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Abstract

Predicting the fatigue behavior in muscles significantly improves a stroke patient’s road to
recovery as it allows minimizing danger while encouraging the patients to participate in
the rehabilitation. This essential feature in the recovery process assists physiotherapists
with fatigue onset recognition or fatigue level quantification while patients undergo therapy
with a rehabilitation robot. In this research, muscle fatigue detection was studied on the
squat motion of healthy subjects while using an exergame as the same muscles are utilized
for the sit-to-stand motion in stroke patients. First, a procedure was developed, and
different analysis methods were investigated to recognize fatigue using processed muscle
activity data (MNF and MDF) collected by sEMG as various researches used to recognize
fatigue, designed exergame data, and perceived fatigue data collected from participants
during the experiment. The sEMG data were collected from four muscles of ten subjects
while playing an exergame designed based on squat motion. Among three different
methods for analyzing the data (discrete window analysis, moving window analysis, and
phasing analysis), the most accurate analysis method was developed by analyzing each
phase of the squats separately.
Furthermore, there was a need to develop a method to predict both fatigue onset and fatigue
level by using all the muscle data and perceived data. The appropriate muscle activity
values were extracted from the data and combined for further classification and regression
analysis. Six machine learning classifiers with two different implementation strategies (5fold cross-validation and leave-one-participant-out cross-validation) were utilized to find
the best model for detecting the onset of fatigue, whereas five machine learning regressors
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were used for finding the best regression analyzer in predicting the fatigue level. The
classifiers and regressors were evaluated by seven and five different algorithm validation
respectively to not only evaluate the accuracy of the method, but also consider the
reliability of the performance to make sure that patients are not facing any danger during
the recovery process. In both scenarios, Random Forest performed best.
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Chapter 1: Introduction

Introduction

1.1 Motivation
Each year approximately 62,000 Canadians and 795,000 Americans are annually affected by
strokes which is a cerebrovascular disease [1], [2]. It can lead to adult disability, body weakness,
muscle spasticity, limited mobility, and muscle control, affecting patients' daily life activity [3],
[4]. It requires medical intervention and rehabilitation to reduce performance impairment.
Rehabilitation utilizes new neural connections in the brain, which allow the patient to re-learn tasks
through repetitive exercise [5].
Occupational therapists and physiotherapists use a broad range of therapeutic exercises in the
stroke rehabilitation process, mostly focused on motor dexterity and motor movement involving
the repetition of the target movement. Over the past decades, various rehabilitation robotics with
different target exercises were developed to be used by occupational therapists and
physiotherapists to improve and increase the speed of stroke patients' rehabilitation process. Using
these robots has many advantages, such as increasing the intensity and duration of the therapy
session since they are not relying on the therapist's assistance and can be used until the patient is
tired. Also, unlike traditional therapy sessions, these rehabilitation robots can provide some
feedback information like trajectory error, force, and effort trends. Tracking these parameters can
1

help the therapist during the recovery period. Mental tiredness of patients is another factor which
decreases the therapy session duration. Virtual environment is another feature added to some of
these rehabilitation robots to increase the encouragement in using the robot by patients.

1.2 Project Background
Advanced Biomechatronics and Locomotion Laboratory (ABL) at Carleton University had
developed a 4-DOF end plate-based rehabilitation robot named ViGRR (Virtual Gait
Rehabilitation Robot), which assists the patient to move through sagittal plane trajectories. The
robot has an assistive feature which is controlled by an admittance controller that helps the patient
in case of trajectory error. It consists of a footplate that interfaces with the user’s foot which is
magnetically attached to the robot, as shown in Figure 1. The magnet can be released in case of
high force, high velocity, or activation of the emergency button. The robot also has a virtual
environment to increase user engagement, including different games with desired trajectories and
feedback [6], [7].

Figure 1: The original ViGRR that was developed at Carleton University [6]
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ViGRR was designed with the goal of lower-limb rehabilitation and compatibility with a patient
who is reclined in a hospital bed. However, ViGRR has some aspects which prevent it from being
used easily as it is a heavy robot and cannot easily be transported to different locations. Therefore,
another robot has been developed at ABL named ViGRR-Lite with the goal of increasing the
functional patient’s recovery outcomes for therapists in hospitals. It utilized the primary
components of ViGRR and repackaged it to a lighter bed-bound rehabilitation robot that is easier
to install. ViGRR-Lite simulates sit-to-stand motion by a leg extension exercise, and similar to
ViGRR, it engages the patient using games with desired trajectories [7]. Figure 2 represents the
ViGRR-Lite robot.

Figure 2: The schematic of the ViGRR-Lite robot developed at Carleton University [7]

1.3 Thesis Objective
Both robots discussed in 1.1 assist the patient to move their foot in the desired trajectory to utilize
their muscles and try to re-learn the motions. Games have been used for engaging the patient and
increasing the exercise duration. There are some feedbacks provided by the robots which can help
3

the therapist to measure the improvement of the muscles during the recovery journey. During the
period of the exercise, physical fatigue or potential boredom emerges as the patients continue to
play the game.
Fatigue prediction can be very beneficial for rehabilitation process as per the following reasons:
•

Increasing the duration of exercise is one of the most important goals of rehabilitation
robotics. Earlier prediction of fatigue onset, and even quantifying the fatigue level could
help the therapists to prevent fatigue in patients. This can be done by increasing the resting
period, decreasing the intensity of the exercise, increasing the assistance level of the
controller, etc.

•

Disregarding the psychological fatigue may be harmful; the patient would not correctly
perform the exercise rendering the therapy ineffective.

•

Physical tardiness due to excessive exercise could potentially be harmful to an already
damaged muscle.

Therefore, there is a need to recognize fatigue while the patient is performing a targeted exercise
with a rehabilitation robot.
The original goal of this thesis was to utilize Electromyography sensors to track muscle activity
and recognize associated fatigue, in addition to analyzing perceived fatigue data to recognize
mental tiredness while the patient is using the ViGRR-Lite.
During the COVID-19 pandemic and restricted physical distancing period, it would be impossible
to undertake any experiments involving human-to-human physical contact, especially with
vulnerable stroke patients. Therefore, a modified experiment using an exergame was conducted
remotely without compromising safety and aimed to replicate the original motion of the robot. The
robotic system was replaced with a reward-based game operated by healthy subjects performing
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basic squats to gain the most points. For this, my colleague, Nick Berezny, had developed a visionbased body tracking system which only requires setting up a webcam and affixing printed markers
to the participant's joints. The main objective of this thesis is to prepare the means of detecting and
quantifying muscle fatigue (based on perceived fatigue) during an exergame focused on squat
motion.

1.3.1

Thesis Contributions

The following contributions assisted in reaching the objectives:
1. Developing the best scenario for a new experiment on healthy subjects to simulate the
patient’s real-life circumstances while adhering to public health guidelines.
2. Collecting three different sets of data to consider participants' fatigue: EMG sensors
(muscle activity data), game data, and perceived data.
3. Comparing and identifying a minimal adequate set of muscle groups for EMG collection
and finding a suitable analysis method to identify the most appropriate muscle activity
analysis by focusing on the timing or phase of each squat in order to synchronize the game
data and the perceived fatigue data.
4. Identifying muscle fatigue from EMG data, comparing fatigue behavior on different
muscles, and correlating it with other variables (Gender, age, BMI, game score, etc.) were
among the tasks performed for understanding the data and in preparation of the next step.
5. Utilizing machine learning classifiers and regressors to find the best model to detect
the fatigue onset and quantify the fatigue level, respectively, based on the perceived
data considering different features such as physical tiredness, BMI, age, etc.
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6. The outcome will provide the necessary preliminary information needed to set up the
ViGRR-Lite to conduct robotic haptic gaming with healthy and ultimately target population
participants.

1.4 Thesis Outline
•

Chapter 1: Introduction
The current chapter aims to introduce the research goals and provide the objectives of the
thesis.

•

Chapter 2: Literature Review
This chapter represents a review of fatigue recognition research in muscles,
Electromyography, and provides an overview of different machine learning definitions and
training algorithms implemented in this research.

•

Chapter 3: Fatigue Recognition Through Collected Game, EMG, and Perceived Data
This chapter explains the experimental trial, the process of choosing the desired muscles,
the development of different analysis methods, and how their results led to the primary
trial. Muscle selection and analysis method, showing the results of EMG collected data,
game data, and perceived data.

•

Chapter 4: Muscle Fatigue Predictions using Machine Learning
This chapter covers the implementation of different machine learning algorithms to
recognize the onset fatigue and the fatigue level. It includes the process of preparing various
input features for the analysis and provides the best parameters for the classification and
regression based on the results.
6

•

Chapter 5: Conclusion and Future Work
This chapter includes the concluding remarks along with the recommendations for future
work.
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Chapter 2: Literature Review

Literature Review

2.1 Muscles and Associated Causes of Fatigue

2.1.1

Muscle Fatigue

Many people experience Fatigue as a common symptom in a wide range of daily situations. It can
be felt as a significant tiredness, lack of energy, or feeling exhausted, and relates to having
difficulty in performing voluntary tasks [8], [9]. Fatigue can be classified based on various
measures as mental fatigue or physical fatigue, acute fatigue or chronic fatigue, etc. [10]–[12]. One
of the most important types of fatigue is muscle fatigue which in [13] is defined as a decrease in
power production in case of responding to contractile activity, or as in [14] is defined as a decline
in the performance of the intensive activity of the muscle.
Muscle fatigue is a broad phenomenon which can be referred to as a motor deficit, decline in
mental function, or a perception and it can describe the sustained activity end point or the decrease
in muscle force capacity [15]. This broadness is problematic in identifying the causes of muscle
fatigue; therefore, a more focused definition used by most of the investigators can be utilized. It is
defined as an exercise-induced reduction in muscle ability to produce force or power for sustained
or intermittent tasks [16], [17]. Moreover, muscle fatigue is not the exhaustion of a muscle or
8

failing to do a task; it is the decrease of maximal force or power which can be produced by the
muscle [15].
Fatigue in muscle occurs since the process of generating a force by contractile proteins is enabled
by several physiological impaired processes, or in other words, it is proceeded from central or
peripheral motor pathway levels [18], [19].

2.1.2

The Mechanism of fatigue in muscles

As previously discussed in 2.1.1, fatigue is a common feeling in daily life, and it has been under
evaluation over decades in different applications and clinical projects [20]. Different studies reveal
various views of muscle fatigue mechanism as it is dependent on features like exercise models and
the methods used. Therefore, studying muscle fatigue is challenging as the data from different
studies cannot be transferred, there is no certain result to rely on, or the results are based on
voluntary exercises that cannot be carried out on daily life [20].
For any exercise, a voluntary force is generated from a sequence of events. First, motor-neurons
are activated with motivational factors and sensory information integration. The signal transfer
between motor-neurons and neuro-muscular junction occurs at this point. This transfer of signal in
a healthy body should be adequate [21], [22]. Different fatigue protocols with different metabolic,
ionic, and electrical changes have different mechanisms, but mostly tiredness in muscles is caused
by changing in balance of different ions like 𝑁𝑎+ and 𝐾 + over the sarcolemma [20].
It should be noted that unlike studies on animal muscles, studies on human muscles have various
limitations, and need lots of considerations which render the study of muscle fatigue mechanism
more difficult.
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2.2 Electromyography
Electromyography or EMG system is used to track the muscle health and the motor neurons which
control the muscle’s activity by measuring the response of the electrical activity of the muscle
nerves to stimulation [23], [24]. An electromyograph is used to detect the electrical potential
generated from muscles when they are neurologically active [25]. EMG is used in different areas
to find the muscle disorders like muscle weakness, muscular dystrophy, radiculopathies, muscle
fatigue, etc. [23].

2.2.1

EMG Types

There are two types of EMG: surface EMG and Needle EMG. Each of these are used for different
purposes.
Surface EMG is used in different situations as used by physiotherapists, kinesiologists, biomedical
engineers, and experimental researchers. It uses surface electrodes to collect muscle activity data
from the surface of skin. As shown on Figure 3, it consists of an amplifier, sensors, and input
module [26].
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Figure 3: Delsys Surface EMG set-up [26]

The collected data is the voltage difference between two separate electrodes. The potentials are
measured with respect to a reference voltage generated from a sensor on a bone.

Figure 4: Surface EMG Sensor and the operating schematic [26]

As it can be seen in Figure 4, the voltage is measured by subtracting 𝑉2 from 𝑉1. Surface EMG is
used in this research.
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Needle electromyography is another popular EMG system which is used for detecting illnesses
such as mimicking diseases and localized abnormality of muscles. Needle EMG contains fine wires
which are inserted in the target muscle and collect muscle activity signals [27]. There is a need for
a reference electrode which can be a surface electrode or an inserted fine wire. The fine wire has
an exposed tip which serve as an active electrode. The electrical activity of the muscle can be seen
on an oscilloscope [24].
These two electromyography types are vastly used in various medical and engineering fields, and
they have been certainly helpful in detecting diseases and helping researchers to have a better
understanding of muscle activities and abnormalities to make improvement in areas such as
rehabilitation robotics. Each of these systems have their risks which limit their adoption for
different applications. As the Needle EMG utilizes needles to insert the electrodes in the muscle,
it causes pain and discomfort for the participants [27], but the surface EMG does not cause any
pain during the attachment of the electrodes to the subjects’ body. There is a minor risk of
discomfort or skin irritation when adhesive tapes are taken off the skin at the end of the experiment
with surface EMG.
Also, electrodes used in surface EMG system are not active and only use ± 5 v DC power supply
[26] resulting in experiments with no electric shocks. However, Needle EMG systems are using
active electrodes which require professional supervision for ensuring that the electrodes are placed
exactly on the right position in muscles in order to collect the correct muscle activity signals while
minimizing the skin discomfort and bleeding for the participants [28]. On the other hand, using
surface EMG requires a lot of attention to find the right location on skin to attach electrodes and
collect the desired data; electrodes are easier to attach and does not cause a lot of annoyance for
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subjects. Surface EMG is more preferrable these days to collect intensity of muscle activation [29].
Therefore, the surface EMG system has been used in this research.

2.3 EMG Data and Data Analysis
For understanding the different behaviors in human body and detecting abnormalities, data
processing is the primary step after recording EMG data that is prone to collecting lots of noises
[30]. The raw EMG data is affected by noises induced by incorrect electrode location, incorrect
selection of signal channel, inherent electrode noises [31], movement of connection cables,
etc.[32]. Therefore, there is a need for preprocessing the raw data before using them. The first step
is filtering on the frequency spectrum of the signal. The most suitable filters for EMG signals are
low-pass, high-pass, and band-pass filters [33] which have been used in this work. Furthermore,
there is a need to extract some reliable features from the signal to have a better observation and
analyzation from the informative data features. Features can be extracted from both the time
domain (such as Mean Absolute Value (MAV) and Waveform length (WL)) and the frequency
domain (such as Mean power frequency (MNF) and Median power frequency (MDF)) [34].

•

Mean Absolute Value (MAV): For each window, MAV represents the mean of a fully
rectified signal.
𝐿

1
𝑀𝐴𝑉(𝑥𝑖 ) = ∑|𝑥𝑖,𝑘 |
𝐿
𝑘=1

where 𝑥𝑖,𝑘 represents 𝑘 𝑡ℎ sample data in 𝑖 𝑡ℎ

segment and L denotes the length of

the EMG signal.
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•

Waveform length (WL): It shows a simple signal waveform characteristic which can be
calculated as below:
𝐿

𝑊𝐿(𝑥𝑖 ) = ∑|𝑥𝑖,𝑘 − 𝑥𝑖,𝑘−1 |
𝑘=1

where 𝑥𝑖,𝑘 represents 𝑘 𝑡ℎ sample data in 𝑖 𝑡ℎ segment, and L denotes to the length of
the EMG signal.

•

Mean Power Frequency (MNF): It represents the average frequency calculated as below:
𝑀
𝑀𝑁𝐹 = ∑𝑀
𝑗=1 𝑓𝑗 𝑃𝑗 / ∑𝑗=1 𝑃𝑗

Where 𝑓𝑗 is the EMG power spectrum frequency value at the frequency bin 𝑗, 𝑃𝑗 is the EMG
power spectrum at the frequency bin 𝑗, and M is the frequency bin length [35].

•

Median Power Frequency (MDF): the power spectrum will be divided into two regions
with equal amplitude in this frequency as below:
𝑀𝐷𝐹

𝑀

∑ 𝑃𝑗 = ∑ 𝑃𝑗
𝑗=1

𝑗=𝑀𝐷𝐹

Where 𝑃𝑗 is the power spectrum of EMG at the frequency bin 𝑗, and M is the length of the
frequency bin [35].

