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Abstract

Human-centric monitoring demands sensing technologies that are non-invasive, privacy-preserving,
and capable of operating reliably across diverse environments and motion scales. Conventional
approaches based on wearable sensors suffer from compliance and long-term usability con-
straints, while vision-based systems raise privacy concerns and degrade under poor lighting or
occlusion. Alternative RF-based modalities, such as Wi-Fi channel state information (CSI), of-
fer privacy-preserving device-free sensing but remain sensitive to environmental dynamics and
offer limited spatial resolution. In contrast, frequency-modulated continuous-wave (FMCW)
radar provides a favourable balance of robustness, privacy preservation, and fine-motion sensi-
tivity, making it well-suited to the human-monitoring use cases targeted in this thesis, namely,
ambient assisted living and in-vehicle driver monitoring, across behavioural and physiological
motion scales. This thesis positions radar-based sensing as a unified framework for large-scale
and fine-grained human activity monitoring and vital signs estimation, and further examines how
behavioural and physiological cues can be complemented through multimodal fusion in realistic
settings. First, large-scale human activity monitoring is addressed using FMCW radar repre-
sentation maps, where multiple radar signal-processing domains and deep learning architectures
are systematically evaluated under subject-wise testing. Among the evaluated configurations,
MobileNetV2 combined with short-time Fourier transform (STFT) representations achieves a
recognition accuracy of 96.30% with the shortest inference time of 2.57 ms per sample, while
requiring only 0.22 s to preprocess and generate each STFT-based time—frequency radar map,
supporting real-time, low-power deployment. Second, the thesis advances fine-grained monitor-
ing by analysing seated upper-body and head movements using mmWave FMCW radar. Gener-
alisation to unseen subjects is initially limited to 60% accuracy; by applying the proposed data
augmentation strategy, performance improves substantially to 91.32%, demonstrating robust
cross-subject recognition under data-scarce conditions. In parallel, a motion-robust radar-based
vital signs estimation framework is developed, which uses variational mode decomposition to
suppress motion artefacts. Under non-stationary conditions, vital signs estimation performance
improves by 40.59%, highlighting radar’s ability to recover physiological dynamics despite con-
current movement. Finally, the thesis extends toward multimodal human state monitoring by in-
tegrating physiological heart rate with behavioural gaze metrics in real-world driving. Analysis

of approximately 480 minutes of naturalistic driving data reveals clear scenario-dependent and



subject-specific patterns, and a lightweight decision-level fusion algorithm identifies abnormal
driving segments with improved robustness and interpretability compared with unimodal cues,

demonstrating effective operation under real-world, unconstrained conditions.
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Chapter 1

Introduction

1.1 Background

Human Activity Monitoring (HAM) has moved from niche prototypes to a cornerstone capabil-
ity for health, safety, assisted living, and human—computer interaction (HCI) [1]. Demographic
and societal pressures make continuous, unobtrusive monitoring a public-health and infrastruc-
ture priority: the World Health Organisation reports that the share of people aged 60+ will rise
from about one in eight in 2015 to nearly one in five by 2050, reshaping demand for long-term
care and remote monitoring in homes and clinics [2]. The adage “Prevention is better than cure”
underscores the importance of continuous monitoring for both healthy individuals and those at
risk, as early detection through continuous care can prevent serious, high-cost health compli-
cations. Within Ambient Assisted Living (AAL), artificial intelligence (Al)-enabled sensing is
positioned to support independence and early intervention [3,4]. In parallel, transport safety has
become a key area of monitoring as time spent in vehicles and the number of vehicles worldwide
increase [5]. Drowsiness and inattention remain material risk factors. National Highway Traffic
Safety Administration (NHTSA) estimates that in 2017, drowsy driving contributed to about
91,000 police-reported crashes and nearly 800 deaths in the United States [6, 7], underscoring
the need for reliable, real-time in-cabin assessment.

To address these critical needs, a wide range of monitoring technologies has been developed,
traditionally falling into three main categories: vision-based systems, contact-based wearables,
and ambient sensors. In the commercial sector, these approaches are widespread. For exam-
ple, in healthcare and AAL, solutions often rely on installed ambient sensors, such as the Pas-
sive Infrared (PIR)-based systems from providers like Tunstall [8], or contact-based wearables
like the Apple Watch, which includes fall detection and ECG monitoring capabilities [9-11].
Vehicle-based performance metrics track indicators such as lane position and steering wheel
movements [12]. Behavioural indicators include facial expressions and eye movements [13,14].
Physiological data involves monitoring Heart Rate (HR) and other vital signs [15]. Moreover,

camera-based driver monitoring systems from companies such as Seeing Machines and Mobil-
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eye are standard in modern vehicles [13, 14].
However, these traditional monitoring approaches suffer from persistent limitations that hin-

der their suitability for long-term and fine-grained sensing in real-world environments:

* Camera-based: Vision-based systems, while information-rich, are fundamentally unre-
liable in dynamic, real-world settings. Their performance degrades significantly in low-
light conditions or when the subject is occluded by furniture or blankets [3, 16]. Further-
more, persistent social and ethical privacy barriers make them unsuitable for continuous
monitoring in private spaces, such as bedrooms or care homes, thereby limiting user ac-

ceptance [17].

* Contact-based wearable: Body-worn sensors, such as smartwatches and chest straps,
provide high-quality physiological data; however, their accuracy depends on user com-
pliance. This “user burden” includes the need for daily charging, the potential for skin
irritation, and the discomfort of continuous wear, particularly for older adults [17]. This

often results in incomplete data, thereby defeating the purpose of continuous monitoring.

* Ambient and infrastructure: This category includes sensors such as PIR motion detec-
tors, door contacts, and smart meters. While non-invasive, they require substantial infras-
tructure, with sensors often requiring hard-wiring or calibration for each room [3]. More
importantly, they offer only coarse, indirect measurements, such as “a person is in the
room,” which lack the fine-grained detail needed to distinguish between specific activities

or detect urgent events, such as falls [17].

With advancements in wireless technology, we are witnessing a shift from intrusive, contact-
based methods to wireless, non-contact systems [18]. Among these, radio-frequency (RF)-based
monitoring technologies have emerged as promising alternatives. Within the spectrum of RF-
based solutions, radar technology stands out for its privacy-preserving, light-independent ap-

proach that eliminates the need for direct skin contact [19].

1.2 Motivation

Radar, and in particular, Frequency-Modulated Continuous Wave (FMCW) radar, offers a lightweight,
environmentally independent, non-invasive, and contactless sensor. It can detect objects behind
obstacles and measure multiple metrics [20], making it a compact, possibly multimodal system.
Unlike other RF technologies, such as Wi-Fi, radar systems can directly provide spectrograms of
motion and physiological signals using a single device [21]. Millimetre-wave (mmWave) radar,

in particular, offers significant advantages, including a compact size [22], higher resolution, and
lower interference than radar operating at other frequencies. These characteristics make radar-
based monitoring especially suitable for various applications, such as in-vehicle monitoring [23],
human motion [24], and fall detection [25].
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For even more advanced applications, radar has demonstrated the ability to monitor a range
of physiological metrics, including HR [26], Respiratory Rate (RR) [27], blood glucose lev-
els [28], and blood pressure [29]. Moreover, the evolution of Al and compact sensors has en-
abled the development of intelligent, multimodal monitoring frameworks that integrate these
physiological signals into broader health assessment systems, aligning with the trend toward
personalised and decentralised healthcare [30], human activity recognition [31], and multimodal
integration [32] for improved decision-making.

Moreover, road safety has been a research focus since the advent of vehicles. As mentioned
earlier, several approaches have been explored. However, radar-based sensing technologies of-
fer a compelling alternative for in-vehicle health monitoring. These systems can passively esti-
mate vital signs without requiring physical contact or active user participation [33]. Compared
with wearables, which may be uncomfortable or impractical for continuous use, radar offers a
more seamless and privacy-preserving solution. When integrated with behavioural data inferred
from upper-body and head movements, this approach enables a comprehensive understanding
of driver state, supporting early detection of fatigue, distraction, or stress [34-36].

Assessing human behaviour, such as cognitive engagement and attention, is a critical area of
research. Gaze tracking is a primary tool for this, but its reliance on contact-based equipment
limits its broader application. In this regard, radar-based systems offer a non-intrusive alterna-
tive for monitoring head and fine-grained movements. However, this application presents new
challenges compared to traditional HAM, which typically involve large, distinct motions. Mon-
itoring a seated person requires detecting far subtler movements, whose low-amplitude Doppler
signatures are easily obscured by noise. This requires careful signal processing to detect low-
amplitude motion in constrained environments.

To systematically investigate radar as a comprehensive human monitoring platform, this
thesis adopts a progressive approach across motion scales. It begins with large-scale human ac-
tivities to establish robust signal representations and data-efficient Al methods for radar-based
classification. Building on this foundation, the research then addresses the more challenging
problem of fine-grained seated movements and motion-robust physiological sensing, culminat-
ing in a driver monitoring case study that integrates behavioural and physiological metrics. By
grounding the investigation in real-world driving scenarios, this work evaluates radar not only
as a general activity monitoring sensor but also as a practical tool for continuous, non-contact

assessment of human state in safety-critical environments.

1.3 Problem Statement

Despite ongoing research into radar-based human monitoring systems, there are still three main

challenges:

* (1. Sensing and Interpreting Three Scales of Human Motion: Radar’s ability to sense
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motion across different scales is both an advantage and a significant challenge [37]. The
data stream comprises a complex mix of signals that are difficult to separate and interpret

using Al models. This problem exists across all scales:

1. At the Large-Scale (e.g., walking, falling): The high-dimensional radar signal can
be represented in numerous ways, but it remains a challenge to find a representation

that is both computationally efficient and highly discriminative for Al models.

2. At the Fine-Grained Scale (e.g., head turns, body leans): These subtle movements
are critical for understanding human state, such as distraction and other behaviour,
but they are often kinematically similar, resulting in highly ambiguous radar signa-

tures that are difficult for AI models to interpret and classify.

3. At the Physiological-Scale: The extremely subtle radar reflections from HR and RR
are easily overwhelmed and corrupted by signals from any other body movement
(from large-scale walking to fine-grained head turns). These Motion Artefacts are
a primary obstacle to reliable, non-contact vital sign monitoring in real-world, non-

static conditions.

e C2. Limited datasets in AI-driven Radar Sensing: Modern Deep Learning models are
data-hungry, requiring vast amounts of labelled examples to learn effectively. However,
in radar-based human monitoring systems, collecting large amounts of high-quality, accu-
rately labelled datasets is exceptionally difficult, expensive, and time-consuming. This is
especially true for fine-grained movements (C1.2) or specific events, such as falls (C1.1).
This fundamental problem of data scarcity is a primary bottleneck that hinders the training,

performance, and generalisation of AI models for radar-based human monitoring systems.

* C3. Comprehensive Human-State Assessment: Sensing physical motion (C1.1 & C1.2)
or physiological signals (C1.3) in isolation provides an incomplete picture of a person’s
true cognitive or physical state [38]. For example, a high HR could indicate physical
exertion, such as walking, or cognitive stress. A holistic understanding of an internal
state, such as fatigue or cognitive load, requires integrating multiple, diverse data streams

(i.e., behavioural and physiological).

1.4 Aims and Objectives

In response to these challenges, this thesis aims to:

* Investigate whether a data-efficient AI-based radar sensing framework can interpret
the three scales of human motion, from large-scale body activities to subtle fine-grained
movements, and examine how reliable physiological monitoring can be achieved under

motion-induced signal corruption.
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* Evaluate data- and computationally-efficient AI methodologies for radar-based hu-
man monitoring, jointly considering recognition accuracy, model latency, and prepro-
cessing overhead, and understand how transfer learning and data augmentation mitigate
limited radar datasets and enable robust training of deep learning models on specialised

datasets.

* Investigate multimodal approaches for comprehensive human-state assessment by
analysing how behavioural and physiological signals can be fused into a unified and inter-

pretable decision framework capable of operating in real-time monitoring scenarios.

1.5 Thesis Contributions

The main contributions of this thesis are:

* The establishment of a data- and computationally-efficient Al pipeline for radar-based
large-scale human activity monitoring !, evaluated jointly on recognition accuracy, infer-
ence latency, and preprocessing cost. This contribution addresses the challenges of large-
scale motion interpretation (C1.1) and limited dataset availability (C2). Radar echoes are
transformed into three distinct two-dimensional signal representations: range—Fast Fourier
Transform (FFT)-based Time—Range (TR) maps, Short-Time Fourier Transform (STFT)-
based time—frequency (TF) maps, and high-resolution Smoothed Pseudo Wigner—Ville
Distribution (SPWVD)-based TF maps. These radar representations vary significantly
in precision and computational cost. An evaluation is conducted to determine their dis-
criminative capacity and computational trade-offs. Moreover, to overcome data scarcity
(C2) and prevent overfitting, this contribution applies transfer learning by evaluating four
state-of-the-art, pre-trained convolutional neural network (CNN) architectures (VGG-16,
VGG-19, ResNet-50, and MobileNetV2) on ImageNet [39]. A systematic comparison
of the resulting 12 unique model-domain pairings is then performed, rigorously evalu-
ating trade-offs among preprocessing complexity, feature richness, recognition accuracy,
and computational efficiency, with a specific focus on preprocessing and inference times
for real-time applications. This comprehensive analysis of the processing pipeline, from
signal preprocessing to model inference, provides a straightforward methodology for de-
veloping a data-efficient pipeline that effectively mitigates the challenges posed by the
complexity of radar data and data scarcity.

'In this thesis, human activity monitoring is used as the umbrella term for recognising observable human move-
ment and behaviour. Large-scale activity monitoring refers to whole-body activities such as walking, sitting,
standing, bending, drinking, and falling. Fine-grained monitoring refers to subtle seated head and upper-body
movements. Physiological-scale monitoring refers to radar-based estimation of HR and RR. Human-state monitor-
ing refers to the higher-level interpretation of behavioural and physiological cues, as examined in the multimodal
driving study in Chapter 5.
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* A framework for radar-based fine-grained human activity monitoring and motion-robust
vital sign sensing of HR and RR. This contribution provides a two-part solution to the
most challenging aspects of fine-grained motion interpretation (C1.2) and physiological
sensing (C1.3). First, it addresses the classification of subtle, kinematically similar seated
activities, including driver-related movements such as head nods, turns, and body leans.
A single mmWave FMCW radar is employed to collect a dedicated fine-grained activity
dataset, and a specialised signal processing pipeline based on the STFT is developed to
extract discriminative TF representations from raw radar signals. To mitigate data scarcity
(C2), a tailored data augmentation strategy is introduced. This method adapts SpecAug-
ment [40], originally developed for audio processing, to STFT-derived radar TF maps. It
applies frequency and time masking to generate a more robust and diverse training set.
Second, to overcome motion artefact corruption (C1.3) during physiological sensing, this
contribution integrates Variational Mode Decomposition (VMD) into the radar processing
pipeline for vital sign estimation. This adaptive signal decomposition technique separates
the radar signal into intrinsic modes, enabling effective suppression of motion-induced
interference and isolation of the underlying physiological components. The proposed ap-
proach significantly improves radar-based vital sign estimation for both static and moving

subjects.

* The development and validation of a real-time multimodal fusion framework for com-
prehensive human-state assessment. This contribution addresses the challenge of holistic
state assessment (C3) by developing a multimodal monitoring framework that integrates
behavioural and physiological indicators within a single, interpretable decision model.
The framework combines HR, measured using a Polar H10 [41] reference sensor, with
gaze-based behavioural metrics, such as fixation duration, saccade velocity, and blink fre-
quency, captured through Pupil Labs Invisible [42] eye-tracking glasses. These signals
are synchronised and processed within fixed 10-second analysis windows to ensure tem-
poral consistency across modalities. A weighted decision-level fusion algorithm is then
designed to convert heterogeneous input streams into a unified “alertness score” that pro-
vides insight into the subject’s cognitive and physical state. The weighting coefficients
are empirically tuned through scenario-specific and subject-level analyses, with sensitiv-
ity testing used to quantify the trade-off between missed detections and false alarms across
different fusion thresholds. The system is validated using 480 minutes of real-world multi-
modal data collected from five participants during driving in urban and motorway environ-
ments, enabling evaluation of behavioural and physiological responses under real-world
workload conditions. This contribution advances multimodal human monitoring with a
real-time, interpretable, and resource-efficient fusion framework for continuous assess-

ment in unconstrained settings.

These three contributions map directly onto the thesis chapters: Chapter 3 addresses efficient
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large-scale monitoring, Chapter 4 addresses fine-grained activity and motion-robust vital signs,

and Chapter 5 addresses multimodal human-state assessment for driver monitoring.

1.6 Thesis Organisation

This thesis comprises six chapters that address the challenges and present the contributions.
Below is a detailed description of the organisation of the thesis chapters.

Chapter 1: establishes the background and motivation, outlines the limitations of traditional
sensing, and introduces radar for human monitoring. It then defines the three primary research
challenges, sets out the aims and objectives, and outlines the three core contributions.

Chapter 2: provides a comprehensive literature review that situates radar-based monitoring
within the broader evolution of human sensing technologies. It begins with a historical overview
of HAM, tracing the progression from ambient infrastructure sensors, such as PIR detectors and
environmental sensors, to vision-based systems and contact-based wearables. This discussion
highlights the limitations of traditional modalities in privacy, user compliance, environmental
sensitivity, and sensing granularity, thereby motivating a transition toward RF- and radar-based
approaches. The chapter then reviews recent advances in radar-based human monitoring. It sur-
veys state-of-the-art human activity recognition methods, including radar data representation,
signal preprocessing techniques, and deep learning-based classification strategies. This is fol-
lowed by an examination of contactless vital sign monitoring, outlining processing pipelines
from subject detection and phase extraction to motion compensation, while critically discussing
current technical challenges. Given that radar-based systems are often constrained by limited
datasets (C2), the chapter further reviews data-efficient learning strategies, with an emphasis
on transfer learning and Al-driven augmentation methods, and evaluates their applicability to
radar sensing. Finally, it surveys multimodal fusion frameworks and their role in comprehen-
sive human-state monitoring. The chapter concludes by identifying open research problems and
synthesising the key gaps that motivate the contributions of this thesis.

Chapter 3: presents a data- and computationally-efficient Al pipeline for classifying large-
scale human activities, directly addressing the challenge of effective radar-based motion repre-
sentation at the large-scale level (C1.1) under limited dataset conditions (C2). Radar echoes are
transformed into multiple two-dimensional signal representations and paired with both compact
and deeper CNN architectures using TL. A systematic comparison of model-domain pairings is
conducted under subject-wise evaluation to assess generalisation performance, while also report-
ing preprocessing complexity and inference latency. By jointly analysing recognition accuracy
and computational cost, this chapter establishes practical guidelines for selecting radar repre-
sentations and model architectures that satisfy real-time constraints while remaining robust and
data-efficient.

Chapter 4: develops a framework for behavioural and physiological monitoring using mmWave
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FMCW radar, addressing the challenges of fine-grained motion interpretation (C1.2) under lim-
ited dataset conditions (C2) and motion-corrupted physiological-scale sensing (C1.3). It first
presents a signal processing and classification pipeline for seated upper-body and head move-
ments, enabling discrimination among kinematically similar activities. To enhance generalisa-
tion with limited training data, a targeted augmentation strategy adapted from SpecAugment is
introduced. The chapter then proposes a physiological sensing pipeline that integrates VMD
into the radar processing chain to mitigate motion artefacts and stabilise vital-sign estimation
during subject movement.

Chapter 5: explores a real-time multimodal framework that addresses the challenge of com-
prehensive human-state assessment (C3) by combining physiological and behavioural indicators
into an interpretable state measure. HR is aligned with gaze-based behavioural metrics, includ-
ing fixation duration, saccade dynamics, and blink features, using tunable analysis windows to
ensure temporal consistency. A lightweight decision-level fusion algorithm converts the syn-
chronised streams into a single alertness score with adjustable operating points. The framework
is validated on real-world driving data through both scenario-wise and subject-wise analyses,
demonstrating its applicability to dynamic, safety-critical environments.

Chapter 6: summarises the key findings of the thesis, revisits how the proposed contri-
butions address the initial challenges, and reflects on the limitations of the current work. It
concludes by outlining promising directions for future research and development in radar-based

human monitoring.



Chapter 2
Literature Review

Human Activity Monitoring (HAM) has progressed from binary presence detection to systems
that infer behavioural and physiological patterns from continuous sensor streams. Achieving re-
liable human-centric intelligence increasingly requires sensing modalities and analytical meth-
ods that remain robust across environments, subjects, and motion scales, while meeting usability
and privacy constraints that govern real-world deployment.

Chapter 1 identified three core challenges that motivate a multi-scale investigation. C1 spans
three interconnected scales: large-scale activity recognition (C1.1), fine-grained motion moni-
toring (C1.2), and physiological sensing (C1.3). Beyond representational challenges, C2 con-
cerns the scarcity and heterogeneity of radar datasets, which constrain the generalisation of
learning-based methods. In contrast, C3 concerns the multimodal fusion strategies required to
achieve reliable and interpretable human-state estimation.

This chapter addresses these challenges by reviewing the evolution of HAM research (sec-
tion 2.1) and establishing the physical and signal-processing foundations that enable radar sens-
ing at both large and fine-grained scales (section 2.2). It next surveys radar-based estimation of
physiological dynamics and the dominant sources of motion artefacts (section 2.3). The chapter
then examines Al and machine learning frameworks for radar, with emphasis on data scarcity,
transfer learning, and augmentation strategies (section 2.4), before expanding to multimodal
monitoring approaches for holistic human-state inference (section 2.5). It concludes by syn-
thesising the remaining research gaps and the thesis positioning (section 2.6), explicitly linking
them to C1, C2, and C3.

2.1 Evolution of Human Activity Monitoring

The quest for automated HAM did not originate with sophisticated deep learning models or
high-resolution sensors, but rather with simple, utilitarian technologies designed for basic pres-
ence detection. During the late 1970s and throughout the 1980s, non-contact motion detection

emerged as a foundational concept in security and building automation [43]. Early systems em-
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ployed ultrasonic and microwave Doppler sensors that operated by illuminating the environment
with acoustic or electromagnetic waves and detecting motion through phase or frequency shifts
in the reflected signals [44].

Almost concurrently, PIR sensors entered the commercial landscape. By detecting changes
in the infrared radiation emitted by human bodies, PIR sensors provided a cost-effective, energy-
efficient solution for binary motion detection [45]. Their widespread adoption in intrusion
alarms [46] and lighting control systems [46] demonstrated that reliable, non-contact human
sensing was both technically and economically viable. Despite their limited functionality, con-
strained to distinguishing between motion and no motion, these early systems laid the concep-
tual groundwork for a non-intrusive form of human monitoring [45]. Even decades later, PIR
sensors, along with simple ambient devices such as door contact switches and pressure mats,
continued to be used in research and early smart home applications for recognising coarse ac-
tivity patterns and occupancy transitions [47].

Over the past decade, however, the landscape of HAM has undergone a profound trans-
formation [48]. This shift has been driven by the convergence of pervasive computing, ubig-
uitous sensing, and breakthroughs in machine learning, especially the advent of deep neural
networks [49]. HAM systems are no longer limited to binary presence detection. Modern sys-
tems aim to infer not only what people are doing, but also how, when, and potentially why. To
achieve these goals, researchers have explored a wide array of sensing modalities [50], each
contributing unique capabilities. Contact-based sensors, such as accelerometers and gyroscopes
embedded in smartphones or wearables [51], can capture fine-grained movement trajectories.
Vision-based systems, leveraging cameras and computer vision techniques [52], provide rich
semantic context regarding posture, gesture, and environmental interaction. Meanwhile, radio
frequency (RF)-based approaches, including passive sensing through Wi-Fi or dedicated radar
systems, offer the promise of privacy-preserving, through-wall, and lighting-invariant monitor-
ing [47]. Figure 2.1 provides an illustration of modern intelligent human monitoring systems.

HAM has long been a central focus of ubiquitous computing [53]. The ability to accu-
rately and opportunistically infer human activities, ranging from simple limb movements to
complex behavioural sequences, is foundational to numerous applications. These include intel-
ligent surveillance, wellness monitoring, personalised healthcare [54], and AAL [48]. Particu-
larly for vulnerable populations such as older adults, robust HAM systems hold the promise of
extending independent living, reducing healthcare costs through preventive care, and ensuring
rapid response to adverse events such as falls [S0].

Across application domains, an “ideal” HAM system is typically evaluated against four com-

peting requirements:

* High accuracy across motion scales: The system should reliably recognise large-scale
activities (e.g., walking, sitting, falling), fine-grained movements, and physiological sig-

nals, with performance that remains stable across subjects and environments.
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Figure 2.1: Overview of intelligent human monitoring systems, showing typical sensing modal-
ities and inference pipelines for activity and physiological state estimation.

* High user acceptance: The solution should minimise behavioural burden, avoiding re-
liance on consistent wear, frequent charging, or user interaction so that it can support

long-term monitoring with minimal compliance demands.

 Strong privacy protection: The sensing modality and processing pipeline should min-
imise capture of personally identifiable information, particularly in sensitive spaces such

as bedrooms, bathrooms, and clinical settings.

* Environmental robustness: The system should operate reliably under uncontrolled con-

ditions, including occlusion, lighting changes, clutter, and architectural variability.

In the subsequent sections, we analyse the evolution of the field across various technologi-
cal paradigms. Starting with contact-based wearables, we move through vision-based systems,
ultimately reaching RF-based sensing. Each modality is scrutinised for its effectiveness in ad-
dressing the outlined constraints. This examination goes beyond a historical overview by ex-
plicitly linking each sensing paradigm to the constraints above and showing how subsequent
approaches emerged in response to specific limitations. Through iterative refinement, the field
has consistently sought to identify a modality that balances accuracy, user acceptance, privacy,

and robustness.

2.1.1 Contact-Based Sensing

The paradigm of human monitoring begins with a fundamental bifurcation: placing the sensor
on the body or situating it within the surrounding environment. This initial distinction defines
two dominant paradigms of sensing, namely contact-based and non-contact, and frames the

series of trade-offs that the field has continually attempted to resolve [48,52]. Contact-based
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sensing played a central role in early HAM systems because it directly captured human motion
and physiology at the source [52].

Contact-based HAM relies on sensors affixed to or carried by the human body. These de-
vices typically incorporate inertial measurement units (IMUs), which combine accelerometers
and gyroscopes to measure movement and orientation [47,55]. Smartphones, smartwatches,
fitness bands, and specialised consumer wearables all include such sensors, making them com-
mon platforms for widespread activity recognition [51]. In addition to kinematic measurements,
physiological signals can be obtained using devices that record electrocardiography (ECG), pho-
toplethysmography (PPG), or skin-contact electrodes [52]. These signals enable the inference
of activities linked to HR, RR, or stress levels.

During the past decade, the decreasing cost and increasing miniaturisation of these sensors
have encouraged their adoption in fitness tracking, rehabilitation, workplace safety, and elderly
care [10]. Their advantages are significant. They are self-contained, preserve privacy by avoid-

ing image or audio capture, and are largely insensitive to lighting or visual obstructions [56].

Algorithmic Evolution and the Shift toward Deep Learning

The development of wearable HAM has progressed alongside advances in machine learning [19].
Early approaches used traditional classifiers such as support vector machines (SVMs) and ran-
dom forests, trained on manually designed features extracted from the time or frequency do-
mains [56]. With the rise of deep learning, the field shifted toward end-to-end models that learn
features directly from raw sensor data [57]. Convolutional neural networks (CNNs) and re-
current architectures such as long short-term memory (LSTM) networks improved recognition

accuracy by capturing both spatial and temporal structure within the data [51,57].

The Burden of Wearability and Challenges of User Compliance

Despite robust technical performance, wearable-centric HAM systems encounter notable human-
centred constraints. Primarily, user compliance remains a key challenge [58]. The utility of any
wearable device depends on the user consistently and correctly wearing it. Missing data are
common due to forgetfulness, discomfort, sensor detachment, or battery depletion [59]. These
issues are especially problematic in long-term health monitoring, where consistent data collec-
tion is essential.

Wearable devices can also be uncomfortable or intrusive, particularly when multiple sensors
are required. Even when worn properly, they provide information only from the specific body
location where they are placed [53]. A wrist-mounted sensor may capture arm movements
effectively but provide incomplete information about leg movements or interactions involving
the trunk or head [1, 10]. This limitation in spatial coverage reduces the system’s ability to infer

complex activities.
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There is also a well-documented tension between system performance and usability. Im-
proving the fidelity of wearable HAM often requires higher sampling rates, additional sensors,
or more complex processing [53,60]. These improvements increase power consumption and
reduce battery life [11]. For example, adding a gyroscope improves motion classification but
consumes significantly more energy than accelerometer-only systems [61]. Short battery life
has been identified as the most frequently cited reason for device abandonment and dissatisfac-
tion [10,62]. Thus, engineering enhancements that improve recognition accuracy often degrade

the long-term user experience.

Evidence of Abandonment and the Limits of the Wearable Paradigm

User studies consistently demonstrate that long-term wearable adherence is fragile, with discon-
tinuation driven by charging routines, device discomfort, technical reliability, and diminishing
perceived value over time [59,62-64]. These barriers are amplified for older adults in AAL con-
texts, where charging discipline, comfort, and stigma can directly reduce sustained usage [65].
As a result, even when wearable sensing is technically accurate, long-term monitoring perfor-
mance is often constrained by human factors rather than signal quality.

In summary, contact-based sensing established the first major paradigm in human monitor-
ing. It demonstrated that human motion and physiology can be measured directly and with high
precision. However, significant challenges remain regarding user burden, comfort, and long-
term compliance. These issues motivate the exploration of sensing approaches that eliminate
the need for physical contact. The next step in the evolution of HAM places the sensing infras-

tructure in the environment, paving the way for non-contact monitoring.

2.1.2 Vision-Based Sensing

The second dominant paradigm in human monitoring emerged as a robust response to the in-
herent physical limitations of wearable sensors. By shifting the sensing responsibility from the
user’s body to the environment, the vision-based monitoring system effectively addresses is-
sues of user compliance and device wearability [66]. Utilising RGB, depth-based, or thermal
imaging, these systems passively observe the user to extract activity-related features from visual
data [67]. Consequently, this approach is entirely device-free, requiring no active interaction or

physical adherence from the user [68].

Technology and Algorithmic Evolution

Vision-based modalities have historically played a central role in computer vision research due to
their ability to capture rich visual information about human posture, gestures, and environmental
context [69]. Unlike wearable sensors that primarily provide inertial measurements, video se-

quences encode fine-grained spatiotemporal motion patterns across multiple body segments and
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capture complex human—object interactions [67]. This semantic richness makes vision-based
sensing particularly effective for recognising intricate Activities of Daily Living (ADL), such as
cooking, grooming, or assembly tasks, which are often difficult to infer from wearable sensors
alone [70].

Early vision-based human activity recognition systems, particularly in the early 2000s, re-
lied heavily on hand-crafted feature extraction techniques, including background subtraction,
silhouette tracking, optical flow analysis, and spatiotemporal interest points [71]. While these
approaches provided important foundations for activity modelling, they typically assumed static
backgrounds and controlled camera viewpoints, limiting their robustness in real-world environ-
ments with dynamic scenes or camera motion [69]. Their performance was also sensitive to
occlusion, illumination changes, and viewpoint variations, all of which frequently occur in prac-
tical deployments [67]. Moreover, the computational cost of processing raw video data often
limits its applicability in real-time monitoring systems [72].

A major paradigm shift occurred in the mid-2010s with the emergence of deep learning.
CNNss, originally designed for static image classification, were extended to video analysis through
both two-dimensional and three-dimensional convolutional architectures capable of capturing
spatial and temporal patterns [73]. At the same time, Recurrent Neural Networks (RNNs), par-
ticularly LSTM units, were introduced to model temporal dependencies inherent in sequential
human actions [74]. These architectures enabled models to learn hierarchical representations di-
rectly from raw visual data, significantly reducing reliance on manually engineered features [49].

Consequently, modern vision-based HAM systems leverage deep neural networks and large
datasets to achieve high recognition accuracy, particularly in controlled environments, and have

demonstrated strong capability in detecting complex behaviours and detailed motion patterns.

Practical and Deployment Challenges of Vision-Based HAM

Despite substantial technical progress, vision-based HAM faces significant barriers to reliable
real-world deployment. The most critical limitation is privacy. Video-based monitoring cap-
tures identifiable visual information and can record individuals in private or sensitive environ-
ments [75]. This concern is widely recognised as unacceptable in contexts such as in-home
assisted living, healthcare facilities, and long-term behavioural monitoring [21,76,77]. Even
privacy-oriented solutions highlight the severity of this issue. For instance, the PrivHAR frame-
work [78] introduces hardware-level optical degradation to prevent cameras from capturing clear
imagery, motivated by the risk that unprocessed visual data could be intercepted before anonymi-
sation. This approach illustrates a fundamental tension: accurate activity recognition typically
requires clear visual information, whereas privacy preservation requires obscuring it. Conse-
quently, privacy-preserving modifications reduce identifiability but often also degrade the visual
fidelity on which recognition pipelines depend, meaning the trade-off can only be mitigated

rather than fully resolved.
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Environmental robustness represents another major challenge. Vision-based systems are
inherently sensitive to occlusion caused by furniture, other occupants, pets, or architectural
barriers [79]. Variations in illumination, including shadows and low-light conditions, further
degrade recognition performance [80]. In addition, background clutter and dynamic scenes can
confuse models trained on simplified datasets [69]. As a result, performance achieved under
controlled laboratory conditions often fails to generalise reliably to complex real-world environ-
ments [81, 82].

Beyond sensing limitations, vision-based systems impose substantial infrastructural and
computational requirements that constrain scalability. Deploying such systems typically requires
installing camera networks across the monitored environment, which increases both capital cost
and logistical complexity related to installation, maintenance, and network configuration [66].
Continuous video acquisition also generates large volumes of data. Streaming high-resolution
video requires considerable network bandwidth and significant storage, which can make cloud-
centric processing impractical for long-term monitoring scenarios [83]. In addition, modern
deep learning models for vision-based monitoring systems are computationally intensive, often
requiring GPUs or specialised edge accelerators to perform real-time inference [84]. This re-
liance on high-performance hardware increases both operational cost and energy consumption,
particularly in large-scale deployments [85].

In summary, vision-based HAM offers high recognition accuracy and enables rich interpre-
tation of human activities without relying on wearable or contact sensors. However, its reliance
on visual sensing introduces persistent challenges related to privacy, environmental robustness,
and computational demands. These limitations are largely intrinsic to image-based sensing and
therefore difficult to address solely through incremental improvements.

These constraints have motivated the exploration of alternative sensing paradigms that re-
main contactless while preserving privacy. RF-based sensing has emerged as a promising direc-
tion. Instead of capturing images, RF-based systems infer human activity by analysing variations
in electromagnetic signals reflected from the body [86]. Such approaches do not record visual
information, do not require wearable devices, and can operate under challenging lighting or par-
tial occlusion conditions. The following section provides a more detailed review of RF-based

human monitoring.

2.1.3 RF-Based Sensing

RF-based sensing has emerged as a compelling alternative to wearables and vision, particu-
larly for privacy-sensitive, device-free monitoring. Compared with wearables, RF sensing re-
duces dependence on user compliance and can operate continuously without body-worn devices.
Compared with cameras, RF sensing typically reduces privacy risk because it does not capture
visually identifiable imagery, and it remains effective under poor illumination and partial visual

occlusions [21, 80]. This paradigm includes approaches based on Wi-Fi channel state infor-



CHAPTER 2. LITERATURE REVIEW 16

Environmental

Accuracy User Acceptance Privacy Robustness

‘Wearable

Vision

_ High Moderate Ok Low

Figure 2.2: Qualitative comparison of contact-based, vision-based, and RF-based monitoring
across four requirements: accuracy, user acceptance, privacy, and environmental robustness.

mation (CSI), research-grade platforms such as Universal Software Radio Peripheral (USRP),
ultra-wideband (UWB) radar, and FMCW radars, each offering distinct trade-offs in spatial res-

olution, robustness, and implementation complexity.

Wi-Fi-Based Sensing Using CSI

Among RF approaches, Wi-Fi-based sensing has gained significant attention due to its cost-
effectiveness and ubiquity. The CSI, obtained from the physical layer of Wi-Fi devices, captures
the amplitude and phase of multiple subcarriers as a Wi-Fi signal traverses an indoor environ-
ment [87]. Human motion perturbs the multipath propagation of these signals, producing micro-
dynamic variations in CSI measurements that can be mapped to activity labels using machine
learning models [88].

Pioneering studies showed that off-the-shelf Wi-Fi routers could be repurposed as motion
sensors, enabling recognition of actions such as walking, sitting, falling, and even specific gait
patterns [89-91]. These systems often use signal processing techniques, such as the STFT, to
construct time—frequency representations, which are then used to extract features for classifiers
such as SVMs or deep learning models [89]. The appeal of this approach lies in its passive,
device-free operation and its ability to operate without visual data, making it more acceptable
for privacy-sensitive environments [92].

