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Abstract

Parkinson’s disease (PD) is a progressive neurodegenerative disorder affecting the basal ganglia
and resulting in motor symptoms such as bradykinesia, rigidity, and tremor. Among its most
disabling manifestations, freezing of gait (FoG) is characterized by brief episodes of gait arrest
despite the intention to move, thus significantly increasing fall risk and compromising patients’
autonomy.

Its pathophysiology remains unclear, involving disrupted cortical-subcortical communication
and impaired motor control. The transient and context-dependent nature of FoG makes
objective, multimodal assessments essential to improve its characterization and clinical
management.

The aim of this study was to characterize FoG in individuals with PD using a multimodal
approach based on the simultaneous and equally weighted acquisition of functional near-
infrared spectroscopy (fNIRS), surface electromyography (SEMG), and inertial measurement
unit (IMU) signals.

Eleven patients with PD were enrolled in this preliminary study, including four individuals who
reported experiencing FoG episodes on daily basis (PD-FoG group) and seven patients with no
experience with FoG (PD-noFoG group). Participants completed seven motor tasks: four
single-task (purely motor) conditions and three dual-task (DT) conditions in which a cognitive
task was combined with the primary motor task, specifically designed to elicit FoG episodes.

All recorded signals underwent dedicated preprocessing pipelines to ensure data quality and
synchronization across modalities. fNIRS data were processed using the NIRSTORM toolbox,
including artifact and non-physiological components removal, 3D reconstruction of cortical
activation maps, and statistical analyses to quantify task-related activation at the single-subject
level and to compare activation patterns across groups. IMU data were processed to identify
gait events (turn and walk phases) and to detect steps. EMG data underwent standard EMG
processing, with filtering, normalization and envelope extraction.

Considering the machine learning analysis, fNIRS, EMG, and IMU data were segmented into
fixed-length epochs, from which modality-specific feature vectors were extracted. These
features were then concatenated to form multimodal representations and used to train and
validate ML models through a leave-one-subject-out cross-validation strategy. The binary
classification aimed to distinguish between “FoG” and “noFoG” epochs, while a multi-class
configuration, including a “preFoG” class, was implemented to enable early prediction of
upcoming freezing events.

Ground-truth labels were derived from video annotations independently performed by two
trained evaluators, ensuring reliable identification of “FoG” and “preFoG” events, subsequently
used to validate ML models.

Cortical B-maps analysis, both at the single subject level and within PD-FoG group, revealed
increased activation in prefrontal, premotor, and supplementary motor regions during FoG
episodes, consistent with models of impaired automaticity and compensatory frontal
recruitment. Between groups contrasts revealed statistically significant differences in non-FoG
conditions, suggesting that subjects with FoG may experience different activation patterns in
brain activity also when not experiencing freezing episodes.



ML results showed high performance in detecting FoG episodes: in the binary task, multimodal
models achieved robust generalization across subjects, with k-nearest neighbors and random-
forest classifiers yielding the highest balanced accuracy (97-98% mean and 2.7% standard
deviation across folds). Extending the framework to the three-class problem confirmed the
possibility of identifying preFoG states, although with lower performance (balanced accuracy
between 76% and 84%) and higher inter-subject variability (6-9%).

Overall, this preliminary study supported the feasibility and added value of a fully multimodal
framework for the detection of FoG in PD. Capturing different signatures of gait, our approach
moves beyond purely clinical assessments and provides a more comprehensive description of
freezing episodes. These findings paved the way for larger-scale studies with the long-term goal
of informing personalized rehabilitation strategies and interventions to reduce FoG burden and
improve patients’ autonomy.
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1 Parkinson’s disease and Freezing of Gait

1.1 Parkinson’s disease

PD is a progressive neurodegenerative disorder of the central nervous system, caused by the
degeneration of dopaminergic neurons in the substantia nigra pars compacta (SNpc), which
leads to a reduction in dopamine levels within the nigrostriatal pathway, crucial for the
regulation of voluntary movement [1].

PD is clinically characterized by the main motor symptoms of bradykinesia, muscle rigidity,
resting tremor, and postural instability. However, it is now widely recognized that PD is a
multisystem disorder, with neurodegeneration extending beyond the dopaminergic system.
Consequently, a broad spectrum of non-motor symptoms, including cognitive, affective,
autonomic, and sleep-related disturbances, can accompany or even precede motor symptoms,
contributing significantly to reduce patients’ quality of life [2].

1.1.1 Neuropathology and pathophysiology

Post-mortem neuropathological examination reveals a severe depigmentation of neurons in the
SNpc, the striatum, the globus pallidus and the thalamus, and the presence of Lewy bodies,
abnormal inclusions composed of misfolded a-synuclein, a presynaptic protein that aggregates
into insoluble fibrils [3][4].
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Figure 1.1 Neuroanatomy of the PD's most affected regions [5]

The Braak staging hypothesis proposes that a-synuclein pathology progresses in a predictable
pattern, starting from the olfactory bulb and lower brainstem, and spreading to the midbrain and
cerebral cortex [6]. This pattern aligns with the gradual emergence of non-motor and motor
symptoms during disease progression.

The loss of dopaminergic neurons in the SNpc results in dopamine level reduction in the
striatum (composed of caudate and putamen), unbalancing excitatory and inhibitory pathways
within the basal ganglia circuitry. According to the Albin-DeLong model, this imbalance leads
to an excessive inhibition of the thalamus and reduced activation of the motor cortex [7][8].



1.1.2 Clinical features

PD is a clinically heterogeneous disorder characterized by a wide range of symptoms, which
are typically categorized as motor and non-motor (Figure 1.2).
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Figure 1.2 Clinical symptoms and time course of Parkinson’s disease progression [1]

1.1.2.1 Non-motor symptoms

Non-motor symptoms often appear years before the onset of motor manifestations, offering
potential biomarkers for early or prodromal PD [9]. They tend to persist and worsen as the
disease advances, particularly in older patients, and represent a major determinant of quality of
life.

Common non-motor features include:

e Constipation

e Olfactory dysfunction (hyposmia)

e REM sleep behavior disorder (RBD)

e Depression

e Autonomic disturbances
Their early recognition is crucial, as these symptoms may reflect the involvement of extranigral
structures, in line with Braak’s hypothesis of disease spread [10].

1.1.2.2 Motor symptoms

The core motor symptoms of PD have been recognized since the 19th century, with James
Parkinson’s original description in 1817 and further clinical delineation by Jean-Martin Charcot
[11].

These manifestations typically include:

e Bradykinesia

e Muscle rigidity

e Resting tremors

e Postural instability
e Gait impairment



Since their expression varies among individuals, researchers and clinicians have devoted efforts
into defining PD subtypes, such as tremor-dominant and non-tremor-dominant (or postural
instability gait disorder, PIGD) [12].

1.1.3 Diagnosis

PD diagnosis is based on the recognition of its characteristic motor features and the exclusion
of other parkinsonian syndromes.

The main diagnostic features include bradykinesia, in combination with either resting tremor
or muscle rigidity. These symptoms usually present asymmetrically and respond to
dopaminergic therapy, which further supports the diagnosis [13].

The Movement Disorder Society (MDS) Clinical Diagnostic Criteria, introduced by Postuma
and colleagues [14], provides a standardized guide for PD diagnosis:

1. The identification of parkinsonism (bradykinesia plus rest tremor or rigidity)
2. The assessment of supportive criteria, exclusion criteria, and red flags.

Supportive criteria include a clear response to levodopa, the presence of levodopa-induced
dyskinesias, or the presence of rest tremors, while exclusion criteria include features atypical
for PD, such as early severe autonomic failure, early falls, or supranuclear gaze palsy.

1.1.3.1 Imaging
While neuroimaging is not used for PD diagnosis it can be helpful in uncertainty cases:

e Dopamine transporter single-photon emission computed tomography (DaT-SPECT)
provides in vivo estimation of dopaminergic loss and it is useful to distinguish PD from
conditions without nigrostriatal degeneration [15].

e Magnetic resonance imaging (MRI) is not specifically used to diagnose PD but can help
excluding atypical or secondary parkinsonisms.

e Molecular imaging and biomarker research have shown promise in supporting early or
differential diagnosis [16].

1.1.3.2 Clinical Rating Scales

Clinical evaluation of PD employs standardized rating instruments that quantify both motor and
non-motor impairment.

The most important and widely used are the Hoehn and Yahr (H&Y) scale and the Movement
Disorder Society-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS), which provide
complementary information on disease severity and progression [17].

1.1.3.2.1 Hoehn and Yahr

The H&Y scale, first introduced in 1967, remains one of the simplest and most reproducible
measures of global disease stage [18].

It classifies PD severity into five stages, ranging from unilateral involvement (stage 1) to
complete dependence or confinement to a wheelchair or bed (stage 5). Intermediate stages
reflect increasing bilateral involvement and postural instability. Higher stages correlate with



greater motor disability and a higher likelihood of non-motor complications such as cognitive
decline and depression [19].

A modified version (mH&Y), introduced in the 1990s, adds 0.5-point increments, improving
sensitivity to clinical changes and better capturing the transition between stages 2 and 3 [19].

H&Y mH&Y B N
Stage Stage Clinical Description

1 1 Unilateral involvement only, minimal or no functional disability
1.5 Unilateral and axial involvement

2 2 Bilateral or midline involvement without impairment of balance
2.5 Mild bilateral disease with recovery on pull test

3 3 Mild to moderate bilateral disease with postural instability;

physically independent
4 4 Severe disability; still able to walk or stand unassisted
Wheelchair-bound or bedridden unless aided

Table 1.1 H&Y and mH&Y scales.

1.1.3.2.2 Movement Disorder Society-Unified Parkinson’s Disease Rating Scale

The MDS-UPDRS represents the most comprehensive and widely validated tool for assessing
Parkinson’s disease [17].

The scale is divided into four parts, covering the full spectrum of PD manifestations:

e Part I - Non-Motor Experiences of Daily Living: Assesses behaviors and symptoms
such as cognition, mood, sleep, and autonomic function. Subsection IA is clinician-
rated, while IB is patient-reported.

o Part II - Motor Experiences of Daily Living: Evaluates how motor symptoms affect
routine activities, independence, and quality of life.

o Part III - Motor Examination: Involves assessment of rigidity, bradykinesia, tremor,
gait, and posture.

e Part IV - Motor Complications: Captures fluctuations, dyskinesias, and dystonia,
summarizing their impact over the previous week.

1.1.4 Treatments

The treatment of PD is primarily symptomatic, aiming to restore dopaminergic function and
alleviate both motor and non-motor symptoms. Despite significant therapeutic advances, no
current intervention is able to reverse the underlying neurodegenerative process [1].

1.1.4.1 Pharmacological therapy

The cornerstone of PD management is dopaminergic replacement therapy, most commonly
with levodopa, a dopamine precursor administered in combination with a peripheral

5



decarboxylase inhibitor such as carbidopa or benserazide, which remains the most effective
medication for improving motor symptoms and quality of life in PD patients [20].

However, with chronic use, complications such as motor fluctuations and levodopa-induced
dyskinesias often emerge, typically after several years of therapy [21].

Alternative pharmacological approaches are dopamine agonists, that directly stimulate
dopamine receptors, and monoamine oxidase B (MAO-B) inhibitors and catechol-O-
methyltransferase (COMT) inhibitors, which reduce dopamine breakdown, prolonging its
effect. These agents are often used as adjunctive or early monotherapy in younger patients to
delay levodopa-related complications [22].

For non-motor symptoms, pharmacological treatments are managed according to symptom
type: antidepressants for mood disorders, cholinesterase inhibitors for cognitive impairment,
and medications targeting autonomic or sleep disturbance [2].

1.1.4.2 Surgical therapy

When medical treatment becomes insufficient to control motor complications, deep brain
stimulation (DBS) is often used as a surgical option. DBS consists in high-frequency electrical
stimulation of specific subcortical targets, as the subthalamic nucleus (STN).

This intervention restores the functional balance of the basal ganglia network, leading to
significant improvement in motor symptoms and reduction of medication requirements
[23][24].

1.1.4.3 Rehabilitation and non-pharmacological management

A multidisciplinary approach is fundamental in PD management. Physical therapy helps
maintain mobility, balance and independence, while speech and swallowing therapy address
dysarthria and dysphagia.

Regular exercise and physiotherapy have been shown to enhance motor performance and may
exert neuroprotective effects by promoting neuroplasticity [25][26].

Moreover, cognitive-behavioral interventions and patient education can mitigate anxiety,
depression, and apathy, contributing to overall quality of life.

Although current treatments are highly effective in alleviating symptoms, disease progression
ultimately leads to increasing disability. Emerging therapeutic strategies, including gene
therapy, cell replacement, and neuroprotective agents targeting a-synuclein aggregation, are
under investigation but remain experimental [27].



1.2 Freezing of Gait

1.2.1 Clinical Description

FoG is defined as a “brief, episodic absence or marked reduction of forward progression of the
feet despite the intention to walk” [28]. During a FoG episode, patients often describe the
feeling that their feet are “glued to the floor”, unable to initiate or continue stepping.

FoG episodes usually last from a few to tens of seconds, and their unpredictable occurrence can
lead to loss of balance and falls, representing a sensitive problem for the mobility and
independence [29].

Clinically, FoG is a heterogeneous symptom, which can manifest as:

e Akinetic FoG, where stepping completely ceases.

e Kinetic FoG, in which ineffective, trembling, or shuffling leg movements occur without
meaningful forward motion.

e A mixed form, with alternating patterns during a single episode [29].

FoG typically occurs under specific triggering conditions, such as gait initiation, turning,
approaching narrow passages like doorways, or in dual-task situations that requires greater
cognitive load. Emotional states like stress or anxiety can facilitate its occurrence, while
external cues, such as rhythmic auditory or visual signals, may help overcome the freezing
episode [30].

The prevalence of FoG increases with disease duration and severity, affecting approximately
30-50% of patients with advanced PD [31]. It is also important to specify that not all PD patients
develop FoG, suggesting distinct neurophysiological or cognitive profiles that predispose
certain individuals.

1.2.2 Pathophysiology

The pathophysiology of FoG extends beyond the typical PD dopaminergic deficit. FoG 1is
thought to be caused by interruption in communication between cortical, subcortical, and
brainstem locomotor regions, that leads to a failure in the transition from motor planning to
motor execution [32].

Functional imaging and electrophysiological studies have identified abnormal connectivity
within a distributed gait network that includes the supplementary motor area (SMA) and pre-
SMA (involved in movement initiation), basal ganglia, and mesencephalic locomotor region
(MLR), particularly the pedunculopontine nucleus (PPN) [33][34][35].

Disruption of these circuits impairs the generation of rhythmic stepping, forcing patients to rely
on cognitive control to maintain movement. When attentional or executive resources are taxed,
such as during DT, this compensatory mechanism fails, triggering a FoG episode [34][36].

1.2.3 Assessment and Quantification

The assessment of FoG is challenging because, given its episodic and context-dependent nature,
it may not occur during routine clinical examinations, requiring the use of standardized scales
or FoG-eliciting protocols to capture its presence and severity. Clinical evaluation relies on both
subjective reports and objective observation.



1.2.3.1 Clinical assessment

The most commonly used tool is the New Freezing of Gait Questionnaire (NFOG-Q), which
combines patient self-report and video-based examples to evaluate the frequency, duration, and
functional impact of FoG [37]. It provides a semi-quantitative measure that correlates well with
disease severity and motor fluctuations [38].

In addition, FoG severity is estimated through two specific items of the MDS-UPDRS,
particularly item 2.13 (freezing during daily activities) and item 3.11 (freezing during
examination) [17].

Although these clinical instruments are simple and widely adopted, they depend on patient
recollection and examiner interpretation, which may limit reproducibility and ecological
validity.

1.2.3.2 FoG eliciting task-based testing

To overcome these limitations, provocative gait tasks are often employed in laboratory or
clinical settings. Such protocols include gait initiation, turning, passing through narrow
doorways, or dual-task walking, as these are the conditions that could most likely elicit [29][39].

Combining these tasks with video recordings allows for standardized expert rating of FoG
episodes, enhancing inter-rater reliability. However, these approaches remain time-consuming
and environment dependent [39][40].

1.2.3.3 Instrumented assessment

In recent years, several instrumented approaches have been developed to provide objective
quantification of FoG episodes using wearable sensors or physiological recordings. These
systems, typically based on IMUs, or electrophysiological signals, allow continuous monitoring
and characterization of gait dynamics in both clinical and real-world conditions [41][42].

Although these methods have significantly advanced the understanding of FoG, their clinical
adoption remains limited, and further research is needed to optimize detection algorithms and
integrate multimodal data.

1.2.4 Rehabilitation and Management Strategies

The management of freezing remains particularly complex, as it often persists despite optimized
dopaminergic therapy and reflects mechanisms that extend beyond the dopaminergic system
[29][32].

Consequently, treatment focuses on individualized, multidisciplinary strategies aimed at
compensating for the disrupted coordination between motor and cognitive systems.

1.2.4.1 Pharmacological and surgical interventions

Medication adjustments can reduce episodes related to “off” fluctuations, but freezing
frequently appears in “on” states. Adjunctive treatments such as MAO-B inhibitors, dopamine
agonists, or amantadine have shown inconsistent results, and no specific drug has proven
consistently effective [31].
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Surgical stimulation of subcortical structures may alleviate certain gait impairments, but results
on freezing are variable. Experimental stimulation of the PPN has yielded only partial and
heterogeneous benefits [43][44].

1.2.4.2 Cueing and physiotherapeutic interventions

External cueing remains the most effective non-pharmacological strategy to overcome freezing.
There are three kinds of external cueing: visual, auditory, and tactile cues help restore rhythmic
stepping and movement initiation by providing external stimuli that substitutes impaired
internal control [45].

Physiotherapy programs emphasize task-oriented gait training, dual-task exercises, and
compensatory strategies to re-establish movement continuity, also exploiting new technologies,
as virtual reality and augmented feedback systems to simulate triggering contexts, improving
adaptability and motor-cognitive coordination [46].

1.2.4.3 Cognitive and behavioral approaches

Since freezing is strongly influenced by deficits in executive control and attention, cognitive
interventions have become increasingly relevant. Training focused on attention shifting,
response inhibition, and working memory can strengthen compensatory control of gait [36][47].

Behavioral strategies such as mental imagery, rhythmic counting, or large amplitude stepping
help reinitiate movement during episodes, while interventions targeting anxiety and stress can
reduce their occurrence [48].

1.2.4.4 Multimodal rehabilitation

Current evidence shows the effect of integrative rehabilitation combining physical, cognitive,
and technological components, merging cueing and cognitive engagement into personalized
frameworks designed to address the multiple dimensions of freezing [32].



