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Abstract

This thesis presents the development of an ergonomic risk classification model using
Inertial Measurement Unit (IMU) sensor data, aimed at improving workplace safety in
physically demanding environments, with a focus on forestry operations. A subset of
previously collected IMU data was analyzed to identify bending angle patterns and
posture durations. Postures were segmented into ergonomic risk levels low, medium,
and high and classified using machine learning models, including Random Forest and
neural networks via Edge Impulse.

The models demonstrated strong performance, achieving high accuracy in classification
tasks. Results revealed a significant portion of time spent in high risk postures,
indicating potential for targeted intervention. This research supports the development
of intelligent ergonomic monitoring systems and lays groundwork for future applications
in adaptive exoskeletons and real time posture feedback tools.

Keywords: IMU, Ergonomics, Posture Classification, Machine Learning, Neural
Networks, Edge Impulse, Exoskeleton, Confusion matrix
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1 Introduction

1.1 Problem Statement

Musculoskeletal disorders (MSD) caused by poor ergonomic work habits are increasing,
particularly in physically demanding occupations. Workers in forestry, manufacturing,
and logistics industries tend to experience strain from repetitive or prolonged bending.
Although technologies employed so far, e.g., Inertial Measurement Unit (IMU) sensors,
are capable of sensing posture-related data, the problem lies in translating such data

into actionable recommendations to help users improve ergonomics. (Organization, 2003;
STT Systems, 2023).

Husqvarna, a leading company in the sector of forestry and outdoor power equipment,
has identified ergonomic risks associated with repetitive and prolonged bending move-
ments in their workforce. Their current posture monitoring system collects IMU-based
movement data, primarily for retrospective analysis, to assess ergonomic risks after the
fact. However, the system lacks a structured framework for categorizing risk levels and
personalized guidance that would allow workers to proactively adjust their posture.

Knowledge Gap

Despite the availability of IMU sensors and ergonomic monitoring technologies, there
remains a knowledge gap on how to transform IMU data into useful, well-structured er-
gonomic feedback that can be leveraged by workers to adjust their posture. Most current
research emphasizes postural analysis and injury risk prediction, however with no regard
for how to categorize and interpret IMU data for successful ergonomic interventions.
Ongoing research at Husqvarna AB is working towards developing a risk classification
structure that supports workers in understanding and utilizing feedback about their pos-
ture to effectively reduce the risk of strain injuries. Furthermore, little research addresses
the extent of how machine learning techniques can strengthen risk classification efficiency
and predictive proficiency for ergonomic danger assessment(Alsaadi and Ahmadi, |2024).

This study aims to address these gaps by developing a structured Ergonomic Risk Level
Classification Model based on IMU sensor data. The model will provide clear thresholds
for ergonomic risk levels and facilitate more effective posture recommendations based on
empirical data. Additionally, the study will explore how machine learning models can
improve classification accuracy and adapt ergonomic risk assessments over time.

1.2 Purpose and Research Questions

The purpose of this study is to develop an ergonomic risk level classification model from
IMU sensor data to improve workplace ergonomics. The objective is to have a methodical
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approach for posture risk assessment and the generation of actionable recommendations
for users depending on their movement patterns to reduce strain and injury.

The research questions are:

1.

How can existing IMU sensor data be used to analyze and establish ergonomic
standards defineing healthy and risky working postures?

To answer this question, the study analyzes existing IMU sensor data by examining
patterns in trunk bending angles and duration of postures. These features are
evaluated against established ergonomic thresholds to identify which movement
characteristics correspond to low, moderate, or high ergonomic risk. The outcome
is a structured framework of posture classification that translates sensor readings
into standardized ergonomic guidelines.

How can machine learning be used to improve the accuracy of ergonomic risk clas-
sification based on IMU sensor data?

This question investigates how machine learning models can enhance the classifica-
tion of ergonomic risks by identifying patterns, improving prediction accuracy, and
adapting the system to individual users’ movement profiles.

By addressing these questions, the study will contribute to the development of a
structured Ergonomic Risk Level Classification Model that enhances the safety and
efficiency of workers using Husqvarna’s equipment while also leveraging machine
learning to refine classification and predictions over time. (Alsaadi and Ahmadi,
2024))

In addition to data classification, this study also connects to the ongoing development of
supportive hardware, particularly passive exoskeletons. This device aim to reduce phys-
ical strain during high-risk movements. By establishing a reliable system for detecting
risky postures using IMU sensors, this research contributes toward future integration of
real-time posture feedback into wearable exoskeleton systems, which are under develop-
ment at Husqvarna

1.3

This

Scope and Limitations

study will focus on:

Using IMU sensor data to analyze bending patterns and ergonomic risk factors.
Developing a risk categorization model for ergonomic feedback.
Exploring machine learning techniques for improving classification accuracy.

Generating retrospective ergonomic recommendations based on IMU data.

Limitations include:
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e Focus solely on back posture and bending movements.
e Controlled environment constraints.

e Limited training dataset for machine learning.
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2 Method and Implementation

2.1 Data Collection

The study will utilize data from Husqvarna’s previous research with IMU sensors, which
accurately record body movement and posture during physically demanding activities.
Key parameters collected are:

e Bending Angles (degrees): Records body flexion, especially in the back, to quantify
strain during bending, lifting, and reaching tasks.

e Movement Duration (seconds): Measures the duration of a posture, as prolonged
positions increase the risk of musculoskeletal disorders.

The metrics were recorded across different work situations, including assembly work,
forestry, and manufacturing, where the workers tend to assume heavy postures. Dynamic
and static movements are monitored with the use of IMU sensors to provide accurate
readings for use in ergonomic risk assessment.

To ensure data quality, preprocessing techniques, including noise filtering, have been
applied. Additional contextual details such as task type, shift length, and worker demo-
graphics are incorporated to improve the accuracy of the analysis.

