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Despite the success of data-driven techniques in achieving superhuman performance

across various domains, significant challenges remain in applying these methods to man-

ufacturing processes. Unlike fields with large-scale datasets like ImageNet, manufacturing

lacks comparable datasets to train machine learning models for tasks such as directly estimat-

ing ergonomic risk. Additional challenges, including sensor failures, limited data availability,

and the time-intensive nature of data collection, constrain the performance and practical

usability of machine learning models in this domain. These limitations highlight the need

for tailored approaches that leverage domain-specific data and methodologies to address

challenges unique to manufacturing.

Composite layup for small, complex parts is still done manually, presenting a compelling

case for data-driven approaches due to the intricate motions and ergonomic risks involved.

This work develops a data-driven ergonomic risk assessment system with a special focus on

hand and finger activity to better identify and address ergonomic issues related to hand-

intensive manufacturing processes. The system comprises a multi-modal sensor testbed

designed to collect and synchronize data on operator upper body pose, hand pose, and

applied forces. Ergonomic risk is assessed using the novel Biometric Assessment of Complete

Hand (BACH) formulation to measure high-fidelity hand and finger risks, alongside industry-

standard risk scores for upper body posture (RULA) and hand activity (HAL). Using the



collected dataset, machine learning models are developed to automate RULA and HAL scor-

ing, achieving over 95% classification accuracy and generalizing well to unseen participants.

The assessment system provides ergonomic interpretability of manufacturing processes and

can be used to mitigate risks through workplace optimization and posture corrections.

Building on these human factors insights, this work investigates the transition from

human-centered ergonomic assessment to large-scale manufacturing automation through

data-driven methods. A hybrid correction framework is developed that combines Finite

Element Model (FEM) simulations with experimental data, resulting in a computationally

efficient approach for improved prediction accuracy. The approach achieves an average 91.9%

reduction in RMSE compared to FEM predictions across eight actuator locations, with pre-

diction uncertainties quantified to ensure model reliability. The corrected model is then

applied to optimize actuator placement using QR decomposition of the displacement matri-

ces, identifying optimal locations that achieve superior shape control performance compared

to conventional placement strategies.

Looking ahead, the automated ergonomic risk assessment system and adaptive tooling

techniques developed in this work establish a comprehensive framework for data-driven man-

ufacturing optimization that addresses both human factors and system performance. The

research demonstrates pathways for technology translation from laboratory demonstration to

industrial deployment, representing a holistic approach to modern manufacturing challenges

that prioritizes worker safety while enabling advanced automation capabilities.
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Chapter 1

INTRODUCTION

1.1 Evolution of Manufacturing Processes and Materials

The evolution of manufacturing processes has been a cornerstone of human progress, driving

innovation and reshaping industries. From the mechanization of the Industrial Revolution

to the advent of advanced materials in the 20th century and the digital transformation of

the 21st century, manufacturing has continually adapted to meet the demands of a changing

world. This evolution is particularly evident in aerospace manufacturing, where the shift from

metals to composite materials has created opportunities for innovation while introducing

significant challenges. In the modern context, data-driven methodologies have emerged as a

powerful tool, not only enhancing these processes but also addressing inefficiencies that have

persisted across generations of manufacturing advancements.

The Industrial Revolution catalyzed the first major transformation in manufacturing, in-

troducing mechanization through technologies such as the steam engine and mechanized tex-

tile production [53]. Factories became hubs of innovation, enabling mass production through

interchangeable parts and assembly lines [34]. This period established metals—iron and steel

in particular—as the dominant materials for manufacturing, prized for their strength, dura-

bility, and availability. The reliance on metals allowed industries to achieve unprecedented

scalability, but it also limited the range of applications where lightweight or corrosion re-

sistance was critical. These advancements not only accelerated industrial output but also

created the foundation for modern manufacturing practices, fostering urbanization and re-

shaping global economies.

The 20th century brought transformative advancements in manufacturing processes, in-

cluding automation, precision machining, and the development of new materials such as
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composites. Composites—engineered by combining materials to create superior mechanical

properties—gained prominence in aerospace manufacturing for their ability to reduce weight

while maintaining strength and resistance to fatigue [66]. Despite these advantages, their

adoption presented several challenges, such as higher production costs, complex processing

requirements, and limited recycling options. These difficulties underscored the need for inno-

vative approaches to optimize composite manufacturing and ensure scalability for aerospace

applications.

In the 21st century, advancements in digital technologies and data-driven methodologies

have begun to address the inherent challenges of manufacturing. Industry 4.0 principles, such

as the integration of artificial intelligence (AI), machine learning, and the Internet of Things

(IoT), have enabled aerospace manufacturers to improve precision, reduce waste, and enhance

product quality [60]. Additive manufacturing has also played a pivotal role in composite

production, enabling complex geometries and reducing material waste. These advancements

have not only revolutionized production processes but also shifted the focus toward adaptive,

real-time monitoring of manufacturing systems. Incorporating data-driven analysis allows

for the use of large-scale data from sensors, simulations, and process monitoring to optimize

workflows and predict material behavior.

This sets the stage for a deeper examination of how data-driven augmentations can

address these challenges posed by modern composite manufacturing. Additionally, advance-

ments in human-centric technologies, such as ergonomic analysis, are bridging gaps in tasks

that remain human-intensive such as composite hand layup. For example, data-driven in-

sights can help assess and reduce ergonomic risks, allowing manufacturers to learn and refine

human motion for automation in composite layup processes. These approaches not only

enhance efficiency and reduce injuries and associated costs but also contribute to the devel-

opment of sustainable and resilient production systems. The subsequent sections will delve

into data-driven analysis and machine learning techniques, highlighting their transformative

potential for optimizing composite manufacturing workflows and advancing the field.
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1.2 Data-Driven Analysis using Machine Learning

The advent of data-driven discovery marks a significant shift in how science and engineer-

ing tackle complex problems. This shift, referred to as the ”fourth paradigm” of scientific

discovery, complements traditional empirical, theoretical, and computational approaches [8].

In this paradigm, data serves as the primary resource for understanding, modeling, and

predicting phenomena, often revealing insights that would otherwise remain obscured. This

approach has been fueled by advancements in computational techniques and a deluge of data

from sensors, simulations, and experiments, enabling researchers to explore new frontiers in

engineering, physics, and manufacturing processes.

The rise of machine learning (ML) as a cornerstone of data-driven discovery is closely

tied to the increasing availability of data and advancements in computational resources.

The growth of large-scale digital datasets in the 2000s, alongside advancements in high-

performance computing (HPC) and the emergence of graphics processing units (GPUs),

enabled training of increasingly complex ML models [55]. The proliferation of cloud comput-

ing further democratized access to computational power, allowing industries and researchers

alike to harness the potential of machine learning. These developments made it possible to

extract meaningful patterns from vast datasets, enabling ML techniques to gain prominence

across scientific and industrial domains.

The trajectory of ML has been marked by milestones that underscore its impact on diverse

fields. In 1997, IBM’s Deep Blue defeated chess grandmaster Garry Kasparov, showcasing

the potential of algorithmic computation [11]. By the mid-2010s, deep learning took center

stage as AlphaGo achieved superhuman performance in the complex game of Go by com-

bining reinforcement learning with neural networks [100]. Advances in convolutional neural

networks (CNNs) revolutionized image recognition, demonstrated by breakthroughs in the

ImageNet competition, where classifiers achieved human-level accuracy and beyond [51, 40].

These advances extended beyond games and image processing, with recurrent neural net-

works (RNNs) and transformers paving the way for natural language processing [111]. Today,
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large language models (LLMs) like GPT and BERT exhibit exceptional performance in tasks

ranging from translation to summarization, representing a leap forward in understanding and

generating human-like text [6].

Improvements in sensing technology has also drastically enhanced the quality and quan-

tity of data available. High-resolution sensors, multimodal sensing systems, and real-time

data acquisition platforms provide unprecedented granularity in observing physical processes.

In manufacturing, this has enabled detailed study of both automated workflows and human

interactions, generating actionable insights for process optimization. For instance, advance-

ments in machine vision and edge computing allow ML systems to monitor production lines

and detect defects in real-time, significantly improving quality control.

Despite these advancements, directly applying ML techniques to manufacturing remains

a significant challenge. Unlike domains like image recognition or language processing, manu-

facturing lacks large, publicly available datasets or standardized benchmarks for comparing

model performance. Sensor failures, noisy data, and domain-specific complexities add further

challenges. Moreover, safety-critical applications, such as aerospace manufacturing, require

robust uncertainty quantification to ensure reliability and compliance with stringent stan-

dards. These hurdles highlight the need for customized ML methodologies that integrate

domain knowledge with data-driven insights.

In the following sections, we will explore how data-driven manufacturing is addressing

these challenges. By using custom datasets, tailored modeling techniques, and approaches

that integrate physics-based knowledge with machine learning, researchers and industries are

working to improve the efficiency and reliability of manufacturing systems. This transition

represents an important step in applying machine learning to manufacturing, enabling more

efficient processes and practical improvements.
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1.3 Data-Driven Manufacturing

The integration of data-driven techniques in manufacturing has led to significant advance-

ments in efficiency, quality control, and process optimization. Modern manufacturing sys-

tems leverage vast amounts of data collected from sensors, machines, and production lines to

gain actionable insights. As outlined in [85], big data analytics has become central to intel-

ligent manufacturing systems, providing tools for real-time decision-making and predictive

maintenance. The systematic mapping study highlights how data integration across systems

enables manufacturers to identify inefficiencies, streamline operations, and adapt to dynamic

production environments. Similarly, data-driven smart manufacturing frameworks use ad-

vanced analytics to interconnect physical and digital spaces, creating intelligent systems that

respond to real-time conditions while ensuring resource efficiency [106].

The role of data in manufacturing extends beyond operational improvements. Large-scale

data aggregation enables comprehensive supply chain management, allowing manufacturers

to predict market demands and adjust production accordingly [85]. Furthermore, integrating

artificial intelligence (AI) techniques into these frameworks enables predictive capabilities

and adaptive process control [106]. The convergence of IoT devices, cloud platforms, and

big data analytics in manufacturing systems exemplifies a shift toward more responsive and

resilient production environments. These advances provide manufacturers with the tools to

meet increasing demands for customization and sustainability.

Machine learning (ML) techniques have further enhanced the capabilities of data-driven

manufacturing systems. ML offers significant advantages in pattern recognition, anomaly

detection, and process optimization. For instance, supervised learning algorithms are em-

ployed to detect defects in real-time, reducing production waste and ensuring quality stan-

dards. Unsupervised learning methods, on the other hand, help identify previously unnoticed

patterns in production data, enabling predictive maintenance and minimizing machine down-

time [118]. Similarly, [25] illustrates the diverse applications of ML, from energy consumption

prediction to production scheduling. Despite these advancements, challenges such as limited
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data availability in specific domains and the need for robust models capable of handling

noisy data remain key obstacles.

In the context of composite materials, machine learning has emerged as a valuable tool

for addressing the complexity of their manufacturing processes. Composite materials often

involve intricate interactions between components, making traditional process optimization

methods challenging. ML techniques have been employed to predict material properties, op-

timize curing processes, and reduce defects in composite layups. Studies have demonstrated

the ability of neural networks and regression models to predict strength and stiffness based

on manufacturing parameters, enabling more precise control of production.

ML is increasingly recognized for its transformative role in aerospace engineering, par-

ticularly in addressing the complexities inherent in aerodynamic modeling, system control,

and structural analysis. As discussed in ”Data-Driven Aerospace Engineering: Reframing

the Industry with Machine Learning” [9], ML techniques like deep learning, regression anal-

ysis, and reinforcement learning are employed to create computationally efficient models for

high-dimensional systems, such as fluid dynamics and coupled structural interactions. These

models serve as viable alternatives or supplements to traditional, computationally intensive

approaches, allowing for real-time optimization and decision-making, which are crucial in the

design and operational phases of aerospace systems. The use of sparsity-promoting meth-

ods, such as sparse identification of nonlinear dynamics (SINDy) [10], helps derive governing

equations directly from data, enhancing model interpretability and reducing the need for

high-fidelity simulations.

Furthermore, the integration of data-driven approaches with classical physics-based mod-

eling creates hybrid systems that leverage the strengths of both paradigms. Such hybrid

models retain the physical accuracy of traditional techniques while gaining the adaptability

and efficiency provided by machine learning, leading to more robust and adaptable aerospace

solutions. One such avenue is optimal sensor and actuator placement using balanced model

reduction. The importance of leveraging underlying patterns in physical systems for effec-

tive sensor placement is emphasized in [70]. By exploiting these known spatial or temporal



7

patterns, sparse sensor configurations can be designed to optimally reconstruct the system’s

state using fewer measurements. This data-driven sensor placement strategy not only re-

duces the computational and logistical burden associated with large sensor networks but

also significantly improves the efficiency of monitoring and control processes.

In addition, balanced truncation techniques to identify the most critical states of a system

facilitate the strategic placement of sensors and actuators to enhance system controllability

and observability [71]. This approach effectively reduces system complexity while ensuring

that the key dynamics are accurately captured and controlled. Together, these methods

contribute to the development of efficient, cost-effective, and highly reliable sensing strategies

in aerospace applications, ultimately enhancing overall system performance.

1.4 Motivation and Challenges

1.4.1 Ergonomics as a measure of manufacturing productivity and sustainability

Hand-intensive manufacturing processes are essential in specialized industries such as textile

draping, precision leatherwork, fine carpentry, and decorative artwork. This is particularly

true in aerospace composites manufacturing, where increasing demand has surpassed the

capacity of automated solutions. Although machines such as Automated Fiber Placement

(AFP) machines are capable of laying large composite parts such as wing panels, they are

unsuitable for creating smaller and more complex geometric components that involve intricate

features like narrow channels or transitions from convex to concave surfaces, such as hat

stringers [52]. These intricate parts, for now, can only be produced by skilled operators during

hand layup, where workers use visual and tactile feedback to carefully position the material,

apply force, and make continuous adjustments to ensure proper adhesion. This process is

repeated until the required gauge thickness is achieved. Unlike automated machines, humans

bring adaptability, making on-the-fly adjustments to force and motion that are crucial for

such detailed tasks.

Ergonomics plays a crucial role in bridging the gap between sustainability and productiv-
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ity in manufacturing environments. By designing workspaces and processes that prioritize the

physical well-being of workers, ergonomics helps reduce the risk of injury, minimize fatigue,

and enhance overall worker satisfaction—all of which contribute to sustainable operations.

A well-considered ergonomic approach not only improves individual health outcomes but

also leads to fewer disruptions, less downtime, and greater workforce efficiency. This dual

focus on worker health and operational performance makes ergonomics an essential factor in

creating resilient and productive manufacturing systems that prioritize both human welfare

and long-term sustainability goals.

Hand-intensive tasks pose significant ergonomic risks to workers, particularly due to the

repetitive actions and forceful exertions required. The physical demands of hand layup,

combined with spatial constraints and the need for precise adjustments, can lead to muscu-

loskeletal disorders and long-term health issues for operators. Spatial constraints and task

complexity further exacerbate these risks, as characterized by the Index of Difficulty (ID),

which along with movement speed and accuracy can be used to model the challenges faced

by operators [24]. In addition, age and physical capacity can impact task performance, espe-

cially for older operators who may experience reduced movement adaptability [62]. Stochastic

models can further capture the complexity of these tasks by considering both environmental

factors (e.g., spatial constraints, tool dimensions, etc.) and operator-specific traits (e.g.,

strength, reach, etc.) to assess how such variables influence task speed and difficulty [63].

