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Abstract 

The growing adoption of prefabrication in construction presents opportunities for enhanced 

productivity, yet challenges remain in accurately estimating labor hours, optimizing 

production sequences, and improving multi-project coordination. This dissertation 

addresses these challenges by developing a BIM-based hybrid optimization framework that 

integrates data augmentation, productivity modeling, heuristic sequencing, and Discrete 

Event Simulation (DES) to enhance steel fabrication efficiency. 

First, a data-driven productivity estimation model is proposed, incorporating BIM-based 

automated quantity take-offs and data augmentation techniques to refine labor-hour 

predictions. This model significantly improves estimation accuracy by leveraging Bayesian 

linear regression and Artificial Neural Networks, achieving up to a 71% improvement over 

current industry practice. 

Next, the research introduces a BIM-integrated heuristic sequencing model that utilizes 

engineering specifications and time study data to forecast labor hours and optimize 

workstation assignments in steel fabrication plants. By combining productivity modeling 

with DES, the proposed framework achieves a 99% correlation with actual production data 

and demonstrates a 13 % reduction in labor costs. A comparative analysis with Genetic 

Algorithms highlights the efficiency of the heuristic approach in optimizing fabrication 

sequences. 

Finally, the dissertation extends production planning methodologies to multi-project steel 

fabrication plants, where managing resource allocation and optimizing project coordination 

remain critical challenges. A hybrid optimization approach incorporating similarity-based 

clustering, process modeling, and DES is developed to improve cost efficiency and 
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minimize logistical issues such as missing components, component transfer delays, and 

late shipments. By aligning production scheduling with shipping timelines, this approach 

ensures that required components arrive at the job site as needed, effectively synchronizing 

fabrication and delivery. This demand-driven planning framework enhances multi-project 

coordination, streamlining prefabrication workflows through a pull-based simulation 

approach. 

The proposed methodologies offer a systematic and scalable approach to enhancing 

productivity, reducing labor inefficiencies, and optimizing production planning in steel 

prefabrication projects. By bridging the gap between BIM-based digital modeling, 

productivity estimation, and advanced simulation techniques, this dissertation provides a 

robust decision-support framework for improving offsite construction operations. Future 

research directions include expanding the framework to other construction sectors and 

refining optimization techniques for real-time adaptive scheduling and resource 

management. 

Keywords: BIM, Productivity Estimation, Data Augmentation, Heuristic Sequencing, 

Discrete Event Simulation, Steel Fabrication, Pull Based Simulation, Multi-Project 

Optimization. 
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Chapter 1: Introduction 

1.1. Background and Motivation 

The construction industry has long been characterized by inefficiencies, cost overruns, and 

schedule delays, prompting a shift toward more advanced and systematic methods of 

project execution (Hasan et al. 2018) One of the transformative approaches gaining traction 

is Off-site Construction (OSC), which involves the prefabrication and assembly of building 

components in a controlled factory environment before transporting them to the 

construction site for installation (Mao et al. 2015). OSC methods encompass a range of 

strategies, including modular construction, panelized systems, and prefabricated structural 

components, all of which aim to enhance efficiency, reduce waste, and improve quality 

control compared to traditional on-site construction (Mao et al. 2015). By shifting much of 

the construction process into a factory setting, OSC minimizes site-based inefficiencies, 

mitigates weather-related disruptions, and allows for parallel construction activities, 

leading to significant savings (Jin et al. 2018). 

 

Figure 1.1 Steel pieces on rollers, in a steel fabrication plant. 
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Steel fabrication is a fundamental aspect of Off-Site Construction (OSC), particularly in 

industrial, commercial, and large-scale infrastructure projects (Alvanchi et al. 2012) Unlike 

traditional cast-in-place construction, where structural elements are formed directly on-

site, OSC relies on the precise fabrication, cutting, welding, and assembly of steel 

components in a controlled factory environment before transportation to the construction 

site (Alvanchi et al. 2012). This method enhances quality control, minimizes errors, and 

improves project efficiency (Alvanchi et al. 2012). However, steel prefabrication involves 

a complex network of workstations, including cutting, drilling, fitting, welding, and 

painting, each requiring carefully synchronized production planning and scheduling to 

prevent bottlenecks and delays (Eastman and Sacks 2008). Once fabrication is complete, 

the prefabricated steel components are transferred to the shipping yard, where they are 

staged for transportation. Large overhead cranes and forklifts move these heavy 

components efficiently, ensuring a smooth transition from the manufacturing facility to the 

construction site. Figure 1.3 provides a visual representation of the shipping yard, showing 

prefabricated steel elements prepared for transport, with cranes facilitating material 

handling. Effective logistics and timely delivery of these components are crucial to 

maintaining project timelines and optimizing OSC workflows. 
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Figure 1.2. Prefabricated steel components are stored in the shipping yard 

 

While OSC offers substantial advantages, challenges persist in accurately estimating 

productivity, particularly in steel fabrication plants, where design complexity and 

variations between components can lead to unpredictable processing times (Hou et al. 

2022). Traditional workforce productivity (WP) estimation methods rely on production 

rate charts or expert opinions, which often fail to capture the dynamic nature of 

construction projects (Hou et al. 2022). Moreover, misalignment between design 

specifications, material availability, and workstation scheduling can result in inefficiencies, 

leading to increased costs and project delays (Mao et al. 2016). To overcome these 

challenges, data-driven methodologies leveraging Building Information Modeling (BIM), 

Machine Learning (ML), and Discrete Event Simulation (DES) have emerged as promising 

solutions for improving productivity estimation and production optimization in OSC 

projects (Rathnasinghe et al. 2024). 
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Efficient productivity management plays a crucial role in the successful execution of 

construction projects, significantly impacting time, cost, and overall project success 

(Ghoddousi and Hosseini 2012). The importance of estimating and optimizing productivity 

is amplified in large-scale, labor-intensive construction projects, where cost overruns and 

schedule delays are common due to inadequate productivity management. To address these 

challenges, it is essential to develop methods for accurately estimating productivity, 

especially in off-site construction (OSC) projects. However, unlike their on-site 

counterparts, OSC projects are not immune to productivity challenges (Ghoddousi and 

Hosseini 2012). Inaccurate productivity estimation or misalignment between on-site and 

off-site operations can lead to delays and increased costs. Therefore, robust productivity 

management strategies and accurate estimation models are vital for ensuring the success of 

OSC projects (Shelbourn et al. 2007). 

Historically, productivity in construction projects, particularly workforce productivity 

(WP), has been assessed using the ratio of workforce output (WO) to workforce working 

duration (WWD) (Datta, Guthrie, and Wright 2005). While this metric is valuable for 

simpler tasks, such as earthworks or masonry, it relies heavily on expert opinion or 

production rate charts, which may not always account for the unique factors influencing 

each project. Construction projects are dynamic, and factors such as environmental 

conditions, management practices, and design complexity can greatly impact productivity 

(Gann and Salter 2000). Henceforth, traditional estimation methods often fall short of 

capturing these variations. Recent advancements in productivity estimation leverage 

historical data methods, which link these influencing factors to actual productivity rates 

(Q. Liu et al. 2024). Through careful analysis of project data, these methods help generate 
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more accurate predictions of productivity, addressing the shortcomings of traditional 

approaches. 

Productivity estimation in steel fabrication is inherently complex due to the diverse 

characteristics of steel components, including variations in size, fittings, and welding 

requirements. These components progress through multiple workstations—cutting, 

drilling, fitting, welding, and painting—each consuming time based on specific design 

features. Profile cutting, a critical and time-sensitive process, demands high precision to 

ensure proper assembly, often relying on automated tools like structural saws to enhance 

accuracy and efficiency. To address the challenges in estimating processing times, 

advanced Machine Learning (ML) techniques, including Artificial Neural Networks 

(ANNs), are being explored to model the nonlinear relationships between component 

features and labor requirements. This supports Objective 1 by enabling more reliable, data-

driven productivity predictions, even in environments with limited historical data. 

 

Figure 1.3. Structural saw performing profile cutting in the fabrication plant. 
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Machine Learning (ML) techniques, such as ANN, Support Vector Machines (SVM), and 

Random Forest, have shown success in estimating construction productivity by modeling 

the complex relationships between various design, environmental, and operational factors 

(S. Lee et al. 2020). However, one of the major hurdles faced by ML models in construction 

is the fragmented nature of data within the industry. For these models to be accurate, they 

require large, comprehensive datasets that may not always be readily available. To 

overcome this issue, data augmentation (DA) techniques can be applied to expand existing 

datasets, enhancing model accuracy and reducing the risk of overfitting (Aghajamali et al. 

2025). Data augmentation techniques, when applied to construction productivity data, can 

greatly improve the performance of ML models by generating additional, diverse data 

points for training (Aghajamali et al. 2025). 

The integration of Building Information Modeling (BIM) plays a central role in the 

proposed approach, offering automated quantity take-offs and design complexity 

assessments that can be directly used to inform productivity predictions. By incorporating 

BIM data, such as the types of connections (bolted or tacked fittings), into the productivity 

model, the research aims to enhance time estimation for the fitting station, addressing a 

key gap in previous studies. Furthermore, by leveraging BIM for design data extraction 

and ML for predictive modeling, the proposed framework integrates various technologies 

and methodologies into a unified system that allows for more accurate productivity 

management. 

Additionally, prefabricated construction methods, particularly in steel fabrication, are 

becoming increasingly popular due to their potential to reduce environmental waste, 

improve efficiency, and provide cost savings over traditional on-site construction methods 
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(Boyd, Khalfan, and Maqsood 2013). The controlled factory environment associated with 

prefabrication significantly reduces the risk of errors during installation and enhances 

quality control. However, the complexities associated with steel fabrication—including the 

unique design specifications for each component and the challenges of scheduling 

production across multiple workstations—pose significant challenges in maintaining 

efficient production processes. As a result, accurate time estimation, optimized 

construction order, and effective production planning are critical to achieving the full 

benefits of prefabrication (Perera et al. 2022). 

One promising solution to these challenges is the use of Discrete Event Simulation (DES), 

a tool that allows construction professionals to simulate various production scenarios in a 

virtual environment before actual implementation. By simulating the flow of steel 

components through workstations, DES can provide valuable insights into potential 

bottlenecks, delays, and resource allocation issues, allowing for more effective decision-

making. However, achieving high accuracy in DES simulations requires precise input data, 

including accurate modeling of processing times at each station. Given the variability in 

the design of steel components, such as beams, columns, and trusses, modeling these time 

variations effectively requires a detailed understanding of the design specifications and 

their impact on processing durations (Perera et al. 2022). In this context, the integration of 

BIM data into the DES model enhances the precision of time estimates and improves the 

overall fidelity of the simulation. 

In conclusion, the adoption of prefabricated construction, particularly in steel fabrication, 

presents many opportunities for improving efficiency and reducing environmental impact. 

However, the complexity of steel fabrication projects requires accurate productivity 
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estimation, optimized production planning, and advanced simulation tools to realize these 

benefits fully. Integrating BIM, machine learning, and simulation-based methods offers a 

promising approach to overcoming these challenges, enabling more accurate and efficient 

project management in large-scale steel fabrication plants. By developing and 

implementing innovative productivity estimation models, the construction industry can 

enhance its ability to deliver projects on time, within budget, and with higher quality 

standards. 

1.2. Research Problem and Objectives 

The current state of planning and scheduling in Off-site Construction (OSC), particularly 

in steel fabrication, faces several key challenges that hinder efficiency, accuracy, and 

scalability. Traditional methods rely heavily on expert judgment for estimating processing 

times, leading to subjective and inconsistent results. Additionally, conventional scheduling 

tools like MS Excel and MS Project are inadequate for handling dynamic production 

planning, multi-project coordination, and pull-based Just-in-Time (JIT) scheduling. As a 

result, inefficiencies arise in resource allocation, sequencing of prefab elements, and multi-

project production planning, ultimately leading to delays, increased costs, and reduced 

productivity. 

This research addresses these challenges by formulating three key research problems: 

1. Limited Data Availability for Machine Learning-Based Productivity Estimation in 

OSC 

o Accurate productivity estimation is critical for improving scheduling and 

planning in OSC. However, historical production data in steel fabrication is 
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often scarce, inconsistent, or incomplete, making it difficult to train 

Machine Learning (ML) models for processing time estimation. Traditional 

expert-based methods are error-prone, non-transferable, and cannot adapt 

to real-time project conditions. Without sufficient data, ML models struggle 

to generalize, leading to inaccurate predictions and unreliable decision-

making. 

o Research Question (RQ1): How can machine learning (ML) models be 

effectively used for productivity estimation in OSC manufacturing 

processes, especially when faced with limited data sizes? 

2. Suboptimal Prefab Element Sequencing Leading to Inefficiencies in Steel 

Fabrication 

o Inefficient sequencing of prefab elements in steel fabrication leads to 

resource imbalances, bottlenecks, and increased processing times. Poor 

sequencing delays workstation operations, increases component transfer 

waiting times, and disrupts assembly schedules. Current scheduling 

methods lack optimization mechanisms that consider real-time constraints 

and dependencies between prefab elements. 

o Research Question (RQ2): How can an integrated Discrete Event 

Simulation (DES) and Genetic Algorithm (GA) approach optimize the 

sequencing of prefab elements in OSC, and what makes GA a suitable 

choice for this optimization? 



 

10 

 

3. Challenges in Multi-Project Production Planning and Just-in-Time (JIT) 

Scheduling 

o Coordinating multiple OSC projects simultaneously presents significant 

scheduling complexities. Traditional scheduling tools lack adaptive 

mechanisms to integrate prefabrication plant operations with multiple job 

sites, leading to inefficiencies in resource allocation, misalignment between 

demand and supply, and project delays. A pull-based scheduling approach, 

where production is initiated based on real-time demand rather than fixed 

schedules, can address these issues, but existing methods do not effectively 

implement this within OSC environments. 

o Research Question (RQ3): How can Discrete Event Simulation (DES) be 

adapted to accommodate a pull-based approach for JIT scheduling in multi-

project environments? 

To address these research problems, this study aims to develop a Decision Support System 

(DSS) for optimized planning in OSC projects, focusing on productivity estimation, 

sequencing optimization, and multi-project production planning. The specific research 

objectives are: 

1. Accurate Productivity Estimation: Develop a Machine Learning (ML) model that 

accurately estimates processing times for prefab elements, even when faced with 

limited data availability, using data augmentation techniques. 
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2. Prefab Element Sequencing Optimization: Optimize the sequencing of prefab 

elements in a work order using an integrated Genetic Algorithm (GA) and Discrete 

Event Simulation (DES) approach to minimize inefficiencies in steel fabrication. 

3. JIT Planning and Multi-Project Optimization: Implement and optimize pull-based 

scheduling by integrating DES models across multiple job sites and a central prefab 

plant, enabling Just-in-Time (JIT) planning in multi-project environments. 

By addressing these research objectives, this study contributes to the development of a 

data-driven, simulation-based planning framework for OSC, enhancing efficiency, 

reducing waste, and improving decision-making in steel fabrication and multi-project 

scheduling. 

1.3. Scope and Contributions of the Thesis 

As illustrated in the contribution Table 1.1, this study introduces three contributions in the 

domain of productivity optimization in prefabricated steel plants. The most relevant studies 

in the literature, particularly those by (Song 2004) and (Mohsenijam and Lu 2019), were 

analyzed and compared in terms of quantity take-off methods, the scope of prefabricated 

steel plants, and the employment of simulation and optimization techniques. However, the 

primary focus of this section is to articulate how this study advances the existing body of 

knowledge. 

The study by (Song 2004) utilized an existing database containing engineering 

specifications to model productivity improvements in prefabricated steel plants. The first 

key contribution of this thesis is developing a novel approach to extracting engineering 

specifications directly from a 3D model, rather than relying on predefined databases. This 
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advancement enhances automation and data accuracy in the modeling process. Similarly, 

(Mohsenijam and Lu 2019) explored various features for productivity modeling, but did 

not address how these features were obtained. Contribution A of this research extends 

their work by leveraging a BIM-based approach to extract the necessary features directly 

from 3D models, ensuring a more systematic and automated data acquisition process. 

Beyond data extraction, this study introduces two additional contributions that enhance 

decision-making in prefabricated steel plants. Contribution B presents a heuristic method 

supported by Genetic Algorithms (GA) and Discrete Event Simulation (DES) to optimize 

the construction order for a single project. This hybrid approach balances efficiency and 

computational feasibility, providing a practical solution for sequencing construction 

activities. Finally, Contribution C is centred within the management of multiple projects 

within a single prefabrication plant using a pull-based simulation approach. Unlike existing 

studies that focus on individual project productivity, this study introduces a framework for 

optimizing resource allocation and scheduling across multiple concurrent projects, 

enhancing overall plant efficiency. 

To enable these advancements, this study also addresses the limitations of standard BIM 

models by specifying a customized Application Programming Interface (API) for 

integrating and exporting quantity take-off data. Furthermore, the integration of AI-driven 

simulations enhances the potential for productivity optimization in steel fabrication plants 

by enabling the comparison of multi-project scenarios based on component similarities. By 

incorporating these contributions, this research extends the capabilities of BIM-based 

modeling, simulation, and optimization techniques, bridging gaps in the literature and 
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providing a comprehensive framework for improving efficiency in prefabricated steel 

plants. 

Table 1.1. Contribution framework 

Study QTO1 Scope of the plant Simulation Optimization 
Multi-

Project 

Song 2004 Database 
Cutting, Fitting, and 

Welding 
Yes No No 

(Mohsenijam and Lu 

2019) 
Database 

Cutting, Fitting, and 

Welding 
No No No 

Contribution A 
BIM-

based 
Fitting No No No 

Contribution B 
BIM-

based 

Cutting, Fitting, and 

Welding 
Yes Yes No 

Contribution C 
BIM-

based 

Cutting, Fitting, and 

Welding 
Yes Yes Yes 

 

1.4. Overview of the Thesis 

This thesis presents a comprehensive approach to improving productivity estimation, 

planning, and optimization in steel prefabrication projects by integrating Building 

Information Modeling (BIM), productivity modeling, and data-driven decision-making 

techniques. The research is structured into the following main chapters, as outlined below. 

1.4.1 Chapter 2: Literature Review 

Chapter 2 provides an in-depth review of the existing literature on productivity estimation, 

production planning, and optimization in prefabrication. The chapter explores the role of 

BIM in enhancing productivity forecasting, the application of data augmentation in 

construction, and the integration of heuristic and simulation-based approaches in 

production sequencing. The literature review establishes the research gaps and highlights 

 

 

1 Quantity Take Off 
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the need for improved methods in productivity prediction and planning for steel 

prefabrication projects. 

1.4.2 Chapter 3: First Research Paper  

Chapter 3 introduces a novel methodology to enhance productivity estimation accuracy by 

integrating data augmentation techniques, onsite time study data, and BIM-based 

automated quantity take-offs. This study evaluates four data augmentation methods—

normal noise, interpolation, clustering, and Bayesian Linear Regression—to expand the 

time study dataset. The augmented dataset is then used to train an Artificial Neural Network 

(ANN) for productivity forecasting. The research findings demonstrate that the normal 

noise technique significantly improves time estimation accuracy, achieving a 58%–71 % 

enhancement over conventional industry estimates. The proposed methodology enables 

project managers to optimize resource allocation and minimize project delays. 

1.4.3 Chapter 4: Second Research Paper 

Chapter 4 presents a framework for labor-hour estimation and production sequencing in 

steel fabrication plants by utilizing BIM and Numerical Control (NC) data. The study 

identifies key engineering specifications that influence workstation productivity and 

integrates them with machine learning models for man-hour estimation. Additionally, 

Discrete Event Simulation (DES) is employed to model plant operations, and a heuristic 

scheduling approach is proposed to determine optimal construction sequences for steel 

components. The validation of this framework in a real-world steel fabrication plant 

confirms a strong 99% correlation between estimated and actual labor hours. The optimized 

sequencing approach reduces labor costs by 13 % compared to conventional scheduling 
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methods. A comparative analysis with Genetic Algorithms (GA) highlights the efficiency 

of the heuristic-based optimization. Furthermore, a production planning dashboard is 

developed to support decision-making in real-world applications. 

1.4.4 Chapter 5: Third Research Paper 

Chapter 5 addresses the challenge of coordinating multiple prefabrication projects by 

developing an integrated hybrid optimization framework. The proposed approach 

combines similarity optimization, process modeling, productivity analysis, and DES to 

enhance production planning across multiple concurrent steel prefabrication projects. 

Various scenarios are analyzed to optimize cost and construction order while mitigating 

coordination challenges such as missing components, component transfer inefficiencies, 

and delayed shipments. The study demonstrates how a data-driven, simulation-based 

planning approach can significantly improve multi-project efficiency and reduce 

operational risks in steel prefabrication plants. 

1.4.5 Summary 

The research presented in Chapters 3–5 contributes to advancing data-driven productivity 

estimation, automated scheduling, and multi-project coordination in prefabricated 

construction. By integrating BIM, machine learning, and simulation techniques, this thesis 

provides a structured methodology for improving production efficiency, optimizing 

construction sequencing, and enhancing decision-making in steel fabrication projects. 

Despite growing interest in industrialized and off-site construction methods, Canada 

continues to face significant gaps in the digitalization and automation of prefabrication 

processes. Existing frameworks often lack seamless integration between predictive 
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analytics, scheduling optimization, and BIM-enabled production control, limiting the 

scalability and responsiveness of modular manufacturing systems. This dissertation 

addresses these gaps by developing a data-driven and automation-oriented framework that 

links productivity modeling, heuristic optimization, and BIM-based decision support for 

light-gauge steel fabrication. In doing so, it directly contributes to national and provincial 

initiatives aimed at modernizing the construction sector—such as the Government of 

Canada’s Housing Accelerator Fund and New Brunswick’s Industrialized Construction 

program—which emphasize digital transformation, improved productivity, and sustainable 

housing delivery. The proposed framework therefore responds to an identified 

technological and policy need, advancing both academic knowledge and practical 

innovation within Canada’s off-site construction landscape. 

1.5. Thesis Structure 

This thesis begins with an introduction followed by a comprehensive literature review on 

the subject. To achieve optimized production planning in steel prefabrication construction, 

the research is structured into three distinct phases. For better clarity, Figure 1.1 illustrates 

this framework. 
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Figure 1.4. Thesis structure 
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The following journal papers form the backbone of this research: 

1: Aghajamali, Kamyab, Saeid Metvaei, Alaeldin Suliman, Zhen Lei, and Qian Chen. 2024. 

“Development of a Prefabricated Construction Productivity Estimation Model Through 

BIM and Data Augmentation Processes.” *Construction Management and Economics*. 

https://doi.org/10.1080/01446193.2024.2431280. 

2: Aghajamali, Kamyab, Alireza Rahimi, Saeid Metvaei, Zhen Lei, Qian Chen, Alaeldin 

Suliman, and Ali Pirzad. Forthcoming. “Production Planning with an Enriched BIM-based 

Heuristic Construction Order Model to Improve the Efficiency of Complex Prefabricated 

Projects.” *Journal of Construction Engineering and Management* (Accepted). 

3: Aghajamali, Kamyab, Ali Mansouri, Ali Pirzad, Zhen Lei, Qian Chen, and Alaeldin 

Suliman. Forthcoming. “BIM-based Hybrid Optimization Model to Improve Productivity 

of Multi-Project Steel Prefabrication.” *Journal of Computing in Civil Engineering* 

(Submitted). 

First, despite the existing efforts to improve the performance of construction estimation 

and forecasting, the limited data collection and model generalization capability remain 

significant challenges. Therefore, this thesis intends to address this knowledge gap by 

developing a BIM-based data augmentation and productivity forecasting methodology. 

This methodology introduces a novel approach to evaluating the productivity of individual 

construction elements, an area that has been largely ignored in existing research. Existing 

literature typically uses BIM to extract information already present in the model, without 

delving into the construction design details or analyzing connection types between 

structural steel elements. Henceforth, this thesis takes advantage of BIM to extract features 

https://doi.org/10.1080/01446193.2024.2431280
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using its capacities such as bounding boxes and providing an accurate quantity take-off. 

Besides, the inadequacy of the quantity of productivity data hindered further research in 

the literature. Consequently, this thesis uses nine data augmentation methods to fill this gap 

and produce adequate productivity data, quantifying their effectiveness through real case 

studies. 

In the second phase, BIM functions are customized and integrated to extract detailed 

features of prefabricated components, using these features in the Linear Regression (LR) 

model for time estimation, and employing simulation to evaluate the workflow in the plant. 

The objective of the proposed framework is to improve the precision of time estimation 

and enhance process management in construction projects. Furthermore, in previous 

studies, features of the entire project were aggregated and used to predict overall 

productivity or project completion time. Alternatively, the approach used in this thesis 

focuses on forecasting the productivity or time needed for individual components of a steel 

fabrication plant. The proposed method assesses the characteristics of each element, 

providing a granular estimate that proves highly beneficial for managing specific tasks and 

resources within a steel fabrication project. 

Moreover, the limitations of standard BIM software for this research, including (1) the 

inability to differentiate between parts that are welded or bolted to the main piece, (2) the 

difficulty in determining weld length when the weld is not explicitly modeled and the weld 

connection is complex, (3) the challenge of integrating numeric information, such as NC 

data, with BIM data, which primarily contains spatial information, and (4) the inability to 

capture curved cuts on pieces effectively, made the researcher develop an insightful and 

customized BIM API plugins for improving time estimation and process optimization 
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tailored to complex prefabricated construction projects. In this context, the proposed study 

employs Autodesk Navisworks plugins and the Visual Basic programming language. To 

enhance functionality in the BIM model. The developed system incorporates concepts such 

as bounding boxes, NC file data, and BIM properties to address specific requirements that 

current BIM software cannot fulfill on its own. While existing BIM tools offer valuable 

features, they often lack the flexibility and depth required for comprehensive entity 

modeling, which is essential for detailed time estimation. 

In the third phase, focusing on remarkable challenges in steel prefabrication, an integrated 

simulation and optimization technique, using Decision Support Systems (DSS), is 

employed to schedule complex off-site steel construction environments and optimize cost. 

Moreover, multi-project scenarios are considered to investigate the challenges and 

opportunities of running multiple projects simultaneously in a single fabrication plant. 
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Chapter 2: Literature Review 

2.1. Overview of Prefabrication and Steel Fabrication Processes 

Production planning and control (PPC) provides a comprehensive understanding of all 

production elements and improves productivity, efficiency, and collaboration for 

companies (Dallasega, Marengo, and Revolti 2021). Respecting the construction industry, 

unique characteristics such as fragmentation and challenges such as ever-tightening 

budgets in terms of time and cost necessitate proper planning, scheduling, and monitoring 

of the construction execution process (Ghasemi Poor Sabet and Chong 2020a; Sigala 

2002). Despite the industry's fluctuating performance, low productivity has contributed to 

inefficiencies in time and cost, leading to dissatisfaction with construction projects 

(Fernandes et al. 2024). Furthermore, in recent years, the slow development of information 

technology and industrialization principles has caused low productivity in the construction 

industry (He, Li, and Meng 2021). Still, many projects face inefficiencies and low 

productivity due to delays in meeting delivery timelines, resulting in cost overruns. Despite 

the ever-changing performance in the construction industry, low productivity has led to 

inefficiency in time and cost, and eventually, dissatisfaction with construction projects 

(Ghasemi Poor Sabet and Chong 2020). 

As an innovative construction method, prefabricated building (PB) has been used to 

address these drawbacks (Y. Wang et al. 2021). As a well-recognized and promising 

approach, construction components such as concrete, steel, and plates are produced in the 

prefabrication factory and assembled on-site (Yuan et al. 2021). Meanwhile, due to various 

reasons, such as the lack of collaboration between off-site production supply and on-site 

assembly and the nonsynchronous nature of resource planning in PB, reaching high 
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productivity in PB is challenging (He, Li, and Meng 2021). Therefore, production planning 

and control (PPC) for a deep understanding of the entire production process and improving 

productivity, efficiency, and collaboration, which are crucial for prefabricated buildings, 

are essential (Y. Wang et al. 2021). 

Prefabrication is the first phase of industrialization, followed by automation, robotics, and 

production in the construction industry (Ahmed and Gramescu 2019). Meanwhile, factory-

based construction requires adequate information about operations and production for 

production planning. Therefore, various decision-support tools such as BIM, simulation, 

Internet of Things (IOT), and optimization algorithms have been used to control and 

manipulate this information. For example, (Goodall et al.  2019)  used a real-time data 

acquisition system to consistently and automatically update simulation parameters based 

on production data. Likewise, (Kale et al. 2022) developed a real-time monitoring system 

to support construction experts for health and safety management on multiple construction 

sites. Similarly, (Altaf et al. 2018) used high-level architecture to automate project 

monitoring and control. We also integrated a manufacturing execution system with DES to 

control real-time production activities. (Schmidt and Schäfers 2017) used intelligent 

products within their supply chain to develop a monitoring and controlling system. They 

also used an adjusted approach for production monitoring and shop floor control in off-site 

construction. In the following paragraphs, first, the literature regarding production 

monitoring and control in the construction industry is categorized into utilizing BIM, 

Simulation, Estimation, and optimization, and then multi-project practices regarding 

production monitoring and control are mentioned. 
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2.2. Building Information Modeling for Production Planning and Control 

Construction estimators use the Work Breakdown Structure (WBS) to obtain project 

details, as it breaks down a project into manageable sections of work, thereby aiding in the 

planning and controlling both schedule and cost. By providing (1) quantity data from BIM 

and (2) a productivity database (such as RS Means) for each element in the Work 

Breakdown Structure (WBS), a Cost Breakdown Structure (CBS) can be developed that 

mirrors the WBS and is utilized for creating cost estimates (Jones 2016). Manually 

extracting cost information from construction specifications, which detail the processes 

and materials needed for a project, demands extensive construction knowledge and is prone 

to human error (Staub-French et al. 2003). Henceforth, Construction estimation has been 

extensively studied to enhance and automate the manual, time-consuming, and error-prone 

processes associated with estimations (Choi, Kim, and Kim 2015; Akanbi and Zhang 

2021). (Han et al. 2017) concentrated on quantity takeoff (QTO) and created a method to 

extract geometric dimensions from proprietary 3D models to enhance the accuracy of QTO.   

Researchers have used BIM and automated quantity take-offs to gather construction work 

specifications to reduce human errors and save time. However, most studies primarily 

focus on reading information directly from the building model without further processing. 

Using building element geometry and applying heuristic methods to identify and interpret 

the details of steel connections has not been explored in prior research. 

However, while extracting geometric information supports QTO, it falls short for time 

estimation in steel fabrication plants, where connection details are crucial. Direct quantity 

data alone is insufficient for accurate time estimation. Song's labor productivity model 

(Song 2004) predicts fitting durations in steel fabrication using design factors such as piece 
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weight, length, the number of cutouts, and fittings that affect fitting time. In subsequent 

work, (Song and AbouRizk 2006) indicate that product-related factors for each steel 

element are recorded, with values mapped from CAD models. However, this study does 

not provide any details on extracting construction complexities, such as connection types, 

from a 3D model (Song and AbouRizk 2008). The proposed method in this study extracts 

connection details in a steel project, provides detailed time estimation for the fitting station, 

and evaluates BIM's performance against actual productivity outcomes—a practice not 

currently available in the existing literature. 

Few research articles in the steel fabrication field explore the use of BIM to extract design 

complexities for estimating labor productivity. (Mohsenijam and Lu 2019) proposed a 

data-driven approach that employs multiple linear regression (MLR) and historical data 

from building information models (BIM) to link project labor hours with design features 

in structural steel fabrication (Mohsenijam and Lu 2019b). This study did not explore how 

to extract design complexity directly from the model; rather, it assumed that design 

complexity features were already present in a BIM database. The study then analyzed all 

available features to determine which ones were useful for project estimation. However, 

their model does not delve into the specific design details of each steel element. Instead, it 

considers general, high-level features relevant to the project, such as the number of angles, 

I-beams, and channels, without examining the unique connection types of each steel 

piece—critical factors in labor productivity. Additionally, this work does not provide 

reasonable estimates for individual steel elements in a plant, only for larger groups of 

elements, as many of the features in the study would yield zero if applied to a smaller 

selection of elements. (Song 2004) proposed a method that uses design complexity in BIM 
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models to estimate the fitting time of steel components (Song 2004). In this model, design 

complexity for each item was pre-existing in a database, and the focus is not on extracting 

these complexities. Instead, the model utilizes this database and a predictive model to 

estimate the time required for each steel piece. This thesis addresses the gap of 

investigating design specifications from CAD models by leveraging BIM to analyze design 

complexity and identify connection material types, enhancing the accuracy of labor time 

estimation at the fitting station in steel fabrication plants. Building on prior research, it 

offers time estimates for individual steel components, representing the most granular level 

of work packages in steel fabrication. This method enables the industry to plan production 

batches based on individual components within those batches, improving production 

planning precision. 

2.3. Simulation for Production Planning and Control 

Information simulation of computational building models offers unique opportunities in 

production management (“ISO 19650-1, 2018 ,” n.d.). Specifically, Building Information 

Modeling (BIM) provides digital representations of design, construction, and process 

operations, establishing a platform for decision-making processes (C. Liu and Song 2004). 

BIM also provides planning, organization, and testing of construction activities, 

considering constraints such as time, human resources, and materials (“ISO 19650-1, 

2018,” n.d.). A BIM model contains essential information for building project management 

and estimation. For instance, one of the most well-known applications of BIM is providing 

a swift and accurate quantity take-off for project cost estimation  (Eastman 2011)(Lee and 

Ock 2011;Kwon, Jo, and Cho 2011). Particularly, modeling the information of structural 

elements provides BIM with an advanced tool for quantity take-off and increases the 
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efficiency of estimators (M.-C. Lee, Lee, and Ock 2011; Kwon, Jo, and Cho 2011). The 

promising results of BIM in quantity take-off have spurred the development of commercial 

BIM-based cost estimation software programs to improve the efficiency of estimators 

(Adebowale and Agumba 2023). 

Meanwhile, the definition of resources in BIM, such as time, human resources, and 

materials, makes it an applicable tool for planning, organizing, and analyzing construction 

activities (C. Liu and Song 2004).  

Furthermore, various simulation modeling techniques are employed to improve 

productivity in construction projects. These simulations enable construction practitioners 

to assess various production scenarios in a virtual environment before actual production 

begins (Altaf et al. 2018). Particularly, the capacity to integrate various solutions makes 

Discrete Event Simulation (DES) a valuable and applicable technique across various fields, 

including risk management (Sadeghi, Fayek, and Pedrycz 2010), sustainable development 

(Mansouri et al. 2024) and facility management (Kamal et al. 2022a) as well as for various 

purposes such as scheduling (Abbasi et al. 2020) and optimization (Du et al. 2016). 