Despite these strengths, Wi-Fi sensing exhibits fundamental limitations that compromise its

scalability and reliability. The CSI signature is highly sensitive to environmental changes, a
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phenomenon referred to as the multipath curse [55]. Even small alterations in the room layout,
such as moving a chair or opening a door, can significantly change the CSI pattern for the same
activity, leading to degraded recognition performance [93-95]. This environmental brittleness
makes cross-location generalisation difficult and often requires site-specific training or recali-
bration. Moreover, commercial Wi-Fi hardware provides limited resolution due to the number
of available subcarriers and the relatively long wavelength at 2.4 or 5 GHz, which restricts the
granularity of motion detection [96,97].

Research has also shown that Wi-Fi is inadequate for capturing fine-grained physiological
motions. Its wavelength and signal structure limit sensitivity to sub-millimetre displacements,
rendering it insufficient for medical-grade monitoring [93, 98]. Furthermore, the proliferation
of Wi-Fi routers in real-world environments introduces interference and complexity, and the

bulkiness of typical Wi-Fi access points may not suit embedded applications [98].

USRP and UWB Radar Systems

Beyond Wi-Fi, software-defined radios such as the USRP have enabled researchers to access
full CSI data from more subcarriers and experiment with controlled RF signal designs [96,
99]. These platforms offer greater flexibility and resolution than commodity Wi-Fi, but at a
higher cost and greater complexity. UWB radars, in particular, have shown promise due to
their high time resolution and ability to detect fine movements such as limb gestures or falls
[100]. However, their short range and susceptibility to hardware noise have posed challenges in

practical deployments [86].

FMCW radar

Within RF-based modalities for device-free monitoring, radar is widely adopted when pri-
vacy, illumination invariance, and reduced user burden are primary requirements, and it has
been applied extensively to ambient HAM, including fall detection and assisted-living scenar-
10s [101-105]. Compared with other RF-based approaches such as Wi-Fi CSI, radar benefits
from tighter control over the transmitted waveform, which can yield more stable motion signa-
tures under matched conditions [21]. Among radars, FMCW has become a leading choice be-
cause it transmits a controlled waveform and provides range-resolved measurements that support
clutter suppression and target isolation in indoor and in-cabin environments [106, 107]. These
properties also enable operation under limited non-line-of-sight geometries, although perfor-
mance degrades under severe attenuation and multipath [108]. In privacy-sensitive deployments,
FMCW radar remains compatible with responsible sensing because it does not capture visually
identifiable imagery, although data governance and threat modelling remain necessary [21,76].

FMCW baseband processing yields structured representations that map naturally to both ac-
tivity and physiological inference tasks. In this thesis, these are described using the terminology

of Chapter 1, namely time—range (TR) maps and time—frequency (TF) maps computed using the
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STFT and SPWVD. In the broader literature, the term micro-Doppler is often used to describe
the underlying micro-motion Doppler phenomenon and its visualisation, which in our notation
corresponds to TF maps derived from the slow-time signal, as will be detailed and explained

later in this chapter.

Table 2.1: Comparison of RF-based sensing modalities for non-contact human monitoring, high-

lighting typical hardware, motion granularity, and key trade-offs.

RF Modality Typical Hardware /| Motion or State Granu- | Key Advantages Key Limitations and
Band larity Typical Use

Wi-Fi Commodity Wi-Fi access | Medium granularity, | Reuses existing infras- | Sensitive to multipath and
points and network cards, | whole body activities | tructure, works through | network traffic patterns,
2.4 and 5 GHz bands, ex- | and some coarse ges- | walls in many layouts, | often environment-
traction of CSI time series | tures, limited vital sign | moderate deployment | specific  models  and
[109] capability in controlled | cost, good coverage in | calibration are required,

conditions [110] residential and office | latency and reliability de-
environments [111] pend on communication
load [112]

USRP Software-defined  radio | From coarse to fine, de- | Very high flexibility in | Higher hardware cost
front ends such as USRP | pending on waveform and | waveform design, carrier | and power consumption,
devices with flexible | processing, can capture | band and processing | larger form factor, more
carrier frequency and | micro-Doppler of walk- | chain, ideal for rapid | complex synchronisation
waveform [99] ing, arm swing and in | prototyping of new RF | and calibration, mainly

some systems, breathing | sensing concepts and | used in research testbeds
and subtle motion [96] custom passive radar | rather than embedded
architectures [96] products [99]

UWB radar Short pulse ultra wide- | Fine range resolution, | Good penetration through | Subject to regulatory
band transceivers, typi- | sensitive to small chest | clothing and some obsta- | limits on bandwidth and
cally 3—10 GHz with sub- | wall displacement, | cles, precise ranging, ro- | power, specialised hard-
nanosecond pulses and | supports RR and HR | bust short-range vital sign | ware, usually short-range
wide instantaneous band- | monitoring in addition | sensing, suitable for in- | line of sight [113]
width [113] to gross movement and | door patient and occu-

posture [114] pancy monitoring [115]

FMCW  radar (non- | C-band FMCW radars | Good micro-Doppler res- | Larger unambiguous | Coarser range and angular

mmWave) around 5.8 GHz with | olution of walking, sit- | range than mmWave for | resolution than mmWave
hundreds of MHz band- | ting, hand gestures and | the same sweep parame- | for a given antenna aper-
width, often single-input | continuous activities, ba- | ters, less attenuation by | ture, antennas physically
single-output [22] sic vital sign extraction | clothing and some build- | larger, many implementa-

possible at short range | ing materials, well-suited | tions remain research pro-
[84] for large-scale HAM [22] | totypes rather than com-

mercial modules [22]
mmWave FMCW radar 60-81 GHz FMCW | Very fine range and | High spatial resolution | Higher propagation loss
radar with GHz-level | Doppler resolution, | with compact antennas | and sensitivity to block-
bandwidth and compact | supports detailed micro- | compared with non- | age than lower GHz
MIMO arrays [116] Doppler of limbs and | mmWave radars, already | bands, more demanding
head, as well as RR and | available in automotive | RF design and calibration,
HR, enabling fine-grained | and  consumer radar | performance can degrade
HAM and vital sign | chipsets [117] with severe self-occlusion
monitoring [117] or non-line-of-sight con-

ditions [22]

Advances in radar-based algorithms and embedded implementations

Early radar-based HAM relied on classical signal processing and handcrafted feature extraction
from spectrogram-like TF representations [24,25]. Since 2016, there has been a surge in deep
learning models applied to radar signals, paralleling the evolution seen in vision and wearable
domains [19]. In many studies, CNNs are applied to TF maps as image-like inputs, while

recurrent models such as LSTMs capture temporal dependencies in activity sequences [118].
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Hybrid CNN-LSTM architectures have reported activity-classification accuracy beyond 90% in
multiple scenarios [101, 119].

Modern radar HAM systems also increasingly target real-time and embedded deployment [120,
121]. As radar sensors, mmWave in particular, become smaller and more integrated into IoT
platforms, there is growing interest in lightweight neural networks and efficient attention mech-
anisms that reduce computational load without sacrificing accuracy [19, 122]. While deep mod-
els can achieve strong recognition performance [58], their complexity often prevents real-time
inference on embedded hardware [10, 123], motivating architecture optimisation and careful

representation design.

Comparative performance

Comparative evaluations often report that FMCW radar achieves higher activity-recognition ac-
curacy than Wi-Fi CSI under matched experimental conditions, largely due to stronger control
over the transmitted waveform and improved motion and range resolution. For example, a study
comparing a 77 GHz mmWave FMCW radar with a Wi-Fi CSI-based system for a seven-class
activity task reported accuracies of 97.78% and 65.09%, respectively [21]. While such results
depend on deployment geometry, interference, and dataset design, they reflect a recurring trend:
FMCW radar sensing can yield more stable motion representations than CSI measurements in

the same environment.

Physiological-scale monitoring with radar

Radar sensing extends beyond activity recognition to contactless estimation of physiological
metrics. At short range, small periodic thoracic displacements caused by respiration and cardiac
activity modulate the phase of the reflected signal, enabling estimation of RR and HR under
appropriate conditions [124,125]. This capability complements activity recognition in scenarios
where both behavioural and physiological context are relevant. For example, in assisted-living
settings, a radar system that detects a fall event may also support observation of respiratory and
cardiac rhythms, provided that the subject remains within a stable range and motion artefacts
are sufficiently controlled. Physiological monitoring is more sensitive to motion than activity
recognition, and HR estimation typically degrades under posture changes, limb motion, or multi-

person interference, motivating the dedicated treatment of vital sign processing in Section 2.3.

Synthesis and positioning within RF sensing

The progression from wearables to vision and then to RF sensing can be interpreted as an iter-
ative attempt to balance four competing requirements: accuracy across motion scales, user ac-
ceptance, privacy, and robustness under real-world conditions. Wearables provide high-fidelity

kinematic and physiological measurements but often face limitations in long-term adherence and



CHAPTER 2. LITERATURE REVIEW 20

body-location coverage [10,64]. Vision-based methods provide rich semantic context but remain
constrained by privacy concerns, occlusions, lighting variation, and infrastructural and computa-
tional burden [69, 82]. RF-based methods such as Wi-Fi CSI reduce privacy risk and avoid illu-
mination dependence, but their signatures are often sensitive to environmental change and inter-
ference, and typically offer limited motion granularity compared with radar systems [55,93,95].

Within RF-based modalities, FMCW radar offers a favourable balance for device-free mon-
itoring because it actively controls the transmitted waveform and provides range-resolved mea-
surements that support clutter suppression and target isolation [106, 107]. The motion induced
by different body segments introduces time-varying Doppler modulations, commonly described
as micro-Doppler in the literature, and captured in practice through TF maps [24, 64, 126]. At
the same time, performance depends on placement, aspect angle, range, multipath, and inter-
fering reflectors, and these effects can be amplified at mmWave frequencies where propagation
loss and blockage may reduce signal quality under severe self-occlusion or non-line-of-sight
conditions [22], which require a careful handling of its raw data and signal processing as will be
detailed later in Section 2.2.

FMCW radar should not be interpreted as a universal replacement for wearable, vision-
based, or Wi-Fi CSI sensing; rather, it is selected in this thesis because the targeted use cases
require non-contact operation, reduced visual privacy exposure, robustness to illumination vari-
ation, and sensitivity to motion at both behavioural and physiological scales, whereas Wi-Fi
CSI may be preferable for low-cost coarse device-free occupancy or activity sensing using ex-
isting communication infrastructure, vision-based sensing for detailed semantic interpretation
where privacy constraints are manageable, and wearables for direct contact-based physiological
measurement when user compliance is acceptable. By enabling range-resolved measurements,
FMCW radar supports structured signal representations, including range profiles, TR maps, and
TF maps derived using STFT and SPWVD. These representations support monitoring across
large-scale and fine-grained motion, while phase-sensitive processing supports physiological
estimation when motion artefacts are sufficiently mitigated. Figure 2.2 summarises qualitative
trade-offs among contact-based, vision-based, and RF-based paradigms. The remainder of this
chapter uses FMCW radar as a sensing foundation to address C1.1 and C1.2 through TR and TF

representations, and C1.3 through phase-sensitive vital sign processing under motion artefacts.

2.2 FMCW Radar Principles and Signal Model for Human

Monitoring

Building on the modality-level comparison in the previous section, this section formalises the
FMCW radar signal model and the baseband processing chain that produce the TR and TF
(STFT/SPWYVD) representations used throughout the thesis. Figure 2.3 illustrates the FMCW

operating principle and the main processing blocks. FMCW radars achieve this by transmitting
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Figure 2.3: Working principle of an FMCW radar system, showing chirp generation, transmis-
sion, echo reception, and front-end processing to produce complex ADC samples.
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linear chirps whose beat frequency encodes target range, enabling range-resolved motion char-
acterisation that is not available in conventional continuous-wave Doppler radars [127]. This
range—Doppler capability, together with compact solid-state integration and relatively low power
consumption, makes FMCW suitable for real-time deployment in homes, clinics, vehicles, and
mobile platforms [101].

Many FMCW devices operate at mmWave frequencies such as 24 GHz [128], 61 GHz [129],
and 77 GHz [130]. These carrier frequencies support bandwidths from several hundred mega-
hertz to multiple gigahertz, yielding fine range resolution that helps separate closely spaced body
parts and capture subtle variations in motion [95, 120]. This capability depends directly on the
underlying signal model and the processing steps used to extract range and TF information from
the received echoes. The following subsection introduces the FMCW waveform structure and
the baseband processing chain that form the basis of all subsequent radar representations used

in this thesis.

2.2.1 FMCW Radar Signal Model and Baseband Processing

This subsection introduces the FMCW waveform and provides a mathematical description of the
transmit and receive signals, followed by the essential baseband processing steps. The derivation
culminates in the complex analogue-to-digital converted (ADC) signal, which represents the raw
radar data used throughout this thesis for human monitoring across multiple motion scales. In
particular, this signal serves as the starting point for large-scale activity recognition, fine-grained

upper-body and head movement analysis, and radar-based physiological estimation.
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Figure 2.4: Illustration of an FMCW chirp sequence, where linear frequency modulation occurs
over fast time, and chirps repeat over slow time.

FMCW Chirp Signal

FMCW radar estimates the range and radial velocity of targets by transmitting a sequence of
linearly frequency-modulated chirps and processing the frequency difference between the trans-
mitted and received signals [131-133]. Consider a single up-chirp of duration 7. and bandwidth
B, as illustrated in Figure 2.4. The instantaneous frequency increases linearly with time from a

starting (carrier) frequency f. according to

f@t)=fe+St, 0<t<T, (2.1)
where 3
S=— 2.2
T (2.2)
is the chirp slope in Hz/s. The complex baseband representation of the transmitted chirp can be
written as S
st(t) = Arexp {j27r (fct + §t2> } , 0<t<Tg, (2.3)

where At is the amplitude of the transmitted signal. In practical radar operation, a frame (or
coherent processing interval) consists of a sequence of M chirps repeated with a chirp repetition
interval 7} (often T; = T; + Tigie Where Tiqy. 1S an inter-chirp idle time). The absolute continuous

time can be expressed as

t=ml,+1, m=01,...M—1,0<1<T,, (2.4)
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where m is the chirp index, and 7 is the fast-time variable within each chirp. The transmitted

signal over one frame is then
M—1 S
st(t) = Z Arexp {j27r (fcr + 572> } u(t)u(T, — 1), (2.5)
m=0

where u(-) is the unit step function enforcing 0 < 7 < Tt..

Propagation and Received Signal

For simplicity, consider a point target at a time-varying range R(¢) with radial velocity v relative

to the radar. The two-way propagation delay is

(1) = , (2.6)
where c is the speed of light. For slow motion within one chirp, the range is approximated as
R(t) = Ry +vt, (2.7)

where Ry is the initial range at the beginning of the frame. The received signal at the antenna,
after propagation and reflection with complex amplitude ¢, is a delayed and attenuated version

of the transmit signal,
sr(t) = ost(t —1(1)). (2.8)

Substituting (2.3) into (2.8) for a single chirp and writing ¢ as the local fast-time 7 for nota-

tional simplicity gives
: S 2
sr(T) = aArexp < j27 | fo(T— 1) + E(T —70)°| ¢, (2.9)

where, within one chirp, we approximate the delay as constant 7(t) ~ 19 = 2% for short-range
operation. This approximation applies within a single chirp; motion is then captured predom-
inantly through the inter-chirp phase progression that produces the Doppler term in slow time.
This approximation is commonly adopted in human monitoring because the target range vari-
ation within a single chirp is negligible for typical human motion and short chirp durations;
motion is then captured primarily through the inter-chirp phase progression in slow time.

In realistic scenarios, there are multiple scatterers (e.g., different body parts and a static
background). For P point targets with ranges {R,}, velocities {v,} and complex amplitudes

{ay,}, the received signal becomes a sum of such components

o st(t —Tp(1)), T,(t) = . (2.10)

||M~u
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For notational clarity, the following derivation is first given for a single dominant target.

Homodyne Mixing and Low-Pass Filtering

FMCW radar front-ends typically use homodyne mixing, in which the received signal is mixed

with a copy of the transmitted signal, as illustrated in Figure 2.3. The mixer output is
Smix (£) = sr(t) s7(2), (2.11)

where (-)* denotes complex conjugation.

For a single target and within one chirp,

Smix (T) = 0tA%exp {j27r {fc(f — 1) + ;(f — 10)2} }exp {—j27r (fcf+ g#) } (2.12)

S
= aA%exp {j27r (—fcfo — ST+ 5102) } . (2.13)

Neglecting constant phase terms that do not affect frequency content, the dominant term is

. 2R
smix(T) ~ Apexp{ 2nfot},  fo =570 = STO, (2.14)

where A is a complex amplitude that absorbs constant phase terms. The signal spix(7) contains
a high-frequency component at approximately 2 f., which is removed by a low-pass filter (LPF).
The remaining component is the intermediate frequency (IF) or beat signal, which is a complex
sinusoid at beat frequency f, proportional to the target range.

When the target has a non-zero radial velocity v, the range changes slightly from chirp to
chirp. Writing the time as t = mT; + 7, and considering the slow-time (across chirps time as
illustrated in Figure 2.5) index m explicitly, the received signal from a moving target introduces

an additional phase rotation across chirps. After mixing and low-pass filtering, the IF signal

becomes
sie(T,m) ~ Apexp {27 (foT + fomTr)}, (2.15)
where 5
v
== 2.16
/o 1 (2.16)

is the Doppler frequency shift, and A = ¢/ f. is the radar wavelength. The term f, encodes the
target range, while fp introduces a linear phase progression along the chirp index m that encodes

the radial velocity.
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I/Q Demodulation and Complex ADC Signal

In many FMCW radar front-ends, the IF signal is split into in-phase (I) and quadrature (Q)
components using two mixers driven by cosine and sine local oscillators that are phase shifted
by 90° as shown in Figure 2.3. After mixing and low-pass filtering, the analogue I and Q
components are sampled by ADCs at a sampling frequency F;.

Let N denote the number of fast-time ADC samples per chirp. The sampling interval is
Ty =— n=0,1,....N—1. (2.17)
The sampled I and Q sequences for chirp m can be written as

I[n,m] = R{sip(nTs,m)}, (2.18)
Qn,m| = 3{sie(nTs,m)}, (2.19)

and the complex baseband ADC signal is
x[n,m| = I[n,m| + jQ[n,m]. (2.20)

Using the model in (2.15), the discrete-time complex ADC samples for a single target are
approximated as
x[n,m] = Aexp{j2n (fonTs + fpmT:)}, (2.21)

where A is a complex amplitude capturing reflection strength and phase.

For P targets, the ADC signal becomes a superposition
P
x[n,m] = Z Apexp {27 (fopnTs + fo,pmTy) } + wln,m], (2.22)
p=1

where f;, , and fp , denote the beat and Doppler frequencies of target p, and w{n,m] captures
noise and interference. The matrix x[n,m| € CN*M {llustrated in Figure 2.5, is the fundamental

radar data used for further processing of radar-based human monitoring.
Range Estimation and Range Resolution

From (2.14), the beat frequency for a static target is

2R
fr=5=". (2.23)

Solving for the range yields
c
R=—/f. 2.24
5 Sf b (2.24)



CHAPTER 2. LITERATURE REVIEW 26

ADC Samples, Fast Time (Range Resolution)
1 2 n

Chirp 1

Chirp 2

e
8
E
S
Chirp 3 3
o~
2
R3)
=
s
(0]
£
=
2
2
Chirp m n

Figure 2.5: FMCW radar data cube represented as complex ADC samples, ready for subsequent
preprocessing.

In practice, f;, is estimated by applying a discrete Fourier transform (DFT) or fast Fourier trans-

form (FFT) over the fast-time index n for each chirp m:

27k
X[k,m] = ZJMmkm< iﬁ), k=0,1,...,N—1. (2.25)

The frequency spacing between adjacent FFT bins is

Af =—. (2.26)

Combining this with (2.24), the range spacing between adjacent bins is

F.
M——M—%ﬁ (2.27)

On the other hand, classical radar theory shows that the fundamental range resolution is
determined by the transmitted bandwidth [19, 132]:

C
ARy, ~ —. 2.28
T (2.28)

For appropriately chosen Fy and N, the discrete bin spacing in (2.27) is consistent with the

theoretical resolution (2.28).
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The maximum unambiguous beat frequency is limited by the Nyquist frequency of the ADC:
F,
fol <5 (229)

Using (2.24), this imposes a maximum unambiguous range

c Fs  ck

352 — a5 (2.30)

Rmax ~
In radar-based human monitoring applications, Ry, is often set to a few meters.

Velocity Estimation and Velocity Resolution

Radial velocity information is obtained from the slow-time dimension m of the ADC data. For

a target at a fixed range bin (i.e., fixed f), the Doppler-induced phase factor in (2.21) is

exp{j2nfpmT:;}. (2.31)

An FFT across chirps for a fixed range bin yields the Doppler spectrum:

M—1
21l
X[ke, ] = ¥ X [kg,m]exp (—j 7;4"1) (=0,1,...M—1, (2.32)
m=0

where kg is a fixed range-bin index. The Doppler frequency spacing between bins is

1

Afp = .
/D MT,

(2.33)

Using the relationship in (2.16), the corresponding velocity spacing (velocity resolution) is

A
IMT,

Ay = %AfD = (2.34)

The maximum unambiguous Doppler frequency is constrained by the Nyquist limit in slow time:

1
< — 2.

which implies a maximum unambiguous radial velocity

A
Vmax ~ 4._7}. (2.36)
In large-scale human monitoring (C1.1), the velocity resolution Av and the maximum un-
ambiguous velocity viax determine how effectively the system can resolve walking speeds and

limb-induced motions. For fine-grained monitoring (C1.2) and physiological sensing (C1.3),
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the target velocity is significantly smaller, and the corresponding Doppler signature manifests
as slow phase variations rather than distinct Doppler peaks. In this regime, analysis focuses on
phase evolution within one or a small number of range bins over time, rather than on classical

Doppler FFT processing. These distinctions are examined in detail in Chapters 3 and 4.

Relevance to Radar-Based Human Monitoring

The complex ADC signal x[n,m] defined in (2.22) forms the starting point for subsequent radar-

based human monitoring tasks:

 Large-scale and fine-grained monitoring: The radar data cube x[n,m| is commonly
transformed into two-dimensional or three-dimensional representations, such as Range—
Doppler (RD) maps, TF maps, and TR images. These representations exploit the range
resolution in (2.28) and the velocity resolution in (2.34) to characterise large-scale move-
ments, such as walking and limb motion, as well as fine-grained movements, including

seated upper-body and head motions.

In this work, large-scale activities are investigated using a 5.8 GHz FMCW radar dataset,
while fine-grained upper-body and head movements are analysed using a custom-collected
77 GHz mmWave radar dataset. The benefit of higher carrier frequency for fine-grained
motion sensing can be illustrated through a simple micro-motion example. Consider a
radial velocity of v =1 cm/s (0.01 m/s). At 5.8 GHz, corresponding to a wavelength of
A = 5.17 cm, the Doppler frequency, from (2.16), is

2y 2001

~ ~ 0.39 Hz.
7 00517 030 Hz

i

Such a small frequency shift lies close to the DC clutter region and is easily obscured by
system noise and phase instability; however, it remains sufficient for large-scale motion
monitoring where higher velocities and stronger Doppler components dominate the radar

return. In contrast, at 77 GHz with A ~ 0.39 cm, the same motion produces

which is substantially more separable from static clutter and therefore more suitable for

detecting subtle fine-grained movements.

 Physiological-Scale Monitoring: For HR and RR estimation, the subject is positioned at
a short range and occupies a small number of dominant range bins. The phase and very
low-frequency micro-Doppler components of x[n,m] within these bins are analysed over
long slow-time windows. Periodic chest wall displacements introduce phase modulation

in the complex samples, from which respiratory and cardiac rhythms can be extracted
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using appropriate signal processing techniques, such as filtering, phase unwrapping, and
decomposition-based methods. Accurate range bin selection, sampling rates, and a precise
understanding of the relationship between motion and phase, all derived from the FMCW

signal model, are essential for robust vital signs estimation.

In summary, FMCW radar encodes target range in the beat frequency f;, and radial velocity
in the Doppler frequency fp, both of which are inherently present in the complex ADC samples
x[n,m]. This unified signal model forms the basis for designing signal processing pipelines
that address large-scale activity recognition, fine-grained motion analysis, and physiological
parameter estimation. Building upon this foundation, the following subsection details the radar

signal processing techniques used to extract informative representations for HAM.

2.2.2 Radar Representations for Activity Monitoring

The FMCW signal model established in the previous section provides the theoretical foundation
for radar-based HAM. After homodyne mixing and low-pass filtering, the received signal from
a moving subject takes the form shown in (2.15), where the beat frequency fi, encodes target
range through (2.14), and the Doppler frequency fp captures radial velocity as defined in (2.16).
Sampling this IF signal along the fast-time index n and the slow-time (chirp) index m yields the

complex baseband measurements.

P
x[n,m] = Y Apexp {j27 (fopnTs + fo,pmT;) } +win,m), (2.37)
p=1

which matches the multi-target formulation in (2.22). Here, fy , and fp , denote the beat
and Doppler frequencies associated with reflector p, corresponding to a specific body segment.
Using the relations

2R, 2vp

fop=5=—" Jop=73" (2.38)

each term in (2.37) directly reflects the instantaneous range R, and radial velocity v,, of that

c

segment.

Equation (2.37) shows that human motion manifests as structured variations in f, across fast
time and fp across slow time. These variations form the basis of the canonical radar signal rep-
resentations used in HAM. Applying a fast-time FFT along n converts x[n, m] into range profiles
according to (2.24). A subsequent Doppler FFT across chirps exploits the phase progression
exp(j2m fpmT;) to reveal velocity content. Finally, TF analysis along the slow-time dimension
extracts micro-Doppler signatures, or TF representations as we call them in this thesis, that
capture limb motion and other dynamic components of human behaviour.

Together, these transformations convert the FMCW measurement model into interpretable

signal representations that underpin radar-based human monitoring across multiple motion scales,
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as summarised in Table 2.2 and illustrated conceptually in Figure 2.6.

Range processing. An FFT applied along the fast-time dimension converts each chirp into a
range profile [125, 134]. Peaks in the resulting spectrum correspond to reflectors at distances
given by
c
R=—fp. 2.39
g /b (2.39)

Stacking these profiles over consecutive chirps produces a TR map that visualises translational

motion along the radial dimension.

Doppler processing. Velocity information is extracted by applying a second FFT across chirps
for each range bin [64,122]. This Doppler FFT leverages the slow-time phase evolution in (2.37),
producing an RD map in which one axis corresponds to range and the other to Doppler fre-
quency, or equivalently radial velocity using v = % Jfp [123,127]. Moving body segments appear
as localised energy concentrations whose Doppler shifts track their instantaneous motion [135].

Micro-Doppler signatures. Human motion typically involves multiple body parts moving
with different velocities, which introduces fine-scale frequency modulations superimposed on
the bulk Doppler shift [84, 126, 136]. Applying a TF analysis, such as STFT or SPWVD,
along the slow-time dimension yields a micro-Doppler spectrogram that captures the tempo-
ral evolution of these motions [24, 137]. Periodic activities such as walking generate oscillatory
sidebands, while static postures or slow gestures produce narrow-band or smoothly varying pat-
terns [37,138]. In this thesis, we refer to these techniques as TF representations, emphasising

that two distinct time—frequency approaches are examined.

Common radar representations for HAM. A range of two-dimensional and three-dimensional
radar representations can be derived from x[n, m| and serve as inputs to HAM algorithms, includ-

ing:
* TR maps, which capture translational motion over time.
* RD maps, which jointly encode location and radial velocity.

» Angle-of-arrival maps, obtained using multi-antenna arrays to resolve azimuth or eleva-

tion.
* TF maps, which reveal periodic or subtle motion components.

Each representation emphasises different aspects of human motion, and prior studies have
shown that combining complementary representations can improve monitoring performance [104,
118,122, 139]. Most representations rely on single-input single-output (SISO) configurations,

whereas angle-related representations require multi-antenna or multiple-input multiple-output
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(MIMO) systems. While MIMO enables angular discrimination, it substantially increases sig-
nal dimensionality and computational cost, which is a critical consideration for edge-deployed
systems. Table 2.2 summarises these radar representations with representative references from

the literature.

Table 2.2: Examples of radar signal representations for activity monitoring.

Radar Representation Learning Model Reference
TR Map DCNN [140, 141]
RD Map 3D-CNN [106]
RA Map MobileNetV?2 [142]
TF Map (STFT) ID-CNN + LSTM [139]
TF Map (CWT) Range-Distributed- [126]
Convolutional Neural
Network (RD-CNN)
TF Map (SPWVD) Mixed CNN [143]

General HAM pipeline. Independent of the downstream learning model, radar-based HAM

typically follows these processing stages:

1. Preprocessing of raw IF signal (ADC samples represented in (2.21)) to suppress noise and
static clutter.

2. Fast-time FFT to estimate f;, and derive range profiles.
3. Slow-time Doppler FFT to estimate fp at each range bin.
4. TF analysis, such as STFT, to extract micro-Doppler signatures.

The resulting multidimensional radar tensor, commonly organised as time X range X ve-
locity and optionally angle, encodes characteristic structures associated with different actions.
Alternating Doppler patterns from walking limbs, broadband bursts from falls, and localised
signatures from subtle gestures emerge naturally from this representation [25, 144]. In this way,
the FMCW signal model establishes a direct link between human motion and measurable mod-

ulations in f;, and fp, enabling unified monitoring of large-scale and fine-grained activities.

Large-Scale Monitoring

FMCW radar is particularly well-suited for recognising activities that involve large-scale body
motion. Gait analysis provides a clear example of this capability. During walking, the human

torso produces a dominant radar reflection with relatively small Doppler variation, while the
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limbs generate periodic Doppler sidebands due to their cyclic motion. These oscillatory com-
ponents arise from the inherent periodicity of human gait and appear clearly in TF and RD
maps [53,126, 145].

This micro-Doppler behaviour, seen in the TF representation maps, enables radar systems
to distinguish between different motion patterns. Prior studies have demonstrated that radar
signatures can differentiate between normal walking [138], limping gait [24], and walking while
carrying objects [146]. In fall detection scenarios, a rapid decrease in range combined with
a broadband Doppler burst produces a distinctive signature that allows reliable identification
of fall events [25,100, 116]. In smart-home monitoring environments, radar systems can also
continuously identify coarse postural states, such as walking, sitting, or lying down, by analysing
the stability and evolution of torso reflections in the range and Doppler domains [147].

Experimental studies consistently report strong classification performance for such large-
scale activities. For example, a 25 GHz FMCW radar with a 2 GHz bandwidth achieved
over 95% accuracy in distinguishing activities such as walking, sitting, and standing using
spectrogram-based features [147]. Similarly, a 60 GHz FMCW radar system reported over 97%
accuracy for identifying walking versus non-walking periods and more than 95% accuracy for
multi-class activity recognition [148].

These results highlight how the underlying physics of FMCW radar, together with appro-
priate signal processing techniques, enable different body segments to generate distinct beat-
frequency (fp) and Doppler (fp) signatures. As a result, radar offers a powerful, privacy-

preserving sensing modality for large-scale human activity monitoring.

Fine-Grained Monitoring

FMCW radar, particularly in the mmWave band, can also detect fine-grained human movements
due to its high range resolution and sensitivity to micro-Doppler modulation [131, 149]. Hand
gesture recognition provides a clear demonstration of this capability [120]. High-frequency
radar systems, such as those operating at 60 GHz or 77 GHz, can detect small finger motions that
generate low-amplitude Doppler shifts and millimetre-scale range variations [121, 131]. These
subtle movements appear as characteristic streaks or localised patterns in TF maps, enabling
real-time gesture recognition [79, 123].

Academic studies have extended this capability to more complex motion patterns. For exam-
ple, a 77 GHz FMCW radar has been used to classify American Sign Language (ASL) gestures
by analysing the RD trajectories of hand and finger motion [86]. Despite the small displacement
amplitudes involved, the resulting Doppler modulations are sufficiently distinctive for classifi-
cation models. Initial research has also explored whether mmWave radar can capture extremely
subtle facial and speech-related micro-motions under controlled experimental conditions, typi-
cally requiring strict constraints on range, orientation, and environmental interference [150,151].

These results demonstrate feasibility; however, the robustness of such signals in unconstrained
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structures with clearer limb—torso modulation, while fine-grained micro-motions
produce low-energy, narrowly distributed, and highly overlapping signatures. This
contrast illustrates the increased ambiguity and discriminative challenges inherent

Large-scale movements generate wideband and strongly periodic Doppler
in radar-based fine-grained motion analysis.

Figure 2.6: Comparison of radar-based large-scale activity monitoring and fine-grained motion
monitoring, highlighting typical micro-Doppler characteristics in each regime.

environments remains less established than for larger body movements or thoracic vital-sign
monitoring. Nevertheless, fine-grained radar sensing significantly expands the applicability of
FMCW systems to domains such as human—computer interaction [123, 152], head movement
recognition [153, 154], sign language interpretation [86], eye-gaze tracking [142], and driver
behavioural monitoring [155]. These capabilities complement large-scale activity recognition
and highlight the unique role of FMCW radar in multi-scale human motion monitoring.

Figure 2.6 illustrates a comparison between radar-based large-scale and fine-grained activity
monitoring, including representative TF examples. The large-scale examples are obtained using
a 5.8 GHz radar dataset, while the fine-grained examples are derived from data collected with a
77 GHz radar.

2.3 Physiological-Scale Monitoring Using Radar

Radar sensitivity to sub-millimetre displacements makes it a natural candidate not only for ac-
tivity monitoring discussed earlier but also for contactless vital signs monitoring. Respiration

and cardiac activity manifest as periodic micro-motions of the thorax: the chest wall typically
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moves several millimetres with each breath, while heart-induced vibrations are on the order of
tens of micrometres. These displacements modulate the phase or instantaneous frequency of
the reflected radar signal and can be exploited for non-contact estimation of RR and HR. This
principle has been demonstrated across several radar families, including narrowband mmWave
FMCW sensors at 60-77 GHz [125, 156-158], UWB radar in the few-GHz band [159-161],
and more recent multi-radar fusion systems that combine FMCW and UWB for estimation in
dynamic scenes [162].

Compared with contact-based ECG or chest straps, radar does not require skin contact and
can operate through loose clothing, bedding, or even building materials in through-wall life-
sign scenarios [159]. Early vital sign studies with CW and UWB radars focused on single,
cooperative subjects in static indoor settings [160, 161]. More recent work has extended radar
vital sign monitoring to longer ranges using 77 GHz MIMO arrays [157], to specialised clinical
environments such as operating rooms [158], and to in-vehicle driver monitoring and cardiac-
cycle reconstruction in real driving [33, 98, 114, 163]. The remainder of this section reviews
the underlying principles, challenges associated with motion artefacts, and advanced processing
strategies that have been proposed in the literature, before summarising representative systems
in Table 2.3.

2.3.1 Principles of Radar-Based Vital Signs Estimation

The detection of vital signs using FMCW radar relies on the fact that small respiratory and
cardiac motions cause measurable variations in the phase of the reflected signal. As shown in
Section 2.2.1, the received FMCW signal is a delayed version of the transmitted chirp,

5w () = asr(t — T(1)), (2.40)
with two-way propagation delay
2R(t
T(t) = ( )7 (2.41)
c

where R(?) is the instantaneous range between the radar and the reflecting surface, as illustrated
in Figure 2.7. When the radar output is mixed and low-pass filtered, the remaining baseband
signal retains a phase term proportional to this round-trip distance. Using A = ¢/ f, the dominant

phase contribution becomes
4w
0(1) = - R(1). (2:42)
which follows directly from substituting the delay 7(¢) into the carrier term of the received
signal.

Small displacements, therefore, translate linearly into phase variations,

Ad ~ "~ AR, (2.43)
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e

Displacement of the chest due
to breathing and heartbeat

Figure 2.7: Simple concept of radar-based vital signs estimation.

which forms the basis of radar-based respiration and heartbeat extraction. At 77 GHz (with
A ~ 4mm), a chest displacement of 1 mm produces a full 27 phase rotation. Cardiac micro-
motions on the order of 50-100 um still yield measurable phase excursions of a few degrees
[156].

Breathing typically oscillates at about 0.2—-0.5Hz, corresponding to approximately 12-30
breaths per minute (BrPM), while cardiac activity oscillates around 1-2Hz, equivalent to 60—
120 beats per minute (BPM). Because these components occupy distinct frequency bands, they
can be separated from the phase time series once the chest reflection is isolated. The standard

radar-based vital signs processing chain is:
1. Perform a range FFT to identify the target range.
2. Select the range bin corresponding to the chest reflection [125, 164, 165].
3. Extract the complex baseband signal for that bin and compute its phase ¢ ().

4. Apply phase unwrapping to remove 27 discontinuities and obtain a continuous displace-

ment signal [156].

