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Abstract

Many athletes do not have access to a coach to help them improve their performance, and
coaches’ feedback can be subjective. Artificial sport coaches can collect continuous data
during training and competition, analyze these data, and — by comparing the current per-
formance with a target performance — give automatic feedback. Artificial sport coaches
can make sports more accessible for athletes without coaches, and help coaches make more
objective decisions. Developing artificial sport coaches can be challenging, as they require
knowledge of continuous data collection outside of the laboratory, smart data analysis, and
control systems. The goal of this thesis was to develop and test tools that can simplify the
process of gathering objective data during sports, analyzing these data, and providing auto-
matic real-time feedback to the athlete and the coach. First, my colleagues and I designed a
generalizable approach to build a closed-loop feedback control system in sports, and tested
this approach in controlling cycling power. Second, we demonstrated how a data-driven
approach can simplify the process of developing complex models, by comparing the advan-
tages and disadvantages of physics-based and neural network-based modeling for predicting
cycling power. Third, we tested whether we could use a state-of-the-art image recognition to
classify individual runners and their running performance. And lastly, we demonstrated how
we can teach important, complex laboratory skills needed for human data collection and
analysis, without the need of a physical laboratory or its expensive laboratory equipment,
by utilizing the strengths of wearable sensors for remote teaching. Overall, my thesis pro-
vides emerging and established scientists and sports and health technology engineers with
a better understanding of how to more easily and efficiently develop wearable measurement
technologies, data analysis systems and complex models, and control systems. Additionally,

it will also provide novel sports specific insights, specifically for cycling and running.

Keywords: Sports and Health Technology; Wearable Sensors; Artificial Neural Networks;
Feedback Control; Artificial Sport Coach
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Chapter 1

Introduction

Wearable technology has started a new era of quantifying and improving our lifestyles.
Wearable technology (also called wearables or wearable devices) refers to small, wireless
devices that monitor various health related information such as vital signs (e.g., heart rate),
activity levels (e.g., step counts or activity recognition), environmental variables (e.g., noise),
or physical and mental fatigue [168, 197, 209, 123], anytime and anywhere. This information
can indirectly improve human lifestyles by, for example incentivizing a more active and
healthier lifestyle [222]. Additionally, wearables can also directly improve the quality and
safety of their lives. For example, hearing aids can help hearing impaired people to hear
better [186], or smartwatches can detect a medical emergency and call for help [231].

In elite and recreational sports, athletes and coaches increasingly use wearable technol-
ogy to improve performance with objective, data-driven decisions. In elite sports, athletes
and their teams use technology to gain a performance advantage over their opponents.
Historically, coaches would visually observe athletes and provide feedback based on their
subjective performance analysis. Visual performance observations in sports are limiting in
the amount and accuracy of information, which also limit the quality of the following feed-
back [76, 115, 150, 75]. To improve performance, many coaches now provide their feedback
based on objective data from measurement systems, such as motion capture systems or
heart rate monitors [209, 79, 213, 155, 39]. Wearable technology can also support athletes
who cannot afford or do not want to work with a coach. Technology can provide athletes
without a coach with valuable, objective, and often simplified information, such as the exer-
cise intensity calculated from heart rates [14]. The growing availability of different wearable
measurement systems like smartwatches also increases the amount of information an athlete
and their coach can gather at a given time. As a result, it becomes increasingly harder to
analyze and interpret all this data in a meaningful way [20, 221, 235].

Artificial sport coaches can offer support for athletes and coaches. Here I define an
artificial sport coach as a system that automatically measures data, analyzes the data,
and provides feedback to the athlete and the coach. Artificial sport coaches can alleviate

some of the coach’s responsibilities, such as setting up and adjusting training plans based



on real-time progress, and assist athletes without a coach in all stages of training. First,
multiple measurement technologies obtain various objective data automatically, mitigating
the coach’s responsibility to make subjective observations. Second, a data analysis system
analyzes and interprets the complex dataset, mitigating the responsibility for a coach to
manually find the performance information in the data. Lastly, a control system compares
the current performance with a target performance and suggests relevant improvement
opportunities in real-time, mitigating the coach’s responsibility to give feedback [70]. These
three pieces of artificial sport coaches — measurement technologies, data analysis systems,
and control systems — have been rapidly evolving in recent years.

Developing artificial sport coaches can be challenging. Even though all the individual
pieces for artificial sport coaches (measurement technologies, data analysis systems, and
control systems) exist, the complexity of developing algorithms for these systems can be
limiting for coaches and their sport scientists without specific expertise. Because artificial
sport coaches do not exist in most sports, sport scientists need to develop new algorithms, or
adopt existing algorithms, assuming that they are publicly available. Developing algorithms
automatic data analysis requires specifically trained experts. Adopting existing algorithms
is possible, but it is yet unclear which existing algorithms would generalize well to differ-
ent sports [51, 144]. Similarly, developing control systems for real-time feedback requires
specifically trained experts. Each control system requires optimization for its specific appli-
cation, which means that adapting control systems from one sport to another sport is very
challenging [15]. For example, controlling running speed with step frequency in real-time
requires an understanding of the dynamic relationship between step frequency (input) and
running speed (output) [214]. Therefore, a controller that controls running speed with step
frequency, won’t be applicable for a different problem such as controlling cycling power with
the cadence of the cyclist.

My central goal of this thesis is to develop and test tools that can simplify the process
of gathering objective data during sports, analyzing these data, and providing automatic
real-time feedback to the athlete and the coach (Figure 1.1). First, I will design a general-
izable approach to build a closed-loop feedback control system, and test this approach in
a proof-of-concept-experiment in controlling cycling power. Second, I will demonstrate how
a data-driven approach can simplify the process of developing complex models — which
are also required for developing the generalizable closed-loop feedback control system —,
by comparing the advantages and disadvantages of physics-based and neural network-based
modeling for predicting cycling power. Third, I will test whether we could use a state-of-
the-art image recognition to classify individual runners and their running performance. And
lastly, I will demonstrate how we can teach important, complex laboratory skills needed for
human data collection and analysis, without the need of a physical laboratory or its expen-
sive laboratory equipment. Overall, my thesis provides emerging and established scientists

and sports and health technology engineers with a better understanding of how to more



easily and efficiently develop wearable measurement technology, data analysis systems and
complex models, and control systems. Additionally, it will also provide novel sports specific
insights, specifically for cycling and running. My goal will not be to develop a fully func-
tioning artificial sport coach, but to develop and test different tools for sports and health

technology engineers to do so.
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Figure 1.1: The conceptual model of how an automatic feedback system can support a
coach’s feedback loop, and how each aim relates to the different pieces of the feedback loop.

1.1 Improving Sports Performance of Athletes with Technol-
ogy

To become better in any sport, an athlete needs to implement a continuous loop of plan-
ning, realization, control, and evaluation [70]. Figure 1.2 illustrates these four performance
optimization phases. Planning ensures that the athlete reaches peak performance just in
time for their competition through exercises and recovery, and involves many factors such
as the competition calendar, cyclization of sports training sessions, or the types of training.
Realization involves everything that happens during the training, such as preparing equip-
ment, evaluating the physical and psychological condition of the athlete before the training
session, instructing exercises, monitoring the intensity of the training session, and improving
tactics in teams sports disciplines. Control is the gathering of information during training,
and the comparison between planned and performed exercises. Evaluation compares the
athlete’s current performance with the target performance, which sets the foundation for

further planning.
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Figure 1.2: The continuous loop of planning, realization, control, and evaluation [70]

Coaches can support athletes during all four training phases, or athletes can train them-
selves. Coaches plan the training sessions. During training, competition, and recovery they
instruct, observe, gather information, and adjust accordingly. Coaches then evaluate the
current performance based on the gathered information and adapt the training plan [124].
An athlete might have one, or multiple coaches for different parts of the training. Alter-
natively, they might have no coach at all, for example for financial reasons, and therefore
coach themselves. When I mention a coach in this thesis, it can be either multiple coaches,
one coach, or no coach at all.

Coaches can be subjective. Traditional feedback relies on the coach’s subjective ob-
servations and previous experiences. However, these subjective observations can be both
inaccurate and unreliable. Different studies in football have shown that a coach’s ability
to recollect key factors that determine performance are somewhere between 40% and 60%,
depending on the skill level of the coach and whether they take notes [76, 115, 150, 75].
These results are not surprising, considering how complex the processes of committing and
retrieving memory to and from our brain is. Qur brains can more easily remember critical
situations when compared to non-critical situations [87]. In combination with the coach’s
emotions and biases, this can lead to a distorted perception of performance and biased
feedback [75].

To measure performance more objectively, coaches can use technology. Many measure-

ment devices can quantify or estimate important components of physical fitness such as



cardiorespiratory endurance (e.g., metabolic cart), muscular strength and endurance (e.g.,
isokinetic dynamometer), or muscular power (e.g., force plate). Many new technologies now
also allow the quantification of an athlete’s sport specific technique, by analyzing their move-
ment patterns using motion analysis with video or wearable sensors [78, 62, 24, 165, 162].
Wearable sensors such as smart watches can measure day-to-day physiological parameters
that can give an indication of their general health, fitness, and recovery [109]. For team
sports, cameras and wearable sensors give the coach a clear picture of the team’s move-
ments [236].

Due to vast and complex datasets from athletes, coaches need to make use of data
analysis systems to extract meaningful information. Vast, complex datasets are commonly
called big datasets, and there are 5 main properties defining them: Volume, Velocity, Variety,
Veracity, and Value. Volume defines the vast amount of data. Velocity is the speed at
which data accumulates. Variety describes the different data formats that result from many
different measurement technologies, such as video, or data from wearable sensors. Veracity
relates to the quality of the collected data. Lastly, there might be value in the data, but
if it is never discovered, it is of no use [20, 177]. Having a dataset that consists of these 5
properties can make it challenging for a coach to extract important information and make
future decisions without additional help from technology. Therefore, data analysis systems,
such as mathematical models, computational intelligence, data mining, and deep learning,
can help organize these data, and find patterns that are otherwise hard to identify [70, 39,
20, 194, 219].

Control systems can then support the athlete and the coach by providing automatic
and objective feedback. Control systems can receive performance information, and based
on the difference between the current performance and the target performance, give rec-
ommendations on how to improve in real-time [15, 101]. In sports they can help control
the realization of training and recovery, as well as evaluate and plan future steps for both
athletes with and without a coach. Control systems can monitor each individual athlete
by observing objective data and giving real-time feedback. Kuwahara et al. developed a
system that can give visual and auditory feedback based on center of pressure and posture
estimation measurements to teach novice snowboarders to better transfer their weight [114].
A smart coaching assistant at the Universidad Catélica San Antonio de Murcia volleyball
team measures both effort and exercise quality and gives real-time feedback to the coach
and the athlete [239]. Control systems can also control athletes movements in real-time,
where coaches can’t. For example, software can help to control an athlete’s running speed,
by adjusting their step frequency in real-time [214], or heart rate information can guide the
speed of an athlete in real-time [35]. To test how control systems can evaluate the current
performance and create future training plans, Mata et al. [129] created an application that
recommends training and meal plans to athletes, based on fitness tests, with the help of

semantic cross-information from social networks, and validated their plans with specialists.



1.2 Measurement Technologies

Humans use biomedical and biomechanical measurements to quantify their health and
performance. Biomedical measurements detect biophysical, biochemical, or bioelectrical
changes in the body [173]. For example, they can measure vital signs such as heart rate,
electrocardiogram (ECG), blood pressure, and respiratory rate. Measuring our vital signs
can also indicate our performance. For example, heart rate, lactate threshold, and max-
imal oxygen uptake (VOgqz) provide insights into aerobic fitness [13, 37, 199]. Biome-
chanical measurements analyze movement and forces within the body, providing insights
into physical fitness, musculoskeletal health, and overall functional capacity [90]. For ex-
ample, clinicians can use gait analysis to detect neuromuscular conditions or train older
individuals to prevent falls [248, 249, 32], and coaches can use it for running performance
assessment [117, 147, 100, 92].

In sport biomechanics, kinematics and kinetics are specifically important to study move-
ments. Kinematics characterizes motion independently of the forces involved, focusing on
measurements of joint angles and segment displacements. Kinetics investigates the forces,
torques, and muscle activations responsible for creating or modifying observed motion.
These two disciplines work together to provide a comprehensive understanding of human
motion and its underlying mechanical principles [172, 255, 228, 119, 252|. For example, in
running gait analysis researchers can measure the movements of the body segments through
motion analysis with video and other technologies, ground reaction forces and other plan-
tar forces produced through force plates and plantar pressure insoles, or muscle activation
distribution with electromyography (EMG) [172, 233, 166].

Most of the gold standard biomechanical technologies for sports performance are con-
strained to relatively unrealistic laboratory settings. Typically, scientists obtain various
measurements of athletes in their laboratories, where they have measurement systems such
as video cameras, force plates, instrumented treadmills, and EMG systems [252, 254, 225,
180, 244]. Although these systems are the gold standard in estimating various performance
metrics, laboratory-based experiments have several disadvantages. First, the equipment is
often expensive. Second, laboratory-based measurements can be unrepresentative of real-life
situations. In running gait analysis, for example, indoor overground running or treadmill
running can be unrepresentative of running in outdoor environments [58, 33, 17]. Lastly,
laboratory-based experimentation is restricted for some sports such as ski jumping that

cannot be measured inside of laboratory facilities.

1.2.1 Wearable Measurement Technologies

In recent years, wearable sensors have emerged as a modern technology that enable con-
tinuous health and performance monitoring outside of the laboratory. Wearable sensors are

microelectromechanical sensors that can respond to many physical variables and measure



biophysical, biochemical, or bioelectrical signals. The combination of low power computing
and the internet of things (IoT) enables the development of wearable sensors with long bat-
tery life which can be integrated into accessories, or placed into the human body, to measure
biomedical and biomechanical variables over long periods of time and outside of the labora-
tory [197, 209, 228, 252, 238, 5, 29]. For example, smart watches combine many sensors and
measure variables such as heart rate and variability, skin temperature, or motion [109]. To
analyze kinematics specifically, inertial measurement units (IMUs) can measure the posi-
tions and movements of body segments and joints [122, 184]. For kinetics, pressure insoles,
cameras, or single IMUs estimate ground reaction forces [74, 73, 108, 36, 230, 118, 105], and
wearable EMG systems can measure muscle activities [3, 9, 4].

Even though wearable sensors have potential for outside-of-the-laboratory measure-
ments, they can also have measurement performance issues. Measurement issues with wear-
able sensors include drift, external interference, or nonlinear properties. Drift is the gradual
accumulation of errors that cause a deviation between the estimated and the true state of
a sensor, which can for example lead to measurement inaccuracies when estimating body
positions or joint angles with IMUs. External interference happens when electromagnetic
fields or signal cross-talk between sensors disrupt or corrupt a sensor’s measurements. Non-
linear properties can be a problem when scientists try to indirectly measure or estimate
a physical variable. For example, when scientists try to estimate ground reaction forces
with FSR (Force-sensing resistors) sensors in the shoe, the nonlinear properties of the FSR
sensors can make it challenging to accurately estimate ground reaction forces [252].

With special algorithms, scientists are able to improve measurement performance of
wearable sensors. Simple filters, such as high-pass or low-pass filters, can remove unwanted
noise in the measured data [64]. More complex filters, such as Kalman filters, combine mea-
surements with predictions and can help to more accurately estimate the sensor’s state,
and reduce drift, noise, and external interference [122, 64, 247, 261]. Sensor fusion, which is
the combination of multiple sensors, can achieve similar results or even indirectly estimate
variables from the combination of different measurements [64, 85, 202]. Lastly, machine
learning algorithms, such as artificial neural networks, can assist in most of these areas as
well, enhancing wearable sensor measurements by, for example, reducing drift or incorpo-
rating sensor fusion [89, 189, 113, 152].

Nowadays, many wearable devices can accurately measure many biomechanical vari-
ables. Different reviews have looked into the measurement performance of wearable sen-
sors in different movement analysis situations. These reviews include the measurements
and quantifications of jump counts and external loads [245], barbell velocities [44], jump
height [43], lower extremity kinematics during running [256], joining angle estimation [185],
or general tracking of human motion [78]. Most reviews found that reliability and valid-
ity is generally good to excellent, but the results depend on the movements, as well as

the measurement systems. For example, the full-body IMU suite from xSens (Movella Inc.,



Henderson, USA) can accurately measure lower body kinematics in the sagittal plane, but
lacks accuracy in the frontal and transverse plane [165]. Similarly, the myoMotion system
(Noraxon USA, Scottsdale, USA) can accurately measure stance phase, but needs more
evaluation for the swing phase during gait analysis [175]. EMG systems can now be fully
wearable [60], and pressure insoles are becoming more accurate in estimating ground reac-
tion forces [108, 171].

1.3 Data Analysis Systems

To understand and predict natural phenomena such as performance and health in an ath-
lete, data analysis systems can utilize mathematical models. Models describe how a plant
transforms one or multiple inputs into one or multiple outputs, where the plant is the object
the real-world phenomenon is acting on (Figure 1.3). For example in modeling cycling, the
cyclist and the bike would be the plant, variables such as the speed and different resistances
could be the inputs, and the power would be the output. By being able to accurately predict
output variables based on the input variables, scientists can then gain a better understand-
ing of specific phenomena, and subsequently create tools that improve a certain situation
based on this understanding. For example in cycling, mathematical models can help better
understand how better cycling position can reduce power [56, 203, 63]. They can also help
us simulate and optimize pacing efficiency based on variables such as the race length, the

hill profile, and the cyclist’s cardiovascular endurance [40, 227, 16, 253].

Input Output

v

Plant

A 4

Figure 1.3: Illustrates the mechanism of a mathematical model, where an input influences
a plant and subsequently its output.

In general, we can distinguish between physics-based models, data-driven models, and
models that are a hybrid of those two. Here, we define models that aim to understand
and apply natural principles and assumptions underlying a particular natural phenomenon
as physics-based models. Where physics-based models rely on these natural principles to
identify an input-output relationship of the plant, data-driven models rely on the data
itself [215]. Data-driven models use statistical and machine learning techniques to learn
patterns and relationships in the data, and therefore heavily rely on the quality and quantity
of the data used to build the model [215]. Hybrid models combine physics-based and data-

driven models [192]. These models incorporate assumptions and constraints from natural



principles into statistical and machine learning models. In the remainder of this thesis, I

will focus on physics-based and data-driven models.

1.3.1 Physics-based Models

Scientists develop and validate simple to complex physics-based models to gain a better
understanding of natural phenomena. Using their understanding of the fundamental laws
of nature, scientists create mathematical models that incorporate variables representing
measurable quantities in the real world. Simple models can provide scientists with a fast,
but often less accurate, understanding of natural phenomena. Simple models use a minimum
amount of parameters to describe natural phenomena, which makes them easier to develop
and faster in computations. In contrast, they can lack accuracy and restrict applicability,
as they often rely on specific assumptions that narrow their range of real-world scenarios
and conditions [11]. Consider this model that my colleagues and I recently developed which

predicts mechanical power during street cycling [136]:

P, = mvo + cv® (1.1)

where P, is the mechanical power at the pedal applied by the cyclist, m is the mass of
the cyclist and the bike, v is the speed, ¥ is the acceleration, and c is the drag. This model
is relatively simple, as it only requires measurements of the speed, the mass, and either
estimates or measurements of the drag. Complex models can provide scientists with a more
realistic understanding of natural phenomena but are more challenging to develop and
use. Complex models incorporate more parameters to describe real-world phenomena more
accurately. They are more realistic, but require a better understanding of the fundamental
laws of nature to develop and more computational power during application. For example, in
1998, Martin et al. developed and validated a cycling model [128] which aimed to accurately
predict cycling power during steady state cycling. In their model they considered many

resistances that we did not consider in equation 1.1 (Table 1.1):
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Besides the advantage of better understanding natural phenomena, using a physics-based
approach to develop models also introduces some challenges. First, this process can require
a detailed understanding of the principles underlying a process, which may be unknown
or complex. For example, to predict cycling speed from cadence, a scientist would have to
understand the underlying principles of how the angular velocity of the pedal translates to

the linear velocity of the wheel. Second, a physics-based model may require measurements of



Table 1.1: Parameters and their definitions for equation 1.2.

Parameter Parameter Definition

Va Air velocity

Va Ground velocity

0 air density

Cp Coefficient of drag

A Frontal area

Fw Incremental drag area of the spokes
Crr Coefficient of rolling resistance
mr Total mass of cyclist and bike
g Gravity

Gr Road gradient

1 Moment of inertia of wheels
r? Wheel radius

Var Final ground velocity

Vi Initial ground velocity

t; Initial time

Ly Final time

E. Chain efficiency factor
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fixed parameters. This is not just more time consuming but can also introduce measurement
inaccuracies, which stem from equipment measurement errors, and the fact that nothing
can be measured perfectly. Inaccurately measured parameters can subsequently reduce the
performance of the overall model. In predicting cycling speed from cadence, the scientist

would have to measure bike parameters such as the wheel radius.

1.3.2 Data-driven Models

Data-driven models can automatically find patterns in the data, introducing some advan-
tages over physics-based models. Data-driven models rely on data to capture and represent
relationships between input and output variables [215]. Because data-driven models can
learn from data without the need of understanding the underlying principles, there are
many applications. Modeling the input-output relationship of processes with data-driven
models still requires knowledge about the input variables. But, given enough data, they
can approximate a wide variety of input-output relationships without explicitly having to
measure fixed parameters, or understand the principles underlying a process, ameliorating
the two challenges identified with physics-based models [98]. For example, to predict cycling
speed from cadence a data-driven model could learn the relationship between the cadence
and the cycling speed without understanding the principles that relate cadence to speed,
and without requiring measurements of the bike parameters, such as the wheel radius.

Not many scientists have directly compared the performance of physics-based and data-
driven models so far. In biomechanics, one recent study compared a neuromuscuskeletal
model with a neural network model in estimating joint torques [257]. The neural net-
work improved the prediction accuracy significantly over the neuromuscuskeletal model. In
other areas of engineering, such as in predicting different metrics in motorized vehicles,
scientists also found superior performance of neural networks, and concluded that using
neural networks could be simpler over physics-based models, because there are often less
measurements required [42, 102].

Machine learning is a branch of data-driven modeling, and encompasses three primary
categories: supervised learning, unsupervised learning, and reinforcement learning [126].
Machine learning algorithms are popular due to their ability to automatically learn patterns
from data to make new predictions on new data. In supervised learning, the algorithm
learns to make predictions from labeled data. For example, scientists can train machine
learning algorithms to identify different running surfaces from wearable accelerometers.
Scientists first label the data with the surface, and train the algorithm accordingly [59].
Unsupervised learning refers to training an algorithm on unlabeled data, allowing it to
discover hidden patterns or structures within the data itself. For example, when doing a
cluster analysis on rearfoot runners, Senevirathna et al. [207] found two distinct running
patterns. In reinforcement learning the algorithm continuously learns by making decisions

and getting rewards or penalties based on the outcomes of these decisions. Reinforcement

11



learning can for example make robots learn how to play football [52]. In this thesis, I will
focus on supervised artificial neural networks.

Artificial neural networks are one of the most popular machine learning tools due to
their ability to learn complex patterns from raw data sets, but need a high amount of
computational power. Artificial neural networks are named as such because they loosely
imitate the human brain [181]. In their simplest form, they consist of interconnected nodes
organized in layers [6]. Each node receives input data, performs a weighted computation,
and produces an output. During training, a process called backpropagation computes the
gradients of the neural network weights by propagating the errors between the target and
the actual value backward from the output layer to the input layer. It can then adjust
the nodes’ weights and biases to learn complex non-linear patterns in the data. For a long
time, the need for vast computational power during the training process restrained artificial
neural networks for proper application, but with grid and cloud computing, it has become
one of the leading machine learning techniques in recent years [6, 149] I chose to use artificial
neural networks in my research, because, due to their capability of nonlinear computations,
they are particularly good at learning complex patterns from raw data.

Recurrent Neural Networks (RNNs) are specifically useful to learn from time series data,
but in their basic form they lack in remembering long-term dependencies. RNNs consist of
interconnected layers of nodes that can maintain an internal state capturing information
from previous time steps [146]. This internal state gives RNNs particular strength with
time series data analysis, such as natural language processing [232]. One key challenge in
training RNNs is the vanishing gradient problem. The vanishing gradient problem refers to
a difficulty that arises when training RNNs. During the training process, RNNs update their
weights by calculating gradients, which indicate the direction and magnitude of adjustments
needed for optimal performance. However, these gradients can become extremely small
over time, which can make it challenging for the RNN to learn long-term dependencies in
the data. Essentially, the RNN struggles to remember information from earlier time steps,
hindering its ability to make accurate predictions or model complex patterns. [23, 96, 176,
80].

To address the vanishing gradient problem in RNNs, scientists have developed advanced
RNN architectures, such as Long-Short-Term Memory (LSTM) layers. LSTM layers are a
type of RNN layer that can selectively remember or forget information over time, allowing
the network to capture long-term dependencies more effectively [6, 84, 242]. This memory
component of a node is defined as the cell. LSTM nodes consist of three main components:
an input gate, a forget gate, and an output gate. The input gate controls how much new
information the node adds to its cell state, while the forget gate controls how much old
information it retains. The output gate determines how much of the cell state the node uses

to compute the output at each time step. By gating the flow of information in this way,
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LSTM layers can selectively remember or forget information over long time scales, allowing
them to capture complex long-term dependencies in sequential data.

