
 

 
© 2026 The authors. This is an open access article under the Creative Commons Attribution 4.0 International License 
(https://creativecommons.org/licenses/by/4.0/). 

Review 

How Does Intelligent Construction Drive 
Prefabricated Construction from Synergistic 
Mechanisms to Engineering Applications 
Rui Sheng 1, Jinan Ma 2, Feng Pang 1, Jianan Wen 1, Huijun Wu 3, Yingjie Xu 4, Qingfeng Bie 5, 
Xianxin Yin 5, Guanqun Li 5, Xianfeng Zhao 5, Guoqing Wang 6, Benkai Li 1, Teng Gao 1,  
Jingang Sun 1, Yonghong Wang 1 and Xiao Ma 1,* 

1 Key Lab of Industrial Fluid Energy Conservation and Pollution Control, Ministry of Education,  
Qingdao University of Technology, Qingdao 266520, China; qlshengrui@163.com (R.S.); sdqdpf777@126.com (F.P.); 
jianan_wen@163.com (J.W.); lbk@qut.edu.cn (B.L.); gaoteng@qut.edu.cn (T.G.); sdhzsjg2358015477@163.com (J.S.); 
wangyonghong@qut.edu.cn (Y.W.) 

2 Beijing Anxing High-Tech New Energy Development Co., Ltd., Beijing 102600, China; mjn_axgk@163.com (J.M.) 
3 School of Civil Engineering, Guangzhou University, Guangzhou 510006, China; wuhuijun@tsinghua.org.cn (H.W.) 
4 School of Mechanical Engineering, Zhejiang University of Technology, Hangzhou 310014, China;  

xuyingjie@zjut.edu.cn (Y.X.) 
5 Hisense Air-Conditioning Co., Ltd., Qingdao 266736, China; bieqingfeng@hisense.com (Q.B.);  

yinxianxin@hisense.com (X.Y.); liguanqun@hisense.com (G.L.); zhaoxianfeng@hisense.com (X.Z.) 
6 Hisense Refrigerator Co., Ltd., Qingdao 266071, China; wangguoqing@hisense.com (G.W.) 

* Corresponding author. E-mail: maxiao@qut.edu.cn (X.M.) 

Received: 8 June 2026; Revised: 9 July 2026; Accepted: 17 July 2026; Available online: 24 July 2026 

 
ABSTRACT: As the construction industry shifts toward industrialization, digitalization, intelligence, and 
low-carbon development, prefabricated intelligent construction has emerged as a key pathway for 
enhancing efficiency, quality control, resource utilization, and full life-cycle management. Yet existing 
studies remain largely confined to single-technology applications, local process optimization, or isolated 
engineering cases, lacking a systematic grasp of the field’s development trajectory, knowledge structure, 
research hotspots, and future challenges. Addressing this gap, this study presents a bibliometric review 
aimed at clarifying the research evolution, core knowledge domains, technological frontiers, and 
application-oriented challenges in prefabricated intelligent construction. Based on the Web of Science Core 
Collection, 583 journal articles published from 2015 to 2025 were retained after standardized search and 
screening. Using VOSviewer and bibliometrix, the study analyzed publication trends, subject distribution, 
national and institutional collaboration, author networks, keyword co-occurrence, thematic clustering, and 
research frontiers. Compared with traditional narrative reviews, this approach integrates quantitative 
bibliometric analysis with thematic content interpretation, constructing a panoramic and dynamic analytical 
framework for the field. Research shows that prefabricated intelligent construction underwent a leap from 
initial exploration to rapid expansion during 2015–2025, with publications and citations from 2023–2025 
accounting for 76.16% and 84.07% of the total sample, respectively, establishing it as an active research 
frontier. In the global landscape, China contributes prominently in output volume, while Australia, the 
United States, the United Kingdom, and Germany demonstrate relatively high per-publication impact. The 
disciplinary structure is dominated by engineering, construction, and building technology, supported by 
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multidisciplinary intersections, forming three major research hotspots: the integration of prefabricated 
construction and intelligent technologies, process innovation and intelligent equipment, and structural 
performance and engineering applications. In essence, this field represents a full life-cycle construction 
paradigm arising from the deep coupling of industrialization, digitalization, intelligence, and performance 
control. Future breakthroughs are needed in four dimensions: full life-cycle data standards, digital twin-
driven closed-loop platforms, equipment–process collaborative optimization, and multi-scenario 
engineering validation to drive the transition toward large-scale application. 

Keywords: Prefabricated construction; Intelligent construction; Life-cycle management; Intelligent 
equipment; Construction inspection and monitoring; Structural performance; Engineering applications 
 

1. Introduction 

Against the backdrop of the global construction industry’s accelerated transition toward high-quality 
development, green and low-carbon transformation, and sustainable construction [1], intelligent 
construction has become an important direction for promoting technological innovation and restructuring 
production modes in the industry [2]. As a comprehensive development paradigm formed through the deep 
integration of new-generation information technologies and engineering construction [3], intelligent 
construction connects key stages such as design, production, construction [4], and operation and 
maintenance through digital modeling, intelligent sensing, data interconnection [5], and collaborative 
decision-making. It promotes the transformation of the construction industry from traditional extensive [6], 
experience-based, and fragmented management toward a new model characterized by data-driven decision-
making, system integration, and whole-process collaboration [7]. It should be noted that intelligent 
construction is not the simple application of a single technology [8], but a complex system encompassing 
multiple technological branches and application forms, including prefabricated construction, green 
construction, smart operation and maintenance, digital twins, and intelligent construction processes [9]. 
These branches differ in their research objectives and technical implementation approaches, yet they 
collectively serve the goals of industrialization, digitalization, and green transformation in the construction 
industry [10]. Among them, prefabricated construction, with its industrialized features of factory 
prefabrication and on-site assembly [11], is widely regarded as one of the most representative and readily 
implementable application scenarios of intelligent construction [12]. 

With the continuous evolution of intelligent construction technologies [13], the integration of 
prefabricated construction with key technologies such as BIM, the Internet of Things, artificial intelligence, 
robotics, and digital twins has continued to deepen [14]. Prefabricated construction has gradually evolved 
from the traditional model of component prefabrication and on-site installation into a full-process 
collaborative system covering intelligent design, automated production, smart construction, and digital 
operation and maintenance, namely, intelligent prefabricated construction [15]. This system is based on the 
industrialized organizational mode of prefabricated construction and supported by digital models and 
intelligent technologies. Through component design optimization [16], automatic control of factory 
production, precise coordination of on-site assembly, and condition monitoring and smart management 
during the service stage, it enables information continuity and collaborative operation throughout the full 
life cycle of building products [17]. Compared with traditional prefabricated construction, intelligent 
prefabricated construction not only significantly improves component production accuracy, construction 
organization efficiency [18], and quality control capability, but also demonstrates stronger systematic 
advantages in resource optimization, whole-process traceability, and the implementation of green 
construction [19]. As shown in Figure 1, intelligent prefabricated construction is not a mechanical 
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superposition of intelligent construction and prefabricated construction [20]; rather, it is a targeted 
evolutionary form generated by the deep coupling of construction industrialization and construction 
intelligence, and represents the concretization and further development of the intelligent construction 
concept in prefabricated construction scenarios [21]. 
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Figure 1. Coupling Mechanism of Prefabricated Construction and Intelligent Construction. 

Driven by policy support, growing industrial demand, and the iterative advancement of key 
technologies, intelligent prefabricated construction has become a research hotspot of increasing interest to 
both academia and industry in recent years. Relevant studies have been widely distributed across multiple 
areas, including intelligent design algorithms, automated production of prefabricated components [22], 
intelligent monitoring of construction processes, quality traceability, and full life-cycle digital twins [23]. 
Overall, research in this field shows a continuous increase in publication output, an ongoing expansion of 
research topics, and a significantly strengthened trend toward interdisciplinary integration [24]. However, 
most existing studies still focus on single-technology applications, local process optimization, or specific 
engineering practices, while systematic investigations into the overall development trajectory, core research 
forces [25], knowledge structure, hotspot evolution, and potential research gaps in intelligent prefabricated 
construction remain insufficient [26]. Against this background, a panoramic, structured, and dynamic 
review of the field through the integration of bibliometric analysis and content analysis can not only help 
reveal its development patterns and research frontiers [27], but also provide more systematic references for 
subsequent theoretical advancement, technology integration, and industrial practice [28,29]. 

As shown in Figure 2, the annual publication output in the field of intelligent prefabricated construction 
generally exhibits a continuous upward trend, with a marked acceleration since 2020 and a peak in 2025. 
This indicates that, under the combined influence of sustained policy support, upgraded industrial demand, 
and the accelerated penetration of digital technologies, intelligent prefabricated construction has gradually 
become an important research frontier at the intersection of construction industrialization and intelligent 
construction. In terms of publication distribution by country or region, China ranks first with 349 
publications, demonstrating its leading position in this research field. This is closely related to China’s 
recent policy orientation toward promoting the coordinated development of new-type construction 
industrialization, prefabricated buildings, and intelligent construction. Further analysis of major 
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contributing institutions shows that Chinese universities, including Hebei University of Technology, 
Shenzhen University, South China University of Technology, Chongqing University, and Tianjin 
University, constitute important research forces in this field, indicating that universities play a crucial 
supporting role in knowledge production, key technology development, and theoretical innovation. 
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Figure 2. Development Trends and Research Distribution of Intelligent Prefabricated Construction. 

Meanwhile, the thematic evolution path shown in Figure 2 suggests that the integration of prefabricated 
construction and intelligent construction is not a simple superposition, but is continuously deepening along 
several directions, including BIM-driven information interconnection, the involvement of robotics and 
automated equipment, intelligent monitoring of construction processes, factory–site integrated collaboration, 
and platform-based and digital twin-enabled evolution. This demonstrates that intelligent prefabricated 
construction is developing rapidly, with digital design, automated production, intelligent construction, 
platform-based collaboration, and full life-cycle data integration as its main characteristics [30,31]. 

As shown in Figure 3, the framework of this paper follows the logical structure of Introduction-
Methods-Results-Discussion-Conclusions and Prospects, and constructs a complete analytical pathway 
based on bibliometrics. First, the Introduction presents the research background and development process 
of intelligent prefabricated construction, clarifying the source of the research problem and the value of the 
study. Second, the Methods section focuses on data sources and data analysis, reflecting a research pathway 
based on literature data and centered on bibliometric analysis. 
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Figure 3. Research Framework and Analytical Pathway of This Study. 

Subsequently, the Results section systematically presents the field’s knowledge structure, research 
forces, and hotspot evolution across multiple dimensions, including publication output, subject areas, 
regional distribution, institutions, authors, journals, highly cited literature, and keywords. In the Discussion 
section, key issues and development logic are further extracted based on the bibliometric results, enabling 
a transition from descriptive analysis to explanatory analysis. Finally, the Conclusions and Prospects 
section summarizes the research status, hotspot frontiers, and future development directions of intelligent 
prefabricated construction. 

Compared with existing studies that mainly focus on single-technology reviews, summaries of local 
engineering practices, or experience-based generalizations, this paper conducts a bibliometric review of the 
field of intelligent prefabricated construction. Its main innovations are reflected in the following aspects. 

First, from a conceptual perspective, this study establishes a progressive conceptual framework that 
follows the logic of intelligent construction prefabricated construction intelligent prefabricated construction. 
In this progressive cognitive framework, cognitive refers not to human cognition or artificial-intelligence 
cognition, but to the stepwise conceptual understanding of the research object. Specifically, intelligent 
construction is regarded as the broad technological paradigm, prefabricated construction as a representative 
industrialized application scenario, and intelligent prefabricated construction as the coupled and scenario-



Intell. Sustain. Manuf. 2026, 3(2), 10018. doi:10.70322/ism.2026.10018 6 of 55 

 

specific form generated by their integration. This clarification helps define the research scope, theoretical 
positioning, and scenario attributes of intelligent prefabricated construction. 

Second, from the methodological perspective, this study introduces a research approach that integrates 
bibliometric analysis with thematic content analysis. Through quantitative statistics, relationship mining, 
and visual representation of the literature in this field, it overcomes the limitations of traditional narrative 
reviews in terms of systematicity, objectivity, and dynamics. Third, from the perspective of knowledge 
discovery, this study reveals the knowledge structure characteristics, hotspot migration patterns, and 
research frontier directions of intelligent prefabricated construction by examining multiple dimensions, 
including publication evolution, research actors, collaboration networks, keyword clustering, thematic 
evolution, and emerging frontiers. Fourth, from the perspective of application value, based on the 
systematic identification of research hotspots and potential gaps, this study provides a more comprehensive 
and forward-looking reference for future theoretical advancement, key technology breakthroughs, 
engineering application expansion, and industrial policy formulation. 

2. Literature Data and Methods 

2.1. Data Collection and Retrieval Methods 

All data used for bibliometric analysis in this study were obtained from the Web of Science (WoS) 
Core Collection. With its massive academic literature reserve, comprehensive coverage of high-impact 
journals, and complete citation retrieval system, this database has become the most widely used 
international authoritative core academic database with both authority and comprehensiveness at present. 
The literature included in it is well-represented and can provide reliable data support for bibliometric 
analysis [32,33]. 

Accordingly, journals indexed in the Web of Science Core Collection were selected as the data source 
for literature retrieval. To ensure the comprehensiveness and high quality of the acquired literature, this 
study systematically designed and standardized both the retrieval strategy and the literature screening 
procedure [34,35]. 

In designing the search strategy, the retrieval scope was limited to the Web of Science Core Collection 
to ensure the authority and representativeness of the literature. Meanwhile, synonyms, singular and plural 
forms, and abbreviations were considered comprehensively, and the three categories of search terms were 
combined based on logical relationships. After several rounds of testing and refinement, the final search 
formula was determined as follows: ((TS = (“Prefabricated construction”)) AND TS = (“Intelligent 
Construction”)) OR TS = (“Intelligent Prefabricated”). The publication year range was set as 2015–2025. 
A total of 588 relevant journal articles were initially retrieved. 

To ensure the high quality of the data source, multiple screening procedures were conducted during the 
literature selection process. Each retrieved document was manually checked, and document types such as 
conference papers, revised manuscripts [36], retracted publications, retraction notices, and conference 
abstracts were excluded. After the above screening procedures, 5 invalid records were removed, and 583 
high-quality publications were finally retained as the analytical data source for this study. The research data 
workflow for the bibliometric analysis is shown in Figure 4. 
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Figure 4. Literature Retrieval and Screening Workflow. 

2.2. Data Analysis 

In this study, the VOSviewer visualization tool and the R package bibliometrix were employed to 
present the logical relationships among topics in the target research field as knowledge graphs [37]. This 
visualization method effectively supports the systematic interpretation and in-depth analysis of research 
status, development context, and cutting-edge hotspots. The study systematically collected 
multidimensional data on research elements, including countries, institutions, keywords, and cited 
references, and then conducted a comprehensive bibliometric analysis of the 583 included publications 
across dimensions such as temporal evolution, spatial distribution, research fields, publishing institutions, 
core authors, and keyword co-occurrence clustering. This study aims to systematically review the research 
status, evolution, and hotspots in the field of minimum quantity lubrication technology applications, distill 
the field’s core research content, and provide a reference and support for subsequent related research [38,39]. 

