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Abstract 

Researchers have shown that physically demanding work, characterized by forceful exertions, 

repetition, and prolonged duration can result in fatigue. Physical fatigue has been identified as a risk 

factor for both acute and cumulative injuries. Thus, monitoring worker fatigue levels is highly 

important in health and safety programs as it supports proactive measures to prevent or reduce 

instances of injury to workers. Recent advancements in sensing technologies, including inertial 

measurement units (IMUs), present an opportunity for the real-time assessment of individuals' 

physical exposures. These sensors also exceed the ability of mature motion capture technologies to 

accurately provide fundamental parameters such as acceleration and its derivative, jerk.  

Although jerk has been used for a variety of clinical application to assess motor control, it has 

seldom been studied for applications in physically-demanding occupations that are directly related to 

physical fatigue detection [1]. This research uses IMU-based motion tracking suits to evaluate the use 

of jerk to detect changes in motor control. Since fatigue degrades motor control, and thus motion 

smoothness, it is expected that jerk values will increase with fatigue. Jerk can be felt as the change in 

force on the body leading to biomechanical injuries over time. Although it is known that fatigue 

contributes to a decline in motor control, there are no explicit studies that show the relationship 

between jerk and fatigue. In addition, jerk as it relates to skill level of highly repetitive and 

demanding work has also remained unexplored. To examine these relationships, our first study 

evaluates: 1) the use of jerk to detect changes in motor control arising from physical exertion and 2) 

differences in jerk values between motions performed by workers with varying skill levels. 

Additionally, we conducted a second study to assess the suitability of machine learning techniques for 

automated physical fatigue monitoring. 

Bricklaying experiments were conducted with participants recruited from the Ontario Brick and 

Stone Mason apprenticeship program. Participants were classified into four groups based on their 

level of masonry experience including novices, first-year apprentices, third-year apprentices, and 

journeymen who have greater than five years of experience. In our first study, jerk analysis was 

carried out on eleven body segments, namely the pelvis, and the dominant and non-dominant upper 

and lower limb segments. Our findings show that jerk values were consistently lowest for journeymen 

and highest for third-year apprentices across all eleven body segments. These findings suggest that 

the experience that journeymen gain over the course of their career improves their ability to perform 
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repetitive heavy lifts with smoother motions and greater control. Third-year apprentices performed 

lifts with the greatest jerk values, indicating poor motor performance. Attributed to this finding was 

the pressure that third-year apprentices felt to match their production levels to that of journeymen’s, 

leading third-year apprentices to use jerkier, less controlled motions. Novices and first-year 

apprentices showed more caution towards risks of injury, moving with greater motor control, 

compared to the more experienced third-year apprentices. However, the production levels of novices 

and first-year apprentices falter far behind the production levels of other experience groups. 

Detectable increases between jerk values during the beginning (rested) and end (exerted) of the task 

were found only for the journeymen, which is attributed to their greater interpersonal similarities in 

learned technique and work pace.  

In our second study, we investigated the use of support-vector machines (SVM) to automate the 

monitoring of physical exertion levels using jerk. The jerk values of the pelvis, upper arms, and thighs 

were used to classify inter-and intra-subject rested and exerted states. As expected, classification 

results demonstrated a significantly higher intra-subject rested/exerted classification than the inter-

subject classification. On average, intra-subject classification achieved an accuracy of 94% for the 

wall building experiment and 80% for the first-course-of-masonry-units experiment. 

The thesis findings lead us to conclude that: 1) jerk changes resulting from physical exertion and 

skill level can be assessed using IMUs, and 2) SVMs have the ability to automatically classify rested 

and exerted movements. The investigated jerk analysis holds promise for in-situ and real-time 

monitoring of physical exertion and fatigue which can help in reducing work-related injuries and 

illnesses. 

 



 

 v 

Acknowledgements 

To my co-supervisors, Professor Carl Haas and Professor Eihab Abdel-Rahman, thank you for all of 

your support, advice, and thoughtful guidance throughout the past two years. Prof. Haas, I’ve always 

admired your mentoring style and your cheery demeanor and hope to emulate that in the future. Prof. 

Abdel-Rahman, your exceptional insight into paper writing and expertise were much appreciated as I 

navigated the analysis and interpretation of the results. Mohsen and JuHyeong, from classroom to 

field work and everything in between, the past two years would have been much less fun without your 

company. The five of us made a great team and our personalities balance each other out (in the best of 

possible ways) making all our meetings enjoyable and productive.  

I’d also like to thank my friends who have been there from both my undergraduate and graduate 

degrees at Waterloo. Your friendship and support are innumerable.  

To my twin sister, thank you for all your love and support since birth, during grad school, and into 

the future. I appreciate that you graduated four months before me so you could lend yourself to meal-

prepping and gym-going with me before flying to New York to be a real adult. To my mom, who had 

barely any idea what I was doing for the past 7 years at Waterloo, but it didn’t matter. Thank you for 

teaching me, through demonstration, how to be independent.  

To Basil, thank you for believing in me and inspiring me to do more than I think I can. Thanks for 

always being available to talk through problems with me and listen to my frustrations when I need it 

most.  

Lastly, I would like to acknowledge the Canadian Masonry Design Centre (CMDC), Mississauga, 

Ontario, Canada for their considerable help in the data collection effort. The work presented in this 

thesis was supported by CMDC and the Natural Sciences and Engineering Research Council of 

Canada (NSERC). 



 

 vi 

Table of Contents 

AUTHOR'S DECLARATION ............................................................................................................... ii 

Abstract .................................................................................................................................................. iii 

Acknowledgements ................................................................................................................................. v 

Table of Contents ................................................................................................................................... vi 

List of Figures ...................................................................................................................................... viii 

List of Tables ......................................................................................................................................... ix 

Chapter 1 Introduction ............................................................................................................................ 1 

1.1 Overview ....................................................................................................................................... 1 

1.2 Motivations ................................................................................................................................... 2 

1.3 Research Objectives ...................................................................................................................... 3 

1.4 Research Approach ....................................................................................................................... 3 

1.4.1 Study 1 ................................................................................................................................... 3 

1.4.2 Study 2 ................................................................................................................................... 4 

1.5 Thesis Organization ...................................................................................................................... 5 

Chapter 2 Background and Literature Review ....................................................................................... 6 

2.1 Physical Fatigue and Exertion ...................................................................................................... 6 

2.2 Current Approaches to Fatigue Detection .................................................................................... 7 

2.3 Jerk as a Measure of Motor Control ............................................................................................. 9 

2.3.1 Detection of Physical Fatigue and Exertion .......................................................................... 9 

2.3.2 Indicator of Skill Level ........................................................................................................ 10 

2.4 Physical Fatigue in the Construction Industry ............................................................................ 11 

2.4.1 Investigating Masonry Work ............................................................................................... 11 

2.5 Camera-based Systems ............................................................................................................... 13 

2.6 Inertial Sensor and Motivations for Use ..................................................................................... 14 

Chapter 3 Identifying Physical Fatigue using the Jerk Metric.............................................................. 16 

3.1 Pilot Experiment ......................................................................................................................... 16 

3.1.1 Methodology ........................................................................................................................ 16 

3.1.2 Data Processing ................................................................................................................... 19 

3.1.3 Results.................................................................................................................................. 20 

3.2 Bricklaying Experiment .............................................................................................................. 21 

3.2.1 Methodology ........................................................................................................................ 22 



 

 vii 

3.2.2 Data Processing .................................................................................................................... 25 

3.2.3 Productivity Loss ................................................................................................................. 26 

3.2.4 Results .................................................................................................................................. 27 

3.2.5 Discussion ............................................................................................................................ 30 

3.3 Study Limitations ........................................................................................................................ 33 

3.4 Conclusion ................................................................................................................................... 34 

Chapter 4 Automated Monitoring of Physical Fatigue using Machine Learning ................................. 36 

4.1 Machine Learning Applications for Activity Recognition .......................................................... 36 

4.2 Methodology ............................................................................................................................... 37 

4.2.1 Participants ........................................................................................................................... 37 

4.2.2 Instrumentation .................................................................................................................... 38 

4.2.3 Experimental Procedure ....................................................................................................... 38 

4.2.4 Wall Building Experiment ................................................................................................... 39 

4.2.5 First Course Experiment ...................................................................................................... 41 

4.3 Data Processing ........................................................................................................................... 44 

4.4 Results and Discussion ................................................................................................................ 45 

4.5 Limitations .................................................................................................................................. 47 

4.6 Conclusion ................................................................................................................................... 47 

Chapter 5 Conclusion and Recommendations ...................................................................................... 49 

5.1 Jerk and Physical Fatigue ............................................................................................................ 49 

5.2 Jerk and Skill Level ..................................................................................................................... 50 

5.3 In Situ Fatigue Detection using Machine Learning .................................................................... 50 

5.4 Adequacy of Signal-to-Noise Ratio of IMU for Jerk Detection ................................................. 50 

5.5 Future Work and Recommendations ........................................................................................... 52 

Bibliography .......................................................................................................................................... 54 

Appendix A MATLAB Scripts ............................................................................................................. 68 

Read_calc_file.m ............................................................................................................................... 69 

Kinematics_from_calc.m .................................................................................................................. 70 

Matrix_from_file.m ........................................................................................................................... 74 

Prepare_all_data.m ............................................................................................................................ 81 



 

 viii 

List of Figures 

Figure 1 Optotrak Certus active marker optoelectronic system ........................................................... 13 

Figure 2 One-arm dumbbell .................................................................................................................. 17 

Figure 3 Neuron sensor, hub, and sensor straps ................................................................................... 18 

Figure 4 T-pose calibration process (pose 1 of 3) ................................................................................ 18 

Figure 5 Exporting calculation file from raw file ................................................................................. 19 

Figure 6 Resultant acceleration to jerk data - first and last set ............................................................. 20 

Figure 7 Jerk values of pelvis and dominant (D) and non-dominant (ND) upper limbs during a one-

arm dumbbell row exercise ................................................................................................................... 21 

Figure 8 Investigated IMU sensor locations ......................................................................................... 22 

Figure 9 Setup of the bricklaying experiment ...................................................................................... 24 

Figure 10 A participant completing a pre-built lead wall ..................................................................... 25 

Figure 11 A schematic diagram of data processing from raw motion data .......................................... 26 

Figure 12 Normalized completion time per course for four experience groups ................................... 30 

Figure 13 IMU sensor locations ........................................................................................................... 39 

Figure 14 Human figure on Perception Neuron ................................................................................... 40 

Figure 15 Timeline of task duration and intensity level in kilograms per minute ................................ 41 

Figure 16 A schematic diagram of data processing for automatic fatigue detection ............................ 41 

Figure 17 Experimental setup for first course ...................................................................................... 42 

Figure 18 Experimental setup for bricklaying task ............................................................................... 43 

Figure 19 Building sequence for first course experiment ..................................................................... 43 



 

 ix 

List of Tables 

Table 1 Participant demographics ......................................................................................................... 23 

Table 2 Means, standard deviations, and statistical significance for jerk (g/s) of eleven body segments

 ............................................................................................................................................................... 28 

Table 3 Number of participants whose segment jerk values did not increase from rested to exerted 

state ....................................................................................................................................................... 29 

Table 4 Task completion time and productivity of four experience groups ......................................... 29 

Table 5 CMU block properties .............................................................................................................. 40 

Table 6 . Jerk calculations from Cartesian components of acceleration ............................................... 44 

Table 7 Wall completion experiment – SVM classification accuracy [%], mean, and standard 

deviation ................................................................................................................................................ 46 

Table 8 First course experiment – SVM classification accuracy [%], mean, and standard deviation .. 47 





 1 

Chapter 1 Introduction 

1.1 Overview  

In the construction industry, tasks are often labor-intensive resulting in workers frequently suffering 

from muscle fatigue. Construction activities, which include repetitive lifting and handling of heavy 

loads, static work in awkward and prolonged postures, and exposure to vibrations and harsh weather 

conditions, have been known to cause work-related injuries and illnesses [2].  

Among construction workers, musculoskeletal disorders (MSDs) are one of the most prevalent 

occupational health problems. MSDs are injuries and disorders of soft tissues including the muscles, 

tendons, ligaments, joints, cartilage, and the nervous system. Physical fatigue has been shown to 

result in increased risks of injury that lead to a variety of MSDs including lower back disorders, 

tendinitis, and carpal tunnel syndrome [3]. Construction workers and crews are highly prone to 

musculoskeletal injuries, because their daily tasks require them to use forceful exertions when lifting 

and carrying loads, bend and twist the back or limbs, and be exposed to vibrations or repetitive 

movements [4].  

In Ontario, Canada, MSDs are the primary cause of lost-time work injury reported to the 

Workplace Safety and Insurance Board (WSIB). On a national level, the economic cost of MSDs is 

estimated to be $22 billion annually and is deemed to be the most costly medical condition in Canada 

[5].  The repercussions of MSDs cost Ontario workplaces hundreds of millions of dollars due to 

worker absence and lost productivity. Indirectly, employers face costs including overtime wages, 

training costs for replacement workers, and lost quality of work. In 2015, the rate of MSDs in 

construction was 16% higher than the rate of 29.8 per 10,000 full-time employees (FTEs) for all 

industries combined. Furthermore, the rate of injuries from overexertion in lifting was 10.6 per 

10,000 FTEs in construction, higher than the average of all industries [6]. In 2015, overexertion from 

lifting and lowering caused 30% of the MSDs among construction workers. Over time, these injuries 

may develop into chronic conditions, functional impairments, and permanent disabilities.  

Muscular fatigue is commonly believed to be a prominent risk factor for musculoskeletal disorders. 

Thus, this risk factor has introduced the need to monitor the degree of muscle fatigue in the field of 

ergonomics and physiological research. Several studies have developed and used various methods for 

fatigue assessment with the aim of reducing the extent of acute effects and to prevent long-term 

health outcomes.  
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However, since fatigue manifests itself in various ways, a single test to measure a single process 

among several complex interactions (e.g. biological and behavioral manifestations) might not be a 

representative method for fatigue detection. For instance, if a certain physiological function is 

heightened, it may only reflect the body’s adaptive behavior instead of the degree of fatigue [7]. Thus, 

the fatigue quantification typically involves some combination of kinematics and kinetics, often 

supplemented or substituted by physiological (e.g. muscle activity or heart rate) and subjective (e.g. 

discomfort or exertion) measures.  

While there is no single standard for fatigue measurement, there are numerous subjective and 

objective measurements techniques that have been adapted for occupational use [8]. However, several 

of these techniques are cumbersome and not practical on construction sites, highlighting a need for 

methods that can continuously monitor fatigue with minimal intrusion to construction activities. 

Recent advances in wearable technologies present an opportunity for real-time and in situ 

assessment of fatigue development. One such technology is the inertial measurement unit (IMU). The 

capabilities of the IMU system allow for the study of a biomechanically-relevant metric, jerk. 

1.2 Motivations  

Accurate quantification of physical exposures is an important component of physical fatigue 

development. Improved instrumentation for data collection has been critical for occupational health 

and safety development. Assessment methods that rely on kinematic data are conventionally collected 

using camera-based systems which is the gold-standard for non-invasive body motion capture in 

research settings. However, these systems require expertise for use, extensive post-processing, and 

large installation spaces. They can also be restrictive of the natural movement of the wearer and thus 

unlikely to be adopted for on-site use. The advancement and increasing availability of wearable 

sensing technologies have made in situ monitoring and real-time assessment of individuals' physical 

exposures possible. As a result, these devices have become a popular device for monitoring physical 

activity in a work environment for the purpose of injury prevention [9][10].  

While there has been an emphasis on research to develop occupational health and safety sensor 

systems and establish their potential in a lab environment [11], [12], most current workplace 

applications have been limited to 1) posture analysis [4], [13]–[15], 2) task classification [16], 3) 

physiological monitoring [17], [18], and 4) computerized application of traditional observational tools 

[19], and specialized fatigue applications. The specialized physical fatigue applications are limited to 
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the following three domains: 1) athletics, where the focus is primarily on monitoring athletes' 

performances [20], [21], 2) sleep-induced fatigue, in mining [22], [23], and 3) driver drowsiness 

detection systems in transportation [24], [25], and 4) illness-related fatigue [26], [27]. However, in 

most physically-demanding occupations, e.g. construction, manufacturing, and agriculture, there have 

been minimal work-place applications using sensor systems that are directly related to physical 

fatigue detection [1].   

1.3 Research Objectives  

The primary objective of this thesis is to evaluate the suitability of using jerk as a measure of fatigue 

that is practical for in situ use such as a construction site. It is anticipated that its findings will provide 

insight for future research in fatigue detection. More specifically, this thesis will:  

1. Evaluate the use of jerk to detect changes in motor control arising from physical exertion. 

2. Investigate differences in jerk values between motions performed by workers with varying 

skill levels. 

3. Assess the suitability of machine learning techniques for real-time physical fatigue 

monitoring. 

To address these aims, this thesis is divided into two studies. In the masonry trade, the duties of 

bricklayers are physically intensive and highly repetitive. Thus, bricklaying was selected as the 

subject of focus in the two studies.  

1.4 Research Approach 

1.4.1 Study 1  

The objective of our first study was to assess the feasibility of using jerk as an indicator of physical 

exertion as fatigue develops over the course of a demanding task. As a proof-of-concept, a pilot 

experiment was designed and conducted to test whether physical fatigue results in increased jerk 

values and whether the signal-to-noise ratio of jerk derived from IMU-based motion capture suits was 

high enough to detect it. Three participants were asked to perform a one-arm dumbbell row exercise 

in a bent-over position until the participants either reached exhaustion or until they could no longer 

keep a metronome pace. Jerk values during the first and last exercise sets were compared for each 

participant to detect differences between rested and exerted states.  
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On the premise of the initial validation of the hypothesis, we proceeded to conduct a study on 

indoor masonry work. The experiment was conducted at the Canadian Masonry Design Center 

(CMDC) indoor training facility in Mississauga, Ontario. Thirty-two male bricklayers with varying 

levels of masonry experience were recruited. Participants were grouped into four experience groups 

including 1) novices, 2) first-year apprentices, 3) third-year apprentices, and 4) journeymen. 

Participants were instructed to complete a pre-built lead wall (Figure 4(a)) using forty-five concrete 

masonry units (CMUs) each weighing 16.6 kg. Jerk analysis was carried out on eleven body 

segments, namely the pelvis, the dominant and non-dominant upper and lower limb segments. Two 

hypotheses were evaluated:  

Hypothesis 1: The novel fatigue measure, jerk can be used to detect changes in motor control 

arising from physical exertion.  

Hypothesis 2: Jerk can be used to differentiate between motions performed by workers with 

varying skill levels.  

This study comes primarily from the following publications:  

1. L. Zhang, M. M. Diraneyya, J. Ryu, C. T. Haas, and E. Abdel-Rahman, “Assessment of 

Jerk as an Indicator of Physical Exertion and Fatigue,” tentatively accepted by Automation 

in Construction, 2019. 

2. L. Zhang, M. M. Diraneyya, J. Ryu, C. T. Haas, and E. Abdel-Rahman, “Assessment of 

Jerk as a Method of Physical Fatigue Detection,” in Proceedings of the ASME 2018 

International Design Engineering Technical Conferences and Computers and Information 

in Engineering Conference - IDETC/CIE 2018, 2018, pp. 1–6. 

1.4.2 Study 2 

In our first study, raw motion data required manual segmentation to ensure that jerk values were 

compared between the same action types. For example, the motion data collected during each lifting 

action (pick up – transport – lay down) were segmented out from other motions such as spreading 

mortar. However, manual segmentation of the data prevents applications for real-time assessments. 

This issue was addressed in our second study.   

We conducted two sets of analysis: 1) we tested the feasibility of analyzing jerk values using 

continuous motion data collected from our previous study to monitor changes in motor control, and 2) 
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we conducted a second experiment that evaluates changes in jerk values between two identical 

bricklaying tasks following a series of exhausting exercises. Continuously monitoring jerk is 

investigated in the present study using IMU sensors and SVMs, which have been used extensively to 

classify human motion patterns and activities. We also examine both the inter- and intra-subject 

differences of experienced workers. Six male bricklayers with an average of 22 years of masonry 

experience were recruited for the experiment. One hypothesis was evaluated: 

Hypothesis 1: As rested and exerted states can create unique jerk signal patterns, machine learning 

algorithms using motion data can be used to monitor the development of physical exertion for real-

time applications. 

This study comes primarily from the following publication:  

1. L. Zhang, M. M. Diraneyya, J. Ryu, C. T. Haas, and E. Abdel-Rahman, “Automated 

Monitoring of Physical Fatigue Using Jerk,” in Proceedings of the ISARC 2019 Automation 

and Robotics in Construction, 2019. 

1.5 Thesis Organization 

First, a review of relevant literature on the definition of fatigue, current fatigue assessment methods, 

the relationship between jerk, to fatigue and skill level, and a background on motion capture systems 

will be presented (Chapter 2). Second, an exploratory study focused on evaluating jerk as a method 

for fatigue detection and evaluating skill level will be reported (Chapter 3). Third, machine learning 

techniques to enable real-time physical fatigue monitoring will be evaluated (Chapter 4). Finally, the 

knowledge acquired from the preceding studies will be summarized and future research directions 

will be presented (Chapter 5). 
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Chapter 2 Background and Literature Review 

2.1 Physical Fatigue and Exertion  

Fatigue is often an overlooked hazard on construction sites. Construction work involves significant 

physical and mental demands, however, physical fatigue is a critical short-term risk factor, since it 

can result in diminished motor control, reduced strength capacity, and reduced cognitive resources 

[28]–[30]. In the construction industry, workers are frequently exposed to heavy workloads, 

prolonged work schedules, and repetitive tasks, making physical fatigue inevitable. The effects of 

fatigue include increased injury risk, lowered productivity, and deficits in work quality [31], [32]. 