For time-invariant grid-like data, such as images, Convolutional Neural Networks (CNNs)
are common solutions. Convolutional layers apply a filter, also called kernel, which is a small
matrix of weights to the input data [170, 88]. This process performs element-wise multipli-
cation of the filter values with the original values of the input in a localized region. The
filter slides across the whole input, enabling the model to detect local patterns regardless
of their position in the input. CNNs demonstrate success in various computer vision tasks,
such as image recognition [174]. Though the vanishing gradient problem is not as common
with CNNs as it is with RNNs; it can become an issue as the depth (number of layers) of
the network increases [93].

To address the vanishing gradient problem in deep CNNs, scientists have developed
advanced CNN architectures, such as Residual Networks (ResNet). ResNet introduces the
concept of residual connections, also called skip connections, which allow the network to
bypass certain layers, effectively creating shortcuts for the flow of information [93]. These
connections help mitigate the vanishing gradient problem, enabling the training of much
deeper networks without suffering from performance degradation. With residual connec-
tions, ResNet can leverage the power of deep architectures, capture complex hierarchical

features, and improve generalization capabilities.

1.4 Control Systems

Control systems can improve our lives, but are complex to develop and analyze. In a control
system, a controller controls a plant, which has one or more input variables and one or
more output variables. The purpose of the control system is to minimize the error between
a target variable (setpoint) and the output variable (actual value), by changing the input to
the plant, also called the control signal (Figure 1.4). For example, in cruise control, the car
is the plant, and the control system aims to minimize the error between the target speed and
the actual speed by adjusting the voltage supplied to the electric motor. Control systems
have applications in many parts of life. Thermostats control the temperature in buildings,
washing machines have systems that control water levels or temperature, and aircrafts
have systems that continuously adjust the aircraft’s position, altitude, and orientation. In
control systems, there are two or more dynamical systems — which are systems that exhibit
changing behavior over time, often in response to external stimulation — interacting with
each other: at least one controller and at least one plant. Analyzing control systems can
be challenging because the mutual influence between thee interconnected dynamic systems
makes it difficult to determine a clear cause-and-effect relationship [15]. Developing stable

control systems can therefore be a very complex task.
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Generally, there are two types of feedback control: open-loop and closed-loop control.
In an open-loop system (Figure 1.4 a), the input of the plant is independent from the out-
put. Consider the delivery of insulin for the management of type 1 diabetes. Traditionally,
patients used an open-loop process, which involved manual injections of insulin at regular
intervals throughout the day based on estimated insulin requirements. Open-loop systems
are relatively simple, cost-effective and fast, but they are less stable in complex environ-
ments. In type 1 diabetes management, open-loop delivery relies on the patient’s and their
doctor’s ability to accurately estimate their insulin requirements. This means that open-
loop control requires an accurate model of the plant. In a closed-loop system, the input is
dependent on the output (Figure 1.4 b). A closed-loop system in insulin delivery continu-
ously monitors blood glucose levels and automatically adjusts insulin delivery through an
insulin pump [91]. Closed-loop systems, though more costly and more complex to develop,
are more stable in complex environments where there is no accurate model of the plant,

due to their self-adjusting nature.
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Figure 1.4: a) illustrates open-loop control, where a controller changes the input for the plant
without calculating the error between the plant’s output and the set point. b) illustrates
closed-loop control, where the controller changes the input for the plant based on the error
between the plant’s output and the setpoint.

Open-loop dynamics can serve as a foundation for developing closed-loop control sys-
tems. By studying and understanding the open-loop dynamics of a system, scientists can
construct mathematical models to describe the system’s behavior. With these mathematical
models, scientists can analyze the open-loop response to different inputs, to get a better

understanding of its natural frequencies, time constants, and stability in different environ-
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ments. This understanding can then lead to the development of stable closed-loop controllers
that optimize its control on the plant. For example, in closed-loop insulin delivery for type 1
diabetes patients’ open-loop analysis enables the individualization of the closed-loop settings
for type 1 diabetes patients [54].

Most scientists and engineers use proportional-integral-derivative (PID) control, because
it is both simple and stable. PID control aims to regulate the system’s output by continu-
ously adjusting the plant’s input based on the error between the output and the setpoint.
The proportional error measures the absolute difference between the setpoint and the out-
put of the system. The integral error measures the accumulated sum of past errors over time
to consider steady-state errors and biases. The derivative error measures the rate at which
the error is changing over time to predict the future behavior of the system and dampen
the response. Each error gets multiplied by a pre-set gain, to either increase or decrease
its effect on the controller behavior. The controller adds up the three resulting values to
determine the current control signal of the controller to the plant. PID controllers often
only use one or two of its gains. For example, the derivative error can be very sensitive to
noise in the system, which is why many controllers only use the proportional and integral

gains [15].

1.4.1 Existing Feedback Control Systems in Sports and Health

Many applications of biofeedback systems exist in general health already. These applications
can help children, grown-ups, as well as elderly people maintain or improve their physical
and mental health. For example, controlling the heart rate variability through breathing
exercises with visual feedback reduces physical pain and stress, and decreases the mortality
and morbidity of diseases [61, 120, 81, 19, 187]. Biofeedback systems can also help patients
with balance and gait disorders, by measuring their postural sway with wearable sensors,
and providing visual, auditory, or tactile feedback on time to prevent a loss of balance [125].

In sports, only a few applications exist so far that aim to help athletes prevent injuries
or improve their performance with biofeedback. When including all systems that used any
method of intelligent data analysis methods or feedback in sports, Rajsp and Fister [194]
found only 72 peer-reviewed and published projects in total between 2015 and 2019, and
only the smallest amount of these projects included both the analysis as well as the real-
time feedback to the athlete and the coach. Many feedback systems exist in running [241].
To reduce the risk of running-related injuries, for example, Van den Berghe et al. [240]
developed a music-based feedback system that trains runners to reduce tibial shock. Other
systems can help athletes to better pace themselves with music [214], or suggest training
and meal plans based on real-time information about the athlete [129]. Some examples also
exist in other sports. For example, Kuwahara et al. [114] developed a system that could

help novice snowboarders improve their technique with both auditory and visual feedback.
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In volleyball, Vales-Alonso et al. [239] developed a system that estimates athletes’ energy

expenditure and movement quality to adjust the training for each individual in real-time.

1.5 Laboratory vs. Wearable Sensors in Education

Educators typically hold biomedical and biomechanical laboratory courses in physical lab-
oratories which can limit students in their education. To learn how to develop and use
biomedical and biomechanical measurement and analysis systems to quantify athletes, stu-
dents typically need to be in a physical laboratory. In conventional laboratory courses, a
small number of relatively expensive and specialized laboratory equipment, such as instru-
mented treadmills or video analysis systems, often enable students to get hands-on experi-
ence in a face-to-face setting. But, being tied to laboratory equipment can limit students in
their education as well as their work with athletes. First, offering hands-on experience only
in person can restrain students from participating. Some students might have constraints
to attend classes, for example because of physical or other health limitations, or because
of remote living arrangements. Similarly, epidemiological or environmental situations (i.e.,
pandemics, floods, wildfires) might constrain some, many, or all students and faculty from
attending in-person classes. Second, learning how to use gold standard laboratory equip-
ment is important, but being constrained to only laboratory equipment restrains students
from quantifying athletes’ health and performance in real-life situations.

Remote classes could create an effective and inclusive learning environment, but de-
livering laboratory experiences in biomedicine and biomechanics remotely is challenging.
There is a substantial body of evidence about the effectiveness of online teaching in gen-
eral. Some studies even suggest that learning outcomes for online courses can be as good if
not better than traditional learning, and can even lead to a stronger sense of community
among students and a reduction in course withdrawal [163]. But, for laboratory experiences
specifically, a commonly held view is that online teaching methods are not equivalent alter-
natives to conventional laboratory experiences [169, 106, 243]. Consequently, there are not
a lot of options for remote laboratory courses. Universities and their students felt that lack
particularly during the COVID-19 pandemic when safety necessitated the cancellation of
all face-to-face classes for over a year.

Wearable technology can enable effective, inclusive, and remote laboratory experiences,
and prepare students for objective and realistic measurements of athletes. First wearable
technology can be budget friendly. A set of microcontroller-based sensors that can for ex-
ample measure EMG and ECG, or classify activities can be as cheap as a textbook [137].
Second, wearable sensors are small, which means that universities can ship them to their
students. Third, there is agreement in the athletic and scientific community that wearable

sensors are revolutionizing sports and health technologies [259, 208, 250, 223]. Students
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should learn how to build and use these technologies so that they can gather objective

information from athletes in realistic scenarios.

1.6 Chapters Overview

Chapter 2: I developed a generalizable approach to build a closed-loop feedback control
system, and tested this approach in controlling a cyclist’s power output. I first built a micro-
controller based measurement system that measured mechanical power via the torque and
the cadence of an SRM powermeter, and commanded cadence transmitted via a metronome
in earphones. To understand a cyclist’s dynamic behavior, I had one proof-of-concept par-
ticipant match their cadence to a range of commanded cadences. I then developed a mathe-
matical model that predicts the power as a function of commanded cadence and gear ratio.
I used this model in a feedback control simulation, where the model simulated the real cy-
clist, and optimized for the controller modifications. I then implemented these modifications
into the microcontroller-based cycling system. In real-time, the microcontroller changed the
commanded cadence based on the error between a target power and the measured power.
Chapter 2 provides sports scientists with a simple and generalizable approach of building
a feedback control system through simulations, and demonstrates how we can control an
athlete’s actions accurately during training. This chapter is equivalent to our peer-reviewed

conference paper [143].

Chapter 3: To test whether we could simplify developing a model with a data-driven
approach, I compared a physics-based model with a neural network model in predicting
cycling power. With the microcontroller-based system developed in Chapter 2, I tested 12
participants as they followed changes in cycling cadence transmitted through a metronome
beat in the earphones and measured their cadence and power. I developed and trained a
physics-based model and a simple neural network model, where both models had cadence,
derivative of cadence, and gear ratio as input, and power as output. Chapter 3 demonstrates
how scientists can leverage data-driven methods to simplify the process of developing mod-
els. This chapter is equivalent to our published bioRxiv paper and is currently awaiting peer

review from a scientific journal [136].

Chapter 4: I tested whether we could use a state-of-the-art image recognition algorithm to
classify individual runners and their running performance. I used data previously collected
by the SFU Run Lab where participants ran on treadmill and overground with insole-
implemented IMU sensors that measured linear accelerations and angular velocities [160]. I
trained an existing image recognition algorithm with spectrograms of the data, to classify
individual runners as well as their personal running performance based on 10 km personal

best times. A secondary purpose of this project was to determine how the model’s accuracy
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changes with changing numbers of runners and amount of training data per runner. Chapter
4 demonstrates how scientists can leverage state-of-the-art image recognition algorithms in
biomechanical movement analysis and gives new insights into the individuality of running

patterns, and whether or not there are good and bad running patterns.

Chapter 5: I demonstrated how we can teach important, complex laboratory skills needed
for human data collection and analysis, without the need of a physical laboratory or its
expensive laboratory equipment. First, I defined principles that should allow students to
conduct insightful experiments. I then prototyped and developed all laboratory resources
including the microcontroller-based hardware, the software to collect and analyze data, and
the written and video recorded lab manuals. I taught the course with Dr. Jim Carter, who
developed the lecture materials, and analyzed students’ feedback. This project provides ed-
ucators with a proven concept, as well as open-source resources, to teach students how to
build measurement systems, and collect and analyze human data, remotely. This chapter is

equivalent to our peer-reviewed journal paper [137].
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Chapter 2

Development of a feedback system
to control power in cycling

2.1 Abstract

Here we seek to control mechanical power output in outdoor cycling by adjusting com-
manded cadence of a cyclist. To understand cyclist’s dynamic behaviour, we had one par-
ticipant match their cadence to a range of commanded cadences. We then developed a
mathematical model that predicts the actual mechanical power as a function of commanded
cadence. The average absolute error between the predicted power of our model and the ac-
tual power was 15.9 4+ 11.7%. We used this model to simulate our closed-loop controller and
optimize for proportional and integral controller gains. With these gains in outdoor cycling
experiments, the average absolute error between the target and the actual power was 3.2
+ 1.2%, the average variability in power was 2.9 + 1.3%, and the average responsiveness,
calculated as the time that the actual power requires to reach 95% of the target power

following changes in target power, was 7.4 + 2.0s.

2.2 Introduction

Wearable sensors quantify our everyday lives by counting our steps, calories, heartbeats, and
more [157]. This provides us with valuable feedback about our lifestyle and can encourage us
to increase our exercise intensity and improve our health [158]. While such encouragement
is useful, it is still up to the person to determine how to achieve this improvement. Instead,
control algorithms that can use such wearable sensor feedback to regulate user’s behavior
could be more effective support people in reaching their athletic and physiological goals.
Endurance sports is an area where we can implement such control algorithms and help
athletes to better pace themselves. Currently, endurance athletes are intrinsically poor at
pacing. For example, self-paced runners have pacing errors of 4-8% with a coefficient of

variation around 3% [86, 214]. On a 10 km race, this would add up to a substantial error of
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2-4 minutes given a target time of 50 minutes. Similarly, in 4 km cycling time trials, cyclists
had pacing errors of 2.5% with a coefficient of variation of around 3.5% [15].

Technology can help athletes to better pace themselves. Our lab recently developed a
system to improve pacing in running. A closed-loop feedback control system measured the
user’s current running speed and compared it to a target speed. Based on the difference, the
controller adjusted the commanded step frequency for the runner in real-time. This system
reduced the pacing error to under 1% [214].

In this paper we develop a system that controls athlete’s mechanical power output in
cycling. We accomplished this using a closed-loop feedback control system that adjusts the
cadence of the cyclist in real-time. In a simple system, at a fixed gear ratio, an increase
in cadence is directly proportional to an increase in power. However, in practice, other
parameters such as acceleration and drag, make this relationship more complex. To get
accurate control authority over the cyclist, our first step was to understand the dynamics
of the system. To do so, we first built a microcontroller-operated system that provides
the cyclist with changes in cadence and measures the power output. Using these data, we
developed and parameterized a mathematical model that best fit the simulated power to
the actual power. We then used computer simulations of cycling of this model to optimize
for the proportional and integral controller gains. Finally, we implemented the optimized
feedback controller into the microcontroller to test its performance in actually controlling

the power output in outdoor cycling.

2.3 Methods

2.3.1 Identifying Cyclist Dynamics

To understand the cyclist’s behavior, we first identified the dynamic relationship between
the commanded cadence as an input and the power output. A participant completed two
trials of 20 minutes cycling on an outdoor bike during which a metronome prompted pseudo-
random step changes in cadence. We considered the participant as a dynamic system that
can be experimentally identified by providing controlled inputs (commanded cadence) to
the system and measuring its dynamic response (actual power). The step changes were £5%
and £10% of their preferred cadence for a duration of 60 s each. A microcontroller (Teensy
3.1, Pjrccom Llc) controlled the metronome frequency of the participant’s earphones. It also
recorded the torque and angular velocity from a powermeter (Dura-Ace, SRM GmbH) and
calculated the applied power twice per crank revolution. We modeled the system as forces
acting on a point-mass m. Please refer to Appendix A for more details about the different
equation development steps. We assumed the sum of the forces to be the horizontal forward
force of the cyclist with the bike Fi. ;s and some counteracting air resistance force Fiyqq.
By using Newton’s second law, with © being the rate of change of the cyclist’s speed, we

formulated the following equation to describe the cyclist’s motion:
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Finertial =-—mv = Fcyclist - Fdrag (21)

By assuming the force applied from the cyclist on the pedal to be representative of
F.yclist and multiplying the forces with the respective velocities at their points of applica-
tion, we then derived an equation that describes the mechanical power P.,q;s¢ generated at
the pedals as a sum of the inertial and the drag power. The drag component Pg,.,4 represents
the power that the cyclist must apply to overcome drag, whereas the inertial component

Pinertial Tepresents the power the cyclist has to apply when accelerating.

Pcyclist = Pdng — Pinertial (22)

We then expressed Pipertiar and Pyrqg as a function of the radius of the rear wheel r,.,,
the length of the pedal crank arm [,, the gear ratio GR, the speed v, the acceleration v,

and the drag number c:

Puyaist(t) = Tl”“ “GR-m-v(t) - o(t) +c- Tl“” GR-v3(t) (2.3)
P P

We calculated speed as a function of cadence, f, measured in revolutions per minute:

ot) = o

We took the derivative of v with respect to time t to get © and by substituting for v and

27 - rpw - GR - f(1) (2.4)

¥ into equation 2.3, we determined the power as a function of cadence:

47m - GR3 13, . 8m3 - GR* -1
W) . f(t oL T Trw, 30y 2.
G ) F) e T (25)

Pcyclist (t) =

The only unknown in this equation was the drag number c. We used a Levenberg-
Marquardt optimization algorithm, implemented in Matlab’s nlinfit function (The Math-
Works, Inc., Natick, USA), to estimate the drag number that best fits the predicted power
to the actual power. To evaluate the accuracy of the model, we determined the average
absolute pacing error between the predicted and the actual power of the whole trial. We
then defined the time delay t4 between the commanded and the actual cadence, to get an

equation that describes Peycist as a function of commanded cadence f(t — t4):

472m - GR? - r3 813 - GR* - r?

Peyelist(t) = ST, "W f(E—tg) - f(t—tg) +c- 60° 1, "W 3t —tg)  (2.6)

In search for the time delay that best matched the actual cadence to the commanded
cadence, we normalized all step changes to -1 before and 0 after the step change, and

searched for the transfer function of the step changes with the commanded cadence being
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the input and the actual cadence being the output. The transfer function fits the modeled

output to the measured output given the same input data [28].

2.3.2 Design of Feedback Controller

We used the mathematical model in a simulation of a closed-loop feedback controller. Equa-
tion 2.6 replaced the cyclist’s dynamic relationship between the commanded cadence of the
metronome and the actual power. We used a control algorithm in Simulink (The Math-
Works, Inc, Natick, USA)to minimize the error between the target and the actual power,
by adjusting the commanded cadence for the model of the cyclist. We used a discrete solver
with a fixed-step size of 1, for which each time step represents one crank revolution. To
determine the commanded cadence, we used a PI (Proportional Integral) controller. The PI
controller measured the error between the target and the actual power and calculated the
change in commanded cadence as a weighed sum of a signal proportional to the error (k)),
and a signal proportional to the integral of this error (k;).

We then used the feedback controller simulation to optimize for the proportional and
integral gains. The target power was step changes of +10% of the participant’s preferred
power with each step change lasting for around 60 s and the feedback controller tried
to minimize the error between the target power and the actual power. To find the best
combination of gains, we employed a brute-force search. We created a grid of values between
0 and 0.05 with a resolution of 0.002 to generate 26 values per gain. We chose this range based
on prior tests. We ran the feedback simulation with all 676 combinations and quantified the
performance using accuracy and responsiveness. For accuracy, we calculated the average
absolute pacing error between the target power and the actual power during the last 30 s
of each step, and the pacing variability, calculated as the coefficient of variation, during the
same time period (Figure 2.1b). We quantified responsiveness as the response time, defined
as the required time for the actual power to reach 95% of the target power following changes
in target power, which was calculated by fitting a single exponential to each response and

multiplying the resulting time constant by three (Figure 2.1a).

2.3.3 Testing of Feedback Controller

We tested the performance of the feedback controller using the optimized gains in outdoor
cycling. To do so, a participant completed two trials of 16 minutes, during which they were
guided through a range of target powers. The target power consisted of step changes of
+7.5% and £15% of their preferred power. The microcontroller measured the error between
the target and the actual power twice per crank revolution, calculated the change in cadence
to minimize this error based on the proportional and integral gains, and adjusted the com-
manded cadence in real-time via a metronome (Figure 2.2). To evaluate the performance of

the control system, we again quantified accuracy and responsiveness as described in 2.3.2.
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Figure 2.1: We calculated responsiveness as three times the time constant of the single
exponential (a). The average absolute pacing error was the difference between the target

power and the actual power, and the variability was the coefficient of variation within the
last 30 s of each step (b).
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Figure 2.2: A closed-loop feedback system measures the error between the target and the
actual power. Based on the error, a PI controller adjusts the commanded cadence. The
plant (cyclist or model of cyclist) receives this change in commanded cadence and adapts

the actual cadence. A change in cadence induces a change in actual power, which closes the
feedback-loop.
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2.4 Results

2.4.1 Identifying Cyclist Dynamics

The estimated drag number well fit our modeled data to the measured data. The fitted value
for ¢ was 0.36 4+ 0.004. Pilot data are shown in Figure 2.3. The average absolute difference
between the predicted power and the actual power was 15.9 £ 11.7% or about 37 W. The

time delay was 1.8 data points or approximately one revolution of the crank.
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Figure 2.3: In the open-loop experiment, the participant had to follow step changes in com-
manded cadence (a). We measured the actual mechanical power of the trial and predicted
the power with a mathematical model (b).

2.4.2 Design of Feedback Controller

In simulations, the optimized controller gains enabled rapid and accurate controller perfor-
mance. The brute force search suggested values of 0.012 and 0.02 for the proportional and
the integral gain, respectively. The average absolute pacing error between the target and
the actual power during the last 30s of the target power was < 0.01% and the variability in
actual power during this time period, calculated as the coefficient of variation, was 0.1%.

The response time was 23.1s.

2.4.3 Real-time Controller

Optimized controller gains in outdoor experiments obtained accurate and responsive feed-

back control. Figure 2.4 shows pilot data of the outdoor controller. The average absolute
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pacing error between the target power and the actual power during the last 30 seconds of
the target power was 3.2 + 1.2% or about 7.6 W. The variability in power, calculated as
the coefficient of variation during the same time period, was 2.9 £+ 1.3% or about 6.8 W.

The response time was 7.4+2.0 s.
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Figure 2.4: In the closed-loop experiment, the participant was asked to match the actual
power to step changes in target power (b). To succeed, the participant had to change the
actual cadence based on the constantly adjusted commanded cadence calculated from the
feedback controller, and communicated via a metronome in the participant’s earphones (a).

2.5 Discussion

This paper presents our approach to develop a novel system to control mechanical power in
cycling. To understand the cyclist’s dynamic behavior, we first developed a mathematical
model that can predict the mechanical power output following changes in cadence. With this
model, we performed simulations to optimize the design of a closed-loop feedback control
system that controlled power by changing the cadence. We optimized for the proportional
and integral controller gains of the controller and then used these gains to test the perfor-
mance of the actual feedback controller in outdoor cycling where a participant was guided
through a range of target powers and the feedback controller adjusted the cyclist’s power
accordingly with a metronome.

Our mathematical model estimated a realistic ¢ value, but we will further leverage the

model for higher accuracy. Our ¢ can be defined by the drag area CyA and the air density
p:
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1
c= §CdAp (2.7)

For an air density of 1.23-1.25 kg/m? and a drag area of 0.27-0.36 m? for an upright
position [57, 107, 130] ¢ would be between 0.17 and 0.23. With a value of 0.36 our ¢ was
slightly larger. We expected a larger value, because our drag parameter subsumes all un-
modeled losses, such as rolling resistance or wind direction. For higher accuracy between
the predicted and the actual power, we will further refine our model. This might include
adding measurements of the rolling resistance, the wind strength and direction, or other
parameters.

Accuracy was better in the simulations, but responsiveness was better in outdoor ex-
periments. We expected better performance in accuracy in simulations than in outdoor
experiments for several reasons. First, our mathematical model does not perfectly represent
the cyclist. We did not include any measurement noise, participant noise, or disturbances
to our model, which contributes to a larger pacing error and variability in cycling. Since we
did not include a derivative gain to our control system, which is a gain that is very sensitive
to measurement noise, it was not crucial for us to include noise to our simulation. Second,
we optimized for the best gains for the model and not for the cyclist. We then transferred
these gains to the cyclist, which might have a different gain optimum. Response time of
the outdoor experiment was about a third of the responsiveness of the simulation. This
discrepancy can again be explained by an imperfect simulation, but we will have to more
closely investigate the model.

It is unclear whether our feedback control system led to an increase in performance.
Literature is limited on data in cycling pacing accuracy. Mauger et al. found pacing errors
of 2.5% and a coefficient of variation of around 3.5% when giving timing feedback [130]. A
pacing error of 3.2% and a coefficient of variation of 2.9% in our study does not indicate
a performance improvement. To better quantify the performance differences between using
and not using our feedback system, we will conduct our own experiment, comparing cycling
that is self-paced, with cycling with a monitor that displays the power, and with cycling
with our feedback system.

Our approach has several limitations. First, our model is just an approximation of the
cyclist’s dynamic behavior. This leads to discrepancies between the feedback control simu-
lations and the outdoor experiments with the feedback controller. To minimize these dis-
crepancies, we will have to more closely investigate our mathematical model, to understand
its limitations and improve its performance. Second, the results shown in this paper are
from a pilot study with one participant, which adds uncertainty to the results presented.
Third, we used one gear ratio for the whole study, determined by the participant before the

first experiment. The mathematical model accounts for the gear ratio but we have not yet
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investigated if changing gear ratio will change the accuracy of our model and if it affects
the performance of the closed-loop feedback controller.

