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ABSTRACT

The construction industry drives economic growth in both developing and developed countries,
leading to an increasing demand for construction projects and activities. Modern construction
practices increasingly adopt off-site prefabrication of heavy modules due to limited onsite
space, which requires transportation and crane-based installation. Traditionally, certified
operators manage lifting operations based on manual judgment, which often leads to accidents
caused by occlusion, collision, overloading, or unsafe practices. According to data from the
Hong Kong Housing Authority, 38% of crane-related accidents occur during lifting operations,
underscoring the urgent need for improved safety measures. In response, Hong Kong
introduced the Smart Site Safety System (4S) in 2023. However, 4S relies on manual reporting
and suffers from limitations in accuracy and adaptability, necessitating advanced technological

solutions to enhance safety and reduce risks in lifting operations.

This thesis addresses three types of hazards during crane lifting operations and covers all
contributing factors associated with these risks. These risks include occlusions/collisions,
overloading, and unsafe practices. First, for occlusions/collisions, existing Computer-Aided
Lift Path Planning and Replanning (CALPP-RP) are using parallel computing systems, but
there are several challenges in parallel computing systems, including computational
inefficiency, limited exploration capability, instability due to suboptimal problem division, and
communication latency in dynamic environments. To overcome these limitations, this thesis
proposes an integrated computing system for occlusion-free and collision-free path planning
and replanning of robotized cranes. The workspace is modeled in Unity 3D and utilizes hybrid
algorithms, combining A* for Configuration Space (c-space) exploration and Genetic
Algorithms (GA) for path optimization. The Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS) is employed to select optimal and sub-optimal paths, while raycasting

is used for occlusion and collision detection. The system integrates a Decision Support System



(DSS) for proactive planning and a Path Re-Planner (PRP) for real-time updates. Pilot testing
demonstrated improvements of 83.33% in computation speed and 33.32% in overall
performance in high-dimensional environments compared to traditional sequential and parallel
computing systems. CALPP-RP systems integrated with the proposed computing framework
help avoid occlusion and collisions during lifting operations. Although cranes may operate for
up to 60 years of Remaining Useful Life (RUL), they are subjected to cyclic and variable
amplitude loads over time. These loads induce fatigue and stress in the crane structure, which
accumulate and may eventually exceed critical thresholds, potentially leading to structural

failure. Therefore, a system is needed to predict this degradation based on real-time sensor data.

Second, aging tower cranes face structural degradation, yet their lifting capacity over time
remains underexplored. This thesis presents a Digital Twin-Driven (DTD) model to predict the
degraded lifting capacity of aging cranes. The DTD model integrates fatigue analysis, real-time
data, and Machine Learning (ML) models, achieving high accuracy (Mean Squared Error
(MSE) = 0.2253, coefficient of determination (R?) = 0.9973) in predicting degraded load charts
over a 70-year lifespan. These predictions enhance safety monitoring, enabling operators to
mitigate risks and prevent structural failures. Even after addressing occlusion, collision, and
structural degradation, crane accidents occur due to unsafe practices. Therefore, there is a need
for an automated safety risk assessment system that monitors all lifting activities and operations

in real-time.

Third, traditional safety monitoring relies heavily on manual reporting, often error-prone and
limiting its effectiveness. To advance 4S technologies, a cascaded model for automated safety
risk assessment is proposed. It integrates Super-Resolution Generative Adversarial Networks
(SRGAN) for image preprocessing, Real-Time Detection Transformer-Large (RT-DETR-L) for
crane detection, self-Dlstillation with NO labels (DINOv2) for safety classification, and Vision
Transformer (ViT) for activity recognition. Comprehensive risk values are calculated using

Vi



probability matrices, triggering real-time warnings for high-risk scenarios. The model
demonstrates superior performance, achieving 92.10% detection precision, 99.25% safety
classification accuracy, and 99.47% activity classification accuracy, with an inference speed of

0.70 seconds, providing a reliable, real-time monitoring solution.

This research significantly advances crane safety in construction through integrated computing,
predictive maintenance, and automated risk assessment. These innovations enhance efficiency,
accuracy, and safety, offering scalable solutions to address critical challenges in dynamic

construction environments.

Keywords: Integrated computing system, Digital twin, Safety risk assessment, Cranes,

advanced computational technologies.
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CHAPTER 01

INTRODUCTION

This chapter presents an overview of the research background, motivation, and problem
statement, focusing on critical topics such as crane safety during lifting operations, path
planning and replanning, degradation in lifting capacity, and safety risk assessment. It also
outlines the research questions, objectives, and thesis structure. The introduction integrates and
synthesizes findings from the author’s published and submitted papers, which form the

foundation of this thesis.

1.1 Background and Motivation

The construction industry is a cornerstone of global economic growth, driving infrastructure
development and urbanization across diverse project types, from residential and commercial
buildings to industrial complexes and civil engineering works (Wong et al., 2015; Wong et al.,
2008). Central to these activities are tower cranes, which serve as indispensable equipment for
lifting, transporting, and positioning heavy materials and prefabricated components in
constrained and dynamic environments (Zayed & Hussein, 2024; Pan et al., 2020; Taghaddos
et al., 2018). While modern construction practices, such as off-site prefabrication of heavy
modules, have intensified reliance on cranes due to space limitations and the need for precision
(Abdelmageed et al., 2020; Zhang et al., 2021; Zheng et al., 2020). Crane operations remain
critical across all construction projects, whether traditional or modular (Kayhani et al., 2021;

Kiss et al., 2020).

Crane operations are inherently complex due to dynamic movements within unstructured,
three-dimensional (3D) environments. Unlike 2D environments, where movement is
constrained to a planar surface, crane operations must navigate a vertical axis with constantly

changing spatial configurations, limited visibility, and varying elevations. These 3D constraints
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introduce a higher degree of difficulty in avoiding collisions, maintaining clear lines of sight,
and issuing timely warnings. As a result, cranes are highly susceptible to occlusion, obstruction
by built structures or temporary installations, and unpredictable interference, all of which

increase the risk of accidents and complicate real-time tracking and control.

Certified operators are responsible for managing lifting operations, navigating complex site
layouts to deliver loads from initial staging areas to final positions (Al-Hussein et al., 2006; Ji
et al., 2018; Lin et al., 2014). However, the widespread practice of “blind lifting,” which relies
on human judgment for obstacle detection and path planning, introduces systemic
inefficiencies and safety hazards common to all crane-reliant projects. The primary hazard,
collision with obstacles or structural components, persists as a leading cause of crane-related
accidents, resulting in injuries, fatalities, and costly delays (Tam et al., 2011; Zhou et al., 2018a,
2018b). An occlusion-free and collision-free path planning system would enable safe crane

operations with minimal accident risks (Ajmal et al., 2016; Ali et al., 2005).

In addition to spatial complexity, aging tower cranes face structural fatigue, corrosion, and
deterioration caused by high-cycle loads, environmental exposure, and inadequate
maintenance. These factors gradually reduce lifting capacity (Das et al., 2018; Gu et al., 2021;
Guoetal., 2021; Pal etal., 2018; Vukelic et al., 2019). Despite these challenges, many operators
continue to rely on outdated manufacturer load charts, which are calibrated under ideal
conditions and fail to reflect real-world deterioration, thereby increasing the likelihood of
catastrophic failures (Guo et al., 2021; Kulka et al., 2016; Pal et al., 2018). Using outdated

specifications increases the likelihood of structural failures or catastrophic collapses.

Compounding these technical issues are systemic human factors, including insufficient
training, limited situational awareness, and noncompliance with safety protocols, all of which

contribute to preventable accidents across the industry (Giircanli et al., 2015; Jung et al., 2022;



Lee et al., 2020). Although regulatory frameworks are in place to enforce safe practices, their
effectiveness is often compromised by human error and inconsistent adherence (Xiao & Kang,
2021; Zhang et al., 2022). Therefore, there is a need for automated safety risk assessment
systems capable of monitoring all crane activities in real time (Jeelani et al., 2016; Rahim Abdul

Hamid et al., 2019; Shafique et al., 2019).

This complex safety landscape, exacerbated by the challenges of operating in 3D, unstructured
environments, underscores the urgent need for an integrated computing system capable of
addressing multiple critical dimensions: generating occlusion-free and collision-free lifting
paths, dynamically predicting the degraded capacity of aging equipment, and providing real-
time safety risk assessments. Such a system, adaptable across modular, traditional, and hybrid
projects, would mitigate risks through automated, data-driven decision-making, ensuring safer

and more efficient crane operations industry-wide.

1.2 Crane safety in lifting operations

Crane accidents frequently occur during various phases, including layout planning, assembly,
dismantling, erection, and lifting operations, with most accidents occurring during lifting
operations. These accidents often stem from occlusions, collisions, overloading, and unsafe

practices.

According to the U.S. Bureau of Labor Statistics, there were 5,486 fatal work injuries in 2022,
representing a 5.7% increase from the previous year. The fatality rate rose to 3.7 per 100,000
full-time equivalent workers (FTW), with one worker dying every 96 minutes, compared to
every 101 minutes in 2021 (Bureau of Labor Statistics, 2023). Among these fatalities, 170 were
due to "struck-by" accidents, while 59 resulted from being caught in, compressed by, or crushed
by equipment or objects, as defined by OSHA (Brown et al., 2021). Additionally, there were

79,660 nonfatal injuries, with 32.8% caused by contact with objects or equipment (e.g., loaders,



excavators, graders, cranes), 31% from falls, slips, or trips, 25.2% from overexertion or other
bodily reactions, and 4.7% from transportation incidents (Brown et al., 2020). "Struck-by"
machinery incidents continue to be a major contributor to workplace fatalities worldwide, with
particularly high rates reported in Hong Kong (19.98%), Japan (6.54%), Singapore (5.40%),

and Australia (3.20%) (Chiang et al., 2017).

In Hong Kong alone, the Housing Authority recorded 3,109 construction accidents in 2021, an
increase from 2,532 in 2020, as illustrated in Figure 1.1(a). The fatal work accident rates
increased from 26.1 to 29.5 in 2022, as shown in Figure 1.1(b). A significant proportion of
these accidents were linked to heavy objects or machinery, including cranes (ISSH, 2024).
Notably, approximately 91.8% of construction workers operate near such objects or equipment,
making them especially vulnerable to risks such as entrapment, compression, and being struck
(Betit et al., 2022). As construction projects become larger and more complex, the reliance on
heavy lifting equipment such as cranes has grown significantly (Hung et al., 2021a; Liu et al.,

2021), elevated the associated risks (Shao et al., 2019).

Crane-related accidents in particular have shown a troubling upward trend. In 2022, 47 crane
accidents were reported, up from 39 in 2021, as depicted in Figure 1.1(c). Of these, 38%
occurred during lifting operations, 31% during climbing, assembly, or dismantling, and 23%
were due to other factors, as shown in Figure 1.1(d). Overloading remains a major cause of
lifting-related accidents, often due to the failure to account for the reduced structural capacity
of aging cranes. These degradation-related failures have led to several catastrophic events. For
instance, the 2022 collapse of a tower crane at the Sau Mau Ping construction site in Hong
Kong resulted in three fatalities, as the operator failed to recognize the crane’s deteriorated load
capacity (Steven Chun-yin et al., 2022). Other notable incidents include the 2016 Dongguan
crane collapse in China, which killed 18 people (Lan et al., 2017), and the 2008 New York City
crane collapse, which caused seven deaths and multiple injuries (Linda Levine, 2008).
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These events highlight the critical need for reliable detection of structural degradation in cranes
and the prevention of overloading. Collisions and "struck-by" incidents emerge as leading
causes of crane-related accidents, resulting in injuries, fatalities, project delays, and substantial

financial losses.

Another significant contributing factor is unsafe crane operation. Accidents often result from
improper usage, lack of training, low situational awareness, or operational fatigue (Giircanli et
al., 2015; Jung et al., 2022; Lee et al., 2020). Despite the existence of safety protocols, current
safety enforcement measures frequently depend on manual supervision and subjective
judgment (Xiao & Kang, 2021; Zhang et al., 2022). This can lead to delayed responses, missed
warnings, and inconsistent implementation (Jeelani et al., 2016; Rahim Abdul Hamid et al.,
2019; Shafique et al., 2019). The lack of systematic monitoring prevents timely intervention

and hinders root cause analysis.

In summary, crane-related incidents; particularly those caused by overloading, structural
degradation, collisions, and unsafe practices, represent a serious and escalating concern for
construction safety worldwide. The growing scale of construction activities, increased
deployment of heavy lifting machinery, and dependency on human-based safety monitoring
collectively heighten the risk of severe accidents. These challenges underscore the urgent need
for technological advancements and data-driven solutions to identify risks early and enhance

on-site safety practices.
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1.3 Path planning and replanning
Efficient crane lift path planning and replanning are critical to ensuring optimal movement
routes and minimizing operational risks. Traditionally, certified operators manage crane

operations, lifting loads from loading areas to designated positions. However, these blind lifting



operations often lead to safety risks, project delays, injuries, fatalities, and financial losses.
These challenges underscore the necessity for advanced computer-aided lift path planning and
replanning (CALPP-RP) systems to enhance operational safety and efficiency. Such systems
require rapid, real-time computation of collision-free lift paths to address the dynamic nature

of construction environments.

CALPP-RP systems leverage advanced algorithms, intelligent decision-making frameworks,
computer graphics, and simulations for real-time adaptation in construction projects (Chang et
al., 2012a; Hu et al., 2021). They ensure safe and optimal crane lifting paths, enhancing safety
and productivity (Ajeil et al., 2020). Despite these advancements, most existing systems treat
planning and replanning as isolated processes, often yielding suboptimal results. In the
dynamic environments of construction projects, continuous obstacle avoidance is paramount
(Lei etal., 2013; Soltani et al., 2002). Planning algorithms must integrate real-time replanning
steps to adjust paths based on environmental changes dynamically (Li et al., 2020; Zhang et
al., 2012). Such adjustments require efficient algorithms that swiftly modify path segments
based on new information (Dakulovi et al., 2011; Zhang et al., 2012). Consequently, developing
an automated, real-time, integrated system for collision-free crane lift path planning and

replanning is essential.

Various computational methods have been explored for real-time lift path planning and
replanning, categorized broadly into deterministic, probabilistic, and evolutionary algorithms
(Hu et al., 2021). Deterministic approaches, such as Dijkstra and Dynamic A* (D¥*), use
predefined rules and heuristics to explore solution spaces and find optimal paths (Koenig et al.,
2004; Soltani et al., 2002). These methods excel at recalibrating paths in response to
environmental changes (Stentz, 1994). Extensions, such as heuristic-based D* (Stentz, 1995)
and Two-Way D* (Dakulovi and Petrovi, 2011), reduce computation times by employing
targeted strategies like heuristic focusing and occupancy grid maps. However, these algorithms

8



struggle with scalability and efficiency in high-dimensional configuration spaces (c-space),

necessitating frequent recalculations and limiting adaptability.

Probabilistic methods, including Simulated Annealing (SA), Stochastic Gradient Descent
(SGD), and Rapidly Exploring Random Trees (RRTs), utilize random processing to explore
solution spaces (Hu et al., 2016; Zhang et al., 2012). While versatile, they face challenges in
navigating high-dimensional c-spaces efficiently. For instance, Dynamic RRT (DRRT)
improves computational efficiency by pruning only invalid segments of planned paths
(Ferguson et al., 2014). Similarly, modified frameworks, such as Extended RRT (ERRT) and
specialized DRRT implementations, balance path planning and execution in real-time
(AlBahnassi and Hammad, 2012; Bruce and Veloso, 2014; Zhang and Hammad, 2012). Despite
these advancements, achieving globally optimal solutions remains challenging due to biases

introduced during sampling Bruce and Veloso (2018).

Evolutionary algorithms, such as Genetic Algorithm (GA), Ant Colony Optimization (ACO),
and Particle Swarm Optimization (PSO), simulate natural selection processes to refine potential
solutions (Aslan et al., 2023; Tuncer and Yildirim, 2012). Hybrid approaches, such as PSO-SA
combinations and multi-objective parallel genetic algorithms (Zhu et al., 2022), enhance
computational efficiency in dynamic scenarios. However, challenges persist in balancing
computational complexity, convergence speed, and solution accuracy. For example, Yang Wang
(2007) hybrid GA improved obstacle avoidance but failed to achieve real-time adaptability.
Similarly, GPU-based parallelization techniques enhance efficiency but struggle with

scalability in complex environments (Dutta et al., 2020).

Despite these valuable contributions, several research gaps need to be addressed to improve
the computational efficiency of tower crane lift path planning and replanning in dynamic

environments: (1) delays arise from elevated computational intensity due to communication



overhead and load imbalances; (2) convergence rates are impacted by synchronization issues,
load balancing, and algorithmic dependencies; (3) the success rate is hindered by a constrained
exploration of the solution space; (4) instability is introduced through suboptimal subproblem
division; (5) the system grapples with trade-offs between path smoothness and computational
efficiency; and (6) challenges in communication latency and scalability emerge in intricate,

high-dimensional, and dynamic environments.

An integrated computing system for occlusion-free and collision-free crane lift path planning
and replanning in dynamic construction environments can address the limitations of sequential
and parallel computing systems. With an automated, real-time occlusion-free and collision-free
crane lift path planning and replanning system, external hazards can be effectively eliminated,
enabling safer and more efficient crane operations. If an integrated computing system is
incorporated into CALPP-RP systems, capable of avoiding occlusions and collisions in real-
time, tower cranes could operate for up to 60 years of their remaining useful life (RUL).
However, the most pressing concern then shifts to the degradation of lifting capacity in crane
structures, driven by cyclic loading and adverse environmental conditions. It becomes
imperative to accurately predict the degraded lifting capacity in aging cranes to ensure

operational safety and structural integrity.

1.4 Degradation in lifting capacity during lifting operations

Tower cranes are indispensable for all types of construction projects, facilitating the lifting and
precise placement of heavy materials, equipment, and tools (Code of Practice for Safe Use of
Tower Cranes). Over time, these cranes are susceptible to structural fatigue, corrosion, and
deterioration caused by high-cycle and variable-amplitude loads, harsh operating
environments, and improper maintenance practices. Such factors contribute to the degradation

of lifting capacity (LC), posing significant safety risks to workers and nearby properties (Das
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etal., 2018; Guet al., 2021; Kulka et al., 2018; Pal et al., 2018; Vukelic et al., 2019). Degraded
LC increases the likelihood of accidents, resulting in severe injuries, fatalities, and financial

losses (Lee et al., 2020).

Efforts to mitigate these risks have led to the adoption of safety monitoring systems in the
construction industry, including load moment indicators (LMIs) (Fang and Cho, 2017,
Kalairassan et al., 2017; Neitzel et al., 2001; Shaikh and Kumar, 2016), anti-two-blocking
(ATB) systems (Rayco Wylie, 2012; Walbridge et al., 2022), and crane cameras (Chen et al.,
2023; Elgendi et al., 2023). LMIs monitor crane loads and issue warnings when approaching
or exceeding maximum LC thresholds (Fang and Cho, 2017). ATB systems prevent collisions
by halting operations when the hook block nears the boom tip (Walbridge et al., 2022). Crane
cameras provide visual monitoring to detect unsafe practices (Chen et al., 2023). While these
systems enhance construction site safety, they fail to address LC degradation due to wear,
fatigue, and environmental factors. Consequently, they cannot predict internal deterioration that
could result in overloading incidents, as they lack mechanisms to account for long-term

structural health.

Predicting LC degradation in aging cranes is further complicated by limited historical data, the
inherent complexity of degradation mechanisms, and the unpredictability of external
environmental factors. Research has explored two principal approaches to tackle these
challenges: data-driven methods (DDM) and model-based methods (MBM). DDM leverages
historical, real-time, and maintenance data to predict deterioration trends (Roman et al., 2019).
While effective with abundant data, DDM can lack reliability without domain-specific
knowledge of degradation mechanisms (Tran et al., 2012), limiting their applicability in
practice (Roman et al., 2021). MBM, in contrast, models failure mechanisms such as cracks,

wear, and stress to estimate performance degradation. However, these methods often require
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extensive case-specific experiments and parameter identification, making them less efficient

for complex systems like tower cranes.

Hybrid approaches integrating both methodologies have been proposed to overcome the
limitations of DDM and MBM. For instance, Liu et al. (2021) combined multi-sensor data with
interpretable MBM models, enhancing the accuracy and reliability of LC predictions. Although
such methods improve safety monitoring, they add complexity and require the integration of

diverse sensor data.

A promising hybrid approach involves using digital twin-driven (DTD) systems, which create
virtual replicas of physical systems to enable real-time data acquisition, predictive modeling,
and human-machine interaction (Jiang et al., 2022). DTD systems have been successfully
applied in predictive maintenance, autonomous control, and performance evaluation across
various domains, including manufacturing and construction (Cheng et al., 2020; Deebak and
Al-Turjman, 2021; Jia et al., 2023; Kusi¢ et al., 2023; J. Liu et al., 2021a, 2021b). Despite these
advancements, limited research has applied DTD systems to predict LC degradation in aging

tower cranes with real-time data, particularly in dynamic construction environments.

A framework using DTD systems can predict LC degradation over varying usage periods by
combining theoretical and numerical fatigue and degradation analyses with real-time data
collected from tower cranes. Machine learning models, such as Random Forest (RF) and
Support Vector Machine (SVM), can be employed for feature selection and LC prediction. A
scaled-down tower crane prototype can serve as a case study to validate this framework, with
predictions of degraded load charts for usage periods ranging from 0 to 70 years. This approach
enables continuous safety performance monitoring, addresses LC degradation in real-time, and

significantly enhances safety on construction sites with aging cranes.
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Considering that degraded LC presents critical safety risks, it is essential to combine it with an
automated, occlusion-free, and collision-free lift path planning system. However, unsafe
operations, near-miss incidents, and accidents remain pressing concerns. This thesis also
highlights the need for an automated safety risk assessment framework to comprehensively
mitigate these risks. Such a framework would systematically identify, evaluate, and control
risks associated with lifting operations, thereby advancing safety and operational efficiency in

construction environments.

1.5 Safety risk assessment in lifting operations

Construction sites vary in size, layout, and working conditions; however, they generally include
workers, equipment, and materials (Shen et al., 2016; Teizer and Cheng, 2015). Heavy
machinery and tools are essential for critical and complex activities to meet schedules (Zhou
et al., 2018), but they pose risks if failures occur (Duarte et al., 2021; Shin et al., 2024).
Accidents often stem from unsafe operation, improper use, lack of awareness, education, or
skills (Giircanli et al., 2015; Jung et al., 2022; Lee et al., 2020). Comprehensive monitoring
and assessment of machine operations are crucial for understanding the causes of accidents and
preventing them (Xiao and Kang, 2021; Zhang and Ge, 2022). Despite safety regulations and
training, accidents continue to occur, leading to severe injuries, fatalities, and financial losses.
Current safety measures often rely on manual judgments, which can be error-prone, delayed,
or inconsistent (Hinze et al., 2016; Jeelani et al., 2016; Rahim Abdul Hamid et al., 2019;
Shafique and Rafig, 2019). Therefore, automated, advanced, accurate, reliable, and adaptive
safety procedures are needed to identify, assess, evaluate, and monitor operational activities in

real-time.

The Bureau of Labor Statistics reported that the United States recorded 5,486 fatal work

injuries in 2022, reflecting a 5.70% increment from 2021. The fatal work injury rate rose to
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3.70 per 100,000 full-time equivalent (FTE) workers, with worker fatality occurring roughly
every 96 minutes, compared to every 101 minutes in 2021 (Bureau of Labor Statistics, 2023).
Among these fatalities, 170 were attributed to being struck-by machines and 59 were due to
incidents involving being caught-in, trapped-in, compressed-by, or crushed-by machines
(Brown et al., 2021). Additionally, 79,660 nonfatal work-related injuries have been reported,
with a significant portion resulting from contact with machines, falls, slips, trips, and
overexertion (Brown et al., 2020). Machine-related struck-by incidents remain a leading cause
of construction injuries globally (Hinze et al., 2005), with high fatality rates in Hong Kong
(19.98%), Japan (6.54%), Singapore (5.40%), and Australia (3.20%) (Chiang et al., 2017).
Hong Kong reported 3,065 construction accidents in 2022, with slips, falls, and incidents
involving machinery as significant contributors (ISSH, 2024). Approximately 91.80% of
construction workers operate near heavy machinery, making them vulnerable to hazards such
as being caught-in, trapped-in, compressed-by, crushed-by, and struck-by equipment (Betit et
al., 2022). Among these incidents, there were 47 crane accidents in 2022, up from 39 in 2021.
Of these, 38.00% occurred during operation, 31.00% during climbing, assembling, or
dismantling, and 23.00% were due to other factors. The critical importance of crane safety risk
assessment during operation underscores the need for Smart Site Safety Systems (4S) to review
and enhance current safety measures in the construction industry (Gu et al., 2022; Niu et al.,

2016).

4S represents a construction site safety management proposal integrating computer vision and
deep learning technologies (Awolusi et al., 2018; Johnson, 2002; Mustafa et al., 2023). This
innovative system operates through three key elements: smart monitoring devices that capture
and identify potential risks, networked data transmission systems, and centralized platforms
that process visual information to coordinate responsive actions (Fang et al., 2020; Paneru and

Jeelani, 2021; Seo et al., 2015; Xu et al., 2021). While traditional safety protocols rely heavily
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on pre-construction risk assessments, 4S enables real-time hazard management during the
active construction phases. This technological advancement significantly shifts from
conventional practices by providing immediate detection and response capabilities for
operational activities (Fung et al., 2012). The system leverages advanced computer vision
algorithms to perform multiple critical functions simultaneously: detecting potential hazards,
tracking movement patterns, recognizing unsafe behaviors, and classifying risk levels in real-
time (Hung and Su, 2021; Khallaf and Khallaf, 2021). This comprehensive approach is
particularly vital, given the dynamic and complex nature of modern construction environments

(Sabuhi et al., 2021; Singh et al., 2024; Tylman et al., 2010).

As construction projects become increasingly sophisticated and more extensive in scale, the
deployment of heavy machinery has grown proportionally to meet the productivity demands
(Hung and Su, 2021a; Liu et al., 2021). This intensified machinery usage inherently increases
operational risks. Since accidents involving heavy construction equipment typically result in
more severe consequences than other construction incidents (Shao et al., 2019), implementing
robust safety measures is paramount. Current research on computer vision-based safety
systems primarily focuses on specific risk factors, such as collision prevention and unsafe
operational practices (Fang et al., 2018). However, a truly effective safety management system
must go beyond mere identification to incorporate a thorough risk assessment and informed
decision-making processes. The existing research landscape shows a notable imbalance; while
considerable attention is given to hazard identification and classification, there remains a
significant gap in developing quantitative operational risk assessment methodologies (Fang et
al., 2019; Schieg, 2006). This limitation potentially compromises the effectiveness of

construction site safety measures and risk management strategies.

Recent deep learning models based on Generative Adversarial Networks (GANs), Recurrent
Neural Networks (RNNs), and convolutional neural networks (CNNs) have demonstrated
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reliable performance in construction applications, particularly in detecting predefined entities
in video footage in near real-time. While researchers have attempted to enhance or modify
specific components of GANs, RNNs, and CNNs, the overall network structures remain
unchanged. A significant limitation of current safety monitoring approaches lies in their
reactive nature, as they primarily focus on detecting unsafe behaviors only after they become
apparent risks (Xiao et al., 2021). This retrospective approach overlooks the numerous latent
risk factors at construction sites, creating potential blind spots in safety management. The
practice of triggering alerts only when hazardous activities reach critical levels is
fundamentally flawed from a preventive perspective (Fang et al., 2019; Xiao et al., 2021). A
proactive and holistic approach to safety risk assessment is necessary, encompassing visible
hazards and potential risks still in their dormant state. Such comprehensive oversight would
enable construction managers to strategically identify areas requiring enhanced safety
supervision and optimize resource allocation for preventive measures (Schieg, 2006).
Moreover, this forward-thinking approach would strengthen crisis response capabilities,
allowing safety teams to intervene before situations escalate to accidents. By identifying and
addressing risk factors in their early stages, construction sites can either entirely prevent
incidents or substantially reduce their impact when they do occur. For example, Fang et al.
(2018) employed an Improved Faster R-CNN (IFaster R-CNN) to detect workers and
equipment more accurately than other advanced detection methods. Despite these
achievements, computer vision and deep learning face several challenges, including the
requirement of large-annotated datasets, manual or semi-automated feature extraction, high
computational demands, and issues of robustness and adaptability (Brozovsky et al., 2024;
Dobrucali et al., 2024; Pandey et al., 2024). Researchers have developed specialized datasets
to address some of these challenges and employed Transformer Networks for automated image-

feature extraction. Notable examples include the work of Tajeen and Zhu, (2014), Lee et al.
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(2022), and Xiao and Kang, (2020), who developed annotated datasets for various construction
machines. Gao et al. (2024) utilized an augmented weighted bidirectional feature pyramid

network to detect marine objects.

Despite recent advancements, the development of computer vision models tailored to diverse
construction environments remains an ongoing challenge, particularly in terms of efficiency,
reliability, accuracy, and adaptability (Al-Faris et al., 2020; Fang et al., 2023). Researchers are
actively investigating the application of transformers and cascaded learning frameworks to
improve the precision, robustness, and scalability of object-detection and classification systems
(Martin et al., 2023). For instance, Kim et al., (2024) integrated various models into a cascaded
framework to enhance the identification and classification of unsafe actions involving
equipment in low-quality images, resulting in improved accuracy. Hou et al. (2023) utilized
computer vision-based systems to compute safety risks and visualize construction sites.
However, comprehensive safety risk assessments require more than just detection and
computation systems for unsafe operations; they also require risk identification, evaluation,
control, mitigation, monitoring, and documentation. Research gaps persist in this area due to
the absence of automated systems for such integrations. Current computer vision models also
face challenges related to high computational demands, inconsistent reliability, limited
accuracy, and difficulties adapting to diverse construction settings. Furthermore, incorporating
environmental conditions and varying equipment types to enhance model robustness presents
a significant challenge. The labor-intensive nature of construction work and reliance on manual
judgment add further complexity to integrating these advanced technologies. Therefore, a
cascaded learning method was employed to automate the safety risk assessment in crane lifting

operations.
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The risks associated with lifting operations, including occlusion, collision, structural
degradation, and unsafe practices, highlight the critical need for a comprehensive study to

address these research challenges effectively.

1.6 Research objectives

This thesis aims to develop an integrated system for occlusion-free and collision-free crane lift
path planning and replanning in dynamic environments. Additionally, it seeks to predict the
degraded lifting capacity of aging tower cranes and implement automated safety risk
assessments during the lifting operation phase. These assessments focus on identifying safe
operations, unsafe operations, near-miss incidents, and actual incidents to enhance safety and

operational efficiency.

Objective 01: An integrated computing system for occlusion-free and collision-free path

planning and replanning for robotized cranes in dynamic environments.

This study developed an integrated computing system to facilitate safe crane lift operations by
eliminating occlusions and collisions in dynamic construction environments. The workspace
was modeled in Unity 3D and transformed into a configuration space (c-space) using robotic
motion planning principles. A hybrid algorithm combining A* and Genetic Algorithm (GA)
was implemented, where A* explored the c-space using evaluation functions and bending
suppression, and GA optimized paths via selection, crossover, mutation, insertion, and deletion
operators. The TOPSIS method was applied to identify both optimal and suboptimal paths.
Raycasting techniques were used to detect potential occlusions and collisions in real-time. The
system comprises a Decision Support System (DSS) for initial path planning using proximity
and threshold distance data, and a Path Re-planner (PRP) to update local paths dynamically

during operations. A pilot study in Unity validated the system’s effectiveness.
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Contribution: This objective contributes a novel real-time hybrid planning and replanning
system that significantly enhances operational safety and efficiency in complex and dynamic

crane workspaces.

Objective 02: Predicting degraded lifting capacity of aging tower cranes: A digital twin-

driven approach.

This study proposed a Digital Twin-Driven (DTD) framework to predict the degradation of
lifting capacity (LC) in aging tower cranes, which is critical for long-term safety and structural
reliability. The framework integrates theoretical and numerical analyses of fatigue and
structural deterioration with real-time data obtained from a scaled-down tower crane prototype.
Machine learning models, such as Random Forest (RF) and Support Vector Machine (SVM),
were employed for feature selection and LC prediction. The model generated degraded load
charts for different usage periods ranging from 0 to 70 years, supporting proactive maintenance

and decision-making.

Contribution: This objective introduces a predictive framework that combines digital twins
and machine learning to provide real-time safety monitoring and lifespan forecasting for aging

crane structures.

Objective 03: Automated safety risk assessment for crane operations using cascade

learning.

