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Chapter 1

Introduction

This master’s thesis investigates the detection of Freezing of Gait (FOG) events
using deep learning techniques. FOG, a debilitating symptom of Parkinson’s dis-
ease, causes a sudden inability to walk despite the intention to do so. The primary
challenge is to develop a machine learning model capable of detecting and classify-
ing FOG episodes from sensor data into three categories: Start Hesitation, Turn, and
Walking.

To address this, we utilize a dataset provided for a code competition hosted by
Kaggle.com, where data scientists engage in various machine learning challenges.
This specific competition, organized by the Michael J. Fox Foundation, involves
1,400 teams striving to detect FOG events in Parkinson’s disease patients using wear-
able sensor data.

Manual detection of FOG episodes via video analysis, while accurate, is time-
consuming and not scalable. Leveraging wearable sensors combined with machine
learning offers a promising alternative by automating FOG detection. However,
the limited availability of current datasets affects model generalizability. This thesis
aims to develop a robust model to overcome these challenges.

The primary objective of this thesis is to develop a novel machine learning model
for FOG detection using time-series data from wearable sensors, designed to im-
prove accuracy in detecting and classifying FOG episodes. After development, the
model will be tested and validated using competition data and further assessed for
its adaptability to other similar datasets.

The approach begins with a literature review and analysis of existing solutions
on Kaggle to identify effective models for time series problems. Following this, an
exploratory data analysis (EDA) informs the modeling process. A novel neural net-
work model tailored for FOG detection will be developed, optimized, and validated
using the competition dataset. The model’s performance will be compared with ex-
isting solutions and tested on an additional dataset to evaluate its generalizability.

This thesis contributes to the field by proposing a novel neural network model
for FOG detection, providing a comprehensive comparison of existing models, and
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performing an empirical analysis of the new implementation. Key contributions
include the development of a new model, a detailed survey of current solutions,
and validation of the model’s effectiveness and adaptability.

The remainder of this document is structured as follows: the next chapter delves
into the specific context of this master thesis, including Freezing of Gait, Human
Activity Recognition and Kaggle. Following that, two chapters provide an in-depth
review of neural network theories pertinent to FOG detection and analyze existing
models and solutions from the competition. Subsequently, the thesis will define the
specific problem of FOG detection, outline the challenges, and present the objectives
behind the chosen approach.

The following chapters will detail the design, implementation, training, and val-
idation of the proposed neural network model. After summarizing the findings and
discussing the implications of the results, the final chapter will propose future re-
search directions to further enhance FOG detection capabilities.
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Chapter 2

Context

2.1 Freezing of Gait

The goal of this competition is to detect Freezing of Gait (FOG) events in time-
series datasets using wearable sensor data. "Freezing of gait (FOG) is defined as a
brief, episodic absence or marked reduction of forward progression of the feet de-
spite the intention to walk. It is one of the most debilitating motor symptoms in
patients with Parkinson’s disease (PD) as it may lead to falls and a loss of indepen-
dence" [10].

Despite various theories proposed by researchers to explain the occurrence and
triggers of FOG, its underlying causes remain unclear [8]. Objective and accurate
quantification of FOG episodes is crucial for advancing the understanding and treat-
ment of this condition. An effective machine learning model will enhance the ability
of medical professionals to evaluate, monitor, and ultimately prevent FOG events
more efficiently. This can lead to better-personalized treatment plans and preven-
tive measures, thereby improving the quality of life for those suffering from this
debilitating symptom of Parkinson’s disease.

2.2 Human Activity Recognition

The detection of Freezing of Gait events using wearable sensors is a specific ap-
plication within the broader field of Human Activity Recognition (HAR). HAR in-
volves using data from wearable sensors to identify and classify human activities,
such as walking, running, sitting, and more. In the context of this thesis, the focus
is on gait analysis to detect FOG episodes, a critical task for improving the manage-
ment of Parkinson’s disease.

Advancements in wearable technology and machine learning have significantly
enhanced HAR capabilities [38]. By leveraging data from accelerometers, gyro-
scopes, and other sensors, sophisticated models can be developed to recognize com-
plex activity patterns. The success of HAR applications hinges on accurately pro-
cessing and interpreting time-series data, making it a vital area of research for im-
proving health monitoring and intervention strategies.
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2.3 Kaggle

This master’s thesis utilizes resources provided by Kaggle.com, a platform that
hosts machine learning competitions proposed by various organizations, including
companies, foundations, and other entities. Each competition presents a specific
problem and supplies datasets for participants to analyze, inviting data scientists
worldwide to form teams and compete for the best solutions.

Each Kaggle competition runs for a designated period, during which teams strive
to achieve the highest rankings on the leaderboard. After the competition closes,
the datasets and competition details remain available for educational purposes, en-
abling participants to continue honing their skills and deepening their understand-
ing of the problem.

The dataset central to this thesis comes from a competition organized by the
Michael J. Fox Foundation, which ran from March 2023 to June 2023 [14]. Approxi-
mately 1,400 teams, each comprising up to five members, participated in this chal-
lenge, aiming to detect Freezing of Gait (FOG) events in Parkinson’s disease patients
using wearable sensor data. The results and rankings of these teams are recorded
on the leaderboard, serving as a reference for future performance comparisons and
benchmarking by other data scientists. It should be noted that while this thesis uses
the competition dataset, it does not constitute official participation in the competi-
tion.
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Chapter 3

Deep Learning for Time Series

This master’s thesis discusses and implements various neural networks. For bet-
ter comprehension, this chapter explains the mechanisms of deep learning and in-
troduces the main models to be explored in subsequent sections.

3.1 Deep Neural Networks

3.1.1 Definition of Deep Neural Networks

Deep neural networks (DNNs) are machine learning algorithms inspired by the
structure and function of the human brain [16]. As illustrated in Figure 3.1, they
consist of multiple layers of interconnected nodes, known as neurons, that process
input data to learn representations and patterns. These networks are termed ’deep’
because they have multiple hidden layers between the input and output layers, al-
lowing them to model complex relationships in data.

FIGURE 3.1: A simple deep neural network architecture representa-
tion. Image from [22]

The basic unit of a DNN is the artificial neuron, designed to mimic the behav-
ior of biological neurons. Each neuron receives input signals, processes them, and
produces an output. Neurons are organized into three primary types of layers:
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• The input layer receives raw data, serving as the network’s entry point.

• The hidden layers transform the data through various operations.

• The output layer produces the final prediction or classification.

3.1.2 Mechanisms of Deep Neural Networks

Deep neural networks operate through a series of steps involving forward prop-
agation and backpropagation. This process enables the network to learn from data
and improve its performance over time.

Forward Propagation

During forward propagation, input data passes through the network one layer
at a time. Each neuron in a layer performs a weighted sum of its inputs, applies an
activation function to introduce non-linearity, and passes the result to the next layer
[3]. The operation of a single neuron can be described by the following equation:

y = f

(
n

∑
i=1

wixi + b

)
(3.1)

where y is the output, xi are the inputs, wi are the weights, b is the bias, and f is
the activation function.

The output layer produces the network’s final output, which could be a classi-
fication label, a probability distribution, or a continuous value, depending on the
task.

Backpropagation

Backpropagation is an algorithm used to train deep neural networks by minimiz-
ing prediction errors. It calculates the gradient of the loss function with respect to
each weight in the network using the chain rule. The loss function L measures the
difference between the actual target values y and the predicted output ŷ [3]. For
binary classification problems, the Binary Crossentropy Loss function is defined as:

L = − 1
N

N

∑
i=1

[yi log(ŷi) + (1 − yi) log(1 − ŷi)] (3.2)

During backpropagation, optimization algorithms like stochastic gradient de-
scent (SGD) and Adam update the network’s weights based on computed gradients.
In deep networks, the vanishing gradient problem can arise, where gradients be-
come very small and hinder the training process. This problem will be addressed in
the implementations of the future models.
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Activation Functions

Activation functions introduce non-linearities to the network, enabling the learn-
ing of complex patterns [9]. Common activation functions include the sigmoid, hy-
perbolic tangent (tanh), and rectified linear unit (ReLU). These functions are illus-
trated in Figure 3.2.

FIGURE 3.2: Common activation functions. Image from [30]

Future implementations will use ReLU for Convolutional Neural Networks and
both Tanh and Sigmoid for Gated Recurrent Units, leveraging the strengths of each
function for their respective network components.

Regularization Techniques

The training set is the portion of the data used to train the model while the test set
is a separate portion of the data used to evaluate the model’s performance on unseen
data. Overfitting occurs when a model performs well on the training set but poorly
on the test set. Regularization techniques are employed to prevent overfitting and
improve the generalization of the network [29], ensuring that the model performs
well not just on the training set but also on new, unseen data represented by the test
set. Common techniques include:

• Dropout: Randomly deactivates a fraction of neurons during training, ensuring
the network does not rely too heavily on any single neuron.

• Batch Normalization: This technique normalizes the outputs of each layer by ad-
justing and scaling them, maintaining their mean close to 0 and their standard
deviation close to 1. During training, each mini-batch of data is normalized
independently, introducing a bit of noise. This noise acts similarly to dropout,
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preventing the model from becoming too reliant on specific patterns in the
training data, thus enhancing its generalization to unseen data.

Given the complexity of generalizing models for the problem addressed in this
thesis, both techniques will be extensively employed.

