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Abstract

Assessing the Robustness of HAR Deep Learning Models against Variability

Azhar Ali Khaked

Deep learning (DL) Human Activity Recognition (HAR) models using wearable inertial mea-
surement unit (IMU) sensors have shown great promise in applications like continuous healthcare
monitoring and early disease prediction. However, most DL HAR models remain untested in
real-world scenarios laden with variabilities; rather, they are trained and tested on constrained and
closely curated HAR datasets that assume an ideal setting. This thesis explains the effects of real-
world variabilities like subject, device, position, and orientation on the performance of DL HAR
models. Due to the inability of existing datasets to isolate variabilities, we collect our own, the
HARVAR dataset. We isolated the effect of different variabilities and provided a nuanced un-
derstanding of how each affects DL HAR models’ performance. =~ Maximum Mean Discrepancy
(MMD) was used to quantify shifts in data distribution due to each isolated variability and drew a
relationship between the drop in performance and the change in data distribution. The REALDISP
dataset was used to perform a case study to understand the effects of compounded and unisolated
variabilities in the real world. This study found that different variabilities have varying effects on
the DL HAR model performance, from insignificant to detrimental. We showed a negative correla-
tion between the MMD and the performance drop of the DL HAR models in the results drawn from
both HARVAR and REALDISP datasets. The study emphasizes the need for more robust models
and the development of pre-processing methodologies to optimize the IMU data for training robust

DL HAR models.
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Chapter 1

Introduction

Many human activities involve repetitive or periodic physical movements, such as walking, run-
ning, and various exercises. Activities like cooking, eating, and cleaning are more complex and
variable, often involving diverse movements comprising shorter recognizable motions.  Inertial
Measurement Unit (IMU) sensors can capture these movements as signals that can be used to rec-
ognize models and classify what activities are being performed. This classification process is called
Human Activity Recognition (HAR) and can be used in healthcare monitoring[44], sports perfor-
mance analysis[46], industrial and workplace safety[69], home automation[21], and gaming[35]
and many other applications. IMU sensors can be found in smart wearable devices such as watches,
earbuds, and glasses, allowing HAR to perform ubiquitously without special arrangements.

As HAR is a classification problem, HAR models can either be unsupervised or supervised,
where unsupervised HAR models group similar activities together, and supervised HAR mod-
els learn from labeled sensor data to identify activities. Supervised HAR models can be broadly
divided into traditional Machine Learning (ML) models or Deep Learning (DL) models. Conven-
tional Machine Learning (ML) models, such as Support Vector Machines and Random Forests[4],
have been applied to HAR but require manual feature engineering and domain expertise. In con-
trast, Deep Learning (DL) models such as Convolution Neural networks (CNNs) have been shown

to automate feature extraction from input data in images [33] and sound [43].  This automation



has driven the development of various DL HAR models, showing promising results in activity
classification from wearable IMU sensors.

This work focuses on DL-supervised learning models, where the training data must be pre-
labeled or annotated to learn to classify signals into activities. Labeling HAR data is a laborious
task as, unlike natural language or vision data, simply looking at the IMU data can not allow
annotators to know what label to assign them. To overcome this, researchers usually use videos to
allow annotators to label activity time stamps or assign an annotator to label activities as they are
performed in a laboratory setting. Due to the amount of manual labor that goes into labeling IMU
HAR data, the amount of labeled IMU HAR data is scarce. DL models require a vast quantity of
data to perform, and despite the excellent performance depicted by existing DL HAR models, the
lack of labeled sensor data is a big challenge for supervised HAR [86].

Due to the difficulties with HAR sensor data collection, most data collection is done in con-
trolled lab settings with small participant groups. This setup limits participant diversity, making it
harder for DL HAR models to generalize to real-world scenarios. Standard protocols also often re-
quire participants to perform activities in a prescribed manner, removing any movement variations
between people based on habit or demographics. Lastly, researchers usually attach IMU sensors
in ideal configurations during data collection, minimizing real-world variations due to wearing
practices.

Real-world variations in IMU data occur due to device changes, wearing habits, and varying
users. Any physical change to an IMU sensor that alters its measurements can be considered
a variability source [15]. Device variability results from hardware variations, including sensor
sensitivity, sampling rate, range, and noise [68]. Wearing variability arises from changes in the
position or orientation of the sensor worn by the user [83]. Subject variability arises due to users
performing actions in varying ways [32, 79].

Despite DL HAR models’ high performance, they have been trained and tested on constrained
datasets. Assessing DL HAR models on data with no variability provides a limited understanding
of their performance and robustness. Variability induces a distribution shift in the data, to which a

DL HAR model must be robust to be reliable in healthcare, lifestyle, and pervasive health moni-



toring applications. While it is known that data distribution affects the performance of DL models
in general, the effects of the specific variabilities affecting IMU sensors in the performance of DL
HAR models are unknown. Therefore, it is crucial to understand how distribution shifts in data
due to variability affect the performance of DL HAR models and how to incorporate robustness

into their performance evaluation.

1.1 Objectives

This study focuses on three major objectives to allow a deeper understanding of the effect of

variability on DL HAR models.

1. Create a dataset designed specifically to study the effect of orientation, position, device, and

subject variabilities in isolation from each other.

2. Quantify the effect of subject, orientation, position, and device variabilities using F1 score

as a performance metric.

3. Measure the relationship between the impact of variability and the shift in data distribution

by using Maximum Mean Discrepancy (MMD)[20].

Following this approach, this work aims to understand the data shift due to device and wearing

variability and study their effects on DL HAR models.

1.2 Thesis Structure

This thesis is organized as follows: Chapter 2 (Related Work) provides a literature review that was
performed for this study. Chapter 3 Introduces a new dataset named the HARV AR dataset that was
collected for the facilitation of this study. Chapter 4 Explains in detail the methodology followed
by this study to isolate and study different types of variabilities in HAR.  Chapter 5 Depicts the

results of this study, including a Gender-Based Analysis + and a case study using the REALDISP



dataset. Chapter 6 concludes the study and provides study implications, limitations, and summer

and future work.

1.3 Publications

1. Preliminary results from this thesis have been published in [37].

2. Chapters 4, 5, and 6 are partially adapted from a publication [38] in Review at Sensors.



Chapter 2

Related Work

Human Activity Recognition (HAR) using wearable sensors involves classifying sensor signals
into distinct human activities, with applications spanning healthcare and lifestyle monitoring. This
chapter reviews existing DL HAR models, examining the factors contributing to their high reported
accuracies and narrowing our focus to three DL HAR models selected for this study based on prior
performance. Next, we discuss limitations in HAR evaluation methods, particularly those arising
from data heterogeneity. To contextualize these challenges, we look at how data variability is
addressed in other domains and review related research on the impact of real-world variabilities on

HAR model performance.

2.1 Deep Learning Models in HAR

Traditional machine learning (ML) models classify activities by utilising features that are calcu-
lated from sensor data [13]. This requires significant effort in feature engineering, where selecting
the right features is crucial for classifying activities [56]. However, this manual process was largely
automated with the advent of deep learning (DL) techniques. DL models, particularly in Human
Activity Recognition (HAR), can automatically handle feature extraction, making feature engi-

neering unnecessary [51].



One of the most widely used DL architectures, Convolutional Neural Networks (CNNs), origi-
nally gained popularity in image recognition and computer vision [18, 73]. CNNs extract features
by applying filters to the input data, identifying local dependencies between adjacent pixels, and
using these extracted features for classification. Zeng et al. [85] demonstrated that this ability to
capture local dependencies is also highly relevant for HAR, where dependencies between adjacent
IMU readings can reveal important patterns in human movement. Furthermore, just as CNNs help
achieve scale invariance in image recognition (where variations in color intensity do not  affect
recognition), they help in HAR by ensuring that the intensity of an action does not skew the clas-
sification. Early DL models in HAR used multi-layered CNNs to extract features from segments
of IMU signals for activity classification [80].

On the other hand, recurrent Neural Networks (RNNs), another DL architecture, are sequen-
tial neural networks designed to learn temporal relationships in input data. Initially developed
for language models [47], RNNs excel at capturing sequential dependencies within text, but they
struggle with long sequences due to the vanishing gradient problem [27]. To overcome this, Long
Short-Term Memory (LSTM) [70] and Gated Recurrent Unit (GRU) networks were introduced,
which use gate mechanisms to manage long-term dependencies more effectively. LSTM has been
used for HAR in pure LSTM models [75] where the researchers selected features manually and
then trained the LSTM model to identify the activities based on the features. Unlike CNN, LSTM
focuses on extracting temporal features and therefore requires researchers to still utilise manual
feature engineering.

Combining CNNs and LSTMs addresses each architecture’s limitations, creating a model that
effectively captures both local and temporal features, which is particularly beneficial for sequential
data. CNNs excel at extracting local features, while LSTMs capture temporal dependencies across
sequences. This combination has shown significant improvements in various applications. ~ For
example, in gesture recognition, CNNs are used to extract features from individual video frames,
while LSTMs capture the dependencies across frames, resulting in enhanced accuracy [55]. Simi-

larly, this hybrid approach has been applied successfully to speech recognition, where CNN-LSTM



models show a 4-6% performance improvement over RNN models, which tend to retain less long-
term information [81, 67, 17].

In the context of HAR, Orddiiez and Roggen [52] applied this combination of CNN and LSTM
layers to classify activities from continuous IMU sensor data. Many of the recent DL HAR models
fall into homogeneous and hybrid categories as explained in [58]. Homogeneous models, such
as those in [29] and [23], rely solely on CNN or RNN architectures, while hybrid models com-
bine CNNs with sequential networks, including RNNs [42], LSTMs [52], and GRUs [22]. The
effectiveness of hybrid models stems from the complementary strengths of CNNs and sequen-
tial networks. CNNs excel at extracting local features and spatial patterns from input data, while
sequential networks such as RNNs, LSTMs, and GRUs specialize in identifying temporal depen-
dencies over time. By leveraging both local and temporal information, hybrid models can classify
activities with greater accuracy, making them especially well-suited for HAR tasks, where both lo-
cal features and long-term temporal relationships in sensor data are crucial. For instance, Ordofiez
and Roggen [52] reported a 6% improvement in activity classification when using a CNN-LSTM
hybrid model compared to architectures relying solely on CNNs. Given the superior performance
of hybrid models, this study will focus exclusively on these models, which represent the state-of-
the-art (SOTA) in HAR.

While multiple architectures have been proposed for HAR, we chose three hybrid DL-HAR
models: DeepConvLSTM [52], TinyHAR [87], and Attend and Discriminate [1]. These mod-
els were selected due to their unique feature extraction and temporal information processing ap-
proaches, as detailed in Table 2.1. DeepConvLSTM [52] serves as a representative model for
most hybrid DL HAR models, combining CNN with LSTM to extract local and temporal features.
Originally, DeepConvLSTM used two LSTM layers, as proposed by Karpathy et al. [36], but ?
] demonstrated that a single LSTM layer performs better in most  cases, which is why we will
use a shallow DeepConvLSTM in this study. Both Attend and Discriminate [1] and TinyHAR
[87] employ attention mechanisms [74] to improve feature extraction, with TinyHAR additionally

optimizing the model to be lightweight.



