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ABSTRACT

Occupationally-relevant low back disorders are an important health concern in the

workplace. Measuring workers exposure to biomechanical risk factors such as non-neutral

postures and high force exertions is an important step for managing and mitigating the

risk of such cumulative disorders. Accurate and precise quantification of exposures to

biomechanical risk factors in non-repetitive material handling present unique challenges,

particularly in jobs where the magnitude of hand loads vary during the workday and/or are

difficult to measure directly (e.g., warehousing, construction). Wireless wearable inertial

sensors offer new opportunities to acquire continuous posture data in situ and has received

considerable interest in ergonomics research. This research explores several emerging is-

sues and opportunities afforded by body-worn inertial sensing technology for quantify-

ing biomechanical exposures and low back disorder risk particularly in relation to non-

repetitive Manual Material Handling (MMH) jobs.

The specific goal of this research was to develop, implement, and assess a framework

that combines occupational biomechanics principles and empirical findings, wearable iner-

tial sensing, and predictive modeling for quantifying biomechanical exposures associated

with low back disorder risk in non-repetitive MMH work. The research specifically tar-

geted manual load carriage, lifting and lowering, which represent common MMH tasks

associated with an increased risk of low back disorders.

A series of four laboratory studies were conducted. The first study quantified the ef-

fects on manual load carriage mode and load magnitude on gait kinematics measured using

body-worn inertial sensors. Load carriage was found to induce systematic alterations in gait

patterns and pelvic-thoracic coordination. Leveraging this information, the second study

xvii



developed and assessed a statistical prediction algorithm for classifying carrying mode and

normalized hand-loads using specific inertial sensor-based kinematic features as predictors.

The third study extended the statistical classification model to different task conditions in

load carriage and lifting-lowering. The fourth study incorporated the developed algorithms

into a framework implementation for quantifying biomechanical exposures in manual load

carriage, lifting, and lowering by leveraging continuous inertial sensor-based kinematic

information and predictive modeling. A quantitative evaluation of the implemented frame-

work based on empirical data from simulated manual load carriage, lifting, and lowering

indicated promising results for detecting load carriage tasks (>97.0% on average) and for

classifying the carrying mode (>83.1% on average) and load level (>86.2% on average).

Prediction accuracy in the lifting and lowering task for classifying height and mode were

also high, though accuracy was comparatively less when classifying load level (>43.1% on

average).

Overall, this research makes important contributions towards our theoretical under-

standing of adaptations in gait and posture resulting from transient loads and task con-

ditions. It also demonstrates the potential for combining biomechanical information, wear-

able inertial sensing, and predictive modeling to quantify physical exposures associated

with low back disorder risk in non-repetitive MMH work. Inertial sensing in ergonomics

has largely been limited to characterizing the intensity, repetitions and duration of postures.

The ability to extract information about work content from motion data is underutilized.

Likewise, the application of predictive modeling techniques in ergonomics remains under-

explored. The presented research substantially expands the applications and opportunities

afforded by body-worn inertial sensing technology and predictive modeling techniques in

ergonomics.

xviii



CHAPTER 1

Introduction

1.1 Overview

Accurate and precise quantification of exposures to biomechanical risk factors in non-

repetitive material handling present unique challenges, particularly in jobs where the mag-

nitude of hand loads vary during the workday and/or are difficult to measure directly (e.g.,

warehousing, construction). Miniaturized, wireless wearable inertial sensors offer new op-

portunities to acquire continuous posture data in situ and has received considerable interest

in ergonomics research. This research explores several emerging issues and opportunities

afforded by body-worn inertial sensing technology for quantifying biomechanical expo-

sures and low back disorder risk particularly in relation to non-repetitive MMH jobs. The

ergonomics field also lacks methods and software tools that leverage the up-and-coming

discipline of predictive modeling for biomechanical exposure assessment and improving

worker health more broadly. To that end, this research develops, implements, and evaluates

an algorithmic framework that combines biomechanical information and empirical find-

ings, wearable inertial sensing, and predictive modeling for quantifying physical exposures

associated with low back disorder risk in non-repetitive material handling work.
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1.2 Background

Prior epidemiological studies provide strong evidence of a biomechanical pathway between

MMH work and the increased risk of low back disorders [1, 2, 3, 4]. The cumulative trauma

model provides one explanation for the occupational relevance of musculoskeletal disor-

ders specifically due to repeated and long durations of external load handling and/or force-

ful exertions performed throughout the workday. The cumulative trauma model assumes

injury results from the accumulated effect of transient external loads that in isolation may

be not exceed internal tissue tolerances. Exposures from repetitive and/or prolonged du-

ration cause cumulative compressive and shear loading on the spine such that the internal

tolerances of tissues are eventually exceeded.

Accurate, precise and cost-effective quantification of exposures to biomechanical risk

factors is an important step to identify problematic tasks, and develop effective risk pre-

vention and reduction programs [5]. Biomechanical exposures during physical work are

often characterized by three main dimensions: intensity (e.g., load magnitudes, extent of

non-neutral postures), repetition (frequency or number of force exertions and motions), and

duration (the time the physical activity is performed, sustained non-neutral postures) [6].

Biomechanical exposure are assessed by sampling work to estimate either all or a subset

of the three main exposure dimensions. These estimates are typically then extrapolated

to a longer time period (e.g., workday or shift) to quantify the cumulative biomechanical

exposure.

1.2.1 Exposure Assessment in Non-repetitive Jobs

Strong associations between biomechanical factors (e.g., load magnitude, load moment or

load location, duration and repetitions) and the risk of low back disorder are evident in non-

repetitive material handling jobs such as patient handling [7, 8, 9, 10], material handling in

construction sites [11], distribution centers and ware-housing operations [12], and team lift-
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ing [13]. Non-repetitive jobs are defined as jobs that display variation and diversity in terms

of work element frequency, duration, or content [14, 15]. Non-repetitive jobs may contain

repetitive elements or fundamental cycles [16], but the intensity, repetitions, and duration

of the task varies over time and between workers. Biomechanical exposure assessment in

non-repetitive material handling work is challenging because any evaluation performed on

a small sample of workers or using discrete-interval work sampling may not represent the

work content and resulting exposures compared to occupations with repetitive work tasks

[17]. This implies the work assessment may need to be performed across multiple workers

over long work periods to capture a representative profile of physical exposures.

Traditional exposure assessment techniques have multiple limitations when applied to

field evaluations of biomechanical exposures in non-repetitive work. Direct observational

methods such as the Owako Working Posture System (OWAS) [18, 19], Rapid Upper Limb

Assessment (RULA) [20], and Rapid Entire Body Assessment (REBA) [21] can be used for

assessing the non-repetitive work, but a large number of observations are needed in order

for the sampling to be representative. This can be time and labor intensive. Direct measure-

ment methods allow for long durational data collection, and are considered advantageous

in terms of performance (e.g., accuracy, precision) and cost [6]. However, instrumenta-

tion can be bulky and potentially interfere with worker movements and work performance.

Examples of direct instrumentation used for field measurement of work postures include

electronic goniometers [22], the lumbar motion monitor [23], and inclinometers [24]. Ex-

amples of force measurement instrumentation in situ are pressure mapping insoles [25],

instrumented force shoes [26], instrumented gloves [27], and electromyography (EMG)

for estimating the magnitude of force exertion from muscle activity [28]. These types of

methods also rely on trained ergonomists for measurement and analysis. For these rea-

sons, field-based direct quantification methods are needed that can be utilized for multiple

workers over extended work period with less effort and cost.
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1.2.2 Wearable Inertial Sensing for Exposure Assessment

Wearable inertial sensors, also known as Inertial Measurement Units (IMUs), have garnered

much attention for human motion measurement in both laboratory and naturalistic settings

[29]. Much of this interest has stemmed from improvements in the miniaturization and

reduced weight of the sensor hardware, decreased manufacturing cost [30], advancement

in wireless connectivity and data processing software, and increased battery life and stor-

age capacity which allows for continuous monitoring over long durations (e.g., an 8-hour

work shift). The resulting hardware portability and limited interference with a worker’s

natural work postures [31] have also made body-worn inertial sensors a suitable alternative

for direct measurement of dynamic movements and postures in ergonomics studies over

laboratory-based motion tracking systems (e.g., optical motion capture).

The use of inertial sensing is particularly promising in the assessment of biomechanical

exposures in non-repetitive material handling jobs. To capture the variations in work con-

tent, repetitions and duration, direct measurements are often complemented with additional

methods such as work log, activity report, self-reported ratings, questionnaires, or observa-

tions to understand the context of the job and its influence on exposure characteristics. The

long-term monitoring of workers’ movements using the inertial sensors can be an adequate

solution to overcome the limitations of the traditional methods.

Despite the growing interest in wearable inertial sensing technologies for ergonomics

research, its adoption in occupational settings still lags. A recent survey of ergonomics

practitioners in the US attributed this slow uptake to concerns about employee data pri-

vacy and compliance, sensor durability, information validity, and efficacy [32]. Efficacy

in this context includes the usefulness and practicality of the exposure-related information

conveyed to the wearer (i.e., instrumented worker) or to the ergonomist/practitioner, for

instance about cumulative workload, work-related injury risk, or about priorities for job

modification based on the type and severity of the exposure level [5]. Beyond generating

accurate and reliable data, wearable sensor-based exposure assessment tools would need
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Biomechanical/
Empirical Model Wearable Sensor Data Predictive Modeling

Outcome:
Biomechanical Exposure

• Type of work tasks
• Intensity (e.g., load level)
• Duration
• Repetition

→ Cumulative spine load

Assessment

Figure 1.1: Overview of the proposed framework relating biomechanical principles and em-
pirical findings, wearable inertial sensing, and predictive modeling for quantifying biome-
chanical exposures associated with low back disorder risk in non-repetitive material han-
dling work.

to convey actionable but straightforward information about cumulative exposures and/or

musculoskeletal disorder risk to help prioritize intervention targets [5]. Furthermore, wire-

less inertial sensing technologies connected to web services (i.e., cloud-based) have the

potential to compute and communicate such information in near real-time. A review on

the current state of the science on inertial sensing technologies applied to ergonomics is

needed to help inform research on inertial sensor-based exposure assessment tools.

1.3 Research Objectives

The overarching goal of this research is to advance the science of biomechanical exposure

assessment in non-repetitive work by leveraging wearable inertial sensing technologies and

predictive modeling techniques. To this end, this research creates and evaluates a frame-

work that combines occupational biomechanics principles and empirical findings, wearable

inertial sensing, and predictive modeling for quantifying biomechanical exposures asso-

ciated with low back disorder risk in non-repetitive material handling work. Figure 1.1

presents a graphical overview relating these components and scope this research.
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The specific research objectives are to:

(1) Quantify empirically the relationships between effects of hand load and carrying

mode in manual load carriage on inertial sensor-based posture kinematics.

• Hypothesis: Magnitude and mode of manual load carriage jointly influence pos-

ture and gait kinematics relative to unloaded gait.

(2) Develop and assess a statistical prediction algorithm that uses posture kinematics

calculated from body-worn inertial sensors to classifying material handling mode

and load level.

• Hypothesis: Load carriage mode and load level can be predicted from inertial

sensor-derived kinematic adaptations in gait.

• Hypothesis: Lifting and lowering load level can be predicted from inertial

sensor-based postural kinematics.

• Hypothesis: Adjusting for between-person variability by normalizing predic-

tors relative to reference motions and postures will improve the accuracy of

statistical prediction.

(3) Implement and empirically assess an algorithmic framework for quantifying biome-

chanical exposures during load carriage and lifting-lowering by leveraging outcomes

from Objectives 1 and 2, including, inertial sensing and predictive modeling tech-

niques.

• Hypothesis: Mode, repetition (occurrences), duration, and intensity level of

load carriage and lifting-lowering can be quantified from inertial sensor-based

postural kinematics.
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This research makes theoretical contributions in terms of:

(1) improving our understanding about the biomechanical effects of load magnitudes

during material handling on gait and posture,

(2) creating an algorithmic framework that combines biomechanical and empirical find-

ings, wearable inertial sensing, and predictive modeling to quantify biomechanical

exposures associated with low back disorder risk in non-repetitive material handling

work, and

(3) demonstrating the potential for leveraging wearable inertial sensing and predictive

modeling techniques to improve the accuracy of quantifying biomechanical expo-

sures in ergonomics applications.

The practical outcomes of this research include:

(1) a review of emerging issues and opportunities afforded by body-worn inertial sensing

technology for ergonomics applications,

(2) a preliminary inertial sensor-based software application for quantifying biomechani-

cal exposures in non-repetitive material handling jobs, specifically load carriage and

lifting-lowering, and

(3) demonstrating the practical use for wearable inertial sensing and predictive modeling

techniques to potentially improve biomechanical exposure assessment and the ability

of workers, managers and ergonomists to measure and mitigate low back disorder

risk, and thereby improve worker health and well-being.

1.4 Conceptual Model

Informed by prior research literature and the objectives of this research, a conceptual model

depicted in Figure 1.2 is proposed that summarizes the key factors considered to influence
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posture kinematics in load carriage and lifting-lowering. The main focus of this research is

to quantify relationships between external load factors, person variables, and task param-

eters during load carriage and lifting-lowering to posture kinematics and estimated spinal

compressive force.

Broadly, three categories of factors consisting of the environment, external load char-

acteristics, and person variables are considered to influence task conditions in manual load

carriage and lifting-lowering. Environmental factors, such as the location, flooring con-

ditions, and weather (temperature, humidity) have an impact on human movement and

workload in MMH tasks. These factors were treated as constants in a laboratory setting.

Factors pertaining to the external load such as the load magnitude and location of the load

center of mass were manipulated to examine their effects on posture kinematics (Objective

1). To simplify the problem, load characteristics such as size dimensions and hand-handle

coupling were treated as constants. Person variables such as gender and age were consid-

ered in the sampling of participants, while individual anthropometry and functional strength

were treated as covariates in the analysis where relevant.

Task conditions, namely, task type (load carriage and lifting-lowering), mode (e.g.,

one vs. two handed), and load intensity level during load carriage and lifting-lowering

were hypothesized to influence internal biomechanical loading, which leads to adaptations

in posture kinematics, for example, gait kinematics during load carriage, or torso kinemat-

ics during lifting-lowering. Specific to this research, posture kinematics measured using

body-worn inertial sensors were used for extracting information about task conditions us-

ing predictive modeling (Objective 2). Information about posture and predicted task con-

ditions were used as inputs to an algorithm for estimating cumulative low back compressive

force as a measure of low back disorder risk (Objective 3). Task duration and repetitions

were controlled to minimize fatigue, which was not explicitly modeled in this research and

is a topic of future investigation. However, fatigue is included in the figure in the interest of

completeness, and considered to have a mediating effect on posture kinematics, estimated
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cumulative spinal load, and occupationally relevant health outcomes.

External Load:

Load magnitude
COM location
Static vs. dynamic load
Load size dimensions
Hand-load coupling

Environment:

Flooring
Temperature
Elevation change

Manual Handling Task:
Type: Load Carriage, Lifting-lowering
Mode: 1 vs. 2-handed, side vs. anterior
Task intensity
Duration (vs. recovery time)
Repetitions or frequency

Person Variable:
Anthropometry (stature)
Gender
Age
Functional strength: Low-back

lifting, hand-grip
Muscular endurance
Medical history, fitness
PPE: gloves, footwear

Biomechanical Loading:

Internal joint moments
Dynamic balance & stability
Trunk muscle co-contraction
Muscular workload

Posture:

Lower extremity kinematics
Torso and Pelvis kinematics
Torso-pelvic intersegment coordination

Fatigue
(over time)

Estimated Cumulative Spinal Load:

Low-back compression force
& shear force

Outcomes:

Physical pain, discomfort
Low back trauma disorder risk

Figure 1.2: Overview of the conceptual model relating the effects of external loads, envi-
ronment, person variables, and manual material handling task conditions on internal biome-
chanical loads and measured posture kinematics. Boxes shaded in gray are the primary
focus of this research. Elements in bold text were directly manipulated and/or measured,
while other elements were held constant or not directly measured. Measured posture kine-
matics are used for estimating cumulative spinal loads as an indicator of health outcomes,
specifically occupationally-relevant low back disorder risk. Fatigue, though not explicitly
modeled, is considered to have a mediating effect on posture kinematics, estimated cumu-
lative spinal load, and health outcomes.

1.5 Dissertation Outline

Figure 1.3 provides an overview of the structure of this dissertation document by chap-

ter. Chapter 1 provides an introduction to the research. Chapter 2 reviews the current
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Biomechanical Exposure Assessment

Conclusion

Chapter 1:

Chapter 2:
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Figure 1.3: Schematic of the dissertation outline.

state-of-the-science of wearable inertial sensing technologies in biomechanical exposure

assessment in order to contextualize the research objectives and eventual contributions of

this research.

Chapter 3 presents a study quantifying the effects on manual load carriage mode and

load magnitude on gait kinematics measured using body-worn inertial sensors. The study

focuses on postural gait adaptations in the torso and pelvis due to biomechanical loads.

Based on findings from this chapter, the subsequent Chapter 4 describes an initial study

to develop and assess a statistical prediction algorithm for classifying carrying mode and

normalized hand-loads using specific inertial sensor-based kinematic features as predictors.

Chapter 5 extends the statistical prediction algorithm to analyze three specific MMH

tasks, namely, load carriage, lifting, and lowering, in order to classify task mode and inten-

sity in a diverse cohort of men and women. Chapter 6 integrates the preceding statistical
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algorithms into a framework for biomechanical exposure assessment for estimating cumu-

lative spinal compression loads from continuous inertial sensor data. The framework is

implemented in a prototype software application and evaluated for prediction performance

in a laboratory study on MMH.

Chapter 7 summarizes the key contributions and significance of this research, its

broader implications for ergonomics research and practice, current limitations and future

research directions.
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CHAPTER 2

A Review of Inertial Sensing in Biomechanical

Exposure Assessment1

Miniaturized, wireless wearable inertial sensors offer opportunities to acquire directly-

measured posture data. This technology has generated new interest in biomechanical ex-

posure assessment in real-world occupational settings. The objectives of this review were

to: (1) examine the current state-of-the-science of wearable inertial sensing technologies

applied to biomechanical exposure assessment, and (2) identify research gaps and oppor-

tunities for leveraging wearable inertial sensing for real-time biomechanical exposure as-

sessment. The review helps to contextualize the objectives and eventual contributions of

this dissertation research on combining inertial sensing and predictive modeling for biome-

chanical exposure assessment in MMH work.

2.1 Introduction

The objectives of this review were to: (1) examine the current state-of-the-science of wear-

able inertial sensing technologies applied to biomechanical exposure assessment, and (2)

identify research gaps and opportunities for leveraging wearable inertial sensing for real-

time biomechanical exposure assessment. Specifically, this study presents results from a

review of inertial sensing based approaches to quantifying worker’s prolonged exposures

1Portions of this chapter appear in [33]
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to awkward postures, repetitive movements, and forceful exertions for the purpose of mea-

suring and mitigating work-related musculoskeletal injury risk.

This review begins with a brief introduction to inertial sensing technologies, a concep-

tual ergonomics-based framework to scope the review, followed by the review methodol-

ogy, findings, and implications for research.

2.1.1 Inertial Sensing Technologies

Inertial sensing refers to sensing technologies that use the property of inertia. This disser-

tation uses the term inertial sensing to include accelerometers, inclinometers, gyroscopes,

and inertial measurement units (IMUs) which are a combination of accelerometers, gy-

roscopes, and/or magnetometers. A brief description of each type of sensor is provided

below.

2.1.1.1 Accelerometers or Inclinometers

A single axis accelerometer measures the linear acceleration of the sensor’s reference frame

relative to the earth’s gravitational field vector [34]. Accelerometers, ranging from uniaxial

to triaxial, also function as inclinometers when used for measuring inclination or tilt angles

of the sensor relative to the earth’s gravitational field vector [35]. In ergonomics applica-

tions, gravity-based inclinometers are used to measure orientations (e.g., flexion/extension

or elevation angle) of a specific body segment. However, the orientation estimates can be

unstable when one of the rotation axes is aligned with gravity since accelerometers are

insensitive to rotation about the earth’s gravitational field vector [34].

2.1.1.2 Gyroscopes

A gyroscope measures angular velocity in response to rotation of the sensor with respect

to the inertial frame, i.e., the Coriolis force [36]. Integrating the gyroscope sensor data

provides angular displacement about the sensor frame, so it can be used to estimate the
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rotation angle of the sensor axis. However, the integrated sensor results drift over time

due to the accumulation of noise and offsets in the raw signal. Consequently, filtering

techniques are applied to compensate for drift, or the integration is limited to short durations

(e.g., < 5s). Gyroscope and accelerometer data are often combined for calculating sensor

rotation angles.

2.1.1.3 IMUs

IMUs consist of a triaxial accelerometer and a gyroscope to measure 3D acceleration and

angular velocity of the sensor with respect to gravity [35]. Appendix B summarizes the

make, model, and technical specifications of some of the commercially-available inertial

sensors used in ergonomics research studies. Calculating 3D rotations using both ac-

celerometer and gyroscope signals has advantages over using any one individual signal

since each sensor data can compensate for the limitations of the other [37] with the use

of sensor data fusion algorithms such as a Kalman filter or complimentary filter. For in-

stance, the effects of drift error introduced by integrating gyroscope data can be corrected

by the accelerometer-based orientation estimates. The orientation error which is affected by

earth’s gravity in the accelerometer can be corrected by gyroscope-based rotation estimates.

Often, IMUs also include a triaxial magnetometer to measure the geomagnetic field to es-

timate the heading of the sensor relative to the earth’s magnetic polarity. Magnetometers

provide heading information that neither accelerometers nor gyroscopes provide. Sensor

fusion algorithms in most commercial IMUs are proprietary and thus not inspectable.

2.1.2 MSAAI Framework

To scope this review and adequately synthesize the contemporary uses of inertial sensing in

ergonomics research, a "Modeling-Sensing-Analysis-Assessment-Intervention" (MSAAI)

framework was proposed [33] as depicted in Figure 2.1. This conceptual framework draws

upon the reviewed studies to depict the typical role of wearable inertial sensing and sensor
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Figure 2.1: Conceptual framework for biomechanical exposure assessment using wear-
able inertial sensors spanning Modeling, Sensing, Analysis, Assessment, and Intervention
(MSAAI).

data for biomechanical exposure assessment. Each component of the MSAAI framework

is briefly described.

The use of inertial sensing is typically preceded by some form of biomechanical mod-

eling, either through explicit analyses or implicit assumptions in order to represent the

relationships between critical elements of the person-equipment-task system and to inform

the sensing phase. Sensing includes decisions on the types of measures and sensors to

use, the locations for sensor attachment, and the process of measuring worker postures

and movements. The analysis component refers to the myriad approaches to analyzing

sensor data spanning descriptive and inferential statistical analysis, and more recently us-

ing predictive modeling (i.e., machine learning) techniques to obtain relevant measures of

physical exposures. Descriptive statistics are typically used to summarize key dimensions

of physical exposures, namely, intensity (e.g., extent of non-neutral postures, magnitude of

motions, joint loads), duration (e.g., time spent in a particular posture or on a task, time to

complete a movement), and repetition (i.e., frequency of motions) [6]. Inferential statistics

include hypothesis testing such as ANOVA to compare exposures between conditions (e.g.,

between task types or equipment) or to quantify associations between inertial sensor-based

physical exposure measures and ergonomics outcomes (e.g., injury prevalence, productiv-

ity). Certain exposure characteristics such as force exertions are often not directly available

from inertial sensor data, hence additional methods (e.g., direct observation, indirect video-

based observations, work diaries) get used in conjunction.

Assessment, very broadly, implies that the quantified exposures are either compared
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to previously established "absolute" limits and thresholds to assess workload and/or injury

risk (e.g., NIOSH Lifting Index, RULA or OWAS scores) or compared in "relative" terms.

Examples of the latter include comparisons between different occupations, task conditions,

types of equipment design, or pre- vs. post-intervention (e.g., workplace modification) to

assess relative differences in biomechanical exposures and/or the risk of WMSDs.

The assessment of exposures (either absolute and relative) and cumulative disorder risk

help to inform and prioritize interventions, i.e., actions aimed at modifying work con-

tent in order to augment task performance, reduce the risk of work-related cumulative

trauma and injury, and/or improve worker well-being. Interventions in ergonomics can

take many forms, including lowering of task demands by changing work equipment/tool or

the environment, by augmenting worker capacity using assistive technologies, or by means

of worker training and worker selection. In the context of wearable inertial sensing, the

present review of interventions is limited to direct feedback strategies in the workplace that

are near real-time (e.g., using prompts or alerts from wearable devices) aimed at either alter-

ing or reinforcing certain actions/behaviors in contrast to the aforementioned interventions

that are asynchronous and post priori. The closed feedback loop in the conceptual frame-

work indicates that the biomechanical exposures are assessed across time (i.e., longitudi-

nally, or pre- and post-intervention), or compared between conditions (i.e., cross-sectional

A-B designs) towards some salutary goal. The modeling component can be updated based

on comparisons between the expected (i.e., modeled or hypothesized) behavior and actual

(i.e., measured or observed) behavior of the system (Figure 2.1, indicated by a dotted line

pointing to the biomechanical modeling in a closed feedback loop).
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2.2 Methods

2.2.1 Search Strategy

This review follows the PRISMA (Preferred Reporting Items for Systematic Reviews and

Meta-Analyses) methodology for conducting and reporting systematic reviews in health

sciences [38, 39]. For the review, three databases (i.e., Web of Science, PubMed, and

ProQuest) were searched for articles printed through February, 2018 in the initial search

performed on January 22nd. A second search was performed on June 20th to include arti-

cles through June, 2018. Search keywords to identify studies on inertial sensing in biome-

chanical exposure assessment includes [’work*’ or ’Ergonomic*’ or ’Biomechanic*’ or

’Occupation*’] and [’Exposure’ or ’Assessment’ or ’Evaluat*’ or ’Posture’] and [’inertia*’

or ’acceler*’ or ’inclino*’ or ’gyro*’ or ’wearable’]. Any peer-reviewed journal articles

or conference proceedings including the search keywords in the document title, abstract,

or keywords were selected. Only studies written in English were searched. The search

process and exclusion criteria are summarized in Figure 2.2.

2.2.2 Exclusion Criteria

The initial search identified a total of 491 studies based on title, abstract, and keywords, and

after discarding duplicate papers. Review articles were excluded unless the document also

contained an empirical case-study originating from the authors’ own research. Selected

studies (n = 491) were reviewed in their entirety based on the title and abstract (Step 1 in

Figure 2.2) and full text (Step 2 in Figure 2.2) and were excluded from further analysis if

the article described a study that:

• did not include human subjects; or

• used inertial sensing for applications other than measuring some aspect of body pos-

ture or postural kinematics. For example, studies using accelerometers to measure
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Figure 2.2: Flowchart summarizing the phases of the document search and selection pro-
cess.

movement or vibration of an inanimate object or equipment were excluded; or

• did not focus on occupational (work) activities. For example, studies focusing activi-

ties of daily living, fitness, sports, athletics, and clinical rehabilitation were excluded.

2.2.3 Data Extraction and Analyses

A total of 67 studies met all criteria after the full-text review (Step 2 in Figure 2). These

were analyzed and coded according to the PRISMA methodology and MSAAI framework

(Figure 2.1). Extracted data entries included the following:

• General information: Author(s), year of publication, title, journal, study objective,

study sample size and composition (i.e., participant characteristics), study setting

(e.g., lab vs. field), and type of study site (i.e., job type) if it were a field study.

18



• Modeling: Formal recognition of using biomechanical modeling [yes/no], biome-

chanical model details, main purpose or objective for the model, method for model

validation, and key finding(s).

• Sensing: Sensor attachment location(s), sensor pairs if used for measuring inter-

segment or joint kinematics, and additional methods used to record the type of work

tasks performed.

• Analyze: Physical exposure characteristics (intensity, duration, repetition), type of

statistical technique used for analysis (i.e., descriptive statistics, inferential statis-

tics, or predictive modeling), specific technique used, main purpose/objective of the

analysis, model assessment and findings if predictive modeling was used.

• Assessment: Relative vs. absolute assessment, specific criteria used for the assess-

ment if an absolute assessment was performed.

• Intervention: Type of intervention used, content and modality if real-time feedback

was used, and whether biomechanical exposures were re-examined post-intervention

either in a cross-sectional or longitudinal manner.

2.3 Results

Appendix A summarizes general information on the 67 studies reviewed including each

study’s sample composition and size, study design (e.g., whether the study was performed

in a lab or field setting), types of occupational activities examined, number of sensors

attached on the subject, and the specific analysis and assessment methods used. Review

results indicated that the number of ergonomics-related research studies that employed

inertial sensors for physical exposure assessment has steadily increased in the past decade.

Over 50% of the studies reviewed (n = 35 of 67) were published in the previous 3 years

(2015 − 2017; Figure 2.3a).
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Figure 2.3: Summary of the review results in terms of the number of studies by publica-
tion year between 1998 and 2017 (a), by field study site where the data collection was per-
formed (b), and by component of the Modeling-Sensing-Analysis-Assessment-Intervention
(MSAAI) framework addressed (c).
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Four of the 67 studies performed data collection in both field and laboratory settings, 38

(56.7%) were conducted in field settings, while 25 (37.3%) were performed in a laboratory

environment (Figure 2.3b). Health-care facilities (e.g., hospitals, dentistry clinics, operat-

ing rooms, and long-term care facilities) were the most frequently studied work sites (13 of

the 38 + 4 = 42 field-based studies, 31.0%). Offices comprising white-collar work were the

primary study site in 6 of the 42 (14.3%) field-based studies. Seven of the 42 field-based

studies (16.7%) investigated multiple site locations mostly to compare biomechanical ex-

posures between job types. For example, Teschke et al. [40] used measurements of angular

displacement and velocity from a triaxial inclinometer attached at the thoracic vertebra

(T6) to compare the magnitude of non-neutral torso postures (i.e., flexion/extension and

lateral bending) over a work shift in workers across forestry, wood and paper products,

transportation, warehousing, and construction jobs.

With reference to the proposed framework, only four studies spanned all five compo-

nents of the framework with the intervention including real-time feedback (M-S-A-A-I in

Figure 2.3c). Over half of the reviewed studies (n = 37 out of 67, 55.2%) included the four

components of modeling, sensing, analysis, and assessment of biomechanical exposures

(M-S-A-A in Figure 2.3c). Thirty-three of these studies were performed in field settings.

About one-third of the reviewed studies (n = 21 of 67) included only modeling and sensing

as the sole focus to validate the accuracy or reliability of the inertial sensor-based kine-

matic measures, i.e., the study did not compare measured exposures to any known limits

and thresholds or between measured tasks, occupations, or interventions.

The subsequent sections summarize prominent themes organized by each framework

component, i.e., modeling (M), sensing (S), analysis (A), assessment (A) and feedback

intervention (I), identified from the analysis and synthesis of the 67 studies reviewed.
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2.3.1 Modeling

The review results on modeling approaches are limited to 8 of the 67 studies (11.9%) that

explicitly used biomechanical models to estimate joint loads and moments. Table 2.1 sum-

marizes the type of biomechanical models used across the studies, along with the modeling

purpose, approaches to validation, and key findings. Examples of modeling approaches

used spanned inverse dynamics models (e.g., [41, 42, 43, 44, 45]), and musculoskeletal fi-

nite element-based models [46]. Across the 8 studies, inertial sensor-derived posture angles

were used as an input to the biomechanical model along with information from other instru-

mentation such as ground reaction forces from force plates [43] or in-shoe pressure sensors

[43], or estimated locations of body or segmental Center of Mass (CoM) [41]. The locations

for inertial sensor attachment in these studies were guided by the specific segment postures

or joint angles needed for calculating joint loads and moments in the biomechanical model

(refer Section 2.3.2 for details). The accuracy of estimated joint loads and moments were

validated by comparing these inertial sensor derived estimates to corresponding measures

computed using data from optoelectronic motion capture and force plates. Valero et al.

(2016) proposed an additional step by using a deterministic postural angle-based thresh-

old model to distinguish different lifting strategies (i.e., stoop, squat, or combined) from

inertial sensor-based postural angles [47]. Trunk and leg inclination angles were used as

criteria to discriminate between lifting strategies, for example, a trunk inclination angle ≤

20◦ and shank inclination angle between 0◦ and 30◦ was used to characterize a stoop lift

[47].

2.3.2 Sensing

2.3.2.1 Sensor Attachment Locations

The number of inertial sensors used per study ranged from 1 to 17, with a median of 3 sen-

sors per study. Figure 2.4 depicts the total number of times an inertial sensor was attached at
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Table 2.1: Summary of biomechanical modeling techniques used in the reviewed studies (n = 8).