Moreover, with advancements in BIM technology, (Afifi et al. 2022) successfully 

integrated DES with BIM to plan the panel prefabrication process. 

2.4. Estimation for Production Planning and Control 

The importance of time estimation in the construction industry for various purposes, such 

as resource allocation, risk management, and stakeholder satisfaction, is undeniable. 

Accurate time estimation ensures that projects remain within budget and are completed on 

schedule. Meanwhile, on-time completion is more likely to stay within their financial 
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constraints, leading to better economic performance and greater client satisfaction (Heravi 

and Eslamdoost 2015). Therefore, the construction industry has made significant efforts to 

develop models and methods to improve project planning while avoiding time delays and 

cost overruns (Sadatnya et al. 2023). For instance, Various modeling approaches have been 

developed to estimate construction productivity effectively, addressing the environmental, 

management, and design complexities unique to each construction project. These methods 

rely mainly on Artificial Intelligence (AI), including regression analysis, expert systems, 

and machine learning (ML) (Gurmu et al.2020; Yi et al. 2014). 

The application of machine learning methods in construction engineering and management 

has gained significant attention in recent years. Various ML techniques, particularly Neural 

Networks (NNs), have been employed to predict productivity in different construction 

activities. NNs are computational models inspired by the human brain's structure, capable 

of recognizing complex patterns and relationships in data (Rzepecki et al. 2021). For 

example, (Golnaraghi et al. 2019) developed NN models using historical data to measure 

productivity in formwork activities. their developed NN models effectively predict 

planning and resource allocation productivity. Likewise, numerous studies have used NN 

models for various purposes, including labor productivity estimation in concrete pouring 

activities (Sadatnya et al. 2023), productivity estimation for excavation tasks (Kassem et 

al. 2021), and productivity estimation for installing prefabricated external insulation 

systems (Jeong et al. 2022). 

Using this technology, however, is challenging due to the size of the data. Therefore, data 

augmentation could mitigate this obstacle and enhance NN performance. Data 
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augmentation involves deliberate modification like rotations, flips, and changes in the scale 

of existing datasets (for image data) to enhance model performance (Shorten et al. 2019). 

(Moselhi et al.1991) proposed that Neural Network (NN) can be used to enhance current 

automation efforts in construction as a promising management tool. Real-world 

construction site data collection is challenging (Rashid et al. 2019). This problem, a lack 

of enough data, leads to overfitting. Overfitting occurs when models outperform the 

training data and fail to generalize to new data. (Rashid et al. 2019) proposed a method to 

generate synthetic training data using data collected from multiple inertial measurement 

units attached to moving and articulated parts of equipment. The study shows that data 

augmentation can be used to recognize equipment activity and minimize idle times and 

emissions associated with construction equipment (Rashid et al. 2019). Other scholars have 

investigated improving construction waste recognition using the Fréchet Inception 

Distance augmentation method in AI models (Na et al. 2022). A finite-difference time-

domain method and a deep convolutional generative adversarial network were employed 

as data augmentation techniques for enhancing tunneling operations by improving the 

recognition accuracy of lining elements using Ground Penetrating Radar (GPR) images 

(Qin et al. 2021). 

Moreover, Regression models have proven to be invaluable tools for estimating 

productivity. These models offer robust methods for predicting various productivity 

outcomes under different conditions. For instance, (Srinavin et al. 2003) demonstrated the 

efficacy of the polynomial regression model in predicting productivity for activities such 

as painting, bricklaying, and excavation across various thermal environments. This study 

highlights the significant impact of temperature changes on the efficiency of these tasks. 
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Linear regression-based approaches, however, are favored for their simplicity and ease of 

use. Provided that the relationships between variables are approximately linear, these 

approaches are effective and reliable. Furthermore, LR models are easy to interpret, making 

them accessible to construction managers who may not have extensive backgrounds in 

advanced statistical methods or machine learning. Despite their simplicity, LR models can 

offer valuable insights and predictions that aid in effective project planning and execution 

(Kulkarni et al. 2017). For instance, (Zhao et al. 2009) employed a multiple linear 

regression model to predict productivity in hot and humid climates. This model considers 

multiple variables simultaneously, offering a comprehensive understanding of how 

environmental factors affect labor performance. Likewise, (Leśniak et al. 2018) used 

classical linear regression models in predicting site overhead costs for financial planning 

and control. This study provides accurate cost predictions by integrating estimates of 

various project variables. 

Furthermore, A successful project requires accurate estimates of time for each task in the 

project, as well as an assessment of construction productivity (Sadatnya et al. 2023). In 

labor-intensive construction tasks, labor costs are calculated in labor hours and then 

converted into monetary values by multiplying the hours by the hourly rates specific to the 

crew (Alfeld 1988). Relying on experience and intuition to estimate labor hours for steel 

fabrication work packages has been identified as a major contributor to inadequate cost 

forecasting during the planning phase, which often results in budget overruns during 

project execution (Song et al. 2008). Model-based estimates for structural steel fabrication 

generally rely on the weight or length of elements (Sawada et al. 2008) and productivity 

rates, either drawn from databases or based on experience. However, these estimates often 
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neglect the design complexities related to connections. Due to the unique conditions and 

connection details of steel components, this approach frequently leads to inaccurate 

estimations. 

Moreover, computer simulations (Khanzadi et al. 2017; Kim et al. 2021; Mirahadi et al. 

2016), fuzzy models (Fayek et al. 2005; Malara et al. 2019; Tsehayae et al. 2016) and 

search algorithms (e.g., ant colonies) (ORAL et al. 2021) have also been utilized to model 

productivity. For instance, Moselhi et al. created a decision support system named 

WEATHER to assess the effects of weather conditions on construction operation 

productivity (Moselhi et al.1991). While these models highlight the impact of 

environmental factors on productivity, design complexity is more important in off-site 

construction because weather conditions are controlled in the factory. This study focuses 

on the key aspects of production in a steel fabrication plan 

2.5. Optimization for Production Planning and Control 

In construction planning studies, researchers mainly concentrated on key components such 

as resource allocation (Taghaddos et al. 2012), site layout planning (ElNimr et al. 2016), 

and scheduling (Abdul et al. 2022). Conventional methods for construction scheduling 

planning include the Critical Path Method (CPM) (Olivieri et al. 2019), Gantt Charts (GC) 

(Wilson 2003), the Program Evaluation and Review Technique (PERT) (Chrysalis et al. 

2015), and the Line of Balance (LOB) (Zou et al. 2018). Traditional methods also lack 

flexibility in integration with innovative technologies such as BIM, which hinders their 

applicability. Furthermore, off-site construction scheduling is a key aspect of the well-

established research field of construction planning. This field concentrates on improving 

the efficiency and accuracy of planning construction tasks (Arashpour et al. 2016). Typical 
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methods for construction scheduling planning, therefore, include cutting-edge tools such 

as genetic algorithms and simulation methods, which are used in construction projects for 

schedule optimization. For instance, optimizing truck dispatching schedules (Lin et al. 

2012), optimizing haulage durations (Zamani et al. 2023), optimizing multipaned 

sequencing in panel production (Hassan et al. 2005; Guo et al. 2009) , and optimizing repair 

and maintenance work orders strategy in the field of facility management (Kamal et al. 

2022). Also, numerous researchers have developed heuristic methods. For example, 

highlighting the significance of construction order-dependent due dates on overall 

efficiency, (Yazdani et al. 2021) used metaheuristic approaches for scheduling 

prefabricated construction components. (Li et al. 2017; D. Wang et al. 2018) used heuristic 

models to optimize the layout and construction order of precast concrete components to 

enhance utilization and efficiency. 

From an economic point of view, (Arashpour et al. 2018) stated that the complex cost 

components and the extreme number of processes in assembled buildings make this domain 

even more challenging than traditional cast-in-place buildings. Therefore, various studies 

focus on cost optimization in prefabricated construction. For instance, regarding optimal 

resource planning in off-site construction, (De Albuquerque et al. 2012) employed 

production data and three hypotheses for the process of establishing multi-skilled resources 

in prefabricated construction systems with integrated processes. The authors concluded 

that because of the delayed cross-training process in off-site construction, their optimal 

resource planning dimensions exceed the production periods. Furthermore, considering the 

cost impact at all off-site concrete construction phases such as manufacture, transport, and 

erecting in the structural conception, (De Albuquerque et al. 2012) developed a GA-based 
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integrated structural floor design optimization tool as a Decision Support System for 

Precast Floors (DSSPF) for precast concrete structures at the structural conception phase. 

In this study, although the DSSPF excludes the initial structural layout concept, the authors 

emphasize their genetic algorithm-based integrated optimization approach due to its ease 

of implementation, ability to provide multiple sensible solutions, and capacity to identify 

the region of the global optimum solution. Likewise, aiming to investigate and control the 

main factors affecting the cost of prefabricated buildings, (Fang et al. 2024) used Revit, 

Navisworks, and Practical Structural Design and Construction (PKPM) software to 

optimize the features and dimensions of components, component clash detection, structural 

design optimization, and optimizing the types of molds. Following the principles of low 

carbon emissions and environmental sustainability, (Peng et al. 2023) used a dual-objective 

technique to assess the association between carbon emissions and costs in prefabricated 

buildings and optimize cost and carbon emissions in prefabricated buildings. They 

concluded that, at the rate of 35–40%, prefabrication plants can optimize the cost while 

minimizing carbon emissions. Likewise, (Xiao Li et al. 2019) employed sustainability 

objectives for the time-cost integrated optimization model to construct a multi-objective 

integrated optimization model of time-cost-sustainability for prefabricated projects. 

Off-site construction scheduling is a critical aspect of the well-established research area of 

construction planning, which aims to improve the efficiency and accuracy of construction 

task planning (Ning et al. 2011). Although the developed methods are effective in 

construction scheduling, they exhibit limitations when modeling the intricate scenarios 

inherent in off-site construction. For instance, they struggle to model the interactions of 
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human resources with similar products. Additionally, these tools are inadequate for 

managing production operations with significant uncertainties in time estimations.  

Moreover, off-site construction involves complex systems with numerous resources and 

products, each with distinct properties that must align with project and station rules 

(Martinez 2010). Notably, these methods have been applied to precast components but 

have not yet been applied to steel fabrication, which is the objective of this study.  

Furthermore, studies focusing on optimizing schedules in steel fabrication projects are 

relatively rare and limited. For instance, (Zahedi et al. 2022) developed a job-shop 

scheduling technique based on simulation-optimization methods to formulate structural 

steel production schedules under resource constraints. However, this study lacks a method 

for precise time estimation, relying instead on experiential data for task durations and 

failing to consider the influence of steel piece properties on process duration. Likewise, 

(Hu et al. 2014) introduced a simulation-model-structuring methodology that effectively 

addresses complex routing issues associated with product uniqueness in industrial 

construction fabrication shops, significantly streamlining the development of simulation 

models. Nevertheless, this study does not tackle the challenges of time estimation related 

to the unique characteristics of steel elements. 

Overview of Productivity Estimation Tools in Steel Fabrication 

A detailed critical analysis of the existing productivity estimation tools in standards and 

literature, particularly in the context of steel fabrication for Off-site Construction (OSC), 

is provided based on their strengths, limitations. Afterward, the gaps were identified and 

mentioned in the following tables. 
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Productivity estimation in steel fabrication typically revolves around: 

• Time and motion studies 

• Standardized work measurement systems (e.g., MODAPTS, MTM) 

• Parametric and regression-based models 

• Simulation-based approaches (Discrete Event Simulation - DES) 

• Rule-based expert systems 

• AI/ML-driven predictive models 

Table 2.1. Productivity estimation tool: categories and their critical evaluation 

Tool Type Examples Strengths Limitations in Steel Fabrication 

Manual time 

studies & work 

sampling 

Stopwatch 

studies, REFA, 

MTM 

Direct observation, 

contextual insights 
Time-consuming, subjective, not scalable, 

high variability 

Parametric 

Estimation 

Models 

RSMeans, 

proprietary cost 

estimation 

software 

Quick estimates based 

on historical data 
Poor adaptability to custom steel 

fabrication ignores real-time dynamics 

Rule-Based 

Expert Systems 

Knowledge-

based decision 

support 

Captures expert 

reasoning 
Inflexible, hard to maintain, knowledge 

bottlenecks, not adaptive 

Simulation-based 

Tools 

AnyLogic, 

Simio, Arena 

(DES) 

Captures process flow, 

bottlenecks, supports 

What-if analysis 

Requires detailed input data, long setup, 

and lacks automated learning from data 

ML-based 

Estimators 

Custom ML 

pipelines using 

regression, 

ensemble 

models 

Data-driven, adaptive, 

and handles 

complexity 

Needs clean, historical data; black-box 

nature; no physical process logic 

BIM-integrated 

Estimation Tools 

Autodesk Revit 

with plugins, 

Tekla EPM 

3D-driven quantity 

take-off, integration 

with scheduling 

Limited productivity logic, poor real-time 

adaptability, weak AI integration 
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Steel Fabrication-Specific Challenges 

Steel fabrication in OSC poses unique productivity estimation issues: 

Table 2.2. Productivity estimation tools challenges 

Challenge Impact on Existing Tools 

High variability in part geometry Parametric models fail to generalize well 

Frequent design changes 
Rule-based and simulation tools become obsolete 

quickly 

Integration of robotic systems 
Few tools incorporate robot-specific cycle times or 

constraints 

Multiple fabrication processes (cutting, 

welding, assembly) 
Most tools do not model interdependencies or 

transitions 

Just-in-Time and multi-project context Existing tools lack dynamic scheduling integration 

Shop-floor data fragmentation 
Limits ML model training and simulation input 

calibration 

 

Common Shortcomings 

(1) Lack of Real-Time Feedback Loop 

No integration with IoT/PLC/shop floor sensors to dynamically update 

productivity. 

(2) Poor Data Utilization 

Historical data (e.g., CNC logs, welder performance, job cards) is underused. 

(3) Limited Process Customization 

Tools rarely reflect unique fabrication workflows or lean manufacturing setups. 

(4) No Uncertainty Handling 

Most tools provide deterministic outputs; they lack probabilistic or confidence 

estimates. 
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(5) Scalability Issues 

Manual and rule-based systems cannot scale across complex, multi-project 

factories. 

(6) Weak AI-Logic Integration 

ML tools lack domain logic; traditional tools lack adaptive intelligence. 

Table 2.3. Needed improvement in productivity estimation 

Direction Recommendation 

Data Fusion Integrate BIM, MES, IoT, and ERP for a unified data flow 

Hybrid Models Combine simulation (DES) with ML for adaptive yet interpretable models 

LoIN Alignment 
Use Levels of Information Need (ISO 19650-1/2, CEN/TR 17439) to 

specify granularity 

Feedback-Driven 

Estimation 
Include real-time productivity sensors for dynamic calibration 

Process Digital Twins Develop simulation + ML twins that learn from past fabrication cycles 

Explainable AI 
Ensure black-box ML models can be interpreted by engineers/shop-floor 

leads 

2.6. Multi-Project Production Planning and Control 

In modern enterprises with ever-growing similar structures for performing projects, 

parallel management of multiple projects or a portfolio of projects has become more critical 

(Jiang et al. 2023). Meanwhile, a handful of studies have been conducted on the off-site 

construction of multiple projects. For instance, in a broad study, (RezaHoseini et al. 2021) 

developed a general bi-objective mathematical vehicles model for scheduling the quality 

inspection of several parallel projects, scheduling multi-project activities, selecting 

suppliers for the projects, and selecting environmentally friendly vehicles. This study led 

to a decrease in logistical costs such as purchasing, ordering, and transportation, and 

reduced the pollution produced by vehicles as well.  
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Moreover, (Issa et al. 2020) studied four categories of project activities that were defined, 

classified, and planned both individually and across different categories to identify multi-

project scheduling obstacles. The authors emphasize the importance of activity 

prioritization and understanding the project activities on schedule. Also, (Browning et al. 

2010) used a static resource-constrained multi-project scheduling problem (RCMPSP) with 

two lateness objectives, project lateness and portfolio lateness. The author conducted a 

comprehensive investigation on priority rules for test problems related to project-, activity-

, and resource-related characteristics. The authors emphasize the local or global objectives 

of portfolio and project managers for setting rules. (Hammad et al. 2020) used a novel 

mixed integer non-linear programming model to integrate resource and distance for 

optimizing the scheduling of modular construction activities on the shop floor of modular 

factories. In the social manufacturing paradigm, a new type of networked manufacturing 

paradigm, (Jiang et al. 2023) developed a blockchain-enabled digital twin collaboration 

platform (BcDTCP) to address several challenges, mainly focused on collaboration issues 

between social space and cyberspace, to achieve collaboration at the business level in the 

organization of socialized manufacturing resources (SMRs). In this study, the authors used 

a hybrid domain-driven design (HDDD) paradigm to investigate these challenges from 

various angles. The authors consider object, network, and workflow as the main challenges 

in this domain. 

Regarding steel prefabrication, (Zahedi et al. 2022) developed a job-shop scheduling 

technique using simulation-optimization computing methods to schedule structural steel 

production under resource constraints. This study lacks a method for precise time 

estimation, relying instead on experiential data for task durations and not considering the 
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influence of steel components' properties on process duration. Moreover, (Hu et al. 2014) 

introduced a simulation-model-structuring methodology that effectively addresses 

complex routing issues associated with product uniqueness in industrial construction 

fabrication shops, significantly streamlining the development of simulation models.  

2.7. Research Gaps and Positioning of the Thesis 

Despite the growing adoption of Building Information Modeling (BIM) in construction 

management, there remains a lack of research on leveraging its quantity take-off 

capabilities for time estimation and process improvement in steel prefabricated projects. 

Existing studies have primarily focused on traditional quantity take-off without integrating 

BIM’s advanced features, such as bounding boxes and parametric modeling, to improve 

estimation accuracy and automate data extraction. Additionally, the link between BIM-

based quantity take-off and predictive productivity modeling remains underexplored. 

Moreover, prior research has not adequately addressed the integration of Linear Regression 

for variable modeling in combination with optimization techniques, particularly within 

Discrete Event Simulation (DES). DES serves as a powerful programming interface 

capable of memorizing resource allocation and learning from previously processed 

components to refine off-site construction scheduling. However, existing works have 

overlooked the potential of coupling DES with machine learning techniques for real-time 

decision-making in steel fabrication plants. 

Another significant gap lies in the management of multi-project environments in 

prefabrication. While some studies have investigated single-project optimization, few have 

considered the challenges associated with concurrent project execution. The lack of a 

structured approach to multi-project scheduling, particularly one that utilizes similarity-
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based clustering for production planning, creates inefficiencies, such as missing 

components, delays in component transfers, and scheduling conflicts. 

2.7.1 Positioning of the Thesis 

This thesis systematically addresses these research gaps through three key phases: 

(1) BIM-Driven Feature Extraction and Quantity Take-Off 

• Utilizing BIM’s parametric capabilities, including bounding boxes and object 

properties, to extract essential features for productivity estimation. 

• Developing an automated framework for accurate quantity take-off to enhance 

time estimation in steel prefabrication. 

(2) Simulation and Optimization for Production Planning 

• Integrating DES with optimization techniques such as heuristic methods and 

Genetic Algorithms (GA) to improve sequencing and resource allocation. 

• Exploring the role of Linear Regression in modeling variables for more accurate 

process simulation and workflow optimization. 

(3) Multi-Project Production Planning and Scheduling 

• Developing a hybrid optimization approach combining similarity-based clustering 

and process modeling to manage multiple projects within a single prefabrication 

plant. 

• Evaluating the impact of the proposed approach in reducing inefficiencies related 

to component transfers, resource conflicts, and project delays. 
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As illustrated in Table 1.1, the first key contribution of this thesis is the development of a 

novel approach for extracting engineering specifications directly from a 3D model, rather 

than relying on predefined databases. In other words, in terms of quantity, take-off 

methods, both (Song 2004) and (Mohsenijam and Lu 2019)used disintegrated databases 

including quantity take-off information, while in this thesis BIM-based approach is 

leveraged to extract the necessary features directly from 3D models, ensuring a more 

systematic and automated data acquisition process. The second contribution is managing 

multiple projects within a single prefabrication plant using a pull-based simulation 

approach. This enhances (Song 2004) and (Mohsenijam and Lu 2019) studies, considering 

multiple concurrent projects and a favorable simulation. The last contribution, however, is 

using a heuristic method supported by Genetic Algorithms (GA) and Discrete Event 

Simulation (DES) to optimize the construction order for a single project. This hybrid 

approach balances efficiency and computational feasibility, providing a practical solution 

for sequencing construction activities.  

By incorporating the aforementioned contributions, this research extends the capabilities 

of BIM-based modeling, simulation, and optimization techniques, bridging gaps in the 

literature and providing a comprehensive framework for improving efficiency in 

prefabricated steel plants. 
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Chapter 3: Development of a Prefabricated Construction Productivity 

Estimation Model through BIM and Data Augmentation Processes2 

Abstract: 

The accuracy of productivity estimates remains a significant challenge due to limited data 

availability. This research addresses the need for precise productivity estimation in 

construction by integrating data augmentation techniques, onsite time study data, and 

Building Information Modeling (BIM) for automated quantity take-offs and design 

complexity analysis of steel connections. By examining design complexity, the method 

provides productivity estimates for project zones, sequences, and individual components, 

improving overall production management. Four data augmentation techniques—normal 

noise, interpolation, clustering, and Bayesian Linear Regression—were evaluated to 

enhance time study data. The augmented dataset was used to train an Artificial Neural 

Network, validated through case studies. The study identified the normal noise method as 

the most effective, significantly improving time estimation accuracy. Specifically, the 

proposed approach yielded a 58–71 % enhancement over current industry estimates and a 

2.1–31.1% improvement compared to models without data augmentation. This research 

enables managers to optimize resource allocation and reduce potential project delays. 

 

 

2 Aghajamali, Kamyab, Saeid Metvaei, Alaeldin Suliman, Zhen Lei, and Qian Chen. 2024. “Development of 

a Prefabricated Construction Productivity Estimation Model Through BIM and Data Augmentation 

Processes.” *Construction Management and Economics*. https://doi.org/10.1080/01446193.2024.2431280. 

Roles: Kamyab Aghajamali and Saeid Motvaei contributed to methodology development and writing. 

Alaeldin Suliman, Zhen Lei, and Qian Chen provided review and revisions. 

https://doi.org/10.1080/01446193.2024.2431280
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Keywords: Building Information Modeling (BIM); Data Augmentation; Productivity 

Forecasting; Offsite Construction and Prefabrication; Bayesian Linear Regression.  

3.1. Introduction  

In the realm of construction projects, efficient planning and precise prediction of required 

time and resources stand as pivotal elements for ensuring successful execution. Particularly 

in the context of off-site construction, when prefabrication and assembly are performed 

away from the construction site, efficient resource allocation and on-time completion are 

of utmost importance. Recognizing this, the construction industry has embraced the 

potential of machine learning techniques to grant stakeholders a foresight into project 

timelines and resource needs well before the commencement of work (Golabchi and 

Hammad 2023). In this regard, this study employs a data augmentation approach and 

advanced predictive modeling techniques, seeking to elevate the accuracy of the 

construction project's time prediction and attain reliable insight into the worker-hours 

required to craft a project's elements in the workshop.  

As depicted in Figure 3.2. The proposed methodology for conducting this research 

comprises six distinct and interrelated components. Inputs included IFC files exported from 

the industrial partner's steel structure design software (SDS2), enabling interoperability and 

data exchange across BIM applications. These files included features like holes, bolts, and 

welds, and were compatible with Autodesk products like Navisworks. The time study part 

involves the precise collection of productivity data, which will serve as the foundation for 

training the predictive models. Moving on to the model development part, the focus of 

research shifts towards enhancing the model's predictive capabilities. This involves 

selecting relevant features using a linear regression model and employing four data 
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augmentation techniques to expand the training dataset. The augmented datasets are then 

tested using a Neural Network model to evaluate their improvement in time prediction 

compared to the original data. 

The model deployment phase focuses on applying the developed models to real, completed 

projects to predict the required worker-hours. The validation of the model is done through 

a case study, comparing the model's estimates with actual project reports and the plant’s 

initial estimates. The outputs include steel piece characteristics, fitting time, and the 

worker-hours required for the fitting operation. The project management teams at 

manufacturing plants are the primary users of these outputs. To simplify this process, the 

authors created an API for Navisworks software, which automates the extraction of 

selected features from BIM models. The results are organized into tables by project 

subsections (e.g., single piece, sequence, zone, project) for easy access by team members. 

 

Figure 3.1. Layout of a steel fabrication plant 
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Figure 3.2. Components of methodology 

In the steel industry, there is frequently a substantial deviation between planned time 

estimates and the actual time required for project completion. The method proposed in this 

study aims to address this problem by improving the accuracy of time estimation. Figure 

3.3. provides an overview of the methodology's implementation. Once the model is 

imported, the first item in the Work Breakdown Structure (WBS) is identified, and the 

corresponding features are extracted from the model. A predictive model, supported by 

time studies and data augmentation, is then used to correlate the item’s features with its 

fitting time, which is subsequently stored in a database. This process is repeated for all 

components in the project, with the fitting times for all items recorded. Using the fitting 

times for each piece, a Time Breakdown Structure (TBS) is created, reporting the required 

worker-hours for each item, sequence, zone, and overall project. This approach enhances 
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the accuracy of planned time estimates by utilizing the features of prefabricated elements 

and predictive models, which are further refined through data augmentation. 

 

Figure 3.3. Overview of implementation methods 

3.2. Time Study (Extracting Engineering Specification for Fitting Station) 

The research team conducted a comprehensive time-motion study at the Ocean Steel and 

Construction Ltd. fabrication plant in Saint John, NB, selected as the case study site to 

establish a solid foundation for this study. Workshops were held throughout the research 

project to collaborate with industry partners and validate the research process. These 

workshops, attended by the plant's operations managers, focused on defining data 

collection protocols and ensuring the accuracy of the time study. The key goals of these 

workshops were to: (1) establish clear criteria for data collection, (2) ensure the time study 

accurately reflected real-world production conditions, and (3) explore the application of 

machine learning models to predict productivity.  
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The study concentrated on gathering productivity data from the fitting station, a crucial 

phase in fabricating steel structures that relies extensively on manual labor. The time-

motion study was conducted over 45 calendar days (32 working days), during regular day 

shifts from 8 AM to 4 PM. Data collection involved on-site observations using a stopwatch, 

with all data systematically recorded in a structured Excel sheet. During this period, 142 

valid data records were obtained from the fitting station, which oversees the fitting, 

assembling, joining, and welding of steel components—a process that depends 

significantly on human input. The fitting time for each steel piece was recorded from the 

moment the fitting bench became available until the piece was fully fitted and prepared for 

the subsequent stage of production.  

Each of the 142 steel pieces observed in the study was assigned a unique piece mark, which 

was subsequently utilized to extract corresponding design attributes from BIM models. 

This integration enabled the inclusion of critical design features in the dataset, such as the 

length of the steel piece, net material weight, the number of tacked parts (above and below 

50 pounds), the number of bolted parts (above and below 50 pounds), total welding length, 

and the number of end parts. These design features, along with the recorded fitting times, 

formed the foundation for constructing predictive models. The dataset was further refined 

by removing rows with missing values or inconsistencies, resulting in a final dataset 

comprising 125 valid records. Table 3.1 provides a sample of the collected data, with the 

first three columns representing time study results and the remaining columns detailing the 

design attributes extracted from the models. Table 3.2 provides a summary of the features 

extracted from the BIM model for the valid collected data points in this study. It presents 

the minimum (Min), maximum (Max), and average (Mean) values for each feature, with 
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the final column showing the correlation coefficients of each feature with the fitting 

duration. These coefficients will be used later to select the most relevant features for 

estimating the fitting time. This table offers valuable insight into the influence of each 

feature on fitting time and can be utilized for productivity estimation.  

Table 3.1. Sample data row of time study 
Job Number 1467 1561 1574 

Piece Mark 39020 6021 131B157 

Fitting Time 58 53 49 

Parts Tacked Below Fifty Pounds 6 7 11 

Parts Tacked Over Fifty Pounds 1 0 0 

Parts Bolted Below Fifty Pounds 4 2 0 

Parts Bolted Over Fifty Pounds 0 0 0 

End Parts 0 0 0 

Piece Length (m) 2.42 7.46 7.53 

Weight (kg) 99.12 244.52 631.85 

Weld Length 4.52 1.46 7.06 

Table 3.2. Summary of steel pieces characteristics for collected time study data points 

Characteristics Min Max Mean Correlation 

Coefficient 

Number of pieces 

Weld Length (m) 0 12.09 2.26 0.51 60 

Parts Tacked Below fifty 

Pounds* 

0 45 3 0.49 20 

Parts Tacked Over Fifty 

Pounds* 

0 14 1 0.35 20 

Parts Bolted Below fifty 

Pounds* 

0 21 1 0.28 20 

Parts Bolted Over fifty 

Pounds* 

0 12 7 0.25 20 

End Parts* 0 29 1 0.23 20 

Piece Length (m) 2.167 19.76 5.12 0.15 115 

Weight (kg) 68.129 12462.9 377.39 0.15 115 

Bolts* 0 152 5 0.11 74 

Sectional Area (inch squared) 0 0.1148 0.0069 0.02 115 

Average Thickness (m) 0.0025 0.096 0.0088 0.10 115 

* Unit is Quantity 

 

 

  



 

48 

 

3.3. Model Development  

This section focuses on improving prediction accuracy for productivity in steel pieces 

production factories through a series of critical procedures. It commences with the essential 

stage of feature selection, followed by the implementation of data augmentation techniques 

that address constraints posed by limited data availability. Subsequently, a neural network 

model is fitted to the augmented datasets to analyze improvements and provide a more 

accurate predictive model for future applications. Detailed explanations of each step are 

presented below. 

   3.3.1. Data Refinement and Feature Selection 

Despite precise data collection, some records required refinement. The authors removed 

rows with missing or suspicious values to improve dataset quality. Feature selection then 

aimed to identify the most impactful variables for predictive accuracy. A linear regression 

model assessed the relationship between features and the target value. The linear regression 

model, in this study, was trained using Python programming and the Scikit-learn library 

(Pedregosa et al. 2011) as a mainstream approach to analyzing the coefficients (weights) 

assigned to each feature. Before proceeding with the training, to ensure a reliable analysis, 

an essential preprocessing step involved bringing all the features’ values, which originally 

had varying units, to a similar and standardized scale. This standardization was 

accomplished by applying the Standard Scaler technique to the dataset, effectively 

eliminating potential bias or the dominance of a particular feature in the linear regression 

coefficients. The Standard Scaler transforms each feature by subtracting its mean across 

all data records and subsequently normalizing it to unit variance, accomplished by dividing 

all values by their standard deviation.  
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Once the LR model was trained on all data records and its coefficients were extracted, 

features with correlation coefficient values higher than 0.15 were selected for analysis 

(Table 3.2). Setting a relatively conservative threshold helps mitigate the risk of 

multicollinearity among selected features, which can adversely affect the stability and 

interpretability of the regression model. Subsequently, these key features were employed 

to train a new LR model, and its Root Mean Squared Error (RMSE) on the validation 

dataset served as a benchmark for evaluating the impact of data augmentation techniques 

on prediction improvement in the subsequent steps. Furthermore, the weighted average of 

the coefficients from the newly developed LR model was employed as important weights 

for features whenever it was necessary in data augmentation techniques. 

In summary, through the combination of data refinement and feature selection in this part, 

the authors sought to establish a reliable foundation for the subsequent data augmentation 

and neural network modeling steps. This approach ensured that the predictive model would 

be constructed upon the most relevant features and a clean, reliable dataset, ultimately 

leading to more accurate and meaningful predictions in the domain of fabrication 

productivity in steel parts production factories. 

3.3.2. Data Augmentation 

This subsection proposes four distinct methods to expand the size of numerical datasets, 

specifically focusing on the productivity data collected for this study. This issue may be 

addressed through several approaches, one of which is data augmentation. Data 

augmentation methodology involves a wider array of techniques that operate on the data 

itself, rather than altering the structure of the model (Alomar, Aysel, and Cai 2023). The 

primary objective of data augmentation is to improve the predictive power of machine 
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learning models. By enlarging the dataset, we address the challenge of overfitting that 

arises when training models with a limited number of records. Additionally, data 

augmentation allows for the utilization of more powerful predictive models, such as Neural 

Networks, which often require substantial datasets (Shorten and Khoshgoftaar 2019b). The 

following sections elaborate on the introduced data augmentation approaches. It is worth 

noting that these methods exclusively apply data augmentation to the training and test 

datasets, which collectively constitute 80 percent of the data rows. The remaining 20 

percent of the data was left intact for evaluating the prediction models and calculating the 

extent of improvement achieved through data augmentation. 

Among multiple data augmentation techniques, three techniques fit the best among others. 

In other words, in this thesis, the Normal Noise technique is used due to its simplicity, 

efficiency, and the unnecessary domain-specific tuning. Also, the Clustering technique can 

capture the structure of complex fabrication data by grouping similar entities (e.g., 

components with similar size or complexity). This capacity preserves key patterns while 

enabling targeted augmentation and improving generalizability. Furthermore, Bayesian 

Linear Regression provides a principled way to model uncertainty in processing time 

predictions. This technique is powerful when data is sparse, as it generates new data that 

respects the statistical characteristics and confidence intervals of the model. 

3.3.2.1. Normal Noise  

Inspired by category A of Table 3.3. The initial data augmentation technique employed in 

this study involves adding noise to target values to generate new data instances and expand 

the training dataset. While various types of noises, including uniform noise or salt-and-

pepper noise, could serve this purpose, the authors specifically chose Gaussian noise due 
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to its wide applicability (Mohammed Abd-Alsalam Selami and Freidoon Fadhil 2016) and 

higher fidelity with the original data records. To generate a new data instance, a record 

from the training set is selected, and its feature values are directly copied to create the 

features of the new sample without any alterations. The target value for this new sample is 

then determined by drawing a random value from a Gaussian distribution. The meaning of 

this distribution is determined based on the target value of the parent row, while its standard 

deviation is set as a percentage (e.g., 10% in this study) of the overall standard deviation 

of all target values in the dataset. 

Table 3.3. Applicable data augmentation techniques in construction 
Category Description Papers 

A: Single data 

point 

One data point is the core of data 

augmentation at the lowest level. 

(Bjerrum 2017; Kanda et al. 2013; Simard 

et al. 2003; Wei et al. 2020; Zhu et al. 

2020) 

B: Two data 

interpolation  

An integral part of data augmentation 

is the interpolation of two data points. 

(Chawla et al. 2002; Perez and Wang 2017) 

C: Clustering 

data points 

A random or selected cluster of data 

points generates new data points. 