All data adopted for bibliometric analysis in this study were retrieved from the Web of Science (WoS) 
Core Collection. Boasting a massive repository of academic literature, comprehensive coverage of high-
impact journals, and a robust citation indexing mechanism, this database has emerged as the most widely 
used, authoritative, and comprehensive core academic database worldwide. The literature indexed therein 
is highly representative, providing a solid and reliable data foundation for bibliometric analysis [40,41]. 

3. Results and Analysis 

3.1. Global Annual Publication Output 

A total of 583 academic journal papers were collected in this study, with data including citation 
information, author names, publication years, author affiliations, keywords, and paper titles. Table 1 shows 
the annual proportion and growth rate of intelligent prefabricated construction in terms of publication 
volume and citation frequency, which are derived from the analysis of annual literature quantity and citation 
frequency. The research time range is set from 2015 to 2025. 
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Table 1. Annual Publication and Citation Trends in Intelligent Prefabricated Construction. 

Year Publication 
Publication 

% 
Publication 
% Growth 

Citations 
Citations 

% 
Citations 

% Growth 
2015 1 0.17% - 2 0.03% - 
2016 1 0.17% 0.00% 8 0.12% 300.00% 
2017 1 0.17% 0.00% 10 0.16% 25.00% 
2018 1 0.17% 0.00% 14 0.22% 40.00% 
2019 7 1.20% 600.00% 28 0.43% 100.00% 
2020 18 3.09% 157.14% 100 1.55% 257.14% 
2021 33 5.66% 83.33% 252 3.91% 152.00% 
2022 77 13.21% 133.33% 612 9.50% 142.86% 
2023 86 14.75% 11.69% 981 15.23% 60.29% 
2024 138 23.67% 60.47% 1723 26.75% 75.64% 
2025 220 37.74% 59.42% 2710 42.08% 57.28% 

During this period, representative relevant literature retrievable from the Web of Science Core 
Collection includes Research on the intelligent construction of prefabricated building and personnel training 
based on BIM5D [18] and Research on the intelligent construction of prefabricated building based on digital 
twin [42]. The former focuses on the discussion of intelligent construction of prefabricated buildings and 
personnel training modes based on BIM5D technology, while the latter elaborates on the application 
approaches and implementation methods of digital twin technology for the intelligent construction of 
prefabricated buildings. 

The growth trend shown in the bar chart in Figure 5 indicates that the development of relevant 
publications can be broadly divided into three stages. In terms of publication output, only one relevant 
article was published each year from 2015 to 2018, with the annual publication proportion remaining at 
0.17% and the growth rate at zero, indicating no significant increase. This suggests that research on 
intelligent prefabricated construction was still in its embryonic stage during this period. Although concepts 
such as prefabricated buildings, BIM, and intelligent construction had begun to attract attention, they had 
not yet formed stable research hotspots, and the number of research outputs and their academic influence 
remained limited. In 2019, the number of publications increased to seven, representing a 600.00% increase 
compared with the previous year. This indicates that the field began to show clear signs of research growth 
and marks the gradual transition of intelligent prefabricated construction from conceptual exploration to 
preliminary development. 

The period from 2019 to 2023 represents an important stage of rapid growth in the number of publications 
in this field. The number of publications reached 18 in 2020, increasing by 157.14% compared with 2019; it 
further increased to 33 in 2021, with a growth rate of 83.33%; in 2022, the number of publications reached 
77, with a growth rate of 133.33%; and in 2023, the number continued to increase to 86. During this stage, 
the proportion of publications increased from 3.09% in 2020 to 14.75% in 2023, indicating that intelligent 
prefabricated construction gradually became an important research direction at the intersection of construction 
industrialization, digital construction, and intelligent construction. In particular, the rapid development of 
BIM, digital twins, the Internet of Things, artificial intelligence, and intelligent construction management has 
provided new technical support for research on the intelligentization of prefabricated buildings. It has further 
promoted the continued increase in related publications. 

From 2023 to 2025, relevant research entered a stage of pronounced high growth and concentrated 
expansion. In 2024, the number of publications reached 138, accounting for 23.67% of the total publications 
and representing a 60.47% increase compared with 2023. In 2025, the number further increased to 220, 
accounting for 37.74% of the total, the highest value during the study period. In the three years from 2023 
to 2025 alone, the total number of relevant publications reached 444, accounting for 76.16% of all 583 
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publications, indicating that intelligent prefabricated construction has become a research hotspot in recent 
years. Although the growth rates in 2024 and 2025 were 60.47% and 59.42%, respectively, lower than the 
stage-specific high growth rates in 2019 and 2022, the significantly expanded publication base during this 
period still demonstrates the strong research activity and continuous expansion of the field. It also suggests 
that further breakthroughs in intelligent prefabricated construction research may require the support of new 
technologies or new driving forces to accelerate development. 

Citation frequency can reflect the research value and academic quality of publications to a certain 
extent. In the field of intelligent prefabricated construction, the 583 publications included in this study 
received a total of 6440 citations, with an average of 11.05 citations per publication. The analysis of the 
citation-frequency line chart in Figure 5 indicates that the citation trend can also be divided into three stages: 
the first stage is 2015–2019, when the number of citations was relatively low, which is associated with the 
limited number of publications during this period; the second stage is 2019–2023, when citation frequency 
showed a steady upward trend; and the third stage is 2023–2025, when citation frequency increased rapidly, 
with citations during this period accounting for 84.07% of the total citations. 

In terms of citation frequency, the annual citation counts from 2015 to 2018 were 2, 8, 10, and 14, 
respectively, each accounting for less than 0.25% of the total citations. This indicates that the number of 
relevant studies during this stage was limited and that their academic dissemination was relatively narrow. 
In 2019, the citation frequency increased to 28, representing a 100.00% increase compared with 2018, 
suggesting that early studies began to receive increasing academic attention. Overall, the citation frequency 
from 2015 to 2019 remained low, which was closely related to the small number of publications and the 
insufficient research foundation during this period. 

From 2020 to 2023, citation frequency showed a relatively significant increase. The number of citations 
reached 100 in 2020, increasing by 257.14% compared with 2019; it rose to 252 in 2021, with a growth rate 
of 152.00%; further increased to 612 in 2022, with a growth rate of 142.86%; and reached 981 in 2023, 
accounting for 15.23% of the total citations. The rapid growth in citation frequency during this stage indicates 
that research on intelligent prefabricated construction not only increased in quantity but also gradually 
attracted more attention and citations from scholars, thereby continuously expanding its academic influence. 

From 2023 to 2025, citation frequency entered a stage of rapid increase. In 2024, relevant publications 
received 1723 citations, accounting for 26.75% of the total citations. In 2025, the number further increased 
to 2710, accounting for 42.08%, the highest value during the entire study period. The total citation 
frequency from 2023 to 2025 reached 5414, accounting for 84.07% of the total 6440 citations, indicating 
that research outputs from the past three years have occupied a dominant position in the academic influence 
of this field. In particular, both the number of publications and citation frequency reached their highest 
levels in 2025, suggesting that intelligent prefabricated construction had formed a high degree of research 
activity and strong academic dissemination during this stage. 

By comprehensively examining the trends in the publication-output bar chart and the citation-
frequency line chart, it can be observed that the two show a strong consistency; that is, an increase in 
publication output is usually accompanied by an increase in citation frequency. This indicates that, as 
research outputs accumulate, the knowledge base of intelligent prefabricated construction continues to 
expand, citation connections among related studies become stronger, and an academic community is 
gradually being formed. At the same time, the growth in citation frequency lags behind the increase in 
publication output to some extent, but shows a stronger pattern of concentrated growth after 2023, 
indicating that high-impact research outputs in this field have mainly emerged in recent years. 

Therefore, the growth trend reflected in Figure 5 suggests that research on intelligent prefabricated 
construction has generally experienced three stages of development. The first stage is the initial exploration 
period from 2015 to 2019, during which both publication output and citation frequency were relatively low, 
and research topics had not yet developed on a large scale. The second stage is the rapid development period 
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from 2019 to 2023, during which publication output and citation frequency increased simultaneously, and 
research interest continued to grow. The third stage is the concentrated expansion period from 2023 to 2025, 
during which both the number of publications and citation impact reached their peak, indicating that 
intelligent prefabricated construction has become an important research hotspot in the fields of prefabricated 
buildings, intelligent construction, and digital construction. In the future, with the further integration of 
artificial intelligence, digital twins, BIM, the Internet of Things, robotic construction, and smart construction 
sites, this field will continue to have substantial research potential and development prospects. 

 
Figure 5. Annual Publication Output and Citation Trends in Intelligent Prefabricated Construction. 

3.2. Topics Area Distribution 

A precise search in the Web of Science (WoS) database yielded a total of 583 documents covering 43 
subject areas. Table 2 lists the top 10 subject areas by number of publications. The results shown in Figure 
6 indicate that the five disciplines with the highest document proportions are Engineering, Construction 
Building Technology, Materials Science, Science Technology Other Topics, and Mechanics. 

From the perspective of disciplinary distribution, Engineering has the highest number of publications, 
with 421 papers, significantly exceeding other disciplines. This indicates that research on intelligent 
prefabricated construction is primarily focused on engineering practice and technological applications, with 
particular attention to structural design, construction organization, engineering management, quality control, 
and the improvement of construction efficiency. Construction Building Technology ranks second, with 211 
publications, suggesting that this field is closely related to prefabricated building construction methods, 
prefabricated component production and installation, BIM technology application, and smart construction 
site management. This reflects the important role of construction building technology in promoting the 
intelligent transformation of construction methods. 

Materials Science ranks third, with 131 publications, indicating that material performance, component 
quality, and new building materials are also important research topics in intelligent prefabricated 
construction. Since prefabricated buildings impose high requirements on the strength, durability, 
connection performance, and environmental performance of prefabricated components, materials science 
provides fundamental support for the development of this field. Science Technology Other Topics and 
Mechanics published 50 and 44 papers, respectively, suggesting that this research topic also involves issues 
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such as digital technology integration, complex system management, structural mechanical behavior, 
connection performance of joints, and seismic performance. 

In addition, Computer Science accounts for 33 publications, reflecting the gradual integration of 
technologies such as artificial intelligence, machine learning, digital twins, the Internet of Things, and data 
analytics into prefabricated building research. Although disciplines such as Chemistry, Geology, 
Environmental Sciences, Ecology, and Physics have relatively fewer publications, they also demonstrate 
the expansion of this field into areas such as building materials, green and low-carbon development, site 
adaptability, and physical performance. 

Table 2. Subject Area Publication Output in Intelligent Prefabricated Construction Research. 

Topics Areas Publications 
Engineering 421 

Construction Building Technology 211 
Materials Science 131 

Science Technology Other Topics 50 
Mechanics 44 

Computer Science 33 
Chemistry 31 
Geology 29 

Environmental Sciences Ecology 28 
Physics 23 

Overall, Table 2 and Figure 6 indicate that research on intelligent prefabricated construction has formed 
a disciplinary distribution pattern dominated by Engineering and Construction Building Technology, 
supported by Materials Science, Mechanics, and Computer Science, and extending toward Environmental 
Sciences, Chemistry, Geology, and Physics. This suggests that the field is no longer limited to traditional 
architectural engineering research but is gradually evolving into an interdisciplinary research direction that 
integrates engineering technology, digital intelligence, material performance, and green, low-carbon concepts. 

 

Figure 6. Subject Area Distribution of Intelligent Prefabricated Construction Research. 

3.3. Distribution and Collaboration of Countries and Regions 

By analyzing 583 publications authored by researchers from 28 countries/regions in the Web of Science 
(WoS) database, this study identified 28 countries involved in publishing academic papers on prefabricated 
intelligent construction. On this basis, a country-level collaboration clustering map for prefabricated 
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intelligent construction research was constructed, as shown in Figure 7. This clustering map provides a 
valuable perspective for revealing the geographical distribution characteristics and collaboration patterns 
in this research field. The map contains 10 nodes, representing countries that have published more than 
three papers related to prefabricated intelligent construction. The size of each circular node represents the 
number of publications of each country: the larger the node, the greater the publication output. The links 
between nodes indicate collaborative research relationships between countries, while the width of each link 
reflects the frequency of collaboration; the thicker the link, the stronger the collaboration. 

In terms of publication output, China occupies an absolute leading position in prefabricated intelligent 
construction research. The data in Table 3 show that China has published 561 relevant papers, accounting 
for 96.2% of the total publications, far exceeding those of all other countries. This indicates that research 
on prefabricated intelligent construction is highly concentrated in China, reflecting China’s strong research 
foundation and policy support in prefabricated buildings, intelligent construction, construction 
industrialization, and digital construction. Meanwhile, in the collaboration network shown in Figure 7, 
China has the largest node and is at the core of the network, indicating that it is not only the major 
knowledge-producing country in this field but also a core node in the international collaboration network. 
Overall, China has become the absolute core of the global collaboration network in this field, occupying a 
dominant position in publication scale, academic influence, and international collaboration, and serving as 
a key force driving the development of prefabricated intelligent construction technologies. 

 

Figure 7. Country and Regional Collaboration Network in Intelligent Prefabricated Construction Research. 

In addition to China, Australia, the United States, and the United Kingdom are also important 
participating countries in this research field. Specifically, Australia published 40 papers, accounting for 
6.8%; the United States published 27 papers, accounting for 4.6%; and the United Kingdom published 23 
papers, accounting for 3.9%. Although the publication outputs of these countries are significantly lower 
than those of China, their research outputs still exert a certain influence within the international 
collaboration network, indicating that prefabricated intelligent construction research has attracted academic 
attention across different countries and regions. Countries such as Japan, Germany, South Korea, Malaysia, 
Singapore, and Thailand have relatively few publications, all below 10, suggesting that their research 
participation in this field remains limited. 
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From the perspective of citation impact, Chinese publications have the highest total citation count, 
reaching 6543, indicating that China not only has an advantage in publication output but also demonstrates 
a high overall academic influence. However, in terms of average citations per paper, Germany ranks first 
with 33.0 citations, followed closely by Australia with 32.9 citations. The United States and the United 
Kingdom also achieve average citation counts of 22.8 and 21.5, respectively, both higher than China’s 11.7. 
This indicates that although China holds an absolute leading position in research output, countries such as 
Germany, Australia, the United States, and the United Kingdom show more prominent single-paper 
influence, reflecting relatively high research quality and academic dissemination capacity. The data suggest 
that the field of prefabricated intelligent construction presents a highly concentrated research output pattern 
centered on China, while the top ten contributing countries display diversified characteristics in citation 
impact, clearly illustrating the global development trajectory of this field. 