DeepConvLSTM

Attend and Discriminate

TinyHAR

Feature Extraction: (Extraction of local or short time features)

Four 1-dimensional
convolution layers
with a kernel size of
5, astrideof 2, and
64 filters are used to
extract local features
from input data.

Local feature extraction is
done in two steps: First,
the data is processed through
4 one dimensional convolu-
tion layers with a kernel size
of 5, stride 2, and 64 fil-
ters. Second, a transformer
encoder block comprising a
self-attention and two fully
connected feed-forward lay-
ers encode channel interac-
tion. Where channels are the
readings from various sensor
modalities.

Local feature extraction is
done inthree steps: First,
the data is processed through
4 one dimensional convolu-
tion layers with a kernel size
of 5, stride 2, and 20 fil-
ters. Second, a transformer
encoder block comprising a
self-attention and two fully
connected feed-forward lay-
ers encode channel interac-
tion. Third, a fully connected
layer fuses the cross-channel
interaction information.

Temporal Information Extraction: (Extraction of features over the entire time window)

A single LSTM layer
with 128 cells is used
to extract temporal fea-
tures.

Temporal information is ex-
tracted in two steps: First, a
single GRU layer with 128
cells extracts temporal fea-
tures. Second, a self-attention
layer is used to highlight im-
portant temporal features.

Temporal information is ex-

tracted in two steps: First, a
single LSTM layer with 40

cells extracts temporal fea-
tures. Second, a self-attention
layer is used to highlight im-

portant temporal features.

Table 2.1: The three SOTA DL HAR models used for this study and their key architectural

differences.

2.2 Limitations of Current HAR Evaluation and Data Hetero-
geneity

DL HAR models offer strong performance, but they have largely been tested on small, constrained
datasets. DL models aren’t fair, and their performance relies on the training data used [54]. Itis
often assumed that DL architectures, which perform well in image and language models trained on
large datasets, will also perform effectively on the smaller datasets typically found in HAR [53],

simply because they show good performance on the training and test sets used [52]. However,



in ML-based HAR models, the lack of diversity in data is recognized as a significant issue [24].
For example, research in slip-detection HAR highlights the limitations of small datasets with few
participants, noting that current data prevents the development of a generalized model effective
across diverse populations [78].

Real-world variability, such as human behavior or hardware differences, leads to distribution
shifts within the data, adversely affecting model performance [77]. A distribution shift occurs
when the distribution of features or class boundaries changes between the training and testing data,
often due to real-world factors. This violates the common assumption that training and testing
datasets follow the same distribution, leading to potential performance degradation in machine
learning models when applied in real-world scenarios [49]. Although the impact of these shifts has
been studied in domains like image recognition [71] and audio processing [34], showing negative
effects, they have not been thoroughly explored in HAR.

In the audio domain, where the input signal is continuous and similar to IMU sensor data,
Johnson and Grollmisch [34] studied the effect of distribution shift on DL models used to classify
industrial sound and found performance drops to be related to the changes in the distribution of the
data. Distribution shifts accounted for 9-10% drops in the DL model performances.

In the image domain, Taori et al. [71] assess the robustness of image classification models by
evaluating models not based on their accuracy but by comparing the change in performance when
testing the model with two test sets:  One test had no distribution shift, and another test set had
a distribution shift. Even with extensive training data, they found that DL models show a high
susceptibility and corrupted classifications due to distribution shifts.

Subject variability has been shown to impact the accuracy of clinical and commercial actig-
raphy devices, as noted in Danzig et al. [16]. The study found that while these devices may
perform reasonably well across larger populations, they are often unreliable for individual assess-
ments due to factors like gender and age, which affect performance. Comparing actigraphy data
to polysomnography, the study revealed discrepancies in recorded sleep timings, highlighting that

actigraphy is not sufficiently accurate for precise, individual-level health assessments.



2.3 Measuring Distribution Shifts

Heterogeneity in data can be measured by assessing the shift in data distribution between the train-
ing and test sets, which helps quantify the impact of variability during model evaluation. Maximum
Mean Discrepancy (MMD), as introduced by [20], is a kernel-based method that represents data
into a Reproducing Kernel Hilbert Space (RKHS) to measure the differences between distributions
in a high-dimensional, feature-transformed space. This allows MMD to detect non-linear differ-
ences between data distributions, making it effective for comparing multi-dimensional data like
IMU sensor signals.

MMD has been used in various domains, such as image processing for unsupervised grouping
in autoencoders [88] and domain adaptation by aligning image data distributions [5]. These appli-
cations underline MMD’s ability to quantify distribution shifts, and in this research, MMD allows
us to quantify shifts between the train and test sets of wearable sensor data. This helps us obtain a
nuanced understanding of the change in DL model performance to the shift in data distribution.

Alternative methods, such as the Kullback-Leibler (KL) Divergence [41] and the Kolmogorov-
Smirnov (KS) test [3], were less suitable for this research.  The KS test is limited to single-
dimensional data, whereas accelerometer data is three-dimensional. KL Divergence, on the other
hand, relies on parametric assumptions that can be restrictive for wearable sensor data. In contrast,
MMD is non-parametric and does not assume specific distribution forms (for example, Gaussian),
making it better suited to capture the variability in real-world IMU sensor signals, =~ even when
noise or non-standard distribution shapes are present.  This flexibility and the ability to process
multi-dimensional data makes MMD a fitting choice for evaluating distribution shifts in DL HAR

models.

2.4 Variability in HAR

Orientation, position, and device variability have been identified as a problem in HAR [61, 68],
but they have either not been studied in isolation or not in the context of DL models. This has

limited understanding of how these variabilities affect data distribution shifts and model perfor-
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mance. We address this gap by analyzing the performance changes of DL-HAR models under
isolated and combined variabilities and explaining the performance drop using MMD to measure
data distribution shifts.

Orientation Variability in HAR has been studied in Yurtman and Barshan [82],  where sig-
nificant but varying drops in the performance of ML models were noted when the test data was
subjected to random rotation. They found that some datasets experienced a 30% drop in accuracy
due to rotation, while others showed no change. The paper did not explain this varying effect of
orientation variability but focused on methods to reduce its impact.

Gil-Martin et al. [19] studied the effect of orientation change on Convolutional Neural Net-
works (CNNs). The baseline performance is obtained by training and testing the network with the
original data from six public HAR datasets. 45 of orientation changes were induced via matrix
transformation on the test set to measure the performance after the orientation change. They found
that rotation transformation caused the model accuracy to drop by 2% to 11%, depending on which
datase..0t was being used to train the ML models.

Orientation and Position variability for devices such as earbuds, which are fixed in position,
can only induce orientation variability, as shown by Min et al. [48]. They found that orientation
changes increased the Euclidean distance between the IMU data collected from different sessions
for the same person and between different people and their habits.  Positional variability due to
sensor placement was studied on animals in Ahn et al.  [2], where changing the sensor position
from the back to the neck on dogs and horses led to a significant drop in the performance of
unsupervised models for Animal Activity Recognition (AAR).

Najadat et al. [50] investigated the effect of device variability on HAR classification by train-
ing a Recurrent Neural Network model using smartphones and testing it with data from smart-
watches. This resulted in an accuracy of 45%, nearly half the accuracy of other scenarios based
on participant-wise train-test splits. This highlighted the impact of device variability, although it
was mixed with the effect of position variability, as smartwatches were worn on the wrist while

smartphones were worn on the waist.
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Most research on the impact of variability in HAR has not isolated the effects of different vari-
abilities. In some cases, the effects of multiple variabilities are combined, making it difficult to
distinguish their contributions [50], while in others, variability is artificially induced [19]. In addi-
tion, the effects are not measured correctly as the study by Koh et al. [40] recommends measuring
the performance drop by testing on the same distribution to isolate the effect of the distribution
shift. Therefore, this research will use the latter approach to evaluate the effects of variability.

A focused study that isolates orientation, position, device, and subject variability has not been
conducted on DL HAR models. To achieve this, a new dataset is required to study each type of

variability in isolation. In the next chapter, we discuss the HARV AR dataset, which was acquired

to facilitate this study.
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Chapter 3

HARVAR Dataset

To investigate how variability affects DL HAR models, we first needed annotated sensor data that
includes ideal conditions and scenarios with variability in position, orientation, device type, and
participant characteristics collected at the same time. However, as this chapter reveals, no dataset
comprehensively covers these variability conditions, and therefore, we collected our own dataset
to facilitate this study.

Wearable sensor-based HAR data is generated from IMU sensors like accelerometers, gyro-
scopes, and magnetometers. Researchers collect labeled IMU HAR data by having participants
wear sensors and perform specific tasks, either video recorded or monitored in real  time by a
researcher who manually annotates the start and end of activities. ~After data collection, when
multiple sensors are used, manual synchronization is often required due to slight variations in the
internal clocks of each sensor. These discrepancies, especially in high-frequency data, can lead to
misalignment. Once synchronized, the data is labeled using video recordings or the annotations
made during the collection event. However, this labeling process often requires fine-tuning for
precise alignment and can be labor-intensive and time-consuming.

Due to the effort involved in labeling, most labeled datasets are small and collected from local
populations. Additionally, participants are often required to perform activities in a prescribed way,
reducing natural variability in movements due to factors such as demographics, personal habits, or

preferences. Furthermore, researchers typically attach IMU sensors in an ideal manner during data
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collection, ensuring consistent placement across participants. In real-world applications, however,
individuals may wear IMU sensors differently based on their comfort, habits, or style, leading to
variability in sensor data that is not reflected in controlled lab environments.

These factors raise concerns about the real-world performance of HAR models, which are gen-
erally trained and tested on constrained datasets with limited diversity. The models may perform
well in lab settings but struggle when applied to real-world scenarios with greater variability in
how activities are performed or how sensors are worn.

To address this gap, the HARVAR dataset was created. HARV AR specifically focuses on cap-
turing real-world variabilities, including differences in sensor placement, device type, and individ-
ual subject behavior. By collecting data without imposing restrictions on how participants perform
activities or wear sensors, the HARVAR dataset isolates wearing, device, and subject variabilities,
providing a more realistic and challenging benchmark for evaluating HAR models. This is crucial

for improving the generalizability and robustness of DL models in real-world applications.

3.1 Existing Datasets and their limitations

Due to several limitations, many existing benchmark datasets in HAR,  such as SKODA[84],
OPPORTUNITY[14], WISDM[76], HHAR[9], Daphnet[62], PAMAP2[59], and DSADSJ[8]I, do
not fully meet the requirements for studying the effects of real-world variabilities on DL models.
For example, the SKODA dataset is collected from just one participant, severely limiting its ability
to evaluate subject variability. A model tested on data from a single individual cannot effectively
represent diverse populations, making it inadequate for real-world applications where participant
variability is a key factor.

