
 

 

 

ABSTRACT 

WANG, HANWEN. Computer-vision-based Observational Assessments in Biomechanics Study. 

(Under the direction of Dr. Xu Xu.) 

 

Biomechanics is an interdisciplinary field that utilizes principles from physics and 

engineering to explain the motion of body segments and the forces acting upon them during daily 

activities. By enhancing our understanding of the mechanical properties and functions of the 

musculoskeletal system, biomechanics has the potential to inform the development of new 

strategies for preventing injuries, optimizing athletic performance, and improving overall health 

and well-being. 

With the technological development in computer hardware and software, ergonomics 

researchers and practitioners have been exploring the potential of computer vision as an alternative 

to human resources in ergonomic assessment tasks. In this dissertation, we aim to develop a 

comprehensive, practical, accurate, and efficient postural risk assessment tool based on computer 

vision. 

In particular, we have developed a computer-vision-based method for estimating joint 

kinematics and analyzing low-back joint moments during lifting tasks. This method was validated 

against the references derived from a laboratory-based motion tracking system. The results showed 

that our method had comparable efficiency and accuracy in predicting the joint kinetics and the 

moment at L5/S1 joint. We have also developed a mobile platform app embedded with a computer 

vision algorithm for undergraduate biomechanics curricula. It can perform real-time pose 

reconstruction and facilitate human kinematics data calculation and visualization. As this app 

provides an easy outlet for undergraduates to perform human motion experiments, it could serve 

as an efficient instructional tool that facilitates learning of a number of biomechanics concepts, 

such as range of joint motion and instantaneous angular velocity. 



 

 

 

In this dissertation, we also presented a single-camera-based markerless method for gait 

analysis. The method was assessed against a marker-based system in terms of measuring various 

spatiotemporal parameters and joint angle trajectories during gait analysis. The results found a 

robust correlation and agreement between the two methods for spatiotemporal gait parameters, 

such as stride time, stance time, step time, stride length, step length, and gait speed, and the lower 

limb joint angles, such as hip flexion/extension, knee flexion/extension, pelvis tilt, and hip 

internal/external rotation. Additionally, the study investigated the effects of camera viewing angles 

and distances on kinematic accuracy, where significant effects of both viewing angles and 

distances on the kinematic variables were found. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

© Copyright 2023 by Hanwen Wang 

All Rights Reserved 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Computer-vision-based Observational Assessments in Biomechanics Study. 

 

 

 

 

by 

Hanwen Wang 

 

 

 

 

A dissertation submitted to the Graduate Faculty of 

North Carolina State University 

in partial fulfillment of the  

requirements for the degree of 

Doctor of Philosophy 

 

 

 

Industrial Engineering 

 

 

Raleigh, North Carolina 

2023 

 

 

 

APPROVED BY: 

 

 

 

 

 

_______________________________                       _______________________________ 

Dr. Xu Xu                                                                             Dr. Karen Chen 

Committee Chair 

 

 

_______________________________                       _______________________________ 

Dr. Xiaolei Fang                                                           Dr. Shiyan Jiang 

 



 

ii 

 

 

DEDICATION  

To my parents, advisor, and friends for their unwavering support 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

iii 

 

 

BIOGRAPHY 

Hanwen Wang was born in June 1996 and grew up in Urumqi, Xinjiang, China. He 

received the B.S. degree in Energy Science and Engineering from Harbin Institute of Technology, 

Harbin, China, in 2018, and the M.S. degree in Mechanical and Aerospace Engineering from North 

Carolina State University, Raleigh, NC, USA, in 2020. He started to work towards the Ph.D. degree 

in the Edward P. Fitts Department of Industrial and Systems Engineering, North Carolina State 

University, under Dr. Xu Xu’s supervision. His research interests include musculoskeletal injury 

prevention, biomechanical modeling and analysis, and computer vision. Upon completion of his 

degree, he plans to continue his career in industry. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

iv 

 

 

ACKNOWLEDGMENTS 

I want to start by conveying my heartfelt appreciation to my advisor, Dr. Xu Xu, for his 

unwavering support, kind motivation, and valuable guidance throughout my doctoral studies in the 

past three years. Not only has he helped me to develop my research skills, but he has also taught 

me how to think critically, communicate effectively, and lead with purpose. I am grateful to have 

had the opportunity to learn from him, not just about academia but also about personal and 

professional growth. 

I would like to express a great appreciation to my committee members Dr. Karen Chen, 

Dr. Xiaolei Fang, Dr. Shiyan Jiang, and Dr. Jing Feng for their valuable time, and concrete 

suggestions on my research. Especially I want to thank Dr. Karen Chen and Dr. Shiyan Jiang for 

their support and advice in my research.  

Next, I would thank all my family members, my colleagues and friends for their 

unconditional support and warm accompaniment. Their assistance, cooperation, support, and 

experience were essential for the completion of my PhD study. They have been my rock in every 

other aspect of my life. 

Especially, to my girlfriend, I want to take this opportunity to thank her from the bottom 

of my heart for being my partner in this journey. I could not have done this without her. Her love, 

support, and encouragement have meant everything to me, and I am forever grateful for her 

presence in my life. As I complete this chapter of my life, I look forward to embarking on new 

adventures with her by my side. I love her more than words can express, and I cannot wait to see 

what the future holds for us.



 

v 

 

TABLE OF CONTENTS 

LIST OF TABLES ........................................................................................................................ vii 
LIST OF FIGURES ..................................................................................................................... viii 
CHAPTER 1 INTRODUCTION .................................................................................................... 1 

1.1 Biomechanics in Human Life ....................................................................................... 1 
1.2 Work-related Musculoskeletal Injuries/Disorders (MSDs) .......................................... 2 

1.2.1 Prevalence of MSDs ........................................................................................ 3 
1.2.2 Risk Factors of MSDs ...................................................................................... 3 

1.3 Assessment Techniques for exposure to risk factors of MSDs..................................... 4 

1.3.1 Self-reports ....................................................................................................... 5 
1.3.2 Direct Measurements ....................................................................................... 6 
1.3.3 Observational Methods .................................................................................... 8 

1.4 The Adoption of Computer Vision in Observational Assessment .............................. 11 
1.4.1 Pose Estimation .............................................................................................. 12 
1.4.2 Kinematics and Kinetics Analysis ................................................................. 14 

1.5 Problem Statement ...................................................................................................... 14 
1.6 Outline......................................................................................................................... 15 

CHAPTER 2 OCCUPATIONAL BIOMECHANICS ANALYSIS USING VIDEOPOSE3D .... 17 
2.1 Introduction ................................................................................................................. 17 
2.2 Methods....................................................................................................................... 19 

2.2.1 Experiment design ......................................................................................... 19 
2.2.2 Computer vision method ................................................................................ 20 
2.2.3 Joint angle and L5/S1 moment validation ..................................................... 24 

2.3 Results ......................................................................................................................... 25 

2.4 Discussion ................................................................................................................... 31 
CHAPTER 3 A CV-BASED MOBILE APP FOR UNDERGRADUATE BIOMECHANICS 

EDUCATION ........................................................................................................ 36 
3.1 Introduction ................................................................................................................. 36 
3.2 Methods....................................................................................................................... 38 

3.2.1 System Overview ........................................................................................... 38 
3.2.2 Computer-vision Algorithm ........................................................................... 39 
3.2.3 Biomechanics Analysis .................................................................................. 41 

3.3 User interface description ........................................................................................... 42 
3.4 Discussion ................................................................................................................... 44 

CHAPTER 4 MARKERLESS KINEMATIC GAIT ANALYSIS THROUGH A SINGLE-

CAMERA-BASED COMPUTER-VISION ALGORITHM.................................. 46 
4.1 introduction ................................................................................................................. 46 
4.2 Methods....................................................................................................................... 49 

4.2.1 Participants and Experimental Design ........................................................... 49 
4.2.2 Markerless Method ........................................................................................ 51 
4.2.3 Gait Cycle Detection and Data Synchronization ........................................... 53 
4.2.4 Data processing .............................................................................................. 53 
4.2.5 Data analysis .................................................................................................. 54 

4.3 Results ......................................................................................................................... 56 
4.3.1 Spatiotemporal parameters............................................................................. 56 



 

vi 

 

4.3.2 Lower Limb Joint Angles .............................................................................. 57 
4.3.3 Viewing Angle and Distance Effects ............................................................. 58 

4.4 Discussions ................................................................................................................. 63 
CHAPTER 5 CONCLUSIONS AND FUTURE WORK ............................................................. 67 
REFERENCES ............................................................................................................................. 70 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

vii 

 

LIST OF TABLES 

Table 2.1 The joint centers and bony landmarks derived by VideoPose3D and a motion tracking 

system. .......................................................................................................................... 23 
 

Table 2.2 List of the angles to be estimated by VideoPose3D and motion tracking system. ....... 25 
 

Table 3.1 The mathematical definition for each module measurement in MOBL. ...................... 42 
 

Table 4.1 Estimation error between the spatiotemporal parameters measured by the markerless   

and marker-based systems............................................................................................ 57 
 

Table 4.2 ANOVA results for viewing distance effect on kinematic variables. ........................... 62 
 

Table 4.3(a) ANOVA results for viewing angle effect on kinematic variables. ........................... 63 
 

Table 4.3(b) ANOVA results for viewing angle effect on kinematic variables. .......................... 64 

 

 

 

 

 

 

 

 

 

 



 

viii 

 

LIST OF FIGURES 

Figure 1.1 Musculoskeletal system of humans from the front, back, and side view. ..................... 1 
 

Figure 2.1 Workflow of the single camera-based computer vision method. ................................ 21 
 

Figure 2.2 The angles to be estimated. ......................................................................................... 22 
 

Figure 2.3 The angle of major joints above the L5/S1 for a representative lifting trial (a 60° 

asymmetric lift with floor-to-shoulder height). The dash lines represent the computer-

vision-based method and the solid lines represents the motion tracking system-based 

method. ........................................................................................................................ 26 
 

Figure 2.4 (a) The estimated L5/S1 moment vs. reference L5/S1 moment in the coronal plane.  

(b) The estimated L5/S1 moment vs. reference L5/S1 moment in the sagittal plane.  

(c) The estimated L5/S1 moment vs. reference L5/S1 moment in the transverse plane 

(d) Total estimated L5/S1 moment (vector summation of 3D moments) vs. total 

reference moment.  All figures are from the same representative lifting trial (a 60° 

asymmetric lift with floor-to-shoulder height). ........................................................... 27 
 

Figure 2.5 The comparison between the estimated joint angles and the reference joint angles. r is 

the correlation coefficient. RMSE is the root-mean-square error. E indicates the 

average absolute error (AAE).  Reg refers to the linear regression between the 

estimated and reference joint angles. The solid line is the linear regression line that 

generated from the data points and the dashed diagonal line is the identity line. ....... 28 

 

Figure 2.6 Histograms of the estimation error of the joint angles. ............................................... 29 

 

Figure 2.7 (a) The comparison between the estimated peak 3D L5/S1 moment and the reference 

peak 3D L5/S1 moment for all lifting trials. r is the correlation coefficient. RMSE is 

the root-mean-square error. E indicates the average absolute error (AAE). Reg refers to 

the linear regression between the estimated and reference moments. The solid line is 

the linear regression line that generated from the data points and the dashed diagonal 

line is the identity line. (b) Histograms of the estimation error of the peak 3D L5/S1 

moment. ....................................................................................................................... 30 

 

Figure 2.8 Post-hoc comparison of the estimation errors of peak L5/S1 joint moment over 

different asymmetric lifting angles. ............................................................................. 33 

 

Figure 3.1 System overview. The input is the images captured by the app; the outputs are the 

selected joint angle and angular velocity (the elbow joint angle and angular velocity 

shown in this figure). ................................................................................................... 38 

 

Figure 3.2 Indexing for the 14 key points. 1-head; 2-neck; 3-left shoulder; 4-left elbow; 5-left 

wrist; 6-leftt hip; 7- left knee; 8-left ankle; 9- right shoulder; 10- right elbow; 11- right 

wrist; 12- right hip; 13- right knee; 14- right ankle. .................................................... 40 

 



 

ix 

 

Figure 3.3 Screenshots of kinematics analysis for each module in MOBL. Module 1- original 2D 

pose reconstruction; Module 2- left elbow flexion/extension in the coronal plane; 

Module 3- right elbow flexion/extension in the coronal plane; Module 4- trunk lateral 

bending in the coronal plane; Module 5- left shoulder adduction/abduction in the 

coronal plane; Module 6- right shoulder adduction/abduction in the coronal plane; 

Module 7- center of mass for male; Module 8- center of mass for female; Module 9- 

knee bending in the sagittal plane; Module 10- jumping height. ................................ 43 

  

 Figure 4.1(a) The layout of experiment.. ..................................................................................... 58 

 

 Figure 4.1 (b) Camera setup......................................................................................................... 58 
 

 Figure 4.2 Pose reconstruction details. Left: original capture in a 2D image. Mid: marker 

attachment in marker-based method, 01-Forehead, 02/03-Right/Left Temple, 04/05-

Right/Left Acromion, 06-Processus Spinosus of the 7th Cervical Vertebra (C7), 07-

Deepest point of Incisura Jugularis, 08-Processus Spinosus of the 8th Thoracic 

vertebra (T8), 09-Processus Xiphoideus, 10/11-Right/Left Most Caudal Point on 

Lateral Epicondyle, 12/ 13-Right/Left Most Caudal Point on Medial Epicondyle, 

14/15-Right/Left Most Caudal Lateral Point on the Radial Styloid, 16/17-Right/Left 

Most Caudal Medial Point on the Ulnar Styloid, 18/19-Right/Left Anterior Superior 

Iliac Spine, 20/21-Right/Left Posterior Superior Iliac Spine, 22/23-Right/Left Femoral 

Epicondyle, 24/25-Right/Left the Most Lateral Point on the Border of the Lateral 

Tibial Condyle, 26/27-Right/Left the Most Medial Point on the Border of the Medial 

Tibial Condyle, 28/29-Right/Left Tip of Medial Malleolus (on the shoes), 30/31-

Right/Left Tip of Lateral Malleolus, 32/33-Right/Left Big Toe (on the shoes), 34/35-

Right/Left Caudal Calcaneus (on the shoes), 36-Offset on right shoulder, 37-Offset on 

the right side of pelvis. Right: keypoint estimation in markerless method, 0- Pelvis, 

1/2-Left/Right Hip, 3-Spine#1, 4/5-Left/Right Knee, 6-Spine#2, 7/8-Left/Right Ankle, 

9-Spine#3, 10/11-Left/Right Big Toe, 12-Neck, 13/14-Left/Right Collar, 15-Head, 

16/17-Left/Right Shoulder, 18/19-Left/Right Elbow, 20/21-Left/Right Wrist... ........ 59 
 

 Figure 4.3 Workflow of the markerless method... ....................................................................... 61 
 

 Figure 4.4 Estimation error between the lower limb joint angles measured by the markerless 

(red) and marker-based methods (blue). Yellow dash lines represent the average 

estimation error (markless − marker-based) between the two methods during a gait 

cycle. Pearson’s correlation coefficient (Rxy) and average root-mean-square errors 

(RMSE) were shown in plots.. ..................................................................................... 68 

 
 

 



 

1 

 

CHAPTER 1 INTRODUCTION 

1.1 Biomechanics in Human Life 

Biomechanics is an interdisciplinary field that utilizes principles from physics and 

engineering to explain the motion of body segments and the forces acting upon them during daily 

activities. By integrating knowledge from physical, engineering, biological, and behavioral 

sciences, biomechanics offers a comprehensive framework for understanding the mechanical 

interactions between bones, muscles, ligaments, and joints within the musculoskeletal system. 

