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Abstract

Home-based rehabilitation often relies on patients performing prescribed exercises
independently, without continuous supervision from a physiotherapist. A digital
solution that can monitor the exercise performance and provide feedback to the
patients would be valuable to improve the follow-ups and support patient empower-
ment. Camera-based markerless pose estimation may provide a practical and low-
cost way to monitor exercise quality in such settings. This thesis investigates the fea-
sibility of using a single RGB camera and MediaPipe Pose for selected rehabilitation-
oriented exercises.

Three exercises were evaluated: single-leg stance, sit-to-stand, and mini-squat. RGB
videos were recorded using an iPhone 13, while reference motion data were col-
lected with a Qualisys optical motion capture system. MediaPipe Pose was used
to extract body landmarks from the videos, and exercise-specific metrics were com-
puted, including trunk orientation, normalized pelvis displacement, squat depth,
movement timing, and knee flexion. To enable comparison with MediaPipe, the
three-dimensional motion-capture data were projected onto corresponding frontal
or sagittal analysis planes before matched metric definitions were applied.

The results show that the MediaPipe-based pipeline could estimate several selected
metrics with small to moderate errors under controlled condition 1 setup which is
camera-to-participant at 3 m with normal room lighting. Trunk-orientation and
normalized displacement metrics were generally more stable than two-dimensional
knee-flexion estimation. The results also showed that performance depended on the
exercise, metric definition, participant, and recording setup. Camera distance and
lighting affected the metrics differently, and repeatability was generally stronger
within the same session than across different days. These findings indicate that
MediaPipe-based rehabilitation monitoring should be interpreted at the metric level
rather than as a uniformly accurate motion-analysis solution.

A rule-based feedback prototype was also developed to illustrate how pose-derived
metrics could be translated into patient-facing feedback and therapist-facing session
review outputs. Overall, the findings suggest that MediaPipe Pose can be a use-
ful low-cost component for selected home rehabilitation monitoring tasks, provided
that the exercise, camera view, and metric definitions are carefully chosen. Further
validation with larger and more realistic datasets is required before clinical or real
home deployment.

Keywords: MediaPipe Pose, rehabilitation monitoring, markerless pose estimation,
motion capture, exercise assessment.
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Below is the list of acronyms that have been used throughout this thesis, listed in
alphabetical order:

2D Two-Dimensional

3D Three-Dimensional

Al Artificial Intelligence

CI Confidence Interval

CSV Comma-Separated Values
GHUM Generative Human Model
JSON JavaScript Object Notation
LoA Limits of Agreement
MAE Mean Absolute Error
MINI Mini-Squat

MoCap Motion Capture

MP MediaPipe

RGB Red-Green-Blue

RMSE Root Mean Square Error
SD Standard Deviation

SLS Single-Leg Stance

STS Sit-to-Stand
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

Sets

Parameters

w
H

Jup

fMoCap

Time or timestamp of a video frame or MoCap sample
Matched sample or trial-level value index

Pairwise repeated-recording indices used in the repeata-
bility calculation

Landmark, marker, or reference point label
Repeated-recording index in the repeatability analysis
Body side index, where s € {L,R}

Number of matched samples or trial-level values

Number of repeated recordings in a matched repeat group

Selected projected analysis plane, where Il = front for
frontal-plane metrics and II = sag for sagittal-plane met-
rics

Image width in pixels
Image height in pixels

Sampling frequency or frame rate of the MediaPipe video
stream

Sampling frequency of the MoCap system



Variables

(_)ref
Pqy(t)

ppelvis (t)
Pshoulder (t>
Phip(t)

Pxnee (t>

Pankle (t)

Lt (1)

trunk

Lref

trunk,ref

d(t)

Difference or change between two quantities

Quantity derived from the MoCap reference data

MediaPipe 2D image-plane position of landmark ¢ at time
t, before pixel scaling

Pixel-scaled 2D MediaPipe landmark position of land-
mark ¢ at time ¢

Original 3D MoCap position of marker or reference point
q at time ¢

MoCap reference point g projected onto the selected anal-
ysis plane II

Pelvis-center position at time ¢
Shoulder-center position at time ¢

Hip landmark, marker, or projected hip-side point at time
t

Knee landmark, marker, or projected knee point at time
t

Ankle landmark, marker, or projected ankle point at time
t

Normalized MediaPipe image coordinates of landmark ¢
Pixel-scaled image coordinates

3D MoCap coordinates of marker or reference point g

Selected horizontal coordinate of MoCap point ¢ in the
projected analysis plane II

Generic 2D coordinates in a projected comparison plane

Trunk length computed from shoulder and pelvis centers
at time ¢

Trial-specific reference trunk length obtained from the
non-active reference segment and used for MediaPipe dis-
placement normalization

Projected MoCap trunk length at time ¢

Trial-specific projected reference trunk length obtained
from the non-active reference segment and used for Mo-
Cap displacement normalization

MediaPipe-derived displacement signal
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dref

dnorm (t)
dref (t)

dref

ref

dref (t)

norm

Htrunk (t)

eknee,s (t)
eref (t)

trunk

Oionce.s (1)

knee,s

Vthigh,s (t)
Vshank,s (t)

Viﬁfigh,s (t)
Vref (t)

shank,s

Ch
C;

IMP

TMoCap
xest,i
Tref i

€;

Er

Reference displacement value obtained from the non-
active reference segment of a trial

Reference-segment-relative displacement signal normal-
ized by reference trunk length

Projected MoCap displacement signal corresponding to a
MediaPipe-derived displacement metric

Reference displacement value of the projected MoCap sig-
nal obtained from the non-active reference segment

Reference-segment-relative normalized displacement sig-
nal derived from the projected MoCap reference

Trunk-orientation angle computed from MediaPipe
image-plane landmarks

2D MediaPipe knee angle for side s

Trunk-orientation angle computed from the projected
MoCap reference points

Projected MoCap knee-angle reference for side s

MediaPipe thigh vector for side s, defined from the knee
landmark to the hip landmark

MediaPipe shank vector for side s, defined from the knee
landmark to the ankle landmark

Projected MoCap thigh vector for side s
Projected MoCap shank vector for side s

Condition 1, the standard recording setup with 3m
camera-to-participant distance and normal room lighting

A tested recording condition, where i € {2,3,4,5} de-
notes a distance or lighting variation

Metric value derived from MediaPipe Pose

Corresponding metric value derived from the MoCap ref-
erence

Estimated value for the i-th matched sample or trial-level
value

Reference value for the i-th matched sample or trial-level
value

Signed error for the i-th matched value

Trial-level signed error for repeated recording r

Evaluation Measures
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MAE
RMSE
Bias
SD(e)

LoA
AMAEg,

Aerepeat

Mean absolute error between MediaPipe-derived and
MoCap-derived measurements

Root-mean-square error between MediaPipe-derived and
MoCap-derived measurements

Mean signed difference between MediaPipe and Mo-
Cap measurements, defined as MediaPipe minus MoCap
where applicable

Standard deviation of the signed errors
Bland—Altman limits of agreement

Change in MAE between a tested recording condition C;
and the matched Condition 1 trials

Mean pairwise absolute change in signed MediaPipe—
MoCap error within a matched repeat group
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1

Introduction

1.1 Background and Motivation

Rehabilitation often extends over a relatively long period and depends on repeated
practice rather than a single clinical visit. In routine clinical practice, exercise
quality is commonly assessed through direct observation by physiotherapists. This
remains important, but the same level of supervision is difficult to maintain when
rehabilitation is transferred to the home environment. Home rehabilitation there-
fore creates a need for monitoring tools that can provide objective, repeatable, and
interpretable information about exercise performance.

Camera-based markerless motion analysis is attractive for home rehabilitation be-
cause it can be implemented with low-cost red-green-blue (RGB) devices and does
not require reflective markers or laboratory calibration. Recent review studies indi-
cate that single-camera markerless systems have potential in healthcare applications,
especially when portability, affordability, and ease of deployment are important for
home monitoring and telerehabilitation [2, 3]. However, technical feasibility alone
is not sufficient. If such systems are to support rehabilitation assessment, the de-
rived measurements must be accurate and reliable enough to inform follow-up and
decision-making [2, 3].

MediaPipe Pose is one accessible markerless solution for real-time body landmark de-
tection from RGB input. It is based on the BlazePose pipeline and has been extended
through BlazePose GHUM toward richer three-dimensional (3D) landmark estima-
tion from monocular RGB input [4, 5|. These properties make MediaPipe-based
approaches attractive for rehabilitation scenarios, where a single consumer camera
is easier to deploy than a laboratory motion-analysis system. At the same time,
monocular pose estimation remains sensitive to depth ambiguity, self-occlusion,
lighting variation, clothing, and non-ideal camera placement, which may affect
rehabilitation-relevant kinematic measures.

1.2 Related Work and Research Gap

Previous research has shown growing interest in markerless motion capture for
healthcare and rehabilitation applications. Review studies suggest that single-
camera and video-based markerless systems may provide accessible movement mea-
surements for clinical and home-based contexts, but their use as clinical measure-
ment tools is still developing and requires further validation, careful interpretation,
and clinician-friendly integration [2, 3, 6]. This is relevant for home rehabilitation be-

1



1. Introduction

cause low-cost camera systems are easier to deploy than laboratory motion-capture
systems, but the derived measurements still need to be accurate, repeatable, and
meaningful for exercise assessment.

Existing validation studies have usually focused on specific movement tasks or spe-
cific types of accuracy. MediaPipe-based gait studies have mainly evaluated tem-
poral or spatiotemporal gait parameters under structured recording conditions [7],
while smartphone-based gait analysis has examined how camera placement, distance,
and device position influence measurement error [8]. Other markerless studies have
investigated postural or exercise-related measurements, including two-dimensional
(2D) and frontal-plane measures, and have reported sensitivity to viewpoint, anatom-
ical region, and depth-related distortion [9, 10]. MediaPipe has also been explored
for upper-limb movement tracking and rehabilitation-related kinematic analysis, but
these studies focus on different tasks and body regions, such as fine upper-limb tra-
jectories or post-stroke reaching movements [11, 12]. Together, these studies show
that markerless pose-estimation accuracy is task- and metric-dependent rather than
universally valid across all rehabilitation exercises.

Beyond academic validation studies, examples such as QuickPose and OrthoCAP
indicate that vision-based movement monitoring is also being explored in practical
digital-health and rehabilitation contexts [13, 14]. These examples suggest growing
interest in camera-based movement assessment, but they do not remove the need
for technical validation of exercise-specific rehabilitation metrics against reference
measurements.

A practical gap remains at the level of rehabilitation-specific assessment. Previous
studies have often focused on gait parameters, general posture measures, upper-limb
tracking, or individual movement tasks.

The contribution of this thesis is therefore to evaluate MediaPipe Pose at the met-
ric level for single-leg stance(SLS), sit-to-stand(STS), and mini-squat(MINI), using
matched MediaPipe and projected MoCap definitions for trunk orientation, nor-
malized displacement, movement timing, and knee flexion. In addition, the thesis
links the quantitative evaluation to an illustrative rule-based feedback prototype,
showing how pose-derived metrics can be translated into patient-facing feedback
and physiotherapist-facing review outputs.

