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Abstract

Using Wearable Devices and Deep Learning Methods to Predict Risk of Injury
for Ergonomic Evaluation

by
Yishu Yan
Doctor of Philosophy in Engineering - Mechanical Engineering
University of California, Berkeley
Professor Grace D. O'Connell, Co-Chair

Professor Carisa Harris Adamson, Co-Chair

Work-related musculoskeletal disorders (WMSDs) represent a significant challenge in
occupational health, with risks increasing when the physical demands of a job surpass an
employee's capabilities. Accurate Physical Demands Analysis (PDA) is essential for
developing job descriptions, pre-employment screening, conducting ergonomic
assessments, and supporting return-to-work programs. PDAs require identifying
Occupational Physical Activities (OPAs) and quantifying physical exposures.

Traditionally, OPAs have been identified through self-reports, observation and direct
measurements. While effective, these methods can be less reliable, labor-intensive, and
limited in dynamic work settings. Emerging technologies, such as wearable devices,
provide promising alternatives by offering automated and scalable solutions. However,
research applying these methods to recognize OPAs in complex work tasks remains
limited. This study utilized inertial measurement units (IMUs) and deep learning
techniques to identify thirteen distinct OPAs, including seven whole body and six upper
body activities, both in isolation and within three simulated work tasks designed to
replicate real-world conditions.

Building on OPA identification, the study focused on quantifying physical exposures
critical for ergonomic evaluation, particularly in manual lifting. IMUs were used to
measure lift origins and destinations, reducing intrusiveness and enabling the capture of
more lifting events. These findings establish reliable methods for both quantifying OPAs
and assessing physical exposures, with significant potential for improving workplace
safety and reducing the risk of WMSDs.
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1 Introduction

1.1 Work-Related Musculoskeletal Disorders

Musculoskeletal disorders affect the body's nerves, tendons, muscles, and ligaments.
Workers in various industries are frequently exposed to risk factors that contribute to the
development of work-related musculoskeletal disorders (WMSDs). These disorders not
only impact individual workers' health but also pose substantial challenges to workplace
efficiency and economic stability. According to the 2022 Workplace Safety Index,
overexertion has been identified as the primary cause of disabling workplace injuries,
accounting for nearly $13 billion in direct costs to businesses annually (‘2022 Workplace
Safety Index” 2022).

Among WMSDs, low back pain is particularly noteworthy. It is recognized as the leading
cause of physical disability and productivity loss globally, underscoring its significant
burden on both individuals and healthcare systems. With a lifetime prevalence of nearly
84% among adults, low back pain remains a pervasive issue, affecting workers across all
sectors (“Work-Related Musculoskeletal Disorders & Ergonomics | Workplace Health
Strategies by Condition | Workplace Health Promotion | CDC” 2021). WMSDs often
arise from a mismatch between the physical demands of a job and the worker's physical
capacity. Risk factors include repetitive motions, the application of excessive force,
awkward or sustained postures, and prolonged static positions, all of which can gradually
degrade musculoskeletal health over time (Odebiyi et al. 2023).

To mitigate these risks, it is essential to align physical job demands with worker
capabilities through evidence-based ergonomic principles. This ensures a healthier
workforce while reducing economic and productivity losses caused by WMSDs.

1.2 Physical Demand Analysis

Physical Demands Analysis (PDA) serves as a systematic procedure that quantifies and
evaluates the physical requirements of a job, ensuring that job demands are appropriately
matched to the workforce's capabilities. Physical demands refer to the level and duration
of physical exertion generally required to perform critical tasks in support of critical job
functions, such as sitting, standing, walking, lifting, carrying, reaching, pushing, and
pulling (“Physical Demands” 2015). Therefore, quantifying Occupational Physical
Activities (OPAs) is a key component of the PDA, providing detailed data on the
workload involved in each task. This data helps identify the intensity, frequency, and
duration of physical activities, which can vary depending on the job role and environment.
By capturing this information, the PDA offers a comprehensive view of the physical
demands needed to perform job functions.



PDA is crucial in job recruitment as it clearly defines and communicates the physical
requirements of a position, providing potential candidates with a thorough understanding
of the physical demands involved. This also enables employers to ensure that new hires
possess the necessary physical capabilities to safely and effectively perform their job
duties (Xinming et al. 2015). In job placement, PDAs are used to match workers with
positions that align with their physical abilities. Properly aligning worker capabilities
with job demands through PDA data helps prevent WMSDs by minimizing the risk of
overexertion.

One of the most critical applications of PDA is in the Return-to-Work (RTW) process
following injury/illness (Government of Canada 2024). During this process, PDA helps
identify areas within different work zones where modified duties may be available. They
also assist healthcare providers in understanding the specific job demands when
evaluating workers’ ability to return, enabling them to determine whether the worker can
safely resume their pre-injury role or if modifications are necessary. This approach
promotes a safe return to work, minimizing the risk of re-injury and supporting the
worker’s rehabilitation and reintegration into the workplace. According to the Americans
with Disabilities Act (ADA), employers are required to provide accommodations to
qualified individuals with disabilities to enable them to perform essential job functions
safely (“The ADA: Your Responsibilities as an Employer,”). By ensuring that job
demands align with the capabilities of pre-injured employees, PDA supports compliance
with ADA requirements, thereby promoting an inclusive and equitable work environment.

Beyond recruitment, placement, and RTW, PDA also provides valuable information
about high-risk activities that could result in elevated physical demands, warranting
further evaluation using ergonomic risk assessment tools. For instance, the Revised
NIOSH Lifting Equation (RNLE) can be applied to evaluate lifting activities (Ahmad and
Muzammil 2023) , and the Liberty Mutual Manual Materials Handling Equations can be
used to assess the risks associated with tasks such as carrying and pushing (Potvin et al.
2021). |Identifying high-risk activities allows employers to prioritize targeted
interventions, redesign workflows, and implement effective ergonomic solutions to
reduce worker injury and enhance workplace safety.

1.3 Occupational Physical Activities

As a core component of PDA, OPAs involve specific physical activities, such as lifting,
carrying, and overhead work, which can impose significant physical demands. When
poorly managed, these activities increase the risk of WMSDs. Accurately quantifying
OPAs is critical to align job demands with worker capacities and reduce injury risks.

Historically, various methods have been employed to measure OPAs, including self-
reports, observational techniques, and direct measurements. While these approaches have
provided valuable insights, they often suffer from limitations in reliability, accuracy, and
efficiency (Thiese 2013; Jancey et al. 2014; Steeves et al. 2018; Melanson Jr., Freedson,
and Blair 1996).



Recent advancements in technology, particularly wearable devices like inertial
measurement units (IMUs) and motion-tracking systems, offer new opportunities to
improve OPA quantification (Mékela et al. 2022; J. Chen, Qiu, and Ahn 2017; Humadi et
al. 2021b). These tools have the potential to enable objective, continuous, and scalable
assessments, and allow for a more accurate representation of physical demands in
dynamic and diverse work environments. However, challenges such as task variability
and overlapping activities persist, highlighting the need for innovative solutions to
enhance the precision and applicability of OPA analysis in complicated work tasks.

Given the critical role of OPAs in understanding job demands and preventing WMSDs,
this research focuses on advancing OPA identification and quantification using modern
technologies. By leveraging wearable devices and computational techniques, this study
aims to enhance the accuracy, reliability, and scalability of OPA recognition. These
advancements will contribute to more effective ergonomic risk assessments and improved
physical demand analysis, ultimately supporting safer and healthier workplaces. The
challenges and methodologies underlying this approach are explored in detail in Chapters
2 and 3.

1.4 Quantify Physical Exposures

Quantifying physical exposure is a critical step that follows the identification of OPAs.
As discussed in Section 1.3, identifying activities such as lifting, carrying, etc. is essential
for physical demand analysis. However, to comprehensively assess workplace risks, it is
equally important to measure the physical exposures associated with these activities. This
step provides deeper insights into the intensity, duration, and frequency of OPAs, which
are closely linked to the development of WMSDs.

For example, workers performing manual material handling (MMH) tasks, such as lifting,
are at heightened risk of developing WMSDs, particularly low back pain, due to
repetitive movements, awkward postures, and excessive forces (Boschman et al. 2011;
Coenen et al. 2014; Lu et al. 2014). Measuring exposures such as lifting frequency, hand
locations is crucial to determine whether job demands are within safe limits and to design
interventions that minimize injury risks. These measures are foundational to PDA.

Traditionally, ergonomic risk assessments of lifting tasks, such as those performed using
the Revised NIOSH Lifting Equation (RNLE) (T. R. Waters, Putz-Anderson, and Garg
1994), rely on manually collected data for parameters like lifting frequency and hand
locations. While effective, these methods are labor-intensive and prone to human error.

Recent advancements in wearable technologies, particularly inertial measurement units,
offer a promising alternative for physical exposure quantification. IMUs capture position,
velocity, and acceleration data, enabling continuous and objective tracking of workers’
movements. This capability allows for more precise and efficient assessments, especially
in dynamic and complex work tasks.



Building on the identification of OPAs, this research also focuses on leveraging IMUs to
enhance the accuracy and scalability of exposure quantification. Specifically, in Chapter
4, this study details an approach for measuring key parameters of lifting tasks, such as
frequency and hand locations, with promising accuracy. By integrating IMUs into
ergonomic assessments, this work aims to improve PDA and contribute to safer and
healthier workplaces.

1.5 Historical Context and Emerging Solutions

In January 2001, the Occupational Safety and Health Administration (OSHA)
implemented an ergonomics program designed to enhance workplace safety and reduce
WMSDs. This standard required the employer to establish ergonomic programs tailored
to their workforce and to assess jobs for ergonomic risk factors. However, in March 2001,
a resolution was signed to repeal the standard, citing concerns over the absence of a
standardized and reliable approach for evaluating physical exposures and the significant
costs associated with implementation (“Ergonomics Program. | OSHA.Gov |
Occupational Safety and Health Administration” 2001).

Following the repeal, researchers intensified efforts to develop more robust and
consistent methods for assessing ergonomic risks, particularly in MMH tasks, which are a
leading cause of injuries. Despite significant progress, achieving reliable and valid risk
assessments in real-world occupational settings remains challenging.

Advancements in wearable technology and machine learning offer transformative
opportunities in this field. Wearable devices, integrated with sophisticated data analytics,
can enable precise recognition of OPAs and provide quantitative measures of physical
exposures. These innovations support evidence-based ergonomic risk assessments and
hold the potential to significantly improve the identification of high-risk tasks, the design
of targeted interventions, and the monitoring of ergonomic solution effectiveness.

This thesis focuses on leveraging wearable technologies and deep learning methods to
advance the field of physical demand analysis. Chapters 2 and 3 explore the application
of these tools in identifying OPAs, while Chapter 4 extends this work to develop reliable
physical exposure assessments for manual lifting tasks.

1.6 Study Objectives

The primary objective of this research is to leverage wearable technologies and deep
learning models to enhance physical demand analysis for ergonomic evaluation.
Specifically, the study focuses on predicting occupational physical activities, especially
during simulated tasks and developing a framework for quantifying physical exposures
during manual lifting.

The sub-objectives are as follows:



e Activity Recognition: Use wearable devices and deep learning methods to
identify occupational physical activities in simulated work tasks.

e Physical Exposure Quantification: Create an IMU-based system to measure key
parameters such as lifting frequency and spatial distances with minimal human
intervention.

In Chapter 2, a preliminary identification of OPAs using eight IMUs is introduced,
showing promising results when activities were performed in isolation, along with a
decline in performance during simulated work tasks. In Chapter 3, further efforts are
made to recognize OPAs in a more comprehensive manner, achieving promising
performance both in isolation and during simulated work tasks. In Chapter 4, the focus
shifts to recognizing physical exposures, particularly during periods identified as lifting
in the previous chapter, to provide the necessary information for physical demand
analysis.

These efforts aim to provide a scalable, practical approach for comprehensive physical
demand analysis, improving workplace safety, reducing WMSD risks, and facilitating
broader adoption in diverse occupational settings.



2 Phase I: Preliminary Identification of OPAs

2.1 Introduction

Chapter 2 is based on a published paper titled “Applying wearable technology and a deep
learning model to predict occupational physical activities.” (Y. Yan et al. 2021)

As introduced in Chapter 1, physical demands vary significantly across different jobs,
necessitating a PDA to outline the physical and environmental requirements for
performing a job. The PDA includes information on the approximate duration (% of day)
and magnitude (load) that different OPAs, such as lifting/lowering, carrying, kneeling,
reaching, walking, and standing, take place. The PDA informs workers about the physical
demands of a job before they are hired, and it provides occupational health practitioners
critical information for facilitating effective return-to-work programs should an injury
occur.

Various methods for quantifying OPAs include self-report, observational, and direct
measurement (David 2005; Schall, Fethke, and Chen 2016). Though both self-report and
observational approaches are low-cost and convenient, results can be inaccurate and
unreliable, as well as time consuming (Mokhlespour Esfahani, Nussbaum, and Kong
2019). Although observational methods are the most common approach for estimating
OPAs (David 2005), some have used more detailed video-based techniques to quantify
the duration of OPAs with higher accuracy. Essentially, workers are recorded in real time
and the video is analyzed using computer software that aggregates the amount of time
spent performing different OPAs. Direct measurements of force supplement the video
analysis to provide a more valid and reliable PDA; however, this approach is extremely
time consuming and costly (David 2005).

Accurate and reliable quantification of OPAs required for a job description is critical for
physically demanding jobs. Prospective workers rely on them to determine if they would
like to pursue a job and clinicians rely on them to facilitate appropriate return-to-work
plans. Further, accurate and reliable quantification of the duration, frequency and
magnitude of physical demands can be useful when assessing interventions designed to
reduce physical exposures associated with WMSDs. To overcome the limitations of self-
report, observational, and direct measurement methods, kinematic data could be an
effective approach to quantifying OPAs in the workplace. Kinematic data yield the
position, velocity, and acceleration of body segments and have been used to predict the
patterns and quality of movement (H. Chen et al. 2015). Conventional methods of
capturing kinematic data rely principally on video analysis or an optoelectronic system to
distinguish movement patterns of body segments (Song and Qu 2014b; 2014a; Harris-
Adamson et al. 2015; Tammana et al. 2018). However, these laboratory methods have
limitations in real work scenarios both in cost and feasibility.