(Chaffin & Anderson, 1991). From the biomechanics perspective, human movement, which 

encompasses the generation of motion, the provision of static and dynamic stability, and the 

adaptation to different types of loads and stresses, arises from complex and highly coordinated 

mechanical interactions between bones, muscles, ligaments, and joints within the musculoskeletal 

system (Figure 1.1).  

 

Figure 0.1 Musculoskeletal system of humans from the front, back, and side view. 
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The multidisciplinary nature of biomechanics necessitates a deep understanding of the 

physical and mechanical properties of biological tissues, as well as the neural and physiological 

mechanisms that govern their behavior. By leveraging this knowledge, biomechanics researchers 

are able to develop sophisticated models and tools for analyzing and predicting the behavior of 

complex biological systems (Watkins, 1999). Overall, by enhancing our understanding of the 

mechanical properties and functions of the musculoskeletal system, biomechanics has the potential 

to inform the development of new strategies for preventing injuries, optimizing athletic 

performance, and improving overall health and well-being. 

1.2 Work-related Musculoskeletal Injuries/Disorders (MSDs) 

Any injury or lesion of any of the individual elements of the musculoskeletal system 

(muscles, tendons, cartilages, ligaments skeletons, vascular and nervous systems, etc.) will change 

the mechanical interaction and cause degradation, instability or disability of movement. This 

highlights the critical role played by the musculoskeletal system in enabling efficient movement 

and maintaining the overall health and well-being of an individual. Musculoskeletal Disorders 

(MSDs) are a group of medical conditions that arise due to the injury or dysfunction of any of the 

components of the musculoskeletal system. These disorders can range from those that appear 

suddenly and are of short duration such as fractures, sprains and strains, to more chronic conditions 

that are associated with long-term pain and disability (World Health Organization, 2020). As 

defined by the National Institute for Occupational Safety and Health (NIOSH), MSDs are 

characterized by a set of injuries and symptoms that affect the musculoskeletal system and its 

associated structures including the bones, muscles, joints, tendons, ligaments, nerves and the 

circulatory system (National Institute for Occupational Safety and Health, 1981). 
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1.2.1 Prevalence of MSDs 

MSDs represent the most prevalent cause of disability involving days away from work 

(DAFW), and have been linked to significant declines in job performance and economic output 

(Krishnan et al., 2021; Hita-Gutiérrez, 2020). These disorders affect individuals of all ages and 

geographic locations, with workers in manufacturing, construction, warehousing, transportation, 

logistics, and other service industries, who regularly use their hands to manipulate tools and 

machinery, being at particularly high risk due to the adoption of uncomfortable postures, 

overextensions, forceful exertions, and repetitive movements for prolonged periods (Council, 

2001). These disorders subsequently lead to significant costs across industries and businesses and 

have detrimental effects on workers’ health, quality of life, job satisfaction, and loss of working 

days (Richardson et al., 2018). Despite this, not all work-related MSDs are compensated or 

recorded by the Occupational Safety and Health Administration (OSHA) (Armstrong et al., 1993). 

In developing countries, underreporting is more severe due to the labor-intensive nature of 

industries and lack of experience in recording cases (Smith et al., 2004). In addition, healthcare 

systems may underestimate the negative impact of MSDs on the growing global population as a 

whole, owing to their low mortality rates (Hoy et al., 2015). Therefore, the prevalence of MSDs 

worldwide could be significantly higher than the statistics from the administration.  

1.2.2 Risk Factors of MSDs 

Identifying the risk factors associated with the development of MSDs is essential for 

developing effective preventive measures and reducing the burden of this condition on individuals 

and society. Risk factors for developing MSDs can be classified into three categories: physical, 

psychosocial, and individual risk factors (Yamalik, 2006; Battini et al., 2014; Vignais et al., 2017).  
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Physical risk factors for MSDs include exertion of forces that exceeds the worker's capacity 

or performing repetitive motions using the same set of muscles. Workers who work for extended 

periods in positions that do not conform to the body's natural posture or are exposed to segmental 

or whole-body vibration are also at greater risk of developing MSDs (Punnett & Wegman, 2004). 

Psychosocial risk factors, such as poor job design, high work demands, lack of support from 

colleagues and supervisors, job insecurity, and working under pressure or tight deadlines, can 

cause workers to pay less attention to their bodies while they work. This can lead to tensing of the 

muscles and decreased physical activity overall, placing them at greater risk of developing MSDs 

(Deeney & O’Sullivan, 2009). Individual risk factors include age, personality, ambition, and 

lifestyle, which have also been linked with MSDs in workers (Armstrong et al., 1993). Therefore, 

effective prevention strategies should involve modifying, manipulating, and controlling the 

occupational environment with biomechanics knowledge, job design that fully considers human 

factors, and providing effective biomechanics education and training for students and workers.  

These preventive measures can help correct abnormalities, improve individual performance and 

job satisfaction, and reduce the direct and indirect costs associated with MSDs in industries and 

businesses.  

1.3 Assessment Techniques for Exposure to Risk Factors of MSDs 

In the field of ergonomics, the evaluation of musculoskeletal injury risk in the workplace 

relies heavily on the posture and movement of workers (Vieira and Kumar, 2004). To assess 

exposure to risk factors for work-related MSDs, a wide range of methods and tools have been 

proposed. These methods can be broadly categorized as self-reports, direct measurements and 

observational methods, based on the measurement technique used (David, 2005; Plantard et al., 

2017). When selecting an appropriate method for a given study, it is important to consider several 
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criteria, including cost, accuracy, complexity, and application time. A thorough analysis of the 

advantages and disadvantages of each method should be conducted prior to selection to ensure that 

the chosen method is appropriate for the study at hand. By carefully considering the selection of 

assessment methods, researchers can obtain more accurate and reliable results, ultimately 

contributing to the development of more effective interventions to prevent work-related MSDs.  

1.3.1 Self-reports 

Self-reports, such as rating scales, worker diaries, interviews, self-evaluation of video films 

of work tasks, and questionnaires (Kadefors & Forsman, 2000; Dane et al., 2002; Anderson et al., 

2016; van der Molen et al., 2018; Lu et al., 2022), are commonly used by safety practitioners to 

evaluate the exposure to physical and psychosocial factors in the workplace. These methods allow 

for the recording of demographic variables, self-reported symptoms (such as pain and postural 

discomfort), and levels of subjective exertion. Self-reports have the advantages of being easy to 

use, appropriate for a variety of workplace situations, and cost-effective for surveying large 

numbers of subjects. Estimates of prolonged exposure can be determined from realistic 

observations in the workplace.  

However, self-report methods are subject to worker subjectivity, where a worker's 

perceptions of exposure can be imprecise and unreliable. For instance, workers with severe painful 

symptoms are more likely to report longer durations or higher frequencies of physical loads 

compared to pain-free workers in the same occupational group (Hildebrandt, 1996; Balogh et al., 

2004). In addition, difficulties with self-reports may arise from varying levels of worker literacy, 

comprehension, or question demonstration, leading to biased interpretation (Wiktorin et al., 1993). 

Moreover, large sample sizes are typically required to ensure that the collected data is 
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representative of the investigated groups, which increases the need for expertise in statistical 

processing and the costs for subsequent analysis. 

1.3.2 Direct Measurements 

A wide range of direct measurement methods (Lowe et al., 2019) have been developed 

where sensors are attached directly to human subjects’ body to measure exposure variables in 

occupational settings. These methods include lumbar motion monitor (LMM), marker-based 

motion tracking (MMT) systems, inertial measurement units (IMUs), electromyography (EMG), 

etc. These sensors can accurately assess workers’ exposure to physical risk factors during an 

occupational task, ranging from simple, handheld devices that measure body joint range of motion 

to electronic goniometers that record continuous measurements of multiple joint movements.  

The lumbar motion monitor (LMM) is a sophisticated electronic exoskeleton that mimics 

the movement of the lumbar spine while continuously capturing trunk position, velocity, and 

acceleration (Marras et al., 1992; Marras et al., 2000). The three-dimensional data is later used for 

subsequent analysis by computer. In addition to this, tri-axial accelerometers can be used in 

conjunction with suitable software to track and evaluate body postures and movements throughout 

the day during occupational work. These devices can accurately determine the duration of different 

postures assumed by workers during their daily tasks (Hansson et al., 2001; Bernmark & Wiktorin, 

2002).  

Various marker-based motion tracking (MMT) techniques have been developed for 

collecting posture data by affixing optical, sonic or electromagnetic markers to specific anatomical 

bony landmarks and utilizing cooperating scanning units (such as several calibrated optical 

cameras) to track the position and angular movement of these markers (Canton-Ferrer et al., 2010; 

Li & Buckle, 1999). The three-dimensional coordinates of all attached markers are computed and 
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recorded in real-time using dedicated software (Shi et al., 2020). However, implementing these 

systems in real work situations is less practical due to their bulky size and high cost when compared 

to laboratory investigations (Mylonas et al., 2021). 

Inertial measurement units (IMUs) are composed of uniaxial or tri-axial accelerometers, 

gyroscopes and magnetometer, which enable the measurement of orientation, position, velocity 

and acceleration of the investigated body segment, as well as body posture (Rodríguez-Martín et 

al., 2013; Vignais et al., 2013). Three orthogonal accelerometers and three orthogonal gyroscopes 

are usually embedded within a unit to obtain linear acceleration and angular velocity along three 

orthogonal axes, respectively (Routhier et al., 2020). By numerically integrating the angular 

velocity and linear accelerations, angular and linear displacements can be measured.  Nonetheless, 

integration leads to drift errors, and these errors tend to accumulate with time (Fan et al., 2017). 

Electromyography (EMG) is a widely used diagnostic procedure for assessing the activities 

of muscles and the motor neurons that control them. Analysis of EMG results, such as changes in 

the spectral characteristics of the myoelectric signal, can indicate nerve dysfunction, muscle 

fatigue or issues with nerve-to-muscle signal transmission (Merletti & Parker, 1999; Mathiassen 

et al., 2002). By measuring the electrical signals that are generated when muscles contract, EMGs 

use tiny electrodes to translate these signals into graphs, sounds or numerical values that can be 

interpreted by ergonomic practitioners (Beneck et al., 2013). However, raw EMG signals are prone 

to various influencing factors (Halaki & Gi, 2012), including electrode configuration and 

placement, skin preparation, and perspiration and temperature, which may cause variations among 

individuals, time, and laboratories, making EMG signals incomparable across different 

experiments. To address this, raw EMG signals are generally normalized during data post-

processing to eliminate these confounding factors.  
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Although direct measurement systems are capable of collecting large amounts of high-

precision data on various exposure variables for physical risk factors, the intrusiveness of these 

sensors on human subjects may cause discomfort and influence their postural behaviors (Bertuletti 

et al., 2019; Li et al., 2021). Furthermore, a direct measurement system requires a considerable 

initial investment to purchase the equipment, as well as the resources required to cover the 

maintenance costs and employ well-trained and skilled technicians to ensure effective operation 

(Li & Buckle, 1999). As a result, the enhanced data collection capabilities of direct measurement 

systems may be considered impractical by many ergonomists due to the time required for 

subsequent data analysis and interpretation. Therefore, direct measurement methods are more 

commonly used in research situations with relatively small sample sizes.  

1.3.3 Observational Methods 

Several observational methods have been proposed for assessing MSD risks in workers. 

These methods involve skilled safety practitioners systematically observing the workers' dynamic 

postures during ongoing tasks or tasks recorded in video. The observed pose information are then 

mapped to the corresponding MSD risk level through predefined tables. Common scoring-based 

criteria, such as rapid upper limb assessment (RULA), rapid entire body assessment (REBA), the 

revised NIOSH lifting equation (RNLE), postural loading on the upper body assessment (LUBA), 

occupational repetitive actions (OCRA),  are used to evaluate the MSD risk level. 

The rapid upper limb assessment (RULA) has gained widespread adoption among safety 

practitioners in industrial fields due to the high prevalence of upper body musculoskeletal disorders 

(MSDs) as a cause of nonfatal occupational injuries and illnesses in daily life (Lynn & Corlett, 

1993). It is a relatively straightforward technique to learn and requires minimal prior observation 

skills (Manghisi et al., 2017). The primary objective of the RULA scoring method is to evaluate if 
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a worker is exposed to MSD risk factors in the upper extremities by analyzing their posture, the 

load or force exerted, and the muscle activity, including both static posture and repetitive 

movements, during work activities (Namwongsa et al., 2018). In the RULA scoring method, a 

safety practitioner first observes various parameters such as joint angles, movement frequency, 

muscle exertion levels, and carrying load.  These parameters are then individually assigned a score 

associated with each risk factor through the RULA table (Li & Xu, 2019). Generally, excessive 

joint angle variations, highly repetitive motions, and extreme muscle use are indicative of higher 

RULA scores (Meksawi, 2018). By integrating the scores for all risk factors, an overall score can 

be calculated to indicate the worker's overall risk of developing MSDs. 