The country collaboration network shown in Figure 7 further reveals the international collaboration 
structure of this field. As the core node in the network, China has collaborative links with multiple countries, 
indicating a relatively high level of international collaboration in prefabricated intelligent construction 
research and an important role in knowledge exchange and research coordination. Countries such as 
Australia, the United States, and the United Kingdom have also established collaborative relationships with 
China or other countries, forming a collaboration network centered on China and jointly participated in by 
multiple countries. However, from an overall perspective, the number of network nodes remains limited, 
and most countries have relatively small publication outputs, suggesting that the scope of international 
collaboration in this field still has room for further expansion. 

It is worth noting that some countries, despite having relatively low publication outputs, show 
representative citation performance. For example, Germany published only 5 papers, but its total citation 
count reached 165, with an average of 33.0 citations per paper, indicating that its research outputs have 
considerable academic influence. Australia published 40 papers, with a total citation count of 1319 and an 
average of 32.9 citations per paper, suggesting that its research in this field has received strong international 
attention. In contrast, South Korea published 4 relevant papers but received 0 citations, indicating that the 
academic dissemination and influence of its research outputs have not yet been fully realized. 

Table 3. Publication and Citation Performance by Country or Region. 

Country Publication Percentage% Citation Count Average Citations 
China 561 96.2 6543 11.7 

Australia 40 6.8 1319 32.9 
Usa 27 4.6 617 22.8 

England 23 3.9 494 21.5 
Japan 9 1.6 146 16.2 

Germany 5 0.9 165 33 
South korea 4 0.7 0 0 

Malaysia 3 0.5 35 11.7 
Singapore 3 0.5 6 2 
Thailand 3 0.5 32 10.7 

Overall, the country/region distribution in the field of prefabricated intelligent construction exhibits 
the characteristics of a single dominant core with multi-country collaborative participation. With 561 
publications and 6543 total citations, China occupies an absolute core position in the global research 
landscape and serves as the main driving force for the development of this field. Although countries such 
as Australia, the United States, the United Kingdom, and Germany have relatively smaller publication 
scales, they perform prominently in terms of average citations per paper and research quality, forming 
important international academic support for this field. In the future, as intelligent construction, digital 
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twins, BIM, artificial intelligence, and prefabricated building technologies continue to develop, this field is 
expected to further strengthen cross-national collaboration and form a more open, diverse, and balanced 
global research network. 

3.4. Institutional Distribution and Collaboration 

A further statistical analysis was conducted on the authors’ affiliated institutions in the retrieved 
literature to identify core research institutions with high academic output and influence in the field of 
prefabricated intelligent construction. Table 4 presents the top ten research institutions in terms of 
publication output, while Figure 8 shows the institutional collaboration network constructed using 
VOSviewer, which reveals the collaboration relationships and clustering characteristics among different 
research institutions. 

In terms of institutional publication output, research on prefabricated intelligent construction shows a 
clear pattern of institutional concentration. Among the top ten institutions, Chinese institutions account for 
up to 90%, indicating that Chinese universities and research institutions are the main drivers of academic 
research in this field. Among them, Hebei University of Technology ranks first with 123 publications, 
significantly exceeding other institutions. Meanwhile, its total citation count reaches 2282, with an average 
of 18.6 citations per paper, indicating that this institution has an absolute advantage not only in research 
output but also in academic influence. Shenzhen University ranks second with 50 publications, a total 
citation count of 709, and an average of 14.2 citations per paper, suggesting that it also demonstrates strong 
research activity and academic dissemination capacity in prefabricated intelligent construction. Universities 
such as Tianjin University, Southeast University, China University of Mining and Technology, and 
Chongqing University also rank among the top ten, maintaining relatively high publication outputs and 
reflecting the sustained research investment of Chinese universities in this field. 

From the perspective of citation impact, certain differences can be observed among institutions. Hebei 
University of Technology has the highest total citation count, indicating that its research outputs possess a 
strong knowledge diffusion capacity and academic recognition in this field. Notably, although Curtin 
University in Australia ranks tenth with only 18 publications, its total citation count reaches 461, and its 
average citations per paper reach 25.6, the highest among the top ten institutions. This suggests that its 
individual papers demonstrate relatively high quality and strong international academic influence. By 
contrast, although institutions such as Tianjin University, Southeast University, and China University of 
Mining and Technology have relatively high publication outputs, their average citations per paper are 
comparatively lower, indicating that there remains room for improvement in the international dissemination 
and citation impact of their research outputs. 

Table 4. Publication and Citation Performance of Major Research Institutions. 

Rank Institution Name Country Citations Publication Average Citation per Paper 
1 Hebei University of Technology China 2282 123 18.6 
2 Shenzhen University China 709 50 14.2 
3 Tianjin University China 249 39 6.4 
4 Southeast University China China 254 32 7.9 
5 China University of Mining Technology China 247 31 8 
6 Chongqing University China 283 28 10.1 

7 
Tianjin Key Lab Prefabricated Bldg 

Intelligent C 
China 200 21 9.5 

8 Beijing University of Technology China 241 20 12.1 
9 Tongji University China 214 19 11.3 

10 Curtin University Australia 461 18 25.6 
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At the same time, this study employed VOSviewer to conduct a network analysis of institutional 
collaboration, aiming to reveal the core research teams in the field of prefabricated intelligent construction. 
The institutional collaboration network shown in Figure 8 further illustrates the collaborative structure of this 
field. In the network, nodes represent research institutions, node size reflects publication output, links between 
nodes indicate collaborative relationships among institutions, and link strength represents collaboration 
frequency. Overall, several relatively stable institutional collaboration clusters have formed in the field of 
prefabricated intelligent construction, with Chinese universities or research institutions serving as the core of 
the major clusters. This indicates that Chinese institutions not only hold an advantage in publication output 
but also play an important organizational and bridging role in the collaboration network. 

In this study, institutions with no fewer than eight publications were selected, resulting in a set of 
interconnected institutional nodes. These nodes formed the main collaborative research clusters and were 
distinguished by different colors. Notably, the core nodes of all clusters are Chinese institutions. The largest 
cluster is centered on Hebei University of Technology and encompasses multiple associated nodes, such as 
the Tianjin Key Laboratory of Prefabricated Building and the Smart Infrastructure Research Institute, 
forming the most extensive collaborative network in this field. The second-largest cluster takes China 
University of Mining and Technology as its core. The third cluster is led by Tianjin University and 
Southeast University and focuses on regional academic cooperation in North China and East China. The 
fourth cluster is centered on Shenzhen University and integrates institutions such as Tongji University and 
Shenzhen Metro Group Co., Ltd., reflecting the in-depth characteristics of industry–university–research 
integration in this field. 

The collaboration clustering characteristics of research institutions can reflect the overall collaboration 
pattern within the field. The results show that universities, especially institutions specializing in civil 
engineering and architecture, have made outstanding contributions. Chinese institutions occupy a 
significant advantage in both number and scale within the collaboration network, fully demonstrating their 
important influence and active role in the field of prefabricated intelligent construction. 

 

Figure 8. Institutional Collaboration Network in Intelligent Prefabricated Construction Research. 

A comprehensive examination of Table 4 and Figure 8 indicates that the institutional distribution in 
the field of prefabricated intelligent construction has three main characteristics. First, research capacity is 
highly concentrated in Chinese universities, especially those with strong disciplinary strengths in civil 
engineering, construction engineering, and intelligent construction. Second, a small number of core 
institutions occupy dominant positions in both publication output and collaboration networks. Among them, 
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Hebei University of Technology is the most prominent and represents one of the most influential core 
research institutions in this field. Third, although Chinese institutions have clear advantages in both quantity 
and scale, some overseas institutions, such as Curtin University, perform prominently in terms of average 
citations per paper, indicating that international research institutions also play an important role in 
producing high-impact research outputs. 

Overall, the field of prefabricated intelligent construction has formed a research pattern dominated by 
Chinese universities, led by core institutions, and supported by multi-institutional collaboration. Universities, 
especially those specializing in civil engineering and architecture, play a key role in this field by advancing 
theoretical research and technical methods while facilitating industry–university–research collaboration with 
enterprises. In the future, with the further integration of intelligent construction, digital twins, BIM, artificial 
intelligence, and industrialized construction technologies, there remains considerable room for expanding 
cross-regional, interdisciplinary, and international collaboration among research institutions. 

3.5. Author Distribution and Collaboration 

This study further conducts a statistical analysis of core authors in the field of prefabricated intelligent 
construction, aiming to identify representative scholars with high academic productivity and influence in 
this field. Core authors are usually an important driving force behind the continuous development of a 
research topic. The number of publications reflects their research activity in the field, while citation 
frequency and average citations per paper further indicate the academic influence and knowledge 
dissemination value of their research outputs. Therefore, by integrating the indicators of publication volume, 
total citations, and average citations per paper, the distribution characteristics of authors in the field of 
prefabricated intelligent construction can be more comprehensively revealed. 

As shown in Table 5, Ma Guowei ranks first with 44 publications. His total citation count reaches 1331, 
with an average of 30.3 citations per paper, indicating that he not only has a significant advantage in terms 
of publication output, but also that his research has gained high academic recognition and influence. He is 
therefore one of the most representative core authors in this field. Chen Xiangsheng ranks second with 40 
publications, 423 citations, and an average of 10.6 citations per paper, suggesting that he maintains a high 
level of research activity and occupies an important position in the author collaboration network. Qiu Tong 
has published 29 papers, with 281 citations and an average of 9.7 citations per paper, making him another 
important academic contributor to research on prefabricated intelligent construction. 

In addition to the above highly productive authors, Hao Yifei, Su Dong, Sun Chuanzhi, Ge Wenjie, 
and Wang Lei also demonstrate relatively stable academic output. Among them, Su Dong has published 24 
papers, with 329 citations and an average of 13.7 citations per paper; Sun Chuanzhi has published 17 papers, 
with 258 citations and an average of 15.2 citations per paper; Ge Wenjie and Wang Lei have each published 
14 papers, with citation counts of 254 and 212, and average citations per paper of 18.1 and 15.1, respectively. 
Although their publication volumes are slightly lower than those of Ma Guowei and Chen Xiangsheng, 
their research outputs still show a strong academic dissemination capacity and serve as an important 
foundation for the continuous development of this field. 

It is worth noting that some authors do not have an absolute advantage in publication volume, but show 
outstanding performance in terms of average citations per paper, indicating the high influence of their 
individual studies. For example, Wang Li has published only 16 papers, but her total citation count reaches 
942, with an average of 58.9 citations per paper, the highest among all authors listed in the table. This 
demonstrates the strong academic influence and citation value of her research. Zhang Mo has also published 
16 papers, with 513 citations and an average of 32.1 citations per paper, indicating that his research has 
received considerable attention in the field. These results suggest that author influence in prefabricated 
intelligent construction is not determined solely by publication quantity; high-quality and highly cited 
research outputs are also important indicators of core authors’ academic contributions. 
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Table 5. Publication and Citation Performance of Core Authors. 

Author Documents Citations Per Citations 
Ma Guowei 44 1331 30.3 

Chen Xiangsheng 40 423 10.6 
Qiu Tong 29 281 9.7 
Hao Yifei 27 201 7.4 
Su Dong 24 329 13.7 

Sun Chuanzhi 17 258 15.2 
Wang Li 16 942 58.9 

Zhang Mo 16 513 32.1 
Ge Wenjie 14 254 18.1 
Wang Lei 14 212 15.1 

The author collaboration network shown in Figure 9 further reveals the academic collaboration 
structure of this field. In the map, each node represents an author, the node size reflects the author’s 
publication scale and collaboration activity, and the links between nodes indicate co-authorship 
relationships. Thicker links and shorter distances represent closer collaborative relationships. From the 
overall network structure, the field of prefabricated intelligent construction has formed relatively clear 
collaborative groups and exhibits a certain core-periphery structure. Core authors are usually located at the 
center of the network and maintain stable collaborations with multiple researchers, playing a key role in 
knowledge dissemination, research coordination, and the formation of academic teams. 

According to the clustering results, the current author collaboration network mainly consists of two 
prominent collaborative groups. The red cluster represents a relatively large, closely connected core 
academic community, with Chen Xiangsheng, Su Dong, and Qiu Tong as the main authors. They have 
established dense collaborative relationships with scholars such as Rao Wei, Chen Kunyang, and Wang Lei. 
The numerous internal links within this cluster indicate frequent collaboration among its members and the 
formation of a relatively stable research team. This team may have strong and sustained research 
capabilities in areas such as technological applications, construction management, intelligent methods, and 
engineering practice in prefabricated intelligent construction, making it an important academic group 
driving research output in this field. 

The green cluster, with Li Wei, Ge Wenjie, and Sun Chuanzhi as its main core authors, forms a 
relatively stable secondary collaborative community. Although this cluster is smaller in scale, its internal 
collaboration relationships are relatively clear, reflecting a diversified and parallel pattern of academic 
collaboration in the field. Connections among different clusters are established through certain authors, 
indicating that research on prefabricated intelligent construction is not developing in complete isolation, 
but involves a certain degree of knowledge exchange and collaborative interaction among core teams. 

However, from an overall network perspective, connections among clusters remain relatively limited, 
and cross-team collaboration is not yet sufficiently dense. This indicates that author collaboration in the 
current field of prefabricated intelligent construction is mainly concentrated within several stable teams, while 
cross-community, cross-institutional, and cross-regional collaboration still has room for further expansion. In 
the future, with the continuous integration of research directions such as intelligent construction, digital twins, 
BIM, artificial intelligence, robotic construction, and green low-carbon construction, collaboration among 
core authors and different research teams will help promote the field’s development from single-technology 
research toward a more systematic, integrated, and interdisciplinary direction. 
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Figure 9. Author Collaboration Network in Intelligent Prefabricated Construction Research. 

Overall, Table 5 and Figure 9 show that the field of prefabricated intelligent construction has formed an 
author distribution pattern led by highly productive core authors and supported by stable collaborative teams. 
Ma Guowei, Chen Xiangsheng, and Qiu Tong show outstanding performance in terms of publication volume, 
reflecting strong research continuity. Wang Li and Zhang Mo, meanwhile, demonstrate remarkable performance 
in average citations per paper, indicating high research quality and academic influence. The multiple clusters in 
the author collaboration network suggest that this field already has a certain foundation of academic 
communities, but cross-group collaboration still needs further strengthening. Future research should encourage 
broader cooperation among different research teams to promote knowledge integration, methodological 
innovation, and the international development of prefabricated intelligent construction research. 

3.6. Keyword Co-Occurrence Analysis 

Keywords provide a highly condensed representation of the core research content of academic papers 
and serve as an important basis for identifying research hotspots, knowledge structures, and development 
trends. Based on 583 publications related to prefabricated intelligent construction retrieved from the Web 
of Science (WoS) database, this study used VOSviewer to conduct keyword co-occurrence analysis and 
clustering analysis, aiming to reveal the core themes, research hotspots, and evolutionary directions of this 
field. Figure 10 presents the keyword co-occurrence network, while Figure 11 further illustrates the 
temporal evolution characteristics of keywords based on the Average Publication Year (APY). 

