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Abstract

Accurate assessment of posture is important in rehabilitation-related applications,
where abnormal body alignment may contribute to musculoskeletal discomfort, al-
tered movement patterns, and reduced functional performance. Inertial Measure-
ment Units (IMUs) provide a portable and low-cost alternative to laboratory-based
motion capture systems for posture monitoring.

This thesis investigated the accuracy and reliability of IMU-based posture estima-
tion using Movella DOT sensors, with a Qualisys optical motion capture (MoCap)
system used as the reference measurement. Four sagittal posture variables were eval-
uated: pelvic tilt, thorax tilt, thorax—pelvis relative alignment, and forward head
posture (FHP). The influence of breathing on thorax-mounted IMU measurements
was investigated, and the feasibility of IMU-based respiration monitoring was also
explored.

The results demonstrated good agreement between IMU-based posture estimates
and the MoCap reference for pelvic tilt, thorax tilt, and thorax—pelvis alignment,
with mean RMSE values of 0.86°, 1.65°, and 1.82°, respectively, and ICC values
above 0.96 for all three variables. Forward head posture showed lower agreement
and greater inter-subject variability. The comparison between Euler-angle—based
and quaternion-based methods revealed only minor differences under the evaluated
posture conditions. Deep breathing introduced visible oscillations and increased
variability in thorax-mounted IMU signals, although overall IMU-MoCap agree-
ment remained high. IMU-based respiration monitoring demonstrated moderate to
strong agreement with a respiratory belt reference during deep breathing, but lower
reliability during normal breathing.

Overall, the findings indicate that IMU-based sagittal posture estimation is feasible
for rehabilitation-related posture monitoring, particularly for pelvic and thoracic
measurements.

Keywords: IMU, Motion capture, rehabilitation, respiratory motion, wearable sens-
ing
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

EKF Extended Kalman Filter

FHP Forward Head Posture

ICC Intraclass Correlation Coefficient
IMU Inertial Measurement Unit
MEMS Micro-Electromechanical Systems
MoCap Motion Capture

RMSE Root Mean Square Error

SD Standard Deviation

STMA Soft-Tissue Motion Artefact
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Nomenclature

Below is the nomenclature of mathematical symbols used throughout this thesis.

0 Sagittal tilt angle

Op Pelvic tilt angle

Or Thorax tilt angle

Orp Thorax—pelvis relative alignment
Orup Forward head posture angle

O Head tilt angle

Ocr Cervical segment tilt angle

R Rotation matrix

q Quaternion

Qrel Relative quaternion between chest and back sensors
r Pearson correlation coefficient
R? Coefficient of determination

s Sign correction factor

N Number of valid samples
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1

Introduction

1.1 Background

In modern daily life and working environments, musculoskeletal disorders are be-
coming increasingly common, particularly among individuals engaged in prolonged
sitting or screen-based activities [1]. These conditions are often driven by poor
postural habits and accompanied by muscular fatigue and reduced movement effi-
ciency [2, 3]. Rehabilitation training is widely used to manage such disorders, with
the aim of reducing pain, improving movement function, and supporting physical
recovery [4, 5].

In rehabilitation-related settings, posture assessment is an important component be-
cause it provides information about body alignment, movement quality, and recov-
ery progress [6]. From a biomechanical perspective, sagittal alignment of the pelvis,
thorax, and cervical region is important for maintaining spinal curvature, balance
control, and effective load transfer along the body axis [7]. Altered pelvic tilt, ex-
cessive thoracic inclination, and forward head posture may change the mechanical
relationship between body segments and influence movement coordination [8, 9.
These parameters have each been associated with specific clinical consequences: an-
terior pelvic tilt with low back pain [10], excessive thoracic kyphosis with reduced
respiratory function and shoulder impingement [11], and forward head posture with
neck pain and cervical muscle dysfunction [12, 13]. Therefore, objective and reliable
quantification of sagittal posture is essential for consistent rehabilitation evaluation
and clinical decision-making.

However, the population requiring posture-related rehabilitation services has grown
rapidly, while the number of professional therapists and institutions remains lim-
ited [14]. Traditional assessment methods based on clinical experience and manual
measurements are often cumbersome, suffer from limited accuracy, and hinder long-
term data management [15, 16]. Consequently, there is a strong need for objective
and efficient posture monitoring technologies.

1.2 Related Work and Research Gap

Various methods have been developed for clinical and laboratory-based posture as-
sessment, each with distinct advantages and limitations.

Visual inspection by physiotherapists or clinicians remains the most common method
for posture assessment in routine clinical practice [17]. It requires no specialised
equipment and can be performed rapidly in clinical settings. However, visual in-
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spection is subjective and highly dependent on clinician experience, leading to sig-
nificant intra- and inter-rater variability [15]. In addition, visual inspection does
not provide quantitative results, which limits its use for long-term monitoring and
documentation in rehabilitation.

Radiographic techniques, including standard X-ray and computed tomography (CT),
are considered reference standards for assessing spinal curvature and segmental
alignment [18]. Parameters such as lumbar lordosis, thoracic kyphosis, and sacral
slope can be measured with high accuracy from lateral radiographs. However, ra-
diation exposure, high cost, and the requirement for specialised facilities restrict
their use to specific diagnostic contexts and prevent their application for routine or
repeated posture monitoring during rehabilitation [18].

Optical motion capture (MoCap) systems using retroreflective markers and high-
speed infrared cameras represent a laboratory gold standard for measuring body-
segment kinematics [19]. These systems can provide sub-millimetre spatial resolution
and high temporal accuracy, enabling detailed analysis of dynamic movement pat-
terns. However, MoCap systems require expensive infrastructure, dedicated labora-
tory space, time-consuming marker placement, and technically skilled operators [19].
These constraints make MoCap impractical for routine clinical use and long-term
rehabilitation monitoring outside controlled research environments.

Inertial Measurement Units (IMUs) have emerged as a practical alternative for pos-
ture monitoring in both laboratory and real-world settings. IMUs are portable, low-
cost, and capable of continuous measurement without line-of-sight constraints [20].
Due to their small size, wireless capability, and suitability for wearable applications,
IMUs have been increasingly used in human motion analysis, rehabilitation mon-
itoring, and posture estimation [21, 22]. Seel et al. used IMUs to estimate joint
flexion and extension angles, reporting an RMSE of less than 1° [23]. Zheng et al.
developed a lower-limb kinematic model using IMUs for real-time full-body motion
capture [24]. Paloschi et al. validated a wearable posture monitoring system based
on magneto-inertial measurement units positioned along the spine to estimate tho-
racic kyphosis and lumbar lordosis [25]. Lee et al. investigated two commercially
available IMU systems for upper-body posture monitoring during prolonged com-
puter use [26]. A three-module IMU system was used to monitor spinal curvature
changes during trunk movements, with root mean squared differences below 3.1° in
the sagittal plane [27]. However, many studies focused on specific joints, selected
spinal curvatures, or particular movement tasks, and few have provided a systematic
evaluation across multiple sagittal posture variables simultaneously.