2 Biosignals

2.1 Functional Near-Infrared Spectroscopy

2.1.1 Introduction and physiological basis

fNIRS is a non-invasive optical neuroimaging technique that measures brain activity indirectly
by detecting changes in cerebral blood oxygenation. It relies on the physiological principle of
neurovascular coupling, according to which localized increase in neuronal activity leads to
corresponding changes in regional cerebral blood flow and oxygen consumption [49][50].

During neuronal activation, energy demand increases and triggers a compensatory vascular
response mediated by neurovascular and metabolic mechanisms, that result in an increase in
oxyhemoglobin (HbO) and a decrease in deoxyhemoglobin (HbR) concentrations in the local
microvasculature. These hemodynamic changes, which occur within a few seconds of stimulus
onset, serve as indirect markers of neuronal activity [51][52].

In order to probe cortical hemodynamics, fNIRS exploits this coupling by using near-infrared
(NIR) light, typically in the 700-900 nm range, where biological tissues such as skin, skull, and
cerebrospinal fluid (CSF) exhibit minimal absorption. Within this optical window, HbO and
HbR are the primary chromophores, each with distinct absorption spectra. By measuring
changes in the intensity of light reflected or transmitted through cortical tissue, fNIRS can
estimate variations in their relative concentrations and, consequently, infer localized brain
activation patterns [53].
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Figure 2.1 Absorption Spectra of Hemoglobin [54]

The technique measures hemodynamic responses in the superficial layers of the cortex,
generally up to a depth of 1-2 cm beneath the scalp, depending on the distance between light
sources and detectors. Although it does not provide direct neuronal recordings as
electroencephalogram (EEG) does, or the whole-brain spatial coverage of fMRI, fNIRS offers
a unique balance between temporal resolution, portability, and tolerance to motion, making it
particularly suitable for studies in naturalistic environments, including motor control and gait-
related paradigms [55][56].

2.1.2 Physical and Optical Principles of NIRS

The fNIRS signal originates from the interaction between near-infrared light and biological
tissue, a process governed primarily by absorption and scattering phenomena. When NIR
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photons enter the scalp, they undergo multiple scattering events due to the heterogeneous
composition of the head, including scalp, skull, CSF and cortical tissue, resulting in a diffuse
propagation of light.

A fraction of the photons re-emerges and can be detected at the scalp surface, carrying
information about the optical properties of the underlying tissue.
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Figure 2.2 Schematic representation of photon scattering and absorption in head tissues during fNIRS measurement. [57]

In the NIR spectral window, tissue absorption is relatively low, allowing photons to penetrate
up to a few centimeters beneath the surface before being either absorbed or reflected. Within
this window, the main absorbers are HbO and HbR, whose distinct absorption spectra (Figure
2.1) form the basis for estimating their relative concentration changes.

Scattering, on the other hand, is primarily due to variations in refractive index between cellular
structures and interstitial fluid, and it dominates over absorption by several orders of magnitude.
Consequently, light propagation in biological tissue is best described as a diffusion process
rather than simple straight-line transmission.

2.1.2.1 The “Banana-Shaped” Sensitivity Profile

Due to this highly scattering nature of biological tissue, photons emitted from a source follow
complex, random trajectories before reaching a detector. The ensemble of these photon paths
defines a characteristic “banana-shaped” sensitivity profile (Figure 2.3), with the highest
sensitivity located midway between the source and detector and extending to a depth of
approximately half their separation distance. This geometry determines the cortical region that
contributes most strongly to the measured signal and explains why fNIRS is mainly sensitive
to superficial cortical layers [58][59].
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Figure 2.3 Schematic representation of the “banana-shaped” light path between a source and three detectors at different
distances [57]

2.1.2.2 The Modified Beer—Lambert Law

To relate measured light intensity to changes in chromophore concentration, fNIRS relies on
the Modified Beer-Lambert Law (MBLL) [60]. This model assumes that the attenuation of light
intensity (AA) is proportional to the pathlength (L) through the medium and to the change in
the medium absorption, which depends on the variation in HbO and HbR concentrations:

Equation 2.1 Modified Beer-Lambert Law (MBLL)

where g0 and egpr are the molar extinction coefficients of HbO and HbR at wavelength A,
and DPF (Differential Pathlength Factor) accounts for the increased photon pathlength due to
scattering. The DPF depends on wavelength, age, and tissue type, and it is typically determined
empirically or taken from literature values [61].

2.1.2.3 Limitations of Simplified Optical Models

Although the MBLL provides a convenient linear approximation for continuous-wave systems
[62], it rests on simplifying assumptions, like homogeneous tissue optical properties, constant
scattering, and a well-defined mean optical pathlength. In reality, light propagation in the head
is far more complex, with different tissue layers contributing differently to absorption and
scattering [63][64].

For this reason, more sophisticated models based on diffusion approximation have been
developed to more accurately describe photon migration in tissue.

2.1.2.4 Advanced 3D Reconstruction in fNIRS

To overcome the limitations inherent in simplified models such as the MBLL, more advanced
approaches conceptualize fNIRS as a tomographic imaging problem. These methods,
commonly referred to as diffuse optical tomography (DOT) or 3D fNIRS reconstruction, aim
to estimate spatial maps of absorption changes (and therefore hemodynamic activity) within the
cortical volume or surface from scalp-measured optical signals.
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2.1.2.4.1 Forward modeling: Monte Carlo and diffusion-based simulations

The forward problem consists in modeling how local variations in the absorption coefficient
within the head affect the measured optical density changes at each detector. This is expressed
through a sensitivity matrix that quantifies the contribution of each voxel to each source-
detector pair.

Monte Carlo photon propagation simulations are widely recognized as the gold standard for
modeling light transport in heterogeneous biological tissues [64]. By randomly sampling
photon trajectories through the different tissue layers (scalp, skull, CSF, gray and white matter)
these simulations compute maps of fluence and sensitivity profiles for each channel.

Each layer is characterized by specific optical properties, as the absorption (p.) and reduced
scattering (") coefficients, typically derived from literature or experimental measurements
[65][66].

These parameters, summarized in Table 2.1 , are essential inputs for the Monte Carlo model
and critically determine the spatial distribution of light fluence and the resulting sensitivity of
each channel.

Ha @760 nm W's @760 nm Ha @850 nm W's @850 nm

Background 0.0000 0.000 0.0000 0.000
Scalp 0.0159 10.00 0.0191 8.25
Skull 0.0101 12.50 0.0136 10.75
CSF 0.0004 0.125 0.0026 0.125

Gray matter 0.0178 15.625 0.0186 13.875

White matter 0.0178 15.625 0.0186 13.875

Table 2.1 Optical properties of cerebral tissues at two different wavelengths [65][67]

Alternative numerical implementations rely on the diffusion approximation of the radiative
transport equation, valid under the condition of high scattering (5" > ), and are often solved
using finite element or finite difference methods [63][64].

2.1.2.4.2 Inverse reconstruction: MNE, MEM and regularization approaches

Once the forward sensitivity matrix is computed, the inverse problem involves estimating the
spatial distribution of absorption changes that best explain the measured optical signals. This is
typically expressed as:

Y=A4AX+e

where Y represents the measured changes in optical density, A the sensitivity matrix, X the
unknown HbO/HbR changes across voxels, and e the residual error term.

Among the most common inversion strategies are Minimum Norm Estimate (MNE) and
Maximum Entropy on the Mean (MEM) which differ in the constraints they impose on the
solution [68][69].

o MNE seeks the solution with minimal overall energy by minimizing the cost function
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where A controls regularization strength. Depth-weighting or spatial priors are often applied to
mitigate the bias toward superficial cortex [59].

e MEM extends this approach by introducing entropy-based priors, promoting spatial
smoothness and physiologically plausible activation patterns [69][70]. These methods
have shown improved localization and reduced spatial blurring compared to standard
MNE, particularly under low signal-to-noise conditions.

Because the inverse problem is intrinsically ill-posed, proper regularization and prior
information (e.g., anatomical constraints or noise covariance estimates) are essential for
obtaining stable and interpretable reconstructions.

2.1.3 Preprocessing and Data Analysis Pipeline

Building upon these modeling principles, the following step in an fNIRS study consists of
preparing and analyzing the recorded optical data to extract physiologically meaningful
information. The preprocessing pipeline aims to remove artifacts and physiological confounds
while transforming raw light intensity signals into reliable estimates of hemodynamic activity.
Although specific implementations vary across toolboxes, most frameworks share a common
sequence of operations [56][71][72].

2.1.3.1 Raw data inspection and channel quality control

The first stage involves visual and automated inspection of the raw light intensity signals.
Channels affected by poor optode-scalp coupling, detector saturation, or excessive noise are
identified and excluded.

Signal quality can be quantified using indices such as the scalp coupling index (SCI) or the
coefficient of variation (CoV) across time [73]:

o SCI quantifies the quality of optode-scalp contact in fNIRS recordings by evaluating
the correlation between cardiac oscillations detected by paired sources and detectors
[74]. It is computed as the Pearson correlation coefficient between two short time
windows of the raw light intensity signals, filtered within the cardiac frequency band (=
0.5-2.5 Hz):

[ = COU(Izl,IAZ)

07, O
111 112
Equation 2.2 Scalp Coupling index

where I and I, are the filtered intensity signals at the two wavelengths, cov is the
covariance, and o denotes the standard deviation.

o (CoV expresses the relative variability of a signal with respect to its mean and is used as
a normalized index of signal stability:

.
CoV =2
Iy

Equation 2.3 Coefficient of variation
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where o, is the standard deviation and pu, is the mean of the signal x. In fNIRS
preprocessing, the CoV is typically computed on raw intensity or optical density (OD)
data to identify noisy channels.

This preliminary step ensures that subsequent corrections operate only on physiologically
plausible data.

2.1.3.2 Conversion from intensity to optical density

Clean intensity signals are converted to OD through a logarithmic transformation, which
linearizes the relationship between measured intensity and tissue absorption.

This step standardizes the data and allows artifact correction and filtering to operate in the same
units across wavelengths and channels [62].

2.1.3.3 Motion artifact detection and correction

Body movement such as head movement or activity tasks can introduce artifacts in the data.
Generally, they can be detected by looking for transient spikes or baseline shifts that obscure
the underlying hemodynamic signal.

Detection strategies rely on identifying abrupt signal changes, typically via amplitude or
derivative thresholds, while correction methods include spline interpolation, wavelet filtering,
or temporal principal component analysis [72][75].

2.1.3.4 Filtering and physiological noise attenuation

Motion correction artifacts are only one of the problems that need to be considered: slow drifts
and physiological rhythms, such as cardiac, respiratory, or Mayer wave oscillations also have
to be removed, and this is often done by applying a band-pass filter, typically in the range 0.01-
0.2 Hz, to isolate the frequency band of the hemodynamic response [76].

In addition, systemic hemodynamics unrelated to neural activity can be mitigated through short-
separation regression, where signals from nearby detectors (< 1.5 cm from the source) are used
as nuisance regressors to remove superficial components [77][78].

At such short distances, the detected light does not penetrate deep enough to reach cortical
tissue and thus primarily captures superficial physiological components, including scalp blood
flow and systemic oscillations, rather than neural hemodynamic responses.

2.1.3.5 Conversion to hemoglobin concentration changes

Once preprocessed, the OD signals are converted into relative concentration changes of HbO
and HbR using MBLL, described in 2.1.2.2, or 3D fNIRS reconstruction, described in 2.1.2.4.

This step combines the wavelength-dependent extinction coefficients and DPF to estimate the
local variations in absorption associated with cortical hemodynamics [61][79].
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2.1.3.6 Baseline correction and epoching

For event-related or block-design paradigms, the continuous A[HbO]/A[HbR] signals are
segmented into epochs aligned to stimulus onsets.

A baseline period preceding each event is often subtracted to correct for residual slow trends.
This normalization enhances comparability across conditions and participants [52].

2.1.3.7 First-level statistical analysis

Task-related activations are typically modeled using the Generalized Linear Model (GLM)
framework [80].

Each condition is represented by a regressor convolved with a canonical hemodynamic response
function (HRF), with also short-separation and motion regressors that can be included as
nuisance terms to further reduce non-neural variance.

The resulting beta coefficients (B) quantify the amplitude of task-evoked responses for each
channel or, in reconstructed datasets, for each cortical vertex [69].

These P-values are then used in group-level analyses for statistical comparison across
conditions or populations [81].

2.1.3.8 Time-Series and Functional Connectivity Analysis in fNIRS

Following signal preprocessing, the temporal evolution of the fNIRS signal can be further
analyzed to extract features that describe regional activity and inter-regional relationships.
These features are widely used in both experimental and machine learning contexts, providing
quantitative metrics that reflect brain dynamics over time [82][83].

2.1.3.8.1 ROI-level time-series representation

A common approach to reduce data dimensionality and increase physiological interpretability
1s to aggregate voxel- or channel-level signals within predefined functional networks or regions
of interest (ROIs). Signals can be averaged across all voxels belonging to a certain ROI, in order
to produce one representative time series per ROI, summarizing its overall hemodynamic
activity and facilitating subsequent computation of inter-ROI relationships.

Figure 2.4 AAL3 atlas: standard brain parcellation into ROIs.
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2.1.3.8.2 Time domain (TD) feature extraction

Once network-level time series are obtained, the signal is often segmented into short,
consecutive time windows (commonly 2-10 s) using a sliding-window approach [84][85].

Within each window, simple descriptive statistics, such as the mean, standard deviation, or
slope of the HbO signal, are computed to quantify transient activation levels [52][86].

The mean value is particularly popular as it reflects the average network activation in each time
segment, providing a compact feature well suited for classification frameworks. Shorter
windows yield higher temporal resolution, allowing detection of rapid fluctuations, whereas
longer windows improve signal-to-noise ratio at the cost of temporal precision [84].

In addition to statistical moments, several studies have extracted alternative time-series features
such as peak amplitude, range, variance (VAR), or higher-order moments (skewness, kurtosis),
which may capture non-linear aspects of the hemodynamic response [83][87].

2.1.3.8.3 Functional connectivity features

Beyond local activation, fNIRS time series can be used to estimate functional connectivity,
reflecting the temporal coupling between signals recorded from distinct cortical regions or
networks.

The most common metric is the Pearson correlation coefficient between HbO signals, computed
either over the entire recording or within sliding windows to assess dynamic connectivity
[85][88].

This correlation quantifies the degree to which fluctuations in one region co-occur with those
in another, providing an indirect measure of network communication.

When computed in short, overlapping windows, correlation matrices can reveal time-varying
connectivity patterns analogous to dynamic functional connectivity in fMRI [89]. For statistical
stability, correlation values are often Fisher-z-transformed prior to analysis [88].

Functional connectivity-based features have been shown to improve the discrimination of
cognitive states and disease conditions compared with univariate activation features alone
[90][91]. Combining activation-based and connectivity-based features therefore provides a
richer representation of the underlying neural processes.

2.1.4 Instrumentation

2.1.4.1 General system architecture

A typical fNIRS system comprises light sources and detectors arranged on the head through a
cap or flexible holder. Each source-detector pair defines a measurement channel sensitive to
hemodynamic changes in the cortical region beneath their midpoint [53][62].

Depending on the modulation scheme used for light emission and detection, fNIRS instruments
can be classified as:

o Continuous-Wave (CW): use constant-intensity light and measure only relative changes
in detected intensity. CW systems are the most common and cost-effective
configuration for cognitive and motor neuroscience studies.
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e FD: use amplitude-modulated light and detect both amplitude and phase shifts, allowing
absolute quantification of absorption and scattering.

e TD: emit picosecond light pulses and measure photon arrival distributions, offering
superior depth resolution but requiring complex hardware.

Most modern neuroimaging applications employ CW systems, which balance portability, cost,
and robustness, particularly in studies involving motion or naturalistic behavior [56].
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Figure 2.5 Representation of the three different NIRS techniques: CW (left), FD (middle), TD (right) [92]
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2.1.4.2 Core components and design considerations

Each source emits NIR light into the tissue, and each detector records the portion of that light
that has diffused through the underlying layers and re-emerged at the surface. The region of
overlap between the emitted and detected light paths defines the channel’s sensitivity volume,
which corresponds to the cortical area probed.

2.1.4.2.1 Sources

The light sources are usually light-emitting diodes (LEDs) or laser diodes that operate in the
700-900 nm range, a spectral window where absorption by water and lipids is minimal and
where hemoglobin is the main absorber (see Figure 2.1). Two wavelengths, commonly around
760 and 850 nm, are typically employed to estimate HbO and HbR concentration changes.

2.1.4.2.2 Detectors

The detectors are positioned at a fixed distance from the sources and are generally implemented
as silicon or avalanche photodiodes, chosen for their high sensitivity and fast response. They
convert the collected light intensity into voltage signals proportional to photon flux. The balance
between detector gain, noise performance, and saturation limits is critical for achieving optimal
signal quality, particularly in portable and high-density recording setups.

2.1.4.2.3 Design considerations

The distance between sources and detectors, known as the source-detector separation, is a key
determinant of both sensitivity and penetration depth. Standard separations of 2.5-3.5 cm allow
the measurement of hemodynamic activity from cortical regions approximately 1-1.5 cm
beneath the scalp. Short-separation pairs (typically 8-15 mm) are often included to record
signals from superficial tissues such as scalp and skull, which can later be used to regress out
systemic artifacts [77].

Optodes are usually placed according to standardized coordinate systems, such as the
international 10-20 or 10-5 EEG layouts, ensuring reproducibility across subjects and
compatibility with anatomical atlases. Optode holders or caps are designed to maintain stable
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contact with the scalp throughout the experiment, minimizing motion-related signal loss, and
are often available in different sizes to accommodate variations in head circumference.

Data quality depends heavily on the optode-scalp coupling, as even small air gaps or hair
interference can significantly attenuate the detected signal. For this reason, modern systems
provide real-time feedback on channel quality, allowing the operator to adjust optodes before
or during data collection.
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Figure 2.6 Example of channel quality feedback provided by a NIRS acquisition system [93]
Sampling frequencies in continuous-wave systems typically range between 5 and 20 Hz,
sufficient to capture slow hemodynamic fluctuations occurring over several seconds.

Together with advances in miniaturized optoelectronics and wireless communication, these
design features have led to highly portable and motion-tolerant fNIRS systems that are well
suited for ecological or ambulatory experimental settings [56].
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2.2 Surface Electromyography

sEMG is a non-invasive technique that provides a window into the neuromuscular system by
recording, at the skin surface, the electrical activity generated by muscle fibers during
contraction.

Because of these characteristics, SEMG has become a cornerstone in studies of human motor
control and rehabilitation. It is widely used in gait analysis, sports science and human-machine
interfaces to quantify muscle activation patterns, assess coordination, or control assistive
devices [94][95].

From a methodological perspective, sSEMG lies at the intersection of physiology and
engineering: the recorded waveform reflects motor-unit recruitment and firing behavior, while
proper processing (e.g., filtering, rectification, normalization) is required to obtain interpretable
measures [96][97].