Our next steps will be to improve this control system to provide cyclists with high
performance feedback. Towards this goal, we will fine tune our mathematical model using
data from more cyclists and using a larger number of gear ratios. This system will provide
cyclists with stroke by stroke control over their power. Athletes, or their coaches, will be
able to set and complete different training protocols, such as interval training, with high

accuracy, and hence, improve their performance.
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Chapter 3

Comparing the advantages and
disadvantages of physics-based and
neural network-based modelling for
predicting cycling power

3.1 Abstract

Models of physical phenomena can be developed using two distinct approaches: using expert
knowledge of the underlying physical principles, or using experimental data to train a neural
network. Here, our aim was to better understand the advantages and disadvantages of these
two approaches. We chose to model cycling power because the physical principles are already
well understood. Nine participants followed changes in cycling cadence transmitted through
a metronome via earphones and we measured their cadence and power. We then developed
and trained a physics-based model and a simple neural network model, where both models
had cadence, derivative of cadence, and gear ratio as input, and power as output. We
found no significant differences in the prediction performance between the models. The
advantages of the neural network model were that, for similar performance, it did not require
an understanding of the underlying principles of cycling nor did it require measurements
of fixed parameters such as system weight or wheel size. These same features also give
the physics-based model the advantage of interpretability, which can be important when

scientists want to better understand the process being modelled.

3.2 Commentary

This chapter uses a slightly different physics-based model from Chapter 2. At the end of
this chapter, I will compare the two models, and explain why they had similar performance

during the model optimization, even though the optimized drag parameters ¢ were different.
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In Chapter 2 we also used the model to optimize for feedback controller settings. I will also

compare the differences in these optimizations, and explain why they led to similar results.

3.3 Introduction

Models are useful. Using models, scientists can better understand and prevent injuries [69,
103, 8, 218, 18, 216]. Models can give insights into how muscles work [95, 234, 191, 82, 204]
and help define human limits to develop anti-doping tools [153, 67, 188]. They can also
simulate variables that are hard or expensive to measure. In cycling, for example, devices
use models to estimate the mechanical power output of riders. This is useful for riders who
do not own equipment that can measure mechanical power directly.

Developing these models from first principles can be difficult. Scientists design models
to describe the real-world relationships that transform independent variables into the de-
pendent variables. One option to model this input-output relationship is to understand and
apply the principles underlying a particular process. For example, developing a physics-
based model for cycling that can predict mechanical power (the output variable) requires
first identifying the input variables that affect the power—such as speed or drag forces—and
then identifying the parameters and how they are combined with the input variables to pre-
dict the output variable [128]. These parameters can be identified through measurements,
or from data [53]. Using this physics-based approach to develop models has at least two
major challenges. First, this process can require a detailed understanding of the principles
underlying a process, which may be unknown or complex. Second, real-world measurements
introduce inaccuracies, which stem from equipment measurement errors, and the fact that
nothing can be measured perfectly. Inaccurately measured parameters can subsequently
reduce the performance of the overall model. For example, to predict cycling speed from
cadence a scientist would have to first understand the underlying principles of how the
angular velocity of the pedal translates to the linear velocity of the wheel, and second to
measure bike parameters such as the wheel radius.

Data-driven neural networks can assist the process of developing models. Neural net-
works are named as such because they loosely imitate the human brain. Mathematically,
they consist of a set of functions that can be trained with data to recognize patterns in
complex data sets. Because neural networks can learn from data, there are many appli-
cations for which they can be used. Modelling the input-output relationship of processes
with neural networks still requires knowledge about the input variables. But, given enough
data, neural networks can approximate a wide variety of input-output relationships without
explicitly having to measure many relevant fixed parameters, or understand the principles
underlying a process, ameliorating the two challenges identified above [98]. For example, to
predict cycling speed from cadence a neural network could learn the relationship between

the cadence and the cycling speed without understanding the principles that relate speed
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and drag to power, and without requiring measurements of the bike parameters such as the
wheel radius.

In order to better understand the advantages and disadvantages of developing models
using a first principles or data-driven approach, here we compare a physics-based model
for predicting mechanical power in cycling with a predictive model developed using neural
networks. We chose cycling for two reasons. First, the underlying principles upon which
to build a physics-based model are well-understood [128, 127, 56, 72]. Second, there is
both scientific and commercial interest in accurately predicting mechanical power during
cycling. Scientifically, it can help to better simulate racing strategies [53, 72, 83, 251].
Commercially, this knowledge can lead to products that help athletes to indirectly measure
their power without the necessity of expensive power metres. To accomplish our goal, we
first built a microcontroller-operated system that provides the cyclists with metronome-
indicated changes in cadence and measures the power output. We used this system to
measure cyclists’ power output during two trials of cycling on a flat running track with two
different gear ratios while following step changes in commanded cadence. Using this data,
we developed and parameterized a physics-based model and a neural network model that
best fit the simulated power to the measured power. We then compared how accurately
these two models predicted the measured mechanical power, and evaluated the advantages

and disadvantages of each approach.

3.4 Methods
3.4.1 Data Collection

We tested nine participants in this experiment (3 females and 6 males; body mass: 72.2 £+ 9.4
kg; height: 177.2 4+ 10.5 cm; age: 28 + 5 years; mean + std). The Office of Research Ethics at
Simon Fraser University approved the study (#20180650). All participants provided written
and verbal informed consent before participating in our study.

During the experiment, participants cycled on a 400 m running track. All participants
used the same bike (Specialized Tricross Comp Size 52, Specialized Bicycle Components,
Inc.) and adjusted the seat height to their own preference. During cycling, they carried a
backpack with a microcontroller (Teensy 3.1, Pjrccom Llc.). The microcontroller measured
torque in the pedal crank arm continuously from an SRM power metre (Dura-Ace, SRM
GmbH). Twice per crank arm revolution (every half pedal stroke), the microcontroller mea-
sured the crank arm angular velocity using a reed switch, and calculated the mechanical

power by multiplying the time-averaged torque with the angular velocity:

Pp=1,-wp (3.1)
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As a warm-up and to familiarise participants with the bike, we first instructed them to
cycle at a comfortable speed for 5-10 minutes. During this familiarisation period, partici-
pants chose their preferred rear gear (16.5 £+ 0.5 teeth), while we kept the front gear fixed
(39 teeth). We measured their preferred cadence (67 + 12 rpm) as the average cadence
during a 30 second period towards the end of the familiarisation period. Next, participants
completed an 18 minute trial with the rear gear being one gear over their preferred rear
gear. This was followed by a second 18 minute trial with the rear gear one gear under their
preferred rear gear. We instructed participants to keep their body position (i.e., high vs.
low handlebar position) the same throughout the experiment to keep their frontal area,
which affects the drag, relatively constant. A metronome, controlled by the microcontroller
and communicated to the participant through earphones, commanded step changes of +5%,
+10%, and £20% of the participant’s preferred cadence, centred about the preferred ca-
dence (Figure 3.1). We instructed participants to match the metronome beat as accurately
as possible with their cadence. Step changes occurred every 60 s and participants could rest

for 10 mins between the two trials.
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Figure 3.1: The experimental setup. a) illustrates the timeline of the experiment with the
Warm-up, during which we evaluated the participant’s preferred cadence (grey box), Break
1, Trial 1 with Gear Ratio 1, Break 2, and Trial 2, with Gear Ratio 2. b) illustrates the
participant with the equipment. c¢) magnifies the data in the grey box of the warm-up. d)
magnifies the data in the grey box of trial 2. Metronome cadence is measured in beats per
minute (bpm), cycling cadence is measured in revolutions per minute (rpm), and power is
measured in Watts.

3.4.2 Development of the Physics-based Model

To derive an expression for the mechanical output power of the cyclist as a function of the
input cadence and gear ratio of the cyclist we model the system as horizontal forces acting

on a point mass (m). One force is applied by the bike’s rear wheel (F}.,), and a counteracting
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force is applied by air resistance (Fy,qq). Using Newton’s second law to describe the cyclist’s

motion yields:

mo = Frw - Fdrag (3.2)

where © is the rate of change of the cyclist’s speed. Fi,q4 is dependent on the squared
speed (v?), the air density (p), the frontal area of the cyclist (A), and the drag coefficient
(Ca) [26]:

1
Firag = 5Aodpvz (3.3)

Due to multiple reasons, we replaced all but the squared velocity with one single variable
which we call the drag number (c). First, we did not measure frontal area or air density.
Second, our drag number is not only air drag but subsumes all other factors of drag, such as
rolling resistance. Isolating F}., in equation 3.2, and substituting the product of the squared

speed and the drag number for Fy,.4, yields:

Frp = mi + cv? (3.4)

Using the forces and radii in Figure 3.2 to calculate the transformation of force from
the pedal to the rear wheel yields:
I

Trg
Fo,=F, —. 3.5
o= Byt (35
Replacing F)}, with the ratio between the torque generated by the user on the crank arm
(7p) and the pedal length (7,) and the ratio between the front gear radius (rfq) and the

rear gear radius (r,q) with the gear ratio (GR) yields:

-
Frp=—-2— 3.6
" GR T (36)
Substituting this expression for Fi.,, into equation 3.5 yields:
Tp . 2
— 3.7
GR .o mv + cv (3.7)

Multiplying both sides with the gear ratio, the rear wheel radius, and the pedal’s angular
velocity yields the mechanical power applied by the cyclist (P,) on the left side of the

equation:

P, = wyGRrrym® + wyGRI oy cv? 3.8
[2 p P
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Figure 3.2: Illustrates the relevant forces (F'), radii (R), and torques (7) in the pedal, front
gear, rear gear, and rear wheel.

The angular velocity in the pedal is equal to the ratio between the angular velocity in
the rear wheel and the gear ratio, and the angular velocity in the rear wheel equals the
linear velocity of the cyclist and the radius of the rear wheel, yielding:

v

Substituting this expression for wj, into equation 3.8 simplifies that equation to:

P, = mvi + cv® (3.10)

Expressing speed as a function of the measured gear ratio and the measured cadence
(f) yields:

2Ty - GR - f
vV —

3.11
50 (3.11)
Substituting this expression for v into equation 3.9 and simplifying yields:
2,2 i 2 3,.3
P, = %GRfo + %GR?’JC?’ (3.12)

where f is the rate of change of the cadence. This equation expresses the output me-
chanical power of a cyclist as a function of the measured time-varying cadence and the
experimentally-manipulated gear ratio. The only unknown and optimizable parameter is

the drag number ¢ — all other parameters in the equation can be measured (Table 3.1).
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Table 3.1: Values of all measurable parameters of the physics-based model.

Parameters

Trw 0.30 m

Tp 0.17 m

m 72.249.4 kg (participant weight) +
13.0 kg (bike and equipment weight)

GR 2.4+0.2

To optimise for a drag number that best fit the predicted power to the measured power,
we used a Levenberg-Marquardt optimization algorithm, implemented in Matlab’s nlinfit
function (R2020a, The MathWorks, Inc., Natick, USA) [205].

3.4.3 Development of a Neural Network Model

When developing a neural network, there are many choices to make about the architecture of
the network. These choices include the structure of the data that is input into the network,
types of network layers, the number of layers, the number of nodes per layer, and the type of
activation function applied to each layer’s output. While there are no clear rules to specify
network architecture to maximise model performance on a given problem [71, 104], there are
certain architectures that have historically performed better on some problems than others.
We used historical performance as well as pilot analyses to guide the following choices:

Data structure: To predict power for each half pedal stroke, we used input data from
that half pedal stroke as well as the seven previous half pedal strokes. For all models, the
input data at each half pedal stroke included the cadence and the derivative of cadence. For
some models, the input data also included gear ratio (Figure 3.3). We chose time windows
of eight half pedal strokes because longer windows required greater computational power
and pilot analyses revealed good performance with our chosen window length.

Types of layers. We chose to use recurrent layers which are comprised of nodes whose
output can affect the next input to nodes of the same layer. They often perform better with
temporal tasks—tasks where the data changes over time—because they can store informa-
tion from past data. More specifically, we used long-short-term-memory layers, which can
further improve the performance over other types of recurrent layers, by prioritising which
information from past data to store [116].

Number of layers. There are different advantages and disadvantages for both shallow
neural networks (one hidden layer only) and deep neural networks (two or more hidden
layers) [27, 148, 2, 110]. For simplicity, and because pilot analyses showed good performance,

we chose to use only one hidden layer.
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Number of nodes per layer. In pilot experiments, we found similar performance for a
small number of layer nodes [234] when compared with greater numbers of nodes (16, 24,...,
and 1024). For simplicity, we chose to use 8 nodes.

Activation function. Typically, each layer in a neural network is followed by an acti-
vation function, which transforms the output of each node in the layer and provides the
network with non-linear modelling capabilities. Due to their widespread success in deep
neural networks, we used a rectified linear unit (ReLU) as activation functions for the

long-short-term-memory layer [195, 210]:

f(z) = max(0,x) (3.13)

A ReLU activation function deactivates nodes with an output of smaller than 0, giving
them the advantage of turning individual nodes on and off. We did not include additional
activation functions for the output layer, because pilot analyses revealed better performance

without output layer activation functions when compared with a ReLLU activation function.

Input Structure Input LSTM Layer ReLU Activation Output Output Structure

fty) j

<

Figure 3.3: Illustration of a conceptual model of the neural network from input structure
to output structure. Notice that for illustration purposes the data structure of the input
and output are illustrated with the time evolving from right to left. To predict one output
datapoint (power P) on the right (output structure), eight input time steps per input
(cadence f, cadence derivative f, and gear ratio GR) are required. The red dots in the
input structure illustrate the eighth and last input datapoint, and the red dot in the output
structure illustrates the eighth output datapoint, which is the datapoint the neural network
is predicting.

35



3.4.4 Data Analysis

To better determine the advantages and disadvantages of the physics-based and neural
network models, we performed two analyses: a within-trial analysis and a within-participant
analysis. First, we tested the prediction performance within each trial. Here the models’ aim
was to learn from parts of the data within a trial and predict the rest of the data within the
same trial. The neural network’s input was the cadence and the derivative of the cadence
and did not require knowledge of the gear ratio, as it was a fixed parameter. Second, we
tested the prediction performance within each participant. Here, the models’ aim was to
learn from parts of both trials and predict the rest of the data within the same participant.
Here, the neural network required knowledge of the gear ratio as an additional input, as it
was a variable that was different between the two trials.

We used normalised root mean square error, k-fold cross validation, and paired t-tests
to compare model performance. To test the prediction performance, we calculated the nor-
malised root mean square error, where we normalised the root mean square error by the
mean of the measured data. Additionally, we also calculated the normalised mean error,
where we normalised the mean error by the mean of the measured data. We split up each
participant’s trial into three subsets, also called folds (Figure 3.4). To test the performance
of the physics-based model and the neural network model in the within-trial experiment
we trained the models with two of the subsets within a trial and tested the accuracy of
predicting the power with the third, using both the normalised root mean square error and
normalised mean error. For example, we would use fold 1a and fold 1b to train the model
and fold 1c to test the prediction accuracy. Here, we did 3-fold cross validation: We used
each of the three subsets as a test set once to get the prediction accuracy three times. To
test the performance in the within-participant experiment, we trained the models with five
of a participant’s subsets and tested the accuracy of predicting the power on the sixth. For
example, we would use fold 1a, fold 1b, fold 1c, fold 2a, and fold 2b to train the model
and fold 2c to test the prediction accuracy. Here we did 6-fold cross validation: We used
each of the six subsets as a test set once to calculate the prediction accuracy six times.
To compare overall performance, we averaged the normalised root mean square errors of
each participant and compared the mean normalised root mean square error between the
physics-based model and the neural network model with a paired t-test using a significance
level of p < 0.05.

3.5 Results

The physics-based model and the neural network model had similar predictive performance.
The normalised mean error and normalised root mean square error for the within-trial analy-
sis — in which the different gear ratio trials were kept separate when we trained and tested
the model — of the physics-based model were 1.6%+1.1% and 19.6+5.1%, respectively
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Figure 3.4: Illustrates the two trials with different gear ratios, and the subsets within each
trial for the within-trial and within-participant analysis.

(mean between participants + standard deviation between participants; Figure 3.5). With
this predictive performance, we expect a new participant with a measured average power
output of 300 W to have a predicted average power that is 5 Watts (1.6%) above the actual
average power. And for 95% of the half pedal strokes at 300 W, we expect the predicted
power for this new participant to be within 116 Watts (19.6%*1.96). On average, the op-
timised drag number was 1.240.2. The normalised mean error and normalised root mean
square error for the within-trial experiment of the neural network model were 1.2%+4.2%
and 18.24+6.0%, respectively (Figure 5). The predictive performance between the two models
was not significantly different (p = 0.34).

The normalised mean error and normalised root mean square error for the within-
participant analysis — in which we combined the different gear ratio trials when we trained
and tested the model — of the physics-based model were 3.2% =+ 1.8% and 20.94£5.1%, re-
spectively (Figure 3.6). On average, the optimised drag coefficient was again 1.2 £+ 0.2. The
normalised mean error and normalised root mean square error for the within-participant
experiment of the neural network model were 4.1%+10.9% and 25.4+5.6%, respectively
(Figure 6). Again, the predictive performance between the two models was not significantly
different (p = 0.12).
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Figure 3.5: Representative prediction data for the within-trial analysis. These representative
trials had similar RMSEs and normalised mean errors with the overall average.
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Figure 3.6: Representative prediction data for the within-participant analysis. These repre-
sentative trials had similar RMSEs and normalised mean errors with the overall average.
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3.6 Discussion

Here we developed and compared a physics-based model and a neural network model in
predicting cycling power from changes in cadence and gear ratio. We chose cycling because
its physics are well understood. In our physics-based model, we optimised for the only
unknown, the drag number. For the neural network model, we used a simple recurrent
neural network with one long-short-term-memory layer consisting of eight nodes. We found
that the neural network model had a similar performance to that of the physics-based model.

Neural networks can help develop models when we do not understand the underlying
principles of a problem. To develop the physics-based model we needed an understanding of
the underlying principles of cycling. In comparison, the neural network could automatically
learn the input-output relationship. If we would decide to add new input variables to the
model, like for example continuous wind speed and direction, we suspect it would be easier
for a scientist without an understanding of the underlying principles to train a new neural
network with the added variables, than to find the correct way to add these variables to
the physics-based model. Furthermore, a scientist with sufficient expertise in neural network
modelling is well poised to develop new models for many other physical phenomena, without
being an expert in the underlying principles of any of the systems. These are advantages of
modelling using neural networks over physics-based modelling.

The physics-based model had more physically-meaningful parameters, introducing both
advantages and disadvantages. For the physics-based model we used measured parameters,
such as the rear wheel radius and the participant’s weight. We did not measure these pa-
rameters for the neural network, removing an extra step and potential for inaccuracies. But
having fixed parameters makes it easier for future changes in the experimental environment.
For example, if we decided to change the bike, the physics-based model would only need the
new rear wheel radius and weight of the new bike, but the neural network would need new
training with the new information. Having fixed physical parameters in the physics-based
model also makes it more interpretable, which can help better understand the performance
of a model, and subsequently increase the fundamental understanding of the particular
problem itself. A neural network creates its own representation of a problem, which makes
it harder to interpret.

Others have also shown the utility of neural networks when developing models of com-
plex dynamic systems. Some have shown how to combine physics-based models with neural
network models to enhance performance [226, 55, 224, 34]. Others have directly compared
physics-based models and neural network models, similar to our project. For example, Choi
et al. [42] compared the design and implementation of a physics-based model and neural
network models for predicting the performance of a cooling system of a gasoline vehicle
equipped with an electric control valve. Hu et al. [102] compared the design and imple-

mentation of a physics-based model, a combination of physics-based and neural network
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model, and a direct neural network model for simulating different metrics in a diesel com-
bustion engine. In both cases, their findings suggest that developing the neural network
required less expert knowledge and took significantly less time. In a complex process like
this, expert knowledge is not only required to develop the physics-based model, but also
to get valid measurements for the model’s parameters. Correspondingly, the authors found
highest prediction accuracy with the neural network model. Such as in our project, they
also see advantages in using physics-based models, such as better interpretability and better
durability against the worst anomalous conditions in which there is not enough data for the
neural network to learn accurately.

In our study, both models converged to similar, but not perfect, prediction accuracies.
We expected this imperfect performance as there are many variables in cycling that affect
the power output that we did not include in our models as they would have required
complex measurement systems [128]. For example, we did not measure or model headwinds
or tailwinds which increase and decrease the drag force, respectively. Our participants cycled
on an oval running track creating situations where in the presence of a prevailing wind,
participants alternatively experienced headwinds and tailwinds with neither of these forces
represented by changes in the inputs of the model. Incorporating continuous wind speed
and direction could enhance the performance of both models. Doing so would be more
difficult for the physics-based model, since we would have to understand how the wind speed
and direction affects the whole system to properly add it to the model. In comparison, to
add additional variables to the neural network model simply requires retraining the model
with the added new variable in the input data. More generally, we suspect that as the
complexity of the process to be modelled increases, or as the number of required measured
inputs increases, a data-driven modelling approach will prove simpler, although harder to

interpret, than a physical modelling approach.

3.7 Commentary

During the comparison, I will call the model from Chapter 2 the “original” model and the

model from Chapter 3 the “updated” model.

3.7.1 Model Differences

Please refer to Appendix A for more details about the different equation development steps
of the original model. In Chapter 2, for the original model, we modeled the system as forces
acting on a point mass (m). One force is applied by the cyclist and a counteracting force is
applied by air resistance (deg). Using Newton’s second law to describe the cyclist’s motion

yields:
mu = Fcyclis - Fd’r‘ag (314)
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The fundamental difference to the updated model is that — instead of using the force
at the rear wheel for the horizontal forward force — we assumed the force applied from the
cyclist on the pedal to be representative of Fiyc;st. We replaced Fi.yqis with the ratio of

the torque in the pedal crank arm 7, and the length of the pedal crank arm [,, yielding:

% _ 1 + Fir (3.15)
P

Because we described the horizontal force acting on m with the force acting on the pedal,
this model leads to a slightly different and conceptually wrong model. Before describing the
speed with cadence, our calculations then lead to this final equation, where P,y is the
mechanical power applied by the cyclist, ., is the rear wheel radius, I, is the pedal length,

GR is the gear ratio, v is the speed, and v is the acceleration:

Pcyclist:%‘GR'm‘f)'U-i-C'T;pw .GR-v® (3.16)

In Chapter 3, before describing the speed with the cadence we have equation 2.3. The
only difference between the final two models is that the original model multiplies the drag
and the inertial term with the factor T{f -GR.

3.7.2 Model Comparison - Drag Number Optimization

The updated model predicts the power slightly better than the original model with lower
peaks. We found a drag number ¢ of 0.3609 4+ 0.0103 and 1.3101 + 0.0225, and an nRMSE
between the actual and predicted power of 20.80 £ 1.9092% and 18.62 + 6.0528% for the
original and updated model, respectively. The nRMSE between the two models was 15.52
+ 1.61%. Figure 3.7 shows example data on how the models performed when compared
to the actual power. Because of the added T[Tw - GR factor, the original model’s peaks are
higher, but the drag number is much smaller, when compared to the updated model. Let’s
consider the data from Figure 3.7, where ™ . GR is equal to 3.6223. The peaks in the

lp
original model are higher, because the inertial part gets multiplied with this value, while

the inertial part of updated model does not. In the drag part, the low drag number of the
original model equalizes the effects of the Tg—p'” - GR factor. The drag number was 0.3536 for
this data. Multiplying this drag number with ’7—;“ -G R results in 1.2808. This is very similar
to the updated model’s drag number 1.2942. Equation 3.17 shows this relationship.

r
Coriginal =~ Cupdated %GR (317)
P
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Figure 3.7: Illustrates the power predictions of the original model (red) and the updated
model (blue) when compared to the actual power (grey) in one example trial.

3.7.3 Model Comparison - Feedback Controller Design

The controller gains determined from the original model work well for the updated model.
In the original simulation from the original model in Chapter 2, the optimized controller
gains were 0.012 and 0.02 for the k, and the k;, respectively. In an updated simulation with
these gains, we found that the nRMSE between the target power and the simulated power
were 5.88% and 3.16% for the original model and updated model, respectively. The updated
model was therefore better in feedback control simulations, when using the optimized gains
from the original model, than the original model itself, explaining why these gains worked
well during outdoor experiments.

By optimizing for new controller gains with the updated model, the feedback controller
in the simulation could improve. For the updated model, the optimization found a &, and
k; of 0.024 and 0.03, respectively, with an nRMSE of 2.59%. The updated model could use
higher and more aggressive gains. This is because, compared to the original model, changes
in cadence would not lead to such rapid changes in power.

In conclusion, the feedback controller in our outdoor cycling experiment with optimized
gains from the original, and conceptually wrong, model worked well for the following reasons.
First, the gains from the optimization with the original model showed better feedback
control in simulations with the updated model, which is a more realistic representation of the
real dynamics. Second, the controller gains from the optimization with the original model
were similar, but less aggressive, than the ones from the optimization with the updated
model. Lower gains typically lead to slower, but stable feedback control. And third, models
are always a simplified version from the real mechanisms, and for good dynamic control we

often do not need highly accurate models [200].
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Chapter 4

Running patterns can not be used
to classify running performance.

4.1 Abstract

Athletes and coaches may seek to improve running performance through adjustments to
their running pattern. Running patterns can distinguish individual runners as well as groups
of runners, such as females and males, youth and elderly, or long-distance and short-distance
runners. Yet, in long-distance running it is still unclear whether certain running patterns
lead to better performance. In this study, we used a neural network to further test whether
there is information available within individual running patterns to classify individual run-
ners’ long-distance running performance. To accomplish this, 119 participants reported their
personal best 10 km run time. They ran on a treadmill at three different speeds and over-
ground at a self-selected sub-maximal speed while we collected data from IMUs inserted in
the insoles of both shoes. First, we trained the neural network to identify individual runners
from their running data. Then, we trained the same neural network to classify the runners’
performance. With enough data, the neural network was successful in identifying individual
runners, but failed in classifying their running performance. We interpret the failure of the
same model to classify running performance as evidence that individual running patterns
measured from IMUs inserted in the shoe-insoles do not contain useful information about
a runner’s performance. We also showed that a neural network’s capability of identifying

individual running patterns does not scale with an increasing number of runners.