3.2 1D Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a class of deep learning models
widely used for their ability to automatically and adaptively learn spatial hierar-
chies of features from input data. CNNs are particularly well-known for their ap-
plication in image processing tasks, where they operate on two-dimensional data
[21]. This thesis focuses on a variant known as the 1D Convolutional Neural Net-
work (1D CNN), which is more suited for analyzing sequential data organized in a
single spatial dimension such as time series analysis, signal processing, and natural
language processing. A 1D CNN network typically consists of two main building
blocks: Convolutional layers, which apply convolution operations to capture local
patterns in the data, followed by an activation function to introduce non-linearity,
and Pooling layers, which downsample the data to reduce its dimensionality and
computational complexity.

In the following sections of this master’s thesis, the 1D Convolutional Neural
Network will be one of the two neural network architectures central to our study.

3.2.1 The Convolutional Layer

In time series analysis, the 1D convolutional layer operates by sliding convolu-
tional filters (also called kernels or windows) over the input data along the time
dimension. The input to a 1D convolutional layer typically consists of sequences of
data points, where each data point is represented by multiple features. For example,
in our case, the input is a sequence of tri-axial accelerations from accelerometers.
The convolutional layer applies filters that span across the time dimension and en-
compass all the features at each time step, as shown in Figure 3.3.

By convolving the filters with the input data, the convolutional layer extracts
temporal patterns and relationships between features, creating a feature map that
highlights important characteristics of the input sequence.

FIGURE 3.3: Input and kernel for a 1D convolution. Image from [33]
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The kernel of the convolutional layer has a specified length, which determines
its size. Each position in the kernel is associated with a weight that is randomly
initialized and adjusted during training through backpropagation.

We define the input sequence as x, the output sequence as y, both of size n. The
kernel, w, is of size k. We add the additional constraint that k must be odd and we
define k = 2p + 1. For a kernel with k = 5, we would have p = 2. The convolution
operation, y[j] = (x ∗ w)[j], can be explicitly defined as:

y[j] =
p

∑
m=−p

x[j − m] · w[m] (3.3)

As illustrated in Figure 3.4, each convolution operation results in a single output.
As the kernel slides over the sequence, it generates a feature map that highlights the
features the kernel has learned to recognize. By using multiple kernels, the layer can
produce different feature maps, each highlighting various features.

FIGURE 3.4: Feature map of a 1D convolutional layer. Image from [2]

3.2.2 Activation Function

In 1D CNNs, the most commonly used activation function after the convolution
operation is the Rectified Linear Unit (ReLU).

ReLU(x) = max(0, x) (3.4)
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ReLU is preferred due to its simplicity and efficiency. By converting all negative
values to zero and keeping positive values unchanged, ReLU helps the model learn
complex patterns without the vanishing gradient problem, which is often encoun-
tered with other activation functions like sigmoid or tanh. This makes the training of
deep networks more efficient and faster. The ReLU activation function will be used
by every Convolutional Neural Network discussed in this master thesis.

3.2.3 Pooling Layer

Pooling layers follow convolutional layers to down-sample the data, reducing its
dimensionality and computational complexity. This helps control overfitting as the
network becomes invariant to small changes in the position of features in the input.
They are two common types of pooling:

Max Pooling:

The most common type of pooling in 1D CNNs is max pooling, which takes the
maximum value within a specified window. This value captures the most prominent
pattern detected by the kernel. Max pooling reduces the sensitivity of the output to
minor variations in the input, thereby enhancing the model’s ability to generalize.
Figure 3.5 illustrates a max pooling operation of size two.

Average Pooling:

Another common type of pooling in 1D CNNs is average pooling, which calcu-
lates the average value within a specified window. This value represents the average
pattern detected by the kernel over the window, smoothing the input and reducing
the impact of outliers. Average pooling reduces the sensitivity of the output to minor
variations in the input, thereby enhancing the model’s ability to generalize.

FIGURE 3.5: Max pooling operation. Image from [23]

3.3 Gated Recurrent Units

Gated Recurrent Units (GRUs) are the second neural network architecture that
will be important for understanding the following sections. GRUs are a type of
Recurrent Neural Network (RNN) designed to capture temporal dependencies in
sequential data.
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3.3.1 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a class of neural networks specialised for
the processing of sequential data. Unlike feedforward neural networks, RNNs have
connections that loop back, allowing information to persist over time by maintaining
a hidden state. This makes them particularly suitable for tasks where the context
from earlier in the sequence is relevant to processing later parts such as time series
prediction, language modeling, and sequence classification.

FIGURE 3.6: Architecture of a Recurrent Neural Network. Image
from [7]

The main mechanism of RNNs is illustrated in Figure 3.6.

• The hidden state ht at time step t is computed using the input xt at that time
step and the hidden state ht−1 from the previous time step.

• The output yt at time step t is computed using the input xt and the and the
hidden state ht at that time step.

3.3.2 Gated Recurrent Units

Gated Recurrent Units (GRUs) are an improved version of RNNs that address
the vanishing gradient problem commonly encountered during training [4]. GRUs
introduce gating mechanisms that control the flow of information, making it easier
for the network to capture long-term dependencies. GRUs use two different gates to
control and manage the flow of information, as illustrated in Figure 3.7.

The Update Gate : It determines how much of the previous hidden state to keep.
It controls the ability of the model to "remember" past information and the influence
of past knowledge on the current state.

The Reset Gate : It determines how much of the previous hidden state to forget.
This allows the model to discard irrelevant information and adjust rapidly to what
the model considers "important".

The governing equations for GRUs are :
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FIGURE 3.7: Architecture of a GRU cell. Image from [17]

zt = σ(Wzxt + Uzht−1 + bz) (3.5)

rt = σ(Wrxt + Urht−1 + br) (3.6)

h̃t = tanh(Whxt + Uh(rt ⊙ ht−1) + bh) (3.7)

ht = (1 − zt)⊙ ht−1 + zt ⊙ h̃t (3.8)

where Wz, Uz, Wr, Ur, Wh, and Uh are weight matrices, and bz, br, and bh are
bias vectors. σ is the sigmoid activation function, and tanh is the hyperbolic tangent
activation function. The ⊙ operator denotes the element-wise product. zt and rt rep-
resent the update and reset gates, respectively, while h̃t and ht denote the candidate
hidden state and final hidden state, respectively.

3.4 Advanced Layer Techniques

In addition to the core neural network architectures presented earlier, three ad-
vanced techniques will be used to enhance deep learning models: bi-directional
wrappers, time-distributed wrappers and residual connections.
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3.4.1 Bi-directional Layers/Wrappers

Bi-directional layers are a powerful extension of recurrent neural networks (RNNs)
such as GRUs. In a standard RNN, the model processes the sequence of data in a sin-
gle direction, typically from past to future. However, in many applications, future
context can be just as important as past context. Bi-directional layers address this by
processing the input data in both directions, capturing dependencies from both past
and future contexts.

FIGURE 3.8: Structure overview of bi-directional RNNs . Image from
[34]

A Bi-directional wrapper takes an RNN layer as input and returns a layer that
runs the original RNN cell in both forward and backward directions. The resulting
architecture is shown in Figure 3.8.

3.4.2 Time-distributed Layers/Wrappers

The time-distributed wrapper is used to apply the same layer or operation inde-
pendently to every time step of a sequence. This is particularly useful in sequence-
to-sequence models, where the same dense layer or convolutional layer needs to be
applied to each time step individually.

For example, consider a video where each frame is treated as a time step, rep-
resenting the video in the dataset as a sequence of frames. When processing the
video, you might want to apply a 2D convolutional layer to each frame of the video
independently. The time-distributed wrapper allows this by distributing the layer
across the temporal dimension. This ensures that the same operation is applied to
each frame, preserving the temporal structure of the data. This wrapper effectively
enables the model to learn patterns across multiple dimensions of the data, whether
spatial, temporal, or other structured sequences.
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3.4.3 Residual Connections

Residual connections are a technique commonly used in neural networks, includ-
ing Recurrent Neural Networks (RNNs), to facilitate the training of deeper models.
The idea is to add the input of a layer directly to its output, bypassing the layer’s
transformation. The resulting architecture can be observed on Figure 3.9 where the
input to a layer is directly added to its output, creating a shortcut path.

In a standard neural network layer, the output y is a function of the input x,
typically represented as:

y = f (x) (3.9)

In a residual connection, the output y is the sum of the layer’s transformation and
the input x:

y = f (x) + x (3.10)

The main benefits of residual connections include [15]:

• Easier Optimization: By providing a direct path for the gradient to flow, resid-
ual connections make it easier to optimize deep networks. This helps in miti-
gating the vanishing gradient problem.

• Learning Identity Mappings: Residual connections enable the network to
learn identity mappings (where the output is the same as the input) more eas-
ily.

• Improved Performance: Empirical evidence shows that networks with resid-
ual connections often achieve better performance on a variety of tasks com-
pared to their plain counterparts.
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FIGURE 3.9: Unraveled view of Residual Connections. Image from
[36]



16

Chapter 4

Related Work

Before going deeper, this thesis will analyze the state-of-the-art in Parkinson’s
detection and the broader scope of human activity recognition using wearable sen-
sors. The first section will explore scientific articles about human activity recogni-
tion, while the second section will review previous solutions to the detection of FOG
in the competition.

4.1 Advances in Human Activity Recognition

As FOG detection is a specific case of Human Activity Recognition (HAR) tar-
geting gait analysis using wearable sensors, it is useful to first look at broader HAR
advancements. Zhang et al. [38] provides an overview of advances in HAR using
wearable sensors and deep learning, describing the different possible models and
the challenges encountered.