Physical fatigue can also result in the deterioration of health in the long term, including work-related 

musculoskeletal disorders (WMSD) [3], [9], chronic fatigue syndrome [32], and compromised 

immune function [33]. Physical fatigue has been shown to be a good indicator of injury risks [34]. 

Thus, fatigue detection and monitoring tools that allow for intervention prior to detrimental effects to 

workers’ safety, health, and productivity are worth studying. 

Fatigue is a universal symptom not only associated with most acute and chronic illnesses, but also 

with normal, healthy functioning and everyday life. The ubiquitous nature of fatigue, given the 

complex interaction of the biological processes, psychosocial phenomena, and behavioral 

manifestations involved, has made its understanding challenging for researchers and clinicians. 

Currently, there is no universally accepted standard for fatigue assessment due to several factors [1]. 

Some of these factors are as follows,  

1. Fatigue development differs significantly between workplaces and occupation type. 

2. A single mechanism is unlikely to explain fatigue under all conditions given the complexity 

of the human body. 

3. The complex interactions between biological processes and psychosocial phenomena cannot 

be encompassed by a single definition. 

4. Observed performance deterioration is unlikely explained by a single theory.  

Historically, physical or muscle fatigue is defined as a decline in a muscle’s ability to exert force as 

a result of performing a motor task [35]. For tasks that do not call for sustained exertion of maximal 

force, fatigue gradually develops over a period of time and results in a progressive decline in maximal 

force [36]. Construction tasks fall in this category, involving intermittent exertions of submaximal 



 

 7 

forces, which makes explicit evaluation of muscle fatigue cumbersome. In fact, muscles can continue 

to exert submaximal forces as they fatigue by marshaling more muscle fibers and more cognitive 

resources [30]. However, this is achieved at the cost of less regulated force levels as low frequency 

tremor sets in [37]. In addition, most construction tasks involve complex motion patterns and force 

exertions by multiple muscle groups. This occurrence not only increases the number of muscles 

concerned but also allows the body to compensate for muscle fatigue by recruiting different muscle 

groups and using different motion patterns, further complicating the process of fatigue assessment. 

The standard measure of muscle fatigue is a drop in motor unit firing rates recorded via 

electromyography [38]. In addition to being cumbersome, Li et al. [39] report that direct assessment 

of fatigue via surface electromyography (sEMG) is possible for superficial muscles in low fat areas 

but not for deep muscles, such as the lower back. Moreover, EMGs suffer from a low signal-to-noise 

ratio which further reduces its applicability [39]–[41]. Thus, it is more practical and relevant to 

worker ergonomics to quantify secondary metrics of “physical exertion”, defined as a measure of 

overall fatigue in the muscle ensemble relevant to a task. This measure can then be used as an 

indicator that fatigue has reached levels that impact worker's safety, health, productivity or work 

quality.  

2.2 Current Approaches to Fatigue Detection 

The human body exhibits physical fatigue in several ways, thus researchers have developed a number 

of methods to measure fatigue [32]. These methods, however, are often limited in their applications, 

since they were by and large developed for specific contexts and objectives [42].  

Numerous studies have been aimed at quantifying the degree of physical fatigue induced by various 

occupational tasks [31], [43], [44]. While there is no single standard measurement of fatigue, there are 

several subjective measurement scales and objective measurement techniques that have been adapted 

for occupational use. Early attempts at quantifying fatigue in an occupational setting involved 

subjective measurement scales, such as questionnaires and self-perceived exertion scales, that relied 

on subjective answers to a fixed set of questions relating to physical and mental fatigue [45]. Several 

construction related studies have continued to use subjective feedback scales and questionnaires for 

assessing fatigue or workload [28], [46]–[49]. However, due to the nature of fatigue perception, 

specific fatigue symptoms may differ among workers of different socio-cultural background or work 

conditions [8], [35]. Thus, subjective measurements of fatigue are usually tailored to the work 

environment and the target workforce [42]. Physiological measurements including heart rate, oxygen 
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consumption, energy expenditure, and skin temperature are used to overcome the limitations of 

subjective measurements [31], [43], [50]. The downside to physiological measurements is that many 

factors can reduce their reliability including alcohol consumption, fitness level, and caffeine intake 

[110]. Analysis of surface electromyography (sEMG) signals is another widely used technique and 

considered the gold standard to assess and characterize muscle fatigue [41], [49], [51], [52]. SEMG 

signals are electrical signals generated from contracting skeletal muscles and are acquired using 

surface electrodes. During fatigue, signal characteristics vary either due to the inability of nerves to 

fire high-frequency motor unit action potentials to maintain the required force or chemical imbalances 

of metabolites in the muscle fiber. In Venugopal et al. [53], surface electromyography (sEMG) 

signals was used to differentiate between fatigue and non-fatigue conditions at the biceps brachii 

muscle. However, as mentioned earlier, studies have shown that sEMG is not suitable for deep 

muscles, such as the lower back and suffer from a low signal-to-noise ratio which reduces its 

applicability. Other methods used in practice include isometric strength tests, exercise endurance 

tests, muscle biopsy, and muscle imaging [54].  

Since the aforementioned methods can be cumbersome or invasive, some researchers have 

attempted to detect physical fatigue non-invasively via secondary measures, such as increased 

physiological tremor, impairment of postural control, increased sway, and loss of multi-joint 

coordination [55]. These assessment methods rely on kinematic data collected optoelectronically, 

which is the gold-standard for non-invasive body motion capture in research settings [56], [57]. In 

practice, this method has limited use since it requires expertise, extensive post-processing, and large 

installation spaces [1]. Optoelectronic systems are also costly, cumbersome, and difficult to operate 

on most worksites [56].  

Recent advances in wearable technologies present an opportunity for real-time and field-based 

assessment of fatigue. One such technology involves wearable inertial-measurement-unit (IMU) -

based motion capture, which enables the automatic and continuous collection of whole-body motion 

data. IMUs integrate accelerometers, magnetometers and gyroscopes to measure acceleration, 

velocity, and orientation of body segments. Wearable IMUs are wireless, non-intrusive, versatile, and 

less costly compared to other methods of motion tracking and provide a plausible solution for body 

motion capture [10], [58]. Thus, they have high potential to be used as a field-based fatigue 

assessment method. Furthermore, their high-frequency sampling rates allow for the evaluation of a 

novel biomechanics metric: jerk. 
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A number of studies have attempted to assess the feasibility of using these methods to detect and 

monitor fatigue. Dieen et al. [59] used an optoelectronic system to investigate the effect of repetitive 

lifting on joint loading, joint coordination, and jerk. They found that joint loading and coordination 

did not change significantly over repetitive lifts, however jerk increased in all investigated lower back 

and lower extremity joints. This suggests that jerk may be sensitive enough to detect changes in 

motion patterns induced by fatigue as the body adapts to maintain torque, acceleration, and position 

profiles. Zhang et al. [60] used IMUs and support vector machines (SVM) to classify normal walking 

and post-fatigue walking. They found that features associated with acceleration and jerk of the lower 

extremities were significantly increased following a squat exercise. Maman et al. [61] assessed the 

feasibility of using penalized regression models for the detection and estimation of physical fatigue in 

simulated manufacturing tasks. Low-noise analogue accelerometers were attached to the ankle, wrist, 

hip, and torso to obtain features associated with acceleration and jerk. They found that the 

accelerometers located at the wrist and hip were better predictors of physical fatigue and that 

accelerometer features were stronger predictors of fatigue than heart rate features. To date, few 

studies have investigated the use of IMUs to obtain jerk and its use as an indicator of physical 

exertion and fatigue.  

2.3 Jerk as a Measure of Motor Control 

2.3.1 Detection of Physical Fatigue and Exertion  

Jerk, the derivative of acceleration, is not widely studied in current non-clinical literature. In clinical 

literature, jerk is seen as a measure of motor control. Jerk is commonly used to (1) differentiate 

between pathological and non-pathological motions [62]–[64]; (2) quantify motion smoothness to 

assess motor learning and recovery [65]; (3) detect injury inducing motions [66]; and (4) measure 

performance fluency [67], [68]. Motor function abnormalities exhibited due to pathologies can be 

detected using jerk as a metric to quantitatively measure pathological tremor. On the same note, it is 

apparent that exercise-induced fatigue has a major impact on motor control and is responsible for a 

number of changes in neuromuscular function including increased physiologic tremor [51]. 

Physiologic tremor of a limb or other body parts occurs in non-pathological individuals, however, it 

becomes more pronounced when they experience fatigue or anxiety [69].  

Experimental studies have found that expertise or task familiarity also impact motor control. Bril et 

al. [70] posits that skilled action combines smoothness, regularity, speed, precision, optimization, and 
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adaptability. More practice produces smoother motion trajectories and thus minimizes jerk [63], [71]–

[73]. As a result, jerk values observed for experts are expected to be lower than those observed for 

novices. Since fatigue degrades motor control, and thus motion smoothness, it is expected that jerk 

values will increase with fatigue. These increases however will be larger in magnitude than those due 

to physiologic tremors. In terms of risks of injury, being exposed to changes in motion can have 

significant biomechanical effects on the human body. During lifting tasks, jerk can be felt as the 

change in force on the body. Although the damping of the human body leads to some attenuation of 

rapid changes, the human body can experience biomechanical damages over time. It is important to 

note that motion smoothness is highly task dependent and must be considered when comparing jerk 

values between task types [64].  

Two studies are notable and relevant to the current research. Maman et al. used IMU-collected 

motion data during simulated manufacturing tasks to determine acceleration- and jerk-based features 

that are predictive of fatigue occurrence [61]. Similarly, Zhang et al. used support vector machines 

(SVMs) to classify the occurrence of lower extremity muscle fatigue of gait [60]. These methods, 

however, have not assessed the feasibility of using machine learning techniques to recognize changes 

in jerk values during construction work. 

2.3.2 Indicator of Skill Level  

When the human body is introduced to a new movement, it learns the placement of different body 

parts, sequential muscle control, and coordination between muscles to achieve necessary positions. 

With time and repetition, the skill can be honed. According to Bril et al., a skilled action consists of 

smoothness, flexibility, precision, speed, adaptability, regularity, and optimization, and functionally 

coordinating these conditions is crucial [70]. Smoothness is achieved by purposefully repeating a 

movement and making necessary corrections to improve the motion [74]. The success of a human 

movement is judged by the smoothness of the motion, which can be quantified as jerk [75]. Thus, the 

smoother the motion, the lower the jerk.  

There have been many attempts to describe the smoothness in a variety of movements. Previous 

studies have demonstrated differences in the smoothness of body movements with different levels of 

training, i.e., amateurs compared with professionals. These differences have been studied extensively 

in golf to better understand the mechanisms behind skilled golf performance. Choi et al. [76] 

evaluated the kinematic motion of amateur and professional golfers and found that professional 

golfers have smoother swings than amateur golfers. In this study, Choi et al. used jerk to 
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quantitatively represent the smoothness of a motion to differentiate between skilled and unskilled 

golfers. A golf swing involves complex and continuous rotational movements of each joint in the 

body, and the muscle contraction sequence and timing of the impact between the club and ball are 

important components of a successful swing. Thus, a successful golf swing is achieved by rotating the 

harmoniously coordinating joint movements. Hreljac compared the jerk in the heel of skilled middle- 

to long-distance runners to that of other athletes (from soccer or tennis) during running and fast 

walking [74]. Hreljac concluded that the runners tended to exhibit significantly lower jerk, and thus 

smoother movements than non-runners during both running and fast walking. In addition, by 

analyzing jerk, Yan et al. found that the arm movement involved in overarm throwing becomes 

smoother as one becomes an adult  [75]. More recently, Sakata et al. studied the effect of age-related 

changes in the smoothness of lower body joints during lifting, and demonstrated high jerk values in 

the ankle and hip joints of older subjects, pointing to less smooth movements in this group [77]. 

Nevertheless, studies investigating the smoothness of lifting movements are rare, and none have 

analyzed the smoothness during bricklaying. Like golf, bricklaying requires mastery that can be 

achieved through apprenticeships and on-site experience. However, unlike previously studied 

movements, bricklaying requires repetitive, high-intensity work.   

2.4 Physical Fatigue in the Construction Industry  

Despite technological advances, construction work continues to be a labor-intensive industry. Thus, 

the physical condition and health status of workers are vital to the successful completion of a project. 

However, MSDs are amongst the most frequently reported injuries and cause of lost time in the 

construction industry.  

2.4.1 Investigating Masonry Work  

An example of highly repetitive, highly physical, and non-structured environments is masonry work, 

which the subject of the following chapters. Energy use and oxygen consumption exceed 

recommended levels [78], [79], and trunk extensor fatigue has been observed in bricklayers 

performing highly repetitive work [80]. Block layers handle approximately 240–294 blocks per 

working day, resulting in a total weight of 3,200–3,600 kg per day [81]. Bricklayers are exposed to 

handling frequencies ranging from 87 to 262 bricks per hour [82].  

The masonry workforce is composed of two classes: apprentices and journeymen. In Ontario, 

Canada the masonry apprenticeship program lasts for three years before a mason is examined to 



 

 12 

become a journeyman. A study shows that workers with less than five years of experience have 

higher rates of musculoskeletal injuries compared to journeymen with more than five years of 

experience [83].  

 

  



 

 13 

2.5 Camera-based Systems  

Mature technologies that capture body kinematics including the optoelectronic motion capture system 

as shown in Figure 1. The optoelectronic system is generally viewed as the ‘gold’ standard for 

kinematic measurement in a laboratory. Currently, the most common optoelectronic motion capture 

system is based on a combination of strobing lights and cameras that work in simultaneously to 

capture frames of position data taken from optical markers illuminated by the pulses of light. For each 

marker, several different camera angles are used to reconstruct and build a three-dimensional path 

representing segments and joints of the human body. On the other hand, optoelectronic systems are 

very expensive and offer best results in indoor capture conditions. This is because daylight interferes 

with the tracking of the marker. The size of their capture volume is relatively small, and it is 

relatively difficult and time-consuming to set up. Moreover, in practice, this method has limited use 

since it requires expertise, extensive post-processing, and large installation spaces [1]. Such 

limitations likely explain why relatively few studies have obtained detailed kinematics or kinetics in 

situ.  

The first derivative of segment or marker position provides velocity and a second order derivative 

provides acceleration. This positional, velocity, and acceleration data is used to drive biomechanical 

models and study motion. However, while these systems are excellent at creating 3D images, they are 

lacking in the ability to accurately provide data of higher derivatives including accelerations. 

 

Figure 1 Optotrak Certus active marker optoelectronic system 
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Markerless systems are based on two-dimensional data of one or more video cameras. They use 

computer vision algorithms and methods to track motion and depth of objects and humans. A once 

popular example are the Microsoft Kinect camera sensors. The main advantage of markerless motion 

capture systems is that the motion can be captured in a natural capture environment without the need 

to wear special equipment or marker for tracking. However, the main problem of markerless motion 

capture is that tracking requires close proximity with the object to be tracked to maintain a sufficient 

level of accuracy and information content. Objects in large distance to the camera cannot be captured 

in detail. 

Since work environments can often influence specific work habits or strategies adopted and in turn 

affect the estimated level of physical exposure, the measurement of physical exposures should ideally 

be in situ. However, occupational physical exposures have been quantified in numerous studies in 

laboratory settings.  

2.6 Inertial Sensor and Motivations for Use 

Wearable sensors do not impose any restrictions on the motion with respect to lighting conditions and 

mobility. The sensors are light-weight and do not need any external cameras, emitters, or markers. 

The most common wearable sensors are inertial measurement units (IMUs) built from accelerometers, 

magnetic field sensors, and gyroscopes. Restrictions on the capture volume exists only with respect to 

the maximum allowable distance between the sender and receiver of the motion capture device and 

program. Its magnetometers, however, can be sensitive to magnetic and electrical disturbances in the 

environment. Among inertial sensors, accelerometers have been used extensively for activity 

recognition and studied with different body locations, number of sensors, classifiers, and feature sets 

[84]. Valero et al. developed an IMU system to detect unsafe postures of construction workers from 

motion data [4]. Ryu et al. used a single wrist-worn accelerometer-embedded activity tracker for 

automated action recognition [85], [86]. However, the use of accelerometers to monitor physical 

exertion or fatigue during physically demanding tasks has not been studied extensively. 

Schall et al. assessed the IMU system in field-based occupational settings over an eight-hour work 

shift and suggested that the IMU system can achieve reasonably good accuracy and repeatability 

compared to the gold standard, optical motion capture systems [87]. Moreover, the light-weight and 

portability of wearable IMUs compared to external sensors, make them easy to attach to workers such 

as on construction vests, gloves, or helmet. IMUs, which combine accelerometers, gyroscopic and 
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magnetic sensors, have been used by researchers to monitor ergonomically safe and unsafe postures 

during construction activities [14], [88]–[90]. 

The main commercial IMU motion capture system is Xsens [4]; other lesser known companies 

include Perception Neuron [91] which is significantly more affordable however, it is less robust in 

terms of hardware. Perception Neuron suits cost approximately $1,500 while the Xsens suits cost 

between $12,500 and $30,000. Perception Neuron IMUs, however, are extremely magnetically 

sensitive, so they must be used and stored away from tools, hardware, and electronics to prevent 

magnetic interference. 

This research uses Perception Neuron wearable wireless inertial sensors and seeks to evaluate the 

use of acceleration and its derivative, jerk, to detect changes in motor control. In this application, 

there are several advantages to using inertial sensors.  

The first major advantage is that a wearable system is extremely portable and can be applied 

wherever activity is occurring such as a construction site, in contrast to optical systems which require 

the activity to be performed in a laboratory environment. Before the advent of wearable motion 

sensors, optoelectronic systems were commonly used to track human motion [57]. However, the body 

segment positions they measure must be differentiated three times in order to obtain jerk. Since each 

numerical differentiation degrade the signal-to-noise ratio, repeating the process three times would 

magnify noise and thereby render the jerk values mostly meaningless [66]. In the case of IMUs, 

segment acceleration is collected directly and hence, jerk values can be obtained by differentiating 

only once. Thus, information that is lost in the optical system, can be detected by IMUs. The 

differentiation of acceleration to jerk also removes gravitational acceleration components. The greater 

precision of inertial sensors to measure higher derivatives such as acceleration, allows for the 

introduction of a new biomechanically-relevant metric, jerk. 
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Chapter 3 Identifying Physical Fatigue using the Jerk Metric 

In this study, we tested the hypothesis that jerk can be used to detect changes in motor control arising 

from physical exertion. In addition, we investigated the differences in jerk values between motions 

performed by workers with varying skill levels. To our knowledge, no other studies have examined 

jerk as an indicator of fatigue for workers with varying levels of work experience.  

Although it is known that fatigue contributes to an increase in physiological tremor and decline in 

motor control, there are no explicit studies that show the effect of fatigue on jerk. To test the 

hypothesis, we conducted a pilot experiment that involves a repetitive and targeted physically 

demanding exercise: the one-arm, bent-over dumbbell row. On the premise of the initial validation of 

the hypothesis, we proceeded to conduct a study on indoor masonry work involving participants with 

different levels of experience.  

In the masonry trade, the everyday duties of bricklayers are physically intensive and highly 

repetitive. Working postures in bricklaying include frequent deep bending of the trunk while handling 

building materials, resulting in low back disc compression forces that exceed the NIOSH threshold 

value of 3.4kN [92]. Thus, bricklayers may suffer from physical fatigue, resulting in reduced motor 

control and strength capacity. This in turn leads to greater susceptibility to injuries and accidents. 

According to the Workplace Safety & Insurance Board of Ontario [93], the cost per claim for the 

masonry rate group ($50,882) was 144% greater than that of the average cost of a claim for all other 

rate groups belonging to the construction class ($20,818).  

3.1 Pilot Experiment 

A pilot experiment was designed to test whether physical fatigue results in increased jerk values and 

whether the signal-to-noise ratio of jerk derived from IMU-based motion capture suits was high 

enough to detect it. Three individuals, two males and one female, were recruited for the experiment. 

All were university students who reported moderate levels of daily physical activity and no previous 

injuries. The participants’ mean (SD) age, stature, and body mass were 26.7 (3.1) years, 176.7 (5.8) 

cm, 78.3 (14.4) kg, respectively.  

3.1.1 Methodology 

All participants were fully rested before the experiment. Participants were asked to perform a one-arm 

dumbbell row exercise in a bent-over position with a 15 lbs dumbbell using their dominant arm. The 
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dumbbell row requires the dominant upper limbs, specifically the biceps, shoulders, and side of back, 

to exert force and the non-dominant upper limbs to support and stabilize the body.  

Each repetition consisted of an elbow flexion and extension, starting with the arm fully extended. 

The participants positioned themselves by kneeling over the bench and placing the supporting knee 

and hand on the bench as shown in Figure 2. The participants were asked to complete sets of twenty 

repetitions, with 30-second breaks between sets until they reached exhaustion or until they could no 

longer keep pace with a metronome set to 40 bpm. Jerk values during the first and last exercise sets 

were compared for each participant to detect differences between rested and fatigued states. The full-

body kinematics of the participants were collected using a wearable IMU-based motion capture suit, 

Noitom Perception Neuron [91]. The sampling rate of the IMUs is 125 frames per second. The full-

body suit is composed of seventeen IMUs located at the pelvis, sternum, head, and both shoulders, 

upper arms, lower arms, hands, upper legs, lower legs, and feet. Although not all IMUs were used, all 

seventeen IMUs were active during the experiment to enable system calibration. Each IMU sensor is 

composed of a three-axis accelerometer, a three-axis gyroscope, and a three-axis magnetometer. The 

hub collects the motion data from the Neuron sensors. Motion data was sent from the suit to a laptop 

via wireless connectivity. The sensors are secured to the body with Velcro straps as shown in Figure 

3.  