Wearable technology, such as inertial measurement units (IMUs), have been used to



capture human body motion for animation, optimizing athletic performance, and even
optimizing patient treatment (Cuesta-Vargas, Galan-Mercant, and Williams 2010). For
example, Daponte et al. (Daponte, De Vito, and Sementa 2013) developed a wireless and
IMU-based system for monitoring patient motion with real-time 3D reconstruction. IMU
systems have also been used by practitioners for gait and lower limb rehabilitation (Yang
et al. 2019; Yeh et al. 2013). IMUs perform well when tracking the orientation of a
moving object, thus, coaches and athletes use them to assess athletic performance (Groh
etal., n.d.; Tessendorf et al. 2011). More recently, IMUs have been used in the workplace
to quantify specific exposures that may increase the risk of injury. A smart garment using
two IMU sensors was introduced by Wang et al. (Q. Wang et al. 2017) to monitor
shoulder posture for treating WMSDs. Relative time series data and kinematic data from
the wearable sensors (IMUs) are used to summarize the percent time spent in different
physical activities and the probability of being at high risk for WMSDs (Marras 2000;
Gallagher 2005). The IMU system (17 IMUs) with classification models introduced by
Kim and Nussbaum (Kim and Nussbaum 2013) and Bastani, Kim, Kong, Nussbaum, and
Huang (Bastani et al. 2016), classified MMH tasks for real-time applications with a
higher accuracy than observational methods. These studies provide support for the use of
wearable devices in predicting OPAs actively and continuously in diverse work
environments, even using fewer sensors. However, the performance of using wearable
devices on classifying a broader range of OPAs such as crouching, kneeling and overhead
work has not been evaluated. Further, there is little, if any, work published on predicting
OPAs when combined in typical simulated work tasks.

Therefore, the objective of this study was to apply deep learning models to data from
eight IMUs to predict physical activities performed during simulated occupational tasks.
If wearable devices can be used to predict OPAs with higher accuracy, reliability and
efficiency than self-report, observational or direct methods, job descriptions and return to
work programs can be standardized more effectively.

2.2 Materials and Methods

2.2.1 Study Procedure

This laboratory study collected kinematic data from 8 IMUs worn on 8 different body
segments by participants who performed OPAs common in MMH jobs (Groh et al., n.d.;
Marras 2000; Gallagher 2005; Bastani et al. 2016; Kelsey et al. 1984; GRANATA and
MARRAS 1999; Hoogendoorn et al. 1999; Strine and Hootman 2007; Gallagher and
Marras 2012; Agarwal, Steinmaus, and Harris-Adamson 2018; Harris-Adamson et al.
2016). The kinematic data were used for training a deep learning model for pattern
recognition (Figure 2-1). The trained model was used to predict OPAs performed in 3
simulated work tasks. In this pilot validation study, model predictions of the OPA were
validated using a frame-by-frame analysis of video collected during simulated tasks.
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Figure 2-1 Study procedure of prediction of occupational physical activities using inertial
measurement units and deep learning model

2.2.2 Participants

Subjects (n = 15) were recruited by email, campus, and social networks. To be included
in the study, subjects needed to be between 18 and 65 years of age and willing to perform
the simulated work tasks described. Subjects with neck/back/arm/shoulder/vision pain
were excluded. Written informed consent was obtained from all subjects before their
participation. This study was approved by the Institutional Review Board of the
University of California, San Francisco (IRB# 10-04700).

2.2.3 Occupational Physical Activities and Manual Material Handling Tasks

In this study, 15 categories of occupational physical activities were selected with some
OPAs performed in multiple ways to capture the variation of physical activities and
prevent overfitting of the model (Table 2-1). To train the models, subjects performed
activities with fixed parameters of load, duration, and repetition. Most OPAs were
performed for at least 60 s each.



A subset of participants (n = 9) completed up to three simulated work tasks including
bottle packing, carpet laying, and drilling to test the deep learning model’s ability to
predict OPAs while performing simulated work tasks (Figure 2-2). Except for sitting
which exhibited obvious features for prediction, the bottle packing, carpet laying and
drilling tasks included all OPA (Table 2-2). Verbal explanations and visual
demonstrations were provided for subjects prior to performing the various OPAs and
simulated work tasks. The whole procedure took approximately 2 hours per subject.

Subjects performed carpet laying and bottle packing tasks until the task was complete; all
tasks were completed within 5 min. Drilling was performed for 15 s. Details for each task
include:

Bottle packing started with opening the box and putting 12 bottles into the box,
which contained three rows (close, intermediate, and extended distances) and four
bottles in each row. After placing the bottles in the box, the box was closed. The
horizontal distances between the bottles and the body were <30 cm, 30-40 cm,
and >40 cm. Next, the box was carried about two meters and placed on shelves of
fixed heights ranging from floor height, waist height and shoulder height.

The carpet laying task was performed by lifting carpet from a shelf (floor, waist
and shoulder height) onto a cart. The cart was then pushed or pulled to a distance
of approximately two meters. After placing the carpet on the floor, subjects were
asked to lay the carpet in a pre-defined rectangle.

The drilling task involved picking up a drill, or paint roller with one hand,
walking to the designated area about two meters away and drilling overhead or on
the ground. Afterwards the tool was returned to the original spot.



Table 2-1 Occupational physical activities (N of subjects = 15)

OPA Category Activity Load Duration/repetition Repetition
1 Lifting/Lowering 1 Lifting from floor to shoulder level ~ 4.5kg (box) 15s 2
2 Lifting from floor to waist level 4.5kg (box) 15s 2
3 Lifting from shoulder to waist level ~ 4.5kg (box) 15s 2
with twist
4 Lifting from shoulder to waist level ~ 4.5kg (box) 15s 2
without twist
5 Stooped lifting from floor to waist 4.5kg (box) 15s 2
level
6 Lifting from floor to 1.5m level 4.5kg (box) 15s 2
2 One-handed 7 Right-handed lifting from floor to 4.5kg (box) 15s 2
lifting/lowering waist level
8 Left-handed lifting from floor to 4.5kg (box) 15s 2
waist level
3 Pushing 9 Pushing clockwise 136kg (cart)  60s 1
10  Pushing counterclockwise 136kg (cart)  60s 1
4 Pulling 11 Pulling clockwise 136kg (cart)  60s 1
5 One-handed pulling 12 Right-handed pulling 136kg (cart)  60s 1
13  Left-handed pulling 136kg (cart)  60s 1
6 Standing 14  Standing 0 kg 60s 1
7 Sitting 15  Sitting 0 kg 60s 1
8 Kneeling 16  Kneeling 0 kg 60s 1
9 Static stooping 17  Static stooping 0 kg 60s 1
10 Walking 18 Walking 0 kg 60s 1
11  Crouching 19 Crouching 0 kg 60s 1
12 Crawling 20 Crawling 0 kg 60s 1
13 Carrying 21  Carrying 4.5kg (box) 60s 1
14  Reaching 22 Reaching (standing) close to body 0 kg 60s 1
(shoulder elevation angle: 30°)
23 Reaching (standing) far from body  0Okg 60s 1
(shoulder elevation angle: 60°)
24 Reaching (standing) high and far 0 kg 60s 1
from body (shoulder elevation
angle: 135°)
15 Overhead work 25  Static overhead work 0 kg 60s 1
26  Dynamic overhead work 0 kg 60s 1

OPA: occupational physical activities

10



Figure 2-2 Manual material handling tasks: bottle packing, carpet laying, and
drilling

Table 2-2 Manual material handling tasks (n = 9). Subjects complete MMH tasks with different
handling height and OPAs covered by each task are listed

MMH task N Duration/repetition OPA category covered

Bottle packing 6 Within 5 min Standing, reaching, lifting/lowering,
walking and carrying
Carpet laying 4 Within 5 min Walking, lifting/lowering, One-handed lifting/lowering,

pushing, pulling, One-handed pulling, crouching, stooping,
crawling, kneeling and standing

Drilling 4 15s Walking, lifting/lowering, carrying, stooping, overhead
work and standing

2.2.4 Wearable Track Device with Inertial Measurement Units

A lightweight (<0.7 kg) prototype wearable vest and arm cuffs that housed 8 IMUs
(SwiftMotion, Berkeley, CA, USA) was used to quantify the kinematics while
performing OPAs (Figure 2-3). The vest was designed with a shoulder harness, belt,
upper arm straps and upper leg straps made by nylon mesh fabric, which was used to fix
the positions of the IMUs. The vest was available in three different sizes (small, medium,
and large), and the straps were length-adjustable to allow exact positioning of the sensors,
independent of the body type of the subject.

The specific positions of IMUs were as follows: (1) two were placed on the spine facing
posterior, one between the 3rd and 4th thoracic spinous process (T3-T4) and the other
between the 5th lumbar and 1st sacral spinous process (L5-S1); (2) two were placed on
the medial segment of each upper arm facing lateral; (3) two were placed on the distal
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segment of each forearm just proximal to the hand facing posterior; (4) the last two were
placed on the medial segment of each thigh facing posterior. With these 8 sensors and
their corresponding anatomical locations it was possible to track the orientation of the
trunk, upper arms, forearms, and thighs. The sensors were not placed directly on muscle
bellies, as their orientation could then change during the activation of those muscles.

d

1IMU for
thoracic spine
(T3-T4)

1 IMU for
lumbar spine
and sacrum
(L5-S1)

2 IMUs for
upper arm

2 IMUs for
forearm

Figure 2-3 Wearable vest for occupational physical activities: (a) wearable track
device and location of IMUs and their orientations (orientations were displayed as
two orthogonal vectors), (b) performing manual material handling tasks with
prototype, (c) IMU used in this study

The small IMUs (50 x 50 x 20 mm) developed by the researchers included three-axis
accelerometers, three-axis gyroscopes, and three-axis magnetometers, which measured
accelerations, velocities, and position (orientation). Data from the IMUs were recorded at
a sample frequency of 10 Hz.

2.2.5 Data Collection

Time series data (1 column) and kinematic data (18 columns) were synchronized from
the 8 IMUs and transmitted to a laptop by Wi-Fi dongles. The IMUs output included both
the quaternion and Euler data. Kinematic data were recorded by IMU number and
position (2 columns), quaternion (4 columns), Euler angle (°, 3 columns), raw
acceleration (m/s2, 3 columns), linear acceleration (m/s2, 3 columns), and angular
velocity (rad/s, 3 columns). The current orientation of IMUs was determined by using
Euler angle following the Z-Y-Z sequence: the first rotation occurs around the Z-axis,
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followed by a rotation around the Y-axis and a rotation around the rotated new Z-axis.
Quaternions transformed to Euler angles using Equation (2-1).

2(qo9q1+9293)

2(9093+4d192) T (2-1)
1-2(qi+a3)

,arcsin(2(qeq2 — q391)), arctan 1 2(q2+ )

Quat2Eul(q) = [arctan

where, go denotes the scalar part and gz, g2 and gz denote the vector part of the quaternion.
2.2.6 Model Training

The ResNet-18 structure was pre-defined, only the weights were learned during training.
Error was defined as the averaged cross-entropy loss over all samples (Sangari and
Sethares 2016) in one batch (Equation (2-2)). Training was not finished until the model
converged (Figure 2-4a). A convolutional neural network (CNN), ResNet-18 (He et al.
2016) was used for categorical prediction. Its 18-layer implementation was robust to train
the model efficiently and retain high accuracy. The time series data and kinematic data of
activities based on the 15 OPA categories (Table 2-1) were converted to tensors (1 x 60 x
19) and divided into 60%, 20% and 20% for training, validation, and testing, respectively.

loss(x, ) = < (—x[i] + log(X; eX)) (2-2)

where, in each batch, i represented the correct OPA categories, j represented all of the
OPA categories and N was the batch size. The lowest validation error across models did
not necessarily identify the best model. Therefore, it was critical to save the current best
model when the validation error decreased. After the training was complete, the best
model was selected based on testing data accuracy (minimize empirical error). Model
training and prediction were all performed using Python 2.7.

1.751 —— training :
1.50 —_ i [Window 1] [Window 1]
i

125 | Input
« 1.00 E Data

o
T e Split to Window Window Window
’ i Windows 16434 Cut 16326

i e J
0.25 V4 ’ B
T 986091 rows x 20 columns Each Window of 60 rows x 20 columns

0 5 10 15 20 23 25 30
epoch

(a) (b)

Figure 2-4 Model training: (a) the training and validation error over the epoch, the model
converged at epoch 23 and became overfitting afterward, (b) window cut.

The OPA categories were added to data of 15 activities as the activity’s labels; the raw
datasets were saved to 15 csv files. Each csv file represented one activity and was
constructed in such a way that columns represented coordinates and time derivative
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information from one sensor and rows represented timestamps of each of the 8 sensors.
Therefore, each row had 18 columns of sensor data, 1 column for the timestamp, and 1
column for the label.

The final model input data was generated by combining multiple rows together to form
an image-like window. The number of rows combined (window size) was a
hyperparameter of the model. The window size with the highest accuracy achieved. Each
window had a size of 60 rows x 20 columns: in other words, 60 rows of sensor data, 20
columns of sensor data plus an activity label (Figure 2-4b). Finally, the overlapping
window was cut. An overlapping window was defined as a window containing multiple
activities and therefore it was redundant. For example, when a single window (1 s)
contained both activity 1 and activity 2, this window was dropped (0.7%).

2.2.7 Task Prediction and Validation

Simulated work tasks were video-recorded at 30 frames per second and then analyzed
using Multimedia Video Tasks Analysis™ (MVTAT™, NexGen Ergonomics Inc., Pointe-
Claire, QC, Canada). Each frame was categorized and labeled into one of the 15 OPAs
(Table 2-1). Two researchers performed the task analysis using MV TA. Both researchers
were trained by a senior engineer who has been using MVVTA for more than 13 years. To
ensure reliability and accuracy, random frames were selected by the Principal
Investigator (PI), who is also one of the thesis committee members, and the senior
engineer for validation. Any uncertainties in the analysis were resolved through
discussions with the Pl and senior engineer. Transitions (e.g., frames between standing
and lifting) were allocated to the proceeding OPA.

