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9  Highlights
10 e Adigital twin-driven (DTD) framework and model are developed for predicting degraded
11 lifting capacity (LC) of aging tower cranes.
12 e A DTD model predicted the degraded LC of a scaled-down prototype, achieving a mean-
13 square error (MSE) of 0.2253 and a coefficient of determination (R?) of 0.9973.

14 e A DTD model is validated using k-5 cross-validation with a prediction accuracy of 0.97
15 (R).

16 e Degraded load charts assist operators in placing safe loads and preventing unexpected
17 failures.

18  Abstract

19  Aging tower cranes face an elevated risk of failure, primarily due to structural fatigue and
20  deterioration. Surprisingly, the degradation of aging-induced lifting capacity (LC) remains an
21 unexplored domain. In response to this research gap, this paper introduces a digital twin-driven
22 (DTD) framework and model to predict the degraded LC of aging tower cranes. This
23 framework combines theoretical and numerical analysis of fatigue and degradation behavior in
24 tower cranes with real-time vibration data obtained during cyclic load scenarios on the actual
25  cranes. Machine learning (ML) techniques are employed to develop a model that accurately
26  predicts the degraded LC caused by aging. A scaled-down tower crane prototype is adopted as
27  ademonstrative case to illustrate the feasibility and effectiveness of the DTD framework. The
28  DTD model predicts the degraded LC of the prototype with high accuracy, achieving a mean-
29  square error (MSE) of 0.2253 and a coefficient of determination (R?) of 0.9973. The predicted
30 degraded load charts of the tested tower crane for each decade of usage from 0 to 70 years are
31  also presented to assist crane operators in applying safe loads, preventing unexpected failures
32 and damages, and enhancing workplace monitoring and safety. This study helps monitor the
33  safety conditions of tower cranes that are aging and susceptible to structural fatigue and
34  deterioration, facilitates the prediction of the deterioration of complex machines and systems
35 inthe construction industry with real-time data, and highlights the potential of DTD approaches
36 inimproving efficiency, safety, and decision-making.
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1. Introduction

Tower cranes are essential in modern construction projects, facilitating the lifting and
moving of hefty modules, equipment, and tools from lifting points to target locations on
construction sites [1]. 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) [2-8]. Such degradation can increase
the risk of accidents and jeopardize the safety of workers and nearby properties, resulting in
severe injuries or fatalities [9]. 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 [10].
Similar incidents have occurred worldwide, including a crane collapse that killed 18 people in
2016 in Dongguan, China [11], and another crane collapse that killed seven people and injured
dozens more in 2008 in New York City in the United States [12]. 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 (LMIs) [13-16], anti-two-
blocking (ATB) systems [17, 18], and crane cameras [19, 20]. LMIs measure the load on the
crane and provide a warning when the load is near or exceeds the crane's maximum LC [13].
Anti-two-block systems prevent the crane from collapsing by limiting its operation when the
hook block is too close to the boom tip [18]. Crane cameras monitor the crane's movement and
detect unsafe behavior by recording a visual perspective [20]. 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 LC, 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 LC 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 [21] to predict deterioration patterns [22]. Several
studies have used DDM to predict performance degradation in tower cranes [23]. However,
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. However, extensive experiments
are required for parameter identification, varying from case to case. Due to the complex nature
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of tower cranes, MBM may be less efficient. To overcome the limitations of DDM and MBM,
Liu et al. [24] 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 (HMI) [25]. The DTD approach has been widely
utilized across various studies for wvarious applications, including product design,
manufacturing, planning, maintenance, management, control, traceability, anomaly detection,
operational errors, and safety analysis [26-36]. For instance, in a study by Yang et al. [37], a
hybrid DTD approach was used to predict the performance degradation in the transmission unit
of CNC machines by incorporating damage indices with wear data from Achard wear theory.
Similarly, Tran et al. [23] predicted machine degradation by considering both the present
conditions of the machine and degradation indices based on a year of data. However, these
methods are time-consuming and primarily applicable only to those tools. Despite the extensive
use of DT in the degradation field, there is limited research exploring the potential of the DTD
approach in predicting the deterioration of complex machines and systems in the construction
industry using real-time data. Nevertheless, the mentioned examples from adjacent fields
highlight 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 degradation behavior with real-time vibration data obtained during cyclic load scenarios
on the physical tower crane. Machine learning (ML) 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.

This paper is structured as follows: Section 2 presents a comprehensive review of the
existing research and studies related to the topic; Section 3 presents a DTD framework for
monitoring machine deterioration, explicitly focusing on the theoretical background of DTD
approaches and numerical analysis of tower crane fatigue accumulation and degradation in LC,;
and Section 4 outlines the process of developing a DTD model for tower crane degradation
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prediction. In Section 5, a case study is conducted using a physical prototype of a tower crane
to evaluate the accuracy, efficiency, and applicability of the DTD model. Section 6 discusses
the findings of the study. Finally, Section 7 provides concluding remarks, limitations, and
directions for future research.

2. Literature review
2.1. Crane safety in construction projects

Construction sites are widely recognized as challenging environments due to the
simultaneous and complex nature of multiple hazardous activities. These activities involve the
movement of laborers, heavy machinery, and construction materials, thereby amplifying the
associated risks [38]. Cranes, being a crucial piece of equipment in construction, not only play
a significant role but also pose substantial health and safety concerns for their operators.

Previous research has focused on understanding the causes of injuries and fatalities related
to various crane activities, including layout planning, installation/dismantling, erection, and
operations. These studies aimed to identify the key factors contributing to crane accidents. For
instance, Sulankivi et al. [39] investigated safety issues in crane layout planning, whereas Shin
[40] identified the primary factors influencing crane safety during installation and dismantling
processes. Chang et al. [41] used 3D simulation and visualization techniques to improve safety
during crane erection. Sadeghi et al. [42] developed a framework for ensemble risk analysis to
enhance the safety of crane operations. Shapira et al. [43] identified 20 factors associated with
crane safety, including project conditions, environmental factors, human factors, and safety
management. Finally, Lee et al. [9] found that most crane accidents occur because of human
error and crane-related issues. Crane-related problems include structural fatigue, wear and tear,
stress, strain, cracks, corrosion, deterioration, and the risk of structural collapse. These issues
arise from exposure to cyclic and varying loads, challenging working conditions, and
inadequate operation and maintenance practices. As a result, the LC of the cranes decreased
over time. Research studies are essential to identify and quantify the degradation of LC caused
by the aging of these cranes.

2.2. 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 critical components of the crane to investigate specific
failure mechanisms. For instance, Vukelic et al. [44] investigated the failure mechanism of
crane gear damage, while Guerra-Fuentes et al. [45] studied the failure analysis of steel wire
ropes in overhead crane systems. Das et al. [7] reviewed the failure analysis of hooks, and Wu
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et al. [46] 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.

2.3. 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.

For example, Tran et al. [23] 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. [22] introduced a hybrid data-driven fuzzy active
disturbance rejection control system for tower cranes. Similarly, Liu et al. [24] 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.

2.4. 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
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technology to address various machine performance degradation problems. For instance,
Deebak et al. [26] used the DTD method for fault diagnosis in machining tool conditions. In
contrast, Zhu et al. [32] used it to control the machining process for thin-walled part
manufacturing. Zhang et al. [47] utilized DTD for surface roughness prediction, and Liu et al.
[29] employed it for traceability and dynamic control of machine processes. Zhuang et al. [48]
utilized DTD to predict wear in the turning process of machines. Jiang et al. [25] focused on
the stability analysis of the tower crane hoisting process by examining stress conditions during
various hoisting scenarios. Finally, Yang et al. [37] 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.

3. Methodology
3.1. A 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,
such as tower cranes. A DTD framework is formulated based on the mapping between physical
and virtual machines, as illustrated in Fig. 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 [49-51]. Machine degradation is predicted by mapping or fusing the DTD components
using DT data.
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Fig. 1. A digital twin-driven framework for predicting degradation in machines.
3.1.1. Physical space

The physical space module encompasses all the physical activities, operational processes,
and work environments contributing to degradation monitoring [25]. To enhance the accuracy
and effectiveness of the DTD model, it is crucial to collect data related to element
compositions, dynamics, failure mechanisms, and deterioration factors [31]. This requires the
installation of sensors and transducers with networking capabilities (such as Wi-Fi or Ethernet)
on the physical machine to collect real-time, multi-source, and heterogeneous data. The
physical machine may also have a built-in data logging system that records usage information
[52]. Section 4.1 will provide a detailed explanation of the various types of additional data
required to improve the quality of the DTD model, including static data (SD), specification
data (Sp-D), historical data (HD), environmental data (ED), and comprehensive data (CD).
Once the necessary data from both the physical and virtual space is collected and a two-way
connection is established, decisions can be made, and feedback can be provided for machine
monitoring, control, safety, and improvement. The physical space module represents the
environment in which the tower crane operates, encompassing the crane structure, components,
and relevant sensors for data collection. The significance of this module is highlighted in its
role in capturing real-time operational data and physical conditions.

