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Topic and Task of this Thesis

Topic:

Parkinson’s disease is a neurodegenerative disorder that affects over 8.5 million people
all around the world, and severely affect their quality of life. Hand tremors are the
primary symptom of the disease. There have been previous research on Parkinson’s tremor
detection, where the focus was mainly on monitoring the progression of Parkinson’s
disease, without much consideration of real-time detection of Parkinson’s disease tremors
on embedded devices. However, to develop wearable devices that can detect and mitigate
Parkinson’s tremor, and thereby increase the quality of life for Parkinson’s patients, we
need real-time solutions for embedded devices that can detect tremors with high accuracy,
energy efficiency, and low latency. There is a gap in the literature, since existing literature
does not focus on real-time detection of tremors on embedded devices. This thesis focuses
on evaluating both traditional signal processing techniques and novel machine learning
algorithms to accurately and efficiently detect tremors, with particular focus on problems
that come with embedded device implementation and optimization of the machine learning
algorithms to enable inference on embedded devices.

Task:

In this thesis, an extensive literature review is done both on Parkinson’s tremor detection
and Edge AI. Then the selection of algorithms to detect Parkinson’s tremor are presented
and the details of the implemented algorithms are given. After that, the evaluation results of
the algorithms are presented and the results are discussed to understand which algorithms
are more suitable for Parkinson’s tremor detection on embedded devices. Additionally,
effect of neural network architecture on trade-offs between model size, model performance
and energy efficiency are discussed. Furthermore, extensive experiments are done on
model optimization techniques such as pruning and quantization of neural network models,
and the effect of these techniques on the model performance are discussed. Finally, future
directions to enhance Parkinson’s tremor detection in real-time on embedded devices are
proposed.
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Abstract

Parkinson’s disease is a progressive neurodegenerative disorder that affects more than 8.5
million people worldwide, significantly impacting the quality of life of patients through
symptoms such as hand tremors. Even though existing research has explored tremor
detection, most of the existing literature does not consider real-time, embedded solutions
for Parkinson’s disease tremor detection, which is critical to develop wearable devices
that can detect and mitigate Parkinson’s disease tremors. This thesis addresses this gap
by evaluating both traditional signal processing methods and advanced machine learning
algorithms for real-time Parkinson’s tremor detection on resource-constrained embedded
devices.

We implement and evaluate various algorithms, from more traditional ones to more novel
ones, including Fourier transform based methods, Support Vector Machines, Random
Forests, and Convolutional Neural Networks to achieve accurate, low-latency, and energy
efficient Parkinson’s tremor detection. In the experiments we examine the performance of
the implemented algorithms in terms of accuracy, latency, and energy efficiency, with a
particular focus on optimization techniques like pruning and quantization. Quantitative
results are presented to understand the trade-offs in accuracy, model complexity, decision
latency, and computational efficiency, with CNNs optimized through quantization and
pruning demonstrating promising results for real-time, edge-based deployment.

Our findings contribute valuable insights for developing energy-efficient, real-time tremor
detection systems that can be embedded in wearable devices, facilitating both mitigation of
Parkinson’s disease hand tremors and continuous patient monitoring. Future work should
investigate further optimizations and clinical testing to enhance deployment viability and
accuracy.
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Kurzzusammenfassung

Die Parkinson-Krankheit ist eine fortschreitende neurodegenerative Erkrankung, die
weltweit Millionen von Menschen betrifft und die Lebensqualität der Patienten durch
Symptome wie Zittern der Hände (Tremor) erheblich beeinträchtigt. Obwohl sich die
vorhandene Forschung mit der Tremorerkennung befasst hat, werden in der Literatur
größtenteils keine eingebetteten Echtzeitlösungen zur Erkennung von Parkinson-Tremor
berücksichtigt, die für die Entwicklung tragbarer Geräte, die Parkinson-Tremor erkennen
und abschwächen können, von entscheidender Bedeutung sind. Diese Arbeit schließt diese
Lücke, indem sie sowohl traditionelle Signalverarbeitungsmethoden als auch fortschrit-
tliche maschinelle Lernalgorithmen zur Echtzeit-Erkennung von Parkinson-Tremor auf
eingebetteten Geräten mit eingeschränkten Ressourcen bewertet.

Wir implementieren und bewerten verschiedene Algorithmen, von traditionelleren bis
hin zu neuartigeren, darunter Fourier transformation basierte Methoden, Support Vector
Machines (SVMs), Random Forests und Convolutional Neural Networks (CNNs), um eine
genaue, latenzarme und energieeffiziente Parkinson-Tremorerkennung zu erreichen. In den
Experimenten untersuchen wir die Leistung der implementierten Algorithmen in Bezug auf
Genauigkeit, Latenz und Energieeffizienz, wobei wir uns insbesondere auf Optimierung-
stechniken wie Beschneiden und Quantisierung konzentrieren. Quantitative Ergebnisse
werden präsentiert, um die Kompromisse bei Genauigkeit, Modellkomplexität, Entschei-
dungslatenz und Rechenleistung zu verstehen, wobei durch Quantisierung und Beschneiden
optimierte CNNs vielversprechende Ergebnisse für die Echtzeit-Bereitstellung auf Edge-
Basis liefern.

Die Ergebnisse dieser Arbeit liefern wertvolle Erkenntnisse für die Entwicklung energieef-
fizienter Echtzeit-Tremorerkennungssysteme, die in tragbare Geräte eingebettet werden
können und sowohl die Linderung von Handtremor bei Parkinson-Krankheit als auch die
kontinuierliche Patientenüberwachung ermöglichen. Zukünftige Arbeiten sollten weitere
Optimierungen und klinische Tests untersuchen, um die Einsatzfähigkeit und Genauigkeit
zu verbessern.
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1 Introduction

1.1 Motivation

Parkinson’s disease is a progressive neurodegenerative disease that affects 2-3% of the
population older than 65 years of age, which makes it the second-most common neu-
rodegenerative disorder [1]. According to the World Health Organization, more than 8.5
million people worldwide are affected by the disease [2]. PD is mainly characterized by
cardinal motor symptoms such as bradykinesia, rigidity, and resting tremor [3]. Hand
tremor is one of the disease’s most common symptoms, affecting the quality of life of PD
patients [4]. For various reasons, it is crucial to detect tremors accurately using Inertial
Measurement Unit (IMU) data obtained from wearable devices. First is to monitor the
progression of the disease remotely, which enables tracking the condition of the PD patient
outside the clinical environment, second is to adjust the treatment plans, such as adjusting
the dosage of medication in response to the severity of tremors, and last but not least to
develop wearable devices such as gloves that can detect the tremors in real-time and then
mitigate it, improving the quality of life for PD patients.

The existing tremor detection systems are mostly being used in clinical environments with
special equipment. While there has been some research on Parkinson’s tremor detection,
on developing algorithms to accurately detect Parkinson’s tremor for remote monitoring of
the patients outside the hospital/lab environment [5], there is limited research on real-time
Parkinson’s tremor detection on edge devices, which is crucial in developing wearable
devices, such as gloves, that can detect and mitigate tremors. The existing research mostly
aims to detect tremors after recording the IMU data and computing the algorithms on cloud
[6]. As a result, these approaches do not give much consideration to key factors, such
as model complexity, decision latency, or computational efficiency, which are critical for
deployment on edge devices.

This thesis aims to focus on real-time Parkinson’s tremor detection on edge devices, which
is crucial in designing devices that could directly improve the quality of life of PD patients.
Specifically, this thesis focuses on designing both traditional and machine learning models
that could be deployed on embedded devices that are both accurate and computationally
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1 INTRODUCTION

efficient. The ultimate goal is to enable real-time detection of Parkinson’s disease hand
tremors on edge devices and mitigation of Parkinson’s tremors, thereby directly enhancing
the quality of life for PD patients.

1.2 Outline of Thesis

This thesis is organized into the following chapters:

• Background and Theory
In this chapter, we briefly provide an overview of Parkinson’s disease and shortly
give the underlying physiological mechanisms of its motor symptoms, particularly
hand tremors. Then, we review the existing literature on detecting Parkinson’s
tremors, both inside and outside the clinical environment. Additionally, we give the
mathematical and theoretical background of the algorithms that will be used in the
following chapters.

• Literature Review on Parkinson’s Tremor Detection and Edge AI
In this chapter, an extensive literature review is done on Parkinson’s tremor detection
and the implementation of machine learning models on embedded devices, known
as edge AI.

• Methods
In this chapter, we describe the dataset that we used to train and evaluate the ML
algorithms by describing where we got the data and how the IMU data was acquired
in the study. Then, we discuss how the data is preprocessed, and we provide the
implementation details of each of the traditional and ML algorithms that we used.

• Evaluation of the Implemented Algorithms and Optimization Methods
In this chapter, we present the results that are obtained from the evaluation of the
implemented algorithms. We compare the results using various performance metrics,
including but not limited to accuracy, precision, recall, and F1-score. We discuss
the trade-offs between the model complexity and performance, which are crucial for
real-time implementation on edge devices. We investigate the effect of different CNN
architectures on the trade-offs between model size, model complexity, and model
performance. We further experiment with neural network optimization methods,
such as quantization of weights and neural network pruning, and investigate the
effects of these techniques on the model performance.
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1 INTRODUCTION

• Discussion and Conclusion
In this chapter, the evaluation results and the trade-offs between the implemented
algorithms are discussed. The most suitable algorithms for real-time Parkinson’s
tremor detection on embedded devices are proposed.

• Future Work
This thesis concludes with a discussion of how the proposed methods could be im-
proved further, such as further optimizing models for better accuracy, computational
efficiency, and lower latency. Furthermore, a future clinical trial for evaluating the
implemented algorithms in the real world with Parkinson’s patients is proposed.
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2 Background and Theory

In this chapter, we explore the underlying physiological reasons for Parkinson’s disease
and the basis of tremor symptoms. Additionally, we examine both the traditional signal
processing techniques and machine learning algorithms that we implement and evaluate.
We further present neural network optimization and regularization methods that we use in
our model implementation. Finally, we review edge artificial intelligence and tiny machine
learning to implement machine learning models on resource-constrained edge devices.

2.1 Parkinson’s Disease and Tremor

Parkinson’s Disease (PD) is a complex progressive neurodegenerative disease that is mainly
characterized by the cardinal motor symptoms such as bradykinesia, rigidity, and resting
tremor [3], as depicted in Figure 2.1. PD is the most common neurodegenerative disease
after Alzheimer’s disease [7], and it is estimated that more than 8.5 million people are
living with PD worldwide, according to the World Health Organization [2]. The prevalence
of the disease increases with age [8], [9] and around 2-3% of people above 65 years of
age are living with that disease [1]. With the aging population, it is expected that the
prevalence and incidence of PD among the population will increase in the future [8]. One
of the most common symptoms of the disease is hand tremors, which affect up to 75%
of the patients [10] and can be the most troublesome motor symptom for the patients, as
it affects numerous activities of daily living such as dressing, eating, and drinking. [11].
While people with PD may experience several forms of tremor, the most common type
of tremor is the resting tremor, and it occurs when the patient is at rest with the typical
frequency of 4-6Hz [12] as depicted in Figure 2.2.
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2 BACKGROUND AND THEORY

Figure 2.1: Parkinson’s disease symptoms [13].

Figure 2.2: Parkinson’s disease resting tremors [14].

The physiological reasons underlying Parkinson’s disease can be explained by two distinct
neural circuits in the brain: the basal ganglia and the cerebello-thalamo-cortical circuit.
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2 BACKGROUND AND THEORY

According to the “dimmer-switch model” as depicted in Figure 2.3, tremor happens due to
the interaction between these two circuits. Basal ganglia is where the tremor is triggered,
and it can be considered as the “switch” for the PD tremor. When dopamine is depleted in
the basal ganglia, specifically in the pallidum, due to the degeneration of dopaminergic
neurons in the retrorubral area (A8 region), this leads to abnormal activity. Even though
this does not cause PD tremor directly, it is the primary reason of it, as it triggers the
start of the PD tremor. Another circuit critical for understanding the PD tremors is the
cerebello-thalamo-cortical circuit. This circuit consists of the cerebellum, thalamus, and
motor cortex, and it determines the amplitude of the tremor. It is the “dimmer” part
of the model as it controls the intensity of the tremor after it is triggered by the basal
ganglia as described. The motor cortex is the place where the two circuits, the basal
ganglia, and the cerebello-thalamo-cortical circuit, interact with each other. To summarize,
the basal ganglia acts as the “switch” and triggers the start of the tremor; whereas the
cerebello-thalamo-cortical circuit acts as the “dimmer” and controls the amplitude of the
tremor once it is triggered by the basal ganglia. [15]

Figure 2.3: Dimmer switch model for PD tremors [15].

Another explanation of the underlying cause of the PD tremor is the dysfunction of
neurotransmitters, such as dopamine, serotonin, noradrenaline, and acetylcholine. The
most relevant neurotransmitter for PD tremors is dopamine, which is a neurotransmitter
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2 BACKGROUND AND THEORY

that plays a critical role in the brain’s ability to control human movement. In PD, there
is a reduction in dopamine levels, and this results in unusual signaling between the basal
ganglia and motor cortex, which leads to impaired motor control and tremors [10].

2.2 Signal Processing Algorithms

In this section, we review the fundamental transforms and algorithms of signal processing,
such as the Continuous Time Fourier Transform (CTFT), the Discrete Fourier Transform
(DFT), and the Fast Fourier Transform (FFT).

Continuous Time Fourier Transform

The Continuous Time Fourier transform (CTFT) is one of the fundamental transforms in
signal processing that is used to analyze the frequency components in a continuous-time
signal. It is mathematically described in Equation 2.2.1.

F (ω) =
∫ ∞

−∞
f(t)e−jωt dt (2.2.1)

where F (ω) is the Fourier Transform of f(t), ω is the angular frequency, and j is the
imaginary unit [16].

The inverse Fourier Transform allows us to reconstruct the original time-domain signal
from its frequency-domain representation:

f(t) = 1
2π

∫ ∞

−∞
F (ω)ejωt dω (2.2.2)

The CTFT cannot be used in digital systems where all the sequences are discrete. We need
a transform that can transform a discrete signal into its discrete frequency representation,
which will be presented in the following section.
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2 BACKGROUND AND THEORY

Discrete Fourier Transform (DFT)

The Discrete Fourier Transform (DFT) is a signal processing technique to transform
discrete time or spatial domain data into its discrete frequency domain representation.
This transformation is particularly important in electrical engineering since it allows the
frequency domain analysis of discrete signals on digital systems [17].

The DFT of a sequence of N complex numbers x0,x1, . . . ,xN−1 is another sequence of N

complex numbers X0,X1, . . . ,XN−1 given as in Equation 2.2.3:

Xk =
N−1∑
n=0

xne−j 2π
N kn, k = 0,1, . . . ,N −1 (2.2.3)

where j is the imaginary number (j2 = −1), and k represents the index of the discrete
frequency domain representation [17].

The inverse DFT (IDFT) is defined as:

xn = 1
N

N−1∑
k=0

Xkej 2π
N kn, n = 0,1, . . . ,N −1 (2.2.4)

This transformation allows for the reconstruction of the original signal from its discrete
frequency domain representation [17].

Fast Fourier Transform (FFT)

Computing the DFT directly using the mathematical definition is computationally expen-
sive, as it requires O(N2) operations. In practice, the Fast Fourier Transform algorithm is
used to compute the DFT, which gives the same result as DFT; however, FFT is computa-
tionally much more efficient as it requires O(N logN) operations, making it practical to
compute DFTs [18].

The FFT algorithm makes use of the symmetries and periodicities in the DFT calculation
to avoid redundant computations. The way this is accomplished is by dividing N-point
FFT calculation into 2 N/2-point FFT calculations. If N is a power of 2, this can be done
recursively until there are only 2-point FFT calculations left, significantly reducing the
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2 BACKGROUND AND THEORY

computational load. How an FFT calculations can be divided into smaller FFT calculations
can be understood from the following equations:

X[k] = Xeven[k]+ e−j 2π
N kXodd[k] (2.2.5)

X[k +N/2] = Xeven[k]− e−j 2π
N kXodd[k] (2.2.6)

Here, Xeven[k] and Xodd[k] represent the DFTs of the even and odd-indexed elements of
the input sequence, respectively. There is a symmetry between these two equations. Except
for the sign of the odd component, the equations are the same, which can be used to reduce
the computational load of the FFT calculations.

After computing 2-point FFTs, the combination of the intermediate results can be done
using butterfly operations. [19] These operations consist of summing and subtracting terms
in a structured way that makes use of the symmetries that are described. Each butterfly
operation also involves multiplying by complex exponential terms. The diagram of the
butterfly operations is shown in Figure 2.4.