The OPPORTUNITY dataset [60], though comprehensive with data from four participants and
24 sensors per participant, lacks diversity in key aspects. Subject variability is limited due to the
scripted activities protocol, which restricts natural movement variations and does not fully reflect
real-world scenarios where individuals perform activities with more variation. While the dataset

does include a diverse array of sensors—such as custom Bluetooth accelerometers, gyroscopes,
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Sun SPOTs, InertiaCube3, a Ubisense localization system, and a magnetic field sensor—enabling
analysis of position variability, it does not specify sensor orientations. This lack of orientation in-
formation makes separating position from orientation variability difficult. Additionally, the dataset
does not place different sensor types in the same position, limiting the ability to study device
variability in isolation from other factors.

The WISDM dataset [76] collects data from 51 participants, a larger group, but it has other
limitations. It uses two devices—a smartphone (in the participant’s pocket) and a smartwatch
(on the wrist)—which creates a confounding factor.  Any position variability is tied to device
variability, and subject variability is intertwined with position and device changes. Additionally,
the study does not clarify whether the participants were free to perform the activities naturally or
were following scripted motions, making it difficult to assess the true variability in motion.

Some datasets, such as REALDISP [57], attempt to study real-world variability. In REALD-
ISP, participants wear sensors themselves in one stage, and researchers place sensors in an ideal
position in another stage. This design captures the difference between real-world and ideal settings.
However, since these factors can be mixed, it still doesn’t allow for the isolation of specific types
of variability, like sensor orientation or subject variability. REALDISP also utilizes only one type
of sensor, so this dataset can not be used to study device variability. Therefore, the dataset does
not allow researchers to examine the impact of variability in isolation nor allow us to understand
device variability.

The HHAR dataset [10] collects data from multiple smartphones positioned in a hip pouch and
smartwatches worn on the dominant hand, enabling analysis of device heterogeneity. However,
this dataset lacks coverage for other types of variability, such as sensor orientation and position.
Additionally, it does not specify the orientation or sensor axis alignment  for smartphones and
smartwatches. This limitation makes it challenging to discern whether the observed device vari-
ability effects are confounded by orientation variability.

While existing datasets provide valuable insights into human activity recognition (HAR), they
do not allow for the isolation and study of specific variabilities—such as subject, device, position,

or orientation—needed to understand their isolated effects on model performance. Many of these
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datasets rely on small, constrained populations following a scripted protocol, which limits subject
variability. Moreover, they often lack clear distinctions among different types of variability or
do not provide enough information to ensure variabilities are isolated, making it challenging to
determine how each variability independently impacts HAR models. Consequently, these datasets
are insufficient for evaluating how models are affected by each variability.

To address these limitations, we developed the HARVAR dataset, specifically designed to iso-
late and analyze multiple types of variability simultaneously under the same context.  Our study
protocol enables data collection that captures subject, device, position, and orientation variability,
with data collected from eight sensors across 16 participants, which allowed them to perform ac-
tivities freely without any constraining protocol. This dataset allows for assessing the effects of

individual variabilities on HAR model robustness and generalization.

3.2 Sensors and Sensor Placement

For data collection, we used Empatica Embrace Plus watches and Bluesense sensors [63], both of
which feature an accelerometer, gyroscope, and magnetometer. These sensors were chosen because
they provide direct access to raw data, unlike many other smartwatches offering only processed
outputs, such as step counts or general activity levels, rather than raw IMU data. Table 3.1 outlines
these sensors’ specific characteristics and placements, highlighting their different sampling rates,
which adds another layer of variability to our analysis.

Two Empatica Embrace Plus watches were positioned on each participant’s right and left wrists
in the recommended placement, just above the wrist bone, with a spacing of 1-2 finger widths.
Multiple Bluesense sensors were used: one on the left wrist in an ideal position, two on the right
wrist—one placed ideally, and another rotated 45 degrees along the z-axis.  Further Bluesense
sensors were attached to the participants’ upper right arm, upper left arm, and torso to gather com-
prehensive motion data from various positions. The placement of the sensors is further illustrated

in the Figure 3.1
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The sensors were attached strategically to enable a comparative analysis highlighting the im-

pact of different variabilities. The reasoning for their placement is as follows:

* Sensors bluesense-RWR1 and bluesense RWR?2 preserve all aspects, such as position and
device, but vary in orientation by 45 degrees on the z-axis. This reveals the change in the

data collected from a slight orientation change.

» Sensors empatica-right and empatica-left are placed in the ideal positions on the left and
right wrist, preserving device type and orientation but not position. This pair allows us to
understand the difference in data when people change the wrist on which they wear the IMU

sensor.

* Device pairs such as bluesense-LWR and bluesense-LUA or bluesense-RWR1 and bluesense-

RUA preserve device type and orientation but not position.

» Each wrist has two devices in the same position and orientation. For example, bluesense-
LWR and empatica-left on the left wrist preserve position and orientation but not device
type. This pair highlights the difference in data collected from two devices of different types

under an unchanged context.

* Finally, the torso sensor blue sense-TRS serves as a good reference IMU sensor that does
not experience any drastic movement due to the fast movement involving hands in human

activities.

3.3 Activity Protocol for Data Collection

Once the sensors were properly attached, the participants were asked to perform 2 activity routines.
First, they were asked to walk on a treadmill at varying speeds, and then they were required to
prepare a simple salad and eat it. Walking on a treadmill is a controlled periodic activity, as we
can control the speed at which the participant walks, and the walking motion does not show large

variability between people. Salad preparation, on the other hand, is a complex activity with many
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Sensor Type Sensor Position Sensor Name Sensor Code Sampling Frequency

Bluesense Right Wrist (No rotation) bluesense-RWR1 BRI 100Hz
Bluesense Right Wrist (45 rotation)  bluesense-RWR2 BR2 100Hz
Bluesense Left Wrist bluesense-LWR  BL 100Hz
Bluesense Right Upper Arm bluesense-RUA  BRU 100Hz
Bluesense Left Upper Arm bluesense-LUA  BLU 100Hz
Bluesense Torso bluesense-TRS BA 100Hz
Empatica Right Wrist empatica-right ER 64Hz

Empatica Left Wrist empatica-left EL 64Hz

Table 3.1: 1 information

on their sampling rate and placement.

Bluesense-LWR (BL)
Bluesense-RWR1 (BR1)

Bluesense-RWR2 (BR2)

OEE @

Empatica-Left (EL)

Empatica-Right (ER)

Figure 3.1: Placement of sensors in HARVAR {lata cpllection. The Empatica Embrace Plus and
Bluesense sensors are placed in the same coprdjndte gystem, and their axis is marked. BR2,

marked as red, is tilted across the Z-axis at 4§-degre¢ of rotation. In this diagram, the person is

facing towards the reader

intricate movements and was selected to highlight the differences in performing activities due to
habits and demographic changes.

First, participants walked on a treadmill at five speeds: 3.2 km/h, 4 km/h, 4.8 km/h, 5.6 km/h,
and 6.4 km/h. Participants were instructed to walk naturally and comfortably without strict guide-
lines to ensure they didn’t constrain themselves in moving a certain way. Each speed lasted ap-

proximately 2 minutes, totaling 10 minutes of walking, accounting for transitions between speeds.
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Activities

Started Collecting data for: po0x Started Collecting data for: po0x Started Collecting data for: poDx Started Collecting data for: po0x

OTHER NEED_LAB OTHER NEED_LAB OTHER NEED_LABEL
jalking Eating

EL
Cleaning Walking  Preparin

OTHER NEED_LABEL

EL
Walking Eating  Cleaning

M Chopping “ m
Walking Walking Can
3.5mph opening Sanitizing

Figure 3.2: Screenshots of the data annotation application used to roughly annotate the activities.

The application was used by researchers who observed the activities done by the participants.

Following the treadmill walk, participants were asked to perform a simple salad preparation
task. While the participants were given a recipe to follow, they were allowed to perform the steps
in whatever way they found comfortable. = The salad preparation involved washing vegetables,
seasoning, mixing ingredients, eating the salad, and washing dishes afterward. This task, lasting
approximately 20 minutes, was intended to capture more complex, naturalistic motions, providing
variability in both the method and duration of the actions.

During data collection, the walking and salad preparation activities were video recorded to
enable manual labeling of the activities after data collection. This video recording was needed to
map IMU sensor data accurately to specific activities. A researcher was assigned to manually label
the activities in real-time using a custom-developed mobile application to assist with the labeling
process. This application, built in-house, was designed to create time-stamped JSON labels for
each activity performed. Figure 3.2 shows a screenshot of the application.

While the participants were performing their activities, the researcher would observe them and
use the app’s interface to quickly mark the start and end of specific activities. This annotation phase
was rough and served only as an initial guide for more detailed labeling during the post-collection

data processing, which is discussed further in this work.
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3.4 Sensor Data Transmission, Storage, Syncing, and Labeling

The sensor data for the Bluesense and Empatica devices were collected via Bluetooth during the
experiments, but these sensors operated differently. The Bluesense sensors are connected directly
to a PC, and the data is saved inreal time during the experiments. In contrast, the Empatica
Embrace Plus sensors transmitted data to a mobile application, which then processed and uploaded
the data to the Empatica cloud storage for future access.

Once data collection was complete, the sensor data quality from all 16 participants was verified,
and no missing data was identified. However, synchronizing the data between sensors was essential
because data from multiple sensors was collected simultaneously. Although each sensor recorded
data with time stamps, the internal clocks on each device were not perfectly aligned, resulting in
slight shifts in time stamps—ranging from a few milliseconds to several seconds—across different
devices.

To address this misalignment, we implemented a unique marker in the accelerometer data: a
strong, deliberate clap. Participants were asked to perform an exaggerated clap once before the
walking activity and once before the salad preparation. ~ The accelerometer data captured from
these claps produced distinct peaks, which were easily identifiable in the data.  The magnitude
peak between the Bluesense-LWR and the Empatica-Left sensors for Participant 7 are shown in
Figure 3.3. We synchronized the data from all devices by aligning the peak magnitudes of these
claps across all sensors, using the Empatica Left sensor as the reference point.

The activity labeling process was conducted using the open-source Label  Studio [72]. The
annotation involved identifying each activity’s start and end points within the dataset. Initially, the
video recordings were synchronized with the IMU sensor data using the clap artifact previously
used for sensor alignment.

The annotations provided by the mobile application were largely accurate for the walking ac-
tivities, given the continuous and long nature of the walking segments. As such, these initial labels

required minimal adjustment to ensure consistency with the IMU data.
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Figure 3.3: The figure on the left depicts the Bluesense-LWR and the Empatica-Left sensor
magnitude before their timestamps were synchronized. On the right is the depiction of signals
after synchronization has been performed. This data is of Participant 7 and shows the clap that

was performed before the walking activity.

