
   

 

   

 

 

 

Degree Project in Technology, Work and Health 

Second Cycle, 15 credits 

 

Comparing Computer Vision and Wearable Sensors 

for Analyzing Posture and Movement in Electric 

Vehicle Repair Work 

Mkpouto Shedrack Okon 

 

  



1 
 

 

 

 

Degree Project in Technology, Work and Health 

Second Cycle, 15 credits 

 

Comparing Computer Vision and Wearable Sensors for Analyzing 

Posture and Movement in Electric Vehicle Repair Work 

 

Mkpouto Shedrack Okon 

June, 2026 

 

 

KTH Royal Institute of Technology 

School of Engineering Sciences in Chemistry, Biotechnology and Health 

Department of Biomedical Engineering and Health Systems 

Division of Ergonomics 

 

 

Ref: TRITA-CBH-GRU:2026:309 



2 
 

Acknowledgements 

I would like to sincerely thank my supervisor Catherine Trask (Associate prof.), for the invaluable 

insights, guidance, and support throughout the development and writing of this thesis project.  

My sincere gratitude to my partner, Michael Inyang, for his immense contributions, most 

especially for the development of the CV software used in this comparison study. 

I also thank the KTH library services and the Ergonomic division at KTH Royal Institute of 

Technology for their support with the research environment and my special thanks to Prof. Mikael 

Forsman, my examiner, for the insightful feedbacks and to Dr. Farhad Abtahi for providing me 

with IMU sensors along with guidance with its set-up. My utmost appreciation to all the study 

participants, peer reviewers and teachers in the department of Ergonomics for their perspectives 

and immeasurable contributions to this study. 

I am forever grateful for my family and friends whose encouragement and support went a long 

way in helping me complete this study. 

Finally, I acknowledge my personal growth and perseverance throughout this research process as 

well as the curiosity that carried it. 

 

 

 

 

 

 

 

 

 

 

 

© 2026   Mkpouto S. Okon 



3 
 

Summary  

Wearable sensor systems, specifically inertial measurement units (IMUs), are widely used for 

ergonomic posture and movement assessment, but their application in electric vehicle (EV) 

maintenance is limited due to safety concerns of body-mounted sensors in workshop environments 

for extended periods. At the same time, emerging and existing computer vision (CV) ergonomic 

systems provide automated analyses of recorded video, which are then used to track and quantify 

posture and movement without needing to wear and calibrate sensors or be exposed to conductive 

risks. This study aimed to evaluate the feasibility of a CV-based posture and movement assessment 

in simulated EV repair tasks and compare a novel CV-based ergonomic analysis system called 

AutoPostureCV’s outputs with wearable sensor measurements. A scoping review of five existing 

CV systems along with semi-structured interviews were conducted to identify current limitations 

and system requirements. Due to limitations in the reviewed CV systems which made them 

unsuitable for this analysis, AutoPostureCV workflow was implemented through the author’s 

collaboration with an external software developer resulting in the customization of the MediaPipe 

open-source platform into an ergonomic assessment CV system capable of extracting posture 

angles, movement velocities, percentile metrics, and exposure-based ergonomic outputs from 

video recordings. A comparative laboratory study involving four participants was conducted using 

simultaneous video recording and Wergonic sensor measurements during simulated EV repair 

tasks followed by video-based posture analysis in AutoPostureCV. Agreement between systems 

was assessed using descriptive statistics and Bland & Altman plots showing bias and limits of 

agreement. The results showed varying levels of agreement between AutoPostureCV and wearable 

sensor measurements, with differences depending on the specific ergonomic metric assessed. 

Systematic error (bias) was more noticeable across movement variables, while random error 

(variability) was more noticeable in velocity-based metrics, indicating lower precision for dynamic 

movements compared to static postures. These discrepancies were particularly evident in 

movements where rapid changes in posture were more pronounced and conditions where visual 

tracking may be less reliable. These findings indicate that AutoPostureCV can estimate posture 

and movement-related metrics from video recordings; however, the observed disagreement 

between systems limits its current use as an alternative to wearable sensor-based assessment 

methods. Overall, AutoPostureCV should currently be considered a developing tool for ergonomic 

exposure assessment, with further methodological refinement and validation required before it can 

be applied reliably in complex industrial environments. 
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Sammanfattning 

Bärbara sensorsystem, särskilt inertial measurement units (IMUs), används i stor utsträckning för 

ergonomisk bedömning av kroppsställning och rörelse, men deras tillämpning i underhåll av 

elfordon (EV) är begränsad på grund av säkerhetsrisker med kroppsburna sensorer i 

verkstadsmiljöer under längre tidsperioder. Samtidigt tillhandahåller framväxande och befintliga 

datorseende (CV) ergonomiska system automatiserade analyser av inspelad video, som sedan 

används för att spåra och kvantifiera kroppsställning och rörelse utan behov av att bära och 

kalibrera sensorer eller att utsättas för konduktiv risker. 

Denna studie syftade till att utvärdera genomförbarheten av en CV-baserad bedömning av 

kroppsställning och rörelse i simulerade EV-reparationsuppgifter och att jämföra ett nytt CV-

baserat ergonomiskt analyssystem kallat AutoPostureCV’s resultat med mätningar från bärbara 

sensorer. 

En scoping review av fem CV-system och semistrukturerade intervjuer genomfördes för att 

identifiera nuvarande begränsningar och systemkrav. På grund av begränsningar i de nuvarande 

CV-systemen, vilket gjorde dem olämpliga för denna analys, implementerades AutoPostureCV 

arbetsflödet genom författarens samarbete med en extern mjukvaruutvecklare, vilket resulterade i 

anpassning av den öppna källkodsplattformen MediaPipe till ett ergonomiskt CV-system som kan 

extrahera ledvinklar, rörelsehastigheter, percentilmått och exponeringsbaserade ergonomiska 

utdata från videoinspelningar. 

En jämförande laboratoriestudie med fyra deltagare genomfördes med samtidig videoinspelning 

och Wergonic-sensormätningar under simulerade EV-reparationsuppgifter, följt av videobaserad 

analys av arbetsställningar med AutoPostureCV. Överensstämmelse mellan systemen bedömdes 

med deskriptiv statistik och Bland & Altman-plotar som visade bias och gränser för 

överensstämmelse. 

Resultaten visade varierande nivåer av överensstämmelse mellan AutoPostureCV och de bärbara 

sensormätningarna, med skillnader beroende på den specifika ergonomiska metrik som bedömdes. 

Systematiskt fel (bias) var mer framträdande över rörelsevariabler, medan slumpmässigt fel 

(variabilitet) var mer framträdande i hastighetsbaserade metrik, vilket indikerar lägre precision för 

dynamiska rörelser jämfört med statiska kroppsställningar. Dessa avvikelser var särskilt tydliga i 

rörelser där snabba förändringar i kroppsställning var mer framträdande och i förhållanden där 

visuell spårning kan vara mindre tillförlitlig. 

Resultaten visar att AutoPostureCV kan uppskatta hållnings och rörelserelaterade mått från 

videoinspelningar; den observerade skillnaden mellan systemen begränsar dock dess nuvarande 

användning som ett alternativ till sensorbaserade mätmetoder. Sammantaget bör AutoPostureCV 

för närvarande betraktas som ett verktyg under utveckling för ergonomisk exponeringsbedömning, 

där ytterligare metodologisk utveckling och validering krävs innan det kan tillämpas på ett 

tillförlitligt sätt i komplexa industriella miljöer. 
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1. Introduction 

Physically demanding industrial tasks often involve awkward postures and repetitive movement 

patterns that increase physical workload and risk of work-related injury. Wearable sensors 

constitute an emerging approach that is often used to assess these parameters with their results 

informing control measures as they have the potential to increase work efficiency among 

employees, improve workers’ physical well-being, and reduce work-related injuries (Kakhurel et 

al. 2018). In many high-risk environments, such as is found in electric-vehicle (EV) repair 

workshops, manufacturing, mining, oil & gas and chemical processing, wearable measurement 

devices are restricted due to electrical hazards, flammable atmospheres, and risk of interference 

with sensitive equipment.  

A reliable way of assessing physical workload and injury risk is necessary for safe work practices 

and optimal engineering decisions especially in EV repair environments which carry a risk of fire 

and explosions, and this creates a need for non-conductive measurement alternatives. Computer-

vision (CV) systems, which analyze posture and movement from video, offer a promising solution 

because they can operate at a distance without requiring equipment on the body. However, their 

accuracy compared to established sensor methods is not yet well understood. This thesis 

contributes to filling this gap by examining how accurately computer-vision systems can replicate 

wearable sensor measurements during posture and movement assessment. Although the 

motivation applies broadly to multiple high-risk industries, the study will evaluate specified 

simulated tasks inspired by electric-vehicle repair work, where high-voltage systems restrict safe 

use of conductive wearable technology. 