Figure 2.4: Butterfly operations [19].

The complex exponential terms are called twiddle factors and are computed as follows:
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2 BACKGROUND AND THEORY

W k
N = e−j 2πk

N

where:

• N is the total number of points in the DFT,

• k is the index of the current element

• e−j 2πk
N is the complex exponential function, with j being the imaginary unit.

By computing the magnitude of FFT of accelerometer measurements for non-tremor and
tremor movements, we can directly observe the difference in dominant frequencies for
each of the movements. In Figures 2.5 and 2.6 we see that the dominant frequency for
a non-tremor movement is around 1-2 Hz, whereas the dominant frequency for a tremor
movement is around 5-6 Hz. Therefore FFT can be helpful in differentiating the non-tremor
movement with tremor movement, either simply by finding the peak of the magnitude
of FFT and applying a threshold to it, or combining FFT with more complex algorithms,
where the frequency domain signal could be used as an input to another algorithm, which
distinguishes non-tremor movement and tremor movement.

In this thesis, the implemented Fourier transform-based algorithms make use of the FFT
algorithm due to its computational efficiency.

Figure 2.5: Magnitude of FFT of an accelerometer recording of a non-tremor movement.
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2 BACKGROUND AND THEORY

Figure 2.6: Magnitude of FFT of an accelerometer recording of a tremor movement.

2.3 Welch Method for Power Spectral Density Estimation

The Power Spectral Density (PSD) is a fundamental tool in signal processing, used to
characterize the distribution of power of a signal over frequency. One of the most commonly
used methods for estimating the PSD is the Welch method, introduced by Peter Welch in
1967 as an improvement over the standard periodogram approach [20].

The Welch method reduces the variance of the PSD estimate by averaging modified
periodograms. In comparison to the basic periodogram, the Welch method results in a
more stable and less noisy PSD estimate. The key idea behind the Welch method is the
use of overlapping segments of the data, each of which is windowed before computing the
periodogram. The periodograms are then averaged to obtain the final PSD estimate.

The Welch method involves the following key steps:

1. Segmentation: The input signal is divided into overlapping segments of equal
length. The degree of overlap, typically 50%, is chosen to balance between variance
reduction and computational efficiency. Let the signal be denoted by x[n], and it
is divided into M overlapping segments, each of length L, with an overlap of K

samples.

2. Windowing: A window function w[n], such as a Hamming or Hann window, is
applied to each segment to reduce the spectral leakage that arises from finite-length

11



2 BACKGROUND AND THEORY

signal segments. Windowing ensures that the signal edges are smoothed before
computing the periodogram. The windowed segment for the i-th segment is given
by:

xi[n] = w[n]xi[n], n = 0,1, . . . ,L−1

3. Periodogram Computation: For each windowed segment, the periodogram is
computed using the Discrete Fourier Transform (DFT). The periodogram for the i-th
segment is given by:

Pi(f) = 1
L

∣∣∣∣∣∣
L−1∑
n=0

xi[n]e−j2πfn

∣∣∣∣∣∣
2

where f denotes the frequency and j is the imaginary unit.

4. Averaging: The periodograms of all segments are averaged to obtain the final Welch
PSD estimate:

PW elch(f) = 1
M

M∑
i=1

Pi(f)

This averaging step effectively reduces the variance of the PSD estimate, making it
more robust to noise and fluctuations in the signal.

The Welch method has several advantages compared to the traditional periodogram ap-
proach. First, by averaging the periodograms of overlapping segments, the Welch method
reduces the variance of the PSD estimate. Second, the use of windowing functions min-
imizes spectral leakage, which leads to more accurate frequency estimates. Finally, the
Welch method is computationally efficient and widely used in practical applications such
as speech processing, biomedical signal analysis, and vibration analysis.

For tremor detection, the Welch method is particularly useful for analyzing the frequency
content of accelerometer data collected from patients. By estimating the PSD of the
accelerometer signals, it is possible to identify the dominant frequency components that
are associated with tremor activity. These frequency features can then be used as input to
machine learning models for classifying tremor and non-tremor cases. In this study, we
implement the Welch method to compute the PSD of the windowed accelerometer signals,
which can then be used as input to a classification algorithm.
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2 BACKGROUND AND THEORY

Figure 2.7: Power Spectral Density estimation using Welch’s method.

2.4 Receiver Operating Characteristic Curves

Receiver Operating Characteristic (ROC) curves are a widely used tool for evaluating
the performance of binary classification models. ROC curves plot the True Positive Rate
(Sensitivity) against the False Positive Rate (1 - Specificity) across different classification
thresholds. By visualizing these metrics, ROC curves help to understand the trade-offs
between sensitivity and specificity for varying thresholds.

The ROC curve is a graphical representation that illustrates the ability of a binary classifier
system to differentiate two classes as its threshold is varied. The curve is created by
plotting the True Positive Rate (TPR) against the False Positive Rate (FPR) for various
threshold settings.

• True Positive Rate (TPR) or Sensitivity: The proportion of actual positive cases
that are correctly identified by the classifier. It is defined as:

TPR = True Positives
True Positives + False Negatives

• False Positive Rate (FPR): The proportion of actual negative cases that are incor-
rectly identified as positive by the classifier. It is defined as:

FPR = False Positives
False Positives + True Negatives

A perfect classifier would achieve a point in the top-left corner of the ROC space, corre-
sponding to 100% sensitivity (TPR = 1) and 0% false positive rate (FPR = 0). This point
corresponds the ideal case where the classifier makes no errors.
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The Area Under the Curve (AUC) is a single scalar value that summarizes the performance
of a classifier across all thresholds. The AUC value ranges from 0 to 1, where:

• AUC = 1: The classifier perfectly distinguishes between positive and negative cases.

• AUC = 0.5: The classifier performs no better than random guessing.

• AUC < 0.5: The classifier performs worse than random guessing, which might
indicate a flaw in the model or data.

In general, a higher AUC indicates better overall performance of the model.

Interpreting an ROC curve involves analyzing the trade-offs between sensitivity and
specificity. Some key points to consider are:

• The closer the curve is to the upper left corner, the more accurate is the classifier.

• The closer the curve is to the diagonal line (AUC = 0.5), the less accurate is the
classifier.

• The steepness of the curve is important; a steeper curve indicates a better perfor-
mance.

The ROC curve can also be used to select an optimal threshold for classification by
considering the point on the curve that provides the best balance between sensitivity and
specificity. This optimal threshold can be found using the Youden’s J statistics, which is
described in the following section.

2.5 Finding the Optimal Threshold Using Youden’s J
Statistic

In binary classification tasks, determining the optimal threshold is crucial for maximizing
the performance of the model. One effective method for identifying this threshold is by
using Youden’s J statistic, which balances sensitivity and specificity.

Youden’s J statistic is defined as:

J = Sensitivity + Specificity −1 (2.5.1)
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The value of J ranges from -1 to 1, with higher values indicating better performance of the
model. The optimal threshold is the point at which J is maximized.

To determine the optimal threshold, the following steps are taken:

1. Calculate the sensitivity and specificity for each possible threshold.

2. Compute Youden’s J statistic for each threshold using the formula provided.

3. Identify the threshold that maximizes Youden’s J statistic.

An example of an ROC curve and the optimal threshold that is found by maximizing the
Youden’s J statistic is shown in Figure 2.8. For example, in this specific example optimal
threshold is 0.32, maximum Youden’s J statistic is 0.45, optimal FPR is 0.26, and optimal
TPR is 0.71.

Figure 2.8: An example ROC Curve and the optimal threshold found by maximizing Youdan’s J
statistics.
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2.6 Machine Learning Algorithms for Parkinson’s Tremor
Detection

Machine Learning (ML) and pattern recognition algorithms are shown to be useful in
various biomedical engineering applications [21]. These algorithms essentially deal with
the problem of making decisions automatically with minimal human insight [22]. Tradi-
tionally, the process is outlined using the pattern recognition pipeline as shown in Figure
2.9. In the pipeline, sensor data is first preprocessed, for example, zero-mean unit-variance
normalization can be applied. Then, the relevant hand-crafted features are extracted from
the preprocessed data, and these features are fed into a classification algorithm that makes
predictions according to the extracted features [23]. In this more traditional approach, find-
ing hand-crafted features can be challenging, especially when there are complex non-linear
relationships between the signal and the label. To overcome this problem, more novel
approaches, such as deep learning methods, can be used, which learn the features directly
from the training data, without the need for hand-crafting the features [22].

Figure 2.9: Pattern recognition pipeline [24].

Feature Extraction

To be able to solve the classification problem, we should first extract the most relevant
features for classification. Suppose the feature extraction step gives us features x1 and x2.
Then we have a feature vector x as,
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x =
x1
x2


If we plot the feature vectors for each sample from the data in a two-dimensional feature
space, each sample is represented as a point in this space. The coordinates of each point
correspond to the values of the features x1 and x2 for that sample. For example, if we set
x1 to be the normalized energy that lies between 0-3 Hz and set x2 to be the normalized
energy that lies between the 3-9 Hz, we have a 2D feature space that looks like in the
Figure 2.10. In this figure we see that the tremor cases mostly accumulate to the upper
right part of the feature space, not tremor cases mostly accumulate to the lower left part
of the feature space and there appears to be some overlap for the two classes. In an ideal
case we should be able to choose features and get a feature space representation, where the
two classes are easily seperable by the classification boundary, without any overlap of the
classes. The intra-class distances for one class should be as small and inter-class distances
for different classes should be as large as possible.

The features can be handcrafted as in this example or they can be learned directly by the
ML model. After the boundaries that seperate different classes are learned, the model can
be deployed in the real world, where the features are calculated for a given input and fed
into the classifier, which classifies the given features to one of the classes.

The various ML models that are implemented in our work, both that take in hand-crafted
features or that learn the feature representation from the data are explained in detail in the
following sections.
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Figure 2.10: An example 2D feature space for the tremor detection problem.

Classification

Classification is a supervised learning technique used to assign input data into predefined
categories or classes based on the features extracted. It involves training a model on a
labeled dataset, where the correct output is known, and then using this model to predict the
class labels of new, unseen data. Common classification algorithms include:

• Linear Classifiers: Such as Logistic Regression and Support Vector Machines
(SVM), which assume a linear relationship between input features and the output
class.

• Decision Trees: Which use a tree-like model of decisions and their possible conse-
quences.

• K-Nearest Neighbors (KNN): A non-parametric method that classifies a data point
based on the majority class among its nearest neighbors.
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• Neural Networks: Complex models that mimic the structure and function of the
human brain, capable of capturing non-linear relationships between features and
classes.

In the following sections, we review both the more traditional ML algorithms such as
support vector machines (SVM), random forest classifiers where hand-crafted features are
used, and more novel deep learning approaches such as Convolutional Neural Network
(CNN) where the features are learned by the neural network.

2.6.1 Support Vector Machines

Support Vector Machines (SVM) are a class of supervised learning algorithms that can be
used both for classification and regression tasks. [25]. SVMs are popular classification
algorithms that are used for biomedical applications such as disease classification [26].

SVMs find the hyperplane that separates data points of different classes in high dimensional
space, by maximizing the margin between the hyperplane and the nearest data points,
referred to as support vectors. This approach of maximizing the margin makes SVMs
robust against overfitting and gives good results in generalization [25].

Suppose we have a 2-class classification task with labeled dataset as {(xi,yi)}N
i=1, where xi

is the input feature vector and yi is the corresponding class label (yi ∈ {−1,1}), the SVM
algorithm finds the optimal hyperplane by maximizing the margin between the hyperplane
and the nearest data points with the following optimization problem:

min
w,b

1
2∥w∥2 (2.6.1)

subject to:
yi(wT xi + b) ≥ 1, ∀i (2.6.2)

where w is the weight vector, b is the bias term, and ∥ ·∥ denotes the Euclidean norm. This
optimization problem can be solved using methods such as gradient descent [25].

Note that the SVM algorithm given above separates the classes linearly, however, the
SVM algorithm can be extended using kernel trick so that it can also find non-linear
boundaries between classes. The kernel trick maps the input feature vectors into a higher
dimensional space in which the data can be separated linearly. This corresponds to a
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non-linear separation in the original lower dimensional space. [25]. In this thesis, we will
stay with linear SVMs.

Figure 2.11: Support Vector Machine finds the optimal hyperplane that separates the two classes
by maximizing the margin between the hyperplane and the nearest data points.

2.6.2 Random Forest Classifiers

Random Forest is an ensemble learning method that can be used for classification and
regression tasks. The algorithm is an extension of decision tree classifiers which works by
training multiple decision trees and using multiple decision trees to do classification with a
voting mechanism. The combination of the predictions from multiple trees can improve
the generalization performance and reduce the risk of overfitting [27]. The random forest
algorithm is depicted in Figure 2.12
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Figure 2.12: Random Forest Classifier is an ensemble learning method that constructs multiple
decision trees during training and outputs the mode of the classes for classification
tasks or the mean prediction for regression tasks [28].

2.6.3 Neural Networks

Neural networks are a subset of machine learning algorithms that are inspired by the human
brain. The neural networks have layers of nodes that are interconnected to each other
where each connection is associated with a weight. Neural networks can learn the features
directly from the data through a backpropagation algorithm which adjusts the weights to
minimize the objective function [29].

Typically a neural network consists of an input layer, hidden layers and an output layer. The
input layer gets the data as the input, passes through the hidden layers, then the output layer
produces the predictions. The value of each node is determined by passing the weighted
sum of the connected nodes from the previous layer through a non-linear activation function.
This structure allows the neural network to learn the features directly from the data by
capturing non-linear relations in the data, making neural networks powerful machine
learning methods [30].
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Table 2.1: Common activation functions used in neural networks

Name Mathematical Description

Sigmoid σ(x) = 1
1+e−x

Hyperbolic Tangent (Tanh) tanh(x) = ex−e−x

ex+e−x

Rectified Linear Unit (ReLU) ReLU(x) = max(0,x)

Leaky ReLU Leaky ReLU(x) =

x, if x ≥ 0
αx, if x < 0

Parametric ReLU (PReLU) PReLU(x) =

x, if x ≥ 0
αx, if x < 0

Exponential Linear Unit (ELU) ELU(x) =

x, if x ≥ 0
α(ex −1), if x < 0

Softmax Softmax(xi) = exi∑
j e

xj

Swish Swish(x) = x
1+e−x

GELU (Gaussian Error Linear Unit) GELU(x) = 0.5x
(
1+ tanh

(√
2
π

(
x+0.044715x3

)))

Fully Connected Network

Fully Connected Network (FCN) is one of the most basic neural network architectures.
FCN consists of layers, where each node in the layer is connected to every node in the next
layer with associated weights. The output vector is found by multiplying the input vector
x with the weight matrix W, adding the bias vector to it, and passing the result through a
non-linear activation function f as described in Equation 2.6.3

y = f(Wx +b) (2.6.3)

where x is the input vector, W is the weight matrix, b is the bias vector, f is the activation
function, and y is the output vector of the layer.
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Figure 2.13: A fully connected network with three input nodes, one output node and two hidden
layers, each with 4 nodes. [31]

Figure 2.14: Basic architecture of a feedforward neural network. Inputs x1, . . . ,xn are weighted,
summed, and passed through activation functions, producing the output. [31]
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Convolutional Neural Network

Even though the FCNs are powerful neural networks that can find non-linear patterns
in the input data, the main limitation of this method is that it does not consider spatial
dependencies between the samples. This is a major disadvantage when using FCNs with
time series data, where an input sample from one time instant is dependent on the samples
from the adjacent time instants, or when using FCNs on image data, where neighboring
pixels are dependent on each other. CNN is a specialized type of neural network that can
take into account the dependencies between the input samples.

CNNs are usually composed of convolutional layers that is mathematically described as in
Equation 2.6.4, where convolutional kernels are convolved across the input data to produce
feature maps. Each filter can detect specific patterns that are learned from the training data
[32].

yk
i,j = f

∑
m,n

Wk
m,nxi+m,j+n +bk

 (2.6.4)

where yk
i,j is the output feature map, Wk

m,n is the k-th filter, xi+m,j+n is the input patch,
bk is the bias term, and f is the activation function, typically ReLU [32].

Each convolutional layer is usually followed by a pooling layer, which reduces the dimen-
sions of the feature maps to reduce the computational load and adds additional non-linearity.
Various types of pooling operations exist, however the most common type is the max pool-
ing, which takes the maximum value from a region of the feature map, mathematically
described as,

yk
i,j = max(xi+m,j+n) (2.6.5)

After the input data is passed through a couple of convolutional layers that are followed by
pooling layers, the output of the last pooling layer is flattened and passed through an FCN
to obtain the final prediction of the network. This part of the neural network works exactly
as described above in the section Fully Connected Layers (FCNs).
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Figure 2.15: Basic architecture of a convolutional neural network. Convolutional layers, together
with the pooling layers extract the features from the input. Then the fully connected
layers do the classification. [33]

Recurrent Neural Networks

Recurrent Neural Network (RNN) is a class of neural networks that are specially designed
to recognize patterns in the sequences of data, such as time series, speech, and text.