Previous research results will be analyzed to make the process of data collection more
accurate, addressing issues such as sensor placement and data correspondence. This will
enhance the general validity of the study and ensure adequate ergonomic risk categoriza-
tion.

Experience and results from previous research at Husqvarna will be examined to enhance
the data collection strategy. Challenges or constraints in previous methodologies found
in previous studies will inform the enhancements required during data preprocessing and
segmentation.

2.2 Structure and Processing of Raw Data

To ensure transparency and repeatability, this section explains how the raw data was
obtained, stored, structured, and analyzed.

Data Source and Format: The IMU data used in this study originates from Husqvarna
AB’s earlier research projects. Data was provided in CSV format and contained times-
tamped angle measurements collected using a BMI270 sensor mounted on the lower back.
The angles represent trunk flexion in degrees during various physical tasks in forestry and
manufacturing environments.

Data Volume: The complete dataset contains approximately 273,000 measurement
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points. All values were labeled with angle magnitudes and categorized during prepro-
cessing.

Data Preprocessing and Segmentation: Before training, the data was cleaned using
a low-pass filter to reduce sensor noise. Only angle data was used, and no smoothing or
averaging between points was applied in the plotted diagrams. All transitions are direct
connections between discrete data points, meaning the graphs show raw or minimally
filtered signals without interpolation.

2.3 Work Plan and Data Validation Strategy

With the focus being on organized execution, a detailed work plan has been designed for
step-by-step construction and calibration of the ergonomic risk classification model. The
process shall involve the following steps:

1. Review of Past Research: Contrast findings from previous Husqvarna-related re-
search with existing ergonomic assessment frameworks.

2. Data Preprocessing: Apply filtering and segmentation to remove noise and extract
relevant movement characteristics.

3. Categorization Model Development: Establish threshold-based segmentation for
ergonomic risk levels.

4. Implementation: Supervised learning models (Random Forest, Neural Networks)
are used to improve accuracy — see Sections and for details.

5. Validation Against Real-World Data: Compare predictions with expert ergonomic
assessments and industry guidelines (OSHA, NIOSH).

2.4 Incorporating Previous Research Findings

To improve the robustness of the model, insights from previous bachelor thesis research
will be integrated:

e The study conducted by (Alsaadi and Ahmadi, |2024) on exoskeleton-based er-
gonomic enhancement provides relevant baseline data.

e Prior findings on IMU-based movement tracking will inform feature selection and
preprocessing methods.

e Machine learning techniques explored in previous research will guide the selection
of algorithms for risk classification.

10
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2.5 Data Analysis and Categorization Model Development

A systematic model of ergonomic risk classification will be developed with threshold-based
segmentation and statistical clustering techniques. The model will include particular
levels of risk based on bending angles and movement lengths:

e Low risk: 0°-20° bending (normal posture, no action required)
e Moderate risk: 20°-45° bending (acceptable for short durations)

e High risk: 45°+ bending (requires posture adjustment)

The model will be tested and validated against real-world workplace ergonomic assess-
ment guidelines such as those from the Occupational Safety and Health Administration
(OSHA) and the National Institute for Occupational Safety and Health (NIOSH). This
will help ensure that the risk categories align with recommended workplace safety guide-
lines (Occupational Safety and Health Administration, 2023)).

2.6 Machine Learning Integration

To enhance the precision of classification, this study employed a Random Forest model
developed on the Edge Impulse platform, an online tool designed for embedded machine
learning using sensor data such as from IMUs.

Data Handling and Preprocessing: The IMU data collected was labeled based on
trunk angle thresholds ("Good” = 0°-20°, ” Acceptable” = 20°-45°, "Bad” = > 45° ).
Data were uploaded to Edge Impulse, where statistical features were extracted using
time-domain analysis over a window size of 2000 ms with a 1000 ms window increase.

Model Configuration: Within Edge Impulse, a Random Forest model was trained
using:

e Number of Trees: 100
e Max Depth: 10

e Minimum Samples per Leaf: 1

A Fully Connected Neural Network (FCNN) was also tested for comparison, with:

Hidden Layers: 2 (128 and 64 neurons)

Epochs: 50

Learning Rate: 0.005
Batch Size: 32

11
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Model Evaluation: The model was evaluated using labeled test datasets called

e TEST _Angle_0_20_simulerad
e TEST _Angle 20_45_simulerad
e TEST_Angle 45 80 _simulerad

each containing posture-specific IMU angle data. These were used to calculate con-
fusion matrices and performance metrics (Precision, Recall, Fl-score), as discussed in

Section .5.4]

Output Metrics: True Positives (TP), False Positives (FP), False Negatives (FN), and
True Negatives (TN) were computed automatically by Edge Impulse and formed the basis
of the metrics tables in the results section. Each prediction made by the model during
testing was compared to the actual class to compute these values.

This methodological structure ensures transparency and reproducibility of results, al-
lowing other researchers to replicate the setup using similar IMU datasets and model
configurations.

2.7 Validation Against Real-World Conditions

To ensure that the model is practically applicable, real-world validation strategies will be
employed:

e Comparison of IMU-based classification with expert ergonomic assessments.

e Evaluation through user feedback and retrospective movement analysis.

2.8 Final Implementation and Refinement

Once the categorization model and machine learning implementation are completed, an
iterative testing process will be conducted:

1. Initial validation using historical IMU data.
2. Adjustments based on misclassification and false positive rates.

3. Further model refinements incorporating feedback from ergonomic professionals.

2.9 Summary

This section introduces a systematic approach to constructing an ergonomic risk clas-
sification model based on the results of current research, integrates machine learning
techniques to improve workplace ergonomics.