Despite the growing body of IMU-based posture research, several gaps remain. A
systematic evaluation covering pelvic tilt, thorax tilt, thorax—pelvis alignment, and
forward head posture, validated against a laboratory-grade MoCap reference system,
is still lacking. Furthermore, the influence of breathing on IMU measurements has
received limited attention, and the feasibility of using IMU signals for respiration
monitoring has not been fully explored. Therefore, this thesis evaluates the accu-
racy and reliability of IMU-based sagittal posture estimation across these variables,
examines how breathing affects thorax-mounted IMU measurements, and explores
the feasibility of IMU-based respiration monitoring.
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1.3 Aim and Research Objectives

1.3.1 Aim

The aim of this thesis is to develop and evaluate a reliable IMU-based method for
sagittal posture assessment in rehabilitation-related applications.

« Quantify sagittal alignment parameters using IMUs, including pelvic tilt, tho-
rax tilt, thorax—pelvis relative alignment, and forward head posture (FHP), to
characterize multi-segment postural alignment.

o Compare Euler-angle-based and quaternion-based posture estimation methods
and evaluate their influence on measurement stability and accuracy.

o Investigate the influence of respiratory movement on IMU-based posture esti-
mation.

o Explore the feasibility of using IMU signals for respiration monitoring.

1.3.2 Research Questions

The main research question of this thesis is:
How accurately and reliably can IMU-based systems quantify multi-
segment sagittal posture across different posture tasks?
This question is investigated through the following sub-questions:
» How accurate and reliable is IMU-based estimation of sagittal alignment when
evaluated using quantitative metrics such as RMSE, R?, and ICC?
o How do different orientation estimation methods, including Euler-angle-based
and quaternion-based approaches, influence posture estimation performance?
o How do respiratory movement influence the accuracy and repeatability of IMU-
based posture estimation?
« Is it feasible to extract respiration-related information from IMU posture sig-
nals?

1.4 Scope and Limitations

This thesis focuses on the accuracy, reliability, and robustness of IMU-based sagit-
tal posture estimation methods under experimental conditions. Several limitations
should be noted from the outset.

First, the study included only four healthy adult participants. This small sample
size limits the statistical power of the findings and the generalisability of the results
to broader populations.

Second, all data processing was performed off-line after data collection. Real-time
implementation of the proposed methods was not evaluated in this work.

Third, the study was restricted to healthy subjects under controlled laboratory
conditions. The applicability of the methods to clinical rehabilitation populations
with musculoskeletal conditions remains to be established.

Fourth, only sagittal-plane posture variables were evaluated. Multi-planar posture
assessment was not addressed.
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Finally, this thesis does not provide clinical interpretation of the results. The findings
are evaluated in terms of measurement accuracy and agreement with a reference
system, but no clinical conclusions regarding rehabilitation outcomes are drawn.

1.5 Thesis Structure

Chapter 2 presents the theoretical background related to sagittal posture biome-
chanics, IMU sensor principles, orientation estimation, and respiratory effects on
IMU measurements.

Chapter 3 describes the experimental methods and is divided into two parts. Part
A focuses on IMU-based sagittal posture estimation, including posture tasks, signal
processing, and evaluation methods. Part B presents the experimental setup and
processing methods for exploratory IMU-based respiration monitoring.

Chapter 4 presents the corresponding experimental results. Part A reports the
accuracy and reliability of sagittal posture estimation, comparison of orientation
estimation methods, and the influence of respiratory motion. Part B presents the
results of the respiration monitoring feasibility analysis.

Chapter 5 discusses the findings, implications, and limitations of both parts of the
study, followed by conclusions and suggestions for future work.



2

Theory

This chapter describes the theoretical background underlying the IMU-based pos-
ture estimation methods used in this thesis. It covers the working principles of
IMU sensors, sensor fusion using the Kalman filter, and orientation representation
methods including Euler angles and quaternions.

2.1 IMU Sensor Principles

An inertial measurement unit (IMU) typically integrates three types of micro elec-
tromechanical sensors (MEMS): a three-axis accelerometer, a three-axis gyroscope,
and optionally a three-axis magnetometer [28]. Each sensor measures a different
physical quantity and contributes complementary information to the overall orien-
tation estimate.

2.1.1 Accelerometer

An accelerometer measures the specific force acting on the sensor, which includes
both linear acceleration and the gravitational component. For a sensor at rest, the
measured output reflects the direction of gravity:

Ameas — Alinear — 8 (21)

where ajj,ear is the linear acceleration of the sensor and g is the gravitational acceler-
ation vector. All vectors in this equation are expressed in the same coordinate frame.
When the sensor is stationary, aj,ear &~ 0, and the measured output directly reflects
the direction of gravity. This allows the accelerometer to estimate the inclination of
the sensor relative to the vertical:

0,cc = arctan <ay> (2.2)
aZ

where a, and a, are two orthogonal accelerometer components in the sensor coor-
dinate frame. However, during dynamic motion, linear accelerations corrupt the
inclination estimate [28].

2.1.2 Gyroscope

A gyroscope measures angular velocity w about the sensor axes. The orientation
change over time can be estimated by integrating the angular velocity:
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t
0(t) =0(ty) + | w(r)dr (2.3)
to
Gyroscopes provide accurate short-term orientation tracking and are not affected
by linear accelerations. However, integration of noise over time leads to a gradual
accumulation of error known as gyroscope drift. This makes the orientation estimate
to diverge from the true value over time [29].

2.1.3 Magnetometer

A magnetometer measures the local magnetic field vector, which provides a refer-
ence for heading estimation relative to magnetic north. It can correct for gyroscope
drift in the heading direction. However, magnetometer measurements are sensitive
to disturbances from nearby ferromagnetic materials or electrical equipment [29]. In
this thesis, the magnetometer was disabled due to magnetic disturbances in the ex-
perimental environment, and a sensor fusion approach using only the accelerometer
and gyroscope was used instead.

2.2 Sensor Fusion and the Kalman Filter

Each individual sensor has limitations: the accelerometer is corrupted by dynamic
accelerations, the gyroscope suffers from drift, and the magnetometer is sensitive
to magnetic disturbances. Sensor fusion algorithms combine the complementary
strengths of multiple sensors to produce a more accurate and stable orientation
estimate [30].

Several sensor fusion algorithms have been proposed for IMU-based orientation es-
timation.

The complementary filter splits sensor signals by frequency, using high-frequency
gyroscope data for short-term tracking and low-frequency accelerometer data to
correct drift [30]. This approach is computationally simple and easy to implement,
making it suitable for real-time applications on low-power hardware. However, it
relies on a fixed tuning parameter to balance the two sensor sources, which may not
perform consistently across different motion conditions [30].

The Madgwick filter uses a gradient descent optimisation approach to fuse ac-
celerometer, gyroscope, and optionally magnetometer data [31]. It is computa-
tionally efficient and suitable for real-time implementation. The filter includes a
single gain parameter that controls the correction rate, making parameter tuning
relatively straightforward. However, it assumes that accelerometer measurements
primarily reflect gravity, and its performance may degrade during highly dynamic
movements where linear accelerations are significant [31].