The resulting unwrapped phase contains superimposed respiratory and cardiac components
[156,157].
From the unwrapped phase signal, the amplitudes and spectral peaks of the low- and high-

frequency oscillations yield:
* RR,
* HR,
* Random body motion (for example, slow drift associated with posture changes).

This principle has been validated at short range with single-channel 77 GHz FMCW radars

using high-resolution spectral estimators, such as differential recursive least squares multiple
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classification (DR-MUSIC), to separate heartbeat peaks from respiration harmonics [156], with
large MIMO arrays that improve signal-to-noise ratio (SNR) at longer distances [157].

The inherent range resolution of FMCW radar significantly improves robustness compared
with single-channel CW Doppler systems, which are prone to strong static clutter. Isolation of
the chest range bin suppresses background reflections and improves vital sign detectability [125,
165]. Although UWB radars can also measure small motions and operate through walls, they
often require more complex pulsed front-ends and specialised antennas [159]. FMCW radar,
therefore, offers a practical balance between hardware simplicity, range resolution, and motion
sensitivity, and is now widely used for bedside, surgical, and in-vehicle vital sign monitoring
[98, 158, 163].

2.3.2 Challenges in Motion Artefact Removal

Although the vital-sign-induced phase variation in (2.42) is measurable, it is extremely small
compared with the phase changes caused by ordinary body motion. Any voluntary or involun-
tary displacement that alters the instantaneous range R(¢) in the propagation delay 7(7) = 2RT(I)
produces a phase shift through the same relation ¢ (1) = 47”R(t). Even millimetre-scale pos-
ture adjustments can therefore generate phase excursions several orders of magnitude larger
than heartbeat signals [125, 160]. Talking, limb gestures, or shifting in a seat can dominate the
micro-motion band and obscure physiological oscillations.

Indoor environments introduce additional challenges. Static clutter, multipath reflections,
and nearby objects at similar range add strong components to the received signal that interfere
with the small chest-induced modulation. Respiration harmonics may also overlap with the
heartbeat band when breathing is irregular, which complicates simple band-pass filtering [157,
159]. These effects are moderate in controlled laboratory experiments where the subject is
asked to remain still [125,156,159], but they become dominant in realistic environments such as
operating rooms and vehicle cabins where both the subject and surrounding staff or passengers
move [114, 158, 162].

Several strategies have been developed to mitigate these artefacts:

Static Clutter Removal

Static clutter arises from reflectors whose range R(¢) is constant, so their phase contribution
remains constant in (2.42). High-pass filtering or Moving Target Indication (MTI) techniques
suppress these static terms. Coherent background subtraction and MTT are utilised for life-sign
detection and through-wall sensing [159]. In FMCW implementations, mean-phase cancellation
or subtraction of the average complex return over time can suppress static reflections while pre-
serving the oscillatory chest motion [125, 164]. Multi-channel fusion with adaptive combining
further improves robustness to static multipath [157].
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Motion-Tolerant Processing

When the subject undergoes slow or moderate motion, adaptive compensation is required to
separate the large-scale change in R(¢) from the micro-scale variations of interest. Examples
include complex demodulation and random-motion-cancellation terms to reduce the impact of
body sway on HR estimation [160], and autocorrelation-based processing that is intrinsically
less sensitive to rigid-body motion than pure phase demodulation [161]. For FMCW radar,
the model-based schemes framework explicitly decomposes the measured displacement into a
slow movement component and a high-frequency cardiac term, and uses Kalman filtering to
track and suppress motion-induced variance during moderate arm and torso movements [166].
In vehicular radar-based vital sign estimation, machine learning classifiers have been trained
to identify and discard, or correct, motion-corrupted segments before HR estimation, thereby

significantly improving robustness in driving scenarios [114].

Harmonic Separation

Because respiration and heartbeat occupy distinct fundamental frequency bands, frequency-
domain filtering is often applied as a first step. However, breathing produces harmonics that may
overlap with the cardiac band, especially under irregular or heavy breathing. High-resolution
spectral estimators such as DR-MUSIC can resolve closely spaced peaks and reduce interfer-
ence between respiration harmonics and the heartbeat tone [156]. TF analysis via continuous
wavelet transforms (CWT) or Hilbert—-Huang spectra provides further discrimination between
components that overlap in frequency but differ in temporal evolution, and has been used in
FMCW radars [157].

Multi-Sensor and Multi-Channel Approaches

Multi-sensor configurations provide additional degrees of freedom for mitigating motion arte-
facts. Studies have shown that combining multiple spatial channels can enhance the SNR and
reduce the impact of localised clutter [159]. Similarly, MIMO FMCW radar arrays exploit
virtual receive channels and adaptive beamforming or channel combining to improve SNR at
longer ranges and for non-frontal subject orientations [157]. In dynamic indoor and vehicu-
lar environments, multi-radar fusion and cross-modality fusion with cameras have also been
explored to isolate the vital signs of a specific subject from interfering motion and multipath
reflections [162, 167]. Such designs are particularly relevant for driver monitoring and multi-
occupant scenarios, where requiring the subject to remain stationary is impractical. However,
these approaches introduce additional system complexity, either through the use of multiple
radar sensors or by incorporating privacy-invasive modalities such as cameras.

Despite these advances, large-scale body motion remains the dominant challenge for radar-

based vital sign monitoring. Heartbeat detection is most reliable when the subject is located at
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short range and remains relatively stationary, consistent with the small-amplitude phase model
described in (2.42)—(2.43). Systems designed for realistic daily-life conditions must therefore
either tolerate reduced accuracy or incorporate advanced signal processing and learning-based

strategies to improve robustness under motion, as discussed in the following section.

2.3.3 Advanced Signal Processing Techniques

Advanced processing methods have been introduced to improve the separation of respiration
and heartbeat, especially when motion artefacts distort the phase signal or when measurement
conditions deviate from the ideal small-motion model. Because the measured phase ¢(7) is a
nonlinear and nonstationary function of R(z), classical linear filtering has limited effectiveness

in challenging environments.

Mode Decomposition

Empirical Mode Decomposition (EMD) and VMD decompose the phase-derived displacement
signal into intrinsic mode functions (IMFs). In the context of (2.42), low-frequency IMFs cor-
respond to slow variations in R(¢) that are dominated by respiration and postural drift, while
higher-frequency IMFs represent the small superimposed oscillations generated by cardiac ac-
tivity. Radar-based vital sign systems have used VMD to separate RR and HR modes and to
enhance the HR SNR before spectral estimation [159, 168]. In multi-radar fusion frameworks,
hierarchical or weighted VMD has been combined with region-of-interest selection to recover
heartbeat for moving people in cluttered rooms [162]. Similar hierarchical decomposition ideas
have been applied in mmECG, where the radar phase is modelled as a mixture of motion sources
and cardiac micro-motions, and a hierarchical VMD-based separation is used to reconstruct
ECG-like cardiac cycles from 77 GHz FMCW radar in real driving conditions [98].

Machine Learning and Deep Learning Approaches

Some approaches use learning to evaluate the reliability of spectral estimates and identify motion-
corrupted segments; for example, vehicular radar systems train classifiers on time-, frequency-,
and TF-domain features to distinguish reliable from unreliable HR segments, suppressing cor-
rupted intervals to improve robustness in realistic driving scenarios [114]. Similar strategies
appear in multi-person monitoring, where auxiliary activity cues or Doppler trajectory analysis
help reject segments dominated by gross body motion [162]. Other methods learn direct map-
pings from radar signals to physiological variables. Contactless seismocardiography (SCG) sys-
tems using dual 60 GHz mmWave radars employ CNNs to map phase-derived micro-vibration
waveforms to SCG signals, and HR [169]. Multi-radar fusion frameworks such as A-FuseNet
combine CNN and LSTM modules with adversarial learning to fuse FMCW and dual-UWB

Rols and separate vital signs from body motion and multipath [162], while vision—radar fusion
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integrates CNN-based person detection with radar beamforming and multi-channel decomposi-
tion to maintain vital sign accuracy in multi-person dynamic environments [167].

Table 2.3 summarises representative radar-based vital sign systems and highlights how radar
type, carrier frequency, signal domain, geometry, subject motion, and movement compensation
strategies vary across the literature.

Table 2.3: Representative radar-based systems for contactless vital signs estimation, summaris-
ing radar type, operating frequency, processing domain, motion conditions, and compensation

strategies.

movement mixture mod-
elling, hierarchical VMD,
template-based recon-
struction of cardiac cycle

(mmECG)

dash-
board, facing the

wheel or

driver’s chest

highway driving

isolate heart-induced phase
component; template-based
optimisation for ECG-like

waveform

Radar Carrier Radar Domain / Process- Radar Position Subject Positions Moving? Movement Compensation  Reference

Type Freq. ing

FMCW 77 GHz Range FFT for chest range Short-range Single subject fac- Static  Static clutter removal, base- [156]
gating, phase time series, frontal placement ing the radar in a line and respiration-harmonic
median filter, DR-MUSIC in front of the relaxed posture suppression, high resolution
to localise RR/HR peaks chest (indoor lab) DR-MUSIC spectrum

FMCW 77 GHz Range FFT and chest-bin Side or frontal Single subject Static ~ AD-MRC to improve SNR [157]
selection on many virtual placement at lying, sitting, or and mitigate multipath, CWT
channels, CWT-based TF larger stand-off standing with dif- to emphasise periodic com-
analysis, Adaptive multi- distances ferent orientations ponents
channel combining (AD-
MRC) for vital signs

FMCW 60 GHz Range FFT, MIMO beam- Mounted on the Patient lying Patient Range FFT and beamforming [158]
forming, phase extraction, backside of the prone on surgical static to focus on the patient and
time-domain separation surgical bed, bed; surgeon may suppress the surgeon reflec-
and spectral estimation for illuminating the move around the tions; modelling of the IF sig-
RR and HR in theatre patient  through bed nal for better RR/HR separa-

the bed tion

FMCW  24-77 GHz Range FFT, chest-bin phase Front-facing radar Subjects sitting or Mostly Optimised separation of [125,170]
demodulation, band-pass at 0.6-2 m in of- standing, coopera- static respiration and heartbeat,
filtering, refined spec- fice orlab environ- tive and instructed impulse-noise  suppression;
tral peak selection and ments to minimise mo- no explicit compensation of
multi-stage separation of tion large random motion
respiration and heartbeat

FMCW / 77 GHz Range FFT and phase FMCW integrated Occupants seated Quasi- ML-based detection and re- [114,163]

UWB demodulation for in-cabin in dashboard or in the driver or static  jection of motion-corrupted
FMCW; time, frequency cabin; UWB mod- passenger seat segments (UWB), range-
and TF features with ML ules near seat or during driving or bin isolation and filtering
reliability classifiers for dashboard driving-like tasks (FMCW) for better HR
UWB estimates

FMCW 77 GHz Range FFT and chest- In-cabin radar Drivers seated ina Yes Movement mixture model [98]
bin  phase  extraction, near the steering vehicle; urban and plus hierarchical VMD to
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Radar Carrier Radar Domain / Process- Radar Position Subject Positions Moving? Movement Compensation  Reference
Type Freq. ing
FMCW + 77 GHz FMCW RD maps and Linear array of Two people si- Yes Region-of-interest selection [162]
UWB + 3.1-5.3 phase regions of inter- one FMCW and multaneously and  multi-radar  fusion;
GHz est; UWB distance-time two UWB nodes sitting, standing, GAN-guided CNN-LSTM
regions; wavelet packet at 1.45 m height or lying with network that disentangles
features; A-FuseNet in the tent, room, still, limb-motion, heartbeat from complex body
(CNN-LSTM-GAN) for and lobby upper-body- motion and multipath
joint activity and vital sign waggling and
estimation turning modes
FMCW / 60 GHz Phase-based micro- Radars placed Subjects lying Mostly No explicit analytical can- [169,171]
UWB /  3.1-5.3 vibration signals into near chest (bed- supine or sit- static cellation; deep models learn
GHz CNN for contactless SCG, side) or on ting/standing; mapping from noisy radar
or two-stream (time + furniture facing incidental  body signals to SCG or RR/HR and
frequency) CNN  with torso at 0.5-2 movement al- improve robustness to noise
attention (DeepVS) that m in home-like lowed and moderate motion
regresses RR and HR environments

2.3.4 Limitations and Open Challenges

Despite the encouraging results reported in Table 2.3, reliable radar-based vital signs estimation
remains difficult outside controlled laboratory conditions. Most reported systems assume coop-
erative subjects and limited body motion, and performance often degrades significantly when
involuntary or random movement is present. Motion interference introduces strong phase and
amplitude variations that overlap with the frequency bands of respiration and heartbeat, masking
the comparatively weak physiological signatures and reducing estimation accuracy [167, 172].
This limitation has also been observed in recent mmWave vital signs datasets, where accuracy
drops markedly when subjects change posture, perform small body movements, or operate in
realistic environments [173]. Furthermore, there is no single compensation strategy that con-
sistently handles all sources of motion artefacts. Classical approaches rely on filtering, range
gating, or adaptive decomposition, whereas recent work increasingly employs machine learning
to detect or suppress corrupted segments. However, these methods typically require additional
assumptions, training data, or computational cost, which may limit real-time deployment in
embedded radar platforms.

These limitations indicate that motion-robust physiological sensing remains an open research
problem. Developing algorithms that can reliably separate weak vital-sign components from
strong body-motion interference while remaining computationally and data-efficient is therefore
a key requirement for practical radar-based human monitoring systems. This challenge (C1.3)
directly motivates the motion-compensation and signal decomposition framework proposed in

Chapter 4, which uses VMD as a post-filtering stage after conventional signal processing.
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2.4 Al and Deep Learning for Radar-Based Activity Moni-

toring

Machine learning, and in particular deep learning, has become central to transforming FMCW
radar signals into semantic information for both large-scale (C1.1) and fine-grained (C1.2) hu-
man activities monitoring. The radar products derived from the signal-processing pipeline in
Section 2.2.1, such as TR maps, STFT-based TF maps, and range—angle (RA) maps, are high-
dimensional and structured. These representations contain rich spatial, temporal, and kinematic
patterns that are well-suited to learning-based inference, ranging from large-scale activities such
as walking and falls to fine-grained behaviours such as head movements, hand gestures, and
facial micro-motions.

This section first reviews deep learning architectures that operate directly on radar data, cov-
ering both large-scale and fine-grained recognition. It then discusses the fundamental challenge
of dataset scarcity in radar-based sensing and surveys transfer learning, augmentation, and gen-

erative approaches proposed in the literature to improve generalisation under limited data.

2.4.1 Deep Learning Architectures for Radar Data

Early radar-based human monitoring systems relied on handcrafted features computed from
low-dimensional projections such as TR, RD, or TF representation maps. Examples include TF
features for fall detection [25], feature-level fusion of TR and TF signatures for six-class hu-
man activities with SVM and related classifiers [118], or handcrafted micro-Doppler descriptors
combined with Random Forests for ADL recognition in cluttered living rooms [174]. These
approaches demonstrated that simple classifiers can extract useful structure from radar, but they
depend heavily on manual feature engineering and often generalise poorly beyond the training
environment.

Modern systems instead learn features directly from 2D or 3D radar tensors. A common
strategy is to treat radar representations as images. Radar representation maps are formed by
applying an FFT on fast time to generate TR and a slow-time FFT to generate RD, while TF
maps are obtained via STFT or related TF transforms, as discussed earlier in Subsection 2.2.2.
Large-scale activities such as walking, sitting, bending, and different types of falls produce
characteristic patterns in these images, for example, arc-like Doppler streaks for gait, broadband
bursts for impacts, and quasi-static blobs for standing [103, 106]. Deep 2D CNNs have been
successfully applied to such images for large-scale monitoring and fall detection [100, 144, 175].
In these works, radar frames or short frame sequences are mapped to activity labels using archi-
tectures ranging from shallow custom CNNs to advanced complex backbones.

Beyond large-scale monitoring, deep CNNs have also been deployed for fine-grained and
task-specific radar sensing. TF maps from mmWave FMCW radars have been used for driver

head-movement recognition and drowsiness-related motion analysis, where small changes in
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head pose and neck flexion can be distinguished [154, 176, 177]. Similar image-based CNN
pipelines appear in gesture recognition, where TF maps images support recognition of up to 10—
14 hand gestures in indoor scenes [121,123,144]. In more advanced settings, RA and RAE maps
are converted into 2D projections or compact tensors and used for object classification [146],
skeletal pose estimation [178], and 3D facial reconstruction from mmWave radar [150].

Fine-grained monitoring and cooperative head—hand action recognition adds another layer
of complexity, because the network must differentiate between closely related motion patterns.
Lightweight spatiotemporal CNNs with temporal dynamic convolution, attention, and spectral
augmentation have been shown to improve robustness to intra-class variability and noise while
remaining deployable on embedded platforms [179, 180]. For real-time gesture control on low-
power edge devices, shallow CNNs operating on compact feature cubes that compress range,
Doppler, and angle information can achieve high accuracy with very low latency [123].

Another trend is multi-view and multi-representation fusion. Some works process several
radar domains in parallel, for example, TR, TF, and RD maps in a multidomain fusion net-
work [122,139], or TR, TF, and RA maps in a multi-branch CNN-LSTM for gesture recognition
in complex scenes [121]. Others exploit spatial diversity across multiple radars or antenna sec-
tors, fusing features from separate CNN branches before temporal modelling [137, 181]. This
is particularly beneficial for indoor human monitoring and fall detection, where occlusions and
aspect-angle variations degrade single-view performance. At the volumetric end of the spec-
trum, 3D MIMO or 4-D mmWave radars provide point-cloud sequences that can be processed
by hybrid autoencoder—-RNN models for anomaly detection (for example, fall versus normal
ADL) [116], or by dual-branch CNNss for joint 3D pose estimation from multiple radars [178].
These designs move beyond direct reuse of vision-based architectures by tailoring the network
parameters, architecture, and fusion mechanisms to the radar application.

In summary, deep learning for radar sensing has evolved from simple CNN classifiers ap-
plied to single-domain spectrograms to rich spatiotemporal, multi-branch, and radar-aware ar-
chitectures. These models span large-scale, healthcare monitoring, in-vehicle driver monitoring,
gesture and sign-language recognition, and emerging tasks such as radar-only pose and face es-
timation. However, their performance is often constrained by the limited size and diversity of

radar datasets, which motivates the data-efficient strategies reviewed next.

2.4.2 Data Scarcity in Radar-Based Datasets

Compared with image or speech domains, radar-based datasets are typically small, heteroge-
neous, and expensive to acquire. This is one of the challenges stated in Section 1.3, specifically
C2. Collecting labelled radar data requires specialised hardware, controlled experimental proto-
cols, and often multiple sessions across rooms, vehicle interiors, or clinical spaces. Annotation
is labour-intensive, particularly for continuous activity streams or multi-occupant scenes. In

addition, radar data are strongly device- and scenario-dependent: carrier frequency, bandwidth,
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antenna geometry, mounting height, and room layout all influence the distributions of TR and
TF maps. As a result, models trained on one dataset tend to overfit to that specific environment
and degrade under cross-room, cross-frequency, or cross-device transfer [103,106, 182].

These challenges are especially acute for fine-grained tasks such as monitoring subtle head
and seated subject motions. In such cases, the inter-class differences are small and often con-
founded by subject-specific style, clothing, and clutter. Many published datasets involve only a
handful of subjects, limited activity classes, and highly controlled conditions, which is insuffi-
cient for training deep models from scratch. This subsection reviews three main strategies that
have been proposed in the literature to mitigate data scarcity: generative models for synthetic

data, transfer learning, and data augmentation.

Generative Models and GAN-based Synthesis

Generative models, particularly Generative Adversarial Networks (GANSs) and related adversar-
ial frameworks, have become a powerful tool for addressing data scarcity and domain shift in
radar sensing [183]. The core idea is to learn a generative mapping from a latent space (or from
one radar domain) to TF maps or other radar representations that are indistinguishable from
real data according to a discriminator network [184]. Synthetic samples can then augment the
training set to solve data scarcity or support cross-domain adaptation.

One line of work focuses on unconditional or class-conditioned micro-Doppler synthesis.
Wasserstein Refined GAN with Gradient Penalty (WRGAN-GP) has been used to generate addi-
tional spectrograms for both in-house and public FMCW HAM datasets, with the synthetic data
improving classification accuracy compared with classical augmentation alone [136]. Physics-
aware GANs such as PnGAN and MBGAN go further by incorporating kinematic envelopes,
stride patterns, and subject-level variability into the generator loss, to enforce physical plausi-
bility of walking and gait signatures [183]. Training classifiers on a mixture of real and physics-
aware synthetic data yields significant gains in 14-class ambulatory activity recognition from
mmWave micro-Doppler, and better preservation of gait asymmetries than with naively gener-
ated spectrograms [183].

A second line of work uses conditional GANs for cross-frequency and cross-modality adap-
tation. Auxiliary Classifier GAN (ACGAN) and Cycle-Consistent GAN (CycleGAN) variants
have been trained to transform micro-Doppler signatures across 77 GHz, 24 GHz, and UWB
sensors, thereby reducing the performance drop when training on one frequency and testing
on another [182, 184]. These models learn to match not only marginal distributions but also
the class-conditional structure of spectrograms, enabling pretraining on abundant data from one
radar and fine-tuning on much smaller datasets from another. Similar ideas have been applied
to RF-based sign-language recognition, where multibranch GANs generate synthetic micro-
Doppler for different signers and fluency levels [185].

Despite their promise, GAN-based and other generative approaches introduce additional



CHAPTER 2. LITERATURE REVIEW 44

challenges that must be carefully considered. Synthetic radar data may not fully capture com-
plex multipath propagation, dynamic clutter, or multi-person interactions encountered in real
environments, and subtle biases introduced during generation can propagate into downstream
learning models. Consequently, rigorous validation on real-world data remains essential. For
these reasons, although generative models constitute an important and rapidly evolving research
direction for alleviating radar data scarcity, this work prioritises transfer learning and data aug-
mentation as more controlled and practically robust solutions. These methods, which will be
explored next, retain a direct connection to measured radar data while still enabling effective

learning under limited data conditions.

Transfer Learning

Instead of generating synthetic data, another approach is to leverage data from other domains.
The most straightforward transfer-learning strategy is to reuse CNN backbones pretrained on
large image datasets such as ImageNet and fine-tune them on radar-based representations [186].
This approach directly leverages the significant advances in computer vision discussed earlier in
the context of vision-based human monitoring in Section 2.1. The success of deep CNNs in vi-
sual perception tasks has resulted in robust hierarchical feature extractors that can be repurposed
beyond natural imagery.

Despite the domain mismatch between natural images and radar representation maps, the
lower convolutional layers of pretrained CNNs tend to learn generic features such as edges,
blobs, and texture primitives that transfer effectively to radar representations. As a result, fine-
tuning pretrained architectures often leads to improved classification accuracy and faster con-
vergence compared to training models from scratch. Several studies have demonstrated these
benefits by adapting architectures such as VGG, ResNet, and GoogleNet to radar maps for
activities of daily living and fall detection [182, 184, 187]. Transfer learning has also proven ef-
fective across radar operating frequencies. In dual-frequency FMCW configurations operating at
5.8 and 25 GHz, bottleneck features extracted from a CNN trained at one carrier frequency can
be successfully adapted to the other, consistently outperforming models trained from scratch on
the target frequency [187]. This observation highlights the frequency-agnostic nature of learned
high-level representations and further supports the suitability of transfer learning for data-scarce
radar-based human monitoring.

Beyond generic vision pretraining, a second line of work focuses on transferring between
radar datasets or RF-based modalities. Supervised domain adaptation has been proposed to align
latent feature spaces across four heterogeneous radar datasets, enabling few-shot recognition in
a new domain with only a handful of labelled samples [188]. Multi-frequency fusion networks
for RF-based sign-language recognition learn shared representations across 77 GHz, 24 GHz,
and UWB sensors, and then fine-tune sensor-specific branches for each modality [86]. Similar

multi-branch architectures have been used for cross-room and cross-layout adaptation in indoor
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ADL datasets, where environment-specific layers capture local clutter statistics while shared
layers encode motion-invariant micro-Doppler patterns [103].

Self-supervised and autoencoder-based pretraining provide a third strategy. Convolutional
autoencoders (CAEs) and variational autoencoders (VAEs) are trained to reconstruct radar maps,
after which their encoders initialise downstream classifiers [116, 182, 189]. This approach en-
courages the network to model generic structure in radar images without labels, which is par-
ticularly useful when only a subset of the acquired data can be annotated. Hybrid architectures
such as the Hybrid Variational Recurrent Autoencoder (HVRAE) for 4-D mmWave fall detec-
tion use VAEs at the frame level and RNN autoencoders across time to capture both spatial and
temporal regularities [116]. When fine-tuned for anomaly detection, these models can recognise
rare events (falls) with high sensitivity despite limited labelled examples.

Finally, transfer learning can also be applied across tasks rather than only across datasets.
For example, networks trained for large-scale activities or gait recognition can be adapted to
more specialised tasks such as sign fluency assessment [185], or head-pose regression [190],
by replacing only the final layers and fine-tuning on small target datasets. Therefore, trans-
fer learning, leveraging models trained on larger datasets from other domains (natural images)
for radar-based human monitoring across large-scale (C1.1) and fine-grained (C1.2) tasks, is a

promising direction that can be adopted without the complications of GAN-based approaches.

Data Augmentation

Conventional data augmentation remains a simple and effective tool to increase the apparent size
and diversity of radar datasets. For image-like TR or TF maps, standard transformations include
random cropping, flipping of Doppler sign (to simulate motion in the opposite direction), addi-
tive Gaussian noise, amplitude scaling, random erasure, and small affine transformations. These
operations introduce variability in target range, orientation, and SNR, and have been shown to
improve accuracy and robustness for radar-based HAM and fall detection [103, 135,175]. In
multi-domain frameworks, different augmentations can be applied per domain to improve the
complementarity among the TR, TF, and RD branches [122,191].

More recent work adapts techniques from speech processing, such as SpecAugment [40],
to radar spectrograms [180]. Time- and frequency-masking operations randomly zero out con-
tiguous bands in TF map images, forcing the network to rely on global structure rather than
narrow-band artefacts. Temporal dynamic convolution combined with spectral masking has
improved robustness to corruption in radar-based swimming activity recognition and in head-
hand action recognition for in-vehicle monitoring [179, 180]. These results suggest that spec-
tral augmentation is particularly useful for fine-grained tasks, where small local corruptions or
sensor noise can otherwise lead to misclassification. Beyond purely image-level transforma-
tions, physics-aware augmentation synthesises new spectrograms or point clouds by perturbing

kinematic and geometric parameters. Examples include simulating different approach angles,
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Deep learning models need ample data to
perform well, but radar-based human
monitoring faces data scarcity.

Three Approaches to solve this
issue

Generative Al Data Augmentation

Transfer Learning

. such as GAN is used to synthesise applies transformations to existing
leverages a model pre-trained on a . . . . .
. realistic radar-like data by learning radar samples, such as time scaling,
large dataset and fine-tunes it on . .. . N
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with limited training samples. e . f
variations. without collecting new data

Figure 2.8: Strategies for addressing data scarcity in deep learning for radar-based human mon-
itoring.

ranges, and walking speeds in micro-Doppler signatures based on simple motion models, or mix-
ing trajectories from several recordings to emulate multi-person scenes [182,183]. In multi-radar
setups, replaying trajectories through different virtual sensor configurations can approximate the
effect of changing radar placement without re-collecting data [137, 181].

Figure 2.8 summarises the three main strategies that have been explored in the literature to
address radar data scarcity. Among these, transfer learning and data augmentation are adopted
and systematically investigated in this thesis, as they offer a favourable balance between ef-
fectiveness, implementation complexity, and robustness to radar maps and advanced learning
architectures surveyed in Section 2.4.1. These approaches enable data-efficient learning without
introducing synthetic domain bias and are particularly well-suited to scenarios where labelled
radar data are limited.

Table 2.4: Representative radar-based large-scale and fine-grained studies, and their use of trans-
fer learning, generative models, and data augmentation to address data scarcity.

Application Data Scarcity
Preprocessing Learning Model Reference

Large-Scale Fine-Grained TL GAN Aug.

STFT AlexNet, VGG-16, VGG- v v [118]
19

STFT CNN v [144]

STFT AlexNet, GoogLeNet, cus- v v [187]

tom CNN
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Application Data Scarcity
Preprocessing Learning Model Reference

Large-Scale Fine-Grained TL GAN Aug.

STFT CNN feature extractor v v [188]
with supervised domain
adaptation (few-shot)

STFT CNN, stacked AE, classi- v v [103]
cal Machine Learning

STFT VGG-16, CAE, multi- v v v v [182]
modal Deep NN with
ACGAN pre-training

STFT WRGAN-GP + DCNN v v v [136]
classifier

STFT Physics-aware GAN + v v Ve [183]
CNN

STFT CNN ASL recogniser + v v v v [185]
multibranch GAN

TR, STFT Deep CNN with Tempo- v v [179]
ral Dynamic Convolution
(TDC)

2.4.3 Limitations and Open Challenges

The preceding literature review highlights a rapid maturation of radar-based HAM across a wide
spectrum of scenarios. Existing work has convincingly shown that FMCW radar can discrim-
inate human motion patterns at different spatial scales when appropriate signal processing and
learning models are used. However, when this body of work is examined through the lens of
the challenges defined in Section 1.3, several systematic gaps remain in how the community
addresses the three scales of motion described in C1 and the problem of data scarcity in C2.
First, most large-scale radar-based HAM studies focus on a limited set of coarse activities
such as walking, sitting, standing, bending, and falling, often in controlled indoor environments
with a single radar and a restricted geometry. Many methods rely either on handcrafted TF
features or on a single radar representation, such as an STFT TF-based map or a TR map. Only a
subset of works explore multiple radar domains, and very few provide a systematic comparison
of how different representations and CNN architectures trade off discriminative performance
versus computational cost. As a result, the community still lacks a clear understanding of which
combinations of radar representation map and model are most suitable for real-time, resource-
constrained deployments, a central component of the representational challenge in C1.1.
Second, fine-grained human monitoring, especially at the level of head, upper-body and hand
motions, is even less mature. The studies summarised in Tables 2.4 and 2.5 demonstrate that

mmWave FMCW radar can recognise subtle driver head movements, hand gestures, and small
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postural changes. Yet these works typically involve small participant pools, a narrow set of mo-
tion classes, complexity of using multiple sensors, and highly constrained laboratory or simula-
tor setups. Many methods do not rigorously enforce subject-independent evaluation. Confusion
between kinematically similar classes is common, particularly for head and torso movements
that share similar velocity envelopes. This directly reflects the difficulty, articulated in C1.2, of
finding representations and learning strategies that can reliably separate subtle, behaviourally
important motions whose radar representation maps are inherently ambiguous.

Third, across both large-scale and fine-grained monitoring, almost all studies are constrained
by limited datasets. Radar data collection requires specialised hardware, careful calibration, and
often safety considerations in the case of falls or clinically relevant behaviours. Consequently,
many datasets comprise only a few subjects and a modest number of repetitions per class. Deep
learning methods are therefore exposed to a severe imbalance between model capacity and data
volume, which leads to overfitting and poor generalisation across subjects, rooms, and deploy-
ment conditions. This is precisely the bottleneck formalised in C2, and it is especially acute for
fine-grained actions where collecting many labelled examples of rare or transient behaviours is
particularly difficult.

Within this landscape, the work presented in Chapters 3 and 4 aims to address these gaps in
a structured manner. Chapter 3 targets large-scale human monitoring and investigates how dif-
ferent radar representations and transfer learning models jointly address C1.1 and C2 in a public
5.8 GHz FMCW dataset. Chapter 4 focuses on fine-grained head and upper-body motions and
examines how a carefully designed micro-Doppler pipeline and spectrogram augmentation can
mitigate the ambiguity and data scarcity associated with C1.2 and C2. Together, these chap-
ters provide an evidence-based perspective on how to choose radar signal representations, deep
learning architectures, and data augmentation strategies for the three scales of human activity

monitoring.

Large-Scale Human Monitoring

For large-scale motions such as walking, sitting, standing, bending to pick up an object, and
falling, the core challenge in C1.1 is to identify radar signal representations and deep learn-
ing models that are both discriminative and computationally efficient. The literature shows that
many studies use a single radar domain, typically TR maps or STFT-based TF maps, and report
performance mainly in terms of classification accuracy. Only a few studies explore richer TF
representations, such as SPWVD [143], and even fewer report the computational cost of pre-
processing and inference. Moreover, many methods employ relatively heavy CNN architectures
without quantifying the trade-off between accuracy and inference time, even though practical
human monitoring systems are expected to run on embedded hardware with stringent latency
and power constraints. This means that, at the level of large-scale motion (C1.1), it remains

only partially addressed: radar can represent human motion in many ways, but has not yet con-
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verged on principled design rules for selecting representations and models suitable for real-time
human monitoring.

Chapter 3 directly tackles this gap by systematically analysing a broad set of model-representation
pairs on a well-established 5.8 GHz FMCW radar dataset of six large-scale activities (walking,
sitting, standing, bending to pick an object, drinking, and falling). The study considers three
radar representations, namely TR maps, STFT-based TF maps, and high-resolution SPWVD-
based TF maps, and combines each of them with four transfer learning architectures (VGG-16,
VGG-19, ResNet-50, and MobileNetV2). This yields twelve model-representation pairs whose
performance is evaluated not only in terms of accuracy, precision, recall, and F1-score, but also
in terms of preprocessing time, training time, and inference latency. This comprehensive anal-
ysis provides concrete evidence that directly addresses the representational and computational
aspects of C1.1.

In addition, the use of transfer learning in Chapter 3 offers a response to the data scarcity
problem in C2. Rather than training deep CNNs from scratch on a relatively small radar dataset,
the study leverages pre-trained visual models and fine-tunes them on radar-derived images. This
approach allows the models to reuse generic visual features while adapting only the higher-
level layers to the radar domain, which reduces the amount of task-specific data required [186].
Although this does not eliminate the need for larger radar datasets, it demonstrates that careful
model and domain selection can produce robust large-scale human monitoring systems under
realistic data constraints. The resulting design guidelines from Chapter 3 serve as a conceptual

foundation for the fine-grained human monitoring system in Chapter 4.

Fine-Grained Human Monitoring

Fine-grained human monitoring aims to detect subtle head and upper-body movements that
are crucial for understanding human state, such as driver distraction, drowsiness, or risky be-
haviours. In the context of C1.2, the primary difficulty is that many of these movements are
kinematically similar and therefore produce micro-Doppler signatures that are highly overlap-
ping when observed from a single radar viewpoint. The literature on radar-based driver mon-
itoring, head motion sensing, and gesture recognition confirms this challenge. Several studies
report high accuracy on a narrow set of activity classes [176], limited subject diversity [154],
and utilised complex multiple sensors [192]. Confusions between motions such as nodding ver-
sus lowering the head, or turning versus leaning, are frequently noted. Furthermore, almost all
works are constrained by small datasets and infrequent subject-independent evaluation, which
amplify the concerns raised in C2 about model generalisation on limited datasets.

The first part of Chapter 4 addresses these issues by designing a fine-grained human moni-
toring system based on a single 77 GHz mmWave FMCW radar that observes a seated subject
performing six kinematically similar head and upper-body activities: looking front, turning the

head, nodding, leaning the body, moving the upper body forward and backwards, and looking
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back over the shoulder. The chapter introduces a signal processing pipeline that converts the
raw IF radar data, detailed in Section 2.2, into noise-suppressed TF maps using STFT, followed
by Gaussian smoothing. This representation is carefully chosen to emphasise the time-varying
velocity content of small head and torso motions, while suppressing static clutter from the seat
and surrounding cabin. The dataset comprises 4400 seconds of recordings from 15 participants
across two indoor environments, and the evaluation is performed using a subject-independent
split that directly probes the generalisation aspect of C2.

On the learning side, the fine-grained component of this work employs a lightweight Mo-
bileNetV2 backbone with a two-stage fine-tuning strategy. This approach follows the same
transfer learning principles used for large-scale human monitoring in Chapter 3, while being
adapted to the fine-grained dataset and associated motion characteristics, as detailed in Chap-
ter 4. A key contribution of this chapter is the introduction of a tailored data augmentation
pipeline inspired by SpecAugment [40]. The proposed pipeline applies realistic time- and
frequency-masking, along with slight rotations, to radar representation maps to increase data
diversity while preserving the underlying physical characteristics of the radar signatures.

Table 2.5 summarises the large-scale and fine-grained literature by outlining the contribu-

tions and limitations of prior works.

Table 2.5: Key outcomes and limitations of representative radar-based human activity monitor-

ing studies.

Key Outcomes

Limitations

Reference

Feature-level fusion of TR and FT representations for FMCW radar
yields higher recognition accuracy than single-domain features,
with SVM on fused features achieving about 98.5% accuracy for

six indoor activities.

A shallow CNN operating on RD maps from a single low-cost
FMCW radar enables four-class gait analysis (normal and patho-
logical gaits) with a reported accuracy of 91.75%, demonstrating
the feasibility of low-cost radar-based gait assessment.