1.3 Aim and Research Questions

The aim of this thesis is to investigate the feasibility and technical accuracy of
a camera-based home rehabilitation monitoring system based on MediaPipe Pose.
More specifically, the thesis examines whether a single RGB camera can provide
useful technical measurements for selected rehabilitation exercises when evaluated
against a Qualisys MoCap reference.
Based on this aim, the study addresses the following research questions:
o How accurately can selected posture and joint metrics be estimated from a
single RGB camera compared with MoCap?
o How sensitive are these measurements to the available practical recording vari-
ations: camera distance and lighting?



1. Introduction

o How can predefined movement-quality criteria be used to generate rule-based
feedback for selected rehabilitation exercises?

o How repeatable are the derived movement measurements across repeated trials
under the same recording setup?

o How can quantitative movement metrics be summarized in a way that is un-
derstandable for patients and useful for physiotherapist follow-up?

1.4 Scope and Limitations

This thesis is limited to the technical evaluation of a camera-based rehabilita-
tion monitoring pipeline using MediaPipe Pose. It does not develop a new pose-
estimation model, but evaluates an application pipeline built on an existing marker-
less framework. The work focuses on three rehabilitation-oriented exercises: single-
leg stance, sit-to-stand, and mini-squat.

The evaluation was carried out using one RGB camera and a laboratory-based Qual-
isys MoCap system. The selected metrics were defined according to the camera view
and the dominant movement plane of each exercise. SLS was evaluated mainly from
a frontal view, while STS and MINI were evaluated mainly from a side view. Cam-
era distance and lighting were included as practical recording variations, but camera
viewpoint was not treated as a separate robustness condition.

The study was conducted under controlled laboratory conditions with healthy par-
ticipants. It should therefore be understood as a technical feasibility study rather
than a clinical validation study. Real home factors such as background clutter,
furniture, uncontrolled camera placement, clothing variation, and partial occlusion
were outside the main experimental scope.

1.5 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 reviews the theoret-
ical background relevant to markerless pose estimation, rehabilitation assessment,
and motion-analysis metrics. Chapter 3 describes the methodology, including the
experimental setup, data-processing pipeline, and evaluation strategy against Mo-
Cap. Chapter 4 presents the results of the technical evaluation and the prototype
feedback design. Chapter 5 discuss findings, limitations, challenges and future work.
Finally, Chapter 6 concludes the thesis.



2

Theory

2.1 Markerless Human Pose Estimation

Human pose estimation refers to the task of identifying anatomical body landmarks
from visual input, such as images or videos. In markerless pose estimation, these
landmarks are estimated without attaching physical markers or sensors to the sub-
ject. This makes the approach attractive in settings where low cost, ease of use,
and minimal setup are important [15]. Compared with conventional marker-based
MoCap systems, single-camera markerless approaches are easier to deploy in homes
and clinics, and may therefore support remote rehabilitation monitoring and follow-
up [2, 3].

Most current markerless pose-estimation systems use deep-learning methods to de-
tect body landmarks from RGB images or videos [15]. The body is usually repre-
sented as a set of keypoints corresponding to major joints or anatomical landmarks.
These keypoints can then be used to compute higher-level movement variables, such
as joint angles, segment orientations, displacement measures, or timing-related met-
rics. Depending on the model and data representation, the output may be expressed
as 2D image coordinates, pseudo-3D coordinates relative to the camera, or estimated
3D pose representations.

The main advantage of markerless pose estimation is its accessibility, but the mea-
surements are still inferred from image data. Their quality can therefore change
with image quality, camera viewpoint, lighting conditions, clothing, body visibility,
and self-occlusion. These issues are especially relevant in monocular RGB settings,
where depth is not directly measured and out-of-plane motion is difficult to recover
reliably [2, 3|. Existing reviews suggest that markerless systems are promising for
practical movement monitoring, but that their accuracy may still be limited for
detailed 3D biomechanical analysis or highly precise clinical decision-making [2, 3].
Therefore, markerless pose estimation is better understood as a practical and scal-
able measurement tool whose suitability depends on the task, movement plane, and
required measurement precision, rather than as a direct replacement for laboratory
MoCap in all situations.

2.2 MediaPipe Pose and BlazePose

MediaPipe Pose is a markerless pose-estimation solution for real-time human-body
landmark detection from RGB images or video. Within the broader MediaPipe
framework, the pose task is designed for single-person applications and can pro-

4



2. Theory

cess still images, recorded video, or live-stream input. The model outputs body
landmarks in normalized image coordinates and also provides estimated 3D world
landmarks, although the latter are inferred from monocular RGB input rather than
directly measured in physical space [1, 4, 5].

The pose-estimation pipeline used in MediaPipe Pose is closely related to BlazePose.
In this framework, pose estimation is performed in two stages. First, a detector iden-
tifies the person and estimates the approximate body region in the image. Second, a
landmark model predicts a denser set of body keypoints within the detected region
of interest [1, 4]. This two-stage design reduces computational cost while maintain-
ing stable tracking of a single subject, which is useful for real-time applications on
consumer devices.

A key characteristic of BlazePose is that it predicts 33 body landmarks for one
person, covering the head, upper limbs, trunk, pelvis, and lower limbs [1, 4]. Fig-
ure 2.1 illustrates the 33-landmark body representation used in MediaPipe Pose.
Compared with simpler skeleton representations, this denser landmark set provides
more anatomical information for movement assessment. In this thesis, these land-
marks were used to derive rehabilitation-related metrics such as trunk inclination,
joint angles, pelvic displacement, and movement timing.
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Figure 2.1: The 33-body-landmark representation provided by MediaPipe Pose.
From the MediaPipe Pose documentation [1].

BlazePose GHUM further extends this approach by providing richer 3D human
landmark estimation from monocular RGB input [5]. The GHUM-based formula-
tion improves the structural plausibility of the estimated pose and provides output
representations that are more informative than standard 2D keypoints alone. How-
ever, because the 3D landmarks are still inferred from a single RGB view, they
should not be treated as equivalent to directly measured 3D marker trajectories.
For this reason, the quantitative comparison in this thesis was based mainly on met-
ric definitions derived from MediaPipe image-plane landmarks and corresponding
projected MoCap trajectories. This allowed the MediaPipe-derived and MoCap-
derived measurements to be compared using matched 2D metric definitions. The
following evaluation therefore focuses on how well these selected MediaPipe-based
metrics agree with MoCap reference metrics under the tested exercise and recording
conditions.



2. Theory

2.3 MoCap as Reference Measurement

MoCap is widely used in biomechanics and human movement analysis to obtain
structured 3D kinematic data under controlled laboratory conditions. In a typi-
cal marker-based setup, reflective markers are attached to predefined anatomical
landmarks and tracked simultaneously by multiple infrared cameras. From the cap-
tured marker trajectories, the 3D positions of body segments can be reconstructed
and further used to estimate joint kinematics and other movement-related variables
[16, 17]. Because of its established use in laboratory-based movement analysis,
marker-based MoCap is commonly treated as a reference standard when new mark-
erless approaches are evaluated.

The main strength of MoCap lies in its ability to provide structured and quantita-
tively precise measurements of human movement in 3D space. For rehabilitation-
related analysis, this is particularly valuable because posture, joint angles, and seg-
ment motions can be derived from a physically defined spatial reference frame rather
than inferred only from image appearance. As a result, MoCap systems are often
used when detailed biomechanical measurements are required, especially in studies
that aim to assess the validity of alternative tracking methods [16, 17].

At the same time, marker-based MoCap also has well-known limitations. The
measurement, process usually requires careful marker placement, calibration, ded-
icated equipment, and controlled laboratory conditions. This makes the setup time-
consuming and dependent on trained personnel. In addition, since markers are
attached to the skin rather than directly to the underlying bones, the measurements
may be affected by soft-tissue artefacts and marker-placement variability [16]. These
limitations do not remove the value of MoCap as a reference method, but they help
explain why more accessible markerless alternatives are being actively studied for
rehabilitation and home-monitoring applications [3, 17].

2.4 Rehabilitation Exercise Assessment

In rehabilitation, the objective of exercise assessment is not only to determine
whether a patient has completed a prescribed task, but also to evaluate how the
movement was performed. A repetition may appear successful at the task level
while still being executed with insufficient range of motion, poor postural control,
or compensatory movement patterns. For this reason, rehabilitation assessment is
closely related to movement quality rather than simple task completion alone. In
clinical practice, physiotherapists often judge such quality by observing alignment,
control, symmetry, stability, and the presence of compensatory strategies during
exercise execution.

This need becomes even more important in home-based rehabilitation. When ex-
ercises are performed outside the clinic, direct supervision is reduced and the op-
portunity for immediate correction is limited. Telerehabilitation research has shown
that remote physiotherapy can be a feasible and clinically relevant alternative in
many settings, with evidence suggesting outcomes that are often comparable to in-
person rehabilitation and satisfaction levels that are generally similar for patients
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and professionals [18, 19, 20]. However, these advantages do not remove the need
for meaningful exercise assessment. If rehabilitation is to be monitored remotely,
the system must provide information that reflects not only whether an exercise was
attempted, but whether it was performed in an acceptable way.

In rehabilitation, compensatory strategies may allow a person to complete a task
while redistributing effort to other body segments or substituting one movement
pattern for another. Such compensation may be clinically important because it
can hide limited control in the target movement or alter the therapeutic value of
the exercise. Studies on movement-quality assessment have shown that kinematic
evaluation should not focus only on the end result of a task, but should also consider
the coordination of body segments and the presence of compensatory strategies
[21, 22]. This is particularly relevant for exercises such as STS, SLS, or squat-like
movements, where trunk motion, pelvic control, and symmetry may be as important
as the primary joint movement itself.

2.4.1 Compensatory Movements in the Selected Exercises

Compensatory movement is relevant in rehabilitation-oriented assessment because a
task may be completed successfully while the movement strategy still deviates from
the intended therapeutic pattern. In this thesis, the selected exercises were there-
fore considered not only in terms of task completion, but also in terms of common
observable compensations. Table 2.1 summarizes the main movement aspects and
compensatory patterns used to guide metric selection and feedback design.

Table 2.1: Selected exercises and relevant compensatory movement patterns con-
sidered in this thesis.

Exercise Main movement aspect Relevant compensatory patterns

Pelvic drop, lateral trunk lean, and arm
elevation or upper-limb assistance used as
balance strategies. These patterns are
related to frontal-plane pelvic control and
hip-abductor function [23, 24].

Excessive trunk momentum, use of arms or
. .. hands, and incomplete terminal extension.
Functional transition from .
STS s . These may indicate altered movement
sitting to standing . L
strategy or reduced lower-limb contribution
during the sit-to-stand transition [25, 26].

Excessive forward trunk lean, altered knee

position, excessive anterior knee translation,
Lower-limb control, squat and insufficient or excessive squat depth.
depth, and trunk control These patterns are relevant for assessing

lower-limb alignment and squat

mechanics [27, 28].