The main idea of RNNs is that they maintain a hidden state that is adjusted using the
previous input sample and which affects the next output sample, thereby modeling the
temporal dependencies between the adjacent input samples. The main building block
of an RNN is called a recurrent cell, which processes input samples one by one while
maintaining and updating the hidden state, where the hidden state at time step t is computed
as given in Equation 2.6.6

ht = f(Wxhxt +Whhht−1 +bh) (2.6.6)

where xt and ht−1 are the current and previous time steps Wxh and Whh are weight
matrices, bh is the bias vector, and f is the activation function, typically a hyperbolic
tangent (tanh) or ReLU.
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Figure 2.16: Unfolded architecture of the basic recurrent neural network. The output yt is
computed from the updated hidden state ht using weights Why and biases by, passed
through a σ activation function. Hidden state ht is transferred to the next time step,
enabling the sequence modelling. [31]

2.7 Optimization and Regularization

2.7.1 Optimization of Neural Networks

For neural networks to be able to learn from data and generalize well to unseen data,
we have to do optimization during the training of the neural network. The goal of the
optimization is to minimize a loss function, which is a measure of how much discrepancy
is there between the predicted outputs and true labels.

Gradient Descent

The most common method used to optimize neural networks is called gradient descent.
Gradient descent iteratively adjusts the network parameters (weights and biases) to reduce
the loss function. The parameters θ are updated as follows:

θ := θ −η∇θJ(θ), (2.7.1)
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where η is the learning rate, and ∇θJ(θ) represents the gradient of the loss function J(θ)
with respect to the parameters θ.

There exists some variants of gradient descent. The most common ones are:

• Batch Gradient Descent: The parameters are updated using the entire dataset,
which makes it computationally very expensive for large datasets.

• Stochastic Gradient Descent (SGD): The parameters are updated for each data
point in the dataset. Computationally easier and faster but introduces noise into the
computation of gradients

• Mini-batch Gradient Descent: The parameters are updated using small batches
of data. This method is a compromise between the batch and stochastic gradient
descent methods, to find a good trade-off between computational efficiency and
stability.

The choice of the learning rate η is very critical in gradient descent. Too high learning
rates may cause divergence by overshooting of the minima of the loss function, whereas,
too low learning rates may result in too slow convergence. There exist some methods to
adaptively set the learning rate.

• Momentum: Momentum accelerates gradient descent by adding a fraction of the
previous update to the current update:

vt = βvt−1 +(1−β)∇θJ(θ) (2.7.2)

where vt is the velocity term, β is the momentum coefficient, and vt−1 is the previous
velocity.

• Adam (Adaptive Moment Estimation): Adam combines the momentum and adap-
tive learning rates by using the estimates of first and second moments of gradients:

mt = β1mt−1 +(1−β1)∇θJ(θ) (2.7.3)

vt = β2vt−1 +(1−β2)∇2
θJ(θ) (2.7.4)

θ = θ −η
m̂t√
v̂t + ϵ

(2.7.5)
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Here, mt is the first moment (mean) and vt is the second moment (uncentered
variance), β1 and β2 are decay rates, and ϵ is a small constant for numerical stability.

2.7.2 Regularization in Neural Networks

Regularization is a critical concept in machine learning, particularly in deep learning,
where models often have a large number of parameters. The primary goal of regularization
is to prevent overfitting, where a model performs well on training data but fails to general-
ize to unseen data. Overfitting occurs when a model becomes too complex, capturing not
only the underlying patterns but also the noise in the training data. Regularization tech-
niques mitigate overfitting by imposing constraints or incorporating additional information,
which leads to simpler, and more generalizable models. Example cases for underfitting,
appropriate fitting and overfitting are given in Figure 2.17.

Figure 2.17: Three models to model the distribution of the data. We want a model to have
appropriate capacity, as in the middle, so that it can generalize well to unseen data.
[30]

L2 Regularization

L2 regularization, also known as Ridge Regression, is one of the most commonly used
regularization techniques. It works by adding a penalty term to the loss function, propor-
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tional to the sum of the squared values of the model’s weights. The loss function with L2
regularization is defined as:

LL2 = L+λ
n∑

i=1
w2

i

Where:

• L is the original loss function.

• wi are the model’s weights.

• λ is the regularization parameter that controls the strength of the penalty.

L2 regularization discourages large weights by shrinking them, which helps to prevent
overfitting. It encourages the model to distribute the importance across all features rather
than relying heavily on a few. This is particularly important in deep learning models with
many parameters, as it promotes generalization and reduces sensitivity to noise in the
training data.

L2 regularization is implicitly applied through the use of the Adam optimizer, which
includes a weight decay term. The weight decay in Adam serves the same purpose as L2
regularization, penalizing large weights and helping the model generalize better.

Dropout Regularization

Dropout is a regularization technique specifically designed for neural networks. Proposed
by [34], dropout involves randomly setting a fraction of the neurons in a layer to zero during
each training iteration. This prevents the network from becoming overly reliant on any
single neuron, thereby promoting the development of robust, distributed representations.

During the training phase, each neuron’s output is retained with a probability p and set to
zero with a probability 1−p. The modified forward pass for a layer with dropout can be
expressed as:

output = 1
p

· mask · activation
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Where:

• mask is a binary vector that determines which neurons are dropped.

• p is the probability of retaining a neuron.

During testing, dropout is not applied, and the full network is used, but the outputs are
scaled by p to account for the neurons that were dropped during training.

Figure 2.18: Dropout regularization randomly sets some activations to zero with probabilty 1−p.
[31]

Data Augmentation

Data augmentation is a regularization technique that involves creating new training samples
by applying various transformations to the original data. This is particularly useful in
scenarios where the amount of training data is limited, as it allows the model to learn from
a more diverse set of examples, thereby improving its ability to generalize.

For time-series data, such as the accelerometer readings used in Parkinson’s tremor detec-
tion, augmentation might involve adding noise, scaling, or jittering the data.

Early Stopping

Early stopping is a regularization technique that monitors the model’s performance on
a validation set during training. If the model’s performance on the validation set stops
improving and starts to degrade, indicating overfitting, the training process is halted.

30



2 BACKGROUND AND THEORY

The model parameters are then reverted to the state corresponding to the best validation
performance.

In practice, early stopping involves setting a patience parameter, which defines the number
of epochs to wait for an improvement before stopping the training. If the validation loss
does not improve for a specified number of epochs, training is stopped, and the best model
weights are restored.

Figure 2.19: Early stopping terminates the training when the performance on the validation set
does not improve, to avoid overfitting.

Combining Regularization Techniques

In practice, multiple regularization techniques are often combined to achieve the best
performance. For example, dropout, L2 regularization, data augmentation and early
stopping can be used together to ensure that the model generalizes well across various
conditions. Each technique addresses overfitting from a different perspective, and their
combined effect can lead to a more robust model.
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2.8 Quantization and Pruning to Implement Neural
Networks on Resource Constrained Environments

2.8.1 Weight Quantization

The machine learning algorithms described above will be implemented on an embedded
device, enabling Parkinson’s tremor detection to be performed in real time. Embedded
devices, which include microcontrollers, smartphones, and IoT (Internet of Things) devices,
are specially designed for specific tasks, often characterized by limited resources such
as memory, computing power, and storage capacity. These constraints necessitate a
different approach to deploying machine learning models compared to typical computing
environments.

One of the key differences between embedded devices and general-purpose computers
is the word size. Embedded devices commonly operate on 8-bit integers, while typical
computers generally handle 32 or 64-bit floating-point values. This discrepancy in word
size means that the parameters of a machine learning model, which are often represented
as 32-bit or 64-bit floating-point numbers during training, must be reduced or quantized
before deployment on an embedded device. Quantization is a critical step that involves
mapping the parameters of a model to a lower precision representation, thereby reducing
the model’s size and computational requirements. However, this reduction in precision can
lead to a trade-off between model performance and resource efficiency.

There are several quantization methods available, each with varying impacts on the perfor-
mance of the deployed model [35]. These methods include:

• Post-Training Quantization: Post-training quantization involves converting a
trained model to a lower precision format after the training process is complete. This
method does not require any changes to the training procedure and is relatively sim-
ple to apply. It includes techniques such as full integer quantization, where weights
and activations are both quantized to integers, and mixed precision quantization,
where different parts of the model are quantized to different precisions based on
their sensitivity to precision loss.

• Quantization-aware training: Quantization-Aware Training (QAT) is a technique
where the model is trained with quantization in mind. During training, fake quanti-
zation is applied to weights and activations, simulating the effects of quantization
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on the model’s performance. This allows the model to learn to adapt to the lower
precision, often resulting in a model that is more robust to the precision loss that
occurs during quantization. QAT typically yields better accuracy than post-training
quantization but requires more computational resources during training.

Quantization, while beneficial for deploying models on resource-constrained devices,
can introduce some challenges. The primary challenge is the potential degradation in
model accuracy due to the reduced precision. Careful selection of the quantization method
and extensive testing are required to ensure that the model performs adequately in the
deployment environment. Moreover, specific hardware capabilities of the embedded device,
such as support for certain quantization levels, need to be considered during the model
conversion process.

In conclusion, quantization is an essential process that enables the deployment of complex
machine-learning models on embedded devices. By carefully choosing the appropriate
quantization technique and understanding the trade-offs involved, it is possible to achieve
a balance between model performance and resource efficiency, facilitating the real-time
detection of Parkinson’s tremor on embedded devices.

2.8.2 Neural Network Pruning

Neural network pruning is a technique used to reduce the size of a neural network by
removing less important weights, neurons, or layers, thus making the model more efficient
without significantly compromising its performance. The primary goal of pruning is
to reduce the computational complexity, memory usage, and inference time, which are
crucial for deploying deep learning models in resource-constrained environments, such as
embedded devices.

Pruning techniques can be broadly categorized into three types: unstructured pruning,
structured pruning, and dynamic pruning [36].

• Unstructured Pruning: This approach involves the removal of individual weights
from the neural network based on a certain criterion, such as the magnitude of the
weights. Weights with small magnitudes contribute less to the overall model output
and can be removed with minimal impact on the network’s accuracy. Although
unstructured pruning can significantly reduce the number of parameters, it often
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leads to sparse weight matrices, which may require specialized hardware or libraries
to achieve computational speedup.

• Structured Pruning: In structured pruning, entire neurons, filters, or even layers are
removed from the network. This approach results in a more compact and efficient
architecture that can be directly deployed on existing hardware without the need for
sparse matrix operations. Common structured pruning techniques include pruning
channels in convolutional layers or pruning entire layers based on their contribution
to the network’s output.

• Dynamic Pruning: Unlike static pruning, which is performed before or after training,
dynamic pruning involves adjusting the network’s architecture during training. This
technique can adaptively add or remove weights, neurons, or layers in response
to changes in the loss function or other metrics. Dynamic pruning aims to find
an optimal balance between model size and performance throughout the training
process.

We can illustrate the unstructured and structured pruning in Figure 2.20, referring to how
the pruning is performed in a weight matrix of a model. [37]

Figure 2.20: Unstructured pruning (left panel) versus structured pruning (middle and right panels).
[37]

Several methods have been proposed for neural network pruning, each with its own set of
advantages and limitations [36]:

• Magnitude-Based Pruning: This method removes weights with the smallest magni-
tudes, under the assumption that such weights have the least impact on the network’s
output. It is simple to implement and can be applied to both fully connected and
convolutional layers.
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• Sensitivity-Based Pruning: Sensitivity-based pruning measures the change in the
loss function when a weight or neuron is removed. Weights or neurons with a
minimal impact on the loss function are pruned. This approach can achieve a higher
degree of compression but may involve more computational overhead compared to
magnitude-based pruning.

• Regularization-Based Pruning: Incorporating regularization techniques, such as
L1 or L2 regularization, during training can encourage sparsity in the weights. By
adding a penalty term to the loss function, the network learns to reduce the magnitude
of certain weights, making them candidates for pruning.

• Lottery Ticket Hypothesis: This approach is based on the idea that there exists a
smaller subnetwork, referred to as the winning ticket which, when trained in isolation,
can achieve comparable performance to the original larger network. Identifying
this subnetwork through iterative pruning and retraining can yield a more efficient
model.

While pruning can effectively reduce the number of parameters and computational com-
plexity, it can also potentially degrade the model’s performance if not done carefully. To
mitigate this, fine-tuning is often performed after pruning to restore the model’s accuracy.
In some cases, iterative pruning and fine-tuning cycles can be used to achieve higher levels
of compression without significant loss of accuracy.

Neural network pruning has been widely used in various applications, such as deploying
deep learning models on edge devices, accelerating inference in real-time applications,
and reducing the energy consumption of neural networks. By optimizing the model’s size,
pruning allows for faster computation, lower memory requirements, and increased power
efficiency, making it a crucial technique for practical deep learning deployment.

Despite its benefits, neural network pruning poses several challenges. Determining the
optimal amount of pruning without compromising the model’s generalization capabilities
remains an open problem. The effect of the amount of unstructured and structured pruning
on the model performance is investigated in detail in this study.
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2.9 Edge Artificial Intelligence and Tiny Machine
Learning

Edge Artificial Intelligence (Edge AI) refers to the deployment of AI algorithms directly
on edge devices, such as smartphones, IoT devices, and other embedded systems [38].
Edge AI allows for data processing to occur at the source of data generation, rather
than relying on centralized cloud servers. This decentralized approach offers several
advantages, including reduced latency, enhanced privacy, and decreased dependency on
constant network connectivity [39].

The shift towards Edge AI is driven by the increasing demand for real-time AI applications
across various domains, including healthcare, automotive, and industrial automation. In
the context of Parkinson’s tremor detection, Edge AI enables the deployment of machine
learning models on portable or wearable devices, such as smartwatches or medical sensors,
allowing for continuous monitoring and analysis of patient data without the need for
constant cloud connectivity.

To effectively implement Edge AI, several considerations must be addressed. These
include optimizing the model for the limited computational resources available on edge
devices, ensuring efficient energy consumption, and managing the trade-offs between
model accuracy and resource usage. Techniques such as model compression, quantization,
and pruning (as discussed in the previous sections) are commonly employed to enable AI
models for edge deployment.

Furthermore, advances in hardware design have played a pivotal role in the rise of Edge AI.
Modern edge devices are equipped with specialized hardware accelerators, such as GPUs,
TPUs, and dedicated AI processors, which are optimized for the efficient inference with AI.
These advancements enable complex ML models to be deployed on edge devices [40].

In summary, Edge AI enables ML models to run on embedded devices. For Parkinson’s
tremor detection, this means enabling real-time analysis and monitoring on portable or
wearable devices, and therofore improving patient care and and their quality of life.

Tiny Machine Learning (TinyML) refers to the deployment of machine learning algorithms
on low-power microcontroller units (MCUs) and other embedded devices with constrained
computational resources. TinyML represents a convergence of embedded systems, machine
learning, and IoT (Internet of Things), enabling intelligent data processing directly at the
edge. Unlike traditional ML workflows that involve sending data to powerful cloud servers
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for inference, TinyML brings the capabilities of machine learning closer to the source of
data collection, thus enabling real-time processing, reducing latency, and ensuring data
privacy [37].

Figure 2.21: TinyML is at the intersection of artificial intelligence and internet of things (IoT).
[37]

The motivation for TinyML arises from the limitations of cloud-based machine learning
and the growing demand for low-latency, energy-efficient, and privacy-preserving solutions.
In many applications such as wearable health monitoring, environmental sensing, and
smart home automation, continuous data transmission to the cloud can be impractical due
to bandwidth constraints, energy consumption, and privacy concerns. TinyML addresses
these challenges by allowing devices to perform local inference, making it feasible to
deploy intelligent algorithms in resource-constrained environments.

However, the adoption of TinyML comes with significant challenges [37]:

• Computational Constraints: Typical microcontrollers, with clock speeds ranging
from 1-100 MHz and memory sizes in the kilobytes to a few megabytes, provide a
fraction of the computational power available in modern CPUs or GPUs.

• Power Efficiency: Many applications require devices to run on batteries or energy-
harvesting solutions, making energy-efficient algorithms critical for prolonged device
operation.
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• Limited Storage and Memory: TinyML models must be compact and optimized to
fit within the small memory footprints available on embedded devices.

• Real-Time Performance Requirements: Many edge applications require rapid
inference times to support real-time decision-making.

