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Abstract

A self-paced treadmill is a powerful tool enabling users, especially those with gait
abnormalities, to perform clinical gait analysis at their own comfortable speed, unlike a
fixed-speed treadmill. It comprises two components: position estimation and controller
design. Position estimation determines the participant's real-time location, while the
controller adjusts the speed based on location data. This study utilized a model
predictive controller to forecast the user's walking state and employed two position
estimation methods: marker-based (requiring the participant to wear markers) and
markerless (embedded in CAREN system belts). To evaluate the designed self-paced
treadmill, healthy adult participants walked on it in a simulated New York City
environment, completing three trials and filling out a questionnaire afterward. Results
indicated that participants felt more comfortable with the marker-based method,

although the markerless method scored closely.
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1 Introduction

1.1 Background and Motivation

In clinical gait analysis, understanding human locomotion is crucial for diagnosing and
treating various medical conditions [1], [2], [3]. Traditional overground gait analysis,
while effective, often requires extensive space and limits the ability to capture
repetitive strides [4], [5]. Instrumented treadmills have emerged as a popular
alternative, offering the ability to capture data from repetitive strides in a controlled
environment, enhancing the reliability and consistency of gait measurements [6], [7],
[8]. However, treadmill walking can influence gait, often resulting in decreased
preferred walking speed and stride length, slightly reduced joint range of motion, and
subtle changes in EMG activation patterns [9]. These differences may stem from the
absence of visual flow [10], the limited length of the treadmill belt [11], or the
imposition of a fixed walking speed [12]. A fixed walking speed is a significant
limitation in rehabilitation because it prevents patients from walking at their natural

pace, which makes an adaptive, self-paced treadmill more suitable [13], [14].

Self-paced treadmill technology is an emerging technique that attempts to address this
limitation by dynamically adjusting to the user's speed, ensuring a more natural gait
during analysis [15], [16]. One common approach is a self-paced treadmill, which
typically consists of two main components: a controller that adjusts the speed, and a
position estimator that tracks the user's position on the treadmill [17], [18]. Unlike
standard treadmills with fixed settings, self-paced treadmills provide individuals with

the freedom to dictate the step-by-step pace of their workout, making them highly



adaptable to different levels of gait analysis—from basic observation to advanced
biomechanical modeling—and to diverse goals, whether focused on clinical
rehabilitation (e.g., improving gait symmetry) or research and performance assessment
(e.g., quantifying joint angles or walking efficiency).[19], [20]. This user-centric
approach encourages a more personalized exercise experience, as individuals can tailor
their routines to match their gait aspirations and gradually increase intensity over time
[21]. A significant limitation in existing self-paced algorithms is the difficulty of
accurately predicting a user’s intended gait patterns in real time, which is essential for
adjusting the treadmill’s behavior to support natural movement, effective rehabilitation,

and personalized treatment plans.

To address this challenge, this thesis employs a Model Predictive Controller (MPC).
MPC allows for the prediction and adjustment of gait dynamics in real-time by
optimizing control actions based on a model of the human locomotion system. This
predictive capability allows interventions to be dynamically tailored to the individual's
needs, leading to effective outcomes such as a smoother, more natural, and comfortable
self-paced treadmill experience—an essential factor in accurate and meaningful gait
analysis. Smooth speed adjustments will minimize abrupt changes, reducing the risk of
discomfort, instability, or potential injury, which is critical for patients recovering from
conditions such as stroke, orthopedic surgeries, or neurological disorders [22]. By
allowing the treadmill to seamlessly adapt to the user's pace, it can better mimic natural
walking or running conditions, promoting more effective motor learning and retraining
of gait patterns. This can lead to improved rehabilitation outcomes, as patients are able

to practice walking in a way that closely resembles their natural movement, helping



them regain confidence and mobility faster [23]. The smooth speed transitions also
reduce the cognitive and physical effort required to maintain balance, allowing patients
to focus more on the quality of their movements, ultimately enhancing the effectiveness
of the rehabilitation process [24]. Overall, the implementation of a smooth self-paced
treadmill in rehabilitation settings can significantly enhance patient outcomes by

providing a safer, more comfortable, and more effective environment for gait analysis.
1.2 Purpose of the Thesis and Specific Aims

The purpose of this thesis is to design a self-paced treadmill algorithm capable of
smoothly and accurately responding to changes in a person’s self-determined walking
speed. The implementation of a self-determined walking speed treadmill requires a
controller that adjusts the treadmill’s belt speed according to the user’s movements.
While various controllers can achieve this, the focus of this thesis is on ensuring the
smoothness of the treadmill's belt movements. Model Predictive Control (MPC) is well
suited for this purpose due to its ability to predict future states and adjust treadmill
speed in real time based on the user’s position data—a key advantage in managing the
dynamic and anticipatory nature of self-paced walking. As detailed in Chapter 3,
MPC’s predictive framework provides flexibility and responsiveness, making it a
strong candidate compared to other control strategies. This predictive capability makes
MPC ideal for maintaining smooth and responsive belt movements in real-time. To
enable a treadmill to function as a self-paced device, real-time position data must be
continuously fed to the controller, allowing it to make immediate adjustments to the

treadmill speed based on the user's movements. This thesis considers two methods for



obtaining position data: marker-based and markerless. This thesis uses the term
markerless to align with the convention used in the self-paced treadmill literature, in
which it is defined as estimating the user’s position using data from the treadmill’s
equipped force plates, rather than relying on attached devices or traditional marker-
based motion capture. It is important to note that in other fields (particularly vision-
based machine-learning), the term markerless refers to camera or infrared sensor-based
position estimation. The marker-based method requires reflective markers to be

attached to the user's body.
This thesis was achieved through the following Specific Aims:
Specific Aim 1: Develop a real-time treadmill speed regulation controller using MPC.

Specific Aim 2: Incorporate marker-based and markerless position estimation methods

into the controller for enhanced treadmill performance.

Specific Aim 3: Conduct a comparative analysis of the markerless position estimation
method against marker-based methods using MPC, through a pilot study with data

collected from six subjects.

1.3 Significance of Study

The significance of this thesis lies in its use of an MPC controller to regulate the speed
of a self-paced treadmill. This is the first study to apply an MPC controller in the
context of gait analysis. The MPC controller has been designed for a self-paced
treadmill to balance competing objectives—including ensuring that speed adjustments

are smooth, that the user walks at their desired speed, and that the user does not walk



off the end of the treadmill— by predicting the user's next steps and dynamically
adjusting the treadmill speed accordingly. This ensures a smoother and more tailored
exercise experience, accommodating individual variations in gait and pace.
Additionally, the MPC controller simplifies the tuning process for clinicians—such as
physical therapists and rehabilitation specialists—by requiring fewer control
parameters to adjust. These parameters are meaningful because they directly relate to
how the treadmill responds to the user’s gait. Overall, the use of an MPC controller
enhances the usability, adaptability, and effectiveness of self-paced treadmills
compared to traditional control methods, making them more suitable for rehabilitation,

fitness training, and research studies.

An additional aspect of significance for this study is that most self-paced treadmills rely
on markers attached to the user’s lower back. However, these markers pose significant
issues, such as being covered by clothing, falling off the user’s body, and being
expensive. While markers offer precision, they prove to be a cumbersome tool.
Estimating the user’s position using a markerless approach helps overcome these

problems, providing a safe and efficient self-paced treadmill experience.

1.4 Overview of the Thesis Structure

The remainder of this thesis is structured as follows:

Chapter 2 provides a literature review on speed regulation controllers for self-paced

treadmills, and marker-based and markerless position tracking systems.

Chapter 3 details the creation of a real-time MPC controller for self-paced treadmill



speed regulation.

Chapter 4 describes the development of an accurate markerless position estimation

method.

Chapter 5 describes the experimental methodology, including setup and data

collection procedures.
Chapter 6 presents experimental results evaluating position estimation methods.
Chapter 7 discusses the implications of these results and addresses limitations.

Chapter 8 provides a conclusive summary of the findings and their broader

implications.



2 Literature Review

2.1 Benefits of Advanced Treadmill Technologies

There are two main ways in which advanced treadmills improve over conventional
treadmills, and many systems include both of them. They include integration with
virtual environments and treadmill speed regulations. Both advances are reviewed

below.
2.1.1 Integration of Treadmill with Virtual Environments

A limitation of conventional locomotor training is that walking on a treadmill
eliminates optic flow. Optic flow is the visual motion sensed by the eyes as the body
moves through the environment, which is important for controlling gait speed [25],
[26] and stride length [26], [27]. Incorporating a virtual environment into treadmill
training restores the optic flow of forward motion and may increase immersion and
motivation [28], making visual information regarding movement relevant and
important for improving walking patterns [25]. For individuals recovering from stroke,
treadmill training with an integrated virtual environment system encourages increased
gait speed [29], endurance, and community participation [30]. However, it is critical for
optic flow to match proprioceptive feedback from the limbs [31]. Any incongruence
between leg velocity and optic-flow velocity causes the user to alter their gait
characteristics in order to reduce the mismatch between competing visual and
proprioceptive feedback. [31]. It is well known that movement patterns can be

modified using visual or proprioceptive inputs (e.g., with prism glasses, virtual



environments, posturography platforms, split-belt treadmills). By aligning visual and
proprioceptive feedback, incorporating a virtual environment in treadmill training can
significantly enhance gait analysis accuracy and improve overall walking patterns for

individuals.
2.1.2 Treadmill Speed Regulation Benefits

Regulating treadmill speed is critical for enabling natural gait patterns and enhancing
user experience [32]. Self-paced treadmill training offers several advantages over
overground gait training. It can be conducted in a compact space, allows for a higher
volume of steps, and enables precise control of walking speed [33]. Moreover, since
the subject remains stationary and often elevated, the therapist's positioning is better
for providing assistance [34]. Additionally, overhead body weight-support systems can
be used to relieve the subject of a portion of their weight, making it safer and enabling
earlier training during the recovery period [6], [35]. In normal treadmill training the
speed remains constant; however, self-paced treadmills permit accelerations and
decelerations that can be performed [36]. Incorporating these dynamic adjustments

enhances the naturalness and effectiveness of gait training on self-paced treadmills.