Frontal-plane balance and

SLS postural control

MINI

Based on these considerations, the feedback prototype in this thesis uses predefined
movement criteria to translate pose-derived metrics into simple feedback messages.
The criteria are not intended as clinical diagnostic rules, but as a practical demon-
stration of how camera-based measurements may support patient-facing feedback
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and physiotherapist review.

2.5 Kinematic and Postural Metrics

In movement assessment, quantitative metrics are used to translate raw body-motion
trajectories into interpretable variables that describe alignment, control, stability,
range of motion, and temporal performance. Common metric categories include
joint angles, segment inclinations, displacement-based stability measures, range-of-
motion measures, and timing-related descriptors [9, 15, 29]. In this thesis, these
concepts were used to define exercise-specific measures such as trunk inclination,
normalized pelvis displacement, hold duration, repetition duration, squat depth,
and knee flexion.

Table 2.2 summarizes the main metric categories that are relevant to the selected
rehabilitation exercises.

Table 2.2: Examples of kinematic and postural metric categories relevant to reha-
bilitation exercise assessment.

Metric category Example What it reflects

Movement strategy and range of

Joint-angle metrics Knee flexion angle .
motion

Segment—or.lentatlon Trunk inclination Postural alignment and compensatory
metrics movement

Stability metrics Pelvic or trunk sway Postural control and balance stability

Squat depth or angular

. Exercise amplitude
excursion

Range-of-motion metrics

Hold or repetition

. Timing and performance over time
duration

Temporal metrics

Because these metrics are computed from camera images, their interpretation also
depends on the anatomical plane represented by the camera view.

2.5.1 Anatomical Planes and 2D Projection

In human movement analysis, kinematic variables are often interpreted with re-
spect to anatomical planes. The frontal plane represents movement components in
the left-right and vertical directions, and is therefore relevant for measures such as
lateral trunk lean and mediolateral pelvic displacement. The sagittal plane repre-
sents movement components in the anterior-posterior and vertical directions, and is
commonly used for movements such as STS, MINI, trunk forward lean, and knee
flexion. The transverse plane represents horizontal rotation around the vertical axis.
Figure 2.2 illustrates the main anatomical planes used in movement analysis.
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Sagittal ——
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(coronal)
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_ Oblique plane

Figure 2.2: Anatomical planes of the human body, including the frontal, sagittal,
and transverse planes. Adapted from OpenStax Anatomy and Physiology 2e [30].

For camera-based pose estimation, the anatomical plane is also related to the cam-
era view. A front-view recording mainly represents frontal-plane motion in the
image, while a side-view recording mainly represents sagittal-plane motion. This
relationship is only approximate, because the camera image is a two-dimensional
projection of a three-dimensional body. If the subject rotates or moves out of the
intended plane, part of the movement may be lost or distorted in the image-plane
representation.

In this context, 2D projection means representing a 3D point or trajectory on a
selected 2D plane. For example, a 3D reference point can be projected onto a
frontal plane by keeping the horizontal and vertical components, while the depth
component is ignored. Similarly, projection onto a sagittal plane keeps the anterior-
posterior and vertical components. This allows 3D motion data to be expressed in
a form that is conceptually closer to the 2D image-plane landmarks obtained from
a single RGB camera.

This projection step is useful for comparing camera-based and reference measure-
ments, because both systems can then be evaluated using matched 2D metric defi-
nitions. However, it also introduces an important limitation: movement outside the
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selected plane is not fully represented. Therefore, 2D projected metrics should be
interpreted as plane-specific approximations rather than complete 3D biomechanical
measurements.

2.6 Evaluation Metrics

The quantitative comparison between a markerless pose-estimation system and a
reference measurement system can be described using several error-based metrics.
In this thesis, the basic error was defined as the difference between an estimated
value and the corresponding reference value:

€; = Test,i — Lref,i (21)

where Zg ; is the estimated value, ¢ ; is the reference value, and 7 denotes the i-th
matched sample or trial-level value.

The mean absolute error (MAE) describes the average magnitude of the error re-
gardless of direction:

1 n
MAE = - > el (2.2)
=1

The root mean square error (RMSE) is another measure of error magnitude:

n

RMSE = > el (2.3)

Because the error is squared before averaging, RMSE gives more weight to larger
errors than MAE.

Agreement between two measurement methods can also be examined using Bland—
Altman analysis [31]. The Bland—Altman mean difference corresponds to the bias,
and the 95% limits of agreement are commonly computed as

LoA = Bias £ 1.96 - SD(e) (2.4)

where SD(e) is the standard deviation of the signed errors. The limits of agreement
describe the spread of the differences between the two measurement methods.
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Methods

3.1 Study Design and Overall Workflow

This study was organized as a technical evaluation of the proposed MediaPipe Pose-
based monitoring pipeline. The workflow was designed to keep the video-based
measurements and the MoCap reference measurements as comparable as possible,
from data collection to metric computation and final evaluation.

Selected Txeveises

Dotoy awluisiﬁo\a : PER video + I\/toCc‘F |
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Figure 3.1: Overall methodological workflow of the study.

As shown in Figure 3.1, each exercise trial produced two parallel data streams.
The RGB video recordings were processed with MediaPipe Pose to obtain body
landmarks, which were then converted into exercise-specific metrics. In parallel,
the MoCap marker trajectories were processed as the reference data. Since the
MediaPipe measurements were derived from the camera image plane, the 3D MoCap
trajectories were projected onto the corresponding frontal or sagittal analysis plane
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before applying matched metric definitions.

After the two data streams had been processed, offline temporal alignment was ap-
plied because the RGB camera and MoCap system were not hardware-synchronized
during recording. The aligned MediaPipe-derived and MoCap-derived metrics were
then compared at different evaluation levels, including exercise-level accuracy, subject-
level variability, robustness across recording conditions, and repeatability. Finally,
selected pose-derived metrics were used in a rule-based feedback prototype to demon-
strate how the technical measurements could be translated into patient-facing feed-
back and physiotherapist-facing session summaries.

3.2 Rehabilitation Exercises and Assessment Cri-
teria

A limited set of rehabilitation-oriented exercises was selected to cover different
movement characteristics relevant to home monitoring. The exercise set included
SLS, STS, and MINI, representing balance control, functional transition, and lower-
limb movement strategy, respectively. For each exercise, a small set of exercise-
specific metrics was defined according to the dominant movement plane, the ex-
pected rehabilitation-relevant movement characteristics, and the visibility constraints
of the single-camera setup [9, 15, 29].

Table 3.1: Exercise-specific metrics used in the evaluation pipeline.

Exercise Main movement focus Metrics used

Pelvis horizontal displacement
normalized by trunk length, trunk
side-tilt angle, hold duration

Balance control and frontal-plane

SLS
posture

. " Pelvis vertical displacement normalized
Functional transition and trunk
STS by trunk length, trunk forward-lean
movement strategy .- .
angle, repetition duration

Squat depth normalized by trunk
length, trunk forward-lean angle, knee
flexion on the camera-facing side

Squat depth, trunk strategy, and

MINI knee motion

Table 3.1 summarizes the metrics used in the evaluation pipeline. SLS was mainly
evaluated using frontal-plane balance and posture metrics, while STS and MINI
were mainly evaluated using sagittal-plane metrics. Continuous metrics were eval-
uated both over the full trial and, where relevant, over the detected active move-
ment segment. This distinction was used to separate global trial behaviour from
movement-specific execution quality.

The metric set was used both for the quantitative comparison and for the feedback
prototype. The same variables were compared between MediaPipe Pose and the Mo-
Cap reference, and selected measurements were later translated into simple patient
feedback and physiotherapist summaries.
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3.3 Experimental Setup and Data Collection

Data collection was carried out in a controlled laboratory environment using RGB
video recording and MoCap. The RGB videos were recorded with the rear camera of
an iPhone 13 at 30 frames per second, while the reference MoCap data were acquired
with a Qualisys MoCap system at 60 frames per second. Since the two systems were
not hardware-synchronized during acquisition, temporal alignment was performed
offline before metric comparison.

The final analysed dataset consisted of paired RGB-video and Qualisys MoCap
recordings from five healthy participants. It included 132 trials across SLS, STS,
and MINI. For each exercise, recordings were collected under a 3 m camera-to-
participant distance with normal room lighting. Additional recordings were then
collected with selected variations in camera distance and lighting. These varia-
tions were included to examine how practical recording conditions may affect the
MediaPipe-derived measurements. Because the number of available trials differed
between participants and recording conditions, the dataset was treated as an unbal-
anced repeated-measures dataset rather than as a fully balanced design.

R&gg, camern | :Phone 1>

Figure 3.2: (a) Laboratory recording setup.
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Figure 3.2: (b) Exercise-specific camera views.

Figure 3.2 - Figure 3.2 illustrate the experimental recording setup and the exercise-
specific camera views. The recording view was selected according to the dominant
movement plane of each exercise, following prior evidence that camera placement
can affect markerless kinematic accuracy [8]. SLS was recorded from a frontal view
because its main metrics involved frontal-plane trunk side tilt and pelvis sway. STS
and MINI were recorded from a side view because trunk forward lean, vertical dis-
placement, and knee flexion are mainly interpreted in the sagittal plane. Camera
viewpoint was therefore treated as part of the exercise-specific setup rather than as
an independent robustness condition.

The tested recording-condition variations included camera distance and lighting. In
the analysed dataset, distance variations were represented by 2 m and 4 m recordings,
while lighting variations were represented by low-light and no-light recordings. These
variations were intended to approximate selected challenges that may occur in home-
based exercise recording, but the study was still conducted in a laboratory setting.
No furniture or additional household objects were introduced, so the setup should be
understood as a controlled approximation of selected home-like recording conditions
rather than a full simulation of real home use.

3.4 MediaPipe-Based Pose Processing and Met-
ric Extraction

The recorded RGB videos were read frame-by-frame using OpenCV’s video capture
interface and processed with Google’s MediaPipe Pose framework, which estimates
33 body landmarks from RGB image frames [1, 32]. For each frame with a detected
pose, the 33 MediaPipe landmarks were stored in long-form CSV format, including
frame index, timestamp, landmark identity, normalized x, y, z, and visibility. The
exported landmark files were then processed trial by trial for synchronization and
metric computation.

The normalized landmark trajectories were converted into structured time series
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before comparison with MoCap. Because the RGB videos and MoCap recordings
had different sampling frequencies and were not hardware-synchronized, the final
comparison was performed on temporally aligned signals over a shared timeline
rather than directly on raw frame indices. Basic smoothing and low-pass filtering
were applied before exercise-specific metrics were computed.

For MediaPipe Pose, each detected landmark was represented as a time-dependent
position vector. In this section, p,(t) denotes the 2D image-plane position of land-
mark ¢ at time ¢, where ¢ corresponds to the video timestamp or frame time. Unless
otherwise stated, the MediaPipe landmark coordinates are given in normalized im-
age coordinates, with = and y ranging approximately from 0 to 1 in the image plane.
Bold symbols therefore denote 2D position vectors, while scalar symbols denote dis-
tances, angles, or metric values.