There is a clear need for a comprehensive data-driven approach that not only captures the

unique skills of human operators but also effectively assesses and predicts ergonomic risks to

enhance safety and efficiency in the manufacturing workplace.

1.4.2 Adaptive Tooling in Digital Twin Augmentation

Flexible structures in manufacturing applications often exhibit shape variations when assem-

bled or loaded, presenting challenges that result in lengthy measurement, adjustment, and

inspection processes during production. These deviations from nominal configurations can

significantly impact manufacturing efficiency and product quality.
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Composite flexible structures can be modeled using finite element methods (FEM), which

provide information about structural deflection at specified locations when applying specific

forces with given boundary conditions. By combining the physics-based understanding from

FEM models with experimental measurement data from the actual structures, the objective

is to develop a hybrid model that captures the discrepancy between predicted and observed

behavior. This approach results in a customized, accurate, and computationally efficient

modeling framework.

The hybrid model serves as the foundation for actuator optimization strategies. QR de-

composition of the displacement matrix derived from FEM analysis identifies optimal loca-

tions for actuator placement, corresponding to regions of maximum controllability associated

with the principal modes of structural deformation. This systematic approach enables de-

termination of the optimal number and placement of actuators required to achieve specified

shape control objectives.

Challenges in this domain include varying structural stiffness due to manufacturing varia-

tions, fasteners, and reinforcement elements, as well as geometric differences across individual

components that require customized control strategies. To address these challenges, the re-

search aims to automate actuator quantity and placement decisions, enabling automated

shape control through a general framework that augments computationally efficient nominal

finite element models with experimental measurement data.

1.5 Organization

The remainder of this dissertation is structured as follows. Chapter 2 provides a compre-

hensive literature review covering composite manufacturing processes, ergonomic assessment

methodologies in manufacturing environments, adaptive learning systems, digital twin tech-

nologies, and optimal actuator placement strategies. Chapter 3 presents the development

of a multimodal sensing testbed for collecting operator data during hand-intensive manu-

facturing tasks, establishes industry-standard ergonomic risk assessment frameworks includ-

ing RULA and HAL scoring, and introduces the novel Biometric Assessment of Complete
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Hand (BACH) methodology. Chapter 4 describes the development and validation of machine

learning models that automate RULA and HAL scoring with robust generalization to unseen

participants, completing the ergonomic risk assessment framework. Chapter 5 addresses the

transition from human factors to large-scale manufacturing automation, demonstrating how

ergonomic assessment drives automation needs while establishing hybrid physics-data ap-

proaches for flexible structure control that achieve significant improvements over traditional

finite element methods. Finally, Chapter 6 presents the overall contributions to data-driven

manufacturing optimization and outlines future research directions, including technology

translation pathways for ergonomic monitoring systems and extended validation frameworks

for adaptive shape control technologies.
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Chapter 2

LITERATURE REVIEW

2.1 Advances in Composite Manufacturing using Machine Learning

Composite manufacturing involves the production of materials made from two or more dis-

tinct constituents, typically a reinforcement and a matrix, resulting in superior mechanical,

thermal, and chemical properties compared to their individual components. These mate-

rials are widely used in industries such as aerospace, automotive, and energy due to their

lightweight nature and high strength-to-weight ratios. Recent advancements have increas-

ingly focused on integrating data-driven approaches and machine learning to optimize pro-

cesses, predict material behavior, and enhance manufacturing efficiency.

The adoption of machine learning in composite manufacturing was driven by limita-

tions inherent in conventional analytical and numerical approaches. Traditional methods

for predicting composite properties and optimizing manufacturing processes often required

extensive experimental trials or computationally expensive simulations. Machine learning

techniques offered the ability to capture complex, nonlinear relationships between process-

ing parameters and material properties that were difficult to model using conventional ap-

proaches. Furthermore, ML methods enabled rapid property prediction and process opti-

mization using data from previous experiments or simulations, reducing the need for costly

physical testing and iterative design cycles.

Early applications of neural networks established the foundation for data-driven com-

posite manufacturing. [110] demonstrated the use of back-propagation neural networks for

delamination prediction in composite beams, establishing frameworks for structural health

monitoring. Similarly, [64] integrated resin transfer molding (RTM) virtual manufacturing

simulation with neural network-genetic algorithm optimization, creating process models for
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predicting resin flow patterns and processing efficiency. These foundational approaches were

expanded by [45], who applied neural networks for predicting tribological properties of poly-

mer composites, and [5], who used artificial neural networks to predict kinetic parameters in

carbon fiber reinforced composites for process parameter optimization.

The integration of machine learning with advanced manufacturing processes has led to

comprehensive automation frameworks. [7] developed automation systems for automated

fiber placement (AFP) processes that integrate process data from planning, computer nu-

merical control (CNC), and online process monitoring for automated generation of man-

ufacturing knowledge. These approaches have been complemented by advances in sensor

technology, where [74] demonstrated the use of nanomaterial-based piezoresistive sensors to

monitor and optimize manufacturing processes.

Deep learning architectures have enabled significant advances in composite property pre-

diction and design optimization. [36] applied convolutional neural networks to predict com-

posite material properties and design hierarchical composites through ML-driven optimiza-

tion. This work was extended by [35], who developed ML algorithms for de novo composite

design, enabling discovery of high-performance materials with optimal mechanical proper-

ties. A comprehensive framework for these approaches was provided by [17], who reviewed

linear regression, neural networks, CNNs, and Gaussian processes for property prediction

and design optimization.

Generative modeling approaches have emerged as powerful tools for inverse materials

design. [18] developed deep neural networks for inverse design of materials using backpropa-

gation and active learning strategies. Building on this foundation, [119] enabled mechanical

property prediction directly from microstructural images by developing CNNs that predict

stress-strain curves of composite microstructures. Advanced deep learning models have been

demonstrated by [120], who used conditional generative adversarial networks to predict stress

and strain fields directly from material microstructure geometry.

The progression from basic neural networks to physics-guided neural operators demon-

strates substantial development in the field. Deep learning architectures have enabled com-
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posite property prediction from microstructural images, while digital twin technologies pro-

vide real-time process monitoring and predictive maintenance capabilities. Computer vision

systems achieve pixel-level defect detection in manufacturing environments, and physics-

guided neural networks combine domain knowledge with data-driven approaches for improved

accuracy with limited training data.

Despite these advances in automated composite manufacturing systems, a significant

portion of composite production, particularly for complex geometries and specialized appli-

cations, continues to rely heavily on human operators. As noted by [52], although machines

such as Automated Fiber Placement (AFP) machines are capable of laying large composite

parts such as wing panels, they are unsuitable for creating smaller and more complex geo-

metric components that involve intricate features like narrow channels or transitions from

convex to concave surfaces, such as hat stringers. Hand-intensive processes such as com-

posite layup for intricate aerospace components remain predominantly manual due to the

adaptability and dexterous capabilities that human workers provide. While machine learning

has transformed the technological aspects of composite manufacturing, ensuring the safety,

health, and ergonomic well-being of human operators represents an equally critical dimen-

sion of sustainable and productive manufacturing systems. This human-centric perspective

becomes essential when considering that manufacturing sustainability encompasses not only

technological efficiency but also workforce health and safety, leading to the need for com-

prehensive ergonomic risk assessment and mitigation strategies in composite manufacturing

environments.

2.2 Ergonomic Assessment in Manufacturing

Ergonomics, defined by the International Ergonomics Association as the scientific discipline

concerned with understanding interactions among humans and other elements of a system,

represents a critical component of modern manufacturing design and optimization [15]. The

field encompasses the application of theory, principles, data, and methods to design in order

to optimize human well-being and overall system performance [94]. In industrial contexts,
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ergonomic considerations directly impact worker health, productivity, safety, and manufac-

turing sustainability. The economic significance of ergonomic factors in manufacturing is

substantial, with musculoskeletal disorders (MSDs) representing one of the leading causes of

workplace injury and associated costs [109]. According to occupational safety and health ad-

ministration data, work-related MSDs account for approximately one-third of all workplace

injuries and illnesses, resulting in significant direct and indirect costs including medical ex-

penses, workers’ compensation claims, reduced productivity, and increased absenteeism [83].

The historical development of ergonomic awareness in industrial settings can be traced

through several distinct phases of scientific and practical advancement. Early industrial en-

gineering efforts, pioneered by Frederick Winslow Taylor and Frank and Lillian Gilbreth in

the early 20th century, established foundational principles of work study and motion analysis

[107, 32]. These early approaches, while primarily focused on efficiency optimization, laid

groundwork for understanding human factors in manufacturing processes. The Hawthorne

studies conducted between 1924 and 1932 demonstrated the importance of considering human

psychological and social factors in workplace design [73]. World War II catalyzed significant

advancement in human factors engineering, as complex military systems required careful con-

sideration of human-machine interfaces and operator capabilities [16]. Post-war industrial

development incorporated these lessons, leading to systematic approaches for evaluating and

improving workplace ergonomics. The establishment of regulatory frameworks, including the

Occupational Safety and Health Act of 1970 in the United States and subsequent interna-

tional standards development through the International Organization for Standardization,

formalized requirements for ergonomic consideration in workplace design.

Contemporary ergonomic assessment methodologies have evolved to provide systematic

approaches for evaluating workplace risks and developing intervention strategies. The Rapid

Upper Limb Assessment (RULA) [75] and Hand Activity Level (HAL) [1] represent widely

adopted evaluation techniques designed to assess musculoskeletal disorder risks, specifically

focusing on upper body and hand-intensive tasks, respectively. RULA employs observa-

tional analysis of joint angles, forces, and postures to generate risk scores indicating the
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urgency of ergonomic intervention. The Rapid Entire Body Assessment (REBA) extends

this approach to full-body posture evaluation [42]. The NIOSH lifting equation provides

quantitative guidelines for manual material handling tasks [117], while the Ovako Work-

ing Posture Analysis System (OWAS) offers systematic evaluation of working postures [46].

HAL quantifies ergonomic risk based on task frequency, cycle time, and force requirements,

providing threshold limit values for hand-intensive activities. Despite widespread adoption,

these traditional assessment methods face limitations including dependence on expert rat-

ings, which are labor-intensive and susceptible to inter-rater variability [121]. Subjective

evaluation components in methods like HAL further complicate consistent and standardized

assessments across different evaluators and industrial contexts.

Sensor-Based Ergonomic Risk Assessment

The limitations of traditional observational ergonomic assessment methods have driven the

development of sensor-based approaches that offer objective, quantitative, and continuous

monitoring capabilities. RULA assessment has been adapted for automation through sensor

technologies, with systems such as Microsoft Kinect employed to estimate operator poses

and conduct non-intrusive ergonomic assessments [72, 23, 37, 90]. More recent advance-

ments have included the use of Kinect v2 sensors for real-time ergonomic assessments and

automated RULA scoring, providing cost-effective methods to assess work postures [67].

However, vision-based systems face inherent limitations including occlusions, accuracy is-

sues in dynamic environments, and challenges in tracking complex movements, which reduce

the precision and robustness of ergonomic evaluations.

Wearable sensor technologies have emerged as promising alternatives for continuous er-

gonomic monitoring in manufacturing environments. Inertial measurement units (IMUs)

and accelerometers have been extensively investigated for posture and movement analysis

[95]. Significant work includes using wearable mobile sensors to analyze postures of construc-

tion workers, demonstrating the efficacy of non-invasive monitoring in identifying ergonomic

risks [80]. Subsequent research [81] improved this approach with machine learning, allowing
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for automated risk monitoring and enhancing the accuracy and scalability of ergonomic as-

sessment. Wearable stretch sensors have been employed to monitor human movement and

detect falls, addressing critical safety issues in workplace ergonomics, though challenges such

as sensor calibration and false positives remain [13].

Electromyography (EMG) sensors provide direct measurement of muscle activity, offer-

ing insights into physical strain and fatigue that are not readily apparent through postural

analysis alone. [78] utilized surface EMG sensors with machine learning for ergonomic risk

assessment during manual material handling, focusing on muscle activity to evaluate physical

strain while acknowledging concerns around sensor comfort and data privacy. Multi-sensor

fusion approaches have been developed to combine data from multiple sensor modalities, in-

cluding IMUs, force sensors, and physiological monitors, to provide comprehensive ergonomic

assessment capabilities [112].

Currently, research in hand-intensive manufacturing focuses primarily on the quality of

manufactured parts rather than assessing or mitigating the impact on operators performing

these tasks [48]. Advances in machine learning have been used to optimize process parameters

and predict output quality in various manufacturing processes, such as textile draping and

spun-lace production [125, 123, 124, 93]. Yet, very few studies have explored the complex,

adaptive motions involved in these manual processes from an ergonomic perspective [38, 28].

Recent developments in machine learning applications to ergonomic assessment have

shown significant promise for addressing traditional limitations. A comprehensive review

of machine learning in manufacturing ergonomics is provided in [58], which discusses models

tailored to individual operators, analysis of operator-workplace interactions, and system-level

ergonomic design. Recent approaches include using spatiotemporal convolutional networks

for segmenting object manipulation actions to predict ergonomic risks [88] and developing

multi-task learning frameworks that simultaneously analyze human activity and ergonomic

risk [87]. These advances represent progress toward automated, objective, and scalable er-

gonomic assessment systems.

Despite these technological advances, several challenges persist in sensor-based ergonomic
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assessment. A systematic review on wearable devices in ergonomic applications [101] high-

lights current limitations, particularly issues of standardization and data quality. Sensor

calibration, data synchronization across multiple sensing modalities, battery life, and user

acceptance remain significant practical challenges. Furthermore, the translation of sensor

data into actionable ergonomic insights requires sophisticated data processing and interpre-

tation algorithms that can account for individual variability and task-specific requirements.

The integration of advanced sensing technologies with machine learning approaches offers

substantial potential for transforming ergonomic assessment in manufacturing environments.

Real-time monitoring capabilities enable immediate feedback to operators and supervisors,

facilitating proactive intervention before injuries occur. Objective measurement reduces

reliance on subjective assessments and expert interpretation, improving consistency and

reliability of ergonomic evaluations. Continuous data collection enables long-term trend

analysis and identification of gradual degradation in ergonomic conditions that might not be

apparent through periodic observational assessments.

Nevertheless, achieving greater consistency and accuracy in ergonomic assessment meth-

ods remains a significant challenge, necessitating further development of data-driven solu-

tions to address these gaps. While sensor-based ergonomic assessment represents substantial

progress in protecting worker health and safety, situations persist where ergonomic improve-

ments are insufficient or economically unfeasible. In such cases, where manual processes

present inherent ergonomic risks or involve repetitive, time-intensive operations that con-

tribute to worker fatigue and potential injury, automation of these manufacturing tasks

becomes advantageous. The development of adaptive learning systems and intelligent au-

tomation technologies offers alternative approaches to address ergonomic challenges while

maintaining production efficiency and quality standards.