2.4 EMG and Fatigue
In most of the muscle fatigue research, the observation of neuromuscular responses and evaluation
of the motor unit activations have utilized electromyography [36], [37]. The EMG signals can
provide helpful information about motor unit activation and muscular responses [38]. However,
14

there is a need for feature extraction to make sense of the data and draw meaningful conclusions.
The amplitude of the EMG signals represents an increase, and there is a decrease in the spectral
frequency of the signals when it comes to muscle fatigue studies [39].
There are various studies that aim to recognize muscle fatigue. They mostly used EMG signals to
observe muscle activity and consider the slope of features such as MNF and MDF of signals as a
mean of recognizing fatigue in muscles. These studies used different exercises to collect data from
one muscle. In [40], muscle activity of the Rectus Femoris is collected using EMG while doing a
knee extension exercise. Integrated EMG (IEMG), Average Motor Unit Potential (AMUP) and
Mean Power Frequency (MNF) were calculated. IEMG results indicated a slight and continuous
rise during the fatigue period, whereas AMUP showed an increase in the signal's amplitude. The
MNF represented a slight decrease during fatigue time. Rahnama et al. [41] used a soccer
stimulation fatiguing protocol to investigate the lower limb muscle activity. The results indicate a
decrease in EMG activity when the participant is fatigued while using the stimulation. Bicep
concentration curl exercise are used in [42] to observe the effect of muscle fatigue on Human
Activity Recognition systems. Based on their collected data from 20 participants, fatigue has
occurred in later sets of the exercise, and muscle endurance decreased. They also find that some
changes happen in data during the fatigue period. Chang et al. [43] used a wireless surface EMG
recording system to monitor Vastus Lateralis fatigue while the participant used a pedaledmultifunctional elliptical trainer. A decrease in MDF is seen in signal processing as the muscle
exercise time increases. In some studies, an EMG-based exergame is developed to model the
exercise in addition to engaging the participant during the experiment [44], [45]. In [44], an EMGbased system is developed in a customized isometric exergame. The Flexor digitorum superficialis
muscle has been examined to monitor the performance of participants. A swimming exergame is

15

developed in [45], to investigate the upper limb muscle activities. There are a limited numbers of
studies which used machine learning methods to detect muscle fatigue, as in [46], the Support
Vector Machine (SVM) was used to recognize the fatigue and non-fatigue of lower limb muscle
during isokinetic exertions during the target exercise. Finally, Papakostas et al. [47] investigated
upper limb muscle fatigue in exercises like shoulder flexion and shoulder abduction. They used a
machine learning approach which considered the muscle activity in addition to user subjective
report. To the best of the author’s knowledge, this research was the only one which considered the
perceived fatigue of participants as an input feature of their machine learning models.
Despite different studies in monitoring muscle fatigue, there is still a lack of research in some
areas. First, most of the studies in this area monitor the upper limb muscles during exercises, and
there is not enough research on lower limb muscles. Second, there are a few studies which are
using an exergame to detect muscle fatigue. Another important feature that has not been
investigated enough is considering the subjective user report during the experiment which can be
a reflection of potential boredom or mental fatigue. Fourth, most studies in this area are about
detecting the onset of muscle fatigue, but there is a need to investigate fatigue level recognition in
muscles. Finally, in most of the studies, only one muscle was observed while the participant was
performing an exercise, but it is known that in every exercise, there is more than one muscle
involved. To better understand the participant fatigue behavior, it is better to study at least the main
muscles active during the desired exercise. This research aims to investigate these gaps.

2.5 Machine Learning
Machine learning is a type of AI (Artificial Intelligence) that utilizes different algorithms to let the
software learn from a dataset and train itself to predict the relationship between the data and the
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desired target [48]. Tom Mitchell's definition of Machine Learning is “a computer program is said
to learn from experience E with respect to some class of tasks T and performance measure P, if its
performance at tasks in T, as measured by P, improves with experience E” [49]. A daily example
of machine learning utilization is in the email spam detection system. At first, some of the emails
are flagged as spam emails by the user, and they have been used by machine learning as the training
examples, which are called Training instances or Samples. In this scenario, flagging spam for
new emails are called task or T, the training experience or E is the database of the emails flagging
as spam and the performance measure or P is the proportion of correctly selected emails as spam
by the software [33],[50]. As each of these three processes has an important effect on the
performance of the machine learning system, they should be defined carefully. Using Machine
Learning is great for different scenarios such as getting an insight into complex problems with big
data sets, finding the solutions for complex problems which cannot be done by the traditional
approaches, etc. [48], [50], [51]. There are many different types of Machine Learning systems that
can be categorized based on different criteria. The procedure to train the data is a defining
parameter for the type of machine learning, Supervised and Unsupervised learning are the main
categories that will be discussed next.

2.5.1

Supervised Learning

Supervised learning is an approach which trains the algorithm based on a group of labeled data
that is called training sets. These training sets include inputs and desired outputs and help to teach
the model to evaluate desired results [48], [52]–[54]. Classification and Regression are the two
types of supervised learning algorithms.
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2.5.1.1

Classifications and Regression

The classification method is training the algorithm task to classify the data into k categories where
{𝑘 ∈ ℕ | k > 1 }. In most cases, k=2 which is called binary classifications. The algorithm function
is: 𝑓: ℝ𝑛 → {1, … , 𝑘}. In other words, the algorithm is able to predict that the given vector 𝒙 ∈ ℝ𝑛
should be grouped with which categories of k [55]. In the second part of this research, the goal is
to define if the subject is fatigued or not. In this situation, the binary classification (k=2) is used as
two categories of being fatigued and not fatigued [48], [54], [56].
The regression method enables an algorithm to predict a target numeric value. To train such a
system many input features with the numerical value are required [48]. Note that some
classification algorithms can be used as regressors and vice versa. Here is the list of classification
and regression tools used in this research.

Logistic Regression
Logistic regression is a model which is mainly used in solving binary problems and categorizing
the output in two different groups such as “True” and “False”, or “Yes” and “No” [57]–[59]. The
logistic regression model is defined as:
𝑓𝑤,𝑏 (𝑥) =

1
1 + 𝑒 −(𝑤𝑥+𝑏)

Here, 𝑥 is the feature vector representing an instance, 𝑤 represents a D-dimensional vector of
parameters (weights), and 𝑏 is a real number. This equation is called logistic function, which has
an output range of 0 to 1. The model predicts an output based on the proximity of the output to 1
[48], [57].
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Gaussian Classifier
Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA) are two
different types of the Gaussian Classifier. The LDA concept is finding a linear combination of
predictors that separates classes in the best way. It uses a score function to estimate the linear
coefficients that maximize the score [60]. QDA is a general discriminant function with a nonlinear
separation boundary used for classifying the data in two or more classes [60].
For the instance x, the probability can be written as a conditional probability as follows:

𝑃(𝑦 = 𝑘 | 𝑥) =

𝑃(𝑥| 𝑦 = 𝑘) 𝑃(𝑦 = 𝑘)
𝑃(𝑥| 𝑦 = 𝑘) 𝑃(𝑦 = 𝑘)
=
𝑃(𝑥)
𝑃(𝑥|𝑦 = 1) 𝑃(𝑦 = 1) + 𝑃(𝑥|𝑦 = 0) 𝑃(𝑦 = 0)

(The instance x has label 𝑦 = 𝑘 where 𝑘 ∈ {0,1}).

By replacing 𝑃(𝑥| 𝑦 = 𝑘) with 𝑓𝑘 (𝑥), and 𝑃(𝑦 = 𝑘) with 𝜋𝑘 , the shortened form of the equation
is achieved. Maximizing 𝑃(𝑦 = 𝑘 | 𝑥) by any value of k, is considered the label for x, which yields:

ℎ(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑘

𝑓𝑘 (𝑥) 𝜋𝑘
∑𝑦 𝑓𝑦 (𝑥) 𝜋𝑦

The argmax operation refers to maximizing ℎ(𝑥) based on the value of k. Please note that the
denominator is independent of k, and constant. By simplifying the expression independent of k and
assuming 𝑓𝑘 (𝑥) to multivariate Gaussian model and ℎ(𝑥) can be created as a classifier [61]:
ℎ(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑘 𝛿𝑘 (𝑥)
where,
1
1
𝛿𝑘 (𝑥) = − log|𝛴𝑘 | − (𝑥 − 𝜇𝑘 )𝑇 𝛴𝑘−1 (𝑥 − 𝜇𝑘 ) + log 𝜋𝑘
2
2
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In the equation above, 𝛴𝑘 is the training data covariance matrix in class k, and |𝛴𝑘 | indicates its
determinant. This classifier presents the Quadratic Discriminant Analysis (QDA), which has a
quadratic decision function. 𝜇𝑘 is the mean of training examples vector in class k, 𝛴𝑘 is the training
example covariance of class k, and 𝜋𝑘 is the training data proportion in class k in comparison with
the total number of data.
If the covariance matrices are assumed to be equal between two classes, the 𝛿𝑘 (𝑥) can be simplified
as:
𝛿𝑘 (𝑥) = 𝑥 𝑇 𝛴 −1 𝜇𝑘 −

1 𝑇 −1
𝜇 𝛴 + log 𝜋𝑘
2 𝑘

where,
𝛴0 = 𝛴1 = 𝛴
It has a linear decision boundary and is called Linear Discriminant Analysis (LDA).

Decision Tree Classifier (DT)
This classifier utilizes recursive partitioning to classify data into a tree structure form and is built
from a single root node. For each step, instances with similar classes will be partitioned into the
same subsets. The main advantages of DTs are high accuracy, easy interpretation, capability of
determining the best and worst attributions, along with estimating the expected value for various
attributes.
By dividing the feature space in each dataset into m non-overlapping subsets 𝑅1 , 𝑅2 , … 𝑅𝑚 , a
function can be defined to predict instance x label as per the following:

𝑚

𝑓(𝑥) = ∑ 𝑐𝑚 𝐼{𝑥 ∈ 𝑅𝑚 }
𝑖=1
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I is an identified function which returns 1 and 0 when 𝑥 ∈ 𝑅𝑚 and 𝑥 ∉ 𝑅𝑚 , subsequently. 𝑐𝑚 is a
constant determined from the majority of the labels in subset m. Therefore, the label for each new
instance is determined from the subset it falls into. Although there are different strategies to divide
the feature space into m portions, they all try to minimize the impurity measure (𝑝𝑚𝑘 ) in them. If
there are 𝑁𝑚 observations in subset 𝑅𝑚 , the observation proportion of class k in a 𝑅𝑚 subset can
be written as[62]:
𝑝𝑚𝑘 =

1
∑ 𝐼 (𝑦 = 𝑘)
𝑁𝑚
𝑥∈ 𝑅𝑚

The Gini index and Cross-entropy are two ways of calculating minimum impurity in partitioning
the feature space into m subsets. They are calculated as follows:

𝐾

𝐺𝑖𝑛𝑖 𝑖𝑛𝑑𝑒𝑥 = ∑ 𝑝𝑚𝑘 (1 − 𝑝𝑚𝑘 )
𝑘=1
𝐾

𝐶𝑟𝑜𝑠𝑠 − 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑝𝑚𝑘 log 𝑝𝑚𝑘
𝑘=1

Useful partitions can be created for classification by minimizing these two equations [48], [63]–
[65].

Random Forest (RF)
Decision Trees have high variance and are noisy. Therefore, building a collection of uncorrelated
decision tree classifiers and then averaging them improves the classifiers and reduces the variance;
a RF classifier is an average of some decision tree classifiers [48], [62], [63], [65]–[67].
21

Support Vector Machine Classifier (SVM)
The Support Vector Machine (SVM) classifier aims to find a decision function in the hyperplane
or line form that separates two classes and stays far away from the closest training examples.
SVM's objective is to maximize the margin (the distance between the decision boundaries and the
closest instance is called the margin). As the real-world data is noisy and has some overlap
instances from each class, finding such a line or hyperplane is not always possible. Therefore,
finding a good balance between the margin width and the number of instances violating the margin
constraint is the operating tool for SVM.
The equation 𝑤𝑥 + 𝑏 = 0 can be defined as a decision function: x is the multidimensional training
data, w is the real-value vector of weights with the same dimension as x, and b is a value referred
(𝑗) 2
to as bias. ||𝑤|| = √∑𝐷
𝑗=1(𝑤 ) is defined as the decision tree slope, which is inversely

proportional to the margin. Therefore, the objective of SVM is to minimize ||𝑤|| to get larger
margins. SVM objective can also be formulated as follows given that 𝑡 (𝑖) is -1 for negative
instances and +1 for positive instances:
𝑚

Minimize ||𝑤|| + 𝐶 ∑ 𝜁 (𝑖)
𝑖=1

Subject to 𝑡 (𝑖) (𝑤𝑥 + 𝑏) ≥ 1 − 𝜁 (𝑖) 𝑎𝑛𝑑 𝜁 (𝑖) ≥ 0 for 𝑖 = 1,2,3, … , 𝑚
𝜁 (𝑖) is a slack variable which measures how much each instance is violating the margin [48], [63],
[65], [67].

Neural Network
“Artificial Neural Network or ANN is a machine learning algorithm inspired by the networks of
biological neurons found in our brains.” Written in [48]. ANN is powerful, scalable, and capable
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of using for highly complex Machine Learning tasks. It is composed of an input layer, hidden
layers, and an output layer, as shown in Figure 5:

Figure 5: Neural Network Layers [68]

And here is the equation for a fully connected layer:
ℎ𝑤,𝑏 (𝑥) = ∅(𝑥𝑤 + 𝑏)
Here, x is representing the input features, w shows the connection weights, b contains the bias
vector. Last, the ∅ is called activation function, which depends on the application and the context
of the study [48]. The input information is passed from the input layer to the hidden layers. In each
hidden layer, the output is calculated by the algorithm for each of the neurons in this layer, and
then the results will pass to the next layer and so on. When the last hidden layer calculates its result,
it will go through the output layer. This is called the forward pass. Then, by using different
functions, the algorithm measures the output error and calculates how much each connection output
contributes to this error by applying the chain rule. For each hidden layer, the algorithm again
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calculates how much of this error came from the previous layer working backward until it gets to
the input layer. This backward movement helps measure the error across all connection weights
backward through the entire network; this is called the reverse pass. The algorithm for each
training instance uses a forward pass for making the first predictions and uses the reverse pass to
measure the error associated with each layer, and finally changes the connection weights to reduce
the error [48], [69]–[71].

Linear Regression
The linear regression model is the most common regressor which is used in Machine Learning
applications. This model predicts based on computing input features weighted sum and the bias
term:
𝑦 = 𝜃0 + 𝜃1 𝑥1 + 𝜃2 𝑥2 + ⋯ + 𝜃𝑛 𝑥𝑛

Which 𝑦 is the prediction value, 𝑛 is the features number, 𝑥𝑖 is the 𝑖-th feature value and 𝜃𝑗 is the
𝑗-th model parameter. The linear regression model will first fit the training data and evaluate the
performance. Then, based on the selected performance measure, tries to come up with the 𝜃 value,
which minimizes the error [48], [72].

K-Nearest Neighbors (KNN)
K-Nearest Neighbors is a nonparametric supervised learning method which classifies the training
set data based on the nearest neighbor’s majority votes. In other words, by using distance function
measurement, a case is assigned to the class of K nearest neighbors for an instance in time which
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is their identifications generated about them [73]. For instance, in Figure 6, K is chosen to be equal
to 15 which means the predicted class is chosen by the majority votes of the 15 nearest neighbors.

Figure 6: 15-Nearest-Neighbors

Gaussian Naive Bayes (GNB)
Gaussian Naïve Bayes is a specific type of Naïve Bayes which is a classification method based on
Bayes theorem [74]. By assigning the probability that its label is y=C using the Bayes Rule:

𝑃(𝑦 = 𝐶 |𝑥) =

𝑃(𝑥| 𝑦 = 𝐶) 𝑃(𝑦 = 𝐶)
𝑃(𝑥)

Which can be rearranged for 𝑦 = 1 and 𝑦 = 0 as follows:

𝑓𝑏 (𝑥) =

𝑃(𝑦 = 1 | 𝑥) 𝑃(𝑥 | 𝑦 = 1) 𝑃(𝑦 = 1)
=
𝑃(𝑦 = 0 | 𝑥) 𝑃(𝑥 | 𝑦 = 0) 𝑃(𝑦 = 0)
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The relative probability of x belonging to each class is computed by 𝑓𝑏 (𝑥) which is called the
Bayesian classifier.

2.5.2

Unsupervised Learning

There are many applications that use Supervised Learning these days, but there are many
applications without any available labeled data. This kind of application requires to use of
unsupervised learning to train their algorithm, which uses the data and labels them innately. The
most common unsupervised learning tasks are Clustering, Anomaly Detection, and Density
Estimation. As unsupervised learning is not used in this research, it will not be discussed further.