Comprehensive analysis of continuous-wave and pulse-Doppler
radar TF features for elderly fall detection shows that TF represen-
tations can separate fall from non-fall events, and that multi-sensor
configurations reduce occlusion effects.

Patient activity recognition in mock and real hospital rooms shows
that CNNs trained on RD maps can achieve very high accuracy
(around 95%) within a given environment, whereas CNNs trained

on TF maps generalise better across environments.

Multidomain fusion of TR, TF and RD maps with a hybrid deep
model significantly boosts large-scale Human monitoring accuracy
compared with single-domain inputs, and domain-specific feature

extraction improves robustness across different indoor locations.

Relies on hand-crafted features and classical machine
learning rather than end-to-end deep learning, and is
evaluated only in a controlled single-room setup.

The dataset is limited to 10 subjects in a controlled en-
vironment, with only frontal walking; lateral and indi-
rect views, and more realistic conditions, are not con-

sidered, so generalisation is uncertain.

Confusion remains between kinematically similar mo-
tions such as sitting or kneeling, weak Doppler signa-
tures for some fall types, and vulnerability to occlu-
sion, ghost targets and pet movement; deployment in
cluttered real homes is challenging. The multi-sensor
setup increases the system’s complexity and cost.

Generalisation across rooms and layouts remains dif-
ficult as range distributions and clutter change; bed
activities are more confusable than in-room motions;
some elderly participants could not perform floor-level
activities, leading to class imbalance; and performance

is sensitive to radar placement and SNR.

The method requires all three radar domains and is
computationally intensive; the dataset is relatively
small with limited activity diversity, and performance

is assessed only in controlled indoor scenarios.

[118]

[60]

[25]

[106]

[122]
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Key Outcomes

Limitations

Reference

A distributed radar network combined with an RNN for sequence
classification significantly improves continuous large-scale human
activity and fall-related monitoring compared with single-node and
feature-level fusion; multi-static geometry helps to capture diverse

motion aspects in a room.

Cross-frequency training of deep CNNs on TF maps shows that pre-
training with large amounts of ACGAN-synthesised 77 GHz data
can reduce cross-frequency accuracy loss by about 50% and im-
prove overall large-scale human monitoring accuracy across sensors

compared with random initialisation or transfer learning.

The mmPFall system uses 4D mmWave radar point clouds and a hy-
brid variational recurrent autoencoder to learn the distribution of
normal motion and detect falls as anomalies, combining anomaly
scores with centroid-height changes to achieve around 98% detec-

tion of simulated falls with few false alarms.

This work architecture performs mid-level fusion of RD, TF and TR
views with auxiliary tracking features, achieving macro-F1 scores
around 0.7-0.75 for four primitive actions and up to about 90% ac-
curacy when sit and stand transitions are merged, showing improved

robustness to cluttered rooms and unseen participants.

Adaptive thresholding of TF maps to extract regions of interest and
extend masks into the phase and unwrapped-phase domains, fol-
lowed by multi-domain handcrafted features and SVM classifica-
tion, achieves about 93.1% accuracy while reducing parameters,
memory, and computation by more than an order of magnitude rel-
ative to deep CNN baselines for large-scale human monitoring.

In-cabin mmWave FMCW TF maps are shown to support reliable
classification of multiple fine-grained driver head motions, with a
deep CNN achieving high accuracy in stationary vehicles, indicat-
ing the feasibility of radar-based driver head-motion monitoring.

A 3D mmWave imaging radar mounted near the driver’s visor, com-
bined with a ResNet-BiLSTM network, enables volumetric driver
fatigue detection, achieving about 93% accuracy on simulator data
and up to 98% on a smaller real-driving dataset.

Through-wall head-movement sensing using UWB radar and Wi-Fi
CSI demonstrates that deep learning on TF maps can recognise five
fine-grained subtle head gestures in both line-of-sight and non-line-
of-sight conditions, and that feature-level fusion of radar and Wi-Fi
improves accuracy compared with single-modality systems.

A 60 GHz FMCW radar in front of the subject’s face, combined
with angle spectrograms and a MobileNet-based classifier, shows
that fine-grained head-orientation based eye-gaze tracking can reach
over 90% accuracy for multiple gaze directions, demonstrating the
feasibility of camera-free radar-based gaze tracking on commercial
chips.

Experiments are restricted to single-person scenarios
in one indoor environment, with class imbalance and
annotation challenges for continuous sequences; multi-
person scenes and transfer to other RF modalities or

layouts are not evaluated.

The study uses data from only six participants in con-
trolled line-of-sight indoor trajectories, focuses mainly
on frequency mismatch, and does not fully exam-
ine other domain shifts (rooms, clutter, multi-person
scenes). GAN-synthesised signatures still exhibit kine-

matic mismatches that degrade performance.

Evaluation is limited to a single apartment, a small
number of young subjects and a restricted set of fall
types and daily activities; clutter conditions are rela-
tively simple and computational complexity and em-

bedded deployment aspects are not fully analysed.

The system still relies on only four base actions, which
makes separation, such as sit versus stand, difficult;
it has not been evaluated on richer activity classes
or multi-person scenarios, and CAE pretraining with
multi-view LSTM fusion increases training and infer-

ence complexity.

The approach is evaluated using a random dataset split,
which raises concerns regarding generalisation. In ad-
dition, no explicit strategy is reported to address the
imbalance in fall events. The reliance on handcrafted
features further limits adaptability, as re-tuning may be
required when deploying the system in different envi-
ronments or with alternative sensor configurations.

The dataset comprises a limited number of subjects,
performance degrades under moving-vehicle condi-
tions, and experiments rely on scripted motions with
clear line-of-sight, so generalisation to naturalistic
driving and different seating geometries is still open.
The approach uses a specialised 3D imaging radar that
is not representative of standard commercial radars;
real-driving data volume is limited, and scenarios re-
main relatively controlled. Generalisation to diverse
drivers, vehicles and long-term naturalistic driving has
not yet been demonstrated.

Experiments involve a limited number of subjects and
head-movement types, which may restrict generalis-
ability to more diverse behaviours. The reliance on
multiple sensing modalities further increases system
complexity, potentially limiting practical deployment.

The study uses a single controlled indoor setup with
a limited number of subjects and viewing configura-
tions, focuses mainly on horizontal head orientation,

and does not include a dynamic environment.

[181]

[182]

[116]

[189]

[58]

[154]

[155]

[192]

[142]
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Key Outcomes

Limitations

Reference

A 61 GHz FMCW radar mounted on the steering wheel and anal-
ysed via TF maps with a CNN enables one-shot learning of four
fine-grained driver head-movement classes, achieving high classi-
fication accuracy even with limited samples and outperforming a
conventional CNN on an additional dataset.

The mmAssist system uses a single off-the-shelf mmWave radar to
monitor fine-grained driver upper body and head from RD maps,
training three supervised models that reach around 88% weighted
F1 in lab conditions and about 79% in real driving for detecting

lack of attention across several distraction scenarios.

A real-time driver state detection framework based on a single in-
cabin mmWave FMCW radar fuses spatial and temporal features
from TR, RD and related representations via a spatiotemporal net-
work with cross-gated fusion, achieving about 94% average F1
for driver state classification and about 97% F1 for high-risk be-

haviours, while remaining deployable on Jetson-class edge devices.

A VGG16-LSTM network applied to TF maps from a single radar
achieves 99.16% accuracy for seven head—hand cooperative driver
actions and reduces VGG16 parameters by about 95% while slightly
improving accuracy compared with several CNN and CNN-LSTM
baselines, indicating the potential of lightweight attention-based

networks for fine-grained human monitoring.

Experiments are mainly conducted in stationary or
tightly controlled conditions with a small subject pool

and only four coarse movement classes.

The system is evaluated with one vehicle, and perfor-
mance drops under real-road vibrations compared with
the lab. The relationship between performance and

computational cost is not reported.

The behavioural classes employed have been devel-
oped and evaluated primarily within narrowly defined,
simulated use cases, and thus their capacity to gener-
alise to other vehicle layouts, diverse driver popula-
tions, highly cluttered environments, or situations in-

volving multiple occupants remains unproven.

Experiments are conducted in a simulated driving en-
vironment with a small number of subjects and rela-
tively simple scripted actions; more complex driver be-
haviours, interference from passengers and naturalistic

on-road conditions are not yet studied.

[177]

[193]

[127]

[179]

Toward Multimodal Monitoring

This chapter has shown that FMCW radar can support human monitoring across multiple mo-
tion scales, from large-scale activities to fine-grained movement and physiological dynamics.
However, reliable human-state inference is rarely achievable with a single modality, because be-
havioural and physiological cues provide complementary information. Radar can contribute to
both, but this thesis focuses on a practical multimodal pairing: physiological metrics are com-
bined with gaze metrics as a behavioural measure to enable more comprehensive and robust
monitoring. The next section, therefore, reviews multimodal fusion approaches, with emphasis

on integrating gaze-derived attention indicators with heart-related measures.

2.5 Multimodal Human-State Monitoring

The evolutionary trajectory of human-centric computing has shifted fundamentally from rudi-
mentary, binary presence detection to the granular estimation of complex physiological, cog-
nitive, and affective states [194]. In high-stakes, safety-critical domains such as automotive
safety [155], the reliability bottlenecks and robustness limitations inherent to unimodal sens-
ing architectures have become increasingly evident, necessitating the adoption of multimodal
frameworks [195]. Unimodal systems are constrained by their sensing principles and are gen-
erally unable to provide a fully comprehensive assessment of subjects. As a result, multimodal

monitoring has emerged not simply as an enhancement, but as a necessity for robust human-state
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inference. By integrating the complementary strengths of heterogeneous sensing modalities,
multimodal systems construct a more holistic and resilient representation of human behaviour
and health [172]. This approach typically combines several sensor modalities, including visual,
physiological, environmental, and behavioural, to jointly observe and interpret human state,
rather than relying on any single channel [196, 197].

Fusing these modalities through intelligent signal processing and Al enables a system to
compensate for the shortcomings of each source and to amplify overall perceptual fidelity. For
example, combining eye-tracking data with HR variability enables more accurate detection of
cognitive load or fatigue than either modality alone [38]. The integration of these disparate
modalities, facilitated by advanced signal processing and Al algorithms, enables the system to
counterbalance the intrinsic limitations of individual sensors. This synergistic fusion is critical
for enhancing overall perceptual fidelity by leveraging the complementary nature of heteroge-
neous data streams to resolve ambiguity [198]. For instance, empirical studies demonstrate
that the concurrent analysis of oculometric data (eye-tracking) and physiological signals (HR)
yields significantly higher accuracy in detecting cognitive load and driver fatigue compared to
unimodal baselines [199].

This multimodal approach also supports redundancy and adaptability, which are essential
for real-world deployments. In a smart home, cameras may be deployed in public areas for
detailed behavioural analysis, while privacy-preserving radar sensors monitor movement and
respiration in bedrooms [200]. In driver monitoring, visual cues (eyelid closure, head pose) can
be paired with physiological indicators (HR, RR) and vehicle telemetry (steering patterns, lane
deviation) to infer fatigue, distraction, or emotional stress more reliably than any single modality
alone [201].

Ultimately, the convergence of multimodal sensing technologies provides a pathway toward
more robust, context-aware, and human-aligned systems that directly address the challenge of
holistic, reliable human-state understanding (C3). It supports intelligent environments that can
continuously assess human state not only in terms of activity but across a broader spectrum of

health and cognition.

2.5.1 Fusion of Gaze and Vital Signs for Multimodal Human-State Moni-

toring

Combining eye gaze information with vital signs is a powerful multimodal strategy for assess-
ing a person’s cognitive and physiological state. Gaze metrics, such as eye fixation, blink rate,
fixation duration, and saccade patterns, provide direct evidence of visual attention and mental
engagement. In contrast, vital signs such as HR, heart rate variability, and RR indicate un-
derlying physiological arousal, stress, or fatigue levels [202]. Fusing these two modalities can

therefore provide a more complete picture of the human state than either alone. For instance, an
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elevated HR or changes in heart rate variability may signal stress or high cognitive workload. In
contrast, changes in gaze behaviour, such as more frequent long blinks or erratic eye movements,
may indicate waning attention or emerging fatigue [203]. By analysing these signals together, it
becomes possible to detect subtle psychophysiological patterns, such as the onset of drowsiness,
cognitive overload, or distraction, with greater confidence and at an earlier stage [204]. Gaze
and vital signs are thus complementary indicators: one monitors outward attentional focus, the
other monitors internal physiological state, and their fusion yields a more robust measure of
overall alertness or well-being.

Research has shown the combined effectiveness of gaze and physiological data in various
human monitoring applications contexts. In cognitive workload studies, increases in task dif-
ficulty have been associated with both broadened gaze dispersion and elevated HR, suggesting
that visual scanning patterns and cardiac responses together reflect rising mental effort [205]. In
aviation and control-room settings, eye-tracking combined with HR monitoring has been used to
assess operators’ attention and stress levels, providing a multidimensional view of operator state
that can trigger timely alerts or interventions [206]. Fusing gaze with vital signs is particularly
useful for detecting fatigue and distraction. Gaze alone might indicate whether a person’s eyes
are off-target or drooping. Still, when these observations are combined with physiological cues,

the assessment of fatigue or overload becomes far more reliable [202].

2.5.2 Applications in Driver Monitoring

Driver monitoring is the primary applied use case examined in Chapter 5 and is used throughout
this thesis as a concrete setting in which behavioural and physiological cues must be fused in
real time. Ensuring that a driver remains alert, attentive, and in good condition is crucial for
road safety, and modern Driver Monitoring Systems (DMS) increasingly leverage multiple data
streams to achieve this. In practice, a comprehensive driver monitoring approach can incorpo-

rate:

* Visual cues (cameras monitoring the driver’s face and eyes) to detect gaze direction, eye-
lid closure (drowsiness via PERCLOS), head pose, and facial expressions of distraction

or distress.

» Physiological signals (contact or contactless biosensors) to track HR, heart rate variabil-
ity, and RR as indicators of fatigue, stress, or cognitive load [207]. For instance, wearable
ECG/PPG sensors or in-seat sensors measure the driver’s heart activity, while emerging

in-cabin radar devices can monitor heart and breathing rate without any contact [163].

* Vehicle dynamics (vehicle-mounted sensors) to observe driving behaviour such as steer-
ing patterns, lane deviations, speed variance, and pedal inputs, which often change when

a driver is drowsy or distracted [207].
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* Audio or vocal cues (microphones monitoring the driver’s voice or in-cabin sounds) to

detect signs such as yawning, slurred speech, or changes in conversational engagement.

By fusing these modalities, driver monitoring systems create a comprehensive view of the
driver’s state. For example, a system may consider a driver’s eye gaze to determine whether
they are looking at the road, HR to assess stress or fatigue, and lane position to detect lane drift.
Studies have shown that incorporating physiological data, such as heart activity measured by
ECG or PPG, alongside camera-based observations provides valuable insights into the driver’s
cognitive and emotional state [208]. It is not sufficient to track only outward behaviour; internal
signals and contextual data about the vehicle and environment are also needed to understand and
predict driver safety risks [209]. For instance, an increase in HR accompanied by erratic steering
may indicate rising stress or fatigue even if the driver’s facial expression appears normal.

Moreover, multimodal driver monitoring has shown clear benefits in research. Simulator-
based studies combining HR sensing with eye-tracking have demonstrated that drivers exhibit
significantly higher HRs and more frequent gaze indicators of mental workload during demand-
ing urban driving than on motorways [210]. Based on such observations, fused alertness scores
that integrate HR with gaze features (blink duration, fixation length, saccade metrics) have been
proposed to distinguish between alert and fatigued states more reliably than single-modality
cues [210]. Similarly, datasets such as DROZY [211] and related work that combine facial
video with EEG and ECG show that fusing visual and physiological signals can achieve very
high accuracy in recognising driver fatigue by capturing both outward signs and underlying
physiological changes. In one such system, integrating EEG, ECG, and eye-camera data yielded
fatigue detection accuracies above 98%, clearly outperforming unimodal approaches [207].

In addition to improving accuracy, multimodal fusion enhances robustness under varying
conditions. A camera-based DMS may fail in poor lighting or when the driver’s face is par-
tially obstructed. In contrast, radar or infrared physiological sensors remain unaffected and can
continue to monitor HR or RR [127]. Radar, in particular, has emerged as a valuable comple-
mentary modality in vehicles. It offers a non-intrusive, privacy-preserving means of sensing
occupant presence, gestures, and vital signs through clothing and under challenging lighting
conditions [127,212]. Automakers and researchers are exploring sensor fusion setups in which
an in-cabin mmWave radar is integrated with a driver-facing camera [133,213]. In these sys-
tems, the radar tracks HR, RR, and gross body motion, while the camera tracks gaze and facial
cues, so that each modality covers the other’s blind spots.

Multimodal monitoring is becoming a cornerstone of advanced driver assistance and safety
systems. It enables early detection of dangerous states such as drowsiness, distraction, or sudden
illness by cross-verifying signals. The fusion of gaze tracking and vital sign monitoring is a con-
crete example of how human-centric multimodal systems can enhance safety by continuously

assessing a driver’s state and enabling timely interventions before an incident occurs.
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2.5.3 Limitations and Open Challenges

The challenge of C3 in Section 1.3 emphasises that sensing physical motion (C1.1 and C1.2)
or physiological signals (C1.3) in isolation provides an incomplete picture of a person’s actual
cognitive or physical state. The literature reviewed above confirms this limitation. Most driver
monitoring systems are unimodal or only weakly multimodal, for example, using either camera-
based gaze features or HR alone, and in many cases, they are evaluated in controlled laboratory
or simulator environments as illustrated in Table 2.6. Even when multiple modalities are used,
they are often fused at a coarse level, with limited attention to how individual metrics such
as blink dynamics, fixation patterns, saccade behaviour, and HR interact over time to reflect
underlying cognitive load or fatigue.

Table 2.6 highlights this gap in the specific context of fusing HR and gaze metrics. Several
studies incorporate HR into real driving, but use only global gaze indicators or none at all.
Others use detailed gaze features such as blinks and fixations, but do not jointly model HR, or
are restricted to simulated or controlled settings. Among the studies summarised in Table 2.6, we
did not find any that jointly model HR with blink, fixation, and saccade features in real-world on-
road driving using an interpretable fusion framework. Existing work typically either emphasises
HR with limited gaze features or uses richer gaze features without joint modelling of HR under
naturalistic driving. As a consequence, existing systems only partially meet the requirement in
C3 for comprehensive human-state assessment under realistic, dynamic conditions.

Moreover, current multimodal frameworks often treat individual metrics as independent pre-
dictors and rely on black-box fusion strategies that are difficult to interpret and to adapt across
scenarios. There is a lack of frameworks that explicitly quantify how changes in HR and specific
gaze metrics co-evolve during different driving conditions and that translate these joint patterns
into interpretable scores of driver state. Addressing this gap requires multimodal algorithms
that are both statistically grounded and practically deployable, capable of fusing multiple gaze
features and HR in real driving environments, and directly aligned with the holistic assessment
(C3).

2.6 Identified Research Gaps and Thesis Positioning

The literature reviewed in this chapter shows that human monitoring has progressed from sim-
ple presence detection to sophisticated activity monitoring and state estimation using wearable,
vision-based, and RF-based systems. Within RF sensing, and radar in particular, multiple works
have demonstrated that both large-scale and fine-grained activities can be recognised with high
accuracy under controlled conditions, and that physiological-scale parameters such as RR and
HR can be estimated in constrained settings. Multimodal systems that integrate visual, physi-
ological, and contextual signals have also emerged, particularly in safety-critical domains such

as driving. However, when these developments are viewed through the problem formulation in
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Table 2.6: Comparison of driver monitoring studies using HR and gaze metrics.

Gaze Metri
Study HR aze VIetries On-road driving

Blink Fixation Saccade

[214] X X X
[215]
[216]
[217]
[218]
[38]

[210]

SN N N RN
NN N
NENENENE
< X X X X X
X X X N X NS

Section 1.3, several persistent research gaps remain that motivate the contributions of this thesis.

First, at the level of large-scale human monitoring, the core challenge in C1.1 is to sense
and interpret gross activities such as walking, sitting, bending, and falling in a discriminative
and computationally efficient manner. Existing radar-based HAM studies, as reviewed in Sec-
tion 2.4.3, typically select a single radar representation and a single learning model, and opti-
mise mainly for recognition accuracy. There is no consensus on how to match different two-
dimensional representations, such as TR, TF, or higher-resolution SPWVD maps, to lightweight
or deeper CNNss for real-time deployment. Very few works report preprocessing and inference
budgets, and performance is often evaluated on limited datasets with restricted geometries and
single-room scenarios. As a result, systematic design rules for representation and model selec-
tion can satisfy the requirements of C1.1 under realistic resource and generalisation constraints.

Second, fine-grained human monitoring remains significantly underdeveloped compared
with large-scale human monitoring. The challenge in C1.2 is to distinguish subtle, kinemati-
cally similar movements, such as different seated upper-body and head poses, which are critical
for applications like driver monitoring. The literature reviewed in Section 2.4.3 shows that
mmWave radar can detect such motions. Still, most studies rely on small participant pools, nar-
row activity classes, and highly controlled laboratory or simulator settings. Confusion between
similar motion classes is common, primarily when relying on a single TF representation from a
single radar viewpoint. Furthermore, these works rarely adopt a strict subject-wise evaluation,
which is necessary to assess generalisation across individuals. Consequently, the core difficulty
in C1.2, namely learning robust patterns from an ambiguous, small dataset of TF signatures of
subtle movements, remains only partially addressed.

Third, at the physiological-scale, C1.3 highlights that radar-based vital sign estimation is
heavily affected by motion artefacts arising from both large-scale and fine-grained movements.
While there is a growing body of work on contactless RR and HR monitoring, much of it as-

sumes near-static conditions or focuses on algorithmic improvements in limited-motion sce-
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narios. Robust extraction of vital signs in the presence of realistic body movements remains
an open problem. There is a clear need for radar processing chains that explicitly incorporate
motion artefact suppression while remaining compatible with practical monitoring conditions.

Across all these scales, the data scarcity problem formalised in C2 persists. Collecting large,
well-annotated radar datasets is expensive and time-consuming, particularly for events such as
falls or for fine-grained movements that are rare or difficult to script. Many published studies
rely on in-house datasets, often with fewer than a few tens of subjects, and only a subset of
these datasets are publicly available. This limits the training and benchmarking of modern deep
learning models and hinders fair comparison between architectures. It also makes it challenging
to study transfer across environments, sensors, and populations, which is essential for robust
human monitoring systems.

Finally, with respect to multimodal monitoring, C3 emphasises that sensing physical motion
(C1.1 and C1.2) or physiological signals (C1.3) in isolation provides only a partial view of a
person’s actual state. The survey in Section 2.5 and the comparison in Table 2.6 show that
most driver-monitoring studies either focus on HR without detailed gaze metrics, or use blink
and fixation features without jointly modelling HR, and often do so in simulated or constrained
environments. Only a small number of studies use a richer set of gaze metrics, and none combine
HR with blink, fixation, and saccade features in real-world driving using an interpretable fusion
framework. Existing multimodal systems therefore only partially satisfy C3, as they do not
yet provide transparent, adjustable mechanisms for combining behavioural and physiological
indicators into a comprehensive, real-time measure of driver state in naturalistic conditions.

Within this landscape, the thesis is positioned to address these gaps through three contribu-
tions that are tightly aligned with C1, C2, and C3:

* Contribution 1 (Chapter 3) tackles the large-scale component of C1.1 and the data-
efficiency aspect of C2. It develops a data-efficient Al pipeline for radar-based human
activity recognition using a public 5.8 GHz radar dataset. It systematically compares a set
of radar representations with both compact and deeper CNN architectures under strict
subject-wise evaluation. By jointly reporting recognition performance, preprocessing,
and inference budgets, this contribution provides concrete design guidelines for select-
ing model-representation pairings that satisfy real-time constraints while remaining data-
efficient. This directly addresses the need for principled model-representation selection

in large-scale radar-based human monitoring.

* Contribution 2 (Chapter 4) addresses both the fine-grained component of C1.2 and the
physiological-scale metrics in C1.3, again under the data scarcity constraints of C2. The
first part of the chapter develops a pipeline for classifying seated upper-body and head
movements using a single mmWave FMCW radar. It introduces a targeted augmentation

technique inspired by SpecAugment [40] to improve generalisation under limited data
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and subject-wise evaluation. This directly tackles the ambiguity of fine-grained TF sig-
natures in C1.2. The second part of Chapter 4 integrates VMD into the radar processing
chain to estimate physiological-scale metrics, mitigating motion artefacts and improving
the stability of HR and RR estimation in the presence of motion, thereby addressing the
challenge in C1.3. Together, these elements provide a unified radar framework for detailed

behavioural and physiological monitoring.

* Contribution 3 (Chapter 5) responds to the multimodal challenge in C3. It proposes a
real-time framework that fuses HR with gaze-based behavioural metrics, namely blink,
fixation, and saccade features, into a single interpretable alertness score. HR, acquired
from a dedicated physiological sensor, is aligned with gaze features over tunable analysis
windows, and a lightweight decision-level fusion algorithm with adjustable weights and
thresholds is used to generate an alertness measure that can be tuned to different operating
points. The framework is validated on real-world driving data using both scenario-wise
and subject-wise analyses, directly addressing the need for comprehensive, multimodal

human-state assessment in dynamic, real-world environments.

In summary, Chapter 2 has identified that existing radar-based human monitoring solutions
do not yet fully meet the requirements of C1, C2, and C3. They often operate at a single motion
scale, rely on narrow datasets, and explore only limited forms of multimodal fusion. The remain-
der of this thesis is structured to address these gaps in a staged manner: Chapter 3 focuses on
efficient and principled model-representation design for large-scale radar-based activity recog-
nition, Chapter 4 extends this to fine-grained behaviour and motion-robust physiological-scale
sensing, and Chapter 5 builds on these foundations to construct an interpretable multimodal

framework for human-state monitoring in real dynamic environments.



Chapter 3

Radar-Based Large-Scale Human Activity

Monitoring

This chapter presents the first contribution of this thesis and addresses challenges C1.1 and
C2 outlined in Section 1.3 by evaluating a radar-based pipeline for large-scale Human Activity
Monitoring (HAM) using FMCW radar. The chapter investigates different radar representations
and learning model configurations to identify data-efficient solutions suitable for real-time ac-
tivity recognition. Section 3.3 presents the system model and signal preprocessing, Section 3.4
describes the supervised learning framework, and Section 3.5 reports the experimental results

and comparative evaluation.

3.1 Introduction

Large-scale HAM has become a core enabling capability across a wide range of application
domains, including medical rehabilitation [219], security and surveillance systems [210], and
ambient assisted living environments [3,220]. Over the past decades, radar-based large-scale
HAM has relied on a variety of sensing modalities, including video-based systems [221], in-
frared imaging [222], wearable devices [57], and infrastructure-based ambient sensors [223].
In smart environments, ambient sensing solutions such as motion detectors, energy consump-
tion meters, and environmental sensors have been widely deployed to infer daily activities using
indirect indicators, including room occupancy, appliance usage, and temperature variations.

As reviewed in Section 2.1, these sensing paradigms suffer from fundamental limitations that
restrict their suitability for continuous, scalable, and robust monitoring. Vision-based systems
are sensitive to illumination conditions, occlusions, and monitoring distance, while infrared sen-
sors are affected by environmental temperature variations and exhibit limited sensitivity to radial
motion components. Wearable devices, despite providing rich motion and physiological infor-
mation, impose usability constraints related to user compliance, comfort, and battery lifetime.

Ambient sensing approaches further require extensive infrastructure installation and calibration,

60
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and their reliance on indirect measurements often leads to an ambiguous interpretation of com-
plex or overlapping activities, reducing robustness in dynamic environments.

On the other hand, radar-based sensing, detailed in Section 2.2, has emerged as an effective
alternative to address these challenges, particularly for short-range indoor monitoring scenar-
ios [84, 103, 104, 224]. Radar sensors enable contactless, privacy-preserving monitoring by
capturing human motion without requiring wearable devices or line-of-sight. In addition to
activity monitoring, radar systems have demonstrated the capability to capture physiological
motion components such as respiration and heart rate [225,226], making them well-suited for
deployment in sensitive environments, including bedrooms, bathrooms, and healthcare facilities.

Radar echoes inherently encode information across time, range, and Doppler dimensions.
As reviewed in Section 2.2.2 and evidenced by the literature surveyed in Table 2.2, radar-
based large-scale HAM commonly relies on transforming raw radar signals into structured
two-dimensional representations. Doppler maps obtained via time—frequency (TF) analysis
[136,224,227] provide a compact abstraction of motion dynamics and are widely adopted for
learning-based classification. Complementary spatial information can be captured using time—
range (TR) representations derived from range FFT [126, 139]. Each representation offers dis-
tinct trade-offs between discriminative capability and computational cost.

In this chapter, multiple radar representations are investigated to support robust large-scale
human monitoring. Specifically, three two-dimensional representations are considered: TR
maps generated via range FFT, TF maps obtained using STFT [147], and high-resolution TF
representations derived using SPWVD [143]. While STFT provides interpretable and compu-
tationally efficient TF representations, it is constrained by a fixed window length, leading to an
inherent trade-off between time and frequency resolution. SPWVD offers improved resolution
and reduced cross-term interference, but at the expense of significantly increased computational
complexity, casting doubt on its suitability for real-time deployment.

The effectiveness of radar-based large-scale HAM is strongly influenced by both the selected
signal representation and the adopted feature extraction strategy. Handcrafted feature extrac-
tion methods require domain expertise and are sensitive to noise and signal variability, limiting
scalability and generalisation [84]. In contrast, deep learning approaches based on CNNs en-
able automated feature learning by jointly performing representation learning and classification,
making them well-suited for processing radar-generated two-dimensional maps.

The success of CNNs in camera-based activity recognition and large-scale image classifi-
cation, as overviewed in Section 2.1, has driven the development of several established archi-
tectures. Early studies demonstrated the effectiveness of deep convolutional models for visual
recognition tasks [228], followed by substantial performance gains on benchmark datasets such
as ImageNet [39]. Consequently, architectures such as VGGNet, ResNet, and MobileNet have
become standard backbones and have been increasingly adopted for radar-based activity moni-

toring. Radar TF and TR representations can be processed analogously to image data, enabling
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the reuse of these architectures. However, training deep CNNs from scratch remains impractical
for radar-based large-scale HAM due to limited labelled data, which often leads to overfitting
and poor generalisation.

To address this limitation, this chapter adopts a transfer learning strategy [186, 229, 230],
whereby CNNs pre-trained on large-scale image datasets are fine-tuned for radar-based ac-
tivity classification. Transfer learning reduces data requirements while retaining strong rep-
resentational capacity. Four CNN architectures are considered: VGG-16 [231], VGG-19 [232],
ResNet-50 [233], and MobileNetV2 [234]. These models span a range of architectural complex-
ities, enabling a systematic evaluation of accuracy—efficiency trade-offs for real-time radar-based
large-scale HAM.

3.2 Chapter Contributions

This chapter investigates radar-based large-scale HAM through a systematic evaluation of radar
preprocessing strategies and deep learning architectures, with particular emphasis on real-time
feasibility and deployment on resource-constrained platforms. The proposed framework analy-
ses the interaction between radar signal representation and learning model selection to identify
configurations that balance recognition performance with computational efficiency. Three radar
preprocessing techniques are combined with four CNN architectures, resulting in twelve distinct
model-representation pairings evaluated under consistent experimental conditions.

The main contributions of this chapter are summarised as follows:

e Comparative evaluation of radar representations: TR maps derived from range FFT
and TF representations generated using STFT and SPWVD are systematically evaluated.
Their discriminative capability and computational cost are quantified to assess suitability

for real-time radar-based large-scale Human Activity Monitoring.

* Data-efficient learning via transfer learning: Four CNN architectures, namely VGG-
16, VGG-19, ResNet-50, and MobileNetV?2, are fine-tuned using transfer learning to mit-
igate radar data scarcity. The impact of architectural complexity on recognition accuracy

and computational efficiency is explicitly analysed.

* End-to-end performance and efficiency analysis: A comprehensive comparison of twelve
model-representation pairings is conducted, considering recognition accuracy, precision,
recall, and F1-score. Preprocessing time and inference latency are also analysed to iden-

tify configurations that satisfy real-time operational constraints.

» All comparisons are performed under identical conditions: Using a consistent subject-
wise protocol and a fixed runtime environment to ensure reproducibility and fairness of

comparison.
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3.3 System Model for Large-Scale Human Activity Monitor-
ing

The following discussion details the system model for radar-based large-scale HAM. It de-
scribes the end-to-end processing pipeline, beginning with radar data acquisition and progress-
ing through signal transformation into multiple two-dimensional radar representations. Three
complementary preprocessing strategies are investigated: TR maps, STFT-based TF represen-
tations, and SPWVD-based TF maps. These representations serve as structured inputs to deep
learning models, where transfer learning is employed to enable accurate and computationally

efficient classification of large-scale human movements under real-time constraints.
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Figure 3.1: Radar data acquisition and signal processing for radar-based large-scale human
activity monitoring.

3.3.1 Radar Data Acquisition

Despite substantial progress in radar-based large-scale HAM, a persistent limitation remains
the scarcity of large, standardised datasets suitable for benchmarking classification algorithms.
Many existing studies rely on proprietary datasets collected using different radar platforms and
involving small, homogeneous participant groups, often limited to university students. This lack
of demographic and environmental diversity constrains the development of robust, generalisable
models and complicates fair comparisons across studies.

In this thesis, a publicly available FMCW radar dataset collected by the James Watt School
of Engineering at the University of Glasgow, United Kingdom, is utilised [235]. The dataset has
been widely adopted in recent literature [236], making it a suitable benchmark for evaluating
radar-based large-scale HAM pipelines. Data were collected using a single-input single-output
(SISO) FMCW radar operating at a carrier frequency of 5.8 GHz with a chirp bandwidth of
400 MHz.

A key strength of this dataset lies in its environmental and demographic diversity. Record-

ings were obtained from nursing home residents in their natural living environments, as well as
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from students and staff in laboratory and communal settings. Specifically, data were collected at
the Glasgow Nursing Home (three rooms), the West Cumbria Elderly Centre (two rooms), and
multiple locations within the University of Glasgow, including laboratories and common rooms.
This diversity introduces realistic variations in background clutter, room geometry, and radar-
to-subject distance, all of which are known to significantly influence radar signal characteristics.
Unlike datasets collected exclusively under controlled laboratory conditions [182], this dataset
captures non-ideal conditions, making it well-suited for evaluating model robustness.

In addition, the dataset includes recordings from 105 subjects, including 26 female partici-
pants, aged 21 to 98 years. This demographic spread enables the analysis of age- and sex-related
variations in gait and activity patterns, which are often under-represented in datasets dominated
by younger participants [84]. Although the dataset contains 1,748 labelled samples, which is
modest relative to typical deep learning benchmarks, it captures substantial inter-subject vari-

ability, a critical factor for developing generalisable radar-based large-scale HAM models.

Table 3.1: Details of human activity classes.

Class Activity Description Samples Duration
Al Walking back and forth 312 10s
A2 Sitting on a chair 311 5s
A3 Standing 311 5s
A4 Bending to pick an object 309 S5s
A5 Drinking water 311 S5s
A6 Fall 197 5s

The dataset comprises six large-scale human activity classes, as detailed in Table 3.1, cover-
ing both routine daily movements and safety-critical events such as falls. A high-level overview
of the complete radar-based processing pipeline, from data acquisition to radar representation

generation, is illustrated in Figure 3.1.

Radar Configuration

Each radar chirp has a duration of 1 ms and consists of 128 ADC samples acquired at a sampling
frequency of 128 kHz. The pulse repetition frequency (PRF) is 1 kHz, yielding a Doppler
resolution of 1.25 Hz, which corresponds to a velocity resolution of approximately 3.2 cm/s. The
achieved range resolution is 37.5 cm. Such a radar and its settings are sufficient for large-scale
activities such as walking around the room. The complete set of radar configuration parameters

used during data collection is summarised in Table 3.2.
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Table 3.2: FMCW radar configuration used for data collection.

Radar parameter Value
Chirp duration I ms
ADC samples per chirp 128
Pulse repetition frequency (PRF) 1 kHz
Range resolution 37.5cm
Doppler resolution 1.25 Hz
Velocity resolution 3.2 cm/s

Maximum Doppler frequency 500 Hz

Maximum range 24 m

3.3.2 Radar Signal Model and Preprocessing Overview

The radar signal processing pipeline follows the framework introduced in Section 2.2.2. After
analogue-to-digital conversion (ADC), the received intermediate-frequency (IF) signal is repre-
sented as a complex baseband signal composed of in-phase (I) and quadrature (Q) components.
For a sequence of transmitted chirps, the digitised IF signal is organised into a two-dimensional
structure indexed by fast time (range samples) and slow time (chirp index).