2.3 Adaptive Learning in Manufacturing and Automation

The limitations of traditional ergonomic interventions and the persistent challenges in man-

ually intensive manufacturing processes have driven the development of adaptive learning
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systems and intelligent automation technologies. When ergonomic improvements prove in-

sufficient or economically unfeasible, automation emerges as a viable alternative to reduce

human exposure to repetitive, hazardous, or physically demanding tasks while maintaining

production efficiency and quality standards. Adaptive learning in manufacturing encom-

passes the integration of machine learning algorithms, real-time sensor feedback, and in-

telligent control systems to create manufacturing processes that can automatically adjust

to changing conditions, optimize performance, and reduce reliance on human operators in

high-risk scenarios.

The evolution of adaptive manufacturing systems has been characterized by the progres-

sive integration of artificial intelligence and machine learning techniques with traditional

manufacturing control systems. Early adaptive manufacturing approaches focused on statis-

tical process control and feedback mechanisms [77]. The emergence of Industry 4.0 paradigms

has accelerated the development of cyber-physical systems that combine physical manufac-

turing processes with computational intelligence [56]. These systems enable real-time adap-

tation to process variations, equipment degradation, and changing production requirements

through continuous learning and optimization algorithms.

Machine learning-based adaptive control systems have demonstrated significant capabili-

ties in manufacturing optimization and automation. Reinforcement learning algorithms have

been successfully applied to manufacturing process control, enabling systems to learn optimal

control policies through interaction with the manufacturing environment [116]. Deep learn-

ing approaches have enabled adaptive quality control systems that can automatically adjust

process parameters based on real-time product quality measurements [99]. These adaptive

systems reduce the need for manual intervention and expert knowledge while improving

process consistency and product quality.

Process optimization has been advanced through hybrid approaches combining machine

learning with physics-based modeling. [31] developed optimization frameworks combining

probabilistic machine learning with finite element analysis for autoclave cure cycles, achiev-

ing optimized solutions with reduced computational effort. Similarly, [19] developed physics-
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guided neural operators using residual Fourier neural operators for composite curing pro-

cess modeling, integrating physics priors to predict temperature and cure fields with limited

training data. Zero-defect manufacturing approaches have been developed by [115], using ho-

mogenization schemes with Gaussian Process Regression to achieve significant improvements

in dimensional accuracy. These approaches demonstrate the potential for adaptive learning

systems to automate complex manufacturing processes while maintaining high quality stan-

dards.

Digital twin technologies have emerged as comprehensive frameworks for manufacturing

process control and optimization, representing a paradigm shift toward fully adaptive manu-

facturing systems. [84] developed frameworks for manufacturing with real-time monitoring,

predictive analytics, and closed-loop control systems applied to composite manufacturing

processes. [79] advanced machine learning-based process monitoring for automated compos-

ites manufacturing, using thermal history data and finite element analysis for automated

fiber placement and proposing digital twin development for real-time quality prediction and

process control. These digital twin approaches enable automated decision-making and pro-

cess adaptation without requiring continuous human oversight.

Development of discrepancy models for complex manufacturing systems, using augmenta-

tions to finite element models from collected measurement data, exemplifies the integration of

adaptive learning with traditional engineering approaches. Digital twin models have become

integral to enhancing manufacturing processes, leveraging data-driven and physics-based ap-

proaches to improve predictive maintenance, customization, and damage detection. Early

work explored the integration of digital twins with predictive maintenance systems, demon-

strating their potential in enabling advanced fault detection using physics-based modeling

[2, 3]. Expanding this concept, data-driven approaches emerged, highlighting the capability

of digital twins to dynamically adapt to real-time sensor inputs for process optimization,

as shown in industry use cases for manufacturing efficiency [102]. These advancements laid

the foundation for frameworks enabling smart customization and optimization of workflows,

combining big data analytics and machine learning for personalized production [114, 65].
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The application of adaptive learning systems extends beyond process control to encom-

pass comprehensive manufacturing optimization. Further innovations have been applied to

material flow simulation, where physics-based models in digital twins accurately predict

bottlenecks and optimize resource allocation [33]. Similarly, additive manufacturing pro-

cesses have benefited from digital twins integrating physics-based compressive sensing to

improve process fidelity and defect detection [61]. For structural applications, hybrid models

combining physics-based methods with machine learning have been effectively utilized for

damage detection [92]. These applications demonstrate the versatility of adaptive learning

approaches in addressing diverse manufacturing challenges while reducing dependence on

manual oversight and intervention.

Despite these advancements, several challenges remain in the implementation of adaptive

learning systems in manufacturing environments. Data-driven models are often limited by

the quality and quantity of training data, potentially leading to inaccuracies in scenarios

outside their training set. Physics-based models, while highly precise, are computationally

intensive and difficult to scale for large systems or highly stochastic environments. Inte-

grating these approaches requires seamless interaction between data sources and models, a

challenge exacerbated by latency, compatibility issues, and cyber-security concerns [2, 33].

Additionally, the transition from manual to automated processes requires careful considera-

tion of safety, reliability, and economic factors to ensure successful implementation.

The convergence of adaptive learning technologies with traditional manufacturing en-

gineering principles represents the most promising approach for addressing contemporary

manufacturing challenges. Addressing the limitations of purely data-driven or physics-based

approaches requires hybrid methodologies that balance computational efficiency with accu-

racy while maintaining the interpretability and reliability required for industrial applications.

These hybrid approaches combine the predictive capabilities of machine learning with the

fundamental understanding provided by physics-based models, resulting in robust and adapt-

able manufacturing systems.

The development of accurate hybrid models that integrate adaptive learning capabilities
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also enables advanced control strategies, including optimal actuator placement and intelli-

gent control system design. Such models provide the foundation for precise control authority

distribution and system optimization, allowing for greater control over manufacturing pro-

cesses while minimizing the number of actuators required and optimizing their placement for

maximum effectiveness. This capability becomes particularly important in complex man-

ufacturing systems where precise control of multiple parameters is essential for achieving

desired outcomes while maintaining system efficiency and reliability.

2.4 Optimized Actuator Placement

The optimal placement of sensors and actuators has been a fundamental challenge in engi-

neering design for decades, as it directly impacts system performance, control authority, and

operational cost. Early foundational work focused on developing methods for placement in

large-scale flexible structures by maximizing metrics of controllability and observability [59].

Building upon these principles, later strategies introduced optimization techniques tailored

to improve system performance while minimizing costs in specific structural applications

[86]. A significant advancement in managing the computational burden of these large-scale

systems was the use of balanced reduced models, which provided a systematic approach to

maintain system fidelity while reducing model complexity, thereby enabling more efficient

solutions [82].

As research progressed into the 2010s, methodologies were adapted to address the dy-

namics of increasingly interconnected systems and large dynamical networks, optimizing

placement for robust control and state estimation across multiple components [104]. A crit-

ical theoretical breakthrough occurred when several key controllability metrics were shown

to possess submodular properties [103, 108]. This discovery was pivotal, as it provided the-

oretical guarantees for the performance of efficient greedy algorithms, offering a tractable

approach to the otherwise NP-hard problem of minimal actuator placement. This theo-

retical groundwork paved the way for more sophisticated optimization frameworks, such as

the formulation of the placement problem as a mixed-integer semidefinite program to find
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globally optimal solutions for both stable and unstable systems [14].

More recently, the field has seen two parallel streams of advancement: the rise of data-

driven methods and the development of highly specialized physics-based models. Data-driven

approaches emerged that leverage sparsity and known patterns in system dynamics to re-

duce the number of sensors required for reconstruction tasks without sacrificing accuracy [69].

Concurrently, specialized physics-based methods were developed for specific applications, in-

cluding techniques based on the Gramian compensability matrix for static load compensation

in adaptive beams and plates [113, 50] and the use of topological derivatives to incorporate

the shape optimization of actuators into the placement problem [27]. Subsequent work has

sought to merge these paradigms, combining data-driven strategies with balanced model re-

duction to create efficient algorithms that scale effectively with system complexity [71] and

extending concepts to cost-constrained sensor selection using dynamically relevant bases [22].

One major trajectory has focused on increasing mathematical rigor and certainty within

physics-based paradigms. This path progressed from foundational metric-based approaches

[59] toward sophisticated, application-specific formulations for adaptive structures [113, 41]

and culminated in powerful frameworks that guarantee global optimality through exhaus-

tive search procedures like branch-and-bound and mixed-integer programming [14, 98]. In

contrast, the second trajectory embraced the flexibility and adaptability of data-driven tech-

niques, which excel in scenarios where physical models are incomplete or computationally

intractable. This data-centric view, initiated by work leveraging sparsity [69] and later inte-

grated with model reduction [71] or applied to related problems like optimal filtering [105],

prioritizes empirical performance and scalability. The work on submodularity [103, 108] can

be seen as a bridge between these worlds, providing rigorous theoretical bounds for compu-

tationally efficient greedy algorithms that avoid the expense of global optimizers.

Despite the significant progress in both physics-based optimization and data-driven method-

ologies, persistent challenges related to the trade-offs between computational efficiency and

placement accuracy remain, particularly for high-dimensional systems, as does the com-

plex task of integrating physical constraints and uncertainty quantification into placement
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strategies [86, 82]. Notably, a significant gap in the literature is the absence of work that

holistically integrates adaptive, physics-based modeling with modern data-driven approaches

for actuator optimization. This thesis, therefore, focuses on developing robust algorithms

capable of bridging this gap by handling uncertainty and leveraging real-time data to adapt

to dynamic changes in system behavior, thereby combining the strengths of both established

research paradigms.
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Chapter 3

MULTIMODAL SENSING TESTBED AND ERGONOMIC
RISK SCORE ANALYSIS

3.1 Introduction

This work presents a holistic, data-driven ergonomic assessment framework for hand-intensive

manufacturing, particularly focusing on composite layup tasks 1. Our approach involves

multi-modal data collection—including 3D upper body and hand poses, as well as hand

force data—combined with ergonomic scoring using industry standards such as RULA and

HAL. Additionally, we introduce a novel ergonomic metric, the Biometric Assessment of

Complete Hand (BACH), designed specifically to assess hand and finger-level risks. By

training machine learning models to predict ergonomic scores based on multi-modal data, we

aim to provide a scalable and effective solution for real-time ergonomic assessment, enhancing

worker safety and reducing injury risks. The flow of multi-modal data from the sensors to the

data processing pipeline for ergonomic score assessment and prediction is shown in Figure

3.1. The specific contributions of this work include:

• An integrated, multi-modal sensor testbed is developed to capture data on operator

pose and forces during hand layup process.

• A specialized model is presented that integrates finger and hand movements with upper

body pose and hand force data to provide a comprehensive ergonomic assessment.

This assessment includes industry-standard RULA and HAL scores, along with a novel

BACH score.

• Automated scoring of the existing RULA and HAL risk metrics generalize well to

1Approved for Public Release RROI #24-180410-BCA
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Fig. 3.1 | Data-driven Ergonomic Risk Assessment Pipeline. Multi-modal sensor

data from goniometers, Leap Motion, TactileGlove, and webcams are processed through

machine learning models to predict RULA and HAL scores, while computing the novel

BACH score for comprehensive ergonomic assessment.

unseen participants using machine learning.

• Empirical results show that BACH score captures hand and wrist injury risks at a

higher fidelity as compared to the widely-used HAL and RULA scores.

3.2 Data Collection

The selected sensors completely characterize the complex force motion combinations arising

in hand-intensive manufacturing processes. Two digital cameras, manufactured by Nexigo

(Beaverton, OR, USA), are placed at the front-left and front-right of the operator. These

capture the operators’ upper body from two distinct perspectives, which is then used to
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reconstruct the 3D body pose.

The output from these two cameras is processed using the AlphaPose [29] algorithm.

AlphaPose is an advanced deep learning tool designed for human pose estimation, specializing

in detecting and mapping human body joints in images and videos. Then, we perform

bundle adjustment using a checkerboard pattern to calibrate and concurrently refine the 2D

and 3D coordinates of the checkerboard corners together with the corresponding rotation

and translation between the two cameras. By combining the 2D joint coordinates from

AlphaPose with the rotation and translation of the two webcams, the 3D coordinates of the

joints are triangulated, thereby, creating a comprehensive 3D skeletal model of the operator.

The remaining sensors capture arm, hand and finger motions and forces.

First, the Ultraleap Stereo IR 170 manufactured by Ultraleap (Mountain View, CA, USA)

is used to record 3D hand and arm pose. This sensor records high-fidelity information about

the hand and forearm joints using both infrared and visual spectrum cameras and reports

21 three-dimensional coordinates of the skeletal hand pose per hand. Next, wrist motion is

captured in two axes using wired electronic goniometers, manufactured by Biometrics Ltd.

(Cwmfelinfach, UK). Wrist angle is already reported by the Ultraleap IR 170 by depth sensing

of the forearm and hand using infrared cameras. However, consultations with ergonomists

and hand layup operators revealed that the wrist experiences the highest loads, and is likely

to be the most frequently injured part. Therefore, we use this high-fidelity goniometer to

ensure that wrist data are captured accurately and inter-sensor reliability is corroborated.

Finger and palm forces are captured using the TactileGlove, manufactured by Pressure Profile

Systems (Glasgow, UK), a pair of force-sensing gloves with 65 force-sensing elements per

hand. These sensors accurately measure the location and magnitude of the forces applied

by the palms and fingers. The complete testbed with all the sensors for data collection is

shown to the left in Fig. 3.3.

The layup tools, materials, and shop aides cover the different types of hand motions

typically performed by an operator on the factory floor. The two tools used for data collection

are shown in Fig. 3.2. The stringer tool is chosen for its multiple concave curvatures along
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its length. The operator has to use their fingers or shop aides to ensure that the carbon

fiber material accurately conforms to the concave surface by applying concentric pressure to

the radii to avoid bridging. In contrast, the convex mold tool is characterized by a large

convex curvature. The radius of this curvature varies along the length of the tool, requiring

operators to perform smoothening motions that are characteristically almost opposite of

those in the stringer tool. We also use two types of materials: a 0/90◦ plain-weave fabric and

unidirectional tape. The material stiffness and forming behavior depend on the direction

in which the ply is placed on the tool, each requiring a slightly different layup strategy.

Therefore, the fabric is placed at 0◦ and 45◦ with respect to the tool, and the unidirectional

material is placed at 0◦ and 90◦ with respect to the tool.

A total of 15 participants were recruited for data collection2. The participants performed

2This study complies with all the relevant ethical regulations and is approved by the University of
Washington IRB Committee B under ID STUDY00013896. Informed consent was obtained from all the
participants prior to their involvement in the study, and participant height, weight, gender, and skill level
were self-reported.

Fig. 3.2 | Digital scans of the two tools used for data collection. 3D scans of the

Stringer tool (left) and Convex Mold tool (right) show the difference in geometry between

the many concave rows of the Stringer and the convex curvature with varying radii along

the length of the Convex Mold Tool.
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Fig. 3.3 | Data Collection Testbed and Illustration of Data Synchronization. The

sensor setup (left) collects data as participants perform composite hand layup, with the

Leap motion sensor attached on the helmet, the goniometers attached to both the wrists,

the TactileGlove worn on both the hands and two webcams (out of image) capturing stereo

images. Sensors with varying frame rates are aligned and synchronized to the frame timing

of the webcam (right). The smaller dots represent intrinsic sensing rates and the larger dots

represent the interpolated and webcam-aligned data points.

layup for 15 minutes per tool on average. A total of 314 variables were captured at different

sensing rates during each trial, which lasted for (5-15) minutes following a standard test

procedure. The total data collection time was between (30 - 35) minutes per participant,

leading to an overall 7 hours of recorded data. There was significant variation in the height

(mean = 169.33 cm, std. dev. = 8.23 cm) and weight (mean = 155.13 lbs., std. dev. = 28.25

lbs) of the participants. The participants’ experience level (mean = 4.08 years, std. dev. =

5.54) tended to be either low (≤ 3 years) or high (≥ 10 years). There were 7 female and 8
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male participants in this study. Participants were allowed to use two shop aides in selected

trials, with the expectation that they would help reduce the stress on the operators’ hands

and fingers by providing a wide base and a narrow tip to access the grooves.