4.2 Introduction

Athletes and coaches may seek to improve running performance through adjustments to
their running pattern. Part of the rationale for this belief is that running patterns distin-
guish individual runners as well as groups of runners. Every runner has an individual running
pattern. Whether using 3D motion analysis data combined with force plate data [97], force
plate data by itself [99], or IMUs mounted to both shanks [246], algorithms are able to
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detect individual runners’ running patterns. Different groups of runners also demonstrate
different running patterns. For example, runners of different sexes or different age groups
have different running patterns [77, 182, 66]. When normalized for speed, there are differ-
ences between runners specialized in different distances [50, 179]. Running shoes also lead
to shoe-specific running patterns [99]. Individual running patterns and group running pat-
terns are not mutually exclusive. Horst et al. could distinguish individual running patterns,
regardless of changing footwear, but also distinguish different footwear regardless of the
runner [99].

Yet, whether certain running patterns, specifically in long-distance running, lead to bet-
ter running performance is still unclear. In sprinting, better technique can improve perfor-
mance [147]. In long-distance running, Moore concluded in a literature review that biome-
chanical variables during ground contact seemed to have the strongest association with
running economy, but also acknowledged that there are still major shortcomings in the
performed studies [154]. Since then, several studies have aimed to find evidence for a good
running pattern. For example, Agresta et al. could not find any relation between years of
running experience and motion analysis data [7]. Patoz et al. also found no running pattern
that was connected to a better running economy [178]. Subjectively, even running coaches
are unable to tell whether a specific running pattern is good or bad [48]. Conversely, Cler-
mont et al. could distinguish between recreational and competitive runners with 3D motion
analysis independently of their sex [46], as well as with IMU data collected at the center
of motion between recreational and competitive runners when split up into their respective
sexes [45]. This is not strong evidence. In both studies, the group used a cross-fold valida-
tion algorithm — which is when an algorithm trains with a predetermined dataset, tests its
accuracy on a left-out dataset, and repeats the same process with changing training and test
datasets —, but instead of leaving out a certain number of participants, they seemed to leave
out a certain amount of data (i.e., 90% in [46] and 70% in [45]). This risks that the algo-
rithm learns the association of a runner’s running pattern with their running performance,
instead of the general running pattern of a recreational or a competitive runner.

If there was a detectable difference in running patterns between high and low perfor-
mance runners, neural networks might find pattern differences in the raw data that conven-
tional machine learning algorithms could not yet. Most sports-specific classification science,
including running-related science, has historically classified movements with conventional
machine learning algorithms, such as support vector machines [51, 46, 45, 152, 164, 99,
77, 47]. To classify data with conventional machine learning algorithms, scientists typically
extract features from the raw data before training the classification algorithm [183]. In run-
ning, these features could for example be stride time, coefficient of variation, or minimum
and maximum joint angles [207, 25, 45, 66]. Compared to conventional machine learning

algorithms, modern machine learning algorithms, such as neural networks, have higher clas-
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sification accuracy in biomechanics [51, 152]. Neural networks can learn from raw datasets
without the need to extract features, ameliorating the risk of losing information in the data.

In this study, we used a neural network to further test whether there is information
available within individual running patterns to classify individual runners’ long-distance
running performance. To accomplish this, 119 participants reported their personal best
10 km run time. They then ran on a treadmill at three different speeds and overground
at a self-selected sub-maximal speed while we collected data from IMUs inserted in the
insoles of both shoes. Using this data, we trained a neural network model to accurately
identify individual runners. This confirmed that there was sufficient information in the
IMU signals, and capability in our model architecture, to identify individual differences
in running patterns. We then tested whether the individual differences in these running
patterns could be used to separate fast runners from slow runners by retraining the same
neural network to classify runner performance rather than runner identity. Failure of this
model in classifying runner performance after success in classifying identity is evidence that
individual running patterns do not contain useful information about a runner’s capability.
Our second purpose for this study was to determine how the model’s accuracy in identifying
individual differences in running patterns would scale with an increase in the number of

runners or an increase in the amount of data for each runner.

4.3 Methods
4.3.1 Participants

We recruited 119 participants for the study (female: n = 58; male: n = 61; age: 43 + 11
years; body mass: 69.9 + 11.3 kg; height: 175 £+ 10 cm; US shoe size: 9.2 + 1.6; mean +
std). The Office of Research Ethics at Simon Fraser University approved the study, and
we performed the methods in accordance with the relevant guidelines and regulations. All
participants provided written and verbal informed consent before participating in our study.
Out of the 119 participants (1 session), 37 did the same experiment again one week later
(2 sessions), and 24 did the same experiment a third time (3 sessions), one month after the

initial visit.
4.3.2 Experimental Design

Participants ran on a treadmill and overground and indicated their running speed. Prior to
data collection, participants warmed up for 5 minutes to become familiar with the treadmill
(NordicTrack C700, NordicTrack, Logan, USA). Participants then ran for 1 minute each —
excluding treadmill acceleration and deceleration — at three different speeds (2.5, 3.0, and
3.5 m/s) in a randomized order. Afterwards, in a hallway, participants ran 90 meters over-

ground in one direction, turned around, and ran the same distance in the opposite direction
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at their preferred speed. To quantify their running performance, participants reported their
10 km personal best time on a questionnaire.

During the experiment, we collected data with an IMU sensor mounted in both shoe
insoles. An IMU (Plantiga Technologies Incorporation, Vancouver, Canada) collected both
lineaer acceleration and angular velocity at a sampling rate of 500 Hz. The accelerometers’
range was +/-16 g and the gyroscopes’ range was +/- 2000 degrees/second. Figure 4.1

illustrates the orientation of the sensor in the insole.

Figure 4.1: Illustrates the sensor orientation in the insole.

4.3.3 Data Preparation

We ensured steady state running in the data and then cut the data into smaller data win-
dows. Through visual inspection, we cut the treadmill data to 50 seconds in total, to ensure
steady state running in the data. Similarly in the overground running, we only included
steady-state running, excluding speed changes in the beginning, during turn-around, and at
the end. We split the data into data windows of 20s or 10,000 data points to capture over
95% of the variability in the data [198, 22]. To artificially increase our dataset, we used an
overlap of 9,000 data points.

We then transformed linear acceleration and angular velocity data of each window into
spectrograms. Figure 4.2 illustrates the transformation from a raw data window to a spectro-
grams. Scientists have already applied this methodology in different scientific areas, where
they transformed time-series data into spectrograms and trained gold standard image recog-

nition algorithms on these datasets [111, 237, 12]. For each window, we created one spec-
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trogram image per sensor. To create the spectrogram, we used the spectrogram function
from the signal library in Python (Python Software Foundation, Wilmington, USA), with a
segment length of 250 samples (0.5s) and no overlap. Pilot tests revealed good performance
with these settings. Each spectrogram consisted of 126 frequencies on the y-axis and 40 data
points on the x-axis. To visualize the power of higher frequencies better, we also converted
the power spectrogram into decibel units using the power_to_ decibel function from the
librosa library. A single input for the neural network consisted of 12 spectrogram images —

one image for each sensor channel from each shoe.
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Figure 4.2: a) illustrates one representative window of linear acceleration data in the x-axis.
b) illustrates the transformed spectrogram of the same data.

4.3.4 Data Analysis

We first optimized our model to predict individual runners. The model used 100% of the
treadmill data for training and 80% of the overground data for validation. We left out 20%
of the overground data to test the accuracy of the trained model (Figure 4.3a). The model
required to use 100% of the treadmill data for training to learn the running pattern from
each individual runner. For a total of 119 runners, we used treadmill data from all 119
runners for training, overground data from 95 runners for validation during training, and
overground data from the left out 24 runners to test the accuracy of the trained model.
During testing, the model had to predict an individual runner out of 119 possible runners.
We also did some tests on the runners that did the experiment two or three times, using
the same ratios between training, validation, and test set. To quantify the performance of
the model during training, validation, and testing, the model calculated accuracy, which is
the ratio between correctly classified runners and the sum of all runners.

As a secondary purpose, we also tested how the amount of runners and the amount
of training data per runner affected the accuracy of the model. To do so, we trained the

model with treadmill data from 1 session from 10 runners and used the overground data for
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validation. We did this test with an increasing number of runners, in increments of 10 [10,
20, 30, ..., and 119]. We did the same test again, but reduced the amount of training data
for each participant to 67%. For both tests, we used all overground data for validation, and
did not reserve a separate test set.

We then optimized the model to separate fast and slow runners based on their 10 km
personal best time. We used treadmill data from 60% of the runners for training, 20% for
validation, and left out 20% for testing (Figure 4.3b). To prevent the model from deriving
a runners’ 10 km personal best time from their preferred overground speed, we excluded
the overground data from this part of the analysis. For a total of 119 runners, we used
treadmill data from 71 runners for training, treadmill data from 24 runners for validation
during training, and treadmill data from the 24 left out runners to test the accuracy of the
trained model. We trained and tested the model to predict the runners’ 10 km personal
best time in seconds, and quantified the model’s performance during training, validation,
and testing by calculating the root mean square error. Here, we also calculated the mean
10 km personal best time of all runners in the training dataset, and used this number as a
prediction for every runner in the test set, and compared the result to the performance of
our model’s predictions. To simplify the task, we also created a fast and slow group, with
the median 10 km personal best time separating both groups into equal sizes, and tested
the model’s classification performance in separating fast from slow runners. To quantify the
model’s performance during training, validation, and testing, it calculated accuracy, which

is the ratio between the correctly classified group and the sum of all runners.
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Figure 4.3: a) illustrates how we split the data in training, validation, and test set for
predicting individual runners. b) illustrates how we split the data for predicting the runners’
running performance.

Before training and testing the models, we chose an image recognition algorithm and

optimized the hyperparameters. We used ResNet50V2 from the keras library [93], because

it showed success with spectrogram classification in other scientific areas, and did all cal-
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Table 4.1: Test accuracies for using 1, 2, or 3 sessions.

1 Session 2 Sessions 3 Sessions
Total Runners 119 37 24
Test Runners 24 8 6
Test Accuracy | 84% 89% 95%

culations in Google Colab (Alphabet Inc., Mountain View, USA). Based on pilot analysis,
we used a batch size of 32, did 5,000 epochs, used an adam optimization algorithm with a
learning rate of 107, and automatically re-initialized the weights if the performance of the
validation set did not increase for more than 1,000 epochs. Our algorithm saved the model

with the best accuracy on the validation set.

4.4 Results

The model could accurately identify individual runners from their running patterns. When
training and testing the model with all runners that had data from at least one experimen-
tal session, the model had a test accuracy of 84%. To arrive at this single session value,
here we used the treadmill data from all 119 runners to train the model, overground data
from 95 of these 119 runners for validation during training, and the remaining 24 runners’
overground data for testing. It is for these test runners that the model accurately assigned
the overground data to the correct runner — out of 119 possible runners — 84% of the
time even though we did not train it on this data. The test accuracy increased to 89% and
95% when trained on data from 2 or 3 sessions, respectively. This increase in performance is
because we had more data from each runner to train the model, and because the model had
fewer runners to discriminate between. Table 4.1 presents the accuracy of these different
tests.

The accuracy of the model decreased with an increased number of runners and a de-
creased amount of data per runner. Figure 4.4 illustrates the validation accuracies with an
increasing number of participants for 100% and 67% of data per runner, respectively. When
averaged over all calculations — that is with 10 runners, 20 runners, and so on —, the
accuracy was on average 6.1 + 4.1% (mean + std) lower for the validation accuracy with
67% of the data. Here, we used all overground data for validation, and did not reserve any
test data throughout the experiment.

The model could not accurately predict running performance from individual running
patterns. When predicting an individual runner’s 10 km personal best time, the model’s root
mean square error of the test set was 473 s. To arrive at this value, here we used treadmill
data from 71 runners to train the model, treadmill data from 24 runners for validation during

training, and treadmill data from the remaining 24 runners’ treadmill data for testing. To
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Figure 4.4: Illustrates 1) how the validation accuracy decreases, when the number of runners
increases and 2) how the validation accuracy decreases when the amount of data per runner
in the training data decreases.

evaluate whether the model could predict 10 km personal best times from individual running
patterns, the model never saw any data from the test runners during training or validation.
For comparison, we also calculated the mean 10 km personal best time of all runners in the
training dataset (2759 s) and used this number as a prediction for every runner in the test
dataset, which resulted in a root mean square error of 486 s. With a root mean square error
of 473 s, the neural network was not much better than simply using the mean of the training
runners’ 10 km personal best time based on their running patterns. To simplify the task,
we created a fast and slow group, with the median 10 km personal best time separating
both groups into equal sizes and tested the model’s classification performance in separating
fast from slow runners. Here, the model was not able to accurately separate fast from slow

runners based on their running patterns, with a classification accuracy of 57%.

4.5 Discussion

Running patterns are individual but do not have information about a runner’s performance.
To demonstrate this, participants reported their personal best 10 km run time and we
collected acceleration and angular velocity data from IMUs embedded in the shoe insoles
during treadmill and overground running. First, we transformed time series running data
into spectrograms and trained a state-of-the-art image recognition neural network to classify
individual runners from their running data. Second, we trained the same neural network to
classify the runners’ performance. With enough data, the neural network was successful in

classifying the individual runner, but it failed to classify their performance.
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The main limitations of this project are the choice of sensor and the local sample popula-
tion. First, scientists collect data in running biomechanics mostly with stationary laboratory
equipment such as force plates and 3D video analysis. This limits the comparison of our
findings with previous findings in the area. We chose to do our study with wearable sensors,
because laboratory experiments can be unrepresentative of the real world [58, 33, 17| and
wearable sensors are widely seen as the future of biomechanical research [259, 208, 250, 223].
The sensor that we used can accurately measure the kinematics of the foot, and has been
validated and used in other studies before [161, 212, 151, 160]. Second, because of the choice
of sensor, our results only apply to foot kinematics. Our experiment does not prove that
there is no information about performance in any other parts of the body. Third, because we
conducted our experiment in Vancouver, our sample population is limited to runners from
the Greater Vancouver Area. To mitigate this limitation as much as possible, we collected
data from a comparably high number of runners.

Our experiment contradicts research that has found that there are good and bad run-
ning patterns. Clermont et al. were able to accurately classify recreational and competitive
runners from their running pattern [46, 45]. Our algorithm was unable to predict the run-
ning performance from the running pattern. Clermont et al. used different data collection
methods — they used an IMU at the lower back [45] and lower limb 3D video analysis [46]
— and, while in our data there was no information about the running performance, the
necessary information might be available in theirs. However, it is also possible that their
results represent false positives for the following methodological reasons: First, in their
cross-fold validation they seemed to leave out a certain amount of data, instead of leaving
out a certain number of participants, which risks that an algorithm learns the association
of a runner’s individual running pattern with their individual running performance. Sec-
ond, they included 35 and 41 runners in their studies, respectively, which is a small sample
size and could also lead to a positive result by chance. Compared to that, our cross-fold
validation algorithm left out all data of runners used in the test set, and our sample size
was, with 119 runners, much larger. Besides our experiment, two more research groups have
found no association between running patterns and performance. Agresta et al. found no
association between years of running experience and trunk and lower extremity kinematics
and kinetics [7]. Patoz et al. found no association between running economy and whole body
kinematics [178].

An individual’s running pattern generalizes to different environments. Most research
in this area either trained and tested their algorithm with treadmill data or trained and
tested their algorithm with overground data [97, 246]. Their prediction accuracies are >95%.
Only Horst et al. switched between multiple different shoes and found that their algorithm
could still predict the individual runner with an accuracy of 80% [99]. Scientists call this
phenomenon domain or dataset shift, and it shows how generalizable an algorithm is to

changing environments [190]. In our study, we trained the neural network on treadmill
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data with three fixed speeds, and tested its accuracy on overground data with the runners’
preferred speed. That is, the neural network had to classify runners on a different surface
and with different speeds than what it trained on. Our model was able to accurately classify
runners in different running environments and adds to the findings of Horst et al. where
they successfully classified runners with different footwear [99].

Individually distinguishable running patterns do not scale with increasing individuals.
Some algorithms in past studies could accurately classify individual running patterns [97, 99,
246]. Weich and Vieten define this phenomenon as the “gaitprint”. These three studies used
between 30 and 50 runners. In our experiment, we had a bigger sample and found that, as we
increased the number of runners in the analysis, the classification accuracy decreased (Figure
4.4). These results suggest that if we keep increasing the number of different runners, the
accuracy of the neural network in classifying individual runners would eventually go towards
0. Decreasing the amount of data for each runner (100% vs. 67%) had a similar effect, but
also suggests that by increasing the amount of data per runner, we could simultaneously
increase the number of runners without losing classification accuracy. For example in our
data, 10 participants with 67% of data had a similar validation accuracy as 80 participants
with 100% of the data. We know that increasing the amount of data per class increases the
overall accuracy of the model [196, 49, 193]. Our study added to this knowledge as it helps
understand the effects of increasing the number of classes. These findings question Weich
and Vieten’s proposal of using the “gaitprint” as a virtual signature to mitigate fraud in
e-sports such as ZWIFT (Zwift Inc., Long Beach, USA) or IRONMAN Virtual Club (Sport
Heroes, Paris, France). Our results suggest that the amount of data used to create an
individual’s “gaitprint” will have to continuously increase as the number of participants
increases.

Future research should leverage novel algorithms that can analyze image recognition al-
gorithms to better interpret the decision making process of the neural network. Compared
to most biomechanics research, which uses traditional machine learning algorithms, we
used a neural network for classification. Neural networks have better capabilities in learn-
ing complex patterns in the data, but their decision making is harder to interpret [183].
Recently, different research groups have suggested algorithms that can interpret neural net-
works, specifically in image classification [260, 68, 258, 206]. For IMU-measured running
data, these algorithms could enable us to better understand which frequencies in the linear
acceleration and angular velocity data distinguish individual runners. Besides the possibil-
ity of using physics-informed neural networks [192], this could create another possibility
of understanding the decision making of neural networks, and increase their importance in
biomechanical analysis.

This project has significance in the areas of running biomechanics, coaching, and virtual
signatures. Our algorithm could classify individual runners from their running patterns, but

was not able to classify their running performance. Coaches should take this information
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into account when considering to adapt running patterns during training, as our findings
indicate no existence of a good or bad running pattern, at least not when measuring kine-
matics with shoe-insole implemented IMUs. If good or bad running patterns do indeed exist,
scientists should focus on measuring kinematics also from other parts of the body. Addi-
tionally, our results have significance for the consideration of running patterns as virtual
signatures in e-sports. We found that running patterns generalize to different environments
— in our experiment the running patterns generalized to treadmill and overground running,
and different speeds —, but that the performance of the algorithm decreases with an increas-
ing number of different individuals. In e-sports an algorithm could be able to identify an
individual runner in different environments, but if the number of different runners increases
without a simultaneous increase in the amount of data per runner, the algorithm’s accuracy
in classifying an individual runner decreases. To ensure data safety and competition fairness
in e-sports, engineers will have to find a solution to confidently identify individual runners.

One solution could be to continuously retrain the algorithm on the runners’ new data.
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Chapter 5

A remote laboratory course on
experimental human physiology
using wearable technology

5.1 Abstract

To help educators deliver their physiology laboratory courses remotely, we developed an
inexpensive, customizable hardware kit along with freely available teaching resources. We
based the course design on four principles that should allow students to conduct insightful
experiments on different physiological systems. First, the experimental setup should not
be constrained to laboratory environments. Second, students should be able to take this
course without prior coding and electronics experience. Third, the hardware kit should
be relatively inexpensive, and all other resources should be freely available. Fourth, all
resources should be customizable for educators. The hardware kit consists of commercially
available electronic components, with a microcontroller as its hub (Arduino friendly). All
measurement systems can be assembled without soldering. The hardware kit is cost-effective
(approximately the cost of a textbook) and can be customized depending upon instructional
needs. All software is freely available, and we share all necessary codes in open-access
online repositories for simple use and customizability. All lab manuals and additional video
tutorials are also freely available online and customizable. In our particular course, we have
weekly asynchronous physiology lectures and one synchronous laboratory session, where
students can get help with their equipment. In this article, we only focus on the novel
and open-source laboratory part of the course. The laboratory includes four units [data
acquisition, ECG, electromyography (EMG), activity classification] and one final project. It
is our intent that these resources will allow other educators to rapidly implement their own
remote physiology laboratories or to extend our work into other pedagogical applications

of wearable technology.
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5.2 Introduction

Delivering effective laboratory experiences in science, technology, engineering, and math-
ematics (STEM) is challenging to do remotely. A goal of laboratory courses is to provide
students with hands-on experience using methods and approaches relevant to the course
area. In conventional laboratory courses, this hands-on experience is often enabled with the
use of a small number of relatively expensive and specialized laboratory equipment in a
face-to-face setting. The expensive and nonportable nature of traditional equipment make
it challenging to replicate the experimental approach in a remote learning environment.
That is, it has been easier to bring the students to the laboratory than the laboratory to
the students. Consequently, although there is a substantial body of evidence about the ef-
fectiveness of online teaching in general [163], a commonly held view is that online teaching
methods in laboratory courses are not equivalent alternatives to conventional laboratory
experiences [169, 106, 243].

Compared with other disciplines in human biology, it has been especially challenging
to identify appropriate remote laboratory teaching methods for physiology. In anatomy,
for example, instructors can use interactive visualization to increase student engagement
and learning (5, 6). In histology, virtual microscopy offers an efficient learning tool with
high performance outcomes and high student satisfaction [21, 112, 30]. In physiology, the
available tools are not as effective. For example, computer simulations can enhance the
understanding of physiological concepts [167], but there are several reasons why not even
high-fidelity patient simulators—which are lifelike computer model-driven manikins—can
replace traditional teaching methods where students do physiological measurements on hu-
mans and other biological systems. These reasons include that reproducing realistic physi-
ological scenarios can be difficult, time consuming, and expensive [94]. Recently, educators
have proposed smartphone-assisted physiology laboratories, where students can learn to
measure different physiological parameters such as heart rate or respiratory rate with their
own smartphones [121]. Although this creative approach has many strengths, it constrains
potential physiological experiments to those that are possible with phone sensors, which
is a small subset of those that would normally be possible in on-campus laboratories. The
lack of options for remote hands-on physiology laboratories became particularly clear to
us during the COVID-19 pandemic when safety necessitated that we cancel all face-to-face
classes for more than a year.

To help educators deliver hands-on physiology laboratory courses remotely, we developed
an inexpensive, customizable hardware kit along with fully open-source teaching materials.
Our main goals were to deliver an open-source course that teaches physiology students
how to do hypothesis-driven physiological experiments and to make the course inexpen-
sive and customizable for educators with different needs. We designed it so that students

without prior coding or electronics experience would find the course material approachable.
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To make the hardware kit inexpensive and customizable, it consists of commercially avail-
able electronic devices and components with a microcontroller as its hub and includes a
suite of physiological sensors. With customizable laboratory manuals and supplementary
video tutorials, students measure physiological signals such as electromyography (EMG),
electrocardiography (ECG), and kinematics. Then, they analyze and interpret the acquired
signals with open-source computer software available through source code repositories. In
this article, we mainly focus on the novel part of this course, the laboratory portion. The
laboratory portion includes the hardware, software, and pedagogical resources that we de-
veloped. Educators can use these resources to teach a stand-alone laboratory course and a

laboratory portion for a hybrid lecture and laboratory course.

5.3 Methods

5.3.1 Course Design Principles

We had several key principles for the design of the course. First,the hardware system under-
lying the data collection must be wearable. That is, all sensor configurations could be worn
on the body and operated without the necessity of a computer connection, using battery
power and data logging capabilities. Second, extensive technical experience must not be a
prerequisite for the course. Toward this principle, setting up the hard- ware should work
without soldering and the number of wires and devices for a measurement system should
be small. Additionally, students should not require prior coding knowledge to set up soft-
ware for the measurement systems as well as the data analysis. Third, all resources must
be financially accessible. The hardware kit should be relatively inexpensive (approximately
the cost of a textbook), all the software required should be open source, and the instruc-
tional materials should be open access. Fourth, the workload for educators to develop a
similar course must be minimal. All hardware, software, and instructional materials should
be customizable. Finally, the combination of these resources must allow students to do mul-
tiple insightful experiments on a range of physiology systems. Based on these principles, we
demonstrate our solutions for the hardware kit, software, and instructional materials and

explain how to customize them to meet different needs.

5.3.2 Hardware Kit

The hardware kit consists of commercially available electronic components, with a micro-
controller as its hub and a suite of physiological sensors (Table ??). To make the hard-
ware kit wearable, a 9-V battery powers the system and a data logger stores the data on
a memory card, eliminating the need to be tethered to a computer. To make the system
solderless, the devices connect either via jumper wires or via a specific one-wire protocol
called “Qwiic” [217]. With the digital and analog input pins and the Qwiic connection, the

microcontroller can connect to many state-of-the-art electronic devices without the need to
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solder. This allows educators to customize the hardware kit with different sensors depend-
ing upon instructional needs. The particular hardware kit that we are using (Figure 5.1) is
$130 US. In comparison, current human physiology testing kits used for conventional un-
dergrad laboratory courses cost $6,000 US per kit (e.g., iWorx Systems Inc., Dover, USA).
This system can measure ECG and EMG at a sampling frequency of up to 1,000 Hz and
three-dimensional accelerations with a range of up to £8 g and a sampling frequency of up
to 800 Hz, all at a resolution of 12 bits. When untethered from a computer, the maximum

sampling frequency reduces to 50 Hz.