In the occupational activity classification problems, after removing the column of activity
label, each task was split into multiple 60 x 19 windows as input to the CNN. In total, 60
rows of data corresponded to roughly 1 s of “video” which was enough for a single
activity to be repetitive and recognizable. The CNN analyzed these windows and mapped
them to a predicted OPA. The trained CNN model was applied to the IMU data for the
simulated work tasks to predict an OPA for each 1 s interval. The OPA prediction each
second was compared to the results from the MVTA (Yen and Radwin 1995) to calculate
model accuracy of OPA prediction (Figure 2-5). A post hoc analysis of the best three
predictions of OPAs generated by the CNN model was used for further analysis.
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Figure 2-5 This diagram shows the approach for assessing the accuracy of the CNN model.
Data collected from the OPAs performed in isolation were divided into 60%, 20%, and 20%
for training, validation, and testing, respectively. The trained model was applied to testing
data from the OPAs performed in isolations, then the simulated work tasks to predict OPAs.
Multimedia video task analysis was performed on the simulated work tasks and compared
with model predictions to estimate the accuracy of the predictive model.

2.2.8 Post Hoc Analysis

For the simulated work tasks, the best three CNN OPA predictions each second were
compared with the actual OPA identified by MVTA. For the best three CNN predictions
of each second, if there was a correct prediction, it was counted. If all three were
incorrect, the first OPA prediction was counted as the incorrect prediction.

2.3 Results

A total of 15 healthy participants with an average age of 31 + 13.6 years (9 males, 6
females, Table 2-3) participated in this study. The average height and weight of
individuals were 169.4 + 14.8 cm and 68.2 + 15.6 kg, respectively. None of them
reported any recent injuries or chronic diseases.

Table 2-3 Demographics and anthropometric data of subjects

Age Height  Weight BMI Lowerleg Upperleg Lowerarm  Upperarm
Gender N
(yrs) (cm) (kg) (kg/m2) (cm) (cm) (em) (em)
Male 9 Mean 31 177 76.10 24.30 57.44 92.00 37.67 38.89
SD 15.43 12.13 15.43 4.30 3.68 6.54 2.87 3.26
Female 7 Mean 33 165 61.16 22.45 52.17 85.67 33.33 34.33
SD 15.79 4.40 7.11 1.75 2.64 2.42 1.97 2.34
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The CNN achieved an overall accuracy of 95% in test data but differed by OPA with one
handed lifting/lowering having the lowest accuracy (83%) and six OPAs having an
accuracy of 100% (Table 2-4).

Table 2-4 CNN model accuracy of different OPA categories (N = number of correct
predictions over total samples for each OPA. Accuracy is the percentile of correct
predictions divided by total samples)

OPA Category N of correct samples (windows) Accuracy
Overhead work 194/194 100%
Sitting 97/97 100%
Crawling 78/79 98%
Standing 103/103 100%
Carrying 271/271 100%
Walking 101/106 95%
Pushing 170/180 94%
Reaching 279/279 100%
Static stooping 84/84 100%
Kneeling 84/85 98%
Crouching 85/96 88%
Lifting/Lowering 1028/1064 96%
One-handed lifting/lowering 2731327 83%
Pulling 80/94 85%
One-handed pulling 194/207 93%
Overall 3121/3266 95%

The data collected from bottle packaging tasks, carpet laying tasks and drilling tasks were
combined and processed by the trained CNN model. The top CNN OPA prediction was
compared with MVVTA results for each frame to calculate the prediction accuracy (Table
2-5). Based on the 1503 frames, the average accuracy was 22% with accuracies varying
by OPA. The lowest accuracy was 0% (one-handed lifting) and the highest accuracy was
95% (overhead work).



Table 2-5 Accuracy of the top OPA prediction during simulated work tasks. The confusion matrix shows the CNN model accuracy of OPA predictions in
simulated work tasks. OPAs were classified as upper body kinematics or whole-body kinematics. Cells in the left-hand column represent OPA categories
in tasks and cells in the second row represents CNN predicted activities. Cells on the main diagonal and off-diagonal indicate the number of correct and
incorrect predictions of each activity. Cells marked in darker green represent more predicted numbers. The two right-hand columns represent the total
frame and prediction accuracy of each OPAs, respectively. The cell at the bottom-right corner indicates the average prediction accuracy.

Upper Body Kinematics Whole Body Kinematics
& w § g w B o o o 15 w 0

OPA Category & S £ £ g &6 2 3% & = < S S 2 & | (Frame) | Accuracy
Reaching 31 23 47 1 14 1 50 5 7 26 28 1 9 243 13%
Carrying 1 36 9 8 11 3 11 1 24 5 5 1 115 31%
Lifting 6 32 28 29 16 12 15 8 39 21 3 209 13%
Lifting

onehanded 2 5 0 7 1 1 3 4 8 3 1 35 0%
Pulling 1 13 13 6 2 4 39 33%
Pulling

onehanded 1 0 1 1 3 0%
Pushing 3 2 29 23 2 59 39%
Overhead

work 0 0 40 1 1 42 95%
Standing 5 21 4 7 1 17 4 4 3 1 2 69 25%
Walking 2 8 13 2 14 2 21 3 25 4 2 96 22%
Kneeling 1 1 25 2 35 16 1 1 2 89 60 4 237 1%
Crouching 7 3 85 1 5 1 7 24 13 12 22 180 13%
Crawling 2 2 1 5 7 17 41%
Stooping 5 2 33 7 5 9 5 20 3 159 57%
Sitting 0 0 N/A
Total 58 107 273 0 24 166 88 108 17 60 36 261 149 109 47 1503 22%
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The analysis of the three best CNN predictions was higher; the average prediction
accuracy was 45% (Table 2-6). Some OPA prediction accuracies were high; accuracy of
one-handed pulling and overhead work exceeded 95%, while the accuracy for pushing
reached 88%. However, the prediction accuracy of other OPAs was very low. For
example, kneeling had an accuracy of 7%, being commonly mistaken for crouching
(Figure 2-6). None of the one-handed lifts were correctly predicted. Many frames of

stooping were predicted as reaching.

Reaching

600 4
Carrying
Lifting
Pulling
500 Pulling_OneH
Pushing
Overhead
Standing
400 mm Walking
m Kneeling
s Crouching

# of predictions
g

Crawling
4 I Sitting

N
(=3
o

100 4

Reaching 4
Carrying
Lifting
Lifting_OneH -
Pulling 4
Pulling_OneH
Pushing
Overhead
Standing
Walking 4
Kneeling
Crouching
Crawling
Stooping

OPA categories

Figure 2-6 This stacked bar chart shows the top 5 other OPAs that each activity was
misclassified as. The X-axis represents the OPAs performed during the simulated work tasks

and the legend represents OPAs predicted by CNN.
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Table 2-6 Accuracy of the top 3 OPA predictions during simulated work tasks. A confusion matrix showing the accuracy of the best three CNN
predictions of OPAs in simulated work tasks. If there was a correct prediction in the best three outcomes, the correct one was counted. Otherwise, the
first outcome of the best three predictions was counted. Cells in the left-hand column represent OPA categories in tasks and cells in the second row
represent the best three predicted activities. The best three CNN predictions of each frame were taken for analysis. Cells on the main diagonal and off-
diagonal indicate the number of correct and incorrect prediction of each activity. The two right-hand columns represent the total frame and CNN best
three prediction accuracies of each OPA, respectively. The cell at the bottom-right corner indicates the average accuracy of best three CNN predictions.

Upper Body Kinematics Whole Body Kinematics
o 3 3 2 w w 2w ow
OPA £ S » wE @ ops £ 2 | £ £ £ 5 £ 0§ » 1o

Category ;3 5 g g % E z: g é g g ;_3 g E 8 8 § g (Frames) Accuracy
Reaching 103 20 28 1 14 1 30 4 4 23 9 1 5 243 42%
Carrying 1 66 1 6 8 6 1 19 4 2 1 115 57%
Lifting 3 14 106 22 11 1 12 4 23 12 1 209 51%
Lifting
onehanded 2 5 0 7 1 1 3 4 8 3 1 35 0%
Pulling 1 21 7 4 2 4 39 54%
Pulling
onehanded 3 3 100%
Pushing 1 6 52 59 88%
Overhead
work 41 1 42 98%
Standing 1 11 3 5 1 39 1 4 3 1 69 57%
Walking 2 4 12 2 6 1 40 3 20 4 2 96 42%
Kneeling 1 1 23 2 35 16 1 1 16 87 51 3 237 7%
Crouching 7 1 50 4 1 4 71 9 12 21 180 39%
Crawling 1 1 3 12 17 71%
Stooping 2 33 7 4 9 3 929 2 159 62%
Sitting 0 0 N/A

45%

Total 118 110 272 0 29 118 103 75 39 70 37 271 110 115 36 1503
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2.4 Discussion

The present study used a deep learning method to predict 15 OPA activities common in
MMH jobs. A convolution neural network model was applied to data from 8 IMUs to
predict which of the 15 OPAs were being performed during each second of analysis.
Overall, the model had an average accuracy of 95% when each OPA was performed in
isolation. However, model accuracy decreased when applied to simulated work tasks that
contained multiple OPAs (e.g., bottle packaging, carpet lying and drilling).

The CNN model was first applied to predict occupational physical activities performed in
isolation. The study indicated that the CNN model provided a reliable prediction of OPAs
performed in isolation with the highest accuracy of prediction reaching 100%, and the
lowest accuracy being 83%. However, even when performed in isolation, some activities
had better accuracy than others; overhead work, sitting, standing, carrying, reaching and
static stoop had 100% accuracy while one-handed lifting, pulling and crouching were
lower (83%, 85% and 88%, respectively). One possible reason for the lower accuracy in
one-handed lifting (83%) was the asymmetrical movement that varied with each lift
(Figure 2-7a). Pulling and one-handed pulling also had lower prediction accuracy (85%
and 93%, respectively) which may have also been due to activity being asymmetrical and
varied. The model accuracy for crouching may have been lower (88%) due to the trunk
angle being similar to other activities, such as lifting and kneeling. Future studies should
include IMU data from the lower legs to evaluate whether additional IMU data improves
model prediction for all OPAs by differentiating activities with similar upper body
postures (Figure 2-7Db).

(a) (b)

Figure 2-7 Activities with similar trunk flexion have low prediction accuracies: (a) one-
handed lifting, an asymmetrical activity (83%); (b) crouching (88%).

To test the robustness of the trained CNN model, it was applied to data collected during
three MMH tasks. The overall model accuracy fell dramatically to 22%. Each task
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contained multiple OPAs and the model was unable to differentiate the OPAs with high
accuracy when they were performed as part of a simulated task. To understand the
inaccurate predictions, a post hoc analysis analyzed the best three CNN predictions for
each second of simulated work. The overall accuracy of OPAs increased from 22% to
45%. The results of some activities improved greatly; prediction for lifting and pushing
increased from 13% to 51% and 39% to 88%, respectively. This indicates that the model
may have had an incorrect best prediction, but the 2nd or 3rd prediction was correct, at
least for some OPAs. However, some activities had minimal changes in accuracy. The
incorrect predictions for each OPA were graphed to visually depict erroneous predictions
for each OPA. This was primarily done to develop improved models for future research,
particularly for the OPAs with a low prediction accuracy. Upon further analysis, the
erroneous predictions appeared to be primarily due to four circumstances including (1)
variation in how the OPA was performed; (2) OPAs being performed concurrently; (3)
posture similarities between OPAs; (4) an OPA being embedded in another OPA, thus
confusing the model.

The amount of variation in how activities were performed impacted the model prediction
accuracy. For example, the CNN model was trained with people lifting using a squat
technique, yet during the work simulated tasks, some people used the stoop lift posture
which was mistakenly predicted as crouching. Kneeling only had a 7% accuracy despite
using the best three predictions. Kneeling can also be performed with much variation;
there was kneeling while sitting on the heels, kneeling upright (no hip flexion) and single
knee kneeling. Since the model was not trained for these variations in posture, it
predicted other similar activities such as crouching or crawling. Future research should
include more variations of how each OPA is performed during the training-test dataset
before it is applied to simulated work tasks. Fifteen subjects participated in the current
study. Including more people in the training-test dataset would also be helpful in
capturing variations in how OPAs are performed.

Another reason for poor prediction accuracy was that subjects often performed multiple
OPAs at the same moment while performing a task which the single model prediction
approach could not resolve. For example, subjects may reach while kneeling, sitting, or
standing. Standing was misclassified as lifting since subjects usually lift items when
standing. This presented challenges for the CNN model in predicting the predominant
activity. Despite the extensive training, evaluation, and discussion about how to classify
each frame in MVTA, human judgement was used to identify the predominant activity.

As described above when OPAs were performed in isolation, similar postures across
OPAs were a reason for poor accuracy during the MMH tasks, especially since there was
no information on loads being handled. Reaching was frequently predicted as lifting,
overhead work, and carrying likely because those activities include shoulder flexion with
an increased horizontal distance between the body and wrists. Kneeling was commonly
misclassified as crawling or crouching, also likely due to the similarities in hip flexion
and trunk angles, particularly when kneeling while sitting on one’s heels. Crouching was
misclassified as lifting or sitting, again due to similar hip flexion angles. Surprisingly,
walking had low prediction accuracies and was most commonly misclassified as one-
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handed pulling, carrying, or pushing, all of which include walking while handling a load.
Having additional information from lower extremity IMUs and/or about loads being
handled may improve the OPA classification across these otherwise similar activities that
all included some amount of reach.

Another common reason for misclassification was when one OPA was part of or
embedded within another OPA. For example, when categorizing OPAs in MVTA, the
visual cues made it obvious when someone was reaching forward to lift something. In
this case, the lift started at the beginning of the reach to lift an item and ended when the
item was brought back to their body. In other words, if someone was reaching forward to
lift something, the frames including the reach forward required to make contact with the
object, were classified as part of the lift. Despite this consistency in how the models were
trained, the CNN model could not differentiate these activities during the simulated
activities, based on intent of the movement. This may explain why reaching was
incorrectly predicted as a carry and why standing was frequently misclassified as lifting.
Thus, a different approach to OPA classification will be needed in the future to help
differentiate OPAs. It may be beneficial to start the classification of a lift when the load is
actually being lifted versus the moment someone reaches forward to initiate a lift.

To mitigate the misclassification discussed above and improve the prediction accuracy,
additional IMUs and/or pressure insoles could be added to the system in future studies.
For example, pressure insole information may help differentiate similar activities that
primarily differ based on loads being handled such walking versus carrying, pushing or
pulling and crouching versus lifting. Information from pressure insoles has been shown to
distinguish such activities (Antwi-Afari et al. 2018) and may help distinguish kneeling,
crouching, and stooping from lifting. Pressure insole information may also help
distinguish crawling from kneeling and crouching since the total force would be
significantly lower since the weight is supported through the knees when crawling.