Over the years, several initiatives have provided guidelines for standardized data collection,
including the SENIAM project [98], which remains the reference for electrode placement and
reporting, particularly for lower-limb muscles. As a result, SEMG today represents one of the
most accessible and informative tools to study human movement, bridging neural control and
biomechanical execution.

2.2.1 Physiological principles of the SEMG signal

2.2.1.1 Motor unit physiology

The fundamental source of the SEMG signal is the electrical activity generated by motor units,
the smallest functional components of the neuromuscular system, each composed of a single a-
motoneuron and the muscle fibers it innervates [99].

When the motoneuron fires, all the fibers belonging to that unit depolarize almost
simultaneously, producing an action potential that travels along each fiber’s membrane, or
sarcolemma, in both directions from the innervation zone toward the tendons [96][97].

Figure 2.7 Motor unit action potential (MUAP) propagation along muscle fibers [100]

Motor-unit recruitment follows Henneman’s size principle: during weak contractions, small,
fatigue-resistant units are recruited first; stronger efforts progressively add larger, fast-twitch
units [101].

As contraction intensity increases, muscle force rises through two mechanisms:

1. an increase in the number of recruited motor units
2. anincrease in the firing rate (discharge rate) of active units [102].
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At low percentages of the maximum voluntary contraction (MVC), in which almost all muscle
fibers contracts, force modulation relies predominantly on recruitment; at higher intensities, it
depends more on firing rate increases and unit synchronization. (Figure 2.8).
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Figure 2.8 Variation in the number of recruited motor units and their firing rate as a function of the percentage of MVC
[103].

This hierarchical organization ensures smooth and efficient control of muscle force and explains
why the EMG signal reflects the neural strategies used by the central nervous system: changes

in recruitment, rate coding, or synchronization directly modulate the electrical activity
measurable at the skin surface.

2.2.1.2 Generation and propagation of the EMG signal

When an action potential propagates along a muscle fiber, ionic currents create small
extracellular potential differences. The superposition of these contributions across the fibers of
a motor unit forms the MUAP, detectable by surface electrodes placed above the muscle [97].
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Figure 2.9 Schematic process of the spatial and temporal summation of MUAPs [104]

During voluntary movement, many motor units fire asynchronously and repeatedly; their
MUAPs sum in space and time, producing the characteristic interference pattern observed in
sEMG [99][105].

Although individual electrical events last only a few milliseconds, typical propagation
velocities in skeletal muscle (= 3-5 m/s) mean that multiple action potentials coexist and interact
at any instant, giving rise to the rich temporal structure of the SEMG trace [97].
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2.2.2 Characteristics and sources of variability in the SEMG signal

The surface EMG signal represents the combined electrical manifestation of numerous MUAPs,
recorded through the filtering layers of tissue between muscle and skin.

Although its physiological origin lies in the activation of individual fibers, the observed
waveform is a composite signal shaped by both biological and technical factors [97][99].

Understanding these influences is essential to correctly interpret EMG data and ensure that
variations in the signal correspond to genuine physiological differences rather than
measurement artefacts.

2.2.2.1 General characteristics of the SEMG signal

The raw sEMG is a stochastic, approximately zero-mean signal characterized by bursts of
activity during muscle contraction and near-flat segments during relaxation. Its amplitude
typically ranges from a few hundred microvolts to a few millivolts peak-to-peak, depending on
muscle size, contraction level, and electrode placement [105][106].

Because sEMG reflects the summation of many asynchronous motor-unit discharges, its
waveform lacks a regular periodic structure and instead resembles a broad-band stochastic
signal.

In the frequency domain, most of the signal’s power is contained between 20 and 400-500 Hz,
with dominant components usually concentrated in the 50-150 Hz range [97][99]. Frequencies
below approximately 10-20 Hz are generally attributed to movement artefacts or baseline drift,
while components above 400-500 Hz are strongly attenuated by the conductive tissues.

_ sEMGsignal ' Power Spectral Density of SEMG signal

Figure 2.10 Example of sEMG signal and his power spectral density (PSD)

The amplitude of the SEMG increases with muscle force because stronger contractions involve
the recruitment of more motor units and higher firing rates. However, this relationship is not
perfectly linear across the entire force range, because of phase cancellation and changes in
synchronization that can alter the summed potential [99].

2.2.2.2 Physiological factors influencing signal morphology

Several physiological characteristics of the muscle and surrounding tissues modify the shape,
amplitude, and PSD of the SEMG signal:

e Muscle fiber orientation: the alignment of the electrode pair with the direction of muscle
fibers maximizes recorded amplitude, while misalignment causes phase cancellation
[106].

22



Depth of active fibers: signals from deeper fibers are more attenuated by tissue filtering;
therefore, SEMG primarily reflects activity of superficial motor units.

Subcutaneous tissue thickness: fat and skin layers act as a low-pass filter, reducing
amplitude and shifting the spectrum toward lower frequencies [106] (Figure 2.11).
Muscle fiber conduction velocity: physiological factors such as temperature, fatigue, or
fiber type alter conduction velocity, thereby influencing MUAP duration and frequency
content [96].

Physiological variability: differences in fiber composition, motor-unit territory, and
muscle architecture contribute to inter-individual variability.
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Figure 2.11 Propagation of MUAPS: from generation to the surface [107]

2.2.2.3 Technical and experimental sources of variability

Besides physiological influences, technical aspects of acquisition can markedly affect SEMG
quality:

Electrode configuration: electrode size and inter-electrode distance determine the spatial
filtering properties of the system. Larger spacing increases amplitude but also the
likelihood of crosstalk from adjacent muscles [106].

Electrode placement: small deviations in position relative to the innervation zone or
tendon can alter signal amplitude and phase [98].

Skin preparation: poor electrode-skin contact or high impedance can increase noise and
reduce reproducibility.

Motion artefacts: mechanical disturbances due to cable movement or skin deformation
introduce low-frequency noise, particularly in dynamic tasks.

Power-line interference: 50 Hz contamination from power grid is a typical problem and
typically removed using notch or band-stop filters.

These factors highlighted the need for standardized electrode placement and acquisition
procedures, which led to the definition of the SENIAM guidelines [98].

Adherence to such protocols reduces variability across sessions and subjects, ensuring that
differences in EMG amplitude or frequency content reflect physiological changes rather than
inconsistencies in recording setup.

2.23

Signal acquisition and instrumentation

Reliable acquisition of surface electromyography signals requires an appropriate combination
of sensor technology, placement accuracy, and hardware characteristics.
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Since the EMG potential measured at the skin surface is extremely small, typically in the order
of microvolts, careful attention to instrumentation and experimental setup is essential to ensure
high signal quality and reproducibility [97][105].

2.2.3.1 Electrodes and detection configuration

sEMG is typically recorded using Ag/AgCl electrodes with conductive gel or pre-gelled
adhesive pads, thanks to their stable electrochemical properties and low half-cell potential.
Reusable dry electrodes and textile-based sensors have also become increasingly popular in
wearable applications, although they often exhibit higher impedance and lower signal-to-noise
ratio [96].

Electromyographic signals can be recorded using either monopolar or bipolar configurations.
In monopolar recordings, each electrode measures the potential difference between an active
site placed over the muscle belly and a reference electrode positioned on an electrically neutral
location, typically over a bony prominence. This configuration captures the global activity of
the muscle but is more susceptible to external noise and crosstalk from adjacent muscles [99].

In contrast, electrodes are almost always arranged in a differential (bipolar) configuration,
where two closely spaced electrodes measure the potential difference across the muscle surface.
This setup minimizes common-mode noise and enhances spatial selectivity. The inter-electrode
distance typically ranges from 10 to 20 mm: smaller distances increase selectivity but reduce
amplitude, while larger distances capture broader muscle activity and raise the risk of crosstalk
from adjacent muscles [106].

Electrodes should be aligned parallel to muscle fiber direction to maximize detected amplitude
and avoid phase cancellation. Correct orientation is particularly important for fusiform and
pennate muscles, where fiber orientation may vary along the muscle length [98].
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Figure 2.12 Different muscle fibers orientation in fusiform muscle (left) and pennate muscle (right) [100]

2.2.3.2 Skin preparation and placement guidelines

Because the skin acts as a high-impedance layer between the muscle and electrodes, proper skin
preparation is crucial. The recommended procedure involves cleansing the skin with alcohol to
remove oils and debris, and, if necessary, light abrasion to reduce impedance and improve
contact stability [98].

Electrodes should be placed on the midline of the muscle belly, halfway between the
innervation zone and the tendon, avoiding areas near muscle edges where signal amplitude
decreases and crosstalk increases [96].
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Standardized electrode positioning greatly enhances inter-subject comparability and
repeatability; the SENIAM project provides detailed recommendations for each major muscle
group, including lower limb muscles [98].

Recommendations for sensor locations in lower leg or foot muscles
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Figure 2.13 Example of SENIAM electrode positioning guidelines [44].

2.2.3.3 Amplification and acquisition hardware

Due to the limited magnitude of SEMG signals, the recording system must include low-noise
differential amplifiers with high input impedance (= 100 MQ) and high common-mode
rejection ratio (CMRR), ideally above 100 dB, to suppress powerline interference and motion
artifacts [105].

Typical amplifier bandwidth ranges from 10-20 Hz (high-pass) to 450-500 Hz (low-pass),
matching the physiological spectrum of the EMG while excluding low-frequency drift and high-
frequency noise [97][99].

Signals are then digitized using analog-to-digital converters with at least 12-bit resolution (often
16-bit in modern systems) and a sampling rate no lower than 1000 Hz, to prevent aliasing and
to preserve temporal details of the waveform [96].

Wireless EMG systems are now widely used in gait and rehabilitation research, since they
reduce motion artifacts and interference caused by cables and improve subject comfort without
significantly compromising signal integrity.

2.2.4 Preprocessing of SEMG signals

Before quantitative analysis or feature extraction, raw SEMG data must undergo a series of
preprocessing steps designed to remove noise, standardize amplitude, and highlight the
physiologically meaningful components of the signal [96][99].

2.2.4.1 Filtering and artifact removal

The raw sEMG signal contains various noise sources, including movement artifacts (< 20 Hz),
power-line interference (50 Hz), and high-frequency electronic noise (> 500 Hz). To attenuate
these components, filtering is a fundamental preprocessing step.
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A band-pass filter is typically applied, with cut-off frequencies between 20 and 450-500 Hz,
which preserves the physiological spectrum of the EMG signal while removing drift and high-
frequency disturbances [105].

In environments with strong electromagnetic contamination, a notch filter centered at 50 Hz
can further reduce power line interference. However, excessive filtering should be avoided, as
it may distort signal morphology and attenuate relevant physiological information.

Advanced approaches, such as adaptive filtering and wavelet-based denoising, have been
proposed for dynamic tasks, where movement artifacts may overlap in frequency with the true
EMG content [108].

2.2.5 Rectification and envelope extraction

Because the EMG signal alternates in polarity and oscillates around zero, rectification is
commonly used to convert all values to positive polarity, emphasizing the overall level of
activity. Full-wave rectification is the standard approach, as it preserves the total energy of the
signal [99].

To obtain a smoother representation of muscle activation over time, a linear envelope can be
extracted by applying a low-pass filter (typically 2-10 Hz) to the rectified signal, or,
alternatively, the root mean square (RMS) can be computed over a sliding window to quantify
the time-varying amplitude of EMG activity [96].

R S
R TR

Iy N B .

Smoothing
PR . S Lﬁh:_ M H”J
RSM (root mean square}
If
10s 30s 60 s

Figure 2.14 Typical sSEMG signal processing pipeline [109]

2.2.6 Feature extraction and analysis

Once EMG signals have been properly preprocessed, the next step involves extracting
quantitative descriptors, or features, that summarize specific properties of the waveform. These
features allow the complex, stochastic EMG signal to be represented numerically and compared
across muscles, subjects, or conditions.

Feature extraction can be performed in several domains: time, frequency, or time-frequency,
depending on the analytical goals. Each domain captures distinct aspects of muscle activity,
from intensity and variability to fatigue and coordination [96][110].
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2.2.6.1 Time domain features

TD features are directly computed from the preprocessed SEMG signal or from the extracted
envelope without frequency transformation. They are computationally simple and widely used
for real-time analysis or pattern recognition. Most of them reflect the amplitude and variability
of muscle activation and correlate with the level of neural drive to the muscle.

Common TD features include:

e Mean Absolute Value (MAV): the average rectified amplitude over a window;
correlates with muscle contraction intensity.

e RMS: the square root of the mean squared value of the signal, proportional to the
effective energy of the EMG and linearly related to force in isometric contractions [99].

e Integrated EMG (IEMG): the cumulative absolute value over time, often used to
quantify total activation in a movement phase.

e Zero Crossing (ZC): number of times the signal crosses zero; provides an indirect
measure of frequency content.

e Slope Sign Changes (SSC) and Waveform Length (WL): reflect the signal’s complexity
and rate of change, informative for distinguishing between movement phases or levels
of effort [111].

e VAR or Standard Deviation (STD): describe signal dispersion, often related to
activation variability.

These parameters are particularly effective for muscle activation quantification, onset detection,
and classification of movement patterns, and remain the foundation of many EMG-based
control systems [110][111].

2.2.6.2 Frequency domain features

Frequency-domain (FD) analysis provides complementary information on the spectral
composition of the EMG signal, which is influenced by muscle fiber conduction velocity,
motor-unit synchronization, and fatigue [97][105].

Applying the Fast Fourier Transform to the signal, it is possible to compute the power spectral
density (PSD), from which several key descriptors can be extracted:

e Mean Frequency (MNF): the average frequency weighted by spectral power.

e Median Frequency: the frequency that divides the power spectrum into two equal
halves; commonly used as a fatigue indicator.

e Peak Frequency (PKF): the frequency of maximum spectral amplitude.

e Spectral Moments: higher-order moments that quantify the spread and asymmetry of
the spectrum.

These frequency-domain features are widely employed to assess neuromuscular fatigue during
prolonged or repetitive tasks, since the power spectrum typically shifts toward lower
frequencies, due to decreased conduction velocity and motor-unit synchronization changes
[112].
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2.2.6.3 Time-frequency features

Because muscle activation is inherently non-stationary, time-frequency (TF) methods provide
a more detailed description of how spectral content evolves over time. Common approaches
include:

e Short-Time Fourier Transform (STFT): computes spectra within short, overlapping
windows, producing a TF map of EMG activity.

o Wavelet Transform: decomposes the signal into localized waveforms at multiple scales,
capturing transient events and subtle temporal changes more effectively than STFT
[113].

TF features are potentially useful in dynamic tasks such as gait, where the frequency content of
EMG changes within the cycle.

2.2.6.4 Complexity features

Beyond TF features, several nonlinear and complexity-based measures have been proposed to
capture the irregularity and unpredictability of the EMG waveform, such as Sample Entropy
(SpEn) and Shannon Entropy (SE), which quantify the degree of signal regularity or self-
similarity and can be sensitive to motor control strategies or fatigue [114].

2.2.6.4.1 Shannon Entropy

SE measures the average information content or uncertainty associated with a discrete
probability distribution [115]. In the context of physiological signals, it quantifies how evenly
distributed the amplitude or symbolic patterns are across the observation space.

Given a discrete signal with probability distribution p(x;) over n states, SE is defined as:

SE = ip[xi] g, <ﬁ>

Equation 2.4 Shannon Entropy

where p(x;) is the probability of observing the i-th amplitude bin.

2.2.6.4.2 Sample Entropy

SpEn is a non-linear measure used to quantify the irregularity and unpredictability of
physiological time-series data.

Given a signal X of length N, it evaluates the likelihood that two sequences of length d that are
similar within a tolerance r will remain similar when extended to length d + 1. Lower values
indicate a more regular or predictable signal, whereas higher values reflect greater complexity.
. C'd+1 r
SpEn(d,r,N) = —In le—d()l
i Ci )

Equation 2.5 Sample Entropy
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Where:

1
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e Nis the signal length

o dis the segment length

e r1is the tolerance

o N/ computes the number of times that the distances between vectors X(1:d) and X(i:d+i)
(the maximum distance between pairs of elements) are smaller than r

2.2.6.5 Correlation-based features

While most EMG features are computed from individual channels, correlation-based features
describe the relationships between signals recorded from different muscles or between different
time windows of the same signal.

These measures provide insight into muscle coordination, co-activation patterns, and functional
coupling between synergistic or antagonistic muscle groups [116][117].

2.2.6.5.1 Coherence

Coherence, defined in the FD, provides information on the linear coupling between two signals
at specific frequencies. It is defined as:

1S (O
Sxx(f) ' Syy(f)

Equation 2.6 Coherence

ny (f) =

Where S, (f) is the cross-power spectral density between x(t) and y(t).

Coherence values range from 0 (no linear relationship) to 1 (perfect correlation) and can reveal
frequency bands where muscles share common neural input [97][118].

In the context of gait or posture control, coherence analysis helps identify functional muscle
synergies and intermuscular coordination patterns, especially in frequency ranges associated
with cortical drive (typically 10-60 Hz) [117].

2.2.6.5.2 Autocorrelation and self-similarity

When correlation analysis is applied within a single EMG channel, the autocorrelation function
R, (1) describes how similar a signal is to a delayed version of itself.

R, (1) = f+oox(t) - x(t —T)dt

Equation 2.7 Autocorrelation function

Features such as the autocorrelation coefficient at given lags or the width of the main peak can

reflect motor-unit firing regularity, burst periodicity, or rthythmic modulation in gait-related
tasks [96].
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2.2.6.5.3 Mutual Information

A more general measure of dependency between two signals is Mutual Information (MI),
derived from information theory.

Unlike correlation or coherence, MI detects any form of statistical dependence, whether linear
or nonlinear [119][120].

For two random variables Xand Y, the mutual information is defined as:

p(x,y)
MIX:Y) = ﬁ p(x.y)lo g<p( )p(y)> drdy

Equation 2.8 Mutual Information

where p(x,y) is the joint probability density function and p(x), p(y) are the marginals.
MI(X;Y) is always non-negative and equals zero only when X and Y are statistically
independent.

In EMG studies, MI has been used to quantify functional connectivity between muscles, even
when relationships are nonlinear or non-synchronous [121]. Higher MI values indicate greater
shared information between signals, reflecting stronger neural coupling or co-activation.

This makes MI particularly suitable for investigating muscle synergies, bilateral coordination,
and pathological alterations of intermuscular control in disorders such as Parkinson’s disease
or post-stroke gait [122].

2.2.7 Applications of sSEMG in research

Surface electromyography has become a cornerstone tool in human movement research,
offering a non-invasive means of observing the translation of neural commands into muscle
activity.