As shown in Figure 10, keywords such as prefabricated building, intelligent construction, building 
information modeling (BIM), and digital twin are located in the central area of the network, indicating that 
these themes have high co-occurrence frequencies and strong knowledge-linking functions in prefabricated 
intelligent construction research. Among them, prefabricated building is the fundamental research object 
of this field, intelligent construction represents its technological upgrading direction, and digital 
technologies such as BIM and digital twins constitute key technical support for promoting the intelligent 
development of prefabricated construction. This indicates that the field has developed a research framework 
in which prefabricated buildings serve as the research carrier, intelligent construction as the development 
goal, and digital and intelligent technologies as the methodological support. 

According to the clustering results generated by VOSviewer, the keyword co-occurrence network can 
be divided into five major clusters, each corresponding to a different research theme. The red cluster 
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primarily focuses on integrating core technologies for prefabricated intelligent construction, with keywords 
including prefabricated building, intelligent construction, prefabricated construction, digital twin, deep 
learning, and genetic algorithm. This cluster reflects the integration trend of frontier intelligent technologies, 
such as digital twins, deep learning, and genetic algorithms, with the prefabricated construction process. It 
also indicates that the field is gradually shifting from traditional construction management and component 
production research toward higher-level intelligent directions such as data-driven decision-making, 
intelligent decision support, and cyber–physical mapping. 

The green cluster mainly focuses on the engineering application and structural performance of 
prefabricated buildings, with core keywords including prefabricated buildings, building information 
modeling, BIM, and compressive strength. This cluster indicates that BIM technology plays an important 
role in prefabricated building design, component information management, construction collaboration, and 
full life-cycle management. It also suggests that structural performance indicators, such as the compressive 
strength of prefabricated components, remain fundamental research topics in engineering practice. This 
type of research reflects a key pathway through which prefabricated intelligent construction moves from 
theoretical methods toward engineering implementation. 

The yellow cluster highlights the development direction of emerging construction technologies and 
optimization methods, with major keywords including 3D concrete printing, additive manufacturing, and 
topology optimization. This cluster shows that scholars are increasingly focusing on frontier topics such as 
automated construction, intelligent manufacturing, and structural optimization design. 3D concrete printing 
and additive manufacturing offer new routes for producing prefabricated components, while topology 
optimization helps improve structural performance, reduce material consumption, and promote the 
lightweight, green development of building components. 

The blue cluster mainly focuses on the mechanical properties and microstructural characteristics of 
prefabricated building materials, with core keywords including mechanical properties, microstructure, and 
dynamic response. This cluster indicates that material performance and structural safety remain important 
foundations of prefabricated building research. By investigating material microstructure, mechanical 
behavior, and dynamic response mechanisms, researchers can further reveal the performance evolution of 
prefabricated components under loading conditions, complex environments, and service processes, thereby 
providing a theoretical basis for the safe design and reliability assessment of prefabricated buildings. 

The purple cluster mainly revolves around the durability and health monitoring of prefabricated 
building materials, with core keywords including freeze-thaw cycles and acoustic emission. This cluster 
reflects researchers’ attention to the long-term service performance and damage monitoring of prefabricated 
components under complex environmental conditions. Research on freeze-thaw cycles helps evaluate the 
durability degradation of components in cold regions or environments with large temperature variations, 
while acoustic emission technology can be used for structural damage identification, crack propagation 
monitoring, and safety warning, making it an important technical approach for achieving full life-cycle 
health monitoring of prefabricated buildings. 

From the keyword temporal evolution results shown in Figure 11, research hotspots in the field of 
prefabricated intelligent construction have shown a clear trend toward digitalization, intelligentization, and 
algorithm-based development in recent years. Keywords with relatively high APY values include 
prefabricated construction (APY = 2023.9), Building Information Modeling (BIM) (APY = 2023.6), 
intelligent construction (APY = 2023.5), genetic algorithm (APY = 2023.2), digital twin (APY = 2022.8), 
and deep learning (APY = 2022.8). The relatively recent average publication years of these keywords 
indicate that they represent rapidly emerging research frontiers in recent years. Among them, BIM and 
digital twins focus on information integration and cyber–physical mapping in the construction process, 
while deep learning and genetic algorithms reflect the application potential of intelligent optimization, data 
mining, and automated decision-making in prefabricated construction. 
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Figure 10. Keyword Co-occurrence Network of Intelligent Prefabricated Construction Research. 

 

Figure 11. Temporal Evolution of Keywords in Intelligent Prefabricated Construction Research. 

According to the high-frequency keyword statistics, the most frequently occurring keyword is 
prefabricated building (18 occurrences), followed by seismic performance (17 occurrences), mechanical 
properties (16 occurrences), prefabricated construction (13 occurrences), microstructure (12 occurrences), 
and 3D concrete printing (11 occurrences). These results indicate that research on prefabricated intelligent 
construction focuses not only on intelligent technologies and digital tools, but also attaches great 
importance to fundamental issues such as structural safety, material performance, and emerging 
construction technologies. In particular, the high frequency of keywords such as seismic performance, 
mechanical properties, and microstructure suggests that structural reliability and material performance 
remain core scientific issues of long-term concern in this field. 

In addition, keywords such as intelligent construction, acoustic emission, crack propagation, and 
numerical simulation also occur frequently, reflecting the importance of research directions such as 
intelligent technology integration, structural health monitoring, damage evolution mechanisms, and 
computational simulation analysis. Among them, numerical simulation is an effective method for predicting 
component performance and analyzing structural behavior, while crack propagation and acoustic emission 
are closely related to structural damage identification and safety assessment. This indicates that the field is 
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expanding from purely construction-technology-oriented research toward structural performance 
evaluation, intelligent monitoring, and whole-process safety management. 

Overall, Figures 10 and 11, and the keyword frequency statistics in Table 6 collectively indicate that a 
relatively clear research hotspot system has been formed in the field of prefabricated intelligent construction. 
On the one hand, traditional themes such as prefabricated buildings, BIM, structural performance, and 
material performance remain important research foundations in this field. On the other hand, emerging 
themes such as digital twins, deep learning, genetic algorithms, 3D concrete printing, and additive 
manufacturing are developing rapidly and are gradually becoming important technological forces driving 
the transformation and upgrading of the field. Therefore, research on prefabricated intelligent construction 
presents the development characteristics of a solid foundation in engineering applications, the rapid 
integration of digital intelligence technologies, the continuous deepening of material and structural 
performance studies, and the gradual enhancement of full life-cycle safety management. In the future, this 
field is expected to conduct more in-depth research on digital twin-driven intelligent construction platforms, 
AI-assisted construction decision-making, intelligent manufacturing of prefabricated components, 
structural health monitoring, and green low-carbon construction. 

Table 6. High-Frequency Keywords in Intelligent Prefabricated Construction Research. 

Keyword Occurrences 
prefabricated building 18 
seismic performance 17 

mechanical properties 16 
prefabricated construction 13 

microstructure 12 
3d concrete printing 11 

intelligent construction 9 
acoustic emission 9 
crack propagation 9 

numerical simulation 8 

4. Discussion and Cluster Analysis 

4.1. Global Research Trends 

As highly condensed representations of the core research themes of the literature, keywords and their 
co-occurrence relationships, temporal evolution characteristics, and frequency distributions can accurately 
reveal the research hotspots and development trajectory of prefabricated intelligent construction [43]. Based 
on keyword co-occurrence clustering, average publication year (APY), and high-frequency keyword 
statistics, it can be observed that research on prefabricated intelligent construction is not driven by a single 
technological route. Instead, it has formed a composite knowledge structure characterized by digital 
intelligence empowerment, upgrading of construction processes and equipment, and support from structural 
performance and engineering applications [44,45]. 

Among these keywords, digital twin, BIM, deep learning, and genetic algorithm represent the rapidly 
emerging intelligent research frontiers in this field in recent years. Keywords such as 3D concrete printing 
[46], additive manufacturing, and intelligent equipment reflect the technological pathway through which 
prefabricated construction is evolving toward industrialization, automation, and intelligent manufacturing. 
Meanwhile, keywords such as seismic performance, mechanical properties, microstructure, crack 
propagation, and numerical simulation indicate that structural safety, reliability, and durability remain 
fundamental issues for the continued development of this field [47,48]. 
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Based on the research logic visualized in VOSviewer, the core research hotspots in the field of 
prefabricated intelligent construction can be summarized into three major directions, as shown in Figure 
12. These hotspots are both relatively independent and organically interconnected, jointly constituting a 
complete research system for this field. 

 

Figure 12. Research Hotspot of Intelligent Construction. 

Integration of Prefabricated Construction and Intelligent Construction Technologies. With digital twin, 
Building Information Modeling (BIM) [49], deep learning, and genetic algorithm as core technological 
carriers, this hotspot focuses on the deep integration of frontier digital technologies with prefabricated 
construction. It represents a core research direction for the intelligent upgrading of the field [50]. As an 
emerging research focus in recent years, related keywords such as prefabricated construction, intelligent 
construction, and BIM have average publication years concentrated between 2022.8 and 2023.9, 
highlighting the role of digital technologies in enabling full life-cycle intelligent management and 
optimized construction decision-making in prefabricated construction. This direction also provides key 
support for the transformation of prefabricated buildings from industrialization to intelligentization. 

Process Innovation and Intelligent Equipment for Prefabricated Intelligent Construction. This hotspot 
centers on process innovation and intelligent equipment upgrading in prefabricated construction. It focuses 
on the research and application of emerging processes and intelligent equipment, including 3D concrete 
printing, additive manufacturing, and intelligent production of prefabricated components. Relevant studies 
mainly address key issues such as component-forming mold optimization [51], adaptation of automated 
production lines, intelligent processing, and precision-forming equipment, thereby promoting the 
development of prefabricated construction toward greater efficiency, customization, and intelligence [52,53]. 

Structural Performance and Engineering Application of Prefabricated Buildings. As a traditional and 
fundamental research hotspot in this field, this direction focuses on the engineering implementation and 
structural safety assurance of prefabricated buildings [54]. It mainly examines key indicators such as 
seismic performance and compressive strength, while also covering the application of BIM in engineering 
practice and the structural performance evaluation of prefabricated components. High-frequency keyword 
statistics show that terms such as prefabricated buildings and seismic performance appear frequently, 
reflecting the core value of this direction in engineering implementation, structural optimization, and safety 
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assurance. It therefore constitutes a fundamental research area that supports the large-scale application of 
prefabricated buildings [55,56]. 

4.2. Main Research Focuses 

4.2.1. Research Hotspot 1: Integration of Prefabricated Construction and Intelligent Construction 
Technologies 

Bottlenecks and Requirements of Prefabricated Intelligent Construction: Prefabricated buildings are 
evolving from a single industrialized production model toward deep integration of industrialization, 
digitalization, and intelligentization [57]. However, significant systemic bottlenecks still exist in current 
engineering practice. First, information remains fragmented across design, production, transportation, 
construction, operation, and maintenance stages. Technologies such as BIM, the Internet of Things, 
intelligent equipment [58], robotics, and artificial intelligence are mostly applied in isolated scenarios, and 
a cross-stage collaborative technical system has not yet been fully established. Second, the full life-cycle 
data of prefabricated components are complex in type, inconsistent in format, and heterogeneous in 
semantics, making it difficult to continuously track component status and accurately trace quality 
responsibilities. Third, traditional quality and safety management still relies mainly on post-event 
inspections and manual patrols, making it difficult to support real-time monitoring, risk prediction, and 
proactive prevention and control in complex construction environments [59,60]. 

In response to these bottlenecks, the development needs of prefabricated intelligent construction 
systems can be summarized into three aspects, as illustrated in Figure 13: the need for cross-disciplinary 
integration and collaboration of multiple technologies, the need for full life-cycle management of 
prefabricated components, and the need for proactive prevention and control of engineering quality and 
construction safety [61]. These three needs correspond respectively to the technical system, data system, 
and control system, and together constitute the core support for the intelligent transformation of 
prefabricated buildings [62]. 

 

Figure 13. System Requirements for Prefabricated Intelligent Construction. 

Therefore, the core demand of prefabricated intelligent construction is not the simple superposition of 
digital technologies, but the establishment of a full life-cycle-oriented system integration framework [63]. 
This framework should be based on a unified data foundation, supported by multi-technology collaboration, 
guided by full-process component traceability, and oriented toward proactive quality and safety control. It 
aims to realize a paradigm shift from experience-driven, stage-fragmented, and post-event management 
toward data-driven, process-coordinated, and intelligent decision-making [64,65]. 
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Requirement 1: Multi-Technology Integration and Process Collaboration 

Multi-technology integration is the fundamental support for the prefabricated intelligent construction 
system. At present, technologies such as BIM, the Internet of Things, construction robots, big data, and 
artificial intelligence have been applied to varying degrees in design optimization [66], component 
production, on-site construction, and operation and maintenance monitoring. However, due to 
inconsistencies in data interfaces, communication protocols, model semantics, and operational logic, 
obvious application silos still exist among these technologies [67]. 

To address this issue, future prefabricated intelligent construction should establish a data-bearing 
platform centered on BIM/digital twins, enabling unified modeling of architectural, structural, mechanical, 
and electrical component parameters, construction processes, and operation and maintenance information 
[68]. Real-time data access from production equipment, transport vehicles, on-site sensors, and operation 
and maintenance monitoring terminals should be achieved through the Internet of Things and 5G 
communication [69]. Construction robots and intelligent equipment should be used to automate key 
processes such as hoisting, welding, grouting, and inspection. Furthermore, artificial intelligence and big 
data analytics should be applied to quality prediction, construction risk warning, equipment scheduling 
optimization, and operation and maintenance fault diagnosis [70]. 

Relevant studies also indicate that integrating BIM with artificial intelligence and other digital 
technologies is becoming an important pathway to advancing prefabricated buildings. To facilitate the 
application of prefabricated buildings, Building Information Modeling (BIM), as a digital representation of 
the physical characteristics and functional attributes of buildings, has become an important knowledge 
resource throughout the full life cycle of facilities [71]. At present, BIM has been widely recognized and 
applied worldwide, and its integration with prefabricated buildings has demonstrated significant value in 
design, assembly, construction, and operation and maintenance stages [72]. By supporting designers in 
optimizing design schemes, improving construction processes, and reducing schedule delays, BIM has 
become a key technological foundation in modern prefabricated building practice [73]. For example, Yin 
et al. pointed out that the integration of BIM and prefabricated buildings plays an important role in 
improving construction efficiency and promoting sustainable development [74], a view that has gradually 
received broad attention in subsequent studies [75]. 

On the basis of the continuous deepening of BIM applications, artificial intelligence further promotes 
the intelligent development of prefabricated buildings. AI can be used to automate tasks such as design 
generation, supply chain management [76], and construction site layout, and it can promote digitalization, 
productivity improvement, and automation upgrading across the full value chain of prefabricated buildings 
in the context of Industry 4.0 [77]. Meanwhile, decisions made in the early design stage of prefabricated 
buildings have an important impact on subsequent scheme optimization and supply chain efficiency [78]. 
The integration of BIM and AI helps alleviate issues such as early design rigidity and insufficient 
sustainability, further strengthening their supporting role in sustainable innovation [79]. 