The pelvis center and shoulder center were defined as the midpoints of the left and
right hip landmarks and the left and right shoulder landmarks:

_ Puuip(t) + Pruip(?)

ppelvis (t) — 9 (31)

PLShoulder t) + PRShoulder t
pshoulder(t) = ( ) 9 ( ) (32)
where pruip(f), Pruip(t), PLShouder(t); and Prsnowder (t) are the MediaPipe landmark
positions for the left hip, right hip, left shoulder, and right shoulder, respectively.
Since MediaPipe provides normalized image coordinates, the landmark positions
were converted to pixel-scaled image-plane coordinates before geometric metric ex-

traction:

o0~ 5 o

where ¢ denotes a MediaPipe landmark, z,(¢) and y,(t) are the normalized image
coordinates of this landmark at time ¢, and W and H are the image width and
height in pixels. The pixel-scaled position piqmg(t) was used for geometric metric
extraction so that horizontal and vertical image coordinates were represented on
the same pixel scale. This was important for trunk-orientation angles, knee-flexion
angles, and trunk-length-normalized displacement metrics.

Displacement-based metrics were expressed relative to non-active reference and nor-

malized by trunk length. The frame-wise trunk length was defined as

Ltrunk(t) = Hpshoulder(t) - ppelvis(t)H (34)

where Liunk(t) is the Euclidean distance between the shoulder center and pelvis cen-
ter at time t. For each trial, the reference trunk length was obtained as the median
trunk length during the non-active reference segment. This reference value was used
to reduce the influence of participant size and camera scale on displacement-based
metrics.

For a displacement signal d(t), the normalized displacement was computed as

d(t) — dyes

Ltrunk,ref

(norm (1) = (3.5)
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where d,o is the median displacement value during the same non-active reference
segment, and Lk rer is the trial-specific reference trunk length. In this way, the
displacement metric represents movement relative to the participant’s initial posture
and is expressed in units of trunk length.

Segment-orientation metrics were computed from the image-plane vector between
the pelvis center and shoulder center. A generic trunk-orientation angle was com-
puted as

etrunk (t) = atan2 (xshoulder,img (t) — Tpelvis,img (t)a - (yshoulder,img(t) — Ypelvis,img <t>>)
(3.6)
where Zghoulder,img () and Yshoulder,img (t) are the pixel-scaled image coordinates of the
shoulder center, and Zpelvis,img(t) and Ypelvis,img(t) are the corresponding coordinates
of the pelvis center. For SLS, this angle was interpreted as trunk side tilt in the
frontal-view recording. For STS and MINI, the same image-plane angle convention
was used to describe trunk forward lean in the side-view recording. All orientation
metrics were expressed in degrees.
For MINI, knee flexion was computed as a 2D joint angle from the hip, knee, and
ankle landmarks in the image plane. For a side s, the knee angle was computed
from the angle between the thigh vector and the shank vector

_ igh,s t) * Vghank s(t>
0 nee,s t) = cos ! Vihigh, ( : > 3.7
e () (Hvthigh,xt)n Varants @] (3.7)

where Vinigns(f) is the vector from the knee landmark to the hip landmark, and
Vshank,s(t) is the vector from the knee landmark to the ankle landmark. In the side-
view MINI recordings, the visible side was used for the knee-flexion metric because
the occluded side was more sensitive to landmark uncertainty.

Table 3.2: Summary of MediaPipe-derived metric computation.

Exercise Metric Computation principle

Baseline-relative pelvis displacement

Pelvis horizontal displacement; normalized by trunk length; trunk

SLS 1 . orientation from shoulder-pelvis
trunk side tilt; hold duration vector; hold phase from foot-index
separation.
Baseline-relative pelvis displacement
Pelvis vertical displacement; normalized by trunk length; trunk
STS trunk forward lean; repetition orientation in the side-view plane;
duration duration from trunk-based transition
segmentation.
Squat depth: trunk forward Baselin'e—relative squat-depth signal
MINI lean; visible-side average knee normalized by trunk length; trunk

orientation in the side-view plane; 2D

flexdon knee angle.

Exercise-specific temporal measures were obtained through event-based segmenta-
tion. For SLS, the active hold segment was estimated from the relative vertical
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separation between the left and right foot-index landmarks. For STS, repetition
duration was derived from trunk-based segmentation of the sit-to-stand transition.
For MINI, the continuous metrics were evaluated over both the full trial and the
active movement segment. The full-trial and active-segment distinction was kept in
the final comparison to separate overall recording behaviour from movement-specific
execution.

3.5 MoCap Processing and Reference Metric Com-
putation

The Qualisys MoCap data were used as the reference measurement for the compar-
ative evaluation. Since the MediaPipe-based metrics were derived mainly from 2D
image-plane landmarks, the MoCap data were not compared directly in their orig-
inal 3D coordinate form. Instead, the 3D marker trajectories were projected onto
frontal or sagittal analysis planes corresponding to the effective camera view used
for each exercise. Reference metrics were then computed from the projected MoCap
points using the same main metric definitions as the MediaPipe-derived metrics.

The MoCap trajectories were reconstructed offline and exported as marker-coordinate
time series. In this section, pr*3P(¢) denotes the original 3D MoCap position of

q
marker or reference point ¢ at time ¢:

Xq(t)
Py (1) = | V(1) (3.8)
Z,(t

(1)

where X, (t), Y,(t), and Z,(t) are the MoCap coordinates. The vertical coordinate
was represented by Z(t), while the horizontal coordinate used for comparison de-
pended on the selected exercise and camera view.

Reference body points were defined from marker combinations that approximated
the corresponding MediaPipe landmark-based body points. In general, the pelvis
center was represented using waist markers, and the shoulder center was represented
using the left and right shoulder markers. For the MINI knee-angle reference, pro-
jected hip-side, knee, and ankle points were selected to correspond as closely as
possible to the MediaPipe hip, knee, and ankle landmarks. These definitions were
used to make the MoCap reference metrics comparable to the MediaPipe-derived
metrics, while recognizing that marker positions and MediaPipe landmarks are not
anatomically identical.

To make the MoCap data comparable with the camera-based measurements, the 3D
reference points were projected onto a 2D analysis plane. A projected MoCap point
was represented as

1
ref,IT U <t>]
p, o (t)=|/2 3.9
o = 39
where II denotes the selected analysis plane, ug[(t) is the selected horizontal coor-
dinate in that plane, and Z,(t) is the vertical coordinate. For SLS, a frontal-plane
projection was used because the main metrics were lateral pelvis displacement and
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trunk side tilt. For STS and MINI, a sagittal-plane projection was used because
pelvis rise, squat depth, trunk forward lean, and knee flexion were interpreted from
the side-view movement plane.

After projection, displacement-based reference metrics were expressed relative to
non-active reference segment within each trial and normalized by projected trunk
length. The projected trunk length was defined as

Lref

trunk ‘

ref I1 ref IT
pshoulder ppelv1s (t) H (3 10)
ref I1 ref I1

where pg,ouder(t) and pyois(t) are the projected shoulder and pelvis centers in the
selected analysis plane. For each trial, the reference trunk length was obtained as
the median projected trunk length during the non-active reference segment. This
value was used to reduce the influence of participant size and scale on the projected
displacement metrics.

For a reference displacement signal d*°f(t), the normalized reference displacement
was computed as

dref t) — dref
L(f) ref (3.11)

trunk,ref

dlrrleofrm( ) -
where d'! is the median displacement value during the same non-active reference seg-
ment, and Liffmk’mf is the trial-specific projected reference trunk length. Here, d*f(¢)
denotes the projected MoCap displacement signal corresponding to the MediaPipe-
derived displacement metric, such as SLS pelvis horizontal displacement, STS pelvis
vertical displacement, or MINI squat depth.

For segment-orientation reference metrics, the trunk angle was computed from the
projected vector between the pelvis center and shoulder center. Using (u(t),v(t)) to
denote the coordinate pair in the projected plane, a generic trunk-orientation angle
was computed as

eltrflfmk( ) = atan2 (ushoulder (t) - upelvis (t)7 - (Ushoulder<t> - Upelvis (t))) (312)

where u(t) represents the selected horizontal coordinate and v(t) represents the ver-
tical coordinate in the projected plane. For frontal-plane SLS analysis, this angle
was interpreted as the reference trunk side tilt. For sagittal-plane STS and MINI
analysis, the same orientation definition was interpreted as the reference trunk for-
ward lean. All orientation metrics were expressed in degrees.

For MINI, the MoCap knee-angle reference was computed as a 2D joint angle after
sagittal-plane projection. For a side s, the knee angle was computed from the angle
between the projected thigh vector and the projected shank vector:

ref ) - ref t
eref ( ) _ COS_l (’ Vthlgh s( ) shank s( ) H) (313)

knee,s Vref ref
thigh, s shank,s

where vifﬁgh’s(t) is the projected vector from the knee point to the hip-side point,

and Vgﬁgnkﬁ(t) is the projected vector from the knee point to the ankle point. This
definition matched the MediaPipe knee-flexion metric at the level of a planar hip-
knee-ankle angle. However, because the MoCap markers and MediaPipe landmarks
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do not represent exactly the same anatomical points, the knee-angle comparison
should be interpreted as a matched technical reference rather than a perfect anatom-
ical equivalence.

The same full-trial and active-segment definitions used in the MediaPipe evaluation
were applied to the projected MoCap reference signals after temporal alignment.
This allowed the comparison to be performed over matched time intervals, both for
the complete recordings and for the movement-relevant portions of each trial.

3.6 Synchronization and Comparative Evaluation

3.6.1 Synchronization

The MediaPipe-derived and MoCap-derived metric signals were synchronized offline
for each trial before comparison. Before alignment, the MoCap signals were low-
pass filtered with a cutoff frequency of 2.5 Hz and downsampled to the estimated
MediaPipe sampling rate. The main alignment method was signal-based cross-
correlation with a maximum searched lag of 12s. Exercise-specific candidate signals
were used for alignment: toe-gap and pelvis-horizontal motion were prioritized for
SLS, while pelvis-vertical motion was prioritized for STS and MINI. If the cross-
correlation score was below 0.5, a peak-based fallback shift was used when available.
After alignment, the MediaPipe and MoCap signals were interpolated to a common
analysis timeline.

3.6.2 Comparative Evaluation

The comparative evaluation was organized at four levels. First, the exercise-level
analysis compared the selected metrics across SLS, STS, and MINI under the 3m
camera-to-participant distance and normal room lighting setup, defined as Condi-
tion 1. This analysis was used to identify which exercise types and metric families
were more suitable for the MediaPipe-based pipeline. Second, the subject-level anal-
ysis examined the Condition 1 trials separately across participants to describe inter-
subject variability. Third, the condition-level analysis compared selected distance
and lighting variations with matched Condition 1 trials. Finally, the repeatabil-
ity analysis examined whether the MediaPipe-MoCap error remained stable across
repeated recordings within the same session and, where available, across different
days.