In contrast, the salad preparation activity needed manual labeling due to the short and varying
lengths of actions. Video recordings were reviewed to mark the start and end of activities, such
as chopping, washing dishes, eating, and washing hands. While the mobile application provided
rough time stamps, these were adjusted based on the video to ensure that the activity boundaries
were precisely marked.

After completing the annotation process, the data was divided into two categories: walking and
cooking (salad preparation). The IMU data was further separated based on whether it came from
the Bluesense or Empatica sensors for each sensor and each participant. The file structure in which

the data was stored is depicted in Figure 3.4

3.5 Data Overview

The dataset includes 16 participants from diverse age groups, as shown in Table 3.2. The mean age
is 42, with a standard deviation of 20 years. There were 5 participants aged 60 and above, 3 partic-

ipants aged 30 to 60, and 8 participants between 20 to 30. The data consists of 9 male participants,
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Figure 3.4: The file structure in which the HARVAR Data is stored. In this figure, pxxx can be
any participant number, such as p001 to p016.

with a mean weight of 74 kg and a standard deviation of 13 kg, and 7 female participants, with a
mean weight of 62 kg and a standard deviation of 13 kg.

The duration of all activities performed during the data collection event is provided in seconds
in Table 3.3. The total duration of walking (at speeds 4.8 km/h, 5.6 km/h, and 6.4 km/h) for all
participants is slightly lower than 32 minutes 2minutesx16 = 1920second$ as some participants
did not complete the full 2-minute walk at higher speeds due to age or physical limitations. The
combined treadmill walk for 16 participants was 8763 seconds long.

The salad preparation was more than double the length of the walking activity. In total, partic-
ipants spent roughly 21614 seconds during the cooking activity. Therefore, on average, the salad

preparation took around 22 minutes per participant. So far, the activities of Biting, Washing Hands,
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Table 3.2: Inforamtion about the 16 participants of HARVAR Dataset.

ID Age Sex Weight(Kgs) Holding Sidebar

1 59 m

74 f
3 60 f
4 71 m
5 6l f
6 71 m
7 26 f
8 25 m
9 26 m
10 47 m
11 23 f
12 21 m
13 24 f
14 35 f
I5 29 m
16 26 m

83.9
65.7
49.8
79.0
55.3
64.8
73.0
72.5
61.0
89.8
53.0
55.0
74.8
86.2
73.0
95.0

no
yes
no
yes
no
no
no
no
yes
no
no
no
no
no
no
no

and Drinking are the only labeled activities. Therefore in Salad preparation, only 18 minutes of

data out of the total 360 minutes are labelled. The rest of the data is currently marked as ‘Other’

in Table 3.3.

Table 3.3: Duration of each labeled activity in HARV AR Dataset

Activity Name Duration in Seconds
Walking on Treadmill
Walking 3.2 kmph 1998
Walking 4 kmph 1981
Walking 4.8 kmph 1767
Walking 5.6 kmph 1630
Walking 6.4 kmph 1387
Salad Preparation
Washing Hands 406
Biting 531
Drinking 157
Other 20520
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3.6 Potential Use Cases of the dataset

The HARVAR dataset is designed to allow researchers to isolate and study various real-world
variabilities such as orientation, position, device, and subject variability in IMU-based HAR data.
Beyond that, the dataset is valuable for evaluating the robustness of HAR models, ensuring they
are better prepared for deployment in real-world scenarios.

This dataset also provides insight into motion variability across individuals, particularly during
complex tasks like salad preparation, where different people may perform the same activity in var-
ied ways. Additionally, short-duration actions (gestures), such as taking a bite, create opportunities
for studying activity recognition in applications related to monitoring eating habits. HARVAR can
also be used for standard model training and evaluation in HAR. A diverse group of 16 participants
and a range of activities allow for the assessment of model performance not only under variability
but also in controlled scenarios, offering a comprehensive evaluation of model capabilities.

The HARVAR dataset includes activities, such as walking and drinking water, found in exist-
ing datasets like OPPORTUNITY and WSDM. This overlap allows HARV AR to be valuable in
studying cross-dataset generalizability, where we can assess if a model trained on features from
one dataset can accurately classify the same activities in another dataset, even when different sen-
sor types are used. This type of evaluation is essential for understanding a model’s robustness and
adaptability across diverse data sources.

In this study, we use the HARVAR dataset to examine the effects of these variabilities and
quantify the resulting shifts in data distribution. In the next chapter, we discuss how the HARVAR
dataset is utilized to isolate orientation, position, device, and subject variability while preserving

the context of the same experiment.
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Chapter 4

Method to evaluate the Effect of Variability
on Deep Learning HAR Models

The HARVAR dataset enables us to isolate key variabilities—device, orientation, position, and
subject— providing a structured approach to assess their impacts on DL HAR model performance.
This chapter explains the methodology for isolating the effects of each variability in DL HAR
model performance using the HARVAR dataset. We then explain the method to quantify data
distribution shift and draw a relationship between the change in DL model performance and the
changes in data distribution. Finally, we explain how to study variability and data distribution

shifts when multiple variabilities are at play to simulate real-world scenarios.

4.1 Experimental Protocol to Evaluate Model Performance un-
der Variability

To understand the effect of each type of variability to be studied, we selected sensor pairs rep-
resenting Device, Position, and Orientation Variability from the HARVAR dataset. We evaluated
each model for selected pairs of sensors:  once for the baseline scenario with no variability (in
which the train and test data are of the same sensor, sensor 1) and once for the variability scenario

(when the train data is of sensor 2 and the test data is of sensor 1). The pairs for position and
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Sensor 1, Sensor 1, Sensor 1,
BR1, [BL]. [BR1],
Left Hand, 90° Left Hand, 90° Right Hand, 90°
Sensor 1 Sensor 2 Orientation Crientation Orientation
[BL. EL], [BR1, ER], ™
Left Hand, | Right Hand,
90" Crientation 90" Orientation
Sensor 2, Sensor 2, Sensor 2,
BR2, [EL], [ER],
Left Hand, 45° Left Hand, 90 Right Hand, 80"
Orientation Orientation Orientation
Experiment Setting for Position Experiment Setting for Orientation Experiment Setting for Device
Variability. Variability. Variability.

Figure 4.1: The experiment setting using the HARV AR dataset to evaluate the effect of device,
position, and orientation variability. Where Sensor 1 and Sensor 2 are used in combination as a

train-test pair to highlight variability. In these diagrams, the person is facing towards the reader.

orientation variability use the same type of device on different wrists (position) or the same wrist
but with rotation (orientation), respectively. In contrast, we use the same position and orientation
for device variability but different device types. These pairs are depicted in Table 4.1 from rows

1 to 8 and Figure 4.1. Notice that in each experiment, the test sensor is the same to isolate the
effects of the variability following recommendations in [40]. Testing with a different sensor would
combine the effects of the different testing distributions and the variability. We evaluate the effect
of variability as the performance disparity, measured as the difference in F1-Score, between the
two settings.

In our evaluation, we employed cross-validation using a leave-one-subject-out (LOSO) ap-
proach for each experimental setting. For instance, as shown in Table 4.1, in Experiment 1’s
variability setting, we trained each model on data from the Empatica-right sensor of Participants
2-16, testing on the Empatica-left sensor of Participant 1 for the first fold. = By examining each
LOSO fold—where the test data came from a unique participant—we observed the effect of sub-

ject variability on model performance. Specifically, we assessed the performance in the baseline
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condition (where the training and testing sensors were identical,

across each fold, which allowed us to highlight the changes in model performance due to subject-

specific differences.

with no variability introduced)

Table 4.1: List of Experiments conducted using the HARVAR Dataset.

Exp.ID Variability type Train Sensor  Test Sensor Setting
1. Position empatica-right empatica-left  variability
empatica-left = empatica-left  baseline
2. Position empatica-left  empatica-right variability
empatica-right empatica-right baseline
3. Position BRWI1 BLW variability
BLW BLW baseline
4. Position BLW BRWI1 variability
BRWI1 BRWI1 baseline
5. Device BLW empatica-left  variability
empatica-left  empatica-left  baseline
6. Device empatica-left =~ BLW variability
BLW BLW baseline
7. Orientation BRWI1 BRW2 variability
BRW2 BRW2 baseline
8. Orientation BRW2 BRWI1 variability
BRWI1 BRW1 baseline

4.1.1 Model Training

As mentioned, we evaluated three DL models: DeepConvLSTM, Attend&Discriminate, and Tiny-
HAR, as depicted in Table 2.1

We trained the models on a simple binary classification task: identifying whether or not the
subject was walking. Walking was chosen because it is simple and, as shown by Xochicale et al.
[79], complex motions may differ significantly between individuals. By focusing on this controlled
walking activity, we aim to minimize the impact of motion variability, which is further mitigated
through LOSO cross-validation during testing.

The models were trained for one sensor at

a time, with the input being the 3-dimensional

accelerometer data. The training data was normalized in isolation from the test data using stan-
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Figure 4.2: The process of evaluating the effect of variability using the HARVAR dataset.

Evaluate trained
models

Resample if needed
(to match sensor 2
sampling rate)

Evaluate trained
models

Baseline

LOCV Split

Variability

LOCV Split

101

dardization and then split into sliding windows. Datasets like Opportunity, Skoda, WISDM, and
PAMAP?2 advise window sizes to vary between 1 to 5 seconds [25, 45, 64], as they all compose of
various activities, some short while others long and periodic. The research done by Janidarmian
et al. [31] suggests using window sizes longer than 3 seconds for cases where only one sensor is
being used (like in our case) but recommends reducing the window size if the activity is periodic
(such as walking). Since we are concerned with the walking activity in the HARVAR dataset, we
used a 2-second sliding window.

The sliding windows were shuffled and split into a 9:1 ratio of train and validation. No other
form of pre-processing was used on the training or validation data to maintain originality. A
weighted data loader was utilized during the training process as the samples of the “not-walking”
class outweighed the “walking” class by a 2:1 ratio. ~Models were trained using a batch size of
256 over 150 epochs, with early stopping called after 15 epochs of no improvement over the val-
idation set. The initial learning rate [66] was set to 0.001, using learning rate annealing [30] with
patience of 7 epochs and a reduction factor of 0.1. The Adam optimizer [39] was utilized, optimiz-
ing based on the CrossEntropy [65] criterion. These hyperparameters were picked based on the

hyperparameters used by [87] and [1].



Table 4.2: The computational complexity (in MACs) variance between the different models. The
computational complexity depends on the model architecture and the sensor being used to train

due to the difference in sensor sampling rates.