Because of its versatility, sSEMG has found applications across a wide range of disciplines, from
biomechanics and rehabilitation to sports science and human-machine interaction, providing
both qualitative and quantitative insight into the functioning of the neuromuscular system
[94][96].
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2.2.7.1 Gait and locomotion analysis

One of the most established fields of application for sSEMG is gait analysis, where it provides
detailed information about muscle activation timing, amplitude, and coordination during
walking.

By recording from lower-limb muscles, such as the tibialis anterior (TA), gastrocnemius (GC),
rectus femoris (RFem), biceps femoris (BF), and gluteus maximus (GM), researchers can
characterize the sequence and duration of muscle activity throughout the gait cycle [123].

Figure 2.15 Lower limb muscle activation normalized with respect to % of gait cycle [124]

Temporal parameters such as onset and offset timing, burst duration, and co-activation indices
reveal the strategies used by the nervous system to maintain stability and propulsion. For
example, altered activation timing of the TA or excessive co-contraction between lower limb
antagonist muscles has been reported in gait disorders such as Parkinson’s disease, stroke, and
cerebral palsy [125][126].

More recently, advanced analyses such as muscle synergy extraction and connectivity mapping
have been applied to EMG data to study modular organization and intermuscular coordination
during locomotion [117][127][128].

2.2.7.2 Rehabilitation and clinical assessment

In clinical and rehabilitative settings, SEMG is widely used to evaluate motor impairments and
monitor recovery after neurological or musculoskeletal injury.

By quantifying muscle activation patterns, clinicians can detect abnormal synergies, co-
contraction, or spasticity, and assess the effectiveness of therapeutic interventions [128].

Biofeedback applications allow patients to visualize their own muscle activity in real time,
promoting motor relearning and voluntary control after stroke or spinal cord injury. In gait
rehabilitation, SEMG-driven feedback, and robotic devices (such as exoskeletons) use EMG
signals to trigger or modulate assistance in proportion to voluntary effort [129].

The same principle underlies EMG-triggered functional electrical stimulation (FES), where
muscle activity recorded from a weak or contralateral limb can be used to activate electrical
stimulation in the affected muscles, facilitating symmetrical movement patterns [130].
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2.2.7.3 Advanced research directions

Modern EMG research increasingly relies on high-density surface EMG (HD-sEMG), which
employs electrode arrays to capture spatial distributions of muscle activation with high
resolution. This technique enables decomposition into single motor-unit action potentials,
estimation of conduction velocity maps, and detailed analysis of muscle architecture [131].
Such approaches deepen understanding of neuromuscular control and are being translated to
clinical and robotic contexts.

At the same time, network-based analyses of intermuscular coherence and information-
theoretic measures (e.g., MI) are providing new insights into the connectivity structure of
muscle coordination networks [117][122].

These frameworks mark the transition from viewing EMG as a set of isolated signals to
considering it as a system-level representation of neural control of movement.

muscle

motor neurons

Figure 2.16 HD-sEMG [100]
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2.3 Inertial Measurement Units (IMUs)

Inertial Measurement Units (IMUs) are compact multisensory systems designed to measure
linear acceleration and angular velocity, and, when equipped with magnetometers, the
orientation of a body segment with respect to the Earth’s magnetic field.

Widely used in biomechanics, rehabilitation, and neuroscience to analyze gait, posture, and
motor control, they provide a portable and versatile tool for quantifying human movement in
real-world environments, offering an alternative to optical motion capture systems that are often
costly, cumbersome, and restricted to laboratory settings [132][133].

By combining accelerometers, gyroscopes, and magnetometers, they allow estimation of
kinematic parameters such as displacement, velocity, and orientation, as well as the detection
of movement events and phases.

2.3.1 Physical principles and signal components

2.3.1.1 Structure and components of an IMU
An IMU typically consists of three sensing elements:

1. atriaxial accelerometer
2. atriaxial gyroscope
3. atriaxial magnetometer

Together, these sensors measure linear acceleration, angular velocity, and magnetic field
strength along three orthogonal axes, providing a nine-degree-of-freedom (9-DOF)
representation of motion [132][134].

<& @ ,

Figure 2.17 9-DOF IMU schematic representation [135]

Simpler configurations, such as 6-DOF systems, include only accelerometers and gyroscopes
and are usually less accurate in the orientation estimation.

2.3.1.2 Accelerometer

The accelerometer measures specific force, corresponding to the linear acceleration acting on
the sensor, and converts it in acceleration, expressed either in meters per second squared (m/s?)
or in multiples of gravitational acceleration (g = 9.81 m/s?).

Most IMUs employ Micro-Electro-Mechanical Systems (MEMS) accelerometers, where a
microscopic proof mass suspended by elastic elements is displaced by inertial forces, and this
deflection is converted into an electrical signal [136].
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MEMS Accelerometer

Figure 2.18 Mems Accelerometer [137]
In movement analysis, accelerometers capture translational motion and can be used to study the
magnitude and timing of impacts or transitions between movement phases.

Because gravity is always present in the signal, separating dynamic acceleration (due to motion)
from static acceleration (due to gravity) is a key step in signal interpretation [134].

2.3.1.3 Gyroscope

The gyroscope measures angular velocity, typically expressed in degrees per second (°/s) or
radians per second (rad/s), indicating how fast the sensor rotates around each of its three axes.

MEMS gyroscopes operate based on the Coriolis effect, in which a vibrating mass experiences
an apparent force proportional to the angular velocity of the sensor.

Integrating the angular velocity over time provides information about changes in orientation,
although this process is subject to drift, as small measurement biases accumulate progressively
[136][138].

Despite this limitation, gyroscopes are crucial for capturing rotational dynamics and for
detecting events characterized by changes in angular motion, such as turns or limb swings [139].

2.3.1.4 Magnetometer

The magnetometer measures the local magnetic field vector, providing an absolute reference
for orientation relative to the Earth’s magnetic north.

It is primarily used to correct yaw drift from the gyroscope, thus improving the long-term
stability of orientation estimates.

However, magnetometers are sensitive to local magnetic disturbances generated by metallic
structures or electronic devices, which can distort the measurement. For this reason, their
contribution is often adaptively weighted or excluded in environments with strong
electromagnetic interference [140].

2.3.2 Orientation estimation and sensor fusion

While each component of an IMU provides valuable information about motion, none of them
alone is sufficient to estimate orientation accurately.

e The accelerometer senses the direction of gravity and thus provides an estimate of
inclination but cannot measure rotation about the vertical axis (yaw).
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e The gyroscope measures angular velocity and can capture fast rotational dynamics, yet
integration of its signal over time leads to drift, resulting in progressively inaccurate
orientation estimates.

e The magnetometer provides an absolute reference for heading relative to the Earth’s
magnetic north but is sensitive to local magnetic disturbances.

To overcome these limitations, sensor fusion algorithms combine the three signals to produce
a stable and drift-free estimate of orientation over time [134][138].

This process is essential in human movement analysis, where accurate knowledge of limb
orientation enables quantification of joint angles, segment trajectories, and gait phases.

2.3.2.1 Mathematical representations of orientation

Orientation in three-dimensional space can be expressed using different mathematical
formalisms:

e Euler angles (roll, pitch, yaw): intuitive representation, but prone to gimbal lock when
two rotation axes align.
e Rotation matrices: 3x3 orthogonal matrices describing orientation transformations
between reference frames.
e Quaternions: four-element vectors that provide a compact, singularity-free
representation of orientation and are computationally efficient for continuous updates
[134].
Most modern IMU systems internally represent orientation as unit quaternions and convert
them to Euler angles or rotation matrices as needed for analysis.

2.3.2.2 Principles of sensor fusion

Sensor fusion algorithms’ general goal is to minimize the estimation error between the predicted
orientation (from integrated gyroscope data) and the measured orientation (from accelerometer
and magnetometer readings). Several approaches have been proposed, differing in complexity,
computational cost, and robustness.

2.3.2.2.1 Complementary and Kalman filters

Complementary filters implement a simple frequency-based combination of signals: low-pass
filtering of accelerometer/magnetometer data (stable but slow) and high-pass filtering of
gyroscope data (fast but drifting). This provides an effective balance for real-time applications
with limited processing requirements [141].

In contrast, Kalman filters and their nonlinear extensions (Extended or Unscented Kalman
Filters) use probabilistic models to optimally estimate the state (orientation) given noisy sensor
measurements. They recursively update orientation estimates by weighing the predicted motion
model (from the gyroscope) against sensor observations (from accelerometer and
magnetometer), minimizing the overall estimation error [142].

Kalman-based approaches remain the standard in high-accuracy motion tracking and
biomechanical applications [143].
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2.3.2.2.2 Gradient-descent and quaternion-based filters

More recently, computationally efficient algorithms such as the Madgwick and Mahony filters
have been developed for wearable and embedded systems [138][141].

These filters operate directly on quaternion representations and use gradient-descent
optimization to minimize the difference between estimated and measured acceleration and
magnetic field. They achieve high accuracy with minimal computational load, making them
particularly suitable for real-time applications and battery-powered IMUs.

These algorithms are widely adopted in modern commercial systems, where the fusion process
is implemented internally, and the user directly receives orientation estimates (quaternions,
Euler angles, or rotation matrices) rather than raw sensor data.

2.3.2.3 Orientation estimation in research-grade IMUs

Research-oriented IMUs, such as those produced by APDM (Opal sensors), integrate
proprietary fusion algorithms similar to the Madgwick or Kalman filter frameworks.

The sensors output pre-processed orientation data with high temporal precision and minimal
drift, typically expressed as quaternions synchronized across multiple sensors [144][145].

This built-in estimation considerably reduces preprocessing requirements, allowing researchers
to focus on higher-level analyses such as phase detection, feature extraction, and kinematic
reconstruction.

2.3.2.4 Coordinate systems and reference frames
Accurate interpretation of IMU data requires awareness of the reference frames involved:

e The sensor frame is fixed to the IMU’s axes (X, y, z).

e The global frame (or world frame) defines an external reference, typically aligned with
gravity (z-axis vertical) and magnetic north.

e The body segment frame is defined anatomically for biomechanical interpretation.

Sensor fusion provides the transformation from the sensor frame to the global frame, enabling
subsequent derivation of joint angles, segment orientations, and event-based parameters
[134][143].

2.3.3 Acquisition and instrumentation

2.3.3.1 General considerations on IMU acquisition

Accurate acquisition of inertial data requires careful consideration of sensor configuration,
placement, sampling parameters, and synchronization.

In research applications, IMUs are typically sampled at frequencies between 100 and 200 Hz,
which is sufficient to capture human movement dynamics while minimizing data size and
power consumption [132][133].

The range and resolution of the sensing elements determine the quality and interpretability of
the signals. Typical full-scale ranges are +16 g for accelerometers and £2000°/s for gyroscopes,
ensuring accurate tracking of both low- and high-intensity movements.
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2.3.3.2 Sensor placement and body configuration

The placement of IMUs on the body critically affects the quality and interpretability of
kinematic data. Sensors are generally aligned with the anatomical axes of the body segment
they are attached to, enabling direct biomechanical interpretation of recorded motion.

Common attachment sites for gait analysis include the feet, shanks, thighs, pelvis, and trunk,
depending on the variables of interest [132][139]. To ensure stability and reduce motion
artifacts, sensors are fixed using elastic straps or medical-grade adhesive.

Prior to acquisition, an alignment or calibration procedure is typically performed to relate the
sensor’s coordinate frame to the global and anatomical frames. This calibration may involve a
brief static posture (to identify the gravity vector) and a dynamic movement to define the
segment’s primary axis [134].

2.3.4 Signal preprocessing

2.3.4.1 Overview

Raw inertial data acquired from IMUs contain valuable kinematic information but also various
sources of noise and bias that must be corrected before analysis.

Preprocessing transforms the raw accelerometer, gyroscope, and magnetometer signals into a
consistent, reliable form suitable for event detection, phase segmentation, and feature
extraction. Typical operations include filtering, bias removal, coordinate transformation and
segmentation [132][134].

2.3.4.2 Filtering and noise reduction

All inertial sensors are affected by high-frequency noise and small mechanical vibrations that
can obscure movement-related components.

To mitigate this, signals are typically passed through low-pass Butterworth filters with cutoff
frequencies between 5 and 20 Hz, depending on the task dynamics [133][139]. For example,
gait analysis often employs a cutoff near 10 Hz, which preserves the relevant motion content
while suppressing noise.

2.3.4.3 Drift correction and bias compensation

Among IMU sensors, gyroscopes are most susceptible to bias drift. Even small constant offsets
in angular velocity can integrate into substantial orientation errors over time. Common
correction strategies include:

e High-pass filtering

e Static calibration, where the average gyroscope output in a motionless state is subtracted
as a baseline.

e Zero-velocity updates, which reset velocity estimates during detected stance phases
(e.g., when the foot is flat on the ground).

e Sensor fusion, which continuously corrects gyroscope drift using accelerometer and
magnetometer information [134][143].
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2.3.4.4 Coordinate alignment and reference frames

To interpret inertial data in biomechanical terms, the signals must be expressed in a common
reference frame, rather than the sensor frame, whose axes depend on how the device is mounted.

Through orientation estimation, signals can be transformed into the global or anatomical frame,
aligning them with gravity and the body’s main axes of motion [134][140].

When multiple sensors are used, ensuring consistent alignment between their local frames
prevents systematic asymmetries in derived kinematic variables.

After the alignment, gravity is often removed from the acceleration data, since it can bias the
estimation of dynamic movement components and obscure the true kinematic patterns related
to voluntary motion. By subtracting the gravitational acceleration vector, the resulting signal
better reflects linear accelerations associated with limb or body movement rather than static
posture or sensor orientation [134].

2.3.4.5 Segmentation and event detection

Once the IMU signals have been filtered and aligned, they are often segmented into meaningful
movement phases or cycles.

Segmentation allows subsequent feature extraction to focus on homogeneous activity windows,
such as single steps, turns, or task-specific periods.

Event detection methods depend on sensor placement and measured variable:
e Angular velocity zero-crossings or peaks can identify gait events such as heel strike and
toe-oft [139].
e Acceleration magnitude thresholds are used to detect impacts or postural transitions.

e Orientation changes can define turning periods or segment movements in upper-limb
tasks.

Automatic segmentation enhances reproducibility and enables large-scale analysis of periodic
behaviors such as locomotion or repetitive gestures.

2.3.5 Event and phase detection in gait analysis

2.3.5.1 General principles

Event and phase detection represent a central step in IMU based gait analysis. By identifying
key temporal landmarks such as heel strike (HS), toe-off (TO), or turn initiation, it becomes
possible to divide continuous motion into meaningful functional segments, allowing subsequent
computation of gait parameters, spatiotemporal metrics, and movement features [139][146].

Inertial signals are particularly suited for this purpose because angular velocity and linear
acceleration waveforms exhibit consistent cyclic patterns across steps.

Detecting these patterns enables the definition of gait phases such as stance, swing, or turning,
which are essential for analyzing motor control and for detecting pathological deviations in
locomotion [144][147].
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Figure 2.19 Angular Velocity cyclical pattern during physiological gait

2.3.5.2 Gait event detection (step and phase identification)

The detection of gait events is most commonly performed using foot- or shank-mounted IMUs,
as these positions capture clear oscillatory patterns corresponding to each step. Several methods
have been proposed:

e Threshold-based approaches, which identify events using zero-crossings or peaks in
angular velocity or acceleration signals (Figure 2.19) [139][148].

e Model-based approaches, where a biomechanical or state-space model represents the
periodic motion of the limb [149].

e Machine-learning-based methods, which classify temporal windows as specific gait
events using supervised algorithms trained on annotated datasets [150].

A recent and widely cited example is the work of Renggli et al. (2020) [151], who proposed a
robust and modular algorithm for step detection in free-living conditions using foot-mounted
inertial sensors.

Their method combines angular velocity thresholds and dynamic pattern recognition, showing
high accuracy in both healthy and clinical populations. This approach has become a reference
for reliable, real-world step detection and is compatible with different sensor systems and
walking speeds.

2.3.5.3 Gait phase classification

Once gait events are detected, the signal can be segmented into phases corresponding to
functional portions of the gait cycle.

The stance phase begins at HS and ends at TO, whereas the swing phase covers the period
between TO and the subsequent HS. More advanced models subdivide stance into loading
response, mid-stance, and push-off sub-phases to capture finer details of locomotor control
[123].

Inertial data from multiple segments (e.g., foot, shank, trunk) can be combined to assess inter-
segmental coordination, allowing estimation of stride duration, cadence, symmetry indices, and
gait variability [147][152].

Such segmentation provides the temporal structure required for computing phase-specific
features in both research and clinical contexts.
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2.3.5.4 Turning detection and characterization

Beyond linear gait, turning is an essential component of everyday mobility and a particularly
sensitive marker of motor dysfunction [42][153].

Turn detection typically relies on trunk or pelvis angular velocity around the vertical axis, where
rotations exhibit distinctive peaks corresponding to the onset and offset of turning maneuvers.

Some proposed algorithms can identify turns by applying thresholds on yaw angular velocity,
by segmenting periods exceeding a minimal rotation angle (e.g., >45°), or by analyzing
orientation changes derived from quaternion data [153].

Other studies have extended turn detection by integrating additional context, such as foot
kinematics or multi-sensor synchronization, to improve accuracy in complex or free-living
conditions [139][154]. These methods enable precise temporal localization of transitions
between linear walking and rotational movement, critical information for advanced gait
classification and for the identification of mobility impairments.

2.3.6 Feature extraction from IMU signals

Once inertial data have been preprocessed and segmented into meaningful movement phases, a
set of quantitative features can be extracted to characterize the kinematics of gait and turning.
These features can be divided into two categories:

1) Spatiotemporal gait features, which describe the geometric and temporal structure of
walking cycles.

2) Signal-based features, derived directly from the raw accelerometer and gyroscope time
series.

Both types of features are fundamental in clinical gait analysis, rehabilitation research, and data-
driven classification models [152][154].

2.3.6.1 Spatiotemporal gait features

Spatiotemporal parameters provide a quantitative and easily interpretable description kinematic
organization of gait. They are derived from the temporal sequence of detected gait events and
from orientation or acceleration changes within a single step window [123][147].

2.3.6.1.1 Temporal parameters
Typical temporal parameters are:

e Stride time (T;): interval between two consecutive heel strikes of the same foot.

e Step time (Typ): time between heel strikes of opposite feet.

e Stance and swing duration: relative portions of the gait cycle spent in contact with or
off the ground.

e (Cadence: number of steps per minute, reflecting walking rhythm and tempo.

e Double support time: duration during which both feet are in contact with the ground,
often increased in unstable gait [152].
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2.3.6.1.2 Spatial parameters

When orientation or acceleration data are double-integrated (or combined with step frequency),
spatial quantities can be derived, such as:

o stride length (Ls).

e walking speed (v) [139][146].

e Turn angle (0): total angular displacement during turning events [153].
e Variability and symmetry

Also, measures of stride-to-stride variability and bilateral symmetry are particularly relevant in
clinical contexts, as they reflect gait stability and coordination [154]. Typical indices include:

e Coefficient of variation of T, L or v.
e Symmetry ratio between left and right Ts.
e Phase coordination index (PCI): quantifies temporal coupling between limbs [155].