This research presents a cascaded deep learning model for automated safety risk assessment in
crane operations. The system incorporates a Super-Resolution Generative Adversarial Network
(SRGAN) for image enhancement, RT-DETR-L for real-time crane detection, DINOv2 for
safety status classification, and Vision Transformer (ViT) for activity recognition. Risk values
are quantified through confidence-based probability matrices, and severity-likelihood analysis

is used to determine impact scores. When the threshold value of 0.52 is exceeded, real-time
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warnings are triggered for operators and site managers. Continuous monitoring via video feeds

allows for systematic documentation and safety enforcement.

Contribution: This objective delivers a comprehensive, automated, and real-time safety risk
assessment system that significantly improves the detection and mitigation of unsafe crane

operations.

1.7 Thesis layout
The thesis is organized into six comprehensive chapters, each dedicated to a specific aspect of

the study, as shown in Figure 1.2.

Chapter 01: Introduction provides the foundation for the thesis. It presents an overview of the
research background, motivation, and problem statement, focusing on critical topics such as
crane safety during lifting operations, path planning and replanning, degradation in lifting
capacity, and safety risk assessment. It also outlines the research questions, objectives, and

thesis structure.

Chapter 02: The literature review systematically examines various computing systems
employed for path planning and replanning in dynamic environments, encompassing
sequential, parallel, and integrated approaches. It further explores methodologies for predicting
machine degradation, including analytical techniques, data-driven methods, and digital twin-
based frameworks. Additionally, it discusses the application of computer vision technologies
in construction safety management, emphasizing their role in risk assessment, object detection
and tracking, activity recognition, classification, and analysis. The review also highlights the
limitations of current studies, providing a foundation for addressing gaps in the existing body

of knowledge.
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Chapter 03: This thesis presents an integrated computing system for occlusion-free and
collision-free path planning and replanning for robotized cranes operating in dynamic
environments. The methodology is outlined, covering problem formulation for optimization,
the conversion of workspace to configuration space (c-space), the sling formation process, and
the implementation of a hybrid algorithm combining A* and Genetic Algorithm (GA).
Additionally, the design of the decision-making system, collision detection through raycasting,
and the development of a Decision Support System (DSS) and Path Re-planner (PRP) are
discussed. A case study demonstrating the application of the integrated system in Unity 3D is
included, where the system's performance is evaluated across various parameters. The study
also compares sequential, parallel, and integrated computing systems, providing a

comprehensive analysis of their effectiveness in dynamic crane operations.

Chapter 04: This chapter introduces a digital twin-driven (DTD) framework for predicting the
degraded lifting capacity of aging tower cranes. It outlines a comprehensive approach,
including the theoretical and numerical analysis workflows for assessing fatigue accumulation
and degradation in lifting capacity. The chapter details the development process for
constructing a DTD model tailored to tower crane degradation prediction. A case study
involving a physical prototype of a tower crane is conducted to evaluate the model's accuracy,
efficiency, and practical applicability. The findings are critically analyzed, offering insights into
the model's performance and its potential contributions to enhancing the monitoring and

maintenance of aging crane systems.

Chapter 05: This chapter presents an automated safety risk assessment framework for crane
operations utilizing a cascade learning approach. The methodology encompasses data
collection, preparation, and processing, including image preprocessing, risk identification,
assessment, evaluation, mitigation, monitoring, and documentation. The architecture of the
cascade learning pipeline is detailed, integrating SRGAN, RT-DETR-L, DINOv2, and ViT to
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achieve robust performance. Results for each model within the pipeline are presented, along
with an evaluation of the overall performance of the cascaded model in detection and
classification tasks. The study analyzes performance metrics such as computational
complexity, accuracy, reliability, and adaptability, benchmarking the proposed method against
other state-of-the-art models to demonstrate its efficacy and potential for enhancing safety

management in crane operations.

Chapter 06: The chapter on Conclusions, Limitations, and Future Work provides a
comprehensive synthesis of the thesis, summarizing the key research findings, contributions,
and implications. It highlights the study's impact while identifying areas where further research

could extend the scope and applicability of the proposed models.

This chapter emphasizes the significance of the research outcomes and offers insights into
potential directions for advancing the methodologies and applications explored. Each
preceding chapter delivers a focused yet thorough examination of its respective research
objectives, collectively contributing to the overarching aim of improving efficiency and safety
in firefighting operations during building fire emergencies. The organizational structure of the

thesis, which ensures coherence and progression, is depicted in Figure 1.2.
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Figure 1. 2: Organization of the chapters in this thesis.
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CHAPTER 02

LITERATURE REVIEW

The literature review provides a structured analysis of key research areas relevant to this study.
It begins by examining the necessity of path planning and replanning during crane lifting
operations (Section 2.1), followed by an exploration of computing systems used to enhance
crane safety and efficiency in dynamic environments (Section 2.1.1). This includes an in-depth
discussion of sequential (Section 2.1.2), parallel (Section 2.1.3), and integrated computing
approaches (Section 2.1.4). The review then investigates methods for predicting machine
degradation (Section 2.2), covering analytical models (Section 2.2.1), data-driven techniques
(Section 2.2.2), and digital twin-based frameworks (Section 2.2.3). Furthermore, it addresses
the importance of safety risk assessment (Section 2.3), with a particular focus on the application
of computer vision technologies in construction safety (Section 2.3.1). This includes their use
in risk assessment (Section 2.3.2), object detection and tracking (Section 2.3.3), as well as
activity recognition, classification, and analysis (Section 2.3.4). The chapter also identifies
limitations in the existing literature and outlines research gaps that warrant further investigation

(Section 2.3.5). Finally, a summary of the entire chapter is presented (Section 2.4).

2.1 Crane lift path planning and replanning in dynamic environments

2.1.1 Crane safety in lifting operations

Cranes are indispensable on construction sites, valued for their efficiency in hoisting
volumetric modules from loading areas to designated positions (Ali et al., 2024; Hussain et al.,
2024). However, their operation presents significant safety and stability challenges, especially
in dynamic environments characterized by moving objects, fluctuating wind conditions, and
complex site layouts (Ali et al., 2024; Wu et al., 2024). Construction sites are inherently

hazardous due to the simultaneous activities involving heavy machinery, mobile cranes,
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laborers, and material handling (Sadeghi et al., 2021), all of which amplify the risk of accidents
(Jiao et al., 2024; Sadeghi and Zhang, 2024). Cranes, as a central piece of equipment, are
particularly associated with high safety risks (Jiang and Ding, 2024; Li, 2024), and numerous
accidents worldwide have been attributed to human error, insufficient planning, equipment
malfunction, and sudden environmental changes (Raj and Teizer, 2024). To address these
issues, researchers have investigated the causes of injuries and fatalities across various crane-
related activities such as layout planning (Sulankivi et al., 2014), installation and dismantling
(Shin 2015), erection (Chang et al., 2012), and general operations (Sadeghi et al., 2023),
identifying key risk factors including project conditions, environmental variables, human
factors, and safety management practices (Shapira et al., 2014). Additionally, crane-related
failures often stem from structural fatigue, wear and tear, stress, cracks, corrosion, and overall
deterioration due to cyclic loading, harsh working environments, and inadequate maintenance.
These factors contribute to the degradation of lifting capacity (LC) over time, underscoring the
need for systematic research to quantify aging effects and develop strategies to monitor and

mitigate such risks (Lee et al., 2020).

Moreover, tracking and predicting crane operations within unstructured, three-dimensional,
and dynamic construction environments remains a substantial challenge. These environments
are typified by irregular geometries, continuously evolving workspaces, and the presence of
unpredictable obstacles—factors that complicate the real-time localization, path prediction,
and motion control of cranes. The lack of fixed infrastructure, constantly changing layouts, and
partial observability of the surroundings further exacerbate the difficulty in achieving accurate
and reliable operation tracking. Consequently, advanced sensing, computing, and algorithmic

strategies are required to overcome these limitations and ensure operational safety.
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To ensure safe and uninterrupted operations, cranes must follow meticulously planned paths
that avoid obstacles and prevent collisions. This requires computationally intensive
optimization, taking into account crane capacity, load weight, and environmental conditions
(Hussain et al., 2024). Real-time path planning and replanning have become critical for
adapting to site dynamics, with researchers exploring deterministic, probabilistic, and
evolutionary algorithms (Hu et al., 2021; Weingartshofer et al., 2023). Although achieving
consistent improvements remains challenging, hybrid algorithms have demonstrated promise
in addressing real-time operational demands (Roman et al., 2021). In response, advanced
computing systems are being developed to enhance safety, efficiency, and adaptability in crane
operations, potentially transforming safety protocols and management practices in construction

environments (Bertram et al., 2006).

2.1.1.1 Sensor-based tracking and 4D BIM integration for crane operations

Recent advancements in construction automation have emphasized the significance of sensor-
based tracking systems for crane operations, particularly in dynamic and spatially complex
environments. Accurate and real-time tracking of crane components, including the boom, hook,
and load, is essential for enhancing operational safety and coordination (Gheisari and Irizarry,
2016). Technologies such as global positioning systems (GPS), ultra-wideband (UWB), inertial
measurement units (IMUs), and vision-based systems have been employed to monitor crane
movements with varying degrees of spatial and temporal resolution (Li et al., 2018; Chen et
al., 2020). These sensor-based methods, when integrated with 4D Building Information
Modeling (BIM), offer the potential to visualize crane operations in conjunction with evolving
construction schedules, enabling better planning and collision avoidance (Kim et al., 2013;
Zhang et al., 2020). 4D BIM allows for the temporal linking of schedule data with 3D spatial
models, which facilitates simulation-based decision-making for crane paths, lifting sequences,
and resource allocation. Moreover, the fusion of real-time crane telemetry data with 4D BIM
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platforms can support dynamic replanning and real-time progress monitoring (Ma et al., 2021).
Another emerging focus is the verification of object constraints in 3D environments, which is
critical for assessing spatial feasibility and safety during lifting tasks. Constraint-based
modeling approaches have been developed to evaluate crane lift capabilities within confined
geometries, taking into account obstructions, workspace limitations, and kinematic boundaries
(Sacks et al., 2015; Li and Becerik-Gerber, 2011). Such frameworks support proactive hazard
identification and constraint validation, minimizing the likelihood of unsafe or infeasible
operations. Despite these advances, the integration of these technologies into a cohesive real-
time decision-support system remains limited, highlighting the need for further research into
scalable, interoperable platforms that combine sensing, modeling, and analytics for crane

operation tracking and planning in construction environments.

2.1.2 Sequential computing systems for path planning and replanning

Sequential computing systems execute tasks one at a time, following a linear progression (Wan
et al., 2016). This step-by-step processing facilitates understanding and logic tracing (Chen et
al., 2014), proving effective for more straightforward path-planning problems in static
environments. Researchers have applied sequential computing to enhance computational

efficiency in vehicles, Unmanned Aerial Vehicles (UAVs), and robot path planning.

For vehicles, Bansal et al. (2016) introduced sequential path planning, demonstrating linear
scalability for multi-vehicle planning. Zuo et al. (2019) approached path planning as
determining a sequence of network nodes, using a sequence-to-sequence model to learn
implicit forwarding paths from real-world data. In drone applications, Shi et al. (2021)
employed sampling-based sequential optimization to calculate inspection paths. Aslan et al.
(2023) adopted sequential computing with various algorithms to find optimal paths in dynamic

3D environments. For robotics, Chen et al. (2015) proposed a multi-agent path planning
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algorithm based on sequential convex programming (SCP), gradually tightening collision
constraints. Touzani et al. (2021) presented a sequential methodology to minimize time and
movement durations. Fareh et al. (2020) achieved significant reductions in computational time
(97.05%) and improved path quality (16.21%) for real-time algorithms by focusing on critical
areas. Goutham et al. (2023) developed an efficient method for determining optimal paths

through waypoint sequences.

However, sequential computing systems may encounter challenges with large-scale problems
or complex algorithms due to their linear nature, potentially resulting in slower computation
times. Limited parallelism can decrease performance for intensive tasks, and these systems

may not fully exploit the capabilities of modern multi-core processors.

2.1.3 Parallel computing systems for path planning and replanning

Parallel computing systems execute multiple instructions or processes simultaneously,
enhancing path planning tasks (Henrich, 1996). This approach divides problems into smaller,
concurrent subproblems, improving speed and efficiency (Cai et al., 2016; Henrich, 1997).
Multiple processors benefit algorithms divisible into independent subproblems (Tsai et al.,
2011). This concept applies to transportation networks, robotics, UAVs, Light Detection and

Ranging (LiDAR), and cranes.

In transportation, Liu et al. (2019) utilized parallel computing for efficiency in static and
dynamic environments. For robotics, Weingartshofer et al. (2023) proposed a framework for
industrial processes, considering all degrees of freedom (DOF) and tolerance. Gul et al. (2023)
introduced a parallel strategy to enhance multi-robot space exploration while minimizing
complexity. For UAVs, Cekmez et al. (2014) implemented a parallelized Ant Colony
Optimization (ACO) algorithm on CUDA for path planning. Roberge et al. (2013) compared

PGA and PSO, concluding PGA produced better trajectories. In LIDAR applications, Vo et al.
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(2021) integrated a GA within a dual parallel framework to optimize flight paths. For cranes,
Caietal. (2018) used a prioritized multi-objective PGA for automatic path planning in dynamic
environments. Dutta et al. (2020) employed a GPU-based parallelization for path replanning,

leveraging an MDM and a master-slave PGA to improve efficiency.

However, parallel computing systems have limitations, including computational intensity
during large population iterations, communication latency from independent evolution,
potential compromises in convergence speed and solution quality with suboptimal subproblem
division, lack of synchronization affecting convergence rates, and scalability challenges in
complex, high-dimensional, and dynamic environments. Therefore, researchers are focusing

on integrated computing systems to solve these problems.

2.1.4 Integrated computing systems for path planning and replanning

Integrated computing systems combine sequential and parallel processing, utilizing a hybrid
approach that leverages the strengths of both paradigms (Garrett et al., 2021). This integration
parallelizes specific algorithm components while maintaining a sequential structure for others,
balancing simplicity and efficiency (Bertram et al., 2006). These systems aim to optimize
computation for both speed and complexity (Gul and Rahiman, 2019), making them well-suited

for real-time CALPP-RP systems in dynamic environments.

Panda et al. (2020) proposed integrating algorithms with environments for efficient path
planning and replanning in autonomous underwater vehicles (AUVs). Woo et al. (2021)
combined the P-RRT* algorithm with a line-of-sight path optimizer for rapid solutions.
Bertram et al. (2006) integrated inverse kinematics and path planning for redundant
manipulators. Zhu et al. (2022) integrated metaheuristic optimization with virtual prototyping,
focusing on automatic construction planning and path visualization. However, achieving

occlusion-free and collision-free paths is challenging with sequential computing, particularly
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in complex and dynamic construction environments. Most robotic obstacle avoidance
algorithms rely on expensive computational sampling or optimization-based planners with
inflexible architecture. To address this issue, the authors emphasize refining occlusion and
collision detection algorithms and incorporating integrated parallel computing for crane lift
planning in dynamic construction environments. Despite acknowledging parallel computing
limitations, the authors argued that an integrated computing system is optimal for achieving
occlusion-free and collision-free crane lift path planning and replanning in dynamic
environments. Therefore, this study aims to develop an integrated computing system for
occlusion-free and collision-free crane lift path planning and replanning in dynamic
environments, addressing computational time, communication, convergence speed, solution

quality, convergence rate, and scalability issues.

2.2 Predicting degraded lifting capacity during lifting operations

2.2.1 Analytical approach for crane degradation

Analytical methods use tools, models, mathematical equations, and formulas to address
complex problems. In crane assessment, these techniques are applied to evaluate and predict
factors such as structural integrity, LC, and overall safety. This approach involves
understanding failure mechanisms such as cracks, wear and tear, deflection, friction, and stress,
identifying critical components, considering environmental conditions, and analyzing
historical data. Relevant information regarding crane usage, environmental factors, and
material properties is collected and organized for analysis. Monitoring indicators of early
degradation throughout the crane’s operational lifespan can help detect potential issues in

advance.

Researchers have studied various components of the crane to investigate specific failure

mechanisms. For instance, Vukelic et al. (2019) investigated the failure mechanism of crane
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gear damage, while Guerra-Fuentes et al. (2020) studied the failure analysis of steel wire ropes
in overhead crane systems. Das et al. (2018) reviewed the failure analysis of hooks, and Wu et
al. (2021) developed models for fatigue damage accumulation in critical components exposed
to moving loads. Experimental and numerical methods are employed to examine component
behavior and identify the root causes of failure. Experimental techniques involve visual
inspections, chemical composition analysis, mechanical properties, and hardness tests.
Numerical methods, such as finite element analysis (FEA), are utilized to calculate stress/strain

and load/deflection, providing insights into the structural performance of crane components.

However, it is essential to acknowledge that the analytical method has limitations. It requires a
comprehensive understanding of each parameter used in the model and extensive experimental
work to comprehend the failure mechanisms of individual components. Therefore, this method
may be less effective for complex machines like cranes, as it relies on assumptions and

suppositions regarding various parameters.

2.2.2 Data-driven method for crane degradation

A data-driven method (DDM) analyzes and interprets data to address problems and make
informed decisions. It utilizes statistical, machine learning (ML), or artificial intelligence (Al)
techniques to collect and scrutinize relevant data related to the degradation of tower cranes.
The main goals of this approach are to monitor the operational state and performance of the
cranes, predict potential issues or failures, and optimize maintenance and operational strategies.
Various types of data are considered, including operational data (e.g., load, usage, and
environmental conditions), sensor data (e.g., vibration and temperature), maintenance records,
and historical failure data. A thorough analysis of this data is conducted to identify patterns and

trends.
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For example, Tran et al. (2012) conducted a study where they employed a support vector
machine (SVM) to predict machine degradation and estimate the remaining useful life (RUL)
of machines. They incorporated monitoring and operational data, along with degradation
indices, to establish a failure threshold for decision-making. However, it is important to note
that the effectiveness of the DDM approach relies on having sufficient data available, and
without a solid understanding of the specific domain’s deterioration mechanisms, its practical
application may be less reliable. Additionally, the data in this particular study was sourced from

only one or two sensors installed over the course of a year.

To overcome this issue, Roman et al. (2021) introduced a hybrid data-driven fuzzy active
disturbance rejection control system for tower cranes. Similarly, Liu et al. (2021) utilized
hybrid deep neural networks to assess machine performance based on fatigue data. The hybrid
approach involves collecting data from multiple sensors, but it can result in complex and
computationally intensive modeling due to the increased data volume. This is where the digital
twin-driven (DTD) method comes into play, as it allows for real-time data acquisition,

prediction of responses, and interaction between humans and machines.

2.2.3 Digital twin-driven method for crane degradation

A digital twin-driven (DTD) approach utilizes digital twin technology to monitor the
operational condition, performance, and potential degradation of a complex physical system,
such as tower cranes. A digital twin is a virtual replica of the physical object created through
advanced data analytics, simulation, and modeling techniques. Researchers have applied DTD
technology to address various machine performance degradation problems. For instance,
Deebak and Al-Turjman (2021) used the DTD method for fault diagnosis in machining tool
conditions. In contrast, Zhu et al. (2021) used it to control the machining process for thin-
walled part manufacturing. Zhang et al. (2021) utilized DTD for surface roughness prediction,

and Liu et al. (2021) employed it for traceability and dynamic control of machine processes.

32



Zhuang et al. (2021) utilized DTD to predict wear in the turning process of machines. Jiang et
al. (2022) focused on the stability analysis of the tower crane hoisting process by examining
stress conditions during various hoisting scenarios. Finally, Yang et al. (2022) used DTD for
performance degradation in the transmission unit of CNC machine tools. However, their
approach involved incorporating damage indices with wear data from a specific model, making
it time-consuming, complex, and applicable only to that particular tool. Therefore, this study
proposes a method for predicting degradation in aging tower cranes based on real-time data,

offering a more efficient and versatile approach.

In summary, each method such as analytical, data-driven, and digital twin-driven offers distinct
advantages and limitations when addressing the degradation of crane systems. Analytical
methods provide insights into mechanical failure mechanisms but often depend on assumptions
and intensive experimental validation. Data-driven methods leverage historical and sensor data
to improve prediction accuracy, though their reliability can be compromised without sufficient
domain knowledge or data quality. The digital twin-driven (DTD) approach has emerged as a
transformative framework by enabling real-time monitoring, bidirectional interaction between
physical and digital systems, and more responsive maintenance strategies. However, it is
essential to recognize that digital twins do not replace fundamental failure prediction models;
rather, they enhance them by integrating physical simulation, data analytics, and real-time IoT
sensing. The effectiveness of a digital twin depends on the accurate modeling of failure
mechanisms and the seamless fusion of stress/strain data, environmental variables, and material
behavior. Thus, a holistic degradation prediction system should synergistically combine
traditional analytical insights, data-driven analytics, and DT-enabled visualization and

simulation to support reliable and robust crane health monitoring and decision-making.
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2.3 Safety risk assessment using cascade learning

2.3.1 Construction safety management via computer vision

The construction industry is characterized by a high-risk environment where workers
frequently encounter accidents, injuries, and fatalities (Shao et al., 2019). Factors contributing
to these incidents include hazards associated with machinery proximity and unsafe operations
(Duarte et al., 2021). Traditionally, safety inspections have been largely dependent on human
oversight, which can be limited to both scope and on-site effectiveness (Stein, 2018).
Consequently, there is an increasing need for automated and intelligent monitoring systems to
enhance safety outcomes (Kolar et al., 2018). Computer vision is indispensable to achieve
dynamic real-time perception and visualization of safety risks at construction sites. Computer
vision, supported by deep learning, provides solutions by extracting and analyzing data from
visual sources, such as videos, images, and CCTV footage (Liu et al., 2022; Moragane et al.,
2024). These technologies are utilized for object detection, image classification, motion
tracking, action recognition, and worker pose estimation (Nath et al., 2020; Son and Kim,
2021). They are crucial in performing detailed calculations and generating early warnings for
detected risks. These functionalities are essential for understanding the behavior of machinery
and workers, offering valuable insights into site activities and playing a vital role in detecting,
assessing, evaluating, mitigating, and monitoring hazards, thereby improving safety protocols

(Fang et al., 2020).

Computer vision also facilitates the automation of construction management tasks that
typically require thorough inspection, such as safety management, quality control, progress
monitoring, and productivity tracking (Paneru and Jeelani, 2021). For instance, Nath et al.
(2020) implemented three deep learning models (i.e., VGG-16, ResNet-50, and Xception)
based on the You-Only-Look-Once (YOLO) architecture to verify real-time compliance with

personnel protection equipment (PPE) by detecting whether a worker is wearing a hard hat,
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vest, or both. Similarly, Lin and Fang (2013) developed an automated tile installation quality
assurance system using computer vision technologies. Reja et al. (2022) introduced a
Computer-Vision-Based Construction Progress Monitoring (CV-CPM) system to enhance
project monitoring. Kazemian et al. (2019) designed a vision-based real-time extrusion system
for productivity tracking in robotic construction, addressing various levels of material
variations. Additionally, computer vision can improve proximity-hazard detection; for
example, Gu et al. (2022) developed an efficient human-machine collision warning system that
uses computer vision and deep learning to measure the distance between machinery and
workers in real-time based on specific thresholds. However, more research is necessary to
develop effective methods for identifying unsafe equipment conditions on construction sites

that could result in safety incidents.

2.3.2 Risk assessment in construction sites

The selection of assessment methodologies significantly influences the effectiveness of risk
assessment outcomes in construction projects. The industry has evolved through various risk
assessment approaches as researchers have addressed the sector's dynamic requirements. For
instance, Jannadi and Almishari (2018) developed the Risk Assessment Model (RAM), which
conceptualizes risk through three fundamental components: the probability of occurrence, the
severity of hazards, and exposure levels at construction sites. Lee et al. (2012) established a
weighted value system through a systematic literature review and questionnaire analysis to
evaluate risk factors and their corresponding severity and frequency across various work
categories. Arumugaprabu et al. (2022) introduced a quantitative approach to risk analysis by
combining exposure frequency with legislative frequency using a comprehensive hazard source
inventory. Furthermore, Sanni-Anibire et al. (2020) implemented a comparative survey
methodology to evaluate accident risks and determine risk scores and weights through a

weighted survey analysis. Lyu et al. (2020) implemented the Fuzzy Hierarchical Analysis
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Process (FAHP) by developing fuzzy numbers and a judgment matrix based on specialized
questionnaires. Gashaw and Jilcha (2022) proposed a comprehensive framework that integrates
qualitative and quantitative elements through modified fuzzy integrated evaluation techniques
to assess risk likelihood and impact. Similarly, Gunduz and Laitinen (2018) introduced an
innovative approach to construction safety management using a control-level-based assessment

method, which deviates from traditional probability metrics.

The integration of computer vision technology has enabled real-time safety alert systems
through proximity warnings, providing proactive notifications to both ground workers and
equipment operators. Advancements in active warning technologies have enhanced the ability
of operators to implement timely hazard avoidance strategies. Applications of visual
technology have strengthened workers' ability to recognize risks associated with various
incidents, including explosions, falls from height, and vehicle-human interactions (Wu et al.,
2022). A notable advancement by Hou et al. (2023) involved the implementation of computer
vision to identify hazard sources and nearby objects. Their risk calculations were based on the
Swiss Cheese model and Heinrich's causal chain methodology, incorporating questionnaire-

based impact assessments for comprehensive risk evaluation.

Construction site safety was significantly enhanced by analyzing workers' visual inspection
patterns, which demonstrated a strong correlation with hazard recognition capabilities.
Integrating eye-tracking technology with computer vision systems facilitates automated
analysis of machine movements, providing operators with personalized feedback to enhance
risk management. Safety risk monitoring is optimized through early warning systems that
continuously visualize potential hazards on management platforms, enabling site supervisors
to control hazards in real-time (Liang and Liu, 2022). The implementation of computer vision
and deep learning technologies has advanced safety measures and regulatory compliance and
substantially improved the industry's capability for object detection and tracking.
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2.3.3 Object detection and tracking

Object detection and tracking play a vital role in the construction industry by enhancing safety
monitoring by identifying and tracking machinery and worker movements. This proactive
approach helps to prevent accidents and improve overall site safety (Kulinan et al., 2024).
Various strategies have been proposed to tackle these challenges. For instance, Xiao and Kang
(2020) introduced the Alberta Construction Image Dataset (ACID), which includes 10,000
images of 10 construction machines. This dataset significantly reduces the manual effort
required for annotations and is a benchmark for validating different detection algorithms such
as YOLO-v3, Inception-SSD, R-FCN-ResNet101, and Faster-RCNN-ResNet101. Similarly,
Kim et al. (2018) employed a region-based, fully convolutional network coupled with transfer
learning to detect construction equipment like Excavators, Dump trucks, Loaders, Road rollers,
and Concrete mixers. Their approach aids in improving site management and planning by
accurately recognizing construction equipment using both real job site images and benchmark

data.

Additionally, Lee et al. (2022) utilized a deep learning-based object detection algorithm,
specifically the Faster R-CNN model, to detect construction equipment. They used synthetic
datasets generated from the Unity 3D game engine, incorporating virtual objects into real-site
images to reduce the time and effort needed for training data collection and annotation. In more
recent research, Shin et al. (2024) applied the YOLOVS model to automate the detection and
classification of nine different types of construction equipment, achieving a mean average
precision (mAP) of 90.26%, which outperformed results from the Microsoft Common Objects

in Context (MS COCO) dataset.

Further, lightweight models have been developed for real-time object detection. For example,
Chen et al. (2023) introduced a face-assisted model (WHU-YOLO) that integrates a ghost
module and a Bi-directional Feature Pyramid Network (Bi-FPN) for object detection. Other
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models, such as YOLO-NL and Augmented Weighted Bidirectional Feature Pyramid Network
(AWBIFPN), have been applied to marine object detection, utilizing global strategies for
dynamic label distribution while enhancing the Cross-Stage Partial Network (CSPNet) and
Path Aggregation Network (PANet) with gradient strategies and attention mechanisms (Gao et

al., 2024; Zhou, 2024).

These advancements underscore the ongoing progress in developing precise, efficient, and
context-specific object detection methods suitable for complex construction environments.
However, further research is required to fully implement computer vision for safety
management, particularly in offsite construction, where the risks posed by moving objects such
as mobile and tower cranes remain significant (Alsakka et al., 2023). Continued innovation in
object detection and tracking is crucial for improving construction safety monitoring and

extending its applications to areas such as activity recognition and analysis.

2.3.4 Activity recognition, classification, and assessment analysis

In recent years, there has been growing interest in leveraging computer vision and deep learning
techniques to enhance the recognition, classification, and analysis of activities in construction
site environments (Fang et al., 2020c; Khallaf and Khallaf, 2021). Various learning approaches,
including supervised, semi-supervised, unsupervised, self-supervised, and reinforcement
learning, have been explored in this context. For instance, Pandey et al. (2024) introduced a
method that combines a frequency-based blur-variance local phase quantization feature
extractor with a multiclass SVM classifier to recognize human activities. Similarly, Khowaja
et al. (2024) presented the Representation Fusion using Self-supervised Learning for Activity
Recognition (ReFuSeAct) framework, which effectively classifies human activities using
modality-specific encoders, attention mechanisms, and decision-level fusion strategies with
minimal annotated wearable sensor data. Another approach by Martin et al. (2023) proposed a

three-stage architecture integrating a VGG16 feature extractor, a Transformer Encoder-Long
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Short-Term Memory (LSTM) module, and post-processing components to recognize and
localize excavator actions. Liu et al. (2022) focused on detecting and localizing unsafe worker
behaviors in digital images using a visual grounding technique. In addition, Fang et al. (2018)

applied computer vision to monitor the load sway of cranes on offshore platforms.

Recent advancements in neural networks, particularly in cascade learning and the integration
of transformers, have led to significant improvement in activity recognition, classification, and
analysis within construction sites. Chian et al. (2022) proposed a dynamic key point
identification method for estimating crane load and fall zones. Zhang and Ge (2022) developed
a dynamic collision prewarning mechanism for tower cranes, utilizing FairMOT-based tracking
algorithms in conjunction with transformers. Furthermore, Jiang and Ding (2024) employed
transfer learning methods to identify unsafe hoisting behaviors in tower cranes, while Kim et
al. (2024) used the cascade learning method to detect unsafe operations of construction

machinery, including Backhoes, Bulldozers, Dump trucks, Excavators, and Loaders.

2.3.5 Limitations and technical challenges in current studies

Recent advancements in computer vision (CV) and deep learning have significantly enhanced
safety management on construction sites. These technologies have shown considerable
potential in improving the ability to monitor, detect, and mitigate hazards. However, despite
these advancements, several challenges persist, particularly with regard to data scarcity and the

accuracy of CV algorithms under varying site conditions.

One of the primary limitations is the lack of comprehensive, well-annotated datasets specific
to the construction industry. The process of data collection for large construction equipment,
such as cranes, presents unique challenges due to the limited availability of online resources
and the impracticality of simulating unsafe operations. Moreover, capturing multiple cranes

within a single frame, along with dealing with issues of data quality, further complicates
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research efforts. Current datasets, including MOCS (Xuchui et al., 2021), MCER (Tajeen and
Zhu, 2014), SODA (Duan et al., 2022), ACID (Xiao and Kang, 2020), and synthetic image
datasets (Lee et al., 2022), as well as those designed for human activity recognition, like COCO
(Fleet et al., 2014), UCF101 (Pandey et al., 2024), HMDBS51 (Pandey et al., 2024), and SHWD
(Wang et al.,, 2021), exhibited limitations in terms of scope, annotation depth, and
generalizability. These limitations hinder the development of robust CV models that can

generalize well across various construction environments.

In addition to data scarcity, the application of CV and deep learning in construction safety
management is affected by site-specific and environmental factors. The detection of small
objects, such as tools or workers, is often complicated by the size and positioning of objects
within the camera’s view, as well as the limited resolution and coverage of the cameras.
Furthermore, variations in lighting conditions—common in outdoor and dynamic construction
environments—can impact the accuracy of CV models. The task of capturing large machinery,
such as cranes, is further challenged by the need to operate within the constraints of camera
angles and the limited field of view, which may not adequately capture the full scope of activity
on site. Additionally, the requirement for real-time processing of high-resolution images
necessitates the optimization of models to adapt to the diverse and dynamic conditions inherent

in construction sites.

Another key challenge lies in the precision of pose estimation models, which may suffer from
inaccuracies when trained on non-specific datasets. Automated detection systems can struggle
with variations in object scales and environmental conditions, and lightweight models, while
optimized for real-time performance, often lack the robustness and generalization capabilities
necessary for accurate detection in complex construction environments. Furthermore, multi-

object tracking, particularly when multiple cranes or machinery are present in the same frame,

40



presents a significant challenge. Models require integrated frameworks to enhance accuracy,
especially in detecting irregular activities or hazardous behaviors. Real-time deployment and
scalability remain obstacles for automated hazard identification systems, which often face

difficulties in handling complex, dynamic scenarios.