12
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3 Theoretical Framework

3.1 Exoskeletons

An exoskeleton is commonly defined as a “wearable, external mechanical structure that
enhances the user’s physical capabilities” or as “wearable rigid and/or soft structures
designed to augment or support the wearer during physical activities” (Rojgren and
Widell, . Exoskeletons are generally categorized into two types: active systems,
which use actuators powered by electricity to deliver force, and passive systems, which
rely on mechanical elements such as springs and levers to store and release energy from
the user’s movement.

The model shown in Figure X is a passive exoskeleton developed by Husqvarna, designed
to reduce strain on the lower back and lower limbs during physically demanding work. It
operates without motors or electronics, instead offering mechanical support and motion
assistance. This makes it:

e Lightweight and easy to wear
o (Cost-effective to manufacture

e Safer for users, due to the absence of electrical or mechanical failure risks

Figure 1: Husqvarna passive exoskeleton for back and hip support

3.1.1 Function and Use of the Passive Exoskeleton

The Husqvarna passive exoskeleton is worn over the worker’s shoulders, back, and legs.
It is mechanically designed to support the lower back, hips, and thighs without the use of

13
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Figure 2: Husqvarna passive exoskeleton worn on the body

motors or electronics. The exoskeleton is made up of elastic straps, levers, and support
frames that actively redistribute the user’s body weight and movement forces (Rjgren
and Widell, . When the worker bends or lifts, the exoskeleton stores kinetic energy
generated from downward movement. Energy is released during upward movement to help
the worker stand up. This mechanical support reduces the load on the spinal muscles and
joints, particularly in the lower back area, which is highly prone to repetitive or sustained
bending work (Kim and Chung, . The major benefits to the worker are:

e Reduced spinal compression: Mechanical support reduces the loads on the lower
back, minimizing the risk of back pain and chronic injury (Occupational Safety and
Health Administration, 2023).

¢ Reduced muscle fatigue: By sharing the physical effort of bending and lifting,
the exoskeleton allows workers to work longer periods without becoming physically
fatigued (Alsaadi and Ahmadi, 2024).

e Improved posture: The design encourages more ergonomic body positions, pre-
venting poor postures that lead to musculoskeletal disorders (MSDs) (Organization,

2008).

e Improved endurance and safety: Workers experience less stress during demand-
ing tasks, resulting in greater efficiency as well as better occupational health (Donisi

et al., [2022]).

14
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Because it operates passively, the system is lightweight, safe, and easy to implement into
everyday work routines without the complexity or risks associated with powered exoskele-
tons. In forestry, manufacturing, and logistics environments where repetitive lifting and
awkward posture are common, this type of passive exoskeleton can be a valuable tool in
reducing rates of injury and improving worker health (Kim and Chung, 2024/ & Réjgren
and Widell, 2022).

3.1.2 General Application and Technological Integration of Exoskeletons

Exoskeletons are usually developed to be anthropomorphic, meaning they are designed
to match the patterns of human limbs and muscles to support natural motion. Structural
compatibility allows exoskeletons to be incorporated across multiple work fields, includ-
ing the military sector, rehabilitation medicine, and industrial assembly lines. In the
automotive industry, for example, upper-body exoskeletons are applied to relieve strain
on workers’ arms and shoulders during overhead assembly tasks (Rojgren and Widell,
2022).

In the wood industry, the use of passive exoskeletons has become increasingly common as
a means to reduce ergonomic risks associated with repetitive, heavy manual labor. Tasks
such as felling trees and processing wood involve heavy lifting and awkward postures,
leading to significant strain on the lower back and shoulders. Recent studies demonstrate
that passive exoskeletons can effectively reduce musculoskeletal loading during these ac-
tivities, thus improving occupational health and reducing worker fatigue (Alsaadi and
Ahmadi, 2024; Réjgren and Widell, 2022).

Additionally, the integration of Inertial Measurement Unit (IMU) sensors within ex-
oskeleton systems has opened new opportunities for ergonomic assessment. By measuring
movement and posture during assisted tasks, researchers can quantitatively evaluate the
biomechanical effects of assistive devices and refine exoskeleton designs for more effective
applications.

3.2 Forestry Work in Sweden

Forestry is one of the mainstays of Sweden’s land use, economy, and cultural identity.
Sweden is covered by forests with approximately 70% of its area, and about 80% of
the forests are coniferous in nature, including Norway spruce (Picea abies) and Scots
pine Pinus sylvestris (Skogsstyrelsen, 2024)). Sweden’s forest industry is a significant
contributor to national exports, employment, and the bioeconomy (Federation, 2024).
Apart from its economic importance, forestry work is physically demanding and involves
a number of backbreaking manual and machine-based activities, particularly during the
early periods of the forest management cycle.

Swedish forestry utilizes a methodical silvicultural strategy, normally involving site prepa-
ration, regeneration primarily planting, pre-commercial thinning also known as clearing,
commercial thinning, and final harvesting. Each phase has distinctive working conditions
and physical requirements. While final harvesting and commercial thinning are primarily

15
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mechanized, early tasks such as planting and clearing are still predominantly manual and
involve sustained physical effort(Arvidsson et al., 2021)).

Final felling is usually done with harvesters that fell, delimb, and segment trees, with
forwarders transporting logs to roadside areas. Operators work in enclosed cabins with
minimal physical strain. Manual felling with chainsaws is still needed in small or diffi-
cult areas, where workers face heavy loads, long walking distances, and varying weather
conditions.

Pre-commercial thinning is among the most physically demanding forestry tasks. It
involves removing vegetation in young stands using powered clearing saws weighing 5-10
kg. Workers repeatedly lift the saw overhead while moving through dense undergrowth,
exposing the shoulders, neck, arms, and lower back to high strain due to awkward postures
and sustained muscle effort(Arvidsson et al., [2021)).

