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ABSTRACT

As the leading cause of nonfatal occupational injuries, work-related musculoskeletal disorders
account for approximately 33% of all occupational injuries and illnesses in the United States and
approximately 44% of such injuries in Alberta, Canada. The risk of developing a work-related
musculoskeletal disorder is closely related to the physical demands associated with awkward body
postures and repetitive motions. In industrialized construction, poor workplace design may
increase the probability of injury and work absenteeism, leading to schedule overruns and
decreased production rates. Thus, this research investigates and develops ergonomic-centric
methods to automatically evaluate the continuous motions in operational tasks for the purpose of

workplace design and modification in industrialized construction.

To mitigate the risk of developing a work-related musculoskeletal disorder, various observational
rule-based ergonomic posture assessment methods have been developed and widely used to
facilitate ergonomic risk evaluation in various industrial sectors. However, the applicability and
reliability of rule-based ergonomic posture assessments to automatically evaluate continuous
motions have not yet been examined. The current practice of using these assessments for
automated evaluation of continuous motions is challenged in three notable respects: (1) inaccuracy
of the ergonomic risk assessment results, attributable to human perception errors and subjectivity
during observations, as well as measurement errors and instrument limitations when using vision-
based approaches to estimate body joint angles; (2) lack of consideration of the standard motion
time feature when analyzing the ergonomic risks of continuous motions in operational tasks; and

(3) overestimation (in existing methods for assessing ergonomic risk in continuous motions) due

il



to a failure to account for the effect of natural posture sway, as well as ambiguous posture

categorization in the adjustment risk rating process in existing ergonomic risk assessment methods.

To overcome these challenges, a systematic and objective framework is proposed by which to
automatically assess the risks of continuous motions in construction tasks and thereby achieve an
ergonomic-centric workplace design method that overcomes human perception errors and
measurement limitations, considers standard motion time features, and accounts for the effect of
natural posture sway. The three main contributions of this research are that it (1) improves the
accuracy of rule-based ergonomic risk assessment methods by incorporating fuzzy logic in order
to better capture the gradual transitions characteristic of continuous human motion; (2) adjusts the
motion time in ergonomic risk assessment of continuous motions by integrating the predetermined
motion time system; and (3) eliminates the detrimental effect of natural posture sway on
continuous motion assessments by identifying and adapting the acceptable posture sway
magnitudes of body joints in the motion capture experiments. A series of laboratory experiments
are presented that demonstrate the feasibility and effectiveness of the proposed framework for
assessing ergonomic risks of continuous motions in workplace design and modification to facilitate

occupational health and safety in industrialized construction.
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CHAPTER 1: INTRODUCTION

1.1 Background and Motivation

As one of Canada’s largest industrial sectors, the construction industry employs approximately 1.5
million workers and contributes approximately $140 billion (CAD) to the economy annually,
accounting for about 7.5% of Canada’s gross domestic product in 2020 (Statistics Canada 2021;
Build Force Canada 2021). Despite being a significant employer and economic driver, though, the
construction industry has an unsatisfactory occupational health and safety record (Umer et al.
2018). Work-related musculoskeletal disorders (WMSDs) are among the leading causes of
nonfatal occupational injuries in construction. According to the Bureau of Labor Statistics, the
incidence rate of WMSDs in construction was 31.2 for every 10,000 full-time workers, accounting
for approximately 9% higher than the average rate for all industries in 2017 in the United States
(CPWR 2019). Workers are commonly exposed to the risks of WMSDs due to the high physical
demands and repetitive nature of construction tasks (Boschman et al. 2012; Fung et al. 2008;
Merlino et al. 2003; Schneider 2001). WMSDs account for approximately 33% of all occupational
injuries and illnesses in the United States (Bureau of Labor Statistics 2016) and approximately 44%
of such injuries in Alberta, Canada (Labour and Immigration 2019). Thus, improving workplace

safety practice to mitigate the risks of WMSDs is crucial for the construction industry.

Industrialized construction has been increasingly popular in North America due to its many
benefits to project stakeholders, such as increased productivity, improved product quality, reduced
construction waste, and decreased environmental risks for construction workers (Yin et al. 2019;

Kamali and Hewage 2016). As distinct from conventional construction, industrialized construction



provides a controlled factory environment with the support of automated machinery at
workstations, thereby reducing the motions required of workers to complete operational tasks (Li
et al. 2019a). However, considerable physical demands are still imposed on workers in
industrialized construction, leading to a high risk of developing WMSDs. The nature of these
physically demanding operations is highly influenced by the workplace design characteristics. An
ergonomic-centric workplace design that takes ergonomics into consideration can help to uphold
the health and safety of workers while enhancing product quality and productivity, whereas with
poor ergonomic design of the workplace results in an elevated risk of workers developing WMSDs,
leading to an increase in workers’ compensation costs (Inyang et al. 2012) and schedule overruns
due to work absenteeism (Bureau of Labor Statistics 2016; Rinder et al. 2008). As such,
ergonomic-centric workplace design is essential not only as a means of proactively mitigating the
risk of developing a WMSD, but also as a way to improve productivity in industrialized

construction.

Working postures and motions involved in the completion of tasks are closely related to WMSD
risks (Wang et al. 2015; NIOSH 2014; Kivi and Mattila 1991; Punnett and Wegman 2004). In
construction, WMSDs are usually the result of forceful exertion, awkward postures, and repetitive
motions (Wang et al. 2015). To mitigate these risks, various observation-based ergonomic posture
assessment methods have been developed and widely used to facilitate workplace safety practices.
In current practice, the working postures described by body joint angles are used as the primary
inputs in assessment methods used to address WMSDs risks. However, these assessment methods
are heavily reliant on manual observation of working postures, which is error-prone and time-
consuming (Taneja et al. 2011). With the recent advances with respect to motion capture and

imitation technologies, working postures and continuous motions can be accurately obtained for

2



the purpose of ergonomic risk assessment. However, the applicability and reliability of rule-based

assessment methods to automatically evaluate the continuous motions have not yet been examined.

In current practice, ergonomic posture assessment methods are challenged to efficiently generate
accurate and reliable risk ratings of continuous motions to support ergonomic-centric workplace
design. To evaluate ergonomic risks, body joint angles describing the working postures are
required, and these joint angles can be obtained either from visual estimations and human judgment
(McAtamney and Corlett 1993; Hignett and McAtamney 2000; Golabchi et al. 2016b), or by using
sensing devices and vision-based technologies (Yu et al. 2019; Seo et al. 2015; Han et al. 2013).
A great deal of variance is encountered in the estimations of body joint angles, however, due to
human perception errors and subjectivity during observations (McAtamney and Corlett 1993;
Burdorf 2010), and due to instrument errors and limitations when using vision-based approaches
(Yu et al. 2019; Li and Buckle 1999). This variance in joint angle estimations, in turn, leads to
variations in the ergonomic risk assessment results themselves. As such, the first motivation
underlying this research is to address the need for an automated method to eliminate the variations
in ergonomic risk ratings resulting from human perception errors and measurement errors in

estimating the joint angles.

Meanwhile, the use of advanced motion capture technologies has enabled the safety risk evaluation
of continuous motions in construction tasks. However, studies in this area have tended to focus on
the motion data collection process, with investigations of the suitability of ergonomic posture
assessments with respect to continuous motions being more limited. Specifically, the risk
assessment of continuous motions is typically conducted as risk assessments of a series of discrete
working postures, with a standardized motion time feature not considered. To obtain consistent

and quantitative risk assessments of continuous motions for the purpose of evaluating workplace
3



design in a sound, ergonomic-centric manner, then, standard motion time durations within these
continuous motions must be considered. Thus, the second motivation underlying this research is
to develop an automated method that implements standard motion times in the ergonomic risk

assessments in order to improve the reliability of risk assessment of continuous motions.

Finally, the results of ergonomic risk assessments of continuous motions are highly influenced by
the natural posture sway in the completion of the operational tasks. In current practice, posture
categorizations in the primary risk rating process of ergonomic risk assessments are strictly defined.
For these posture categories, 0° is the boundary, meaning there is no threshold by which to
determine whether a risk score of 1 is needed or not. In reality, though, workers cannot always
maintain a joint angle with 0° due to the body structure and the natural posture sway typical of
continuous motions performed by humans. In spite of this reality, an objective definition of posture
categorizations that accounts for the minor movements of body joints due to posture sway has not
yet been incorporated into the adjustment risk rating process in existing assessment tools.
Moreover, to address this deficiency, assumptions are made that differ depending on the study,
resulting in inconsistencies (Li et al. 2018; 2019b; Ryu et al. 2020; Wang et al. 2021a). Due to the
posture sway and the discrete boundaries between posture categories in existing ergonomic risk
assessments, overestimations and fluctuations in risk ratings are observed with respect to the risk
assessment of continuous motions. Thus, the third motivation underlying this research is to carry
out an experimental study to identify the minor movements of body joints that naturally occur in
the completion of operational tasks and use them as criteria for the posture categorizations in the

risk assessment.

To summarize, the novelty of the proposed research lies in the automated assessment of continuous

motions to address the aforementioned challenges in existing observation-based ergonomic
4



posture assessment methods, including (1) variations in the assessed risk resulting from human
perception errors and measurement errors in the body joint angle estimation, (2) variations in the
assessed risk due to the lack of standard motion time durations, and (3) variations in the assessed
risk caused by a failure to account for the natural posture sway in continuous motions. Indeed,
although accurate and reliable ergonomic risk assessment of continuous motions in the completion
of operational tasks is an essential component of ergonomic-centric workplace design in
industrialized construction, as note above, existing ergonomic risk assessment methods are not
suitable for the evaluation of continuous motions. This research thus proposes a systematic and
objective framework to automatically assess the ergonomic risks of continuous motions performed
as part of operational tasks in industrialized construction for ergonomic-centric workplace design
evaluation. The proposed framework can reduce the risk of WMSDs and potential injuries and

improve productivity in industrialized construction.

1.2 Research Objectives

With this background and motivations, the following research questions are applied in this research

to examine and answer the research problems.

1) How do we efficiently generate an accurate and reliable ergonomic-centric workplace
design based on limited design information?

2) How do we accurately assess the risks of dynamic and continuous motions based on the
postures and associated standard motion times in order to support the ergonomic-centric
workplace design?

3) How do we effectively update this ergonomic-centric workplace design with respect to the
natural minor movements of human body joints?

5



The overall goal of this research is to develop a systematic and objective framework to
automatically assess the ergonomic risks of continuous motions in the construction tasks in order
to identify and evaluate the ergonomic performance of workplace design in industrialized

construction. This research seeks to achieve the following objectives:

Objective 1. Improve the accuracy of ergonomic risk ratings through the integration of fuzzy logic

approach with ergonomic posture assessments in 3D visualization.

This objective addresses the variations in assessment results caused by the human perception and
measurement errors in estimating body joint angles. The developed system can incorporate the
rule-based fuzzy logic modelling process with ergonomic posture assessments for the evaluations
at four different levels, including the joint-level, body segment-level, integrated body segment-

level, and full body-level evaluation.

Objective 2. Develop an automated 3D standard motion time-based ergonomic risk analysis
system, based on the predetermined motion time system, for assessing the risks of continuous

motions in ergonomic-centric workplace design.

The developed system includes the automated rule-based motion recognition algorithm, which is
capable of detecting all the basic motions and updating the standard motion time durations with

the ergonomic risks to enhance the assessment results of continuous motions.

Objective 3. Develop an automated rule-based ergonomic risk assessment for the continuous
motions that updating the posture categories to incorporate the posture sway effect on the body

joints.



In current practice, no tolerance is applied in the postural judgment of ergonomic risk assessment
methods. However, due to the lack of joint allowance settings, ergonomic risk tends to be
overestimated. The predefined posture categories in the secondary adjustment risk rating process
are described with ambiguous words, which should be quantitatively defined to eliminate the
overestimations and fluctuations in ergonomic risk ratings resulted from posture sway. Thus, the
focus herein is on the use of posture sway experiments to identify the minor movements of body
joints that naturally occur during continuous motions in the completion of operational tasks in

industrialized construction.

1.3 Thesis Organization

This thesis is composed of seven chapters.

Chapter 1: Introduction. This chapter presents the research background, motivations, and

objectives of the proposed research.

Chapter 2: Literature review. This chapter provides a critical review of the previous studies
related to this research, including the ergonomic risk assessment techniques, fuzzy logic
approaches in ergonomics, motion time analysis techniques, and previous studies on posture sway

analysis in motion capture system.

Chapter 3: Research methods. This chapter introduces the main research methods applied in this

thesis for the completion of the research objectives.

Chapter 4: 3D fuzzy ergonomic analysis for rapid workplace design and modification in
construction. This chapter introduces an automated 3D fuzzy logic-based ergonomic analysis

method developed using fuzzy logic modelling process and rule-based ergonomic risk assessment



methods in 3D visualization. The 3D fuzzy ergonomic analysis method is used to mitigate the
human perception and measurement errors during the posture risk classification, which is to
improve the accuracy and reliability of rule-based ergonomic risk assessment for continuous

motions in the evaluation of rapid workplace design and modification.

Chapter 5: 3D standard motion time-based ergonomic risk analysis for workplace design in
industrialized construction. This chapter introduces a systematic and objective methodology to
automatically assess ergonomic risks of dynamic and continuous motions using predetermined
motion time system in 3D visualization. The methodology for automatically recognizing 3D
motions is presented, and the development of standard motion time integrated ergonomic risk
analysis method is demonstrated to assess the ergonomic risks of continuous motions for

workplace design.

Chapter 6: Postural sway analysis for the limits of automated ergonomic risk assessment of
dynamic motions in modular construction. This chapter presents an analysis of posture sway to
investigate the acceptable magnitudes regarding posture categorizations for the adjustment risk
rating process in the rule-based ergonomic risk assessment methods. Furthermore, this chapter
introduces a novel posture sway-incorporated ergonomic risk assessment system to evaluate the

ergonomic risks of dynamic and continuous motions.

Chapter 7: Conclusions. This chapter provides a summary of the conclusions that are drawn from
this research. The academic and industrial contributions of this research are provided. The

limitations and future research directions are also outlined in this chapter.



CHAPTER 2: LITERATURE REVIEW

This chapter reviews existing studies in the following areas as presented in the literature: (1)
ergonomic risk assessment methods; (2) automated ergonomic risk assessment methods; (3) fuzzy
logic techniques in ergonomic risk assessment; (4) the methods of predetermined motion time
system; and (5) previous studies of posture sway analysis. The objective of this literature review

is to justify the research objectives and eventual contributions.

2.1 Ergonomic Risk Assessment Methods

Ergonomic risks are physical conditions that may pose risk of injury to the musculoskeletal system,
resulting in the work-related musculoskeletal disorders (WMSDs) (Occupational Safety and
Health Administration 2022). According to the Canadian Centre for Occupational Health and
Safety, WMSDs are defined as “a group of painful disorders of muscles, tendons, and nerves”,
which commonly resulted from awkward working postures and repetitive movements in
operational tasks (CCOHS 2022). In construction, workers are frequently exposed to various
degrees of ergonomic risks that can lead to WMSDs due to the dynamic and physically demanding
nature of operational tasks. Continued exposure to the ergonomic risks and WMSDs leads to
occupational injuries and illnesses, loss of workdays and productivity, and an increase of workers’

compensation costs (Inyang et al. 2012; Bureau of Labor Statistics 2016).

Ergonomic risk assessment methods are have been used effectively in a number of different
industries to evaluate the ergonomic risks associated with the various working postures assumed
in the performance of operational tasks in order to mitigate the risk of developing a WMSD. In
construction, rule-based ergonomic posture assessment methods have been applied to improve the

production rate and lower compensation costs by eliminating high-risk tasks, improving work
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comfortability, reducing work-related injuries, decreasing the probability of medical leaves, and
ensuring that production is on schedule (Inyang et al. 2012; Li et al. 2019b; Golabchi et al. 2016b;
2018; Yu et al. 2019; Wang et al. 2021a). These assessment methods can be classified into three
groups according to the measurement methods, including self-report assessment methods,
observation-based assessment methods, and direct measurement-based methods (Li and Buckle

1999; David 2005).

2.1.1 Self-report Assessment

Self-report assessment methods are subjective and performance-based measurements usually
through rating scales, checklists, diaries, interviews, and questionnaires. These methods are widely
used to assess the physical loads, body discomfort, and work stress using the self-report tools such
as the Borg Scale (Borg 1970; Li and Yu 2011), the Nordic Musculoskeletal Questionnaire
(Kuorinka et al. 1987), and the Job Requirements and Physical Demands Survey (JRPDS) (Dane
et al. 2002). The advantages of self-report assessment methods include simple to apply, cost-
effective, and applicable to various occupations (Li and Buckle 1999; David 2005). However,
these methods have several limitations, such as time-consuming, error-prone, subjective, and
difficult to validate (Wang et al. 2015; Li et al. 2018; Li and Buckle 1999; David 2005). In addition,
these methods cannot collect the accurate postures and motion data continuously. Thus, the self-

report assessment method cannot be applied to the quantitative assessment of continuous motions.

2.1.2 Observation-based Ergonomic Posture Assessment
Observation-based ergonomic posture assessments are widely accepted as one of the most
important tools available to assess exposures to risk factors for WMSDs. These methods are based

on direct observations of working postures in operational tasks carried out by ergonomist (Li and
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Buckle 1999). The wide applications of an observation-based assessment method in the context of
workplace design are due to several reasons, such as their capability of providing accurate results
based on simple input information (i.e., mainly joint angles), and their implementation is practical
and affordable compared with other techniques (e.g., computer vision-based methods, direct
measurement-based methods, etc.) (David 2005). However, the accuracy of these observation-
based assessment methods may be compromised due to observer errors, subjective metrics, or
inter-rater reliability issues (Wang et al. 2015; Valero et al. 2016; Li et al. 2018; Li and Buckle
1999; David 2005), since they only identify the primary postures or injury types associated with

the highest ergonomic risk during the task operation.

Several observation-based assessment methods have been developed for systematically assess risk
factors, including the Ovako Working Posture Analysis System (OWAS) (Karhu et al. 1977; 1981),
the National Institute for Occupational Safety and Health (NIOSH) lifting equation (Waters et al.
1993), Occupational Repetitive Actions (OCRA) (Occhipiniti 1998), Quick Exposure Check (QEC)
(Li and Buckle 1998), Rapid Upper Limb Assessment (RULA) (McAtamney and Corlett 1993),
and Rapid Entire Body Assessment (REBA) (Hignett and McAtamney 2000; Janowitz et al. 2006).
Among these observation-based methods, OWAS, RULA, and REBA have been most commonly
used in construction (Mattila et al. 1993; Golabchi et al. 2016b; Li et al. 2018; 2019b; Yu et al.
2019; Ryu et al. 2020; Wang et al. 2021a). These methods are rule-based assessment methods,
which provide the ergonomic risk scores based on the working posture, force load, and activity
conditions. The risks of whole-body postures are generated by combining risk scores of specific
body segments in these methods (David 2005). As shown in Figure 2-1, the whole body is divided
into two sections in REBA and RULA, which are the section of neck, trunk and legs, and the

section of the arms and wrists. Three sections are used in OWAS, which are back, arms, and legs
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sections. The predefined posture categories for ergonomic risks are used in each section, and then
the sections are combined by the score tables to generate the final scores and the corresponding
action levels. In REBA and RULA, the working postures are described as joint angles of body
segments. However, the posture categories in OWAS are classified using ambiguous words. Thus,
REBA and RULA are more suitable to quantitatively evaluate the ergonomic risks of continuous

motions.

A. Neck, Trunk and Leg Analysis Scores B. Arm and Wrist Analysis
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Figure 2-1. Predefined posture categorizations in (a) REBA; (b) RULA; and (c) OWAS

(Ergonomics Plus 2021a; 2021b; Karhu et al. 1977)
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In current practice, the rule-based assessment methods are traditionally used to assess the static
postures based on the manual observation of body joint angles. In REBA and RULA, the body
joint angles are the main inputs, which are defined as the angles formed between the body segment
and the extension of its connected body segment (6 = flexion/extension; [ = rotation; y = lateral
bending; A8 = difference between legs). For each joint angle, the posture categories and the
associated risk scores are predefined in REBA and RULA, as summarized in Table 2-1. As the
main concern, the quantitatively predefined posture categories for the individual joint risk scores
are describing the postural conditions in the flexion and extension position in the sagittal plane of
the posture. The joint angles in transverse and frontal planes are evaluated as adjustment risk
factors to account for the postural conditions such as twisting, side bending, and abducting. It
should be noted that the postures in the sagittal plane are the main concern in risk ratings, while
the postures in the transverse and frontal planes are used to adjust the risk ratings for each body
segment (McAtamney and Corlett 1993; Hignett and McAtamney 2000). However, only the ranges

of joint angles in the sagittal plane are described in detail for the risk categorization.