To address these challenges, this study proposes an innovative model that integrates advanced
transformer-based models in a cascaded approach. This cascaded transformer-based model
leverages a comprehensive dataset, which includes hazard detection involving both mobile and
tower cranes sourced from various YouTube videos. The model enhances low-resolution video
footage using Super-Resolution Generative Adversarial Networks (SRGAN) and applies the
Real-Time DEtection Transformer with Locality (RT-DETR-L) model for real-time object
detection. By combining SRGAN with RT-DETR-L, the proposed cascade learning method
not only improves detection accuracy but also reduces the occurrence of false positives.
Furthermore, a hierarchical classification system has been incorporated to enable effective real-
time monitoring and response, facilitating the detection and classification of objects and actions

for proactive safety management on construction sites.

While the proposed model significantly improves detection accuracy, it is essential to recognize
that CV algorithms' performance can vary significantly depending on the scenario and
environmental conditions. Factors such as lighting variations, camera angles, and object scale
can impact the accuracy of CV models, leading to inconsistent results across different
construction sites. For example, detecting small objects in cluttered environments remains a
significant challenge due to limited camera coverage and resolution. Similarly, detecting
moving machinery, such as cranes, is complicated by the dynamic nature of construction sites,

where multiple machines and workers are often present simultaneously.
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Furthermore, data scarcity remains a critical issue in the construction industry. The availability
of large, well-annotated datasets, particularly for training CV models on construction
machinery like cranes, is limited. The shortage of such datasets is exacerbated by the difficulty
of capturing unsafe operations or hazardous scenarios in real-life datasets, which are essential
for training robust predictive models. Existing datasets, such as MOCS, MCER, SODA, and
ACID, exhibit significant limitations in coverage, annotation depth, and generalizability to
various construction sites. Therefore, the development of more comprehensive and diverse
datasets tailored specifically to construction safety, along with the optimization of models to
handle real-time data from diverse site conditions, remains an important area for future

research.

2.4 Chapter Summary

Crane operations in dynamic construction environments face significant safety challenges due
to moving obstacles, structural fatigue, and complex site layouts. Several optimization
algorithms, including deterministic, probabilistic, and evolutionary methods, have been
explored for path planning and replanning. Hybrid approaches, such as PSO-SA and GA-SA,
have also shown promise in improving efficiency and adaptability. However, sequential
computing systems, while effective for static environments, struggle with scalability in
dynamic settings due to their linear processing structure. Parallel computing systems, which
offer improved speed through concurrency, encounter difficulties in synchronization and
suboptimal subproblem division. Integrated systems that combine both sequential and parallel
paradigms show potential in balancing speed and complexity but remain underexplored for
achieving occlusion-free and collision-free path planning in dynamic environments. Key gaps
in the field include the absence of scalable frameworks for real-time replanning in cluttered,
evolving environments. Additionally, there is a critical need for advanced detection algorithms

capable of addressing dynamic occlusions that emerge during crane operations. While sensor-
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based tracking systems such as GPS, UWB, and IMU, as well as 4D BIM integration, enable
collision avoidance and progress monitoring, these technologies are often limited by the lack
of cohesive, real-time decision-support systems. Furthermore, constraint-based modeling for
spatial feasibility assessment is hindered by interoperability challenges between sensing,

modeling, and analytics platforms, restricting their full potential in dynamic environments.

In relation to aging cranes, structural degradation driven by factors such as fatigue, corrosion,
and cyclic loading presents significant safety risks. Analytical methods, including Finite
Element Analysis (FEA) and experimental testing, provide mechanistic insights but are based
on assumptions and require extensive validation. Data-driven approaches, such as Support
Vector Machines (SVM) and hybrid neural networks, utilize sensor and historical data to
predict degradation but rely on long-term datasets and domain-specific knowledge to ensure
reliable predictions. Digital twin (DT) technology has emerged as a tool that integrates real-
time sensor data with virtual models, enabling the simulation of degradation processes.
However, current DT frameworks for cranes are narrowly focused—typically on specific
components or tools—and lack validation for long-term (0-70 years) lifting capacity
forecasting. There remains a critical gap in integrating analytical failure models with real-time
DT-enabled degradation monitoring to create practical, scalable solutions for aging crane

safety.

In the realm of safety management, computer vision (CV) and deep learning techniques have
advanced the detection of unsafe crane operations. These techniques facilitate object detection,
activity recognition, and proximity warnings. However, challenges persist regarding dataset
quality (e.g., MOCS, ACID), model generalizability, and real-time performance under dynamic
site conditions. Lightweight models, such as YOLO variants, are effective in balancing speed

and accuracy but struggle with small-object detection, occlusions, and tracking multiple cranes
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simultaneously. More sophisticated models, such as hierarchical classification and
transformer-based networks (e.g., RT-DETR-L), improve detection precision but require
further optimization for construction-specific hazards. The main unresolved challenges in this
area include: (1) Data Scarcity: The lack of annotated datasets for unsafe crane operations and
hazardous scenarios, (2) Environmental Variability: The inconsistency of model performance
under varying lighting conditions, camera angles, and cluttered backgrounds, and (3) Real-
Time Scalability: The computational bottlenecks involved in processing high-resolution video

footage for proactive risk mitigation.
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CHAPTER 03

INTEGRATED COMPUTING SYSTEM FOR OCCLUSION-FREE AND
COLLISION-FREE PATH PLANNING AND REPLANNING FOR
ROBOTIZED CRANES IN DYNAMIC ENVIRONMENT

3.1 Introduction

In modern construction, prefabricated volumetric modules are frequently produced off-site and
transported for on-site installation (Kayhani et al., 2021; Taghaddos et al., 2018; Zhang and
Pan, 2021; Zhou et al., 2023). Traditionally, certified operators use tower cranes to lift these
modules from loading areas to their final positions (Al-Hussein et al., 2006; Ji and Leite, 2018;
Lin et al., 2014). However, this blind lifting operation relies heavily on human judgment,
making it inefficient and risky. It can potentially cause collisions with the surrounding
obstacles, leading to injuries, fatalities, and financial losses (Tam and Fung, 2011; Zhou et al.,
2018a, 2018). In 2022, Hong Kong reported 3,065 construction accidents, including 47 crane-
related accidents, an increase from 39 in 2021. Of these crane accidents, 38% occurred during
operation, 31% during assembling or dismantling, and 23% due to other factors (Gu et al.,
2021; Sadeghi et al., 2021). Collision with surrounding obstacles remains the leading cause of
crane accidents during operation (Ajmal et al., 2016; Ali et al., 2005). The critical importance
of crane safety highlights the need for computer-aided lift path planning and replanning
(CALPP-RP) to enhance current safety measures in crane operations. CALPP-RP requires

rapid and accurate computation of real-time collision-free lift paths.

CALPP-RP systems employ advanced algorithms, intelligent decision-making, computer
graphics, and simulations for real-time adaptation in construction projects (Chang et al., 2012;
Huetal., 2021). They provide collision-free optimal lifting paths for cranes, thereby increasing
safety and productivity (Ajeil et al., 2020). Current CALPP-RP systems often treat planning

and replanning as separate problems, resulting in suboptimal solutions. In dynamic
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construction scenarios, tower cranes operate in constantly changing environments that require
continuous obstacle avoidance (Lei et al., 2013; Soltani et al., 2002). Planning algorithms must
incorporate replanning steps to adjust initial lifting paths according to environmental changes
(Li et al., 2020; Zhang and Hammad, 2012). Real-time replanning algorithms are crucial for
swiftly modifying affected path segments based on new information (Dakulovi and Petrovi,
2011; Zhang and Hammad, 2012). Therefore, a real-time, automated, and integrated system for

collision-free crane lift path planning and replanning in dynamic environments is essential.

Various methods have been explored in CALPP-RP systems to achieve automated and real-
time lift path planning and replanning (Hu et al., 2021). These methods can be broadly
categorized into deterministic, probabilistic, and evolutionary algorithms. Deterministic
algorithms, such as Dijkstra and Dynamic A*(D*), find paths between start and end
configurations by following predefined rules and exploring the solution space, often using
heuristics to determine the optimal paths (Koenig et al., 2004; Soltani et al., 2002). These
algorithms offer efficient adjustments to previously planned paths in response to environmental
changes (Ferguson and Stentz, 2016; Stentz, 1994). However, they have limitations, including
replacing all infeasible configurations within affected path segments without considering the
potential advantages of alternative paths. Furthermore, they can be computationally intensive
and lack adaptability, often necessitating repeated recalculations of optimal paths. Researchers
have proposed heuristic techniques to enhance the efficiency of deterministic algorithms. For
instance, Stentz (1995) introduced an extension to D* that employs a heuristic focusing
function based on the position of the target load, resulting in reduced runtime. Another
modification, the Two-Way D* (TWD) algorithm, utilizes a 2D occupancy grid map (Dakulovi
and Petrovi, 2011). Nevertheless, as the dimensions of the configuration space (c-space)

increase, deterministic algorithms become less feasible due to their computational demands.
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Probabilistic algorithms, such as Simulated Annealing (SA), Stochastic Gradient Descent
(SGD), and Rapidly Exploring Random Trees (RRTs), find paths between start and end
configurations by exploring the solution space using random processing (Hu and Fang, 2016;
Zhang and Hammad, 2012). These algorithms are versatile and valuable in various motion-
planning scenarios. However, navigating the high-dimensional c-space of cranes in complex
environments using random sampling can be challenging. It is essential to note that
probabilistic algorithms do not guarantee finding the globally optimal path (Zhou et al., 2021).
To address these challenges, researchers have proposed modifications. For instance, Bruce and
Veloso (2014) introduced the Extended RRT (ERRT) to balance planning and executing lifting
paths in real-time. Ferguson et al. (2014) implemented the Dynamic RRT (DRRT) approach,
which efficiently prunes only the invalid segments of the initially planned path rather than
discarding it or starting anew. AlBahnassi and Hammad (2012) contributed to the field with a
framework for near real-time crane motion planning, employing a modified DRRT strategy
tailored for efficient planning in dynamic environments. Miao and Tian (2013) extended the
capabilities of standard SA by introducing path operator deletion, switching, and incorporating
heuristic-based initial path selection. Nonetheless, it is worth noting that their algorithm
focuses on adjustments within the RRT that are affected by biased probabilities. A challenge
arises when determining the optimal level of bias during the planning phase, as an excessively
high biasing probability can lead to inefficiencies in DRRT operations (Anwar et al., 2024,

2023; Hussain et al., 2024, 2023; Zheng et al., 2023).

Evolutionary algorithms, such as Genetic Algorithm (GA), Ant Colony Optimization (ACO),
and Particle Swarm Optimization (PSO), find paths between start and end configuration by
mimicking the process of natural evolution (Aslan et al., 2023; Tuncer and Yildirim, 2012).
These algorithms operate on a population of potential solutions, refining them through

processes analogous to selection, crossovers, and mutation. For instance, Mohajer et al. (2013)
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developed an online random PSO for mobile robots navigating dynamic environments.
However, there has been no significant improvement in the computational complexity of path
planning and replanning. Researchers have attempted to use hybrid algorithms to achieve real-
time path planning and replanning without additional costs. For instance, Yang Wang (2007)
proposed a hybrid GA approach focused on obstacle vertices in the search space and
incorporated robot speed selection into the genetic framework, resulting in a broader range of
potential solutions. However, this hybrid algorithm fails to achieve real-time path planning and

replanning.

Researchers have recently explored various computing techniques to implement and execute
optimization algorithms sequentially and in parallel, aiming to achieve the planning and
replanning in real-time. For instance, Zhu et al. (2022) presented a hybrid metaheuristic
algorithm that combined PSO with SA sequentially to facilitate safe and efficient crane lift path
planning. Cai et al. (2018) used a prioritized multi-objective parallel genetic algorithm (PGA)
for automatic path planning for dual cranes in dynamic environments. Similarly, Dutta et al.
(2020) utilized a GPU-based parallelization method for path replanning, leveraging a

multilevel depth map (MDM) and a master-slave parallel GA to enhance efficiency.

Despite these valuable contributions, several research gaps need to be addressed to improve
the computational efficiency of robotized tower crane lift path planning and replanning in
dynamic environments: (1) delays arise from elevated computational intensity due to
communication overhead and load imbalances; (2) convergence rates are impacted by
synchronization issues, load balancing, and algorithmic dependencies; (3) the success rate is
hindered by a constrained exploration of the solution space; (4) instability is introduced through
suboptimal subproblem division; (5) the system grapples with trade-offs between path
smoothness and computational efficiency; and (6) challenges in communication latency and
scalability emerge in intricate, high-dimensional, and dynamic environments. To address these

48



gaps, this study introduces an integrated approach for occlusion-free and collision-free crane

lift path planning and replanning in dynamic construction environments.

3.2 Methodology

3.2.1 Overview of research methodology

This section outlines our research methodology, employing qualitative and quantitative
methods to develop and evaluate an integrated computing system for occlusion-free and
collision-free crane lift path planning and replanning in dynamic construction environments.
As illustrated in Figure 3.1, the methodology comprises four main steps: (1) environment and
simulation platform; (2) optimization platform; (3) evaluation platform; and (4) development
of the decision support system (DSS) and Path Re-planner (PRP) system. We explain each
component's necessity, subcomponents, functionality, inputs, and outputs within the integrated
system. Then, we describe how these components are unified to manage planning and

replanning tasks in complex construction scenarios.

The environment and simulation platform describes the workspace development for the
integrated computing system. We created 3D models, designed the environment, and
implemented physics simulations for crane lift using Unity. Unity was chosen for this study
due to its robust physics engine, real-time simulation capabilities, support for dynamic
environments, and seamless integration with custom algorithms via C# scripting. These
features enabled accurate modeling of crane operations, including interactions with both static
and dynamic obstacles commonly found on construction sites. While real-world data was not
directly used, simulation parameters were derived from actual crane specifications and safety
protocols to ensure realism. The virtual environment also included dynamic entities such as
moving equipment and personnel to reflect practical site conditions. Although real-world

validation remains a future goal, Unity provided a flexible and effective platform for
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developing and evaluating the proposed system under complex, near-real scenarios. We
appreciate your comment, which helped us clarify this justification. We transformed the
workspace into a configuration space (c-space) using robotics principles (Dutta et al., 2020; Li
et al., 2023; Li et al., 2020; Luan and Thinh, 2023; Lynch and Park, 2016; Nearchou and
Aspragathos, 1997; Razali et al., 2023). This step provides inputs to the optimization platform

and receives optimal solutions for DSS and PRP system:s.

The optimization platform describes the mathematical modeling of a hybrid algorithm
combining A* with a Genetic Algorithm (GA). A* searches the c-space to generate solutions,
which GA then optimizes. TOPSIS selects optimal and suboptimal paths, while raycasting
detects occlusions and collisions. C# was preferred over MATLAB and Python for faster
execution, better memory management, multithreading capabilities, and integration with
optimized libraries (Li et al., 2020; Roberge et al., 2013). Both platforms require validation to

reflect real-world scenarios accurately.

The evaluation platform describes the testing and validation of the simulation and algorithm
platform. A pilot project in Unity served as a case study to assess the effectiveness and
efficiency of both platforms. The case study involved four symmetrical 4-story building blocks
with over 100 prefabricated modules, representing typical challenges in building projects. The
evaluation focused on the 4D crane lift simulation and optimization algorithms platforms. The
simulation platform was assessed through self-examinations and semi-structured interviews
with industry practitioners, addressing function testing, realism, visualization, animation,
performance, operability, scalability, communication, interoperability, and data integration.
The algorithms' evaluation aimed to assess the hybrid algorithm's effectiveness and efficiency
across four crane lift scenarios, including planning and replanning. Performance analysis
considered computational time, convergence speed, success rate, solution stability, and path
smoothness.
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Finally, a DSS was developed to provide real-time guidance and support decision-making for
operators and project managers, enhancing crane lift operation efficiency and safety. It included
a collision warning system alerting users to potential hazards based on proximity information
and predefined thresholds. The PRP functioned as a dynamic system, automatically
recalculating optimal crane lift paths in response to environmental changes or collision risks.
The DSS and PRP were integrated into a user-friendly graphical interface for effective and

intuitive control.

[ | Inputs [ p

Environment and simulation platform | I Optimization Platform I

| Mathematical modelling |

Functional testing Computational time

Workspace . Hybrid algorithm
e 3D modelling and asset creation o A*forS={s;, So...5} :
: Environment design e GAforS= {s’ . s 3 :
s e Physics simulation v i’ " _
Decision-making method
e TOPSIS for S = {sy, s,}
v : :
Configuration space (c-space) : ¢
: : Raycasting
feeeticiisarasssestinnnanns * ........................... |—| feiiiiiarrassescistiaanaans I..........................Z
Outputs
[
E Evaluation platform
4D crane lift simulation platform Algorithm platform
Authors self-examination and semi-structured interview Comparing with previous algorithms
— —

. .

e Realism, visualization, and animation e Convergence speed/curve
e Performance and operability e Success rate

e Scalability and communication e Solution stability

e Interoperability and data integration e Path smoothness

Figure 3. 1: Overview of research methodology.

3.2.2 Problem formulation

An integrated computing system for occlusion-free and collision-free lift path planning and
replanning was developed for a robotized tower crane based on the assumptions of Dutta et al.
(2020) and Zhu et al. (2022). While considering the characteristics of real-life construction

projects. The system is based on the following assumptions:
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1)  Arobotic tower crane with five degrees of freedom (DOFs) was utilized.

2)  Static obstacles for discrete collisions and dynamic obstacles for continuous collisions
were addressed.

3) It was ensured that no obstacles were present above the tower crane.

4)  Crane operations were decoupled, allowing only one link to move at a time, which
created an ordered lifting path.

5)  The lifted module remained parallel to the ground, preventing rotation around the x-
and y-axes.

6)  The hoisted module underwent self-rotation only at the start and end positions.

3.2.3 Degree of freedom and configuration space

This study considers a specialized T-type tower crane with five degrees of freedom (DOFs), as
depicted in Figure 3.2. Standard T-type cranes have three DOFs: sling hoisting, trolley
movement, and jib swinging, which are based on revolute and prismatic joints. This study
introduces two additional DOFs: self-rotation of hoisting modules and crane movement along
its track. These extra DOFs expand the applicability to other crane types and facilitate

scalability assessment in high-dimensional environments.

Assumption IV in Section 3.2.2 states that the path of a robotized tower crane comprises a
sequence of elemental movements along defined axes. Each movement occurs independently
along one axis within the crane’s actuator local coordinate system. For better understanding,
the workspace of the construction project is transformed into a configuration space (c-space).
In c-space, crane positions for path planning and replanning are represented as configurations.
The complete set of configurations in the solution space is denoted as X. Configurations in the

ith path can be described by Eq. (3-1):

Xi = (Xi1;Xi2,Xi3;Xi4;Xi5) (3'1)
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where X;; is a vector with N elements, i € [1,M], j € [1,5], M is the population size or

number of paths in the entire c-space, and N is the number of configurations in each path. Any

configuration can be expressed using Eq. (3-2):

C = (s, 01, dim, dp, dem) (3-2)
Here, 6, represents jib swinging, 6;,- is load rotation, d;,, is trolley movement, d;, is hoisting

action, and d,, is crane movement.

These configurations are linked by abstract connections called “edges,” denoted as E. The set
of edges in the ith path is labeled as E'. Each edge represents the tower crane’s movement
between configurations. The lifting path is expressed as a sling, s € S, where S is the solution

space of all paths, given by Eq. (3-3):

S=XUE (3-3)

Figure 3. 2: Degrees of freedom of the chosen tower crane.
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3.2.4 Sling formation by operational scenarios

Section 3.2.3 explored the interconnection of adjacent configurations via abstract edges
representing crane movement. Within the overall path formation, three configurations are
paramount: the start, the end, and those through which the lifting module traverses. Path
formation delineates the operational sequence for crane navigation through the abstract edge
between adjacent configurations, distinguishing low-to-high and high-to-low scenarios. This
study focuses exclusively on low-to-high movement. In the low-to-high scenario, crane
operations follow a specific sequence: Rotation, Hoisting, Movement, and Slewing.
Conversely, the high-to-low scenario inverts this sequence. Figure 3.3 illustrates these

operation sequences for each edge in the ith path, adapted from Zhu et al. (2022).

Let (X i)j and (X i)N denote the start and end configurations of the ith path, respectively. In
practical crane operations, operators typically adjust the position of the lifting module by
rotating it to the desired orientation before hoisting. Therefore, for (E i)l, the first edge
introduces random variations in “Rotation” and “Hoisting” while maintaining other DOFs
constant. As lifting progresses, the hook descends with the module. Subsequently, riggers rotate
the module again for precise positioning at the target location (X i)N, typically from a fixed

height (h). To accommodate this sequence, we introduce a pseudo-end configuration. The end
configuration (X i)end of the planned path is consistently set at a higher than the actual final

. . . . . . AN-1
position, ensuring stochastic changes only in “Rotation” and “Hoisting” for (E ‘) .
Maintaining these variables as separate edges guarantees their strict sequential order, while
parameters for intermediary edges undergo random variations. This operational strategy for the

tower crane employs a hybrid algorithm combining A* and GA.
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Configuration (j) Edge (Low-to-high) Configuration (j+1)

—> Rotation —> Hoisting —»| Movement P Slewing —>-

(a) Low-to-high

Configuration (j) Edge (High-to-low) Configuration (j+1)

> | Movrent s slwng |»| Hasing [ Rostion | >

(b) High-to-low
Figure 3. 3: Operation sequence for each edge in the ith crane lift path.
3.2.5 Hybrid algorithm
This study used a hybrid algorithm combining A* and genetic algorithms in an integrated
system to address occlusion-free and collision-free crane lift path planning and replanning, as
depicted in Figure 3.4. A* and genetic algorithms are distinct problem-solving approaches;
their integration leverages the strengths of each method in addressing complex problems (Li et

al., 2020).

3.2.5.1 A* Algorithm

The A* algorithm is a pathfinding and graph traversal method that finds the shortest path
between start and end configurations in c-space. It begins by determining the start (X i)l and

end configuration (X i)end . A* then searches for solutions (S) using heuristic-guided search.
A* 1s commonly used for pathfinding in c-space, where configurations represent position and
orientation, and edges (E) represent transitions between adjacent configurations (Dakulovi and
Petrovi, 2011; Soltani et al., 2002; Stentz, 1995). Multiple paths (S) are generated, denoted as

S ={sy,85,...,5,}.

To enhance the heuristic information and accelerate the convergence of GA, A*’s evaluation
function (f) and bending suppression are introduced (Li et al., 2020). The f combines two
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components: (1) the cost (g) to reach the (X i)end from (X i)l, and (2) an estimated cost (h)

from (X i)l to (X i)end. Thus, f = g + h. In bending suppression, the A* selects the path (s)
with minimum turns by choosing the configuration with the lowest f-score. These operators

improve the quality of solutions (S).

However, A* alone has some limitations. It may not explore the entire search space, potentially
missing better paths in complex scenarios. The accuracy of the heuristic estimate may not
guarantee an optimal path, and A* might become trapped in local optima. Combining A* with
the GA addresses these limitations. Therefore, set S = {s;,S,,...,S,} serves as the initial

population for the GA algorithm.

3.2.5.2 Genetic Algorithm

A GA, inspired by natural selection and genetics, finds approximate solutions to optimization
problems by mimicking natural evolution. The fitness function (f), based on velocity (v) and
time (t), evaluates path planning consistency by assigning fitness values to each s. Selection,
crossover, mutations, insertion, and deletion operators generate new smooth paths (S) from

those generated A*. The path with the highest f value is considered optimal.

Each s represents the solution space S of all paths in c-space. S has N x 5 dimensions, where
N is the number of configurations in a crane lift path. Each solution s contain position (X i),
velocity (Vi), and traversal time (t) of the ith configurations. The position of the ith
configuration is X! = (X;1, X2, Xi3, Xi4, X;5). Similarly, the velocity for the ith configuration is

denoted as V' = (Viy, Vip, Viz, Via, Vis), where i € [1,M],j € [1,5].

The variables have specific ranges: (1) position: X € [Xpin Xmaxl; (2) velocity: V €

[Vinino Vimaxl- Xmin and X4, represent minimum and maximum values among tower crane
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DOFs, while V,,,;,, and V4, correspond to minimum and maximum velocities allowed among

DOFs, as shown in Figure 3.2.

| Select start (X')* and end (X")°™ configuration |<7

|:] Input +
| Search for paths or solutions (S) |
|:] A* execution
D GA execution -
Obstacles e Turnto avallaple DQFs
|:| Decision-making method e New start configuration
|:| Output No
) Evaluation function (f)
|:| Control operations Bending suppression
| Multiple paths generation S = {sy, S5,...,5.} |
| Population initialization |
I Stopping criteria
| Normalized decision matrix |
v
Entrop_y—based L, Weighted norma_llzed decision | Selection operator |
weights matrix
v v
| Best and worst alternatives | | Crossover and mutation operators |
L2 v
| Similarity calculation | | Insert and deletion operators |
J ¥
Non-dominating solution ranking _' Optimal paths S = {s1, Sa.....50} INio
| - 1 Yes
:l Optimal and suboptimal paths S = {s;, s,} I:

End

Figure 3. 4: Workflow for a hybrid algorithm.

3.2.5.3 Population initialization

The hybrid algorithm for path planning and replanning employs a two-step process to optimize
paths in complex and dynamic environments. initially, A* searches the entire c-space,
generating an initial population of paths S = {s4, s5,..., S, }. Subsequently, GA optimizes path
selection. Using A* to generate the initial paths narrows the search space for GA, enhancing
efficiency. GA iteratively selects the optimal path using a fitness function (f) that evaluates
efficiency, safety, and other relevant factors. The optimal paths are expressed as § =
{s1,85,...,5,}. Initializing GA with A*-generated paths combines heuristic search and
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optimization capabilities. This method streamlines path planning and replanning for tower

crane operations, facilitating optimal solution identification in complex c-space scenarios.

3.2.5.4 Encoding of chromosomes

In path planning and replanning, each s represents a chromosome comprising three essential
configurations: start, end, and intermediate. These configurations are termed “genes” within
the chromosome. Two coding methods, Binary-Coded String (BCS) and Decimal-Coded String
(DCS), create chromosomes (Ali et al., 2005; Tuncer and Yildirim, 2012; Zhang and Pan,
2020). BCS uses binary digits [0, 1] for discrete decision variables, whereas DCS uses decimal
numbers for continuous variables. The problem involves abstract edges with constant
parameters; DCS is preferable, offering greater flexibility and efficiency. A valid chromosome
represents a path from start to end configuration. The GA-generated path set (§) replaced the
A*-generated set (). These new paths result from the GA optimization of the initial solutions

of A* to enhance stability and quality.

3.2.5.5 Fitness function

Path planning and replanning aim to find the optimal path between start and end configurations.
A fitness function quantifies solution suitability. Optimal paths can be defined by criteria such
as shortest distance, least time, lowest cost, or minimum energy consumption (Precup et al.,
2022; Tubaileh, 2016). Typically, path planning problems focus on finding the shortest path
(Tuncer and Yildirim, 2012). In this study, the fitness function (f) of GA for a chromosome is
represented in Eq. (3-4). The fitness value f s is computed for a solution s, then s is perturbed
to obtain a new solution s’. The fitness value f /) is computed for the new solution. The

difference between f sy and f ry is calculated. In the izh internal iterations, this difference is

expressed as Af; = f (sh)- f(s;)» where Ly denotes the number of internal iterations. If Af; < 0,

s’ replaces s as the new solution. Otherwise, s’ is accepted with a certain probability.
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f(s)=1/(d+e) (3-4)
where f is the fitness function, d is the calculated distance (d = v * t), and ¢ is a small constant
(obstacle penalty) preventing division by zero. If an obstacle is in the path of the tower crane,

a penalty is added to the objective function value.

3.2.6 Genetic Operator

The GA employs various operators to generate continuous and smooth paths. However, the
random nature of path generation may result in suboptimal lengths and lack of smoothness (Li
et al., 2024), impeding the effectiveness of genetic operations. To address this, we introduce
two new operators: insertion and deletion. The insertion operator reconstructs and optimizes
paths, while the deletion operator eliminates redundant configurations (L1 et al., 2020). These
operators synergistically enhance path quality and efficiency during optimization. Subsequent

subsections will detail all these operators.

3.2.6.1 Selection operator

The core principle of GA ensures the survival and inheritance of optimal genes across
generations (Luan and Thinh, 2023). Selection identifies superior chromosomes through three
steps: First, objective function values are computed for all chromosomes. Second, fitness
values are assigned based on these objective function values. A ranked-based fitness
assignment method is used instead of a proportional one (Lei et al., 2013; Tuncer and Yildirim,
2012), preventing domination by a few high-performing chromosomes. Finally, chromosomes

are selected based on fitness values and placed in a mating pool for new chromosome creation.

3.2.6.2 Crossover operator
Crossover is a crucial mechanism for gene reorganization within chromosomes. It combines
traits from two parent chromosomes to create two offspring (Li et al., 2016). Crossover points

are selected randomly (Soltani et al., 2002). Options include single-point or multi-point
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crossover (Li et al., 2023). This study employs single-point crossover. The procedure involves
identifying corresponding positions in two chromosomes, randomly selecting one, and crossing

over at that point to generate new paths.

3.2.6.3 Mutation operator

A post-crossover random mutation was applied to all potential chromosomes. Mutation can be
a random bitwise binary complement or a small gene alteration, depending on chromosome
coding (Liu et al., 2023). It was uniformly applied across all the genes at a specified rate. Two
genes were randomly selected, excluding the start and end configurations. The path between
these genes is removed, and they are treated as adjacent points and connected using the second
step of the initialization path. If a continuous path cannot be established, the process repeats
with different genes until it is successful. This mutation expands the search space, enabling the
exploration of distant regions from the current population. This increases the population

diversity and prevents premature convergence.

3.2.6.4 Insert operator

In permutation or combinatorial optimization problems, "insert" and "deletion" operators are
commonly used (Li et al., 2020; Tuncer and Yildirim, 2012). The insert operator introduces
new genes or segments into the existing chromosomes, enhancing path quality and solution
diversity. It selects a specific position within a path and inserts a new configuration, creating
longer or more diverse routes while ensuring feasible continuous paths (Razali et al., 2023).
This operator allows the GA to explore novel pathways, improve the search process, and
discover optimal solutions effectively. It refines and expands the search space in path planning,

thereby strengthening the GA's ability to identify superior paths.
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3.2.6.5 Deletion operator

The deletion operator removes genes or segments from the existing paths, refining and
simplifying them. It selects and deletes specific genes within a chromosome, resulting in
shorter and potentially more efficient routes. This operator offers several benefits: it simplifies
paths, reduces computational complexity (Yahia and Mohammed, 2023), and avoids
convoluted or unnecessary paths, and streamlines the search process. By incorporating the
deletion operator, path planning becomes more concise and relevant, enhancing the efficiency

and effectiveness of the GA in finding optimal solutions (Hu et al., 2021).

3.2.7 Decision-making methods

3.2.7.1 TOPSIS method

The simulation-optimization step generates optimal solutions § = {sy, S, ..., S,}, considering
objective functions, constraints, and decision variables. Post-optimization evaluation of these
solutions aids crane operators in path selection (Sarraf and McGuire, 2020). We focus on
optimal and suboptimal paths, § = {s;,s,}. TOPSIS, a multiple criteria decision-making
analysis (MCDA) tool, ranks these paths based on multiple criteria (Madhu et al., 2023; Yavari
et al., 2023). It evaluates solutions by measuring their Euclidean distance from the best and

worst solutions, following the steps in Figure 3.4 and Eqs. (3-5)-(3-8) (Tansar et al., 2023).

ry = I (3-5)
:szz]
n 2 (3'6)
Si = jzj_l((rij —rJ)Wj)
(3-7)

T j Z?l (= 7)w;)’
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C = Si (3-8)
LTS+ S

where, x;; is the original evaluation matrix; 7;; is the normalized matrix; rJ and r;; are best

and worst solutions; S;" and S;” are Euclidean distances from ideal and negative-ideal solutions;

w; is criteria weight; C; is solution ranking.

3.2.7.2 Entropy weight method

Assigning appropriate criteria weights is crucial for decision-making. The entropy method,
based on information theory, reduces subjectivity in weight calculation (Dong et al., 2023;
Srivastava et al., 2022). It optimizes the influence of subjective factors and assigns higher
weights to criteria with more information (Tansar et al., 2023). Egs. (3-9)-(3-11) calculate these

weights (Dong et al., 2023; Tansar et al., 2023).