Study Purpose Validation Key findings
Inverse dynamic model
Faber et al., 2016 [41] To estimate the L5/S1 moment from the estimated

CoM location
Compared with optical motion capture and force
plate-derived L5/S1 moments calculation

RMSE < 10 Nm (L5/S1 moment)

Holmes et al., 2010 [42] To estimate the L4/L5 joint loadings and moments
Kim & Nussbaum,
2013 [43]

To estimate the joint moments at the knees, hips,
L5/S1, and shoulders

Compared with optical motion capture and force
plate-derived joint moments

Peak Absolute Errors (PAE) < 14.4 Nm (L5/S1
moment), PAE < 11.2 Nm (hip moments)

Faber et al., 2012 [44] To estimate the knee, hip, and L5/S1 joint loadings
and moments

Compared with optical motion capture and force
plate-derived joint moments

RMSE% < 4% (knee moments), RMSE% < 14 %
(L5/S1 moment)

Shojaei et al., 2016 [45] To estimate the L5/S1 compressive and shear loads
and moments

Musculoskeletal finite element model
Gholipour et al., 2016 [46] To estimate the L5/S1 compressive and shear loads

from the estimated 3D rotation of trunk postures,
given load, and link length

Compared with optical motion capture-derived L5/S1
loadings

RMSE = 173 N (L5/S1 compression load), RMSE =
35N (L5/S1 shear load)

Single-segment inverted pendulum model
Nocerino et al., 2011 [48] To estimate the CoM location
Deterministic postural angle-based threshold model
Valero et al., 2016 [47] To discriminate different lifting strategies (stoop,

squat, or a combination of both)
Compared with the video-based analysis
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a particular body location (denoted by circles) yielding 175 total sensor placements across

the 67 studies reviewed. Sensors were placed bilaterally in 128 out of 175 sensor place-

ment locations (73.1%). When a sensor was placed unilaterally, either the right side or

the dominant side was chosen more often (38 out of 175, 21.7%) than either the left or

non-dominant side in the remaining 9 out of 175 (5.1%) studies. The upper arm was the

most frequently used location for attaching an inertial sensor (32 out of 67 studies, 47.8%),

followed by the thoracic vertebrae (between T1 to T12) in 20 of the 67 studies (29.9%),

and the hip in 19 of the 67 studies (28.4%).

Lines connecting two circles in Figure 2.4 denote pairs of sensors used in conjunc-

tion such as for computing the joint angle between a proximal and distal body segment or

movement coordination (e.g., lumbarpelvis ratio calculated as the ratio of lumbar flexion to

pelvic rotation) [45] between two segments. The shoulder and knee were the two most fre-

quently investigated joints, namely, in 8 out of 67 studies (11.9%) each. In general, studies

used different pairs of sensor locations to derive joint angle kinematics such as at the neck,

shoulder, trunk, and hip, suggesting a lack of standardization in joint description.

For example, rotations at the shoulder (glenohumeral) joint (i.e., flexion/extension, ab-

duction/adduction, internal rotation) were calculated by combining data from a sensor at-

tached on the upper arm and either the scapula, chest/sternum, or thoracic spine, with the

scapula being the most frequent choice (4 out of 8, 50.0%). For measuring neck posture,

pairs of sensors were attached either on the head and thoracic vertebra [49, 50], or forehead

and cervical vertebra [51, 52], or head and chest or sternum [53, 54].

2.3.2.2 Evaluating Sensor Performance

Studies validating inertial sensor measurements for accuracy and precision in ergonomics

applications were all performed in lab settings. Accuracy was evaluated by statistical com-

parison of kinematic measures obtained using inertial sensing to corresponding measures

obtained from a reference ”gold standard” instrumentation system. Examples of the latter
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Figure 2.4: Body locations of the inertial sensors across the reviewed studies (n=67).
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included optoelectronic motion capture [41, 43, 50, 55, 56, 57], magnetic motion tracking

[58, 59], ultrasound-based motion capture [60], lumbar motion monitor [61], and previ-

ously validated accelerometers (Logger Teknologi HB) [62]. Kinematic and kinetic com-

pared for validation purposes included segment or joint angular displacement, velocity, and

acceleration, Range of Motion (ROM), and joint moments. Statistical measures typically

used for assessing the accuracy of inertial sensor-derived measures compared to reference

(gold standard) instrumentation measures included correlation coefficients, paired and in-

dependent sample t-tests, and summary statistics on root mean squared errors (RMSE),

mean absolute errors, peak absolute errors (PAE), mean peak errors, and Bland-Altman

bias and limits of agreement.

Two studies validated kinetic measures derived using inertial sensor data. Faber et al.

[41] used IMU-derived joint position estimates to compute CoM positions which were sub-

sequently used for calculating 3D L5/S1 moments. Kim and Nussbaum [43] computed joint

moments at the L5/S1, shoulders, hips, and knees during lifting and lowering, carrying, and

pushing and pulling tasks using a combination of IMUs for posture and in-shoe pressure

measurement system for measuring vertical force component at the ground [43]. In both

studies, the difference in L5/S1 joint moments calculated using optoelectronic motion cap-

ture and force plates to inertial sensor derived estimates were found to be comparable with

a RMSE < 10 Nm [41] and PAE < 14.4 Nm [43], respectively.

Precision of sensor measurements was evaluated by assessing inter-rater repeatability

and intra-rater repeatability, respectively. To examine inter-rater reliability, multiple exam-

iners took turns attaching sensors to the same participant and with the participant repeating

the same movement each time [63, 64]. Intra-rater repeatability was typically examined

by having the same examiner attach sensors to the same participant multiple times and the

resulting measurements compared [58, 59, 61, 65].

A direct comparison of inertial sensor accuracy and precision across the different stud-

ies reviewed was hindered by differences in experimental design that influence estimated
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errors. Examples include differences in the location of sensor attachment, type of kine-

matic and kinetic measures compared, the reference gold standard instrumentation used,

type of reference tasks performed, duration of the measurement, signal processing tech-

niques used, and type of error estimates reported, and the type of statistical test performed

on the error estimates. However, findings in general reported that comparisons of segment

orientations had smaller error magnitudes than joint angle estimates [56], long complex

task produced larger errors than short duration movements (e.g., manual material handling

task performed over 32 mins vs. short functional movements such as flexion/extension at

head, trunk, upper arms, and upper legs [50]), movement velocity in dynamic tasks in-

fluences sensor accuracy (e.g., motions performed between 50◦/s and 75◦/s showed better

accuracy than motions above these angular velocities) [56], and differences in the biome-

chanical models used contributed more to the error in outcome measures than the inherent

instrumentation error of the sensor itself [50].

2.3.2.3 Relationships between Inertial-based Direct vs. Subjective Measurements

Seven studies (10.4%) investigated associations between inertial-sensor derived direct pos-

tural measures and subjective measures of workload such as self-reported questionnaires

(e.g., [66]). A sub-set of these studies used commercial software to classify different

postures from inertial sensor data across time (e.g., activePAL, Acti4, and ActiLife 6).

The time spent in the different postures were compared to durations obtained from self-

reported questionnaires such as the Occupational Sitting and Physical Activity [66, 67] or

the Multicontext Sitting Time Questionnaire [68]. Results showed that the total duration

of walking obtained from self-reported methods were overestimated by 4.6-12.4% [66, 68]

compared to durations obtained from an inertial sensor-based posture classification algo-

rithm. Standing was either not significantly different [66] or underestimated by 4.6% [68]

in self-reported methods compared to the inertial sensor-based classification. Teschke et al.

[40] compared inertial sensor measured torso flexion/extension and lateral bending angle
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to direct observations using the Back Exposure Sampling Tool (Back-EST) [69] and also

with a structured questionnaire on the level of physical exposures similar to questions in

the Back-EST. In that study, observations and self-reported questionnaire responses were

found to account for 30-61% and 33-40% of the variance in inertial sensor measurement,

respectively. Overall, these studies demonstrated advantages of using direct inertial sensing

measurements over observation and questionnaire based methods, which are time and labor

intensive. Continuous inertial sensing data were also amenable to leveraging statistically-

based posture classification algorithms to identify postures and durations in specific work

activities such as standing, walking, and MMH tasks.

2.3.3 Analysis

2.3.3.1 Type of Analysis Methods

All of the studies reviewed provided descriptive statistics of the measured or processed sen-

sor data in some form (e.g., mean, median, standard deviation, range, percentiles) calcu-

lated either for the entire data collection duration or stratified by condition for comparison

(e.g., by job category, task types, equipment used, or before vs. after intervention) (refer

Appendix A for details). A few studies were limited to reporting descriptive statistics (e.g.,

[70, 71, 72]). Over half the reviewed studies (n = 25 out of 46 studies, 54.3%) used inferen-

tial statistics such as ANOVA or repeated mixed-effects either to contrast physical exposure

characteristics between conditions, or to examine associations between work-related mus-

culoskeletal disorders and biomechanical exposures [73, 74].

Importantly, 9 of the reviewed studies (19.6%) used predictive modeling (i.e., machine

learning) techniques either to classify postures and type of work task performed from the

inertial sensor data, or to predict inertial-sensor derived postures from different incomplete

sources of information (e.g., hand position, observation). Table 2.2 summarizes these 9

studies in terms of the type of predictive model used, modeling purpose/objective, model

validation and key findings. Six studies used inertial sensor data as predictors for classify-
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ing tasks and/or postures. Three of the 6 studies relied on commercial posture classification

software, e.g., SenseWear Professional 6.1 [75], ADL Monitor software [76], and ActiLife

6 [67] to identify work-related activities such as walking, sitting, standing, and reclined

resting. These three studies did not perform any validation of the classification algorithm

of their own in the study, neither was the algorithm inspectable. However, if the validations

were available elsewhere, the results and references were also included in Table 2.2.

Three studies proposed their own predictive model for classifying work tasks or

postures with inertial-derived kinematic data as predictors. Brandt et al. [77] used

accelerometer-based measurements of torso flexion and lateral bending angles recorded

while participants performed "high-risk lifting" (i.e., 16, 18 and 20 kg loads) vs. "low-

risk lifting" (i.e., 22, 24 kg at short distance, 8, 12 and 16 kg asymmetric, and 16 kg with

long reaching distance lifting) as input to a statistical classification algorithm. On aver-

age, the measured postural angles correctly separated 65% of the high vs. low-risk lifting

tasks. Classification accuracy increased to 76% when the accelerometer-derived predictor

variables were supplemented with Root-mean-squared (RMS) electromyography activity

of the upper trapezius and erector spinae muscles [77]. In a laboratory study of simulated

MMH, Kim and Nussbaum [78] compared the performance of three different predictive

modeling techniques to classify work tasks such as walking, carrying, lifting, lowering,

pushing, and pulling using continuous data from 10 body-worn IMUs. The precision of

classification exceeded 90% in all of the work tasks, while the duration of work tasks were

underestimated by 14% [78]. Peppoloni et al. [79] developed a machine learning-based

segmentation algorithm to identify the start and end of different hand activities including

neutral posture, reaching, grasping, and moving in a study simulating the repetitive hand

motions of supermarket cashiers. Posture deviations from the neutral of upper limb, neck,

trunk, and leg during the segmented activities were used to calculate the RULA score for

each activity. The study reported an accuracy of 94.8% within each activity cycle for RULA

scores obtained from the algorithm compared to a human coder [79].
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Three other studies implemented predictive modeling techniques to predict postures

and movements obtained from inertial sensors using task variables and/or person attributes

as predictors. Gholipour and Arjmand [46] successfully demonstrated the use of Artificial

Neural Networks (ANN) with individual stature and position of the hand load as inputs to

predict 3D spinal posture measured by IMUs attached at S1, T12 and T1, with an overall

RMSE < 11◦ and R2 < 0.95. In a study of workers in a paper mill, Heiden et al. [80]

used a combination of administrative data (e.g., worker’s demographics, work shifts such

as the shift type, number of staff on shift, number of paper rolls produced), worker’s sub-

jective ratings before and after each shift using a Borg CR-10 scale [81] and video-based

observational data to predict the trunk and arm inclination angles measured by accelerom-

eters. Results indicated that the coefficient of determination for predicting trunk and arm

inclination angles was the highest in the case of direct observation (R2 < 56%) compared

to worker’s subjective ratings (R2 < 36%) and administrative data (R2 < 15%). Nath et al.

[82] demonstrated the use of raw acceleration data obtained from a smart phone worn on

the upper arm as feature vectors in a linear predictive model to estimate the range of trunk

and shoulder flexion angles during a simulated construction task.

2.3.3.2 Measured Physical Exposure Characteristics

Inertial sensors were exclusively used for quantifying the intensity, repetition, and/or du-

ration of extreme motions or postures. Table 2.3 provides a summary for the 46 studies

that reported on inertial sensor-derived exposure characteristics in terms of these three di-

mensions. Exposure characteristics measured using methods other than inertial sensors

(e.g., observer-based) were excluded from the table. Intensity of extreme motions and

postures was expressed in three ways. First, by ordinal categories based on threshold. For

example, thresholds for arm elevations of 30◦, 60◦, and 90◦were typically used to calculate

either the duration and/or repetition of movement in the range of 0◦ to 30◦, 30◦ to 60◦,

60◦ to 90◦, and ≥ 90◦of arm elevation, with larger deviations from neutral (0◦) implying
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Table 2.2: Summary of predictive modeling techniques used in the reviewed studies (n = 9).

Study Model Purpose Validation Result
Task/posture classification
Brandt et al., 2018 [77] Linear Discriminant Analysis (LDA) To classify the low and high-risk lifting

based on the guidelines of the Danish
Working Environment Authority

Monte-Carlo cross validation (random
sampling of training and test set
repeated 100 times)

65.1-65.5% accuracy

Breidahl et al.,
2015 [75]

Proprietary, unspecified (used
SenseWear Professional 6.1 software)

To classify postures: sleep, supine
position; and steps taken

Busser et al., 1998 [76] Proprietary, unspecified (used ADL
Monitor software)

To classify postures: locomotion,
standing, sitting, and lying

Compared the classified physical
activities with the video-based task
analysis

Accuracy of 89-96.5% were reported in
[87]

Kim & Nussbaum,
2014 [78]

Linear Discriminant Analysis (LDA),
k-nearest neighbor (k-NN), Multilayer
feedforward neural network (MFNN)

To classify task types: walking,
carrying, lifting, lowering, pushing and
pulling

Three fold cross-validation Precision of > 9̃0% and recall of 80%

Peppoloni et al., 2016
[79]

State machine To classify task types: neutral pose,
reach, grasp, and move

Strain Index and RULA score
calculated with the measured postures
within the identified task duration were
compared with human evaluator’s
ratings

Accuracy of 94.8% for RULA action
level, 44.8% for Strain Index

Wick et al., 2016 [67] Decision tree (used ActiLife 6 software) To classify postures: sitting, standing,
and walking

Sensitivity of 99% and specificity of
100% were reported in [88] using the
same algorithm

Posture prediction
Gholipour & Arjmand,
2016 [46]

Artificial Neural Networks (ANN) To predict the 3D spinal posture (x, y, z
rotation angle at T1, T12, S1) by using
hand position (x, y, z) and body height
as inputs

70%-15%-15% (training, validation,
testing data set)

RMSE < 8◦ between the measured
angles from the inertial sensors and the
predicted angles validation

Heiden et al., 2017 [80] Linear mixed model To estimate the trunk and arm
inclination postures from the other
sources (administrative data, worker
ratings, observation)

Resampling validation using
bootstrapping (500 virtual datasets
drawn with replacement from the
original dataset)

Model fit (R2) < 15% (administrative
data), < 36% (worker ratings), and <
56% (observation)

Nath et al., 2017 [82] Linear model To extract the feature vector from the
raw acceleration data that reliably
represents the observed postural angles

Absolute error in trunk and shoulder
flexion < 7◦.
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greater postural load or intensity. Threshold levels were decided either based on previously

validated absolute limits or study-specific thresholds (see details in Section 2.4.3). Sec-

ond, the intensity of the exposure was expressed in terms of absolute magnitude such as

by calculating an average or cumulative summary statistic such as average arm accelera-

tions (m/s2), cumulative joint loading, or cumulative activity counts. Multiple studies used

physical activity level on the job measured as cumulative activity counts to convey inten-

sity [68, 83, 84, 85, 86], with activity being identified as any movement with accelerations

above a pre-defined threshold (0.016 m/s2) [84]. Third, exposure intensity was conveyed

using percentile (e.g., 10th, 90th, 95th) calculated from the cumulative distribution of pos-

ture angles, angular velocities and accelerations over the measurement duration. Most

studies used a threshold-based approach (27 out of 46, 58.7%) compared to percentiles (11

out of 46, 23.9%) and average/cumulative magnitude (9 out of 46, 19.6%).

Duration characterized sustained postures and motions represented as an absolute time

spent in certain postures or activities or as percent time normalized to total measurement

time. Measures of percent time were used more often (16 out of 26, 61.5%) than absolute

time (10 out of 26, 38.5%). Repetition was quantified either as the number of posture

changes across a pre-defined threshold per time duration (counts/min) [54, 83] or by using

frequency analysis such as a Fourier transformation to estimate motion repeatability in

repetitive tasks [72, 89].

Exposure characteristics were computed either over the entire duration of data collec-

tion (22 out of 46, 47.8%) or stratified by specific tasks or activities (24 out of 46, 52.2%)

(Table 2.3). For the latter, studies (21 out of 24, 87.5%) used information from additional

methods such as direct or video-based observations to annotate and segment sensor data

with the start and end of tasks and task type (10 out of 24 studies, 41.7%), diaries or

work-logs (6 out of 24 studies, 25.0%) to record the time and duration of work vs. non-

work (e.g., sleep, leisure) activities especially for data collection sessions spanning multiple

days [73, 74, 90], and self-reported questionnaires for estimating the approximate duration
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Table 2.3: Summary of the 46 studies reviewed that reported exposure characteristics of intensity, duration, and/or repetition calculated
using inertial sensor-derived data. The fifth column (Task-based) represents whether the exposure characteristics were summarized either
for specific tasks (T) or aggregated over the entire work duration irrespective of task (A).

Reference
Physical exposure characteristics

Task-based Additional Methods
Intensity Duration Repetition

[91] Threshold-based (arm elevation > 30◦, > 60◦, > 90◦), Percentile (50th, 90th, 99th of arm
elevation angle and velocity)

%time A

[92] Percentile (1st, 50th, and 90th of head flexion and lateral flexion, upper arm elevation
angle and velocity)

T Diary

[89] Threshold-based %time Frequency analysis A
[83] Threshold-based (trunk flexion < -10◦, -10◦ to 20◦, 20◦ to 45◦, > 45◦, Activity count

<100 counts/min, 101-759 counts/min, 760-1952 counts/min, 1953-5724 counts/min,
>5725 counts/min)

Time Count (bends/hour) A

[84] Threshold-based (trunk flexion < -10◦, -10◦ to 20◦, 20◦ to 45◦, > 45◦, Activity count
<100 counts/min, 101-759 counts/min, 760-1952 counts/min, 1953-5724 counts/min,
>5725 counts/min)

Time Count (bends/hour) A

[70] Percentile (1st, 10th, 50th, 90th, and 99th of wrist flexion, head flexion, upper arm
elevation angle and velocity)

A

[49] Threshold-based (varies depending on the selected method) Time Count T Direct observation
[93] Threshold-based (arm elevation > 60◦, or < 20◦ and movement velocity < 5◦/s) %time A Diary, video-based task

analysis
[71] Magnitude (average elbow/shoulder flexion angle, and shoulder abduction/adduction

angle)
A

[94] N/A T Video-based task analysis
[77] Threshold-based (high vs. low risk lifting based on the guidelines of the Danish Working

Environment Authority)
T

[75] Magnitude (energy expenditure/hour) T Self-reported
questionnaire

[76] Threshold-based (trunk flexion > 50◦) %time Count (bends/hour) T Video-based task analysis
[72] Threshold-based (shoulder elevation < 20◦, > 45◦, > 60◦), Percentile (10th, 50th, 90th of

shoulder elevation)
Time Frequency analysis A

[95] Magnitude (average arm acceleration) T Work load
[46] Magnitude (average flexion angle and L5-S1 compression and shear loadings) A
[96] Percentile (10th, 50th, 90th, and 99th of head flexion, upper arm elevation) A
[80] Threshold-based (trunk flexion 0-20◦, upper arm inclination <20◦) Time Count (uninterrupted

neutral posture/min)
A Video-based task analysis
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Table 2.3 – continued from previous page

Reference
Physical exposure characteristics

Task-based Additional Methods
Intensity Duration Repetition

[97] Percentile (1st, 10th, 50th, 90th, and 99th of trunk flexion angle, angular velocity, and
angular acceleration)

T Video-based task analysis

[42] Magnitude (peak and cumulative joint loading, lateral and anterior-posterior shear loading
at lumbar)

T Direct observation

[98] Threshold-based and Magnitude (hip, ankle, wrist acceleration counts) A
[51] Percentile (10th, 50th, and 90th of head flexion and lateral flexion, neck flexion and lateral

flexion, arm elevation angle and velocity)
T Direct observation

[99] Percentile (50th of head flexion, trunk flexion, upper arm elevation angle and velocity) T Video-based task analysis
[78] Time T
[73] Threshold-based (trunk flexion > 30◦, > 60◦, > 90◦) %time T Diary
[100] Threshold-based (head flexion and arm elevation > 30◦) %time A Video-based task analysis
[52] Threshold-based (arm elevation > 60◦, > 90◦), percentile (1st, 10th, 50th, 90th, and 99th

of arm elevation, head flexion, neck flexion angle)
%time T Direct observation

[101] Magnitude (average relative acceleration between the equipment and a person) A
[82] Threshold-based (trunk flexion/elbow flexion 0◦ to 30◦, 30◦ to 60◦, 60◦ to 90◦, >90◦,

trunk lateral bend 0◦ to 15◦, 15◦ to 30◦, 30◦ to 45◦, shoulder flexion/abduction 0◦- 30◦,
30◦ to 60◦, 60◦ to 90◦, 90◦ to 120◦, > 120◦)

T Direct observation

[79] Threshold-based (wrist extension < 10◦, 11Âř◦- 25◦, 2◦Âř -4◦, 41◦- 55◦, >60◦, wrist
flexion <5◦, 6◦- 15◦, 16◦- 30◦, 31◦- 50◦, > 50◦, ulnar deviation <10◦, 11◦- 15◦, 16◦- 20◦,
21◦- 25◦, >25◦)

%time T Self-reported
questionnaire

[102] Threshold-based (trunk flexion > 30◦, > 45◦, > 60◦) %time Count (> 5s over the
threshold)

A

[103] N/A A
[104] Percentile (10th, 50th, and 90th of trunk flexion and lateral bending) A
[105] Percentile (10th, 50th, and 90th of trunk flexion, arm elevation), threshold-based (trunk

flexion and upper arm elevation < 20◦, > 45◦, > 60◦, velocities < 5◦/s, > 90◦/s)
%time Count (3s period in

neutral trunk or arm
posture with velocity <

5◦/s per min)

A

[106] Threshold-based (same as RULA) A Video-based task analysis
[107] Threshold-based (neck flexion 0◦ to 10◦, 10◦ to 20◦, >20◦, neck extension > 0◦, trunk

flexion at 0◦, 0◦ to 20◦, 20◦ to 60◦, > 60◦, shoulder elevation 0◦ to 20◦, 20◦to 45◦,
45◦ to 90◦, >90◦)

%time A

[85] Threshold-based (activity count <100 counts/min, 101-1952 counts/min, 1953-5724
counts/min, >5725 counts/min)

Time T Diary
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Table 2.3 – continued from previous page

Reference
Physical exposure characteristics

Task-based Additional Methods
Intensity Duration Repetition

[47] Threshold-based (trunk flexion < 20◦ and shank inclination 0◦ to 30◦, >30◦) Time Cound(bends/hour) T
[53] Threshold-based (same as RULA) %time A
[74] Threshold-based (trunk flexion > 30◦) Time T Diary
[90] Threshold-based (trunk flexion levels expressed as a percentage with a 10% increment) Time T Diary
[108] N/A T Direct observation
[86] Threshold-based (activity count <150 counts/min, 150-2019 counts/min, 2020-5999

counts/min, >5999 counts/min)
%time T Self-reported

questionnaire
[68] Threshold-based (activity count <100 counts/min) %time T Self-reported

questionnaire
[67] Magnitude (percentage time spend on each posture) %time T Self-reported

questionnaire
[54] Threshold-based (neck flexion > 10◦, trunk flexion > 20◦, shoulder elevation > 45◦),

magnitude (mean and ROM of neck, torso flexion and shoulder elevation)
%time A
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of work and non-work activities (5 out of 24 studies, 20.8%). In 3 studies, the exposure

characteristics were stratified by tasks by first identifying the duration and type of specific

work tasks using more objective techniques such a deterministic posture thresholds for

classifying lifting strategy (i.e., stoop, squat, or combined) [47] and predictive modeling

such as Linear Discriminant Analysis (LDA) [77, 78].

2.3.4 Assessment

Measured exposure characteristics were assessed using either "relative" vs. "absolute"

assessment criterion. Relative assessments involved comparing measured biomechani-

cal exposure characteristics (i.e., intensity, duration, and repetition of tasks or motions)

within each study to determine increased vs. decreased WMSD risk between type of

task performed [42, 51, 52, 54, 75, 92, 97, 99, 108], job category [76, 85], equipment

used [71, 101, 107, 108], environmental conditions (e.g., load location, workstation set-up)

[70, 98, 100, 104], level of social support [74], and effects of ergonomics training [104].

Alternatively, inertial sensor-based biomechanical exposures were compared with previ-

ously established or validated "absolute" thresholds to create an ordinal scale of WMSD

risk. For example, Arias et al. [83] and Arias et al. [84] used thresholds derived from prior

epidemiological studies on low-back disorders [3, 4, 109] to categorize low-back disorder

risk from torso flexion exposures into three ordinal levels: 1) low risk: trunk flexion <

15◦ during 86% of the work shift, 2) high risk: trunk flexion > 20◦ during 33% of the

shift, and 3) medium risk: all other exposure values. Bergsten et al. [93] used thresholds

for exposures describing ’time in extreme’ and ’time in neutral’ developed using findings

reported by Wahlström et al. [110]. In a study of mill workers, Heiden et al. [80] catego-

rized trunk and arm postural exposures obtained from inclinometry using limits for neutral

vs. non-neutral working postures specified in the European Standard ’Evaluation of work-

ing postures and movements in relation to machinery’ [111]. Others have assessed inertial

sensor-derived postural exposures using ordinal risk scores analogous to observation-based
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coding methods such as RULA and OWAS (e.g., [49, 53, 79, 106, 107]).

2.3.5 Intervention

Only four studies of the reviewed studies used real-time direct feedback as a method of

intervention [47, 49, 69, 79]. Visual display was the most common feedback modality

used, typically depicting graphical representations of highlighted or color-coded high risk

motions and postures identify from the exposure analysis [47, 49, 69, 79]. In a study of

manufacturing workers, Vignais et al. [53] used a head-mounted display to highlight joints

and segments exceeding a threshold level from an inertial-based RULA assessment. Au-

ditory feedback such as a warning beep when the postural angle exceeds a threshold level

[47, 53] and vibrotactile feedback [47] were also used in combination with visual displays.

When real-time feedback was provided directly to the worker instrumented with inertial

sensors to instantly modify their work postures, auditory and vibrotactile feedback were

found to be more effective (e.g., prompt, less obtrusive) since workers could attend to it

in parallel with visually-dominant work task, compared to the visual display that interferes

with work [47].

2.4 Discussion

Body-worn inertial sensor technology provides a number of opportunities to advance the

safety and health of workers engaged in physical work. This research reviewed 67 ref-

erences in the ergonomics literature on inertial sensing-based biomechanical exposure as-

sessment to examine the current state of the science and potential gaps in different areas

of sensor use based on a proposed MSAAI framework. The subsequent sections discuss

key themes and gaps identified with an eye towards informing future research on wearable

inertial sensing-based tools for biomechanical exposure assessment.
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2.4.1 Modeling, Sensing and Sensor Placement

Choosing where to place sensors on the body is a critical decision when considering the use

of body-worn inertial sensors for novel ergonomics applications. Sensor locations in most

studies were primarily informed by either implicit or explicit biomechanical modeling cri-

teria related to that study’s focal research question, i.e., the relevant segments or joints that

were being modelled. Some studies relied on up to 17 body-worn inertial sensors, which

can be obtrusive and time-consuming, and affect wearability. Clearly, minimizing the num-

ber of sensors would be advantageous. Trade-offs between the number of sensors and user

comfort are rarely documented in the ergonomics literature. A study by Mokhlespour and

Nussbaum [112] reported that respondents rated the ankle, wrist, waist, thigh, and foot as

the most preferred location for inertial sensor placement compared to the neck, torso, el-

bow, fingers. Beeler et al. reported that sensors attached on the upper arm, hip, and back

were rated relatively higher in comfort and acceptability compared to the chest location

which was rated the lowest [113]. Interestingly, the number and anatomical locations of

the sensors differed across studies even when investigating the same type of joint or move-

ment. This review also identified a need for consistency in the reporting of joint angular

motions in the anatomical or segment reference frame such as flexion/extension, abduc-

tion/adduction, or internal/external rotation to aid the interpretation of results compared to

using the sensor frame of reference (e.g., roll, pitch, and yaw).

2.4.1.1 Sensor Performance

Studies validating inertial sensor performance (e.g., accuracy, reliability, and repeatabil-

ity) largely focused on determining whether the inertial sensor-derived kinematic or ki-

netic information were accurate and precise compared to traditional lab-based methods.

While metrics of sensor performance were not directly comparable across different studies

due to the differences in study design and factors affecting estimated errors, the overall

trend showed consensus that inertial sensors are accurate and reliable for measuring hu-
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man movement in practical applications relevant to ergonomics. However, several issues

pertaining to inertial sensor performance remain unanswered or under-explored despite the

many validation studies. For example, few validation studies have examined the effects

of different biomechanical modeling methods on the performance of inertial sensor based

exposure metrics [43, 50, 57]. The focus of most validation studies to date was on inves-

tigating the inherent instrumentation error rather than the comparison between different

biomechanical modeling methods. However, two studies in particular demonstrated that

differences in biomechanical models contributed more to the accuracy of the kinematic

data compared to the inherent instrumentation error [43, 50]. Also, sensor durability, relia-

bility, and repeatability can become a critical issue when the data collection span long-term

durations, such as across multiple days wherein users themselves or different researchers

need to reattach the sensors on the user each time. Also, if sensors are not directly attached

to the skin using adhesive tape (e.g., by using straps), subtle changes in the sensor locations

over time are unavoidable.

Multiple studies required that one of the sensor axes was aligned with the anatomical

axis of the body, so that linear and angular movement of the sensor can be directly mapped

to segment kinematics. However, it can be difficult to perfectly align a sensor axis to

the anatomical axis of the body segment, especially when the user (e.g., worker) has to

attach the sensor themselves. Data processing algorithms that are robust to account for

small misalignment would be ideal. Alternately, improved dynamic calibration methods

may provide a more practical solution to minimize effects of small deviations in sensor

placement (i.e., using a calibration pose or reference movements) than assuming that sensor

locations remain unchanged over time. Some studies employed such static or dynamic

calibration methods to correct for misalignment between the sensor axis and the anatomical

axis [59, 91]. In a study measuring the upper arm elevation angle, Acuna and Karduna [91]

performed a static calibration by asking participants to align their arm perpendicular to

the floor by laterally bending their trunk while maintaining in a seated upright posture
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and holding a 1-kg weight. Favre et al. [59] developed a dynamic calibration method

involving hip abduction and adduction movement to align two IMUs attached on thigh and

shank segments. Wearable sensors incorporated into clothing fabric (e.g., [114]) and body-

worn equipment such as exoskeletons and personal protective devices (e.g., back support

belts) that have specific location and orientation could altogether alleviate some of these

misalignment concerns.

2.4.2 Analysis: Quantifying Exposures and the Use of Predictive Mod-

eling

Quantifying biomechanical exposures and identifying high-risk work conditions requires

knowing the specific work context [115, 116, 117]. Most studies that examined biome-

chanical exposures by task (21 out of 24, 87.5%) incorporated additional methods (e.g., di-

rect observations, self-reported measures) to identify task type and duration (i.e., start and

end of specific tasks) since such information is not readily apparent from inertial sensor

data alone. However, direct observation and video-based task analysis are time and labor

intensive, and not feasible in some field environment for privacy and logistical reasons.

Self-reported questionnaires, diaries, and work logs can be subjective and susceptible to

systematic bias [66, 68] and often cannot provide the specific time-frame of work activities

unless workers are asked to log their activities over very short time interval (< 1 min).

As an alternative, predictive modeling techniques have shown strong potential for

extracting rich contextual information from inertial-sensor based kinematic data in non-

occupational domains. For example, activity recognition in daily activities [118, 119] and

detecting falls [120, 121, 122] have gained much research attention in health-care, smart

homes and assisted living, and sports/kinesiology applications. In contrast the application

of predictive modeling techniques in biomechanical exposure assessment remains under-

explored. A few of the studies reviewed [67, 75, 76] used commercial software to detect

different work postures. However biomechanical exposure assessment requires informa-
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tion beyond just postures to identifying the specific tasks performed, durations (i.e., start

and end times), repetitions, and intensity (e.g., magnitude of loads carried). In this regard,

studies on classifying work-relevant tasks [78, 79] and task intensity [77, 123, 124, 125]

from inertial sensor data though limited in task conditions were comparable in performance

to traditional methods for exposure assessments (e.g., direct observations) with the bene-

fit of less time and cost. Collectively these studies show potential for combining inertial

sensor data with predictive modeling techniques in developing work activity and intensity

classification algorithms for use in biomechanical exposure assessment.

2.4.3 Assessment of WMSD Risk

Reviewed studies that were focused on exposure assessment followed traditional

observation-based methods by substituting observed categorical posture codes with inertial

sensor-based posture angles into assessment tools (e.g., RULA and OWAS scores, Strain

Index). Since these traditional methods were developed assuming that human observers

visually code posture angles categorically each time, the coding scheme and the resulting

WMSD risk scales are very simple. Research is needed to develop more valid and sensitive

measures of WMSD risk relying of directly measured exposure data.