Various methods have been explored to achieve an overground walking experience by
regulating treadmill speed, including feedback-controlled self-paced treadmills and
integration of treadmills with virtual environments. Additionally, numerous studies
have demonstrated that self-paced walking on treadmills more accurately simulates
over-ground walking compared to traditional treadmill systems [9], [36], [37], [38],

[39], [40]. Self- paced treadmills offer more natural and adaptive walking experiences



[8], [9], [12], making them valuable tools for gait analysis [38], rehabilitation [40],
and virtual reality applications [37], [39]. Despite their advantages, challenges such as
system complexity, cost, and the need for precise calibration and maintenance remain

[38], [41], [42].

It is important to recognize that self-paced treadmills can also effectively address the
limitations imposed by fixed walking speeds in these contexts. Traditional treadmills
constrain users to a predetermined pace, which can negatively impact their natural gait
patterns and overall performance. In contrast, self-paced treadmills’ adaptability is
particularly beneficial in environments where visual stimuli are varied, as it enables
users to focus on their movement without the distraction of an unchanging treadmill
speed [43], [44]. The ultimate goal for all for most users, particularly in rehabilitation
settings, is to transition from treadmill walking to overground walking; therefore, the
control strategy used in on the treadmill and overground walking modality must be
similar to ensure that improvements made during treadmill walking transfer effectively
to overground walking. Theoretically, if a person’s walking speed on a treadmill
matches their natural overground gait speed, and the treadmill belt moves at a constant
speed, there should be minimal biomechanical differences between treadmill and
overground walking. Self-paced treadmills, by allowing for dynamic speed
adjustments, help in achieving this alignment, making the transition to overground
walking more seamless [45]. The following sections review key studies that have
contributed to this field highlighting their methodologies, findings, advantages, and

disadvantages.



2.2 Methods Used to Regulate Treadmill Speed

Many studies have utilized traditional controllers such as proportional (P) feedback
[37], to regulate treadmill speed. The P feedback includes a pelvic position controller
designed to ensure users maintain a central position on the treadmill while they change
their walking speed. This controller uses a simple proportional feedback mechanism,
which can be less responsive and susceptible to disturbances than proportional-
derivative (PD) or proportional-integral-derivative (PID) controllers. This proportional
feedback control aims to maintain the user’s position by adjusting the treadmill speed
based on the user's location, but it may face challenges in quickly adapting to sudden
movements or external influences [37]. The findings of [37], which utilized P feedback,
align with the property of the P controller that makes the closed-loop system improve
transient response. Therefore, while P feedback is useful, its limitations highlight the
need for more advanced control methods to ensure optimal performance in varying

conditions.

Some studies add extra features to their P controllers, including dead zones and gain-
scheduling. The “gain as a function of position” [46] control scheme utilizes P
feedback and implements two distinct algorithms to regulate treadmill speed. The first
algorithm operates by dividing the treadmill surface into zones and adjusting the belt
speed basedon the user's position relative to a central "dead zone." When the user moves
outside this zone, the treadmill increases speed incrementally across successive zones
to help stabilize them, particularly at the beginning of their walk. As the user moves

farther from the center, the last three zones trigger larger speed increases to quickly
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prevent the user from reaching the treadmill's edges. This method focuses on
counteracting inertia and friction forces to maintain balance during initial movements.
In contrast, the second algorithm divides the entire walking surface into 95 equal
regions, allowing for a smoother, more linear adjustment of the treadmill's speed [46].
As the user moves across these regions, the belt speed gradually increases in a uniform
manner, ensuring consistent speed adjustments across the walking area. This approach
provides a steadier and more stable walking experience by avoiding abrupt speed

changes.

Proportional-Derivative (PD) feedback is the other class of common controllers which
has been used to regulate the speed of a treadmill in many articles, e.g. [9], [38]. APD
feedback for a self-paced treadmill does speed correction proportional to the difference
in position between the subject and the middle of the belt, and to the speed of the
subject, with its Derivative- gain also a function of the position [38]. Proportional-
derivative (PD) feedback is used to regulate treadmill speed by not only considering
the subject's position error but also the rate at which this error is changing [47]. The P
term measures the current error by comparing the subject's actual position with the
desired central position on the treadmill. If the subject deviates from this central zone,
the system detects the error and adjusts the treadmill's speed accordingly. The
derivative term (D), on the other hand, predicts future error by assessing the rate of
change of the current error [38]. This helps in smoothing out the adjustments and
prevents overcorrection by dampening the response to rapid movements, ensuring more
stable and responsive control compared to using proportional feedback alone. In other

words, the proportional part of the algorithm reacts to the position error - how far the
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subject is from the desired position - while the derivative part considers the rate of
change of the position, which is how quickly the subject is moving away from or

towards the desired position.

An extension to PD control is provided in [38], [39], where they augment PD control
with a feed-forward term. This approach ensures that the treadmill can better predict
and react to the subject's movements. By adding a feed-forward term, the system can
predict the required speed adjustments based on expected changes in the subject's gait,
resulting in a more responsive and smoother control. This combined method improves
the treadmill's ability to maintain a central position and adapt to sudden movements,
offering a more stable and efficient walking experience for the user. The study in [39]
models the interaction between the walker and the platform as a second-order system
by considering the position and velocity of the walker. The control law implementation
involves two key quantities: the velocity and acceleration of the user, which are not
directly measurable. To address this issue, the researchers developed two separate
estimators to estimate the velocity and acceleration. After a short transient period, both
estimates converge to their true values when the user is moving at a constant
acceleration and velocity. This control scheme stabilizes the controlled treadmill and

helps to update the visualization of the virtual scene correctly.

To date, a variety of self-paced modes have been developed based on standard PD-
controllers, in which the belt speed is controlled by the feedback of the subject’s
position on the belt along with their walking speed. Several variations are reported

including a central zone [38], a feed-forward term in the control mechanism [47], or

12



differential gain as a function of position [46]. The extent to which PD feedback self-
paced walking will resemble the natural behaviour of the subject is expected to depend
on a specific feedback algorithm and its parameters. An optimum is likely to exist, with
the unwanted effects of the accelerations and decelerations minimized, while
physiological variability is facilitated [9]. The achievements of the papers that used PD
feedback align with the expected properties, resulting in faster and more damped

system responses.

The most common controller to regulate the treadmill speed up to date is proportional-
integral-derivative (PID) [36], [39]. The PID feedback scheme employs three
coefficients to regulate the treadmill's speed in response to varying conditions. This
approach makes the controller design process more flexible, offering more free
parameters to tune and meet performance criteria like smoothness and eliminating
overshoot by considering the system stability as a controller designer [39]. The PID
feedback mechanism operates by measuring the pelvis tracker's distance from the
treadmill center. The feedback software then calculates the treadmill's desired speed to
minimize this distance, incorporating the current distance, the rate of change since the
last frame, and the cumulative distance. As the distance increases, the treadmill speed
gradually rises to re-center the user. While greater proportional and derivative
coefficients can quickly return users to the center, this often results in sharp, sudden
movements that may be uncomfortable for inexperienced users. Thus, careful tuning of
these coefficients is essential for a balance between responsiveness and comfort [36].
While PID controllers are prevalent in industry due to their versatility, they have

notable disadvantages. Specifically, PID controllers react to instantaneous data and do
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not account for the effects of the control law on the future behavior of the closed- loop

system.

No self-paced algorithms have used MPC, but it is a commonly used controller in
many industrial applications. It is particularly well suited to this application due to its
predictive capabilities. While both MPC and PID controllers are popular in industry,
MPC is distinguished by several key differences. The most important difference is that
MPC uses a mathematical model of the system to predict future behavior over a specific
time horizon and optimizes the control signal by solving an optimization problem at
each step. This approach allows MPC to predict the system's future output and adjust
the control signal to minimize future errors. Additionally, MPC can explicitly handle
input and output constraints during the optimization process, making it highly effective

in complex control scenarios [48].