(1-¢) (3-9)
W = —————
! ?:1(1 - ej)
-1 m (3-10)
g ln(m)zi=1 pij In(py))
Tij 3-11
Pij =57 G-11)
=1"1

where e; is weight entropy and p;; is the normalized value of the itk solution for the jth

criterion.

3.2.8 Occlusion and collision

Constantly moving machinery, tools, and workers in dynamic construction environments
introduce obstacles that can disrupt crane lifting operations. These obstacles are classified as
either critical or non-critical based on their potential collision risk. Critical obstacles are those
located within a defined threshold on the planned paths of the crane, posing a significant risk

to the lifting operation. In contrast, non-critical obstacles lie beyond this threshold and have
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minimal impact on the planned path of the crane. The classification of an obstacle can change
depending on its position relative to a specific path. Moreover, any movement over time may
alter its influence, necessitating adjustments to the lift plan. This dynamic categorization offers
a more nuanced understanding of discrete and continuous collisions on a construction site.

Figure 3.5 illustrates the distinction between these types of obstacles.

& Lifting module Py, P2, Ps = Proximity information
[T Obstacle in scene py > Threshold distance (200cm)
| (] Pseudo-end configuration | P2 is bﬁmehenldz?jq to 100cm |
< .
) 77777777 Hoisting path ,} ps < Threshold distance (100cm) ,)
Trolley movement
Swinging path /\
-
!,
z : P1
A <@
Start configuration Non-critical Non-critical (Warning) Critical (Replanning) End configuration

Vans

X

Figure 3. 5: Types of obstacles in dynamic construction environments.

3.2.8.1 User-defined obstacles scene creation

To incorporate obstacles into a scene, it is essential to define their fundamental characteristics,
such as size, shape, and position. Static obstacles maintain fixed positions and orientations,
whereas dynamic obstacles simulate moving entities. These obstacles are integrated as
individual objects with unique attributes, controlled by user input, as shown in Figure 3.6. The
plan includes creating an environment where obstacles follow predefined paths based on user

inputs, with the crane occasionally moving towards them.

The goal was to develop a real-time technique to anticipate obstacle behaviors, evaluate crane
motion, and determine a continuous, smooth, occlusion-free, and collision-free optimal path of
the crane. Drawing from previous research (Cai et al., 2018, 2016; Dutta et al., 2020), a critical

boundary was set at 100 cm. Distances exceeding 200 cm indicate a clear path, while distances
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between 100-200 cm trigger a warning signal for crane operators. If obstacles approach within
100 cm, the crane automatically shuts off. These techniques enable effective planning and
replanning of crane lift paths, ensuring safety and operational efficiency in dynamic

construction environments.

Obstacle

i Anchor point

(a) User defined obstacles from front (b) Used defined obstacles from back
view view

Figure 3. 6: User-defined obstacles: (a) Front view and (b) Back view.

3.2.9 Raycasting

Raycasting is a fundamental computer graphics and computational geometry technique for
occlusion, collision, and visibility testing (Tian et al., 2018). It projects rays from a point in a
specific direction to determine intersections with environmental objects (Kasapakis and
Gavalas, 2017). This versatile method applies to 2D and 3D spaces across fields such as video

games, robotics, and simulations (Kasapakis and Gavalas, 2017; Tian et al., 2018).

In robotics, obstacle avoidance algorithms often employ computationally expensive sampling-
or optimization-based planners using volumetric maps (Nearchou and Aspragathos, 1997). For
path planning and replanning in virtual environments, raycasting for robotic cranes typically
implements global and local strategies (Burg et al., 2021). Global planning pre-maps the crane

route by considering the entire c-space, ensuring occlusion-free and collision-free paths. Global
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strategies are effective but may lack adaptability to sudden changes (Pantic et al., 2023; Paulin
et al., 2021; Zhang et al., 2020). Conversely, local planning reacts in real-time to immediate
obstacles, enabling quick decision-making but potentially lacking long-term foresight (Chen et
al., 2023; Wei et al., 2023). Both approaches struggle to evaluate the smoothness or visibility

of crane movement effectively.

A hybrid approach inspired by autonomous vehicle motion prediction techniques combines
elements of local and global planning (Burg et al., 2021). It anticipates potential obstacles while
employing real-time decision-making to balance safety and efficiency, enabling swift
adaptation to changes and effective collision avoidance in dynamic virtual environments.
Implementing this hybrid approach requires a suitable timeframe for efficient global planning
while maintaining flexibility for timely changes (Halim and Ismail, 2021; Ismail et al., 2023).
This approach optimizes a short timeframe and repeats the planning process for subsequent
time slots. Assuming that users control obstacles through interactive inputs, their movements
are predicted shortly, and crane paths are planned accordingly. Dynamic updates occur
whenever the input changes. This approach results in smooth, occlusion-free, collision-free,

real-time optimal paths in complex and dynamic construction environments.

3.2.9.1 Anticipating the position and trajectory of obstacles

To predict the final position and trajectory of dynamic obstacles, each obstacle is defined within
a time horizon, denoted as h. The start configuration (X i)l is specified at the time t;, and the
end (X i)end at t; + h, as shown in Figure 3.7(a). This scenario anticipates obstacle positions

within the horizon H', starting at t; and lasting h seconds. The behavior of the obstacle is

assumed to remain consistent over H'.

The obstacle is modeled as a rigid body with user-specified behavior. The motion of the

obstacle is simulated using the “PhysicsScene” tool in Unity over the horizon H', generating
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predicted positions. This process produces a 3D animation curve denoted as P! (t), representing
the anticipated position of the obstacle over time t, where t € H'. This curve is called the

simulated behavioral trajectory, as shown in Figure 3.7(b).

Users can define viewpoints to observe obstacles with the crane in c-space, corresponding to
standard angles like front, back, side, or top-down views, with a set priority order. These
viewpoints from a priority queue V, each defined as 3D positions in spherical coordinates
(d, 8, ) in the local frame of the obstacle, where (6, ¢) defines the horizontal and vertical
viewing angles and d is the viewing distance. The system checks viewpoints in priority order,

stopping when it finds one, ensuring neither obstacle occlusion nor collision at t; + h. This

. . : ) . end
collision-free viewpoint becomes the goal viewpoint (X l)en .

The behavior of the obstacle is represented by a curve P(t), describing expected movement

over time, as depicted in Figure 3.7(b). Two crucial viewpoints (X ‘)1 and (X l)en are

identified. The system proposes generating animations between these points, denoted as A’.
These animations are sampled and represented as cubic spline curves C3, with each animation
encoded as a]l:, where j is the sample index. Cubic spline encoding ensures smoothness and

continuity.

° ; . é_: t+h
_________________________ (xi)end A : "
“\_®.."-; ------ @___.»"
X P'(t)
(a) (b)

Figure 3. 7: Obstacle behavior: (a) Animation space and local transformation, and (b)
Animation curve at iteration i.
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3.2.9.2 Crane motion based on animation criteria
Following the computation of the animation set A’ for obstacles within the time horizon H'.
One animation was selected to evaluate crane motion. The selection process evaluates all

animations based on specific criteria. The primary criteria for assessing crane animation a} are

occlusion and collision avoidance with obstacles while providing smooth viewpoint sequences.

To measure these requirements, cost measures Cy(t) in the range [0, 1] are proposed.

A raycasting method evaluates occlusion and collision caused by obstacles from the crane’s

position a}(t). This method approximates obstacle geometry by sampling points s € [0, N] on

the abstraction at the anticipated position P!(t). Rays are cast from the crane towards each
point s, as shown in Figure 3.8. The outcome of each ray R, (t), is indicated in Eq. (3-12):
0 if visible

Rs(t) =4 1 if occluded (3-12)
2 if collided

Occlusion and collision are determined by the intersection of the ray with the geometry,
represented here as a circle. By analyzing whether the ray intersects the front or back face, we
can determine if the point a]‘-' (t) is inside or outside the circle. If the ray intersects the back face,
the point is inside the circle and classified as a collision. If it intersects the front face of s, the
point is outside the circle. If the ray does not reach a point s, it is considered occluded and,

therefore, not visible. The costs for occlusion and collision are calculated using Eqgs. (3-13) and

(3-14) (Burg et al., 2021):

N
1 1ifR(t) =1
Co(t) = NZ) {O Otherwise (3-13)
S=
LSO (1 if Ry(t)
1 if Ry(t) = 2
== 3-14
Ce() NZ;{O Otherwise ( )
S=

67



In this case, a value of N = 20 is used. A smooth crane motion avoids abrupt changes in
distance and angle to the obstacle (Chen et al., 2023; Paulin et al., 2021; Tian et al., 2018). Two
additional costs assess viewpoint changes over time: one for viewing angle and another for

distance to the obstacle, evaluated at each time step ;. The connection between the obstacle

and the crane is represented as D]-i(t), as defined in Eq. (3-15):
D}(t) = Pi(t) — aj(t) (3-15)
View angle change is defined in Eq. (3-16):

(D} (), Dj(t + &)

Cagp (1) = - (3-16)

A squared distance variation is proposed in Eq. (3-17):

ad(e) = ([of @] - 1D + 802 (3-17)
A normalized cost is assigned to this distance change, as shown in Eq. (3-18):

Caa(t) =1 = E(Ad(1), 1) (3-18)

An exponential decay function E with A=10 is used. To address potential issues with this cost
function, a threshold cost is introduced to encourage crane animations within a specific distance

range [domin, Amax] = {0, 100}, as indicated in Eq. (3-19):

Calt) = {1 if 1D/ @l & [dmin dmax]
0 Otherwise

(3-19)
The overall cost of a crane animation is determined by calculating a weighted sum of individual
cost criteria integrated over time. The total cost for any crane animation a} € A! is computed

using a discretized time integral, as shown in Eq. (3-20). The most promising crane animation

a' for time horizon H' is based on the minimum total cost, as indicated in Eq. (3-21):
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ti+h
C= Z Wy * Ut Cr(t) * G(t — t;, 0)dt (3-20)
k i

. argmin .
al = gj c; (3-21)

where w;, € [0, 1] is the weight of criterion k, G is the Gaussian decay function, and ¢ is the

standard deviation.

i pi . Extended

Pi(t)

c-space

Extended

Target sampling area
3.

Figure 3. 8: Ray launched towards an obstacle sampling area at time t.

3.2.9.3 Dynamic path adaptation

Two additional requirements must be addressed beyond the nominal scenario of selecting a
single crane animation for a given time horizon H'. First, the crane must be animated to track
the obstacle beyond the duration h, as changes in obstacle behavior may occur due to
interactive user inputs. Second, for any horizon H', potential collisions between the crane
animation and the scene, or the obstacle occlusion, require replanning. Assuming the crane is
currently animated along curve a’, a new crane animation for the subsequent time horizon H'**
is computed in two cases: (1) when the behavior of obstacle changes and (2) when considering
a new obstacle behavior is deemed reasonable. In these cases, an animation is computed for an

anticipated horizon of length h, but only the first steps are played to account for possible
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dynamic occlusion and collision. The duration of these steps is determined by a user-defined

ratio of progress along a‘. We used a horizon length h = 5 seconds and a progress ratio of 10%.

. ey 1 ; . .
The new horizon generally commences at (X ‘+1) = a'(t;;,). If an update is required, a new

crane animation is calculated for the upcoming horizon H***, and a new viewpoint (X i+1)1 is
selected. The transform matrix T'*1 is then updated to position the crane at A'**. Subsequently,
all crane animations in A'*' are evaluated. To ensure continuity between consecutive
animations, an additional cost design is introduced to favor smooth transitions. This is achieved
by penalizing wide angles between the tangent vector of the current crane animation a‘, and
the tangent vector of the animation at a}“ € A1 at the connection time t;, 1, as expressed in

Eq. (3-22). The selection of the crane animation is then adjusted accordingly, as demonstrated

in Eq. (3-23).

(@' (tis1), (@ (ti41))

T

Cii+1() = (3-22)

_argmin
J

a™*! [Cji+1 + Wi.i+1Ci,i+1U)] (3-23)

3.2.10 Dynamic replanning architecture

To address dynamic conditions in CALPP-RP systems, a replanning mechanism for crane
lifting paths is essential. This involves determining when and how to replan. We propose a
Decision Support System (DSS) and a Path Re-Planner (PRP) to meet these requirements. The
replanning architecture is based on two assumptions. First, users can provide new scene
information interactively, including obstacle characteristics. Second, the time delay between

obstacle detection and system communication is negligible.

Figure 3.9 depicts the input-output architecture of the CALPP-RP systems. The DSS module

requires inputs from planning and replanning modules. The system captures abrupt

70



environmental changes, considering distance and angle variations. The occlusion and collision
detection engine provides proximity information and threshold distances for warning signals

and replanning decisions.

INPUT LAYER

i Path planning module

Search engine S = {5y, Sy,...,5.}
A*
Planned paths S = {sy, s,,...,5,}
: GA :
: Optimal and suboptimal paths S= {s1, s2}
: : REPLANNING MODULE OUTPUT LAYER
3 TOPSIS : v
DeCiSiOI’] Replanned
Path Re-pl.
Support System p| Pl (PeR[;)anner > paths
............................... . (DSS)
: Path replanning module : A A A A
: : Obstacles geometry and position
Raycasting
: Distance and angle ——
Abrupt : — - Warning signals
changes : Proximity information O O .
: 1.>200cm
i 2.100-200 cm 1 2 3
- : 3.<100cm *
Occlusion and :
collision Qetectlon : Updated information in real-time
engine

Figure 3. 9: The input-output architecture of the CALPP-RP systems.

3.2.10.1 Decision Support System

The DSS utilizes proximity data between the crane and obstacles during lifting operations. It
compares crane-to-obstacle distances with predefined thresholds based on safety
considerations. As outlined in Table 3.1, no signals are issued when the distance exceeds 200
cm, indicating a clear path. For distances between 100 and 200 cm, a yellow warning signal
alerts operators to potential collisions, though replanning is not necessary at this stage. If the
distance falls below 100 cm, a red signal triggers, indicating the need to replan the path (Dutta

et al., 2020). The DSS then communicates this decision to the PRP for action.
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Table 3. 1: DSS decision criteria for replanning lift paths when obstacles are detected during
simulation.

Scenarios Proximity information Obstacles identification Decision of replanning
1 >200 cm Non-critical No
2 Between 100 and 200 cm Non-critical No
3 <100 cm Critical Yes
3.2.10.2 Path Re-planner

When replanning is necessary, the PRP module halts the crane and discards the remaining of
the current lifting plan. It updates the task specifications with a new starting configuration for
the tower crane. The system backtracks to the last valid crane configuration switch, using this
as the new starting point since the stop position is invalid due to reported collisions. The end
configuration remains the same as in the initial plan. When obstacles invalidate part of the
planned path, the number of subsequent "genes" (path segments) to be replanned varies based
on obstacle positions. The first and last operations are always included as genes to be searched.
During replanning, the PRP ensures that at least two genes are explored using GA, retaining
the start and end configurations on the chromosome. The PRP employs a local replanning
approach, removing only invalid path candidates and replacing them with collision-free
optimal paths. This method allows for efficient adaptation to obstacles while maintaining the

overall structure of the lifting plan.

3.3 An integrated computing system

An integrated computing system combines sequential and parallel processing, creating a
unified framework that leverages the strengths of both approaches. This integration parallelizes
specific algorithm components while maintaining sequential structures for others, balancing

simplicity and efficiency in complex path planning and replanning problems.
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The primary goal of the integrated system is to optimize the computation in terms of both speed
and complexity. As shown in Figure 3.10(c), the crane model was integrated with a hybrid
algorithm. The crane model provided continuous inputs to the hybrid algorithm and received
optimal solutions for the decision-making system. We also integrated other components into a
single script that served as the main controller of our system. This controller divides the
occlusion-free and collision-free crane lift path planning and replanning problems evenly
across the system, running some processes in parallel (solid lines) and others sequentially
(dotted lines). Crane operators, industrial practitioners, and decision-makers can monitor all
planning and replanning processes in real-time. The same problem was addressed using
sequential and parallel computing systems while other parameters remained constant, as shown

in Figure 3.10(a) and Figure 3.10(b).

The system enhances on-site safety management by achieving occlusion-free, collision-free,
and optimal paths without additional computational costs. This approach demonstrates the
potential for improved efficiency and safety of crane operations through advanced

computational methods.
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Initialize the H :
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Figure 3. 10: Architecture of different computing systems: (a) Sequential computing system,
(b) Parallel computing system, and (c) Integrated computing system.

3.4 Case study

Figure 3.11 depicts the Unity project workspace, comprising four distinct structural blocks (A,

B, C, and D) and a tower crane sourced from the Unity Asset Store. A custom C# script governs

crane and obstacle movement while implementing a hybrid algorithm. This script manages user

input, crane positioning, rotation, and command responses. By establishing an integrated

computing system, the script facilitates continuous information exchange between the crane
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model and the hybrid algorithm, optimizing algorithmic outputs and enhancing system

coordination.

A physics-based system was implemented to simulate authentic project site conditions,
accurately replicating crane and environmental dynamics. The case study utilized a PC with an
Intel® Core™ 19-10900 CPU (2.80GHz) and 32.0 GB RAM, running Microsoft Windows 11.
This setup provided a robust platform for evaluating occlusion-free and collision-free crane lift

path planning and replanning within the integrated computing system.
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Figure 3. 11: Unity project used for the case study and scenarios selection.

3.4.1 Scenarios selection and parameter initialization

To assess the efficiency and effectiveness of the integrated computing system in path planning
and replanning, this study employed four predefined scenarios encompassing diverse crane lift
activities, planning processes, and replanning situations. Tables 3.2 and 3.3 list the initialized

parameters for the tower crane and hybrid algorithm, respectively.

Figure 3.11 illustrates the Unity project, comprising four distinct structural blocks (A, B, C,
and D). The start configuration, denoted by a yellow trigger target (Figure 3.6), was in the
loading area between building blocks, following a predetermined sequence. While this start
configuration remains constant across all scenarios, the final configurations vary, with each
block slab containing an empty space marked in green and represented by an anchor point. The
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module type (slab), weight, and dimensions remained consistent. The velocities for different
DOFs were calculated as follows: V, = 23 x 0.8 = 18.4 m/min, Vy,, = V., = 65 % 0.8 =

52m/min, and Vy_ = Vy, = 0.8 x 0.8 = 0.64 rpm.

l

Table 3. 2: Details of the four predefined scenarios.

Scenario Block Floor Module Weight Dimension Start configuration End configuration

(tOIl) (m*m*m) (95' Glr' dtm' dh' dcm) (95' elr' dtm' dh' dcm)

1 A 4F  Slb 144  (2%2%0.15) (7.44, 34.08, 37.20, (313.92,32.14,39.79,
5.51, -15.00) 24.37,0)

2 B 4F  Slab 144  (2%2%0.15) (7.44, 34.08, 37.20, 228.97, 29.72, 25.33,
5.51, -15.00) 237.37, 0)

3 C 4F  Slb 144 (2%2%0.15) (7.44, 34.08, 3720, (65.21, 70.52, 22.16,
5.51, -15.00) 25.34, 0)

4 D 4F  Slb 144 (2%2%0.15) (7.44, 34.08, 37.20, (149.47,32.16,27.21,
5.51, -15.00) 138.76, 0)

Table 3. 3: Input parameters for the hybrid algorithm.

Parameter value
A* M
Population size for GA 50
Crossover rate 0.25
Mutation rate 0.75
Termination iteration 200
Termination fitness 15,000

3.4.2 Procedure
1. The workspace comprises building blocks and a tower crane imported from the Unity
Asset Store, employing physics-based simulations for realistic crane lifting operations.
The workspace is converted into c-space using robotic concepts (Section 3.2.3).
ii.  The optimization platform integrates a hybrid algorithm combining A* and GA. C#

scripts govern crane and obstacle movements and algorithm execution, establishing an
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integrated computing system for continuous information exchange and decision-
making (Section 3.3).

Four predefined scenarios evaluate diverse crane lift activities, planning processes, and
replanning situations. The objective is to lift a precast concrete slab from loading points
to predetermined final positions. Empty slabs were chosen intentionally, with anchor
points moved to these spaces, allowing obstacle placement along planned paths to
assess avoidance capabilities.

Once start and end configurations are selected in c-space, the A* algorithm explores
solutions using a heuristic-guided search, incorporating an evaluation function (f =
g + h) and bending suppression technique to generate paths S = {s;, S5, ..., Sp}. This
enhances GA heuristic information, accelerating convergence and reducing search
space.

The GA optimizes path selection, iteratively selecting optimal paths from the initial
population based on efficiency, safety, and other factors through a fitness function (f).
Optimal paths are denoted as § = {s;,S,,...,5,}. Table 3.4 presents the hybrid
algorithm pseudocode.

TOPSIS method selects optimal and suboptimal paths § = {s;, s,} from GA-generated
paths for each scenario. Table 3.5 presents numerical results, with simulated results in
Figure 3.12.

User-defined obstacles in c-space represent dynamic objects, animated using curves
with final positions predicted by raycasting. Proximity information and threshold
values inform replanning decisions. Section 3.2.7 distinguishes critical and non-critical
obstacles. Scenario 1 requires no replanning (obstacle distance >200 cm). Scenario 2
(100-200 cm) issues a warning signal. Scenarios 3 and 4 (<100 cm) necessitate

replanning. Table 3.6 and Figure 3.13 detail the lifting paths for each scenario.
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viii.  The DSS identifies critical obstacles and determines replanning necessity based on
proximity. The PRP generates new optimal paths for segments affected by obstacles,
avoiding occlusion and collision. Figure 3.14 displays the DSS and PRP GUI. Table 3.7
provides updated start configurations for replanning stages. The number of invalid

configurations determines GA chromosome length during replanning in lifting paths.

Table 3. 4: Pseudocode for the hybrid algorithm.

Hybrid algorithm: Pseudocode

1: <Path> crane_lift paths

2: Double minFitness = Positivelnfinity

3: List<Path> occlusion_collision_avoidance paths

4: List<Path> optimized crane lift path

5: Initialize start and end configuration in c-space

6: S = GeneratelnitialPopulationUsingA*(S = {s, S5, ..., S3})

7: FOR cach generation in GeneticAlgorithmGenerations:

8: FOR cach path s in §

9: Call crane_lift operation_strategy(s)

10: Occlusion_collision_detected = occlusion_collision_detection(s)
11: IF no occlusion or collision detected THEN

12: Occlusion_collision_avoidance paths.Add(s)

13: END IF

14: Fitness(s) = calculate_fitness(s)

15: IF fitness(s) <= minFitness THEN

16: minFitness = fitness(s)

17: END IF

18: END FOR

19: S = SelectNextGeneration(S, fitness)

20: Perform crossover, mutation, insertion, and deletion operations on S
21: IF occlusion_collision_avoidance paths is not empty THEN

22: Bestpath = FindBestPath(occlusion_collision_avoidance paths, minFitness)
23: Optimized crane_lift path.add(bestPath)

24: END IF

25:  END FOR

26:  IF obstacle detected (distance < threshold) THEN

27: Call ReplanningProcess(bestPath, Obstacle)

28: RaycastingPrediction() to predict dynamic object positions

29: GenerateUpdatedPath(start_config, end config, affected segments)
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30: Update crane lift paths with new occlusion/collision-free path
31: ENDIF
32: Apply TOPSIS method to rank and select optimal and suboptimal paths(S)

33:  Execute selected path in crane operation

Table 3. 5: Optimal and suboptimal path planning for each scenario.

Scenario Bloc  Floo  Planned Start  configuration End  configuration Path Path
S k T paths (6,01, Ay dpy den) (6,04, Ay A, deyr)  length duratio
n
1 A 4F Optimal (7.44, 34.08, 37.20, (313.92,32.14, 109.0  25.00
5.51, -15.00) 39.79,24.37, 0) 0
Suboptima / /! 120.0 31.04
1 8
2 B 4F Optimal (7.44, 34.08,37.20,  228.97,29.72,25.33, 173.1 36.16
5.51, -15.00) 237.37,0) 0
Suboptima / /! 189.1  50.31
1 0
3 C 4F Optimal (7.44,34.08,37.20,  (65.21,70.52,22.16, 80.10  20.25
5.51, -15.00) 25.34,0)
Suboptima / /! 105.1  28.58
1 0
4 D 4F Optimal (7.44, 34.08, 37.20, (149.47, 32.16, 146 32.45
5.51,-15.00) 27.21,138.76, 0)
Suboptima / /! 1584  43.41
1 3

----- Optimal

----- Optimal )
Suboptimal i ——C

(a) Scenario 1 (b) Scenario 2
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(c) Scenario 3

(d) Scenario 4

Figure 3. 12: Optimal and suboptimal path planning for each scenario.

Table 3. 6: Optimal and suboptimal path replanning for each scenario.

Scenar  Proximit Obstacles Decisio Replann Start End Path  Path
ios y identificat n of edpaths configuration configuration lengt durati
informat  ion replann for replanning (6, 65, d, dp,d h on
ion ing (6,05, i, dp, d
1 >200 cm  Non- No Optimal  (7.44, 34.08, (313.92, 32.14, 109. 25.29
critical 37.20, 5.51, - 39.79,24.37,0) 52
15.00)
Subopti  // / 120.  31.00
mal 12
2 Between Non- No Optimal  (7.44, 34.08, 228.97, 29.72, 173. 36.00
100 and critical 37.20, 5.51, - 25.33, 23737, 10
200 cm 15.00) 0)
Subopti  // / 189. 50.37
mal 10
3 <100 cm Critical Yes Optimal  (7.44, 34.08, (65.21, 70.52, 92.1 2022
37.20, 5.51, - 22.16,25.34,0) O
15.00)
Subopti  // / 112.  28.89
mal 16
4 Optimal  (7.44, 34.08, (149.47, 32.16, 174. 36.51
37.20, 5.51, - 27.21, 138.76, 90
15.00) 0)
Subopti  // / 173.  47.00
mal 45
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Figure 3. 13: Optimal and suboptimal path replanning for each scenario.

Table 3. 7: Replanned portions of the optimal and suboptimal paths in scenarios 3 and 4.

Scenarios Replanned =~ New start configuration for End configuration Path Path
paths replanning (s, 05, i, dpy dem) length  duration
(Os, 01y, Ay, dpy dem)
3 Optimal (49.56, 53.60, 16.84, 19.26,0) (65.21, 70.52, 22.16, 92.10  20.22
25.34,0)
Suboptimal  (52.17, 56.42, 17.73, 20.27,0) // 112.16  28.89
4 Optimal (122.57,26.37,22.31, 113.78, (149.47, 32.16, 27.21, 17490 36.51
0) 138.76, 0)
Suboptimal ~ (125.55, 27.02, 22.86, 116.56, // 173.45 47.00

0)
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Figure 3. 14: Graphical user interface for DSS and PRP in scenario 4.
3.5 Evaluation
3.5.1 Evaluation of the simulation platform

The simulation platform was evaluated through self-assessment by the authors and semi-

structured interviews with industry practitioners.

3.5.1.1 Functional testing through self-assessment

The authors conducted internal functional testing on seven key components: workspace, hybrid
algorithm, visualization, animation, DSS, PRP, and dynamic data updates. They evaluated the
entire workspace for crane operations to determine whether it accurately reflected the site
conditions, ensuring safety, efficiency, and proper coordination. Key parameters include crane
layout, accessibility, ground condition, load characteristics, operating environment, and
regulatory compliance. The efficacy of the hybrid algorithm in generating optimal, occlusion-
free, and collision-free paths in dynamic environments. The crane lift path visualization was

assessed for accuracy, clarity, and effectiveness in operator communication. The 4D animation
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enhanced understanding by adding a temporal dimension, portraying realistic movements and
accurate timing. The DSS provided real-time guidance and intelligent recommendations based
on environmental and crane conditions, leveraging the hybrid algorithm. Its evaluation focused
on accuracy, usefulness, and impact on decision-making. The PRP assessment examined the
ability of the system to dynamically replan paths in response to unexpected changes, utilizing
the genetic component of the hybrid algorithm. Criteria included responsiveness, efficiency,
and quality of alternative paths. Finally, the evaluation scrutinized the capacity of the system
to integrate real-time updates of environmental data and crane specifications, ensuring the

hybrid algorithm and DSS maintained up-to-date path accuracy.

3.5.1.2 Results of semi-structured interviews

Following a self-assessment of the functional testing, semi-structured interviews were
conducted with five operators, each boasting nearly two decades of experience. The aim was
to evaluate the merits and limitations of the proposed integrated computing system for
occlusion-free and collision-free crane lift path planning and replanning in dynamic
environments. The interviewees offered positive feedback, emphasizing: (1) real-time planning
and replanning capabilities, (2) practical and manipulable visualized crane paths, (3) immersive
animation, (4) realistic occlusion and collision detection, (5) real-time communication between
DSS and PRP systems, (6) effective handling of complex, high-dimensional environments, and

(7) dynamic data flow.

The operators also identified areas for improvement, suggesting: (1) development of a user-
friendly GUI for stakeholders, (2) implementation of more advanced algorithms, (3)
minimization of manual steps for full automation, (4) consideration of multiple crane

operations, and (5) adjustment of threshold values for more realistic lifting module movement.
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In response to this feedback, we have successfully addressed the GUI design, manual
processes, and threshold value issues, significantly enhancing user experience and streamlining
operations. We acknowledge the recommendations regarding advanced algorithms and
multiple crane integration, and we are committed to exploring these aspects in future research
to refine our methodology further. The validation from experienced practitioners underscores

the effectiveness of our approach in dynamic environments.

3.5.2 Evaluation of optimization platform

The performance of the hybrid algorithm was evaluated against six other algorithms, including
Dijkstra, A*, GA, PGA, GA-SA, and PSO-SA, using five criteria: computational time,
convergence curve, success rate, solution stability, and path smoothness. All algorithms were
tested within an integrated computing system under identical parameters, including c-space
size, number of DOFs, tower crane operational strategy, iteration count, and fitness values. This
ensures a fair and consistent comparison. The analysis was conducted from 30 independent

runs of each algorithm, rigorously examining the results across the specified criteria.

3.5.2.1 Computational time

Algorithm computational time within an integrated computing system is influenced by multiple
factors, including hardware performance, platform, iteration count, population size, c-space
dimensions, DOF count, environmental changes, and occlusion and collision checks. Our
evaluation maintained consistent conditions across all algorithms, varying only the algorithm
under comparison. Table 3.8 displays the average computational times for four scenarios. The
proposed hybrid algorithm achieved an average of 0.42 seconds, outperforming A* (4.64s),
GA-SA (5.70s), PGA (6.93s), GA (11.37s), Dijkstra (13.65s), and PSO-SA (40.58s). Notably,
these computational times are lower than those reported in previous studies, attributable to an
integrated computing system (AlBahnassi and Hammad, 2012; Hu and Fang, 2016; Tuncer and

Yildirim, 2012; Vu et al., 2022; Zhu et al., 2022).
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Table 3. 8: Average computational time of various algorithms across four scenarios.

A*-GA A* GA-SA PGA GA Dijkstra PSO-SA
Scenario 1 0.22 431 5.41 6.69 10.80 12.95 39.94
Scenario 2 0.50 4.98 5.81 6.94 11.59 13.91 40.94
Scenario 3 0.38 4.59 5.71 6.87 11.43 13.72 40.67
Scenario 4 0.59 4.66 5.85 7.23 11.66 14.00 40.75
Mean 0.42 4.64 5.70 6.93 11.37 13.65 40.58

3.5.2.2 Convergence curve

Convergence performance is a crucial indicator of the efficacy of an optimization platform.
Figure 3.15 illustrates the convergence curves of various algorithms across four scenarios,
demonstrating how optimization performance improves over iterations. The convergence rate
signifies the speed of the algorithm in reaching a solution. A*-GA distinguishes itself through
its combination of diverse exploration, environmental adaptability, and effective genetic
operators. It excels in computational efficiency and handling complex environments. By
adeptly navigating search spaces with A* while harnessing the exploration power and
adaptability of genetic algorithms, A*-GA surpasses other algorithms. This hybrid approach
yields a superior convergence curve, particularly suitable for dynamic environments in crane

lift path planning where occlusion and collision avoidance are paramount.
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(a) Scenario 1 (b) Scenario 2

4000 4000
T Dijkstra — PGA T Dijkstra — PGA
3500 — PSO-SA — A* 3500 — PSO-SA — A*
- — GA-SA — A*GA . — GA-SA — A*GA
3000 — GA 3000 — GA
" 2500 — " 2500 —
H 4 2 ]
£ ]
£ 2000 — & 2000 -
H . F -
Q2 ]
1500 — 1500 =
1000 — 1000 |
500 — 500 — \3\\
0 T I T I T I T I T 0 T I T I T I T I T
0 40 80 120 160 200 0 40 80 120 160 200
Iteration Iteration
(c) Scenario 3 (d) Scenario 4

Figure 3. 15: Convergence curves of various algorithms across four scenarios.

