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A B S T R A C T

Although digital technologies (DTs) offer innovative sustainability solutions, their applications in construction 
waste (CW) management remain limited and face numerous challenges. Effective analysis of current applica
tions, challenges, and future opportunities is crucial for advancing DTs in this field. Driven by four research 
questions, this paper reviews the application of DTs in CW management through a science mapping approach, 
analyzing 138 papers from 2014 to 2024. Influential journals, countries, and authors were analyzed. Then, a 
keyword co-occurrence analysis identified three latest primary research areas. The paper examines the current 
application and limitations of six commonly used DTs in CW management identified through keyword occur
rence frequency: building information modeling (BIM), artificial intelligence (AI), geographic information sys
tems (GIS), big data (BD), remote sensing (RS), and radio frequency identification (RFID). Research. This paper 
reviews the applications of DTs in CW management, advancing knowledge, informing decision-making, and 
guiding future research toward furthering sustainable CW management.

1. Introduction

Rapid urbanization has led to the depletion of natural resources and 
resulted in a significant accumulation of construction waste (CW). 
Climate change has increasingly become a global concern in recent times 
(Singh et al., 2023). The predominant disposal method for CW, land
filling, consumes land resources and contributes to greenhouse gas 
emissions (Hossain et al., 2017; Ottenhaus et al., 2023; Wang et al., 
2019a). Despite 75% of CW having recycling potential, more than 35% 
of it globally is still being landfilled (Soto-Paz et al., 2023a). Increasing 
the reuse and recycling rates of CW is essential for achieving 
sustainability.

Achieving closed-loop management of construction materials in
volves implementing waste reduction, recycling, and reuse strategies as 
coming to the end of materials’ lifecycle (Jacobsen et al., 2018). Despite 
research efforts to enhance CW management and optimize processes, 
various challenges remain unresolved, such as inadequate design qual
ity, inefficient material handling, and deficiencies during purchasing 
and planning phase (Won and Cheng, 2017). CW management is tran
sitioning from the basic material collection and sorting practices 

towards the implementation of sustainable recycling systems, with an 
increasingly high requirement for efficient waste management.

Due to their potential to enhance efficiency, reduce costs, and pro
mote resource recycling, digital technologies (DTs) can be applied 
individually or in combination to effectively manage CW and thereby 
facilitate sustainable development. To achieve global sustainability 
goals, digital tools are increasingly being adopted to transform the op
erations, business models, and value-creation modes of companies 
involved in CW management (Ayub et al., 2021). Technological ad
vancements offer resolutions for CW management, driving long-term 
societal benefits. By integrating circular economy principles, digitali
zation enhances resource recovery, reduces costs, and improves CW flow 
traceability (Kurniawan et al., 2022; Milios, 2021). DTs in CW man
agement boost efficiency through automation, real-time monitoring, 
data-driven decisions, improving waste tracking, recycling processes, 
and resource recovery (Fang et al., 2023).

Previous studies have reviewed the applications of DTs in CW 
management. For example, Sepasgozar et al. (2021) employed social 
network analysis and statistical techniques to identify key authors, in
stitutions, and research trends, revealing gaps in construction materials 
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analysis and DTs applied in CW management. Cheah et al. (2022)
explored how Industry 4.0 technologies can improve solid waste man
agement through digital applications and machinery that facilitate a 
circular economy, emphasizing innovations in DTs for CW segregation 
and material traceability. Kannan et al. (2024) developed a framework 
for smart CW management 4.0 by integrating Industry 4.0 technologies 
and identifying key pillars for enhancing CW practices. However, 
despite the potential of DTs in CW management, there exists a gap in 
research comprehensively examining their application for enhancing 
sustainability (Li et al., 2020a; Sepasgozar et al., 2021). In addition, 
some papers focus on only one type of DTs or one step of the CW 
management process, which addresses specific challenges but may 
overlook the benefits of integrating multiple tools for improving overall 
performance (Lin et al., 2022; Maiurova et al., 2022). To address the 
gap, this paper conducts an extensive review to investigate existing 
knowledge and future directions regarding the utilization of DTs to 
advance sustainable CW management. A new approach is proposed by 
utilizing science mapping to explore the applications, challenges, and 
future directions of DTs in CW management. The paper solves the key 
research questions below to advance knowledge and guide future 

research, thereby enhancing sustainability and efficiency in CW 
management. 

RQ1. Which journals, countries, and authors have made significant 
contributions to applying DTs in CW management?

RQ2. What are the interrelationships among these contributing jour
nals, countries, and authors in the context of applying DTs in CW 
management?

RQ3. What are the current primary research topics related to the 
application of DTs in CW management?

RQ4. What are the status quo, limitations, and future research di
rections for the application of commonly used DTs in CW management?

2. Research methodology

This paper employs a science mapping approach, integrating quan
titative and qualitative analyses to review DT applications in CW man
agement. The science mapping approach includes qualitative discussion, 
scientometric analysis, and bibliometric search (Jin et al., 2019). Fig. 1

Fig. 1. Overall methodological framework.
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depicts the overall methodological framework utilized in this study.
This paper reviews the application of DTs in CW management over 

the past 10 years, with 2014 chosen as the starting point due to the 
limited relevant research before 2014 and the significant advancements 
in DTs, along with the increased attention and usage in CW management 
thereafter. For the scientometric analysis, the Scopus database was 
applied to retrieve relevant papers from 2014 to 2024. Scopus is the 
largest peer-reviewed database, encompassing a larger number of pa
pers, compared to other accessible databases (Nawaz et al., 2023; Song 
et al., 2016). The first step is developing a search syntax that includes 
essential terms associated with DTs utilized in CW. There are four types 
of waste that can be categorized as CW: construction waste, demolition 
waste (DW), renovation waste, (Hao and Ma, 2023), and decoration 
waste (Yu et al., 2023). The possible DTs that can be applied in CW have 
also been included in the research algorithm.

All keywords related to CW and DTs are included in the research 
algorithm for a comprehensive review. CW arises from activities 
involving the construction, demolition, renovation, decoration, and 
repair of facilities and infrastructures (Llatas, 2011; Lu et al., 2017; 
Wang et al., 2021). The research algorithm also encompasses all types of 
DTs, including their abbreviations and synonyms, applicable to CW 
management. Therefore, the research algorithm for this paper is 
TITLE-ABS-KEY (“construction and demolition waste” OR “building 
waste” OR “construction waste” OR “demolition waste” OR “renovation 
waste” OR “decoration waste”) AND TITLE-ABS-KEY (“management”) 
AND TITLE-ABS-KEY (“digital transformation” OR “technology” OR 
“technologies” OR “construction 4.0″ OR “digitalization” OR “digitali
zation” OR “digital construction” OR “BIM” OR “building information 
modeling” OR “building information modeling” OR “IoT” OR “Internet 
of Things” OR “blockchain” OR “digital twin” OR “digital twins” OR “AI” 
OR “artificial intelligence” OR “big data” OR “GIS” OR “geographic in
formation system” OR “VR” OR “virtual reality” OR “AR” OR 
“augmented reality” OR “cloud computing” OR “robotics” OR “point 
cloud computing” OR “RFID” OR “radio frequency identification” OR 
“sensors” OR “digital platform” OR “machine learning” OR “deep 
learning” OR ″3D printing” OR ″3D scanning” OR “laser scanning” OR 
“laser scanner” OR “drone” OR “unmanned aerial vehicle” OR “UAV” OR 
“GPS” OR “global positioning system” OR “RTLS” OR “real-time location 
system” OR “CIM” OR “construction information modeling” OR “con
struction information modeling” OR “construction information man
agement” OR “photogrammetry” OR “natural language processing” OR 
“artificial neural networks” OR “image segmentation” OR “remote 
sensing” OR “semantic segmentation” OR “computer vision” OR 
“transfer learning” OR “object detection” OR “computer vision” OR 
“information technology” OR “image recognition” OR “image analysis” 
OR “barcode technology").