Table 2-1. Posture categories and corresponding risks in REBA and RULA

Sagittal plane Transverse plane Frontal plane
Body Posture Posture
Posture category Score Score Score
segment category category
Neck 0° <0 <20° 1
p # 0° +1 y #0° +1
(REBA) 6 > 20°o0r6 < 0° 2
0°<0<10° 1
Neck 10° < 6 < 20° 2
p # 0° +1 y #0° +1
(RULA) 6 > 20° 3
6 <0° 4
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6 =0°

Trunk 0° <0 <20° 5
(REBA and [or 8 < 0° (REBA only)] p + 0° +1 y #0° +1
RULA) 20° < 6 <60° 3
6 > 60° 4
AB = 0° 1
Leg
AB + 0° 2
(REBA and - - - -
30°< 6 <60° +1
RULA)
6 > 60° +2
Shoulder
—20° <0 < 20° 1 . +1
raise
Upper arm Abducted
20°< 6 <45°0r 6 < —-20° 2 +1
(REBA and - - arm
RULA) 45°< 0 <£90° 3 Support
arm or -1
6 > 90° 4 .
leaning
Lower arm 60° < 6 < 100° | Acrossthe - -
midline
(REBA and +1
RULA) ~0°S@<60°0r6>100° 2 (RULA - -
only)
Wrist —15° <6 < 15° 1
B # 0° +1 y # 0° +1
(REBA) 6 > 15°o0r 6 < —15° 2
6 =0° 1
Twist in
0°< 0 <15° _ +1
: 2 mid-range
Wrist or—15°<60<0°
y #0° +1
(RULA) Twist at
6 > 15°o0r 6 < —15° 3 end of +2
range

Note: 6 = flexion/extension; § = rotation; y = lateral bending; A8 = difference between legs.
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In the primary risk rating process of joint angles in the sagittal plane, the predefined posture
categories are quantitatively classified using the joint angle ranges with no threshold on the
boundaries, which is challenging for the observers to accurately distinguish the posture categories
when the joint angle is around the boundaries (Golabchi et al. 2016b; Wang et al. 2020; 2021a).
In the field observations, visually-estimated joint angles may differ depending on the observer,
and may even differ for the same given observer through multiple iterations. Visually the same
postures may be characterized differently in terms of ergonomic risk due to inherent subjectivity
(McAtamney and Corlett 1993; Golabchi et al. 2016b). For instance, a 15-participant survey on
joint angle estimations of trunk flexion as part of a prior study (see Figure 2-2) resulted in twelve
estimations assigning a risk score of 3 and three estimations assigning a risk score of 4, with this
variance in risk rating attributable to issues of human perception and inter-/intra-observer
reliability. Thus, the human perception and inter-/intra-observer reliability can cause the variance
in body joint estimations, which in turn affect the risk classifications in the ergonomic assessment,
ultimately compromising the accuracy of the corresponding ergonomic risk results (Li et al. 2019b;
Golabchi et al. 2016a; 2016b; 2017). In addition, the instrument errors and complicated working
environment may lead to measurement errors, which in turn may result in inaccuracy of the

assessed ergonomic risk (Yu et al. 2019; Golabchi et al. 2017).

+3 +4
| E ﬂ

Survey result 12/15 3/15

Figure 2-2. Results of survey on joint angle estimations of trunk flexion (Wang et al. 2021a)
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In the secondary risk rating process of joint angles in transverse and frontal planes, the predefined
posture categories for adjustment risk scores are qualitatively described with the ambiguous words,
such as twisting or not twisting, side bending or not side bending, and abducting or not abducting.
Thus, the discrete boundary between posture categories is 0° for the adjustment risk factors,
making it challenging for observers to clearly distinguish between posture categories (Golabchi et
al. 2016b; Wang et al. 2021a). However, body sway naturally occurs during continuous motions,
with the resulting minor movements of body joints generating additional risk scores. As a result,
overestimations and fluctuations in risk ratings are identified, which is due to the body sway that
naturally occurs during continuous motions. Thus, to automatic and quantitatively assess the
ergonomic risks, acceptable minor movements of body joints due to the posture sway are required

for the ergonomic risk assessment of the dynamic and continuous motions.

2.1.3 Direct Measurement-based Ergonomic Assessment

Direct measurement-based ergonomic assessment methods typically use electromyography
(EMG), goniometers, inclinometers, force sensors, accelerometers, sonic sensors, and optical
markers that are attached directly to the subject for objective measurement results to increase the
accuracy of the ergonomic risk assessment (Wang et al. 2015; Li and Buckle 1999; David 2005).
Physiological methods are direct measurement-based methods that use instrumentation to monitor
the physical status of the human body in analyzing biomechanics and the loading to which tissue
and joints are subjected. An example is EMG, which is used primarily in studying muscle exertion

for the purpose of evaluating muscle fatigue (Wang et al. 2015).

The wearable motion capture system based on the inertial measurement units (IMU) is another
direct measurement-based method, which has been proven as an effective method to collect the

body joint angles data for the ergonomic risk assessment (Vignais et al. 2013; 2017; Valero et al.
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2016; Rye et al. 2021). The IMU-based motion capture system can track the continuous motions
through the measurement of segment accelerations and angular rates (Chen et al. 2017). As a
wearable system, it allows the direct measurement of working postures and motions in the
industrial environments without interrupting the ongoing production. However, the IMU sensors
are required to firmly attached to the workers’ body, which may lead to the worker discomfort and

changes of the original working postures.

In the case of joint angle measurements, the optical marker-based motion capture method is a
widely used direct measurement-based method, as it has been shown to be accurate, including for
comparative purposes (Vena et al. 2011a; 2011b; Hebert and Lewicke 2012; Hebert et al. 2014;
Schofield et al. 2014). The optical marker-based motion capture systems such as VICON system
and OptiTrack system are commonly used in the laboratories for capturing the continuous motions
by using high-speed cameras and reflective markers. Due to the high accuracy and reliability, the
optical marker-based motion capture systems are considered as the ground truth for the kinematic
data collection, which can be used as the basis for comparison in the laboratory studies (Kim and
Nussbaum 2013; Eichelberger et al. 2016). Thus, VICON system has been selected in this research.
Although these methods provide a high level of accuracy with respect to a range of exposure
variables, they have some notable limitations, such as their time-intensiveness, the need for costly
equipment and experts to conduct the assessment, and the possibility of worker discomfort, job
modification, or interruption during the data collection phase (Inyang et al. 2012; Wang et al. 2015;

Li et al. 2018; David 2005).
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2.2 Advanced Ergonomic Risk Assessment

With the advanced motion data collection techniques, automated ergonomic posture assessments
can be conducted based on the collected continuous motions and the observation-based ergonomic
risk assessment methods. The motion data collections through computer vision and 3D
visualization are used in construction for the ergonomic risk assessment of construction workers

(Golabchi et al. 2015; Li et al. 2019b; Yu et al. 2019; Wang et al. 2021a).

2.2.1 Computer Vison-based Assessment

The computer vision-based assessment method has gained increasing interest and adoption within
the construction industry in recent years because of its speed and because it does not interrupt the
work. The working postures and motions are identified continuously by using pictures and videos
from single or multiple cameras in the computer vision technologies. In construction, the computer
vision-based method has been widely used to analyze the productivity and monitor the health and
safety (Brilakis et al. 2011; Escorcia et al. 2012; Han et al. 2013; Yu et al. 2019). However, this
method still needs improvement since it is difficult to acquire accurate positions of body segments
in a complex construction environment, and due to viewpoint limitations, the impact of
illumination changes and occlusions, and the amount of time required for algorithm development,
testing, and data post-processing (Wang et al. 2015; Li et al. 2018; Seo et al. 2015). It should be
noted that these methods are post-assessment methods, meaning that the workers under

observation are performing tasks in an existing workplace.

2.2.2 3D Visualization-based Assessment
3D visualization-based assessment is proposed as an alternative to post-assessment. 3D

visualization collects the body joint angles in the 3D human model of operational tasks and
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automatically evaluates the animated motions based on observation-based ergonomic risk
assessment methods (Li et al. 2018; 2019b). Accurate 3D visualization of the operational tasks is
essential and can be developed in two steps: (1) developing the 3D workplace in the form of 3D
geometric models, including layouts, dimensions, equipment, tools, and materials; and (2) creating
a 3D human model based on anthropometric data and imitating the motions of workers based on
the task requirements and the associated workplace design. The working postures and motions are
designed according to the collected images and videos based on the designer’s experience. Once
the 3D models are obtained, the body joint angles are extracted from the 3D visualization of the
worker’s motions and post-processed to obtain the REBA and RULA ergonomic risk ratings. The
accuracy and reliability of the 3D visualization-based assessment has been validated by Li et al.

(2018) through a repetitive lifting experiment as part of a past study.

As a proactive method, 3D visualization seeks to provide ergonomic risk evaluation for workplace
design at the design stage, offering the following benefits: (1) it is capable of obtaining reasonably
accurate human body continuous motion data (e.g., joint angles) in the 3D model; (2) it is capable
of assessing ergonomic risks at the design stage prior to real-world implementation, leading to cost
savings in the long run; (3) it can proactively analyze motions without needing a human subject to
physically perform the task; and (4) it can visualize and analyze the modified work intuitively (Li
et al. 2018; 2019b). However, there are also several limitations that must be overcome in order to

achieve reliable ergonomic-centric workplace design.

As mentioned above, the 3D visualization of the operational task is created based on the designer’s
experience. Subjective judgments concerning the positions of key postures are involved in the
development of 3D visualization. In the case of 3D visualization, up to 25° in variation in the main

joint angle estimations throughout the repetitive lifting motions and variances in the corresponding
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risk ratings up to 1 risk score interval have been observed in the comparison between motion
capture experiments and 3D modelling, for instance (Li et al. 2018). In addition, the discrete
boundaries between the posture categories in REBA and RULA entail that a small change in joint
angle input can result in a marked change in the risk assessment results. Thus, human perception
and inter-/intra-observer reliability contribute to significant variability of the assessment results.
To address this issue, artificial intelligence-based methods, such as fuzzy logic, can result in more
accurate assessments and thereby reduce the impact of human perception errors and measurement
errors. With the integration of fuzzy logic, the 3D visualization-based ergonomic risk assessments
carried out can better capture the gradual transitions characteristic of continuous human motions,

thereby preventing abrupt changes in risk ratings.

The reliability of 3D visualization-based assessment is also highly dependent upon the level of
accuracy of the joint angles in the working postures and motions. In this respect, both the positions
of body segments in the posture and the time feature during continuous motions both play an
essential role in ensuring the accuracy of ergonomic risk assessment. In current practice, the
standard movements in the 3D model are generally built using 24 to 30 frames per second (fps)
for normal motions (Autodesk 2021). Although designers follow these standard movements when
developing 3D models, the animated motion time (i.e., the time spent in a given motion in the 3D
model) may not be the same as the standard motion time (i.e., the standard time spent in which a

worker should complete that motion) in reality.

In addition, muscle use and activity scores are used to evaluate motion repetitiveness in RULA
and REBA, respectively, but these scores are subjectively adjusted by the analyst based on their
knowledge and experience. Thus, the methods underlying the predetermined motion time system

can be applied to the ergonomic risk assessment of continuous motions in order to automatically
21



and objectively generate a standard motion time-based ergonomic assessment, ultimately resulting

in an ergonomic-centric workplace design.

2.3 Fuzzy Logic Techniques in Ergonomic Risk Assessment

In recent years, rapid advancements in computing have led to the emergence of fuzzy logic
techniques. Fuzzy logic is a powerful approach for capturing intrinsic vagueness and challenging
complex systems developed with the formulation of fuzzy set theory, first provided and further
developed by Zadeh (1965; 1975a; 1975b; 1975¢). Fuzzy logic can assist in capturing and adapting
expert knowledge and experience for risk evaluations, since it permits the inclusion of human
creativity and intuition (de Ru and Eloff 1996). According to the literature, fuzzy logic techniques
have been developed by researchers for the evaluation of WMSDs with a focus on manual lifting
tasks (Karwowski et al. 1987; 2006; Yeung et al. 2002; Chen et al. 1994). Fuzzy expert systems
were designed to quantify the ergonomic risks to the upper limbs (Moynihan et al. 1995;

McCauley-Bell and Badiru 1996).

With a focus on workstation analysis, a fuzzy multi-criterion decision-making model and a fuzzy
expert system tool were developed for evaluating WMSDs (Nunes 2006; 2009). An ergonomic
expert system was developed using one rule-based and six knowledge-based modules for WMSD
risk assessment in a wide variety of applications (Pavlovic-Veselinovic et al. 2016). These studies
have mainly focused on experts’ linguistic explication of risk factors. However, in practice, the
most important factor is the body joint. In this regard, Golabchi et al. (2016b) proposed using a
fuzzy logic method in conjunction with RULA for field observation-based ergonomic risk
assessment in construction. However, the details of how membership values were assigned to the

variables, which is a crucial but also challenging step in the development of a fuzzy expert system,
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are not given in their study. Moreover, only 29 randomly generated static postures are investigated
and analyzed, and the developed model can only be used to analyze ergonomic risk in a field
setting. Therefore, more efforts are needed to develop the fuzzy logic method in conjunction with
ergonomic posture assessments for automated evaluation of continuous motions to eliminate risk

rating variations caused by human perception errors and measurement errors.

2.4 Predetermined Motion Time System

The motion analysis technique is commonly used for collecting motion times during manual
operations. Predetermined motion time systems (PMTSs) provide standard cycle times for physical
operations by characterizing the working methods and procedures. PMTSs are widely used in
various industries for setting production standards, together with time studies, work sampling, and
standard data (Freivalds and Niebel 2013). PMTSs are based on an engineered work measurement,
which is essential for cost estimation, work planning and scheduling, and decision making
(Genaidy et al. 1989). They are capable of providing process times in the planning phase, and of
facilitating the design of work systems in a targeted manner. In current practice, time studies are
commonly used in the construction industries due to its simplicity and effectiveness. However, the
time study is a traditional technique relied on personal judgment which leads to highly subjective
and unreliable results. In addition, it is time-consuming and error-prone when employed in a
complex working environment. Thus, PMTS is a systematic and objective method to obtain the
standard motion time durations, which can be used in the ergonomic risk assessment of continuous

motions.

The commonly used PMTSs in current practice include Methods-Time Measurement (MTM)

(Maynard et al. 1948), the Maynard Operation Sequence Technique (MOST) (Zandin 1980), and
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the Modular Arrangement of Predetermined Time Standards (MODAPTS) technique (Heyde
1983). In the MTM family, the original MTM system is commonly referred to as MTM-1, which
is the most detailed MTM system. These methods can be distinguished with respect to the level of
precision, the scope of data application, the classification of motion, and the unit of time used
(Genaidy et al. 1989). The majority of PMTSs, though, do not sufficiently address the impacts of
time standards, including various task variables, worker variables, and environmental variables
(Genaidy et al. 1989). In addition to these deficiencies, PMTSs are time-consuming and difficult

to apply, necessitating specialized training (Genaidy et al. 1989).

PMTSs have been employed in various manufacturing contexts to predict assembly task cycle
times. The use of PMTSs has brought considerable benefits in the field of automobile
manufacturing (Razmi and Shakhs-Niyaee 2008; Tuan et al. 2014). The time and motion analysis
originated in industrial engineering, where production occurs in a steady-state environment
(Thomas et al. 1990). Despite the wide and successful applications of PMTSs in other industries,
though, these methods have seldom been applied in the construction manufacturing industry due
to the dynamic nature of the industrialized construction facility. An industrialized construction
setting in which intelligent manufacturing methods are employed offers a stable working
environment and, hence, the opportunity to apply PMTSs for a motion time analysis in
industrialized construction. In construction manufacturing, MODAPTS has been successfully
integrated with discrete-event simulation modelling yielding reliable estimates of manual task
durations (Golabchi et al. 2016a). However, this integrated method is not fully automated and

requires specialized knowledge of simulation modelling.
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2.5 Posture Sway Analysis

Posture sway, or body sway, is defined as the slight postural movements made by an individual to
maintain a balanced position of the body segment. In previous studies, body sway has been
assessed for static and dynamic conditions, such as standing and walking (Spirduso 1995). These
studies have tended to focus on the development of various balance tests and measurements to
provide information on balance capabilities during a static standing condition (Berg et al. 1989;
Wing et al. 1995; Chang and Krebs 1999). For example, posture sway can be measured using a
swaymeter (Lord et al. 1991), which measures the displacement of the body at the waist level. It
can also be measured using Wright’s ataxiameter (Nayak 1987), which measures the angular
movement of the body around the ankle joint. As a more recent development, with the emergence
of motion capture technology, accurate body sway information can be obtained by tracking human
motion over a period of time. For example, researchers have demonstrated the effective use of a
single camera to measure clinical statistics related to standing postural sway (Allin et al. 2008).
Moreover, body sway measurement using inexpensive webcams has been validated in the case of
a Vicon motion capture experiment (Wang et al. 2010). In another study, a markerless image
processing algorithm was developed to estimate the anterior—posterior trajectory of the center of

mass (Goffredo et al. 2006).

In the case of automated ergonomic risk assessments of continuous motions, the natural posture
sway that occurs during the continuous motions involved in completing an operational task can
result in overestimations and fluctuations in the ergonomic risk assessment results (Li et al. 2019b;
Wang et al. 2021a). If we take, for instance, the posture categories in REBA and RULA, there is
no threshold to determine whether a risk score of 1 is needed or not. For example, while the posture

judgments for neck twisting position, neck lateral bending position, trunk twisting position, and

25



trunk lateral bending position are all 0°, the worker cannot in reality maintain a joint angle with 0°
due to the body structure and the minor movements of other body segments. Thus, for posture
judgments, thresholds that account for the minor movements of body joints are required in order
to ensure the accuracy of the automated ergonomic risk assessment of continuous motions.
However, the human posture sway that naturally occurs during dynamic and continuous motions
is not accounted for in existing ergonomic risk assessment methods. Thus, a laboratory
investigation to determine the acceptable magnitude of minor body joint movements naturally
occurring due to posture sway is needed in order to eliminate risk estimation errors and risk rating

fluctuations in ergonomic risk assessments of continuous motions.

2.6 Research Gaps

This chapter reviewed the ergonomic risk assessment methods used in current practice. These
assessment methods are rule-based methods for evaluating working postures. Based on a review
of the relevant literature, there is no suitable assessment method for the ergonomic risk evaluation
of dynamic and continuous motions. The use of existing methods for the automated assessment of
dynamic and continuous motions is challenged in three notable respects, including (1) variance in
ergonomic risk resulting from the discrete boundaries between the predefined posture categories
in existing ergonomic risk assessment methods; (2) inaccuracy of the ergonomic risk assessment
results due to the lack of consideration of continuity and standard motion time feature in dynamic
and continuous motions; and (3) overestimation issues in the ergonomic risk assessment caused
by the natural minor movements of human body joints in natural posture sway and the ambiguity
in distinguishing between posture categories during the adjustment risk rating process in existing

ergonomic risk assessment methods (i.e., REBA and RULA). Thus, this study seeks to fill the
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research gaps with respect to these three challenges in the automated ergonomic risk assessment

of continuous motions.

According to the identified research gaps, fuzzy logic, PMTS, and posture sway analysis are
reviewed. The findings underscore the need for a systematic and objective framework that
integrates these methods (i.e., fuzzy logic, PMTS, and posture sway analysis) in order to
automatically evaluate the ergonomic risks of continuous motions. Specifically, fuzzy logic can
be deployed to eliminate the variations in risk ratings caused by human perception and
measurement errors in body joint estimation. PMTS, meanwhile, can be applied to overcome the
inherent limitations of subjective estimation of motion time durations. Posture sway analysis,
finally, can be employed to identify the minor movements of body joints associated with natural
posture sway in the determination of posture categories as part of ergonomic risk assessments. The
following chapter describes in detail how these methods are integrated and used in the ergonomic

risk assessment of continuous motions.
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CHAPTER 3: RESEARCH FRAMEWORK

3.1 Background

This chapter introduces the overall research framework implemented in this thesis. As reviewed
in the previous chapter, rule-based ergonomic risk assessment methods are crucial for the
evaluation of ergonomic-centric workplace design in industrialized construction, and many
research studies have been conducted in this domain. However, one of the key challenges of
existing ergonomic risk assessment methods is the lack of an accurate and objective evaluation
method for automatically assessing continuous motions that associated with the workplace design.
In this chapter, a novel research framework for automated ergonomic risk assessment of
continuous motions is outlined. The proposed framework can be divided into three main sections—
3D fuzzy-based assessment, 3D standard motion time-based assessment, and posture sway-
incorporated assessment for continuous motions—each of which is described briefly in this chapter.

More details on analysis methods are included in subsequent chapters.