2.4.4 Intervention: Real-time Feedback

Most commercial wearable inertial sensors have the capability to stream data to a web

server (cloud) or remote computer in real-time (e.g., APDM Inc.). This allows for record-

ing, processing and reviewing sensor data online and in near real-time affording new oppor-

tunities for quick feedback about work postures to workers (e.g., to prompt changes in work

postures) or to supervisors and ergonomists (e.g., about durations and repetitions of worker

postures over time). However, few studies in this review utilized such real-time feedback

functionality. Leveraging this capability will require developing software algorithms that

receive, process, and calculate biomechanical exposure metrics or risk levels in real-time.
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Research studies in the subsequent chapters describe initial steps in this direction.

2.4.5 Study Limitations

The current review was limited to the use of inertial sensing technologies for continu-

ous monitoring of biomechanical exposures. Applications combining inertial sensing with

other wearable technologies for collecting data on human performance and physiology

(e.g., wireless surface electromyography, heart rate, galvanic skin response) and ambient

work conditions (e.g., temperature, air particulates, etc.) are also fast developing although

were not explored in this research review. However, these wearable technologies present

similar concerns as those raised in this study related to modeling, sensing, analysis, as-

sessment, intervention, and usability (i.e., wearability, privacy, user adoption). Wearable

inertial sensing in ergonomics is a rapidly evolving field and as such, this review is only a

small part of a larger conversation about realizing the full potential of wearable sensors in

ergonomics research and practice.

2.5 Conclusion

This chapter reviewed the current state of the science on wearable inertial sensors for

biomechanical exposure assessment within an ergonomics framework, i.e., modeling, sens-

ing, analysis, assessment, and intervention. Findings suggest a growing body of knowledge

pertaining to wearable inertial sensing in ergonomics, however most studies remain rele-

gated to laboratory studies to validate inertial sensor data compared to "gold standard"

motion capture measures, or to fields studies for measuring motions and postures instead

of observational methods. As such, wearable inertial sensors have largely held appeal as

new "research" tool. Translating inertial sensing technologies to biomechanical exposure

assessment in real world settings still lags. The biggest contribution of this emerging tech-

nology to ergonomics is in the ability to increase the quality and quantity of biomechanical
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exposure data towards identifying and mitigating the risk of cumulative trauma disorders.

To this effect, a few key conclusions and directions for future research are provided:

• Modeling & sensing: Since misalignment in sensor placement are unavoidable, pos-

ture analysis techniques using inertial sensing need to be robust to minor misalign-

ment, or involve calibration postures or movements that are simple enough for prac-

titioners to administer.

• Modeling: Quantifying inertial sensor "measurement error" is important but has been

overemphasized in previous research. For example, when quantifying low-back dis-

order risk, the effect of modeling assumptions used in calculating internal low-back

biomechanical loads (e.g., a single-vector back extensor muscle when calculating

low-back compressive forces) exceeds the influence of inertial sensor "error" in mea-

suring torso flexion angle [43, 50]. It is important that research involving new emerg-

ing sensing technologies not lose perspective of the end goal, namely, reducing the

risk of cumulative trauma disorders.

• Assessment: Related to the previous point, algorithmic frameworks are needed that

relate wearable inertial sensing with biomechanical exposure assessment and WMSD

risk. Currently, studies continue to rely on observational-based risk scores such as

RULA and OWAS to summarize WMSD risk from inertial sensor derived postural

stress (e.g., [79]).

• Analysis: Analysis of inertial sensor data was largely limited to characterizing the

intensity, repetitions and duration of postures. The ability to extract information

about work content from motion data is underutilized. Two approaches from this

review appear promising:

– deterministic threshold-based methods to activity classification, particularly

when clear criteria for separating tasks from posture information (e.g., standing,

vs. walking vs. sitting; [47, 83, 84]) can be identified, and
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– statistical prediction techniques to identify tasks or behaviors (e.g., lifting strat-

egy, load carrying mode [77, 78]), particularly when subtle changes in multiple

sensor data features are involved.

• Sensing: Alongside the modeling requirements, wearability issues associated with

the number and location of body-worn sensors needs to be considered . With some

studies requiring up to 17 body-worn inertial sensors it is clear that the trade-offs

between the number/location of sensors and wearability are often ignored [78].

• Intervention: Wearable inertial sensing (including other physiological sensors)

present unprecedented opportunity for feedback about biomechanical exposures.

Early studies indicate that auditory and vibrotactile feedback modalities are more

effective when real-time feedback derived from inertial sensor kinematic data is pro-

vided directly to the worker (e.g., to instantly modify their work postures [53]). Vi-

sual displays may be more effective when the viewer is not the worker, but rather

a work-supervisor, manager, or ergonomist reviewing a workers’ cumulative biome-

chanical load exposures across time (e.g., spinal compression loads at the end of

a work-shift). Research is needed to understand the content and modality of in-

formation provided, and identify appropriate use-cases for such real-time feedback

capability.

The subsequent chapters represent initial steps to address some of these research gaps

towards new wearable inertial sensor-based approaches for biomechanical exposure assess-

ment in non-repetitive work.
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CHAPTER 3

Quantifying Effects of Load Carriage on Gait

Kinematics Using Wearable Inertial Sensors1

The objective of this study was to quantify the effects of mode of load carriage and load

magnitude on gait parameters using 2 body-worn inertial sensors. Nine participants per-

formed walk trials at self-selected speeds while carrying hand loads in two modes (two-

handed side vs. anterior) at four load levels (empty-handed, 4.5 kg, 9.1 kg, and 13.6

kg). Six temporal gait parameters, six postural sway parameters, and three measures of

thoracic-pelvic coordination were calculated from data recorded by six body-worn inertial

sensors for 540 gait cycles. Results demonstrated that gait patterns characterized by iner-

tial sensor-derived temporal and kinematic gait parameters changed systematically by the

mode of load carriage and load magnitude, after adjusting for gait cycle duration and stride

length. Measures of thoracic-pelvic coordination and sway in the coronal and transverse

planes showed trends of significant practical relevance and may provide sufficient infor-

mation to typify alterations in gait across two-handed side vs. anterior load carriage of

different magnitudes.

3.1 Introduction

Load carriage is common in daily activities. People often choose to carry loads in their

hands anteriorly or laterally for convenience over short distances or for intermittent peri-
1Portions of this chapter appear in [126]
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ods. Manual load carriage is also prevalent and inevitable in many occupations such as

military [127], firefighting [128], and construction work [129], and MMH in manufactur-

ing, warehousing, packaging, and distribution. Routine load carriage is associated with an

increased risk of MSDs in the low-back [2, 130]. Low-back injuries such as back strain or

spinal discs trauma were frequently reported in soldiers [131]. Prior studies associate the

increase of hand loads to increased torso and hip moments [132, 133, 134], increased back

and abdominal muscle activity to improve spinal stability [135, 136, 137] and increased

compressive and shear loads on the lumbar spine [129, 138, 139, 140].

Beyond temporal aspects of duration and repetition, the risk from load carriage to the

musculoskeletal system also depends on the load magnitude and the mode or manner by

which the load is carried [140, 141]. The latter alters the position of the load relative the

spine to affect spinal loads. Prior studies have used analytical models to estimate spinal

loads as a means of quantifying the risk of spinal disorders from load carriage. McGill et

al. [138] estimated that compressive loads on the spine are significantly more when car-

rying weights in one hand compared to using both hands. Rose et al. [140] investigated

compressive and shear loading in the lumbar spine in various modes of load carriage includ-

ing one-handed side carry, shoulder carry, two-handed anterior carry, and posterior carry.

Their study concluded that for the same load level, two-handed anterior carry resulted in the

largest increase in anterior-posterior shear loading and thereby posed the greatest relative

risk to low back injury [140]. Rohlmann et al. [142] estimated that lumbar compression

force with respect to standing was nearly twice as high for carrying a weight in front of the

body compared to carrying it laterally.

Human gait encapsulates movement with the arms, head, legs, and torso, and while

each may be seem variable and arbitrary but are, in fact, repeatable and predictable. This

is particularly true of kinematic adjustments for maintaining postural stability in response

to external hand loads while walking. Effects of posterior loads from carrying a back-

pack or rucksack on gait patterns [143, 144, 145, 146] has received the most attention
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in ergonomics due to its relevance to military soldiers [147, 148], firefighters [128] and

school children [149, 150]. Increasing backpack load was associated with a decrease in

swing duration [151], single support duration [146], and stride length [143], and an in-

crease in double support duration [146] and stride frequency [143]. Increasing posterior

loads also produced changes in postural kinematics such as increased mean torso inclina-

tion [145, 146, 148], decreased torso angular acceleration [132], and decreased transverse

torso and pelvis rotation [143].

Biomechanical loading from load carriage also affects the way people move their torso

and pelvis when walking. The relative phase angle, described by the phase difference

or relative phase between two oscillating segments, provides a measure of coordination

between multiple body segments or joints during complex and repetitive multi-joint move-

ments [152]. In conventional gait analyses, relative phase angles are used as a measure

of rotational thoracic-pelvic coordination [134, 143, 153, 154, 155]. Graham et al. [156]

used variability in thoracic-pelvic relative phase angles as a measure of postural stability in

comparing posterior vs. anterior load carriage. However, all of the prior studies using inter-

segment relative phase angles relied on optical motion tracking with participants walking

at precise speeds on a treadmill, and thus do not directly extend to applied work settings.

Wearable inertial sensors or IMUs have gained considerable attention in biomechanics

research as an inexpensive and less obtrusive form of bioinstrumentation [157]. The porta-

bility and low power consumption of inertial sensors make them very suitable for monitor-

ing outdoor ambulation over long durations [158, 159]. Multiple studies have demonstrated

the validity and reliability of commercial, body-worn inertial sensors and related data pro-

cessing algorithms combining data from rate gyroscopes (i.e., angular velocity) and linear

accelerometers to analyse able-bodied and pathological gait [160, 161, 162, 163, 164]. In

comparison, the application of body-worn inertial sensors to analyze ambulatory occupa-

tional tasks such as manual material handling and load carriage is still emerging.

The aim of this study was to quantify the effects of hand loads during two-handed side
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and anterior load carriage on temporal and postural gait parameters obtained from body-

worn inertial sensors. The study hypothesized that the magnitude and mode of load carriage

would jointly influence temporal gait parameters, torso and pelvic sway, and thoracic-pelvic

coordination during load carriage relative to unloaded gait at a self-selected walking speed.

The study implemented a previously-validated algorithm by Aminian et al. [160] to identify

gait events and extract temporal gait parameters using data from a gyroscope mounted on

the lower-leg (i.e., shank).

3.2 Methods

3.2.1 Study Participants

The study sample comprised nine healthy male individuals aged between 18 to 35 years old

recruited from the university population. The study was approved by the university’s insti-

tutional review board. Prior to participation, participants provided written informed consent

and were screened for pre-existing back injuries or chronic pain with a body discomfort

questionnaire adapted from the body mapping exercise developed by NIOSH [165]. Age,

gender, and health restrictions were applied in order to minimize potential inter-subject

variability in gait patterns from these sources in the interest of obtaining a homogeneous

sample.

3.2.2 Experiment Procedures

A laboratory experiment was conducted that required participants to carry a weighted box

down a levelled corridor (26.2 m length x 1.6 m width) for a distance of 24 m in two car-

rying modes, namely, a two-handed side carry and two-handed anterior carry (Figure 3.1).

Four levels of box weights were evaluated in each mode: no-load (i.e., unloaded reference

condition), 4.5 kg, 9.1 kg, and 13.6 kg. The two-handed anterior carry was performed using
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Figure 3.1: Images showing the two carrying modes evaluated in this study: (a) two-handed
side carry, (b) two-handed anterior carry, along with the location of (c) six inertial sensors
attached on the body at T6, S1, thigh (Right, Left), and shank (Right, Left).

one box with two handles on the sides (177.8 mm width x 228.6 mm depth x 203.3 mm

height). The two-handed side load carriage was performed using a box in each hand with a

handle on the top (152.4 mm width x 177.8 mm depth x 127 mm height). To maintain sym-

metry in hand-loads the combined weight in the anterior carry was equally divided between

the right and left hand in the two-handed side carry.

Two walk trials in the no-load condition were performed at the beginning of the ex-

periment. Subsequently, each participant performed two consecutive walk trials with hand

loads in each combination of carrying mode and load level, presented in random order.

Participants were instructed to self-select a walking speed for each condition that could be

comfortably maintained over both walk trials. In the two-handed anterior condition partici-

pants were instructed to hold the box close to their torso with their elbow flexed 90 degrees.

In order to minimize carryover effects of fatigue, participants were provided two-minute

rest breaks between each condition and were allowed additional rest breaks at anytime if

they requested.
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3.2.3 Instrumentation

During the walk trials, kinematic data were continuously recorded using six commercial

inertial sensors (Opal, APDM Inc., Portland, OR, USA). Two inertial sensors were attached

over the sixth thoracic vertebra (T6) and the first sacral vertebra (S1) using elastic Velcro

straps, respectively (Figure 3.1). Two sensors were positioned along the superior aspect

of the right and left thigh midway between the hip and lateral femoral epicondyles, and

two sensors on the superior aspect of the right and left shank midway between the lateral

femoral and malleolar epicondyles, and attached using double-sided hypoallergenic tape

and medical tape wrap. Sensors were attached with one of the sensor axes (i.e., x-axis)

aligned with the proximal-distal axis of the body segment and pointing inferiorly.

3.2.4 Data Processing and Dependent Measures

The six inertial sensors synchronously recorded triaxial accelerometer, gyroscope, and

magnetometer data at a sampling frequency of 80 Hz. The data was filtered using a second-

order low-pass zero-lag Butterworth filter with a cut-off frequency of 2-Hz. Gyroscope data

was integrated to obtain angular displacement, and subsequently filtered using a second-

order high-pass filter with a cut-off frequency of 0.75 Hz to reduce the effect of drift [166].

Next, a custom software algorithm implemented in MATLAB (MATLAB R2016b, The

MathWorks Inc., Natick, MA, USA) was used for computing two covariates, namely, gait

cycle duration and stride length, and fifteen gait parameters as dependent measures from

the inertial sensor data for each recorded gait cycle. Table 3.1 provides definitions and

sensor locations used for computing each parameter. These gait parameters, identified by

a comprehensive review of the gait literature, comprise six temporal measures of the gait

phases, six measures of torso and pelvis postural sway, and three measures of thoracic-

pelvic coordination in the form of relative phase angles in the coronal, transverse, and

sagittal planes. Procedures for computing these measures from inertial sensor data for each

gait cycle are briefly described below.
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Table 3.1: List and definitions of gait parameters calculated from inertial sensor data. In each row, location of sensors used for calculating
the parameters are indicated by ’•’ with relevant source reference. Connected dots indicate pairs of sensors used together.

Parameter Definition Inertial Sensor Location SourceT6 S1 R. thigh R. shank L. thigh L. shank

Spatio-temporal parameters

1 Gait cycle duration (sec) The duration of one gait cycle (one right plus left step dura-
tion)

• • [160]

2 Stride length (cm) The length moved from right heel-strike to the next right heel-
strike during one gait cycle

• • [160]

3,4 Stance, Right and Left Leg (%) The percentage of the gait cycle in which the right or left foot
is on the ground.

• • [160]

5,6 Swing, Right and Left Leg (%) The percentage of the gait cycle in which the right or left foot
is not on the ground.

• • [160]

7 Initial double support (%) The percentage of the gait cycle in which both feet are on the
ground after a right foot heel strike.

• • [160]

8 Terminal double support (%) The percentage of the gait cycle in which both feet are on the
ground after a left foot heel strike.

• • [160]

Torso and pelvis postural sway

9,10 Coronal ROM at T6 & S1 (deg.) Range of rotation angle in coronal plane: Max (integrated
angular velocity, z-axis) - min (integrated angular velocity,
z-axis)

• • [143]

11,12 Transverse ROM at T6 & S1 (deg.) Same calculation as above in transverse plane: x-axis • •
13,14 Sagittal ROM at T6 & S1 (deg.) Same calculation as above in sagittal plane: y-axis • •

Thoracic-pelvic coordination

15 Coronal mean relative phase angle
between T6 and S1 (deg.)

Average (pelvic phase angle - thoracic phase angle). Phase
angle (t) = arctan (normalized angular velocity, z-axis
(t)/normalized integrated angular velocity, z-axis (t))

•———• [143, 152, 169]

16 Transverse mean relative phase an-
gle between T6 and S1 (deg.)

Same calculation as above in transverse plane: x-axis •———•

17 Sagittal mean relative phase angle
between T6 and S1 (deg.)

Same calculation as above in sagittal plane: y-axis •———•
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3.2.4.1 Spatio-temporal parameters

First, heel-strike (i.e., when the foot first touches the floor) and toe-off events for both

feet were detected using the filtered angular velocity data obtained from gyroscopes on the

right and left shank using an algorithm adapted from Aminian et al. [160] and validated in

multiple prior studies e.g., [167, 168]. Two consecutive right heel-strikes were denoted as

one gait cycle. Using these event markers, durations for six key phases of the gait cycle

namely, right and left stance phase, right and left swing phase, initial double support, and

terminal double support were computed and expressed as a percentage (%) of a gait cycle

duration. This algorithm is summarized in Appendix C, and was repeated for all gait cycles.

Stride length (cm) was estimated using the double segment gait model by Aminian et

al. [160] summarized in Appendix D. The double segment gait model estimates stride

length by modelling the thigh and shank as a double pendulum during the swing phase, and

likewise as an inverted double pendulum during the stance phase with the assumption of

symmetry between both legs [160].

3.2.4.2 Torso and Pelvis Postural Sway

For each gait cycle, six measures of torso and pelvic postural sway were calculated as

the peak-to-peak range of motion (ROM) angles in the coronal, transverse, and sagittal

planes at the thoracic (inertial sensor at T6) and pelvic (inertial sensor at S1) segment

location, respectively. The angular displacements were calculated by integrating the filtered

gyroscope data again within each gait cycle ( 1 s) to minimize the effect of drift.

3.2.4.3 Thoracic-Pelvic Coordination

Thoracic-pelvic coordination was measured using the mean relative phase angle [152] com-

puted at each data-frame and averaged over a gait cycle (refer Appendix E). A higher mean

relative phase angle implies an out-of-phase or uncoordinated movement between the tho-

rax and pelvis segments compared to more in-phase (i.e., synchronized and coordinated
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movements) for lower mean relative phase angles.

3.2.5 Statistical Analyses

The nine participants averaged 13.5± 1.8 gait cycles in each of the two repetitions of walk

trials per condition. Ten gait cycles per condition were extracted for analysis by selecting

5 gait cycles from the middle portion, typically 5th to 9th gait cycle, from each of the

two walk trial repetitions per condition in order to minimize the effects of acceleration

and deceleration near the start and end of the walk trials. Fifteen gait parameters were

computed for a total of 540 gait cycles (i.e., 9 participants x 8 conditions x 10 gait cycles

per condition).

Statistical analyses were conducted in two stages. First, descriptive statistics and Pear-

son correlation coefficients for the 15 gait parameters over 10 gait cycles per condition

were calculated. Second, mixed effects models [170] implemented in SPSS v. 23 (IBM

Inc., New York, USA) were used to quantify the effects of within-subject variables, viz.,

carrying mode (two-handed side carry vs. two-handed anterior carry) and load level (no-

load, 4.5 kg, 9.1 kg, and 13.6 kg) and their two-way interaction effect on each of the 15 gait

parameters. In each mixed effects model, centered gait cycle duration and centered stride

length were included as covariates (i.e., set as fixed effect and random effect parameters in

the mixed effects model) to adjust for changes in walking speed and stride length between

participants and test conditions. Gait cycle count (1-10) was included as a repeated mea-

sure. Significant main and interaction effects (p < 0.05) were examined using Bonferroni

post hoc tests which adjusts for Type-I error rates to analyze paired comparisons between

carrying mode at each level of load level and vice versa. Estimated marginal means and

standard errors for the 15 gait parameters obtained from the mixed effects models were

tabulated, stratified by carrying mode and load level, at the average values of centered gait

cycle duration and centered stride length.

53



3.3 Results

The nine participants had an average (± standard deviation, SD) age of 22.0 ± 3.0 years,

stature 1.75 ± 0.05 mm, and weight 77.11 ± 9.98 kg. Average gait cycle duration and

stride length across all gait cycles were 1.05 ± 0.05 s (range: 0.93 - 1.16 s) and 110 ± 12

cm (range: 81 - 156 cm), respectively. Five pairs of temporal gait parameters were highly

correlated with a Pearson’s correlation coefficient of |R| > 0.8, namely, initial double sup-

port and swing left (R = -0.87), terminal double support - stance right (R = 0.87), terminal

double support - swing right (R = -0.86), stance right - swing right (R = -0.98), stance left

- swing left (R = -0.97). Correlation coefficients between pairs of spatial parameters and

sway parameters were below 0.49.

Results from the mixed effects analyses of carrying mode and load level on temporal

gait parameters and postural sway parameters are summarized in Table 3.2 and Table 3.3,

respectively. Table 3.4 provides the estimated marginal means for the 15 gait parameters

with statistically significant (p < 0.05) effects of carrying mode and load level relative to the

no-load condition, at average values of the covariates, namely, centred gait cycle duration

and centred stride length. Significant trends are discussed in the subsequent section.

3.3.1 Temporal Gait Parameters

Statistically significant main effects of carrying mode were found for all six temporal pa-

rameters (Table 3.2). Right stance, left stance, initial double support, and terminal double

support durations were significantly longer in the side carry compared to the anterior carry

condition. Conversely, right and left leg swing durations were significantly shorter in the

side carry compared to the anterior carry. No significant main effect of load levels on

temporal parameters was observed.

A significant interaction effect was observed for five temporal parameters. In the side

carry condition, durations for right and left leg stance and terminal double support increased

54



Table 3.2: Summary results from the mixed effects analyses for the main and interaction effects of carrying mode and load level on
temporal gait measures. Significant pair-wise Bonferroni comparisons (p < 0.05) are provided for main and interaction effects that were
significant at p < 0.05 indicated by *. NL = No-load (empty-handed), L = Low load at 4.5 kg, M = Medium load at 9.1 kg, H = High
load at 13.6 kg.

Carrying Mode Load Level Carrying Mode x Load Level
Covariates

Gait Cycle Duration Stride Length
Centered (s) Centered (cm)

Stance, Right Leg (%) F(1, 336) = 13.72, p < 0.001 *
Side > Anterior

F(3, 141) = 2.40, p = 0.070 F(3, 113) = 8.02, p < 0.001 *
Side: (H, M) > (L, NL)
H, M: Side > Anterior

F(1, 44) = 13.96, p = 0.001 * F(1, 5) = 0.05, p = 0.835

Stance, Left Leg (%) F(1, 394) = 46.82, p < 0.001 *
Side > Anterior

F(3, 226) = 0.53, p = 0.661 F(3, 185) = 15.71, p < 0.001 *
Side: M > NL
Anterior: NL > (M, H)
H, M, L: Side > Anterior

F(1, 26) = 0.34, p = 0.565 F(1, 20) = 0.01, p = 0.999

Swing, Right Leg (%) F(1, 332) = 13.75, p < 0.001 *
Anterior > Side

F(3, 143) = 2.0, p = 0.117 F(3, 113) = 7.89, p < 0.001 *
Side: (NL, L) > H
H, M: Anterior > Side

F(1, 39) = 12.89, p = 0.001 * F(1, 6) = 0.04, p = 0.850

Swing, Left Leg (%) F(1, 356) = 9.92, p = 0.002 *
Anterior > Side

F(3, 186) = 2.22, p = 0.087 F(3, 148) = 3.76, p = 0.012 *
Side: NL > (M, H)
H, M: Anterior > Side

F(1, 27) = 24.46, p < 0.001 * F(1, 14) = 0.01, p = 0.998

Initial double support (%) F(1, 316) = 9.0, p = 0.003 *
Side > Anterior

F(3, 179) = 1.62, p = 0.187 F(3, 151) = 2.15, p = 0.096 F(1, 30) = 14.79, p = 0.001 * F(1, 18) = 0.01, p = 0.994

Terminal double support (%) F(1, 325) = 20.78, p < 0.001 *
Side > Anterior

F(3, 195) = 1.28, p = 0.283 F(3, 144) = 9.68, p < 0.001 *
Side: H > (L, NL)
H, M: Side > Anterior

F(1, 329) = 20.07, p < 0.001 * F(1, 11) = 0.17, p = 0.685
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Table 3.3: Summary results from the mixed effects analyses for the main and interaction effects of carrying mode and load level on torso
and pelvis postural sway and thoracic-pelvic coordination measures in the coronal, transverse, and sagittal planes. Significant pair-wise
Bonferroni comparisons (p < 0.05) are provided for main and interaction effects that were significant at p < 0.05 indicated by *. NL =
No-load (empty-handed), L = Low load at 4.5 kg, M = Medium load at 9.1 kg, H = High load at 13.6 kg.

Carrying Mode Load Level Carrying Mode x Load Level
Covariates

Gait Cycle Duration Stride Length
Centered (s) Centered (cm)

Coronal plane
ROM at T6 (deg.) F(1, 483) = 45.77, p < 0.001 *

Anterior > Side
F(3, 220) = 45.74, p < 0.001 *

NL > L > (M, H)
F(3, 192) = 13.15, p < 0.001 *

Side: NL > L > (M, H)
Anterior: (NL, L) > (H, M)
H, M, L: Anterior > Side

F(1, 24) = 2.30, p = 0.142 F(1, 6) = 0.01, p = 0.996

ROM at S1 (deg.) F(1, 468) = 8.70, p = 0.003 *
Side > Anterior

F(3, 258) = 77.07, p < 0.001 *
(H, M) > L > NL

F(3, 281) = 19.92, p < 0.001 *
Side: H > M > L > NL
Anterior: (H, M, L) > NL
H: Side > Anterior

F(1, 54) = 0.12, p = 0.731 F(1, 9) = 0.01, p = 0.971

Mean relative phase angle (deg.) F(1, 379) = 466.74, p < 0.001*
Side > Anterior

F(3, 121) = 5.95, p = 0.001 *
NL > L

F(3, 119) = 78.93, p < 0.001 *
Side: H > M > (L, NL)
Anterior: NL > (L, M) > H
H, M, L: Side > Anterior

F(1, 343) = 8.14, p = 0.005 * F(1, 10) = 0.01, p = 0.957

Transverse plane
ROM at T6 (deg.) F(1, 475) = 1.32, p = 0.251 F(3, 237) = 1.53, p = 0.208 F(3, 224) = 4.12, p = 0.007 *

Side: L > NL
L: Side > Anterior

F(1, 422) = 0.05, p = 0.817 F(1, 6) = 0.01, p = 0.972

ROM at S1 (deg.) F(1, 445) = 271.78, p <0.001*
Side > Anterior

F(3, 250) = 6.87, p < 0.001 *
(H, M, L) > NL

F(3, 254) = 59.34, p < 0.001 *
Side: (H, M, L) > NL
Anterior: NL > (L, M, H)
H, M, L: Side > Anterior

F(1, 254) = 2.60, p = 0.108 F(1, 9) = 0.01, p = 0.992

Mean relative phase angle (deg.) F(1, 469) = 94.9, p < 0.001 *
Anterior > Side

F(3, 240) = 46.45, p < 0.001 *
NL > L > (M, H)

F(3, 210) = 13.55, p < 0.001 *
Side: NL > (L, M, H)
Anterior: NL > (L, M) > H
H, M, L: Anterior > Side

F(1, 331) = 0.15, p = 0.702 F(1, 10) = 0.01, p = 0.997

Sagittal plane
ROM at T6 (deg.) F(1, 527) = 78.83, p <0.001 *

Side > Anterior
F(3, 265) = 4.50, p = 0.004 *

(H, L) > NL
F(3, 257) = 8.95, p < 0.001 *

Side: (H, M, L) > NL
H, M, L: Side > Anterior

F(1, 345) = 5.21, p = 0.023 * F(1, 8) = 0.01, p = 0.995

ROM at S1 (deg.) F(1, 453) = 22.09, p < 0.001 *
Anterior > Side

F(3, 271) = 25.25, p < 0.001 *
(H, M) > L > NL

F(3, 285) = 9.51, p < 0.001 *
Side: M > (H, L, NL)
Anterior: H > (M, L) > NL
H, L: Anterior > Side

F(1, 26) = 0.20, p = 0.658 F(1, 11) = 0.01, p = 0.997

Mean relative phase angle (deg.) F(1, 488) = 27.31, p < 0.001 *
Side > Anterior

F(3, 262) = 3.28, p = 0.021 *
NL > H

F(3, 247) = 5.63, p = 0.001 *
Anterior: (NL, L) > (M, H)
H, M: Side > Anterior

F(1, 316) = 0.57, p = 0.451 F(1, 9) = 0.01, p = 0.998
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Table 3.4: Estimated marginal mean ± standard error for the No-load condition, and the average mean differences relative to no-load
condition by carrying mode and load level, at average values of centered gait cycle duration and centered stride length.

Side carry Anterior carry
No-Load Low (4.5 kg) Medium (9.1 kg) High (13.6 kg) Low (4.5 kg) Medium (9.1 kg) High (13.6 kg)

Temporal parameters
Stance, Right Leg (%) 58.1 ± 0.8 - + 0.3 + 0.5 - - -
Stance, Left Leg (%) 57.8 ± 6.7 - + 1.0 - - - 0.9 - 0.9
Swing, Right Leg (%) 41.9 ± 0.9 - - - 0.4 - - -
Swing, Left Leg (%) 42.3 ± 3.9 - - 0.7 - 0.9 - - -
Initial double support (%) 7.9 ± 4.2 - - - - - -
Terminal double support (%) 8.3 ± 0.4 - - + 0.7 - - -
Postural Sway, Coronal plane
ROM at T6 (deg.) 5.2 ± 1.5 - 1.2 - 1.9 - 1.6 - - 0.8 - 0.6
ROM at S1 (deg.) 8.0 ± 0.8 + 0.9 + 1.3 + 1.7 + 0.7 + 0.8 + 0.5
Mean relative phase angle (deg.) 110.7 ± 3.7 - + 11.1 + 17.4 - 15.7 - 18.9 - 26.4
Postural Sway, Transverse plane
ROM at T6 (deg.) 5.3 ± 0.3 + 0.6 - - - - -
ROM at S1 (deg.) 8.0 ± 0.9 + 2.3 + 2.4 + 2.2 - 0.8 - 0.4 - 1.0
Mean relative phase angle (deg.) 100.7 ± 6.3 - 25.8 - 33.0 - 31.8 - 6.7 - 11.7 - 19.6
Postural Sway, Sagittal plane
ROM at T6 (deg.) 2.9 ± 0.1 + 0.6 + 0.5 + 0.5 - - -
ROM at/S1 (deg.) 4.1 ± 1.2 - + 0.7 - + 0.5 + 0.6 + 0.9
Mean relative phase angle (deg.) 79.3 ± 5.7 - - - - - 11.1 - 13.4
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significantly with increasing load levels, while right and left leg swing duration decreased

with increasing load. In the anterior load carrying condition, only left leg stance duration

decreased significantly with increasing load.

3.3.2 Torso and Pelvis Postural Sway and Coordination

3.3.2.1 Coronal Plane

Figure 3.2 depicts the mean (± standard error) thoracic and pelvic sway angles, and

thoracic-pelvic relative phase angle in the coronal plane obtained from the average gait

cycle data from all participants (N = 9). Thoracic rotation in the coronal plane was signif-

icantly more in the anterior carry compared to the side carry condition (Table 3.3). This

difference was also statistically significant within the high, medium, and low load condi-

tions. In the side carry, thoracic coronal plane rotation was significantly more in the no-load

vs. low load level, which in turn was more than the medium and high load conditions. In

the anterior carry condition, thoracic coronal plane rotation was significantly more in the

no-load and low load level compared to the medium and high load conditions.

In the coronal plane, the range of pelvic rotation differed from thoracic rotation (middle

panel in Figure 3.2). Pelvic coronal plane rotation was significantly more in the side carry

compared to the anterior carry condition. This difference was also significant within the

high load condition. In the side carry, pelvic coronal rotation was significantly more in

the high load vs. medium load level, which in turn was more than the low and no-load

conditions. In the anterior carry condition, pelvic coronal plane rotation was significantly

more in each of the loaded conditions (i.e., high, medium and low load) compared to the

no-load condition.

Mean coronal relative phase angle decreased significantly in the anterior carry vs. side

carry condition, suggesting more in-phase thoracic-pelvic movement in the anterior carry

condition (bottom panel in Figure 3.2). This difference between carrying modes was sig-
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Figure 3.2: Mean (± standard error) thoracic sway angle (top panel), pelvic sway angle
(middle panel) and thoracic-pelvic coordination angle (bottom panel) in the coronal plane
obtained from the average gait cycle data from N = 9 participants. The figure compares
two-handed side carry (left panel) and two-handed anterior carry (right panel) in two of the
four load levels, namely, no-load (grey) and High load level at 13.6 kg (colored blue and
red for side and anterior carry, respectively). Dotted lines and adjacent numerical values
(deg.) in the bottom panel represent the mean relative phase angle averaged over the gait
cycle duration, with lower values implying more in-phase or synchronized movements.
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nificant within the low, medium and high load conditions separately. In the side carry

condition the mean sagittal relative phase angle was significantly more in high load con-

dition vs. the medium load condition, which in turn was significantly more than in the

low load and no-load conditions. In the anterior carry condition, the mean sagittal relative

phase angle was significantly greater in the no-load condition compared to the low load and

medium load conditions, which in turn were more than in the high load condition.