Planting is a physically demanding task, usually carried out in spring and early sum-
mer. Workers manually insert seedlings into the ground using spades or planting tubes,
often planting thousands per day. The work involves frequent bending, squatting, and
walking over rough terrain, placing strain on the back, knees, and wrists. Crews are typ-
ically composed of seasonal or migrant laborers, and the ergonomic challenges are well
documented. (Arvidsson et al., [2021)).

Thinning is performed one or more times during a forest stand’s life to remove selected
trees and promote the growth of others. In large-scale operations, it is usually mecha-
nized with harvesters that work between standing trees.In smaller private forests, manual
thinning using chainsaws remains common. These tasks involve similar risks as manual
felling, including high physical effort, tool-related injuries, and vibration exposure.

Although Sweden is considered one of the most mechanized forestry nations globally(Federation,
2024)), not all operations are mechanized. Manual processes are still essential for regener-
ation and early maintenance tasks, which are also the most physically demanding. During
these operations, workers are exposed to:

Repetition of forward torso flexion

Handling and carrying of heavy or awkward equipment

Long-distance walking on uneven or sloped terrain

Static, strained postures held over extended periods

e Exposure to environmental elements such as cold, heat, or precipitation

This combination of environmental exposure and physical effort significantly contributes
to physical exhaustion and the risk of overuse injuries and chronic musculoskeletal disor-
ders(Arvidsson et al., 2021; Bacié¢ et al., 2024). Forestry operations frequently take place
in remote areas, where medical response to injury may be delayed, further intensifying
the occupational demands of the job.

16
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While forestry systems in much of Central and Southern Europe tend to favor selective
cutting and continuous cover approaches, Swedish forestry typically relies on larger-scale
clear-cutting followed by structured regeneration. These large open areas must often be
traversed entirely on foot during planting or clearing, frequently without access to trails
or mechanized support.

In conclusion, although modern technology has helped reduce physical strain in harvesting
activities, high physical demands persist in the early phases of forestry work, such as
planting and clearing. These stages require thorough ergonomic evaluation and practical
measures to reduce injury risks and promote sustainable working conditions within the
forest sector.

3.2.1 Forestry Work Ergonomics

Forestry work ergonomics investigates how physical work conditions and movement pat-
terns affect the human body. Forestry tasks are highly physically demanding and often
involve repetitive motions, awkward postures, static muscle loading, uneven terrain, and
the handling of heavy equipment.

These activities place considerable biomechanical strain on the shoulders, lower back,
neck, and knees. Tasks such as planting and clearing involve frequent bending, lifting,
and overhead tool use, contributing to muscular fatigue and overuse injuries. Working
in uncontrolled environments—typically under time pressure and harsh weather—further
adds to the ergonomic load.

Research has shown that many forestry work postures exceed established safety thresh-
olds. Trunk flexion greater than 20° increases the risk of lower back injury, while flexion
over 45° significantly heightens the risk of spinal compression (Kim and Chung, 2024| &
Alsaadi and Ahmadi, 2024)). Similarly, arm elevation exceeding 60° is associated with an
increased risk of shoulder disorders(Baci¢ et al., 2024)).

In Sweden, ergonomic field studies have reported high rates of musculoskeletal pain among
forestry workers, especially in the neck, shoulders, and back(Arvidsson et al., [2021)).
These disorders are often linked to chronic overexertion and repeated strain over time.

Understanding these ergonomic risks is essential for identifying high-risk postures and
tasks. This knowledge supports the application of posture-monitoring technologies such
as IMU sensors, which can be used to analyze movement patterns and reduce injury risk
in forestry operations.

3.2.2 Injury Risks and Posture Thresholds in Forestry

Forestry workers commonly encounter biomechanical loads that exceed safe levels, which
translates to increased risk of musculoskeletal injury. Repetitive movements, awkward
postures, heavy handling of tools, and isolated outdoor work are some of the most preva-
lent risk factors.

17
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Over flexion of the trunk is among the most serious problems. Findings suggest that
torso flexion of more than 20° increases lower back stress, while angles over 45° signifi-
cantly increase the likelihood of spinal disc compression(Alsaadi and Ahmadi, 2024; Kim
and Chung, 2024). Such postures are common during chainsaw operation, clearing, and
planting.

Some of the other notable risk factors are:

Twisting while bending, which increases spinal torsion

Reaching above shoulder level, contributing to shoulder trauma(Bacié¢ et al., 2024)

Squatting or kneeling on uneven surfaces, straining hips and knees

Prolonged tool vibration, linked with hand-arm vibration syndrome (HAVS)(Cheta
et al., 2018)

In Swedish forestry occupations, workers frequently suffer from back, shoulder, neck, and
knee pain—mostly because of repetitive strain and cumulative overload(Arvidsson et al.,
2021)).

Environmental factors like freezing temperatures, rough terrain, and fatigue also add to
the risk of injury. In remote forest regions, access to medical facilities is poor, enabling
minor strain to develop into a full-blown condition(Poto¢nik and Poje, 2017)).

Posture threshold monitoring—i.e., avoidance of trunk flexion greater than 45° is a sig-
nificant prevention strategy. IMU sensors can be used to monitor body movement in real
time, enabling detection of dangerous positions in advance and helping prevent long-term
injury in forestry operations.

3.3 Sensor Platform: M5 Capsule

The M5 Capsule is a compact and versatile [oT development board designed by M5Stack
for motion tracking, wearable systems, and field-based data acquisition (M5Stack, 2024)).
Its compact size, wireless operation, and battery power make it especially useful in er-
gonomic research, human motion analysis, and portable sensing systems.

Powered by the ESP32-S3 microcontroller, the M5 Capsule features onboard Bluetooth
and Wi-Fi for real-time data transfer, a TF card slot for local data storage, and a recharge-
able 250 mAh lithium battery for stand-alone operation. Its compact, rectangular form
factor and lightweight design allow it to be mounted comfortably on the body, e.g., the
lower back, without interfering with natural movement.