2.5.3

Main challenges of Machine Learning

Although there are so many advantages of using machine learning in technology and sciences, it
has its own challenges like any other application. First, a large amount of data is needed for most
machine learning algorithms to work appropriately [48], [75]. In [76], a notion was explained that
the data is more important than the algorithm; however, data collection is not feasible in all cases,
and the algorithms should still be utilized.
Also, there is a need for generalized training dataset in order to have a classifier which expands
over the entire range of inputs. The model would not be predicting accurately if it was trained by
a nonrepresentative training set [48].
Accurate prediction by classifiers requires organized and consistent training data sets. Errors,
outliers, and noises mislead the system toward detecting useful patterns, and the classifier is
unlikely to perform as accurate as possible. Therefore, there is a need to spend a reasonable amount
of time to clean up the training data set [48], [77], [78].
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Another critical step in using machine learning in a project and expecting a successful result is to
ensure that the training data contains relevant features as opposed to irrelevant features. This can
help the classifier to come up with more powerful correlations between the input features. This is
called feature engineering, which has three steps [48], [77], [79]:
1. Feature Selection: The first step is to come up with the most valuable features for training
among all the features.
2. Feature Extraction: Many useful and crucial features can be produced by combining
existing features. This can expand the number of input features and will help to have a more
powerful classifier.
3. Creating new features by gathering new data: Although, as explained before, in some cases,
collecting new data is time-consuming and expensive, but if it is possible, it can help to
create more input features for the classifier.
On the other hand, there are many traps that the classifier may fall into, such as overfitting the
training data or underfitting it. Overfitting in machine learning refers to the lack of further
applicability of the model even though it is performing well on the training data. When the training
set is noisy or too small, some complex models are likely to detect patterns in the noise in addition
to the patterns in the actual data. This can be solved by selecting a fewer number of parameters,
collecting more training data set, or spending some time to reduce the noise in the training dataset
[48]. Underfitting is the opposite of overfitting, which happens when the model is too simple to
learn the data structure and determine the pattern between the input features. This problem can be
solved by empowering the model by having more parameters, selecting better features for the
algorithm, or reducing the constraints on the model [48].
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As explained, preprocessing the data is a critical step to filter the training data from errors and
outliners, but this process may result in missing some of the data [73], which is an important
challenge for machine learning algorithms [80]. There are different solutions for this problem but
by replacing the missing values, the original dataset is affected. In [81]–[84], some practical
solutions are explained for this challenge. Even though there are further issues with machine
learning, they exceed the scope of this research.

2.5.4

Feature Scaling

There is an essential need for scaling the input features as most of the algorithms cannot perform
well when the input features have a different scale. There are different methods for dealing with
this issue; however, the two most common methods are Min-Max Scaling and Standardization
[48].
Min-Max Scaling is the most common feature scaling way that rescales values to 0 to 1. It is the
ratio of the difference between the parameter (X) and the smallest feature (Xmin), over the range of
the data set (Xmax – Xmin) as shown in the following equation [48], [85]:

𝑋𝑛𝑜𝑟𝑚 =

𝑋 − 𝑋𝑚𝑖𝑛
𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

Standardization is also used in different applications. It subtracts the mean value from the data
point and then divides it by the standard deviation. Therefore, the resulting distribution has a unit
variance. The standardization scaling does not scale the data to a specific range, unlike the MinMax Scaling. The equation for standardization is provided below [48], [86]:
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𝑋𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 =

𝑋 − 𝑋̅
𝑆

Where, 𝑋̅ is the mean of all the data points, 𝑆 is the standard deviation of all the datapoints, 𝑋 is
the original datapoint that 𝑋𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 will represent in the new dataset.

2.5.5

Model Tunning

Each machine learning algorithm has parameters that cannot be calculated from the data, and they
are external to the model. These parameters are called hyperparameters [87]. There is a need to
choose the best hyperparameters values for optimizing the prediction result of the algorithms. One
way is to iterate them manually until the best combination is found, but it is time-consuming [48],
[88]. Grid search and Randomized search are two procedures undertaken to choose the best
values for the hyperparameters. Grid search uses cross-validation to determine the best values of
selected hyperparameters to reach the optimized result of the model, but when the hyperparameter
search area is large, it is better to use a Randomized search. Randomized search can be used in
the same applications as Grid search, but it will evaluate a given number of random combinations
instead of all the possible combinations of hyperparameters [48], [88], [89]. Based on the
application, using each of these procedures will help to improve the prediction of the algorithm.

2.5.6

Test and Train set selection

Testing is one of the most important steps in developing a machine learning model since it provides
the information on how well a model is performing and being generalized to new cases [90], [91].
For this, there should be a train set on which the model will be trained and a test set on which the
model will be tested. Choosing a test set can be done in different ways [48]. There are various ways
29

of dividing the collected data into a test set and train set; however, cross-validation provides an
appropriate means of selecting the best test/train approach and understanding the consistency in
the performance of the model [48], [65], [92]. This will either randomly or methodically divide the
collected data into a specific number of groups and perform the analysis on all except one group
(set aside for testing). Using this evaluation based on these subsampling makes the algorithm be
trained on several training sets. The final performance of the model can be studied by the average
and standard deviation of the performances [91], [93].

2.5.7

Algorithm Validation

Some metrics should be chosen based on the defined problem to evaluate the algorithm's
performance. Here, for both classification and regression, the metrics will be discussed which are
used for validation in this work.

2.5.7.1

Classification Validation

Imaging a binary classification task where each example 𝒙𝒊 ∈ ℝ𝑛 and its corresponding true value
𝒚𝒊 ∈ {0,1}, where 0 and 1 denote negative and positive examples, respectively. A classifier f
predicts the class of example 𝒙𝒊 such that 𝑓(𝑥𝑖 ) ∈ {0,1}. The resulting prediction for each example
can be categorized into four groups as shown in Figure 7: True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN) [48].
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Figure 7: Confusion matrix with four categories of prediction. The green squares indicate
the correct predictions, and the orange squares show the wrong predictions.

The first and most popular validating metric is called Accuracy, which is defined as the overall
proportion of true predictions with respect to the entire dataset. Accuracy is the most common
metric in classification, which is calculated as per the following equation [48], [94], [95]:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑁 + 𝐹𝑃

Recall (sensitivity or true-positive-rate (TPR)) is the proportion of the positive examples that are
correctly predicted to be positive [48], [94], [95]:
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𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

Specificity is the proportion of the negative examples that are correctly predicted to be negative
[48], [94], [95]:
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

Precision is the proportion of the true positives with respect to all the examples that the classifiers
predicted as positive [48], [94], [95]:
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

F1 measure is the harmonic mean of precision and recall [48], [94], [95]:

𝐹1 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ×

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

These are the metrics that are used to measure the performance of the algorithm for classification.

2.5.7.2

Regression Validation

Regression has its own evaluation metrics, which will be discussed further. The first popular
evaluation metric used in this research is the Max Error function which computes the worst error
between the predicted and true value. Here is the Max Error function:
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𝑀𝑎𝑥 𝐸𝑟𝑟𝑜𝑟(𝑦, 𝑦̂) = max (|𝑦𝑖 − 𝑦̂𝑖 |)

Where, 𝑦𝑖 is the true value of the 𝑖𝑡ℎ sample and the 𝑦̂𝑖 is the predicted one.

Mean Absolute Error (MAE) is another evaluation metric which computes the mean absolute error
between the predicted and true value [96] as described in the function below:

𝑀𝐴𝐸(𝑦, 𝑦̂) =

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 −1

1
𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

|𝑦𝑖 − 𝑦̂𝑖 |

∑
𝑖=0

Similar to the previous function, 𝑦𝑖 is the true value of the 𝑖𝑡ℎ sample and the 𝑦̂𝑖 is the predicted
one, and 𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 is the number of samples which the MAE is estimated from.

The Mean Squared Error (MSE) function is a risk metric of the expected value of squared error
[96]. The function below illustrates its computation:

𝑀𝑆𝐸(𝑦, 𝑦̂) =

1
𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 −1

∑

(𝑦𝑖 − 𝑦̂𝑖 )2

𝑖=0

Lastly, one of the most important regression evaluation metrics is 𝑅 2 which computes the
coefficient of determination. It is an indication of the fitting performance. The best possible score
for 𝑅 2 is 1 but it cannot be compared between different data sets [96]. Here is the 𝑅 2 function:
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∑𝑛𝑖=1(𝑦𝑖 − 𝑦̂𝑖 )2
𝑅 (𝑦, 𝑦̂) = 1 − 𝑛
∑𝑖=1(𝑦𝑖 − 𝑦̅)2
2

1

where 𝑦̅ = 𝑛 ∑𝑛𝑖=1 𝑦𝑖 and ∑𝑛𝑖=1(𝑦𝑖 − 𝑦̂𝑖 )2 = ∑𝑛𝑖=1 ∈2𝑖 .

2.5.8

Error Analysis of Machine Learning Model

Another way of improving a model is to analyze different types of errors made by the model. Using
a confusion matrix can be helpful where the rows are representing the actual values and columns
are representing the predicted values. The color of the matrix cells will show the error rates. These
will help to understand where the errors occur most and then try to decrease them [48], [97].

2.5.9

ROC Curve

One of the ways of comparing different models is using the Receiver Operating Characteristic
(ROC) Curve. The ROC Curve plots the true positive rate (or as discussed previously, recall)
versus the false positive rate, which is the ratio of negative values incorrectly classified as positive.
Plotting ROC Curves for all the models allows comparing the models and choosing the most
efficient one.
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Figure 8: A sample ROC Curve along with the associated optimal classifier

As shown in Figure 8, the optimal classifier is the one whose True Positive Rate is equal to one,
and its False Positive Rate is equal to zero. Any of the models’ curve which is closer to that point
(Point B) is predicting better than the others and have fewer errors [48], [98], [99]. The purple line
is representing the curve for a baseline (or dummy) classifier which randomly assigns an output
to the inputs. A poor classifier is closer to the purple line since it has a larger False Positive Rate
and a less True Positive Rate [99], [100].

2.5.10 PR Curve
Knowing the trade-off between Precision and Recall can be helpful for most of the applications
which require choosing a threshold. Plotting Precision over Recall can help to determine the
threshold. By looking at the plot, the best threshold can be chosen by observing the rate of the
change of the slope [48], [101].
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Figure 9: A sample PR-Curve along with a point that was chosen as the threshold based on the application

The example from Figure 9 indicates that the line trend is decreasing sharply from Precision=0.8.
Therefore, the best choice for threshold is the one before the point.

2.5.11 Steps to follow for Machine Learning
For every Machine Learning project, there are some steps which should be taken. The first step is
to understand the problem and look at it from a broader scope. The objectives of the problem should
be defined and how the performance should be measured. The second step is listing the required
data. Then the data should be collected and explored to find out the characteristics of the data,
remove the noises, and develop appropriate filters. Then, the data should be visualized, and the
correlation between attributions should be determined. The next step is preparing the data, which
involves filtering the data, feature selection, feature engineering, and feature scaling. Now that the
data is neat, it is time to run different classifiers and see which one is more efficient and effective
for the project objectives. In this step, there is a need to use cross-validation and analyze the most
important variables for each algorithm while trying to reduce the errors. The model's
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hyperparameters should be tuned to improve the model and reduce errors. Once all these steps are
taken, and the model is improved, the performance of the final model should be measured and
utilized as the final solution for the project [49]. Figure 10 shows a block diagram of the steps
which are needed to be taken for machine learning projects:

Defining the Problem

Data Preprocessing

•Objectives
•Performance Goals

•Data Collection
•Data Analysis

Model Tuning

Finalizing Data Set

•Grid Search
•Cross-Validation

•Feature Selection
•Feature Engineering
•Feature Scaling
•Labelling

Model Selection
based on
Performance Goals

Figure 10: Steps in developing a Machine Learning project from the beginning to the end.
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Chapter 3: Experimental and Primary Trial

Experimental and Primary Trial

3.1 Introduction
Stroke rehabilitation seeks to restore motor control to patients in order to increase their
independence when they leave the hospital. This is typically carried out by physio- and
occupational therapists manually manipulating the patient’s limbs through a series of exercises
without knowing the muscle’s activity. Duration of exercise is an important parameter in the
recovery process, which is based on the feeling of the patient. However, it is not clear if the patient
muscles are tired, or it is the feeling of being bored.
Rehabilitation robots can be used as tools by therapists to provide more exercise at a higher
intensity, which has been linked to more significant clinical outcomes, and by using an EMG
sensor, there would be useful data for researchers and therapists to monitor the patient’s progress
while recording their muscle activity. The original research focused on utilizing an EMG system
to monitor the lower limb muscle activity to recognize the muscle fatigue while the patient was
using ViGRR-Lite. In addition to using the EMG system, the virtual game was going to be used to
reduce the probability of boredom in the patient. Consequently, the level of tiredness of the
participants was going to be considered by frequently asking them during the experiment.
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During the COVID-19 quarantine and physical distancing period, experiments with human-tohuman physical contact had been avoided. However, we performed a modified set of experiments
that were done remotely without compromising safety. This enabled the collection of basic data
needed to continue the research until restrictions are lifted. The robotic system was replaced with
a gaming activity that tracks the participant as they perform squats. This motion was selected since
squats are an appropriate sample of sit-to-stand motion, and it is a suitable exercise to induce
fatigue in the muscles of healthy subjects to simulate the endurance of stroke patients while using
the ViGRR-Lite robot. For this, we had developed a vision-based body motion system that is very
lightweight and easy to set up, which is explained further in Section 3.2.
Two different experiments were conducted in this research:
1. Experimental Trial: The goals of this phase of the experiment were (i) to develop a set of
analysis methods for determining muscle fatigue, (ii) to select the appropriate muscles for
the primary trials, and any potential clinical trial in the future.
2. Primary Trial: The goals of the second phase of the experiment were, (i) to validate a
procedure for future clinical studies by examining the procedure on ten participants, (ii)to
recognize the muscle fatigue using the developed analysis method in the experimental trial
phase, (iii) to prepare the data for further use in machine learning.
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• Robot Replacement
• Exergame
Development
• Experiment Design

Experiment
Development

• Analysis Method
Development
• Muscle Selection

Experimental
Trials

• Procedure Validation
• Data Collection and
Fatigue Detection
• Machine Learning
Data Preparation

Primary Trials

• Slope Analysis
• Analysis Method
Comparison
• Gender Comparison

Muscle
Fatigue
Recognition

ML Data
Preprocessing
(Chapter 4)

Figure 11: Summary of different phases of research

40

3.2 Overall Setup
Figure 12 represents the overall setup of the experiment and each part will be explain individually.

Game

EMG Main
Amplifier

Camera
Alcohol pads
and doublesided tape

Input
Module

DAQ

Markers

Fitbit HR
EMG
Sensors
EMG sensor
adhesive tape

Ground sensor
adhesive tape

Figure 12: Overall experiment setup used in this research
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3.2.1

Surface EMG Sensing Equipment

A Delsys Bangoli Surface EMG acquisition system was used for this experiment. Delsys is a
reputable and well-known brand in the industry for producing equipment with exceptional quality
and safety. Additionally, they are easy to use, considering no conductive gel is required, as they
have dry sensing electrodes. In Figure 13, two different set-ups used in this experiment are
represented: an 8-channel EMG sensor for the experimental trial and a 4-channel EMG sensor for
the primary trial. The system uses skin-safe double-sided tape to adhere the electrodes to the skin
surface. An image of the system can be seen below:

(A)
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(B)
B)

Figure 13: Delsys EMG Sensors, A: 8-Channel and B: 4-Channel on the right [102]

In Figure 14, different parts of the system are numbered: 1) Sensor 2) Main Amplifier, 3) Input
Modules, 4) Input Module Cable, 5) Inter-Module Cable, 6) International Power Supply.
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Figure 14-EMG Sensor System[102]

3.2.2

Fitbit Inspire HR

For added safety of the participants, the Fitbit Inspire HR is utilized to monitor their heart rate and
ensure the maximum advisable heart rate is not reached. The maximum heart rate is calculated for
each participant by subtracting the participant age from 220 as per [103]. Furthermore, the desired
heart rate zone is also calculated- the level at which heart is being exercised and conditioned but
not overworked. The American Heart Association recommends a target heart rate of 50% to about
70% of the maximum heart rate for moderate exercise. The participants will be asked to pause the
experiment to get back to the resting rate if they exceed the target heart rate range. This device has
been designed with a three axes accelerometer to track the heart rate during different activities and
uses a real-time heart rate tracker with 1 Hz sampling rate that is connected to an application on
mobile devices [104].
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Figure 15: The Fitbit Inspire HR that was utilized for monitoring participant heartrates

3.2.3

National Instruments USB-6216 Data Acquisition Box

A National Instruments USB-6216 Data Acquisition Box is used in the experiment. They are USBbased measurement and automation devices which provide analog inputs/outputs, digital
inputs/outputs, and more [105]. All computer-based systems that acquire readings from various
sensors/transducers, and control multiple outputs/actuators, require a data acquisition to go
between the computer and the various inputs and outputs. USB-6216 Data Acquisition Box is a
16-bit analog-to-digital converter which has been used to sample signal at 1000 Hz in this research.
Channels 1 to 8 was utilized for the experimental trial, whereas channels 1 to 4 were utilized for
primary trial. A custom-coded interface is used to store the data on computer during the
experiment.
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Figure 16: National Instruments USB-6216 Data Acquisition

3.2.4

AUSDOM AW615 Webcam

The webcam has been used to track the ankle and hip positions of the participants throughout the
exercise. It uses a simple USB connection with the computer. Video has not been saved or used
for further analysis; only the tracking data were stored.