3.1.2. Virtual space

For a DTD approach, it is essential to have a CAD model or virtual representation that
accurately captures the machine’s features, geometry, materials, behaviors, physics, rules,
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functions, and environment [53, 54]. The level of detail (LOD) of the virtual model may vary
depending on the specific case and desired data fidelity [47, 55]. With high data fidelity from
the physical space, the static virtual body comes to life, reflecting the element composition,
dynamics, and real-time status of the physical machine in the virtual environment. Its primary
purpose is to provide a realistic description and dynamic simulation of physical entities and
processes across multiple dimensions and time scales [25]. The virtual body offers an open
interface for data-driven modeling (DDM), optimization, and the ability to predict the current
status and remaining useful life (RUL) of the physical machine [52]. In this module, digital
twin technology is employed to create a virtual replica of the tower crane. The significance of
this module has been clarified, emphasizing its role as a digital representation of the physical
crane. This representation allows for the simulation and analysis of the crane’s behavior under
various operating conditions.

3.1.3. loT-based connection

In accordance with ISO/OSI communication standards, the communication system for the
DTD model can be implemented using either wired or wireless technologies [56]. To establish
real-time data transfer and parsing, an loT-based connection is utilized. This connection serves
as a crucial link that facilitates two-way communication between physical and virtual spaces.
It ensures that all components of the DTD model are integrated and appropriately mapped to
detect and respond to real-time changes in the physical space, as well as to receive feedback
from the control system [28, 57]. Additionally, this module ensures secure connection and data
transmission between the physical machine and the virtual machine in both directions. Its
significance lies in establishing connectivity between the physical and virtual spaces, thereby
enabling seamless data flow and real-time synchronization between the physical tower crane
and its digital twin.

3.1.4. Real-time digital twin database

Real-time data from the digital twin is utilized to integrate the multi-dimensional and multi-
scale virtual simulation model with the physical model and control system. Data serves as the
foundational concept of the DTD model, enabling the virtual model to execute operations and
make informed decisions. This module is crucial in interpreting, classifying, storing, pre-
processing, maintaining, and testing data [26]. This module is responsible for storing and
managing the data collected from both the physical crane and its digital twin. The module’s
significance has been detailed, highlighting its role in storing historical data, enabling
comparison and analysis, and supporting predictive maintenance decision-making. The DTD
model can effectively access and utilize the collected data for various tasks and processes by
leveraging this module.

3.1.5. Control system

The control system within the DTD model plays a vital role in regulating and predicting
degradation based on real-time data from the digital twin. It represents the hybrid mode and
serves as the most fundamental phase of the DTD model. The control system is responsible for
analyzing, visualizing, making decisions, and providing feedback for improvement [47]. It
consists of two main components: (1) data pre-processing and (2) a functional module. The

8



292
293
294
295
296
297
298
299
300
301
302
303

304

305
306
307
308
309
310
311

312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333

data pre-processing component is primarily responsible for tasks such as online monitoring,
de-noising, calibration, normalization, analysis, statistics, and evaluation of raw and real-time
data collected from both physical and virtual spaces [31]. This module also includes feature
recognition and selection, which is crucial in identifying degradation factors [58]. The
functional module incorporates both prediction and visual display capabilities [52]. The
predicted results are utilized for decision-making and improvement of the physical machine
through feedback. Operators or decision-making teams can directly implement optimization
and adjustment plans based on the insights provided. The control system module forms the core
of the DTD framework. The crucial role of this module has been clarified by explaining that it
integrates data from the physical and virtual spaces, performs real-time monitoring and
analysis, and enables decision-making and feedback loops for proactive maintenance and
performance optimization.

3.2. Fatigue behavior and deterioration in cranes

Tower cranes are considered to be structures prone to fatigue and are at risk of collapsing
during operation [24, 59]. In terms of fatigue behavior, tower cranes are classified as high-
cycle and super-high-cycle fatigue structures based on the S-N curve, also known as the fatigue
curve or Wohler curve [60]. The fatigue curve represents the relationship between the cyclic
stress amplitude and the number of cycles until failure. To analyze fatigue behavior in tower
cranes, various approaches can be employed, including stress-life, strain-life, non-destructive,
fracture mechanics, and damage mechanics.

The stress-life approach involves plotting stress against the number of cycles until failure
[61]. However, this approach requires extensive experimental data, and a single stress-life plot
has limitations when it comes to predicting plasticity, deformation, and mean stress. Similarly,
the strain-life method entails plotting strain against the number of cycles until failure [62]. This
approach requires the stress-strain curve and consideration of plasticity nucleation to determine
the transition life between plastic and elastic regions under fatigue loading. Therefore, it is
mainly applicable when determining the crack initiation life of the crane structure. Non-
destructive techniques can be used to study fatigue by measuring and analyzing inherent
properties such as cracks, strength reduction, and stiffness degradation [63]. However, this
method necessitates a comprehensive understanding of the relevant parameters and can be
challenging to cover all aspects [24]. In fracture mechanics, the focus is on pre-existing flaws
and micro-cracks in the structure [64]. The degradation rate is determined using a crack growth
law and stress intensity factor as a function of crack depth, shape factor, and stress range.
However, our study doesn't consider crane sections with pre-existing defects. Finally, damage
mechanics use appropriate assessment models, laws, and patterns to characterize damages,
residual stresses, and strain localization [60, 64-66]. Damage mechanics is a suitable approach
for addressing tower crane degradation as it encompasses critical factors that directly and
indirectly influence crane degradation. For example, micro-plastic strain is often overlooked in
low-cycle fatigue problems, but it must be considered in the case of high-cycle or super-high-
cycle fatigue damage within the elastic range, as is the case with tower cranes. Macro-plastic
strain can result from such scenarios, leading to structural deterioration under long-term
operational loading.
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While steel structures can have an infinite design life if the stress range is low, tower cranes
are prone to fatigue due to the cyclic and varied stress amplitudes experienced by their
components during operation. For instance, when a tower crane lifts a heavy load at full stretch
and lifting radius, it experiences a higher stress range. Additionally, the loads exerted on the
crane are cyclic and have varying amplitudes. As a result, elastic deformation occurs in the
crane structure, generating stress and accumulating residual stresses over time. When the
residual stresses reach a critical threshold, cracks form, posing a collapse risk for the crane.
Therefore, measuring the loads and the associated deflection, deformation, and vibration of the
physical tower crane is crucial to predicting degradation accurately.

3.2.1. Fatigue damage accumulation analysis for cranes

There are two main approaches for evaluating fatigue damage: (1) constant amplitude
fatigue loading and (2) variable amplitude fatigue loading. In the case of a tower crane, the
loads it experiences are stochastic and cyclic, causing fatigue damage accumulation to vary
with each loading cycle. As a result, the traditional linear cumulative damage criterion is not
applicable in the context of tower cranes [67]. Instead, non-linear and double-linear damage
rules are used to account for variable amplitude loads [68].

During the progression of variable amplitude fatigue loading, the tower crane structure
undergoes irreversible deformations and accumulates residual stresses. These factors
contribute to the initiation and propagation of cracks within the structure. The presence of
residual stresses causes cracks to propagate along a particular plane once initiated. These
irreversible local deformations and crack propagation significantly impact the overall stability
and reliability of the tower crane.

Various parameters can be employed to analyze the damage occurring in the tower crane
structure, including total strain, residual stress, stiffness degradation, strength degradation, heat
dissipation resulting from micro-cracking, crack propagation, and the speed of sound. In our
study, we simulate the mechanical response of the crane structure by considering stress,
displacement, and damage index while applying a moving load with variable amplitude.

Existing literature [24, 46, 60, 64—71] indicates that the damage rate in the tower crane is
influenced by multiple variables, as expressed in Eq. (1). These variables are used to determine
the damage rate of the tower crane structure.

dD = f(oy, 5, D, Ac)dN (1)

where dD is the damage rate, o, 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.

3.2.2. Finite-element analysis for degradation index and degradation rate

To assess the accumulation of fatigue damage in the crane structure over a 70-year
operational period, we follow the procedure outlined in Fig. 2. While the estimated life
expectancy of a tower crane is typically 50-60 years [46, 72], we have chosen to extend the
analysis to 70 years in order to enhance the quality and accuracy of the DTD model.
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First, we developed a finite element model (FEM) that incorporates the geometric
specifications and material properties of the tower crane. This FEM model allows us to analyze
the structural performance of the crane under working conditions over a 70-year period.
Subsequently, we apply moving loads with variable amplitude to the crane cyclically,
considering the material’s damage accumulation behavior. This approach allows us to simulate
the mechanical response of the crane, including stress, displacement, and damage index.