Addressing the challenges of deploying machine learning on microcontrollers involves a
variety of techniques that optimize both the models and the hardware [37]:

• Model Compression: Techniques such as quantization, pruning, and knowledge
distillation are employed to reduce model size and complexity. Quantization involves
converting floating-point weights to lower precision (e.g., 8-bit integers), signifi-
cantly reducing memory usage and computational overhead. Pruning eliminates
less important connections in the network, while knowledge distillation transfers the
knowledge from a large model (teacher) to a smaller model (student).

• Efficient Neural Network Architectures: Lightweight models such as MobileNet,
SqueezeNet, and Tiny-YOLO are designed specifically for low-resource environ-
ments. These architectures often use depthwise separable convolutions or grouped
convolutions to reduce the number of parameters and computation requirements.

• Hardware Acceleration: Specialized hardware accelerators (e.g., ARM’s Cortex-M
series with DSP extensions, and Google’s Edge TPU) can significantly speed up
model inference while maintaining low power consumption. These accelerators
are designed to execute operations like matrix multiplication and convolution more
efficiently than general-purpose MCUs.

• On-device Training: Although most TinyML applications focus on inference, on-
device training is becoming an area of research interest. Techniques such as federated
learning enable distributed model training across multiple devices, preserving privacy
by keeping data local.

TinyML is becoming popular especially in healthcare industry [41]. Wearable devices
with embedded sensors can utilize TinyML for health monitoring tasks, such as detecting
abnormal heart rhythms, classifying sleep stages, or predicting seizures. Since inference
happens on the device, privacy is enhanced, and real-time alerts can be generated without
cloud connectivity.

To conclude, TinyML represents a transformative shift in AI, as it makes it possible to
deploy machine learning models on resource constraint environments, such as embedded
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devices. As the capabilities of embedded devices and optimization techniques continue
to advance, the range of potential applications will expand, enabling innovation across
various fields, particularly in healthcare.

Having established the theoretical background, we now turn to a review of recent literature
to understand the current state of Parkinson’s tremor detection. Then, we review the current
literature on Edge AI and TinyML.
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3 Literature Review on Parkinson’s Tremor
Detection and Edge AI

This section presents an extensive review of prior work in Parkinson’s tremor detection,
examining both traditional and novel ML methods. This section also presents the literature
on Edge AI and TinyML.

Wearable devices and IMU sensors are used in the field of Human Activity Recognition
(HAR), with applications in healthcare, military, and consumer contexts. Lara et al. [42]
makes a extensive review on HAR systems and the algorithms that are mainly used. The
paper reviews feature extraction techniques, including time-domain and frequency-domain
analysis, which transform raw data into meaningful features. The paper also reviews
machine learning classifiers like decision trees, neural networks, and ensemble methods
commonly used in HAR systems. The paper also discusses the potential of wearable-based
HAR for real-time applications, where limitations in accuracy, energy consumption, and
user flexibility remain open areas for future research.

There have been numerous studies focused on using wearable devices for tremor detection.
Specifically, IMU data is used in these studies, and IMU data is shown to be useful in
tremor detection both inside and outside of the clinical environment.

De et al. conduct an extensive review which discusses the current applications of machine
learning in tremor analysis, with a particular focus on its potentials and limitations [43].
They show that machine learning applied to accelerometric data gives promising results
in the detection of Parkinson’s tremor. The authors discuss common challanges in this
area, such as inconsistent diagnostic criteria, non-standardized experimental setups, and
small sample sizes, which limit generalizability and clinical application. They show that
for effective classification of Parkinson’s tremor, linear models like SVMs and ensemble
algorithms, as well as deep learning models like CNN and RNN are used.

Pasluosta et al. discuss the possibility of monitoring PD patients outside the lab environ-
ment by leveraging a laterally distributed platform, such as the Internet of Things (IoT)
[5]. They argue that real-time motion metrics could be obtained for PD patients by placing
lightweight sensors on the patient’s clothes and obtaining data from these sensors, which
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could be directed to a medical database and further processed using intelligent algorithms.
By using such a technology, it is possible to gather huge amounts of patient data outside
the clinical environment. The collected data could be used to detect threatening conditions,
adjust medications accordingly, and plan strategies to modify disease progression.

Barth et al. make use of IMU sensors, apply gait analysis and measure gait patterns in PD
to distinguish mild and severe impairment of gait [44]. They extract 12 features from IMU
sensors placed on the shoe and use these features in a classifier to detect PD symptoms. The
method they use is successful in identifying PD-associated gait patterns and distinguishing
different levels of gait impairments.

Eskofier et al. discuss the use of wearable sensor technology to monitor the motor symp-
toms in PD patients with a particular focus on using deep learning to detect bradykinesia,
a major symptom other than tremor [45]. The motivation is similarly to accurately monitor
the bradykinesia to enhance the treatment and therapy of PD patients. To detect bradykine-
sia, they use IMU data, which they collect through specific tasks such as finger-to-nose
movements and pronation-supination exercises. In this study, they compare various tradi-
tional machine learning methods, such as SVM, kNN and AdaBoost, with deep learning
approaches, particularly convolutional neural networks (CNNs). They conclude that the
deep learning approaches, which can automatically extract features from raw data, outper-
form traditional machine learning techniques in detecting bradykinesia, with an accuracy
improvement of at least 4.6%.

Sigcha et al. propose a system for the automatic detection of resting tremors in PD
patients using smartwatches equipped with triaxial accelerometers [46]. They gathered
accelerometer data from 18 PD patients performing some activities while wearing a
smartwatch. The system they developed collects the motion data and assesses tremors
based on their severity. To accomplish this they use a CNN to classify both the context
(whether the patient is at rest) and the presence of tremors simultaneously. Their system
achieved high accuracy in detecting tremors, with performance closely aligning with
clinical assessments.

San-Segundo et al. present a study using wrist-worn accelerometers to detect tremors
in PD patients in both laboratory and real-world settings [47]. The study discusses
various feature sets and ML algorithms for detecting PD tremors using IMU data, also
considering real-world challenges such as weak labeling, high patient variability, and the
distinction between tremors and daily activities. They gathered data from PD patients in
both controlled laboratory settings and real-world scenarios. Then, they compared several
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feature sets, such as energy thresholds in the 3-9 Hz band, traditional statistical features
(e.g., mean, variance), and learned features through CNNs. They also focused on detecting
tremors in the wild (in the real world), which is a challenging problem due to the weak
labeling of the data. They employed weakly supervised learning algorithms that could
work with imprecise labeling of the data. The method they propose integrates a tremor
spectrum extraction technique into a CNN that is called CNN-T/NT. This method is shown
to be the best-performing model in tremor detection, which outperforms traditional ML
algorithms such as Random Forests and Support Vector Machines.

Papadopoulos et al. presents a novel approach for detecting Parkinson’s tremor using IMU
data gathered in real-world, unsupervised setting [48]. They propose multiple-instance
learning, where each subject is represented by a bag of IMU signal segments and labeled
based on whether tremor was observed. This approach can handle coarse labels without
requiring continuous annotations. The model they use employs an attention-based pooling
layer that identifies critical instances where segments likely containing tremor within the
bag, which improves classification performance and interpretability. They use a dataset
which includes IMU data from 45 subjects, both PD patients and healthy controls, gathered
through a mobile app. This in-the-wild approach introduces realistic noise and variability
to the noise compared to controlled lab environments. The proposed method provides a
promising solution for PD tremor monitoring outside the lab environment.

The thesis written by Zhang explores methods for detecting Parkinson’s disease (PD)
symptoms, particularly tremors, using wearable accelerometers and machine learning
models. The thesis emphazises two main methods [49]. First, it proposes a technique
named stratified weakly supervised learning, which is a technique for training on stratified
labels, which approximate the percentage of time tremor symptoms occur. Second, it
examines personalization algorithms such as kernel mean matching and selective transfer
machine, that adjusts models to individual patients’ data without requiring labeled data
for each new user. The author argues that the personalized algorithms improve symptom
detection compared to generic classifiers.

Apart from the increasing interest in using machine learning algorithms on tremor detection,
there has been an increasing interest in deploying artificial intelligence on edge devices,
namely Edge AI. Singh et al. provide a comprehensive overview of Edge AI, focusing
on the integration of AI with edge computing [39]. The survey highlights the growing
importance of deploying AI algorithms on edge devices to process data locally, reducing
latency and bandwidth usage. The authors focus on various applications of Edge AI,

42



3 LITERATURE REVIEW ON PARKINSON’S TREMOR DETECTION AND EDGE AI

including real-time decision-making in healthcare systems. Furthermore, they discuss
the challenges associated with Edge AI, such as limited computational resources and
energy efficiency on edge devices. The paper emphasizes the role of Edge AI in enabling
intelligent, low-latency processing directly on the device, which is critical for time-sensitive
applications.

Roth et al. provide an overview of resource-efficient neural network techniques, with
particular focus on embedded applications, where the available computational and energy
resources are limited [50]. The methods that are mainly discussed in the paper are
quantization, network pruning, and structural efficiency. They discuss that quantization
decreases the memory usage and computational load by reducing the number of bits to
repreresent weights and activations, and thereby achieving fast, low-energy inference on
embedded hardware. Then, network pruning is discussed, which can reduce the size of
the models significantly, by pruning either individual weights or whole structures (such as
channels or neurons), while maintaining performance. Moreover, structural efficiency is
discussed, which is about implementing efficient designs, such as knowledge distillation
(where a small model learns from a larger, complex model), weight sharing, and lightweight
architecture designs, to reduce complexity without a major impact on accuracy. The paper
also discusses various hardware options for deploying these resource-efficient networks,
including CPUs, GPUs, FPGAs, and specialized accelerators, and presents experiments
comparing different compression methods on standard datasets. The work emphasizes
the challenge of balancing efficiency and prediction quality, especially in constrained
environments like embedded devices.

Le et al. makes a comprehensive review on Tiny Machine Learning (TinyML), with a
particular focus on efficient neural networks for deployment on low-power microcontrollers
(MCUs) [37]. They argue that TinyML enables AI-powered applications on resource-
limited devices by using model optimization techniques, such as model compression,
quantization, and pruning, to reduce computational and memory demands. This review
covers various neural network architectures and strateges tailored for TinyML. They dis-
cuss efficient neural networks and lightweight architectures like MobileNet and MCUNet
designed for resource constrained devices. Then, they discuss model compression tech-
niques such as knowledge distillation, model pruning, and quantization to optimize models
while preserving performance. They also discuss deployment challanges such as the
the difficulties of deploying deep learning models on ultra-low-power MCUs, including
limited memory and processing power. They present the applications of TinyML with
MEMS-based applications such as environmental sensing, gesture recognition, and predic-
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tive maintenance that benefit from TinyML. They finally discuss the current limitations
and future directions of TinyML such as trade-offs between model accuracy and resource
usage, the need for specific benchmarks, and potential advancements in hardware and
algorithms.

Another extensive review on Tiny Machine Learning is done by Han et al., with a particular
focus on its application in low-power, resource-constrained devices like microcontrollers
[51]. This systematic review synthesizes 47 publications since 2019 and addresses some
key areas of TinyML. It reviews the hardware that is commonly used to implement TinyML.
Then it reviews the frameworks that are used to deploy models on embedded devices,
such as TensorFlow Lite. Then, some public datasets that are commonly used in TinyML
research is given. Then, the use cases and applications of TinyML are discussed, which
include keyword spotting, image classification, anomaly detection, and motor control.
Then, algorithms such as Convolutional Neural Networks and Deep Neural Networks
which are frequently used due to their adaptability are discussed. The review also highlights
the challenges in the field, including limited datasets, model interpretability, and the need
for hardware-specific optimization. It concludes with recommendations for future research,
advocating for expanded datasets and more robust testing to advance TinyML’s application
in consumer and industrial settings.

There are a numerous other studies on the classification of Parkinson’s disease hand tremors
using various algorithms from more traditional signal processing algorithms to more novel
machine learning algorithms. In this chapter we attempted to explain some of the existing
methods that are promising in classifying Parkinson’s disease hand tremors. We also
present some of the studies in Tables 3.1 and 3.3, which are adapted from Sigcha et al,
[46], as a summary of some of the methods in this field.

This literature review highlighted several promising techniques for tremor detection using
various methods, including machine learning methods. Moreover, there are various papers
that discuss implementing complex machine learning models on embedded devices, with
particular focus on optimization methods such as quantization and pruning. However, gaps
still remain in real-time time detection of Parkinson’s tremor on resource-constrained de-
vices. To address these, we have selected a set of algorithms for evaluation, applied various
optimization methods and presented our results, detailed in the following chapters.
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Table 3.1: Summary of previous work on Parkinson’s tremor detection using wearable sensors
(part 1). Adapted from Sigcha et al. (2021) with minor changes.

Study Year Sensors and
Location

Methods Main Results and
Observations

Patel et al. [52] 2010 8 uniaxial accelerom-
eters (arms and legs)

SVM Achieved low error in
clinical score estimation,
indicating potential for
ambulatory settings.

Rigas et al. [53] 2012 6 accelerometers
(wrists, ankles, ster-
num, waist)

Hidden Markov
Model

High specificity (97%)
and sensitivity (95%) in
tremor detection, demon-
strating capability to dif-
ferentiate PD symptoms;
device count may limit
usability.

Roy et al. [54] 2013 EMG and accelerom-
eters (forearms and
shanks)

Dynamic neural
network

Reported high sensitivity
(92.9%) and specificity
(90.2%) for tremor de-
tection in unconstrained
activities; multi-sensor
setup may be challenging
for real-world use.

Ahlrichs et al.
[55]

2014 Triaxial accelerome-
ter (wrist)

SVM Frequency-domain fea-
tures identified as suffi-
cient for tremor detec-
tion with high sensitivity
(89.4%); setup is some-
what device-specific.
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Table 3.2: Summary of previous work on Parkinson’s tremor detection using wearable sensors
(part 2). Adapted from Sigcha et al. (2021) with minor changes.

Study Year Sensors and
Location

Methods Main Results and
Observations

Kostikis et al.
[56]

2015 Smartphone ac-
celerometer and gy-
roscope (wrist)

Machine
learning

Reported accuracy of
82% for PD patients; sim-
ple setup demonstrates
potential for consumer-
level monitoring solu-
tions.

Braybrook et al.
[57]

2016 Triaxial accelerome-
ter (wrist)

Spectral
thresholding

Specificity and selectiv-
ity around 92%; effective
for ambulatory assess-
ment with limited flexi-
bility for non-standard ac-
tivities.

Jeon et al. [58] 2017 Watch-like
device (accelerome-
ter and gyroscope)

Machine
learning

Achieved accuracy of
85.5% in tremor scoring;
watch-like design could
be more user-friendly for
patients in daily life.

Kim et al. [59] 2018 Triaxial accelerom-
eter and gyroscope
(wrist)

CNN Achieved accuracy of
85%, indicating deep
learning’s effectiveness
for tremor detection with
consumer-grade sensors.
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Table 3.3: Summary of previous work on Parkinson’s tremor detection using wearable sensors
(part 3). Adapted from Sigcha et al. (2021) with minor changes.

Study Year Sensors and
Location

Methods Main Results and
Observations

Hssayeni et al.
[60]

2019 Gyroscope (wrist
and ankle)

RNN and Gradi-
ent Tree Boost-
ing

High correlation with
clinical scores (r=0.93);
deep learning approach
demonstrated robustness
but requires significant
computational resources.

Pierleoni et al.
[61]

2019 Watch-like device
(triaxial accelerome-
ter, gyroscope, mag-
netometer)

Thresholding Accuracy of 97.7% for
tremor detection; high re-
liability, though specific
to controlled conditions.

Mahadevan et al.
[62]

2020 IMU watch
(accelerometer)

Threshold and
machine
learning

High correlation (Pear-
son = 0.97) with clinical
tremor constancy scores;
effective but lacks valida-
tion in diverse settings.

San Segundo et
al. [47]

2020 Triaxial accelerom-
eter and gyroscope
(wrist)

CNN Error lower than 5% is
achived when estimating
the percantage of the
tremor in the laboratory
environment.
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In this chapter, we present the evaluation metrics that we use in this study. Then, we
describe the dataset that we use to train and evaluate our models. Finally, we describe the
details of each of the implemented algorithms.

4.1 Evaluation Metrics Used in the Thesis

The performance of classification models is typically evaluated using metrics such as
accuracy, precision, recall, and the F1 score. These metrics help determine how well the
model can generalize from the training data to unseen test data.

To be able to evaluate the various methods that are implemented for real-time Parkinson’s
tremor detection on an embedded device, we use a set of performance metrics that reflect
both the accuracy and efficiency of the models. Accuracy metrics are used to evaluate
the algorithms on how accurately they can predict the tremor, whereas efficiency metrics
are used to evaluate the algorithms in terms of model complexity, energy efficiency, and
prediction latency. Considering these various metrics together makes it possible to assess
trade-offs between them when comparing the algorithms. In this section, the metrics that
are used in the evaluation are briefly described and their mathematical descriptions are
given.