The large volume and heterogeneity of the collected data, varying measurement rates

of the sensors, and occasional sensor failures lead to challenges in sensor synchronization

and pre-processing. Prior to initiating the trial, the two portable computers’ internal clocks

are synchronized with the International Standard Time. Next, a Python script on both

the computers is tasked with capturing the start and end times of data collection trials for

each sensor separately. A synchronization pipeline then determines the common operational

duration across all the sensors and trims their data to this unified time frame. Subsequently,

the pipeline interpolates or down-samples sensor data to conform to the digital camera’s

operational frame rate of 60 frames per second. A schematic of this data synchronization

pipeline is shown to the right in Fig. 3.3.

3.3 Existing Ergonomic Assessments for Upper Body and Hand Activity

Ergonomic risk assessment of composite hand layup begins with annotation of the collected

data from the operators with existing industry-standard ergonomic scores, namely RULA

scores for the upper body and HAL scores for the hands. RULA is a point-based observational

analysis of the joint angles and forces sustained by the upper body when executing the motion

under evaluation [75]. It has the lowest score when the upper body is in a neutral posture,

with penalties for deviations from this posture. The scores increase corresponding to the

applied loads and decrease if there is additional support to the legs or arms. The scores for

the different parts of the upper body are combined using lookup tables to provide a single

score ranging from 1-7.

RULA is calculated for each static posture in the dynamic movements comprising hand

layup for each frame of data as follows. First, the 3D coordinates of the various body joints

(obtained from AlphaPose) are used to compute the required arm, neck, and trunk positions

and angles. Second, the wrist angles (obtained from goniometers) are used to compute the
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wrist position and twist. Third, the Muscle Use Score is set to 1 when the action repeats

more than 4 times a minute, the Force/Load Score is set to 2 for repeated loads between

4.4 and 22 lbs., and the Leg Score is set to 1 as the legs are supported in hand layup. This

information is used in the corresponding lookup tables A, B and C, to calculate the RULA

score for a single frame. The entire dataset is annotated frame-by-frame in this manner,

thereby generating a time series of RULA scores for every 3D body pose and wrist angle.

The ACGIH developed ergonomic metrics [1] for assessing the risks of work-related distal

upper extremity musculoskeletal disorders. The developed metric combines Hand Activity

Level (HAL) and Normalized Peak Force (NPF) to estimate the Threshold Limit Value

(TLV). HAL is a 10-point score calculated subjectively by experts viewing the performed

task. These experts take into account the exertion frequency, rests, and speed of motion

according to the specified guidelines. Subsequent efforts [54] developed linear regression

models and lookup tables to predict the expert-rated HAL and NPF scores. We use the

estimator defined by the nonlinear regression model of Radwin et al. [91]

HAL = 6.56 ln

(
DF 1.31

1 + 3.18F 1.31

)
, where F =

Exertions

Work Time
(3.1)

The duty cycle D is defined as the ratio of work time to the total time, including rest,

for a given task. Exertions are typically characterized by the speed of motion and pauses.

In composite hand layup, some activities, such as repositioning material on the tool, are

less strenuous than applying pressure to the surface. Therefore, exertions are calculated as

the time spent above specific force thresholds, detailed below. Since data is collected only

during material layup and not during rest periods, we use an average duty cycle of D = 75%,

based on operators’ responses to a questionnaire about their working and resting times. The

working period for exertion calculations is set to the mean layup motion duration, defined

as Work Time = 10 s, based on observations of typical layup activity. Force thresholds are

determined using the nominal forces sustained by the flexor digitorum superficialis (FDS)

tendon, which facilitates flexion in the metacarpophalangeal and proximal interphalangeal

joints of all fingers except the thumb. Typical force values for various hand functions are
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provided in Table 5 of [57]. During power grasp activities—comparable, though not iden-

tical, to hand layup—the FDS tendon typically sustains forces in the range of 4N to 20N.

Based on discussions with ergonomists and operators’ perceived levels of effort during data

collection, two force thresholds are considered: a finger force threshold of 15N (3.3 lbs) and

an overall hand force threshold of 44.8N (10 lbs). An exertion is recorded when the load on

an individual finger exceeds the finger threshold or when the total load on the hand exceeds

the overall threshold.

Exertions :=

Exertions + 1 fi > Finger Force Threshold

Exertions + 1
∑5

i=1 fi > Overall Force Threshold

. (3.2)

where,

fi = Sum of forces applied by finger i

The HAL score is, therefore, computed as follows. First, the forces applied over each

element in a finger is summed up, and this is repeated for all the five fingers. Next, for the

first ten seconds, the number of exertions is counted using equation (3.2). F is computed

using Exertions, and subsequently the HAL score using D and equation (3.1). This step is

repeated after sliding over the time window by a single data point and annotating the next

time window with a corresponding HAL score until the last data point is reached. Therefore,

the resultant HAL score is a continuous time-windowed score that is offset from the collected

data by 10 seconds. The score is then padded with zeros at the start to ensure it is of the

same length as the collected data and consistent with the other ergonomic risk scores.

Figure 3.4 presents histograms of RULA and HAL scores for all the participants, cat-

egorized as low risk (green), medium risk (yellow), and high risk (red). RULA scores are

classified as low (0-3), medium (4,5), and high (6,7), while HAL scores are categorized as

(0 < HAL < 4), medium (4 < HAL < 7), and high (HAL > 7).



32

Fig. 3.4 | RULA and HAL Score Distributions. Histograms of RULA and HAL risk

scores, categorized as low (green), medium (yellow) and high (red), are presented across all

participants, with number of occurrences (frequency) on the y-axis. A significant portion

of RULA scores fall in the medium risk range, indicating the need for operators to bend

while applying force during layup. However, HAL scores most frequently fall in the high-risk

category, highlighting frequent crossing of safe thresholds during composite hand layup.

3.4 New Score for Assessing Hand Motion Risk: BACH

The existing ergonomic risk scoring techniques have a few caveats in their assessment. RULA,

for example, is not dynamic, although some adjustments exist for the total forces applied and

muscle use. However, the information about the variation and location of these forces is not

taken into account. RULA also focuses on the entire upper body, with no special emphasis
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on the hands apart from the deviations from the natural wrist position. Therefore, it cannot

be used as the only ergonomic assessment of a hand-intensive process, such as hand layup.

Even hand-intensive metrics such as HAL TLV need augmentation. The correlation between

TLV and injury risk was studied for 908 operators in the cross-sectional assessment in [30],

which reported the prevalence of MSDs even at acceptable levels of TLV, suggesting the

need for metrics that can better characterize the ergonomic risks in the hands. Informed by

research indicating that wrist pressure plays a significant role in hand fatigue, chronic tendon

problems, and potential injuries [4, 39], we develop the Biometric Assessment of Complete

Hand (BACH) score, which focuses on the effects of hand layup motions in the wrist area.

The BACH score is derived by integrating data from three sensors: the goniometer,

Leap Motion sensor, and the TactileGlove. Utilizing the hand pose information from the

Leap Motion sensor and both finger and palm force measurements from the tactile glove,

the computed force across the hand region is used to determine the resultant torque at the

wrist joint. However, the absolute wrist torque may not inherently capture the variability

in the individual physiological conditions. Consequently, we propose using the median of

the torque as a normalization factor for each subject’s torque data. The wrist angle’s state

directly impacts the tendon dynamics, which, in turn, plays a pivotal role in hand injury

risk.

We obtain the relationship between the wrist flexion angle and wrist flexion moment from

[44]. As shown in Fig. 3.5, the moment progressively increases when force is applied in the

positive flexion direction as the wrist transitions from extension to flexion. It reaches its

peak at approximately 40◦and subsequently begins to decline. This observation implies that

the maximum applicable flexion moment is constrained by the biomechanical characteristics

of the hand. Consequently, it serves as an indicative parameter for assessing wrist safety

during force application. Specifically, a higher achievable wrist moment at a given wrist

angle corresponds to a reduced injury risk. As an extension of this principle, the inverse

wrist moment at the corresponding wrist angle can be employed as a multiplicative factor

for the normalized torque.
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Fig. 3.5 | Hand poses illustration (left) and maximum isometric wrist

flexor/extensor moments vs. flexion angle (right) during positive flexion

force [44]. The curve comprises two segments: a linear relationship in the left section

and a quadratic relationship in the right section, fitted using linear and second-degree poly-

nomial models respectively.

We define the BACH score as a function of the ratio of wrist torques τ over the median

of wrist torque τmedian and a multiplicative scaling factor αwr, characterized by the ratio of

the maximum wrist flexion moment, maxθ Mflex(θ), to the flexion moment of a given wrist

angle θ, Mflex(θ).

BACH =
τ

τmedian

· αwr (3.3)

where

αwr =
maxθ Mflex(θ)

Mflex(θ)
(3.4)

Mflex(θ) =

0.041θ + 9.696, for − 90◦ < θ ≤ −8◦

−0.001θ2 + 0.083θ + 10.110, for − 8◦ < θ < 90◦
(3.5)

The parameters for the piecewise function Mflex(θ) are derived using curve fitting on the

graphical data presented in [44].
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3.5 Hand-Focused Ergonomic Risk Analysis

To assess the applicability of our BACH score, we first plot the variations in the wrist

angles and torques for all the seven participants, separately for their right and left hands,

in Fig. 3.6. We observe consistent trends in the right and left wrist torques among the

participants, which highlight their individual strength disparities. To determine which hand

exhibits higher torque values, we applied the Mann-Whitney U test [68]. The null hypotheses

was H0: “The two torque distributions are identical”, and the alternate hypothesis was H1:

“The right-hand torque distribution is greater than the left-hand distribution”. The test

was conducted on N = 1.4 × 106 samples, yielding U = 1.07 × 1012, p = 7.7 × 10−132,

confirming a significantly higher occurrence of elevated torque values in the right wrists as

compared to the left wrists. This result aligns with the right-handed dominance observed

in all the study participants. Additionally, the wrist angles show differences in how the left

and right hands are positioned, indicating that the two hands play different roles during

hand layup tasks. We then select four representative sections from the hand layup trials

to illustrate the characteristic patterns in the RULA, HAL, and BACH assessments. These

sections portray the temporal alignment of the three distinct evaluation metrics, providing

a more comprehensive visual assessment of the subjects’ hand layup movements.

In Fig. 3.7, the top section illustrates a progression from gentle material rubbing with

low metric scores to material pinching, resulting in higher wrist torques. As the operator

leans forward using wrist support, RULA reaches high risk while BACH drops due to force

alignment through the wrist. The final stages show sustained HAL elevation despite decreas-

ing finger force, concluding with two-handed pressing that peaks BACH scores. Throughout,

RULA fluctuates with posture changes while HAL maintains stable trends due to its com-

putational parameters. BACH provides more detailed real-time assessment, complementing

HAL’s limited temporal resolution. In the bottom section, the operator begins with repeti-

tive pinching motions to conform material to the curved tool surface, causing oscillations in

the BACH score. The process then shifts to fingertip smoothing at the tool’s edge, reducing
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force and lowering BACH scores. Increased finger pressing afterward raises the BACH score

to a moderate level. Next, edge manipulation with the fingertips reduces the palm-force

angle and shortens the wrist torque lever arm, lowering BACH scores. HAL then shows a

delayed response to the decrease in hand activity intensity, attributed to its thresholding and

windowing computation method. Throughout these activities, RULA remains at medium

risk levels due to stable upper-body posture.

The top section of Fig. 3.8 demonstrates a dynamic sequence of hand activities: BACH

score initially fluctuates with repetitive pressing, then significantly drops during hand sur-

face smoothing in the second frame. The score rises again as the operator employs fingertip

precision for narrow groove fitting, followed by increased whole-hand pressure for material
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Fig. 3.6 | Wrist angle and torque distributions for all the participants during

hand layup tests. The wrist torque patterns emphasize right-handed dominance for the

participants. The variations in the wrist angles suggest different roles for the left and right

hands during hand layup.
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conformity. BACH peaks in the final frame when the operator leans forward, channeling

body weight through hand pressure. Throughout these transitions, HAL demonstrates a

consistent pattern of delayed response to decreasing movement intensity, while RULA vari-

ations specifically track the operator’s forward-leaning postures and their associated risks.

The bottom section exhibits a distinct progression of hand movements: starting with min-

imal wrist torque during left-hand material holding, then transitioning to precise fingertip

manipulation in narrow grooves. This is followed by whole-hand pressure application with

added body weight, before shifting to lower-intensity thumb-dominant pressing. The se-

quence concludes with a return to material holding motion to support right-hand layup

activities. As in the top section, HAL shows delayed responses to two distinct decreases in

movement intensity, while RULA scores correspond directly to changes in upper body weight

engagement throughout the layup process.

Visualizations of the two layup sections highlight the utility of the RULA score for as-

sessing overall body posture risk, while the HAL and BACH metrics provide a more detailed

focus on hand region analysis. Although the HAL score captures hand activity over extended

timeframes, it lacks the precision for immediate, detailed hand risk assessment. The BACH

score addresses this limitation, offering a more robust and nuanced evaluation of hand risk.

Consequently, it adds an alternative dimension that could significantly enhance hand risk

monitoring.
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(a) BACH progresses from low scores during initial layup to peaks during pinching. RULA rises

with poor posture mid-task, while BACH drops during material placement before rising again with

final conforming force, and HAL shows delayed risk responses to hand activity.

(b) BACH score fluctuates: high during pinching, low during smoothing, rising with pressing, then

decreasing with return to smoothing, RULA maintains medium risk with minor fluctuations and

HAL score exhibits an offset delayed response.

Fig. 3.7 | Comparative Analysis of Hand Motion-Based Ergonomic Scores. RULA,

HAL, and BACH scores are shown from two selected trials along with the corresponding

frames of interest from the digital camera.
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(a) BACH score fluctuates through task sequence: high during pressing, low during smoothing,

rising with fingertip work, increasing with whole-hand pressure, and peaking with forward-leaning

body weight application.

(b) Task progresses from minimal wrist torque during material holding, to fingertip precision work,

then whole-hand pressure, before shifting to lighter thumb pressing and final pinching motion. HAL

shows delayed response to movement intensity, while RULA reflects upper body engagement.