The research initially retreived 553 results from Scopus in total from 
the year 2014–2024 including all document types as of April 5, 2024. To 
guarantee reliability and quanlity of the papers analyzed in this 
research, three filtering steps have been applied. Firstly, only articles, 
review papers, and book chapters are included, as these sources undergo 
a stringent peer-review process (Olawumi and Chan, 2018; Omrany 
et al., 2022). Secondly, the non-English papers are excluded from the 
analysis, leading to a total of 411 papers. Finally, all papers meeting the 
requirements were screened to ensure high relevance to the research 
content. Through a series of filtering and screenings, a total of 138 ar
ticles were ultimately chosen for analysis.

In this paper, VOSviewer software is used to analyze and visualize 
bibliometric networks, where VOS stands for “visualizing overlapping 
sets”. VOSviewer can examine the bibliometric network connections 
within DTs related to CW management, covering aspects such as the 
number of publications, co-authorship, and country involvement. Then 
the co-occurrence of keywords was mapped, through which the main 
research topics were identified. Finally, a qualitative analysis was con
ducted to discuss the application, limitations, and future directions of 
the commonly used DTs.

3. Scientometric analysis

3.1. Annual publication trend and journal publication analysis

The trend of the number of publications regarding the application of 
DTs in CW management in the past 10 years is shown in Fig. 2. Omitting 
the incomplete information for 2024, the total of publications from 2014 
to 2023 is generally increasing. This suggests that there has been a 
growing interest and output within the research domain regarding 
applying DTs in CW in recent years.

The 138 papers are distributed across 48 journals. For the analysis of 
journals, the minimum requirement is set at 5 documents per journal 
and 30 citations per journal. There are 7 journals that meet the threshold 
out of the 48 journals. The node sizes in network maps reflect the volume 
of publications from specific journals visually, with larger nodes 
denoting a greater number of publications (Jin et al., 2019). Fig. 3 il
lustrates the science mapping of journals of the selected papers, 
revealing the interrelationship among the journals. Analyzing annual 
publication trends and journal outputs visualize the increasing number 
of publications, which reflects a growing focus on applying DTs in CW 
management. The expanding number of literature not only reveals the 
advancing understanding of these technologies but also lays a founda
tion for future research. Mapping annual journal outputs helps identify 
key contributors and emerging themes, offering insights into how DTs 
can address the challenges in CW management.

Table 1 presents information on the 7 journals having the most 
publications. Ranked from highest to lowest, the top three journals with 
the highest number of published papers are WM, RCR, and JCP. Simi
larly, the total citations of journals, in descending order, are JCP, RCR, 
and WM. Average citation values are derived by dividing the overall 
citations by publication numbers. In terms of average citations, the 
journals rank highest to lowest are JCP, RCR, and AC.

3.2. Science mapping of countries

The science mapping of countries shown in Fig. 4 demonstrates the 
most productive nations in the research area of implementing DTs in CW 
management. Understanding these leading countries is crucial for 
fostering research funding and collaborations, as well as identifying 
influential contributors to the field (Tariq et al., 2021). The minimum 
requirement for the number of publications every country is set at 4, and 
for citations, it is set at 5. Out of the 42 countries, 13 meet the thresh
olds. Table 2 provides detailed information about these 13 countries. 
The science mapping of countries identifies the most productive nations 
and potential collaboration opportunities among countries. Addition
ally, it reveals influential contributors, enabling stakeholders to connect 
with leading researchers and institutions globally. This mapping en
hances understanding of global research dynamics and informs strategic 
decisions for sustainable practices in CW management.

There are four clusters of countries categorized by the frequency 
with which they reference each other. For instance, Mainland China, the 
United States, Hong Kong, and Saudi Arabia are grouped together in a 
cluster identified by the color red. The other three clusters are denoted 
in green, blue, and yellow. Mainland China has the largest node, indi
cating it has the highest number of relevant publications, totaling 45. 
Following Mainland China, Hong Kong and Australia have 23 and 19 
publications, respectively. However, countries with a large number of 
publications do not necessarily have a high average citation count. The 
average citations per paper in the United States is the highest, at 77 
citations, followed by Nigeria, Hong Kong, and the United Kingdom.

3.3. Science mapping of authors

In conducting the co-authorship analysis in CW, the criteria for the 
minimum publications per author is set to 5, and the minimum citations 
received by an author is set to 30. A total of 9 authors out of the 442 
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authors meet these thresholds. The science mapping of the authors is 
depicted in Fig. 5. The science mapping of authors identifies key con
tributors, influential researchers, and collaboration patterns, guiding 
future studies and promoting cooperation in CW management. It also 
reveals gaps and supports the advancement of digital tools for managing 
CW.

Table 3 presents detailed information about the contributions of the 
9 authors in the area. Lu W. is identified as the most productive author, 
having contributed 18 relevant papers with a total of 867 citations. 
Akinade O. has contributed 5 relevant papers, achieving the highest 
average citations among all nine authors, indicating a high impact. 
Oyedele L. is also a highly influential author, ranking second in both 
average citations, with 94, and total citations, with 565, among the nine 
authors.

4. Major research area analysis

The main research areas for applying DTs in CW management are 
identified through the co-occurrence of keyword analysis. A keyword 
network can provide visualization of significant research topics and 
their mutual association (Wuni et al., 2019). A thesaurus file is devel
oped to combine similar and redundant keywords, ensuring alignment 
with matching terms (Oluleye et al., 2022). A substantial node size de
notes frequent item occurrence, while thick connection lines indicate 
strong item relationships, with different colors distinguishing nodes into 
separate clusters (Li et al., 2020a).

Tables S1, S2, and S3 of the supplementary material provide detailed 
summaries of relevant papers categorized under each research theme, 
demonstrating applied DTs and their applications in CW management. 

Fig. 2. Yearly publications from 2014 to 2024.

Fig. 3. Science mapping of journals* * WM=Waste Management; RCR=Resources, Conservation and Recycling; JCP = Journal of Cleaner Production; JEM = Journal 
of Environmental Management; SUST=Sustainability; AC=Automation in Construction; WMR=Waste Management and Research.
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The minimum occurrence times of keywords is set as 7. Of all the 1377 
keywords, 49 keywords meet the threshold. Through the co-occurrence 
of keywords using VOSviewer, all keywords associated with each cluster 
have been identified. This analysis revealed recurring themes and pat
terns, which were classified into three distinct clusters based on the 
frequency and relationships of keywords within each cluster. Three 
clusters were identified each representing a different research area, as 
shown in Fig. 6.

4.1. Cluster 1: Strategic information management in sustainable CW 
practice

There are 18 items belonging to the first cluster: architectural design, 
BIM, CW, charge density waves, circular economy, construction, con
struction and building industry, decision making, demolition, eco
nomics, environmental impact, GIS, image analysis, information 
management, information theory, life cycle, recycling, sustainable 
development. The 18 keywords in Cluster 1 emphasize the crucial role of 
information in optimizing CW management strategies. For example, 

Table 1 
Quantitative measurements of journals.