Figure 17: AUSDOM Webcam
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3.2.5

Markers

Two markers were used for tracking the movement of participants. As shown on Figure 18, the
green marker is placed on the participant’s upper thigh and the blue marker was placed on the
ankle. These two markers and the camera tracked the squats during the experiment. The lighting
was adjusted in a way that the motion of the participant induces any shadow over the markers.

Figure 18: Markers used in the experiment for recording the squat motion which is also required for
interacting with the exergame
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3.3 Game Set-up
For this experiment, an exergame was designed to prompt the squat motion at a predetermined
pace. The virtual character in the game replicates the participant’s motion based on the data
acquired from the markers and the camera. Figure 19 represents the game environment where the
participant must perform the squat motion based on a trajectory that collects the most coins and
prevent the obstacles:

Figure 19: The exergame environment where the virtual character replicates the motion of the participant
with the goal of collecting the most coins without hitting the obstacles.

The coins are representing the desired trajectory for squatting and by going through the coins, the
player will collect points (each coin will have one point). Obstacles move towards the character in
the game. They should be avoided by doing squats and passing them from the underneath; failure
to do so deducts five points. During the game, the score is shown on the screen along with the start
and stop buttons. Whenever the participant does not feel good and wants to stop the game, or the
heart rate is over the safe region, the researchers would stop the game.
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Figure 20: Game environment with a notification for the collection of perceived fatigue level

Every 30 seconds, “RATE FATIGUE 1-10” appears on the screen as it is shown in Figure 20. It is
the time that the researcher will ask the subjective muscle fatigue level which in this work is called
Perceived Fatigue. The ratings are added to the form designated for collecting the perceived fatigue
from each participant. The form is attached to the Appendix Section A.

3.4 Ethics Approval
Any research involving human interactions requires an ethical approval from Carleton university.
The Carleton University’s Research Ethics Boards (CUREB-B) for engineering research
experiments approved this research titled “Design and implementation of a Haptic Gait
Rehabilitation robotic platform” with an approval number: 10090 11-1631.
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3.5 Email Invitation
After acquiring the ethical approval from Carleton University, an invitation email was sent which
is attached to Appendix B.

3.6 Questionnaires
The experiment consists of two different questionnaires which has been filled up by the participants
before and after the experiment.

3.6.1

Pre-Questionnaire

A pre-experiment questionnaire was designed to ensure the participants did not have any health
issue or did any moderate exercise in the month prior to the experiment to be sure that they would
not have any issues or potential injuries during the experiment. It is attached to Appendix C.1.

3.6.2

Post-Questionnaire

When the experiment is done, each participant was asked to fill up a post-experiment questionnaire
which consists of some questions about the experiment, the game, how fatigued they feel in their
thigh and shank area, and which one got tired first so that make them to stop the game. The
questionnaire is attached to Appendix C.2. This information can be helpful for further discussion
and future experiments.
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3.7 Pre-Experiment Procedure
After ensuring all the safety protocols regarding the prequestionnaire are followed, the participants
are asked to sign a consent form (attached to Appendix D). The participants were advised against
strenuous leg workouts on the day of the experiment. They are also advised to wear a comfortable
short for squats which is neither green nor blue as it will interfere with the tracking system. After
explaining the experiment, a video has been shown to the participant to make sure that they know
the right way of doing squats [106]. Some leg measurements from hip to ankle and knee to ankle
was performed on each participant.

3.8 Test Procedure
The procedure of doing the test with participants have different steps which will be discussed
below:

3.8.1

Attaching EMG Sensors

First step of doing the experiment is attaching the EMG sensors to measure the muscle activities
during the experiment. For both the experimental and primary trails, a document was prepared
containing appropriate electrode placements on the muscles and methods to find these locations.
This information was collected from SENIAM (Surface Electromyography for the Non-Invasive
Assessment of Muscles) project [107]. All the electrodes should be attached to the muscles of the
same leg as shown in Figure 21. Skin preparation for EMG electrode attachment involved shaving
any hair and cleaning with an alcohol wipe. The ground sensor was placed on the knee bone. EMG
electrodes are not active, and they operate with a ±5V DC power supply, hence there is no risk of
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shocks during these experiments. There is a minor risk of discomfort or skin irritation when sticky
tapes are taken off from the skin at the end of the experiment.

Figure 21: 4-channel surface EMG sensors attachment in the experimental trial for front and back of the leg

3.8.2

Tracker Set Up

As discussed in 3.3, there is a need of tracking the participant movement to play the exergame. The
second step in the procedure is setting up the tracker. The markers should be attached to the leg
that does not have the EMG sensors, and the webcam should be placed in front of them
approximately at knee level as it is shown in Figure 22.

52

Figure 22: Camera placement with respect to the participant and the markers. Camera is facing the markers.

The green marker should be placed on the upper thigh and the blue marker should be attached to
the ankle as shown in Figure 18 and Figure 22. For better performance of the camera, there is a
need to ensure the camera is not pointing at any bright light sources (e.g. window). Therefore,
closed curtains with indoor lighting is used to ensure that the camera can fully detect the markers
and reduce the risk of detecting non-desirable spots. The detection of the markers must be tested
prior to running the exergame. Any object mistaken as the markers should be removed or hidden
to not distract the tracking process.

3.8.3

Heartbeat Monitoring

The maximum allowable and the average heartbeat rates were calculated for each participant as
explained in 3.2.2 and can be found in Table 1. The heartbeat monitoring was done using the Fitbit
app on the mobile.
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3.8.4

Game explanation and scaling the tracker

The last step before starting the experiment is presenting the game environment to the participant
and explain how to play the game and ensue, they know exactly how they should play the
exergame. Also, participants should have enough space to do the squats. Before starting the
experiment, there is a need to calibrate the tracker by prompting the participant to perform one
squat to record the position of their full squat and full stand.

3.8.5

Perceived Fatigue

After doing all the discussed steps and preparations, the experiment was started. Every 30 seconds
the researcher asked the participant to rank their level of tiredness form 1-10 (10 being the most
tired) as discussed in 3.3 (The template of the form is available in Appendix A). The experiment
was continued until the participant got tired and did not want to continue with more squats.

3.9 Experimental Trial
3.9.1

Introduction

Two goals were set for the experimental trials:
1. Develop the data analysis methods to detect muscle fatigue.
2. Determine the muscles that are appropriate for fatigue detection by observing the variations
in the EMG data that represent muscle activity.
Based on the studies reviewed in literature review, it is expected to find a decreasing slope in MNF
and MDF of the EMG signals collected from muscles as they become fatigued. The test procedure
as discussed in Section 3.8 was conducted on eight participants to achieve these goals. All EMG
data, game data, and the perceived data were collected to develop an appropriate post-processing
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method for the experiment. For the preliminary investigation, the 8-channel EMG system was used
to collect data from 8 different muscles in the thigh and the shank. Note that this research aims to
develop a tool which can be used with rehabilitation robots by physiotherapists. It is important to
find the minimal set of required EMG channels for fatigue detection in order to prevent time
consuming preparation, and measurement for the attachment of the sensors at each session.

Goals

Data Collection

•Analysis method
Development
•Muscle Selection

•EMG Data
•Game Data
•Perceived Fatigue Data

Method Analysis
Development

Data Processing

•Discrete Window Analysis
•Moving Window Analysis
•Phasing Analysis

•MNF
•MDF
•Slope Analysis

Muscle Selection
•Bicep Femoris
•Rectus Femoris
•Tibialis Anterior
•Gastrocnemius Medialis

Figure 23: Summary of the experimental trial using 8 muscles
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3.9.2

Method

Eight muscles from the lower limb (the shank and thigh) were selected for collecting data: Tibialis
Anterior (TA), Gastrocnemius Lateralis (GL), Gastrocnemius Medialis (GM), Soleus from the
shank, and Biceps Femoris (BF), Semitendinosus, Quadriceps Femoris (Vastus Medialis),
Quadriceps Femoris (Vastus Lateralis) from the thigh which their locations are shown in Figure
24.

Figure 24: Schematic of lower limb muscles used in the preliminary analysis (labels are added to the base
image from [108])

After the test preparations and procedure were done and the data were collected from the
participants, there is a need to process the data since the EMG data has a lot of noise and needed
to be filtered as discussed in Section 2.3. The EMG signals recorded from the muscles was filtered
by applying a bandpass filter with a range of 20 Hz to 400 Hz which were implemented by
Butterworth’s filter in MATLAB. The sampling frequency of 1000Hz was used to have a Nyquist
rate of 500 Hz. Moreover, the 60 Hz noise from the powerline was also removed using a band stop
filter with a cutoff frequency of 58 to 62 Hz, 118 to 122 Hz, and 178 to 182 Hz. After applying the
filters, the signal was rectified by taking the absolute value and subtracting it from the mean of the
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filtered EMG data. An envelope of the EMG signal was created using the RMS function as defined
below:
1
𝑅𝑀𝑆 = √ ∑ 𝑥𝑖2
𝑛
𝑖

Where, 𝑅𝑀𝑆 is root mean value, n is the population of the data points, 𝑥𝑖 is the sample data value,
and i represents the sample data index. The scheme for selecting origin and end of each envelope
was chosen based on the type of the analysis. Once the envelope was obtained, MDF (Median
Power Frequency), and MNF (Mean Power Frequency) of the data were determined since they are
important parameters in recognizing fatigue as discussed in Section 2.4.
MNF and MDF slope is used for recognizing the muscle fatigue of participants based on the
literature in fatigue recognition. Three different types of analysis were developed in this step to
determine the most appropriate method for fatigue recognition.
Note that EMG signal normalization is a reliable basis for observing the activity of a muscle in
different days or comparing muscle activity in different individuals [109], [110]. In this work,
observing the muscle activity trend during the experiment is of more importance, therefore, EMG
normalization has been omitted. Moreover, collecting data with EMG sensors may include
different types of noises. Cable motion artifacts and movement artifacts are one of the noises which
are considered in some of the studies that used sEMG sensors [111]. With the use of modern
electronic technologies, companies like Delsys have almost eliminated cable motion artifacts.
Furthermore, movement artifacts are generated when muscle moves underneath the skin, or when
a force impulse travels through the muscle causing the skin to move. This noise can be mostly
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filtered out with a high-pass filter of 20 Hz which may remove some muscle activity data. This has
not been studied in this research.
3.9.2.1

Discrete Window Analysis

The average time of doing one squat for a healthy subject is about three seconds and the EMG
system records one thousand data in one second. Furthermore, reliable data analysis on each EMG
data envelope requires enough data. As a result, different window length sizes were examined to
realize the suitable length for our analysis based on the muscle activity trends provided in the
literature. In this method, the data was divided into discrete windows with the length of nine
seconds (equivalent of three squats). For each window (interchangeably referred to as bin), the
MNF and MDF is calculated and represented as a single data for the window. A window length of
9 seconds includes enough data to have consistent MNF and MDF trends, however, there will be
no sudden jumps in the values for individual bins.

The overall analysis for the discrete windows analysis was developed and resulted in Figure 25
and Figure 26 as examples. Each blue dot represents the MNF or MDF of the corresponding muscle
for each bin. The red line was fitted through the entire data indicating the change in the muscle
activity as the time passed. Furthermore, the perceived fatigue data was added to the graphs for
comparison between muscle activity and perceived fatigue. The original perceived fatigue data (1
to 10, least to most tired) was reverted and scaled to a 10 to 0 scheme where 10 is the least tired
condition.
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Figure 25: Graph of the MNF discrete window analysis of 9 seconds in experimental trial for Tibialis Anterior
muscle in participant 5
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Figure 26: Graph of the MDF discrete window analysis of 9 seconds in experimental trial for the Bicep
Femoris muscle in participant 5

Figure 25 is an appropriate illustration of the fatigue detection using the muscle activity data. The
blue dots in the first 30 bins indicate a relatively linear behavior, and a similar trend is also seen
for the last 25 bins. However, there is a downward trend from the 30th to the 50th bins. In addition
to the negative slope of the fitted line through the data, the overall value of the MNF is decreasing
which indicates muscle fatigue. The perceived fatigue data passes the half-way point between the
30th and the 50th bins; this is yet another confirmation that the MNF and MDF values can help in
determining muscle fatigue.
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3.9.2.2

Continuous Window Analysis

In addition to the expected slope decrease in the discrete analysis of MDF and MNF, observing the
muscle activity information in relation to the previous squats can be useful. Therefore, this method
is developed to observe the muscle activity data in relation with the previous squats. In this method,
two parameters are defined as the step size and the moving window size. MNF and MDF analysis
were done based on the step size, however, the start points for the corresponding bin changes based
on the moving window size. In other words, the start points for the data used in each bin is
identified by the moving window size, and the amount of the data used for each bin is based on the
step size. Figure 27 represents an illustration of the continuous window analysis using a bin size
of 9 s and a moving window size of 2 s. The first 8 bins for this analysis are shown where the red
area indicates the interval at which the MNF and MDF values of the EMG signal would be
calculated.
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Figure 27: Visualization of the moving window method based on step size of 9 s and moving window size of 2 s

After further trial and errors, the nine seconds step size and the moving window length of two
seconds (as shown in Figure 28 and Figure 29) performed well. Similar to the discrete window
analysis, the 9 s bin size provided enough data for achieving a consistent trend with small variations
in the calculated value. The 2 s moving window was selected strategically to have a low number
of consecutive squat sets (the interval covers consecutive squats and no overlap with other squats,
similar to 1st, 4th, and 7th bin in Figure 27) while getting a large number of bins that help with
observing the muscle fatigue. In this case, each squat data is calculated in more than one discrete
window and most calculations considered some part of the previous squats.
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Figure 28: Graph of the MNF continuous window analysis (step=9s, Moving Window=2s) in experimental
trial for Vastus Medialis muscle in participant 1
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Figure 29: Graph of the MNF continuous window analysis (step=9s, Moving Window=2s) in experimental
trial for Bicep Femoris muscle in participant 3

3.9.2.3

Phasing Analysis

Squat motion can be divided into four phases based on the joints motion:
1) Full stand
2) Moving down from full stand towards full squat (Sitting down)
3) Full squat
4) Moving up from full squat towards full stand (Standing up)

A
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A

D
B

C

Figure 30: A: Full Stand Position, B: Full Stand to Full squat, C: Full squat to Full Stand, D: Full stand
position [112]

During the squat, different muscles are utilized in the motion. In each of the moving phases, some
muscles are more active than the others resulting in a faster inception of fatigue for those muscles.
Furthermore, after the experiment, participants claim that they felt differently during each of the
phases. For example, one of the claims was that the pressure in the muscles made it most difficult
to perform the third phase (moving up from full squat to full stand) which implied the muscles in
charge of this motion were fatigued earlier. Therefore, the phasing method was developed to detect
muscle fatigue in different phases of the squat.
The game data including the tracking information provided an opportunity to find the participant
relative position at any point in the experiment which can be aligned with the EMG data. A
complete squat has a relative position between 0 (full squat) and 1 (full stand) which may be a
little off due to the participant lack of engagement during calibration compared to the dynamic
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scenario during the exergame. Furthermore, as the time passed and participant became more tired
while being excited to play the exergame, the full squats were shortened as their squat position did
not show the exact range of 0 to 1.