The rapid entire body assessment (REBA) method was developed and published by groups 

of ergonomists, physiotherapists and nurses who identified and analyzed approximately 600 

postures in workplaces (McAtamney & Hignett, 2004). This method enables safety practitioners 

to jointly analyze the postures of the upper extremities (upper arm, forearm, wrist), trunk, neck 

and lower extremities (hip, thigh, knee, lower leg, foot, ankle) as well as different types of grip 

and muscle activities. This method differs from other observational methods, such as RULA (Lynn 

& Corlett, 1993), in that it considers the lower extremities of the worker (McAtamney & Hignett, 

2004). In addition, the REBA method categorizes risk factors into five levels, ranging from 

negligible to very high. It offers several advantages, such as a good cost-effectiveness ratio, ease 

of application, and identification of the most concerning ergonomic aspects from the score of each 

individual body segment (Joshi & Deshpande, 2020). However, it also has some limitations, 

including the fact that it only allows the analysis of individual postures, the evaluation of tasks is 

subject to the evaluator's interpretation, and it estimates effort intensity without considering 

exposure duration and movement frequency (Löfqvist et al., 2015; Mork et al., 2015).  
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The Revised NIOSH Lifting Equation (RNLE) was developed and published by the 

National Institute for Occupational Safety and Health (NIOSH) in 1993 as a valuable method for 

evaluating physical risk factors associated with low-back pain (LBP) during double-handed 

manual lifting tasks (Waters et al., 1993). The RNLE utilizes two analytical procedures, the 

Recommended Weight Limit (RWL) and the Lifting Index (LI), based on biomechanical, 

psychophysical, and physiological findings. The RWL is estimated by integrating measurements 

of task-related variables, such as hand location with respect to the trunk, frequency of lifting, work-

rest duration pattern, and task condition, following a mathematical equation (Arjmand et al., 1993; 

Lu et al., 2011). The LI is computed as the ratio of the weight of the lifting load to the RWL for 

the task, indicating the relative physical demand for the lifting task. When the LI is less than 1, the 

lifting task is considered a safe occupational behavior and does not increase the risk of LBP 

(Lavender et al., 1999; Wang et al., 1998; Waters et al., 2011; Potvin, 2014). Notably, the RNLE 

provides a comprehensive and reliable approach for assessing the risk of LBP during manual lifting 

tasks, enabling practitioners to implement effective preventive measures in the workplace. 

The postural loading on the upper body assessment (LUBA) technique is a scoring method 

to assess the static postural loadings on the upper extremities by assigning perceived joint 

discomfort values and maximum holding times (Kee & Karwowski, 2001). The LUBA method 

utilizes a relative discomfort score, which is proportional to the extent of perceived discomfort, to 

quantitatively evaluate postural stresses across different postures and enable comparisons among 

them. A criterion for different postural classes is incorporated into the assessment process, 

allowing safety and health practitioners to make informed decisions regarding the need for 

corrective actions. From the ergonomics perspective, the scale of discomfort is relevant to the 

torque and moment generated at the body joint. Thus, by minimizing discomfort scores through 
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the LUBA method, posture-related MSDs can be reduced. (Dul et al., 1994; Putz-Anderson & 

Galinsky, 1993; Zare, 2018).  

The occupational repetitive action (OCRA) methods have been developed to assess the risk 

of upper extremity work-related MSDs resulting from various risk factors, such as repetitiveness, 

force, awkward postures and movements, lack of recovery periods.  These methods have been 

applied in a wide range of industries and workplaces and utilized by occupational safety and health 

(OSH) operators, ergonomists, time and methods analysts, and production engineers. Although the 

OCRA index are not suitable for assessing computer-based data-entry tasks, they can be adopted 

for the (re)design or in-depth analysis of workstations and tasks (Restuputri et al., 2020). By 

integrating the estimated OCRA index, an OCRA checklist can be generated for the preliminary 

screening of workstations for repetitive tasks.  

The accuracy and validity of the results obtained through these observational methods 

directly depend on the quality of input information collected (Fagarasanu and Kumar, 2002). 

However, their reliability remains debatable since the collection of data is generally through 

subjective observation or simple estimation of projected angles in videos/pictures. This leads to 

low accuracy and high intra- and inter-observer variability (Burdorf et al., 1992).  Moreover, the 

implementation of these systems can be expensive, requiring extensive technical support from 

highly trained staff for effective operation. In practice, they can also be time-consuming and more 

suitable for recording and analyzing simulated tasks rather than for conducting practical 

assessments in the workplace. 

1.4 The Adoption of Computer Vision in Observational Assessment 

With the technological development in computer hardware and software, computer vision 

has drawn massive attention across a wide range of fields, from intelligent robotics, autonomous 
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vehicles, and security surveillance to manufacturing inspection, human-computer interaction, and 

occupational ergonomics. Ergonomics researchers and practitioners have been exploring the 

potential of computer vision as an alternative to human resources in ergonomic assessment tasks 

due to its accuracy and efficiency in classifying movement features (Lu & Chang, 2012).  

Generally, computer vision algorithms are trained on large datasets of digital images and/or 

videos of human movement, in which key points were manually annotated. Subsequently, these 

algorithms can be applied to new, unlabeled images and/or videos of humans to reconstruct human 

pose. In recent years, computer-vision-based human motion modeling and analysis have been 

extensively researched by the ergonomics community. Activities such as pose estimation, 

activity/gesture recognition, and fall detection can be automatically performed through computers 

equipped with cameras by applying computer vision algorithms. Pose estimation techniques enable 

the reconstruction of 3D human pose from 2D images or videos (D'Antonio et al., 2020; Wang et 

al., 2021; Pavllo et al., 2019). Activity and gesture recognition algorithms can identify specific 

movements, such as lifting or reaching, by analyzing sequences of images or videos (Chen et al., 

2019; Herath et al., 2017; Poppe, 2010). Fall detection algorithms can detect sudden changes in 

the posture of the human body and alert medical professionals or caregivers to take appropriate 

action (Wang et al., 2016). Overall, the advances in computer vision offer enormous possibilities 

for solving ergonomic challenges that previously required substantial human effort. 

1.4.1 Pose Estimation 

The ability to accurately detect and analyze human poses is crucial for identifying potential 

risk factors for musculoskeletal disorders (MSDs) in workplace environments. With the recent 

advancements in machine learning techniques and computer vision, the automatic identification of 

human body key points in images and videos has become possible, enabling the reconstruction of 
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2D or 3D human poses as a series of pixel coordinates of tracked key points through different 

modes, including RGB, depth, and multi-view images (Bogo et al., 2016; Cao et al., 2017; Mehta 

et al., 2017; Rhodin et al., 2018; Yang et al., 2018; Zhou et al., 2017).  

Several studies have explored the use of depth cameras, such as Kinect, for 3D pose 

estimation (Xu et al., 2017; Asadi and Arjmand, 2020), which have achieved considerable 

performance. A few researchers adopted multi-view capture methods based on convolutional 

neural network(CNN) and other deep neural networks to perform 3D pose estimation for 

ergonomics analysis (Guler et al., 2018; Li et al., 2020; Mehta et al., 2020). These methods have 

been shown to outperform monocular methods in accuracy after extrinsic calibration for camera 

setup.  

One well-known open-source multi-view capture technique for 3D human pose estimation 

is OpenPose (Cao et al., 2017; Z. Cao et al., 2019; Hidalgo et al., 2020). A recent study used 

OpenPose to process two synchronized videos of walking, and the generated 3D coordinates were 

applied to extract gait chracteristics (D’Antonio et al., 2020). Compared to the depth camera, 

OpenPose identifies more joints from the face and feet, and shows more stable tracking capability 

under occlusion or non-frontal tracking conditions.  

A few other single-camera-based 3D-pose reconstruction algorithms, such as 

VideoPose3D (Pavllo et al., 2019) and HuMoR (Rempe et al., 2021), have also been developed to 

estimate 3D poses through 2D images. The use of single-camera-based algorithms provides a 

promising opportunity for ergonomists to analyze workers’ body postures and associated joint 

loadings with less effort and expertise in camera calibration. However, real-time 3D human pose 

reconstruction from an ordinary camera is still challenging these days due to the heavy workload 

of predicting the missing depth dimension. 
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1.4.2 Kinematics and Kinetics Analysis 

After pose estimation, the generated 3D coordinates of the tracked human poses can be 

further input into biomechanical models to compute human motion parameters (Kingma et al, 

1996). Generally, the introduction of human motion into biomechanics models comes up with two 

types of complexity. First, the motion must be described in a kinematics fashion (Chaffin, 2005). 

This means that the direction of motion of a body segment, as well as its velocity, must be 

measured over the period of motion. Second, a complex biomechanical model is necessary for 

performing kinematics and kinetics analysis. During human motions, accelerations and 

decelerations of various body segments, which, by the application of Newton’s second law, create 

internal forces. To date, a number of studies have subsequently analyzed the characteristics of a 

variety of human motions to help workers avoid MSDs.  For example, studies have explored the 

use of pose estimation to provide kinematic and kinetic estimates for shoulder joint, L5/S1 joint 

and lower limb joints (Asadi and Arjmand, 2020; D’Antonio et al., 2020; Wang et al., 2021). These 

studies have yielded promising results regarding the adoption of computer-vision-based pose 

estimation in biomechanics analysis. However, the validity of analysis highly depends on the 

accuracy of pose estimation where a low resolution or frame loss could lead to more uncertainties 

and errors to the final kinematic and kinetic results.  

1.5 Problem Statement 

While the application of computer vision in ergonomic assessment tasks is a promising 

area of research, it is not without limitations. Challenges such as the need for large annotated 

datasets, variations in human movement, and camera placement can impact the accuracy and 

reliability of these methods. From the ergonomic point of view, there remain a few research aspects 
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that can be improved in developing a comprehensive, practical, accurate, and efficient postural 

risk assessment tool based on computer vision.  

First, previous studies have used depth sensors or calibrated cameras for 3D pose 

reconstruction to perform ergonomics assessment, while few studies explored the use of a single 

ordinary camera and the feasibility of subsequent kinematics and kinetics analysis because the 

image does not include any depth information. However, depth sensors have the disadvantage of 

limited coverage area, and they are susceptible to the illumination conditions. Camera calibration 

among multiple cameras is time-consuming and requires expertise in computer vision, which could 

be a technical burden for ergonomics practitioners. The use of a single-camera computer-vision- 

based algorithm provides an opportunity for further improvement in the efficiency and possible 

deployment on a mobile terminal with less computational power. 

Second, researchers in computer science have developed several advanced computer-

vision-based pose estimation algorithms for mobile device deployment in the past few years. The 

only hardware required is a mobile device with an embedded camera. Meanwhile, given the 

growing adoption of mobile platforms in fields of educational instruction inside and outside the 

classroom, instructors are provided an encouraging opportunity to adopt a computer-vision-based 

mobile app as an instructional tool for biomechanics courses. With smartphones or tablets, students 

can gain laboratory experience in human motion by practicing real-time biomechanics analysis on 

body motions that are personally relevant. 

1.6 Outline 

This dissertation comprises several studies that expand upon the topics mentioned above. 

Chapter 2 and Chapter 4 detail the research conducted on the first research topic, while Chapter 3 

presents work on the second topic. 
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Specifically, 

• Chapter 1 provides an introduction to the background, motivation, limitations, and 

research objectives of previous studies. 

• Chapter 2 describes a study that investigates the feasibility of a single-camera computer-

vision-based approach for analyzing kinematics and kinetics. 

• Chapter 3 introduces an Android-based mobile app that can assist undergraduate 

biomechanics education. 

• Chapter 4 explores the feasibility of using a generative pose reconstruction algorithm for 

assessing gait motion. 

• Chapter 5 offers concluding remarks and discusses potential future research directions. 
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CHAPTER 2 OCCUPATIONAL BIOMECHANICS ANALYSIS USING VIDEOPOSE3D 

2.1 Introduction 

Manual materials handling (MMH) is considered one of the work-related risk factors of 

low-back musculoskeletal disorder (Da Costa & Vieira, 2010; Hoogendoorn et al., 2000; Schaffer, 

1982). From the ergonomics perspective, it is critical to measure joint kinematics and evaluate 

L5/S1 joint moment during a lifting task, and ensure the low-back joint loadings are within the 

failure tolerance to avoid low-back injuries (McGill, 1997). One valid method to capture workers’ 

body motion is to use an optical marker-based motion tracking system. Such a system is capable 

of obtaining three-dimensional coordinates of markers that are attached to the workers’ bodies in 

a laboratory environment. The dynamic moments at L5/S1 joint are then calculated using workers’ 

body motion together with body segment inertial properties (Kingma, de Looze, Toussaint, 

Klijnsma, & Bruijnen, 1996). To date, numerous studies have used an optical motion tracking 

system to investigate the L5/S1 joint moment for identifying the risks associated with a variety of 

lifting tasks (Desjardins et al., 1998, Kingma et al., 1998, Larivière & Gagnon, 1998). However, 

applying an optical motion tracking system is less practical for field studies due to its bulky size, 

high cost, and required expertise. 

To overcome these limitations, a few studies sought to develop video-based coding systems 

that use human raters to observe workers’ postures from the videos recorded in field studies. Raters 

estimate body pose in selected key frames extracted from the recorded videos by fitting the poses 

to a predefined digital manikin. The workers’ motion trajectories are then reconstructed by 

interpolating the rater-identified poses in the key frames. In previous studies, L5/S1 joint moments 

were further estimated by combining the reconstructed motion and a biomechanics model (Coenen 

et al., 2011, Xu et al., 2012). While this method does not rely on a laboratory-based motion tracking 
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system for capturing workers’ body motion, it remains labor-intensive as raters would need to 

observe a large number of video frames. In addition, the accuracy of the reconstructed body motion 

heavily relies on the experience of raters as well as the view angle of the videos.  

Researchers have also sought to apply depth sensors, such as Microsoft Kinect and Intel 

RealSense, to track and assess body motion. In one study, a depth sensor was used to capture 

shoulder kinematics during computer use for office ergonomics assessment (Xu et al., 2017). In 

another study, lumbosacral (L5/S1) load during static load-handling activities was estimated by a 

Kinect-driven model (Asadi & Arjmand., 2020). Depth sensors are low-cost, portable, and can 

provide a reasonable accuracy on human pose reconstruction. On the other hand, their coverage 

area is quite limited (Shum et al., 2013, Han et al., 2013), and the accuracy can be substantially 

affected by the illumination conditions of the environment (Azzari et al., 2013). 

With the recent development of advanced deep neural networks, an increasing number of 

computer vision algorithms have been presented to estimate 3D human pose. For example, 

Openpose, an open-source system to detect the human body from single images, implemented 3D 

poses reconstructions using multiple 2D calibrated images (Cao et al., 2021). By using Openpose, 

a recent study used two synchronized videos during walking to compute lower limb joint 

kinematics by applying a triangulation algorithm on the 2D joint center coordinates derived from 

videos (D’Antonio et al., 2020). While Openpose can yield 3D poses from synchronized videos, 

camera calibration among multiple cameras is time-consuming and requires expertise in computer 

vision, which could be a technical burden for ergonomics practitioners. Another recent study 

trained three artificial neural networks using the data obtained by a motion tracking system to 

predict 3D postures, segmental orientations, and lumbosacral moments during load-handling 

activities (Aghazadeh et al., 2020). While this study achieved promising results, the efficiency of 
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the trained network remains unclear since the researchers have to manually input the hand load 

locations. 

In recent years, a single-camera-based 3D pose reconstruction algorithm named 

VideoPose3D was developed (Pavllo et al., 2019). A semi-supervised approach was introduced to 

process unlabeled video without any 2D ground truth annotations. This approach is able to estimate 

3D poses by using a fully convolutional model generated by dilated temporal convolutions over 

2D joint points. Because this algorithm only relies on the video captured from a single camera, it 

has a good potential for ergonomists to investigate workers’ body postures and the associated joint 

loadings in the field through the recorded video. 