Table 5.1: Overview of the materials used in the hardware kit.

Component Cost ($US) | Model Relevant specifications
Microcontroller ~20 SparkFun RedBoard Input voltage: 7-15 V
Qwiic Digital and analog input
pins
One Qwiic connector
Analog-digital ~10 SparkFun Qwiic 12 Operating input voltage:
converter Bit ADC 2-5.5V
12-bit resolution
Programmable input gains
Two Qwiic connectors
Data logger ~17 SparkFun Qwiic Data logging at 20 kb/s
OpenlLog Compatible with 64 MB to
32 GB micro SD cards
(FAT16 or FAT32)
Two Qwiic connectors
Micro SD ~7 Any 64 MB to 32 GB
FAT16 or FAT32
Accelerometer ~12 SparkFun Triple Axis | Operating input voltage:
Accelerometer Break- | 1.95-3.6 V
out—MMAR&452Q) Input range: +2 g/+4
(Qwiic) g/+8 g Sampling
frequency: 1.56—-800 Hz
12-bit resolution
Two Qwiic connectors
EMG/ECG ~43 Grove EMG Detector | Operating input voltage:
sensor setup Kit 3.3-5V
Output voltage: max 3.3 V
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Component Cost ($US) | Model Relevant specifications
12 additional ~2 Any With Snap Connector
electrodes
9-V battery ~3 Any Standard 5.5 x 2.1-mm,
holder center-positive barrel jack
9-V battery ~4 Any
USB to micro-B ~5 Any Preferably > 1m
cable
Three Qwiic ~3 Any
cables
Ten jumper wires ~1 Any
Carton box ~1
Total ~128
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Figure 5.1: Components of the hardware kit. EMG, electromyography; ECG, electrocardio-
graphy.

5.3.3 Software and Software Repositories

We chose Arduino software to program the hardware, Python programming language for
data analysis, and GitHub as the online repository. As the microcontroller is an Arduino-
compatible development board, we chose Arduino IDE (Integrated Development Environ-

ment, Somerville, USA) to be the programming platform. Arduino IDE is an open-source

58



platform that uses C and C+ programming language and is commonly used for programming
microcontrollers of this type. Python (Python Software Foundation, Wilmington, USA) is
an open-source programming language. As one of the most-used and fastest-growing pro-
gramming languages in recent years, Python offers simple-to-use features and a great online
community for support [220]. GitHub (GitHub, Inc., San Francisco, USA) is a state-of-the-
art platform for source code management. Its basic services are free of charge. Programmers
use it for collaborative projects and to offer their software to the general public. For each
laboratory of this course, we uploaded relevant source codes and example data to a GitHub
repository [132, 133, 134, 135]. We made the repositories open access for everyone, so that
students can download the software, customize it if needed, and use it for their own projects.
If educators want to customize the repository, they can download and edit the source codes.
Educators may then add their own additional source codes and upload their collection to
their own repository. Arduino IDE, Python, and GitHub are industry standards and not
simplified tools for educational purposes only. Consequently, students learn how to use tools

that can be applied in their subsequent careers.

5.3.4 Instructional Material

We used Google Docs for the laboratory manuals and assignments, and YouTube for sup-
plementary video tutorials. Google Docs (Alphabet Inc., Mountain View, USA) is an open-
access online word processor that allows multiple users to collaborate and edit files in real
time. Additionally, Google Docs allows for document sharing with a defined group of people
or web publishing to make it visible for everyone on the web. Educators can copy the lab-
oratory manuals or assignments or the parts of them they need. They can then customize
a document for their own course and share it with their students or the general public. To
help students set up measurement systems and analyze data, we created a YouTube channel
with supplementary video tutorials [131]. To customize this library, educators can create

their own YouTube library with videos from the channel and their own additional content.

5.4 Results

Beginning in Fall 2020, we have been using these laboratory resources to teach our fourth-
year physiology course remotely in the Department of Biomedical Physiology and Kinesi-
ology. We coordinate with a local electronics store, which prepares and ships all hardware
kits to our students before the semester starts (Figure 5.1). In asynchronous weekly lec-
tures and tutorials, we teach students systems physiology concepts and how to measure and
analyze physiological systems. The lecture topics include Wearable Technology, Data Acqui-
sition, Blood Pressure, ECG, Heart Rate and Heart Rate Variability, Exercise Intensity and
VOomaz, EMG, EEG, Activity Quantification, Pulmonary Function, and Temperature. For

the laboratory component, we include five laboratory units: data acquisition, ECG, EMG,
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fitness tracking, and final project [140]. Students have 3 weeks to finish each unit and work
in small groups of three or four members, with each group member working from their own
home. To support students during their laboratories, we hold weekly 3-h-long synchronous
online laboratories, where students can ask questions and teaching assistants can help with
troubleshooting. For each of the four laboratories, students submit a laboratory report, and
for the final project they have to submit a conference-style video presentation. This course
was conducted within Simon Fraser University teaching instruction and research policies.

In the first laboratory, students use the accelerometer and the data logger to learn the
principles of data collection, analog/digital conversion, data processing, and data storage
(Figure 5.2) [138]. In multiple small experiments students first collect accelerometer data
while being tethered to the computer to both power the system and store data. In the
wearable version, they power the system with a 9-V battery while logging the data to a
memory card. With the collected data, students then learn how to filter and interpret the
data.
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Figure 5.2: Graphical representation of the workflow for the data acquisition unit. a) the
setup while being tethered to the computer. b) the wearable version with the 9-V battery
and the data logger. c¢) 3-dimensional raw acceleration data as collected by the hardware.
d) 3-dimensional, in Python, filtered acceleration data.

In the second laboratory, students set up a 1-lead ECG measurement system to collect
raw ECG data and learn about heart rate, heart rate variability, and exercise intensity
(Figure 5.3) [141]. Students put the two measurement electrodes on the manubrium and
on the left V6 ECG placement position and the reference electrode on the C7 vertebra. In

a resting experiment, students collect the data while tethered to the computer, to allow

60



for higher sampling frequency. In an exercise experiment, students use the wearable system
while doing intervals of higher and lower intensities on either a stationary or outdoor bike.
For both the resting and exercise experiments, students detect the R-wave peaks with an
algorithm in Python. Based on the R-wave peak intervals from the resting data they then
calculate their resting heart rate and heart rate variability, and based on the R-wave peak
intervals from the exercise experiment they visualize their continuous heart rate and predict

energy expenditure.
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Figure 5.3: Graphical representation of the workflow for the ECG unit. a) the resting exper-
iment setup, with the 3 electrodes, while being tethered to the computer. b) the wearable
setup. ¢) the raw ECG data as collected by the hardware. d) the detected R-wave peaks in
Python. e) continuous heart rate during the exercise experiment in Python. f) the predicted
energy expenditure in Python.

In the third laboratory, students learn how to collect and filter raw EMG data and
how to analyze muscle fatigue by calculating and interpreting a frequency spectrum (Figure
5.4) [142]. Students collect EMG data from the biceps muscle while holding different weights
and doing maximum voluntary contractions (MVCs). In Python, students preprocess the
EMG data and calculate the relative muscle activations when holding different weights.
With the MVC data, students calculate muscle fatigue. They isolate three 0.5-s windows,
one in the beginning, one in the middle, and one in the end of the burst, and calculate the
median frequency that splits the integral of a power spectrum into two equal halves. To see
how the muscle fatigues, they then compare the median frequency of the respective time

windows.
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Figure 5.4: Graphical representation of the workflow for the EMG unit. a) the setup with
the 2 measurement electrodes on the biceps and the reference electrode on the wrist. b)
raw EMG data of a single burst as collected by the hardware. ¢) the preprocessed EMG
data and the 3 isolated windows at the beginning, middle, and end of the burst in Python.
d) the relative muscle activations when holding different weights in Python. e) the median
frequency that splits the integral of a power spectrum into 2 equal halves in Python. f) the
change in median frequency of the respective time windows in Python. MVC, maximum
voluntary contraction.
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In the fourth laboratory, students learn how to build a wearable, battery-powered fitness
tracker that measures wrist accelerations, automatically classifies different activities, and
counts steps (Figure 5.5) [139]. With a self-built wearable accelerometer on their wrist,
students collect acceleration data during lying, standing, walking, and running. In Python
they then label their own data. Every student uploads their labeled data to a shared folder.
Fach group trains a neural network model for activity classification with the data of the
other groups and tests the accuracy of the activity classification model on their own group’s
data. Additionally, students develop a simple step-counting algorithm by high-pass filtering

the acceleration data and finding the peaks.
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Figure 5.5: Graphical representation of the workflow for the activity classification unit. a)
the wearable setup of the fitness tracker. b) 3-dimensional raw acceleration data during
running, standing, walking, and lying in Python. ¢) and d) students use the collected data
sets of their classmates (c) to train their own neural network in Python (d). e) the confusion
matrix result when testing the trained neural network’s accuracy with the student’s own
data from B in Python. f) the low-pass filtered acceleration data with the found peaks at
each step of their walk or run in Python.

In the final project, students identify an interesting physiological question. They generate
hypotheses, develop and perform their own experiments, and analyze and interpret the data
to test their hypotheses and answer the original question. For example, one group in the
first semester compared the heart rate and heart rate variability between rest and watching
a scary video. Another one compared the EMG of doing squats with differently positioned
feet. We also allowed for more technological projects. One group, for example, tried to

evaluate the accuracy of a self-built accelerometer-based device that measures jump height.
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For the experiment, each group member would collect the data on themselves. They could
then analyze data of three or four people and interpret the results accordingly.

To assess the students, we use a combination of online quizzes, assignments, and writings.
Before each weekly synchronous online laboratory session, students have to do a 10-min-long
quiz with 5-12 questions. We include questions about the physiological systems and about
the laboratory tasks to evaluate students’ knowledge from the physiology lectures as well as
from the laboratory parts, respectively. For each of the four laboratory units, students have
to submit an assignment, in which they have to answer questions about the laboratory tasks,
and submit their own collected and analyzed data sets. For the final project, students submit
a formal proposal of their project about halfway through the semester. Toward the end of
the semester, they then submit a journal-style paper and a conference-style presentation.
We review the proposal and help them revise it to be both feasible and useful. We assess
the journal-style paper based on an extensive marking rubric. Students have to demonstrate
their background knowledge of the topic, the relevance of their project, a clear description
of the methods, insightful results, and a thoughtful discussion. For the presentation, we
also assess their clarity and presentation skills. We do not assess the students’ knowledge
through exams.

To assess the students’ perception of the course, we use standard university student eval-
uation forms at the end of the semester and weekly anonymous feedback forms throughout
the semester. Our perception after three semesters is that students find the course challeng-
ing but valuable. As expected, most students do not have prior experience with electronics
and coding. Our general impression — based on student evaluations at the end of the
semesters as well as speaking with students throughout the semester — is that most stu-
dents find the practical component difficult but worthwhile and perceive the workload as
being high. For example, one student reported: “My only complaint about this course was
the time commitment. Overall, the hands-on aspect helped me learn more effectively than
any other course I've taken.” Another student reported: “This was one of the most challeng-
ing BPK [Department of Biomedical Physiology and Kinesiology] courses I've had to take
in my undergraduate studies. In the end, I can genuinely say that I enjoyed the course even
if I wasn’t the best at using Python.” Students perceived the videos to be crucial for their
success. For example, one student reported: “The course was very well done considering
the conditions. Bugs were frequent and frustrating working with the electronics and coding,
but the videos were lifesaving.” Overall, our impression was that despite the major time
commitment and the many difficulties associated with a first-time course offering, students
valued this new and innovative approach to hands-on, remote, and experiential learning
about physiological systems and how to study them.

Quantitative evaluations in the student evaluation forms were positive. In total, 107
students took and evaluated this course in the first three consecutive semesters of offering

the course. Students had to score four statements between 1 and 5, with 1 being complete
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disagreement and 5 being complete agreement with the statement. The first statement was
“The different course activities/components (lectures, discussions, assignments, etc.) were
connected” and scored on average 4.12 (SD 0.9). The second statement was “Course ac-
tivities/components (lectures, discussions, assignments, etc.) helped me learn” and scored
on average 4.27 (SD 0.88). The third statement was “Course materials (textbooks, library
articles, and website links) improved my understanding of the course content” and scored on
average 4.13 (SD 0.99). The fourth statement was “The assessments in this course (tests, as-
signments, essays, etc.) allowed me to demonstrate my understanding of the course content”
and scored on average 4.11 (SD 0.79).

5.5 Discussion

Although this approach to remote learning has many positive attributes, it also has several
limitations. First, the performance of the measurement systems is limited. Particularly for
EMG and ECG measurements, expensive laboratory equipment will provide more accurate
and reliable data. Second, this course requires a specialized skill set from its teaching assis-
tants. To support students, teaching assistants not only need to understand the underlying
physiology but also need to understand the hardware and software used in this course. We
solved this problem with two mechanisms: New teaching assistants got an introduction to
the resources before the semester starts, and former, experienced teaching assistants were
available for any additional help if the current teaching assistants needed guidance. Third,
troubleshooting is challenging and time intensive. Teaching assistants have to help students
troubleshoot hardware and software problems via online meetings, which is not as effective
as in-person support, and sometimes not sufficient. To ameliorate this limitation, we always
provided example data via the GitHub repositories in order for students to continue their
analysis even if they could not finish data collection. And finally, students without prior
coding experience appeared to have a significantly harder time in finishing the program-
ming parts of the laboratories compared with more experienced students. An effective, but
incomplete, solution was for students to watch several Python and Arduino introduction
tutorials before the start of the first laboratory.

We envision that this course will complement rather than replace conventional, hands-on
laboratory courses. Conventional, on-campus laboratory courses currently have two main
advantages. First, laboratory systems generally provide better measurement accuracy and
reliability compared with wearables [252]. It is important for students to learn how to
use these gold-standard measurement systems, specifically for those who want to follow
a career in experimental physiology. And second, teaching laboratory courses on campus
allows educators to more efficiently support students during the laboratory sessions, like,

for example, when helping students during troubleshooting.
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Compared with conventional laboratory courses, this approach offers several new oppor-
tunities. In conventional laboratories students typically work in groups, because there is a
limited number of measurement devices. In this remote version, every student has their own
laboratory kit, allowing each student to use the equipment and learn to collect data. This
increases the overall data collected during a laboratory unit and provides the opportunity
to do large studies by class-sourcing data (e.g., activity recognition experiment in unit 4).
The customizability of the resources can help educators to use this laboratory kit in several
different courses in multiple departments. Whereas we used it to teach how to do physio-
logical experiments, it may instead be used in a hands-on engineering course. This opens
the possibility of interdisciplinary courses in which students from different disciplines learn
together. The customizability also enables students to innovate on the provided resources
to design and test their own ideas. For example, students from physiology, engineering, and
business could collaborate in an entrepreneurship course, where they develop a business to

go along with the research and development of their wearable sensor product.

5.6 Commentary

To compare quantitative evaluations of this course, I also gathered standard university
student evaluation form answers from a comparable laboratory course. The comparable
course was BPK 407 - Human Physiology Laboratory, an in-person laboratory course. The
numbers presented here are averages from the spring and fall semester of 2019 — the
course was not offered in the summer semester —, which was the last time this course
was finished before the onset of the Covid-19 pandemic. In total, 75 students filled out
the standard university student evaluation forms. The first statement was “The different
course activities/components (lectures, discussions, assignments, etc.) were connected” and
scored on average 4.82 (SD 0.43). The second statement was “Course activities/components
(lectures, discussions, assignments, etc.) helped me learn” and scored on average 4.71 (SD
0.48). The third statement was “Course materials (textbooks, library articles, and website
links) improved my understanding of the course content” and scored on average 4.59 (SD
0.61). The fourth statement was “The assessments in this course (tests, assignments, essays,
etc.) allowed me to demonstrate my understanding of the course content” and scored on
average 4.84 (SD 0.35).
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Chapter 6

Discussion

The main purpose of this thesis was to develop and test tools that can simplify the process
of gathering objective data during sports, analyzing these data, and providing automatic
real-time feedback to the athlete and the coach. In four different projects, I developed wear-
able measurement technologies, data analysis systems and models, and control systems, and

provided novel insights to the running, cycling, and education literature.

In Chapter 2, I demonstrated how a simple and generalizable approach to develop a feed-
back control system could accurately and responsively control power output in cycling [143].
I developed and experimentally tested a physics-based model that could accurately predict
the cycling power output with the cadence and the gear ratio as an input. I used this model
in a simulation of a feedback control system and optimized for the proportional and integral
gains of the feedback controller. I then implemented this controller in outdoor cycling and
— for a single pilot participant — showed how it could accurately and responsively control
the cyclist’s power output by commanding the cadence in real-time. By first developing
a model of the system dynamics, scientists can simplify the optimization of the feedback
controller modifications through simulations, and replace a trial and error approach that

could potentially cost lots of time [15].

In Chapter 3, I demonstrated how a data-driven approach could simplify the development
of models by comparing a physics-based and a neural network model in predicting cycling
power [136]. I developed a physics-based and a simple neural network model and compared
the performance of each model experimentally in predicting outdoor cycling power with
changing cadence and gear ratio as inputs. The neural network model was able to predict
power with similar performance as the physics-based model. The advantages of the neural
network model was that it did not require an understanding of the underlying principles of
cycling nor did it require measurements of fixed parameters such as system weight or wheel

size.

67



In Chapter 4, I demonstrated how a neural network accurately classified individual run-
ners but not running performance. I measured linear acceleration and angular velocity from
sensor-implemented insoles while runners ran on treadmill and on overground. I trans-
formed the data into spectrogram images, trained an existing image recognition algorithm,
ResNet50V2 [93], on treadmill data, and tested how well it could classify individual runners
with overground running data. Depending on the amount of data available during train-
ing, the algorithm could accurately classify individual runners. Only using treadmill data
to normalize for speed, I then tested whether the same algorithm could classify a runner’s
long-distance running performance, based on their personal best 10 km run time. Here, the

algorithm failed to do so.

In Chapter 5, I demonstrated how we could effectively teach important human data col-
lection and analysis concepts with wearable technology, remotely. I developed an affordable
hardware and software kit, and all educational materials to teach an upper-level university
course. After teaching the course and analyzing the students’ feedback, I found that it was
possible to successfully teach students how to build wearable sensor prototypes, and how
to measure and analyze human data. Additionally, our resources provide educators from
different institutions with the opportunity to implement similar courses for both teach-
ing in-person and remotely. They can use the course as is, but also edit it to their own
needs [137].

6.1 Thesis-overarching Limitations

The sample population was not perfectly representative. A main goal of doing human ex-
periments is to have a diverse and representative sample. That is, scientific studies should
include diverse populations such as different ages, races, sexes, and genetics, which can be
very challenging in locally done laboratory experiments. In this thesis, all four projects were
based on a very local sample of participants. Specifically in Chapter 2, I only used one indi-
vidual. The goal here was to present a proof-of-concept of the methodology for developing a
feedback control system in sports. I succeeded with one individual, but further experiments
will have to test and verify the results. The 9 cyclists in Chapter 3 were mainly young and
healthy individuals from the Greater Vancouver Area. Here, the goal was to optimize the
models for each individual cyclist and not for the general population. Therefore, our priority
was to have a diverse dataset (i.e., different cadences and gear ratios) for each individual
cyclist, rather than having a high number of cyclist. In Chapter 4, our sample population
was also exclusively from the Greater Vancouver Area, but we tried to minimize unrepre-
sentative results by having a greater sample size than typical biomechanics experiments. In
Chapter 5, the results are from teaching the course through Simon Fraser University, and

therefore the sample is also restricted to mainly young students from the Greater Vancouver
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Area. Other universities should test this approach to get a better understanding of how it
applies to other populations.

Even though this thesis is based on the idea of an artificial sport coach, I did not
choose a single overarching sport for this thesis. Chapter 2 and 3 laid the foundation for an
artificial sport coach in cycling as it can help cyclists accurately enforce a pre-determined
power profile within a single training session. Instead of continuing with cycling projects,
I chose different areas for the following reasons: For Chapter 4, I identified an important
knowledge gap in the running literature while continuing to further explore interesting
research methods. And for Chapter 5, when the COVID-19 pandemic shut down all in-
person teaching, there was an opportunity to fill a much needed gap in the remote education
literature — teaching hands-on laboratory skills — , which simultaneously enabled 100s of
students to proceed with their university program.

Because I focused on different areas of research in every chapter of this work, my thesis
is very broad and therefore sometimes lacks depth in the individual projects. Each chapter’s
aim was to investigate a knowledge gap in a different area, taking away from the depth a
more traditional thesis could have had. For a more traditional approach, I could have chosen
one chapter of the thesis, and expanded it into its individual thesis with multiple projects.
To illustrate, how an individual thesis for each chapter could have looked like, I will go over

each chapter, and propose multiple projects to add depth:

6.1.1 Chapter 2:

In Chapter 2, all projects would lead towards one main goal: To answer whether an auditory
feedback control system, where we control the mechanical power by commanding cadence,
can improve the pacing performance in cycling. Having optimal pacing strategies can be im-
portant for cycling performance [40, 251], and aggregated pacing information (i.e., real-time
feedback on a display) can lead to better pacing than with non-aggregated pacing infor-
mation (i.e., written information with pacing plan and measured power on a display) [65].
Additionally, there is very limited knowledge on how much variability cyclists have during
pacing [130]. Therefore, in Project 1, we would test how well cyclists can pace their power
with and without aggregated information about the actual and target power displayed on
a monitor. In Project 2, we would develop our prototype for a feedback control system in
cycling, such as we did in Chapter 2 of this thesis [137]. In Project 3, we would optimize
the physics-based model, like we did in 2.3.1, with the same participants as in Project 1. In
Project 4, we would then use simulations to optimize for the best feedback controller mod-
ifications, and then test the cyclists’ pacing performance with our feedback control system
in outdoor cycling, similar to 2.3.2 and 2.3.3 and with all participants from Project 1 and

Project 3. We could then compare these results to the pacing performance in Project 1.
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6.1.2 Chapter 3:

In Chapter 3, the main goal would be to understand how simple physics-based models and
complex physics-based models compare with neural network models and physics-informed
neural network models. Additional goals would be to better understand how the amount
of data impacts the results, and how we can best choose the best neural network model
for individual projects. Some non-biomechanical experiments have already directly com-
pared physics-based models with neural network models [42, 102]. In biomechanics, many
scientists use physics-based models for example to better understand how humans walk [10]
or how muscles work [38]. Others use neural networks, for example to process and pre-
dict kinetic and kinematic data [156]. Yet, there is not much knowledge on how different
physics-based models compare directly to neural-network equivalents. Only one experiment
has recently compared the outcomes of a physics-based neuromusculoskeletal model with a
neural network model [257] in estimating joint torques. As well, it is still unclear how to best
find a good architecture and hyperparameters for a neural network model [51]. Therefore,
Project 1 would compare a simple physics-based model with a neural network in predicting
cycling power, just like we did in Chapter 3 [136]. We would also try to understand how the
amount of data as well as different architectures and hyperparameters affect the neural net-
work model’s performance. Project 2 would then add more variables to the models, such as
measured drag, or wheel resistance [128], to compare a neural network with a more complex
physics-based model, when there are more input variables to the models. In Project 3, we
would then test whether a physics-informed neural network model could improve the neural
network models from Project 1 and 2. In physics-informed neural network models, physical
laws incorporated into the neural network can restrict the range of possible solutions, and
therefore decrease the amount of time and data required to train the model [192]. And in
Project 4, we would bring it all together in a different area and compare the prediction per-
formances of a state-of-the-art neuromusculoskeletal model, a neural network model, and a

physics-informed neural network model.

6.1.3 Chapter 4:

In Chapter 4, our goal would be to better understand what defines individual running
patterns and how running patterns affect running performance. Additional goals would be
to understand how the amount of data and the number of runners effects the performance of
the model. Here, we would collect all running pattern data in the beginning, and we would do
measurements with industry standard laboratory equipment (i.e., 3D motion analysis and
force plate) and industry standard wearable technology (i.e., IMUs at different locations). In
Project 1, we would test the method of using Resnet-50 in combination with spectrograms
— which is a method that has been successfully used in other areas of research [41, 201]

— with the 3D video data and force plate data, and also test how the amount of data and
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the number of runners affects the prediction performance. This would add some important
information to research that was able to predict individual runners, but failed in clarifying
how well their models scaled [97, 99]. In Project 2, we would do the same data analysis, but
with the IMU data from different locations [246]. This would also give us an opportunity
to compare the in-the-field IMU analysis with the laboratory analysis from Project 1. In
Project 3, we would try to better understand which parts of the running pattern defines
individual running patterns. We would use algorithms such as grad-CAM [206], that can
highlight the parts in the spectrogram with the most influence on the decision making
process of the neural network, which could then allow us to better understand which data
channels, as well as which frequencies define individual running styles. In Project 4, we
would then combine all of the gained knowledge from the first three projects, and try to
predict running performance based on the different data channels that measured the running
pattern. We would also compare our analysis methods with methods from scientists that
claim success in predicting running performance with 3D video data [46] as well as with
IMUs [45]. If we were successful in predicting performance, we would also use algorithms
such as grad-CAM to analyze which parts in the running pattern were most important to

predict running performance.