Model Sensor Computational Complexity (MACs) Parameters
TinyHAR Bluesense 253 #19 24864
DeepConvLSTM Bluesense 2.19 10 227138
Attend&Discriminate  Bluesense 8.36 * 10 297412
TinyHAR EmpaticaEmbrace+ 1.53 * 10 24864
DeepConvLSTM EmpaticaEmbrace+ 1.33 = 10 227138
Attend&Discriminate EmpaticaEmbrace+ 5.12 # 10 297412

Note that the model architecture remains consistent between all experiments. ~ Still, since the
Empatica and Bluesense sensors run at different sampling rates (as shown in Table 3.1), the model
complexity varies depending on which sensor is used to train the model. This difference in model
complexity is depicted in Table 4.2, and the model complexity is calculated as Multiple Accumu-
late Operations (MACs). A MAC involves performing a multiplication followed by an addition.

It is commonly used to quantify the computational load in a DL model. Each operation (such as
a convolution or matrix multiplication) can be broken down into a series of MACs, and the total
number of MACs can be used to estimate the computational complexity of the model. If a model
performs more MAC:s, it indicates that it is performing more computational work, suggesting that
it is more complex and requires more computational resources. Conversely, a model that performs
fewer MAC:s is less complex and more efficient in computation.

Bluesense sensors have a sampling frequency of 100 Hz, and Empatica sensors have a sampling
frequency of 64 Hz, as shown in Table 3.1. Since we do not employ resampling before the training
process, the input window size for models trained using Empatica sensors is 128, while the input
window size for models trained using Bluesense sensors is 200. As detailed in the following
subsection and shown in Figure 4.2, resampling will only be performed using interpolation during
the testing phase when the train and test sensors have different sampling rates. Since every layer in
the model depends on the input size, the models trained using Bluesense sensors are more complex

than those trained with Empatica.
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4.1.2 Model Performance Evaluation

Once the models are trained, they are tested using the data from the participants left out during
the LOSO training process. Multiple tests use data from different sensors each time, achieving the
train-test pairs depicted in Table 4.1. The F1 score is used to compare performance across various
experimental settings.

For device variability, due to the different sampling frequencies of the devices, the test data is
interpolated to match the sampling frequency of the training data before being input into the model.
When a model is trained with data from a particular sensor, the input data is not resampled, and
the original data is used directly. For example, if the model is trained using the Bluesense sensor,
which has a sampling rate of 100Hz, it would expect the input for a 2-second window to consist
of 200 samples. However, if we want to test the model with Empatica sensor data, which has a
sampling rate of 64Hz and produces 128 samples for the same 2-second window, the Empatica
data must be resampled to match the Bluesense data’s length of 200 samples before being fed into

the model.

4.1.3 Measuring Variability with MMD

Maximum Mean Discrepancy (MMD) is a kernel-based statistical test used to determine the simi-
larity between data distributions. We hypothesized that variability introduces a distribution shift in
the data, contributing to the observed effects on the performance of DL HAR models. Our study
employed the multiscale kernel for MMD with a bandwidth range of [0.2, 0.5, 0.9, 1.3, 1.5, 1.6].
A higher MMD value indicates a greater difference or shift in data distribution, whereas a smaller
MMD value suggests a smaller shift. This approach helps quantify the impact of variability on the
data distribution and, consequently, on model performance.

We calculate the MMD value between the train and test splits used to evaluate the DL HAR
models, both with and without variability. To maintain consistency in MMD calculation, we per-
form the same data preprocessing steps used in the DL HAR Model Training 4.1.1 and Perfor-

mance Evaluation 4.1.2. The MMD is computed only for labeled data, excluding null or negative
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Figure 4.3: The process of calculating the MMD between the train and test data of the HARVAR

dataset.

classes. For the HARVAR dataset, MMD is calculated exclusively for the walking class, omitting
’not walking” activities due to their heterogeneous nature.

Typically, MMD is calculated as a one-shot process between two data distributions, but this
requires matrix multiplication and becomes computationally unfeasible for long data sequences.
In our case, the walking activity spans roughly 10 minutes per participant. ~ Bluesense sensors
collect data at 100 Hz and Empatica Embrace Plus at 64 Hz, resulting in approximately 60,000 and
38,400 data points, respectively. Performing MMD calculations on datasets of this size in one shot
becomes impractical.

We adopt an iterative approach to address this, as illustrated in Figure 4.3. We randomly select
a 100-sample window from the training and testing datasets, compute the MMD between them, and
repeat this process over multiple iterations. Repeating this for 50,000 iterations, we calculate the
average MMD, which we use as the final MMD value representing the MMD between the training
and testing datasets. Since the MMD is calculated as a mean over 50,000 randomly selected pairs
of windows of size 100 samples, it is a statistically valid quantification.

An iterative approach is suitable for continuous and repetitive actions like walking, as no unique
artifacts in the walking data are critical for classification. However, it may not be appropriate for
short-duration activities such as taking a bite, sipping water, or opening a door, where the complete

time window of the activity is essential for accurate MMD calculation. In these cases, capturing
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the entire activity sequence is necessary to account for specific, brief movements that are key to

recognizing these actions.

4.2 Measuring Compounding Effects of Variability

While the HARVAR dataset allows us to measure the effects of each type of variability in isolation,
real-life scenarios often involve a combination of these variabilities. We utilized the REALDISP [6,
7] dataset to study this compounding effect. The REALDISP dataset highlights the combined
effect of wearing variabilities by comparing data collected from wearable IMU sensors placed
ideally by researchers (Ideal) and data from sensors worn unsupervised by participants (Self). It
was collected from 16 participants over two iterations for each participant.  In the first attempt
(Self), the participants wore the sensors without the guidance of the researchers to mimic the real-
life placement of consumers who wear smart devices with IMU sensors. The second time in the
‘Ideal’ scenario, the IMU sensors were attached to the participants by the researchers in an ideal
position and orientation.

In the ‘Self” setting, the sensors’ position and orientation differ from the ‘Ideal’ setting. The
orientation can vary by as much as 180 degrees if worn upside down, as the sensors lack a reference
for the “correct” orientation. Unlike the HARVAR dataset, the position variability here is more
subtle, as it does not involve switching the sensor from one wrist to another. Instead, the variability
comes from minor changes along the arm’s length. For instance, depending on the participant’s
comfort, a sensor could be worn on the wrist or the forearm.

We conducted the experiments summarized in Table 4.3 to investigate how wearing variability,
induced by the combined effects of position and orientation variability, impacts the performance
of DL models. The selected scenarios represent various training and testing conditions commonly
encountered in HAR model evaluation.

The first two scenarios compare the ideal case with a variability case.  In the first scenario,
both training and testing are conducted using ‘Ideal’ data, while in the second scenario, ‘Self’

data is used for training and ‘Ideal’ data for testing. These scenarios are analogous to experiments
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Table 4.3: Experiments to evaluate compound effects of variability using the REALDISP Dataset.

Exp.ID Scenario

Train Data Test Data Sensor

1. Lab scenario, trained and tested with ideal data. Ideal Ideal RLA/LLA
2 Trained with variable data and tested with ideal data Self Ideal RLA/LLA
3. Trained and tested with variable data. Self Self RLA/LLA
4 Lab trained and tested on variable data. Ideal Self RLA/LLA

conducted using the HARVAR dataset, featuring a non-variability scenario (Ideal vs. Ideal) and
a variability scenario (Self vs. Ideal). By comparing the performance drop between these two
scenarios, we aim to understand the effect of compounded wearing variabilities, such as orientation
and position. It is important to note that this evaluation differs from HARVAR in that HARVAR
features controlled variability, where the variability is consistent across all participants. In contrast,
the variability in the REALDISP dataset varies from participant to participant, as the ‘Self” data
depends on how each participant wears the sensor.

The next two scenarios simulate real-world conditions faced when training DL HAR models.
The third scenario reflects training and testing data collected in unconstrained, real-world condi-
tions, allowing variability in both training and testing. The fourth scenario represents a situation
where a model is trained on lab-collected ideal data and then deployed in real-world settings where
user-induced variabilities can affect performance (Ideal vs. Self).

Each of the four scenarios is run twice, using data from the right lower arm (RLA) and once
from the left lower arm (LLA). This ensures that our results are not biased by any differences in
data caused by the dominant and non-dominant arms.

MMD is calculated between the train and test ~ sets, similar to the approach used with the
HARVAR dataset. However, unlike HARVAR, where we only utilized one walking activity, the
REALDISP dataset includes 33 different activities for classification. To calculate the MMD in this
case, we compute the MMD between the train and test sets for each activity separately, following
the same process as HARVAR (Figure 4.3). We then average the MMD values for each activity,

quantifying the distribution shift between the train and test.
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Chapter 5

Results of Variability Evaluation

In this chapter, we present the results of our study. The chapter is organized into sections, each
exploring a research question. We begin by studying the impacts of each data variability on model
performance using the HARVAR dataset in section 5.1.  We then use the Maximum Mean Dis-
crepancy Metric (MMD) to explain performance differences across variabilities and participants in
section 5.2. Using HARVAR data and the performance results of the three DL models, we perform
a (Gender-Based Analysis) GBA+ analysis in section 5.3.  Finally, in Section 5.4, we study the

combined effects of variability using the REALDISP Dataset as a more realistic scenario.

5.1 Variability Impacts on Model Performance

We evaluated the impact of data variability on model performance by comparing the F1-Score
difference on the baseline and variability settings, as explained in Chapter 4.1. Figures 5.1, 5.2
and 5.3 show the average and standard deviation of the F1-Score across all validation folds of each
of the three evaluated models under no variability (dark green) and orientation, position, and device
variability (light green) settings, respectively. The mean F1 score is calculated over the F1 score
acquired from all participants during LOSO cross-validation. MMD values, also shown in these

figures, will be explained in Section 5.2.
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The significance of the difference in performance between the baseline and variability settings
is tested using a T-test[12]. The null hypothesis posits no difference between the baseline and vari-
ability scenarios. This hypothesis holds if the p-value of the T-test is greater than 0.05. Conversely,
if there is a significant difference in performance, the p-value will be less than 0.05, indicated by

* less than 0.01 by **, and less than 0.001 by ***,

5.1.1 Orientation Variability
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test sensor is BR1 test sensor is BR2

Figure 5.1: Performance changes due to Orientation Variability. We show the average F1 score
and average MMD values for each DL HAR model in the two experiments. Light green bars
represent the no variability setting of each experiment, and dark green bars represent the
variability setting. Asterisks represent the p-value of a paired t-test (*: p — value < 0.05, **:

p — value < 0.01, ***: p — value < 0.001). Only two models in one experiment showed

significant performance changes, but the F1-Score remains above 0.7.