3.2 Proposed Framework

An overview of the proposed framework for automated ergonomic risk assessment of continuous
motions is presented in Figure 3-1, which include three sections: (1) 3D fuzzy-based assessment;
(2) standard motion time-based assessment; and (3) posture sway-incorporated assessment. In the
present research, the 3D visualization-based ergonomic risk assessment method is used as the basis
and as an example to illustrate the proposed framework and the implemented results. In order to
design the ergonomic-centric workplace using the proposed framework, the 3D visualization of

the workplace is required to develop and the 3D human model of the continuous motions in the
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tasks is required to create according to the workplace design. Then, the 3D human model is
decomposed frame by frame to obtain the postures at each time frame in the continuous motion.
The body joint angles are extracted from the postures at each time frame and formatted for the
ergonomic risk assessments. The rule-based fuzzy expert system is developed and integrated with
the rule-based ergonomic risk assessment methods to generate the risk rating scores of all postures
for all the time frames in the continuous motion. Moreover, an experimental study in the motion
capture system is proposed to identify the accepted posture sway magnitude to modify the posture
categorization of adjustment risks in the current ergonomic risk assessments. Since the time feature
of the continuous motions is necessary, the proposed framework integrates the standard motion
time durations with ergonomic posture risk ratings. Thus, the research also involves the
development of an automated rule-based motion recognition and automated PMTS interpretation
algorithms to generate basic motion series and the corresponding standard motion time durations.
Meanwhile, a mapping method of risk rating and standard motion time is proposed to generate the
standard motion time-based ergonomic risk rating of continuous motions for the decision support

of ergonomic-centric workplace design.

The decision support module is developed in the proposed framework. The average risk ratings of
continuous motions based on the standard motion time is used to check the ergonomic performance
of the workplace design. If the risk level is not satisfied, the modification recommendations are
provided for the workplace design and the associated 3D human motions. Otherwise, the risk rating
visualization of continuous motions is generated. Finally, the valuable information of the
workplace design is outputted, including the fuzzy-based ergonomic risk ratings, standard motion
time durations, visualization of continuous motions and the workplace design, and

recommendations for work modification (if any). In this research, 3ds Max software is used to
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design workplaces, simulate detailed human motions, and develop work modifications intuitively.
Python (version 3.7), a free programming language for statistical computing and graphics, allows
users to effectively generate, modify, and structure data. Thus, Python is used to develop and drive

all components of the entire framework.
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Figure 3-1. Overview of the proposed framework

As illustrated in Figure 3-1, the proposed framework can be divided into three main sections as

follows:

1. 3D fuzzy-based assessment: The development of an automated 3D fuzzy-based
ergonomic analysis method serves the research objective 1, where the main tasks are to
develop the specialized rule-based fuzzy expert system to integrate with the ergonomic
posture assessment methods for the evaluation of continuous motions. The performance of

the fuzzy logic integrated assessment method is also investigated and validated through a
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repetitive lifting experiment. The methodology development is described in greater detail
in Chapter 4.

Standard motion time-based assessment: The development of an automated method to
integrate the predetermined motion time system with ergonomic risk assessment methods
for identifying the standard motion time-based ergonomic risks of continuous motions is
to fulfill the research objective 2. A rule-based motion recognition algorithm is proposed
in this section to automatically detect motions and their parameters for the standard motion
time determination. The MTM-1 system, one of the most detailed PMTSs, is incorporated
into the proposed methodology for the purpose of producing standard time durations of
continuous motions. The details of the proposed methodology and implementation cases
are provided in Chapter 5.

Posture sway-incorporated assessment: The development of a posture sway-
incorporated method serves the research objective 3, where the method modifies the
posture categorization of adjustment risks in the ergonomic posture assessment methods.
The motion capture experiments are conducted to identify the minor movements of body
joints naturally occurring in the completion of tasks due to the posture sway. The identified
minor movements of body joints are used for the determination of the associated posture
categories. The posture sway-incorporated ergonomic analysis method is described in

greater detail in Chapter 6.
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CHAPTER 4: 3D FUZZY ERGONOMIC ANALYSIS FOR RAPID

WORKPLACE DESIGN AND MODIFICATION IN CONSTRUCTION!

Accurate ergonomic risk assessment is a key to effective workplace design and modification in
construction. However, conventional ergonomic risk assessment methods are time-consuming,
error-prone, require human subjects, and are hindered by inter- and intra-observer reliability issues.
This chapter discusses an automated proactive 3D fuzzy ergonomic risk analysis method that
accurately quantifies ergonomic risks of continuous motions for rapid workplace design and
modification, addressing all of the aforementioned limitations. A specialized rule-based fuzzy
inference algorithm is integrated with 3D automated posture-based ergonomic risk assessments to
better capture the gradual transitions characteristic of continuous human motion without abrupt
changes in risk ratings. This method is tested in a repetitive lifting experiment, which proves its
improved accuracy and reliability for ergonomic risk assessment. The results of the analysis are
expected to facilitate the enhancement of safety performance, production performance, and market

competitiveness in industrialized construction.

4.1 Methodology for 3D Fuzzy-based Assessment

The overview of the proposed system is presented in Figure 4-1. The work sequence, process
features, and workplace design information serve as the original data source from which worker
movements and features of the workplace can be derived and imitated in a 3D model. REBA and

RULA are used as two major criteria for defining different risk levels, since they are posture-based

A version of this chapter has been published in Automation in Construction, as follows: Wang, J., Han,
S., and Li, X. (2021). 3D fuzzy ergonomic analysis for rapid workplace design and modification in
construction. Automation in Construction, 123, 103521. https://doi.org/10.1016/j.autcon.2020.103521. It
also has been reprinted with permission from the publisher.
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methods commonly used in the area of ergonomic risk assessment. In the proposed methodology,
REBA and RULA are integrated to provide greater flexibility by focusing on the entire body’s
postures, emphasizing the upper limb postures, and their combination. Some user-defined
parameters are also required, especially for the purpose of extracting body movement data.
Considering its many advantages, such as accuracy and processing speed, the fuzzy logic algorithm
is the specialized rule-based fuzzy expert inference mechanism employed in this research. The
main process includes 3D modelling, fuzzy processing, and interpretation of results. The outputs
of the system are fuzzy-based REBA/RULA risk ratings, 3D ergonomic-centric design
visualization, and recommendations for work modification (if any). The Python (version 3.7)
programming language for statistical computing and graphics is used to develop and implement
the proposed algorithm. Python is selected, it should be noted, due to its breadth and ease of use

and its ability to effectively generate, modify, and structure data.

Main Process

Inputs ,—\- - -, Criteria
e N a 3D human model /ﬁ
*  Workplace creation +  User-defined
design Rule-based fuzzy parameters
. . . expert system . F logi
information ‘ Body joints data Risk rating uzzy logic
*  Work sequence collection visualization algorithm
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features Format rating checking procedures and
*  Video information standards
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\ Information output /
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* Detailed recommendations for work modifications if needed

Figure 4-1. Overview of the 3D fuzzy ergonomic risk assessment system
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4.1.1 Input Data Preparation

The input data is collected from the work sequence, process features, and workplace design
information. (Video recordings are recommended if the assessment is for the purpose of assessing
and modifying an existing workplace.) In order to capture the features of body movements for the
convenience of later-stage processing, front-facing and profile videos are recorded. Workers’
anthropometric data and repetitive information are also collected for the acquisition of user
demands. Workstation dimensions and workplace layout are gathered from engineering drawings
in order to obtain detailed information for the purpose of generating the 3D model. Other
information, such as the weight and dimensions of module (e.g., walls and floors), task procedures

and requirements, and tool specifications, is collected to support the subsequent processes.

4.1.2 Implementation Process

The implementation process is divided into three sequential phases—3D modelling; fuzzy
processing; and interpretation of results—as shown in Figure 4-1. Based on the input data collected,
an accurate 3D model is created frame-by-frame in 3ds Max software, which allows users to design
workplaces, simulate detailed human motions, and develop work modifications intuitively. Body

joint angles are required by REBA and RULA as input variables for the ergonomic risk assessment.

For automation and reliability purposes, a total of 41 joint angles covering the sagittal plane, frontal
plane, transverse plane, and axial rotation are extracted and stored in a database for 3D modelling.
Table 4-1 lists the detailed joint angle information, which is sufficient for the data formatting
process and, ultimately, generating the required body segments’ positions. The joint angle data in
the time series format is transformed into a compatible and interpretable format for subsequent
fuzzy logic algorithm processes. The hierarchical bone structure adopted in the 3D human model

is the Biovision Hierarchy (BVH) format (Meredith et al. 2001), which is a compact and concise
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format for body configurations and rotational joint data representation in motion capture systems.
As mentioned above, a total of 41 joint angles of the 3D human model are defined corresponding
to the required angles of each body segment in the biomechanical analysis software, 3D Static
Strength Prediction Program (3D SSPP) (University of Michigan 2017). The respective ergonomic
risk rating methods integrated in the proposed system, it should be noted, each define a given body
segment’s position in terms of the joint angle between the body segment and the extension of its
connected body segment. The joint angle conversion between the 3D biomechanical model and
the REBA/RULA methods is described in detail in a prior study by authors of the present study

(Li et al. 2019Db).

To fit the requirements of the ergonomic risk rating methods in the fuzzy processing stage, a data
formatting process is developed in Python to perform the joint angle conversion for subsequent
ergonomic risk rating processes. The completed dataset is transformed into a table format in which
each variable is saved in a column and each time frame is saved in a row. All the joint angles keep

four decimal places as the float format to ensure precise computations in subsequent procedures.

Table 4-1. List of 41 joint angles extracted from the 3D human model

Body
Sagittal plane Frontal plane Transverse plane Axial rotation
segment
2
3
Head 1 Head Flexion Head Lateral —
Head Rotation
Bending
5
6
Neck 4 Neck_Flexion Neck Lateral —
i Neck Rotation
Bending
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Shoulder

Upper
arm
Lower

arm

Trunk

Pelvis

Upper
leg
Lower

leg

Foot

Hand

Clavicle Vertical
(7L/8R)
UpperArm_Vertical
(11L/12R)
ForeArm_Vertical
(15L/16R)

19 Trunk Flexion

UpperLeg Vertical
(24L/25R)
LowerLeg Vertical
(28L/29R)
Foot Vertical
(32L/33R)
Hand Vertical
(36L/37R)

20
Trunk Lateral
_Bending
22
Pelvis_Lateral

_Bending

Clavicle Horizontal

(9L/10R)

UpperArm_Horizontal

(13L/14R)
ForeArm_Horizontal

(17L/18R)

UpperLeg Horizontal
(26L/27R)

LowerLeg Horizontal

(30L/31R)
Foot Horizontal
(34L/35R)
Hand Horizontal

(38L/39R)

21

Trunk Rotation

23

Pelvis_Rotation

Hand Rotation
(40L/41R)

Note: Naming of 41 joint angles in the table above follows the conventions of the database,

where “L” and “R” refer to the left and right sides of the body.

The proposed system employs a rule-based fuzzy expert system to eliminate discrepancies in

ergonomic risk ratings and thereby improve the accuracy and reliability of the ergonomic risk

assessment. Figure 4-2 shows the mechanism by which the rule-based fuzzy inference algorithm

operates. The algorithm consists of three sequential components: input encoding, rule-based

inference, and output decoding. It is a fuzzy logic-based method for modelling the subjective

uncertainty first described by Zadeh (1965).
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As traditional ergonomic risk assessment methods, REBA and RULA can only assess postures at
a specific moment and provide an integer risk score, resulting in a stepped shape graphical
representation of continuous postures. These predefined, discrete boundaries between risk
categories entail that a small change in joint angle input can result in a sudden jump or drop in the
assessment results. In other words, REBA and RULA are incapable of representing gradual
transitions between different risk rating levels or incorporating human perception during
identification of body segment positions, particularly for postures that involve body segment

positions close to the predefined borders between risk categories.

With the introduction of 3D modelling, its highly precise quantitative body movement
measurements only increase the demand for accurate assessment at the boundaries between risk
categories. In REBA and RULA, changes in body joint angle as small as 1° or even 0.0001° can
result in a sudden change in integer risk score, and fluctuations in risk scores when assessing
continuous motions have been identified in the literature (Li et al. 2018). To achieve transitional
risk scores that more accurately represent continuous motions, a fuzzy logic algorithm is integrated
with REBA and RULA to address human perception issues and prevent these abrupt changes in

risk scores.
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Figure 4-2. Rule-based fuzzy inference algorithm in REBA

The input encoding component involves membership function development of all model variables.
The fuzzy membership function maps a universal set of objects, X, to the unit interval of 0 and 1,
thereby enabling quantitative calculations in the subsequent fuzzy inference process. In a real
environment, with inherent uncertainties and vagueness, there is always a lack of useful
information to assist in making an appropriate decision for all joint angles. As such, deterministic

values are incapable of accurately representing the postural performance.

Fuzzification in the input encoding component converts the numerical input values to the
appropriate fuzzy sets through the use of various types of curves, including Gaussian, triangular,
and trapezoidal membership functions (Klir and Yuan 1995). In the interest of simplicity and
efficiency of the fuzzy logic computation, simplicity of the application, and to facilitate

understanding for participants (Poveda and Fayek 2009), trapezoidal and triangular shapes are
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used to construct fuzzy membership functions for joint angles and risk scores to capture the
uncertainty at the close-to-border positions in REBA and RULA. In the present research, threshold
(/) is introduced to construct the membership functions. It is defined as the level at which the
ergonomic effect begins to be produced, representing the smoothness of the effect in the risk
transition. Thus, the gradual transition, considering both sides of the predefined border position, is

from (border — /) to (border + /).

The threshold setting is the main criterion in the membership function development. Although the
threshold is set as a user-defined parameter for better flexibility, it is capable of up to 5° to fulfill
the trapezoidal or triangular shape of all possible membership functions. In this study, the
maximum value of 5° is used for demonstration purposes. A transition range of 10° is also applied.
This threshold setting ensures the membership value of 0.5 at the crossover points between
adjacent membership functions, gradual transitions between risk categories, simple and uniform
settings of the gradual transitions, and triangular or trapezoidal shapes of the membership functions
in the fuzzy logic model. The points of intersection are set as the predefined borders in REBA and
RULA for all body segments (except the trunk at the straight standing position in REBA and

RULA and the wrist position at 0° in RULA) that obtain full degrees of membership.

The graphical representation of the threshold is the distance between the border of the risk category
and the root of the membership function obtaining 0 degrees of membership, as shown in Figure
4-3. The trapezoidal membership function is constructed as per Equation 4-1, where u, is the
membership value, a is the number of degrees at the lower border, and £ is the number of degrees
at the higher border predefined in REBA and RULA. The input variables of REBA/RULA in
discrete form are transformed into trapezoidal membership functions that can be processed in the

fuzzy inference system. Although the lateral bending angles in the frontal plane and axial rotation
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angles of body segments are simply defined as adjustments to supplement the flexion/extension
angles in the sagittal plane in REBA and RULA, these angles are still assigned respective

membership functions to facilitate the full coverage of the body postures in the proposed

methodology.
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Figure 4-3. Graphical representation of Threshold (/) for neck flexion in REBA

Rule-based fuzzy inference processes examine the risks to which each body segment might be
subjected and determine the level of risk based on REBA and RULA. Three sets of if-then rules
are developed based on the three scoring tables in REBA and RULA, respectively. These if-then
rules represent relationships among fuzzy variables and provide a fuzzy reasoning mechanism
linking the input variables with the output or intermediate variables (Rey et al. 2017). The form of
condition and conclusion statements captures qualitative concepts and represents the links between
risks at the joint-level, body-segment-level, integrated-body-segments-level, and grand-level. A

total of 240 and 272 if-then rules are developed for REBA and RULA, respectively. An example
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of an if-then rule derived from Table A in RULA (McAtamney and Corlett 1993) is shown in

Figure 4-4.
Table A Wrist 1 2 3 4

Wrist Twist  Wrist Twist  Wost Twist  Wost Twast
Upper Lower Arm I I
= 1 2 1 2 1 2 1 2 i }
I If |
1 1 - - 2 2 - - - ! UpperArmSecore is 2 and |
1 2 2 2 2 2 3 3 3 3 ! LowerArmScore is 1 and |
3 2 3 3 3 3 3 4 ) ! WristScore is 3 and |
I WristTwistScore is 2 |
1 2 3 3 3 3 4 4 I |
| Then i
2 2 3 3 3 3 3 4 4 4 I Score A is 4 }

|
3 3 4 4 4 4 4 5 5 | |

Figure 4-4. Example of an if-then rule derived from Table A in RULA (McAtamney and Corlett

1993)

The triangular norm (t-norm) and triangular conorm (t-conorm or s-norm) are indispensable fuzzy
operators used to combine the if-then rules. They generalize the logical conjunction and
disjunction to fuzzy logic, and, subsequently, correspond to the fuzzy intersection and union,
respectively (Klir and Yuan 1995). For the inference process, the minimum t-norm operator that
corresponds with the logical AND in the if-then rules is used to combine the input variables with
the output for each rule, while the maximum s-norm operator is used for the aggregation of the
rules (Klir and Yuan 1995). The fuzzy inference system establishes the links between the four
levels for ergonomic risk assessment. With the implementation of the rule-based fuzzy inference
algorithm, gradual and uniform transitions between risk rating levels are generated for all the joints

and body segments.

The output decoding process is applied to obtain the deterministic values of the rule-based fuzzy

inference system through the application of defuzzification techniques. Defuzzification is an
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inverse process of fuzzification, which is the final stage in the fuzzy logic system to generate the
most accurate quantifiable representation of the aggregated fuzzy sets produced by the inference
mechanism. This representation is achieved by assigning numerical values using defuzzification
methods such as the centroid, bisector, and maxima methods (Klir and Yuan 1995). The most
commonly used method is the center of area (Co4) method, also referred as the centroid method,
which computes the geometric center of the fuzzy set. As an alternative method, the bisector
method determines the half-area position of the fuzzy set, while maxima methods only consider
values with maximum membership (Klir and Yuan 1995). The advantages of the Co4 method are
its consideration of all the information contained in the membership functions, as well as its
consistency, simplicity, intuitive supportability, and computational efficiency (Runkler 1996). In
light of these advantages, the Co4 method is adopted in the methodology described herein. The
calculation used here can be mathematically expressed as Equation 4-2 (Klir and Yuan 1995),
where x is the ergonomic risk score, p4(x) is the corresponding membership values, and the x,,iy,

and x,, 4, define the range of the ergonomic risk scores.

Ymax  (x) X x
CoA(A) = Zmin i“
D pa(x)

Xmin

Equation 4-2

In summary, the methodology is developed using trapezoidal and triangular membership function
shapes, a minimum t-norm operator (for linking the input variables to the output in each rule), a
maximum s-norm operator (for the aggregation of the rules), and CoAd defuzzification (for
generating the output in deterministic form). It should be noted that the workplace design can be
modified using these outputs, whereby the user gains a more quantitative and determinate

understanding of a worker’s ergonomic performance.
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An ergonomic risk rating check is conducted after carrying out the fuzzy inference. If the rating is
satisfactory to the user, the workplace design and imitated movements are fixed, and we proceed
to the next stage, which is the results interpretation stage. If the rating is not satisfactory to the user,
the workplace parameters and the movements involved in performing a given task must be
modified in the 3D model to address the identified high-risk motions. The results interpretation
stage includes risk rating visualization of both the grand rating and the detailed ratings of body
segments in the intuitionistic graphs. The information output is a concise and comprehensive
summary that serves as a useful point of reference for any workplace redesign or work

modification that may be required.

4.1.3 Output of Methodology

The outputs of the methodology include numerical ratings, visualized illustrations, statistical
supports, and detailed information regarding any work modifications that may be required. To
visually represent and compare the ergonomic risk ratings for entire dynamic motions, the risk
ratings obtained from the aforementioned processes are plotted at four different levels: the joint-
level, body-segment-level, integrated-body-segments-level, and grand-level. Statistics such as
mean, maximum, and minimum of risk scores, corresponding risk levels, and frame percentage
change can be obtained from the generated series of ergonomic risk ratings for continuous motions.
Python is used to calculate any statistical summaries of interest, as well as to generate plots. Data
visualization is used to serve the objective of easily and quickly retrieving ergonomic-centric
workplace design information through implementation of the proposed system. 3D ergonomic-
centric design can be visualized for demonstration and employee training purposes as well. If work

modification is needed, detailed recommendations are provided.
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In addition, to support decision making, the system can provide a statistical summary and
quantitative comparison of ergonomic performance according to different workplace designs and
task procedures visualized in the developed interface. The visual comparison of a worker’s
ergonomic performance in different workplace designs, meanwhile, helps to determine the
direction of workplace design changes and work modifications based on the risk level and the
motion ranges that pose high ergonomic risk. This leads to corrective or preventive solutions to
ensure acceptable risk rating results. All the warnings, errors, origins, and possible solutions and
corrections are presented in the proposed system’s user interface as a point of reference for
workplace and work design. The validation process for the methodology is discussed in the

following section.