(Lemley et al. 2017; Wei et al. 2020) 

D: All data 

points 

Each new data point is generated 

based on all previous data points. 

(Tran et al. 2017) 

By repeating this process for each data record in the training set, multiple new samples are 

generated. These new samples display slight variations in their target values while 

maintaining feature values that are identical to those of their parent records. This expansion 

of the training dataset ensures greater data diversity and enables the model to be trained on 

a broader range of examples, leading to improved performance. 

3.3.2.2. Interpolation  

Interpolation is the second method employed for data augmentation in this study, and its 

roots can be found in Category B of Table 3.3. This technique generated new data instances 

by interpolating between two randomly selected samples from the existing dataset. To 

achieve this, two random records are initially chosen from the dataset. Subsequently, the 



 

52 

 

values for each feature in the newly created sample are computed using Eq. 1, where Xi
′ 

signifies the ith feature’s value for the newly created record, Xi1 and Xi2 denote the values 

of the ith feature in the parents’ data rows, and Ri represents a random number within the 

range of 0 to 1 generated for the ith feature. 

Xi
' =Xi1+Ri(Xi2-Xi1)            (𝐄𝐪. 𝟑. 𝟏) 

Additionally, the target value for the newly generated record is determined using Eq. 3.2. 

In this equation, Y1, Y2, and Y′ respectively correspond to the target values for the parents’ 

records and the newly augmented ones, Ri represents the above-mentioned random number 

generated for the ith feature, and Wi  denotes the importance weight assigned to the ith 

feature out of n total features. As the importance weight for each feature in this equation, 

the authors utilized the weighted average of the coefficients derived from the linear 

regression model constructed after feature selection.  

Y′ = Y1  +  ∑ Ri

n

i=1

Wi(Y2 − Y1)       (𝐄𝐪. 𝟑. 𝟐) 

Among multiple data augmentation techniques, three techniques fittest among others. In 

other words, in this thesis, the Normal Noise technique is used due to its simplicity, 

efficiency, and the unnecessary of domain-specific tuning. Also, the Clustering technique 

can capture the structure of complex fabrication data by grouping similar entities (e.g., 

components with similar size or complexity). This capacity preserves key patterns while 

enabling targeted augmentation and improving generalizability. Furthermore, Bayesian 

Linear Regression provides a principled way to model uncertainty in processing time 
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predictions. This technique is powerful when data is sparse, as it generates new data that 

respects the statistical characteristics and confidence intervals of the model. 

3.3.2.3. Clustering 

The clustering method is derived from Category C of Table 3.3. In this method, instead of 

using individual or two data instances, a cluster of data points forms the basis for generating 

new data samples. To achieve this, the training dataset is initially sorted based on its target 

values, ensuring that neighboring data rows have close productivity numbers. 

Subsequently, the sorted dataset is repeatedly split into groups with various sizes in each 

iteration, and each of these data clusters is in charge of producing a new sample of data.  

In creating a new data sample, the values of its features are obtained by averaging the 

corresponding values from the records within the cluster. Besides, to determine the target 

value for the new sample, the authors select the target value of a row in the training set 

whose features are most similar to those in the newly generated record. To do so, Eq. 3.3 

is employed to measure the dissimilarity between each data row in the training set and the 

newly generated sample, identifying the most similar record (i.e. the one with the lowest 

dissimilarity score) and selecting its target value as the target value for the newly generated 

sample. 

Dissimilarity score for the jth data record in dataset = ∑  

n

i=1

Wi(Xij − X̅i)
2

    (𝐄𝐪. 𝟑. 𝟑) 

In Eq. 3.3, Wi  represents the importance weight assigned to the ith feature (i.e., the 

weighted average of the absolute coefficients from the LR model trained after feature 

selection), Xij denotes the value of the ith feature in the jth  record of the dataset, and X̅i is 
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the value of the ith feature in the new sample that is equal to the average value of the ith 

feature in the cluster's records. 

The weights (Wi) applied in the similarity computation were derived directly from the 

collected production data to represent the relative influence of each feature on the cycle 

time. The following procedure was used for their calculation. 

First, after collecting data points from the fabrication plant, a separate Linear Regression 

(LR) model was trained for each workstation using the sklearn.linear_model library in 

Python. The dependent variable was the cycle time, and the independent variables 

corresponded to the features listed in Table 4.1 – Linear Regression Coefficients for a Steel 

Fabrication Plant. The fitted LR model produced one coefficient for each feature, 

quantifying its contribution to processing time. For each station, all coefficients were 

summed, and each coefficient was then divided by this total to obtain a normalized weight 

between 0 and 1, as expressed in Eq. 3.4: 

𝑊𝑖 =  
| 𝐵𝑖 |

∑ |𝐵𝑗|𝑚
𝑗=1

    (𝐄𝐪. 𝟑. 𝟒) 

where Bi is the regression coefficient of feature I and 𝑚 is the total number of features. 

These normalized weights provide a consistent and interpretable measure of feature 

importance across all workstations and were subsequently used in Eq. 3.2 and Eq. 3.3. 

3.3.2.4. Bayesian Linear Regression 

The last data augmentation technique employed in this study leverages the power of 

Bayesian linear regression (BLR) to expand the training dataset. It is inspired by Category 

D of Table 3.3, which generates new data points using available datasets. In contrast to 



 

55 

 

basic linear regression, which calculates specific parameter values for prediction (e.g., 

using a maximum likelihood approach), Bayesian linear regression estimates distributions 

for both the parameters and predictions. Therefore, in this approach, rather than relying on 

a single-point estimate, researchers consider the entire distribution of possible values, 

providing a more comprehensive understanding of the inherent uncertainty associated with 

the predictions. Building upon this Bayesian framework, at the outset of the data 

augmentation process, a BLR model is first fitted to the training dataset. This step enables 

the estimation of probability distributions associated with each data point, which, for this 

study, are assumed to be Gaussian (normal) distributions. 

Having these probability distributions in hand, the augmentation procedure begins by 

iteratively selecting each data row in the training set. For each selected data row, all of its 

feature values are duplicated to create new data samples. However, the key innovation lies 

in determining the target value for these newly generated samples. This is achieved by 

sampling from the parent data point's Bayesian distribution. For newly generated samples, 

the target value is derived from a random number drawn within a constrained segment of 

this distribution's range. This segment is determined by dividing the distance between the 

distribution's peak point (mean) and the actual value of the parent record into three equal 

parts (α), and the random number is then picked from the segment closest to the parent’s 

actual Time. Figure 3.4. demonstrates the segment from which the random number will be 

selected. This careful selection of random numbers safeguards that the target values of new 

samples remain close to their parents’ target value (actual time), thus mitigating the impact 

of substantial noise. In addition, selecting target values from a Bayesian distribution 
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ensures that the prior knowledge gained from the existing data records in the dataset is 

artfully incorporated into the target values of the new samples.  

 

Figure 3.4. Sampling zone of the Bayesian linear regression method 

By repeating this process for every data record in the training set, multiple new samples 

are generated, each of which inherits the identical feature values of its parent record, while 

its target value is stochastically determined based on the associated Bayesian distribution. 

This approach can introduce a crucial element of diversity into the training dataset. By 

effectively accounting for the uncertainty in the target values, the model gains exposure to 

a broader spectrum of examples during its training phase. This, in turn, helps the model to 

better generalize to unseen data and potentially enhance its overall performance. 

3.3.3. Predictive Model Development 

After implementing data augmentation techniques and expanding the size of the training 

dataset, the authors proceed to assess the effectiveness of these methods in improving 

predictive model accuracy. Specifically, this study employed the ANN model fitted on all 
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four augmented datasets and compared their Root Mean Squared Error on the validation 

set with that attained from the Linear Regression model trained on the original data. The 

model is programmed by utilizing TensorFlow and Scikit-learn libraries to construct the 

neural network architecture and calculate the model's evaluation metrics, respectively. 

As the first step in this section, four distinct neural network architectures, varying in the 

number of hidden layers from one to four, are designed. Each hidden layer in these 

architectures was fully connected and followed by a Rectified Linear Unit (ReLU) 

activation function to introduce non-linearity. Besides, to prevent overfitting, a 

regularization method called dropout is also applied to each layer. By using different node 

structures in one neural network model, the dropout method reduces overfitting by 

randomly dropping out nodes during neural network training. In the next step, to identify 

the optimal configuration for each NN architecture, the authors conducted an exhaustive 

hyperparameter search. The hyperparameters under consideration were the learning rate, 

taking two values within the range of [0.0008, 0.009], the number of units in the initial 

hidden layer, limited to a single value within the range of [2, 3, 4], and the dropout rate, 

with three values varying from 0.0015 to 0.0020. Finally, we found a suitable architecture 

for the NN (Table 3.5) models and evaluated the predictive models based on Root Mean 

Squared Error (RMSE) on the validation data. 
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3.3.4. Model Deployment in BIM 

Once validated predictive models are developed, they can be deployed to forecast the 

fabrication time needed for each steel item in the factory, providing stakeholders with 

valuable insights into the required worker-hours for the fabrication phase. The research 

team created a Navisworks plugin that uses the API to automate feature extraction from 

the BIM model, enabling stakeholders to easily access information to apply the 

productivity prediction model and calculate productivity estimates for the entire project 

(Figure 3.5.). 

 

Figure 3.5. Navisworks plugin for productivity estimation models 

The development of this plugin in Navisworks involved the utilization of VB.NET 

programming within the Visual Basic Studio environment. While some of the selected 

features, such as the net weight of each component's material, could easily be retrieved 

from the BIM element attributes, the values of certain other features, like the number of 

tacked or bolted parts to an element or the total welding length, posed intricate challenges. 

The authors employed the concept of bounding boxes for the main elements and their 

respective attached parts, supplemented by some simplifying assumptions, to identify the 
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values of each feature. For example, to calculate the total welding length required for 

attaching tacked parts to the main beam or column, the research team devised a process 

that involved determining the intersection perimeter of all non-bolted bounding boxes in a 

beam or column object package. Here, non-bolted bounding boxes refer to bounding boxes 

that intersect with each other but do not share an intersection with a joint  bolt. Other 

features such as the count of tacked parts and bolted parts, can be similarly derived using 

these definitions of bolted and non-bolted bounding boxes. 

Table 3.3 outlines the method employed in this study to determine element characteristics 

using the bounding box concept. Figure 3.6 illustrates an example of bounding boxes 

where an end part is connected to a main assembly. Navisworks Autodesk provides built-

in functions that allow bounding boxes to be created around each object, such as plates or 

bolts, by identifying the corners of each box. Bounding boxes for both the part and the 

main assembly can be generated using these functions. The intersection of these two 

bounding boxes can then be utilized to determine the weld length. As shown in Figure 3.6, 

the intersection bounding box, which is obtained by calculating the overlap between the 

part and the main assembly's bounding boxes, can also be captured using these built-in 

functions. Once the intersection bounding box is identified, its perimeter serves as the weld 

length for the connection between these elements. 
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Table 3.4. Approaches for finding the steel piece characteristics from BIM 
Characteristics Element Properties Bounding box Approach description 

Weld Length Material type Main assembly and 

part 

We first find the intersection bounding box 

of the part and main assembly, then 

determine the weld length based on the 

connection type. 

Parts 

bolted/tacked 

below/ over 

fifty Pound 

Weight Main assembly, 

part, and bolt 

A part is bolted if a bolt's bounding box 

intersects both the main assembly and the 

target part's bounding boxes; otherwise, it’s 

tacked. The part is then categorized into one 

of four groups based on its weight and 

connection type (bolted or tacked). 

End Parts Length Main assembly and 

part 

The center of each object (part and 

assembly) is found in its bounding box. If 

the distance between the centers exceeds 

half the assembly length, it's classified as an 

end part. 

Piece Length Length No The length comes directly from element 

properties. 

 

 

Figure 3.6. An illustrative example of a bounding box approach 

3.4.  Case study  

This section provides a detailed evaluation of the paper's contributions to improving the 

prediction accuracy of machine learning (ML) models for estimating productivity in steel 

production factories. The effectiveness of the proposed methodology is demonstrated 

through its practical application at Ocean Steel and Construction Ltd., a leading Canadian 

company specializing in contracting, fabrication, and erection services. Ocean Steel, 

located in Saint John, NB, Canada, operates advanced manufacturing plants and produces 
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structural steel for various construction sectors, with installations both on land and over 

water. 

As illustrated in Figure 3. 7, the original time study data were collected and expanded from 

122 to 5,000 data points using four data augmentation methods: normal noise, 

interpolation, clustering, and Bayesian linear regression (LR). From this augmented data, 

four neural network (NN) models were developed—one for each augmentation method—

along with a linear regression model based on the original dataset. These five models were 

used to predict worker-hours at the fitting station for six industrial projects from the 

industry partner's plant, and their predictions were evaluated against actual and planned 

worker-hours sourced from the company's productivity data. Table 3.5 illustrates the 

predicted results obtained by applying the developed predictive models to these six 

previously completed projects. By comparing the Estimated and Actual columns, it 

becomes evident that the Estimated values consistently fall short of the Actual ones, 

suggesting that the industrial partner's current estimation model tends to underestimate the 

required worker-hours. On the other hand, machine learning models tend to overestimate, 

likely due to workers being more cautious and slower under observation during the time 

studies, a phenomenon known as performance anxiety (Dai et al. 2009; Rojas and 

Aramvareekul 2003). The mention of performance anxiety in this context represents a 

possible explanation for the slight overestimation tendency in the machine learning 

predictions. Because the dataset was collected while workers were being observed during 

time studies, it is possible that their cycle times were somewhat slower than usual, which 

may have contributed to the models’ higher predicted durations. However, this remains a 

discussion-based speculation rather than a quantified adjustment. Since all models—
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including the simulation and regression-based estimations—were validated through real-

world case studies and produced reasonable and accurate predictions, no corrective 

modification was introduced to account for this phenomenon. 

 

Figure 3.7. Overview of case studies evaluation 

Table 3.5. Productivity estimates using different data augmentation methods 

Job 

Number 

Linear 

Regression 

Normal 

Noise 
Interpolation Clustering BLR Estimate Actual 

ratio of 

Estimate/

Actual  

1487 2031 1874 2024 1842 1991 867 1437 0.603 

1544 803 824 789 804 805 377 724 0.521 

1564 1826 1860 1874 1766 1895 1007 1497 0.673 

1565 4837 4405 4856 4191 4568 2940 4538 0.648 

1576 6103 6387 6146 7197 6456 5267 6875 0.766 

1582 5050 4863 5014 5036 5241 3405 4635 0.735 

Imp1 50.6 60 50.6 62.5 54 0 - - 

* All units are in Worker hours.  

* The overall ratio of Estimated over Actual: 0.754  
1 Improvement % of each method compared to Estimated values in plant  
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3.4.1. Data Preparation  

Having selected the most relevant features and finalized the dataset, a linear regression 

model was trained on 80 percent of the data rows (the training set), while the root mean 

square error was computed on the remaining data (the validation set) to serve as a 

benchmark for evaluating data augmentation effectiveness. The coefficients of this LR 

model were also recorded for further usage, as they were required by two of the data 

augmentation methods. With the final training set and coefficients of the linear regression 

in hand, all prerequisites were met to execute the previously described data augmentation 

techniques. This process generated four distinct training sets, each scaled up by a factor of 

50, comprising 5000 data rows in total. These augmented datasets can now be employed 

for training neural network models in subsequent stages. It is important to note that the 

training set used for data augmentation is the same one that was used for training the linear 

regression model. This approach allows the authors to validate both LR and neural network 

models on the same validation set, providing a more reasonable basis for comparison and 

evaluation. 

3.4.2. Model Development and Evaluation  

After augmenting the data and creating four new expanded training sets, the authors 

proceeded to construct neural network models on each of these datasets. The primary 

objective was to evaluate the effectiveness of data augmentation techniques in enhancing 

ML models’ prediction accuracy. Additionally, these models were put to the test in real-

world scenarios through their application in productivity prediction in projects undertaken 

by Ocean Steel. 
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To assess the performance of each neural network model, the authors selected six 

previously completed projects from Ocean Steel's portfolio. For each of these projects, the 

research team had access to two crucial pieces of information: the stakeholders' initial 

predictions of the required worker-hours at the fitting station and the actual worker-hours 

spent on these stations during the projects. This provided an opportunity to compare the 

predictions made by the models developed in this study with those of the stakeholders and 

the actual outcomes of the projects. To obtain their predictions from the neural network 

models, the authors needed specific data related to the steel components used in the 

respective jobs and their corresponding features. This essential information was acquired 

from the detailed and comprehensive BIM designs available for each project, utilizing the 

developed plugin designed for the Navisworks application. The details for each of the 

selected jobs are presented in Table 3.6, and their corresponding 3D models are shown in 

Figure 3.8. 

Table 3.6. Details of Steel Structure projects 
Job 

Number 

3D Model  Project 

Weight 

(T) 

Number of 

Assemblies 

Estimated 

(M.H) 

Actual 

(M.H) 

Estimated 

hours/assembly  

Actual 

hours/assembly  

1487 
Figure. 

3.8. (a) 
317.7 514 867 1437 

1.69 2.08 

1544 
Figure. 

3.8. (b) 90.3 374 377 724 
1.01 1.94 

1564 
Figure. 

3.8. (c) 
199.5 741 1007 1497 

1.36 2.02 

1565 
Figure. 

3.8. (d) 
1235 1663 2940 4538 

1.77 2.73 

1576 
Figure. 

3.8. (e) 
1608 1837 5267 6875 

2.87 3.74 

1582 
Figure. 

3.8. (f) 
1106 1764 3405 4635 

1.93 2.36 
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Figure 3.8. 3D models of steel structure projects 
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3.5. Results  

Table 3.7 provides an overview of the prediction errors resulting from the linear regression 

(LR) model trained on cleaned original data and the neural network (NN) models trained 

on augmented training sets whose size increased 50 times compared to the original data. 

The Root Mean Square Error (RMSE) is used as the measurement for the prediction 

accuracy of each model. The LR model exhibits an RMSE of 8.61 minutes, indicating its 

average error in predicting the fitting time for unseen records in the validation set. 

However, all the NN models achieve lower RMSE values, clearly demonstrating the 

effectiveness of data augmentation in enhancing productivity prediction. Among the data 

augmentation techniques employed, normal noise leads to an improvement of 

approximately 19.86 percent in prediction accuracy, making it one of the most effective 

methods in this study. 

Table 3.7. Augmentation method improvement on the test dataset 

Augmentation Methods 
Root Mean Square Error 

on Test set (min) 

Improvement % Compared to 

Original Data 

Original Data (LR) 8.61 0 

Clustering (NN) 7.98 7.31 

Bayesian Linear Regression (NN) 7.78 9.63 

Interpolation (NN) 7.22 16.14 

Normal Noise (NN) 6.90 19.86 

The RMSE values for the neural network models presented in Table 3.7 are derived from 

their respective optimum architectures, elaborated in Table 3.8. It is worth noting that the 

performance of each data augmentation technique can be further enhanced by finding the 

optimal size for expanding the original training set. In this paper, we expanded the training 

set by a factor of 50 for all methods, ensuring a consistent basis for comparison. 
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Table 3.8. Neural network architecture and hyperparameters for augmentation models 
Augmentation Name Layers Units Learning Rate Dropout 

Normal Noise 4 4 0.008 0.006 

Interpolation 4 4 0.0075 0.006 

Clustering 4 4 0.0085 0.005 

Bayesian Linear Regression 4 4 0.001 0.0017 

The specific hyperparameters listed in Table 3.8 were selected through an iterative process 

of empirical tuning, guided by the characteristics of the augmented dataset and the 

requirements of off-site construction (OSC) productivity prediction. Given the relatively 

small and noisy nature of the dataset, a compact architecture with moderate regularization 

(e.g., dropout) was favored to reduce overfitting while retaining learning capacity. The 

learning rate and batch size were chosen to balance convergence speed and model stability, 

while the number of hidden layers and neurons was optimized using k-fold cross-validation 

to ensure generalization across varied work package profiles. 

Leveraging the LR model and the neural network models, the research team was able to 

predict the worker-hours resources required for fitting stations in six steel structure 

fabrication projects at Ocean Steel and Construction Ltd. This research utilized the 

capabilities of building information modeling, guaranteeing accurate quantity take-off, 

which is essential for reliably estimating the duration of these projects.  

Table 3.9 showcases the level of improvement achieved by each predictive model 

compared to the estimations made by stakeholders at the onset of each project. The results 

reveal that all the proposed machine learning-based predictive models improve stakeholder 

predictions by over 50 percent on average. This provides compelling evidence that ML-

based approaches outperform traditional methods in project time and cost estimation, 
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providing stakeholders with valuable insights into resource requirements and enabling 

them to make more informed decisions. 

Machine learning (ML) models in this study exhibit a notable performance advantage when 

applied to steel plant projects with a weight exceeding 1000 tons, as demonstrated in Table 

3.9 The improvement in the estimation model's accuracy is particularly evident for job 

numbers 1565, 1576, and 1582, which correspond to weights of 1235, 1608, and 1106 tons, 

respectively (reference Table 3.6 for comprehensive project weight details). In contrast, 

job numbers 1487, 1544, and 1564, which are characterized by weights below 317.7 tons, 

exhibit a comparatively modest enhancement in model performance. The authors attribute 

this disparity to the increased quantity of features in larger-scale projects. As shown in 

Table 3.10, larger projects contain a higher number of distinct features compared to smaller 

projects. Because the plant’s current estimation model does not account for these features, 

the proposed method in this study demonstrates a substantial improvement in accuracy, 

particularly for larger projects with more complex features. 
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Table 3.9. Improvement percentages of ML models compared to plant estimates 
Job Number LR Normal Noise Interpolation Clustering BLR Project 

weight (T)  
1487 -4 23 -3 29 2 313.7 

1544 77 71 81 76 76 90.3 

1564 32 25 23 45 18 199.5 

1565 81 91 80 78 98 1235 

1576 52 69 54 80 80 1608 

1582 66 81 69 67 50 1106 

Average 50.6 60 50.6 62.5 54 760 

 

Table 3.10. Features for each project 
Characteristics Quantity for each project 

 1487 1544 1564 1565 1576 1582 

Parts Tacked Below fifty Pounds* 367 507 1774 2000 2046 2420 

Parts Tacked Over Fifty Pounds* 49 9 48 154 504 207 

Parts Bolted Below fifty Pounds* 2872 696 1195 6808 2420 4724 

Parts Bolted Over fifty Pounds* 111 56 137 648 1079 745 

End Parts* 129 117 337 657 364 586 

* Unit is Quantity 

Table 3.11. further highlights the level of improvement each NN (with augmentation) 

model brings over the LR (without Augmentation) model's predictions. While in one 

project, certain data augmentation techniques may not show a positive performance over 

linear regression models, on average, and across all six projects, all of the neural network 

models exhibit the potential for prediction improvement. This generalizes the notion that 

through the expansion of the training set, utilizing well-considered and appropriate 

approaches, one can ultimately discover an effective means to enhance prediction accuracy. 
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Table 3.11. Improvement of NN with augmentation estimates compared to LR. 

Job Number Normal Noise Interpolation Clustering BLR 

1487 26 1 31 6 

1544 -26 17 1 -2 

1564 -10 -14 18 -21 

1565 56 -6 15 90 

1576 37 5 58 57 

1582 45 8 3 -46 

Average 21 1.8 14 14 

Summarizing the findings, Table 3.12 highlights normal noise and cluster-based data 

augmentation techniques as the most effective approaches for enlarging datasets and 

enhancing productivity prediction accuracy in Ocean Steel and Construction Ltd. projects. 

This table shows the root mean squared error of each machine learning model, and the 

clustering method has the minimum error (323 worker-hours). This method also performs 

70.7 % better compared to current estimates in the industrial partner’s plant. 

Table 3.12. Improvement using machine learning methods and data augmentation. 

 
 LR Normal 

Noise 

Interpolation Clustering BLR Estimates 

Root Mean Squared 

Error of six projects 

470 326 459 323 397 1105 

Improvement % 

vs Estimates 

57.5 70.4 58.4 70.7 64 _ 

Improvement % 

vs LR 

_ 30.4 2.1 31.1 15.4 _ 
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3.6. Discussion  

This study contributes to construction productivity forecasting by addressing key gaps in 

the integration of Building Information Modeling (BIM) and data augmentation techniques 

to enhance prediction accuracy. While previous research has primarily focused on high-

level project assessments, such as overall project durations or costs, this work shifts the 

focus toward element-level productivity forecasting, offering more precise and granular 

insights necessary for production planning in off-site steel fabrication. 

A key contribution of this research is the creation and implementation of a BIM-based data 

augmentation framework that tackles the issue of limited productivity data in off-site 

manufacturing settings. Traditional time-study approaches typically generate small 

datasets, making it difficult to train reliable predictive models. While previous studies 

(Moselhi, Hegazy, and Fazio 1991; Rashid and Louis 2019) have emphasized the need for 

larger datasets to enhance the accuracy of machine learning models in construction. This 

study addresses the gap by introducing data augmentation techniques and evaluating their 

improvements over original datasets through real-world industrial projects. In this study, 

four data augmentation techniques—normal noise, interpolation, clustering, and Bayesian 

Linear Regression—were applied to expand the original dataset from 120 to 5,000 data 

points, providing a larger and more diverse training set for neural network models. These 

augmented datasets yielded a 2.1% to 31.1% improvement in predictive accuracy 

compared to models trained on the original data.  

This chapter enhances existing knowledge on feature extraction from BIM models by 

automating the retrieval of key geometric features from steel components. It introduces a 

bounding box method to demonstrate how design complexity can be extracted directly 
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from 3D models, whereas previous studies (Song and AbouRizk 2006; Mohsenijam and 

Lu 2019; Song and AbouRizk 2008) relied on pre-extracted features from databases 

without exploring how to identify these features. The developed Navisworks plugin is 

essential in streamlining the extraction of dimensional data from building components, 

which is then used in predictive models to estimate the manpower needed for fitting tasks 

in each assembly. By obtaining the features of each building component, it becomes 

possible to derive task breakdown structures (TBS) from the project's work breakdown 

structure (WBS), allowing plant managers to plan work packages and production batches 

more effectively. This approach has not been explored in recent studies. 

The findings demonstrate that the proposed method outperforms the estimation models 

currently used by the industry partner and offers additional insights into design complexity 

that were previously unavailable in their management processes. By integrating BIM and 

Linear Regression models, time estimation accuracy improved by 58% to 71%, effectively 

addressing the limitations of existing industry practices. This method provides an accurate 

prediction of the time needed for the fitting process, solving a practical issue for the 

company by optimizing resource scheduling and minimizing idle time at production 

stations. Additionally, a user interface (Figure 3.9) was developed for management 

purposes, which stores information on all project components and generates time estimates 

for individual pieces, sequences, and the overall project. Figure 3.9 highlights the design 

details for pieces in project 1487, filtered by zone and sequence, which can be used for 

production planning. 
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Figure 3.9. Illustrating form of the design information for each prefabricated element 

This chapter focuses on estimating productivity for fitting tasks in a steel fabrication plant, 

but the approach could also be applied to other activities, such as tasks at different stations 

in the plant, or for installing ducts or drywall. Our framework integrates time study data to 

build a predictive model, uses automated quantity take-offs, and makes predictions—all 

within a single database-driven framework. This setup not only enhances accuracy but also 

keeps the entire process streamlined, and it could be adapted for similar tasks. Techniques 

like adding normal noise or interpolation improve accuracy by simulating real-world 

variations in work pace and complexity. While our method shows clear improvements for 

the tasks we studied, using it in other areas would require model adjustments and new data 

specific to those tasks. Future research could explore applying these techniques to other 

construction activities to confirm and refine the model’s broader usefulness. Therefore, our 

findings primarily support accuracy improvements within our current study, with the 

potential for further applications through additional testing. The developed predictive 

model provides a practical tool for estimating task-level productivity in off-site fabrication 

environments. For Canadian manufacturers, such predictive capability can significantly 

improve production planning and cost forecasting by reducing reliance on generalized 
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productivity assumptions. More accurate prediction of crew output allows managers to 

allocate resources more efficiently and reduce idle time—an issue reported by many light-

gauge steel manufacturers across Canada. Considering that labor costs typically account 

for 35–45% of fabrication expenses, even modest improvements in forecasting accuracy 

can translate into measurable cost savings and enhanced scheduling reliability for 

production facilities operating under fluctuating demand. 

3.7. Limitations  

This study presents a systematic approach to estimating labor time in steel fabrication 

projects using statistical regression models and BIM-driven data. The results demonstrate 

the potential for improving production planning efficiency through predictive models that 

leverage project design data. However, the method has several limitations that should be 

considered when interpreting the findings. A limitation relates to the fit of the linear 

regression model used to estimate labor time. With an R² value of 0.61, the model 

demonstrates a moderate level of fit, explaining 61% of the variance in labor time 

estimates, while 39% remains unexplained. Although this fit is reasonable for predictive 

purposes, it suggests that additional unaccounted factors may affect labor time. 

Furthermore, the accuracy of the predictions could be influenced by deviations in the data, 

such as outliers or non-linear relationships between variables. Potential violations of linear 

regression assumptions, including normality and independence of residuals, could also 

affect the reliability of the estimates. 

Another limitation stems from the scope of the dataset. The data used for this analysis were 

collected from a single steel fabrication plant, which may limit the generalizability of the 

results to other construction contexts. While data augmentation techniques were employed 
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to address the dataset's size and variability, the augmented data might not fully capture the 

complexities of different project environments. Additionally, the absence of an automated 

data collection system restricts the size and diversity of the data. Integrating such a system 

into this framework would not only enhance data collection but also improve the accuracy 

of the model. Furthermore, the lack of data from multiple fabrication plants poses another 

limitation, as this would provide more comprehensive insights and improve the robustness 

of the results across different settings. 

The time-intensive nature of data collection resulted in a limited number of data points due 

to strict criteria for ensuring consistency and quality. Continuous observation of a fitter's 

work was required, but various factors often interrupted this process. For example, if they 

worked on a piece carried over from a previous shift, the authors had to skip it and wait for 

the next item (1). Missing parts caused delays, so the authors excluded data for those pieces 

but noted how often parts were missing (2). When multiple identical pieces were processed, 

only one data point could be recorded, and the authors had to wait for more data points (3). 

Shop drawing issues, caused by design changes or mistakes, could halt work and waste 

observation time, so the authors excluded any piece if the wait time exceeded five minutes 

(4). Delays due to rusted steel pieces requiring cleaning were handled by excluding 

observations if cleaning took longer than five minutes (5). Finding corresponding IFC files 

was also challenging, particularly with multiple models, and the authors resorted to using 

2D shop drawings when 3D models or IFC files were unavailable (6). These factors made 

the data collection process both time-consuming and complex. 

Finally, the predictions generated by the regression models are subject to inherent 

uncertainties. Factors such as design changes, unforeseen delays, and worker variability 
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were not fully accounted for in the model, which may lead to discrepancies between 

predicted and actual labor times. Future research could explore the incorporation of 

dynamic factors into the model and the use of more advanced prediction techniques, such 

as machine learning, to improve accuracy. 

3.8. Conclusion and future works 

The conventional approach for forecasting construction productivity primarily relies on 

expert judgment and introduces subjectivity in stakeholder planning processes. The limited 

access to data and the lack of generalization capability of predictive models further signify 

the challenges in forecasting construction productivity. This study develops a systematic 

approach that leverages data augmentation (DA) techniques to enlarge datasets acquired 

through on-site time studies to minimize overfitting issues and improve the accuracy of 

productivity prediction models. As shown in Table 3.5, the proposed model demonstrated 

a 50.6% to 62.5% improvement in estimation accuracy compared to the baseline 

productivity data obtained from the partner fabrication plant.  Using data augmentation 

strategies, this study addresses the gap in applying data augmentation to construction 

productivity, presenting a range of strategies that boost productivity prediction accuracy. 

Additionally, the BIM-based tools presented in this framework ease the process of 

preparing data (for a component, rather than a project) and provide a practical contribution 

to project duration prediction. These methods exhibited remarkable success, outperforming 

models without data augmentation by 2.1 to 31.1 percent. This advancement opens new 

avenues for more accurate productivity predictions, crucial for efficient project planning 

and management. 



 

77 

 

The main area of improvement of the proposed methodology stemmed from the scarcity of 

sufficient data available for the data augmentation process. For this, future research should 

focus on establishing an automated data collection system within fabrication plants, 

enabling the real-time acquisition of relevant data for productivity estimates. According to 

this study, ML models generally overestimated worker-hours because workers behave 

cautiously and work more slowly when they are observed during time studies. This 

behavior can be mitigated through future studies. Machine learning models in this study 

exhibit a notable performance advantage when applied to large-scale steel plant projects. 

This could be because of the inherently large number of features in huge projects. This can 

be improved by performing time studies on smaller projects. 

As a practical application of this research, we have successfully programmed the study's 

results into a user-friendly plugin for Autodesk Navisworks software. The user-friendly 

nature of the plugin ensures that even non-programmers can utilize it effectively, making 

it a valuable asset for construction professionals. The user-friendliness of the developed 

Navisworks plugin was validated through direct feedback from the partner fabrication 

plant’s management team. The plugin was intentionally designed with a minimalist 

interface, consisting of a single execution button that automatically generates key 

productivity and scheduling reports. The tool was demonstrated and tested with the 

operations manager and general manager, both of whom confirmed that the interface and 

outputs were intuitive, requiring no additional training for use. While no formal usability 

evaluation was conducted, the simplicity of the design and positive managerial feedback 

support the characterization of the plugin as user-friendly and implementation-ready for 

industrial applications.  
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The end user only needs to import the IFC file from their local system into Autodesk 

Navisworks software and press the run button on the programmed plugin. Results for 

projects up to 1500 tons will be available within five minutes. This tool empowers 

construction managers with accurate initial estimates, eliminating delays in projects and 

streamlining the decision-making process. The significance of this study lies in its ability 

to provide construction managers with precise and reliable estimates for better project 

planning and execution. By utilizing the integrated BIM and machine learning models, 

delays can be minimized, and productivity can be maximized, leading to more successful 

and timely project completions. 

Furthermore, this chapter provides an answer to the first question of this thesis through 

introducing a novel ML-based productivity estimation methodology using time study data 

and BIM-based quantity take-offs. Evaluates four data augmentation techniques (normal 

noise, interpolation, clustering, Bayesian regression), with ANN applied for forecasting. 