6.1.4 Chapter 5:

In Chapter 5, the goal would be to better understand how laboratory courses taught online
compare to laboratory courses taught in-person. There is much evidence that teaching
remotely can be as effective, and often even more effective, than teaching in-person [163,
145]. Unfortunately, teaching laboratory classes remotely has been more challenging to
implement in the past [243]. We pursued this project because of the effects that the Covid-
19 pandemic had on universities. I will only go into two specific projects that seemed to fill
obvious gaps in the literature. In Project 1, we would develop and teach the course, to test
whether it is possible to develop such a remote laboratory course, and whether students
in general can learn important hands-on laboratory skills using such a method [137]. In
Project 2, we would then use these resources to teach the exact same course, but with two
groups, a remote and an in-person group. This would enable us to directly compare the

learning outcomes.

6.2 Next Steps

For Chapter 2, the next steps involve fine-tuning and validating the cycling system, and
developing and testing similar control systems in other areas of sports. To fine-tune our
cycling system, we would have to collect data of a higher number of cyclists. Then, we
would compare our feedback control system’s pacing performance with other common ways

of pacing, such as a monitor that displays target and measured power. Similarly, we should
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test how well this approach of developing a feedback control system works in different sports.
For example, in swimming stroke by stroke feedback could potentially help athletes control
their pace in different training sessions, such as interval training.

For Chapter 3, the next steps involve leveraging the model for a bigger population and
comparing data-driven models with physics-based models in other sports. Currently, our
cycling model works for a range of cadences and gear ratios. We optimized and tested our
models in two experiments. First, we trained and tested the models’ prediction performance
within each trial, where the gear ratio did not change. Second, we trained and tested the
models’ prediction performance within each participant, where the gear ratio did change.
In a next step, we would test how well the models work when the participants also change
during training and testing of the model. To do so, the model would require information
about the individual participant that can affect the power during cycling, such as weight and
height [128]. We would train the model with the data of a certain number of cyclists while
leaving out the data of others for validation and testing. To test the general applicability of
data-driven models, we would do similar projects, where we compared data-driven models
with physics-based models in other sports, such as in swimming [211, 159].

For Chapter 4, next steps involve further investigation of the relationship between the
running pattern and the running performance as well as the application of our methods in
other biomechanical research. To better understand if there was a good and a bad running
pattern, we should analyze additional data from additional body parts, similarly to the
data collected by Clermont et al., where they were able to distinguish between recreational
and competitive runners from their running pattern [46, 45]. Another next step could be
to use algorithms such as Grad-CAM [206] to interpret the decision making of the image
recognition algorithm, for both predicting individuals and their performance. This would
help understand which movements as well as which frequencies in the movements measured
from the sensor define an individual running pattern and the runner’s performance.

For Chapter 5, next steps involve creating a better understanding for how teaching labo-
ratory skills remotely compares to in-person teaching, and testing our approach in different
departments and universities. Our findings showed that students could learn important
hands-on laboratory skills with our resources. Yet, it is still unclear how the remote ap-
proach directly compares to an in-person approach. Our resources allow for a follow-up
experiment that directly compares the learning outcomes of teaching laboratory skills with
wearable sensors remotely and in-person with the same resources. This could create novel
and important insights in the remote education literature. Similarly, our course should be
tested for its usefulness in different departments and universities with a more diverse sam-
ple population. Some universities have already adapted our resources for their own teaching
(e.g., Queens University [1]). We could analyze the learning performance results of these

courses in different departments and universities.
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6.3 General Implications

Developing real-time feedback control systems in sports can help athletes accurately enforce
their training programs to improve performance and decrease injury risk. In Chapter 2
I developed a feedback control system that accurately controlled the movements of an
athlete within a training session, using the example of controlling power during cycling
through auditory feedback. This system could help athletes to accurately enforce different
training programs, such as interval training. This approach can help scientists and engineers
develop similar systems for other sport applications. A few examples of similar control
systems in sports already exist. Snaterse developed a system that controls running speed
by commanding step frequency with the rhythm of music [214]. Van Berghe et al. use the
rhythm of music to control step frequency to reduce tibial shock and potentially reduce
injury risk [240].

Data-driven models can simplify the development of models when we do not need to
understand the underlying principles of the modeled mechanism. Accurate models are im-
portant to predict training outcomes [229], and can be useful to develop control systems
as I showed in Chapter 2. Using the strength of mathematical models in science and en-
gineering can be challenging, especially when the underlying mechanisms of the natural
phenomenon to be modeled are complex or unknown. In Chapter 3 I demonstrated how a
data-driven approach could replace a physics-based approach in modeling the cycling power.
Most scientists who are able to use data analysis software such as Python (Python Soft-
ware Foundation, Wilmington, USA) or Matlab (The MathWorks, Inc., Natick, USA) can
develop data-driven models. For example, to model the dynamics of cycling in Chapter 3, a
simple neural network with one hidden layer was able to predict the power as accurately as
a physics-based model. In Python, a single line of code built this model, which could then
automatically learn from measured data. Therefore, using a data-driven approach could help
develop models in different areas of sports biomechanics more easily. In other areas of engi-
neering, such as in predicting different metrics in motorized vehicles, scientists also support
the advantages of data-driven models when compared to physics-based models [42, 102].

Results in Chapter 4 contradict science stating that there are differences in running
patterns between different running performances. Clermont et al. were able to accurately
classify recreational and competitive runners [46, 45]. In contrast, my algorithm was not
able to distinguish between fast and slow runners. The difference might be because 1) our
data from the shoe-insole implemented sensor did not have the required information, 2)
I used a different cross-validation method that minimizes the chance for a false positive
result, and 3) Clermont et al. had a small sample size in both experiments increasing the
chance for positive results by chance. Additionally, Agresta et al. and Patoz et al. support
our findings [7, 178]. They did not find an association between increased years of running

experience or running economy and 3D motion analysis metrics.
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Individual running patterns, measured with IMUs in the insoles of the running shoes,
generalize to different environments but do not scale with increasing individuals. Previous
experiments trained and tested their algorithm with treadmill data or trained and tested
their algorithm with overground data [97, 246, 99]. In Chapter 4, my algorithm could accu-
rately classify individual runners with data from preferred-speed overground running, after
being trained with data from three predetermined speeds on the treadmill. This demon-
strates that running patterns are individual and generalize to different environments. Yet,
I also found that by increasing the number of runners in the analysis, the classification
accuracy decreased, challenging science that claims that e-sports companies could use the
individual running pattern for virtual signatures [246].

Educators can use wearable technology to effectively teach students how to develop and
use human measurement systems, even when in-person teaching is not possible. In Chapter
5 I demonstrated that there are two separate opportunities with wearable technology in
education. First, wearable technology can create a learning opportunity for many people that
might otherwise not be able to learn laboratory skills because of the inability to participate
in in-person classes, whether that is because of their personal or external circumstances.
For example, at Simon Fraser University, this course enabled 100s of students to continue
their course work, and learn important hands-on laboratory skills, during the COVID-19
pandemic. Second, students learn how to use wearable technology to measure important

health and sports-related factors in more realistic environments, outside of the laboratory.

6.4 Concluding Remarks

I am hoping that this work will enable growing or established scientists and engineers to
build their own automatic biofeedback systems in various areas. As different smart tools,
such as smartphones, large language models (LLMs), and self-driving cars, use data-driven
models and feedback control systems to increasingly improve our everyday lives, we should
also advance these technologies in the sports and health areas. Even though I have chosen the
area of sports, feedback control systems can also help control humans in many other areas,
such as health and rehabilitation. For example in health, feedback systems, such as artifi-
cial pancreas [91], will be able to accurately deliver insulin automatically and continuously.
Similarly in rehabilitation, feedback systems can automate patients’ home exercises [31].
With the tools in this thesis, scientists and engineers will be able to develop prototypes
to measure various human variables with wearable technology (Chapter 5), analyze these
data and develop models with data-driven algorithms (Chapter 3 and 4), and use models

in simulations to develop accurate and responsive biofeedback systems (Chapter 2).

Hopefully you enjoyed reading through this thesis as much as I did working on the projects.

74



Patrick

75



Bibliography

1]

2]

KNPE 353 experiments in neuromechanical kinesiology. https://www.queensu.ca/
academic-calendar/search/?P=KNPE%20353. Accessed: 2023-10-17.

2021 Fitbit, Inc. Fitbit-Active zone minutes. https://www.fitbit.com/global/
en-ca/technology/active-zone-minutes. Accessed: 2021-4-26.

Gizem Acar, Ozberk Ozturk, Ata Jedari Golparvar, Tamador Alkhidir Elboshra, Karl
Bohringer, and Murat Kaya Yapici. Wearable and flexible textile electrodes for biopo-
tential signal monitoring: A review. FElectronics, 8(5):479, April 2019.

Neusa R Adao Martins, Simon Annaheim, Christina M Spengler, and René M Rossi.
Fatigue monitoring through wearables: A State-of-the-Art review. Front. Physiol.,
12:790292, December 2021.

Yewande Adesida, Enrica Papi, and Alison H McGregor. Exploring the role of wear-
able technology in sport kinematics and kinetics: A systematic review. Sensors, 19(7),
April 2019.

Charu C Aggarwal. Neural Networks and Deep Learning, volume 3. Springer Inter-
national Publishing, 2018.

Cristine E Agresta, Jillian Peacock, Jeffrey Housner, Ronald F Zernicke, and Jes-
sica Deneweth Zendler. Experience does not influence injury-related joint kinematics
and kinetics in distance runners. Gait Posture, 61:13-18, March 2018.

Olivia M G Aguiar, Olga Radivojevic, Brigitte M Potvin, Omid Vakili, and Stephen N
Robinovitch. FEffective stiffness, damping and mass of the body during laboratory
simulations of shoulder checks in ice hockey. Sports Biomech., pages 1-12, July 2021.

Muhammad Al-Ayyad, Hamza Abu Owida, Roberto De Fazio, Bassam Al-Naami,
and Paolo Visconti. FElectromyography monitoring systems in rehabilitation: A re-

view of clinical applications, wearable devices and signal acquisition methodologies.
Electronics, 12(7):1520, March 2023.

R Mecn Alexander. Simple models of human movement. Appl. Mech. Rev., 48(8):461—
470, August 1995.

R Mcn Alexander. Modelling approaches in biomechanics. Philos. Trans. R. Soc.
Lond. B Biol. Sci., 358(1437):1429-1435, September 2003.

76


https://www.queensu.ca/academic-calendar/search/?P=KNPE%20353
https://www.queensu.ca/academic-calendar/search/?P=KNPE%20353
https://www.fitbit.com/global/en-ca/technology/active-zone-minutes
https://www.fitbit.com/global/en-ca/technology/active-zone-minutes

[12]

Abeer Ali Alnuaim, Mohammed Zakariah, Chitra Shashidhar, Wesam Atef Hatam-
leh, Hussam Tarazi, Prashant Kumar Shukla, and Rajnish Ratna. Speaker gender
recognition based on deep neural networks and ResNet50. Proc. Int. Wirel. Commun.
Mob. Comput. Conf., 2022, March 2022.

Neil Armstrong and Joanne R Welsman. Aerobic fitness: What are we measuring? In
Tomkinson R Grant and Olds S Timothy, editors, Pediatric Fitness. Secular Trends
and Geographic Variability, volume 50 of Medicine and Sport Science, pages 5-25.
S.Karger AG, September 2014.

Gobinath Aroganam, Nadarajah Manivannan, and David Harrison. Review on wear-
able technology sensors used in consumer sport applications. Sensors, 19(9), April
2019.

Kj Astrom and Rm Murray. Feedback systems: an introduction for scientists and
engineers. Princeton University Press, Lund University, 2 edition, 2007.

G Atkinson, O Peacock, and L Passfield. Variable versus constant power strategies
during cycling time-trials: Prediction of time savings using an up-to-date mathemat-
ical model. J. Sports Sci., 25(9):1001-1009, 2007.

Kevin G Aubol, Jillian L. Hawkins, and Clare E Milner. Tibial acceleration reliability
and minimal detectable difference during overground and treadmill running. J. Appl.
Biomech., 1(aop):1-3, 2020.

Francisco Ayala, Alejandro Lépez-Valenciano, Jose Antonio Gamez Martin, Mark
De Ste Croix, Francisco J Vera-Garcia, Maria Del Pilar Garcia-Vaquero, Ifiaki Ruiz-
Pérez, and Gregory D Myer. A preventive model for hamstring injuries in professional
soccer: Learning algorithms. Int. J. Sports Med., 40(5):344-353, May 2019.

Hawazin Faiz Badawi and Abdulmotaleb El Saddik. Biofeedback in healthcare: State
of the art and meta review. In Abdulmotaleb El Saddik, M Shamim Hossain, and
Burak Kantarci, editors, Connected Health in Smart Cities, pages 113—142. Springer
International Publishing, Cham, 2020.

Zhongbo Bai and Xiaomei Bai. Sports big data: Management, analysis, applications,
and challenges. Complezity, 2021, January 2021.

Michele L. Barbeau, Marjorie Johnson, Candace Gibson, and Kem A Rogers. The
development and assessment of an online microscopic anatomy laboratory course.
Anat. Sci. Educ., 6(4):246-256, July 2013.

A Belli, J R Lacour, P V Komi, R Candau, and C Denis. Mechanical step variability
during treadmill running. Eur. J. Appl. Physiol. Occup. Physiol., 70(6):510-517, 1995.

Y Bengio, P Simard, and P Frasconi. Learning long-term dependencies with gradient
descent is difficult. IEEE Trans. Neural Netw., 5(2):157-166, 1994.

Anne Benjaminse, Ruben Bolt, Alli Gokeler, and Bert Otten. A VALIDITY STUDY
COMPARING XSENS WITH VICON. ISBS Proceedings Archive, 38(1):752, 2020.

77



[25]

[36]

Lauren C Benson, Nizam U Ahamed, Dylan Kobsar, and Reed Ferber. New consider-
ations for collecting biomechanical data using wearable sensors: Number of level runs
to define a stable running pattern with a single IMU. J. Biomech., 85:187-192, March
2019.

Tom Benson. The drag equation. https://www.grc.nasa.gov/www/k-12/rocket/
drageq.html#: ~:text=The’20drag}20equation,20states¥%20that, times}
20the’20reference’20area’20A.&text=For/,20given’20air},20conditions%2C%
20shape, for%20Cd%20to0%20determine’,20drag., May 2021. Accessed: 2022-11-9.

Monica Bianchini and Franco Scarselli. On the complexity of neural network classi-
fiers: a comparison between shallow and deep architectures. IEEE Trans Neural Netw
Learn Syst, 25(8):1553-1565, August 2014.

Bert Blocken, Thijs van Druenen, Yasin Toparlar, and Thomas Andrianne. CFD
analysis of an exceptional cyclist sprint position. Sports Eng., 22(1):1-11, 2019.

Robert Bogue. Recent developments in MEMS sensors: a review of applications,
markets and technologies. Sens. Rev., 33(4):300-304, January 2013.

Mark W Braun and Katherine D Kearns. Improved learning efficiency and increased
student collaboration through use of virtual microscopy in the teaching of human
pathology. Anat. Sci. Educ., 1(6):240-246, November 2008.

Louise Brennan, Enrique Dorronzoro Zubiete, and Brian Caulfield. Feedback design
in targeted exercise digital biofeedback systems for home rehabilitation: A scoping
review. Sensors, 20(1), December 2019.

Stephanie A Bridenbaugh and Reto W Kressig. Laboratory review: the role of gait
analysis in seniors’ mobility and fall prevention. Gerontology, 57(3):256-264, 2011.

Matthew A D Brodie, Milou J M Coppens, Stephen R Lord, Nigel H Lovell, Yves J
Gschwind, Stephen J Redmond, Michael Benjamin Del Rosario, Kejia Wang, Daina L
Sturnieks, Michela Persiani, and Kim Delbaere. Wearable pendant device monitoring
using new wavelet-based methods shows daily life and laboratory gaits are different,
2016.

Jean-Nicolas Brunet, Andrea Mendizabal, Antoine Petit, Nicolas Golse, Eric Vibert,
and Stéphane Cotin. Physics-Based deep neural network for augmented reality during

liver surgery. In Medical Image Computing and Computer Assisted Intervention —
MICCAI 2019, pages 137-145. Springer International Publishing, 2019.

Krzysztof Brzostowski, Jarostaw Drapala, Adam Grzech, and Pawel Swigtek. ADAP-
TIVE DECISION SUPPORT SYSTEM FOR AUTOMATIC PHYSICAL EFFORT
PLAN GENERATION—DATA-DRIVEN APPROACH. Cybern. Syst., 44(2-3):204—
221, March 2013.

Geoffrey T Burns, Jessica Deneweth Zendler, and Ronald F Zernicke. Validation
of a wireless shoe insole for ground reaction force measurement. J. Sports Sci.,
37(10):1129-1138, May 2019.

78


https://www.grc.nasa.gov/www/k-12/rocket/drageq.html#:~:text=The%20drag%20equation%20states%20that,times%20the%20reference%20area%20A.&text=For%20given%20air%20conditions%2C%20shape,for%20Cd%20to%20determine%20drag.
https://www.grc.nasa.gov/www/k-12/rocket/drageq.html#:~:text=The%20drag%20equation%20states%20that,times%20the%20reference%20area%20A.&text=For%20given%20air%20conditions%2C%20shape,for%20Cd%20to%20determine%20drag.
https://www.grc.nasa.gov/www/k-12/rocket/drageq.html#:~:text=The%20drag%20equation%20states%20that,times%20the%20reference%20area%20A.&text=For%20given%20air%20conditions%2C%20shape,for%20Cd%20to%20determine%20drag.
https://www.grc.nasa.gov/www/k-12/rocket/drageq.html#:~:text=The%20drag%20equation%20states%20that,times%20the%20reference%20area%20A.&text=For%20given%20air%20conditions%2C%20shape,for%20Cd%20to%20determine%20drag.

[37]

[38]

[39]

[44]

[45]

[46]

[47]

Karampreet K Buttar, Neha Saboo, and Sudhanshu Kacker. A review: Maximal
oxygen uptake (VO2 max) and its estimation methods. International Journal of
Physical Education, Sports and Health, 6(6):24-32, October 2019.

Arnault H Caillet, Andrew T M Phillips, Christopher Carty, Dario Farina, and Luca
Modenese. Hill-type computational models of muscle-tendon actuators: a systematic
review. November 2022.

Valentina Camomilla, Elena Bergamini, Silvia Fantozzi, and Giuseppe Vannozzi.
Trends supporting the in-field use of wearable inertial sensors for sport performance
evaluation: A systematic review. Sensors, 18(3), 2018.

P Cangley, L. Passfield, H Carter, and M Bailey. The effect of variable gradients on
pacing in cycling time-trials. Int. J. Sports Med., 32(2):132-136, February 2011.

Giuseppe G A Celano. A resnet-50-based convolutional neural network model for lan-
guage id identification from speech recordings. In Proceedings of the Third Workshop
on Computational Typology and Multilingual NLP, pages 136—144, 2021.

Duwon Choi, Youngkuk An, Nankyu Lee, Jinil Park, and Jonghwa Lee. Comparative
study of Physics-Based modeling and neural network approach to predict cooling in
vehicle integrated thermal management system. Energies, 13(20):5301, October 2020.

Filipe Clemente, Georgian Badicu, Uday Ch Hasan, Zeki Akyildiz, José Pino-Ortega,
Rui Silva, and Markel Rico-Gonzélez. Validity and reliability of inertial measurement
units for jump height estimations: a systematic review. Hum. Mov. Sci., 23(4):1-20,
2022.

Filipe Manuel Clemente, Zeki Akyildiz, José Pino-Ortega, and Markel Rico-Gonzalez.
Validity and reliability of the inertial measurement unit for barbell velocity assess-
ments: A systematic review. Sensors, 21(7), April 2021.

Christian A Clermont, Lauren C Benson, Sean T Osis, Dylan Kobsar, and Reed
Ferber. Running patterns for male and female competitive and recreational runners
based on accelerometer data. J. Sports Sci., 37(2):204-211, January 2019.

Christian A Clermont, Sean T Osis, Angkoon Phinyomark, and Reed Ferber. Kine-
matic gait patterns in competitive and recreational runners. J. Appl. Biomech.,
33(4):268-276, 2017.

Christian A Clermont, Angkoon Phinyomark, Sean T Osis, and Reed Ferber. Classi-
fication of higher- and lower-mileage runners based on running kinematics. Journal
of Sport and Health Science, 8(3):249-257, May 2019.

Robbie G Cochrum, Ryan T Conners, Jennifer L. Caputo, John M Coons, Dana K
Fuller, Mark C Frame, and Don W Morgan. Visual classification of running economy
by distance running coaches. EJSS, 21(8):1111-1118, August 2021.

Andag Batur Colak. An experimental study on the comparative analysis of the effect
of the number of data on the error rates of artificial neural networks. Int. J. Energy
Res., 45(1):478-500, January 2021.

79



[50]

[51]

[52]

[60]

Ruthann Cunningham, Iain Hunter, Matthew K Seeley, and Brent Feland. Variations
in running technique between female sprinters, middle, and distance runners. Int. J.
Ezerc. Sci., 6(1):6, 2013.

Emily E Cust, Alice J Sweeting, Kevin Ball, and Sam Robertson. Machine and
deep learning for sport-specific movement recognition: a systematic review of model
development and performance. J. Sports Sci., 37(5), 2019.

Isaac Jesus da Silva, Danilo Hernani Perico, Thiago Pedro Donadon Homem, and
Reinaldo Augusto da Costa Bianchi. Deep reinforcement learning for a humanoid
robot soccer player. J. Intell. Rob. Syst., 102(3), July 2021.

Thorsten Dahmen, Stefan Wolf, and Dietmar Saupe. Applications of mathematical
models of road cycling. IFAC Proceedings Volumes, 45(2):804-809, January 2012.

Eyal Dassau, Sue A Brown, Ananda Basu, Jordan E Pinsker, Yogish C Kudva,
Ravi Gondhalekar, Steve Patek, Dayu Lv, Michele Schiavon, Joon Bok Lee, Chiara
Dalla Man, Ling Hinshaw, Kristin Castorino, Ashwini Mallad, Vikash Dadlani,
Shelly K McCrady-Spitzer, Molly McElwee-Malloy, Christian A Wakeman, Wendy C
Bevier, Paige K Bradley, Boris Kovatchev, Claudio Cobelli, Howard C Zisser, and
Francis J Doyle, 3rd. Adjustment of Open-Loop settings to improve Closed-Loop re-
sults in type 1 diabetes: A multicenter randomized trial. J. Clin. Endocrinol. Metab.,
100(10):3878-3886, October 2015.

Wannes De Groote, Sofie Van Hoecke, and Guillaume Crevecoeur. Physics-Based
neural network models for prediction of Cam-Follower dynamics beyond nominal op-
erations. IEEE/ASME Trans. Mechatron., 27(4):2345-2355, August 2022.

Pierre Debraux, Frederic Grappe, Aneliya V Manolova, and William Bertucci. Aero-
dynamic drag in cycling: Methods of assessment. Sports Biomech., 10(3):197-218,
2011.

Thijs Defraeye, Bert Blocken, Erwin Koninckx, Peter Hespel, and Jan Carmeliet.
Aerodynamic study of different cyclist positions: CFD analysis and full-scale wind-
tunnel tests. J. Biomech., 43(7):1262-1268, 2010.

J B Dingwell, J P Cusumano, P R Cavanagh, and D Sternad. Local dynamic stabil-
ity versus kinematic variability of continuous overground and treadmill walking. J.
Biomech. Eng., 123(1):27-32, February 2001.

P C Dixon, K H Schiitte, B Vanwanseele, J V Jacobs, J T Dennerlein, J M Schiffman,
P-A Fournier, and B Hu. Machine learning algorithms can classify outdoor terrain
types during running using accelerometry data. Gait Posture, 74:176-181, October
2019.

Emer P Doheny, Cathy Goulding, Matthew W Flood, Lara Mcmanus, and
Madeleine M Lowery. Feature-Based evaluation of a wearable surface EMG sensor

against laboratory standard EMG during Force-Varying and fatiguing contractions.
IEEFE Sens. J., 20(5):2757-2765, March 2020.

80



[61]

[62]

[63]

[67]

[68]

[70]

[71]

[72]

[73]

[74]

Valérie Dormal, Nicolas Vermeulen, and Sandrine Mejias. Is heart rate variability
biofeedback useful in children and adolescents? a systematic review. J. Child Psychol.
Psychiatry, 62(12):1379-1390, December 2021.

Alisa Drapeaux and Kevin Carlson. A comparison of inertial motion capture systems:
DorsaVi and xsens. International Journal of Kinesiology and Sports Science, 8(3):24—
27, July 2020.

Ami Drory and Masahiro Yanagisawa. Predictive mathematical model of time saved
on descents in road cycling achieved through reduction in aerodynamic drag area.
Proceedings of the Institution of Mechanical Engineers, Part P: Journal of Sports
Engineering and Technology, 226(2):152-160, June 2012.

Jiaying Du, Christer Gerdtman, and Maria Lindén. Signal quality improvement al-
gorithms for MEMS Gyroscope-Based human motion analysis systems: A systematic
review. Sensors, 18(4), April 2018.