4.1.4 Validation Method

The proposed 3D fuzzy ergonomic risk assessment methodology is compared with the validated
3D visualization-based ergonomic risk assessment using the experimental data collected in the
optical marker-based motion capture system and 3D modelling for validation. The purpose of
integrating the experimental data with the 3D modelling data is to provide a validation process for
the proposed methodology, thereby augmenting the accuracy and reliability of ergonomic-centric
workplace design. A three-step validation is implemented encompassing joint allowance settings,

frame-by-frame four-level risk rating comparisons, and correlation analysis.

The first step in the validation examines the joint allowance settings. The minor movements of
joints and human body sway that occur naturally during the performance of tasks can result in
uncertainty with respect to ergonomic risk rating. With the threshold setting in the fuzzification
process, the transitions between different risk scores are formed. The optimal threshold value of

each body joint can be validated through the experiments.
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As the second phase in the validation process, frame-by-frame validation at four different levels is
conducted to prove the accuracy and reliability of the 3D fuzzy methodology. The ergonomic risk
ratings of experimental data, 3D extracted data, and 3D extracted data with the 3D fuzzy method
at each time frame are compared at the joint-level, body-segment-level, integrated-body-segments-
level, and grand-level. According to the architecture of REBA and RULA, the performance of
each joint along three different planes and the axial rotations are validated, respectively, with
subsequent validation of the overall performance. The risk rating at each time frame is compared

using average error (Error) and root mean square error (RMSE), as per Equation 4-3 and Equation

4-4,
____ 1x .
Error = —Z(Ei - X)) Equation 4-3
e
(X —E)? Equation 4-4
RMSE = |[==——
\/ n

where  E; = risk ratings from experiment without joint allowance settings at time i;
X; = risk ratings from experiment with joint allowance assumption and fuzzy

allowance settings at time i, respectively.

Statistical associations are compared in the third step of validation through two correlation
analyses. To ensure that the proposed 3D fuzzy method is correlated well with the 3D method, the
correlation coefficient of the grand scores is compared between the 3D and 3D fuzzy methods (i.e.,
“3D vs. 3D-F”). Moreover, to validate that the proposed 3D fuzzy methodology provides a more
accurate representation of the ergonomic performance of movements than does the 3D method,

the risk ratings results from the experimental data are compared with the risk rating results of the
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3D model extracted data, while the risk rating results from the experimental data are compared
with those of the proposed 3D fuzzy model extracted data (i.e., “E vs. 3D” and “E vs. 3D-F”,
respectively). The statistical associations are represented using the Pearson correlation coefficient

(PCC), which is determined as per Equation 4-5 (Rodgers and Nicewander 1988).

i=1(Ei — E) (X; = X)

e (EE — B2 51,06 - 02

Equation 4-5

where E; = risk ratings from experiment at time i;
E = mean risk ratings from experiment;
X; = risk ratings from 3D and 3D fuzzy methods at time i, respectively;

X = mean risk ratings from 3D and 3D fuzzy methods, respectively.

4.2 Results

The implementation of the proposed system in a real construction task is described in this section.
The experiment of a repetitive lifting task imitating a manual lifting task was conducted in an
optical motion capture laboratory. The 3D model was created accordingly in 3ds Max software.
The results obtained from the proposed methodology with various data input configurations are

shown, focusing on the comparison of results between experimental and 3D fuzzy scenarios.

4.2.1 Experimental Setup

To mimic manual material lifting in a construction plant, an experiment of a repetitive lifting task
performed in an optical marker-based motion capture system was conducted (Li et al. 2017). 41
joint angle data were extracted from the experiment to be compared with the corresponding 41
joint angle data from the 3D model. The experiment was performed at the Glenrose Rehabilitation

Hospital’s Syncrude Centre for Motion and Balance (Edmonton, Canada) by three male subjects
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ranging from 57.0 kg to 80.5 kg in body weight, from 173 c¢cm to 180 cm in height, and from 27 to
31 years of age with no history of injury. In the experiment, 8 high-speed cameras were used to
capture the body segments’ kinematics with the configuration of 36 self-adhesive reflective
markers attached to the specific joints on the skin. The object lifted was a 6.8 kg (15 1b), 45.7 cm
x 61.0 cm (18 in x 24 in) rectangular window, initially positioned on a table whose center was
positioned 50.8 cm (20 in) away from the knees. The entire dynamic motion of lifting the window,
it should be noted, was divided into four sections: trunk flexion forward to reach for the window,
trunk extension backward to move and lift the window close to the chest in an upright standing
posture, trunk bending forward to return it to the table, and return to the natural standing posture.
All four sections were repeated without bending of the legs or any twisting or lateral bending of

the spine.

4.2.2 Implementation Results

The following implementation results illustrate the functionality of the fuzzy logic approach, as
demonstrated in the subjective assumptions of joint allowance and in the high correlation between
the 3D method and the proposed 3D fuzzy method. The results also illustrate the improved
correlation of the proposed 3D fuzzy method comparing to the 3D method with respect to the

baseline performance of the experimental data.

4.2.2.1 Joint Allowance

Detailed comparisons of joint angles between the lifting experiment and the corresponding 3D
model as documented in a prior contribution by authors of the present work (Li et al. 2018)
underscore the high accuracy and reliability of the 3D model developed based on the experiment.

Experimental data are selected and processed as the basis for comparison, given the reliability of
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an optical marker-based motion capture data collection as described by Eichelberger et al. (2016).
With the threshold settings in the fuzzification process in place, the gradual and uniform transitions
between risk rating levels are generated for all joints and body segments. Figure 4-5 illustrates the
transition performance using an example of the upper arm with a comparison between the initial
risk scores obtained for upper arm flexion and the corresponding grand risk scores in both REBA

and RULA, while other variables assigned with the lowest risk scores, respectively.
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Figure 4-5. Gradual transition performance in REBA/RULA with the integration of rule-based

fuzzy inference system: upper arm flexion as an example

In the experiment, the subjects are asked to conduct the movements with straight legs and without
any twisting or lateral bending of the spine. However, in reality, it is inevitable that the trunk will
be tilted slightly to the side and that the legs will be bent to a certain degree. As shown in Figure
4-6 (a), up to 4° of trunk lateral bending is observed among the three subjects. Thus, 4° is selected
as the upper boundary for the lateral position in the judgment of trunk rating adjustment in REBA
and RULA. In REBA, it should be noted, the risk ratings of legs are defined as either balanced or
imbalanced, with this determination being made based on the difference in the angle formed
between the two legs. Figure 4-6 (b) shows the angle difference between legs for all three subjects.

As can be seen, the largest angle difference observed is in Subject 1, whose angle difference peaks
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at 13°. Thus, the upper boundary for balanced legs, derived from subject 2 and subject 3, is
determined to be 5°. Assumptions related to joint allowance have also been employed in the
previous study by Li et al. (2018) in order to achieve automated implementation of REBA and
RULA in conjunction with 3D visualization. Although these assumptions are found to serve both
the experimental data and the 3D modelling data satisfactorily, the subjective selection of these

assumptions warrants further adjustment and validation by means of physical experimentation.
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Figure 4-6. Trunk lateral bending angles (a) and the difference between left and right leg angles

(b) observed during lifting experiment

Due to the limited joint angle data for the identification of the joint allowance settings, a fuzzy
logic approach can be used to achieve gradual transitions around the boundaries when evaluating
postures in REBA and RULA. In this manner, it can function as a gradual allowance setting in lieu
of subjective joint allowance assumptions. Figure 4-7 illustrates the effect of the joint allowance
settings on the balanced leg, trunk lateral bending, and the corresponding grand scores for Subject
2 as an example. The fluctuation in the leg risk ratings and in the grand-level risk ratings is

attributable to the leg performance when no allowance is being applied, since, under this
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arrangement, the risk rating changes immediately when the legs are not balanced. The risk ratings
for trunk lateral bending are between 0 and 1 when fuzzy logic is applied to the joint allowance
settings. With respect to the grand scores, they are under-estimated when the joint allowance
assumptions are not rigorous compared to the results when no joint allowance is applied. In other
words, the gradual allowance settings assist in providing reasonable results at both the joint-level
and the grand-level. Table 4-2 shows the average error and RSME for all three subjects.
Considering the three subjects on average, the gradual allowance settings resulting from fuzzy
logic integration provide 7.02% and 11.67% of reduced average errors and 7.41% and 6.22% of
decreased RMSE in the grand risk ratings in REBA and RULA, respectively. As such, the fuzzy
allowance is selected for use in the proposed 3D fuzzy method in order to improve the accuracy

of the ergonomic risk ratings.
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Figure 4-7. Risk ratings of leg and trunk lateral bending and the corresponding grand scores in

REBA: Subject 2 as an example
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Table 4-2. Error and RMSE comparison of grand ratings for all three subjects

Subjects and methods

Subject 1 Subject 2 Subject 3

Method Factors A F-A N A F-A A F-A

Error 1.73 1.59 -  2.04 1.94 1.96 1.80
REBA

RMSE 1.94 1.78 - 229 2.18 2.29 2.07

Error 0.20 020 - 0.35 0.30 0.15 0.12
RULA

RMSE 0.45 0.45 - 0.59 0.55 0.39 0.34

Note: N =no allowance; A = Allowance assumption; F-A = Fuzzy allowance.

4.2.2.2 Four-level Frame-by-frame Results

The risk ratings in REBA for trunk movement at the four different levels of assessment for Subject
2 are plotted in Figure 4-8 as an example. The risk ratings are integers appearing as stepped lines
across the time series of continuous motion, while the risk ratings from the proposed 3D fuzzy
methodology are decimals appearing as smooth curves across the times series due to the integration
of fuzzy logic. In both the 3D and 3D fuzzy methods, the joint-level risk ratings of trunk lateral
bending from the 3D model are not fully aligned with those from the experiment. This is due to
the lack of reference in the transverse view and frontal view when building the 3D model.
Furthermore, the horizontal joint angles are not as accurate as the vertical joint angles. Meanwhile,
the risk ratings generated by the 3D and 3D fuzzy methods are found to be well aligned with one

another with respect to joint-level trunk flexion/extension, body-segment-level trunk movement,

integrated-body-segment-level trunk movement, and grand-level trunk movement.
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Figure 4-8. Four-level comparison of trunk risk rating in REBA: Subject 2 as an example

The grand scores are generated in consideration of force/load, coupling, and activity scores for
REBA and in consideration of muscle use and force/load scores for RULA. The minimum coupling
rating, activity rating, muscle use rating, and a load/force rating of 1 are applied in this study for
both REBA and RULA. Figure 4-9 depicts the grand rating scores and risk levels of REBA and
RULA for Subject 2 as an example. As can be seen in Figure 4-8 and Figure 4-9, the 3D fuzzy
ergonomic analysis generally follows the same trend for both REBA and RULA. The three-step
validation results indicate that the proposed 3D fuzzy approach is capable of improving the
accuracy and reliability of the post-3D ergonomic analysis proposed by Li et al. (2019b).

Considering the results of all subjects on average, the proposed 3D fuzzy ergonomic analysis
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provides improved accuracy of the estimation in REBA, with a 4.07% increase in Error and a

2.49% decrease in RSME on average, as well as of the estimation in RULA, with average decreases

of 1.99% and 6.43% in Error and RSME, respectively.
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Figure 4-9. Grand-level comparison of risk scores and risk levels for the entire motion in REBA

and RULA: Subject 2 as an example

4.2.2.3 Correlation Analysis

With respect to the grand-level risk rating comparison between the 3D method and the proposed
3D fuzzy method for all three subjects, average PCCs of 0.96 and 0.84 are obtained for REBA and
RULA, respectively. This indicates a strong correlation between REBA/RULA and the proposed
fuzzy-integrated REBA/RULA approach. Considering the experiment with REBA/RULA as the

baseline performance, average PCCs of 0.81 and 0.84 for REBA and 0.56 and 0.67 for RULA are
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obtained in characterizing the relationships between experiment and 3D method and between
experiment and 3D fuzzy method, respectively. The results indicate an improved correlation
between REBA/RULA and the proposed fuzzy-integrated REBA/RULA according to the rule of
thumb for interpreting the size of a correlation coefficient (Hinkle et al. 2003). Considering the
results of all subjects on average, the 3D model data with the fuzzy-integrated REBA/RULA in
the proposed system is found to represent a 3.29% average improvement in PCC for REBA and
18.93% for RULA compared with the 3D model data with REBA/RULA only. The results indicate
that the proposed methodology is capable of providing gradual transitions between risk scores, and
that the accuracy of the risk estimations is thereby improved. Table 4-3 summarizes the PCCs of

the grand-level ratings for all three subjects.

Table 4-3. Correlation coefficient comparison of grand-level ratings for all three subjects

Subjects and methods
Subject 1 Subject 2 Subject 3
3Dvs. Evs. Evs. 3Dvs. Evs. Evs. 3Dvs. Evs. Euvs.
3D-F 3D 3D-F  3D-F 3D 3D-F  3D-F 3D 3D-F
REBA 094 0.77 0.80 0.97 0.81 0.85 0.97 0.85 0.86
RULA 091 0.67 0.71 0.81 0.52 0.64 0.81 0.50 0.66
Note: E = experiment; 3D = 3D method; 3D-F = proposed 3D fuzzy method.

Method

4.3 Discussion

The purpose of the proposed methodology is to accurately and efficiently quantify and compare
the ergonomic risk ratings of workers in existing and proposed workplaces prior to implementation
(i.e., before any critical or irreversible ergonomic hazards due to poor work design have occurred).
The proposed methodology encompasses the following procedures: (i) it extracts and transforms

motion-related features of the entire working process from 3D models into an interpretable dataset,
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thereby enabling the implementation of posture-based ergonomic risk assessment methods; (7i) it
implements a fuzzy-based ergonomic assessment method to numerically evaluate ergonomic
performance for rapid workplace design and modification, thereby improving the accuracy of the
ergonomic risk assessment by incorporating more accurate information concerning body joint
angles; (iii) it employs statistical analysis to quantitatively compute the ergonomic performance
that can be expected to result from a proposed work modification, thereby reducing considerably
the effort and cost incurred in workplace reconstruction (since a series of workplace designs can
be evaluated and compared easily within the 3D environment); and (iv) it contemplates future
applications that could comprehensively improve occupational health and production planning

through the implementation of proactive ergonomic-centric workplace design.

It is also worth noting that the inputs and outputs, criteria, and principal processes in the proposed
methodology are interpreted both mathematically and graphically. The present study expands upon
a prior contribution by authors of the present work (Li et al. 2018; 2019b) through the
implementation of a specialized rule-based fuzzy inference algorithm, accounting for minor
movements of joints during task performance and thereby capturing the gradual transitions
characteristic of continuous movement and achieving more realistic and accurate estimation. The
integration in this methodology of the fuzzy logic algorithm addresses to some extent the
limitations of REBA and RULA through the transitioning between risk ratings and the joint
allowance settings. Moreover, the body movement evaluation process is automated for the entire
continuous motions. The movement data from a repetitive lifting experiment in a laboratory
environment imitating a real material lifting task in construction demonstrates the applicability

and feasibility of the methodology.
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The minor movements and human body sway, such as wrist lateral bending, wrist twisting, trunk
lateral bending, and imbalanced leg posture, that occur naturally and are identified and quantified
through physical experimentation, are not clearly accounted for in the key ratings in either REBA
or RULA. Thus, joint allowance is investigated in order to validate judgment pertaining to posture
in risk rating adjustments related to balance of the legs, raising of the shoulder, and lateral bending
and rotation of the neck, trunk, and wrist. Other joint allowances are not addressed in the

experiment, but will be further investigated in future research.

Considering the above ergonomic risk rating results for the three subjects, it can be concluded that
the proposed 3D fuzzy method provides more accurate estimations of the grand ratings in REBA
and a slight overestimation in RULA compared to the 3D method. In particular, implementing the
experimental data in REBA and RULA without applying joint allowance settings is found to result
in overestimation. The overestimation of the grand ratings in RULA is mainly attributable to the
neck flexion and extension ratings. Possible explanations are that (i) the neck movements in the
experiment have been underestimated due to only one marker having been placed on Cervical
vertebra 7 (C7) during motion capture, and (ii) the grand ratings are more sensitive to the risk
ratings for neck movements in RULA than they are in REBA, since there are four risk categories

for neck position in RULA compared to only two risk categories in REBA.

Both REBA and RULA focus mainly on the risk ratings related to flexion and extension angles in
the sagittal plane. The ratings associated with the axial rotation angles and the lateral bending
angles in the frontal plane are considered adjustments to the risk ratings of the corresponding body
segments. Accordingly, the experiment design described herein focuses on flexion and extension

in the sagittal plane. The validity of this methodology can be greatly improved if more
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experimental configurations can be implemented and compared with the results from the proposed

3D fuzzy ergonomic analysis.

In the proposed system, both the risk scores and the corresponding risk levels based on REBA and
RULA are automatically obtained for an entire continuous motion. There are five risk levels and
four risk levels defined in REBA and RULA, respectively. The risk scores improved by the
proposed method are considered to represent significant changes on the final ergonomic risk level
judgments. Specifically, postures with a score of 11 in REBA or 7 in RULA are extremely risky
postures (i.e., within the highest risk level) and therefore require immediate attention. Moreover,
human perception errors and instrument limitations during experimentation may lead to high-risk
postures going undetected, and this is a critical issue in ergonomic risk assessment that can be

eliminated by the proposed method.

The research described herein is of practical value to the construction enterprises in that it provides
an approach for assessing modified work to ensure improved performance and proactive mitigation
of the risk of work-related injuries and accidents through: (i) providing holistic, efficient, rapid,
and reliable ergonomic risk assessment without interrupting production; (i) providing an
operational-level analysis to identify opportunities for motion improvement prior to
implementation of a proposed change to the existing workplace design; (iii) saving time, effort,
and cost by avoiding the avoidable changes that result from inaccurate evaluation due to human
perception errors; (iv) proactively reducing the potential injuries and claims associated with
ergonomic risks; and (v) broadly improving productivity and quality while reducing workers’
compensation costs through robust and accurate ergonomic analysis. The proposed system
provides a more quantitative understanding of ergonomic performance in the context of

ergonomic-centric workplace design and modification. Many practical challenges can be resolved
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through the use of the proposed system, which facilitates the enhancement of safety performance,

production performance, and market competitiveness.

4.4 Summary

In this chapter, a specialized fuzzy expert system is designed and integrated with ergonomic
posture risk assessment methods for improving the accuracy of assessment results. The proposed
method can (1) generate gradual transitional boundaries to replace the discrete boundaries and
integer-based risk scores in REBA and RULA; (2) eliminate the variance in ergonomic risk ratings
caused human perception errors and instrument limitations when estimating body postures; (3)
address the abrupt changes in risk ratings by better capturing the gradual transitions characteristic
of continuous human motion; (4) reduce the fluctuations in risk ratings caused by the inevitable
minor movements of body joints during human motion; and (5) improve the accuracy of risk scores
for each body segment, and thereby increase the reliability of the resulting, as well as the depth of
analysis they represent. As mentioned above, this system provides a more quantitative
understanding of workers’ ergonomic performance, and as such it can enhance construction
enterprises’ safety performance and, in turn, improve their productivity and market

competitiveness.
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CHAPTER 5: 3D STANDARD MOTION TIME-BASED ERGONOMIC
RISK ANALYSIS FOR WORKPLACE DESIGN IN MODULAR

CONSTRUCTION?

As construction workers are frequently exposed to ergonomic risks, accurate ergonomic risk
analysis for workplace design is needed to mitigate risks and consequently improve productivity.
Currently, ergonomic posture assessments of continuous motions in the 3D human model depend
on the postures and the keyframe of the postures subjectively developed by designers. However,
human perception errors and subjectivity on the decision of motion time can lead to variances in
ergonomic risk ratings, which is not reliable to support workplace design with a constant standard
of motion time. Thus, this chapter describes the development of 3D standard motion time-based
ergonomic assessment by integrating the predetermined motion time system (PMTS). The
proposed method seeks to improve the accuracy of ergonomic posture assessment of continuous
motions by compiling the ergonomic risk ratings in terms of the standard motion time feature.
PMTS is employed to determine the categorization rules in the rule-based motion recognition
algorithm and the standard motion time durations of the motions identified in the proposed method.
The effectiveness of the proposed method is validated in a case study of two workplace designs

for manual assembly tasks in modular construction.