For the condition-level robustness analysis, the recording conditions were defined
according to the practical setup variations introduced during data collection. Condi-
tion 1 was the standard setup, with a 3 m camera-to-participant distance and normal
room lighting. Condition 2 used a shorter camera distance of 2m, while Condition 3
used a longer camera distance of 4m. Condition 4 used low-light recording, and
Condition 5 used no-light recording.

The comparison used the error metrics defined in Section 2.6. For each metric, the
MediaPipe-derived signal was compared with the corresponding projected MoCap
reference signal after temporal alignment. Continuous metrics were evaluated over
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the full trial and, where relevant, over the active movement segment. The main
reported measures were MAE and RMSE.

For the condition-level robustness analysis, each varied recording condition was com-
pared with the matched Condition 1 trials from the same exercise setting. The
change in MAE was computed as

AMAE¢, = MAE¢, — MAE,, i€ {2,3,4,5} (3.14)

where C; denotes Condition 1 and C; denotes one of the varied recording conditions.
A positive AMAEq, means that the MediaPipe-MoCap error increased under the
tested recording condition compared with the matched Condition 1 trials, while a
negative value means that the error decreased.

Repeatability was analysed from the error perspective. The purpose was not to
estimate the internal repeatability of MediaPipe alone, but to examine whether
the difference between MediaPipe and MoCap stayed consistent across repeated
recordings. A matched repeat group was defined as a set of repeated recordings
with the same participant, exercise, metric, and recording setup. For each recording
r in a group, a trial-level signed error was computed as

€r = TMP,r — TMoCap,r (315)

where xyp, and Zyocap,r are the trial-level MediaPipe-derived and MoCap-derived
metric values from the same repeated recording.

For a matched repeat group with m recordings, the repeatability error change was
computed as the mean pairwise absolute difference between signed errors:

m—1

2 m
_ le; — ex] (3.16)
m(m — 1) = k:;rl J

Aerepea‘n =

This calculation first averages all pairwise error changes within the same matched
repeat group. The final repeatability results were then summarized as mean +
standard deviation across matched repeat groups. This aggregation was used so
that groups with more repeated recordings did not automatically receive a larger
weight in the final summary. For the within-session analysis, a matched repeat
group consisted of repeated recordings from the same participant, exercise, session,
and setup. For the across-day analysis, it consisted of recordings from the same
participant, exercise, and setup collected on different days.

3.7 Feedback Prototype Design

The feedback prototype was implemented as a rule-based monitoring layer on top
of the pose-processing pipeline. It used selected pose-derived metrics and exercise-
specific thresholds to generate simple feedback messages during exercise execution.
The purpose of the prototype was not to provide clinical diagnosis, but to demon-
strate how the extracted movement metrics could be translated into understandable
feedback for home rehabilitation monitoring. Table 3.3 summarizes the main rule-
based feedback components implemented for each exercise.
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Table 3.3: Rule-based feedback components implemented in the prototype.

Exercise Main detection logic Feedback focus
SIS Active hold detection from Trunk lateral lean, arm compensation, and
relative foot-index separation  excessive pelvis sway.
STS Finite-state transition from Use of arms, excessive trunk momentum,
seated posture to standing and incomplete extension.
Insufficient depth, excessive forward lean,
MINI Side-view state sequence for excessive hip flexion, knee-over-toe
repetition counting movement, and hands-on-thigh
compensation.

Two output perspectives were considered in the prototype. The patient-facing feed-
back was designed to be short and action-oriented, for example indicating whether
posture should be corrected, whether balance should be improved, or whether the
movement should be adjusted. The physiotherapist-facing output was designed as
a more structured session summary, including repeated compensations, movement
trends, and overall exercise-quality information across trials.
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Results

This chapter presents the evaluation results of the MediaPipe-based metric pipeline.
The first part reports the metric errors under Condition 1 setup. The following
sections then examine how the errors varied between participants, how they changed
under the tested distance and lighting conditions, how stable the MediaPipe-MoCap
error was across repeated recordings, and how the same metric pipeline was used in
the feedback prototype.

4.1 Exercise-Level Accuracy Under the Condition
Recording Setup

Table 4.1 and Table 4.2 report the exercise-level errors for the selected metrics under
the Condition 1 recording setup. The full-trial evaluation used the entire record-
ing, including preparation, repetitions, and static intervals. The active-segment
evaluation used only the movement-relevant part of each trial. In the following
interpretation, the active-segment results are emphasized because they better rep-
resent the actual exercise execution, while the full-trial results show how much the
average error changes when non-active periods are included.

Table 4.1: Exercise-level results for full-trial evaluation under Condition 1.

Exercise Metric Unit Trials MAE RMSE
(mean + SD) (mean + SD)
9IS Pelvis horizontal displacement / trunk unitless 15 0.0275 £ 0.0148  0.0369 £ 0.0205
length
Trunk side tilt degree 15 1.0474 £ 0.6020  1.2012 4+ 0.5694
4TS Trunk forward lean degree 15 3.1644 +£1.0778  3.8824 £ 1.4205
Pelvis vertical displacement / trunk unitless 15 0.0516 +0.0232  0.0670 £ 0.0311
length
Squat depth / trunk length unitless 15 0.0236 +£0.0127  0.0319 £+ 0.0169
MINI Knee flexion (visible side) degree 15 4.4693 £1.6302  5.5963 £ 1.7198
Trunk forward lean degree 15 2.2030 £0.9436  2.4003 £ 0.8831

The active-segment evaluation generally produced higher errors than the full-trial
evaluation. This was expected to some extent, since the active segment contains
the main movement phase, where landmark errors and timing differences have a
stronger influence on the computed metrics. In contrast, the full-trial evaluation
also includes preparation and static periods, which can reduce the average error and
make the metric appear more stable than it is during the actual movement.
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Table 4.2: Exercise-level results for active-segment evaluation under Condition 1.

Exercise Metric Unit Trials MAE RMSE
(mean + SD)  (mean + SD)
9LS Pelvis horizontal displacement / trunk unitless 15 0.0392 4+ 0.0397  0.0414 £ 0.0395
length
Trunk side tilt degree 15 1.1091 +0.8177  1.2190 £ 0.7856
TS Trunk forward lean degree 15 3.2688 £1.3354  3.8772 + 1.4558
Pelvis vertical displacement / trunk unitless 15 0.0604 £ 0.0310  0.0711 £ 0.0344
length
Squat depth / trunk length unitless 15 0.0453 £ 0.0243  0.0480 £ 0.0241
MINI Knee flexion (visible side) degree 15 8.6963 +2.4262  8.9577 £ 2.4092
Trunk forward lean degree 15 1.8821 £1.0911  1.9689 £ 1.0448

This difference was most visible for MINI knee flexion on the camera-facing side.
The MAE increased from 4.4693° in the full-trial evaluation to 8.6963° in the active-
segment evaluation, making this the most challenging metric under Condition 1. A
likely reason is that the 2D knee-angle estimate depends on the relative positions
of the hip, knee, and ankle landmarks. Small landmark errors, side-view visibility
issues, or partial occlusion can therefore have a larger effect on this metric than on
trunk-orientation or displacement measures.

The results also suggest that the performance of the pipeline was metric-dependent.
Trunk-orientation metrics and normalized displacement metrics were generally more
stable than the 2D knee-flexion metric. However, active-segment selection did not
affect all metrics in the same way. For example, MINI trunk forward lean did not
show the same increase in error as MINT knee flexion. This shows that the evaluation
result depends not only on the exercise itself, but also on the metric definition and
on which part of the trial is analysed.

The Bland—Altman plots in Figure 4.1 provide an additional view of the agreement
pattern under Condition 1. In these plots, the horizontal axis represents the average
of the MediaPipe-derived and MoCap-derived value for each trial, which indicates
the approximate magnitude of the metric in that trial. The vertical axis repre-
sents the signed difference between the two methods, defined as MediaPipe minus
MoCap. Therefore, points above zero indicate overestimation by MediaPipe, while
points below zero indicate underestimation. Unlike Table 4.1 and Table 4.2, which
summarize absolute error using MAE and RMSE, the Bland—Altman plots show the
direction and spread of the signed differences between MediaPipe and MoCap. The
trunk-orientation metrics showed relatively narrow limits of agreement compared
with the more challenging knee-flexion metric. STS trunk forward lean showed a
positive bias, indicating that MediaPipe tended to estimate larger forward-lean val-
ues than MoCap in these trials. In contrast, MINI knee flexion on the camera-facing
side showed a negative bias, indicating underestimation by MediaPipe.

The displacement-based ratio metrics also showed negative mean bias values, sug-
gesting that MediaPipe tended to underestimate the corresponding MoCap-derived
displacement measures under Condition 1. For SLS pelvis horizontal displacement,
the plot suggested a possible proportional pattern, where larger displacement values
were associated with stronger underestimation. Since each plot was based on 15
balanced trials from Condition 1, these agreement patterns should be interpreted
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descriptively. The numerical Bland—Altman summary values are provided in Ap-
pendix C.1.

Bland-Altman agreement: MediaPipe vs Mocap (balanced baseline trials)
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Figure 4.1: Bland-Altman agreement plots for the balanced Condition 1 trials.
The horizontal axis shows the average of the MediaPipe-derived and MoCap-derived
metric values for each trial, and the vertical axis shows the signed difference, defined
as MediaPipe minus MoCap. The blue line indicates the mean bias, and the red
dashed lines indicate the 95% limits of agreement.
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4.2 Subject-Level Variability

Table 4.3: Subject-level variability in active-segment MAE for each subject.

. . . S01 S02 S03 S04 S05
Exercise Metric Unit
(mean + SD) (mean + SD) (mean £+ SD) (mean + SD) (mean + SD)
SLS Pelvis horizontal displace- unitless 0.0076 £ 0.0018 0.0094 4 0.0026 0.0767 & 0.0089 0.0928 4 0.0186 0.0094 % 0.0039
ment / trunk length
Trunk side tilt degree 2.4462 £0.4314 1.227040.6139 0.4184 £ 0.1473 0.9179 4 0.3388 0.5361 + 0.1226
STS Trunk forward lean degree 2.7336 4+ 0.5472 2.3405 £ 0.3836 3.1370 4+ 0.0381 5.5519 £ 1.3209 2.5811 £ 0.1153

Pelvis vertical displacement unitless 0.0413 +0.0133 0.0515 £ 0.0093 0.0981 + 0.0055 0.0891 £ 0.0141 0.0221 £ 0.0037
/ trunk length

MINT Squat depth / trunk length unitless 0.0239 £ 0.0039 0.0169 & 0.0074 0.0740 £ 0.0177 0.0499 £ 0.0065 0.0621 + 0.0108
Knee flexion (visible side) degree 8.2653 £ 0.7999 11.9473 £ 0.4750 8.3921 4 0.6863 9.5757 +1.1953 5.3031 + 1.9352
Trunk forward lean degree 3.1686 + 0.2366 1.8547 & 0.2452 2.9186 + 0.1752 0.8920 + 0.2283 0.5766 + 0.1129

The subject-level analysis compared the active-segment MAE values across the five
participants. Table 4.3 reports the mean and standard deviation of the MAE for
each subject and metric.