Autoencoders are used for unsupervised feature extraction and noise reduction
in sensor data. Convolutional Neural Networks (CNNs) are effective in extracting
spatial features from time-series data. RNNs, including Long Short-Term Memory
(LSTM) and Gated Recurrent Unit (GRU) variants, are ideal for capturing tempo-
ral patterns in activities. Deep Belief Networks (DBNs), though less common due
to their training complexity, are utilized for hierarchical feature learning in HAR.
Hybrid models, which combine CNNs, RNNs, and other architectures, leverage the
strengths of each model type to improve recognition accuracy and robustness.

Among the difficulties in applying deep learning to HAR, a lack of quality data
poses a significant challenge. Without sufficient and representative data, models
may fail to generalize well to new, unseen data. Noise and artifacts in wearable
sensor data can also impact model performance. Additionally, training deep models
can be challenging due to issues like vanishing gradients. Efficient training strategies
and balancing model complexity with available computational resources are key to
overcoming these hurdles.

Ignatov [11] proposes a CNN architecture for local feature extraction from ac-
celerometer data and investigate the impact of time series length on accuracy. The
model demonstrates state-of-the-art performance at low computational cost.
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Tan et al. [27] present a novel method for detecting heel strikes (HS) and toe-offs
(TO) during the gait cycle using a modified LSTM network approach. The model,
tested on the MAREA database, demonstrates superior performance compared to
six state-of-the-art GED algorithms.

The transformer model, developed primarily for natural language processing
and vision tasks, was introduced by Vaswani et al. in "Attention is All You Need"
[32]. In an article published in March 2022, Dirgová Luptáková, Kubovčík, and
Pospíchal [5] highlight an adaptation of the transformer model for time-series analy-
sis of motion signals. The model achieved high accuracy and the authors suggest the
expected future relevance of the transformer model for human activity recognition.

Among the different models presented by Zhang et al. [38] for HAR tasks, hybrid
models, such as the CNN-GRU model, effectively leverage the advantages of both
architectures. Given the outstanding performance of the individual models in the
Kaggle competition (see 4.2), it is beneficial to explore the potential of the hybrid
model further.

In their study, Dua, Singh, and Semwal [6] propose a multi-input CNN-GRU
model for Human Activity Recognition using wearable sensors. This model com-
bines the strengths of Convolutional Neural Networks for local feature extraction
and Gated Recurrent Units for capturing long-term dependencies in time series data.
"The accuracies obtained on UCI-HAR, WISDM, and PAMAP2 datasets are 96.20%,
97.21%, and 95.27% respectively" [6]. This end-to-end approach requires minimal
pre-processing and does not rely on handcrafted features, demonstrating superior
performance over existing models. The architecture proposed in this article can be
seen on figure 4.1.

4.2 Different solutions from Kaggle

Due to the competition being closed, participants have been able to share their
code and discuss about the development of their models. A lot of material is there-
fore available to observe the different solutions proposed by the Kaggle community.
This section will examine the strengths and weaknesses of the most common solu-
tions.

4.2.1 The Most Popular Solution: The CNN

Using a Convolutional Neural Network architecture as the main building block
for the FOG detection model was the most researched solution in this competition.
Nineteen different users who employed this model made their solutions public af-
ter the competition closed. This subsection will take a closer look at one of these
solutions that reached twentieth place, developed by user Moro [18].

This solution uses a specific architecture presented in Figure 4.2 for its FOG event
detection. The Multi-Layer Perceptron (MLP) is not discussed in this thesis and is
simply used for multi-class label classification.
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FIGURE 4.1: (a) Single-input CNN-GRU model for HAR. (b) Multi-
input CNN-GRU model for HAR. Image from [6]

The strengths and weaknesses of using a CNN for event detection in time-series
datasets will be examined [25], and how these translate into the model proposed by
user Moro will be analyzed. These insights will be crucial for designing our own
solution.

+ : Local Feature Detection

CNNs are adept at automatically learning spatial hierarchies of features, allowing
them to capture short-term dependencies or patterns in time series data through
convolutional filters.

• Convolutional layers process data in small windows, enabling the detection of
local events over time.

• Moro’s model used windows of size 32 and kernels ranging from size 3 to 5.
Thirty-two timesteps represent one-third of a second in the dataset, emphasiz-
ing the ability to capture short-term dependencies and detect local events over
time.
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FIGURE 4.2: Architecture of the model used by user Moro. This
model reached 20th place in the competition. Image from [18]

+ : Parameter Sharing

The convolutional layers in CNNs use the same set of weights (filters) across the
entire time series.

• Parameter sharing allows the detection of the same feature at different points
in time, ensuring invariance to the exact timing of the event.

• Moro’s model uses different kernel sizes (3, 5, and 10) to capture various tem-
poral patterns, ensuring that features are detected across different scales and
timings.

+ : Temporal Invariance

Pooling layers in CNNs provide temporal invariance by down-sampling the fea-
ture maps.

• This helps the model focus on the most salient features, making it robust to
slight variations in the timing or duration of events.

• In Moro’s model, Global Average Pooling is used after each convolutional
layer, summarizing the feature maps and enhancing robustness to timing vari-
ations.

+ : Efficient Computation

CNNs reduce the number of parameters through parameter sharing and local
connectivity. Local connectivity means that each neuron in a convolutional layer is
connected only to a small, localized region of the input data.
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• This reduction in parameters leads to improved computational efficiency and a
reduced risk of overfitting, which is particularly important when dealing with
limited acceleration data.

• Moro’s approach maintains computational efficiency thanks to the pooling lay-
ers and local connectivity. This enables the model to train for five epochs in
approximately eleven minutes.

- : Limited Temporal Context Understanding

CNNs can struggle with understanding long-term dependencies and temporal
relationships over extended periods.

• For events that depend on patterns spanning a long duration, CNNs might
miss these signals because their receptive field is limited to shorter segments
of the time series.

• Moro’s solution, using windows spanning one-third of a second, is unable to
detect long-term dependencies effectively.

- : Hyperparameter Sensitivity

CNNs have many hyperparameters that require careful tuning to achieve optimal
performance.

• Selecting inappropriate hyperparameters can lead to suboptimal models, and
the process of hyperparameter tuning can be computationally intensive and
time-consuming.

• Moro’s solution requires careful optimization of multiple correlated hyperpa-
rameters.

4.2.2 A Leading Solution: The Gated Recurrent Unit

The Gated Recurrent Unit (GRU) was used by different users and performed ex-
ceptionally well, allowing some solutions to reach the top ten of the leaderboard.
User Zinxhira reached fourth place with a variant of the GRU using residual connec-
tions,

Similar to the earlier examination of the CNN, the advantages and weaknesses of
the GRU for event detection in sequence data will be assessed. These insights will
once again play an important role when designing our own solution

+ : Capturing Long-Term Dependencies

GRUs are adept at capturing long-term dependencies in sequence data through
gating mechanisms that control the flow of information.
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• GRUs use update and reset gates to manage information flow, helping retain
relevant information over long sequences.

• Zinxhira’s solution treated each individual time series as a sequence, no matter
the length. This emphasizes the model’s ability to capture long-term depen-
dencies.

+ : Robustness to Noise

GRUs are less prone to overfitting and more robust to noise in the input data due
to their gating mechanisms.

• The update and reset gates help filter out irrelevant information, making the
model more robust to noise and variability in the input data.

+ : Computational Efficiency

Compared to other recurrent neural networks like LSTMs, GRUs are computa-
tionally more efficient due to their simpler structure.

• GRUs have fewer parameters than LSTMs, leading to faster training and infer-
ence times.

• This efficiency makes GRUs suitable for applications where computational re-
sources are limited or when faster processing is required.

- : Limited Capacity for Extremely Long Sequences

Despite their ability to capture long-term dependencies, GRUs may still struggle
with extremely long sequences.

• GRUs can still face gradient vanishing or exploding issues with very long se-
quences.

• The lack of control in the sequence length in this solution may not be optimal
for a GRU.

- : Information Loss Due to Downsampling

The interesting solutions found on Kaggle for this competition that primarily
used a GRU involved downsampling the data.

• While downsampling reduces the sequence length, making it more manage-
able for the GRU, it can also remove critical information needed for accurate
event detection.

• Zinxhira’s solution required downsampling the sequence by a factor two, re-
ducing the sequence length and the number of measurements available by half.
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4.2.3 The Highest Performance Solution : a hybrid model

The first place in the competition was achieved by user Urazalinov [31] with a
hybrid model that combines a transformer encoder and two bi-directional LSTM
layers.

The transformer encoder is part of the transformer model. It captures depen-
dencies and relationships within the input sequence, effectively performing feature
extraction. It uses self-attention mechanisms to weigh the importance of different
parts of the input sequence relative to each other, allowing the model to understand
context and relationships without regard to the position of the data points [32].

The bi-directional LSTM layers capture long-term dependencies and sequential
patterns over time by processing the input sequence in both forward and backward
directions. This bi-directional approach ensures that the LSTM layers can utilize
information from both past and future contexts. Similar to the GRUs presented ear-
lier, LSTMs are particularly effective at modeling temporal dynamics and sequential
patterns.

A notable downside of this implementation, compared to the CNN and GRU ap-
proaches presented earlier, is its high computational requirements. The final model
proposed by Urazalinov required over two hours of training time using a TPU VM
v3-8. The efficiency of this model will later be compared with our own implementa-
tion.

Designing a hybrid model for FOG event detection is notably challenging because
deeper networks present a higher risk of overfitting. Multiple users reported not
being able to implement an effective hybrid model and chose to limit themselves to
shallower networks [18][40]. Despite these challenges, the results clearly indicate
that hybrid models are the most effective for this task. This is demonstrated by the
substantial margin between the first and second place finishes on the competition
leaderboard achieved using this approach [13].