The discrete-time IF signal can be expressed as
P
ZA exp { j27 (fo, pnTs + fo,pmTy) } +wln,m], 3.1

where n denotes the fast-time sample index, m is the slow-time (chirp) index, A, represents the
complex amplitude of the p-th scatterer, f; , is the beat frequency associated with target range,
and fp , denotes the Doppler frequency associated with target motion. Ty and T; represent the
ADC sampling period and chirp repetition interval, respectively, and w(n,m| denotes additive
noise.

Following the formulation in Chapter 2, the complex IF samples are reshaped into a two-
dimensional matrix of size Napc X Nchirp, Where each column corresponds to a single chirp. This
representation enables systematic processing along the range and Doppler dimensions. Subse-
quent preprocessing steps, including range FFT, time—frequency analysis, and clutter suppres-
sion, are applied to extract discriminative motion signatures suitable for radar-based large-scale
HAM. These steps form the basis for generating the TR, STFT-based TF, and SPWVD repre-

sentations examined in the following subsections.
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TR Map Generation

Starting from the discrete-time IF signal model in Eq. (3.1), TR map generation focuses on
extracting range information as a function of time. As illustrated in Figure 3.1, this is achieved
by applying a windowed FFT along the fast-time dimension (ADC samples) for each transmitted

chirp. Prior to the FFT, a Hamming window is applied to reduce spectral leakage.

Let x[n,m] denote the complex IF signal, where n = 0,...,Napc — | indexes fast time and
m=1,..., Ny indexes chirps. The range profile for the m-th chirp is obtained as
Napc—1 R
Xulkl= Y. wln]x[n,m]e /" Nanc (3.2)
n=0

where k denotes the range bin index and win] is the Hamming window. The resulting sequence
{Xu[k]} represents the time-varying range information between the radar and the subject.

To suppress static clutter and isolate motion-related components, a Moving Target Indicator
(MTY) filter is applied along the slow-time dimension for each range bin. The MTI is imple-
mented as a fourth-order Butterworth high-pass filter with a cut-off frequency of 0.0075 Hz.
After MTI filtering, the TR maps are constructed by stacking the filtered range profiles across
successive chirps. Representative TR maps for the six activity classes are shown in Figure 3.2.

By visually inspecting the TR maps, a subset of range bins k* corresponding to the domi-
nant target reflections is identified. These range bins are subsequently used as inputs to the TF

analysis methods described in the following, as indicated in Figure 3.1.

STFT-based TF Map Generation

To capture the velocity dynamics of human motion, TF maps are generated by applying STFT
to the MTI-filtered range bins of interest k*. This step corresponds to the time—frequency pro-
cessing block in Figure 3.1.

For each selected range bin k*, the slow-time signal X, [k*] is segmented using a Hann win-
dow of length s = 200 samples, with a hop size of R = 10 samples (corresponding to 95%
overlap). Zero-padding is applied to achieve an FFT length of 800 samples, yielding improved
frequency resolution. The STFT is computed as [143]

Osterlm, f1 =), Xulk']gsln—mR]e /™", (3.3)
n——oo
where g[-] denotes the Hann window and f is the Doppler frequency index. The TF map is
obtained by taking the magnitude of @gygr[m, f].
STFT-based TF maps provide an interpretable representation of motion-induced Doppler
variations over time. However, their resolution is constrained by the fixed window length, result-

ing in an inherent trade-off between time and frequency resolution. Representative STFT-based
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Figure 3.2: Representative TR maps for the six activity classes from a young adult participant.

TF maps for the six activity classes are shown in Figure 3.3.

SPWVD-based TF Map Generation

To overcome the resolution limitations of STFT, SPWVD is employed as a higher-resolution
TF analysis technique. SPWVD is derived from the Wigner—Ville Distribution (WVD), which
offers excellent time—frequency resolution but suffers from cross-term interference. SPWVD
mitigates this issue by introducing independent smoothing operations in the time and frequency
domains [143].

Applied to the selected range bins X),[k*], the SPWVD is defined as

~+oo

Ospwvp|m, f] = Z Jio X(k* — n) X* (k*_i n) h(T)w(n—m)e /27T, (3.4)

N—=—00 T—=—00

where /(1) and w(n — m) denote the frequency- and time-smoothing windows, respectively. In
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Figure 3.3: Representative STFT maps for the six activity classes from a young adult participant.

this study, a Hann window of length 15 is used for frequency smoothing, and a Kaiser window of
length 25 is used for time smoothing. The index m represents the time frame. To further stabilise
the representation and avoid intensity spikes, the SPWVD outputs are normalised by the number
of selected range bins. This process yields high-resolution TF maps that preserve fine velocity
variations while significantly reducing cross-term artefacts. Representative SPWVD-based TF
maps for the six activity classes are shown in Figure 3.4.

These representative maps illustrate why the choice of radar representation matters for large-
scale activity recognition. TR maps preserve range displacement and are therefore useful for
activities involving clear body translation, while STFT-based TF maps expose time-varying
Doppler patterns that are more directly related to limb and body velocity. SPWVD can pro-
vide sharper TF localisation, making transient events such as falls more visually distinguishable;
however, this benefit must be weighed against its higher preprocessing cost and the possibility

of cross-term artefacts. These differences are important because activities such as sitting, stand-
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Figure 3.4: Representative SPWVD maps for the six activity classes from a young adult partic-
ipant.

ing, and drinking may exhibit limited range displacement and partially overlapping low-velocity
signatures, whereas walking and falling produce broader Doppler spreads and more abrupt high-
energy patterns. Therefore, the representations shown in Figures 3.2, 3.3, and 3.4 are not merely
illustrative examples, but provide the empirical motivation for comparing representation—model
pairs rather than selecting a single radar representation a priori. This comparative analysis is
essential for identifying representations that provide an appropriate balance between discrimi-

native capability and computational efficiency for real-time radar-based large-scale HAM.
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3.4 Model Training and Optimisation for Large-Scale Hu-

man Activity Monitoring

Once the radar signals are preprocessed (Section 3.3), they are integrated into the deep learning
models via the training procedures described here. As illustrated in Figure 3.5, the learning
pipeline consists of three main stages: data preparation, transfer learning-based model config-
uration and optimisation, and supervised training with subject-wise evaluation. The adopted
methodology is designed to ensure robust generalisation to unseen individuals while enabling a

systematic comparison between radar representations and learning architectures.
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Figure 3.5: Model training and optimisation procedure for evaluating radar-based large-scale
human activity monitoring models.

3.4.1 Data Preparation and Dataset Splitting

The first stage of the training pipeline prepares radar representations for input to CNNs. All
radar maps generated during preprocessing, including TR, STFT-based TF, and SPWVD-based
TF representations, were converted into image form. Each image was resized to a uniform res-
olution of 224 x 224 pixels with three channels to satisfy the input requirements of the selected
CNN architectures. Pixel intensities were normalised, and the mean RGB value computed from
the training data was subtracted to improve optimisation stability and convergence behaviour. To
support a realistic and unbiased assessment of cross-subject generalisation, a strict subject-wise
partitioning strategy was adopted, ensuring that no participant appeared in more than one subset.
The University of Glasgow FMCW radar dataset comprises 1,748 samples collected from 105
subjects, which represents a comparatively broad participant base for radar-based device-free
activity recognition. This is particularly relevant because several device-free sensing studies
have relied on substantially smaller cohorts, sometimes involving only one or two participants,

thereby limiting the strength of generalisation claims [237].
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The dataset was divided into three fixed and disjoint subsets. Seventy-nine subjects were
assigned to the training set for model learning and hyperparameter optimisation, correspond-
ing to approximately 75% of the participants; 19 subjects were used for validation and model
selection, corresponding to approximately 18%; and the remaining 7 subjects were reserved
exclusively for final testing, corresponding to approximately 7%. This partitioning resulted in
1,286 training samples, 336 validation samples, and 126 testing samples. Since the test subjects
were completely unseen during training, validation, and optimisation, the final evaluation should
be interpreted as unseen-subject testing within a 105-subject dataset, rather than as a study based
on only a few participants. The split was kept fixed across all preprocessing domains and model
architectures to ensure reproducibility and fair comparison, although the limited number of held-
out test subjects remains a factor to consider when interpreting the final performance. The re-

sulting class-wise sample distribution across the three partitions is summarised in Table 3.3.

Table 3.3: Summary of activity classes and sample distribution across dataset partitions.

Classes Class Training samples
Walking back and forth Al 232
Sitting on a chair A2 234
Standing A3 234
Picking up an object A4 232
Drinking AS 234

Fall A6 120
Training 1286 samples
Validation 336 samples
Testing 126 samples

Class imbalance, particularly for the fall activity, was addressed using two complementary
strategies. First, data augmentation was applied exclusively to the training set using the Keras
data generator, introducing controlled variability while preserving the semantic structure of the
radar maps. The validation and test sets were left unchanged to ensure a fair evaluation. Sec-
ond, class weights computed using the scikit-learn library were incorporated into the loss func-
tion during training, encouraging the model to assign greater importance to under represented

classes.

3.4.2 CNN Pre-Trained Models and Transfer Learning Strategy

The learning framework is based on transfer learning, a deep learning paradigm in which a model
trained for one task is reused as a starting point for a related task. This approach is particularly
well-suited to radar-based large-scale HAM, where labelled datasets are relatively small and

training deep networks from scratch can lead to severe overfitting. All models were initialised
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with weights pre-trained on the ImageNet dataset [39]. Four representative CNN architectures

were investigated:

Visual Geometry Group (VGG)

The VGG family of convolutional neural networks, including VGG-16 and VGG-19, was in-
troduced by the Visual Geometry Group at the University of Oxford and has become a foun-
dational benchmark in deep learning for visual recognition tasks [231]. These architectures are
characterised by their uniform and highly regular design, relying exclusively on stacked 3 x 3
convolutional filters combined with max-pooling layers to progressively increase the receptive
field while maintaining manageable computational complexity.

VGG-16 consists of 16 learnable weight layers, while VGG-19 extends this design to 19
layers by adding additional convolutional blocks [232]. The depth of these architectures enables
the hierarchical extraction of features, ranging from low-level spatial patterns in early layers
to increasingly abstract and discriminative representations in deeper layers. On the ImageNet
benchmark, VGG-16 achieved a top-5 classification accuracy of approximately 92.7%, demon-
strating its strong representational capacity despite its relatively simple architectural principles.

In the context of radar-based large-scale HAM, the VGG architectures are particularly well-
suited to learning structured spatial patterns from two-dimensional radar representations such as
TR and TF maps. Their deep, sequential convolutional structure allows the network to capture
extended motion trajectories and spatial correlations that arise from large-scale body movements
such as walking, sitting, and falling. However, this representational power comes at the cost of
increased parameter count and computational load, which motivates a careful evaluation of their

suitability for real-time deployment.

ResNet-50

Residual Networks (ResNets) were proposed to address the degradation problem commonly
observed when increasing the depth of conventional CNNs, where deeper models suffer from
optimisation difficulties and reduced performance [233]. The defining feature of ResNet archi-
tectures 1s the introduction of residual connections, which allow the network to learn residual
mappings with respect to the input of a given layer. These skip connections facilitate gradient
propagation during backpropagation and enable the effective training of substantially deeper
networks.

In this work, ResNet-50 was selected as a representative deep residual architecture, compris-
ing 50 layers organised into residual blocks with identity and projection shortcuts. This depth
allows ResNet-50 to model highly complex feature hierarchies and capture subtle temporal—
spatial patterns embedded within radar representations. Such capability is particularly relevant
for distinguishing between activities with overlapping motion characteristics, where small vari-

ations in Doppler signatures or temporal evolution play a critical role.
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For large-scale HAM, ResNet-50 provides a strong balance between depth and stability,
offering enhanced discriminative power compared to shallower networks while maintaining re-
liable convergence during training. Nevertheless, its increased architectural complexity intro-
duces higher computational demands, which must be weighed against performance gains when

targeting latency-sensitive or resource-constrained applications.

MobileNetV2

MobileNetV?2 is a lightweight convolutional neural network architecture specifically designed
for efficient inference on mobile and embedded platforms [234]. Unlike traditional CNNs, Mo-
bileNetV?2 employs depthwise separable convolutions, which decompose standard convolutions
into depthwise and pointwise operations. This design significantly reduces the number of pa-
rameters and floating-point operations without substantially compromising representational ca-
pacity.

A key innovation in MobileNetV2 is the use of inverted residual blocks combined with linear
bottlenecks [234]. In this structure, the network expands feature dimensionality before applying
depthwise convolutions and then projects the features back to a lower-dimensional space using
linear transformations. This approach preserves informative features while avoiding excessive
information loss caused by nonlinear activations in low-dimensional spaces.

Within the scope of radar-based large-scale HAM, MobileNetV2 is particularly attractive due
to its low inference latency and reduced memory footprint. These characteristics make it well-
suited for real-time activity recognition scenarios, including safety-critical applications such as
fall detection, where rapid response is essential. Although MobileNetV?2 is less expressive than
deeper architectures such as VGG or ResNet, its efficiency-oriented design allows it to achieve
competitive performance when paired with informative radar representations, making it a strong

candidate for edge and embedded deployment.

3.4.3 Model Optimisation and Hyperparameter Selection

Model optimisation was performed using an experimental grid search to determine hyperparam-
eter configurations that achieved high classification accuracy while maintaining stable conver-
gence. The search was conducted independently for each radar representation (TR, STFT, and
SPWVD) in order to account for the distinct statistical and structural characteristics of the cor-
responding radar domains. The grid search explored key hyperparameters known to influence
learning dynamics and generalisation, including learning rate, batch size, dropout rate, optimiser
selection, and the number of neurons in the dense layers. Candidate configurations were evalu-
ated based on validation performance, and the final settings were selected based on classification
accuracy and training stability. The grid search was not performed independently for all twelve

model-representation pairs. Instead, hyperparameter tuning was first conducted separately for
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each radar representation domain (TR, STFT, and SPWVD), and the resulting configurations
were then applied consistently across the evaluated CNN architectures, with only minor adjust-
ments introduced when required for stable convergence. This strategy ensured fair comparison
between model architectures while accounting for the different statistical properties of the radar
representations.

Consistency was maintained across radar representations and model architectures (VGG-16,
VGG-19, ResNet-50, and MobileNetV?2), with adjustments introduced only where empirically
justified. To mitigate overfitting and minimise training loss, batch normalisation and dropout
layers were strategically incorporated before the flattening stage and after dense layers. All
models employed categorical cross-entropy as the loss function, consistent with the multi-class
classification objective.

For VGG-16, a dense layer with 512 neurons was utilised. For VGG-19 and ResNet-50,
1024 neurons were employed. All dense layers used ReLU activation with he_normal ker-
nel initialisation. An additional dropout layer was added after the final dense layer to enhance
generalisation. To adapt model capacity to the characteristics of each radar representation, the
number of neurons in the fully connected layers was adjusted accordingly. The TR represen-
tation, which exhibited higher noise levels and lower structural clarity, utilised 2048 neurons.
The STFT representation, offering intermediate time—frequency resolution, used 1024 neurons.
The SPWVD representation, characterised by sharper feature localisation and higher spectral
resolution, used 512 neurons. These adjustments aimed to balance representational capacity and
overfitting risk according to domain complexity.

For MobileNetV2, a similar grid search process was applied. However, empirical experi-
mentation indicated that the Adam optimiser provided more stable convergence and improved
generalisation compared to SGD for radar-based representation maps. Initial experiments using
optimisation settings identical to the VGG and ResNet architectures achieved competitive accu-
racy but exhibited signs of overfitting. Adjusting the optimiser and learning rate mitigated this

behaviour and resulted in improved validation stability.

Table 3.4: Pre-trained CNN hyperparameters.

Hyperparameter VGG-16 VGG-19 ResNet-50 MobileNetV2

Batch size 32 32 32 32
Dropout 0.5 0.2 0.2 0.2
Learning rate 2x1073 2x1073  2x1073 4x107%
Optimiser SGD SGD SGD Adam
Weight decay — 1076 1076 —

Momentum 0.9 0.9 0.9 —
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Model Training Procedure

After hyperparameter selection, the final model was trained using the optimised configurations.
All models were trained end-to-end in a single phase. The ImageNet pre-trained backbones were
fully unfrozen, and all layers were set as trainable, allowing complete fine-tuning of the network
weights to adapt the learned visual representations to radar representation map data.

Training was conducted for up to 50 epochs. Early stopping was employed with a patience
of 8 epochs to prevent overfitting and unnecessary computation. Validation accuracy was mon-
itored during training, and model optimisation was guided by this metric. Models were trained
on the 79-subject training set, with performance monitored on the independent 19-subject val-
idation set. The validation set was used exclusively for performance monitoring and model
selection. For each model-representation pairing, the checkpoint achieving the highest valida-
tion accuracy was retained. Final evaluation was conducted once on the held-out test set, which
remained completely unseen during both optimisation and training stages. This strict separa-
tion between training, validation, and test subjects ensures an unbiased estimate of inter-subject

generalisation performance.

3.4.4 Performance Evaluation

The performance of the proposed radar-based large-scale HAM framework is evaluated using a
set of complementary classification metrics that jointly characterise recognition accuracy, class-
level reliability, and robustness under class imbalance. All evaluation metrics are computed
exclusively on the held-out test set comprising data from seven unseen subjects, ensuring a
subject-independent assessment of generalisation performance.

Four standard metrics are employed, namely accuracy, precision, recall, and F1-score. These
metrics are derived from the confusion matrix by comparing predicted activity labels against
ground-truth annotations, resulting in four possible outcomes: true positive (TP), true negative
(TN), false positive (FP), and false negative (FN).

Accuracy measures the overall correctness of the classifier and is defined as the ratio of

correctly classified samples to the total number of samples:

TP+TN
Accuracy = + x 100%. 3.5)
TP+FP+TN+FN

Precision quantifies the reliability of positive predictions by measuring the proportion of

correctly identified positive samples among all samples predicted as positive:

TP
Precision = ————. (3.6)
TP+ FP

Recall evaluates the sensitivity of the classifier and reflects its ability to correctly identify all
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relevant samples belonging to a given class:

TP
Recall = ——. (3.7)
TP+ FN

The F1-score represents the harmonic mean of precision and recall, providing a balanced

metric that accounts for both false positives and false negatives:

Fl-score — 2 - (Precision - Recall)

3.8
Precision + Recall (3.8)

To account for class imbalance across the six activity categories, precision, recall, and F1-
score are reported using macro-averaging. Macro-averaged precision, recall, and F1-score were
computed using the scikit-learn evaluation functions under a one-vs-rest formulation for the
multi-class setting. This approach assigns equal weight to each class, ensuring that performance

on minority classes, such as falls, is not masked by dominant activities.

3.4.5 Computational Efficiency

Beyond recognition performance, runtime behaviour is central to deployment in continuous
monitoring and safety-critical scenarios. We therefore report both training time (as an indicator
of optimisation cost) and inference time (as an indicator of online latency) for each model-

representation pair under a fixed hardware and software configuration.

* Preprocessing time: This metric quantifies the computational cost required to convert raw
radar signals into CNN-compatible representations. It includes clutter suppression, range
processing, representation transformation (TR, STFT, or SPWVD), resizing, and normal-
isation. Preprocessing time reflects the overhead introduced by signal representation and

is measured per input sample to enable fair comparison across radar representations.

* Training time: This metric represents the average time required to complete one training
epoch for a given model-representation pairing. Training time reflects the computational
cost associated with model optimisation and is relevant in scenarios where models require

retraining or adaptation to new environments.

* Inference time: Inference time captures the latency associated with generating a single
activity prediction from a trained model. It is measured as the elapsed time between

issuing an inference request and obtaining the predicted activity label:

Tinference = Tend - Tstam (3.9)

where Ty and T.pg denote the timestamps corresponding to the initiation and completion

of the inference process, respectively.
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Inference time is reported per sample and averaged across multiple runs to mitigate transient
computational fluctuations. This metric is particularly important for latency-sensitive applica-

tions, such as fall detection, where rapid response is essential.

Proposed Algorithm

The proposed radar-based large-scale HAM framework was designed around three criteria: dis-
criminative capability, data efficiency, and computational efficiency. TR, STFT, and SPWVD
representations were selected because they capture complementary aspects of FMCW radar
data, namely range displacement, time-varying Doppler content, and higher-resolution TF lo-
calisation, respectively. Transfer learning was adopted because the dataset, although relatively
broad in subject coverage, remains modest compared with the parameter count of deep CNN
architectures. Reusing pre-trained feature extractors, therefore, helps reduce the amount of
radar-specific labelled data required for effective model training. MobileNetV2 was included
to assess whether a compact architecture could preserve recognition performance while reduc-
ing inference latency, whereas VGG-16, VGG-19, and ResNet-50 provide heavier comparative
baselines.

The evaluation protocol is therefore intended to expose the accuracy—cost trade-off that
governs deployment on constrained or real-time platforms. Rather than proposing a new net-
work architecture, this chapter systematically pairs established ImageNet-pretrained CNN back-
bones with three radar representations. This is important because many radar-HAR studies
evaluate a single representation—model configuration and focus primarily on recognition ac-
curacy [86, 118, 126]. In contrast, the contribution of this chapter is a controlled comparison
of twelve representation—model pairs using recognition accuracy, preprocessing time, training
time, and inference latency jointly. Algorithm 1 summarises this complete processing pipeline,
from raw radar signal acquisition to activity inference, and shows that the framework is not
designed solely to maximise accuracy, but to achieve a practical balance between classification

performance and computational efficiency for real-time radar-based human monitoring.
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Algorithm 1: Algorithm for evaluating radar representation—~CNN model pairs, includ-

ing accuracy and computational cost metrics.
Require: Raw FMCW radar data from multiple subjects

Ensure: Predicted activity labels, with accuracy metrics and computational costs
(preprocessing, training, inference) reported per model-representation pair
1: Radar data acquisition
Acquire raw FMCW radar signals and convert to complex baseband (I/Q) data
Radar signal preprocessing and representation construction
Apply clutter suppression and range processing

Identify target range bins of interest

AN U R o

Select a radar representation:
Option 1: TR maps
Option 2: STFT-based TF maps
Option 3: SPWVD-based TF maps
7: Resize and normalise representations to the CNN input format
8: Record preprocessing time for each representation pipeline
9: Subject-wise dataset partitioning
10: Split the dataset into training, validation, and testing sets with no subject overlap

for each model-representation pair do
1L
Hyperparameter optimisation

12: Perform a grid search on the training set

13: Select hyperparameters using validation performance

14: Model initialisation and fine-tuning

15: Initialise the CNN backbone with ImageNet weights

16: Train/fine-tune the network using the selected hyperparameters

17: Record training time (average time per epoch) and retain the best checkpoint
18: Final evaluation

19: Evaluate the best checkpoint on the held-out test set

20: Record accuracy metrics

21: Record inference time

22:

23: Activity inference

24: Apply the selected trained model to unseen radar data and output predicted activity labels

3.4.6 Runtime Environment

All experiments were conducted using a GPU-accelerated workstation to ensure reproducible

and consistent performance measurements. Radar signal preprocessing and deep learning model



CHAPTER 3. RADAR-BASED LARGE-SCALE HUMAN ACTIVITY MONITORING 79

training were implemented using Python 3.9.0. The system was equipped with an 11th-generation
Intel Core 17-11700 processor featuring eight cores and sixteen threads, operating at a base fre-
quency of 2.50 GHz, along with 16 GB of system memory.

Graphical processing was supported by an NVIDIA GeForce RTX 3060 Ti GPU with 8 GB
of dedicated memory. Radar signal processing tasks were implemented using standard scien-
tific Python libraries, including SciPy for signal processing operations and fftpack for fast
Fourier transforms. Time—frequency analysis was performed using dedicated time—frequency
processing libraries.

Deep learning model development and training were carried out using TensorFlow 2.10.0
and Keras 2.8.0, leveraging GPU acceleration for efficient optimisation and inference. All re-
ported timing measurements were obtained under this fixed runtime configuration to ensure fair

comparison across model-representation pairings.

3.5 Results and Discussion

This section reports subject-wise test performance and runtime measurements for all twelve
model-representation pairs under the fixed runtime environment described in the previous Sec-
tion. The evaluation considers all CNN architectures introduced in Section 3.4.2, using the radar
representations described in Section 3.3 as model inputs. The analysis focuses on two comple-
mentary aspects, namely classification performance and computational efficiency, with the aim
of assessing the suitability of different model-representation pairings for real-world deployment
scenarios.

All reported results are obtained under a subject-wise evaluation protocol, where model
training and hyperparameter tuning are conducted exclusively on a disjoint set of subjects, and
final performance is assessed on unseen test subjects. This protocol ensures that the reported
metrics reflect true generalisation across individuals rather than memorisation of subject-specific
motion patterns. Performance metrics are reported using macro-averaging across all activity
classes to account for class imbalance and to provide an unbiased assessment of recognition
performance. Inference times are reported as the average over five independent runs to mitigate

the effect of system-level variability.

3.5.1 Performance Comparison of Large-Scale Human Activity Monitor-

ing Models

The following analysis compares the classification performance of the twelve evaluated model—
representation pairs (MRPs), denoted as M1 to M12, as defined in Section 3.4.4. Each MRP
corresponds to a specific combination of radar preprocessing technique and CNN architecture.

The quantitative performance results, including macro-averaged accuracy, precision, recall, and
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F1-score, are summarised in Table 3.5.

All classification results were obtained as the mean of five independent training runs using
different random initialisations. The variation across runs was small, with standard deviations
below 0.5% for all MRPs and, in most cases, corresponding to a difference of no more than 2 test
samples. The ranking of the best-performing configurations remained unchanged across all runs,
indicating that the reported performance differences are not attributable to random seed effects.
For readability, Table 3.5 reports only the mean values, while the consistently low variance
across runs confirms that the relative performance differences between MRPs are stable, which

was the goal of the extensive hyperparameter selection in this work to ensure a fair comparison.

Table 3.5: Comparison of evaluation metrics for model-domain pairs across radar representa-
tions.

MRP Radar representation Model Accuracy (%) Precision Recall F1-score

M1 TR VGG-16 95.73 0.9576  0.9573 0.9572
M2 TR VGG-19 94.30 0.9436  0.9430 0.9429
M3 TR ResNet-50 93.73 09373 0.9373 0.9368
M4 TR MobileNetV2 92.88 0.9307 0.9288 0.9284
M5 STFT VGG-16 96.87 0.9697 0.9687 0.9687
M6 STFT VGG-19 96.01 0.9639 0.9624 0.9624
M7 STFT ResNet-50 97.15 0.9721 0.9731 0.9721
M8 STFT MobileNetV2 96.30 0.9635 0.9651 0.9642
M9 SPWVD VGG-16 97.44 09764 09744 0.9745
M10 SPWVD VGG-19 98.01 0.9803 0.9801 0.9801
MIl11 SPWVD ResNet-50 97.15 09720 09715 0.9715
M12 SPWVD MobileNetV2 96.01 0.9629 0.9580 0.9600

Across the evaluated configurations, three MRPs emerged as the strongest performers in
terms of overall recognition accuracy within their respective radar representations. Specifi-
cally, M1 (TR with VGG-16), M7 (STFT with ResNet-50), and M10 (SPWVD with VGG-19)
achieved the highest accuracies for the TR, STFT, and SPWVD representations, respectively.
This observation highlights the strong interaction between the choice of radar representation and
network architecture, rather than the dominance of a single model across all representations.

To gain deeper insight into class-wise performance, confusion matrices were analysed for the
best-performing MRPs across the three radar maps. Figure 3.6 illustrates the confusion matrices
corresponding to the best runs of M1, M7, and M10.

A consistent trend across these configurations is the reliable recognition of large-scale dy-

namic activities. In particular, fall detection (A6) was identified with perfect accuracy by M7
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Figure 3.6: Confusion matrices for the best-performing model-representation pairs using pre-
trained CNN backbones.

(STFT), while M1 (TR) and M10 (SPWVD) achieved recognition rates of 95.24%. Walking
activity (A1) was also robustly detected, achieving 100% accuracy for M1, M7 and M10. These
results confirm the effectiveness of radar-based monitoring systems in capturing distinctive mo-
tion characteristics; however, performance varies across different radar maps and CNN models.

In contrast, reduced classification performance was observed for activities involving more
subtle and localised motion patterns, most notably A4 (bending to pick up an object) and A5
(drinking water). These activities exhibit similar temporal and spatial motion signatures, primar-
ily driven by upper-body and arm movements, which can overlap significantly in time-frequency
radar representations. This effect is particularly evident in SPWVD- and STFT-based represen-
tations, where enhanced time-frequency resolution does not improve the separation of the two
classes compared to the TR map.
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Figure 3.7: Comparison of training, validation, and test accuracies across all model—
representation pairs in the proposed large-scale human activity monitoring system.

These findings indicate that classification performance is influenced not only by model ca-
pacity but also by the intrinsic separability of activity signatures within a given radar represen-
tation. Consequently, the choice of preprocessing technique plays a critical role in determining
which motion characteristics are emphasised, directly affecting inter-class separability and over-

all recognition performance.

3.5.2 Generalisation Performance of Large-Scale Human Activity Moni-

toring Models

Evaluating the generalisation capability of radar-based large-scale HAM systems is essential,
particularly when working with limited datasets where deep learning models are prone to over-
fitting. In this study, generalisation is assessed under a subject-wise evaluation protocol, in
which all test samples are from subjects that were completely unseen during both training and
hyperparameter tuning. This setting provides a realistic assessment of how well trained models
transfer to new individuals, a critical requirement for practical deployment in real-world moni-
toring scenarios. The generalisation performance of all twelve MRPs is illustrated in Figure 3.7.

Across all configurations, the test accuracies fall within a narrow range, spanning from
92.88% to 98.01%, as summarised in Table 3.5. This consistency indicates that the evaluated
models maintain stable performance when exposed to unseen subjects, despite differences in
network architecture and radar preprocessing technique. Among the evaluated configurations,
pair M 10 achieved the highest test accuracy of 98.01%, reflecting the strong discriminative ca-

pability of SPWVD representations when combined with a deeper CNN architecture (VGG-19).
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It is also informative to contrast training performance with subject-wise test results. Certain
configurations, such as M2 and M4, achieved perfect or near-perfect average training accura-
cies of 100% and 99.42%, respectively. However, their corresponding test accuracies dropped
to 94.30% and 92.88%. This gap highlights the presence of mild overfitting and demonstrates
that strong performance on training data alone is not sufficient to guarantee robust generalisa-
tion across subjects. These observations reinforce the importance of subject-wise evaluation in
radar-based large-scale HAM, where inter-subject variability in motion patterns can significantly
influence classification outcomes.

Overall, the results confirm that all proposed MRPs exhibit reliable generalisation behaviour,
with no configuration showing a severe degradation in performance on unseen subjects. Con-
sequently, the selection of an optimal MRP should not be based solely on peak accuracy, but
should instead consider a balanced trade-off between generalisation performance and computa-

tional efficiency, which is examined in the following subsections.

3.5.3 Computational Efficiency and Lightweight Model Selection

Computational efficiency is a critical requirement for real-time radar-based large-scale HAM,
particularly when targeting deployment on resource-constrained edge devices. In such settings,
models must deliver accurate predictions while maintaining low inference latency and modest
computational overhead. Excessive processing time can undermine system responsiveness and
limit practical usability, especially for time-sensitive applications such as fall detection or con-
tinuous activity monitoring.

In this study, computational efficiency is evaluated using two primary time-based metrics,
namely training time and inference time, as defined in Section 3.4.5. The results are based on the
average of the 10 samples for inference, with the first sample discarded because it includes time
for initialising the code and model. Training time is measured per epoch and is averaged across
the five runs for each MRP. These metrics provide complementary insights into both the offline
cost associated with model optimisation and the online cost incurred during real-time inference.
The comparative results for all twelve model-representation pairs are summarised in Table 3.6.

Among the evaluated configurations, pairs M4, M8, and M12 were identified as the most
computationally efficient based on their inference and training times. This criterion is particu-
larly important for edge-based systems, where rapid activity prediction is required under strict
latency constraints. All three configurations employ the MobileNetV2 architecture, confirming
the suitability of lightweight convolutional models for radar-based activity classification when
computational efficiency is prioritised.

Inference time is defined as the elapsed time between initiating a prediction request and
receiving the corresponding classification output from the trained model. This metric directly
reflects the monitoring system’s responsiveness and is therefore a key determinant of its appli-

cability in real-world deployments. For applications involving continuous monitoring or safety-
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Table 3.6: Training time per epoch and inference time per sample for the twelve model—
representation pairs.

MRP Training time/epoch (s) Inference time/sample (ms)

Ml 3.40 7.16
M2 3.77 8.11
M3 277 3.80
M4 1.79 2.78
M5 3.38 7.10
M6 4.38 6.90
M7 2.74 3.54
M8 149 2.57
M9 3.50 7.02
MI10 3.76 6.88
Ml11 2.73 3.99
M12 1.34 2.76

critical events, even small inference delays can negatively impact system effectiveness. Training
time is measured per epoch and is important for retraining when the environment changes or
new data emerges.

The results demonstrate that lightweight architectures can achieve inference times of a few
milliseconds per sample while maintaining competitive recognition performance. This high-
lights the importance of jointly considering model architecture and radar preprocessing strat-
egy when designing practical large-scale HAM systems. Rather than maximising recognition
accuracy alone, an effective deployment-oriented solution must balance performance with com-
putational efficiency, ensuring that the system remains responsive, scalable, and suitable for

execution on edge hardware.

3.5.4 Computational Cost Across Radar Representations

What follows is an examination of the computational cost associated with each radar preprocess-
ing representation, accounting for both preprocessing overhead and subsequent model training
and inference performance. By jointly examining these factors, the practical suitability of each
radar representation for real-time large-scale HAM can be evaluated.

For the TR map, the preprocessing stage is computationally inexpensive. The transforma-
tion of raw radar data into TR maps, which represent range variation over time as shown in
Figure 3.2, requires only 0.035 s per sample. This makes TR the most efficient representation
in terms of preprocessing latency, as further illustrated in Figure 3.8. However, despite this
advantage, TR-based representations provide limited discriminative information, as they do not
explicitly encode Doppler dynamics. When used as input to CNNs, this limitation results in

comparatively lower recognition accuracy and reduced feature separability.
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Figure 3.8: Performance and computational cost across radar representations (TR, STFT, and
SPWYVD) as inputs to MobileNetV?2, showing representative maps alongside preprocessing time,
training time per epoch, inference time, and test accuracy.

Among all model-representation pairs operating on TR maps, MobileNetV2 (M4) achieves
the best balance between efficiency and performance, with a training time of 1.79 s per epoch,
an inference time of 2.78 ms per sample, and a recognition accuracy of 92.88%, as shown in
Figure 3.8. In contrast, deeper architectures such as VGG-16, VGG-19, and ResNet-50 achieve
higher recognition accuracy when paired with TR maps, but at the expense of significantly
increased training and inference times. This highlights the limited scalability of TR representa-
tions when combined with computationally intensive models.

The STFT-based TF representation captures temporal frequency variations associated with
human motion, as illustrated in Figure 3.3. The preprocessing time required to generate an
STFT map is modest, approximately 0.22 s per sample, making it substantially faster than
higher-resolution time—frequency techniques. When used as input to convolutional networks,
STFT-based representations provide a favourable trade-off between recognition performance
and computational efficiency.

For example, MobileNetV?2 paired with STFT (MS8) achieves a training time of 1.49 s per
epoch and an inference time of 2.57 ms per sample, while maintaining a high test accuracy of
96.30%. Although VGG-16 and ResNet-50 paired with STFT achieve slightly higher recogni-
tion accuracies of 96.87% and 97.15%, respectively, these gains are accompanied by increased
computational cost, as evidenced by the longer training and inference times reported in Ta-
bles 3.5 and 3.6. VGG-16, in particular, exhibits an inference time of 7.10 ms per sample,

rendering it less suitable for latency-sensitive systems.
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The SPWVD map provides the highest time—frequency resolution by jointly exploiting inde-
pendent time and frequency smoothing windows, as detailed in Section 3.3. However, this im-
provement comes at a substantial preprocessing cost. Generating a single SPWVD map requires
52.58 s, which is several orders of magnitude higher than both TR and STFT preprocessing.
Despite this limitation, SPWVD-based representations enable strong classification performance
once the map images are generated.

When paired with MobileNetV2 (M12), SPWVD achieves a training time of 1.34 s per
epoch, an inference time of 2.76 ms per sample, and a recognition accuracy of 96.01%, as
shown in Figure 3.8. These results demonstrate that the high-resolution information encoded
by SPWVD maps can be moderately exploited by lightweight architectures compared to STFT,
which achieved a slightly higher accuracy of 96.30%. Such a complex preprocessing, however,
achieved the highest accuracy of 98.01% when paired with VGG-19. Nevertheless, the exces-
sive preprocessing latency renders SPWVD unsuitable for real-time systems that require rapid
end-to-end response, particularly for safety-critical scenarios such as fall detection in elderly
care environments. Overall, this analysis highlights a clear trade-off between representational
richness and computational feasibility. While TR incurs minimal preprocessing cost, its limited
motion discrimination limits recognition performance, as shown in its best confusion matrix in
Figure 3.6. SPWVD provides superior time—frequency resolution but incurs prohibitive prepro-
cessing latency. In contrast, STFT-based representations strike a practical balance, delivering
strong recognition performance with manageable preprocessing and inference costs, making

them well-suited for real-time large-scale HAM on edge platforms.