2.3.6.2 Features derived from preprocessed inertial signals

In addition to discrete spatiotemporal metrics, features can be extracted directly from the
continuous accelerometer and gyroscope signals. These features are typically computed over
short, overlapping windows and can describe signal intensity, frequency content, regularity, or
complexity [110].

2.3.6.2.1 Time-domain features
TD descriptors are simple yet informative measures of signal amplitude and variability:

e Mean, STD, and VAR: quantify central tendency and dispersion of acceleration or
angular velocity.

e RMS: reflects signal energy and overall movement intensity.

e Signal magnitude area: sum of absolute values of the three acceleration components,
representing total dynamic activity [156]

e Jerk (derivative of acceleration): assesses smoothness of motion, often linked to motor
control efficiency.

e Range or peak-to-peak amplitude: identifies maximum oscillatory excursions per cycle.

2.3.6.2.2 Frequency-domain features
Spectral features describe rhythmic properties and periodicity of movement:

e PKF: the frequency with maximum power, corresponding to step or stride frequency.

e Spectral entropy: quantifies signal complexity; higher entropy reflects irregular or
unstable motion.

e Power in frequency bands: proportion of total power within defined bands (e.g., 0.5-3
Hz for normal gait).
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2.3.6.2.3 Nonlinear and statistical features
To capture the variability and regularity of inertial waveforms, nonlinear metrics have been
increasingly adopted:

e SpEn and SE: evaluate signal predictability and regularity; lower values indicate more
periodic motion.

e Skewness and kurtosis: describe signal asymmetry, useful for characterizing atypical or
abrupt movements.

2.3.6.2.4 Correlation-based features
Inter-segment correlations provide information on coordination between body parts:

e Cross-correlation coefficients between left-right limbs or between trunk and lower
limbs indicate synchronization and timing consistency [157].

e Autocorrelation coefficients reveal intra-signal periodicity, helpful for assessing
rhythmic gait cycles [158].
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3 Previous work in FoG detection

3.1 Technological approaches for the objective detection of Freezing of Gait

Over the past two decades, researchers and clinicians have devoted growing attention to the
objective detection of FoG, since the ability to identify these episodes, both in laboratory and
real-world settings, allows for more precise monitoring of disease progression, supports the
evaluation of pharmacological and rehabilitative strategies, and provides the foundation for
real-time closed-loop interventions, such as auditory or visual cueing systems designed to stop
the freezing episode and restore walking [45][159].

A wide variety of technological approaches have been explored to capture the onset and
dynamics of FoG, reflecting the evolution of the field:

o IMUs, typically placed on the lower limbs or trunk, have been the most widely used
modality thanks to their ability to capture gait kinematics with high temporal resolution,
combined with small size, low cost, and ease of integration into wearable devices [41].

o sEMG has been used to characterize muscle activation patterns during gait and freezing
episodes, because it provides insight into the pathophysiological changes underlying
FoG, and has been explored both as a standalone modality and in combination with
IMUs [160].

o fNIRS, a more recent addition, offers a non-invasive window into cortical hemodynamic
during locomotion. Studies suggest that altered activation of prefrontal and SMA may
precede or accompany FoG episodes, highlighting the role of central mechanisms in
addition to peripheral kinematics and muscle activity [161][162].

Beyond these single-modality approaches, multimodal systems aim to exploit complementary
information from different sensors, combining kinematic, muscular, and cortical markers to
improve robustness and generalizability. Such approaches are particularly attractive in the
context of real-world monitoring, where variability in environment, task, and patient phenotype
can challenge the reliability of single-sensor systems [163][164].

Taken together, these developments illustrate a progressive shift in methodology: from
thresholding techniques applied to IMU signals, to classical ML models trained on handcrafted
features, and more recently to deep learning (DL) architectures capable of end-to-end
representation learning. This trajectory reflects the broader evolution of biomedical signal
processing and sets the stage for ongoing efforts to build multimodal, ML-based systems for
reliable FoG detection and prediction in both laboratory and daily life scenarios.

43



3.2 IMU-based approaches for FoG detection and prediction

IMUs have been at the core of FoG research since the beginning of the 2000s. Their widespread
adoption stems from their ability to capture gait kinematics in a portable, inexpensive, and
minimally invasive manner, which makes them suitable both for laboratory experiments and
for long-term home monitoring [165].

3.2.1 Thresholding approaches.

A landmark contribution in this field was made by Moore et al. [41], who introduced the
Freezing Index (FI), a quantitative metric derived from accelerometer signals collected at the
lower limbs. The FI is defined as the ratio between the signal power in the “freeze band” (3-8
Hz), capturing the high-frequency trembling of the legs during freezing, and the “locomotor
band” (0.5-3 Hz), reflecting normal step cadence. By applying a threshold to this index, it
became possible to discriminate between normal walking and FoG episodes.
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Figure 3.1 Power spectrum during normal walk (left) and FoG (right) [166]

Although highly influential, this approach also exposed a key limitation: thresholds often need
to be calibrated for a specific patient cohort or dataset, limiting generalizability when applied
across broader clinical populations or daily-life [41][159].

3.2.2 The transition to machine learning.

To overcome these limitations, subsequent research shifted towards supervised machine
learning. Instead of relying on fixed thresholds, these methods extract features from IMU data
(time-domain statistics, frequency-band powers, entropy measures, and step regularity) and
train classifiers to automatically learn discriminative boundaries.

Early studies successfully applied support vector machine (SVM) [167], k-nearest neighbors
(kNN), and Decision Trees (DTree) [168][169]. These models demonstrated higher adaptability
than thresholding approaches, particularly in heterogeneous patient groups and under varying
gait tasks.

3.2.2.1 Growing methodological sophistication.

With the release of annotated resources such as the Daphnet FoG dataset [159], the field saw
the rise of more complex algorithms. Ensemble methods like Random Forest (RF) and Gradient
Boosting Tree (GBT) were adopted to improve classification robustness, while evaluation
protocols moved from strictly controlled laboratory paradigms to activities of daily living
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(ADL) environments. These studies highlighted new challenges, such as distinguishing FoG
from voluntary stops or irregular gait unrelated to freezing [165].

3.2.3 The emergence of deep learning.

More recently, DL architectures have been applied to IMU data, motivated by the ability to
learn feature representations directly from raw signals without the need for feature extraction.
One-dimensional convolutional neural networks (CNNs) and recurrent models have been
explored for FoG detection and even short-term prediction [169][170].

Borzi et al. [171] proposed a real-time FoG detection system based on deep neural networks
and a single inertial sensor, demonstrating that data-driven models can achieve high detection
accuracy even with minimal hardware setups. Their work highlights how DL approaches can
exploit subtle temporal patterns in gait dynamics, offering promising performance.

While these methods show promising improvements, their reliance on large, high-quality
annotated datasets and substantial computational resources currently limits their adoption, as
well as issues such as model interpretability and generalization to unseen patients. As such, DL
remains an emerging trend in the field rather than a consolidated standard. [171]
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3.3 EMG-based approaches for FoG detection and prediction

While IMUs capture the external kinematic consequences of gait, sSEMG provides a
complementary view by measuring the electrical potentials associated with muscle activation.
This perspective is particularly relevant for FoG, as abnormal recruitment patterns and
disrupted muscle synergies often precede or accompany freezing episodes. For instance,
irregular activation of the TA and GC during the stance-to-swing transition has been reported
as a hallmark of freezing [160].

3.3.1 Early explorations

Initial EMG studies in Parkinson’s disease were largely descriptive, focusing on identifying
abnormalities in muscle timing and co-contraction patterns during gait. Nieuwboer et al. [172]
showed that FoG is characterized by prolonged bursts, reduced rhythmicity, and abnormal
coupling between antagonistic muscles such as TA and GC. These findings provided the
physiological basis for considering EMG as a valuable modality for FoG detection.

3.3.2 From descriptive analysis to quantitative features

As the field moved toward automatic detection, researchers began extracting quantitative
descriptors from EMG, many of which align with those adopted in the present work.

These include time-domain indices such as energy, MAV, envelope STD, WL, ZC, and SSC,
as well as frequency-domain metrics like MF and spectral ratios. In addition, measures of inter-
muscular connectivity, such as coherence and MI, have been employed to capture altered
coordination across antagonist muscle groups.

For example, Tahafchi et al. [173] used multimodal sensors combining EMG and IMUs to
analyze lower-limb activity in people with PD. By computing energy and envelope-based
descriptors of EMG activity, along with kinematic features, they trained an SVM classifier that
successfully discriminated between standing, walking, and freezing episodes. Their results
highlighted the discriminative power of EMG bursts and energy features, consistent with
reports of altered TA and GC recruitment during FoG.

More recently, Zhang et al. [174] released a publicly available multimodal dataset including
EMG recordings from TA and GC muscles. In their analysis, EMG features such as MAV, ZC,

SSC, and WL were extracted, consistent with the set of descriptors commonly applied in FoG
detection.

Feature Representative studies ‘ Notes
Tahafchi 2017; Zhang 2022; Cole Sensitive to burst amplitude;
Energy /MAV 2010 discriminates FoG vs normal gait
Envelope statistics (Mean, STD) Tahafchi 2017 Captures changes in EMG activation
WL Zhang 2022 Reflects EMG signal complexity; higher

during irregular bursts
Detects frequency of sign changes; useful

zC Zhang 2022 for transient FoG events
Highlights slope variability; sensitive to
SSC Zhang 2022 tremor-like FoG
. Temporal descriptors linked to onset
Lag/Ratio of first peak Cole 2010 dynamics of EMG bursts
MI Canti 2019 Connectivity metric highlighting

abnormal synergies between muscles
Figure 3.2 EMG Features for FoG Detection
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3.3.3 Integration with IMUs and improved classification

Beyond standalone EMG, several works combined it with IMUs to improve detection accuracy.
Mazzetta et al. [160] designed a wearable system integrating shank-mounted IMUs and single-
channel EMG to detect FoG episodes in free living-like conditions.

Their approach introduced the R-index, a step-wise ratio between the maximum angular
velocity measured by the gyroscope and the corresponding EMG envelope amplitude.
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This index allowed robust discrimination between normal walking and FoG, with high accuracy
and very few false detections, highlighting that EMG does not only complement kinematic data,

but can provide direct, physiologically grounded markers of muscle activation deficits during
freezing.

3.3.4 Toward prediction and real-world applicability.

More recently, Moore et al. [175] investigated wearable EMG garments designed for everyday
use. They observed a marked decrease in EMG amplitude of quadriceps and hamstrings
approximately 3-4 seconds before FoG onset, pointing to a potential predictive biomarker. This
finding is particularly relevant for closed-loop interventions, where pre-FoG signatures could
be used to trigger cueing systems before the freezing episode fully develops.
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Figure 3.3 Amplitude decrease before FoG onset [175]

3.3.5 Challenges and practical limitations

Despite its promise, SEMG faces practical barriers compared to IMUs. Reliable signal
acquisition requires careful electrode placement and skin preparation, while movement artifacts
and long-term wearability remain critical issues. These constraints explain why EMG is often
used as a complementary rather than standalone modality in FoG detection. However, ongoing
developments in wearable technologies, such as textile-integrated electrodes [175], may reduce
these limitations and facilitate long-term monitoring.
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3.4 Machine learning for FoG detection and prediction

ML has become a cornerstone of modern biomedical signal analysis, providing tools capable
of identifying complex, non-linear relationships within physiological data.

In the study of FoG, ML enables the automatic recognition of temporal and spectral patterns in
sensor signals that may precede or characterize freezing episodes. By learning directly from
examples rather than relying on predefined rules, ML models can adapt to heterogeneous patient
populations, variable conditions, and different sensor configurations, offering a powerful
framework for both detection and prediction of FoG.

Most FoG studies employing ML adopt a supervised learning paradigm, in which algorithms
are trained on labelled data segments and then evaluated on unseen samples. The labelling is
often binary (FoG vs non-FoG), although some studies introduced a third class, Pre-FoG, to
build models capable of anticipating FoG onset and enabling closed-loop cueing systems
[157][176].

A typical ML pipeline for FoG detection and prediction includes several fundamental stages:

3.4.1 Feature extraction

The first step involves transforming preprocessed sensor data into compact, informative
representations. Features are extracted from IMU, EMG, or fNIRS signals in the TD, FD, and
occasionally in the connectivity domain.

The goal is to highlight the statistical and physiological differences between normal gait, pre-
FoG, and FoG periods, capturing both transient bursts and sustained oscillations.

3.4.2 Dataset Partitioning

An essential step in the development of any machine learning model is the proper partitioning
of the dataset into separate subsets for training, validation, and testing. The choice of
partitioning strategy depends strongly on the size and structure of the available data.

3.4.2.1 Train-Validation-Test split

When the dataset is sufficiently large and diverse, it is common to split it into independent
subsets, typically using a fixed proportion such as 70-80% for construction and 20-30% for
testing [177].

When model tuning is required (e.g., for hyperparameter optimization), construction set is often
split in training set and validation set, ensuring that the final test set remains entirely unseen
until the last evaluation stage. This approach is computationally efficient and provides a clear
separation between learning, tuning, and testing phases.

However, in biomedical and neurophysiological research, such as FoG studies, datasets are
often limited in size, and samples may be highly correlated across repetitions or subjects. In
such conditions, a simple train-test split may yield unstable results or biased estimates of model
performance.

48



3.4.2.2 Cross-validation

To address this, cross-validation (CV) procedures are typically employed to obtain more robust
and generalizable estimates of predictive accuracy.

Cross-validation divides the data into k subsets (or “folds™), iteratively training the model on
k — 1 folds and testing it on the remaining one. This process is repeated k times so that each
fold serves as a test set once, and the final performance metric is averaged across all iterations.
Common choices include k-fold CV (often with k =5 or 10) and stratified CV, which
preserves class balance in each fold [178].

In FoG research, inter-subject variability is particularly high, and subject-specific patterns can
dominate the model’s learning process [28]. Therefore, validation across subjects is essential to
ensure true generalization.

3.4.2.3 Leave-One-Subject-Out cross-validation

A widely adopted strategy is the Leave-One-Subject-Out (LOSO) cross-validation: the model
is trained on data from all but one participant and tested on the remaining one, repeating this
procedure iteratively for every subject.
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This approach yields a subject-independent estimate of performance, reflecting how well the
model would generalize to unseen patients in a real-world clinical setting. Moreover, LOSO
prevents data leakage, the inadvertent use of information from the same subject in both training
and testing, which could otherwise lead to overly optimistic results.

Overall, careful dataset partitioning and rigorous cross-validation are fundamental to achieving
reliable and generalizable models, particularly in biomedical contexts where data quantity and
independence are often limited.

3.4.3 Feature selection

Once features are extracted, feature selection or dimensionality reduction is often applied to
reduce redundancy, mitigate overfitting, and improve model interpretability. This step is
particularly crucial in neuroimaging and multimodal frameworks, where the number of
extracted features can be large relative to the number of observations.
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Feature selection methods can be broadly categorized into filter-based, wrapper, and embedded
approaches [179][180].

3.4.3.1 Filter based methods

Filter based methods evaluate the relevance of each feature independently of any specific
classifier, relying on statistical or information-theoretic criteria, such as correlation, MI, or
ranking metrics, to identify the subset of features that maximizes discriminative power while
minimizing redundancy.

3.4.3.1.1 Minimum Redundancy Maximum Relevance (nRMR)

mRMR is a feature selection criterion designed to identify a subset of features that provides the
highest amount of information about the target variable while avoiding redundancy among
features [181].

Let S denote the subset of selected features and ¢ the class label. The relevance of a feature
subset is defined as the average MI between each feature f; € S and the class label:

1
DES) =<7 ). MI(fiic)

fi€S

The redundancy among the selected features is expressed as the average pairwise MI between
features:

R(S) =

> MG f)
fufjes

The mRMR objective seeks to maximize the relevance of the selected subset while minimizing
redundancy, so maximizing:

| S |2

®(S) =D(S) —R(S)

The algorithm proceeds iteratively: starting from an empty feature set, it adds the features that
mostly increments the MI between the features subset and the class label.

3.4.3.1.2 ReliefF

ReliefF is a filter-based feature selection algorithm that estimates the importance of each feature
based on how well it distinguishes between samples of different classes while remaining stable
within samples of the same class.

For each randomly chosen instance R, the algorithm identifies its nearest neighbors:

e the nearest hits, samples from the same class as R.
e the nearest misses, samples from different classes.

A feature is assigned to a higher weight if its value differs significantly between classes (high
inter-class separation) but remains similar within the same class (low intra-class variation).

After many iterations across random samples, ReliefF produces a ranked list of features based
on their average weight. Features with positive or high scores are considered informative, while
features with low or negative scores are likely irrelevant.
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ReliefF is computationally efficient and robust to feature correlations and noise.
It also naturally handles multiclass problems and continuous variables (through variants such
as RReliefF). Because it evaluates features in a local neighborhood context, it is particularly
effective for datasets where class boundaries are non-linear or there is interaction between
variables. [182]

3.4.3.2 Wrapper methods

Wrapper methods evaluate the quality of feature subsets by training and testing a predictive
model on them. Unlike filter approaches, wrapper methods treat feature selection as a search
problem in the feature space, guided by the performance of a specific learning algorithm [183].

Subsets of features are generated and evaluated iteratively, using strategies such as forward
selection (progressively adding features), backward elimination (progressively removing
features), or heuristic/randomized search (e.g., genetic algorithms or simulated annealing).

At each iteration, the classifier’s performance metric, typically accuracy, F1-score or balanced
accuracy, is used to decide whether to retain or discard a feature subset.

Although wrapper methods often achieve high predictive accuracy, they are computationally
demanding, especially when the number of features is large. They are also prone to overfitting
if the evaluation is not properly regularized or cross-validated.

Nevertheless, when sufficient data are available, wrapper methods can produce feature subsets
optimized for the chosen classifier, providing better real-world performance than purely filter-
based selection [180][183].

3.4.3.3 Embedded methods

Embedded methods integrate feature selection directly into the model training process. In this
framework, the learning algorithm itself determines which features are most informative while
optimizing its internal objective function [179].

A prominent example is the Least Absolute Shrinkage and Selection Operator (LASSO), a
linear or logistic regression model that applies an L: regularization penalty to the weight vector:

min ||y - Xw 124+ 2 1w lly

Equation 3.1 LASSO L regularization penalty

The L: penalty encourages sparsity by driving less informative feature coefficients toward zero,
thereby performing automatic feature selection.