1.1 Problem Statement 

Wearable sensors, particularly Inertial measurement units (IMUs) have become a potent method 

of assessing posture and movement in automotive repair environments to assess and address 

hazards and risks inherent in the field. However, as with several other high-risk industrial 

environments, an electric vehicle repair work environment has specific electrical risks that 

preclude the use of wearable sensors as the workers cannot have conductive material on their 

bodies. Due to advancing automated technologies, it is now possible to obtain data using video 

filming which can then be assessed by computer vision technology. CV models, though, are not 

without limitations as many existing solutions are proprietary, offer limited flexibility, and tend to 

differ in accuracy outside controlled environments due to task variability. It is also not clear which 

one performs best and how well they can approximate wearable sensors in this particular task. 

Hence, this thesis seeks to explore the use of open-source CV approaches for posture and 

movement assessment including the evaluation of a customized CV software, to discuss the 

potential applicability and to make recommendations for when wearable sensor use is not possible. 
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1.2 Aim 

This research aimed to compare posture and movement measurements obtained from a selected 

CV-based system with wearable sensor measurements during simulated EV repair tasks. 

1.3 Research Questions  

• What computer vision-based methods are applicable for posture and movement assessment 

in simulated electric vehicle maintenance tasks? 

• How do posture and movement measurements from the selected CV-based system compare 

with wearable sensor measurements during simulated EV repair tasks? 

1.4 Scope and delimitations  

This study focuses on maintenance and repair activities involving lithium-ion batteries in electric 

vehicles (EVs). The scope is limited to two selected battery-related tasks representative of typical 

workshop operations in automotive repair settings which include dismantling battery from vehicle 

on an overhead lift and removal of battery lid on a disconnect, freestanding battery to inspect 

components or replace modules. 

The comparison study was conducted under controlled laboratory conditions using simulated tasks 

rather than real-world workshop environments. Activities related to vehicle manufacturing, 

assembly, battery production, recycling, other repair tasks, and end-of-life handling are excluded. 

Emergency response scenarios, roadside assistance, and vehicle operation are also outside the 

scope of this study. 

While alternative battery chemistries exist and are currently emerging, lithium-ion batteries remain 

the dominant technology in EV applications and therefore form the focus of this research. 

The study is limited to the evaluation of human movement and posture during tasks. The 

assessment focuses on kinematic aspects of work, specifically body postures and movement 

patterns associated with physical workload.  Research focus is on right arm, left arm, trunk and 

neck angle data which includes percentiles, angular velocity, elevation angle metrics, and percent 

time spent in the angles. 

A CV software (AutoPostureCV), was developed using MediaPipe for pose estimation but its use 

in this study is strictly for comparison hence the scope of the study focuses on comparative 

evaluation of the data generated by the systems, rather than the optimization or architecture of the 

software itself.  

MediaPipe is an open-source framework with several libraries which can be customized for AI 

and Machine learning solutions. It was customized for this study using Python 3 resulting in 

AutoPostureCV which is evaluated as a non-intrusive alternative to wearable sensors. The 

evaluation is limited to comparison with one type of wearable sensor, IMUs known as Wergonic, 
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which serves as the study’s reference method for posture and movement measurement. No 

additional measurement systems or physiological indicators are included. 

The sensor measurements were conducted and filmed under controlled laboratory conditions and 

do not include real-world field testing, the use of multiple sensor systems, or multi camera angles. 

1.4.2 Hazard Scope 

The thesis focuses on risk factors related to posture and movement. Other occupational hazards 

relevant to EV maintenance and repair such as external loads, fire hazards, chemical exposure, 

noise and vibration, thermal conditions, and psychosocial factors are acknowledged but excluded 

to maintain a focused scope. 

1.4.3 Output Scope 

The primary purpose of this study is the evaluation of a computer vision-based method for 

assessing movement and posture in situations where wearable sensors are not feasible. 

The outcome of the research shows how closely the CV method agrees with established wearable 

sensor methods, particularly IMUs for posture and movement assessment. This method is tested 

within the confines of the selected tasks and controlled conditions. It is not intended to represent a 

fully validated or generalizable solution for all workplace settings. 
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2. Background 

EVs are vehicles that are propelled by one or more electric motors using electrical energy stored 

in onboard rechargeable batteries, which supply electricity to one or more electric motors for 

propulsion instead of sole reliance on an internal combustion engine or alternative energy sources 

like fossil fuels or hydrogen (Faraz A. et.al. 2021).  

EVs are of several distinct types which include battery electric vehicles (BEVs) which primarily 

rely on lithium-ion battery technology due to its high energy density, efficiency, and energy 

storage capabilities (Shen et al. 2024), hybrid electric vehicles (HEVs) and plug-in hybrid electric 

vehicles (PHEVs), which combine electric motors with internal combustion engines. Others are 

fuel cell electric vehicles (FEVs), mild hybrid electric vehicles (MHEVs), and range extended 

electric vehicles (REEV) etc.  

EVs are equipped with high-voltage lithium-ion battery systems that typically operate at several 

hundred volts. These systems require strict electrical isolation before maintenance procedures to 

reduce the risk of electric shock and electrocution (International Organization for Standardization 

[ISO], 2018; International Energy Agency [IEA], 2023). Even after disconnection, residual 

hazards may persist due to stored electrical energy and potential thermal instability (Shen et al., 

2024). Consequently, EV maintenance involves both safety-critical procedures and physically 

demanding tasks. 

These tasks are performed under conditions that combine multiple risk factors, including electrical, 

chemical, and physical hazards associated with battery systems, alongside biomechanical strain 

resulting from awkward postures and repetitive movements. Such postural demands are associated 

with increased risk of work-related musculoskeletal disorders in industrial settings (EU-OSHA, 

2022; Bernard, 1997; Mathiassen et al. 2012). To better understand these risks, Table A 

summarizes key hazard categories in EV repair, highlighting the range of exposures encountered 

during maintenance activities. Within this context, particular attention is given to ergonomic risks, 

which form the focus of this study.  
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2.1 Table A; Hazards and risks in battery electric vehicle repair (adapted from Morgan E. 

(2024); plugged into safety) 

Hazard Class Hazard Type Hazard details Impact 

Musculoskeletal 

Disorders 

(MSDs) 

Awkward postures Depending on vehicle size, EV 

batteries can weigh 300-600kg, 

which can result in awkward 

postures when maneuvering 

mechanical lifts. Also, navigating 

confined EV repair spaces can lead 

to awkward postures and 

movements. 

Lifting/lowering and 

bending in awkward 

postures can 

ultimately lead to 

MSDs 

Electrical 1. Electrocution 

 

 

 

 

 

2. Arc flash/Fire 

explosion 

 

Direct contact with battery 

terminals, damaged batteries, 

touching components, High voltage 

systems. 

 

 

Arc flash can occur during short 

circuits when working with high 

voltage connections. Battery cells 

can heat up rapidly causing damage 

to internal components 

Electric shocks due 

to low or high 

voltage, impacts 

emergency response. 

 

Fire explosion, 

storage risks after 

damage, also impact 

repair, recycling and 

towing. 

Chemical Chemical exposure to 

hydrofluoric acids, 

thermal runaway 

byproducts, improper 

battery coolant 

system and 

flammable chemicals 

Chemical reactions can produce 

toxic gases, flammable oils and 

hazardous compounds if batteries 

are damaged, temperature is high or 

wrong coolants are used 

Fire explosions, 

Burns, leakage of 

hazardous 

compounds. These 

outcomes are 

elevated during 

repair. 

Physical Lithium-ion battery 

temperature 

High temperatures produced by a 

thermal runaway fire in the battery 

can release a great amount of heat.  

Results in burns to 

repair workers, 

smoke inhalation, 

and storage risks. 

Psychosocial Stress Unknown hazards and insufficient 

education can lead to fear and stress 

while working on EVs. 

Stress can impact 

dealerships, 

recyclers, repairers, 

and emergency 

response/towing 

workers. 
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2.2 Introduction to posture, movement and musculoskeletal risks 

Work-related musculoskeletal disorders (MSDs) have become a very serious problem in EU 

member states, where 60% of workers complained of backache, and pain in the upper and lower 

limbs within the past twelve months (EU-OSHA, 2019). The affected workers not only suffer 

during work but also in their home life. The economic costs of all work-related ill health range 

from 2.6 to 3.8% of the gross national product, and work-related MSDs constitute 40-50% of this 

(Nakata. M, 2002). Work-related problems concerning the musculoskeletal system, particularly 

those involving the neck, back, and shoulders, are common in industrialized countries. 