3.5.2.3 Success rate

The efficacy of the algorithm is primarily determined by its ability to generate occlusion-free
and collision-free optimal and suboptimal paths, resulting in high pathfinding success rates.
Success rates are influenced by environmental complexity, occlusion and collision detection
efficiency, and adaptability to dynamic changes. Our evaluation employed a real-time
raycasting technique for efficient detection, effectively adapting to dynamic environments.
Table 3.9 presents average success rates, with the proposed hybrid algorithm achieving the
highest mean (99.95%) and Dijkstra the lowest (92.46%). These success rates align with those
reported in previous studies, underscoring the competitive performance of the algorithm (Ali

et al., 2005; Kasapakis and Gavalas, 2017; Tian et al., 2018; Zhu et al., 2022).

Table 3. 9: Average success rate of various algorithms across four scenarios.

A*-GA A* PGA GA GA-SA PSO-SA Dijkstra
Scenario 1 100% 100% 100% 100% 100% 100% 100%
Scenario 2 100% 100% 100% 100% 100% 100% 100%
Scenario 3 99.89% 98.54% 97.68% 96.67% 96.51% 95.11% 89.90%
Scenario 4 99.91% 99.21% 98.37% 97.82% 97.70% 96.54% 79.92%
Mean 99.95% 99.44% 99.01% 98.62% 98.55% 97.91% 92.46%

86



3.5.2.4 Solution stability

Figure 3.16 illustrates the solution stability of various algorithms across four scenarios.
Solution stability denotes the robustness and reliability of solutions over time, particularly in
dynamic environments. A*-GA demonstrates superior performance, evidenced by lower means
and medians in the box plots and a smaller interquartile range (IQR) than other algorithms.
This enhanced stability stems from adaptability to dynamic environments, diverse solution
space exploration, local optima avoidance, efficient replanning, and effective genetic operators.
The efficiency of the hybrid algorithm, coupled with the integrated computing system,
facilitates faster computation, enabling real-time replanning and swift adaptation to

environmental changes.
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(c) Scenario 3 (d) Scenario 4

Figure 3. 16: Solution stability of various algorithms across four scenarios.

3.5.2.5 Path smoothness

Two strategies were implemented to achieve path smoothness. First, bending suppression was
introduced to the A* algorithm, while insertion and deletion operators were incorporated into
the GA to minimize abrupt changes. Second, constraint criteria (Eqs. 3-15-13-9) were
integrated to address sudden angle and distance variations. Paths with angle changes below 5°
or distance changes below 100 cm incurred penalties. These constraints, embedded in the
fitness functions, yielded smoother, more desirable paths. Table 3.10 presents a comparative
analysis of redundant paths with and without path constraints. Table 3.11 displays the mean
number of redundant points without constraints. The results demonstrate the effectiveness of

the proposed constraints in eliminating unfavorable configurations across multiple methods.

Table 3. 10: Path redundancies with constraints (C) and without constraints (NC) observed
over 30 iterations.

A*-GA A* PGA GA GA-SA PSO-SA Dijkstra
NC C€C NC C NC C NC C NC C NC C NC C
Scenario 1 30 0 30 0 30 0 28 7 30 0 30 0 20 10
Scenario 2 30 0 30 0 29 0 24 12 29 0 30 0 18 12
Scenario 3 30 0 29 0 29 0o 27 5 30 0 30 0 22 8
Scenario 4 30 0 30 0 30 0 29 1 30 0 29 0 19 11

Table 3. 11: The average number of redundant points per path without constraints.

A*-GA A* PGA GA GA-SA PSO-SA Dijkstra
Scenario 1 1.25 2.00 1.60 1.35 1.50 1.25 2.75
Scenario 2 1.60 1.90 1.50 1.25 1.55 1.35 2.65
Scenario 3 1.40 2.10 1.75 1.45 1.35 1.20 2.90
Scenario 4 1.35 1.75 1.55 1.20 1.45 1.30 2.70
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3.6 Discussion

In this section, we examine the computational times associated with sequential, parallel, and
integrated computing systems, the principles underlying each system, and the functionality of
hybrid algorithms. In sequential computing, we typically iterate through multiple generations,
assessing each candidate solution within a population. In contrast, parallel computing
distributes the workload evenly across processors, enhancing efficiency. Integrated computing
systems offer optimizations that extend beyond basic parallelization, incorporating improved
memory management, expedited inter-process communication, and hardware acceleration. The
computational time for each system is determined using Egs. (3-24)-(3-26), and the percentage

difference is calculated as outlined in Eq. (3-27):

Tseq = N * M * Teyq (3-24)
T.
Tparallel =1 (3-25)
P
T
Tintegrated = paTEallel (3-26)

Orignal time — Time dif ference

Dif ference(%) = ( ) * 100 (3-27)

Orignal time
Here, N represents the number of generations, M denotes the population size, Teva is the time
required to evaluate a single candidate solution, P is the number of processors (Set at 4), and E

is the performance gain factor (set at 1.5).

Table 3. 12: Comparison between sequential, parallel, and integrated computing systems.

System Computational time(s)
Sequential computing system 0.77
Parallel computing system 0.56
Integrated computing system 0.42
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3.7 Chapter Summary

The chapter presents an integrated computing system for collision-free and occlusion-free path
planning and replanning of robotized cranes in dynamic construction environments. Traditional
sequential and parallel computing systems face limitations such as computational inefficiency,
synchronization issues, and reduced adaptability in high-dimensional settings. To address these
challenges, the proposed system combines sequential and parallel processing in a unified

framework, utilizing a hybrid A*-Genetic Algorithm (GA).

The hybrid algorithm integrates A* for heuristic-guided path exploration and GA for
optimizing paths through operators like crossover, mutation, insertion, and deletion. The
system employs raycasting for efficient collision and occlusion detection, avoiding
computationally intensive volumetric mapping. Decision-making is further enhanced using the
TOPSIS method to evaluate and rank optimal and suboptimal paths. A Decision Support
System (DSS) ensures occlusion-free planning, while a Path Re-Planner (PRP) dynamically

adjusts paths in response to environmental changes.

The system's capabilities were demonstrated through simulations in Unity 3D, incorporating
realistic crane operations and dynamic environments. The results revealed that the integrated
computing system outperformed traditional sequential and parallel systems, achieving an
83.33% and 33.32% reduction in computational time, respectively. The hybrid algorithm
demonstrated superior convergence rates, success rates, and solution stability while ensuring

smooth and efficient paths.

By addressing critical challenges such as computational latency, path smoothness, and real-
time adaptability, the proposed system offers significant advancements in crane lift path
planning and safety management. Its contributions include a novel hybrid algorithm, a physics-

based simulation platform, and a comprehensive framework for real-time decision-making.
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This research has practical implications for enhancing safety, efficiency, and automation in
construction, with potential applications across various industrial domains. Future work will

focus on further automation and scalability to multi-crane operations.
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CHAPTER 04

PREDICTING DEGRADED LIFTING CAPACITY OF AGING TOWER
CRANES: A DIGITAL TWIN-DRIVEN APPROACH

4.1 Introduction

Tower cranes are essential in modern construction projects, enabling the lifting and moving of
heavy materials, equipment, and tools to precise locations on construction sites (Code of
Practice for Safe Use of Tower Cranes). Over prolonged periods of use, however, aging tower
cranes may experience structural fatigue, corrosion, and deterioration due to exposure to high-
cycle and variable-amplitude loads, harsh working environments, and improper operation and
maintenance, leading to degraded lifting capacity (LC) (Das et al., 2018; Gu et al., 2021; Guo
et al., 2021; Kulka et al., 2018; Pal et al., 2018; Shin, 2015; Vukelic et al., 2019). Such
degradation can increase the risk of accidents and jeopardize the safety of workers and nearby
properties, resulting in severe injuries or fatalities (Lee et al., 2020). For instance, in 2022, the
tower crane at the "Sau Mau Ping" construction site in Hong Kong collapsed and killed three
workers, where the operator set the manufacturer-specified load without considering the
deteriorated load and/or capacity (Steven Chun-yin et al., 2022). Similar incidents have
occurred worldwide, including a crane collapse that killed 18 people in 2016 in Dongguan,
China (Lan et al., 2017), and another crane collapse that killed seven people and injured dozens
more in 2008 in New York City in the United States (Linda Levine, 2008). Thus, there is still
a practical need for real-time safety monitoring systems to detect and prevent accidents caused

by aging tower cranes with degraded LC.

Various safety monitoring systems have been developed and adopted in the construction
industry to address crane safety, including load moment indicators (LMlIs) (Fang and Cho,
2017; Kalairassan et al., 2017; Neitzel et al., 2001; Shaikh and Kumar, 2016), anti-two-
blocking (ATB) systems (Rayco Wylie, 2012; Walbridge et al., 2022), and crane cameras (Chen
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et al., 2023; Elgendi et al., 2023). LMIs measure the load on the crane and provide a warning
when the load is near or exceeds the crane's maximum LC (Fang and Cho, 2017). Anti-two-
block systems prevent the crane from collapsing by limiting its operation when the hook block
is too close to the boom tip (Walbridge et al., 2022). Crane cameras monitor the crane's
movement and detect unsafe behavior by recording a visual perspective (Chen et al., 2023).
However, while these systems can improve safety on construction sites, they are generally not
designed to address the specific issue of aging tower cranes with degraded LC. For instance,
LMIs, ATB systems, and crane cameras do not consider the effects of wear and tear on crane
components or the health level of the crane and, thus, fail to predict the internal degradation in
lifting capacities, which can result in unexpected accidents due to unintentional over-loading.
Furthermore, due to the unavailability of historical data on crane operations, the complexity of
the deterioration mechanism itself, and the unpredictability of external deterioration-related
factors, it remains an open question of how to estimate and update the aging-induced lifting

capacity degradation.

Many studies have been conducted to tackle the issues of data availability and deterioration
mechanism in understanding the degraded LC of tower cranes, which can be categorized into
two groups: (1) data-driven methods (DDM) and (2) model-based methods (MBM). DDM uses
real-time, historical, and maintenance data (Roman et al., 2019) to predict deterioration patterns
(Roman et al., 2021). Several studies have used DDM to predict performance degradation in
tower cranes (Tran et al., 2012). DDM is only effective when data are abundant, and without
proper domain knowledge of the deterioration mechanisms, it may be less reliable when
applied practically. On the other hand, MBM requires an understanding of failure mechanisms
such as cracks, wear, deflection, friction, and stress. One can estimate performance degradation
by developing a mathematical model that quantitatively describes the crane’s degradation.

Extensive experiments are required for parameter identification, varying from case to case. Due
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to the complex nature of tower cranes, MBM may be less efficient. To overcome the limitations
of DDM and MBM, Liu et al. (2021) proposed a hybrid approach that combines both methods
(DDM-MBM). This approach collects data from multiple sensors since a single sensor cannot
capture all the relevant parameters that affect degradation. The use of multiple sensors may
increase complexity, but it results in more accurate predictions. Additionally, the mechanical
model used in MBM can simulate the structural performance of the tower crane, which
increases the interpretability of DDM. Therefore, a hybrid approach that integrates multi-sensor
data with an interpretable model could be a possible solution to enable real-time monitoring

and prediction of tower cranes’ safety conditions considering degraded LC.

As an instance of hybrid DDM-MBM methods, the digital twin-driven (DTD) approach creates
a replica of a physical system, aiming to enable real-time data acquisition, response prediction,
and human-machine interaction (Jiang et al., 2022). Numerous studies have adopted DTD
approaches in predictive maintenance in manufacturing machines, autonomous management
and control systems, product design, diesel engine traceability and control, machining process
observation and evaluation, and tower crane stability and hoisting safety analysis (Cheng et al.,
2020; Deebak and Al-Turjman, 2021; Jia et al., 2023; Kusi¢ et al., 2023; Liu et al., 2021a,
2021b; Liu et al., 2023; Shen et al., 2023; Wu et al., 2021; Wu et al., 2022; Zhu et al., 2021).
However, despite the abundant application of DT in the abovementioned fields, research is
limited in exploring the prospective role of the DTD approach in predicting the deterioration
of a complex machine and/or system in the construction industry with real-time data. Still, the
examples in adjacent fields illustrate the flexibility and potential of the DTD approach in

improving efficiency, safety, and decision-making in various applications.

Aiming to address the real-time safety monitoring and alerting of aging tower cranes, this study
develops a DTD framework and model to predict degraded LC after different usage periods.
The framework integrates theoretical and numerical analyses of tower crane fatigue and
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degradation behavior with real-time data collected from a physical tower crane. Machine
learning models, including Random Forest (RF) and Support Vector Machine (SVM), are
employed for feature selection and LC prediction. Specifically, a scaled-down tower crane
prototype is adopted as a demonstrative case to illustrate the feasibility and effectiveness of the
DTD framework. The predicted degraded load charts of the prototype for each decade of usage
from 0 to 70 years are presented for validation purposes. The proposed DTD framework allows
for continuous monitoring of the crane's safety performance considering the degradation in LC
with real-time data and numerical model, which is expected to significantly improve safety in

construction sites with aging tower cranes.

4.2 Methodology

4.2.1 Digital twin-driven framework for degradation in machines

The primary goal of this study is to use a DTD approach to predict degradation in machines. A
DTD framework is formulated based on the mapping between physical and virtual machines,
as illustrated in Figure 4.1. This framework aims to: (1) provide background information; (2)
highlight issues; (3) define data requirements; (4) simplify mapping problems between virtual-
physical spaces; (5) establish two-way communications between all parts; and (6) make
decisions and feedback for improvement. A DTD approach for degradation must have five
parts: physical space, virtual space, loT-based connection, real-time database, and control
system (Jiang et al., 2023; Kong et al., 2023; Pauwels et al., 2023). Machine degradation is

predicted by mapping or fusing the DTD components using DT data.
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Figure 4. 1: A DTD framework for monitoring degradation in machines.

4.2.1.1 Physical space

The physical space includes all physical activities, operational processes, and work
environments that induce degradation (Jiang et al., 2022). Data covering element composition,
dynamics, failure mechanisms, and deterioration factors must be collected to advance the DTD
model's accuracy and efficacy (Cheng et al., 2020). Sensors and transducers having networking
capability via Wi-Fi or ethernet should be connected to a physical machine to collect multi-
source, heterogeneous, and real-time data. Aside from that, the physical machine has a built-in
data logging system that records usage information (He et al., 2021). Additional data is required
to enhance the DTD model's quality, such as static data (SD), specification data (Sp-D),
historical data (HD), environmental data (ED), and comprehensive data (CD), which will be

explained in Section 4.2.3.3. Once we collect all the required data from the physical and virtual
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spaces and build a two-way connection, decisions will be made. Feedback will be provided for

machine monitoring, control, safety, and improvement.

4.2.1.2 Virtual space

A DTD approach requires a CAD model or virtual body that accurately reflects the physical
machine's features, geometry, materials, behaviors, physics, rules, functions, and environment
(Christiand, 2020; Zhao et al., 2019). The data fidelity is determined by the level of detail
(LOD) and varies from case to case (Jinfeng Liu et al., 2019; Zhang et al., 2021). Due to data
fidelity from the physical space, the static virtual body becomes "alive." It can mirror its
element composition, dynamics, and status in the virtual environment to display the real-time
changes of the physical machine operation and monitoring. Its primary purpose is to
realistically describe and dynamically simulate physical entities and processes in multi-
dimensional and multi-time scale ways (Jiang et al., 2022). The virtual body offers an open
interface for data-driven modeling, optimization, and the capacity to predict the physical

machine's current status and RUL (He et al., 2021).

4.2.1.3 IoT-based connection

According to ISO/OSI communication standards, the communication system for the DTD
model can be wired or wireless (Unit [T ISO/OSI Model in Communication Networks). An [oT-
based connection is utilized for real-time data transfer and parsing. This link is supposed to
provide two-way communication between physical and virtual spaces. Furthermore, all
components of the DTD model should be fused and mapped to detect/resist the real-time
changes in a physical space and feedback from the control system (Cao et al., 2022; Wu et al.,
2021). It 1s also considered the secure connection and data transmission from the physical

machine to the virtual machine and vice versa.
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4.2.1.4 Real-time digital twin database

A multi-dimensional and multi-scale virtual simulation model is integrated with a physical
model and a control system via real-time DT data. Data is the DTD model's fundamental
concept, allowing the virtual model to run and make decisions. It is primarily answerable for
interpretation, classification, storage, pre-processing, maintenance, and data testing (Deebak

and Al-Turjman, 2021).

4.2.1.5 Control system

The control system regulates and predicts degradation based on real-time DT data. It is the
hybrid mode and the most fundamental phase in a DTD model. A control system is used to
analyze, and visualize real-time changes, make decisions, and provide feedback for
improvement (Zhang et al., 2021). It consists of (1) data pre-processing and (2) a functional
module. Pre-processing is mainly responsible for online monitoring, de-noise, calibration,
normalization, analysis, statistics, and evaluating raw and real-time data collected from
physical and virtual spaces (Cheng et al., 2020). This module also includes feature recognition
and selection, which induces degradation (Priyanka and Thangavel, 2022). In addition, the
functional module incorporates both prediction and visual display (He et al., 2021). The
predicted results are used to make decisions and improve the physical machine with feedback.
The operator or decision-making team directly implements the optimization and adjustment

plan.

4.2.2 Fatigue behavior and degradation analysis

Regardless of the appropriate design, a tower crane is considered a fatigue-prone structure that
can collapse in service (Liu et al., 2021; Mdot,2016). Based on the S-N curve (Fatigue curve,
Wohler curve), a tower crane is classified as a high-cycle and super-high-cycle fatigue structure

(Bandara et al., 2015). The fatigue curve is the relationship between the amplitude of cyclic
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stress and the number of cycles till failure. Fatigue behavior can be analyzed using stress-life,

strain-life, non-destructive, fracture mechanics, and damage mechanics.

The stress-life approach entails plotting stress against the number of cycles until failure (Dong
et al.,, 2021). This approach needs extensive experiments, and a single stress-life plot has
limitations in predicting plasticity, deformation, and mean stress. Similarly, the strain-life
method includes plotting strain against the number of cycles till failure (Jiang et al., 2021). This
approach requires the stress-strain curve and plasticity nucleation to determine the life of the
transition between the plastic and elastic regions under fatigue loading. So, it is only applicable
when the crane structure's crack initiation life is required. Fatigue can be studied non-
destructively by measuring and plotting the values of inherent properties such as cracks,
decreased strength, and degraded stiffness (Six et al., 2020). However, it requires a detailed
understanding of the parameter's chemistry, and it is challenging to cover all parameters (Liu
et al., 2021). Furthermore, in fracture mechanics, flaws and micro-cracks are pre-existing
defects (Taheri et al., 2013). The degradation rate is determined using a crack growth law and
a stress intensity factor as a function of crack depth, shape factor, and stress range, but we don't
consider crane sections with pre-existing defects. Finally, damage mechanics require adequate
assessment models, laws, and patterns to characterize damages, residual stresses, and strain
localization (Bandara et al., 2015; Fatemi and Vangt, 1998; Taheri et al., 2013; Teng et al.,
2020). Damage mechanic is appropriate for addressing tower crane degradation because it
covers optimum factors that directly and indirectly influence crane degradation. For example,
micro-plastic strain is often overlooked in low-cycle problems. Still, it must be considered
when high-cycle or super-high-cycle fatigue damage occurs in the elastic range, like in a crane.
Macro-plastic strain may arise because of this scenario, leading to structural deterioration under

long-term operational loading.
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Steel has infinite design life if the stress range is low. However, the crane is a fatigue-prone
structure, and its components experience a spectrum of stress while operating. For instance, a
tower crane has a higher stress range when the hook raises a hefty load at full stretch and lifting
radius. Aside from that, crane loads are cyclic and have varied amplitudes. Elastic deformation
occurs in a crane structure, develops stress, and accumulates residual stresses over time. When
residual stresses reach a threshold value, cracks are formed, and the crane will collapse.
Therefore, we must measure the loads and the accompanying deflection/deformation/vibration

from the physical tower crane to predict degradation.

4.2.2.1 Fatigue damage accumulation analysis

There are two basic approaches for assessing fatigue damage: (1) constant amplitude fatigue
loading and (2) variable amplitude fatigue loading. The crane load is stochastic cyclic.
Therefore, fatigue damage accumulation varies with loading. The linear cumulative damage
criterion does not apply in the tower crane scenario (Chaboche and Lesne, 1988). Instead, non-
linear and double-linear damage rules are used for variable amplitude loads (Benkabouche et
al., 2015). Irreversible deformation or residual stress builds in the tower crane structure as the
variable amplitude fatigue load progresses. As a result, cracks are initiated; they propagate in
the plane once they begin because of residual stresses. These irreversible local deformations
and crack propagation influence the overall stability and reliability of the tower crane. To
analyze the damage in the tower crane structure, total strain, residual stress, stiffness
degradation, strength degradation, heat dissipation due to micro cracking, crack propagation,
and the speed of sound may all be employed. In this study, we simulate the mechanical response
of the crane structure by considering the stress, displacement, and damage index by applying a
moving load with variable amplitude. According to the existing literature (Bandara et al., 2015;
Benkabouche et al., 2015; Cantrell, 2006; Chaboche and Lesne, 1988; Fatemi and Vangt, 1998;

Liu et al., 2021; Pape and Neu, 2001; Pompetzki et al., 1990; Taheri et al., 2013; Teng et al.,
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2020; Wu et al., 2021), the damage rate is dependent on various variables, as expressed in Eq.

(4-1). These variables are used to determine the damage rate of the tower crane.

dD = f(oy,d,D,Ac)dN 4-1)

where dD is the damage rate, oy, is the maximum stress, ¢ is the mean stress, D is the current

damage state, Ao is the stress spectrum in one cycle, and N is the number of cycles.

4.2.2.2 Finite-element analysis (FEA), degradation index, and degradation rate

Fatigue damage accumulation analysis is performed to determine the degradation rate of a
crane structure for 70 years in operation by following the steps shown in Figure 4.2. The tower
crane's estimated life is 50-60 years (Wiethorn et al., 2016; Wu et al., 2021); however, we chose
70 years to enhance the quality and accuracy of the DTD model. First, a FEM model specifying
the geometric specifications and the material properties is developed to analyze the structural
performance of the tower crane for 70 years of working conditions. Then, by considering the
damage accumulation behavior of the material, moving loads with variable amplitude are
applied to the tower crane cyclically to simulate the mechanical response of the crane (e.g.,
stress, displacement, and damage index). Figure 4.3 shows an example of damage index
contours for a simulated tower crane after working for 10, 20, 30, 40, 50, 60, and 70 years.
Zero indicates no damage to the crane, and one suggests that the crane model is completely
damaged due to fatigue. In this case, the degradation rate (dD) is determined by subtracting the

damage index from 1, indicated in Eq. (4-2).

dD =1-dlI
(4-2)

where dD denotes the damage rate, and d/ denotes the damage index, which varies from 0 to

1.
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Figure 4. 2: Numerical procedure for a tower crane's fatigue damage accumulation modeling.
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Figure 4. 3: Fatigue damage accumulation analysis: (a) 10-Years, (b) 20-Years, (c) 30-Years,
(d) 40-Years, (e) 50-Years, (f) 60-Years, and (g) 70-Years.

4.2.3 A digital twin-driven model of a tower crane
This study aims to construct a DTD model for predicting degradation in LC, making intelligent

decisions, and providing feedback for the lifting operation/process based on real-time data, as
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illustrated in Figure 4.4. A DTD model has five parts, as indicated in Section 4.2.1. These
components are fused via DT data. Multi-source, heterogeneous, and real-time data are
collected from a scaled-down prototype and stored in the Firebase Real-time Database. This
data is used for prediction and decision-making in the control system, including pre-processing
and functional modules. The results are fed back to the physical tower crane to improve the
performance and monitoring system. The control system analyzes and visualizes data for
operators, decision-makers, and management teams. The proposed DTD model realizes the

interaction and fusion of DTD components for monitoring degradation in LC.
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Figure 4. 4: A DTD model for predicting degradation in LC of a tower crane.

4.2.3.1 Physical tower crane
A tower crane is a high-rise structure that hoists heavy objects from one place to another on a
construction site. Residual stresses accumulate in a crane structure because of high-cycle and

variable amplitude fatigue loads, and LC degrades with time in service. Jiang et al. (2022)

103



claimed that two research areas are used to examine the tower crane's structural mechanism,
operation process, and failure mechanisms: (1) modeling and simulation and (2) scale model.
The finite element method (FEM) is advised as the most effective technique for analyzing the
crane's internal mechanism, dynamics, and structural behavior (Wu et al., 2021). However,
modeling and simulation focus on critical aspects, design optimization, and safety risk
performance. Furthermore, the scale model is another structural analysis and failure mechanism
research area. In contrast to the numerical model, the physical scale model conducts
experiments to test the operation and control process. Therefore, it can easily detect errors and
deviations in various working conditions. He et al. (2021) suggested that integrated modeling,
simulation, and scale models can improve the structural analysis of tower cranes, predict failure
modes, dynamic analysis, and operation processes. The preceding research serves as the
foundation for the DTD model, which we propose using integrated modeling, simulation, and

scale modeling in this study.

The scale model substitutes the large-size tower crane (STL420) structure. We construct a scale
model based on the "similarity principle," as indicated in Eq. (4-3). The scale model contains
the geometric attributes of all components, as shown in Table 4.1. The dimensions of all parts
of the large-size tower crane are employed to build a scale model, as illustrated in Figure 4.5.
In terms of materials, the large-size tower crane is made of stainless steel, but the scale model
tower crane is made of plastic; however, we built a DTD model based on the scale model. Thus,

plastic materials are defined during FE modeling.

_ Ly Ws _Hs

S =22 =
9
L, Wy Hjp (4-3)

where S, is the geometric similarity factor, S is the scale model, R is the real model, and L,

W, and H are length, width, and height, respectively.
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Table 4. 1: Geometric similarity factors.

Structure Scale size (L, W, H; cm) Real size (L, W, H; cm) Scale factor
Mast (5.5,5.5,5.5) (240, 240, 240) 1/43.6

Jib L: 60 L: 6000 1/100
Counter jib L:22 L: 850 1/38.6

Rope L: 122 L: 1650 1/13.5

Cross foundation L*H: 34*19 L*H: 800*800 1/23.5*1/42.1
Load

R (cm) 6000cm 500(gram) 1.089¢e+7 (gram) 1/21,772.4

124 cm

Figure 4. 5: Scale model of the tower crane and its components and dimensions.

Data is the most essential and fundamental concept in developing a DTD model. In addition to
sensors, other data types could be included to enhance the quality of a DTD model, particularly
in the degradation scenario. As illustrated in Figure 4.6, the tower crane generates multi-source
heterogeneous data classified into six categories based on their type and nature, such as static,

dynamic, specification, historical, environmental, and comprehensive data. Static data (SD) is
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data that does not change with time. Although SD does not directly influence degradation, it
can affect quality if altered. In contrast, dynamic data (DD) varies with time. DD provides
information about the crane's dynamics, lifting operation, degradation, and real-time operation
status. DD is more important than other data types for developing the DTD model. As a result,
it requires high accuracy, quality, and timeliness. DD consists of sensors and built-in data.
Furthermore, specification data (Sp-D) includes knowledge, standards, and load charts.
Historical data (HD) refers to data from inspections, monitoring, and maintenance reports
during the service life. Besides this, environmental data (ED) refer to external working
conditions, such as temperature, wind, and humidity. Finally, comprehensive data (CD) is
additional data other than the previously mentioned data that provides essential and specific
information to the DTD model for enhancing prediction and decision-making. In addition,
simulation data is required for the DTD model, which we will explain in Section 4.2.3.2. To
recap, we need all the data types mentioned above at various locations to develop a DTD model

to predict degradation in LC.

( Fundamental data for the DTD model and degradation in LC 0
; Comprehensive
Static data (SD) P
Y A data (CD)
ie  Names Dynamic data Environmental |s Other files
e Units ) (DD) v v data (ED) e Business
‘e Material propertiest — - - - - e  Functions
‘Young’s Modulus ~ i* 10T sensors Specification data Historical data | Wind speed o Statistics
* Poisson’s ratio ‘e Built-in data (Sp-D) (HD) e Temperature o Analytical data
‘e Geometry : : - i - e Humidity : :
S e Machine knowledge ::e Inspection report te  External Working i...eeveeeviiiiiieiniainidd
e Standards ite  Monitoring : conditions :
: 1o Rules ile  Management : :
L, ‘e Regulations e Accident documents f.........ocoiiiiiiiiiinld
‘e Policies e Diagnosis :

ie Load charts

Figure 4. 6: Fundamental data for the DTD model and degradation.

4.2.3.2 Virtual tower crane

The virtual model serves as a testbed for structural and operational analysis of the tower crane.
From the prospect of LC deterioration, the virtual model is a complete synchronization of the
actual lifting operation of the tower crane. The ABAQUS software is used to construct the
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tower crane's finite element model (FEM). A FE analysis is an effective numerical simulation
for determining the capacity of structural components in the load and deflection curve. The
authors considered the scale model's working conditions when analyzing static, dynamic, and
moving mass on a crane model. All factors associated with lifting operation and degradation

act as real-time external incentive time series data on the virtual model.

The tower crane is attached to the foundation by a baseplate and anchor bolts, which carry the
bending moment and restrains four nodes and six degrees of freedom (DOF). The pin shaft
connection between the mast and jib sections is considered rigid. The connection between the
mast, tower cap, and pivoting support is consolidated. The jib and counter jib are attached
through a hinge connection to the mast. FEA is performed using dead-load, service, wind, and
concentrated loads to determine the LC of the tower crane using a force/deflection or
stress/strain curve. Fatigue damage accumulation analysis assesses the damage and degradation
rate for 70 years. ABAQUS software stores all lifting operation information, including the
geometry of the scale components, mechanics information, operation process, and environment
information. Finally, the degradation rate is integrated and manipulated with the real-time
sensors data in the control system of the DTD model to predict degradation in the LC of a tower

crane which will be explained in Section 4.2.3.5.

4.2.3.3 IoT-based connection and dataflow

The IoT system detects the current status of the physical tower crane. In the DTD model, the
IoT system serves as a real-time data source and a safe data transfer mechanism. As depicted
in Figure 4.7, the IoT system has five layers: object, sensing, communication, data
management, and application. The object is the scaled-down prototype of the tower crane,
which is liable for generating real-time sensors and fundamental data, as discussed in Section
4.2.3.1. The sensing layer comprises vibration/deformation/deflection and load cell sensors.
The sensing layer is mainly used for data acquisition and control via a different interface, such
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as OPC-UA. The communication layer accumulates and transfers all data types using serial
port converters and communication modules. Furthermore, the data management layer
comprises a perception, knowledge, and algorithm database. It stores and fuses
essential/fundamental data translated from one form to another to assist the application layer.
Finally, the application layer is the fundamental part of an IoT system. It allows communication
between the OPC interface and the server. It is responsible for cleaning, associating, mining,

fusing, and analyzing data across all subsystems.

#includeSoftwareSerial.h> #if defined(ESP8266)
DFRobot_HX711_12C_MyScale(&wire) fbdo.setBSSLBufferSize (2048, 2048);
SoftwareSerial 5(3,2);
Weight = MyScale.readweight(); #endif
#define VIBPin AO fbdo.setResponseSize(2048);
Int vibs = analogRead (V1BPin); Firebase.begin(&config, &auth);
Datal = Serial.read(); Firebase.reconnectWiFi(true);
Firebase.setDoubleDigits(5);
Firebase.RT DB setFloat(&fbdo, “LOAD_CELL/mass”, datal); config.timeout.serverResponse = 10 * 1000;
Firebase.RTDB setFloat(&fhdo, “LOAD_CELL/vibrations™, vebl); delay(10);
ANV
Object layer | | Sensing layer | | Communication Iayer| |Data management Iayer| |App|ication layer
Vlbrat!on/ - Real-time
defl ectlo_n/ . Slgn_al = database
deformation Lo reading £
Tower crane = sensors I Data
(Prototype) = = = processing
P = b E ?}t,ore datda and analysis
i HE . ol es an
Load cell i Signal P
o 9 fused them
sensors I resolver
HE together
.............. f
Feedback / \
. PinMode(VIBPin, INPUT); A 4
Web display Serial.begin(9600); . FEM
WiFi.begin(WIFI_SSD, WIFI_PASSWORD); (Virtual tower crane)
A Serial.print(connecting to Wi-Fi”); |
While (WiFi.status() '=WL_CONNECTED Data interface
|

Figure 4. 7: 10T system and dataflow.

4.2.3.4 Real-time digital twin database

Advanced data conversion technology is required to integrate and manipulate sensors,
fundamental, and simulation data for extracting essential features related to LC degradation. A
Firebase real-time database is utilized to cover all aspects of LC deterioration. LC often relies
on various factors and is described in multiple data formats with multi-source and

heterogeneous characteristics.