2.3 Overview of Markerless and Marker-Based Motion Tracking

Systems

To regulate the speed of a self-paced treadmill smoothly, the controller needs to know
the center of mass (CoM) of the participant. The CoM is the point at which the mass of
the object appears to be concentrated, and it represents the point at which the total effect
of gravity acts on the object [49]. In the context of rehabilitation, accurately estimating
the CoM is vital for analyzing and improving human movement, balance, and posture
[50], [51]. Rehabilitation professionals use CoM estimation to design effective
therapeutic interventions (e.g., balance training, fall prevention programs, and gait

rehabilitation exercises) [52], [53], to create customized prosthetics [54], [55], and to
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develop exercise programs tailored to individual needs [56], [57]. By understanding the
CoM relative to the base of support, therapists can more accurately assess a patient's
gait and balance. This allows them to identify areas of weakness or instability when the
CoM moves too far outside the base of support, which can lead to loss of balance. With
this information, therapists can implement targeted strategies to enhance functional
mobility, improve balance control, and prevent falls by ensuring that the CoM remains
within a stable range relative to the base of support during movement [58], [59]. This
application is particularly important for patients recovering from injuries, surgeries, or
those with conditions affecting their musculoskeletal or neurological systems,
ultimately contributing to a more efficient and successful rehabilitation process [60],
[61]. Overall, the accurate estimation of CoM is a cornerstone of effective
rehabilitation, enabling tailored interventions that significantly enhance patient

outcomes.

Using an accurate method to estimate or access the CoM is vital for the controller to
determine the appropriate speed adjustments for seamless treadmill operation. The

most common approaches for estimating the CoM in self-paced algorithms include:

e Marker-based approaches, which attach reflective markers to the user's body to

estimate the CoM.

e Model-based markerless approaches, which use an instrumented force plate to
gather force and pressure data, which can then be converted into position

information.

e Modeless markerless approaches. These approaches use sensors such as ultrasound
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or inertial measurement units to estimate position.

Many recent papers have explored video-based markerless motion-capture using deep-
learning approaches to estimate skeleton structure [62], [63] but these approaches have
yet to be used for real-time control of self-paced treadmills; likely because temporary

glitches in current approaches could lead to dangerous control actions.
2.3.1 Marker-based Approaches

Most self-paced treadmills rely on reflective markers to track the user's position in real
time. Motion Capture (MoCap) cameras are sophisticated tools used to estimate the
position and movement of objects or individuals in three-dimensional space. MoCap
systems typically involve multiple cameras arranged around the area where the motion
will be captured. These cameras can be infrared or optical. The cameras are calibrated to
ensure they have a common reference frame, allowing accurate three-dimensional
position estimation. Reflective markers are placed on key anatomical points of the
subject’s body. These markers reflect infrared light emitted by the cameras, which is
then captured by the cameras. The cameras capture the reflected light from the
markers, recording their positions in each frame. The system then triangulates the
position of each marker using data from multiple cameras, calculating the three-
dimensional coordinates of each marker in space. The captured data is processed using
specialized software that reconstructs the motion of the markers in three dimensions.
The software connects the markers to create a digital representation of the subject’s

movements, often overlaid on a skeletal model.

There are several limitations to marker-based approaches. These include potential
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discomfort of markers placement, the potential for markers occlusion leading to
inaccuracies, the limited flexibility in terms of user compatibility, the complexity and
time required for setup, the dependence on controlled environmental conditions, and
the potential for the markers to fall off [64] [65]. These limitations highlight the field’s
continued reliance on marker-based systems underscores the need for more user-

friendly and versatile solutions.
2.3.2 Model-based Markerless Approaches

Recent advancements have introduced model-based markerless self-paced treadmills,
which use estimation models to monitor and interpret users’ movements without the
need for external sensors or markers [66], [67]. Force plates measure the ground
reaction forces and moments exerted by a person standing, walking, or performing
other activities. In biomechanics, the Center of Pressure (CoP) is defined as the point of
application of the resultant ground reaction force vector on the surface of contact,
typically a force plate. It represents the location on the ground where the total sum of all
pressure fields (forces) act, leading to a single point of application. The CoP is a critical
parameter for analyzing balance, posture, and gait, as it reflects the body's response to
maintain stability by adjusting the forces exerted by the feet on the ground [68]. The

CoP is calculated using the moments (M, My) and the vertical force (F) as follows,

M (1)
CoP, = — 2,
or, FZ

M, (2)
CoP, = ——=.
0 y FZ
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The CoP is the location of the resultant reaction force relative to the base of support. In
quiet standing, the center of gravity sways around near the center of the base of
support, while the CoP moves even faster to push the weight force back to the center of
the base of support. The total movement and velocities of these two variables are potent

measures of a person's balance.

The total movement and velocities of these two variables are potent measures of a
person's balance [69]. During quiet standing or slow movements, the CoM and CoP are
closely related, but they are not the same. The CoM represents the weighted average
position of body mass, while the CoP is the point where the resultant force acts. For
dynamic activities like walking or jumping, the CoM moves relative to the CoP [68]. The
relationship between CoM and CoP can be modeled using the inverted pendulum
model, where the body is considered, a pendulum pivoting around the CoP. Force
plate-based methods benefit from providing accurate measurement of ground reaction
forces and moments, but it suffers from requiring expensive equipment and dedicated

laboratory space and is limited to the measurement area of the force plates [38], [70].

Model-based markerless approaches for estimating the CoM utilize mathematical or
computational models to predict the CoM based on the body's physical characteristics
[71]. These methods involve creating a detailed model of the human body, often
segmented into multiple parts like the torso, arms, and legs, each with assigned
properties such as mass and length [72]. By incorporating static data (e.g., segment

dimensions) and dynamic data (e.g., joint angles and external forces), these models
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compute the CoM through various equations. For instance, in a segmental model, the

CoM is calculated as a weighted average of the CoMs of individual segments, with

weights corresponding to their masses. This approach allows for accurate estimation of

the CoM in both static and dynamic conditions, making it valuable in fields such as

biomechanics, sports science, and rehabilitation, where precise understanding of body

mechanics and movement is crucial [73]. A general overview of model-based methods

used to estimate the CoM is presented.

2.3.3 Modeless Markerless Approaches

There are a variety of modeless markerless approaches. They include:

Inertial Sensor-Based Methods. Inertial Sensors offer benefits such as
portability and ease of use. However, they suffer from two main issues:
susceptibility to sensor drift over time and sensitivity to sensor placement

and orientation, which can affect accuracy [74].

Computer vision approaches. This approach uses regular or depth
cameras to estimate user position without physical markers, form a
significant category of markerless tracking systems. These methods offer
advantages in flexibility and user comfort compared to marker-based
systems or sensors embedded in equipment, though they face challenges
such as occlusion, varying lighting conditions, and computational

demands.

Ultrasound range finders. This approach works by emitting sound waves
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from a transducer, which then bounce off a passive reflector attached to the
user’s body. The time it takes for the sound waves to return to the
transducer is used to calculate the distance between the sensor and the
reflector, allowing for the determination of the user’s position in space.
This method typically involves placing the ultrasound device in a fixed
position while the user moves, allowing the system to track the movement
of the reflector on the user’s body, typically aligned with the chest to

approximate the CoM [38].

Ultrasound-based CoM estimation is advantageous because it is non-invasive,
relatively cost-effective, and can be employed in real-time, making it suitable for
dynamic environments like rehabilitation or gait analysis. Although ultrasound sensors
can be sensitive to environmental factors in general, in controlled environments like
rehabilitation labs where sensor location and angle remain fixed and temperature and
humidity changes are slow, these effects are expected to be minimal. The ultrasound
range finders may also face challenges in maintaining accuracy over longer distances
or with non-ideal surface textures on the body, potentially leading to errors in position
estimation. Moreover, while ultrasound can track movement well in two dimensions, it
may struggle to provide reliable data for CoM estimation in three-dimensional space

without additional sensors or calibration techniques.
2.3.4 Outcomes of Self-Regulating Treadmill Approaches

Recent studies have focused on enhancing the functionality and effectiveness of self-

paced treadmill systems and motion capture technologies in gait analysis and
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rehabilitation. Yoon et al. developed an algorithm that accurately estimates walking
speed based on body movement and applies this to control the treadmill's speed
dynamically [75]. Canete et al. designed an algorithm that dynamically adjusts the
treadmill speed based on the user's walking behavior, aiming to replicate natural
walking conditions more accurately. Wiens et al. [76] compared the markerless system
with a traditional marker-based system in terms of joint kinematics. Wang et al.
focused on improving treadmill speed adaptation and reducing acceleration ripples to
enhance the user's walking experience. The novel aspect of this study is the
introduction of a virtual force and a virtual force moment balance kinetic model to
design the treadmill's acceleration [77]. Song et al. evaluated a novel markerless motion
capture system for its precision and stability in clinical environments. Key novel
contributions include markerless technology: the system eliminates the need for
physical markers, making it more practical and less intrusive for clinical use, real-time
analysis: the system provides real-time data processing, enhancing its utility for
immediate clinical feedback and decision-making. The findings indicate that the
markerless system offers comparable accuracy to traditional methods, with added
benefits of ease of use and reduced preparation time, making it a viable option for

clinical motion analysis [78].
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3 Aim 1: MPC Controller Design

To control the treadmill speed and enable it to be self-paced, a controller is required to
modulate the treadmill speed dynamically [48]. Model Predictive Control (MPC) is
commonly used in industrial applications due to its ability to handle multi-variable
control problems, optimize performance over a horizon, and incorporate constraints,
but has not yet been applied to self-paced walking. MPC has been employed for this
purpose due to its ability to predict future states and make decisions accordingly, and

operates based on four main components [79], [80], [81]:

1- Cost Function (Terminal Cost): Quantifies system performance based on specific
criteria, penalizing deviations from desired states to ensure the system reaches its

desired final values.

