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ABSTRACT: Modular and off-site construction (MOC) is gaining popularity, particularly in developed 
countries, due to its environmental, social, and economic advantages. MOC is recognized for improving 
productivity, reducing costs, and incorporating innovative technologies, making it an efficient and 
sustainable project delivery method. In recent years, computer vision (CV) is quickly becoming a game-
changing tool in construction industry. As a result, the incorporation of CV in MOC is growing, but thorough 
understanding of its trends, difficulties, and potential in production planning and control system is yet to be 
discovered. In this respect, this paper is proposed a comprehensive framework to investigate the current 
developments in production planning and control system using CV applications in the MOC. The proposed 
framework adopted the Preferred Reporting Items for Systematic Reviews and Meta Analyses (PRISMA) 
method to discover, assess, and synthesize relevant literature from 2012 to 2024, providing a systematic 
examination of significant trends, challenges, and new prospects based on Scopus and Web of Science 
(WoS) database. The outcome of this study identified that the Mask RCNN is the most popular algorithms 
for detection, tracking and segmentation. Dataset limitations, camera variations, poor lighting, occlusions 
are the main challenges for CV application in MOC in production planning and control system. Future 
modular and off-site construction research will integrate RFID and BIM data, enhance algorithms like 
YOLOv7 with data augmentation and parallel processing, address site-specific challenges like occlusions 
and congestion, and develop intelligent systems for safety, worker tracking, and real-time monitoring of 
precast components and module transportation. 
 
  
1. INTRODUCTION 
 
Modular and off-site construction (MOC) is becoming a popular method in construction due to the controlled 
production environment. The MOC involves prefabricating building components in controlled factory 
settings before transporting and assembling them on-site, have gained attention due to their ability to 
improve quality control, customize design, waste minimization, reduce construction timelines, and minimize 
disruptions at the project site (Arashpour et al. 2015; Rahman and Han 2024a, 2024b; Rahman and Sobuz 
2018). 
 
Construction industry 4.0 is known as converging digital and computing techniques to redefine sustainable 
construction (Baduge et al. 2022). The construction industry is experiencing a major transformation, driven 
by the increasing adoption technologies, such as computer vision (CV), virtual reality (VR) etc. This 
transformation is further bolstered by the adoption of emerging technologies, with computer vision, a subset 
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of artificial intelligence (AI), playing a pivotal role. Computer vision harnesses digital imagery, video footage, 
and surveillance data to extract relevant information to facilitate decision-making as well as improved 
operational precision (Pham et al. 2021). Its growth stems from its ability to execute a range of visual tasks, 
including object detection (Kim 2020), image classification, object tracking (Wang et al. 2021), action 
recognition (Xiao et al. 2022), human pose estimation (Chu et al. 2020), and semantic as well as instance 
segmentation. These capabilities make computer vision a versatile and powerful tool for addressing 
complex challenges within the construction sector. 
 
Traditionally, production planning and control in offsite construction have relied on manual inspections. 
However, traditional methods are often resource-intensive, time-consuming, and subject to human fault. 
The integration of computer vision offers a revolutionary alternative by facilitating real-time monitoring, 
automated activity recognition, and actionable feedback on productivity challenges. For example, 
surveillance camera footage analyzed using computer vision can detect material shortages, equipment 
downtime, and idle labor, all of which directly influence productivity. Advanced deep learning algorithms 
further enhance these analyses by tackling issues such as occlusion, variable lighting, and complex work 
environments. 
 
This study seeks to investigate the role of computer vision in production planning and control for modular 
and offsite construction. Specifically, it aims to address the following research questions: (1) What are the 
key research trends in the use of computer vision? (2) Which computer vision algorithm(s) or method(s) 
are being used? (3) What challenges or limitations exist in these applications? By exploring these questions, 
this paper identifies emerging trends, examines the challenges associated with implementation, and 
highlights opportunities for future research and practical integration. Ultimately, this research provides 
valuable insights into how computer vision could change production planning and control, which contributes 
to the overall productive growth of the MOC.  
 
 
2. METHODOLOGY 
 
To accomplish the objectives of this research, a systematic review (SR) method is utilized. This approach 
includes defining the research framework, developing a search plan to gather relevant information, 
extracting essential data, conducting data analysis, and presenting the results. The study follows the 
guidelines outlined in the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
as described by Page et al. (2021).  
 