Fig. 3 provides an example of the damage index contours for a simulated tower crane after
10, 20, 30, 40, 50, 60, and 70 years of operations. A damage index value of zero indicates no
damage to the crane, While one suggests complete fatigue-induced damage to the crane model.
In this context, the degradation rate (dD) is determined by subtracting the damage index from
one, as indicated in Eq. (2).

dD =1-dl
()

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

Build geometric model I » Apply variable amplitude load

y l: y

Define material property i | : Conduct moving mass simulation

2 |: Y

Select damage accumulation law | Update damage index field output
R ' :

| N . : '
i . iQuasi-static Analysis § ]

Calculate life-cycle deterioration index/degradation rate for the lifting capacity of a tower crane [«

Fig. 2. Numerical procedure for a tower crane's fatigue damage accumulation modeling.
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Fig. 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.

3.3. Data incorporation for degradation

In previous studies, Yang et al. [37] and Tran et al. [23] employed a hybrid model (DDM
and MBM) that fused damage indices with real-time sensory data to predict machinery
performance degradation. In our proposed DTD model, cumulative residual stress values are
integrated as “damage indices” to assess the degradation of tower cranes under cyclic loads
over operational periods of 10 to 70 years. These damage indices were derived from virtual
simulations of tower crane behavior and seamlessly merged with real-time sensory data,
including crane vibrations and load information. The combined dataset is securely stored in a
real-time database, such as Firebase, facilitating continuous analysis and monitoring in real-
time; stepwise details are included in Section 4.

Following data storage, the DTD model incorporates a pre-processing module that conducts
temporal analysis of the sensory data, encompassing time- and frequency-domain techniques
to extract relevant features capturing load-induced degradation in tower cranes. These features
precisely depict the relationships between load, deflection, and fatigue damage resulting from
cyclic loading. As the damage indices cover various aspects of the applied loads and their
corresponding deflections, ongoing data analysis uses stress-strain or load-deflection methods,
as outlined in Section 5. This involves a comparison of the stress concentrations resulting from
the loading cycles to those associated with structural failure. This evaluation allowed the DTD
model to train and test a machine learning (ML) model using labeled data. It establishes
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associations between sensory measurements (e.g., load magnitude, deflections, stress levels,
and cycle counts) and their corresponding damage indicators, indicating repetitive damage.

To ensure the reliability and accuracy of our predictive methodology, rigorous simulations
and real-world testing scenarios are conducted to validate its effectiveness. Detailed
discussions regarding the reliability and precision of our predictive approach can be found in
Sections 4 and 5.

4. A digital twin-driven model for degradation in cranes

This study aims to develop a DTD model for predicting degradation in LC of aging tower
cranes, enabling intelligent decision-making, and providing feedback for the lifting operation.
As illustrated in Fig. 4, a DTD model consists of five components described in Section 3.1.
These components are integrated through the use of DT data. Multi-source, heterogeneous, and
real-time data are collected from a scaled-down prototype of a tower crane. This data is then
stored in the Firebase real-time database, serving as the foundation for prediction and decision-
making within the operational

system. The control system includes pre-processing and functional modules that utilize the
collected data for analysis and decision-making. The outcomes and insights generated by the
DTD model are fed back to the physical tower crane, improving its performance and
monitoring system. Additionally, the control system analyzes and visualizes the collected data,
providing operators, decision-makers, and management teams with valuable information for
monitoring degradation in tower cranes. In summary, the proposed DTD model facilitates the
interaction and fusion of its components to effectively monitor degradation in tower cranes,
enabling intelligent decision-making and feedback mechanisms for the lifting operation
process.
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Fig. 4. A digital twin-driven model for predicting degradation in LC of aging tower cranes.
4.1. Physical tower crane

Tower cranes are tall structures commonly used in construction sites to lift heavy objects
from the lifting position to target locations. Over time, these cranes experience degradation due
to accumulating residual stresses caused by high-cycle and variable amplitude fatigue loads.
Researchers, such as Jiang et al. [25], have explored two main areas of study to examine the
structural mechanisms of tower cranes: (1) modeling and simulation and (2) scale models.

Modeling and simulation techniques, particularly the finite element method (FEM), have
proven to be highly effective in analyzing the internal mechanism, dynamics, and structural
behavior of tower cranes [46]. These approaches focus on critical aspects, design optimization,
and safety risk performance. On the other hand, the scale model provides another avenue for
studying the structural analysis and failure mechanism of tower cranes. Unlike numerical
models, physical scale models allow for experimental testing of the crane’s operation and
control process. This enables easier detection of errors and deviations under various working
conditions. He et al. [52] suggested that integrated modeling, simulation, and scale models can
improve the structural analysis of tower cranes, predict failure modes, dynamic analysis, and
operation processes. This previous research serves as the basis for the proposed DTD model,
which employs integrated modeling, simulation, and scale modeling techniques in this study.

The scale model substitutes the large-size tower crane (STL420) structure. The construction
of the scale model is based on the principle of similarity, as indicated in Eq. (3). The scale
model contains the geometric attributes of all components, detailed in Table 1. The dimensions
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of each part of the large-size tower crane are utilized to construct the corresponding scale-down
components, as illustrated in Fig. 5. While the large-size tower crane is built using stainless
steel, the scale model tower crane is fabricated using plastic materials. However, it is essential
to note that the DTD model is developed based on the scale model. Consequently, during the
FEM modeling process, the materials used for the scale model are defined as plastic. However,
if one intends to apply our approach to a real crane, it is crucial to carefully consider the actual
material and geometric properties. These factors play a pivotal role in addressing degradation-
related issues effectively.

_ L _Ws  H

§ == __2_
9 Lp Wp Hg 3)

where Sgq 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.

Table 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) 1.089e+7 (gram) 1/21,772.4
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Fig. 5. Scale model of the tower crane and its components and dimensions.
4.1.1. Fundamental data from the physical tower crane

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 Fig. 6, the tower crane generates
multi-source heterogeneous data classified into six categories based on their type and nature:
static, dynamic, specification, historical, environmental, and comprehensive data. Static data
(SD) is 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) refers 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. Please
note that we have developed a DTD model that utilizes real-time sensor data (DD data) and
incorporates other data types in specific tasks. This integration enhances the quality and
accuracy of assessing the degradation of tower cranes.
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Fig. 6. Fundamental data for the DTD model and degradation.
4.2. Virtual tower crane

The virtual model of the tower crane serves as a simulation platform for analyzing its
structure and operations. It accurately replicates the lifting operations of the actual crane,
considering factors such as deterioration over time. The ABAQUS software is utilized to create
a FEM model of the tower crane, enabling effective numerical simulations to determine the
capacity of its structural components in terms of load and deflection. The analysis takes into
account the working conditions of a scaled-down model, considering static, dynamic, and
moving mass on the crane. All factors relevant to the lifting operations and degradation are
incorporated as real-time external data in the virtual model.

The tower crane is connected to its foundation through a baseplate and anchor bolts, which
bear the bending moment and restrict movement in four nodal points and six degrees of
freedom (DOF). The connection between the mast and jib section is assumed to be rigid, while
the junction between the mast, tower cap, and pivoting support is consolidated. The jib and
counter jib are hinged to the mast. Finite element analysis (FEA) is performed using various
loads, including dead, service, wind, and concentrated loads. This analysis helps determine the
LC of the tower crane by examining a force/deflection or stress/strain curve. Additionally, a
fatigue damage accumulation analysis is conducted to assess the rate of damage and
degradation over a 70-year period. The ABAQUS software stores all relevant information
about the lifting operation, including component geometry, mechanical data, operational
process, and environmental conditions. Finally, the degradation rate is integrated and used in
conjunction with real-time sensor data in the control system of the DTD model to predict
degradation in the LC of a tower crane, as explained in Section 3.3.

4.3. 1oT-based connection and dataflow

The Internet of Things (10T) system monitors the real-time status of a physical tower crane.
In the DTD model, the 10T plays a crucial role as both a source of real-time data and a source
of mechanism for transferring that data. As depicted in Fig. 7, this system is organized into five
layers: the object, sensing, communication, data management, and application.

The object layer consists of a scaled-down prototype of the tower crane, which generates
real-time data through sensors, as discussed in Section 4.1.1. The sensing layer incorporates
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various sensors such as vibration, deformation, deflection, and load cell sensors. These sensors
are primarily used for data acquisition and control via different interfaces, such as OPC-UA.
The communication layer collects and transfers all types of data using serial port converters
and communication modules. It facilitates the seamless flow of data within the 10T system. The
data management layer includes a database that stores and integrates essential data translated
into different formats. This layer supports functions like perception, knowledge, and algorithms
to assist the application layer. Finally, the application layer is the fundamental component of
the 1oT system. It allows communications between the OPC interface and the server. This layer
is for cleaning, association, mining, fusion, and analysis across all subsystems.