Acronym Journal Documents Citations Average 
citations

Total 
link 
strength

WM Waste 
Management

17 717 42 48

RCR Resources, 
Conservation 
and Recycling

14 727 52 44

JCP Journal of 
Cleaner 
Production

14 1007 72 36

JEM Journal of 
Environmental 
Management

11 193 18 18

SUST Sustainability 
(Switzerland)

10 78 8 12

AC Automation in 
Construction

7 353 50 18

WMR Waste 
Management and 
Research

6 158 26 20

Fig. 4. Science mapping of productive countries.

Table 2 
Quantitative measurements of top countries.

Country Documents Citations Average 
citations

Total link 
strength

Mainland 
China

45 1419 32 201

Hong Kong 23 1471 64 194
Australia 19 573 30 111
United 

Kingdom
16 908 57 71

South Korea 13 465 36 69
United States 8 618 77 96
India 8 42 5 15
Brazil 6 82 14 22
Malaysia 5 85 17 26
Canada 5 55 11 21
Nigeria 4 188 47 39
Pakistan 4 257 64 24
Egypt 4 8 2 9
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terms like ‘life cycle’ and ‘recycling’ underscore the importance of un
derstanding material flows and resource recovery within a circular 
economy framework. Terms such as ‘BIM’, ’GIS’, and ‘image analysis’ 
highlight advanced technological tools for effective information visu
alization and decision-making. Additionally, keywords like ‘sustainable 
development’ and ‘environmental impact’ reflect a focus on integrating 
information management strategies to enhance sustainability outcomes 
in CW management. By linking these keywords, the cluster theme re
veals the role of DTs in information management for developing CW 
strategies.

Information on waste is useful for managing waste strategies, 
including landfilling planning, subsidies for recycling, fees for pollution 
behavior, and waste management policies (Lu et al., 2021a). Relevant 
DTs for CW information management include BIM, GIS, CIM, block
chain, material passports, radio frequency identification (RFID), 
internet of things (IoT), and remote sensing (RS). Cluster 1 emphasizes 
the strategic use of information to support long-term decision-making in 
sustainable CW management, utilizing standardized data and structured 
information flows to achieve sustainability goals at policy and man
agement levels. The details of the relevant papers in Cluster 1 can be 
found in Table S1 of the supplementary material. The three main 

research topics under cluster 1 are summarized in sections 4.1.1 to 4.1.3.

4.1.1. Developing a decision-making system for site selection
One of the most important research topics in information manage

ment is developing a decision-making system, for determining the 
location of waste recycling or disposal sites and predicting illegal 
dumping places. Securing environmental and social sustainability re
quires prioritizing strategies that reduce waste and promote circularity 
(Matlin et al., 2020; Song et al., 2024; Yu et al., 2022). GIS is effective for 
managing geographic data (Khater et al., 2022; Mousavi et al., 2023; 
Singh, 2019), which is crucial when making decisions for CW manage
ment (Paul and Bussemaker, 2020). The utilization of GIS with other 
DTs, such as RS and IoT, can assist in spatial data analysis, 
decision-making processes, and resource management.

RS and GIS are increasingly utilized in the management of landfills 
(Singh, 2019). RS technologies, such as radar, satellite imagery, and 
aerial photography, can monitor real-time factors including waste 
accumulation, landfilling sites, and landfilling rates (Fraternali et al., 
2024; Sharma and Sood, 2024). IoT technology can promote smart 
waste management systems by providing real-time data (Hussain et al., 
2024; Olawade et al., 2024). The expansion of IoT and interconnected 
devices has increased data collection, enhancing decision-making sys
tems (Garcia-de-Prado et al., 2017; Koot et al., 2021; Louis and Dunston, 
2018). The fusion of GIS with real-time data-collecting technologies not 
only enables spatial analysis but also facilitates real-time decision-
making, making it a prominent research area.

4.1.2. Storing, sharing, and visualizing life cycle building information
Another research topic in the information management of CW is the 

storing and sharing of building life cycle data. Buildings can generate 
large quantities of data throughout their life cycle, including the end-of- 
life phase. Using parametric modeling, data on waste such as type and 
quantity can be extracted and stored in an information platform (Guerra 
et al., 2019). BIM transforms information into three-dimensional (3D) 
models, representing both the functional and physical attributes of 
construction projects within collaborative digital formats (Su et al., 

Fig. 5. Science mapping of influential authors.

Table 3 
Quantitative measurements of high-influential authors.

Author Documents Citations Average 
citations

Total link 
strength

Lu, Weisheng 18 867 48 67
Cha, Gi-wook 8 176 22 16
Chen, Xi 7 529 76 51
Hong, Won-hwa 6 118 20 14
Kim, Young-chan 6 166 28 12
Oyedele, 

Lukumon
6 565 94 6

Xue, Fan 6 184 31 28
Okinade, 

Olugbenga
5 478 96 6

Zuo, Jian 5 176 35 6
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2021). Promoting the sharing of data between involved parties through 
the BIM platform results in enhanced coordination and decreased errors 
(Aziz et al., 2024). Leveraging BIM aids stakeholders in making 
informed decisions regarding CW management (Hao et al., 2024), such 
as taxes, transportation costs, and landfilling fees (Cheng and Ma, 2013; 
Kim et al., 2017). The proper management of building information en
hances the efficiency and effectiveness of managing CW, enabling better 
decision-making and resource allocation over the life cycle of buildings.

Apart from BIM-relevant technologies, other information-related 
technologies, such as CIM, can also be applied in storing, sharing, and 
visualizing building information. CIM has been commonly applied in 
CW management, such as waste quantification (Guerra et al., 2019), 
integration and collaboration of models for information sharing 
(Ghaffarianhoseini et al., 2017; Liu et al., 2015), and 3D visualization (Li 
et al., 2017). The storing, sharing, and visualization functions of relevant 
information management technologies allow for a more holistic 
approach to waste management, enabling stakeholders to optimize 
resource allocation, minimize waste generation, and adhere to sustain
ability goals.

4.1.3. Developing material passport for effective CW management
Efficient information management is crucial in the administration of 

CW, and material passports are emerging as a promising solution in this 
regard. Typically, a material passport can provide detailed information 
about the materials used in buildings (Honic et al., 2021). The devel
opment of material passports should be based on several technologies, 
such as BIM, blockchain, and RFID. Material passports gather informa
tion on different types of waste materials, thereby promoting the reusing 
or recycling of waste, leading to a decrease in environmental pollution 
and landfilling rate (Vahidi et al., 2024).

Blockchain technology offers promising capabilities for the devel
opment and implementation of material passports. Although material 
passports provide comprehensive building information, there are 
several problems regarding the cross-border trading of CW, such as 
duplicated passports, low transparency, lack of coordination, lack of 
platform for providing supply information, and digital information 
being tampered with (Wu et al., 2023). Blockchain integrates distributed 
ledgers, consensus mechanisms, and cryptography (Risius and Spohrer, 
2017). Blockchain features, such as tamper-proof records, can reduce 
data manipulation and enhance CW tracking process (Elghaish et al., 
2023). Blockchain used in material passports can help establish a secure, 
decentralized ledger that records the origin, composition, and disposal 
of construction materials, ensuring supply chain transparency and 
authenticity.