Demonstrates significant improvements in time estimation accuracy under limited data 

conditions. 
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Extending the Findings of Chapter 3 

The previous chapter focused on developing and validating a data-driven predictive model 

for the fitting station, providing insights into how operational and project-specific factors 

influence fabrication productivity at that workstation. While this single-station model 

offered an important foundation for understanding crew performance and process 

dynamics, it was limited in scope and did not capture the interdependencies among other 

workstations within the production line. Building upon the methodologies and findings 

from Chapter 3, the present chapter expands the predictive modeling approach to 

encompass six key fabrication stations across the production process. The predictive 

outputs from these models are subsequently used to simulate and optimize the sequencing 

of operations, allowing for a comprehensive analysis of production flow and efficiency at 

the system level. In doing so, this study advances the research focus from isolated 

workstation modeling toward integrated, system-wide optimization of off-site fabrication 

workflows. 
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Chapter 4: Production Planning with an enriched BIM-based Heuristic 

Construction Order Model to Improve the Efficiency of Complex 

Prefabricated Projects3 

Abstract: 

Prefabricated projects are increasingly employed and customized in diverse construction 

projects. Hence, efficient and adaptable planning is essential for improving production 

productivity in these projects. Concerning structural steel prefabrication projects, essential 

engineering specifications are necessary for forecasting labor hours at workstations and 

devising construction orders for steel elements, improving production productivity. 

Henceforth, this study develops a framework to utilize BIM and Numerical Control (NC) 

data for a steel structure project and productivity data from time studies to estimate labor 

hours in a steel fabrication plant. The proposed framework identifies the most relevant 

engineering specifications for each station by analyzing the productivity data. The 

specified specifications are then extracted from the project 3D BIM models and also used 

to develop prediction models. Consequently, the extracted specifications are integrated 

with prediction models to provide Worker-hour estimation. Furthermore, Discrete Event 

Simulation (DES) is used to simulate the assembly flow through the plant, and a heuristic 

approach is used to determine the optimal construction order for each steel element. The 

 

 

3 This paper has been accepted for publication in the Journal of Construction Engineering and Management.  
Roles: Kamyab Aghajamali, Alireza Rahimi, Saeid Motvaei, and Ali Pirzad contributed to methodology development 

and writing. Zhen Lei, Qian Chen, and Alaeldin Suliman provided review and revisions. 
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framework validation demonstrated a robust 99% correlation between Worker-hour 

estimations and productivity reports from a Canadian steel fabrication plant. The 

optimization method, however, improves operations, reducing labor costs by 13%. A 

comparative analysis with the Genetic Algorithm (GA) highlights the efficiency and 

effectiveness of the proposed approach, offering reduced computational complexity. The 

primary contribution of this paper is the introduction of an enriched BIM-based heuristic 

method that uses engineering specifications to optimize construction operations. 

Additionally, a management dashboard for production planning has been developed to 

enhance practical application and decision-making in production management. 

Keywords: Offsite Construction and Prefabrication; Building Information Modeling 

(BIM); Productivity Modeling; Process Simulation. 

 4.1 Rational and Overview 

This research aims to develop a comprehensive method for efficiently planning and 

controlling the production process while minimizing costs. Figure 4.1 illustrates the design 

workflow of the production system for a steel fabrication plant. Unlike traditional 

construction order optimization or simulation approaches, this study introduces an 

integrated model composed of three interconnected modules: the BIM Module, the 

Productivity Modeling Module, and the DES Module. 

The BIM Module processes Navisworks models and NC files associated with a steel 

project. It extracts essential design data, including quantities and complexity features, 

which are used for both productivity prediction and construction sequencing. Additionally, 

this module incorporates a similarity analysis algorithm that classifies steel components 
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based on design complexity. This classification helps minimize unnecessary movements, 

machine setup times, and drawing reviews—optimizing the construction order. 

The Productivity Modeling Module uses the extracted design features in combination with 

time study data to build predictive models for estimating processing durations. The output 

of this module informs the entity attributes in the simulation environment. 

Finally, the DES Module utilizes enriched entity definitions, the optimized construction 

order from the BIM Module, and real plant data (such as station configuration and 

resources) to simulate the steel fabrication process. It produces outputs such as the 

optimized schedule, estimated construction cost, and a cost threshold. These are 

benchmarked against actual project costs for performance validation. Furthermore, this 

module integrates simulation with Genetic Algorithms to assess and enhance the efficiency 

of production strategies. 
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Figure 4.1. Overview of the proposed production planning tool4 

4.2. Function 1: Productivity Modeling 

A comprehensive time study was conducted at each station within the steel fabrication 

plant, as illustrated in Figure 4.1. The study observed the following order of operations: 

Steel elements first proceed to the (a) saw, which is cut according to design specifications. 

Next, their surfaces are cleaned in the (b) Wheelabrator, and holes are drilled at the (c) drill 

station. The (d) copper then cuts these elements to facilitate connections between various 

prefabricated components. At the (e) fitting station, all necessary parts are bolted or tacked 

 

 

4 The relationship between Figure 5.1 and the integrated framework in Figure 4.1 is explained in detail in 

Appendix E, Section E.3. 
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to the prefabricated element, which is subsequently followed by welding at the (f) welding 

station. 

During the study, the piece ID and cycle time for each steel element were recorded, 

utilizing approximately one hundred data points at each station (See Table 4.1 for exact 

numbers) for productivity modeling purposes. One hundred data points were selected 

because they provided error values of less than 4 minutes per station (Aghajamali 2024), 

meeting the accuracy requirements set by the industry partners. Figure 4.2 illustrates the 

plant's stations and lists the complexity of entities associated with each station. 

To identify highly correlated complexities for each station, the authors carefully observed 

the processes at each station and collaborated with industry partners to enumerate the 

relevant features. Using the collected data points, Linear Regression models were 

developed with the scikit-learn library in Python. The feature list corresponding to the 

model with the minimum error for each station was selected for productivity modeling, as 

shown in Figure 4.3. Additionally, the bolted and tacked parts in this figure are categorized 

into two groups for productivity modeling. Parts weighing over fifty pounds are considered 

a distinct feature, as workers are unable to lift them manually and must use cranes for 

lifting. 
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Figure 4.2. Steel fabrication plant layout 

 

Figure 4.3. Data collection flow for productivity modeling 

Table 4.1 presents the results of applying the Linear Regression model to productivity 

modeling across six stations in a steel fabrication plant. By extracting the features for each 

station, multiplying them by their respective coefficients, and adding the intercept value, 

the cycle time for each station can be determined. These features can be derived from a 

BIM model, enabling the simulation of each entity within the plant using discrete event 

simulation based on the productivity model. The following section outlines the 

methodology for extracting each entity's features using BIM. 
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Table 4.1 Linear regression coefficient for a steel fabrication Plant 
Stations Saw Wheelabrator* Drill Copper Fitting Welding 

Features 

Intercept 0.28 3.84 -1.1 -3 16.15 5.52 
Sectional Area (in2) 0.23 - - _ - - 
Assembly length (ft) - 0.16 - -0.17 - - 

Assembly thickness (in) - - 5.3 35.6 - - 
Number of holes - - 0.11 - - - 

Number of coppers - - - 1.68 - - 
Assembly thickness2 (in2) - - - -23.7 - - 

Parts Bolted > 50 p - - - - 1.04 - 
Parts Bolted < 50 p - - - - 2.9 - 
Parts Tacked > 50 p - - - - 4.34 3.19 
Parts Tacked < 50 p - - - - 2.65 0.69 

End Parts - - - - 1.27 - 
Weld Length (in) - - - -  0.13 

Number of Data Points 25 43 31 21 172 83 
* A plot containing the actual data is in appendix, Section E2 

 

4.3. Function 2: Enriched BIM for Element Grouping 

4.3.1. Quantity Take-off and Feature Extraction 

This study utilized Autodesk Navisworks as the BIM platform due to its ability to provide 

a Work Breakdown Structure (WBS) for steel projects, robust management capabilities, 

and availability for academic use at no cost. Customized plugins were developed using 

Visual Basic to extract information that is either not modeled in the BIM or is available in 

related NC files to enhance the functionality of Autodesk Navisworks. The BIM model is 

derived from the steel structure design software SDS2, used by industrial partners, which 

can export Industry Foundation Classes (IFC) files that are compatible with Autodesk 

software. 

Figure 4.4 illustrates the data flow from the SDS2 design software to each prefabricated 

component for productivity modeling. IFC files contain the geometric and spatial attributes 
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of steel components, bolts, and welds, while NC files include numerical data regarding the 

coordination of holes and the internal or external contours of steel structures for copes. The 

Navisworks model facilitates access to the WBS of the steel project, and the geometric and 

spatial details of each steel piece requiring fabrication in the plant are accessible through 

the IFC file in Navisworks. Moreover, since the piece ID for each steel element is available 

in the BIM model from the WBS, this piece ID can be used to retrieve the corresponding 

NC file, thus obtaining both the geometric and numerical information essential for 

productivity assessments. 

 

Figure 4.4. BIM data flow for prefabricated components 

In this chapter, the Visual Basic programming language was used to design a plugin for 

extracting information from the Autodesk Navisworks model. The design complexities for 

productivity modeling, which are listed in Figure 4.3, can be achieved in various ways. 

Features such as sectional area, length, and thickness can be explicitly modeled in the BIM 

as variables and later retrieved for productivity estimation purposes. To extract these 
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features, the built-in functions available in Autodesk Navisworks are utilized. These 

functions search for the target features using the element piece ID of the steel components. 

Features such as the number of holes and copies are not modeled explicitly in the BIM. 

Therefore, these features are extracted from the NC files. NC files are in text format and 

contain information about each piece ID in separate text files. To access NC files for a 

piece ID, Python scripts are written to read and process these text files, outputting the 

required features to the database. Figure 4.5. presents a segment of an NC file 

corresponding to a wide flange beam, with its design model depicted in Figure 4.6. Each 

NC file begins with an "ST" block and ends with an "EN" block. The preliminary 

information in the NC files includes the project ID, piece ID, cross-section, as well as the 

length and width of the steel piece. The "BO" and "AK" blocks provide design details about 

the bolts and copes, respectively. The first column in these blocks indicates the surface of 

the steel piece, with the letter "v" denoting that the web of the wide flange is the focus, 

meaning the bolts and copes are positioned on the web surface. Columns 2 and 3 denote 

the x and y coordinates for the design. The final column in the "BO" block specifies the 

bolt diameter, while in the "AK" block, it indicates the radius of the tangential notches for 

the copes. 
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Figure 4.5. An example of an NC file 

The wide flange beam is shown in Figure 4.6. features two copies at the top of the web, 

with the corresponding NC lines provided for illustration. Since the end caps on a wide 

flange are located at the corners, the Python scripts first identify the coordinates of these 

corners and then locate the AK blocks and analyze each line within these blocks to 

determine the corners. If a corner within a block cannot be identified, it indicates that the 

corner requires coping at the plant. After processing each surface of the beam, the copes 

on different surfaces are coordinated and treated as a single cope, as the CNC machine 

performs all the cuts in one operation. To determine the number of bolts on each surface, 

each line in the BO block represents a bolt. The quantities of bolts and copes extracted 

from the NC files will be used for productivity modeling. 
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Figure 4.6. Design model of a steel piece 

Certain features, such as weld length, the number of bolted parts, and the number of tacked 

parts, may not be explicitly modeled in BIM and are often not available in NC files. While 

design software can automatically model welds for standard plate connections, such as 

stiffeners, it is unable to model welds in more complex connections. To automate the 

identification of these features, the authors employed the concept of a bounding box, which 

is a box that encapsulates elements within a 3D model. The process begins by determining 

whether a part is bolted or welded to the main assembly. This is accomplished by following 

the flowchart depicted in Figure 4.7. The inputs for this flowchart include a list of all bolts 

and all parts present in a steel piece. For each part, the authors verify whether its bounding 

box intersects with any bolt in the list. If a bolt's bounding box intersects with a part's 

bounding box, the authors then check whether the same bolt's bounding box intersects with 

the main piece. If a bolt's bounding box intersects both the main piece and the part, the part 

is considered bolted. Otherwise, it is classified as tacked. 
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Figure 4.7. The flowchart for finding the parts bolted 

When a part is identified as tacked, it is necessary to determine the weld length that 

connects this part to the main assembly. Figure 4.8 illustrates this process using a wide 

flange beam and its bounding boxes. For each tacked part in the model, a bounding box is 

created (represented by the green dashed box in Figure 4.8 This bounding box is then 

intersected with the main assembly's bounding box (represented by the black dashed box 

in Figure 4.8 The resulting intersection forms another bounding box (shown in red in 

Figure 4.8), which indicates the weld. The longest dimension of this weld bounding box 

represents the weld length on one side of the part. To obtain the total weld length, this value 

is doubled. 
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Figure 4.8. 3D model of a steel beam with bounding boxes to find the weld length 

4.3.2. Similarity Function 

After extracting all required features from the BIM model for each element and storing 

them in a database, this information can be used to determine the optimal construction 

order. Through observations of prefabrication plant processes, the authors identified that 

reviewing and understanding shop drawings is a notably time-consuming task that could 

be minimized. Time studies show that reviewing shop drawings accounts for 

approximately 10% of the cycle time at the fitting and welding stations. Based on this 

finding, a similarity function was developed to identify similar components, group them, 

and order them consecutively during the construction process. This approach enables fitters 

to work on similar components, eliminating the need for repeated shop drawing reviews 

for these elements. Moreover, constructing similar components in order allows workers to 

apply insights gained from earlier tasks to subsequent ones, thereby improving efficiency 

and reducing overall construction time. 

The similarity function in this study has two objectives: 

The first objective is to identify elements with the same key features that affect cycle time 

at the fitting station. These key features include assembly length, cross-section, bolted 

parts, tacked parts, and weld length, all of which are extracted from the BIM model. Pieces 

that share the same key features and the same shipping date are grouped into a standard 
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batch for construction. This grouping ensures that similar pieces with the same shipping 

date are constructed together, minimizing the time spent reviewing shop drawings for those 

pieces. 

The second objective is to sequentially process pieces with similar cross-sectional profiles, 

following the grouping of similar pieces as outlined in the first objective. This approach 

ensures that pieces sharing the same cross-sectional profile are moved together from the 

inventory to the saw station. Consequently, once the cross-sectional profile is established 

for the first piece, it does not need to be reset for subsequent pieces of the same profile, 

thus minimizing the repeated movement of materials between the inventory yard and the 

factory. This objective reduces unnecessary material handling and enhances efficiency at 

the saw station. 

To represent the fitters’ short-term recall behavior observed in the case study plant, the 

heuristic sequencing logic incorporates a “memory of three pieces” rule. This behavioral 

rule was implemented using an object-oriented approach in the .NET Framework (Visual 

Basic). For each fitter, a class named Sim_Fitter_Res was defined with a property called 

History, which stores the identifiers of the most recently processed assemblies: 

Public Class Sim_Fitter_Res 

    Inherits Resource 

    Public Scenario_ID As Integer 

    Public Res_ID As Integer 

    Public Status As String 

    Public History As New List(Of Sim_Entities) 

End Class 
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Each time an assembly enters the fitting station, it is appended to the fitter’s history list: 

Current_Fitting_resource.History.Add(assembly) 

To maintain only the three most recent assemblies, the following condition trims the list: 

      If Current_Fitting_resource.History.Count > 3 Then 

           Current_Fitting_resource.History.RemoveRange(0, Current_Fitting_resource.History.Count - 3) 

      End If 

When a new assembly arrives, the system checks whether its similar piece mark appears in 

the fitter’s recent history. If a match is found, a 10%-time reduction is applied to the fitting 

cycle time, reflecting reduced drawing review and setup time: 

If Current_Fitting_resource.History.Exists - 

- (Function(obj) obj.Similar_to_Piece_Mark = assembly.Similar_to_Piece_Mark) Then: 

    Fitting_coef = 0.9 * Fitting_coef 

End If 

The choice of three assemblies was based on empirical observation and discussions with 

fitters, who indicated that they typically remember the drawings and setup requirements of 

about three recently fabricated pieces. This mechanism formalizes a real-world cognitive 

pattern into the algorithm, improving realism and efficiency. Quantitatively, it led to a 

measurable improvement in sequencing performance, primarily through reduced drawing 

review time and easier identification of parts on the shop floor when similar assemblies are 

processed consecutively. The 10% reduction factor used in this rule represents the average 

portion of the total cycle time typically spent reviewing fabrication drawings at the fitting 
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and welding stations. Based on observations and informal discussions with fitters and 

welders during the data collection process, approximately one-tenth of the total processing 

time for a new assembly is dedicated to examining and interpreting its drawing before 

commencing work.  

4.4. Function 3: Optimal construction order through Discrete Event Simulation  

4.4.1. Process Setup 

For this research, the integrated simulation environment, Simphony.NET (Dotnet, 2019), 

is employed to simulate the construction process and assess the impact of similarity-based 

scheduling on the plant's productivity. The simulated production line comprises six 

stations: saw, drill, wheelbarrow, copper, fitting, and welding. These stations are 

programmed as events in Visual Basic, with entities arriving at each station, undergoing 

processing, and then moving on to the next station. A local database supplies project 

information to the simulation model and stores the final results upon completion. Figure 

4.9 illustrates the information stored in the database, derived from the BIM model. To 

simulate each station in the prefabrication plant, each entity (steel piece) must have its 

features modeled, allowing its cycle time to be calculated using the coefficients provided 

in Table 4.1 Once the cycle time is determined, the simulation environment applies 

similarity strategies to reduce the cycle time if similarities between entities are identified. 

Additionally, the number of resources at each station serves as an input for configuring 

each workstation in the simulation model. 
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Figure 4.9. Process and entity modeling elements for plant simulation 

4.4.2. Optimization through Similarities 

In a steel prefabrication plant, the fitting and welding stations are operated by human 

workers, unlike other stations where machines are the primary resource. The steel project 

pieces vary in design, requiring fitters to spend time reviewing shop drawings before 

assembling them. The similarity function at the fitting and welding stations identifies 

pieces scheduled for the same shipping date, ensuring they are processed consecutively. 

As a result, workers at these stations can recall the design of similar pieces, eliminating the 

need for repeated review time for subsequent identical pieces. 

To replicate this process in the simulation environment, a memory function is programmed 

for each fitter and welder to store information about the last three pieces they assembled. 

This selection is based on discussions with fitters, who indicated that three pieces are the 

minimum number of items they can reliably remember. When a new piece arrives at a fitter, 

it is compared with the last three pieces in the fitter's memory. If a match is found, the cycle 

time for processing that piece is reduced by 10%. 
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When similar pieces are identified and ordered consecutively to enhance efficiency at the 

fitting and welding stations, those with identical cross-sections are also arranged 

sequentially. This strategy, applied at the saw station, prevents unnecessary material 

relocation to and from the inventory. Typically, cross-section profiles are 45 feet long, and 

since a single steel piece does not utilize the entire length, any remaining material must be 

returned to inventory if the next piece requires a different cross-section. To mitigate this 

inefficiency, the similarity function ensures that pieces with identical cross sections and 

the same shipping date are processed consecutively, thereby avoiding unnecessary material 

movement. In the simulation environment, this process is modeled by tracking the last 

cross-section and its available length. If the current piece has the same cross-section as the 

previous pieces and its length is shorter than the remaining length of the same cross-section, 

the cycle time for the saw is reduced by 3.28 minutes. This reduction represents the average 

time required to relocate the piece from the saw to the inventory and retrieve a new cross-

section from the inventory. 

4.4.3. Validation and the Baseline Scenario 

Nine industrial steel fabrication projects were selected to validate the simulation 

framework proposed in this study. The simulation process aims to calculate the labor costs 

for each steel project. All steel element features will be extracted from the BIM model, and 

their similarity will be evaluated as detailed in Section 4.3 Subsequently, their cycle times 

will be calculated based on the productivity modeling results discussed in Section 4.2 

Afterward, the steel components will be processed through the DES model, and the labor 

costs for each project will be determined. 
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Figure 4.10 presents the 3D model of one of these steel projects, while Table 4.1 displays 

the simulation results alongside the actual labor costs and additional details for these 

industrial projects. The simulation establishes the construction order of components by 

organizing the pieces according to their predefined shipping order and the piece marks 

specified in the BIM model. Simulating the construction process according to this order 

yields the labor cost estimates shown in the last column of Table 4.1. The correlation 

between the actual costs and the simulated costs is 99%, while the correlation between the 

plant's estimates and the actual costs is 96%. Additionally, the mean absolute error (MAE) 

per project based on the simulation results is $2,155, compared to $6,828 for the plant's 

estimation. These results demonstrate that the simulation model is valid and accurately 

reflects the actual work performed in the plant. 

To ensure that the high correlation (99%) observed between predicted and actual process 

durations was not a result of overfitting, a structured validation strategy was applied to the 

linear regression models developed for each workstation. These models were trained using 

80% of the available dataset, while the remaining 20% was reserved as a test set to 

independently evaluate prediction accuracy. Each model was fitted using ordinary least 

squares (OLS) regression, allowing for transparent interpretation and minimizing the risk 

of overfitting associated with more complex models. The test set results confirmed a strong 

match between predicted and observed durations, with no significant loss in performance, 

thereby validating the model's generalization capability. Additionally, residual analysis 

was conducted to ensure errors were randomly distributed and free from systematic bias. 

Once validated, the linear regression models were integrated into the Discrete Event 

Simulation (DES) environment to simulate plant operations using realistic, data-driven task 
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durations. The consistency between DES outcomes and actual production results across 

several work packages supports the robustness and predictive reliability of the regression-

based modeling approach. 

 

Figure 4.10. 3D view of a steel structure project 

Table 4.2. Industrial project information and labor cost simulation 
Project ID Weight 

(Tons) 

Number of 

Pieces 

Plant labor cost 

estimates (CAD$) 

Actual cost 

(CAD$) 

Simulation labor cost 

estimations (CAD$) 

1467 1683 5135 375,120 463,762 467,987 

1487 318 991 65,634 74,528 75,326 

1542 2215 4720 291,576 351,460 367,469 

1544 90 434 26,846 36,944 29,406 

1545 2075 7753 467,890 602,998 606,496 

1558 372 1141 70,958 94,106 95,372 

1582 1106 2656 194,634 234,426 202,256 

1592 1228 5060 315,290 436,906 515,304 

1593 1362 3334 317,401 251,540 282,185 
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4.5. Results and Discussion 

4.5.1. Improvement Due to Similarity Function 

After validating the simulation environment for the baseline construction order using actual 

data, a similarity function was employed to optimize the construction orders for steel 

fabrication projects. The improvement achieved through the similarity function is based on 

two main principles: (1) identifying and grouping similar pieces to streamline the review 

process at manual fitting and welding stations, and (2) ordering pieces with identical cross-

sections consecutively to minimize unnecessary relocations from the saw to the inventory. 

Implementing this similarity-based construction order, compared to the baseline, resulted 

in a 13% reduction in project costs, yielding an average savings of $36,781 per project. 

Table 4.3 presents a comparative analysis of baseline costs versus similarity-based costs 

for industrial projects, validating these findings. 

Table 4.3. Comparison of Baseline and Similarity-Based Costs and Cost saving 

Project 

ID 

Baseline cost  

[1] 

Similarity cost 

[2] 

Cost saving 

[1] - [2] 

Cost Saving % 

([1] + [2]) / [1] 

1467 467,987 413,889 54,098 11.56 

1487 75,326 67,948 7,378 9.79 

1542 367,469 321,123 46,346 12.61 

1544 29,406 29,132 274 0.93 

1545 606,496 500,304 106,192 17.51 

1558 95,372 89,807 5,565 5.84 

1582 202,256 181,105 21,151 10.46 

1592 515,304 358,988 156,316 30.33 

1593 282,185 231,528 50,657 17.95 

Average  293,300  243,648  49,775 13.00 

Std 208,606 165,368 51,945 8.37 
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4.5.2. Comparison with Genetic Algorithm (GA) 

A Genetic Algorithm (GA) is a search heuristic inspired by Charles Darwin's theory of 

natural selection. The algorithm emulates the process of natural selection, where the fittest 

individuals are chosen for reproduction, leading to the generation of offspring for the next 

evolutionary cycle. (Aghajamali 2024). GA is widely used to generate high-quality 

solutions for optimization and search problems by employing bio-inspired operators such 

as mutation, crossover, and selection. It is versatile and applicable to a broad range of 

problems, particularly effective in optimization tasks that involve complex search spaces, 

such as scheduling problems, the traveling salesman problem, and engineering design 

optimization (Rahimi et al. 2021; Mitchell 1998) (Rahimi et al. 2021; Mitchell 1998). 

The functioning of a GA can be summarized in the following steps: 

1. An initial population of individuals is randomly generated, with each individual 

representing a potential solution to the problem. 

2. The fitness of each individual in the population is assessed using a fitness function. 

3. Individuals are selected for reproduction based on their fitness, with those possessing 

higher fitness having a greater likelihood of being chosen. 

4. Crossover is applied to combine pairs of individuals (parents) by exchanging segments 

of their structures to produce new offspring (children). 

5. Mutation is then introduced to the offspring to preserve genetic diversity within the 

population. 
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6. The old population is replaced with the new generation, and this cycle is repeated until 

a termination condition is reached, such as a predefined number of generations or an 

acceptable fitness level. 

Table 4.4. Genetic Algorithm Pseudo Code 

 
1 Initialize population P(t) randomly; 

2 While the termination condition is not met, do 

3  Evaluate the fitness of each individual in P(t); 

4  Select individuals from P(t) for reproduction; 

5  Apply crossover and mutation to create new offspring. 

6  Evaluate the fitness of new offspring. 

7  Replace the old population with the new offspring; 

8  Update generation t = t + 1; 

9 end  

In this study, given a set of n unique items {I1, I2,…, In}, our objective is to determine a 

permutation π of these items that minimizes a defined cost function C. A permutation π is 

a specific ordering of the items, represented as π = (π1, π1,…,πn), where πi denotes the 

position of item Ii in the construction order. To ensure consistency, we defined two 

constraints on π. First, ∀I ≠ j, πi ≠ πj , which ensures that no two items enter the construction 

pipeline simultaneously. Second, π is a permutation of {1, 2, …,n}, ensuring that all items 

enter the construction pipeline. Our goal is to find the optimal permutation π that minimizes 

the cost function C. GA requires defining the chromosome structure in a manner that 

provides π. For ease of implementation and efficiency, we model each chromosome, 

denoted as chi, as a set chi ={π, r}. Here, r is a list of floating-point numbers r = (r1, r2, …, 

rn), with each ri ranging between 0 and 1. The permutation π is determined based on an 

operation applied to r, where the elements of r are sorted to define the construction order. 

The index of ri in the sorted list corresponds to the value of πi, allowing us to derive π from 
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r. Using the derived π in the chromosome and a defined simulation model, we calculate the 

total cost of constructing all items in the order specified by π. This cost includes labor 

expenses and penalties for late shipping. To compute the cost, we send the construction 

entities to the simulation model, Simulate, which evaluates the cost as defined by Eq. 4.1. 

Minimize C(π) = Simulate(π1, π2, … , πn )                       𝐄𝐪. 𝟒. 𝟏 

Given the approach described above, we randomly generated the initial population, denoted 

as P, except for one chromosome, which represented the baseline construction order 

provided by our industry partner. In the subsequent step, we computed the cost function 

for each chromosome in P and sorted them to identify the elite individuals for generating 

the next generation. We selected the top 40% of the population as elites to produce 

offspring. During the crossover process, we divided the r list of each selected parent into 

four sections and combined them to generate a new child. Parent selection was based on a 

probability function that prioritized individuals with lower cost function values. Finally, 

for mutation, we randomly selected some genes from various chromosomes and replaced 

their ri values with new random numbers between 0 and 1. By applying all these steps, we 

generated the new population for the next iteration of the GA algorithm. Additionally, after 

each iteration, we saved the population data into an Access database for future analysis. 

The program was terminated after a predefined number of iterations. Figure 4.11 presents 

a comparison between the proposed heuristic method and the GA algorithm, applied to a 

subset of project 1592, consisting of 100 components. To demonstrate the effectiveness of 

our approach, we have illustrated the GA outputs for two distinct scenarios. The output 

chart highlights the lowest cost function value among all 500 chromosomes across 
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successive generations. The primary difference between the two scenarios lies in the 

composition of their initial populations, which is discussed in detail. 

Notably, the sort order for each chromosome in P, and the top 40% of projects based on 

cost savings from the similarity-based optimization are: 

Table 4.5. The sort order value for each chromosome in P 

Project ID Savings (CAD$) 

1592 156.316 

1545 106.192 

1467 54.098 

1593 50.657 

 

Figure 4.11. Cost over generation comparison in the GA algorithm 

Scenario 1: In this scenario, the baseline input population is entirely random, except for 

one chromosome provided by our industry partner. As the algorithm progressed, it 

successfully generated better chromosomes with lower associated costs. However, the rate 

of cost reduction slowed after several iterations, suggesting that the algorithm may have 

become trapped in a local minimum. After many generations, there was no significant 

improvement in the solution. 
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Scenario 2: In this scenario, we enhanced the GA algorithm by including an output from 

our heuristic function as one of the chromosomes in the initial population. This intervention 

provided a more advantageous starting point compared to the baseline scenario. Despite 

this improvement, the GA did not yield a significantly better solution, even after sixteen 

thousand generations. 

As demonstrated by the testing results, the proposed enriched BIM-based heuristic 

approach provides substantial advantages over the Genetic Algorithm (GA) in both 

solution quality and computational efficiency. As shown in Figure 4.11, the final 

sequencing outcome produced by the baseline GA algorithm was consistently inferior in 

cost minimization compared to the heuristic method. The heuristic not only achieved a 

more optimized construction order but also did so with far fewer iterations and no need for 

parameter tuning or random initialization. This indicates that the heuristic leverages 

problem-specific knowledge more effectively than the generic optimization behavior of the 

GA. Additionally, the heuristic's integration with BIM enables the dynamic prioritization 

of elements based on real-world constraints and project-specific features, enhancing its 

adaptability to industrial applications. 

The superior performance of the proposed method compared to the GA-based sequencing 

optimizer can be explained by the heuristic’s integration of problem-specific knowledge 

within its optimization logic. While the GA explores the solution space stochastically 

through crossover and mutation operations, it treats all elements as structurally 

independent. In contrast, the proposed method herein encodes fabrication-specific rules—

such as grouping geometrically similar components, minimizing drawing review 

transitions, and reducing workstation repositioning—to focus the search on the most 
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promising sequencing patterns. This domain-awareness allows the heuristic to 

systematically reduce the search space and converge to high-quality solutions with 

substantially lower computational effort. The results confirm that in structured and 

knowledge-rich contexts, such as repetitive off-site fabrication workflows, a well-

designed, domain-specific heuristic can outperform a general metaheuristic algorithm like 

GA in both computational efficiency and solution optimality. 

From a computational standpoint, GA was significantly more resource-intensive. For a test 

project involving 100 steel components, the GA took approximately six hours to converge 

onto a suboptimal solution. This inefficiency becomes a critical limitation when scaled to 

real-world projects, which typically consist of 3,500 or more components (as indicated in 

Table 4.1). The factorial growth of the solution space (i.e., 3,500! possible sequences) 

renders exhaustive search approaches infeasible and demands heuristic strategies that can 

approximate optimal sequences efficiently. In contrast, the proposed heuristic method 

computed sequencing recommendations in under one minute, demonstrating high 

scalability and low computational cost. These results underscore the heuristic model’s 

practical suitability for deployment in live production planning environments where near 

real-time responsiveness and scalability are essential.  

While the ability of the heuristic algorithm to produce optimized sequences in under one 

minute is notable, this was not established as an operational requirement. Rather, the short 

computation time highlights the computational efficiency and scalability of the heuristic 

method. In practical fabrication settings, rapid scheduling is valuable when adjustments 

must be made due to design revisions, project changes, or the addition of new assemblies. 

The ability to generate updated sequences within seconds enables near real-time decision 
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support, improving responsiveness to changing production conditions. Nonetheless, the 

framework remains flexible—longer computation times would be acceptable in planning 

scenarios where immediate results are not critical, but the demonstrated speed confirms 

that the heuristic model can meet both real-time and batch optimization needs efficiently. 

The results of the heuristic scheduling model demonstrate both computational and 

operational advantages over traditional sequencing and GA-based optimization methods. 

In practice, this improvement can help Canadian prefabrication facilities better manage 

production flow by minimizing setup time and workstation changeovers. Simulated time 

savings of 10–15% in sequencing efficiency correspond to potential labor cost reductions 

of approximately 5–8% per project, based on current industry averages (BuildForce 

Canada, 2024). Moreover, the framework’s reliance on real shop-floor data ensures that 

optimization outcomes are directly transferrable to production control systems, thereby 

enhancing decision-making and workflow transparency. 

4.6. Conclusion and Future Work 

This study presents an enriched BIM-based heuristic method for optimizing production 

orders in steel fabrication by integrating detailed time studies, similarity analysis of 

components, and process simulations. By analyzing productivity data and leveraging 

detailed component information within BIM, the proposed framework significantly 

enhances the accuracy of time estimations and production orders. Validation against 

historical data from a Canadian steel fabrication plant demonstrated a strong correlation 

and a notable 13% reduction in project costs. Comparative analysis with Genetic 

Algorithms (GA) further underscores the efficiency and effectiveness of the heuristic 

approach, offering reduced computational complexity and improved practical applicability. 
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This research contributes to academic knowledge by integrating BIM with heuristic 

methods, Lean Resources, and simulation techniques to improve production orders. The 

study introduces a comprehensive framework that combines detailed time studies, 

component similarity analysis, and process simulations, providing a thorough approach to 

productivity estimation and process optimization. Additionally, the research offers 

valuable insights through validation against historical data and a comparative analysis with 

GA, demonstrating the practical effectiveness of heuristic methods. 

The proposed methodology also introduces a management dashboard specifically designed 

for the steel fabrication industry. This tool allows fabricators and project managers to 

leverage advanced ordering capabilities to optimize production processes, reduce costs, 

and enhance overall efficiency. By utilizing detailed BIM data for precise time estimation 

and process simulation, the methodology supports more informed decision-making and 

better resource allocation. From an industry perspective, the study offers a practical tool 

that improves the accuracy of time estimates and production orders, leading to a notable 

reduction in project costs. It also emphasizes the real-world application of customized BIM 

plugins and heuristic methods, effectively addressing the specific needs of the industry. 

Industry professionals, including project managers, production planners, and fabrication 

teams, are expected to gain valuable insights and practical tools from this research. 

Despite the promising results, the study has some limitations. The framework’s 

effectiveness is based on data from a single Canadian steel fabrication plant, which may 

limit its generalizability to other contexts or regions. Additionally, the study does not fully 

explore the impact of automated data collection techniques or the use of recent data analysis 

for project control and rescheduling. Future research should address these limitations by 
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expanding the scope to include diverse industry settings and incorporating advanced data 

collection and analysis methods to further refine the methodology. 