Position data as a function of time was utilized in order to determine the phases of the squats and
align the EMG data. Peaks and valleys represent the full stand and full squat respectively, therefore,
there is a need to find each peak and each valley. The built-in MATLAB function for finding the
peaks was utilized to find the peaks in the data with appropriate thresholds. The valleys were also
identified with the same method on the inverted data. Figure 31 illustrates the results associated
with detecting the full squat and standing up phases for participant 1. Figure 32 is the enlarged
graph of the interval 125s to 160s on Figure 31. As mentioned previously, the position of a
participant is recorded from 0 to 1 (full squat to full stand) based on the calibration data. The blue
line in Figure 31 and Figure 32 is the position profile during the experiment, and the green lines
indicate the beginning of full squat to the beginning of full stand phase in each squat. In this
research, all the phases and their respective combinations have been examined, and the interval
that starts from the beginning of full squat phase and ends at the beginning of the full stand phase
provided the best result for muscle fatigue detection (aligned with the participants comments).
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Figure 31: Detection of peaks and valleys of the position data for participant 1 in order to identify the full
squat and standing up phases.

Figure 32: Peaks and valleys of the position data from 125s to 160s for participant 1

Associated times for the beginning and end of each phase were determined from game data, and
they can be synchronized with the EMG data timestamps for the calculation of the MNF and MDF
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for any phases. Therefore, by using this method moving down motion and moving up motion data
is used in the process of detecting fatigue separately.
Similar to the previous methods, the MNF and MDF of the data were calculated and a line was
fitted to the data. Figure 33 and Figure 34 represent examples of the phasing analysis for the
combination of the full squat and standing up phases where each of the blue dots represent the
associated analysis for a single squat.

Figure 33: Graph of the MDF phasing analysis in experimental trial for the Gastrocnemius Lateralis muscle
in participant 1
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Figure 34: Graph of the MNF phasing analysis in experimental trial for the Tibialis Anterior muscle in
participant 1

3.9.3

Muscle selection

As explained in Section 3.9.1, the goal of the experimental trial was to first develop methods which
assist in detecting fatigue in muscles and second, to determine which muscles are more active
(reach fatigue sooner) and the appropriate method for analysis. A 4-channel EMG system, as
compared to a 8-channel system, is desirable to be used along with a rehabilitation robot during
physiotherapy sessions due to the following reasons:
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1. The 4-channel system needs lower time for setting up the EMG sensors and preparing
patients since it has lower number of electrodes which require attachment and measurement
for accurate data collection.
2. When sensors are in proximity, the muscle activity data associated to one muscle may be
picked up by a sensor which was not intended for that muscle. Therefore, limiting the
number of electrodes which would be used in an experiment is preferable.
3. For collecting the muscle data precisely, there is a need to place the electrodes on an exact
location over the muscle. Finding the exact position needs plenty of measurements
rendering it time-consuming and prone to error. In addition, some muscles are not easily
accessible and finding the desired positions for placing the electrodes may be difficult.
Therefore, selection of more accessible muscles is preferable.
Due to the above reasons, only four muscles were selected for the primary trial.
The squat motion is used for simulating the sit-to-stand motion where the most active muscles are
those that are responsible for knee flexion. Experimental trial resulted in selection of Tibialis
Anterior (TA – Muscle 4), Gastrocnemius Medialis (GM – Muscle 3), which are the bigger
muscles and more accessible from the back and front of the shank for the primary trial.
Furthermore, Biceps Femoris (BF – Muscle 2), Quadriceps Femoris (Vastus Medialis), and
Quadriceps Femoris (Vastus Lateralis) from the thigh muscles provided acceptable results.
However, instead of the Vastus Medialis and Vastus Lateralis, Rectus Femoris (RF – Muscle 1)
was selected since it is part of the same muscle group (Figure 35), and the participants reported
most pain during the standup phase from the vicinity of this muscle.
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Figure 35: Vastus Lateralis, Vastus Medialis and Rectus Femoris muscle placement. Vastus intermedius is
beneath the Rectus Femoris muscle [113]

Selection of these four muscles provided the opportunity to observe the muscle fatigue in both the
thigh and the shank. Moreover, choosing muscles from both back and front of the shank and thigh
give the opportunity to have a more inclusive observation of muscles from the entire lower limb.
Monitoring these muscles could potentially show the order at which the muscles get tired.

3.10 Primary Trials
After completion of the experimental trials and finalizing the analysis method, the most appropriate
muscles were selected for the experiment that can be used to effectively study muscle fatigue. A
new set of experiments were conducted to achieve the following goals:
1. Validating that the selected muscles can be utilized for fatigue detection during an
exergame involving the squat motion while collecting EMG, game, and perceived fatigue
data.
2. Confirming the developed procedure to be effective (e.g. low noise), accessible (e.g. easy
to setup), and efficient (e.g. timely preparation) for this exergame in a clinical setting.
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3. Investigate the fatigue detection from the EMG data, and at the same time, prepare the data
for further analyses such as machine learning.
Figure 36 illustrates the overall block diagram for this part of the research, where the main data is
collected and analyzed to reach the objectives of the research. The utilization of the 4-channel
EMG system distinguished the experimental trials from the current primary trials.

Goals

Data Collection (10 Participants)

•Validation of the Selected Muscles
•Validation of the Procedure and
Anlaysis
•Data Collection for Machine Learning

•EMG Data (4-channel)
•Game Data
•Perceived Fatigue Data

Data Analysis
•Phasing Analysis
•Full squat to full stand
•Full stand to full squat
•Machine Learning (Chapter 4)

Data Processing
•MNF
•MDF
•Slope Analysis

Figure 36: Schematic of the goals and steps taken for the primary trials

Other than the lower number of muscles, the primary trials involved the same procedure as the
experimental trials. Before getting into the discussions and results associated with the primary
trials, some details regarding the participants should be provided.
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3.10.1 Participant Details
The sample population was composed of 10 healthy participants (aged 25 to 30, mean age of 26.9,
mean body mass of 70 kg, mean stature of 172.1 m, and mean body mass index of 23.38 kg/m2).
Table 1 provides the summary of the information about the participants who attended primary trial.
All the procedures and eligibility criteria were similar to the experimental trial, as explained from
Section 3.2 through 3.8.

Table 1: The information on the subjects who participated in the primary trial

Participant 1
Participant 2
Participant 3
Participant 4
Participant 5
Participant 6
Participant 7
Participant 8
Participant 9
Participant 10

Gender

Height
(cm)

Weight
(Kg)

Female
Female
Male
Female
Male
Male
Female
Male
Male
Female

164
162
178
168
183
185
160
174
170
176

63
54
73
65
85
82
50
82
77
61

Maximum
Allowable
BMI
Age Heart
2
(Kg/m )
Rate
(bpm)
23.4
194
26
20.6
192
28
23.0
193
27
23.0
190
30
25.4
193
27
24.0
193
27
19.5
195
25
27.1
193
27
26.6
194
26
19.7
194
26

Average
Heart
Rate5070%
(bpm)
97 - 135
96 - 134
96 - 135
95 - 133
96 - 135
96 - 135
97 - 136
96 - 135
97 - 135
97 - 135

3.10.2 Procedural Validation and Expandability
Furthermore, the procedure developed for the EMG and exergame can be adopted by
physiotherapists to recognize muscle fatigue with their patients. A sensor attachment guide has
been developed for the appropriate muscles in Appendix E. The duration for skin preparation,
measurements, and attachment of the electrodes was less than 5 minutes, indicating the improved
efficiency of using four electrodes. The wire for the electrodes did not interfere with the sensors
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during the squat motion. In addition to the ease of attachment, identifying the selected four muscles
was straightforward. The uncomplicated nature of the procedure provides the means for
expandability to a clinical setting.

3.10.3 EMG Data Analysis Results and Discussion
The phasing method provided means of analysis without considering the speed of each squat,
which allows analysis of the muscle activity at times that the muscle is in motion. For comparison’s
sake, some examples of the discrete and moving window analysis results will be provided for the
participants in the primary trials. However, the main focus will be on the phasing analysis as the
results are essential to Chapter 4.

Figure 37 through Figure 48 are the results based on three analysis methods. Note that only a
sample of the discrete window method and a sample of the moving window method have been
shown (Figure 37 and Figure 38, respectively) here. The remaining results are attached to for the
phasing method; however, all results can be found in this section as it is the basis for the next
chapter.

Analysis Methods Comparison
The main advantage of the moving window analysis over discrete window analysis is the larger
number of data points. The moving window analysis uses each squat data in multiple bins, unlike
the discrete window analysis, which considers each of the squats only in one bin. The larger
quantity of data points allows for better visualization of the data, which can be highlighted by
comparing Figure 37 and Figure 38. For example, the data for participant 10 in Figure 37 is not as
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clear as the same data in Figure 38 with the moving window analysis where it shows that the
participant has had some low muscle activity in the middle but slightly recovered afterward. Note
that both of these analysis methods show promising results for detecting fatigue considering the
slope of MNF and MDF of muscles, but the discrete window analysis shows a more scattered data
distribution.
The phasing method analysis for the same muscle (Figure 44) for participant 10 similarly shows
the dip in the middle; however, the data is much smoother than the discrete window analysis and
the moving window analysis and indicates a more clear distribution of the data even though it has
a fewer number of data point in comparison to moving window analysis. The phasing method only
considers the data at which the muscles are more active with respect to resting position while no
repeated data is used. The moving window analysis accounts for the entire length of squats where
it includes some resting times for muscles when the participant is in the standing up position.
Moreover, in the phasing analysis with all the phases considered in Figure 44 for participant 10,
muscle 4 of this participant does not show a positive slope in the line of the best fit. This is yet
another indication that the phasing analysis provides a more accurate representation of the muscle
activity compared to the discrete window analysis and the moving window analysis. The reporting
from participants regarding their upward motion provided considerable improvement to the results
and the development of the analysis method. Note that in the phasing data analysis in these
analyses, it is possible that the participants perform a squat faster or slower than the game, which
allows undesirable EMG data (related to the times that the participants find the motion difficult)
to be analyzed. The phasing method has been adopted as the main analysis method for this study
due to the abovementioned reasons.
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Figure 37: MNF of Tibialis Anterior Muscle (Muscle 4), Discrete Window Analysis (Step=9s, and x represents the bin number)
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Figure 38: MNF of Tibialis Anterior Muscle (Muscle 4), Moving Window Analysis (Step=9s, Moving Window=2s, and x represents the bin number)
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Gender and Muscle Activity
All participants exhibit an expected downward trend in their muscle activity in at least one of their
muscles. It is believed that the main reason is the unconscious change in the utilization of the
muscles by changing their motion, the center of gravity, or the speed of the exercise. Furthermore,
the downward trend in the MNF and MDF of the experiments is not correct in at least one of the
muscles in participants 3, 5, 6, 8, 9, and 10. The male gender is a common characteristic in these
participants except participant 10, who was a female. Even though there have been no studies to
confirm this point, not all muscles in the more muscular male anatomy become tired during
exercise. Further investigation into participant 10 indicates that her BMI is low and could
potentially mean an active participant. Figure 39 and Figure 40 represent the separated male and
female muscle activity graphs which indicates the male muscle activity does not follow the
expected decrease in all muscles.

Figure 39: MDF of Bicep Femoris Muscle for Male Participants (Phasing Method Analysis – from the
beginning of full squat to the beginning of full stand position- x represents the bin number)
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Figure 40: MDF of Bicep Femoris Muscle for Female Participants (Phasing Method Analysis – from the
beginning of full squat to the beginning of full stand position- x represents the bin number)

Phasing Approach Comparison
Two main phasing analysis approaches have been shown in Figure 41 through Figure 48: full squat
and standing up, full stand and sitting down. Both methods provided reliable data for individual
fatigue detection. It is realized that most of the female participants showed a downward trend in
their MNF (and MDF) analyses for both approaches. On the other hand, some male participants
show that their muscles rest during one of the phases. For example, in muscle 4, participant 6
shows a downward trend in the standing up phase (Figure 44); however, the trend in the sitting
down phase (Figure 48) is almost neutral. One can argue that participant 6 in Figure 48 is showing
signs of fatigue in the middle of the dataset, which is consistent with the observation (slight
recovery after the fatigue has begun) with participant 10, muscles 2, and 4, among others.
The current data set has provided a good set of observations; however, no conclusion can be drawn
due to the small set of datasets. This lack of data is evident since no trend can be detected for
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generalization. Table 2 represents the muscles Decreasing trends as desired, from the beginning of
full squat to the beginning of standing up phase and the beginning of full stand to full sitting down
phase. As it can be seen, both approaches are representing a good result, but the full squat to full
stand phase is showing more decreasing trends in participants' muscle activity.

Table 2: Comparing the activity muscles which shows a decreasing trend in both Full squat to Full stand
phase and Full stand to Full squat phase

Muscle Name

Full squat to Full stand

Full stand to Full squat

Rectus Femoris

1,2,4,5,6,7,10

1,2,4,5,7,8,10

Bicep Femoris

1,2,4,7,8,10

1,2,4,6,7,9

Gastrocnemius Medialis

1,2,4,7,8,10

1,2,4,7,9,10

Tibialis Anterior

1,2,4,5,6,7,9,10

1,2,3,5,7,9,10
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Figure 41: MNF of Rectus Femoris Muscle (Muscle 1), Phasing Method (from the beginning of full squat to the beginning of full stand position- x
represents the bin number)
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Figure 42: MNF of Bicep Femoris Muscle (Muscle 2), Phasing Method (from the beginning of full squat to the beginning of full stand position- x
represents the bin number)
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Figure 43: MNF of Gastrocnemius Medialis Muscle (Muscle 3), Phasing method (from the beginning of full squat to the beginning of full stand positionx represents the bin number)
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Figure 44: MNF of Tibialis Anterior Muscle (Muscle 4), Phasing Method (from the beginning of full squat to the beginning of full stand position- x
represents the bin number)
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Figure 45: MNF of Rectus Femoris Muscle (Muscle 1), phasing method (full standing to the beginning of full squat- x represents the bin number)
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Figure 46: MNF of Bicep Femoris (Muscle 2), Phasing Method (full standing to the beginning of full squat- x represents the bin number)
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Figure 47: MNF of Gastrocnemius Medialis Muscle (Muscle 3), Phasing Method (full standing to the beginning of full squat- x represents the bin
number)
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Figure 48: MNF of Tibialis Anterior Muscle (Muscle 4), Phasing Method (full standing to the beginning of full squat- x represents the bin number)
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3.10.4 Summary of major findings

•

A minimal adequate set of muscles were identified for EMG data collection in the
experimental trial: Rectus Femoris (RF) and Biceps Femoris (BF) on the thigh,
Gastrocnemius Medialis (GM) and Tibialis Anterior (TA) from the shank.

•

Among the developed analysis methods in the experimental trial, the phasing method was
a more reliable method. It allowed analyzing the muscle activity during different phases of
squat when the muscles are in motion and showed a smoother trend compared to other
analysis methods.

•

The expected downward trends were exhibited in at least one of the muscles of the
participants, but it was not reliable as it was not consistent in all muscles. This
inconsistency in results led the research to develop different machine learning algorithms
as well as the findings on the impact of participant information on physical fatigue.