2- Prediction horizon: The time interval over which the future behavior of the
system is predicted, determining how far into the future the controller looks to

make decisions.

3 Control horizon: The duration within the overall prediction horizon during which

the controller actively adjusts control inputs.

4- Update mechanism: MPC operates in a receding horizon fashion, solving the
optimization problem at each time step and applying the first element of the optimal

control sequence to the system.

3.1.1 Intuitive Discussion
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Consider driving a vehicle on a straight road with normal visibility (let’s say 100
meters). The driver plans their course for the next 100 meters, better route planning,
balancing values of gas consumption, early obstacle detection, and ride smoothness.
They implement the first step of this plan while continually adjusting based on new
information. Of course, if a deer jumps out unexpectedly, they have not committed to
their entire sequence of actions, and they can revise their plan. MPC is a control
strategy that acts in similar way, enables planning several steps ahead but only commits
to the first step, unlike controllers that only consider the current state without predicting

the consequences of actions across a horizon.

3.1.2 Mathematic Discussion

As implied by its name, MPC requires a model, so consider a continuous-time linear

system described by the dynamics (3),
x(t) = Ax(t) + Bu(t), (3)

where x(t) € Rn is the state vector at time t, u(t) € R™ is the control input, A € R™n is

the state matrix, and B € R™*m js the input matrix.

The scalar quadratic cost function for MPC over a finite time horizon T, which refers
to the future prediction period over which the control algorithm optimizes its decisions,

is given by (4),

/:f ' [ (x(®) - xref(t))TQ (x(®) = xrer () + u(®OTRu(t) ] dt. (4)

Here, Q € R™mand R € R™™ are positive definite weighting matrices, and x,.(t) is
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the reference trajectory for the state. The Q matrix influences the importance of
minimizing deviations in the state trajectory from the reference, thus affecting the
system's response to state variations. On the other hand, the R matrix dictates the
significance of minimizing deviations in the control input, influencing the controller's
effort to adjust and optimize control actions. The careful tuning of Q and R matrices is

essential for achieving desired performance and stability in MPC applications.

Subject to (3) and potential state and input constraints, the MPC optimization problem

aims to minimize J,

i

Subject to x(t) = Ax(t) + Bu(t), (5)
and additional constraints on states and inputs.

The solution to this optimization problem provides a sequence of control inputs that
optimize the performance criteria over a finite time horizon. Unlike classical control
strategies such as proportional-integral-derivative (PID) control, MPC can
accommodate an unlimited range of optimization functions and evaluate trade-offs
across a horizon. The fact that it only executes the first action before recalculating the
optimal trajectory ensures that it is robust to uncertainty caused by the user’s
interactions. MPC accordingly provides a theoretically robust control strategy that
interfaces well with the types of values clinicians would like to optimize in a self-paced

controller.

3.2 Real-time Treadmill Speed Regulation Controller Using MPC
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To design an MPC controller, we first need a model of a person's position while
walking on the treadmill. To have the person’s position on the treadmill, we need a
model of the person walking on the treadmill. In this context, we will assume that the
person can be effectively modeled as an inverted pendulum [82]. Additionally, it is
assumed that the treadmill can be represented as a massless, frictionless cart. That is a
reasonable assumption because the treadmill we will use is regulated by a high-gain
feedback loop that enables it to achieve the targeted speed with a time constant of 0.06

ms. Consider the free-body diagram that has been illustrated in Figure 1.

" Psin@ §Nsin@,Pcosd

Xy

[ Treadmill

p
Figure 1. Free body diagram of a person with gravity and ground reaction forces shown
There are three coordinates reference frames and associated horizontal coordinate x:
the treadmill, the person relative to the treadmill, and the world reference frame,
denoted by xr, xr, and xw = xr + xr, respectively. In Figure 1, N represents the input
force generated by the person. The output involves the kinematics of the treadmill,
wherein each of xr, Xr or Xr can be chosen, and the others are determined by integration

or differentiation. [ is the height of the person’s CoM on the treadmill. 8 is the angle of
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the person with respect to the vertical axis, and m is the mass of the person. Applying
the first dynamical equation to the free body diagram in the horizontal direction, we

obtain (6)

l
N=mir|1-—7F| (6)

[+

ml
It is important to note that to derive (6), certain safe assumptions such as considering

the person remains reasonably upright 8 = 0 and xr is small relative to the base

support, were made, given that their impact was deemed negligible [70].

In this study, the cost function and prediction horizon are defined as follows,

J=a,(V? + Dx* + a,Au?, (7)
Nx = a3, (8)
N, = ay, ©)

where a@; € R* and a, € R* are prioritization coefficients, V is the velocity, x is the
position, u is the control variable, Ny is the prediction horizon, Ny is the control
horizon, and a; € R* and a, € R*are constants. The larger values «;,i = 1,2 the
greater the impact on the value of the cost function. The first term of the treadmill will
be used to ensure that if the person’s position is far away from our set point and their
speed is fast, a high-speed control signal is inputted to maintain them in their desired
position. The second term of the cost function J ensures that the person’s position on
the treadmill will be penalized if they are far away from our set point, regardless of

their speed. The second coefficient, a,, acts like a low-pass filter. Therefore, it will
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provide a much smoother next speed if a greater value of a, has been selected. It is
worth mentioning that a very large value of a, will result in a slow reaction to the
person’s movement on the treadmill and might feel uncomfortable. For larger absolute
values of the error, position plays a more influential role in the cost function.
Additionally, a larger a; € R* allows the controller to better capture the system's
future behavior, and a larger a, € R* provides more freedom for the controller to

optimize future control moves.
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4 Aim 2. Development of an Accurate Markerless

Position Estimation Method

Although certain studies have explored markerless solutions, they encounter challenges
associated with the noisy estimation of people's positions [36], [73], [83]. In this
context, an algebraic equation will be employed to directly relate CoP to CoM without

numerical drift [70], [84], [85], [86],

h
COM=COP+(1§. (10)

This technique establishes the relationship between the CoM in the anterior-posterior
direction, to the CoP using (10), where g is the acceleration due to gravity, a is the
acceleration, and h is the height of the person’s CoM. Linear acceleration is calculated
from the total force applied to both belts in the anterior-posterior direction, F, and the

user’s mass, m, such that,

o=t (12)
m

CoM height, h, is computed as a fraction of the user’s height, [, in [87] such that,

h = 0.551 x L (12)

By integrating the human model as an inverted pendulum, the MPC controller, a
realistic model of a person walking on the treadmill, and the position estimator, the

closed-loop block diagram of the system is depicted in Figure 2.
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Figure 2. Control block diagram of the self-paced markerless treadmill

Figure 2 demonstrates the details of how the self-paced treadmill operates. In our
control model block, we use an inverted pendulum to represent a person, which defines
the nominal system for our controller. The MPC controller optimizes the cost function
based on this model, considering both the control horizon and prediction horizon, and
outputs the velocity as the control input. In real life, the plant, which describes a person
walking on the treadmill, will have the sequence of u applied to them, allowing them to
walk at their preferred pace. The treadmill’s force plates will send X.,p and F,p. We
have two choices for estimating the position X,: Using a motion capture camera or an
algebraic estimator. This procedure continues until the user decides to stop, at which
point the treadmill smoothly brings them to the position setpoint and stops the

treadmill’s belts.
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5 Aim 3: Methodology

5.1 Experimental Design

This study investigates the development and evaluation of a real-time treadmill speed
regulation controller using MPC. The primary goal is to test the feasibility of
integrating MPC to adapt treadmill speed responsively to user movements, aiming to
create a safer and more comfortable treadmill experience. The experimental protocol
was reviewed and approved by the Research Ethics Board (REB) under approval
number REB 2024-044. All participants provided informed consent prior to
participation, ensuring they were fully aware of the study’s procedures, risks, and
benefits. The experiments were conducted using the CAREN system, a motion
platform that integrates treadmill and motion capture technologies. The dynamics of
the CAREN system—such as platform responsiveness and latency—were carefully
considered in the design and tuning of the MPC models to ensure accurate speed
adjustments and effective synchronization between the controller and treadmill

environment.
5.2 Participants

In this section the number of participants, their age, gender, height, and weight in this

study will be discussed.
5.2.1 Sample Size

We recruited six participants for this exploratory study. No power analysis was
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performed, given that it was an exploratory study.
5.2.2 Apparatus and Environment

The investigational device used in this study was a Computer Assisted Rehabilitation
Environment (CAREN) System Treadmill [88]. The CAREN system is a sophisticated
multi-sensory platform designed for rehabilitation, research, and training purposes
[89]. It integrates various technologies, including motion capture, virtual reality, force
plates, and treadmill systems, to create a highly immersive and controlled environment
for assessing and improving human movement and function [90], [91]. The CAREN
system enables clinicians, researchers, and therapists to conduct comprehensive
assessments, develop personalized rehabilitation programs, and provide real-time
feedback to patients or subjects. The CAREN treadmill works the same as a normal
gym treadmill, except the belt speed can be adjusted based on the user's walking speed.
To ensure the safety of the participants, they were connected to the treadmill by a

safety bridge, and a harness was attached to them while they were on the treadmill.