3.3.2.2 Transverse Plane

Figure 3.3 depicts the mean (± standard error) thoracic and pelvic sway angles, and

thoracic-pelvic relative phase angle in the transverse plane obtained from the average gait

cycle data from all participants (N = 9). Analysis for the range of thoracic transverse rota-

tion revealed a significant interaction between carrying mode and load level (Table 3.3). At

the low load level, thoracic transverse rotation was significantly more in the side carry com-

pared to the anterior carry condition and the no-load condition. None of the other paired

comparisons were significant.

Transverse rotation at the pelvis was significantly more in the side carry compared

to the anterior carry within the low, medium and high load conditions separately. In the

side carry condition, transverse pelvic rotations increased significantly in the loaded vs.

unloaded condition. Conversely, in the anterior carry, transverse pelvic rotations decreased

significantly in the loaded vs. unloaded condition. In all three loaded conditions, transverse

pelvic rotations increased significantly in the side carry vs. anterior carry condition.

The mean relative phase angle in the transverse plane decreased in all of the loaded vs.

unloaded conditions. This trend was significant in both, the side carry and anterior carry

modes. Within the low, medium and high load conditions, the mean transverse relative

phase angle was significantly less in the side carry vs. anterior carry conditions, implying

more in-phase thoracic-pelvic movements in the side carry condition.
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Figure 3.3: Mean (± standard error) thoracic sway angle (top panel), pelvic sway an-
gle (middle panel) and thoracic-pelvic coordination angle (bottom panel) in the transverse
plane obtained from the average gait cycle data from N = 9 participants. The figure com-
pares two-handed side carry (left panel) and two-handed anterior carry (right panel) in two
of the four load levels, namely, no-load (grey) and High load level at 13.6 kg (colored blue
and red for side and anterior carry, respectively). Dotted lines and adjacent numerical val-
ues (deg.) in the bottom panel represent the mean relative phase angle averaged over the
gait cycle duration, with lower values implying more in-phase or synchronized movements.
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3.3.2.3 Sagittal Plane

Figure 3.4 depicts the mean (± standard error) thoracic and pelvic sway angles, and

thoracic-pelvic relative phase angle in the sagittal plane obtained from the average gait

cycle data from all participants (N = 9). Thoracic sagittal rotation was significantly more in

the side carry vs. anterior carry mode. This difference was significant in the low, medium

and high load conditions separately. Trends in the range of pelvic sagittal rotation deferred

from that of the thoracic sagittal rotation. Pelvic sagittal rotation was significantly more in

the anterior vs. side carry conditions for the high and low load level. Pelvic sagittal rotation

was also significantly more in the loaded vs. no-load conditions.

Mean sagittal relative phase angle was significantly less in the anterior carry vs. side

carry mode, suggesting more in-phase thoracic-pelvic movements in the anterior carry con-

dition. In the anterior carry condition, the mean sagittal relative phase angle was signifi-

cantly less in the medium and high load conditions compared to the no-load and low load

conditions.

3.4 Discussion

This study aimed to quantify the effects of hand loads during two-handed side and anterior

load carriage on temporal and postural gait parameters obtained from body-worn inertial

sensors. Results indicate that two-handed side and anterior load carriage relative to un-

loaded walking produce systematic influences on temporal gait patterns, torso and pelvis

sway, and thoracic-pelvic coordination computed from inertial sensors data after adjusting

for gait cycle duration and stride length.

Prior studies have investigated biomechanical adaptations in gait due to the magnitude

and position of hand loads [128, 144, 145, 147, 148, 151]. However, these studies have

primarily involved either walking on treadmills at controlled speeds or on ground without

accounting for walking speed. Moreover, the various studies examined different carrying
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Figure 3.4: Mean (± standard error) thoracic sway angle (top panel), pelvic sway angle
(middle panel) and thoracic-pelvic coordination angle (bottom panel) in the sagittal plane
obtained from the average gait cycle data from N = 9 participants. The figure compares
two-handed side carry (left panel) and two-handed anterior carry (right panel) in two of the
four load levels, namely, no-load (grey) and High load level at 13.6 kg (colored blue and
red for side and anterior carry, respectively). Dotted lines and adjacent numerical values
(deg.) in the bottom panel represent the mean relative phase angle averaged over the gait
cycle duration, with lower values implying more in-phase or synchronized movements.
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modes and magnitudes of load including a fixed amount, or loads normalized to percentage

of body weight. As a result, direct comparisons with the present study are not possible.

However, the trends in direction of change in gait and postural kinematics obtained in the

present study are supported by findings from prior studies and are briefly discussed here.

This study found small changes in temporal parameters from the external loads. Side

carry was associated with an increased single stance and double support duration and de-

creased swing duration compared to anterior load carriage and unloaded conditions. Trends

in temporal parameters with the increasing load magnitude during the side carry were sim-

ilar to earlier studies on posterior load carry [146, 151].

Importantly, the effects of carrying mode and load magnitude on gait were more evi-

dent in the measures of postural sway and thoracic-pelvic coordination. Side load carriage

was characterized by an increase in pelvic sway in the coronal and transverse planes, an

increase in thoracic sway in the sagittal plane, and a decrease in thoracic sway in the coro-

nal plane. Coordination between thoracic-pelvic segments were more out-of-phase in the

coronal plane, and more in-phase in the transverse plane. Anterior load carriage was char-

acterized by an increase in pelvic sway in the coronal and sagittal planes, and a decrease in

pelvic sway in the transverse plane. In addition, there was more in-phase coordination be-

tween thoracic-pelvic segments in the coronal, transverse, and sagittal planes relative to un-

loaded gait patterns. The magnitude of intersegment coordination increased with increasing

load levels. These trends in postural sway and thoracic-pelvic coordination across carrying

modes and load magnitudes can be explained by changes in body dynamics, specifically,

angular momentum [143] and location of the CoM [147] as follows.

3.4.1 Analysis of Two-Handed Side Carry

During the swing phase, the upper torso including the arms counter-rotates relative to the

pelvis in the transverse plane to reduce the net angular momentum [171]. In a side carry

with the external load equally divided between the right and left hand, there is a net increase

64



in the moment of inertia and the angular momentum in the transverse plane from loads

located laterally [172]. Consequently, the angular momentum of the rest of the body needs

to increase in the opposite direction to reduce the net angular momentum. This increase

is accomplished by synchronizing the transverse rotation of the torso and pelvic segments,

and evinced as increased pelvic sway and more in-phase coordination between thoracic-

pelvic segments in the transverse plane relative to unloaded gait.

Hand loads in a side carry lowers the location of the CoM of the upper body in the coro-

nal and the sagittal planes. Consequently, there is an increase in the moment of inertia and

angular momentum of the torso in coronal plane. Angular momentum of the upper body in

the coronal plane with the increasing load levels is controlled by limiting thoracic coronal

sway. Pelvic sway in the coronal plane was found to increase with increasing load levels to

compensate for this reduced rotation of the trunk. Furthermore, the trunk and pelvis tend

to counter-rotate in the coronal plane in order to decrease the net angular momentum be-

tween the torso and pelvis, which was recorded as more out-of-phase coordination between

thoracic-pelvic segments with increasing load levels.

3.4.2 Analysis of Two-Handed Anterior Carry

Rotation of the arms is restricted in a two-handed anterior carry since the torso, arms and

hand load are coupled and move together [129, 153, 173]. In order to reduce the net angular

momentum in the transverse plane while walking, the upper body including the arms and

the trunk counter-rotate relative to the lower body. The need for increased postural stability

due the anterior load is achieved by co-contracting the trunk muscles and limiting rotational

movement in the upper body [137] and by a concomitant decrease in pelvic sway in the

transverse plane with increasing anterior loads. This decreased pelvic transverse rotation

during load carriage is compensated by a simultaneous increase in hip excursion [143] and

reflected in an increase in pelvic sway that was recorded in the coronal plane.

During anterior load carriage, coordination between the thoracic-pelvic segments was
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more in-phase or synchronized in the loaded conditions vs. no-load in all three planes

indicating the close coupling between the torso and pelvis. Thoracic-pelvic coordination

in the transverse plane during anterior carry followed a similar trend to the side carry, but

the magnitude of change was much smaller compared to the side carry, i.e., a 19.6 deg.

decrease in the mean relative phase angle with the high load condition in the anterior carry

relative to the no-load condition vs. 31.8 deg. decrease in the side carry relative to no-load.

Since the load is located medially in the transverse and coronal planes during anterior load

carriage in contrast to the laterally positioned loads in a side carry, the moment of inertia

and angular momentum in the coronal plane at the torso is less in the anterior carry [172].

Thus the need for counter-rotating the upper vs. lower body to reduce the net angular

momentum between the segments is relatively lower compared to the side carry. This

difference in angular momentum and trunk movements between modes produced diverging

trends in thoracic-pelvic coordination in the anterior carry (i.e., more in-phase) compared

to the side carry (i.e., more out-of-phase) with increasing load magnitude.

3.4.3 Methodological Considerations and Limitations

The present study specifically focused on body-worn inertial sensors due to their applicabil-

ity in applied settings. Prior studies on posture and gait during load carriage have typically

used optical motion tracking while participants walked on a treadmill at a precise speed.

The present study had walk trials performed in more naturalistic conditions with partici-

pants walking at a self-selected speed in a sufficiently long and levelled corridor. This was

done in order to observe the natural adaptation in gait patterns associated with carrying

mode and load level without imposing any external constraint on gait speed. Earlier studies

support the notion that walking speeds and stride length do slightly change depending on

the loads carried [143, 148, 174]. The present study used estimates of gait cycle duration

and stride length from inertial sensor data as covariates to account for between and within-

participant differences in walking speeds. Even with this statistical treatment it is possible
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that some of the postural parameters were influenced by changes in gait cycle duration and

stride length besides load intensity and carrying mode.

Only two carrying modes were considered in this study. A shift in the centre of mass

posteriorly such as while wearing a backpack [132, 140, 143, 146, 151] or laterally with

a load in one hand or on one shoulder [135, 137, 138, 151] may result in gait adaptations

different from those produced in this study. However, our findings on postural sway and

intersegment coordination during the anterior carry were similar to findings on the effects

of posterior load carriage reported by LaFiandra et al. [143] wherein a loaded backpack

carry decreased transverse thoracic and pelvic rotation and the mean relative phase angle

between thoracic and pelvic segments, suggesting similar effects on gait kinematics. The

load magnitudes used in the present study were lower than some previous studies (e.g., 40%

of the body weight) [143] and focused on a relatively short duration of walking. With in-

creased load magnitudes, the metabolic cost of load carriage is expected to increase leading

to fatigue onset and causing even further alterations in muscle activation patterns, posture,

and gait kinematics [175, 176].

As an initial investigation the present study was limited to a relatively small, homoge-

neous sample of participants with multiple gait cycles analyzed per condition and partic-

ipant, resulting in 540 gait cycles analyzed. Subsequent studies would need to consider

diversity in age, strength, and gender among other known sources of variability in gait pat-

terns. Despite the limited generalizability in subjects and test conditions, postural sway

and pelvic-thoracic coordination measures in the present study demonstrated significant

and plausible differences in carrying mode and magnitude of load suggesting consistent

kinematic adaptations.

The findings from the present study suggest that information about both carrying mode

and load magnitude may be obtained from a combination of temporal measures of the

gait phases, torso and pelvis postural sway, and thoracic-pelvic coordination. These find-

ings along with the presented data processing algorithms have potential for informing ap-
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proaches to assessing exposures from load carriage in work settings where the intensity,

durations, frequency, and mode of load carriage varies over time, such as in construction

work, warehousing, packaging, and distribution. Field-based studies of biomechanical ex-

posure assessment typically require instrumentation for force measurement such as surface

electromyography for muscle activation levels and force platform for measuring ground

reaction forces at the foot that is conspicuous, cumbersome, and potentially interferes with

workers movements and task performance. Wearable inertial sensors may provide a low-

cost and less obtrusive alternative for classifying load levels in manual material handling.

3.5 Conclusion

This study demonstrates the use of body-worn inertial sensors to measure changes in gait

kinematics with different hand loads in two-handed load carriage. The study found statis-

tically significant differences in temporal and kinematic gait parameters by carrying mode

and load level, after adjusting for gait cycle duration and stride length. These differences

reflect temporal and postural adjustments to maintain postural stability under external load

conditions. Postural sway of the torso and pelvis and rotational movement coordination

between the torso and pelvis measured as relative phase angles in the coronal, transverse

and sagittal planes were particularly insightful to assess the modifying effects of hand-load

magnitude and carrying mode on walking. This study found that relative phase angles mea-

sured in the coronal and transverse planes may provide sufficient information to describe

changes in gait posture and kinematics induced by the magnitude of hand-load and car-

rying mode. Findings from this study serve as a foundation for subsequent studies using

wearable inertial sensors to measure posture adaptations and workers’ exposures to manual

load carriage. The subsequent Chapter 4 investigates this topic in further detail.
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CHAPTER 4

Statistical Classification of Load Carriage Mode

and Magnitude from Inertial Sensor Derived

Gait Kinematics1

Load carriage induces systematic alterations in gait patterns and pelvic-thoracic coordina-

tion. Leveraging this information, the objective of this study was to develop and assess

a statistical prediction algorithm that uses body-worn inertial sensor data for classifying

load carrying modes and load levels. Nine men participated in an experiment carrying a

hand load in four modes: one-handed right and left carry, and two-handed side and anterior

carry, each at 50% and 75% of the participant’s MAWC, and a no-load reference condition.

Twelve gait parameters calculated from inertial sensor data for each gait cycle, includ-

ing gait phase durations, torso and pelvis postural sway, and thoracic-pelvic coordination

were used as predictors in a two-stage hierarchical random forest classification model with

Bayesian inference. The model correctly classified 96.9% of the carrying modes and 93.1%

of the load levels. Coronal thoracic-pelvic coordination and pelvis postural sway were the

most relevant predictors although their relative importance differed between carrying mode

and load level prediction models. This study presents a preliminary algorithmic framework

for combining inertial sensing with statistical prediction with potential use for quantifying

physical exposures from load carriage.

1Portions of this chapter appear in [124, 125]
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4.1 Introduction

Prolonged exposure to manual load carriage is a known risk factor for low back disor-

ders [2, 130]. Epidemiological findings suggest an increased odds of developing a pro-

lapsed lumbar disc from frequently carrying objects more than 11.3 kg (25 lbs.) [177].

Heavy and frequent load carriage may accelerate spinal degeneration due to an increased

loading on the spine and would damage spinal tissues in the vertebral column [7]. While

minimizing the repetition and intensity of manual load carriage is ideal, such tasks are

still common and inevitable in non-routinized work such as in construction [129], firefight-

ing [128], and manufacturing [178]. Accurate measurement of exposures to biomechanical

risk factors is an important step to develop effective musculoskeletal injury prevention and

risk reduction programs [5]. Measuring the duration, repetition, and magnitude of hand

loads longitudinally is an essential step for assessing the biomechanical impacts to the

musculoskeletal system and identifying strategies for intervention.

Measuring longitudinal exposures to load carriage in field settings presents unique chal-

lenges. Traditional exposure assessment techniques that rely on direct observations have

limitations in non-repetitive job conditions where the work tasks vary considerably in du-

ration, frequency, or intensity levels [14]. Direct measurement of task durations and load

magnitudes in applied settings would require instrumentation system that is wireless and

portable and unrestricted by changes in a worker’s location. In addition to load magni-

tude, the biomechanical effects of load carriage are influenced by the mode of load carriage

(e.g., two-handed anterior, one-handed side). A study by Rose et al. [140] demonstrated

that carrying the same load with different carrying modes generates a significant differ-

ence in the anterior-posterior shear loading at L2/L3. Carrying a two-handed anterior load

of 11.3 kg was sufficient to produce an average shear load of 856 N, which exceeded the

recommended exposure limits of 700 N [179] and can potentially damage spinal tissues.

The same load carried in a backpack produced a lower average shear load of 345 N [140].

Thus, methods for direct measurement of such exposures need to identify and quantify
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both dimensions, namely, carrying mode and load magnitude, besides temporal aspects of

duration and frequency.

Wearable inertial sensors (or inertial measurement units, IMUs) have gained attention

in ergonomics research [47] for field-based direct measurement of worker postures. Iner-

tial sensors are light-weight, portable, less obtrusive, and have on-board power and data

storage capacity that allows for data collection over a long work period [29, 157]. Typ-

ical use of wearable inertial sensors in ergonomics studies to date have focused on pos-

ture measurement in occupational tasks (e.g., lifting and pushing/pulling) to estimate the

orientation of a body segment or joint angle between segments [47, 61, 82, 95] relative

to a neutral posture (i.e., typically upright standing) in order to quantify the extent and

proportion of time spent in non-neutral postures. During load carriage, the postural devia-

tion relative to an upright standing posture is subtle compared to other occupational tasks

and less consequential than the duration, magnitude and mode of load carriage. However,

the magnitude and position of hand loads can significantly alter gait kinematics and pos-

ture [128, 144, 145, 147, 148, 151].

Movements of the torso, pelvis, and lower extremities change systematically with

external load levels and carrying modes when walking [143, 146]. Kinematic adjust-

ments for maintaining posture and stability during walking are reflected in temporal and

kinematic gait parameters, and rotational movement coordination between the torso and

pelvis [143, 154]. Using data from body-worn inertial sensors, a recent study by Lim et

al. [126] confirmed systematic differences in thoracic and pelvic sway and movement co-

ordination based on load level between two-handed anterior and side carry. Specifically,

in that study, carrying hand-loads that weighed 4.5 kg, 9.1 kg, and 13.6 kg in two-handed

anterior vs. side carrying modes were associated with significant differences in coronal and

transverse thoracic-pelvic coordination measured using relative phase angles after adjust-

ing for stride length and gait speed. The present study aims to leverage information about

changes in gait kinematic patterns for estimating the duration, relative magnitude and mode
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of load carriage using inertial sensing and predictive modeling.

Predictive modeling or machine-learning (ML) techniques have been used in combina-

tion with wearable sensor data to extract contextual task information beyond just quantify-

ing posture. For example, activity recognition is an area of active research where data from

body-worn inertial sensors are used for classifying daily activities [118, 119], detecting gait

events [160, 180, 181], and predicting safety critical events such as falls [120, 121, 122].

The application of such techniques to occupational ergonomics is still lagging. A few

ergonomics studies have combined predictive modeling with the wearable sensor data in

activity recognition to classify manual material handling tasks [78], assembly tasks [182],

and patient handling activities [183], and to detect states of fatigue from gait kinematics

during walking [184, 185, 186]. Lee [187] applied linear discriminant analysis (LDA) to

gait kinematics data obtained from a 3-D optical motion capture system to distinguish be-

tween unloaded versus loaded gait with participants wearing a vest weighing 12.5 kg. Their

study showed potential for using gait kinematics to classify carrying load condition but was

limited to a single carrying mode and load magnitude. Collectively all of these previous

studies suggest the possibility for leveraging information about postural adaptations during

load carriage obtained by inertial sensors combined with predictive modeling techniques to

create new algorithmic approaches for assessing physical exposures from load carriage in

situ.

The aim of this paper was to develop and assess a statistical prediction algorithm as

proof-of-concept that uses gait kinematics calculated from body-worn inertial sensor data

for classifying hand-load carrying mode and load level. The statistical prediction algorithm

implemented in this study incorporates a priori biomechanical knowledge about the effects

of load carriage on human gait patterns to inform the data segmentation process, comput-

ing and selecting of predictor variables, and the structure of the statistical model. These

steps are discussed in the context of leveraging ML techniques for ergonomics exposure

assessment.
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4.2 Methods

4.2.1 Study Participants

Nine healthy men were recruited from the university community for the study. Participants

had ages ranging from 18 to 25 years with an average ± standard deviation (SD) of 22.0

± 3.0 years, stature of 1.75 ± 0.05 m, weight of 77.11 ± 9.98 kg, and BMI of 24.87 ±

2.84 kg/m2. Participants were screened for pre-existing back injuries or chronic pain with a

body discomfort questionnaire adapted from the body mapping exercise by NIOSH ([165]

for more details). All participants were right-handed and right-footed when tested with the

questionnaire adapted from the Edinburgh handedness inventory [188]. Prior to the study,

participants completed a written informed consent approved by the university’s institutional

review board.

4.2.2 Experiment Procedures

A pre-experimental session was conducted to determine each participants’ MAWC [178],

which was later used to set the normalized load levels in the main experiment. For the mea-

surement of one-handed MAWC, participants were asked to carry a 2.3 kg box with their

right hand and walk 5 m back and forth. The box had dimensions of 152.4 mm width x

177.8 mm depth x 127 mm height, and one handle on the top (Figure 4.1-a). The weight of

the box could be increased in increments of 2.3 kg. A method of limits discussed in [189]

was used for determining the maximum acceptable weight that the participant could carry

without perceiving unusual tiredness, weakness, overheating, or breathlessness. The pro-

cedure was repeated to measure a two-handed MAWC by using a box with dimensions of

177.8 mm width x 228.6 mm depth x 203.3 mm height held anteriorly with both hands

using handles located on the side (Figure 4.1-d).

During the main experiment, participants carried a weighted box down a levelled corri-
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Figure 4.1: Images showing the four carrying modes performed in this study: (a) one-
handed right hand carry (1H-R), (b) one-handed left hand carry (1H-L), (c) two-handed
side carry (2H-Side), (d) two-handed anterior carry (2H-Anterior) along with the location
of four inertial sensors attached on the body at T6, S1, and shank (R, L).

dor (26.2 m length x 1.6 m width) for a distance of 24 m in four carrying modes commonly

used in occupational settings (Figure 4.1), viz., one-handed right hand carry (1H-R), one-

handed left hand carry (1H-L), two-handed side carry (2H-Side), and two-handed anterior

carry (2H-Anterior), in addition to a no-load (i.e., empty-handed reference) condition. Two

levels of box weights were carried in each mode, namely, 50% MAWC and 75% MAWC.

The one-handed MAWC for each participant was used to calculate the normalized load

levels of 50% and 75% for the one-handed conditions (i.e., 1H-R and 1H-L). Likewise,

the two-handed anterior MAWC was used to calculate the 50% and 75% normalized load

levels for the 2H-Anterior and 2H-Side carrying modes. Hand load was equally divided

between the right and left boxes in the 2H-Side carry.

Two no-load walk trials were performed first, and subsequently each participant per-

formed two consecutive trials of eight loaded conditions (= 4 carrying modes x 2 load

levels) in random order. Walking speed was self-selected to observe the natural adapta-

tion in walking patterns due to different load carriage conditions. Two-minute rest breaks
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between each walk trial were given to participants to minimize carry-over effects of fatigue.

4.2.3 Instrumentation

Four commercial inertial sensors (Opal, APDM Inc, Portland, OR, USA) were attached on

the participant at the sixth thoracic vertebra (T6), the first sacral vertebra (S1), and supe-

rior aspect of the right and left shank midway between the lateral femoral and malleolar

epicondyles (Figure 4.1-d). Sensor placement was informed by the need for computing

specific predictor variables. Sensors attached on the right and left shank were used for

detecting key gait events (e.g., heel strike and toe-off) and subsequent temporal gait param-

eters [160]. Sensors placed on the T6 and S1 were used for calculating torso and pelvis

postural sway and thoracic-pelvic coordination measures [124] that were related to the ob-

jectives of this study. Velcro straps were used to secure the sensors located at T6 and S1,

and double-sided hypoallergenic tape and medical wrap were used to attach the sensors to

shank (R, L). One of the sensor axes (i.e., x-axis) was attached aligned with the proximal-

distal axis of the body segment and pointing downward.

The inertial sensors recorded 3-D accelerometer, gyroscope, and magnetometer sensor

data at a sampling frequency of 80 Hz. Accelerometer and gyroscope data were filtered

using a second-order low-pass zero-lag Butterworth filter with a cut-off frequency of 2-

Hz. Gyroscope data (angular velocity in radians/s) was integrated to obtain angular dis-

placement, and subsequently filtered using a second-order high-pass filter with a cut-off

frequency of 0.75 Hz to reduce the effect of drift [166].

4.2.4 Algorithm to Classify Carrying Mode and Load Level

A statistical classification algorithm was developed with six general steps described in

the following section (Figure 4.2). Four carrying modes (i.e., 1H-R, 1H-L, 2H-Side, 2H-

Anterior) and no-load and two load levels, 50% MAWC vs. 75% MAWC, were the target

outcome variables for each walking trial.
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Figure 4.2: Overview of the carrying mode and load level classification algorithm developed in the study. The right panel shows example
classification results for three consecutive gait cycles at a two-handed anterior carry with 50% MAWC load condition.
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4.2.4.1 Step 1: Detect Gait Cycles

Individual gait cycles were detected using a custom gait detection algorithm adapted

from [160] and described in detail by Lim and D’Souza [126]. To summarize this process,

first, gait events signifying heel strike and toe-off were detected from the angular velocity

(rad/s) data obtained from the sensors on the right and left shank (Figure 4.2). Second, gait

cycles were denoted by finding the sequence of the following events: right heel strike→

left toe-off→ left heel strike→ right toe-off→ next right heel strike. The algorithm was

implemented in MATLAB (MATLAB R2016b, The MathWorks Inc., Natick, MA, USA).

4.2.4.2 Step 2: Calculate Predictor Variables

Sixteen gait parameters were calculated over each gait cycle, namely, seven temporal gait

measures, six torso and pelvis postural sway and three thoracic-pelvic coordination mea-

sured in the transverse, sagittal, and coronal planes, respectively (Table 4.1). Thoracic-

pelvic coordination was measured as the relative phase angle of rotational movement be-

tween the torso and pelvis segments [143, 152]. This particular set of variables were con-

sidered based on preliminary work on 2H-Anterior load carriage [124]. Swing, left leg (%)

and stance, left leg (%) durations were highly correlated with the initial double support

(%) duration with a Pearson’s correlation coefficient of |R| > 0.8. Swing, right leg (%) and

stance, right leg (%) durations were also highly correlated with the terminal double support

(%) duration. Thus, four temporal parameters, i.e., stance, right and left leg (%) and swing,

right and left leg (%) were excluded from further analysis to avoid multi-collinearity, re-

ducing the final set of predictor variables to twelve.

4.2.4.3 Step 3: Predict Carrying Mode per Gait Cycle

A two-stage hierarchical model was implemented comprising a first stage classification

model for predicting carrying mode (Step 3 in Figure 4.2), and a second stage classification
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Table 4.1: List and definitions of gait parameters calculated from the inertial sensor data
for each gait cycle. Excluding stance right and left leg (%) and swing right and left leg (%),
all of the remaining 12 parameters were used as predictors in the classification model.

Parameter Definition
Temporal parameters (7 nos.)
1 Gait cycle duration (sec) Duration of one gait cycle (one right plus left step duration).
2,3 Stance, Right and Left Leg (%) Percentage of the gait cycle for when the right or left foot is on the ground.
4,5 Swing, Right and Left Leg (%) Percentage of the gait cycle for when the right or left foot is not on the ground.

6 Initial double support (%) Percentage of the gait cycle for when both feet are on the ground after a right
foot heel-strike.

7 Terminal double support (%) Percentage of the gait cycle for when both feet are on the ground after a left foot
heel-strike.

Torso and pelvis postural sway (6 nos.)

8~13
ROM at T6 and S1 in the
transverse, sagittal, and
coronal planes (deg.)

Range of rotation angle at torso and pelvis in transverse, sagittal, and coronal
planes: Max (integrated angular velocity) - min (integrated angular velocity)

Thoracic-pelvic coordination (3 nos.)

14~16

Mean relative phase angle
between T6 and S1 in the
transverse, sagittal, and
coronal planes (deg.)

Average (pelvic phase angle - thoracic phase angle) in transverse, sagittal, and
coronal planes. Phase angle (t) = arctan (normalized angular velocity (t)
/normalized integrated angular velocity (t))

model for predicting the load level (Step 5 in Figure 4.2). The design of the hierarchi-

cal structure was informed by prior studies demonstrating that the mode of load carriage

influences alterations in gait kinematics significantly more than changes in the load levels

within the same carrying mode [146, 151]. The random forest technique [190] was chosen

as the classification algorithm for both stages because it produced the highest prediction

accuracy in a preliminary study on estimating the carrying mode and load level compared

to other common multiclass classification algorithms such as classification and regression

trees, multinomial logistic regression, linear discriminant analysis, and support vector ma-

chines. Random forest is a nonparametric machine-learning technique based on a decision

tree that grows recursive binary partitioning at the nodes of the tree. Hundreds of decision

trees are grown by random selection of a subset of predictor variables each time. The pre-

diction results across all trees are averaged to obtain the final consensus prediction. In this

study, prediction was performed over 500 trees for each gait cycle with a selection of four

predictor variables each time. This step was implemented using the randomForest package

v.4.6-12 [191] in R v.3.3.1 (R core team).
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4.2.4.4 Step 4: Select Carrying Mode per Trial

Classification results from each gait cycle within a walk trial were used to decide the final

classification result for the walk trial. In this algorithm, predictions in Steps 3 and 5 were

performed independently for each gait cycle; however, under the assumption that the car-

rying mode and load level does not change within a walk trial, probabilities of the current

gait cycle data belonging to a specific carrying mode were updated based on the prior gait

cycles using the method of Bayesian inference [192]. Assume that a prediction model (M)

is developed based on the current gait cycle data (Y). When data on new gait cycle (Y*) is

obtained, the posterior distribution can be updated using Baye’s theorem as follows:

p(M|Y ∗) = c∗ p(Y ∗|M)∗ p(M) (4.1)

where p(M|Y*) is the posterior distribution updated by the new data (Y*), p(Y*|M) is the

probability that the new data belongs to each class given the prediction model, and p(M) is

the prior probability before updating the new data. A normalizing constant, c, ensures that

the posterior probabilities of all classes add up to one. Using this method, the classification

results from prior gait cycles were cumulatively used to update the classification result

of the current gait cycle until the last gait cycle identified in a walk trial. The carrying

mode with the highest posterior probability at the final gait cycle within the walk trial was

selected as the final prediction outcome for the carrying mode.

4.2.4.5 Step 5: Predict Load Level per Gait Cycle

Steps 5 and 6 were performed to classify the load level within each predicted carrying mode.

While one model was developed for Step 3, four separate models were developed in Step

5 for each carrying mode excluding the no-load condition. Separate load level prediction

models were built based on a priori knowledge that the important kinematic parameters to

distinguish load levels differ by carrying mode [146, 151]. Gait data from each walk trial
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was subjected to one of four classification models for predicting the load level depending

on the carrying mode that was predicted in Step 4. Load levels were predicted for each gait

cycle in the walk trial.

4.2.4.6 Step 6: Select Load Level per Trial

Similar to step 4, Bayesian inference was used to update the classification result of the load

level within a walk trial.

4.2.5 Evaluating Model Performance

The performance of the prediction model was evaluated using 10-fold cross-validation

tests. All walk trials were split into ten roughly equal-sized subsamples or folds (k =

1,2,...,10). In each iteration, one subsample (k) was selected as the validation data for test-

ing the model, and the remaining k -1 subsamples were used for training the model [193].

This test was iterated k times until all subsamples were used as a validation set. Gait cycles

from the same walk trial were grouped when partitioning, so that all of the gait cycles from

the same walk trial were included in the same subsample.

An identical test was performed for the classification algorithm without the Bayesian

update (Step 4 and 6) as a comparison to investigate the benefit of applying the Bayesian

inference to the algorithm. In this model, the final classification result for the walk trial was

decided by averaging the classification results from individual gait cycles within the walk

trial.

Three performance measures were computed:

• Average prediction accuracy = [# true positives + # true negatives] / [# total walk trials],

• Precision = [# true positives] / [# true positives + # false positives]), and

• Sensitivity = [# true positives] / [# total positives].
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4.2.6 Interpreting the Classification Model

The relative importance (%) of predictor variables in each model was calculated to inves-

tigate the importance of each predictor variable in predicting the response variable [194].

In a random forest model, variable importance is measured as the impurity of data after it

is split at each node. The Gini impurity Index, a common measure of the node impurity,

is computed by averaging impurity at a data partition across all classes of the response

variable [195]. A larger decrease in the Gini index represents a larger decrease in impurity

at a data partition and a greater importance of the predictor variable in the classification

model. The magnitude of the Gini index can differ by models, so it is a common practice to

calculate a normalized index as the relative importance (%) by giving the most important

variable a score of 100% in each model.

4.3 Results

A total of 162 walk trials were performed across all participants (9 participants x 9 condi-

tions per participant x 2 walk trials per condition). Excluding three interrupted walk trials

during the data collection, 159 walk trials were used for building and testing the algorithm.

A total of 2028 gait cycles were recorded across all participants with an average ± stan-

dard deviation (SD) of 12.8± 1.5 (range: 9 to 17) gait cycles in each repetition of the walk

trials.

Across all participants the average ± SD for the MAWC (kg) in the one-handed condi-

tion was 32.5 ± 7.9 kg and in the two-handed condition was 31.0 ± 4.5 kg, respectively.