Approximately half of all work-related injuries reported in Sweden involve disorders of the 

muscles and joints; among the working population in Sweden, approximately 25% of women and 

20% of men report having had work-related, physical posture problems at some point in the past 

twelve months (SBU, 2022). MSDs affecting the neck, shoulders, and upper extremities remain 

highly prevalent and are a major cause of disability and work absence (Safiri et al. 2021; Swedish 

Work Environment Authority, 2023). 

Musculoskeletal disorders are common in the general automobile repair industry, with mechanics 

frequently reporting symptoms in the upper and lower back, neck, head, and shoulders, which have 

been linked to work absence (Torp et al, 1996). To help reduce rates of MSD, recommended action 

levels suggest that working with arm elevated above 30° should not exceed 50% of the workday, 

while elevation above 60° should be limited to 10%, based on measurements obtained using 

accelerometers (Arvidsson et al. 2021). For trunk posture, forward flexion of ≥45° for one hour or 

more per day (approximately 12.5% of the workday) has been identified as a high-risk threshold 

(Lind et al, 2020). 

Despite these recommended limits, studies indicate that many automotive tasks involve elevated 

arm postures for 26–73% of task duration, with shoulder flexion frequently reaching around 90°, 

thereby exceeding suggested action levels (Gillette JC et al. 2022). Observational research further 

shows that automotive repair work often involves sustained trunk flexion and frequent work above 

shoulder height, highlighting substantial ergonomic risks and a tendency to surpass recommended 

exposure limits (Claesson & Manja, 2017). Similar ergonomic challenges may also be present in 

EV repair tasks, particularly during battery related procedures involving constrained postures and 

overhead work. 

2.3 Ergonomic assessment methods for posture and movement 

Several ergonomic methods exist for posture and movement assessment ranging from traditional 

ergonomic methods to wearable sensor-based methods and more recently, computer vision-based 

methods. 

2.3.1 Traditional observational ergonomic assessment methods 

Traditional ergonomic evaluations relied heavily on manual observation and self-report surveys, 

which resulted in subjectivity and limited scalability (Health and Safety Executive, 2010).  
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Historically, several ergonomic assessments tools have been used for evaluating postural load and 

movement in occupational settings. Common observational tools such as Rapid Upper Limb 

Assessment (RULA), Rapid Entire Body Assessment (REBA), Ovako Working Posture Analysis 

System (OWAS), the Key Indicator Method (KIM), and Risk Assessment and Management tool 

for Manual handling Proactively (RAMP), classify working postures into predefined risk 

categories rather than providing continuous biomechanical measures like joint angles or movement 

velocities (McAtamney et al.,1993, Hignett et al., 2000, Karhu et al., 1977, Klussmann et al. 2010, 

Lind et al. 2020) which makes them useful for screening particularly where detailed technical 

measurements are not available. 

However, they are not as suitable for detailed quantitative exposure assessment as a continuous 

variable which can be summarized as percentiles such as are typical with wearable sensors and 

computer vision systems (Kee, 2022; Rose et al. 2020; Klussman et al. 2010). Because they rely 

on categorical scoring and observations, they may oversimplify highly variable work tasks and 

may be unable to capture the duration, frequency and variability of postures overtime as is the case 

of assessments as a continuous variable, which then makes it harder to calculate percentile 

distributions, angular velocities, and time spent above specific exposure thresholds, which are 

more closely aligned with epidemiological research linking cumulative postural exposure to 

musculoskeletal disorder risk (Arvidsson et al. 2021; Forsman et al. 2022). 

Additionally, the time demand associated with traditional video-based observation methods further 

highlights their practical limitations. Studies by Trask et al. (2012, 2013) demonstrate that video 

data collection and subsequent manual analysis are costly, time-intensive processes, requiring 

substantial post-processing to extract posture exposure data. 

2.3.2 Wearable sensor-based ergonomic assessment method 

Wearable sensor research began with physiological monitoring systems, such as those used during 

the Apollo space missions in the 1960s. These sensors were large and could continuously record 

astronauts’ cardiac and respiratory signals outside traditional laboratory environments (Sazonov 

& Neuman, 2015). These early systems were quite bulky and technically complex, yet they pointed 

to a shift toward ambulatory physiological data collection. In the 1970s, devices based on 

movement such as actigraphs were introduced and validated against laboratory polysomnography, 

enabling long-term and objective monitoring of sleep and activity in real-world settings (Ancoli-

Israel et al. 2003). By the late 1970s and early 1980s, wireless electrocardiogram-based heart rate 

monitors enabled continuous cardiac monitoring during exercise and became widely used in sports 

physiology research, this was the first practical transmission from laboratory to field-based 

physiological data logging (Laukkanen & Virtanen, 1998). 

Across the 1990s and 2000s, accelerometer-based systems and early wearable networks were built 

to support rehabilitation studies, improved wearability, and expanded clinical application (Patel et 

al. 2012). In the last decade, there have been advances in low-power electronics, wireless 

transmission, and multi-sensor integration which have transformed wearables into lightweight 
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entities capable of long-term, high-resolution data logging in occupational, clinical, and 

population-level research (Patel et al. 2012).  

As a result of multiple epidemiological studies which shows that sustained or repetitive upper-arm 

elevation and forward trunk flexion lead to increased risk of shoulder and neck disorders (van Rijn 

et al. 2010; Wærsted et al. 2020), and prospective studies using device-based measurements further 

demonstrating that objectively recorded arm elevation and trunk flexion are linked to long-term 

sickness absence and musculoskeletal pain (Gupta et al. 2022; Lunde et al. 2019), there is a clear 

rationale for quantifying postural exposure using wearable sensors. 

For this research, the chosen sensor-based system is Wergonic, an ergonomic solution that uses 

wearable sensors which are integrated into smart clothing developed to track posture, limb 

movements, and physical load during physical work tasks. The underlying logic of Wergonic is 

based on quantifying angular deviation from neutral joint postures. It uses wearable sensors to 

measure joint angles during work tasks and compare them to biomechanically defined neutral 

positions (Yang et al., 2018). Ergonomic risk can then be estimated based on the magnitude and 

duration of deviation in a way that is consistent with principles outlined in ISO 11226:2000-

Ergonomics; which is an international standard that provides guidelines for assessing static 

working postures and natural body alignment. It defines how long and how far the human body 

can deviate from a natural position before the risk of musculoskeletal strain increases. 

Wergonic systems use accelerometers or Inertial measurement unit sensors (IMUs) to measure 

upper-arm and trunk inclination relative to gravity after calibration in a neutral reference posture 

(Jørgensen et al. 2019; Palm et al. 2018). Postural angles along with angular velocities are 

computed continuously across the task time using gyroscopes, allowing objective exposure 

measurements. The Wergonic clothing has specialized pockets designed to maintain orientation 

and prevent movement of the sensors which can contribute to relative movement errors 

(Wahlström et al. 2025).  

The Wergonic application produces a report after each measurement which includes angle 

percentiles, angular velocity percentiles for the limbs and time spent in different risk zones, along 

with the corresponding recommended action levels as proposed by Arvidsson et al. (2021). This 

comes after calibration per task is completed, and participants follow predetermined Wergonic 

sensor instructions to undergo mapping while wearing the Wergonic sensors to determine actual 

body positioning.  

Typically, Wergonic sensors describe postural exposure using the 50th and 90th percentiles, which 

represents the median posture and more extreme, sustained postures, respectively. where low 

movement velocities (<2.5 °/s) are used to indicate sustained or static postural loading, while high 

movement velocities (>45 °/s for the upper arms and >20 °/s for the trunk) represent rapid or 

repetitive movements associated with increased biomechanical load (Lewis et al. 2026). 

Additionally, the proportion of time spent in neutral posture (<20°) and in postures exceeding 30°, 

60°, and 90° joint inclination angles are calculated, along with the frequency of periods lasting 
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more than three seconds in neutral posture because sufficient recovery time is considered important 

for reducing musculoskeletal strain (Kazmierczak et al. 2005; Palm et al. 2018). 

Arvidsson et al. (2021) proposed practical action levels for posture and movement based on 

epidemiological research showing which patterns increase the risk of musculoskeletal problems. 

They aggregated data from many studies that looked at how long people’s arms are raised and how 

fast they move and the related risk of MSD, then used this information to set thresholds. These 

thresholds make it easier to quantify risk and guide simple, preventive actions before injuries 

develop. 

A central feature of Wergonic is the application of logic which is grounded in quantitative exposure 

and response research. The underlying principle shows that the risk of MSDs increases as both the 

magnitude and duration of angular deviation from neutral posture increases (Forsman et al. 2022a). 

Methodological accuracy and consistency are also important when implementing this system as 

factors such as sensor type, placement, computational approach, and the definition of reference 

posture can influence angle and velocity outputs (Fan et al., 2021; Dahlqvist et al. 2018). To 

improve comparability between systems, conversion models between accelerometer and IMU-

based systems have been proposed (Forsman et al. 2022b). 