R Dukalski, S Lukosch, A Schwab, P J Beek, and F M Brazier. Exploring the effect
of pacing plan feedback for professional road cycling. Proc. AMIA Annu. Fall Symp.,
49(1):58, June 2020.

Bjoern M Eskofier, Martin Kraus, Jay T Worobets, Darren J Stefanyshyn, and
Benno M Nigg. Pattern classification of kinematic and kinetic running data to distin-
guish gender, shod /barefoot and injury groups with feature ranking. Comput. Methods
Biomech. Biomed. Engin., 15(5):467-474, 2012.

Raphael Faiss, Martial Saugy, Louis Passfield, and James Hopker. Editorial: Perfor-
mance modeling and anti-doping. Front. Phystol., 10:169, March 2019.

Feng-Lei Fan, Jinjun Xiong, Mengzhou Li, and Ge Wang. On interpretability of
artificial neural networks: A survey. IEEE Trans Radiat Plasma Med Sci, 5(6):741—
760, November 2021.

Caroline Finch. A new framework for research leading to sports injury prevention. J.
Sci. Med. Sport, 9(1-2):3-9; discussion 10, May 2006.

Iztok Fister, Iztok Fister, Jr., and Dusan Fister. Computational Intelligence in Sports.
Springer, Cham, 2019.

Fiszelew, Britos, Ochoa, Merlino, and others. Finding optimal neural network archi-
tecture using genetic algorithms. Adv. Comput. Eng., 2007.

Billy Fitton and Digby Symons. A mathematical model for simulating cycling: applied
to track cycling. Sports Eng., 21(4):409-418, December 2018.

Daniel Tik-Pui Fong, Yue-Yan Chan, Youlian Hong, Patrick Shu-Hang Yung, Kwai-
Yau Fung, and Kai-Ming Chan. Estimating the complete ground reaction forces with
pressure insoles in walking. J. Biomech., 41(11):2597-2601, August 2008.

A Forner Cordero, H J F M Koopman, and F C T van der Helm. Use of pressure
insoles to calculate the complete ground reaction forces. J. Biomech., 37(9):1427-1432,
September 2004.

81



[75]

[76]

[77]

78]

I M Franks and G Miller. Eyewitness testimony in sport. Journal of Sport Behaviour,
9(1):38-45, March 1986.

I M Franks and G Miller. Training coaches to observe and remember. J. Sports Sci.,
9(3):285-297, 1991.

Reginaldo K Fukuchi, Bjoern M Eskofier, Marcos Duarte, and Reed Ferber. Support
vector machines for detecting age-related changes in running kinematics. J. Biomech.,
44(3):540-542, February 2011.

John Ghattas and Danielle N Jarvis. Validity of inertial measurement units for track-
ing human motion: a systematic review. Sports Biomech., pages 1-14, October 2021.

Georgia Giblin, Elaine Tor, and Lucy Parrington. The impact of technology on elite
sports performance. Sensoria: A Journal of Mind, Brain & Culture, 12(2), 2016.

Xavier Glorot and Yoshua Bengio. Understanding the difficulty of training deep feed-
forward neural networks. In Yee Whye Teh and Mike Titterington, editors, Proceedings
of the Thirteenth International Conference on Artificial Intelligence and Statistics,
volume 9 of Proceedings of Machine Learning Research, pages 249-256, Chia Laguna
Resort, Sardinia, Italy, 2010. PMLR.

V C Goessl, J E Curtiss, and S G Hofmann. The effect of heart rate variability biofeed-
back training on stress and anxiety: a meta-analysis. Psychol. Med., 47(15):2578-2586,
November 2017.

Miriam Gonzéalez-Izal, Armando Malanda, Esteban Gorostiaga, and Mikel Izquierdo.
Electromyographic models to assess muscle fatigue. J. Electromyogr. Kinesiol.,
22(4):501-512, August 2012.

Scott Gordon. Optimising distribution of power during a cycling time trial. Sports
Eng., 8(2):81-90, December 2005.

Alex Graves. Long Short-Term memory. In Alex Graves, editor, Supervised Sequence
Labelling with Recurrent Neural Networks, pages 37—-45. Springer Berlin Heidelberg,
Berlin, Heidelberg, 2012.

Raffaele Gravina, Parastoo Alinia, Hassan Ghasemzadeh, and Giancarlo Fortino.
Multi-sensor fusion in body sensor networks: State-of-the-art and research challenges.
Inf. Fusion, 35:68-80, May 2017.

J Matthew Green, Amber L Sapp, Robert C Pritchett, and Phil A Bishop. Pacing
accuracy in collegiate and recreational runners. Fur. J. Appl. Physiol., 108(3):567—
572, 2010.

Scott D Gronlund, Curt A Carlson, and Debra Tower. Episodic memory. Handbook
of applied cognition, pages 111-136, 2007.

Jiuxiang Gu, Zhenhua Wang, Jason Kuen, Lianyang Ma, Amir Shahroudy, Bing Shuai,
Ting Liu, Xingxing Wang, Gang Wang, Jianfei Cai, and Tsuhan Chen. Recent ad-
vances in convolutional neural networks. Pattern Recognit., 77:354-377, May 2018.

82



[89]

[90]
[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

Reed D Gurchiek, Nick Cheney, and Ryan S McGinnis. Estimating biomechanical
Time-Series with wearable sensors: A systematic review of machine learning tech-
niques. Sensors, 19(23), November 2019.

Susan J Hall. BASIC BIOMECHANICS. McGraw Hill LLC,, 1995.

Sara Hartnell, Julia Fuchs, Charlotte K Boughton, and Roman Hovorka. Closed-loop
technology: a practical guide. Pract. Diabetes, 38(4):33—-39, July 2021.

Thomas Haugen, David McGhie, and Gertjan Ettema. Sprint running: from funda-
mental mechanics to practice-a review. FEur. J. Appl. Physiol., 119(6):1273-1287, June
2019.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning
for image recognition. In 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pages 770-778. IEEE, June 2016.

Richard Helyer and Peter Dickens. Progress in the utilization of high-fidelity simula-
tion in basic science education. Adv. Physiol. Educ., 40(2):143-144, June 2016.

Archibald Vivian Hill. The heat of shortening and the dynamic constants of mus-
cle. Proceedings of the Royal Society of London. Series B - Biological Sciences,
126(843):136-195, October 1938.

Sepp Hochreiter, Yoshua Bengio, Paolo Frasconi, and Jiirgen Schmidhuber. Gradient
flow in recurrent nets: the difficulty of learning Long-Term dependencies. 2003.

Fabian Hoitz, Vinzenz von Tscharner, Jennifer Baltich, and Benno M Nigg. Indi-
viduality decoded by running patterns: Movement characteristics that determine the
uniqueness of human running. PLoS One, 16(4):e0249657, April 2021.

Kurt Hornik, Maxwell Stinchcombe, and Halbert White. Multilayer feedforward net-
works are universal approximators. Neural Netw., 2(5):359-366, January 1989.

Fabian Horst, Fabian Hoitz, Djordje Slijepcevic, Nicolas Schons, Hendrik Beckmann,
Benno M Nigg, and Wolfgang I Schollhorn. Identification of subject-specific responses
to footwear during running. Seci. Rep., 13(1):11284, July 2023.

Réisin M Howard, Richard Conway, and Andrew J Harrison. Muscle activity in
sprinting: a review. Sports Biomech., 17(1):1-17, March 2018.

Matevz Hribernik, Anton Umek, Saso Tomazi¢, and Anton Kos. Review of Real-Time
biomechanical feedback systems in sport and rehabilitation. Sensors, 22(8), April
2022.

Song Hu, Stefano d’Ambrosio, Roberto Finesso, Andrea Manelli, Mario Rocco
Marzano, Antonio Mittica, Loris Ventura, Hechun Wang, and Yinyan Wang. Compar-
ison of Physics-Based, Semi-Empirical and neural Network-Based models for Model-
Based combustion control in a 3.0 L diesel engine. Energies, 12(18):3423, September
2019.

83



[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

Adam Hulme, Jason Thompson, Rasmus Oestergaard Nielsen, Gemma J M Read,
and Paul M Salmon. Towards a complex systems approach in sports injury research:
simulating running-related injury development with agent-based modelling. Br. J.
Sports Med., 53(9):560-569, May 2019.

David Hunter, Hao Yu, Michael S Pukish, III, Janusz Kolbusz, and Bogdan M Wil-
amowski. Selection of proper neural network sizes and Architectures—A comparative
study. IEEFE Trans. Ind. Inf., 8(2):228-240, May 2012.

Hyunho Jeong and Sukyung Park. Estimation of the ground reaction forces from
a single video camera based on the spring-like center of mass dynamics of human
walking. J. Biomech., 113:110074, December 2020.

Linda Jeschofnig and Peter Jeschofnig. Teaching Lab Science Courses Online: Re-
sources for Best Practices, Tools, and Technology. John Wiley & Sons, February
2011.

Asker E Jeukendrup and James Martin. Improving cycling performance: How should
we spend our time and money. Sports Med., 31(7):559-569, 2001.

Yihwan Jung, Moonki Jung, Kunwoo Lee, and Seungbum Koo. Ground reaction force
estimation using an insole-type pressure mat and joint kinematics during walking. J.
Biomech., 47(11):2693-2699, August 2014.

Aida Kamisali¢, Iztok Fister, Jr, Muhamed Turkanovié¢, and Saso Karakati¢. Sensors
and functionalities of Non-Invasive Wrist-Wearable devices: A review. Sensors, 18(6),
May 2018.

Daniel E Kim and Mikhail Gofman. Comparison of shallow and deep neural networks
for network intrusion detection. In 2018 IEEE 8th Annual Computing and Com-
munication Workshop and Conference (CCWC), pages 204—208. ieeexplore.ieee.org,
January 2018.

Chih-Yuan Koh, Jaw-Yuan Chang, Chiang-Lin Tai, Da-Yo Huang, Han-Hsing Hsieh,
and Yi-Wen Liu. Bird sound classification using convolutional neural networks. In
CLEF (Working Notes). ceur-ws.org, 2019.

Beth B Krippendorf and John Lough. Complete and rapid switch from light mi-
croscopy to virtual microscopy for teaching medical histology. Anat. Rec. B New
Anat., 285(1):19-25, July 2005.

Ken J Kubota, Jason A Chen, and Max A Little. Machine learning for large-scale
wearable sensor data in parkinson’s disease: Concepts, promises, pitfalls, and futures.
Mow. Disord., 31(9):1314-1326, September 2016.

Takashi Kuwahara, Itsuki Takahashi, and Shintaro Harikae. Real-time snowboard
training system for a novice using visual and auditory feedback. In 2020 IEEE In-
ternational Conference on Systems, Man, and Cybernetics (SMC), pages 4230-4235,
October 2020.

Peter Laird and Laura Waters. Eyewitness recollection of sport coaches. Int. J.
Perform. Anal. Sport, 8(1):76-84, February 2008.

84



[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning.  Nature,
521(7553):436-444, May 2015.

Jason A LeDune, Thomas W Nesser, Alfred Finch, and Rebecca A Zakrajsek. Biome-
chanical analysis of two standing sprint start techniques. J. Strength Cond. Res.,
26(12):3449-3453, December 2012.

Myunghyun Lee and Sukyung Park. Estimation of Three-Dimensional lower limb
kinetics data during walking using machine learning from a single IMU attached to
the sacrum. Sensors, 20(21), November 2020.

Adrian Lees. Technique analysis in sports: a critical review. J. Sports Sci., 20(10):813—
828, October 2002.

Paul Lehrer, Karenjot Kaur, Agratta Sharma, Khushbu Shah, Robert Huseby, Jay
Bhavsar, Phillip Sgobba, and Yingting Zhang. Heart rate variability biofeedback
improves emotional and physical health and performance: A systematic review and
meta analysis. Appl. Psychophysiol. Biofeedback, 45(3):109-129, September 2020.

Camilo Lellis-Santos and Fernando Abdulkader. Smartphone-assisted experimenta-
tion as a didactic strategy to maintain practical lessons in remote education: alterna-
tives for physiology education during the COVID-19 pandemic. Adv. Physiol. Educ.,
44(4):579-586, December 2020.

Irvin Hussein Lépez-Nava and Angélica Mufioz-Meléndez. Wearable inertial sensors
for human motion analysis: A review. IEEE Sens. J., 16(22):7821-7834, November
2016.

Lin Lu, Jiayao Zhang, Yi Xie, Fei Gao, Song Xu, Xinghuo Wu, and Zhewei Ye.
Wearable health devices in health care: Narrative systematic review. JMIR Mhealth
Uhealth, 8(11):e18907, November 2020.

John Lyle and Chris Cushion. Sport Coaching Concepts: A framework for coaching
practice. Taylor & Francis, November 2016.

Christina Zong-Hao Ma, Duo Wai-Chi Wong, Wing Kai Lam, Anson Hong-Ping Wan,
and Winson Chiu-Chun Lee. Balance improvement effects of biofeedback systems with
State-of-the-Art wearable sensors: A systematic review. Sensors, 16(4):434, March
2016.

Batta Mahesh. Machine learning algorithms-a review. International Journal of Sci-
ence and Research (IJSR). [Internet], 9(1):381-386, 2020.

Thomas Maier, Lucas Schmid, Beat Miiller, Thomas Steiner, and Jon Peter Wehrlin.
Accuracy of cycling power meters against a mathematical model of treadmill cycling.
Int. J. Sports Med., 38(6):456-461, June 2017.

James C Martin, Douglas L. Milliken, John E Cobb, Kevin L. McFadden, and An-
drew R Coggan. Validation of a mathematical model for road cycling power. J. Appl.
Biomech., 14(3):276-291, 1998.

85



[129]

[130]

[131]

[132]

133

[134]

[135]

[136]

137]

[138]

[139)]

[140]

[141]

[142]

[143]

Felix Mata, Miguel Torres-Ruiz, Roberto Zagal, Giovanni Guzman, Marco Moreno-
Ibarra, and Rolando Quintero. A cross-domain framework for designing healthcare
mobile applications mining social networks to generate recommendations of training
and nutrition planning. Telematics and Informatics, 35(4):837-853, July 2018.

A R Mauger, A M Jones, and C A Williams. The effect of non-contingent and accurate
performance feedback on pacing and time trial performance in 4-km track cycling. Br.
J. Sports Med., 45(3):225-229, 2011.

P Mayerhofer, J Carter, and J M Donelan. BPK SFU - wearables youtube account.
https://www.youtube.com/channel/UC1U9XVBCOmDwIBIVITUbtwg, 2020. Accessed:
2021-12-13.

P Mayerhofer, J Carter, and J M Donelan. BPK409 labl DAQ. https://github.
com/patmorli/BPK409-Lab1-DAQ, 2020. Accessed: 2021-12-13.

P Mayerhofer, J Carter, and J M Donelan. BPK409 lab2 ECG. https://github.
com/patmorli/BPK409-Lab2-ECG, 2020. Accessed: 2021-12-13.

P Mayerhofer, J Carter, and J M Donelan. BPK409 lab3 EMG. https://github.
com/patmorli/BPK409-Lab3-EMG, 2020. Accessed: 2021-12-13.

P Mayerhofer, J Carter, and J M Donelan. BPK409 lab4 ActivityClassifi-
cation. https://github.com/patmorli/BPK409-Lab4-ActivityClassification,
2020. Accessed: 2021-12-13.

Patrick Mayerhofer, Ivan Baji¢, and J Maxwell Donelan. Comparing the advantages
and disadvantages of physics-based and neural network-based modelling for predicting
cycling power. August 2023.

Patrick Mayerhofer, James Carter, and J Maxwell Donelan. A remote laboratory
course on experimental human physiology using wearable technology. Adv. Physiol.
FEduc., December 2021.

Patrick Mayerhofer, James Carter, and James M Donelan. Lab 1: Data acquisition
(DAQ). https://bit.1ly/Lab_1_DAQ, 2020. Accessed: 2021-9-23.

Patrick Mayerhofer, James Carter, and James M Donelan. Lab 4: Activity classifica-
tion. https://bit.ly/Lab_4_ActClass, 2020. Accessed: 2021-9-23.

Patrick Mayerhofer, Jim Carter, and James M Donelan. SFU BPK wearables - lab
overview. http://bit.ly/3popKqg_SFU_BPK_Wearables, 2020. Accessed: 2021-8-3.

Patrick Mayerhofer, James Cater, and James M Donelan. Lab 2: Electrocardiography
(ECG). https://bit.ly/Lab_2_ECG, 2020. Accessed: 2021-9-23.

Patrick Mayerhofer, James Cater, and James M Donelan. Lab 3: Electromyography
(EMG). https://bit.1ly/Lab_3_EMG, 2020. Accessed: 2021-9-23.

Patrick Mayerhofer, Matt Jensen, David C Clarke, James Wakeling, and Max Donelan.
Development of a feedback system to control power in cycling. Proc. ISEA Symp.,
49(1):22, June 2020.

86


https://www.youtube.com/channel/UClU9XVBC0mDwJBIVJTUbtwg
https://github.com/patmorli/BPK409-Lab1-DAQ
https://github.com/patmorli/BPK409-Lab1-DAQ
https://github.com/patmorli/BPK409-Lab2-ECG
https://github.com/patmorli/BPK409-Lab2-ECG
https://github.com/patmorli/BPK409-Lab3-EMG
https://github.com/patmorli/BPK409-Lab3-EMG
https://github.com/patmorli/BPK409-Lab4-ActivityClassification
https://bit.ly/Lab_1_DAQ
https://bit.ly/Lab_4_ActClass
http://bit.ly/3popKqg_SFU_BPK_Wearables
https://bit.ly/Lab_2_ECG
https://bit.ly/Lab_3_EMG

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

[157]

Joseph McGrath, Jonathon Neville, Tom Stewart, and John Cronin. Upper body ac-
tivity classification using an inertial measurement unit in court and field-based sports:
A systematic review. Proceedings of the Institution of Mechanical Engineers, Part P:
Journal of Sports Engineering and Technology, page 1754337120959754, October 2020.

Barbara Means, Yuki Toyama, Robert Murphy, Marianne Bakia, and Karla Jones.
Evaluation of Evidence-Based practices in online learning: A Meta-Analysis and re-
view of online learning studies. 2009.

Larry R Medsker and L. C Jain. Recurrent neural networks. Proc. Inst. Mech. Eng.
Part L J. Mat. Des. Appl., 5, 2001.

A Mero, P V Komi, and R J Gregor. Biomechanics of sprint running. a review. Sports
Med., 13(6):376-392, June 1992.

Hrushikesh Mhaskar, Qianli Liao, and Tomaso Poggio. When and why are deep
networks better than shallow ones? AAAI 31(1), February 2017.

Risto Miikkulainen, Jason Liang, Elliot Meyerson, Aditya Rawal, Daniel Fink, Olivier
Francon, Bala Raju, Hormoz Shahrzad, Arshak Navruzyan, Nigel Duffy, and Babak
Hodjat. Chapter 15 - evolving deep neural networks. In Robert Kozma, Cesare
Alippi, Yoonsuck Choe, and Francesco Carlo Morabito, editors, Artificial Intelligence
in the Age of Neural Networks and Brain Computing, pages 293-312. Academic Press,
January 2019.

Gary N Miller. Observational accuracy in sport, 1989.

Courtney Mitchell. Using Inertial Foot Pods to Develop a Gait Protocol to Assist with
Concussion Diagnosis and Monitoring. PhD thesis, Auckland University of Technol-
ogy, 2023.

Shima Mohammadi Moghadam, Ted Yeung, and Julie Choisne. A comparison of ma-
chine learning models’ accuracy in predicting lower-limb joints’ kinematics, kinetics,
and muscle forces from wearable sensors. Sci. Rep., 13(1):5046, March 2023.

Silvia Montagna and James Hopker. A bayesian approach for the use of athlete
performance data within anti-doping. Front. Physiol., 9:884, July 2018.

Isabel S Moore. Is there an economical running technique? a review of modifiable
biomechanical factors affecting running economy. Sports Med., 46(6):793-807, June
2016.

Elia Morgulev, Ofer H Azar, and Ronnie Lidor. Sports analytics and the big-data era.
Int. J. Data Sci. Anal., 5(4):213-222, June 2018.

Saeed Mouloodi, Hadi Rahmanpanah, Soheil Gohari, Colin Burvill, Kwong Ming Tse,
and Helen M S Davies. What can artificial intelligence and machine learning tell us?

a review of applications to equine biomechanical research. J. Mech. Behav. Biomed.
Mater., 123:104728, November 2021.

S C Mukhopadhyay. Wearable sensors for human activity monitoring: A review. IEEE
Sens. J., 15(3):1321-1330, 2015.

87



158

[159]

[160]

[161]

[162]

163

[164]

[165]

[166]

[167]

[168]

[169]

Sean A Munson and Sunny Consolvo. Exploring goal-setting, rewards, self-monitoring,
and sharing to motivate physical activity. In 2012 6th International Conference on
Pervasive Computing Technologies for Healthcare and Workshops, PervasiveHealth
2012, pages 25-32, 2012.

Motomu Nakashima. Modeling and simulation of human swimming. Journal of Aero
Aqua Bio-mechanisms, 1(1):11-17, 2010.

Christopher Napier, Lauren Fridman, Paul Blazey, Nicholas Tran, Tom V Michie, and
Amy Schneeberg. Differences in peak impact accelerations among foot strike patterns
in recreational runners. Front Sports Act Living, 4:802019, March 2022.

Christopher Napier, Richard W Willy, Brett C Hannigan, Ryan McCann, and Carlo
Menon. The effect of footwear, running speed, and location on the validity of two

commercially available inertial measurement units during running. Front Sports Act
Living, 3:643385, April 2021.

Laurie Needham, Murray Evans, Darren P Cosker, Logan Wade, Polly M McGuigan,
James L Bilzon, and Steffi L Colyer. The accuracy of several pose estimation methods
for 3D joint centre localisation. Sci. Rep., 11(1):1-11, October 2021.

Tuan Nguyen. The effectiveness of online learning: Beyond no significant difference
and future horizons. J. Online Learn. Teach., 11(2):309-319, 2015.

Benno M Nigg, Jennifer Baltich, Christian Maurer, and Peter Federolf. Shoe mid-
sole hardness, sex and age effects on lower extremity kinematics during running. J.
Biomech., 45(9):1692-1697, June 2012.

Eline M Nijmeijer, Pieter Heuvelmans, Ruben Bolt, Alli Gokeler, Egbert Otten, and
Anne Benjaminse. Concurrent validation of the xsens IMU system of lower-body
kinematics in jump-landing and change-of-direction tasks. J. Biomech., 154:111637,
June 2023.

T F Novacheck. The biomechanics of running. Gait Posture, 7(1):77-95, January
1998.

Jay Olson, Jim Rinehart, Jacqueline Jordan Spiegel, and Layla Al-Nakkash. Stu-
dent perception on the integration of simulation experiences into human physiology
curricula. Adv. Physiol. Educ., 43(3):332-338, September 2019.

Aleksandr Ometov, Viktoriia Shubina, Lucie Klus, Justyna Skibiniska, Salwa Saafi,
Pavel Pascacio, Laura Flueratoru, Darwin Quezada Gaibor, Nadezhda Chukhno,
Olga Chukhno, Asad Ali, Asma Channa, Ekaterina Svertoka, Waleed Bin Qaim,
Raul Casanova-Marqués, Sylvia Holcer, Joaquin Torres-Sospedra, Sven Casteleyn,
Giuseppe Ruggeri, Giuseppe Araniti, Radim Burget, Jiri Hosek, and Elena Simona
Lohan. A survey on wearable technology: History, State-of-the-Art and current chal-
lenges. Computer Networks, 193:108074, July 2021.

Committee on Professional Training. Undergraduate professional education in chem-
istry: ACS guidelines and evaluation procedures for bachelor’s degree programs, 2015.

88



[170]

[171]

[172]

[173]

[174]

175

176

[177]

178

[179]

[180]

[181]

[182]

Keiron O’Shea and Ryan Nash. An introduction to convolutional neural networks.
November 2015.

Brandon Oubre, Spencer Lane, Skylar Holmes, Katherine Boyer, and Sunghoon Ivan
Lee. Estimating ground reaction force and center of pressure using Low-Cost wearable
devices. IEEE Trans. Biomed. Eng., 69(4):1461-1468, April 2022.

S Ounpuu. The biomechanics of running: a kinematic and kinetic analysis. Instr.
Course Lect., 39:305-318, 1990.

Ilker Ozsahin, Dilber Uzun Ozsahin, and Mustapha Taiwo Mubarak. Chapter one - in-
troduction to biomedical instrumentation. In Dilber Uzun Ozsahin and Ilker Ozsahin,
editors, Modern Practical Healthcare Issues in Biomedical Instrumentation, pages 1-2.
Academic Press, January 2022.

Myeongsuk Pak and Sanghoon Kim. A review of deep learning in image recognition.
In 2017 4th International Conference on Computer Applications and Information Pro-
cessing Technology (CAIPT), pages 1-3. ieeexplore.ieee.org, August 2017.

Sangheon Park and Sukhoon Yoon. Validity evaluation of an inertial measurement
unit (IMU) in gait analysis using statistical parametric mapping (SPM). Sensors,
21(11), May 2021.

Razvan Pascanu, Tomas Mikolov, and Yoshua Bengio. On the difficulty of training
recurrent neural networks. In Sanjoy Dasgupta and David McAllester, editors, Pro-
ceedings of the 30th International Conference on Machine Learning, volume 28 of
Proceedings of Machine Learning Research, pages 1310-1318, Atlanta, Georgia, USA,
2013. PMLR.