The extended Kalman filter (EKF) provides an optimal recursive estimator under
Gaussian noise assumptions [32]. It explicitly models the noise characteristics of
each sensor and dynamically adjusts the weighting between sensors according to the
estimated uncertainty. Compared with simpler filters, the EKF generally provides
greater robustness under varying motion conditions. [32].

6
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The Movella DOT sensors used in this thesis employ an EKF-based algorithm called
XKFCore embedded in the device firmware. The algorithm operates internally at
800 Hz and outputs orientation data at 60 Hz.

The EKF operates as a recursive estimator that maintains an estimate of the system
state and updates it as new sensor measurements arrive. The filter consists of two
steps: prediction and update.

The following equations describe the general prediction and update steps of a discrete
Kalman filter [33].

Prediction step: The orientation state X is predicted forward in time using the
gyroscope measurements:

Kpk—1 = FrXp_1jp—1 (2.4)

Pue—1 = FiPiipiFy + Qu (2.5)

where F}, is the state transition matrix derived from the gyroscope angular velocity,
P is the state covariance matrix, and Q. is the process noise covariance representing
gyroscope noise and drift.

Update step: The predicted state is corrected using the accelerometer measure-
ments:

1
Ky = Py H| (HPrp_iH + Ry) (2.6)
Xije = Xpp—1 + Ki (Zk - Hk&k\kfl) (2.7)

where K, is the Kalman gain, z;, is the measurement vector from the accelerometer,
H, is the measurement matrix, and R; is the measurement noise covariance.

The Kalman gain K;, determines how much weight is given to the new measurement
versus the prediction. In general, when the sensor is stationary, the filter relies more
on the accelerometer to correct gyroscope drift. When the sensor is moving rapidly,
the filter relies more on the gyroscope prediction. In this way, the filter continuously
balances the strengths of each sensor to produce a stable orientation estimate [32].

2.3 Orientation Representation

The orientation of a body segment estimated by an IMU can be represented in
different mathematical forms. Two common representations are Euler angles and
quaternions.

2.3.1 Euler Angles

Euler angles describe orientation as three successive rotations about defined axes,
typically reported as roll (¢), pitch (6), and yaw (v) [34]:
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R = R.({) Ry (0) R.(¢) (2.9)

where R,, Ry, R, are elementary rotation matrices about each axis. Euler angles
are intuitive and easy to interpret clinically, as they correspond to anatomically
meaningful rotation axes such as flexion—extension and lateral bending. However,

yaw

longitudinal

axis

lateral
axis

vertical
axis

Figure 2.1: Tllustration of roll, pitch, and yaw rotations. Adapted from [35].

Euler angles suffer from a singularity condition known as gimbal lock, which occurs
when two rotation axes become aligned, causing a loss of one degree of freedom and
numerical instability [34]. This is most likely to occur during large or multi-planar
movements.

2.3.2 Quaternions

A unit quaternion represents orientation using a four-component vector:

q=w+ri+yj+zk, withw?+a?+9y>+22=1 (2.10)

where w is the scalar part and x, y, z form the vector part. A quaternion can also
be written in terms of a rotation axis n and rotation angle a:
«

q = cos —i—sin%(nxi—i—nyj + n,k) (2.11)

Quaternions are free from gimbal lock singularities and provide numerically stable
orientation tracking [36]. Sensor fusion algorithms such as the EKF and Madgwick
filter natively operate in quaternion space [31].

8
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A quaternion can be converted to a 3 x 3 rotation matrix using the standard
quaternion-to-rotation-matrix relationship [37]:

1—2(y*+2%)  2(zy — w2) 2(xz +wy)
R=| 2ay+wz) 1-22*>+2% 2(yz—wz) (2.12)
2(xz — wy) 2(yz +wz) 1 —2(z*+y?)
This rotation matrix describes the orientation of the sensor frame relative to the
global frame.
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3

Methods

This chapter describes the experimental methods used in this thesis. It is divided
into two parts. Part A investigates the accuracy and reliability of IMU-based sagittal
posture estimation across multiple body segments, using a Qualisys MoCap system
as the ground truth. Part B investigates the feasibility of IMU-based respiration
monitoring using relative thoracic orientation.

The two parts are closely related. Breathing produces rhythmic thoracic motion
that introduces low-frequency oscillations into IMU-derived orientation signals [38],
particularly for sensors placed on the thorax. This raises two questions: first, how
does breathing affect the accuracy of thorax-mounted IMU posture measurements;
and second, can this breathing-induced thoracic motion be exploited as a respiration
monitoring signal. Part A addresses the first question, and Part B addresses the
second.

3.1 Part A: IMU-Based Sagittal Posture Estima-
tion

3.1.1 Participants

Four healthy adults participated in this study (two males and two females). All
participants completed repeated posture measurement trials under different exper-
imental conditions. The experiments focused on sagittal-plane posture assessment
during static standing and controlled posture tasks. Before data collection, all par-
ticipants were informed about the experimental procedures.

3.1.2 Experimental Setup

The experiments were conducted using Movella DOT inertial measurement units
(IMUs) and a Qualisys optical motion capture (MoCap) system as the reference.
The Movella DOT IMUs integrate a triaxial accelerometer, gyroscope, and mag-
netometer. However, only the accelerometer and gyroscope data were used in this
study, to avoid magnetic disturbances in the experimental environment. Orien-
tation estimates were computed using a six-axis Kalman-filter—based sensor fusion
algorithm embedded in the device. IMU data were collected using the Movella DOT
mobile application and exported in quaternion format at a sampling rate of 60 Hz
for post-processing.

11
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A Qualisys optical motion capture system was used as the reference measurement
system for posture validation. The MoCap system provided reference segment ori-
entations for comparison with the IMU-based estimates. Both systems operated at
a sampling rate of 60 Hz.

Temporal synchronisation between the IMU and MoCap systems was achieved dur-
ing post-processing using a cross-correlation—based alignment procedure.

3.1.3 Sensor Placement and Calibration

IMUs were attached to the body using elastic fixation straps to minimise sensor
movement relative to the skin surface. Sensors were positioned at the following
anatomical locations:

 Sacral region (approximately S1) for pelvic motion measurement

o Mid-sternum region for thorax motion measurement

o C7/T1 region for cervical posture measurement

« Forehead (frontal region) for head posture measurement

o Upper back region for thoracic respiratory motion measurement
For MoCap-based reference measurements, pairs of retroreflective markers were
placed directly above and below each IMU attachment site, along the longitudi-
nal axis of the corresponding body segment. This arrangement ensured that both
the IMU and MoCap markers were subject to the same soft-tissue motion during
measurement. Segment longitudinal vectors were computed as the vector from the
inferior to the superior marker, pointing upward along the segment axis.
Figure 3.1 shows the sensor and marker placement used in this study.

Head

C7/Neck

Sternum/Chest

Back

Sacrum/Pelvis

Figure 3.1: Sensor and marker placement on the participant.