In summary, Wergonic does not rely on observational scoring methods; instead, it measures 

postural workload using percentile and time spent in different body positions and movement 

velocity based on established action levels from epidemiological research. This exposure-based 

approach is consistent with systematic reviews which identify occupational mechanical exposures 

as risk factors for shoulder and low-back disorders (van Der Molen et al., 2017; Jahn et al. 2023). 

When proper calibration and clearly defined thresholds are implemented, Wergonic provides a 

good way to assess posture and movement in occupational settings and compare to established 

guidelines. 

2.3.3 Computer Vision-Based posture assessment methods  

CV-based systems provide an alternative through automated analysis of recorded video to quantify 

posture, movement, and joint tracking which allows data driven inference along with continuous, 

reproducible, and objective posture and physical load evaluation. Recent evidence shows that 

computer vision posture estimation models can replicate ergonomic assessments made by experts 

with high efficiency while reducing subjectivity and observer burden (Lin et al., 2022; Yang et al. 

2024). 

Despite these advancements, common CV models used for ergonomic assessments show important 

limitations. Firstly, the algorithms struggle in real world conditions with lighting, occlusion, 

complex movements etc. which can result in inadequate joint tracking and physical posture 

estimations (Colyer et al. 2018). Also, physical load outputs from CV-based systems are typically 

estimates rather than precise measurements, since most rely on 2D or simplified 3D models and 

do not directly measure forces, joint movements, or muscle activity (Debnath et al. 2022). 
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Additionally, most of the available tools are proprietary software with no publicly available demos, 

hence, the way they calculate scores, risk levels, raw angle time series, and percentiles are unclear 

or not validated in some cases (EU-OSHA, 2022).  

Also, while wearable sensors can provide valid and quantitative measures of trunk and upper-arm 

inclination relative to gravity, they require body-mounted devices, calibration procedures, and 

worker compliance (Fan et al. 2021; Lind et al. 2025). In complex industrial environments such as 

EV repair, tasks often involve confined spaces, overhead work, kneeling, leaning into engine 

compartments, and frequent transitions between postures. Such conditions can make sensor 

placement challenging and may influence natural movement patterns. 

CV-based ergonomic assessment on the other hand offers a non-contact alternative that estimates 

body segment positions from video data. Given the established association between elevated arm 

postures, forward trunk flexion, and musculoskeletal risk, CV systems can operationalize the same 

exposure logic used in wearable-based methods i.e. angular deviation from neutral body position 

and duration of exposure without requiring instrumentation of the worker (Van Rijn et al. 2010; 

Wærsted et al. 2020). 

In EV repair, tasks frequently involve sustained upper-arm elevation, trunk flexion, and 

asymmetric postures when accessing battery packs or underbody components. Such postural 

exposures have been associated with increased biomechanical risk for musculoskeletal disorders 

in occupational settings (Van der Molen et al. 2017). CV–based human pose estimation and 

markerless motion capture techniques have been increasingly applied for automated ergonomic 

risk assessment by enabling estimation of body postures and joint kinematics from video data 

without the need for wearable sensors (Brunner et al. 2021; Salisu et al. 2023; Agostinelli et al. 

2024). These developments suggest potential applicability of CV-based approaches for ergonomic 

assessment in EV maintenance tasks. 

Further need for CV approaches arises from four practical limitations of wearable sensors: 

1. Safety in high-voltage environments:  In EV repair, CV provides a non-contact measurement 

approach, reducing the risk associated with wearing electronic or metal devices near high-

voltage battery systems where electrical hazards, fire, or explosion risks may be present. 

2. Scalability and Feasibility: Large-scale or multi-worker environments are resource-intensive 

when sensors must be individually mounted, calibrated, and maintained for different tasks (Fan 

et al. 2021). 

3. Intrusiveness:  Body-worn sensors may interfere with tasks involving tight compartments or 

protective clothing common in BEV repair (Agostinelli et al. 2024) 

4. Worker Acceptance: Other limitations arise from participant complaints related to discomfort 

if worn for long periods and concerns about ease of use and aesthetics (Gupta et al. 2022). 



21 
 

3. Sustainability and societal impact 

 

Figure I; UN SDGS 3, 8 and 9 (UN, 2026) 

Sustainability simply means meeting the needs of today without compromising the ability of 

coming generations to meet their needs (WCED, 1987). Sustainability in industrial development 

goes beyond environmental impact, as it also includes how emerging technologies affect working 

conditions, safety, and the ability to manage new forms of occupational risk (United Nations, 

2015). The transition toward electric vehicles (EVs) is a clear example of this broader shift. While 

EVs are widely adopted as part of strategies to reduce greenhouse gas emissions and dependence 

on fossil fuels, they also fundamentally change the technical and physical demands placed on 

workers in EV repair environments (International Energy Agency [IEA], 2024). 

These changes introduce new patterns of physical workload that are not always well captured by 

traditional observational ergonomic methods or easily assessed using existing measurement tools 

in practice (David, 2005). As a result, there is a growing need not only to improve safety in EV 

repair work, but also to develop reliable ways of measuring and understanding these new work 

conditions as they emerge. 

A key challenge in this transition is that many of the ergonomic risks associated with EV repair 

are not directly visible or easy to quantify using conventional workplace assessment approaches. 

This creates a gap between the reality of work and the ability to systematically evaluate it (Takala 

et al. 2010). Rather than replacing existing ergonomic methods, CV-based approaches can support 

the evaluation of how work is performed in settings where wearable sensors are difficult to use 

due to safety, practicality, or intrusiveness. 

The evaluation of CV methods for ergonomic assessment contributes to this aim by exploring how 

computer vision can be used to quantify posture and movement exposure in a way that aligns with 

ergonomic principles while remaining usable in high-risk work environments (Plantard et al. 

2017). 
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Within the sustainability framework, three Sustainable Development Goals (SDGs) are 

particularly relevant. SDG 3 (Good Health and Well-being) relates to the prevention of work-

related musculoskeletal disorders and long-term health effects of physical workload. SDG 8 

(Decent Work and Economic Growth) reflects the importance of safe and sustainable working 

conditions in industries undergoing technological change, such as EV repair. SDG 9 (Industry, 

Innovation and Infrastructure) connects directly to the development of new digital tools, including 

computer vision systems, that support safer and more adaptive industrial work processes (United 

Nations, 2015). 

Together, these goals highlight that sustainable development in the context of EV repair is not only 

about reducing environmental harm, but also about ensuring that technological change is 

accompanied by adequate tools for understanding and managing its impact on workers. 
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4. Theoretical Framework 

 

Figure II: Exposure and Health effect framework (Image adapted by author based on the exposure–

dose–response concept) 

1. Ergonomic Measurement and Exposure Assessment Theory 

This study is grounded in ergonomic measurement and exposure assessment theory, which 

emphasizes that physical workload and postural exposures must be quantified using reliable and 

valid methods to enable meaningful occupational risk evaluation. As conceptualized in the 

Ergonomic Exposure and Health Effect Framework above, occupational hazards can be 

understood as a sequential process: a workplace source gives rise to external exposure which 

contributes to an internal dose which could be biomechanical loading on musculoskeletal tissues), 

and may ultimately result in adverse health outcomes, such as MSDs (Punnett and Wegman, 2004). 

Within this context, measurement validity refers to the extent to which a system accurately and 

consistently estimates the same constructs as an established reference method. Accordingly, this 

study evaluates the validity and level of agreement between two exposure measurement systems: 

a wearable sensor system (Wergonic), used as the reference in this study for estimating postural 

angles relative to gravity, and a CV-based system (AutoPostureCV) that derives comparable 

kinematic variables from video-based pose estimation which is consistent with established 

principles for evaluating working postures (ISO 11226, 2000). 

Establishing the degree of agreement between these systems is essential for determining whether 

non-invasive computer vision methods can serve as a valid alternative for ergonomic exposure 

assessment in certain occupational settings. 
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2. The Human-Technology-Organization (HTO) Perspective 

While ergonomic exposure assessment theory focuses on the measurement of physical workload, 

the Human–Technology–Organization (HTO) perspective provides the broader socio-technical 

context in which such exposures occur. The HTO framework explains occupational health 

outcomes as the result of dynamic interactions between human operators, technological systems, 

and organizational conditions. From this perspective, musculoskeletal disorders are not attributed 

solely to isolated physical movements, but rather emerge from cumulative biomechanical loading 

shaped by task design, technological constraints, and work organization. 

In the context of electric vehicle (EV) repair environments, these interactions are important as 

rapid technological advancements and evolving high-voltage maintenance procedures introduce 

new and variable physical demands, thereby altering technicians’ postural and biomechanical 

exposure patterns. Within this socio-technical system, the CV-based tool is therefore not treated 

as an isolated method, but as a technological intervention within a complex work environment that 

includes human behaviour and organizational structures. 