Load levels for the walk trials were set to 50% and 75% of the participant’s one-handed

and two-handed MAWC value. Average ± SD values of normalized MAWCs were 17.4 ±

3.9 (50% MAWC) and 24.4 ± 6.3 (75% MAWC) for the one-handed conditions, and 16.6

± 2.3 (50% MAWC) and 23.2 ± 3.53 (75% MAWC) for the two-handed conditions.
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4.3.1 Bayesian Inference Update vs. Averaging

Applying Bayesian inference in Steps 4 and 6 outperformed the averaging approach in

terms of the prediction accuracy. The model with the Bayesian inference correctly classi-

fied the carrying mode in 96.9% of the walk trials and load level in 93.1% of the walk trials,

resulting in an average overall prediction accuracy of 91.8%. In comparison, the averaging

approach correctly classified the carrying mode in 95.3% and load level in 72.7% of the

walk trials, resulting in an average overall prediction accuracy of 72.2%, which was 19.6%

lower compared to the Bayesian approach.

Figure 4.3 depicts an example model prediction for a walk trial in a 2H-Anterior carry

consisting of fifteen consecutive gait cycles. The Bayesian inference approach showed

convergence in the posterior probability after four gait cycles in the example described in

Figure 4.3. Across all conditions an average ± SD of 4.5 ± 1.5 gait cycles were needed to

correctly classify carrying mode with a posterior prediction over 90%. Since the Bayesian

approach demonstrated a clear advantage in prediction performance, we limit the subse-

quent analysis and discussion to this approach.

4.3.2 Model Performance

4.3.2.1 Carrying Mode Classification

Table 4.2 presents the confusion matrix for the prediction model along with the precision

and sensitivity values from the 10-fold cross-validation test. The prediction accuracy for

classifying the carrying mode was 96.9%. The precision of the no-load, 2H-Side, and 2H-

Anterior conditions were 100% while it was lower in the 1H-R and 1H-L at 91.4% and

94.3% respectively. Sensitivity was also highest for the no-load, 2H-Side and 2H-Anterior

conditions at 100%, compared to 1H-R and 1H-L at 94.1% and 91.7% respectively. Five

walk trials were misclassified in carrying mode between the 1H-R and 1H-L conditions,

and interestingly were all at the load level of 75% MAWC.
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Figure 4.3: Example results from the random forest classification to predict carrying mode
for fifteen consecutive gait cycles from a two-handed anterior carry walk trial without (top-
panel) and with (bottom-panel) Bayesian inference applied. In each gait cycle, the mode
with the highest predicted probability is labeled as the classification result for that gait cy-
cle. In this example, without Bayesian inference applied (top-panel) 3 of the 15 gait cycles
were misclassified as either 1H-L (gait cycle #1) or no-load (gait cycle #9 and #10). In the
bottom graph, Bayesian inference was applied to the same data and updated the posterior
probability of the gait cycle based on prior gait cycles cumulatively. The probability of the
data predicted as the correct class (i.e., two-handed anterior carry in this case) exceeded 0.9
after four gait cycles and converged to 1.0 in subsequent cycles.
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Table 4.2: Confusion matrix showing the classification result for carrying modes from each
walk trial data: No-load = empty-handed reference condition, 1H-R = one-handed right
carry, 1H-L = one-handed left carry, 2H-Side = two-handed side carry, 2H-Anterior = two-
handed anterior carry.

Predicted Carrying Mode Total SensitivityNo-load 1H-R 1H-L 2H-Side 2H-Anterior Walk Trials
No-load 18 0 0 0 0 18 100%

Actual 1H-R 0 32 2 0 0 34 94.1%
Carrying 1H-L 0 3 33 0 0 36 91.7%
Mode 2H-Side 0 0 0 36 0 36 100%

2H-Anterior 0 0 0 0 35 35 100%
Total Walk Trials 18 35 35 36 35 159
Precision 100% 91.4% 94.3% 100% 100%

To further investigate the misclassified cases, posterior probabilities of the target car-

rying mode for individual walk trials were plotted by gait cycle (Figure 4.4). Consistent

with Table 4.2, there were no misclassified cases for the no-load, 2H-Side, and 2H-Anterior

conditions. The posterior probabilities in these conditions (n = 89 walk trials) converged to

1.0 typically after 4 to 5 gait cycles even though the initial probability at the first gait cycle

was very low (p < 0.5) in many cases. On the other hand, the posterior probabilities for

multiple walk trials in the 1H-R and 1H-L conditions did not converge to 1.0 and fluctuated

throughout the walk trial.

4.3.2.2 Load Level Classification

The average prediction accuracy for classifying the load level across all carrying modes

was 93.1% (n = 148 of 159 walk trials), which was 3.8% lower than the classification of

carrying mode. Table 4.3 summarizes the confusion matrices for the models by carrying

mode and along with the precision and sensitivity values from the cross-validation test.

Prediction accuracies within each carrying mode were 91.4% for 1H-R, 91.4% for 1H-L,

94.4% for 2H-Side, and 91.4% for 2H-Anterior. Among the carrying modes, the model for

2H-Side had the highest prediction accuracy with just 1 out of 18 walk trials misclassified

between the 50% MAWC and 75% MAWC load levels each.
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Figure 4.4: Posterior probabilities of the target carrying mode in each walk trial depicted
by gait cycles. Misclassified classes are marked as red dotted lines.
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Table 4.3: Confusion matrices summarizing the classification results for load level for each
predicted carrying mode.

1. One-handed right carry (1H-R)
Predicted Load Level Total Walk Trials Sensitivity50% MAWC 75% MAWC

Actual Load Level 50% MAWC 16 2 18 88.9%
75% MAWC 1 16 17 94.1%

Total Walk Trials 17 18 35
Precision 94.1% 88.9%

2. One-handed left carry (1H-L)
Predicted Load Level Total Walk Trials Sensitivity50% MAWC 75% MAWC

Actual Load Level 50% MAWC 16 2 18 88.9%
75% MAWC 1 16 17 94.1%

Total Walk Trials 17 18 35
Precision 94.1% 88.9%

3. Two-handed side carry (2H-Side)
Predicted Load Level Total Walk Trials Sensitivity50% MAWC 75% MAWC

Actual Load Level 50% MAWC 17 1 18 94.4%
75% MAWC 1 17 18 94.4%

Total Walk Trials 18 18 36
Precision 94.4% 94.4%

4. Two-handed anterior carry (2H-Anterior)
Predicted Load Level Total Walk Trials Sensitivity50% MAWC 75% MAWC

Actual Load Level 50% MAWC 16 2 18 88.9%
75% MAWC 1 16 17 94.1%

Total Walk Trials 17 18 35
Precision 94.1% 88.9%
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4.3.2.3 Variable Importance

Figure 4.5 shows the relative importance (%) of the predictor variables in each classification

model. Thoracic-pelvic coordination in the coronal plane was the most important predictor

in the classification model for carrying mode, followed by postural sway of the pelvis in

the coronal plane and transverse thoracic-pelvic coordination in a distant second and third,

respectively (Figure 4.5, panel A). For 1H-R, gait cycle duration and thoracic-pelvic coor-

dination in the coronal plane were nearly equally most important predictors for classifying

the load level (Figure 4.5, panel B-1). However, unlike the classification model for car-

rying mode with one dominant predictor variable, the load level classification model for

1H-R also indicated terminal double support, torso and pelvis postural sway in the coronal

plane, and torso postural sway in the transverse plane as relatively important (i.e., > 75%).

Coronal plane measures of torso and pelvis postural sway and thoracic-pelvic coordination

were the three most important predictors in the load level classification model for 1H-L

compared to the rest of the predictor variables (Figure 4.5, panel B-2). Pelvis postural

sway in the sagittal plane was the most important predictor when classifying the load level

in the 2H-Side carry (Figure 4.5, panel B-3). Pelvis postural sway in the transverse plane

and coronal plane were the second and third most important predictors. Pelvic postural

sway in the transverse and coronal planes were both equally important when predicting the

load level in the 2H-Anterior carry, followed by torso postural sway in the coronal plane

(Figure 4.5, panel B-4).

4.4 Discussion

Wearable sensing technology combined with predictive modeling has the potential to ad-

vance the science of field-based exposure assessment by providing information about work

content beyond just quantifying worker postures. This study assessed the potential for

classifying carrying mode and load level using gait kinematics calculated from the iner-
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Figure 4.5: Relative importance (%) of the predictor variables computed as the mean decrease in the Gini index relative to the maximum
(100%) for each of the five classification models, namely, for carrying mode (panel A) and for load level (panels B-1 to B-4).

88



tial sensor-derived data. As an initial investigation, the study was intentionally limited to

a small homogeneous participant sample (n = 9) with gait data recorded at self-selecting

walking speeds over multiple walk trials and conditions, namely 159 walk trials and 2028

gait cycles in total, to build and assess the statistical model. Thoracic and pelvic ROM

and thoracic-pelvic coordination were important predictors in classifying carrying mode

and relative load level compared to unloaded gait. The accuracy of statistically classifying

carrying mode and load levels were 96.9% and 93.1%, respectively. Use of the Bayesian

inference for updating probabilities with the incoming gait cycles improved the overall pre-

diction accuracy by 19.6% with 4 to 5 gait cycles needed to converge on the classification

result.

4.4.1 Methodological Contributions

Biomechanical exposures during physical work are typically characterized by three main

dimensions [6], i.e., intensity (magnitude or amount of the forces and loads which are

also a function of task and posture), frequency (repetition), and duration (the time the

physical activity is performed). The algorithm presented provides information on all three

dimensions of physical exposures during load carriage. The gait detection algorithm (Step

1) used in this study implements a robust detection of the start and end of walking, so

the duration of the walking (either unloaded or loaded) can be accurately estimated. The

load level classification (Step 5 & 6) predicts the relative intensity of the load carried,

the measurement of which can be obtrusive in work settings that involve carrying loads

of different magnitudes (e.g., construction work, distribution centers). The carrying mode

classification (Step 3 & 4) combined with the load level classification (Step 5 & 6) quantifies

the frequency of load carriage by categorizing the task in terms of its mode and load level.

Developing a successful prediction algorithm requires knowledge of the underlying

system or domain when deciding on the structure of the statistical model (e.g., single-stage

vs. multi-stage), segmenting the data, and selecting predictor variables or features within
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the data segment [193]. The current study incorporated biomechanical information about

the association between human gait kinematics and load carriage to develop and assess the

statistical prediction model, which had direct bearing on model performance. We discuss

key aspects of the model development and assessment in the subsequent sections.

4.4.1.1 Data Segmentation and Choice of Predictor Variables

Statistical prediction with continuous time series data requires that the data be re-structured

into segments. The methods of segmenting a continuous stream of sensor data influences

the performance of the prediction model and thus needs consideration [196]. To be use-

ful, the method of data segmentation needs to represent the data such that the prediction

error of all segments across time is minimized [197]. A common approach to segment-

ing time series data uses sliding windows with a fixed sliding width (e.g., [78]). Other

approaches include a top-down approach of splitting time-series data into partitions by de-

creasing the segment length iteratively until the prediction error is below a user-specified

threshold [197], and a bottom-up algorithm that starts from the finest possible partition of

the time-series data and increases the length of the segment iteratively. Unlike the latter

two iterative approaches, use of a sliding window is the most popular form in online ap-

plications since the segmentation can be performed while the data is streaming. Another

online approach involves segmenting data based on pre-defined events, as was the case in

this study.

In this study, inertial sensor data were segmented by first detecting gait cycles, which

represents a meaningful segmentation of the data stream. For a given carrying mode and

load magnitude, gait cycle duration for a person shows little variability over short bouts

of walking; however, the cycle duration can vary significantly between participants and

across load carry conditions for the same person [143, 174]. For example, in the present

study gait cycle duration ranged between 0.93s to 1.16s across all participants and carrying

conditions. If a fixed window of average gait cycle, for example 1s, was used for data
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segmentation instead of the proposed adaptive algorithm, the kinematic variables calculated

within a segment would be less representative of the gait patterns relative to a data segment

that captures a complete gait cycle. Another advantage of the proposed data segmentation

method is that it can be used in online applications in near-real-time. Once a gait cycle

is detected from an incoming data stream, predictor variables for the gait cycle can be

computed and used as input to the classification algorithm. The delay in the classification

output would be just over one gait cycle (∼1s). The detection of an exact start and end

of gait cycles resolves an issue of underestimating the task duration reported in previous

studies on classifying manual material handling tasks [78]. In that study, task durations

were underestimated by about 14% when classifying tasks using inertial sensor data that

were segmented by sliding window of fixed duration. The detection of gait events and

subsequent data segmentation based on gait cycles used in the current study would produce

a more accurate estimate of duration of load carriage compared to a sliding window of fixed

duration.

Choice of the predictor variables, which requires computing (i.e., extracting) and se-

lecting features from sensor data, is also an important step towards building a simpler,

comprehensible model while ensuring adequate prediction accuracy [198]. Predictor vari-

ables need to represent the main characteristics of a data segment, so that it contains im-

portant cues for distinguishing levels of outcome variables [196]. Use of domain specific

features such as step detection, step variance, and vertical and horizontal acceleration of

the sensor segment were found to increase prediction performance when classifying phys-

ical activities such as walking, running, cycling, and resting compared to using only time-

and frequency-domain features [199]. Kim and Nussbaum [78] used descriptive statistics

on whole-body joint angles to classify manual material-handling tasks. The present study

used temporal, and thoracic and pelvic kinematic gait parameters as predictor variables.

As opposed to using raw sensor data, the use of such domain specific features could sig-

nificantly reduce the number of feature vectors used in a classification algorithm and also
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increase prediction accuracy.

4.4.1.2 Structure of the Model

A two-stage hierarchical model structure was implemented in this study where the carrying

mode was classified first followed by classification of load levels within mode. Without

the hierarchical structure, nine classes or categories would need to be predicted (i.e., 4

carrying modes x 2 load levels, and 1 no-load condition). With the same number of test

datasets, increasing the number of target classes often increases the possibility of misclassi-

fication and lowers prediction accuracy. Reducing a k-class problem to a set of k two-class

problems by building a separately trained binary classification model for each of the k prob-

lems is a common approach to deal with the multiclass classification [200]. However, this

approach does not provide guidance about which the two classes need to be paired or the

effect of having different pairs on model performance. Considering that classification prob-

lems in occupational settings may have a high number of potential outcome classes such

as task type (e.g., lifting, pushing, pulling, carrying, etc.) and intensity level (e.g., forceful

exertions) [32], multiclass classification models would be more common than two-class

classification.

Implementing a hierarchical structure in classification models with multiple target

classes has three advantages. First, implementation of the hierarchical model significantly

improves the prediction accuracy compared to classifying the combination of different task

conditions at one time. In our preliminary testing with the same test dataset, the mul-

ticlass prediction model with no hierarchical structure resulted in a prediction accuracy

of 48.0%, which was 43.8% lower than the proposed hierarchical model. In a different

study aimed at classifying the handle height and force intensity level in a pushing task,

the hierarchically structured model produced a 50.0% greater prediction accuracy com-

pared to the multiclass prediction model [123]. In both cases, the hierarchy of the models

was built with an empirical understanding of the relative influence of different task vari-
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ables [124, 124, 146, 151, 201].

A second advantage of having a hierarchical model structure is the opportunity for

optimizing the predictor variable set in each model. The analysis of variable importance

(Figure 4.5) suggests that the important variables in each model differ across classifica-

tion models. This information can be used to reduce the number of predictor variables in

each model thereby decreasing model complexity and computational effort, and increasing

model interpretability.

Third, the hierarchical structure allows prediction performance assessment at every

level of the hierarchy independently. In addition, the algorithms that occur in the lower

level do not affect the performance of the algorithms that occur in the upper levels [202].

4.4.1.3 Model Interpretability

The random forest method used in this study is flexible in modeling relationships between

multiple predictors and outcome classes, without requiring any a priori assumptions about

the type of relationships, e.g., linear vs. nonlinear. This flexibility lends to high predic-

tion accuracy as was evident in this study, but comes at some expense of interpretability,

i.e., it is difficult to quantify how any individual predictor is associated with the outcome.

The primary means for interpreting a random forest model uses the average decrease in the

Gini Index as an indicator of the relative importance of predictor variables. Our results on

important predictor variables are supported by findings from previous studies that demon-

strate that changes in gait from hand-load carriage are evident in the measures of thoracic

and pelvic postural sway and thoracic-pelvic coordination [129, 143, 154, 203].

The relative importance of thoracic and pelvic sway and intersegment coordination dif-

fered across all five prediction models (Figure 4.5). Specifically, 2H-Side carriage increases

angular momentum and moment of inertial in the coronal and transverse planes [203]. With

this increase, postural stability is maintained by an increased but anti-phasic sway (i.e.,

counter-rotation) of the pelvis in the coronal, transverse, and sagittal planes with increas-
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ing loads relative to unloaded gait [124]. Similar contributions of thoracic and pelvic sway

and intersegment coordination in the coronal plane were also identified in the 1H-R and 1H-

L side carry. However, the load prediction models for 1H right vs. left side carry showed

differences in relative importance of other temporal gait parameters, namely, gait cycle du-

ration and terminal double support. These differences may be due to bilateral asymmetries

in strength and gait, and is a topic of further investigation.

Restricted arm movements and close coupling between the torso and pelvis during 2H-

Anterior load carriage is associated with increased pelvic sway in the coronal and sagittal

planes, and a decrease in pelvic sway in the transverse plane relative to unloaded gait [129,

203]. Consequently, movement coordination between the thoracic-pelvic segments is more

in-phase or synchronized in the coronal and transverse planes with increasing load relative

to unloaded gait [148, 173].

4.4.2 Study Limitations

Certain limitations of this laboratory study are worth emphasizing in order to contextualize

the study findings and implications for practice. Given its focus on model development and

assessment, the study sample comprised of a relatively small and homogenous sample of

healthy, young male participants. Further investigation is needed to test the generalizability

of the model across the spectrum of worker demographics on known sources of variability

in gait such as age [204], gender [205], obesity [206, 207] and strength [208, 209]. The

present study found that a minimum of 4 to 5 gait cycles needed to converge on a prediction

result. This finding suggests that in subsequent studies the amount of data collected from

each participant can be economized in lieu of a larger and more diverse sample.

For jobs that might involve long duration of manual load carriage, cumulative fatigue

from load carriage may induce alterations in gait [175, 176, 210]. Prior studies have asso-

ciated fatigue with increased variability in step length, step width, and mediolateral trunk

accelerations while walking, and increased double support duration during load carriage.
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[147] reported hip and torso ROM to increase while carrying a backpack load immediately

following a fatiguing treadmill exercise. Age is also reported to moderate the effects of

fatigue on gait [175, 176]. To minimize the confounding effects of fatigue, the present

study introduced two-minute rest breaks between each walk trial of 24 m distance. How-

ever, subsequent studies will need to account for the effects of cumulative fatigue from long

duration exposures to load carriage on thoracic and pelvic ROM and coordination.

The proposed model also requires that load magnitudes be normalized to individual

carrying capacity determined using either biomechanical strength or psychophysical crite-

ria. This may be a limitation in certain work settings that do not have a steady cohort of

workers that can be assessed. Additional study is also needed to consider more diverse task

conditions that are representative of applied settings (e.g., size and form-factor of the load

carried, location of handles, and weight distribution of the load) and over extended peri-

ods before the proposed algorithm can be used as a field evaluation tool for manual load

carriage work.

4.4.3 Application and Relevance

Quantifying physical exposures to load carriage can be challenging in non-routinized work

settings where load intensity, duration and frequency vary between workers and within

worker across time. The present study represents an initial step towards the development

of a real-time exposure assessment tool that leverages wearable inertial sensing and predic-

tive modeling for use in occupational settings. Multiple previous studies have used inertial

sensors to classify between different types of activities (e.g., walking vs. sitting), however

few studies have delved into predicting task demands within a specific activity (i.e., relative

changes between load within the same task). The present study is novel in this regard. A

key contribution of this study was the reliance on a biomechanical understanding of the

effects of load carriage on pelvic and thoracic movement and coordination into a practi-

cal framework for predicting carrying mode and relative load conditions. From a practical
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standpoint, our findings have direct implications for attachment locations of inertial sen-

sors. Leveraging subtle movement patterns of the torso and pelvic implies that the sensors

be closely attached to the skin on these segment as opposed to worn on top of loose cloth-

ing, helmet, or gloves. Newer forms of wearable sensing embedded in smart clothing may

help overcome these potential usability concerns [112].

Extending the proposed approach to include other tasks that are of interest in er-

gonomics exposure assessment such as lifting-lowering and push-pull exertions will require

task-specific models that capture intrinsic kinematic adaptations to task demands. For ex-

ample, findings by [211] indicating that thoracic-pelvic coordination in the sagittal plane is

influenced by lifting mode (i.e., freestyle, flexed and neutral spine) [211] can be leveraged

to develop and assess predictive models of lifting modes using body worn inertial sensors.

These task specific models can be envisioned as modules nested within an overarching ac-

tivity classification model. This framework aligns with our proposed approach of a multi-

stage hierarchical model structure led by classification by task type (e.g., lifting, pushing,

pulling, carrying, etc.), followed by models that classifying mode and intensity within task

type to account for the large number of potential outcome classes in occupational settings.

4.5 Conclusion

This chapter presents an algorithmic framework for combining wearable inertial sensing,

gait kinematics, and statistical prediction for classifying carrying modes and load levels

during manual load carriage. Overall, the algorithm was sensitive in discerning loaded

from unloaded walk conditions within 4 to 5 consecutive gait cycles. Prediction accuracy

and the relative importance of thoracic and pelvic measures as predictors were found to

differ by models for carrying mode and load level. The few misclassified trials occurred

largely in the 1H-R and 1H-L side carrying modes. Further investigation is needed to test

the generalizability of the model across the spectrum of worker demographics and load
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carrying conditions. The present study also provides practical information about locations

for inertial sensor placement and the type and amount of data required for distinguishing

carrying modes and relative load levels for use in subsequent studies of higher ecological

validity and increased generalizability.

Applying statistical classification techniques to movement analysis requires an under-

standing of machine learning theory, signal processing, and feature extraction. By empha-

sizing model development and assessment, this study also attempts to explain aspects of

classification and predictive modeling towards encouraging the application of these statis-

tical techniques to ergonomics practice.

The present study was a proof-of-concept. The subsequent Chapter 5 extends the pre-

sented statistical classification model to diverse conditions of load carriage and lifting-

lowering, and in a diverse cohort of participants.
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CHAPTER 5

Investigating Generalized Algorithms for

Statistical Classification of Load Carriage and

Lifting-Lowering Exposures

The previous Chapters 3 and 4 operationalized information about the effects of load car-

riage on inertial sensor-derived gait kinematics, specifically torso and pelvis postural sway

and thoracic-pelvic coordination into a novel statistical classification model of hand-loads

and carrying modes [124, 125]. However, the analyses was limited to a homogeneous sam-

ple of young men. This chapter extends the statistical classification model to different tasks

conditions in load carriage and lifting-lowering, which represent two common MMH tasks

associated with an increased risk of low back disorders. A diverse sample 15 men and

12 women participated in a laboratory study simulating load carriage and lifting-lowering

task. Separate classification models were developed for predicting binary load levels (i.e.,

low: 0 to 4.5 kgs. vs. high: 13.5 to 22.7 kgs.) in manual load carriage, lifting, and lower-

ing using inertial-sensor derived kinematic measures as predictors. Classification accuracy

for carrying mode was 80.2% and for load levels averaged 88.7% across carrying modes.

Average accuracy of the model for classifying lifting height (floor vs. lift), mode (one vs.

two-handed), and load levels were 97.7%, 93.9%, and 84.2%, respectively. Corresponding

classification accuracy for lowering height, mode, and load levels were 97.4%, 92.8%, and

83.7%, respectively. Collectively, these findings demonstrate the potential for combining
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wearable inertial sensing with statistical prediction to quantify biomechanical exposures in

manual material handling work.

5.1 Introduction

Prolonged exposure to manual load carriage is a known risk factor for low back disor-

ders [2, 130]. Measuring the carrying mode, duration, repetition, and magnitude of hand

loads longitudinally is an essential step for assessing the biomechanical impacts to the mus-

culoskeletal system and identifying strategies for intervention. Quantifying biomechanical

exposures from load carriage are particularly challenging in non-routinized work (e.g., con-

struction, warehousing). Using data from body-worn inertial sensors, the previous study

presented a statistical classification model that leveraged subtle yet systematic kinematic

adaptations in thoracic and pelvic sway and movement coordination to predict normalized

load levels in two-handed and one-handed load carriage. However, the study was limited

to a homogeneous sample of young men.

Prior studies have reported gait kinematics to be influenced by age [204, 209], gender

[205], obesity [206, 207] and functional strength [208, 209]. For instance, gait kinematics

are associated with gender during unloaded walking and manual load carriage [174]. Mar-

tin & Nelson [174] reported that spatiotemporal gait parameters (e.g., stride length, swing

duration) showed greater sensitivity to load magnitude in women compared to men. These

differences in gait kinematics due to anthropometry could potentially affect the perfor-

mance of algorithms developed in Chapter 4. This has practical concerns if such prediction

algorithms either systematically under- or over-estimate the predicted load level differently

for people of different anthropometry.

5.1.1 Lifting-lowering and Low Back Disorder Risk

Manual lifting-lowering is another common MMH task associated with an increased risk

of occupationally-related low back disorders [212, 213, 214]. Identifying lifting-lowering
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tasks that pose higher disorder risk is an important step toward developing effective in-

tervention strategies. However, multiple factors besides load magnitude affect the level

of low back disorder risk from lifting, which complicates the assessment of biomechani-

cal exposures to lifting. For instance, prior studies have documented that increases in the

magnitude of lifting frequency, duration, load moment arm characterized by the horizontal

and vertical lifting height, trunk lateral velocity, trunk twisting velocity, and trunk sagittal

angle significantly increased the risk of LBD [215, 216]. Assessing spinal loads and low

back disorder risk associated with lifting and lowering is even more challenging in non-

repetitive work conditions where the magnitude, repetition and duration of load moments

change over time.

A proper lifting-lowering movement is characterized by the ability to maintain dynamic

balance and use minimal effort to achieve a smooth, uninterrupted and controlled move-

ment while keeping the object as close to the body as possible. Movement dynamics in

the torso, and angular hip and knee kinematics during lifting and lowering are influenced

by lifting conditions (e.g., object load, squat vs. stoop lifting, vertical location of the ob-

ject from the floor, angle of asymmetry). For example, increasing load magnitude (i.e.,

from 9.1 to 41.7 kg) was associated with a decrease in peak sagittal velocity and acceler-

ation and increase in peak lateral acceleration of the torso [217]. Load magnitudes during

lifting-lowering tasks also affect movement coordination between segments such as be-

tween lumbar and pelvis angular displacement, and hip and knee flexion/extension angles.

Hu et al. demonstrated that lumbar-pelvic angular coordination measured as the mean rel-

ative phase angle decreased (i.e., movement was more synchronous) when lifting a load of

9.1 kg vs. a no-load movement [218].

Prior researchers have attempted to leverage these relationships between lifting load

magnitude and kinematics into statistical prediction algorithms. A recent study by Brandt

et al. [77] report on statistical classification using a Linear Discriminant Analysis to sepa-

rate low vs. high risk lifting motions defined using guidelines from The Danish Working
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Environment Authority [219]. The study simulated low vs. high risk lifting by manipulat-

ing load magnitude (i.e., 16, 18, 20, 22, and 24 kgs.), horizontal distance between the load

and the lifter (i.e., forearm distance vs. 0.75 times arm distance), and symmetricity of the

lifting (symmetric lifting vs. asymmetric lifting where the load was located to the right side

of the lifter). The LDA-based algorithm classified low vs. high-risk lifts with an accuracy

of 72.7% - 78.1% using as predictors the RMS activity of the upper trapezius and erector

spinae muscles from surface electromyography and RMS accelerations from accelerome-

ters located at T1 and L5 [77]. As a preliminary investigation, this study was also a cohort

of young male participants. The generalizability of algorithms to classify lifting mode or

load levels across a diverse spectrum of users remains unexplored.

Similar to load carriage, differences in lifting and lowering kinematics across person

variables including gender, body mass, and prior health status. Boston et al. [220] reported

that individuals low back pain displayed decreased hip-knee coordination (e.g., tempo-

ral parameters such as midpoints and risetimes) during repetitive lifting compared to an

asymptomatic control group. Body Mass Index (BMI) has been also discussed as a factor

affecting lifting kinematics, with a less smooth motion or higher RMS amplitude of jerk

measured at the upper back from accelerometry among individuals with a lower BMI (BMI

< 30 kg/m2) vs. higher BMI (BMI ≥ 30 kg/m2) [221]. Akin to load carriage, the large

diversity in anthropometry across workers could affect the accuracy of predictive modeling

algorithms that use lifting-lowering kinematics as predictors.

The aim of this study was to develop and assess statistical classification algorithms that

use kinematic variables calculated from body-worn inertial sensor data as predictors for

classifying load magnitudes in common MMH tasks, namely load carriage, lifting, and

lowering. To improve model generalizability across people, the data collection involved a

diverse sample of participants differing in age, gender, and strength capabilities. Within the

algorithm for each task, the study compared prediction accuracy using predictors in their

original form vs. normalized to individual anthropometry. The statistical classification
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algorithms implemented incorporate a priori biomechanical knowledge about the effects of

external loads on movement kinematics to compute and select predictor variables for each

MMH task, and the hierarchical structure of the statistical model.

5.2 Methods

5.2.1 Study Participants

The study recruited 27 healthy participants (15 men and 12 women) sampled on age and

gender to obtain a sample diverse in age, gender, and strength capabilities. Participants

were screened for pre-existing back injuries or chronic pain with a body discomfort ques-

tionnaire adapted from the body mapping exercise by NIOSH ([165] for more details).

88.9% of the participants (24 out of 27) were right-handed when tested with the ques-

tionnaire adapted from the Edinburgh handedness inventory [188]. Prior to the study, par-

ticipants completed a written informed consent approved by the university’s institutional

review board.

5.2.1.1 Participant Anthropometry

Static anthropometry and functional strength for each participant was measured at the onset.

Static anthropometry dimensions included stature, hip breath, knee height, and body mass

measured using a standing anthropometer, caliper, and weighing scale. Functional low back

strength was measured as the adjusted torso lift strength using the procedure developed by

Stobbe [222]. Table 5.1 summarizes the anthropometry of study participants.
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Table 5.1: Average (standard deviation) age, stature, body mass, BMI, and low-back lifting
strength for the study sample stratified by gender and age category (N = 27).

Gender Age category N Age, years Stature, m Mass, kg BMI, kg/m2 Low-back strength, N

Men

18-29 4

36.1 (9.7)

1.76 (0.05) 67.3 (9.5) 21.7 (2.6) 817.1 (96.1)

30-39 6 1.83 (0.07) 87.2 (9.8) 26.0 (3.0) 786.4 (118.7)

40-55 5 1.79 (0.05) 75.5 (10.9) 23.6 (2.9) 670.6 (134.5)

Women

18-29 5

30.9 (10.0)

1.68 (0.05) 67.7 (15.3) 23.8 (4.1) 483.3 (90.2)

30-39 4 1.67 (0.07) 79.2 (14.9) 28.1 (3.2) 506.3 (63.8)

40-55 3 1.70 (0.06) 70.6 (7.8) 24.5 (1.8) 513.8 (177.1)

Total 27 33.8 (10.0) 1.75 (0.08) 75.4 (13.1) 24.7 (3.4) 641.6 (178.9)

5.2.2 Experiment Procedures

5.2.2.1 Simulated MMH Tasks

Figure 5.1 summarizes the overall experiment procedure for the simulated MMH tasks.

Initially reference measurements were recorded in a static posture and in dynamic ref-

erence movements at baseline. For the static measure, the average body posture angles

from 30 seconds of quiet standing were subtracted from the dynamic postural angles ob-

tained during the subsequent work tasks. Next, two types of dynamic reference movements

were measured: (i) Unloaded (empty-handed) walking trials were performed twice to ob-

tain the baseline walking patterns from each participant, (ii) Unloaded bending and rising

movements were performed with participants reaching to floor height and knee height from

standing, with two repetitions each.

Load Carriage: A laboratory experiment was conducted that required participants to

carry a weighted box down a levelled corridor (12 m length x 1.5 m width) for a distance

of 10 m in four carrying modes commonly used in occupational settings, namely, one-

handed right hand carry (1H-R), one-handed left hand carry (1H-L), two-handed side carry

(2H-Side), and two-handed anterior carry (2H-Anterior) (refer to Figure 4.1 in Chapter 4).

Four levels of box weights were evaluated in each mode: no-load (i.e., unloaded reference
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Simulated Manual Material Handling (MMH) Task Overview

1. Reference measurement

1.1 Static reference measurement
Sitting (5 mins) and standing (I pose, 30 sec)

1.2 Dynamic reference measurement
Unloaded walking (10m, 2 reps)
Unloaded bending and rising (12 (=2 x 3 x 3) conditions x 2 reps each)

- Height: floor, knee (53 cm)
- Mode: 1HR, 1HL, 2HA
- Angle of symmetry: symmetric (0◦), asymmetric, clockwise (+45◦),

asymmetric, counter-clockwise (-45◦))

2.1 Load carriage (12 (=4 x 3) conditions x 2 reps each)
- Carrying mode (1HR, 1HL, 2HS, 2HA)
- Load magnitude: 4.5 kg, 13.6 kg, 22.7 kg

2.2 Lifting and lowering (54 (=2 x 3 x 3 x 3) conditions x 2 reps each)
- Height: floor, knee (53 cm)
- Mode: 1HR, 1HL, 2HA
- Load magnitude: 4.5 kg, 13.6 kg, 22.7 kg
- Angle of symmetry: symmetric (0◦), asymmetric, clockwise (+45◦),

asymmetric, counter-clockwise (-45◦))

2. MMH task conditions

Figure 5.1: Overview of the experiment procedures for simulated MMH tasks.
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condition), 4.5 kg (10 lbs), 13.6 kg (30 lbs), and 22.7 kg (50 lbs). The box dimensions

were identical to the boxes used in the previous Chapter 4. The load was equally divided

between the right and left hand in the 2H-Side carry.