In this study, we developed a computer-vision-based method for estimating joint 

kinematics and analyzing low-back joint moments during lifting tasks. Particularly, Detectron2 

(Wu et al., 2019) was adopted for 2D key-point detection, and VideoPose3D (Pavllo et al., 2019) 

was applied to process the unlabeled video data and reconstruct workers’ 3D poses. A top-down 

inverse dynamic biomechanical model was then applied to the estimated 3D pose for estimating 

the joint angles and the moment at L5/S1 joint.  To examine the validity of this proposed method, 

we conducted an experiment where participants perform a variety of lifting tasks, and their motion 

were concurrently captured by a camera and a laboratory-based motion tracking system. The joint 

angular trajectories and peak L5/S1 joint moment derived from the proposed method were 

compared against those derived from the motion tracking system.  

2.2 Methods 

2.2.1 Experiment Design 

After a discussion with a few safety practitioners, we conducted the following experiment 

to mimic commonly observed lifting tasks in industry. Twelve male participants (age 47.50 ± 11.30 
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years; height 1.74 ± 0.07 m; weight 84.50 ± 12.70 kg) were asked to lift a 10 kg crate (39 × 31 × 

22 cm) and place it on a shelf. They were asked to stand in front of the crate and finish the lifting 

tasks without moving the feet. The initial distance between a participant and the crate as well as 

the lifting speed were chosen by the participants. The experiment consisted of three vertical lifting 

ranges: floor to knuckle height, floor to shoulder height, and knuckle to shoulder height. 

Additionally, each lifting range was combined with three asymmetric angles (0°, 30° to the right, 

and 60° to the right), which was the angle of the end position relative to the starting position of the 

crate. Each lift condition was repeated twice in a full-factorial randomized design. Lifting trials 

were captured by a camcorder (GR-850U, JVC) with a resolution of 720 × 480 pixels. The camera 

was placed on the rear-right side (135 degrees from the sagittal plane). Participants’ body motion 

was also concurrently recorded by a motion tracking system (Motion Analysis, Santa Rosa, CA) 

through 45 reflective markers (Cappozzo et al., 1995) attached to the bony landmarks of the 

participants at 100 Hz.  

2.2.2 Computer Vision Method 

The workflow of the proposed video-based L5/S1 joint moment estimation method 

included three major steps: 2D key-point detection, 3D reconstruction, and joint angle and moment 

calculation (Figure 1). The input was the videos of each participant, and the output was the joint 

angle and the L5/S1 joint moment. 

2D key-point detection and 3D reconstruction. The recorded videos were first processed 

in Detectron2 to estimate 2D key-points in each frame. In the input layer, the estimated 2D (𝑥, 𝑦) 

coordinates of the 𝐽 joints in each frame were applied in a temporal convolution with 𝐶 output 

channels and 𝑊 kernel size. 𝐵 ResNet-style blocks surrounded by a skip-connection (He et al., 

2016) first performed a 1D convolution with kernel size 𝑊 and dilation factor 𝐷 =  𝑊𝐵, followed 
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by a convolution with kernel size = 1. In this study, J = 17, C = 1024, W = 3 and B = 4. Each 

convolution process was followed by batch normalization (Ioffe & Szegedy, 2015), rectified linear 

units (Nair & Hinton, 2010), and a dropout layer except the last layer (Srivastava et al., 2014). The 

receptive field of each block increased exponentially by a factor 𝑊 , while the quantity of 

parameters increased linearly. Thus, the receptive field for any output frame included information 

extracted from all input frames. 

 

Figure 2.1 Workflow of the single camera-based computer vision method. 

A semi-supervised training method introduced in VideoPose3D (Pavllo et al., 2019) was 

then applied to the last layer for predicting the 3D poses in video frames. VideoPose3D is a fully 

convolutional architecture that uses 2D key-point sequences as input and processes them through 

temporal convolutions (Figure 2). Since we did not include any ground truth pose data or the 

camera extrinsic parameters for the recorded videos, this method did not train a traditional 
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supervised loss where the ground truth 3D poses data was set as the target. A projection layer was 

added after 3D pose estimation, and the 3D predicted poses were regressed and projected back to 

2D coordinates. The projected results were then compared with the input to check for consistency. 

A penalty was applied if the 2D coordinates from the projection process were far from the 2D data 

input. As the global position of key joints could be arbitrary for human kinetics analysis, the 

coordinates of the reconstructed key joints were transformed in a way that the coordinates of the 

mid-hip joint were considered as the origin. 

 

Figure 2.2 The angles to be estimated. 

Angle and moment calculation. It should be noted that most of the output “joints” in 

VideoPose3D, such as “Shoulder” and “Hip”, did not have a practical anatomical meaning. Thus, 

we used 9 of 17 output “key joints” from VideoPose3D to estimate the positions of 10 anatomical 

joint centers or bony landmarks that were later used for biomechanical analysis (middle column in 

Table 1). For those joints that were not identified in VideoPose3D, such as C7 and L5/S1 joint, the 

anthropometric parameters were used to estimate their positions (Chaffin & Anderson, 1991). For 

validation purposes, these joint centers and bony landmarks were also estimated by the marker set 
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of the motion tracking system. The locations of hip joint center, shoulder joint center, and L5/S1 

are based on Seidel et al. (1995), de Leva (1996), and Reynolds (1982), correspondingly (right 

column in Table 1). The coordinates from both systems were first filtered by a fourth-order 

Butterworth low-pass filter at 8 Hz. Body segments including upper arms, forearms, hands, head, 

trunk above L5/S1 joint, were then defined according to a top-down inverse dynamic biomechanics 

model (Kingma 1996). 

Table 2.1 The joint centers and bony landmarks derived by VideoPose3D and a motion tracking 

system. 

Joint centers of bony 

landmarks for 

biomechanical analysis 

VideoPose3D-based counterparts Motion tracking system-based counterparts 

Left hip joint center Left hip Left hip joint center 

Left shoulder joint center Left shoulder Left shoulder joint center 

Left elbow joint center Left elbow (Left lateral humeral epicondyle + left 

medial humeral epicondyle)/2 

Left wrist joint center Left wrist (Left radial styloid + left ulnar styloid)/2 

Right hip joint center Right hip Right hip joint center 

Right shoulder joint center Right shoulder Right shoulder joint center 

Right elbow joint center Right elbow (Right lateral humeral epicondyle + right 

medial humeral epicondyle)/2 

Right wrist joint center Right wrist (Right radial styloid + right ulnar styloid)/2 

Mid hip (Left hip + right hip)/2 (Left hip + right hip)/2 

Mid shoulder (Left shoulder + right shoulder)/2 (Left shoulder + right shoulder)/2 

C7 Mid shoulder + (mid shoulder - mid 

hip) × 0.2248 

C7 

L5/S1 Mid hip + (mid shoulder – mid hip) × 

0.1934 

L5/S1 

 

Body segment inertial properties, including mass (𝑚) and moment of inertia (𝐼), were 

estimated based on a previous anthropometry study (Zatsiorsky, 2002) as well as participants’ 

weight and stature. The center of mass location (𝐶𝑜𝑀𝑖) of each body segment, 𝑖, was determined 

as a proportional location of the segment length, which can be determined from the distal and 

proximal joint center location. Angles of the right elbow flexion, angles of the right shoulder 

flexion, abduction and rotation, together with the angles of trunk flexion, lateral bending and 
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rotation (Table 2 and Figure 3) across a lifting task were calculated based on the instantaneous 

orientations of the anatomical axes of the body segments following the ISB recommendation (Wu 

et al., 2005, Wu et al., 2002). The L5/S1 joint moments (𝑀𝐿5𝑆1) were calculated by an inverse 

dynamics model (Eq. 1) (de Leva, 1996).  

𝑀𝐿5𝑆1 =  −(𝑟𝑟 − 𝑟𝐿5𝑆1) × 𝐹𝑟 − ∑[(𝑟𝑖 − 𝑟𝐿5𝑆1) × 𝑚𝑖𝑔]

𝑘

𝑖=1

+ ∑[(𝑟𝑖 − 𝑟𝐿5𝑆1) × 𝑚𝑖𝑎𝑖]

𝑘

𝑖=1

+ ∑(𝐼𝑖α𝑖)                                                                                                 (1)

𝑘

𝑖=1

 

where 𝐹𝑟 is the external force applied on the hands; 𝑚𝑖𝑔, 𝑎𝑖 and 𝐼𝑖𝛼𝑖 are gravity, acceleration and 

angular momentum of body segment 𝑖  that are above the L5/S1 joint; 𝑟𝑟 , 𝑟𝑖  and 𝑟𝐿5𝑆1  are the 

position vectors of the external force, center of segment mass and the L5/S1 joint, 𝑘 is the number 

of segments included in this model (upper arms, forearms, hands, head and trunk). Note that we 

assumed the weight of the crate was equally distributed on both hands, thus the external force 

applied on the hands was estimated based on the hand acceleration and the mass of the crate.  

2.2.3 Joint Angle and L5/S1 Moment Validation 

The performance of our proposed computer-vision-based lifting task assessment method 

was validated against the motion tracking system-based method. Linear regressions between the 

two methods were performed on the extracted joint angles and the peak L5/S1 joint moment for 

all lifting trials. Because joint angular trajectories are time series, four timeframes were randomly 

selected from each lifting trial for performing linear regression. The root-mean-square error 

(RMSE), the average absolute error (AAE) with absolute percent error, and correlation coefficient 

(𝑟) were also calculated to describe the performance of the proposed method. The estimation errors 

were computed by subtracting the reference values from the estimated values. Histograms of the 
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estimation error across all trials were constructed to indicate the degree of underestimation and 

overestimation. 

Table 2.2 List of the angles to be estimated by VideoPose3D and motion tracking system. 

Angle Angle Definition 

Shoulder flexion The angle between the projection of upper arm and the projection of trunk on global 

Z-X plane 

Shoulder abduction The angle between the projection of upper arm and the projection of trunk on global 

Y-Z plane  

Shoulder rotation The angle between the projection of upper arm and the projection of trunk on global 

X-Y plane  

Elbow flexion The angle between the projection of forearm and the extension line of upper arm on 

global Z-X plane 

Trunk flexion The angle between the projection of trunk on global Z-X plane and the global Y-Z 

plane 

Trunk lateral bending The angle between the projection of trunk on global Y-Z plane and the global Z-X 

plane 

Trunk rotation The angle between the projection of trunk on global X-Y plane and the global Y-Z 

plane 

 

2.3 Results 

As a representative trial illustrated in Figure 2.3 and Figure 2.4, all participants finished 

their lifting tasks in less than eight seconds. Good consistency was observed between the estimated 

values and the references for joint angle trajectories and the L5/S1 joint moment. Across all lifting 

trials, strong correlations (r >0.9) between the estimated value and the references were found on 

shoulder flexion, trunk flexion, trunk rotation, and elbow flexion. For shoulder abduction, shoulder 

rotation and trunk lateral bending, the corresponding correlation coefficients were smaller (0.738, 

0.611 and 0.457, respectively). The average absolute error was within 10° for all estimated angles 

except the shoulder abduction (16.02°) and shoulder rotation (17.10°) (Figure 2.5). Based on the 

histograms of the estimation errors for joint angle trajectories across all the lifting conditions 



 

26 

 

(Figure 2.6), the computer-vision-based method overestimated the joint angles for shoulder 

abduction and shoulder rotation and underestimated the joint angles for elbow flexion. The error 

distributions of shoulder flexion, trunk flexion, lateral bending and rotation were almost symmetric 

and zero-centered. 

 

Figure 2.3 The angle of major joints above the L5/S1 for a representative lifting trial (a 60° 

asymmetric lift with floor-to-shoulder height). The dash lines represented the computer-vision-

based method and the solid lines represents the motion tracking system-based method.  

For the L5/S1 peak moment, the computer-vision-based method yielded a good estimate 

of the moment in the sagittal plane and the total moment. The corresponding correlation 

coefficients were above 0.9, RMSE were below 20 N·m and the absolute percent errors were less 

than 12% (Figure 2.7(a)).  The correlation coefficients of the L5/S1 moment in the coronal plane 

and the transverse plane were smaller (0.785 and 0.199). Although the average absolute errors of 

the coronal plane and the transverse plane seemed to be lower than that of the sagittal plane, the 
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absolute percentage errors in those two planes were much larger due to the small magnitude of the 

moments in these two planes. The histograms (Figure 2.7(b)) showed that the proposed computer-

vision-based method overestimated the peak moment in the coronal plane and underestimated the 

peak moment in the transverse plane. 

  

       (a) 

 

      (b) 

 

  

      (c) 

 

      (d) 

 
Figure 2.4 (a) The estimated L5/S1 moment vs. reference L5/S1 moment in the coronal plane. (b) 

The estimated L5/S1 moment vs. reference L5/S1 moment in the sagittal plane. (c) The estimated 

L5/S1 moment vs. reference L5/S1 moment in the transverse plane (d) Total estimated L5/S1 



 

28 

 

moment (vector summation of 3D moments) vs. total reference moment.  All figures are from the 

same representative lifting trial (a 60° asymmetric lift with floor-to-shoulder height). 

 

Figure 2.5 The comparison between the estimated joint angles and the reference joint angles. r is 

the correlation coefficient. RMSE is the root-mean-square error. E indicates the average absolute 

error (AAE).  Reg refers to the linear regression between the estimated and reference joint angles. 

The solid line is the linear regression line that generated from the data points and the dashed 

diagonal line is the identity line. 
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Figure 2.6 Histograms of the estimation error of the joint angles. 
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Figure 2.7 (a) The comparison between the estimated peak 3D L5/S1 moment and the reference 

peak 3D L5/S1 moment for all lifting trials. r is the correlation coefficient. RMSE is the root-mean-
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square error. E indicates the average absolute error (AAE). Reg refers to the linear regression 

between the estimated and reference moments. The solid line is the linear regression line that 

generated from the data points and the dashed diagonal line is the identity line. (b) Histograms of 

the estimation error of the peak 3D L5/S1 moment. 

2.4 Discussion 

In this study, a computer-vision-based method was proposed to estimate joint angular 

trajectories and 3D L5/S1 joint moment during lifting tasks. The input of this method is the videos 

captured by a single camera. This method was validated against the references derived from a 

laboratory-based motion tracking system. Compared with the results from several previous 

computer-vision-based works (Aghazadeh et al., 2020, Mehrizi et al., 2018, Mehrizi et al., 2019), 

our method showed comparable efficiency and accuracy in the prediction of the joint kinetics and 

the moment at L5/S1 joint. The correlation coefficient and the linear regression outcomes indicated 

that the proposed method could provide a reasonable estimate on joint kinematics of shoulder 

flexion, trunk flexion, trunk rotation, and elbow flexion. The total L5/S1 peak moment and the 

peak moment in the sagittal plane were strongly correlated with the references obtained by the 

motion tracking system. The histograms of estimation errors showed that the frequencies of 

overestimation and underestimation were approximately identical for the peak moment in the 

sagittal plane. 