#includeSoftwareSerial.h> #if defined(ESP8266)
DFRobot_HX711_12C_MyScale(&wire) fbdo.setBSSLBufferSize(2048, 2048);
SoftwareSerial s(3,2);
Weight = MyScale.readweight(); #endif
#define VIBPin A0 fbdo.setResponseSize(2048);
Int vibs = analogRead(VIBPin); 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.RT DB setFloat(&fbdo, “LOAD_CELL/vibrations™ , vebl); delay(10);
N
Object layer | | Sensing layer | |Communication Iayer| |Data management Iayer| |App|ication layer
V|brat!on/ p - 3 Real-time
defl ecthn/ I Slgn'al P database
deformation o reading b
Tower crane N sensors I N b 3 Data
(Prototype) = = = = processing
P F HE H i;ore datda i and analysis
i ] . : es an
Load cell Lo Signal p
Do 9 fused them
sensors F resolver
HE together
.............. ?
Feedback / \
| PinMode(VIBPin, INPUT); A
Web display Serial.begin(9600); i FEM
WiFi.begin(WIF1_SSD, WIFI_PASSWORD); (Virtual tower crane)
A Serial.print(connecting to Wi-Fi”); |
While (WiFi.status() '=WL_CONNECTED Data interface
|

Fig. 7. 10T system and dataflow.
4.4. Real-time digital twin database

To effectively extract critical features related to LC degradation, advanced data conversion
technology is necessary. This technology enables the integration and manipulation of sensor
data, fundamental data, and simulation data. The diverse nature of LC degradation necessitates
using multiple data formats and sources, each with its unique characteristics.

To address these challenges, a Firebase real-time database is employed. This database
encompasses all aspects of LC deterioration, providing a comprehensive solution. By
leveraging the capabilities of Firebase, the system can handle the complexities arising from
various factors influencing LC degradation and the heterogeneous nature of the data involved.

4.5. 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

18



543
544
545
546
547
548

549
550
551
552
553
554
555
556
557
558
559
560
561
562
563

564
565
566
567
568
569
570
571
572
573

574

575
576
577
578
579
580
581
582
583

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.

The pre-processing module handles data monitoring, analysis, and evaluation for LC
prediction. Sensor signals typically contain noise, which can adversely affect the accuracy of
LC prediction. Appropriate de-noising methods are commonly employed to mitigate this issue
and enhance the precision of the predictions. However, in the context of this study, unique de-
noising methods were not utilized as they were not directly relevant to the Firebase database.
Instead, we employed two different steps to denoise the raw data. 1) We utilized a
communication protocol or interface, such as a Universal Asynchronous Receiver/Transmitter
(UART), to transfer data from ESP8266 to an Arduino. This step helped in reducing noise
during the data transfer process. 2) We applied the Power Exponential Denoising (PED)
method specifically for the load cell. This technique effectively reduced the noise present in
the load cell data, further enhancing the accuracy of the predictions. Moreover, data
normalization is performed within this module. A feature recognition technique such as time-
domain is applied to extract information from the signals. Subsequently, a features selection
method is utilized to identify the most relevant features. The dataset is then divided into training
and testing datasets for further processing.

In the functional module, important features influencing the LC of the tower crane are
selected. Real-time sensor data is utilized by the DTD technique to assess the current condition
of the lifting operation. However, real-time data alone cannot predict the degradation rate of
LC or how quickly the LC decreases over time. To address this limitation, FEA is conducted
to evaluate fatigue damage accumulation and degradation. The degradation rate obtained from
FEA is incorporated and manipulated in the database, as described in Section 3. An appropriate
machine learning (ML) model is employed to accurately predict degradation in the LC of the
tower crane. The high-precision findings are then fed back to the physical tower crane,
minimizing unexpected failures and damages while enhancing monitoring capabilities and the
overall safety of the lifting operation.

5. Case study

In this study, we utilized a scaled-down prototype of the “STL420” tower crane to evaluate
the accuracy, effectiveness, and applicability of the proposed DTD model. Although the
prototype has some flaws, none of them hinder our research objectives. For instance, the shape
of the foundation/baseplate differs from the actual crane, but the bending moment is restrained
to four nodes and six DOFs, mirroring real cranes. Furthermore, the prototype's mast consists
of only two sections, whereas the mast of the actual crane has more sections, varying in height.
However, this discrepancy does not impact our model since we do not consider critical
components or joint failures in the degradation analysis. Finally, although the slewing unit and
climbing frame differ in shape, their functions remain identical.
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5.1. Physical hardware setup

The scaled-down prototype is equipped with two direct-current (DC) motors that enable
horizontal rotation in both clockwise and counter-clockwise directions, trolley movement
inward and outward, as well as loading and unloading operations through a remote control.
Additionally, as shown in Fig. 8, two sensors, namely a load cell and a piezoelectric sensor,
are installed on the prototype to measure the load and deflection. The piezoelectric sensor is
positioned at the end of the jib where deflection is higher, while the load cell is mounted
beneath 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 enables
bidirectional communication between the physical and virtual cranes.

Arduino Uno

Hardware setup

Fig. 8. Physical hardware setup.
5.2. DTD model experimental platform

The main objective of the experimental platform is to conduct lifting operations. A scaled
model was constructed to achieve this, and lifting operations were carried out to generate and
collect data. In order to measure loads and deflection, a load cell and piezoelectric sensors were
installed. Additionally, the actual crane provided three load charts corresponding to
counterweights of 12, 18, and 24 tons, along with four jibs of lengths of 30m, 40m, 50m, and
60m attached to the mast. Following the principle of similarity, we utilized a scaled model with
a 60-meter jib and 24 tons of counterweights. The load chart for the actual crane is presented
in Table 2. Applying the scale factor, the load chart for the scaled-down tower crane is shown
in Table 3.
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Fig. 9 illustrates the scale model used, which features a jib length of 60 cm and a trolley
movement limited to a range of 15 cm to 50 cm. To determine the loads for different lifting
radii, we applied scaled-down factors and marked the corresponding radii on the jib using a
black marker, as shown in Fig. 8. Each marked lifting radius was then assigned a calculated
load. For each point load, three operations were performed to measure load and deflection: (1)
loading and unloading, (2) clockwise and counterclockwise rotation, and (3) rotation while
loading and unloading. Each point load experiment lasted 10 minutes, during which we
completed all three operations. Three tests were conducted for each point load, and the results
were averaged. This generated a dataset consisting of 54 experiments conducted at 18 different
locations. Simultaneously, the virtual environment simulated the hoisting process. The load
values calculated from Table 3 were used to establish the relationship between stress/strain or
load/deflection. As discussed in Section 3, residual stresses accumulate when loads are applied
cyclically over several years, leading to degradation. Therefore, we calculated seven
degradation indices for each load, representing 10, 20, 30, 40, 50, 60, and 70 years. Finally, the
degradation rates obtained from the degradation indices were combined and manipulated to
real-time sensor data to predict the degradation in LC of the tower crane; a detailed process
was explained in Section 3.3.

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

Jib LCwm Lifting radius (m)
(;n = 20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
12 120 120 120 118 109 102 6.6 59 53 49

60 0 0 0 4 9 3 956 898 845 799 757 8 7 8 0
50 18 180 180 172 158 147 137 128 120 113 107 101 89 80

0 0 6 9 2 0 1 2 3 0 4 5 0
40 24 226 205 187 172 159 147 137 128 121 114 108

6 2 4 3 4 3 5 9 2 3 5
30 24 232 210 192 177 163 152

9 9 5 0 6 5

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

Jib  LCwm Lifting radius (cm)
:ﬁ) (;X) 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 7 1 1
50 750 750. 750. 719. 662. 613. 570. 533. 500. 472. 445 422. 372. 333
0 0 1 0 3 8 7 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 7 9 0 0 2 0
30 100 970. 878. 802. 737. 68l. 635.
0 4 7 0 5 6 4
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Fig. 9. Experimental platform for the lifting operations.
5.3. Data collection

Fig. 10 illustrates the connection of the load cell and piezoelectric sensors to the analog
input pins of an Arduino Uno for data collection and pre-processing. Initially, the raw data is
measured as a voltage ranging from 0 to 5 volts at a frequency of 250 hertz. To convert the raw
data into integer values between 0 and 1023, a 10-bit HX711 ADC is employed. Subsequently,
the load and deformation/deflection data undergo a smoothing process, where an average of 20
measurements is taken for three different weights (100g, 200g, and 300g) to enhance data
accuracy and calibrate the measurements. Finally, the smoothed data is multiplied by a
predetermined conversion factor to obtain measurements for load (in grams) and
deflection/deformation (in millimeters).

Additionally, the data collection module encompasses SD, Sp-D, HD, ED, and CD at
various stages of the DTD model. For example, when modeling a virtual tower crane, geometric
and material properties are taken into account. In the case of HD, a diagnosis report is examined
to assess the precision and accuracy of deterioration, considering the impact of repair and
replacement procedures on degradation. Furthermore, environmental conditions such as wind
load, temperature, humidity, and others are considered during finite-element (FEA) and fatigue
damage accumulation analyses.
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Fig. 10. A circuit diagram or 10T system for data collection.
5.4. Data transmission to the cloud

The Arduino communicates the load and vibration/deflection/deformation data to an
ESP8266 module through a serial port. The transmission via serial takes approximately 37
milliseconds, as determined through measurements. To optimize the usage of transmission
bandwidth, the average measurements are programmed to be sent every second. This ensures
reliable data transmission between the sensors and the cloud gateway. When an average
measurement is obtained, the cloud gateway converts the values into JSON format and includes
a timestamp.