4.2. Cluster 2: Prediction and classification in CW management

There are 17 keywords included in the second cluster: algorithm, 
artificial intelligence, concrete, construction and demolition, controlled 
study, deep learning, DW, forecasting, learning system, machine 
learning, neural network, numerical model, prediction, procedures, 
solid waste, waste generation, waste management. Cluster 2 focuses on 
predictive modeling and classification algorithms using AI technologies, 
to forecast CW, optimize recycling, and improve recovery processes 
while enhancing efficiency and reducing CW. The details of the relevant 
papers in Cluster 2 are shown in Table S2 of the supplementary material. 
The two main research topics under cluster 2 are summarized in sections 
4.2.1 to 4.2.2.

Fig. 6. Major research areas of DTs in CW management.
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4.2.1. Predicting the quantity of CW
The first research topic within the second cluster is the prediction of 

CW quantity. Forecasting the quantity of waste generated in a con
struction project aids project managers in strategizing CW management, 
minimizing waste production, and ultimately lowering the overall ex
penses of construction projects (Ujong et al., 2022; Zhao et al., 2024). 
This process may require a comprehensive analysis of the quantities, 
types, and timing of CW during the construction process. By employing 
digital tools like machine learning, waste generation can be forecasted, 
enabling the implementation of appropriate measures to minimize CW 
generation and mitigate environmental impacts.

AI technologies have become increasingly utilized for precise pre
diction of CW generation (Abdallah et al., 2020), as their advanced al
gorithms provide distinctive capabilities in data analysis, training, and 
forecasting (Coskuner et al., 2021). As an important tool in AI, machine 
learning models are commonly adopted in developing predictive models 
for CW management (Cha et al., 2020; Gulghane et al., 2023; Ye et al., 
2020). Song et al. (2017) improved the forecasting accuracy of a gray 
model for waste prediction by integrating the support vector regression 
technique and a transition matrix to adjust the residual series. Elsha
boury AlMetwaly (2023) employed machine learning to quantity CW 
using geographic data gathered via GIS and RS, enabling the extraction 
of information on agricultural, built-up, and vacant areas. Integrating AI 
to improve the accuracy and efficiency of predicting CW generation is 
important for CW management and resource allocation.

4.2.2. Automatic CW classification
The second research topic within this cluster is the automatic clas

sification of CW. Since sorting accuracy significantly influences the 
amount of recycled materials, CW classification plays a crucial role in 
CW management. The automatic sorting consists of two primary phases: 
initially, the CW is categorized into specific groups, and then it un
dergoes mechanical sorting according to its composition (Satav et al., 
2023). AI possesses the ability to detect patterns and offer predictions, 
with deep learning methodologies being applicable for identifying waste 
objects by analyzing the visual and chemical attributes of waste (Moon 
et al., 2023). Following CW identification, robotics can be utilized to 
categorize components according to their specific classifications 
(Dodampegama et al., 2024). Research into both stages is crucial, as 
they contribute to achieving an automated and efficient waste sorting 
process. By categorizing waste initially and then mechanically sorting 
based on its composition, a streamlined waste sorting system can be 
realized, enhancing overall efficiency and effectiveness.

AI has become increasingly popular as a viable solution for auto
mating manual waste segregation through the use of intelligent robotics 
(Sirimewan et al., 2024b). The majority of research concerning CW 
sorting emphasizes the early stage of waste item identification 
(Dodampegama et al., 2024), underscoring the potential for the appli
cation of robotic systems in CW sorting. Advancements in AI can sub
stitute humans with robots in tasks that are hazardous and repetitive 
(Sarc et al., 2019). According to Chen et al. (2023), integrating robots 
into waste sorting can decrease the likelihood of risks that workers may 
suffer and streamline the sorting process. Intelligent robots equipped 
with the capability to identify distinct material types, positions, and 
dimensions could potentially automate the sorting of CW materials, 
offering a viable alternative to human workers (Lu et al., 2022).

Robotics powered by deep neural waste identification revolutionize 
traditionally labor-intensive waste sorting methods. Although robotics 
can achieve automatic waste classification, human involvement is 
important for assisting the robots in various aspects, such as intervening 
promptly when facing detection errors, thereby enhancing sorting ac
curacy (Chen et al., 2023). Enhanced waste sorting leads to better 
recycling outcomes and reduces landfill waste (Weber et al., 2020), 
facilitated by process automation and the integration of digital plat
forms (Maiurova et al., 2022). Predicting and sorting CW helps improve 
the recycling rate, promoting sustainable development.

4.3. Cluster 3: Advanced data analytics in CW management

There are 14 items that are included in cluster 3: big data (BD), 
building material, China, computer vision, construction material, CW, 
CW management, data set, Hong Kong, human, industrial waste, 
modeling, waste disposal, and waste disposal facility. The construction 
and building industry, a major source of solid waste, requires strategic 
interventions for efficient waste handling and resource recovery. The 
technologies commonly applied in this research direction include BD, 
computer vision, image analysis, segmentation, and data mining. Cluster 
3 centers on advanced data analytics to optimize the operational aspects 
of CW management, focusing on how technological advancements 
enable data-driven tools to enhance resource recovery and efficiency. 
The details of the relevant papers in Cluster 3 are shown in Table S3 of 
the supplementary material. The two main research topics under cluster 
3 are summarized in sections 4.3.1 to 4.3.2.

4.3.1. Strategic planning for future CW management
The first research topic within this cluster is the development of 

future strategies. Large volumes of data can be accumulated over the life 
cycle of construction projects, making BD analysis a promising method 
for deriving insights and informing decision-making processes. Histori
cal data is crucial in CW management for identifying trends in waste 
accumulation, optimizing resource utilization, and ensuring compliance 
with relevant regulations and standards. Using historical data can help 
stakeholders in making effective strategies for future CW management.

BD is significant in analyzing historical data and supporting future 
strategy development. BD analysis involves gathering, merging, and 
examining extensive datasets to generate insights and experience that 
inform decision-making processes (Saggi and Jain, 2018). Compared to 
a semi-automated approach or artificial input, BD analysis is more ac
curate, integrating real-time information via the IoT (Bilal et al., 2016a). 
BD analysis can identify trends, irregularities, and forms in construction 
data, offering effective strategies for future waste management based on 
historical data.

4.3.2. CW Composition identification
Accurate composition identification is important for efficient CW 

management. Data regarding the composition of CW is vital for auto
matic CW classification (Davis et al., 2021; Lu et al., 2022). Conven
tionally, features of waste materials are crafted manually and 
subsequently input into machine learning models like SVM (Özkan et al., 
2015; Wang et al., 2019b), which is time-consuming and lacks accuracy.

Computer vision is effective in identifying the composition of CW, 
utilizing technologies such as image analysis and image segmentation. 
The basis of image analysis lies in the identification of visual charac
teristics of objects, such as shape, patterns, gradients, dimensions, and 
other attributes (Califice et al., 2013; Hoang et al., 2020). Image clas
sification is a form of image analysis that primarily focuses on assigning 
images to different categories or labels. Image classification categorizes 
images, object detection locates, and image segmentation labels each 
pixel in an image (Sirimewan et al., 2024a). Waste recognition through 
image classification can categorize a provided waste image into pre
defined classes (Dong et al., 2022). Accurate composition data is crucial 
for efficient CW management, and image classification is increasingly 
being employed to automate the process, improving both speed and 
accuracy.