2 A version of this chapter is under review for publication in Automation in Construction, as follows: Wang,
J., Li, X., Han, S., and Al-Hussein, M. 3D standard motion time-based ergonomic risk analysis for
workplace design in modular construction. Automation in Construction. (Under review).
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5.1 Methodology for Standard Motion Time-based Assessment

In this chapter, a 3D standard motion time-based ergonomic risk analysis method is proposed for
construction workers (herein referred to as “3D-MEC”) to provide automatic and detailed
ergonomic posture analysis of dynamic and continuous motions for workplace design and
modification in industrialized construction. An overview of the proposed methodology is
presented in Figure 5-1. The inputs are the 3D model developed based on the standard operating
procedure, measurements of workers (i.e., anthropometry) and the workstation (i.e., dimensions),
and the recorded images and videos of the body motions (if any), shown as Part (a) of Figure 5-1.
The outputs include the standard cycle time of the operational task, standard motion time-based
ergonomic risk ratings of continuous motions, and modified work facilitation and workstation

design evaluation.
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Figure 5-1. Overview of proposed methodology
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The purpose of the proposed methodology is to: (1) obtain standard motion time data—in a
Microsoft Excel format in this case, as shown in Part (e) of Figure 5-1—that records the standard
cycle time of the manual operation in detail, and (2) generate standard motion time-based
ergonomic risk ratings for continuous motions (as shown in Part (i) of Figure 5-1) to support the
design of work modifications. For this purpose, several operations related to determining standard
motion time and assessing posture risk—i.e., Part (b) to Part (h) of Figure 5-1—need to be
conducted. The 3D model must be decomposed frame by frame, as shown in Part (b) of Figure 5-
1, in order to extract the 3D coordinates of body joints and objects that appear at each frame of the
3D model. In the present research, MTM-1 is used as the criterion in the proposed rule-based
motion recognition and PMTS interpretation algorithms, while REBA and RULA are applied as
the main criteria in the frame-based ergonomic risk assessment process.

MTM-1 is a detailed PMTS method containing most of the basic motions seen in other PMTSs
(Genaidy et al. 1989). The main input requirements of MTM-1 are motion types, influencing
factors, and working conditions. For example, the standard motion time duration of the arm and
hand motion “move” is determined by the moved distance of the hand or fingers, the weight of the
object moved, and the working conditions (i.e., moving object to the other hand, to the approximate
location, and to an exact location). The standard cycle times of basic motions, including arm and
hand motions (e.g., reach, move, grasp, release, and turn, etc.), leg and foot motions, eye motions,
and body motions (e.g., walk, bend, and sidesteps, etc.), are provided as the outputs of MTM-1, as

summarized in Table 5-1 (Maynard et al. 1948; Freivalds and Niebel 2013; Groover 2013).
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Table 5-1. Summary of 25 basic motions represented in MTM-1

Standard Animation
MTM motions (Symbol) Description Factor time time (Frame)
(TMU)
Motion
Movement of the length
Reach (R) hand or fingers Motion 1.6 —26.7 2-29
case
Motion
length
Move (M) Relocatingan — Motion =, 765 o5 5 g7
object case
Object
weight
. . Motion
Grasp (G) Grasping an object case 0-12.9 0-14
Class of fit
Arm and Align, orient, or Symmetry
hand Position (P) engage an object to case 566-53.4 6—58
motions another Ease of
handling
Release (RL) Surrenderlng Motion 0-2.0 0_2
control of an object case
Degree of
Rotation of the turn
Turn (T) hand and wrist Object 2.8-282 3-30
weight
Apply pressure Application of Motion 10.6/16.2 11/17
(AP) force case
Separating two Class of fit
Disengage (D) parating Ease of 4.0 -34.7 4-37
objects .
handling
Leg motion Motion 7.1 +1.2 x (length — 6 in)
Movement of leg
Leg-foot (LM-) length (TMU)
motions . .
Foot motion Movement of foot Motion 8.5/19.1 9/21
(FM) case

Eye
motions

Eye focus (EF)

Visual attention on
an object
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Body
motions

Eye travel (ET)

Sit (SIT)

Stand (STD)

Bend (B)

Arise from
bend (AB)

Stoop (S)

Arise from
stoop (AS)

Kneel on one
knee (KOK)

Arise from
kneel on one
knee (AKOK)

Kneel on both
knees (KBK)

Arise from
kneel on both
knees (AKBK)

Walk (W-FT/
W-P)

Sidestep (SS)

Turn body (TB)

Eye movement
with line-of-sight
change

Act of sitting

Act of standing

Act of bending

Act of arising from
bent position

Act of stooping

Act of arising from
stooped position

Act of kneeling on
one knee

Act of arising from
kneeling position
on one knee

Act of kneeling on
both knees

Act of arising from
kneeling position
on both knees

Act of walking

Act of sidestepping

Act of body turning
45°to0 90°

15.2 x motion length /

Motion . )
perpendicular distance
length
(TMU)
- 34.7 37
- 43.4 47
- 29.0 31
— 31.9 34
— 29.0 31
— 31.9 34
— 29.0 31
— 31.9 34
— 69.4 75
- 76.7 83
Number of 5.3 x number of feet
feet/
Number of 15.0 x number of paces
(TMU)
paces
17.0+0.6x (length — 12 in)
Motion /
case 34.1+1.1% (length — 12 in)
(TMU)
Motion 406 370 2040
case
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In MTM-1, all the basic motion times are tabulated in the time measurement unit (TMU), which
is a base unit of measurement for precise and convenient calculations defined as 0.036 seconds
(Maynard et al. 1948). It should be noted that is mainly the arm and hand motions that are of
interest in this work, since most manual operational tasks in modular construction involve
principally the arms and hands. Thus, in the present research, the rule-based motion recognition
algorithm and PMTS interpretation algorithm are developed with a focus on arm and hand motions.
(Full body motions will be further investigated in future research in order to mimic real-world

construction operations in a more detailed and comprehensive manner.)

5.1.1 Standard Motion Time Determination

The purpose of the standard motion time determination is to automatically identify the basic
motions and assign the standard motion time durations of continuous motions. It is composed of
the rule-based motion recognition algorithm, PMTS interpretation, and standard motion duration
logging process, as shown in Part (c) to Part (e) of Figure 5-1. The main process underlying the
determination of standard motion time, meanwhile, is shown in Figure 5-2. After being processed
in the frame-by-frame decomposition of the 3D visualization, the body postures within continuous
motions are saved at each frame. Moreover, the dimensions of the biped bones are collected as the
length, width, and height of cuboids, while the body joint data are extracted as the 3D coordinates
of the pivot point of each bone at each frame. A total of 51 bones are used in the data processing;
these include the head, clavicle, neck, spine, pelvis, thighs, calves, feet, toes, upper arms, forearms,
hands, and finger bones. It should be noted that 5 fingers for each side of the body are set up in the
3D human model for precise animations and standard motion time determination. However, only
one finger is required for the ergonomic risk assessment, since fingers are not considered in REBA

and RULA. The dimensions and 3D coordinates of objects (i.e., work-related elements and tools)
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are exported from the 3D model at each frame. All these time-sequential data derived from the 3D

model are stored for data processing in the subsequent phases of the rule-based motion recognition

process in the formats expressed in Equation 5-1 (representing the 3D human model) and Equation

5-2 (representing the work-related elements and tools).

Decomposed 3D model in timeframe
Frame range MTM-1 code
. 3 «
Co dl[lg 0f-99f R22C
3 > 95£-128f M48A
Frame-by-frame information Computing 12881308 P1S1
Frame pairs object finger Jjoint
Of-1f 0 011
123 0 013 | Moved distance MTM-1 interpretation | Interpreting
100£-101F 0.23 0.23 Motion Moving conditions
o
g
g
; iti Recognizing 3
Rule-based motion recognition ©
— b=}
R22C g
-0 kl:ere: is o hand motion, M; = 0; ED £| 2
0, then: -
1) Ifthe mov cen finger and object decrease to Tr, then: Reach: My = 1;
2} If the distance between finger and object within Tr, then: Angular change of finger > e
Tg: Grasp: M:= 2 change of finger = Tg: Release: M= 3: -
i) 1£ the moved di ]
ved distance of Finger >= 17 Move: My =
di=5;
e = &
Int G Unit conversion @
PMTS-based information integration ntegrating ; - -
€ 21.2 TMUs X0.036s/TMU X 30fps = 23 frames
Key frames:
90f 128 131fF
Time log file 1 Logging
Feaching Moving ‘oattioning Frame ranse Animated time Standard time
f_;;‘“: Motion type ;::‘;:‘:E Weight Condition (frame) (frame)
s 0£99F % 1
Of-99f Reaching
90f-128f 29
-12 Moving -
00f-128f Moving MTM-1 oy 2
128£-130f Positioning Pa[a[netefs

Figure 5-2. Processes for determining standard motion time

65

Equation 5-1



O1x 01y 01z
02y 02y 02z

Equation 5-2
Oix Oiy 0Oiz |,
where, B; and O; are 3D coordinates of the biped bones and objects, respectively, at time frame ¢;

bjxs bj

jy» and bj, are the j™ bone’s position at the x-, y-, and z-axes, respectively; and 0;, 0;y, and

0;, are the i™ object’s position at the x-, y-, and z-axes, respectively.

The rule-based motion recognition algorithm detects all the basic arm and hand motions in the
continuous motion. Following the frame-by-frame decomposition of the 3D visualization, the
distance moved by each body joint and object is computed between two adjacent frames based on
their 3D coordinates and the Euclidean distance using Equation 5-3. As the smallest parts (in the
case of arm and hand motions), fingers are used for rule-based motion recognition. The recognition
rules are developed based on the positions and the MTM-1, and they include: (1) motion “reach”
when the finger is approaching the object while the object is not moving; (2) motion “move” when
the finger and object are close to one another and are moving at the same speed; (3) motion “grasp”
when the fingers are closing to hold the object while the hand remains in the same position; (4)
motion “release” when the fingers are opening to release the object while the hand remains in the
same position; (5) motion “position” when the motion “move” is within 1 inch; and (6) motion
“turn” when the object is turning while the positions of the hand and object remain the same.

d(p,q) = Equation 5-3

Zn:(qt — Pe)?

where p and g are two points in Euclidean n-space, p; and q; are Euclidean vectors, starting from

the origin of the space, and n represents n-space, which is 3D space in this case.
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The pseudo-code for the proposed rule-based motion recognition algorithm is presented in Figure
5-3. The algorithm starts by defining tolerances for motions and loading all the 3D coordinates of
the biped bones and objects at each frame into the 3D model. At this juncture, it should be noted
that the variables of tolerance are predefined in such a way as to overlook minor movement in the
3D model when the animation is not developed in detail. For example, there may be some space
between the object and hand when the object is held by the hand in the 3D model. The tolerance
of reach (7r) is used for determining whether the finger and the object are close enough when
detecting the motion “reach”. In other words, as long as the distance between finger and object is
less than 77, the motion “reach” is satisfied. In step 2, the distance moved by each biped bone and

object between the t frame and the t+1" frame is calculated.

After step 2, values of the index M are assigned for all frames based on the distance moved by
both the finger and the object as follows: M; = 0 for the case of no arm or hand motion, M= 1 for
“reach” motion, M = 2 for “grasp” motion, M = 3 for “release” motion, M =4 for “move” motion,
M; =5 for “position” motion, and M; = 6 for “turn” motion. In step 3, the distance moved by the
finger is first checked. If the distance moved by the finger is 0, then there is no arm or hand motion
(i.e., Mt = 0). When the distance moved by the finger is greater than 0, the distance moved by the
object is then checked. On the other hand, when the distance moved by the object is 0, the obtaining
motions (i.e., motion “reach”, “grasp”, and “release”) are identified with different rules. If the
distance between finger and object decreases to within the threshold defined by 77, the motion
“reach” is identified for all these frames and a value of 1 is assigned to M. Moreover, if the distance
between finger and object is within 77, the angular change of the finger is then checked to

distinguish between the motion “grasp” and the motion “release”.
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The angular change (A8) between two frames, it should be noted, is calculated based on the dot
product theory (Arfken and Weber 2000), as in Equation 5-4 and Equation 5-5. If the A8 of finger
is greater than 0, motion “grasp” is identified; otherwise, if A8 of finger is less than 0, motion
“release” is identified. For example, the given motion is categorized as grasping an object when
AQ is positive (i.e., closing fingers), while it is releasing an object if A6 is negative (i.e., opening
fingers). When the distance moved by the finger and that by the object are both greater than 0, the
angular change of the object is checked to distinguish the rotate action (i.e., “turn” motion) and
the locate actions (i.e., “move” and “position” motions). When the A8 of the object is 0, the motion
“move” is identified, provided that the distance moved by the finger and by the object are about
the same and the total distance within these frames is greater than or equal to 1 inch; otherwise,
the motion “position” is detected. The motion “turn”, meanwhile, is identified when A6 of the
object is greater than 0. For example, the given motion is recognized as the motion “move” when
both finger and object are moved from time frame t to ¢ + n and the total distance is greater than
I inch. The M, index having been assigned to all time frames with respect to one given object in
Step 3, this procedure is then repeated for all objects with respect to a given side of the body in
Step 4, and then Step 5 is to repeat Steps 3 and 4 for the other side of the body. Then, based on the
degree of handling difficulty denoted in the simultaneous motion table in MTM-1, the
simultaneous motion check between the left and right hands is performed in step 6 to generate the
identified motions for the entire body in the time series. Based on the simultaneous motion check
in MTM-1, only a longer time duration is considered when the motions are easy to perform
simultaneously, while the time of arm and hand motion on the left side of the body and that on the
right side of the body are both allowed when the motions are difficult to perform simultaneously

(Maynard et al. 1948, Freivalds and Niebel 2013).
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XNk

Start:

a) Predefined variables: tolerance of reach (7r)

b) Read all the 3D coordinates of the biped bones and objects from the 3D model at each
frame.

Calculate the moved distance of each biped bone and object between

frame.

tth 1 th

frame and t+

. Assign an index M for all time frames with respect to one given object:

a) If the moved distance of finger = 0: there is no hand motion, M = 0;
b) If the moved distance of finger > 0, then:
1) If the moved distance of object = 0, then:
1) Ifthe distance between finger and object decrease to 77, then: Reach: M = 1;
2) If the distance between finger and object is within 77, then: Angular change of
finger > 0: Grasp: Mt = 2; Angular change of finger < 0: Release: M = 3;
i1) If the moved distance of object > 0, then:
1) If the angular change of object = 0, then: Moved distance of finger >= 1":
Move: M = 4; Moved distance of finger < 1": Position: M; = 5;
2) If the angular change of object > 0: Turn: M, = 6;
Repeat step 3 for all objects with respect to a given side of the body;
Repeat step 3 and 4 for the other side of the body;
Simultaneous motion check between the left and right side of the body;
Generate recognized motions in time series;
End

Figure 5-3. Pseudo-code for rule-based motion recognition algorithm

0 =cos 1 A-B/|A||B| Equation 5-4

AB =06, — 6,4y Equation 5-5

where A and B are vectors representing the body segments, and 8, and 6,4 are angles between

vector A and B at frame t and t + 1, respectively.

After all motions have been identified, these motions and their parameters are integrated to

generate the PMTS-based information integration table (see Figure 5-2), which includes the frame

range of each identified motion, motion type, and MTM-1 parameters such as distance moved,

weight of object, and working conditions. The MTM-1 codes are then automatically generated
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(based on the MTM-1 parameters for interpreting the MTM-1 motion timetables) in order to

extract the standard motion times for the identified motion series.

As shown in Figure 5-4, The MTM-1 code is constructed in 3 parts: (1) the MTM motion symbol
(e.g., R for reach, M for move, G for grasp, etc.) for motion type, (2) the distance moved, and (3)
the motion case type. For example, reaching out approximately 22 inches to retrieve screws from
the screw box on the shelf can be coded as R22C, where C is included in the code because the
screws may be jumbled together in the screw box. In the PMTS interpretation process, the MTM-
1 code is used to extract the standard motion time from the MTM-1 system. As shown in the
example in Figure 5-4, the given motion coded as R22C is assigned 21.2 TMUs using the MTM-
1 table for motion “reach” with the parameters of 22 inches distance moved and motion case C.
The standard motion time in TMUs is converted to 23 frames (i.e., about 0.8 s in the 30-fps model).
The standard motion time durations are then logged in the time log file and compared with the

animated time.

Motion Moving conditions
Reach fime in TMU

Hand in Motion | Cse and Deseription

2l ct in fixed location,
or to object in other hand or on
<0.75 which other hand rests.

53 | s3 73 53 as 36 | B Reach to single objeet in location
61 | 64 84 68 49 43 that may vary slightly from cycle

[RRAC]

Moved distance

5
BEEEEREenvanawn=5 (8
»
B
5

660 | 26 158 | 29| 239 ||204
T % 16.7 44 253 pAlr)
762 30 175 258 267 29

Additional 04 | 07 | o7 06 | TMU per 254 cm > 76 am (per 10 in >30in.)

Unit conversion @
21.2 TMUs X0.036s/TMU X30fps = 23 frames

Figure 5-4. Example of MTM-1 Codes, interpretation, and unit conversion
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5.1.2 Posture Risk Assessment

Posture risk assessment is another of the main processes; it seeks to identify the ergonomic risk of
each body posture at each frame in the continuous motion. The frame-based ergonomic posture
assessment and risk ratings are logged as part of this process. It should be noted that the ergonomic
risk ratings at each frame are still assessed based on the static posture at the discrete timepoint. As
shown in Figure 5-5, the degree of ergonomic risk depends on the posture, force load, and activity
conditions. The postures are defined as joint angles of body segments, these being determined
based on the positions of body segments in terms of the joint angle between the body segment and
the extension of its connected body segment. The force load is considered from the perspectives
of both magnitude and type of action (i.e., intermittent, static, repeated, and rapid). As with the
risk rating adjustment, activity conditions are assessed based on the degree of motion
repetitiveness (i.e., frequency per minute), corresponding to the activity score in REBA and the
muscle use score in RULA. As a time-related factor, the activity score is mainly used to describe
the dynamic feature and continuity of continuous motions. The output is presented in terms of the

five risk levels in REBA and the four risk levels for RULA, as shown in Figure 5-5.

General inputs Rating adjustments Overall risk results

Postural data + Load data +  Activity condition

Neck

REBA 1 =Negligible risk
Upper arm Coupling score 2-3 =Low risk
Trunk Activity score 4-7 = Medium risk
8-10 = High risk
Lower arm

11+ = Very high risk
Wrist

Leg — RULA 1-2 = Negligible risk
Muscle use score 3-4 = Low risk
5-6 = Medium risk
7 = High risk

Figure 5-5. Inputs and outputs of REBA and RULA
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In the present research, 3D coordinates of body joints are used to compute the required joint angle
data in REBA and RULA at each frame. A total of 41 body joint angle data points covering the
sagittal plane, frontal plane, transverse plane, and axial rotation are obtained from the 3D model,
these being defined in terms of the required angles of each body segment in the biomechanical
analysis software, 3D Static Strength Prediction Program (3D SSPP) (University of Michigan
2017). The joint angle conversion of the 41 joint angles computed among different frames in the
3D model must accommodate the REBA/RULA requirements, which is described in detail in a
prior study co-authored by the author of the present work (Li et al. 2019b). In the present research,
continuous motions are presented as a series of postures in a time sequence for the purpose of
ergonomic risk assessment. Each posture obtains risk scores from both REBA and RULA. The
output of the posture risk assessment process is the risk ratings log file for all the postures at each
time frame in time series; this is subsequently used in the risk and standard motion time mapping

process.

5.1.3 Risk and Standard Time Mapping

The ergonomic risk scores and standard motion time durations of the analyzed postures are mapped
in order to generate accurate risk ratings for the continuous motions. According to the standard
time and animated time range of the identified motion, the standard times of each time frame in
the animated frame range are calculated using the linear interpolation method. As shown in Figure
5-6, the identified motion spans from the 1* frame to the 31* frame in the animation, corresponding
to 15 frames in the standard motion time determination algorithm. Thus, the standard time range
is scaled down from 31 frames to 15 frames using the linear interpolation method. Since the time
frames are all integers, the standard frames are rounded up to the nearest integer. With regard to

the REBA and RULA scores, the same frames are deduplicated to obtain the risk scores associated
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with the standard frames. It should be noted that the highest risk score is selected to represent the

risk rating of the standard frame during the deduplication process. Figure 5-7 presents the graphic

results of the risk and standard time mapping process. As can be seen, the risk ratings in REBA

and RULA still follow the same trend after being mapped with the standard motion time.

Animated Standard

frame range frames

1f-31f 15

31f—40f 8
40f-79f 19
79f— 80f 6
80f— 85f 6
Animated
Standard

Animated  Standard\ REBA RULA
frame frame score score

1 0.48 2 3

2 097 2 3

3 145 2 3

4 194 3 4

5 242 5 6

6 290 3 4

7 339 3 4

14.03
1452
150

Standard REBA RULA
frame score score
0 2 3
1 2 3
Standard 1 2 3
frame 5 3 4
round up 2 5 5
3 3 4
3 3 4

=

14

15

C

Figure 5-6. Risk and standard time mapping process
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Linear
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15% frame
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317 frame
|

Risk scores

Rusk scores

P R

Standard REBA  RULA
frame score score

0 2 3

1 2 3

Deduplicate 1 3 3

the same 3 3 4

frames 2 5 s

3 3 4

» 3 3 4

14 7 6

14 7 6

15 7 6

Risk ratings
31° frame

15% frame

——REBA

Figure 5-7. Graphic results of risk and standard time mapping

Risk score
mapping

RULA

After the mapping process, the average risk ratings of manual operations are generated as the key

indicators for workplace design. The common scenarios of standard motion time and average risk

ratings in the 3D model are shown in Figure 5-8. If the animated time is longer than the standard

motion time, the standard average risk rating is lower. Otherwise (i.e., when the animated time is

shorter than the standard motion time of the motion), the standard average risk rating is higher. It
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should be noted that, with the exception of the average posture risk ratings, the activity condition
is also time-related, meaning that standard motion time is required in order to ensure accurate

ergonomic risk analysis.

