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Abstract: This systematic review comprehensively analyzes the application of computer vision in 

construction productivity measurement and emphasizes the importance of worker accountability in 

construction sites. It identifies a significant gap in the connection level between input (resources) and 

output data (products or progress) of productivity monitoring, a factor not adequately addressed in prior 

research. The review highlights three fundamental groups: input, output, and connection groups. Object 

detection, tracking, pose, and activity recognition, as the input stage, are essential for identifying 

characteristics and worker movements. The output phase will mostly focus on progress monitoring, and 

understanding the interaction of workers with other entities will be discussed in the connection groups. 

This study offers four research future research directions for the worker accountability monitoring 

process, such as human-object interaction (HOI), generative AI, location-based management systems 

(LBMS), and robotic technologies. The successful accountability monitoring will secure the accuracy 

of productivity measurement and elevate the competitiveness of the construction industry.  
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1. INTRODUCTION 

Productivity monitoring, a continuous observation, involves the obtained progress from the resources 

used as input in the projects (PMBOK[1], [2], [3]). Traditional productivity monitoring practices have 

often failed to achieve their primary objective due to a lack of study on workers' accountability. 

McKinsey & Company[4] reported that the construction sector's performance has constantly been the 

lowest since 1995 until now. The value added per hour worker for construction was sixty thousand 

dollars, 1.7 times smaller than the manufacturing industry in 2005. Needless to say, the current situation 

demands improvement in construction productivity.  

Computer vision is a solution for improving construction productivity monitoring and controlling 

practices. However, since the interaction of workers with other objects has not been addressed yet, 

productivity value still cannot be properly visualized through this technique. In Figure 1, a construction 

worker practically has accountability with all existing entities such as other workers, tools, materials, 

heavy equipment, and workspace. Hence, it generates some prompts, such as how many entities are 

involved, the relationship of the resources, how good the product is, and their operational systems. The 

project manager must understand all the complexities and work patterns on the construction site before 

measuring productivity. Unfortunately, engineers have not optimally transformed this situation into a 

computer vision model. 

In recent studies, experts have extensively used computer vision in construction sites. Table 1 shows 

that they have reviewed productivity monitoring in several categories, such as digital applications in 

performance assessment, the influence of weather on productivity, critical factors of performance 

measurement, activity recognition on workers, and BIM for productivity improvement. Each group 

offers comprehensive data, issues, scope, and future direction. At the technology level, Pal A. et al.[5], 
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Barbosa A. et al.[6], Alaloul W. S. et al.[7], Sherafat B. et al.[8], and Archchana S. et al.[9] explain 

methods commonly applied in productivity monitoring which can investigate objects involved in the 

project, track, and be able to understand the activities as an input instrument (Eq. 1) in productivity 

measurement. Current techniques can also measure the progress form the workers as an output variable 

(Eq. 1). Moreover, the reviews of some critical factors (Moohialdin A. et al.[10], Khalid K.H. et al.[11], 

Rathnayake A. et al.[12]) causing low construction productivity is essential to pay attention to. However, 

a fundamental understanding of interactions has not been considered as a key aspect of productivity 

monitoring. Consequently, experts cannot demonstrate an explicit productivity value of workers through 

computer vision techniques. 

To bridge this gap, this study proposes a systematic review of accountability monitoring to support 

the productivity measurement process. This research scheme will have a structure as follows: the 

introduction highlights the importance of the connection between input and output in evaluating 

construction performance. The methodology section discusses paper review techniques, which include 

literature review and bibliography analysis. Then, in the next section, we will comprehensively discuss 

related studies in accountability monitoring for productivity measurement. In the future studies section, 

this study proposes a conceptual framework for productivity monitoring through computer vision 

techniques. Finally, the conclusion section provides critical statements that can encourage readers to 

consider accountability monitoring as a future research direction. 