108



4.2.3.5 Control system for predicting degradation

Traditionally, operators and workers are mainly responsible for monitoring and controlling
lifting operations. A qualified individual follows the manufacturer's specifications and
directions to ensure a safe lifting operation. The manufacturer's rated loads for a crane are based
on ideal conditions. If an individual adheres to the manufacturer's loads for an extended period,
the tower crane may be damaged. Therefore, a hybrid and real-time approach is required to
illustrate the current status, predict the LC of a tower crane, and present the predicted LC in
updated load charts and graphs. The control system is thus designed and comprises (1) pre-

processing and (2) functional modules.

DT data monitoring, analysis, and evaluation are carried out in the pre-processing module.
Noise is present in the signals collected from sensors. Reducing noise with the wavelet-based
de-noise approach considerably impacts LC prediction. This module is also responsible for data
normalization. Feature recognition should be performed using the time, frequency, and time-
frequency domains to extract information from the signals. Following feature recognition, the
feature selection method is applied. For further processing, the dataset is divided into training

and testing datasets.

In the functional module, the important features that influence the LC of a tower crane have
been selected. Based on real-time data, a DTD technique assesses the present condition of the
lifting operation. However, real-time sensor data cannot predict the degradation rate in LC and
the rate at which the LC decreases with time. Therefore, we performed FEA to assess fatigue
damage accumulation and degradation to address this issue. Then the degradation rate is
incorporated and manipulated into the database to accurately predict the LC by using an
appropriate machine learning (ML) model for the RUL of a tower crane. Finally, the findings

of the high precision are fed back to the physical tower crane to minimize unexpected failures
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and damages while enhancing monitoring and a safe working environment in the lifting

operation.

4.3 Case study

This study employs a scaled-down tower crane prototype of STL420 to evaluate the proposed
DTD model’s accuracy, efficacy, and applicability. There are some flaws in the prototype, but
none of them interfere with our research goals. For instance, the shape of the
foundation/baseplate differs from the actual crane, but the bending moment is restrained to four
nodes and six DOF, much as with real cranes. In addition, the mast of the prototype has only
two sections, but the mast of the actual crane has more sections, depending on height. However,
this does not affect our model because joint failures are not considered in the degradation.

Finally, the slewing unit and climbing frame are different in shape but identical in function.

4.3.1 Physical hardware setup

The prototype is powered by two direct-current (DC) motors that permit horizontal rotation in
clockwise and counter-clockwise directions, trolley movement inward and outward, and
loading/unloading through a remote control. In addition, as depicted in Figure 4.8, two sensors
(load cell and piezoelectric) are attached to the prototype to measure the load and
deflection/deformation. The piezoelectric sensor is attached to the end of the jib where the
deflection is higher, while the load cell is mounted under the hook. The load cell is connected
to the HX711 ADC, Arduino Uno, and NodeMCU ESP8266 Wi-Fi module for data collection
and storage. This configuration enabled physical-virtual cranes to communicate in both

directions.
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Arduino Uno

Hardware setup

Figure 4. 8: Physical hardware setup.

4.3.2 DTD model experimental platform

The primary goal of the experimental platform is to perform lifting operations. Therefore, a
scale model is assembled, and lifting operations are performed to generate and collect data. A
load cell and piezoelectric sensors are installed to measure loads and deflection. Besides this,
three load charts for counterweights 12, 18, and 24 tons were provided for the actual crane, and
four jibs of lengths 30m, 40m, 50m, and 60m were attached to the mast. Based on the similarity
principle, we employed a scale model of a 60-meter jib and 24 tons of counterweights. A load
chart of the actual crane is shown in Table 4.2. Based on the scale factor, the load chart of a

scaled-down tower crane is shown in Table 4.3.

As depicted in Figure 4.9, the scale model has a jib length of 60 cm, and a trolley can only
move between 15¢cm and 50cm. Furthermore, based on scaled-down factors, we compute a load
for various lifting radii and marked radius on a jib with a black marker, as shown in Figure 4.8.

The calculated loads are then applied to the marked lifting radius. For each point load, three
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operations are performed to measure the load and deflection: (1) loading/unloading, (2)
clockwise and counter-clockwise rotation, and (3) rotation with loading/unloading. The
experiment duration was 10 minutes for each point load, and we covered all three mentioned
operations within 10 minutes. We conducted three tests for each point load and then averaged
the results. A dataset was generated by conducting 54 experiments on 18 different locations. At
the same time, the hoisting process was carried out in the virtual environment. The calculated
load values from Table 4.3 were used to determine the stress/strain or load/deflection
relationship. As we explained in Section 4.2.2, residual stresses accumulate, and degradation
occurs if the load is applied in the cyclic mode for several years. That is why we calculated the
degradation rate. Finally, sensor, simulation, and degradation rates were incorporated and

manipulated to predict LC degradation.

Table 4. 2: A load chart of the actual tower crane.

Ji LC Lifting radius (m)
b Max
( ®
. 20 22 24 26 28 30 32 34 36 383 40 45 50 55 60
)
12 2. 12. 12. 11. 10. 10. 95 89 84 79 75 6.6 59 53 49
60 00 00 00 84 99 23 6 8 5 9 7 8 7 8 0
18 18. 18. 17. 15 14. 13. 12. 12. 11. 10. 10. 89 8.0
% 00 00 26 89 72 70 81 02 33 70 14 5 0
24 22, 20. 18 17. 15, 14, 13, 12, 12. 11. 10.
0 66 52 74 23 94 73 75 89 12 43 85
24 23, 21. 19. 17. 16. 15.
30

29 09 25 70 36 25

Table 4. 3: A load chart of the scale-down tower crane prototype.

Jib LC Lifting radius (cm)

20 22 24 26 28 30 32 34 36 38 40 45 50 55 60

60 500 500 500 500 493 457 426 398 374 352 332 315 278 248 224 204
.0 .0 .0 3 9 2 3 .1 .0 9 4 3 i .1 .1
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50 750 750 750 719 662 613 570 533 500 472 445 422 372 333
.0 .0 A .0 3 8 i .8 .0 .8 5 9 3
40 100 944 855 780 717 664 613 572 537 505 476 452
0 1 .0 8 9 1 i 9 .0 .0 2 .0
30 100 970 878 802 737 681 635
0 4 i .0 5 .6 4

| No trolley movement | Trolley movement
|

60 cm

| - 2. Clockwise rotation

i y3329¢
iy 3529
E y374.19
= 1. Loading/unloading y 39839
v 42629
_ ) ) ¥ 45799
[~ 3. Anti-clockwise rotatione ooy {033
5009 0 === - Constant loads for specific region

----- # Given loads according to load factor
e Three experiments for each point load (loading/unloading)
« Duration = 10 minutes for each experiment (loading/unloading)

¥ Ground level

Figure 4. 9: Experimental platform for the lifting operations.

4.3.3 Data collection

As shown in Figure 4.10, the load cell and piezoelectric sensors are connected to Arduino Uno
analog input pins for data collection and pre-processing. First, the raw data is measured as a
voltage between 0 to 5 volts at 250 hertz. The raw data is converted into integer values ranging
from 0 to 1023 using a 10-bit HX711 ADC. Second, load and deformation/deflection data are
smoothed by taking an average of 20 measurements for three different weights (100g, 200g,
and 300g) to eliminate noise and calibrate data. Finally, the smoothed data is multiplied by a
pre-determined conversion factor to calculate load (gram) and deflection/deformation (mm)

measurements.
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In addition, the data collection module incorporates SD, Sp-D, HD, ED, and CD at various
stages of the DTD model. For instance, geometric and material properties were considered
while modeling a virtual tower crane. In the case of HD, a diagnosis report was examined for
the precision and accuracy of deterioration because repairing and replacing tools affect
degradation. Furthermore, during finite-element and fatigue damage accumulation analyses,

wind load, temperature, humidity, and other environmental conditions were considered.

—_——— e e Piezoelectric shock sensor
Back Front

2

N——
Fundamental +
Built-in Data

Real-time database

I

loscxd4a

oy

Arduino Uno

Load cell sensor -
Front 4

Back

Analog-to-digital 10T Microcontroller Broad
converter (ADC) Power  ---* ESP8266 Wi-Fi Module

Figure 4. 10: A circuit diagram or IoT system for data collection.

4.3.4 Data transmission to the cloud

The Arduino sends the loads and vibration/deflection/deformation data to an ESP8266 via a
serial port. Serial transmission takes 37 milliseconds, according to measurements. Average
measurements are programmed to be delivered every second to conserve transmission
bandwidth. This guarantees that data is reliably transmitted between the sensors and the cloud
gateway. Furthermore, whenever an average measurement is made, the cloud gateway converts

the values into JSON format and adds the timestamp.
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4.3.5 FE analysis or simulation environment

The goal of simulation in a DTD model is to replicate the same process or operation in a virtual
environment. ABAQUS software is employed to construct a finite-element model (FEM). As
depicted in Figure 4.11, a non-linear static analysis is performed on a crane structure due to
material and geometric nonlinearity. Additionally, there are variations in the boundary
conditions, particularly for the boom structure. The load combination consists of a dead load,
a wind load, and a lifting load. The equivalent static load is calculated by multiplying the static
load by a dynamic load coefficient. In the virtual environment, we considered the yield and
ultimate strength of the crane material. The data show a similar pattern, albeit with differing
magnitudes. In other words, the crane structure vibrates/deflects if a cyclic load is applied. If
the load and vibration persist for several years, the capacity will decrease due to the
accumulation of residual stresses. We attempted to quantify and incorporate the degradation
rate with the real-time data to lower the magnitude and align the real-time sensor data and

simulation data.

1600

4 — 20-cm 30-cm — 40-cm
1400 - — 22-em — 32-cm — 45-cm

— 24-cm 34-cm 50-cm
26-cm — 36-cm 55-cm

1200+ 28-cm — 38-cm — 60-cm

1000 —

800 —

Load (g)

600 —

400 —

200 —

0 5 10 15 20 25 30
Deflection (cm)

Figure 4. 11: Non-linear static analysis of the tower crane.
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4.3.6 Control system and synchronization

The cloud gateway and the control module, which are connected to the cloud database, are
managed by ESP8266 devices. Real-time data synchronization includes the dashboard and
control module. This is accomplished using WebSockets. It allows physical and virtual cranes
to communicate in both directions. The Firebase Real-time Database is employed in this study
to store sensor data and control codes. The cloud gateway sends structured data to a real-time
database every second. Each simulated value is maintained in the historical database to
facilitate backward testing and analysis. JSON objects include six layers of nodes, which is
helpful when training machine learning modules because sensor data vary in feature between
operational nodes. Therefore, a classification engine based on machine learning can better use

this historical data.

4.3.6.1 Historical data hosting and computation engine

Although it is challenging to construct a direct relationship between load, deflection,
degradation rate, and LC, a machine learning-based classification engine can efficiently use
historical data. Training and testing depend on information gathered during the idle state;
however, the operation should only commence if the idle state is safe. First, the sensory data is
pre-processed by grouping every 10-second interval of values. Then, for each sensor data, a
rolling standard deviation is calculated to generate new features for machine learning. The most
recent timestamp is the only timestamp used for the newly aggregated data. The state with the
most significant number of counts is the congregated state. Delta time is overlooked because it
does not contribute to the learning engine. A one-class categorization based on similarity is
implemented. The historical data is then fed into a support vector machine (SVM) model. The
model deduces the characteristics of usual scenarios and predicts whether the incoming input

deviates from the specific occurrences. Finally, we validate the dataset by analyzing the model's
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accuracy using k-fold cross-validation. To make things easier, a control system is divided into

two modules: pre-processing and functional.

4.3.6.2 Preprocessing module

The pre-processing module monitors, analyses, and evaluates real-time data. The raw or
sensory data contains information about the lifting operation. To extract the important features
from the signal that influences the LC, feature recognition techniques like time domain,
frequency domain, and time-frequency domain are employed. The key features for the LC are
primarily determined, such as Load (g), deflection (mm), boom length (cm), lifting radius (cm),
counterweight (g), and degradation rate. According to Roysson et al. (n.d.), degradation and
LC depend on various factors, including all parameters is difficult, but optimal parameters will
enhance prediction accuracy. The random forest (RF) selects the features after feature
recognition. RF is the bagging model that combines the CART tree and random space. A CART
tree comprises three parts: decision nodes, leaf nodes, and root nodes. The independent random
sample approach is used to construct each tree. The bagging or bootstrap technique is used to
sample and create the subset, and a random subset of the feature attributes is chosen based on
a specific criterion. In general, RF outperforms single decision trees because the outcome of
RF is selected by voting on the results of many decision trees. In this paper, we choose the
essential features by employing n-estimator hyperparameters of 100, 250, 500, 750, and 1000.
The dataset is divided into 70% for training and 30% for testing. The Load (g), deflection (mm),
boom length (cm), lifting radius (cm), counterweight (g), and degradation rate are all critical,
with values of 0.37, 0.34, 0.13, 0.14, 0.0, and 0.2, respectively. The importance of
counterweight is zero here because it remains constant during lifting. Table 4.4 shows the errors

and R? values for the RF in feature selection.

Table 4. 4: Errors and R2 values for the random forest (RF).

Model Hyperparameter Trees MAE RMSE MAPE R?
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100 0.174 0.232 2.1% 0.997

250 0.168 0.227 2.1% 0.997
RF n-estimator 500 0.166 0.225 2.0% 0.997
750 0.169 0.226 2.1% 0.997
1000 0.168 0.225 2.1% 0.977

4.3.6.3 Functional module

The LC and its degradation are complex, multi-variable, and non-linear problems; hence, using
a traditional mathematical model to predict the degradation is challenging. Machine learning
(ML) offers a significant advantage in terms of prediction. The SVM model predicts the
degradation in LC because it can work well with high-dimensional data with a clear margin
and scatter data points. To ensure the model's accuracy, the authors used 70% dataset for
training and 30% for testing. The input and output variables are Load (g), deflection (mm),
boom length (cm), lifting radius (cm), counterweight (g), degradation rate, and lifting capacity
(g), respectively. The model's evaluation criteria are the mean-square error (MSE) and
coefficient of determination (R?). When MSE is smaller and R? is closer to 1, the smaller the
prediction error, the better the prediction model's performance. The MSE and R? values are

0.2253 and 0.9973, respectively.

The evaluation criteria show that a DTD model has a certain degree of flexibility and accuracy
in predicting degradation in a complex machine like a crane. The degradation rate is
incorporated into the control system calculated from the fatigue damage accumulation and FE
analysis. The predicted degradation in LC of a tower crane is depicted in Figure 4.12. The
predicted results of LC (g) are plotted against the lifting radius (cm) for a boom length of 60cm,
but it is also calculated for the 30cm, 40cm, and 50cm by multiplying the predicted results by

a scale factor.
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Similarly, the predicted load charts for a prototype for 0 years and 70 years of operation are

shown in Table 4.5. The findings of the high precision are fed back to the physical tower cranes.

Furthermore, when a scaled factor of a prototype is multiplied by the load chart, it should be

equal to the actual tower crane, as shown in Table 4.6. When a degradation rate is calculated,

and the load chart is updated with time throughout the tower crane's service life, the operators,

management, or decision-making team can take direct action to consider more accurate LC for

the crane operations or maintenance planning.
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Figure 4. 12: Predicted LC of the tower crane for 70 years; (a) Jib length 60 cm, (b) Jib length
50 cm, (c) Jib length 40 cm, and (d) Jib length 30 cm.
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Table 4. 5: Predicted load charts (gram) for the prototype for 0 and 70 years.

Jib Lifting radius (cm)
(c
) 20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
m
60 499. 499. 499. 494. 461. 424. 394. 377. 350. 333. 319. 284. 250. 216. 207.
8 5 9 1 2 3 9 6 4 7 8 2 3 8 6
50 744. 744. 723. 654. 616. 564. 534. 501. 466. 437. 426. 378. 33I.
6 6 5 3 7 2 1 1 2 8 7 0 2
20 938. 851. 783. 716. 661. 607. 578. 534. 508. 471. 455.
5 6 2 8 1 2 5 7 4 9 3
30 964. 871. 804. 734. 677. 631.
3 4 5 8 1 5
Jib Lifting radius (cm)
(c
) 20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
m
110. 109. 110. 108. 101.
60 933 869 83.1 77.1 734 704 625 551 477 457
0 9 0 7 5
163. 163. 159. 144. 135. 124. 117. 110. 102.
50 963 939 832 729
8 8 2 0 7 1 5 3
20 206. 187. 172. 157. 145. 133. 127. 117. 111. 103. 100.
5 4 3 7 4 6 3 6 9 8 2
30 212. 191. 177. 161. 149. 138.

Table 4. 6: Predicted load charts (ton) for the real tower crane based on a scale factor for 0
and 70 years.

For 0-years:
Jib (m) Lifting radius (m)

20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
60 119 119 119 118 11.0 101 94 9.0 84 80 7.6 68 60 52 49
50 178 17.8 173 157 148 13,5 128 120 11.1 105 102 9.0 7.9
40 225 204 187 172 158 145 13.8 128 122 113 109
30 23.1 209 193 17.6 162 15.1
For 70-years:
Jib (m) Lifting radius (m)

20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
60 26 26 26 26 24 22 21 20 19 18 17 15 13 1.1 1.1
50 39 39 38 35 33 30 28 26 25 23 23 20 1.7
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40 50 45 41 38 35 32 31 28 27 25 24
30 51 46 42 39 36 33

4.4 Validation

A DTD model is conducted with sample data as a constraint. To execute the unpredictability
and chance of the experiment, the degradation in LC of a tower crane is evaluated using a k-
fold cross-validation approach to validate the precision of a DTD model. The sample data are
trained and predicted using k-5 cross-validation and SVM. The accuracy of predictions is
0.97(R?), nearly the same as the typical SVM model. As a result, the proposed DTD model is

convenient, efficient, and based on real-time data.

4.5 Discussion

This section discusses the DTD model results, including physical tower crane, virtual tower
crane, loT-based connection, data storage, and control system. Firstly, we used a scale-down
tower crane prototype, fitted load cell, and piezoelectric sensors to collect load and deflection
data. The prototype also generates fundamental data, which we consider at various stages of a
DTD model. Existing approaches, such as empirical approaches (Chaboche and Lesne, 1988),
non-destructive technologies (Przybytek and Wigckowski, 2022), and numerical simulations
(Bandara et al., 2015; Cantrell, 2006; Fatemi and Vangt, 1998), necessitated the use of idle and
unreal models to conduct experiments to determine failure mechanisms. Whereas data-driven
models (Lee et al., 2019; Tran et al., 2012) are data-intensive and need data for at least one
year. Based on the similarity principle, the scaled model substitutes the actual tower crane for
assessing structural analysis, failure mechanism, dynamics, operation, and control process as
realistically as possible. For instance, Jiang et al. (2022) used a prototype of a tower crane to
study stability analysis and hoisting safety. Similarly, He et al. (2021) used a prototype to study
the effect of wind on cranes. The proposed DTD model offers various benefits over the existing
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methods because, in the DTD model, we integrated a scaled model, sensors, and simulation

data to predict LC degradation.

Secondly, in a DTD model, the objective of the simulation is to replicate the lifting operation
in a virtual environment. Therefore, the simulation of the virtual body may be adjusted, edited,
updated, and calibrated when the physical and virtual bodies match in LC. In our study, the
load and deflection are the same in the physical and virtual cranes. Still, there is a minor
discrepancy between the capacity of materials in physical and virtual bodies because of safety
issues on a construction site and experimental platform, as illustrated in Figure 4.13. ABAQUS
uses non-linear static analysis on a scaled model to calculate material capacity as
load/deflection. Unlike load charts, manufacturing companies provide LC for specific cranes
based on material properties. Nonetheless, we have some safety margin in the construction or
experimental platform to avoid unexpected failures. The collisions between physical and
virtual LC are caused by a factor of safety (FOS). In Figure 4.13, the area under the blue line
is considered a safe/working zone. The zone will be considered as dangerous if it surpasses the
blue line. The area under the red line is considered a damage zone, while it is a failure zone
beyond the red line, indicated in white. The physical and virtual data were in a similar pattern,
albeit with differing magnitudes. We quantify the degradation rate and incorporate it with the
real-time data to lower the magnitude and align the real-time sensor and simulation data
(Benkabouche et al., 2015; Dong et al., 2021a, 2021b; Fatemi and Vangt, 1998; Taheri et al.,
2013; Wu et al., 2021). Yang et al. (2022) used a similar approach; they multiplied wear data
with the field-measurable precision index value. To summarize, we built a DTD model based
on working loads and deflection; if the working loads and deflection continue for several years,
residual stresses will degrade the material capacity; therefore, we calculated the residual

stresses and incorporated them with the operational values to predict degradation.
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Figure 4. 13: Physical and virtual cranes load comparison and their zones.

Similarly, in a DTD model, data flow is automated and stored in a real-time database. A
bidirectional connection exists between virtual and physical cranes, although digital shadow
lacks this feature (Sepasgozar, 2021). In addition, LC and degradation rely on various factors
and are described in multiple data formats with multi-source and heterogeneous characteristics.
Therefore, advanced data conversion technology is required to integrate and manipulate
sensors, simulations, and fundamental data for extracting features related to LC and
degradation. Furthermore, all components of the proposed DTD model are fused and mapped
to detect/resist the real-time changes in a physical space and feedback from the control system.
It 1s also considered the secure connection and data transmission from the physical crane to the

virtual crane and vice versa.

Finally, the control system predicts degradation in LC based on real-time data. It is a hybrid
mode and the most fundamental part of a DTD model, which is used to analyze and visualize
real-time changes, make decisions, and provide feedback for improvement. The control system
is responsible for pre-processing, de-noise, calibration, normalization, and raw and real-time
data evaluation. It also includes feature recognition and selection. In DT technologies, sensor
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and simulation data should match and cover optimal parameters associated with a particular
activity and improve prediction after integrating and adjusting these data. In this paper, we
predicted degradation in LC of a tower crane for 70 years and displayed the results in graphs
and load charts. Furthermore, using scale and similarity factors, we also predicted degradation
for various scale-down jib lengths, including 30cm, 40cm, 50cm, and 60cm. Roysson et al.
(2016) employed ANN to predict the LC of a mobile crane; however, the average deviation
between the actual and predicted LC was 1.3, but in our case, the average deviation between
the actual and predicted LC is 2.6, which is high than the previous research. We used sensors,
simulation, degradation rate, and six input parameters; they used data from load charts and only

three input parameters.

Similarly, Yang et al. (2022) used a DTD approach to predict the performance degradation in
the transmission unit of the CNC machine tool with an average error of 4.33%. In this paper,
we selected MSE and R? as the evaluation criteria for the DTD model. The MSE and R? of the
prediction model are 0.2253 and 0.9973, respectively. We validate our model by comparing the
results with the traditional SVM model, and the average accuracy of predictions is almost 99%.
As depicted in Figure 4.14, the average deviation between the actual and predicted LC for the
scaled-down jib lengths of 30cm, 40cm, 50cm, and 60cm are 2.9, 2.6, 3.19, and 1.8,
respectively. The average deviation for all these jibs is 2.6. As shown in Figure 4.15, we
multiplied the scale factor of a prototype with the projected LC for jib lengths of 30cm, 40cm,

50cm, and 60cm, and the resulting deviations are 0.04, 0.07, 0.06, and 0.07, respectively.
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Figure 4. 15: Deviations between the actual and predicted LC for a real tower crane: (1) Jib
length 30cm, (b) Jib length 40cm, (c) Jib length 50cm, and (d) Jib length 60cm.

4.6 Chapter Summary

The chapter introduces a Digital Twin-Driven (DTD) framework to predict the degraded lifting
capacity (LC) of aging tower cranes. The DTD approach integrates real-time data from physical
cranes with numerical simulations and machine learning models to monitor and predict the
effects of structural fatigue and degradation over time. This innovation addresses a critical gap
in existing safety systems, which fail to account for aging-induced LC deterioration, thereby

enhancing operational safety and efficiency.

A scaled-down tower crane prototype is utilized to validate the DTD framework, demonstrating
high accuracy with mean squared error (MSE) and coefficient of determination (R?) values of
0.2253 and 0.9973, respectively. Through fatigue damage accumulation modeling and finite
element analysis (FEA), the study generates predictive load charts for crane operation over

decades, enabling safer load application and preventive maintenance planning.

The framework comprises a physical-virtual synchronization via IoT-enabled real-time data
transmission, control systems for decision-making, and a feedback mechanism to improve
crane performance. Using machine learning models such as Random Forest (RF) for feature
selection and Support Vector Machine (SVM) for prediction, the DTD system offers robust

degradation monitoring and prediction capabilities.
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This research provides a scalable solution for real-time safety monitoring of aging tower
cranes, reducing risks of unexpected failures and enhancing decision-making in construction
management. Future work aims to incorporate more sensors, automate system integration, and
refine the physical-virtual fidelity for further improvements. The findings underscore the
transformative potential of digital twin technologies in predictive maintenance and safety

optimization for the construction industry.
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CHAPTER 05

AUTOMATED SAFETY RISK ASSESSMENT FOR CRANE
OPERATIONS USING CASCADE LEARNING

5.1 Introduction

Construction sites vary in size, layout, and working conditions; however, they generally include
workers, equipment, and materials (Shen et al., 2016; Teizer and Cheng, 2015). Heavy
machinery and tools are essential for critical and complex activities to meet schedules (Zhou
et al., 2018), but they pose risks if failures occur (Duarte et al., 2021; Shin et al., 2024).
Accidents often stem from unsafe operation, improper use, lack of awareness, education, or
skills (Giircanli et al., 2015; Jung et al., 2022; Lee et al., 2020). Comprehensive monitoring
and assessment of machine operations are crucial for understanding the causes of accidents and
preventing them (Xiao and Kang, 2021; Zhang and Ge, 2022). Despite safety regulations and
training, accidents continue to occur, leading to severe injuries, fatalities, and financial losses.
Current safety measures often rely on manual judgments, which can be error-prone, delayed,
or inconsistent (Hinze et al., 2016; Jeelani et al., 2016; Rahim Abdul Hamid et al., 2019;
Shafique and Rafiq, 2019). Therefore, automated, advanced, accurate, reliable, and adaptive
safety procedures are needed to identify, assess, evaluate, and monitor operational activities in

real-time.

The Bureau of Labor Statistics reported that the United States recorded 5,486 fatal work
injuries in 2022, reflecting a 5.70% increment from 2021. The fatal work injury rate rose to
3.70 per 100,000 full-time equivalent (FTE) workers, with worker fatality occurring roughly
every 96 minutes, compared to every 101 minutes in 2021 (Bureau of Labor Statistics, 2023).
Among these fatalities, 170 were attributed to being struck-by machines and 59 were due to
incidents involving being caught-in, trapped-in, compressed-by, or crushed-by machines
(Brown et al., 2021). Additionally, 79,660 nonfatal work-related injuries have been reported,
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with a significant portion resulting from contact with machines, falls, slips, trips, and
overexertion (Brown et al., 2020). Machine-related struck-by incidents remain a leading cause
of construction injuries globally (Hinze et al., 2005), with high fatality rates in Hong Kong
(19.98%), Japan (6.54%), Singapore (5.40%), and Australia (3.20%) (Chiang et al., 2017).
Hong Kong reported 3,065 construction accidents in 2022, with slips, falls, and incidents
involving machinery as significant contributors (ISSH, 2024). Approximately 91.80% of
construction workers operate near heavy machinery, making them vulnerable to hazards such
as being caught-in, trapped-in, compressed-by, crushed-by, and struck-by equipment (Betit et
al., 2022). Among these incidents, there were 47 crane accidents in 2022, up from 39 in 2021.
Of these, 38.00% occurred during operation, 31.00% during climbing, assembling, or
dismantling, and 23.00% were due to other factors. The critical importance of crane safety risk
assessment during operation underscores the need for Smart Site Safety Systems (4S) to review
and enhance current safety measures in the construction industry (Gu et al., 2022; Niu et al.,

2016).

4S represents a construction site safety management proposal integrating computer vision and
deep learning technologies (Awolusi et al., 2018; Johnson, 2002; Mustafa et al., 2023). This
innovative system operates through three key elements: smart monitoring devices that capture
and identify potential risks, networked data transmission systems, and centralized platforms
that process visual information to coordinate responsive actions (Fang et al., 2020; Paneru and
Jeelani, 2021; Seo et al., 2015; Xu et al., 2021). While traditional safety protocols rely heavily
on pre-construction risk assessments, 4S enables real-time hazard management during the
active construction phases. This technological advancement significantly shifts from
conventional practices by providing immediate detection and response capabilities for
operational activities (Fung et al., 2012). The system leverages advanced computer vision

algorithms to perform multiple critical functions simultaneously: detecting potential hazards,
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tracking movement patterns, recognizing unsafe behaviors, and classifying risk levels in real-
time (Hung and Su, 2021; Khallaf and Khallaf, 2021). This comprehensive approach is
particularly vital, given the dynamic and complex nature of modern construction environments

(Sabuhi et al., 2021; Singh et al., 2024; Tylman et al., 2010).

As construction projects become increasingly sophisticated and more extensive in scale, the
deployment of heavy machinery has grown proportionally to meet the productivity demands
(Hung and Su, 2021a; Liu et al., 2021). This intensified machinery usage inherently increases
operational risks. Since accidents involving heavy construction equipment typically result in
more severe consequences than other construction incidents (Shao et al., 2019), implementing
robust safety measures is paramount. Current research on computer vision-based safety
systems primarily focuses on specific risk factors, such as collision prevention and unsafe
operational practices (Fang et al., 2018). However, a truly effective safety management system
must go beyond mere identification to incorporate a thorough risk assessment and informed
decision-making processes. The existing research landscape shows a notable imbalance; while
considerable attention is given to hazard identification and classification, there remains a
significant gap in developing quantitative operational risk assessment methodologies (Fang et
al., 2019; Schieg, 2006). This limitation potentially compromises the effectiveness of

construction site safety measures and risk management strategies.

Recent deep learning models based on Generative Adversarial Networks (GANs), Recurrent
Neural Networks (RNNs), and convolutional neural networks (CNNs) have demonstrated
reliable performance in construction applications, particularly in detecting predefined entities
in video footage in near real-time. While researchers have attempted to enhance or modify
specific components of GANs, RNNs, and CNNs, the overall network structures remain
unchanged. A significant limitation of current safety monitoring approaches lies in their
reactive nature, as they primarily focus on detecting unsafe behaviors only after they become
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apparent risks (Xiao et al., 2021). This retrospective approach overlooks the numerous latent
risk factors at construction sites, creating potential blind spots in safety management. The
practice of triggering alerts only when hazardous activities reach critical levels is
fundamentally flawed from a preventive perspective (Fang et al., 2019; Xiao et al., 2021). A
proactive and holistic approach to safety risk assessment is necessary, encompassing visible
hazards and potential risks still in their dormant state. Such comprehensive oversight would
enable construction managers to strategically identify areas requiring enhanced safety
supervision and optimize resource allocation for preventive measures (Schieg, 2006).
Moreover, this forward-thinking approach would strengthen crisis response capabilities,
allowing safety teams to intervene before situations escalate to accidents. By identifying and
addressing risk factors in their early stages, construction sites can either entirely prevent
incidents or substantially reduce their impact when they do occur. For example, Fang et al.
(2018) employed an Improved Faster R-CNN (IFaster R-CNN) to detect workers and
equipment more accurately than other advanced detection methods. Despite these
achievements, computer vision and deep learning face several challenges, including the
requirement of large-annotated datasets, manual or semi-automated feature extraction, high
computational demands, and issues of robustness and adaptability (Brozovsky et al., 2024;
Dobrucali et al., 2024; Pandey et al., 2024). Researchers have developed specialized datasets
to address some of these challenges and employed Transformer Networks for automated image-
feature extraction. Notable examples include the work of Tajeen and Zhu, (2014), Lee et al.
(2022), and Xiao and Kang, (2020), who developed annotated datasets for various construction
machines. Gao et al. (2024) utilized an augmented weighted bidirectional feature pyramid

network to detect marine objects.

Despite recent advancements, the development of computer vision models tailored to diverse

construction environments remains an ongoing challenge, particularly in terms of efficiency,
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reliability, accuracy, and adaptability (Al-Faris et al., 2020; Fang et al., 2023). Researchers are
actively investigating the application of transformers and cascaded learning frameworks to
improve the precision, robustness, and scalability of object-detection and classification systems
(Martin et al., 2023). For instance, Kim et al. (2024) integrated various models into a cascaded
framework to enhance the identification and classification of unsafe actions involving
equipment in low-quality images, resulting in improved accuracy. Hou et al. (2023) utilized
computer vision-based systems to compute safety risks and visualize construction sites.
However, comprehensive safety risk assessments require more than just detection and
computation systems for unsafe operations; they also require risk identification, evaluation,
control, mitigation, monitoring, and documentation. Research gaps persist in this area due to
the absence of automated systems for such integrations. Current computer vision models also
face challenges related to high computational demands, inconsistent reliability, limited
accuracy, and difficulties adapting to diverse construction settings. Furthermore, incorporating
environmental conditions and varying equipment types to enhance model robustness presents
a significant challenge. The labor-intensive nature of construction work and reliance on manual
judgment add further complexity to integrating these advanced technologies. Therefore, this
study aims to employ a cascade learning method to automate safety risk assessment in crane

lifting operations.