Based on the observed potential of hybrid models in this competition, this ap-
proach will be considered for future implementations.
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Chapter 5

Problem Statement

In this chapter, this thesis will closely examine the problem of detecting FOG
events using accelerometer data. By exploring and understanding the specific char-
acteristics of the dataset, this chapter outlines the various challenges encountered
during the implementation. Understanding these challenges underscores the rele-
vance of this problem and demonstrates how the proposed solution in this thesis
can advance the state-of-the-art in FOG detection using deep learning.

5.1 Exploratory Data Analysis

5.1.1 Dataset Overview and Context

The data discussed comprises data series collected as patients were filmed per-
forming tasks likely to provoke a freezing of gait (FOG) episode. During these tasks,
patients wore a lower-back 3D accelerometer sensor. Experts reviewed the video
recordings and annotated each frame, describing the type of event occurring [14].

While this manual process is relatively reliable and sensitive, it is extremely time-
consuming, labor-intensive, and requires specialized expertise. Although effective,
this method is not scalable and limits the ability to quickly and efficiently analyze
FOG occurrences. The use of wearable sensors combined with machine learning
techniques presents a promising alternative, allowing for the potential identification
of FOG episodes without the need for video analysis. For this reason, the goal of
this competition is to implement a model that can detect the presence or absence of
a FOG event and the type of event occurring for each frame.

In this competition, Kaggle provides different datasets collected under distinct
circumstances:

• The tDCS FOG (tdcsfog) dataset, comprising data series collected in the lab,
as subjects completed a FOG-provoking protocol.

• The DeFOG (defog) dataset, comprising data series collected in the subject’s
home, as subjects completed a FOG-provoking protocol.
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• The Daily Living (daily) dataset, comprising one week of continuous 24/7
recordings from sixty-five subjects (of which forty-five exhibit FOG symptoms).

The daily dataset was not videotaped or annotated by experts. No detection is
required for the daily series, and this dataset can be discarded with no real impact
on the detection model.

The defog and tdcsfog datasets are very similar in terms of composition and
structure. Two approaches were used during the competition to handle these datasets:
the first approach involved combining both datasets into a single comprehensive
FOG dataset and training a single model for detection [40]; the second approach
involved training two independent models with similar architectures, each tailored
to one of the datasets [31]. Both methods yielded great results, indicating that a
model performing well on one dataset will likely perform similarly on the other.
Given that the time series in the defog dataset are significantly longer, resulting in
extended training times, we will focus on the tdcsfog dataset for our exploration
and experimentation. This approach allows for faster iteration and experimentation.
Insights gained from the tdcsfog dataset will be applicable to the defog dataset. Af-
ter developing our final architecture, we will combine the datasets to ensure more
representative and robust results.

5.1.2 File and Field Description

The tDCS FOG dataset comprises different files and folders:

• train/ contains the different data series in the training set. Each data series cor-
responds to an experiment. The first rows of a specific experiment can be observed
in Table 5.1. The fields present are:

– Time: An integer timestep, recorded at 128Hz (128 timesteps per second).

– AccV, AccML, and AccAP: Acceleration from a lower-back sensor on three axes:
V - vertical, ML - mediolateral, AP - anteroposterior. Data is in units of m/s2.

– StartHesitation, Turn, Walking: The three types of FOG events, represented
by a binary variable indicating the occurrence of each event type.

• tdcsfog_metadata.csv identifies each series in the tdcsfog dataset by a unique
Subject, Visit, Test, and Medication condition.

– Id: The ID of a time series.

– Subject: The subject that performed the experiment referred to in Id.

– Visit: The number of the patient’s visit.

– Test: Which of three test types was performed.

– Medication: Whether the subject is off or on anti-parkinsonian medication.



Chapter 5. Problem Statement 25

• subjects.csv: Metadata for each subject including Age and Sex.

• events.csv: Metadata for each FOG event in all data series.

The test set containing the time series used by Kaggle to score the performance
of a model is hidden to ensure fair comparability among different competitors.

TABLE 5.1: First rows from a single data series from the tdcsfog
dataset.

Time AccV AccML AccAP StartHesit Turn Walking
0 -9.6 0.9 0.9 0 0 0
1 -9.6 0.9 0.9 0 0 0
2 -9.6 0.8 0.9 0 0 0
3 -9.6 0.8 0.9 0 0 0
4 -9.6 0.8 0.9 0 0 0
5 -9.6 0.8 0.9 0 0 0

5.1.3 Exploration

The objective of this exploration is to gain a deeper understanding of the dataset,
focusing on the key features and event types.

The train folder consists of 833 time series, each representing a lab experiment in
the form of time series data. The length of these series ranges from 2,359 timesteps
to 97,077 timesteps, representing experiments lasting from 18 to 758 seconds. By
concatenating the different experiments and mapping their IDs to the correspond-
ing experiment in tdcsfog_metadata.csv, we can associate each experiment with a
subject. This approach reveals that the data series were collected from only sixty-
two different subjects. This limited number of subjects is one of the main challenges
introduced in the next section.

We now explore the three features (AccV, AccML, and AccAP) and the three corre-
sponding events (StartHesitation, Turn, Walking) in greater detail.

To visualize the different features and events, we start by plotting the accelera-
tion data over time with event overlays for a single experiment. The result, shown in
Figure 5.1, helps us understand the structure of each time series. Experiments begin
with the patients standing still for a few seconds before starting the FOG provok-
ing protocol. During the experiment, events may occur for a specified number of
timesteps. In this specific time series, only the Turn event occured for a single time
window, represented in red.

It is also relevant to visualize the correlation between each acceleration feature
and the event types. This is achieved in Figure 5.2. While no significant observation
can be made from the vertical acceleration feature, we find a correlation between
mean AccML or AccAP values closer to zero and the absence of events.
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FIGURE 5.1: Acceleration data over time with event overlays. The red
rectangle represents the time window during which the Turn event

occurred

While the first two illustrations are useful for visualizing the data and identifying
simple correlations, further exploration regarding event duration and frequency is
crucial for understanding the challenges we face and designing an effective solution.
The distribution of different events within the dataset varies significantly. As high-
lighted in Figure 5.3, 23% of timesteps are annotated as a Turn event, while less than
5% of timesteps are annotated as StartHesitation or Walking events. Considering
all data series, Turn events occurred 958 times, while StartHesitation and Walking
occurred 100 and 108 times, respectively.

Due to the sporadic nature of FOG, we observe significant discrepancies even
within each event type as the duration of these events varies between experiments.
The table 5.2 below illustrates this by highlighting the key metrics regarding the
duration of each event type.

5.2 Challenges

Due to the nature of the data available and the current advances on FOG detec-
tion, two main challenges will have to be addressed during the implementation of a
novel model. First, current datasets used for training and testing these models are
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FIGURE 5.2: Correlation analysis between acceleration features and
event targets

TABLE 5.2: Event duration statistics

StartHesitation Turn Walking

Mean Duration 3,047 1,752 1,924
Shortest Duration 31 26 23
Median Duration 491 430 427
Longest Duration 18,773 74,493 21,018

limited in size and scope, which significantly affects the generalizability of the mod-
els. Additionally, while high levels of accuracy have been achieved, other critical
metrics such as precision have largely been ignored.

5.2.1 Precision

The shortcomings of accuracy

The emphasis when designing models for HAR has often been on achieving high
levels of accuracy, as shown by the models presented by Ignatov[11] and Dua, Singh,
and Semwal[6]. These models focused on accuracy during development and high-
lighted this metric to assess their performance. Accuracy is defined as:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
(5.1)

"There is a downside to focusing on accuracy as a primary metric. The reason is
that it treats all classes as equally important and looks at all correct predictions" [28].
It is important to consider the distribution of the event types presented in Section
5.1.3:

• 23% of data entries are of type Turn

• 4% of data entries are of type StartHesitation
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FIGURE 5.3: Percentage of each event type within the complete
dataset

• 3% of data entries are of type Walking

• 70% of data entries are non-events

Given this distribution, it would be easy to achieve high accuracy by simply pre-
dicting the majority class for every time step. If a model always predicted "non-
event," it would be correct 70% of the time, leading to a high accuracy despite not
actually detecting any events. This is a common issue in imbalanced datasets and
highlights the need for other metrics to ensure an effective model.

Average Precision

Due to the shortcomings of accuracy, the official metric used by Kaggle to score
submissions and the one we will focus on when developing our novel model is the
Mean Average Precision (mAP). We will compute the average precision (AP) on
predicted confidence scores separately for each of the three event classes and take
the average of these three scores to get the overall score.

Average Precision (AP) is a metric used to evaluate the performance of classifi-
cation models, particularly with imbalanced datasets. Each prediction made by the
model is associated with a confidence score, indicating the probability or confidence
of the prediction being correct. By varying the confidence score threshold, we can
compute precision and recall 1 at different levels, resulting in a precision-recall curve

1Precision is the ratio of correctly predicted positive observations to the total predicted positives,
while recall is the ratio of correctly predicted positive observations to all actual positives.
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[39].

AP is calculated as the area under the precision-recall curve. Mathematically, it is
expressed as:

AP =
N

∑
n=1

(Rn − Rn−1)Pn (5.2)

where Pn and Rn are the precision and recall at the nth threshold, and N is the
number of thresholds. Figure 5.4 illustrates the precision-recall curve for the turn
event achieved by a benchmark model can help visualize the concept of AP. It would
show how precision varies with recall at different thresholds, with the area under the
curve representing the AP.