Animated time Key frame ‘l l_ Key frame

Key frame Continuous frames Key frame
l in a motion I

e
PMTS-based standard time

Animated time

yes

Animated
time >
Standard
time

Animated
time =
Standard
time

no

Standard time

Feech

T : yes
R12C i —— Time frame . c oy fi
d E me || Key frame Key frame
: i e ®COH\'€TS[UII ‘l r

14.2 TMUs

b >
[‘MTS‘—based standard time

Workplace design and modification based
on average risk ratings with standard time _ _ _ — — v o_
= Rslandard = Ranimmed Rsmndard > Runimated Rslundurd < Ranimu[eu‘.
Rstandard
End

Figure 5-8. Common scenarios of standard motion time and average risk ratings in 3D model

5.2 Case Study

The proposed methodology in the present research is implemented in a case study to evaluate two
proposed design alternatives for an existing workstation on a production line of window
manufacturing in Edmonton, Canada. In current practice, a female worker works over years at a
horizontal table with the toolboxes underneath the table, which makes the worker easily pick the
hardware and screws for the hardware installation tasks. According to the self-report from the
worker, the pains of the back, neck, and shoulders were noticed. Thus, the company requested an
on-site investigation to design a new workstation for mitigating the WMSDs. To avoid the
interruption of production and to save the cost of building prototypes, the new workstation designs

and the corresponding human motions are created in the 3D model to evaluate the standard motion
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time-based ergonomic performance and support the final decision making on the workstation
design. In this case, the installation of snubbers (i.e., hardware installed on the hinged side of the
window frame to prevent bowing) is modelled for the evaluation of design alternatives. The case
study focuses on the awkward body posture and standard motion time analysis rather than on heavy
loads on the body since the handled materials are small and lightweight. Two aspects of the study
are completed in this section: (1) comparison of the standard motion time and animated time for
design alternatives; and (2) comparison of the standard motion time-based ergonomic risk rating

results for design alternatives to support the design marking on the workstation design.

5.2.1 Workstation Design Alternatives

The workstation is used for hardware installation on window frames, including the installation of
hinges, snubber, tie bar, handle, and operator. During the on-site investigation, ergonomic risk
assessment resulted in a finding that the maximum risk resulted from the forward bending and
twisting of the neck and trunk of the worker to fit the working surface. The identified issues of
developing WMSDs include: (1) the worker tends to frequently adopt neck and trunk bending
postures and twisted positions to fit the working surface at the inner side of window frames; (2)
the worker tends to bend more for the trunk to reach the objects in the toolboxes underneath the
table; and (3) the worker stands close to the edge of the table to leaning forward to support the
window frame for hardware installation, which may create pressure pointing on the main body. To
address the abovementioned identified issues, the modified work recommendations involve: (1)
tilting the table to a certain degree to expose the working surface, which reduces the degree of
bending and twisting of the body; and (2) fixing window frames on the workstation using fixed
clips to reduce the possible pressure pointing on the main body when the worker uses the body to

support the window frame. Two new workstation designs are proposed, as presented in Table 5-2.
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Case 1 design is to provide a supportive table with a height of 85 cm to assist with the hardware
installation task. The panel is tilted to 20° and the toolbox is located on top of the table due to the

space limit. Case 2 design is tilted to 60° and the toolbox remains under the table.

Table 5-2. Summary of relevant workstation design specifications

Workstation design Case 1 Case 2

e [
i e | JTE

= , I /

Shop drawing Bt } e A5

Table slope

Table dimensions

Shelf dimensions

20°
Length (x) = 2,800 mm
Height (y) = 850 mm
Width (z) = 1,500 mm
Length (x) = 3,000 mm
Height (y) = 1,800 mm
Width (z) = 1,000 mm

60°
Length (x) = 2,800 mm
Height (y) = 850 mm
Width (z) = 800 mm
Length (x) = 2,800 mm
Height (y) = 1,000 mm
Width (z) = 800 mm

According to the design specifications, human motions of completing the task are imitated in the
3D model, including: (1) picking up hardware from the shelves; (2) placing hardware in the target
position on the window frame; (3) picking up screws from the box on the shelves; and (4) attaching
hardware to the window frame using screws and an impact driver. The above processes are
repeated until all types of hardware are installed. As shown in Figure 5-9, the height of the subject
is set as 163 cm with the default setting for the size of body segments, according to the worker’s
height in current practice as well as the 50™ percentiles of female height in North America.

Although the motions in current practice are used as a reference, the magnitudes of motions are
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adjusted according to design specifications. The speeds of motions are imitated based on the
collected video of motions and the designer’s experience and will be adjusted to the standard
motion time durations based on the proposed method. As the smallest hardware, the installation of

the snubber is modelled for the analysis in this case study.

Figure 5-9. 3D human model simulation of Case 1 and Case 2 designs

5.2.2 Comparison of Standard Motion Time and Animated Time for Design Alternatives

After being processed by the standard motion time determination algorithm, all the motions in the
continuous movement and their standard motion time durations are generated and saved in a log
file. In this case, there are 6 subtasks in the task of snubber installation on a window frame, which
is the installation of 2 snubbers and 4 screws. As shown in Figure 5-10, the installation of snubber
includes the recognized motions of “reach”, “grasp”, “move”, “position”, and “release” using the
left hand and “move” motion with the screwdriver using the right hand. The corresponding case

types are generated based on working conditions to obtain the standard motion time durations. In

this case, about 109 frames are animated for this subtask, which corresponds to 73 frames based
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on the standard motion time determination algorithm. Also, the standard motion time duration is
generated for each recognized motion in the subtask, respectively.

Frames in 3D model Recognized motions and objects Case type Standard motion-time (in frame)

S 1 | -

Frame | Left Motion Right Motion Left Object Right Object]|Left Case Right Case||Left Frames Right Frames Final Frames
0f-39f Reach Move - screwdriver A B 23 26 26
39f-40f Grasp Move - screwdriver 1A B 2 [ [
40f-99f Move Move snubber001 screwdriver B B 29 15 29
99f-100f| | Position Move - screwdriver 15E B 6 6 6
100f-1094 | Release Maove - screwdriver 1 B 2 6 6

Figure 5-10. Example of the log file with recognized motions and standard motion time

information

In the case study, the task is animated with 575 frames and 554 frames for Case 1 and Case 2,
respectively. With the proposed 3D-MEC method, the standard motion time durations are 537
frames and 425 frames for Case 1 and Case 2, respectively. As shown in Table 5-3, approximately
6.6% and 23.3% decreases in the standard motion time durations are identified for Case 1 and Case
2, respectively. Here the animated times of the operation are longer than the standard motion times
resulting from the proposed method. The possible reasons include: (1) the detailed animations with
a focus on both body postures and the motion speed; (2) the recorded video reference may not be
at a normal speed in the operation due to the worker’s real-time condition (e.g., fatigue and
experience); and (3) the designer’s experience and personal judgment of the motion speed for the
adjusted motion magnitude according to the design alternatives. Thus, the workplace design can
be more reliable based on the standard motion time information resulting from the proposed

methodology.
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Table 5-3. Comparison of standard motion time and animated time for design alternatives

Case 1 Case 2
Animated time (frame) 575 554
Standard motion time (frame) 537 425
Diftference (%) 6.6% 23.3%

5.2.3 Comparison of Standard Motion Time-Based Risk Results for Design Alternatives

The ergonomic posture risk ratings for design alternatives are evaluated at each frame for
continuous motions and are further categorized into five risk levels for REBA and four risk levels
for RULA. All the risk scores are generated and saved in the risk rating log file in the time series.
According to the proposed 3D-MEC method, the standard motion time-based REBA and RULA
risk scores are compared to risk scores from the 3D method (herein referred to as the baseline
method), as presented in Figure 5-11 and Figure 5-12 for Case 1 and Case 2, respectively. The
plotted risk rating curves from the proposed method are moving forward since the standard motion

time durations are shorter than the animated times in both cases.

For Case 1, the shapes of risk rating curves are similar between the baseline method and the
proposed method in REBA and RULA, respectively. The standard motion time durations are about
the same, which are about 19 s for the baseline method and about 18 s for the proposed method.
Thus, the standard motion time analysis slightly affects posture risk ratings in Case 1. However,
the motion time duration decreases by about 4 seconds (from about 18 seconds to about 14 seconds)
with the proposed method in Case 2. As mentioned above, the activity conditions are assessed by
the degree of repetitiveness (i.e., 4 times repeat per minute) in REBA and RULA. The duration of
14 seconds is considered as a frequent repetition to add a score of 1 for the proposed method in

Case 2. Thus, the shapes of risk rating curves are changed in Case 2. The posture risk ratings and
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standard motion time durations are mapped for the same motions using linear interpolation. In this

case, the risk ratings of 6 subtasks are matched between the baseline method and the proposed

method, as shown in Figure 5-11 and Figure 5-12. However, the proportions of each posture in the

continuous motion are varied, which can lead to variations in the shapes of risk rating curves.
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Figure 5-12. REBA and RULA total risk rating comparison for Case 2: (a) REBA score; (b)

RULA score

Results obtained from the posture risk assessment show that the average risk ratings of two cases
from REBA are 5.77 and 5.30, respectively, which both correspond to a medium risk level. As for
RULA, the average risk ratings of the two cases are 5.21 and 4.60, respectively, and workers
exposed to a medium risk level for Case 1 and a low risk level for Case 2. However, the posture
risk ratings are mapped with the standard motion time duration in the proposed method, which are
resulted in average risk ratings of 6.10 and 6.64 from REBA and 5.43 and 6.10 from RULA for
Case 1 and Case 2, respectively. The average risk levels are all corresponding to the medium risk
level using the proposed method. By comparing the average risk ratings between two design
alternatives, Case 2 yields the lower risk in the baseline method, which should be adopted for the
workstation design, while Case 1 obtaining the lower risk in the proposed method is the better

solution. Thus, the standard motion time can affect the decision making of workplace design.
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In Case 1, the average risk ratings from the proposed method are approximately 5.59% and 4.22%
increases in REBA and RULA, respectively. The slight increases in the average risk ratings result
from the minor decrease in the standard motion time durations with the proposed method. In Case
2, the average risk ratings are approximately 25.38% increases in REBA and 32.50% increases in
RULA. The possible reasons for the greater increases in average risk ratings include: (1) the 23.3%
decrease in motion time durations with the proposed method; and (2) the increases in the risk
ratings of the adjusted activity scores caused by the high degree of repetitiveness for the motions
in Case 2. As mentioned above, the activity condition is evaluated by the degree of repetitiveness,
which corresponds to the motion time. Thus, the average risk ratings of Case 2 are increased more
after the standard motion time integration. Table 5-4 summarizes the REBA and RULA risk ratings

and risk levels with average, maximum, and minimum factors, for Case 1 and Case 2, respectively.

Table 5-4. REBA and RULA results from two cases for baseline method and proposed method

Design Case 1 Case 2
Factors REBA RULA REBA RULA
Mean 5.77 5.21 5.30 4.60
Max 9 7 9 7
3D
Min 1 3 1 3
Risk level 3.07 2.86 3.09 2.54
Mean 6.10 5.43 6.64 6.10
Max 9 7 10 7
3D-MEC
Min 1 3 2 3
Risk level 3.18 2.98 3.26 3.36

In terms of the maximum and minimum risk ratings, they remain the same since the postures are
the same, as indicated in Case 1. However, if the standard motion time integration affects the

activity condition, the increase in the degree of repetitiveness may increase the maximum and
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minimum risk scores, vice versa (Wang et al. 2021b). In addition, the detailed risk rating results of
each body segment from both two cases are comparable between the baseline method and the
proposed method, as summarized in Table 5-5. The risk ratings of the upper arms and wrists are
slightly increased in the proposed method; the risk ratings of the neck are slightly decreased in the
proposed method. Thus, the average risk ratings of each body segment are slightly affected by the

standard motion time integration when the motion time durations are comparable.

Table 5-5. REBA and RULA risk ratings of each body segment

Case 1 Case 2
REBA RULA REBA RULA
3D- 3D- 3D- 3D-
3D 3D 3D 3D
MEC MEC MEC MEC
Neck 1.05 1.03 1.19 1.13 1.38 1.33 2.17 2.02
Trunk 4.08 4.19 4.08 4.19 3.66 3.64 3.66 3.64
Legs 1.65 1.67 1.00 1.00 1.90 1.93 1.00 1.00

Upper Arm 3.05 3.15 3.05 3.15 2.28 2.55 2.28 2.55
Lower Arm 1.88 1.87 1.88 1.87 1.84 1.90 1.84 1.90
Wrist 2.62 2.68 3.62 3.68 2.50 2.64 3.50 3.64

The proportion of motions at each risk level for two cases is varied between the baseline method
and the proposed method, as shown in Table 5-6. Throughout the collective motions, no motions
are exposed to the risk level of 5 in REBA and the risk level of 1 in RULA for two cases with two
methods. Based on the 3D method, Case 1 exposes workers to the highest risk with approximately
22.09% and 11.13% in REBA and RULA, respectively, which are higher than those of Case 2
(approximately 11.55% and 4.69%). Thus, the optimum choice of completing this task is Case 2
in the 3D method. However, with the proposed method, the proportion of motions that are exposed

to the risk level of 4 is slightly increased for Case 1, approximately 7.89% and 5.82% in REBA
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and RULA, respectively. For Case 2, the proportion of motions at the risk level of 4 is highly raised

by 14.57% and 41.66% in REBA and RULA, respectively. Thus, with the standard motion time

integration, Case 1 is the optimum choice of completing this task in the proposed method.

Table 5-6. REBA and RULA risk level comparison for the baseline method and proposed method

Case 1 Case 2
Method  Risk level 3D 3D-MEC Difference 3D 3D-MEC Difference
1 0.70% 0.37% -0.32%  0.54% 0.00% —0.54%
2 13.57% 10.80% —2.76%  1.62% 0.47% —1.15%
REBA 3 63.65% 58.85% —4.81% 86.28%  73.41%  —12.87%
4 22.09%  29.98% 7.89% 11.55%  26.12% 14.57%
5 0.00% 0.00% 0.00%  0.00% 0.00% 0.00%
1 0.00% 0.00% 0.00%  0.00% 0.00% 0.00%
2 24.70% 19.37% —5.33% 50.54% 10.35%  —40.19%
RULA 3 64.17% 63.69% —-0.49% 44.77%  43.29% —1.47%
4 11.13% 16.95% 5.82%  4.69%  46.35% 41.66%

5.3 Discussion

Based on the task movement analysis results, the case study underscores the importance of

integrating standard motion time into the framework for evaluating design alternatives and

comparing ergonomic risk ratings to support decision making prior to implementation of the

workstation design. Based on the case study, it is recommended to have the working table tilted to

20° for the task of hardware installation as a workstation design modification, as presented in Case

1. The worker in the Case 1 workstation design scenario is exposed to a lower risk rating compared

to the worker in Case 2, meaning that Case 1 is the optimum choice for completing this task. In

contrast, when applying the previously developed 3D method, the optimum choice is Case 2. Thus,

integrating the motion time information into the 3D model can highly influence the ergonomic risk
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results and decision making with respect to selecting the optimum workplace design alternative.
In other words, the incorporation of standard motion time information is essential for 3D-based

ergonomic analysis of continuous motions for workplace design.

The results also indicate that the proposed 3D-MEC method can consistently generate the standard
motion times for ergonomic risk ratings of continuous motions, even though the detailed
animations may obtain more time frames, or the rapid animation may contain fewer time frames
in the 3D model. The proposed method ensures consistency by providing the standard motion time
and objective and reliable risk ratings of continuous motions for the purpose of evaluating
workplace design alternatives. The existing 3D-based method mainly relies on manual observation
and user experience for the collection of motion time data, meaning that the accuracy is generally
low. Moreover, the traditional method fails to capture standard motion time, which defines the
speed of motion and the degree of repetitiveness in continuous motions; this deficiency of the
traditional 3D-based method also hampers the accuracy and utility of the resulting ergonomic risk
ratings. By improving the accuracy of the ergonomic risk scores, standard motion time information
greatly improves decision making with respect to workplace design in modular construction. In
addition, the proposed method eliminates the reliance on time studies and on the designer’s

experience, thereby expediting the workplace design process.

To summarize, the research described in this chapter offers four contributions to the body of
knowledge. (1) The research improves the level of automation and the accuracy of risk rating
results in 3D-based ergonomic risk assessment by integrating the standard motion time
determination algorithm. (2) The standard motion time determination algorithm outputs the motion
time data in a standard manner, as an alternative to time studies, which are subject to human

perception errors and other issues that compromise their accuracy and usefulness. In addition, the
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consistency of the results is ensured as a by-product of the automation aspect of the proposed
ergonomic risk assessment system incorporating standard motion time. To be specific, the standard
cycle time in a normal production performance is objective data, making it more accurate,
consistent, efficient, and cost-effective for workplace design. (3) The proposed 3D-MEC method
collects posture data from 3D human models and automatically determines the standard motion
time, which makes the process of comparing and editing the various design alternatives at the
design stage easier and more convenient, without having to physically imitate the tasks, and even
if the workplace itself is still at the design stage and has not yet been implemented. (4) The
proposed 3D-MEC method is also highly efficient since it can reduce the time required for motion
data collection in real-world observation. The proposed method also circumvents potential
production interruptions for motion data collection or workplace reconstruction for the purpose of

implementing ergonomic improvements to the existing workplace.

The research has some limitations that need to be resolved in future research. In the present
research, the arm and hand motions are automatically identified and analyzed as part of the
standard motion time determination, and this information is integrated with the ergonomic risk
assessment for the purpose of evaluating design alternatives. However, these arm and hand motions
are not sufficient to represent 100% of all manual construction operations (e.g., walking between
workstations, lifting objects from the floor to the working surface, etc.). Nevertheless, arm and
hand motions are the primary motions in manual assembly tasks at workstations in modular
construction, and these motions are characterized in detail in MTM-1, whereas full body motions,
such as walking, bending, and stooping, are not described in detail in MTM-1. Moreover, eye
motions and force-related motions (i.e., apply pressure and disengage) are excluded due to the

limitations of 3D modelling. The proposed method applies MTM-1 for the integration of standard
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motion time with ergonomic risk assessment since it is the most detailed PMTS approach currently
available. Other PMTSs, such as MOST and MODAPTS, can also be implemented to investigate
they might achieve better performance with respect to integrating standard motion time with
ergonomic risk assessment. Other promising avenues of future research include: (1) developing a
standard motion time determination algorithm for full body motions to supplement the MTM-1
body motion categorization; (2) incorporating full body motion assessment into the evaluation of
workplace design, and considering multiple workstations rather than limiting the scope of the
evaluation to single workstations; and (3) incorporating productivity analysis in order to improve

both ergonomic performance and efficiency through workplace design.

5.4 Summary

In this chapter, a predetermined motion time system is integrated with ergonomic posture risk
assessment methods to automatically determine the motion time and compile the ergonomic risk
results in terms of the standard motion time feature for ergonomic-centric workplace design. The
rule-based motion recognition algorithm could determine the standard motion time of the
continuous motions in the completion of construction tasks based on the MTM-1 system in this
research. The mapping process of risk ratings and standard motion time generates the standard
motion time-based ergonomic risk ratings for continuous motions, which improves the accuracy
and reliability of risk assessments for continuous motions. Furthermore, the proposed 3D-MEC
method provides a more reliable, less time-consuming, easy to apply, and cost-effective method
to assess multiple workplace design alternatives, since no requirement of physically imitating tasks

and motion data collection for design alternatives in the real-world implementation.
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CHAPTER 6: POSTURAL SWAY ANALYSIS FOR THE LIMITS OF
AUTOMATED ERGONOMIC RISK ASSESSMENT OF DYNAMIC

MOTIONS IN MODULAR CONSTRUCTION

Various observation-based ergonomic risk assessment methods are widely used to automatically
evaluate ergonomic risks of continuous motions. However, discrepancy of assessment results is
identified and the limits of automated ergonomic risk assessments for continuous motions
involving postural sway have not yet been examined. This chapter discusses the investigation of
the postural sway effects on the automated ergonomic risk assessments of dynamic motions in the
optical marker-based motion capture system. In this study, twenty-three participants were recruited
to perform three construction tasks to identify the minor movement of body joints naturally
occurring due to posture sway during continuous motions. These minor movements of body joints
are used to determine the posture categories in the adjustment risk rating process. Posture sway-
incorporated ergonomic risk assessment method is proposed to eliminate the overestimations and
fluctuations in risk results, which overcomes the limits of automated ergonomic risk assessment
and improves its accuracy and reliability in evaluation of dynamic and continuous motions. A case
study of two workplace designs for manual assembly tasks is presented to validate the

effectiveness of the proposed method.