To address concurrent OPAs happening simultaneously, sequential modeling could be
used to make multiple predictions. A prior study used sequential artificial neural network
models to estimate hand posture before estimating hand exertion force (M. Wang et al.
2020). Perhaps a similar approach that predicts whole body posture before predicting
upper extremity movement could be used to improve OPA prediction accuracy.

Continual challenges to estimating prediction accuracies remain because of the
transitional time between OPAs when performing simulated work. This can be minimized
by training models to make accurate predictions from the beginning of the activity to the
very end. For example, lifting would need to be predicted from the first moment there is
hip and knee flexion to the moment the person returns to standing. This has obvious
challenges for a model that makes a prediction every second and will require proceeding
information for accurate classification. Exploring additional types of deep learning
models may help to address this issue and improve prediction results. In this study, a
recurrent neural network (RNN) model was first applied to predict OPAs when

performed in isolation. The prediction result of the RNN model did not meet expectations.
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Upon reflection, RNNSs are designed to predict an outcome for each timestamp in a time
series that was not the best fit for OPA classification. Further, CNN Resnet models have
been shown to outperform other deep learning approaches significantly for time series
classification (Ismail Fawaz et al. 2019). Thus, the current model chosen for this study
was from ImageNet contest winner, Resnet. Its 18-layers implementation is robust to
train the model efficiently and retain high accuracy for single OPAs prediction. The
window size of the current CNN model was 60 rows of sensor data, roughly
corresponding to 1 s of video data which is enough for a single activity to be repetitive
and recognizable. However, in MMH tasks, activities change at a very fast pace. Thus,
further investigation on window size selection is needed.

2.5 Limitations

Subjects could choose how they performed the simulated work tasks, therefore, some
activities such as one-handed pulling and crawling had limited data. For some OPAs like
crawling, this may have led to the low accuracy rate, specifically because crawling is
similar with other OPAs. Future studies should include more participants and data from a
greater number of simulated tasks. Fifteen subjects participated in this pilot study which
allowed us to assess the feasibility and accuracy of this approach. In future studies, more
subjects will be included to allow more variability when training the model.

2.6 Conclusion

Fifteen occupational physical activities were predicted using a convolutional neural
network model and inertial measurement units with an overall accuracy of 95% when
performed in isolation, however, the prediction accuracy was low and varied widely
when applied to simulated work tasks that included multiple OPAs. Reasons for the
reduced accuracy may be addressed in future studies by exploring sequential modeling
approaches, model selection, and the addition of lower extremity IMUs and/or pressure
insole sensors. Predicting OPAs using wearable devices and deep learning models is an
important step in quantifying physical job demands with more accuracy than current
methods.
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3 Phase II: Comprehensive Recognition of OPAS

3.1 Introduction

As discussed in Chapter 1 and 2, physical demand analysis is a critical component of
recruitment, placement, and return-to-work programs. A key aspect of PDA involves
identifying occupational physical activities, especially high-risk tasks, helping employers
prioritize targeted interventions, optimize workflows, and implement effective ergonomic
solutions that enhance workplace safety and reduce injury risks.

Accurate quantification of OPAs, as highlighted in Chapter 2, is essential for determining
whether job demands are within safe limits for workers. This data helps design safer jobs,
reducing the risk of WMSDs and promoting a healthier work environment. Historically,
self-reports, observational techniques, and direct measurements have been used to
quantify OPAs. Self-reports, such as questionnaires, are common in large field studies
due to their simplicity and cost-effectiveness but are prone to imprecise and unreliable
results stemming from random errors and reporting biases (Olds et al. 2019; Ainsworth et
al. 2012). While convenient and inexpensive, observational techniques may be resource-
intensive and require trained personnel to ensure accuracy (Takala et al. 2010). Direct
measurement methods, though more reliable, can disrupt work activities and be
impractical for certain tasks.

Advanced technologies have been employed as effective methods to achieve more
precise and reliable quantification of OPAs. Several studies have used video-based
techniques to identify occupational postures (>80%) accurately (Zhang, Yan, and Li 2018;
X. Yan et al. 2017; Escorcia et al. 2012). However, video-based methods face limitations
in natural work environments, as their performance can be affected by lighting, self-
occlusion, and occlusion from the work environment (Lin et al. 2022; Rodrigues et al.
2022). Wearable devices, particularly inertial measurement units (IMUs), are increasingly
utilized to measure kinematic data, including position, velocity, and acceleration of body
segments. IMUs have been applied to quantify physical activities in daily living and,
more recently, to OPAs in workplace settings (Makela et al. 2022; J. Chen, Qiu, and Ahn
2017; Humadi et al. 2021b; Villalobos and Mac Cawley 2022).

Despite these advancements, applying these methods to recognize OPAs in real-world
settings while multiple activities are involved remains challenging. The complexity arises
due to the simultaneous performance of multiple activities, intraclass variability,
interclass similarity, and the overall diversity of work tasks (K. Chen et al. 2020;
Nematallah and Rajan 2024). In Phase | (Chapter 2), we utilized eight IMUs and a CNN
model to recognize 15 OPAs when activities were performed in isolation and as sub-
activities within simulated work tasks. The study achieved 95% accuracy when OPAs
were conducted in isolation. However, the accuracy dropped to 22% when activities were
performed concurrently as sub-activities in the simulated work tasks (Y. Yan et al. 2021).
Specifically, users often engage in several concurrent and interleaving activities (Okita
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and Inoue 2017; Hao Hu et al. 2008). However, most current studies, as highlighted in
prior research, are designed to label only a single activity for each time point. For
example, a participant lifting an item from the ground will have a lifting posture in their
upper body. In contrast, their whole-body posture could be categorized as crouching or
stooping, causing this movement to belong to two activity categories.

To address the challenges of classifying simultaneous activities, Bonde et al. used
geophone sensors to classify activities into two categories based on their potential to
overlap. By applying multi-stage supervised learning, their system achieved up to 97%
accuracy for the first category and up to 90% for the second category and overlapping
activity combinations (Bonde et al. 2020). Okita et al. developed a compositional CNN-
LSTM (Convolutional Neural Network, Long Short-Term Memory) model capable of
recognizing up to three overlapping activities, addressing the limitation of traditional
models that detect only one activity at a time. This approach improved recognition
accuracy from 27% to 43% (Okita and Inoue 2017). However, these studies primarily
focus on office or daily human activities with a limited set of categories, which may not
fully capture the complexity and diversity of OPAs. In Phase Il, we aim to enhance the
accuracy and reliability of recognizing simultaneous OPAs in real-world tasks.

Therefore, the objective of this study was to use wearable technology, specifically IMUs,
to provide a more reliable and valid approach for recognizing occupational physical
activities related to MMH tasks. Seventeen IMUs were used to measure kinematic data,
while deep learning models were employed to recognize whole-body and upper-body
activities separately. By accurately identifying these activities, we can enable
comprehensive and scalable risk assessments, facilitating a whole-job analysis rather than
focusing solely on individual movements. This broader approach is essential for
developing effective interventions and improving workplace safety and health.

3.2 Methods

3.2.1 Participants and Devices

This was a laboratory-based study that included thirty participants who were recruited via
email, campus announcements, and personal networks. Inclusion criteria required
participants to be between the ages of 18 and 65, and physically capable of performing
moderate physical tasks. People with neck, back, arm, or shoulder injuries were excluded
from the study. Eligible participants were provided with an overview of the study and
written informed consent was obtained. This study was reviewed and approved by the
University of California.

Seventeen wireless lightweight (16g) and compact (47 mm x 30 mm x 13 mm) IMUs
(MVN Awinda and MVN Analyze, Xsens, Netherlands ) were attached to participants'
feet, lower legs (tibia close to the knee), upper legs (middle of the lateral thigh), pelvis,
shoulders, sternum, head, upper arms (between the biceps and the triceps), forearms
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(closer to the wrist), and hands to capture body kinematics during various activities (60
Hz sampling rate). Two cameras were placed perpendicular to the participants from the
right and left sides to ensure clear visibility of key body segments during lifting activities
in front of a shelf (Figure 3-2). Additionally, when participants performed all other OPAs,
the researcher used a handheld GoPro camera for video recording. The videos were
synchronized with the collected IMU data by identifying designed movement patterns at
the beginning of each recording.

3.2.2 Study Procedure

By referencing the physical demands outlined by the U.S. Bureau of Labor Statistics
(“Visual Overview for Physical Demands”), thirteen OPAs commonly associated with
MMH jobs were selected for our study. The 13 OPAs (Table 3-1, Table 3-2) were
performed in isolation by each participant while wearing all 17 IMUs. The kinematic
data were used to train a deep-learning model to recognize whole-body and upper-body
activities separately. The trained model was tested to recognize activities when performed
as sub-activities in simulated work tasks that mimicked real-world tasks. Multimedia
video task analysis (MVTA) was used to analyze videos of simulated tasks frame by
frame and compare them with results from the deep learning model to calculate the
percentage of correctly predicted activity periods (Figure 3-1). Leave-group-out cross-
validation (CV) was conducted to assess whether the model could maintain similar
performance both with participants previously included in the model and with new,
unseen participants on recognizing their OPAs (dashed line in Figure 3-1).
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Figure 3-1 The study procedure for occupational physical activity recognition uses
inertial measuring units and a deep learning model.

3.2.3 Occupational Physical Activities

The 13 OPAs included seven whole body activities (sitting, standing, walking,
symmetrical kneeling, asymmetrical kneeling, crouching, and stooping) and six upper
body activities (reach high, carrying, pushing, pulling, lifting, below shoulder non-MMH
movement). Each participant performed most whole body activities for at least one
minute (once) without additional weight. Asymmetrical kneeling was performed on each
knee for 30 seconds. Participants were encouraged to adjust their posture, even while
performing a specific whole body activity. For example, during sitting, participants could
lean forward, lean back in the chair, cross their legs, etc. Additionally, participants
performed crouching with three different postures: deep squat, mid squat, and high squat,
which was characterized by knee and trunk flexion angles. Participants adjusted trunk
flexion angle for stooping while keeping their knees close to a neutral position.
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Table 3-1 Whole body occupational physical activity categories, including the number of
repetitions, and the duration of each repetition for each activity.

Repetition .
OPA Category Duration Repetition
1 Sitting 1 min 1
2 Standing 1 min 1
3 Walking 1 min 1
4 Kneeling 1 min 1
5 Asym_metrlcal 30s 5
Kneeling
6 Crouching 1 min 1
7 Stooping 1 min 1

Table 3-2 Upper body occupational physical activity categories, including the load handled, the
number of repetitions, and the duration of each repetition for each activity.

OPA Category Load Repetition Duration Repetition
Reach High Driller 1 min 1
Carrying 5 kg, 7kg, 10 kg (box) 1 min 3
Initial force: 4.5 kg; Sustained force: 2.7 kg
Pushing Initial force: 5.4 kg;(fel;lr?)tained force: 3.6 kg NA 12

Initial force: 4.5 kg; Sustained force: 3.2 kg

Pulling Initial force: 5.4 kg; Sustained force: 4.5 kg NA 12
(cart)
Lifting 2 kg, 5 kg, 7 kg (box) NA 115
Below Shoulder 1min (below
Non-MMH NA shoulder reach) NA
Movement NA

A drill was used during the “Reach high” activity for upper body activities to simulate
overhead drilling. Participants carried three boxes with handles (5kg, 7kg, and 10kg) for
1 minute each. Two weights were placed on a cart during pushing and pulling tasks, and
the initial and sustained forces were measured (Table 1). Participants pushed and pulled
the cart across the room without a time limit. Each activity was repeated 12 times (6
times per weight). Participants also performed a series of lifts (up to 115 per participant)
using three loads (2kg, 5kg, and 7kg). The boxes, marked with different colors to indicate
their weights, were lifted to and from shelves with various heights (floor, 76.2cm, and
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152.4cm) and locations (left and right), resulting in 6 distinct locations (Figure 3-2).
Floor markings indicated where participants should stand to start each lift, varying the
horizontal hand location. During the lifting activity, participants were instructed to move
boxes between specified locations sequentially. Lifting parameters were determined
based on the revised NIOSH equation to accommodate standard lifts in manual material
handling and prevent participant injuries.

Figure 3-2 Lifting activities are performed in front of a shelf. (a) A participant lifts a
box from the shelf while wearing sensors recorded by a GoPro camera. (b) The shelf
has six locations (left/right x 3 vertical shelf heights).

3.2.4 MMH Tasks

Three simulated work tasks were designed to encompass all thirteen occupational
physical activities (Figure 3-3). Participants received verbal instructions before starting
the tasks and reminders during the functions. Physical demonstrations were provided only
upon the participant's request.

Object sorting: Each participant sorted penny rolls and weights into two separate baskets.

The participant lifted and carried the first basket (2kg), placing it on one of the three
shelves. Then, the participant walked back, lifted and carried the second basket (5kg),
and placed it on another shelf. Finally, the participant returned, lifted, and carried a box
with weights (7kg) and placed it on the remaining shelf height.

Carpet laying: Each participant lifted 12 carpets (4 times in total: 4, 4, 2, 2) onto a cart.
The participant then pushed and pulled the cart to the designated location, lowered the
carpets to the ground, and knelt to lay the 12 carpets in the specified area. Then, the
participant pushed and pulled the cart back to its original location.
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Drilling: Each participant performed drilling tasks in multiple positions, including
drilling overhead while standing, drilling in front of the body while stooping or in a deep
crouch position, and drilling on the ground while kneeling on one knee.

Participants completed the object sorting and carpet laying tasks at their own pace
without any time constraints. Each movement was performed for a minimum of 40
seconds for the drilling task. For each frame, every movement performed during the three
tasks could be classified into one whole-body and one upper-body activity by MVTA.

Figure 3-3 Participants performing MMH task (a) Participant sorting penny rolls into
baskets with a whole body activity of sitting and an upper body activity of below-
shoulder non-MMH movement; (b) Participant laying carpet on the ground with a
whole-body activity of kneeling and an upper-body activity of below-shoulder non-
MMH movement; (c) Participants drilled above with a whole-body activity of
standing and an upper-body activity of reaching high

3.2.5 Model Training and Testing

3.2.5.1 Activity Recognition in Isolation

A 2D Convolutional Neural Network (CNN) ResNet-18 architecture was used to train
two models: one to recognize whole-body activity and a second for upper-body activity
recognition.