Indeed, this chapter answers the second question of the thesis by presenting a framework 

that combines BIM/NC data, ML for labor-hour estimation, and DES for simulating 

fabrication workflows. A heuristic-based sequencing optimizer is validated in a real-world 

plant, and a comparative analysis with GA supports the suitability and potential of GA for 

sequencing optimization. 
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Extending the Findings of Chapter 4 

Building on the heuristic optimization framework developed in the previous chapter, this 

study extends the analysis from a single-project perspective to a multi-project production 

environment. Chapter 4 demonstrated how heuristic scheduling and simulation could 

enhance fabrication efficiency within one project; however, its applicability was limited to 

isolated project conditions. The current chapter advances this work by developing a multi-

project optimization and simulation framework that coordinates several concurrent 

fabrication projects, enabling shared resource allocation and improved production 

planning. This framework also integrates design, manufacturing, and logistics data within 

a BIM-enabled environment to capture real-world interdependencies across projects. 

Through this extension, the research progresses from project-level optimization to system-

level coordination, demonstrating the scalability and practical potential of the proposed 

methodologies for large-scale off-site construction operations. 
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Chapter 5: BIM-based Hybrid Optimization Model to Improve 

Productivity of Multi-project Steel Prefabrication Plants5 

Abstract 

Prefabricated projects provide significant opportunities for improving productivity in the 

construction industry. Prefabricated building is an increasingly popular and innovative 

approach compared to traditional construction methods. In this process, construction 

components like concrete, steel, and panels are manufactured in a factory and assembled 

on-site, offering enhanced efficiency and quality control. Meanwhile, several challenges, 

including limited information collaboration between off-site production and on-site 

assembly, and inadequate coordination in resource planning for prefabricated buildings 

(PB), hinder productivity and efficiency in the construction process. This challenge in 

coordination complexity is even significant and unique in structural steel prefabrication 

projects due to the unique specifications of components and distinctive production 

processes. Meanwhile, modern enterprises are facing an increasing number of projects with 

similar structures, driving them to adopt multi-project management or simultaneously 

manage a portfolio of projects. Henceforth, customized and optimized production planning 

and control (PPC) are essential for a profound understanding of the entire production 

process to improve the productivity of multiple prefabricated projects. Despite the 

 

 

5 This paper has been submitted to Journal of Computing in Civil Engineering. 

Roles: Kamyab Aghajamali, Alireza Rahimi, Saeid Motvaei, and Ali Pirzad contributed to methodology 

development and writing. Zhen Lei, Qian Chen, and Alaeldin Suliman provided review and revisions. 
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prevalent use of digital models to enhance project planning, multi-project coordination has 

been inadequately studied due to a lack of integration with multi-project process modeling. 

To address this knowledge gap, this study presents an integrated hybrid optimization 

approach that combines similarity optimization, process modeling, productivity modeling, 

and Discrete Event Simulation (DES) to optimize both the cost and construction order of 

multiple concurrent steel prefabrication projects. Various scenarios of multi-project 

production integrated with various categories of components based on the similarity 

between them, and simulated using DES for cost and construction order optimization in 

steel prefabrication projects. Despite the optimization purposes, the proposed production 

planning mitigated challenges such as missing components, component transfer, leftovers, 

and late shipping dates in the study steel production plant.  

Keywords: Production Planning; BIM; DES; Offsite Construction and Prefabrication. 

5.1. Rationale and Overview 

This research aims to develop an effective optimization approach to manage productivity 

in multiple projects of a steel fabrication plant. Henceforth, steel components are 

categorized based on similarity and simulated in different heuristic scenarios of parallel 

projects to find the most optimized construction processes using DES simulations. The 

study workflow of the production system for a steel fabrication plant is illustrated in Figure 

5.1. The proposed workflow includes three flexible modules to improve the accuracy of 

productivity data and construction order outcomes. 

5.2. Productivity Modeling Module 
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In this module, time study data at each station within the steel fabrication plant, including 

the saw station, Wheelabrator, drill, copper, fitting, and welding station, is collected. In the 

BIM module, however, design specifications of steel components are collected using 

Autodesk Navisworks plugins and the Visual Basic programming language. This module 

analyzes this data using Linear Regression models to discover the key feature set within 

the components. This feature set serves as input for component modeling in the DES 

simulation in the DES module. 

5.3. BIM Module 

In the BIM module, BIM Application Programming Interface (API) plugins are customized 

to improve time estimation and process optimization. In this module, design specifications 

of steel components are collected using Autodesk Navisworks plugins and the Visual Basic 

programming language. The developed plugins incorporate concepts such as bounding 

boxes, Numerical Control data for steel structures, and BIM properties to address specific 

quantity requirements. Afterward, these requirements are processed to extract the 

quantities and their associated complexities for productivity modeling and construction 

orders. Moreover, a similarity function is developed using this data, thereby allowing the 

properties of steel components to be assessed to identify and classify similar pieces. This 

module aims to minimize unnecessary movements, machine setup times, and drawing 

reviews to optimize the construction process. These specifications are used for (1) entity 

modeling in the DES module to find the optimal construction order in the plant and (2) 

estimating the required worker-hours for each entity at each station. 

5.4. DES Module 
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The DES module, as the destination of the proposed framework, involves plant information 

obtained from process observations and an enriched entity model that incorporates results 

from the similarity function and BIM quantity data. This module employs DES to model 

the required stations and available resources, followed by the flow of entities through these 

stations according to the optimized construction order. The outputs of this process include 

the construction schedule start and end time for each entity, the optimum construction cost, 

and a cost threshold based on the plant’s current construction order approach. The actual 

production cost is then compared with the simulated threshold and optimized costs to 

measure performance and validate the DES. This heuristic method also streamlines 

production planning by generating data-driven construction orders and schedules, reducing 

the reliance on manual and subjective production planning practices.  

The simulation model relies on two primary input sources: the BIM model and a project-

specific shipping schedule. The BIM model, provided by the industry partner, contains 

detailed engineering specifications for each steel element, including geometry, material 

type, assigned work package, and a predefined “sequence” field that groups components 

for coordinated fabrication and delivery. The shipping schedule, organized by sequence 

and supplied by project managers, specifies the intended delivery date for each component. 

Each simulation run begins from a user-defined start date, and it is assumed that all 

components are ready for fabrication from that point forward. Demand generation is driven 

strictly by the delivery schedule: when a steel element reaches or passes its assigned 

delivery date, it is flagged as “needed” in the model. Components delivered late incur cost 

penalties, simulating the real-world impact of coordination delays. No forecasted or 

probabilistic delay behavior is modeled; the simulation assumes a deterministic schedule. 
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The simulation also allows user input flexibility: the user may modify shipping dates, 

adjust resource levels at different workstations, or simulate alternate delivery strategies to 

evaluate their effects. This structure enables scenario-based planning and supports real-

time decision-making experiments under changing constraints. 

5.4.1. Simulation Process 

In a steel prefabrication plant, the fitting and welding stations are operated by human 

workers, unlike other stations where machines are the primary resource. The steel project 

pieces vary in design, requiring fitters to review shop drawings before assembling them. 

The similarity function at the fitting and welding stations identifies pieces scheduled for 

the same shipping date, ensuring they are processed consecutively. As a result, workers at 

these stations can recall the design of similar pieces, eliminating the need for repeated 

review time for subsequent identical pieces. 

Reiterating the fact that, in simulation, each component is named as an entity, this section 

considers a basic simulation, either sorting sequence groups based on their basic shipping 

date or their design construction order. These simulations were validated by comparing 

them with basic simulations using correlation. In the multi-project scenarios, however, 

validated simulations are used as validation cases. 
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Figure 5.1. Simulation logic for the studied plant6 

As illustrated in Figure 5.1, the simulation operation process describes the DES logic and 

steel entity flow through different stations and their corresponding optimization logic. The 

simulation process starts with profile cutting in the CNC Saw. In the background of the 

simulation, the cross-section of the last processed entity is stored and compared with the 

 

 

6 The relationship between Figure 5.1 and the integrated framework in Figure 4.1 is explained in detail in 

Appendix E, Section E.3. 
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current entity to decide if the current entity shares the same cross-section as the last 

processed one, and if the length of the current piece is less than the remaining length of the 

profile. This automated comparison eliminates unnecessary material relocation from the 

inventory to the saw station, reducing the saw station cycle time. Afterward, at the 

Wheelabrator station, the surface of the components is cleaned and then taken to the drill 

station. In the drill station, if the current steel entity’s hole size doesn’t match the last 

processed entity’s hole size, the drill setup time will be added to the regular drilling time. 

Next, the components will go to the copper station for cutting the edge of the beams or the 

center of the braces for connections. In the fitting station, DES's capacity to memorize the 

last three entities for each fitter and compare them leads to time savings in the numerous 

shop drawing reviews, which reduces the fitting time by up to 10%. Finally, at the welding 

station, the same memory setup is programmed for each welder. This comparison between 

old and new entities reduces the welding time by up to 10%. 

5.4.2. Similarity Function 

In the similarity optimization approach, components with the same specifications from 

multiple projects are sorted and categorized. This approach provides the opportunity to 

mitigate the missing component by replacing it with a similar component from other 

projects, minimizing component transfer and leftovers in the place-cutting phase of 

production. This function provides smooth assembly, eliminates late shipping dates for 

single projects, and optimizes costs compared with the single projects' overall costs. 

Two levels of entity similarity among the entities are considered (Figure 5.2). The cross-

section is used as the only similarity factor among entities at the first level. Meanwhile, at 

the second level of similarity, four similarity factors, including the number of bolted parts, 
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the number of tacked parts, the length of the parts, and the cross-section, are considered to 

distinguish elements with higher similarity, as illustrated in Figure 5.2. 

As illustrated in Figure 5.2, two components exhibit Level 1 similarity when they share 

the same cross-sectional profile—for example, both being I-shaped members with a section 

designation of W14×22. When such components are processed sequentially at the saw 

station, they can be cut from the same stock length of W14×22, thereby minimizing 

material handling and avoiding the need to return unused stock to inventory after each cut. 

Field observations confirmed that this condition results in an average time saving of 

approximately 3.28 minutes per pair of components at the saw station. 

Level 2 similarity extends this definition by incorporating three additional operational 

attributes: (1) The weight category of the parts that require tacking (less than or greater 

than 50 lb), (2) The number of bolted connections (less than or greater than 50 lb), and (3) 

The length of the members. When two components share the same cross section and these 

three characteristics, they are considered Level 2 similar. Such components typically have 

almost identical fabrication drawings; hence, when they arrive simultaneously at the fitting 

and welding stations, operators can reference the same drawing for both items. This 

eliminates duplicate drawing reviews and yields a cycle time reduction of approximately 

10%, as derived from recorded production data. 

Both the time-saving coefficients and weighting factors for these similarity levels were 

obtained empirically from in-person observations and data collection performed during the 

case study. These values were subsequently incorporated into the simulation and 

optimization framework to realistically capture the productivity gains associated with 

similar-component sequencing. 
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Figure 5.2. Two levels of similarity among components 

For instance, as illustrated in Figure 5.3, ten entities are ordered by shipping dates, and 

while considering the first level of similarity, based on the cross-section, similar entities 

are bundled separately. 
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Figure 5.3. An illustrative example of the similarity approach 

In the simulation environment, each fitter and welder are programmed with a memory 

function to store information about the last three pieces they assembled. This selection is 

based on discussions with fitter station operators, who indicated that three components are 

the minimum number of items they can reliably remember. When a new piece arrives at a 

fitter, it is compared with the last three pieces in the fitter's memory. If a match is found, 

the cycle time for processing that piece is reduced by 10%. 

When similar components are identified and ordered consecutively, components with 

identical cross-sections are also arranged sequentially. In the saw station, this strategy 

prevents unnecessary material relocation through inventory. For instance, because a single 

steel component does not utilize the entire length and cross-section profiles are 45 feet 

long, any remaining material is considered for inventory twice. Meanwhile, if the new 
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component shares the same cross-section as the previous component, the material 

relocation will decrease. 

To relieve this inefficiency, the similarity function ensures that components with identical 

cross-sections and the same shipping date are processed consecutively, thereby avoiding 

unnecessary material movement. In the simulation environment, this process is modeled 

by tracking the last cross-section and its available length. If the current component has the 

same cross-section as the previous one and its length is shorter than the remaining length 

of the same cross-section, the cycle time for the saw is reduced by 3.28 minutes. This 

reduction represents the average time required to relocate the piece from the saw to the 

inventory and retrieve a new cross-section from the inventory. 

5.4.3. Scenario-based Optimization 

In this section, we explain scenario-based optimization with two hypothetical projects, 

including five different sequences and shipping dates. Project One includes three 

sequences, and Project Two includes two sequences. In the first scenario, as illustrated in 

Figure 5.4, all sequences are sorted based on their shipping dates. In this scenario, for 

every sequence, similarities among entities are considered to sort entities in order. In the 

second scenario, pairs of sequences are considered, while the last sequence is considered 

individually since no pair exists. Thereby, in each pair of sequences, similarities are 

considered for all the entities in the pair and sorted in order accordingly. In the third 

scenario, three sequences are considered together, and the remaining two sequences are as 

well. Henceforth, the similarities among the total entities of the three sequences and the 

similarities among the total entities of the two sequences are considered to sort entities in 

order in both groups. In the fourth scenario, four sequences are considered to find 
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similarities among their entities and sort them in order, while the last sequence is 

considered individually and sorted based on the similarities among its entities. In the fifth 

scenario, all five sequences are considered, and the similarities among their entities are 

used to sort them in order. The proposed similarity approach optimization revealed the 

most optimized scenario, leading to an improvement in productivity. 

 

Figure 5.4. An illustrative example of the proposed similarity approach 

5.5. Case Study, Validation, and the Baseline Scenario 

To verify the accuracy of the Discrete Event Simulation (DES), nine real projects were 

selected to compare the actual project costs with the simulated values. Table 5.1 presents 

a comparison between actual and DES-based costs. In this phase, the similarity function 

was not applied. The data in this table shows a close alignment between the actual labor 

costs and those simulated by the DES model across the projects. The strong correlation of 

96.51% between the actual and simulated results demonstrates DES model's capability to 

accurately predict labor costs in real-world scenarios. 
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Table 5.1. Comparison of Actual and Simulated Labor Costs for Validation of DES 

Model 

Project ID Actual (CA$)  Des base (CA$) 

1467 463,762 467,987 

1487 74,528 75,326 

1542 351,460 330,264 

1544 36,944 29,406 

1545 602,998 606,496 

1558 94,106 95,372 

1582 234,426 186,195 

1592 436,906 515,304 

1534 395,882 267,950 

Correlation 96.51% 

 

To validate the optimization results, three real-world projects were further analyzed. These 

projects were subsequently simulated in parallel using the proposed multi-project 

simulation optimization technique to determine the overall and optimized costs. The 

sequence group data for each project, including the number of steel elements and 

corresponding shipping dates, is summarized in Table 5.2. 
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Table 5.2 Sequence Group Data for Selected Projects Used in Optimization Validation 

Project ID Sequence Group ID Number of elements Shipping Date 

1534 1 111 30-Apr-21 

 2 432 14-Dec-21 

 3 66 09-May-22 

 4 429 11-Mar-23 

 5 365 26-May-23 

 6 396 30-Oct-23 

 7 219 01-Apr-24 

1542 1 71 17-Jul-21 

 2 398 23-Feb-22 

 3 458 13-Oct-22 

 4 555 13-Aug-23 

 5 628 15-Jan-24 

1582 1 355 29-Sep-21 

 2 588 27-Jul-22 

 3 529 26-Dec-22 

 

According to the number of total sequence groups, fifteen scenarios were generated in 

scenario-based optimization.  Using the framework proposed in this study, all fifteen 

scenarios were simulated, and their costs were optimized by considering similarities 

between steel elements. Table 5.3 summarizes the results of these scenarios compared to 

the actual and base scenarios, where the base scenario utilizes default ordering. As 

illustrated in Table 5.3, project costs were optimized in scenarios one through three. 

However, in scenarios four through fifteen, the project costs began to increase. 

Specifically, Scenario 3 achieved the lowest total cost (CA$766,152), representing a 2.4% 

reduction from the base scenario and a significant 22.0% reduction compared to the actual 

costs. The increase in costs from Scenario 4 onwards, despite relatively stable labor costs, 

can be attributed to escalating late shipping penalties, highlighting a critical trade-off in the 

optimization process. 
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Table 5.3 Summary of Scenario-Based Optimization Results Compared to Actual and 

Base Scenarios 

Scenario Labor (CA$) Late Shipping (CA$) Total (CA$) Δ Base (%) Δ Actual (%) 

Actual - - 981768 25.1% 0.0% 

Base 784637 0 784637 0.0% -20.1% 

1 768404 0 768404 -2.1% -21.7% 

2 768286 0 768286 -2.1% -21.7% 

3 766152 0 766152 -2.4% -22.0% 

4 766704 4350 771054 -1.7% -21.5% 

5 766272 13350 779622 -0.6% -20.6% 

6 765180 21450 786630 0.3% -19.9% 

7 764127 52950 817077 4.1% -16.8% 

8 764639 138000 902639 15.0% -8.1% 

9 764397 150300 914697 16.6% -6.8% 

10 764421 200400 964821 23.0% -1.7% 

11 763551 255450 1019001 29.9% 3.8% 

12 763297 288900 1052197 34.1% 7.2% 

13 763207 312900 1076107 37.1% 9.6% 

14 762326 340500 1102826 40.6% 12.3% 

15 762158 353700 1115858 42.2% 13.7% 

 

The detailed results, including the total cost and time saved at each station, are presented 

in Table 5.4 For instance, in the optimal Scenario 3, significant time savings were observed 

in Fitting (110,024 minutes) and Welding (37,862 minutes) compared to the base scenario. 

This detailed station-level data is crucial for identifying specific bottlenecks and areas 

where the similarity-based optimization yields the most substantial improvements. 
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Table 5.4 Detailed Cost and Time Saved per Station for Each Scenario 

Scenario 
Total Cost (CA$) Time saved (minute) 

Saw Wheelbrator Drill Copper Fitting Welding Saw Drill Fitting Welding 

Actual - - - - - - - - - - 

Base 42,385 44074 43034 21171 449683 184291 20356 5575 80294 28822 

1 40311 44074 42276 21171 439654 180919 26578 3300 106009 36849 

2 40160 44074 42297 21171 439686 180899 27031 3365 105928 36898 

3 40129 44074 42196 21171 438088 180494 27122 3060 110024 37862 

4 40110 44074 42226 21171 438548 180577 27181 3150 108845 37665 

5 39969 44074 42222 21171 438354 180482 27605 3140 109342 37889 

6 40080 44074 42171 21171 437458 180226 27270 2985 111639 38500 

7 40083 44074 42157 21171 436717 179925 27260 2945 113540 39216 

8 40038 44074 42167 21171 437064 180125 27395 2975 112651 38741 

9 39966 44074 42159 21171 436960 180067 27611 2950 112917 38879 

10 39973 44074 42169 21171 436953 180082 27591 2980 112935 38842 

11 40070 44074 42127 21171 436241 179868 27299 2855 114760 39352 

12 40102 44074 42112 21171 436023 179816 27204 2810 115321 39476 

13 40095 44074 42122 21171 435958 179787 27224 2840 115486 39546 

14 40077 44074 42077 21171 435395 179532 27280 2705 116929 40151 

15 40046 44074 42082 21171 435285 179500 27372 2720 117213 40228 

Figure 5.5 displays the trend of the total project costs across the base scenario and other 

fifteen scenarios, highlighting the initial cost reduction and subsequent increase as more 

penalties added to the cost due to late shipping of steel elements. 

 

 

Figure 5.5. Total cost of based on scenarios variation 
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Figure 5.5 illustrates the total cost associated with 15 different construction scenarios 

generated for three combined real-world projects listed in Table 5.2. The X-axis represents 

the scenario number (1–15), while the Y-axis shows the total cost in monetary units, 

including both labor costs and late shipping penalties. These scenarios reflect alternative 

construction sequences simulated to evaluate performance. A higher cost value implies 

lower productivity due to suboptimal planning—such as poor station utilization or 

penalties from schedule delays. The specific breakdown of labor and shipping costs for 

each scenario is detailed in Table 5.3, and the corresponding cost savings realized in each 

case are presented in Table 5.4. This figure supports the evaluation of how similarity-based 

optimization improves overall efficiency. 

5.6. Results and Discussion 

In steel prefabricated plants, replacing missing elements has always been a waste of time 

and resources. In some cases, replacing a missing component may take several months. For 

instance, some components may take several months to produce by their producer and 

transfer to the plant. Meanwhile, in the study plants, when a fitting is missing, the project 

is tagged and held somewhere unfinished, increasing the time by up to three times. 

However, in the proposed multi-project planning using the similarity optimization 

approach, since the same entities are bundled, the missing fittings could be replaced by 

other projects, saving time and improving efficiency. 

Moreover, since, in a common prefabricated plant, as many as ten projects are in execution 

at the same time, similarity optimization reduces leftovers in the place-cutting phase and 

minimizes component displacements. In steel prefabricated plants, projects with late 

shipping are a general and permanent drawback. Meanwhile, in the proposed multi-project 
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approach, this drawback is eliminated mainly due to smoother assembly and similarity 

optimization.  

The multi-project optimization and coordination framework presented in this chapter offers 

tangible benefits for enterprise-level production management in the Canadian off-site 

construction industry. By synchronizing multiple concurrent projects and optimizing 

shared resource allocation, the framework helps manufacturers mitigate bottlenecks, 

improve delivery reliability, and better utilize fabrication capacity. These capabilities are 

especially relevant to regions like New Brunswick and Ontario, where demand for 

prefabricated housing is increasing but plant throughput remains limited. Simulation 

results suggest that improved resource coordination could lead to up to 12% reduction in 

production time per unit and notable decreases in material waste and overtime costs, 

supporting Canada’s broader objectives for affordable and sustainable housing delivery. 

5.7. Conclusion and Future Work 

Prefabricated projects furnish productivity improvement in the construction industry. 

Additionally, modern prefabricated construction enterprises with ever-growing similar 

structures for conducting projects and parallel management of multiple projects, or a 

portfolio of projects, have become more critical. Therefore, multi-project management is 

the key to productivity improvement in prefabricated construction. This study introduces a 

similarity-based optimization approach for categorizing and sorting steel components for 

entity modeling in various scenarios of multi-project steel prefabricated construction. 

Moreover, process modeling of steel fabrication is conducted using plant information from 

process observations. Regarding productivity modeling, time study data and design 

specifications of steel components are captured from BIM and analyzed using Linear 
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Regression models to obtain the key specifications set within the components. Afterward, 

these three models are integrated into DES for cost and construction order optimization in 

multi-project steel prefabrication construction. 

In steel prefabricated plants, when an element does not exist to complete the assembly, the 

whole sequence sometimes remains unfinished for up to several months since some 

elements are outsourced by a producer and transferred to the prefabricated plant, which is 

a time-consuming process. However, in the proposed multi-project planning using the 

similarity optimization approach, since similar entities are categorized, the missing element 

could be replaced by other projects, saving time and improving efficiency. Moreover, based 

on the outcomes of the study plant, in a common prefabricated plant, as many as ten 

projects are in execution at the same time, while the proposed similarity optimization 

approach reduces leftovers in the place-cutting phase and minimizes component transfer. 

Furthermore, besides cost and construction order optimization using simulation, the late 

shipping date, a common drawback in prefabricated construction projects, was eliminated 

by running multiple projects concurrently. 

Despite the importance and growth of prefabricated construction, this method is still in the 

development stage. Furthermore, multi-project prefabricated construction adds more 

challenges for productivity improvement in this construction type. Meanwhile, based on 

the experience and results of this study, this type of construction introduces various 

potentials for productivity improvement. In multi-project prefabricated construction, 

various unprecedented factors affect the construction. For instance, meteorological 

parameters such as precipitation, wind, sunlight, and temperature have proven effective in 

these constructions. Hence, considering such factors for productivity modeling is 
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promising. Moreover, developing an expert system to add insights to the proposed 

framework could improve productivity as well. 

Overall, the contribution of this study can be viewed from both theoretical and practical 

perspectives. Theoretically, it extends the body of knowledge by combining discrete-event 

simulation, heuristic optimization, and similarity-based clustering into an integrated 

framework for multi-project coordination in prefabricated construction. This integration 

introduces a novel approach for synchronizing concurrent projects under pull-based 

scheduling principles. Practically, the framework demonstrates measurable benefits 

validated through real industry data, including reduced material leftovers, optimized 

cutting sequences, and improved project coordination through concurrent execution. These 

outcomes provide a clear pathway for industrial implementation while also contributing to 

ongoing academic discussions on data-driven productivity improvement in off-site 

construction. 

This chapter answers the third question of the thesis through developing an integrated DES-

based hybrid optimization framework for multi-project coordination, using scenario 

modeling and productivity analysis to implement pull-based scheduling principles, and 

demonstrates improvements in cost optimization, coordination, and operational efficiency 

across concurrent projects. 
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Chapter 6: Conclusion  

6.1 Summary of the Research 

This thesis presents a comprehensive framework for improving productivity estimation, 

production planning, and coordination in prefabricated steel construction projects. By 

integrating Building Information Modeling (BIM), productivity modeling, data 

augmentation techniques, heuristic sequencing, and Discrete Event Simulation (DES), this 

research addresses key challenges in construction process optimization. 

The first study focused on enhancing productivity forecasting by leveraging data 

augmentation techniques to compensate for the limited availability of time study data. The 

results demonstrated that the application of normal noise augmentation significantly 

improved prediction accuracy, yielding a 58%–71% enhancement over conventional 

industry estimates. This contribution enables construction managers to make more 

informed decisions regarding resource allocation and project scheduling, ultimately 

reducing the likelihood of delays. 

The second study introduced a novel BIM-based framework that integrates engineering 

specifications extracted from 3D models and NC data with predictive analytics for 

estimating worker-hours in steel fabrication plants. The framework was further enhanced 

with a heuristic sequencing model and DES to optimize production flow. The results 

validated the approach’s robustness, achieving a 99% correlation with real-world 

productivity reports and reducing labor costs by 13 %. The comparative analysis with 

Genetic Algorithms (GA) confirmed the efficiency of the heuristic approach in 

streamlining construction sequencing while maintaining computational feasibility. 
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Additionally, a management dashboard was developed to facilitate real-time decision-

making for production planners and industry practitioners. 

The third study extended the research by addressing the challenges associated with multi-

project coordination in prefabricated steel construction. A hybrid optimization approach 

combining similarity analysis, process modeling, productivity modeling, and DES was 

proposed to optimize cost and construction sequences for multiple concurrent projects. The 

study demonstrated that the optimized planning approach not only improved efficiency but 

also mitigated issues such as missing components, inefficient resource transfers, and 

shipping delays. These findings highlight the potential for advanced computational models 

to revolutionize production planning in steel fabrication plants and similar industrial 

settings. 

6.2 Summary of Research Contributions 

The research presented in this dissertation contributes significantly to the advancement of 

productivity estimation and optimization in prefabricated construction, particularly in the 

steel fabrication industry. The findings are structured around three key studies, each 

addressing different aspects of construction process efficiency through the integration of 

Building Information Modeling (BIM), artificial intelligence, heuristic optimization, and 

Discrete Event Simulation (DES). 

6.2.1 Paper 1: BIM-Based Productivity Estimation with Data Augmentation 

The first paper (P1) focuses on enhancing productivity estimation in steel fabrication plants 

using BIM and machine learning models, specifically Artificial Neural Networks (ANNs) 

trained on augmented time study data. One of the major challenges in productivity 
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estimation is the scarcity of high-quality, labeled datasets that capture the complexity of 

real-world manufacturing operations. To address this, the study applies four different data 

augmentation techniques—normal noise, interpolation, clustering, and Bayesian Linear 

Regression—to expand existing productivity data and improve the predictive accuracy of 

ANN models. The results demonstrate that data augmentation significantly enhances the 

reliability of productivity estimates, reducing prediction errors by 2.1% to 31.1% compared 

to models trained on non-augmented datasets. 

6.2.2 Paper 2: Optimized Production Planning through Heuristic Scheduling 

The second paper introduces a BIM-integrated heuristic scheduling framework designed 

to optimize construction sequencing in steel fabrication plants. Traditional scheduling 

approaches rely heavily on expert intuition and predefined rules, which often fail to account 

for dynamic project conditions and real-time variations in manufacturing processes. This 

study overcomes these limitations by incorporating heuristic optimization techniques, 

enabling production managers to determine the most efficient order of assembling steel 

components based on their design complexity, processing requirements, and station 

availability. Additionally, Discrete Event Simulation (DES) is used to validate the 

proposed scheduling approach, demonstrating its effectiveness in reducing labor costs by 

13 % and minimizing production delays. 

6.2.3 Paper 3: Multi-Project Optimization in Steel Prefabrication 

The third paper extends the previous research by addressing multi-project scheduling and 

optimization challenges in steel prefabrication. Many prefabrication plants handle multiple 

projects simultaneously, leading to inefficiencies in resource allocation, inventory 
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management, and transportation logistics. This study develops a hybrid optimization 

framework that combines similarity-based clustering, process modeling, productivity 

estimation, and DES simulation to optimize both construction sequencing and cost 

efficiency. The results indicate that grouping similar steel components together during 

production reduces material movement inefficiencies and decreases project completion 

time. Additionally, the study proposes a customized BIM-based plugin for extracting 

detailed component specifications, allowing for automated time estimation and process 

simulation. 

6.3 Integration of Findings 

While each of the three papers presents a distinct contribution to construction productivity 

management, their integration reveals a holistic approach to digital transformation in 

prefabricated steel construction. The core theme across all studies is the utilization of BIM 

as a central data repository, coupled with advanced computational methods to enhance 

decision-making in construction planning, scheduling, and execution. 

6.3.1. BIM-Enabled Productivity Estimation 

One of the key takeaways from this research is the effectiveness of BIM-driven data 

extraction and augmentation in improving labor-hour predictions. In Paper 1, a data-driven 

approach to productivity estimation was introduced, where BIM was leveraged to extract 

detailed design complexity features, such as number of fittings, weld lengths, and bolted 

components. This data was then augmented using synthetic techniques to train a more 

robust predictive model. The success of this approach suggests that data augmentation can 

serve as a powerful tool for mitigating data scarcity challenges in construction machine 

learning applications. 
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6.3.2. Heuristic Optimization for Scheduling 

The findings from Paper 2 reinforce the need for dynamic scheduling models that move 

beyond static production planning. The study demonstrated that by using heuristic rules 

based on design similarity and processing requirements, fabrication sequencing could be 

significantly optimized, leading to improved workflow efficiency and reduced idle time. 

Furthermore, the integration of simulation-based validation through DES provided 

empirical evidence that production planning strategies must be continuously adjusted based 

on real-time factory conditions rather than relying on predefined static schedules. 

6.3.3. Multi-Project Coordination and Similarity-Based Optimization 

Paper 3 extends the scope of the research to multi-project environments, recognizing that 

prefabrication plants often deal with multiple concurrent projects with overlapping 

resource needs. This paper introduced a similarity-based optimization approach that 

clusters structurally similar components together in production batches. By doing so, the 

study showed that logistical inefficiencies could be reduced, component transportation 

times could be minimized, and overall project completion time could be improved. This 

finding highlights the importance of cross-project coordination in prefabrication plants and 

suggests that BIM-integrated optimization strategies can be applied at both micro (single 

project) and macro (multi-project) levels. 

6.3.4. Collective Impact of the Three Studies 

When considered collectively, these studies form a comprehensive framework for 

enhancing productivity in steel prefabrication. Paper 1 focuses on data-driven prediction, 

Paper 2 emphasizes optimized sequencing, and Paper 3 addresses multi-project 
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coordination. Together, they present a scalable and adaptable system that integrates BIM-

based analytics, simulation, and optimization to enable real-time, automated decision-

making in prefabricated construction. 

6.4 Theoretical and Practical Implications: 

The research presented in this dissertation contributes to both theoretical knowledge and 

practical advancements in prefabricated construction. By addressing critical challenges in 

productivity estimation, scheduling, and multi-project optimization, this work bridges gaps 

in the existing literature while offering actionable insights for construction managers, 

software developers, and policymakers. 

6.4.1 Theoretical Contributions 

This research advances the theory of construction productivity modeling by integrating 

Building Information Modeling (BIM) with similarity-based sequencing and machine 

learning (ML) to enable adaptive, data-driven construction planning. Traditional 

productivity models rely on static, expert-defined assumptions and deterministic 

scheduling tools (e.g., CPM), which often fail to reflect the dynamic and repetitive nature 

of construction workflows. By applying ML algorithms to detect process pattern 

similarities across BIM-integrated project schedules, this study introduces a case-based 

reasoning framework that enables automatic retrieval, adaptation, and optimization of 

planning sequences. This novel approach contributes to theory in three key ways: (1) it 

formalizes the use of historical schedule data as a knowledge base for intelligent planning, 

(2) it transforms BIM from a passive visualization tool into an active decision-support 

system for real-time, context-aware scheduling, and (3) it embeds learning and feedback 

loops into construction planning theory, aligning with emerging paradigms in predictive, 
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AI-driven project management. In doing so, this research bridges the gap between expert-

centric planning and data-centric automation, laying the groundwork for next-generation 

construction management systems. 

6.4.1.1 Advancing BIM-Integrated Productivity Estimation 

One of the major theoretical contributions of this research is the integration of BIM-based 

data extraction with machine learning models to improve productivity estimation in steel 

fabrication. Traditional approaches to construction productivity forecasting have often 

relied on historical data and expert judgment, both of which are prone to bias and 

variability. This dissertation demonstrates that by leveraging BIM data—specifically 

design complexity features such as connection types and fabrication details—it is possible 

to enhance the predictive capabilities of Artificial Neural Networks (ANNs). 

Furthermore, the introduction of data augmentation techniques for productivity estimation 

presents a novel theoretical contribution. While data augmentation is a well-established 

technique in computer vision and natural language processing, its application to 

construction productivity forecasting is largely unexplored. This research establishes that 

synthetically generated training data can improve machine learning models’ performance 

in construction management, thereby expanding the field’s understanding of data scarcity 

mitigation strategies. 

6.4.1.2 Heuristic Scheduling for Prefabrication Projects 

The second key theoretical contribution comes from the heuristic optimization model for 

construction sequencing introduced in Paper 2. Unlike conventional scheduling techniques 

that rely on deterministic algorithms (e.g., critical path method or Gantt charts), this 



 

138 

 

research incorporates heuristics that adapt dynamically to changing project constraints. 

This aligns with the growing recognition in construction management literature that static 

scheduling models are inadequate for complex prefabrication projects. The integration of 

heuristic scheduling with Discrete Event Simulation (DES) also contributes to the 

theoretical framework of construction process simulation, demonstrating how heuristic 

models can be validated and refined using real-world production data. 