 

Figure 2 One-arm dumbbell 

 



 

 18 

 

Figure 3 Neuron sensor, hub, and sensor straps 

The exercise targets the upper limbs and torso area, seven body segments, namely the pelvis, and 

both the dominant and non-dominant upper arms, forearms, and hands, thus, these body segments 

were selected for jerk analysis. The sensor modules for the upper limb segments were strapped at the 

upper arms and forearms and placed at the backside of the hands using fingerless gloves. The gloves 

did not impair gripping ability of the participants. The sensor module for the pelvis segment was held 

in place at the lower back by a belt and waist buckle. Prior to the experiment, a calibration session, as 

demonstrated in Figure 4, was carried out to allow the Axis Neuron software to detect the placement 

and orientation of the sensors on the participant. The sensor-to-segment calibration was performed 

using three standard postures: A-pose, T-pose, and S-pose.  

 

Figure 4 T-pose calibration process (pose 1 of 3) 
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3.1.2 Data Processing 

The Axis Neuron software [91] visualizes and exports the calculation file data (.calc). This data type 

includes segment posture quaternion in segment coordinate; displacement, speed in ground 

coordinates; original acceleration and gyro data in module coordinates. The Cartesian components of 

the segment acceleration are collected from the IMU’s accelerometer.  

 

Figure 5 Exporting calculation file from raw file 

For each of the seven IMU sensors, the resultant acceleration data were calculated from its 

Cartesian components. A low-pass Butterworth filter with a 10 Hz cut-off frequency was then used to 

remove high frequency noise. Jerk was calculated as the time-derivative of the acceleration 

magnitude (da/dt). Average jerk values were calculated for the first set of the exercise to represent 

each participant’s rested characteristic jerk, Jr, and for the last set to represent their fatigued 

characteristic jerk, Jf. A visualization of the data is shown in Figure 6.  
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Figure 6 Resultant acceleration to jerk data - first and last set 

3.1.3 Results 

On average, the three participants completed seven sets of twenty repetitions. The results show that 

the characteristic jerk for all participants and all seven segments increased significantly from the 

rested to the fatigued states as shown in Figure 7. As expected, the jerk magnitudes of the 

participants’ dominant upper limbs were much greater than the pelvis and non-dominant upper limbs. 

The greatest percent increase between the rested and fatigued characteristic jerk values was observed 

at the pelvis. For both the dominant and non-dominant upper limbs, the upper arm had a greater 

percent increase compared to the hands and forearms. Additionally, a greater percent increase was 

observed between the characteristic jerk values of the non-dominant upper limbs compared to those 

of the dominant upper limbs. This may indicate that although the non-dominant upper limb does not 

take part in the main lifting motion, its role as the stabilizer can also become compromised as the 

participant becomes fatigued. It is interesting to note the wide interpersonal variability in both jerk 

magnitude and change in jerk values between their rested and fatigued states.   

The pilot experiment confirmed the hypothesis that the sensors used were sensitive enough to 

detect a change in jerk values over the duration of a repetitive and targeted physically demanding 

exercise. The following experiment on a bricklaying task, tests the same hypothesis, however, in a 

realistic environment that respects between-subject variabilities including technique and pace.  
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Figure 7 Jerk values of pelvis and dominant (D) and non-dominant (ND) upper limbs during a 

one-arm dumbbell row exercise 

3.2 Bricklaying Experiment  

In the bricklaying experiment, jerk analysis was carried out on eleven body segments, namely the 

pelvis, the dominant and non-dominant upper limb segments (upper arms, forearms, and hands) and 

the dominant and non-dominant lower limb segments (thigh and shank), since lifts involve whole-

body work [94]. Those body segments were hypothesized to be the most suitable for fatigue detection 

since bricklaying requires large ranges of motion, forceful contractions, and high precision from the 

upper and lower limbs. The torso was selected due to frequent bending which may result in lower 

back muscle fatigue. Locations of the investigated sensor modules are shown in Figure 8. Previous 

activity monitoring studies for similar tasks were used as a guide for sensor location selection [61], 

[83]. The objectives of this experiment were: (i) to assess the suitability of jerk as a metric of physical 

exertion during a bricklaying task, and (ii) to examine the relationship between jerk and level of 

expertise.  
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Figure 8 Investigated IMU sensor locations 

3.2.1 Methodology  

3.2.1.1 Office of Research Ethics  

Approval from the University of Waterloo’s Office of Research Ethics was obtained to conduct 

experiments with human participants at the Canadian Masonry Design Center (CMDC). This process 

required a Consent to Participate form and a Consent to Use Video and/or Photographs form to be 

signed by each participant and a formal means of appreciation to the participants for their time and 

effort. 

3.2.1.2 Participants 

The experiment was conducted at the CMDC, indoor training facility in Mississauga, Ontario. Thirty-

two male bricklayers with varying levels of masonry experience were recruited. In Ontario, Canada 

the masonry apprenticeship program is three years long, after which, an apprentice is examined to 
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become a journeyman. Participants were grouped into four experience groups including (1) novices, 

(2) first-year apprentices, (3) third-year apprentices, and (4) journeymen with an average of 22 years 

of masonry experience. Novices and apprentices are classified as inexperts. Participant demographics 

are shown in Table 1. The study was approved by the Office of Research Ethics at the University of 

Waterloo.   

Table 1 Participant demographics 

Experience Group Experience (years) No. Participants Height (SD) Weight (SD) 

Novices 0 12 185.06 (5.82) 87.92 (15.64) 

First-year Apprentices 1 5 182.36 (3.64) 98.96 (18.69) 

Third-year Apprentices 3 6 184.20 (4.02) 93.80 (24.89) 

Journeymen 22 9 178.89 (4.99) 89.11 (12.59) 

Total -- 32 182.52 (5.48) 90.21 (16.99) 

3.2.1.3 Instrumentation  

Whole-body kinematics of the participants were collected with the same wireless IMU-based motion 

capture suits used in the pilot experiment. Before the start of the experiment, the same suit calibration 

procedure mentioned in the pilot experiment was completed. The participants followed standard 

worksite procedure and mortar and block supply were provided by a helper as needed. The 

experiment was captured on video using two video cameras. Continuous motion and video data were 

collected until the lead wall was completed. During the data processing phase, the visualization of the 

participants’ motions provided by the Axis Neuron Software were used for task synchronization to 

identify the start and end time of each lift and to segment the lifts from other subtasks, such as 

spreading mortar. Video recordings were used as a visual aid for task segmentation by manually 

synchronizing the recording to the skeletal figure of the participants generated on Axis Neuron. 

3.2.1.4 Experimental Procedure 

Each participant was instructed to complete a pre-built lead wall, Figure 9(a), using forty-five 

concrete masonry units (CMUs) from the second to the sixth course where a course is defined as a 

layer of CMUs. Thus, the bricklaying task consisted of forty-five individual ‘lifts’, consisting of 

picking up, moving, and laying down of a block. The CMUs were Type “A” concrete units, each 

weighing 16.6 kg with dimensions of 390 x 190 x 100 mm. The blocks were placed in three piles 

approximately one-meter away from the pre-built lead wall. Two panels of mortar were placed 
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between the three block piles, shown in Figure 9(b). The use of mortar and the requirement of 

participants to meet alignment tolerances, established a level of realism by approximating true field 

work. Figure 10 shows a participant completing the bricklaying task.  

 

Figure 9 Setup of the bricklaying experiment 
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Figure 10 A participant completing a pre-built lead wall 

3.2.2 Data Processing 

Following the experiment, the motion data collected with the IMU suit was exported as spreadsheet 

files containing the linear acceleration of all seventeen body segments over the duration of the 

bricklaying task. Figure 11 shows the schematic diagram for the data processing from raw motion 

data. Only eleven of the seventeen body segments available in the motion data were used including 

the pelvis, dominant and non-dominant upper arm, forearm, hand, thigh, and shank. Although not all 

IMUs were used, all seventeen IMUs were active during the experiment due to the suit configuration. 

Following the data processing procedure described in the pilot experiment, the motion data were 

segmented into individual lifts and converted to MATLAB readable .mat files. All further data 

analysis was conducted in MATLAB.  
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Figure 11 A schematic diagram of data processing from raw motion data 

As performed in the pilot experiment, the resultant acceleration of the eleven body segments in 

question were calculated from their Cartesian components and filtered using a low-pass Butterworth 

filter with a 10 Hz cut-off frequency to attenuate high frequency noise. The average jerk values were 

found for the first five lifts of the bricklaying task to represent each participant’s rested characteristic 

jerk, Jr, and for the last five lifts to represent their exerted characteristic jerk, Je. The first and last five 

blocks defining each state are illustrated in Figure 4(b). The average of both characteristic jerk values, 

(Jr)avg and (Je)avg, were found for the four experience groups. An unpaired (two-sided) t-test was 

carried out to determine the significance of differences between the characteristic jerk values of the 

rested and exerted states for each group.  

3.2.3 Productivity Loss 

Productivity loss is frequently perceived or used as a metric to identify fatigue [95]–[98]. Thus, 

productivity loss was used as another indicator of physical exertion. Each participant’s overall 

productivity was measured as the number of laid blocks per minute. At the end of the task, the 

completed wall was visually assessed to ensure acceptable build quality. To determine if the 

participants' working pace was decreasing over the duration of the task, the average time taken to lay 
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one block for each course, ti, was found for each experience group from the second course to the sixth 

course. The averages were then normalized with respect to the second course average, t2. 

3.2.4 Results 

For each experience group, the mean and standard deviation of the jerk values in rested and exerted 

states are listed in Table 2. We found that jerk was lowest for journeymen and highest for third-year 

apprentices across all eleven body segments under study. The first-year apprentices had the second 

highest jerk values followed by the novice group for all three segments of the dominant upper limb; 

the opposite was true for the non-dominant upper limb. On the other hand, the novice group had the 

second highest pelvis and lower-limb jerk values followed by first-year apprentices. Participants 

whose jerk values did not increase from the rested to exerted states are summarized in Table 3. These 

participants, however, were all included in the jerk analysis. The jerk value for one or more segments 

did not increase for 8 out of the 32 participants. None of those participants were journeymen. The 

pelvis jerk was the most sensitive parameter with only 3 inexpert participants failing to show an 

increase in the characteristic jerk value from rested to exerted states.  

The pelvis jerk values and standard deviations were smallest compared to the upper limb segments. 

These values increased along the upper arm kinematic chain reaching maxima at the hands. On 

average, jerk values and standard deviations of the dominant upper limbs were greater than those of 

the non-dominant upper limbs for all four experience groups. The same is true for the lower-limbs, 

however the differences between the jerk values of the dominant and non-dominant lower limbs were 

much smaller.  

Table 2 lists the statistical significance of the difference between rested and exerted jerk values 

obtained from the t-test for each group and each segment. Where the p-values were found to be larger 

than p>0.05, we determined that no significant differences (NS) exist between the rested and exerted 

jerk values. The results show significant increases between the characteristic jerk values for all eleven 

body segments of journeymen. For all other experience groups, no significant differences were seen 

between the characteristic jerk values for the body segments except for the pelvis, thigh, and shank 

jerk of novices and pelvis and thigh of first-year apprentices.  
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Table 2 Means, standard deviations, and statistical significance for jerk (g/s) of eleven body 

segments 

 Dominant Limbs  Non-dominant Limbs 

 Rested Exerted 
p 

 Rested Exerted 
p 

 x̅ SD x̅ SD  x̅ SD x̅ SD 

Novices            

Pelvis 2.40 0.76 2.82 0.87 0.004*  - - - - - 

Upper arm 4.08 1.71 4.29 1.37 NS  3.72 1.27 4.04 0.95 NS 

Forearm 5.34 2.93 5.82 2.45 NS  4.18 2.32 4.83 1.62 NS 

Hand 5.99 3.76 6.50 3.12 NS  4.60 2.55 5.07 1.70 NS 

Thigh 4.42 0.01 5.35 0.03 0.008*  4.58 0.01 5.29 0.43 0.032* 

Shank 4.91 1.88 5.64 2.00 0.034*  4.83 1.65 5.58 2.15 0.030* 

First-year            

Pelvis 2.08 0.50 2.34 0.40 0.045*  - - - - - 

Upper arm 4.24 1.62 4.16 0.95 NS  3.31 0.72 3.63 0.75 NS 

Forearm 6.26 3.03 5.94 2.20 NS  3.79 0.95 3.99 1.33 NS 

Hand 7.03 3.29 6.71 2.78 NS  4.14 1.06 4.28 1.95 NS 

Thigh 3.64 0.01 4.56 0.05 0.003*  3.98 0.04 4.44 0.81 0.046* 

Shank 3.87 1.29 4.61 1.52 NS  4.22 0.97 4.32 1.31 NS 

Third-year            

Pelvis 2.67 0.58 2.69 0.62 NS  - - - - - 

Upper arm 5.04 1.85 4.69 0.99 NS  4.62 1.10 4.49 1.09 NS 

Forearm 6.71 2.92 6.17 1.75 NS  5.22 1.55 5.22 1.78 NS 

Hand 7.90 3.94 7.08 2.72 NS  5.46 1.69 5.55 1.90 NS 

Thigh 5.10 0.55 4.85 0.83 NS  5.05 0.92 4.97 0.32 NS 

Shank 5.60 1.85 5.14 1.45 NS  5.18 1.25 5.19 1.67 NS 

Journeymen            

Pelvis 1.57 0.47 2.20 0.52 <0.001*  - - - - - 

Upper arm 2.96 0.83 4.21 1.37 <0.001*  2.86 0.69 3.92 1.03 <0.001* 

Forearm 3.79 1.53 5.30 1.78 <0.001*  3.04 0.93 4.80 1.76 <0.001* 

Hand 4.40 2.27 6.04 2.36 <0.001*  3.41 1.30 5.40 2.39 <0.001* 

Thigh 3.27 0.01 4.15 0.01 <0.001*  2.72 0.01 4.07 0.01 <0.001* 

Shank 3.16 1.42 4.08 1.27 <0.001*  2.76 1.07 3.86 1.24 <0.001* 
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Table 3 Number of participants whose segment jerk values did not increase from rested to 

exerted state 

Group Pelvis Upper Arm  Forearm Hand Thigh Shank Total 

Novices 1 2 2 3 2 3 3 

First-year – 2 2 2 – – 2 

Third-year  2 2 2 3 3 3 3 

Journeymen – – – – – – – 

 

As expected, journeymen were found to be the most productive with the highest blocks/min count, 

followed by third-year apprentices, first-year apprentices, and novices. The total time to complete the 

task for each experience group is summarized in Table 4. The association between experience and 

productivity is apparent. The average time taken to lay one block for each course ti, normalized with 

respect to the average time taken to lay a block at the second course t2, is shown in Figure 6 for each 

experience group. The normalized time taken to lay a block for each course indicate changes in pace 

over the duration of the task. The figure shows that time per block increased and pace dropped 

significantly for novices and moderately for first-year and third-year apprentices but remained almost 

constant for journeymen.  

Table 4 Task completion time and productivity of four experience groups 

Group 
Total Task Completion Time (min) Mean Rate 

x̅ SD (Blocks/min) 

Novices 59 23 0.76 

First-year 43 10 1.05 

Third-year 41 3 1.10 

Journeymen 28 5 1.61 
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Figure 12 Normalized completion time per course for four experience groups 

3.2.5 Discussion 

In this study, we investigated the use of jerk as a metric to measure motor control changes arising 

from physical exertion. We also investigated the differences among jerk values for motions of 

workers with varying levels of expertise and among jerk values for different body segments of the 

same worker. The results of the pilot study suggest that the signal-to-noise ratio of jerk derived from 

IMU-based motion capture suits was high enough to detect differences between rested and exerted 

states. These results were confirmed by the findings in a bricklaying experiment which showed that 

jerk values for all journeymen’s eleven body segments under study had sufficient signal-to-noise ratio 

to distinguish between rested and exerted states with a confidence level better than 99%. This finding, 

however, was not true for inexpert participants. 

The standard deviations of the rested and exerted characteristic jerk values increased along the 

kinematic chains going from the pelvis to the hand and from the pelvis to the shank. We hypothesize 

that spurious acceleration signals caused by contact and impact events between the hands and the 

CMUs and the feet and ground raised the noise floor of the acceleration signal, which were further 

amplified by the numerical differentiation to obtain jerk. Spurious acceleration signals diminish as 

they travel down along the kinematic chain extending from the hands to the pelvis [99]. As a result, 

the standard deviation of jerk decreased, and the signal-to-noise ratio improved for segments closer to 

the body center of mass. This may explain our finding that the rested and exerted characteristic jerk 
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values can be distinguished for pelvis segments of novices and first-year apprentices with a greater 

than 95% confidence level but not for any of their upper limb segments.  

Each experience group in the bricklaying experiment demonstrated a characteristic behavior. 

Journeymen performed lifts with the lowest jerk values of all experience groups, demonstrating 

smooth motions and a high degree of motor control. They were also able to maintain a high 

productivity rate of 1.61 blocks/min throughout the task. Our findings are consistent with other 

studies involving the relationship between jerk and expertise. Gaudez et al. [100] found that the more 

experience a person has in performing a task, the better and more efficient they are at selecting 

relevant information from the surroundings and formulating preparatory movements. Additionally, 

Balasubramanian et al. [64] found that the less experience a person has in performing a task, the more 

intermittent their movements are. Thus, it appears that with experience, learned motions are 

successfully transformed to expert techniques that reflect safe and efficient lifting motions. In 

contrast, third-year apprentices performed lifts with the greatest jerk values, indicating inferior motor 

control. This finding is consistent with Alwasel et al. [83] who found that third-year apprentices 

undergo the highest joint forces and moments while journeymen undergo the least forces and 

moments. It is also in line with the U.S. Bureau of Labor Statistics [101] report that show injury rates 

were greatest for workers with less than five years of experience with the same employer. The 

productivity of third-year apprentices (1.10 blocks/min) was also less than that of journeymen.  

Using an EMG-assisted biomechanical model, Marras et al. examined how spine loading changes 

as a function of experience, lift frequency, and lift duration while repetitively lifting over the course 

of an 8-h workday. It appears that the greatest spine loads occurred at those lift frequencies and 

weights to which the workers were unaccustomed. These observations might help explain the high 

injury and turnover rate often observed in new workers [102]. 

During the experiment, the competitive nature of the trade was evident and expressed through 

verbal communication between third-year apprentices and journeymen. Anecdotal evidence gleaned 

over casual interviews during the experiment revealed that the competitive nature of bricklayers also 

exists on the job. The pressures to match production levels may have led third-year apprentices to use 

jerkier motions and greater effort than they may be physically prepared for. Thus, individual physical 

characteristics or ability to endure physical exertion could be the cause of different patterns of 

correlation between exertion and productivity in the four experience groups. In contrast to third-year 
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apprentices, journeymen may not only have greater expertise but may also be physically better 

adapted to achieve higher production levels. 

The standard deviations of the task completion time for each experience group were much smaller 

for third-year apprentices and journeymen compared to novices and first-year apprentices. This 

decrease in the variation between completion times of more experienced individuals may have 

resulted from their adoption of a consistent work regimen along with the pressures to complete the 

task at a similar work pace to their peers. Novices and first-year apprentices appear to have greater 

motor control than third-year apprentices, however they have the lowest productivity at 0.76 

blocks/min and 1.05 blocks/min, respectively. It appears that their inexperience and greater caution 

toward injury make them more careful when performing their task. This conclusion is supported by a 

previous clinical study. Slaboda et al. [63] found that subjects with chronic lower back pain (CLBP) 

performed lifts with significantly lower jerk values than healthy subjects. Following rehabilitation, 

subjects with CLBP were shown to have similar jerk values to that of control subjects. This suggests 

that subjects with CLBP regulated their motions to achieve smoother motion patterns and avoid 

infliction of pain, whereas control and rehabilitated subjects may have had an alternate motive to lift 

with greater efficiency. Since participants were not instructed to complete the task within a fixed time 

frame, novices and first-year apprentices may have been more inclined to adjust their work pace 

according to their comfort level. Adjustment in work pace may have been an underlying reason for 

the participants whose jerk values did not increase over time. It is interesting to observe that across a 

variety of motor tasks an individual's preferred rate of work has been shown to be the most 

economical, such that at a rate slower or faster than preferred or “freely-chosen'' metabolic energy 

expenditure relative to work output is higher than at the preferred rate [103]. Corlett and Mahadeva 

demonstrated the relationship between work rate and economy using simulated work tasks, showing 

that freely chosen work rate was lowest in physiological cost and, therefore, more economical relative 

to work rates faster or slower than preferred [104].  

For the journeymen, a detectable difference was found between their rested and exerted 

characteristic jerk values, indicating physical exertion. Their work pace however, remained relatively 

constant throughout the task. This is consistent with a previous study by Lee and Migliaccio [98] 

which demonstrated that for high-productivity workers, productivity increased as physical strain, 

indicated by heart rate, increased. They also found that the effect of strain on productivity was much 

less significant for high-productivity workers compared to low-productivity workers. Our results 
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show that jerk may be a better, more sensitive, method for fatigue assessment in experienced workers 

where fatigue and productivity are not necessarily correlated. Furthermore, similarities can be drawn 

between the high levels of physical conditioning and productivity developed through experience to 

those developed through work hardening, an individualized treatment program that assists injured 

workers to regain productivity levels to match industry expectations [105].  