Before each recording session, participants performed a static neutral standing cal-
ibration. During calibration, participants stood upright with arms relaxed at the
sides and gaze directed forward. The mean sensor orientation during the first five
seconds of the static calibration interval was used as the neutral reference posture
for subsequent angle calculations.
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3.1.4 Orientation Estimation

Figure 3.2: Local coordinate system of the Xsens IMU sensor.

Sagittal plane Zglnbal

Coronal plane

Transverse plane

Xglobal

Figure 3.3: Anatomical planes of the human body.

Each sensor was mounted with its xz-axis pointing upward along the body segment,
the z-axis pointing in the anterior—posterior direction, and the y-axis pointing lat-
erally (Figure 3.2). The global frame was defined with Zgoba pointing vertically
upward, Xgoba pointing anteriorly, and Ygiona pointing to the right (Figure 3.3),
such that the sensor z-axis aligned with the global vertical direction during neutral
standing.

3.1.4.1 Quaternion-Based Tilt Computation

The sagittal tilt angle 6 was defined as the angle between the sensor x-axis and the
global vertical axis Zgjopal (Figure 3.4). The orientation of the sensor z-axis in the
global frame was first obtained from the quaternion-derived rotation matrix. Here,
R(t) was computed from the sensor quaternion at time ¢ using the quaternion-to-
rotation-matrix relationship described in Equation 2.12:

ngbal(t) = R(t) éx (31)
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Figure 3.4: Quaternion-based sagittal tilt definition

where &, = [1,0,0]" is the unit vector of the sensor z-axis. The sagittal tilt angle
was then computed from the anterior-posterior component of Xgiopai:

O™V (t) = arcsin (zan (1)) - s (3.2)

where z,,(t) denotes the component of Xgiohai(t) along the anterior-posterior global
axis. In the coordinate system used in this thesis, this corresponds to the Xgiopal
component. The factor s € {—1,+1} is a sign correction factor used to compensate
for the reversed mounting orientation between anteriorly and posteriorly mounted
Sensors.

3.1.4.2 Euler-Angle-Based Tilt Estimation

Sagittal tilt was estimated using the Euler-angle output (X, Y, Z) recorded directly
from the Movella DOT app. In this thesis, Y(¢) and Z(t) denote the Y- and Z-
components of the Euler-angle output at time ¢, expressed in degrees.

This Euler-angle-based method was based on the observed output characteristics of
the Movella DOT app under the sensor mounting configuration used in this study.
When the sensor was mounted upright, with its local x-axis aligned approximately
with the vertical body-segment direction, the app-reported Y-component was ap-
proximately —90°. When the sensor was tilted forward or backward towards a more
horizontal orientation, the absolute value of the Y-component decreased towards 0°.
Therefore, the term 90° — |Y(¢)| was used to represent the magnitude of sagittal tilt
away from the upright orientation.

The sign of the Z-component was used to determine the direction of tilt. In the eval-
uated posture range, positive and negative values of Z(t) corresponded to opposite
sagittal tilt directions. A sensor-specific sign correction factor was then applied to
account for differences in mounting orientation between anteriorly and posteriorly
placed sensors.

Figure 3.5 illustrates the sagittal tilt angle definition used in this thesis. The angle ¢
shown in the figure represents the sagittal tilt angle estimated from the Euler-angle
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output, not the Y-component itself.

Forward 0° Backward
30° -30°

90° < > -90°

Figure 3.5: Schematic diagram of sagittal tilt angle definition. The angle 8 repre-
sents the sagittal tilt angle relative to the upright orientation.

Based on this empirical relationship, the Euler-angle-based sagittal tilt was com-
puted as:
Opuler (1) = (90° — |Y'(2)|) - sign(Z(t)) - s (3.3)

where Y'(t) and Z(t) are the Y- and Z-components of the Euler-angle output from
the Movella DOT app at time ¢, and s € {—1, 41} is a sensor-specific sign correction
factor used to compensate for reversed sensor mounting orientations.

3.1.5 Posture Variables

Prior to comparative analysis, all signals were zeroed by subtracting the mean value
of a static standing period at the beginning of each trial. This step was applied to
remove the systematic offset between the MoCap and IMU systems, so that the two
signals could be compared on the same baseline.

3.1.5.1 Pelvic Tilt

Pelvic tilt was defined as the absolute sagittal-plane orientation of the pelvic seg-
ment. Positive values represented anterior pelvic tilt, while negative values repre-
sented posterior pelvic tilt. For MoCap-based estimation, pelvic tilt was computed
as:

Op(t) = atan2(vp,(t), vp.(t))

where vp, and vp. denote the anterior-posterior and vertical components of the
pelvic longitudinal vector, respectively.

3.1.5.2 Thorax Tilt

Thorax tilt was defined as the absolute sagittal-plane orientation of the thoracic
segment. Positive values represented forward thoracic inclination. For MoCap-based
estimation, thorax tilt was computed as:

Or(t) = atan2(vr,(t), vr.(t))
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where vy, and vy, denote the anterior-posterior and vertical components of the
thoracic longitudinal vector, respectively.

3.1.5.3 Thorax—Pelvis Relative Alignment

Thorax—pelvis relative alignment was calculated as the angular difference between
thorax tilt and pelvic tilt:

Orp(t) = Or(t) — Op(t)

where 07(t) represents thorax tilt and @p(t) represents pelvic tilt at time ¢.

3.1.5.4 Forward Head Posture (FHP)

Forward head posture (FHP) was quantified as the relative sagittal orientation be-
tween the head segment and the cervical segment (C7):

Opnp(t) = 0 (t) — Ocr(t)

where 0 (t) represents head tilt and 6¢7(t) represents cervical segment tilt at time
t.

3.1.6 Experimental Protocol

3.1.6.1 Static Posture Tasks

Each participant performed a series of controlled sagittal-plane posture tasks during
standing. The following posture conditions were included:

o Neutral standing

o Anterior pelvic tilt

e Posterior pelvic tilt

o Forward thorax inclination

o Backward thorax inclination

» Forward head posture (FHP)
A schematic illustration of the posture tasks is shown in Figure 3.6.
The posture tasks were divided into three trials for each participant. Each trial was
recorded as one continuous data segment. The thorax trial included two repetitions
of forward thorax inclination followed by two repetitions of backward thorax incli-
nation. The pelvis trial included two repetitions of anterior pelvic tilt followed by
two repetitions of posterior pelvic tilt. The FHP trial included two repetitions of
forward head posture.

3.1.6.2 Breathing Conditions

To investigate the influence of respiratory motion on thorax-related posture estima-
tion, an additional breathing trial was conducted during the forward thorax incli-
nation task. This posture was selected because respiratory motion was expected to
mainly affect thorax-mounted IMU measurements.
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(a) Neutral standing (b) Anterior pelvic tilt (c) Posterior pelvic tilt

(d) Forward thorax incli- (e) Backward thorax in- (f) Forward head posture
nation clination (FHP)

Figure 3.6: Six posture conditions evaluated in this study.