On the other hand, the estimated angular trajectories of shoulder abduction, shoulder 

rotation and trunk lateral bending were not well correlated with the references. Due to the 

resolutions of the input videos, the computer-vision-based method has a limited sensitivity 

compared to a motion tracking system. In other words, our proposed method is less sensitive to 

small joint angle variations. Since the majority of the body movements occurs in the sagittal plane, 
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the small joint motions in the transverse and coronal planes, such as shoulder rotation, were 

captured with less accuracy. Although our proposed method presented greater variances than a 

previous study (Mehrizi et al., 2018) in slight joint angle variations, our results could be less 

overfitting. This is because the deep neural network adopted in this study was trained by a 

completely independent multimodal dataset (Human3.6M) (Ionescu et al., 2011, 2014),  rather 

than a dataset created under the same laboratory conditions.  

The correlations of the estimated peak moments in the coronal and transverse planes were 

not as good as the ones in the sagittal plane. Similarly, this could be explained by the limited 

sensitivity of the computer-vision-based method. The small movements of lateral bending and 

rotation were difficult to be precisely estimated. In turn, the accuracies of the moments in the 

coronal and the transverse planes were affected by these errors in 3D pose reconstructions. Yet, 

the moments of the coronal and the transverse planes were not dominant in the total L5/S1 moment. 

Therefore, the correlation coefficient and the absolute percentage errors of the total L5/S1 moment 

were close to those of the L5/S1 moment in the sagittal plane.  

To further evaluate whether different asymmetric lifting angles (0°, 30° to the right, and 

60° to the right) could affect the estimation error of the total moment at L5/S1 joint, a post-hoc 

Tukey test was further performed. Figure 2.8 shows that the trials an asymmetric angle of 60 °had 

the smallest estimation error. Since trials with 60° asymmetric angle contained more body segment 

movements in the coronal plane and transverse plane. As the camera is set at 135°, asymmetric 

lifting tasks allow camera to observe more body movement without view obstacle, and thus 

provide a more robust estimate on peak total moment.  

It has also been found that for most trials, shoulder abduction and shoulder rotation had a 

significant angle difference at the start and end of the lifting when a participant was in a standing 
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posture. Such discrepancy is attributable to the different definitions between the motion tracking 

system-based joint center locations and the VideoPose3D identified “joint centers”. For example, 

in the motion tracking system-based method, the shoulder joint center was identified based on de 

Leva (1996), which was described by the positions of acromion and elbow. The hip joint was 

identified by Seidel et al. (1995), which was calculated based on the right and left PSIS and L5/S1 

joint. In the computer-vision-based method, the “joint centers” for a frame are predicted as the 

pixels with the highest confidence yielded by a temporal convolutional model, which has no 

practical anatomical meaning.  

 

Figure 2.8 Post-hoc comparison of the estimation errors of peak L5/S1 joint moment over different 

asymmetric lifting angles. 

It should be noted that joint detection can be affected when the camera view of a body 

segment is blocked by other objects or other body segments for a short moment. Disturbance in 

the estimated body joint location will lead to substantial errors in body joint acceleration, which 

in turn results in errors in kinetics analysis and moment estimations. The underestimation of the 
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peak moment in the transverse plane and the overestimation of the peak moment in the coronal 

plane can be partially attributed to view occlusion during the lifting tasks. In the current study, the 

camera was placed at the rear-right side (135 degrees from the sagittal plane). In a few lifting 

conditions, when the participants placed the crate on the shelf, their left forearms were blocked by 

the trunk and/or the right arms. Consequently, the left wrist was reconstructed at a location closer 

to the trunk compared to the reality, which resulted in an overestimated moment in the coronal 

plane. In addition, the incorrect reconstructed position of the left wrist also resulted in a smaller 

angular acceleration, which led to underestimated moments in the transverse plane.  

There are a few limitations that need to be addressed. First, the generalizability of the 

proposed method should be further investigated by introducing multiple camera view angles and 

placement locations. Our results indicates that the peak L5/S1 moment error can be affected by the 

interaction between lifting conditions and the camera placement. Therefore, there might exist 

optimal camera view angle and placement for an individual lifting task. Second, our proposed 

method was validated for lifting tasks without moving the feet. In a previous study, significant 

errors were found on the peak L5/S1 joint moments if fictitious force was ignored when the body-

centered reference frame was moving (Xu et al., 2013). Whether a computer-vision-based method 

can estimate joint moment for other common occupational tasks, such as pushing and pulling, 

where foot movements exist should be further investigated. Third, as the experiment was 

performed in a laboratory environment, the lifting tasks were performed within confined ranges. 

For example, all asymmetric lifting trails started from symmetric standing positions and were 

towards the right side, only two asymmetric angles were included in the experiment design, and 

the lateral bending angle in each task was relatively small. Such limited lifting conditions may 

restrict the generalizability of the outcomes. Fourth, we assumed an equal weight distribution on 
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both hands across the lifting tasks in our top-down inverse dynamics model. If the weight in a crate 

is not well balanced, such an assumption may not hold and could lead to an underestimated lateral 

bending moment. 
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CHAPTER 3 A CV-BASED MOBILE APP FOR UNDERGRADUATE BIOMECHANICS 

EDUCATION 

3.1 Introduction 

Biomechanics is a common sub-discipline that integrates movement science and human 

factors (Hamill et al., 2021). The knowledge of biomechanics can be of great help to improve 

sports performance and/or avoid physical injury (Knudson, 2010). Nearly all undergraduate 

students in movement science are required to complete at least one biomechanics course prior to 

graduation (Hamill, 2007; Riskowski, 2015). However, many undergraduates often fear and delay 

taking their required biomechanics course as they perceive it as a course highly demanding in 

mathematics and physics even though it involves necessary biomechanical concepts in their future 

professions (Garceau et al., 2012; Hsieh et al., 2012).  

Biomechanics instructors must develop a more effective student-centered teaching method 

to help students overcome their anxiety toward this subject matter. Since motivation is considered 

a key factor that promotes students’ cognitive engagement, self-efficacy, and learning experience 

(Wallace & Kernozek, 2017; Clyne & Billiar, 2016), a number of studies (Knudson et al., 2009; 

Munro, 2012; Full et al., 2015) have suggested that the inclusion of hands-on laboratory experience 

improves learning outcomes in biomechanics. Yet, these studies also indicated that working with 

human subjects and gathering meaningful data for biomechanical analysis can be challenging. For 

instance, human kinematics data collection could be achieved through various methods, such as 

using an optical motion tracking system (Skals et al., 2021; Wang et al., 2021), depth sensors (Xu 

et al., 2017; Scano et al., 2019), or a webcam-equipped desktop computer with computer-vision 

algorithms (D’Antonio et al., 2020; Ota et al., 2020). However, these alternatives can be less 
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practical to be adopted in an undergraduate biomechanics course due to their high cost and/or 

required expertise.  

Learning through mobile devices, such as smartphones and tablets, has been noted as an 

innovative approach to enhance students’ learning experience inside and outside the classroom 

(Malley et al., 2005) due to students being familiar with the devices. Recent studies have suggested 

that the use of mobile apps in the educational context positively contributes to students’ motivation 

in learning, curiosity about the contents, and passion for team collaboration (Hwang & Wu, 2014; 

Hochberg et al., 2018). Meanwhile, researchers in computer science have developed several 

advanced computer-vision-based pose estimation algorithms for mobile device deployment in the 

past few years. The only hardware required is a mobile device with an embedded camera. These 

algorithms can detect human’s key joint positions through images by applying convolutional 

neural networks. For example, Google launched MobileNets and Tensorflow Lite frameworks 

(Howard et al., 2017; Abadi et al., 2016), where MobileNets trains lightweight deep neural 

networks with depth-wise separable convolutions, and Tensorflow Lite provides interpreter 

modules to help mobile devices optimize the trained network model and perform local calculations 

on human pose estimation. Therefore, there is a good potential to develop a computer-vision-based 

mobile app as an instructional tool for biomechanics courses to help undergraduate students gain 

laboratory experience in human motion. 

In this study, we aimed to present an open-access Android-based mobile app named Mobile 

Biomechanics Laboratory (MOBL) that could be applied to undergraduate biomechanics courses. 

With smartphones or tablets, students can practice real-time biomechanics analysis on body 

motions that are personally relevant. In the following section, we provide a detailed description of 
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this mobile app from the overall architecture, the involved modules, and some initial ideas to utilize 

this app in actual biomechanics courses. 

 

Figure 3.1 System overview. The input is the images captured by the app; the outputs are the 

selected joint angle and angular velocity (the elbow joint angle and angular velocity shown in this 

figure). 

3.2 Methods 

3.2.1 System Overview 

The mobile app follows a three-tier architecture that consisted of a mobile platform-based 

computer-vision algorithm, a human kinematics variable estimator, and a user interface. Image 

information was collected and processed through the computer-vision algorithm to predict joint 

locations. Key joint locations were then applied to the human kinematics variable estimator for 

further biomechanics analysis. Users viewed various kinematics data for a selected joint or body 

segment in real-time through the user interface. Figure 3.1 illustrated the data flow of the system, 

which included two major processes: 2-D pose estimation and biomechanics analysis. The input 



 

39 

 

was the RGB images captured by a mobile device, and the output was the kinematics data of the 

selected joint or body segment. 

3.2.2 Computer-vision Algorithm 

Note that real-time 3-D pose reconstruction with deep neural networks on mobile devices 

remains computationally challenging. Therefore, in this study, pose estimation was treated as a 2-

D regression problem. The input RGB images were represented by a series of 𝑀 × 𝑁 × 3 matrices 

where  𝑀 and 𝑁 were determined by the resolution of the original image input and represented the 

number of rows and columns of pixels, respectively. Red-Green-Blue (RGB) color channels of 

each pixel were represented by a 3-D vector. The outputs were the predicted 2-D joint locations of 

a number of key joints on the image plane. Each key point was represented by a 2-D vector (𝑥,𝑦) 

indicating the 2-D coordinate on the input image. With a consideration that the key points must 

possess certain distinguishable and invariant image features, such as scaling and viewing angle 

rotation under different conditions (Lowe, 2004), 14 key points, including the shoulder, elbow, 

and wrist, were selected to articulately represent human poses under different conditions (Ding et 

al., 2019;Yan et al., 2017). Each key point body joint and body segment was rendered as a sphere 

and a rod, respectively. The rod orientation was determined by the two adjacent joints that define 

the segment (Figure 3.2).  

Traditional convolutional neural network (CNN)-based pose detection models are not 

suitable for mobile app development as they demand high computational capability. In this study, 

the mobile app detected key points through a Tensorflow Lite deep learning model based on 

convolutional pose machines (CPM) (Wei et al., 2016). An inverted residual with a linear 

bottleneck module (a.k.a., MobileNet V2) was adopted for real-time inference (Sandler et al., 

2018). Instead of applying normal convolution, this method performed a sequence of depth-wise 
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separable convolutions to immensely reduce the number of computations (Chollet, 2017). 

Moreover, the input image was first reshaped into 192 × 192 × 3 and then converted to image 

features to further reduce the computational cost. The inferenced key points were then shown as a 

heatmap after each convolution process. Within each repeated stage, the heatmaps improved 

confidence for spatial detection over joint locations and provided better estimates for localization 

of key points. By fitting the final heatmap to an average filter, the maximum value from the 

confidence map for each key point was used to estimate the 2-D coordinates of the key joints. 

 

Figure 3.2 Indexing for the 14 key points. 1-head; 2-neck; 3-left shoulder; 4-left elbow; 5-left 

wrist; 6-leftt hip; 7- left knee; 8-left ankle; 9- right shoulder; 10- right elbow; 11- right wrist; 12- 

right hip; 13- right knee; 14- right ankle.  
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3.2.3 Biomechanics Analysis 

After key point coordinates were generated from the pose estimation process, the app 

automatically chose the corresponding coordinates following the user’s selection and run a real-

time calculation for biomechanical analysis. At present, the proposed app can demonstrate joint 

angular kinematics, body segment center of mass, and jumping height, respectively. Particularly, 

the app can calculate angles for elbow flexion/extension (EF/E), shoulder abduction/adduction 

(SA/A), knee bending (KB), and trunk lateral bending (TLB). The app can also plot the location 

of the center of mass (CoM) of upper arms, forearms, upper legs, and lower legs for females and 

males using anthropometric parameters (Chaffin & Anderson, 1991). The jumping height was 

measured based on the distance between the highest position that the subject's ankle can reach and 

the original ankle position and expressed as a ratio of the subject's height.  Let 𝐶𝑖 denote the 2-D 

coordinate of the 𝑖𝑡ℎ key point and 𝑉𝑖−𝑗 denote the body segment from the 𝑖𝑡ℎ key point to the 𝑗𝑡ℎ 

key point. The term, angle(𝑉𝑖−𝑗, V𝑖−𝑗
′ ), represents the angle between the two body segments, which 

is calculated from the cosine angle between the two vectors. The definition of joint angles, centers 

of mass, and jumping height were summarized in Table 3.1. 

Note that the estimated 2-D coordinates did not include any depth information. Thus, the 

camera was set up in the front view or the side view of the captured person, and the person was 

not allowed to perform any trunk rotation during tasks. For angular velocity calculation, the joint 

angles were first filtered by a width = 5 moving average window for de-noise. The angular velocity 

was then calculated by using two-point finite difference approximation (Chaffin & Anderson, 

1991). The joint angle and the angular velocity at each time instants were then plotted in the user 

interface.  
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Table 3.1 The mathematical definition for each module measurement in MOBL. 