The size of the subject-level variation depended on the metric. Among the nor-
malized displacement metrics, SLS pelvis horizontal displacement had the largest
best-worst subject gap, followed by STS pelvis vertical displacement and MINI squat
depth. Among the angular metrics, MINI visible side knee flexion showed the largest
gap. The subjects with the highest errors were not the same for every metric, so
the variability was not simply a case of one participant being consistently easier or
harder to track.

These differences may come from several sources, including individual movement
strategy, apparent body scale in the image, landmark visibility, and markerless
tracking behaviour. With only five healthy participants, it is not possible to sepa-
rate these factors or link the observed differences to demographic variables such as
sex, height, or body type. The subject-level results should therefore be read as evi-
dence that metric errors can vary between individuals even under the same baseline
recording setup, not as a judgement of participant performance.

4.3 Robustness Across Recording Conditions

The robustness analysis compared active-segment errors under the available recording-
condition variations with their matched Condition 1 trials. The tested variations
were camera distance and lighting. Several conditions had only a small number of
matched pairs, so the focus here is on the observed error patterns rather than on
formal statistical conclusions.

4.3.1 Single-Leg Stance

Table 4.4 reports the SLS active-segment errors under the frontal-view setup.
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Table 4.4: SLS active-segment condition results. Positive error difference values
indicate increased MAE compared with matched Condition 1 trials.

Condition Pelvis horizontal Error difference Trunk side tilt Error difference Paired
displacement MAE [95% C1] MAE [95% C1] trials
Condition 2 0.0329 +0.0059 2.1681° +0.8779° 4
[-0.0011, +0.0129] [-0.7934, +2.6443]
Condition 3 0.0412 -0.0016 1.3551° —0.1958° 2
[-0.0036, +0.0005] [-0.4615, +0.0699]
Condition 4 0.0272 +0.0024 1.4660° +0.4567° 4
[-0.0021, +0.0050] [-0.1664, +0.9332]
Condition 5 0.0404 +0.0099 1.4410° +0.3171° 6
[-0.0018, +0.0287] [-0.3406, +0.8691]
For SLS, the two metrics responded differently to the tested conditions. Pelvis

horizontal displacement changed only slightly across distance and lighting variations.
Trunk side tilt showed larger changes, especially in condition 2 and condition 4.
Condition 3 did not show the same increase. Because the matched-pair counts were
small and the confidence intervals were wide, these results are best read as early signs
of metric-specific sensitivity rather than as a ranking of the recording conditions.

4.3.2 Sit-to-Stand

Table 4.5 reports the STS active-segment errors under the sagittal-view setup.

Table 4.5: STS active-segment condition results. Positive error difference values
indicate increased MAE compared with matched Condition 1 trials.

Condition Trunk forward lean Error difference Vertical displacement Error difference Pa.ired
MAE [95% CI] MAE [95% CI] trials

Condition 2 2.6893° —0.0862° 0.0723 +0.0203 3
[-1.2383, +0.7320] [++0.0098, +0.0410]

Condition 3 2.8753° —0.1131° 0.0823 +0.0204 9
[-0.9250, +0.6987] [+0.0198, +0.0211]

Condition 4 2.7832° +0.1917° 0.0659 +0.0168 4
[-0.3065, +0.5309] [+0.0004, +0.0390]

Condition 5 3.0986° —0.2097° 0.0752 +0.0093

[-0.7126, +0.3424]

[-0.0002, +0.0204]

For STS, pelvis vertical displacement was more affected by the tested recording
variations than trunk forward lean. The vertical-displacement error increased for
both distance changes and both lighting variations. Trunk forward lean did not
show the same pattern, and in several conditions its error was close to or lower
than the matched condition 1. In this dataset, the displacement-based STS metric
was therefore more sensitive to recording changes than the sagittal trunk-orientation
metric.

4.3.3 Mini-Squat

For MINI as shown in Table 4.6, the clearest change appeared in condition 2, where
squat depth and average knee flexion had higher errors than their matched condi-
tion 1. Trunk forward lean changed less across the tested conditions. The lighting
results were less consistent. In the available low-light and no-light pairs, knee-flexion
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error was lower than in the matched condition 1 trials. This should not be read as
an improvement caused by poorer lighting. A more likely explanation is the small
and unbalanced set of matched comparisons, together with trial-specific variation.

Table 4.6: MINI active-segment condition results. Positive error difference values
indicate increased MAE compared with matched Condition 1 trials.

Condition Squat Depth Error difference Knee flexion Error difference  Trunk lean  Error difference Paired
MAE [95% C1) (visible side) MAE  [95% CI] MAE [95% C1] trials
Condition 2 0.0625 +0.0216 9.6579° +1.1519° 2.5130° +0.0334° 4
[-0.0155, +0.0602] [-2.0525, +3.5144] [-0.6402, +0.7069]
Condition 3 0.0583 -0.0029 7.1840° —1.1164° 3.0723° —0.0062° 2
[-0.0217, +0.0159] [-3.7787, +1.5456] [-0.2758, +0.2634]
Condition 4 0.0419 -0.0076 9.9107° +1.2241° 2.0122° —0.1455° 4
[-0.0247, +0.0084] [-0.9198, +3.3337] [-0.6000, +0.3091]
Condition 5 0.0492 -0.0031 8.8330° +0.0011° 2.7004° +0.0828° 6
[-0.0156, +0.0088] [-2.4393, +2.3607] [-0.8231, +1.1859]

Overall, the condition-level results show that robustness differed by exercise and
metric. SLS trunk side tilt, STS pelvis vertical displacement, and MINI squat
depth or knee flexion showed clearer changes under the tested conditions than the
STS and MINI trunk-orientation metrics. Therefore, distance and lighting effects
should be interpreted at the metric level, rather than as a single robustness value
for the whole MediaPipe-based pipeline.

4.4 Repeatability

Repeatability is interpreted as the stability of the MediaPipe-MoCap error across
repeated recordings. The main question here is whether MediaPipe stayed close to
the MoCap reference when the same exercise was repeated within the same session
or across different days.

Table 4.7: Repeatability of MediaPipe-MoCap error across repeated recordings.

Within-session Within-session Within-session Across-day Across-day Across-day
Exercise Metric MAE bias error change MAE bias error change
(mean + SD) (mean + SD) (mean + SD) (mean + SD) (mean + SD) (mean + SD)

Pelvis horizontal displacement 0.0432 £ 0.0285 —0.0423 £0.0299 0.0250 + 0.0127 0.0410 £ 0.0238 —0.0410 £ 0.0238 0.0209 + 0.0079

SLS / trunk length (ratio)
Trunk side tilt (degree) 1.10 £ 0.92 —0.63 £1.30 0.72 £ 0.57 1.09 +0.88 —0.47 £1.31 1.294+0.31
STS Trunk forward lean (degree) 4.65 £2.74 4.26 £+ 3.34 2.84 +2.65 4.10 £2.34 2.95 + 3.64 3.92 £ 2.05
Pelvis vertical displacement / 0.1050 +0.0670 —0.1050 £ 0.0670 0.0302 £ 0.0231 0.0947 £ 0.0712 —0.0947 £ 0.0712 0.0434 £ 0.0234
trunk length (ratio)
Depth / trunk length (ratio) 0.0501 +0.0318 —0.0368 & 0.0472 0.0180 £ 0.0123 0.0430 & 0.0304 —0.0408 £ 0.0336 0.0310 =+ 0.0062
MINI Knee flexion, visible side (de- 3.77+2.41 —3.09 £ 3.27 1.71+£1.18 4.53 £2.97 —4.11 £ 3.57 3.01+1.71
gree)
Trunk forward lean (degree) 2.21 +1.61 —0.48 £2.73 1.12 +1.50 2.21 + 1.59 0.07 £ 2.76 2.12+2.32

The repeatability results show that the stability of the MediaPipe-MoCap error
depended strongly on the selected metric. The SLS metrics, MINI depth, and MINI
trunk forward lean showed more stable agreement with MoCap across repeated
recordings. In contrast, STS trunk forward lean and MINI knee flexion on the
camera-facing side were more sensitive to repeated-recording variation, especially in
the across-day comparison.
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For MINI, the depth metric was more repeatable than knee flexion. This supports
the pattern seen in the condition 1 results, where displacement-based metrics were
generally more dependable than knee-angle estimation. Although using the camera-
facing leg made the knee-flexion metric more appropriate for the side-view setup,
it still remained sensitive to landmark visibility, small changes in body orientation,
and the limitations of 2D angle estimation.

4.5 Illustrative Feedback and User-Interface Out-
puts

The feedback prototype was included to show how the computed movement metrics
could be presented after pose processing. Two output formats were implemented:
real-time feedback for the exercising user and a session-review dashboard for phys-
iotherapists. The prototype was not clinically validated, but it provides an example
of how the metric pipeline could be turned into more interpretable outputs.

4.5.1 Patient-Facing Feedback

The patient-facing interface converted pose-derived measurements into short mes-
sages during exercise execution. The messages covered posture correction, balance
guidance, repetition counting, compensation warnings, and camera or pose-detection
issues. The purpose was to give action-oriented guidance during the exercise, instead
of showing raw landmark coordinates or numerical error values.

G A DOUBLE SUPPORT CORRECT: O

o 200 o oz
LIFT ONE FOOT AND HOLD S

Figure 4.2: Preparation-stage patient-facing interface for SLS.
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Figure 4.3: Preparation-stage patient-facing interface for ST'S.
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Figure 4.4: Preparation-stage patient-facing interface for MINI.
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Tables 4.8-4.10 list the feedback messages implemented for each exercise and the

corresponding trigger conditions.

Table 4.8: Subject-interface feedback messages for SLS.

Subject-interface feedback

Trigger / interpretation

LIFT ONE FOOT AND HOLD

The participant is in starting position

LIFT YOUR FOOT HIGHER

The foot is lifted, but the height is below the
hold threshold

GOOD POSTURE

Trunk lateral lean is within the acceptable
range

TRUNK LEANING. RETURN TO CENTER

Trunk lateral lean exceeds the warning
threshold

EXCESSIVE TRUNK LATERAL LEAN

Trunk lateral lean exceeds the compensation
threshold

GREAT BALANCE

Pelvis sway during the hold is very small

GOOD BALANCE

Pelvis sway remains within the acceptable
range

KEEP HIPS STEADY

Pelvis sway exceeds the warning threshold

ARM COMPENSATION

Arm elevation compensation is detected
during the hold

CAMERA NOT ALIGNED PROPERLY

The frontal camera view is not sufficiently
reliable

NO POSE DETECTED

MediaPipe Pose does not detect a valid body
pose

Table 4.9: Subject-interface feedback messages for STS.