In this study, a trial refers to one complete walking attempt under a specific test
condition. Each participant, an individual who volunteered for the study and will be
called a subject, completed 3 trials, including standard, algebraic, overground. In each
trial, subjects walked at their own pace for 5 minutes while interacting with a large
wrap-around screen that presented a New York City landscape demonstrated in Figure
3. Also, the cameras of the Motion Capture system can be seen at the bottom and sides
of the screen, and the reflections from the markers can be seen on the hips in Figure 3.

During each trial, participants were instructed to respond to the countdown timer as
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they would in a real-world scenario to determine whether to continue walking across

the street, accelerate to make it on time, or stop and wait for the next walk signal.

The treadmill speed and the visual cues automatically updated in real time using the
MPC algorithm, which adjusts the speed based on the user’s current position and
movement to provide smooth and responsive control. The walking sessions simulation
included features such as traffic lights, pedestrian walking, and barriers. Subjects were
given a two-minute break between trials. Also, in all 3 trials the markers plate was
placed on the participant’s lower back. During each trial the following data was

collected:

e Force data [N]: measured using the embedded force plates in the CAREN

treadmill, which capture ground reaction forces during walking.

e CoP data from the force plates: derived from the force plate data and

represents the point of application of the resultant ground reaction force.

e CoM from markers: estimated using motion capture markers placed on the
participant's body, tracked by the CAREN system’s integrated optical

tracking setup.

e Controller speed data [m/s]: captured from the treadmill control module,
representing the real-time belt speed as regulated by the self-paced control

algorithm.
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Figure 3. An example participant seen walking on the CAREN system in front of the

simulated New York walking scene
5.3 Ensuring Gait Changes

The test featured crosswalk timers at each intersection in the New York simulation that
were designed to mimic real-world crosswalk timers. A green timer represented a
‘walk light’, signaling for the participant to continue walking across the intersection. A
red timer indicated that the participant should stop and wait for the timer to turn green
before continuing to walk across the intersection. Finally, a white timer with a

countdown indicated how much time the participant had to cross the intersection before
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the timer would change to red. The green state was presented at 15% of intersections.
For the remaining 85% of the time, two distinct schemes for the countdown timer were

implemented, utilizing the following formula to prompt participants to take appropriate

actions:
Ax

t=—a, (13)
v

where t represents the amount of time available for a user to cross, Ax denotes the
distance from the participant to the beginning of the crosswalk, v indicates the user’s
current velocity, and a is a weighting coefficient. All variables were accurately
measured and calculated while ensuring that the countdown timer remained within the
participant's visible range. Specifically, a weighting coefficient of @« = 0.9 was
employed for 35% of the time to encourage users to accelerate while crossing the cross
walking, whereas a coefficient of @« = 0.6 was utilized for the remaining 50% to
prompt them to come to a stop. The purpose of the 50% and 35% probabilities for red
and yellow lights was to simulate real-world conditions, requiring participants to stop
or speed up at several crosswalks, mimicking the need to adjust speed when
approaching an intersection. Participants' responses depended on their decisions: they
could choose to speed up to pass the crosswalk or slow down and stop. Figure 4 shows

how the traffic light and count down timer works in each trial.
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Countdown timer determined by conditions and speed

Figure 4. Schematic representation of the traffic light and countdown timer used in

each trial.

Figure 4 illustrates that when a participant is 35 meters away from the next traffic light,
the countdown timer begins if the traffic light is not green. The countdown timer is
initialized based on one of the three conditions shown in Figure 4 and the participant's
speed. The time allocated to the participant results in them walking at a normal pace to
cross 15% of the time, walking quickly to make it across 35% of the time, and slowing

down to stop 50% of the time.

5.4 Trials

The study consisted of three trials in randomized order:

e Normal Treadmill Trial. In this trial, the participants were instructed to
disregard traffic signs. The beginning of the 2-minute familiarization

period for this trial was used to find each participant’s comfortable walking
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speed. To do this, the treadmill speed was increased from 0 by 0.05 m/s
increments until the participant reached a self-determined comfortable
walking speed, which was recorded. Subsequently, the operator further
increased the treadmill speed until the participant indicated they felt they
were walking at a brisk pace. The speed was then gradually decreased to
establish a second comfortable walking speed for the participant. This
speed was also recorded. The treadmill speed was then set to the average of
these two comfortable recorded speeds for the remaining 5-minute portion

of the trial.

Marker-based Treadmill Trial. In this trial, the participant was notified to
follow the traffic signs and the countdown timers. To get used to this, they
had two minutes of familiarization. After the two-minute familiarization,
their data was collected for five minutes. They were informed that the
treadmill would react to their movements: if they walked slowly, the
treadmill belts would move slowly; if they walked fast, the belts would
move fast; and if they stopped or did not move, the belts would not start
moving. The participants’ position in this trial was estimated by markers

attached to their lower back.

Markerless Treadmill Trial. This trial was conducted in the same manner
as the Marker-based treadmill trial, except that the participants' position
was estimated using a markerless approach based on an algebraic method

applied to force plate data, rather than using motion capture markers.
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The trials were conducted in a randomized order for each participant to minimize order
effects. This randomized order was made to avoid bias when participants responded to
the Visual Analog Scale (VAS) after completing each trial, and VAS form has been
added to Appendix A. Figure 5 illustrates the procedure for completing the trials for

each participant.

2 Min 2 Min
2 Min B Break 2 Min Break 2 Min
Familiarization 1 Familiarization B2 Familiarization | J3
VAS VAS VAS

Figure 5. Randomized order of trials completion

In each block, B,, B,, and Bs represent one of the following trials: normal treadmill,
markerless self-paced treadmill, and marker-based self-paced treadmill. Each
participant underwent a 2-minute familiarization period for each trial to acclimate to
the specific trial condition. Following this familiarization, participants walked on the
treadmill for 5 minutes while data was collected. After each trial, participants had a 2-
minute break during which they were asked to complete the VAS questionnaire. This

procedure was repeated three times for each participant.

5.4.2 Inclusion and Exclusion Criteria

he participants' demographic details are presented in the following table, and the
demographic form is provided in Appendix B. 83% of the participants were female,

and 17% were male. The prescreening document is provided in Appendix C.
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Table 1. Demographic details of the participants

Age Height (cm) | Weight (kg)
Interval [19,25] [153,188] [42,79]
Average 21.5 169.2 58.7
Standard deviation 2.1 11.8 13.3

5.4.3 Examination of Speed Variability Within Trials

For the Marker-Based and Markerless trials, four distinct conditions were defined

based on real-time interactions with countdown timers and traffic signals within a 6-

second window, and their speed medians have been reported:

e Speed During Slow (MSDS): Recorded when the countdown timer
signals the need for the participant to slow down and stop at a red traffic

light. The data was collected during a 6-second window immediately

before the participant came to a complete stop.

e Speed During Fast (MSDF): Recorded when the countdown timer
prompts the participant to increase speed, often resulting in speeding up to
cross the intersection before the light turns red. The data was collected over

a 6-second window, starting exactly 6 seconds before the participant passed

38



the countdown timer.

e Speed During Normal (MSDN): Recorded when approaching a traffic
light with a countdown timer with enough time remaining to ensure safe
crossing at the current speed without the need for speed adjustments. The
data was collected over a 6-second window, starting 3 seconds before and

ending 3 seconds after the traffic light passed.

e Speed During None (MSD none): Recorded when no countdown timer is
present, indicating a standard speed condition. The data was collected over
a 6-second window, starting exactly 3 seconds after the participant passed

the traffic light.

These conditions were investigated to analyze participant responses and adjustments in

speed relative to environmental cues provided by countdown timers and traffic signals.

5.5 MPC Parameters

Users are most sensitive to changes in platform speed when they are standing still [32].
Consequently, the most difficult situation for unobtrusive platform control is when the
user abruptly stops walking. In this case, the treadmill must decelerate sufficiently fast
to keep the user within the boundaries of the platform and then bring the user back to
its center. However, it should not stop too quickly because this would destabilize the
user. To understand this, consider the analogy of a person walking forward in a moving
train. As long as the train is moving at a constant speed, accelerations and decelerations

during walking are unproblematic. However, if the train stops at the same moment as
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the person stops walking, the person’s momentum would catapult them forward. Abrupt
changes in treadmill velocity would have the same effect and, besides endangering the
user (by the risk of falling), would disrupt the immersiveness of the virtual
environments. Therefore, changes in treadmill speed should be kept as small as
possible. Depending on how fast the user is walking before stopping and what their
position on the platform is, these two constraints of keeping the person within the
walking area and reducing changes in treadmill speed may be incompatible. Therefore,
choosing appropriate coefficients for MPC controller is vital since the cost function (7),
prediction horizon (8), control horizon (9), and sampling time parameters significantly
affect the system response. These parameters were heuristically tuned based on
preliminary user feedback provided by the co- investigators. The smoothness of the
speed is directly related to these parameters, but the system remains stable as long as

(14) and (15) is greater than zero. The following parameters were used for the

controller,

a, = 12, (14)
a, = 0.4, (15)
N, = 0.92sec, (16)
N, = 0.9sec. a7

A sampling time of h = 0.04 seconds was chosen. The prediction horizon of 0.92
seconds indicates that the participant's position on the treadmill is estimated 0.92
seconds into the future, based on the methodology proposed in Section 3.2. The control

horizon of 0.9 seconds implies that we are generating our control input sequence for
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the subsequent 0.9 seconds, though only the first entry of this sequence is applied at

each sampling instance.