 

Table 1. Current review papers in productivity monitoring 

Category Author Activities Limitation 

Smart construction 

management 

Pal A., 2021[5] 

 

 

Reviewing state-of-the-art 

visual data analytics in the 

context of construction 

project management 

High-level and general 

techniques only 

Digital technologies 

application 

Barbosa A., 2021[6]; 

Alaloul W. S., 2021[7] 

Investigating recent 

methods used for 

construction productivity 

monitoring 

Discussing either the input 

or the output of productivity 

monitoring only 

Weather effects Moohialdin A.S.M., 

2019[10] 

Analyzing the weather 

effect on construction 

worker productivity 

However, this aspect has 

less impact on the 

performance monitoring 

process. 

Critical factors Khalid K.H., 2023[11]; 

Rathnayake A., 2023[12] 

Listing the factors affecting 

construction productivity   

The connection part is not 

the critical factors 

Activity recognition Sherafat B., 2020[8] Discussing automated 

methods for activity 

recognition of construction 

entities 

It did not discuss how we 

link input and output 

together. 

Building information 

modeling (BIM) 

Archchana S., 2023[9] Identifying the role of BIM 

in productivity 

measurement 

No explanation of how to 

integrate BIM into a 

computer vision system. 

 

 
Fig. 1. The accountability among the construction entities 
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2. RESEARCH METHODOLOGY 

Computer vision has been applied in all fields that have visual data as a controlling tool to encourage 

work productivity, especially in the construction industry. Therefore, the availability of abundant 

references will be both an advantage and a challenge at the same time. Figure 2 outlines a structured 

approach for conducting a systematic review of research, specifically in accountability monitoring, 

productivity measurement, and construction. This approach is organized into three primary phases: 

identification, screening, and selection, each consisting of multiple steps to refine and select the most 

relevant literature. This first phase focuses on defining the scope and sources for the literature search in 

the beginning. The scope is clearly identified as pertaining to accountability monitoring, productivity 

measurement, and construction. The sources for the literature are divided into two categories: types of 

references and types of databases. References include textbooks, reports, journal articles, and 

conference papers, while databases include Web of Science (WoS), Scopus, Institute of Electrical and 

Electronics Engineers (IEEE), and Google Scholar. The literature search, as per step three, reviews 

various topics like productivity monitoring, computer vision, and construction management, leading to 

the identification of a specific number of papers in different categories. 

 

 
Fig. 2. Research Methodology 

 

The screening process begins with a quality control step that checks the performance of the papers 

based on metrics like the H-index, impact factors, and citation quartiles. It also includes an open access 

check for the digital object identifier (DOI) availability, GitHub repositories, and dataset availability, 

followed by a content check of authors, year-wise, and fields. Screening criteria are applied to filter out 

predatory, duplicated, and low-quality papers. The screening results are then quantified, listing the 

number of review papers, input group papers, output group papers, papers on human-object interactions 

(HOIs), and others that passed the screening. The final phase involves a thorough check of the full 

papers, assessing sections such as the abstract, methodology, results, and identified research gaps. The 

selection criteria are based on relevance, feasibility, complexity, and reliability. The final result tabulates 

the number of papers that make it through this selection process, categorized into review papers, input 

groups, output groups, HOIs papers, and others, leading to a final count of selected papers for potential 

inclusion in the research. 

3. WORKER ACCOUNTABILITY MONITORING 

To understand worker performance and their accountability on construction sites through computer 

vision techniques, this stage is divided into three discussion categories such as input, connection, and 

output groups. 
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3.1. The vision-based method for the input groups 

In the concept commonly used to measure productivity (P) [2], [13], there are two essential 

instruments, namely units of input (I) and output (O) (Eq. 1). At the construction site, these two 

instruments were obtained from a visual observation process in the field for the productivity monitoring 

process. Recently, experts have used computer vision techniques to detect[14], [15], classify, track[16], 

[17], and understand the activities[18] carried out by entities in construction projects. Figure 3 visualizes 

a systematic workflow as a productivity measurement chain related to project management or 

operational systems, where the tracking and management of various components are crucial. The 

workflow is segmented into three interconnected stages: input groups, connections, and output groups, 

each critical to the process's overall efficiency and effectiveness. At the Input stage, the system gathers 

crucial data through several advanced methods, including object detection in You Only Look Once 

(YOLO) [19], Faster R-CNN (Regional Convolutional Neural Network) [20], Mask R-CNN[21]), 

tracking in Deep SORT (Simple Online and Realtime Tracking) [16], and recognizing objects and 

activities through You Only Watch Once (YOWO) [22][23]. This encompasses a comprehensive 

collection of data points ranging from the location and timing of events to more intricate details, such 

as the specific characteristics of objects and statistical information that can be quantified and analyzed. 