FIGURE 5.4: Example of a Precision-Recall Curve obtained during
model testing

mAP is the average of the AP values for each class, providing a single metric that
summarizes the overall performance of the model across all classes:

mAP =
1
C

C

∑
c=1

APc (5.3)

where C is the number of classes, and APc is the Average Precision for class c.

Working with Mean Average Precision (mAP) is challenging as it requires balanc-
ing the model’s performance across all classes, including rare events. Detection of
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infrequent events such as StartHesitation and Walking is critical. The mAP scores
obtained by the participants to the competition are presented on the figure 5.5 below
for future comparisons.

FIGURE 5.5: Scores from the leaderboard for the FOG detection com-
petition.

5.2.2 Generalizability

In the article "Deep Learning in Human Activity Recognition with Wearable Sen-
sors: A Review on Advances", Zhang et al. discusses the difficulties of acquiring a
sufficiently large corpus of quality data for HAR. "When training a DL model with a
limited dataset size, the model will be prone to overfitting, and the generalizability
will be sacrificed... The quality of models is highly dependent on the quality of the
training data" [38]. Thanks to the EDA performed earlier, two factors complicating
the generalizability of models have been identified:

1. Lack of data for certain events: Events such as walking only contain 108 win-
dows in the training data. Coupled with the sporadic nature of FOG, each
event varies significantly, making it difficult for the model to recognize pat-
terns and predict accurately on new data.

2. Limited diversity of patients in the training data: The training data includes
only sixty-two different patients. Each patient has a unique gait and different
reactions to freezing of gait, making it challenging for the model to generalize
patterns to unseen patients.
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The Table 5.3 illustrates the difficulty of generalizing to new subjects by compar-
ing the scores of two benchmarks models detecting events on patients both present
and absent from the training set.

TABLE 5.3: Performance comparison using mAP for benchmark CNN
and GRU models detecting events on patients both present and ab-

sent from the training set

Model used CNN GRU
absent subject 0.29 0.32
present subject 0.41 0.43

5.2.3 Objectives

After outlining the challenges in FOG (Freezing of Gait) detection and reviewing
related works, we can define the requirements for our implementation more clearly.

Model Learning Requirements: The model must learn complex patterns from
sequential data and generalize these patterns effectively. Zhang et al. (2022) [38] list
and compare several models that are well-suited for this task.

Handling Low-Quality Data: The model must handle low-quality data due to
the small corpus and the noisy nature of sensor data. Insights from Ignatov et al.
(2018) [11] and the solution proposed by Moro (2023) [18] suggest that CNNs can
address this through dimensional reduction. Additionally, RNNs like LSTMs and
GRUs are a good fit due to their robustness to noise, as demonstrated by the perfor-
mance of Zinxhira’s model [40].

Performance: Given the promising results demonstrated by hybrid models [31],
the proposed model should explore a new hybrid architecture. This approach is
expected to improve the overall performance. The results will be compared to other
submissions.

Building on the promising results achieved by both CNNs and GRUs in detecting
Freezing of Gait (FOG), this master’s thesis aims to explore the potential of a hybrid
model that combines the strengths of both approaches. The primary objective is
to develop and implement a novel CNN-GRU model specifically tailored for FOG
detection. Inspired by the model introduced in the article ’Multi-input CNN-GRU
based human activity recognition using wearable sensors’ [6], this thesis will adapt
and extend the architecture to suit the FOG detection context, with the goal of de-
signing a new model and benchmarking its performance against existing solutions.

The proposed model aims to:

• Utilize CNNs for Feature Extraction Reduction: Leverage the ability of Con-
volutional Neural Networks to detect local features, enabling efficient feature
extraction and dimensionality reduction.
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• Enhance Temporal Context Understanding: Address the limited temporal
context understanding of CNNs by incorporating Gated Recurrent Units (GRUs)
to capture long-term dependencies.

• Performance and Efficiency: Leveraging the computational speed of both CNNs
and GRUs, the hybrid CNN-GRU model is designed for efficient performance
without compromising accuracy. Our goal is to balance accuracy with compu-
tational efficiency. We will assess the proposed model’s efficiency and compare
it to the Transformer-biLSTM approach [31].

By achieving these objectives, the thesis seeks to advance the state-of-the-art in
FOG detection by providing new insights into CNN-GRU models for human ac-
tivity recognition and introducing a novel approach for effective and efficient FOG
detection.
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Chapter 6

Solution

This chapter focuses on the implementation choices and architectures developed
for this master’s thesis.

After discussing data preparation, we will detail the implementation of two bench-
mark models: a CNN and a GRU. These models are essential for gaining insight into
their ability to assess FOG detection and for ensuring that the new hybrid CNN-GRU
model surpasses both in performance. Finally, we will present the implementation
of the novel hybrid model.

6.1 Preparing the Data

The first step of the implementation is to prepare the data to enable effective
training. This process includes pre-processing and sequencing the data.

6.1.1 Pre-processing

The pre-processing step of our implementation ensures the data is clean and in a
suitable format for the model. This part consists of three different stages.

Grouping the time series

As the data is distributed across more than eight hundred different time series,
we group them into a single DataFrame and add a column to reference the cor-
responding time-series ID. This consolidation facilitates easier manipulation of the
data, allowing us to manage the time series as a cohesive dataset rather than dealing
with multiple fragmented series.

Mapping the subjects

Our model aims to detect events in data from unknown subjects. Since these sub-
jects are not present in the original time series, we perform a mapping between the
time-series IDs in our DataFrame and the corresponding subjects in tdcsfog_metadata.csv.
This mapping allows us to add a new column that captures the specific subject on
which the measurements were taken. This step is crucial for ensuring that our model
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can generalize well to new, unseen subjects by properly structuring the data during
training.

Standardization

An example of feature measurements was illustrated in Figure 5.1. We can ob-
serve that the features do not have the same scales. To prevent the model from being
biased towards features with larger scales, regularization or normalization of the
data is essential. For this implementation, we apply standardization to the accelera-
tion features of each experiment individually.

Motivation:

• Why Standardization: Standardization transforms the data to have a mean of
zero and a standard deviation of one. This is crucial for many machine learning
algorithms as it ensures that each feature contributes equally to the model’s
performance and helps in achieving faster convergence during training[12].

• Why Not Normalization: Normalization scales the data to a specific range,
typically [0, 1]. While this can be useful for some applications, it is not appro-
priate here because it does not account for the variance in the data, which can
be significant in accelerometer measurements. Standardization, on the other
hand, maintains the distribution of the data, which is important for preserving
the characteristics of the original signals [35].

• Why Individually on Each Experiment: Each experiment may have different
characteristics and scales due to varying conditions and subjects. As the pa-
tients perform different tasks and have different gaits, the resulting measure-
ments vary and have different scales. Standardizing each experiment individ-
ually ensures that the scaling reflects the specific context of each experiment.
This prevents the introduction of biases that could arise if a global standardiza-
tion was applied, which could give too much weight to specific experiments.

Standardization is performed using the StandardScaler from the sklearn li-
brary. Applying the StandardScaler as described resulted in a relative mAP score
improvement of up to 50%. The first lines of the DataFrame can be observed in Table
6.1 below.

TABLE 6.1: First five lines of the DataFrame after pre-processing.
Each row represents a timestep with standardized accelerometer

measurements, corresponding labels and identifications.

Time AccV AccML AccAP SHes Turn Walk Id Subject
0 -0.222604 -0.116734 -0.459735 0 0 0 690... 2a39f8
1 -0.218296 -0.119831 -0.459735 0 0 0 690... 2a39f8
2 -0.215475 -0.118364 -0.463046 0 0 0 690... 2a39f8
3 -0.221249 -0.116820 -0.461988 0 0 0 690... 2a39f8
4 -0.219619 -0.121241 -0.468508 0 0 0 690... 2a39f8
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6.1.2 Sequencing

Sequencing organizes the data into the format required by the model, preparing
the features and labels in separate arrays with specific sequence sizes for effective
use. Due to the size of our data and the limited RAM available, it is impractical to
provide the entire sequenced dataset to the model in one go. Therefore, we need
a method that can yield sequences dynamically during model training. To address
this, we implemented the TimeseriesGenerator utility class from the Keras library
for generating batches of temporal data.

The TimeseriesGenerator operates through two main functions. The initializa-
tion function, executed once, sets up variables such as the features, labels, sequence
length, and batch size. The second function creates sequences based on the informa-
tion provided during initialization, groups these sequences into batches, and sup-
plies them to the model during training.

While the model training effectively utilizes the computation capabilities of the
GPU, the function used by the TimeseriesGenerator to prepare and send the batches
operates on the CPU. To avoid slowing down the training process, we precompute
information such as the starting position of each sequence during initialization, thus
minimizing the computational load on the CPU during batching.

Implementation choices specific to each model will be detailed in Section 6.

6.2 Benchmark CNN

This section will detail the implementation of the benchmark CNN model.

6.2.1 Sequencing

During the sequencing for the CNN model, we chose to assign only a single la-
bel per window instead of a label per timestep as initially provided by the dataset.
While this means that some timesteps might be mislabeled, this effect is mitigated by
the fact that the events typically span long windows of time. Empirical experiments
confirm that the loss in the mAP score due to the mislabeling of some timesteps
is negligible. On the bright side, this approach allows us to reduce the dimension
of the output and capture the overall context of the sequence within that window,
which is beneficial for CNNs that are effective at recognizing spatial patterns

6.2.2 Architecture

This specific architecture, which will be used for our benchmark CNN model,
was developed thanks to the insights from an existing Kaggle solution [18] and re-
lated literature [23].