•

The developed procedure in the experimental trial for preparing and testing participants
were examined during the primary trial. It was proved that this procedure can be expanded
to be used in clinical applications as long as all possible steps for preventing noisy EMG
data were taken.
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Chapter 4: Muscle Fatigue Predictions using Machine
Learning

Muscle Fatigue Predictions using Machine
Learning

4.1 Introduction
The main goal of this work is to prepare a tool which assists in recognizing muscle fatigue when
a stroke patient is using the rehabilitation robots. As discussed in Chapter 1, it is essential to
recognize muscle fatigue because (i) continuing exercise in fatigue conditions would harm the
patient, (ii) adjusting the exercise parameters could help in faster recovery, (iii) excessive fatigue
could unconsciously alter the target muscles that the patient utilizes for the exercise. For reaching
this goal, a method is needed which recognizes the fatigue (and potentially the fatigue level) in the
muscles that are targeted by the robot being efficient and easy to use in a way that it can be
employed for consecutive physiotherapy sessions. The analysis method of chapter 3 can help
recognize the start period of muscle fatigue in the patient after a physiotherapy session. However,
there were some issues that led us to use machine learning for the rest of the project:
1) The real-life applications, such as a robot-assisted physiotherapy session, require fatigue
detection as soon as the muscle is fatigued. Detection of fatigue onset is necessary for
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various stages of rehabilitation to prevent depreciating damages such as muscle
inflammation [114].
2) It is desirable to utilize muscle fatigue level while the patient undergoes robot-assisted
rehabilitation since appropriate assistive measures (e.g., changing the resistive force) can
be taken to elongate the exercise. No consistent trend for determining fatigue level from
the muscle activity data was found. The method developed in this study attempts to
estimate the immediate fatigue level during the therapy, which allows adjustment of the
rehabilitation parameters of the robots.
3) The results from Chapter 3 did not indicate a consistent trend among the muscle activity
levels for different muscles. A lack of negative slope in every muscle activity graph is not
necessarily an indication of muscle fatigue. Therefore, there is a need for a model which
provides a single conclusion considering all the muscle activity information.
4) As discussed in 3.10.3, participants gender affected their muscle activity and,
consequently, the fatigue level. This observation led to the belief that there are various
factors that may affect muscle fatigue. Different parameters are considered that seem to be
related to participants' mental and physical fatigue. The muscle activity, the participant
information, and the game data should be considered simultaneously for effective fatigue
detection.
Considering the above reasons, the versatility of machine learning allows for finding a unified
method that accounts for all the data at the same time. Machine learning has begun to appear in
the medical and engineering applications such as diagnosis and prediction [115]–[117]. Chan et
al. [117] developed a cardiac arrest detection model for smart devices using recordings from agonal
breathing samples (recorded from 9-1-1 calls). Furthermore, gestational diabetes during pregnancy
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has been successfully predicted using a machine learning model developed by researchers at the
Weizmann Institute of Science [115]. This chapter aims to develop a supervised machine learning
model that captures the patient information and the activity levels to detect the fatigue onset using
classification and perform fatigue level recognition by regression. Different supervised machine
learning algorithms were investigated to determine the best method for the purpose of this work.
The method section in this chapter contains the necessary procedures and associated information
that was utilized to develop both the classification and regression models. A thorough analysis of
the findings will be provided in the results and discussion section, along with appropriate
parameters for the final models.
For future experiments, the classifier and regressor with the best performance will be used in a
real-time experiment with new participants. For this purpose, there is a need to add an assistive
controller to the game which can change intensity of the exercise during the experiment. For both
algorithms the required input information would only be the participant information; the rest of
the features will be calculated as the experiment is run. The results of new real-time experiments
will show the benefits of fatigue prediction such as increasing the duration of the exercise.
Figure 49 represents the summary of the steps taken in this research to develop a suitable machine
learning model for the two objectives. The features were labeled based on the objectives.
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Figure 49: Summary of the steps taken for developing machine learning models for onset fatigue detection
and fatigue level detection

93

4.2 Method
Figure 50 represents the overall steps that were taken to prepare dataset and analyze them in
order to detect fatigue onset and quantify fatigue level. According to the Section 2.5.11, the
following steps are required for developing the machine learning model:
1. Defining objectives: Taking a broad look at the problem leads to defining the objectives
of the research. Here, fatigue onset detection and level of fatigue prediction are defined as
the research objectives.
2. Selecting input features: For the development of machine learning models, some
suitable input features should be selected as the algorithms utilize them in the learning
process. In this research, input features are selected from the preprocessed EMG data
(muscle activity), the game data, and the participants data.
3. Input feature preparation: Firstly, the selected input features need to be visualized as a
whole to ensure machine learning is appropriate by taking the following two steps: 1.
Inspecting the distribution of each feature and ensuring the data behaves expectedly 2.
Examining the correlation among the features to ensure no reliable relationship exists
among the features. Secondly, there is a need to ensure that all the features are numerical
(e.g., “Male” and “Female” should be replaced with numerical equivalent) and equally
contribute to the machine learning algorithms (e.g., a feature with a range of 0-100
skews the algorithms more compared to a feature with a range 0-1). Feature scaling and
encoding were performed in this work as gender is a selected input feature for our
models.
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4. Grid Search: Grid search is one of the most important steps which improves the
performance of machine learning models. During the training process, grid search
performs a sensitivity analysis on the parameters associated with the operation of the
models (also known as Hyperparameters) based on a specified metric.
5. Test/Train set Selection: After preparing input features and setting up the grid search, it
is necessary to select a suitable train and test set from the entire dataset to ensure the
calculated metrics represent the dataset. The scheme used for setting up the test/train set
can be repeated across the entire dataset to ensure a generalized model. This repetition is
also known as cross-validation. Two different selection was chosen to be used in this
work for both objectives: (i) 5-Fold cross-validation, (ii) Leave-one-participant-out crossvalidation, which will be explained further in Section 4.2.5.
6. Performance Measurement: After applying all these steps and running different
classifiers and regressors, the performance of the models should be measured and
compared to find out the best model for this research. The algorithm validation metrics
are discussed in 2.5.7.
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Figure 50: The block diagram of the stages taken for the development of classification and regression model
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4.2.1

Input Features

In this section, the list of input features selected from EMG data, game data, and perceived fatigue
data is provided, along with the necessary explanations. Thirty-eight features were selected to use
as input features for developing the machine learning models. The onset fatigue detection dataset
was labeled in a binary fashion, whereas the fatigue level detection was labeled numerically based
on the perceived fatigue data.
Bin
As explained in the chapter 3, each participant performs several squats while they are playing the
game. Individual squat signals and associated phases were recognized from the game data as it
provides the position data of participants doing squats, and then these data were synchronized with
EMG data to figure out each squat data as part of the preprocessing, which is explained in section
3.9.2.3. Input features were grouped into bins corresponding to a specified number of squats; the
phase and number of squats are selected based on the study at hand. Each set of squats are referred
to as a bin (e.g., a bin size 3 means the data for three squats at the duration of a phase under the
study will be used)
Bin Start
The bin start indicates the time stamp of the appropriate phase of the first squat in the bin. This
data was extracted from synchronizing the position data extracted from the game data and EMG
data, which is explained in 3.9.2.3.
Bin End
The Bin End feature shows the time at which the appropriate phase of the last squat is finished.
The reference time for both Bin Start and Bin End features is the start of the game.

97

Average MNF
As explained in Section 2.4, MNF is one of the most important features for detecting muscle
fatigue [39], [118]. This feature is the mean of the MNF values for all the appropriate phases in
the bin. All four muscles in this study have their respective features in the dataset: AvgMNFm1,
AvgMNFm2, AvgMNFm3, AvgMNFm4.
Average MDF
MDF is also one of the most important fatigue detection features vastly used in the literature[39],
[119]. Similar to MNF, each phase of the squat has its own MDF value, which is calculated in the
preprocessing part. Based on the size and phase of the bin, the average MDF value is calculated
for each bin. All muscles are allocated with their own features in the dataset: AvgMDFm1,
AvgMDFm2, AvgMDFm3, AvgMDFm4.
Slope and Intercept for MNF and MDF
The trend of the MNF and MDF can be captured by monitoring the slope and intercept of a fitted
line for each bin. The slope and intercept values for each fitted line provide an independent set of
values that could show fatigue. The fitting operation is applied for the data on all the muscles and
the following features: MNFSlopem1, MNFInterceptm1, MNFSlopem2, MNFInterceptm2,
MNFSlopem3,
MDFInterceptm1,

MNFInterceptm3,
MDFSlopem2,

MNFSlopem4,
MDFInterceptm2,

MNFInterceptm4,
MDFSlopem3,

MDFSlopem1,
MDFInterceptm3,

MDFSlopem4, MDFInterceptm4.
Gender
After processing the data in chapter 3, the results indicate that fatigue act differently when it comes
to different genders. As discussed in section 3.10.3, all muscles in the male are not fatigued at the
same time and showed a different trend in various muscles, but in most of our female participants,
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all muscles were fatigued at the end of the experiment. This result shows that it is important to
consider gender as one of the input features for developing a machine learning model. In this
column, the gender of the participants is entered as F for Female and M for Male.
Height
For each participant, there is a column which shows their height. Before the test, each participant's
height is measured by asking them to stand against the wall, and the examiner places a flat object
on their head and marks the wall accordingly. Then their height is measured by measuring the
distance of the marked line to the ground.
Weight
A digital scale was placed on a flat surface in order to measure the weight of each participant.
BMI
Body Mass Index indicates a scale for body size and is calculated from dividing the weight of a
person in kilograms by the square of the height of that person in meters [120]. Even though BMI
has been widely used for categorizing obesity, the experiment performed by Wellens et al. [121]
concluded that the correlation between body fat and BMI varies based on gender and physical
characteristics. The correlation between age and BMI has also shown difficulties in diagnosing
obesity [122]. However, along with weight, height, and age, BMI is a helpful input for comparison
between different participants.
𝐵𝑀𝐼 =

𝑊𝑖𝑔ℎ𝑡 (𝑘𝑔)
𝐻𝑒𝑖𝑔ℎ𝑡 2 (𝑚2 )

Leg Length
Another feature that is found effective in the squat movement is the length of the leg, as squat
motion requires the force of muscles and the torque generated from the joints. This feature
measures the total length of the hip to the ankle of each participant.
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Thigh Length
In addition to what was discussed for leg length, in the experimental trial, the consensus was that
the thigh muscles were among the first muscles which started to feel fatigued. Therefore, having a
thigh length as an input feature is helpful. The thigh length is the measurement from the hip to the
knee for each participant.
Age
The physical condition of individuals is affected by age [123]–[126]. Having a diverse age range
would be great to see the effects of age on muscle fatigue. But unfortunately, because of the
COVID-19 pandemic and quarantine situation, the participants were in the same age range from
25 to 30.
Phase
As explained in Section 3.9.2.3, there is a need to consider different muscles activities and signals
based on the upward or downward motion. Depending on the upward (1) or downward (0) phase,
appropriate intervals within the bins are used for calculating the EMG and game-related features.
Squat Depth
Another helpful information for the machine learning algorithms, which is realized from game
data, is the participants' squat length, as it is expected to decrease when the participant becomes
fatigued. As explained in the Section 3.8.4, each participant performed one squat in front of the
camera to calibrate the full-standing (1) and full-squat (0) positions before starting the experiment.
The relative length of each squat is the difference between the two extremes of the calibrated squat
position. Ideally, each squat depth should be 1; however, as time goes by, the depth decreases as
the participant gets fatigued (e.g., after 3 minutes of the experiment, participant 4 only completed
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80% of the original squat length). This information has been averaged out for each bin and placed
as an input feature column in the table.
Average Error
In the game, there is a predetermined trajectory which is expected to be followed by the
participants in order to collect most coins. As they get tired, there may be a chance of missing the
desired trajectory. The difference between the trajectory that participants follow, and the
predetermined trajectory is calculated and represented as Error. The average error is calculated and
used as practical information for the input feature table for each bin.
Max Error
As the participant gets more tired, it is expected that the game performance decreases, and the
trajectory error increases. Observing the maximum error of each bin can be helpful, and therefore,
it was determined for each bin and used as another input feature.
Fatigue
The last column of the input feature table is called target. When only fatigue detection is studied,
classification is utilized where the target value indicates whether the corresponding features in the
row refer to fatigued (1) or not fatigued (0). Labeling of the data was based on the perceived fatigue
data of more than 6 in a 1-10 (least to most fatigued) range. On the other hand, if the fatigue level
is the point of the study, regression analysis is performed based on the perceived fatigue level.

4.2.2

Data Visualization

After preparing the input feature table for the algorithm, reviewing the data can be useful as it can
give a better understanding of the trends, the relationships, or potential problems in the data. For
classification, the distribution of each input feature with respect to the target values is used.
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Moreover, the correlation between the features is helpful to be studied for both classification and
regression. Here, the two different approaches that were used for getting a better vision from the
data is explained.

4.2.2.1

Input Feature Distribution

In this section, the distribution of each input feature with the fatigue/not-fatigue categories are
plotted and can represent various attributions of the features with the labels. For instance, it will
show that how much of the data is labeled as each of the categories.
Figure 51 is the histogram of the Bin End feature for the entire dataset (both phases) isolated based
on the label. The distribution of the not-fatigued data and the fatigued data are a good
representation of the experiment in a way that the likely chance of fatigue is greater towards the
third minute of the experiment, whereas the not-fatigued is expected to be skewed to the right. The
small blue tail of the histogram from the 150 to 180 second shows that a small number of instances
had passed the 150th second without feeling fatigued. Further investigation into participants
indicated that only participant 4 had not become tired until the 180th second of the game.
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Figure 51: Bin End distribution histogram for all the participants’ data distinguishing the data into fatigued
and not fatigued

In another example, Figure 52 indicates that there are more bins with lower MDF values for the
Muscle 4 when it is fatigued. This verifies the findings from the literature indicating that muscle
activity (represented by MDF) is decreased when a muscle is fatigued, therefore, the data follows
a trend that is expected. The machine learning analysis will assist in including all the features for
classification.
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Figure 52: Average MDF for muscle 4 distribution histogram of all participants’ data separating the data into
fatigued and not fatigued

4.2.2.2

Input Feature Correlation

Knowing the correlation between different input features can help to find out if there is any
relationship between input features and if so, how strong is the correlation between them. The
correlations between features may affect the training process, and these correlations need to be
taken into account when interpreting the results. The Correlation matrix between the input features
is shown on Figure 53 where linearity between the variables is measured (referred to as Pearson r
Correlation). It is expected that the correlation between the features to be near zero as the features
expected to be independent. The highest correlations occur between the slopes and intercepts of
the fitted lines on MNF and MDF data of a muscle.
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Figure 53: Correlation matrix for all the input features

4.2.3

Feature Scaling and Encoding

There is a need to ensure all the features are numerical. For the analysis in this work, the gender
of participants is required to be converted to a numerical value from the original M or F (male or
female). The problem is the numerical significance of 0 or 1 which affects the training process as
they have a specific value meaning for the machine learning algorithms. The solution is to use a
binary representation of the numbers with same values, also known as encoding, 01 for Female
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category, and 10 for Male category. Furthermore, encoding must be applied to the “phase” feature
as the significance of the number is not important, rather, the feature represents a category.
As explained in Section 2.5.4, scaling the input features before the training is essential as it helps
to reduce the errors. Therefore, Min-Max Scaling was applied to all the input features except phase
and Gender which fall into categorical data. Please note that the variables that will be fed to the
models should be scaled based on Table 3:

Table 3: Minimum and maximum values utilized for scaling of the features studied in this work; future
datasets must be scaled based on this table.

Feature
MIN
MAX

BinStart
5.02E+00
3.23E+02

BinEnd
1.13E+01
3.31E+02

AvgMNFm1
4.68E+01
1.09E+02

AvgMNFm2
4.41E+01
1.18E+02

AvgMNFm3
3.57E+01
1.30E+02

Feature
MIN
MAX

AvgMNFm4
4.64E+01
1.80E+02

AvgMDFm1
3.35E+01
1.00E+02

AvgMDFm2
3.36E+01
1.11E+02

AvgMDFm3
3.00E+01
1.22E+02

AvgMDFm4
3.40E+01
1.78E+02

Feature
MIN
MAX

MNFSlopem1
-9.06E+00
7.07E+00

MNFInterceptm1
-1.35E+03
1.06E+03

MNFSlopem2
-4.75E+01
8.03E+00

MNFInterceptm2
-1.74E+03
9.62E+03

MNFSlopem3
-2.85E+01
1.18E+01

Feature
MIN
MAX

MNFInterceptm3
-2.28E+03
5.83E+03

MNFSlopem4
-1.78E+01
4.18E+01

MNFInterceptm4
-8.31E+03
4.07E+03

MDFSlopem1
-9.86E+00
1.74E+01

MDFInterceptm1
-3.43E+03
1.39E+03

Feature
MIN
MAX

MDFSlopem2
-2.07E+01
1.06E+01

MDFInterceptm2
-1.99E+03
4.21E+03

MDFSlopem3
-3.64E+01
1.40E+01

MDFInterceptm3
-2.76E+03
7.39E+03

MDFSlopem4
-2.08E+01
4.78E+01

Feature
MIN
MAX

MDFInterceptm4
-9.53E+03
4.39E+03

Height
1.60E+02
1.86E+02

Weight
5.00E+01
9.00E+01

BMI
1.95E+01
2.70E+01

LegLength
8.00E+01
9.50E+01

Feature
MIN
MAX

ThighLength
3.90E+01
4.80E+01

Age
2.50E+01
3.00E+01

AVGAVGerror
2.82E-02
3.79E-01

AVGMAXerror
1.39E-01
9.23E-01

AVGMotionLength
3.71E-01
1.00E+00
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4.2.4

Grid Search

In this research, the grid search is chosen for model tuning as it is more effective for the purpose
of this work. The grid search process was implemented during the training process to find the best
hyperparameters. As explained in Section 2.5.5, grid search is essential for training the models
effectively. Table 4 represents the variables that were chosen for grid search in both classification
and regression using the python language. F1 in classification and mean-squared-error for
regression were the metrics that the grid search algorithm used for the finding the best parameter
set at each iteration of the cross validation. For instance, the choices yielded 360 iterations of SVM
analysis for each fold of a 5-fold cross-validation (1800 in total), the selected model by the grid
search provided the maximum F1 score among all the iterations.
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Table 4: The models and parameters utilized in the grid search process

Classification [127]
Model
Logistic Regression
LDA
QDA
Gaussian NB

SVM

Random Forest

Neural Network

Hyperparameter
Inverse of Regularization
Strength (C)
Model Penalty
Class weight
Tolerance
Tolerance
Variance smoothing
Inverse of Regularization
Strength (C)
Gamma
Class weight
Tolerance
Bootstrap
Max depth
Max features
Min samples leaf
Min samples split
N estimators

Choices
1e-3, 1e-2, 1e-1, 1, 1e1, 1e2, 1e3, 1e5
l1, l2, elasticnet
None, Balanced
1e-5, 1e-4, 1e-3, 1e-2, 1e-1, 1e-0
1e-5, 1e-4, 1e-3, 1e-2, 1e-1, 1e-0
1e-8, 1e-9, 1e-10

Hidden layer sizes
Alpha

1e3, 5e3, 1e4, 5e4, 1e5
0.0001, 0.0005, 0.001, 0.005, 0.01, 0.1
None, Balanced
1e-5, 1e-4, 1e-3, 1e-2, 1e-1, 1e-0
TRUE, False
10, 20, 30, 50, 90, None
auto, sqrt
1, 2, 4, 8
2, 5, 10
100, 200
min_layer=3, max_layer=8, min_node=5,
max_node=20, node_interval=2
0.0001, 0.001, 0.01, 0.1

Hidden layer sizes
Alpha
Bootstrap
Max depth
Max features
Min samples leaf
Min samples split
N estimators
Criterion
Splitter
N neighbors
Weight

min_layer=3, max_layer=8, min_node=5,
max_node=20, node_interval=3
0.0001, 0.001, 0.01, 0.1
TRUE, False
10, 20, 30, 50, 90, None
auto, sqrt
1, 2, 4, 8
2, 5, 10
100, 200
squared_error, absolute_error
best, random
4, 5, 6
uniform, distance

Regression [127]
Neural Network

Random Forest

Decision Tree
K-NearestNeighbors
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4.2.5

Test/Train set selection

There are many ways of selecting Test/Train sets for the cross validation as explained in 2.5.6. For
this research, two different approaches for selecting the Test/Train sets were used for determining
which machine learning algorithm suits the application that will be highlighted below.