5.2 Methodology

5.2.1 Overview of research methodology

This section presents a comprehensive methodology for automated safety risk assessment for
crane operations using cascade learning. As depicted in Figure 5.1, the framework encompasses
multiple integrated phases: surveillance-based data collection, image pre-processing, risk
identification, assessment, evaluation, control, monitoring, documentation, and validation, all

orchestrated through a cascade learning pipeline.
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The methodology initiates with surveillance data collection from construction sites featuring
crane operations (mobile and tower cranes). The dataset comprises CCTV footage sourced
from YouTube, systematically segmented into operational activity sequences and subsequently
converted into frame-based datasets. The data collection protocol emphasizes acquiring diverse
crane operation scenarios, specifically targeting safe operations, unsafe operations, near-miss
incidents, and incidents in dynamic construction environments. The image pre-processing
phase employs a Super-Resolution Generative Adversarial Network (SRGAN) model to
address the inherent limitations of surveillance footage quality. This approach, following Kim
et al. (2024), enhances low-resolution frames to high-resolution outputs, which are crucial for
processing blurry CCTV footage. The risk identification phase leverages state-of-the-art
transformer-based models: Real-Time Detection Transformer-Large (RT-DETR-L), self-
Distillation with NO labels (DiNOv2), and Vision Transformer (ViT). These models optimize
object detection and classification within dynamic surveillance contexts. The risk assessment
phase transforms confidence levels derived from activity detection into probability metrics.
The probability and impact of identified risks are analyzed using the risk levels defined by Hou
et al. (2023), resulting in comprehensive risk values for each operational activity. The risk
evaluation framework implements threshold-based risk prioritization, where probability and
impact scores determine risk criticality. Activities exceeding predetermined thresholds are
flagged for immediate intervention. This feeds into the control and monitoring phase, where
real-time warning systems alert operators to potentially hazardous situations, enabling prompt
risk mitigation actions. The methodology incorporates continuous monitoring of crane
operations and iterative review of risk management protocols to ensure sustained effectiveness.
All processes, findings, and interventions are systematically documented, maintaining a
comprehensive audit trail of risk assessment activities. Finally, validation was conducted for

the risk assessment models and risk values to evaluate the applicability of the research in real
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construction projects. This integrated approach automates safety risk assessment procedures,

advances 4S technologies, and has the potential to enhance safety standards.
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Figure 5. 1: Overview of the research methodology.

5.2.2 Data

5.2.2.1 Data collection

Our research dataset comprises a curated selection of YouTube videos depicting safe
operations, unsafe operations, near-miss incidents, and incidents involving mobile and tower
cranes. We selected these specific crane types due to their common use across construction
sites and involvement in diverse activities. The dataset is carefully balanced to include safe
operations, unsafe operations, near-miss incidents, and incidents, providing a realistic
representation of real-world scenarios. Table 5.1 outlines in detail the identified activities for
each crane type. These classifications were integral to our annotation process and served as a
foundation for training our cascade model to enhance on-site safety. To ensure the validity of

our proposed method, we developed the dataset through a systematic approach. Each video was
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thoroughly evaluated to confirm that it captured the distinct actions listed in Table 5.1. Our

selection process was conducted randomly and without bias, with a primary focus on the

relevance of the content to our research objectives.

Table 5. 1: Overview of the selected activities in mobile and tower crane operations.

Equipment Classes Safety Subclasses  Activities Description
status
ar Outriggers Four  outriggers fully
extended with adequate
plates on flat and firm
ground
Safe an Movement Movement on the road with
operations proper posture
a3 Lifting operation Lifting operation with proper
posture
a4 Safe access to the deck For example, a ladder to the
deck of a crane
) Operating on unsafe Operating on soft or sloppy
terrain ground
az Unstable lifting For instance, dragging the
operation loads, abruptly swinging, or
not correctly rigging
a3 Unclear division of work For instance, a lack of safety
Unsafe o .
. area fence for the lifting/traveling
operations
zone
a4 Unsafe access to a For example, unsafe access
Mobile A working crane to the cabin due to any
crane barrier
as Operating near power Distance should be
lines according to safety standards
a3y Potential collision For example, overlapping or
potential collision with other
cranes
Near-miss a3z Potential struck-by For example, Cross-
incidents operation
a3 Load tipping or shifting ~ Sudden load shifts that
temporarily destabilize the
crane
a4 Collapse Structure failures
asp Tipping over Crane becomes unstable and
falls
a3 Fall of crane Fall of any components
Incidents jib/boom/other parts
a4s Fall of loads Fall of loads due to rope or
other reasons
ass Collision Collision of crane with other
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a6 Struck-by Crane struck with
surrounding  environments
except for other cranes
a4y Struck-by objects Struck by any falling objects
Safe b Assembling/dismantling  Using safety straps such as
operations PPE
b1z Erection Mast erection
bis Lifting operation --
bis Safe access to the deck Proper PPE provided to the
operator to access the cabin
Unsafe by Inadequate use of PPE During
operations assembling/dismantling
process
b2 Unstable lifting -
operation
bas Unclear division of work -
area
Tower B bos Unsafe access to a --
crane working crane
bas Operating near power --
lines
Near-miss  bs; Potential collision --
incidents b3z Potential struck-by --
bss Load tipping or shifting -
Incidents bai Collapse --
bay Tipping over --
bas Fall of crane --
jib/boom/other parts
bas Fall of loads --
bas Collision --
bas Struck-by --
ba7 Struck by objects --

“--” indicates that the class has already been defined in the mobile crane case.

Figure 5.2 depicts a sequence of activities involving mobile cranes, which are essential for

hoisting heavy modules on construction sites. The figure includes frames from videos in our

dataset, capturing the crane as it performs various tasks in different environments. These

images highlight the crane's versatility and illustrate the safety conditions of its operations,

which we classified as safe operations, unsafe operations, near-miss incidents, and incidents in

our study.

136



a1 az2 a3 a4
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Figure 5. 2: Activity categories of mobile crane.

Figure 5.3 offers a visual compilation of tower crane activities on construction sites. The

images, sourced from our video dataset, capture the crane engaged in various operations,
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including safe operations, unsafe operations, near-miss incidents, and incidents. This

compilation illustrates the breadth of tower crane operations and their associated safety risks.

bai b2z b23 b4

bs1 b3z b33

bas bae ba7

Figure 5. 3: Activity categories of tower crane.
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Figures 5.2 and 5.3 showcase the action categories for each crane type, using examples from
our dataset. These visuals highlight the practical application of our dataset in recognizing and
classifying crane operations. To isolate specific actions, we used “Adobe Premiere Pro” to
extract relevant video segments, which we then organized by crane activity. A Python script
utilizing OpenCV was employed to automate frame extraction at a consistent rate, typically 1
frame per second (fps). For shorter videos, a 2-fps rate was used to ensure adequate
representation. This approach provided equal samples for each category, facilitating unbiased

training of our cascaded model.

5.2.2.2 Dataset preparation

After selecting the relevant video segments, we prepared the data to ensure consistency for
model training and validation. We standardized the resolution and frame rate to create a uniform
baseline, which helped eliminate variations from different video sources. Using “Roboflow,”
we annotated the frames with bounding boxes and classified actions as safe, unsafe, near-miss
incidents, and incidents according to a predefined taxonomy specific to crane operations. Our
final dataset comprised 34,694 images depicting various scenarios. Through data augmentation
techniques, we expanded this to 208,164 images, as detailed in Table 5.2. The dataset was then
divided into training (80%), validation (10%), and testing (10%) sets to optimize the model's

performance and development.

Table 5. 2: Final and augmented dataset preparation.

Equipment Classes  Safety status Subclasses  Original Augmented Final
frames frames dataset

ar 1,649 8,245 9,894

an 1,165 5,825 6,990

Safe operations
ais 2,740 13,700 16,440
Mobile
A al 754 3,770 4,524
crane
a2 813 4,065 4,878
Unsafe
) an 752 3,760 4,512
operations
a3 541 2,705 3,246

139



a4 536 2,680 3,216

ass 957 4,785 5,742
) a3 542 2,710 3,252
Near-miss

eidents asn 766 3,830 4,596
as3 454 2,270 2,724
a4l 609 3,045 3,654

a4 2,233 11,165 13,398
a3 794 3,970 4,764
Incidents ays 506 2,530 3,036

ass 1,917 9,585 11,502
Q46 642 3,210 3,852
47 748 3,740 4,488
Safe operations bu 1,203 6,015 7,218
b1z 817 4,085 4,902
bis 1,554 7,770 9,324
bis 653 3,265 3,918
Unsafe b2 716 3,580 4,296
operations b 893 4,465 5,358
b2 405 2,025 2,430
b2s 728 3,640 4,368
bas 679 3,395 4,074
Tower crane B Near-miss bs; 601 3,005 3,606
incidents b3 471 2,355 2,826
b33 648 3,240 3,888
Incidents b4 572 2,860 3,432
baz 1,409 7,045 8,454
bas 892 4,460 5,352
bus 591 2,955 3,546
bas 1,659 8,295 9,954
bas 522 2,610 3,132
bas 563 2,815 3,378

Total 34,694 173,470 208,164

5.2.2.3 Data processing
Before deploying our cascaded model, which included SRGAN, RT-DETR-L, DINOv2, and

ViT, we performed critical data processing to ensure that the input data were of high quality
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and correctly formatted. We prepared two optimized datasets for the detection and

classification tasks.

For the detection dataset, we began with 34,694 images. The SRGAN model requires both low-
resolution and high-resolution versions of datasets. Using the PIL library, we generated a low-
resolution dataset by applying effects such as night, blur, noise, and low-resolution to the
original images and resizing them to 64x64 pixels. The high-resolution dataset consists of
original frames resized to 224x224 pixels. The SRGAN then generated super-resolution images
of 512x512 pixels, which were normalized using predefined mean and standard deviation
values. We annotated these images using “Roboflow” to label and identify the mobile and tower

crancs.

The classification dataset (208,164) included super-resolution images combined with
augmented data. We employed a variety of augmentation techniques to increase the dataset
diversity, such as flipping, rotation, brightness, contrast adjustments, modifications in
saturation and hue, affine transformations, grayscale conversion, Gaussian blurring, sharpness
adjustments, auto-contrast equalization, and perspective transformation. These augmentations,
implemented using PIL and PyTorch's torchvision transforms, aimed to broaden the model's
learning conditions to improve its generalizability. Annotations, including bounding boxes and
action categories, were converted into a machine-readable vector format for the RT-DETR-L
model. The processed images were organized into batches suitable for the input requirements

of the model.

5.2.3 Image pre-processing
5.2.3.1 SRGAN for image resolution enhancement
The proposed cascaded model utilizes a Super-Resolution Generative Adversarial Network

(SRGAN) designed to upscale the quality of low-resolution images captured by construction
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site surveillance systems (Ledig et al., 2016). The SRGAN framework uses advanced deep
learning techniques to transform low-resolution images into super-resolution images while
maintaining key textural details and overall image fidelity. Although various methods are
available for image pre-processing, SRGAN is preferred due to the typically blurred and low-

resolution nature of CCTV footage.

As illustrated in Figure 5.4, the SRGAN consists of two primary networks: the generator and
the discriminator network. The generator utilizes a ResNet-like architecture and is tasked with
enhancing the resolution of low-resolution images. It starts with a 9x9 convolutional layer and
is followed by multiple 3x3 convolutional layers, incorporating batch normalization and
Parametric Rectified Linear Unit (PReLU) activation functions. Residual blocks were used to
fine-tune the image details and progressively upscale the resolution. PixelShuffle operations
facilitate a 4x upscaling factor through sub-pixel convolution, ensuring that the content
integrity is preserved during enhancement. The generator produced an image with a resolution

of 256x256 pixels.

The discriminator, a sophisticated convolutional neural network (CNN), differentiates between
the super-resolution images generated by the model and ground-truth high-resolution images.
It begins with a 3x3 convolutional layer and progressively deepens through additional layers,
each equipped with batch normalization. The architecture culminates in a fully connected layer
and final neuron that evaluates the authenticity of the image. A pre-trained Visual Geometry
Group-19 (VGG-19) model was integrated to boost the discriminator’s feature extraction

capabilities and align the training process with the perceptual quality metrics.

The training of the SRGAN involved 200 epochs in an adversarial setup. The generator
produces super-resolution images during this process, whereas the discriminator distinguishes

them from ground-truth high-resolution images. The content loss function ensures that the
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generated images retain the key features of ground-truth high-resolution images. The training
process iterates over each data batch, with losses for the generator and discriminator calculated
and averaged per epoch. Model performance was validated without updating parameters, and
the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity (SSIM) were used to gauge
image quality in relation to the original images. Model checkpoints are saved based on the
validation loss, and the best-performing model is retained. The SRGAN loss function integrates
Binary Cross-Entropy (BCE) for adversarial performance, Mean Squared Error (MSE) for
content fidelity, and VGG-based perceptual loss to preserve texture and quality. Algorithm 5-1

provides a detailed outline of the SRGAN-based image resolution enhancement approach.

Generator Network Discriminator Network
| Conv | oneast
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[ ParametricReLU |
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Figure 5. 4: SRGAN architecture.

Algorithm 5-1
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SRGAN Algorithm

Input:
o Fip= {fl,LR'fZ,LR' . ..,fn‘LR} /I A set of low-resolution frames
o Fyp= {fl,HvaZ,HRf . .,fn‘HR} // A set of high-resolution frames
Output:
o Fgp= {fl,SR'fZ,SR' . .,fn‘SR} /I A set of super-resolution frames
Method:
1. Initialize the generator G with weights w
2. Initialize the discriminator D with weights wp
Training of G:
FOR each image pair (L, h,.) € (Fz, Fur) DO:
e sr«— G(l. | wg) // Generate SR from LR
®  Leontent < content loss(sr, hr) // Calculate content loss
*  wg — wg - NVyLeontent // Updates weights using gradient descent
Adversarial Training:
REPEAT until convergence DO:
e FOReachl, € F; DO:
o sr— G((l, | wg) //Upscale LR to SR
o  Liontent < content loss(sr, HR) // Calculate content loss
o L, <« adversarial loss(D(srlwp)) // Adversarial loss for G
o wg < wg - Ny (Leontent + ML) // Update G’s weights
e FOR each image pair (s, h,.) € (Fsz, Fur) DO:
e Lp, < classification_loss(D(hr|lwp), “real”) // Loss for real hr

. « classification_loss(D(srlwp), "fake”) // Loss for fake sr

LDfake
o wp—wp+nV, (Lp.,., + LDfake) // Update D’s weights

Output:

RETURN Fg = {fl,SRﬂfZ,SR: . ,fn_SR} using the trained generator G(s7lwg).

5.2.4 Risk identification

In the risk identification phase, recognizing and listing potential crane operation hazards
requires precise crane detection and hierarchical classification of operational activities. To
achieve reliable detection and classification, dedicated models must be employed for each task

within the cascaded pipeline. Using a single model can compromise efficiency, accuracy,
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reliability, and adaptability. Therefore, we adopted cascade learning for automated safety risk

assessment in crane operations.

Fig 5.5 shows the pipeline models for risk identification and detection in crane operations,
addressing the challenges in low-quality CCTV footage. The pipeline combines three
transformer-based models for risk identification, RT-DETR-L, DINOv2, and ViT, each serving
distinct functions in the assessment framework. The cascaded pipeline begins with SRGAN,
which enhances images through super-resolution reconstruction. Section 5.2.3 explains how
this pre-processing step converts low-resolution surveillance imagery into high-fidelity images
by reconstructing details and improving visual clarity. The enhanced images feed into RT-
DETR-L, which detects mobile and tower cranes across frames. The RT-DETR-L temporal
analysis enables object tracking through motion pattern analysis and temporal correlation.
DINOV2 then performs primary activity classification, categorizing operations as safe, unsafe,
near-miss incidents, or incidents. This layer establishes the basic safety status assessment.
Finally, ViT performs detailed activity classification, characterizing specific operational

actions. This classification enhances the precision of the safety assessment framework.

The integration of these transformer-based models creates a hierarchical pipeline that optimizes
detection accuracy and computational efficiency for low-quality surveillance data. This
architecture aims to achieve superior real-time performance by leveraging the specialized
capabilities of each model. The framework shows potential for broad surveillance applications
while addressing critical challenges in surveillance analysis, including low-quality footage

processing, object tracking, and multitiered activity classification.
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Figure 5. 5: RT-DETR-L, DINOV2, and ViT architectures.

5.2.4.1 RT-DETR-L for crane detection

The Real-Time Detection Transformer-Large (RT-DETR-L) is a sophisticated object detection
model tailored for dynamic environments like construction sites (Carion et al., 2020). It
enhances the DEtection TRansformer (DETR) framework, which treats object detection as a
direct set prediction task, thereby eliminating the need for Non-Maximum Suppression (NMS)
(Zhao et al., 2023). RT-DETR-L employs bipartite matching loss to align the predicted

bounding boxes with ground-truth objects, simplifying detection and improving efficiency.

As illustrated in Figure 5-5, the RT-DETR-L architecture features an Efficient Hybrid Encoder,
that integrates Attention-based Intra-scale Feature Interaction (AIFI) and a CNN-based Cross-
scale Feature-fusion Module (CCFM) to handle multi-scale features effectively. To enhance
the accuracy of crane detection and classification (specifically for mobile and tower cranes),

RT-DETR-L was coupled with the SRGAN. This integration boosts the image resolution, which
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in turn improves detection accuracy. The model begins with HGStem, which increases the
channel depth while maintaining data integrity, followed by hierarchical grouped blocks
(HGBIlock) that refine feature maps and optimize spatial resolution. The responsiveness of the
model to object motion and temporal variations in dynamic scenes is further enhanced by
Intersection over Union (IoU)-aware Query Selection and temporal embeddings from previous

frames.

The RT-DETR-L model underwent training for 10 epochs using a dataset comprising 34,694
super-resolution annotated images. The training employed the AdamW optimizer and utilized
loss functions such as generalized intersection over union (GloU), Cross-Entropy, and L1 loss
to enhance the detection, classification, and localization precision. The integration with
SRGAN enables RT-DETR-L to process upscaled images, thereby markedly improving its
detection performance. Validation conducted on 3,469 images revealed significant
improvements in the accuracy metrics, including mAP50 and mAP50-95. These findings
underscore the effectiveness of RT-DETR-L for real-time crane detection and classification

within dynamic construction environments, as detailed in Algorithm 5-2.

Algorithm 5-2

RT-DETR-L Algorithm

Input:

o F={fi,fo -, fn} // Aset of annotated frames from SRGAN

e FE = {A,B}// A set of construction equipment; A = Mobile crane and B = Tower crane
Output:

o AF ={afy,af,,...,af,} // A set of annotated frames with detected objects A and B
Method:

1. Initialize RT-DETR-L model (M) with weight o:
Temporal Feature Extraction:
FOR each frame f; € F DO:

e Ty < extract_temporal_features (f |@) / Extract temporal features from frame
Object Detection and Annotation:

FOR each temporal feature T; in sequence DO:
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e AB « detect_object (T | w, E) // Detect objects A and B for classes
e AF; «<—annotate_frame (f; AB) // Annotate f; with detected object AB
Real-Time Optimization:
WHILE processing video stream DO:
e FOR each new incoming frame f,,,, DO:
e Update T with features from f,,,,, considering previous frames
e AB,,, <« detect objects (7' /w, E)
e AF; . <« annotate_frame (fyew, ABpew)
e <« adapt weights (@, AByew)
Output:
RETURN the sequence of annotated frames AF = {af, af;, ..., af,,} using the trained RT-DETR-L.

5.2.4.2 DINOv?2 for safety classification

DINOV?2 is a state-of-the-art self-supervised vision transformer model introduced by Oquab et
al. (2023), building upon the foundation of its predecessor, DINO. Unlike traditional computer
vision models that heavily depend on labeled data, DINOv2 learns robust visual features
without requiring manual annotations. This model addresses the limitations of conventional
approaches by capturing contextual information that is often missed in manually labeled
descriptions. The core concept behind DINOV?2 is self-distillation, which is a process in which
the model learns to predict its own output when presented with slightly altered versions of the
same image. This method has enabled DINOV2 to develop versatile visual features that perform
well across various computer vision tasks such as classification, segmentation, and image
retrieval, even without task-specific fine-tuning. Notably, DINOv2 has demonstrated strong

capabilities in challenging areas such as direct depth estimation from images.

In our study, we adapted the DINOv2 framework to classify crane operations as safe, unsafe,
near-miss incidents or incidents, demonstrating the model's adaptability and potential for
diverse applications. As shown in Figure 5-5, the architecture of DINOvV2 is based on a Vision

Transformer (ViT) backbone and employs a linear classifier for self-supervised feature
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extraction. The model processes the input images by dividing them into a grid of non-
overlapping patches, each projected into a high-dimensional vector space. This allows for an
in-depth analysis of local features within patches, whereas the self-attention mechanism
integrates these details into a comprehensive understanding of the context of the image. The
model consists of 12 transformer blocks, each equipped with layer normalization and Memory-
Efficient Attention mechanisms to enhance its ability to discern the relationships between

different image elements.

During training, the input images were resized to a uniform 512x512 dimension and
normalized. The model was trained and validated using a classification dataset comprising
208,164 samples to ensure generalization ability. We employed an 80-10-10 split for the
training, validation, and test sets, with the model undergoing 10 training epochs. The cross-
entropy loss function and the Adam optimizer were used for the optimization. The validation
dataset was utilized to monitor the performance and make necessary adjustments, offering
insights into the effectiveness of the model on unseen data. DINOv2 was integrated with other
models, such as SRGAN and RT-DETR-L, in the proposed approach to create a cascaded
system. SRGAN first enhances low-resolution surveillance images, which RT-DETR-L then
processes to identify and localize cranes, including mobile and tower cranes. DINOv2
subsequently classifies these localized objects to monitor operational safety. This end-to-end
pipeline ensures a streamlined workflow in which each model's output directly informs the
next, resulting in accurate real-time safety assessments. Algorithm 5-3 of DINOvV2 provides a
real-time classification of crane activities into safe, unsafe, near-miss incidents, and incidents

categories.

Algorithm 5-3

DINOV2 Algorithm

Input:
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o F=A{fi,fo.-., fu} // Asetof frames
e S ={Safe,Unsafe,near miss incidents, incidents} // Safety status
Output:
o AF ={afy, af,...,af,} // Aset of annotated frames with safety status
Method:
1. Initialize DINOvV2 model (M) with weights w
2. Define resizing dimensions and patch size
Safety Status Classification:
3. FORceach frame f € F DO:
®  frormatizea < resize and normalized (f)
e {p:} < split_into_patches (frormatizea)
o {v;} < project_patches ({p;}, M)
e T < apply_transformers ({v;}, M)
e O « classify_objects (T, S) // Classify objects in terms of safe, unsafe, near-miss incidents, and
incidents
e AF; < annotate_frame (f, Oy)
e Update w
o o « adapt_weights (o, Of)
Output:
e RETURN AF = {af}, afs,..., af,} using the trained DINOv2 model.

5.2.4.3 ViT for activity classification

The Vision Transformer (ViT) introduced by Dosovitskiy et al. (2020) represents a significant
advancement in image recognition and classification. By dividing the images into smaller
patches and capturing both local and global relationships, ViT addresses the limitations of
earlier attention mechanisms. This method enables the model to exponentially expand its
receptive fields without adding an additional computational burden. ViT demonstrated
exceptional performance in image classification tasks, particularly when trained on large
datasets, surpassing state-of-the-art CNN models in terms of both accuracy and computational

efficiency.

As illustrated in Figure 5-5, the ViT model begins its process with patch and position
embedding. The image is divided into fixed-size square patches, each of which is linearly
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transformed into a vector. Position encodings are then added to these vectors to retain the spatial
information. The model is composed of multiple encoder layers, each containing two sub-
layers: multi-head self-attention and feedforward neural networks (FNN). The multi-head self-
attention mechanism computes the weighted relevance between patches, allowing the model to
capture the relationships between different parts of the image. The resulting output is processed
by an FNN, often with an activation function such as a Rectified Linear Unit (ReLU), which
introduces nonlinearity and enables the model to learn more complex patterns. Layer
normalization was applied to stabilize and accelerate the training process by normalizing the
inputs to each sublayer. Additionally, residual connections were used to add the original input
embeddings to the output of each sublayer, ensuring the preservation of information across

layers.

Training ViT models involves several steps, including dataset processing and normalization,
batch division, and the use of a training loop. The cross-entropy loss function and the Adam
optimizer were employed to update the model weights over multiple epochs. Hyperparameters
such as the learning rate and batch size were carefully selected to balance the speed and stability
of the training process. Performance metrics were used to evaluate the ability of the model to
accurately classify and segment image regions. The validation of unseen data is crucial for
assessing the model's generalization capabilities, identifying potential overfitting, and
informing adjustments to hyperparameters. The objective was to balance low validation loss
and high accuracy, indicating a well-generalized model with strong predictive capabilities. The
ViT algorithm, as described in Algorithm 5-4, facilitates the real-time classification of

activities.

Algorithm 5-4

ViT Algorithm

Input:
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o F=A{fi,fo.-., fn} // Asetof frames
o A={ay,ay...,a,yand B = {by, b,,..., b} // Set of class labels
Output:
o C={c,cy...,cn}/ Aset of predicted class
Method:
1. Initialize ViT model (M) with weights @
2. Define patch size, embedding size, and image size.
Activity classification:
3. FOR each image f; € F DO:
®  frormalizea < resize and normalized(f)
° {p j} « split_into_patches(frormatized» pPatch_size)
. {vj} « project _patches({p j}, M)
o T« apply_transfonners({vj}, M)
e 0; < classification_head(T;, C) // Obtain class probabilities

e p; < 0; // Store the class probabilities

e RETURN: C = {c;,Cy,..., C,} using the trained ViT model

5.2.5 Risk assessment and analysis

After identifying potential crane operation hazards, the next step is to evaluate the impact and
likelihood of each risk. Risk assessment consists of two components: (1) quantifying the initial
risk values through confidence levels and probabilities and (2) applying a quantitative method
to determine risk levels. The severity assessment phase categorizes potential hazardous
consequences into four groups: safe, unsafe, near-miss incidents, and incidents. Hazard
probability was estimated using confidence levels. Each activity received a risk value based on
its confidence level, probability, and impact severity. To prioritize urgent hazards, a risk matrix
combines the severity and likelihood ratings using two concepts: probability-derived threshold
values and severity levels established by Hou et al. (2023). We adopted their risk-scoring
system, which was developed through expert questionnaires, to optimize the assessment

process. Table 5-3 presents the detailed risk levels.
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Table 5. 3: Risk levels.

S. No Safety status Risk level Description for consequences Score
1 Safe operations I Negligible consequences 0-20

2 Unsafe operations I Mild consequences 21-40
3 Near-miss incidents 1T Moderate consequences 41-60
4 Incidents v Severe consequences 61-100

5.2.6 Risk evaluation

In the risk evaluation, we prioritize risks based on their severity and likelihood to determine
which activities require immediate action. For this purpose, we establish threshold values using
two criteria: (1) a probability-based threshold and (2) a risk-scoring system. These predefined
thresholds enable operators and decision-makers to monitor crane operations effectively. If the
value of an activity falls below the predefined threshold, it indicates that the crane is operating
in a safe environment. However, if the comprehensive risk value of an activity exceeds a

predefined threshold, immediate mitigation and control measures are required.

5.2.7 Control and mitigation

This step implements strategies to eliminate or reduce identified risks to acceptable levels by
sending real-time warning signals to operators. Operators can view images of each activity
along with their comprehensive risk values and warning signs. This enables operators to stop

work or implement alternative solutions to reduce potential risks.

5.2.8 Monitoring and documentation

In this step, we continuously monitor crane operations and review risk management practices
to ensure their effectiveness. We track crane operations through video surveillance to detect
new hazards. The safety data collected via cascaded pipeline helps determine whether control

measures are working effectively or whether new risks have emerged. We conduct periodic
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audits and update risk assessments based on findings. Additionally, we maintain detailed

records of all risk assessment processes, findings, and implemented actions.

5.3 Cascade pipeline for safety risk assessment

The cascaded model integrates four distinct models: SRGAN, RT-DETR-L, DINOv2, and ViT
for automated safety risk assessment of crane operations in noisy and low-quality CCTV
footage from construction sites. Each model serves a specific role: 1) SRGAN enhances image
resolution; 2) RT-DETR-L detects mobile and tower cranes; 3) DINOv2 performs the initial
(Level-I) classification to assess crane operation safety; and 4) ViT conducts detailed (Level-

IT) classification to identify specific crane activities.

This model significantly enhances computational efficiency, accuracy, reliability, and
adaptability in detecting and classifying unsafe crane operations within challenging
surveillance footage. As illustrated in Figure 5-6, the process begins with SRGAN, which
preprocesses low-resolution CCTV images by upscaling them to 512x512 pixels and applying
Gaussian blur to reduce noise while preserving essential details. Subsequently, RT-DETR-L
identifies cranes within these enhanced images using specialized training. DINOv2 then
assesses the safety of each detected crane action by analyzing the context, usage, and
surrounding environment, adding a critical safety evaluation layer that classifies crane
operations into safe operations, unsafe operations, near-miss incidents, and incidents. ViT
subsequently provides a detailed analysis of the classified crane actions, distinguishing specific
activities based on an extensive dataset of crane operations. A comprehensive risk value is then
determined based on confidence level and converted to probability. For severity and likelihood
of risk, impact levels are incorporated with each activity. A predefined threshold value is
established based on probability and impact scores. When the comprehensive risk value

exceeds the predefined threshold, a real-time warning signal is sent to operators for immediate
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risk mitigation actions. The process is continuously tracked across various additional videos,
and records of data, processes, findings, and actions are maintained in the documentation step.

The procedure for the cascaded transformer-based model is detailed in Algorithm 5-5.

This model demonstrates considerable potential for automating safety management in the
construction industry. The approach offers a comprehensive view of potential hazards on
construction sites by systematically enhancing image quality, detecting cranes, assessing safety,
and identifying specific crane activities. These capabilities can contribute to the development

of more effective safety protocols and improve overall safety outcomes in construction

environments.
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Figure 5. 6: Cascaded model architecture for automated safety risk assessment for crane
operations.

Algorithm 5-5
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Cascaded Model Algorithm

Input:
o F=A{fi,fo..., fn} !/ Asetof frames.
e E = {A,B}// A set of construction equipment; A = Mobile crane and B = Tower cranes
o A={ayay...,a,}and B = {by,b,,...,b,} // Aset of class labels
o S ={Safe operations,Unsafe operations,near miss incidents, incidents} // Safety status
Output:
o AF, = {afA,l,afA,Z,...,afA‘n} and AFp = {afBll, afB,Z,...,afB‘n} /I' A set of annotated frames
with classified objects and activities in A and B.
Method:
1. FOReachfinF DO:
e Vfi € F,fisr ¢« SRGAN(f;) // Enhance the resolution of the frame
2. Initialize the RT-DETR-L model M with weight @
e M « RT-DETR-L(®) // Initialize the model M
Object detection:
3. FOR each f; sz in sequence DO:
o Vfise € {fisr fasr- fasr) Eetecteai  detect_objects(fisg | , E)
Level-I Classification (Safety status):
4. FOR ecach detected object (AB) in Egetected DO:
® VAB; € Egetectea,ir Safety_classj; « DINOv2(AB; | w)
Level-II Classification (Activity type):
5. IF (safety_classj_i = Unsafe) THEN
¢  FOR each unsafe object ABunsafe in Edetected DO:
O VABuynsafer € Egetecteair activity_type;; < ViT(abynsafe | @, A&B)
Risk assessment:
6. FOR each activity in E (detected,iy DO:
e Vactivity k € {activity 1, activity 2, ..., activity_m}:
o risk value k « P_k(confidence level k)
Risk evaluation:
7. FOR eachrisk value k DO:
e Vrisk value k € {risk value 1, risk value 2, ..., risk_value m}:
o IF (risk_value k> threshold value) THEN
= impact level k < high
ELSE:
= impact level k « low
Control and mitigation:
8. FOR each impact_level k DO:
e Vimpact level k € {impact_level I, impact level 2, ..., impact level m}:

o IF (impact _level k =high) THEN
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= control k « implement control(activity k)
Monitoring and documentation:
9. FOR each fin F continuously DO:
o viie{f ,f2 ..,fn}:
o record operation(f 1)
e monitor new_videos()
Annotation and Ul integration:
10. FOR each f; sz with detected objects and classifications DO:
o Vfisg € {fusr fasrr-eor fusr): AF; <
annotate_frame(f; sr, Egetectea i SAf €ty_status;, activity_type;)
e Update UI(AF;) // update the User Interface (UI) with the annotated frame
RETURN:
e RETURN:F = {AF,,AF,,...,AE,}

5.4 Results

5.4.1 Experimental setup

As detailed in Table 5-4, this study utilized advanced computational resources to handle the
complex data processing and model training requirements. We utilized a high-performance
computing (HPC) cluster known as the “University Research Facility in Big Data Analytics
(UBDA),” which integrates cutting-edge hardware and software to support the intensive

computational tasks involved in our experiments.