Orientation variability due to the rotation of an accelerometer along one of its axes was tested
using the BR1 and BR2 sensors, as shown in Figure 4.1. These sensors have a 45-degree rotation

difference but are both on the right wrist.
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Figure 5.1 depicts the model performance for experiments 7 (Figure 5.1b) and 8 (Figure 5.1a)
in Table 4.1. When BR2 is the test sensor (Figure 5.1b), we do not observe any significant model
performance changes due to orientation variability (p = 0.05 in a paired t-test).  For any of the
evaluated models, in contrast when BR1 is the test sensor(Figure 5.1a), we see a significant drop
in the performance of the Attend&Discriminate model (p < 0.001) and in the performance of
the TinyHAR model (p < 0.05). We do not see a significant drop in the performance of the
DeepConvLSTM model (p > 0.05).

In both orientation variability experiments shown in Figure 5.1, the performance of the baseline
setting remains similar (F1 score 0.86) for all models regardless of the test sensor. However, in the

variability scenario, we see a difference in performance between the two experiments:

1. In Figure 5.1b, when the model is trained with the sensor BR2 (which is rotated 45 degrees)
and tested with sensor BR1 (with no rotation), we see no significant drop in performance. In

this variability experiment, the F1 score remains above 0.81 for all three DL models.

2. In Figure 5.1a when the model is trained with the sensor BR1 (which has no rotation) and
tested with sensor BR2 (with 45 degrees of rotation), we see a significant drop in perfor-
mance for two DL HAR models (Attend&Discriminate and TinyHAR). In this variability
experiment, the F1 score is less than 0.8 for DeepConvLSTM and less than 0.75 for At-
tend&Discriminate and TinyHAR.

5.1.2 Positional Variability

Positional variability was evaluated across four experiments, as shown in Figure 5.2, each using
pairs of the same device on different wrists. The results varied depending on the sensors being
used. Comparing Figures 5.2a and 5.2b (Empatica), with Figures 5.2c and 5.2d (Bluesense), we
observe a greater performance drop due to positional variability when using Bluesense sensors
(mean F1-Score difference of 0.45 and p < 0.001) than when using Empatica sensors (mean F1-
Score difference of 0.12 and p-value close to 0.05). Since the type of variability is the same and

the DL model architectures are unchanged, the larger drop in performance can be attributed to the
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Figure 5.2: Performance changes due to Positional Variability. Bars represent the average F1
score for each DL HAR model, and the lines represent the average MMD values of the settings.
Light green bars represent the no variability setting; dark green bars represent the setting with
variability. Asterisks represent the p-value of a paired t-test (*: p — value < 0.05, **:

p — value < 0.01, ***: p — value < 0.001). Significant performance changes were found for all

models when BlueSense sensors were used but not for Empatica sensors.

differences between Bluesense and Empatica sensors and how positional variability causes a shift
in their data distribution (as evidenced by MMD values).

We note that the baseline performance of the DL models (indicated in light green) is consistent
and independent of the sensor used, as shown throughout the experiments in Figure 5.2.

The drop in performance due to position variability is inconsistent across models when em-
patica sensors are used. In Figure 5.2a, we only see DeepConVLSTM show a significant drop in
performance (p < 0.001), whereas in Figure 5.2b, Attend&Discriminate is the only model with a
significant drop in performance (p < 0.05). From the experiments done using the empatica sen-
sors, we see that DL models, in general, can be robust against positional variability for simple
activities such as walking. When the device used is Bluesense (Figures 5.2c and 5.2d), all DL
models experience a significant drop in performance, resulting in a mean F1 score between 0.4 and

0.45—essentially equivalent to random guessing.
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Figure 5.3: Performance changes due to Device Variability. Bars represent the average F1 score
for each DL HAR model, and the lines represent the setting’s average MMD values. Light green
bars represent the no variability setting; dark green bars represent the setting with variability.
Asterisks represent the p-value of a paired t-test (*: p — value < 0.05, **: p — value < 0.01, ***:

p — value < 0.001). Significant differences in the performance were found in all but two cases.

5.1.3 Device Variability

Device variability, shown in Figure 5.3, caused the most significant performance drop (p-val&d.001
for most cases) in the three DL HAR models compared to Position and Orientation Variability. The

Device Variability experiments can be subdivided into two categories:
1. Train bluesense and Test Empatica. Figures 5.3a and 5.3b
2. Train Empatica and Test Bluesense. Figures 5.3¢ and 5.3d.

We see that the performance drop due to Device Variability is larger for *Train bluesense and
Test Empatica’ scenarios (mean F1-Score drop of 0.35) vs *Train Empatica and Test Bluesense’
scenarios (mean F1-Score drop of 0.17). Significant changes in DL model performance are ob-

served in all three models in category 1.

5.1.4 Subject Variability

Subject variability becomes evident when we examine the results at a granular level. Instead of just

focusing on the mean performance, looking at each leave-one-subject-out cross-validation (CV)

38



result reveals that the F1 scores for individual participants vary significantly for both baseline
and variability scenarios. Figure 5.4 illustrates an example of position variability by comparing
sensors worn on the left and right wrists (Empatica-Left and Empatica-Right),  detailing the F1
score per participant in ascending order of baseline F1 scores. ~ Out of 16 participants, the first
six deviate from the average trend. Participants 9, 4, and 2 exhibit very poor F1 scores of 0.4,
indicating that the model’s performance was comparable to making random guesses. Participants
3, 5, and 1 performed better in the variability scenario than in the baseline scenario. ~ All other
participants followed the mean trend, where baseline performance was higher than performance in
the variability setting.

With these results, we can observe how variability reveals model performance nuances.
Throughout all the experiments conducted, we observed consistent mean performance across all
models in the baseline experiments. These baseline experiments mimic the typical testing condi-
tions for DL HAR models. Without variability, all DL-HAR models exhibited similar high perfor-
mance. However, when we isolated a specific type of variability in our experiments, we observed
varying performance among the different DL models, with some models exhibiting larger per-
formance drops than others. These differences were inconsistent across experiments, with some
models having larger differences in one experiment and smaller in another. Evaluating models with
variability reveals their nuances and behavior under real-life conditions, demonstrating how they
adapt to such changes. These results highlight the importance of testing DL HAR models under

realistic conditions to better understand their robustness and adaptability.

5.2 Understanding Model Performance with MMD Metric

As observed in the previous section, the effect of variability in model performance is unequal

across types of variability, models, subjects and the selected test sensor. We hypothesized that the
performance drop is related to the “amount of shift” in data distribution induced by the variability.
To validate this, we use the Maximum Mean Discrepancy (MMD) metric, measuring the distance

between two distributions.
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Figure 5.4: MMD of train vs test data and its relationship to the average F1-Score of the three
evaluated models in the ER-EL experiment. This example depicts position variability where EL
sensor data is used for testing. Dark green bars represent the F1-Score under variability, light
green represents the baseline F1-Scores, and the blue and red points are their respective MMD

values. The CV are arranged in ascending order of baseline F1 score.

Figures 5.1, 5.2, and 5.3 depict the average MMD for the baseline setting with a red line, and
the average MMD for the variability setting with a blue line. MMD is the same for all DL models
in a given setting, as the train and test set are the same in each experiment. Since a higher MMD
value indicates a greater shift in data distribution, higher MMD values represent more dissimilar

distributions between the test and train data.

5.2.1 MMD to Explain Orientation, Position and Device Variability

We first study differences in performance due to each type of variability. Observing the av-
erage MMD values for all the experiments, it is apparent that the MMD is lower for the baseline
than for the variability setting. This supports the hypothesis that variability causes a shift in data
distribution. Moreover, the difference in MMD between the two settings is related to the difference
in F1-Score, supporting the hypothesis that MMD is correlated with performance.

In Figure 5.1, the small difference between baseline and variability MMD values aligns with
the minimal performance drop observed due to orientation variability. =~ Examining each cross-

validation in Figure 5.5 reveals that both variability scenarios (in red) and baseline scenarios (in
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Figure 5.5: Variability has little effect on the value of MMD or F1 score when observing effects
of Orientation Variability. Here, when depicting a variability Scenario as BR2-BR1, means that

the model is trained with sensor BR2 and tested with sensor BR1

blue) exhibit comparable MMD and F1 scores, with red points showing only slightly higher MMD
values. This trend, consistent across all three models studied, suggests that DL models can demon-
strate robustness to variability up to a certain threshold of data distribution shift.

Observing positional variability, in Figures 5.2a and 5.2b, a small difference in mean MMD val-
ues aligns with a small drop in F1-Score. In contrast, in Figures 5.2¢ and 5.2d, a greater difference
in MMD values corresponds to a significant drop in DL model performance. These observations
indicate a relationship between MMD values and the performance change in DL HAR models due
to variability. The MMD difference can explain the greater performance drop when Bluesense
sensors are used as a test sensor compared to Empatica sensors in position variability scenarios.

In Figures 5.6 and 5.7, we observe that while the MMD values due to positional variability
(red points) are similar for both Bluesense and Empatica sensors (approximately 5), the Empat-
ica sensors generally achieve higher F1 scores on average. Additionally, the negative relationship
between MMD and F1 score does not follow a simple linear trend with a negative slope as sug-
gested by [37]; instead, there appears to be an MMD threshold beyond which model performance
begins to decline. This suggests that MMD alone cannot fully account for performance drops due
to variability but rather serves as an indicator of distribution shift—one of multiple factors possibly

influenced by variability.
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Figure 5.6: Relationship between the F1 score and the MMD values under Position Variability

when Empatica sensors (ER and EL) are used. The drop in performance starts to happen when

MMD values are between 5 and 6.
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Figure 5.7: A significant drop in performance as MMD value approaches 5 when observing

Position Variability using Bluesense sensors.

In Figure 5.7, the baseline MMD value (blue dots) for Bluesense sensors is around 1.5, which is
significantly lower than that of the baseline MMD for Empatica sensors in Figure 5.6. Conversely,
MMD values under variability conditions for Empatica and Bluesense sensors hover around 5.

This suggests that Bluesense sensors capture data at a higher sampling rate and have a lower dis-
tribution shift between participants. In contrast, the higher baseline MMD for Empatica implies
This greater inter-participant vari-

a more inherent distribution difference between participants.

ability captured by Empatica sensors seems to improve model robustness to positional variability.
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Figure 5.6 representing Empatica sensors shows that for similar MMD values, models yield higher

F1 scores than with Bluesense sensors as shown in Figure 5.7.
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Figure 5.8: When a model is tested using Empatica sensors and trained using Bluesense to

highlight Device Variability, the model performs poorly.
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Figure 5.9: When a model is tested using Bluesense sensors and trained with Empatica sensors in
the Device Variability scenario (Red points), even after a higher MMD value between 4 and 5, we

see only a significant drop in performance when using the DeepConvLSTM model.