Data preparation:

Kinematic data, including triaxial position, velocity, acceleration of various body
segments, and joint angles (e.g., abduction/adduction, flexion/extension), were collected
using seventeen IMU sensors and processed with Xsens MVN Analyze (sampling rate =
60Hz). All velocity features were converted into the xy plane and used as model inputs.
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Given that individuals can assume various upper-body postures while performing a single
whole-body activity (e.g., standing while lifting or performing below-shoulder non-MMH
movements), it was crucial to minimize the influence of movement from the upper
extremity on whole-body activity recognition and vice versa. Additionally, extracting
appropriate features depended on the application domain, making it essential to retain
relevant information (Mo et al. 2016). Therefore, feature selection was further refined
based on kinematics and researchers' validation:

e Whole Body Recognition Model: Features from the lower extremity and pelvis
were used as model inputs, totaling 32 input features.

e Upper Body Recognition Model: Features from the upper extremity were used as
model inputs, totaling 46 input features.

The selected features were transformed into fixed-length, non-overlapping, image-like
windows, with each row representing a different feature and each column representing a
frame in the time series. Each window contained 60 columns, representing 1 second of
collected data. The OPA categories were added to the selected data for seven whole body
and six upper body activities as the activity’s label. For model training, only windows
with a single activity were included. Thus, each row contained 1 column for the
timestamp and 1 column for the activity label in addition to the input features.

Model Training:

Processed data was divided into 60% for training, 20% for validation, and 20% for testing.

The models were trained using the Adam optimizer with a learning rate of 0.001 and a
batch size of 32. To determine convergence, training ended when there was no
improvement in the validation set within five consecutive epochs. Regularization
techniques, including a dropout layer with a probability of 0.5, were applied to prevent
overfitting. Cross-entropy loss was used as the loss function, with error defined as the
average cross-entropy loss over all samples in a batch. Upon completion of training, the
best model was selected based on its performance with the validation data.

3.2.5.2 Activity Recognition in Simulated Work Tasks

Kinematic data were collected from simulated work tasks and processed into image-like
windows representing 1 second of data, similar to the isolated activities. The models
trained on isolated activities were then employed to separately recognize whole- and
upper-body activities performed during each second of the simulated work tasks.

Multimedia video task analysis (MVTA) was used as the gold standard to accurately
identify performed activities during the tasks. This method allows for the interactive
identification of events using breakpoints in videos. Trained researchers used MVTA to
analyze videos of work tasks. Videos were analyzed twice, the first to identify whole-
body activities and the second time to identify upper-body activities. Researchers inserted
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breakpoints whenever a change in activity was observed. If a window contained multiple
activities (e.g., the participant changed from standing to walking within one second), the
window was relabeled with the activity that occupied a larger percentage of the second.
Consequently, each second of the entire task was labeled for both whole- and upper-body
activities. The model recognition results (predicted class) were then compared with
MVTA results (true class) to evaluate model precision based on the exactness of the
classifier and recall or sensitivity, which represents the model's ability to identify
instances of each activity correctly:

Precision = TP/(TP + FP) (3-1)
Recall =TP/(TP + FN) (3-2)
Where TP: True positive; FP: False positive; FN: False negative.
3.2.5.3 Leave-group-Out Cross-Validation

In Human Activity Recognition datasets, samples from the same subject are likely related
due to underlying environmental, biological, and demographic factors. Therefore, we
employed leave-group-out cross-validation, which splits the training and testing sets by
subjects (Figure 3-4).

Leave-group-out cross-validation ensures that data from the same subject does not appear
in the training and testing sets, thereby providing a more realistic assessment of the
model's performance on unseen subjects. Thirty subjects were randomly divided into
three groups. For each iteration of the cross-validation process, the whole-body and the
upper-body activity recognition models were trained on data collected from isolated
activities performed by two of the three groups. Then, the model was initially tested on
isolated activities from the third, unseen group. Subsequently, the same trained model
was evaluated using the simulated work tasks performed by the third group, ensuring that
all subjects’ data were used once for testing. This two-step testing process—first on
isolated activities and then on simulated work tasks—yprovided a robust assessment of the
model's generalizability and performance.
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Figure 3-4 Leave-group-out cross-validation with three groups, each
consisting of 10 subjects

3.3 Results

Thirty participants (18 females and 12 males) with an average age of 28.3 years (SD =
8.2) participated in this laboratory study. None of the participants reported any recent
injuries or chronic diseases.

3.3.1 Whole body activity recognition
Isolated Activities:

Participants (n = 30) performed whole body activities in isolation, with data collected
over 3 hours and 57 minutes. Data segments where multiple activities occurred within the
same second were excluded (1.41%), leaving 3 hours and 54 minutes of usable data for
training, validating, and testing the whole-body activity recognition model. The model
achieved an overall accuracy of 99.1% for activities in test data when performed in
isolation, with stooping having the lowest recall at 97.9% (Table 3). All windows of
(symmetrical) kneeling were correctly recognized.

Simulated Tasks:

Participants performed three simulated tasks, resulting in approximately 3 hours and 41
minutes of collected task data. None of the data windows were dropped, and the trained
whole-body activity recognition model achieved an overall accuracy of 89.0% (Table 4).
Walking achieved the highest recall at 96.0%, with a few misclassifications into standing,
crouching, and stooping. Standing had the lowest recall at 78.2%, with several instances
misclassified as walking and crouching. The model demonstrated high effectiveness for
kneeling and sitting, with precision values of 97.8% and 94.0%, respectively, indicating a
high rate of correct predictions when these activities were identified
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True Class

Table 3-4 Confusion matrix of whole body activity recognition during simulated work tasks

Table 3-3 Whole body activity recognition results for isolated activities

Whole-body Activities N of correct windows Recall
Sitting 377/378 99.7%
Standing 378/382 99.0%
Walking 414/420 98.6%
Kneeling 423/423 100.0%
Asymmetrical kneeling 418/419 99.8%
Crouching 404/408 99.0%
Stooping 371/379 97.9%
Total 2785/2809 99.1%

Predicted Class

OPA category | Sitting  Standing Walking Kneeling As}{rﬁen;ﬁ;r;cal Crouching  Stooping Recall
Sitting 1260 87 3 10 9 71 0 87.5%
Standing 2 1916 330 0 2 118 82 78.2%
Walking 0 79 3378 0 0 42 20 96.0%
Kneeling 6 3 12 1466 60 18 0 93.7%
Asymmetrical 0 0 2 16 1122 82 0 91.8%
Kneeling

Crouching 72 11 91 7 97 1571 50 82.7%
Stooping 0 19 12 0 0 29 1142 95.0%
Overall

Precision 94.0% 90.6% 88.2%  97.8% 87.0% 81.4% 88.3% Accuracy:
89.0%

34



3.3.2 Upper body activity recognition
Isolated Activities:

Participants performed upper body activities in isolation, with data collected over 9 hours
and 18 minutes. Windows containing multiple activities were dropped (1.7 %), leaving 9
hours and 9 minutes of data for the upper body recognition model. The model achieved
an overall accuracy of 98.2% in recognizing the six categories of upper body activities
when performed in isolation. All windows of reach high were identified accurately,
although pushing had the lowest recall at 94.6%.

Table 3-5 Upper body activity recognition results for isolated activities

Upper-body Activities N of correct windows Recall
Reach High 361/362 99.7%
Carrying 1224/1236 99.0%
Pushing 617/651 94.6%
Pulling 614/622 98.7%
Lifting 2389/2411 99.1%
Below Shoulder Non-MMH 1263/1298 97 3%
Movement

Total 6438/6556 98.2%

Simulated Tasks:

The data collected from the simulated work tasks were also labeled with upper body
activities using MVTA and compared with the trained model for recognizing these
activities. Among the three simulated work tasks, the trained model achieved an overall
accuracy of 84.8% in recognizing upper body activities. Both pushing and pulling
received a recall of over 95.0%, though some were occasionally misrecognized as each
other. However, lifting and below-shoulder non-MMH movement had relatively low
recall during simulated tasks, with 9.7% of lifting incorrectly predicted as below-shoulder
non-MMH movement and 12.8% of below-shoulder non-MMH movement misidentified
as lifting.

35



Table 3-6 Confusion matrix of upper body activity recognition during simulated work tasks
Predicted Class

e Below Shoulder
OPA category Hiah Carrying Pushing  Pulling Lifting Non-MMH Recall
g Movement
Reach High 1196 0 1 0 45 29 94.1%
Carrying 0 464 15 0 58 4 86.6%
(7]
c_‘@ Pushing 0 1 755 28 3 3 95.6%
o
g Pulling 0 0 24 828 7 9 95.4%
S
= Lifting 2 60 a7 2 1037 123 81.6%
Below Shoulder
Non-MMH 24 103 291 51 1092 6935 81.6%
Movement
Overall
Precision 97.9% 73.9% 66.6% 91.1% 46.4% 97.6% Accuracy:
84.8%

3.3.3 Leave-group-out Cross-Validation

Each model was trained using data from 20 participants performing isolated activities for
both whole-body and upper-body activity recognition approaches with validation testing
conducted on the remaining 10 participant. This procedure was repeated three times, and
the results were aggregated to calculate the number of correct windows and recall for
each activity (Table 3-7, Table 3-8).

For whole body activity recognition (Table 3-7), this approach achieved an overall
accuracy of 97.0% during isolated activities and 89.8% during simulated work tasks with
new (unseen) users. Although the recall for most whole-body activities was above 90%
during isolated activities, sitting, crouching, and standing exhibited relatively lower recall,
with standing having the lowest recall of 78.7%.

When recognizing upper body activities (Table 3-8), this approach reached an overall
accuracy of 94.8% when activities were performed in isolation and 80.5% accuracy when
activities were conducted in simulated work tasks, when tested on unseen users, with
below shoulder non-MMH movements having the lowest recall of 75.5%.
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Table 3-7 Aggregate results of whole body activity recognition using leave-group-out cross-

validation across three runs

In Isolation Simulated Work Tasks
Wihole body activities N of correct windows/Total Recall vl\\llir?:jg\?vgﬁl?étal Recall
Sitting 2035/2134 95.4% 1276/1447 88.2%
Standing 1929/1961 98.4% 1928/2449 78.7%
Walking 2195/2211 99.3%  3401/3511 96.9%
Kneeling 1919/1969 97.5%  1482/1566 94.6%
Asymmetrical kneeling 2106/2123 99.2%  1116/1209 92.3%
Crouching 1836/1933 95.0%  1576/1910 82.5%
Stooping 1793/1914 93.7%  1159/1204 96.3%
Overall Accuracy 13813/14245 97.0%  11938/13296 89.8%

Table 3-8 Aggregate results of upper body activity recognition using leave-group-out cross-

validation across three runs

In Isolation

Simulated Work Tasks

Upper body activities

N of correct windows/Total Recall N of correct windows/Total Recall
Reach High 1711/1733 98.7% 1197/1269 94.3%
Carrying 6026/6324 95.3%  460/537 85.7%
Pushing 2658/3301 80.5%  699/792 88.3%
Pulling 3002/3160 95.0%  804/880 91.4%
Lifting 11841/12066 98.1%  1082/1274 84.9%
Below Shoulder Non-
MMH Movement 6461/6871 94.0%  6403/8479 75.5%
Overall Accuracy 31699/33455 94.8%  10645/13231 80.5%

3.4 Discussions

In this laboratory study, 30 subjects performed 13 OPAs (7 whole body and 6 upper body
activities) in isolation and three simulated work tasks. CNNs were employed to recognize
whole body activities and upper body activities separately. Overall, the whole body
activity model achieved an accuracy of 99.1% in isolation and 89.0% in simulated work
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tasks. The upper body activity model achieved an accuracy of 98.2% in isolation and 84.8%

in simulated work tasks. These accuracies indicate that this approach could reflect the
percent time spent in each OPA, as required in a physical demand analysis. Current
methodologies estimate the time allocation for an OPA using broad categories—never,
occasional (0-33%), frequent (33-67%), and constant (>67%)—and rely on less precise
methods for determining OPA frequency. In this study, all activities, except standing
(which had a recall rate of 78.2%), were accurately recognized in over 80% of the time
windows (seconds) in simulated work tasks. Overall, this approach would improve the
accuracy of OPA allocation.

Although the overall accuracy for recognizing whole-body activities decreased to 89.0%
in simulated work tasks, over 90% of walking, kneeling, asymmetrical kneeling, and
stooping activities were correctly identified. However, 13.5% of standing instances were
misclassified as walking, likely due to participants’ tendency to shift their stance by
stepping sideways, forward, or backward, which may have been inadequately captured
during MVTA and led to challenges in model recognition. Additionally, 4.8% of standing
instances were misclassified as crouching, often resulting from transitional movements,
such as bending over to lift an item from a lower position.

The recognition of upper body activities had lower accuracy (84.8%) in simulated work
tasks than in whole body activities. This reduced accuracy can be attributed to the greater
degrees of freedom in upper body joint angles, resulting in a broader range of motion and
increased variability in movement patterns. Consequently, significant activity variability
and considerable overlap between activities exist. Additionally, the frequent transitions
between different upper-body movements required to complete tasks (e.g., sorting items,
laying carpets) contribute to extended transition periods between OPAs, further
complicating accurate recognition. For instance, carrying activities had a recall rate of
86.6%, with 9.9% of carrying instances misclassified as lifting. The similarity in
movement patterns can partially explain this misclassification; when participants were
carrying an item, the forward-reaching movement of their arms often resembled a portion
of lifting activities, particularly when the start and end locations of the lift were close to
the trunk. For example, in the carpet-laying task, participants sometimes lifted the carpet
from a cart, took one or two steps toward the designated area, and then dropped the rug
onto the ground. These movements share similarities with both lifting and carrying,
making it difficult for MVVTA to accurately label the movements and challenging for the
model to recognize. Additionally, lifting an object from one location, carrying it, and then
lifting/lowering it to another is standard. Still, the transition periods between these actions
are difficult to categorize accurately.

Both lifting and below-shoulder non-MMH movements had a lower recall rate,
approximately 81.6%. Specifically, 9.6% of lifting activities were misclassified as below-
shoulder non-MMH movements, while 12.9% were misclassified as lifting. These two
categories exhibit high variability. Lifting involves a wide range of hand positions, trunk
rotations, and items lifted. This study's simulated work tasks included lifting from the
ground a shelf at three different heights, a table, and a cart, with hand posture varying
based on whether participants lifted boxes or carpets. However, only boxes lifting from
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the shelf at different heights were included in isolated activities. Due to the variability in

lifting conditions, covering all possible scenarios in the model's training set is impractical.