In DTrees algorithms, feature selection occurs at each node split, where the model chooses the
feature that maximally reduces impurity (e.g., Gini index or entropy). The hierarchical tree
structure inherently ranks features by their contribution to prediction, and irrelevant variables
tend not to appear in the final model.

Random Forests, as ensembles of DTrees, generalize this idea by averaging feature importance
across multiple randomized trees. Each tree is trained on a bootstrap sample of the data, and at
each split, a random subset of features is considered. This mechanism yields robust estimates
of feature importance, often measured as the mean decrease in impurity or mean decrease in
accuracy upon permutation.
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3.4.4 Classification

Finally, the selected features are provided to a classifier that learns the mapping between input
features and output labels (e.g. FoG, preFoG, or noFoG). Among the numerous available
algorithms, SVM and RF have emerged as the most common and reliable in FoG literature due

to their balance between accuracy, interpretability, and robustness on relatively small datasets
[184].

3.4.4.1 Support Vector Machines

SVM are among the most established and widely used algorithms for supervised classification
problems. Their idea is to find the best possible boundary that separates data points belonging
to different classes (e.g2. FOG no-FoG) within a multidimensional feature space [185].

Rather than simply dividing the data, SVMs look for the optimal separating surface, called a
hyperplane, that maximizes the margin between the two classes. The margin represents the
distance between the hyperplane and the closest data points from each class, known as support
vectors.

a Linearly separable SVM maximizes Margin violations and
classes margin between classes misclassifications

1 d‘%

Figure 3.5 SVM 2D representation [186]

A larger margin implies that the model is more confident and tends to generalize better to
unseen data, which is essential in biomedical applications where sample variability is high.

In practice, many datasets are not perfectly separable by a straight line (or hyperplane). To
handle these more complex relationships, SVMs can use kernel functions, which transform the
original feature space into a higher-dimensional one where classes become more easily
separable [185].

Different kernels are available depending on the problem’s nature:

o the linear kernel works well when data are roughly separable in their original form.

e the polynomial kernel allows capturing interactions between features.

e the radial basis function (RBF) kernel, the most commonly used, is capable of modeling
highly nonlinear boundaries.

One of the main advantages of SVMs is their robustness in situations with limited and noisy
data. Unlike other classifiers that may overfit when trained on small datasets, SVMs rely only
on a subset of the training samples, the support vectors, to define the decision boundary. This
property makes them particularly suitable for clinical and biomedical studies, where the number
of subjects is usually small compared to the number of extracted features.
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3.4.4.2 Decision Trees

DTrees represent one of the most intuitive and interpretable machine learning models and have
been applied in several studies on FoG detection. A DTree recursively partitions the feature
space into regions that are as homogeneous as possible with respect to the target variable (e.g.,
FoG vs. noFoQG).
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Figure 3.6 DTree schematic representation [187]

At each node, the algorithm selects the feature and threshold that maximize the information
gain, typically measured through impurity metrics such as Gini index or entropy [188].

(o
Gini(D) = 1 — Epiz
i=1
Equation 3.2 Gini Index

The final leaves of the tree represent decision outcomes, which can be easily visualized and
interpreted in clinical contexts.

In FoG research, DTrees have been employed both as standalone classifiers and as building
blocks for more advanced ensemble methods. When used individually, they offer high
interpretability and low computational cost, allowing clinicians to understand which features
contribute most to the detection of FoG.

For example, models trained on kinematic or EMG features often highlight measures of signal
energy, variability, or frequency content as key discriminators between freezing and normal
walking [168][189]. However, DTrees can suffer from overfitting, particularly when trained on
small datasets or when the number of features is large relative to the number of samples, a
common condition in FoG studies.

To overcome these limitations, ensemble variants such as RF and GBT were introduced,
leveraging multiple decision trees to achieve improved robustness and generalization.
Nevertheless, the simplicity and explainability of individual DTree continue to make them a
valuable tool for exploratory analyses and for identifying relevant physiological features
associated with FoG.
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3.4.4.3 Random Forests

RF is an ensemble method which builds a collection of DTrees and aggregates their outputs to
form a robust consensus prediction [190].

To reduce overfitting and improve generalization, RF exploits the concept of randomness,
introduced in two ways:

1. by training each tree on a bootstrap sample of the original dataset
2. by selecting a random subset of features at each node split

This dual randomization reduces correlation among trees, helping the ensemble avoid
overfitting and improving its ability to generalize to new data, and, because each tree captures
slightly different relationships among features, their combination yields a more balanced model
capable of handling noisy and heterogeneous data.

An additional advantage of RFs is their ability to estimate feature importance, providing
interpretable insights into which variables contribute most to the classification outcome. In FoG
detection, this has been used to identify the most discriminative features, helping to uncover
physiological correlates of FoG episodes [160].

3.4.4.4 Gradient Boosting Trees

GBT is an ensemble learning method that constructs a strong predictive model by combining
multiple weak learners, typically shallow decision trees, in a sequential manner.

At each iteration, a new tree is trained to predict the residual errors of the ensemble built so far,
effectively minimizing a loss function through gradient descent in the functional space.

This iterative correction process allows the model to progressively improve its predictive
capability, capturing complex non-linear relationships and feature interactions that single trees
or linear models may fail to represent [191].

Figure 3.7 Schematic representation of GBT [192]

Each individual tree contributes a small amount to the final prediction, controlled by a learning
rate that governs the trade-off between model complexity and generalization. Regularization
strategies (such as limiting tree depth) are often used to prevent overfitting which can occur
when the number of boosting stages is large.

In the context of FoG detection, GBT 1is often used thanks to its ability to model non-linear
relationships and feature interactions, which makes it suitable for multimodal datasets
combining kinematic, muscular, and cortical features, where the relationship between variables
is often complex [168].
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3.4.4.5 k-Nearest Neighbors

kNN algorithm is one of the simplest and most intuitive methods for supervised classification.
Rather than learning an explicit model during training, KNN performs classification based
directly on the similarity between data samples.

When a new instance is presented, the algorithm identifies the k most similar examples (the
nearest neighbors) from the training set, typically using a distance metric such as Euclidean,

Manhattan, or cosine distance, and assigns the class that is most frequent among those neighbors
[193].
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Figure 3.8 kNN 2D representation [194]
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This instance-based learning approach means that kNN has no training phase in the
conventional sense: all computation happens at prediction time. As a result, the method can
adapt flexibly to the shape of the data distribution without assuming any particular functional
form, which makes it well suited for nonlinear or irregular relationships between features and
labels.

The choice of the parameter k strongly influences model behavior.

e A small k (e.g., 1-3) makes the classifier more sensitive to noise, as decisions depend
heavily on a few nearby points.

e A larger k smooths the decision boundary by considering more neighbors, improving
robustness but potentially blurring fine distinctions between classes.

In practice, k is typically optimized through cross-validation to balance sensitivity and
generalization.

Because kNN relies on distance computations, feature scaling and normalization are crucial:
features with larger numerical ranges can otherwise dominate the distance metric and bias the
classification. This is particularly relevant in multimodal datasets, where features may have
very different units and magnitudes.

In FoG research, kNN has been successfully applied to wearable-sensor data for its simplicity
and ease of interpretation [ 168]. Despite its computational cost at inference time, kNN performs
well when the dataset is of moderate size and the feature space is not excessively high-
dimensional.
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3.4.4.6 LASSO Logistic Regression

Beyond its role in feature selection, the LASSO can also serve as a powerful classification
model when applied within the framework of logistic regression.

Logistic Regression Example

= Boundary
= False samples

« True samples

Figure 3.9 Logistic Regression 2D representation [195]

In this context, LASSO estimates the probability that an observation belongs to a particular
class (e.g., FoG vs. noFoQG) based on a weighted linear combination of features, while enforcing
a sparse representation through L. regularization [196].

Unlike unregularized logistic regression, which may overfit when the number of predictors is
large relative to the number of samples, the LASSO variant naturally constrains model
complexity by retaining only the most discriminative features.

From a practical perspective, the resulting model assigns non-zero weights only to features that
meaningfully contribute to class discrimination, allowing direct inspection of their relative
importance and direction of effect and making LASSO logistic regression particularly
appealing for multimodal datasets.

3.4.5 Model evaluation strategies

The performance of a ML model can be quantified by comparing its predicted labels with the
corresponding ground-truth annotations through a confusion matrix, which summarizes the
number of correctly and incorrectly classified samples for each class.

- Predicted class

o e
class
.

Figure 3.10 Confision matrix

TN

For a given class c;, the matrix entries are defined as true positives (T P;), false positives (FP;),
false negatives (FN;), and true negatives (TN;). From these quantities, several evaluation
metrics can be derived, each describing a specific aspect of model behavior.
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3.4.5.1 Evaluation metrics

The precision measures the proportion of correctly predicted samples among all predictions for
a given class, while recall (or sensitivity) quantifies the model’s ability to identify all samples
belonging to that class:

TP; TP;

Precision; = TP T FP. Recall; =
i i

- TP+ FN;

Equation 3.3 Precision and Recall

The specificity, conversely, measures the fraction of correctly identified negative samples:
TN;

TN; + FP;

Equation 3.4 Specificity

Specificity; =

Since precision and recall capture complementary aspects of performance, they are often
combined into the F1-score, defined as their harmonic mean:

2 - Precision; - Recall;
Fll' =

Precision; + Recall;
Equation 3.5 F1-score

To summarize results across multiple classes, per-class metrics can be averaged in different
ways: the macro-averaged scores compute the unweighted mean across classes, treating all
classes equally, while the weighted averages account for the number of samples in each class.

In addition, the balanced accuracy, corresponding to the average recall across classes, provides
a robust measure of overall sensitivity, especially in the presence of class imbalance:

K
1
Balanced Accuracy = — ) Recall;
K l
i=1
Equation 3.6 Balanced Accuracy

where K is the total number of classes.

In binary classification problems, precision, recall, and F1-score are typically reported for the
positive class; in multiclass settings the Macro-F1 and Balanced Accuracy offer a more
comprehensive evaluation of the model’s generalization capability.
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3.5 Multimodal approaches for FoG detection

As methodological development progressed, researchers recognized that relying on a single
signal type may not be sufficient to capture the complex and heterogeneous manifestations of
FoG. IMUs provide information on external kinematics, while SEMG captures neuromuscular
activity, and neuroimaging modalities such as EEG or fNIRS probe central mechanisms.

Multimodal systems were therefore proposed to exploit complementary sources of information,
aiming to improve detection robustness and generalization across patients and contexts.

3.5.1 Early multimodal studies.

Early multimodal research on FoG detection explored the complementary information
contained in kinematic and muscular signals. Cole et al. (2011) [197] presented one of the first
integrated approaches combining data from multiple triaxial accelerometers and a surface EMG
sensor positioned on the lower limb. Using handcrafted features derived separately from IMU
and EMG channels as inputs to a dynamic neural network, their system achieved 83%
sensitivity and 97% specificity during unconstrained daily-life activities.

This study demonstrated that the simultaneous observation of limb kinematics and muscle
activation could capture the complex motor signatures of FoG, outperforming single-sensor
methods in ecological conditions.

Subsequent works, such as Tahafchi et al. [173], adopted a similar multimodal configuration
but implemented classical machine-learning classifiers (e.g., SVM) to discriminate between
FoG and normal gait, confirming that the fusion of inertial and physiological features can
increase sensitivity and reduce false alarms even under variable walking conditions.

3.5.2 Feature-level and decision-level fusion.

As multimodal approaches evolved, two main strategies for integrating heterogeneous
biosignals emerged. The first involves combining the sensor data to derive composite
descriptors, creating unique features that capture the interaction between modalities [160]. This
method allows the extraction of integrated representations rather than treating each signal
independently.

The second approach performs feature-level concatenation, in which features extracted
separately from each modality are merged into a single multimodal feature vector that serves
as input to machine-learning classifiers in order to improve sensitivity and robustness compared
to unimodal models [173][197].

Although both approaches have proven effective, feature-level fusion remains the most widely
implemented in FoG detection pipelines because of its simplicity, interpretability, and
compatibility with conventional supervised learning frameworks. Conversely, composite-
feature methods such as the R-index offer deeper physiological interpretability but typically
require modality-specific calibration and careful signal synchronization.
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3.5.3 Expanding to other modalities.

Beyond IMU-EMG integration, multimodal research has also incorporated additional
physiological signals to better represent the interplay between motor and cognitive factors in
FoG. For instance, Zhang et al. (2022) [174] developed a multimodal dataset combining
accelerometers, EEG, EMG, and skin conductance (SC). Their analyses showed that the
inclusion of central and autonomic features increased detection performance and offered
insights into non-motor contributors to freezing.

Although fNIRS has been independently studied for cortical correlates of FoG (see Section 3.6),
there are currently no widely reported studies combining fNIRS simultaneously with both IMU
and EMG.

Nonetheless, the multimodal paradigm introduced by Zhang and colleagues represents a
significant step toward multimodal characterization of FoG, promoting reproducibility and
standardized benchmarking.

3.5.4 Challenges and practical limitations

Despite these encouraging results, several practical challenges still limit the routine deployment
of multimodal systems. Integrating multiple sensors increases the complexity of both data
acquisition and synchronization, as each modality operates at different sampling rates. Ensuring
reliable time alignment across IMU, EMG, and EEG or fNIRS signals remains a technical
priority for consistent feature extraction [174]

Signal quality is another concern, particularly for sSEMG and fNIRS, which can be sensitive to
electrode contact, motion artifacts, or optode displacement. Long-term wearability and user
comfort are also critical factors, as excessive instrumentation can reduce compliance in clinical
or daily-life scenarios [175].

Nevertheless, these limitations are progressively being mitigated by advances in sensor
miniaturization, wireless synchronization, and integrated hardware solutions. Recent work
emphasizes compact, co-located modules (e.g., IMU-EMG units) and smart textiles that embed
multiple sensors in a single wearable interface, substantially improving comfort and practicality
without compromising data richness.

Ultimately, the continued evolution of multimodal FoG detection research lies in striking a
balance between technical performance and real-world usability, ensuring that the systems not
only achieve high accuracy but also remain acceptable for everyday use by patients with PD.
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3.6 INIRS-based approaches for FoG detection and characterization

While inertial and electromyographic sensors capture peripheral manifestations of FoG, fNIRS
offers a complementary window into cortical hemodynamic, allowing to monitor changes in
HbO and HbR concentrations in the cerebral cortex during walking tasks, even in free
ambulation, making it particularly suitable for studying FoG mechanisms.

3.6.1 Early studies and rationale

Initial fNIRS investigations in Parkinson’s disease showed that patients with FoG exhibit
greater prefrontal cortex (PFC) activity during demanding walking conditions such as dual-
tasking or turning, compared to patients without FoG and healthy controls [162]. These findings
suggested that FoG is associated with an increased reliance on executive control, consistent
with theories of impaired automaticity of gait.

3.6.2 Event-related approaches

More recent work has moved from generic comparisons of “walking vs rest” to event-related
paradigms specifically designed to elicit FoG. For example, Feng et al. [198] investigated
cortical activation and connectivity during turning and doorway tasks, comparing episodes of
FoG with clean turns and with preFoG periods. They found significant alterations in frontal and
SMA activation in freezers, highlighting impaired cortical recruitment during gait transitions.
Similarly, other studies have contrasted FoG vs non-FoG episodes within the same locomotor
tasks, confirming differential PFC and SMA dynamics around episode onset [161].

3.6.3 Regional imbalance and mechanisms

Evidence converges on the notion that FoG involves an imbalance between cortical regions:
hyperactivation of the PFC during freezing-prone tasks, combined with reduced or poorly timed
SMA engagement.

Cockx et al. [161], using fNIRS during free ambulation, reported that patients with FoG
displayed abnormal coordination between frontal executive and motor planning areas,
consistent with disrupted cortical-subcortical communication. These results align with
electrophysiological studies suggesting decoupling of motor and cognitive networks.

3.6.4 Methodological considerations

Despite variability across studies, most fNIRS analyses adopt similar pipelines: motion and
physiological artifact correction, removal of superficial hemodynamics (often with SSc
regression), and GLM estimation of task-related responses [199].

Statistical contrasts are then performed between FoG and control conditions (e.g., FoG vs clean
turns, FoG vs preFoQG), followed by group-level analysis to account for inter-subject variability.
These methodological choices are essential to increase specificity and reproducibility in mobile
fNIRS studies.

Although the literature is still limited compared to IMU and EMG-based approaches, fNIRS
provides critical insights into the central mechanisms of FoG and represents a promising avenue
for multimodal systems that aim to integrate cortical, muscular, and kinematic information.
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4 Materials and Methods

4.1 Patients Cohort

Eleven patients diagnosed with idiopathic PD were enrolled in this preliminary study.
Participants were recruited at IRCCS Ospedale San Raffaele, according to the following
inclusion criteria: H&Y score <4, PIGD phenotype, stable dopaminergic medication for at least
4 weeks, no dementia and Mini-Mental Status Examination score (MMSE) > 24.

Participants were stratified into two subgroups based on their clinical history and experience of
freezing episodes:

e FoG group (n = 4): patients who reported experiencing freezing of gait episodes on a
daily basis.

e noFoG group (n = 7): patients without self-reported or clinically observed freezing
episodes.

Demographic and clinical information, including age, sex, disease duration, LEDD, H&Y
stage, MDS-UPDRS part III scores, Montreal Cognitive Assessment (MoCA), and NFOG-Q
scores, were collected prior to the experimental session. All subjects underwent both motor and
cognitive assessments as part of the baseline characterization.

All participants provided written informed consent prior to inclusion. The study protocol was
conducted in accordance with the principles of the Declaration of Helsinki.

A detailed summary of the cohort’s demographic and clinical characteristics is reported in Table
4.1.

Sex Disease UPDRS- | H&Y
0 =male Education e LEDD MoCA nFoG-
1= fomale Duration 11 (ON) | (ON) ¢
PD 001 73.9 0 20 14 898 27 2 22 17
PD 003 68.5 0 13 13 650 39 2 26 20
PD-FoG
PD_004 59.7 0 8 4 300 45 3 19 11
PD 005 73.6 0 12 15 1455 39 25 21 26
PD_006 74.9 0 8 4 300 28 2 23 0
PD_007 55.6 1 13 15 710 26 2 25 0
PD_008 66.0 0 13 5 430 25 2 27 0
PD- PD_009 72.9 0 13 7 575 30 2 2 0
noFoG -
PD 010 61.2 0 11 4 439 46 2 24 0
PD 011 62.6 1 18 7 405 44 2 23 6
PD 012 81.1 0 8 4 300 36 25 23 0
Average 68.9 133 115 825.8 375 24 22.0 18.5
PD-FoG 4/0
Stdev 6.6 5.0 5.1 486.0 75 0.5 2.9 6.2
D Average 67.8 12.0 6.6 4513 33.6 2.1 24.4 0.9
y 5/2
noFoG Stdev 8.9 35 4.0 147.6 8.6 0.2 1.6 23
p-Values 0.850 0.500 0.777 0.257 0.186 0.450 0.299 0.108 0.008 *

Table 4.1 Cohort demographic and clinical characteristics. Between-group comparisons were conducted to assess potential
demographic or clinical differences: continuous variables were analyzed using the Wilcoxon Rank-Sum Test, while
categorical variables were compared using the Sign Test. Statistically significant differences are indicated with *.
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4.2 Experimental Protocol

The experimental tasks were part of a broader study investigating the effects of transcranial
direct current stimulation (tDCS) on FoG in PD.

