task

F1 Score in RC Task; (D) F1 Score with wise -Training Set Sizes in NER Task; (C) Epoch

wise F1 Score in NER Task; (B) F1 Score with Varied -(A) Epochsize of the training set. 

: Evaluation of each model in NER and RC task according to epoch number and 5Figure 

 
 

 

 

 erns within larger datasets.capacity to capture intricate patt

incremental accuracy gains as the training set size expanded, showcasing their adaptability and 

). All four models exhibited Figure 6in a systematically improved performance (as shown in 

ss varying instances and resulting contributing to the models' ability to generalize effectively acro

that the steady increase in accuracy may be attributed to the uniform distribution of the dataset, 

). It is noteworthy to mention 5Figure ed as the size of the training set grows. (shown in observ

results of RC in three rounds steadily increase throughout the epochs, and the increase is also 

). Moreover, the 5Figure the size of the training set increased from 500 to 1800 (as shown in 

model demonstrated a consistent and gradual improvement as  Moreover, the accuracy of each

emphasizing its superiority in the NER task within the knowledge extraction framework. 

CRF in capturing patterns within the textual data, -underscores the efficacy of BERT

). This outcome 5Figure CRF, and BERT (as shown in -STMBiL-CRF, TextCNN-BiSLTM



 

 

ne advancing knowledge extraction in the highway sector, emphasizing the synergy of machi

framework accommodates such changes through slight modifications. This study contributes to 

ite variations in relationship categories in different contexts, our flexible their adaptability. Desp

scalability of models, evidenced by accuracy growth with an expanded training set, underscores 

“require”, and “isReferencedTo” played pivotal roles in defining structures and references. The 

Key relationships such as “hasSubTask”,  reflecting the emphasis on highway life cycle stages.

The analysis revealed 125,692 entities and 183,582 relationships, with xtdActivity dominating, 

CRF's effectiveness. -standards. The NER task, evaluated with the F1 score, highlighted BERT

nships from 158 models showcased superior performance in extracting entities and relatio

for knowledge extraction in the highway sector. The integration of domain expertise and various 

CRF, -In conclusion, our study successfully employed machine learning, specifically BERT

 

 CONCLUSION

 

 extractions from the result produced by this research.

to record the relationship. This may be a direction of the future research regards to deep semantic 

ies may not be the most effective way relationships become more complex, and fragmented entit

only allows a single interpretation of the sentence. With more fragmented tagging, the 

broken down due to the limitations of POS Tagging in NER. This is because BIO POS tagging 

components are not well Since entities are extracted based on the sentence's meaning, some 

As a limitation of this research, deep semantics from the statements haven’t been extracted. 

 

 : Distribution of each class in NER training set6Figure 

 

 s to the relationship categories.modification

of textualized text beyond standards. This framework accommodates such variations with slight 

standards. However, it's important to note that relationship categories may vary for different sets 

lates the graph generated from the highway sector documentation. This summary encapsu

relationships is also prevalent, linking the current standard to policies and external 
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