• Input Layer: Takes input sequences with shape (window_size, n_features),
where window_size is the length of the sequence and n_features is the num-
ber of features per timestep.
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• Convolutional Block: This block is applied three times in a row.

– Conv1D Layer: Applies 1D convolution to extract n_filters filters, each
of size k_size. "Same" padding is used to preserve the input shape.

– BatchNormalization Layer: To mitigate overfitting and speed up train-
ing. Normalizes the output of the previous layer to have zero mean and
unit variance.

– ReLU Activation Layer: Applies the ReLU activation function to intro-
duce non-linearity.

– Dropout Layer: Applies dropout with a rate of 0.2 to prevent overfitting.

• GlobalAveragePooling1D Layer: Reduces each feature map to a single value
by averaging all values in the sequence, effectively reducing the spatial dimen-
sions.

• Dense (Output) Layer: A fully connected layer with n_labels units, used to
enable classification. Produces the final output.

The resulting architecture, along with example output dimensions, can be ob-
served in Figure 6.1.

6.2.3 Discussion

The results and hyperparameters will be detailed in a later chapter. However, a
short analysis is still relevant to gain insights for building our hybrid model.

Average pooling is great for generalizing because it considers all activations, re-
ducing sensitivity to specific dominant features. This approach outperformed "max
pooling" as it helps in maintaining a more balanced representation of the features,
leading to better generalization and robustness against overfitting [37].

The CNN model performed the best with a small window size (shorter than a
second), indicating that it is most effective at extracting local features when confined
to short time periods.

6.3 Benchmark GRU

This section will detail the implementation of the benchmark GRU model.

6.3.1 Sequencing

Due to the high frequency of the sensor measurements, the features exhibit only
slight variations between consecutive timesteps. For this reason, despite the GRU’s
inherent robustness to noise, the model showed improvement when sampling only
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FIGURE 6.1: Architecture of the benchmark CNN with example out-
put dimensions

one timestep out of every two. The sampling rate can be specified when using the
TimeseriesGenerator.

6.3.2 Architecture

The specific architecture of the benchmark GRU is detailed below. This architec-
ture took inspiration from a Kaggle solution [40].

• Input Layer: Takes input sequences with shape (window_size, n_features),
where window_size is the length of the sequence and n_features is the num-
ber of features per timestep.

• Dense Layer: Applies a dense layer to align dimensions with the future GRU
layer.
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• Batch Normalization Layer: Normalizes the output of the dense layer to have
zero mean and unit variance, mitigating overfitting and speeding up training.

• ReLU Activation Layer: Applies the ReLU activation function to introduce
non-linearity.

• Bi-directional GRU Block with Residual Connection: This block is applied
three times in a row.

– Bi-directional GRU Layer: Applies a Bi-directional GRU with n_units
units, returning sequences. This layer captures dependencies from both
forward and backward directions.

– BatchNormalization Layer: Normalizes the output of the GRU layer to
have zero mean and unit variance, mitigating overfitting and speeding
up training.

– Dropout Layer: Applies dropout with a rate of 0.2 to prevent overfitting.

– Residual Connection: Adds the input to the output of the GRU layer to
form a residual connection. Mitigates the vanishing gradient problem in
deep networks.

• Time-distributed Dense Layer: A fully connected layer with n_labels units,
used to enable classification. Produces the final output.

The resulting architecture, along with example output dimensions, can be ob-
served in Figure 6.2.

6.3.3 Discussion

Similar to the CNN, the results and hyperparameters for the GRU model will
be detailed in a later chapter. However, a brief discussion remains relevant to gain
insights for building our hybrid model.

Applying a bi-directional wrapper to the GRU layers enabled the model to use
both past and future context, as we have access to the entire data sequence. This
bi-directional approach improved the model’s ability to generalize by capturing de-
pendencies from both directions.

The residual connections significantly mitigated the vanishing gradient problem,
enabling the use of larger window sizes and improving precision. This component
proved crucial in achieving convincing performance with the GRU model.

The model demonstrated consistent improvement as the window size increased
to a certain point, after which the performance plateaued. This suggests that the
GRU is most effective at capturing temporal dependencies over larger time scales.
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FIGURE 6.2: Architecture of the benchmark GRU with output dimen-
sions

6.4 CNN-GRU architecture

This section details the implementation of the CNN-GRU model. We start with
the basic CNN-GRU architecture, followed by modifications tailored for FOG detec-
tion.

6.4.1 Basic CNN-GRU

The basic CNN-GRU architecture combines the two previously defined models
by stacking a CNN on top of a GRU. This combination allows the model to effec-
tively handle both the spatial and temporal aspects of the input data. The CNN
extracts local features within the specified window, while the GRU captures the se-
quential dependencies of these features.
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However, simply merging the CNN and GRU models, as defined earlier for the
benchmark, did not yield significant improvements in results. This suggests that
further tailoring and optimization of the model are necessary for effective FOG de-
tection.

6.4.2 Simplified Network

Each additional convolutional or recurrent layer enhances the model’s ability to
recognize more complex patterns. However, deeper networks are more prone to
overfitting, where the model learns noise and details specific to the training data
rather than generalizing well to new data [1].

Given the characteristics of the FOG dataset and our need to generalize detection
to new subjects, the model showed better performance with a shallower architecture.
Consequently, we will utilize an architecture with only two convolutional blocks and
two GRU blocks, as proposed by Dua, Singh, and Semwal [6].

6.4.3 Time-distributed CNN + GRU

As of now, the model is able to demonstrate similar results to the two benchmark
models, but is still unable to surpass them. We have to take a closer look at the
insights of each model to propose further upgrades.

On one hand, the GRU requires large windows to be able to understand the tem-
poral context effectively. According to the insights from Section 6.3.3, the GRU is
unable to perform optimally if the window does not capture several seconds of con-
tinuous measurements. This is because GRUs rely on capturing long-term depen-
dencies and patterns within the data, which are better represented in longer win-
dows. Shorter windows fail to provide the GRU with sufficient context, resulting in
suboptimal performance.

On the other hand, according to the insights from Section 6.2.3, the CNN per-
formed optimally when extracting features from periods shorter than a second. For
FOG detection using CNNs, it is crucial to keep the window size small to allow
convolutional filters to focus on very localized features and enhance generalization
by learning patterns across many small segments. Larger windows deteriorated the
CNN’s performance by introducing irrelevant information.

Due to this conflict, we apply a Time-distributed wrapper to the layers of the
convolutional part of the architecture. This allows the CNN and the GRU to operate
on different time scales. The CNN can effectively stay confined to smaller windows
to extract localized features, while the GRU can function on a larger window, lever-
aging the required temporal context.

The new model functions as follows: each sequence is divided into multiple sub-
sequences. A CNN is applied to each subsequence independently to extract fea-
tures. The extracted features from all subsequences are then flattened into 1D vec-
tors. These vectors are fed sequentially into a GRU, which captures the temporal
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dependencies across the entire sequence.

This new architecture clearly enhances the model’s ability to detect FOG events
and now outperforms both benchmark models. By using the time-distributed wrap-
per, the model effectively leverages the strengths of both the CNN and the GRU. This
approach has already been used successfully for HAR [6] or tasks such as speech
emotion recognition [19].

6.4.4 Improved Sequencing

To accommodate the new model’s requirements, each sequence is further divided
into multiple subsequences of a specified length during batching. Similar to the ap-
proach used for the benchmark CNN, we assign a single label to each subsequence,
which reduces the dimensionality of the output. The CNN effectively reduces the
dimensionality of the input through pooling layers, eliminating the need for resam-
pling the input data.

Additionally, the bi-directional GRUs ability to use temporal context is limited
at the edges of the sequences, as it only has context from one direction. To address
this issue, it is possible to apply an overlap to the sequences. This overlap ensures
that the edge of one sequence is in the center of another, providing the GRU with
sufficient context from both directions across the entire time series. This strategy
improves the GRU’s ability to capture temporal dependencies. The tradeoff of this
overlap is an increased computational load as it duplicates the data.

A first time-distributed CNN-GRU model will be trained without overlap and a
second one with 50% overlapping sequences.

An example of the sequencing applied to the data is shown in Figure 6.3.

6.4.5 Final Architecture

This section showcases the hybrid architecture developed for FOG detection. It is
inspired by both architectures defined for our benchmark models and literature on
HAR using CNN-GRU models [6].

• Input Layer: Takes input sequences with shape (n_subsequence, subsequence_length,
n_features), where n_subsequence is the number of subsequences, subsequence_length
is the length of each subsequence, and n_features is the number of features
per timestep.

• Time-distributed Convolutional Block: This block is applied twice in a row.

– Time-distributed Conv1D Layer: Applies 1D convolution independently
to each subsequence to extract n_filters filters, each of size k_size. "Same"
padding is used to preserve the input shape.



Chapter 6. Solution 42

FIGURE 6.3: Sequencing of 100 timesteps using sequences of size 50
and subsequences of size 25 with a 50% overlap.

a) Input data b) Resulting sequences

– Time-distributed BatchNormalization Layer: Normalizes the output of
the previous layer to have zero mean and unit variance, mitigating over-
fitting and speeding up training.

– Time-distributed ReLU Activation Layer: Applies the ReLU activation
function to introduce non-linearity.

– Time-distributed Dropout Layer: Applies dropout with a rate of 0.2 to
prevent overfitting.

• Time-distributed AveragePooling1D Layer: Applies average pooling with a
specified pool size independently to each subsequence to reduce the spatial
dimensions.

• Time-distributed Flatten Layer: Flattens the pooled feature maps indepen-
dently for each subsequence.