During this trial, participants were instructed to perform deep breathing while main-
taining a forward thorax inclination posture. All four participants completed one
additional breathing trial. For each participant, this trial consisted of two repeti-
tions of forward thorax inclination with deep breathing, recorded as one continuous
segment. These data were used to evaluate whether respiratory motion introduced
additional variability or oscillatory disturbances into the thorax tilt estimates.

3.1.7 Data Processing

All IMU and MoCap signals were processed offline using MATLAB (MathWorks,
Natick, MA, USA). The processing pipeline included temporal synchronisation, gap
filling, filtering, signal interpolation, and quantitative comparison between IMU-
based estimates and MoCap reference signals.

3.1.7.1 Temporal Synchronisation

Since the IMU and MoCap systems were not hardware-triggered, temporal synchro-
nisation was achieved in post-processing using a cross-correlation—based alignment
procedure. Both signals were first interpolated onto a common time base derived
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from the MoCap sampling interval. Mean subtraction was applied prior to cross-
correlation to remove DC offsets. The normalised cross-correlation between the IMU
and MoCap reference signals was computed over a maximum lag window of five sec-
onds, and the lag corresponding to the peak correlation coefficient was identified.
The optimal time shift was then applied to the full IMU time axis before subsequent
comparison.

3.1.7.2 Gap Filling and Filtering

Short gaps in MoCap marker trajectories (up to 10 consecutive frames) were filled
using linear interpolation prior to filtering. MoCap posture signals were filtered
using a fourth-order zero-phase Butterworth low-pass filter with a cutoff frequency
of 3Hz. IMU quaternion-derived tilt signals were smoothed using a Savitzky—Golay
filter (polynomial order 3, frame length 11 samples). Both filters were applied to
attenuate high-frequency noise and soft-tissue motion artefacts.

3.1.7.3 Signal Alignment and Interpolation

Following temporal synchronisation, IMU signals were interpolated onto the MoCap
time axis using linear interpolation to enable sample-by-sample comparison. Only
time points with valid (non-NaN) samples in both signals were included in the
quantitative evaluation.

3.1.8 Evaluation Metrics

The performance of the IMU-based posture estimation system was evaluated in
terms of accuracy and repeatability using the following quantitative metrics.

3.1.8.1 Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) was used to quantify the magnitude of the differ-
ence between IMU-based posture estimates and the MoCap reference:

1 N
RMSE = | — 3~ (0™MU(k) — gMoCap(f))?
Ni=
where N denotes the total number of valid samples.

3.1.8.2 Coefficient of Determination (R?)

The coefficient of determination (R?) was computed as the squared Pearson corre-
lation coefficient between the IMU and MoCap signals:

2

22\121 (91MU<k) _ QITU) (QMOCap(k) _ m)

Vs (e -y i (peon — )

Higher R? values indicate stronger linear agreement between the two measurement
systems.

R2
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3.1.8.3 Intraclass Correlation Coefficient (ICC)

Intraclass correlation coefficient (ICC(3,1): two-way mixed effects, consistency, sin-
gle measurement) was used to evaluate measurement repeatability across repeated
trials [39]. The ICC was computed as:

 MSr—MSg
1CCG3.1) = MSg+ (k—1) MSg

where M Sg is the mean square for rows, representing variability between the eval-
uated samples, M Sg is the residual mean square error, and £ is the number of
measurement methods. In this study, & = 2, corresponding to the IMU-based es-
timate and the MoCap reference. The mean square terms were obtained from the
two-way ANOVA table used for the ICC(3,1) calculation. ICC values below 0.50
were considered poor, values between 0.50 and 0.75 moderate, values between 0.75
and 0.90 good, and values above 0.90 excellent [39].

3.2 Part B: IMU-Based Respiration Monitoring

3.2.1 Participants

Three participants from Part A (one male and two females) took part in the respi-
ration monitoring experiment.

3.2.2 Experimental Setup

The experiment was conducted using two Movella DOT IMUs and a BioSignalsPlux
respiratory belt (Plux Wireless Biosignals) as the reference. IMU data were recorded
at 60 Hz using the Movella DOT mobile application and exported in quaternion
format for post-processing. The belt signal was sampled at 20 Hz and exported via
the OpenSignals software platform. Participants performed the experiment in both
standing and sitting positions, under two breathing conditions: normal breathing
and deep breathing. Each condition was repeated twice per participant per position.

3.2.3 Sensor Placement

Two Movella DOT IMUs were positioned on the anterior (chest) and posterior (back)
thoracic surface at the same height, aligned horizontally at mid-thorax level.Both
IMUs were attached directly onto the BioSignalsPlux respiratory belt, which was
secured around the participant’s thorax. This placement ensured that the IMUs and
the respiratory belt moved together during breathing.
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(a) Front view (b) Side view (c) Back view

Figure 3.7: Sensor placement for respiratory monitoring. Two Movella DOT IMUs
were attached to the anterior and posterior thoracic surface, aligned with the BioSig-
nalsPlux respiratory belt.

3.2.4 Reference Respiratory Signal

The BioSignalsPlux respiratory belt was used as the reference measurement for
respiratory monitoring validation. The belt records thoracic circumference changes
associated with breathing effort. Prior to analysis, the belt signal was baseline-
corrected by mean subtraction and linear detrending, then filtered using a second-
order zero-phase Butterworth bandpass filter with a passband of 0.1-0.6 Hz to isolate
the respiratory frequency range. Additional smoothing was applied using a Savitzky—
Golay filter (polynomial order 3, frame length 11 samples).

3.2.5 IMU-Based Respiratory Signal Extraction

The IMU-based respiratory signal was derived from the relative orientation between
the chest and back IMUs. For each IMU, quaternion data were recorded at 60 Hz
and preprocessed using quaternion normalisation and continuity enforcement. A
quaternion sign correction (quatFlipZ) was applied to the back sensor to align its
coordinate frame with that of the chest sensor.

The relative orientation between the two sensors was computed in quaternion space
as:

qrel(t> = ql:alck(t) X qchest(t)

where qj., denotes the quaternion conjugate of the back sensor orientation. This
relative quaternion represents the chest rotation relative to the back. It captures
thoracic expansion during breathing while reducing movement artefacts common to
both sensors.

The relative quaternion was converted to Euler angles using an XYZ rotation se-
quence. Based on the sensor mounting orientation (local z-axis aligned with the
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body longitudinal axis, y-axis lateral, z-axis anterior—posterior), rotation about
the y-axis was identified as the primary breathing axis, corresponding to anterior—
posterior thoracic expansion. The respiratory signal was therefore extracted as the
y-axis Fuler angle component of qy.

The extracted signal was then processed with a second-order zero-phase Butterworth
bandpass filter (0.1-0.6 Hz) to isolate the respiratory frequency component, followed
by zero-point correction using a reference window of 5-10s from the beginning of
each trial.