Although results show significant increases between the characteristic jerk values for all eleven 

body segments of journeymen, no significant differences were found between the characteristic jerk 

values of all other experience groups except for the pelvis and lower-limbs of novice and first-year 

apprentices. Our findings also reveal that participants who did not show an increase in jerk values 

between rested and exerted states belonged to the novice and apprentice groups. This may be due to 

those participants changing their pace and, thereby, reducing their exertion level.  

While the effects of demographic variables, such as age and sex, were not considered, the 

recruitment process was not selective, and the participants reflect the demographics of construction 

industry in Ontario. Therefore, the conclusions drawn from each experience group should be an 

accurate reflection of the construction population. In the literature, lifting injuries have been shown to 

increase significantly after the age of 50 [106]. However, highly trained workers may be able to 

outperform those that are much younger since moderate to high intensity work has been shown to 

improve or maintain physical health and functional capacity [107]. Anecdotal evidence in this study 

seems to support this finding; journeymen, although consistently and significantly older than 

apprentices, were better physically conditioned for the work task.  

3.3 Study Limitations  

A few limitations pertaining to the present work are noteworthy. First, the design of the bricklaying 

experiment allowed some inexpert workers to self-pace, thereby, reducing their exertion levels. This 

allowed us to examine the relationships among experience level, fatigue, and productivity but it may 

also have resulted in lower levels of physical exertion and insignificant changes in jerk values for 

inexpert masons. Follow-up studies should be designed to control against self-pacing and to extend 

over longer periods.  Currently, biomechanical and fatigue-related investigations have been restricted 

to analyses of brief periods of lifting and are assumed to represent those completed throughout an 

entire workday. However, several studies exploring motor recruitment patterns resulting from fatigue 

suggest that repetitive lifting over the course of an extended period may indeed influence the motor 
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recruitment pattern and result in changes in the loading pattern on the body. Exploring the effect of 

fatigue during long duration lifting bouts is expected to be more indicative of fatigue development 

and associated risks of injuries over a workday [108], [109] .  

Second, this study examines the relationship between physical exertion and jerk at the group level. 

Based on Table 2, statistically significant differences between the rested and exerted jerk values were 

confirmed only for the journeymen and attributed to their adoption of similar work techniques and 

work pace. As seen in the pilot experiment, the interpersonal variabilities of jerk magnitudes at rested 

and exerted states were high. Thus, future studies may examine the relationship of physical fatigue to 

jerk on an individual level by using learning algorithms to determine intrapersonal variabilities in 

jerk. The results may uncover intrapersonal increases between rested to exerted jerk values for all 

other experience groups where significant increases were not seen on a group level.  

Third, in its current form, the data processing method requires manual segmentation to distinguish 

‘lifts’ from other subtasks, such as spreading mortar, since jerk is highly task dependent. Future work 

should investigate algorithmic methods to either allow for the continuous collection of acceleration 

data without the need for manual task segmentation or the automation of task segmentation.  

Lastly, further research is required to establish jerk thresholds corresponding to fatigue and 

physical exertion levels that may impact workers' health, safety, productivity or work quality so that it 

can be used to develop warning systems against high levels of physical fatigue or as an indicator of 

recovery following fatigue. Such understanding would foster the design of enhanced work schedules 

and other methods to protect worker health and safety and maintain productivity and quality.  

3.4 Conclusion  

The objectives of this study were to assess the suitability of jerk as an indicator of physical exertion 

and fatigue over the course of a demanding task and to examine the relationship between jerk and 

experience level. As a proof of concept, the method was first tested on participants completing the 

one-arm dumbbell row until physical exhaustion was reached. The results of the pilot study suggested 

that jerk values of body segments can detect fatigue and that accelerations obtained from motion 

capture suits have enough signal-to-noise ratio to detect differences between rested and exerted states. 

Following the pilot experiment, the method was then demonstrated on a study of masonry work.  

In the bricklaying experiment, jerk was lowest for journeymen and highest for third-year 

apprentices across all eleven body segments under study. These results suggest that the experience 
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journeymen gain over the course of their career improves their ability to perform repetitive heavy lifts 

with smoother motions and greater control. Third-year apprentices performed lifts with the greatest 

jerk values, indicating poor motor performance. This finding is consistent with previous literature that 

found that third-year apprentices use forceful, less ergonomic, lifting techniques in order to match 

journeymen’s production levels. Novices and first-year apprentices showed more caution towards 

risks of injury, moving with better motor control, compared to more experienced third-year 

apprentices. Their production levels, however, falter behind the production levels of other experience 

groups. We speculate that inexperience and less social pressure on novices and first-year apprentices 

allowed them to maintain motor control through work pace modification resulting in lower fatigue 

levels and jerk values compared to third-year apprentices. Detectable increases between the 

characteristic jerk values were found only for the journeymen experience group, which is attributed to 

greater interpersonal similarities in learned technique and work pace.  

It is important to note the sensitivity of the IMU-based system to the level of the noise floor in the 

underlying acceleration signal. As such, care should be taken to attach sensors to body segments 

involved in the task while being as far as possible from shocks and impacts. 

The results of this study provide insight into the stage of training at which intervention may be 

required to manage motions performed with poor motor control. These interventions may include 

modifications to the training regimen and work-rest cycles to prevent consistently higher levels of 

physical fatigue. Furthermore, the proposed method can be further simplified, and its costs can be 

further reduced by minimizing the number of IMUs used to only one or a few sensors. This will 

enable practical and effective on-site detection of physical fatigue. 
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Chapter 4 Automated Monitoring of Physical Fatigue using Machine 

Learning  

Construction work is typically physically demanding and can result in a high number of accidents and 

injuries caused by fatigue. Fatigue can also have a detrimental impact on workers’ judgement, 

productivity, and quality of work. Although accident and injury prevention has become a primary 

area for improvement within the construction industry, fatigue prevention and detection continue to 

involve manual observation or self-reported subjective assessments. The inherent subjectivity of these 

methods has prompted the introduction of biomechanical and physiological assessments that quantify 

fatigue levels, thereby increasing reliability while reducing the time and human resources needed for 

their implementation. Despite extensive research that confirms the validity of these assessments, they 

can be cumbersome and or intrusive because they often require that multiple sensors and wires be 

attached to the worker, or need external devices that work in conjunction to worn devices. These 

assessments also often require tasks that involve several sequential activities or motions to be 

manually segmented; this is not only a time-consuming process, but it eliminates the applications of 

these assessments for real-time feedback and consumer use.  

The availability of wearable systems capable of automatically classifying human physical motion is 

extremely attractive for many applications in the field of healthcare monitoring and in developing 

advanced human-machine interfaces [84]. IMUs offer several advantages over the traditional 

assessments, for example, they are cost-effective, non-intrusive, and wireless.  

This research investigates the use of support-vector machines (SVM) to automate the monitoring of 

physical exertion levels using jerk. The detection of high levels of exertion would allow workers to 

take proactive measures in mitigating adverse effects of fatigue.  

4.1 Machine Learning Applications for Activity Recognition  

Multiple studies have examined the influence of fatigue on the kinematics and kinetics of 

movement execution.  Moreover, artifical neural networks (ANNs) have been widely used, 

particularly in sports and clinical biomechanics, to classify human movement. Supervised 

classification techniques include k-Nearest Neighbour (k-NN), Support Vector Machines (SVM), 

Gaussian Mixture Models (GMM), and Random Forest (RF), and unsupervised classification 

techniques include k-means, Gaussian mixture models (GMM) and Hidden Markov Model (HMM). 
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The focus of this work is to classify with SVM.  Many studies with SVM have been reported in the 

field of activity recognition, although they do not focus on the study of fatigue.  

As outlined by Maman et al., for effective technological approaches to physical fatigue 

measurement, it is essential that the system can: 1) predict physical fatigue prior to a detrimental 

productivity/safety impact, 2) monitor physical fatigue in the operational environment to allow for 

intervention when deficits are identified, and 3) account for individual variabilities in the underlying 

physiological functions required to establish individualized baseline conditions as opposed to a 

population condition [61].  

In our previous work [110], we found that jerk may be used as an indicator of loss of motor control 

caused by physical exertion. However, the tasks were manually separated to ensure that jerk values 

were compared between the same action types, for examples, the motion data collected during each 

lifting action (pick up – transport – lay down) were segmented out from other motions such as 

spreading mortar. Manual segmentation of the data prevents this method from being used for real-

time assessments. In this study, we conducted two sets of analyses: 1) we tested the feasibility of 

analyzing jerk values using continuous motion data collected from our previous study to monitor 

changes in motor control, and 2) we conducted a second experiment that evaluates changes in jerk 

values between two identical bricklaying tasks following a series of exhausting exercises. 

Continuously monitoring jerk is investigated in the present study using IMU sensors and SVMs, 

which have been used extensively to classify human motion patterns and activities [89], [111]. Given 

that rested and exerted states can create unique jerk signal patterns, machine learning algorithms 

using motion data may be used to monitor the development of physical exertion in real-time for 

practical applications. . In this work, we also examine the inter- and intra-subject differences of 

experienced workers to account for individual variabilities in the underlying physiological functions 

that affect motor control.  

4.2 Methodology  

4.2.1 Participants 

The experiment was conducted at the Canadian Masonry Design Center (CMDC) indoor training 

facility in Mississauga, Ontario. Six male bricklayers with an average of 22 years of masonry 

experience were recruited for the experiment. The participants’ mean (SD) stature and body mass 
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were 179.0 (5.0) cm, 89.3 (14.1) kg, respectively. The study was approved by the Office of Research 

Ethics at the University of Waterloo. 

In our previous work, experienced masons displayed statistically significant inter-subject 

differences between the rested and exerted jerk values over the duration of a bricklaying task. The 

statistically significant differences between experienced masons was attributed to greater inter-subject 

similarities compared to unexperienced masons in their learned technique and work pace. In this 

work, we examine both the inter- and intra-subject differences of experienced workers.  

4.2.2 Instrumentation  

The segment kinematics of the participants were collected using a wearable IMU-based motion 

capture suit, Noitom Perception Neuron [91]. The sampling rate of the IMUs is 125 frames per 

second. The full-body suit is composed of seventeen IMUs located at the pelvis, sternum, head, and 

both shoulders, upper arms, lower arms, hands, upper legs, lower legs, and feet. Although not all 

IMUs were used, all seventeen IMUs were active during the experiment due to the suit configuration. 

Each IMU sensor is comprised of a three-axis accelerometer, a three-axis gyroscope, and a three-axis 

magnetometer. Motion data was transmitted between the suit and a laptop via Wi-Fi. The sensor 

locations are shown in Figure 13. 

4.2.3 Experimental Procedure  

In the bricklaying experiment, jerk analysis was carried out on five body segments, namely the pelvis, 

the dominant and non-dominant upper arms and thighs since lifts involve whole-body work. We 

hypothesized that the three distinct body segments are suitable for fatigue monitoring since 

bricklaying requires large ranges of motion, forceful contractions, high precision from the upper and 

lower limbs, and frequent bending at the torso. IMU sensors have been used to study human motion 

in several locations. However, some studies have found that the torso is the best location to analyze 

movements since it reflects major motions and is close to the human body center of mass [112]. The 

selected body segments may also be the most suitable areas for sensor placement since they are far 

from external impact and from subject protective equipment.  

Prior to the experiment, a calibration session was carried out to allow the Axis Neuron software to 

detect the placement and orientation of the sensors on the participant. The sensor-to-segment 

calibration was obtained using three standard postures including the A-pose, T-pose, and S-pose. Two 

sets of analyses were conducted. First, we tested the feasibility of analyzing jerk values using 
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continuous motion data to monitor changes in motor control with data collected from a previous study 

which required workers to complete a wall building experiment. Second, we conducted an additional 

experiment to evaluate changes in jerk values between two identical bricklaying tasks following a 

series of exhausting exercises. The participants were given an hour break between the two 

experiments.   

 

Figure 13 IMU sensor locations 

4.2.4 Wall Building Experiment 

To investigate the feasibility of using continuous motion data as an input to train SVM, we first 

analyzed data from our previous study [113]. Each participant was instructed to complete a pre-built 

lead wall shown in Figure 9(a), using forty-five concrete masonry units (CMUs) from the second to 

the sixth course. Each course is defined as a layer of CMUs. The CMUs were Type 1 blocks weighing 

16.6 kg as detailed in Table 5. The blocks were placed in three piles approximately one meter away 

from the pre-built lead wall, and two panels of mortar were placed between the three block piles. The 

use of mortar and the requirement to meet alignment tolerances reflected field-work conditions. After 
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the experiment, the participants were given a one-hour break before commencing the second 

experiment. Figure 15 shows the timeline of the tasks completed by the participants and the 

corresponding level of intensity measured in kg of laid CMU per minute.  

Table 5 CMU block properties 

Block Weight [kg] Dimensions [mm x mm x mm] 

Type 1 16.6 390 x 190 x 100 

Type 2 23.6 290 x 390 x 190 

Type 3 36.1 290 x 390 x 190 

 

 

Figure 14 Human figure on Perception Neuron  
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Figure 15 Timeline of task duration and intensity level in kilograms per minute 

 

Figure 16 A schematic diagram of data processing for automatic fatigue detection  

4.2.5 First Course Experiment 

The purpose of the second experiment was to compare the jerk values of two identical tasks 

performed before and after an exhausting set of exercises. Each participant was instructed to build the 

first course of a wall using seven CMUs. The first course was selected because it imposes the greatest 

loading on the lower back [83]. The CMUs were Type 1 blocks weighing 16.6 kg. The blocks were 



 

 42 

placed in one pile approximately one meter away from the work space. Figure 17 shows a participant 

completing the bricklaying task. 

After completing the first course, the participants were asked to carry out three bricklaying 

activities: 1) complete a wall individually using Type 2 CMUs, 2) complete a wall collaboratively 

using Type 2 CMUs, and 3) complete a wall collaboratively using Type 3 CMUs. In total, each 

participant carried approximately 1000 kg over an average of 50 minutes to complete all three 

bricklaying tasks. Lastly, the participants were asked to complete the first course again. Figure 18 and 

Figure 19 show the experiment sequence schematically.  

 

Figure 17 Experimental setup for first course 
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Figure 18 Experimental setup for bricklaying task 

 

Figure 19 Building sequence for first course experiment 
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4.3 Data Processing 

Body segment accelerations collected from the IMU accelerometers were imported into MATLAB 

for computations. Figure 16 shows the schematic diagram for the methodology used in machine 

learning following data pre-processing to bypass the requirement for manual task segmentation. For 

each of the five IMU sensors, the resultant acceleration data were calculated from the Cartesian 

components collected from the IMU accelerometers. High frequency noise was removed using a low-

pass Butterworth filter with a 10Hz cut-off frequency. Jerk was calculated as the time-derivative of 

the acceleration magnitude as shown in Table 6.  

The classification is performed using predefined MATLAB functions. SVM is a supervised 

learning algorithm for pattern recognition and classification. Given labelled training data, the 

algorithm outputs an optimal hyperplane that define decision boundaries which it can then use to 

categorize new data points. Linear, polynomial, and Gaussian kernels were employed in the SVM 

classifier. During the wall building experiment, the motion data collected during the second course 

was labelled as ‘rested’ and those collected during the sixth course was labelled as ‘exerted’. 

Likewise, during the first course experiment, the motion data collected during the first course 

completed at the beginning of the task was labelled as ‘rested’ and those collected at the end of the 

task was labelled as ‘exerted’.  

Table 6 . Jerk calculations from Cartesian components of acceleration 

 Formula 

Acceleration 𝐴𝑥 , 𝐴𝑦 , 𝐴𝑧  

Resultant acceleration 𝑅 = √𝐴𝑥
2 + 𝐴𝑦

2 + 𝐴𝑧
2 

Resultant jerk 𝐽 =
𝑑𝑅

𝑑𝑡
 

Jerk cost 𝐽 = ∫ |
𝑑𝑅

𝑑𝑡
|
2𝑇2

𝑇1

𝑑𝑡 

 

The selection of a window size has a significant impact on the classification accuracy. Wang et al. 

[114] conducted tests on different sliding-window sizes for activity recognition and found that 

accuracy decreases as window size increases. The optimal window size, however, is also dictated by 

what the classifier is required to classify such that the segment length is adequate to distinguish 
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between unique signal patterns. Using a sliding window approach, multiple window sizes were tested 

and an overlap size of 50% was used. The window size for optimal recognition was 15 s. Features 

were extracted from the segmented data and characterized in both the time and frequency domains. 

The feature set was based solely on jerk measured in g/s and includes the following: 1) mean, the 

average value of acceleration data over the window; 2) standard deviation of acceleration values over 

the window; 3) maximum; 4) minimum; 5) jerk cost, an important measure to estimate the energy 

economy described by the area under squared jerk curve; and 6) dominant frequency – Fast Fourier 

Transform (FFT) over the window. The classification accuracies are based on all features and for all 

five body segments. 

4.4 Results and Discussion 

In our experiments of classifying rested and exerted states of six subjects, we considered jerk-based 

features extracted from five IMU sensor body locations, namely the pelvis, and dominant and non-

dominant upper arms and thighs. In the classification stage, we applied several classifiers using 

MATLAB.  On comparing the average classification accuracy, the analysis showed that the SVM 

classifiers had the highest average value for both experiments, as reported in Table 7 and Table 8. A 

five-fold cross-validation scheme was used to evaluate the SVM classification algorithms, providing 

an indication of how well the learner will do when the classifier is repeated using new data. Thus, the 

reported accuracy is the average accuracy over five iterations.  

As expected, the SVM classification results demonstrated a significantly higher intra-subject 

rested/exerted classification than the inter-subject classification. For the wall completion experiment, 

the polynomial kernels (94%) performed better than the linear kernel (91%) to identify intra-subject 

rested/exerted states. For the first course experiment, the linear kernel performed similarly (80%) to 

the polynomial kernel (79%). The lower classifier accuracy for the first course experiment may be 

explained by the fact that it was completed following the first experiment. Since a sufficient amount 

of time is required for muscle recovery following exercise, the participants may not have fully 

recovered from the first experiment before moving onto the second experiment. Thus, the participants 

may have begun the second experiment in an exerted state. The participants might have also recruited 

an alternate group of muscles for the two collaborative lifting tasks compared to the individual lifting 

tasks during the first course experiment. Thus, fatigue may have built up for a different group of 

muscles that were not all used in laying the first courses. Another explanation could be that the level 

of intensity as measured in kilograms per minute could have affected the exertion levels developed by 
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the participants. The intensity level was higher during the wall building experiment compared to the 

first course experiment; however, the series of fatiguing tasks conducted in between the two sets of 

first course block laying was higher in intensity.  

Table 7 Wall completion experiment – SVM classification accuracy [%], mean, and standard 

deviation 

SVM Kernel Function 
Intra-subject Inter-subject 

W1 W2 W3 W4 W5 W6 MeanSD All workers 

Linear 98.0 84.1 87.0 91.1 84.6 100.0 90.86.8 78.5 

Quadratic 98.0 87.0 89.1 95.6 94.2 100.0 94.05.1 79.2 

Cubic 98.0 87.0 91.3 97.8 90.4 100.0 94.15.2 76.5 

Fine Gaussian 62.7 69.6 58.7 66.7 63.5 56.7 63.04.8 60.1 

Medium Gaussian 96.1 85.5 80.4 93.3 86.5 100.0 90.37.4 78.8 

Course Gaussian 72.5 69.6 63.0 66.7 63.5 100.0 72.613.9 71.3 
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Table 8 First course experiment – SVM classification accuracy [%], mean, and standard 

deviation 

SVM Kernel Function 
Intra-subject Inter-subject 

W1 W2 W3 W4 W5 W6 MeanSD All workers 

Linear 75.4 74.0 69.1 76.6 84.6 100.0 80.011.0 62.0 

Quadratic 72.3 71.4 68.1 76.6 87.2 97.1 78.811.2 63.0 

Cubic 72.3 67.5 68.1 76.6 84.6 100.0 78.212.4 63.3 

Fine Gaussian 52.3 59.7 61.7 51.9 56.4 60.0 57.04.2 57.6 

Medium Gaussian 80.0 71.4 67.0 68.8 89.7 94.3 78.511.4 65.9 

Course Gaussian 50.8 59.7 61.7 67.5 71.8 71.4 63.88.1 59.4 

4.5 Limitations 

Conclusions provided in this study should be considered in context of the limitations. First, there was 

no secondary measure of fatigue, thus we cannot be certain that experiments induced sufficient 

fatigue. Since we know that the participants had indeed exerted themselves in performing the 

bricklaying tasks, the classification accuracy reflects the extent to which fatigue was developed. 

Second, we did not consider masons with other experience levels other than expert masons. Third, 

due to the fact that physical exertion levels may last for several hours following physical activity, the 

break in between the first and second experiments may not have been sufficient for the participants to 

return to a rested state.  

The placement of the sensors is of high importance because it can potentially affect the recognition 

between rested and fatigued states. Thus, future work should involve a feature selection method to 

identify the most significant motion changes after fatigue and determine the optimal number and 

placements of the sensors to improve the utility of the method.  