Image segmentation has become a cornerstone step in computer 
vision, aiding in object recognition, shape reconstruction, classification, 
and estimating object volumes (Sirimewan et al., 2024b). In recent 
years, a growing number of publications have centered on the applica
tions of semantic segmentation and object detection in CW management 
(Liang and Gu, 2021; Panwar et al., 2020; Wang et al., 2019a). Semantic 
segmentation models using deep learning in computer vision have 
demonstrated remarkable effectiveness in identifying objects within 
images (Yong et al., 2023). Semantic segmentation labels each pixel in 
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an image concerning its designated category, providing spatial geometry 
for both ’objects’ and ‘stuff’ (Sirimewan et al., 2024a; Wang et al., 
2022c). This capability aids in detecting and identifying waste materials 
within cluttered settings, as semantic segmentation provides detailed 
pixel-level information (Dong et al., 2022; Lu et al., 2022). Overall, 
computer vision is gaining attention in CW management for its ability to 
provide precise identification and localization of waste materials within 
complex scenes.

5. Critical review and discussion

Through a systematic review of the 138 papers, eight DTs commonly 
used in CW management have been identified: BIM, GIS, machine 
learning, BD, deep learning, AI, image analysis, blockchain, and RFID. 
Table 4 presents the quantitative measurement of the identified key
words related to DTs. Neural networks are a method within deep 
learning, which is a branch of machine learning (Hoong et al., 2020). 
Machine learning, a subset of AI, is an information analysis approach 
through trainings (Gao et al., 2024). Therefore, machine learning, 
neural networks, and deep learning are categorized as AI technologies. 
The identified six main DTs from keyword analysis are BIM, AI, GIS, BD, 
RS, and RFID.

5.1. Building information modeling (BIM)

5.1.1. Application of BIM
By leveraging comprehensive information on CW, BIM enables the 

establishment of material and component banks, fostering sustainable 
construction practices through material recycling and component reuse. 
BIM provides many capabilities, including estimating demolition costs, 
offering decision-making tools for CW management, calculating carbon 
emissions, and devising schedules, thereby improving the rate of recy
cling (Shi and Xu, 2021; Wang et al., 2021).

BIM can assist in estimating CW. Guerra et al. (2019) created auto
mated algorithms for estimating CW in drywall and concrete waste. 
Using the estimated volume of CW attributable to design changes, Won 
et al. (2016) calculated the potential reduction in CW achievable 
through BIM-assisted validations. Cheng and Ma (2013) highlighted BIM 
facilitates CW management through collaboration, quantity surveying, 
3D visualization, and design review. Kim et al. (2017) offered detailed 
insights into a BIM-centered framework for predicting CW generated 
from design, aimed at enhancing planning, processing, and management 
procedures. Ge et al. (2017) introduced a DW management system 
leveraging a reconstructed 3D model, facilitating the measurement of 
recyclable materials and the planning of recycling processes. Xu et al. 
(2019) generated a BIM-assisted CW management system to accurately 
calculate CW types, quantities, and other relevant data, while trans
parently illustrating the derivation of CW data from BIM models. The 
estimation of CW is an important application of BIM.

BIM can also be applied in material tracking. BIM shows great po
tential in supplying stock material data for upcoming demolitions and 
efficiently organizing demolition-related information (Rašković et al., 

2020). BIM can provide comprehensive data, including geometric, 
physical, and visual characteristics, enabling the creation of a virtual 
model that represents the real structure (Nizam et al., 2018). Informa
tion can be distributed to stakeholders over the life cycle of construction 
projects. For example, Akanbi et al. (2018) generated a BIM-centered 
platform for assessing the remaining value of CW throughout the life
cycle of buildings. Guerra et al. (2019) utilized BIM alongside pro
curement records to generate CW calculation algorithms for drywall and 
concrete. Detailed information provided by BIM can be leveraged for 
effective material tracking in demolition projects.

BIM can be applied together with other methodologies to enhance 
efficiency and effectiveness in various aspects of CW. BIM can be used 
with a combination of sustainability concepts for sustainability evalua
tion. For example, Jalaei and Jrade (2015) combined BIM with leader
ship in energy and environmental design (LEED) to calculate credits 
related to energy, atmosphere, materials, and resources. BIM can also 
integrate with the principles of the circular economy, allowing for 
effective resources utilization and CW reduction over the building’s 
lifespan (Soust-Verdaguer et al., 2017). Additionally, integrating BIM 
with lean methods optimizes the construction process by using BIM’s 
digital capabilities to eliminate waste, streamline workflows, and 
enhance team collaboration (Aziz et al., 2024). Research indicates that 
integrating BIM with sustainable concepts like LEED, lean principles, 
and the circular economy promotes the sustainable management of CW.

BIM can also be integrated with methods like life cycle assessment 
(LCA) and geographic information system (GIS) for environmental 
assessment and route design. Environmental assessment is a participa
tory process that evaluates the environmental impacts of policies, plans, 
programs, and projects to ensure these impacts are considered in 
decision-making, with growing attention worldwide (Fischer et al., 
2023). Han et al. (2024) integrated LCA and multi-criteria decision 
analysis (MCDA) into a DW management platform based on BIM for 
visualization and sustainability assessment. Su et al. (2021) generated a 
system for predicting and calculating DW, utilizing BIM for detailed 
building characterization, GIS for waste transportation route design, and 
LCA for environmental performance evaluation. The methods can serve 
as tools to assess and verify the sustainability of construction projects, 
and when integrated with BIM, they offer a comprehensive approach to 
ensuring sustainable building practices (Schamne et al., 2024). BIM and 
its integration with other methodologies are effective and widely 
applied in CW management.

5.1.2. Limitations and future research directions
However, BIM has predominantly emphasized technological aspects, 

often overlooking the socio-economic dimensions of construction pro
jects (Charef et al., 2021). Moreover, due to dataset limitations, current 
BIM-based CW estimation methods focus on individual buildings at a 
project level, overlooking waste generation at regional or wider levels 
(Li et al., 2020a). While many tools are available for quantifying the 
environmental performance of waste management in residential areas, 
none effectively integrate and manage diverse data in a BIM environ
ment (Mercader-Moyano et al., 2021). Therefore, solving challenges 
related to socio-economic aspects and dataset limitations is crucial.

Future studies should integrate interdisciplinary collaboration, case 
studies, and implementation strategies into technological advancements 
with sustainable waste management practices in construction. Devel
oping scalable BIM-based CW estimation methods that aggregate data 
across multiple projects can help assess waste generation at regional or 
wider levels. Future studies should also explore the advancement of 
BIM-enabled tools for CW collection, which will incorporate CW infor
mation into BIM models (Akinade and Oyedele, 2019). Finally, infor
mation technologies are still in their initial phase of application in CW 
management, with certain limitations (Li et al., 2020a). In future 
research, BIM should be applied with other DTs, such as GIS or BD to 
ensure a large-scale waste accurate prediction of CW. To address dataset 
limitations in BIM-based CW estimation, comprehensive data collection, 

Table 4 
Details of keywords related to DTs in CW management.

keyword occurrences total link strength Cluster no.

BIM 36 274 1
machine learning 28 250 2
GIS 19 185 1
deep learning 17 166 2
artificial intelligence 14 154 2
BD 14 132 3
computer vision 11 115 3
image analysis 7 65 3
RS 5 40 1
RFID 5 30 1
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augmentation, crowdsourcing, remote sensing, machine learning, and 
collaborative sharing should be employed to enhance data coverage and 
accuracy for improved waste management assessments.