Each participant performed two consecutive trials of 12 load carrying conditions (=

4 carrying modes x 3 load levels) in random order. Walking speed was self-selected to

observe the natural adaptation in walking patterns due to different load carriage conditions.

Two-minute rest breaks between each walk trial were given to participants to minimize

carry-over effects of fatigue.

Lifting and Lowering: Each participant performed lifting and lowering motions at a

self-selected speed. Four task parameters were manipulated to simulate different lifting-

lowering conditions and geometric aspects of the workplace that influence lifting-lowering

posture and internal loads [3, 213], namely,

• Lifting-lowering height: floor vs. average knee height (53 cm),

• Mode: 1H-R, 1H-L, and 2H-Anterior

• Load magnitude: 0 kg. (no-load), 4.5 kgs., 13.6 kgs., and 22.7 kgs.

• Symmetricity: -45◦, 0◦, and 45◦ (Figure 5.2)

During lifting-lowering, participants were instructed to keep their feet shoulder width apart,

stationary, and symmetric while performing the lifting and lowering. Two consecutive rep-

etitions of 54 lifting and lowering motion trials (= 2 heights x 3 hand modes x 3 load levels x

3 symmetricity levels) were performed, with task conditions presented in counterbalanced

order.

5.2.3 Instrumentation

Kinematic data were continuously recorded using four commercial inertial sensors

(Biostamp RC, mc10 Inc., Lexington, MA, USA) during the reference measurements and
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Figure 5.2: Sample images in a 1-handed right lifting condition at knee height depicting
the three different symmetricity conditions evaluated in the experiment: (a) asymmetric,
counter-clockwise (-45 deg.), (b) symmetric, and (c) asymmetric, clockwise (+45 deg.).
The distance between the center of the original box location to the middle of the partici-
pants’ right and left anterior shoe-tip was a constant 40 cm.

simulated load carriage, lifting, and lowering trials. Two inertial sensors were attached

over the sixth thoracic vertebra (T6) and the first sacral vertebra (S1). A third sensor was

positioned along the superior aspect of the right thigh midway between the hip and lateral

femoral epicondyles, and the fourth sensor was on the superior aspect of the right shank

midway between the lateral femoral and malleolar epicondyles (Figure 5.3). Sensor data

pre-processing was described in Chapter 3 in detail.

5.2.4 Algorithm to Classify Carrying Mode and Load Level

A statistical algorithm was developed for classifying carrying mode and load level follow-

ing the six general steps described in Figure 4.2 in Chapter 4, namely, (i) detect gait cycles,

(ii) compute predictor variables, (iii) predict carrying mode per gait cycle, (iv) perform a

Bayesian update to identify one carrying mode per trial, (v) predict load level per gait cy-

cle, and (vi) select load level per trial. Four carrying modes (i.e., 1H-R, 1H-L, 2H-Side,
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Figure 5.3: Images showing the four inertial sensors attached on the body at T6, S1, thigh
(Right), and shank (Right).

2H-Anterior) and no-load and two load levels, i.e., Low (4.5 kg) vs. High (13.6 kg and 22.7

kg), were the target outcome variables for each walking trial.

Gait parameters calculated from the inertial sensor data included six measures of torso

and pelvis postural sway, six measures of peak linear acceleration at torso and pelvis, and

six measures of thoracic-pelvic coordination in the form of average and RMS relative phase

angles in the coronal, transverse, and sagittal planes (Table 4.1 for more details). Addi-

tionally, spectral analysis (i.e., discrete Fourier transform) was performed to calculate an

Index of Harmonicity (IH) of the individual time-series of the pelvic and thoracic rotations

(Equation 5.1). IH is a measure of the relative contribution of the fundamental oscillating

component to the observed coordination patterns [223]. An IH of 1.0 indicates that a time-

series data is perfectly harmonic. Six measures of IH were computed, namely, for torso

and pelvis angular displacement in the coronal, transverse, and sagittal planes, respectively.

Three prior consecutive gait cycles and the current gait cycle (total of four consecutive gait

cycles) were used to calculate the IH of the current gait cycle, while the IH of initial three
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gait cycles were calculated only with the gait cycles up to the current gait cycle.

IH =
P0

∑
5
t=0 Pi

(5.1)

where:

P0 = Power spectral density of the fundamental frequency (first harmonic),

∑
5
t=0 Pi = Cumulative sum of power spectral density of the fundamental frequency and

the first five superharmonics.

5.2.4.1 Generalized Classification Algorithm

To account for inherent individual differences in gait patterns, three different models with-

out and with data normalization were developed and assessed. The model with the highest

classification accuracy in identifying load carriage mode and load level was interpreted as

the most generalizable model.

(1) Original model (Original): eighteen kinematic parameters (six measures of torso

and pelvis postural sway, six measures of peak torso and pelvis acceleration, and six

measures of thoracic-pelvic coordination) and six IH measures were included in this

model in their original form, i.e., without normalization.

(2) Normalized model relative to unloaded gait (Rel-NL): Six torso and pelvis postural

sway measures and six peak torso and pelvis acceleration measures were expressed

as the percent change from each individual’s average unloaded gait parameters using

Equation 5.2. Coordination and IH measures were included without normalization.

X(i)relative(%) =
X(i)−Xnoload

Xnoload
∗100 (5.2)

where:
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X(i) relative = Percent change in gait parameter at gait cycle i,

X(i) = Gait parameter at gait cycle i,

Xno load = Average gait parameter across gait cycles in a no-load condition for each

participant.

(3) Normalized model relative to anthropometry (Rel-Anthro): eight gait parameters

were normalized to each individual’s anthropometry. Torso and pelvis postural sway

and peak acceleration measures in transverse plane were normalized by each individ-

ual’s hip breadth (401.6 ± 32.6 mm, range: 334.0 - 460.0 mm) while the same four

measures in coronal plane were normalized by each individual’s functional low-back

strength (265.8 ± 909.7 N, range: 265.8 N to 909.7 N). Remaining measures were

included without normalization.

5.2.5 Algorithm to Classify Lifting-Lowering Height, Hand Mode,

and Load Level

5.2.5.1 Classification Model Structure

Lowering (or bending if empty-handed) and lifting (or rising if empty-handed) phases were

detected using a custom lifting-lowering detection algorithm described in Appendix F. A

hierarchical three-stage statistical algorithm was developed for classifying lifting intensity

level sequentially, i.e., height (floor vs. knee), hand mode (i.e., 1H: 1H-R or 1H-L vs.

2H-Anterior), and load level (i.e., Low: no-load and 4.5 kg vs. High: 13.6 kg and 22.7

kg), as depicted in Figure 5.4. Separate models were developed for lifting and lowering,

and for each stage (i.e., H, M1 and M2, and L1 to L4; circles in Figure 5.4) based on the

underlying hypothesis that the effects of load magnitude differs by the height and mode

of lifting-lowering. Trials from three symmetricity conditions were aggregated, however

symmetricity was not an outcome of the classification.
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Predictors

Floor Knee

1-hand 2-hand 1-hand 2-hand

Low High

Stage 3
Load level

Stage 2
Hand mode

Stage 1
Height H

M1

Low High Low High Low High

M2

L1 L2 L3 L4

Figure 5.4: Hierarchical structure of the classification model for lifting and lowering inten-
sity. Separate classification models were developed for each stage. For example, model-H
for classifying height condition (floor vs. knee) and model M1 was developed for classify-
ing hand mode (1H vs. 2H) for a predicted lifting height at floor-level. Load magnitudes of
0 kg (no-load) and and 4.5 kg were categorized as a Low load level, while the 13.6 kg and
22.7 kg load magnitudes were categorized as a High load level.

5.2.5.2 Predictor Variables

A comprehensive review of the lifting literature (e.g., [220, 221, 224, 225]) identified 23

kinematic variables associated with different tasks variables (e.g., load magnitude, distance,

mode) and used as potential predictors in this study. The 23 potential predictors consisted

of two temporal parameters of the lifting phases, seven measures of postural ROM, three

measures of peak postural angles, three measures of peak angular velocity, three measures

of peak acceleration, two measures of jerk RMS, and three measures of intersegment co-

ordination (Table 5.2). Inclination angles corresponding to sagittal flexion-extension and

lateral bending in Table 5.2 were calculated from inertial sensor data using the sensor fu-

sion algorithm with a modified linear Kalman filter presented by Chen at al. [226]. Postural

angles during the reference standing posture were subtracted from the dynamic postural an-
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gles calculated at each time frame of the lifting-lowering task, and the range (max - min) of

angle values was calculated to obtain the ROM. Predictor variables were selectively chosen

for each model based on a variable selection process. First, importance of variables in each

model was tested using the Random Forests-based variable selection method implemented

in the statistical package VSURF v.1.0.4 [227] in R v.3.3.1 (R core team). Second, pairwise

correlation analysis was performed to identify pairs of highly correlated variables within

the selected variable set for each model identified from the previous step. For variable pairs

that were highly correlated (i.e., |R| > 0.8), the variable of lower importance was discarded

to avoid multi-collinearity. Table 5.2 lists the final selection of predictor variables with a

check-mark (X) corresponding to the classification model.

5.2.5.3 Generalized Classification Algorithm

Similar to carrying classification algorithms, three algorithms with and without normalized

predictors were tested for lifting and lowering task.

(1) Original model (Original): Lifting and lowering parameters in Table 5.2 were used

in their original for, i.e., without normalization.

(2) Normalized model relative to unloaded bending and rising (Rel-NL): lifting and

lowering parameters were expressed as the percent change from each persons average

no-load rising (or bending) parameters using Equation 5.2, where X(i)relative is the

percent change in lifting parameter at i, X(i) is the measured lifting parameter at i, and

Xnoload is the average lifting-lowering parameter across two repetition of symmetric

empty-handed rising (or bending) for each participant.

(3) Normalized model relative to unloaded bending-rising and anthropometry (Rel-

NL & Anthro): Lifting-lowering duration was divided by each individual’s stature.

Postural ROM and peak angular velocity measures were normalized by the average
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Table 5.2: List and definitions of kinematic parameters calculated from the inertial sensor data for each lifting and lowering phase.
Lifting-lowering parameters were selectively used in different classification models, namely, models H, M1, M2, L1 to L4 in Figure 5.4)
and identified by a X .

Parameter Definition Classification Models
Height Hand Mode Load Level

H M1 M2 L1 L2 L3 L4
Temporal parameters (2 nos.)
1 Lifting or lowering duration (sec) Duration of lifting or lowering phase X X X X

2 Hip-knee midpoint difference (%) Midpoint = normalized time (100%) at which half of the change has occured
[220, 221, 224] during lifting or lowering. Hip-knee midpoint difference =
Hip midpoint - knee midpoint. This measures the coordination between hip
and knee regardless of the changes in the absolute lifting/lowering time

X X

Postural ROM (7 nos.)
3 ROM at torso, sagittal flexion (◦) Range of sagittal flexion angle measured at T6 X

4 ROM at pelvis, sagittal flexion (◦) Range of sagittal flexion angle measured at S1 X X

5 ROM at lumbar, sagittal flexion (◦) Range of sagittal flexion angle measured as (torso flexion - pelvis flexion) X

6 ROM at hip, sagittal flexion (◦) Range of sagittal flexion angle measured as (180◦- pelvis inclination - right
thigh inclination)

X

7 ROM at knee, sagittal flexion (◦) Range of sagittal flexion angle measured as (180◦- right thigh inclination -
right shank inclination)

X

8 ROM at torso, lateral bending (◦) Range of lateral bending angle measured at T6 X

9 ROM at pelvis, lateral bending (◦) Range of lateral bending angle measured at S1 X

Peak postural angles (3 nos.)
10 Peak sagittal flexion at torso (◦) Maximum sagittal flexion angle measured at T6 X X

11 Peak sagittal flexion at hip (◦) Maximum sagittal flexion angle measured as (180◦- pelvis inclination - right
thigh inclination)

X X

12 Peak sagittal flexion at knee (◦) Maximum sagittal flexion angle measured as (180◦- right thigh inclination -
right shank inclination)

X X

Peak torso and pelvis angular velocity (3 nos.)
13 Peak angular velocity at torso in the sagittal

plane (◦/s)
Maximum angular velocity measured at T6 in the sagittal plane X

14 Peak angular velocity at torso in the coronal
plane (◦/s)

Maximum angular velocity measured at T6 in the coronal plane X X

15 Peak angular velocity at pelvis in the
coronal plane (◦/s)

Maximum angular velocity measured at S1 in the coronal plane X X
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Table 5.2 – continued from previous page
Parameter Definition Classification Models

Height Hand Mode Load Level
H M1 M2 L1 L2 L3 L4

Peak torso and pelvis acceleration (3 nos.)
16 Peak acceleration at torso in the vertical

plane (◦/s2)
Maximum linear acceleration measured at T6 in the vertical plane X X X X

17 Peak acceleration at pelvis in the vertical
plane (◦/s2)

Maximum linear acceleration measured at S1 in the vertical plane X X

18 Peak acceleration at pelvis in the coronal
plane (◦/s2)

Maximum linear acceleration measured at S1 in the coronal plane X

Jerk RMS (2 nos.)
19 Jerk RMS at torso (◦/s3) RMS amplitude of jerk calculated as the first derivative of T6 acceleration

during the lifting and lowering. A lower jerk is an indicative of a smoother
lifting pattern [221, 225].

X

20 Jerk RMS at pelvis (◦/s3) RMS amplitude of jerk calculated as the first derivative of S1 acceleration
during the lifting and lowering.

X X X X

Postural coordination (3 nos.)
21 Mean thoracic-pelvic coordination in the

sagittal plane (◦)
Mean relative phase angle between T6 and S1 (pelvic phase angle - thoracic
phase angle) in the sagittal plane. Phase angle (t) = arctan (normalized
angular velocity (t)/normalized integrated angular velocity (t).

X X

22 Mean hip-knee coordination in the sagittal
plane (◦)

Mean relative phase angle between hip and knee (hip phase angle - knee
phase angle) in the sagittal plane.

X X X

23 RMS hip-knee coordination in the sagittal
plane (◦)

RMS relative phase angle between hip and knee (hip phase angle - knee
phase angle) in the sagittal plane.

X
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low back moment calculated for lifting and lowering duration based on participant’s

estimated upper body mass (i.e., Head, arms, and trunk; HAT), torso inclination

(from the T6 inertial sensor), and stature, i.e., the low back moment from postural

load alone, and not external hand load which was considered as unknown.

5.2.6 Evaluating Model Performance

The performance of the load carriage, lifting, and lowering intensity classification algo-

rithms were evaluated separately using hold-out validation tests repeated 20 times. In each

iteration, data from 2 randomly selected participants were set aside for model assessment,

while data from the remaining 25 participants were used for training the model. Average

prediction accuracy, sensitivity, and precision measures were computed as follows for as-

sessing and comparing models across normalization technique:

• Average prediction accuracy = [# true positives + # true negatives] / [# total walk

trials],

• Sensitivity = [# true positives] / [# total positives], and

• Precision = [# true positives] / [# true positives + # false positives]).

5.3 Results

5.3.1 Model Performance: Carrying Mode and Load Level

A total of 702 walk trials were obtained across all participants (27 participants x (No-load

+ 12 loaded conditions per participant) x 2 walk trials per condition). A total of 4994 gait

cycles were recorded across all participants with an average ± SD of 7.1 ± 1.0 gait cycles

(range: 5 to 11) in each repetition of the walk trials.

Table 5.3 summarizes the average classification accuracies (%) from the 20 hold-out

validation tests stratified by the three different generalized algorithms, namely, Original,
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Table 5.3: Summary of the carrying mode and load level classification accuracy (%) com-
paring three different generalized algorithms. Results from the twenty repetitions of the
hold-out validation tests were averaged for each model (N=27).

Models Classification accuracy (%)
Original Rel-NL Rel-Anthro

M1: Mode 74.5 80.2 75.7
L1: Load, @1H-R 89.4 91.8 86.5
L2: Load, @1H-L 90.5 91.4 89.8
L3: Load, @2H-Side 85.4 86.6 83.4
L4: Load, @2H-Anterior 86.5 85.1 83.2

Rel-NL, and Rel-Anthro. Overall, the Rel-NL algorithm outperformed the Original and Rel-

Anthro models in discerning different modes and load levels in load carriage except for the

load prediction model for 2H-Anterior (model L4 in Table 5.3).

For further insight into the Rel-N algorithm, Table 5.4 and Table 5.5 present the confu-

sion matrices for the classification of carrying mode and load level respectively. Sensitivity

and precision of each model in this algorithm is also graphically summarized in Figure 5.5.

The classification model for mode (model M) yielded low sensitivities of 67.5% and 63.3%

for separating the 1H-R and 1H-L from other carrying modes, respectively. Among models

for classifying load level, sensitivity of low load level was degraded at model L3 and L4

implying high rate of false negatives, or that the model overestimated the loads as high in

about 1/3rd of cases in the 2H-Side and 2H-Anterior conditions. Precision of all load level

classification models exceeded 84.0% indicating that models performed well at avoiding

false positives.

5.3.2 Model Performance: Lifting and Lowering Height, Hand Mode,

and Load Level

A total of 3120 trials were obtained for the lifting and lowering task across all participants

(26 participants x (6 unloaded + 54 loaded conditions per participant) x 2 trials per con-

dition) after excluding one participant’s data due to instrumentation error. Table 5.6 sum-
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Table 5.4: Confusion matrix summarizing the classification result for carrying modes
across all of the walk trials in the Rel-NL model (N=27), where No-load = empty-handed
reference condition, 1H-R = one-handed right carry, 1H-L = one-handed left carry, 2H-Side
= two-handed side carry, 2H-Anterior = two-handed anterior carry.

M1: Mode
Predicted Carrying Mode Total SensitivityNo-load 1H-R 1H-L 2H-Side 2H-Anterior Walk Trials

No-load 75 0 1 3 1 80 93.8%
Actual 1H-R 0 162 51 26 1 240 67.5%
Carrying 1H-L 0 27 152 54 7 240 63.3%
Mode 2H-Side 2 16 5 215 2 240 89.6%

2H-Anterior 0 2 0 8 230 240 95.8%
Total Walk Trials 77 207 209 306 241 1040
Precision 97.4% 78.3% 72.7% 70.3% 100%

Table 5.5: Confusion matrices summarizing the classification results for load level for each
predicted carrying load level in Rel-NL model (N=27): Low = 4.5 kg, High = 13.6 kg and
22.7 kg.

L1: Load, @1H-R
Predicted Load Level Total SensitivityLow High Walk Trials

Actual Load Level Low 50 11 61 82.0%
High 6 140 146 95.9%

Total Walk Trials 56 151 207
Precision 89.3% 92.7%

L2: Load, @1H-L
Predicted Load Level Total SensitivityLow High Walk Trials

Actual Load Level Low 56 11 67 83.6%
High 7 135 142 95.1%

Total Walk Trials 63 146 209
Precision 88.9% 92.5%

L3: Load, @2H-Side
Predicted Load Level Total SensitivityLow High Walk Trials

Actual Load Level Low 67 31 98 68.4%
High 10 198 208 95.2%

Total Walk Trials 77 229 306
Precision 87.0% 86.5%

L4: Load, @2H-Anterior
Predicted Load Level Total SensitivityLow High Walk Trials

Actual Load Level Low 53 29 82 64.6%
High 7 152 159 95.6%

Total Walk Trials 60 181 241
Precision 88.3% 84.0%
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Figure 5.5: Graphical representation of the classification model for load carriage mode and
load level for the algorithm with highest prediction accuracy (i.e., Rel-NL). Numbers next
to each box represent sensitivity (%, above) and precision (%, below) in distinguishing that
outcome class from the parent model (i.e., circles labelled M, L1 to L4). Sensitivity and
precision values below 70% are indicated in red.

marizes the classification accuracy (%) across different generalized algorithms for lifting

and lowering, separately. The three generalized algorithms performed similarly in terms of

classification accuracy for both, lifting and lowering. The algorithm with Original variables

was selected due to is simplicity.

For further insight into the classification algorithm with Original variables, Table 5.7

and Table 5.8 present the confusion matrices for lifting and lowering by height, hand mode,

and load level classification models. Sensitivity and precision were calculated for the Origi-

nal lifting and lowering algorithm are also summarized in Figure 5.6. Classification models

for height (model H) and hand mode (models M1 and M2) showed higher sensitivity and

precision compared to the classification models for load level (models L1 to L4). In the

algorithm for the lowering task, model for classifying load level in the 1H-L condition (i.e.,

model L2) yielded low precision value (< 70%) in identifying low load level.
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Table 5.6: Summary of the lifting and lowering height, hand mode, and load level classifi-
cation accuracy (%) comparing three different generalized algorithms. Results from twenty
repetitions of the hold-out validation tests were averaged for each model (N=26).

1. Lifting
Models Classification accuracy (%)

Original Rel-NL Rel-NL & Anthro
H: Height 97.7 97.8 97.8
M1: Hand mode, @floor height 92.5 88.2 85.3
M2: Hand mode, @knee height 95.3 95.2 92.3
L1: Load, @1-handed, floor height 84.7 82.0 81.1
L2: Load, @2-handed, floor height 86.3 83.0 82.5
L3: Load, @1-handed, knee height 85.8 83.8 83.1
L4: Load, @2-handed, knee height 79.8 78.2 79.7

2. Lowering
Models Classification accuracy (%)

Original Rel-NL Rel-NL & Anthro
H: Height 97.4 97.9 98.0
M1: Hand mode, @floor height 90.5 91.9 87.2
M2: Hand mode, @knee height 95.0 95.3 94.1
L1: Load, @1-handed, floor height 83.5 79.1 78.1
L2: Load, @2-handed, floor height 78.1 75.6 74.9
L3: Load, @1-handed, knee height 89.5 85.2 85.3
L4: Load, @2-handed, knee height 83.6 82.6 82.7

5.4 Discussion

Quantifying physical exposures in MMH tasks can be challenging in non-routinized work

settings where load magnitudes, repetitions, and task durations differ between workers and

within worker across time. This study developed and assessed statistical algorithms for

predicting categorical intensity level of load carriage, and lifting and lowering tasks in

a cohort of women and men across a broad spectrum of age, body mass, and functional

strength.

5.4.1 Statistical Classification of Carried Load Intensity

The statistical algorithm for classifying carried load level implemented a two-stage hier-

archical model structure, similar to the previous chapter 4, where the carrying mode was

classified first followed by classification of load levels within mode. However, the present

study improves upon the preliminary load classification algorithm in the previous chapter
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Table 5.7: Confusion matrices summarizing the classification results for height, hand mode,
and load level for lifting using the classification algorithm with Original variables (N = 26),
where 1H = 1-handed right and left combined, 2H = 2-handed anterior, Low = no-load and
4.5 kg, and High = 13.6 kg and 22.7 kg. load magnitudes.

H: Height
Predicted Height Level Total SensitivityFloor Knee Lifting Trials

Actual Load Level Floor 2826 80 2906 97.2%
Knee 54 2800 2854 98.1%

Total Lifting Trials 2880 2880 5760
Precision 98.1% 97.2%

M1: Hand mode, @floor height
Predicted Hand Mode Total Sensitivity1H 2H Lifting Trials

Actual Hand Mode 1H 1812 109 1921 94.3%
2H 108 851 959 88.7%

Total Lifting Trials 1920 960 2880
Precision 94.4% 88.6%

M2: Hand mode, @knee height
Predicted Hand Mode Total Sensitivity1H 2H Lifting Trials

Actual Hand Mode 1H 1850 65 1915 96.6%
2H 70 895 965 92.7%

Total Lifting Trials 1920 960 2880
Precision 96.4% 93.2%

L1: Load, @1-handed, floor height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 825 159 984 83.8%
High 135 801 936 85.6%

Total Lifting Trials 960 960 1920
Precision 85.9% 83.4%

L2: Load, @2-handed, floor height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 397 47 442 89.4%
High 85 433 518 83.6%

Total Lifting Trials 480 480 960
Precision 82.3% 90.2%

L3: Load, @1-handed, knee height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 837 150 987 84.8%
High 123 810 933 86.8%

Total Lifting Trials 960 960 1920
Precision 87.2% 84.4%

L4: Load, @2-handed, knee height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 392 106 498 78.7%
High 88 374 462 81.0%

Total Lifting Trials 480 480 9660
Precision 81.7% 77.9%
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Table 5.8: Confusion matrices summarizing the classification results for height, hand mode,
and load level for lowering using the classification algorithm with Original variables (N =
26), where 1H = 1-handed right and left, 2H = 2-handed anterior, Low = no-load and 4.5
kg, and High = 13.6 kg and 22.7 kg. load magnitudes.

H: Height
Predicted Height Level Total SensitivityFloor Knee Lifting Trials

Actual Load Level Floor 2816 88 2904 97.0%
Knee 64 2792 2856 97.8%

Total Lifting Trials 2880 2880 5760
Precision 97.8% 96.9%

M1: Hand mode, @floor height
Predicted Hand Mode Total Sensitivity1H 2H Lifting Trials

Actual Hand Mode 1H 1763 117 1880 93.8%
2H 157 843 1000 84.3%

Total Lifting Trials 1920 960 2880
Precision 91.8% 87.8%

M2: Hand mode, @knee height
Predicted Hand Mode Total Sensitivity1H 2H Lifting Trials

Actual Hand Mode 1H 1830 55 1885 97.1%
2H 90 905 995 91.0%

Total Lifting Trials 1920 960 2880
Precision 95.3% 94.3%

L1: Load, @1-handed, floor height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 802 158 960 83.5%
High 158 802 960 83.5%

Total Lifting Trials 960 960 1920
Precision 83.5% 83.5%

L2: Load, @2-handed, floor height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 335 65 400 83.8%
High 145 415 560 74.1%

Total Lifting Trials 480 480 960
Precision 69.8% 86.5%

L3: Load, @1-handed, knee height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 861 102 963 89.4%
High 99 858 957 89.7%

Total Lifting Trials 960 960 1920
Precision 89.7% 89.4%

L4: Load, @2-handed, knee height height
Predicted Load Level Total SensitivityLow High Lifting Trials

Actual Load Level Low 380 57 437 87.0%
High 100 423 523 80.9%

Total Lifting Trials 480 480 9660
Precision 79.2% 88.1%
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Figure 5.6: Graphical representation of the lifting and lowering classification results in
terms of sensitivity and precision from the algorithm using Original variables. Numbers
near each box represent sensitivity (%, top) and precision (%, bottom) in distinguishing
that class from the preceding model (denoted using circles). Sensitivity or precision values
below 70% are colored in red.
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in two important aspects. First, the present study recorded gait data from a more diverse

study sample to build and assess the statistical model, compared to the previous chapter

4 that was limited to a small homogeneous participant sample (N = 9 men). Second, the

present study predicted load levels in terms of a range of absolute load magnitudes (i.e., low

load: 0 to 4.5 kgs, high load: 13.6 to 22.7 kgs) which is easier to interpret compared to the

previously developed algorithm which relied on load magnitudes normalized to individual

carrying capacity (e.g., 50% maximum acceptable weight carried; MAWC).

To address the large variability between participant anthropometry and effects of differ-

ent absolute load magnitudes this study also compared different approaches to normalizing

the model predictors. The performance of load carriage mode and load level classification

algorithm marginally increased when the postural sway and acceleration measures were

normalized to no-loaded gait kinematics (i.e., the Rel-NL model) compared to either using

normalized by anthropometry (Rel-Anthro) or using measures in their original form with-

out normalizing (Original). Similar to the preliminary algorithm, thoracic and pelvic range

of motion and thoracic-pelvic coordination remained important predictors in classifying

carrying mode and relative load level. In the Rel-NL model, the accuracy of classifying

carrying mode was 80.2% and load levels averaged across the 4 modes was 88.7%, com-

pared to 96.9% and 93.1% in the previous chapter 4, respectively. The notable decrease

in classifying mode was largely due to decreased sensitivity in identifying the 1H-R and

1H-L modes. This issue may be addressed by inclusion of predictors related to bilateral

asymmetry to improve sensitivity in separating the 1H-R and 1H-L modes, or in some ap-

plications combining both these modes in to one outcome class (i.e., 1H-Side vs. 2H-Side

vs. 2H-Anterior).

5.4.2 Statistical Classification of Lifting and Lowering Intensity

The classification algorithm for load level during lifting-lowering implemented a three-

stage hierarchical model structure where the lifting height was classified first followed by
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hand mode, and then classification of load levels within mode. There was no noticeable

difference between different generalized algorithms in the lifting and lowering classifica-

tion algorithms suggesting kinematic patterns across participants did not differ substan-

tially. The algorithm with variables in their Original form was picked due to its simplicity.

The accuracy of classifying lifting height, mode, and load levels were 97.7%, 93.9%, and

84.2%, respectively. The accuracy of classifying lowering height, mode, and load levels

were 97.4%, 92.8%, and 83.7%, respectively. Overall the algorithm was accurate in pre-

dicting height and mode; however, the algorithm displayed some confusion in identifying

low load condition during lowering (i.e., evident in the decreased precision for low load in

Figure 5.6).

5.4.3 Study Limitations

A few key limitations of the current study are worth discussing. One limitation stems from

the fact that the tasks were standardized in a laboratory environment with well-defined task

onset and offset events. Improving the applicability of the presented algorithm to applied

settings would require procedures to also detect task onset and offset to construct a timeline

of the task with fine resolution or time increments. The gait detection algorithm (Step 1)

used in this study implements a robust detection of the start and end of walking, so the

duration of the walking (either unloaded or loaded) can be accurately estimated. Similarly

algorithms for detecting lifting and lowering would be needed. This issue is addressed in

the next Chapter 6.

Second, the algorithm only considered outcome classes for load levels representing low

loads (0 to 4.5 kg) and high loads (13.6 kg to 22.7 kg). To ensure continuity in possible

load magnitudes, a medium load condition, e.g., 9.1 kg (20 lbs.) could be added to address

the scenario where the load magnitude during lifting-lowering or carrying was neither low

nor high. For example, although not included in model development, a total of 936 trials

were also recorded using a load of 9.1 kgs representing a medium load for each lifting and
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lowering task across all participants (N = 26). Figure 5.7 plots the probability obtained

from the classification algorithm for each trial belonging to the predicted high load level

in one example scenario, namely a 1-handed floor lift. For a binary outcome (e.g. low

vs. high load) the decision boundary is typically set at a probability of 0.5, i.e., any trial

with a resultant probability greater than 0.5 is classified as high load while a probability

lower than 0.5 is classified as low. In Figure 5.7, measurements from the medium load

level condition were spread over the range of 0 and 1.0. To ensure continuity in possible

load magnitudes, an intermediate range of probabilities, 0.375 ≤ p ≤ 0.625 (shown as

red vertical lines in Figure 5.7) was defined to categorize measurements as belonging to

a medium load level, if not predicted strongly as a low (p < 0.375) or high (p > 0.625)

load level. While presented a initial solution, further improvements to the algorithm could

leverage specific statistical techniques (e.g., ROC curves) to determine an optimal range of

probabilities for such medium load levels.

This study did not address the effects of cumulative fatigue on gait and lifting-lowering

kinematics from long duration exposures. Each trial was randomized to avoid any carry-

over effect of fatigue and also the total duration of the simulated MMH tasks was shorter

(i.e.,∼ 1 1/2 hours) compared to manual handler’s regular work shift (∼ 8 hours). Partici-

pants were also selected based on their prior and current health condition with only asymp-

tomatic healthy participants without a prior history of back surgery and asymptomatic of

back pain were included. Further studies are needed to improve the applicability of the

algorithm to occupational settings.

5.4.4 Contributions and Implications for Practice

Wearable sensing technology combined with predictive modeling has the potential to ad-

vance the science of field-based exposure assessment by providing information about work

content beyond just quantifying worker postures. The present study is unique in its ap-
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Figure 5.7: Probability of each measurement belonging to the high load level in a two-
class random forest model (Low vs. High), when lifting (top panel) and lowering (bottom
panel) from/to floor height in a one-handed hand mode. Two decision boundaries (0.375
and 0.625, red lines) were drawn to create a medium load level between the low (p< 0.375)
and high (p > 0.625) level outcome classes.

proach to quantifying external loads by combining wearable inertial sensing and predictive

modeling. The algorithm presented can potentially be used in applied settings where the

magnitude of hand loads vary throughout a work-shift or is difficult to directly measure

in field settings. In such situations, the predicted load levels combined with postural data

can be used as inputs to a biomechanical model to estimate cumulative physical exposures

(e.g., spinal loads, joint moments) towards quantifying the risk of occupationally-relevant

low back disorders.

Multiple previous studies have used inertial sensors and predictive modeling to classify

different types of activities (e.g., walking vs. sitting [67, 75, 78, 79]), however few studies

have delved into predicting task intensity within a specific activity (i.e., relative changes

in load within the same task). Studies that have focused on estimating lifting intensity
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relied on some form of force measurement in addition to inertial sensing, such as EMG

[77] and insole pressure sensors [25]. The present study is novel in that the developed

algorithm does not rely on direct force measurement, but instead leverages biomechanical

relationships between external loads on movement kinematics and intersegment coordi-

nation during manual load carriage and lifting-lowering. This information helped inform

and reduce the number of feature vectors used in developing classification algorithm and

potentially increase prediction accuracy, compared to using raw (unprocessed) sensor data

directly.