The protocol included multiple sessions to test the effects of different stimulation sites
compared to the baseline; however, the present work focuses exclusively on the first
experimental session (baseline), during which no stimulation was applied. Multimodal
recordings (fNIRS, EMG, IMU) were acquired during motor tasks designed to evaluate
patients’ gait on straight paths and turns and elicit FoG episodes.

During this initial session, participants underwent a baseline evaluation consisting of:

e Clinical assessments, including the MDS-UPDRS part III, H&Y stage, MoCA, 10-
Meter Walk Test (10MWT), Timed Up and Go (TUG), and NFOG-Q.

e Cognitive baseline tasks, including the Phonemic Fluency Task (PFT) and a Backwards
Counting Task (BCT), used to evaluate DT interference during subsequent motor
assessments.

PFT required participants to say as many words as possible, beginning with a specified letter
within two minutes, with the target letter changing every minute.

BCT consists in counting backward from a given number by repeatedly subtracting a fixed
value. Different difficulty levels were defined by varying both the starting number and the
subtraction step, with higher values corresponding to more demanding conditions. The
difficulty level related to each specific patient was defined in the baseline and kept the same
during the DT walk trial, changing the starting value in each session to prevent learning effects.

Following these evaluations, participants performed seven motor tasks under fNIRS-EMG-
IMU monitoring, all at the highest feasible speed under safe and controlled conditions in a
laboratory environment, with safety personnel present to prevent falls.

For each task, both a minimum performance criterion (e.g., completing at least ten back-and-
forth trials) and time constraints were defined. Participants were required to continue the task
until the minimum duration was reached, even if the performance criterion had already been
met. Conversely, if the maximum duration was exceeded, typically due to prolonged freezing
episodes or fatigue, the task was stopped regardless of the achieved performance.
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4.2.1 360 degrees turn

In the first motor task, the patient was asked to complete six 360 degrees turns in both directions,
while standing in a 50x50 cm box. The minimum duration was one minute, while the maximum

duration was two minutes.
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Figure 4.1 Turn 360 task setup
After this first task, the expert evaluator identified the direction in which the patient exhibited

greater difficulty, that will be indicated as GDD (greater difficulty direction), while the other
direction will be indicated as LDD (lower difficulty direction).

4.2.2 Dual task walking (PFT), turn in GDD

In the first walking task, patients were instructed to walk in a controlled environment consisting
of two 50x50 cm boxes placed 8 meters apart along a straight path.

wd )¢

8m

50 cm
v

A

50 cm 50 cm

Figure 4.2 PFT walking setup, turn in GDD
Patients repeatedly walked back and forth between the two boxes, completing at least ten 180

degrees turns inside them, always in their GDD, in a time range between two and four minutes.
The DT condition associated with this task was PFT, considered less demanding compared to

BCT.
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4.2.3 Single task walking, turn in GDD and LDD

After the first DT walking task, two ST walking task were performed, in which the same
walking setup was maintained, but no cognitive task was performed.
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Figure 4.3 ST walking setup
In one task patients had to turn in their GDD, while in the other in their LDD. Both tasks’
minimum duration was two minutes, while maximum duration was four minutes.
These two tasks served as motor-only reference, to allow comparison between ST and DT

conditions.

4.2.4 Dual task walking (BCT), turn in LDD

A further DT trial was performed in the LDD, under the same spatial configuration and task
characteristics (duration and performance constraints). Patients were instructed to walk back
and forth between the boxes while performing BCT (e.g. backwards counting from 285

subtracting 7).
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Figure 4.4 BCT walking setup, turn in LDD
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4.2.5 Color-Direction Dual Task walking

In the final DT condition, patients performed the same walking task between the two boxes, but
with an externally cued color-direction rule. Before the trial, each patient was instructed about
a color-direction association (yellow = right, blue = left or vice versa).

During the walking task, immediately before each turn inside the box, the examiner verbally
announced a color cue, and the patient was required to turn in the corresponding direction.
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Figure 4.5 Color-Direction DT walking setup

This paradigm prevented patients from preparing the turn in advance and introduced an element
of unpredictability, with the aim to increase the likelihood of FoG episodes.

4.2.6 Single-task Cone Walking

Two additional ST conditions were performed to obtain clean turning references with minimal
freezing risk. Patients walked along an 8-meter path delimited by cones, performing controlled

180° turns around the cones at each end.
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Figure 4.6 ST cone walking setup

This configuration was chosen to provide larger turning trajectories and to capture gait and turn
dynamics under conditions less likely to induce FoG episodes, serving as reference for
subsequent comparisons. Consistently, no FoG episodes were observed during the cone trials,

confirming the validity of this assumption.
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4.3 Experimental Setup

A multimodal acquisition setup was designed to simultaneously record cortical, muscular, and
kinematic activity during previously described motor tasks. The system integrated fNIRS,
sEMG and IMUs, all synchronized through a dedicated trigger and software interface.
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Figure 4.7 Experimental Setup.: hardware and synchronization strategies

4.3.1 fNIRS Setup

In this study, cortical hemodynamic activity was measured using the NIRSport2 system (NIRx
Medical Technologies, Berlin, Germany), a portable fNIRS instrument designed for
multichannel brain imaging in both laboratory and unconstrained environments.

Figure 4.8 NIRSport2 system [200]

It operates in CW mode with dual-wavelength LEDs at 760 nm and 850 nm, selected to capture
changes in HbO and HbR concentrations.

The configuration included 16 sources and 15 detectors, forming 52 long-separation channels
with a source-detector distance of 3 cm, and 8 short-separation channels (SSc) with a distance
of 8-15 mm.

The optode montage was arranged to cover frontal and motor cortical areas previously
associated with FoG episodes, including PFC, SMA, and premotor regions [162], according to
fMRI findings during feet motor tasks [201].
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Figure 4.9 Selected optode configuration in 10-20 system. Sources are red circles, detectors are blue circles, SSc are blue
circles around the sources and the imu sensor is the green circle.

Data were sampled at 5 Hz and recorded using Aurora NIRS acquisition software, which
provides real-time monitoring of optode coupling quality and signal stability.

The optical cap was adapted to the participant’s head size using the international 10-20
coordinate system to ensure consistent positioning across subjects. Signal quality was visually
inspected before each trial, and channels with poor coupling were readjusted prior to
acquisition.

The NIRSport2 headset incorporates one 6-DOF IMU, with 100 Hz sampling frequency, to
allow motion monitoring and artifact handling during acquisition, and in our case to check the
synchronization between the systems.
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4.3.2 IMUs Setup

Kinematic data were acquired using Opal sensors (APDM Wearable Technologies, Portland,
OR, USA), each comprising a triaxial accelerometer, gyroscope, and magnetometer (9 DOF).

Figure 4.10 Opal sensor [202]

Opal sensors record signals at a sampling frequency of 128 Hz, with a 16-bit resolution on each
axis, and employ onboard sensor-fusion algorithms (based on Kalman filtering) to compute
real-time orientation estimates and are wirelessly synchronized and transmitted to a central hub
[145].

Sensors were positioned on the feet, lumbar vertebra, sternum, and wrists capturing linear and
rotational dynamics relevant to gait and turning maneuvers typically associated with FoG.
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Figure 4.11 IMU sensors setup

The IMU system was managed via Mobility Lab software, which ensured synchronized data
collection and automatic timestamp alignment with the other modalities through shared trigger
inputs.
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4.3.3 SEMG Setup

Muscle activity was recorded using a FreeEMG system (BTS Bioengineering, Milan, Italy),
equipped with wireless probes employing Ag/AgCl bipolar electrodes.
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Figure 4.12 FreeEMG system [203]
Each FreeEMG sensor acquires sSEMG activity with 1000 Hz sampling frequency, pre-amplifies
it on board, and wirelessly send the data to a receiver.

A total of 10 EMG channels were used, targeting bilateral lower-limb muscles crucial for gait
initiation and postural transitions: Tibialis Anterior, Gastrocnemius Medialis, Rectus Femoris,
Biceps Femoris, and Gluteus Maximus.
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Figure 4.13 SEMG sensors setup [204]

Electrodes were placed following SENIAM recommendations [98] for inter-electrode distance
and orientation, ensuring reproducibility and minimizing crosstalk.

4.3.4 Multimodal Synchronization

To ensure temporal alignment across the fNIRS, EMG, and IMU systems, a custom hardware-
software synchronization architecture was implemented.

The synchronization relied on a BTS Trigger Box, an Arduino nano microcontroller, and a Lab
Streaming Layer (LSL) interface that allowed all acquisition software to start and stop
simultaneously with a single command.
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Figure 4.14 BTS Trigger Box

The start input was delivered manually through a push button connected to the BTS Trigger
Box, which controlled the BTS acquisition system (SEMG and video cameras), through an
Arduino board, programmed to invert its digital output state at each button press.

The Arduino was powered via a standard USB connection, and its serial output was read
directly, allowing software-level detection of the trigger event, which triggered two
mechanisms:

e Sending an LSL stimulus to Aurora (NIRx), to set the start or the end of fNIRS
acquisition
e Simulating a click on Mobility Lab interface’s start/stop button
This configuration enabled near-perfect simultaneous initiation of all acquisition systems,
ensuring that fNIRS, EMG, and IMU recordings started with minimal temporal offset despite
the absence of direct hardware coupling between devices.

To guarantee full temporal precision, synchronization accuracy was subsequently verified and
post hoc correction procedures were applied to compensate for the residual inter-system delay.

4.3.4.1 Inter-system delay quantification and correction

To quantify the delay among the three acquisition systems, two complementary approaches
were employed.

fNIRS-IMU delay was estimated by computing the cross correlation between the acceleration
magnitude of the Opal sensor positioned on the sternum and the signal from the auxiliary
accelerometer mounted on the fNIRS cap.

Reylt] = )" #lt] -yl + 1]
t
Equation 4.1 Cross Correlation between two discrete signals x[t] and y[t]

Where x[t] and y[t] are the two signals and 7 is the delay.

Before computing the cross-correlation, the mean value of both signals was removed to avoid
introducing bias in the correlation estimation.

By identifying the delay corresponding to the cross correlation maximum value, it is possible
to estimate the lag between the two signals. The search for the delay was restricted to the 0-3 s
interval, as the expected lag was below one second and wider windows could introduce spurious
correlations.

IMU-sEMG/video delay was quantified by identifying the first step event in both the video
recordings and the gyroscope signal of the lower-limb Opal sensors (see 4.4.1).
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4.4 Events Definition

4.4.1 Step detection

Step detection was performed on the angular velocity signals recorded by the Opal IMUs
positioned on the feet, following a custom algorithm derived from the framework proposed by
Renggli et al. (2020) [151] and Borzi et al (2021) [176].

The gyroscope signal was first normalized and band-pass filtered between 0.5 and 5 Hz to
remove high-frequency noise and baseline drifts, preserving the cyclical pattern associated with
gait dynamics.

W, — mean(wy)

4 =
Dy max(wy) — min(wy)

Equation 4.2 Angular velocity normalization [176]

Within the filtered waveform, the positive peaks corresponding to the maximum angular
velocity during the mid-swing phase were identified and labeled as MAX events.
For each MAX event, the TO was defined as the first negative peak preceding the MAX,

representing the instant of foot lift-off, while the HS-end was defined as the first negative peak
following the MAX, corresponding to the impact of the foot with the ground.

When available and within a reasonable temporal distance, the Step Start was aligned with the
HS-end of the preceding step; otherwise, it was approximated by the TO of the current cycle.
This procedure allowed for the precise segmentation of the gait signal into individual steps,
ensuring consistent identification of stance and swing phases across subjects and trials.

The resulting event markers (Step Start, TO, MAX, HS-end) were subsequently used to extract
gait parameters and to temporally align the annotations of walking, turning, and FoG periods
with the corresponding step occurrences.

4.4.2 Turn identification

Turn detection was performed on the angular velocity signal acquired from the lumbar Opal
IMU, which provides a stable representation of trunk rotation around the vertical axis.

Turn detection was implemented via a hysteresis thresholding scheme on the yaw angular
velocity from the lumbar IMU. Turns were identified when |wyaw| crossed an upper threshold
(15 °/s), while turn onset and offset were defined as the first samples before/after the upper
crossing at which |wyaw| fell below a lower threshold (5 °/s).

Adjacent turning segments separated by short intervals below a minimum duration threshold
(50 ms) were merged to account for natural variability in turning behavior, whereas segments

shorter than the minimum valid duration (0.5 s) were excluded to eliminate spurious detections
caused by small fluctuations or noise.

The algorithm was based on the method proposed by El-Gohary et al. (APDM, 2013) [153],
adapted to the current experimental setup.

Following automatic detection, each trial was divided into turn and walk phases, the latter
corresponding to all segments outside the turning intervals. These phases were then realigned
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with the corresponding HS events obtained from the step-detection procedure, in order to
capture the intention to initiate a turn or a walk rather than the isolated event itself.

This alignment ensured a consistent temporal correspondence between step-level kinematics
metrics and higher-level events (walk, turn, and FoG).

4.4.3 FoG and preFoG definition

The identification of FoG and pre-FoG episodes was performed through manual video
annotation, gold standard in FoG detection studies, using the ELAN software, which is
recognized as a reliable tool for event labeling in gait studies [39].

Two independent evaluators, both experienced in movement-disorder assessment, annotated all
video recordings to mark the onset and offset of FoG episodes, as well as periods of altered
turns, turning maneuvers that were not classified as true FoG events but deviated from the
subject’s typical performance.

Altered turns were excluded from the primary analysis, as they do not represent either
physiological turning or true freezing behavior.

The pre-FoG period was defined as a 2-second window preceding the onset of each FoG
episode, in accordance with previous literature [157][176]. This temporal window was used to
capture potential anticipatory changes in motor, muscular, and cortical activity prior to freezing
onset.

When event overlaps occurred, a priority rule was applied to preserve event consistency:

¢ FoG and pre-FoG labels always took precedence over other annotations
e when an altered turn overlapped with a standard turning event, the entire segment was
reclassified as altered turn.

Like for turn and walk events, also FoG boundaries were referenced to step events derived from
the IMU-based detection described in Section 4.4.1.

Specifically, the FoG onset was aligned with the last HS event preceding the beginning of
freezing, while the FoG offset corresponded to the first TO event following its termination.
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4.5 Signals Processing

4.5.1 fNIRS Signals processing

fNIRS data were processed using NIRSTORM, a plugin for Brainstorm, which is an open-
source MATLAB toolbox for multimodal neuroimaging analysis [205].

The preprocessing pipeline was designed to remove motion and physiological artifacts, remove
non cortical hemodynamic components, and convert raw optical intensities into cortical

hemodynamic activity maps.

Raw light-intensity signals from the two wavelengths
(760 and 850 nm) were first converted into OD.

Motion artifacts were then corrected using the temporal
derivative distribution repair (TDDR) method [75],
which effectively restores the temporal continuity of the
signal by detecting and repairing derivative outliers.

The corrected OD signals were band-pass filtered
between 0.05 and 0.1 Hz to isolate the frequency range
of task-evoked hemodynamic fluctuations while
removing slow drifts and high-frequency physiological
noise [76].

To further suppress systemic contributions from
extracerebral tissues, SSc regression was applied: the
average signal from all SSc was regressed out from each
long-separation channel, thereby minimizing scalp
blood-flow contamination.

For spatial analysis, a 3D reconstruction was performed
using the MNE algorithm, which uses photon
propagation models to project channel-level data onto
the cortical surface, resulting in voxel-wise
hemodynamic maps.

Event-related activations were then estimated using a
GLM, where event design matrices were convolved with
a canonical HRF. The resulting [ coefficients
represented the amplitude of task-evoked responses and
were used for both subject-level contrasts and group-
level analyses.

To obtain region-level representations of cortical
dynamics, voxel-wise HbO signals were averaged within
the standard cortical ROIs of the AAL3 atlas that
overlapped with the investigated cortical area.

From Raw intensity to OD

\

Motion artifact
correction (TDDR)

Band-pass filtering
(0.05-0.1 Hz)

SSc regression (< 1.5 cm)

3D reconstruction: MNE
algorithm

\ 4

GLM analysis

¢

ROI-level time-series

extraction (AAL3)
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This procedure yielded ROI-level time series describing the temporal evolution of
hemodynamic activity within each region throughout the experimental tasks, providing
activation-based descriptors of cortical hemodynamics, which were subsequently integrated
with EMG and IMU features for multimodal analysis.

4.5.1.1 Statistical Analysis of § Maps

Event related B maps obtained from the GLM analysis were evaluated at multiple levels to
capture both individual and group-level cortical activation patterns, separately for ST and DT
conditions.

At the single-subject level,  values were inspected to characterize individual cortical activation
patterns across the different gait-related events. This approach allowed the identification of
subject-specific hemodynamic signatures associated with turning, walking, and freezing
behaviors.

Paired t-tests were conducted independently within each group (PD-FoG and PD-noFoG) to
explore condition-related differences while accounting for inter-subject variability.

Finally, at group level, comparisons were performed on shared conditions between PD-FoG
and PD-noFoG patients to evaluate systematic differences in cortical activation related to non-
FoG conditions.

4.5.2 IMU Signals processing

Inertial data were preprocessed to remove noise, standardize the reference frame, and ensure
consistency across sensors and subjects.

Raw triaxial acceleration and angular velocity signals were first low-pass filtered (10 Hz cutoff
frequency) to suppress high-frequency noise and mechanical vibration artifacts while
preserving gait-related components.

Subsequently, each sensor’s orientation was realigned to the global (earth-fixed) coordinate
system using the onboard quaternion estimates provided by the Opal devices.

The resulting filtered and realigned signals were then used for event detection (Section 4.4) and
for the extraction of quantitative features to describe gait and turning dynamics.

4.5.3 sEMG Signals processing

Surface EMG signals were preprocessed to remove potential artifacts and normalize between
patients in order to mitigate variability related to electrode-skin coupling and electrode
positioning differences.

First, raw traces were filtered to attenuate motion artifacts and baseline drift while preserving
the physiological SEMG bandwidth, by using a 4™ order bandpass filter between 20 and 450
Hz.