5.2. Artificial intelligence (AI)

The keywords of machine learning, deep learning, image analysis, 
and computer vision shown in Table 4 belong to AI technologies. AI has 
been widely used in CW management, particularly in the collection and 
sorting phases (Singh et al., 2024). Deep learning is a subset of machine 
learning, which is crucial in AI applications. Computer vision, an 
important part of AI, allows for analyzing and utilizing visual data. 
Image analysis, a subset of computer vision, extracts useful information 
from images. The applications of these AI technologies in CW manage
ment are reviewed in this section.

5.2.1. Machine learning
Machine learning is commonly used for developing prediction 

models for CW quantification. Choosing the right machine learning al
gorithms is crucial, as the predominantly categorical independent var
iables significantly influence the model outcomes (Ram and Kalidindi, 
2017). There are several algorithms such as logistic regression, support 
vector machine, random forest, decision trees, K-nearest neighbor, 
multiple linear regression, and neural networks (Abdallah et al., 2020; 
Elshaboury and AlMetwaly, 2023; Gulghane et al., 2023). Artificial 
neural networks are commonly adopted in predicting CW generation 
(Cha et al., 2022; Golbaz et al., 2019; Song et al., 2017; Soni et al., 
2019). Support vector machine algorithms (Abbasi and El Hanandeh, 
2016; Abunama et al., 2019; Cha et al., 2022; Dai et al., 2011; Golbaz 
et al., 2019; Hu et al., 2021; Kumar et al., 2018; Noori et al., 2009; Song 
et al., 2017) and linear regression are commonly adopted in developing 
prediction models (Afon and Okewole, 2007; Ali Abdoli et al., 2012; 
AzaDi Maria et al., 2016; Chhay et al., 2018; Golbaz et al., 2019; Kumar 
and Samadder, 2017; Montecinos et al., 2018).

Deep learning, a subset of machine learning, specializes in artificial 
neural networks and learning representations of data through multiple 
layers. Deep learning utilizes several processing layers to acquire data 
structures and relationships across different levels of abstraction (LeCun 
et al., 2015). Deep learning enables the prediction of CW by providing 
access to information on potential waste generation, thereby supporting 
effective reusing and recycling of materials (Akanbi et al., 2020). 
Generally, deep learning can forecast CW quantity, optimize material 
recycling and reusing, automatic CW sorting, and enhance process ef
ficiency through data-driven insights and decision support tools.

5.2.2. Computer vision
Computer vision is commonly used in waste composition recogni

tion. The emergence of deep learning has improved computer vision’s 
capability to recognize a wide range of objects within images, enhancing 
its effectiveness in identifying diverse objects related to CW (Prasad and 
Arashpour, 2024; Sirimewan et al., 2024a). The unique absorbance and 
color characteristics of different waste materials enable their differen
tiation through visual recognition methods (Lu et al., 2022). For 
example, a mask region-based convolutional neural network and a faster 
region-based convolutional neural network were trained by Wang et al. 
(2020) to detect waste materials dispersed throughout the construction 
site. Advancements in computer vision can enhance the efficiency and 
accuracy of CW identification, promoting sustainable resource recycling 
and reuse.

Computer vision can also aid in managing workers on construction 
sites. Luo et al. (2019) created a platform that adopts computer vision to 
detect and visualize agile work environments. Park and Brilakis (2012)
developed a video frame detection algorithm to automate the initiali
zation of visual trackers for construction workers. Yu et al. (2019)
combined computer vision with biomechanics to identify behavior to 
enhance worker safety on construction sites. These innovative 

approaches demonstrate the potential of computer vision in enhancing 
worker safety, productivity, and overall management on construction 
sites, leading to an increment in the reduction or recycling rate of CW.

5.2.3. Image analysis
Through image analysis, researchers can gain deeper into the 

composition, distribution, and potential trends of CW. Using satellite- 
based image analysis, Wang et al. (2022a) evaluated the susceptibility 
of landfills to landslides in Shenzhen. Hoang et al. (2020) employed 
image analysis to identify CW components and quantify waste genera
tion rates based on the layout of CW. Bogoviku Waldmann (2021) pro
posed utilizing image analysis to extract a historical life cycle profile 
showcasing building demolition behavior, aiding in projecting potential 
mineral CW from the building stock under stochastic scenarios. Addi
tionally, Di Maria et al. (2016) employed image analysis to evaluate the 
size distribution of recycling aggregates in CW.

Assessing building stock using image analysis provides an effective 
approach to understanding the lifetime dynamics of buildings (Bogoviku 
and Waldmann, 2021). A geographical perspective is crucial in this re
gard, as demolition patterns are closely linked to the socio-economic 
context. Image analysis is becoming essential in CW management, 
providing comprehensive and precise data for effective handling, 
thereby promoting resource utilization and recycling.

5.2.4. Limitations and future research directions
Implementing AI systems necessitates extensive datasets, and limited 

data availability can pose a challenge to achieving accurate predictive 
performance (Abdallah et al., 2020). Insufficient dataset size and poor 
data quality, including image noise, imbalanced class distributions, or 
labeling inaccuracies, can undermine meaningful patterns in deep 
learning models, resulting in biased outcomes (Lu et al., 2022). In 
addition, in different data environments, such as those with small 
datasets or qualitative variables, the predictive performance observed in 
prior research may not be assured, as predictive models utilizing ma
chine learning algorithms on small datasets can be prone to estimation 
error and large variability (Cha et al., 2021). Finally, 2D-based computer 
vision may face challenges with objects not situated on flat surfaces, 
necessitating additional algorithms. Existing methods relying on 
pre-existing 3D models for training are less practical for CW, where 
deformations may occur, impacting the accuracy of algorithms (Wang 
et al., 2020).

Additional features need to be created to strengthen the forecasting 
models for CW that exhibited relatively poor predictive performance 
(Cha et al., 2021). In addition, integrating deep learning with BIM will 
enhance their usability among stakeholders, with future refinements 
considering additional building features such as room count, building 
elements, and components (Akanbi et al., 2020). Future research should 
develop robust computer vision algorithms that can accurately locate 
and estimate CW in dynamic environments without pre-existing 3D 
models. Leveraging techniques like point cloud processing, semantic 
segmentation, and deep learning can enhance the adaptability and 
generalization of these algorithms to diverse real-world scenarios, ulti
mately improving the efficiency and reliability of CW management.

5.3. Geographic information system (GIS)

5.3.1. Application of GIS and its integration with other methods
GIS is normally used in disposal site selection and environmental 

assessment of different waste management strategies, assisting decision- 
making for stakeholders. GIS serves as an assessment tool that can 
collaborate with various models to evaluate the environmental impacts 
and future outcomes of projects or activities. Environmental impact 
assessment can reduce adverse environmental effects and maximize the 
positive benefits associated with development projects (Sibale Fischer, 
2024). Since many factors can affect the determination of a waste 
disposal or recycling site, different MCDA methods like fuzzy logic, 
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analytic hierarchy process (AHP), dynamic modeling, and analytical 
network process are extensively used with GIS in waste management 
studies (Yalcinkaya and Kirtiloglu, 2021).

The integrated approach of GIS and MCDA is commonly used in site 
determination for waste disposal or treatment based on a range of 
criteria and preferences of decision-makers (Ali et al., 2023; Elshaboury 
et al., 2024). For example, AlZaghrini et al. (2019) generated a decision 
support system that optimizes facility location for CW through a com
bined approach of GIS and multi-criteria analysis. Biluca et al. (2020)
determined the optimal places for landfilling or recycling of CW using 
GIS and MCDA. Soto-Paz et al. (2023b) integrated GIS, fuzzy-AHP, and 
Monte Carlo simulation to facilitate site selections.