The systematic review process, as depicted in Figure 1. The first step is selecting the database and relevant 
research articles. The study utilized the Scopus and Web of Science (WoS) databases due to their 
reputation for high-quality articles, particularly in the domain of modular construction (Afzal et al. 2023) . 
Using specific search codes tailored to each database (Table 1), 98 articles related to computer vision were 
initially retrieved, covering the period from 2012 to 2024. To ensure relevance, articles that were irrelevant, 
literature reviews, published before 2012, or non-research in nature were excluded, narrowing the selection 
to 64 publications. Given the overlap between the two databases, duplicate entries were identified and 
removed, leaving a final set of 58 articles imported into bibliography software for further processing. After 
thoroughly reviewing the abstracts, 18 articles were ultimately selected for detailed analysis. The 12-year 
time frame (2012–2024) was deliberately chosen to focus on the most recent advancements and emerging 
trends, ensuring the study’s findings reflect novel and relevant developments in the field. 
 
Bibliometric analysis was employed to uncover key characteristics and trends in the literature by analyzing 
dimensions such as authorship, institutions, citations, and more. A variety of tools are available for 
performing bibliometric analysis, such as VOSviewer®, Gephi®, CiteSpace®, SciMAT®, Bibliometrix®, and 
HistCite® (Junjia et al. 2023). For this study, Bibliometrix® was chosen for bibliographic data analysis 
because of its extensive functionality and robust data visualization capabilities (Aria and Cuccurullo 2017). 
To identify current research trends, co-occurrences of keywords within primary publication sources were 
examined. using Bibliometrix®, an open-source software built on the R programming language. The articles 
included in this review adhered to specific inclusion criteria, emphasizing research focused on modular 
construction and the application of deep learning (DL) algorithms. 
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Table 1: Code used for literature search. 

Database Applied Code 

Web of Science (WoS) (TI= (off site construction OR modular construction OR panelized 

construction) AND TI= (Deep learning OR computer vision) 

 

Scopus (TITLE-ABS-KEY (“off site construction” OR “modular construction” OR 
“panelized construction”) AND (“Deep learning” OR “computer vision”)) 
 

 

 
Figure 1: Research Framework 
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3. RESULTS 
 

3.1  Top Keywords Cluster 
 
The finalized 18 articles are analyzed in Biblioshiny to elevate the research hotspot. The analysis reveals 
four key clusters within the construction industry network. Metrics such as Betweenness, Closeness, and 
PageRank highlight the significance and centrality of each node, helping to identify their roles within their 
respective clusters. Cluster 1 focuses on the integration of computer vision technologies like object 
detection, neural networks, and deep learning. The construction industry node holds a pivotal position with 
a Betweenness of 27.837, reflecting its role as a key connector in the network. Similarly, off-site construction 
has a Betweenness score of 20.294, underscoring its importance in modern modular construction 
approaches. Technologies such as neural networks (3.859) and deep learning (2.183) further highlight the 
growing adoption of AI-based methods in improving construction efficiency. Nodes like construction 
activities (0.181) and network cnn (0.219), while relevant, exhibit lower scores, indicating their limited 
connectivity within this cluster. Similarly, cluster 2 emphasizes production processes and the enhancement 
of safety and quality in construction. Cluster 3 centers on modular construction, highlighting its pivotal role 
in modern construction methods. Cluster 4 explores computational tools, including computer vision, and 
their application in project management and progress monitoring. Table 2 categorizes nodes into four 
distinct clusters, each representing a specific focus area in the construction and technology network. 
 

Table 2: Keyword clustering results. 

Node Cluster Betweenness Closeness PageRank 

Construction industry 1 27.837 0.019 0.062 

Object detection 1 0.923 0.016 0.023 

Off-site construction 1 20.294 0.017 0.047 

Neural network 1 3.859 0.016 0.038 

Deep learning 1 2.183 0.016 0.034 

Construction activities 1 0.181 0.015 0.016 

Network cnn 1 0.219 0.015 0.021 

Production line 2 13.272 0.017 0.039 

Production process 2 0 0.012 0.011 

Safety quality 2 19.319 0.018 0.045 

Vision-based methods 2 4.712 0.017 0.037 

Construction methods 2 2.808 0.017 0.033 

Integrated construction 2 2.929 0.017 0.036 

Modular integrated 2 2.929 0.017 0.036 

Surveillance videos 2 8.406 0.017 0.034 

Modular construction 3 330.656 0.026 0.145 

Quality control 3 0.615 0.015 0.017 

Assembly process 3 0.503 0.015 0.016 

Construction activity 3 0 0.014 0.007 

Detection algorithms 3 0 0.014 0.007 

Automatically generate 3 0 0.014 0.008 

Building information 3 0 0.014 0.01 

Computer vision 4 1.317 0.016 0.025 

Construction projects 4 39.451 0.019 0.063 

Progress monitoring 4 0 0.016 0.023 

Proposed framework 4 0 0.015 0.014 

Mask r-cnn 4 33.767 0.016 0.032 

Reinforcement learning 4 0 0.012 0.011 
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Figure 2: Keyword co-occurrence network. 