3. Systematic Work Environment Management (SWEM) 

The application of ergonomic exposure measurements is further situated within the framework of 

Systematic Work Environment Management (SWEM), as defined in Swedish occupational health 

and safety legislation (Arbetsmiljöverket, AFS 2023:1) and aligned with international standards 

(International Labour Organization, 2001). SWEM provides a structured, iterative process for the 

identification, assessment, control, and follow-up of workplace risks. 

This process is commonly operationalized through a Plan–Do–Check–Act (PDCA) cycle. Within 

this cycle, valid and reliable ergonomic exposure data are essential inputs during the assessment 

or check phase. By establishing the validity of the computer vision system at the exposure 

measurement level, this study contributes to strengthening the evidence base required for data-

driven risk assessment and supports proactive ergonomic risk management and preventive 

interventions in occupational settings. 
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5. Methodology  

5.1 Overall study design and description of study context 

This thesis was affiliated with the wider research project: Assessing and addressing hazards in 

the maintenance of battery electric vehicles: a safe work environment during the green 

transition by Catherine Trask, Lena Andersson, and Katarina Kraus (2026). The present thesis used 

a multiple methods approach, which included an initial qualitative phase to explore and define 

requirements and select a CV tool, followed by a quantitative experimental phase where an open-

source computer-vision library was customized and operationalized with specific ergonomic 

metrics and then comparatively evaluated with Wergonic sensor. A laboratory-based simulation 

was employed to evaluate ergonomic risk during specified EV repair tasks. The focus was on 

posture and movement of the neck, upper arms, and trunk. Data was collected using Wergonic 

wearable sensors with measurement uploaded to the app and video recordings recorded and 

subsequently fed into the CV tool. 

5.1.1 Participants and Recruitment 

A convenience sample of participants was recruited from the university community. Eligibility 

criteria included individuals without current musculoskeletal disorders (MSDs) or other conditions 

that could limit participation in the simulated tasks. Participants were not required to have prior 

experience in automotive or electric vehicle repair. Prior to data collection, all participants received 

standardized instructions outlining the simulation procedure and task sequence. A total of 4 

participants took part in the study. Participant characteristics including age, weight, and gender 

were recorded.  

5.1.2 Simulated Tasks 

The study was conducted in a controlled laboratory environment consisting of two task stations 

designed to represent typical EV battery maintenance activities. All participants performed both 

tasks in the same sequence. Each task was performed once, with durations of approximately 

1.5mins per task. Four participants participated in the study and were selected using convenience 

sampling from the university environment. None of the task performers reported musculoskeletal 

disorders or physical limitations that would affect participation and output of the simulated 

activities; only one of the participants had limited experience with auto repair. 

The first task simulates battery disconnection from the vehicle. In real EV maintenance, this 

operation involves unbolting and disconnecting a high-voltage battery pack from the underside of 

a vehicle, typically performed in constrained spaces beneath a lifted chassis. To approximate this, 

two tables were placed side by side with a narrow gap, and a third table was positioned upside 

down across them to simulate the vehicle's body.  
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A battery pack was represented by a 20 × 20 cm box, approximately 8 inches high, containing 

lightweight and mid-sized 4.5v prismatic batteries. Participants entered the confined space, some 

having to kneel, and reached upward to trace circular patterns on paper taped beneath the structure, 

representing the loosening of bolts using a nut runner during battery detachment. This setup 

elicited constrained working postures for the upper body, including trunk flexion, neck bending, 

and sustained arm reaching. Following completion of the first task, the simulated battery pack was 

physically carried from the vehicle setup to the second workstation about 3 meters apart. 

 

Figure III: Side by side of a real-life EV dismantling task (left) and the simulated dismantling task 

(right) (Image on left; from Tesla model 3, 2018) 
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The second task was to simulate battery removal on a disconnected battery module. In real EV 

workshop practice, this involves opening the battery casing, inspecting internal components, and 

further leading to repair which involves maintenance or replacement at a dedicated workstation. 

In the simulation, a table positioned at approximately waist height represented the repair station, 

where the same 20 × 20 cm battery box was placed for dismantling. Participants were to only 

simulate removal which included actions such as unscrewing and knocking open the simulated 

casing to reveal internal components. This task primarily induced neck flexion during close 

inspection, upper arm elevation during handling, and forward trunk flexion associated with 

sustained static working postures at a fixed workstation. 

Figure IV: Side by side of a real-life EV removal task (left) and the simulated removal task (right) 

(Image on left; from Chevrolet bolt EV, 2017) 

 

5.1.3 Instrumentation and Data Collection 

Participants wore a Wergonic sensor-equipped t-shirt, which was calibrated in a neutral upright 

posture. Calibration was done prior to each task, with a weighted bag held during calibration of 

each arm. The sensors which were positioned on the left and right forearms, forehead and back of 

the neck recorded kinematic data, including posture angles and movement patterns of the neck, 

upper arm, and trunk. 
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Figure V: Calibration posture for neutral, left and right arms with red circles showing sensor 

positions on the body 

Video recordings were captured for each task using a hand-held smartphone camera that followed 

participants during task performance, allowing movement to be recorded from the frontal and 

sagittal perspectives. This approach was chosen to reflect real-world workplace assessments, 

where cameras often follow workers as they move through the work environments (Trask et al., 

2012). 

The researcher also conducted observations during task performance, noting posture-related 

issues, participant complaints, and any observed difficulties even though this is not directly used 

in the study as it is strictly based on CV-sensor comparisons. 

5.1.4 Data Processing and Generation of Exposure Metrics 

Sensor and video data were processed to extract key ergonomic metrics which included percent 

time spent at different posture angles ranging from <10 to >60, Neck, trunk, right and left arm 

percentiles (P50 and P90), and movement velocity percentiles for right and left arms (P50, P90). 

Data obtained from the Wergonic app was compared with outputs from the chosen computer vision 

method. 
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5.2 Scoping and selection of CV system 

A structured search strategy was applied to identify relevant CV systems. Searches were conducted 

using general web search engines, KTH library Primo, Google Scholar, Journals, and industry 

websites. Few others were suggested by interviewees. Data was extracted from official company 

website documentations, technical descriptions, and product user reviews. Data included key 

limitations, output type, access models, validation evidence, primary use and suitability for 

laboratory/workplace ergonomic assessment. 

For the interviews, a semi-structured interview guide was developed to explore experiences and 

perspectives related to the use of computer vision methods in ergonomic assessment. The full 

interview guide is presented in Figure A (see Appendix). Three individuals with professional 

experience in the development and application of computer vision systems were interviewed. Two 

of the interviews were audio-recorded, and all three were supplemented with written notes to 

support data analysis. 

The interview material was analyzed using a qualitative content analysis approach inspired by 

Graneheim and Lundman (2004) to find emerging themes. A primarily deductive strategy was 

applied using predefined analytical categories derived from the study's aim and research questions 

including usability, validity, cost and subscription, implementation challenges, suitability for 

laboratory and workplace ergonomic assessment etc. 

A comparative study was conducted to select a suitable computer vision system, and the evaluation 

criteria included reported usability, accessibility, publicly available documentation, compatibility 

with laboratory filming, and application to ergonomics. Five CV tools were evaluated in terms of 

intended use, cost and subscription, usability, quantitative validity, and compatibility with 

wearable Wergonic sensor metrics. The result was a novel customized CV system 

(AutoPostureCV) to address these specific requirements. A description of the CV method is 

provided in the next section.  

5.2.1 AutoPostureCV  

AutoPostureCV was used in this study as a computer vision-based method for assessing posture 

and movement during simulated EV repair tasks. The AutoPostureCV workflow was implemented 

through a collaboration between the author of this thesis and an independent software developer. 

The author was responsible for defining methodological requirements, selecting ergonomically 

relevant exposure variables, coordinating iterative testing, and evaluating whether the generated 

outputs aligned with the study objectives. The software developer was responsible for technical 

implementation of the processing pipeline, including pose estimation integration, angle 

computation, movement analysis, and export functions. The system was adapted from the open-

source MediaPipe BlazePose framework developed by Google, which enables markerless tracking 

of human body landmarks from standard video recordings (Bazarevsky et al. 2020). Using 



30 
 

monocular video input, the system generated continuous kinematic data for the neck, trunk, and 

upper limbs during task performance. 

The system was configured to compute gravity-referenced segment angles and angular movement 

velocities from detected body landmarks. Posture and movement metrics were extracted frame-

by-frame and processed into continuous angle time-series suitable for ergonomic exposure 

assessment. The outputs included percentile-based posture measures, movement velocity 

distributions, and time spent within specified posture ranges commonly used in occupational 

ergonomics research (Hansson et al. 2006; Arvidsson et al. 2021). Movement velocities were 

categorized into low (<2.5°/s), moderate (2.5 – 45°/s), and high (>45°/s) movement ranges based 

on previously established occupational exposure criteria (Lewis et al. 2026). 