• Dense Layer: Aligns dimensions for the future GRU layers by applying a
dense layer

• BatchNormalization Layer: Normalizes the output of the dense layer to have
zero mean and unit variance, mitigating overfitting and speeding up training.

• ReLU Activation Layer: Applies the ReLU activation function to introduce
non-linearity.

• Bi-directional GRU Block with Residual Connection: This block is applied
twice in a row.
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– Bi-directional GRU Layer: Applies a Bi-directional GRU with units units,
returning sequences. This layer captures dependencies from both for-
ward and backward directions.

– BatchNormalization Layer: Normalizes the output of the GRU layer to
have zero mean and unit variance, mitigating overfitting and speeding
up training.

– Dropout Layer: Applies dropout with a rate of 0.2 to prevent overfitting.

– Residual Connection: Adds the input to the output of the GRU layer to
form a residual connection. Mitigates the vanishing gradient problem in
deep networks.

• Time-distributed Dense Layer: A fully connected layer with n_labels units,
used to enable classification. Produces the final output.

This architecture is illustrated on Figure 6.4.

To the best of the author’s knowledge, a hybrid time-distributed CNN-GRU ar-
chitecture has not yet been successfully implemented for detecting FOG events.
Therefore, this model represents a novel approach to the task of Freezing of Gait
detection using deep learning.
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FIGURE 6.4: Time-distributed CNN-GRU architecture tailored for
FOG event detection
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Chapter 7

Validation

This chapter will outline the methodology and experiments undertaken to demon-
strate the effectiveness of a time-distributed CNN-GRU model in a specific HAR
task, the detection of FOG events.

7.1 Implementation Environment

The entire implementation was carried out in Python using a Jupyter notebook on
Kaggle, leveraging the Keras and sklearn libraries. Keras, built on TensorFlow, was
employed for deep learning model development. To expedite the training process,
a GPU P100 was utilized along with efficient multi-processing. This setup allowed
for faster model training and more efficient handling of computationally intensive
tasks.

The specific versions used in the implementation are as follows:

• Python version: 3.10.13

• Keras version: 2.15.0

• TensorFlow version: 2.15.0

7.2 Benchmark Models

To evaluate the performance of the time-distributed CNN-GRU model, two bench-
mark models were developed for this master’s thesis: a standalone CNN and a stan-
dalone GRU. Both benchmark models are detailed further in Section 6.

These benchmarks serve to assess the hybrid model’s ability to leverage the strengths
of both individual models. To ensure a fair comparison, all models were tuned and
tested using identical procedures. Additionally, the hybrid model was compared
under the same conditions, including the following optimizations:
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• Residual Connections: Residual connections, which are employed to enhance
the recurrent part of the hybrid model, were also incorporated into the bench-
mark GRU model.

• Overlap: Since the benchmark models were not tested with overlapping win-
dows, the performance of the hybrid model should first be evaluated without
this optimization.

7.3 Model Tuning

Hyperparameter tuning is a critical process in optimizing neural network perfor-
mance. The hyperparameters considered for tuning in this study include:

– n_filters: The number of kernels in the convolutional layers.
– k_size: The size of kernel used in the convolutional layers.
– units: The number of units in the GRU layer.
– subsequence_length: The length of each subsequence.
– n_subsequence: The number of subsequences in a sequence.
– gru_drop: The dropout rate applied to the GRU layers.
– cnn_drop: The dropout rate applied to the CNN layers.
– pool_size: The size of the pooling window.
– lr: The learning rate, which controls the step size during gradient descent.
– batch_size: The number of samples processed before the model’s internal param-

eters are updated.
– n_epochs: The number of times the entire dataset is passed through the network

during training.
– overlap: The percentage of the sequence that overlaps with the next sequence.
– padding: The technique used to handle borders during convolution.
– activations: The activation functions (ReLU, tanh, sigmoid) applied to introduce

non-linearity into the model.
– optimizer: Optimization algorithm used to update the model.
– loss function: Function that measures the error between predicted and actual out-

puts.

Exploring three possible values for each hyperparameter would require training
millions of models, which is computationally infeasible. To efficiently narrow down
the search space, we divided the tuning process into four stages: Initial Sensitivity
Analysis, Random Search, Grouping Hyperparameters, and Grid Search.

Additionally, overlap will only be introduced and fixed at the very end for the
reason described in Section 7.2.

Initial Sensitivity Analysis:
Initial Sensitivity Analysis is a preliminary step where we vary one or two hyper-
parameters at a time to identify which ones have the most significant impact on the
model’s performance. Based on these observations, we fixed certain hyperparame-
ters (Table 7.1) to reduce the search space.
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TABLE 7.1: Hyperparameters fixed based on Initial Sensitivity Anal-
ysis

Hyperparameter Fixed Value
Activations CNN ReLU
Activations GRU tanH + sigmoid
Optimizer Adam
Loss Function BinaryCrossentropy
Padding same

Random Search:
The next step involves a Random Search to identify promising hyperparameter com-
binations. We defined three to five reasonable values for each hyperparameter and
trained a hundred models using random combinations. This approach allowed us
to explore a broad range of potential configurations efficiently, identifying those that
yield the best performance.

Grouping Parameters:
Based on the Random Search results, we grouped the hyperparameters into different
categories, as shown in Table 7.2

TABLE 7.2: Hyperparameter Grouping for Targeted Tuning

Group Name Hyperparameters
Model Complexity Parameters n_filters, k_size, units
Regularization Parameters cnn_drop, gru_drop
Sequence Parameters subsequence_length, n_subsequence, pool_size
Training Parameters lr, batch_size, n_epochs

Grid Search:
Finally, Grid Search is conducted within each parameter group. This systematic
method tests all possible combinations of specified parameter values to identify the
best-performing model configuration. For each parameter group, the other groups’
parameters were fixed at their baseline values to isolate their impact on model per-
formance.

Once the best combination for each parameter group is identified, the model is
considered optimized. The configuration of each model is provided in Table 7.3 for
reproducibility.

7.4 Validation

7.4.1 FOG Detection

The models were initially validated on the comprehensive FOG dataset, which
was created by combining the tdcsfog and defog datasets. We employed a custom
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TABLE 7.3: Hyperparameters Configuration for Each Model

Hyperparameter CNN GRU CNN-GRU

subsequence_length 64 1024 32

n_subsequence - - 64

n_filters 128 - 256

k_size 15 - 7

pool_size 64 - 1

units - 128 128

cnn_drop 0.2 - 0.5

gru_drop - 0.2 0.2

lr 2 × 10−5 1 × 10−3 1.5 × 10−4

batch_size 128 64 32

n_epochs 10 20 15

cross-validation strategy that was specifically tailored to the unique characteristics
of this dataset.

To achieve balanced and representative splits, we utilized the StratifiedKFold
function from the sklearn library. This method produced five distinct splits, with
each split containing unique subject IDs to ensure that no subject appears in more
than one split. Furthermore, we ensured that each event label was equally repre-
sented across the splits, a critical step in addressing the inherent class imbalance
within our dataset.

Following this, we conducted a five-fold cross-validation using the computed
splits. In each iteration, the subjects from four splits were used for training, while
the remaining subjects were used for validation. This process was repeated five
times, with each split serving as the validation set once. By averaging the results
across these folds, we obtained a more reliable estimate of the model’s performance,
reducing the risk of overfitting and ensuring that our evaluation was not biased by
any particular subset of the data.

Typically, robust model evaluation would include a separate test set to verify that
the selected hyperparameters do not lead to overfitting. However, given the nature
of our dataset and the complexities involved in detecting FOG, this approach posed
several challenges. A small test set could result in highly variable and unreliable
outcomes, whereas allocating a large portion of the data to testing would leave in-
sufficient data for effective model training.
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Therefore, we chose to rely on cross-validation performance as our primary eval-
uation metric. This approach allows for the maximum utilization of available data
while providing a stable and reliable assessment, ensuring that our model general-
izes effectively to unseen data.

Although not the primary focus of this thesis, a comparison of the training speeds
between the proposed model and a Transformer model [31] was conducted. To en-
sure a fair comparison, both models were trained under similar conditions, includ-
ing the use of the same GPU and identical training and validation splits.

7.4.2 Validation on UCI HAR Dataset

To further evaluate the generalizability of our CNN-GRU model, we validated
it on the UCI HAR dataset, a widely recognized benchmark for HAR tasks [24].
This dataset includes six distinct features, specifically 3D accelerometer and 3D gy-
roscope data, and is associated with six activity labels.

For this evaluation, we used the predefined training and test splits, as well as the
predefined window segments, provided with the UCI HAR dataset. This ensured
consistency and allowed us to compare our results with those from existing stud-
ies. By validating on this dataset, we aimed to demonstrate the model’s ability to
generalize across different datasets and tasks.

7.5 Results

In this section, we present the performance of our proposed model, the time-
distributed CNN-GRU with residual connections, on the FOG dataset and UCI HAR
dataset. We compare the results with baseline models, highlighting the effectiveness
of our approach in detecting FOG events and recognizing activities from the UCI
HAR dataset.

7.5.1 FOG Dataset

The performance of the models on the FOG dataset is summarized in Table 7.4,
which presents mAP and AP scores for detecting specific events: turning, walking,
and hesitation. The mAP score is the main metric used to evaluate model perfor-
mance, while the AP scores give insight into how well each model detects individ-
ual events. It’s important to note that the scores achieved by the Kaggle submissions
were computed on a different test set. Therefore, these scores are presented here for
reference only and should not be directly compared.