3.5.5 Comprehensive Evaluation of Model-Representation Pairs

Evaluating model-representation pairs across various constraints reveals which combinations
are practically suitable for large-scale HAM. Each radar representation exhibits distinct char-
acteristics that influence both recognition accuracy and computational efficiency, thereby deter-
mining its applicability to specific deployment scenarios.

TR representations are the least demanding in terms of preprocessing, requiring only 0.035 s
per sample to generate range—time maps following a single FFT operation with a Hamming win-
dow and MTI filtering. These representations encode the temporal evolution of target range and
retain all FFT-derived range bins, including bins dominated by noise and environmental clut-
ter. While this comprehensive inclusion preserves global motion information, it also introduces
redundant and non-discriminative features. In addition, TR representations do not explicitly en-
code Doppler information, which limits their ability to characterise motion dynamics associated
with complex human activities.

Among the evaluated models using TR inputs, VGG-16 achieved the highest recognition ac-
curacy of 95.73% by effectively learning robust features in the presence of noise, as reported in

Table 3.5. However, this performance gain is accompanied by increased training and inference
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times, as shown in Table 3.6. In contrast, MobileNetV2 paired with TR achieved significantly
lower computational cost, with faster training and inference times, albeit with reduced recogni-
tion accuracy of 92.88%. This combination is therefore better suited to applications with relaxed
accuracy requirements and strict latency constraints.

Doppler-aware representations, namely STFT and SPWVD, provide richer motion represen-
tations by capturing frequency variations induced by human movement. These representations
focus on range bins where target activity is present, as identified from the TR maps, thereby
isolating target-specific information and reducing background interference. This selective pro-
cessing enhances feature discriminability and improves classification performance across all
evaluated models.

SPWVD-based representations paired with VGG-19 achieved the highest overall recognition
accuracy of 98.01%. This combination is well-suited to scenarios where classification accuracy
is prioritised over computational efficiency, such as offline analysis or post-event behavioural
assessment. However, the substantial preprocessing overhead associated with SPWVD, requir-
ing 52.58 s per one radar map generation, limits its feasibility for real-time systems that demand
rapid end-to-end response.

In contrast, STFT-based representations offer a more balanced trade-off between accuracy
and computational efficiency. When paired with MobileNetV2, the STFT map achieved 96.30%
recognition accuracy, including perfect classification of fall events, while maintaining the lowest
inference time of 2.57 ms per sample. The preprocessing time of 0.22 s further supports its
suitability for latency-sensitive applications. This combination, therefore, represents a practical
and efficient solution for real-time large-scale HAM on resource-constrained edge platforms.
Moreover, the STFT-MobileNetV2 pair (M8) in Figure 3.9 displays a confusion matrix that
provides effective classification across all classes and achieves 100% in fall detection, making
its selection well justified.

Overall, the comparative evaluation demonstrates that the choice of radar representation and
learning architecture should be matched to the intended deployment objective rather than se-
lected on accuracy alone. Pair M8, which combines STFT representations with MobileNetV2,
is recommended as the balanced default configuration for the use cases targeted in this thesis
because it achieves high recognition accuracy while maintaining the lowest inference latency
among the evaluated pairs. This does not imply that M8 is universally optimal. If the priority
is sharper TF localisation for offline analysis, post-event review, or applications where com-
putational cost is less restrictive, the SPWVD-VGG-19 configuration, denoted as M10, may
be preferred despite its higher preprocessing cost. Conversely, if minimal preprocessing cost
is the overriding constraint, TR-based representations may be considered, although they pro-
vide less explicit velocity information and may be less discriminative for activities with similar
range evolution. Therefore, real-time embedded monitoring favours STFT-MobileNetV2, of-

fline interpretability may justify SPWVD-based configurations, and minimal preprocessing may
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Figure 3.9: Confusion matrix of M8 (STFT-MobileNetV?2), demonstrating consistent classifi-
cation performance across all activities and perfect detection of fall events.

favour TR-based representations. The pairwise results reported in Tables 3.5 and 3.6 enable the

representation—model pair to be selected according to these application-specific trade-offs.

3.5.6 Comparison of Pair M8 with State-of-the-Art Models

A comparative evaluation against representative state-of-the-art architectures is summarised in
Table 3.7. To ensure a fair comparison, all methods are re-implemented and evaluated under the
same hardware and software configuration using STFT-based map inputs resized to 224 x 224.

The CNN model trained from scratch in [20] achieved a recognition accuracy of 95.44%,
but required an inference time of 5.14 ms per sample, nearly twice that of the proposed transfer-
learning-based MobileNetV2 model. The hybrid CNN+LSTM architecture reported in [139]
achieved the shortest training time per epoch at 1.12 s; however, its recognition accuracy was
limited to 84.90%, and the inference latency reached 6.04 ms per sample. The Bi-LSTM model
presented in [140] demonstrated competitive accuracy of 95.16% with an inference time of
2.77 ms per sample, yet remained inferior to MobileNetV?2 in both training efficiency and run-
time latency.

The proposed MobileNetV2 model, corresponding to Pair M8, achieved the highest recog-
nition accuracy of 96.30% while maintaining the lowest inference time of 2.57 ms per sam-
ple. This result highlights the effectiveness of combining STFT-based radar representations

with a lightweight transfer learning architecture. Compared to models trained from scratch or
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Table 3.7: Comparison of recognition accuracy and computational time between the proposed
MobileNetV2-based model and representative state-of-the-art approaches using STFT radar rep-
resentations.

Training Inference Accuracy
Reference Model
Time/epoch (s) Time/sample (ms) (%)
[139] CNN-LSTM 1.12 6.04 84.90
[140] Bi-LSTM 1.70 2.77 95.16
[20] CNN (from scratch) 1.88 5.14 95.44
This work Pair M8 (STFT + MobileNetV2) 1.49 2.57 96.30

recurrent-based approaches, the proposed solution offers a superior balance between accuracy
and computational efficiency, making it well-suited for real-time large-scale HAM on resource-

constrained platforms.

3.6 Summary

This chapter addressed radar-based large-scale HAM through a systematic investigation of radar
preprocessing strategies and deep learning architectures under realistic data and computational
constraints. In direct response to C1.1, which concerns the reliable sensing and interpretation
of large-scale human motion such as walking, sitting, standing, bending, and falling, an end-
to-end framework was developed that transforms raw FMCW radar signals into discriminative
two-dimensional representations suitable for automated classification.

Three radar preprocessing representations were examined, namely TR, STFT, and SPWVD,
and were paired with four convolutional neural network architectures, VGG-16, VGG-19, ResNet-
50, and MobileNetV2. This resulted in twelve distinct model-representation pairs that were
evaluated using a subject-wise experimental protocol to ensure generalisation across unseen
individuals. This evaluation strategy strengthens the relevance of the findings for real-world
deployment, where inter-subject variability is a dominant challenge.

The comparative analysis demonstrated that the choice of radar representation significantly
influences both recognition performance and computational efficiency. TR representations ex-
hibited minimal preprocessing cost but lacked Doppler information, limiting their discrimina-
tive power for complex activities. SPWVD representations achieved the highest classification
accuracy due to their high time—frequency resolution; however, their substantial preprocessing
overhead rendered them unsuitable for latency-sensitive applications. In contrast, STFT repre-
sentations provided a balanced trade-off between representational richness and computational
cost.

Within this design space, the MobileNetV2 and STFT pairing (Pair M8) emerged as the most
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balanced configuration. Pair M8 achieved high recognition accuracy while maintaining the low-
est inference latency among all evaluated model-representation pairs. This directly addresses
C2, which emphasises the need for data- and computationally efficient learning models capable
of operating in real time and under resource-constrained conditions. The results confirm that
lightweight transfer learning architectures, when combined with appropriately selected radar
representations, can deliver robust large-scale HAM without incurring high computational cost.

Overall, this chapter provided a structured and reproducible evaluation of radar preprocess-
ing and deep learning design choices for large-scale HAM. By explicitly quantifying the trade-
offs between accuracy, generalisation, and computational efficiency, it offered practical guid-
ance for selecting model-representation combinations that satisfy both sensing and deployment
requirements. The outcomes of this chapter establish a solid foundation for the subsequent in-
vestigation of finer-grained motion analysis and multimodal human monitoring in the following

chapters.



Chapter 4

Radar-Based Fine-Grained and Vital Signs

Monitoring

This chapter presents the second contribution of the thesis and addresses challenges C1.2, C1.3,
and C2, as outlined in Section 1.3. Following the large-scale activity monitoring investigated
in Chapter 3, the focus shifts to more challenging radar-sensing scenarios in which target mo-
tions are smaller, the signal-to-noise ratio is lower, and labelled radar data are more limited.
These conditions introduce additional challenges for both signal processing and machine learn-
ing, requiring methods that remain robust under weak radar signatures and constrained data
availability.

To investigate these challenges, the chapter considers two sensing objectives operating at
fine spatial and temporal scales: fine-grained HAM and physiological-scale estimation of vital
signs. Although these problems differ in application, both involve small-amplitude radar re-
turns, strong sensitivity to motion artefacts, and limited training data, and therefore represent a
common class of radar sensing problems under data scarcity. The first study investigates fine-
grained upper-body and head activity monitoring using mmWave radar (Section 4.3), where
subtle movements with limited spatial displacement pose a challenge for conventional radar-
based activity recognition pipelines. The second study focuses on radar-based estimation of
heart rate (HR) and respiration rate (RR) (Section 4.4) and addresses the degradation in esti-
mation accuracy caused by random body movement. Together, these studies demonstrate how
radar can support behavioural and physiological monitoring at small spatial and temporal scales

under realistic sensing constraints, and their relationship is discussed in Section 4.5.

4.1 Introduction

Radar-based human monitoring introduced in this chapter addresses sensing challenges that ex-
tend beyond those encountered in large-scale activity recognition. In this context, two related

sensing problems are considered. The first concerns fine-grained HAM (C1.2), where sub-
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tle upper-body and head movements must be distinguished despite weak radar signatures and
limited inter-class separability. The second concerns the physiological-scale of vital signs es-
timation (C1.3), where micro-motions associated with respiration and cardiac activity must be
reliably extracted in the presence of body movement. Both problems are characterised by small-
amplitude motion, strong susceptibility to interference, and constrained data availability, and
therefore require sensing, signal processing, and learning strategies that differ from those used
for large-scale activities. Together, these studies examine radar sensing under data scarcity and
during body movements, addressing challenges C1.2, C1.3, and C2.

While large-scale human activities such as walking, sitting, or falling generate strong and
easily separable radar signatures, fine-grained movements and physiological signals are fun-
damentally more challenging to interpret. Upper-body gestures and head movements produce
low-energy micro-Doppler signatures that often overlap in the time—frequency domain, while
respiration- and cardiac-induced chest motions are easily masked by voluntary or involuntary
body movement. These characteristics directly reflect the challenges defined in C1.2 and C1.3,
where both behavioural interpretation and physiological estimation must be performed under
realistic conditions.

Radar sensing, particularly using mmWave FMCW platforms, offers a unified means of ad-
dressing these challenges. Owing to its sensitivity to small displacements, radar can capture
both behavioural motion and physiological micro-motions without physical contact, while pre-
serving privacy and operating independently of lighting conditions. However, exploiting this
capability in practice requires carefully designed signal processing pipelines and data-efficient
learning strategies that explicitly account for motion interference and limited labelled data, in
line with the efficiency constraints highlighted in C2.

Recent research has increasingly explored fine-grained radar-based activity monitoring in
applications such as driver monitoring and gesture recognition, where subtle behavioural cues
carry meaningful information about human state and intent [84,152,155,225]. In parallel, radar-
based vital signs estimation has emerged as a non-contact alternative to wearable sensing in
healthcare and paediatric monitoring scenarios [238,239]. Despite promising results under con-
trolled conditions, both research directions consistently report performance degradation in the
presence of body movement, highlighting motion interference and data scarcity as persistent
barriers to reliable deployment.

Accordingly, this chapter investigates fine-grained behavioural monitoring and physiological-
scale vital signs estimation as two closely related yet distinct sensing problems. Although they
target different outputs, both are governed by common constraints, including weak signal char-
acteristics, overlap between motion components, and limited training data. By addressing these
problems within a single chapter, the work establishes a coherent progression from behavioural
monitoring to physiological sensing at fine spatial and temporal scales, providing a foundation

for more comprehensive human-centric monitoring frameworks.
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4.2 Chapter Contributions

This chapter presents two complementary contributions that advance fine-grained radar-based
monitoring under data scarcity and motion interference and fill the gaps identified in Sections 2.3

and Subsection 2.4.3. The main contributions are summarised as follows:

* Fine-grained upper-body and head movement monitoring: A non-contact mmWave
FMCW radar-based framework is developed to recognise subtle seated upper-body and
head movements representative of constrained monitoring scenarios. A dedicated dataset
comprising six fine-grained activities is collected using a single radar sensor across mul-
tiple participants and two indoor environments, introducing inter-subject variability and a

controlled cross-room shift.

« Signal processing and representation for subtle motion sensing: A tailored radar pro-
cessing pipeline is designed to transform raw radar measurements into discriminative

time—frequency representations suitable for fine-grained motion analysis.

* Data-efficient learning via augmentation and transfer learning: To mitigate limited
labelled data, a targeted augmentation strategy inspired by SpecAugment is adapted to

radar TF maps and combined with transfer learning using a lightweight model.

* Movement-compensated radar-based HR and RR estimation: A motion-robust frame-
work is introduced for non-contact HR and RR estimation using mmWave FMCW radar.
The approach targets movement interference through signal-level separation of physiolog-

ical components from motion artefacts using Variational Mode Decomposition (VMD).

* Performance enhancement over conventional processing: The proposed VMD-based
motion artefact suppression is systematically evaluated against conventional radar-based

signal processing approaches.

* Unified fine-grained monitoring across behavioural and physiological targets: By
jointly addressing fine-grained movement recognition and motion-robust vital signs es-
timation, this chapter establishes a coherent progression from behavioural monitoring to
physiological sensing under shared constraints, including weak signatures, motion inter-

ference, and data limitations.

4.3 Fine-Grained Human Activity Monitoring

This section addresses fine-grained HAM using radar, with a specific focus on subtle upper-

body and head movements performed in a seated configuration. In contrast to the large-scale
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activities investigated in Chapter 3, such movements are characterised by small spatial displace-
ments, low radial velocities, and limited inter-class separability, making them significantly more
challenging to sense and analyse reliably.

From a sensing perspective, fine-grained activities often produce weak micro-Doppler sig-
natures that are easily obscured by noise, clutter, and involuntary body motion. As discussed in
Section 2.2.2, the use of mmWave FMCW radar offers a distinct advantage in this context due
to its shorter wavelength, which increases sensitivity to small-amplitude motions and improves
Doppler separability for low-velocity movements. This property makes mmWave radar partic-
ularly well suited for capturing fine-grained behavioural cues that are poorly resolved at lower
carrier frequencies, which lack the range resolution to distinguish different body parts.

In this work, fine-grained HAM is realised through the classification of six representative
upper-body and head movements that reflect natural human behaviour in constrained environ-
ments, such as vehicle cabins or seated monitoring scenarios. The proposed framework inte-
grates a dedicated data collection protocol, a tailored signal processing pipeline for TF map
extraction, and data-efficient learning strategies designed to operate effectively under limited
training data. Consistent with the findings of Chapter 3, STFT-based TF representations and a
MobileNetV2 backbone are adopted as the baseline configuration, providing a favourable bal-

ance between representational capacity and computational efficiency.

4.3.1 Data Collection Protocol

This subsection describes the protocol adopted for collecting radar data for fine-grained HAM,
with an emphasis on consistency, repeatability, and subject-level generalisation. The protocol
was designed to capture subtle upper-body and head movements in a seated configuration un-
der controlled yet realistic conditions, while limiting confounding factors such as large body
translations and uncontrolled environmental motion.

An overview of the complete data acquisition and processing workflow is illustrated in Fig-
ure 4.1. The system comprises a single mmWave FMCW radar sensor, positioned approximately
90 cm in front of the participant, a guided activity execution interface, and a multi-stage signal
processing and learning pipeline. This setup reflects practical monitoring scenarios, such as
vehicle cabins or seated indoor environments, where fine-grained behavioural cues must be cap-
tured unobtrusively using a minimal sensing configuration.

Data were collected from 15 male adult participants aged between 24 and 38 years, with
heights ranging from 165 to 186 cm and no reported mobility impairments. The recordings were
conducted across two indoor environments to introduce environmental variability and reduce
overfitting to a single room configuration. In total, approximately 4,400 seconds of raw radar
recordings were acquired, from which 264 labelled samples were extracted. These samples were
evenly distributed across six fine-grained activity classes, yielding 44 samples per class.

The selected activities represent behaviourally meaningful seated upper-body and head move-
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Figure 4.1: System model of the proposed fine-grained activity monitoring pipeline, from radar
acquisition through signal processing to activity classification.

ments relevant to constrained monitoring scenarios, including in-cabin driver-state assessment
and AAL. Looking front provides a stationary baseline; head turning and nodding capture rota-
tional head motion; lateral leaning and forward/backward movement capture upper-body trans-
lation; and looking back over the shoulder represents a larger combined head—torso movement
associated with attention shifts. The activity set, therefore, includes both rotational and transla-
tional components, as well as kinematically similar movements that are deliberately challenging
to distinguish using radar TF representation maps. This design allows the experiment to assess
whether mmWave radar can discriminate subtle seated movement differences that may be linked
to distraction, attention shifts, or posture changes. The activity classes and their descriptions are

summarised in Table 4.1.

Table 4.1: Fine-grained upper-body and head movement classes and descriptions.

ID Activity Description

1 Looking Front Remain seated and still while facing forward to-
wards the radar sensor.

2 Turn Head Rotate the head left and right before returning
to the centre-facing position.

3 Nod Head Move the head up and down before returning to
the neutral position.

4 Lean Body Lean the upper body laterally to the left and
right before returning upright.

5 Move Forwards/Backwards Translate the upper body forwards and back-
wards relative to the radar before returning to
the neutral position.

6 Look Back Rotate the head and upper torso to look over
the left and right shoulder before facing forward
again.

To promote subject-level generalisation and reduce the risk of memorisation, a subject-based
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data partitioning strategy was adopted. Ten subjects were used for training, producing 180 sam-
ples, while two subjects were reserved for validation, yielding 36 samples. The remaining three
subjects were held out exclusively for testing, resulting in 48 unseen samples. In addition to
subject-wise splitting, a controlled cross-environment protocol was introduced. Recordings for
training subjects were collected in one room, while validation and test recordings were obtained
in a different room. This design introduces a realistic cross-room domain shift, reflecting de-
ployment scenarios in which both the monitored individual and the surrounding environment
may differ from training conditions.

All recording sessions followed a structured procedure. During each session, the participant
was seated on a chair facing the radar sensor at a fixed distance. A visual display positioned
behind the radar guided the participant through a predefined sequence of activities, ensuring
consistent execution across subjects while preserving natural motion patterns. A short familiari-
sation phase was conducted prior to data recording to reduce hesitation and inter-trial variability.
Each activity was repeated multiple times, with rest intervals introduced between trials to min-
imise fatigue-related effects.

Each participant performed a limited number of repetitions per activity, prioritising subject
diversity over repeated trials. This design choice contrasts with many existing studies that rely on
extensive repetitions from a small number of subjects, which can artificially inflate performance
through intra-subject memorisation. By emphasising inter-subject variability under constrained
repetition, the dataset presents a more challenging and realistic generalisation scenario. This
setting directly motivates the use of data-efficient learning strategies, including targeted data
augmentation and transfer learning, to mitigate data scarcity (C2) while preserving subject-level

generalisation.

4.3.2 Data Acquisition and Experimental Setup

Radar data were acquired using a Texas Instruments AWR1843BOOST [117] mmWave FMCW
radar operating in the 77 GHz band. The choice of a mmWave platform is motivated by its en-
hanced sensitivity to small-amplitude motions, which is critical for fine-grained monitoring of
upper-body and head activity. As discussed in Section 2.2.2, the shorter wavelength at mmWave
frequencies improves Doppler separability for low-velocity movements and enables distinguish-
ing a narrower range of body parts compared to lower-frequency FMCW radars.

The radar was configured to transmit linear FMCW chirps with a starting frequency of
77 GHz and a chirp slope of 50 MHz/us, resulting in a total bandwidth of 3 GHz, spanning
the 77-80 GHz sub-band. Each chirp had a duration of 60 us, providing high range resolution
suitable for isolating subtle motion components from background clutter. The intermediate-
frequency signal was sampled at 3 x 10° samples/s, yielding Napc = 128 samples per chirp.
A pulse repetition frequency of 2,000 Hz was selected to ensure sufficient temporal resolution

for capturing rapid micro-Doppler variations associated with head and upper-body movements.
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The transmitted equivalent isotropically radiated power (EIRP) of the radar complies with the
applicable UK (Ofcom) and ETSI short-range-device limits for operation in the 77-81 GHz
band [240,241].

During data acquisition, the radar sensor was positioned directly in front of the seated par-
ticipant, aligned with the frontal body axis, and mounted at approximately chest height. The
system operated in a single-input single-output configuration, reflecting a low-complexity and
deployment-oriented sensing setup appropriate for constrained environments such as vehicle
cabins or indoor monitoring spaces.

All radar data were recorded as raw intermediate-frequency samples for offline processing.
This design choice enables full control over subsequent signal processing stages, including clut-
ter suppression, micro-Doppler extraction, and time—frequency analysis. Computational pro-
cessing and model training were performed on the same GPU-accelerated workstation used in
Chapter 3, ensuring consistency across experimental evaluations. Implementation details and
runtime performance are briefly revisited in the results section for completeness. Representative
examples of the experimental setup are shown in Figure 4.2. The radar sensor was mounted at
approximately chest height relative to the seated participant and aligned with the frontal body
axis. This placement ensured that upper-body and head movements dominated the radar field of
view, while interference from lower-body motion was minimised, thereby supporting consistent

extraction of fine-grained radar TF representation maps across sessions.

Figure 4.2: Experimental setup for fine-grained motion capture, showing participant seating,
mmWave radar placement, and the guidance interface.
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4.3.3 Signal Processing Pipeline for Fine-Grained Movements

The signal processing pipeline builds directly upon the formulation introduced in Section 2.2.2,
with adaptations tailored to the characteristics of fine-grained upper-body and head movements.
After dechirping and analogue-to-digital conversion, the received FMCW radar signal is repre-
sented by the complex intermediate-frequency (IF) samples x[n,m], where n denotes the fast-
time index within a chirp and m denotes the slow-time index across successive chirps. The

discrete measurements are given by

P
x[n,m] = Z Apexp{ j27 (fopnTs + fo pmT;) } +wln,m], 4.1)
p=1
which corresponds to the multi-target signal model in (2.22), with each reflector p associated
with a moving body segment contributing to the radar return.

Range Processing and Motion Isolation Range processing is performed by applying the FFT
along the fast-time dimension of x[n,m] for each chirp, yielding range-resolved measurements
X[k,m]. To suppress static reflections from the environment and seating structure, clutter re-
moval is performed along the slow-time dimension for each range bin using a fourth-order But-
terworth high-pass filter with a cut-off frequency of 0.75 Hz. This choice, in particular for
mmWave radars as explained in Section 2.2.2, effectively attenuates near-zero Doppler com-
ponents while preserving low-velocity micro-Doppler signatures associated with fine-grained
upper-body and head movements.

Under the adopted experimental configuration, in which the seated participant is positioned
directly in front of the radar and dominates its field of view, the remaining dynamic components
primarily reflect voluntary upper-body and head motion. The motion-related radar response is

obtained by coherently aggregating the filtered signal across the subject-related range bins,

siml = Y X[k,m], (4.2)

ket
where %~ denotes the set of range bins associated with the detected subject. This aggregation
yields a single complex slow-time sequence that captures fine-grained velocity variations while

reducing residual noise and clutter contributions.

STFT-Based TF Representation Fine-grained upper-body and head movements are inher-
ently non-stationary and exhibit time-varying Doppler characteristics. To characterise these

dynamics, the STFT is applied to the slow-time signal s[m], following the formulation presented
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in Section 2.2.2. Using a sliding analysis window, the STFT produces a TF representation,

S(m,v) =Y s[]w[t —m] e~ 2vE (4.3)
l

where w|-| denotes the analysis window and V is the Doppler frequency index.

In this work, a Hann window of length L = 256 samples is used with an overlap of 200 sam-
ples, corresponding to a hop size of H = 56 samples. For each windowed segment, a 4096-point
FFT is computed to obtain the Doppler spectrum, yielding a high-resolution TF representation
suitable for capturing subtle micro-Doppler variations from fine-grained upper-body and head
movements.

The magnitude of S(m,v) forms a TF representation map that highlights subtle micro-
Doppler modulations associated with fine-grained upper-body and head movements. Com-
pared with large-scale activities, these signatures occur at lower Doppler frequencies and exhibit
weaker energy concentration, making their extraction more susceptible to noise and interference.
At mmWave carrier frequencies, the shorter wavelength enhances Doppler sensitivity for low-
velocity motion components, improving separability in this fine-grained regime, as illustrated
with examples in Section 2.2.2.

STFT Map Normalisation and Smoothing To improve robustness against noise, background
clutter, and inter-subject variability, the resulting TF representations are normalised and subse-
quently smoothed using a light Gaussian filter with standard deviation ¢ = 1.0. This opera-
tion attenuates isolated spectral artefacts and small-amplitude fluctuations while preserving the
dominant micro-Doppler structures that characterise fine-grained upper-body and head move-
ments. Representative STFT-based TF maps for all six activity classes after normalisation and
smoothing are shown in Figure 4.3. These maps indicate that class separability is not uniform
across the six movements. Activities involving larger torso displacement produce broader and
stronger Doppler structures, whereas nodding and small head turns generate weaker signatures
that can overlap with residual body motion and environmental clutter. The fine-grained signa-
tures also exhibit substantially smaller Doppler excursions than the large-scale activities exam-
ined in Chapter 3, confirming the greater difficulty of this classification task. Consequently,
the main sources of confusion are expected to arise between kinematically similar movements
with subtle temporal and spectral differences. At the same time, the residual separability visi-
ble in these TF maps indicates that informative motion patterns remain, motivating the use of
data augmentation and transfer learning to improve generalisation. These processed radar maps,
therefore, constitute the final input to the augmentation and learning stages described in the

following subsections.
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Figure 4.3: Normalised and smoothed STFT-based TF representations corresponding to the six
fine-grained upper-body and head movement classes.

4.3.4 Data Augmentation Strategies

A key challenge in radar-based fine-grained HAM is the limited availability of labelled training
data. This issue is particularly pronounced for subtle upper-body and head movements, where

collecting large datasets is time-consuming and subject-dependent, and where inter-class vari-
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ability is inherently small. When combined with the high capacity of deep learning models, this
data scarcity substantially increases the risk of overfitting and degrades generalisation to unseen
subjects and environments.

To address this limitation, a multi-stage data augmentation pipeline was designed to artifi-
cially expand the training set while preserving the physical and semantic characteristics of radar
micro-Doppler signatures. The adopted strategy is inspired by SpecAugment, originally pro-
posed for speech recognition [40], which has demonstrated effectiveness in improving robust-
ness under limited training data by enforcing invariance to partial time—frequency occlusions.
In this work, the SpecAugment principle is adapted to radar TF maps and complemented with
controlled geometric perturbations to reflect realistic variability in fine-grained human motion.

All augmentation operations are applied exclusively to the training set, while validation and
test sets remain unchanged to ensure a fair and unbiased performance evaluation. For each

STFT-based map, the following augmentation steps are performed sequentially.

Geometric Rotation To account for slight variations in posture, seating position, and sen-
sor alignment, a random in-plane rotation is applied to each STFT map. The rotation angle
is uniformly sampled within +5°, which introduces controlled geometric variability without
distorting the underlying time—frequency structure of the micro-Doppler signatures. This opera-
tion encourages the model to learn rotation-invariant representations while maintaining physical

plausibility.

Time and Frequency Masking Following rotation, structured occlusions are applied along
the time and frequency axes of the STFT map to improve robustness to partial signal corruption

and missing information. Two masking operations are employed:

» Frequency masking: Two independent frequency masks are applied, each covering a con-
tiguous set of frequency bins with a maximum height of 22 pixels for 224 x 224 TF maps.
This operation simulates variations in Doppler energy distribution caused by changes in

motion amplitude or partial self-occlusion.

» Time masking: Two independent time masks are applied along the temporal axis, each
with a maximum width of 22 pixels. This operation emulates brief interruptions or incon-

sistencies in motion execution, such as pauses or irregular movement timing.

The locations and extents of all masks are randomly sampled for each augmented instance,

ensuring that the network is exposed to diverse perturbation patterns during training.

Augmentation Factor and Dataset Expansion To systematically analyse the effect of train-
ing data volume on classification performance, the augmentation pipeline is applied multiple

times to each original training data. Augmentation factors of 5, 10, 20, and 30 are considered,
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where a factor of N indicates that N independently augmented samples are generated from each
original STFT map using stochastic rotation and time—frequency masking.

This controlled dataset expansion enables a systematic investigation of the relationship be-
tween augmentation strength and model generalisation under data-scarce conditions. An exam-
ple of the applied augmentation process is illustrated in Figure 4.4, which contrasts an original
STFT-based map with its augmented counterpart after time and frequency masking. Importantly,
all augmented samples remain physically consistent with plausible fine-grained human motion,
ensuring that the learning process is driven by realistic signal variations rather than artificially

introduced artefacts.

N

™

((a)) Original STFT-based TF map ((b)) Augmented Version

Figure 4.4: Example STFT-based TF map before and after SpecAugment time and frequency
masking, illustrating the structured modifications used for data augmentation.

4.3.5 Classification Models for Fine-Grained Human Activity Monitoring

Building on the systematic evaluation presented in Chapter 3, which established the STFT-
MobileNetV2 combination as an effective balance between recognition performance and com-
putational efficiency for radar-based human monitoring, this work adopts the same representa-
tional and architectural principles for fine-grained activity analysis. Extending this configuration
to fine-grained monitoring enables a consistent methodological progression from large-scale to
subtle motion sensing within the thesis framework.

Fine-grained HAM introduces additional learning challenges that are not dominant in large-
scale activity recognition. Upper-body and head movements produce weak and closely spaced
micro-Doppler signatures with limited inter-class separability, increasing susceptibility to noise,
subject variability, and overfitting. These characteristics reduce the effectiveness of large, highly
parameterised models when training data are limited, and place stronger emphasis on generali-

sation rather than raw representational capacity [57, 103].
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To address these constraints, the classification framework adopted in this work prioritises
data efficiency, robustness to subject variability, and computational practicality. Consistent
with the learning principles established in Chapter 3, a transfer learning strategy based on a
lightweight convolutional neural network is employed. MobileNetV2 is selected as the backbone
architecture due to its favourable balance between expressive power and inference efficiency. Its
use of depthwise separable convolutions and inverted residual blocks enables effective feature
extraction from TF radar representations while maintaining low latency, which is particularly
suitable for fine-grained monitoring in embedded and real-time deployment scenarios.

The MobileNetV2 backbone is initialised with weights pre-trained on the ImageNet [39]
dataset. Although natural images differ significantly from radar representation maps, early con-
volutional layers capture generic spatial patterns, such as edges and local textures, which remain
beneficial when transferring to TF representations. This reuse of learned representations miti-
gates the limited size of the fine-grained radar dataset and improves optimisation stability.

A two-phase transfer learning strategy is employed. In the first phase, the pre-trained back-
bone is frozen and used solely as a feature extractor, while a task-specific classification head is
trained. This head consists of a global average pooling layer followed by a fully connected layer
with 128 neurons and ReLLU activation, a dropout layer for regularisation, and a final softmax
layer corresponding to the six fine-grained activity classes. Training only the classification head
allows the network to adapt decision boundaries to radar-specific features without perturbing the
general representations learned during pre-training.

In the second phase, selected layers of the backbone are unfrozen and fine-tuned using a
reduced learning rate. This controlled fine-tuning enables the convolutional filters to adapt to
the statistical structure of radar TF representation maps, capturing subtle temporal and frequency
variations associated with fine-grained upper-body and head movements. Batch normalisation
layers are also updated during this phase to accommodate the distribution shift between natural
images and radar-based inputs. Early stopping is applied to prevent overfitting, reflecting the
limited size of the available training data. The key hyperparameters used during both phases of
the fine-tuning process are summarised in Table 4.2. These parameters were selected to ensure
stable optimisation while preserving sensitivity to small-amplitude micro-Doppler variations
characteristic of fine-grained upper-body and head movements.

This lightweight transfer learning framework ensures that the classification model remains
robust under data scarcity while retaining sufficient representational capacity to resolve fine-
grained motion patterns. By aligning model complexity with sensing characteristics and de-
ployment constraints, the adopted approach supports accurate and efficient fine-grained HAM

using mmWave radar.
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Table 4.2: Optimisation and two-stage fine-tuning settings for the MobileNetV2-based fine-
grained activity classifier.

Parameter Phase 1 (Classifier-head warm-up) Phase 2 (Full-network fine-tuning)
Trainable layers Classification Head Only Entire Network
Optimiser AdamW AdamW
Initial Learning Rate 3x 1074 1x10~*
LR Schedule Reduce on Plateau Reduce on Plateau
LR Factor 0.3 0.2
Patience 3 epochs 2 epochs
Max Epochs 8 25
Early Stopping Patience 6 epochs 10 epochs

4.3.6 Experimental Results and Performance Evaluation

This subsection evaluates the performance of the proposed fine-grained HAM framework under
subject-wise and environment-wise generalisation conditions. All experiments were conducted
on the same GPU-accelerated workstation used in Chapter 3, ensuring consistency across large-
scale and fine-grained evaluations. Model training and inference were implemented in Python

using standard scientific computing and deep learning libraries, as detailed previously.

Dataset Composition and Evaluation Protocol Following the protocol described in Sec-
tion 4.3.1, a strict subject-wise data split was employed to assess generalisation performance
and prevent subject-specific memorisation. Data from 10 participants were used for training, 2
participants for validation, and 3 participants were reserved for testing.

In addition to subject-wise separation, a controlled cross-environment evaluation was intro-
duced. Training data were collected exclusively in one indoor environment (Room 1), while
validation and test data were collected in a different environment (Room 2). This setup intro-
duces a mild domain shift arising from differences in room geometry and background reflec-
tions, enabling a more realistic assessment of model performance under unseen environmental

conditions.

Impact of Data Augmentation To quantify the effect of data augmentation on classification
performance, experiments were conducted using different augmentation factors, as described in
Section 4.3.4. The resulting classification accuracy as a function of augmentation strength is
shown in Figure 4.5.

When trained without any augmentation, the transfer learning model achieved a mean clas-
sification accuracy of 60.00 £ 1.57%, indicating that transfer learning alone was insufficient to

overcome the limited size and fine-grained nature of the dataset. Introducing data augmentation
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Figure 4.5: Classification accuracy as a function of augmentation factor. Performance improves
substantially by a factor of 10, beyond which further augmentation yields diminishing returns.

led to a substantial improvement in performance. An augmentation factor of 5 increased the ac-
curacy to 68.4041.56%, while a factor of 10 yielded the highest performance of 91.324+1.56%,
corresponding to 1,800 training samples.

Further increasing the augmentation factor to 20 and 30 did not provide additional benefits.
Instead, a slight degradation in accuracy was observed, with mean accuracies of 89.60 4+ 1.32%
and 89.20 +2.04%, respectively. This behaviour suggests diminishing returns beyond an aug-
mentation factor of 10, indicating a saturation point in the diversity that can be generated from
the available data using SpecAugment-style masking. At higher augmentation levels, the addi-
tional samples become increasingly redundant or overly distorted, providing limited new dis-
criminative information and leading to marginal performance degradation. All reported results
are averaged over six independent training runs, with the mean and standard deviation reported
to reflect robustness.

Per-Class Performance Analysis Detailed per-class precision, recall, and F1-score metrics
for the best-performing configuration (augmentation factor of 10) are reported in Table 4.3.
The results indicate strong class-wise performance across most activities, with perfect or
near-perfect scores achieved for movements with distinct kinematic signatures, such as Looking
Front and Move Forth/Back. Lower recall values were observed for Nod Head and Turn Head,
reflecting their greater similarity in micro-Doppler structure when viewed from a frontal radar

perspective.

Confusion Matrix Analysis The confusion matrix for the baseline model without augmen-

tation is shown in Figure 4.6. Significant confusion is observed between kinematically similar
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Table 4.3: Per-class precision, recall, and F1-score for the best-performing fine-grained activity
monitoring model (augmentation factor of 10).