The methods employed are sophisticated enough to understand not just the presence of objects but also 

their movements and the context in which they operate, which is vital for accurately assessing the 

system's functioning. 

 

𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦 (𝑃)  =  
𝑈𝑛𝑖𝑡 𝑜𝑓 𝑂𝑢𝑡𝑝𝑢𝑡 (𝑂)

𝑈𝑛𝑖𝑡 𝑜𝑓 𝐼𝑛𝑝𝑢𝑡 (𝐼)
              (1) 

3.2. The vision-based method for the connection groups 

In the connection stage, the focus shifts to accountability monitoring, ensuring that every element 

within the process, such as workers, objects, or equipment, is tracked and accounted for. This is where 

the collected data is contextualized by using the spatio-temporal aspects, as well as the quality of 

attention and interactions within the system. This stage is pivotal for maintaining control over the 

process, as it bridges the initial data collection with the final outcomes, ensuring that every action and 

interaction is purposeful and leads to a measurable outcome. We already have many works in the input 

and output parts that will be described in the following section. However, there are no studies focusing 

on how we link the output and the input work together. This scheme is proposed to describe and help 

experts in determining their future direction in the state-of-the-art productivity measurement process. In 

addition, the connection part can assist stakeholders in identifying workers' responsibility and ownership 

to support the quality control process. 

 

 
Fig. 3. The role of connection task in productivity monitoring 

3.3. The vision-based method for the output groups 

Finally, the output stage discussed progress monitoring[24], [25], [26], [27], quality, time, and cost 

control at the construction level. Output contains the data process through the input and connection 

stages that translate into tangible outcomes that dictate the project's success. This enables a practical 

application of the data collection process to support the decision-makers evaluating performance. Figure 

3 represents a dynamic and interactive system where each stage is integral to the overall functionality 
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and where the flow of information is meticulously managed to ensure the system's goals are achieved. 

After these three instruments (input, connection, and output) are completed, accountability, 

responsibility, and productivity value can be achieved accurately. 

4. FUTURE RESEARCH DIRECTION 

Worker accountability can be investigated through several potential approaches as future research 

directions, such as human-object interaction (HOI), generative artificial intelligence, location-based 

management systems (LBSM), and robotic technologies. 

4.1. Human-object interaction 

Figures 1 and 3 illustrate the complex interactions at construction sites that require thorough 

investigation for accountability prior to measuring productivity. Figure 4 presents a workflow for 

assessing sustainable construction productivity, emphasizing the importance of understanding 

interactions between various entities for effective worker accountability monitoring. For instance, 

Worker-1's interactions with colleagues, tools, and materials are analyzed, allowing the project manager 

to attribute specific progress tasks (Progress-1 and Progress-3) to this individual. Subsequently, Worker-

1's productivity is evaluated. If found lacking, the manager must re-examine and adjust the interaction 

process. Additionally, Figure 4 elucidates various on-site interaction scenarios, such as task allocations 

among workers, the number of workers involved in each task, and their communication patterns within 

the workspace. This detailed understanding enhances the clarity and traceability of the accountability 

monitoring process. 

In computer vision, the worker accountability process is called human-object interaction (HOI) 

detection, which can be implemented after we obtain essential information such as spatiotemporal[18], 

[28], [29], attention, body posture, interaction, etc. Several potential methods to detect HOI include 

graph neural networks[30], [31], [32], [33], [34] (GNN), transformers[35], [36], [37], [38], pose 

estimation[38], [39], etc. Based on Figure 4, worker-1 interacts not only with objects (material, tools, 

and equipment) but also with other workers (human-human interaction, HHI), which is related to 

location (human-location interaction, HLI). This shows that the research space in the worker 

accountability monitoring process is vast and is critical in the productivity measurement process. 