3.2  Top Contributors in MOC  
 
The top researchers of production planning and control of MOC are listed in Figure 3 where the contributions 
of top six authors in terms of the number of articles. AL-HUSSEIN M and HAN S have each contributed to 
4 articles, while PANAHI R, PODDER A, and SWANSON C have each authored 6 articles. LOUIS J stands 
out with the highest contribution, having written 8 articles. 

 
Figure 3: Top Six Author's Contribution 

3.3  Current State of DL Applications in OSC 
 
DL algorithms has become popular in OSC monitoring and productivity analysis across different aspects 
(e.g., worker monitoring, panel tracking). Table 3 depicts the recent application of DL algorithms in OSC 
monitoring and productivity analysis. YOLO models have been extensively utilized: YOLO v8 for real-time 
process surveillance, YOLO v4 for productivity assessment and data aggregation, and YOLO v7 for 
concrete crack segmentation and quantification. Mask R-CNN, with a ResNet-50 backbone, has 
demonstrated efficacy in various domains, including segmentation, detection, and progress monitoring in 
assembly operations, detecting bottleneck stations, and monitoring modular unit production lines. Faster 
R-CNN and SSD have been assessed for object detection, whereas CRNN with GRU has enabled activity 
recognition via sound analysis. Multi-View Convolutional Networks (MV-CNN) have facilitated dataset 
production in virtual settings, while Recurrent Neural Networks (LSTM) have been utilized to assess active 
and idle workstation durations. Additional significant uses encompass OpenCV for overseeing OSC 
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operations, Mask R-CNN in conjunction with DeepSORT for tracking precast wall progress, and the Frame 
Inspection Algorithm (FIA) for monitoring light-gauge steel frame pre-manufacturing.  
 

Table 3: Algorithm used in OSC Monitoring and Productivity Analysis. 

Authors Goal of the study Used Algorithms 

Chen et al. (2024) Real time process monitoring YOLO v8 

Baek et al. (2024) Automated productivity monitoring  YOLO v4 

Alsakka et al. (2023) Automated collection of productivity data  YOLO v4  

Akbar et al. (2023) Concrete crack segmentation and quantification  YOLO v7 

Panahi, Louis, 
Podder, Pless, et al. 
(2023) 

Monitoring the assembly process Mask R-CNN  with 
Resnet-50 
backbone  

(Panahi, Louis, 
Podder, Swanson, et 
al. 2023) 

Identifying the bottleneck station on the production line  Mask R-CNN  with 
Resnet-50 
backbone 

Panahi et al. (2024) Monitoring production line assembly progress of modular 
units  

Mask R-CNN with 
Resnet-50 
backbone 

Xiao et al. (2022)  Tracking workers in off-site construction using instance 
segmentation  

Mask R-CNN with 
segmentation 

Panahi, Louis, 
Podder, et al. (2022) 

Monitoring the construction processes in OSC factories.  OpenCV 

Xiong et al. (2022) Activity recognition using sound via deep learning CRNN  

Liu et al. (2021) Evaluating the applicability and performance of object 
detection algorithms  

Faster RCNN and 
SSD 

Park et al. (2021) Generating installation datasets in virtual environments 
and evaluating the performance of AI models 

MV-CNN 

Panahi, Louis, 
Aziere, et al. (2022) 

Recognizing the worker activities  CNN Resnet 50 

Rashid and Louis 
(2021) 

Measurement of active and idle time at various 
workstations  

RNN (LSTM) 

Martinez et al. (2021) Automatically detect and track the progress of 
construction operations  

Faster R-CNN 

Zheng et al. (2020) Virtual prototyping and transfer-learning techniques for 
detection 

Mask R-CNN 

Wang et al. (2021) Automatic Progress Monitoring of Precast Walls  Mask R-CNN and   
DeepSORT  

Martinez et al. (2019) Automatic supervision of the light-gauge steel frame pre-
manufacturing stage. 