Class Precision Recall F1-score

Looking Front 100% 100% 100%

Turn Head 73%  100%  84%
Nod Head 100%  63%  77%
Lean Body 100%  88% 93%
Forth/Back 100%  100% 100%
Look Back 89%  100%  94%
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Figure 4.6: Confusion matrix for the fine-grained activity monitoring model without data aug-
mentation, yielding an average accuracy of 60%.

activities. Recall values for Nod Head, Lean Body, and Look Back drop to 37.5%, 37.5%, and
25.0%, respectively, indicating that the model struggles to learn robust decision boundaries from
the limited original dataset.

After applying data augmentation with a factor of 10, the confusion matrix becomes strongly
diagonal, as shown in Figure 4.7. Recall reaches 100% for four of the six classes, and misclas-
sification rates are substantially reduced across all activities.

To verify that the improvement obtained with data augmentation is statistically significant,
McNemar’s test was performed by comparing the predictions of the model trained without aug-

mentation and the model trained with an augmentation factor of 10. Because both models were
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Figure 4.7: Confusion matrix for the fine-grained activity monitoring model with an augmenta-
tion factor of 10, achieving an average accuracy of 91.32%.

evaluated on identical data, McNemar’s test provides an appropriate paired statistical compari-
son. The test yielded a highly significant result (p = 6.10 x 107>), confirming that the increase
in accuracy from approximately 60% to over 91% is not due to random variation but reflects a
consistent improvement introduced by data augmentation.

Despite these improvements, residual confusion persists between Look Back and Lean Body,
which share similar frontal micro-Doppler characteristics. This limitation reflects an inherent
ambiguity when using a single frontal radar perspective. Incorporating angular diversity through
multiple antennas or elevation and azimuth information could further mitigate this ambiguity, an

aspect revisited in Section 4.5.

4.4 Movement Compensation for Radar-Based Vital Signs Es-

timation

Radar-based non-contact estimation of physiological vital signs has emerged as a promising
alternative to conventional contact-based monitoring, particularly in scenarios where comfort,
compliance, and hygiene are critical, such as paediatric and long-term care settings [172,242].
Using FMCW radar, subtle chest wall micro-motions associated with HR and RR can be sensed
without physical contact, enabling continuous monitoring through clothing and bedding [238,
239].
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Despite these advantages, reliable radar-based vital signs estimation remains challenging in
the presence of body movement. Random and involuntary motion introduces strong interference
components that overlap with the physiological frequency bands, masking the comparatively
weak signatures of respiration and cardiac activity [167,172]. This degradation has been explic-
itly observed in recent public mmWave vital signs datasets, where estimation accuracy drops
markedly during subject movement [173].

Addressing motion-induced artefacts is therefore essential for extending radar-based vital
signs monitoring beyond controlled laboratory conditions towards realistic clinical and in-home
environments. In this section, the focus is placed on movement-compensated estimation of HR
and RR using FMCW radar. Rather than constraining subject behaviour or introducing addi-
tional sensing modalities, the proposed approach targets signal-level separation of physiological
components from motion interference through advanced decomposition techniques, directly ad-
dressing the physiological-scale sensing challenge C1.3.

4.4.1 Public mmWave Vital Signs Dataset

The vital signs analysis in this chapter is conducted using a publicly available mmWave radar
dataset introduced in [173]. The dataset was collected using a Texas Instruments IWR6843
FMCW radar operating in the 60—64 GHz band, with a sweep bandwidth of 3.75 GHz and a
starting frequency of 60.25 GHz. The radar configuration employed a single transmit antenna
and four receive antennas, transmitting two chirps per frame at a frame rate of 20 frames/s. Each
recording session lasted 300 s, resulting in a total of 6,000 frames per subject.

The dataset comprises recordings from 50 children under the age of 13, with a balanced
gender distribution of 24 males and 26 females. To ensure safety and postural stability for
participants under 6 years of age, additional seating support was provided using a child car seat.
Radar measurements were synchronised with a clinically approved reference device, the Nihon
Kohden BSM6501K, which provided ground-truth HR and RR annotations.

This publicly available dataset was selected because, to the author’s knowledge, it is one of
the few open mmWave vital-signs datasets that includes movement conditions. It therefore en-
ables reproducible evaluation of the proposed motion-compensation method against an external
benchmark, rather than relying only on self-collected data. The cohort of 50 children provides a
challenging test case because paediatric subjects typically exhibit higher and more variable HR
and RR than adults and are less able to remain still during measurement. As a result, the dataset
places strong demands on the motion-artefact-suppression capability targeted by the proposed
method.

Importantly, the dataset includes periods of spontaneous body movement, reflecting realis-
tic paediatric behaviour rather than highly constrained laboratory conditions. While accurate
HR and RR estimation was reported under minimal-motion conditions, the original study ob-

served clear degradation during movement phases [173]. This characteristic makes the dataset



CHAPTER 4. RADAR-BASED FINE-GRAINED AND VITAL SIGNS MONITORING 109

particularly suitable for evaluating the robustness of the proposed motion compensation under
physiologically realistic and motion-affected conditions. The proposed method itself is not age-
specific; rather, the paediatric cohort is used as a demanding validation scenario for motion
robustness. Nevertheless, the demographic mismatch between this dataset and the adult AAL
and driver-monitoring use cases targeted in this thesis is acknowledged and evaluation on adult

vital-signs datasets should motivate future work.

4.4.2 Radar-Based Vital Signs Processing Chain

The extraction of HR and RR from FMCW radar measurements in this work follows the prin-
ciples established in Section 2.3, where small periodic chest wall displacements induced by
respiration and cardiac activity are encoded as phase modulations in the radar slow-time sig-
nal. These phase variations contain low-frequency components associated with respiration and
higher-frequency components associated with cardiac motion.

Figure 4.8 illustrates a conventional FMCW radar vital signs processing chain. Following
range processing and target selection, a single complex slow-time signal corresponding to chest
motion is extracted. Phase unwrapping is then applied to obtain a continuous phase signal that
captures cumulative displacement over time, forming the basis for subsequent physiological

analysis.

Bandpass
Filter
(HR)

Subject Vital Sign

Aol Detection Signal

Bandpass
Filter
(RR)

Figure 4.8: Conventional FMCW radar vital signs processing chain, illustrating phase-based
extraction of respiration and cardiac components using band-pass filtering.

In this chapter, the baseline processing chain follows the methodology reported in the orig-
inal public dataset study [173], including phase-based extraction and band-pass filtering of res-
piration and cardiac components. The band-pass filters were set to 0.1-0.6 Hz for RR and
0.8—4.0 Hz for HR.

Under minimal motion conditions, this baseline pipeline enables reliable estimation of HR
and RR through spectral analysis and peak detection. However, in the presence of voluntary
or involuntary body movement, motion-induced phase variations dominate the slow-time sig-
nal. These components overlap spectrally with the physiological bands, leading to distorted fre-

quency estimates and degraded accuracy. This limitation was explicitly observed in the original
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dataset, where estimation performance dropped significantly during periods of subject move-
ment [173].

In this work, the baseline HR and RR extraction pipeline is retained as a reference stage.
Motion compensation is introduced after band-limited physiological signal extraction, rather
than modifying the initial preprocessing steps. Specifically, VMD is applied to the respiration-
and cardiac-band signals to separate physiological oscillations from motion-related interference
at the signal level. This design enables principled enhancement of robustness without imposing

additional constraints on subject behaviour or sensing configuration.

4.4.3 VMD for Motion Artefact Suppression

Motion artefacts constitute the primary source of performance degradation in radar-based HR
and RR estimation under realistic conditions. Voluntary and involuntary body movements in-
troduce non-stationary components whose amplitudes often exceed those of the physiological
signals, leading to spectral overlap and masking effects that cannot be adequately resolved using
fixed band-pass filtering alone. To address this limitation, this work adopts VMD as a post-
filtering signal decomposition technique for motion artefact suppression.

VMD is an adaptive, non-recursive decomposition method that represents a signal as a sum
of band-limited intrinsic mode functions (IMFs), each characterised by compact frequency sup-
port and slowly varying instantaneous frequency [243]. Unlike empirical mode decomposition,
VMD formulates the decomposition as a constrained variational optimisation problem, improv-
ing robustness to noise and reducing mode mixing. These properties make VMD well-suited for
physiological radar signals acquired under motion, where frequency content is non-stationary
and partially overlapping.

In the proposed framework, VMD is applied to the respiration- and cardiac-band signals ob-
tained after baseline preprocessing, as described in Section 4.4.2. Let sgr () and sgr(7) denote
the band-limited phase signals corresponding to respiration and cardiac activity, respectively.

Each signal is decomposed using VMD into a finite set of IMFs,

K
s(t) =Y (1), (4.4)
k=1

where each mode u(¢) represents an amplitude-modulated and frequency-modulated oscillatory
component.

In the implemented pipeline, VMD was applied separately to the RR- and HR-band signals
obtained after conventional band-pass filtering described earlier. The decomposition parameters
were fixed for all recordings, with K = 6, o« = 10,000, T = 0, and convergence tolerance 1079,

Because the signals are already restricted to the physiological frequency bands by the pre-

ceding band-pass filters, the dominant oscillatory component was observed to be concentrated
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in the first mode of the VMD decomposition in all recordings analysed. Therefore, the first
mode produced by VMD was selected as the denoised physiological signal for both RR and HR

estimation,

SRR ,denoised (t> = ufliR(t) ; SHR,denoised (t) = ull_IR<t) s 4.5)

where uRR(¢) and u!R(¢) denote the first intrinsic mode function obtained from the VMD de-
composition of the respiration- and cardiac-band signals, respectively.

This strategy reduces the influence of residual motion components distributed across the
remaining modes while preserving the dominant physiological oscillation. The resulting motion-
compensated processing chain is illustrated in Figure 4.9, where VMD is introduced as a post-

filtering refinement stage within the baseline vital signs extraction pipeline.
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Figure 4.9: Proposed motion-compensated vital signs processing chain, illustrating VMD-based
decomposition and reconstruction of HR and RR signals under movement conditions.

By separating physiological oscillations from motion-induced interference at the signal level,
the proposed VMD-based stage improves the robustness of HR and RR estimation without in-
troducing additional sensing modalities or behavioural constraints. The quantitative impact of

this motion compensation strategy is evaluated in the following subsection.

4.4.4 Performance Evaluation under Movement Conditions

This subsection evaluates the effectiveness of the proposed VMD-based motion compensation
framework for radar-based HR and RR estimation under varying movement conditions. The
evaluation is conducted using a subset of the public mmWave vital signs dataset introduced
in [173], with a particular focus on scenarios where subject movement significantly degrades
estimation accuracy.

The analysis is performed on data from eight paediatric subjects selected from the fifty chil-
dren in the dataset. The subset was chosen to include recordings that exhibit the highest levels
of body movement, as the objective of the proposed VMD-based processing is to improve HR
and RR estimation under motion. Evaluating the method on recordings with minimal move-
ment would not yield a meaningful assessment of its effectiveness, since conventional band-

pass-based processing already achieves reliable results in low-mobility conditions, as shown in
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Figure 4.11.

To ensure objective selection, the movement magnitude for each recording was quantified
using the MTI-based motion measure, in which frame-to-frame changes in the MTI signal across
all receive channels were accumulated to obtain a total movement index. Subjects with larger
movement indices were prioritised, while still maintaining a representative age range across
the selected recordings. Following the dataset preparation protocol described in Section 4.4.1,
invalid entries and missing values were removed prior to processing. All signal processing
and performance analysis were carried out using Python. Figure 4.10 presents representative
examples of low- and high-mobility patterns extracted from the dataset, illustrating both chest
motion and overall body movement for two children of different ages. These examples highlight
the substantial variability in movement magnitude encountered in realistic paediatric monitoring
scenarios. This variability motivates the focus on higher-mobility recordings in the following
evaluation, since these conditions represent the most challenging scenario for radar-based vital

signs estimation.
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Figure 4.10: Examples of low- and high-mobility patterns in paediatric subjects, illustrating
chest and body movement magnitudes extracted from the public dataset.

Estimated Vital Signs under Low-Mobility Conditions

Figure 4.11 shows representative RR and HR estimates over a 30 s window for subject #49
during a low-mobility period. The RR estimates obtained using conventional radar signal pro-
cessing, as illustrated in Figure 4.8, closely align with the reference measurements, indicating
reliable performance when movement is minimal. A similar level of agreement is observed for

HR estimation, where the radar-derived signal closely follows the reference trace.
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Figure 4.11: Radar-based RR and HR estimation under low-mobility conditions: (a) RR, (b)
HR, and (c) corresponding movement magnitude.

These results confirm that, under low-mobility conditions, conventional phase-based radar
processing is sufficient for accurate HR and RR estimation. However, as will be demonstrated

in the following, this performance degrades markedly as movement intensity increases.

VMD-Processed Vital Signs under High-Mobility Conditions

Figure 4.12 presents RR and HR estimates for subject #39 over a 30 s interval characterised by
pronounced movement. Under these conditions, conventional radar processing exhibits substan-
tial deviations from the reference measurements for both RR and HR. In contrast, the VMD-
processed signals closely track the reference traces, demonstrating improved robustness against
movement-induced interference.

The corresponding movement magnitude is shown in Figure 4.12, highlighting the chal-
lenging motion conditions under which the VMD-based approach maintains reliable estimation.
These results demonstrate that VMD effectively suppresses motion-induced artefacts that other-

wise dominate the physiological frequency bands.
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Figure 4.12: Radar-based RR and HR estimation under high-mobility conditions, comparing
conventional processing and VMD-enhanced estimation.

Error Analysis of HR and RR Estimation

To quantitatively assess performance, mean absolute error (MAE) and root mean square error
(RMSE) are computed for both RR and HR across the selected eight subjects who exhibit high
mobility. Figures 4.13 and 4.14 compare the error metrics obtained using conventional process-
ing and the proposed VMD-based approach.

For RR estimation, conventional processing yields MAE values ranging from 1.3 to 3.5 BrPM,
whereas the VMD-enhanced approach reduces the MAE range to 0.7-2.4 BrPM. A similar
trend is observed for RMSE, which decreases from 1.5-3.9 to 0.4-2.9 BrPM when VMD is
applied. For HR estimation, the VMD-based approach consistently outperforms the conven-
tional method. MAE values are reduced from 3.0-7.7 BPM to 0.9—4.7 BPM, while RMSE
values decrease from 3.7-8.7 BPM to 1.1-6.3 BPM.
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Figure 4.13: Comparison of MAE and RMSE for RR estimation using conventional processing
and the proposed VMD-based approach.

Average Error Reduction across Subjects

Figure 4.15 summarises the average MAE and RMSE across the evaluated subjects for both
RR and HR. The VMD-based approach achieves an average error reduction of approximately
40.59% compared to conventional processing for the selected subjects under high mobility. This
improvement is consistently observed for both physiological metrics, indicating enhanced ro-
bustness under movement conditions.

To assess whether the observed improvement was statistically significant, a paired Wilcoxon
signed-rank test was performed comparing the estimation errors obtained with the conventional
pipeline and the proposed VMD-based method across the eight subjects. The test was applied
to both MAE and RMSE values, treating each subject as a paired observation. For MAE, the
Wilcoxon test yielded W = 0 with p = 0.0078, and the same result was obtained for RMSE (W =
0, p =0.0078). Since p < 0.05, the null hypothesis that both methods produce equivalent errors
can be rejected, indicating that the VMD-based processing provides a statistically significant
reduction in estimation error compared with the conventional band-pass filtering approach.

This result supports the earlier quantitative improvement and confirms that the performance
gain is not attributable to random variation across subjects but reflects a consistent advantage of

the proposed motion-compensated processing pipeline.

4.5 Integration and Discussion

This chapter addressed fine-grained human monitoring through two complementary perspec-
tives: the analysis of subtle upper-body and head movements, and the estimation of physio-

logical vital signs under motion. Although these investigations target different outputs, they are
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Figure 4.14: Comparison of MAE and RMSE for HR estimation using conventional processing
and the proposed VMD-based approach.

unified by shared challenges inherent to fine-grained radar sensing, including low-amplitude sig-
nal characteristics, strong sensitivity to motion interference, and limited availability of labelled
data.

In the first part of the chapter, fine-grained upper-body and head movements were analysed as
indicators of human behaviour in constrained environments. These movements generate micro-
Doppler signatures that are substantially weaker and more overlapping than those associated
with large-scale activities. The results demonstrate that, under such conditions, data-efficient
learning strategies are critical. In particular, the combination of TF representations with targeted
augmentation and lightweight transfer learning enabled robust discrimination between subtle
movements, even with a limited number of subjects and repetitions.

The second part of the chapter focused on physiological monitoring, where the challenge of
motion interference is even more pronounced. Random body movements introduce phase vari-
ations that overlap spectrally with respiration- and cardiac-related components, leading to sig-
nificant degradation in estimation accuracy. By introducing VMD as a post-filtering refinement
stage, the proposed framework demonstrated improved robustness in separating physiological
rhythms from motion-induced artefacts, without constraining subject behaviour or modifying
the sensing setup.

Across both studies, a common limitation emerges from the use of a single frontal radar per-
spective. Ambiguities arise when different movements or motion components produce similar
radar signatures, as observed in fine-grained movement classification and in vital signs estima-
tion during periods of high mobility. These findings highlight the potential benefit of incorpo-
rating additional spatial diversity, such as angular information or multi-antenna configurations,

to further disambiguate motion sources. While such extensions fall outside the scope of this
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Figure 4.15: Average MAE and RMSE comparison between conventional and VMD-based pro-
cessing: (a) RR estimation, (b) HR estimation.

chapter, they represent a natural direction for advancing fine-grained radar-based monitoring.
Taken together, the contributions of this chapter demonstrate that both fine-grained activity
cues and physiological signals can be extracted at fine temporal and spatial resolutions using
single radar, provided that signal processing and learning strategies are explicitly designed to
address data scarcity and motion interference. This integrated perspective establishes a foun-
dation for broader human-centric monitoring, where behavioural and physiological information

are treated as complementary rather than isolated sensing targets.

4.6 Summary

This chapter addressed radar-based human monitoring beyond large-scale activities by focusing
on fine-grained behavioural analysis and physiological-scale vital signs estimation. By target-
ing small-amplitude motions that are poorly captured by conventional activity recognition ap-
proaches, the chapter directly addressed challenges in sensing, interpretation, and robustness at
fine spatial and temporal scales.

For fine-grained HAM, a non-contact mmWave radar framework was developed to recog-
nise subtle upper-body and head movements in seated scenarios. The results demonstrated that
data-efficient learning strategies, particularly targeted STFT radar representation map augmenta-
tion combined with lightweight transfer learning, are essential for achieving robust subject-level
generalisation when training data are limited. For physiological-scale monitoring, the chapter
investigated radar-based estimation of HR and RR under movement conditions. Motion artefacts

were identified as a dominant source of performance degradation, and integrating VMD into the
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signal processing pipeline was shown to improve robustness by separating physiological oscil-
lations from movement-induced interference.

In the next chapter, these concepts are extended beyond radar-only sensing by considering
multimodal monitoring scenarios. In particular, behavioural and physiological information are
examined jointly using heterogeneous sensors, enabling a broader exploration of human state

monitoring in real-world conditions.



Chapter 5

Multimodal Fusion for Human-State

Monitoring

The preceding chapters of this thesis examined human monitoring at multiple sensing resolu-
tions, addressing large-scale activities, fine-grained movements, and physiological signals in
isolation. While these studies demonstrated that individual sensing modalities can reliably cap-
ture specific aspects of human behaviour or physiology, they also revealed a fundamental limita-
tion: unimodal observations are often insufficient for inferring a person’s underlying cognitive or
functional state. Similar observable patterns may arise from distinct internal conditions, leading
to ambiguity when behavioural or physiological cues are interpreted independently.

This limitation motivates the final contribution of the thesis, which addresses the challenge
of comprehensive human-state assessment (C3) through multimodal fusion. Rather than treating
behavioural and physiological cues independently, this chapter investigates how complementary
metrics can be integrated to provide a more robust and interpretable representation of human
state. Specifically, the chapter focuses on the fusion of gaze-derived behavioural indicators and
HR as a physiological measure of internal response.

A key strength of this study is the use of a naturalistic multimodal dataset collected during
approximately 480 minutes of real-world driving. In contrast to many existing studies that rely
on driving simulators or controlled laboratory conditions, the data in this chapter were recorded
in real vehicles on public roads under varying traffic and environmental conditions. This setting
provides a more realistic evaluation of multimodal human monitoring and allows behavioural
and physiological responses to be analysed under authentic workload and attention demands.

This chapter addresses challenge C3 by investigating multimodal fusion for human-state
monitoring in realistic driving conditions. Section 5.3 describes the multimodal data collec-
tion protocol, Section 5.4 presents the proposed fusion framework, and Section 5.5 reports the

experimental results and analysis.

119
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5.1 Introduction

Accurately inferring human state in real-world environments remains a central challenge in
human-centric monitoring systems. Behavioural observations alone may fail to distinguish be-
tween intentional actions and degraded performance, while physiological signals often lack con-
textual grounding when interpreted in isolation [38]. A holistic understanding of the human
state, therefore, requires the integration of multiple complementary data streams that jointly
reflect outward behaviour and internal physiological response.

Driving provides a representative and safety-critical context in which this challenge becomes
evident. In naturalistic driving, changes in behaviour and physiology may arise from diverse
factors, including cognitive workload, stress, fatigue, or environmental demands. Road traffic
accidents remain a major global public health concern, accounting for more than 1.35 million
fatalities annually [244], with driver-related factors such as distraction and reduced alertness
consistently identified as dominant contributors [245, 246]. These observations highlight the
importance of monitoring driver state, but more critically, they underscore the need for state
inference beyond any single cue.

Physiological monitoring has emerged as a valuable means of capturing internal driver state.
HR, in particular, has been shown to reflect variations in stress, cognitive workload, and fatigue
during driving [208, 214, 247]. However, HR alone remains inherently ambiguous, as simi-
lar cardiac responses may be elicited by distinct cognitive or emotional processes. In parallel,
gaze-based monitoring has become a cornerstone of behavioural analysis in driver monitoring
systems. Metrics such as blink rate, fixation duration, gaze dispersion, and saccadic behaviour
provide direct insight into visual attention and task engagement [248-250]. Despite their effec-
tiveness, gaze-only systems struggle to disambiguate internal states such as stress and fatigue,
particularly under dynamically changing task demands [209].

These complementary limitations motivate multimodal approaches that integrate behavioural
and physiological metrics. By jointly analysing gaze behaviour and HR, it becomes possible to
contextualise internal physiological responses with outward attentional patterns, reducing am-
biguity and improving the reliability of human-state inference. Prior studies have demonstrated
that such integration enhances the detection of fatigue, distraction, and cognitive load compared
with unimodal systems [199,202,207]. However, as discussed in Section 2.5 and Table 2.6, many
existing multimodal frameworks remain confined to simulated or controlled environments.

This chapter addresses these limitations by presenting a multimodal human-state monitoring
framework based on real-world driving data, integrating eye-tracking and HR measurements.
Driving is used as a representative application domain through which the broader challenge of

holistic human-state assessment (C3) is examined.
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5.2 Chapter Contributions

This chapter advances multimodal human-state assessment by integrating behavioural and phys-

iological metrics in real-world driving. The main contributions are summarised as follows:

1. Real-world multimodal data collection: A synchronised dataset comprising HR and
eye-gaze measurements is collected during real-world driving. Unlike simulator-based or
single-modality studies, the dataset captures naturalistic behaviour across multiple scenar-

i0s, enabling analysis under realistic and dynamic conditions.

2. Scenario- and subject-based statistical analysis: A systematic analysis examines how
different driving environments and individual differences influence the interaction be-
tween physiological responses and gaze behaviour. Statistical characterisation of these
relationships is used to identify consistent patterns and to inform threshold selection for

multimodal state assessment.

3. Multimodal driver monitoring algorithm: A real-time multimodal algorithm is pro-
posed that integrates physiological information (HR) with behavioural gaze metrics, in-
cluding blink, fixation, and saccade characteristics. A weighted scoring framework is

developed to classify driving segments as normal or abnormal.

5.3 Data Collection Protocol

This section describes the end-to-end protocol used to collect and curate the real-world mul-
timodal dataset analysed in this chapter, and it establishes the procedural foundations for the
scenario-based analysis and the proposed multimodal algorithm. The protocol is organised
around three stages: (i) naturalistic driving data acquisition using synchronised wearable sen-
sors, (ii) extraction and structuring of HR and gaze-derived events for statistical analysis, and
(ii1) preparation of aligned multimodal segments for algorithm development and real-time scor-

ing. An overview of the workflow is shown in Figure 5.1.

5.3.1 Experimental Setup and Participants

Data were collected in real-world driving sessions to capture naturalistic behavioural and phys-
iological variability under realistic operating conditions. Although the study is presented as a
pilot dataset, the resulting corpus is substantial, comprising 480 minutes of driving across mul-
tiple sessions and days. This quantity provides a sufficiently large number of samples and gaze
events to support preliminary statistical characterisation and to motivate the development of a

multimodal scoring algorithm.
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Figure 5.1: End-to-end workflow for the driver monitoring study, from real-world data collection
to gaze—HR feature extraction and fusion for driver state monitoring.

Normal

Five licensed drivers participated in the study. To reduce confounding effects associated
with unfamiliar vehicle dynamics, each participant drove their own vehicle. Participant demo-
graphics are summarised in Table 5.1. The cohort reflects experienced drivers with varied ages
and driving experience, enabling an initial examination of between-subject variability in gaze
behaviour and HR response.

This cohort size is consistent with the exploratory, hypothesis-generating aim of a pilot
naturalistic-driving study, where the objective is to characterise within- and between-subject
variability and to validate the end-to-end multimodal pipeline under real driving conditions,
rather than to establish population-level effect sizes. Its value lies in combining approximately
480 minutes of real-world driving with synchronised HR and gaze measurements, enabling pre-
liminary scenario- and subject-level analysis under realistic conditions. Accordingly, the results
are presented as an initial demonstration of feasibility, and no population-level generalisation is
claimed regarding driver behaviour, gender differences, age effects, or general threshold values.

All participants in this pilot dataset were male, limiting the study’s demographic diversity
and potentially influencing the behavioural and physiological patterns observed during driving.

Before each recording session, a structured familiarisation stage was conducted in a parking
area. Participants wore all sensors for at least 20 minutes while a copilot verified device op-
eration, sensor placement, and participant comfort. Participants also performed short, low-risk

driving loops in the parking area to acclimate to the equipment. The main road session began
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Table 5.1: Participant demographics and driving experience.

Participant Age Gender Driving experience (Years)

1 3540 Male 15-20
2 25-30 Male 5-10
3 30-35 Male 5-10
4 30-35 Male 10-15
5 40-45 Male 20-25

only after the participant confirmed that the setup did not interfere with driving safety.

Sensing configuration and roles.

Two wearable sensing systems were used. Eye gaze was recorded using Pupil Labs Invisible
glasses [42] connected to a companion smartphone for continuous acquisition. HR was recorded
using the Polar H10 chest strap [41]. A forward-facing dashcam recorded the road scene to sup-
port reference checking and potential manual inspection of notable segments. Throughout each
drive, the copilot handled practical aspects of the sensing system, including initiating and termi-
nating recordings, monitoring signal quality, and managing device synchronisation procedures.

The full setup is illustrated in Figure 5.2.

Environmental diversity and driving scenarios.

Data collection was conducted primarily during daytime and under naturally varying weather
conditions, including clear sky, overcast conditions, and light rain. Extreme weather (for exam-
ple, heavy rain or dense fog) was excluded to avoid systematic degradation of visual sensing and
to maintain more consistent measurement conditions across sessions. Traffic conditions were
not controlled, and sessions therefore include natural transitions between low-density flow and
congested stop-and-go traffic. This uncontrolled variability is treated as a feature of the dataset,
since the objective is to evaluate multimodal monitoring under realistic conditions, while recog-
nising that future studies will benefit from more systematic control or explicit annotation of
environmental covariates.

Driving sessions contained mixed road types, with participants alternating between urban
and motorway segments across days. The resulting dataset comprises approximately 66% urban
driving and 33% motorway driving. Across all sessions, the dataset includes 28,963 HR samples,
10,669 blink events, 63,300 fixation events, and 63,050 saccade events. These event counts
yield a dense behavioural stream that supports both distribution-level analysis and segment-level
multimodal scoring. All recordings were conducted with participant agreement and without

collecting sensitive identifiers.
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Figure 5.2: Real-world data collection setup: (a) in-vehicle recording configuration, (b) Pupil
Labs Invisible eye-tracking glasses, and (c) Polar H10 chest strap for HR acquisition.

5.3.2 HR and Gaze Data Acquisition

This subsection details the acquisition characteristics of the physiological (HR) and behavioural

(gaze) streams, including device configuration, sampling, and event extraction.

HR Acquisition

HR was recorded using the Polar H10 chest strap [41], which is widely used in research and
is reported to provide reliable HR measurement across diverse use cases [251]. The device
records ECG at 1000 Hz [251] and outputs HR as a time series. In this study, HR values were
exported at 1 Hz, which is sufficient to capture temporal variations over the time scales relevant
to naturalistic driving segments and scenario-level comparisons. The strap was worn around the
lower chest with firm contact to stabilise electrode coupling and reduce motion-induced artefacts
during prolonged sessions.

Data collection and session management were performed using the Polar Beat smartphone
application. After each session, recordings were uploaded to the Polar cloud for storage and
then downloaded for offline processing and analysis.

This chapter focuses on HR rather than HRV. HR was selected because it provides a direct
and interpretable indicator of physiological response that can be integrated in real time with low
computational overhead, and it has demonstrated sensitivity to driving-related demands in prior
work [208,214,247].
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Gaze Acquisition and Event Extraction

Gaze data were acquired using Pupil Labs Invisible glasses [42], designed for dynamic real-
world recording. The device includes a forward-facing scene camera and two infrared eye cam-
eras. The eye cameras capture eye images at a resolution of 192 x 192 pixels at up to 200 Hz.
A companion smartphone performs on-device gaze estimation using the Pupil Labs processing
pipeline [252]. During recording, the effective gaze output rate depends on the companion de-
vice. In this work, using a OnePlus 8 smartphone, the observed gaze output exceeded 120 Hz.
After upload to the Pupil Labs cloud, gaze signals can be reprocessed at the device’s maximum
rate of 200 Hz, enabling consistent offline event reconstruction.

Blink events were detected using the Pupil Labs blink detection method, which employs
an XGBoost-based classifier trained on device-specific data [253]. This approach uses patterns
associated with eyelid closure and reopening to detect blink events, and it is reported to achieve
high recall with low false detections in real-world settings [253].

Fixations and saccades were identified using the Pupil Labs event detection pipeline based
on an extended I-VT approach (identification by velocity threshold) [254]. The method com-
pensates for head and body motion using optical flow correction and applies adaptive velocity
thresholds to improve robustness under dynamic scenes. Fixation candidates below physio-
logically plausible duration thresholds were removed to reduce spurious detections. Saccades
were detected as high-velocity transitions between fixation periods under standard constraints
on event velocity, amplitude, and duration [254]. Gaze velocity is reported in pixels per sec-
ond, as it is computed directly from the eye tracker’s scene-camera coordinate frame; since all
participants used the same Pupil Labs Invisible eye tracker [42] with identical scene-camera
resolution and field of view, pixel-based velocities are directly comparable across participants.
The resulting blink, fixation, and saccade event streams serve as the behavioural inputs for the

scenario-based analysis and the multimodal scoring framework in the following section.

5.4 Multimodal Fusion Framework

This section presents the proposed multimodal fusion framework for human-state monitoring,
integrating physiological and behavioural metrics derived from HR and gaze signals. The frame-
work is designed to satisfy three key requirements that reflect the multimodal research gap iden-
tified in Section 2.5.3: (i) robustness under real-world driving conditions, (ii) computational
simplicity suitable for real-time deployment, and (iii) interpretability of the resulting driver state
decision. The framework, therefore, adopts a decision-level fusion strategy, in which statisti-
cally grounded metrics are first extracted independently from each modality and then combined

via a weighted scoring mechanism.
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5.4.1 Preprocessing of HR and Gaze Signals

The collected HR and gaze data were processed through a structured preprocessing pipeline prior
to fusion. This pipeline was designed to ensure temporal alignment, remove physiologically
implausible artefacts, and extract comparable metrics across subjects and driving scenarios. The
preprocessing steps consist of data synchronisation, outlier removal, metric normalisation, and

statistical characterisation.

Temporal synchronisation.

HR and gaze data streams were recorded asynchronously by independent devices and therefore
required explicit temporal alignment. All timestamps were first converted to a common refer-
ence by normalising each signal to the start of its corresponding recording segment. For a given

signal, the normalised timestamp ¢ was computed as
I = Toriginal — Imin; (5.1)

where foriginal denotes the original device timestamp and fy;, is the minimum timestamp within
the recording session. This operation ensured consistent temporal correspondence between HR

samples and gaze events.

Outlier removal and physiological plausibility.

To improve data quality and reduce the influence of sensor artefacts, outlier removal was applied
to all metrics using physiologically and behaviourally plausible bounds. For a given metric m,

samples lying outside predefined lower and upper limits (L,,,U,,) were excluded,
Cleaned,, = {xem| L, <x<Upy}. (5.2)

The limits were selected based on established ranges reported in the eye-tracking and physiolog-
ical monitoring literature and were intentionally conservative to avoid excessive data rejection.

The adopted limits are summarised in Table 5.2.

Distributional analysis and normalised counts.

Following cleaning, frequency distributions were computed for all key metrics, including blink
duration, fixation duration, saccade duration, saccade amplitude, saccade velocity, and HR. Each

metric was discretised into bins, and the relative frequency of each bin was calculated as

Count in bin
F = — x 100%. 53
redaency Total count x ’ )
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Table 5.2: Quality-control bounds applied to HR and gaze metrics based on physiologically and
behaviourally plausible limits.

Metric Lower Limit Upper Limit
Blink duration (ms) 50 2000
Fixation duration (ms) 50 5000
Saccade duration (ms) 10 1000
Saccade velocity (px/s) 0 10000
Saccade amplitude (deg) 0 50

HR (BPM) 40 200

These distributions provided insight into typical operating ranges and informed the selection of
thresholds distinguishing normal from abnormal behaviour.

To enable fair comparison across driving sessions of unequal duration, normalised event
rates were also computed. For each segment, blink, fixation, and saccade counts were expressed

as rates per unit time (per minute for blinks, per second for fixations and saccades),

Total event count
Event rate = —. 5.4)
Segment duration

This normalisation ensured that differences in metric values reflected behavioural variation

rather than recording length.

Scenario-based statistical validation.

To verify that selected metrics exhibited meaningful variation across driving scenarios, pairwise
statistical comparisons were conducted using Welch’s z-test [255], which does not assume equal
variances. For two scenario-specific samples X; and X», the test statistic was computed as

X -X
P i’ (5.5)

2 27
Sy 9
ny ny

where X;, sl-z, and n; denote the sample mean, variance, and size for scenario i, respectively.
Metrics with statistically significant differences (p < 0.05) and sufficient sample support were

retained to inform threshold selection and weight assignment in the fusion algorithm.

5.4.2 Proposed Multimodal Algorithm: Scoring and Thresholding

Building on the preprocessing and statistical analysis, a decision-level multimodal algorithm is
proposed to integrate HR and gaze metrics for real-time driver state monitoring. The design pri-

oritises computational efficiency, interpretability, and adaptability, in line with the requirements
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identified in Sections 5.1 and Subsection 2.5.3. Rather than fusing raw signals, the algorithm

combines modality-specific decisions through a weighted scoring mechanism.

Temporal segmentation.

The continuous data streams are divided into fixed-length temporal segments of duration 7. In
this study, 7 was set to 10 s, providing a balance between responsiveness to transient changes
and stability against short-term noise. Although the framework is agnostic to segment length,

this choice aligns with prior work on short-term cognitive and behavioural state estimation [256].

Metric extraction and status assignment.

For each segment, s, summary statistics are computed, including mean HR (H Ryean ), mean blink
duration (BDpean), mean fixation duration (F'Dpean), and mean saccade duration, amplitude,
and velocity (SDmean, SAmean> SVmean)- Each metric is then evaluated against its corresponding

thresholds and assigned a binary status, Normal or Abnormal.

Weighted decision-level fusion.

To reflect the relative contribution of each modality, a weighted scoring scheme is employed.
Let wHR, WBlink> WFixation> and Wsaccade denote the weights associated with HR, blink, fixation,

and saccade metrics, respectively. The total segment score is computed as

Stotal = waR * I{HR status = Normal } + wpgink - I{Blink status = Normal }
+ Wrixation - [ { Fixation status = Normal} + wsyccade - I{Saccade status = Normal },
(5.6)
where 7{-} is an indicator function that returns 1 if the condition is satisfied and O otherwise.
Initial weights were selected based on the statistical sensitivity of each metric and informed
by prior multimodal workload and attention fusion studies [257-259]. These values serve as a

baseline and can be refined as larger annotated datasets become available.