Below-shoulder non-MMH movements encompass a range of actions, including moments
when participants were not engaged in arm movement (e.g., standing or sitting with arms
in a neutral position) and when they were reaching below shoulder height (e.g., sorting
items on a table or laying carpets on the ground), involving a broad spectrum of arm
movements. These movements accounted for significant time across the three simulated
tasks and were frequently misclassified with lifting.

There were some limitations in the model presented in this study. Notably, the model's
precision for lifting and below-shoulder non-MMH movements was less than 50%, which
is still much better than random chance, which would be 16.7%. This misclassification
primarily occurred during the carpet-laying task, where participants usually dragged or
moved carpets close to the ground but sometimes lifted them slightly higher. However,
these actions were labeled as below-shoulder non-MMH movements in MVTA due to the
subject's whole body posture (kneeling), which is not included in the Revised NIOSH
Lifting Equation for ergonomic risk analysis. To address this issue, future work could
incorporate whole-body posture recognition as an additional feature to refine the
classification. By filtering out mislabeled lifting movements based on whole body
postures, we can prevent them from influencing subsequent analyses of true lifting
activities and improve overall model accuracy. Another limitation of this study is that the
data were collected in a controlled laboratory setting, which may limit the
generalizability of the findings. Although the three work tasks we designed were intended
to simulate complex real-world tasks, there remains a gap between laboratory conditions
and actual workplace environments. Testing this approach with field data from workers
in diverse industries would provide a more comprehensive assessment of its applicability.

Leave-group-out cross-validation results revealed a modest decrease in accuracy for
recognizing whole body and upper body activities performed in isolation, with
recognition accuracy declining from 99.2% to 97.0% for whole body activities and from
98.2% to 94.8% for upper-body activities. However, the effect on whole body activity
recognition performance during the three simulated work tasks was minimal. Notably, the
accuracy slightly improved from 89.0% to 89.8%, which can be attributed to an increase
in recall for the walking activity. In contrast, the upper body activity recognition model
showed a slight performance decrease in the simulated work tasks, with accuracy
declining from 84.8% to 80.5%. Overall, while applying these models to recognize
activities of unseen subjects led to minor reductions in accuracy, the performance
remains promising, demonstrating the models' potential for future applications.

In Phase I, a Resnet-18 model was used to recognize 15 occupational physical activities
(OPAs) with wearable data collected using 8 IMUs, without separating whole-body
activities and upper-body activities. The model achieved a high recognition performance
of 95% overall accuracy when each OPA was performed in isolation. However, the
model's accuracy decreased to only 22% when applied to simulated work tasks. The
significant drop in performance highlighted the approach's limitations in handling
concurrent activities, where multiple OPAs are performed simultaneously. In the current
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study, by employing more IMUs and, more importantly, separating whole body activities
from upper body activities, the current method was able to recognize OPAs even more
effectively in complicated simulated work tasks. The separation allowed the model to
account for the different movement patterns involved in complex tasks.

This study aims to recognize OPAs within more complex simulated work tasks, rather
than only in isolation, to enhance its applicability for real-world scenarios. In a study
focused on recognizing daily routines rather than simple activities, Huynh et al.
introduced an approach using topic models to identify complex daily routines as
probabilistic combinations of activity patterns (Huynh, Fritz, and Schiele 2008). Hu et al.
emphasized the importance of recognizing multiple concurrent and interleaving activities,
arguing that real-world behavior often involves overlapping tasks. Their approach
employed a Skip-Chain Conditional Random Field (SCCRF) model, which allowed for
accurate detection of concurrent actions and recognition of long-distance dependencies
within action sequences (Hao Hu et al. 2008). Instead of using probabilistic or skip-chain
models, this study focuses on distinguishing between whole body and upper body
activities to better address the specific challenges of concurrent actions in occupational
settings. This separation is vital for ergonomic assessments, as it allows for more precise
recognition of complex task combinations, such as lifting while crouching—a posture
that is ergonomically preferable to stooping during low lifts.

In addition to wearable sensor-based methods such as IMUs employed in this study,
computer vision-based techniques have also shown advancements in activity recognition.
These methods leverage visual data captured by cameras and have demonstrated strong
performance in recognizing a variety of human activities. For instance, Khosrowpour et
al. demonstrated the use of RGB-D cameras to assess worker activities in construction
settings and achieved an average accuracy of 76% in recognizing various construction
activities (Khosrowpour, Niebles, and Golparvar-Fard 2014). They noted that camera
placement had to be strategically adjusted to capture optimal angles, which introduced
additional variability in body posture recognition. Despite their potential, video-based
techniques face limitations, including sensitivity to occlusions, variability in lighting
conditions, and restricted camera placement, which can impact data quality. In
construction environments, workers often interact with materials or are partially blocked
by tools and structures, posing challenges for vision-based systems to achieve consistent
accuracy. Mo et al. addressed some of these issues by leveraging skeleton data extracted
from video sources to minimize the impact of view variance and background complexity
(Mo et al. 2016). Nevertheless, challenges such as occlusion, complex interactions, and
view dependence continue to affect OPA recognition with video-based techniques in real-
world settings.

Wearable sensor-based methods, such as the use of IMUs, offer several benefits for
recognizing occupational physical activities. One significant advantage is the ability to
provide continuous, location-independent monitoring of body movements. Unlike
camera-based systems, which are sensitive to issues such as occlusions, lighting
conditions, and the need for strategic placement to avoid blocked views, wearables ensure
consistent data collection regardless of environmental conditions or the user’s position.
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Besides, wearable devices can also capture detailed data on specific body parts, including
joint angles, hand locations and orientations, which are particularly valuable for
comprehensive ergonomic risk assessments (Humadi et al. 2021b; Baklouti et al. 2024;
Humadi et al. 2021a). For example, precise hand-tracking enables researchers to identify
high-risk hand positions and repetitive movements that contribute to musculoskeletal
disorders. This functionality extends the role of IMUs beyond activity classification to
providing actionable insights that can guide ergonomic improvements in workplace
design and task execution.

In the next Chapter (Chapter 4) of the thesis, data segments where workers performed
manual lifting were further analyzed. These segments provided critical exposure metrics,
such as hand locations and repetition counts, which were used for ergonomic risk
assessment using tools like the Revised NIOSH Lifting Equation. Moving forward,
exposure metrics for other manual material handling activities, such as carrying, pushing,
and pulling, could also be explored for further ergonomic risk assessment. Additionally,
future research could investigate methods to minimize the number of IMUs required.
Subsequently, exploring the integration of camera data may reveal whether it is possible
to further reduce the number of IMUs while enhancing system performance. This
approach could involve using a single camera in conjunction with a few strategically
placed IMUs, potentially improving data quality while simplifying the wearable system.

Overall, by separating whole body and upper body activities, the model not only
improved overall recognition accuracy (around 85% in simulated tasks) but also
facilitated more accurate ergonomic risk assessments. This approach provides a more
reliable and detailed quantification of OPAs, which is crucial for PDA. By refining the
evaluation of activities, the model can significantly contribute to optimizing PDA across
various industries, ultimately promoting safer job performance and supporting more
informed decision-making in workforce management.

3.5 Conclusions

This study demonstrates the effectiveness of using wearable technologies and deep
learning models to recognize and quantify OPAs with high accuracy. The proposed
model achieved high accuracy in recognizing OPAs both in isolation (>98% for both
whole body and upper body activities) and in complex simulated work tasks (89.0% for
whole body activities and 84.8% for upper body activities), highlighting its potential for
real-world ergonomic risk assessment. By refining the recognition of manual handling
activities such as lifting, carrying, and pushing, the approach provides more precise
insights for PDA, which is essential for enhancing workplace safety. Despite challenges
such as occasional misclassifications and the constraints of laboratory-based simulations,
this study lays the groundwork for further advancements. Future efforts could focus on
improving performance by integrating whole-body and upper-body activity data and
expanding testing to diverse real-world environments. Overall, this study advances
wearable sensor-based activity recognition, supporting more effective ergonomic
assessments and interventions to reduce musculoskeletal disorders across industries.
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4 Quantifying Physical Exposures
4.1 Introduction

Accurately quantifying ergonomic exposures associated with MMH tasks is essential for
physical demand analysis to protect workers' musculoskeletal health. Reliable
assessments of these exposures are critical for developing effective interventions to
mitigate WMSDs. Lifting, as a dynamic and highly variable activity, can be characterized
by its duration, frequency, and magnitude (e.g., posture and load weight). As the
frequency of lifting increases, physiological responses such as respiration rate and heart
rate also rise, reflecting the growing physical demands on the body (Alferdaws and
Ramadan 2020; Ghaleb et al. 2019). Awkward postures and heavy physical loads require
sustained muscle force over extended periods, further contributing to cumulative fatigue
and strain (Gallagher et al. 2002) . Each of these factors uniquely impacts the mechanical
load on the lower back, underscoring the importance of comprehensive exposure
assessments to better understand and reduce the risk of WMSDs (van Dieén et al. 2010;
Hoozemans et al. 2008).

Several risk assessment methods, such as self-reports and observational approaches, have
been developed to evaluate the risk of injury associated with manual lifting tasks (David
2005; Ramdan, Zulfikar, and Sahrijuita 2024). However, these subjective methods rely
heavily on human judgment, which can reduce their validity and reliability. In addition to
these subjective methods, various objective ergonomic risk assessment tools have been
developed and are widely used to analyze physical exposures during lifting activities in
the workplace (David 2005; Joshi and Deshpande 2019).

One of the most widely used tools for assessing manual lifting tasks is the Revised
NIOSH Lifting Equation (RNLE). This tool evaluates the physical demands of two-
handed manual lifting tasks and identifies conditions that may increase the risk of
WMSDs (T. R. Waters, Putz-Anderson, and Garg 1994). The RNLE provides a
quantitative framework for assessing lifting tasks by incorporating six critical parameters:

Horizontal Location (H)
Vertical Location (V)
Vertical Travel Distance (D)
Asymmetry Angle (A)
Frequency (F)

Coupling quality (C)

The Recommended Weight Limit (RWL) is calculated using these parameters,
representing the maximum safe weight a worker can lift under specific conditions. The
Lifting Index (L1I) is then derived by comparing the actual weight of the load to the RWL.
An LI value greater than 1 indicates a higher risk of injury.



Other ergonomic risk assessment methods for lifting include the American Conference of
Governmental Industrial Hygienists (ACGIH) Lifting Threshold Limit Values (TLVSs)
and the Liberty Mutual “Snook™ Lifting Tables (Russell et al. 2007), These tools also
require the measurement of key parameters such as lifting frequency, horizontal location,
and vertical location of the lift origin.

Accurately quantifying physical exposures is crucial for risk assessment and is typically
carried out by experts observing workers during manual lifting tasks. Observers may
count the lifting frequency manually and measure the vertical and horizontal locations
using tools such as tape measures or laser devices. Nowadays, video analysis or wearable
technologies are sometimes used for greater precision and reliability (Conforti et al. 2020;
Lu et al. 2019; X. Wang et al. 2019; Xu et al. 2011). While video-based techniques
provide a more reliable approach for identifying physical exposures, their performance
can be affected by factors such as lighting conditions, self-occlusion, and environmental
occlusions (MassirisFernandez et al. 2020).

Inertial measurement units are capable of measuring position, velocity and acceleration,
which are suitable for tracking the movement of workers in a long period. For example,
Thomas et al. developed a machine learning framework that utilizes IMU-based
kinematic data to detect lifting actions and classify their risk levels into four categories,
achieving a balanced accuracy of 93% (Thomas et al. 2022). Donisi et al. developed a
logistic regression model using data from a single IMU to classify lifts into two risk
categories (risk and no risk) based on RNLE, achieving 82.8% accuracy (Donisi et al.
2022). However, many current studies prioritize categorical risk classification based on
RNLE guidelines rather than directly quantifying physical exposures. This focus may
limit their adaptability to scenarios with varied parameters (e.g., load weight, coupling
quality), underscoring the need for ergonomic interventions capable of identifying and
addressing high-risk exposures in a wider range of conditions. Barim et al. leveraged
IMUs to measure lifting parameters, achieving errors of ~1 second for lifting duration, 33
cm for vertical distance, and 6.5 cm for horizontal distance when compared to a motion
capture system (Barim et al. 2019).

Previous studies have largely analyzed lifting activities in isolation. In contrast, Phases I
and Il of this thesis leverage deep learning to identify lifting activities within complex
work tasks, simulating real-world conditions. Building on these foundations, Chapter 4
introduces a novel approach to measure the physical exposures required for the Revised
NIOSH Lifting Equation (RNLE), offering an automated, less intrusive, and highly valid
method for ergonomic risk assessment of manual lifting.

The primary objective of this study is to develop a method for recognizing lifting
durations within complex tasks using inertial measurement units (IMUs). This method
processes the identified lifting durations to determine precise timestamps for the origin
and destination of lifts. By doing so, it enables accurate and reliable quantification of key
physical exposures, such as lifting frequency (F), horizontal location (H), and vertical
location (V) at both the origin and destination of lifts. These measurements provide
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essential inputs for ergonomic risk assessment, particularly the RNLE, and physical
demand analysis.

4.2 Methods

4.2.1 Participants and Devices

This laboratory-based study involved thirty participants and utilized a system of 17
inertial measurement units (IMUs). For detailed information, refer to Chapter 3.2.1.

4.2.2 Study Procedure

Participants first performed isolated functional activities, including lifting, pushing,
pulling, carrying, and reaching above and below shoulder non-material handling (hon-
MMH) activities (e.g., walking or sitting with arms in a neutral position). These isolated
activities were used to train a convolutional neural network (CNN) model to accurately
recognize and classify movements. Participants also completed simulated work tasks that
incorporated a variety of activities, including lifting. The trained CNN model was applied
to these tasks to identify specific activities within 1-second time windows. MV TA served
as the gold standard for accurately identifying the activities performed each second and
was used to evaluate the CNN model's performance. This sequential classification
provided a detailed, time-stamped record of task execution. Details refer to Chapter 3.

For the time windows identified as lifting by the CNN model, a hand velocity based
method was employed to determine the precise origin (start) and destination (end) frames
of each lifting event. This approach utilized changes in hand velocity to identify key
moments corresponding to the beginning and end of lifting movements. The predicted
frames were then compared to the ground truth frames, which were manually identified
through detailed analysis of GoPro video recordings and Xsens motion-capture system
recordings to ensure accuracy.