18
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Figure 3: M5 Capsule (MbHStack, 2024)

In this work, the M5 Capsule is employed as the central sensing unit to monitor human
trunk bending under physically demanding tasks. The device continuously collects motion
data using its onboard IMU (BMI270) and synchronizes it with time information from the
onboard real-time clock (RTC), enabling quantitative analysis of posture and locomotion
patterns over time (Sensortec, 2023).

3.3.1 IMU Sensor: Bosch BMI270

Bosch BMI270 is a 6-axis inertial measurement unit (IMU) that integrates a 3-axis ac-
celerometer and a 3-axis gyroscope in a compact, low-power package (Bosch Sensortec
GmbH, [2023). In the current study, the BMI270, contained within the M5 Capsule,
serves as the primary sensor to capture human trunk motion.

For the purpose of this project, raw angular data and corresponding timestamps were
extracted from the BMI270. These points were employed to compute trunk bending
angles over time to facilitate analysis of ergonomic postures in physically demanding
activity.

The BMI270 provides a feature of output data rates (ODR) of up to 1.6 kHz for the ac-
celerometer and up to 6.4 kHz for the gyroscope, allowing high-resolution motion tracking
(Bosch Sensortec GmbH, 2023) . However, in the target application, the sampling rate
of 100 Hz was adequate to track the necessary motion dynamics while conserving power.

Premium features of the BMI270, such as step detection, gesture recognition, and activity
monitoring, were not employed in this study to maintain focus on continuous angular
motion tracking. The sensor’s low power consumption—typically around 685 pA when
running at full load—hides it well as an ideal candidate for wearable devices that require
long battery life (Bosch Sensortec GmbH, [2023]).
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3.4 Machine Learning for Classification of Ergonomic Risks

Machine learning (ML) has proven to be essential in modern ergonomics, as it enables
the processing of large volumes of movement data to predict risks and enhance human
productivity and safety (Donisi et al., |2022; Zhao et al., [2021)). For ergonomic risk as-
sessment, ML algorithms can classify and forecast risk levels using data collected from
Inertial Measurement Units (IMUs), which include accelerometers and gyroscopes. These
sensors track body movement and orientation, providing critical information about pos-
ture and motion patterns that may contribute to musculoskeletal injuries (Conforti et al.,
2019).

In this study, supervised learning models such as random forests and neural networks are
used to classify movement patterns in relation to key ergonomic features:

e Bending Angle: the degree to which the subject bends the body, associated with
poor posture and lower back injury risk (Zhao et al., [2021)).

e Sustained Posture Duration: the time a posture is maintained, particularly in
static sitting or standing tasks (Zhao et al., [2021]).

These features describe the dynamic interaction between human body motion and er-
gonomic hazards. With ML, it becomes possible to build predictive models for high-risk
movements and postures, allowing for proactive intervention and workplace safety im-
provement (Donisi et al., [2022)).

3.4.1 Edge Impulse and Neural Networks for Processing IMU Data

Edge Impulse is a machine learning platform designed for embedded systems, ideal
for classifying movement patterns and detecting high-risk postures using IMU data. It
provides a pipeline for data collection, model training, feature extraction, and deployment
on embedded devices (Edge Impulse, n.d.).

e Neural networks, especially Convolutional Neural Networks (CNNs) and Fully
Connected Networks (FCNs), are well suited for time series data such as human
movement captured by IMUs. These networks are used in this study to classify
posture data into ergonomic categories (Bad, Good, Acceptable) (Donisi et al.,2022).

e Feature Extraction Techniques to Improve Accuracy: Raw IMU data is typ-
ically noisy and high-dimensional. Feature extraction techniques like Fast Fourier
Transform (FFT) and Principal Component Analysis (PCA) are applied within
Edge Impulse to improve data quality and model accuracy (Alharthi et al., 2020;
Prisco et al., 2023). FFT extracts frequency-domain features useful in identifying
repetitive motion, while PCA reduces data dimensionality and retains the most
significant components.
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e Impulse Design Framework: Edge Impulse’s Impulse Design Framework allows
flexible creation of ML models by supporting real-time testing, feature extraction,
and live deployment (Edge Impulse, n.d.). The framework enables continuously
improvement through real-world data feedback, helping tailor the system to the
user’s movement behavior over time.

3.4.2 Random Forest for Improved Classification and Feature Importance

While Neural Networks deliver high accuracy, Random Forest contributes by providing
interpretability. It operates by training multiple decision trees and aggregating their
predictions. Random Forest helps identify the most critical features such as bending
angle or posture duration—impacting ergonomic risk classification (Donisi et al., [2022)).

Feature importance scores provided by Random Forest models enable better understand-
ing of which movements pose the highest risk, guiding ergonomic interventions. Fdge
Impulse supports the integration of Random Forest for such applications (Edge Impulse,
n.d.).

3.4.3 Deployment and Real-Time Classification

Deployment is the final stage, and Edge Impulse enables seamless deployment on embed-
ded systems. Trained models are integrated into wearable devices or real-time monitoring

systems, capable of classifying movement and posture continuously (Edge Impulse, n.d.;
Zhao et al., 2021)).

These systems can alert users immediately when a posture is maintained too long or be-
comes high-risk, promoting real-time corrective actions. Over time, the system improves
with more data, allowing more accurate ergonomic risk analysis and tailored feedback
(Zhao et al., 2021)).
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4 Results

This chapter presents the analysis of IMU angle data to determine ergonomic risk expo-
sure during real-world movements. The main objective is to answer the research question:
"How can we use previously recorded IMU sensor data to provide ergonomic recommen-
dations to users?”