5.5.FE analysis or simulation environment

The objective of simulation within a DTD model is to replicate a specific process or
operation within a virtual environment. ABAQUS software is utilized to construct a finite-
element model (FEM) for this purpose. As shown in Fig. 11, a non-linear static analysis is
conducted on a crane structure, considering both material and geometric nonlinearity.
Variations in boundary conditions, particularly for the boom structure, are also taken into
account. The load combination comprises a dead, wind, and lifting load. The equivalent static
load is determined by multiplying the static load by a dynamic load coefficient. In the virtual
environment, the yield and ultimate strength of the crane material are considered. While the
data exhibit a similar pattern, the magnitudes may differ. The crane structure undergoes
vibration/deflection when subjected to cyclic loading. Prolonged exposure to such loading and
vibration leads to degraded capacity due to the accumulation of residual stresses. We aim to
quantify and incorporate the degradation rate into real-time data, thereby reducing the
magnitude and aligning the real-time sensor data with the simulation data.
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Fig. 11. Non-linear static analysis of the tower crane.
5.6. Control system and synchronization

The ESP8266 devices manage the cloud gateway and the control module, which are
connected to the cloud database. Real-time data synchronization is achieved through the use of
WebSockets, enabling communication between physical and virtual cranes in both directions.
The Firebase real-time database stores sensor data and control codes in this study. The cloud
gateway transmits structured data to the real-time database every second. To facilitate
backward testing and analysis, each simulated value is stored in the historical database. The
JSON objects consist of six layers of nodes, which is advantageous for training machine
learning (ML) modules due to variations in sensor data features across operational nodes.
Consequently, a machine learning-based classification engine can effectively utilize this
historical data.

5.6.1. Historical data hosting and computation engine

While establishing a direct relationship between load, deflection, degradation rate, and LC
poses challenges, a machine learning-based classification engine can effectively utilize
historical data. The training and testing process relies on data collected during the idle state,
ensuring that operation only commences under safe conditions. Initially, the sensory data is
pre-processed by grouping values into 10-second intervals. For each sensor, a rolling standard
deviation is calculated to generate additional features for ML. The most recent timestamp is
used for the aggregated data, and the state with the highest count is considered the congregated
state. Delta time is disregarded as it does not contribute to the learning engine. A one-class
categorization method based on similarity is implemented, utilizing a support vector machine
(SVM) model. The model learns the characteristics of typical scenarios and predicts whether
incoming input deviates from these specific occurrences. Finally, the dataset is validated by
analyzing the model's accuracy using k-fold cross-validation. To simplify matters, a control
system is divided into two modules: pre-processing and functional.

5.6.2. Preprocessing module
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The pre-processing module monitors, analyzes, and evaluates real-time data related to the
lifting operation. The raw or sensory data contains crucial information that influences the LC.
Feature recognition techniques, such as time-domain, are employed to extract the relevant
features from the signal. Key features for the LC, including Load (g), deflection (mm), boom
length (cm), lifting radius (cm), counterweight (g), and degradation rate, are determined as the
primary factors. While considering all parameters that affect degradation and LC is
challenging, incorporating optimal parameters can enhance prediction accuracy, as noted by
Roysson et al. [73]. The random forest (RF) model is employed to select the features after
feature recognition. RF combines the CART tree and random subspace, where a CART tree
consists of decision nodes, leaf nodes, and root nodes. Each tree is constructed using the
independent random sample approach. The bagging or bootstrap technique creates subsets, and
a random subset of feature attributes is chosen based on a specific criterion. RF generally
outperforms single decision trees due to the voting-based selection of outcomes from multiple
trees. In this study, the essential features are selected using different n-estimator
hyperparameters, namely 100, 250, 500, 750, and 1000. The dataset is divided into 70%
training and 30% testing sets. The importance values for the Load (g), deflection (mm), boom
length (cm), lifting radius (cm), counterweight (g), and degradation rate are 0.37, 0.34, 0.13,
0.14, 0.0, and 0.2, respectively. In this case, the counterweight importance is zero as it remains
constant during lifting. Table 4 presents the errors and R? values obtained from the RF feature
selection process.

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

Model Hyperparameter Trees Mean Root Mean R-
absolute  mean absolute square
error square percentage (R?)
(MAE) error error
(RMSE) (MAPE)
100 0.174 0.232 2.1% 0.997
Random 250 0.168 0.227 2.1% 0.997
forest n-estimator 500 0.166 0.225 2.0% 0.997
(RF) 750 0.169 0.226 2.1% 0.997
1000 0.168 0.225 2.1% 0.977

5.6.3. Functional module

Predicting the complex and non-linear problems of LC and its degradation using traditional
mathematical models is challenging due to their multi-variable nature. In this regard, machine
learning (ML) provides significant advantages for accurate prediction. The SVM model is
employed to predict degradation in LC, as it excels in handling high-dimensional data with
distinct margins and scattered data points. To ensure the model's accuracy, the authors utilized
a 70% dataset for training and reserved 30% for testing. The input variables consist of Load
(9), deflection (mm), boom length (cm), lifting radius (cm), counterweight (g), and degradation
rate, while the output variable is lifting capacity (g). Evaluation of the model is performed
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based on two criteria: mean square error (MSE) and coefficient of determination (R?). MSE
measures the average squared difference between the predicted values and the actual values,
reflecting the prediction error. On the other hand, R? represents the proportion of the variance
in the dependent variable (LC) that can be explained by the independent variables (load,
deflection, boom length, lifting radius, counterweight, and degradation rate). R? values range
between 0 and 1, with values closer to 1 indicating a better performance of the prediction model
and smaller prediction errors. Smaller MSE values and R? values closer to 1 indicate smaller
prediction errors and better performance of the prediction model. In this study, the MSE and
R? values are reported as 0.2253 and 0.9973, respectively. These values demonstrate that the
SVM model is a good fit for the data and analysis, as it accurately predicts the outcomes. It is
worth noting that high-quality, consistent, and reliable sensor data contribute to achieving high
R? values.

The evaluation of the DTD model reveals its flexibility and accuracy in predicting
degradation in complex machines such as cranes. The degradation rate is integrated into the
control system, calculated based on fatigue damage accumulation and FE analysis. Fig. 12
illustrates the predicted degradation in LC for a tower crane, where the predicted results of LC
(g) are plotted against the lifting radius (cm) for a boom length of 60cm. The predicted results
are scaled for boom lengths of 30cm, 40cm, and 50cm by multiplying them with a scale factor.

Table 5 displays the predicted load charts for a prototype crane, considering 0 years and
70 years of operation. The high-precision findings obtained from the model are fed back to the
physical tower cranes. Moreover, Table 6 demonstrates that when the load chart of the
prototype is scaled using a scale factor, it matches the load chart of the actual tower crane. By
calculating the degradation rate and continuously updating the load chart over the service life
of the tower crane, operators, management, or decision-making teams can make informed
decisions regarding crane operations and maintenance planning, considering more accurate LC
information.
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Fig. 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 5. Predicted load charts (gram) for the prototype for 0 and 70 years.
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Table 6. Predicted load charts (ton) for the real tower crane based on a scale factor for 0 and

70 years.

For 0-years:

Jib Lifting radius (m)

(m) 20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
60 119 119 119 118 110 101 94 90 84 80 76 68 60 52 49
50 178 178 173 157 148 135 128 120 111 105 102 9.0 79

40 225 204 187 172 158 145 138 128 122 113 109

30 231 209 193 176 162 151

For 70-years:

27



761

762

763
764
765
766
767
768
769

770

771
772
773
774
775
776
777
778
779
780
781
782
783
784
785

786
787
788
789
790
791
792
793
794
795
796

Jib Lifting radius (m)

(m 20 22 24 26 28 30 32 34 36 38 40 45 50 55 60
60 26 26 26 26 24 22 21 2.0 1.9 1.8 1.7 15 1.3 1.1 11
50 39 39 38 35 33 30 28 26 25 23 23 2.0 1.7

40 50 45 41 38 35 32 31 28 27 25 24

30 51 46 42 39 36 33

5.7. Validation

In order to account for the inherent unpredictability and variability in the experiment, a
DTD model is applied to evaluate the degradation in LC of a tower crane using sample data.
To validate the accuracy of the DTD model, a k-fold cross-validation approach is employed.
The sample data is trained and predicted using SVM with k-5 cross-validation. The predictions
demonstrate a high accuracy of 0.97 (R?), comparable to that of a typical SVM model.
Therefore, the proposed DTD model proves to be convenient, efficient, and based on real-time
data, providing reliable results for predicting degradation in LC.