The processing pipeline consisted of sequential stages including video preprocessing, body 

landmark detection, angle computation, movement velocity calculation, and exposure metric 

generation. MediaPipe body landmarks corresponding to the head, shoulders, elbows, hips, and 

wrists were used to estimate neck, trunk, and upper arm postures. To improve stability of frame-

by-frame measurements, temporal smoothing procedures were applied to reduce landmark jitter 

during movement sequences. The features of AutoPostureCV are summarized in Table 1. 

Pilot testing and iterative refinement were conducted using publicly available EV repair videos 

and later, recorded laboratory simulations of EV repair activities involving sustained neck flexion, 

upper arm elevation, and forward trunk inclination. Outputs from the system were reviewed 

throughout development to assess measurement consistency and practical suitability for ergonomic 

analysis. 

The final AutoPostureCV system produced continuous posture and movement exposure data that 

could be exported for subsequent quantitative analysis. In this study, the system was used as a 

posture assessment method for evaluating movement and postural exposure during EV repair work 

tasks. 
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Table B; AutoPosture CV Features 

Tool AutoPostureCV 

 

Cost and 

License 

1. Open-source architecture (Apache 2.0) 

2. No subscription or proprietary software dependency  

3. Full customization and analytical control 

Features 1. Pose Estimation – Detects body landmarks with temporal smoothing 

tracking up to 9 joints 

2. Computes Joint angles, measures angular velocity, exposure duration, 

percentile distribution, frequency and variability with how long joints 

remain in high-risk positions providing time weighted exposure. 

3. Implements and tracks exposure-based thresholds, flagging exceedances, 

classifying risk levels (Low, Moderate and High) and highlighting joints 

with sustained high-risk exposure. 

4. Generates percentile plots, exposure-over-time proportions and risk 

assessment heatmaps. 

5. Measurement reports with summary, detailed quantitative output and 

recommendations 

6. User-defined posture thresholds, movement speeds and percentiles 

7. Exports files to standard formats (PDF, JSON, CSV, PNG) 

8. Auto-analysis of data and integration with analysis tools 

9. Compatible with laboratory or field-based filming 

10. Aligned with Wergonic styled output 

 

5.2.2 Statistical Analysis 

After initial data processing to come up with usable metrics, Statistical analysis using SPSS 

assessed agreement between the two measurement methods using Bland–Altman analysis (Bland 

& Altman, 1986). Only percentile values were used for the analysis, while time at angles data was 

excluded to ensure uniformity between both CV and sensor systems. Wergonic and 

AutoPostureCV used different posture interval classifications and angular cut off groupings, 

making direct statistical comparison less methodologically consistent and meaningful.  

A total of twelve percentile metrics (Neck P50 & P90, Trunk P50 % P90, Right Arm (R.A.) P50 

& P90, Left Arm (L.A.) P50 & P90 and angular velocity percentiles for R.A. P50 & P90, and L.A. 

P50 & P90) were included for both CV and Wergonic (W). One Bland & Altman plot per metric 

showing 8 points for each metric with a W - CV difference on the Y axis and Mean of W and CV 

on the X axis was computed using SPSS. The eight points on the graph represent the two tasks 

carried out by the four participants (both Dismantling and Removal). Bias was estimated using the 

mean difference between the two methods (W_CV) along with upper and lower limits of 

agreement derived from the plots. 
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5.2.3 Ethical Considerations 

All participants received information about the study, and informed consent was obtained prior to 

participation. They were informed of their right to withdraw at any time without consequence. All 

simulated components used in the study were lightweight and designed to minimize risk of 

physical strain or injury. All personal data was securely stored, and any identifying information 

was carefully removed. All photos included in the study are of the author rather than participants 

to ensure their confidentiality. 
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6. Results 

6.1 Summary of findings 

In this section, the comparative results obtained from the scoping review of the five CV software 

are presented in Table 2. This is followed by results of the agreement study between the wearable 

sensor method, Wergonic and the selected CV system, AutoPostureCV. In this part, the goal was 

to evaluate how well the two methods agree with each other when tracking body postures and 

movements. Twelve metrics were evaluated across the two systems to test them, and the 

comparison was evaluated using two main steps. Firstly, Systemic Bias was evaluated to check 

whether one system consistently reads higher, the same or lower than the other; this was done by 

subtracting the CV mean from the Wergonic (W) mean (W - CV).  

Bias equal or close to zero signifies that on average both methods show little or no systematic 

difference. Bias greater than zero (Positive bias) signifies that W gives higher values than CV, and 

bias below zero shows that CV gives higher values or overestimates the W values. 

Secondly, because bias does not show the impact of random error and whether individual 

measurements vary a lot, upper and lower limits of agreement are used to show how much the 

differences fluctuate across boundaries. Table 3 summarizes all these numbers showing the means, 

the average gaps, the percentages, and the exact boundaries for all 12 pairs of exposure metrics. 

Right after the table, you will find the individual Bland-Altman plots visualizing the boundaries 

and biases for each metric across the two measurement methods.
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6.2 CV methods scoping results 

Table C. Comparative results showing different CV tools used for ergonomic assessments. 

Tool (Name and 

manufacturer) 

Intended Use Cost and 

subscription 

Usability (based on 

product page 

descriptions, online 

reviews and user 

interviews) 

Quantitative 

validity 

Wergonic 

Compatibility 

Inseer (Inseer Inc) For Workplace 

ergonomics 

evaluation 

Enterprise and quote-

based subscription, only 

demo and no trial 

subscription 

User friendly 

dashboards and 

seamless integration. 

“...Inseer seamlessly 

integrated AI into my 

consulting and provided 

invaluable data and 

visual feedback for 

posture and 

performance”. 

Limited 

published 

validation studies 

Unclear access 

to exposure time 

series data (e.g. 

joint angles and 

percentiles) 

 

Intenseye 

(Intenseye Inc) 

For safety 

evaluation and 

Workplace 

ergonomics  

Enterprise subscription, 

only demo and no trial 

subscription  

Enables seamless 

integration with a 

camera system but relies 

heavily on camera 

placement and visibility 

to be effective and 

“needs recalibration to 

avoid false positives”. 

Limited evidence 

of full system 

validation 

Focuses on risk 

scores not 

continuous 

exposure 

metrics 
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Surveily (Surveily 

Sp. Z.o.o) 

For Ergonomics 

& safety 

monitoring 

Enterprise subscription 

only, no demo and no 

trial subscription 

 

Designed for continuous 

monitoring and provides 

real-time data analysis 

 

Limited publicly 

available 

validation and 

technical detail 

Unclear access 

to continuous 

exposure 

metrics 

Theia3D (Theia 

Markerless Inc) 

For 

Biomechanics & 

sports research 

Uses academic and 

commercial licensing 

models which are 

quotation-based and 

gives no trial 

subscription 

Reported high usability 

for trained researchers 

but “..is sensitive to 

lighting and background 

variation” 

Validated in 

biomechanics 

research (Adlou 

et.al., 2025) with 

known marker-

less limitations 

Limited focus 

on continuous 

exposure 

metrics 

DeepMotion Inc Mainly for 

animation and 

motion capture 

Subscription based, free 

trial limited to three 10s 

video clips 

“..It was very easy to 

use for animation”. 

Output is affected by 

reflective surfaces. 

“..mirrors really distort 

the output and so you 

cannot use it in some 

environments” 

No validation 

evidence for 

ergonomic 

assessment 

Designed for 

animation, not 

biomechanical 

exposure 

 

While each of the reviewed tools offered valuable functionality, the review highlighted that these systems did not fully meet specific 

requirements for neck, trunk and upper arm posture and movement assessment with Wergonic-style metrics in a laboratory setting, had 

limited publicly available demos, no trial subscription and more importantly, did not provide free access to data metrics needed for 

computation and analysis - hence the need for a customized CV system which resulted in AutoPostureCV.
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6.3 Comparison study with Wergonic 

6.3.1 Agreement statistics between the systems 

Overall, the findings indicate clear disagreements between the two systems across many metrics 

in a non-uniform way but depending on the metric type. There was no task-based analysis done, 

but a general trend in the data showed that agreement was better for static posture metrics than 

velocity-based or dynamic metrics, which could indicate that task type may influence the 

agreement. 

CV tends to over-estimate Neck P50, Trunk P90, Right Arm velocity P50 and P90, Left Arm 

velocity P50 and P90. This means that AutoPostureCV generally produces higher exposure 

estimates, particularly for Velocity-based and Trunk related metrics. On the other hand, bias was 

positive for Right Arm P50 and Right Arm P90 signifying that CV tends to underestimate these 

metrics, which means Wergonic reports higher arm exposure values especially for the right arm. 