4.1.1 Common Metrics to Evaluate Machine Learning Algorithms

Accuracy: Accuracy is the ratio of correctly predicted instances to the total instances. It
provides a general measure of how well the model is performing.

Accuracy = True Positives + True Negatives
Total Number of Instances

(4.1.1)
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Precision: Precision is the ratio of true positive predictions to the total predicted positives.
It indicates how many of the predicted tremor events are actually correct.

Precision = True Positives
True Positives + False Positives

(4.1.2)

Recall (Sensitivity): Recall is the ratio of true positive predictions to the total actual
positives. It measures the model’s ability to detect true tremor events.

Recall = True Positives
True Positives + False Negatives

(4.1.3)

F1 Score: The F1 Score is the harmonic mean of precision and recall, providing a single
metric that balances both concerns.

F1 Score = 2× Precision × Recall
Precision + Recall

(4.1.4)

Specificity: Specificity is the ratio of true negative predictions to the total actual negatives.
It measures the model’s ability to correctly identify non-tremor events.

Specificity = True Negatives
True Negatives + False Positives

(4.1.5)

4.1.2 Additional Metrics Related to Implementation on Embedded
Devices

Total Parameters: Total parameters refer to the number of weights and biases in the
model. This metric is critical as it impacts both the computational load and the memory
requirements on embedded devices.

Total Parameters = Number of Model Weights and Biases (4.1.6)
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Model Size: Model size refers to the total memory usage of the model, including all
parameters. This helps determine whether the model can fit within the memory constraints
of an embedded device.

Model Size = Total Bytes of Model Parameters (4.1.7)

Total Mult-Adds: This metric measures the total number of multiplications and additions
required for a single inference, providing insight into the model’s computational efficiency,
which is essential for evaluating its suitability for real-time applications.

Total Mult-Adds = Sum of Multiplications and Additions in the Model (4.1.8)

Although this thesis primarily focuses on total parameters, model size, and total mult-adds,
these metrics are directly related to throughput, energy consumption, and inference time.
By optimizing these metrics, the model can achieve improved throughput (handling more
inferences per second), reduced inference time (faster predictions), and lower energy
consumption, which are important considerations for real-time applications on embedded
devices.

4.2 Description of the Training Dataset

This chapter describes the dataset that is used for training the various ML algorithms that are
evaluated in this thesis. The dataset is obtained from the Human Sensing Lab at Carnegie
Mellon University. The dataset can be found at https://humansensinglab.
github.io/hs_datasets.github.io/parkinson.html

The dataset utilized in this study includes three-axis (X, Y, Z) accelerometer data from
Axivity AX3 devices worn on both wrists, recorded at a 100 Hz sampling rate, which
are then downsampled to 50 Hz. The data collection process received approval from
the Carnegie Mellon University Institutional Review Board, adhering to the Helsinki
Declaration.

Data was gathered from 12 participants aged between 62 and 85 years, all of whom had
been diagnosed with Parkinson’s Disease (PD) 2 to 5 years prior. Participants engaged in
various daily activities such as making sandwiches, writing, typing, playing chess, and
cards, as well as performing motor tasks from Part III of the UPDRS. Sessions were
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recorded from multiple angles (frontal, left side, and right side) to avoid occlusion of hand
movements. Tremor occurrences in the accelerometer data were identified and labeled by
a trained individual, using video recordings to ensure accuracy and consistency.

Further information about the dataset can be found at [47] and [49].

4.3 Baseline Features for Parkinson’s Tremor
Classification

In this study, we extracted several baseline features from accelerometer data for observing
the differences of each of the features for tremor and not tremor cases, and classifying
tremor in Parkinson’s disease patients. These features are computed in both the time and
frequency domains, as detailed below:

4.3.1 Time-Domain Features

The following features were computed from the raw accelerometer signals:

• Mean: The mean value of the signal for each axis x, y, and z, which gives a measure
of the central tendency of the signal.

Mean = 1
N

N∑
i=1

xi

• Standard Deviation (STD): A measure of the amount of variation or dispersion in
the signal around the mean value.

STD =

√√√√ 1
N

N∑
i=1

(xi − x̄)2

• Median: The median is the middle value of the sorted signal and is less sensitive to
outliers than the mean.

Median = Median(x1,x2, . . . ,xN )
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• Max and Min Values: The maximum and minimum values of the signal, which
help capture the amplitude and range of the signal.

Max = max(x1,x2, . . . ,xN ), Min = min(x1,x2, . . . ,xN )

• RMS (Root Mean Square): The RMS value is a measure of the magnitude of
the signal and is calculated for each axis x, y, and z. The RMS provides a useful
measure of signal energy.

RMS =

√√√√ 1
N

N∑
i=1

x2
i

where xi is the signal amplitude at time i, and N is the number of samples in the
window.

• Skewness: Skewness measures the asymmetry of the signal distribution. A skewness
value near zero indicates a symmetric distribution, while positive or negative values
indicate right or left skew, respectively.

Skewness = 1
N

N∑
i=1

(
xi − x̄

σ

)3

• Kurtosis: Kurtosis quantifies the tailedness of the signal distribution, i.e., how much
of the signal is concentrated in the tails.

Kurtosis = 1
N

N∑
i=1

(
xi − x̄

σ

)4

• Entropy: Signal entropy measures the complexity and irregularity of the signal,
with higher values indicating more complex signals.

Entropy = −
∑

p(xi) logp(xi)

where p(xi) is the probability distribution of the signal values.
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4.3.2 Frequency-Domain Features

The following features were computed based on the power spectral density (PSD) of the
signal using the Welch method:

• Power in 0-3 Hz Band: This feature captures the signal power within the 0-3 Hz
frequency range, which typically corresponds to non-tremor activities.

P0−3 =
3∑
0

P (f)df

where P (f) is the power spectral density at frequency f .

• Power in 3-9 Hz Band: This feature captures the signal power within the 3-9 Hz
frequency range, typically associated with tremor activity in Parkinson’s disease.

P3−9 =
9∑
3

P (f)df

• Peak Frequency: The peak frequency is the frequency at which the PSD reaches its
maximum value, representing the dominant frequency component in the signal.

fpeak = argmaxP (f)

4.4 High-pass Filtering to Remove the Effect of
Gravity

Regardless of the classification algorithm used, one of the most common prepro-
cessing steps when working with IMU signals, especially in Parkinson’s tremor
detection, is the application of a high-pass filter to remove the effect of gravity from
the IMU signals and, therefore, to improve the performance of the algorithms. When
designing a filter, we should be aware that the filter coefficients are usually quantized
when implemented in an embedded device. The quantization of filter coefficients
may have the effect of moving the poles and zeros slightly compared to the filter that
uses coefficients with floating-point precision. The shifting of the poles might be
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acceptable as long as the poles do not move outside the unit circle in the pole-zero
plot and the resulting frequency response of the filter is still appropriate for the task.

In this section, we will discuss how the quantization affects the designed filter by
observing the frequency responses and pole-zero plots for both the unquantized and
quantized filter coefficients for different levels of quantization. Note that since the
sampling rate of the IMU sensor is 50 samples/second, the shown impulse responses
go from 0 Hz to 25 Hz, consistent with the Nyquist theorem.

The filter was designed as a third-order Butterworth high-pass filter with a cutoff
frequency of 1 Hz. The quantization is applied with 8-bit and 16-bit precision, and
the effect of quantization on the filters is observed.

Figures 4.1, 4.2, and 4.3 show the frequency and phase responses for the floating-
point, 16-bit quantized, and 8-bit quantized filters, respectively.

Figure 4.1: Frequency and phase response of the filter (Floating-point).

The pole-zero plots in Figures 4.4, 4.5, and 4.6 illustrate the effects of quantization on
the filter’s poles and zeros for the floating-point, 16-bit, and 8-bit implementations.

When we observe the frequency responses and the pole-zero plots, even though the
frequency responses were altered and the poles and zeros were shifted compared

54



4 METHODS

Figure 4.2: Frequency and phase response of the filter (16-bit quantized).

Figure 4.3: Frequency and phase response of the filter (8-bit quantized).
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Figure 4.4: Pole-zero plot of the filter (Floating-point).

Figure 4.5: Pole-zero plot of the filter (16-bit quantized).
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Figure 4.6: Pole-zero plot of the filter (8-bit quantized).

to the filter with an unquantized coefficient, the filters are still able to remove the
low-frequency components that result mainly from the effect of gravity on the IMU
sensor. We see that the poles are still in the unit circle, meaning that the quantization
of the filter coefficients does not lead to unstable filters.

As it can be seen in Figures 4.7 and 4.8 the plots of the signal filtered with 16-bit and
8-bit quantized filter coefficients, filtering with both filters give results very similar
to the signal filtered with floating-point unquantized coefficients. All the filters, both
quantized and unquantized, where able to remove the effect of gravity, by removing
the DC component from the signals, while preserving the shape of the signals. We
do not observe any significant difference between the filtered signals, both for the
not-tremor and the tremor case.

To conclude, when implementing the filtering on an embedded device as a preprocess-
ing step we can use these filters with 8-bit or 16-bit quantized coefficients, depending
on the required accuracy of the filtering step and the available computational power
of the embedded device.
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Figure 4.7: Effects of filtering with unquantized and quantized filter coefficients on the not-tremor
signal.
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Figure 4.8: Effects of filtering with unquantized and quantized filter coefficients on the tremor
signal.
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4.5 Implementation of Algorithms

This section describes the implementation of several machine learning models that
are used for the initial experiments on detecting Parkinson’s tremor using data
from wearable Inertial Measurement Unit (IMU) sensors. The models include
two Convolutional Neural Networks (CNN), a Support Vector Machine (SVM),
a Random Forest (RF), and a Recurrent Neural Network (RNN). Each model is
designed to classify tremor and non-tremor movements from IMU data. Data
preprocessing, feature extraction, and model architectures are explained in detail in
this section. All models are evaluated using Leave One Group Out Cross Validation
(LOGO-CV) to ensure robustness and generalizability across different patients.

4.5.1 Data Preprocessing

All models in this study use the same preprocessing steps:

– High-Pass Filtering: A Butterworth high-pass filter with a cutoff frequency
of 1 Hz and an order of 3 is applied to the IMU data to remove the effect of
gravity while maintaining higher frequencies associated with tremor activity.

– Windowing: IMU data is segmented into overlapping windows to capture
temporal patterns. For the initial experiments, each window contains 150
samples, and adjacent windows overlap by 100 points to ensure sufficient
data for capturing movement dynamics. In the later experiments the effect of
window lenght is investigated to find a good trade-off point to find a balance
between model performance and inference time.

– Data Augmentation: To improve model generalization, Gaussian noise ad-
dition as an augmentation is applied. The augmentations introduce slight
variations to simulate different sensor conditions.

Figure 4.9: Data preprocessing pipeline.
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4.5.2 Details of the Implemented Models

Support Vector Machines

The SVM classifier is trained using features extracted from the frequency domain.
The key steps in the implementation are as follows:

– Feature Extraction: For each window of IMU data, the Fast Fourier Transform
(FFT) is applied to compute the energy in specific frequency bands. Energy in
the 0Hz-3Hz and 3Hz-9Hz bands is computed for each axis of the IMU data
(X, Y, Z).

– Normalization: The energy in the 3Hz-9Hz band is normalized by the total
energy of the signal to make the features comparable across different windows.

– Model Training: An SVM classifier is trained on the extracted features. Leave
One Group Out Cross Validation (LOGO-CV) is used, where each group
corresponds to a unique patient.

Random Forest

The random forest classifier makes use of the outputs of multiple decision trees to
improve classification accuracy. The steps are as follows:

– Feature Extraction: Similar to the SVM, the FFT is applied to compute energy
in specific frequency bands (0Hz-3Hz and 3Hz-9Hz). These features are then
used for classification.

– Model Training: A Random Forest classifier with 100 decision trees is trained
on the extracted features. Each tree is trained on a subset of the data, and the
final classification is based on a majority vote of the trees’ predictions.

– Evaluation: LOGO-CV is used to evaluate the model’s performance, ensuring
generalization across different patients.
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CNN with 1 Convolutional Layer

CNN with 1 convolutional layer is a Convolutional Neural Network model designed
to classify tremors with minimal computational complexity, suitable for deployment
on edge devices. The model’s architecture is as follows:

– Input: The input to the model consists of three channels (X, Y, Z axes of IMU
data), with a window size of 150 samples.

– Convolutional Layer: A single 1D convolutional layer is applied with 32
filters, a kernel size of 3, and ’same’ padding. This layer extracts low-level
features from the IMU data, focusing on short-term dependencies between data
points.

– Pooling Layer: A MaxPooling layer with a pool size of 2 and a stride of 2
is used to reduce the dimensionality of the feature maps, making the network
computationally efficient.

– Fully Connected Layers: After flattening the pooled feature maps, two fully
connected layers are used for classification. The first fully connected layer has
128 neurons, and the second has 64 neurons.

– Activation and Dropout: ReLU activation is used for both fully connected
layers. To reduce overfitting, dropout with a rate of 0.5 is applied.

– Output: A final Softmax layer with 2 output neurons represents the probability
of the input belonging to the tremor or non-tremor class.

CNN with 2 Convolutional Layers

CNN with 2 convolutional layers is a more complex architecture compared to CNN
with 1 convolutional layer. It gets the same input as the CNN with 1 convolutional
layer; however, it uses two convolutional layers to extract deeper and more abstract
features from the IMU data:

– Convolutional Layers: The first convolutional layer uses 32 filters with a
kernel size of 3, followed by a second convolutional layer with 64 filters with a
kernel size of 3. Both layers use ’same’ padding to preserve the input length.
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– Pooling Layer: A max pooling layer is applied after each convolutional layer,
reducing the dimensionality of the feature maps.

– Fully Connected Layers: Similar to CNN with 1 convolutional layer, the
network includes two fully connected layers, with 128 and 64 neurons, respec-
tively.

– Activation and Dropout: ReLU activation is applied after each fully connected
layer, and dropout with a rate of 0.5 is applied to reduce overfitting.

– Output: A final softmax layer with 2 neurons provides the probability of
tremor versus non-tremor.

Recurrent Neural Network

The Recurrent Neural Network (RNN) with Long Short-Term Memory (LSTM)
units is designed to capture temporal dependencies in the IMU data. The architecture
of the model is as follows:

– LSTM Layers: Two LSTM layers, each with 64 hidden units, are used to
process the IMU data. LSTMs are particularly effective for learning tempo-
ral patterns, making them well-suited for time-series data like IMU sensor
readings.

– Fully Connected Layer: The output from the final LSTM layer is passed
through two fully connected layers, with 128 and 64 neurons, similar to the
CNN models.

– Output: A final softmax layer with 2 neurons provides the probability of
tremor versus non-tremor.

4.5.3 Model Training and Evaluation

All models are trained using Leave One Group Out Cross Validation (LOGO-CV)
to ensure that the models generalize well to unseen patients. During each training
iteration, one group (patient) is held out as the test set, and the remaining groups
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are used for training. The following metrics are used to evaluate the models, as
previously explained in more detail:

– Accuracy: The proportion of windows correctly classified as tremor or non-
tremor.

– Precision: The proportion of true tremor cases among the predicted tremor
cases.

– Recall: The proportion of actual tremor cases correctly identified by the model.

– F1-Score: The harmonic mean of precision and recall.

– AUC: The Area Under the ROC Curve, which summarizes the model’s perfor-
mance across different classification thresholds.

With the methodologies in place, we proceed to evaluate each algorithm’s perfor-
mance across multiple metrics, examining their feasibility for real-time Parkinson’s
tremor detection on embedded devices.
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5 Evaluation of the Implemented Algorithms
and Optimization Methods

In this chapter, we present a comparative evaluation of traditional and machine learn-
ing algorithms, analyzing their performance in distinguishing Parkinson’s tremors.
We further investigate the effect of the window size for the IMU data on the perfor-
mance of the models, to find a balance between accuracy and latency. Moreover,
we conduct extensive experiments with different CNN architectures, and apply op-
timization methods such as pruning and quantization to investigate their effect on
the model performance. The results will guide our recommendations for real-time
embedded implementations.

5.1 Baseline Feauture Extraction

In this section, we provide the histograms and the correlation matrices for the baseline
features that are extracted. To do a comprehensive analysis of the extracted features,
the histograms are plotted for each feature and for each axis of the accelerometer
data. In this way, we can visually inspect the distribution of the features both for not-
tremor and tremor cases. This inspection will give us an idea on how the distribution
of various features differ between tremor and not-tremor cases, which will guide our
selection of the features that we use for some of the algorithms, such as SVM and
random forests. The presented results of the feature extraction can also be used as
reference for other studies on Parkinson’s tremor detection.