5.6 Data Analysis

5.6.1 Primary Outcome Measure

The primary outcome measure was a series of visual analog scales asking participants
after each trial how various aspects of the experience were compared with normal
walking. Each of these questions was compared between trials (e.g., normal treadmill,
marker, and markerless) using robust factorial repeated measures ANOVA [92] and,
where differences were noted, a post-hoc Bonferroni [93] test was done to assess which

conditions yielded significant differences (p <0.05).
5.6.2 Secondary Outcome Measure

The secondary outcome measure was an analysis of the variation in walking speed
between the various controllers. Due to the dynamic environment in which participants
had to speed up to cross street intersections before a red light, or slow down to wait for
the next green light, the ability to naturally vary speed was important. For each of the
three algorithms, data was labeled according to four categories: steady-state walking
(the pedestrian light is green, and there is plenty of time to cross the intersection),
slowing down (average speed in the window 6 seconds before a red-light where
subjects were given 60% of the time necessary to cross the street at their typical speed),
speeding up (average speed in the window 6 seconds before a red-light where subjects

were given 90% of the time necessary to cross the street at their typical speed), and
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none (there are no traffic lights ahead, and the participants' speed is not influenced by
traffic light conditions). This condition has been averaged over a 6-second window,
starting 5 seconds after the participant passed the green light, with no traffic lights

visible during the subsequent 6 seconds.
5.6.3 Exploratory Outcome Measure

The markerless estimate of the CoM was compared with the gold-standard marker-
based CoM using the coefficient of determination (R%), which is a statistical measure
that represents the proportion of the variance in a dependent variable that is predictable

from one or more independent variables.
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6 Aim 3: Comparative Analysis of The Markerless and

Marker-based Position Estimation Results

The purpose of this study was to design a self-paced treadmill that smoothly adjusts to
the person’s speed. There were two methods for achieving a self-paced treadmill:
marker-based and markerless. We also examined the conventional treadmill, where
individuals can set their desired speed and begin their workout. We aimed to determine
the level of control participants felt over their speed when they were forced to stop or
speed up during each trial. To evaluate this, we collected their force plate data, CoM,
CoP, treadmill speed, their distance to the traffic light, and the state of the light across
three conditions. Additionally, after each trial, VAS scores were collected from

participants during their 2-minute break.

6.1 Visual Analog Score Results

The VAS questionnaire, which has 6 questions, is provided in Appendix A. Every
participant filled in the VAS after the end of each trial, and their feedback was
quantized from the analog scale into digitally quantized values that include fractional
(non-integer) steps, within a range of zero to ten. In the first four questions, zero
denotes an answer of “No Control” and ten reflects “Complete Control”. For questions
five and six, zero reflects “Not at all” and ten reflects “Felt the same”. In the following,

Figures 6 to 11 demonstrate the results.
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Question 1: please mark how this trial felt whenever you were standing still during the

trial. VAS scores are shown in Figure 6.

Quantified participant responses to Q1

Scale from 0 to 10

0 | 1
Marker-based Algebraic Standard

1

Figure 6. Quantified participant responses to question 1 (0 = No Control, 10 =

Complete Control)

Marker-Based Trial: Participants generally felt comfortable standing still, with a high
mean score of 7.05 and a low standard deviation of 1.15, indicating consistent

responses.

Algebraic Trial: The mean score was 6.09 with a higher standard deviation of 2.43,

suggesting more variability in participants' comfort levels.

Standard Treadmill: The mean score was 7.69, with a high standard deviation of 3.71,

indicating mixed feelings among participants.

Robust factorial repeated measures ANOVA was applied, and the p-value for three
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different conditions is 0.583, meaning that we cannot reject the null hypothesis for this

pilot data that one of the methods was statistically different than the others.

Question 2: please mark how this walking trial felt whenever you started and stopped

walking. VAS scores are shown in Figure 7.

Quantified participant responses to Q2
10 -

Scale from 0 to 10

Marker-based Algebraic Standard

Figure 7. Quantified participant responses to question 1 (0 = No Control, 10 =

Complete Control)

Marker-Based Trial: Participants found starting and stopping walking relatively easy,

with a high mean score of 6.94 and a low standard deviation of 1.25.

Algebraic Trial: The mean score was 3.9 with a standard deviation of 2.29, indicating

more difficulty and variability in responses.

Standard Treadmill: The mean score was 4.5, with a standard deviation of 3.09,

showing mixed experiences.
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The robust factorial repeated measures ANOVA was applied and the p-value for three
different conditions is 0.0898, meaning that we cannot reject the null hypothesis that

one of the methods was statistically different than the others.

Question 3: please mark how this walking trial felt whenever you were speeding up
to make it across an intersection or slowing down to wait for the next green light. VAS
scores are shown in Figure 8.

Quantified participant responses to Q3
10 .

Scale from 0 to 10

Marker-based Algebraic Standard

Figure 8. Quantified participant responses to question 3 (0 = No Control, 10 =

Complete Control)

Marker-Based Trial: Participants were comfortable with changing speeds, as shown by

the high mean score of 7.71 and a low standard deviation of 1.34.

Algebraic Trial: The mean score was 5.14 with a standard deviation of 1.95, indicating

moderate difficulty and some variability.

Standard Treadmill: The mean score was 3.48, with a high standard deviation of 4.17,
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suggesting mixed experiences and greater difficulty.

Robust factorial repeated measures ANOVA was applied, and the p-value for three
different conditions is 0.0553, meaning that we cannot reject the null hypothesis for

this pilot data that one of the methods was statistically different than the others.

Question 4: please mark how this walking session felt while you were walking at a

steady speed. VAS scores are shown in Figure 9.

Quantified participant responses to Q4
10 .

T

Scale from 0 to 10

Marker-based Algebraic Standard

Figure 9. Quantified participants responses to question 4 (0 = No Control, 10 =

Complete Control)

Marker-Based Trial: The high mean score of 8.47 and low standard deviation of 1.41
suggest that participants perceived their walking experience as being similar to

overground walking.

Algebraic Trial: The mean score was 5.33 with a standard deviation of 1.76, indicating

moderate comfort and some variability.

47



Standard Treadmill: The mean score was 7.97, with a standard deviation of 2.4,

showing relatively high comfort levels.

Robust factorial repeated measures ANOVA was applied, and the p-value for three
different conditions is 0.0264 for the average answer to question 4. Significant
differences were found between the marker-based and algebraic conditions. Since the
average for the marker-based condition (8.47) is higher than that for the algebraic

condition (5.43), it can be concluded that the marker-based condition is better.

Question 5: please mark how this walking trial felt like walking overground. VAS

scores are shown in Figure 10.

Quantified participant responses to Q5
10 .

Scale from 0 to 10

0 1 ]
Marker-based Algebraic Standard

Figure 10. Quantified participant responses to question 5 (0 = Not at all, 10 = Felt the

same)

Marker-Based Trial: Participants felt a high level of comfort walking overground, with

a mean score of 7.42 and a standard deviation of 1.41.
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Algebraic Trial: The mean score was 3.78 with a higher standard deviation of 3.02,

indicating varied experiences.

Standard Treadmill: The mean score was 8.1, with a standard deviation of 1.68,

suggesting consistent comfort levels.

Robust factorial repeated measures ANOVA was applied, and the p-value for three
different conditions is 0.0073 for the average answer to question 5. Significant
differences were found between the marker-based and algebraic conditions. Since the
average for the marker-based condition (7.42) is higher than that for the algebraic

condition (3.78), it can be concluded that the marker-based condition is better.

Question 6: please mark how much this walking trial felt like walking on a normal

treadmill. VAS scores are shown in Figure 11.

Quantified participant responses to Q6

Scale from 0 to 10

Marker-based Algebraic Standard

Figure 11. Quantified participant responses to question 6 (0 = Not at all, 10 = Felt the
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same)

Marker-Based Trial: The mean score was 5.76 with a standard deviation of 2.97,

indicating moderate comfort with some variability.

Algebraic Trial: The mean score was 2.54 with a standard deviation of 1.97, indicating

lower comfort levels and variability.

Standard Treadmill: The mean score was 9.09, with a standard deviation of 2.01,

showing high and consistent comfort levels.

Robust factorial repeated measures ANOVA was applied, and the p-value for three
different conditions is 0.0009 for the average answer to question 6. Significant
differences were found between the algebraic and standard conditions. Since the
average for the algebraic condition (2.54) is higher than that for the standard condition

(9.09), it can be concluded that the standard condition is better.

The VAS questionnaire showed a significant difference in three experiences: walking at
a steady speed, comparing the trial with overground walking, and comparing with
walking on a normal treadmill. The Bonferroni test revealed that participants found a
significant difference between the marker-based and algebraic self-paced treadmills in
their experience of finding a steady speed. Their scores demonstrate that it was easier to

walk at a steady speed with the marker-based trial compared to the markerless trial.