4.6 Conclusion  

In the construction industry, fatigue can impair workers ability to safely and effectively perform their 

duties which negatively impacts their well-being, reduces productivity and the quality of their work, 

and elevates workers’ compensation costs. Current workload and fatigue assessment methods, 

including subjective, physiological, and biomechanical assessments, can be unreliable, cumbersome, 

or require extensive post processing, which render them impractical for real-time assessment.  
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This research investigated the use of SVMs to automatically recognize changes in jerk values due 

to physical exertion. Motion data were collected during two bricklaying activities using IMU sensors 

to obtain jerk input to SVM classifiers. Inter- and intra-subject classification of rested and exerted 

states of six expert masons were carried out using the jerk values of the pelvis, upper arms, and 

thighs.  

We found that changes in jerk values due to the development of fatigue can be classified by 

supervised machine learning techniques. On average, intra-subject classification achieved an accuracy 

of 94% for the wall building experiment and 80% for the first course experiment. The difference 

between the classification accuracy for the two experiments may be attributed to differences in task 

sequence and intensity level resulting in lower classification accuracy in the first-course experiment 

compared to the wall experiment.  

The results lead us to conclude that jerk changes resulting from exertion can be assessed by 

wearable sensors and SVMs. The investigated method holds promise for continuous monitoring of 

physical exertion and fatigue which can help in reducing work related musculoskeletal injuries or 

other fatigue-related risks. 
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Chapter 5 Conclusion and Recommendations 

Physical fatigue is one of the factors leading to increased risk of injury, reduced productivity, and 

decline in work quality in the construction industry. Fatigue in musculature is associated with a 

decline in postural stability, motor performance, and altered normal motion patterns, leading to 

heightened risks of work-related musculoskeletal disorders. Physical fatigue has been previously 

demonstrated to be a good indicator of injury risks, thus, monitoring and detecting muscle fatigue 

during strenuous work may be advantageous in mitigating these risks. This research used wearable 

wireless inertial sensors and sought to evaluate the use of acceleration and its derivative, jerk, to 

detect changes in motor control using IMUs.  

The objective of this thesis was to identify and evaluate jerk as a fatigue measure that is practical 

for both laboratory and in situ use. Through two studies, the thesis aimed to 1) evaluate the use of jerk 

to detect changes in motor control arising from physical exertion, 2) investigate differences in jerk 

values between motions performed by workers with varying skill levels, and 3) assess the suitability 

of machine learning techniques for real-time physical fatigue monitoring. Each of these objectives 

have been addressed as summarized in the following sections.  

5.1 Jerk and Physical Fatigue 

In our first study, we conducted bricklaying experiment with 32 male bricklayers with varying levels 

of masonry experience including novices, first-year apprentices, third-year apprentices, and 

journeymen. For each participant, a comparison between jerk values were made between the 

beginning and end of the bricklaying task to determine whether the participant had become more 

exerted over time. Among the experience groups, detectable differences between their rested and 

exerted states were seen only for the journeymen participants, indicating that they were physically 

exerted. Being physically exerted, however, did not affect their work pace as it remained relatively 

constant throughout the task. These results show that jerk may be a better, more sensitive, method for 

fatigue assessment in experienced workers where fatigue and productivity are not necessarily 

correlated. Since the design of the bricklaying experiment allowed self-pacing, inexpert workers 

including novices and apprentices, may have experienced lower levels of physical exertion and thus, 

insignificant changes in jerk values.  
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5.2 Jerk and Skill Level   

Journeymen performed lifts with the lowest jerk values of all experience groups, demonstrating 

smooth motions and a high degree of motor control while maintaining high productivity. Novices and 

first-year apprentices appear to have greater motor control than third-year apprentices, however they 

have the lowest productivity. Moreover, they showed more caution toward risks of injury resulting in 

them moving with more controlled motions compared to the more experienced third-year apprentices. 

This observation supports the notion that individuals naturally adopt a preferred mode that are both 

self-selected and optimal with respect to variables such as work, time, energy, and physiological cost.  

In contrast, third-year apprentices performed lifts with the greatest jerk values, indicating inferior 

motor control. The productivity of third-year apprentices was also less than that of journeymen. The 

pressures to match production levels may have led third-year apprentices to use jerkier motions and 

greater effort than they may be physically prepared for.  

5.3 In Situ Fatigue Detection using Machine Learning 

In our second study, we investigated the use of support-vector machines (SVM) to automatically 

recognize jerk changes due to physical exertion. Previously in our first study, we noted the wide 

interpersonal variabilities in both jerk magnitude and change in jerk values between the participants’ 

rested and fatigued states. Thus, it is essential to account for individual variabilities and allow for the 

establishment of individualized baseline conditions rather than a population condition. As such, we 

classified both inter-and intra-subject rested and exerted states for the pelvis, upper arms, and thigh. 

Classification results demonstrated a significantly higher intra-subject rested/exerted classification 

than the inter-subject classification. On average, intra-subject classification achieved an accuracy of 

94% for the wall building experiment and 80% for the first course experiment. We conclude that jerk 

changes due to physical exertion can be detected using wearable sensors and SVMs.  

5.4 Adequacy of Signal-to-Noise Ratio of IMU for Jerk Detection 

The first study pilot experiment results suggest that the signal-to-noise ratio of jerk derived from 

IMU-based motion capture suits was high enough to detect differences between rested and exerted 

states. These results were confirmed by the findings in a bricklaying experiment which showed that 

jerk values for all journeymen’s eleven body segments under study had sufficient signal-to-noise ratio 

to distinguish between rested and exerted states with a confidence level better than 99%. This finding, 

however, was not true for inexpert participants for the suspected reasons outlined in Section 6.1.  
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We hypothesized that spurious acceleration signals caused by contact and impact events between 

the hands and the CMUs, and the feet and ground, raised the noise floor of the acceleration signal, 

which were further amplified by the numerical differentiation to obtain jerk. Spurious acceleration 

signals diminish as they travel down along the kinematic chain extending from the hands to the 

pelvis. Thus, the signal-to-noise ratio improves for segments closer to the body center of mass.  
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5.5 Future Work and Recommendations  

The recommended future area of work related to this research is the implementation and refinement 

of the experimental methodology. This is required for validating and improving this research. In 

addition, several areas of recommended research are proposed. 

1) Additional research is required to improve sensing technologies particularly for 

environments that require dynamic work. While wearable motion sensor systems have been 

shown to exhibit good accuracy in both laboratory and in situ settings, their accuracy has 

been known to degrade when work activities involve complex and dynamic motions [115] 

or when measurements are taken in the presence of magnetically distorted fields 

[116]. Thus, a more robust hardware should be used to validate the results of the study. 

2) Current estimation of physical demands is limited by the need for multiple sensors. Thus, 

future work involves a feature selection method to identify the most significant motion 

changes after fatigue and determine the optimal number and placements of the sensors to 

improve the utility of the method. Moreover, combining technologies and measurement 

methods capable of simultaneously capturing several processes of work would allow 

workers to move more naturally, thereby improving estimates of workplace exposure while 

reducing costs.  

3) Currently, biomechanical and fatigue-related investigations have been restricted to analyses 

of brief periods of lifting and are assumed to represent those completed throughout an 

entire workday. However, several studies exploring motor recruitment patterns resulting 

from fatigue suggest that repetitive lifting over the course of an extended period may 

influence motor recruitment pattern and result in changes in the loading pattern on the 

body. Exploring the effect of fatigue during longer duration is expected to be more 

indicative of fatigue development and associated risks of injuries over a workday. 

4) Lastly, research is required to establish jerk thresholds corresponding to fatigue and 

physical exertion levels that negatively impact workers' health, safety, productivity or work 

quality. This understanding would enable the development of warning systems against high 

levels of physical fatigue or as an indicator of recovery following fatigue. Moreover, it can 

guide enhancements made to the design of work schedules and systems to protect worker 

health and safety and maintain productivity and quality.  



 

 53 

  



 

 54 

Bibliography 

[1] L. Cavuoto and F. Megahed, “Understanding Fatigue: Implications for Worker Safety.,” in 

Understanding fatigue and the implications for worker safety, Proceedings of the ASSE 

Professional Development Conference & Exposition, Atlanta, GA, June 26-29 (2016)., 2016, 

vol. 62, no. 12, pp. 16–19, 

https://search.proquest.com/docview/1973343751/fulltextPDF/5DC2E51702474584PQ/1?acc

ountid=14906. 

[2] N. Jaffar, A. H. Abdul-Tharim, I. F. Mohd-Kamar, and N. S. Lop, “A Literature Review of 

Ergonomics Risk Factors in Construction Industry,” Procedia Engineering, vol. 20, pp. 89–97, 

2011, https://doi.org/10.1016/j.proeng.2011.11.142. 

[3] S. Gallagher and M. C. Schall, “Musculoskeletal disorders as a fatigue failure process: 

evidence, implications and research needs,” Ergonomics, vol. 60, no. 2, pp. 255–269, 2016, 

https://doi.org/10.1080/00140139.2016.1208848. 

[4] E. Valero, A. Sivanathan, F. Bosché, and M. Abdel-Wahab, “Musculoskeletal disorders in 

construction: A review and a novel system for activity tracking with body area network,” 

Applied Ergonomics, vol. 54, pp. 120–130, 2016, 

https://doi.org/10.1016/j.apergo.2015.11.020. 

[5] Workers Health & Safety Centre, “Making the case for MSD prevention - The economics of 

ergonomics,” 2016. 

[6] The Center For Construction Research and Training, “The Construction Chart Book - 6th 

edition,” CPWR – The Center for Construction Research and Training, Maryland, 2018. 

[7] Saito Kazuo, “Measurement of Fatigue in Industries,” Industrial Health Hokkaido University 

1999, vol. 37, no. 3, pp. 134–142, 1999, https://doi.org/10.2486/indhealth.37.134. 

[8] L. S. Aaronson et al., “Defining and Measuring Fatigue,” Image: the Journal of Nursing 

Scholarship, vol. 31, no. 1, pp. 45–50, Mar. 1999, https://doi.org/10.1111/j.1547-

5069.1999.tb00420.x. 

[9] E. Valero, A. Sivanathan, F. Bosche, M. Abdel-Wahab, F. Bosché, and M. Abdel-Wahab, 

“Analysis of construction trade worker body motions using a wearable and wireless motion 

sensor network,” Automation in Construction, vol. 83, no. July, pp. 48–55, 2017, 



 

 55 

https://doi.org/10.1016/j.autcon.2017.08.001. 

[10] X. Yan, H. Li, A. R. Li, and H. Zhang, “Wearable IMU-based real-time motion warning 

system for construction workers’ musculoskeletal disorders prevention,” Automation in 

Construction, vol. 74, pp. 2–11, 2017, https://doi.org/10.1016/j.autcon.2016.11.007. 

[11] M. C. Schall, N. B. Fethke, H. Chen, and F. Gerr, “A comparison of instrumentation methods 

to estimate thoracolumbar motion in field-based occupational studies,” Applied Ergonomics, 

vol. 48, pp. 224–231, 2015, https://doi.org/10.1016/j.apergo.2014.12.005. 

[12] S. Kim and M. A. Nussbaum, “Performance evaluation of a wearable inertial motion capture 

system for capturing physical exposures during manual material handling tasks,” Ergonomics, 

vol. 56, no. 2, pp. 314–326, 2013, https://doi.org/10.1080/00140139.2012.742932. 

[13] M. F. Antwi-Afari, H. Li, D. J. Edwards, E. A. Pärn, J. Seo, and A. Y. L. Wong, 

“Biomechanical analysis of risk factors for work-related musculoskeletal disorders during 

repetitive lifting task in construction workers,” Automation in Construction, vol. 83, no. July, 

pp. 41–47, 2017, https://doi.org/10.1016/j.autcon.2017.07.007. 

[14] N. D. Nath, R. Akhavian, and A. H. Behzadan, “Ergonomic analysis of construction worker’s 

body postures using wearable mobile sensors,” Applied Ergonomics, vol. 62, pp. 107–117, 

2017, https://doi.org/10.1016/j.apergo.2017.02.007. 

[15] A. Alwasel, A. Sabet, M. Nahangi, C. T. Haas, and E. Abdel-Rahman, “Identifying poses of 

safe and productive masons using machine learning,” 2017, 

https://doi.org/10.1016/j.autcon.2017.09.022. 

[16] Y. Yu, H. Guo, Q. Ding, H. Li, and M. Skitmore, “An experimental study of real-time 

identification of construction workers’ unsafe behaviors,” Automation in Construction, vol. 

82, no. July 2016, pp. 193–206, 2017, https://doi.org/10.1016/j.autcon.2017.05.002. 

[17] S. Härtel, J.-P. Gnam, S. Löffler, and K. Bös, “Estimation of energy expenditure using 

accelerometers and activity-based energy models—validation of a new device,” 

https://doi.org/10.1007/s11556-010-0074-5. 

[18] J. P. Mehta, S. A. Lavender, and R. J. Jagacinski, “Physiological and biomechanical responses 

to a prolonged repetitive asymmetric lifting activity,” Ergonomics, vol. 57, no. 4, pp. 575–588, 

2014, https://doi.org/10.1080/00140139.2014.887788. 



 

 56 

[19] L. Peppoloni, A. Filippeschi, E. Ruffaldi, and C. A. Avizzano, “(WMSDs issue) A novel 

wearable system for the online assessment of risk for biomechanical load in repetitive efforts,” 

2016, https://doi.org/10.1016/j.ergon.2015.07.002. 

[20] J. B. Shepherd, D. V Thiel, and H. G. Espinosa, “Evaluating the Use of Inertial-Magnetic 

Sensors to Assess Fatigue in Boxing During Intensive Training,” IEEE Sensors Letters, vol. 1, 

no. 2, pp. 1–4, 2017, https://doi.org/10.1109/LSENS.2017.2689919. 

[21] C. Strohrmann, H. Harms, C. Kappeler-Setz, and G. Tröster, “Monitoring kinematic changes 

with fatigue in running using body-worn sensors,” IEEE Transactions on Information 

Technology in Biomedicine, vol. 16, no. 5, pp. 983–990, 2012, 

https://doi.org/10.1109/TITB.2012.2201950. 

[22] W. M. A. van Leeuwen, C. Ullvetter, and G. Kecklund, “Sleep and fatigue problems among 

Swedish commercial airline pilots: long haul versus short haul,” Sleep Medicine, vol. 40, no. 

2017, p. e334, 2017, https://doi.org/10.1016/J.SLEEP.2017.11.982. 

[23] T. Åkerstedt, P. Fredlund, M. Gillberg, and B. Jansson, “Work load and work hours in relation 

to disturbed sleep and fatigue in a large representative sample,” Journal of Psychosomatic 

Research, vol. 53, no. 1, pp. 585–588, 2002, https://doi.org/10.1016/S0022-3999(02)00447-6. 

[24] C. Craye, A. Rashwan, M. S. Kamel, and F. Karray, “A Multi-Modal Driver Fatigue and 

Distraction Assessment System,” International Journal of Intelligent Transportation Systems 

Research, vol. 14, no. 3, pp. 173–194, 2016, https://doi.org/10.1007/s13177-015-0112-9. 

[25] R. Fu, H. Wang, and W. Zhao, “Dynamic driver fatigue detection using hidden Markov model 

in real driving condition,” Expert Systems with Applications, vol. 63, pp. 397–411, 2016, 

https://doi.org/10.1016/j.eswa.2016.06.042. 

[26] M. Horneber, I. Fischer, F. Dimeo, J. U. Rüffer, and J. Weis, “Cancer-Related Fatigue 

Epidemiology, Pathogenesis, Diagnosis, and Treatment,” Deutsches Arzteblatt International, 

vol. 109, no. 9, pp. 161–172, 2012, https://doi.org/10.3238/arztebl.2012.0161. 

[27] M. A. Mahieu et al., “Fatigue, patient reported outcomes, and objective measurement of 

physical activity in systemic lupus erythematosus,” Lupus, vol. 25, no. 11, pp. 1190–1199, 

2016, https://doi.org/10.1177/0961203316631632. 

[28] D. Fang, Z. Jiang, M. Zhang, and H. Wang, “An experimental method to study the effect of 



 

 57 

fatigue on construction worker’s safety performance,” 2015, 

https://doi.org/10.1016/j.ssci.2014.11.019. 

[29] R. K. Mehta and M. J. Agnew, “Effects of physical and mental demands on shoulder muscle 

fatigue,” Work, vol. 41, pp. 2897–2901, 2012, https://doi.org/10.3233/WOR-2012-0541-2897. 

[30] M. M. Lorist, D. Kernell, T. F. Meijman, and I. Zijdewind, “Motor fatigue and cognitive task 

performance in humans,” Journal of Physiology, vol. 545, no. 1, pp. 313–319, 2002, 

https://doi.org/10.1113/jphysiol.2002.027938. 

[31] A. Aryal, A. Ghahramani, and B. Becerik-Gerber, “Monitoring fatigue in construction workers 

using physiological measurements,” Automation in Construction, vol. 82, pp. 154–165, Oct. 

2017, https://doi.org/10.1016/j.autcon.2017.03.003. 

[32] M. Yung and R. Wells, “How Do We Measure Neuromuscular Fatigue at the Workplace? The 

Toronto CRE-MSD Workshop,” Center of Research Expertise for the Prevention of 

Musculoskeletal Disorders, 2016. [Online]. Available: https://uwaterloo.ca/centre-of-research-

expertise-for-the-prevention-of-musculoskeletal-disorders/sites/ca.centre-of-research-

expertise-for-the-prevention-of-musculoskeletal-disorders/files/uploads/files/4164-

8_position_paper_2016_-_yung_wells_neuromuscul. [Accessed: 02-Feb-2018]. 

[33] Y. Watanabe, B. Evengård, B. H. Natelson, L. A. Jason, and H. Kuratsune, Fatigue Science 

for Human Health. Springer Tokyo Berlin Heidelberg New York, 2008, (ISBN: 

9784431734635). 

[34] M. A. Nussbaum, “Static and dynamic myoelectric measures of shoulder muscle fatigue 

during intermittent dynamic exertions of low to moderate intensity,” European Journal of 

Applied Physiology, vol. 85, no. 3–4, pp. 299–309, 2001, 

https://doi.org/10.1007/s004210100454. 

[35] A. J. Dittner, S. C. Wessely, and R. G. Brown, “The assessment of fatigue: A practical guide 

for clinicians and researchers,” Journal of Psychosomatic Research, vol. 56, no. 2, pp. 157–

170, 2004, https://doi.org/10.1016/S0022-3999(03)00371-4. 

[36] B. Bigland‐Ritchie and J. J. Woods, “Changes in muscle contractile properties and neural 

control during human muscular fatigue,” Muscle & Nerve, vol. 7, no. 9, pp. 691–699, 1984, 

https://doi.org/10.1002/mus.880070902. 



 

 58 

[37] O. Lippold, “The tremor in fatigue,” in Human Muscle Fatigue: Physiological Mechanisms. 

Ciba Foundation symposium 82, R. Porter and J. Whelan, Eds. London: Pitman Medical, 

1981, pp. 234–248. 

[38] M. B. I. Reaz, M. S. Hussain, and F. Mohd-Yasin, “Techniques of EMG signal analysis : 

detection, processing, classification and applications,” Biological Procedures Online, vol. 8, 

no. 1, pp. 11–35, 2006, https://doi.org/10.1251/bpo115. 

[39] X. Li, A. Komeili, M. Gül, and M. El-Rich, “A framework for evaluating muscle activity 

during repetitive manual material handling in construction manufacturing,” Automation in 

Construction journal, vol. 79, pp. 39–48, Jul. 2017, 

https://doi.org/10.1016/J.AUTCON.2017.01.005. 

[40] M. R. Al-Mulla, F. Sepulveda, and M. Colley, “A Review of Non-Invasive Techniques to 

Detect and Predict Localised Muscle Fatigue,” Sensors, vol. 11, pp. 3545–3594, 2011, 

https://doi.org/10.3390/s110403545. 

[41] P. Dolan and M. A. Adams, “Repetitive lifting tasks fatigue the back muscles and increase the 

bending moment acting on the lumbar spine,” Journal of Biomechanics, vol. 31, no. 8, pp. 

713–721, 1998, https://doi.org/10.1016/S0021-9290(98)00086-4. 

[42] M. Zhang et al., “Development and validation of a fatigue assessment scale for U.S. 

construction workers.,” American journal of industrial medicine, vol. 58, no. 2, pp. 220–228, 

Feb. 2015, https://doi.org/10.1002/ajim.22411. 

[43] Y. Zhu, R. R. Jankay, L. C. Pieratt, and R. K. Mehta, “Wearable Sensors and Their Metrics for 

Measuring Comprehensive Occupational Fatigue: A Scoping Review,” Human Factors and 

Ergonomics Society, pp. 1041–1045, 2017, https://doi.org/10.1177/1541931213601744. 

[44] J. J. Seo, S. Lee, and J. J. Seo, “Simulation-Based Assessment of Workers’ Muscle Fatigue 

and Its Impact on Construction Operations,” Journal of Construction Engineering and 

Management, vol. 142, no. 11-04016063, pp. 1–12, 2016, 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001182. 

[45] T. Chalder et al., “Development of a fatigue scale,” Journal of Psychosomatic Research, vol. 

37, no. 2, pp. 147–153, Feb. 1993, https://doi.org/10.1016/0022-3999(93)90081-P. 

[46] J. N. Côté, D. Raymond, P. A. Mathieu, A. G. Feldman, and M. F. Levin, “Differences in 



 

 59 

multi-joint kinematic patterns of repetitive hammering in healthy, fatigued and shoulder-

injured individuals,” Clinical Biomechanics, vol. 20, no. 6, pp. 581–590, 2005, 

https://doi.org/10.1016/j.clinbiomech.2005.02.012. 