Fig. 3.8 | Additional Comparative Analysis of Hand Motion-Based Ergonomic

Scores. RULA, HAL, and BACH scores are shown from two selected trials along with the

corresponding frames of interest from the digital camera.
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Chapter 4

MACHINE LEARNING MODELS FOR PREDICTING
ERGONOMIC RISK IN UNSEEN PARTICIPANTS

4.1 Machine Learning Models

Machine learning (ML) models are selected based on the similarity of the modeling technique

to the risk scoring mechanism. Decision trees consist of branches that assign outputs y based

on optimized thresholds (β) of the feature (x) values in the datay ← y1 if x < β

y ← y2 if x ≥ β

. (4.1)

Here, the desired output is the RULA risk score, and x are the upper-body posture and

joint angles, therefore the decision tree mimics the incrementation of RULA scores based on

predetermined threshold of joint angles. In doing so, decision trees mimic the complex RULA

lookup table, but also offer more interpretability of the specific force-motion combinations

directly affecting risk. We use a gradient boosted classifier, which uses ensembles of decision

trees to predict risk. Specifically, gradient boosted classifiers train a sequence of decision

trees, starting with a simple decision tree with high bias and low variance. Sequentially,

more complex decision trees with lower bias and higher variance are added, resulting in

models which are less prone to overfitting while having adequate complexity. At each nth

stage of training, a new estimator hn(x) is added to minimize the residual error, y − y∗,

between the output of the current model, y = Fn(x), and the true risk, y∗, as follows

Fn+1(x) = Fn(x) + hn(x) = y∗ (4.2)

When designing the predictors for HAL, the model needs to account for it being a time

windowed score that uses a history of hand force inputs. Recurrent Neural Networks (RNN)
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use a hidden layer that is updated with each force input, and, therefore, has a memory

that can capture the temporal dynamics of the input forces. We train Gated Recurrent

Units (GRUs), a type of RNN [21], which can handle longer input sequences than RNNs

with traditional activation functions such as the hyperbolic tangent. GRUs, along with

Long-Short-Term Memory (LSTM) [43] networks use gating mechanisms to map sequential

force inputs to outputs (HAL score). Update gates z and Reset gates r control the flow of

information from the past to the future and are computed by applying σ, the logistic sigmoid

activation function, elementwise to weighted input and previous hidden states. The weights

are then updated to minimize the difference between the predicted and true HAL score.

r = σ(Wrx+Urht−1), (4.3a)

z = σ(Wzx+Uzht−1), (4.3b)

where x is the input state, ht−1 is the previous hidden state, and W and U are weight

matrices which are learned. Hidden states are computed via elementwise multiplication (⊙)

of the update gates with previous hidden states

ht = z⊙ ht−1 + (1− z)⊙ ĥt, (4.4a)

ĥt = ϕ(Wx+U(r⊙ ht−1)). (4.4b)

Here, ϕ refers to the hyperbolic tangent function. The reset gate controls how much infor-

mation to forget, and the previous hidden state is ignored if r is near zero. The update gate

controls how much information to carry over, and serves to update the hidden unit as a ratio

of the previous hidden state ht−1 and the new hidden state ĥt. GRUs lack context vectors

or output gates like LSTMs, but have been shown to have similar performance while being

simpler to compute and train [21]. The reader is referred to section 4.3 for implementation

details of the GRU and gradient boosting classifier models.
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4.2 Generalization of RULA and HAL Scores to Unseen Participants

Automated RULA and HAL scoring from sensor data is evaluated using holdout validation,

where data from one participant is reserved for testing while the model is trained on data

from the remaining participants. This approach assesses the model’s ability to generalize

and learn force-motion patterns associated with ergonomic risk in unseen participants. Data

collection was performed using two tools with representative geometries: convex (Stringer)

and concave. As all participants were right-handed, results are split by tool geometry and

the hand in use to highlight any differences in scoring performance across these conditions,

and shown in Fig. 4.1.

We categorize risk levels into three classes: low, medium, and high. This classification

facilitates comparisons between HAL (0–10 scale) and RULA (1–7 scale) scores and provides

practical recommendations from numerical values. To ensure conservative risk estimation,

correct classifications are combined with predictions that are one class higher than the true

risk level (e.g., low classified as medium, or medium classified as high). This approach

promotes recommendations for ergonomic changes even in marginal cases. Fig. 4.1 shows

the percentage of data for each test participant which is correctly or conservatively classified

(green), incorrectly classified by one class (low), and incorrectly classified by two classes (red)

for RULA and HAL. Tables 4.1 and 4.2 provide the actual and predicted RULA and HAL

risk levels as percentages of the collected data for all participants.

The RULA predictor achieves over 95% classification accuracy for nearly all participants,

across both hands and tools, demonstrating its ability to model new technicians’ behavior by

learning correlations between sensor data and RULA scores. The figure also reveals atypical

behavior on Participant 1, Participant 11 (left and right) and Participant 12 (left) with the

Stringer tool. This anomaly is primarily caused by partial occlusion of the lower section of

the upper body in the camera setup, leading to inaccuracies in estimating hip position using

AlphaPose and, consequently, imprecise upper body leaning angle measurements. Addition-

ally, feature importance analysis (Supplementary Table 3) reveals that the upper extremities
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of the upper body are the most critical predictors of risk.

The HAL predictor achieves over 95% classification accuracy for nearly all participants

across both hands and tools. Notably, accuracy is higher for the left hand than the right, with

atypical values observed in Participants 11–13 and, to a lesser extent, Participants 9 and 15 on

the Stringer tool. Investigation revealed that force sensors on the TactileGlove saturated near

the tip of the dominant (right) hand due to high local pressure, leading to incorrect force data.

The GRUmodel, trained on these correlations, mapped the saturated data to excessively high

HAL scores. When force sensor data does not saturate, the HAL predictor generalizes well,

maintaining excellent accuracy across most holdout participants. In contrast, the RULA

predictor shows fewer two-class misclassifications, likely due to its simpler scoring model

based on angle and load thresholds, as opposed to the nonlinear functions and windowed

frequency measurements used in HAL. Classification performance drops are primarily due

to occlusion or sensor force saturation. Additional trials could improve holdout performance

by increasing population variance and optimizing sensor configurations.

4.3 Details of ML models

Gated Recurrent Units (GRUs) [20], a type of Recurrent Neural Network (RNN), are used to

predict our time-dependent HAL score, which is implemented in Pytorch. The reset gate rt,

update gate zt, new gate nt, and the candidate hidden state ht are computed componentwise

as follows (equivalent to Equations (8-9) in the main text

rt = σ(xtWir + ht−1Whr + br)

zt = σ(xtWiz + ht−1Whz + bz)

nt = tanh(Winxt + bin + rt ⊙ (Whnht−1 + bhn))

ht = (1− zt)⊙ nt + zt ⊙ ht−1

where xt is the input at time t, ht−1is the hidden state at time t − 1 or the initial hidden

state at t = 0. σ is the sigmoid function, and ⊙ denotes the Hadamard product. The W and

b terms denote the weight matrices and biases respectively, which are updated iteratively to
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improve prediction performance. We use a multilayer GRU, therefore the input x
(l)
t of the

l-th layer (l ≥ 2) is the hidden state h
(l−1)
t−1 of the previous layer.

The model was also developed in Python 3.11, using PyTorch and PyTorch Lightning

developed for GPU hardware accelerators and an Nvidia-CUDA compatible laptop with an

RTX 4080 GPU. Here are the salient features of the model, identified after searching over

possible structures and hyperparameters via grid search.

• Structure: Sequentially, the first layer is a Gated Recurrent Unit (torch.nn.GRU )

with (input size, hidden size, num layers) = (6,10,3), with 6 inputs referring to the

instantaneous force on the five fingers and the palm section. This is followed by a

dense layer (torch.nn.Linear) with (in features, out features) = (10,90), followed by

another dense layer (torch.nn.Linear) with (in features, out features) = (90,1) which

produces HAL as output.

• Optimizer and Loss Function: The ADAM optimizer [49] (torch.optim.Adam) is

used with a learning rate, lr = 1e − 3. Huber Loss is used as our Loss Function

(torch.nn.HuberLoss) with (delta, reduction) = (1,’mean’).

• Training and Early Stopping: This model is trained for a maximum of 25 epochs

with a batch size of 1024. The increased batch size resulted in a significant increase

in accuracy, suggesting that the increased variance of bigger batches can more accu-

rately capture force trends corresponding to HAL scores. We have also implemented

Early Stopping (pytorch lightning callbacks.EarlyStopping) with (monitor, patience)

= (train loss, 3). This moves the model from inference to training when the training

loss hasn’t improved in the last 3 epochs, resulting in less overfitting to the training

data.

The Gradient Boosting Classifier is a state-of-the-art classifying technique that uses mul-

tiple weak learners to produce a prediction. This technique produced the best results when

trained using the angles formed by the upper body as input and the corresponding RULA
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scores as output. This model was developed in Python 3.11 and uses the Sklearn and XG-

Boost packages. XGBoost is used for GPU-based hardware acceleration during training,

and its Sklearn API is used to interface with Sklearn’s functions for hyperparameter op-

timization and model selection. The hyperparameters were tuned initially over the entire

parameter space with a randomized search, and fine-tuned with a grid search. All except

one participant’s data is used for training, with the results being demonstrated on the held

out participant, similar to the GRU model. We note that the cameras are able to see more

of the technician in the Convex Mold Tool compared to the Stringer Tool, due to the smaller

size of the tool. Here are the details of this model.

• Structure: We used a pipeline (sklearn.pipeline.Pipeline) of a standard scaler (sklearn.

preprocessing.StandardScaler), and a gradient boosting classifier (xgboost.XGBClassifier

with (tree method,sampling method) = (’gpu hist’,’gradient based’).

• Hyperparameters and Loss: We set (n estimators,max depth,learning rate,gamma,

min child weight,max leaves) = (29,6,0.018,0.12,1,27) after performing an extensive

coarse and fine grid search. We use the F1 score (sklearn.metrics.f1 score) as the loss

function.

4.4 Additional Results

This section has the detailed risk level results for the HAL and RULA predictors respectively.

Table 4.1 shows the RULA model holdout validation accuracy in percentage. The risk

levels are segmented as low, medium and high based on the risk levels, namely, low (0-3),

medium (4,5), and high (6,7). Table 4.2 shows the HAL model holdout validation accuracy

in percentage. We use three classes for the risk levels, namely, low (0 < HAL < 4), medium

(4 < HAL < 7), and high (HAL > 7). The results have been split based on the left and

right hand, and also based on the tools. The results mainly show the classifier generalizes

well to new participants.
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Table 4.3 shows the ranking of the most important features for a RULA classifier trained

on the 3D body coordinates. This table thus shows the most important features the classifier

uses to predict the RULA score, ranked using the Maximum Relevance Minimum Redun-

dancy algorithm [89]. The L, R, or Mid designations refer to the left or right side of the

body, or their average respectively. Channels 1 and 2 of the goniometer represent flexion

and extension angles of the wrist. This table highlights the importance of the upper ex-

tremities in determining risk, namely, the shoulder and elbow positions, along with the wrist

flexion/extension angle.

4.5 Discussion

Our sensor-driven ergonomic scoring framework is of immediate applicability in numerous

common manufacturing tasks involving human grasp, pressure and smoothing. The devel-

oped BACH score in particular, quantifies hand and digit activity in granular detail not

afforded by other metrics (HAL and RULA). Given the prevalence of dexterous activity in

manufacturing and the need for safe, efficient automation of repetitive tasks, this frame-

work opens several promising directions for future work. Data-driven and learning-based

approaches can further characterize the biomechanics of dexterous hand movements, par-

ticularly by linking hand pose and activity with indicators of tendon injury. In addition

to data-driven risk scoring, such ML approaches can learn improved models of existing risk

metrics such as HAL, including learning nonlinear models directly from data [10, 97], optimiz-

ing model or measurement parameters to extract maximal information [70] or to generalize

to specialized hand activities. Additionally, feature engineering of pose-force combinations

can inform the development of assistive robotics, exoskeletons, and partial automation for

dexterous processes. Automated decision-making in such systems could be enhanced by in-

corporating information on local geometry, material properties, and user-preferred movement

patterns.

Notably, shop aides were not used consistently across the trials, particularly by less expe-

rienced participants. As a result, they did not significantly reduce the participants’ RULA,
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HAL, or BACH scores. However, the use of shop aides did impact task completion times. For

the tasks where the operators utilized the shop aides over 50% of the duration, completion

times were compared against those completed without any aide. A Mann-Whitney U-test

was applied with the null hypotheses H0: “The two completion times are identical”, and the

alternate hypothesis H1: “Completion times without the shop aide are greater than those

with the shop aide”. Conducted on N = 15 samples, the test yielded U = 179.5, p = 0.003,

indicating that shop aides significantly reduced the task completion times while maintaining

comparable layup quality, thereby, mitigating prolonged exposure to high ergonomic risks.

Nevertheless, we plan to redesign the shop aides using the BACH score and the wrist torque

metric to encourage the operators to use the thumb to apply the same force instead of other

fingers. This is expected to result in a lesser overall wrist torque for the same applied force, as

the thumb is closer to the wrist than the other fingers. The thumb, being the topmost finger

when applying force downwards, helps maintain the forearm in a neutral position, which has

been shown to minimize ergonomic risks as compared to other non-neutral positions [76].

Building on these observations, we can further refine ergonomic interventions by opti-

mizing operator techniques and workplace setups. Targeted ergonomic adjustments can be

made to both operator techniques and workplace setup in tasks like composite hand layup

to lower injury risk. First, modifications to operator movements and force application are

recommended, based on trials demonstrating that low-risk movements and reduced force

achieve the same layup quality with less injury potential. Secondly, adjustments to the

workplace, informed by analysis of upper body postures, can facilitate safe access to tool

extremities without significantly raising RULA scores. By examining tool mounting angles

and access points, this ergonomic assessment can also help improve the operator’s baseline

posture during composite hand layup tasks.

Data collection and model training for this study were conducted using two laptop com-

puters, integrating both sensors and computational capabilities to create a fully portable

ergonomic risk assessment testbed. Our goal is to use this tool to assess ergonomic risks

associated with hand-intensive activities across both manufacturing and non-manufacturing
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settings. The real-time inference and risk scores generated by these ML models provide

technicians with immediate feedback on the most ergonomically hazardous aspects of their

tasks. This feedback enables targeted adjustments—either through workplace modifications,

enhanced access to the tool, expert guidance on safer techniques, or the design of shop aides

that reduce exposure time and improve reach to challenging areas.

While this portable tool shows promise for real-time ergonomic risk assessment in diverse

work environments, challenges remain in achieving fully reliable data. Issues like sensor sat-

uration, missing measurements, and connectivity disruptions underscore the need for robust

data handling methods to ensure model accuracy and comprehensive ergonomic insights.

These failure modes pose challenges in training the most generalizable ML models, as well

as in computing BACH scores that capture all the hand activity risks. In the future, it

would be useful to investigate suitable data imputation techniques [47] to fill in the missing

measurements. Correlation analysis and decomposition methods such as Robust PCA [12]

and Dynamic Mode Decomposition [96] can help impute missing data using correlated mea-

surements from other sensors. These techniques also provide dimensionality-reduced rep-

resentations of complex force-motion combinations, which can be useful for process control

and automation.

Addressing these data reliability issues will support the broader goal of developing a

comprehensive and objective ergonomic risk assessment. This approach represents an im-

portant step toward establishing robust injury metrics that help understand how and why

operator injuries occur in manufacturing settings. By shifting from subjective, expert-based

assessments to sensor-driven, objective evaluations, we can minimize errors associated with

inter-rater reliability and improve accessibility. Accurately predicting injury risk remains

challenging due to factors such as cumulative physical and mental fatigue. A truly compre-

hensive assessment will require integrating a broader range of measurable variables during

evaluation.
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Fig. 4.1 | RULA and HAL Prediction Results. Both the HAL and RULA predictors

achieve over 95% classification accuracy for almost all the participants, across both the hands

and tools. Instances of misclassification are primarily attributed to sensor malfunctions.