All measurements were categorized into three ergonomic risk zones based on scientifically
supported bending thresholds:

Combined

20.0 — File1

o 25 50 7S 100 125 150 175 200
Time (s)

Figure 4: Low Risk (0°-20°): Neutral, safe postures

Combined

4 — File1

0 25 50 75 100 125 150 175 200
Time (s)

Figure 5: Medium Risk (20°-45°): Acceptable for short durations
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Combined

801 — File 1

Figure 6: High Risk (45°-80°): Potentially harmful; posture correction recommended

4.1 Overall Risk Exposure

The collected dataset consisted of over 273,000 measurements from various sessions and
movement axes. The total time spent in each risk category is summarized below:

Risk Level Number of Data Points | Percentage
0°-20° (Low Risk) 171,468 62.9%
20°-45° (Medium Risk) 07,313 21.0%
45°-80° (High Risk) 44 976 16.1%

Table 1: Time spent in each ergonomic risk level based on angle measurements.

Each data point corresponds to approximately one second of the recorded posture.

4.2 Risk Level Visualization

To better understand user behavior, the time spent at each risk level was visualized using
bar and pie charts.
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Total Time Spent in Each Risk Level (All Angle Data Combined)
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Figure 7: Total time spent in each ergonomic risk level based on angle data.

rtion of Time in Each Risk Level (All Angles Combined)
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Figure 8: Proportion of time spent at each ergonomic risk level.

These figures reveal that while most postures were safe (low-risk), over 37% of total time
was spent in postures classified as ergonomically concerning.
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4.3 Analysis of Ergonomic Behavior

Using threshold-based segmentation of angle data, clear movement patterns were identi-

fied:

e Positive behavior: Majority of time in low-risk angles suggests awareness or
natural positioning in ergonomically neutral postures.

¢ Risky behavior:

— 16.1% of all measured time occurred in high-risk postures (> 45° ), which are
linked to increased spinal compression and muscular fatigue.

— Prolonged exposure to medium-risk angles (21%) indicates possible overuse in
non-neutral positions.

According to FYSS (2018) and NIOSH, frequent torso flexion beyond 20°-30° significantly
increases the likelihood of musculoskeletal disorders, especially in the lower back.

4.4 Interpretation and Practical Recommendations

From this analysis, previously recorded IMU data can be used to issue the following
ergonomic recommendations:

Observation from Data Health Risk Recommended Action

High time in > 45° postures | Increased spinal stress and | Introduce posture feedback
LBP risk and redesign work environ-

ment

Sustained time in 20°—45° | Medium strain; fatigue ac- | Schedule micro-pauses and

range cumulation task variation

Frequent transitions between | Instability in posture con- | Ergonomic training and

zones trol movement coaching

Table 2: Detected movement patterns and recommended ergonomic actions.

Thus, IMU data is not only useful for postural risk detection but also for generating
actionable feedback and preventive recommendations.

4.5 Al Model Performance

This section presents the performance results of the Al model across different test inter-
vals. The following tables display the model’s performance in terms of precision, recall,
Fl-score, and confusion matrix for each category ("Bad”, ”Good”, and ” Acceptable”) in
three different test intervals: TEST_Angle_0_20_simulerad, and TEST_Angle_25_45_simulerad,
TEST_Angle_45_80_simulerad. see section (2.6
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4.5.1 Precision

Precision is a metric that indicates how many of the predictions made by the model as
positive (i.e., belonging to a certain category such as "Bad”, ”"Good”, or ” Acceptable”)
were correct. In the context of this model, precision measures the accuracy of the model
in classifying a movement as being in a particular category.

True Positives (TP)

Precision = True Positives (TP) + False Positives (FP)
| Test Interval | Good (P) | Acceptable (P) | Bad (P) |
‘ TEST _Angle_ConfusionMatrix ‘ 0.980 ‘ 0.920 ‘ 0.979 ‘

Table 3: Precision for each category based on confusion matrix. Precision indicates how
many of the predicted labels were correct.

4.5.2 Recall

Recall is another important metric that indicates how well the model identifies all relevant
positive cases within a specific category. Recall measures the model’s ability to correctly
capture all instances of "Bad”, ”Good”, and ” Acceptable” movements from the entire
dataset.

True Positives (TP)

Recall =
“““C 7 True Positives (TP) + False Negatives (FN)

| Test Interval | Good (R) | Acceptable (R) | Bad (R) |
| TEST_Angle_ConfusionMatrix |~ 0.961 | 0.958 | 0958 |

Table 4: Recall for each category based on confusion matrix. Recall shows how many of
the actual class instances were correctly identified.

4.5.3 F1l-score

F1-score combines both precision and recall into a single metric that provides a balanced
evaluation of the model’s performance. It is the harmonic mean of precision and recall
and is particularly useful when you need to balance the trade-off between precision and
recall, especially when the data is imbalanced.

Precisi 11
FlScore — 2 x recision X Reca

Precision + Recall
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| Test Interval | Good (F1) | Acceptable (F1) | Bad (F1) |
| TEST_Angle_ConfusionMatrix | 0.970 | 0.939 | 0968 |

Table 5: Fl-score based on the final confusion matrix. Fl-score balances precision and
recall to reflect overall classification accuracy.

4.5.4 Confusion Matrix

A confusion matrix is a critical tool for evaluating the performance of a classification
model. It provides information on the number of correct and incorrect predictions made
by the model, broken down by class.

The matrix consists of four main components:

e True Positives (TP): The number of instances that were correctly predicted as
belonging to a specific class (e.g., "Bad”, ”Good”, or ” Acceptable”).

e False Positives (FP): The number of instances that were incorrectly predicted as
belonging to a specific class.

e True Negatives (TN): The number of instances that were correctly identified as not
belonging to a specific class.

e False Negatives (FN): The number of instances that were incorrectly identified as
not belonging to a specific class.