Devansh Patel, Dhwanil Shah, and Manan Shah. The intertwine of brain and body:
A quantitative analysis on how big data influences the system of sports. Ann. Data
Sci., 7(1):1-16, March 2020.

Aurélien Patoz, Thibault Lussiana, Bastiaan Breine, Cyrille Gindre, and Kim Hébert-
Losier. There is no global running pattern more economic than another at endurance
running speeds. Int. J. Sports Physiol. Perform., 17(4):659-662, 2022.

Aurélien Patoz, Thibault Lussiana, Bastiaan Breine, Cyrille Gindre, Davide Malat-
esta, and Kim Hébert-Losier. Examination of running pattern consistency across
speeds. Sports Biomech., pages 1-15, July 2022.

Matthew R Patterson, William Johnston, Niamh O’Mahony, Sam O’Mahony, Eimear
Nolan, and Brian Caulfield. Validation of temporal gait metrics from three IMU
locations to the gold standard force plate. Conf. Proc. IEEE Eng. Med. Biol. Soc.,
2016:667-671, August 2016.

Pierre Peretto. An Introduction to the Modeling of Neural Networks. Cambridge
University Press, October 1992.

Angkoon Phinyomark, Blayne A Hettinga, Sean T Osis, and Reed Ferber. Gender
and age-related differences in bilateral lower extremity mechanics during treadmill
running. PLoS One, 9(8):105246, August 2014.

89



[183]

[184]

[185]

[186]

187

[188]

[189]

[190]

[191]

[192]

[193]

[194]

[195]

Angkoon Phinyomark, Giovanni Petri, Esther Ibanez-Marcelo, Sean T Osis, and Reed
Ferber. Analysis of big data in gait biomechanics: Current trends and future directions.
J. Med. Biol. Eng., 38(2):244-260, April 2018.

Pietro Picerno, Marco losa, Clive D’Souza, Maria Grazia Benedetti, Stefano Paolucci,
and Giovanni Morone. Wearable inertial sensors for human movement analysis: a five-
year update. Ezpert Rev. Med. Devices, 18(supl):79-94, December 2021.

Isabelle Poitras, Frédérique Dupuis, Mathieu Bielmann, Alexandre Campeau-Lecours,
Catherine Mercier, Laurent J Bouyer, and Jean-Sébastien Roy. Validity and reliability
of wearable sensors for joint angle estimation: A systematic review. Sensors, 19(7),
March 2019.

Gerald R Popelka, Brian C J Moore, Richard R Fay, and Arthur N Popper. Hearing
Aids. Springer, September 2016.

Gabriell E Prinsloo, H G Laurie Rauch, and Wayne E Derman. A brief review and
clinical application of heart rate variability biofeedback in sports, exercise, and reha-
bilitation medicine. Phys. Sportsmed., 42(2):88-99, May 2014.

Michael J Puchowicz, Eliran Mizelman, Assaf Yogev, Michael S Koehle, Nathan E
Townsend, and David C Clarke. The critical power model as a potential tool for
anti-doping. Front. Physiol., 9:643, June 2018.

Sen Qiu, Hongkai Zhao, Nan Jiang, Zhelong Wang, Long Liu, Yi An, Hongyu Zhao,
Xin Miao, Ruichen Liu, and Giancarlo Fortino. Multi-sensor information fusion based
on machine learning for real applications in human activity recognition: State-of-the-
art and research challenges. Inf. Fusion, 80:241-265, April 2022.

Joaquin Quinonero-Candela, Masashi Sugiyama, Anton Schwaighofer, and Neil D
Lawrence. Dataset Shift in Machine Learning. MIT Press, December 2008.

Hadi Rahemi, Nilima Nigam, and James M Wakeling. Regionalizing muscle activity
causes changes to the magnitude and direction of the force from whole muscles—a
modeling study. Front. Physiol., 5, 2014.

M Raissi, P Perdikaris, and G E Karniadakis. Physics-informed neural networks: A
deep learning framework for solving forward and inverse problems involving nonlinear
partial differential equations. J. Comput. Phys., 378:686—707, February 2019.

Daniyal Rajput, Wei-Jen Wang, and Chun-Chuan Chen. Evaluation of a decided
sample size in machine learning applications. BMC' Bioinformatics, 24(1):48, February
2023.

Alen Rajsp and Iztok Fister. A systematic literature review of intelligent data analysis
methods for smart sport training. NATO Adv. Sci. Inst. Ser. E Appl. Sci., 10(9):3013,
April 2020.

Prajit Ramachandran, Barret Zoph, and Quoc V Le. Searching for activation func-
tions. October 2017.

90



196

[197]

198

[199]

[200]

[201]

[202]
[203]

[204]

205]
206]

207]

208]

209]

Christopher A Ramezan, Timothy A Warner, Aaron E Maxwell, and Bradley S Price.
Effects of training set size on supervised Machine-Learning Land-Cover classification
of Large-Area High-Resolution remotely sensed data. Remote Sensing, 13(3):368,
January 2021.

Tyler R Ray, Jungil Choi, Amay J Bandodkar, Siddharth Krishnan, Philipp Gutruf,
Limei Tian, Roozbeh Ghaffari, and John A Rogers. Bio-Integrated wearable systems:
A comprehensive review. Chem. Rev., 119(8):5461-5533, April 2019.

Sherveen Riazati, Nick Caplan, and Philip R Hayes. The number of strides required
for treadmill running gait analysis is unaffected by either speed or run duration. J.
Biomech., 97:109366, December 2019.

Sid Robinson. Experimental studies of physical fitness in relation to age. FEur. J.
Appl. Physiol., 10(3):251-323, October 1938.

Andy Ruina and DynamicWalking. Andy ruina: Passive dynamics needs accurate
complex modeling, controlled dynamics often doesn’t. https://www.youtube.com/
watch?v=wrTFE5feh8T.

Mangalam Sankupellay and Dmitry Konovalov. Bird call recognition using deep con-
volutional neural network, ResNet-50. In Proceedings of ACOUSTICS, volume 7,
pages 1-8. researchgate.net, 2018.

J Z Sasiadek. Sensor fusion. Annu. Rev. Control, 26(2):203-228, January 2002.

Alois Schaffarczyk, Silas Koehn, Luca Oggiano, and Kai Schaffarczyk. Aerodynamic
benefits by optimizing cycling posture. NATO Adv. Sci. Inst. Ser. E Appl. Sci.,
12(17):8475, August 2022.

Florian Schellenberg, Katja Oberhofer, William R Taylor, and Silvio Lorenzetti. Re-
view of modelling techniques for in vivo muscle force estimation in the lower extrem-
ities during strength training. Comput. Math. Methods Med., 2015:483921, August
2015.

G A F Seber and C J Wild. Nonlinear Regression. John Wiley & Sons, Inc., 1989.

R R Selvaraju, M Cogswell, A Das, and others. Grad-cam: Visual explanations from
deep networks via gradient-based localization. Proceedings of the, 2017.

Angela M Senevirathna, Andrew J Pohl, Matthew J Jordan, William Brent Edwards,
and Reed Ferber. Differences in kinetic variables between injured and uninjured
rearfoot runners: A hierarchical cluster analysis. Scand. J. Med. Sci. Sports, 33(2):160—
168, February 2023.

Dhruv R Seshadri, Colin Drummond, John Craker, James R Rowbottom, and James E
Voos. Wearable devices for sports: New integrated technologies allow coaches, physi-

cians, and trainers to better understand the physical demands of athletes in real time.
IEEFE Pulse, 8(1):38-43, January 2017.

Dhruv R Seshadri, Ryan T Li, James E Voos, James R Rowbottom, Celeste M Alfes,
Christian A Zorman, and Colin K Drummond. Wearable sensors for monitoring the
physiological and biochemical profile of the athlete. NPJ Digit Med, 2:72, July 2019.

91


https://www.youtube.com/watch?v=wrTFE5feh8I
https://www.youtube.com/watch?v=wrTFE5feh8I

[210]

[211]

212]

[213]

[214]

[215]

216]

[217]

[218]

[219]

[220]

[221]

[222]

[223]

Sagar Sharma, Simone Sharma, and Anidhya Athaiya. Activation functions in neural
networks. towards data science, 6(12):310-316, 2017.

Weiguang Si, Sung-Hee Lee, Eftychios Sifakis, and Demetri Terzopoulos. Realistic
biomechanical simulation and control of human swimming. ACM Trans. Graph.,
34(1):1-15, December 2015.

Patrick Slattery, L Eduardo Cofré Lizama, Jon Wheat, Paul Gastin, Ben Dascombe,
and Kane Middleton. The agreement between wearable sensors and force plates for
the analysis of stride time. June 2022.

Peter Smolianov, Christopher Schoen, Jaclyn Norberg, Steven Dion, Jed Smith, and
Kathryn Calpino. Innovative technology for high performance and mass participation
sport, 2018.

Mark Snaterse. Automatic Pacing : On the use of external timing cues to regulate
speed during human walking and running. PhD thesis, Simon Fraser University, 2014.

D Solomatine, . M See, and R J Abrahart. Data-Driven modelling: Concepts, ap-
proaches and experiences. In Robert J Abrahart, Linda M See, and Dimitri P Solo-
matine, editors, Practical Hydroinformatics: Computational Intelligence and Techno-
logical Developments in Water Applications, pages 17-30. Springer Berlin Heidelberg,
Berlin, Heidelberg, 2008.

Jaqueline de Souza and Carmem Gottfried. Muscle injury: Review of experimental
models. J. Electromyogr. Kinesiol., 23(6):1253-1260, December 2013.

SparkFun Electronics. SparkFun’s qwiic connect system. https://www.sparkfun.
com/qwiic. Accessed: 2021-8-3.

Jorg Sporri, Josef Kroll, Matthias Gilgien, and Erich Miiller. How to prevent injuries
in alpine ski racing: What do we know and where do we go from here? Sports Med.,
47(4):599-614, April 2017.

Vijay Sarthy M Sreedhara, Gregory M Mocko, and Randolph E Hutchison. A survey
of mathematical models of human performance using power and energy. Sports Med
Open, 5(1):54, December 2019.

K R Srinath. Python—The fastest growing programming language. International
Research Journal of Engineering and Technology (IRJET), 4(12):354-357, 2017.

Manuel Stein, Halldér Janetzko, Daniel Seebacher, Alexander Jager, Manuel Nagel,
Jirgen Holsch, Sven Kosub, Tobias Schreck, Daniel A Keim, and Michael Gross-
niklaus. How to make sense of team sport data: From acquisition to data modeling
and research aspects. Brown Univ. Dig. Addict. Theory Appl., 2(1):2, January 2017.

Scott J Strath and Taylor W Rowley. Wearables for promoting physical activity. Clin.
Chem., 64(1):53-63, January 2018.

Christina Strohrmann, Holger Harms, Gerhard Troster, Stefanie Hensler, and Roland
Miiller. Out of the lab and into the woods: kinematic analysis in running using
wearable sensors. In Proceedings of the 13th international conference on Ubiquitous

92


https://www.sparkfun.com/qwiic
https://www.sparkfun.com/qwiic

[224]

[225]

[226]

[227]

[228]

[229]

230]

[231]

[232]

233

[234]

[235]

[236]

computing, UbiComp 11, pages 119-122, New York, NY, USA, September 2011. As-
sociation for Computing Machinery.

Sai Gokul Subraveti, Zukui Li, Vinay Prasad, and Arvind Rajendran. Physics-Based
neural networks for simulation and synthesis of cyclic adsorption processes. Ind. Eng.
Chem. Res., 61(11):4095-4113, March 2022.

B Sumner, C Mancuso, and R Paradiso. Performances evaluation of textile electrodes
for EMG remote measurements. Conf. Proc. IEEE Eng. Med. Biol. Soc., 2013:6510-
6513, 2013.

Chao Sun and Victor G Shi. PhysiNet: A combination of physics-based model and
neural network model for digital twins. Int. J. Intell. Syst., 37(8):5443-5456, August
2022.

David Sundstrém, Peter Carlsson, and Mats Tinnsten. Comparing bioenergetic mod-
els for the optimisation of pacing strategy in road cycling. Sports Eng., 17(4):207-215,
2014.

Juri Taborri, Justin Keogh, Anton Kos, Alessandro Santuz, Anton Umek, Caryn Ur-
banczyk, Eline van der Kruk, and Stefano Rossi. Sport biomechanics applications us-
ing inertial, force, and EMG sensors: A literature overview. Appl. Bionics Biomech.,
2020:2041549, June 2020.

Tim Taha and Scott G Thomas. Systems modelling of the relationship between
training and performance. Sports Med., 33(14):1061-1073, 2003.

Anas M Tahir, Muhammad E H Chowdhury, Amith Khandakar, Sara Al-Hamouz,
Merna Abdalla, Sara Awadallah, Mamun Bin Ibne Reaz, and Nasser Al-Emadi. A
systematic approach to the design and characterization of a smart insole for detecting
vertical ground reaction force (vGRF) in gait analysis. Sensors, 20(4), February 2020.

Rohit Tanwar, Neha Nandal, Mazdak Zamani, and Azizah Abdul Manaf. Pathway
of trends and technologies in fall detection: A systematic review. Healthcare (Basel),
10(1), January 2022.

Kanchan M Tarwani and Swathi Edem. Survey on recurrent neural network in natural
language processing. Int. J. Eng. Trends Technol, 48(6):301-304, 2017.

D B Thordarson. Running biomechanics. Clin. Sports Med., 16(2):239-247, April
1997.

Lena H Ting, Stacie A Chvatal, Seyed A Safavynia, and J Lucas McKay. Review and
perspective: neuromechanical considerations for predicting muscle activation patterns
for movement. Int. j. numer. method. biomed. eng., 28(10):1003-1014, October 2012.

Benno Torgler. Big data, artificial intelligence, and quantum computing in sports. In
Sascha L Schmidt, editor, 21st Century Sports: How Technologies Will Change Sports
in the Digital Age, pages 1563-173. Springer International Publishing, Cham, 2020.

Lorena Torres-Ronda, Emma Beanland, Sarah Whitehead, Alice Sweeting, and
Jo Clubb. Tracking systems in team sports: A narrative review of applications of
the data and sport specific analysis. Sports Med Open, 8(1):15, January 2022.

93



237]

[238]

[239]

[240]

[241]

[242]

[243]

[244]

[245]

[246]

[247]

[248]

[249]

[250]

Suraj Tripathi, Abhay Kumar, Abhiram Ramesh, Chirag Singh, and Promod Yeni-
galla. Focal loss based residual convolutional neural network for speech emotion
recognition. June 2019.

Tran Quang Trung and Nae-Eung Lee. Flexible and stretchable physical sensor in-
tegrated platforms for wearable human-activity monitoring and personal healthcare.
Adv. Mater., 28(22):4338-4372, June 2016.

Javier Vales-Alonso, David Chaves-Diéguez, Pablo Lopez-Matencio, Juan J Alcaraz,
Francisco J Parrado-Garcia, and F Javier Gonzélez-Castano. SAETA: A smart coach-
ing assistant for professional volleyball training. IEEFE Trans. Syst. Man Cybern.,
45(8):1138-1150, August 2015.

Pieter Van den Berghe, Valerio Lorenzoni, Rud Derie, Joren Six, Joeri Gerlo, Marc
Leman, and Dirk De Clercq. Music-based biofeedback to reduce tibial shock in over-
ground running: a proof-of-concept study. Sci. Rep., 11(1):4091, February 2021.

Bas Van Hooren, Jos Goudsmit, Juan Restrepo, and Steven Vos. Real-time feedback
by wearables in running: Current approaches, challenges and suggestions for improve-
ments. J. Sports Sci., 38(2):214-230, January 2020.

Greg Van Houdt, Carlos Mosquera, and Gonzalo Népoles. A review on the long
short-term memory model. Artif. Intell. Rev., 53(8):5929-5955, December 2020.

Alison K Varty. Options for online undergraduate courses in biology at american
colleges and universities. CBE Life Sci. Educ., 15(4), 2016.

Maria do Carmo Vilas-Boas, Hugo Miguel Pereira Choupina, Ana Patricia Rocha,
José Maria Fernandes, and Joao Paulo Silva Cunha. Full-body motion assessment:
Concurrent validation of two body tracking depth sensors versus a gold standard
system during gait. J. Biomech., 87:189-196, April 2019.

Diego Hernan Villarejo-Garcia, Adrian Moreno-Villanueva, Alejandro Soler-Loépez,
Pedro Reche-Soto, and José Pino-Ortega. Use, validity and reliability of inertial
movement units in volleyball: Systematic review of the scientific literature. Sensors,
23(8), April 2023.

Christian Weich and Manfred M Vieten. The gaitprint: Identifying individuals by
their running style. Sensors, 20(14), July 2020.

Greg Welch and Gary Bishop. An introduction to the kalman filter. https://perso.
crans.org/club-krobot/doc/kalman.pdf, 1995. Accessed: 2023-8-14.

Michael W Whittle. Clinical gait analysis: A review. Hum. Mov. Sci., 15(3):369-387,
June 1996.

Michael W Whittle. Gait Analysis: An Introduction. Butterworth-Heinemann, May
2014.

Richard W Willy. Innovations and pitfalls in the use of wearable devices in the
prevention and rehabilitation of running related injuries. Phys. Ther. Sport, 29:26—
33, January 2018.

94


https://perso.crans.org/club-krobot/doc/kalman.pdf
https://perso.crans.org/club-krobot/doc/kalman.pdf

[251]

[252]

253

[254]

[255]

[256]

[257]

[258]

[259]

[260]

[261]

Stefan Wolf, Raphael Bertschinger, and Dietmar Saupe. Road cycling climbs
made speedier by personalized pacing strategies. In icSPORTS, pages 109-114.
scitepress.org, 2016.

C Wong, Z Zhang, B Lo, and G Yang. Wearable sensing for solid biomechanics: A
review. [EEE Sens. J., 15(5):2747-2760, May 2015.

Sam Sx Wu, Jeremiah J Peiffer, Jeanick Brisswalter, Kazunori Nosaka, and Chris R
Abbiss. Factors influencing pacing in triathlon. Open Access J Sports Med, 5:223-234,
September 2014.

Nicole Zahradka, Khushboo Verma, Ahad Behboodi, Barry Bodt, Henry Wright, and
Samuel C K Lee. An evaluation of three kinematic methods for gait event detection
compared to the Kinetic-Based ’gold standard’. Sensors, 20(18), September 2020.

V M Zatsiorsky and V L Fortney. Sport biomechanics 2000. J. Sports Sci., 11(4):279-
283, August 1993.

Ziwei Zeng, Yue Liu, Xiaoyue Hu, Meihua Tang, and Lin Wang. Validity and relia-
bility of inertial measurement units on lower extremity kinematics during running: A
systematic review and Meta-Analysis. Sports Med Open, 8(1):86, June 2022.

Longbin Zhang, Davit Soselia, Ruoli Wang, and Elena M Gutierrez-Farewik. Es-
timation of joint torque by EMG-Driven neuromusculoskeletal models and LSTM
networks. IEEE Trans. Neural Syst. Rehabil. Eng., 31:3722-3731, September 2023.

Quanshi Zhang, Ying Nian Wu, and Song-Chun Zhu. Interpretable convolutional
neural networks. pages 8827-8836, October 2017.

Xiang Zhang, Gongbing Shan, Ye Wang, Bingjun Wan, and Hua Li. Wearables,
biomechanical feedback, and human motor-skills’ learning & optimization. Appl. Sci.,
9(2):226, January 2019.

Yu Zhang, Peter Tino, Ales Leonardis, and Ke Tang. A survey on neural network in-
terpretability. IEEE Transactions on Emerging Topics in Computational Intelligence,
5(5):726-742, October 2021.

Shaghayegh Zihajehzadeh, Darrell Loh, Tien Jung Lee, Reynald Hoskinson, and Ed-
ward J Park. A cascaded kalman filter-based GPS/MEMS-IMU integration for sports
applications. Measurement, 73:200-210, September 2015.

95



Appendix A

Additional Equations for Chapter 2

We modeled the system as forces acting on a point-mass m. We assumed the sum of the forces
to be the horizontal forward force of cyclist with the bike Fiyq;s: and some counteracting
air resistance force Fy,4. By using Newton’s second law, with © being the rate of change of
the cyclist’s speed, we formulated the following equation to describe the cyclist’s motion:

Finertial =-—mv = Fcyclist - Fdrag (Al)

Firqg is dependent on the squared speed (v?), the air density (p), the frontal area of the
cyclist (A), and the drag coefficient (Cy) [26]:

1
Firag = §ACdpv2 (A.2)

Due to multiple reasons, we replaced all but the squared velocity with one single variable
which we call the drag number (c). First, we did not measure frontal area or air density.
Second, our drag number is not only air drag but subsumes all other factors of drag, such
as rolling resistance. Isolating Fyc;s in equation A.1, and substituting the product of the
squared speed and the drag number for Fg,,g, yields:

Feyetist = mo + cv? (A.3)

We then replaced Fryqs¢ With the fraction of the pedal torque 7, and the pedal crank arm
length 1,

™ — i+ c0? (A.4)
p

Multiplying both sides with [, and the pedal crank arm’s angular velocity w, yields:
Pcyclist = wplpm@ + wplpC'UZ <A5)
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,where Pyq;st is the mechanical power that the cyclist is applying to the pedal. We replace
wp with the fraction of the linear pedal speed v, and [, yielding

Pcyclist = Upm@ + UpC'U2 (Aﬁ)

We can replace v, with the product of v, the gear ratio GR, and the fraction of the rear
wheel radius 7, and [, yielding:

Poyetist = 7% GR-m -0 v4c- T2 GR-o? (A7)
P P

We calculated speed as a function of cadence, f, measured in revolutions per minute:
1
v(t) = @27r -r-GR- f(t) (A.8)

We took the derivative of v with respect to time ¢ to get © and by substituting for v and ©
into equation A.7, we determined the power as a function of cadence:

A72m - GR? -3, 813 . GR* - rt
D) - F(t o e TP

Pcyclist (t) = ) f3 (t) (Ag)

We then defined the time delay t; between the commanded and the actual cadence, to get
an equation that describes Ppyqiq as a function of commanded cadence f(t —tg):

4m°m - GR3 -3, . 813 - GRY - rd,
Pryeiist(t) = " ft—ta) ft—tq) + o —————"2 [t —tq) (A.10)
602 - Iy 603 - 1,
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Appendix B

Supplementary Data

B.1 SFU BPK Wearables - Lab Overview

Description:

The accompanying PDF file shows the course overview for the course developed in Chapter
5.

Filename:

SFU BPK Wearables - Lab Overview.pdf

B.2 Lab Manual 1 - DAQ

Description:

The accompanying PDF file shows the lab manual of lab 1 for the course developed in
Chapter 5.

Filename:

Lab Manual 1 - DAQ.pdf

B.3 Lab Manual 2 - ECG

Description:

The accompanying PDF file shows the lab manual of lab 2 for the course developed in
Chapter 5.
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Filename:

Lab Manual 2 - ECG.pdf

B.4 Lab Manual 3 - EMG

Description:

The accompanying PDF file shows the lab manual of lab 3 for the course developed in
Chapter 5.

Filename:

Lab Manual 3 - EMG.pdf

B.5 Lab Manual 4 - Activity Classification

Description:

The accompanying PDF file shows the lab manual of lab 4 for the course developed in
Chapter 5.

Filename:

Lab Manual 4 - Activity Classification.pdf

B.6 LablCodel

Description:

The accompanying .ino file shows the first microcontroller code required for data collec-
tion in lab 1, developed in Chapter 5.

Filename:

LablCodel.ino
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B.7 LablCode2

Description:

The accompanying .ino file shows the second microcontroller code required for data col-
lection in lab 1, developed in Chapter 5.

Filename:

Lab1Code2.ino

B.8 LablCode3

Description:

The accompanying .ino file shows the third microcontroller code required for data col-
lection in lab 1, developed in Chapter 5.

Filename:

LablCode3.ino

B.9 LablCode4

Description:

The accompanying .ino file shows the fourth microcontroller code required for data col-
lection in lab 1, developed in Chapter 5.

Filename:

LablCode4.ino

B.10 Lab2Codel

Description:

The accompanying .ino file shows the first microcontroller code required for data collec-
tion in lab 2, developed in Chapter 5.

Filename:
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Lab2Codel.ino

B.11 Lab2Code2

Description:

The accompanying .ino file shows the second microcontroller code required for data col-
lection in lab 2, developed in Chapter 5.

Filename:

Lab2Code2.ino

B.12 Lab3Codel

Description:

The accompanying .ino file shows the first microcontroller code required for data collec-
tion in lab 3, developed in Chapter 5.

Filename:

Lab3Codel.ino

B.13 Lab4Codel

Description:

The accompanying .ino file shows the first microcontroller code required for data collec-
tion in lab 4, developed in Chapter 5.

Filename:

Lab4Codel.ino

B.14 Lab2Functions

Description:

The accompanying .py file includes all python functions required for the data analysis in
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lab 2, developed in Chapter 5.
Filename:

Lab2Functions.py

B.15 Lab3Functions

Description:

The accompanying .py file includes all python functions required for the data analysis in
lab 3, developed in Chapter 5.

Filename:

Lab3Functions.py

B.16 Lab4Functions

Description:

The accompanying .py file includes all python functions required for the data analysis in
lab 4, developed in Chapter 5.

Filename:

Lab4Functions.py
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