50

Right,Stringer Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 81.31 1.45 0.82 4.86 6.08 0.79 4.7
2 99.52 0.1 0 0.03 0.12 0.23 0
3 93.7 0 0 2.09 0 4.21 0
4 91.94 0.96 0 0.51 0.33 6.22 0.05
5 96.69 0.86 0 0.73 0.12 1.61 0.01
6 91.6 0.58 0.12 2.51 0.93 4.24 0.02
7 96.07 0.14 0 0.75 0.05 2.96 0.03
8 90.94 0 0 7.53 0.08 1.43 0.01
9 95.07 0.03 0 4.15 0.01 0.74 0
10 98.92 0.05 0 0.37 0 0.66 0
11 78.03 0 0 3.5 0 18.47 0
12 88.51 0 0 5.22 0 6.27 0
13 93.42 0 0 0.41 0 6.17 0
14 95.91 0.15 0 0.92 0.13 2.88 0.01
15 93.56 0 0 0.19 0 6.25 0

Right,Convex Mold Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 82.55 1.34 0.02 0.12 15.69 0.05 0.23
2 99.96 0 0 0 0 0.04 0
3 99.67 0.12 0 0 0.01 0.2 0
4 97.97 1.06 0 0.01 0.53 0.38 0.04
5 99.82 0.09 0 0 0.01 0.08 0
6 98.41 0.65 0 0.05 0.5 0.4 0
7 99.89 0.09 0 0 0.01 0.01 0
8 98.16 1.55 0 0 0.26 0.02 0.02
9 94.76 0 0 1.49 0 3.75 0
10 99.72 0 0 0.08 0.03 0.17 0
11 97.8 1.55 0 0.28 0.18 0.18 0
12 98.91 0.18 0 0 0.17 0.73 0.01
13 90.17 0 0 9.42 0 0.42 0
14 95.26 1.76 0 0.35 0.3 2.32 0
15 96.03 0 0 0.58 0 3.38 0

Left,Stringer Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 84.8 1.64 2.17 4.49 5.07 0.77 1.07
2 99.63 0.14 0 0.02 0.05 0.15 0
3 91.22 0 0 2.28 0 6.5 0
4 94.28 0.94 0 0.52 0.34 3.91 0.02
5 96.03 1.33 0 1.42 0.07 1.14 0
6 92.59 1.33 0.01 2.17 0.5 3.3 0.11
7 97.43 0.14 0 0.54 0.01 1.84 0.04
8 87.07 0 0 11.99 0.04 0.85 0.05
9 95.1 0.04 0 4.03 0 0.82 0
10 98.87 0.04 0 0.47 0 0.62 0
11 75.68 0 0 5.87 0 18.45 0
12 79.21 0 0 2.37 0 18.43 0
13 81.29 0 0 15.69 0 3.02 0
14 95.9 0.11 0 0.7 0.1 3.16 0.03
15 93.45 0.01 0 0.06 0 6.48 0

Left,Convex Mold Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 81.44 1.45 0.34 0.21 16.24 0.01 0.3
2 100 0 0 0 0 0 0
3 99.75 0.1 0 0.01 0 0.13 0
4 97.85 1.56 0 0.11 0.34 0.09 0.05
5 99.64 0.1 0 0 0 0.26 0
6 98.22 1.19 0 0.06 0.2 0.33 0
7 99.48 0.11 0 0.13 0 0.27 0
8 97.94 1.71 0 0 0.17 0.09 0.09
9 74.42 0 0 12.27 0 13.31 0
10 99.68 0 0 0.16 0.03 0.13 0
11 97.33 1.84 0 0.35 0.11 0.37 0
12 96.89 0.23 0 0.19 0.26 2.41 0.01
13 92.94 0 0 6.74 0 0.32 0
14 95.18 1.84 0 0.23 0.26 2.49 0
15 96.09 0 0 1.06 0 2.84 0

Table 4.1: RULA Model Holdout Validation Accuracy. Table showing prediction

accuracy of the best performing RULA model (in percent) using XGBoost architecture using

holdout validation. The results are the predictions of the model when given the previously

unseen sensor data of the current participant while the remaining participants’ data and

RULA scores are used to train the model. The results are displayed for the right and left

hands for both tools used in data collection.
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Right,Stringer Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 97.79 0 1.79 0.41 0 0 0
2 99.98 0 0.02 0 0 0 0
3 99.97 0 0.03 0 0 0 0
4 98.64 0.03 0.17 1.16 0 0 0
5 98.9 0.34 0.55 0.21 0 0 0
6 96.79 0.12 1.14 1.94 0 0 0
7 99.38 0 0.08 0.54 0 0 0
8 96.48 0 1.93 1.59 0 0 0
9 60.05 2.91 10.89 23.56 0 2.59 0
10 97.23 1.15 0.53 1.09 0 0 0
11 82.74 0 16.25 1.01 0 0 0
12 56.93 0.13 22.87 20.08 0 0 0
13 65.73 0 17.64 16.63 0 0 0
14 96.43 0.08 2.66 0.83 0 0 0
15 77.25 0 13.03 9.72 0 0 0

Right,Convex Mold Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 99.77 0 0.01 0.22 0 0 0
2 96.56 0 1.45 1.99 0 0 0
3 87.55 0.34 7.07 5.04 0 0 0
4 98.14 0 1.16 0.7 0 0 0
5 86.07 2.08 5.6 5.72 0.39 0.14 0
6 82.01 2.47 8.68 6.84 0 0 0
7 94.71 0 4.22 1.07 0 0 0
8 99.23 0 0 0.77 0 0 0
9 97.58 0.15 0.74 1.53 0 0 0
10 97.87 0.41 0 1.67 0 0.05 0
11 90.16 0.59 6.38 2.87 0 0 0
12 91.52 0 5.74 2.74 0 0 0
13 93.07 0.15 1.81 4.97 0 0 0
14 99.6 0.16 0.15 0.09 0 0 0
15 96.53 0.65 1.51 1.3 0 0 0

Left,Stringer Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 99.55 0.06 0.01 0.02 0.02 0.34 0
2 99.98 0 0.02 0 0 0 0
3 99.97 0 0.03 0 0 0 0
4 99.94 0 0 0 0.01 0.04 0
5 99.22 0 0 0.01 0.07 0.7 0
6 99.45 0.02 0 0 0.48 0.05 0
7 99.45 0.01 0 0 0.06 0.48 0
8 98.97 0.05 0 0.5 0.01 0.47 0
9 92.78 2.31 0.15 4.61 0 0.15 0
10 99.8 0.11 0 0.06 0 0.03 0
11 97.86 1.07 0 0.01 0.49 0.57 0
12 94.6 0.02 0 0.03 0.73 4.62 0
13 97.74 0.19 0.1 1.23 0.64 0.1 0
14 99.29 0.07 0 0.63 0 0.01 0
15 97.56 1.41 0 0.93 0 0.1 0

Left,Convex Mold Tool Correctly True=Low True=Low True=Medium True=Medium True=High True = High
Participant ID Classified Predicted=Medium Predicted=High Predicted=High Predicted=Low Predicted=Medium Predicted=Low

1 96.97 0.06 0.01 0.79 1.16 1.01 0
2 98.68 0.15 0.01 0.08 0.12 0.96 0
3 97.74 0.81 0.01 0.16 0.11 1.17 0
4 97.36 0 0 0 0.76 1.87 0
5 94.86 0.06 0 0.17 2.32 2.52 0.07
6 99.08 0.07 0 0.67 0.01 0.17 0
7 98.6 0.19 0 0.02 0.11 1.07 0
8 99.71 0 0 0.29 0 0 0
9 96.47 0.24 0 2.93 0.3 0.06 0
10 98.75 0.08 0 0.9 0.08 0.19 0
11 97.71 0.67 0.35 1.11 0.01 0.14 0
12 96.56 0.29 0 1.28 0.82 1.05 0
13 94.79 0.64 0 3.25 0.7 0.61 0
14 98.87 0.46 0 0.44 0.01 0.22 0
15 99.85 0.09 0 0.04 0 0.01 0

Table 4.2: HAL Model Holdout Validation Accuracy. Table showing prediction accu-

racy of the best performing HAL model (in percent) using GRU architecture using holdout

validation. The results are the predictions of the model when given the previously unseen

sensor data of the current participant while the remaining participants’ data and HAL scores

are used to train the model. The results are displayed for the right and left hands for both

tools used in data collection.
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Left RULA Right RULA

Mid Shoulder - Y L Shoulder - Y

L Gonio - 1 R Elbow - Z

L Elbow - X Mid Shoulder - Y

L Eye - Z R Elbow - X

R Shoulder - Y R Gonio - 1

L Shoulder - Y L eye - Z

Table 4.3: RULA Classifier Feature Importance Ranking Table showing the ranking

of features by importance to the RULA scores, ranked using the MRMR algorithm [89]. This

classifier used the 3D coordinates of body pose, and the goniometer data. It highlights the

importance of shoulder position, wrist flexion/extension angle (given by L Gonio - 1 and

R Gonio - 1) and elbow angle.
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Chapter 5

TOWARDS OPTIMIZING MANUFACTURING IN SMALL
AND LARGE SCALE ASSEMBLY

5.1 Validation and Deployment of Ergonomic Assessment

5.1.1 BACH Score Validation and Industrial Applications

The Biometric Assessment of Complete Hand (BACH) score developed in Chapter 3 rep-

resents a significant advancement in hand-intensive ergonomic assessment, providing real-

time, objective measurement of wrist torque relative to biomechanical capacity. While the

BACH score demonstrates superior sensitivity to hand and finger risks compared to tradi-

tional RULA and HAL metrics, its validation within the controlled laboratory environment

establishes the foundation for broader industrial applications rather than definitive injury

prediction.

The BACH score’s primary strength lies in its ability to identify ergonomic risk pat-

terns that complement existing assessment methods. When used in conjunction with RULA

and HAL scores, BACH enables comprehensive risk assessment that captures both postural

deviations and hand-specific biomechanical stresses. This multi-metric approach supports

conservative risk estimation, promoting ergonomic interventions even in marginal cases where

traditional metrics might not indicate immediate concern. The real-time nature of BACH

scoring provides immediate feedback capabilities that are essential for proactive workplace

safety management.

The demonstrated effectiveness of BACH in differentiating between high-risk and low-risk

hand movements creates opportunities for evidence-based workplace optimization. Manufac-

turing environments can leverage BACH scores to identify specific tasks, tools, or techniques

that contribute disproportionately to ergonomic risk, enabling targeted interventions that
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address root causes rather than symptoms. Furthermore, the objective, sensor-based na-

ture of BACH assessment reduces dependence on subjective expert evaluations, improving

consistency and scalability across diverse manufacturing environments.

5.1.2 Shop Aide Redesign Using BACH Optimization

Current shop aides employed in composite hand layup processes, while functional for material

manipulation, exhibit inadequate ergonomic considerations that could reduce operator risk.

Analysis of collected ergonomic data indicates opportunities for tool redesign that would

significantly improve BACH scores while maintaining or enhancing manufacturing quality.

The BACH scoring framework provides a quantitative optimization objective for systematic

tool improvement.

The shop aide redesign process leverages BACH scoring as a design optimization ob-

jective, incorporating wrist torque calculations, force distribution analysis, and ergonomic

constraint satisfaction to identify tool geometries that minimize operator risk while main-

taining task effectiveness. Finite element analysis of tool stress distributions ensures that

ergonomic improvements do not compromise tool durability or performance. Material selec-

tion considers both ergonomic factors, such as surface texture and thermal properties, and

manufacturing requirements including chemical resistance and dimensional stability.

Prototype validation using the established multimodal sensor testbed enables quantitative

assessment of ergonomic improvements. Comparative analyses comparing RULA, HAL,

and BACH scores between traditional tools and optimized designs across multiple operators

and manufacturing scenarios will ensure that optimized designs result in lesser ergonomic

risk overall. Task completion time analysis ensures that ergonomic improvements do not

negatively impact manufacturing efficiency or quality, creating a comprehensive framework

for tool optimization that balances worker safety with operational performance.
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5.1.3 Technology Readiness and Industrial Deployment

The ergonomic risk assessment framework developed in Chapters 3 and 4 demonstrates suc-

cessful proof-of-concept for automated RULA and HAL scoring using multimodal sensor

data. Advancing the technology readiness level (TRL) from laboratory demonstration (TRL

4-5) to a deployable product suitable for industrial environments (TRL 7-8) requires address-

ing key technical and practical challenges while maintaining the accuracy demonstrated in

controlled laboratory settings.

The current system architecture, built around portable sensor components including the

Ultraleap Stereo IR 170, electronic goniometers, TactileGlove force sensors, and stereo cam-

eras, provides a foundation for industrial deployment. However, transitioning to a finished

product necessitates enhanced robustness, standardized interfaces, and streamlined data pro-

cessing pipelines. The system must operate reliably in diverse manufacturing environments

while preserving the multimodal data integration capabilities that enable comprehensive

ergonomic assessment.

The envisioned deployment architecture consists of a continuous monitoring system where

operators are equipped with the multimodal sensor suite during routine manufacturing tasks.

Real-time data streams from all sensors are processed through trained machine learning mod-

els to generate instantaneous RULA, HAL, and BACH risk scores. The system architecture

includes automated quality checks to identify sensor malfunctions, missing measurements,

or connectivity disruptions that could compromise assessment accuracy.

Upon detecting elevated ergonomic risk scores, the system provides immediate feedback to

operators and supervisors through visual and auditory alerts. Recommendations are gener-

ated automatically based on specific risk factors identified, including suggestions for posture

modifications, workplace adjustments, tool redesign, or task rotation. The recommendation

engine leverages detailed sensor data to provide targeted interventions, such as suggesting

specific wrist angle adjustments or recommending alternative gripping strategies.

A critical component of the deployed system is the implementation of adaptive learn-
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ing capabilities that enable continuous model improvement through operational data. As

workers use the system during routine manufacturing tasks, high-quality sensor data that

passes automated quality checks is incorporated into the training dataset. This continuous

data ingestion allows machine learning models to adapt to new operators, evolving manu-

facturing processes, and previously unseen ergonomic scenarios. Online learning algorithms

update model parameters incrementally without requiring complete retraining, while transfer

learning techniques enable rapid adaptation to new manufacturing environments or worker

populations while preserving fundamental ergonomic relationships learned from the original

dataset.

5.2 From Human Factors to Automation

The transition from human-centered ergonomic assessment to manufacturing automation

represents a fundamental shift in addressing the challenges of modern composite manufac-

turing. While ergonomic interventions can reduce worker injury risk, certain manufacturing

processes present inherent biomechanical challenges that cannot be fully mitigated through

workplace modifications alone. In such cases, automation emerges as an effective long-term

solution for eliminating worker exposure to high-risk activities while maintaining or improv-

ing manufacturing quality and efficiency.