Decision rule.

A binary decision is produced by comparing Sy, With a decision threshold 6. In this pilot study,

0 was set to 0.5, yielding

.. NormaL Stotal > 97
Decision = (5.7)
Abnormal, Sy < 0.

This binary formulation was adopted to support rapid and interpretable intervention in safety-

critical contexts [260].
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Algorithmic summary.

Algorithm 2 summarises the complete multimodal fusion process, from segment-wise metric

extraction to decision-level fusion.

Algorithm 2: Decision-level multimodal driver state monitoring algorithm.

Input : Gaze data (Blinks, Fixations, Saccades), HR data; Segment length T';
Thresholds: HRjower, HRupper, BDiower, BDupper, €tc.;
WeightS: WHR WBlink> WFixation> WSaccade»

Decision threshold: 6

Output: Final decision per segment (Normal or Abnormal)

foreach segment, s, of length T do

// Calculate segment-wise mean metrics

HRyean < Mean(HR in BPM)

BDpnean ¢ Mean(Blink duration in ms)

FDpean < Mean(Fixation duration in ms)

SDmean, SAmeans S Vinean < Mean saccade metrics in ms, deg, px/s

// Evaluate thresholds

HRgas <— Normal if HRjower < HRpean < HRypper; €lse Abnormal
Blinkgaes <= Normal if BDjower < BDpmean < BDypper; €lse Abnormal
Fixationgs <— Normal if FDjower < FDmean < FDuypper; €lse Abnormal
if SDjoyer < SDpean < SDupper and

SAjower < SAmean < SAupper and

N Vlower <S Vmean <S Vupper then
| Saccadegaws < Normal
else
| Saccadegtarys < Abnormal
end

// Calculate total score

Stotal <~ WHR - I(HRstatus = Normal)

Stotal <= Stotal + WBIink - I(B]inkstatus = Normal)
Stotal — Stotal ~+ Wrixation 'I(Fixationslatus =N Ormal)
Stotal < Stotal T WSaccade 'I(Saccadestalus = Normal)

if S[()Ial 2 9 then
| Final Decision <— Normal

else
| Final Decision <— Abnormal

end

end

5.5 Results and Discussion

This section presents the experimental results obtained from the multimodal analysis of ap-
proximately 480 minutes of real-world driving data collected from five participants. The dataset
spans both city and motorway driving conditions and captures substantial inter-subject and inter-
scenario variability in physiological and gaze-derived behavioural metrics.

The results are structured in two stages. First, Subsection 5.5.1 presents descriptive and sta-
tistical observations of HR and gaze behaviour across subjects and driving scenarios, establish-

ing the empirical basis for multimodal fusion. Second, Subsection 5.5.2 evaluates the proposed
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real-time multimodal driver monitoring algorithm using statistically informed thresholds and

weights.

5.5.1 Scenario- and Subject-Level Observations
HR Characteristics

Figure 5.3 illustrates the distribution of HR for each participant under city and motorway driving
conditions. Across all subjects, HR was consistently higher during city driving, reflecting the
increased cognitive and environmental demands associated with urban traffic.

Subject 3 exhibited the highest mean HR in both scenarios (97.35 BPM in the city and
96.54 BPM on the motorway), whereas Subject 5 showed the lowest averages (71.30 BPM
and 69.89 BPM, respectively). These differences highlight pronounced inter-subject variability,
likely influenced by factors such as driving experience, environmental conditions, and vehicle
characteristics. For example, Subject 3 drove in warm conditions without air conditioning, while
Subject 5, who had over 20 years of driving experience and used an automatic vehicle, exhibited
consistently lower physiological arousal. The subject-level HR distributions show that scenario
effects are superimposed on large individual baselines: higher HR in city driving is consistent
with increased manoeuvring, traffic density, and attentional demand, but the magnitude of the
difference varies by participant. This variability indicates that fixed population thresholds should
be used cautiously and motivates the use of subject-aware or adaptive baselines in future work.

Aggregated HR distributions across all subjects are shown in Figure 5.4. A statistically
significant difference was observed between scenarios, with higher mean HR during city driv-
ing (91.63 BPM) compared with motorway driving (89.42 BPM), confirmed by Welch’s -test
(t = —21.093, p < 0.001). These findings support HR as a sensitive physiological indicator of

scenario-dependent driving demand.

Blink and Fixation Behaviour

Blink and fixation rates were analysed using normalised counts to enable fair comparison across
driving sessions of varying duration. Figure 5.5 presents blink counts per minute and fixation
counts per second for all subjects under both driving scenarios.

Blink rates were consistently higher on the motorway, whereas fixation rates were higher in
city driving. For instance, Subject 1 exhibited an average blink rate of 31.0346.89 blinks/min
on the motorway compared with 26.61+5.91 blinks/min in the city. Conversely, fixation rates
for the same subject were higher in the city (2.184+0.29 fixations/s) than on the motorway
(1.7740.34 fixations/s).

When aggregated across subjects, these differences were statistically significant. Motorway
driving yielded higher blink rates (24.2948.02 blinks/min) than city driving (21.2047.51 blinks/min;
t =4.037, p= 6.8 x 107°). Fixation rates showed the opposite trend, with higher values in
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Figure 5.3: HR distribution of each participant during motorway and city driving.
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Figure 5.4: Aggregated HR distribution across all subjects for motorway and city driving.

city driving (2.2940.40 fixations/s) compared with motorway driving (2.02+0.41 fixations/s;
t = —6.847, p < 107%). These results align with prior findings on increased visual sampling and
cognitive load in urban environments [261-263].

Figure 5.6 further illustrate blink and fixation duration distributions. Blink durations were
marginally longer on the motorway (367.38+82.68 ms) than in the city (359.994+82.46 ms; t =
4.494, p =7 x 107%). Fixation durations exhibited a more pronounced difference, with longer
fixations on the motorway (390.84+385.23 ms) compared with city driving (343.574-331.27 ms;
t = 15.124, p < 107%). These patterns reflect sustained forward gaze during motorway driving

and more frequent visual scanning in urban environments.
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Figure 5.5: Blink and Fixation rates for all subjects across motorway and city driving.
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Figure 5.6: Blink and Fixation duration distributions for motorway and city driving.

Saccadic Movement Characteristics Across Scenarios

Saccade metrics are summarised in Figure 5.7. Motorway driving was associated with longer
saccade durations (99.60+108.93 ms) and larger amplitudes (11.18+11.34°) compared with city
driving (87.14£108.92 ms and 10.4649.71°, respectively). In contrast, saccade velocity was
higher in city environments (2403.99£1016.49 px/s) than on the motorway (2335.761+1064.29 px/s).
All observed differences were statistically significant (p < 107°), indicating distinct gaze dy-

namics driven by the visual and attentional requirements of each scenario.
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Figure 5.7: Saccade duration, amplitude, and velocity distributions for motorway and city driv-
ing.

Interpretation of Scenario Effects and Subject Variability

Taken together, the results demonstrate that both physiological and gaze-derived behavioural
metrics exhibit consistent scenario-dependent structure. City driving is associated with higher
HR and higher fixation rates, alongside faster saccades, indicating increased physiological arousal
and intensified visual sampling under dynamic traffic and complex scene demands. Conversely,
motorway driving is associated with higher blink rates and longer fixation and saccade dura-
tions, reflecting more sustained monitoring of the forward roadway with less frequent but longer
visual transitions.

The gaze results should be interpreted as behavioural indicators rather than direct ground-
truth labels of driver state. Higher fixation and saccade rates in city driving may reflect increased
visual scanning, whereas longer or less frequent gaze events on the motorway may reflect more
stable visual demand. These patterns support the use of multimodal fusion, since HR and gaze
features respond to different aspects of driving demand. The co-movement of the HR and gaze
indicators across scenarios, as shown in Figures 5.4, 5.5, 5.6, and 5.7, further supports the
premise that fusing the two modalities yields a more reliable state estimate than either modality
alone.

The subject-level patterns further indicate that individual differences, including driving ex-
perience and environmental conditions, can modulate both HR and gaze behaviour. These ob-
servations establish a baseline of multimodal variability across scenarios and participants and

directly motivate the need for decision-level integration of HR and gaze metrics to improve
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driver-state assessment.

5.5.2 Algorithm Behaviour and Sensitivity Analysis
Algorithm Configuration and Parameter Selection

The multimodal driver monitoring algorithm introduced in Section 5.4.2 was evaluated using the
collected real-world dataset to examine its internal consistency and practical behaviour under
realistic driving conditions. Because segment labels were generated using heuristic thresholds
rather than independent ground-truth annotations, the purpose of this evaluation is not to mea-
sure classification accuracy but to verify that the algorithm produces stable, interpretable outputs
when integrating physiological (HR) and behavioural (gaze) metrics. The analysis, therefore,
focuses on the consistency of decisions, sensitivity to parameter choices, and qualitative agree-
ment with observed driving conditions, while maintaining computational simplicity suitable for
real-time deployment.

Threshold values for each metric were not arbitrarily selected, but instead derived through a
combination of (i) scenario- and subject-level statistical analysis presented in Section 5.5.1, and
(i1) established normative ranges reported in the eye-tracking and driving literature. This dual
grounding ensures that the selected thresholds are both empirically supported by the collected
dataset and consistent with previously validated physiological and behavioural limits.

Normal driving segments were defined as those in which HR and gaze-derived metrics fell
within well-established ranges reported in prior studies [264,265]. For example, blink duration
thresholds were set to 100400 ms, a range widely reported as physiologically plausible during
attentive driving [264]. This choice was further supported by the empirical distribution observed
in this study, where blink durations exhibited a mean of 367.38 ms with a standard deviation of
82.68 ms during motorway driving (Figure 5.6), indicating that the selected bounds adequately
capture typical behaviour while excluding extreme outliers.

Similarly, the remaining thresholds were defined by jointly considering literature-based
norms and the statistical distributions observed in the dataset. Mean HR values between 65—
95 BPM were classified as normal, reflecting typical resting-to-moderate workload levels dur-
ing driving [208,214]. Fixation durations between 150-900 ms were adopted based on estab-
lished gaze behaviour during driving tasks [264]. Saccade-related thresholds, including duration
(0-100 ms), amplitude (0°-15°), and velocity (0-3000 px/s), were selected to encompass typi-
cal oculomotor behaviour while excluding extreme gaze shifts unlikely to reflect normal scan-
ning [265]. Segments in which one or more metrics exceeded these bounds were classified as
abnormal.

Beyond thresholding, the relative contribution of each modality to the final decision was con-
trolled through a weighted scoring scheme. HR was assigned the highest weight (wgr = 0.5)

due to its strong and consistent differentiation between city and motorway driving, as evidenced
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by the statistically significant scenario effect reported in Section 5.5.1 and the distinct HR dis-
tributions shown in Figures. 5.3 and 5.4. These findings indicate that HR is a sensitive indicator
of physiological response to varying driving demands.

Gaze metrics were assigned lower, yet complementary, weights (blink: 0.2, fixation: 0.2,
saccade: 0.1). This reflects the more subtle and partially overlapping scenario-dependent differ-
ences observed in blink, fixation, and saccade characteristics (Figures. 5.5, 5.6, and 5.7). While
gaze metrics alone may not uniquely identify internal driver state, their integration with HR
provides valuable contextual information that improves robustness.

In addition to statistical analysis, approximately 5% of the segments were manually reviewed
using synchronised dashcam footage to qualitatively examine the consistency of the algorithm
outputs with observable driving conditions. This manual inspection was not used as ground-
truth labelling, but rather as a limited sanity check to verify that segments classified as abnormal
generally corresponded to situations involving increased driving workload, such as traffic stops,
congestion, or complex urban manoeuvres, as illustrated in Figure 5.9. These observations
supported the interpretability of the algorithm decisions, but do not constitute a formal accuracy
evaluation.

Table 5.3 summarises the threshold ranges and metric weights used in the multimodal algo-
rithm. While these values provide a statistically justified and interpretable baseline, they are not
intended to be optimal or universal. Instead, they establish a transparent reference configuration
that can be refined in future work using larger datasets, personalised calibration strategies, or

learning-based optimisation methods.

Table 5.3: Threshold ranges and weights used in the multimodal driver monitoring algorithm.

Threshold Values
Metric Lower Bound Upper Bound
HR 65 BPM 95 BPM
Blink duration [264] 100 ms 400 ms
Fixation duration [264] 150 ms 900 ms
Saccade duration 0 ms 100 ms
Saccade amplitude [265] 0° 15°
Saccade velocity 0 px/s 3000 px/s

Metric Weights

HR 0.5
Blink 0.2
Fixation 0.2
Saccade 0.1

Segment-level labelling as normal or abnormal was performed automatically using the pro-
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posed multimodal algorithm (Algorithm 2) with the thresholds and weights described above.
The limited manual review served only as a qualitative consistency check and did not influence

algorithmic decisions.

Multimodal Classification Outcomes

The outputs produced by the proposed multimodal algorithm across all subjects and driving
scenarios are summarised in Figure 5.8. Because segment labels were generated using heuristic
thresholds without independent ground-truth annotations, these results should be interpreted as
an internal consistency analysis rather than a performance evaluation. From a total of 2,937 non-
overlapping segments of 10 s duration, 89.38% were classified as normal, while 10.62% were
classified as abnormal. A clear scenario-dependent pattern is evident, with a higher proportion
of abnormal segments occurring during city driving. This observation is consistent with the
elevated HR levels and increased visual and cognitive demands identified in the scenario-level
analysis presented in Section 5.5.1.

Subject-specific outcomes further illustrate the algorithm’s sensitivity to individual differ-
ences. Subject 3 exhibited the highest proportion of abnormal segments, with 24.73% classified
as abnormal during city driving and 20.16% on the motorway. This subject also showed the
highest mean HR values and drove under warm conditions without air conditioning, factors
that plausibly contributed to heightened physiological responses. In contrast, Subject 5, who
had more than 20 years of driving experience and drove an automatic vehicle, showed min-
imal abnormal classifications, with only 1.65% of city segments flagged and almost none on
the motorway. These subject-level trends closely mirror the physiological patterns discussed in
Section 5.5.1, reinforcing that the algorithm responds to meaningful variations in HR and gaze
behaviour rather than random fluctuations.

To further illustrate algorithm behaviour at the temporal level, representative real-time out-
puts are shown in Figures 5.9 and 5.10. Figure 5.9 depicts a typical city driving sequence in
which HR decreases during traffic stops and gaze metrics stabilise, leading to segments being
classified as normal. Conversely, transient HR increases during complex traffic situations re-
sult in short periods of abnormal classification. Figure 5.10 shows a motorway driving example
characterised by generally stable HR and gaze behaviour, with brief HR elevations producing
isolated abnormal classifications. Together, these examples demonstrate that the algorithm is re-
sponsive to short-term physiological changes while maintaining stability during steady driving

conditions.

Sensitivity Analysis and Parameter Optimisation

A sensitivity analysis was conducted to quantify the impact of key algorithm parameters on
classification behaviour and to assess the robustness of the proposed multimodal fusion strat-

egy. In particular, the analysis examined the influence of (i) the relative weighting assigned to
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Figure 5.8: Percentage of segments classified as normal and abnormal for each subject across
driving scenarios, illustrating inter-subject and inter-scenario variability under the defined
thresholds and weights.

HR and gaze-derived metrics and (ii) the decision threshold 6 used to distinguish between nor-
mal and abnormal segments. Because segment labels were generated using heuristic thresholds
rather than independent ground-truth annotations, this analysis does not aim to determine opti-
mal parameter values, but instead to examine how sensitive the algorithm outputs are to different
parameter choices. The results are summarised in Tables 5.4 and 5.5.

Table 5.4 shows the proportion of segments classified as normal for different allocations of
HR and gaze weights while keeping the decision threshold fixed at 8 = 0.5. The results demon-
strate that classification outcomes are highly sensitive to the balance between physiological and
behavioural contributions. When gaze metrics dominate the fusion process (e.g., HR weight =
0.1, gaze weight = 0.9), more than 92% of segments are classified as normal. As HR increases,
the proportion of normal segments decreases progressively. Notably, increasing the HR weight
to 0.6 or above results in a sharp reduction in normal classifications to approximately 64.79%.
This abrupt change is caused by the interaction between the weight allocation and the fixed de-
cision threshold 8 = 0.5. When the HR weight exceeds the threshold, the HR component alone
can dominate the decision score, meaning that segments classified as abnormal based on HR
are no longer compensated by gaze metrics. As a result, the classification behaviour changes
nonlinearly rather than gradually as the weight increases. This behaviour is consistent with the

strong scenario-dependent separation observed in HR distributions (Section 5.5.1), and indicates
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Figure 5.9: Real-time multimodal classification during city driving, illustrating HR stabilisation

during traffic stops and corresponding segment-level decisions based on the threshold 6.
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Figure 5.10: Real-time multimodal classification during motorway driving, showing predomi-
nantly stable HR with brief increases leading to transient abnormal classifications.



CHAPTER 5. MULTIMODAL FUSION FOR HUMAN-STATE MONITORING 140

that HR has a strong influence on the final decision within the current fusion configuration.

Table 5.4: Effect of HR and gaze weight allocation on the percentage of segments classified as
normal (6 = 0.5).

HR Weight Gaze Weight Normal Segments (%)

0.1 0.9 92.32
0.2 0.8 91.75
0.3 0.7 91.75
0.4 0.6 86.32
0.5 0.5 87.38
0.6 0.4 64.79
0.7 0.3 64.79
0.8 0.2 64.79
0.9 0.1 64.79

The sensitivity of the algorithm to the decision threshold 6 is illustrated in Table 5.5. As
0 increases from 0.30 to 0.80, the proportion of segments classified as normal decreases from
97.34% to 59.76%. Lower thresholds favour normal classifications by requiring fewer modali-
ties to agree, whereas higher thresholds enforce stricter agreement across HR and gaze metrics
before a segment is labelled as normal. This trade-off illustrates how the algorithm’s behaviour
changes under different parameter settings, rather than indicating that any single threshold value

is optimal.

Table 5.5: Effect of decision threshold 0 on the percentage of segments classified as normal.

Threshold (6) Normal Segments (%)

0.30 97.34
0.35 93.26
0.40 93.26
0.45 87.38
0.50 87.38
0.55 63.73
0.60 63.73
0.65 63.28
0.70 63.28
0.75 59.76
0.80 59.76

The sensitivity analysis confirms that both weight assignment and threshold selection have

a substantial impact on algorithm behaviour. Since the dataset lacks independent ground-truth
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annotations for driver state, the results cannot be used to identify an optimal parameter config-
uration. Instead, the analysis highlights parameter regions where the algorithm’s behaviour is
relatively stable and less sensitive to threshold variation, which is desirable for real-time moni-
toring applications.

The threshold 6 should be interpreted as an application-dependent operating parameter
rather than a fixed or universal value. Lower 6 values generate more normal classifications
and may be appropriate for exploratory monitoring or applications where false alarms must be
minimised, whereas higher 0 values require stronger agreement across modalities before a seg-
ment is considered normal, increasing sensitivity to abnormal states at the expense of a higher
alert rate; this is preferable in safety-critical screening where missing an abnormal-state segment
is costly. The flat regions identified in Table 5.5 (for example, 6 € [0.35,0.50] and [0.55,0.70])
indicate parameter bands over which behaviour is stable, which is desirable for real-time opera-
tion.

The configuration (wgr = 0.5, 8 = 0.5) was therefore selected as a balanced, stable operating
point for this pilot study rather than a globally optimal solution. In the absence of independent
ground-truth labels, 68 = 0.5 is adopted only as a balanced demonstration point and is the value
used to generate the reported results. These findings motivate future extensions toward adaptive
or data-driven parameter tuning strategies, where 6 could be tuned per application by optimising
against a target sensitivity/false-alarm operating point using externally labelled, event-annotated

datasets.

5.6 Summary

This chapter investigated multimodal human-state monitoring by integrating physiological and
behavioural metrics, focusing on HR and gaze-derived indicators collected during real-world
driving. A key strength of this study was the use of naturalistic on-road recordings rather than
simulator-based experiments. The dataset comprised approximately 480 minutes of real driving
across multiple sessions, vehicles, traffic conditions, and environmental settings, providing a rare
corpus of synchronised physiological and behavioural measurements captured under realistic
operating conditions. This allowed the analysis to reflect genuine driver responses rather than
simulator-induced behaviour, which was common in prior studies.

Statistical analysis revealed clear and consistent differences in both HR and gaze behaviour
across driving scenarios and subjects. City driving was associated with elevated HR, higher
fixation rates, and faster saccadic movements, reflecting increased cognitive and visual de-
mands, while motorway driving exhibited higher blink rates and longer fixation and saccade
durations, indicative of sustained attention and reduced environmental complexity. Substantial
inter-subject variability was also observed, demonstrating that driver state cannot be reliably

characterised using a single modality alone and motivating the need for multimodal fusion.
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Building on these observations, a lightweight real-time multimodal monitoring algorithm
was proposed and analysed. The algorithm integrates HR and gaze metrics using statistically
informed thresholds and a weighted decision-level fusion strategy. The resulting outputs were
consistent with the scenario-level statistical trends and with qualitative inspection of selected
driving segments, indicating that the multimodal approach can produce stable and interpretable
state estimates under realistic conditions. Because segment labels were generated using heuristic
thresholds rather than independent ground-truth annotations, the evaluation was presented as an
internal consistency validation rather than a formal accuracy assessment.

These results demonstrate that combining behavioural gaze indicators with physiological
HR measurements provides a more informative representation of driver state than unimodal
sensing, while maintaining computational simplicity suitable for real-time deployment. The
study establishes a transparent baseline for multimodal monitoring in naturalistic environments
and highlights the need for larger cohorts and external ground-truth annotations to enable fully

generalisable human-state monitoring systems.



Chapter 6

Conclusion and Future Work

6.1 Summary of Contributions

This thesis explored how FMCW radar sensing, combined with modern Al and signal process-
ing, can support non-invasive human monitoring across behavioural and physiological scales.
Section 1.3 defined three challenges: C1, multi-scale sensing from large-scale activities to phys-
iological micro-motions; C2, limited and heterogeneous radar datasets for learning-based gener-
alisation; and C3, the need for interpretable multimodal frameworks that integrate behavioural
and physiological cues in realistic environments. Chapters 3—5 addressed these challenges at

complementary levels.

Addressing C1: For large-scale monitoring (C1.1), Chapter 3 developed and evaluated a com-
plete FMCW radar-based pipeline for six everyday activities (walking, sitting, standing, bending
to pick an object, drinking, and falling). Radar returns were represented using three complemen-
tary two-dimensional inputs: TR maps (range FFT), TF maps derived using STFT, and higher-
resolution TF maps derived using SPWVD. These representations were systematically paired
with four well-known CNN architectures (VGG-16, VGG-19, ResNet-50, and MobileNetV2),
yielding twelve model-representation pairs. Under subject-wise evaluation, the resulting anal-
ysis quantified recognition performance alongside computational cost, including preprocessing
time, training time, and inference latency. A key finding was that SPWVD maps, despite achiev-
ing high recognition accuracy, incurred an impractical preprocessing cost for real-time use: gen-
erating SPWVD TF maps required 52.58 s per sample, compared with 0.22 s for STFT maps
and 0.035 s for TR maps. Consequently, the final design choice prioritised balanced end-to-end
efficiency rather than accuracy alone. The MobileNetV2 + STFT configuration (pair M8) pro-
vided the most favourable trade-off across preprocessing, training time per epoch, and inference
time, achieving around 96.30% accuracy with inference latency of only a few milliseconds per
sample, supporting practical real-time deployment constraints for C1.1.

For fine-grained monitoring (C1.2), the first part of Chapter 4 targeted driver-relevant seated

143



CHAPTER 6. CONCLUSION AND FUTURE WORK 144

upper-body and head motions. Using a single mmWave FMCW radar observing the upper
body, a dataset was collected from 15 subjects performing six kinematically similar head-and-
torso movements. A tailored pipeline transformed raw radar data into TF maps using STFT.
Given the limited dataset size, the learning component adopted transfer learning by fine-tuning a
lightweight MobileNetV?2 backbone; however, transfer learning alone was insufficient to achieve
robust subject-wise generalisation for this fine-grained task under pronounced data scarcity. To
reduce overfitting and improve separability, Chapter 4 therefore introduced a radar-specific adap-
tation of SpecAugment, applying time- and frequency-domain masking to TF maps to generate
physically plausible training variability. The augmentation factor was systematically varied,
with the best performance achieved at a factor of 10 (effectively expanding the training set
tenfold); beyond this point, additional augmentation produced diminishing returns and slightly
reduced accuracy. Under subject-wise evaluation, accuracy increased from 60% without aug-
mentation to 91.32% with the proposed augmentation strategy, indicating that TF-consistent
augmentation, combined with transfer learning, can materially improve discrimination of subtle
movements central to C1.2.

For physiological monitoring (C1.3), the second part of Chapter 4 addressed motion arte-
facts in radar-based vital sign estimation. Using an existing paediatric FMCW dataset, VMD
was integrated into the processing chain as an adaptive decomposition tool. After conventional
FMCW processing produced range-gated respiratory and cardiac signals, VMD decomposed the
signals into intrinsic mode functions, enabling suppression of motion-dominated components
while retaining HR- and RR-related components. Compared with a reference sensor, the VMD-
enhanced pipeline reduced MAE and RMSE by an average of more than 40% across HR and
RR in recordings containing motion. This demonstrates that decomposition-based processing

can improve robustness beyond band-limited filtering alone, directly supporting C1.3.

Addressing C2: To mitigate radar data scarcity (C2), this thesis combined transfer learning
and targeted augmentation. Chapter 3 leveraged transfer learning by fine-tuning pre-trained
CNN backbones on a public 5.8 GHz FMCW dataset and comparing performance across TR
and TF representations, while reporting recognition metrics together with preprocessing time,
training time, and inference latency. Chapter 4 complemented this with SpecAugment-inspired
TF masking for fine-grained monitoring, expanding the effective training distribution without
additional data collection. Together, these strategies provide practical, data-efficient mecha-

nisms for learning-based radar monitoring under limited labelled data.

Addressing C3: Chapter 5 addressed C3 by evaluating multimodal fusion of behavioural and
physiological cues in real driving, as an application of human monitoring. A synchronised
dataset was collected from five licensed drivers over approximately 480 minutes of mixed urban

and motorway routes, using a Polar H10 chest strap for HR and Pupil Labs Invisible eye-tracking
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glasses for gaze features. Scenario-based and subject-based analyses quantified how HR and
gaze metrics (blink, fixation, and saccade measures) vary across driving contexts. Building
on these findings, a weighted fusion algorithm combined HR and gaze features to produce a
continuous alertness score, with tunable decision thresholds and weights. This provides a proof-
of-concept pathway for real-time, multimodal driver-state monitoring grounded in behavioural
and physiological evidence.

Across Chapters 3-5, the thesis presented a staged progression from radar-only monitoring
to multimodal state assessment in a realistic environment. Chapter 3 defined a data-efficient
and computationally aware design space for large-scale HAM using FMCW radar. Chapter 4
extended radar monitoring to fine-grained movements and motion-robust physiological estima-
tion, using TF-consistent augmentation and VMD-based artefact mitigation. Chapter 5 then
demonstrated how behavioural and physiological indicators can be fused into an interpretable

human state metric, aligning radar sensing capabilities with the multimodal requirement of C3.

Achievement of Research Aims The research aims stated in Chapter 1 were achieved through
the combined findings of Chapters 3-5.

Aim 1 sought to investigate whether a data- and computationally-efficient Al-based radar
sensing framework could interpret the three scales of human motion, from large-scale activi-
ties to fine-grained movements, while also supporting reliable physiological monitoring under
motion-induced corruption. This aim was achieved through the results of Chapters 3 and 4.
Chapter 3 demonstrated that large-scale activities can be recognised accurately and efficiently
using FMCW radar with appropriate representation—-model pairings, while Chapter 4 extended
this capability to fine-grained upper-body motion and motion-robust physiological monitoring
through data augmentation and VMD-based signal decomposition.

Aim 2 aimed to evaluate data-efficient AI methodologies for radar-based human monitoring,
particularly under limited and specialised datasets. This aim was achieved by demonstrating
that transfer learning and targeted augmentation provide effective mechanisms for improving
generalisation in the presence of radar data scarcity. In Chapter 3, transfer learning enabled
robust classification across multiple radar representations and CNN backbones, while in Chap-
ter 4, radar-specific SpecAugment-inspired augmentation substantially improved subject-wise
recognition performance for subtle fine-grained activities.

Aim 3 aimed to investigate multimodal approaches for comprehensive human state assess-
ment by fusing behavioural and physiological signals into an interpretable decision framework.
This aim was achieved in Chapter 5, where HR and gaze features were analysed in real driving
conditions and integrated into a weighted fusion framework that produced a continuous alertness
score for real-time driver monitoring.

Taken together, these findings show that the thesis met its three research aims while also

resolving the broader challenge structure defined by C1, C2, and C3.
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6.2 Limitations and Future Work

Although this thesis provided coherent contributions across large-scale HAM, fine-grained mon-
itoring, vital sign estimation, and multimodal human monitoring, several limitations remained.

These motivate concrete future research directions aligned with residual aspects of C1-C3.

6.2.1 Limitations

Scope of radar hardware and deployment A deliberate choice in the radar-based studies
was to use a single transmit and single receive configuration in each experiment. This sim-
plifies processing and reduces data dimensionality, but limits spatial discrimination. Without
multiple channels, the system cannot exploit angle-of-arrival information to better localise tar-
gets, separate overlapping movers, or disambiguate posture and chest motion in cluttered scenes.
In addition, radar experiments were conducted in single-subject scenarios, which limits direct

generalisation to multi-person settings.

Large-scale monitoring Chapter 3 evaluated a single public dataset collected under con-
trolled indoor conditions using a 5.8 GHz SISO FMCW radar and a six-class activity taxonomy.
While subject-wise evaluation was applied, cross-environment and cross-device shifts (place-
ment, room layout, hardware variation) were not studied. Timing metrics support computational
conclusions, but energy consumption was not measured on embedded hardware. The study also
focused on TR and TF representations derived from a single range-gating strategy and did not
investigate learning directly from the raw radar cube, model quantisation, pruning, or on-device

benchmarking.

Fine-grained monitoring The fine-grained study in Chapter 4 demonstrated strong subject-
wise performance for six seated upper-body and head movements. Still, data were collected in
an indoor setup that emulated a driving posture rather than in a moving vehicle. Consequently,
the model was not exposed to in-cabin vibration, road-induced motion, or vehicle-specific clut-
ter. The dataset size and the number of activity classes remain limited, and radar representation
maps were derived from a single effective channel, discarding angle cues that could improve
separability among confusable classes, such as leaning left or right. The approach has not yet
been evaluated in multi-target or multi-occupant scenarios, and no real-time embedded imple-

mentation has been performed.

Motion-robust vital sign estimation The VMD-based vital sign pipeline was validated on a
paediatric dataset and applied after the radar conventional vital sign estimation pipeline rather
than directly to raw IF data. This limits conclusions about information preservation across the

full processing chain. The dataset was collected from children in an indoor setting, limiting
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generalisation to adult or dynamic scenarios. While the proposed approach clearly improves
robustness to motion, it remains an offline approach, and its real-time feasibility on low-power

hardware remains open.

Multimodal HR-gaze monitoring Chapter 5 used a considerable amount of real-world driv-
ing data, but the cohort size was small and demographically narrow. All participants in the study
were male, which limits the generalisability of the findings. In addition, the fusion algorithm
used manually selected weights and thresholds, and driving segments were labelled using heuris-
tic criteria rather than external ground-truth annotations for distraction or fatigue. As a result, the
evaluation primarily demonstrates internal consistency of the proposed framework rather than
classification accuracy. A more rigorous assessment would require externally validated labels,
such as fatigue events, PERCLOS-based eye-closure measures, or expert annotation of driver
state.

Furthermore, radar was not utilised as a non-intrusive modality in this multimodal study,
indicating that the framework does not yet constitute a fully non-contact, user-compliant moni-
toring solution. Future work should therefore integrate radar as a physiological sensing modality
within the behaviour—physiology fusion framework.

More broadly, the thesis established effective solutions at large-scale, fine-grained, and phys-
iological scales, but did not yet deliver a single multi-scale radar front end capable of operating
across all three simultaneously. Dataset scarcity remains a field-wide bottleneck, particularly for
multimodal radar datasets that include behavioural and physiological signals in realistic environ-
ments. Finally, multimodal fusion was validated only for HR—gaze, and both personalisation and

radar integration remain limited.

6.2.2 Future Work

Future research can build on these contributions along several connected directions that prioritise

deployment realism, robustness to domain shift, and multimodal integration.

Energy-aware and edge-optimised system Chapter 3 quantified preprocessing and inference
latency but did not measure energy consumption. Future work should deploy the most promising
model-representation pairs (for example, MobileNetV2 with STFT-based TF maps) on embed-
ded platforms and report power—latency—accuracy trade-offs using direct measurements. Prac-
tical extensions include post-training quantisation, pruning, and hardware-aware optimisation,
with evaluation based on energy per inference and energy per correct decision under subject-

wise and cross-environment protocols.

Adaptive pre-processing and multi-scale representations Future work should explore learn-

able front ends that operate closer to the radar cube and jointly optimise range selection, tempo-
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ral filtering, and TF feature extraction. For motion-robust vital signs, applying VMD and related
decomposition directly to raw complex radar channels may improve separation between motion
artefacts and physiological components. A unified objective is to produce a single radar front

end that yields informative features for C1.1-C1.3 without separate, task-specific pipelines.

From SISO to MIMO for spatial disambiguation A transition to multi-channel FMCW
radars can enable spatial discrimination that supports posture, limb dynamics, head orienta-
tion, and chest motion within the same sensing volume. Future work should quantify the extent
to which angular information improves separability for confusable fine-grained classes and how
MIMO processing affects computational budgets. Efficient strategies include dimensionality re-

duction and hierarchical pipelines that trigger higher-cost spatial processing only when needed.

Richer datasets and realistic evaluation protocols Future work should develop and release
larger datasets that utilise only radar to capture physiological and behavioural metrics across
more diverse scenarios, including real in-vehicle collection with broader driver demograph-
ics, vehicle types, and secondary-task conditions. Benchmarking should include subject-wise,

session-wise, and cross-environment splits, enabling credible assessment of generalisation.

Privacy-preserving deployment Although the experimental studies in this thesis were con-
ducted with consented, opt-in participants, the proposed methodology should be understood
within a broader privacy-, safety-, and security-aware deployment framework. Radar sensing is
comparatively privacy-preserving relative to camera-based monitoring because it captures mo-
tion and physiological signatures rather than directly identifiable imagery. However, radar data
may still reveal sensitive behavioural or health-related information, and real-world deployment
should therefore include explicit informed consent, a clear right to opt out, on-device or edge
processing where possible, and retention policies that prioritise derived state scores over raw
radar data. These measures align the proposed approach with data-minimisation principles and

reduce unnecessary exposure of participant information.

Security and safe operation deployment Beyond data governance, deployment in ambient-
assisted living, clinical, and in-vehicle environments also requires appropriate regulatory and
electromagnetic compatibility assessments. Radar devices should be operated within the rele-
vant spectrum-use conditions and assessed for coexistence with nearby communication, elec-
tronic, and medical devices. In addition, security must be considered because radar-based mon-
itoring can be vulnerable to intentional interference. For example, jamming could degrade the
received signal and reduce monitoring reliability, while spoofing could introduce fabricated re-
flections that lead to false activity or vital-sign estimates. Robustness against such attacks is

therefore identified as an important direction for future work. Together, privacy governance,



CHAPTER 6. CONCLUSION AND FUTURE WORK 149

regulatory compliance, EMC assessment, and security resilience are necessary prerequisites for

deploying the proposed radar-based monitoring methods in the real world.

Personalisation and uncertainty-aware inference Inter-individual variability strongly af-
fects radar signatures of physiological and movement baselines. Future work should investigate
mechanisms for personalising thresholds and model parameters over time, using limited super-
vision or self-supervised adaptation. Uncertainty-aware decision making can further improve
safety by enabling calibrated confidence and conservative behaviour when signals are degraded

or contradictory.

Towards a unified, multi-scale, multimodal AI-radar framework Ultimately, the strands
of work in this thesis can be unified into a single architecture in which a radar front-end produces
a multi-scale representation of human activity and state. Large-scale activities, fine-grained
gestures, and vital signs would be interpreted using a single radar, and the resulting inference
would feed into a decision layer that estimates risk, abnormality, or clinical relevance. Realising
this vision will require advances in radar hardware utilisation (including MIMO), multi-scale
and multimodal feature learning, energy-efficient deployment, and rich datasets. Nevertheless,
the results presented in Chapters 3 to 5 demonstrate that each of the fundamental components
is feasible. The future directions outlined above chart a path from current prototype systems to
robust, widely deployable human-centric monitoring solutions that fully exploit the potential of

Al and radar for non-invasive, fine-grained human state monitoring.
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