GIS can also be combined with LCA to provide a comprehensive 
spatial and environmental analysis framework. GIS provides spatial 
analysis capabilities, while LCA evaluates environmental impacts across 
the lifecycle of waste. Komkova and Habert (2023) combined GIS with 
the LCA approach for identifying optimal waste supply chain networks. 
Li et al. (2020b) integrated the approach of GIS with LCA to assess the 
environmental impact of mobile recycling of CW. The integrated 
approach provides a robust framework for CW management, offering 
comprehensive assessments, aiding decision-making, and facilitating the 
formulation of sustainable CW management strategies.

5.3.2. Limitations and future research directions
However, there has been limited exploration of integrating GIS with 

hybrid simulation systems and a lack of research on assessing the 
environmental performance of city-scale waste management in both 
temporal and spatial dimensions. In addition, geographic data in some 
cities are not comprehensive enough or updated quickly enough for a 
thorough spatial analysis (MaDi Maria et al., 2016), leading to a limited 
research area. Finally, since the effective use of GIS relies on 
high-quality, large-volume data for accurate analysis, data security is
sues must be solved when handling sensitive data in GIS.

To solve the problem of lacking comprehensive and integrated data 
used in GIS, some technologies can be applied together with GIS. For 
example, Kleemann et al. (2017) used change detection through image 
matching, enabling the identification of building demolition activities 
that may not have been reported to municipal departments. Collabora
tive initiatives between government agencies, research institutions, and 
private organizations could help address data gaps and ensure access to 
comprehensive and current geographic data. Given the reliance of GIS 
on large quantities of data, future research should also focus on data 
management and security issues. This includes developing robust data 
management frameworks that ensure the integrity, accessibility, and 
privacy of spatial data. Since within decision-making systems, a critical 
determinant influencing choices is the promptness and transparency of 
information (Wang et al., 2021), GIS can be integrated with other 
real-time data collection technologies, like IoT. Innovative approaches 
to data security, such as encryption and access control mechanisms, 
should be explored to protect sensitive information while enabling 
collaboration.

5.4. Big data (BD)

5.4.1. Application of BD in CW management
With the rapid advancement of hardware, software, devices, and 

diverse sensors, the building sector has transitioned into the period of 
BD, facilitating the digitization of CW management processes (Bilal 
et al., 2016b; Xue et al., 2021). BD has been created to explore extensive 
datasets, unveiling patterns, non-linear relationships, and causal effects, 
thereby facilitating more informed decision-making (Xu et al., 2020). 
There is significant enthusiasm for leveraging BD, to uncover hidden 
trends and to allow predictive and prescriptive analytics, enabling the 
anticipation and shaping of prospective events (Bilal et al., 2016a).

BD is commonly adopted in illegal dumping supervision. Lu et al. 
(2016) utilized BD consisting of two million CW disposal statistics of 

5700 projects in Hong Kong to compare CW management performance 
between public and private sectors, revealing a notable disparity and 
informing strategies for improving waste management practices. 
Research also showed that BD analytics is promising for addressing the 
challenge of waste composition recognition (Yuan et al., 2021). For 
example, Lu et al. (2021b), highlighted non-random patterns in CW 
composition within regions, suggesting that BD analytics could predict 
waste composition based on bulk density. BD can also be applied in 
promoting the sustainability of CW management. Xu et al. (2020) uti
lized BD to analyze the CW management efficiency disparity between 
private and public sectors in Hong Kong, based on CW disposal infor
mation from 132 projects. Chen and Lu (2017) applied BD analytics to 
identify the factors influencing DW generation specifically in Hong 
Kong, thereby promoting sustainable waste management. These studies 
highlight big data’s pivotal role in informing evidence-based strategies 
for optimizing CW management and advancing sustainable 
development.

5.4.2. Limitations and future research directions
Data quality and comprehensiveness are important for effective data 

analysis (Sattari et al., 2017). Nevertheless, missing data and occasional 
inaccuracies due to information barriers pose challenges to CW man
agement (Bilal et al., 2016b; Callistus and Clinton, 2016). To address 
this challenge, future studies could integrate more advanced technolo
gies for data collection and validate the integrity and validity of the 
collected data. Additionally, researchers could explore the development 
of statistical models and algorithms to solve the issue of missing 
information.

The integration of BD with BIM holds the promise of developing a 
resilient CW simulation tool (Bilal et al., 2016a). However, the inte
gration of BD with BIM for CW management is still limited, with the 
application of new DTs in waste management being at an early stage. 
Future research directions should further investigate on integrating BD 
and BIM, enhancing the application of new DTs, and advancing 
comprehensive approaches to effectively manage CW. Moreover, 
regional variations in CW management, influenced by regulatory envi
ronments, economic conditions, geography, and environmental con
cerns, highlight the necessity for region-specific big data analysis to 
customize waste management strategies effectively.

5.5. Remote sensing (RS)

5.5.1. Application of RS in waste management
RS has emerged as a crucial means of acquiring up-to-date regional 

data (Chen et al., 2021; Cusworth et al., 2020). Firstly, RS can detect 
illegal CW dumping, aiding authorities to prevent environmental dam
age and ensure compliance with waste management regulations. For 
example, Yong et al. (2023) achieved the automatic identification of 
illegal dumping sites for CW using RS. Secondly, RS can be used to 
predict the volume of CW accumulated from construction activities. 
Elshaboury AlMetwaly (2023) predicted the quantity of CW in Egypt 
using the integrated approach of RS, GIS, and machine learning. Guo 
et al. (2022) predicted the amount of excavated soil and construction 
sludge in geotechnical and underground engineering projects. In addi
tion, RS can be applied for environmental impact monitoring. RS was 
utilized by Li et al. (2022) to assess the effectiveness of dust-proof nets in 
mitigating pollution from CW, utilizing multispectral satellite data and 
advanced classification methods for urban environmental monitoring 
and governance. Finally, RS can also be applied for waste composition 
detection. Chen et al. (2021) utilized RS, specifically high-resolution 
imagery, to extract and identify urban CW using a multi-feature anal
ysis method.

In summary, RS offers a cost-effective and efficient means of moni
toring CW due to its wide coverage, high timeliness, and stable data 
support. With its ability to objectively depict the earth’s surface condi
tions, RS provides insights into the spatial distribution and dynamic CW 
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accumulation. As such, RS can assist in enhancing waste management 
practices by providing reliable and comprehensive data for informed 
decision-making.

5.5.2. Limitations and future research directions
RS data often lacks the necessary spatial and temporal resolution for 

precise monitoring of small-scale CW activities, leading to the integra
tion approach such as GIS and RS a promising trend. Secondly, achieving 
high classification accuracy is challenging due to the complexity of 
variability in CW types. Future directions could center on advanced 
sorting algorithms, such as adopting machine learning to promote ac
curate data and effectiveness in waste detection.

Chen et al. (2021) summarized three difficulties in identifying CW 
using RS: (1) waste displays heterogeneous spectral and texture prop
erties; (2) interfering elements like buildings and bare soil hinder ac
curate identification; and (3) reliable evaluation methods are lacking. To 
address these challenges, advanced spectral and texture analysis 
methods, along with improved feature classification techniques, are 
necessary to accurately differentiate heterogeneous waste properties 
from interfering elements like buildings and bare soil, while establishing 
reliable evaluation methodologies. In addition, accessing high-quality 
RS data, can be expensive and limited in availability, constraining CW 
monitoring efforts. Integrating RS data with ground-based observations, 
such as field surveys and sensor networks, could enhance the reliability 
and comprehensiveness of CW monitoring systems and can be useful in 
solving the problem.