[47] T. Bosch, M. P. De Looze, and J. H. Van Dieën, “Development of fatigue and discomfort in 

the upper trapezius muscle during light manual work Development of fatigue and discomfort 

in the upper trapezius muscle during light manual work,” vol. 0139, 2007, 

https://doi.org/10.1080/00140130600900282. 

[48] A. Luttmann, M. Jäger, and W. Laurig, “Task analysis and electromyography for bricklaying 

at different wall heights,” International Journal of Industrial Ergonomics, vol. 8, no. 3, pp. 

247–260, 1991, https://doi.org/10.1016/0169-8141(91)90036-L. 

[49] D. Anton, J. C. Rosecrance, F. Gerr, L. A. Merlino, and T. M. Cook, “Effect of concrete block 

weight and wall height on electromyographic activity and heart rate of masons,” Ergonomics, 

vol. 48, no. 10, pp. 1314–1330, 2005, https://doi.org/10.1080/00140130500274168. 

[50] S. Hwang, J. Seo, J. Ryu, and S. Lee, “Challenges and Opportunities of Understanding 

Construction Workers’ Physical Demands through Field Energy Expenditure Measurements 

Using a Wearable Activity Tracker,” in Construction Research Congress, 2016, pp. 2730–

2739, https://doi.org/10.1061/9780784479827.272. 

[51] S. Morrison, J. Kavanagh, S. J. Obst, J. Irwin, and L. J. Haseler, “The effects of unilateral 

muscle fatigue on bilateral physiological tremor.,” Experimental brain research. 

Experimentelle Hirnforschung. Expérimentation cérébrale, vol. 167, no. 4, pp. 609–621, 2005, 

https://doi.org/10.1007/s00221-005-0050-x. 

[52] A. Troiano, F. Naddeo, E. Sosso, G. Camarota, R. Merletti, and L. Mesin, “Assessment of 

force and fatigue in isometric contractions of the upper trapezius muscle by surface EMG 

signal and perceived exertion scale,” Gait and Posture, vol. 28, no. 2, pp. 179–186, 2008, 

https://doi.org/10.1016/j.gaitpost.2008.04.002. 

[53] G. Venugopal, M. Navaneethakrishna, and S. Ramakrishnan, “Extraction and analysis of 

multiple time window features associated with muscle fatigue conditions using sEMG 

signals,” Expert Systems with Applications, vol. 41, no. 6, pp. 2652–2659, 2014, 

https://doi.org/10.1016/j.eswa.2013.11.009. 



 

 60 

[54] H. Iridiastadi and M. A. Nussbaum, “Muscle fatigue and endurance during repetitive 

intermittent static efforts: development of prediction models,” Ergonomics, vol. 49, no. 4, pp. 

344–360, 2006, https://doi.org/10.1080/00140130500475666. 

[55] U. C. Gatti, S. Schneider, and G. C. Migliaccio, “Physiological condition monitoring of 

construction workers,” Automation in Construction, vol. 44, pp. 227–233, 2014, 

https://doi.org/10.1016/j.autcon.2014.04.013. 

[56] S. A. A. N. Bolink et al., “Validity of an inertial measurement unit to assess pelvic orientation 

angles during gait, sit-stand transfers and step-up transfers: Comparison with an optoelectronic 

motion capture system,” Medical Engineering and Physics, vol. 38, no. 3, pp. 225–231, 2016, 

https://doi.org/10.1016/j.medengphy.2015.11.009. 

[57] C. M. Bauer et al., “Concurrent validity and reliability of a novel wireless inertial 

measurement system to assess trunk movement,” Journal of Electromyography and 

Kinesiology, vol. 25, pp. 782–790, 2015, https://doi.org/10.1016/j.jelekin.2015.06.001. 

[58] N. Miller, O. C. Jenkins, M. Kallmann, and M. J. Mataric, “Motion capture from inertial 

sensing for untethered humanoid teleoperation,” in 4th IEEE/RAS International Conference on 

Humanoid Robots, 2004., 2004, vol. 2, pp. 547–565, 

https://doi.org/10.1109/ICHR.2004.1442670. 

[59] J. H. van Dieën, H. M. Toussaint, C. Maurice, and M. Mientjes, “Fatigue-Related Changes in 

the Coordination of Lifting and Their Effect on Low Back Load,” Journal of Motor Behavior, 

vol. 28, no. 4, pp. 304–314, 1996, https://doi.org/10.1080/00222895.1996.10544600. 

[60] J. Zhang, T. E. Lockhart, and R. Soangra, “Classifying Lower Extremity Muscle Fatigue 

During Walking Using Machine Learning and Inertial Sensors,” Annals of Biomedical 

Engineering, vol. 42, no. 3, pp. 600–612, 2013, https://doi.org/10.1007/s10439-013-0917-0. 

[61] Z. Sedighi Maman, M. A. Alamdar Yazdi, L. A. Cavuoto, and F. M. Megahed, “A data-driven 

approach to modeling physical fatigue in the workplace using wearable sensors,” Applied 

Ergonomics, vol. 65, pp. 515–529, Nov. 2017, https://doi.org/10.1016/j.apergo.2017.02.001. 

[62] N. Hogan and D. Sternad, “Sensitivity of Smoothness Measures to Movement Duration, 

Amplitude and Arrests,” Journal of Motor Behavior, vol. 41, no. 6, pp. 529–534, 2009, 

https://doi.org/10.3200/35-09-004-RC. 



 

 61 

[63] J. C. Slaboda, J. R. Boston, T. E. Rudy, S. J. Lieber, and D. M. Rasetshwane, “The use of 

splines to calculate jerk for a lifting task involving chronic lower back pain patients,” IEEE 

Transactions on Neural Systems and Rehabilitation Engineering, vol. 13, no. 3, pp. 406–414, 

2005, https://doi.org/10.1109/TNSRE.2005.844252. 

[64] S. Balasubramanian, A. Melendez-Calderon, A. Roby-Brami, and E. Burdet, “On the analysis 

of movement smoothness,” Journal of NeuroEngineering and Rehabilitation, vol. 12, no. 112, 

pp. 1–11, 2015, https://doi.org/10.1186/10.1186/s12984-015-0090-9. 

[65] S. Balasubramanian, A. Melendez-Calderon, and E. Burdet, “A robust and sensitive metric for 

quantifying movement smoothness,” IEEE Transactions on Biomedical Engineering, vol. 59, 

no. 8, pp. 2126–2136, 2012, https://doi.org/0018-9294. 

[66] M. T. Lapinski, “A Platform for High-Speed Biomechanical Analysis Using Wearable 

Wireless Sensors,” PhD Dissertation, 2013. [Online]. Available: 

https://www.media.mit.edu/publications/a-platform-for-high-speed-biomechanical-analysis-

using-wearable-wireless-sensors/. 

[67] L. Seifert, D. Orth, J. Boulanger, V. Dovgalecs, R. Hérault, and K. Davids, “Climbing Skill 

and Complexity of Climbing Wall Design: Assessment of Jerk as a Novel Indicator of 

Performance Fluency,” Journal of Applied Biomechanics, vol. 30, pp. 619–625, 2014, 

https://doi.org/10.1123/JAB.2014-0052. 

[68] W. L. Nelson, “Physical principles for economies of skilled movements,” Biological 

Cybernetics, vol. 46, no. 2, pp. 135–147, 1983, https://doi.org/10.1007/BF00339982. 

[69] R. C. Harwell and R. L. Ferguson, “Physiologic tremor and microsurgery,” Microsurgery, vol. 

4, no. 3, pp. 187–192, 1983, https://doi.org/10.1002/micr.1920040310. 

[70] B. Bril, R. Rein, T. Nonaka, F. Wenban-Smith, and G. Dietrich, “The role of expertise in tool 

use: Skill differences in functional action adaptations to task constraints.,” Journal of 

Experimental Psychology: Human Perception and Performance, vol. 36, no. 4, pp. 825–839, 

2010, https://doi.org/10.1037/a0018171. 

[71] T. Flash and N. Hogan, “The coordination of arm movements: an experimentally confirmed 

mathematical model.,” The Journal of neuroscience, vol. 5, no. 7, pp. 1688–1703, 1985, 

https://doi.org/4020415. 



 

 62 

[72] E. Burdet and T. E. Milner, “Quantization of human motions and learning of accurate 

movements,” Biological Cybernetics, pp. 307–318, 1998, 

https://doi.org/10.1007/s004220050435. 

[73] T. M. Dancewicz, D. E. Krebs, and C. A. McGibbon, “Lower-limb extensor power and lifting 

characteristics in disabled elders,” The Journal of Rehabilitation Research and Development, 

vol. 40, no. 4, p. 337, 2003, https://doi.org/10.1682/JRRD.2003.07.0337. 

[74] A. Hreljac, “Stride smoothness evaluation of runners and other athletes,” Gait and Posture, 

vol. 11, no. 3, pp. 199–206, 2000, https://doi.org/10.1016/S0966-6362(00)00045-X. 

[75] J. H. Yan, R. N. Hinrichs, V. G. Payne, and J. R. Thomas, “Normalized Jerk: A Measure to 

Capture Developmental Characteristics of Young Girls’ Overarm Throwing,” Journal of 

Applied Biomechanics, vol. 16, no. 2, pp. 196–203, May 2000, 

https://doi.org/10.1123/jab.16.2.196. 

[76] A. Choi, S. Bin Joo, E. Oh, and J. H. Mun, “Kinematic evaluation of movement smoothness in 

golf: Relationship between the normalized jerk cost of body joints and the clubhead,” 

BioMedical Engineering Online, vol. 13, no. 1, pp. 1–12, 2014, https://doi.org/10.1186/1475-

925X-13-20. 

[77] K. Sakata, A. Kogure, M. Hosoda, K. Isozaki, T. Masuda, and S. Morita, “Evaluation of the 

age-related changes in movement smoothness in the lower extremity joints during lifting,” 

Gait & Posture, vol. 31, no. 1, pp. 27–31, Jan. 2010, 

https://doi.org/10.1016/j.gaitpost.2009.08.239. 

[78] H. F. van der Molen, B. M. Bulthuis, and J. C. van Duivenbooden, “A prevention strategy for 

reducing gypsum bricklayers’ physical workload and increasing productivity,” International 

Journal of Industrial Ergonomics, vol. 21, no. 1, pp. 59–68, Jan. 1998, 

https://doi.org/10.1016/S0169-8141(97)00025-5. 

[79] P. Vink and E. A. P. Koningsveld, “Bricklaying: a step by step approach to better work,” 

ERGONOMICS, vol. 33, no. 3, pp. 349–352, 1990. 

[80] K. Jørgensen, B. R. Jensen, and M. Kato, “Fatigue development in the lumbar paravertebral 

muscles of bricklayers during the working day,” International Journal of Industrial 

Ergonomics, vol. 8, no. 3, pp. 237–245, Nov. 1991, https://doi.org/10.1016/0169-



 

 63 

8141(91)90035-K. 

[81] H. F. Van Der Molen et al., “Effect of block weight on work demands and physical workload 

during masonry work,” Ergonomics, vol. 51, no. 3, pp. 355–366, 2008, 

https://doi.org/10.1080/00140130701571792. 

[82] H. F. Van Der Molen, S. J. Veenstra, J. K. Sluiter, and M. H. W. Frings-Dresen, “World at 

work: Bricklayers and bricklayers’ assistants,” Occupational and Environmental Medicine, 

vol. 61, no. 1, pp. 89–93, 2004, https://doi.org/10.1136/oem.2002.001750. 

[83] A. Alwasel, E. M. Abdel-Rahman, C. T. Haas, and S. Lee, “Experience, Productivity, and 

Musculoskeletal Injury among Masonry Workers,” Journal of Construction Engineering and 

Management, vol. 143, no. 6, p. 05017003 1-13, Jun. 2017, https://doi.org/10.1061/(ASCE) 

CO.1943-7862.0001308. 

[84] A. Mannini and A. M. Sabatini, “Machine learning methods for classifying human physical 

activity from on-body accelerometers,” Sensors, vol. 10, no. 2, pp. 1154–1175, 2010, 

https://doi.org/10.3390/s100201154. 

[85] J. Ryu, J. Seo, H. Jebelli, and S. Lee, “Automated Action Recognition Using an 

Accelerometer-Embedded Wristband-Type Activity Tracker,” Journal of Construction 

Engineering and Management, vol. 145, no. 1, p. 04018114, 2019, 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001579. 

[86] J. Ryu, J. Seo, M. Liu, S. Lee, and C. T. Haas, “Action Recognition Using a Wristband-Type 

Activity Tracker: Case Study of Masonry Work,” in Construction Research Congress 2016, 

2016, pp. 790–799. 

[87] M. C. Schall, N. B. Fethke, H. Chen, S. Oyama, and D. I. Douphrate, “Accuracy and 

repeatability of an inertial measurement unit system for field-based occupational studies,” 

Ergonomics, vol. 59, no. 4, pp. 591–602, Apr. 2015, 

https://doi.org/10.1080/00140139.2015.1079335. 

[88] W. Lee, E. Seto, K. Y. Lin, and G. C. Migliaccio, “An evaluation of wearable sensors and 

their placements for analyzing construction worker’s trunk posture in laboratory conditions,” 

Applied Ergonomics, 2016, https://doi.org/10.1016/j.apergo.2017.03.016. 

[89] J. Chen, J. Qiu, and C. Ahn, “Construction worker’s awkward posture recognition through 



 

 64 

supervised motion tensor decomposition,” Automation in Construction, vol. 77, pp. 67–81, 

2017, https://doi.org/10.1016/j.autcon.2017.01.020. 

[90] J. Ryu, L. Zhang, C. T. Haas, and E. Abdel-Rahman, “Motion Data Based Construction 

Worker Training Support Tool: Case Study of Masonry Work,” in 35th International 

Symposium on Automation and Robotics in Construction (ISARC 2018), Berlin, 2018, vol. 35, 

no. IAARC Publications, pp. 1079–1084. 

[91] Noitom Ltd., “Perception Neuron,” 2018. [Online]. Available: https://neuronmocap.com/. 

[Accessed: 11-Jun-2018]. 

[92] J. S. Boschman, H. F. van der Molen, J. K. Sluiter, and M. H. W. Frings-Dresen, 

“Occupational demands and health effects for bricklayers and construction supervisors: A 

systematic review,” American Journal of Industrial Medicine, vol. 54, no. 1, pp. 55–77, Jan. 

2011, https://doi.org/10.1002/ajim.20899. 

[93] Workplace Safety & Insurance Board (WSIB), “2018 Premium Rates Manual,” 2018. 

[Online]. Available: 

http://www.wsib.on.ca/cs/idcplg?IdcService=GET_FILE&dDocName=WSIB072990&Revisi

onSelectionMethod=LatestReleased. [Accessed: 21-Jun-2018]. 

[94] T. R. Waters, V. Putz-Anderson, A. Garg, and L. J. Fine, “Revised NIOSH equation for the 

design and evaluation of manual lifting tasks,” Ergonomics, vol. 36, no. 7, pp. 749–776, 1993, 

https://doi.org/10.1080/00140139308967940. 

[95] A. S. Hanna, C. S. Taylor, and K. T. Sullivan, “Impact of Extended Overtime on Construction 

Labor Productivity,” Journal of Construction Engineering and Management, vol. 131, no. 6, 

pp. 734–739, 2005, https://doi.org/10.1061/(ASCE)0733-9364(2005)131:6(734). 

[96] A. S. Hanna, C.-K. Chang, K. T. Sullivan, and J. A. Lackney, “Impact of Shift Work on Labor 

Productivity for Labor Intensive Contractor,” Journal of Construction Engineering and 

Management, vol. 134, no. 3, pp. 197–204, 2008, https://doi.org/10.1061/(ASCE)0733-

9364(2008)134:3(197). 

[97] L. M. Goldenhar, S. Hecker, S. Moir, and J. Rosecrance, “The ‘goldilocks model’ of overtime 

in construction: Not too much, not too little, but just right,” Journal of Safety Research, vol. 

34, no. 2, pp. 215–226, 2003, https://doi.org/10.1016/S0022-4375(03)00010-0. 



 

 65 

[98] W. Lee and G. C. Migliaccio, “Temporal Effect of Construction Workforce Physical Strain on 

Diminishing Marginal Productivity at the Task Level,” Journal of Construction Engineering 

and Management, vol. 144, no. 9, pp. 04018083-8–11, 2018, 

https://doi.org/10.1061/(ASCE)CO.1943-7862.0001531. 

[99] E. Romero, R. O. Warrington, and M. R. Neuman, “The Use of Body Motion for Powering 

Biomedical Devices,” World Congress on Medical Physics and Biomedical Engineering, vol. 

2009, pp. 253–256, 2009, https://doi.org/10.1007/978-3-642-03887-7_73. 

[100] C. Gaudez, M. A. Gilles, and J. Savin, “Intrinsic movement variability at work. How long is 

the path from motor control to design engineering?,” Applied Ergonomics, vol. 53, pp. 71–78, 

2016, https://doi.org/10.1016/j.apergo.2015.08.014. 

[101] U.S. Bureau of Labor Statistics, “Nonfatal Occupational Injuries and Illnesses Requiring 

Days-Away-from-Work in 2014,” U.S Department of Labor, 2015. [Online]. Available: 

https://www.bls.gov/news.release/archives/osh2_12162014.pdf. 

[102] W. S. Marras, J. Parakkat, A. M. Chany, G. Yang, D. Burr, and S. A. Lavender, “Spine 

loading as a function of lift frequency, exposure duration, and work experience,” Clinical 

Biomechanics, vol. 21, no. 4, pp. 345–352, 2006, 

https://doi.org/10.1016/j.clinbiomech.2005.10.004. 

[103] W. A. Sparrow, K. M. Hughes, A. P. Russell, and P. F. Le Rossignol, Movement Economy, 

Preferred Modes, and Pacing. Loarn D. Robertson, 2000, (ISBN: 0880117877). 

[104] E. N. Corlett and D. K. Mahadeva, “A Relationship between a Freely Chosen Working Pace 

and Energy Consumption Curves,” Ergonomics, vol. 13, no. 4, pp. 517–524, Jul. 1970, 

https://doi.org/10.1080/00140137008931167. 

[105] L. N. Matheson, L. D. Ogden, K. Violette, and K. Schultz, “Work Hardening: Occupational 

Therapy in Industrial Rehabilitation,” American Journal of Occupational Therapy, vol. 39, no. 

5, pp. 314–321, May 1985, https://doi.org/10.5014/ajot.39.5.314. 

[106] J. Ilmarinen, “Physical requirements associated with the work of aging workers in the 

European Union,” Experimental Aging Research, vol. 28, no. 1, pp. 7–23, 2002, 

https://doi.org/10.1080/036107302753365513. 

[107] G. P. Kenny, J. E. Yardley, L. Martineau, and O. Jay, “Physical work capacity in older adults: 



 

 66 

Implications for the aging worker,” American Journal of Industrial Medicine, vol. 51, no. 8, 

pp. 610–625, Aug. 2008, https://doi.org/10.1002/ajim.20600. 

[108] P. J. Sparto, M. Parnianpour, T. E. Reinsel, and S. Simon, “The Effect of Fatigue on Multijoint 

Kinematics, Coordination, and Postural Stability During a Repetitive Lifting Test,” Journal of 

Orthopaedic & Sports Physical Therapy, vol. 25, no. 1, pp. 3–12, Jan. 1997, 

https://doi.org/10.2519/jospt.1997.25.1.3. 

[109] W. S. Marras and K. P. Granata, “Changes in Trunk Dynamics and Spine Loading During 

Repeated Trunk Exertions,” Spine, pp. 2564–2570, 1997. 

[110] L. Zhang, M. M. Diraneyya, J. Ryu, C. T. Haas, and E. Abdel-Rahman, “Assessment of Jerk 

as an Indicator of Physical Exertion and Fatigue,” Automation in Construction, 2019. 

[111] V. Kellokumpu, “Human Activity Recognition Using Sequences of Postures,” in MVA2005 

IAPR Conference on Machine VIsion Applications, 2005, pp. 570–573, http://www.mva-

org.jp/Proceedings/CommemorativeDVD/2005/papers/2005570.pdf. 

[112] D. Rodriguez-Martin, A. Samà, C. Perez-Lopez, A. Català, J. Cabestany, and A. Rodriguez-

Molinero, “SVM-based posture identification with a single waist-located triaxial 

accelerometer,” Expert Systems with Applications, vol. 40, no. 18, pp. 7203–7211, 2013, 

https://doi.org/10.1016/j.eswa.2013.07.028. 

[113] L. Zhang, M. M. Diraneyya, J. Ryu, C. T. Haas, and E. M. Abdel-Rahman, “Assessment of 

Jerk as an Indicator of Physical Exertion and Fatigue,” Automation in Construction, 2019. 

[114] L. Wang, T. Gu, X. Tao, and J. Lu, “A hierarchical approach to real-time activity recognition 

in body sensor networks,” Pervasive and Mobile Computing, vol. 8, no. 1, pp. 115–130, 2012, 

https://doi.org/10.1016/j.pmcj.2010.12.001. 

[115] M. A. Brodie, A. Walmsley, and W. Page, “Dynamic accuracy of inertial measurement units 

during simple pendulum motion,” Computer Methods in Biomechanics and Biomedical 

Engineering, vol. 11, no. 3, pp. 235–242, 2008, https://doi.org/10.1080/10255840802125526. 

[116] C. Schiefer et al., “Optimization of Inertial Sensor-Based Motion Capturing for Magnetically 

Distorted Field Applications,” Journal of Biomechanical Engineering, vol. 136, no. 12, p. 