Module in MOBL Mathematical Definition 

Left and right elbow 

flexion/extension (EF/E) 

𝐸𝐹/𝐸𝐿 = 𝑎𝑛𝑔𝑙𝑒(𝑉3−4, 𝑉5−4);  𝐸𝐹/𝐸𝑅 = 𝑎𝑛𝑔𝑙𝑒(𝑉9−10, 𝑉11−10) 

 

Left and right shoulder 

abduction/adduction (SAA) 

𝑆𝐴/𝐴𝐿 = 𝑎𝑛𝑔𝑙𝑒(𝑉4−3, 𝑉6−3);  𝑆𝐴/𝐴𝑅 = 𝑎𝑛𝑔𝑙𝑒(𝑉10−9, 𝑉12−9)  

 

Knee bending (KB) 𝐾𝐵 = 𝑎𝑛𝑔𝑙𝑒(𝑉12−13, 𝑉14−13) 

Trunk lateral bending (TLB) 
𝑇𝐿𝐵 = 𝑎𝑛𝑔𝑙𝑒 (

1

2
(𝐶3 + 𝐶9 − (𝐶6 + 𝐶12)), (0,1)) 

Center of mass (Male) 

 

 

 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑎𝑟𝑚𝐿
= 𝐶3 + 0.5269(𝐶4 − 𝐶3); 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑎𝑟𝑚𝑅
= 𝐶9 + 0.5269(𝐶10 − 𝐶9) 

𝐶𝑜𝑀𝑓𝑜𝑟𝑒𝑎𝑟𝑚𝐿
= 𝐶4 + 0.4172(𝐶5 − 𝐶4); 

𝐶𝑜𝑀𝑓𝑜𝑟𝑒𝑎𝑟𝑚𝑅
= 𝐶10 + 0.4172(𝐶11 − 𝐶10) 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶7 + 0.6070(𝐶6 − 𝐶7); 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑙𝑒𝑔𝑅
= 𝐶13 + 0.6070(𝐶12 − 𝐶13) 

𝐶𝑜𝑀𝑙𝑜𝑤𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶7 + 0.5909(𝐶8 − 𝐶7); 

𝐶𝑜𝑀𝑙𝑜𝑤𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶14 + 0.5909(𝐶14 − 𝐶13) 

Center of mass (Female) 

 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑎𝑟𝑚𝐿
= 𝐶3 + 0.5322(𝐶4 − 𝐶3); 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑎𝑟𝑚𝑅
= 𝐶9 + 0.5322(𝐶10 − 𝐶9) 

𝐶𝑜𝑀𝑓𝑜𝑟𝑒𝑎𝑟𝑚𝐿
= 𝐶4 + 0.4217(𝐶5 − 𝐶4); 

𝐶𝑜𝑀𝑓𝑜𝑟𝑒𝑎𝑟𝑚𝑅
= 𝐶10 + 0.4217(𝐶11 − 𝐶10) 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶7 + 0.6248(𝐶6 − 𝐶7); 

𝐶𝑜𝑀𝑢𝑝𝑝𝑒𝑟 𝑙𝑒𝑔𝑅
= 𝐶13 + 0.6248(𝐶12 − 𝐶13) 

𝐶𝑜𝑀𝑙𝑜𝑤𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶7 + 0.5928(𝐶8 − 𝐶7); 

𝐶𝑜𝑀𝑙𝑜𝑤𝑒𝑟 𝑙𝑒𝑔𝐿
= 𝐶14 + 0.5928(𝐶14 − 𝐶13) 

Jumping height 

𝐽𝑢𝑚𝑝𝑖𝑛𝑔 ℎ𝑒𝑖𝑔ℎ𝑡 =
|
1
2

(𝐶8,ℎ𝑖𝑔ℎ𝑒𝑠𝑡 + 𝐶14,ℎ𝑖𝑔ℎ𝑒𝑠𝑡) −
1
2

(𝐶8,𝑡=0 + 𝐶14,𝑡=0)|

|(𝐶1,𝑡=0 −
1
2

(𝐶8,𝑡=0 + 𝐶14,𝑡=0))/(1 − 0.039)|
 

3.3 User Interface Description 

We have deployed the proposed app on an Android-based Samsung S7 tablet with a 

Qualcomm SDM865 Pro processor. When a “user” records a video of a “model” from the front 

view (for body motions in the coronal plane) or the side view (for body motions in the sagittal 

plane), all key joints are displayed in an augmented reality fashion where the identified joints 

overlap on the physical joint. Ten module buttons are placed at the bottom area of the interface, 

indicating different kinematics analyses of interest (see Figure 3, Module 1). Figure 3 presents 

screenshots for all ten modules currently included in the app, which consist of the 2D pose 
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reconstruction result (module 1), elbow flexion/extension in the coronal plane (module 2-3), 

shoulder abduction/adduction in the coronal plane (module 4-5), trunk lateral bending in the 

coronal plane (module 6), knee bending in the sagittal plane (module 7), centers of mass for upper 

arms, lower arms, upper legs, and lower legs for males and females (module 8-9), and jumping 

height (module 10). This app can be found at https://www.ise.ncsu.edu/biomechanics/MOBL/ for 

open access. Source code developed in Android Studio, as well as a tutorial demo that shows the 

included functional modules are also available on this website. 

 

Figure 3.3 Screenshots of kinematics analysis for each module in MOBL. Module 1- original 2D 

pose reconstruction; Module 2- left elbow flexion/extension in the coronal plane; Module 3- right 

elbow flexion/extension in the coronal plane; Module 4- trunk lateral bending in the coronal plane; 

Module 5- left shoulder adduction/abduction in the coronal plane; Module 6- right shoulder 
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adduction/abduction in the coronal plane; Module 7- center of mass for male; Module 8- center of 

mass for female; Module 9- knee bending in the sagittal plane; Module 10- jumping height. 

3.4 Discussion 

While learning through mobile devices can engage and motivate students to explore subject 

matters that they may not possibly experience otherwise, there is only limited work done within 

the area of biomechanics education (López-Moranchel et al., 2021). In the current study, we sought 

to fill this gap by developing a mobile platform app for undergraduate biomechanics curricula. 

With an embedded computer-vision algorithm performs real-time pose reconstruction and 

facilitates human kinematics data calculation and visualization. For this proposed mobile app, 

either the back camera or the front camera can be utilized, depending on whether the app is used 

to capture a class partner’s motion or self-motion. 

As this app provides an easy outlet for undergraduates to perform human motion 

experiments, it could serve as an efficient instructional tool that facilitates learning of a number of 

biomechanics concepts, such as range of joint motion and instantaneous angular velocity. For 

example, students can perform a variety of body motions and use the app to collect joint angles 

(Module 2 to Module 6 in Figure 3). Students can then compare the measured joint range of motion 

with the reference values listed in textbooks. This way, students use the self-relevant data to 

facilitate learning the concept of the joint range of motion. Previous studies in education have 

found that hands-on experiences and self-relevant data can improve knowledge transfer (Ruvolo 

& Markus, 1992; Catena & Carbonneau, 2019). Besides, the joint angle and the instantaneous joint 

angular velocity can be displayed numerically and graphically at the same time in the user 

interface. Thus, students are able to learn that the instantaneous joint angular velocity is the 

derivative of the joint angle change. In addition, this mobile platform app could also demonstrate 
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basic descriptive statistics of all measured kinematics variables (peak, quantiles, ranges, and 

distribution patterns) within and across all activities performed. From the perspective of data 

science, these basic descriptive statistics provide exploratory and knowledgeable insight view of 

the variable of interest and could further augment students’ comprehension of the scale of human 

kinematics variables. 

There are a few limitations that need to be discussed. First, the computer-vision algorithm 

we adopted is originally developed for capturing a single person without a view block. Pose 

reconstruction can be inaccurate or interrupted when other objects block the body segments, or the 

camera captures multiple persons simultaneously. Second, due to the computational cost of 

processing 3-D poses on mobile devices, the current app is unable to reconstruct 3-D poses from 

the images in real-time and thus unable to perform accurate joint kinematics analysis for 3-D joints, 

such as the glenohumeral joint. In future work, additional biomechanical analyses covered in 

undergraduate courses, such as gait and running analysis, can be added in this app. In addition, its 

performance in supporting biomechanics knowledge learning and transfer, as well as students’ 

self-efficacy, needs to be quantitatively investigated. 
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CHAPTER 4 MARKERLESS KINEMATIC GAIT ANALYSIS THROUGH A SINGLE 

CAMERA AND COMPUTER VISION  

4.1 Introduction 

Walking is one of the most common locomotion in daily living activities and provides vital 

information about an individual’s health status (Camomilla et al, 2017). Physicians or therapists 

can provide a systematic diagnosis for patients with gait abnormalities by analyzing their gait 

(Baker, 2006; Fritz, et al., 2015). The benefits of gait analysis range from posture control in 

orthopedics to functional treatment and rehabilitation for neurological diseases such as stroke, 

spinal cord injury, or Parkinson’s disease (Gu et al., 2018). Kinematic gait analysis, a subcategory 

of gait analysis, involves measuring a range of spatiotemporal and kinematic variables, such as 

step cycle time, stride length, speed, and lower extremity joint angles, to quantitatively evaluate 

the degree of abnormality in walking (Chen et al., 2016). Compared to visual observations alone, 

quantitative evaluations of gait performance are more reliable due to their repeatability and 

objectivity (Leardini, 2017). 

To date, motion capture methods used in gait analysis can be classified into two categories: 

marker-based methods and markerless methods. Marker-based methods, such as motion tracking 

systems, measure joint kinematic parameters by directly attaching markers to the anatomical 

landmarks on human body (Reissner et al., 2019). Although those motion tracking systems can 

track body motion with great precision and accuracy, they have several limitations, such as being 

time-consuming for experiment setup and data post-processing, requiring expertise for correct 

marker placement, and potentially alternating one’s natural body movement patterns (Carse, 

2013). Inertial Measurement Units (IMUs) have also been adopted in prior studies for the 

measurement of lower extremity kinematics (Beravs, 2011). These IMU sensors are portable, light-
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weighted, less obtrusive, and do not require a controlled environment. Yet, expertise in human 

anatomy is necessary to achieve proper sensor alignment (Muro-De-La-Herran et al., 2014). In 

addition, gyroscope-based orientation updates are prone to errors caused by gyro integration drifts, 

and these errors tends to accumulate over time (Fan et al., 2017). 

On the other hand, markerless-based methods could potentially address the 

abovementioned limitations since they exclude the attachment of markers or sensors to track 

human motion. In a few studies, researchers have employed depth cameras, such as Microsoft 

Kinect and Intel Real Sense, to perform body segment tracking and quantitative assessment of gait 

motion (Gabel et al., 2012; Pfister et al., 2014; Xu et al., 2017). However, these studies have 

revealed that the accuracy of depth cameras is less satisfactory for either biomechanical or clinical 

kinematic gait analyses (Clark et al., 2019). 

Recent advancements in deep neural networks have led to the emergence of computer 

vision-based human pose estimation algorithms as a promising solution for gait analysis. These 

techniques can automatically extract subjects’ kinematic parameters from red-green-blue (RGB) 

images and reduce the dependency on observers (Cronin, 2021). For instance, a previous study 

utilized OpenPose library to analyze the gait trajectories of patients with cerebral palsy by 

estimating body keypoints and joint angle variations in the 2D image plane (Kidziński et al., 2020). 

OpenPose takes color images from simple webcams as inputs and can produce 2D locations of 18 

anatomical keypoints by using a two-branch multi-layer convolutional neural network. Although 

this approach could potentially assess early symptoms of neurological disorders, it was challenging 

to evaluate the spatiotemporal parameters in 3D space due to the exclusion of depth information 

in 2D images (Kidzinski et al., 2020). To overcome this limitation, several recent studies have 

studied 3D pose estimation algorithms with the adoption of multiple cameras with a goal to 
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perform markerless gait analysis. (Kanko et al., 2021; Kanko et al., 2021; Moro et al., 2021 ; 

Vafadar et al., 2022; D’Antonio et al., 2021 ) For example, Kanko et al. (2021) assessed the 

spatiotemporal and kinematic performance of treadmill walking based on a markerless motion 

capture software and eight synchronized webcams. Vafadar et al. (2021) evaluated a four-camera 

markerless system in terms of kinematics and spatiotemporal parameters by processing walking 

trials from asymptomatic participants and participants with pathologies. These multi-camera 

markerless methods yielded comparable results against marker-based motion capture systems. 

However, calibrating multiple webcams remains a time-consuming and expertise-required 

procedure for researchers and clinicians.  

In this study, we seek to understand the feasibility of deploying a single camera for 3D gait 

analysis. In particular, an open-source markerless pose estimation model named HuMoR (Rempe 

et al., 2021) is adopted to estimate the 3D positions of 22 body keypoints, including hips, knees, 

ankles, and toes, by processing RGB images collected by a single camera. We compared the gait 

parameters regarding lower extremity kinematics and spatiotemporal characteristics between the 

marker-based method and the markerless method across 14 participants. Furthermore, this study 

also investigated the effect of camera viewing angle and viewing distance on the accuracy of the 

measured gait parameters yielded from the markerless method. Overall, we made the following 

hypothesis: 1) the estimates from the markerless motion capture would be comparable with 

marker-based system in terms of spatiotemporal parameters, ankle plantar flexion/dorsiflexion, 

knee flexion and hip flexion/extension, while the difference would be larger at hip external/internal 

rotation and adduction/abduction; 2) gait outcomes were significantly different at different viewing 

angles and distances.  
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4.2 Methods 

4.2.1 Participants and Experimental Design 

We recruited 14 healthy participants (age: 27 ± 4.72 yrs; mass: 71.86 ± 14.37 kg; and 

height: 1.72 ± 0.09 m; 7 females and 7 males) without any known history of orthopedic injuries or 

diseases. Each Participant was asked to walk naturally along a 4-meter straight flat path on their 

own pace.  An optical motion tracking system (Cortex Ver. 7.02.1815, Motion Analysis, Rohnert, 

Park, CA, USA) with 14 infrared cameras was used to collect reference walking data at 60 Hz. 

The system was first calibrated and then used to measure the 3D coordinates of 37 reflective 

markers attached to relevant anatomical landmarks on the participants (Figure 4.1). 

To investigate the effect of camera viewing angle and viewing distance on the estimated 

gait parameters using the markerless method, five RGB cameras (GoPro Hero 8 Black, 1920×1080 

pixels, 60 frame per second) were placed at five different locations with the same distance away 

from the center of the walkway recording the video of walking motion. When a participant walked 

toward the camera placed at the end of the walk way, these five cameras recorded from front (0), 

front left (45L), front right (45R), left (90L), and right (90R). When a participant walked away 

from the camera placed at the end of the walkway, these five cameras recorded from rear (180), 

rear left (135L), rear right (135R), left (90L), and right (90R). Additionally, each viewing angle 

was combined with two different viewing distances (2 m and 3 m away from the center of the 

walkway, as shown in Figure 2. The factory setting for image brightness and contrast were used 

for all video recording. All cameras were synchronized using a remote controller and mounted 1.3 

meters above the ground on tripods.  

During the experiment, each participant performed 5 walking trials for each direction and 

each viewing distance. Thus, a total of 20 walking trials was performed (5 trials × 2 directions × 2 



 

50 

 

viewing distances). The study protocol was approved by the university Institutional Review Board. 

Each participant signed an informed consent form and a data release consent form before enrolling 

in the experiment.  