Figures 7.1a and 7.1b show the precision-recall curves for the CNN and GRU
benchmark models, respectively. These curves help visualize the trade-off between
precision and recall for different decision thresholds, providing a deeper under-
standing of how each model performs across different tasks.
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TABLE 7.4: Model Performance on Different Tasks. The first rows
present the scores achieved during validation by our models, while

the later rows report scores from the competition leaderboard [13].

Model mAP AP Turn AP Walking AP Hesitation
CNN 0.2964 0.6603 0.0707 0.1582
GRU 0.3218 0.7845 0.1258 0.0551

CNN-GRU (No Overlap) 0.3828 0.8057 0.1189 0.2240
CNN-GRU (With Overlap) 0.4017 0.8410 0.1175 0.2467

1st place 0.5140 - - -
5th place 0.3898 - - -
10th place 0.3477 - - -
50th place 0.3060 - - -

(A) (B)

FIGURE 7.1: PR curves of the benchmark models on the FOG dataset.
A CNN model. B GRU model.

Table 7.5 compares the training times of the proposed CNN-GRU variant (with
overlapping sequences) and the Transformer-LSTM model that reached first place in
the competition. Similar hardware, training and validation splits have been used for
the measures to ensure fair comparison.

TABLE 7.5: Training Time Comparison between our best performing
model and the first place submission

Model Training Time (s) Epochs Time per Epoch (s)
CNN-GRU + overlap 315 15 21

Transformer-LSTM [31] 2400 20 120

Figures 7.2a and 7.2b illustrate the PR curves for the proposed CNN-GRU model
without and with overlapping sequences, respectively.
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(A) (B)

FIGURE 7.2: PR curves of the novel model on the FOG dataset. A
CNN-GRU without overlap. B CNN-GRU with overlap.

7.5.2 UCI HAR Dataset

Table 7.6 presents a comparison of the accuracy and F1-score1 of our model against
state-of-the-art models. The scores were achieved on the official test set provided by
the UCI-HAR dataset.

TABLE 7.6: Model Performance Comparison on the UCI HAR dataset

Model Accuracy (%) F1-score (%)
Proposed CNN-GRU 89.3 89.3

Multi-Input CNN-GRU [6] 96.20 96.19
Transformer [26] 98.6 -

7.6 Discussion

FOG detection
The results presented in Table 7.4 highlight the inherent complexity of detecting FOG
events. These events require the model to extract features that are complex enough
to differentiate between various types of movements but also generalizable across
different patients. This balance is particularly challenging due to the class imbal-
ance in the dataset, where models tend to be biased towards the majority classes.
This difficulty was evident across all models tested during this thesis and aligns
with observations from the Kaggle competition, where no solution achieved high
AP scores on the minority classes, reflecting a broader challenge in this domain.

The CNN model demonstrated moderate precision in detecting Turn and Hesitation
events. However, its local feature extraction approach was insufficient for learn-
ing the broader temporal context required for detecting Walking events, as depicted
in Figure 7.1a. This limitation underscores the importance of temporal context in

1he F1 score is a metric that balances precision and recall by calculating their harmonic mean.
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identifying this specific type of movement, which a purely spatial model like CNN
cannot adequately capture.

In contrast, the GRU model, which is designed to handle temporal dependencies,
showed improved performance in detecting Walking and Turn events. However,
Figure 7.1b shows it struggled with detecting Hesitation events, suggesting that
these events might rely on highly localized features that GRU alone cannot capture
effectively. This finding points to the need for a model that can learn both localized
and sequential patterns.

The CNN-GRU model, highlighted in Figure 7.2a, outperformed standalone CNN
and GRU models by effectively combining spatial feature extraction with temporal
sequence modeling. This hybrid approach improved the detection of Hesitation
and Walking events, leveraging CNNs for localized features and GRUs for temporal
context. However, while it showed notable gains in mAP scores, the ability of the
model to detect minority events is not fully satisfactory.

Introducing sequence overlap in the CNN-GRU model further enhanced the over-
all mAP score. However, this enhancement did not translate into significantly better
detection of Walking and Hesitation events. This indicates that while overlap im-
proves general performance, it does not fully address the specific challenges posed
by these events, likely because it fails to introduce new discriminative features. Fig-
ure 7.2b depicts the ability of the model to detect each individual event.

With a final mAP score of 0.4017, the time-distributed CNN-GRU model with
residual connections would hypothetically place fifth on the official Kaggle leader-
board if it could replicate these results on the hidden test set. This performance is
notable given the competition but highlights the ongoing challenge of effectively
handling minority class events in FOG detection.

Given the performance boost from residual connections in the GRU layers, this
approach was tested in the CNN block, but it did not yield any improvement. Sim-
ilarly, experiments with class weights to counteract the dataset imbalance were also
ineffective.

The computational efficiency of the CNN-GRU model, as shown in Table 7.5,
remains its main advantage when compared to the Transformer model. While it
may not be the top performer in terms of mAP, its faster training times and simplicity
suggest that it could also offer faster inference, making it a viable candidate for real-
time applications, where quick predictions are crucial.

Finally, despite its improvements over standalone CNN and GRU models and
its strong precision in detecting Turn events, the proposed CNN-GRU model was
not as effective at detecting minority events compared to the top-performing mod-
els. The superior performance of models incorporating Transformer architecture,
particularly those utilizing attention mechanisms [32], suggests that these models
are better equipped to capture the nuanced and diverse features required for robust
FOG detection. The attention mechanism’s ability to focus on relevant parts of the
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input sequence allows for better generalization, which could explain the outstand-
ing performance of such models in this context.

UCI HAR
The results for the UCI HAR dataset, as shown in Table 7.6, confirm the robustness
of the proposed model. Despite being tailored for FOG detection, the CNN-GRU
model achieved reasonable accuracy and F1-scores on this dataset, demonstrating
its ability to generalize to different tasks and datasets without modifications to its
architecture. This robustness is a strong indicator of the model’s potential applica-
bility across various domains of activity recognition.

However, it is important to note that achieving state-of-the-art results on the UCI
HAR dataset was not the primary objective of this thesis. The CNN-GRU variant
was heavily regularized to prevent overfitting in the FOG detection task, which may
have led to suboptimal performance on this new problem. Additionally, the training
techniques and hyperparameter tuning were not as advanced as those employed by
the top-performing models in this field, further contributing to the performance gap.

Despite these limitations, the model’s reasonable performance on the UCI HAR
dataset suggests its relevance in the domain of HAR.

7.7 Threats to validity

While the proposed model demonstrates promising results, it has not been tested
on the hidden Kaggle test set used for final competition scoring. As a result, the
performance metrics reported in this thesis are based solely on the training and vali-
dation sets. This limitation raises the possibility that the model’s performance could
decrease when evaluated on the unseen test set.

Additionally, while the CNN-GRU model benefits from quicker training and in-
ference times, it is important to acknowledge the superior performance of transformer-
based models in both FOG detection and broader HAR tasks. Transformers have
demonstrated a strong ability to capture complex temporal patterns and generalize
across different datasets, which may give them an edge over the CNN-GRU archi-
tecture. This could limit the applicability of the CNN-GRU model, especially in
scenarios where top-tier accuracy is prioritized over computational efficiency.

7.8 Conclusion

This thesis presented a novel time-distributed CNN-GRU model with residual
connections and extensive regularization, designed for the detection of Freezing of
Gait events in Parkinson’s patients. The model aimed to leverage the strengths of
Convolutional Neural Networks for spatial feature extraction and Gated Recurrent
Units for temporal sequence modeling, addressing the complexity of FOG detection.

The proposed model demonstrated notable improvements over standalone CNN
and GRU models, achieving clearly superior mAP score. However, the model faced
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challenges in effectively detecting minority events and generalizing across different
patients, particularly due to the inherent class imbalance in the dataset.

Despite these challenges, the model’s computational efficiency stands out, mak-
ing it a viable option for real-time applications where quick inference is essential.
However, the superior performance of transformer-based models, particularly those
utilizing attention mechanisms, suggests that these models may be better suited for
tasks requiring top-tier accuracy.

In conclusion, while the CNN-GRU model offers a compelling balance between
accuracy and computational efficiency, further refinements are necessary to fully
address the challenges of FOG detection and to compete with state-of-the-art trans-
former models in this domain. Nonetheless, the model’s robustness on the UCI HAR
dataset highlights its potential applicability across various activity recognition tasks.
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Chapter 8

Future Works

Although the CNN-GRU model demonstrated promising results on the training
and validation sets, its performance on the hidden Kaggle test set remains unveri-
fied. This untested scenario raises concerns about the generalizability of the find-
ings. To address this, future work should prioritize submitting the model for official
evaluation on the unseen test set. This step is crucial for assessing its true perfor-
mance and ensuring its robustness in real-world applications.

One promising avenue for improving the model’s ability to generalize is the ex-
ploration of multi-head CNNs with different kernel sizes. By incorporating multiple
convolutional layers with varying kernel sizes, the model could capture a broader
range of spatial features, enhancing its ability to detect FOG events across different
patients and movement types. This approach could address the limitations observed
with the current CNN-GRU model, particularly in detecting minority events like
Hesitation.

Additionally, the integration of attention mechanisms should be a key focus of
future research. Attention mechanisms, which have proven effective in transformer
models, allow the model to focus on the most relevant parts of the input sequence,
potentially improving the detection of subtle and complex patterns associated with
FOG events. Implementing such mechanisms could significantly enhance the model’s
ability to generalize and accurately detect FOG across diverse datasets and patient
populations.

In conclusion, future work should aim to test the CNN-GRU model on the Kaggle
test set, explore advanced CNN architectures with varied kernel sizes, and integrate
attention mechanisms to overcome the current limitations of FOG detection.
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