Limiting the number and types of body worn sensors is a critical aspect of wearability in

applied settings. The current study investigated the ability to classify task intensities (e.g.,

load level, lifting height) using four commercial wearable measurement systems. Three

sensors (T6, S1, along with right shank for gait detection) were used for classifying load

carriage, and four sensors (T6, S1, and right thigh and shank) for lifting-lowering. This

marks a stark improvement over prior studies that have used ANNs to identify MMH task

types (not load levels) relying on up to 17 body-worn inertial sensors [78]. New forms

of wearable sensing embedded in smart clothing, e.g., [112], will further improve the

wearability and potential acceptability of wearable inertial sensing in occupational settings.

5.5 Conclusion

This chapter presented algorithms for combining wearable inertial sensing and statistical

prediction to classify intensity level during load carriage, and lifting and lowering tasks.

The prediction models were developed and assessed in a cohort of women and men across a

broad spectrum of age, body mass, and functional strength. Separate classification models

were developed for predicting binary load levels (i.e., low: 0 to 4.5 kgs. vs. high: 13.5

to 22.7 kgs) in manual load carriage, lifting, and lowering using inertial-sensor derived

kinematic measures as predictors, with classification accuracy exceeding 80% in all levels
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of the model. Collectively, these findings demonstrate the potential for combining wearable

inertial sensing with statistical prediction to quantify biomechanical exposures in manual

material handling work.

The algorithms presented can potentially be used in applied settings where the magni-

tude of hand loads vary throughout a work-shift or is difficult to directly measure in field

settings. In such situations, the predicted load levels combined with postural data could

be used as inputs to a biomechanical model to estimate cumulative physical exposures

(e.g., spinal loads, joint moments) towards quantifying the potential risk of occupationally-

relevant low back disorders. Further investigation is also needed to test the generalizability

of the model across different MMH work conditions. Towards this objective, the subse-

quent Chapter 6 extends the presented statistical classification algorithm into a framework

for quantifying continuous biomechanical exposures in a simulated non-repetitive MMH

job involving continuous load carriage and lifting-lowering.
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CHAPTER 6

Inertial Sensor-Based Biomechanical Exposure

Assessment: Preliminary Framework

Implementation

The previous Chapter 5 addressed statistical classification of load levels during load car-

riage and lifting-lowering in a study cohort diverse in age, BMI, and functional strength.

However, the analyses were limited to standalone carrying, lifting, and lowering tasks (i.e.,

each task repetition was performed in a discrete manner independent of other tasks). This

chapter incorporated the developed algorithms into a framework implementation for inertial

sensor-based biomechanical exposure assessment to analyze continuous material handling

job cycles with different load magnitudes representing more realistic non-routinized work

conditions. Algorithms for detecting MMH tasks (i.e., start-end of load carriage, lifting,

lowering) using deterministic thresholds, and statistical classification models for predicting

load levels during carriage, lifting, and lowering (developed in Chapter 5) were combined

to estimate cumulative spinal compressive loads as a measure of low back disorder risk

using a simple biomechanical link-segment analysis. A preliminary implementation of the

framework was assessed in a laboratory study by comparing detected task types, durations,

and predicted load levels to corresponding measures obtained from video-based observa-
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tional analysis.

6.1 Introduction

Prior studies have documented a biomechanical pathway between lifting and carrying

heavy loads and the increased risk of low back disorders [2, 130, 215, 216]. The cumu-

lative trauma model provides one explanation for why musculoskeletal disorders are often

work-related stemming from repeated and long duration of forceful exertions performed

throughout the workday. The cumulative trauma model assumes injury results from the

accumulated effect of transient external loads that in isolation may be not exceed internal

tissue tolerances. Exposures from repetitive and/or prolonged duration cause cumulative

compressive and shear loading on the spine such that the internal tolerances of tissues are

eventually exceeded. Strong associations between biomechanical factors (e.g., load mag-

nitude, load moment or load location, duration and repetitions) and the risk of low back

disorder are evident in non-routine jobs including patient handling [7, 8, 9, 10], material

handling in construction sites [11], distribution centers and ware-housing operations [12],

and team lifting [13]. Thus, assessing the risk of work-related cumulative trauma disorders

requires cumulative measures of biomechanical exposures.

Contemporary uses of inertial sensing in assessing biomechanical exposures during

manual tasks have largely focused on postural analysis including the quantification of in-

tensity (i.e., deviations from neutral, angular speed of movements), repetitions (frequency),

and duration (i.e., sustained non-neutral postures) of postures in manual tasks (Chapter 2).

However, this approach lacks information about the other biomechanical factors associ-

ated with work-related low back disorder risk, including the type of task being performed

and the location and magnitude of loads handled, which are essential in order to identify

problematic tasks and introduce targeted interventions. Not surprisingly, field-studies with

inertial sensing also include other forms of direct measurements (e.g., EMG [77], pressure

mapping insoles [25], instrumented shoes [26], instrumented gloves [27]) or observational
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methods (e.g., [19]) to quantify biomechanical risk factors related to external forces and/or

loads. The previous chapters 4 and 5 and a few other studies (e.g., [75, 76, 77, 78]) demon-

strate the potential for leveraging predictive modeling methods to estimate the type of work

task and intensity from wearable sensor data.

The aim of this study was to implement and assess an algorithmic framework for biome-

chanical exposure assessment that leverages kinematic information obtained from body-

worn inertial sensor. The framework uses continuous inertial sensor data for detecting

the type of MMH tasks (i.e., load carriage, lifting, and lowering), task duration, and sub-

sequently predicting task conditions within each detected task. Detected task type, task

start-end times, and predicted task conditions were used for estimating spinal compression

forces across time as a proxy measure of work-related low back disorder risk. Task de-

tection and classification performance was assessed in a laboratory experiment comprising

two simulated MMH job cycles differing in load intensity, namely, low (4.5 kg) and high

(22.7 kg) loads handled. Algorithm output were compared with true "gold standard" data

obtained from a video-based task analysis as reference to examine the number of correct

task detection, error in detecting task start times and task durations, and prediction accu-

racy in classifying task condition (i.e., carry mode and load level for load carriage; height,

hand mode, and load level for lifting and lowering).

6.2 Methods

6.2.1 Study Participants

Eight healthy participants (4 men and 4 women) were recruited for the study. Table 6.1

summarizes the anthropometry for each study participant. Participants were screened for

pre-existing back injuries or chronic pain with a body discomfort questionnaire adapted

from the body mapping exercise by NIOSH ([165] for more details). Prior to the study,

participants completed a written informed consent approved by the university’s institutional
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review board.

Table 6.1: Gender, age, stature, body mass, BMI, and low-back lifting strength for each of
the 8 participants in the study sample.

Part ID Gender Age, years Stature, m Mass, kg BMI, kg/m2 Low-back lifting strength, N
P1 M 22 1.82 67.4 20.4 656.1
P2 M 34 1.83 96.6 28.9 909.7
P3 M 45 1.76 75.5 24.3 616.1
P4 M 44 1.85 80.3 23.4 734.0
P5 F 20 1.74 91.3 30.3 411.5
P6 F 32 1.63 67.9 25.6 521.6
P7 F 43 1.64 61.8 23.0 265.8
P8 F 46 1.70 76.8 26.5 668.3

6.2.2 Experiment Procedures

The experiment required participants to perform 2 cycles of a simulated job comprising

combinations of three MMH tasks including load carriage, lifting, and lowering. Low vs.

high intensity job cycles were simulated by carrying, lifting, and lowering a load of 4.5

kg vs. 22.7 kg, respectively. Table 6.2 summarizes the task sequence and detailed task

condition performed for each job cycle. Two lifting zones were positioned at the end of

levelled corridor (10 m length x 1.5 m width) equipped with movable platform 53 cm

high (∼ average knee height). Figure 6.1 depicts the experiment layout. Participants were

allowed to self-select the work pace, and adopt preferred foot placements during lifting and

lowering (i.e., participants did not have to position their feet in specific locations relative to

the load) as long as the specific lifting mode (e.g., one vs. two handed) was followed and

the tasks transitioned from one to the next (i.e., no breaks within a job cycle).

6.2.3 Instrumentation and Data Segmentation

During the simulated job cycles, kinematic data were continuously recorded using four

commercial inertial sensors with a sampling frequency of 80 Hz (BiostampRC, mc10 Inc.,
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Table 6.2: Task sequence and conditions performed in two simulated job cycles comprising
carrying, lifting, and lowering performed either at low load intensity (4.5 kg load) or high
intensity (22.7 kg load).

Intensity
Low High

# Task Hand Mode Load Level Height Hand Mode Load Level Height
1 Lift 2H-Anterior 4.5 kg Knee 2H-Anterior 22.7 kg Knee
2 Carry 2H-Anterior 4.5 kg - 2H-Anterior 22.7 kg -
3 Lower 2H-Anterior 4.5 kg Floor 2H-Anterior 22.7 kg Floor
4 Walk - No-load - - No-load -
5 Lift 1H-R 4.5 kg Floor 1H-L 22.7 kg Knee
6 Carry 1H-R 4.5 kg - 1H-L 22.7 kg -
7 Hold (10 sec) 1H-R 4.5 kg - 1H-L 22.7 kg -
8 Carry 1H-R 4.5 kg - 1H-L 22.7 kg -
9 Lower 1H-R 4.5 kg Floor 1H-L 22.7 kg Floor

Lifting

10 m

station
Lifting
station

Carry

Hold

Figure 6.1: Plan view of the experiment set-up for performing simulated continuous MMH
job cycles described in Table 6.2.

132



Lexington, MA, USA) attached at the sixth thoracic vertebra (T6), the first sacral vertebra

(S1), the superior aspect of the right shank midway between the lateral femoral and malle-

olar epicondyles, and the thigh midway between the hip and lateral femoral epicondyles

(Figure 5.3).

6.2.4 Algorithmic Framework for the Inertial Sensor-Based Biome-

chanical Exposure Assessment

A framework for inertial sensor-based biomechanical exposure assessment was developed

by combining algorithms for threshold-based MMH task detection, statistical prediction

of load carriage and lifting-lowering task condition, and computation of spinal compres-

sion force (Fc) by task condition. The framework was implemented in MATLAB R2016b

(The MathWorks Inc., Natick, MA, USA). Figure 6.2 depicts a graphical overview of the

framework, with the subsequent sections describing each component in detail.

6.2.4.1 MMH Task Detection

Initially, each channel of continuous inertial sensor data (namely raw triaxial accelerome-

ter and gyroscope signal data) was segmented using a moving sliding-window of 1 second

width (80 frames) with 50% overlap. This raw data was used as an input to the MMH task

detection algorithm (Figure 6.2). The next step involved detecting for each time-window

if the person was ambulatory or stationary based on the swing phase of gait. Angular ve-

locity data from the sensor located at the right shank was used to detect a swing motion of

the right leg within each 1-sec time-window. If leg swing was detected, the window was

coded as "ambulatory" and the loop continued until the last swing phase is detected in sub-

sequent windows. Consecutive time-windows with detected swing phase were processed

for continuous gait cycle detection and extraction of gait parameters per gait cycle using

the algorithm previously presented in Chapter 3 and Appendix C.

Time-windows for which a leg swing was not detected, were examined for a lower-

133



Figure 6.2: Flowchart showing the algorithmic framework for the MMH task detection and task condition classification.
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ing (torso flexion) or lifting/rising (torso extension) motion using information about torso

angular velocity and displacement obtained from the inertial sensor at T6 as described in

the algorithm presented in Appendix F. Consecutive time-windows were coded as lifting-

lowering. Once the start of the lifting (or empty-handed bending) was detected, three time-

windows (2-sec of data) immediately before and after the detected lifting were used to

refine the start and end time of the lifting-lowering task. The algorithm then separated

lifting (or rising if empty-handed) and lowering (or torso bending if empty-handed) phases

(Appendix F), followed by computing of kinematic parameters described in Chapter 5.

For the present study, time-windows that were neither detected as ambulatory nor

lifting-lowering were labeled as ’other (noise)’, and excluded from further classification.

6.2.4.2 Statistical Classification of Task Condition and Load Level

Kinematic parameters calculated by task were used as predictor variables in the correspond-

ing classification algorithm for load carriage, lifting, and lowering. Details of the predictor

variables, variable selection, and structure of the classification algorithm were presented in

Chapter 5 and not covered here in interest of brevity.

Outcome classes in the classification algorithm for load carriage included:

• Mode: No-load, 1H-R, 1H-L, 2H-Side, 2H-Anterior,

• Load level: Low (0 to 4.5 kgs.) vs. High (13.6 to 22.7 kgs.).

Outcome classes in the classification algorithm for lifting (similar classes for lowering)

included:

• Lifting-lowering height: floor vs. knee height,

• Mode: 1H vs. 2H,

• Load level: Low (0 to 4.5 kgs.) vs. High (13.6 to 22.7 kgs.).
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6.2.4.3 Computing Low-back Compression Force, Fc

Spinal compression force (Fc) at the L5/S1 intervertebral disc was calculated as a compos-

ite measure of work-related low back disorder risk resulting from cumulative trauma. The

computation used a simple quasi-static biomechanical link-segment model to estimate the

spinal compression force for each window using on information about:

• Posture: the torso and pelvis sagittal flexion angles measured at T6 and S1 locations,

• Load location: horizontal moment arm based on torso length and flexion angle dur-

ing lifting and lowering,

• Load magnitude: mid-value of the predicted load level, namely 2.3 kgs. for low,

and 28.1 kgs. for high load levels,

• Person-specific anthropometry: stature and body mass.

Detailed formulation of the biomechanical analysis is described in Appendix G. For

illustrative purposes, spinal compression forces obtained from the algorithm were plotted

by job cycle as a function of time, and as a cumulative exposure distribution (i.e., amplitude

probability distribution function; APDF). To convey relative risk, the spinal compression

forces were compared to the NIOSH-recommended Action limit of 3.4kN and Maximum

Permissible limit of 6.4kN [228].

6.2.4.4 Assessing the Framework Implementation

Task information obtained from a video-based task analysis of the job cycles performed

by all 8 participants was used as reference "gold standard" data for assessing performance

of the framework implementation. Job cycles performed in the experiment were video-

recorded using two cameras located at each end of the lifting stations in side views, and

a third camera capturing a frontal view of the walking trial. The 3 video files were time-

synchronized and imported into the software program ELAN v5.1 (The Language Archive;
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Figure 6.3) for manual annotation of the start and end of each MMH task, and the specific

task conditions performed.

Figure 6.3: Example screenshot of the Elan software used for annotating the start and end
of MMH tasks and task conditions. Upper left videos show the participant performing a
two-handed lifting task at knee height.

6.2.5 Statistical Analysis

Task start and end time, task type, and specific task condition (i.e., carrying mode and load

level for load carriage; height, hand mode, and load level for lifting and lowering) obtained

from the framework implementation and video-based task analysis were tabulated and com-

pared. Performance measures included the number of correct task detections (categorical

outcome), error in detecting the task start time (i.e., detected vs. true), error in detecting the

task duration time (detected vs. true), and prediction accuracy in task condition (i.e., load

carriage: carry mode and load level; lifting-lowering: height, hand mode, and load level).
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6.3 Results

6.3.1 Exemplar Output from a Low vs. High Intensity Job Cycle

Figure 6.4 and Figure 6.5 depict exemplar output from the implemented framework (Fig-

ure 6.2) for a low vs. high intensity continuous job cycle, respectively, using inertial sensor

data obtained from one sample participant (Part ID: P3). Step 1 (top-panel) depicts the out-

come from the task detection algorithm in identifying carrying, lifting, and lowering from

each 1-sec time-window compared to the reference value from the video analysis. In Step

2, task conditions were predicted within the detected range of time-windows. In the figure,

correct classification of load level are shown in green, while misclassifications highlighted

in red. In Step 3, spinal compression force, Fc, was calculated as a function of time from

information about the participant’s anthropometry (body mass, stature), postural angle (i.e.,

torso sagittal flexion angle) per time window, estimated task duration, and predicted task

conditions.

Table 6.3 summarizes performance for the task detection and classification of task con-

dition from the same 2 job cycles described in Figure 6.4 and Figure 6.5. Correct classifi-

cation of load level are shown in green, while misclassifications highlighted in red. In this

particular example, fewer misclassifications occured in the low intensity (2 of 11) vs. high

intensity job cycle (4 of 11). Origin height for lifting-lowering were correctly classified

with the exception of two misclassifications in the high intensity job cycle.

Figure 6.6 summarizes the estimated Fc as a cumulative exposure distribution. Differ-

ences between true vs. predicted Fc were compared at 50th and 90th percentiles. For the

example depicted, the predicted and true predicted Fc were similar at the 50th percentile in

both low and high intensity job cycles. However, the predicted and true Fc showed some

differences in the 90th percentile. In the low intensity job cycle, the true Fc was lower by

0.2 kN compared to the predicted Fc, indicating an underestimation of Fc due to misclas-

sifications. On the other hand, the true Fc was higher by 0.2 kN compared to the true Fc

138



in the high intensity job cycle, indicating an overestimation of Fc. The dark shaded area

labelled ’External’ in Figure 6.6 depicts the cumulative Fc that could be attributed to the

external hand loads obtained from the load classification algorithm, beyond the ’Internal’

postural load obtained from inertial sensor based torso postures alone. In the low intensity

job cycle, the effect of the additional information from the estimated ’External’ loads was

minimal. However, the difference in spinal loading from ’External’ vs. ’Internal’ loads

increased as the load magnitudes in material handling increased (i.e., handling 22.7 kg of

load) implying a concomitant increase in low back trauma and disorder risk.

6.3.2 Aggregate Performance Across Low vs. High Intensity Job Cy-

cles

A total of 67 load carriages, 64 lifting, and 64 lowering tasks were performed across all

participants and job cycles. Table 6.4 summarizes the performance measures obtained by

comparing the results from the implemented framework to the true value obtained from

video analysis.

6.3.3 MMH Task Detection

In total, 97% (65 of 67) of the load carriage tasks performed were detected. The task

detection algorithm for load carriage had an average delay of 0.42 ± 0.98 sec in detecting

the start of the load carriage across all carrying modes and load conditions. Duration of

load carriage was consistently underestimated by an average of 0.98 ± 1.15 sec.

Lifting and lowering were detected in 89.1% and 90.6% of the cases, respectively. Un-

like load carriage, both lifting and lowering onset times were detected in advance by an

average of 0.12 ± 0.30 sec and 0.24 ± 0.33 sec than the true on average. Lifting and low-

ering durations were underestimated by 0.05 ± 0.49 sec and 0.24 ± 0.58 sec on average

compared to true.
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Figure 6.4: An example MMH task detection and task condition classification results for a low intensity job cycle. For Step 2 on
classifying task intensity (middle panel) blocks colored red indicate misclassified load levels. Li = Lifting. Lo = Lowering.
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Figure 6.5: An example MMH task detection and task condition classification results for a high intensity job cycle. For Step 2 on
classifying task intensity (middle panel) blocks colored red indicate misclassified load levels. Li = Lifting. Lo = Lowering.
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Table 6.3: Example task detection and task condition classification results for low (refer to Figure 6.4) vs. high (refer to Figure 6.5)
intensity job cycles. Correct classifications are indicated in green, while misclassified conditions are highlighted in red with the true task
condition in parenthesis.

1. Low intensity job cycle
Task # Detection Error in task start time (sec) Error in task duration (sec) Height Mode Load Level
Carry 1 X 0.5 -1.5 - 2H-Anterior High (True = Low)
Carry 2 X 1.5 -2.5 - No-Load -
Carry 3 X -0.5 0.5 - 2H-Anterior (True = 1H-R) Low
Carry 4 X 1 -1.5 - 1H-Right Low
Li 1 X 0 0 Knee 2H High (True = Low)
Li 2 X 0 0.5 Floor 1H (True = 2H) Low
Li 3 X 0 0 Floor 1H Low
Li 4 X 0 0 Floor 2H (True = 1H) Low
Lo 1 X -1 1 Knee 2H Low
Lo 2 X 0 -0.5 Floor 1H (True = 2H) Low
Lo 3 X -0.5 0 Floor 1H Low
Lo 4 X 0 -0.5 Floor 1H Low

2. High intensity job cycle
Task # Detection Error in task start time (sec) Error in task duration (sec) Height Mode Load Level
Carry 1 X -0.5 -0.5 - 2H-Anterior High
Carry 2 X 0 -1 - 1H-Left (True = No-Load) -
Carry 3 X 0 -0.5 - 1H-Left High
Carry 4 X 0.5 -2 - 1H-Left High
Li 1 X 0 -0.5 Floor (True = Knee) 1H (True = 2H) High
Li 2 X -0.5 0.5 Floor 2H Low
Li 3 X 0 -1 Knee 1H Low (True = High)
Li 4 X -0.5 0 Floor 1H High (True = Low)
Lo 1 X -1 0.5 Floor (True = Knee) 1H (True = 2H) High (True = Low)
Lo 2 X -0.5 0.5 Floor 1H (True = 2H) High
Lo 3 X 0 -0.5 Knee 1H Low
Lo 4 X -0.5 0 Floor 1H Low (True = High)
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Figure 6.6: Cumulative spinal compression force, Fc, estimated for low (top) vs. high
(bottom) intensity job cycle. "Internal" corresponds to Fc attributed to the postural load
due to mass of the head, arms and torso. "External" corresponds to Fc attributed to the
predicted external load. True corresponds to Fc computed using reference data from video
analysis, i.e., without misclassifications.
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Table 6.4: Summary performance measures of the Load carriage, lifting, and lowering detection and task condition classification (N=8).

True carrying condition Carry Carry start time (sec) Carry duration (sec) Classification accuracy (%)
Mode Load detection (%) Error (Mean ± SD) MAE Error (Mean ± SD) MAE Mode Load

No–Load - 18 of 19 (94.7) 0.86 ± 1.50 1.03 -1.61 ± 1.58 1.67 12 of 18 (66.7) -
1H-R Low 16 of 16 (100) 0.47 ± 0.67 0.66 -0.88 ± 0.79 1 11 of 16 (68.8) 16 of 16 (100)
1H-L High 15 of 16 (93.8) 0.13 ± 0.52 0.47 -0.53 ± 0.88 0.73 15 of 15 (100) 15 of 15 (100)

2H-Anterior Low 8 of 8 (100) 0.25 ± 0.53 0.38 -1.12 ± 0.58 1.12 8 of 8 (100) 5 of 8 (62.5)
High 8 of 8 (100) 0.06 ± 0.78 0.56 -0.44 ± 1.02 0.94 8 of 8 (100) 8 of 8 (100)
Total 65 of 67 (97.0) 0.42 ± 0.98 0.67 -0.98 ± 1.15 1.13 54 of 65 (83.1) 56 of 65 (86.2)

True lifting condition Lifting Lift start time (sec) Lift duration (sec) Classification accuracy (%)
Height Mode Load detection (%) Error (Mean ± SD) MAE Error (Mean ± SD) MAE Height Mode Load
Knee 1H High 6 of 8 (75.0) -0.17 ± 0.26 0.17 -0.38 ± 0.35 0.38 6 of 6 (100) 0 of 6 (0) 4 of 6 (66.7)

2H Low 7 of 8 (87.5) -0.21 ± 0.27 0.21 -0.12 ± 0.69 0.62 5 of 7 (71.4) 5 of 7 (71.4) 5 of 7 (71.4)
High 7 of 8 (87.5) -0.21 ± 0.27 0.21 -0.12 ± 0.749 0.5 7 of 7 (100) 7 of 7 (100) 4 of 7 (57.1)

Floor 1H Low 23 of 24 (95.8) -0.02 ± 0.35 0.24 -0.15 ± 0.65 0.4 20 of 23 (87.0) 12 of 23 (52.2) 8 of 23 (34.8)
2H Low 14 of 16 (87.5) -0.18 ± 0.25 0.18 -0.12 ± 0.47 0.31 14 of 14 (100) 12 of 14 (85.7) 4 of 14 (28.6)

Total 57 of 64 (89.1) -0.12 ± 0.30 0.21 -0.05 ± 0.49 0.33 52 of 57 (91.2) 36 of 57 (63.2) 25 of 57 (43.9)

True lowering condition Lowering Lower start time (sec) Lower duration (sec) Classification accuracy (%)
Height Mode Load detection (%) Error (Mean ± SD) MAE Error (Mean ± SD) MAE Height Mode Load
Knee 1H Low 6 of 8 (75.0) -0.33 ± 0.26 0.33 0 ± 0.32 0.17 6 of 6 (100) 0 of 6 (0) 1 of 6 (16.7)

2H Low 15 of 16 (93.8) -0.10 ± 0.39 0.23 -0.20 ± 0.62 0.53 13 of 15 (86.7) 13 of 15 (86.7) 5 of 15 (33.3)
Floor 1H Low 16 of 16 (100) -0.25 ± 0.26 0.25 -0.16 ± 0.40 0.28 14 of 16 (87.5) 15 of 16 (93.8) 5 of 16 (31.3)

High 7 of 8 (87.5) -0.29 ± 0.39 0.29 -0.07 ± 0.35 0.21 6 of 7 (85.7) 0 0f 7 (0) 4 of 7 (57.1)
2H Low 8 of 8 (100) -0.38 ± 0.35 0.38 -0.12 ± 0.58 0.5 7 of 8 (87.5) 7 0f 8 (87.5) 4 of 8 (50.0)

High 6 of 8 (75.0) -0.25 ± 0.27 -0.25 -0.17 ± 0.41 0.33 6 of 6 (100) 5 of 6 (83.3) 6 of 6 (100)
Total 58 of 64 (90.6) -0.24 ± 0.33 0.28 -0.24 ± 0.58 0.45 52 of 58 (89.7) 40 of 58 (69.0) 25 of 58 (43.1)
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6.3.4 MMH Task Condition Classification

The classification accuracy for load carriage mode and load level were 83.1% and 86.2%,

respectively. These values were comparable to corresponding values from the algorithm

development phase in Chapter 5, namely, 80.2% for carrying mode and 88.7% for load

levels averaged across the 4 modes.

Height classification accuracy in lifting and lowering were 91.2% and 89.4%, which

were 6.5% and 8% lower, respectively, compared to corresponding values from develop-

ment phase in Chapter 5.

Classification accuracy for mode and load levels were substantially lower compared to

the development phase. Specifically, classification accuracy for identifying 1H lifting and

lowering was particularly poor ranging from 0% to 52.2%, with most of these modes cate-

gorized as 2H. The misclassification in 1H mode also decreased the accuracy in predicting

load levels at the next stage, ranging from 16.7% to 66.7% across conditions.

In contrast, classification accuracy for identifying 2H lifting and lowering mode were

consistently high, ranging from 71.4% to 100% across conditions. However, a substantial

number of the 2H lifting and lowering tasks at the low load levels were misclassified as the

high load condition (accuracy ranging from 28% to 71.4%), suggesting that the algorithm

overestimated load level in 2H lifting-lowering.

6.4 Discussion

This study implemented an initial framework for assessing biomechanical exposures in

manual load carriage, lifting and lowering by leveraging continuous inertial sensor-based

kinematic information and predictive modeling. Importantly, the study demonstrates the

potential for combining wearable sensing technology with predictive modeling to advance

field-based exposure assessment by providing information about work content beyond just

quantifying worker postures.

145



A quantitative evaluation of the implemented framework indicated promising results

for detecting load carriage tasks and classifying the carrying mode and load level. Perfor-

mance in the lifting and lowering task were comparatively less remarkable in classifying

load level. However results for lifting-lowering in the 2H mode were more encouraging

than the 1H mode, and provide some impetus for further refinement. Two avenues for im-

provement are proposed. The first pertains to inclusion of predictors related to bilateral

asymmetry to improve sensitivity in separating the 1H-R and 1H-L modes. Second, a more

sophisticated approach to creating normalized models specific to individual anthropometry

may be warranted. The previous Chapter 5 conducted a preliminary study in this regard,

though used a very simple approach to normalizing predictor variables by stature. Admit-

edly, the present evaluation was conducted with only two load levels. Further testing using

a range of different load magnitudes may provide better insights into systematic bias (i.e.,

over vs. under-estimation of load levels) and opportunities for refining the algorithm.

The gait detection algorithm (Step 1) used in this study implemented a robust approach

to detection of the start and end of ambulation. The estimated start times and durations

of ambulation (either unloaded or loaded) were accurate within a mean absolute error of

1 second. The duration of individual lifting and lowering motions were generally very

short (< 1s) and thus the start times and durations have less relevance. Despite the short

durations, 89.1% of the lifting motions and 90.6% of the lowering motions were correctly

detected, i.e., about 10% of the lifting-lowering motions were missed.

This study also attempted to combine the obtained task-specific information into a cu-

mulative measure of biomechanical exposure in the form of cumulative spinal compression

force. The example cases presented showed demonstrable effects of predicted low vs. high

load intensity on cumulative spinal loads. Similar comparisons could be conducted by task

type, time intervals, and across workers. The algorithm presented can potentially be used

in applied settings where the magnitude of hand loads vary throughout a work-shift or is

difficult to directly measure in field settings.
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6.5 Conclusion

This study is the first of its kind to estimate external loads and cumulative biomechani-

cal exposures using inertial-sensor based kinematic data alone. Comparative studies have

all relied on some form of observational or direct measurement approach to quantify the

magnitude of loads handled. Observation methods can be time and cost prohibitive when

applied to non-routinized work. Force measurement instrumentation such as pressure map-

ping insoles [25], instrumented force shoes [26], instrumented gloves [27], and electromyo-

graphy [77] are costly and can potentially interfere with worker movements and work

performance. While the current study might underperform in terms of accuracy of load

prediction compared to studies that use direct force measurement, it also uses a lot less in-

formation with much less instrumentation. This might be particularly appealing in applied

settings where the magnitude of hand loads vary throughout a work-shift or is difficult to

directly measure in field settings. It is likely that new forms of inertial sensing embedded

in clothing, e.g., [112], will further improve the wearability and potential acceptability of

wearable inertial sensing in occupational settings.
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CHAPTER 7

Conclusion

7.1 Summary of Findings

This research explored several emerging applications and opportunities afforded by body-

worn inertial sensing technology for quantifying biomechanical exposures and low back

disorder risk in non-repetitive MMH jobs. It also demonstrated the potential for combining

wearable inertial sensing and predictive modeling techniques to improve the accuracy of

biomechanical exposure assessment in ergonomics applications.

The principal findings of this research can be summarized in the context of the three

objectives outlined in Chapter 1:

Objective 1: Quantify empirical relationships between the effects of hand load and

mode in manual load carriage on inertial sensor-based posture kinematics.

Chapter 3 had nine participants perform walk trials at self-selected speeds while carrying

hand loads in two modes (two-handed side vs. anterior) at four load levels (empty-handed,

4.5 kg, 9.1 kg, and 13.6 kg). Six temporal gait parameters, six postural sway parameters,

and three measures of thoracic-pelvic coordination were calculated from data recorded by

six body-worn inertial sensors for 540 gait cycles. Results demonstrated that gait patterns

characterized by inertial sensor-derived temporal and kinematic gait parameters changed

systematically by the mode of load carriage and load magnitude, after adjusting for gait cy-

cle duration and stride length. Collectively, the findings indicated that inertial-sensor based
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posture and gait kinematics were jointly influenced by magnitude and mode of manual load

carriage.

Objective 2: Develop and assess a statistical prediction algorithm that uses pos-

ture kinematics calculated from body-worn inertial sensors to classifying material

handling mode and load level.

Chapters 4 and 5 presented statistical models to classify different task conditions in load

carriage and lifting-lowering, which represent two common MMH tasks associated with

an increased risk of low back disorders. Separate classification models were developed for

predicting binary load levels (i.e., low: 0 to 4.5 kgs. vs. high: 13.5 to 22.7 kgs) in man-

ual load carriage, lifting, and lowering using inertial-sensor derived kinematic measures as

predictors. Collectively, the findings indicated that subtle adaptations in posture and move-

ment kinematics can provide useful information to typify different modes and intensity

levels in load carriage and lifting-lowering. Importantly, these two chapters demonstrated

the potential for combining wearable inertial sensing with statistical prediction to quantify

biomechanical exposures in MMH work.

Objective 3: Implement and empirically assess an algorithmic framework for

quantifying biomechanical exposures during load carriage and lifting-lowering by

leveraging outcomes from Objectives 1 and 2, including, inertial sensing and predic-

tive modeling techniques.

Chapter 6 implemented an initial algorithmic framework for assessing biomechanical ex-

posures in manual load carriage, lifting and lowering by leveraging continuous inertial

sensor-based kinematic information and predictive modeling. The algorithm also combined

task-specific information to estimate cumulative spinal compression force as a measure of

low back disorder risk. A quantitative evaluation of the implemented framework indicated

promising results for detecting load carriage tasks and classifying the carrying mode and

load level. Performance in the lifting and lowering task were comparatively less remark-

able in classifying load level. However results for lifting-lowering in the 2H mode were
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more encouraging than the 1H mode, and provide impetus for further refinement. Overall,

the study demonstrated the possibility for combining wearable inertial sensing and predic-

tive modeling techniques to improve the accuracy of biomechanical exposure assessment

in ergonomics applications.