5.6. Radio frequency identification (RFID)

5.6.1. Application of RFID and its integration with other methods
RFID technology facilitates tracking and archiving construction 

components’ properties, promoting their reuse and minimizing wastage 
in the construction sector. RFID operates as a wireless sensor, trans
mitting data through signals to or from physical “tags” affixed to items 
(Iacovidou et al., 2018). An RFID communication system necessitates 
several key components. An RFID communication system requires 
several key components: a reader, one or more tags, and antennas that 
enable information transmission (Domdouzis et al., 2007). RFID’s abil
ity to store and transmit information enhances CW traceability (Vahidi 
et al., 2024). RFID improves the traceability of different kinds of CW by 
providing accurate and real-time data throughout the waste manage
ment process.

RFID’s integration with technologies like BIM, GIS, and GPS show
cases numerous valuable applications in the CW domain. RFID tech
nology enables the tracking and tracing of various items in the building 
sector, including equipment, materials, components, tools, and 
personnel (Iacovidou et al., 2018). RFID, with its real-time information 
and traceability, can be integrated with BIM to streamline information 
management over the life cycle of a component, minimizing duration 
and labor for data retrieval and reducing ineffective decisions due to 
information gaps (Ergen et al., 2007; Iacovidou et al., 2018). Tracking 
component lifecycle data through RFID and BIM can enhance the 
assessment of recyclability (Akbarnezhad et al., 2014). Integrating GIS 
or GPS with RFID enhances spatial awareness and location-tracking 
capabilities, enabling real-time tracking of items. This integration pro
vides geographical information about movement and utilization, aiding 
resource allocation, logistical planning, and management efficiency in 
construction projects.

5.6.2. Limitations and future research directions
The performance of RFID could be affected by reliability issues 

stemming from tag placement, signal distortions caused by densely ar
ranged readers, and the material composition to which the tags are 
attached (Lim et al., 2013). According to Iacovidou et al. (2018), RFID 
faces limitations such as communication issues among components, data 
overload from repeated readings, difficulties in accurately identifying 

component positions, signal degradation from component fixation, the 
need for reevaluating tag placement, the lack of common technical 
standards, and frequency range incompatibility between countries.

As technology advances, incorporating technologies like GPS and 
sensors alongside policy development for regulated and sustainable use, 
RFID’s potential as a facilitator for mainstream adoption in structural 
construction component reuse becomes more achievable (Iacovidou 
et al., 2018). Future research should focus on developing algorithms for 
dynamically adjusting reader settings based on environmental condi
tions and exploring novel protocols for efficient data transmission and 
error correction mechanisms. Additionally, leveraging blockchain for 
transparent information management and IoT for real-time monitoring 
of construction projects could further enhance RFID. Blockchain can be 
used to enhance data security and integrity in construction-related 
documents by providing a decentralized, immutable ledger that re
cords transactions transparently (Das et al., 2022). A comprehensive 
construction process involves multiple stakeholders (Ma and Hao, 
2024), and the advancement of IoT can be used to monitor construction 
processes by connecting sensors and devices to a network, enabling 
continuous data collection, transmission, and instant analysis (Jiang 
et al., 2023; Rao et al., 2022). IoT enables real-time tracking of RFID 
tags, while blockchain ensures data integrity and prevents fraud in the 
supply chain (Baygin et al., 2022). Therefore, integrating IoT and 
blockchain into RFID can improve its functionality and security.

6. Conclusion

This study employs a science mapping method to review the appli
cation of DTs in CW management. Through a comprehensive review of 
the identified 138 articles from 2014 to 2024, the objectives of the study 
were accomplished: to uncover the evolution and reveal the main 
research trends within the research domain; to identify the primary 
current research areas; to review the application of the most widely 
adopted DTs in CW management; to identify the limitations of these DTs 
and propose future directions. The findings offer valuable insights into 
the evolution, current and future research trends, and limitations of DTs 
in CW management, aiding researchers, policymakers, and industry 
professionals in making informed decisions and advancing the field.

Bibliometric analysis reveals a significant increase in research on DTs 
in CW management, identifying leading contributions from major 
journals. The findings show that mainland China has the most published 
papers, while the US boasts the highest average citation rate. Key 
research themes identified include strategic information management, 
predictive modeling, and advanced data analytics in CW management. 
CW management can benefit from various DTs by enhancing efficiency, 
transparency, and decision-making processes over the entire life cycle. 
By integrating DTs, CWM practices can improve waste estimation, 
optimize resource recovery, and streamline planning processes, leading 
to reduced environmental impact. Furthermore, these technologies 
facilitate better monitoring and tracking of CW flows, enabling more 
effective compliance with policies in achieving sustainability goals. 
However, current limitations include challenges related to data inte
gration, varying standards across technologies, the integration of mul
tiple systems, the need for skilled personnel to effectively collaborate 
using these tools, relatively high implementation costs, and resistance to 
change within companies, all of which impede the application of DTs in 
promoting sustainable CW management.

This review covers BIM, AI, GIS, BD, RS, and RFID, exploring their 
applications, identifying limitations, and suggesting future research di
rections. BIM can be utilized for waste estimation, visual planning, and 
material tracking, and when combined with methods like LEED, circular 
economy, lean, and LCA, it aids in sustainability evaluation and envi
ronmental assessment of CW. Future research should integrate socio- 
economic dimensions, develop comprehensive tools for quantifying 
environmental impacts, and collaborate with GIS and BD for accurate 
CW prediction and management. AI technologies, including machine 
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learning, deep learning, computer vision, and image analysis, are vital 
for CW management. Machine learning predicts waste generation, deep 
learning improves material reuse, computer vision aids in waste 
composition recognition and worker management, and image analysis 
provides waste trend insights. Future research should enhance data 
quality and availability, optimize feature groups, integrate deep 
learning with BIM software, and improve computer vision algorithms. 
GIS, often used for site selection and environmental assessment with 
MCDA or LCA, faces limitations in integration with hybrid simulation 
systems and outdated data for city-scale assessments. Collaborative ef
forts are needed to improve data quality and robust management 
frameworks. BD analytics optimize CW management by revealing 
trends, predicting composition, and informing strategies, with future 
research focusing on statistical models for missing data and integrating 
BD with BIM for resilient waste simulation. RS detects illegal dumping, 
estimates waste volume, and monitors impacts, with future research on 
advanced algorithms to address waste variability. RFID technology en
hances traceability and monitoring, with integration into BIM, GIS, and 
GPS improving information management and resource allocation. 
Future research should address tag placement, signal distortions, dy
namic reader settings, and secure data management through blockchain 
or IoT.

While this review offers comprehensive insights, it has certain limi
tations. Firstly, it exclusively considered literature published in English, 
ignoring studies and outputs in other languages. Secondly, the focus was 
primarily on journal papers and book chapters, excluding some other 
relevant research sources. Future research could broaden the scope to 
include a wider range of sources. Additionally, while the paper mainly 
examined commonly used DTs based on keyword occurrence, there is 
potential to explore less common but still applicable DTs in CW man
agement in future studies.
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