3.2.6 Comparison and Evaluation

Both the IMU-derived and belt-reference respiratory signals were normalised to zero
mean and unit standard deviation prior to comparison. Temporal alignment between
the IMU-derived and belt-reference respiratory signals was achieved using a cross-
correlation—based procedure, consistent with the synchronisation method described
in Section 3.1.7.
The two signals were resampled to a common time axis at 20 Hz using linear inter-
polation. The following metrics were used to evaluate the agreement between the
IMU-based and reference respiratory signals:
« Pearson correlation coefficient (r): to quantify the linear relationship be-
tween the normalised IMU and belt waveforms.
+ Root mean square error (RMSE): to quantify the magnitude of waveform
differences after normalisation.
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Results

This chapter presents the results of both parts of the study. Part A reports the
accuracy and reliability of IMU-based sagittal posture estimation, the comparison
between Euler-angle and quaternion methods, and the influence of deep breathing
on thorax tilt estimation. Part B presents the agreement between IMU-derived and
belt-reference respiratory signals under different breathing and body positions.

4.1 Part A: IMU-Based Sagittal Posture Estima-
tion

4.1.1 Posture Estimation Accuracy

Table 4.1 summarises the accuracy and reliability metrics for each sagittal posture
variable. The metrics were averaged across four participants. Results are reported
as mean + standard deviation.

Table 4.1: Accuracy and reliability of IMU-based sagittal posture estimation com-
pared with the MoCap reference system.

Variable RMSE (deg) R? ICC

Pelvic tilt 0.864 £0.271  0.996 £ 0.004 0.997 £ 0.003
Thorax tilt 1.6501 £0.553 0.974£0.045 0.985 +0.024
Thorax—pelvis alignment  1.815£0.565 0.971 £0.032 0.968 £ 0.038
FHP 2.012£1.446 0.7494+0.281 0.799 £ 0.185

Figure 4.1 shows a representative time-series comparison between IMU-based and
MoCap-based posture estimates for one participant, including pelvic tilt, thorax tilt,
and thorax—pelvis alignment. Time-series plots for all participants are provided in
Appendix A.1.

Overall, pelvic tilt demonstrated the lowest RMSE (0.864 + 0.271°), while FHP
showed the highest RMSE (2.012 4+ 1.446°). ICC values indicated excellent repeata-
bility for pelvic tilt, thorax tilt, and thorax—pelvis alignment (ICC > 0.96), and
good repeatability for FHP (ICC = 0.799 4+ 0.185).

4.1.2 Comparison of Euler-Angle and Quaternion Methods

Figure 4.2 shows the overlay of Euler-angle-based and quaternion-based sagittal tilt
estimates for thorax anterior tilt, thorax posterior tilt, and pelvic tilt. In all cases,
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Figure 4.1: Representative time-series comparison between IMU (dashed red) and
MoCap (solid black) posture estimates for participant SO1.

the two curves were visually indistinguishable throughout the majority of each trial.

Table 4.2 summarises the quantitative differences between the two orientation rep-
resentation methods across the three evaluated posture tasks.

Table 4.2: Quantitative differences between Euler-angle-based and quaternion-
based sagittal tilt estimates.

Posture Task Mean Abs. Diff. (deg) Max Abs. Diff. (deg)
Thorax anterior tilt 0.40 2.92
Thorax posterior tilt 0.07 2.09
Pelvic tilt 0.46 4.95

Mean absolute differences between the two methods were below 0.5° for all evalu-
ated conditions. The smallest difference was observed during thorax posterior tilt
(mean 0.07°), while pelvic tilt showed the largest maximum instantancous difference
(4.95°). These peak differences were transient and occurred primarily during motion
transitions rather than during sustained posture holds.

Overall, the results indicate that Euler-angle-based and quaternion-based orienta-
tion representations produced highly comparable sagittal tilt estimates under the
experimental conditions evaluated. The negligible mean differences suggest that
either method is suitable for quasi-static sagittal posture assessment within the an-
gular ranges tested.
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Figure 4.2: Overlay of Euler-angle-based (solid black) and quaternion-based
(dashed red) sagittal tilt estimates for three body positions. The two curves show
close agreement throughout all trials.

4.1.3 Influence of Deep Breathing on Thorax Tilt Estima-
tion

The influence of deep breathing on thorax tilt estimation was investigated by visual
inspection of IMU and MoCap signal comparisons during deep breathing trials.
Figure 4.3 shows the thorax tilt comparisons for all four participants during deep
breathing while maintaining a forward thorax inclination posture.

‘Thorax it comparison (RMSE = 2.63 deg, ICC = 0.993) - Thorax tiit comparison (RMSE = 1.76 deg, ICC = 0.997)

(a) SO1 (RMSE = 2.63°, ICC = 0.993)  (b) S02 (RMSE = 1.76°, ICC = 0.997)

‘Thorax tiit comparison (RMSE = 0.55 deg, ICC = 0.998) - ‘Thorax it comparison (RMSE = 1.41 deg, ICC = 0.996)

5 5 40
Time (s) Time (s)

(¢) S03 (RMSE = 0.55°, ICC = 0.998) () S04 (RMSE = 1.41°, ICC = 0.996)

Figure 4.3: Thorax tilt comparison between IMU (dashed red) and MoCap (solid
black) for all four participants during deep breathing.

Across all four participants, periodic oscillations were clearly visible in both IMU
and MoCap thorax tilt signals during deep breathing. These oscillations reflect
the rhythmic thoracic expansion associated with respiratory motion. ICC values
remained high across all participants (range: 0.993-0.998), indicating that overall
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motion tracking agreement was well maintained during deep breathing. However,
RMSE values showed considerable inter-subject variability, ranging from 0.55° (S03)
to 2.63° (S01).

In participants with higher RMSE values (S01, S02), an apparent offset of the IMU
estimate relative to the MoCap reference was observed during the forward inclination
posture. This offset may reflect differences in how the two systems respond to soft-
tissue deformation caused by thoracic expansion. In contrast, S03 showed close
IMU-MoCap agreement with minimal offset.

It should be noted that MoCap markers were positioned directly on the IMU at-
tachment straps. Therefore, both systems were subject to the same respiratory
soft-tissue displacement. The reported RMSE values reflect differences between the
IMU-based estimates and the MoCap marker-based reference, rather than the ab-
solute measurement error of the IMU system relative to true skeletal motion.

4.2 Part B: IMU-Based Respiration Monitoring

Tables 4.3 and 4.4 summarise the agreement between IMU-derived respiratory sig-
nals and the BioSignalsPlux belt reference for three participants under standing and
sitting conditions, respectively.

Table 4.3: Agreement between IMU-derived and belt-reference respiratory signals
during standing across three participants.

Normal Breathing Deep Breathing
Subject Pearson r RMSE Pearson r RMSE

S01 0.579 0.927 0.964 0.308
502 0.582 0.921 0.923 0.424
S03 0.412 1.110 0.803 0.650

Table 4.4: Agreement between IMU-derived and belt-reference respiratory signals
during sitting across three participants.