7.2 Theoretical Contributions

This research makes theoretical contributions in three main areas:

(1) This research improves our understanding about the biomechanical effects of tran-

sient loads of different magnitudes during MMH on posture and gait kinematics,

particularly movement coordination between thoracic and pelvic segments. For ex-

ample, with regards to load carriage, prior studies have investigated the effects of

carrying mode and hand load on temporal and kinematic gait parameters but while

participant walked at precise speeds on a treadmill. This research examined effects

under self-selected speeds on leveled ground in order to obtain the natural adaptation

in walking patterns due to different load carriage conditions. Subtle yet statistically

significant changes in temporal parameters from the external loads were observed.

Importantly, the effects of carrying mode and load magnitude on gait were more evi-

dent in the measure of postural sway and thoracic-pelvic coordination, which served

as the basis for classifying load carrying mode and load levels in a statistical predic-

tion algorithm (Figure 7.1).

(2) Quantifying physical exposures to load carriage can be challenging in non-routinized

work settings where load intensity, duration and frequency vary between workers and

within worker across time. A key contribution of this research was an algorithmic

framework that combines biomechanical and empirical findings, wearable inertial

sensing, and predictive modeling to quantify biomechanical exposures associated
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Figure 7.1: Revised conceptual framework depicting the inertial sensor-based biomechan-
ical exposure assessment investigated in the research.

with low back disorder risk in non-repetitive MMH work. The algorithm was novel in

that it did not rely on direct force measurement, but instead leveraged biomechanical

relationships between external loads on movement kinematics and intersegment co-

ordination during manual load carriage and lifting-lowering. This information helped

to inform and also reduce the number of feature vectors used in developing classifica-

tion algorithm and potentially increased prediction accuracy, compared to using raw

(unprocessed) sensor data directly. The algorithm presented can potentially be used

in applied settings where the magnitude of hand loads vary throughout a work-shift

or is difficult to directly measure in field settings. In such situations, the predicted

load levels combined with postural data can be used as inputs to a biomechanical

model to estimate cumulative physical exposures (e.g., spinal loads, joint moments)

towards quantifying the risk of occupationally-relevant low back disorders.

(3) This research demonstrated the potential for leveraging wearable inertial sensing and

predictive modeling techniques to improve the accuracy of quantifying biomechani-

cal exposures in ergonomics applications. Analysis of inertial sensor data has largely

been limited to characterizing the intensity, repetitions and duration of postures. The
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ability to extract information about work content from motion data is underutilized.

Likewise, the application of predictive modeling techniques in ergonomics remains

underexplored. A few of the studies reviewed [67, 75, 76] used commercial soft-

ware to detect different work postures. The presented research substantially expands

the applications and opportunities afforded by body-worn inertial sensing technology

and predictive modeling techniques in ergonomics.

7.3 Limitations and Future Research Direction

Certain limitations of this dissertation research are worth discussing, particularly in the

context of directions for future research.

• Task duration: This research did not address the effects of cumulative fatigue on gait

and lifting-lowering kinematics from long duration exposures. For example, in jobs

that might involve long duration of manual load carriage, cumulative fatigue from

load carriage may induce alterations in gait [175, 176, 210]. Prior studies have asso-

ciated fatigue with increased variability in step length, step width, and mediolateral

trunk accelerations while walking, and increased double support duration during load

carriage. Qu et al. [147] reported hip and torso range of motion to increase while car-

rying a backpack load immediately following a fatiguing treadmill exercise. Further

research is need to examine the effects of fatigue development from MMH on per-

formance of the algorithm developed in this research, and perhaps even incorporate

features to detect the onset of fatigue.

• Type of MMH tasks: As a proof of concept, the MMH tasks investigated in this

research was limited to the load carriage, lifting, and lowering. Other tasks such as

cart pushing, pulling, 1- and 2-handed force exertions are also known to be associated

with the increased risk of low back disorders. Further studies addressing these MMH

tasks could help increase the generalizability of the algorithms developed to applied
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settings.

• MMH task simulation in the lab environment vs. field-based assessment: The work

tasks simulated in this research were designed to capture realistic work conditions

and to observe natural adaptations in kinematics with different task conditions (e.g.,

height of the load, hand-mode, and load levels). Participants were allowed to adopt

their own walking speed, work pace, and foot placements throughout the continuous

job cycle simulation in Chapter 6. However, the performance of the algorithm can

be still affected by certain external factors (e.g., slope of the floor, object size dimen-

sions, object center of mass, weather) or internal changes (e.g., cumulative fatigue

from MMH tasks) not discussed as the scope of this dissertation, and can poten-

tially affect the kinematics of the workers, which then may affect the performance

of statistical classification algorithms. Field-based studies are needed to examine the

generalizability and feasibility of the presented algorithms to applied work settings,

particularly in non-repetitive jobs (e.g., patient handling and transport, construction,

warehousing and delivery).

• Load level prediction: This dissertation categorized load level of each task by group-

ing the conditions into low intensity (0 to 4.5 kg) vs. high intensity (13.6 to 22.7 kg)

conditions. Improved resolution of load level estimation can have direct practical

values by providing more fine and accurate load estimation than just categorizing

two levels. This can be achieved by applying different methods. For example, use of

regression models instead of classification models can provide continuous estimation

of external load. Further investigation of the selection and normalizing of kinematic

predictors could help to improve classifying accuracy.

• Parity in exposure assessment: On a broader note, while the scientific literature

(especially in human factors and ergonomics) is witnessing a proliferation of studies

using statistical prediction (i.e., machine learning, deep learning), few studies explic-
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itly examine potential issues of classification parity, algorithmic fairness and bias. A

lack of attention to these issues could erode user trust and undermine the potential

benefits of such novel techniques for improving worker health and safety. Exam-

ples of algorithmic bias from other domains such as social media, journalism, and

banking have sparked tremendous interest in developing fair machine-learning algo-

rithms [229, 230]. It is important that the ergonomics community also become cog-

nizant of these issues and work towards productive solutions particularly as machine

learning techniques gain popularity in ergonomics practice. Chapter 5 introduced a

few preliminary approaches to normalizing predictor variables in order to adjust for

between-subject differences. However, further research is need to minimize between-

subject effects with an eye towards ensuring classification parity across key worker

demographics (e.g., gender, age) prior to algorithm deployment in applied settings.

• Real-time assessment and feedback: Wearable inertial sensing with wireless con-

nectivity present unprecedented opportunity for real-time assessment and subsequent

feedback about biomechanical exposures either to workers directly (e.g., using vi-

brotactile feedback [47]) or to managers and supervisors (e.g., [49]). However, the

algorithms developed in this dissertation were not yet implemented as a real-time as-

sessment tool. Research is needed to better understand use-cases for such real-time

feedback capability, and the content and modality of real-time information provided.

7.4 Concluding Remarks

The overall goal of this research was to create and validate inertial sensor-based biomechan-

ical exposure assessment framework by combining wearable inertial sensing technologies

and predictive modeling. This research presented a novel method of MMH task detec-

tion and task condition classification algorithms combined as a framework for assessing

cumulative low-back exposures during load carriage, lifting, and lowering across different
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task conditions. The research makes important contributions towards our theoretical un-

derstanding of (1) adaptations in gait and posture resulting from transient loads and task

conditions, and (2) the potential for leveraging biomechanical information in the building

of accurate and interpretable statistical classification algorithms (e.g., data segmentation,

choice of predictor variables, and predictor normalization) for use in ergonomics appli-

cations. This research also contributes to ergonomics practice by providing a framework

implementation for combining biomechanical information and empirical findings, wear-

able inertial sensing, and predictive modeling to quantify physical exposures associated

with low back disorder risk in non-repetitive MMH work.

155



APPENDIX A

Summary of studies in the literature review.
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Table A.1: Summary of studies in the literature review.

Study Ref. Study sample n Lab vs. Field (site) Type of occupational activities measured # of Analysis Assessment
sensors

1 [89] N/A N/A Field Repetitive upper limb task, prolonged awkward postures
(e.g., holding a bent-arm position)

4 Descriptive Relative

2 [91] Healthy individuals
(various occupations)

21 Field (various) Work day activities (e.g., computer use, writing, driving,
register work, etc.)

2 Inferential

3 [92] Dental hygienists 12 Field (dentistry) Prophylactic and periodontal treatment (e.g., scaling using
an ultrasonic device, using turbines for polishing, manual
scaling with hand instruments, all the other auxiliary tasks)

3 Descriptive Relative

4 [58] Female dental
hygienists

16 Lab Reaching task (i.e., target located in the sagittal plane at a
horizontal distance of 80% of arm length and height of 50%
of arm length above shoulder height), flossing task in a
simulated workstation

1

5 [65] Typists 8 Lab Typing task 1
6 [83] Patient care unit worker 50 Field (patient care unit) Nursing task during one work-shift 2 Descriptive Absolute
7 [84] Patient care unit worker

(40 nurses, 10 pc
assistants)

50 Field (patient care unit) Nursing task during one work-shift 2 Inferential Absolute

8 [70] Male meat cutters 20 Field (meat-processing plants in
Sweden)

Meat cutting in the split-carcass system, the sixth-part
system, and the line-production system

4 Descriptive Relative

9 [49] N/A N/A Field (distribution center in fashion
industry, warehouse in an assembly
line)

Manual material handling at warehouses (i.e., refilling,
picking, packing)

17 Descriptive Absolute

10 [93] Baggage handlers 44 Field (6 airports) Baggage handling job 2 Inferential Relative
11 [71] N/A 2 Lab Reach task with three isolated joint motions: elbow f/e,

shoulder f/e, shoulder ab/ad, and cross body reach task
3 Descriptive Relative

12 [55] N/A N/A Lab Sit to stand 1
13 [94] Construction workers ~80 Field (construction site) Construction tasks (e.g., heavy lifting) 8 Inferential Relative
14 [77] Male office workers 26 Lab Symmetric and right-handed asymmetric lifting 2 Predictive
15 [75] Male fishermen 4 Field (on two steel trawlers - fishing

boat)
Fishing activities 1 Predictive Relative

16 [76] Patient with chronic
low back pain

1 Field (city Hall) Maintenance and repair jobs, messenger jobs (i.e., sorting
mail, prepaying postage, distributing mail)

3 Predictive Relative

17 [62] Healthy individuals 12 Lab Simulated painting work, computer work, furniture
polishing work, and arms rest with elevated or supported

4
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Table A.1 – continued from previous page
Study Ref. Study sample n Lab vs. Field (site) Type of occupational activities measured # of Analysis Assessment

sensors
18 [60] Healthy individuals 8 Lab Walking at speeds 2,3, and 4 km/h, sitting, standing, and

swinging
2

19 [72] Parlor workers
(milkers)

9 Field (five large-herd diary
operations: two parallel parlors, two
herringbone parlors, and one rotary
parlor)

Full-shift exposures at milking parlor 2 Descriptive Relative

20 [95] Employees 158
(phase
1), 48
(phase
2)

Lab & Field (various) Traditional washer assembly line work (fixed-cycle), new
washer line during its start-up operations (non-fixed cycle),
and managerial/technical support work

1 Inferential Relative

21 [44] N/A N/A Lab Manual material handling N/A
22 [231] Healthy men 10 Lab Symmetric lifting of 8.5 kg crate, asymmetric lifting with 45

deg. to the right of the sagittal plane, and left-right lateral
trunk flexion

3

23 [41] Healthy men 9 Lab Symmetric, asymmetric, and fast symmetric trunk bending 17
24 [59] Healthy men 10 Lab Knee abduction/adduction movement, and walking (30m) 2
25 [46] Healthy men 40 Lab Static reaching, lifting of 5 kg at 9 different anterior-right

positions and at 5 different heights (i.e., 0, 30, 60, 90, and
120 cm from the floor)

3 Predictive

26 [96] Workers (various
occupations)

604 Field (43 types of workplace) Various type of works including breaks 3 Descriptive Relative

27 [80] Paper mill workers 28 Field (Swedish paper mill) Operating paper machines, testing paper quality,
transporting and packaging paper rolls, and
monitoring/controlling production

3 Predictive

28 [97] Personal support
workers, healthcare

27 Field (7 long-term care facilities) Patient support work activities (e.g., patient handling tasks,
lifting tasks)

1 Descriptive Relative

29 [42] Personal support
workers, healthcare

20 Field (7 long-term care facilities) Patient support work activities (e.g., patient handling tasks,
lifting tasks)

1 Descriptive Relative

30 [98] Firefighters 24 Lab (environmental chamber,
Firefighting Activities Station)

Firefighting activities (climbing stairs, moving a hose line,
search a room, pulling down the ceiling), walking on a
treadmill

3 Inferential Relative

31 [51] Dentists 24 Field (dentistry) Dentistry work (e.g. sitting office work, sitting treatment of
lower/upper jaw, standing office work, standing treatment of
lower/upper jaw, waiting, and x-ray)

4 Inferential Relative
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Table A.1 – continued from previous page
Study Ref. Study sample n Lab vs. Field (site) Type of occupational activities measured # of Analysis Assessment

sensors
32 [99] Dentists 12 Field (dentistry) Dentistry work 4 Inferential Relative
33 [43] Healthy individuals 14 Lab Manual material handling tasks (i.e., symmetric lifting and

lowering to/from ground height/knuckle height,
asymmetrical lifting and lowering, carrying,
pushing/pulling)

17

34 [78] Healthy individuals 10 Lab Manual material handling tasks (i.e., lifting/lowering from
the ground/knuckle, pushing and pulling, carrying, walking)

17 Predictive

35 [73] Blue-collar workers 682 Field (manufacturing, cleaning, and
transportation workers)

Work activities 3 Inferential Absolute

36 [56] Healthy individuals 20 Lab 5m timed up and go (TUG) 6
37 [100] Operators 5 Field (automotive plant) Assembly of indicators, assembly of tachometers, final

assembly (e.g., materials handling, soldering, screw driving,
transport, packaging)

3 Descriptive Relative

38 [52] 24 electricians (12
Brazilian, 12
Norwegian, all M, mean
age 38 and 33 years)

24 Field (construction site) Electrician’s task (i.e., planning tasks, supporting tasks, and
wiredraw tasks)

4 Descriptive Relative

39 [101] Firefighters 20 Field (5 outdoor stations simulating
the firefighting)

Simulated outdoor firefighting activities (i.e., crossing a
stream, walk in the woods, log walk, hill climb, and
over/under logs)

4 Inferential Relative

40 [82] N/A N/A Lab Manual screw driving task 2 Predictive Absolute
41 [48] N/A N/A Lab & Field 80 s quiet standing (lab study), standing (field study) 1
42 [232] Officer workers 34 Field (Department of health and

human services office)
Typical desk-based work 1

43 [79] Healthy individuals 10 Lab Supermarket cashiers’ everyday operation 3 Predictive Absolute
44 [102] Residential healthcare

workers
21 Field (residential home) Patient care 1 Descriptive Absolute

45 [103] Healthcare workers 108 Field Nursing tasks 1 Inferential Absolute
46 [50] Healthy individuals 12 Lab Manual material handling tasks (i.e., move boxes from

conveyer to a platform with 3 different set-up)
17

47 [104] Cleaners 18 Lab & Field (lab and lecture room) Clearing tasks at a normal pace (i.e., mopping the floor,
sweeping, empting the garbage bin, changing its plastic bag,
and cleaning the rows of desks and blackboards)

1 Inferential Relative

48 [105] Registered nurses 36 Field (Hospital) Nursing tasks 3 Inferential Relative
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Table A.1 – continued from previous page
Study Ref. Study sample n Lab vs. Field (site) Type of occupational activities measured # of Analysis Assessment

sensors
49 [61] Healthy men 36 Lab Manual material handling (i.e., move 4.5 kg plastic crates

from a waist-high material feeder to one of six unloading
areas)

2

50 [57] Healthy men 6 Lab Simulated milking cluster attachment task (cyclical task) 3
Dairy workers 10 Field (Milking parlors of three

large-herd diary operations)
Milking tasks 4

51 [63] Healthy individuals 20 Field (examination room) Physical examination (ROM examination) 13
52 [106] Healthy individuals 10 Lab Buzz-wire test involving upper arm movement while seated 4 Inferential Relative
53 [45] Healthy individuals 60 Lab Sagittal-symmetric manual material handling task (i.e.,

lowering and lifting)
4

54 [107] Gynecologists 4 Field (Hospital, operating room) Vaginal procedures performed for pelvic organ prolapse 4 Inferential Relative
55 [233] Aircraft cabin cleaners 19 Field (open storage room,

inside/outside of the aircraft)
Semi-standardized activity (i.e., lying, sitting, standing,
walking, walking on stairs, running all performed for min 30
secs) and non-standardized activity (normal level of
movement complexity and very complex movements
performed for relatively short duration and at a high tempo)

2

56 [64] Healthy individuals 20 Lab Sitting and standing 5
57 [85] Healthy office workers

(study 1 and 2), school
teachers (study 2)

4
(study
1), 24
(study
2)

Field (office) Office work including sedentary computer work and sitting
desk work

1 Inferential Relative

58 [40] Workers with the
history of back strain
and pain

126 Field (various sites including
forestry, wood and projects,
transportation, warehousing, and
construction)

Various activities depending on worker’s occupation 1

59 [47] N/A N/A Lab Lifting tasks 7 Descriptive
60 [53] Healthy individuals 12 Lab Manual tasks (i.e., turning levers, removing fuses,

screw/unscrewing, putting the screws using a ladder)
8 Inferential Absolute

61 [74] 374 blue-collar workers
(age: 18-65)

374 Field (various) Blue-collar work tasks (various) 2 Inferential Relative
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Table A.1 – continued from previous page
Study Ref. Study sample n Lab vs. Field (site) Type of occupational activities measured # of Analysis Assessment

sensors
62 [90] Blue-collar workers

(e.g., cleaning,
manufacturing,
transport)

657 Field (various) Blue-collar work tasks (various) and leisure activities 2 Inferential Relative

63 [108] Female nurses 50 Field (hospitals) Patient transfer tasks with and without the use of assistive
device

2 Inferential Relative

64 [86] Officer workers 40 Field (office) Office work involving sedentary behavior 1 Inferential Relative
65 [68] Recreational runners 25 Field (N/A) Repetitive upper limb task, prolonged awkward postures

(e.g., holding a bent-arm position)
1 Inferential Relative

66 [67] Officer workers 38 Field (office) Work day activities (e.g., computer use, writing, driving,
register work, etc.)

1 Predictive Relative

67 [54] Surgeons (6 primarily
console tasks, 4
primarily assisting
tasks)

10 Field (operation room) Prophylactic and periodontal treatment (e.g., scaling using
an ultrasonic device, using turbines for polishing, manual
scaling with hand instruments, all the other auxiliary tasks)

5 Inferential Relative
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APPENDIX B

Type of commercial inertial sensors

Table B.1 lists the make, model, and technical specifications of commercially-available

inertial sensors typically used in ergonomics research studies. The Biostamp RC (mc10

Inc., Lexington, MA) and and Opal (APDM, Inc., Portland, OR) sensors were used in this

research.

Table B.1: Example commercial inertial sensors used across different studies with product
specifications.

Sensor Type

BiostampRC GT3X+ MVN Opal

Manufacturer mc10, Inc. Actigraph, Inc. Xsens, Inc. APDM, Inc.

Components of each sensor module

Accelerometer (range, G) triaxial (±16) triaxial (±6) triaxial (±16) triaxial (±16)

Gyroscope (range, ◦/s) triaxial (±2000) - triaxial (±2000) triaxial (±2000)

Magnetometer (range, Gauss) - - triaxial (±1.9) triaxial (±8)

Dimensions (L x W x H, cm) 6.6 x 3.4 x 0.45 3.3 x 4.6 x 1.5 4.7 x 3 x 1.3 4.8 x 3.6 x 1.3

Weight (g) 7 19 16 25

Battery life < 3 hours < 31 days < 6 hours < 12 hours

Memory capacity 32MB < 42.5 days N/A 8GB

Sampling rate (Hz) 15-250 30-100 60-100 20-128

Sensor attachment Directly on skin Strap Strap or suit Strap

Additional sensing modes EGC, sEMG ambient light

sensor

- -

Example citations [167] [86, 90] [43, 50] [54, 71]
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APPENDIX C

Computing temporal gait parameters from

angular velocity of the shank and thigh recorded

by inertial sensors

Temporal gait parameters used in the present study were calculated as the time duration

between right and left heel-strike and toe-off events and expressed as a percentage (%) of

each gait cycle Figure C.1. Detection of heel-strike and toe-off gait events were performed

as the first step in a custom algorithm (modified from Aminian et al. [160]). One gait cycle

was composed of the sequence of the following events: 1) right heel-strike, 2) left toe-off,

2) left heel-strike, 4) right toe-off, and 5) next right heel-strike. Sagittal angular velocity

(rad/s) from inertial sensors on the right and left shank were used to find the signature

peaks for each event separately Figure C.1. The procedure is outlined below:

Step 1: Detect mid-swing

Mid-swings were detected by finding the global minimum peaks (Points A in Figure C.1)

in the sagittal angular velocity (rad/s) data. To detect the valid global minima representing

the mid-swing, Aminian et al. [160] applied a multi-resolution wavelet decomposition.

In this paper, we applied two search criteria in terms of the amplitude of the peak and

time duration between peaks. First, an amplitude threshold of -1.75 rad/s determined from

preliminary testing was applied to identify the global minimum peaks of interest (i.e.,
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Figure C.1: Graphical overview of the algorithm for detecting temporal gait events, applied
to right and left legs separately. Sample profile of the sagittal angular velocity (rad/s) from
the right and left shank sensors are depicted for one complete gait cycle (100%) recorded
during empty-handed condition.
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Points A in Figure C.1) while avoiding Points D after the heel-strike and the minimum

peaks during the stance phase (i.e., Points E in Figure C.1). Second, a time threshold of

0.63s was used for the minimum time difference between consecutive global minima to

ensure rejection of points D and E in Figure C.1.

Step 2: Estimating average gait cycle duration

Time duration between consecutive mid-swings were calculated to estimate the average

gait cycle duration (T ′) using equation C.1.

T ′ =
∑

N
0 (T (A)i+1−T (A)i)

N
(C.1)

where, T(A)i is an array containing the timeframes for the ith instance of a mid-swing

Point A, N is the number of gait cycles detected, and i = 0 to N.

Step 3: Detect heel-strike

Heel-strikes were detected by finding the local maxima (Points B in Figure C.1) within the

range of [T(A)i + 0.25s, T(A)i + T ′]. Multiple peaks may be detected within this time range

so the search was refined in Step 5.

Step 4: Detect Toe-off

Toe-offs were detected by finding the local maxima (Points C in Figure C.1) within the

range of [T(A)i - T ′, T(A)i - 0.05s].

Step 5: Refine heel-strike

Heel-strikes were refined amongst the detected heel-strikes from Step 3 by setting the

search range of [T(A)i, T(C)i+1], where T(C)i+1 is the timeframe for i+1 instance of Point

C. The first local peak after the mid-swing was selected as the heel-strike.
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Step 6: Pair heel-strike and toe-off events for each leg

Heel-strikes and toe-offs detected were paired if the time duration between heel-strike

(T(B)i) to toe-off (T(C)i) was within [0.1s, 2.5s]. This pairing starts from the first

heel-strike and toe-off in the time series and continued until the last heel-strike. Any

heel-strike that does not meet this criterion was discarded.

Step 7: Complete the gait cycle by aligning the paired heel-strikes and toe-offs from

both legs

In order to complete the gait cycles, paired heel-strike and toe-off events from both legs

were aligned in the following time sequence: right heel-strike→ left toe-off→ left toe-off

→ left heel-strike→ right toe-off→ next right heel-strike.

Step 8: Compute temporal durations between detected gait events

Six temporal parameters were computed as the time difference between reference gait

events (Figure C.1, bottom panel) and expressed as a percentage (%) of a gait cycle du-

ration.
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APPENDIX D

Estimating stride length from angular velocity of

the right shank and thigh recorded by inertial

sensors

Stride lengths were estimated using the sagittal angular velocity (rad/s) data from the right

thigh (ωT high) and right shank (ωShank) sensors and right thigh length (l1, trochanter height

- knee height) and right shank length (l2, knee height). The calculation was performed in a

custom algorithm implemented in MATLAB R2016b (The MathWorks Inc., Natick, MA,

USA). Leg movement during stance and swing phases were modeled as an inverted double

pendulum and double pendulum [160], respectively, as depicted in Figure D.1. During the

right stance phase, the right shank and thigh rotate forward by pivoting the right foot on

the ground. Although the foot has not moved forward, the body has moved forward by

distance d1. During the right swing phase the right foot steps forward by distance d2. Total

stride length can be estimated as the sum of d1 and d2 assuming bilateral symmetry, i.e.,

that right and left step lengths are equal. Stride lengths were calculated for each gait cycle

k following the steps:

Step 1: Calculate the distance d1 moved during the stance phase

The distance moved during the right stance phase (d1) was estimated from the trigonometric

relations. The angular rotation of the right thigh (α) and right shank (β ) were estimated by
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Figure D.1: Graphical summary of the double pendulum model (adapted from Aminian et
al.) used for estimating the stride lengths from sagittal angular velocity (rad/s) data of the
right shank and right thigh during right stance and swing phases separately.
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integrating ωT high and ωShank, within each gait cycle, respectively. For each gait cycle k,

we calculated d1(k) as follows:

d1(k) =
√

(l1 +M2(k))2 +(l1 +M1(k))2− (l1 +M2(k))(l1 +M1(k))cosα(k), (D.1)

where:

α(k) =
∫ R.Toe−o f f (k)

R.Heel−strike(k)
ωT high(t)dt, (D.2)

β (k) =
∫ R.Toe−o f f (k)

R.Heel−strike(k)
ωShank(t)dt, (D.3)

M1(k) =
sinδ (k)
sinα(k)

d′(k), (D.4)

M2(k) =
sinγ(k)
sinα(k)

d′(k), (D.5)

with:

γ(k) =
π−α(k)

2

δ (k) =
π +α(k)−2β (k)

2

d′(k) = l2(k)
√

2(1− cosβ (k))

(D.6)

Step 2: Calculate the distance (d2) moved during the swing phase

The distance moved during the right swing phase (d2) was estimated as follows:
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d2(k) =
√

(l2 +M1(k))2 +(l2 +M2(k))2− (l2 +M1(k))(l2 +M2(k))cosβ (k), (D.7)

where:

α(k) =
∫ R.Heel−strike(k)

R.Toe−o f f (k)
ωT high(t)dt, (D.8)

β (k) =
∫ R.Heel−strike(k)

R.Toe−o f f (k)
ωShank(t)dt, (D.9)

M1(k) =
sinδ (k)
sinβ (k)

d′(k), (D.10)

M2(k) =
sinγ(k)
sinβ (k)

d′(k), (D.11)

with:

γ(k) =
π−β (k)

2

δ (k) =
π−2α(k)+β (k)

2

d′(k) = l2(k)
√

2(1− cosα(k))

(D.12)

Step 3: Combining d1 and d2

Stride length is the total distance moved during one gait cycle k:

Stride length(k) = d1(k)+d2(k) (D.13)
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APPENDIX E

Algorithm for calculating the mean

thoracic-pelvic relative phase angle

Mean relative phase angle [152] was calculated using the angular velocity (rad/s) data

obtained from the torso (ωT 6) and pelvis (ωS1) sensors. Additionally, angular displacement

(rad, θ ) was calculated by integrating the angular velocity data across time within each

gait cycle. The algorithm is outlined below along with an example obtained during no-load

condition depicted in Figure E.1.

Step 1: Calculate normalized angular velocity and angular displacement

Normalized angular velocity and angular displacement were obtained by rescaling the

amplitudes of the data to the range [-1, 1] within each normalized (%) gait cycle separately

for each sensor.

Step 2: Calculating phase angle

Phase angles of the torso and pelvis segments (φ ) were calculated separately by following

the equation E.1.

φ(t) = arctan(ω(t)/θ(t)) (E.1)

where ω(t) represents the normalized angular velocity time series, θ (t) the normalized
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angular displacement, at t = 0, ..., 100%.

Step 3: Calculate relative phase angle

Relative phase angle between torso and pelvis was obtained following the equation E.2.

∆φ(t) = φT6(t)−φS1(t) (E.2)

Step 4: Calculate mean relative phase angle

Mean relative phase angle, which was the dependent measure used in the present study,

was computed as the average of the relative phase angle over one gait cycle.

∆φ =
∑

N
t=0 ∆φ(t)

N
(E.3)
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Figure E.1: Overview of the algorithm for computing mean thoracic-pelvic relative phase angle using one exemplar participant data
from the no-load condition in the coronal plane.
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APPENDIX F

Detecting lowering and lifting from thoracic

angular displacement and velocity recorded by

inertial sensor located at T6

Lifting-lowering parameters used in the present study were calculated for detected

lowering (or bending if empty-handed) and lifting (or rising if empty-handed) phases.

Detection of lowering and lifting were performed in a custom algorithm implemented in

MATLAB R2016b (The MathWorks Inc., Natick, MA, USA). One lifting-lowering task

was composed of the sequence of the following events: 1) start-lowering, 2) end-lowering

or start-lifting, which assumed to be happening at the same time, and 3) end-lifting.

Sagittal angular displacement (◦) and velocity (◦/s) from inertial sensors attached on the

T6 was used to find the signature peaks for each event. The procedure is outlined below:

Step 1: Detect end-lowering or start-lifting

End of the lowering and start of the lifting were assumed to be coincident in time. End-

lowerings were detected by finding the global maximum peaks (Point A in Figure F.1 in

the sagittal torso flexion angle (◦). To detect the valid global maximum representing the

end-lowering, an amplitude threshold of 30% of the maximum reference bending angle

(◦) averaged over two repetitions of knee height lowering of each participant was applied

(Point A in Figure F.1).

174



Figure F.1: Graphical overview of the algorithm for detecting start and end of lowering
and lifting phases. Sample profile of the sagittal angle (◦) and angular velocity (◦/s) from
the upper back (T6) sensor are depicted for one complete bending and lifting trial recorded
during a two-handed anterior lifting condition.

Step 2: Detect start-lowering

Start-lowerings (Point B in Figure F.1) were detected by finding the last negative-going

zero-crossing of the sagittal torso flexion angular velocity (◦/s) within the range of [T(A)i -

3s, T(A)i], where T(A)i is the time for the ith instance of a end-lowering Point A.

Step 3: Detect end-lifting

End-liftings (Point C in Figure F.1) were detected by finding the the first negative-going

zero-crossing of the sagittal torso flexion angular velocity (◦/s) within the range of [T(A)i,

T(A)i + 3s].
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APPENDIX G

Algorithm for calculating low back compression

force (Fc)

Low back compression forces (Fc) calculated in the present study used both body postural

angles (i.e., torso flexion angle in the sagittal plane measured at T6) obtained from the

inertial sensor data as well as the information from detected task type and predicted task

conditions.

Assumptions:

• Segment length was calculated as a fraction of individual stature using proportional-

ity constants developed by Drillis and Contini [234]. Hip height from the floor was

calculated as 53% of stature. Lower arm length was estimated as 14.6% of stature.

• The location of the CoM of the upper body (i.e., Head, arms, and trunk; HAT) from

the hip was estimated by 62.6% of (Stature - Hip height) [235].

• Hand load of 2.3 kg and 18.1 kg were used in the calculation for the predicted load

level of low (i.e., no-load or 4.5 kg) and high (i.e., 13.6 kg or 22.7 kg), respectively.

• The moment arm from the center of the hand load to the L5/S1 (h) is estimated based

on the location of the box the person is carrying, lifting, or lowering.
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• The moment arm ’E’ of the back extensor muscle at L5/S1 was set to a constant

value of 6.5 cm based on findings by Chaffin et al. [236].

• The sacral cutting plane angle ’α’ was assumed to be the same as the torso flexion

(θT F ) angle.

Formulation: The compression force at the L5/S1 intervertebral disc at each time frame

was computed by following Equation G.1 to G.7. Low-back biomechanical model is

depicted in Figure G.1.

W L

W HATθ TF

b

h

Figure G.1: Low-back biomechanical model based on inverse kinematics for calculating
low-back compression forces (Fc) as a function of posture, internal (WHAT ) and external
(WL) loads and corresponding moment arms, b and h.
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The spinal load due to mass of the head, arms, and torso (FHAT ) is calculated as:

FHAT = (WHAT ∗b)/E (G.1)

where:

WHAT = 0.678∗mBody ∗9.81,

b = 0.626∗ (Stature−HipHeight)∗ cos(θT F)

(G.2)

The spinal load due to mass of the hand load (FL) is calculated as:

FL = (WL ∗h)/E (G.3)

where:

WL =


true load * 9.81 , for true

2.3 kg * 9.81 , if predicted as low load

18.1 kg * 9.81 , if predicted as high load

(G.4)

and,

h =



0 , if predicted or true carrying mode was

one-handed or 2H-Side carry

Stature * 0.146 , if predicted or true carrying mode was 2H-Anterior

(Stature - Hip Height)∗ cos(θT F)

+25.4∗ sin(θT F) , for lifting-lowering

(G.5)
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FM is the spinal load due to activation of the low back extensor muscle and calculated as:

FM = FHAT +FL (G.6)

Finally, Fc is the low-back compression forces at the L5/S1 intervertebral disc and calcu-

lated as:

Fc =−cos(θT F)∗FHAT − cos(θT F)∗FL−FM (G.7)

Figure G.2 depicts a two-handed anterior load carriage when the person is upright. In

this example, the moment arm from the center of the HAT to the L5/S1 disc is zero (b = 0),

so the Fc becomes:

Fc =−cos(θT F)∗FL−FL (G.8)
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Figure G.2: Low-back biomechanical model based on inverse kinematics for calculating
low-back compression forces (Fc) when the torso is in upright posture during two-handed
anterior carry of load.
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