6.4.1.3 Multi-Project Optimisation through Similarity-Based Clustering 

The third major theoretical contribution is the development of a multi-project optimization 

framework for prefabrication plants, introduced in Paper 3. This framework is one of the 

first to systematically cluster steel components based on structural similarity and integrate 

this clustering approach with simulation-based scheduling. The research challenges the 

traditional assumption that each project must be scheduled independently, instead 

demonstrating that inter-project coordination can significantly enhance resource 

efficiency. 

These contributions expand the theoretical foundations of BIM-integrated optimization, 

data-driven decision-making, and adaptive scheduling within construction management. 

6.4.2 Practical Implications 

While the theoretical contributions of this dissertation provide new insights for the 

academic community, its findings also have direct and immediate applications in the 

construction industry. 

A comparison between the Simulation-Driven Construction Optimization method 

proposed in this thesis (Fig. 5.1) and the Rule-Based Productivity Logic (Fig. 4.1) 
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highlights a key advancement: the introduction of refined Cycle Time calculations based 

on entity-specific attributes, such as cross-section, bolt diameter, and historical entity 

similarities. This refinement significantly improves the accuracy of productivity 

estimations. These enhanced Cycle Times are then fed into the simulation process depicted 

in Fig. 4.1, where they play a crucial role in optimizing construction schedules and cost 

projections. Essentially, Fig. 5.1 operates as a data-driven decision engine, generating 

detailed productivity insights that integrate seamlessly into the simulation framework of 

Fig. 4.1. This integration supports more context-aware and informed construction planning 

decisions. 

6.4.2.1 Enhancing Productivity Forecasting for Fabrication Plants 

One of the most pressing challenges in steel fabrication plants is the unpredictability of 

labor requirements and fabrication times. The BIM-integrated ANN model developed in 

this research offers an automated and highly accurate approach for predicting labor-hour 

requirements at each workstation. This has several key practical benefits: 

• Better workforce planning: By accurately forecasting labor requirements, 

managers can allocate workers more efficiently, reducing idle time and labor 

shortages. 

• Improved cost estimation: More precise productivity forecasting allows more 

accurate budget allocation for labor costs, reducing cost overruns. 

• Automated decision support: The developed system can be integrated into 

existing construction management software to enable real-time adjustments to 

production schedules. 
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6.4.2.2 Optimizing Construction Order and Reducing Wasted Effort 

The heuristic scheduling model developed in Paper 2 has direct applicability in 

prefabrication plants that deal with diverse and complex steel components. By 

implementing this system, fabrication managers can: 

• Reduce processing delays by dynamically sequencing components based on real-

time constraints. 

• Minimize material movement inefficiencies, leading to reduced downtime and 

improved station utilization. 

• Ensure timely project completion by prioritizing components with high 

fabrication complexity earlier in the workflow. 

6.4.2.3 Multi-Project Coordination for Improved Industry Productivity 

The multi-project optimization framework presented in P3 has substantial implications for 

large-scale prefabrication firms that handle multiple projects simultaneously. By grouping 

similar components across different projects and optimizing their production order, 

companies can: 

• Lower overall fabrication costs by reducing redundancy in material movements. 

• Improve logistics efficiency by scheduling similar components for concurrent 

processing. 

• Enhance project synchronization by enabling real-time adjustments to project 

workflows. 
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Collectively, these practical contributions offer scalable, adaptable, and industry-ready 

solutions for optimizing construction productivity in steel fabrication and prefabrication 

plants. 

6.5 Limitations and Challenges: 

Despite its contributions, this research is not without limitations, many of which highlight 

avenues for future exploration. 

6.5.1. Data Availability and Model Generalizability 

One of the primary limitations of this research lies in the availability and scope of the time-

study data used for training the predictive models. The ANN-based productivity model 

developed in Chapter 3 was trained on data collected from a single fabrication plant. While 

the model achieved strong predictive accuracy within this environment, the limited dataset 

introduces a potential risk of overfitting, meaning that the model may capture plant-specific 

patterns rather than generalizable production behaviors. Although cross-validation and 

regularization techniques were applied to improve model robustness, its applicability to 

other fabrication plants with different production methods, equipment, or workforce 

dynamics remains uncertain. 

To address this limitation, future work should focus on expanding the dataset through 

multi-site collaboration to capture a broader range of operational conditions. Additionally, 

cross-industry validation and federated or ensemble learning techniques could be used to 

mitigate overfitting while maintaining data privacy across plants. These efforts would 

strengthen model generalizability and support the development of standardized, scalable 

productivity prediction frameworks for the wider prefabrication industry. 
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6.5.2. Computational Complexity in Heuristic Scheduling 

The heuristic scheduling approach developed in Paper 2 provides substantial improvements 

over manual scheduling, but it still faces challenges in large-scale projects. As fabrication 

plants increase in size and complexity, the computational cost of heuristic simulations may 

become prohibitive. Future research should explore hybrid optimization methods that 

combine heuristics with reinforcement learning for more efficient scheduling. 
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6.5.3. Industry Adoption and Technological Barriers 

Despite the promising potential of the proposed BIM-driven and data-integrated 

framework to enhance production efficiency, several implementation challenges may limit 

its widespread adoption. The integration of advanced analytics, simulation, and automation 

technologies often entails substantial upfront investments in software, digital 

infrastructure, and system interoperability. Many fabrication facilities also face technical 

expertise gaps, limiting their ability to manage machine learning workflows or integrate 

real-time data with BIM environments. 

Beyond technical issues, workforce adaptation and resistance to automation remain 

significant hurdles. Operators and managers require training to effectively utilize predictive 

models, simulation tools, and visualization platforms. Furthermore, traditional labor-

intensive practices in the construction sector can slow the acceptance of digital solutions. 

To overcome these barriers, gradual and strategic adoption is recommended—beginning 

with small-scale pilot projects that demonstrate tangible productivity gains and operational 

benefits. Cost–benefit analyses and industry-specific implementation guidelines should be 

developed to help decision-makers evaluate return on investment. Moreover, ongoing 

industry–academic collaborations can facilitate the progressive integration of BIM-based 

AI and simulation tools into existing workflows, minimizing disruption while promoting 

digital transformation in off-site construction. 

6.5.4. Uncertainty Propagation in Predictive and Scheduling Models 

Another key limitation of this research is the propagation of uncertainty through the 

predictive and scheduling models. In practical fabrication settings, the accuracy of input 

data—particularly from design drawings and digital models—can vary depending on the 



 

144 

 

completeness and quality of documentation. Instances where drawings are revised, 

ambiguous, or missing key details often lead to inaccuracies in time estimation, which 

subsequently propagate through the Discrete-Event Simulation (DES) and optimization 

processes. These compounded uncertainties can reduce both prediction accuracy and 

schedule optimality, resulting in deviations between simulated and actual production 

performance. 

To strengthen model reliability, future studies should consider incorporating probabilistic 

modeling or Bayesian inference techniques to explicitly represent uncertainty in input 

parameters. Such methods would enable quantification of confidence intervals around 

predicted outcomes, allowing practitioners to evaluate not only the most likely 

performance but also the associated risk bounds of their scheduling and planning decisions. 

6.5.5. Scope of the Pull-Based JIT Framework  

The pull-based Just-in-Time (JIT) synchronization framework proposed in this research 

aimed to align fabrication sequences with shipping schedules to improve flow efficiency 

and minimize material handling. However, the framework was tested under ideal 

operational conditions and did not account for logistical disruptions such as delivery 

delays, supply chain interruptions, or equipment breakdowns. These events are common in 

real-world fabrication and transportation environments and could significantly impact the 

performance and stability of a JIT system. 

While modeling such disruptions was beyond the defined scope of this study, their potential 

influence on system performance should not be overlooked. Future research should 

incorporate stochastic simulation or resilience-oriented modeling approaches to evaluate 

how the proposed framework performs under uncertain conditions. Integrating disruption 
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scenarios into the simulation environment would allow researchers and practitioners to 

assess recovery strategies, quantify delay impacts, and design more adaptive JIT 

coordination mechanisms for off-site construction logistics. 
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6.5.6. Generalization of Multi-Project Clustering 

The similarity-based clustering approach developed in Chapter 5 was designed to improve 

coordination across multiple fabrication projects by grouping similar components and 

aligning production sequences. While this method proved effective for projects with 

comparable structural characteristics, its generalization to highly diverse datasets remains 

a limitation. When project components vary significantly in geometry, connection type, 

size, or fabrication complexity, the resulting feature space becomes highly non-uniform, 

reducing the clustering accuracy and potentially leading to suboptimal grouping. 

Future studies should explore adaptive clustering algorithms capable of learning from data 

distributions and dynamically adjusting feature weights based on project characteristics. 

Machine learning techniques—such as feature embedding, dimensionality reduction, or 

self-organizing maps—could improve robustness when dealing with heterogeneous or 

large-scale datasets. Incorporating such adaptive clustering strategies would enhance the 

framework’s scalability and applicability across different fabrication systems and 

construction domains. 

6.5.7. Scalability of the Heuristic Scheduling Approach 

While the heuristic scheduling model developed in Chapter 4 demonstrated strong 

performance for single-project and medium-scale fabrication scenarios, its scalability to 

large or multi-project systems remains a limitation. As the number of assemblies, 

workstations, and interdependencies grows, the computational cost of heuristic-based 

optimization increases significantly, potentially affecting convergence speed and schedule 

accuracy. This limitation is particularly relevant for real-world industrial applications 

where projects involve thousands of components and multiple concurrent production lines. 
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Future research should investigate methods to improve scalability through parallel or 

distributed computing architectures, which can divide computational loads across multiple 

processors. Additionally, hybrid optimization frameworks that combine heuristic logic 

with reinforcement learning or metaheuristic search algorithms (such as particle swarm or 

ant colony optimization) could improve convergence efficiency. Conducting 

computational benchmarking experiments on progressively larger datasets will also help 

quantify the relationship between project scale and computational demand, providing a 

foundation for optimizing performance in complex or near real-time scheduling 

environments. 

6.5.8. Computational Complexity and Real-Time Feedback 

Another important limitation of the proposed framework relates to the computational 

complexity of the heuristic scheduling algorithm, particularly when applied to large-scale 

or real-time production scenarios. As the number of components and scheduling constraints 

increases, the computational effort required to identify optimal or near-optimal sequences 

grows exponentially. In practical applications, fabrication environments often require near 

real-time feedback, where the scheduling algorithm must adapt dynamically to new 

information—such as updated production progress, equipment breakdowns, or material 

availability—without significant delays. 

Currently, the heuristic algorithm is optimized for efficiency but is not yet configured for 

real-time or streaming data contexts. Future work should explore incremental or rolling-

horizon optimization techniques that allow continuous schedule updates without full 

recomputation. Additionally, distributed or edge computing architectures could be 

employed to process scheduling updates locally, minimizing response time. Combining 
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heuristic optimization with reinforcement learning or adaptive caching mechanisms could 

further enhance computational efficiency and responsiveness, enabling the framework to 

function as a real-time decision-support tool for intelligent fabrication management. 

6.6. Future Research Directions 

Among the proposed future research directions, the most immediate priority is developing 

a Federated Learning framework for cross-site productivity prediction. This approach 

directly tackles the key limitation of limited data availability while preserving plant-level 

data confidentiality. In addition, real-time adaptive scheduling is identified as a near-term 

goal for enabling dynamic optimization under changing production conditions. Over the 

longer term, robotic fabrication integration and sustainability-oriented optimization are 

seen as complementary developments that will extend the framework’s industrial and 

environmental impact. Collectively, these priorities form a roadmap toward an intelligent, 

collaborative, and sustainable manufacturing ecosystem for off-site construction. Building 

on the insights gained in this dissertation, future research should explore: 

6.6.1. Federated Learning for Cross-Site Productivity Prediction 

One of the key challenges in productivity estimation, as discussed in Chapter 3 (Paper 1), 

is the limited availability of high-quality data for training machine learning models. Since 

data is often collected from a single fabrication plant, it may not fully generalize to other 

facilities with different processes, equipment, and labor conditions. A promising solution 

is federated learning, which allows multiple prefabrication plants to train shared models 

without exposing their raw data. This approach ensures privacy preservation while 

enabling collective learning, leading to more accurate and adaptable productivity forecasts 

across different sites. Future research should focus on how federated learning can be 
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effectively integrated with BIM-based productivity estimation, ensuring that key design 

and process features are extracted in a standardized manner. Additionally, developing 

techniques for aggregating model updates while maintaining robustness against variations 

in data quality and distribution will be essential for applying this approach to real-world 

prefabrication scenarios. 

6.6.2. Real-Time BIM-Driven Adaptive Scheduling 

The heuristic scheduling model developed in Chapter 4 (Paper 2) demonstrated 

improvements in construction sequencing and labor-hour estimation. However, it relies on 

predefined scheduling heuristics, which may not fully account for dynamic project 

conditions such as material shortages, equipment malfunctions, or sudden changes in 

workforce availability. To enhance scheduling flexibility, future research should focus on 

real-time adaptive scheduling systems that continuously update based on real-world inputs. 

This could be achieved by integrating sensor-based monitoring and machine learning 

algorithms to detect deviations from planned workflows and suggest real-time adjustments. 

By incorporating IoT-enabled tracking of materials, automated progress reporting, and AI-

driven decision-making, scheduling models could dynamically adjust fabrication 

sequences, reducing idle time and improving production efficiency. This would result in a 

self-correcting scheduling framework capable of responding to disruptions without the 

need for extensive manual intervention. 

6.6.3. Integration of Robotics with Prefabrication Planning 

In Chapter 5 (Paper 3), optimizing multi-project scheduling was shown to reduce 

inefficiencies in production planning by grouping similar steel components together. 

However, the process remains labor-intensive, requiring manual handling of components 
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during fabrication and assembly. Future research should explore how BIM-driven 

scheduling models can be integrated with robotic fabrication to further enhance 

productivity. By automating key tasks such as component positioning, welding, cutting, 

and material transport, robotic systems could significantly reduce labor costs and improve 

precision. The next step in this research would involve developing task-planning 

algorithms that translate BIM-generated schedules into executable robotic instructions, 

ensuring seamless coordination between design models and robotic workstations. 

Additionally, integrating robotic simulation software with BIM-based prefabrication 

models could help optimize robotic workflows before deployment, reducing errors and 

maximizing efficiency in automated prefabrication environments. 

6.6.4. Sustainability-Oriented Optimization 

While the focus of Chapter 3, Chapter 4, and Chapter 5 (Paper 1, Paper 2, and Paper 3) has 

been on improving productivity and scheduling efficiency, future research should also 

incorporate sustainability considerations into prefabrication planning. The construction 

industry is increasingly prioritizing carbon footprint reduction and material waste 

minimization, yet traditional productivity models often overlook these factors. A promising 

direction for future research is the development of multi-objective optimization models 

that balance productivity, cost, and sustainability. By integrating environmental impact 

assessments into BIM-based simulations, fabrication plants could optimize material usage, 

minimize excess waste, and adopt energy-efficient production strategies. Additionally, 

scheduling models could be enhanced to factor in transportation logistics and energy 

consumption, ensuring that project workflows are optimized for both efficiency and 

environmental responsibility. By incorporating sustainability metrics into BIM-driven 
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decision-making, prefabrication processes can become more resource-efficient and 

environmentally sustainable while maintaining high levels of productivity. 

6.6.5. Sensitivity and Robustness Analysis of Simulation Models 

Future research should focus on performing a comprehensive sensitivity and robustness 

analysis of the Discrete-Event Simulation (DES) model parameters developed in this study. 

Parameters such as workstation cycle times, buffer capacities, and crew allocations vary 

across projects and fabrication environments, directly influencing production throughput 

and scheduling reliability. 

Employing techniques such as Monte Carlo simulation, Sobol sensitivity indices, or 

variance-based global sensitivity analysis can help quantify how variations in these 

parameters impact key outputs like cycle time, queue length, and resource utilization. This 

would not only improve the understanding of parameter uncertainty but also enhance the 

robustness and credibility of DES-driven optimization frameworks. By identifying the 

most sensitive parameters, future studies can prioritize data collection efforts and 

calibration processes, ensuring that simulation-based planning remains both realistic and 

resilient under fluctuating production conditions. 

6.7 Final Remarks: 

This dissertation represents a significant step forward in the automation and optimization 

of prefabricated construction. By integrating BIM, AI, simulation, and heuristic 

optimization, this research provides a comprehensive framework for digitalizing 

construction management. The methodologies presented here offer scalable, adaptable 

solutions for improving productivity, efficiency, and cost-effectiveness in prefabrication. 
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As the construction industry moves toward greater automation and digitalization, the 

integration of AI-driven decision support systems with real-time BIM data will become 

increasingly critical. This research serves as a foundation for future developments in AI-

enabled construction planning, offering practical pathways toward more intelligent, 

automated, and efficient construction processes. 

  



 

153 

 

 Reference 

Abbasi, Saman, Katayoon Taghizade, and Esmatullah Noorzai. 2020. “BIM-Based 

Combination of Takt Time and Discrete Event Simulation for Implementing 

Just in Time in Construction Scheduling under Constraints.” Journal of 

Construction Engineering and Management 146 (12). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001940. 

Abdul Nabi, Mohamad, and Islam H. El-adaway. 2022. “A Proactive Risk 

Assessment Framework to Maximize Schedule Benefits of Modularization in 

Construction Projects.” Journal of Construction Engineering and Management 

148 (7). https://doi.org/10.1061/(ASCE)CO.1943-7862.0002311. 

Adebowale, Oluseyi Julius, and Justus Ngala Agumba. 2023. “A Meta-Analysis of 

Factors Affecting Labour Productivity of Construction SMEs in Developing 

Countries.” Journal of Engineering, Design and Technology 21 (5): 1441–60. 

Afifi, Mona, Ahmed Fotouh, Mohamed Al-Hussein, and Simaan Abourizk. 2022. 

“Integrated Lean Concepts and Continuous/Discrete-Event Simulation to 

Examine Productivity Improvement in Door Assembly-Line for Residential 

Buildings.” International Journal of Construction Management 22 (13): 2423–

34. 

Aghajamali. 2024. “Enhancing Productivity and Efficiency in Steel Fabrication for 

Offsite Construction: A Study on Accurate Estimation Models.” In , 5 Jun-7 

Jun. Niagara Falls: CSCE Annual Conference. 

Ahmed, Ahmed Mohammed Teen, and Ana Maria Gramescu. 2019. “Contribution 

of Prefabricated Constructions to Reduce the Risk of Project Management.” In . 

https://doi.org/10.11159/icsect19.144. 

Akanbi, Temitope, and Jiansong Zhang. 2021. “Design Information Extraction from 

Construction Specifications to Support Cost Estimation.” Automation in 

Construction 131 (November):103835. 

https://doi.org/10.1016/j.autcon.2021.103835. 

Albuquerque, Augusto T De, K Mounir, and Antonio M C Melo. 2012. “A Cost 

Optimization-Based Design of Precast Concrete Floors Using Genetic 

Algorithms.” Automation in Construction 22:348–56. 

Alfeld, Louis Edward. 1988. Construction Productivity: On-Site Measurement and 

Management. McGraw-Hill. 

Altaf, Mohammed Sadiq, Ahmed Bouferguene, Hexu Liu, Mohamed Al-Hussein, 

and Haitao Yu. 2018. “Integrated Production Planning and Control System for 

a Panelized Home Prefabrication Facility Using Simulation and RFID.” 

Automation in Construction 85 (January):369–83. 

https://doi.org/10.1016/j.autcon.2017.09.009. 

Arashpour, Mehrdad, Vineet Kamat, Yu Bai, Ron Wakefield, and Babak Abbasi. 

2018. “Optimization Modeling of Multi-Skilled Resources in Prefabrication: 



 

154 

 

Theorizing Cost Analysis of Process Integration in off-Site Construction.” 

Automation in Construction 95:1–9. 

Arashpour, Mehrdad, Ron Wakefield, Babak Abbasi, E.W.M. Lee, and James 

Minas. 2016. “Off-Site Construction Optimization: Sequencing Multiple Job 

Classes with Time Constraints.” Automation in Construction 71 

(November):262–70. https://doi.org/10.1016/j.autcon.2016.08.001. 

Azhar, Salman, Malik Khalfan, and Tayyab Maqsood. 2012. “Building Information 

Modeling (BIM): Now and Beyond.” Australasian Journal of Construction 

Economics and Building, The 12 (4): 15–28. 

Browning, Tyson R, and Ali A Yassine. 2010. “Resource-Constrained Multi-Project 

Scheduling: Priority Rule Performance Revisited.” International Journal of 

Production Economics 126 (2): 212–28. 

Choi, Jungsik, Hansaem Kim, and Inhan Kim. 2015. “Open BIM-Based Quantity 

Take-off System for Schematic Estimation of Building Frame in Early Design 

Stage.” Journal of Computational Design and Engineering 2 (1): 16–25. 

https://doi.org/10.1016/j.jcde.2014.11.002. 

Chrysafis, Konstantinos A., and Basil K. Papadopoulos. 2015. “Possibilistic 

Moments for the Task Duration in Fuzzy PERT.” Journal of Management in 

Engineering 31 (5). https://doi.org/10.1061/(ASCE)ME.1943-5479.0000296. 

Dallasega, Patrick, Elisa Marengo, and Andrea Revolti. 2021. “Strengths and 

Shortcomings of Methodologies for Production Planning and Control of 

Construction Projects: A Systematic Literature Review and Future 

Perspectives.” Production Planning & Control 32 (4): 257–82. 

“Dotnet.Microsoft.Com,.” 2019. 2019. 

Du, Jing, Mohamed El-Gafy, and Dong Zhao. 2016. “Optimization of Change Order 

Management Process with Object-Oriented Discrete Event Simulation: Case 

Study.” Journal of Construction Engineering and Management 142 (4). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001092. 

Eastman, Charles M. 2011. BIM Handbook: A Guide to Building Information 

Modeling for Owners, Managers, Designers, Engineers and Contractors. John 

Wiley & Sons. 

ElNimr, Amr, Muaz Fagiar, and Yasser Mohamed. 2016. “Two-Way Integration of 

3D Visualization and Discrete Event Simulation for Modeling Mobile Crane 

Movement under Dynamically Changing Site Layout.” Automation in 

Construction 68 (August):235–48. 

https://doi.org/10.1016/j.autcon.2016.05.013. 

Fang, Liwei, and Masahiro Arakawa. 2024. “Construction Cost Optimization of 

Prefabricated Buildings Based on BIM Technology.” Information Resources 

Management Journal (IRMJ) 37 (1): 1–14. 

Fayek, Aminah Robinson, and Ayodele Oduba. 2005. “Predicting Industrial 

Construction Labor Productivity Using Fuzzy Expert Systems.” Journal of 



 

155 

 

Construction Engineering and Management 131 (8): 938–41. 

https://doi.org/10.1061/(ASCE)0733-9364(2005)131:8(938). 

Fernandes, Roberto Godoy, Leonardo Vils, Jaime Bartholomeu Filho, and Rogerio 

Homem da Costa. 2024. “Building Information Modeling (BIM) and Project 

Management: Cost Optimization Based on the Simulation of Computational 

Models.” Revista Inovação, Projetos e Tecnologias 12 (1): e25253–e25253. 

Ghasemi Poor Sabet, Pejman, and Heap-Yih Chong. 2020. “Pathways for the 

Improvement of Construction Productivity: A Perspective on the Adoption of 

Advanced Techniques.” Advances in Civil Engineering 2020 (1): 5170759. 

Golnaraghi, Sasan, Zahra Zangenehmadar, Osama Moselhi, and Sabah Alkass. 

2019. “Application of Artificial Neural Network(s) in Predicting Formwork 

Labour Productivity.” Advances in Civil Engineering 2019 (1). 

https://doi.org/10.1155/2019/5972620. 

Goodall, Paul, Richard Sharpe, and Andrew West. 2019. “A Data-Driven Simulation 

to Support Remanufacturing Operations.” Computers in Industry 105 

(February):48–60. https://doi.org/10.1016/j.compind.2018.11.001. 

Guo, Y.W., W.D. Li, A.R. Mileham, and G.W. Owen. 2009. “Applications of 

Particle Swarm Optimisation in Integrated Process Planning and Scheduling.” 

Robotics and Computer-Integrated Manufacturing 25 (2): 280–88. 

https://doi.org/10.1016/j.rcim.2007.12.002. 

Gurmu, Argaw Tarekegn, and Citra S. Ongkowijoyo. 2020. “Predicting 

Construction Labor Productivity Based on Implementation Levels of Human 

Resource Management Practices.” Journal of Construction Engineering and 

Management 146 (3). https://doi.org/10.1061/(ASCE)CO.1943-7862.0001775. 

Hammad, Ahmed Wa, Hanna Grzybowska, Monty Sutrisna, Ali Akbarnezhad, and 

Assed Haddad. 2020. “A Novel Mathematical Optimisation Model for the 

Scheduling of Activities in Modular Construction Factories.” Construction 

Management and Economics 38 (6): 534–51. 

Han, Pengxiang Alex, Ming-Fung Francis Siu, Simaan AbouRizk, Di Hu, and Ulrich 

Hermann. 2017. “3D Model-Based Quantity Take-Off for Construction 

Estimates.” In Computing in Civil Engineering 2017, 118–24. Reston, VA: 

American Society of Civil Engineers. 

https://doi.org/10.1061/9780784480823.015. 

Hassan, Rania, Babak Cohanim, Olivier de Weck, and Gerhard Venter. 2005. “A 

Comparison of Particle Swarm Optimization and the Genetic Algorithm.” In 

46th AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics and 

Materials Conference. Reston, Virigina: American Institute of Aeronautics and 

Astronautics. https://doi.org/10.2514/6.2005-1897. 

He, Wei, Wenjing Li, and Xiaofeng Meng. 2021. “Scheduling Optimization of 

Prefabricated Buildings under Resource Constraints.” KSCE Journal of Civil 

Engineering 25 (12): 4507–19. https://doi.org/10.1007/s12205-021-0444-8. 



 

156 

 

Heravi, Gholamreza, and Ehsan Eslamdoost. 2015. “Applying Artificial Neural 

Networks for Measuring and Predicting Construction-Labor Productivity.” 

Journal of Construction Engineering and Management 141 (10). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001006. 

Hu, Di, and Yasser Mohamed. 2014. “Simulation-Model-Structuring Methodology 

for Industrial Construction Fabrication Shops.” Journal of Construction 

Engineering and Management 140 (5). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000825.“ISO 19650-1, 2018 .” 

n.d. 

Issa, S, and Yiliu Tu. 2020. “A Survey in the Resource-Constrained Project and 

Multi-Project Scheduling Problems.” Journal of Project Management 5 (2): 

117–38. 

Jeong, Jaemin, Jaewook Jeong, Jaehyun Lee, Daeho Kim, and JeongWook Son. 

2022. “Learning-Driven Construction Productivity Prediction for Prefabricated 

External Insulation Wall System.” Automation in Construction 141 

(September):104441. https://doi.org/10.1016/j.autcon.2022.104441. 

Jiang, Yishuo, Xinlai Liu, Zicheng Wang, Ming Li, Ray Y Zhong, and George Q 

Huang. 2023. “Blockchain-Enabled Digital Twin Collaboration Platform for 

Fit-out Operations in Modular Integrated Construction.” Automation in 

Construction 148:104747. 

Jones, Ken. 2016. “Gregory K. Mislick and Daniel A. Nussbaum: Cost Estimation—

Methods and Tools.” Chromatographia 79 (1–2): 113–14. 

https://doi.org/10.1007/s10337-015-2973-0. 

Kale, Samir Ramdas, Srinivas Kota, Naga Vamsi Krishna Jasti, Gunjan Soni, and 

Surya Prakash. 2022. “An Occupational Health and Safety Management 

System Framework for Lean Process Industries: An Interpretive Structural 

Modelling Approach.” International Journal of Lean Six Sigma 13 (6): 1367–

94. https://doi.org/10.1108/IJLSS-11-2020-0185. 

Kamal, Zahra, Hosein Taghaddos, and Saeid Metvaei. 2022. “BIM-Based Repair 

and Maintenance for Hospital Work Order Management.” Automation in 

Construction 143 (November):104546. 

https://doi.org/10.1016/j.autcon.2022.104546. 

Kassem, Mohamad, Elham Mahamedi, Kay Rogage, Kieren Duffy, and James 

Huntingdon. 2021. “Measuring and Benchmarking the Productivity of 

Excavators in Infrastructure Projects: A Deep Neural Network Approach.” 

Automation in Construction 124 (April):103532. 

https://doi.org/10.1016/j.autcon.2020.103532. 

Khanzadi, M., A. Kaveh, Majid Alipour, and Reza Khanmohammadi. 2017. 

“Assessment of Labor Productivity in Construction Projects Using System 

Dynamic Approach.” Scientia Iranica 0 (0): 0–0. 

https://doi.org/10.24200/sci.2017.4164. 



 

157 

 

Kim, JiWook, Alireza Golabchi, SangUk Han, and Dong-Eun Lee. 2021. “Manual 

Operation Simulation Using Motion-Time Analysis toward Labor Productivity 

Estimation: A Case Study of Concrete Pouring Operations.” Automation in 

Construction 126 (June):103669. https://doi.org/10.1016/j.autcon.2021.103669. 

Kulkarni, Preeti S, Shreenivas N Londhe, and Makarand Deo. 2017. “Artificial 

Neural Networks for Construction Management: A Review.” Journal of Soft 

Computing in Civil Engineering 1 (2): 70–88. 

Kwon, O-Cheol, Chan-Won Jo, and Joo-Won Cho. 2011. “Introduction of BIM 

Quality Standard for Quantity Take-Off.” Journal of the Korea Institute of 

Building Construction 11 (2): 171–80. 

https://doi.org/10.5345/JKIC.2011.04.2.171. 

Lee, Min-Cheol, Sang-Jin Lee, and Jong-Ho Ock. 2011. “A Study on the 

Development of the Property Information Modeling Methods for the Trades 

without Shape Information.” Korean Journal of Computational Design and 

Engineering 16 (2): 114–25. 

Leśniak, Agnieszka, and Michał Juszczyk. 2018. “Prediction of Site Overhead Costs 

with the Use of Artificial Neural Network Based Model.” Archives of Civil and 

Mechanical Engineering 18 (3): 973–82. 

https://doi.org/10.1016/j.acme.2018.01.014. 

Li, Xixing, Shunsheng Guo, Yi Liu, Baigang Du, and Lei Wang. 2017. “A 

Production Planning Model for Make‐to‐Order Foundry Flow Shop with 

Capacity Constraint.” Mathematical Problems in Engineering 2017 (1). 

https://doi.org/10.1155/2017/6315613. 

Lin, Chih-tsang, Machine Hsie, Wen-ta Hsiao, Hsien-tang Wu, and Tao-ming 

Cheng. 2012. “Optimizing the Schedule of Dispatching Earthmoving Trucks 

through Genetic Algorithms and Simulation.” Journal of Performance of 

Constructed Facilities 26 (2): 203–11. https://doi.org/10.1061/(ASCE)CF.1943-

5509.0000219. 

Liu, Chunlu, and Yu Song. 2004. “Comparison of Multifactor Productivity 

Indicators for Real Estate Sectors Using the OECD Input-Output Database.” 

Pacific Rim Property Research Journal 10 (4): 487–508. 

Malara, Jarosław, Edyta Plebankiewicz, and Michał Juszczyk. 2019. “Formula for 

Determining the Construction Workers Productivity Including Environmental 

Factors.” Buildings 9 (12): 240. https://doi.org/10.3390/buildings9120240. 

Mansouri, Ali, Hosein Taghaddos, Ala Nekouvaght Tak, Amir Sadatnya, and 

Kamyab Aghajamali. 2024. “Simulation-Based Planning of Earthmoving 

Equipment for Reducing Greenhouse Gas (GHG) Emissions.” Automation in 

Construction 168:105841. 

Martinez, Julio C. 2010. “Methodology for Conducting Discrete-Event Simulation 

Studies in Construction Engineering and Management.” Journal of 

Construction Engineering and Management 136 (1): 3–16. 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000087. 



 

158 

 

Mirahadi, Farid, and Tarek Zayed. 2016. “Simulation-Based Construction 

Productivity Forecast Using Neural-Network-Driven Fuzzy Reasoning.” 

Automation in Construction 65 (May):102–15. 

https://doi.org/10.1016/j.autcon.2015.12.021. 

Mitchell, Melanie. 1998. An Introduction to Genetic Algorithms. MIT press. 

Mohammed Abd-Alsalam Selami, Ameen, and Ahmed Freidoon Fadhil. 2016. “A 

Study of the Effects of Gaussian Noise on Image Features.” Kirkuk University 

Journal-Scientific Studies 11 (3): 152–69. 

https://doi.org/10.32894/kujss.2016.124648. 

Mohsenijam, Arash, and Ming Lu. 2019. “Framework for Developing Labour-Hour 

Prediction Models from Project Design Features: Case Study in Structural Steel 

Fabrication.” Canadian Journal of Civil Engineering 46 (10): 871–80. 

Moselhi, Osama, Tarek Hegazy, and Paul Fazio. 1991. “Neural Networks as Tools 

in Construction.” Journal of Construction Engineering and Management 117 

(4): 606–25. https://doi.org/10.1061/(ASCE)0733-9364(1991)117:4(606). 

Na, Seunguk, Seokjae Heo, Sehee Han, Yoonsoo Shin, and Myeunghun Lee. 2022. 

“Development of an Artificial Intelligence Model to Recognise Construction 

Waste by Applying Image Data Augmentation and Transfer Learning.” 

Buildings 12 (2): 175. https://doi.org/10.3390/buildings12020175. 

Ning, Xin, Ka-Chi Lam, and Mike Chun-Kit Lam. 2011. “A Decision-Making 

System for Construction Site Layout Planning.” Automation in Construction 20 

(4): 459–73. https://doi.org/10.1016/j.autcon.2010.11.014. 

Olivieri, Hylton, Olli Seppänen, Thais da C. L. Alves, Natalie M. Scala, Vincent 

Schiavone, Min Liu, and Ariovaldo Denis Granja. 2019. “Survey Comparing 

Critical Path Method, Last Planner System, and Location-Based Techniques.” 

Journal of Construction Engineering and Management 145 (12). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001644. 

ORAL, Okyanus, Emel Latali ORAL, and Mehmet Sait ANDAÇ. 2021. 

“Comparison of the Performance of K-Nearest Neighbours and Generalized 

Neural Network in Construction Crew Productivity Prediction.” Çukurova 

Üniversitesi Mühendislik Fakültesi Dergisi 36 (1): 131–40. 

https://doi.org/10.21605/cukurovaumfd.933867. 