6. Discussion

This section presents the results of the DTD model, including the physical tower crane,
virtual tower crane, loT-based connection, data storage, and control system. Firstly, a scale-
down tower crane prototype equipped with load cell and piezoelectric sensors was utilized to
collect load and deflection data. The prototype also generated fundamental data considered at
different stages of a DTD model. Previous approaches, such as analytical methods [67], non-
destructive technologies [74], and numerical simulations [60, 65, 69], necessitated the use of
hypothetical and artificial models to conduct experiments and determine failure mechanisms.
Whereas data-driven models [23, 75] are data-intensive and need data for at least one year.
Following the principle of similarity, the scaled model served as a substitute for the actual
tower crane, enabling a realistic assessment of structural analysis, failure mechanism,
dynamics, operation, and control process. For instance, Jiang et al. [25] used a tower crane
prototype to investigate stability analysis and hoisting safety, while He et al. [52] used a
prototype to study the impact of wind on cranes. The proposed DTD model offers several
benefits over the existing methods, as it integrates a scaled model, sensors, and simulation data
to predict degradation in LC.

Next, in the DTD model, the primary aim of the simulation is to replicate the lifting
operation within a virtual environment. Consequently, adjustments, edits, updates, and
calibrations can be made to the simulation of the virtual body until it aligns with the physical
body in terms of LC. In our study, the load and deflection values were consistent between the
physical and virtual cranes. However, there was a slight disparity in the material capacities of
the physical and virtual bodies due to safety considerations on the construction site and
experimental platform, as depicted in Fig. 13. A non-linear static analysis using ABAQUS was
employed on a scaled model to calculate the material capacity as load/deflection, unlike load
charts provided by manufacturing companies based on material properties. Nevertheless, a
safety margin was incorporated into the construction or experimental platform to mitigate
unforeseen failures. The collisions observed between the physical and virtual LC were
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attributed to a factor of safety (FOS). In Fig. 13, the region under the blue line represents a
safe/working zone, while it becomes a hazardous zone if it exceeds the blue line. The area
under the red line denotes a damage zone, and beyond the red line indicates a failure zone,
indicated in white. Although the physical and virtual data exhibited similar patterns, there were
discrepancies in magnitudes. To address this, we quantified the degradation rate and integrated
it with real-time data to reduce the magnitude and align the data from sensors and simulation
[46, 61, 64, 65, 68, 76]. A similar approach was employed by Yang et al. [37], who multiplied
wear data with a field-measurable precision index value. In summary, we developed a DTD
model based on working loads and deflection. As working loads and deflection persist over
several years, the material capacity will degrade due to residual stresses. Therefore, we
calculated the residual stresses and incorporated them with operational values to predict
degradation.

D -8 Lifting capacity (g) in ABAQUS
1400 — —@— Lifting capacity (g) in load-charts
- =@ Lifting capacity (g) in experiments

Lifting capacity (g)
=2
[—J
(=]
|

20 25 30 35 40 45 50 55 60
Lifting radius (cm)

Fig. 13. Physical and virtual cranes load comparison and their zones.

Likewise, in a DTD model, the data flow is automated and stored in a real-time database.
There is a bidirectional connection established between the virtual and physical cranes, unlike
digital shadow, which lacks this capability [77]. Additionally, LC and degradation are
influenced by various factors and described in different data formats with diverse and
heterogeneous characteristics. Therefore, advanced data conversion technology is necessary to
integrate and manipulate data from sensors, simulations, and fundamental sources in order to
extract features relevant to LC and degradation. Moreover, all components of the proposed
DTD model are integrated and mapped to detect and respond to real-time changes in the
physical space, as well as to provide feedback to the control system. The secure connection and
data transmission between the physical and virtual cranes, and vice versa, are also considered.

Lastly, the control system plays a crucial role in the DTD model by utilizing real-time data
to predict degradation in LC. It operates in a hybrid mode and serves as the fundamental
component responsible for analyzing and visualizing real-time changes, making informed
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decisions, and providing feedback for further improvements. The control system performs
essential tasks such as pre-processing, noise reduction, calibration, normalization, and raw and
real-time data evaluation. It also incorporates feature recognition and selection. In DT
technologies, it is crucial for the sensor and simulation data to align and encompass optimal
parameters related to specific activities, as this integration and adjustment enhance prediction
accuracy. In our study, we predicted the degradation in LC of a tower crane over a period of
70 years, presenting the results through graphs and load charts. Additionally, we utilized
scaling and similarity factors to forecast degradation for various scaled-down jib lengths,
including 30cm, 40cm, 50cm, and 60cm. In a related study, Roysson et al. [73] employed ANN
for predicting the LC of a mobile crane, but the average deviation between the actual and
predicted LC was 1.3. In our case, however, the average deviation between the actual and
predicted LC is 2.6, indicating a higher level of deviation compared to previous research. This
disparity can be attributed to our utilization of sensors, simulations, degradation rates, and six
input parameters. In contrast, they relied on data solely from load charts and only three input
parameters.

Similarly, Yang et al. [37] employed a DTD approach to predict performance degradation
in the transmission unit of a CNC machine tool, achieving an average error of 4.33%. Our study
utilized Mean Squared Error (MSE) and R-squared (R?) as evaluation criteria for the DTD
model. The prediction model yielded an MSE of 0.2253 and an R? of 0.9973. We compared
the results with a traditional SVM model to validate our model, and the average prediction
accuracy was nearly 99%. As illustrated in Fig. 14, the average deviation between the actual
and predicted LC for scaled-down jib lengths of 30cm, 40cm, 50cm, and 60cm were 2.9, 2.6,
3.19, and 1.8, respectively. The overall average deviation across all jib lengths is 2.6.
Additionally, in Fig. 15, we multiplied the scale factor of a prototype with the projected LC for
jib lengths of 30cm, 40cm, 50cm, and 60cm, resulting in deviations of 0.04, 0.07, 0.06, and
0.07, respectively.
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Fig. 14. Deviations between the actual and predicted LC for a scaled-down tower crane
prototype: (1) Jib length 30cm, (b) Jib length 40cm, (c) Jib length 50cm, and (d) Jib length
60cm.
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7. Conclusion and Future Work

In order to mitigate the risk of structural fatigue and aging-induced deterioration leading to
failure or collapse of construction tower cranes, this study developed a digital twin-driven
(DTD) framework and model for predicting the degraded lifting capacities (LC) of aging tower
cranes based on real-time load and deflection data. The DTD approach enables continuous
monitoring of crane safety performance and real-time prediction of degraded LC using
numerical models. The DTD model successfully predicted the LC of a scaled-down prototype
tower crane with a jib length of 60cm for durations of 10, 20, 30, 40, 50, 60, and 70 years,
achieving MSE and R? values of 0.2253 and 0.9973, respectively. Using scale and similarity
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factors, the LC for actual tower cranes with jib lengths of 30m, 40m, 50m, and 60m was
computed with an average deviation of 0.06%. This research contributes to understanding
digital twin applications in the construction industry, particularly in predictive maintenance,
aging infrastructure management, data-driven approaches, safety, reliability, and
interdisciplinarity. The findings of this study also have broader applicability beyond the
construction industry and can be implemented in other sectors facing similar infrastructure and
predictive maintenance challenges.

While the results of this research are promising in predicting the degraded LC of aging
tower cranes using the DTD approach, some areas can be further improved. Firstly, to enhance
the simulation quality of the DTD model, future research should consider replicating the crane's
foundation/baseplate, slewing unit, and climbing frame of an actual crane instead of relying on
a prototype. Secondly, the precision of the LC prediction can be improved by incorporating a
more comprehensive range of sensor types that capture various parameters. Thirdly,
automating the connection system between virtual and physical cranes would enhance the
efficiency of the DTD framework. Fourthly, it is recommended to identify the critical members
through FEA of the truss-type structure rather than analyzing the overall crane structure. This
can be achieved by considering detailed modeling and comprehensive analysis, resulting in a
more focused and accurate assessment of the critical components. Lastly, considering the actual
working conditions of the crane in numerical models can improve the accuracy of predicting
degradation in LC.

Overall, this study highlights the potential of DTD approaches in enhancing the efficiency,
safety, and decision-making related to aging tower cranes on construction sites. By providing
a continuous monitoring system for crane safety, the DTD framework can assist operators in
performing lifting operations with safe and degraded loads, thereby preventing unexpected
failures and damages while improving workplace monitoring and safety. These findings
present valuable opportunities for future research to advance the field further and enhance crane
safety in construction sites.

Data availability statement

This paper contains all the data generated or analyzed during this study.
Declaration of competing interest

The authors declare no conflict of interest.

Data availability

Data will be made available on request.

Acknowledgment

The authors would like to acknowledge "“The Hong Kong Polytechnic University (PolyU)" for
providing and supporting the first author under "The Hong Kong Polytechnic University
Presidential Ph.D. Fellowship Scheme (PPPFS)."

References

32



902
903
904

905
906

907
908

909
910
911

912
913

914
915

916
917
918

919
920

921
922

923
924

925
926

927
928

929
930
931

932
933
934
935

936
937

938
939

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

[15]

(16]

Code of Practice for Safe Use of Tower Cranes,
http://www.labour.gov.hk/eng/public/content2_8b.htm.http://www.labour.gov.hk/eng/tele
Josh.htmor.