 

Figure 4.1 Pose reconstruction details. Left: original capture in a 2D image. Mid: marker 

attachment in marker-based method, 01-Forehead, 02/03-Right/Left Temple, 04/05-Right/Left 

Acromion, 06-Processus Spinosus of the 7th Cervical Vertebra (C7), 07-Deepest point of Incisura 

Jugularis, 08-Processus Spinosus of the 8th Thoracic vertebra (T8), 09-Processus Xiphoideus, 

10/11-Right/Left Most Caudal Point on Lateral Epicondyle, 12/ 13-Right/Left Most Caudal Point 

on Medial Epicondyle, 14/15-Right/Left Most Caudal Lateral Point on the Radial Styloid, 16/17-

Right/Left Most Caudal Medial Point on the Ulnar Styloid, 18/19-Right/Left Anterior Superior 

Iliac Spine, 20/21-Right/Left Posterior Superior Iliac Spine, 22/23-Right/Left Femoral Epicondyle, 

24/25-Right/Left the Most Lateral Point on the Border of the Lateral Tibial Condyle, 26/27-

Right/Left the Most Medial Point on the Border of the Medial Tibial Condyle, 28/29-Right/Left 
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Tip of Medial Malleolus (on the shoes), 30/31-Right/Left Tip of Lateral Malleolus, 32/33-

Right/Left Big Toe (on the shoes), 34/35-Right/Left Caudal Calcaneus (on the shoes), 36-Offset 

on right shoulder, 37-Offset on the right side of pelvis. Right: keypoint estimation in markerless 

method, 0- Pelvis, 1/2-Left/Right Hip, 3-Spine#1, 4/5-Left/Right Knee, 6-Spine#2, 7/8-Left/Right 

Ankle, 9-Spine#3, 10/11-Left/Right Big Toe, 12-Neck, 13/14-Left/Right Collar, 15-Head, 16/17-

Left/Right Shoulder, 18/19-Left/Right Elbow, 20/21-Left/Right Wrist. 

 

Figure 4.2 Camera Setup. 

 

4.2.2 Markerless Method 

HuMoR (Rempe et al., 2021) is a deep neural network-based expressive generative model 

that was trained on the large AMASS motion capture dataset (Mahmood, 2019), which includes 

over 11000 motions of more than 300 subjects that shapes on the SMPL body model. It can perform 

robust 3D pose estimation for 22 body key points (head, neck, shoulders, elbows, wrists, pelvis, 

hips, knees, and ankles) through a single-view video (Figure 2). HuMoR employs a conditional 
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variational autoencoder that models the probability distribution of possible pose transitions at each 

motion sequence. During network training, given the ground truth at the previous and current state, 

it first infers parameters of the current pose, i.e., key point orientations, positions, and velocities, 

by sampling from the encoder distribution. The inferred parameters are then applied in an integral 

decoder to optimize a loss function. After training, the model is able to generate the body pose at 

the next time instant by sampling from the prior distribution and decoding. Since this strategy 

allows recovering plausible pose sequences in the presence of occlusion and noise, it becomes 

possible to reconstruct 3D motion by using a single-view video.  

The workflow of the markerless method adopted in this study is shown in Figure 3. This 

workflow was described in details in Rempe et al. (2021). For readers’ convenience, we briefly 

summarize this workflow here. Videos captured for each walking trial were first processed by 

OpenPose (Cao et al., 2017) to estimate 2D keypoints for each frame. HuMor was then used as a 

motion prior for 3D human perception from these 2D observations. A robust test-time optimization 

strategy was employed, in which the motion in the latent space of HuMoR was parameterized, and 

HuMoR priors were utilized to regularize the optimization towards the space of plausible motions. 

The foot contact location on the ground were explicitly predicted and used as a self-supervision 

constraint for pose estimation in pose reconstruction. Finally, the 3D orientations and positions of 

22 body keypoints were extracted from a sequence of SMPL pose parameters after fitting.  
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Figure 4.3 Workflow of the markerless method. 

 

4.2.3 Gait Cycle Detection  

A gait cycle (stride) is defined as the interval between two successive heel strikes of the 

same foot (Cicirelli et al. 2022). Each gait cycle consists of two phases: the stance phase and the 

swing phase, which alternate for each leg. The stance phase includes the heel-to-toe contact 

sequence of the foot. The swing phase proceeds with the foot suspended in the air. In this study, 

we detected the start and end of the gait cycle using heel velocity (Zeni et al., 2007). Specifically, 

the start of a gait cycle is defined as the moment when the heel strikes the ground and the velocity 

of the heel approaches zero. The heel velocity remains close to zero throughout the entire stance 

phase and rises in the swing phase. At the end of the swing phase, the heel velocity approaches 

zero again, representing the end of the current gait cycle and also the start of the following cycle. 

Additionally, the trajectories of heels and ankle joint centers were derived by the marker-based 
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method and the markerless method, respectively, to estimate the heel velocity and the gait cycle 

as well as the following spatiotemporal parameters.  

4.2.4 Data Processing 

This study utilized a fourth-order Butterworth filter with a 6 Hz cut-off frequency to filter 

the 3D coordinates of body landmarks from both the marker-based and proposed markerless 

systems. The inferred key points in HuMoR and the marker positions collected by the motion 

tracking system were then used to estimate locations of joint centers on the lower extremities. 

Specifically, the joint centers of hip, knee, ankle, and pelvis were directly identified in the 

computer-vision model. For the marker-based method, the hip joint center and pelvis were 

calculated using the position of pelvic markers based on Seidel et al. (1995) and Reynolds (1982), 

correspondingly. The ankle joint center was calculated based on the locations of the big toe, medial 

and lateral malleolus, and caudal calcaneus. The knee joint was determined as the midpoint 

between the medial and lateral tibial condyles.  

Motion data between the two systems was first synchronized by detecting the start and the 

end of each gait cycle (Connor et al., 2018). Spatiotemporal parameters, including stride length , 

step length , stride time , stance time , swing time , step time , stride width , and gait speed , were 

then extracted. Lower limb joint angles, including ankle dorsiflexion/plantar flexion, hip 

flexion/extension, hip abduction/adduction, hip internal/external rotation, knee flexion/extension, 

and pelvis tilt, were also computed based on the instantaneous orientations of body joints' 

anatomical axes for both methods. It should be noted that the markerless system directly output 

the anatomical axes through the predicted 3D positions of each body key point. For the marker-

based system, the orientations of anatomical axes were derived following ISB recommendations 

(Wu et al., 2005, Wu et al., 2002).  
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4.2.5 Data Analysis  

In this study, we conducted an assessment of the correlation and agreement between the 

marker-based and the markerless method for spatiotemporal gait parameters and lower limb joint 

angle trajectories. Specifically, we calculated means and standard deviations of the estimation 

errors and Pearson’s correlation coefficient (Rxy). We also calculated Bland-Altman 95% 

confidence interval of limits of agreements (LOA) for each spatiotemporal gait parameter across 

all trails, which included 95% of differences between the two measurement methods and indicated 

the tendency of overestimation and underestimation. One-dimensional paired t-tests were 

performed to determine if there were significant estimation errors. For joint angles trajectories, we 

computed Pearson’s correlation coefficient (Rxy) and root-mean-square errors (RMSE) between 

the measurements from each method to quantify the agreement and the magnitude difference. 

To analyze how gait reconstruction is affected by camera viewing angles and viewing 

distances, only gait cycles that passes the walking path center were extracted for analysis, resulting 

in 20 gait cycles for each participant. A multivariate analysis of variance (MANOVA) was 

conducted to investigate whether the viewing angles and viewing distances had a significant effect 

on spatiotemporal gait parameters and joint angles derived from the markerless method. For 

spatiotemporal parameters, we considered the estimation errors in stride length, stride time, stance 

time, and gait speed, across all measured gait cycles. For joint angles, we considered the estimation 

errors in the range of motion (ROM), the maximum (MAX) positive angle, and the minimum 

(MIN) negative angle, for hip flexion/extension, knee flexion/extension and ankle dorsi-/plantar 

flexion. Specifically, the maximum positive angle referred to the joint peak flexion and the 

minimum negative angle referred to the joint peak extension. Univariate analysis of effects on the 

selected dependent variables was performed by using two-way repeated Analysis of Variance 
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(ANOVA). The significance level was set at 0.05 for MANOVA and ANOVA tests. All statistical 

analyzes were performed using R (version 4.2.1).  

4.3 Results 

4.3.1 Spatiotemporal Parameters 

Table 1 presented the estimation errors between spatiotemporal gait parameters measured 

by the marker-based and markerless methods. Notably, the stride time, stance time, step time, 

stride length, step length and gait speed yielded from the two methods have strong correlation and 

agreement (Rxy ≥ 0.75) while the correlation and agreement for swing time and stride width were 

less strong (0.48 and 0.37, respectively). 

Based on mean errors and Bland-Altman LOA, the markerless method tended to produce 

shorter stride time and stance time but longer swing time, step time, stride length and step length 

than the marker-based method. In terms of gait speed, markerless measurements were slightly but 

systematically slower than those from the marker-based system. 

For stride and step length, we observed a mean error of 5.08 cm and 3.96 cm, with standard 

deviation values of 6.99 cm and 5.29 cm, respectively. The Bland-Altman lower LOA were -8.27 

cm and -6.40 cm, and the upper LOA were 18.78 cm and 14.33 cm. These results revealed that the 

markerless method had a tendency to overestimate the stride length and step length. Similarly, the 

mean error and standard deviation of stride width measured from the two methods were 0.28 cm 

and 5.76 cm, respectively. The largest LOA bound was found, with values of -11.01 cm and 11.56 

cm. In terms of gait speed, we observed a mean error of 0.10 m/s and a standard deviation of 0.58 

m/s between the markerless and marker-based methods. The Bland-Altman LOA indicated that 

the markerless gait speed measurements were slightly but systematically slower than those from 

the marker-based system. 
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Table 4.1 Estimation error between the spatiotemporal parameters measured by the markerless 

and marker-based systems  

Parameters ME SD Rxy LLoA ULoA 

Stride Time(sec) -0.0173 0.0693 0.7889 -0.1532 0.1183 

Stance Time(sec) -0.0256 0.0532 0.7614 -0.1299 0.0787 

Swing Time(sec) 0.0087 0.0431 0.4760 -0.0757 0.0931 

Step Time(sec) 0.0009 0.0411 0.7642 -0.0797 0.0814 

Stride Length(cm) 5.0779 6.9935 0.8427 -8.2691 18.7849 

Step Length(cm) 3.9593 5.2889 0.7520 -6.4066 14.3253 

Stride Width(cm) 0.2752 5.7583 0.3696 -11.0110 11.5613 

Gait Speed(m/sec) 0.1036 0.0968 0.8058 -0.0861 0.2933 

ME: mean error, SD: standard deviation of estimation error, Rxy: Pearson’s correlation 

coefficient, LLoA: lower limit of agreement, ULoA: upper limit of agreement. 

 

 

4.3.2 Lower Limb Joint Angles 

The lower limb joint angles, including ankle dorsiflexion/plantar flexion, hip 

flexion/extension, hip abduction/adduction, hip internal/external rotation, knee flexion/extension, 

and pelvis tilt, that were estimated from both markerless and marker-based methods across all 

walking trials were shown in Figure 4. Strong correlation (Rxy ≥ 0.8) was found between the two 

methods for hip flexion/extension, knee flexion/extension, pelvis tilt and hip internal/external 

rotation. The corresponding correlation for ankle dorsi-/plantar flexion and hip 

abduction/adduction was less strong (Rxy = 0.74 and 0.75, respectively).  
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For hip flexion/extension and ankle dorsi-/plantar flexion, marker-based system measured 

greater angles than the markerless system. Offsets were found at the early stance phase, early swing 

phase and late swing phase, which resulted in an average RMSE of 10.23° and 5.79°, respectively. 

For knee flexion/extension, marker-based system measured smaller angles than the markerless 

system. Offsets were found at the early stance phase and late swing phase, leading to an average 

RMSE of 6.90°. The internal/external hip rotation angles differed more during late stance and early 

swing phases, and the average RMSE was 5.52°. The average RMSE for pelvic tilt and hip 

abduction/adduction were 1.10° and 2.25°, respectively. 

    

    

    
Figure 4.4 Estimation error between the lower limb joint angles measured by the markerless (red) 

and marker-based methods (blue). Yellow dash lines represent the average estimation error 

(markless − marker-based) between the two methods during a gait cycle. Pearson’s correlation 

coefficient (Rxy) and average root-mean-square errors (RMSE) were shown in plots. 

4.3.3 Viewing Angle and Distance Effects 

The results of the MANOVA test revealed that viewing angles (Wilks’ Lambda = 0.6689, 

F(91,8155.9) = 6.4873, p < .0001*) and viewing distances (F(13,1307) = 8.4873, p < .0001*) had 
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a significant effect on the selected kinematics variables. No significant differences were found on 

the interaction terms (View Angles* Viewing Distances, Wilks’ Lambda = 0.8957, F (91,8155.9) 

= 0.9410, p = 0.6384). Subject was treated as a block factor in the MANOVA test. The results of 

ANOVA, which investigated the effects of viewing angles and distances on each kinematics 

variable, are summarized in Table 2 and Table 3(a)&(b).  

Since no significant effect was found on the interaction terms in the MANOVA test, the 

two-way ANOVA did not consider the effects of the interaction terms on the kinematics variables. 

The two-way ANOVA tests revealed that viewing distances had a significant effect on hip and 

knee flexion/extension ROM, knee flexion/extension MAX and ankle dorsi-/plantar flexion MAX. 

Viewing distances also indicated significant effects on hip and knee flexion/extension MIN, ankle 

dorsi-/plantar flexion MIN, stride time, stride length, stance time and gait speed. In addition, no 

significant effects were found on Hip flexion/extension MAX and ankle dorsi-/plantar flexion 

ROM. Particularly, at the viewing distance of 2m, the mean error decreased for hip 

flexion/extension MIN, knee flexion/extension ROM and MIN, stride time, stride length, stance 

time and gait speed, while it increased for hip flexion/extension ROM, knee flexion/extension 

MAX and ankle dorsi-/plantar flexion MAX. 

Viewing angles had a significant effect on hip flexion/extension ROM, ankle dorsi-/plantar 

flexion ROM, hip and knee flexion/extension MAX, ankle dorsi-/plantar flexion MAX. Significant 

differences regrading viewing angles were also found on hip and knee flexion/extension MIN, 

ankle dorsi-/plantar flexion MIN, stride time, stride length, stance time and gait speed. There was 

no significant effect of viewing angles on knee flexion/extension ROM. 

The results showed that viewing angles of 90L and 90R provided the smallest estimation 

error for hip flexion/extension ROM and MAX, knee flexion/extension MAX, stride length, stance 
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time, and gait speed. Viewing angles of 45L and 0 had the smallest mean error for ankle dorsi-

/plantar flexion MAX and knee flexion/extension MIN, respectively. The smallest mean errors of 

hip flexion/extension MIN and ankle dorsi-/plantar flexion ROM and MIN were founded at the 

viewing angle of 45R. On the other hand, viewing angles of 0 and 180 were associated with the 

largest estimation error for all the selected kinematics variables except for ankle dorsi-/plantar 

flexion MIN. The largest mean error for ankle dorsi-/plantar flexion MIN was found at the viewing 

angle of 90L. 

Table 4.2 ANOVA results for viewing distance effect on kinematic variables. 