121008, 2014, https://doi.org/10.1115/1.4028822. 

 



 

 67 

  



 

 68 

Appendix A 

MATLAB Scripts  

I wish to acknowledge the help provided by my project teammate, Mohsen Diraneyya, in the 

generation of the data processing code.  
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Read_calc_file.m 

%------------------------------------------------------------------------% 

% This function reads calculation files (.calc) exported from the Axis    
% Neuron software following data collection using their IMU suit. 
% This function reads the columns of interest including 
% sensors locations, velocities, quaternions, accelerations and 
% angular velocities for all 21 sensors in the calculation file. 
% Note: some of them may be copies of each other, depending on the        

% actual number of sensors used. 

%------------------------------------------------------------------------% 

   
function [Calc_Data] = read_calc_file(calc_filename) 

  
% add a file extension if necessary: 
if ~strncmpi(fliplr(calc_filename),'calc.',5) 
  calc_filename = [calc_filename,'.calc']; 
end 

  
%% counter for number of lines 
fid=fopen(calc_filename,'r'); 
file_data_cell = textscan(fid, '%s',10000000,'delimiter', '\n');  
file_data = file_data_cell{1,1}; 
no_of_raws=size(file_data_cell{1},1); 

  
fclose(fid); 

  
%% read line by line 
Data=zeros(no_of_raws,338); 
for i = 7 : no_of_raws 
    tap_locations=strfind(file_data{i},'    '); 
    Data(i,1)=str2double(file_data{i}(1:tap_locations(1)-1)); 
    for j=2:338 
        Data(i,j)=str2double(file_data{i}(tap_locations(j-

1)+1:tap_locations(j)-1)); 
    end 
end 

  
Calc_Data=Data(7:end,:); 
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Kinematics_from_calc.m 

%------------------------------------------------------------------------% 

% This function finds sensor locations, linear accelerations,   
% angular velocities and angular accelerations from the .calc file   

% Function outputs include sensors information for a 15-segment body model 

 

% The order of the segments are as follows,  
% 1: Pelvis, 2: Torso, 3: Head & Neck, 4: Right upper arm, 5: Right       

% Forearm, 6: Right hand, 7: Left upper arm, 8: Left Forearm, 9: Left      
% hand, 10: Right Thigh, 11: Right Shank, 12: Right Foot, 13: Left Thigh, 

% 14: Left Shank and % 15: Left Foot  

  
% All inputs from the .calc file are in "sensor global" frame except for 

the location, the outputs are in the same frame except for location 

  
% Note: The location inputs are in calculation BVH frame and location     

% outputs are in 3D BVH frame (.bvh file) frame 

  
% Note: CS = Coordinate System = Frame 
%------------------------------------------------------------------------% 

 
function [A,omega,alpha,sensor_location] = Kinematics_from_calc(calc_data) 

  
% Input: calc_data, contains the data as expressed in .calc file exported 

% in sensor global CS, 
% only numeric data starting from the first frame to the last frame, size: 

% nx336, where n is the number of frames, 336 is 16 data elements for each 

% of the 21 segments in .calc file.  
 

% 16 data elements are in arranged in the following order: 
% position x,y&z, velocity x,y&z, quaternion r,i,j&k, acceleration x,y&z 

and angular velocity x,y&z  
 

% The segments are as follows,  
% 1: pelvis, 2: Right thigh, 3: right shank, 4: right foot, 5: left thigh,  

% 6: left shank, 7: Left foot, 8: right shoulder, 9: right upper arm,  
% 10: right forearm, 11: right hand, 12: left shoulder, 13: left upper    

% arm,14: left forearm, 15: left hand, 16: head, 17: neck, 18: Spine3,  

% 19: spine2, 20: spine1, 21: spine 

  
% Note: 16 and 17 are exactly the same (copies) for quaternion, 

acceleration and angular velocity 
% Note: 18, 19 and 20 are exactly the same (copies) for quaternion, 

acceleration and angular velocity 
% Note: 1 and 21 are exactly the same (copies) for quaternion, 

acceleration and angular velocity 

  
% Outputs:  
% A: sensor acceleration of each segment. 3xnx15 matrix, 3d vector for 

each frame for each segment (meter per second squared) 
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% omega: angular velocity of each segment. 3xnx15 matrix, 3d vector for 

each frame for each segment (per second squared) 
% alpha: angular acceleration of each segment. 3xnx15 matrix, 3d vector 

for each frame for each segment (per second) 
%sensor_location: coordinates of each sensor's location in bvh CS, 3xnx15 

matrix, 3d vector for each frame for each segment (meter), 
% The coordinates are expressed away from zeta pelvis as the origin 

(0,0,0) 

  

%% read from calc_data matrix, and permute to fit the desired format 
sensor_location_from_calc=zeros(size(calc_data,1),3,21); 
A_from_calc=zeros(size(calc_data,1),3,21); 
omega_from_calc=zeros(size(calc_data,1),3,21); 
alpha_from_calc=zeros(size(calc_data,1)-1,3,21); 

  
for i=0:20 
    sensor_location_from_calc(:,1:3,i+1)=calc_data(:,16*i+1:16*i+3); 

%segment i+1 sensor location 
    A_from_calc(:,1:3,i+1)=calc_data(:,16*i+11:16*i+13)*9.81;  

%segment i+1 acceleration in m/sec^2 
    omega_from_calc(:,1:3,i+1)=calc_data(:,16*i+14:16*i+16);  

%segment i+1 angular velocity in rad/sec 
    alpha_from_calc(:,1:3,i+1)=diff(omega_from_calc(:,1:3,i+1))*121; 

%segment i+1 angular acceleration in rad/sec^2 (differentiation of angular 

velocity) 
end 

  
sensor_location_from_calc = permute(sensor_location_from_calc,[2,1,3]); 
A_from_calc = permute(A_from_calc,[2,1,3]); 
omega_from_calc = permute(omega_from_calc,[2,1,3]); 
alpha_from_calc = permute(alpha_from_calc,[2,1,3]); 

  
%% take only the segments we are interested in, in the order we are 

interested in 

  
R_sensor_BVH=[1 0 0;0 0 1;0 1 0]; %change reference frame from sensor 

global to BVH  
R_bvhcalc_BVH=[1 0 0; 0 0 -1; 0 1 0]; %change reference frame for sensor 

location from bvh of .calc, to bvh of .3d 

  
%1pelvis 
sensor_location(:,:,1)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,1); 
A(:,:,1)=R_sensor_BVH*A_from_calc(:,:,1); 
omega(:,:,1)=R_sensor_BVH*omega_from_calc(:,:,1); 
alpha(:,:,1)=R_sensor_BVH*alpha_from_calc(:,:,1); 

  
%2Torso 
sensor_location(:,:,2)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,18); 
A(:,:,2)=R_sensor_BVH*A_from_calc(:,:,18); 
omega(:,:,2)=R_sensor_BVH*omega_from_calc(:,:,18); 
alpha(:,:,2)=R_sensor_BVH*alpha_from_calc(:,:,18); 
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%3head&neck 
sensor_location(:,:,3)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,16); 
A(:,:,3)=R_sensor_BVH*A_from_calc(:,:,16); 
omega(:,:,3)=R_sensor_BVH*omega_from_calc(:,:,16); 
alpha(:,:,3)=R_sensor_BVH*alpha_from_calc(:,:,16); 

  
%4Right upperarm 
sensor_location(:,:,4)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,9); 
A(:,:,4)=R_sensor_BVH*A_from_calc(:,:,9); 
omega(:,:,4)=R_sensor_BVH*omega_from_calc(:,:,9); 
alpha(:,:,4)=R_sensor_BVH*alpha_from_calc(:,:,9); 

  
%5Right forearm 
sensor_location(:,:,5)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,10); 
A(:,:,5)=R_sensor_BVH*A_from_calc(:,:,10); 
omega(:,:,5)=R_sensor_BVH*omega_from_calc(:,:,10); 
alpha(:,:,5)=R_sensor_BVH*alpha_from_calc(:,:,10); 

  
%6Right hand 
sensor_location(:,:,6)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,11); 
A(:,:,6)=R_sensor_BVH*A_from_calc(:,:,11); 
omega(:,:,6)=R_sensor_BVH*omega_from_calc(:,:,11); 
alpha(:,:,6)=R_sensor_BVH*alpha_from_calc(:,:,11); 

  
%7Left upperarm 
sensor_location(:,:,7)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,13); 
A(:,:,7)=R_sensor_BVH*A_from_calc(:,:,13); 
omega(:,:,7)=R_sensor_BVH*omega_from_calc(:,:,13); 
alpha(:,:,7)=R_sensor_BVH*alpha_from_calc(:,:,13); 

  

%8Left forearm 
sensor_location(:,:,8)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,14); 
A(:,:,8)=R_sensor_BVH*A_from_calc(:,:,14); 
omega(:,:,8)=R_sensor_BVH*omega_from_calc(:,:,14); 
alpha(:,:,8)=R_sensor_BVH*alpha_from_calc(:,:,14); 

  

%9Left hand 
sensor_location(:,:,9)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,15); 
A(:,:,9)=R_sensor_BVH*A_from_calc(:,:,15); 
omega(:,:,9)=R_sensor_BVH*omega_from_calc(:,:,15); 
alpha(:,:,9)=R_sensor_BVH*alpha_from_calc(:,:,15); 

  
%10Right Thigh 
sensor_location(:,:,10)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,2); 
A(:,:,10)=R_sensor_BVH*A_from_calc(:,:,2); 
omega(:,:,10)=R_sensor_BVH*omega_from_calc(:,:,2); 
alpha(:,:,10)=R_sensor_BVH*alpha_from_calc(:,:,2); 

  
%11Right Shank 
sensor_location(:,:,11)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,3); 
A(:,:,11)=R_sensor_BVH*A_from_calc(:,:,3); 
omega(:,:,11)=R_sensor_BVH*omega_from_calc(:,:,3); 
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alpha(:,:,11)=R_sensor_BVH*alpha_from_calc(:,:,3); 

  

%12Right foot 
sensor_location(:,:,12)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,4); 
A(:,:,12)=R_sensor_BVH*A_from_calc(:,:,4); 
omega(:,:,12)=R_sensor_BVH*omega_from_calc(:,:,4); 
alpha(:,:,12)=R_sensor_BVH*alpha_from_calc(:,:,4); 

  
%13Left Thigh 
sensor_location(:,:,13)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,5); 
A(:,:,13)=R_sensor_BVH*A_from_calc(:,:,5); 
omega(:,:,13)=R_sensor_BVH*omega_from_calc(:,:,5); 
alpha(:,:,13)=R_sensor_BVH*alpha_from_calc(:,:,5); 

  
%14Left Shank 
sensor_location(:,:,14)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,6); 
A(:,:,14)=R_sensor_BVH*A_from_calc(:,:,6); 
omega(:,:,14)=R_sensor_BVH*omega_from_calc(:,:,6); 
alpha(:,:,14)=R_sensor_BVH*alpha_from_calc(:,:,6); 

  
%15Left foot 
sensor_location(:,:,15)=R_bvhcalc_BVH*sensor_location_from_calc(:,:,7); 
A(:,:,15)=R_sensor_BVH*A_from_calc(:,:,7); 
omega(:,:,15)=R_sensor_BVH*omega_from_calc(:,:,7); 
alpha(:,:,15)=R_sensor_BVH*alpha_from_calc(:,:,7); 

  
% shift global origin to pelvis origin (assume same as sensor) for sensor 

location. That is, now the sensor location is expressed away from the 

pelvis origin, instead of global frame origin, however, the coordinates 

are still in global frame. 

 
for i=1:size(sensor_location,2) 
    sensor_location(:,i,:)=sensor_location(:,i,:)-sensor_location(:,i,1); 
end 
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Matrix_from_file.m 

%------------------------------------------------------------------------% 

% Data processing: data filtering, acceleration from .calc file to jerk  

%------------------------------------------------------------------------% 

  
function 

[Matrix_pelvis,Matrix_DShoulder,Matrix_NShoulder,Matrix_DElbow,Matrix_NElb

ow,Matrix_DHip,Matrix_NHip,Matrix_D,Matrix_N,Matrix_All] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc) 

  
%% Inputs  
Fs = 125; % Sampling frequency                     

  
%% import 
[Calc_Data] = read_calc_file(File_Name); 

  
Wn=Wc/62.5; %desired frequency is Wc, original frequency is 125  
[b,a]=butter(2,Wn,'low'); %Butterworth filter factors 
Calc_Data=filtfilt(b,a,Calc_Data); %Applying filter  

  
[A,~,~,~] = Kinematics_from_calc(Calc_Data); 

  
%% Calculating Jerk 

  
% Acceleration magnitude 
Pelvis_A=sqrt(sum(A(:,:,1).^2,1))'; 
RShoulder_A=sqrt(sum(A(:,:,4).^2,1))'; 
LShoulder_A=sqrt(sum(A(:,:,7).^2,1))'; 
RHip_A=sqrt(sum(A(:,:,10).^2,1))'; 
LHip_A=sqrt(sum(A(:,:,13).^2,1))'; 
RElbow_A=sqrt(sum(A(:,:,5).^2,1))'; 
LElbow_A=sqrt(sum(A(:,:,8).^2,1))'; 

  
%{ 
other segments 
RWrist_A=sqrt(sum(A(:,:,6).^2,1))'; 
LWrist_A=sqrt(sum(A(:,:,9).^2,1))'; 
RKnee_A=sqrt(sum(A(:,:,11).^2,1))'; 
RAnkle_A=sqrt(sum(A(:,:,12).^2,1))'; 
LKnee_A=sqrt(sum(A(:,:,14).^2,1))'; 
LAnkle_A=sqrt(sum(A(:,:,15).^2,1))'; 
%} 

  
% Jerk magnitude 
Pelvis_J=diff(Pelvis_A)*125; 
RShoulder_J=diff(RShoulder_A)*125; 
LShoulder_J=diff(LShoulder_A)*125; 
RHip_J=diff(RHip_A)*125; 
LHip_L=diff(LHip_A)*125; 
RElbow_J=diff(RElbow_A)*125; 
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LElbow_J=diff(LElbow_A)*125; 

  

%{  
other segments 
RWrist_J=diff(RWrist_A)*125; 
LWrist_J=diff(LWrist_A)*125; 
RKnee_J=diff(RKnee_A)*125; 
RAnkle_J=diff(RAnkle_A)*125; 
LKnee_J=diff(LKnee_A)*125; 
LAnkle_J=diff(LAnkle_A)*125; 
%} 

  
%% Calculating Selected Features values for each window 
Window_frames=round(125*Window_size); 
no_of_windows=floor(2*length(A)/Window_frames)-1; 

  
%Features initiation 
%pelvis 
Pelvis_mean_J=zeros(no_of_windows,1);Pelvis_std_J=zeros(no_of_windows,1); 
Pelvis_max_J=zeros(no_of_windows,1);Pelvis_min_J=zeros(no_of_windows,1); 
Pelvis_JC=zeros(no_of_windows,1);Pelvis_peak_JF=zeros(no_of_windows,1); 

  
%RShoulder 
RShoulder_mean_J=zeros(no_of_windows,1);RShoulder_std_J=zeros(no_of_window

s,1); 
RShoulder_max_J=zeros(no_of_windows,1);RShoulder_min_J=zeros(no_of_windows

,1); 
RShoulder_JC=zeros(no_of_windows,1);RShoulder_peak_JF=zeros(no_of_windows,

1); 

  

%LShoulder 
LShoulder_mean_J=zeros(no_of_windows,1);LShoulder_std_J=zeros(no_of_window

s,1); 
LShoulder_max_J=zeros(no_of_windows,1);LShoulder_min_J=zeros(no_of_windows

,1); 
LShoulder_JC=zeros(no_of_windows,1);LShoulder_peak_JF=zeros(no_of_windows,

1); 

  
%RElbow 
RElbow_mean_J=zeros(no_of_windows,1);RElbow_std_J=zeros(no_of_windows,1); 
RElbow_max_J=zeros(no_of_windows,1);RElbow_min_J=zeros(no_of_windows,1); 
RElbow_JC=zeros(no_of_windows,1);RElbow_peak_JF=zeros(no_of_windows,1); 

  

%LElbow 
LElbow_mean_J=zeros(no_of_windows,1);LElbow_std_J=zeros(no_of_windows,1); 
LElbow_max_J=zeros(no_of_windows,1);LElbow_min_J=zeros(no_of_windows,1); 
LElbow_JC=zeros(no_of_windows,1);LElbow_peak_JF=zeros(no_of_windows,1); 

  
%RHip 
RHip_mean_J=zeros(no_of_windows,1);RHip_std_J=zeros(no_of_windows,1); 
RHip_max_J=zeros(no_of_windows,1);RHip_min_J=zeros(no_of_windows,1); 
RHip_JC=zeros(no_of_windows,1);RHip_peak_JF=zeros(no_of_windows,1); 
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%LHip 
LHip_mean_J=zeros(no_of_windows,1);LHip_std_J=zeros(no_of_windows,1); 
LHip_max_J=zeros(no_of_windows,1);LHip_min_J=zeros(no_of_windows,1); 
LHip_JC=zeros(no_of_windows,1);LHip_peak_JF=zeros(no_of_windows,1); 

  
for window = 1 : no_of_windows %jerk values during the window 
  Window_Pelvis_J=Pelvis_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_RShoulder_J=RShoulder_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_LShoulder_J=LShoulder_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_RElbow_J=RElbow_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_LElbow_J=LElbow_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_RHip_J=RHip_J(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames); 
  Window_LHip_J=LHip_L(floor(Window_frames*(window-

1)/2)+1:floor((Window_frames*(window-1)/2))+Window_frames);   

   
  %Pelvis features 
  Pelvis_mean_J(window)=  mean(Window_Pelvis_J); 
  Pelvis_std_J(window)=  std(Window_Pelvis_J); 
  Pelvis_max_J(window)=  max(Window_Pelvis_J); 
  Pelvis_min_J(window)=  min(Window_Pelvis_J); 
  Pelvis_JC(window)= sum(Window_Pelvis_J.^2)*(1/125); 

   
  L = length(Window_Pelvis_J); 
  Y = fft(Window_Pelvis_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  Pelvis_peak_JF(window)=f(max_location+1); 

  
  %RShoulder features 
  RShoulder_mean_J(window)=  mean(Window_RShoulder_J); 
  RShoulder_std_J(window)=  std(Window_RShoulder_J); 
  RShoulder_max_J(window)=  max(Window_RShoulder_J); 
  RShoulder_min_J(window)=  min(Window_RShoulder_J); 
  RShoulder_JC(window)= sum(Window_RShoulder_J.^2)*(1/125); 

   
  Y = fft(Window_RShoulder_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  RShoulder_peak_JF(window)=f(max_location+1); 

   
  %LShoulder features 
  LShoulder_mean_J(window)=  mean(Window_LShoulder_J); 
  LShoulder_std_J(window)=  std(Window_LShoulder_J); 
  LShoulder_max_J(window)=  max(Window_LShoulder_J); 
  LShoulder_min_J(window)=  min(Window_LShoulder_J); 
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  LShoulder_JC(window)= sum(Window_LShoulder_J.^2)*(1/125); 

   

  Y = fft(Window_LShoulder_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  LShoulder_peak_JF(window)=f(max_location+1); 

   
  %REblow features 
  RElbow_mean_J(window)=  mean(Window_RElbow_J); 
  RElbow_std_J(window)=  std(Window_RElbow_J); 
  RElbow_max_J(window)=  max(Window_RElbow_J); 
  RElbow_min_J(window)=  min(Window_RElbow_J); 
  RElbow_JC(window)= sum(Window_RElbow_J.^2)*(1/125); 

   
  Y = fft(Window_RElbow_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  RElbow_peak_JF(window)=f(max_location+1); 

   
  %LElbow features 
  LElbow_mean_J(window)=  mean(Window_LElbow_J); 
  LElbow_std_J(window)=  std(Window_LElbow_J); 
  LElbow_max_J(window)=  max(Window_LElbow_J); 
  LElbow_min_J(window)=  min(Window_LElbow_J); 
  LElbow_JC(window)= sum(Window_LElbow_J.^2)*(1/125); 

   
  Y = fft(Window_LElbow_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  LElbow_peak_JF(window)=f(max_location+1); 

   

   
  %RHip features 
  RHip_mean_J(window)=  mean(Window_RHip_J); 
  RHip_std_J(window)=  std(Window_RHip_J); 
  RHip_max_J(window)=  max(Window_RHip_J); 
  RHip_min_J(window)=  min(Window_RHip_J); 
  RHip_JC(window)= sum(Window_RHip_J.^2)*(1/125); 

   
  Y = fft(Window_RHip_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  RHip_peak_JF(window)=f(max_location+1); 

   
  %LHip features 
  LHip_mean_J(window)=  mean(Window_LHip_J); 
  LHip_std_J(window)=  std(Window_LHip_J); 
  LHip_max_J(window)=  max(Window_LHip_J); 
  LHip_min_J(window)=  min(Window_LHip_J); 
  LHip_JC(window)= sum(Window_LHip_J.^2)*(1/125); 
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  Y = fft(Window_LHip_J);P2 = abs(Y/L); 
  P1 = P2(1:floor(L/2)+1);P1(2:end-1) = 2*P1(2:end-1); 
  f = Fs*(0:(L/2))/L;[~,max_location]=max(P1(2:end)); 
  LHip_peak_JF(window)=f(max_location+1); 
end 