12 features are extracted for each of the 3 axes of the accelerometer data; therefore,
we have 36 features in total. The extracted features are mean, standard deviation,
median, maximum, minimum, root mean square, skewness, kurtosis, entropy, power
in 0-3 Hz and 3-9 Hz frequency bands and the peak frequency. These features are
designed to capture important statistical and frequency domain properties of the
accelerometer data, which then can be used in distinguishing between not-tremor
and tremor movements. The detailed explanation and mathematical description of
these features are already given in the methods chapter. The histograms for the
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extracted baseline features for X, Y, and Z axes of the accelerometer data are given
in Figures 5.1, 5.2, and 5.3, respectively.

We also present the correlation matrices for the extracted baseline features from the
X, Y, and Z axes of the accelerometer data in Figures 5.4, 5.5, and 5.6, respectively.
A correlation matrix provides a numerical measure of how strongly two features
are correlated, ranging from -1 to 1. A correlation value of 1 indicates a perfect
positive correlation, meaning that as one feature increases, the other also increases
in a proportional manner. Conversely, a correlation value of -1 represents a perfect
negative correlation, where one feature increases while the other decreases. A
correlation value of 0 implies that there is no relationship between the two features.

When we inspect the histograms, we see that the distributions for all the features
have significant overlap between tremor and not-tremor movements, which shows
the difficulty of distinguishing between tremor and not-tremor using hand-crafted
features. This suggests using neural networks to extract the features from accelerom-
eter signals in a non-linear way might be advantageous and outperform approaches
that use hand-crafted features, which is also shown in numerous other studies, as
discussed in the literature review chapter.

5.2 Performance Evaluation of the Algorithms without
Pruning and Quantization

In this section, we present the initial results of the performance evaluation of various
algorithms for Parkinson’s tremor detection without applying quantization and prun-
ing. The primary objective is to assess and compare the performance of different
models before we move into experimenting with various model optimization meth-
ods, such as quantization and pruning. The evaluation includes a simple FFT-based
energy thresholding algorithm, traditional machine learning models such as Random
Forest Classifier and Support Vector Machine, as well as deep learning models like
Convolutional Neural Networks and Recurrent Neural Networks.

We begin by comparing the common performance metrics, such as accuracy, pre-
cision, recall, F1 score, specificity, and area under the ROC curve (AUC) for each
model. The goal of this comparison is to see how well each model can distinguish
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Figure 5.1: Histograms of the baseline features extracted from the x-axis of the accelerometer for
tremor and not tremor cases.
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Figure 5.2: Histograms of the baseline features extracted from the y-axis of the accelerometer for
tremor and not tremor cases.
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Figure 5.3: Histograms of the baseline features extracted from the z-axis of the accelerometer for
tremor and not tremor cases.
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Figure 5.4: Correlation matrix of the baseline features extracted from the x-axis of the
accelerometer
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Figure 5.5: Correlation matrix of the baseline features extracted from the y-axis of the
accelerometer
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Figure 5.6: Correlation matrix of the baseline features extracted from the z-axis of the
accelerometer
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between tremor and non-tremor cases, before we move into further experiments with
optimization.

After our first evaluation, we experiment with varying window sizes and overlaps of
the IMU signal as input to the algoritms on the performance of two selected methods:
the FFT-based energy thresholding algorithm and a CNN with one convolutional
layer. The results of this evaluation can be used to determine the optimal window
lenghth and overlap for the IMU signals as input to the algorithms, to find a good
trade-off point that balances between computational efficiency, detection accuracy,
and latency. The results of these evaluations are presented in both tables and ROC
curves, allowing for a detailed comparison of varying window sizes and overlaps.

5.2.1 Performance Evaluation of Implemented Algorithms

Metric CNN 1
Conv

CNN 2
Conv

RFC RNN SVM FFT

Accuracy 0.79 0.82 0.75 0.76 0.78 0.76
Precision 0.70 0.69 0.60 0.58 0.74 0.59
Recall 0.53 0.69 0.45 0.66 0.39 0.58
F1 Score 0.60 0.69 0.52 0.62 0.51 0.59
Specificity 0.90 0.87 0.87 0.80 0.94 0.83
AUC 0.82 0.86 0.74 0.80 0.68 0.75

Table 5.1: Performance metrics for various models.

Based on the performance metrics presented in Table 5.1 and the ROC curve shown
in Figure 5.7, we can compare the algorithms with each other in terms of various
performance metrics and see how well each algorithm is able to distinguish between
tremor and not-tremor cases.

As it can be seen from the Table 5.1, the CNN with two convolutional layers achieved
the highest accuracy of 82%. This indicates that two convolutional layers makes the
model able to extract more complex features in the tremor data, resulting in better
overall performance. The CNN with one convolutional layer performed slightly
less effectively with an accuracy of 79%. However, it is still a promising model,
which shows that, even a simpler CNN architecture with less convolutional layers
can effectively extract features and distinguish between tremor and not-tremor cases.

73



5 EVALUATION OF THE IMPLEMENTED ALGORITHMS AND OPTIMIZATION METHODS

Figure 5.7: ROC Curves Comparison for Different Models

We get the highest precision with the SVM model, with a precision of 74% (Table
5.1). This indicates that the SVM was the most conservative algorithm in making
positive predictions, and therefore minimizing false positives. However, we should
note that its recall was relatively low at 39%, which means it can not detect a
significant amount of true tremor cases.

On the other hand, the CNN models, particularly the one with two convolutional
layers, balanced precision and recall more effectively, achieving a precision of 69%
and a recall of 69%. Also this balance can be seen at the F1 score, where CNN with
two convolutional layers achieved the highest score of 69%.

Specificity is a measure of the ability of the models to correctly identify non-tremor
cases. The SVM model had the highest specificity of 94% (Table 5.1), which
indicates that the model was successful in avoiding false positives. However, when
we consider its overall performance of distinguishing tremor and not-tremor cases by
considering its AUC of 68%, the lowest among the algorithms, we can conclude that
it was the least successful at differentiating between tremor and not-tremor cases
across different decision thresholds.
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The CNN with two convolutional layers achieved both the highest accuracy of
82% and the highest AUC of 86%. Figure 5.7, shows that it had the best overall
performance in distinguishing between tremor and non-tremor cases. CNN with two
convolutional layer has an ROC curve closest to the top-left corner, which reflects
a strong trade-off between sensitivity (recall) and specificity. The flatter curve of
the SVM model suggests that it was less succesful with this trade-off, which is
consistent with its lower AUC as discussed before.

In conclusion, the CNN with two convolutional layers is the most effective model
for Parkinson’s tremor detection in this study. It offers a good balance between
precision, recall, and specificity, and it outperforms other models in terms of overall
accuracy and AUC (Table 5.1). However, despite its success in distinguishing
between tremor and not-tremor cases, the CNN with two convolutional layers is
computationally more demanding to deploy on an embedded device, compared to
CNN with 1 convolutional layer. Therefore, we should either reduce its complexity
by applying model optimization techniques such as pruning and quantization, or
we should choose another simpler model to implement. In the coming section,
we continue our experiments on varying window sizes and overlaps with CNN
with one convolutional layer, as it has a better balance between performance and
complexity. Additionally, the FFT-based energy thresholding method is selected
due to its simplicity and efficiency, while still providing reasonable performance in
distinguishing tremor and not-tremor cases.

5.2.2 Effect of Varying Window Sizes and Overlaps on FFT
Performance

The performance metrics for the FFT-based energy thresholding method across
different window sizes and overlaps are presented in Table 5.2, and the corresponding
ROC curves are shown in Figure 5.8. These results show how varying window sizes
and overlaps affect the accuracy, precision, recall, F1 score, specificity, and AUC of
the FFT-based energy thresholding algorithm.

The accuracy of FFT-based energy thresholding algorithm increases with larger
window sizes and higher overlaps. The highest accuracy of 78% was achieved with
a window size of 150 samples and an overlap of 50 samples (Table 5.2). This shows
that larger windows enable the model to make better predictions. The smallest
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Metric 30-10 30-20 60-20 60-40 90-30 90-60 120-40 120-80 150-50 150-100
Accuracy 0.68 0.67 0.71 0.70 0.74 0.74 0.76 0.75 0.78 0.78
Precision 0.41 0.41 0.44 0.44 0.48 0.48 0.50 0.50 0.55 0.54
Recall 0.67 0.69 0.64 0.65 0.63 0.62 0.60 0.60 0.55 0.56
F1 Score 0.51 0.51 0.52 0.52 0.54 0.54 0.55 0.55 0.55 0.55
Specificity 0.69 0.66 0.73 0.72 0.78 0.78 0.81 0.80 0.85 0.85
AUC 0.74 0.74 0.74 0.74 0.76 0.76 0.76 0.76 0.75 0.75

Table 5.2: Effect of varying window sizes and overlaps on the performance of the FFT-based
Parkinson’s tremor detection algorithm. The table presents performance metrics,
including Accuracy, Precision, Recall, F1 Score, Specificity, and Area Under the Curve
(AUC) for different combinations of window sizes and overlaps. The window sizes (in
samples) are shown as the first number in each label, with the second number
representing the overlap size.

Figure 5.8: ROC Curves for FFT method with varying window sizes and overlaps.
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window size (30 samples) with the smallest overlap (10 samples) resulted in the
lowest accuracy of 68%, which shows that using smaller window sizes can make the
predictions of the algorithms less reliable.

Precision also improved with larger window sizes, reaching its peak of 55% for a
window size of 150 samples and an overlap of 50 samples. This trend suggests that
the model becomes more conservative, reducing false positives as the window size
increases. However, recall does not follow the same trend, peaking at 69% for a
window size of 30 samples and an overlap of 20 samples. This discrepancy between
precision and recall highlights a trade-off: smaller windows are better at identifying
true tremor cases but also produce more false positives.

Specificity and AUC are also positively correlated with larger window sizes. The
highest specificity of 85% was observed with a window size of 150 samples and
an overlap of 50 samples, indicating that the model was particularly effective in
identifying non-tremor cases under this configuration. The AUC values, which
measure the overall performance of the model across different decision thresholds,
remained relatively stable across the configurations, with the highest AUC of 76%
observed for the largest windows (Table 5.2 and Figure 5.8).

The ROC curves in Figure 5.8 reflect the stability of the FFT thresholding method
across different configurations. Although there is some variation in the curves, the
differences are not substantial, indicating that the FFT method is robust to changes
in window size and overlap. The curves for larger window sizes are generally closer
to the top-left corner of the plot, confirming that these configurations offer better
performance.

In conclusion, the FFT thresholding method demonstrates improved performance
with larger window sizes and higher overlaps. This improvement is particularly
evident in metrics such as accuracy, precision, and specificity. However, there
is a trade-off between precision and recall that must be carefully managed. The
consistent AUC values across different configurations suggest that the FFT method
is a reliable and robust approach to tremor detection, especially when computational
simplicity and efficiency are required.
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5.2.3 Effect of Varying Window Sizes and Overlaps on CNN with
1 Convolutional Layer Performance

Metric 30-10 30-20 60-20 60-40 90-30 90-60 120-40 120-80 150-50 150-100
Accuracy 0.74 0.75 0.75 0.77 0.76 0.76 0.75 0.77 0.75 0.74
Precision 0.56 0.56 0.57 0.59 0.58 0.59 0.57 0.60 0.56 0.56
Recall 0.73 0.72 0.68 0.73 0.69 0.72 0.70 0.68 0.64 0.64
F1 Score 0.63 0.63 0.62 0.65 0.63 0.65 0.63 0.64 0.60 0.60
Specificity 0.75 0.76 0.78 0.78 0.79 0.78 0.78 0.81 0.79 0.79
AUC 0.82 0.82 0.81 0.84 0.83 0.83 0.82 0.83 0.80 0.79

Table 5.3: Effect of varying window sizes and overlaps on the performance of the CNN with 1
convolutional layer. The table presents performance metrics, including Accuracy,
Precision, Recall, F1 Score, Specificity, and Area Under the Curve (AUC) for different
combinations of window sizes and overlaps. The window sizes (in samples) are shown
as the first number in each label, with the second number representing the overlap size.

The performance metrics for the CNN with 1 convolutional layer method across
different window sizes and overlaps are presented in Table 5.3, while the corre-
sponding ROC curves are shown in Figure 5.9. These results highlight how different
configurations impact the accuracy, precision, recall, F1 score, specificity, and AUC
of the CNN-based tremor detection model.

The accuracy of the CNN with 1 convolutional layer method shows a marginal im-
provement as the window size increases, with the highest accuracy of 77% achieved
with a window size of 60 samples and an overlap of 40 samples (Table 5.3). This
suggests that mid-range window sizes are optimal for capturing sufficient temporal
information while avoiding the pitfalls of overly large or small windows. Smaller
window sizes, such as 30 samples with a 10-sample overlap, yielded slightly lower
accuracy (74%), indicating that they might not capture enough information for
effective classification.

Precision generally improves with larger window sizes, peaking at 60% for a window
size of 120 samples and an overlap of 80 samples. This indicates that larger windows
allow the model to be more conservative, reducing false positives. However, recall is
highest at 73% for the smallest window size (30 samples with a 10-sample overlap),
highlighting a trade-off: smaller windows are better at identifying true tremor cases
but may produce more false positives. As window size increases, recall decreases
slightly, reflecting a shift in the model’s sensitivity.
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Figure 5.9: ROC Curves for CNN with 1 convolutional layer method with varying window sizes
and overlaps.

Specificity and AUC tend to improve with increasing window sizes and overlaps.
The highest specificity of 81% was observed with a window size of 120 samples
and an overlap of 80 samples, indicating that the model was particularly effective
at identifying non-tremor cases under this configuration. The AUC values, which
measure the overall performance of the model across different decision thresholds,
also reflect this trend, with the highest AUC of 84% observed for a window size of
60 samples and an overlap of 40 samples (Table 5.3 and Figure 5.9).

The ROC curves in Figure 5.9 demonstrate the stability of the CNN with 1 convolu-
tional layer method across different configurations. While there is some variation in
the curves, particularly for the smaller and larger windows, the differences are not
drastic. The curves for mid-range window sizes (e.g., 60 samples with a 40-sample
overlap) are closest to the top-left corner of the plot, indicating the best trade-off
between sensitivity (recall) and specificity under these configurations.

In conclusion, the CNN with 1 convolutional layer method shows consistent perfor-
mance across varying window sizes and overlaps, with mid-range configurations
(e.g., 60 samples with a 40-sample overlap) offering the best balance between accu-
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racy, precision, and recall. The model’s robustness across different configurations, as
reflected in the stable AUC values, suggests that it is well-suited for tremor detection
tasks. However, there is a notable trade-off between precision and recall that should
be considered when selecting the optimal window size for deployment.

5.2.4 Choosing the Window Size and Overlap

Based on the analysis of varying window sizes and overlaps for both the FFT
thresholding and CNN with 1 convolutional layer methods, the window size and
overlap that provide the best balance between accuracy, computational efficiency,
and latency can be identified. For the FFT thresholding method, a window size and
overlap of 90-30 or 90-60 offer a good compromise, delivering reasonable accuracy
and AUC while reducing latency and computational load. For the CNN with 1
convolutional layer method, the configuration with a window size and overlap of
60-40 emerged as the most balanced, achieving the highest accuracy and AUC while
maintaining efficiency and reducing latency. This makes the 60-40 configuration
particularly suitable for deployment in resource-constrained environments, such as
embedded devices, where real-time processing and efficient use of computational
resources are crucial. For the following experiments with different architectures of
convolutional neural networks and with optimization methods such as quantization
and pruning, we choose to continue with the 60-40 configuration. However, we
should note that the selection of the optimum window size and overlap might depend
on the specific application and constraints in performance, latency and computational
load.

5.3 Choosing the Convolutional Neural Network
Architecture

5.3.1 Effect of Model Architecture on Model Size and
Computational Load

We have already seen that CNN model was superior to other models in distinguishing
tremor from not-tremor. We have also found out that using a window size of 60 sam-
ples (around 1 second) has a good trade-off between the classification performance,
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latency, and computational efficiency. In this section, we will experiment further with
different CNN architectures to understand the trade-offs between the classification
performance, model size and total number of multiplication and addition operations
needed for inference.

The choice of the CNN architecture is critical, as we aim to optimize various factors
at the same time such as the classification performance, the model size, model
complexity, and the number of operations needed for inference. In this study, we
implemented 12 convolutional neural network architectures, with varying number of
convolutional layers and fully connected layers. We vary the number of convolutional
layers between 1 to 3 and the number of fully connected layers between 1 to 4. The
number of total parameters, the model sizes of the unquantized and quantized models,
and the total number of multiplication-addition operations for inference are given
in Tables 5.4-5.7. The details of the configurations for each of the architecture are
given in the Appendix.