A significant difference was observed when participants compared walking on a self-
paced treadmill to overground walking, with the marker-based trial rated as most

similar to overground walking. Another significant difference appeared when
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comparing all trials to walking on a standard gym treadmill; as expected, the standard
trial received higher similarity scores, highlighting a clear distinction between the
algebraic and standard conditions. To investigate significant differences between the
same algebraic conditions, marker-based, and standard trials, p-values were calculated
for comparable conditions. For example, the average comfortable speed on the standard
trial was compared to the speeds during the "none” and "normal™ conditions of the

markerless trial, but no significant differences were found.
6.2 Speed Variability in Different Trials

Speed variability is a critical factor in biomechanical analysis, as fluctuations in
treadmill speed between trials can introduce inconsistencies in movement patterns and
Kinematic measurements. When comparing different trials for the same participant,
uncontrolled speed variations may affect the reliability of CoM estimates, making it
difficult to determine whether observed differences are due to actual biomechanical
changes or external inconsistencies. Assessing speed variability ensures that any
deviations in markerless and marker-based CoM estimations are not simply artifacts of

inconsistent treadmill speeds, strengthening the validity of the comparisons.

To compare speed variability between marker-based and markerless trials, all
participants considered. Two schemes were devised to illustrate the speed variability of

the trials:

1 Considering the participant's normal speed while walking on both algebraic

and marker-based self-paced treadmills.
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2 Measuring the difference between the maximum and minimum speed of

each walking trial and comparing them.

The first scheme helps interpret how much the position estimation technique might
potentially alter the participant's average speed. The second scheme helps assess the
variation between the maximum and minimum speeds while the participant walks on

both marker-based and algebraic self-paced treadmills.
Speed variability at normal speed and the maximum and minimum speed differences

across all participants are illustrated in figure 12 and figure 13.
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Figure 12. Median speed during normal pace across participants
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Figure 13. Speed difference variability between fast and slow pace

The median walking speed at a normal pace for the algebraic and marker-based
methods is 1.56 m/s and 1.48 m/s, respectively, with standard deviations of 0.14 and
0.1. The Wilcoxon matched-pairs test value is 0.29, so the null hypothesis that the
nominal speeds are the same between conditions cannot be rejected. The speed
difference variability between fast and slow walking speeds for the algebraic and
marker-based methods is 0.69 m/s and 0.71 m/s, respectively, with standard deviations
of 0.13 and 0.06. The Wilcoxon matched-pairs test value is 0.625, so the null

hypothesis that the speed variability between conditions is the same cannot be rejected.
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6.3 Exploratory Outcome Measure

RZ statistical analysis was implemented to assess the accuracy of the markerless CoM
estimates compared to the gold-standard marker-based CoM data. For each of the three
trials conducted with each participant, markerless and marker-based position data were
aligned to ensure precise comparisons. Then R2? was calculated by fitting a linear
regression model, where the marker-based CoM data served as the dependent variable
and the markerless CoM data as the independent variable. The RZ value indicates the
proportion of variance in the marker-based CoM that is predictable from the markerless

CoM, effectively measuring the strength and accuracy of the markerless estimates.

The results demonstrated that the markerless CoM estimates were remarkably close to
the marker-based CoM, with most R2values consistently falling from 0.89 to 0.94. The

RZ value of all six participants is presented in Table 2.

This high R? range suggests a strong correlation between the two methods, indicating
that the markerless system was highly effective in estimating the CoM. Additionally, a
scatter plot for a randomly selected participant is illustrated in Figure 14, where the x-
axis represents the marker-based position data, and the y-axis represents algebraic
estimation data. Most of the data points lie close to the fitted regression line, indicating
that the algebraic estimation closely follows the marker-based values. This
demonstrates a very strong linear relationship between the marker-based and algebraic

position estimation methods.
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Table 2. R? values comparing markerless and marker-based CoM estimates for all

participants

Participant number RZvalue Slope Intercept
Participant 1 0.89 0.92 [0.8,1.1] 0.11 [0.04,0.22]
Participant 2 0.93 0.94[0.8,1.2] 0.16 [0.08,0.3]
Participant 3 0.9 1.1[0.9,1.25] 0.12 [0.06,0.19]
Participant 4 0.89 0.91[0.8,1.2] -0.15 [-0.25,-0.1]
Participant 5 0.94 0.97 [0.8,1.2] -0.09 [-0.2,-0.04]
Participant 6 0.93 1.04 [0.8,1.2] 0.15 [0.05,0.27]
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Comparison: Marker-based vs Algebraic Estimation
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Figure 14. The scatter plot for a participant with R? = 0.93

To compare the marker-based CoM and algebraic CoM, a random participant was

selected, and the position data for one of the trials is illustrated over time in Figure 15.
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Figure 15. Marker-based and markerless CoM over time

The consistency of these results across different trials and participants supports the
reliability and validity of the markerless approach, showing that it can serve as a
practical alternative to the more cumbersome marker-based systems in various
applications, such as gait analysis and rehabilitation. Although the algebraic self-paced
treadmill achieved a similar score to the marker-based system from the participants, it
performed worse in terms of feedback provided by the participants. Shift and Noise
may be main reasons that describe the difference between the marker-based position
data, considered the gold standard, and the algebraic position estimation technique, as
shown in Figure 15. Additionally, a shift in the position data estimation can result in

off-target predictions, which can affect decision-making in control actions. The
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algebraic method overestimated the CoM position for four participants and
underestimated it for two participants. This suggests that a systematic shift may not
exist, as a consistent bias in one direction would require all intercepts to be either
positive or negative. However, due to the small sample size, definitive conclusions
cannot be drawn, and further studies with a larger participant pool are needed to
confirm this finding. Noise is indeed another critical factor to consider. Noise—
stemming from environmental conditions or participant-specific variability—can
introduce random fluctuations in the data and likely contributed more to the observed
discrepancies than any consistent methodological bias. Given the small sample size of
only six participants, the impact of noise is particularly pronounced, making it a source

of the differences observed between the two methods.
6.3.1 Subjective Feedback

Subjective comments were recorded verbatim but were not analyzed with a formal

qualitative method; they are therefore reported as anecdotal observations only.
Marker-Based Trial Feedback
1 - Immersion: Participants reported a high level of immersion during the trial.

2 - Fluidity and Enjoyment: The trial was described as fluid for starting,
stopping, and changing speed. Overall, participants enjoyed walking during

this trial and felt it was the most natural experience.

3 - Control: Participants noted that they had good control throughout thetrial.
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4 - Adaptation Period: The system felt touchy at first, but participants adapted

within a few minutes.

Markerless Trial Feedback

1 - Adaptation Period: Participants required more time to get used to this

trial compared to others, and it did not feel as fluid.

2 - Jerky Experience: The trial was described as a bit jerky. Participants
found it challenging to maintain a consistent speed and to adjust speed in

small increments, managing only large increments.

3 - Stride Length: Participants exhibited shorter stride lengths during the
algebraic trial, which, combined with the increasing treadmill speed,

seemed to reduce the difficulty experienced in this condition.

Standard Trial Feedback

The participants did not provide any feedback for the normal treadmill trial.
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7 Discussion

7.1 Interpretation of Results

The motivation for this study was rooted in addressing the limitations of existing self-
paced treadmill algorithms, particularly their inability to accurately predict and control
gait analysis, which are essential for effective rehabilitation and personalized
treatment. Self- paced treadmills, which dynamically adjust to the user’s speed,
provided a more natural gait analysis environment and allowed users to dictate their
workout pace. However, these systems often face challenges with abrupt speed
changes, leading to discomfort, instability, or potential injury, especially for patients
recovering from strokes or orthopedic surgeries. To overcome these issues, a Model
Predictive Controller (MPC) was employed in this study. This approach enabled real-
time speed adjustments that responded to user movement, aiming to reduce abrupt
transitions and support a safe and comfortable environment for gait analysis. By
addressing these challenges, the study provides a foundation for future work toward

enhancing rehabilitation outcomes and improving user confidence and mobility.

The results presented in Figure 6 to 11 indicate that some participants' answers varied
significantly, reflected in the high standard deviations for certain questions. Despite
being instructed to clarify any questions about the VAS questionnaire, some
participants may have misunderstood specific items. For example, Question 3 asked
about their experience with speeding up and slowing down. It is known that there was
no control over speed in either direction during the standard treadmill trial. However,

the VAS results show responses of 9.58, 7.58, and two 0 out of 10, resulting in a high
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standard deviation. This variation suggests that some participants may have
misinterpreted the question, leading to inconsistent scores. Additionally, the average
answer for question 6 reveals that the algebraic trial, which scored 2.59 out of 10,
indicating it did not feel comparable to walking overground. In contrast, the standard
trials received a high score of 9.09, suggesting they closely matched the overground
walking experience. This disparity is further corroborated by the subjects’ feedback, as

detailed in the subsequent section.
7.2 Implications of Findings

This study demonstrates that the marker-based self-paced treadmill outperforms the
algebraic self-paced treadmill in terms of user experience and steady speed
maintenance. However, despite its relative superiority, participants still did not feel
entirely comfortable using the marker-based self-paced treadmill, as indicated by only

satisfactory scores.
Four main implications can be drawn from these findings and are listed below
1. Design Improvements:

The marker-based system, while better, still has room for improvement. The
satisfactory scores suggest that users may experience subtle issues with comfort or
usability that need addressing. Future designs should focus on refining the marker-
based system to enhance user comfort by minimizing latency, improving marker
placement to reduce occlusion and enhance tracking accuracy during dynamic

movements, and enhancing robustness to marker loss or noise through advanced
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filtering techniques.
2. Algorithm Development:

The results indicate that algorithmic adjustments could further improve the user
experience. Researchers should explore modifications to the markerless algorithms to

reduce any remaining discomfort.
3. MPC Cost Function and Tuning Parameters:

The behavior of the treadmill's response is directly influenced by MPC parameters,
such as the prediction horizon, control horizon, and prioritization coefficients. Like
many other controllers with free coefficients, these MPC parameters are not
straightforwardly adjustable. Adjusting these coefficients could lead to an improved
performance score, as measured by the same VAS. Furthermore, altering the cost
function within the MPC framework can significantly impact response behavior,
potentially leading to a more comfortable experience for users on a self-paced

treadmill.
4. Participant Feedback and Adaptation:

The study highlights the importance of participant feedback in the iterative design
process. Understanding specific areas of discomfort or dissatisfaction can guide
targeted improvements. This user-centered approach ensures that the developed

systems meet the practical needs and preferences of the users.
7.3 Limitations of the Study

There were three primary limitations in this study. Firstly, the number of participants
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was limited to six healthy adults, which is insufficient for robust statistical testing,
though it did demonstrate the effects and differences of the trials. Secondly, the age
range of participants was narrow, all young adults aged 18 to 25, which limits the
generalizability of the results to this age group. Lastly, all participants were healthy, but
the designed treadmill aims to help individuals suffering from disability or diseases
such as Parkinson’s disease, multiple sclerosis, and stroke. The goal was to design a
controller and test its efficacy under controlled conditions, ultimately benefiting those

with gait abnormalities caused by these conditions.

The prediction horizon and control horizon could theoretically be greater than 0.92 and
0.9 seconds, respectively. However, this was not feasible in practice due to the

computational limitations of the available hardware.

7.4 Suggestions for Future Research

A future study should involve designing an adaptive PID controller and comparing its
performance with the MPC controller on a self-paced treadmill using force plate data.
Additionally, since the MPC control sequence is generated by optimizing the cost
function, modifying this cost function could lead to significant improvements.
Therefore, it would be valuable to design another MPC controller with a new cost

function. The study could

also include a running trial based on participant feedback to investigate responsiveness
and user experience, specifically addressing concerns about the jerkiness of the
algebraic self-paced treadmill at slow walking speeds and the perceived improvements

when transitioning to faster speeds. Ultimately, research should consider including tests
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with individuals who have gait abnormalities to better understand the controller's
efficacy in real-world scenarios. Additionally, incorporating an overground trial to
obtain overground walking speed will provide valuable data to compare with controlled
conditions. This approach will help to validate the system's effectiveness and ensure its

applicability to a broader population, including those with disabilities or diseases.
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8 Conclusion

8.1 Summary of Key Findings

The purpose of this study was to design a self-paced treadmill that smoothly adjusts to
a person’s speed, using two methods: marker-based and markerless techniques.
Additionally, a conventional treadmill, where individuals set their desired speed, was
examined as a baseline. This research aimed to determine the level of control
participants felt over their speed when they were required to stop or speed up during
each trial. Data collected included force plate data, CoM, Center of CoP, treadmill

speed, distance to the traffic light, and the state of the light across three conditions.

The MPC system showed significant promise in maintaining a steady speed and
adapting to users' gait patterns compared to traditional control methods. By optimizing
the control sequence through a cost function, the MPC system provided a more
responsive and smoother walking experience. However, the study also identified
limitations in the computational capacity of available hardware, which restricted the
prediction and control horizons. This study's implications extend to the design of more
responsive and user- friendly self-paced treadmills. The integration of user feedback is

crucial in developing systems that meet practical needs and enhance comfort.

The VAS results provided valuable insights into user experiences. Participants rated
the marker-based self-paced treadmill higher than the algebraic version, indicating a
preference for the marker-based approach in maintaining a steady speed. Despite this

preference, the overall scores suggested that participants still found the marker-based
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system only satisfactory, highlighting areas for further improvement.

The integration of MPC controllers in self-paced treadmills shows significant promise
in improving user experience and walking dynamics. However, further advancements
in controller design, computational capacity, and user-centric refinements are essential
to fully realize the potential of this technology. The insights gained from the VAS
questionnaire underscore the importance of ongoing user feedback in the development
process, ensuring that future iterations meet the practical needs and comfort

expectations of diverse users.

8.2 Contribution to the Field

This thesis makes a significant contribution to the field of rehabilitation and
biomechanics by introducing and implementing MPC on a self-paced treadmill system.
The application of MPC in this context addresses several critical challenges in current
treadmill technology, particularly in accommodating individual gait variations and

dynamically adjusting treadmill speed in real-time.

By developing a real-time treadmill speed regulation controller using MPC (Specific
Aim 1), this demonstrates that MPC can be effectively applied to anticipate and
respond to user movement, enabling real-time speed adjustment. The integration of
MPC not only enhances the precision of speed adjustments but also simplifies the

tuning process, making it more adaptable forclinicians and researchers.

Moreover, the thesis explores the feasibility and accuracy of markerless position

estimation methods (Specific Aim 2), providing an alternative to marker-based systems
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that are prone to practical limitations such as marker displacement and cost. This
innovation not only improves accessibility but also enhances the safety and reliability
of self-paced treadmill. However, participant feedback indicated dissatisfaction with

markerless position estimation due to perceived jerkiness during trials.

Based on the detailed analysis and participant feedback from this study (Specific Aim
3), the findings significantly contribute to advancing the field of self-paced treadmill
technology and biomechanics. The comparison between marker-based and algebraic
techniques, alongside a conventional treadmill, highlights nuanced differences in user
experience and control over speed adjustments during various walking conditions.
Notably, participants consistently rated the marker-based method higher in providing a
more natural and controllable walking experience, particularly in scenarios involving
starting, stopping, and adapting speed based on environmental cues such as traffic
lights. These insights underscore the effectiveness of using MPC algorithms to enhance
real-time adjustment capabilities, thereby improving user comfort and engagement in

rehabilitation and fitness settings.

In summary, this thesis establishes MPC as a pivotal technology in advancing self-
paced treadmill systems, offering new avenues for enhancing mobility assessment,
therapeutic interventions, and biomechanical research. The insights gained contribute
to the ongoing evolution of rehabilitation technologies, empowering clinicians and
researchers with innovative tools to improve patient outcomes and enhance

understanding of human locomotion dynamics.
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10 Appendix

10.1 Appendix A: Visual Analog Scale (VAS)Questionnaire

Subject ID:

Trial number:

For questions 1-4, please consider how much control you felt you had over the speed of

the treadmill.

1. Please mark how this walking trial felt whenever you were standing still during the

trial:

No Complete

Control Control

2. Please mark how this walking trial felt whenever you started and stopped walking:

No | | Complete
I

Control

Control

3. Please mark how this walking trial felt whenever you were speeding up to make it

across an intersection or slowing down to wait for the next green light:

No Complete
| I
|

Control

Control |
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4. Please mark how this walking session felt while you were walking at a steady speed:

No | | Complete

| |
Control Control

5. Please mark how much this walking trial felt like walking overground:

Felt the
Not at all I I

same
6. Please mark how much this walking trial felt like waking on a normal treadmill:

Felt the
Not at all I I

same

Please list any additional comments that describe this trial or how you felt about it:
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10.2 Appendix B: Demographic Form

Date (YYYY/MM/DD): / / Subject ID: ___
Age: Height:
Weight:

Gender identity (select all that apply):
_ Woman,
__ Man,
__ Transgender,
__Non-binary/non-conforming,
Prefer not to respond.
Sex at birth:

Female,
_ Male,
______Intersex,

Prefer not to respond.

Race/ethnicity (optional):

__Aboriginal (First Nations, Inuk/Inuit, Métis, North American Indian),
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__Black (e.g., African, Haitian, Jamaican, Somali),

__East/Southeast Asian (Chinese, Korean, Japanese, Taiwanese, Filipino, Vietnamese,

Cambodian, Thai, Indonesian, other Southeast Asian descent),
__Latino (Latin American, Hispanic descent),

__Middle Eastern (Arab, Persian, Afghan, Egyptian, Iranian, Lebanese, Turkish,

Kurdish),

__South Asian (East Indian, Pakistani, Bangladeshi, Sri Lankan, Indo-Caribbean),
__White (Caucasian, European descent),

_ Other_

__Do not know,

__Prefer not to respond.
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10.3 Appendix C: Prescreening Document

IBME Self-Paced Treadmill Prescreening Document

If you answer yes to any of these questions you will be ineligible to be enrolled into the

Evaluation of Markerless Regulation of Treadmill Speed study.
1. Have you recently undergone any surgeries or medical procedures?

2. Do you have a history of seizures or conditions affecting balance and

coordination?

3. Do you have a severe respiratory condition that may be aggravated by

exercise, such as uncontrolled asthma?

4. Do you have severe balance issues or difficulty walking without

assistance?

5. Are you taking medication that affects your ability to exercise safely or

increases the risk of dizziness or fainting?

6. Are you experiencing cardiovascular conditions such as uncontrolled

hypertension, recent heart attack, or severe heart disease?
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