However, experts do not have focused their studies on discussing this stage, so as a future direction, 

HOI has excellent potential for further exploration and development. 

 

 
Fig. 4. The contextual workflow of productivity monitoring 

4.2. Generative AI for worker accountability 

Generative AI[40] is a form of artificial intelligence that leverages generative models to create text, 

images, or other media. These models, trained on existing data, replicate their patterns and structures to 

generate new, similar content. The early 2020s witnessed significant advancements in this field with the 

development of transformer-based deep neural networks, leading to the rise of various generative AI 

platforms capable of interpreting natural language prompts. This era introduced powerful tools like 

Generative Pre-trained Transformer (GPT), Microsoft Copilot, Bard, and a state-of-the-art large 

language model for coding (LLaMA), marking substantial progress in AI. These advancements facilitate 

the rapid interpretation of visual data into text and vice versa, enhancing processes like annotation, initial 

contextual analysis, and overall computer vision model development. Integrating large language models 

(LLMs) with computer vision techniques can significantly improve efficiency in accountability and 

productivity monitoring. 
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4.3. Location-based management system (LBMS) 

In construction management, Human-Location Interaction (HLI) is vital. If end-of-project 

productivity evaluations indicate suboptimal worker performance, supervisors must assess the efficacy 

of workspace utilization and mobilization. Key considerations include strategic worker placement, 

workforce size, layout optimization, zoning, material and tool positioning, and the planning of 

mobilization routes and schedules to ensure dynamic movement and avoid productivity-hindering 

collisions. The Location-Based Management System (LBMS) [41], [42], [43], [44] is essential in this 

context, emphasizing location as a crucial factor in construction project work sequence management. Its 

goal is to distribute resources effectively by location and workforce. Computer vision technologies 

enhance this by offering detection, tracking, and spatiotemporal analytics. Inputs from Human-Object 

Interaction (HOI) models can refine project scheduling, increasing precision and circumventing 

scheduling conflicts. Therefore, LBMS merits increased attention for improved location management 

and enhanced productivity in future construction projects. 

4.4. Robotics for worker accountability 

Workers play a pivotal role in the realm of construction. However, the future foresees a shift towards 

integrating robots[45], [46], [47] to assist in manufacturing, transportation, installation, and monitoring 

tasks at construction sites. Similar to humans, these robots require interaction with surrounding objects 

during their activities, introducing a new layer of complexity to productivity measurement in 

construction projects. Nonetheless, robots also offer potential as a tool for accountability monitoring by 

project managers. These robots can be programmed to operate within specified patterns and workspaces, 

alerting them to any deviations from established standards. The effectiveness of these robots is 

contingent on the sophistication of the underlying computer vision models developed for them. 

Therefore, for successful worker accountability monitoring and to maintain competitiveness within the 

construction industry, it is essential to consider and integrate advancements in robotics and model 

development. 

5. CONCLUSION 

Computer vision technologies, while adept at capturing extensive visual data on construction sites, 

encounter difficulties in effectively demonstrating tangible productivity recognition. Recent studies 

highlight a lack of systematic integration between the input and output datasets, adversely affecting the 

measurement, monitoring, and enhancement of productivity in construction projects. This issue has not 

been sufficiently prioritized in performance assessments by academic reviewers. A detailed systematic 

review is necessary to establish a connection between the input and output phases. At the input stage, 

the focus is on object detection, tracking, pose, and activity recognition, to understand the characteristics 

and movement of involved entities. Subsequently, in the output phase, the emphasis is on quantifying 

the volume and quality of outputs via progress monitoring. The application of Human-Object Interaction 

(HOI) techniques is essential in linking inputs and outputs. Additionally, exploring other technologies 

like generative AI, LBMS, and robotics is important for future integration possibilities. Lastly, worker 

accountability monitoring extends beyond measuring productivity to supporting risk mitigation, quality 

control, and time management, thereby enhancing the construction industry's competitiveness. 
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