In this study, the model has been evaluated with three classes: Bad, Good, and Accep.
The confusion matrix below shows the classification performance of the model. Each cell
in the matrix represents the number of instances classified in a specific category, and the
rows correspond to the true labels, while the columns correspond to the predicted labels.
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Figure 9: Confusion Matrix showing the classification performance of the model.

4.5.5 Model Accuracy During Training

To ensure the model was learning meaningful patterns during the training process, we
evaluated its performance on a validation dataset that was not used for learning, but
rather for performance monitoring during model development.

Figure:10 shows the confusion matrix and performance metrics obtained during the final
training iteration. The model achieved an accuracy of 98.9% on the validation set,
indicating strong learning capability and generalization within the scope of the training
data.
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Figure 10: Confusion matrix and performance metrics during model training (validation
set). The model achieved 98.9% accuracy and high F1l-scores across all classes.

As reflected in the figure:

e Good: Classified correctly 98.4% of the time.
e Acceptable: Achieved perfect classification with 100% accuracy.

e Bad: Was classified correctly in 97.9% of instances.

These results suggest that the model learned the internal structure of the data effectively
and could distinguish between different ergonomic postures with high reliability. However,
while training accuracy is high, real-world validation on unseen data is necessary to
confirm model reliability

4.5.6 Model Performance During Testing

While high accuracy during training is desirable, it can sometimes indicate overfitting —
meaning the model performs well on known data but poorly on new, unseen inputs. To
address this, we performed a comprehensive evaluation using a separate test dataset.

Figure:11 presents the results of this evaluation. The model was tested on data it had
never encountered during training, providing an objective assessment of its true classifi-
cation ability. The model achieved an overall accuracy of 93.88%, which demonstrates
strong generalization performance.
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Figure 11: Confusion matrix and performance metrics during testing (unseen data). The
model achieved 93.88% accuracy and consistent classification results across all classes.

Detailed results from the testing phase are as follows:

e Good: Achieved a recall of 100% and a precision of 96.1%, indicating reliable
detection of correct posture instances.

e Acceptable: Slight confusion with neighboring classes, but still demonstrated a
recall of 93.9% and a precision of 95.8%.

e Bad: Was accurately detected with a recall of 93.9% and precision of 97.9%, con-
firming the model’s effectiveness in identifying unsafe postures.

The small reduction in accuracy from training to testing (98.9% — 93.88%) is expected
and reflects normal variation when generalizing to new data. The consistently high
precision, recall, and F1-scores across all categories confirm the robustness and reliability
of the model in a real-world classification scenario.

5 Discussion

5.1 Result Discussion

The first research question in this thesis was:
“How can we use existing IMU sensor data to analyze and establish ergonomic standards
that define healthy and risky working postures?”

To combat this, angular data from an IMU wearable sensor were utilized to define three
regions of trunk posture against ergonomic risk: Good (0°-20°), Acceptable (20°-45°),
and Bad (45°-80°). Analysis of the total dataset of more than 273,000 samples found
that 62.9% of postures were good, 28.1% were acceptable, and 9.0% were bad. This
allocation reflects that while most movement was in the safe postures, most time was in
the postures relating to higher strain or discomfort. These patterns are represented in
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Chapter 4.2 (see Figure:7 ), providing an unequivocal expression of how time is spent
within ergonomic zones. Using only angle and timestamp information was the chosen
approach, enabling posture risk identification without additional system complexity.

On-device performance (3

Figure 12: Feature Explorer during training: clear class separation with minimal mis-
classification.

o B

L EPEER G

Figure 13: Feature Explorer during testing: overlapping clusters in the Acceptable range
with visible misclassification.

A comparison of the feature explorer views at training and test times shows why classi-
fication accuracy differed. As shown in Figure:12 , the training feature space has well-
separated and tight clusters for each posture category. There are hardly any red points
(misclassifications) on the boundary of the Acceptable class. In contrast, the test data in
Figure:13 are more scattered, especially within the Acceptable range, with misclassifica-
tions found more often near the middle of the cluster. This confirms that the model was
less effective using real data, particularly for transitional postures, where angle alone may
not be sufficient to capture the finesse of movement. These observations explain the loss
of generalization by the model and confirm the findings of the confusion matrix above.

The second research question:
“How can machine learning be used to improve the accuracy of ergonomic risk classifica-
tion based on IMU sensor data?”

This was addressed by training a classification model on Edge Impulse with trunk angle
and timestamp only as input features. During training, the model achieved a high accu-
racy of 98.9%, as seen in the feature space visualization in Figure:10. The posture classes
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Good, Acceptable, and Bad formed well-separated clusters, with some misclassified ex-
amples at the boundaries of class boundaries.

However, the model performed marginally less accurately at 93.88% when tested on
unseen data. As observed in Figure:11, the test feature distribution contains greater
overlap among categories, particularly for the Acceptable category. The misclassification
points are located near the center of the cluster, which is an indicator of boundary
ambiguity in classification. This is echoed in the output of the confusion matrix (see
Figure:9), where most errors occurred in distinguishing Acceptable from all other classes.
These errors show the challenge of classifying mid postures with angle information alone,
as transition movements have quite similar angular characteristics to both the safe and
unsafe regions.

Despite these constraints, the model maintained high precision and recall in both Good
and Bad classes, validating its practical applicability in ergonomic risk detection. The
model’s compact feature set enables real-time implementation on wearable devices with-
out compromising classification accuracy, making it a suitable solution for continuous
ergonomic posture monitoring in physically demanding work environments.