Once the lifting events were validated, the IMU data was processed to compute the
horizontal and vertical hand positions associated with both the true and predicted origin
and destination frames. These positions provided critical insights into the spatial
characteristics of the lifting tasks and were integral to assessing the validity of the
automated predictions. This workflow is illustrated in Figure 4-1, showcasing the
integration of video analysis, IMU data processing, and model outputs to accurately
quantify lifting-related physical exposures
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Figure 4-1 Study procedure for predicting lift origin and destination
4.2.3 Experimental Protocol

4.2.3.1 Lifting Performed in Isolation

As discussed in Chapter 3.2, activities were performed in isolation by each participant.
For manual lifting, boxes were color-coded by weight (green for 2 kg, yellow for 5 kg,
and red for 7 kg) and positioned at one of six locations: two horizontal positions (left or
right) on one of three heights (floor, 76.2 cm, and 152.4 cm) (Figure 3-2). These six
locations, labeled through A to F, were designed to simulate a range of common manual
material handling (MMH) scenarios. On the floor, two markings (30 cm and 60 cm)
indicated the horizontal hand positions where participants began each lift. While
participants could step forward as needed, they were required to initiate each lift from the
designated starting position.

The lifting parameters were based on the revised NIOSH lifting equation to represent
common MMH tasks while minimizing injury risk. To further reduce injury risk, the
heaviest weight (7 kg) was lifted only from the closer horizontal location. For each lift,
participants began from a designated position and lifted a box of a specified weight from
one shelf height to another, following a predefined routine sequence: C—-B—D—A—C
—D—A—B. This routine was repeated until each participant completed all combinations
of shelf heights and weights. In total, each participant performed approximately 115
isolated, two-handed lifts.

45



Additionally, participants performed other isolated activities to supplement model
training. For more details, refer to Chapter 3.2.3 and Table 3-2.

4.2.3.2 Lifting Performed in Simulated Work Tasks

The object sorting and carpet laying tasks were designed to incorporate various activities,
including lifting, to simulate more complex work tasks (Figure 4-2b-d). Participants
received verbal instructions prior to starting each task, along with occasional reminders,
and physical demonstrations were provided upon request.

Object Sorting Task: Each participant sorted penny rolls and weights into two baskets.
They began by lifting and carrying Basket A (2 kg) to place it on one of three available
shelves (Figure 4-2b, c). Next, they returned to lift and carry Basket B (5 kg) to a
different shelf. Finally, they lifted and carried a 7 kg box to place it on the remaining
shelf. This task involved a total of six lifts (two of each weight), utilizing varied vertical
hand positions (table, floor, and three shelf heights) and allowing participants flexibility
in horizontal hand positioning for comfort (Table 4-1). Participants were instructed to use
both hands when lifting the baskets and the box.

Carpet Laying Task: The participant lifted 12 carpets onto a cart in four separate lifts (4,
4, 2, and 2 carpets per lift). They then pushed and pulled the cart to a designated location,
unloaded the carpets onto the floor in four lifts, and knelt to lay them in the specified area.
Finally, the participant returned the cart to its original location by pushing and pulling.
This task involved a total of eight lifts, with two vertical hand positions and varied
horizontal hand locations (Table 4-1).

Figure 4-2 Lifting activities in simulated work tasks: (a) Participant lifting Basket A from the table
to close to the body; (b) Participant lifting Basket A from close to the body to Shelf Height A; (c, d)
Participant lifting four carpets from the ground to the cart.
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Table 4-1 Lift details for object sorting and carpet laying tasks

Lift # From To Object Load (kg)
1 Table Close to Body Basket A 2
?‘"3? 2 Close to Body Shelf Height A Basket A 2
-g 3 Table Close to Body Basket B 5
g 4 Close to Body Shelf Height B Basket B 5
l§' 5 Table Close to Body Box C 7
6 Close to Body Shelf Height C Box C 7
7 Floor Cart 4 Carpets 4.25
8 Floor Cart 4 Carpets 4.25
g 9 Floor Cart 2 Carpets 2.13
.g 10 Floor Cart 2 Carpets 2.13
§ 11 Cart Floor 4 Carpets 4.25
§ 12 Cart Floor 4 Carpets 4.25
13 Cart Floor 2 Carpets 2.13
14 Cart Floor 2 Carpets 2.13

4.2.4 Deep Learning Model

A ResNet-18 Convolutional Neural Network (CNN) model was used to recognize
activities performed during simulated work tasks. Kinematic data from seventeen IMU
sensors were processed into 1-second, image-like windows, each capturing movement
features essential for activity classification.

The model was trained on data from isolated activity sessions, using a dataset split of 60%

for training, 20% for validation, and 20% for testing. Training employed the Adam
optimizer with a cross-entropy loss function and included regularization techniques, such
as dropout layers, to mitigate overfitting. Following training, the model was applied to
recognize activities within simulated work tasks. Model performance was evaluated by
comparing it with Multimedia Video Task Analysis (MVTA), which served as the ground
truth, providing accurate labels for each second of activity. Details refer to Chapter 3.2.5.

This approach enabled the model to generate a continuous timeline of task performance,
identifying specific durations for each activity. By isolating segments identified as lifting,
further analysis could be conducted on these time windows, including examining lift
origin and destination, duration, and frequency.
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4.2.5 Hand Velocity Approach

Following the identification of lifting segments in simulated work tasks by the CNN
model, a hand-velocity-based approach was applied to analyze IMU data, specifically
velocity and position, within these time windows to accurately determine the origin and
destination frames for each lift. The velocity of each hand in 3D space (overall spatial
velocity) and the average hand velocity were calculated and plotted for further analysis.
This approach is based on the assumption that, when lifting an object at either the origin
or destination, there is a distinct change in hand movement path, resulting in a low peak
in hand velocity.

This approach does not examine instances when participants lifted the object close to the
body to begin carrying or when they lifted it from the body after carrying it, as these
scenarios do not necessarily involve a distinct change in hand movement path. Moreover,
lifting close to the body generally poses a lower risk of injury than lifting away from the
body, and is therefore outside the scope of this study. Consequently, each participant was
expected to perform 14 lifts, with 22 origin and destination frames to be identified by this
approach during the simulated tasks.

While the model is designed to classify reaching activities below shoulder height as
‘Below Shoulder Non-MMH Movement," an additional filtering step was applied to
further exclude potential reaching periods. This refinement was necessary because the
CNN model generates one prediction per second (across 60 frames), which means a
segment predicted as lifting may still contain frames of reaching. To address this, a filter
based on changes in hand location was applied, as the hand position shifts more distinctly
once lifting begins, helping to isolate lifting movements from reaching activities.

After filtering, the average hand movement data were normalized using the 25th
percentile (quantile 0.25) to ensure consistent data scaling across participants and tasks.
The velocity curve was then smoothed to reduce noise, and negative peaks were
identified as potential indicators of lifting movements. To refine peak selection further, a
slope filter was applied with a set threshold for the velocity’s slope before and after each
peak, isolating peaks more likely to represent actual lifting. Additionally, a maximum
allowable velocity threshold was set to exclude any peaks above this threshold, based on
the assumption that low velocity reflects changes in hand movement path at the start and
end of a lift.

Further refinement involved excluding peaks where the difference between right and left-
hand velocities exceeded the 60th percentile, as asymmetric hand velocities are less likely
to represent two-handed lifting. The remaining peaks were sorted by their corresponding
velocities, from smallest to largest. For periods identified as potential lifts, if the duration
of the lifting curve was less than 240 frames (4 seconds), only the first two peaks were
retained, as they were deemed most likely to represent the start and end of the lifting
action. For longer periods, all remaining peaks were retained for analysis.
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In cases where any remaining peaks occurred within 30 frames (0.5 seconds) of each
other, they were averaged to yield a single representative peak, while retaining the rest.
Finally, if no peaks were initially identified, the algorithm ran up to three additional loops,
adding 30 frames with each iteration until at least one peak was found.

To evaluate the accuracy of the hand velocity approach in identifying lift origin and
destination frames, video analysis was conducted using the combination of GoPro
footage and Xsens-recorded video. This provided the true frames marking the start and
end of each lift, which were then compared to the hand velocity approach results.
Predictions were considered as correct if the differences fell within 30 frames (0.5
seconds).

4.2.6 Hand Locations

After identifying the origin and destination frames of the lift, the next step is to calculate
the horizontal and vertical locations for further ergonomic risk assessment. According to
the RNLE (Dawad et al. 2024; T. R. Waters, Putz-Anderson, and Garg 1994), the
horizontal location (H) is defined as the distance from the midpoint of the line joining the
inner ankle bones to a projected point on the floor directly beneath the midpoint of the
hand grasp, which corresponds to the load center. In this study, foot-mounted IMUs
positioned close to the ankles were used to approximate the ankle location for calculating
the horizontal hand position.

The vertical location (V) is defined as the vertical height of the hands above the floor,
measured from the floor to the midpoint between the hand grasps, as determined by the
large middle knuckle. The z-axis height from the foot-mounted IMUs were utilized to
estimate floor height. Although additional adjustments, such as shoe clearance, could be
factored in for finer-grained analyses, these were not included in the current study. The H
and V locations are essential in calculating the horizontal multiplier (HM) and vertical
multiplier (VM), which are components for applying the RNLE to compute the RWL.
Under ideal conditions, both HM and VM achieve their maximum value of 1.

The horizontal and vertical locations in this study were calculated as follows:

_ (xRightFoot+xLeftFoot

YRightFoottYLeftFoot _
: ) @1)

MPAnkles, xy 2

)

_ (xRightFoot+xLeftFoot

YRightFoottYLeftFoot _
: ) @-2)

MP Hands, xy 2

)

2 2
H = J(MPHands, xy,x MPAnkles, xy,x) + (MPHands, xy,y MPAnkles, xJ’IJ’) (4'3)

ZRightHandtZLeftHand ZRightFoottZLeftFoot
V = R . f __ “Rig . f (4_4)




where MP represents the midpoint.

Horizontal and vertical locations were calculated based on both the predicted origin and
destination frames identified by the hand velocity approach and the true origin and
destination frames marked through video analysis. The differences between the predicted
and actual locations were then calculated to evaluate the performance of this approach.

4.3 Results

Thirty participants (18 females and 12 males) with a mean age of 28.3 years (SD = 8.2)
participated in this laboratory study. None of the participants reported any recent injuries
or chronic diseases.

4.3.1 Lifting Duration and Occurrence
Lifting in Isolation:

When activities were performed in isolation, data was collected over a 9-hour period. In
the testing set, a total of 40 minutes and 11 seconds of lifting was performed, with the
CNN model correctly identifying 99.1% of this lifting duration.

Lifting in Simulated Work Tasks:

In the simulated work tasks, participants performed a total of 21 minutes and 11 seconds
of lifting. The CNN model accurately identified 81.6% of this lifting duration, equivalent
to 17 minutes and 17 seconds. Additionally, 9.7% of the lifting duration was
misclassified as below-shoulder non-MMH movements, while 4.7% was incorrectly
recognized as carrying.

Lifting Counts in Simulated Work Tasks:

In the simulated tasks, a total of 412 lifts were performed and recorded using video
analysis. The CNN model performed second-by-second activity recognition, with each
continuous instance of lifting counted as a single lift for analysis. This process resulted in
the identification of 454 lifts, representing 110.2% of the actual lifts performed.

Table 4-2 Summary of lifting duration, recognition accuracy, and counts in isolation and
simulated work tasks

Condition  Total Duration Recognized Duration Accuracy Total Counts Identified Counts

In Isolation 40 min 11 sec 39 min 49 sec 99.10% - -

Work Tasks 21 min 11 sec 17 min 17 sec 81.60% 412 454
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4.3.2 Origin and Destination Frames

Across the 412 lifts performed in the simulated work tasks, a total of 649 origin and
destination frames were video identified, as lifts involving transitions to or from carrying
activities were excluded from the scope of this analysis. The hand velocity approach
accurately identified 508 of these frames, resulting in an overall accuracy of 78.3%
across the thirty participants, defined by a frame difference threshold of 30 (0.5s).
Seventeen participants achieved an accuracy exceeding 80%, while only one participant
fell below 60% in correctly identifying origin and destination frames (Figure 4-3a). For
all origin and destination frames, the mean frame difference between the predicted frames
and the true frames identified via video analysis was 8.25, with a standard deviation of
7.27, as details illustrated in Figure 4-3b.
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Figure 4-3 Performance of the hand velocity approach in predicting origin
and destination frames of lifts: (a) Accuracy distribution for each participant
in correctly identifying origin and destination frames; (b) Frame differences
between predicted and actual frames for correctly identified origin and
destination frames

4.3.3 Locations

Horizontal and vertical hand locations were calculated for the predicted and true origin
and destination frames of each lift identified using the hand velocity approach.
Discrepancies between predicted and true hand locations were quantified, with cases
where the horizontal or vertical location difference exceeded 10 cm classified as outliers
and excluded from further analysis (16 out of 508 identified origins/destinations, 3.1%).
The distribution of the remaining discrepancies is illustrated in Figure 4-4.

51



30

Location Difference (cm)

25 A

20 A

151

104

Besides, a total of 7.5% of frames exhibited horizontal or vertical location differences
within the range of 5-10 cm. The mean and standard deviation of the horizontal location
discrepancies were 1.15 cm and 1.61 cm, respectively, while the mean and standard
deviation of the vertical location discrepancies were 1.11 cm and 1.50 cm, respectively.
Detailed distributions are also depicted in Figure 4-4.

A comparative visualization of the spatial distribution of horizontal and vertical locations
based on the true and predicted origin and destination frames across the horizontal and
vertical axes is shown in Figure 4-5. The analysis revealed that the spatial trends of
locations observed from the predicted frames closely align with those derived from the
true frames.
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Figure 4-4 Horizontal and vertical location differences (cm) between predicted and
true origin/destination frames
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Figure 4-5 Comparison of hand locations calculated based on true and
predicted origin/destination frames across horizontal and vertical axes.

4.4 Discussions

In this study, the integration of wearable devices, deep learning techniques, and the hand
velocity approach demonstrated effective performance in identifying lifting activities.
Specifically, the method correctly identified 81.6% of lifting durations and 110.2% of the
actual lifting counts. The hand velocity approach was able to pinpoint 78.3% of the lift
origin and destination frames within a 0.5-second margin, and 96.9% of the identified
frames had hand positions within a 10 cm difference from the true frames. These results
suggest minimal interference with ergonomic risk assessments, highlighting the
effectiveness of this approach in accurately detecting two-handed lifts and providing
reliable parameters for evaluating ergonomic risks.