Normal Breathing  Deep Breathing
Subject Pearson r RMSE Pearson r RMSE

501 0.700 0.757 0.960 0.310
502 0.725 0.755 0.952 0.337
S03 0.406 1.113 0.881 0.496

Across both body positions, deep breathing consistently yielded higher agreement
compared with normal breathing. During deep breathing, Pearson r values ranged
from 0.803 to 0.964 (standing) and from 0.881 to 0.960 (sitting). During normal
breathing, agreement was lower and more variable, with Pearson r ranging from
0.412 to 0.582 (standing) and from 0.406 to 0.725 (sitting). The difference between
standing and sitting was small for most participants. SO1 and S02 showed consis-
tently higher agreement with the belt reference compared with S03, particularly

26



4. Results

during normal breathing, where S03 showed Pearson r of 0.412 (standing) and 0.406
(sitting) compared with values above 0.57 for SO1 and S02.

Figure 4.4 shows the normalised IMU-derived and belt-reference respiratory signals
for participant SO1 under all four conditions.
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(a) Sitting, normal breathing (r = 0.700, (b) Sitting, deep breathing (r = 0.960,
RMSE = 0.757) RMSE = 0.310)
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(c) Standing, normal breathing (r = (d) Standing, deep breathing (r = 0.964,
0.579, RMSE = 0.927) RMSE = 0.308)

Figure 4.4: Comparison between normalised IMU-derived respiratory signal (blue)

and BioSignalsPlux belt reference (dashed red) for participant SO1 under four con-
ditions.
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Discussion

This chapter interprets the findings of the study in relation to the research ques-
tions and discusses their implications. Part A covers the accuracy and reliability
of IMU-based sagittal posture estimation, the comparison between orientation rep-
resentation methods, and the influence of breathing on thorax-mounted IMU mea-
surements. Part B discusses the feasibility of IMU-based respiration monitoring.
General limitations of the study are addressed at the end of the chapter.

5.1 Part A: IMU-Based Sagittal Posture Estima-
tion

5.1.1 IMU-Based Sagittal Posture Estimation Accuracy

The results demonstrated that IMU-based sagittal posture estimation achieved good
to excellent agreement with the MoCap reference across most measurement vari-
ables. Pelvic tilt showed the highest accuracy, with a mean RMSE of 0.864° and
ICC of 0.997, followed by thorax tilt (RMSE = 1.651°, ICC = 0.985) and thorax—
pelvis alignment (RMSE = 1.815°, ICC = 0.968).

The superior accuracy of pelvic tilt estimation is consistent with the anatomical
characteristics of the sacral region. The sacrum has less soft tissue compared with
the thorax, which may reduce movement artefacts in IMU measurements. In con-
trast, the thorax is surrounded by a larger volume of soft tissue and musculature,
and is subject to respiratory motion, both of which may contribute to greater mea-
surement variability.

The thorax-—pelvis alignment showed slightly higher RMSE compared with thorax
tilt alone, which is expected given that this variable is derived from the difference
between two independently measured segment orientations. Since thorax-pelvis
alignment is calculated from two separate IMU measurements, errors from both
sensors are combined, which may result in a larger overall error.

Forward head posture (FHP) demonstrated the lowest accuracy among the four
variables, with a mean RMSE of 2.012° and ICC of 0.799, along with the largest inter-
subject variability (RMSE SD = 1.446°). This finding may be attributed to several
factors. First, the head and cervical region involve smaller movement amplitudes
compared with the pelvis and thorax, making the signal-to-noise ratio lower and
measurement errors proportionally more significant. Second, FHP is calculated from
two sensors: one on the head and one around C7. This means that errors from both
sensors can be added together. Third, considerable inter-subject variability was
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observed, particularly for S03, whose FHP R? value of 0.343 was markedly lower
than the other participants. This outlier result may reflect individual differences in
head movement strategy, cervical muscle tension, or variability in sensor placement
between trials [26].

The RMSE values observed in this study for pelvic tilt, thorax tilt, and thorax—
pelvis alignment were within the low-degree error range reported in previous IMU
validation studies for spinal and trunk motion measurements. For example, Chang
et al. reported RMSE values of 0.86-1.90° for through-range lumbar flexion mea-
surements using DorsaVi IMUs compared with Vicon [40]. This suggests that the
accuracy achieved in the present study is comparable to previous IMU-based mo-
tion analysis research and supports the feasibility of IMU-based sagittal posture
monitoring, particularly for pelvic and thoracic measurements. However, clinical
acceptability should still be interpreted with caution, as acceptable error depends
on the specific posture variable, task, and intended application.

5.1.2 Comparison of Euler-Angle and Quaternion Methods

The comparison between Euler-angle-based and quaternion-based orientation rep-
resentation methods revealed negligible differences in sagittal tilt estimation under
the experimental conditions evaluated. Mean absolute differences between the two
methods were below 0.5° for all posture tasks, with standard deviations below 0.56°.
These results suggest that both methods produce functionally equivalent estimates
for quasi-static sagittal posture assessment within the angular ranges tested.

The theoretical advantages of quaternion-based representations, including the avoid-
ance of gimbal lock singularities and improved numerical stability during large or
rapid rotations [34], did not translate into measurable performance differences under
the current experimental conditions. This is likely because the posture tasks evalu-
ated involved primarily uniplanar sagittal motion within moderate angular ranges,
conditions under which Fuler-angle representations are not expected to exhibit sig-
nificant numerical instability.

The largest instantaneous differences between the two methods were observed dur-
ing rapid motion transitions, with maximum differences reaching up to 4.95° for
pelvic tilt. These transient discrepancies are consistent with the known sensitivity
of Euler-angle representations to rapid multi-axis rotations, during which the se-
quential rotation decomposition may introduce brief numerical artefacts [34]. How-
ever, given that these differences were transient and did not persist during sustained
posture holds, their practical impact on rehabilitation posture assessment is likely
minimal.

From a practical standpoint, Euler-angle-based representations offer the advantage
of direct clinical interpretability, as the computed angles correspond to anatom-
ically meaningful rotation axes. For rehabilitation applications where clinicians
require intuitive angle readouts, Euler-angle methods may therefore be easier to in-
terpret. However, quaternion-based representations are more suitable for numerical
computation, as they avoid gimbal lock and provide a more stable representation of
orientation during continuous rotation. Therefore, although both methods produced
comparable sagittal tilt estimates in the present quasi-static tasks, quaternion-based
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methods may be preferred for algorithm implementation, signal processing, and
applications involving larger angular ranges or more complex multi-planar move-
ments [36].

5.1.3 Influence of Deep Breathing on Thorax Tilt Estima-
tion

Visual inspection of the thorax tilt signals during deep breathing revealed periodic
oscillations in both IMU and MoCap measurements across participants. These os-
cillations are consistent with rhythmic thoracic motion associated with respiration.
Despite these oscillations, ICC values remained high for all participants (range:
0.993-0.998), indicating that the temporal pattern of thorax tilt was consistently
tracked by the IMU system during deep breathing.

The RMSE values during deep breathing showed noticeable inter-subject variabil-
ity, ranging from 0.55° to 2.63°. This variability may be related to differences in
breathing amplitude, thoracic expansion pattern, sensor attachment stability, or
soft-tissue motion around the thorax. Participants with larger respiratory-induced
thoracic motion may produce greater local deformation at the sensor attachment
site, which could increase the difference between IMU-based estimates and the Mo-
Cap marker-based reference. This may explain why S01 and S02 showed higher
RMSE values and more visible offsets between the IMU and MoCap signals during
the sustained forward thorax inclination posture.