For example, Yuan et al. proposed a Design for Manufacture and Assembly (DFMA)-oriented 
parametric design method for prefabricated buildings and integrated it with BIM [80]. Wang et al. 
developed a BIM-based framework for mechanical, electrical, and plumbing (MEP) layout tasks in 
prefabricated buildings, which identified 78% of potential clashes [81]. Lobo et al. established a generative 
design framework integrating BIM and AI and applied it to drywall installation design in prefabricated 
projects, achieving favorable results in design optimization and material waste reduction [82]. In addition, 
Banihashmi et al. designed a workflow integrating parametric design and BIM, indicating that prefabricated 
buildings are gradually moving toward automation and innovation [83]. These studies provide effective 
insights for addressing design rigidity, logistics constraints, component size limitations, and hoisting 
constraints in prefabricated buildings [84]. 
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To further clarify the integration pathways of BIM, AI, IoT, digital twins, blockchain, and other 
technologies in prefabricated intelligent construction, Table 7 summarizes relevant studies in recent years. 
The table compares them from four dimensions: research content, research methods, limitations, and 
implications. Its purpose is to identify the main concerns, common limitations, and supporting roles of current 
multi-technology integration studies in the construction of prefabricated intelligent construction systems. 

As shown in Table 7, BIM has gradually evolved from a single modeling tool into a full life-cycle 
information carrier running through design, production, construction, operation, and maintenance. AI, IoT, 
and digital twins respectively enhance intelligent optimization, real-time sensing, and cyber–physical 
interaction, while blockchain further improves trusted data sharing and responsibility traceability. 
Meanwhile, existing studies still exhibit clear limitations: most results focus on a single stage or a local 
scenario, and a unified technical framework that covers the entire process has not yet been developed. 
Cross-platform data interoperability, semantic mapping, real-time synchronization, and multi-source data 
fusion remain key constraints on collaborative applications. 

Therefore, Table 7 indicates that the future focus of prefabricated intelligent construction should shift 
from single-technology applications to the systematic integration of technologies. Specifically, BIM/digital 
twins should serve as the core carrier, IoT as the sensing foundation, AI as the decision-making support, 
and trusted data management mechanisms as the guarantee, so as to realize data connectivity and 
collaborative optimization throughout design, production, construction, and operation and maintenance. 

Table 7. Technology Integration Analysis of Prefabricated Intelligent Construction. 

Article Technology Main Contribution Limitations and Implications 

[85] 
BIM life-cycle 
evolution 

Reveals BIM research outputs, knowledge 
flows, technological demands, hotspots, and 
evolution across life-cycle stages. 

Limited discussion of engineering-level integration 
and interoperability; BIM should serve as a full life-
cycle information carrier. 

[86] BIM + AI 
Reviews BIM–AI integration for efficiency, 
cost control, sustainability, design automation, 
and industrial productivity. 

Constrained by algorithm complexity, weak 
interoperability, and limited sustainability indicators; 
AI–BIM should support whole-process collaboration. 

[87] BIM + IoT 
Shows BIM and IoT complement engineering 
information through model semantics and real-
time site data. 

Insufficient validation of data mapping, real-time 
interaction, and cross-platform interoperability; BIM–
IoT can reduce technology silos. 

[42] Digital twin 
Highlights the connection between physical 
construction sites and digital model spaces in 
prefabricated intelligent construction. 

Real-project validation of synchronization, dynamic 
updating, and collaborative decision-making remains 
limited; digital twins can enable cyber–physical 
interaction. 

[88] 
BIM-enabled 
design 

Identifies BIM’s role in bridging design gaps 
and improving collaboration, component 
information management, and construction 
efficiency. 

Based mainly on practice experience and qualitative 
analysis; BIM data foundations should be 
strengthened at the design stage. 

[89] 
Digital twin + 
hoisting safety 

Develops a digital twin-based safety risk 
management framework for prefabricated 
building hoisting. 

Applicability across more construction scenarios 
needs verification; BIM, IoT, and algorithms can 
support proactive hoisting risk control. 

[90] 
Blockchain + 
IoT + BIM 

Proposes a blockchain-enabled IoT–BIM 
platform for modular construction supply chain 
management. 

Prototype applicability needs broader validation; 
integration should address interoperability, 
trustworthiness, responsibility, and supply chain 
collaboration. 

[17] 
BIM + IoT + 
GIS + digital 
twin 

Develops a digital twin framework for full life-
cycle facility management of relocatable 
modular buildings. 

Focuses mainly on O&M; multi-technology 
integration should extend to manufacturing, 
assembly, relocation, renovation, and reuse. 
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[91] BIM + AI + IoT 
Reveals research trends and knowledge gaps in 
BIM–AI–IoT integration for prefabricated 
construction. 

Lacks empirical analysis of architecture, interfaces, 
algorithms, and interoperability; integration enables 
semantic modeling, sensing, and intelligent decision-
making. 

[92] 
IoT + BIM + 
RFID 

Proposes a multidimensional IoT–BIM platform 
for visualized and traceable prefabricated 
construction management. 

Mainly focuses on component tracking; IoT–BIM 
should integrate sensing, equipment, logistics, 
installation, and quality traceability data. 

Requirement 2: Full Life-Cycle Management of Prefabricated Components 

Prefabricated components are the core objects of whole-process collaboration in prefabricated 
buildings [93]. Their life cycle covers multiple stages, including detailed design, industrialized production, 
warehousing and logistics, on-site hoisting, joint construction, completion acceptance, and operation and 
maintenance. Each stage continuously generates multi-source heterogeneous data, such as component codes, 
geometric parameters, reinforcement information, production processes, quality inspection records, 
logistics histories, installation records, and operation and maintenance archive [94]. Without a unified 
coding and data governance mechanism, problems such as data redundancy, discontinuous status tracking, 
and difficulty in responsibility traceability are likely to occur [95–97]. 

Therefore, the full life-cycle management of components should make unique identification the main 
thread and establish a component data chain that runs through design, production, transportation, 
construction, operation, and maintenance [98]. The system architecture can be divided into four layers. The 
bottom layer is the sensing and access layer, which is responsible for collecting data from production 
equipment, inspection instruments, logistics terminals, on-site mobile devices, and hoisting sensors. The 
middle layer is the data and model support layer, which integrates component databases, time-series data, 
BIM models, engineering rule bases, and intelligent algorithmic models [99]. The upper layer is the 
business application layer, which provides functions such as component traceability, quality control, 
process management, statistical analysis, and visualization-based decision-making [100]. The top layer is 
the integrated management and supervision layer, serving project management, enterprise control, and 
industry supervision [101,102]. 

The layers of the system are interconnected through standardized service interfaces and message buses. 
On-site sensing data are uniformly collected through terminals and gateways and transmitted to the data 
and model support layer. After processing, the data provides services for upper-level business applications 
through standard interfaces. The production system of prefabricated intelligent construction is shown in 
Figure 14. 

Zhang et al. [103] systematically reviewed the multidimensional and multi-scale characteristics of 
intelligent manufacturing spaces and their modeling methods from the perspective of digital twins. The 
application achievements of digital twin technology in manufacturing also provide important insights for 
the transformation of the construction industry toward intelligent construction. Liu et al. [104] proposed a 
digital twin-based intelligent construction method for dynamically adjusting and correcting actual 
construction processes. Tao et al. [105] explained the intrinsic relationships among urban big data, cyber–
physical interaction, and intelligent services, and proposed an operational framework for digital twin cities 
on this basis. Liu et al. further summarized the application frameworks of digital twins in fields such as 
vehicles, electromechanical equipment, space communication networks, three-dimensional warehousing, 
healthcare, and smart cities, making important contributions to the expansion of digital twin application 
scenarios. Based on this, they proposed a digital twin framework for the construction field, as shown in 
Figure 15 [106]. 
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Figure 14. Full Life-Cycle Management Architecture of Prefabricated Components. 

 

Figure 15. Data Twin Framework for Intelligent Construction. 

In summary, the full life-cycle management of prefabricated components is not only a core link for 
achieving whole-process construction collaboration, but also a fundamental guarantee for the efficient 
operation of the intelligent construction system. By integrating unique component identification with multi-
source heterogeneous data, an information closed loop can be established across design, production, 
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transportation, construction, and operation and maintenance stages, thereby addressing problems such as 
discontinuous status tracking, data redundancy, and difficulty in responsibility traceability. 

Requirement 3: Engineering Quality and Construction Safety Prevention and Control 

Quality and safety, prevention and control are key objectives for the implementation of prefabricated 
intelligent construction systems. Traditional quality management in prefabricated buildings mainly relies 
on factory inspection of components and random inspection on construction sites, which is essentially a 
post-event control mode. This makes it difficult to promptly identify production deviations, installation 
errors, and potential safety hazards. Meanwhile, high-risk operations such as working at height, heavy 
hoisting, joint connection, and collaborative operation of large equipment impose higher requirements on 
real-time sensing, intelligent identification, and proactive warning. 

For quality control, an intelligent inspection system based on machine vision, laser scanning, 
nondestructive testing, and online monitoring should be established to collect and quantitatively compare 
data on component geometric dimensions, reinforcement spacing, concrete compactness, joint welding 
quality, and installation deviations in real time. Inspection data should be associated with production 
batches, raw material sources, operators, process parameters, and construction records, so as to enable the 
localization, traceability, rectification, and feedback optimization of quality problems. Furthermore, by 
integrating machine learning models, trends in quality parameter fluctuations can be predicted, and 
warnings can be triggered when risks approach threshold values, thereby promoting the shift from result 
inspection to process control. 

Zhong et al. [92] constructed a multidimensional BIM platform to improve real-time visualization and 
traceability during the construction process of prefabricated components. Gunduz et al. [107] established a 
dynamic risk management and control model. Lin et al. [108] proposed an integrated framework for closed-
loop structural safety management based on multi-source data fusion. Wang et al. [109] proposed a deep 
learning-based method for rapid and automatic identification of weathering and spalling damage in ancient 
buildings. Ni et al. [110] conducted a quantitative measurement of crack width using digital image methods 
and a dual-scale convolutional neural network. 

Regarding construction safety prevention and control, methods such as machine learning, deep learning, 
Bayesian networks, and support vector machines have been gradually applied to the analysis of construction 
accident causation, the recognition of unsafe behavior, the detection of structural damage, and the 
prediction of construction risk. In construction safety risk assessment and prediction, the key challenge lies 
in the complex, multivariable, and nonlinear relationships among various influencing factors and risk levels 
[111]. At present, commonly used machine learning methods mainly include artificial neural networks 
(ANN), support vector machines (SVM) [112], and Bayesian networks (BN) [113]. 

Among them, Bayesian networks can infer and predict safety risk states through causal relationships 
between risk events and accidents. However, the construction of their network structure is relatively 
subjective and usually requires a large amount of sample data for learning [114]. Artificial neural networks 
are widely used in prediction tasks, but their internal mechanisms are weak in interpretability and still exhibit 
obvious “black-box” characteristics [115]. In contrast, support vector machines have a relatively mature 
theoretical foundation in kernel functions and show clear advantages in handling small-sample, high-
dimensional, and nonlinear problems. Therefore, they are widely used in engineering safety risk prediction. 

For example, Zhou et al. [116] proposed a hybrid deep learning model based on an attitude and position 
prediction framework for shield tunnel construction. Zhou et al. [117] proposed a new SVM-based safety 
risk prediction method for deep foundation pit construction in metro projects. However, current studies 
applying machine learning methods to construction safety risk management in prefabricated buildings 
remain relatively limited, especially in the field of hoisting safety risk management, where further research 
is still needed. 
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Overall, quality and safety prevention and control should shift from isolated inspection systems to an 
integrated production–inspection–construction–feedback coordination mechanism. In this way, quality 
warning results can directly inform production planning, component delivery, hoisting schemes, and process 
adjustments, thereby forming a proactive prevention and control closed loop that covers the whole process. 

At the level of safety risk identification, for example, Roman et al. [118] used numerical simulation 
methods to study safety accidents in prefabricated building construction and proposed corresponding 
management countermeasures. Liu et al. [119] conducted numerical simulation analysis of prefabricated 
components based on BIM technology and further evaluated their reliability. Zhang et al. [120] used 
machine learning methods to analyze construction accident reports, thereby realizing classification and 
identification of accident causes. Ding et al. [121] proposed a new hybrid deep learning model for 
identifying unsafe behaviors during metro construction. 

Liu et al. [122] constructed a multidimensional digital twin model, MDZ, for hoisting safety risk 
prediction in prefabricated buildings by combining risk influencing factors in the hoisting process with a 
digital twin framework for construction processes. The model can be expressed as Equation (1): 

MDZ = (PCS, DVT, DD, SS, CN)
 

(1)

where MDZ represents the multidimensional digital twin model of the prefabricated building hoisting 
process; PCS refers to the actual physical hoisting process; DVT denotes the hoisting virtual model; DD 
represents the big data storage and management platform; SS refers to the hoisting safety risk prediction 
service; and CN describes the data collection, transmission, and interaction relationships among the 
physical hoisting process, hoisting virtual model, big data management platform, and hoisting risk 
prediction service. Based on Equation (1), this study further proposes a prefabricated building hoisting 
method integrated with digital twin technology, and its overall process is shown in Figure 16. 
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Figure 16. Digital Twin Framework for Hoisting Safety in Prefabricated Construction. 
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In summary, quality and safety prevention and control in prefabricated intelligent construction are not 
only prerequisites for the successful completion of construction, but also core objectives for the 
implementation of systematic intelligent construction. By shifting from the traditional post-event inspection 
mode to an integrated production–inspection–construction–feedback coordination mechanism, it is possible 
to achieve whole-process quantitative monitoring of component geometric dimensions, joint construction 
quality, reinforcement spacing, concrete compactness, and on-site construction deviations. Combined with 
machine vision, laser scanning, nondestructive testing, sensor networks, and artificial intelligence 
algorithms based on multi-source data fusion, such as deep learning, support vector machines, and Bayesian 
networks, construction risks can be dynamically identified, predicted, and warned against. The introduction 
of digital twin technology further integrates the physical construction process, virtual models, big data 
platforms, and safety prediction services, thereby enabling visualized and intelligent management of 
hoisting operations and other key high-risk procedures. 

Case Analysis: Practical Engineering Application 

The above analysis indicates that the key to the technical system of prefabricated intelligent 
construction lies in the integrated application of BIM, the Internet of Things, intelligent equipment, the 
industrial Internet, artificial intelligence, and other technologies to achieve data connectivity and 
collaborative linkage across design, production, transportation, construction, and quality control. 
Particularly in the production of prefabricated components, the deep integration of intelligent equipment 
and digital management platforms can effectively improve component processing accuracy, production 
efficiency, and quality traceability. To further illustrate the application effects of this technical system in 
real engineering practice, this study takes the smart beam plant of the Shiziyang Passage as a typical case 
and analyzes the practical application of prefabricated intelligent construction technologies in the 
production of prefabricated components for large-scale transportation infrastructure. 