Frame Inspection 
Algorithm (FIA) 

 

3.4 Challenges and Limitations of Computer Vision Application 
 
While applying the CV in OSC, researchers have highlighted challenges in construction monitoring and 
productivity analysis. For example, Chen et al. (2024) identified dataset diversity limitations, while Baek et 
al. (2024) noted issues with training dataset size and camera variation. Additionally, occlusions and 
subprocess detection difficulties were reported by Panahi, Louis, Podder, Pless, et al. (2023) and Alsakka 
et al. (2023). Akbar et al. (2023) encountered constraints in camera-object distance, and Xiao et al. (2022) 
faced difficulties in handling mixed sound environments. Overfitting due to static backgrounds Panahi, 
Louis, Podder, et al. (2022) and reliance on virtual datasets (Park et al. 2021) added to the challenges. 
Martinez et al. (2021) observed detection issues in wall panel designs and simplifying assumptions affecting 
task tracking. Moreover, Wang et al. (2021) faced obstacles with poor lighting and camera shaking, 
highlighting the need for further refinements in construction automation systems. 
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3.5 Proposed Future Research Directions 
 
Future research trends in modular and offsite construction are centered on advancing computer vision 
systems through integration with multi-modal data sources and emerging technologies. Figure 5 illustrates 
a word map of future research trend. Currently, a key focus is enhancing data collection using multiple high-
resolution cameras and CCTV systems, while incorporating complementary data such as RFID and Building 
Information Modeling (BIM) to provide more comprehensive insights. Additionally, efforts are also directed 
at improving algorithmic performance through advanced models like YOLOv7, data augmentation for 
segmentation, and parallel video processing to enable real-time applications. Apart from that, adapting 
systems to site-specific challenges, such as congestion, occlusions, and variable distances, remains 
critical, alongside optimizing camera placement and addressing occlusion issues are also challenging. A 
comprehensive framework (Figure 4) is proposed to advance the development and application of DL 
techniques in productivity management within the MOC industry, with a focus on achieving more accurate 
object detection, efficient tracking, and precise segmentation. Furthermore, research is expanding to 
integrate machine hearing techniques for mixed sound environments, develop communication strategies 
among camera networks, and include blurry samples for better dataset robustness. Applications are also 
becoming more specific, focusing on monitoring precast components, optimizing module transportation, 
and addressing unconventional geometries. Safety and ergonomics monitoring using CCTV footage, 
scalability through worker tracking, and validation via long-duration videos highlight the growing emphasis 
on creating adaptable, intelligent, and sustainable solutions for production planning and control in modular 
construction. 
 

 
Figure 4: Synthesized framework for a DL application paradigm for MOC  
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Figure 5: Word map of future research trend using Biblioshiny.  

 
 
 
4. CONCLUSIONS 
 
In conclusion, this research highlights the transformative impact of computer vision on production planning 
and control in modular and offsite construction (OSC). The findings of this review indicate that while 
computer vision technologies have demonstrated significant promise in addressing key inefficiencies in 
modular and offsite construction, their practical implementation is still in its early stages. Although the 
number of included studies is relatively limited, this reflects the application of stringent inclusion criteria 
designed to ensure the relevance, quality, and methodological rigor of the selected literature. By reviewing 
literature from 2012 to 2024, the study reveals an increasing use of deep learning algorithms like YOLO 
models (v4, v7, v8), Mask R-CNN, Faster R-CNN. These algorithms are particularly valued for their ability 
to perform tasks such as object detection, segmentation, and tracking in real-time, making them crucial for 
monitoring construction progress, worker activity, assembly line tracking, and quality control. Among them, 
YOLO and Mask R-CNN are the most frequently applied due to their efficiency and accuracy in addressing 
a broad spectrum of challenges in construction monitoring. 
 
However, several challenges remain in the application of these technologies. Issues such as limited and 
non-diverse datasets, occlusions, camera variability, poor lighting, and subprocess detection complicate 
the real-world deployment of these algorithms. Additional obstacles include static backgrounds, reliance on 
virtual data, and handling mixed sound environments, all of which hinder the accuracy of activity recognition 
and progress monitoring. To address these challenges, future research should focus on integrating multi-
modal data, such as RFID and BIM, and improving algorithms with techniques like data augmentation and 
parallel video processing. Optimizing camera placement, reducing occlusions, and adapting systems to 
site-specific conditions will be essential in enhancing the practical application of computer vision, ultimately 
driving greater efficiency and sustainability in the MOC industry. The contribution of this study lies in its 
systematic synthesis of computer vision applications specific to production planning and control in MOC—
an area that, to date, has not been comprehensively reviewed. 
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