Figure 5.3 presents a contrasting outcome to the positional  variability observations in Fig-
ure 5.2. Here, instead of a proportional drop in performance relative to the difference in mean
MMD values, we observe that a smaller MMD difference is related to a larger performance drop
in Figures 5.3a and 5.3b. Conversely, in Figures 5.3c and 5.3d, the MMD difference is larger, but

the performance drop is smaller and less significant.
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In Figure 5.8, when models trained on Bluesense sensors are tested on Empatica sensors (red
points), the F1 score clusters around 0.4 when MMD is approximately 5, indicating poor classifica-
tion performance. By contrast, Figure 5.9 shows that when trained on Empatica sensors and tested
on Bluesense sensors, F1 scores vary more broadly between 0.6 and 1 at a similar MMD value of
5, with TinyHAR achieving scores between 0.7 and 1. This suggests that models generalize better
when trained on Empatica sensors and tested on Bluesense rather than vice versa. As observed in
positional variability analysis, the MMD-F1 score correlation here is not a simple linear decline.
Instead, MMD values around 5 act as a threshold, with F1 scores close to this threshold showing
variable performance. Scores for MMD greater than 5 remain around 0.4, while scores below 5
generally range from 0.8 to 0.9.

This discrepancy in performance for the same MMD can be attributed to the differences in
sampling rates between the sensors used in the experiments. Bluesense sensors sample at 100Hz,
while Empatica sensors sample at 64Hz. This means that for the same 2-second time window,
Bluesense sensors provide 200 samples, whereas Empatica sensors provide 128 samples. When a
model is trained with Bluesense data (higher sampling rate) and tested with Empatica data (lower
sampling rate), we must upsample the Empatica data. Upsampling does not introduce higher fre-
quency features into the data, which might be essential for the model’s accurate classification if
trained with higher frequency information. On the other hand, if a model is trained with Empatica
data and tested with Bluesense data, we downsample the Bluesense data. Downsampling removes
high-frequency features from the test data, which the model, trained on lower-frequency data, does
not rely on. Therefore, the performance drop is not as significant.

Another factor to consider is model complexity. Models trained with Bluesense sensors take
longer inputs for the same time window than those trained with Empatica sensors, which means
that the number of inputs in each layer is larger (Table 4.2). More Complex models may become
highly specialized to the training data, which can increase their susceptibility to variability. This is
because their complexity allows them to capture subtle details in the training data, which may not
generalize well to data with different characteristics, leading to decreased performance when faced

with variability. In contrast, less complex models might generalize better and thus perform more
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consistently under variability conditions. Further tests are required to confirm this and to explore
whether more data can make the models more robust to variability. Nonetheless, it is important to

remember that the amount of labeled sensor data available for HAR is usually small.

5.2.2 MMD to Explain Subject Variability

We investigated the differences in performance across participants to highlight subject variabil-
ity. We observed a high standard deviation in the F1-Score for each model, implying that each
participant’s performance depends on the participant’s activity characteristics. To evaluate this,
we measured the MMD for each cross-validation fold. ~ For example, in experiment 2, position
variability, as shown in Figure 5.4.

For participants 9, 4, and 2, who achieved F1 scores around 0.4 (indicating the model struggled
to distinguish between walking and not walking), their MMD values were notably higher. This
aligns with the fact that these participants held onto support bars during the treadmill experiment,
as shown in Table 3.2, highlighting how slight variations in activity execution can heavily impact
model performance.

Moreover, participants 3, 5, and 1 present an exception: their baseline MMD is higher than in
the variability scenario. These participants performed better in the variability scenario but worse in
the baseline scenario, which suggests that their test data in the variability setting was more similar
to the training data compared to the baseline.

A consistent pattern emerges for participants 16, 12, 6, 13, 14, 10, 8, 15, 7, and 11: low
MMD in the baseline setting and high MMD in the variability setting. This explains their higher

performance in the baseline scenario and the drop in performance when variability was introduced.

5.2.3 MMD Correlation to F1 Score

Upon calculating the correlation between the F1 score and the MMD between the train and test
sets, we observed a negative correlation, as illustrated in Figure 5.10. This supports our hypothesis

that a relationship exists between the shift in data distribution and model performance. ~ Almost
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Figure 5.10: The correlation of the MMD values between train and test to the F1 score is mostly
negative. Showing there is a negative correlation between the MMD and the Performance of a DL

model.

all experiments demonstrated this negative correlation between the F1 score and MMD,  further
validating our hypothesis.

However, an exception was found in the Bluesense-Left (BL) vs. Bluesense-Right (BR1) sen-
sor experiment, where the correlation was closer to 0. This outlier can be attributed to the consis-
tently poor performance of the models across all participants in the cross-validation, regardless of
the MMD value. In scenarios where the model performs poorly overall, the impact of changes in
MMD appears minimal.

We observed how introducing variability, whether from orientation, position, device, or subject,
results in higher MMD in most cases. The MMD has shown how, for some participants, introduc-
ing variability helps the data become more similar to the train distribution,  explaining why, in
some cases, the performance increases when variability is introduced.  This relationship under-
scores the impact of data distribution shifts on the performance of DL HAR models and highlights

the importance of considering individual participant variability in model evaluation.
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Figure 5.11: Average Baseline F1 score for all experiments for various demographics.

5.3 Gender-Based Analysis using HARVAR Results

This GBA+ (Gender-Based Analysis Plus) examines potential differences in model performance
across demographic groups under ’variability’ conditions. Participants were categorized by self-
reported sex (female and male) and age (under 60 and over 60 years), and model performance for
each group was compared to the overall baseline (marked as ’all’), represented by the mean F1
score from previous sections. Given the limited sample size of 16 participants, these findings offer

preliminary insights and should be interpreted cautiously.

5.3.1 GBA+ of Orientation Variability on DL HAR Models

Figure 5.11 illustrates the baseline performance discrepancies of DL HAR models across demo-
graphics. Results indicate a 0.03 higher performance when participants are female than male. The
model performance differences between male and female participants are not attributable to data
imbalance, given the relatively even split (7 female, 9 male). Models demonstrate a slight perfor-
mance advantage when evaluated on data from female participants, even when the training data
has a majority of males.

The lowest model performance is observed in the group aged 60 and over, with a notable drop
of 0.15 in F1 score compared to the "all” category (representing the mean F1 score).  This drop

suggests inherent differences in data characteristics between participants over 60 and those under
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60. Additionally, the dataset’s composition—>5 participants aged 60+ versus 11 participants under
60—may contribute to this disparity, as the models likely favor the majority (younger) training
data.

Figure 5.12 demonstrates that the effect of orientation variability is largely consistent across
all demographics, with a notable exception in the 60+ age group, where the impact is minimal (ap-
proximately 0.02). When comparing mean F1 score drops across gender groups, the difference is
modest: female participants show a 0.04 reduction, whereas male participants exhibit a more pro-
nounced drop of 0.1. These findings suggest a slightly greater sensitivity to orientation variability
in male participants, while participants over 60 appear comparatively unaffected by orientation
shifts.

In analyzing the effects of positional variability across demographics as illustrated in Fig-
ure 5.13, significant differences emerge between sensor types.  With Bluesense sensors (Fig-
ure 5.13a), the effect of positional variability is detrimental, causing F1 scores to drop to a range
between 0.4 and 0.5. Such low performance is comparable to random guessing, indicating a sig-
nificant degradation in model reliability across all demographics.

Conversely, with Empatica sensors (Figure 5.13b), the impact of positional variability is mini-

mal across all groups. Notably, there is no performance drop in the 60+ demographic; rather, there

F1 Scores for GBA+ for Orientation Variability

038
06
o
8
7]
i
04
02
config
= baseling
—_— vanablllly
0.0

Figure 5.12: Effect of Orientation Variability on the Performance of DL HAR models when
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tested with participants of various demographics in GBA+.
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Figure 5.13: GBA+ analysis conducted to assess the impact of positional variability on DL HAR

model performance. Positional variability scenarios were divided into two categories based on the

sensors used: Bluesense and Empatica.

is a slight performance increase. The F1 score reductions across other demographics—0.03 for
females, 0.05 for males, and 0.08 for participants under 60—are modest and comparable to the

variability impacts observed in orientation variability tests.
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Figure 5.14: GBA+ analysis conducted to assess the impact of device variability on DL HAR

model performance. Device variability scenarios were divided into two categories based on the

sensors used for testing: Bluesense and Empatica.
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The device variability GBA+ analysis categorizes results based on the sensors used for testing.
In Figure 5.14a, where Bluesense sensors are used for testing, baseline models were trained and
tested on Bluesense, while models under variability were trained on Empatica and tested on Blue-
sense. Meanwhile, in Figure 5.14b, Empatica sensors are used for testing, with baseline models
trained and tested on Empatica and variability models trained on Bluesense and tested on Empatica.

When Bluesense sensors are the test devices (Figure 5.14a), female participants’ test data shows
a higher drop from device variability, with an F1 score drop nearing 0.2, while male participants
experience a smaller drop of about 0.1.  Additionally, participants under 60 experience a larger
decrease of 0.2, whereas the 60+ group’s performance declines by only 0.1. Relative to the average
performance drop of 0.15 across the entire dataset (represented by the “all” category), the male and
60+ groups appear less affected by device variability.

On the other hand, Figure 5.14b shows the effects of device variability when Empatica sensors
are used for testing. Here, there is a substantial drop in performance across all demographic groups,
except for the 60+ group, which experiences only a minor decline of 0.02 in F1 score. In contrast,
all other groups see a performance drop greater than 0.3, highlighting the substantial impact of

device variability on model accuracy when switching from Bluesense to Empatica.

5.4 Compounding Variability Effects in Real-Life Scenarios (REALD-

ISP Case Study)

The results from the REALDISP dataset revealed a significant drop in performance for both RLA
and LLA sensors due to the compounding effects of variability (p-value < 0.001), as shown in
Figure 5.15. Figure 5.15a illustrates the performance of DL models trained on data collected
from the RLA sensor. Consistent with the findings from the HARVAR dataset, a higher MMD
value corresponds to scenarios with poorer performance, while a lower MMD value corresponds
to scenarios with better performance. Specifically, the MMD between the Ideal train and test data

1s much lower than the MMD between the Self-train and Ideal test data.
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When analyzing the performance using the LLA sensor in figure 5.15b, we observe that in the
Ideal vs. Ideal scenario, DL models perform similarly regardless of whether the RLA (F1 score
0.76) or LLA (F1 score 0.78) sensor data is used. However, in the Self vs. Ideal scenario, the LLA
sensor outperforms the RLA sensor. The mean F1 score for the Self vs. Ideal scenario is 0.55 when
using the LLA sensor, compared to 0.44 with the RLA sensor. This difference in performance is
reflected in the MMD values: the MMD for LLA-Self vs. LLA-Ideal is 1.9, while RLA-Self
vs. RLA-Ideal has an MMD of 2.05.  These results further confirm that a lower MMD value
corresponds to better model performance, while a higher MMD value indicates worse performance.