4.2.5.1

5-Fold Cross Validation (5F-CV)

For the first Test/Train set selection, the entire data set will be randomly divided into 5 different
groups and, the training was performed 5 times as one of the groups is selected for testing while
the rest are used for training. This process is repeated four more times with a different group as a
testing set. The validation parameters as explained in 2.5.7 will represent the result. The metrics
for each of the folds along with appropriate visuals will be represented for comparison and further
analysis. The 5F-CV is an efficient method when it comes to the training time; no matter the
number of participants, the training process is only performed 5 times. However, the distribution
of the test set must be considered in order for it to cover a representative data.

4.2.5.2

Leave-One-Participant-out Cross Validation (LOPO-CV)

This approach in cross validation utilized the entire data for all but one of the participants in the
training process, and the model is tested against the participant data that was left out. The process
of training on nine groups and then testing on the selected group as the test set will be repeated ten
times and each time one of the groups will be the test set. A major advantage of the LOPO-CV is
the special perspective on the effect of a participant’s data on the training. Moreover, the time for
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the training of this cross-validation approach increases as the number of participants rises. Similar
to the 5F-CV approach, the results and appropriate visual will be provided.

4.3 Results and Discussion
A combination of EMG data, exergame performance metrics, and patient information were
adopted into machine learning models to improve the quality of care and facilitate the rehabilitation
process. Fatigue onset recognition and fatigue level prediction are the tasks that were undertaken.

4.3.1

Fatigue Onset Recognition with Machine Learning Classification

In this method, the goal is to find a machine learning algorithm that defines whether the participant
is fatigued or not. As explained previously, the target was labeled based on the reported perceived
fatigue of larger than six. The rest of the data were gathered from the preprocessing step. This
work is supervised learning, and a classification algorithm should be used here. The classifiers
utilized in this study are:
•

LDA

•

QDA

•

Neural Network

•

Random Forest

•

SVM

•

Gaussian NB

•

A Baseline classifier (a coin toss model) was also used for comparing the other classifiers.

A 5-fold cross-validation and a leave-one-participant-out cross-validation have been utilized in
this section to allow the best method to be chosen by the developers. The 5-fold cross-validation
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is more efficient when more data is added to the dataset, whereas the leave-one-participant-out
cross-validation is preferred with the current number of data points.

4.3.1.1

5-Fold Cross-Validation (5F-CV)

Table 5 provides the average and the standard deviation of the performance metrics for the best
set of parameters found with the grid search algorithm for each fold. The analysis accuracy for all
the models was in an acceptable range of 0.80±0.16 and 0.94±0.02. The RF classifier has
performed better due to a higher value of accuracy (0.94) and a smaller deviation (±0.02) which
means the true fatigued predictions and true not-fatigued predictions of the RF classifier with
respect to the entire dataset is higher than the other classifiers. Recall metric represents the
proportion of the incidents that the participant was actually fatigued and was correctly predicted
by the model. The best recall score was for the RF model with the value of 0.93±0.06, while the
least performing classifier was the Gaussian NB (0.80±0.10). Specificity is the third most
important metric showing how well the model performs against not-fatigued predictions. The
specificity for the RF classifier was 0.94±0.05, whereas the next value was almost tied between
Gaussian NB and LDA (0.90±0.09 and 0.90±0.03, respectively). The proportion of correctly
predicted fatigued with respect to all the positive predictions is described by the precision metric.
The most precise classifier was the RF (0.94±0.05), and the least precision was achieved by the
QDA (0.81±0.17). The RF classifier shows a larger standard deviation in the precision metric than
most classifiers, but it performed better than the rest without any outlier. F1 score was
implemented to consider both precision and recall as a single metric for the comparison of different
classifiers regarding the true positive predictions (the fatigued label was correctly predicted). The
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range of the F1 score is between 0.94±0.02 and 0.83±0.09, where the RF classifier has performed
best.
Note that the neural network analysis was performed twice to ensure the effects of repeatability on
the data. It indicated that repeating the analysis does not change the range of the outcomes. The
neural network was chosen since it has the least number of randomly selected parameters that
affect the results. Furthermore, the QDA analysis has only been reported to show its limited nature;
the data set was not optimized for this classifier, and some expected collinearity warnings were
observed.

Table 5: Summary of the metrics for the 5-fold cross validation in the fatigue onset recognition.

Classifier
Gaussian NB
LDA
QDA
Neural Network
Random Forest
SVM
Baseline

Accuracy
0.85 ±
0.02
0.89 ±
0.04
0.80 ±
0.16
0.87 ±
0.04
0.94 ±
0.02
0.88 ±
0.05
0.49 ±
0.02

Recall
0.80 ±
0.10
0.87 ±
0.09
0.90 ±
0.11
0.88 ±
0.08
0.93 ±
0.06
0.87 ±
0.09
0.50 ±
0.07

Specificity
0.90 ±
0.09
0.90 ±
0.03
0.70 ±
0.36
0.86 ±
0.07
0.94 ±
0.05
0.89 ±
0.04
0.47 ±
0.04

ROCAUC
0.85 ±
0.02
0.89 ±
0.04
0.80 ±
0.15
0.87 ±
0.04
0.94 ±
0.02
0.88 ±
0.05
0.49 ±
0.02

F1 score
0.84 ±
0.03
0.88 ±
0.05
0.83 ±
0.09
0.87 ±
0.04
0.94 ±
0.02
0.88 ±
0.06
0.48 ±
0.05

PRAUC
0.81 ±
0.03
0.84 ±
0.04
0.77 ±
0.14
0.82 ±
0.04
0.91 ±
0.03
0.84 ±
0.06
0.49 ±
0.01

Precision
0.90 ±
0.08
0.90 ±
0.03
0.81 ±
0.17
0.87 ±
0.05
0.94 ±
0.05
0.89 ±
0.04
0.48 ±
0.03

Additionally, Figure 54 illustrates the metrics as a box plot for better comparison. The results of
each cross-validation fold for the respective classifier are shown with a black dot on the diagrams.
The box indicates the quartile range (first to the third quartile), where the median is shown as a
gray line. The whiskers illustrate the minimum and maximum values which have filtered out the
outliers (single dots away from the rest of the data).
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Figure 54: 5-fold cross-validation metrics for all the classifiers in the fatigue onset recognition a) Accuracy, b)
Precision, c) Recall, d) Specificity, e) ROC-AUC, f) PR-AUC, and g) F1 Score

Figure 55 represents the ROC and PR curves which are helpful in selecting the best classifier. The
lines for each fold of the classifier have been drawn on the curve with light hues; however, the
average has been plotted with a darker tone while the area where the classifier may fall into has
been shaded accordingly. The RF classifier had the best performance based on the curves as the
ROC-AUC is 0.94±0.02 (closets value to 1), while its PR-AUC is 0.91±0.03, which had the largest
area under the curve among the other classifiers. The next best performance is for the LDA
classifier with the ROC-AUC and PR-AUC of 0.89±0.04 and 0.84±0.04, respectively.
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(a)

(b)

Figure 55: Appropriate curves for comparing the classifiers, (a) the ROC curve, (b) the PR curve.

Figure 56 represents the confusion matrices for all the classifiers; it includes the TP, TN, FP, and
FN values discussed in Section 2.5.7.1. The RF classifier includes the greatest number of
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correctly predicted instances compared to the other classifiers. LDA and Gaussian NB classifiers
also provided an acceptable FN; however, the FN values are high resulting in diminished
rehabilitation. Note that it is preferable to have a FP (premature fatigue prediction) rather than a
FN (patient is fatigued, but the model indicates not fatigued) as there will be no serious harm in
case of ending the rehabilitation process early; however, too many FP detections become
annoying and interruptive in the process. Therefore, a reasonable balance is required between
these two parameters.
In summary, the RF classifier consistently performed well among the validation metrics as shown
in Table 5. It has the best accuracy and F1 score, indicating how well this classifier performs on
our dataset. Figure 55 is another indication that the RF classifier is a suitable choice for the purpose
of the research given the larger area under the curves and proximity to the optimal point as per
Sections 2.5.9 and 2.5.10. Furthermore, the confusion matrices in Figure 56 indicated that the RF
classifier had performed the best in the most critical scenario when the detection of fatigue is failed,
and the exercise was elongated. The parameters associated with the best fold of the RF
classification analysis using Python are as follows:
•

'bootstrap': False

•

'max_depth': None

•

'max_features': 'sqrt'

•

'min_samples_leaf': 2

•

'min_samples_split': 5

•

'n_estimators': 100

These parameters can be utilized for replicating the model for adaptation with rehabilitation robots.
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Figure 56: Confusion matrices for the 5-fold cross-validation analysis using all the classifiers
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4.3.1.2

Leave-One-Participant-Out Cross-Validation (LOPO-CV)

Table 6 and Figure 57 are the numerical and illustrative representations of the analysis results,
respectively.
Starting with accuracy, the RF classifier provided the highest performance (0.85±0.06) while the
LDA provided the least performance (0.58±0.18), which is only 0.10 higher than the baseline. The
recall range is from 0.59±0.46 to 0.84±24, which are performed by SMV and RF, respectively.
The large standard deviation in the recall is perhaps due to the low testing set population.
Additionally, the deviation of the recall from the baseline with respect to the QDA, LDA, Neural
Network, and SVM is lower than the RF and Gaussian NB classifiers. Gaussian NB classifier had
the best performance of specificity with the value of 0.91±0.13 closely followed by RF and Neural
Network classifier (0.87±0.12 and 0.85±0.16, respectively). LDA, QDA, and SVM classifiers did
not perform well while having a large standard deviation. Moreover, the precision metric for the
RF classifier was 0.87±0.12, which was the best performance, while LDA and SVM had lower
performances than baseline (the baseline precision value was 0.50±0.11). Finally, using the F1
score for comparing the classifiers, the RF classifier had the best score (0.81±0.16), and the SVM
and LDA had the worst F1 scores with large standard deviations (0.46±0.35 and 0.49±0.35).
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Table 6: Summary of the metrics for the leave-one-participant-out cross validation in the fatigue onset
recognition.

Classifier

Accuracy

Recall

Specificity

ROC-AUC

F1 score

PR-AUC

Precision

Gaussian NB

0.81 ±
0.11

0.71 ±
0.32

0.91 ±
0.13

0.81 ±
0.13

0.73 ±
0.27

0.77 ±
0.15

0.81 ±
0.29

LDA

0.58 ±
0.18

0.68 ±
0.45

0.51 ±
0.46

0.59 ±
0.15

0.49 ±
0.35

0.55 ±
0.19

0.42 ±
0.33

QDA

0.68 ±
0.15

0.63 ±
0.41

0.70 ±
0.38

0.67 ±
0.15

0.57 ±
0.30

0.62 ±
0.18

0.82 ±
0.22

Neural
Network

0.78 ±
0.12

0.66 ±
0.40

0.85 ±
0.16

0.76 ±
0.15

0.65 ±
0.35

0.72 ±
0.17

0.70 ±
0.36

Random
Forest

0.85 ±
0.06
0.60 ±
0.15
0.48 ±
0.08

0.84 ±
0.24
0.59 ±
0.46
0.60 ±
0.21

0.87 ±
0.12
0.64 ±
0.40
0.43 ±
0.22

0.85 ±
0.08
0.61 ±
0.14
0.52 ±
0.04

0.81 ±
0.16
0.46 ±
0.35
0.51 ±
0.06

0.79 ±
0.11
0.56 ±
0.18
0.50 ±
0.10

0.87 ±
0.12
0.48 ±
0.37
0.50 ±
0.11

SVM
Baseline

(a)
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Figure 57: The associated box plots representing the metrics for the leave-one-participant-out cross validation
in the fatigue onset recognition analysis. a) Accuracy, b) Recall, c) Specificity, d) Precision, e) ROC-AUC, f)
PR-AUC, and g) F1 Score
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The superiority of the RF classifier is evident in Figure 58, where the solid purple line in both
curves is closer to the optimal points. The ROC-AUC for RF classifier was 0.85±0.08, and the PRAUC of this classifier was 0.79±0.11. Even though the Gaussian NB line on the ROC curve is
closer to the optimal point in an interval between FPR of 0.150 and 0.175, the RF has performed
better for the rest of the range. One factor that may have caused this issue is the outlier in the folds
(which is participant data). Further investigation indicated that the outlier corresponds to
participant 7.
Additionally, the RF classifier analysis with leave-one-participant-out cross-validation without
participant 7 data was investigated. Table 7 represents both sets of data which expectedly show
improvements; however, these metrics have not reached the 5-fold cross-validation level. This
confirms that the population of the dataset influences the results. Switching the participant 7
dataset with a new participant would have potentially improved the metrics.

Table 7: Metrics for random forest leave-one-participant-out cross-validation analysis when considering
participant 7 data as an outlier.

With Participant 7
Without Participant
7

Accuracy

Recall

Specificity

ROC-AUC

F1-score

PR-AUC

Precision

0.85 ± 0.06

0.84 ± 0.24

0.87 ± 0.12

0.85 ± 0.08

0.81 ± 0.16

0.79 ± 0.11

0.87 ± 0.12

0.88 ± 0.05

0.90 ± 0.13

0.88 ± 0.14

0.89 ± 0.06

0.88 ± 0.06

0.84 ± 0.09

0.88 ± 0.12
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(a)

(b)

Figure 58: Associated ROC and PR curves for the leave-one-participant-out cross validation involving all the
classifiers.
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The confusion matrices for all the classifiers are provided in Figure 59. The RF classifier has
performed better than the rest of the classifiers. However, it indicates that almost 18% of the time,
the participant has been fatigued, but the prediction was not correct. Further investigation into
participant 10, as an example, showed that the model first predicted fatigue while the participant
was not fatigued. This is an indication that the RF is a dependable classifier that can operate well
with some failsafe provisions to notify the therapist of a potential fatigue detection. Moreover, the
goal of this analysis is to detect the onset of fatigue which is the beginning of a period when the
muscle activation is reduced, and therefore, there is a leeway to change the exercise accordingly.
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Figure 59: Confusion matrices for the leave-one-participant-out cross-validation analysis using all the
classifiers
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The RF classifier has once again performed better than the other classifiers when considering the
distribution of the folds in all the metrics. Except for an outlier, the rest of the folds are densely
packed within the quartile range (colored boxes) compared to the other classifiers, as shown in
Figure 57. The most appropriate set of parameters for replicating the RF analysis are:
•
•
•
•
•
•

4.3.1.3
•

'bootstrap': False
'max_depth': 50
'max_features': 'sqrt'
'min_samples_leaf': 1
'min_samples_split': 2
'n_estimators': 200

Fatigue Onset Detection Methods Comparison
The RF classifier has performed better and more consistently compared to the rest of the
classifiers in both cross-validation methods.