Subject-interface feedback

Trigger / interpretation

RAISE ARMS IN FRONT

The participant is seated, but the arms are
not in the required starting position

READY TO STAND UP WHEN YOU ARE READY

The starting posture is detected as ready

LEAN FORWARD MORE

More forward trunk lean is needed

KEEP GOING. STAND UP FULLY

The participant is extending toward standing

USE OF HANDS

Hand support is detected during the
movement

EXCESSIVE TRUNK MOMENTUM

Excessive trunk-driven movement is detected

INCOMPLETE EXTENSION

The final standing posture is not fully
extended

COMPLETE! SIT-TO-STAND: x.x s

A sit-to-stand repetition is completed and the
repetition duration is displayed

SIT DOWN TO START

Standing posture is detected before exercise
session

CAMERA NOT ALIGNED PROPERLY

The sagittal camera view is not sufficiently
reliable

NO POSE DETECTED

MediaPipe Pose does not detect a valid body
pose
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Table 4.10: Subject-interface feedback messages for MINI.

Subject-interface feedback

Trigger / interpretation

READY TO SQUAT WHEN YOU ARE READY

The participant is in the standing posture
before exercise

GOOD FORM. KEEP GOING

No active fault feedback is currently triggered

LOWER YOUR HIPS

Squat depth is insufficient

SQUAT TOO DEEP

Squat depth exceeds the expected range

BEND BACKWARDS

Trunk forward lean angle exceeds the
threshold but below the excessive forward
lean threshold

BEND FORWARD

More forward leaning is needed

EXCESSIVE FORWARD LEAN

Trunk forward lean exceeds the compensation
threshold

EXCESSIVE HIP FLEXION

Hip flexion exceeds the compensation
threshold

KNEE FALLING OVER TOE

The knee translates forward beyond the toe
reference

HANDS ON THIGHS

Hands are detected on the thighs during the
movement

CAMERA NOT ALIGNED PROPERLY

The sagittal camera view is not sufficiently
reliable

NO POSE DETECTED

MediaPipe Pose does not detect a valid body

pose

4.5.2 Therapist-Facing Review Dashboard

The therapist-facing dashboard was implemented for asynchronous session review.
After each monitored session, the pipeline exported a structured JSON file con-
taining exercise summaries, repetition-level labels, selected frame-level metrics, and
review status information. These saved sessions could then be opened in a Streamlit-
based dashboard.

The dashboard included a session list as shown in Figure 4.5, a session detail view
with within-session time-series plots and a therapist feedback as shown from Fig-
ure 4.6a to Figure 4.6c. The detail view presented exercise-specific summaries, in-
cluding repetition counts, correct and incorrect repetitions, best hold time for SLS,
fastest repetition time for STS, and movement-quality indicators for individual rep-
etitions. When frame-level metrics were available, selected time-series signals were
plotted to support a more detailed review.

The two interfaces used the same underlying pose-derived information in differ-
ent ways. The patient-facing view emphasized immediate guidance during exercise
execution, while the therapist-facing dashboard emphasized later review, session
summaries, and follow-up. This separation was useful for the prototype because the
two user groups need different levels of detail from the same monitoring pipeline.
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app Remote rehabilitation session review and feedback
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5

Figure 4.5: Session list view of the therapist-facing dashboard.

Figure 4.6: Session detail
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(b) Within-session time-series plots

Figure 4.6: Session detail views from the therapist-facing dashboard continued.
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Figure 4.6: Session detail views from the therapist-facing dashboard continued.
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Discussion

5.1 Main Findings

This thesis evaluated a MediaPipe Pose-based pipeline for monitoring the selected
rehabilitation-oriented exercises with a single RGB camera. The main finding is
that the pipeline did not perform equally well for all exercises or metrics. Trunk-
orientation metrics and some normalized displacement metrics were the most con-
sistent, especially SLS trunk side tilt and MINI trunk forward lean. In contrast,
MINTI knee flexion on the camera-facing side produced the largest active-segment
error, showing the difficulty of estimating lower-limb joint angles from a 2D camera
view in this setup.

The distinction between full-trial and active-segment evaluation was important.
Full-trial errors were often lower because the recordings included preparation phases,
static periods, and other parts of the trial where little movement occurred. Active-
segment evaluation gave a stricter view of performance during the actual exercise
movement, and was therefore more relevant for judging exercise execution quality.
The results also showed clear variation between participants and recording con-
ditions. Some metrics were more affected by subject-specific movement patterns,
while others changed more under distance or lighting variations. This means that
the pipeline should be judged by individual metric and exercise, rather than by
treating MediaPipe Pose as equally accurate across all movement tasks.

The repeatability analysis focused on the stability of the MediaPipe-MoCap error
across repeated recordings. The results showed that the error was generally more
stable within the same session than across different days, although the pattern de-
pended on the metric. SLS trunk side tilt, SLS pelvis horizontal displacement, MINI
depth, and MINI trunk forward lean showed relatively stable errors. In contrast,
STS trunk forward lean and MINT visible-side knee flexion were more sensitive to re-
peated recording and day-to-day variation. This indicates that repeatability in this
study should be understood as the reproducibility of the agreement with MoCap,
rather than only as the internal consistency of MediaPipe-derived measurements.

5.2 Limitations
The results should be interpreted in relation to the size and composition of the
dataset. Only five healthy participants were included, and the exercises were per-

formed under structured laboratory conditions. The subject-level results are there-
fore useful for identifying possible variation between participants, but they are not
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sufficient to describe how the system would perform in a wider clinical population.
Patients with pain, reduced mobility, neurological impairments, or stronger com-
pensatory strategies may produce different movement patterns from those observed
in this study.

The laboratory setup also limited how far the findings can be transferred to real home
use. Although distance and lighting were varied, the recordings did not include the
full range of home-environment challenges, such as furniture, background clutter,
loose clothing, partial occlusion, or inconsistent camera placement. For this reason,
the robustness results should be read as an evaluation of selected recording changes,
not as a complete test of home deployment.

The use of a single RGB camera made the system simple and practical, but it also
constrained the types of measurements that could be estimated reliably. Metrics that
were mostly visible in the camera plane, such as trunk orientation and normalized
displacement, were generally more stable. In contrast, depth-related or out-of-plane
movement was harder to assess, which helps explain the larger errors observed for
lower-limb joint-angle metrics such as MINT knee flexion.

Another limitation was that the RGB video and MoCap systems were not hardware-
synchronized. Offline signal-based alignment enabled frame-wise comparison, but it
may still introduce uncertainty when the alignment signal is weak or when the move-
ment contains only small dynamic changes. This uncertainty should be considered
when interpreting time-dependent errors and active-segment comparisons.

Finally, the feedback prototype was rule-based and exploratory. The thresholds were
used to demonstrate how pose-derived metrics could be translated into patient-
facing and physiotherapist-facing outputs, but they were not clinically validated.
The interface was also not tested with patients or physiotherapists, so no conclusion
can be made about usability, clinical usefulness, or user acceptance.

5.3 Practical Challenges for Real-World Use

Although the results show that some MediaPipe-derived metrics can be useful under
controlled conditions, using this type of system in real rehabilitation practice would
involve several additional challenges. A camera-based system depends not only on
the pose-estimation model, but also on how consistently the recording setup is used.
Patients would need to place the camera at a suitable distance and angle, keep the
full body visible, avoid occlusion, and follow exercise instructions without direct
supervision. Small changes in camera position, lighting, clothing, room layout, or
body orientation may affect landmark quality and therefore change the computed
metrics.

Another practical challenge is interpretation. The system can produce numerical
metrics and rule-based feedback, but these outputs still need to be meaningful for
both patients and physiotherapists. Feedback that is too sensitive may confuse
or discourage patients, while feedback that is too general may not be useful for
correcting movement quality. For physiotherapists, the system should summarize
the most relevant information without creating too much extra review work.
Real-world use would also require attention to privacy and data handling. Video-
based rehabilitation monitoring may capture identifiable body images and parts of
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the home environment. Therefore, future implementations would need clear consent
procedures, secure data storage, and careful decisions about whether to store raw
videos, pose landmarks, or only summary metrics. These issues are outside the
technical evaluation in this thesis, but they are important before a camera-based
rehabilitation system can be used in practice.

5.4 Future Work

Future work should include a larger and more diverse dataset. This should include
more participants, a wider range of body types and clothing conditions, and eventu-
ally clinical participants performing rehabilitation exercises. A larger dataset would
make it possible to examine subject-level effects more systematically and to test
whether the observed metric-level patterns remain stable beyond a small healthy-
participant sample.

The system should also be evaluated in more realistic home environments. Future
recordings should include uncontrolled backgrounds, furniture, partial occlusion,
different lighting conditions, and more varied camera placements. Clear camera-
placement guidance will be important, since the results showed that metric inter-
pretation depends on matching the camera view to the dominant movement plane.
Further refinement is also needed in the processing pipeline and metric definitions.
Lower-limb joint-angle estimation, especially MINI knee flexion, should be improved
before it can be used with confidence for rehabilitation monitoring. Future stud-
ies could compare different pose-estimation models, add camera calibration, use
hardware synchronization during validation, or combine RGB pose estimation with
additional sensors when higher accuracy is required.

The feedback prototype should be evaluated with physiotherapists and potential
users. Clinical input would help refine the compensation rules, threshold values,
and feedback messages. Usability testing would also be needed to determine whether
patients can understand and act on the feedback, and whether physiotherapists find
the session summaries useful for remote follow-up.
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Conclusion

The implemented pipeline shows that single-camera pose estimation can provide
useful information for selected rehabilitation monitoring tasks when the exercise,
camera view, and metric definition are carefully chosen. The strongest results were
obtained for trunk-orientation and normalized displacement metrics, while lower-
limb joint-angle estimation remained more limited. MediaPipe Pose should therefore
be viewed as a practical support tool for structured home exercise monitoring, rather
than as a direct substitute for laboratory motion capture. Further testing with
more participants, clinical users, and real home environments is needed before such
a system can be considered for practical rehabilitation use.
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Declaration of AI Tool Usage

AT tools were used as supporting tools during the preparation of this thesis. They
were used to support literature reading, online information searching, clarification
of technical concepts and formulas, and brainstorming of ideas and interpretations.
Al tools were also used to discuss alternative viewpoints, improve the clarity of
written explanations, and assist with LaTeX formatting of paragraphs, tables, and
equations.

Al tools were also used as support during the coding and analysis work. For ex-
ample, they helped me understand parts of the code structure, discuss possible im-
plementation approaches, and troubleshoot errors. However, the implementation,
analysis workflow, numerical results were checked by me against the project code,
data outputs, and thesis scope before they were included in the thesis.
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Appendix A - Source Code for
Video-Based Landmark Extraction

The following Python script was used to extract pose landmarks from recorded
videos using MediaPipe Pose and save them as long-format CSV files.