6.1 Methodology for Posture Sway-incorporated Assessment

The presented research employs motion capture measures that aim to identify the acceptable
magnitudes of body joint angles naturally occurring due to the body sway that affects the results
of ergonomic posture risk assessments for the continuous motions. The investigation was

conducted in an optical marker-based motion capture laboratory at the University of Alberta in
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Edmonton, Canada. The overview of the proposed methodology is presented in Figure 6-1. The
inputs include the plant observations of the dynamic motions in the completion of operational tasks,
experiment design based on the observations and task maneuver, and the subjects’ anthropometry
information for the motion capture experiment. The main processes are divided into five steps: (1)
conduct the experiments to acquire information on the human body motions; (2) analyze the
captured body joint angles for posture sway analysis; (3) determine the posture sway magnitudes
for the posture categories in the adjustment risk rating process in REBA and RULA; (4) assess
ergonomic risks by using the captured body joint angles and the identified posture categories for
adjustment; and (5) compare the risk ratings obtained using the original method and the proposed

method to verify the posture sway effect on the ergonomic risk ratings.
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Figure 6-1. Overview of the proposed methodology

6.1.1 Participants
With the ethical approval, a total of 23 right-handed adults participated in the experiment,
including 13 male subjects and 10 female subjects with no history of injury. Their heights ranged

from 160 to 189 cm, body weights varied from 45 to 105 kg, and ages varied from 20 to 49 years.
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The summary of participant characteristics information is presented in Table 6-1. All participants
were the university students, and none of them presented any physical condition that could affect
their posture and motion. Before recruiting participants, the present study received the ethical
approval from the research ethics committee at the University of Alberta in Edmonton, Canada.
The purpose and procedure of this experimental study were explained to all participants in detail
before the experiment. All participants signed an informed consent form prior to the participation
in this experimental study. The participation in this study is voluntary, confidential, and
anonymous. In addition, there is no potential harm to the human body in the experiment. The
consent form used for the study (and approved by the research ethics board) is presented in

Appendix A.

Table 6-1. Participant characteristics information (n = 23)

Number of Age (year) Height (cm) Weight (kg) BMI (kg/m?)

Group
participants Mean SD Mean SD Mean SD  Mean  SD
Male 13 29.0 7.6 177.3 6.5 78.6 17.3 24.8 4.4
Female 10 27.7 2.8 1664 5.0 58.6 9.0 21.1 2.7
Total 23 28.4 59 1726 8.0 69.9 17.3 232 4.1

6.1.2 Experimental Instrument

Optical marker-based motion capture is a widely used measure to capture human motions because
of its high accuracy. In this experiment, the Vicon Nexus system (Version 2.12) was used to
capture and record the kinematics of body segments while performing the operational tasks. Eight
high-speed digital cameras of type Vero v2.2 were positioned all over the workspace at the
University of Alberta’s occupational ergonomics laboratory. The participants were equipped with

the spherical self-adhesive reflective markers of a diameter of 9.5 mm. The markers methods used
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are from the Vicon Plug-In Gait (PiG) full body marker placement recommendations (Vicon 2021).
In addition, the motion data collection was recorded with two video cameras at 30 frame per second

(fps). The positions of the cameras are presented in Figure 6-2.
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Figure 6-2. Spatial organization of cameras

6.1.3 Evaluation Parameters

The evaluation parameters are determined by the investigation on the ergonomic posture
assessment methods (i.e., REBA and RULA) in the present study, which are objectively captured
by the optical maker-based motion capture system. Based on the observations, these parameters
are expected to be evaluated in different working conditions. The descriptions of the evaluation
parameters in REBA and RULA and the associated angles in the PiG model are shown in Table 6-

2.
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Table 6-2. Summary of evaluation parameters

Body segment Description in REBA and RULA Angles in PiG Model
Twisted Neck rotation
Neck Side bending Neck lateral bend
Twisted Trunk rotation
Trunk Side bending Trunk lateral bend
Upper arm Abducted Shoulder lateral bend
_ Twisted Wrist rotation
Wrist
Side bending Wrist lateral bend

6.1.4 Experimental Design

The aim of these experiments is to identify the acceptable magnitudes of body joints in the body
sway for the qualitatively categorized adjustment factors in REBA and RULA, including the side
bending and twisted of neck, the side bending and twisted of trunk, the side bending and twisted
of wrists, and abducted arms. To effectively identify these parameters, three manual tasks
commonly occur in the plant are imitated in the motion capture system, including Task #1: walking
scenario that workers are walking between different workstations; Task #2: moving scenario that
workers are moving the tools or work elements (i.e., panels) from shelves to working area; and
Task #3: lifting scenario that workers are lifting the work elements from the floor to the working
table. These tasks are designed based on the observations in the modular construction facilities. In
addition, the designed tasks cover most of the basic motions and thus are enough to identify the

adjustment factors in the rule-based assessment methods.

In this experiment, the participants were positioned barefoot in a comfortable position. All

participants were instructed to remain as still as possible in neutral quite standing posture for 30 s
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with arms besides the body, eyes looking straight ahead, and the body weight evenly distributed
on both feet. A lightweight bar was used as an object to keep the distance between arms and hands
the same as the shoulder width during the experiments. The participants were also instructed to
maintain a 0° neck rotation angle, a 0° neck lateral bending angle, a 0° trunk rotation angle, a 0°
trunk lateral bending angle, a 0° shoulder abduction angle, and 0° of wrist rotation and lateral
bending angle during the performance of all tasks. The experimenter observed the participants’
body postures and angle data from the markers to ensure that participants maintained stable body

sway conditions and body postures during the performance of all tasks.

The detailed requirements of three tasks are described as follows. In Task #1, the participants were
required to walk naturally with a control of the head, neck, and torso. The participants were
walking along a straight line indicated on the ground. To avoid inconsistencies, the participants
were required to walk from the outside of the capture volume. Most of the participants have 4 or
5 steps captured due to the space limit. Thus, the data of 4 steps for each subject is used for data
analysis. In Task #2, the participants used both hands to hold the lightweight bar with straight arms.
The bar is moved from the belly to the arm length away at the shoulder height. The subject is
required to complete the moving task without raising up the shoulders. In Task #3, the participants
were lifting the lightweight bar that initially placed on the ground at 20 cm in front of the
participants. The participants were required to pick up the bar to the pelvis front by lowering the
center of mass and reaching it with straight arms. It should be noted that the wrists are under
control to avoid any movements in all tasks except walking condition in Task #1. All the
participants performed 10 trials in each Experiment. A break of 30 seconds between trials was
used to avoid the muscle fatigue in completing the tasks. The graphical displays of three tasks are

shown in Figure 6-3.
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Figure 6-3. Graphic displays of three tasks: (a) Task #1, (b) Task #2, and (c) Task #3

6.1.5 Data Collection and Data Processing

Since the Vicon PiG full body model was used in this experiment, a total of 39 markers were
attached to the participant’s skin at specific joints according to the PiG full body labeling
configuration, which defines the following body segments: head, torso, upper arms, forearms,
hands, upper legs, lower legs, and feet. The anatomical positions of the reflective markers during
performing the tasks and the instruction of marker placement are illustrated in Figure 6-3 and Table

6-4. The asymmetry of the marker placement is desirable as it helps the auto labeling routine
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distinguish right from left. The PiG model calculates joint kinematics and kinetics from the 3D
coordinates of markers and specific anthropometric measurements of each participant. The
anthropometric measurements of each participant include the body mass, height, leg length, knee
width, ankle width, shoulder offset, elbow width, wrist width, and hand thickness for the left and
right side of the body. According to the approved ethics, the faces of participants were blurred
after video recordings of the motions, and the video recordings were synchronized in the post-

processing phase.
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Figure 6-4. Positions of 39 reflective markers in the experiment
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Table 6-3. Description of 39 reflective markers positions and marker names in the PiG model

PiG marker
Marker positions Marker position descriptions
names
Head On the left and right temples LFHD, RFHD,
ea
On the left and right backs of head LBHD, RBHD
Clavicle On the jugular notch (between the two collar bones) CLAV
Sternum On the xiphoid process of the sternum STRN
. On the spinous process of the 7 cervical vertebra
Cervical vertebra 7 C7
where the back of the neck ends
On the spinous process of the 10" thoracic vertebra
Thoracic vertebra 10 (count 10 vertebrae down from C7 when the subject T10
bends forward)
. Anywhere over the right scapula that helps to
Right back o . . RBAK
distinguish the right from left on the subject
Pelvis-anterior On the left and right anterior superior iliac spine
o _ _ LASI, RASI
superior iliac (ASIS) where the hip bones protruding laterally
On the left and right posterior superior iliac spine
Pelvis-posterior (immediately below the sacroiliac joints, at the
o . o _ LPSI, RPSI
superior iliac (PSIS) point where the spine joins the pelvis)
Shoulder On the left and right acromion-clavicular joint LSHO, RSHO
On the middle of the line that connects the shoulder
Upper arm marker and elbow marker (asymmetrically between = LUPA, RUPA
left and right) for each arm
Elbow On the lateral epicondyle for each arm LELB, RELB
On the middle of the line that connects the elbow
marker and the midpoint of wrist markers
Forearm LFRM, RFRM

(asymmetrically between left and right) for each

arm
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Wrist

Finger

Thigh

Knee

Tibia

Ankle

Heel

Toe

On the radial styloid process of the ulna (thumb
side) and the styloid process of the radius (little
finger side), respectively, for each wrist.

On the proximal phalanx of the middle knuckle for
each hand
On the middle of the line that connects the ASIS
marker and knee marker (asymmetrically between
left and right) for each leg
On the flexion-extension axis of the left and right
knees, respectively
On the outer edge of the fibula bone at the middle
of the line that connects the ankle marker and knee
marker for each leg
On the lateral malleolus along a line that connects
the opposite side of the malleolus for each ankle
On the calcaneus at the same height as the toe
marker
Over the second metatarsal head, on the mid-foot
side of the equinus break between forefoot and

mid-foot

LWRA, RWRA,
LWRB, RWRB

LFIN, RFIN

LTHI, RTHI

LKNE, RKNE

LTIB, RTIB

LANK, RANK

LHEE, RHEE

LTOE, RTOE

All raw motion data were recorded at 120 Hz with the Vicon Nexus software (version 2.12). A

calibration of the Vicon motion capture system was conducted at the beginning of the recording

session for each participant. Calibration results indicate that the image error of maximum 0.2 pixels

is acceptable for the motion capture experiment in the present study. The marker trajectory

processing operations in the Vicon Nexus system include 3D reconstruction, trajectory smoothing,

gap filling, and data exporting. In this experiment, the rigid body method was used for the trunk

and the kinematic method was used for the limb for the missing markers and gap filling operations.
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The 3D coordinates and the joint angles were exported from the Vicon Nexus system for the data

post-processing.

In this experiment, the body joint angles are expressed in the three anatomical planes, which are
the sagittal, frontal, and coronal planes. These joint angles were calculated using YXZ Cardan
rotation sequences, where Y represents the flexion or extension, X represents the abduction or
adduction, and Z represents the internal or external rotation. The mean curve of the 10 trials per
participant was calculated, and from that, the mean value of all the adjustment factors were

obtained over the all the participants.

6.1.6 Statistical Analysis and Determination of Acceptable Magnitude

The statistical analysis was accomplished using IBM SPSS Statistic software (version 28.0.1.0)
and the significance level was maintained at o = 0.05 for all tests. The repeated measures Analysis
of Variance (ANOVA) was conducted to evaluate the effect of tasks, gender, and BMI conditions
on the body sway during the continuous motions. Before carrying out the statistical analyses of the
targeted factors, Mauchly’s test of sphericity was tested. The Greenhouse-Geisser adjustment was
applied when the sphericity assumption was not met. The post-hoc analysis was conducted using

Tukey’s test with Bonferroni adjustments when a significant effect was found.

The determination of the acceptable magnitude of the natural posture sway is based on the repeated
measures ANOVA results. The average value is used in the determination when there is no
significant difference among three tasks. The ceiling value, meanwhile, is used in the
determination when different values are outputted for the same evaluation parameter. The ceiling
value is the least nearest successive integer of a specified value, whish is calculated using Equation

6-1.
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[6]=min{fneZ|n=6} Equation 6-1

where 6 is a real number representing the body joint angles, n is an integer, and Z is the set of

integers.

6.2 Results

The one-way repeated measures ANOVA was conducted with the tasks as the independent
variables, and each evaluation parameter as the dependent variable. For each dependent variable,
the average value over 10 trials was obtained for the following analyses. Appendix B shows an
example output of the statistical analysis. As summarized in Table 6-4, the one-way repeated
measures ANOVA results demonstrated that there were no significant differences of angular
displacement among three tasks for the neck side bending (p = 0.505) and neck twisted (p = 0.086);
moreover, there were significant differences among three tasks for trunk side bending, trunk

twisted, shoulder abducted, wrist side bending, and wrist twisted (all p <0.05).

Tukey post-hoc tests were conducted and the pairwise compassion indicated that there were no
significant differences between walking and lifting for trunk side bending (p = 0.051), between
moving and lifting for trunk twisted (p = 0.378), and between walking and moving/lifting for wrist
twisted (p = 1; p = 0.053); however, there were significant differences for the rest of the pairwise

comparison (all p <0.05).
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Table 6-4. One-way repeated measures ANOVA results on task effects

Tasks (Mean + SD) Tukey post-hoc test

Factor F p-value Pairwise p-
Walking Moving Lifting '
comparison  value

Neck side 2416 + 2.303 £ 2.590 +

0.695  0.505 -
bending 0.298 0.387 0.280
Neck 3165+ 2720+ 3517+
2598  0.086 -
twisted 0.392 0.377 0.392
Trunk side  3.127+ 1449+ 2354+ W-M <0.001
_ 19.108  <0.001 W-L 0.051
bending 0.231 0.208 0.237 M-L 0.004
Trunk 4004+ 2141+ 2578+ W-M <0.001
, 26.833  <0.001 W-L <0.001
twisted 0.210 0.247 0.210 VL 0378
Shoulder  18.075+  32.959+ 25357+ W-M <0.001
49523 <0.001 W-L <0.001
abducted  1.083 1,244 2.090 ML 0.001
Wrist side  5.164+ 13482+ 9344+ W-M <0.001
, 13.015  <0.001 W-L 0.039
bending 0.858 1.900 1.667 M-L 0015
Wrist 19280+ 17243+  9.646 + W-M 1
5.224 0.023 W-L 0.053

twisted 2.583 1.615 1.682
M-L <0.001

Note: W-M = walking vs. moving; W-L = walking vs. lifting; M-L = moving vs. lifting.

The acceptable posture sway magnitudes of the evaluation parameters are listed in Table 6-5. For
the neck aside bending and neck twisted, the acceptable magnitudes of neck side bending and neck
twisted are 3° and 4°, respectively. The average values of three tasks are used to determine the
boundaries since there were no significant differences among three tasks. And the ceiling values

were then selected to set the boundaries. According to the results in the pairwise comparison, the
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acceptable magnitudes of trunk side bending and trunk twisted are 2° and 3°, respectively, which

were determined by the ceiling value of the average value from the moving task and the ceiling

value of the average value from the moving and lifting tasks. The acceptable magnitude of shoulder

abducted parameter is 19°, which was determined by the ceiling value of the average value from

the walking task. For the wrist, the side bending and twisted parameters are 6° and 10°, respectively,

which were calculated based on the walking task and lifting task, respectively. The posture

category and the corresponding risk scores are summarized in Table 6-5.

Table 6-5. Acceptable posture sway magnitudes of evaluation parameters

Acceptable magnitude Posture category Risk score

-3°<y<3° 0

Neck side bending 3°
y>3°ory <-3° +1
—4° < p <4° 0

Neck twisted 4°
B>4°0rf < —4° +1
—2°<y<?2° 0

Trunk side bending 2°
y>2°0ry < -—2° +1
-3°<p<3° 0

Trunk twisted 3°
B>3°0rf <-—3° +1
-19° <y < 19° 0

Shoulder abducted 19°
y>19°o0ry < —19° +1
—6°<y<6° 0

Wrist side bending 6°
y>6°0ory < —6° +1
—-10°< f <10° 0

Wrist twisted 10°
B > 10°or f < —10° +1

Note: § = rotation; y = lateral bending.
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The posture sway-incorporated ergonomic risk assessment methods are developed based on the
REBA and RULA assessment methods and the acceptable posture sway magnitudes of evaluation
parameters in Table 6-5. The posture sway-incorporated REBA system is presented in Figure 6-5.
The proposed system consists of four main sections: (1) a primary risk rating section for positions
in the sagittal plane, (2) an adjustment risk rating section for positions in other two planes, (3) a
rule-based scoring system with force/load and coupling scores, and (4) an adjustment risk rating
of activity score for repetitive motions. The posture sway-incorporated RULA system is presented
in Figure 6-6. Three main sections are developed in the proposed system, which are (1) primary
risk rating section, (2) adjustment risk rating section, and (3) the rule-based scoring system with
muscle use and force/load scores. It should be noted that the section of adjustment risk ratings is
achieved by using the proposed method in this study. With the adoption of acceptable magnitudes
of evaluation parameters, the ergonomic risk ratings resulted from the body sway are eliminated,

which overcomes the overestimations and fluctuations in the assessment results.
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6.3 Case Study

The proposed method is implemented in a case study of workstation design in the window
manufacturing facility. This section focuses on the evaluation of two workstation design
alternatives as an example and further explains the implementation of the proposed method. The
workstation is designed for the manual operations of the hardware installation on the window
frames, including picking up hardware from the shelves, placing hardware in the target position
on the window frame, attaching hardware to the window frame using screws and a screwdriver.
For a typical window frame, there are usually hinges, a snubber, an operator, a tie bar, and a handle
to be installed at the workstation. Lifting and rotating the window frame may be required due to

the target positions of these hardware items on the window frame.

In this case, two design alternatives and the corresponding prototypes are shown in Table 6-6.
These two prototypes are built according to the design specifications in the modular construction
lab at the University of Alberta, Edmonton, Canada. The wearable motion capture suit, Xsens
MVN Awinda (Xsens 2021), is used to collect whole-body motion data based on a total of 17
inertial measurement units (IMU). The IMUs are firmly attached to the head, back, shoulders,
upper and lower arms, hands, upper and lower legs, and feet using elastic straps. The IMU sensor
is composed of a three-axis accelerometer, a three-axis gyroscope, and a three-axis magnetometer.
The experiment was conducted using the prototypes and a 1.62 kg, 35 cm X 40 cm rectangular
window frame. Five participants without any history of WMSDs performed the continuous
motions in the operational task, and their motions were captured and recorded using the wireless
IMU-based motion capture system (Dias Barkokebas et al. 2021). All participants reported that the
motion capture suit was comfortable to work with. Each participant was required to perform a

calibration procedure to determine the sensor-to-segment alignment before the experiment. The
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Xsens MVN Analyze 2020.0 software is used to analyze the motion data. In addition, video

cameras are used to record videos of continuous motions in the experiment as a way of checking

for inconsistencies.

Table 6-6. Two workstation design alternatives and corresponding prototypes

Workstation design Design A Design B
0} /—‘“ L
Shop drawing s v \ . 9| | t y

Prototypes

Table slope 60°
Length (x) = 2,800 mm

20°
Length (x) = 2,800 mm
Height (y) = 850 mm
Width (z) = 1,500 mm
Length (x) = 3,000 mm
Height (y) = 1,800 mm
Width (z) = 1,000 mm

Height (y) = 850 mm
Width (z) = 800 mm
Length (x) = 2,800 mm
Height (y) = 1,000 mm
Width (z) = 800 mm

Table dimensions

Shelf dimensions

The posture sway-incorporated REBA and RULA assessment methods from the proposed
methodology are used to calculate the risk scores in the hardware installation operations associated

with the design alternatives. The REBA and RULA risk ratings from the original method and
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proposed method are compared for each subject, as summarized in Table 6-7. For the REBA
assessment, the mean risk ratings are varied from 7.61 to 8.59 for Design A and from 6.79 to 8.26
for Design B in the original method. With the proposed method, the mean risk ratings are varied
from 4.95 to 5.94 for Design A and from 4.75 to 5.82 for Design B. Different magnitudes of posture
sway are identified among five subjects. Thus, the reductions of risk ratings are varied among five
subjects. In terms of the maximum risk ratings, all the subjects obtain a score of 10 for the REBA
assessment in the original method except for Subject 1 in Design A and Subject 2 in Design B. In
the proposed method, a maximum risk of 9 for the REBA assessment is captured expect for Subject
2 in Design B. Compared to the original method, the minimum risk ratings are also reduced in the
proposed method. Similar results can be identified for the RULA assessment. However, the

reductions of risk ratings in RULA are less then those in REBA.