     
%Label (0 non fatigued; 1 fatigued) 
label=zeros(no_of_windows,1); 
label(1:no_of_windows)=fatigued_state; %Non fatigued 

  
if Dominant == 1 
    DShoulder_mean_J=RShoulder_mean_J; 
    DShoulder_std_J=RShoulder_std_J; 
    DShoulder_max_J=RShoulder_max_J; 
    DShoulder_min_J=RShoulder_min_J; 
    DShoulder_JC=RShoulder_JC; 
    DShoulder_peak_JF=RShoulder_peak_JF; 

     
    NShoulder_mean_J=LShoulder_mean_J; 
    NShoulder_std_J=LShoulder_std_J; 
    NShoulder_max_J=LShoulder_max_J; 
    NShoulder_min_J=LShoulder_min_J; 
    NShoulder_JC=LShoulder_JC; 
    NShoulder_peak_JF=LShoulder_peak_JF; 

     
    DHip_mean_J=RHip_mean_J; 
    DHip_std_J=RHip_std_J; 
    DHip_max_J=RHip_max_J; 
    DHip_min_J=RHip_min_J; 
    DHip_JC=RHip_JC; 
    DHip_peak_JF=RHip_peak_JF; 

     
    NHip_mean_J=LHip_mean_J; 
    NHip_std_J=LHip_std_J; 
    NHip_max_J=LHip_max_J; 
    NHip_min_J=LHip_min_J; 
    NHip_JC=LHip_JC; 
    NHip_peak_JF=LHip_peak_JF; 

     
    DElbow_mean_J=RElbow_mean_J; 
    DElbow_std_J=RElbow_std_J; 
    DElbow_max_J=RElbow_max_J; 
    DElbow_min_J=RElbow_min_J; 
    DElbow_JC=RElbow_JC; 
    DElbow_peak_JF=RElbow_peak_JF; 

     
    NElbow_mean_J=LElbow_mean_J; 
    NElbow_std_J=LElbow_std_J; 
    NElbow_max_J=LElbow_max_J; 
    NElbow_min_J=LElbow_min_J; 
    NElbow_JC=LElbow_JC; 
    NElbow_peak_JF=LElbow_peak_JF; 
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else 
    DShoulder_mean_J=LShoulder_mean_J; 
    DShoulder_std_J=LShoulder_std_J; 
    DShoulder_max_J=LShoulder_max_J; 
    DShoulder_min_J=LShoulder_min_J; 
    DShoulder_JC=LShoulder_JC; 
    DShoulder_peak_JF=LShoulder_peak_JF; 

     
    NShoulder_mean_J=RShoulder_mean_J; 
    NShoulder_std_J=RShoulder_std_J; 
    NShoulder_max_J=RShoulder_max_J; 
    NShoulder_min_J=RShoulder_min_J; 
    NShoulder_JC=RShoulder_JC; 
    NShoulder_peak_JF=RShoulder_peak_JF; 

   
    DHip_mean_J=LHip_mean_J; 
    DHip_std_J=LHip_std_J; 
    DHip_max_J=LHip_max_J; 
    DHip_min_J=LHip_min_J; 
    DHip_JC=LHip_JC; 
    DHip_peak_JF=LHip_peak_JF; 

     
    NHip_mean_J=RHip_mean_J; 
    NHip_std_J=RHip_std_J; 
    NHip_max_J=RHip_max_J; 
    NHip_min_J=RHip_min_J; 
    NHip_JC=RHip_JC; 
    NHip_peak_JF=RHip_peak_JF; 

     
    DElbow_mean_J=LElbow_mean_J; 
    DElbow_std_J=LElbow_std_J; 
    DElbow_max_J=LElbow_max_J; 
    DElbow_min_J=LElbow_min_J; 
    DElbow_JC=LElbow_JC; 
    DElbow_peak_JF=LElbow_peak_JF; 

     
    NElbow_mean_J=RElbow_mean_J; 
    NElbow_std_J=RElbow_std_J; 
    NElbow_max_J=RElbow_max_J; 
    NElbow_min_J=RElbow_min_J; 
    NElbow_JC=RElbow_JC; 
    NElbow_peak_JF=RElbow_peak_JF; 
end 

  
%% Final Matrix 
Matrix_pelvis=[Pelvis_mean_J,Pelvis_std_J,Pelvis_max_J,Pelvis_min_J,Pelvis

_JC,Pelvis_peak_JF,label]; 

  
Matrix_DShoulder=[DShoulder_mean_J,DShoulder_std_J,DShoulder_max_J,DShould

er_min_J,DShoulder_JC,DShoulder_peak_JF,label]; 
Matrix_NShoulder=[NShoulder_mean_J,NShoulder_std_J,NShoulder_max_J,NShould

er_min_J,NShoulder_JC,NShoulder_peak_JF,label]; 
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Matrix_DElbow=[DElbow_mean_J,DElbow_std_J,DElbow_max_J,DElbow_min_J,DElbow

_JC,DElbow_peak_JF,label]; 
Matrix_NElbow=[NElbow_mean_J,NElbow_std_J,NElbow_max_J,NElbow_min_J,NElbow

_JC,NElbow_peak_JF,label]; 

  
Matrix_DHip=[DHip_mean_J,DHip_std_J,DHip_max_J,DHip_min_J,DHip_JC,DHip_pea

k_JF,label]; 
Matrix_NHip=[NHip_mean_J,NHip_std_J,NHip_max_J,NHip_min_J,NHip_JC,NHip_pea

k_JF,label]; 

  
Matrix_All=[Matrix_pelvis(:,1:end-1),Matrix_DShoulder(:,1:end-

1),Matrix_NShoulder(:,1:end-1),Matrix_DElbow(:,1:end-

1),Matrix_NElbow(:,1:end-1),Matrix_DHip(:,1:end-1),Matrix_NHip]; 
Matrix_D=[Matrix_pelvis(:,1:end-1),Matrix_DShoulder(:,1:end-

1),Matrix_DElbow(:,1:end-1),Matrix_DHip(:,1:end)]; 
Matrix_N=[Matrix_pelvis(:,1:end-1),Matrix_NShoulder(:,1:end-

1),Matrix_NElbow(:,1:end-1),Matrix_NHip(:,1:end)]; 
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Prepare_all_data.m 

%------------------------------------------------------------------------% 

% Preparing body segment matrices for MATLAB classifiers from all workers 

% Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder',  

% 'Matrix_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip', 

% 'Matrix_NHip','Matrix_D','Matrix_N' 

%------------------------------------------------------------------------% 

 
%% 
Window_size=15; 
Wc=10; 

   
%% worker 3 non fatigued 
File_Name='Worker3_nonfatigued_1.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis1,Matrix_DShoulder1,Matrix_NShoulder1,Matrix_DElbow1,Matrix_

NElbow1,Matrix_DHip1,Matrix_NHip1,Matrix_D1,Matrix_N1,Matrix_All1] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 3 non fatigued 
File_Name='Worker3_nonfatigued_2.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis2,Matrix_DShoulder2,Matrix_NShoulder2,Matrix_DElbow2,Matrix_

NElbow2,Matrix_DHip2,Matrix_NHip2,Matrix_D2,Matrix_N2,Matrix_All2] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 4 fatigued 
File_Name='Worker4_fatigued.calc'; 
fatigued_state=1; 
Dominant=1; 

  

[Matrix_pelvis3,Matrix_DShoulder3,Matrix_NShoulder3,Matrix_DElbow3,Matrix_

NElbow3,Matrix_DHip3,Matrix_NHip3,Matrix_D3,Matrix_N3,Matrix_All3] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 4 non fatigued 
File_Name='Worker4_nonfatigued.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis4,Matrix_DShoulder4,Matrix_NShoulder4,Matrix_DElbow4,Matrix_

NElbow4,Matrix_DHip4,Matrix_NHip4,Matrix_D4,Matrix_N4,Matrix_All4] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 4 fatigued 
File_Name='Worker4_fatigued.calc'; 
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fatigued_state=1; 
Dominant=1; 

  
[Matrix_pelvis5,Matrix_DShoulder5,Matrix_NShoulder5,Matrix_DElbow5,Matrix_

NElbow5,Matrix_DHip5,Matrix_NHip5,Matrix_D5,Matrix_N5,Matrix_All5] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 5 non fatigued 
File_Name='Worker5_nonfatigued.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis6,Matrix_DShoulder6,Matrix_NShoulder6,Matrix_DElbow6,Matrix_

NElbow6,Matrix_DHip6,Matrix_NHip6,Matrix_D6,Matrix_N6,Matrix_All6] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 5 fatigued 
File_Name='Worker5_fatigued.calc'; 
fatigued_state=1; 
Dominant=1; 

  
[Matrix_pelvis7,Matrix_DShoulder7,Matrix_NShoulder7,Matrix_DElbow7,Matrix_

NElbow7,Matrix_DHip7,Matrix_NHip7,Matrix_D7,Matrix_N7,Matrix_All7] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 6 non fatigued 
File_Name='Worker6_nonfatigued.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis8,Matrix_DShoulder8,Matrix_NShoulder8,Matrix_DElbow8,Matrix_

NElbow8,Matrix_DHip8,Matrix_NHip8,Matrix_D8,Matrix_N8,Matrix_All8] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 6 fatigued 
File_Name='Worker6_fatigued.calc'; 
fatigued_state=1; 
Dominant=1; 

  
[Matrix_pelvis9,Matrix_DShoulder9,Matrix_NShoulder9,Matrix_DElbow9,Matrix_

NElbow9,Matrix_DHip9,Matrix_NHip9,Matrix_D9,Matrix_N9,Matrix_All9] = 

matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 7 non fatigued 
File_Name='Worker7_nonfatigued.calc'; 
fatigued_state=0; 
Dominant=2; 

  
[Matrix_pelvis10,Matrix_DShoulder10,Matrix_NShoulder10,Matrix_DElbow10,Mat

rix_NElbow10,Matrix_DHip10,Matrix_NHip10,Matrix_D10,Matrix_N10,Matrix_All1

0] = matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 
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%% worker 7 fatigued 
File_Name='Worker7_fatigued_1.calc'; 
fatigued_state=1; 
Dominant=2; 

  
[Matrix_pelvis11,Matrix_DShoulder11,Matrix_NShoulder11,Matrix_DElbow11,Mat

rix_NElbow11,Matrix_DHip11,Matrix_NHip11,Matrix_D11,Matrix_N11,Matrix_All1

1] = matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 8 fatigued 
File_Name='Worker8_fatigued.calc'; 
fatigued_state=1; 
Dominant=2; 

  
[Matrix_pelvis12,Matrix_DShoulder12,Matrix_NShoulder12,Matrix_DElbow12,Mat

rix_NElbow12,Matrix_DHip12,Matrix_NHip12,Matrix_D12,Matrix_N12,Matrix_All1

2] = matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 8 non fatigued 
File_Name='Worker8_nonfatigued.calc'; 
fatigued_state=0; 
Dominant=1; 

  
[Matrix_pelvis13,Matrix_DShoulder13,Matrix_NShoulder13,Matrix_DElbow13,Mat

rix_NElbow13,Matrix_DHip13,Matrix_NHip13,Matrix_D13,Matrix_N13,Matrix_All1

3] = matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  
%% worker 7 fatigued 
File_Name='Worker7_fatigued_2.calc'; 
fatigued_state=1; 
Dominant=1; 

  
[Matrix_pelvis14,Matrix_DShoulder14,Matrix_NShoulder14,Matrix_DElbow14,Mat

rix_NElbow14,Matrix_DHip14,Matrix_NHip14,Matrix_D14,Matrix_N14,Matrix_All1

4] = matrix_from_file(File_Name,fatigued_state,Dominant,Window_size,Wc); 

  

  
%% All Matrix  
Matrix_pelvis=[Matrix_pelvis1;Matrix_pelvis2;Matrix_pelvis3;Matrix_pelvis4

;Matrix_pelvis5;Matrix_pelvis6;Matrix_pelvis7;Matrix_pelvis8;Matrix_pelvis

9;Matrix_pelvis10;Matrix_pelvis11;Matrix_pelvis12;Matrix_pelvis13;Matrix_p

elvis14]; 

  
Matrix_DShoulder=[Matrix_DShoulder1;Matrix_DShoulder2;Matrix_DShoulder3;Ma

trix_DShoulder4;Matrix_DShoulder5;Matrix_DShoulder6;Matrix_DShoulder7;Matr

ix_DShoulder8;Matrix_DShoulder9;Matrix_DShoulder10;Matrix_DShoulder11;Matr

ix_DShoulder12;Matrix_DShoulder13;Matrix_DShoulder14]; 

  
Matrix_NShoulder=[Matrix_NShoulder1;Matrix_NShoulder2;Matrix_NShoulder3;Ma

trix_NShoulder4;Matrix_NShoulder5;Matrix_NShoulder6;Matrix_NShoulder7;Matr
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ix_NShoulder8;Matrix_NShoulder9;Matrix_NShoulder10;Matrix_NShoulder11;Matr

ix_NShoulder12;Matrix_NShoulder13;Matrix_NShoulder14]; 

  
Matrix_DElbow=[Matrix_DElbow1;Matrix_DElbow2;Matrix_DElbow3;Matrix_DElbow4

;Matrix_DElbow5;Matrix_DElbow6;Matrix_DElbow7;Matrix_DElbow8;Matrix_DElbow

9;Matrix_DElbow10;Matrix_DElbow11;Matrix_DElbow12;Matrix_DElbow13;Matrix_D

Elbow14]; 

  
Matrix_NElbow=[Matrix_NElbow1;Matrix_NElbow2;Matrix_NElbow3;Matrix_NElbow4

;Matrix_NElbow5;Matrix_NElbow6;Matrix_NElbow7;Matrix_NElbow8;Matrix_NElbow

9;Matrix_NElbow10;Matrix_NElbow11;Matrix_NElbow12;Matrix_NElbow13;Matrix_N

Elbow14]; 

  
Matrix_DHip=[Matrix_DHip1;Matrix_DHip2;Matrix_DHip3;Matrix_DHip4;Matrix_DH

ip5;Matrix_DHip6;Matrix_DHip7;Matrix_DHip8;Matrix_DHip9;Matrix_DHip10;Matr

ix_DHip11;Matrix_DHip12;Matrix_DHip13;Matrix_DHip14]; 

  
Matrix_NHip=[Matrix_NHip1;Matrix_NHip2;Matrix_NHip3;Matrix_NHip4;Matrix_NH

ip5;Matrix_NHip6;Matrix_NHip7;Matrix_NHip8;Matrix_NHip9;Matrix_NHip10;Matr

ix_NHip11;Matrix_NHip12;Matrix_NHip13;Matrix_NHip14]; 

  
Matrix_D=[Matrix_D1;Matrix_D2;Matrix_D3;Matrix_D4;Matrix_D5;Matrix_D6;Matr

ix_D7;Matrix_D8;Matrix_D9;Matrix_D10;Matrix_D11;Matrix_D12;Matrix_D13;Matr

ix_D14]; 

  
Matrix_N=[Matrix_N1;Matrix_N2;Matrix_N3;Matrix_N4;Matrix_N5;Matrix_N6;Matr

ix_N7;Matrix_N8;Matrix_N9;Matrix_N10;Matrix_N11;Matrix_N12;Matrix_N13;Matr

ix_N14]; 

  
Matrix_All=[Matrix_All1;Matrix_All2;Matrix_All3;Matrix_All4;Matrix_All5;Ma

trix_All6;Matrix_All7;Matrix_All8;Matrix_All9;Matrix_All10;Matrix_All11;Ma

trix_All12;Matrix_All13;Matrix_All14]; 

  
Data_set_name='Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  

  
%% worker 3 
Matrix_pelvis=[Matrix_pelvis1;Matrix_pelvis2;Matrix_pelvis3]; 
Matrix_DShoulder=[Matrix_DShoulder1;Matrix_DShoulder2;Matrix_DShoulder3]; 
Matrix_NShoulder=[Matrix_NShoulder1;Matrix_NShoulder2;Matrix_NShoulder3]; 
Matrix_DElbow=[Matrix_DElbow1;Matrix_DElbow2;Matrix_DElbow3]; 
Matrix_NElbow=[Matrix_NElbow1;Matrix_NElbow2;Matrix_NElbow3]; 
Matrix_DHip=[Matrix_DHip1;Matrix_DHip2;Matrix_DHip3]; 
Matrix_NHip=[Matrix_NHip1;Matrix_NHip2;Matrix_NHip3]; 
Matrix_D=[Matrix_D1;Matrix_D2;Matrix_D3]; 
Matrix_N=[Matrix_N1;Matrix_N2;Matrix_N3]; 
Matrix_All=[Matrix_All1;Matrix_All2;Matrix_All3]; 
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Data_set_name='Worker3_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  
%% worker 4 
Matrix_pelvis=[Matrix_pelvis4;Matrix_pelvis5]; 
Matrix_DShoulder=[Matrix_DShoulder4;Matrix_DShoulder5]; 
Matrix_NShoulder=[Matrix_NShoulder4;Matrix_NShoulder5]; 
Matrix_DElbow=[Matrix_DElbow4;Matrix_DElbow5]; 
Matrix_NElbow=[Matrix_NElbow4;Matrix_NElbow5]; 
Matrix_DHip=[Matrix_DHip4;Matrix_DHip5]; 
Matrix_NHip=[Matrix_NHip4;Matrix_NHip5]; 
Matrix_D=[Matrix_D4;Matrix_D5]; 
Matrix_N=[Matrix_N4;Matrix_N5]; 
Matrix_All=[Matrix_All4;Matrix_All5]; 

  
Data_set_name='Worker4_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  
%% worker 5 
Matrix_pelvis=[Matrix_pelvis6;Matrix_pelvis7]; 
Matrix_DShoulder=[Matrix_DShoulder6;Matrix_DShoulder7]; 
Matrix_NShoulder=[Matrix_NShoulder6;Matrix_NShoulder7]; 
Matrix_DElbow=[Matrix_DElbow6;Matrix_DElbow7]; 
Matrix_NElbow=[Matrix_NElbow6;Matrix_NElbow7]; 
Matrix_DHip=[Matrix_DHip6;Matrix_DHip7]; 
Matrix_NHip=[Matrix_NHip6;Matrix_NHip7]; 
Matrix_D=[Matrix_D6;Matrix_D7]; 
Matrix_N=[Matrix_N6;Matrix_N7]; 
Matrix_All=[Matrix_All6;Matrix_All7]; 

  
Data_set_name='Worker5_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  
%% worker 6 
Matrix_pelvis=[Matrix_pelvis8;Matrix_pelvis9]; 
Matrix_DShoulder=[Matrix_DShoulder8;Matrix_DShoulder9]; 
Matrix_NShoulder=[Matrix_NShoulder8;Matrix_NShoulder9]; 
Matrix_DElbow=[Matrix_DElbow8;Matrix_DElbow9];  
Matrix_NElbow=[Matrix_NElbow8;Matrix_NElbow9]; 
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Matrix_DHip=[Matrix_DHip8;Matrix_DHip9]; 
Matrix_NHip=[Matrix_NHip8;Matrix_NHip9]; 
Matrix_D=[Matrix_D8;Matrix_D9]; 
Matrix_N=[Matrix_N8;Matrix_N9]; 
Matrix_All=[Matrix_All8;Matrix_All9]; 

  
Data_set_name='Worker6_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  
%% worker 7 
Matrix_pelvis=[Matrix_pelvis10;Matrix_pelvis11;Matrix_pelvis12]; 
Matrix_DShoulder=[Matrix_DShoulder10;Matrix_DShoulder11;Matrix_DShoulder12

]; 
Matrix_NShoulder=[Matrix_NShoulder10;Matrix_NShoulder11;Matrix_NShoulder12

]; 
Matrix_DElbow=[Matrix_DElbow10;Matrix_DElbow11;Matrix_DElbow12]; 
Matrix_NElbow=[Matrix_NElbow10;Matrix_NElbow11;Matrix_NElbow12]; 
Matrix_DHip=[Matrix_DHip10;Matrix_DHip11;Matrix_DHip12]; 
Matrix_NHip=[Matrix_NHip10;Matrix_NHip11;Matrix_NHip12]; 
Matrix_D=[Matrix_D10;Matrix_D11;Matrix_D12]; 
Matrix_N=[Matrix_N10;Matrix_N11;Matrix_N12]; 
Matrix_All=[Matrix_All10;Matrix_All11;Matrix_All12]; 

  
Data_set_name='Worker7_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N') 

  
%% worker 8 
Matrix_pelvis=[Matrix_pelvis13;Matrix_pelvis14];Matrix_DShoulder=[Matrix_D

Shoulder13;Matrix_DShoulder14]; 
Matrix_NShoulder=[Matrix_NShoulder13;Matrix_NShoulder14]; 
Matrix_DElbow=[Matrix_DElbow13;Matrix_DElbow14]; 
Matrix_NElbow=[Matrix_NElbow13;Matrix_NElbow14]; 
Matrix_DHip=[Matrix_DHip13;Matrix_DHip14]; 
Matrix_NHip=[Matrix_NHip13;Matrix_NHip14]; 
Matrix_D=[Matrix_D13;Matrix_D14]; 
Matrix_N=[Matrix_N13;Matrix_N14]; 
Matrix_All=[Matrix_All13;Matrix_All14]; 

  
Data_set_name='Worker8_Window15_Wc10'; 

  
save(Data_set_name,'Matrix_All','Matrix_pelvis','Matrix_DShoulder','Matrix

_NShoulder','Matrix_DElbow','Matrix_NElbow','Matrix_DHip','Matrix_NHip','M

atrix_D','Matrix_N' 
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