Pedregosa, Fabian, Gaël Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand 

Thirion, Olivier Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, and 

Vincent Dubourg. 2011. “Scikit-Learn: Machine Learning in Python.” The 

Journal of Machine Learning Research 12:2825–30. 

Peng, Junlong, Yue Feng, Qi Zhang, and Xiangjun Liu. 2023. “Multi-Objective 

Integrated Optimization Study of Prefabricated Building Projects Introducing 

Sustainable Levels.” Scientific Reports 13 (1): 2821. 

Qin, Hui, Donghao Zhang, Yu Tang, and Yuanzheng Wang. 2021. “Automatic 

Recognition of Tunnel Lining Elements from GPR Images Using Deep 



 

159 

 

Convolutional Networks with Data Augmentation.” Automation in 

Construction 130 (October):103830. 

https://doi.org/10.1016/j.autcon.2021.103830. 

Rahimi, Alireza, Afshin Shahrestani, Sina Ramezani, Pedram Zamani, Soroush 

Omidvar Tehrani, and Mohammad Hossein Yaghmaee Moghaddam. 2021. 

“Filter-Based Time-Series Anomaly Detection in AMI Using AI Approaches.” 

In 2021 5th International Conference on Internet of Things and Applications 

(IoT), 1–6. IEEE. https://doi.org/10.1109/IoT52625.2021.9469717. 

Rashid, Khandakar M., and Joseph Louis. 2019. “Times-Series Data Augmentation 

and Deep Learning for Construction Equipment Activity Recognition.” 

Advanced Engineering Informatics 42 (October):100944. 

https://doi.org/10.1016/j.aei.2019.100944. 

RezaHoseini, Ali, Siamak Noori, and Seyed Farid Ghannadpour. 2021. “Integrated 

Scheduling of Suppliers and Multi-Project Activities for Green Construction 

Supply Chains under Uncertainty.” Automation in Construction 122:103485. 

Rzepecki, Łukasz, and Piotr Jaśkowski. 2021. “Application of Game Theory against 

Nature in Supporting Bid Pricing in Construction.” Symmetry 13 (1): 132. 

Sadatnya, Amir, Naimeh Sadeghi, Sina Sabzekar, Mohammad Khanjani, Ala 

Nekouvaght Tak, and Hosein Taghaddos. 2023. “Machine Learning for 

Construction Crew Productivity Prediction Using Daily Work Reports.” 

Automation in Construction 152:104891. 

Sadeghi, N., A. R. Fayek, and W. Pedrycz. 2010. “Fuzzy Monte Carlo Simulation 

and Risk Assessment in Construction.” Computer-Aided Civil and 

Infrastructure Engineering 25 (4): 238–52. https://doi.org/10.1111/j.1467-

8667.2009.00632.x. 

Sawada, Kiichiro, Hitoshi Shimizu, Akira Matsuo, Takaichi Sasaki, Takashi Yasui, 

and Atsushi Namba. 2008. “A Simple Function to Estimate Fabrication Time 

for Steel Building Rigid Frames.” In Design, Fabrication and Economy of 

Welded Structures, 135–41. Elsevier. 

https://doi.org/10.1533/9781782420484.3.135. 

Shorten, Connor, and Taghi M. Khoshgoftaar. 2019. “A Survey on Image Data 

Augmentation for Deep Learning.” Journal of Big Data 6 (1): 60. 

https://doi.org/10.1186/s40537-019-0197-0. 

Sigala, Marianna. 2002. Assessing the Impact of Information and Communication 

Technologies (ICT) on Productivity in the Hotel Sector: An Operations 

Management Approach. University of Surrey (United Kingdom). 

Song, Lingguang. 2004. “Productivity Modeling for Steel Fabrication Projects.” 

Song, Lingguang, and Simaan M. AbouRizk. 2006. “Virtual Shop Model for 

Experimental Planning of Steel Fabrication Projects.” Journal of Computing in 

Civil Engineering 20 (5): 308–16. https://doi.org/10.1061/(ASCE)0887-

3801(2006)20:5(308). 



 

160 

 

Song,. 2008. “Measuring and Modeling Labor Productivity Using Historical Data.” 

Journal of Construction Engineering and Management 134 (10): 786–94. 

https://doi.org/10.1061/(ASCE)0733-9364(2008)134:10(786). 

Srinavin, Korb, and Sherif Mohamed. 2003. “Thermal Environment and 

Construction Workers’ Productivity: Some Evidence from Thailand.” Building 

and Environment 38 (2): 339–45. https://doi.org/10.1016/S0360-

1323(02)00067-7. 

Staub-French, Sheryl, Martin Fischer, John Kunz, and Boyd Paulson. 2003. “A 

Generic Feature-Driven Activity-Based Cost Estimation Process.” Advanced 

Engineering Informatics 17 (1): 23–39. https://doi.org/10.1016/S1474-

0346(03)00017-X. 

Taghaddos, H., S. AbouRizk, Y. Mohamed, and U. Hermann. 2012. “Simulation-

Based Auction Protocol for Resource Scheduling Problems.” Journal of 

Construction Engineering and Management 138 (1): 31–42. 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000399. 

Tsehayae, Abraham Assefa, and Aminah Robinson Fayek. 2016. “System Model for 

Analysing Construction Labour Productivity.” Construction Innovation 16 (2): 

203–28. https://doi.org/10.1108/CI-07-2015-0040. 

Volk, Rebekka, Julian Stengel, and Frank Schultmann. 2014. “Building Information 

Modeling (BIM) for Existing Buildings—Literature Review and Future 

Needs.” Automation in Construction 38:109–27. 

Wang, Dong, Guiwen Liu, Kaijian Li, Tongjing Wang, Asheem Shrestha, Igor 

Martek, and Xiaobo Tao. 2018. “Layout Optimization Model for the 

Production Planning of Precast Concrete Building Components.” Sustainability 

10 (6): 1807. https://doi.org/10.3390/su10061807. 

Wang, Yanjie, Fucheng Wang, Peidong Sang, and Huanbin Song. 2021. “Analysing 

Factors Affecting Developers’ Behaviour towards the Adoption of 

Prefabricated Buildings in China.” Environment, Development and 

Sustainability 23 (10): 14245–63. https://doi.org/10.1007/s10668-021-01265-8. 

Wilson, James M. 2003. “Gantt Charts: A Centenary Appreciation.” European 

Journal of Operational Research 149 (2): 430–37. 

https://doi.org/10.1016/S0377-2217(02)00769-5. 

Yazdani, Maziar, Kamyar Kabirifar, Amir M. Fathollahi-Fard, and Mohammad 

Mojtahedi. 2021. “Production Scheduling of Off-Site Prefabricated 

Construction Components Considering Sequence Dependent Due Dates.” 

Environmental Science and Pollution Research, September. 

https://doi.org/10.1007/s11356-021-16285-0. 

Yi, Wen, and Albert P. C. Chan. 2014. “Critical Review of Labor Productivity 

Research in Construction Journals.” Journal of Management in Engineering 30 

(2): 214–25. https://doi.org/10.1061/(ASCE)ME.1943-5479.0000194. 



 

161 

 

Yuan, Yisong, Sudong Ye, Lin Lin, and Mitsuo Gen. 2021. “Multi-Objective Multi-

Mode Resource-Constrained Project Scheduling with Fuzzy Activity Durations 

in Prefabricated Building Construction.” Computers & Industrial Engineering 

158 (August):107316. https://doi.org/10.1016/j.cie.2021.107316. 

Zahedi, Leila, and Ming Lu. 2022. “Optimization of Labor Flow Efficiency in Steel 

Fabrication Project Planning.” In Construction Research Congress 2022, 1261–

69. 

Zamani, Vahid, Hosein Taghaddos, and Yaghob Gholipour. 2023. “Sensor-Fused 

Simulation-Based Decision Support System for Earthmoving Projects.” 

Automation in Construction 156 (December):105117. 

https://doi.org/10.1016/j.autcon.2023.105117. 

Zhao, Jing, Neng Zhu, and Shilei Lu. 2009. “Productivity Model in Hot and Humid 

Environment Based on Heat Tolerance Time Analysis.” Building and 

Environment 44 (11): 2202–7. https://doi.org/10.1016/j.buildenv.2009.01.003. 

Zou, Xin, Qian Zhang, and Lihui Zhang. 2018. “Modeling and Solving the Deadline 

Satisfaction Problem in Line-of-Balance Scheduling.” Journal of Management 

in Engineering 34 (1). https://doi.org/10.1061Abbasi, Saman, Katayoon 

Taghizade, and Esmatullah Noorzai. 2020. “BIM-Based Combination of Takt 

Time and Discrete Event Simulation for Implementing Just in Time in 

Construction Scheduling under Constraints.” Journal of Construction 

Engineering and Management 146 (12). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001940. 

Abbasi, Saman, Katayoon Taghizade, and Esmatullah Noorzai. 2020. “BIM-Based 

Combination of Takt Time and Discrete Event Simulation for Implementing 

Just in Time in Construction Scheduling under Constraints.” Journal of 

Construction Engineering and Management 146 (12). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001940. 

Abdul Nabi, Mohamad, and Islam H. El-adaway. 2022. “A Proactive Risk 

Assessment Framework to Maximize Schedule Benefits of Modularization in 

Construction Projects.” Journal of Construction Engineering and Management 

148 (7). https://doi.org/10.1061/(ASCE)CO.1943-7862.0002311. 

Adebowale, Oluseyi Julius, and Justus Ngala Agumba. 2023. “A Meta-Analysis of 

Factors Affecting Labour Productivity of Construction SMEs in Developing 

Countries.” Journal of Engineering, Design and Technology 21 (5): 1441–60. 

Afifi, Mona, Ahmed Fotouh, Mohamed Al-Hussein, and Simaan Abourizk. 2022. 

“Integrated Lean Concepts and Continuous/Discrete-Event Simulation to 

Examine Productivity Improvement in Door Assembly-Line for Residential 

Buildings.” International Journal of Construction Management 22 (13): 2423–

34. 

Aghajamali. 2024. “Enhancing Productivity and Efficiency in Steel Fabrication for 

Offsite Construction: A Study on Accurate Estimation Models.” In , 5 Jun-7 

Jun. Niagara Falls: CSCE Annual Conference. 



 

162 

 

Aghajamali, Kamyab, Saeid Metvaei, Alaeldin Suliman, Zhen Lei, and Qian Chen. 

2025. “Development of a Prefabricated Construction Productivity Estimation 

Model through BIM and Data Augmentation Processes.” Construction 

Management and Economics 43 (5): 340–59. 

https://doi.org/10.1080/01446193.2024.2431280. 

Ahmed, Ahmed Mohammed Teen, and Ana Maria Gramescu. 2019. “Contribution 

of Prefabricated Constructions to Reduce the Risk of Project Management.” In . 

https://doi.org/10.11159/icsect19.144. 

Akanbi, Temitope, and Jiansong Zhang. 2021. “Design Information Extraction from 

Construction Specifications to Support Cost Estimation.” Automation in 

Construction 131 (November):103835. 

https://doi.org/10.1016/j.autcon.2021.103835. 

Albuquerque, Augusto T De, K Mounir, and Antonio M C Melo. 2012. “A Cost 

Optimization-Based Design of Precast Concrete Floors Using Genetic 

Algorithms.” Automation in Construction 22:348–56. 

Alfeld, Louis Edward. 1988. Construction Productivity: On-Site Measurement and 

Management. McGraw-Hill. 

Alomar, Khaled, Halil Ibrahim Aysel, and Xiaohao Cai. 2023. “Data Augmentation 

in Classification and Segmentation: A Survey and New Strategies.” Journal of 

Imaging 9 (2): 46. https://doi.org/10.3390/jimaging9020046. 

Altaf, Mohammed Sadiq, Ahmed Bouferguene, Hexu Liu, Mohamed Al-Hussein, 

and Haitao Yu. 2018a. “Integrated Production Planning and Control System for 

a Panelized Home Prefabrication Facility Using Simulation and RFID.” 

Automation in Construction 85 (January):369–83. 

https://doi.org/10.1016/j.autcon.2017.09.009. 

———. 2018b. “Integrated Production Planning and Control System for a Panelized 

Home Prefabrication Facility Using Simulation and RFID.” Automation in 

Construction 85 (January):369–83. 

https://doi.org/10.1016/j.autcon.2017.09.009. 

Alvanchi, Amin, Reza Azimi, SangHyun Lee, Simaan M. AbouRizk, and Paul 

Zubick. 2012. “Off-Site Construction Planning Using Discrete Event 

Simulation.” Journal of Architectural Engineering 18 (2): 114–22. 

https://doi.org/10.1061/(ASCE)AE.1943-5568.0000055. 

Arashpour, Mehrdad, Vineet Kamat, Yu Bai, Ron Wakefield, and Babak Abbasi. 

2018. “Optimization Modeling of Multi-Skilled Resources in Prefabrication: 

Theorizing Cost Analysis of Process Integration in off-Site Construction.” 

Automation in Construction 95:1–9. 

Arashpour, Mehrdad, Ron Wakefield, Babak Abbasi, E.W.M. Lee, and James 

Minas. 2016. “Off-Site Construction Optimization: Sequencing Multiple Job 

Classes with Time Constraints.” Automation in Construction 71 

(November):262–70. https://doi.org/10.1016/j.autcon.2016.08.001. 



 

163 

 

Boyd, Neville, Malik M. A. Khalfan, and Tayyab Maqsood. 2013. “Off-Site 

Construction of Apartment Buildings.” Journal of Architectural Engineering 19 

(1): 51–57. https://doi.org/10.1061/(ASCE)AE.1943-5568.0000091. 

Browning, Tyson R, and Ali A Yassine. 2010. “Resource-Constrained Multi-Project 

Scheduling: Priority Rule Performance Revisited.” International Journal of 

Production Economics 126 (2): 212–28. 

Choi, Jungsik, Hansaem Kim, and Inhan Kim. 2015. “Open BIM-Based Quantity 

Take-off System for Schematic Estimation of Building Frame in Early Design 

Stage.” Journal of Computational Design and Engineering 2 (1): 16–25. 

https://doi.org/10.1016/j.jcde.2014.11.002. 

Chrysafis, Konstantinos A., and Basil K. Papadopoulos. 2015. “Possibilistic 

Moments for the Task Duration in Fuzzy PERT.” Journal of Management in 

Engineering 31 (5). https://doi.org/10.1061/(ASCE)ME.1943-5479.0000296. 

Dallasega, Patrick, Elisa Marengo, and Andrea Revolti. 2021. “Strengths and 

Shortcomings of Methodologies for Production Planning and Control of 

Construction Projects: A Systematic Literature Review and Future 

Perspectives.” Production Planning & Control 32 (4): 257–82. 

Datta, Deepak K., James P. Guthrie, and Patrick M. Wright. 2005. “Human 

Resource Management and Labor Productivity: Does Industry Matter?” 

Academy of Management Journal 48 (1): 135–45. 

https://doi.org/10.5465/amj.2005.15993158. 

“Dotnet.Microsoft.Com,.” 2019. 2019. 

Du, Jing, Mohamed El-Gafy, and Dong Zhao. 2016. “Optimization of Change Order 

Management Process with Object-Oriented Discrete Event Simulation: Case 

Study.” Journal of Construction Engineering and Management 142 (4). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001092. 

Eastman, Charles M. 2011. BIM Handbook: A Guide to Building Information 

Modeling for Owners, Managers, Designers, Engineers and Contractors. John 

Wiley & Sons. 

Eastman, Charles M., and Rafael Sacks. 2008. “Relative Productivity in the AEC 

Industries in the United States for On-Site and Off-Site Activities.” Journal of 

Construction Engineering and Management 134 (7): 517–26. 

https://doi.org/10.1061/(ASCE)0733-9364(2008)134:7(517). 

ElNimr, Amr, Muaz Fagiar, and Yasser Mohamed. 2016. “Two-Way Integration of 

3D Visualization and Discrete Event Simulation for Modeling Mobile Crane 

Movement under Dynamically Changing Site Layout.” Automation in 

Construction 68 (August):235–48. 

https://doi.org/10.1016/j.autcon.2016.05.013. 

Fang, Liwei, and Masahiro Arakawa. 2024. “Construction Cost Optimization of 

Prefabricated Buildings Based on BIM Technology.” Information Resources 

Management Journal (IRMJ) 37 (1): 1–14. 



 

164 

 

Fayek, Aminah Robinson, and Ayodele Oduba. 2005. “Predicting Industrial 

Construction Labor Productivity Using Fuzzy Expert Systems.” Journal of 

Construction Engineering and Management 131 (8): 938–41. 

https://doi.org/10.1061/(ASCE)0733-9364(2005)131:8(938). 

Fernandes, Roberto Godoy, Leonardo Vils, Jaime Bartholomeu Filho, and Rogerio 

Homem da Costa. 2024. “Building Information Modeling (BIM) and Project 

Management: Cost Optimization Based on the Simulation of Computational 

Models.” Revista Inovação, Projetos e Tecnologias 12 (1): e25253–e25253. 

Gann, David M, and Ammon J Salter. 2000. “Innovation in Project-Based, Service-

Enhanced Firms: The Construction of Complex Products and Systems.” 

Research Policy 29 (7–8): 955–72. https://doi.org/10.1016/S0048-

7333(00)00114-1. 

Ghasemi Poor Sabet, Pejman, and Heap-Yih Chong. 2020a. “Pathways for the 

Improvement of Construction Productivity: A Perspective on the Adoption of 

Advanced Techniques.” Advances in Civil Engineering 2020 (1): 5170759. 

———. 2020b. “Pathways for the Improvement of Construction Productivity: A 

Perspective on the Adoption of Advanced Techniques.” Advances in Civil 

Engineering 2020 (1): 5170759. 

Ghoddousi, Parviz, and Mohammad Reza Hosseini. 2012. “A SURVEY OF THE 

FACTORS AFFECTING THE PRODUCTIVITY OF CONSTRUCTION 

PROJECTS IN IRAN.” Technological and Economic Development of 

Economy 18 (1): 99–116. https://doi.org/10.3846/20294913.2012.661203. 

Golnaraghi, Sasan, Zahra Zangenehmadar, Osama Moselhi, and Sabah Alkass. 

2019. “Application of Artificial Neural Network(s) in Predicting Formwork 

Labour Productivity.” Advances in Civil Engineering 2019 (1). 

https://doi.org/10.1155/2019/5972620. 

Goodall, Paul, Richard Sharpe, and Andrew West. 2019. “A Data-Driven Simulation 

to Support Remanufacturing Operations.” Computers in Industry 105 

(February):48–60. https://doi.org/10.1016/j.compind.2018.11.001. 

Guo, Y.W., W.D. Li, A.R. Mileham, and G.W. Owen. 2009. “Applications of 

Particle Swarm Optimisation in Integrated Process Planning and Scheduling.” 

Robotics and Computer-Integrated Manufacturing 25 (2): 280–88. 

https://doi.org/10.1016/j.rcim.2007.12.002. 

Gurmu, Argaw Tarekegn, and Citra S. Ongkowijoyo. 2020. “Predicting 

Construction Labor Productivity Based on Implementation Levels of Human 

Resource Management Practices.” Journal of Construction Engineering and 

Management 146 (3). https://doi.org/10.1061/(ASCE)CO.1943-7862.0001775. 

Hammad, Ahmed Wa, Hanna Grzybowska, Monty Sutrisna, Ali Akbarnezhad, and 

Assed Haddad. 2020. “A Novel Mathematical Optimisation Model for the 

Scheduling of Activities in Modular Construction Factories.” Construction 

Management and Economics 38 (6): 534–51. 



 

165 

 

Han, Pengxiang Alex, Ming-Fung Francis Siu, Simaan AbouRizk, Di Hu, and Ulrich 

Hermann. 2017. “3D Model-Based Quantity Take-Off for Construction 

Estimates.” In Computing in Civil Engineering 2017, 118–24. Reston, VA: 

American Society of Civil Engineers. 

https://doi.org/10.1061/9780784480823.015. 

Hasan, Abid, Bassam Baroudi, Abbas Elmualim, and Raufdeen Rameezdeen. 2018. 

“Factors Affecting Construction Productivity: A 30 Year Systematic Review.” 

Engineering, Construction and Architectural Management 25 (7): 916–37. 

https://doi.org/10.1108/ECAM-02-2017-0035. 

Hassan, Rania, Babak Cohanim, Olivier de Weck, and Gerhard Venter. 2005. “A 

Comparison of Particle Swarm Optimization and the Genetic Algorithm.” In 

46th AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics and 

Materials Conference. Reston, Virigina: American Institute of Aeronautics and 

Astronautics. https://doi.org/10.2514/6.2005-1897. 

He, Wei, Wenjing Li, and Xiaofeng Meng. 2021. “Scheduling Optimization of 

Prefabricated Buildings under Resource Constraints.” KSCE Journal of Civil 

Engineering 25 (12): 4507–19. https://doi.org/10.1007/s12205-021-0444-8. 

Heravi, Gholamreza, and Ehsan Eslamdoost. 2015. “Applying Artificial Neural 

Networks for Measuring and Predicting Construction-Labor Productivity.” 

Journal of Construction Engineering and Management 141 (10). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001006. 

Hou, Lei, Yongtao Tan, Wenkai Luo, Sheng Xu, Chao Mao, and Sungkon Moon. 

2022. “Towards a More Extensive Application of Off-Site Construction: A 

Technological Review.” International Journal of Construction Management 22 

(11): 2154–65. https://doi.org/10.1080/15623599.2020.1768463. 

Hu, Di, and Yasser Mohamed. 2014. “Simulation-Model-Structuring Methodology 

for Industrial Construction Fabrication Shops.” Journal of Construction 

Engineering and Management 140 (5). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000825. 

“ISO 19650-1, 2018 .” n.d. 

Issa, S, and Yiliu Tu. 2020. “A Survey in the Resource-Constrained Project and 

Multi-Project Scheduling Problems.” Journal of Project Management 5 (2): 

117–38. 

Jeong, Jaemin, Jaewook Jeong, Jaehyun Lee, Daeho Kim, and JeongWook Son. 

2022. “Learning-Driven Construction Productivity Prediction for Prefabricated 

External Insulation Wall System.” Automation in Construction 141 

(September):104441. https://doi.org/10.1016/j.autcon.2022.104441. 

Jiang, Yishuo, Xinlai Liu, Zicheng Wang, Ming Li, Ray Y Zhong, and George Q 

Huang. 2023a. “Blockchain-Enabled Digital Twin Collaboration Platform for 

Fit-out Operations in Modular Integrated Construction.” Automation in 

Construction 148:104747. 



 

166 

 

———. 2023b. “Blockchain-Enabled Digital Twin Collaboration Platform for Fit-

out Operations in Modular Integrated Construction.” Automation in 

Construction 148:104747. 

Jin, Ruoyu, Shang Gao, Ali Cheshmehzangi, and Emmanuel Aboagye-Nimo. 2018. 

“A Holistic Review of Off-Site Construction Literature Published between 

2008 and 2018.” Journal of Cleaner Production 202 (November):1202–19. 

https://doi.org/10.1016/j.jclepro.2018.08.195. 

Jones, Ken. 2016. “Gregory K. Mislick and Daniel A. Nussbaum: Cost Estimation—

Methods and Tools.” Chromatographia 79 (1–2): 113–14. 

https://doi.org/10.1007/s10337-015-2973-0. 

Kale, Samir Ramdas, Srinivas Kota, Naga Vamsi Krishna Jasti, Gunjan Soni, and 

Surya Prakash. 2022. “An Occupational Health and Safety Management 

System Framework for Lean Process Industries: An Interpretive Structural 

Modelling Approach.” International Journal of Lean Six Sigma 13 (6): 1367–

94. https://doi.org/10.1108/IJLSS-11-2020-0185. 

Kamal, Zahra, Hosein Taghaddos, and Saeid Metvaei. 2022a. “BIM-Based Repair 

and Maintenance for Hospital Work Order Management.” Automation in 

Construction 143 (November):104546. 

https://doi.org/10.1016/j.autcon.2022.104546. 

———. 2022b. “BIM-Based Repair and Maintenance for Hospital Work Order 

Management.” Automation in Construction 143 (November):104546. 

https://doi.org/10.1016/j.autcon.2022.104546. 

Kassem, Mohamad, Elham Mahamedi, Kay Rogage, Kieren Duffy, and James 

Huntingdon. 2021. “Measuring and Benchmarking the Productivity of 

Excavators in Infrastructure Projects: A Deep Neural Network Approach.” 

Automation in Construction 124 (April):103532. 

https://doi.org/10.1016/j.autcon.2020.103532. 

Khanzadi, M., A. Kaveh, Majid Alipour, and Reza Khanmohammadi. 2017. 

“Assessment of Labor Productivity in Construction Projects Using System 

Dynamic Approach.” Scientia Iranica 0 (0): 0–0. 

https://doi.org/10.24200/sci.2017.4164. 

Kim, JiWook, Alireza Golabchi, SangUk Han, and Dong-Eun Lee. 2021. “Manual 

Operation Simulation Using Motion-Time Analysis toward Labor Productivity 

Estimation: A Case Study of Concrete Pouring Operations.” Automation in 

Construction 126 (June):103669. https://doi.org/10.1016/j.autcon.2021.103669. 

Kulkarni, Preeti S, Shreenivas N Londhe, and Makarand Deo. 2017. “Artificial 

Neural Networks for Construction Management: A Review.” Journal of Soft 

Computing in Civil Engineering 1 (2): 70–88. 

Kwon, O-Cheol, Chan-Won Jo, and Joo-Won Cho. 2011. “Introduction of BIM 

Quality Standard for Quantity Take-Off.” Journal of the Korea Institute of 

Building Construction 11 (2): 171–80. 

https://doi.org/10.5345/JKIC.2011.04.2.171. 



 

167 

 

Lee, Min-Cheol, Sang-Jin Lee, and Jong-Ho Ock. 2011. “A Study on the 

Development of the Property Information Modeling Methods for the Trades 

without Shape Information.” Korean Journal of Computational Design and 

Engineering 16 (2): 114–25. 

Lee, Seojoon, Soonwook Kwon, Minkyeong Jeong, Syedmobeen Hasan, and 

Alexander Kim. 2020. “Automated On-Site Quality Inspection and Reporting 

Technology for Off-Site Construction(OSC)-Based Precast Concrete 

Members.” In . https://doi.org/10.22260/ISARC2020/0158. 

Leśniak, Agnieszka, and Michał Juszczyk. 2018. “Prediction of Site Overhead Costs 

with the Use of Artificial Neural Network Based Model.” Archives of Civil and 

Mechanical Engineering 18 (3): 973–82. 

https://doi.org/10.1016/j.acme.2018.01.014. 

Li, Xixing, Shunsheng Guo, Yi Liu, Baigang Du, and Lei Wang. 2017. “A 

Production Planning Model for Make‐to‐Order Foundry Flow Shop with 

Capacity Constraint.” Mathematical Problems in Engineering 2017 (1). 

https://doi.org/10.1155/2017/6315613. 

Lin, Chih-tsang, Machine Hsie, Wen-ta Hsiao, Hsien-tang Wu, and Tao-ming 

Cheng. 2012. “Optimizing the Schedule of Dispatching Earthmoving Trucks 

through Genetic Algorithms and Simulation.” Journal of Performance of 

Constructed Facilities 26 (2): 203–11. https://doi.org/10.1061/(ASCE)CF.1943-

5509.0000219. 

Liu, Chunlu, and Yu Song. 2004. “Comparison of Multifactor Productivity 

Indicators for Real Estate Sectors Using the OECD Input-Output Database.” 

Pacific Rim Property Research Journal 10 (4): 487–508. 

Liu, Qiurui, Yanfang Ma, Lin Chen, Witold Pedrycz, Mirosław J. Skibniewski, and 

Zhen-Song Chen. 2024. “Artificial Intelligence for Production, Operations and 

Logistics Management in Modular Construction Industry: A Systematic 

Literature Review.” Information Fusion 109 (September):102423. 

https://doi.org/10.1016/j.inffus.2024.102423. 

Malara, Jarosław, Edyta Plebankiewicz, and Michał Juszczyk. 2019. “Formula for 

Determining the Construction Workers Productivity Including Environmental 

Factors.” Buildings 9 (12): 240. https://doi.org/10.3390/buildings9120240. 

Mansouri, Ali, Hosein Taghaddos, Ala Nekouvaght Tak, Amir Sadatnya, and 

Kamyab Aghajamali. 2024. “Simulation-Based Planning of Earthmoving 

Equipment for Reducing Greenhouse Gas (GHG) Emissions.” Automation in 

Construction 168:105841. 

Mao, Chao, Qiping Shen, Wei Pan, and Kunhui Ye. 2015. “Major Barriers to Off-

Site Construction: The Developer’s Perspective in China.” Journal of 

Management in Engineering 31 (3). https://doi.org/10.1061/(ASCE)ME.1943-

5479.0000246. 

Mao, Chao, Fangyun Xie, Lei Hou, Peng Wu, Jun Wang, and Xiangyu Wang. 2016. 

“Cost Analysis for Sustainable Off-Site Construction Based on a Multiple-Case 



 

168 

 

Study in China.” Habitat International 57 (October):215–22. 

https://doi.org/10.1016/j.habitatint.2016.08.002. 

Martinez, Julio C. 2010. “Methodology for Conducting Discrete-Event Simulation 

Studies in Construction Engineering and Management.” Journal of 

Construction Engineering and Management 136 (1): 3–16. 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000087. 

Mirahadi, Farid, and Tarek Zayed. 2016. “Simulation-Based Construction 

Productivity Forecast Using Neural-Network-Driven Fuzzy Reasoning.” 

Automation in Construction 65 (May):102–15. 

https://doi.org/10.1016/j.autcon.2015.12.021. 

Mitchell, Melanie. 1998. An Introduction to Genetic Algorithms. MIT press. 

Mohammed Abd-Alsalam Selami, Ameen, and Ahmed Freidoon Fadhil. 2016. “A 

Study of the Effects of Gaussian Noise on Image Features.” Kirkuk University 

Journal-Scientific Studies 11 (3): 152–69. 

https://doi.org/10.32894/kujss.2016.124648. 

Mohsenijam, Arash, and Ming Lu. 2019a. “Framework for Developing Labour-Hour 

Prediction Models from Project Design Features: Case Study in Structural Steel 

Fabrication.” Canadian Journal of Civil Engineering 46 (10): 871–80. 

———. 2019b. “Framework for Developing Labour-Hour Prediction Models from 

Project Design Features: Case Study in Structural Steel Fabrication.” Canadian 

Journal of Civil Engineering 46 (10): 871–80. https://doi.org/10.1139/cjce-

2018-0349. 

———. 2019c. “Framework for Developing Labour-Hour Prediction Models from 

Project Design Features: Case Study in Structural Steel Fabrication.” Canadian 

Journal of Civil Engineering 46 (10): 871–80. https://doi.org/10.1139/cjce-

2018-0349. 

Moselhi, Osama, Tarek Hegazy, and Paul Fazio. 1991. “Neural Networks as Tools 

in Construction.” Journal of Construction Engineering and Management 117 

(4): 606–25. https://doi.org/10.1061/(ASCE)0733-9364(1991)117:4(606). 

Na, Seunguk, Seokjae Heo, Sehee Han, Yoonsoo Shin, and Myeunghun Lee. 2022. 

“Development of an Artificial Intelligence Model to Recognise Construction 

Waste by Applying Image Data Augmentation and Transfer Learning.” 

Buildings 12 (2): 175. https://doi.org/10.3390/buildings12020175. 

Ning, Xin, Ka-Chi Lam, and Mike Chun-Kit Lam. 2011. “A Decision-Making 

System for Construction Site Layout Planning.” Automation in Construction 20 

(4): 459–73. https://doi.org/10.1016/j.autcon.2010.11.014. 

Olivieri, Hylton, Olli Seppänen, Thais da C. L. Alves, Natalie M. Scala, Vincent 

Schiavone, Min Liu, and Ariovaldo Denis Granja. 2019. “Survey Comparing 

Critical Path Method, Last Planner System, and Location-Based Techniques.” 

Journal of Construction Engineering and Management 145 (12). 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001644. 



 

169 

 

ORAL, Okyanus, Emel Latali ORAL, and Mehmet Sait ANDAÇ. 2021. 

“Comparison of the Performance of K-Nearest Neighbours and Generalized 

Neural Network in Construction Crew Productivity Prediction.” Çukurova 

Üniversitesi Mühendislik Fakültesi Dergisi 36 (1): 131–40. 

https://doi.org/10.21605/cukurovaumfd.933867. 

Pedregosa, Fabian, Gaël Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand 

Thirion, Olivier Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, and 

Vincent Dubourg. 2011. “Scikit-Learn: Machine Learning in Python.” The 

Journal of Machine Learning Research 12:2825–30. 

Peng, Junlong, Yue Feng, Qi Zhang, and Xiangjun Liu. 2023. “Multi-Objective 

Integrated Optimization Study of Prefabricated Building Projects Introducing 

Sustainable Levels.” Scientific Reports 13 (1): 2821. 

Perera, Srinath, Buddhini Ginigaddara, Yingbin Feng, and Payam 

Rahnamayiezekavat. 2022. “The New Generation of Construction Skills: 

Transition from Onsite to Offsite.” In Innovation in Construction, 429–46. 

Cham: Springer International Publishing. https://doi.org/10.1007/978-3-030-

95798-8_17. 

Qin, Hui, Donghao Zhang, Yu Tang, and Yuanzheng Wang. 2021. “Automatic 

Recognition of Tunnel Lining Elements from GPR Images Using Deep 

Convolutional Networks with Data Augmentation.” Automation in 

Construction 130 (October):103830. 

https://doi.org/10.1016/j.autcon.2021.103830. 

Rahimi, Alireza, Afshin Shahrestani, Sina Ramezani, Pedram Zamani, Soroush 

Omidvar Tehrani, and Mohammad Hossein Yaghmaee Moghaddam. 2021. 

“Filter Based Time-Series Anomaly Detection in AMI Using AI Approaches.” 

In 2021 5th International Conference on Internet of Things and Applications 

(IoT), 1–6. IEEE. https://doi.org/10.1109/IoT52625.2021.9469717. 

Rashid, Khandakar M., and Joseph Louis. 2019. “Times-Series Data Augmentation 

and Deep Learning for Construction Equipment Activity Recognition.” 

Advanced Engineering Informatics 42 (October):100944. 

https://doi.org/10.1016/j.aei.2019.100944. 

Rathnasinghe, Akila Pramodh, Niraj Thurairajah, Paul Jones, and Jack Goulding. 

2024. “The Critique of Sustainability Discourse within the Off-Site 

Construction (OSC): A Systematic-Scientometric Review.” Architectural 

Engineering and Design Management, August, 1–31. 

https://doi.org/10.1080/17452007.2024.2386123. 