•

The sensitivity of the classification is increased with LOPO-CV analysis compared to the
5F-CV based on the ratio of the standard deviation and the mean (from the confusion
matrices) since the LOPO-CV was a more conservative approach in preparing the model.
The testing data set used for calculating the metrics in LOPO-CV is fewer than the 5F-CV,
which affects the sensitivity of the values.

•

Unlike the 5F-CV, the metrics of LOPO-CV are closer to the baseline classifier and
indicate that the models do not perform as well. The main reason for the discrepancy is the
lack of randomized selection of the training set in the 5-fold cross-validation. As mentioned
earlier, the effect of random test/train selection in the 5F-CV is reduced when more data is
available. Consequently, 1/5 of the data contain more variation of the features resulting in
metrics that better reflect the performance of the model.

128

4.3.2

Fatigue Level Recognition with Regression

Rehabilitation robots such as VIGGR light are capable of adjusting their operating parameters
through a controller with the goal of elongating the rehabilitation to maximize the effects.
Furthermore, rehabilitation robots can be paired with exergames to prevent patient boredom and
improve psychological impediments [128]. However, the patient gets tired as the therapy
progresses if the robot's speed and impedance are not changed. The requirement for the robot
controllers to effectively change the parameters is the availability of fatigue levels during the
rehabilitation process. The controllers would then adjust the parameters according to the fatigue
level and the predetermined therapy plan. The following regressors have been selected to perform
the analysis based on the preprocessed data:
•

Linear regression

•

Neural network

•

Random Forest

•

Decision Tree

•

K-Nearest Neighbors

The labels for the bins were added based on the fatigue level reported by the participants. Based
on this application, the population of the dataset is low; however, the analysis was developed
to better implement the capabilities of regression. The same cross-validation approaches were
used for the regression analysis.

4.3.2.1

5-Fold Cross-Validation (5F-CV)

The RF and DT regressors have shown the best performance in recognizing the fatigue level, as
seen in Table 8 and Figure 60. The comparison between MAE and MSE in RF and DT regressors
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indicates that the RF yields fewer outliers compared to the DT. The MAE of both regressors is in
the same range (0.26±0.08 and 0.21±0.11 for the RF and DT, respectively); however, the MSE
(which is more susceptible to outliers) of the DT regressor (0.39±0.22) is almost twice the MSE
of the RF (0.23±0.15). The KNN regressor had the worst performance score of MAE and MSE
with large standard deviations among all the regressors with the value of 1.68±0.45 and 5.48±3.30,
respectively. The presence of outliers is also evident from the maximum error metric. In the worstcase scenario, the DT regressor recognized the fatigue level incorrectly by almost 1 point compared
to the RF regressor (2.97±0.97 and 1.93±0.77, respectively). The KNN regressor has the highest
Max Error value of 6.12±1.29, which is higher than the baseline regressor. The coefficient
determination, 𝑟 2 score, for the RF regressor has shown an exceptional performance followed by
the DT regressor. The 𝑟 2 score for RF and DT regressor is 0.02 and 0.04 away from the perfect
score of 1.
The following represents the best set of parameters that were used for the RF regressor as the best
model for this application:
•

'bootstrap': True

•

'max_depth': None

•

'min_samples_leaf': 1

•

'min_samples_split': 2

•

'n_estimators': 200
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Table 8: The metrics for the regression analysis for 5-fold cross validation.

Regressor

Explained
Variance
Score (EVS)

Max Error

Mean
Mean
Absolute
Squared
Error (MAE) Error (MSE)

𝑟 2 score

Random Forest

0.98 ± 0.01

1.93 ± 0.77

0.26 ± 0.08

0.23 ± 0.15

0.98 ± 0.01

Decision Tree

0.96 ± 0.02

2.97 ± 0.97

0.21 ± 0.11

0.39 ± 0.22

0.96 ± 0.02

Linear Regressor

0.88 ± 0.03

3.24 ± 0.62

0.98 ± 0.05

1.48 ± 0.19

0.86 ± 0.02

Neural Network

0.83 ± 0.07

3.66 ± 0.45

1.06 ± 0.19

1.79 ± 0.52

0.82 ± 0.06

K_NearestNeighbors

0.56 ± 0.20

6.12 ± 1.29

1.68 ± 0.45

5.48 ± 3.30

0.47 ± 0.31

Baseline

0.00 ± 0.00

5.74 ± 0.53

2.93 ± 0.13

10.64 ± 0.76

-0.03 ± 0.03

(a)
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(b)

(c)

(d)
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(e)

Figure 60: Associated box plots for the 5-fold cross-validation of all the regressors used for predicting the
fatigue level. a) EVS, b) Max error, c) Mean absolute error, d) Mean squared error, e) r2 score.

4.3.2.2

Leave-One-Participant-Out Cross-Validation (LOPO-CV)

As shown in Figure 61 and Table 9, MAE and MSE of the RF regressor were closer to zero
(0.85±0.39 and 1.52±1.47, respectively) followed by DT (1.85±1.46 and 0.93±0.35, respectively)
compared to the rest of the regressors, whereas the EVS and the r2 score of RF were closer to one
(0.90±0.09 and 0.81±0.22, respectively). The DT regressor’s EVS and r2 score displayed the
second-best performance after RF, with the values of 0.87±0.10 and 0.78±0.21, respectively. The
LR regressor earned the worst results of MAE and MSE with a large standard deviation (4.49±2.46
and 27.30±25.00, respectively) which were higher than the baseline regressor performance. The
RF and DT regressors had the lowest maximum error of 2.38±0.76 and 2.73±0.90, respectively,
and the LR regressor had the highest maximum error of 6.38±2.93. The best performance is once
again for the RF regressor. Replicating the RF regression requires the following set of parameters:
•

'bootstrap': True
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•

'max_depth': 30

•

'min_samples_leaf': 1

•

'min_samples_split': 5

•

'n_estimators': 100

Table 9: The metrics for the regression analysis for leave-one-participant-out cross validation.

Regressor

Explained
Variance
Score (EVS)

Max Error

Mean
Absolute
Error (MAE)

Mean
Squared Error
(MSE)
r2 score

Random Forest

0.90 ± 0.09

2.38 ± 0.76

0.85 ± 0.39

1.52 ± 1.47

0.81 ± 0.22

Decision Tree

0.87 ± 0.10

2.73 ± 0.90

0.93 ± 0.35

1.85 ± 1.46

0.78 ± 0.21

Linear Regressor

0.87 ± 0.05

6.38 ± 2.93

4.49 ± 2.46

27.30 ± 25.00

-1.89 ± 2.08

Neural Network

0.88 ± 0.06

3.27 ± 1.02

1.47 ± 0.70

3.37 ± 2.50

0.58 ± 0.36

K-Nearest Neighbors

0.75 ± 0.17

4.09 ± 1.25

1.21 ± 0.45

2.96 ± 2.68

0.64 ± 0.36

Baseline

0.00 ± 0.00

5.02 ± 0.73

2.90 ± 0.34

10.42 ± 2.43

-0.11 ± 0.10
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(a)

(b)

(c)
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(d)

(e)

Figure 61: Associated box plots for the leave-one-participant-out cross-validation of all the regressors used
for predicting the fatigue level. a) EVS, b) Max error, c) Mean absolute error, d) Mean squared error, e) r2
score.
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Figure 62: Comparison of the predicted fatigue level and the actual data set for participant 6 using the random
forest regressor and the model from leave-one-participant-out cross-validation. (Fatigue level of 10 refers to
least fatigued)

Further investigation into the performance of the RF regressor was conducted. Figure 62 illustrates
the performance of the RF regressor on the dataset from participant 6. The model successfully
predicts the fatigue level in a way that the levels are clear. It underestimates the fatigue level prior
to the fatigue threshold of 4, and therefore, the error is within the patient's endurance. Moreover,
the model overestimates the fatigue level after the threshold which is a desirable behavior to
prevent the patient from excessive exercise.
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4.3.2.3
•

Fatigue Level Detection Methods Comparison
In both cross-validation methods, the RF regressor performs better than the other
regressors followed by the DT regressor.

• Due to a more limited distribution of the data in the testing sets, the LOPO-CV validation
approach metrics imply less performance than the 5F-CV. However, the fatigue level
recognition has been performed with low error values and a high correlation with the DT
and RF regressors. The RF regressor has performed the best, followed closely by the
decision tree regressor.
•

When comparing the RF and DT regressors between 5F-CV and LOPO-CV:
o The spread of the mean errors in the LOPO-CV is larger (by a factor of 4) than the
5F-CV; however, the max error is almost similar in both analyses. This is a good
sign as it indicates both training sets performed similarly despite the small testing
set in the LOPO-CV. The low r2 score in the LOPO-CV could potentially be related
to the smaller testing set.
o The maximum error in both approaches is less than 3, indicating that the fatigue
level is predicted incorrectly by 3 points in a 1-10 rating scheme. Although this is
a large number and could potentially overestimate the fatigue level, implementation
of some failsafe mechanisms (such as prediction monitoring) when implementing
the model could prevent any undesired outcome.

138

Chapter 5: Conclusion and Future Work

Conclusion and Future Work

5.1 Conclusion
With the goal of detecting and quantifying lower limb muscle fatigue during rehabilitation and
therapy sessions for stroke patients while using rehabilitation robots like ViGRR-lite, this research
developed and investigated a procedure suitable for clinical adaptation. An exergame was adopted
to study the fatigue behavior of four different muscles during consecutive squat motions on ten
healthy subjects. A squat motion resembles the sit-to-stand motion while promoting the speed of
reaching fatigue in healthy subjects. Fatigue detection was then investigated using different
machine learning methods to consider other factors such as participant physical information,
perceived fatigue, and game data in addition to muscle activity data. Two main steps were taken
to achieve the goal.

Test Procedure Implementation and EMG Analysis Development
After completing the experimental trial, Rectus Femoris (RF) and Biceps Femoris (BF) on the
thigh, Gastrocnemius Medialis (GM) and Tibialis Anterior (TA) on the shank were selected to
collect muscle activity data by using EMG system. The EMG data were analyzed by binning the
data in three ways: First, constant non-overlapping bins, second, constant overlapping bins, and
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third, bins based on the phase of the squat. The phasing analysis yielded the best set of results
consistent with the participants' comments. The following conclusions were achieved:
•

No reliable trend was recognized in the data after performing the primary trial. There was
at least a muscle for some of the participants that did not follow the expected decreasing
trend for the Mean and Median Power Frequency (MNF and MDF).

•

It seemed that gender has a strong impact on muscle activity and being fatigued. In this
study, most of the female participants were getting fatigued in all their muscles, whereas
the male participants were only fatigued in some of the muscles. Therefore, it was
concluded that participant information (such as gender) must be included in the analysis.

•

Some muscles also showed trends of decreased activity in the middle of the experiment;
however, a slight recovery occurred potentially due to an unconscious change in the
participants’ motion.

•

The lack of participants may be the main reason for the uncertainty in the data; however,
the hidden trends can be identified by the machine learning process.

•

The procedure that was developed for participant preparation and testing was examined
during the primary trials and proved to be expandable for clinical applications while all
possible steps were taken to prevent noisy EMG data.

Fatigue Detection and Quantification with Machine Learning
The previous investigation raised the importance of simultaneously considering all the available
data (the game data, the participant information, and EMG data) in the fatigue detection process.
Different machine learning algorithms have been trained to find the best classifier and regressor
to reach the goals of this research. The onset of fatigue was detected based on the classification
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analysis utilizing the labeled data (binary) as per the perceived fatigue level of 6 in a 1-to-10
scheme (10 being the most fatigued).

•

The random forest classifier provided the most desirable metrics for fatigue onset detection.
o The RF classifier included the best accuracy and lowest standard deviation in both
5F-CV and LOPO-CV among the rest of the classifiers with the performance of
0.94±0.02 and 0.85±0.06, respectively.
o The false negative rate of this classifier was 4.40±3.83 in 5F-CV and 5.80±5.21 for
LOPO-CV (compared to the true negative rate of 71.00±3.85 in 5F-CV, and
31.90±4.95 in LOPO-CV). This metric is essential to the safety of the patient since
it represents instances that a fatigued patient was incorrectly detected to be nonfatigued. Implementation of failsafe mechanisms could minimize the associated
risks.
o The F1 score of the RF classifier was by far higher than the other classifiers in both
cross-validations (0.94±0.02 and 0.81±0.16 in 5F-CV and LOPO-CV,
respectively).

•

The LOPO-CV resulted in metrics lower than the 5F-CV since the population of the testing
set was higher in the latter. The 5F-CV was trained for a shorter amount of time; however,
it may not have included a uniform distribution of the instances.

•

Participant 7 metrics were an outlier in the LOPO-CV analyses. Although no specific
reason was found, the entire LOPO-CV was repeated without participant 7.
o Removing participant 7 from the analysis improved the accuracy and F1 score by
3% and 7%, respectively.
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o The expected increase in the metrics, such as the F1 score, was not grand; another
indication that decreasing the number of data, even when knowing the data is not
great, does not help the analysis that is already lacking data.

For the fatigue level quantification, regression was utilized where the labels were based on the
perceived fatigue data that the participants provided during the experiment.
•

In fatigue level detection, the RF regressor was performing better than the other regressors
in both 5F-CV and LOPO-CV.
o The 𝑟 2 score of the RF regressor was 0.98±0.01 and 0.81±0.22 for 5F-CV and
LOPO-CV, respectively. Similar to classification, the LOPO-CV analysis includes
a smaller population for testing, and the 5F-CV may not capture a representative
distribution of the data.
o The maximum error associated with the RF regressor in 5F-CV and LOPO-CV are
1.93±0.77 and 2.38±0.76, respectively. This metric illustrates the maximum offset
that the model could report from the actual data. The main issue occurs when the
fatigue level prediction underestimates the actual fatigue. Further testing and data
collection in addition to adopting a failsafe procedure, can reduce the risks.

•

Closely after the RF regressor, the DT regressor represented impressive 𝑟 2 scores of
0.96±0.02 and 0.78±0.21 for the 5F-CV and LOPO-CV, respectively.

•

The LOPO-CV metrics were calculated based on smaller test sets as opposed to the 5FCV. The LOPO-CV model is more reliable at this point; however, as more data is added to
the training and testing sets, the 5F-CV could also be used as it is more efficient to train.
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Overall, the machine learning models for muscle fatigue detection and quantification were
developed using the EMG data that had been collected from healthy participants who had
undertaken an exergame focused on consecutive squat motions. Despite the inconclusive nature of
the muscle activity data for detecting fatigue, the utilization of these data along with the game data
and the participant information in a machine learning analysis provided means of detecting and
quantifying muscle fatigue. This thesis elaborated on the use of the perceived fatigue on
identification and quantification of muscle fatigue when multiple muscles are engaged in an
activity.

5.2 Future Work
Further investigations are required to improve the reliability and functionality of fatigue detection.
The following list includes some suggestions for future advancements upon this research:

•

Increasing the number of participants and choosing from a more diverse demographic such
as a broader range of age, weight, and height, as machine learning algorithms require plenty
of data to train a reasonable and reliable model.

•

Collect data from stroke patients while performing the experiment and analyzing the EMG
data to have a better understanding of how their muscle activity data differs from healthy
participants. Consequently, the algorithms can be retrained with the new data to have a
realistic training set and get closer to the research goal.

•

Add an adaptive controller to the game, which based on the changes in muscle fatigue, can
modify the rest time duration of the game. Furthermore, it allows confirming the
assumption that slowing down the game increases the playing time of the participants. For
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this goal, there is a need to run the experiment two or three times for each participant and
progressively modify the rest time in the game.
•

Some participants found the game tiring after a while. Increasing the engagement of the
game with some auditory effects or changing the background objects could be helpful to
make the game more exciting for participants.

•

Collecting data from the hip and back muscles can be helpful as some participants
expressed tiredness in those areas during the exercise.

•

Use the actual rehabilitation robot instead of the exergame and collect data to see how the
selected models will perform on the collected data from the robot as the original goal of
this research was to use this algorithm on a robot to help with the assistance rehabilitation
robot controller.
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Appendices
Appendix A : Perceived Fatigue Form
This is the perceived fatigue form attached here:

163

Appendix B : Email Invitation
Here is the email invitation which is discussed on section 3.5.
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Appendix C : Questionnaire
As Discussed in section 3.6, these are the questionnaires which had been used for the
experiment.
C.1

Pre-Questionnaire
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C.2

Post-Questionnaire
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Appendix D : Consent Form
The attached is the Consent Form which the participant should sign before starting the
experiment to make sure they know exactly how the experiment is going to be and what safety
and risk are they may face.
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Appendix E : Sensor Placement
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Appendix F : Primary Trial Analysis Results:
F.1

Discrete Window Analysis
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F.2

Moving Window Analysis
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