Table 6-7. REBA and RULA risks from the original and proposed methods for each subject

Design A Design B
Subject S-1 S-2 S3 S4 S5 S-1 S2 S3 S4 S5
Mean 7.86 8.52 842 7.61 859 6.79 823 821 7.33 8.26
Original ~ Max 11 10 10 10 10 10 11 10 10 10
Min 4 3 4 3 4 4 4 4 3 4
Mean 5.36 532 495 568 594 490 492 475 5.02 582
Proposed  Max 9 9 9 9 9 9 8 9 9 9
Min 2 1 1 2 2 2 1 3 2 2
Mean 6.30 6.59 6.40 6.09 6.55 594 6.60 6.48 5.88 6.40
Original  Max 7 7 7 7 7 7 7 7 7 7
Min 3 3 3 3 3 3 3 3 3 3
Mean 5.23 534 472 5.15 541 487 5.12 5.07 451 5.03
Proposed  Max 7 7 7 7 7 7 7 7 7 7
Min 2 2 3 2 2 2 2 3 2 2
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Table 6-8 summarizes the average REBA and RULA risk scores with the mean, maximum, and
minimum risks and risk level for all subjects, for Design A and Design B, respectively. In terms
of mean risk ratings, the average REBA risk scores are decreased from 8.20 and 7.76 in the original
method to 5.49 and 5.08 in the proposed method for Design A and Design B, respectively. The
risk level changes from high risk level to medium risk level for Design A when using the proposed
method. However, the risk level remains the same for Design B at a medium risk level. In terms
of maximum and minimum risk scores, both Design A and Design B obtain a maximum risk of 10
and a minimum risk of 4 in the original method and that of 9 and 2 in the proposed method,

respectively.

Table 6-8. Average REBA and RULA risks from the original and proposed methods for all subjects

REBA RULA
Factor Design A Design B Design A Design B
Mean 8.20 7.76 6.39 6.26
Max 10 10 7 7
Original method
Min 4 4 3 3
Risk level High risk Medium risk High risk High risk
Mean 545 5.08 5.17 4.92
Max 9 9 7 7
Proposed method
Min 2 2 2 2

Risk level Mediumrisk Medium risk Medium risk  Medium risk

Similar to REBA results, the average RULA risk scores are 6.39 and 6.26 resulting in the high risk
level in the original method and 5.17 and 4.92 in the medium risk level in the proposed method,
for Design A and Design B, respectively. The maximum RULA risk scores among all subjects
remain the same. However, the minimum RULA risks drop from 3 to 2 when using the proposed

method. The risk comparison indicates that posture sway is being identified in the continuous
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motions. Using the proposed method, approximately 33.5% and 34.5% reductions in the average
REBA risk scores and approximately 19% and 21.4% reductions in the average RULA risk scores
are identified for Design A and Design B, respectively. Significant reductions in the risk ratings
using the proposed method indicate that posture sway is commonly occurred in the dynamic
motions for completing the physical operational tasks. Thus, the proposed method is effective to

eliminate the overestimations in ergonomic risk ratings due to the posture sway.

The time frames in percentage of having the adjustment within the tolerance of posture sway are
computed for the comparison between the original method and the proposed method. There are
approximately 18.5% and 22.7% of time that the subject’s neck twisted and side bending within
the tolerances, respectively. Similarly, approximately 18.0% and 20.3% of time that the subject’s
trunk twisted and side bending within the tolerances. The upper arm had approximately 34.9% of
time identified as abducted condition within the tolerance. Moreover, there are approximately 89.1%
of time the wrist twisted and approximately 24.1% of time the wrist bended to the side. The wrists
are naturally more flexible than other body segments such as neck, trunk, and upper arms. Thus, it

is difficult for the wrists to keep stable at 0° all the time in the dynamic motions.

The REBA and RULA risk ratings in the original method and the proposed method for Design A
and Design B are plotted in Figure 6-7 and Figure 6-8, respectively. For both REBA and RULA
assessments, the risk ratings in the original method are higher than those in the proposed method
for most of the time frames in the continuous motions for both design alternatives. However, the
changes of REBA risk ratings are larger than the changes of RULA risk ratings for the same design.

Thus, the effect of posture sway on REBA is greater than that on RULA.
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Figure 6-8. REBA and RULA risk ratings for Design B in the original method and proposed



Accurate ergonomic risk assessments are crucial for the workplace design and modification in
industrialized construction. Due to the lack of body joint allowance settings in the current rule-
based ergonomic risk assessment methods, ergonomic risk rating results of the continuous motions
tend to be overestimated. In this study, the acceptable posture sway magnitudes of 7 evaluation
parameters are determined in the experiment. However, the shoulder raise score in the adjustment
risk rating process is not involved in this study. The shoulder is a complex system composed of
the humerus, clavicle, scapula, glenoid, acromion, and surrounding soft tissue structures. The
normal shoulder range of motion include the flexion and extension, the abduction and adduction,
and the internal and external rotations of the shoulder. Thus, the shoulder raise defined in REBA
and RULA cannot be simply determined by the joint angles of the related bones, which is not

examined in the present research.

6.4 Summary

In this chapter, an experimental study of posture sway in continuous motions was conducted in the
optical marker-based motion capture system. A total of 23 participants are involved in this posture
sway analysis. Three common operational tasks were performed in the experiment. The minor
movements of body joints due to the posture sway that naturally occurring are identified. After the
experiment, the repeated measures ANOVA was conducted to evaluate the effect of tasks, gender,
and BMI conditions on the posture sway during the continuous motions. In this study, the
acceptable magnitudes of body joints in the body sway for the qualitatively categorized adjustment
factors in REBA and RULA include the side bending and twisted of neck, the side bending and
twisted of trunk, the side bending and twisted of wrists, and abducted arms. According to the
identified acceptable posture sway magnitudes, the posture sway-incorporated ergonomic risk

assessment methods (posture sway-incorporated REBA and RULA) are proposed. A case study of
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two workplace designs in industrialized construction were used to validate the effectiveness of the
proposed method. The issues of overestimations and fluctuations in the ergonomic risk ratings are
solved by using the proposed method. In summary, the proposed method is effective to overcome
the overestimations and fluctuations in the ergonomic assessment results, which facilitates the

consistency and reliability of automated ergonomic risk assessments of continuous motions.
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CHAPTER 7: CONCLUSIONS

7.1 Research Conclusions

As a labour-intensive industry, construction is, in terms of its occupational health and safety
performance, largely dependent on workers’ ergonomic performance. Accurate ergonomic risk
assessments of working postures and motions are thus an essential component of workplace design
and modification, which, in turn, are beneficial to construction in terms of proactively mitigating
the potential risks of WMSDs and improving productivity. However, the current practice of using
ergonomic risk assessment for automated evaluation of continuous motions is challenged in three
notable respects: (1) inaccuracy of the ergonomic risk assessment as a result of human perception
errors and subjectivity during observations—and as a result of measurement errors and instrument
limitations when using vision-based approaches—to estimate body joint angles; (2) lack of
consideration of standard motion time when analyzing the ergonomic risks of continuous motions
in operational tasks; and (3) overestimation of risks in existing methods for ergonomic risk
assessment of continuous motions due to a failure to account for the effect of natural posture sway,
and due to the ambiguous descriptions of posture categories in the adjustment risk rating in REBA

and RULA.

This research proposes an ergonomic-centric framework for automated ergonomic risk
assessments of continuous motions in the completion of manual tasks that seeks to fill the
aforementioned research gaps to support rapid workplace design and work modification in
industrialized construction. The main idea here is to automatically evaluate the ergonomic
performance of the workplace design and modifications by using the dynamic and continuous

motions for the completion of operational tasks with respect to workplace design. In this research,
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3D modelling is used as an example to demonstrate the development and implementation of the
proposed framework. In this way, existing ergonomic risk assessment methods can be improved

with respect to the three main objectives discussed in Chapters 4—6.

e Chapter 4 proposes a 3D fuzzy logic-based solution to estimate ergonomic risk for rapid
workplace design in construction. A specialized fuzzy expert system is developed that can
be integrated with existing ergonomic risk assessment methods such as REBA and RULA
in the 3D visualization. This ensures more accurate and reliable assessment results of
ergonomic risks by addressing the human perception issues that, in current practice,
hamper the estimation of body joint angles in continuous motions. A laboratory experiment
of a repetitive lifting task conducted using a motion capture system is presented to
demonstrate the feasibility and applicability of the proposed framework, demonstrating the
improved accuracy and reliability of the proposed framework for ergonomic risk
assessment.

e Chapter 5 develops a standard motion time-based method that allows for the ergonomic
risk rating results of continuous motions to be adjusted using the standard motion times
obtained from the predetermined motion time system. The proposed method implements a
standard motion time determination algorithm to automatically identify the motions and
realign the ergonomic risks with standard motion times that have been systematically and
objectively generated. An industrial case study of a window manufacturing company in
Alberta, Canada, is presented to demonstrate the applicability of the proposed 3D standard
motion time-based ergonomic risk analysis framework.

e Chapter 6 proposes two novel posture sway-incorporated ergonomic risk assessment

systems (posture sway-incorporated REBA and posture sway-incorporated RULA) for the
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evaluation of dynamic and continuous motions. An experimental study conducted in an
optical marker-based motion capture system to quantitatively analyze human body motions
is presented. In the experiment, the minor movements of body joints that naturally occur
due to posture sway are identified in three different working conditions: a walking scenario,
a moving scenario, and a lifting scenario. A case study of two workstation designs and
corresponding prototypes are presented to validate the effectiveness of the proposed

posture sway-incorporated ergonomic risk assessment systems.

7.2 Research Contributions

The research outcomes have resulted in several academic contributions:

A novel 3D fuzzy logic-based method of ergonomic risk assessment has been proposed.
The proposed method increases the accuracy and reliability of ergonomic risk rating results
compared to the current 3D-based ergonomic risk assessment for rapid workplace design

1n construction.

A specialized rule-based fuzzy inference algorithm is integrated with 3D automated
posture-based ergonomic risk assessments to better capture the gradual transitions

characteristic of continuous human motion without abrupt changes in risk ratings.

A novel standard motion time-based method for assessment the ergonomic risk of
continuous motions is achieved by integrating the predetermined motion time system with
ergonomic risk assessment methods. The proposed method is capable of adjusting the
motion times in the simulated tasks in order to increase the accuracy of ergonomic risk

assessment at the motion level.
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¢ A rule-based motion recognition algorithm is proposed to automatically recognize all the
motions in the 3D model. Standard motion time durations of the recognized motions can
be automatically generated based on the interpretation of the predetermined motion time

system.

e The posture sway-incorporated ergonomic risk assessment systems (posture sway-
incorporated REBA and RULA) are developed based on the identified minor movements
of body joints in the posture sway experiment. The proposed method overcomes the

overestimation and fluctuations of ergonomic risk rating results.

7.3 Future Works

The developed ergonomic-centric methods of automated assessment of continuous motions for
workplace design can help construction workers work better and safer. The scope of this study was
limited to the investigation of ergonomic risk evaluation in the 3D visualization for workplace
design in industrialized construction. The challenges may face when implementing the developed
methods to assess whole-body movements in more complex operations in construction since the
whole-body motions in the MTM-1 are not fully described. In addition, the implementation with
the computer vision and virtual reality technologies are also recommended to test the effectiveness

of the developed methods for real-time assessment.

Although the research findings support the proposed frameworks, certain future works should be

noted and explored.

e The accuracy and reliability of the developed simulation model in Chapter 4 still largely
depend on the quality of the developed 3D human model and the availability of the

observational data and recorded images and videos from the construction industry.
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The posture categories of the adjustment risk rating process are determined based on the
posture sway experiment of 23 participants with normal BMI in the motion capture
laboratory. The experiment of participants with a range of BMI and construction workers
in the field with different levels of experience are recommended be conducted to accurately

determine the posture categories.

The posture categories of the adjustment risk rating for shoulder raise are not investigated

in this research, which should be examined and determined in other experimental study.

With the standard motion time durations, an automated productivity analysis can be
proposed to provide the labour productivity and overall work efficiency in order to obtain
more comprehensive performance assessments as the ergonomic-centric workplace design
and modification framework is further developed.

An optimization study can be performed for automatically analyzing the optimal trade-off

between ergonomic risk and labour productivity for manual construction tasks.
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APPENDIX A

Information Letter and Consent Form

Study Title: Ergonomics and workplace design for industrialized construction

Research Investigator: Supervisor:

Jingwen Wang Xinming Li

PhD student Assistant Professor

jingwen.wang(@ualberta.ca Department of Mechanical Engineering
University of Alberta

10-365 Donadeo Innovation Centre for
Engineering, 9211 116 street NW

Edmonton, AB, Canada T6G 1H9

Background

The construction manufacturing industry in North America has a disproportionately high number
of lost-time injuries due to the higher physical demand of labour-intensive tasks. It is thus essential
to investigate the physical demands of body movement in order to proactively identify ergonomic

risk in the workplace.

Purpose

The purpose of this research is to assist the industrialized construction industry in reducing
ergonomic risks of manufacturing operations. The risk assessment will enable the health and safety
department to better assess job requirements, ensure that the workload is within workers’ capacity,
identify and evaluate the ergonomic risks posed by various tasks after completing ergonomic

analysis, and eventually provide recommendations to improve work processes by mitigating the
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risks associated with tasks in the manufacturing plant. In the long term, this project could reduce

work-related fatigue and potential injury.

Study Procedures

The study procedures of this project are listed as follows (only steps 2 require your involvement):

1.

Carry out observations (data collection and time study) of production line tasks and design
for the task imitation experiment.

Imitate the motions that was performed by the workers in the lab, capture the motion by
using the wearable motion capture suit.

Analyze the body posture through the collected data and identify the awkward body

postures and propose corrective measures.

The types of data to be collected are described in greater detail below:

Motion capture: the motion for the entire body will be collected through the wearable
motion capture devices. You have to wear the straps and/or suit on the top of your regular
but tight clothes.

Video recording: video recordings will be collected from a distance and from different
directions. Although the video images will include recognizable human subjects, in any
publications arising from this research, faces of human subjects appearing in photographs

will be obscured.

Benefits

The student volunteer may benefit from the research experience on using motion capture

system and they can have access to know how graduate students conduct research projects.
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Risk

If by any chance the research is approved to be failure, there may be no direct benefits to

the participants.

There are no foreseeable risks to you during the study procedure.

The student may perform physical postures that is similar to the occupational task from a
worker in the industry facility, however without the similar load that you have the handle.
Thus, no physical stress or injury will be placed.

If any unforeseen risk emerges that may affect your willingness to continue participation

in the study, you will be informed immediately.

Voluntary Participation

You are under no obligation to participate in this study. The participation is completely
voluntary.

You retain the right not to answer specific questions, even if participating in the study.
You have the right to end your participation in the study at any time. You can withdraw at
any time before the final publication of the research by informing the PI in a written format

(e.g., email, letter, etc.).

Confidentiality & Anonymity

Any information collected will be kept confidential, with hard copies to be stored in a
secure location and any digital data (e.g., digital photos/video) to be stored on a password-
protected server. These documents will not be used for other purposes and will be

permanently deleted after five years.
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e Findings arising from this study will be disseminated in the Research Investigator’s
dissertation, as well as in research articles, such as conference papers and journal papers,
which will be made publicly available. No study participants will be personally identified
in any of the aforementioned publications.

Further Information

If you have any further questions regarding this study, please do not hesitate to contact the

Research Investigator or his/her supervisor, Xinming (Sherry) Li (xinming.li@ualberta.ca). The

plan for this study has been reviewed by the University of Alberta’s Research Ethics Board to
ensure its adherence to ethical guidelines. For questions regarding participant rights and ethical

conduct of research, contact the Research Ethics Office at (780) 492-0459.
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Consent Statement

I have read this form and the research study has been explained to me. I have been given the
opportunity to ask questions and my questions have been answered. If I have additional questions,
I have been told whom to contact. I agree to participate in the research study as indicated below

and will receive a copy of this consent form upon signing:

[Check all that apply]

L] Iconsent to participate in the motion capture experiment in the lab on campus.

] I consent for my image (including face) to appear in video data collected as part of this

research project.

Participant’s Name (printed) and Signature Date

Name (printed) and Signature of Person Obtaining Consent Date
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APPENDIX B

Example Output of ANOVA

Within-Subjects Factors

Measure: MEASURE 1

Tasks Dependent Variable
1 NeckLTaskl
2 NeckLTask?2
3 NeckLTask3

Descriptive Statistics

Mean Std. Deviation N
Neck Lateral Walking 24161 1.42826 23
Neck Lateral Moving 2.3030 1.85769 23
Neck Lateral Lifting 2.5896 1.34371 23
Multivariate Tests®
Partial Eta
Effect Value F Hypothesis df Error df Sig.  Squared
Tasks Pillai's Trace 059  .662° 2.000 21.000 .526 .059
Wilks' Lambda 941  .662° 2.000 21.000 .526 .059
Hotelling's Trace 063 .662° 2.000 21.000 .526 .059
Roy's Largest Root 063 .662° 2.000 21.000 .526 .059

a. Design: Intercept
Within Subjects Design: Tasks

b. Exact statistic
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Mauchly's Test of Sphericity?

Measure: MEASURE 1

Epsilon®
Within Subjects Mauchly'  Approx. Greenhous Huynh-  Lower-
Effect s W  Chi-Square  df Sig. e-Geisser Feldt bound
Tasks 998 .035 2 .982 .998 1.000 .500

Tests the null hypothesis that the error covariance matrix of the orthonormalized transformed
dependent variables is proportional to an identity matrix.?

a. Design: Intercept

Within Subjects Design: Tasks

b. May be used to adjust the degrees of freedom for the averaged tests of significance.

Corrected tests are displayed in the Tests of Within-Subjects Effects table.

Tests of Within-Subjects Effects

Measure: MEASURE 1

Type 111
Sum of Mean Partial Eta
Source Squares df Square F Sig. Squared
Tasks  Sphericity 958 2 479 .695 505 .031
Assumed
Greenhouse- 958  1.997 480 .695 504 .031
Geisser
Huynh-Feldt 958  2.000 479 .695 .505 .031
Lower-bound 958  1.000 958 .695 414 .031
Error  Sphericity 30.347 44 .690
(Tasks) Assumed
Greenhouse- 30.347 43.926 .691
Geisser
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Huynh-Feldt 30.347 44.000 .690

Lower-bound 30.347 22.000 1.379

Tests of Within-Subjects Contrasts

Measure: MEASURE 1

Type III Sum Mean Partial Eta
Source Tasks of Squares df Square F Sig. Squared
Tasks Linear 346 1 346 483 494 021
Quadratic 612 1 612 923 347 .040
Error  Linear 15.752 22 716
WSS o odvive 14,594 2 663

Tests of Between-Subjects Effects

Measure: MEASURE 1

Transformed Variable: Average

Type III Sum Partial Eta
Source of Squares df Mean Square F Sig. Squared
Intercept 409.531 1 409.531 69.211 <.001 759
Error 130.176 22 5917
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Estimated Marginal Means
1. Grand Mean
Measure: MEASURE 1
95% Confidence Interval
Mean Std. Error  Lower Bound  Upper Bound
2.436 293 1.829 3.044

2. Tasks

Estimates

Measure: MEASURE 1

95% Confidence Interval

Tasks Mean Std. Error  Lower Bound  Upper Bound

1 2416 298 1.798 3.034
2 2.303 387 1.500 3.106
3 2.590 280 2.009 3.171

Pairwise Comparisons

Measure: MEASURE 1

Mean 95% Confidence Interval for
Difference Difference®

() Tasks (J) Tasks (I1-)) Std. Error Sig.? Lower Bound  Upper Bound
1 2 113 241 1.000 511 737
3 —-.173 250 1.000 —.820 473
2 1 —113 241 1.000 —-.737 Sl
3 —.287 244 759 -919 346
3 1 173 250 1.000 —473 .820
2 287 244 759 —.346 919
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Based on estimated marginal means

a. Adjustment for multiple comparisons: Bonferroni.

Multivariate Tests

Partial Eta
Value F Hypothesis df  Error df Sig. Squared
Pillai's trace .059 .662% 2.000  21.000 526 .059
Wilks' lambda 941 .662° 2.000  21.000 526 .059
Hotelling's trace .063 .662% 2.000  21.000 526 .059
Roy's largest root .063 .662° 2.000 21.000 526 .059

Each F tests the multivariate effect of Tasks. These tests are based on the linearly independent

pairwise comparisons among the estimated marginal means.

a. Exact statistic

Profile Plots

Estimated Marginal Means

260

255

250

245

240

2.35

230

Estimated Marginal Means of MEASURE_1

Tasks
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