The LA metrics had little variability with neck metrics showing no consistency. 

Table D: Descriptive statistics for Wergonic and AutoPostureCV posture measurement 

methods 

Percentile 

Metrics 

Wergonic 

Mean (sd)  

Auto-posture 

CV Mean (sd) 

Bias (Mean 

difference, 

W-CV) 

Limits of 

Agreement  

(Upper – 

Lower) 

Neck P50° -5.8 (33.9) ° 0.1 (40.4) °  -5.9° [-88, +76] ° 

Neck P90° 24.2 (22.0) ° 49.2 (14.6) ° -25° [-70, +20] ° 

Trunk P50° -0.4 (15.3) °  15.9 (11.0) ° -16.3° [-57, +23] ° 

Trunk P90° 7.4 (16.3) ° 25.8 (13.0) ° -18.4° [-51, +14] ° 

RA P50° 76.8 (22.5) ° 54.8 (26.4) ° +22.0° [-37, +86] ° 

RA P90° 84.2 (24.0) ° 78.2 (31.7) ° +6.0° [-60, +84] ° 

RA Velocity 

P50 (°/s) 

6.5 (1.5) °/s 20.2 (10.4) °/s -13.7°/s [-33, +6] °/s 

RA Velocity 

P90 (°/s) 

27.5 (7.9) °/s 105.0 

(67.5) °/s 

-77.5°/s [-206, +51] °/s 

LA P50° 24.9 (10.7) ° 28.9 (11.2) ° -4.0° [-46, +35] ° 

LA P90° 44.1 (13.5) ° 49.4 (20.3) ° -5.3° [-45, +32] ° 

LA Velocity 

P50 (°/s) 

3.5 (2.1) °/s 28.0 (13.7) °/s -24.5°/s [-51, +2] °/s 

LA Velocity 

P90 (°/s) 

16.4 

(17.4) °/s 

97.7 (31.8) °/s -81.3°/s [-150, -13] °/s 
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Fig. VI; Bland-Altman plot showing difference between Wergonic and CV for forward Neck 

angle percentile (P50) 

 

 

Fig. VII; Bland-Altman plot showing difference between Wergonic and CV for forward Neck 

angle percentile (P90) 
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Fig. VIII; Bland-Altman plot showing difference between Wergonic and CV for Trunk angle 

percentile (P50) 

 

Fig. IX; Bland-Altman plot showing difference between Wergonic and CV for Trunk angle 

percentile (P90) 
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Fig. X; Bland-Altman plot showing difference between Wergonic and CV for Right Arm angle 

percentile (P50) 

 

Fig. XI; Bland-Altman plot showing difference between Wergonic and CV for Right Arm angle 

percentile (P90) 
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Fig. XII; Bland-Altman plot showing difference between Wergonic and CV for Right Arm 

Velocity (P50) 

 

Fig. XIII; Bland-Altman plot showing difference between Wergonic and CV for Right Arm 

Velocity (P90) 
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Fig. XIV; Bland-Altman plot showing difference between Wergonic and CV for Left Arm angle 

percentile (P50) 

 

Fig. XV; Bland-Altman plot showing difference between Wergonic and CV for Left Arm angle 

percentile (P90) 
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Fig. XVI; Bland-Altman plot showing difference between Wergonic and CV for Left Arm velocity 

percentile (P50) 

 

Fig. XVII; Bland-Altman plot showing difference between Wergonic and CV for Left Arm velocity 

percentile (P90) 
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7. Discussion  

7.1 Discussion of Results 

The comparison between AutoPostureCV and Wergonic showed variable levels of agreement 

across the different exposure metrics. The overall results indicate that agreement was more 

consistent for static posture-based metrics than for velocity-based metrics, which suggests 

differences are dependent on the type of exposure being estimated.  

In terms of Bias (systematic error), AutoPostureCV showed a tendency to overestimate and 

produce values higher than Wergonic for trunk and all velocity-related metrics for both upper 

limbs.  

In contrast, Right Arm posture metrics showed CV underestimation for this metric in relation to 

Wergonic with Left Arm not showing much variability. This indicates that systematic error was 

not uniform but dependent on specific metrics being assessed. Also, velocity measurements 

seemed to show a systematic trend with errors; they appeared to overestimate low values and 

underestimate higher values, which could also mean agreement reduces as magnitude increases. 

The limits of agreement were generally wider for velocity-based metrics compared with posture-

based metrics, indicating lower precision and greater random error between the two methods for 

dynamic movement measurements. In contrast, posture-related metrics showed comparatively 

narrower limits of agreement, suggesting more consistent agreement for static posture estimation. 

Similar challenges related to movement variability and workplace measurement conditions have 

previously been reported in video-based ergonomic assessment studies (Plantard et al., 2017). 

One observation showed a particularly large discrepancy in a velocity-based metric, where 

AutoPostureCV produced a substantially higher value (97.7°) compared with Wergonic (2.1°). 

This difference corresponds to a strong negative bias in the W − CV calculation and reflects a case 

where the CV-based estimate exceeded the reference measurement method by a large margin. 

Descriptive analysis of the difference scores indicated systematic disagreement between the two 

methods. The negative mean differences indicate that AutoPostureCV generally gave higher 

values than Wergonic across the evaluated metrics. 

Several limiting factors may contribute to these differences. Firstly, video-based posture 

assessment methods are influenced by body visibility and camera perspective.  For example, 

partially visible body segments have been shown to affect posture estimates in occupational video 

observation (Trask et al., 2015). Sensors directly measure orientation relative to gravity, while CV 

systems infer body posture through visual landmark detection and estimation algorithms. 

Consequently, some discrepancies in joint-angle estimation, movement velocity, and posture 

classification are expected, particularly during partially occluded or asymmetric postures. Several 

other factors may explain observed differences between the methods. These include camera 

positioning, lighting variations, differences in calibration procedures, synchronization issues, and 
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limitations associated with two-dimensional pose estimation. Fast movements, rotations, and 

postures involving partial occlusion of body segments may also influence CV accuracy. Similar 

limitations have been identified in previous computer vision ergonomic studies (Colyer et al. 2018; 

Debnath et al. 2022). 

Additionally, participants frequently adopted sustained upper-arm elevation, forward trunk 

flexion, and neck bending during overhead and close-inspection tasks. These types of postures 

have previously been associated with increased risk of musculoskeletal disorders affecting the 

shoulders, neck, and back (van Rijn et al., 2010; Wærsted et al. 2020). The simulated overhead 

battery dismantling task produced elevated arm postures and constrained trunk positioning. This 

aligns with earlier ergonomic studies reporting substantial exposure during automotive underbody 

tasks and overhead work (Gillette et al.; Claesson & Manja). Similarly, the battery lid removal 

task involved prolonged neck extension and repetitive upper-limb movement associated with close 

manual inspection work.  

7.2 Considerations for Usability and Feasibility 

Observational findings noted during the sessions showed clear usability differences between the 

systems. The Wergonic system required sensor placement, calibration, and periodic adjustment, 

with higher setup time and reported discomfort from wearable components, particularly the 

forehead sensor. 

In comparison, AutoPostureCV required minimal preparation and allowed unrestricted movement, 

with the added benefit of re-processing recorded data. However, performance appeared to be 

affected by environmental factors such as camera placement, lighting, occlusion, non-

synchronization, and field-of-view limitations. 

Overall, the wearable system seemed to provide more stable measurements during complex 

movements, while the CV system offered greater usability and flexibility, particularly in contexts 

where sensor use is impractical. These observations were not part of the methodology and are 

based on limited qualitative impressions; however, they do suggest possible avenues for future 

research.  

7.3 Discussion of Methods 

A major strength of this study is the integration of ergonomic exposure assessment with emerging 

computer vision technology in a practical occupational context. Another strength is the use of 

exposure-based ergonomic metrics rather than observational risk scoring systems alone. The study 

addresses a relevant gap concerning posture assessment in environments where wearable sensors 

may not be feasible due to safety or operational constraints.  

There are several methodological considerations that could impact the interpretation of these study 

results and are broadly grouped into three categories: Design considerations, Measurement 

considerations, and Scope considerations. 
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7.3.1 Design Considerations 

This study employed a controlled laboratory-based design combining CV-based posture estimation 

(AutoPostureCV) with a wearable sensor (Wergonic) to assess ergonomic exposure during 

simulated EV repair tasks. The laboratory-based simulation design provided important 

methodological advantages. Controlled filming conditions improved consistency between 

recordings and reduced environmental variability, which allows for better comparison between 

both system outputs.  

However, this introduces a trade-off between control and field validity, as real EV repair 

environments are often characterized by dynamic movement, equipment interference, variable 

lighting, and multiple human-machine interactions that cannot be fully replicated in laboratory 

settings. Also, variability may still arise from differences in participant body structure, movement 

strategy, and positioning relative to the camera even in controlled settings. This reflects a common 

experimental ergonomics approach in which laboratory conditions are used to improve 

measurement control and isolate variables, while reducing ecological validity (Salvendy, 2012). 