5.2.1 Ergonomic Risk as a Driver for Manufacturing Automation

Composite hand layup exemplifies a manufacturing process where ergonomic risks necessitate

automation consideration. The multimodal dataset collected in this work reveals the extent

of biomechanical stress experienced by operators during composite layup tasks. The pre-

dominance of high HAL scores observed across participants, combined with elevated BACH

scores during critical layup operations, demonstrates that composite hand layup inherently

involves force and motion combinations that exceed safe ergonomic thresholds. These find-

ings align with industry reports of musculoskeletal disorders among composite manufacturing

workers, particularly those involving repetitive wrist and hand motions.
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The repetitive strain associated with composite hand layup presents a compelling case for

automation. Unlike ergonomic risks that can be mitigated through workplace redesign or tool

modification, the fundamental requirements of composite layup—precise force application,

complex hand motions, and sustained awkward postures—create unavoidable biomechanical

stress. The temporal analysis of RULA, HAL, and BACH scores throughout layup operations

reveals that risk exposure is not limited to specific tasks but is distributed throughout the

entire process, making comprehensive ergonomic intervention extremely challenging.

Furthermore, the precision requirements of aerospace composite manufacturing demand

consistent force application and motion control that approaches or exceeds human capabili-

ties. The variability observed in operator techniques, while demonstrating human adaptabil-

ity, also introduces quality control challenges that automation can address. By eliminating

human exposure to ergonomic risks while simultaneously improving manufacturing consis-

tency, automation represents a dual solution to both safety and quality concerns in composite

manufacturing.

5.2.2 Data-Driven Insights for Automation System Design

The multimodal dataset collected for ergonomic assessment provides valuable insights into

the biomechanics of skilled composite layup operations. This dataset, comprising synchro-

nized measurements of upper body pose, hand pose, applied forces, and temporal dynamics,

represents a comprehensive characterization of composite hand layup operations. The in-

tegration of force measurements with kinematic data enables detailed analysis of the force-

motion relationships that define successful layup operations.

Analysis of the collected data reveals distinct motion patterns employed by experienced

technicians that differ from those of novice operators. Experienced technicians demonstrate

more efficient force application strategies, reduced wrist deviation during critical operations,

and optimized hand positioning that minimizes biomechanical stress while maintaining layup

quality. These insights provide direct input for automation system design, particularly in the

development of end effectors that can replicate the most effective human techniques while



58

avoiding ergonomically problematic motions.

The force distribution data collected through the TactileGlove sensors offers particularly

valuable information for robotic end effector design. The spatial and temporal patterns of

force application during material smoothing, conforming, and finishing operations provide

specifications for gripper design, force control algorithms, and tool path planning. Addi-

tionally, the correlation between hand pose and applied forces enables the development of

adaptive control strategies that adjust force application based on material response and

geometric constraints.

The dataset’s inclusion of both successful and problematic layup techniques enables au-

tomation systems to avoid motion patterns associated with high ergonomic risk while in-

corporating strategies that experienced operators use to achieve high-quality results. This

data-driven approach to automation design ensures that robotic systems can match or exceed

human performance while eliminating the ergonomic risks that necessitate automation.

5.2.3 Scaling from Hand-Intensive to Large-Scale Manufacturing Automation

While the automation of hand-intensive processes like composite layup addresses local er-

gonomic and quality concerns, large-scale manufacturing automation presents fundamentally

different challenges that require sophisticated physics-informed modeling approaches. The

transition from human-scale manipulation to structural-scale control represents a shift from

discrete task automation to system-level manufacturing optimization.

Large-scale composite manufacturing involves the manipulation and control of flexible

structures that exhibit complex mechanical behavior under loading and environmental condi-

tions. Unlike the localized force-motion relationships characteristic of hand layup, large-scale

automation must account for distributed structural responses, boundary condition varia-

tions, and material property uncertainties that significantly impact manufacturing outcomes.

These challenges are particularly pronounced in aerospace manufacturing, where dimensional

tolerances and structural requirements demand precision that exceeds the capabilities of con-

ventional modeling approaches.
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Traditional finite element models (FEM), while providing theoretical understanding of

structural response, often exhibit significant discrepancies when compared to experimental

measurements due to material property variations, boundary condition uncertainties, and

unmodeled dynamics. These discrepancies become critical limitations in automated manu-

facturing systems that require precise prediction of structural behavior to achieve specified

dimensional and quality targets.

The challenge of large-scale automation thus extends beyond replicating human motions

to developing predictive models that can account for the complex interactions between man-

ufacturing processes and structural responses. This requirement drives the need for hybrid

modeling approaches that combine physics-based understanding with experimental data to

achieve the prediction accuracy necessary for automated manufacturing control.

5.2.4 Bridging Human Factors and Structural Control

The connection between human factors engineering and large-scale structural control lies in

their shared requirement for data-driven optimization of complex manufacturing processes.

Just as ergonomic assessment benefits from multimodal sensor integration and machine learn-

ing analysis, large-scale manufacturing automation requires the integration of physics-based

models with experimental measurements to achieve reliable process control.

The methodological approaches developed for ergonomic assessment—including sensor fu-

sion, uncertainty quantification, and adaptive learning—provide a foundation for addressing

the modeling challenges inherent in large-scale automation. The same principles of combin-

ing multiple data sources to achieve robust system characterization apply to both human

motion analysis and structural behavior prediction.

Furthermore, both domains require real-time decision-making capabilities that balance

multiple competing objectives. Ergonomic assessment systems must balance risk mini-

mization with productivity maintenance, while large-scale automation systems must bal-

ance dimensional accuracy with manufacturing efficiency. The optimization frameworks and

machine learning approaches developed for ergonomic applications provide methodological
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precedents for addressing similar trade-offs in structural control applications.

This convergence of methodological requirements motivates the development of integrated

approaches to manufacturing optimization that address both human factors and system-

level performance considerations. The following sections present a framework for large-scale

manufacturing automation that leverages data-driven modeling approaches to achieve the

precision and reliability required for advanced composite manufacturing while eliminating

the ergonomic risks that drive automation needs.

5.3 Physics-Informed Models for Manufacturing Control

The integration of data-driven methodologies with traditional physics-based modeling has

emerged as a critical approach for addressing complex control challenges in manufacturing

systems. As highlighted in the literature review, while digital twin technologies and adap-

tive learning systems show significant promise for manufacturing optimization, persistent

challenges remain in bridging the gap between computational models and physical reality,

particularly for high-dimensional flexible structures where precise control is essential.

5.3.1 Motivation

Traditional finite element models (FEM), while providing fundamental understanding of

structural behavior, often exhibit discrepancies when compared to experimental measure-

ments due to modeling assumptions, material property variations, and boundary condition

uncertainties. As noted by Du et al. [26], optimal actuator placement for composite structure

shape control remains challenging due to the complex relationship between actuation forces

and resulting deformations. Similarly, Yue et al. [122] demonstrated that active learning

approaches can address uncertainties in shape control applications, but emphasized the need

for robust discrepancy modeling frameworks that can account for model inadequacies.

The literature review revealed that while digital twin approaches have been developed for

material flow simulation and additive manufacturing processes, there remains a significant

gap in holistically integrating adaptive, physics-based modeling with modern data-driven
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Fig. 5.1 | Flexible structure shape control problem Schematic diagram showing initial

configuration x0, target shape xtarget, and distributed actuator forces u.

approaches for actuator optimization in flexible structures. Current approaches often rely

on either purely physics-based optimization or data-driven methods in isolation, limiting

their effectiveness in handling uncertainty and leveraging real-time adaptation capabilities.

5.3.2 Problem Statement

Consider a flexible structure that deviates from its target shape xtarget due to external loading

or manufacturing variations, as illustrated in Figure 5.1. The control objective is to determine

optimal actuator locations and forces u to achieve the desired shape transformation from

initial configuration x0 to the target configuration. The shape control problem for flexible

structures encompasses three fundamental challenges that must be addressed simultaneously.

First, significant discrepancies exist between physics-based finite element model (FEM)
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predictions and experimental measurements, arising from unmodeled dynamics, uncertainties

in material properties, and variations in boundary conditions. These model inadequacies can

lead to substantial errors in predicted structural responses, necessitating correction through

experimental data. Second, the determination of optimal actuator placement requires iden-

tifying both the minimum number of actuators and their spatial distribution to achieve spec-

ified shape adjustments while maximizing system controllability. This optimization problem

is inherently complex due to the high-dimensional nature of the structural response and the

discrete combinatorial nature of placement decisions. Third, the integration of experimental

measurements with physics-based models demands robust uncertainty quantification meth-

ods that can provide reliable confidence bounds on predictions, accounting for both random

uncertainties inherent in measurements and systematic uncertainties in model structure.

5.4 Finite Element and Discrepancy Modeling

To address the modeling challenges identified for large-scale manufacturing automation, this

section presents the development of a hybrid physics-data approach that combines finite

element modeling with experimental discrepancy correction. The approach begins with es-

tablishing a baseline finite element model of the flexible structure, followed by systematic

correction using experimental measurements to achieve the prediction accuracy required for

manufacturing control.

5.4.1 Finite Element Model Development

A finite element model is developed in MATLAB to simulate the deformation and stiffness

analysis of a cylindrical composite structure representative of large-scale manufacturing com-

ponents. The model incorporates material properties and geometric parameters specific to

carbon fiber composite materials commonly used in aerospace manufacturing applications.
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Property Value

Young’s Modulus (E) 7.18× 106 psi (Carbon)

Thickness Range (hmin, hmax) hmin = 0.215 in, hmax = 0.425 in

Radius and Height (R, b) R = 42.65 in, b = 18 in

Table 5.1: Material properties for the Finite Element model

Material Properties

Model Geometry and Discretization

The structure is discretized into N = 414 beam elements with three degrees of freedom

(DOF) per node:

DOF = {u, v, θ}.

The element length Le is given by:

Le =
2πR

N
.

Node positions are calculated using polar coordinates:

ρ = R + shape frequency,

where shape frequency incorporates user-defined deformation parameters that enable mod-

eling of manufacturing-induced geometric variations.
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Element Stiffness Matrix

The local stiffness matrix for each element is computed using standard beam element for-

mulation:

Ki,i+1 =



EA
L

0 0 −EA
L

0 0

0 12EI
L3

6EI
L2 0 −12EI

L3
6EI
L2

0 6EI
L2

4EI
L

0 −6EI
L2

2EI
L

−EA
L

0 0 EA
L

0 0

0 −12EI
L3 −6EI

L2 0 12EI
L3 −6EI

L2

0 6EI
L2

2EI
L

0 −6EI
L2

4EI
L





u1

v1

θ1

u2

v2

θ2


,

where E is Young’s modulus, A is the cross-sectional area, L is the element length, and I is

the second moment of area.

Global Assembly and Boundary Conditions

The global stiffness matrixK is assembled by transforming and integrating the local matrices

into the global coordinate system:

K =


K1,2 0 · · · 0

0 K2,3 · · · 0
...

...
. . .

...

0 0 · · · Kn−1,n

 .

Boundary conditions are applied to represent typical manufacturing fixtures, with specific

nodes fixed to simulate clamping and support conditions. Applied forces are specified normal

to the surface at actuator locations:

fapplied = {fx, fy,m}.

The finite element model provides predicted deflections under specified boundary con-

ditions and applied loads. Figure 5.2 shows the predicted deflection of the structure under

loading, with boundary conditions corresponding to nodes 413 and 414 fixed to represent

typical manufacturing constraints.
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Fig. 5.2 | Deflection of the flexible structure under load, as predicted by the

MATLAB FEM

5.4.2 Displacement Matrix Generation

To enable systematic analysis of structural response and actuator placement optimization,

the finite element model is used to generate a comprehensive displacement matrix LFEM that

characterizes the influence of unit forces at all possible actuator locations. This matrix forms

the foundation for both discrepancy modeling and actuator optimization procedures.

The displacement matrix is constructed by applying unit forces sequentially to each node

in the structure and computing the resulting displacement field. For boundary conditions

specified as nodes 413, 414, 164, and 171 fixed, unit force is applied at node i while main-

taining zero force at all other nodes. Given the initial shape x0 ∈ Rn, unit force fi applied

at node i, and boundary conditions ∆xn−1 = ∆xn = 0, the model provides the final shape

xf ∈ Rn.
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The displacement response for each unit force application is calculated as:

∆xi = xf − x0,

fi = 1

fj = 0, ∀j ̸= i

The displacement matrix LFEM is then defined as:

LFEM = [∆x1,∆x2...∆xn] ∈ Sn

This displacement matrix provides a complete characterization of the linear structural

response predicted by the finite element model. However, as discussed in the motivation,

significant discrepancies typically exist between FEM predictions and experimental mea-

surements in manufacturing environments. The following section presents a discrepancy

modeling approach that systematically corrects these predictions using experimental data to

achieve the accuracy required for manufacturing control applications.

5.4.3 Discrepancy Modeling Framework

To address the systematic differences between finite element predictions and experimental

measurements, a discrepancy modeling framework is developed that corrects the baseline

FEM using experimental data. The approach employs modal decomposition techniques

combined with Bayesian estimation methods to learn corrections to the displacement matrix

while maintaining computational efficiency suitable for manufacturing control applications.

The framework leverages experimental data collected from eight actuator locations dis-

tributed around the flexible structure to characterize the discrepancy between predicted and

observed structural behavior. A leave-one-out cross-validation approach is employed to assess

the model’s ability to generalize to unseen actuator locations, ensuring robust performance

across the entire structural domain.
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Experimental Data Collection

High-precision experimental measurements are collected using laser tracking systems to char-

acterize actual structural response under controlled actuation. For each of the eight actuator

locations (positions 5, 6, 7, 8, 13, 14, 15, and 16), measurements consist of:

• Initial radial configuration r0 ∈ R414

• Applied actuator force a ∈ R

• Final radial configuration rfinal ∈ R414

The true displacement response is extracted from the measurements as:

xtrue = LOWESS(rfinal − r0, frac = 0.03) (5.1)

where LOWESS (Locally Weighted Scatterplot Smoothing) is applied to reduce measurement

noise while preserving the underlying structural response characteristics essential for model

correction.

Model Correction Methodology

The discrepancy modeling approach employs a reduced-order representation of the displace-

ment matrix combined with sequential Bayesian estimation to learn corrections from exper-

imental data. The method initializes with the finite element displacement matrix LFEM and

systematically updates modal parameters based on observed discrepancies between predicted

and measured responses.

Cross-validation assessment uses each actuator location as test data while the remaining

seven locations provide training data for model correction. The approach retains r = 10

dominant modes from the finite element model and employs carefully tuned noise parameters

(Σu = 10−1I, Σz = 10−3I) to balance model flexibility with numerical stability.

For each training measurement (uk, xtrue,k), the algorithm executes a three-step process:
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1. Prediction: Forward propagation of system state based on current model estimates

2. Correction: Bayesian update using observed displacement to refine model parameters

3. Reconstruction: Updated displacement matrix computation with enforced boundary

conditions

The corrected displacement matrix is reconstructed as:

Lk = Ψrdiag(λr,k)Ψ
T
r (5.2)

where Ψr represents the retained modal basis and λr,k are the updated eigenvalues reflecting

learned corrections.