Table 5.4: Total Parameters (in Thousands)
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 41.5 90.8 92.8 93.3
2 Conv 31.3 64.2 66.2 66.7
3 Conv 47.8 72.5 74.5 75.0

Table 5.5: Unquantized Model Size (MB)
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.17 0.36 0.37 0.37
2 Conv 0.14 0.27 0.28 0.28
3 Conv 0.21 0.31 0.32 0.32

Table 5.6: 8-bit Quantized Model Size (MB)
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.04 0.09 0.09 0.09
2 Conv 0.03 0.07 0.07 0.07
3 Conv 0.05 0.08 0.08 0.08

From the Tables 5.4-5.7, we see that it is difficult to draw general conclusions
about how the number of convolutional and fully connected layers effect the model
size and the number of operations required for inference, since they depend on the
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Table 5.7: Total Mult-Adds (in Millions)
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.06 0.11 0.11 0.11
2 Conv 0.16 0.20 0.20 0.20
3 Conv 0.30 0.33 0.33 0.33

specific configuration of the convolutional neural network. Nevertheless, we can
do some observations. We observe that adding an extra fully connected layer to the
network generally has a more significant effect on the number of total parameters
and on the model size, due to its dense configuration. However this effect gets
significantly small when the third and fourth fully connected layers are added, since
the number of input and output nodes are smaller for these layers compared to the
first and second fully connected layers. We also observe that, while the increase
in the number of fully connected layers has a smaller effect on the total number of
multiplication-addition operations needed for inference, the increase in the number
of convolutional layers significantly increase the total number of multiplication and
addition operations needed for inference.

To summarize, while it is difficult to draw general conclusions on how to optimize the
model size and the total number of multiplication and addition operations needed for
inference by only considering the number of fully connected layers and convolutional
layers, we should give a special consideration to the number of fully connected layers
if we want to minimize the model size and we should give a special consideration
to the number of convolutional layers if we want to minimize the total number of
operations needed for inference, and therefore optimize the computational load.

In the next section, we train and evaluate the 12 convolutional neural network
architectures that are implemented.

5.3.2 Evaluation Results for Various CNN Architectures

In this section, we train and evaluate the CNN architectures that are implemented with
varying number of convolutional layers and fully connected layers. The main purpose
of this section is to investigate how the CNN architecture effects the performance
of the CNN, and how should we decide on the CNN architecture considering the
trade-offs between model performance, model size and computational efficiency.
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Figure 5.10: ROC Curves for Different CNN Architectures with Varying Number of
Convolutional and Fully Connected Layers.
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Table 5.8: Accuracy Comparison for Different CNN Architectures
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.8078 0.8375 0.8317 0.8369
2 Conv 0.8426 0.8519 0.8435 0.8416
3 Conv 0.8647 0.8563 0.8463 0.8455

Table 5.9: AUC Comparison for Different CNN Architectures
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.8765 0.8811 0.8836 0.8789
2 Conv 0.8902 0.9081 0.9017 0.8914
3 Conv 0.9166 0.9095 0.8990 0.8906

The performance metrics in Tables 5.8-5.12 indicate that models with three convolu-
tional layers consistently outperform those with fewer layers across all metrics. This
improvement suggests that deeper convolutional architectures with more convolu-
tional layers are better equipped to capture the complex patterns in the data, leading
to more accurate and balanced tremor classifications. While adding more fully con-
nected layers does provide some performance improvement, especially when going
from one to two fully connected layers, the impact diminishes with additional fully
connected layers. Particularly, configurations with three convolutional layers and
one or two fully connected layers achieve a high AUC and F1 score, which shows
strong overall classification ability, while also maintaining high recall and specificity.
These results suggest that convolutional depth is crucial for extracting meaningful
features, while additional fully connected layers offer limited value beyond a certain
point, making the 3 convolution and 1 or 2 fully connected layer models the best
performing models in terms of classification performance.

However, as we discussed in the previous section, the more convolutional layers we
have, the more computationally demanding the model is. Therefore, to reduce the
computational load of the algorithm, without significantly affecting the classification
performance, we may prefer one of the 1 or 2 convolutional layer and 1 or 2 fully
connected layer configurations. The actual configuration that would be optimum
depends on the specific requirements of each study.

The ROC curves in Figure 5.10 again demonstrate that model performance improves
with the increasing number of convolutional layers, as configurations with three
convolutional layers achieve higher true positive rates for a given false positive
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Table 5.10: F1 Score Comparison for Different CNN Architectures
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.6801 0.7030 0.7053 0.6988
2 Conv 0.7202 0.7417 0.7300 0.7215
3 Conv 0.7618 0.7491 0.7317 0.7198

Table 5.11: Recall Comparison for Different CNN Architectures
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.7644 0.7197 0.7537 0.7080
2 Conv 0.7580 0.7955 0.7920 0.7679
3 Conv 0.8096 0.8027 0.7842 0.7423

rate compared to those with one or two layers. This again shows that deeper CNN
architectures with more convolutional layers can better capture complex features
essential for distinguishing tremor from not-tremor. Adding more fully connected
layers beyond two, however, does not improve the performance significantly. Even
though configurations with 1 or 2 convolutional layers perform slightly worse than
the ones with 3 convolutional layers, we observe that the differences between the
ROC curves are not that significant, which indicates that we may safely prefer a
smaller CNN model with less number of convolutional layers, therefore optimizing
the model size and complexity, without significantly affecting the classification
performance.

5.4 Performance Evaluation of the Algorithms with
Pruning and Quantization

5.4.1 Evaluation of the Effect of Quantization on CNN

After the initial results we got with the unquantized model, we evaluate the effect of
quantization on model performance, by comparing the evaluation results for both
unquantized and quantized model.

The worklow for the comparison is given in Figure 5.11. We first preprocess the
IMU signals by filtering it with a high pass filter, and windowing it into 1 seconds
of windows. For the following sections, we continue with the training of the CNN
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Table 5.12: Specificity Comparison for Different CNN Architectures
Conv Layers \FC Layers 1 FC 2 FC 3 FC 4 FC

1 Conv 0.8236 0.8805 0.8601 0.8839
2 Conv 0.8734 0.8724 0.8622 0.8684
3 Conv 0.8848 0.8759 0.8689 0.8832

Figure 5.11: Implementation pipeline for the evaluation of the effect of quantization on CNN.

model with 2 convolutional layers and 2 fully connected layers configuration. Then
we quantize the model and save the model parameters for both unquantized and
quantized model. We use the same test set to get the evaluation results for the two
models. Finally, we compare the results with each other to see how quantization
affected the performance of the model.

The results show that post-training quantization provides nearly the same perfor-
mance as the unquantized model. This makes post-training quantization a practical
method to optimize the CNN model, especially when the reduction of the model size
and the inference speed are critical factors. In this case, post-training quantization
almost preserves original model accuracy and class separability, while significantly
improving the model size, inference speed and energy efficiency.
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Model AUC Accuracy Precision Recall F1 Score
Unquantized 0.9077 0.8533 0.7056 0.7742 0.7383

Post-Training Quantized 0.9075 0.8529 0.7047 0.7735 0.7375

Table 5.13: Performance metrics comparison between Unquantized and Dynamically Quantized
models

Quantization aware training involves additional training with simulated quantization
during forward and backward passes, requiring significant computational resources
and implementation effort. This extra effort may be justified if the performance of
the post-training quantization is not good enough and the model’s architecture is
particularly sensitive to quantization. In our case, given the strong performance of
post-training quantization, obtaining results for quantization-aware training is not
necessary.

5.4.2 Evaluation of the Effect of Unstructured Pruning on CNN

In this study, pruning was employed as a technique to reduce the model’s complexity
while maintaining its classification performance. The primary goal of pruning
is to eliminate redundant or less important weights within the neural network,
thereby producing a smaller model without significant decrease in the classification
performance. This approach can potentially enhance the efficiency of the model in
terms of memory usage and inference speed, which is crucial for deployment on
resource-constrained devices.

The pruning strategy used in this research was global unstructured pruning based
on L1-norm. In global unstructured pruning, the weights with the smallest L1-
norm are pruned across all layers, rather than targeting specific layers individually.
This approach allows for a more uniform reduction in model size, where the least
important weights (with the smallest magnitude) are removed irrespective of the
layer they belong to. Pruning levels were applied incrementally, ranging from 0.0
(no pruning) to 1.0 (complete pruning), to assess the impact on model performance
at various sparsity levels.

Following each pruning step, the model was evaluated on the test dataset to measure
its classification performance. The metrics considered for evaluation are AUC,
accuracy, precision, recall, and F1 score. Additionally, the pruned models were not
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fine-tuned or retrained after pruning, in order to observe the direct effects of pruning
on model performance.

The results of pruning are summarized in Figure 5.12, which depicts the changes
in evaluation metrics as a function of pruning level. The key observations and
interpretations are as follows:

At pruning levels up to 0.6, the model’s performance remained relatively stable across
all metrics. This indicates that the model had a significant amount of redundancy in
its weights, allowing for the removal of non-essential parameters without a noticeable
loss in predictive accuracy. In this range, pruning primarily targeted weights that
contributed little to the network’s overall functionality, preserving the model’s ability
to classify tremor effectively.

A distinct drop in performance metrics occurred around a pruning level of 0.7. This
sharp decline suggests that the model had reached a critical threshold, beyond which
important weights that contributed to the network’s decision-making process were
pruned. The network’s capacity to generalize effectively was compromised, leading
to significant reductions in recall, precision, and F1 score. The sudden performance
degradation indicates that the model’s structure became too sparse to maintain its
original function.

At pruning levels greater than 0.8, there was a rapid decline in all metrics, with some
dropping to near-zero values. This behavior indicates that the model was essentially
non-functional at these high pruning levels, as the majority of its weights had been
removed. The network’s ability to learn meaningful patterns was effectively lost
due to the extreme sparsity. The sharp drop in metrics demonstrates that aggressive
pruning leads to the complete disruption of the model’s ability to classify tremor.

An unexpected spike in precision was observed at the 0.8 pruning level. This may be
attributed to the model becoming overly conservative in its predictions, resulting in
fewer predicted positives but with a higher proportion of true positives. Consequently,
although precision appeared to increase, it was accompanied by a severe decline in
recall, indicating that the model was making very few positive predictions overall,
and the increase in precision does not correspond to an increase in classification
performance.

The results indicate that unstructered pruning can be effectively applied to reduce
the size of neural networks without a significant loss in performance, up to a certain
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threshold. For this study, pruning levels up to 0.6 provided a good balance between
model compression and classification performance. Beyond this threshold, the
effects of pruning became detrimental, and performance degraded rapidly.

These findings suggest that moderate pruning could be beneficial in applications
where memory and computational efficiency are critical, such as deployment on
embedded systems and edge devices. However, we must be careful when applying
unstructured pruning, since the performance may degrade rapidly after a certain
point.

After our experiments on the effect of unstructured pruning on the model perfor-
mance, we further experiment with structured pruning in the next section.

Figure 5.12: Effect of various levels of unstructured pruning on CNN model performance.

5.4.3 Evaluation of the Effect of Structured Pruning on CNN

Structured pruning was applied in this study to reduce the model’s complexity by
removing entire filters from convolutional layers and neurons from fully connected
layers. Unlike unstructured pruning, which eliminates individual weights, structured
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Figure 5.13: ROC Curves for Different Levels of Structured Pruning.

pruning removes entire structures, making the model compression more effective
and enabling speedup on hardware platforms. The main advantage of structured
pruning is its ability to create a more compact model architecture, leading to potential
computational efficiency improvements.

The structured pruning approach used in this study involved LnStructured

pruning, where entire filters in the convolutional layers and entire neurons in the
fully connected layers were pruned based on their L2 norm. The pruning process
was applied to the weights of the convolutional layers and the fully connected layers,
with pruning levels ranging from 0.0 (no pruning) to 1.0 (complete pruning). The
amount of pruning was specified as the fraction of filters or neurons to be removed
at each level. Following each pruning step, the model’s performance was evaluated
on the test dataset using, AUC, accuracy, precision, recall, and F1 score.

The results of structured pruning are depicted in Figure 5.14, which illustrates the
changes in performance metrics as a function of pruning level. The key observations
and interpretations are as follows:
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Pruning Level AUC Accuracy Precision Recall F1 Score
0.0 0.9083 0.8538 0.7055 0.7774 0.7397
0.1 0.9083 0.8538 0.7055 0.7774 0.7397
0.2 0.9083 0.8538 0.7056 0.7772 0.7396
0.3 0.9082 0.8528 0.7023 0.7797 0.7390
0.4 0.9082 0.8539 0.7058 0.7774 0.7398
0.5 0.9080 0.8537 0.7055 0.7769 0.7395
0.6 0.9084 0.8572 0.7173 0.7686 0.7421
0.7 0.9076 0.8718 0.8541 0.6274 0.7234
0.8 0.8966 0.7328 1.0000 0.0002 0.0003
0.9 0.7675 0.7328 0.0000 0.0000 0.0000
1.0 0.5000 0.7328 0.0000 0.0000 0.0000

Table 5.14: Performance Metrics at Different Unstructured Pruning Levels

The metrics remained relatively stable up to a pruning level of 0.4, indicating that
the model could tolerate structured pruning without a significant impact on its classi-
fication performance. This suggests that a substantial portion of the model’s filters
and neurons were either redundant or contributed minimally to the classification
task, allowing for their removal without degrading classification performance of the
model.

At pruning levels greater than 0.5, a noticeable drop in most metrics, including
precision, recall, and F1 score, was observed. This indicates that the structured
pruning process began to remove important filters and neurons, leading to a reduction
in the model’s ability to distinguish tremor and not-tremor. The sharp decline in
performance metrics beyond this threshold suggests that the pruned components
were essential for capturing meaningful patterns in the data.

The plot shows a divergence between precision and recall around pruning levels
of 0.3 to 0.6. While precision initially increased, recall decreased significantly,
indicating that the pruned model was making fewer positive predictions overall,
but those predictions were more likely to be correct. This behavior is to the case
with unstructured pruning, and the increase in precision does not correspond to an
increase in classification performance

Beyond a pruning level of 0.6, all metrics dropped significantly, indicating that the
model lost its ability to classify tremor effectively. The complete degradation sug-
gests that the level of structured pruning was too high, removing crucial components
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that were necessary for the model to extract and learn the underlying patterns in the
data.

The results indicate that structured pruning can be applied effectively to reduce
the size of neural networks without substantial performance loss up to a certain
threshold. For this study, pruning levels up to 0.4 maintained a balance between
model compression and classification performance. Beyond this point, the negative
effects of pruning became evident, resulting in a rapid decline in classification
metrics.

The findings suggest that moderate levels of structured pruning can be beneficial for
achieving model efficiency, especially when computational resources are limited.
We must be even more careful when applying structured pruning compared to
unstructured pruning, since the degredation of the models classification performance
starts at an earlier point.

Figure 5.14: Effect of Structured Pruning on Model Performance.
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Figure 5.15: ROC Curves for Different Levels of Structured Pruning.

5.4.4 Comparison and Discussion of Unstructured and
Structured Pruning

In this section, the main differences and similarities observed between unstructured
and structured pruning results are discussed.

In this study, both unstructured and structured pruning approaches were applied
to investigate the impact of different pruning techniques and levels on the model’s
classification performance. Unstructured pruning involves the removal of individual
weights with the smallest magnitude (based on the L1-norm) across all layers, while
structured pruning removes entire filters from convolutional layers and neurons
from fully connected layers. The main goal of these techniques is to reduce the
model’s complexity and improve efficiency without significantly impacting models
classification performance.

The pruning levels ranged from 0.0 (no pruning) to 1.0 (complete pruning). After
each pruning step, the models were evaluated using the same set of metrics: AUC, ac-
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Pruning Level AUC Accuracy Precision Recall F1 Score
0.0 0.9083 0.8538 0.7055 0.7774 0.7397
0.1 0.9085 0.8697 0.7777 0.7176 0.7464
0.2 0.9002 0.8641 0.7600 0.7184 0.7386
0.3 0.8899 0.8626 0.8148 0.6289 0.7099
0.4 0.8694 0.8374 0.7861 0.5379 0.6387
0.5 0.8452 0.8248 0.8742 0.4023 0.5510
0.6 0.7264 0.7434 0.9306 0.0429 0.0819
0.7 0.5016 0.7328 0.6667 0.0000 0.0001
0.8 0.5000 0.7328 0.0000 0.0000 0.0000
0.9 0.5000 0.7328 0.0000 0.0000 0.0000
1.0 0.5000 0.7328 0.0000 0.0000 0.0000

Table 5.15: Performance Metrics at Different Structured Pruning Levels

curacy, precision, recall, and F1 score. The results for both methods are summarized
in Figures 5.12 and 5.14.