This approach successfully recognized lifting activities for 99.1% of the duration when
performed in isolation and 81.6% of the duration when performed as part of more
complex, simulated work tasks (Table 4-2). However, the diverse ways in which lifts are
performed—such as variations in locations, postures, and the items handled—pose
ongoing challenges. Additionally, some lifting patterns closely resemble those of other
activities, leading to the misclassification of 9.7% of lifting duration as below-shoulder
non-MMH movements. Traditionally, activity duration has been collected using self-
reports or through direct observer assessment (David 2005). However, self-reports can be
biased by the worker's perception of exposure, with factors like severe low back pain
potentially leading workers to overestimate the duration or frequency of physical loads
(Viikari-Juntura et al. 1996). Observer-based methods often rely on broad categories (e.g.,
never, frequent, constant) to estimate activity duration, or, in some cases, record duration
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on an hourly scale, such as in the RNLE (short, moderate, and long duration).
Consequently, the performance of this approach demonstrates clear advantages over
traditional methods of recognizing lifting periods.

Additionally, this approach recorded 110.2% of the actual lifts performed, with
overestimation commonly observed in carpet laying tasks, where participants were
required to sort four carpets before lifting them from the ground or cart. The sorting
process, which typically takes a few seconds, is recognized by the CNN model on a per-
second basis. As a result, a single lift may be counted as two due to the sorting period,
which is classified as below-shoulder non-MMH activity. Furthermore, when two lifts
occur in rapid succession (within a 1-second interval), the model can only detect one
consecutive lift occurrence. Accurate lift counts are crucial for calculating lift frequency
(lifts/min) to apply RNLE (Dawad et al. 2024). While the slight overestimation observed
in this study is unlikely to significantly impact the ergonomic risk, this limitation may
become more pronounced in different settings or specific lift tasks, indicating the need
for further refinement of the method for those contexts.

The hand-velocity approach was applied to identify the origin and destination frames of
lifts, with the differences illustrated in Figure 4-6. A £30-frame margin (equivalent to
+0.5 seconds) was used to evaluate the accuracy of frame identification. Correct
identifications, defined as frame differences within this margin, accounted for 77% of all
identified frames (Figure 4-3b). In a study by Barim et al., five IMUs and a lifting
detection model were used to measure lift duration, reporting average accuracy
differences of approximately 1 second (Barim et al. 2019). Specifically, the differences at
the beginning of the lift ranged from 1.14 to 1.84 seconds, while differences at the end of
the lift ranged from 1.52 to 2.20 seconds. By utilizing additional IMUs and applying the
hand-velocity approach, this study achieves strong temporal alignment in a
comprehensive task setting.

The incorrectly identified frames were primarily associated with periods when
participants were sorting objects/carpets. Although the CNN model was designed to
classify these periods as “below shoulder non-MMH activity” rather than lifting, some
instances were still misclassified as lifting and included in the hand-velocity analysis.
There are two potential reasons for this. First, the CNN model misclassified 12.8% of
below-shoulder non-MMH activity as lifting. Second, the model made predictions on a 1-
second basis, which could capture partial reaching movements. During reaching activity,
changes in hand movement paths may have caused a low peak in hand velocity,
triggering identification by the hand-velocity approach. To mitigate this, the study
employed a filter based on changes in hand locations to distinguish lifting movements
from reaching activity. However, challenges remain in fully isolating these movements.
Despite some frames having relatively large differences from the true origin of the lift,
the hand location—particularly the vertical location—tended to be similar to the true start
point, suggesting that the impact on ergonomic risk assessment would be minor.
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Differences between Predicted and True Frame
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Figure 4-6 Difference between predicted and actual frames for the origins and
destinations of lifts

Additionally, most participants (17 out of 30) achieved a frame identification accuracy
exceeding 80%, with only one participant showing lower accuracy. This outlier can be
attributed to the participant performing one-handed or asymmetric lifts multiple times
when handling carpets. Participants were allowed to complete the carpet-laying task in
their preferred manner. Since carpets are not rigid objects, it was natural for participants
to lift one side first and secure the other side midway. This uneven movement often
resulted in either the absence of a clear velocity peak for detection or filtering due to
significant discrepancies between the movements of both hands. It is important to note
that the most commonly used ergonomic risk assessment methods, such as RNLE,
ACGIH TLVs, are not generally designed to account for one-handed lifting tasks. As
such, one-handed lifting was not a focus of this study.

Among the correctly identified frames, 89.4% had both horizontal and vertical location
differences within 5 cm, while 7.5% had at least one location difference between 5 and
10 cm. The impact of location differences on the HM and VM for predicted and true
frames is summarized in Table 4-3. The true horizontal and vertical locations were
selected based on the most commonly observed locations in this study (Figure 4-5). As
shown, variations in VM are not affected by the true vertical location. When location
differences are within 5 cm, or even up to 10 cm, their influence on VM remains minimal
(< £0.03), both in calculating the RWL and evaluating lifting risk. Location differences
have a greater impact on HM, particularly when the horizontal location is small (closer to
the body). However, when the difference is less than 5 cm, the influence on RWL
remains limited. Notably, a margin of 5 cm represents a common and often unavoidable
level of variation when experts use tape measurements to evaluate lifting activities. Some
other lifting risk assessment tools use broader categories of location. For example, the
ACGIH TLVs classify horizontal locations into three zones (close, mid, and far) and
vertical locations into four general levels based on anatomical landmarks, such as
shoulder, knuckle, and mid-shin height. Thus, the small location differences within 5 cm

55



observed in this study are unlikely to have a significant impact on the accuracy of these
assessments.

Table 4-3 Influence of location difference on RNLE parameters for predicted and true
frames

TrueH(cm) TrueV(cm)  Difference (cm) HM difference T VM differences *

5 (-0.16, 0) (-0.02, +0.02)
25 20

10 (-0.29, 0) (-0.03, +0.03)

5 (-0.07, +0.09) (-0.02, +0.02)
40 90

10 (-0.13, +0.21) (-0.03, +0.03)

5 (-0.05, +0.06) (-0.02, +0.02)
50 150

10 (-0.08, +0.13) (-0.03, +0.03)

T Indicates the horizontal multiplier difference range.

T Indicates the vertical multiplier difference range.

This study utilized wearable technology, a deep learning framework, and a hand velocity-
based approach to detect lifting activities and their durations, as well as to predict key
exposure factors such as frequency and the horizontal and vertical locations at both the
origin and destination of lifts. These outputs provide most of the essential exposure
variables required for RNLE. Besides, the RNLE also requires the asymmetry angle and
coupling factor to complete the risk assessment. While the IMU sensors is unlikely to
estimate the coupling factor, calculating the asymmetry angle could be feasible.
Incorporating this capability in future iterations could enable a more automated and
comprehensive risk assessment, broadening the applicability of wearable technology for
lifting-related risk evaluations.

Building on this, this study provides a novel capability to detect individual lifting
activities and conduct ergonomic risk assessments for each lift performed. This approach
differs from traditional methods, which typically observe workers over a 15-minute
period and focus on the most common lifts or those with potentially higher risks. By
enabling the automated measurement of every lift with minimal human intervention over
prolonged durations, the methods used in this study may offer a more comprehensive
understanding of the lifting activities that workers engage in. Such detailed, continuous
data collection can capture the full range of exposure to ergonomic risks associated with
manual lifting tasks.

The RNLE has been adapted and extended in various ways to better evaluate lifting tasks
in diverse contexts. Examples include the Composite Lifting Index, Sequential Lifting
Index, and Variable Lifting Index, among others (T. Waters et al. 2016; T. R. Waters,
Putz-Anderson, and Garg 1994; T. R. Waters, Lu, and Occhipinti 2007). While these
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indices account for cumulative risk, they typically rely on task-based data, such as
representative samples or aggregated categories, rather than tracking and assessing every
single lift over extended durations. With the integration of wearable technologies and the
approaches utilized in this study, there is a potential to develop a new lifting index
capable of automatically capturing most individual lifts performed by a worker over
hours or even an entire shift. This would enable a comprehensive risk assessment across
all lifting activities performed by the worker. By building upon the methods
demonstrated in this study, future advancements could significantly enhance both the
precision and the practical application of risk assessments for manual lifting tasks.

4.5 Conclusions

This study integrated wearable devices, deep learning techniques, and a hand velocity-
based approach to identify lifting activities and predict physical exposures for ergonomic
risk assessment. The method demonstrated high accuracy in detecting lifting durations,
counts, and hand positions, providing key exposure variables essential for the RNLE.
Unlike traditional methods that focus on representative tasks, this approach has the
potential to enable automated analysis of individual lifts over extended periods, offering a
more detailed and comprehensive understanding of workers’ manual lifting. Further
improvements in accuracy and the inclusion of additional parameters, such as asymmetry,
could enhance its capability for more comprehensive risk assessments. This framework
holds significant promise for transforming ergonomic evaluations through precise and
continuous risk assessments across diverse lifting tasks.
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5 Conclusions

In Chapters 2 and 3 of this thesis, inertial measurement units and deep learning models
were utilized to recognize occupational physical activities. The preliminary phase of
these studies (Chapter 2) focused on using eight IMUs to recognize 15 distinct OPAs.
While the model achieved a high accuracy of 95% for isolated activities, its performance
declined significantly when applied to more complex tasks that combined multiple OPAs
(n=9). In these scenarios, accuracy varied widely (0—95%) across activities, with an
overall accuracy dropping to 22%. These findings indicate that while the model
performed well in recognizing isolated activities, its reduced accuracy in complex tasks
highlights the need for further development to enable reliable OPA recognition in real-
world settings.

Building on these insights, Chapter 3 presents a more comprehensive study to address the
challenges identified in the preliminary phase. This study utilized 17 IMUs and deep
learning techniques to recognize 13 OPAs, categorized into seven whole-body and six
upper-body activities, both in isolation and within three simulated work tasks designed to
mimic real-world conditions. By addressing the influence of simultaneous activities, this
study aimed to enhance model performance.

Thirty participants took part in the study, and the results demonstrated significant
improvements. The whole-body activity recognition model achieved 99.1% accuracy for
isolated activities and 89.0% for simulated tasks, while the upper-body activity
recognition model achieved 98.2% accuracy in isolation and 84.8% in simulated tasks.
Additionally, leave-group-out cross-validation confirmed the model’s robustness and its
potential for broader application across diverse populations. These findings suggest that
the improved approach provides a reliable and valid method for quantifying OPAs, with
substantial potential for practical application in occupational settings that involve
complex task performance.

Building on the identification of OPAs, Chapter 4 focused on quantifying physical
exposures, particularly for manual lifting tasks. Using the lifting activity periods
identified by the deep learning model in Chapter 3, a hand velocity approach was
introduced to predict lift origin and destination frames and calculate essential physical
exposure parameters for ergonomic risk assessment.

This integrated approach demonstrated effective performance, capturing 81.6% of lifting
periods and 110.2% of lifting counts. The hand velocity approach accurately identified
78.3% of lift origins and destinations, with the majority of frames closely aligning with
their true positions. By providing essential exposure variables for ergonomic evaluations,
this method shows the ability to enable automated analysis of individual lifts over
extended periods. This capability offers a more detailed and comprehensive
understanding of workers’ manual lifting patterns and holds significant potential for
transforming ergonomic risk assessments across diverse occupational settings.
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This thesis advances the field of physical demand analysis and ergonomic evaluation by
integrating wearable devices and deep learning techniques to recognize occupational
physical activities and quantify physical exposures. Through innovative methodologies
and rigorous evaluation, the research demonstrates the potential of these technologies to
address the limitations of traditional approaches, such as reliance on manual observation
and representative task analysis, which often lack reliability, consistency, and efficiency.
For example, conventional methods typically involve experts observing manual material
handling activities, such as lifting, for about 15 minutes and analyzing a limited sample
of lifts—usually either common lifts or those deemed to have high-risk potential. This
process often fails to capture the full scope of a worker’s physical demands across an
entire shift. By contrast, the approach developed in this research could enable a
comprehensive risk assessment of all lifting activities performed by a worker, providing a
more complete and accurate evaluation of occupational exposures.

The proposed methods demonstrate reliable recognition of OPAs and accurate
measurement of key exposure parameters for manual lifting, providing practical
applications to enhance workplace safety, reduce the risk of work-related musculoskeletal
disorders, and improve ergonomic evaluations. By bridging the gap between controlled
simplified settings and real-world complexities, this research establishes a solid
foundation for advancing ergonomic assessment methodologies. It highlights the
potential of wearable technology and deep learning to enable continuous and detailed
monitoring of physical demands, paving the way for more tailored, comprehensive
approaches to worker safety and health.

From a regulatory standpoint, this research enables companies and agencies, such as the
Occupational Safety and Health Administration (OSHA), to adopt data-driven strategies
to enhance compliance with safety standards. Wearable technology and automated
analytics provide objective, quantifiable evidence of workplace risks, reducing reliance
on subjective observations and streamlining audits. For companies, this approach
transforms workplace safety management by enabling continuous risk assessments to
proactively identify hazards, reduce injuries, and improve employee well-being.
Automated monitoring also minimizes manual data collection, freeing resources for other
priorities while demonstrating a strong commitment to safety and regulatory compliance.

The findings highlight the effectiveness of automated and scalable solutions in addressing
challenges faced in real-world occupational settings. While further investigation is
needed to fully implement this approach in field studies, we have already gained valuable
experience using these devices to collect data from janitorial workers across various
environments, including airports and shopping centers. Our observations suggest that
these devices can effectively monitor workers' movements over extended periods without
significant data drift during pilot data collection. Although additional research is required,
we are confident that this approach has strong potential for widespread application in
real-world scenarios.
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Future efforts should focus on validating these methods through larger-scale field studies
and refining the technology for enhanced usability and cost-effectiveness. Reducing the
number of required sensors and integrating complementary technologies, such as video-
based systems, could further improve performance while minimizing costs. Additionally,
incorporating parameters like asymmetry angles and extending the approach to a broader
range of MMH activities—such as carrying, pushing, and pulling—could significantly
expand its applicability. Given the reliable performance of this approach in manual lifting
tasks, it holds significant promise for broader ergonomic risk assessments.

These advancements could revolutionize how physical demands are analyzed, making
ergonomic evaluations more adaptive, precise, and impactful across diverse occupational
environments. Ultimately, this research demonstrates the transformative potential of
integrating wearable technology and deep learning into workplace ergonomics, paving
the way for safer, more efficient work environments and data-driven strategies for worker
health and safety.
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