RezaHoseini, Ali, Siamak Noori, and Seyed Farid Ghannadpour. 2021. “Integrated 

Scheduling of Suppliers and Multi-Project Activities for Green Construction 

Supply Chains under Uncertainty.” Automation in Construction 122:103485. 

Rzepecki, Łukasz, and Piotr Jaśkowski. 2021. “Application of Game Theory against 

Nature in Supporting Bid Pricing in Construction.” Symmetry 13 (1): 132. 



 

170 

 

Sadatnya, Amir, Naimeh Sadeghi, Sina Sabzekar, Mohammad Khanjani, Ala 

Nekouvaght Tak, and Hosein Taghaddos. 2023a. “Machine Learning for 

Construction Crew Productivity Prediction Using Daily Work Reports.” 

Automation in Construction 152:104891. 

———. 2023b. “Machine Learning for Construction Crew Productivity Prediction 

Using Daily Work Reports.” Automation in Construction 152 (August):104891. 

https://doi.org/10.1016/j.autcon.2023.104891. 

Sadeghi, N., A. R. Fayek, and W. Pedrycz. 2010. “Fuzzy Monte Carlo Simulation 

and Risk Assessment in Construction.” Computer-Aided Civil and 

Infrastructure Engineering 25 (4): 238–52. https://doi.org/10.1111/j.1467-

8667.2009.00632.x. 

Sawada, Kiichiro, Hitoshi Shimizu, Akira Matsuo, Takaichi Sasaki, Takashi Yasui, 

and Atsushi Namba. 2008. “A Simple Function to Estimate Fabrication Time 

for Steel Building Rigid Frames.” In Design, Fabrication and Economy of 

Welded Structures, 135–41. Elsevier. 

https://doi.org/10.1533/9781782420484.3.135. 

Schmidt, Matthias, and Philipp Schäfers. 2017. “The Hanoverian Supply Chain 

Model: Modelling the Impact of Production Planning and Control on a Supply 

Chain’s Logistic Objectives.” Production Engineering 11 (4–5): 487–93. 

https://doi.org/10.1007/s11740-017-0740-9. 

Shelbourn, M., N.M. Bouchlaghem, C. Anumba, and P. Carrillo. 2007. “Planning 

and Implementation of Effective Collaboration in Construction Projects.” 

Construction Innovation 7 (4): 357–77. 

https://doi.org/10.1108/14714170710780101. 

Shorten, Connor, and Taghi M. Khoshgoftaar. 2019a. “A Survey on Image Data 

Augmentation for Deep Learning.” Journal of Big Data 6 (1): 60. 

https://doi.org/10.1186/s40537-019-0197-0. 

Sigala, Marianna. 2002. Assessing the Impact of Information and Communication 

Technologies (ICT) on Productivity in the Hotel Sector: An Operations 

Management Approach. University of Surrey (United Kingdom). 

Song, Lingguang. 2004. “Productivity Modeling for Steel Fabrication Projects.” 

Song, Lingguang, and Simaan M. AbouRizk. 2006a. “Virtual Shop Model for 

Experimental Planning of Steel Fabrication Projects.” Journal of Computing in 

Civil Engineering 20 (5): 308–16. https://doi.org/10.1061/(ASCE)0887-

3801(2006)20:5(308). 

———. 2006b. “Virtual Shop Model for Experimental Planning of Steel Fabrication 

Projects.” Journal of Computing in Civil Engineering 20 (5): 308–16. 

https://doi.org/10.1061/(ASCE)0887-3801(2006)20:5(308). 

———. 2008a. “Measuring and Modeling Labor Productivity Using Historical 

Data.” Journal of Construction Engineering and Management 134 (10): 786–

94. https://doi.org/10.1061/(ASCE)0733-9364(2008)134:10(786). 



 

171 

 

———. 2008b. “Measuring and Modeling Labor Productivity Using Historical 

Data.” Journal of Construction Engineering and Management 134 (10): 786–

94. https://doi.org/10.1061/(ASCE)0733-9364(2008)134:10(786). 

Srinavin, Korb, and Sherif Mohamed. 2003. “Thermal Environment and 

Construction Workers’ Productivity: Some Evidence from Thailand.” Building 

and Environment 38 (2): 339–45. https://doi.org/10.1016/S0360-

1323(02)00067-7. 

Staub-French, Sheryl, Martin Fischer, John Kunz, and Boyd Paulson. 2003. “A 

Generic Feature-Driven Activity-Based Cost Estimation Process.” Advanced 

Engineering Informatics 17 (1): 23–39. https://doi.org/10.1016/S1474-

0346(03)00017-X. 

Taghaddos, H., S. AbouRizk, Y. Mohamed, and U. Hermann. 2012. “Simulation-

Based Auction Protocol for Resource Scheduling Problems.” Journal of 

Construction Engineering and Management 138 (1): 31–42. 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0000399. 

Tsehayae, Abraham Assefa, and Aminah Robinson Fayek. 2016. “System Model for 

Analysing Construction Labour Productivity.” Construction Innovation 16 (2): 

203–28. https://doi.org/10.1108/CI-07-2015-0040. 

Wang, Dong, Guiwen Liu, Kaijian Li, Tongjing Wang, Asheem Shrestha, Igor 

Martek, and Xiaobo Tao. 2018. “Layout Optimization Model for the 

Production Planning of Precast Concrete Building Components.” Sustainability 

10 (6): 1807. https://doi.org/10.3390/su10061807. 

Wang, Yanjie, Fucheng Wang, Peidong Sang, and Huanbin Song. 2021. “Analysing 

Factors Affecting Developers’ Behaviour towards the Adoption of 

Prefabricated Buildings in China.” Environment, Development and 

Sustainability 23 (10): 14245–63. https://doi.org/10.1007/s10668-021-01265-8. 

Wilson, James M. 2003. “Gantt Charts: A Centenary Appreciation.” European 

Journal of Operational Research 149 (2): 430–37. 

https://doi.org/10.1016/S0377-2217(02)00769-5. 

Yazdani, Maziar, Kamyar Kabirifar, Amir M. Fathollahi-Fard, and Mohammad 

Mojtahedi. 2021. “Production Scheduling of Off-Site Prefabricated 

Construction Components Considering Sequence Dependent Due Dates.” 

Environmental Science and Pollution Research, September. 

https://doi.org/10.1007/s11356-021-16285-0. 

Yi, Wen, and Albert P. C. Chan. 2014. “Critical Review of Labor Productivity 

Research in Construction Journals.” Journal of Management in Engineering 30 

(2): 214–25. https://doi.org/10.1061/(ASCE)ME.1943-5479.0000194. 

Yuan, Yisong, Sudong Ye, Lin Lin, and Mitsuo Gen. 2021. “Multi-Objective Multi-

Mode Resource-Constrained Project Scheduling with Fuzzy Activity Durations 

in Prefabricated Building Construction.” Computers & Industrial Engineering 

158 (August):107316. https://doi.org/10.1016/j.cie.2021.107316. 



 

172 

 

Zahedi, Leila, and Ming Lu. 2022. “Optimization of Labor Flow Efficiency in Steel 

Fabrication Project Planning.” In Construction Research Congress 2022, 1261–

69. 

Zamani, Vahid, Hosein Taghaddos, and Yaghob Gholipour. 2023. “Sensor-Fused 

Simulation-Based Decision Support System for Earthmoving Projects.” 

Automation in Construction 156 (December):105117. 

https://doi.org/10.1016/j.autcon.2023.105117. 

Zhao, Jing, Neng Zhu, and Shilei Lu. 2009. “Productivity Model in Hot and Humid 

Environment Based on Heat Tolerance Time Analysis.” Building and 

Environment 44 (11): 2202–7. https://doi.org/10.1016/j.buildenv.2009.01.003. 

Zou, Xin, Qian Zhang, and Lihui Zhang. 2018. “Modeling and Solving the Deadline 

Satisfaction Problem in Line-of-Balance Scheduling.” Journal of Management 

in Engineering 34 (1). https://doi.org/10.1061/(ASCE)ME.1943-5479.0000565. 

Rojas, Eduardo M., and Pruet Aramvareekul. 2003. “Labor Productivity Drivers and 

Opportunities in the Construction Industry.” Journal of Management in 

Engineering 19 (2): 78–82. 

Dai, Jiukun, Paul M. Goodrum, and William F. Maloney. 2009. “Construction Craft 

Workers’ Perceptions of the Factors Affecting Their Productivity.” Journal of 

Construction Engineering and Management 135 (3): 217–26. 

 

  



 

173 

 

Appendix A: Navisworks Plugin Interface 

A.1 Overview 

This section provides an overview of the custom Navisworks plugin developed for 

extracting BIM data related to prefabricated steel components. The plugin allows users to 

select structural elements, retrieve their properties, and export the relevant data for further 

processing in production planning and simulation models. The integration of this tool 

within Navisworks enhances the automation of data extraction, reducing manual effort in 

transferring BIM information to external applications. Screenshots of the plugin’s user 

interface, data selection, and export functionality are included to illustrate its workflow. 

A.2 User Interface Screenshots 

Figure A.1 presents the main user interface of the developed program, displaying an 

industrial steel structure fabricated at Ocean Steel and Construction Ltd. The interface is 

designed to provide users with multiple processing options, allowing them to run the 

simulation for a single steel piece, a sequence of steel pieces, multiple sequences, or the 

entire project. 

As shown in Figure A.1, the project tab enables users to upload a 3D model and enter the 

Project Number in the designated job text box. Once the project details are input, clicking 

the "Modeling" button prompts the program to calculate the required worker-hours for 

fabrication across seven workstations. Additionally, the software estimates the total weight 

of the processed steel components, providing key production insights to optimize 

fabrication planning. 



 

174 

 

 

Figure A.1. Project tab of the user interface, displaying a 3D model of steel structures.  

Figure A.2 presents the summary results for an industrial project, detailing the required 

worker-hours for each workstation, including sawing, drilling, wheelabrator, copper, 

fitting, welding, and plate processing, along with the total project weight. By selecting the 

"Result" button, users can access more in-depth information, as further explained in Figure 

A.3. Additionally, Figure A.5 provides a detailed explanation of the "Batches" button 

functionality. 



 

175 

 

 

Figure A.2. Summary result screen showing the required worker-hours for each 

workstation, including sawing, drilling, wheelabrator, copper, fitting, welding, and plate 

processing, along with the total project weight. Additional details can be accessed by 

clicking the "Result" button. 

Figure A.3 provides a more detailed breakdown of the steel structure, with information 

categorized by individual pieces, sequences, and the entire project. For instance, to retrieve 

the sawing time for a specific steel piece, users can filter the results by its piece ID and 

view detailed processing information. 

Figure A.4 displays the sequence tab, presenting the worker-hours required for each 

sequence of a job, allowing users to analyze fabrication time at the sequence level. 
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Figure A.3. Detailed breakdown of the steel structure, categorized by individual pieces, 

sequences, and the entire project. Users can filter by piece ID to view specific processing 

times. 

 

Figure A.4. Sequence tab displaying the required worker-hours for each job sequence, 

allowing for detailed analysis of fabrication time at the sequence level. 

Figure A.5 illustrates the production planning process within this framework, allowing 

plant managers to group steel pieces based on the project schedule and create production 

batches for the plant. By entering the job number and a batch name in the Batch ID text 

boxes, managers can specify batch details, defining the list of steel pieces that will be 
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processed together. Once the batch details are provided, the system calculates an estimated 

production time, enabling plant managers to issue balanced batches that reduce bottlenecks 

and enhance workflow efficiency. 

Figure A.6 displays the Batch View tab, which provides a detailed representation of the 

worker-hours required for each batch generated in Figure A.5, helping to assess workload 

distribution and optimize production scheduling. 

 

Figure A.5. Production planning interface allowing plant managers to group steel pieces 

into batches based on the project schedule. The system generates estimated production 

times to optimize workflow and minimize bottlenecks. 
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Figure A.6. Batch View tab displaying the required worker-hours for each generated 

batch from Figure A.5, providing insights into workload distribution and production 

scheduling optimization. 
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Appendix B: Database Tables 

B.1 Overview 

This section provides an overview of the 

Microsoft Access database used to store 

Navisworks plugin data and engineering 

estimates for steel structure specifications. 

The database serves as a central repository for 

design specifications, collected time study 

data, simulation inputs, and Report outputs. 

Figure B.1 displays the 27 tables included in 

this thesis. The last 10 tables contain time 

study data collected from the steel fabrication 

plant, capturing processing durations at 

various workstations. The remaining tables 

are structured to store design specifications, 

simulation parameters, and Report data, 

supporting the integration of BIM-based 

productivity estimation and production 

planning models. 

 

 

Figure B.1. Database tables 

 

B.2 Important Tables Description  
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This section provides a detailed explanation of the key database tables used in this study, 

highlighting their role in storing, managing, and retrieving critical data for the steel 

fabrication process. The database is designed to support various aspects of Building 

Information Modeling (BIM), productivity estimation, production scheduling, and Discrete 

Event Simulation (DES). Each table serves a specific function, ensuring that essential 

engineering data, time study records, and project-specific details are efficiently organized 

and accessible. 

The section outlines tables related to job identification, steel component properties, 

workstation processing times, and batch scheduling, which collectively enable data-driven 

decision-making in fabrication management. Additionally, time study tables capture real-

world processing durations at various workstations, providing valuable insights for 

productivity analysis and optimization. By detailing the structure and purpose of these 

tables, this section establishes a foundation for understanding how data is processed and 

utilized throughout the research framework. 

B.2.1 Time Study Tables 

Figure B.1 lists the time study tables at the end of the database. These tables store 

productivity data for the saw, wheelabrator, drill, copper, fitting, and welding stations. For 

illustrative purposes, Figure B.2 presents the table containing saw productivity data. 

In Figure B.2, the table contains the following key features: (1) Job_Number – Identifies 

the steel piece within the plant’s database. (2) Piece_Mark – Represents the unique mark 

assigned to each steel component. (3) Move_in_min – Records the time taken by the saw 

operator to bring the steel piece under the saw. (4) Move_Out_min – Captures the time 

required to transfer the steel piece to the next workstation after cutting. (5) Cut_min 
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Represents the actual time taken by the saw to cut the steel piece according to the design 

specifications. Using Job_Number and Piece_Mark, the Navisworks Autodesk plugin 

retrieves additional details about the steel piece, such as Material_Grade and 

Sectional_Area_Inchsquared. However, only the five features listed above were collected 

in this table for this study. 

 

Figure B.2. Saw productivity data table from the time study, detailing processing times 

and performance metrics for the saw workstation. 

B.2.2 Properties and Predictive model tables 

Figure B.3 displays the section properties for each steel piece. When collecting time study 

data from the fabrication plant, the Job_Number and Piece_Mark identifiers are used to 

access the cross-sectional details of the steel components. This table serves as a reference 

for extracting the specific features required for productivity modeling. 
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Figure B.4 presents the column names used in predictive models, specifically for Linear 

Regression (LR) model coefficients. This table is populated using data from both the time 

study records and the section properties table. It stores the most recent LR model 

coefficients based on the latest collected data. Additionally, when new data is added to the 

time study dataset, this table is automatically updated to reflect the revised model 

parameters. 

 

Figure B.3. Section properties table displaying details of each steel piece 

  
 

Figure B.4. Table containing column names and coefficients for predictive models 
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B.2.3 Main_Assembly 

In steel fabrication, the term assembly typically refers to a group of steel components that 

function collectively as a single structural element. For instance, a column assembly may 

consist of a wide flange, multiple stiffeners, and a base plate, all working together as one 

unit. Within this definition, the main assembly is the largest and primary component within 

an assembly. In the given example, the wide flange serves as the main assembly, while the 

stiffeners and base plate are considered attached parts or fittings. In this thesis, each 

assembly is represented by its main assembly, while the associated smaller components are 

classified as parts or fittings. The Main Assembly Table stores key engineering 

specifications of the main assembly, including the number of attached parts, time estimates 

for each workstation, and additional relevant details.  Figure B.5 presents an outline of this 

table, listing all available columns. The job number and piece mark serve as the primary 

keys, ensuring unique identification of each record. This table acts as the central source for 

distributing building information across different parts of the program, facilitating data 

retrieval and integration for various processes. 
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Figure B.5. Outline of the main assembly table, displaying the list of columns 

B.2.4 Simulation and Report Tables 

Figure B.6 presents the columns of the Plant Simulation Resources table. This table is used 

as an input for plant simulation, specifying the number of resources available at each 

workstation along with the hourly salary rate for each worker. 

  

Figure B.6. Plant Simulation Resources outlining the number of resources and salary 

rates. 
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Figure B.7. Worker-hours table displaying the required labor at each workstation for 

individual projects. 

 

Figure B.8. Worker-hours table showing the labor time at each workstation for each 

sequence within a job. 

B.2.5 Sequence Optimization Tables 

Figures B.9, B.10, and B.11 illustrate key components of the Genetic Algorithm (GA) 

optimization process used for minimizing waste and optimizing construction order. Figure 

B.8 presents the GA optimization parameters table, which defines the key settings used to 

control the optimization process. Figure B.9 outlines the features of GA chromosomes, 

representing different solutions as the algorithm evolves toward an optimal construction 

sequence. Finally, Figure B.10 displays the construction order and schedule of the best 

chromosomes, showing the optimized sequence selected through the GA process. These 
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tables collectively demonstrate how GA is applied to enhance efficiency in construction 

scheduling. 

 

Figure B.9. GA optimization parameters table used to minimize waste in the construction 

order. 

 

Figure B.10. GA chromosomes table displaying key features tracked during the GA 

optimization process. 

 

Figure B.11. Optimized construction order and schedule based on the best-performing 

chromosomes from the GA process. 
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Appendix C: Code for Retrieving BIM Information 

C.1 Overview 

This section provides an overview of the BIM data retrieval process from Navisworks, 

which is essential for extracting relevant information for productivity estimation and 

production planning. The retrieval process is implemented using Visual Basic .NET 

(VB.NET) in Visual Studio, allowing seamless automation of structural properties, 

geometric data, and material specifications from the BIM model. By integrating this 

process, the system ensures efficient data extraction while minimizing manual intervention. 

The developed code enables users to filter, retrieve, and store critical BIM attributes, such 

as section properties, material grades, and connection types, directly from Navisworks. 

This automation enhances the efficiency and accuracy of fabrication time estimation, 

construction sequencing, and discrete event simulation (DES). The extracted data is 

structured and stored in a database, ensuring that it can be readily accessed and utilized in 

decision-making and production optimization processes. 
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C.2 Sample Code Snippets 

C2.1 Visual Studio Project Setup 

This section provides an overview of the Visual Studio project setup and object-oriented 

programming structure used for developing the BIM data retrieval system. The 

implementation follows object-oriented programming principles, ensuring modularity, 

reusability, and efficient code organization. Figure C.1 presents the list of classes within 

the Visual Studio project, showcasing how different components are structured using 

object-oriented design to manage various aspects of BIM data retrieval, processing, and 

integration. 

Figure C.2 illustrates the Visual Studio setup, highlighting key configurations across three 

sub-figures: (A) application settings, which define general properties; (B) compile settings, 

which manage build configurations and optimization; and (C) debug settings, which 

configure runtime execution and error handling. These settings are essential for ensuring 

smooth compilation and debugging of the program. 

Lastly, Figure C.3 displays the references used within the project, listing external libraries 

and dependencies required for executing the BIM retrieval process. These references 

include Autodesk Navisworks API, database connectivity libraries, and system utilities, 

which enable seamless integration between BIM models, database storage, and simulation 

components. 
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Figure C.1. List of object-oriented classes in Visual Studio, structured for 

managing BIM data retrieval and processing. 
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(A) application settings 

 

(B) compile settings 

 

(C) debug settings 

Figure C.2. Visual Studio setup 
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Figure C.3. List of references and dependencies used in the Visual Studio, 

including Autodesk Navisworks API and database connectivity libraries. 
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C2.2 Key Functions for BIM Data Retrieval and Processing 

This section presents key functions from the BIM retrieval code that are essential for 

extracting and managing engineering specifications for steel components within the 

database. The functions demonstrated in this section enable efficient retrieval of data based 

on job numbers and piece identifiers, facilitating seamless integration between BIM models 

and the database. Rather than displaying the entire codebase, selected core functions are 

highlighted to illustrate their role in processing and managing BIM-related data. The full 

code is available upon reasonable request for further reference. 

Figure C.4 presents a function that retrieves engineering specifications for a given steel 

piece by searching the database using the job number and piece number. This function 

serves as a fundamental part of the BIM retrieval system, ensuring that each steel 

component's attributes are correctly identified and stored. 

Figure C.5 focuses on an important sub-function, Single_element_BIM_DB, which 

specifically searches for building assemblies with a given ID. This function plays a key 

role in organizing structural data and ensuring that the correct assemblies are linked within 

the database. 

Figure C.6 demonstrates a function that first identifies the heaviest part in an assembly and 

then extracts Material_Net_Weight as a key feature (Line 753). Additionally, other 

important attributes, such as Cross_Section, can be extracted from the BIM model (Line 

761). These extracted features contribute to improved productivity estimation and 

simulation modeling. 
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Figure C.4. Function that retrieves engineering specifications for a steel 

piece based on job number and piece number, ensuring correct database 

management. 

 

Figure C.5. Sub-function Single_element_BIM_DB, which searches for 

building assemblies with a specific ID in the database. 
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Figure C.6. Function that identifies the heaviest part in an assembly and 

extracts Material_Net_Weight (Line 753), along with other engineering 

properties like Cross_Section (Line 761). 
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Appendix D: Discrete Event Simulation (DES) Code 

D.1 Overview 

This section presents the implementation of Discrete Event Simulation (DES) for steel 

fabrication sequencing, providing an automated approach to optimizing workflow 

efficiency and minimizing production bottlenecks. DES models the fabrication process as 

a series of discrete events, each representing a significant change in the system, such as the 

arrival of a steel component at a workstation, processing completion, or material transfer 

to the next stage. By simulating these events, the system can evaluate different sequencing 

strategies, identify potential delays, and optimize workstation utilization. The DES model 

is designed to integrate with BIM data and production schedules, ensuring that real-world 

fabrication constraints are accurately represented. 

The simulation logic is built to handle event-driven processing, where each workstation 

operates as an independent resource with defined processing times, capacity limits, and 

queuing behavior. The simulation incorporates resource constraints, such as the availability 

of cutting, drilling, welding, and fitting stations, as well as the impact of limited workforce 

availability on overall throughput. Event handling mechanisms track the entry, processing, 

and exit of steel components, ensuring that each fabrication step follows a logical sequence 

based on real-time data. By modeling these dynamic interactions, the DES framework 

enables plant managers to test different production scenarios, evaluate the impact of 

scheduling changes, and refine operational strategies to improve efficiency and reduce 

delays. 

  



 

196 

 

D.2 Sample Code Snippets 

This section presents the setup process for Discrete Event Simulation (DES) in Visual 

Studio, including the class structure, configurations, and key functions implemented in 

Visual Basic .NET to simulate the construction process. The following figures illustrate 

essential components of the DES model, providing insight into how resources are managed 

and tasks are executed to reflect real-world steel fabrication sequencing. 

Figure D.1 presents the class structure used in the simulation program, outlining how 

different objects interact within the DES framework. The object-oriented approach ensures 

modularity and flexibility, allowing for efficient simulation of events such as resource 

allocation, processing delays, and workstation operations. 

Figure D.2 displays the setup configuration in Visual Studio, including the Application, 

Compile, and References settings. These configurations define the project environment, 

optimization settings, and required dependencies, ensuring that the DES model runs 

efficiently and integrates with external libraries. 

Figure D.3 illustrates the predefined actions within the DES model, specifying how various 

activities are initiated and managed throughout the simulation. These actions form the 

foundation for processing steel components at different workstations. 

Figure D.4 demonstrates the request resource action, which dynamically allocates 

resources from workstations such as the saw, wheelabrator, drill, copper, fitting, and 

welding stations. This step ensures that fabrication processes are executed sequentially 

based on resource availability. 
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Figure D.5 presents the release resource action, which frees up resources after a task is 

completed, making them available for the next scheduled job. This mechanism prevents 

resource bottlenecks and optimizes workstation utilization. 

Figure D.6 details the fitting station action, simulating real-world fitting times by 

incorporating processing delays, labor requirements, and sequence dependencies. This step 

ensures that the simulation accurately reflects fabrication operations and their impact on 

overall productivity. 

D.2.1 Setup 

 

Figure D.1. Class structure used in the DES simulation program, organizing object-

oriented components for event handling and resource management.  
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Figure D.2. Visual Studio setup, displaying Application, Compile, and References 

settings required for running the DES model. 

D.2.2 Key Functions for DES 

 

Figure D.3. Predefined actions in the DES model, defining core operations and 

sequencing logic for the simulation. 
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Figure D.4. Request resource action, allocating workstation resources (saw, 

wheelabrator, drill, copper, fitting, and welding) for each steel piece. 

 

Figure D.5. Release resource action, freeing workstation resources after the completion 

of a task to optimize process flow. 
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Figure D.6. Fitting station action, simulating real-world fitting times and dependencies in 

the steel fabrication process. 
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Appendix E: 

E.1 Explanation for Table 3.9 

Table 3.9 is derived from Table 3.5. 

Table 3.5. Productivity estimates using different data augmentation methods 

Job 

Number 

Linear 

Regress

ion 

Normal 

Noise 
Interpolation Clustering BLR Estimate Actual 

ratio of 

Estimat

ed/Actu

al  

1487 2031 1874 2024 1842 1991 867 1437 0.603 

1544 803 824 789 804 805 377 724 0.521 

1564 1826 1860 1874 1766 1895 1007 1497 0.673 

1565 4837 4405 4856 4191 4568 2940 4538 0.648 

1576 6103 6387 6146 7197 6456 5267 6875 0.766 

1582 5050 4863 5014 5036 5241 3405 4635 0.735 

Improve

ment1 

50.6 60 50.6 62.5 54 0 - - 

* All units are in Worker hours.  

* The overall ratio of Estimated over Actual: 0.754  
1 Improvement % of each method compared to Estimated values in plant 

 

 

Table E.1 Absolute Errors for Each Method Compared to Actual 

Job 

Number 

Linear 

Regression 
Normal Noise Interpolation Clustering BLR Estimated 

1487 594 437 587 405 554 570 

1544 79 100 65 80 81 347 

1564 329 363 377 269 398 490 

1565 299 133 318 347 30 1598 

1576 772 488 729 322 419 1608 

1582 415 228 379 401 606 1230 

Subsequently, the percentage reduction in error achieved by each neural network (NN) 

model was calculated using the following equation: 

𝐸𝑟𝑟𝑜𝑟 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =
100 × (Plant Estimated Error −  Model Error)

Plant Estimated Error
 

(𝐄𝐪. 𝐄. 𝟏) 
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Then table 3.9 is generated: 

Table 3.13. Improvement percentages of ML models compared to plant estimates 

Job Number LR Normal Noise Interpolation Clustering BLR Project 

weight (T)  
1487 -4 23 -3 29 2 313.7 

1544 77 71 81 76 76 90.3 

1564 32 25 23 45 18 199.5 

1565 81 91 80 78 98 1235 

1576 52 69 54 80 80 1608 

1582 66 81 69 67 50 1106 

Average 50.6 60 50.6 62.5 54 760 

* Calculations are provided in Appendix, Section E.1 
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E.2 An illustrative plot for wheelbrator station 

To enhance the transparency and clarity of the linear regression modeling approach used 

for productivity estimation, Figure E.2 presents the actual observed data from the steel 

fabrication plant alongside the fitted linear regression line for the Wheelabrator station. 

This plot visually demonstrates the strength of the model fit and provides insight into the 

relationship between the assembly feature and labor hours at this specific workstation. 

The linear regression model used for the Wheelabrator station is defined as: 

𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝐿𝑎𝑏𝑜𝑟 𝐻𝑜𝑢𝑟𝑠 = 3.84 + 0.16 × 𝐴𝑠𝑠𝑒𝑚𝑏𝑙𝑦 𝐿𝑒𝑛𝑔ℎ𝑡 

 

Figure E.2: Linear Regression Model Visualization for Wheelabrator Station 
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E.3 Entity Simulation Logic in DES Module (Figure 5.1 and Figure 4.1) 

Figure 5.1 represents the simulation logic of a single fabricated entity within the DES 

module of the integrated framework shown in Figure 4.1. While Figure 4.1 provides a high-

level conceptual view of the entire system—spanning BIM data extraction, predictive 

modeling, and simulation—Figure 5.1 zooms into the dynamic behavior of one simulation 

entity, detailing the exact production steps it follows within the simulation environment. 

The entity starts at the Saw station, progresses through other fabrication stations (e.g., 

Drilling, Fitting, Wheelabrator), and ends at the Welding station. The logic incorporates 

decision points based on similarity classification, as defined in the Productivity Modeling 

module, which groups components with shared geometrical and operational features. These 

classifications are used in the simulation to optimize sequencing and reduce changeovers. 

The integration of this logic ensures that the simulation respects real-world fabrication 

workflows and evaluates cost-performance under optimized vs. traditional sequencing 

strategies. This fine-grained simulation model is used to validate the effectiveness of the 

similarity-based optimization proposed in the thesis. 
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Figure 4.12. Overview of the proposed production planning tool 

 

Figure 5.1. Simulation logic for the studied plant 



 

 

 

 

Curriculum Vitae 

Candidate’s Full Name: Kamyab Aghajamali 

Universities Attended (with dates and degrees obtained):  

Amirkabir University of Technology: 2013- 2018, B.Sc. in Civil Engineering 

University of Tehran: 2018 - 2021, M.Sc. in Construction Engineering and Management 

Publications:  

Journal Papers 

1: Aghajamali, Kamyab, Ala Nekouvaght Tak, Hosein Taghaddos, Ali Mousaei, Saeed 

Behzadipour, and Ulrich Hermann. 2023. “Planning of Mobile Crane Walking Operations 

in Congested Industrial Construction Sites.” *Journal of Construction Engineering and 

Management* 149 (7). https://doi.org/10.1061/JCEMD4.COENG-1310. 

2: Aghajamali, Kamyab, Saeid Metvaei, Alaeldin Suliman, Zhen Lei, and Qian Chen. 2024. 

“Development of a Prefabricated Construction Productivity Estimation Model Through 

BIM and Data Augmentation Processes.” *Construction Management and Economics*. 

https://doi.org/10.1080/01446193.2024.2431280. 

3: Metvaei, Saeid, Kamyab Aghajamali, Qian Chen, and Zhen Lei. 2024. “Developing a 

BIM-enabled Robotic Manufacturing Framework to Facilitate Mass Customization of 

Prefabricated Buildings.” *Computers in Industry*. 

https://doi.org/10.1016/j.compind.2024.104201. 

https://doi.org/10.1061/JCEMD4.COENG-1310
https://doi.org/10.1080/01446193.2024.2431280
https://doi.org/10.1016/j.compind.2024.104201


 

 

 

4: Mansouri, Ali, Hosein Taghaddos, Ala Nekouvaght Tak, Amir Sadatnya, and Kamyab 

Aghajamali. 2024. “Simulation-based Planning of Earthmoving Equipment for Reducing 

Greenhouse Gas (GHG) Emissions.” *Automation in Construction* 168 (Part B). 

https://doi.org/10.1016/j.autcon.2024.105841. 

5: Aghajamali, Kamyab, Alireza Rahimi, Saeid Metvaei, Zhen Lei, Qian Chen, Alaeldin 

Suliman, and Ali Pirzad. Forthcoming. “Production Planning with an Enriched BIM-based 

Heuristic Construction Order Model to Improve the Efficiency of Complex Prefabricated 

Projects.” *Journal of Construction Engineering and Management* (Accepted). 

6: Aghajamali, Kamyab, Ali Mansouri, Ali Pirzad, Zhen Lei, Qian Chen, and Alaeldin 

Suliman. Forthcoming. “BIM-based Hybrid Optimization Model to Improve Productivity 

of Multi-Project Steel Prefabrication.” *Journal of Computing in Civil Engineering* 

(Submitted). 

 

Conference Presentations:  

1: Aghajamali, Kamyab, Alaeldin Suliman, Abdulaziz Alattas, and Zhen Lei. 2022. “Data-

driven Cycle Time Prediction of Fitting and Welding Stations in Steel Fabrication.” In 

*2022 MOC Summit Conference*. https://doi.org/10.29173/mocs273. 

2: Alattas, Abdulaziz, Alaedin Suliman, Kamyab Aghajamali, and Zhen Lei. 2022. 

“Simulation-based Value Stream Map for Manual Steel Fabrication Workstations.” In 

*2022 MOC Conference*. https://doi.org/10.29173/mocs272 

3: Aghajamali, Kamyab, Suliman Alaeldin, Jenna Rachel Eveleigh, and Zhen Lei. 2023. 

“An Inventory Size Optimization of Manual Workstations in Steel Prefabrication.” In 

https://doi.org/10.1016/j.autcon.2024.105841
https://doi.org/10.29173/mocs273
https://doi.org/10.29173/mocs272


 

 

 

*Proceedings of the Canadian Society for Civil Engineering Annual Conference 2023, 

Volume 4 (CSCE 2023)*, 97–108. https://doi.org/10.1007/975-3-031-61499-6-8 

4: Aghajamali, Kamyab, Saeid Metvaei, Alaeldin Suliman, and Zhen Lei. Forthcoming. 

“Enhancing Productivity and Efficiency in Steel Fabrication for Offsite Construction: A 

Study on Accurate Estimation Models.” In *CSCE 2024 Annual Conference*. 

5: Aghajamali, Kamyab, Rafik Lemouchi, Alireza Rahimi, Saeid Metvaei, Ahmed 

Bouferguene, and Zhen Lei. 2024. “Enhancing Safety and Efficiency in Crane 

Operations: Addressing Communication Challenges and Blind Lifts.” In *2024 Winter 

Simulation Conference (WSC)*. https://doi.org/10.1109/WSC63780.2024.10838735. 

6: Metvaei, Saeid, Kamyab Aghajamali, Songyue Wang, Zhen Lei, and Qian Chen. 2024. 

“Integrating Design and Fabrication For Sustainable Housing: Insights From The Kopps 

Prototype.” In *2024: Transforming Construction with Off-site Methods and 

Technologies (TCOT)*. 

7: Rahimi Azghadi, Seyed Alireza, Kamyab Aghajamali, Monica Wachowicz, Francis 

Palma, Ian Church, and Hung Cao. 2024. “An Energy-Efficient LoRa IoT System for 

Water Monitoring: Lessons Learned and Use Cases.” In IEEE 

https://doi.org/10.1109/ICCE-Asia63397.2024.10773992. 

 

 

https://doi.org/10.1007/975-3-031-61499-6-8
https://doi.org/10.1109/WSC63780.2024.10838735