5.2 Method Discussion

The method implemented in this thesis combined the use of wearable IMU technology
and a systematic classification approach for the analysis of ergonomic posture. One of the
main benefits of the method was simplicity and portability: the use of a single IMU sensor
on the lower back allowed for minimally invasive data collection under realistic working
conditions. The sensor employed was the M5 Capsule with an internal BMI270 IMU,
which offered sufficient accuracy and stability for long-term posture monitoring. While
not as advanced as professional industrial-level IMUs, the BMI270’s built-in sensor fusion
and low power consumption made it sufficient for field deployment.

The method used within this thesis combined the use of wearable IMU technology and
an organized classification scheme for the evaluation of ergonomic posture. The main
strength of the method was simplicity and portability: equipping the body with a single
IMU sensor on the lower back allowed unobtrusive data collection during natural working
situations. The sensor utilized was the M5 Capsule with an integrated BMI270 IMU,
which provided the level of accuracy and stability required for long-term posture tracking.
Though not as advanced as professional industrial-grade IMUs, the low power usage and
integrated sensor fusion of the BMI270 were sufficient for field implementation.

Another methodological advantage was incorporating a Random Forest machine learning
model through Edge Impulse. Random Forest is a robust ensemble algorithm that per-
forms well with low-dimensional input and was therefore ideally placed for this use case.
It also reduces the risk of overfitting, which was evidenced by the excellent performance
on both training (98.9%) and test datasets (93.88%). The decline in performance was
expected throughout real-world testing and was primarily caused by posture overlap, as
reflected in the test feature explorer (refer to Figure: 13).
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An additional challenge was the physical attachment of the IMU sensor. Although the
M5 Capsule is lightweight and compact, sensor placement is critical for reliable posture
measurement. In this study, careful manual placement was used, but no hard mounting
solution like an exoskeleton pocket or harness was applied. This risks slight alterations
in position during activity, potentially affecting the accuracy of angular measurements.

Finally, the iterative process of preprocessing, threshold-based segmentation, model train-
ing, and performance evaluation ensured that each step built towards a better system.
Comparison to ergonomic standards (OSHA and NIOSH) gave a foundation for ensuring
that the categorization was based on real-world applicability. Though the system wasn’t
externally validated with expert ergonomists, the alignment with existing posture thresh-
olds and the excellent classification performance offer support for real-world applicability
for wearable ergonomic monitoring.

6 Conclusions and Further Research

6.1 Conclusions

This thesis examined how the data from IMU sensors could be used to classify ergonomic
risk based on trunk posture and how machine learning could enhance classification per-
formance. One wearable IMU was used to obtain back angle measurements with the aim
of developing a lightweight, real-time monitoring system for physically strenuous work
places.

Trunk angles were also classified into three risk levels: Good (0°-20°), Acceptable (20°-45°),
and Bad (45°-80°). Of over 273,000 data points gathered, 62.9% were Good, 28.1% Ac-
ceptable, and 9.0% Bad, and thus an indication of the significance of posture awareness
tools in factories.

The Edge Impulse-built machine learning model, with a Random Forest algorithm, achieved
training accuracy of 98.9% and on test data, 93.88%. The misclassifications primarily
occurred within the Acceptable range due to its boundary-like nature. The Good and
Bad postures were correctly classified as confirmed by the visual inspection of the feature
maps.

Limitations of using angle-only data excluded incorporation of richer motion features from
accelerometers and gyroscopes. Additionally, the sensor had been manually attached,
something that may have introduced inconsistencies. Future implementations would be
more precise by having the sensor mounted in a firmer way and incorporating finer-grained
motion inputs.

6.1.1 Practical Implications

The outcomes of this thesis have direct application to sectors where physical stress and
repetitive posturing are common—e.g., manufacturing, warehousing, and assembly line
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operations. An IMU-based light monitoring system can be integrated into work apparel
or exoskeletons to provide real-time feedback about posture and help reduce the risk of
injury and promote overall long-term musculoskeletal health. Such a system can also
be useful for ergonomists and safety managers in providing objective data for workplace
assessments and interventions.

6.1.2 Scientific Implications

This research demonstrates that low-cost IMU sensors and machine learning can be used
to classify the posture of the trunk accurately in real time. The work confirms that simple
sensor setups can provide objective, data-driven measures of ergonomic risk without the
need for costly equipment.

In line with existing posture risk standards, the approach offers a science-based method for
measuring movement in difficult work conditions. It benefits occupational health through
early detection of harmful postures, thus averting injuries and strain. The results justify
the wearable technology’s place in promoting healthier and safer working conditions.

6.2 Further Research

Future research would include applying the ergonomic risk classification model to real,
real-time, field-based operational forestry. Even though this research only tested the
model with pre-recorded IMU data, real-time applications would enable the system to
recognize and classify postures as they occur. A key step would be to pair the model with
a mobile phone application that provides the user with real-time feedback as thresholds
of posture (e.g., trunk flexion > 45°) are met. For example, the application could vibrate,
emit a beep, or provide a warning on screen when high-risk postures are achieved.

In addition to real-time feedback, the system can also accumulate daily posture data
and provide customizable ergonomic feedback at the end of the shift. This could in-
clude analytics of total time spent in each risk zone, weekly trends, and personalized
recommendations for posture change or rest breaks.

Scaling the IMU dataset to a greater number of movements, diverse worker profiles (age,
fitness, experience), and varied environmental conditions (slope terrain, extreme temper-
atures) would improve generalizability of the model. Incorporating additional biosensors,
such as electromyography (EMG), would help quantify muscle activation levels and fa-
tigue and improve risk assessment.

Furthermore, integration of reinforcement learning techniques would enable the system
to learn and adapt to individual workers over time. From a user’s history of movement
patterns and posture habits, the model could modify its thresholds and feedback to better
support personal ergonomics. Personalized ergonomic advice in the form of wearable
devices and real-time software is a promising direction for mitigating the risk of injury in
forest and other high-risk occupations.
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