GuJ, QinY, Xia Y, et al. Failure Analysis and Prevention for Tower Crane as Sudden Unloading.
Journal of Failure Analysis and Prevention 2021; 21: 1590-1595.

Shin 1J. Factors that affect safety of tower crane installation/dismantling in construction
industry. Saf Sci 2015; 72: 379-390.

Guo P, Ma X, Zhang W, et al. Study of Fault Detection of Bridge Crane Wheel based on Fourier
Transform. In: ACM International Conference Proceeding Series. Association for Computing
Machinery, 2021, pp. 23-27.

Kulka J, Mantic M, Faltinova E, et al. Failure analysis of the foundry crane to increase its
working parameters. Eng Fail Anal 2018; 88: 25-34.

Vukelic G, Pastorcic D, Vizentin G. Failure analysis of a crane gear shaft. In: Procedia Structural
Integrity. Elsevier B.V., 2019, pp. 406—412.

Das S, Mukhopadhyay G, Bhattacharyya S. Failure analysis of a 40 ton crane hook at a Hot
Strip Mill. In: MATEC Web of Conferences. EDP Sciences, 2018. Epub ahead of print 25 May
2018. DOI: 10.1051/matecconf/201816510006.

Pal U, Mukhopadhyay G, Sharma A, et al. Failure analysis of wire rope of ladle crane in steel
making shop. Int J Fatigue 2018; 116: 149-155.

Lee J, Phillips I, Lynch Z. Causes and prevention of mobile crane-related accidents in South
Korea. International Journal of Occupational Safety and Ergonomics 2020; 1-10.

Steven Chun-yin HH, Hon KWOK Wai-keung J, Hon SHIU Ka-fai J, et al. Legislative Council.
2022.

Lan Q, Zhang D, Li Y. Analysis on the Current Situation and Countermeasures of Elevator
Safety in China. 2017.

Linda Levine. Worker Safety in the Construction Industry: The Crane and Derrick Standard.
2008.

Fang Y, Cho YK. Effectiveness Analysis from a Cognitive Perspective for a Real-Time Safety
Assistance System for Mobile Crane Lifting Operations. J Constr Eng Manag; 143. Epub ahead
of print April 2017. DOI: 10.1061/(asce)c0.1943-7862.0001258.

Kalairassan G, Boopathi M, Mohan RM. Analysis of load monitoring system in hydraulic
mobile cranes. In: IOP Conference Series: Materials Science and Engineering. Institute of
Physics Publishing, 2017. Epub ahead of print 3 December 2017. DOI: 10.1088/1757-
899X/263/6/062045.

Shaikh AA, Kumar DD. Lifting capacity enhancement of a crawler crane by improving stability.
Journal of Theoretical and Applied Mechanics (Poland) 2016; 54: 219-227.

Neitzel RL, Seixas NS, Ren KK. A Review of Crane Safety in the Construction Industry. App/
Occup Environ Hyg 2001; 16: 1106—-1117.

33



940
941

942
943

944
945

946
947
948

949
950
951

952
953

954
955
956

957
958
959

960
961
962

963
964
965

966
967
968

969
970

971
972
973

974
975
976

977
978
979

(17]

(18]

[19]

(20]

(21]

[22]

(23]

[24]

[25]

(26]

(27]

(28]

[29]

(30]

(31]

Rayco Wylie. R147 WIRELESS ANTI-TWO-BLOCK INDICATOR Installation and Operation
Manual, www.craneindicators.com (2012).

Walbridge S, Nik-Bakht M, Tsun K, et al. Lecture Notes in Civil Engineering,
https://link.springer.com/bookseries/15087 (2022).

Elgendi E-BO, Shawki KM, Ashraf Mohy A. Video analysis for tower crane production rate
estimation. Journal of Information Technology in Construction 2023; 28: 138-150.

Chen A, Jacob M, Shoshani G, et al. Using computer vision, image analysis and UAVs for the
automatic recognition and counting of common cranes (Grus grus). J Environ Manage; 328.
Epub ahead of print 15 February 2023. DOI: 10.1016/j.jenvman.2022.116948.

Roman RC, Precup RE, Petriu EM, et al. Combination of data-driven active disturbance
rejection and Takagi-Sugeno fuzzy control with experimental validation on tower crane
systems. Energies (Basel); 12. Epub ahead of print 24 April 2019. DOI: 10.3390/en12081548.

Roman RC, Precup RE, Petriu EM. Hybrid data-driven fuzzy active disturbance rejection
control for tower crane systems. Eur J Control 2021; 58: 373—-387.

Tran VT, Thom Pham H, Yang BS, et al. Machine performance degradation assessment and
remaining useful life prediction using proportional hazard model and support vector machine.
Mech Syst Signal Process 2012; 32: 320-330.

Liu P, Chi HL, Li X, et al. Effects of dataset characteristics on the performance of fatigue
detection for crane operators using hybrid deep neural networks. Autom Constr; 132. Epub
ahead of print 1 December 2021. DOI: 10.1016/j.autcon.2021.103901.

Jiang W, Ding L, Zhou C. Digital twin: Stability analysis for tower crane hoisting safety with a
scale model. Autom Constr; 138. Epub ahead of print 1 June 2022. DOI:
10.1016/j.autcon.2022.104257.

Deebak BD, Al-Turjman F. Digital-twin assisted: Fault diagnosis using deep transfer learning
for machining tool condition. International Journal of Intelligent Systems. Epub ahead of print
2021. DOI: 10.1002/int.22493.

Wu'Y, Zhou L, Zheng P, et al. A digital twin-based multidisciplinary collaborative design
approach for complex engineering product development. Advanced Engineering Informatics;
52. Epub ahead of print 1 April 2022. DOI: 10.1016/j.aei.2022.101635.

Wu L, Leng J, Ju B. Digital twins-based smart design and control of ultra-precision machining:
A review. Symmetry; 13. Epub ahead of print 1 September 2021. DOI: 10.3390/sym13091717.

Liu J, Cao X, Zhou H, et al. A digital twin-driven approach towards traceability and dynamic
control for processing quality. Advanced Engineering Informatics; 50. Epub ahead of print 1
October 2021. DOI: 10.1016/j.a€i.2021.101395.

Liu J, Cao X, Zhou H, et al. A digital twin-driven approach towards traceability and dynamic
control for processing quality. Advanced Engineering Informatics; 50. Epub ahead of print 1
October 2021. DOI: 10.1016/j.a€i.2021.101395.

Cheng DJ, Zhang J, Hu ZT, et al. A Digital Twin-Driven Approach for On-line Controlling Quality
of Marine Diesel Engine Critical Parts. International Journal of Precision Engineering and
Manufacturing 2020; 21: 1821-1841.

34



980
981

982
983
984

985
986
987

988
989

990
991
992

993
994
995

996
997
998

999
1000

1001
1002

1003
1004

1005
1006
1007

1008
1009

1010
1011

1012
1013
1014

1015
1016
1017

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

[42]

[43]

[44]

[45]

[46]

Zhu Z, Xi X, Xu X, et al. Digital Twin-driven machining process for thin-walled part
manufacturing. J Manuf Syst 2021; 59: 453-466.

Jia W, Wang W, Zhang Z. From simple digital twin to complex digital twin part Il: Multi-
scenario applications of digital twin shop floor. Advanced Engineering Informatics; 56. Epub
ahead of print 1 April 2023. DOI: 10.1016/j.aei.2023.101915.

Shen X, Li X, Zhou B, et al. Dynamic knowledge modeling and fusion method for custom
apparel production process based on knowledge graph. Advanced Engineering Informatics;
55. Epub ahead of print 1 January 2023. DOI: 10.1016/j.aei.2023.101880.

Liu X, Jiang D, Tao B, et al. A systematic review of digital twin about physical entities, virtual
models, twin data, and applications. Advanced Engineering Informatics 2023; 55: 101876.

Kusi¢ K, Schumann R, Ivanjko E. A digital twin in transportation: Real-time synergy of traffic
data streams and simulation for virtualizing motorway dynamics. Advanced Engineering
Informatics; 55. Epub ahead of print 1 January 2023. DOI: 10.1016/j.aei.2022.101858.

Yang X, Ran Y, Zhang G, et al. A digital twin-driven hybrid approach for the prediction of
performance degradation in transmission unit of CNC machine tool. Robot Comput Integr
Manuf; 73. Epub ahead of print 1 February 2022. DOI: 10.1016/j.rcim.2021.102230.

Sadeghi S, Soltanmohammadlou N, Rahnamayiezekavat P. A systematic review of scholarly
works addressing crane safety requirements. Saf Sci; 133. Epub ahead of print 1 January
2021. DOI: 10.1016/j.ss€i.2020.105002.

Sulankivi K, Kiviniemi M, Makela T. BIM-based Site Layout and Safety Planning,
https://www.researchgate.net/publication/38289116 (2014).