As shown in Figure 17. The Shiziyang Passage is an important transportation infrastructure project in 
the Guangdong–Hong Kong–Macao Greater Bay Area and a super-large cross-sea composite highway 
corridor connecting the east and west banks of the Pearl River. The project starts from Dagang Town, 
Nansha District, Guangzhou, and ends in Humen Town, Dongguan, with a total route length of 
approximately 35 km. Among them, Section T13, undertaken by China Railway No. 4 Engineering Group, 
is the prefabrication section. Its supporting smart beam plant is the largest beam production yard along the 
entire line and is primarily responsible for prefabricating 7790 box girders for contract sections T2–T4, 
covering an area of approximately 27.17 hectares. 

 

Figure 17. Smart Beam Plant. 
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Given the large number of prefabricated box girders, the complexity of component types, and the high 
requirements for precision, the smart beam plant established a full-process digital reinforcement cage 
production line. By integrating BIM model data, intelligent processing equipment, automated assembly 
equipment, visual recognition systems, and an industrial Internet platform, the plant realized the direct 
transmission of design data to the manufacturing process. This model changed the traditional beam yard 
production mode that relied on manual binding and experience-based management, forming a prefabricated 
component production system characterized by data-driven operation, cyber–physical collaboration, and 
intelligent manufacturing. 

The engineering application results show that the automated reinforcement cage production line 
significantly improved production efficiency and quality stability. Compared with the traditional manual 
binding method, the number of production workers was reduced from 12 to 3 per shift, reducing labor costs 
by approximately 72.3%. The forming time of a single reinforcement mesh was shortened from 4 h to 2 h, 
increasing production efficiency by approximately 100%. The spacing deviation of the main reinforcement 
in the cage could be stably controlled within ±2 mm, and the qualified rate of joint welding reached 99%. 

This case demonstrates that the systematic integration of BIM data, intelligent equipment, the industrial 
Internet, and automated inspection technologies can effectively support efficient, precise, and traceable 
production of prefabricated components for large-scale transportation infrastructure. Its implication is that 
the future focus of prefabricated intelligent construction should shift from single-technology application to 
whole-process system integration, further strengthening the data closed loop and collaborative optimization 
among design, production, logistics, construction, and quality control. 

Therefore, the engineering practice of the Shiziyang Passage smart beam plant further verifies the 
practical feasibility of the prefabricated intelligent construction technical system discussed above. This case 
shows that, for the production of prefabricated components in large and complex projects, relying solely on 
traditional manual experience and decentralized management can no longer meet the construction 
requirements of high efficiency, high precision, and high quality. Through the systematic integration of BIM 
data, intelligent equipment, industrial Internet platforms, and automated inspection technologies, design 
information can be directly transmitted to production and manufacturing, thereby transforming prefabricated 
component production from a labor-intensive model to a data-driven, intelligently collaborative one. This also 
indicates that the future development of prefabricated intelligent construction should further shift from single-
technology application to whole-process system integration, strengthening the data closed loop and 
collaborative optimization among design, production, construction, and quality control. 

4.2.2. Research Hotspot 2: Process Innovation and Intelligent Equipment for Prefabricated Intelligent 
Construction 

The application of process innovation and intelligent equipment in prefabricated construction is one of 
the core research hotspots in the field of prefabricated intelligent construction [123]. Its research logic 
centers on the coordinated advancement of component performance, construction process optimization, and 
intelligent equipment upgrading. This direction aims to address key problems in traditional prefabricated 
construction, such as complicated construction processes, lagging equipment development, and insufficient 
performance control. It promotes the transformation of prefabricated construction toward higher efficiency, 
greater refinement, and stronger intelligence, thereby achieving simultaneous improvement in engineering 
quality, construction efficiency, and green benefits [97]. 

As shown in Figure 18. At the level of process innovation in prefabricated construction, the core 
objectives are to improve component adaptability, simplify construction procedures, and strengthen 
structural performance [124]. Relevant studies focus on process optimization and innovation in key links 
such as component connection and on-site assembly. To address problems in traditional prefabricated 
component connection processes, such as poor sealing performance, insufficient bearing capacity [125], 
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and low construction efficiency, new connection processes have been developed, including modular joint 
connections and integrated prestressed grouting processes. By optimizing connection configuration design 
[126], these processes balance the mechanical performance of component connections with construction 
convenience, reduce on-site wet operations, decrease construction errors, and improve the overall stability 
and durability of prefabricated structures [127]. 

 

Figure 18. Process Innovation and Intelligent Equipment for Prefabricated Intelligent Construction. 

Therefore, the typical equipment and process methods in prefabricated intelligent construction can be 
discussed from three stages: early-stage design, production and transportation, and construction and 
inspection [128]. 

First, in the early-stage design stage, digital design platforms, BIM-based collaborative design systems, 
parametric modeling tools, and intelligent optimization algorithms constitute the front-end support for process 
innovation in prefabricated intelligent construction [129]. Early-stage design not only determines the spatial 
form and structural system of a building but also directly affects component decomposition, production 
processes and routes, transportation feasibility, and on-site assembly efficiency [130]. Therefore, the design 
stage in prefabricated intelligent construction is no longer limited to traditional two-dimensional drawing 
representation, but is gradually shifting toward an integrated design mode centered on BIM models, linked 
by data collaboration, and supported by intelligent algorithms [131]. Through BIM technology, collaborative 
integration of multi-disciplinary models, including architecture, structure, mechanical and electrical systems, 
and decoration, can be achieved. In addition, component decomposition, clash detection, embedded-part 
verification [132], hoisting path simulation, and construction sequence deduction can be completed during 
the design stage, thereby reducing design conflicts and on-site change risks from the source [133]. 

On this basis, parametric design and intelligent optimization algorithms further improve the efficiency 
and adaptability of prefabricated component design. Parametric modeling can rapidly generate multiple 
component decomposition schemes according to constraints such as building function [134], structural 
force conditions, transportation dimensions, hoisting capacity, and mold reuse rate. Meanwhile, multi-
objective optimization methods, such as genetic algorithms [135], deep learning, and multi-objective 
optimization strategies, can comprehensively consider indicators, including component standardization rate, 
mold turnover efficiency, material consumption, construction cost, and carbon emissions. In the early-stage 
design of prefabricated intelligent construction [136], BIM technology not only supports multidisciplinary 
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model collaboration and clash detection but also extracts information such as component quantities, types, 
transportation, and hoisting data, providing accurate data support for multi-objective optimization. 

For the three objectives of construction cost, duration, and carbon emissions, a multi-objective 
optimization model is established as follows: 

1. Construction and installation cost model [137]: 
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where 𝐶௖௜ denotes the construction and installation cost; 𝑛 denotes the number of component types; and 
𝑃௜, 𝑀௜, 𝑅௜, and 𝑇௜ represent the labor, material, and machinery cost, management cost, profit, and tax of 
the 𝑖-th type of component, respectively. 

2. Duration cost model [138]: 

cp R PC N C N C      (3)

where 𝐶௖௣ denotes the duration cost; 𝛼 denotes the daily project expenditure; 𝑁 denotes the number of 
days by which completion is advanced or delayed; 𝐶ோ denotes the reward for early completion; and 𝐶௉ 
denotes the penalty for delayed completion. 

3. Carbon emission cost model: 

,ce Z ci cp ceC E C C C C      (4)

where 𝐶௖௘  denotes the carbon emission cost; 𝛽  denotes the unit carbon emission trading price; Δ𝐸 
denotes the amount of carbon emission quota purchased or sold for the project; and 𝐶௓ denotes the total 
construction and installation cost. 

The carbon emission calculation formula is given as [139]: 

𝐸 ൌ 𝑀௖𝜇 ൅𝑀௧𝜇 (5)

where 𝑀௖  denotes the material consumption of component production; 𝑀௧  denotes the energy 
consumption during transportation; and 𝜇denotes the carbon emission factor. 

For multi-objective optimization problems in prefabricated buildings, existing studies commonly adopt 
intelligent optimization algorithms for solution searching. The particle swarm optimization (PSO) 
algorithm simulates the foraging behavior of bird flocks and searches for optimal solutions through 
collaboration and information sharing among individuals. It is characterized by simplicity, efficiency, and 
strong global search capability. However, since multi-objective optimization involves discrete decisions, 
such as whether a component adopts prefabricated or cast-in-situ construction, the traditional PSO 
algorithm in continuous space cannot be directly applied. Therefore, an improved binary PSO algorithm is 
introduced. By using the Sigmoid function to map particle velocity, continuous velocity is converted into a 
binary position to represent whether a component adopts prefabricated construction 
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( 1) 1, if rand(0) ( ),

0, otherwise
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denotes the 

probability of taking the value 1; and rand ( ) denotes a random number between 0 and 1. When the particle 
velocity is large, the probability of the position taking the value 1 is higher, indicating that the component 
adopts prefabricated construction. When the velocity is small, the probability of the position taking the 
value 0 is higher, indicating that the component adopts the cast-in-situ method. 
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To improve global search capability, accelerate convergence, and avoid falling into local optima, 
studies further combine the binary differential evolution (DE) algorithm with the PSO algorithm, forming 
a hybrid PSODE algorithm. Its basic process is as follows: the search space is determined, and the particle 
swarm is initialized; the fitness values of all individuals are calculated, and the optimal solution is recorded; 
a random strategy is used to select either binary PSO or binary DE for individual iterative updating; after 
updating, the fitness value is recalculated. If the termination condition is satisfied or the maximum number 
of iterations is reached, the optimal solution is output; otherwise, the iterative process continues. The 
operational process of the binary DE algorithm is shown in Figure 19 [140]. 

 

Figure 19. The Iterative Process of the Binary Differential Evolution Algorithm. 

The iterative process of the PSODE algorithm. The algorithm first generates a random binary particle 
swarm and initializes the strategy parameters to determine whether binary PSO or binary DE is used for 
individual updating in each iteration. During the iteration process, the current particle positions are recorded, 
and fitness values are calculated. If the updated solution is superior to the previous one, the new fitness 
value is retained, and the optimal individual is updated [141]. 

The algorithm switches adaptively between PSO and DE through a random strategy, thereby balancing 
search efficiency and global optimization capability. When the stagnation threshold is satisfied, or the 
maximum number of iterations is reached, the algorithm terminates and outputs the optimal result. 

Second, in the production and transportation stages, automated production lines, intelligent formwork 
tables, rebar processing equipment, concrete pouring and curing systems, component identification and 
tracking technologies, and intelligent logistics systems constitute the essential equipment foundation for 
upgrading prefabricated construction processes [142]. Prefabricated component production is the core link 
that distinguishes prefabricated buildings from traditional cast-in-situ construction. It is also the stage in which 
intelligent equipment is most intensively applied, and process control requirements are the highest. Traditional 
prefabricated component production suffers from high dependence on manual labor, difficulty in real-time 
monitoring of process parameters, large quality fluctuations, and isolated production information. To improve 
the precision, efficiency, and stability of component production, current research generally emphasizes the 
integrated application of automated production lines and digital control systems [143]. 

During component production, intelligent formwork tables and automated assembly lines can 
automatically organize processes such as mold layout, rebar positioning, embedded-part installation, 
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concrete pouring, vibration, leveling, curing, and demolding according to BIM models and production plans. 
Automated rebar processing equipment can perform rebar cutting, bending, welding, and binding based on 
detailed component design data, thereby improving the processing accuracy of rebar cages [144]. 
Automatic concrete placing machines and vibration equipment can adjust pouring speed and vibration 
intensity based on component type, section size, and material performance parameters, thereby reducing 
quality defects such as honeycombs, voids, and insufficient compactness. Intelligent curing systems can 
dynamically regulate steam curing, constant-temperature curing, or natural curing processes through 
temperature and humidity sensors and control algorithms, thereby ensuring early strength development and 
dimensional stability of components [145]. 

Meanwhile, the intelligence of component production is not limited to equipment automation; more 
importantly, it lies in real-time production data collection, process tracking, and quality closed-loop control. 
Through component identity recognition technologies such as RFID, QR codes, laser marking, or embedded 
chips, a unique identification code can be established for each prefabricated component, linking component 
design information, raw material batches, production process parameters, quality inspection results, storage 
locations, transportation status, and on-site installation records [146]. This mechanism forms a continuous 
data chain from the production end to the construction end, providing a basis for quality traceability, 
responsibility clarification, and process optimization. In the transportation stage, prefabricated components 
are characterized by large volume, heavy weight, significant shape differences, and high sensitivity to 
transportation damage; therefore, whole-process control should be implemented by integrating intelligent 
logistics equipment with route optimization methods. Based on BIM models and construction schedules, 
component loading sequence optimization, transportation route planning, and site entry rhythm matching 
can be carried out in advance to avoid yard congestion, secondary handling, and on-site waiting. GPS 
positioning, vehicle-mounted sensors, tilt sensors, and vibration monitoring devices can record position, 
speed, vibration, inclination, and impact status in real time during transportation, thereby determining 
whether components are at risk of transportation damage. Through the dynamic linkage of production plans, 
logistics plans, and on-site installation plans, a collaborative organization mode of “on-demand production, 
just-in-time transportation, and precise site entry” can be achieved, thereby improving supply-chain 
efficiency and construction continuity in prefabricated construction [147]. 

Li Zhibin et al. [148] reported the practice of the CNOOC Tianjin Offshore Equipment Intelligent 
Manufacturing Base. The project used BIM LOD400–500 models to conduct detailed design and clash 
detection for modular steel structural components and combined CNC machine tool processing to achieve 
one-time forming of components. In the production and transportation stages, the project applied automated 
assembly lines, intelligent formwork tables, RFID/QR code component tracking, and intelligent logistics 
systems, realizing closed-loop production data management and precise on-site assembly. The component 
processing accuracy was high, the qualification rate reached 99%, and the production cycle was shortened 
by approximately 30%, providing a reference model for the intelligentization of the production stage in 
prefabricated buildings. 

Dong Qingsen et al. [149] constructed a BIM model-driven steel structure cutting and welding process 
in offshore modular production. By combining automated welding robots, rebar processing equipment, 
AGV automatic transportation systems, and a digital twin monitoring platform, real-time monitoring and 
closed-loop control of the whole process of production, transportation, and assembly were realized. This 
model significantly reduced construction errors and rework rates and supported intelligent collaboration 
through full life-cycle information tracking, providing a replicable intelligent construction case for modular 
shipbuilding and offshore platform component production. 

Jiang Zizhou [150] systematically reviewed the application of humanoid, wheeled, tracked, and robotic-
arm robots in prefabricated construction factories and on-site construction from the perspective of intelligent 
construction robots. The study pointed out that robots can achieve stable rhythms and consistent quality in 
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processes such as rebar processing, welding and cutting, component handling, concrete paving, and spraying. 
Meanwhile, when combined with BIM, sensing, and positioning technologies, robots can perform precise 
measurements and supervise assembly on construction sites, providing a reference technical path and 
management model for the production and transportation stages of intelligent construction. 