Both unstructured and structured pruning demonstrated a degree of tolerance to low
pruning levels, with metrics remaining relatively stable up to pruning level of 0.6 for
the unstructured pruning and up to pruning level of 0.4 for the structured pruning.
This suggests that the initial pruning mainly removed redundant or less important
weights, filters, or neurons, allowing the models to maintain their classification
performance. The performance degradation started at a lower pruning level for
structured pruning, indicating that the classification performance of the model is
more sensitive to the removal of entire structures.

To conclude, structured pruning was found to be more sensitive to the removal
of entire structures from the CNN. While this can lead to higher speedup and
compression on hardware platforms, it also makes the classification performance of
the model more sensitive to higher levels of pruning. In contrast, the classification
performance of the model was less sensitive to unstructured pruning, as it allowed
the model to maintain its classification performance even at higher levels of pruning.

The choice of pruning strategy depends on the application requirements. If mem-
ory reduction and computational efficiency are critical, structured pruning may be
preferred due to its effectiveness in model compression and efficiency. However, if
maintaining the classification performance of the model with high pruning levels
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is preferred, unstructured pruning could be a better option as it removes individual
weights from the CNN, which makes CNN less sensitive to higher levels of pruning.

The results indicate that while structured pruning can achieve better hardware effi-
ciency, it must be applied cautiously. For applications where maintaining classifica-
tion performance is crucial, structured pruning levels should not exceed 0.4, beyond
which significant degradation occurs. Unstructured pruning provides a more flexible
approach, as CNN is less sensitive to higher levels of pruning, making it suitable for
scenarios where higher levels of pruning is preferred without significant drop in the
classification performance.
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6 Discussion and Conclusion

This thesis presented a comprehensive evaluation of both traditional signal processing
methods and advanced machine learning algorithms, aiming to have a real-time
Parkinson’s tremor detection algorithm suitable for deployment on embedded devices.
The goal of this study was to evaluate and optimize algorithms that balances the
trade-offs between the classification performance, latency and computational load at
the same time, which are critical factors for wearable devices, where computational
and power resources are limited.

The results of the initial evaluation of various algorithms, from more traditional
signal processing algorithms to more novel deep learning algorithms, demonstrated
that CNNs outperform other methods in terms of classification performance. How-
ever, CNNs usually have higher model size and computational requirements than
traditional algorithms. Nevertheless, it is possible to deploy CNNs on embedded
devices if optimizations are done to decrease to model size and complexity, while
maintaining the classification performance. The types of optimizations considered
in this study were choosing the optimum CNN architecture, applying neural network
quantization and neural network pruning.

In order to choose a CNN architecture that balances the trade-offs between the model
size, number of multiplication-addition operations needed for inference and the clas-
sification performance, we trained and evaluated 12 CNN architectures with different
model sizes and with varying number of convolutional layers and fully connected
layers. We observed that increasing the model size does not necessarily improve
the classification performance, and smaller models with less convolutional and fully
connected layers might be more suitable for embedded device implementations,
as they find a balance between the model size, number of multiplication-addition
operation needed for inference and the classification performance.

After carefully choosing the CNN architecture that balances between the model
size, number of multiplication-addition operations needed for inference and the
classification performance, we can further reduce model size and computational load
by applying quantization. We demonstrated that it is possible to reduce model size
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and computational load of CNNs significantly by applying post-training quantization,
while maintaining its classification performance. The effect of the post-training
quantization on the classification performance was negligible, which suggest that
we should definitely consider applying quantization to CNNs, if we want to deploy
them on embedded devices.

After demonstrating the capability of post-training quantization on reducing the
model size and computational load while maintaining the classification performance,
we conducted extensive experiments with neural network pruning, by applying
various levels of pruning to CNN and evaluating it, to observe how does pruning
affect the classification performance of the model. We applied two types of pruning
to the CNN model: unstructured pruning and structured pruning. Unstructured
pruning removed the individual weights from the weight matrix while structured
pruning removed entire rows/columns. We observed that the CNN model was less
sensitive to unstructured pruning, and it maintained its classification performance up
to 60% pruning level, beyond which the classification performance degraded sharply.
We further observed that the CNN model was more sensitive to structured pruning,
and the decrease in the classification performance started at a much earlier level.
However, we discussed that structured pruning is more effective in reducing the
computational load, since it removes entire rows/columns from the weight matrix
and leads to smaller weight matrices. On the other hand, since unstructured pruning
removes individual weights from the weight matrix, it leads to sparse weight matrices
and is less effective in achieving high computational gains as compared to structured
pruning.

To conclude, this thesis demonstrated that deploying CNN based models for Parkin-
son’s tremor detection on embedded devices is feasible through careful selection of
architecture and optimization techniques. While CNNs outperform other algorithms,
their typical size and computational demands can limit their direct applicability to
resource-constrained environments. However, by implementing optimizations, such
as choosing the architecture carefully, and applying quantization and pruning, CNNs
can be tailored to operate effectively within the limitations of embedded hardware.
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7 Future Work

In this thesis, we demonstrated that CNNs outperform other algorithms which are
evaluated in this study. We further showed that CNNs can be deployed in embedded
devices if optimized by carefully choosing the architecture and applying neural
network quantization and pruning.

There exist opportunities in the future to improve the algorithms that are evaluated in
this study. First, the algorithms that are evaluated in this study are not personalized.
Future work can focus on model personalization by creating adaptive algorithms
that adjust to individual patient profiles. Such personalized models could improve
the performance of the algorithms by accounting for each patient’s unique tremor
characteristics.

Another opportunity to improve the algorithms is by further experimenting with the
model optimization techniques, which are crucial when implementing the models
on an embedded device. In our work we applied standard quantization and pruning
methods, using the relevant functions from the PyTorch library. In the future, more
advanced pruning strategies could be evaluated such as dynamic quantization or
selective layer pruning, to further improve performance of the models, while keeping
the model size small. Furthermore, the quantization and pruning experiments in
this study were designed with general edge hardware in mind. In the future, edge
hardware specific optimization can be also considered.

There are future possibilities to explore the transfer learning and on-device training.
Transfer learning might be useful to train a general model first, on a larger and varied
dataset, and then fine tuning it with specific user data to enable the model to learn
patient-specific tremor patterns. On-device learning can enable the models to be
updated directly on the device to further improve the performance of the algorithms.

In this study, to train and test our algorithms, we only used 3-axis accelerometer
data. In the future, different kinds of sensors can be also used and integrated with the
acccelerometer data. Integrating data from gyroscopes, magnetometers, and EMG
sensors may provide even more information on tremor patterns.
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7 FUTURE WORK

In this study, all the implemented algorithms for real-time Parkinson’s tremor de-
tection algorithms were trained and evaluated with saved IMU dataset. Testing the
algorithms in the real world with the Parkinson’s patients was outside the scope of
this study. Future work can also focus on testing these algorithms in clinical/lab
environments with Parkinson’s patients.
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A Appendix

Detailed Convolutional Neural Network Architectures

Table A.1: CNN with 1 Conv Layer and 1 FC Layer
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Linear (2-2) [-1, 64] 41,024
Dropout (1-3) [-1, 64] –
ReLU (1-4) [-1, 64] –
Linear (2-3) [-1, 2] 130
Total params 41,474
Trainable params 41,474
Non-trainable params 0
Total mult-adds (M) 0.06
Input size (MB) 0.00
Forward/backward pass size (MB) 0.02
Params size (MB) 0.16
Estimated Total Size (MB) 0.17
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Table A.2: CNN with 1 Conv Layer and 2 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Linear (2-2) [-1, 128] 82,048
Dropout (1-3) [-1, 128] –
ReLU (1-4) [-1, 128] –
Linear (2-3) [-1, 64] 8,256
Dropout (1-5) [-1, 64] –
ReLU (1-6) [-1, 64] –
Linear (2-4) [-1, 2] 130
Total params 90,754
Trainable params 90,754
Non-trainable params 0
Total mult-adds (M) 0.11
Input size (MB) 0.00
Forward/backward pass size (MB) 0.02
Params size (MB) 0.35
Estimated Total Size (MB) 0.36
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Table A.3: CNN with 1 Conv Layer and 3 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Linear (2-2) [-1, 128] 82,048
Dropout (1-3) [-1, 128] –
ReLU (1-4) [-1, 128] –
Linear (2-3) [-1, 64] 8,256
Dropout (1-5) [-1, 64] –
ReLU (1-6) [-1, 64] –
Linear (2-4) [-1, 32] 2,080
Dropout (1-7) [-1, 32] –
ReLU (1-8) [-1, 32] –
Linear (2-5) [-1, 2] 66
Total params 92,770
Trainable params 92,770
Non-trainable params 0
Total mult-adds (M) 0.11
Input size (MB) 0.00
Forward/backward pass size (MB) 0.02
Params size (MB) 0.35
Estimated Total Size (MB) 0.37
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Table A.4: CNN with 1 Conv Layer and 4 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Linear (2-2) [-1, 128] 82,048
Dropout (1-3) [-1, 128] –
ReLU (1-4) [-1, 128] –
Linear (2-3) [-1, 64] 8,256
Dropout (1-5) [-1, 64] –
ReLU (1-6) [-1, 64] –
Linear (2-4) [-1, 32] 2,080
Dropout (1-7) [-1, 32] –
ReLU (1-8) [-1, 32] –
Linear (2-5) [-1, 16] 528
Dropout (1-9) [-1, 16] –
ReLU (1-10) [-1, 16] –
Linear (2-6) [-1, 2] 34
Total params 93,266
Trainable params 93,266
Non-trainable params 0
Total mult-adds (M) 0.11
Input size (MB) 0.00
Forward/backward pass size (MB) 0.02
Params size (MB) 0.36
Estimated Total Size (MB) 0.37
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Table A.5: CNN with 2 Conv Layers and 1 FC Layer
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Linear (2-3) [-1, 64] 24,640
Dropout (1-5) [-1, 64] –
ReLU (1-6) [-1, 64] –
Linear (2-4) [-1, 2] 130
Total params 31,298
Trainable params 31,298
Non-trainable params 0
Total mult-adds (M) 0.16
Input size (MB) 0.00
Forward/backward pass size (MB) 0.02
Params size (MB) 0.12
Estimated Total Size (MB) 0.14
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Table A.6: CNN with 2 Conv Layers and 2 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Linear (2-3) [-1, 128] 49,280
Dropout (1-5) [-1, 128] –
ReLU (1-6) [-1, 128] –
Linear (2-4) [-1, 64] 8,256
Dropout (1-7) [-1, 64] –
ReLU (1-8) [-1, 64] –
Linear (2-5) [-1, 2] 130
Total params 64,194
Trainable params 64,194
Non-trainable params 0
Total mult-adds (M) 0.20
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.24
Estimated Total Size (MB) 0.27
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Table A.7: CNN with 2 Conv Layers and 3 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Linear (2-3) [-1, 128] 49,280
Dropout (1-5) [-1, 128] –
ReLU (1-6) [-1, 128] –
Linear (2-4) [-1, 64] 8,256
Dropout (1-7) [-1, 64] –
ReLU (1-8) [-1, 64] –
Linear (2-5) [-1, 32] 2,080
Dropout (1-9) [-1, 32] –
ReLU (1-10) [-1, 32] –
Linear (2-6) [-1, 2] 66
Total params 66,210
Trainable params 66,210
Non-trainable params 0
Total mult-adds (M) 0.20
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.25
Estimated Total Size (MB) 0.28
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Table A.8: CNN with 2 Conv Layers and 4 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Linear (2-3) [-1, 128] 49,280
Dropout (1-5) [-1, 128] –
ReLU (1-6) [-1, 128] –
Linear (2-4) [-1, 64] 8,256
Dropout (1-7) [-1, 64] –
ReLU (1-8) [-1, 64] –
Linear (2-5) [-1, 32] 2,080
Dropout (1-9) [-1, 32] –
ReLU (1-10) [-1, 32] –
Linear (2-6) [-1, 16] 528
Dropout (1-11) [-1, 16] –
ReLU (1-12) [-1, 16] –
Linear (2-7) [-1, 2] 34
Total params 66,706
Trainable params 66,706
Non-trainable params 0
Total mult-adds (M) 0.20
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.25
Estimated Total Size (MB) 0.28
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Table A.9: CNN with 3 Conv Layers and 1 FC Layer
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Conv1d (2-3) [-1, 128, 6] 24,704
ReLU (1-5) [-1, 128, 6] –
MaxPool1d (1-6) [-1, 128, 2] –
Linear (2-4) [-1, 64] 16,448
Dropout (1-7) [-1, 64] –
ReLU (1-8) [-1, 64] –
Linear (2-5) [-1, 2] 130
Total params 47,810
Trainable params 47,810
Non-trainable params 0
Total mult-adds (M) 0.30
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.18
Estimated Total Size (MB) 0.21
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Table A.10: CNN with 3 Conv Layers and 2 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Conv1d (2-3) [-1, 128, 6] 24,704
ReLU (1-5) [-1, 128, 6] –
MaxPool1d (1-6) [-1, 128, 2] –
Linear (2-4) [-1, 128] 32,896
Dropout (1-7) [-1, 128] –
ReLU (1-8) [-1, 128] –
Linear (2-5) [-1, 64] 8,256
Dropout (1-9) [-1, 64] –
ReLU (1-10) [-1, 64] –
Linear (2-6) [-1, 2] 130
Total params 72,514
Trainable params 72,514
Non-trainable params 0
Total mult-adds (M) 0.33
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.28
Estimated Total Size (MB) 0.31
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Table A.11: CNN with 3 Conv Layers and 3 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Conv1d (2-3) [-1, 128, 6] 24,704
ReLU (1-5) [-1, 128, 6] –
MaxPool1d (1-6) [-1, 128, 2] –
Linear (2-4) [-1, 128] 32,896
Dropout (1-7) [-1, 128] –
ReLU (1-8) [-1, 128] –
Linear (2-5) [-1, 64] 8,256
Dropout (1-9) [-1, 64] –
ReLU (1-10) [-1, 64] –
Linear (2-6) [-1, 32] 2,080
Dropout (1-11) [-1, 32] –
ReLU (1-12) [-1, 32] –
Linear (2-7) [-1, 2] 66
Total params 74,530
Trainable params 74,530
Non-trainable params 0
Total mult-adds (M) 0.33
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.28
Estimated Total Size (MB) 0.32
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Table A.12: CNN with 3 Conv Layers and 4 FC Layers
Layer (type:depth-idx) Output Shape Param #
Conv1d (2-1) [-1, 32, 60] 320
ReLU (1-1) [-1, 32, 60] –
MaxPool1d (1-2) [-1, 32, 20] –
Conv1d (2-2) [-1, 64, 20] 6,208
ReLU (1-3) [-1, 64, 20] –
MaxPool1d (1-4) [-1, 64, 6] –
Conv1d (2-3) [-1, 128, 6] 24,704
ReLU (1-5) [-1, 128, 6] –
MaxPool1d (1-6) [-1, 128, 2] –
Linear (2-4) [-1, 128] 32,896
Dropout (1-7) [-1, 128] –
ReLU (1-8) [-1, 128] –
Linear (2-5) [-1, 64] 8,256
Dropout (1-9) [-1, 64] –
ReLU (1-10) [-1, 64] –
Linear (2-6) [-1, 32] 2,080
Dropout (1-11) [-1, 32] –
ReLU (1-12) [-1, 32] –
Linear (2-7) [-1, 16] 528
Dropout (1-13) [-1, 16] –
ReLU (1-14) [-1, 16] –
Linear (2-8) [-1, 2] 34
Total params 75,026
Trainable params 75,026
Non-trainable params 0
Total mult-adds (M) 0.33
Input size (MB) 0.00
Forward/backward pass size (MB) 0.03
Params size (MB) 0.29
Estimated Total Size (MB) 0.32
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List of Abbreviations

AUC Area Under the Curve
CNN Convolutional Neural Network
CTFT Continuous Time Fourier Transform
DFT Discrete Fourier Transform
Edge AI Edge Artificial Intelligence
FCN Fully Connected Network
FFT Fast Fourier Transform
FPR False Positive Rate
KNN K-Nearest Neighbors
LOGO-CV Leave One Group Out Cross Validation
ML Machine Learning
PD Parkinson’s Disease
PSD Power Spectral Density
QAT Quantization-Aware Training
ROC Receiver Operating Characteristic
RNN Recurrent Neural Network
SVM Support Vector Machine
TinyML Tiny Machine Learning
TPR True Positive Rate
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