 Viewing Distances  

Dep_Variables 2m 3m F-Value P-Value 

ROM Hip 5.13(6.92) 2.65(8.32) 21.00 <.0001* 

MAX Hip 12.00(8.59) 11.06(6.97) 0.54 0.4635 

MIN Hip 6.87(9.48) 8.95(8.52) 10.85 0.0010 

ROM Knee -11.65(10.87) -14.97(7.61) 25.87 <.0001* 

MAX Knee 1.77(12.06) -0.58(7.93) 11.06 0.0009 

MIN Knee 13.42(6.61) 14.39(4.41) 6.09 0.0138 

ROM Ankle -12.34(9.59) -13.48(12.71) 1.99 0.1582 

MAX Ankle -8.71(5.50) -7.374(5.45) 12.01 0.0006 

MIN Ankle 3.63(7.97) 6.10(11.27) 12.57 0.0004 

Stride Time -0.011(0.108) -0.035(0.119) 13.65 0.0002 

Stride Length  4.29(6.82) 7.34(9.03) 51.63 <.0001* 

Stance Time -0.02(0.062) -0.031(0.071) 6.82 0.0091 

Gait Speed 0.07(0.12) 0.14 (0.14) 41.2 <.0001* 
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Table 4.3(a) ANOVA results for viewing angle effect on kinematic variables. 

 Viewing Angles  

Dep_Variables 0 180 45L 45R F-Value P-Value 

ROM Hip 5.48(7.50) 8.12(5.66) 5.96(4.64) 6.75(3.40) 18.89 <.0001* 

MAX Hip 12.35(6.75) 15.06(8.31) 10.66(6.34) 11.25(6.57) 4.62 0.0091 

MIN Hip 6.87(9.48) 6.93(8.29) 4.70(6.08) 4.50(6.28) 8.34 <.0001* 

ROM Knee -13.94(8.71) -10.37(7.15) -12.87(9.24) -13.21(6.8) 1.50 0.1650 

MAX Knee -3.52(8.91) 3.63(9.06) -0.50(9.06) -1.16 (7.90) 2.69 0.0092 

MIN Knee 10.42(6.61) 14.00(5.72) 12.37(4.67) 12.05(4.93) 2.40 0.0196 

ROM Ankle -10.21(11.99) -16.15(9.29) -8.68(9.11) -7.82(8.91) 5.05 <.0001* 

MAX Ankle -7.91(4.58) -10.42(5.42) -6.84 (5.35) -7.54(5.03) 3.10 0.0031 

MIN Ankle 2.31(11.11) 5.73(7.41) 1.84(8.14) 0.28(8.36) 4.62 <.0001* 

Stride Time  -0.082(0.172) -0.044(0.131) -0.020(0.052) -0.017(0.052) 4.71 <.0001* 

Stride Length 8.40(9.11) 8.83(9.14) 7.29(3.20) 7.55(6.24) 4.80 <.0001* 

Stance Time -0.079(0.116) -0.035(0.049) -0.045(0.045) -0.034(0.048) 12.49 <.0001* 

Gait Speed 0.17(0.07) 0.16(0.07) 0.12(0.03) 0.08(0.02) 20.25 <.0001* 
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Table 4.3(b) ANOVA results for viewing angle effect on kinematic variables. 

 Viewing Angles  

Dep_Variables 90L 90R 135L 135R F-Value P-Value 

ROM Hip 1.48(7.38) 1.44(6.78) 5.37(4.35) 6.07(4.64) 18.89 <.0001 

MAX Hip 10.60(6.66) 10.89(6.23) 11.39(5.06) 12.70(6.15) 4.62 0.0091 

MIN Hip 9.13(8.30) 9.45(7.15) 6.02(5.12) 6.63(5.68) 8.34 0.0010 

ROM Knee -12.55(7.89) -11.94(7.42) -11.53(3.84) -11.19(3.61) 1.50 0.1650 

MAX Knee -0.29(8.07) 0.29(7.98) -0.49(4.85) 0.01 (5.04) 2.69 0.0092 

MIN Knee 12.26(4.79) 12.23(4.77) 11.05(4.89) 12.29(4.45) 2.40 0.0196 

ROM Ankle -15.72(15.71) -12.25(10.53) -12.57(7.65) -12.81(8.04) 5.05 <.0001 

MAX Ankle -8.03(5.48) -8.57(5.71) -8.06 (4.92) -8.48(4.90) 3.10 0.0031 

MIN Ankle 7.69(9.54) 3.69(9.19) 4.51(7.28) 4.33(7.23) 4.62 <.0001 

Stride Time -0.021(0.123) -0.024(0.128) 0.0005(0.065) 0.0039(0.066) 4.71 <.0001 

Stride Length 4.57(10.84) 4.62(7.32) 6.39(8.53) 8.27(9.14) 4.80 <.0001 

Stance Time -0.012(0.061) -0.015(0.068) -0.014(0.045) -0.014(0.046) 12.49 <.0001 

Gait Speed 0.04(0.01) 0.06(0.01) 0.13(0.06) 0.12(0.06) 20.25 <.0001 
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4.4 Discussions 

This study assessed a single-camera-based markerless method against a marker-based 

motion tracking system in terms of measuring various spatiotemporal gait parameters and lower 

extremity joint angle trajectories during gait analysis. Additionally, the study investigated the 

effects of camera viewing angles and distances on measurement accuracy.  

According to the findings, a robust correlation and agreement was found between the two 

methods for estimating spatiotemporal gait parameters, such as stride time, stance time, step time, 

stride length, step length, and gait speed, with correlation coefficients exceeding 0.75. 

Nonetheless, the correlation agreement for swing time and stride width was relatively weaker. 

Similar results were reported in several previous works (Kanko et al., 2021; Moro et al., 2021 ; 

Vafadar et al., 2022), which used computer-vision methods based on multiple calibrated cameras. 

On the other hand, this study also found a negative mean difference in stride and stance time and 

a positive mean difference in swing time, step time, stride and step length, and gait speed, between 

the marker-based and markerless methods. These results suggested that the proposed markerless 

method had a tendency to underestimate stride time and stance time but overestimate swing time, 

step time, stride and step length, and gait speed. 

The current study also compared the lower limb joint angles during walking using both 

marker-based and markerless methods. The results showed strong correlations between the two 

methods for hip flexion/extension, knee flexion/extension, pelvis tilt, and hip internal/external 

rotation, but less strong correlation for ankle dorsiflexion/plantar flexion and hip 

abduction/adduction. For hip flexion/extension and ankle dorsiflexion/plantar flexion, the marker-

based system yielded greater angles than the markerless system, with offsets observed at the early 

stance phase, early swing phase, and late swing phase (Figure 4). For knee flexion/extension, the 
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markerless system yielded smaller angles than the marker-based system, with offsets observed at 

the early stance phase and late swing phase. The internal/external hip rotation angles differed more 

during late stance and early swing phases. The pelvic tilt and hip abduction/adduction angles 

showed small average RMSE values, indicating good agreement between the two methods. The 

bias on joint angle estimation between the two systems may be attributed by the factor that joint 

center locations were measured differently in the computer-vision generative model compared to 

those recommended in ISB recommendations. For instance, with the marker-based method, the 

ankle joint was calculated using the locations medial and lateral malleolus. In HuMoR, the “ankle 

joint centers” were predicted as the pixels with the highest confidence yielded by the generative 

model and test-time optimization algorithm, which had no practical anatomical meaning.  

Since the kinematic accuracy of the markerless method depends on the camera position, 

the present study also investigated the effects of viewing angles and distances on selected 

kinematics variables during gait analysis. The results of the MANOVA test revealed significant 

effects of both viewing angles and distances on the kinematics variables. The two-way ANOVA 

further showed that viewing distances significantly affected most of the kinematics variables, 

except for hip flexion/extension MAX and ankle dorsi-/plantar flexion ROM. Particularly, at the 

viewing distance of 2m, the mean difference decreased for most of the variables, except for hip 

flexion/extension ROM, knee flexion/extension MAX, and ankle dorsi-/plantar flexion MAX, 

where the mean difference increased. Furthermore, viewing angles had significant effects on most 

of the selected kinematics variables, except for knee flexion/extension ROM. The results suggested 

that viewing angles of 90L and 90R provided the smallest estimation error for most variables, 

while angles of 0 and 180 were associated with the largest estimation error. This could be due to 

the fact that viewing form 90L and 90R provided substantial information about the joint locations 
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and movement in the sagittal plane, while there were more body segment occlusions when viewing 

from 0 and 180, resulting in bias in poses. Notably, the smallest mean differences of hip 

flexion/extension MIN and ankle dorsi-/plantar flexion ROM and MIN were found at the viewing 

angle of 45R, whereas viewing angles of 45L and 0 had the smallest mean difference for ankle 

dorsi-/plantar flexion MAX and knee flexion/extension MIN, respectively. In conclusion, the 

results indicated that both viewing angles and distances should be carefully considered during gait 

analysis. Specifically, for accurate kinematics measurements, the recommended viewing angles 

are 90L and 90R for most variables, whereas the recommended viewing angle for ankle dorsi-

/plantar flexion MAX and knee flexion/extension MIN is 45L and 0, respectively. Moreover, the 

recommended viewing distance is 2m for most of the lower limb kinematics variables, except for 

hip flexion/extension ROM, knee flexion/extension MAX, and ankle dorsi-/plantar flexion MAX, 

where a larger distance may be more appropriate. Since viewing angles and viewing distances had 

a significant effect on the gait outcomes, more efforts are needed in the future to develop a more 

generalized depth dimension prediction method that is less dependent on the extrinsic 

environmental factors. 

There are several limitations to consider in the present study. First, only healthy 

participants were involved in the study, which may not be representative of older individuals, those 

who are injured, or the population with pathologies for which gait analysis is typically used. The 

effectiveness and accuracy of the markerless method in various factors, including participant’s 

age, sex, health status, and clothing condition, as well as walking or running speed, can be further 

investigated. Second, the viewing distance in the current study was defined as the distance between 

the camera and walking trail center, while the actual distance between the camera and the 

participant was changing during walking, which means the accuracy level could keep changing 
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over time when a person is walking toward or away from a camera. Third, a few participants 

preferred to walk faster, resulting in a decrease in the number of frames recorded for each stride, 

which reduced the accuracy of gait cycle detection and kinematics calculation. Therefore, to obtain 

reliable data for the markerless method, a sufficiently high frame rate should be considered.  

Overall, the present study contributes to a better understanding of the differences in 

spatiotemporal parameter and joint angle estimations between marker-based and markerless 

methods. The results suggest that the markerless method provides an alternative method to the 

marker-based method for gait analysis during walking, especially in situations where markers 

cannot be used. This initial demonstration of the accuracy of this system should prompt further 

investigation of its capability to measure gait-related parameters for wider groups of people and 

applications. 
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CHAPTER 5 CONCLUSIONS AND FUTURE WORK 

This dissertation investigated three principal aspects of adopting computer-vision-based 

observational assessment in biomechanics studies and applications: 1) assessing the feasibility of 

evaluating human kinematics and kinetics performance using single-camera-based computer-

vision methods, 2) developing a computer-vision-based mobile app that can serve as an 

instructional tool for biomechanics class curricula, and 3) exploring how camera viewpoints affect 

gait analysis accuracy. To achieve the research goals, three inter-related studies and designs were 

conducted. The summary of these studies is as follows: 

1. In regards to the feasibility of estimating postures and joint loadings using a single 

camera, a computer-vision-based approach for estimating joint kinematics and low-back joint 

moments was developed. The approach was validated against marker-based motion tracking 

measurements by conducting asymmetrical lifting experiments. Strong correlations (r > 0.9, 

RMSE < 10◦) were found between the two methods for shoulder flexion, trunk flexion, trunk 

rotation, and elbow flexion. It also yielded a good estimate for the total L5/S1 moment and the 

L5/S1 moment in the sagittal plane (r > 0.9, RMSE < 20 N⋅m). The results indicated that computer 

vision could facilitate safety practitioners to efficiently identify the jobs with high MSD risks 

through field survey videos. 

In another study, a deep learning-based generative model was adopted to infer 3D walking 

poses by processing video data from a single view. The results showed strong correlation and 

agreement between the computer-vision-based markerless method and marker-based method for 

most gait parameters, except for swing time and stride width. The markerless method tended to 

produce shorter measurements for stride time and stance time but longer measurements for swing 

time and step time than the marker-based method. Similarly, the markerless method tended to 
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overestimate the stride length and step length. Overall, the study contributed to a better 

understanding of the differences in spatiotemporal parameter and joint angle estimations between 

marker-based and markerless methods. 

2. An Android mobile app to facilitate learning human kinematics in biomechanics 

curricula was presented. The app comprises ten modules for kinematics learning and can display 

various analysis outcomes that assist biomechanics instructions. With smartphones or tablets, 

students can perform human motion experiments at no cost. Students can also practice real-time 

biomechanics analysis using personal related motion data, and facilitate learning of a number of 

biomechanics concepts.  

3. To investigate the effect of camera viewing angles and distances on kinematics analysis 

for computer vision methodologies, MANOVA and two-way ANOVA tests were performed on 

the kinematic estimations from a deep-learning-based markerless method and a marker-based 

method. The results of the MANOVA test revealed significant effects of both viewing angles and 

distances on the kinematics variables. The two-way ANOVA further showed that viewing angles 

and distances significantly affected most of the kinematics variables. The results suggested that 

viewing angles of 90L and 90R provided the smallest estimation difference for most variables, 

while angles of 0 and 180 were associated with the largest estimation difference. Moreover, the 

recommended viewing distance is 2m for most of the lower limb kinematics variables, except for 

hip flexion/extension ROM, knee flexion/extension MAX, and ankle dorsi-/plantar flexion MAX, 

where a larger distance may be more appropriate. 

Future work needs to address the following issues. Firstly, the generalizability and 

robustness of the pose estimation algorithms used in human kinematics and kinetics analysis can 

be further improved. It is worthwhile to investigate more structures of deep learning neural 
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networks for either computers or mobile platforms. Furthermore, future work could focus on 

developing computer vision-based observational methods for assessing MSD risks in other 

occupational tasks, such as sedentary computer work.  

Secondly, it is necessary to quantitatively investigate the usability of the instructional 

mobile app in terms of supporting learning biomechanics knowledge, as wells as students’ self-

efficacy in taking the course. The user interface design can be evaluated and improved by 

providing heuristics, workload, and efficiency testing. In addition, additional biomechanical 

analysis modules, such as sedentary task and gait analysis, can be added to the mobile app. 

Thirdly, pose estimation through a single camera requires predicting the depth dimension 

based on the 2D information using either a projection network (VideoPose3D) or a generative 

network (HuMoR). However, as shown in Chapter 4, these prediction methods are affected by the 

camera’s view angle and distance. Therefore, more efforts are needed in the future to develop a 

more generalized depth dimension prediction method that is less dependent on extrinsic 

environmental factors. This would enhance the capability of computer vision algorithms for 

predicting 3D poses through a single view. Additionally, the capability of the markerless system 

to measure gait-related parameters aging population could be investigated in the future. 
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