Hou Yifen et al. [151] systematically studied process optimization, design-data connection, and robotic 
construction applications in the intelligent production and transportation stages of prefabricated 
components, based on the Longhua Street prefabricated residential project in Xuhui District, Shanghai. The 
study adopted optimized reinforcement for composite slabs, welded reinforcement mesh for walls, and 
unified keyway design. It also used an intelligent construction precision data platform to realize a “design–
production” data closed loop, while deploying floor-leveling robots and putty-spraying robots to improve 
construction accuracy and efficiency. The results showed that intelligent equipment and data platforms 
significantly improved component processing accuracy and construction efficiency, supporting a 
construction mode of on-demand production, just-in-time transportation, and precise site entry. 

As shown in Table 8, in the construction and inspection stages, intelligent hoisting equipment, 
construction robots, laser scanners, machine vision systems, nondestructive testing equipment, and 
intelligent safety monitoring systems constitute the key technical support for the intelligent upgrading of 
prefabricated construction sites. On-site construction is the stage where process innovation and intelligent 
equipment applications in prefabricated construction are most directly reflected. Compared with traditional 
cast-in-situ construction, prefabricated construction places higher requirements on component positioning 
accuracy, hoisting coordination, joint connection quality, and construction organization continuity. If on-
site hoisting, temporary support, joint grouting, and installation verification are not properly controlled, 
even high-quality component production may still result in a degradation of overall structural performance. 
Therefore, the application of intelligent equipment in the construction stage focuses on improving 
component installation accuracy, reducing the intensity of high-risk operations, strengthening joint quality 
control, and realizing dynamic perception of the construction process. 

In terms of component hoisting and installation, intelligent tower cranes, automatic guided hoisting 
systems, hoisting path planning systems, and component positioning technologies based on visual 
recognition have gradually become research focuses. By inputting component position information, 
hoisting sequence, and site spatial constraints from BIM models into hoisting scheduling systems, hoisting 
path simulation and collision risk identification can be completed in advance. Combined with technologies 
such as UWB positioning, visual recognition, laser ranging, and inertial measurement units, the posture and 
spatial position of components can be perceived in real time, assisting hoisting equipment in achieving 
precise placement. For large wall panels, composite slabs, precast columns, modular units, and other 
components, intelligent hoisting equipment can significantly reduce manual command errors and improve 
installation safety and construction efficiency. 

In terms of joint construction and connection quality control, intelligent grouting equipment, automatic 
welding robots, bolt-tightening monitoring equipment, and joint inspection instruments have important 
application value. Key processes such as sleeve grouting connections, cast-in-situ joint connections, and 
dry connections are directly related to the overall mechanical performance of prefabricated structures. 
Traditional manual grouting has problems such as unstable pressure control, difficulty in real-time 
judgment of fullness, and difficulty in detecting concealed quality defects. Intelligent grouting systems can 
record grouting pressure, flow rate, time, temperature, and material status throughout the process, and 
evaluate grouting fullness based on sensor feedback, thereby improving the controllability of joint 
connection quality. For prefabricated steel structures, automatic welding robots and intelligent bolt-
tightening equipment can improve the consistency of connection operations and reduce deviations caused 
by manual operation. 
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Table 8. Analysis of Intelligent Equipment in Prefabricated Intelligent Construction. 

Typical Equipment Applicable Stage Function Features Application Value 

Intelligent 
Formwork Table 

Component 
production 

Component forming, rebar 
positioning, formwork 
installation 

BIM-linked; adaptable 
to multiple component 
types 

Reduces assembly errors and 
ensures component consistency 

Rebar Processing 
Robot 

Component 
production 

Automatic cutting, bending, 
welding, and tying of rebar 
cages 

High precision; 
automated; repeatable 

Improves rebar accuracy and 
shortens processing time 

RFID/QR Code 
Identification 
System 

Production and 
transportation 

Unique component 
identification and full-
process tracking 

BIM-compatible; 
supports data linkage 

Enables quality traceability, 
responsibility clarification, and 
supply chain management 

Intelligent Logistics 
System/AGV 

Component 
transportation 

Automatic handling, 
warehousing, and route 
optimization 

Autonomous navigation; 
real-time monitoring 

Improves logistics efficiency and 
reduces secondary handling and 
damage 

Intelligent Tower 
Crane 

On-site hoisting 
Accurate hoisting, 
positioning, and component 
installation 

Hoisting path planning; 
BIM linkage 

Improves hoisting accuracy and 
reduces high-altitude operation 
risks 

Intelligent Grouting 
System 

Joint construction 
Automatic control of sleeve 
or dry grouting 

Real-time monitoring of 
pressure, flow, and 
temperature 

Improves joint quality control 
and construction consistency 

Transportation 
Monitoring Platform 

Production and 
transportation 

Transportation monitoring, 
vehicle dispatching, and site 
receiving 

RFID/GPS linkage; real-
time data tracking 

Supports supply chain 
coordination and construction 
continuity 

In terms of construction inspection and quality acceptance, laser scanning, machine vision, 
photogrammetry, drone inspection, and nondestructive testing provide a new methodological system for on-
site quality control. Three-dimensional laser scanning can rapidly acquire point cloud data after component 
installation and compare it with BIM design models to detect deviations in wall panel verticality, component 
axes, elevations, joint widths, and overall spatial geometry. Machine vision systems can be used to identify 
quality defects such as surface cracks, corner damage, contamination, and embedded-part misalignment. 
Nondestructive testing technologies, including ultrasonic testing, impact echo, infrared thermography, and 
acoustic emission, can be used to evaluate the compactness of grouting, internal concrete defects, and 
structural damage states. These inspection methods have transformed the traditional quality management 
model, which relied on manual visual inspection and sampling tests, shifting prefabricated construction 
quality control from “final acceptance” to “process monitoring” and “real-time feedback”. 

In addition, construction site safety management is also an important direction for the application of 
intelligent equipment. Prefabricated building construction involves large-component hoisting, high-altitude 
operations, temporary support systems, and multi-trade cross operations, making safety risks dynamic and 
sudden. By deploying video surveillance, personnel positioning, hoisting load monitoring, edge-protection 
sensors, and environmental monitoring devices, real-time perception of worker behavior, equipment 
operating status, and hazardous areas on construction sites can be achieved. Combined with artificial 
intelligence recognition algorithms, the system can automatically identify safety hazards such as failure to 
wear safety helmets, workers entering hoisting danger zones, abnormal component inclination, and 
instability risks in support systems, and then issue timely warnings to management personnel. This indicates 
that intelligent equipment not only improves construction efficiency but is also becoming an important tool 
for proactive safety risk prevention and control in prefabricated construction. 

Current research shows that BIM, the Internet of Things, artificial intelligence, digital twins, and 
construction robots are jointly promoting the transformation of prefabricated construction from a traditional 
industrialized production mode to a data-driven intelligent construction mode. Among them, BIM provides a 
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model foundation for multi-disciplinary collaborative design and component information integration; the 
Internet of Things enables real-time sensing throughout component production, transportation, construction, 
and operation and maintenance; and artificial intelligence and big data analytics provide algorithmic support 
for construction scheduling optimization, quality defect identification, and safety risk warning. Digital twins 
further dynamically couple physical construction processes with virtual models, making full life-cycle status 
perception, process prediction, and intelligent decision-making for prefabricated buildings possible. 

Overall, process innovation and intelligent equipment application in prefabricated construction demonstrate 
clear whole-process coordination characteristics. In the early-stage design stage, BIM, parametric design, and 
intelligent optimization algorithms enable front-end optimization of component decomposition, process routes, 
and construction organization. In the production and transportation stages, automated production lines, 
intelligent logistics, and component identification technologies improve the accuracy of component 
manufacturing and supply-chain coordination. In the construction and inspection stages, intelligent hoisting, 
construction robots, machine vision, and nondestructive testing technologies enable on-site assembly accuracy 
control, joint quality assurance, and safety risk warning. Together, these three stages constitute a technological 
pathway for prefabricated intelligent construction, progressing from digital design to automated production and 
further toward intelligent construction and traceable quality management. 

4.2.3. Research Hotspot 3: Structural Performance and Engineering Application of Prefabricated Buildings 

Structural performance and engineering application of prefabricated buildings constitute a fundamental 
and supporting research hotspot within the prefabricated intelligent construction research system. 
Compared with the previous two hotspots—technology integration and process equipment-this research 
direction pays greater attention to the safety, applicability, durability, and reliability of prefabricated 
buildings in real engineering environments. Its core concern lies in how to ensure the performance stability 
of prefabricated components, joint connections, and the overall structural system throughout production, 
transportation, installation, and service. 

As shown in Figure 20. The keyword co-occurrence analysis shows that terms such as seismic 
performance, mechanical properties, compressive strength, microstructure, crack propagation, numerical 
simulation, and acoustic emission appear with relatively high frequency, indicating that structural 
performance research on prefabricated buildings remains an important knowledge foundation in this field. 
However, in the context of intelligent construction, structural performance research is no longer limited to 
traditional experimental testing, theoretical analysis, and finite element simulation. Instead, it is gradually 
expanding toward intelligent sensing, data-driven prediction, digital twin feedback, and whole-process 
engineering performance management [152,153]. 

From the perspective of intelligent construction, research on the structural performance of 
prefabricated buildings has gradually shifted from static analysis of component materials, joint connections, 
overall structural behavior, and durability to a dynamic evaluation and continuous optimization system 
centered on performance objective setting, intelligent sensing data [154], intelligent analysis methods, 
engineering application scenarios, and feedback optimization mechanisms [155]. This system integrates 
structural performance control throughout component production, transportation, construction, and 
installation [156], operation and maintenance, and health assessment, thereby improving the safety, 
reliability, and durability of prefabricated buildings [157]. 

Structural performance objectives form the foundation of intelligent control and primarily include 
bearing capacity, seismic performance, ductility, durability, crack control, and joint reliability [158]. 
Among them, component strength, crack resistance, shrinkage, and creep behavior, and interfacial bonding 
performance determine the basic bearing capacity of the structure. Joint connection performance affects 
load transfer, deformation coordination, and energy dissipation capacity [159]. The seismic performance, 
dynamic response, and stability of the overall structure determine the structural safety level, while service-
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stage durability is closely related to long-term reliability [160]. Therefore, structural performance 
evaluation of prefabricated buildings should be expanded from a single strength-based indicator to a 
comprehensive performance system covering components, joints [161], the overall structure, and service 
durability [162]. 

 

Figure 20. Framework of Structural Performance and Engineering Applications of Prefabricated Buildings. 

Intelligent sensing data provide support for dynamic structural performance assessment. Multi-source 
data, including strain, displacement, acceleration, temperature, and humidity, acoustic emission [163], 
fiber-optic sensing, images, point clouds, and vibration monitoring, can be used to capture real-time state 
changes of components during production, transportation [164], hoisting, installation, and service [165]. 
For example, the production stage can monitor curing conditions, demolding strength, and dimensional 
deviations; the transportation and hoisting stages can identify risks of vibration, impact, and inclination; 
the installation stage can obtain information on joint quality, grouting compactness [166], and installation 
deviation; and the service stage can continuously track crack propagation, structural deformation, and 
changes in dynamic characteristics [167]. As a result, structural performance evaluation shifts from stage-
based inspection to whole-process real-time sensing [168]. 

Intelligent analysis methods promote the transformation of structural performance research from 
experience-based judgment to data-driven prediction. Based on multi-source monitoring data, finite 
element simulation, machine learning, deep learning, Bayesian updating, digital twins, and life prediction 
methods can be used to construct structural performance prediction, damage identification, and durability 
assessment models [169]. At the component level, these methods can reveal the relationship between 
process parameters and macroscopic mechanical properties. At the joint level, they can analyze bearing 
capacity, stiffness degradation, ductility, and failure modes. At the overall structural level [170], they can 
evaluate dynamic responses and performance degradation under earthquakes [171], wind loads, and 
complex environmental conditions [172]. At the durability level, they can identify risks such as freeze–
thaw damage, reinforcement corrosion, interface debonding, and material deterioration, thereby enabling a 
shift from post-event evaluation to pre-event prediction and process control [173]. 
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Engineering application scenarios serve as important carriers for verifying the effectiveness of 
intelligent control. Structural performance control of prefabricated buildings runs through production 
quality control, transportation damage identification, construction and installation verification, joint 
acceptance, and operation-stage health monitoring [174]. In the production stage, intelligent inspection and 
data traceability can ensure component quality. In the transportation stage, vibration and posture monitoring 
can identify potential damage. In the construction stage, three-dimensional scanning, machine vision, and 
sensor monitoring can verify component positioning, joint width, connection quality, and grouting quality 
[175]. In the operation and maintenance stage, structural health monitoring systems and digital twin 
platforms can continuously assess structural states, supporting risk warning, repair and reinforcement, and 
life prediction [176]. 

The feedback optimization mechanism enables continuous improvement and closed-loop control of 
structural performance [177]. By feeding sensing data, analysis results, and engineering feedback back to 
the design, production, construction, operation, and maintenance stages, joint configurations, component 
sections, material mix proportions, curing regimes, hoisting schemes, connection processes, and 
maintenance strategies can be dynamically optimized [178]. Thus, structural performance research on 
prefabricated buildings no longer remains at the stage of static verification, but forms an intelligent 
construction closed loop of sensing [179], analysis, application, and feedback, enabling structural 
performance to be monitored, predicted, traced, and optimized [180]. 

In the context of intelligent construction, research on structural performance is closely coupled with 
intelligent technologies [181]. Traditional methods focus on experiments, theoretical analysis, and 
engineering experience, making it difficult to achieve whole-process dynamic monitoring and real-time 
early warning [182]. Intelligent sensing technologies can deploy strain, displacement, acceleration, acoustic 
emission, fiber-optic, and environmental sensors on components [183], joints, and key load-bearing areas 
to obtain real-time data on stress, deformation, vibration, cracks, and environmental actions, thereby 
enabling full life-cycle monitoring during production, transportation, hoisting, installation, and service 
[184]. Artificial intelligence and data-driven methods can integrate experimental, monitoring, and 
simulation data to establish structural performance prediction, damage identification [185], and life 
assessment models. For example, acoustic emission and image recognition can be used to track crack 
initiation and propagation; deep learning-based visual detection can identify surface cracks, spalling, 
exposed reinforcement [186], and joint defects; and multi-source data prediction models can provide early 
warnings of joint stiffness degradation [187], changes in bearing capacity, and durability risks, thereby 
transforming structural performance evaluation from post-event assessment to pre-event prediction and 
process control [188]. 