Figure 5.16 shows the mean F1 score and MMD values for each scenario outlined in Table 4.3
for both RLA and LLA sensors. The best performance is observed in the scenario where both the
training and testing data are collected under ideal conditions, which is expected since there is no

variability to degrade the performance of the DL model. The poorest performance occurs when the
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Figure 5.15: The mean F1 score and MMD values for the experiments conducted using the
REALDISP dataset. The mean values are calculated over all the cross-validation folds. Asterisks
represent the p-value of a paired t-test (*: p — value < 0.05, **: p — value < 0.01, ***:

p — value < 0.001). The effect of variability on the model performance was greater when the

right wrist sensor (RLA) was used.
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dataset.

model is trained on ideal data but tested on self-collected data. This indicates that any DL HAR
model trained using lab-collected data would likely perform poorly when applied in real-world
settings with position and orientation variabilities.

The MMD values reveal that the highest MMD occurs when training and testing data are of type
self. While we have observed that higher MMD values generally correspond to lower performance,
this trend does not hold in this case. The elevated MMD in the self vs.  self scenario can be
explained by the significant variability within the self data, as participants wear sensors in varied
ways, often with sensors flipped across axes. This variability leads to a wider distribution shift,
resulting in a higher MMD value. However, this diversity in the training data makes the model
more robust to variability, leading to better generalization and performance in the self vs.  self
scenario.

In contrast, the ideal vs. self scenario suffers because the models trained on ideal data lack
exposure to variability during training, making them vulnerable when tested under non-ideal con-

ditions. Notably, despite having similar MMD values to the ideal vs.  self scenario, the self vs.

52



ideal scenario performs better. This can be attributed to the fact that when a DL HAR model is
trained on diverse and variable data, it becomes more robust, resulting in improved performance

even when tested on ideal data.
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Chapter 6

Conclusion

This chapter discusses the implications of the findings of this study in Section 6.1. Next, we
address the limitations of this study and the HARVAR dataset in Section 6.2. Finally, we conclude

with Summary and Future Works in Section 6.3

6.1 Study Implications

This section discusses the key implications of our study’s findings, specifically how different types
of variability impact DL HAR model performance and what these effects mean for real-world
applications. We discuss distribution shifts caused by variability and give insights into how these

shifts influence model performance.

6.1.1 Position and Orientation Variability Implications on Real-World Sce-

narios

Across the three types of variability studied in this paper, orientation variability caused the lowest
performance drops across all models. This result suggests that models trained on IMU data from
devices worn in fixed positions, such as smart glasses and earbuds, have more chances to generalize
to multiple participants and environments, as the orientation variations that may occur will not

significantly impact performance.
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Smartwatches are particularly vulnerable to the compounded effects of orientation and position
variabilities. Experiments with the REALDISP dataset highlighted the significant impact of these
variabilities on wrist-worn sensors, where orientation changes can be as extreme as a 180-degree
flip across an axis. This drastic orientation shift further amplifies the effect on model performance
when combined with position variability. Our findings also indicate that training models with a
diverse dataset that includes a range of variabilities results in more robust performance, making

them better suited for real-world applications.

6.1.2 Device Variability has a High Impact on DL. Model Performance.

Device variability drastically impacted the performance of DL models because it not only causes a
shift in data distribution but also introduces differences in sampling frequency. These changes can
affect the model size and necessitate resampling when using a device different from the one used in
training. In addition, for this type of variability, MMD is insufficient to understand the variability.

Given the evolving wearable device industry, device variability is one of the main challenges
to build truly generalizable HAR models. Currently, different models for each device are required,
which means updating models every time, which can be prohibitive if no data for the device has
been collected. Researchers have utilized fine-tuning and domain adaptation methods in [28] to
overcome the effect of device variability in cross-dataset scenarios, where one dataset is used to
train a model and another is used to test it.

Enhancing model robustness is crucial to address device variability, but it also requires careful
data preprocessing and determining the optimal sampling rate for training the model. This would

ensure that the model can generalize better across different devices.

6.1.3 Subject Variability and the Need for Diverse Training Data

The HARVAR results showed that variability in how individuals perform activities significantly
impacts the performance of DL models. Human activity is inherently variable; these differences

can change with age, demographics, and personal preferences. In our study, participants were
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asked to perform a simple treadmill walking task without specific instructions, leading some to
hold the side bars while others did not.  The reduced movement caused by holding the sidebars
made it difficult for the models to classify walking accurately for those participants.

However, it is important to note that the training data for the DL models was not completely
isolated from sidebar holding, as two participants in the training set also held onto the bars. Despite
this, for CVs 9, 4, and 2, the sidebar holding data in train sets was outnumbered by non-side bar
holding data in a ratio of 2:13. This highlights the models’ bias towards the majority of the training
data. To improve performance and generalizability for larger populations, datasets must either
ensure better balance across activity variations or apply preprocessing techniques that give more

weight to underrepresented data in the training set.

6.1.4 Larger MMD Correlate with Smaller F1-Score, with Limitations

MMD serves as a useful metric to calculate the shift in data distribution. = We observed a strong
correlation between MMD and F1-Score, such as when MMD is large, F1-Score is low, and vice
versa. Still, it sometimes fails to fully capture the impact of variability, as observed in the case
of device variability. When changing devices alters the input shape to a model, MMD may not
adequately explain the variability.

Additionally, MMD is a better metric when the F1 score is high, i.e., when the model’s perfor-
mance is good. However, beyond a certain threshold, when MMD is too high, changes in MMD
stop reflecting in the changes to performance. As seen in Figure 5.4, spikes in MMD values for
participants 2, 4, and 9 vary, but these three participants show an average F1 score of 0.41. On the
other hand, when the performance is high, the difference in MMD shows a clear inverse relation-

ship.
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6.1.5 No Significant Differences in Performance Change Across the Three

Models

Statistical tests revealed no significant difference in performance between the three evaluated mod-
els. However, models with larger MACs tend to have bigger performance drops. High model com-
plexity results from a larger input size due to a higher sampling rate or a larger network with more
layers. We assume that increased complexity allows models to learn finer features, making them
more prone to overfitting and less adaptable to changes. This aligns with previous results, such as
the shallowLSTM [11] network, which showed that using one less layer in the DCL model results
in higher performance. In the face of non-significant performance changes, we recommend using
lighter models, such as the TinyHAR model, which achieves similar performance and robustness

with fewer parameters.

6.2 Study Limitations

This study isolated the effects of each type of variability in a binary classification task, while
the DL models are capable of multiclass classification, as shown using the REALDISP dataset.
Further studies are needed using multiclass classification with diverse activities in terms of motion
and duration to better understand the robustness of the models.

We evaluated the effects of variability in two datasets, each with 16 participants. While this
number is small but similar to other public HAR datasets. However, the small size might not be
enough to reveal significant differences across models and for some experiments. Increasing the
number of participants can help reveal differences across the models, but larger datasets do not
showcase the same type of variabilities observed in these two datasets.

We studied wrist-worn sensor variabilities (orientation, position, and device). Future research
should consider variability in other sensor placements, such as earbuds, chest-mounted sensors,
and smart glasses. Device variability was only tested between two devices with 64Hz and 100Hz
sampling frequencies, while many other devices with different noise levels and sensitivity ranges

exist. As this type of variability showed the highest drops in performance, a deeper study on its
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effects and how to overcome it might be required. ~Other research [26] have also found that the
sampling rate of the train and test data should match for optimal performance.

Finally, we focused solely on accelerometer data, whereas many DL models are designed to
combine multiple modalities, including gyroscope and magnetometer data, for HAR. We used only
the accelerometer as it is the most common modality in many devices and has the lowest power

consumption, making it preferable when possible.

6.3 Summary and Future Work

In this work, we have studied three types of variability in three different DL-HAR models. We
isolated each type of variability in our experiments, done with the HARVAR dataset specifically
collected for this study. We evaluated the distribution and performance changes caused by position,
orientation, and device changes.

Our findings reveal that different types of variability—orientation, position, and device—affect
DL HAR models in distinct ways, with device and position variability causing the largest per-
formance drops, particularly when using certain sensors like Bluesense. ~ We observed a strong
correlation between distribution shifts (measured by MMD) and model  performance declines,
suggesting that MMD can serve as a useful predictor for performance drops when models are
deployed in varied settings. Additionally, high-complexity models and those trained with high
sampling rates performed worse under variability, likely due to reliance on fine-grained features
that don’t generalize well across contexts. Although our study was limited to a single activity for
isolated variability analysis and a small participant pool, the combined results using the HARVAR
and REALDISP datasets suggest that integrating diverse variability into training data can improve
model robustness. The MMD metric and train-test pipeline offer tools for assessing model robust-
ness to variability in future DL HAR research.

In future works, we should evaluate DL HAR models by focusing on their performance in
detecting beyond simple and periodic activities like walking. The activities from the ’Salad Prepa-

ration’ segment of the HARV AR dataset that were used as 'not walking’ in our study can be labeled
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and divided broadly into two categories of sub-activities: gestures (like biting or sipping) and com-
plex activities (like washing dishes or seasoning the salad). Conducting a similar study with a wide
spectrum of activity types would allow a complete understanding of the change in model perfor-
mance due to distribution shifts.

In addition, the methodology applied in this study—exploring the impact of subject, device,
position, and orientation variability on model performance—can be extended to other datasets
beyond HARVAR and REALDISP. Although the existing datasets might not be able to perform
an isolated study on all types of variabilities under a baseline and variability setting,  they can
follow an experiment process similar to the one conducted using the REALDISP dataset.  Either
mixed effects of variabilities can be studied, or only one variability can be studied. For example,
the OPPORTUNITY dataset can be used to study the effect of subject and position variability. It
uses multiple sensors worn at different body positions on several different participants. Validating
results from other datasets would help strengthen the implications of this study, and contradicting
results will allow more advanced insight.

Future studies can use MMD as a metric to quantify the diversity of datasets by comparing
the distribution of various participants. This approach can help determine whether using diverse
datasets to build a generalized model is more effective or if customized models tailored to specific
demographics or personalized models provide better performance.

In this study, we found that device variability significantly impacts the performance of DL

models, with nuanced effects and highly dependent on the specific devices involved. Future work

could focus on developing preprocessing techniques to improve model transferability across differ
ent sensors. By identifying the most effective ways to adapt a model trained on one device for use
with another, these studies could enhance model robustness and broaden the practical applicability
of DL HAR models across diverse sensor types.

MMD’s capability to quantify distribution differences can be studied in unsupervised HAR
applications, where the availability of labeled data is often limited. In these contexts, MMD could
be applied to cluster unlabelled data, grouping similar activities based on their distributions to

enable unsupervised classification.
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In conclusion, this study sets the stage for a broader exploration of the effects of real-world
variabilities on DL HAR models. By understanding, quantifying, and addressing these effects, fu-
ture work can contribute to developing HAR models that are both robust and adaptable, supporting

reliable performance across a wide range of applications and demographics.
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