Table 5. 4: Experimental setup.

Component Specification Quantity
CPU AMD EPY(C9124 2
Cooler Supermicro Heavy duty fans 8

RAM DDRS5 Samsung MultiBitECC, 64GB 16

M321R8GAOBBO0-CQKZJ

SSD Samsung SSD 870 EVO 500GB 2

VGA NVIDIA RTX6000Ada 48GB 8
Motherboard (M/B) Supermicro H13DSG-O-CPU 1

Power supply Supermicro PWS-2K08A-1R 2000W 80+ Platinum 4
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5.4.2 Performance evaluation of models in a pipeline

This section presents a comprehensive performance evaluation of a cascaded pipeline
integrating four distinct models: SRGAN, RT-DETR-L, DINOv2, and ViT. The integrated
model was developed to enhance construction site safety, advance SSSS technologies, and
refine safety protocols through improved object detection and hierarchical classification in
automated safety risk assessment. The following subsections detail the experimental results,
encompassing computational complexity, accuracy, precision, reliability, and adaptability

metrics for each model, as well as their synergistic performance within the cascaded pipeline.

5.4.2.1 Resolution enhancement via SRGAN

CCTYV footage ensures safety at construction sites. However, their low resolution often hinders
effective object detection and classification in the risk identification stage. To overcome this
challenge, we developed a novel cascaded model integrating SRGAN, RT-DETR-L, DINOv2,
and ViT to enhance safety monitoring. A key component of our pipeline is the SRGAN model,
which enhances the low-resolution CCTV footage by converting it into high-resolution images.
This improvement in visual data quality facilitates more accurate detection and classification
in the subsequent stages. The SRGAN is particularly effective at upscaling images while
maintaining detail and synthesizing high-frequency information typically lost at lower
resolutions, which is crucial for accurately capturing complex environments such as those

during crane operation.

As shown in Figure 5-7, we performed a comparative analysis using before-and-after images
to highlight the effectiveness of the SRGAN model. The visual analysis demonstrated
significant improvements in image quality, making previously inadequate footage suitable for
accurate evaluation. We used the Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
Index (SSIM) to quantify these enhancements. PSNR assesses the ratio of the maximum
possible signal power to the power of the noise that distorts the signal. Simultaneously, SSIM
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evaluates the similarity between the ground-truth high-resolution images and super-resolution

images produced by our model. These metrics were calculated using Equations (5-1) — (5-6):

Our model achieved an average PSNR of 15.49 dB and an SSIM of 0.87 on the test dataset,
indicating a notable improvement in image quality. Higher PSNR values generally suggest
lower image degradation, and SSIM values closer to 1 indicate a better quality. Our PSNR
results surpassed those previously reported in the literature, including those of Zhang et al.
(2024) (23.24 dB) and Kim et al. (2024) (35.57 dB). This enhancement lays a strong foundation
for subsequent object detection and classification tasks, leading to more effective construction-
site monitoring. Improved resolution is critical for accurately detecting and classifying safe
operations, unsafe operations, near-miss incidents, and incidents, thereby significantly boosting

the overall performance of our safety monitoring system.

1 m-—1 n-—1 o o
MSE=—>" 3" [fur(i)) — firC )T (5-1)
mn i=0 i=0
PSNR =101 MAX* 5.2
2 + (0.01L)%* (20 + (0.03L)2
SSIM = 2( llHRélSR ( )=( 2HR,SR2 ( ) (5-3)
(upg + usg + (0.01L)%)(ofz + 0éz + (0.03L)%)
.. TP (5-4)
pTeClSlOTl = TP n FP
=—1" (5-5)
Tt = TP ¥ FN
1 N
mAP = —Z p(r)dr (5-6)
N £

In these equations: fyr(i,j) and fsr(i,j) represent the ground-truth high-resolution and
generated super-resolution frames, respectively. The variables m and n denote the dimensions
of the image, and MAX refers to the maximum pixel value. The symbols uyp and pgp indicate

the mean pixel values of ground-truth and generated images, while oyr and ggz denote the
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variances of the ground-truth and generated images. The term oy gz describes the covariance
between the original and generated images, and L is the pixel value range. Additionally, TP, FP,
and FN indicate true positives, false positives, and false negatives, respectively, whereas p and

r stand for precision and recall.

Low-resolution images Super-resolution images  Low-resolution images Super-resolution images

Figure 5. 7: Example of resolution enhancement: (a) — (h) original and (al) — (h1) generated
images.

5.4.3 Risk identification

5.4.3.1 Crane detection via RT-DETR-L

The increasing complexity of construction sites and the extensive use of CCTV for remote
surveillance necessitate sophisticated object detection solutions. To meet this demand, a
cascaded model was designed that incorporates super-resolution techniques with cutting-edge

transformer-based object detection and hierarchical classification models.
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The process begins by enhancing the low-resolution CCTV footage using the SRGAN model.
This initial step provides a more precise and detailed input for the subsequent transformer-
based RT-DETR-L model specifically designed to identify and locate mobile and tower cranes
in these challenging environments. RT-DETR-L excels in understanding the spatial
relationships between elements in a scene and can process sequences of frames to track objects
over time. These capabilities are valuable in the ever-changing conditions of construction sites,

where rapid adaptation to evolving circumstances is crucial.

As shown in Figure 5-8, the model demonstrated an impressive performance in accurately
detecting and localizing cranes in high-resolution images. This precision is essential in
cluttered construction environments, where cranes may be partially obscured or blended into
complex backgrounds. The output of the model typically includes bounding boxes around the
detected cranes, along with labels and confidence scores for each detection. For instance, as
depicted in Figure 5-8(a), the detected object was a mobile crane with a confidence score of
96.00%. The overall detection precision of our model was 92.10%, which surpasses the
detection precision reported in the literature, such as 90.26% by Shin et al. (2024) and 90.26%
by Lee et al. (2022). The preliminary results from the RT-DETR-L model show great promise
for handling complex construction environments and challenging conditions. This precision is
crucial for monitoring crane operations and personnel positioning, potentially enhancing

overall site safety.
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tower crane: 0.89

Figure 5. 8: Crane detection: (a) — (¢) Mobile crane and (f) — (i) Tower crane.

5.4.3.2 Safety status via DINOv2 (Level-I classification)

The hierarchical classification of detected cranes is essential for understanding and
categorizing crane operations. This classification consists of two levels: Level-I classifies the
safety status of operations, whereas Level-II identifies the specific activity types. This approach
provides deeper insights into the nature of the operations performed by mobile and tower

crancs.

For Level-I classification, we employed a transformer-based DINOv2 model to differentiate
between safe operations, unsafe operations, near-miss incidents, and incidents, providing
critical insights for safety monitoring. The performance of the model in categorizing activities
into safety classes is illustrated using a confusion matrix, as shown in Figure 5-9. This matrix
offers a clear visual representation of the ability of the model to distinguish between safe
operations, unsafe operations, near-miss incidents, and incidents, which is essential for accident
prevention. The confusion matrix revealed a high true-positive rate of 98.72% for safe

operations, 99.42% for unsafe operations, 99.69% for near-miss incidents, and 99.26% for
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incidents. These results, derived from evaluations of the test dataset, highlight the effectiveness
of the model in handling new, unseen conditions. The DINOv2 model's high accuracy in
classifying safe operations, unsafe operations, near-miss incidents, and incidents can be
attributed to the quality of the training dataset and the model's ability to capture complex

patterns and relationships within the data.
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Figure 5. 9: Confusion matrix for Level-I classification.

5.4.3.3 Activity recognition via ViT (Level-II classification)

For Level-II classification, a Vision Transformer (ViT) model was employed to categorize the
specific activity types of mobile (100%) and tower (99.56%) cranes. The performance of the
ViT model in classifying these activities is depicted in confusion matrices, as shown in Figure
5-10. These matrices illustrate the high accuracy of the model in sorting activities into
predefined classes, demonstrating its effectiveness in handling new, unseen conditions. The

diagonal values in the confusion matrices represent the proportion of correctly identified

163



activities, underscoring the model's sensitivity and specificity in distinguishing between the
various activity types. The results indicated minimal false positives and false negatives,
highlighting the practical effectiveness of the cascaded model in improving on-site safety

protocols.
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Figure 5. 10: Confusion matrices for Level-II classification: (a) Mobile crane and (b) Tower
crane.

5.4.4 Risk assessment and evaluation

As discussed in Sections 3.5 and 3.6, the impact and likelihood of each activity were
determined from confidence levels in probability. The severity and impact level were
incorporated into each activity using Equation (5-7). Additionally, we utilized the risk level for
each activity as outlined in Table 5-3. Following the assessment, predefined threshold values
were established for both cases. Specifically, the probability threshold was set at 0.52, while
the risk-scoring system threshold was set at 60. Activities exceeding these defined thresholds
required control and mitigation measures.
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;Zl(ai,z * Ial-,z)

Z Iai,Z

= (5-7)

The comprehensive risk value (r;) is determined for each activity (ai), considering the

corresponding impact level (I;).

5.4.5. Control, monitoring, and documentation

In the control stage, operators receive visual signals indicating activity type, risk level, and
safety status. For example, in Figure 5-11(a), the activity involves outriggers with a negligible
risk level, indicating a safe environment. Conversely, in Figure 5-11(b), the activity displays a
severe risk level with incident status, exceeding the threshold values of 0.52 or 60.
Consequently, a real-time warning signal was transmitted to the operator, prompting immediate
risk reduction or mitigation actions. The effectiveness of the cascade model for safety risk
assessment was validated through extensive testing with diverse new video datasets, with

comprehensive documentation of data, processes, findings, and implemented actions.
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Figure 5. 11: Example of control and monitoring activities: (a) Mobile crane and (b) Tower

cranc.

5.5 Overall performance of a cascaded model
Our study assessed how well the cascaded model improves construction site safety by
enhancing object detection and hierarchical classification in the risk identification stage. We

examined various metrics to determine the effectiveness, reliability, and adaptability of the
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cascaded model in real-world safety monitoring scenarios. The evaluation focused on the
model's detection performance and both Level-I and Level-II classifications. To measure the
performance, we used several key metrics: mean average precision (mAP) at different
intersection over union (IoU) thresholds, precision, recall, accuracy, and F1 score, as outlined

in Equations (5-8) — (5-11).

The ToU metric helps to assess how well the predicted bounding boxes align with the actual
ones. A perfect match resulted in an IoU of one. We used average precision (AP) to measure
detection precision at various thresholds, whereas mAP provided an overall measure across all
categories and IoU thresholds. To evaluate the model's classification performance, we analyzed

the confusion matrix to calculate precision, recall, F1-score, and overall accuracy.

This comprehensive set of metrics allowed us to thoroughly evaluate the capabilities of our
cascaded model in construction site environments. Analyzing these indicators gave us valuable
insights into the effectiveness of the model in enhancing safety monitoring, advancing SSSS
technologies, and on-site safety protocols. This approach also helped us identify the model's

strengths and potential areas for improvement when applied to real-world situations.

loU = Area of Overlap 5.3
°Y'= Tdrea of Union (5-8)

AP = Z (R — Rn_1) B, (5-9)
n
1 N
mAP = — AP; (5-10)
N £ai=
TP+TN
Accuracy = (5-11)

TP+TN+ FP+FN

(5-12)

Precision * Recall
F1 Score = 2 ( — >
Precision + Recall
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In these equations: R,, is the recall at the nth threshold, R, _; is the recall at the previous
threshold, P, is the precision at the nth threshold. Other variables are defined in Equations (5-

1) - (5-6).

Table 5-5 provides a detailed summary of the performance metrics for the cascaded model in
object detection, as well as the Level-I and Level-II hierarchical classifications. The metrics
are presented for the mobile and tower crane classes and are also averaged across all classes.
For object detection, four key metrics were assessed: precision, recall, mAP50, and mAP50-
95. The mAP50 metric represents the mean average precision at a 50% Intersection over Union
(IoU), indicating the precision of the model when detections overlap with ground-truth
bounding boxes by at least 50%. The mAP50-95 metric calculates the mean average precision
across multiple IoU thresholds ranging from 50% to 95% in 5% increments. These metrics
evaluate the detection abilities of the model and their accuracy in defining crane-type
boundaries across various loU thresholds. The cascaded model demonstrated an overall
precision of 92.10% for crane detection, 90.90% for mobile cranes, and 93.30% for tower
cranes. In addition, the model achieved 93.80% recall, 96.80% mAP50, and 96.80% mAP50-
95. Four metrics were considered for Level-I and Level-II classifications: precision, recall,
accuracy, and F1 score. In the level-I classifications, the overall precision, recall, accuracy, and
F1 scores were 99.25%, 99.25%, 99.25%, and 98.50%, respectively. In the level-1I
classifications, the overall precision, recall, accuracy, and F1 scores were 99.58%, 99.42%,

99.47%, and 99.47%, respectively.

Higher IoU values indicate close alignment between the predicted and actual object boundaries.
The AP and mAP values suggest consistent precision across the different crane types and
confidence thresholds. Higher IoU thresholds, such as 75% or above, reflect strict requirements
for overlap, demonstrating high precision in object localization. This is critical in construction
settings where the accurate detection of equipment and personnel is vital. Lower IoU
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thresholds, such as 50%, still offer valuable insights, particularly in complex environments

where achieving perfect overlap may be difficult due to occlusion or rapid movement.

Table 5. 5: Performance metrics of the cascaded model.

Performance metrics

Objective
Types/Activities mAP50- F1
Operations Precision Recall mAPS50 Accuracy
95 Score
Overall 92.10 93.80  96.80 96.80 -- --
Crane detection Mobile crane 90.90 93.10 96.50 96.50 -- --
Tower crane 93.30 94.50 97.10 97.10 -- --
Overall 99.25 99.25 -- -- 99.25 98.50
Safe operations 99.00 99.00 -- -- 99.00 99.00
Level-1 Unsafe operations 99.00 99.00 -- -- 99.00 96.00
classification Near-miss
eidents 100.00  100.00 -- -- 100.00 100.00
Incidents 99.00 99.00 -- -- 99.00 99.00
Overall 99.58 99.42 -- -- 99.47 99.47
Class_0(ba1) 100.00  100.00 -- -- 100.00 100.00
Class_1(b42) 98.00 92.00 -- -- 95.00 95.00
Class_2(bas3) 100.00  100.00 -- -- 100.00 100.00
Class_3(bas) 96.00 99.00 -- -- 97.00 97.00
Class_4(bas) 99.00 100.00 -- - 99.00 99.00
Class_5(bae) 100.00  100.00 -- - 100.00 100.00
Class_6(bs7) 100.00  100.00 -- - 100.00 100.00
Class_7(bs1) 100.00  100.00 -- - 100.00 100.00
Level-II Class_8(bs2) 100.00  100.00 -- -- 100.00 100.00
classification Class_9(bs3) 100.00 100.00 -- -- 100.00 100.00
Class_10(bi1) 100.00  100.00 -- -- 100.00 100.00
Class_11(b12) 99.00 100.00 -- - 99.00 99.00
Class_12(bi3) 100.00 99.00 -- - 100.00 100.00
Class_13(bi4) 100.00  100.00 -- - 100.00 100.00
Class_14(b2)) 100.00  100.00 -- - 100.00 100.00
Class_15(bx) 100.00  100.00 -- -- 100.00 100.00
Class_16(b23) 100.00  100.00 -- -- 100.00 100.00
Class_17(b24) 100.00  100.00 -- -- 100.00 100.00
Class_18(bas) 100.00 99.00 -- -- 100.00 100.00
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Figure 5-12 illustrates the various loss functions and evaluation metrics that are crucial for
training and assessing object detection models. These include Generalized Intersection over
Union (GIoU), classification loss (CLS), L1 (Smooth L1) loss, precision, recall, mAP50, and
mAP50-95, as detailed in Section 5.3.4.1. These functions play vital roles in training the model,
particularly for complex tasks such as identifying objects in images and determining their
locations. Each function explicitly guides the learning process of the model. GloU improves
the accuracy of bounding box predictions. It provides a more informative and smoother
gradient during training, which helps the model to make better predictions for object locations.
CLS loss penalizes incorrect predictions of object classes within the detected bounding boxes.
It employs cross-entropy to measure the difference between the predicted class probabilities
and actual class labels. This loss helps the model detect objects and recognize specific types,
such as mobile or tower cranes. L1 loss indicates the accuracy of positive predictions.
Precision, recall, mAP50, and mAP50-95 evaluate the ability of the model to accurately
identify, localize, and classify objects across different thresholds and scenarios. By
incorporating these loss functions and evaluation metrics, the model can be effectively trained

and assessed for its performance in object detection tasks.
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Figure 5. 12: Loss functions.

5.6 Discussions

This section compares the proposed cascaded model against other state-of-the-art detection and
classification models for risk identification. The evaluation covered various aspects, including
computational complexity, accuracy, precision, reliability, and adaptability. By assessing these
critical metrics, we aimed to provide a comprehensive assessment of the effectiveness of our

model in relation to existing approaches in the field.

5.6.1 Object detection

The proposed cascaded model was compared with other leading object detection models under
consistent training and testing conditions to provide a fair evaluation. This included using the
same number of epochs, experimental setup, and datasets for training and validation. Table 5-
6 details the performance comparison between our cascaded transformer-based model and
notable models, such as YOLOv11, YOLOv10, YOLOvV9, YOLOvV8, YOLO-NAS, and DETR.
The results indicate that our cascaded model (RT-DETR-L) outperforms the other models in
several metrics, achieving a precision of 92.10%, recall of 93.80%, mAP50 of 96.80%, and
mAPS50-95 of 96.80%. For instance, compared with YOLOV9, which achieved a precision of
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87.60%, recall of 75.90%, mAP50 of 84.50%, and mAP50-95 of 67.50%, our cascaded model
showed improvements of 4.50% in precision, 17.90% in recall, 12.30% in mAP50, and 16.90%
in mAP50-95. These results are inspiring, given the model's performance on challenging low-
quality CCTV footage typical of construction sites. Although other state-of-the-art models may
perform adequately under standard conditions, they often face difficulties with object detection

in low-resolution images.

In contrast, the cascaded model maintains high accuracy across both standard and low-
resolution images. It also performs well when processing images from complex and dynamic
construction environments, with minimal performance degradation. This robust capability
across varying image qualities and environmental conditions underscores the adaptability and

effectiveness of the proposed model in real-world construction site scenarios.

Table 5. 6: Object detection comparison between the cascaded model and other models.

Model Precision Recall mAP50 mAP50-95
YOLOv11 85.50 74.10 83.30 66.20
YOLOv10 77.80 75.60 83.90 68.00
YOLOvV9 87.60 75.90 84.50 67.50
YOLOvVS 86.90 69.60 81.60 63.70
YOLO-NAS 79.95 64.03 75.07 58.60
DETR 86.29 74.76 83.23 66.49
Our model (RT-DETR-L) 92.10 93.80 96.80 96.80

5.6.2 Hierarchical classification

Table 5-7 compares a cascaded transformer-based model against other leading models, such as
ResNet34, DiNAT, YOLO-NAS, and DETR, specifically to classify crane operations into safe,
unsafe, near-miss, and incidents categories. The evaluation included several key performance
metrics: precision, recall, accuracy, and F1 score. The cascaded model demonstrated superior

performance, achieving a precision of 99.25%, recall of 99.25%, accuracy of 99.25%, and F1
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scores of 98.50%. For instance, compared to DiNAT, which also performed well, the precision
was 95.50%, recall was 95.30%, accuracy was 95.60%, and F1 score was 95.60%. The
cascaded model surpassed DINAT by 3.75% in precision, 3.95% in recall, 3.65% in accuracy,
and 2.90% in F1 score. This exceptional performance is attributed to the unique architecture of
the proposed model, which supports advanced hierarchical classification capabilities even in
low-quality images. The results highlight the effectiveness of the proposed model in accurately
distinguishing between safe, unsafe, near-miss, and incident crane operations, surpassing other

state-of-the-art methods in this crucial classification task.

Table 5. 7: Level-I safety status classification comparison.

Model Precision Recall Accuracy F1 Score
Resnet34 92.80 92.90 91.70 91.70
DiNAT 95.50 95.30 95.60 95.60
YOLO-NAS 93.60 93.70 92.40 92.40
DETR 93.10 93.20 91.90 91.90
Our model (DINOvV2) 99.25 99.25 99.25 98.50

Table 5-8 provides a comparison of the performance of the cascaded model with other advanced
models for classifying specific crane operation activities. The cascaded model achieved notable
results, including a precision of 99.58%, recall of 99.42%, accuracy 0f 99.47%, and an F1 score
of 99.47%. These results outperform the other models in all metrics. The effectiveness of the
cascaded model in differentiating between various specific activities is attributed to its multi-
layered approach. The ViT component, tailored for detailed action classification, complements
the accurate object detection capabilities of RT-DETR-L. This combination and the hierarchical

classification strategy facilitated the precise classification of activity types.

Table 5. 8: Level-II specific activity classification comparison.

Model Precision Recall Accuracy F1 Score

Resnet34 95.60 97.75 97.60 97.60
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DiNAT 95.40 95.04 94.70 94.70

YOLO-NAS 92.40 91.91 93.22 93.22
DETR 99.18 97.06 97.96 97.96
Our model (ViT) 99.58 99.42 99.47 99.47

5.6.3 Computational complexity

The analysis focused on the individual models and their integration within the complete
pipeline to evaluate the computational complexity of the cascaded transformer-based model.
This evaluation examines the distinct computational and memory requirements of each model,
which collectively affect the efficiency of the pipeline designed for detecting and classifying
unsafe crane operations in construction site environments. The assessment utilized various
metrics, including inference time, inference speed, resident set size (RSS), virtual memory size

(VMS), and Giga floating-point operations (GFLOPs).

The inference time represents the duration required to process a single instance through the
model, which is critical for applications that demand rapid data processing. This provided
insights into the responsiveness and speed of the computational framework. On the other hand,
inference speed indicates the number of outputs a model can produce per unit of time. Memory
utilization was gauged using the RSS and VMS, where RSS measures the amount of memory
a process occupies in RAM, excluding any swapped-out memory, and VMS accounts for the
total virtual memory allocated by the process, including both used physical memory and
swapped-out space. These metrics are vital for evaluating the scalability and memory efficiency
of the models, particularly when deployed in systems with constrained memory resources.
GFLOPs measure computational complexity by quantifying the billion floating-point
operations performed per second, directly assessing the processing power required and

enabling comparison of different components and configurations.
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Table 5-9 presents the computational characteristics of each model within the cascaded
pipeline. The SRGAN, tasked with resolution enhancement, exhibits the highest computational
demands, with a lengthy average inference time of 0.40 seconds and a high GFLOPs count of
686.57, reflecting its resource-intensive nature. In contrast, DINOv2, despite its advanced
multiscale processing capabilities, has a faster inference time of 0.06 seconds and consumes
less memory, as indicated by its RSS of 3.33 MB and VMS of 4.27 MB. RT-DETR-L and ViT
are notably efficient, with inference times of 0.13 seconds and 0.11 seconds, respectively. They
demonstrate lower resource utilization with minimal RSS and VMS and reduced GFLOPs,
suggesting they perform effectively even with limited computational resources while
maintaining rapid processing speeds. The integration of these models into a unified pipeline
results in a total inference time of 0.70 seconds, an inference speed of 1.43 seconds, an RSS of
439.29 MB, a VMS of 598.75 MB, and a high GFLOPs of 1000.41. The memory usage of the
cascaded pipeline, as shown by the RSS and VMS, indicates substantial system resource
requirements. However, this resource intensity is offset by the advanced capabilities of the

pipeline and its high performance in practical applications.

In conclusion, the cascaded model is a promising solution for detecting and classifying unsafe
crane operations in dynamic construction site environments. This integrated model
significantly improves crane safety standards by combining enhanced resolution, accurate

object detection, and detailed hierarchical classification.

Table 5. 9: Computational time comparison between the cascaded model and other models.

Model Inference time (s) Inference speed (s) RSS (MB) VMS (MB) GFLOPs
SRGAN 0.40 2.49 187.94 202.40 686.57
RT-DETR-L 0.13 7.69 244.20 388.51 264.78
DINOv2 0.06 16.67 3.33 4.27 28.04
ViT 0.11 9.09 3.82 3.57 21.02
Cascaded model ~ 0.70 1.43 439.29 598.75 1000.41
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5.7 Chapter Summary

This chapter introduces a novel cascaded learning approach for automated safety risk
assessment in crane operations within dynamic construction environments. It addresses the
inadequacies of conventional safety monitoring, which relies on error-prone and delayed
manual reporting. Integrating advanced computer vision techniques, the model combines four
components: Super-Resolution Generative Adversarial Network (SRGAN) for image
enhancement, Real-Time Detection Transformer-Large (RT-DETR-L) for crane detection,
DINOv2 for safety classification, and Vision Transformer (ViT) for detailed activity

classification.

The cascaded framework effectively processes low-resolution surveillance footage to deliver
high-precision safety insights. It identifies crane operations as safe, unsafe, near-miss incidents,
or incidents, and categorizes specific activities. Safety risks are assessed through confidence
levels, probability matrices, and severity ratings, with real-time warnings issued for high-risk
activities. The system operates with detection precision of 92.10%, safety status classification

accuracy of 99.25%, and specific activity classification accuracy of 99.47%.

A robust dataset of crane operations, including diverse scenarios of safe and unsafe activities,
underpins the model's training. Experimental results highlight significant improvements in
image quality (PSNR: 15.49 dB, SSIM: 0.87) and detection metrics (mAP50: 96.80%). The
cascaded model's performance surpasses existing methods in computational efficiency,

accuracy, and adaptability, achieving inference times of 0.70 seconds.

This study advances Smart Site Safety Systems (4S) by providing a comprehensive, scalable
solution for real-time hazard detection and mitigation. Its contributions lie in transforming
conventional safety protocols into proactive systems, optimizing construction safety

management, and laying the groundwork for integrating artificial intelligence in construction
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risk assessment. Future research will focus on extending this methodology to other construction

equipment and scenarios, addressing site-specific challenges, and enhancing system scalability.
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CHAPTER 06

CONCLUSIONS, LIMITATIONS, AND FUTURE WORKS

6.1 Conclusions

This thesis presents a comprehensive investigation into advanced solutions for enhancing the
safety, efficiency, and reliability of crane operations in construction environments. First, it
introduces an integrated computing system for occlusion-free and collision-free crane lift path
planning and replanning in dynamic environments. The system leverages a hybrid algorithm
combining A* and genetic algorithms (GA) alongside raycasting techniques to ensure efficient
pathfinding and real-time decision-making. The methodology significantly improves path
smoothness, computational efficiency, and scalability through asynchronous communication,
enhanced heuristic information, and optimized subproblem division. The physics-based
simulation platform further enhances practical applicability by providing 4D crane-lift
animations, aiding construction planners and operators in optimizing lift paths for safe project

delivery.

Second, the study addresses the risks associated with structural fatigue and aging-induced
deterioration in construction tower cranes through a digital twin-driven (DTD) framework.
This approach successfully predicts the degraded lifting capacities of aging cranes using real-
time load and deflection data, ensuring safety during lifting operations. The DTD framework
demonstrated exceptional accuracy, with MSE and R’ values of 0.2253 and 0.9973,
respectively, in predicting lifting capacities for scaled-down prototypes and actual cranes.
These findings highlight the potential of DTD approaches in improving safety, efficiency, and
real-time decision-making for aging cranes, significantly enhancing workplace monitoring and

operational safety.
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Lastly, the thesis proposes a cascaded transformer-based model for automated safety risk
assessment during crane operations. The model integrates advanced neural networks—
SRGAN, RT-DETR-L, DINOv2, and ViT—for high-resolution image processing, crane
detection, safety status classification, and activity recognition. The model achieves notable
performance, with detection precision of 92.10% and classification accuracies of 99.25% and
99.47% for safety statuses and activities, respectively. This robust system enhances real-time
safety monitoring and decision-making, advancing the Smart Site Safety System (SSSS) and

contributing significantly to safety management in dynamic construction settings.

6.2 Limitations

Despite the promising contributions of this thesis, several limitations exist that warrant
attention for future development. These limitations span across the three core components
presented: the integrated computing system, the digital twin-driven framework, and the

cascaded transformer-based safety risk assessment model.

The system demonstrates a high level of automation and computational efficiency through the
hybrid A*-GA algorithm. However, its practical implementation remains challenged by system
complexity. Designing a fully integrated solution that seamlessly connects sensing, decision-
making, and actuation modules requires substantial engineering effort. Currently, the system
partially depends on manual intervention, especially for initializing crane and obstacle
parameters. Furthermore, while the hybrid algorithm enhances planning performance, its
scalability and adaptability to various crane types (e.g., crawler, gantry, or mobile cranes) and
cross-industry applications (e.g., shipping, manufacturing, or mining) have not been fully
explored or validated in real-world deployments. The absence of real-time feedback loops and

adaptive behaviors further limits its responsiveness in rapidly changing site environments.
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This framework effectively simulates the degradation trends of aging tower cranes. However,
it is constrained by reliance on scaled-down physical prototypes, which may not capture the
mechanical and structural behavior of full-scale cranes. Key components such as the crane's
foundation, slewing unit, and climbing frame are excluded from current models, potentially
affecting the overall structural integrity and predictive accuracy. The integration between
virtual and physical systems remains semi-automated, requiring human effort to synchronize
data and states. Moreover, the lack of incorporation of real-world operational loads,
environmental stresses (e.g., wind, temperature), and usage histories into the digital twin limits

the generalizability of the simulation outcomes.

While the model performs well in controlled environments, its performance in complex, real-
world construction sites remains uncertain. The current framework relies on manually selected
frames for analysis, which introduces inefficiencies and potential biases. Additionally, the
model has been trained and tested on a limited range of equipment types and working
conditions, reducing its robustness across diverse construction scenarios. The system also lacks
integration with multimodal data sources—such as audio, thermal imaging, or vibration data—
which could enhance context-awareness and improve detection capabilities. Furthermore, the
absence of a real-time deployment mechanism limits the potential for proactive risk mitigation

on-site.

6.3 Future Works

In response to the identified limitations, it is recommended that future research explore the
following directions to further enhance the robustness, generalizability, and practical relevance

of the developed methodologies:

It is recommended that future research explore reducing the complexity of system integration

by developing modular, plug-and-play architectures with standardized communication
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protocols. Full automation should be pursued, including automatic detection and labeling of
obstacles and cranes from sensor inputs (e.g., LIDAR, RGB-D cameras). The inclusion of
project-specific constraints, such as site layout, lifting plans, and weather data, will improve
context sensitivity. Expanding the system's applicability to different types of cranes and
construction scenarios across various industries is essential for broader utility. Additionally,
incorporating adaptive learning algorithms and reinforcement learning techniques could allow
the system to dynamically respond to unanticipated environmental changes and optimize paths

in real time.

It is recommended that future research explore the development of full-scale digital twins by
incorporating comprehensive structural elements such as the crane base, slewing unit, climbing
frame, and counterweights to improve the realism of simulations. Automated bidirectional
communication between virtual and physical components using loT protocols and cloud-based
platforms should be established to facilitate real-time monitoring and control. The integration
of real operational data (e.qg., stress-strain measurements, fatigue cycles, and maintenance logs)
into predictive models will increase accuracy. Coupling these models with advanced finite
element simulations and machine learning algorithms may allow early warning of performance

degradation, thereby enabling condition-based maintenance strategies.

It is recommended that future research explore automating the selection and preprocessing of
input data using object detection and scene segmentation techniques to minimize manual effort.
The model should be expanded to handle a wider range of construction equipment (e.g.,
excavators, hoists, forklifts) and more complex environmental contexts (e.g., nighttime
operations, foggy weather). Integrating multimodal data streams—including audio cues
(alarms, worker communication), motion sensors, GPS data, and environmental sensors—can

significantly enhance situational awareness. Real-time deployment using edge-computing
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frameworks and closed-loop feedback mechanisms would support immediate hazard detection
and response. Finally, deploying this system in live construction projects and evaluating its
effectiveness in real-world operations would provide valuable insights into its practical

adoption and impact on safety performance.
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