Listing A.1: Python script for extracting MediaPipe Pose landmarks from video
recordings.

from __future_ import annotations

import csv

from datetime import datetime
from pathlib import Path

from typing import Sequence

import cv2
import mediapipe as mp

INPUT_PATH = Path(r"video\5_5")
OUTPUT_DIR = Path(r"Outputs\5_5")
RECURSIVE = False

VIDEO_EXTENSIONS = {".mp4", ".mov", ".avi", ".mkv", ".m4v", ".wmv"}

MIN_DETECTION_CONFIDENCE = 0.5
MIN_TRACKING_CONFIDENCE = 0.5
MODEL_COMPLEXITY = 1
SMOOTH_LANDMARKS = True

LONGFORM_FIELDNAMES = [
"frame",
"timestamp_s",
"input_mode",
"landmark_id",
"landmark_name",
"X"
lly"

Ilz" .
"visibility",

def list_videos(input_dir: Path, recursive: bool = False) -> list[Path]:

candidates = input_dir.rglob("*") if recursive else input_dir.glob("x*")
videos = [

path

for path in candidates

if path.is_file() and path.suffix.lower () in VIDEO_EXTENSIONS
]

return sorted(videos)
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A. Appendix A - Source Code for Video-Based Landmark Extraction

def unique_path(path: Path) -> Path:

if not path.exists():
return path

index = 2
while True:
candidate = path.with_name(f"{path.stem}_{index}{path.suffix}")
if not candidate.exists():
return candidate
index += 1

def write_longform_landmarks(
writer: csv.DictWriter,
frame_idx: int,
timestamp_s: float,
landmarks: Sequence,
landmark_names: Sequencel[str],
) -> None:

for landmark_id, landmark in enumerate (landmarks):
writer.writerow (

{
"frame": frame_idx,
"timestamp_s": f"{timestamp_s:.4f}",
"input_mode": "video",
"landmark_id": landmark_id,
"landmark_name": landmark_names[landmark_id],
"x": f"{landmark.x:.6f}",
"y": f"{landmark.y:.6f}",
"z": f"{landmark.z:.6f}",
"visibility": f"{landmark.visibility:.6£f}",
}

def extract_video_landmarks (
video_path: Path,
output_dir: Path,
pose: object,
landmark_names: list[str],
) -> dict[str, object]:

cap = cv2.VideoCapture (str(video_path))
if not cap.isOpened():
return {

"video": str(video_path),
"status": "error",

"message": "Cannot_ open,video",
"frames": O,

"detected_frames": O,
"csv_path": None,

fps = cap.get(cv2.CAP_PROP_FPS)
if fps is None or fps <= O:
fps = 30.0

run_date datetime.now () .strftime ("%Y%m%d")
csv_path = unique_path(output_dir / f"{video_path.stem}_landmarks_{run_datel}.

csv"
frame_idx = 0
detected_frames = 0
with csv_path.open("w", newline="", encoding="utf-8") as csv_file:

writer = csv.DictWriter(csv_file, fieldnames=LONGFORM_FIELDNAMES)
writer.writeheader ()
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def

while cap.isOpened():
success, frame = cap.read()
if not success:
break

frame_idx += 1
timestamp_s = frame_idx / float (fps)

image_rgb = cv2.cvtColor (frame, cv2.COLOR_BGR2RGB)

image_rgb.flags.writeable = False
results = pose.process(image_rgb)
image_rgb.flags.writeable = True

if results.pose_landmarks:
detected_frames += 1
write_longform_landmarks (
writer,
frame_idx,
timestamp_s,
results.pose_landmarks.landmark,
landmark_names,

cap.release ()

return {

"video": str(video_path),

"status": "ok",

llmessagell: n Il’

"frames": frame_idx,
"detected_frames": detected_frames,

"csv_path": str(csv_path),

main () -> None:
OUTPUT_DIR.mkdir (parents=True, exist_ok=True)

if INPUT_PATH.is_file():
if INPUT_PATH.suffix.lower () not in VIDEO_EXTENSIONS:
raise ValueError (f"Unsupported, video ,extension: {INPUT_PATH.suffix}")
videos = [INPUT_PATH]
elif INPUT_PATH.is_dir():
videos = list_videos (INPUT_PATH, recursive=RECURSIVE)
else:
raise FileNotFoundError (£"Inputypath does not exist: {INPUT_PATH.resolve()}
ll)

if not videos:
raise FileNotFoundError (f"No,videos found, in:_ {INPUT_PATH.resolve()}")

mp_pose = mp.solutions.pose
landmark_names = [landmark.name for landmark in mp_pose.Poselandmark]
results = []

with mp_pose.Pose(
model_complexity=MODEL_COMPLEXITY,
smooth_landmarks=SMOOTH_LANDMARKS,
min_detection_confidence=MIN_DETECTION_CONFIDENCE,
min_tracking_confidence=MIN_TRACKING_CONFIDENCE,

) as pose:

total = len(videos)
for index, video_path in enumerate(videos, start=1):
result = extract_video_landmarks(
video_path,
OUTPUT_DIR,
pose,

landmark_names,
)

results.append(result)
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185 print (

186 f"[{index}/{total}] {video_path.namel} | "

187 f'"status={result[’status’]}_ I, "

188 f"frames={result[’frames’]} | "

189 f"detected={result[’detected_frames’]}"

190 )

191

192 ok_count = sum(1l for result in results if result["status"] == "ok")
193 error_count = len(results) - ok_count

194 print (f"Done. videos={len(results)}, ok={ok_count}, error={error_count}")
195

196

197 | if __name__ == "__main__":

198 main ()

IV



Appendix B - Additional Full-Trial
Evaluation Tables

The main text presents the active-segment comparison tables for the subject-level
and condition-level analyses. The corresponding full tables are provided here for

completeness.

Table B.1: Subject-level variability in full-trial MAE for each subject.

Exercise Metric

S01
(mean + SD)

S02
(mean + SD)

S03
(mean + SD)

S04
(mean + SD)

S05
(mean + SD)

SLS Pelvis horizontal displacement /

trunk length
Trunk side tilt

unitless 0.0125 £ 0.0043

degree  2.1366 £ 0.2470

0.0311 £ 0.0079

0.9532 £ 0.3379

0.0340 £ 0.0069

0.8666 £ 0.0905

0.0466 £ 0.0106

0.6831 £ 0.0510

0.0133 £ 0.0052

0.5972 £ 0.0784

STS Trunk forward lean

Pelvis vertical displacement / trunk

length

degree  3.0262 £ 0.1832
unitless 0.0400 £ 0.0039

3.2288 £ 0.3358
0.0473 £0.0134

2.3192 £ 0.0752
0.0712 £ 0.0086

5.0440 £ 0.4219
0.0795 £ 0.0007

2.2036 £ 0.1022
0.0201 £ 0.0050

MINT Squat depth / trunk length
Knee flexion (visible side)
Trunk forward lean

unitless 0.0110 £ 0.0004
degree  4.1300 £ 0.0796

0.0097 £ 0.0027
4.9620 £0.7124
1.5611 £+ 0.1727

0.0339 £ 0.0098
3.0930 £ 0.4977
3.0125 £ 0.1383

0.0251 £ 0.0022
4.2050 £ 0.8161
1.4536 4 0.3433

degree  3.5478 £+ 0.1540

0.0381 £ 0.0048
2.3678 £ 0.3092
1.4402 4+ 0.1166

Table B.2: SLS full-segment condition results.

indicate increased MAE compared with matched condition 1 trials.

Positive error difference values

Condition Pelvis horizontal Error difference Trunk side tilt MAE Error difference Paired
displacement MAE [95% C1] [95% C1] trials
Condition 2 0.0279 +0.0107 2.3024° +1.0247° 1
[40.0006, +0.0208] [-0.5628, +3.0767)
Condition 3 0.0285 +0.0053 1.3355° —0.3031° 9
[4-0.0043, +0.0062] [-0.4869, -0.1192]
Condition 4 0.0249 +0.0052 1.4768° +0.3878° 4
[-0.0002, +0.0108] [40.0196, +0.6570]
Condition 5 0.0322 +0.0103 1.2829° +0.1161° 6

[-0.0027, +0.0295]

[-0.2807, +0.4772]

Table B.3: STS full-segment condition results.

indicate increased MAE compared with matched condition 1 trials.

Positive error difference values

Condition Trunk forward lean Error difference Pelvis vertical Error difference Paired
MAE [95% C1] displacement MAE 195% O oinls
Condition 2 2.7563° +0.1757° 0.0592 0.0189 3
[-0.1834, +0.6394] [-0.0027, +0.0354]
Condition 3 2.8687° +0*?3930 0.0592 +0.0103 9
[+0.2346, +0.2440] [+0.0009, +0.0198]
Condition 4 2.8365° +0.0672° 0.0511 0.0073 1
[-0.3074, +0.4010] [-0.0053, +0.0224]
Condition 5 3.0613° —0.1018° 0.0603 +0.0017 6

[-0.7164, +0.4721]

-0.0090, +0.0133)]




B. Appendix B - Additional Full-Trial Evaluation Tables

Table B.4: Mini-squat full-segment condition results. Positive error difference
values indicate increased MAE compared with matched condition 1 trials.

Condition Squat depth Error difference Knee flexion Error difference Trunk forward Error difference Paired
MAE [95% C1] MAE [95% CI] lean MAE [95% CI) trials
Condition 2 0.0294 +0.0065 5.0595° —0.2386° 2.1997° —0.5182° 4
[-0.0123, +0.0282] [-1.4592, +0.7390] [-0.9911, -0.0454]
Condition 3 0.0225 -0.0057 3.5695° ~0.2950° 2.6698° —0.5859° 2
[-0.0139, +0.0025) [-1.3443, +0.7543] [-1.1895, +0.0177]
Condition 4 0.0210 -0.0038 3.4117° ~0.2018° 2.1206° ~0.2490° 4
[-0.0136, +0.0028] [-1.1002, +0.3136] [-1.1321, +0.4925]
Condition 5 0.0246 -0.0024 3.2148° ~0.3136° 2.5031° +0.1004° 6
-0.0089, +0.0035] [-0.9204, +0.4257] [-0.7982, +0.9503]
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Appendix C - Supplementary

Results

C.1 Bland—Altman Summary Values

Table C.1 reports the numerical Bland-Altman summary values for the balanced
condition 1 trials. The signed difference was defined as MediaPipe minus MoCap.

Table C.1: Bland-Altman summary values for balanced condition 1 trials.

Exercise Metric Unit n MP MoCap Mean bias SD 95% LoA 95% LoA
mean mean (MP-MoCap)difference lower upper

Pelvis horizontal displacement .

SLS / trunk length unitless 15 0.1272 0.1632 -0.0359 0.0313 -0.0972 0.0254
Trunk side tilt degree 15 7.8448 8.2626 —0.4179° 1.0199° —2.4170° 1.5812°

STS Trunk forward lean degree 15 3.0849 -1.1750 4.2599° 3.2247° —2.0606° 10.5803°
K;:t‘ial displacement / trunk s 15 0.6093 0.7020 -0.0927 0.0496 -0.1899 0.0045

MINI Squat depth / trunk length unitless 15 0.3296 0.3662 -0.0366 0.0525 -0.1396 0.0664
Knee flexion (visible side) degree 15 148.8647  152.3402 —3.4755° 2.2186° —7.8239° 0.8729°
Trunk forward lean degree 15 -0.8344 0.5444 —1.3789° 1.6731° —4.6581° 1.9004°
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