Shin 1J. Factors that affect safety of tower crane installation/dismantling in construction
industry. Saf Sci 2015; 72: 379-390.

Chang YC, Hung WH, Kang SC. A fast path planning method for single and dual crane
erections. In: Automation in Construction. 2012, pp. 468-480.

Sadeghi H, Zhang X, Mohandes SR. Developing an ensemble risk analysis framework for
improving the safety of tower crane operations under coupled Fuzzy-based environment. Saf
Sci; 158. Epub ahead of print 1 February 2023. DOI: 10.1016/j.ssci.2022.105957.

Shapira A, Asce F, Lyachin B. Identification and Analysis of Factors Affecting Safety on
Construction Sites with Tower Cranes. DOI: 10.1061/ASCE0733-93642009135:124.

Vukelic G, Pastorcic D, Vizentin G, et al. Failure investigation of a crane gear damage. Eng Fail
Anal; 115. Epub ahead of print 1 September 2020. DOI: 10.1016/j.engfailanal.2020.104613.

Guerra-Fuentes L, Torres-Lépez M, Hernandez-Rodriguez MAL, et al. Failure analysis of steel
wire rope used in overhead crane system. Eng Fail Anal; 118. Epub ahead of print 1
December 2020. DOI: 10.1016/j.engfailanal.2020.104893.

Wu B, Tang V, Li Z, et al. Fatigue damage accumulation modelling of critical components
subjected to moving crane loads in reinforced-concrete industrial buildings. Eng Fail Anal,
119. Epub ahead of print 1 January 2021. DOI: 10.1016/j.engfailanal.2020.104951.

35



1018
1019
1020

1021
1022
1023

1024
1025
1026

1027
1028
1029

1030
1031
1032

1033
1034
1035

1036
1037

1038
1039

1040
1041

1042

1043
1044

1045
1046
1047

1048
1049
1050

1051
1052

1053
1054

1055
1056

[47]

(48]

[49]

(50]

(51]

(52]

(53]

(54]

[55]

(56]

(57]

(58]

(59]

(60]

[61]

[62]

Zhang X, Liu L, Wu F, et al. Digital Twin-Driven Surface Roughness Prediction Based on Multi-
sensor Fusion. In: Lecture Notes in Electrical Engineering. Springer Science and Business
Media Deutschland GmbH, 2021, pp. 230-237.

Zhuang K, Shi Z, Sun Y, et al. Digital twin-driven tool wear monitoring and predicting method
for the turning process. Symmetry (Basel); 13. Epub ahead of print 1 August 2021. DOI:
10.3390/sym13081438.

Kong F, Lu Z, Kong L, et al. Information field in a manufacturing System: Concepts,
measurements and applications. Advanced Engineering Informatics; 56. Epub ahead of print 1
April 2023. DOI: 10.1016/j.aei.2023.101946.

Jiang ¥, Li M, Wu W, et al. Multi-domain ubiquitous digital twin model for information
management of complex infrastructure systems. Advanced Engineering Informatics; 56. Epub
ahead of print 1 April 2023. DOI: 10.1016/j.aei.2023.101951.

Pauwels P, de Koning R, Hendrikx B, et al. Live semantic data from building digital twins for
robot navigation: Overview of data transfer methods. Advanced Engineering Informatics; 56.
Epub ahead of print 1 April 2023. DOI: 10.1016/j.aei.2023.101959.

He F, Ong SK, Nee AYC. An integrated mobile augmented reality digital twin monitoring
system. Computers; 10. Epub ahead of print 1 August 2021. DOI:
10.3390/computers10080099.

Zhao R, Yan D, Liu Q, et al. Digital twin-driven cyber-physical system for autonomously
controlling of micro punching system. IEEE Access 2019; 7: 9459-9469.

Christiand GK. Digital twin approach for tool wear monitoring of micro-milling. In: Procedia
CIRP. Elsevier B.V., 2020, pp. 1532-1537.

Liu J, Du X, Zhou H, et al. A digital twin-based approach for dynamic clamping and positioning
of the flexible tooling system. In: Procedia CIRP. Elsevier B.V., 2019, pp. 746—749.

Unit Il ISO/0SI Model in Communication Networks.

Cao X, Zhao G, Xiao W. Digital Twin—oriented real-time cutting simulation for intelligent
computer numerical control machining. Proc Inst Mech Eng B J Eng Manuf 2022; 236: 5-15.

Priyanka EB, Thangavel S. Multi-type feature extraction and classification of leakage in oil
pipeline network using digital twin technology. J Ambient Intell Humaniz Comput. Epub ahead
of print 2022. DOI: 10.1007/s12652-022-03818-9.

Mdot. DEVELOPMENT OF STEEL BEAM END DETERIORATION GUIDELINES FINAL REPORT-
JANUARY 2005 CENTER FOR STRUCTURAL DURABILITY MICHIGAN TECH TRANSPORTATION
INSTITUTE.

Bandara CS, Siriwardane SC, Dissanayake Ul, et al. Developing a full range S-N curve and
estimating cumulative fatigue damage of steel elements. Comput Mater Sci 2015; 96: 96—101.

Dong Q, He B, Qi Q, et al. Real-time prediction method of fatigue life of bridge crane structure
based on digital twin. Fatigue Fract Eng Mater Struct 2021; 44: 2280-2306.

Jiang F, Ding Y, Song Y, et al. Digital Twin-driven framework for fatigue life prediction of steel
bridges using a probabilistic multiscale model: Application to segmental orthotropic steel

36



1057
1058

1059
1060
1061

1062
1063
1064

1065
1066

1067
1068
1069

1070

1071
1072
1073

1074
1075
1076

1077
1078

1079
1080

1081
1082

1083
1084

1085
1086
1087

1088
1089
1090

1091
1092

1093
1094
1095

(63]

(64]

(65]

(66]

(67]

(68]

(69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

[77]

deck specimen. Eng Struct; 241. Epub ahead of print 15 August 2021. DOI:
10.1016/j.engstruct.2021.112461.

Six K, Mihalj T, Trummer G, et al. Assessment of running gear performance in relation to
rolling contact fatigue of wheels and rails based on stochastic simulations. Proc Inst Mech Eng
F J Rail Rapid Transit 2020; 234: 405-416.

Taheri S, Vincent L, Le-Roux JC. A new model for fatigue damage accumulation of austenitic
stainless steel under variable amplitude loading. In: Procedia Engineering. Elsevier Ltd, 2013,
pp. 575-586.

Fatemi A, Vangt L. Cumulative fatigue damage and life prediction theories: a survey of the
state of the art for homogeneous materials. 1998.

Teng Z, Wu H, Boller C, et al. Thermodynamic entropy as a marker of high-cycle fatigue
damage accumulation: Example for normalized SAE 1045 steel. Fatigue Fract Eng Mater
Struct 2020; 43: 2854-2866.

Chaboche JL, Lesne PM. A NON-LINEAR CONTINUOUS FATIGUE DAMAGE MODEL. 1988.

Benkabouche S, Guechichi H, Amrouche A, et al. A modified nonlinear fatigue damage
accumulation model under multiaxial variable amplitude loading. Int J Mech Sci 2015; 100:
180-194.

Cantrell JH. Dependence of microelastic-plastic nonlinearity of martensitic stainless steel on
fatigue damage accumulation. J Appl Phys; 100. Epub ahead of print 2006. DOI:
10.1063/1.2345614.

Pompetzki MA, Topper TH, Duquesnay DL. The effect of compressive underloads and tensile
overloads on fatigue damage accumulation in SAE 1045 steel. 1990.

Pape JA, Neu RW. Fretting fatigue damage accumulation in PH13-8Mo stainless steel,
www.elsevier.com/locate/ijfatigue (2001).

Wiethorn JD, Matthew PE, Gardiner R, et al. TOWER CRANE LIFE EXPECTANCY AN
EXAMINATION OF RECENT TRENDS TO ESTABLISH AGE LIMITS.

Roysson S, Gustafsson J, Lindell R, et al. EVALUATING THE LIFTING CAPACITY IN A MOBILE
CRANE SIMULATION.

Przybytek G, Wieckowski J. Method of assessing the technical condition and failure of
overhead cranes designed to work in difficult conditions. Case Studies in Construction
Materials; 16. Epub ahead of print 1 June 2022. DOI: 10.1016/j.cscm.2021.e00811.

Lee WJ, Wu H, Yun H, et al. Predictive maintenance of machine tool systems using artificial
intelligence techniques applied to machine condition data. In: Procedia CIRP. Elsevier B.V.,
2019, pp. 506-511.

Dong Q, He B, Qi Q, et al. Real-time prediction method of fatigue life of bridge crane structure
based on digital twin. Fatigue Fract Eng Mater Struct 2021; 44: 2280-2306.

Sepasgozar SME. Differentiating digital twin from digital shadow: Elucidating a paradigm shift
to expedite a smart, sustainable built environment. Buildings; 11. Epub ahead of print 1 April
2021. DOI: 10.3390/buildings11040151.

37



1096

38