Performance Assessment

Model performance is quantified through multiple metrics that assess both prediction accu-

racy and uncertainty quantification capabilities. Root Mean Square Error (RMSE) provides

direct comparison between corrected predictions and experimental measurements:

RMSE =

√√√√ 1

n

n∑
i=1

(Lku− xtrue)2i (5.3)

Relative improvement over baseline finite element predictions is calculated as:

Improvement =
RMSEFEM − RMSEhybrid

RMSEFEM

× 100% (5.4)

The framework also provides uncertainty quantification through posterior covariance es-

timates Σk, enabling confidence interval computation for both displacement predictions and

model parameters. This uncertainty information is essential for manufacturing control appli-

cations where reliability requirements demand knowledge of prediction confidence bounds.
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5.4.4 Discrepancy Modeling Results

Model Validation and Performance

The discrepancy modeling framework demonstrates substantial improvements in prediction

accuracy compared to baseline finite element methods. Figure 5.3 illustrates the performance

across all eight actuator locations during holdout validation, comparing hybrid model predic-

tions (blue line) against experimental measurements (orange line) and pure FEM predictions

(green line). The consistent outperformance of the hybrid model validates the effectiveness

of the physics-data integration approach for manufacturing applications.

Quantitative performance analysis, summarized in Table 5.2, reveals an average RMSE

reduction of 91.9% compared to pure FEM predictions. Seven out of eight locations demon-

strate improvements exceeding 70%, with the best performance achieving 99.4% improvement

at actuator angle 222.61°. The robust generalization capability is evidenced by consistent

performance maintained across 306° of circumferential coverage, demonstrating the frame-

work’s reliability across the structural domain.

The single case of performance degradation at actuator angle 132.17° is attributed to sen-

sor malfunction during data collection, highlighting the importance of robust data quality

assurance in experimental validation. Despite this outlier, the overall performance demon-

strates that the discrepancy modeling approach successfully bridges the gap between theo-

retical predictions and experimental reality.

5.5 Material Property Informed Actuator Optimization

The enhanced prediction accuracy achieved through discrepancy modeling enables more in-

formed decisions regarding actuator placement and manufacturing system design. By incor-

porating experimentally-corrected material property information, the optimization of actua-

tor configurations becomes significantly more effective than approaches based solely on nom-

inal finite element models. This section presents methods for optimizing actuator placement

using the corrected displacement matrix and demonstrates improved control performance
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Fig. 5.3 | Discrepancy model validation Comparisons of hybrid predictions, experimen-

tal measurements, and FEM predictions across eight actuator locations show the model’s

ability to learn the experimental measurements.
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Table 5.2: Discrepancy Model Performance Summary

Actuator Angle (°) Hybrid Model RMSE FEM RMSE Improvement (%)

24.35 0.043 0.159 72.9

60.87 0.060 0.356 83.0

96.52 0.031 0.593 94.8

132.17 0.075 0.074 -1.7∗

222.61 0.018 2.738 99.4

258.26 0.027 0.636 95.8

294.78 0.068 0.977 93.1

330.43 0.040 2.227 98.2

Average 0.045 0.970 91.9

∗Single case of performance degradation attributed to force sensor malfunction

through data-informed design decisions.

5.5.1 QR Decomposition-Based Actuator Placement

Optimal actuator locations are identified using QR pivoting applied to the corrected dis-

placement matrix, leveraging the improved material property understanding gained through

discrepancy modeling [69, 71]. The approach begins with singular value decomposition of

the displacement matrix:

LFEM = ΨΣVT

This decomposition provides spatial modes Ψ and corresponding singular values Σ, as

shown in Figure 5.4. The spatial modes capture the fundamental deformation patterns of

the structure, while the singular values indicate the relative importance of each mode for

control purposes.

For comparison with the existing experimental setup, eight actuator locations are selected
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Fig. 5.4 | The first 5 modes of Ψ (left) and singular values Σ (right) of LFEM

(Nactuators = 8). QR pivoting of the dominant spatial modes identifies optimal actuator

placement:

ΨrP
T = QR, Ψr ∈ Rn×8

The resulting optimized actuator locations, shown in Figure 5.5, demonstrate strategic

positioning that maximizes controllability while avoiding regions of low structural response.

5.5.2 Shape Control Performance Comparison

To validate the effectiveness of material property-informed actuator optimization, shape con-

trol performance is compared between conventional actuator placement and QR-optimized

configurations. The test case involves transforming an elliptical initial shape to a circular

target configuration, representing a typical manufacturing correction scenario where gravi-

tational sagging must be compensated.

The baseline approach employs convex optimization with L1 regularization to determine

actuator forces:

min
a

∥(LFEM · a + x0)− xf∥2 + λ∥a∥1
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Fig. 5.5 | Optimized Locations for 8 actuators, obtained by QR Pivoting of Ψr

Fig. 5.6 | Initial and Target Shapes Considered for Optimal Actuator Placement
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This formulation enforces perimeter conservation (a physical constraint of the flexible

structure) while minimizing actuation effort. The results, shown in Figure 5.7, achieve an

RMS error of 0.599 relative to the target circular shape.

Fig. 5.7 | Shape Control Results using Conventional Approach The shape control

results, with an RMS error of 0.599, are shown in Cartesian coordinates (left) and polar

coordinates (right). The plot on the right also shows the locations and magnitudes of forces

applied, in the interior of the polar plot.

In contrast, the QR-optimized actuator placement employs ridge regression with the

reduced actuator set:

min
a

∥(LQR · a + xinitial)− xfinal∥2 + α∥a∥2

LQR = LFEMP
T[: 8] ∈ Rn×8

The QR-optimized approach achieves significantly improved performance with an RMS
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error of 0.353, representing a 41% reduction compared to conventional placement. Figure 5.8

demonstrates the superior shape control capability enabled by informed actuator positioning.

Fig. 5.8 | Shape Control Results using QR-Optimized Placement The shape control

results, with an RMS error of 0.35, are shown in Cartesian coordinates (left) and polar

coordinates (right). The plot on the right also shows the locations and magnitudes of forces

applied, in the interior of the polar plot.

5.5.3 Integration of Material Property Knowledge and Manufacturing Design

The improved performance achieved through QR-optimized actuator placement demon-

strates the value of incorporating experimentally-corrected material property information

into manufacturing system design. The discrepancy modeling framework enables more ac-

curate prediction of structural response, which in turn enables more effective optimization

of actuator configurations. This creates a synergistic relationship between material charac-
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terization and system design that is essential for advanced manufacturing automation.

The 41% improvement in shape control accuracy achieved through optimized actuator

placement, while demonstrated for a specific ellipse-to-circle transformation, represents a

general capability that extends to arbitrary shape control objectives. The QR decomposition

approach identifies actuator locations that maximize controllability across the full range of

achievable deformations, providing robust performance for diverse manufacturing scenarios.

Furthermore, the integration of physics-based modeling with experimental correction en-

ables manufacturing systems to adapt to material property variations that inevitably occur

in production environments. By systematically learning discrepancies between predicted

and actual behavior, the framework provides a pathway for manufacturing systems to main-

tain high performance despite uncertainties in material properties, boundary conditions, and

environmental factors.
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Chapter 6

CONCLUSION AND FUTURE WORK

6.1 Data-driven Optimization of Manufacturing

This dissertation has developed a framework for data-driven optimization of manufactur-

ing processes, addressing challenges that span from individual worker safety to large-scale

structural control. The research demonstrates how sensor technologies, machine learning

approaches, and hybrid physics-data modeling can be integrated to develop manufacturing

systems that consider both human factors and operational performance.

6.1.1 Ergonomic Risk Assessment and Human Factors

A multimodal sensor testbed was developed for ergonomic assessment to enable objective,

real-time monitoring of worker risk in hand-intensive manufacturing processes. The inte-

gration of upper body pose estimation, hand pose tracking, wrist angle measurement, and

force sensing provides detailed characterization of the biomechanics of composite hand layup

operations. This data collection approach enables analysis of force-motion relationships that

are difficult to assess through traditional observational methods.

Machine learning models for automated prediction of industry-standard RULA and HAL

scores achieved over 95% classification accuracy while generalizing to unseen participants.

This capability addresses limitations of traditional ergonomic assessment methods, including

inter-rater variability, labor-intensive evaluation procedures, and limited real-time feedback

capabilities. These predictive models demonstrate the feasibility of continuous, objective

ergonomic monitoring in industrial environments.

The Biometric Assessment of Complete Hand (BACH) score was introduced as a new

ergonomic assessment metric. By incorporating wrist torque calculations relative to biome-



78

chanical capacity and accounting for angle-dependent strength variations, BACH provides

more detailed assessment of hand and finger risks compared to existing metrics. The sensi-

tivity of BACH to specific hand motions and force applications enables targeted ergonomic

interventions and workplace optimization strategies.

The application of ergonomic insights to shop aide redesign demonstrates the translation

of research findings into workplace improvements. By using BACH scoring as an optimiza-

tion objective, the research establishes a framework for evidence-based tool design that can

reduce ergonomic risk while maintaining manufacturing effectiveness. This approach enables

proactive risk prevention through data-informed design decisions.

6.1.2 Human Factors and Manufacturing Automation

The research establishes connections between ergonomic assessment and manufacturing au-

tomation, examining how human factors considerations drive automation needs while in-

forming automation system design. The multimodal dataset collected for ergonomic assess-

ment provides insights into the biomechanics of skilled manufacturing operations, creating

resources for robotic end effector development and control strategy optimization.

The analysis indicates that composite hand layup presents ergonomic risks that can-

not be fully addressed through workplace modifications alone, suggesting automation as a

potential safety intervention. The temporal analysis of RULA, HAL, and BACH scores

throughout layup operations shows that risk exposure occurs throughout the entire process,

making comprehensive ergonomic intervention challenging without fundamental changes to

the manufacturing approach.

The transition from human-scale manipulation to large-scale structural control illustrates

the application of data-driven approaches across different manufacturing domains. While

hand-intensive processes may benefit from automation to reduce ergonomic risks, large-

scale manufacturing faces different challenges related to material property uncertainties and

structural behavior prediction. This recognition motivated the development of modeling

approaches that can address the gap between computational predictions and physical reality.
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6.1.3 Physics-Informed Modeling and Hybrid Approaches

A discrepancy modeling framework was developed that combines finite element analysis with

experimental measurements to address limitations of traditional computational approaches

in manufacturing environments. The systematic correction of physics-based models using

experimental data achieved an average 91.9% reduction in prediction error compared to

baseline finite element methods, indicating improvements possible through hybrid modeling

approaches.

The framework maintains computational efficiency while achieving improved prediction

accuracy, making it suitable for real-time manufacturing control applications. The use of

modal decomposition and Bayesian estimation techniques enables the approach to learn

systematic corrections from limited experimental data while providing uncertainty quantifi-

cation for manufacturing applications where reliability requirements necessitate confidence

bounds on predictions.

The generalization capability demonstrated across multiple actuator locations indicates

the framework’s applicability to diverse manufacturing scenarios. The consistent perfor-

mance maintained across 306° of circumferential coverage provides evidence of the approach’s

reliability for potential industrial implementation.

6.1.4 Material Property-Informed System Optimization

The integration of experimentally-corrected material property information with actuator op-

timization shows improvements in manufacturing system performance. The QR decomposition-

based approach to actuator placement, informed by the corrected displacement matrix,

achieved a 41% improvement in shape control accuracy compared to conventional placement

strategies. This result indicates the value of incorporating accurate material understanding

into manufacturing system design decisions.

The optimization approach identifies actuator configurations that improve system control-

lability while considering hardware requirements and installation complexity. The method-
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ology for determining both the number and spatial distribution of actuators provides a

framework that can be adapted to diverse structural control applications in manufacturing

environments.

The relationship between accurate modeling and effective control demonstrates the poten-

tial of integrated approaches to manufacturing system design. By combining physics-based

understanding with experimental validation, the framework enables manufacturing systems

to achieve improved control performance while adapting to material property variations and

manufacturing uncertainties that occur in production environments.

6.1.5 Manufacturing Optimization Framework

The research establishes a framework for data-driven manufacturing optimization that ad-

dresses challenges across multiple scales and domains. The progression from individual

worker safety through automation design to large-scale structural control illustrates the

interconnected nature of modern manufacturing challenges and the potential benefits of

integrated solution approaches.

The methodological contributions include sensor integration, machine learning model

development, hybrid physics-data modeling, and optimization techniques. These methods

are unified by their emphasis on using experimental data to improve system performance

while maintaining practical constraints including computational efficiency, implementation

complexity, and industrial reliability requirements.

The framework’s consideration of both human factors and system performance represents

an approach to manufacturing optimization that recognizes the relationship between worker

safety, product quality, and operational efficiency. This perspective is relevant for developing

manufacturing systems that can meet demands for customization, quality, and productivity

while maintaining safe work environments.

The validation of the framework across diverse applications—from ergonomic assessment

to structural control—indicates its broad applicability and establishes a foundation for future

work in intelligent manufacturing systems. The research provides practical benefits through
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deployable technologies and methodological contributions that can guide future research in

data-driven manufacturing optimization.

Together, these contributions establish a foundation for data-driven manufacturing op-

timization that considers both human factors and system performance, representing an ap-

proach to addressing contemporary challenges in composite manufacturing while providing

a methodological framework for future work in intelligent manufacturing systems.

6.2 Further Verification of the Discrepancy Model and Optimized Actuation

6.2.1 Robotic Validation Platform

To further validate and extend the discrepancy modeling framework developed in Chapter

5, a robotic experimental platform is proposed that enables systematic evaluation of the

hybrid modeling approach under controlled conditions. The robotic setup provides precise,

repeatable actuation that eliminates variability associated with manual force application,

enabling more rigorous validation of the discrepancy model predictions.

Figure 6.1 illustrates the proposed robotic validation platform, featuring a flexible struc-

ture similar to the composite barrel used in the original experiments, but equipped with

precision robotic actuators capable of applying controlled forces at specified locations. The

robotic platform enables systematic exploration of the force-displacement relationship across

the entire structural domain, providing comprehensive datasets for model validation and

refinement.

6.2.2 Extended Discrepancy Model Applications

The robotic platform enables extension of the discrepancy modeling approach to more

complex loading scenarios and boundary conditions. Multi-actuator coordination experi-

ments can evaluate the model’s performance under simultaneous actuation at multiple loca-

tions, representing more realistic control scenarios. Dynamic loading experiments assess the

model’s applicability to time-varying force applications, extending beyond the quasi-static
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Fig. 6.1 | Robotic validation platform for discrepancy model verification showing

flexible structure with robotic actuators
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assumptions of the current framework.

The controlled nature of robotic actuation facilitates systematic uncertainty quantifica-

tion studies, enabling characterization of model performance across different force magni-

tudes, actuation patterns, and boundary conditions. These studies provide critical insights

into the model’s operational domain and reliability bounds, informing deployment decisions

for real-world applications.

6.2.3 Optimized Actuator Placement Validation

The robotic platform provides an ideal testbed for validating the optimal actuator place-

ment strategies developed using QR decomposition methods. Movable robotic actuators

can be positioned at the theoretically optimal locations identified through the controllability

analysis, enabling direct comparison with alternative placement strategies.

The robotic platform enables precise measurement of shape control accuracy, force re-

quirements, and control authority for each configuration, providing quantitative validation

of the optimization approach. The integration of the discrepancy model with optimal actu-

ator placement represents a comprehensive framework for adaptive shape control of flexible

structures. The robotic validation platform serves as a bridge between theoretical devel-

opment and practical implementation, providing the experimental foundation necessary for

technology transfer to industrial applications.
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