Chen Shunde [189] explored an intelligent component production method that combines a 3D printing 
construction system with carbon-fiber concrete for high-rise building construction. The project used BIM 
models for component segmentation design and construction path planning, and combined 3D printing 
equipment with automated support systems to achieve precise forming of complex components and joint 
optimization. While ensuring the compressive strength and durability of high-rise components, this mode 
improved production efficiency and optimized material consumption, providing a demonstrative experience 
for complex high-rise prefabricated buildings under intelligent construction. Vandi [190] investigated 
structural health monitoring of prefabricated building envelopes by integrating multi-parameter sensors, 
including FBG fiber optic sensors, accelerometers, and force washers, into a 1:1 full-scale curtain wall 
prototype. The results showed that the prototype successfully passed the performance tests without damage, 
confirming the effectiveness of the multi-parameter sensor kit for structural health monitoring of building 
envelopes. Mao [191] investigated a novel prefabricated shear wall system incorporating mechanical 
keyway joints and epoxy-bonded interfaces. Full-scale wall specimens were tested under cyclic lateral 
loading to evaluate the effects of different connection and reinforcement configurations on seismic 
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performance. The study further integrated a GWO-WOA artificial intelligence optimization model to 
predict and optimize seismic resilience indicators, including ductility, peak load, and stiffness degradation. 
The results showed that epoxy-bonded joints increased energy dissipation by 28–34%; the GWO-WOA 
model achieved high predictive accuracy and improved the optimized specimens’ ductility by up to 12% 
and peak load by 8–10%, confirming the potential of artificial intelligence methods for resilience-oriented 
seismic design of prefabricated concrete structures, as shown in Figure 21. 

 

Figure 21. Comparison between Predicted and Actual Compressive Strength. 

Danial Jahed Armaghani et al. [192] investigated the prediction of compressive strength in concrete 
containing waste foundry sand (WFS). Based on 234 experimental datasets, they developed a base XGBoost 
model and two hybrid models by coupling XGBoost with the tunicate swarm algorithm (TSA) and salp swarm 
algorithm (SSA). The results showed that the hybrid models achieved higher accuracy and efficiency than the 
base XGBoost model, with XGBoost-SSA exhibiting the best performance. Sensitivity analysis indicated that 
the WFS-to-cement ratio had a significant effect on compressive strength, whereas the WFS replacement 
percentage had a relatively minor influence. The combined effects of the water-to-cement ratio and WFS 
fineness modulus were therefore recommended for strength improvement, as shown in Figure 21 [192]. 

Digital twin technology further strengthens the connection between structural performance research 
and engineering applications. Prefabricated buildings are characterized by standardized components, clear 
information coding, and traceable production processes, making them naturally suitable for the construction 
of full life-cycle digital twin models [193]. By integrating BIM models, component identity codes, 
construction process data, sensor monitoring data, and structural analysis models, a cyber–physical 
mapping system that updates synchronously with the physical building can be established. In this system, 
structural performance is no longer merely a calculation result at the design stage [194], but can be 
dynamically updated according to changes in component production quality, transportation status, 
installation deviations, and service environments. Digital twin models can be used to simulate structural 
responses under different loading conditions, environmental actions, and damage states, thereby assisting 
in the assessment of structural safety reserves, weak areas, and maintenance needs, and ultimately enabling 
closed-loop performance control from design and construction to operation and maintenance management. 

From the perspective of engineering applications, prefabricated intelligent construction is not limited 
to structural performance monitoring but spans the entire process of design, production, transportation, 
construction, acceptance, operation, and maintenance. Its core lies in relying on BIM, the Internet of Things, 
artificial intelligence, intelligent equipment, digital twins, and other technologies to connect data chains 
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across different stages, thereby realizing digital collaboration, intelligent control, and refined management 
throughout engineering implementation [195]. 

In the design stage, BIM and parametric design can support multi-disciplinary collaboration, clash 
detection, component decomposition, standardized design, and hoisting path simulation, thereby improving 
the constructability of design schemes and the standardization level of components [196]. In the production 
stage, intelligent formwork tables, automated rebar processing, concrete placing, curing monitoring, and 
component coding technologies can realize automated, standardized, and fully traceable production of 
prefabricated components. In the transportation and construction stages, RFID, QR codes, positioning 
systems [197], IoT sensors, and construction management platforms can dynamically track component 
status, site entry plans, and on-site installation progress. Three-dimensional laser scanning, machine vision, 
and intelligent hoisting technologies can further improve component positioning, installation accuracy, and 
the efficiency of construction organization [198]. 

In terms of quality acceptance and process supervision, drone inspection, three-dimensional scanning, 
image recognition, and nondestructive testing technologies can rapidly identify component dimensional 
deviations, joint quality, installation accuracy, and surface defects [69]. By linking these data with BIM 
models and construction data [199], traceable quality management records can be formed [200]. In the 
operation and maintenance stage, digital twin platforms can integrate component information, monitoring 
data, and operation and maintenance records to support equipment management [201], space management, 
energy consumption monitoring, maintenance warnings, and full life-cycle information management [202]. 

Overall, the engineering application of prefabricated intelligent construction is shifting from isolated 
technology applications toward whole-process system integration [203]. Its value lies not only in improving 
construction efficiency and reducing labor dependence [204], but also in promoting information 
connectivity and collaborative optimization among design [205], production, construction, and operation 
and maintenance [206], thereby providing support for the upgrading of prefabricated buildings toward 
digitalized, networked, and intelligent construction [207,208]. 

5. Conclusions and Prospects 

5.1. Conclusions 

This study takes the Web of Science Core Collection as the data source and selects literature related to 
prefabricated intelligent construction from 2015 to 2025 as the research object. By comprehensively using 
tools such as VOSviewer and bibliometrix, this study systematically analyzes the knowledge structure, 
evolutionary characteristics, and frontier directions of prefabricated intelligent construction from multiple 
dimensions, including publication evolution, disciplinary distribution, country/region collaboration, 
institutional and author networks, keyword co-occurrence, and research hotspot clustering. The results 
show that prefabricated intelligent construction is not a simple superposition of prefabricated construction 
and intelligent construction technologies, but a new full life-cycle construction paradigm formed through 
the deep coupling of construction industrialization, digitalization, and intelligentization. Based on the above 
analysis, the main conclusions are as follows. 

First, research on prefabricated intelligent construction shows significant staged growth characteristics 
and has shifted from early conceptual exploration to rapid expansion and concentrated growth. From 2015 
to 2019, both annual publication output and citation frequency in this field remained at a low level, and the 
research topics had not yet formed a stable scale. From 2020 to 2023, with the accelerated penetration of 
BIM, the Internet of Things, artificial intelligence, and digital twins into the construction industry, both the 
number of publications and academic influence increased simultaneously. From 2023 to 2025, the field 
entered a stage of concentrated growth, during which the number of publications accounted for 76.16% of 
all sample publications and citation frequency accounted for 84.07% of the total citations. This indicates 
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that prefabricated intelligent construction has become an important research frontier at the intersection of 
intelligent construction, construction industrialization, and digital construction. This growth trend suggests 
that the driving force of prefabricated intelligent construction research has gradually shifted from single 
policy promotion and conceptual introduction to sustained development jointly driven by technology 
integration, engineering demand, and industrial upgrading. 

Second, prefabricated intelligent construction research has formed a global knowledge production 
pattern centered on China and supported by multi-country collaboration. The country/region analysis shows 
that China occupies a leading position in both publication output and total citation frequency, making it the 
major knowledge-producing country and core node in the collaboration network of this field. Although 
countries such as Australia, the United States, the United Kingdom, and Germany have relatively smaller 
publication scales, they perform prominently in terms of average citations per paper, indicating high single-
paper influence. The institutional and author collaboration networks further show that this field has formed 
a research pattern dominated by universities and research institutions, characterized by continuous output 
from core teams and collaborative development among multiple institutions. Among them, universities with 
strengths in civil engineering, construction engineering, and intelligent construction play key roles in 
knowledge production, technical method development, and engineering application research. Overall, a 
relatively stable academic community has initially formed in the field of prefabricated intelligent 
construction, while its global research landscape still presents the characteristics of “concentrated output 
scale and diversified influence distribution”. 

Third, prefabricated intelligent construction shows obvious interdisciplinary characteristics and has 
formed a knowledge structure dominated by engineering and construction building technology, supported 
by materials science, mechanics, computer science, and environmental science. The disciplinary distribution 
results indicate that engineering and construction building technology occupy dominant positions, showing 
that research in this field has consistently focused on core issues such as engineering practice, construction 
organization, quality control, and construction efficiency improvement. The continuous participation of 
materials science and mechanics indicates that material performance of prefabricated components, joint 
connection performance, structural safety, and durability remain fundamental supports for the large-scale 
application of prefabricated buildings. The growth of computer science-related literature reflects that 
artificial intelligence, machine learning, digital twins, data analytics, and intelligent decision-making 
methods are being rapidly embedded into the prefabricated construction process. Therefore, prefabricated 
intelligent construction is gradually evolving from traditional architectural engineering research into a 
composite research field that integrates engineering technology, digital intelligence, structural performance, 
and green, low-carbon concepts. 

Fourth, keyword co-occurrence and clustering analysis show that research on prefabricated intelligent 
construction has formed three core hotspots: technology integration, process equipment, and structural 
performance and engineering application. Among them, the integration of prefabricated construction and 
intelligent construction technologies is the most frontier-oriented research direction at present. Keywords 
such as BIM, digital twin, deep learning, genetic algorithm, and the Internet of Things reflect the 
transformation of this field from information modeling to data-driven decision-making, cyber–physical 
mapping, and intelligent decision support. Process innovation and intelligent equipment for prefabricated 
construction indicate the extension of research from design optimization to manufacturing and on-site 
construction equipment upgrading. Technologies such as 3D concrete printing, additive manufacturing, 
intelligent formwork tables, construction robots, and automated inspection equipment jointly promote the 
development of prefabricated construction toward greater efficiency, refinement, and intelligence. 
Structural performance and engineering applications, as fundamental hotspots, focus on seismic 
performance, mechanical properties, compressive strength, microstructure, crack propagation, and acoustic 
emission monitoring, providing theoretical foundations and engineering verification for the safe application 
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and large-scale promotion of prefabricated buildings. These three hotspots are not isolated or parallel 
themes but present a progressive logic that moves from digital technology empowerment and intelligent 
equipment implementation to engineering performance verification. 

Fifth, prefabricated intelligent construction has formed a progressive knowledge structure of 
technology integration, process equipment, and structural performance and engineering application. BIM, 
digital twins, artificial intelligence, and the Internet of Things constitute the foundation for digital and 
intelligent empowerment. 3D concrete printing, additive manufacturing, intelligent formwork tables, 
construction robots, and automated inspection equipment promote the upgrading of construction processes 
and production modes. Research on seismic performance, mechanical properties, durability, and health 
monitoring provides safety and reliability support for the large-scale application of prefabricated buildings. 
Together, these three hotspots indicate that the core value of prefabricated intelligent construction does not 
lie in the substitution of a single technology, but in realizing collaborative optimization across design, 
production, construction, and operation and maintenance through data connectivity, equipment 
collaboration, algorithmic decision-making, and engineering feedback. In the future, this field will further 
deepen toward multi-source data fusion, digital twin-based closed-loop control, integrated application of 
intelligent equipment, and full life-cycle engineering evaluation. 

5.2. Prospects 

Future research on prefabricated intelligent construction should, on the basis of existing bibliometric 
findings and engineering applications, further shift from single-technology optimization to systematic 
collaborative innovation, from local scenario validation to full life-cycle engineering application, and from 
experience-driven management to data-driven decision-making. Based on the findings of this study, future 
research can focus on the following four directions. 

First, it is necessary to establish full life-cycle-oriented data standards and collaborative mechanisms. 
Prefabricated intelligent construction involves multiple stages, including design, production, transportation, 
construction, acceptance, and operation and maintenance. Data sources vary across these stages, with 
inconsistent formats and non-unified semantic standards, which restrict cross-stage information sharing and 
whole-process traceability. Future research should establish a unified data governance framework around 
unique component identification, BIM model semantic standards, IoT sensing data formats, construction 
process data interfaces, and operation and maintenance data archiving specifications. In particular, it is 
necessary to overcome data interoperability bottlenecks among BIM, IoT, digital twin platforms, intelligent 
equipment, and project management systems, so as to form a continuous data chain throughout design-
production-construction-operation and maintenance and provide fundamental support for process 
collaboration, quality traceability, and intelligent decision-making in prefabricated intelligent construction. 

Second, digital twin-driven platforms for prefabricated intelligent construction should be developed. 
Existing studies have shown that digital twins are an important technical carrier that connects physical 
construction processes to virtual model spaces. However, most current studies still focus on individual links 
or local scenarios, and a dynamic twin system that covers the entire process has not yet been developed. 
Future research should further promote the deep integration of BIM models, component coding, sensor 
monitoring, construction progress, quality inspection, and structural analysis models, and construct a 
prefabricated intelligent construction digital twin platform that can be updated in real time, support 
predictive analysis, and enable feedback optimization. Such a platform should not only serve construction 
process visualization and quality control, but also support component production scheduling, hoisting risk 
warning, joint construction quality assessment, operation-stage health monitoring, and maintenance 
decision optimization, thereby realizing a transition from static modeling to dynamic sensing, intelligent 
simulation, and closed-loop control. 
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Third, the collaborative optimization of intelligent equipment and construction processes should be 
strengthened. The intelligent upgrading of prefabricated buildings depends not only on digital platforms 
but also on the deep adaptation between intelligent equipment and construction processes. Future research 
should focus on key links such as intelligent formwork tables, automated rebar processing, intelligent 
concrete placing and curing, construction robots, intelligent hoisting, machine vision inspection, and 
nondestructive testing equipment. It is necessary to establish the coupling relationships among equipment 
performance, process parameters, component quality, and construction efficiency. Meanwhile, more 
attention should be paid to the adaptability of intelligent equipment in complex real engineering 
environments, especially issues such as multi-equipment collaborative scheduling, robustness of robotic 
on-site operations, precise recognition of complex components, real-time correction of construction errors, 
and human–machine collaborative safety control. This will promote the transformation of prefabricated 
construction from equipment replacing labor to equipment-process-data collaborative optimization. 

Fourth, a comprehensive evaluation and empirical research system oriented toward engineering 
applications should be improved. The ultimate value of prefabricated intelligent construction needs to be 
verified through real engineering projects. Future research should strengthen empirical analysis across 
multiple types of engineering scenarios, including residential buildings, public buildings, transportation 
infrastructure, industrial plants, and modular buildings, and build a comparable engineering case database. 
At the same time, a comprehensive evaluation index system should be established, covering construction 
efficiency, quality stability, cost control, carbon emissions, safety risks, operation and maintenance benefits, 
and user experience. This can avoid evaluating the effectiveness of intelligent construction solely based on 
a single technical performance or local efficiency improvement. Through long-term monitoring data, 
measured engineering data, and multi-case comparative analysis, future studies can further reveal the 
application boundaries and promotion pathways of prefabricated intelligent construction under different 
project types, technology combinations, and management modes, thereby providing more reliable evidence 
for industry standard formulation, technology route selection, and industrial promotion. 

In summary, the key to the future development of prefabricated intelligent construction does not lie in 
isolated breakthroughs in single technologies, but in constructing a systematic construction system based 
on data connectivity, supported by intelligent equipment, enabled by digital twin platforms, and verified 
through engineering practice. With the further maturation of multi-source data fusion, artificial intelligence 
algorithms, intelligent construction equipment, and full life-cycle management platforms, prefabricated 
intelligent construction is expected to gradually move from local applications and demonstration projects 
toward standardized, platform-based, and large-scale applications, providing continuous support for the 
industrialized, digital, and green low-carbon transformation of the construction industry. 
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