7.3.2 Measurement Considerations 

The use of Wergonic sensors as the reference method further strengthened the study because these 

systems are based on established ergonomic exposure principles and are commonly used for 

posture and movement assessment in occupational settings. 

Sensor-based systems have been widely evaluated in ergonomics research and are known to 

provide reliable estimates of posture and movement, even though they are subject to measurement 

uncertainty including sensor placement variability, drift, and calibration assumptions (Preece et al. 

2009). Accordingly, Wergonic is treated as a validated reference system rather than an absolute 

biomechanical ground truth. 

AutoPostureCV relies on MediaPipe-based tracking systems which use video-based pose 

estimation, which is sensitive to occlusion, camera angle, clothing variation, and rapid movement 

which may introduce uncertainty, particularly in dynamic tasks (Lugaresi et al. 2019, Plantard et 

al. 2017). 

In addition, differences in how exposure metrics are computed between systems may contribute to 

observed disagreement. Wergonic uses proprietary computational methods, while AutoPostureCV 

metrics were implemented based on published ergonomic definitions. Therefore, differences in 

posture thresholds and velocity estimation approaches may affect direct comparability, and results 

should be interpreted as a comparison between two distinct measurement approaches rather than 

validation because, a true biomechanical validation would require comparison against laboratory-

grade optical motion capture systems with marker-based tracking. 

Another important consideration is that the synchronization of the measurements between the two 

measurement methods was not perfect. Although efforts were made to synchronize the Wergonic 
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and AutoPostureCV recordings as closely as possible, perfect alignment between the two systems 

could not always be achieved. Small differences in recording start and stop times meant that the 

wearable sensors occasionally captured slightly longer task durations than the video recordings 

analyzed by AutoPostureCV. This issue is particularly relevant in short-duration tasks, where even 

small timing offsets may influence exposure estimates and agreement between methods. For 

example, cases where the sensor captures 2 minutes of activity while the corresponding video 

segment covers 1 minute and 50 seconds. Additionally, participants were already wearing sensors 

and positioned before formal task initiation. As a result, brief pre-task periods such as neutral 

waiting posture were more consistently captured by the wearable system, whereas AutoPostureCV 

analysis was performed on video intended to represent the task execution period. This narrower 

and more task-focused video window may have reduced the influence of inactive periods, leading 

to relatively higher exposure estimates in AutoPostureCV compared to the wearable system. This 

could partially explain why AutoPostureCV tended to report slightly higher exposure values in 

some tasks, as the analyzed video segments contained proportionally more active task performance 

and less inactive or waiting time. Nevertheless, efforts were made throughout data collection to 

keep both systems as closely synchronized as possible. 

The study was also limited to primarily two-dimensional video analysis. Although multi-camera 

and three-dimensional approaches could potentially improve tracking accuracy and posture 

reconstruction, such methods are not feasible for field-based work with all the dynamics involved 

and were outside the scope of this present work. 

7.3.3 Scope Considerations 

Several constraints relate to the scope of the study. The sample size was limited to four participants, 

reducing statistical power and limiting the ability to characterize the magnitude of differences and 

generalize findings across broader worker populations. Participants lacked professional EV repair 

experience, which may have influenced movement strategies compared with experienced 

technicians. 

The simulated tasks were short in duration and involved lightweight components, meaning that 

fatigue, sustained load, and real-world biomechanical stressors may be underrepresented. 

Consequently, the findings may not fully reflect occupational exposure in actual EV repair 

environments. 

The study also focused exclusively on biomechanical exposure variables, while musculoskeletal 

disorder risk is known to be multifactorial, involving psychosocial, physiological, and 

environmental factors that were not included in this analysis (Punnett & Wegman, 2004; Bongers 

et al., 2002). 
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8. Implications and Future Work 

Based on the findings and methodological experiences from this study, an important implication 

is that CV systems support more scalable ergonomic monitoring in industrial environments where 

wearable deployment is difficult, expensive, or disruptive. Compared to wearable systems 

requiring individual calibration and sensor placement, camera-based systems may allow 

simultaneous assessment of multiple workers and better integration with workplace context. Future 

studies should consider additional iterations to improve the CV system and reduce errors in 

laboratory settings. 

Secondly, larger and more representative participant samples should be included, particularly 

experienced BEV technicians with varying body types, work strategies, and skill levels. This 

would improve generalizability, characterize aspects of AutoPostureCV contributing to errors, and 

strengthen the reliability of agreement analysis between CV and wearable methods. 

Third, future studies should investigate the use of multi-camera and three-dimensional tracking 

systems to reduce occlusion-related errors and improve posture estimation accuracy during 

complex industrial tasks (Shotton et al., 2011). 

Fourth, longer task durations and heavier simulated loads should be incorporated to better 

represent actual biomechanical exposure during EV maintenance and repair activities. 

Fifth, there should be a more explicit evaluation of video tracking and synchronization with sensors 

to better isolate sources of random and systematic error. 

Lastly, it would be good to consider evaluating CV posture assessment systems in real-world EV 

workshop environments rather than controlled laboratory simulations. This would improve 

understanding of system performance under practical conditions involving variable lighting, 

restricted spaces, moving equipment, and diverse worker behaviors. 
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9. Conclusion  

This study investigated the feasibility of using a computer vision-based ergonomic assessment 

method as an alternative to wearable sensors during simulated EV repair tasks. The scoping review 

identified several computer vision-based approaches relevant to posture and movement 

assessment, including AI-based ergonomic monitoring systems and markerless motion capture-

oriented platforms. These approaches demonstrated potential for workplace ergonomic 

assessment; however, their suitability for the specific requirements of this study could not be fully 

established due to limited publicly available validation evidence, restricted access to continuous 

exposure data and additional biomechanical outputs along with unclear compatibility with the 

required posture and movement metrics.  

Based on these identified limitations, a customized markerless pose estimation approach using 

MediaPipe was developed and implemented as AutoPostureCV to provide access to task-specific 

posture and movement variables required for this study. 

The findings showed that AutoPostureCV could estimate posture and movement exposure metrics 

related to trunk inclination, neck bending, and upper-arm posture and movement. However, 

agreement with Wergonic was not uniform and varied substantially depending on metric type. 

Systematic differences (bias) were observed between the two systems, with AutoPostureCV 

generally producing higher estimates for trunk and velocity-related metrics, while some right arm 

posture metrics were underestimated relative to Wergonic. Precision also differed between metric 

types, as velocity-based measures showed wider limits of agreement and greater random error 

compared with posture-based metrics. Overall, agreement appeared more consistent for static 

posture estimation than for dynamic movement variables. 

The study further identified several practical advantages associated with CV-based ergonomic 

assessment. AutoPostureCV enables non-contact posture analysis without the need for wearable 

instrumentation, reducing participant burden, and allowing recorded tasks to be re-analyzed 

without repeated testing. Such characteristics may be beneficial in work environments where 

wearable sensors are difficult, intrusive, or impractical to implement, including high-voltage EV 

maintenance settings. In addition, the open-source structure of the system provides greater 

transparency and flexibility than many proprietary ergonomic assessment tools. 

At the same time, substantial limitations remain. The study was conducted under controlled 

laboratory conditions with a small participant sample and simulated tasks that may not fully 

represent real industrial maintenance work. Furthermore, the observed disagreement between 

systems may partly reflect technical limitations associated with single-view video pose estimation, 

including sensitivity to body visibility, movement complexity, and camera perspective. Although 

factors such as occlusion and rapid movement may contribute to measurement uncertainty, the 

present study was not designed to isolate these effects experimentally; therefore, such 

interpretations remain tentative. 
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The findings indicate that further methodological refinement and validation of AutoPostureCV is 

needed before it can consistently achieve close agreement with wearable sensor-based approaches 

such as Wergonic. Accordingly, the system is best understood as a developing approach for 

ergonomic assessment rather than a replacement for established measurement systems at this stage. 

Future work should include larger and more diverse participant samples, real-world workshop 

environments, and comparisons with higher-resolution biomechanical reference systems such as 

motion capture. Further investigation of multi-camera and three-dimensional tracking approaches 

may also help improve body visibility and reduce uncertainty during complex industrial tasks 

(Shotton et al., 2011). 

Overall, this thesis contributes to the sustainability and development of the growing field of 

technology-supported ergonomic assessment by demonstrating how open-source computer vision 

methods can be adapted for exposure-based posture analysis and systematically compared with 

wearable sensor systems in electric vehicle repair tasks. The findings provide a foundation for 

future development and validation of scalable non-contact ergonomic assessment approaches for 

industrial work environments. 
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