These results suggest that deep breathing can introduce visible oscillatory compo-
nents into thorax-mounted IMU signals during posture assessment. Therefore, res-
piratory motion should be considered when interpreting thorax tilt measurements,
particularly when the posture is held for several seconds or when the participant
breathes deeply during the measurement. In rehabilitation-related posture assess-
ment, standardising breathing instructions may help improve measurement consis-
tency, for example by asking participants to breathe normally or to avoid exagger-
ated deep breathing during static posture measurements.

It is important to acknowledge a methodological limitation in this analysis. Since
MoCap markers were placed directly on the IMU attachment straps, both systems
were affected by respiratory soft-tissue displacement at the sensor attachment region.
Consequently, the RMSE values reported here reflect differences between the IMU-
based estimates and the MoCap marker-based reference, rather than the absolute
measurement error of the IMU system relative to true skeletal thorax orientation.

5.2 Part B: IMU-Based Respiration Monitoring

The results demonstrated that IMU-based respiratory signal extraction was feasi-
ble under deep breathing conditions, but showed limited reliability during normal
breathing. During deep breathing, Pearson r values ranged from 0.803 to 0.964
(standing) and from 0.881 to 0.960 (sitting), indicating moderate to strong agree-
ment. During normal breathing, agreement was considerably lower and more vari-
able, with Pearson r ranging from 0.406 to 0.700.
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The superior performance during deep breathing is consistent with the signal pro-
cessing approach employed in this study, which extracted respiratory information
from the relative orientation between anterior and posterior thoracic IMUs. Deep
breathing produces larger thoracic expansion amplitudes, generating a stronger and
more clearly detectable orientation change signal [38]. During normal breathing, the
smaller amplitude of thoracic motion results in a lower signal-to-noise ratio, making
it more difficult to reliably extract the respiratory component [41].

Body position had minimal influence on signal quality, with standing and sitting
results showing similar agreement for most participants. This suggests that the
approach is robust to postural context, which is practically relevant for rehabili-
tation applications where patients may need to be monitored across different pos-
tures. Considerable inter-subject variability was observed, particularly during nor-
mal breathing. This may be explained by differences in individual breathing pat-
terns, including breathing rhythm, amplitude, and the relative contribution of tho-
racic versus abdominal motion. As a result, the respiratory signal captured by the
thorax-mounted IMUs varied between participants, leading to subject-dependent
agreement with the belt reference. [42].

Overall, IMU-based respiration monitoring using relative thoracic orientation is fea-
sible for detecting deep breathing patterns, but may not be sufficiently reliable for
clinical monitoring during normal tidal breathing without further refinement of the
signal extraction approach. Future work could explore adaptive filtering strategies
or machine learning-based approaches to improve respiratory signal extraction under
low-amplitude breathing conditions [42].

5.3 General Limitations

Several limitations of this study should be acknowledged.

First, the sample size was small, with only four participants included in the pos-
ture assessment experiments and three in the respiration monitoring analysis. This
limits the statistical power of the findings and the generalisability of the results to
broader populations. Future studies with larger and more diverse participant sam-
ples, including individuals with musculoskeletal conditions, are needed to validate
the findings in clinically relevant populations.

Second, all participants were healthy young adults, and the experimental tasks were
performed under controlled laboratory conditions. The accuracy and reliability of
IMU-based posture estimation in clinical rehabilitation populations, who may ex-
hibit abnormal movement patterns, muscle weakness, or pain-related compensatory
strategies, remains to be established.

Third, the methodological limitation regarding MoCap marker placement during
breathing trials is discussed in detail in Section 5.1.3.

Fourth, the study evaluated only sagittal-plane posture variables. Multi-planar pos-
ture assessment, including frontal and transverse plane components, may present
additional challenges for IMU-based systems and was not addressed in this work.
Finally, the respiration monitoring analysis was based on a limited number of tri-
als and participants. Future work should include more participants and repeated
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measurements to better evaluate the reliability of IMU-based respiration monitoring
across different breathing patterns and body positions.
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Conclusion

This chapter summarises the main findings of the thesis, outlines the contributions
of the work, and suggests directions for future research.

6.1 Summary of Findings

Part A of this thesis investigated the accuracy, reliability, and robustness of IMU-
based sagittal posture estimation for rehabilitation-related applications. The study
focused on pelvic tilt, thorax tilt, thorax—pelvis relative alignment, and forward
head posture, and additionally evaluated the influence of orientation representation
methods and deep breathing on measurement performance.

IMU-based sagittal posture estimation demonstrated good agreement with the Mo-
Cap reference system across most posture variables. Pelvic tilt achieved the highest
accuracy and repeatability, followed by thorax tilt and thorax—pelvis alignment.
Forward head posture showed lower agreement and greater inter-subject variability
compared with the other posture variables.

The comparison between Euler-angle-based and quaternion-based orientation esti-
mation methods revealed only minor differences under the evaluated experimental
conditions. Both methods produced highly comparable sagittal tilt estimates for
the quasi-static posture tasks investigated in this study.

Deep breathing introduced visible oscillations into thorax-mounted IMU signals.
Despite this effect, overall IMU-MoCap agreement remained high during breathing
tasks.

Part B of this thesis explored the feasibility of IMU-based respiration monitoring
using relative thoracic orientation.

IMU-based respiration monitoring demonstrated moderate to strong agreement with
the respiratory belt reference during deep breathing, but lower and more variable
agreement during normal breathing. These findings suggest that IMU-derived res-
piratory signal extraction is feasible under controlled conditions, although further
development is required for reliable normal-breathing monitoring.

Overall, the findings of this thesis support the feasibility of IMU-based sagittal
posture assessment for rehabilitation-related applications, particularly for pelvic and
thoracic posture monitoring.

6.2 Contributions

The main contributions of this thesis are as follows:
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» Validation of IMU-based sagittal posture estimation against a MoCap refer-
ence system across multiple clinically relevant posture variables.

o Comparison of Euler-angle—based and quaternion-based orientation represen-
tations for sagittal posture assessment.

o Investigation of the influence of respiratory motion on thorax-mounted IMU
posture measurements.

o Exploratory evaluation of IMU-based respiration monitoring using relative
thoracic orientation.

6.3 Future Work

Future work should include larger and more diverse participant groups, including
clinical rehabilitation populations, to further evaluate the robustness and clinical
applicability of IMU-based posture assessment. Additional research is also needed to
improve breathing-related artefact suppression and develop more robust respiratory
signal extraction methods for normal breathing conditions.

Another potential direction is the integration of plantar pressure and foot load distri-
bution measurements with IMU-based sagittal posture assessment. Plantar loading
patterns are closely related to whole-body sagittal alignment and load transfer, and
such integration could provide a more comprehensive assessment framework for re-
habilitation applications.
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Appendix 1

A.1 IMU-Based Posture Estimation Accuracy
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Figure A.1: Time-series comparison between IMU (dashed red) and MoCap (solid
black) posture estimates for participant S02.
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