Signals were then normalized on a per-muscle, per-task basis, scaling each channel to [—1, 1]
range.
SEMG — min(sEMG)
max(sEMG) — min(sEMG) B
Equation 4.3 sEMG normalization in [-1, 1] range

SEMG' =2 -
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4.5.3.1 Envelope extraction
The sEMG envelope was extracted by:

1. full-wave rectification
2. low-pass filtering, with a 4" order filter with a cutoff frequency of 4 Hz [105]

This processing produced stable, comparable SEMG and envelope amplitude time series across
muscles and sessions, suitable for subsequent epoching and feature extraction.
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4.6 Features extraction

Following preprocessing, all signals were segmented into temporally synchronized 2-second
epochs with 87.5% overlap between consecutive windows.

Feature extraction was performed independently for each modality, generating a multimodal
dataset that captures complementary aspects of cortical, muscular, and kinematic dynamics
associated with gait and freezing episodes.

4.6.1 f{NIRS features

For the fNIRS modality, ROI-level time series were obtained, as described in Section 4.5.1, by
averaging voxel-wise HbO signals within the standard cortical ROIs of the AAL3 atlas
overlapping with the investigated cortical area, resulting in 65 ROIs out of 104.

From these time series, two activation-based features were extracted to characterize the
temporal evolution of regional hemodynamics during the motor tasks. Specifically, for each
ROI and epoch, HbO mean and the slope were computed, resulting in 130 fNIRS features.

4.6.2 IMU features

IMU-derived features were designed to capture both gait performance parameters and signal-
based descriptors of lower-limb kinematics. Features were grouped into three main categories:
stride-level spatiotemporal parameters, accelerometer-based features, and gyroscope-based
features.

4.6.2.1 Stride-level spatiotemporal parameters

Using the step events identified in Section 4.4.1, a set of spatiotemporal gait metrics was
computed from the foot-mounted sensors by integrating the realigned acceleration signals and
correcting for drift.

For each detected step, the following parameters were extracted:

e Spatial: stride length, maximum foot clearance, outward rotation, and mean gait
velocity.
e Temporal: step duration, stance and swing times, cadence, and phase-related ratios.

These metrics provide a compact description of gait performance, reflecting overall stability,
step regularity, and dynamic balance.

4.6.2.2 Accelerometer-based features

From the left foot and right foot sensors, tri-axial accelerometer signals were analyzed to extract
features describing amplitude, variability, and spectral composition. For each axis, the
following groups of features were computed:

e Time domain: mean, STD, minimum, maximum, RMS, skewness, kurtosis, and ZC.
e Information-theoretic: SE.

e Freezing index.

e Frequency domain: peak and mean frequency.

In addition, composite 3D features were extracted, including:
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e mean value of the acceleration vector magnitude.

e cigenvalues (M-A3) of the covariance matrix among axes, representing motion
anisotropy.

e lag of the first autocorrelation peak of the high pass filtered (> 2.5 Hz) acceleration
vector magnitude, indicator of step periodicity.

Overall, this set yielded 76 accelerometer features.

4.6.2.3 Gyroscope-based features

Gyroscope data from the left foot, right foot, and lumbar sensors were processed to characterize
rotational dynamics and inter-limb coordination. For each axis, following features were
extracted:

e Time domain: mean, STD, RMS, skewness, kurtosis.
e SE.
e Frequency domain: peak and mean frequency.

Additional 3D descriptors were derived from the angular velocity vector magnitude, including
the lag of the first autocorrelation peak (after high pass filtering at 0.5 Hz), which reflects the
periodicity of rotational motion.

Specific metrics were also derived for particular sensors:

e Lumbar sensor: cumulative turning angle (in degrees) around the vertical axis, obtained
by signal low pass filtering at 1.5 Hz, and integration.

e Bilateral coordination: inter-foot gyroscope synchrony along the mediolateral (y) axis,
quantified by the maximum cross-correlation between left and right signals, as well as
the average and absolute difference of their standard deviations.

This processing block yielded 81gyroscopes features in total.

4.6.3 sEMG features

sEMG features were designed to capture amplitude, waveform characteristics, spectral content,
and inter-muscle coupling from each muscle’s preprocessed signal and envelope.

From each muscle ten features were extracted:

e Amplitude/energy: signal Energy, envelope Mean and STD (from the
rectified/smoothed envelope).

e Temporal domain: MAV, ZC, SSC, WL.

e Auto-structure: autocorrelation first-peak lag (s) and first-peak ratio (peak/zero-lag),
quantifying periodicity and regularity.

e Spectral: MF (from the power spectrum).

e Information-theoretic: SE (signal complexity).

For selected antagonistic pairs, TA < GC and BF < RF, inter-muscle coordination was
quantified by computing magnitude-squared coherence and MI between the two sEMG signals,
resulting in a total of 108 SEMG features.
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Category Features ‘ What it captures

Amplitude Energy; MAV; Envelope Mean/Std Overall activation level
Temporal ZC; SSC; WL Firing regularity/complexity
Auto-structure Autocorr lag:; Peak ratio Step-cycle periodicity/regularity
Spectral MF Activation bandwidth

Information SE Signal complexity
Pairwise Coherence; MI Antagonist coordination
Table 4.2 SEMG features

4.6.4 Epoch’s label definition

In the features extraction phase, a ground-truth label was associated to each features vector
based on temporal overlap with annotated and detected events. For each epoch, the event with
maximum overlap was assigned if the overlap exceeded a fixed threshold (50 % of the epoch
length); otherwise, the epoch was labeled None.
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4.7 Outlier identification and removal

Prior to modeling, a two-stage outlier handling procedure was applied on the multimodal feature
table, restricting the analysis to walk, turn, FoG, and pre-FoG epochs (records labeled “None”
and “turn_alterated” were excluded).

All operations were stratified by condition-task pair (event label + ST/DT), in order to account
for task and load-specific distributions, and, within each stratum, features were processed
separately by modality block (fNIRS, EMG, IMU).

4.7.1 Fixed-bounds winsorization and imputation

In the first step we computed fixed distributional bounds from the features data (mean = 3-STD
per feature), which were then held constant throughout cleaning. Using these bounds, values
outside the interval were winsorized (clipped to the nearest bound).

Missing entries were imputed feature-wise with the in-bound median (fallback to the mean if
the median was undefined). In parallel, we applied a conservative “10% rule” to flag low-
quality epochs: an epoch was marked if >10% of its features in that modality fell outside the
fixed bounds or were missing.

4.7.2 Density-based outlier detection

Within each stratum and modality, we then performed Local Outlier Factor (LOF) detection on
z-scored features. The LOF algorithm quantifies how isolated a sample is with respect to the
local density of its neighborhood, comparing the density around each point to that of its nearest
neighbors. Samples located in regions of significantly lower density than their surroundings are
assigned higher LOF scores, indicating that they behave anomalously relative to nearby
observations.

Epochs with LOF scores exceeding mean + 1.96-STD were flagged as density outliers. LOF
thus complements the univariate bounds by capturing multivariate deviations arising from
atypical feature combinations.

4.7.3 Final removal and reporting

The union of flags from the 10% rule and LOF (computed independently for EMG, IMU, and
fNIRS) defined the set of outlier epochs to be removed. We also summarized flags per patient
to monitor the impact of cleaning (initial counts, flagged counts by modality, and percentage
removed), and saved the resulting cleaned dataset for following analyses.

This pipeline combines robustness, through winsorization and imputation, with specificity
provided by the multivariate LOF detection, while preserving condition-dependent statistics by
estimating bounds prior to data removal and applying all steps separately within each condition-
task pair and each modality.
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4.8 Features dimensionality reduction

4.8.1 Statistical screening

To identify which features were most informative for distinguishing FoG from non-FoG
conditions (walk, turn, and pre-FoG), a univariate statistical screening was performed using the
Mann-Whitney U test, a non-parametric alternative to the t-test that does not assume normality
of the data. The test was applied independently to each feature, comparing its distribution
between FoG and non-FoG epochs.

To account for the large number of features tested, Bonferroni correction was applied within
each modality group (fNIRS, EMG, and IMU), thus controlling the risk of false positives due
to multiple comparisons. Only features with a Bonferroni-corrected p-value < 0.05 were
retained for further analysis, while those not meeting this criterion were discarded.

4.8.2 fNIRS features screening across patient groups

To further refine the feature set, an additional statistical screening was performed on the fNIRS
features, comparing patients belonging to the two different groups (PD-FoG vs PD-noFoG).

For each feature, a two-sample t-test was computed across all epochs belonging exclusively to
either group. This comparison was performed independently of task condition and cognitive
load (ST/DT), since the aim was not to assess task-related effects but to identify features that
exhibited no significant differences between the two patient populations.

A Bonferroni correction was applied to account for multiple comparisons between the two
subgroups, and features with Bonferroni corrected p-values greater than 0.05 were discarded
from the features set.

4.8.3 Feature correlation and redundancy analysis

The resulting dataset was then used for evaluate features inter-correlations, separately for each
modality (fNIRS, sEMG, IMU). Highly correlated features, reflecting redundant information,
were identified through pairwise correlation analysis and selectively removed to avoid
collinearity in subsequent modeling steps.

This modality-wise approach was chosen to preserve complementary information across sensor
types while reducing internal redundancy within each feature group. The combination of
statistical relevance and correlation-based filtering resulted in a non-redundant feature set
optimized for multimodal classification.
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4.9 Machine Learning

4.9.1 Data partitioning and normalization

A LOPO cross validation strategy was adopted to evaluate generalization across subjects.

For the binary task, labels were collapsed to FoG vs noFoG, where the noFoG class was
composed by turn and walk epochs. For the three-class task, labels were FoG, preFoG and
noFoG.

Training folds were balanced using a custom partitioner: given n FoG episodes in the training
fold, noFoG class was composed by n/2 walk epochs and n/2 turn segments to match FoG
counts, selecting from the epochs that most overlapped walk/turn events, while the left-out
subject formed the validation fold. Also, a permutation was performed before the selection, in
order to avoid selecting most overlapping epochs that belonged all to the same walk/turn events.

Feature values were min-max scaled; feature selection and model fitting were performed within
each training fold and validated on epochs of the held-out subject.

4.9.2 Features Selection and Classification

4.9.2.1 Binary classification (FoG vs noFoG)

The first classification task aimed to discriminate between FoG and noFoG epochs. For this
purpose, different combinations of feature selection strategies and classifiers were tested:

e SVM classifier was used in combination with mRMR algorithm, which identifies the
subset of features that maximize class separability while minimizing inter-feature
correlation.

e RF, with feature importance derived from the Out-of-Bag (OOB) permutation error, and
the model was retrained using only the top-ranked features.

e kNN classifier was built using the top-ranked features obtained by the ReliefF
algorithm.

e LASSO logistic regression, which performs embedded feature selection as part of its
optimization process.

For all models except LASSO regression, the number of retained features was optimized
through an iterative procedure, in which the top » ranked features (with »n ranging from 10 to
the total number in steps of 10) were progressively selected. Model performance was then
evaluated for each subset to identify both the optimal configuration and the trend of accuracy
as a function of feature count.

Performance metrics were computed on the held-out subject for each fold and then averaged
across patients to obtain global estimates.
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4.9.2.2 Multiclass classification (FoG vs preFoG vs noFoG)

The second task extended the binary problem to a three-class classification, introducing the
preFoG condition to capture transitional patterns preceding freezing episodes. Feature selection
and training strategies mirrored those of the binary task:

e For the SVM, mRMR was applied prior to training, and a linear multi-class Error-
Correcting Output Codes (ECOC) scheme was used for classification.

e RF again exploited the OOB importance criterion to rank predictors and was retrained
on the most informative subset.

e The kNN classifier relied on ReliefF feature weighting to select the most discriminative
variables.

¢ Finally, a Gradient Boosting ensemble (AdaBoostM2) was implemented, incorporating
a cost matrix that penalized FoG misclassifications to improve sensitivity toward rare
events.

For the three-class classification task, the same feature tuning strategy was applied. The number
of retained features was iteratively varied by selecting the top n ranked predictors, with n
ranging from 10 to the total available features in increments of 10.

4.9.3 Performance evaluation

Model performance was primarily quantified using balanced accuracy, selected as the main
evaluation metric for both the binary and multiclass classification problems due to its robustness
to class imbalance.

For the binary problem, balanced accuracy was computed for each fold of the LOPO cross-
validation scheme and used as the principal indicator of the model’s ability to discriminate FoG
from noFoG epochs. For the three-class problem, overall model performance was again
summarized through balanced accuracy, and the model achieving the highest mean balanced
accuracy across LOPO folds for its optimal number of retained features was identified as the
best performing classifier and was used to subsequent analysis.

For this model, a more detailed characterization of its classification behavior was obtained
through per-class evaluation. Specifically, precision, recall, specificity, and Fl-score were
extracted for each of the three classes (noFoG, preFoG, FoG), providing a per-class description
of the model’s strengths and weaknesses.

In addition, the pairwise misclassification rates were computed to quantify how frequently each
class was confused with the others, offering insight into systematic error patterns, such as
whether preFoG was more often mistaken for noFoG or FoG, and allowing for a deeper
understanding of model behavior.

To further evaluate the specificity of the trained models, an additional validation step was
performed using data from the PD-noFoG cohort. All epochs from these patients were
processed using the classifiers trained during LOPO (without retraining), and the resulting
predictions were compared against the expected noFoG label. In this context, a high specificity
would indicate that the model successfully distinguishes true FoG-related patterns from normal
gait or turning dynamics, avoiding false positive detections in patients who never exhibit
freezing.
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4.9.4 Features relevance and model interpretability

After identifying the best-performing classifier, the subsequent analyses focused on estimating
the relative importance of individual predictors. For the selected model, each LOPO fold
provided an ordered list of features, ranked by the associated features selection algorithm
according to their contribution to the classification task.

To obtain a fold-independent importance estimate, these rankings were aggregated into a single
global score. For each feature, its rank position in every fold was stored in a rank matrix and
the mean rank across folds was computed. This quantity was then converted into an intuitive
importance measure by inverting the scale: the maximum mean rank across all features was
taken as reference, and an importance score was defined as:

score = max(meanRank) — meanRank

In this way, features that consistently appeared at the top of the ranking across folds obtained
the highest scores, whereas features that were systematically relegated to the bottom of the lists
received scores close to zero. Sorting these scores in descending order yielded a global ranking
of all predictors, which was then used as the basis for subsequent analyses.

Starting from this ranking, cumulative scores were computed to summarize importance at
different levels of aggregation. Scores were grouped both by sensing modality (IMU, EMG,
fNIRS), to quantify their relative contribution to the classification problem, and, within each
modality, they were aggregated across individual sensors (for IMUs) and muscles (for EMG)
to assess which anatomical locations provided the most informative signals.

To statistically assess whether feature importance differed across groups, a non-parametric
Kruskal-Wallis test was applied to the importance scores. When the omnibus test was
significant (p < 0.05), post-hoc pairwise comparisons were performed using Tukey-type
multiple comparisons on the Kruskal-Wallis ranks. Pairwise p-values were then corrected using
a Bonferroni adjustment, and only comparisons surviving the corrected threshold (a = 0.05)
were interpreted as significant.
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5 Results

5.1 Events Definition

5.1.1 Step detection

This section reports the results of the events definition process, starting with the step detection
procedure whose results are represented in the figure below.
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Figure 5.1 Example of Step Detection inside and outside FoG episodes

The plot shows the filtered dorsiflexion angular velocity signal (black curve) together with the
gait events automatically identified by the detection algorithm. Start events are marked in light
blue, heel-strike end events in magenta, toe-off events in green, and the peak angular velocities
associated with each step cycle in red.

A FoG episode is highlighted in the central portion of the figure (blue shaded area), where the
periodic structure of the signal is disrupted, resulting in irregular or absent gait events. This
illustrates how the step-detection procedure captures both normal gait dynamics and their
breakdown during freezing.
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5.1.2 Turn identification

In the figure below is represented the absolute value of the angular velocity recorded from the
lumbar sensor, with the identified turn events represented by blue patches

20

Figure 5.2 Turn Identification using double threshold approach
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After this first step, all the time samples not labeled with turn were associated with “walk”
label, since in our tasks configuration patients could either walk or make 180° turns.

Then the step realignment procedure was performed, resulting in the following figures, which
represent the orientation angle around the vertical axis with the turn (in blue) and walk (in
green) events overlapped.

Orientation with Detected Turns end Walks (pre step-alignment)

o 20 40 60 80 100 120
Time (s)

Orientation with Detected Turns end Walks (post step-alignment)

20 40 60 80 100 120
Tirne (s}

Figure 5.3 Representation of the detected gait events (walk in green, turn in blue) pre and post alignment with step events
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5.1.3 FoG and preFoG definition

Consequently, manual annotation produced by the two raters were added, resolving overlap by
giving priority to FoG and preFoG events, and converting “turn” events overlapping
“turn_alterated” events in “turn_alterated”. This procedure yielded the final events definition
results, shown in the figure below
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Figure 5.4 Events Definition final output
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5.2 Cortical activation patterns from f-maps

This section reports the results of the statistical analyses performed on the B activation maps
obtained from the GLM analysis applied to fNIRS data. Each B-map represents the cortical
activation associated with a specific behavioral condition (walk, turn, preFoG, FoG), and has
been analyzed both at single-subject and group level by computing contrasts to identify
significant differences between conditions.

5.2.1 Single-subject analysis

Individual B-maps were first inspected to evaluate the spatial patterns of cortical activation
associated with each condition.

Figure 5.5 shows an example of the activation pattern during FoG episodes (single task
condition) in one representative subject. In this case, FoG is associated with increased
hemodynamic activity over the right prefrontal cortex, supplementary motor areas and left
postcentral regions, illustrating the cortical recruitment accompanying freezing events in this
patient.

Prefrontal

Prefrontal

Figure 5.5 Example of single-subject 8 activation map during FoG. Left and right are indicated as “L” and “R” respectively,
Anterior view is indicated as “A”
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Subsequent within-subject contrasts were computed to highlight condition-dependent
differences in activation. The following contrasts were evaluated:

1) FoG vs Walk, to identify cortical regions specifically recruited during freezing
compared to steady gait.

2) FoG vs Turn, to distinguish freezing-related activation from turning-related demands.
3) FoG vs preFoG, to capture cortical transitions preceding freezing onset.

4) Turn vs Walk, to examine motor control adaptation during turning.

5) preFoG vs Walk, to characterize anticipatory activation patterns.

Figure 5.6 shows the resulting contrast maps for single task conditions, while Figure 5.7 reports
the corresponding contrast for dual task conditions. Each contrast was computed at the voxel
level within the subject’s cortical space, producing B-difference maps, in which red colors
indicate stronger activation in the first condition of the contrast, whereas blue colors indicate
stronger activation in the second.
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Figure 5.6 Representative single-subject contrast maps showing cortical activation differences between conditions in single
task. Legend: 1) FoG vs Walk, 2) FoG vs Turn, 3) FoG vs preFoG, 4) Turn vs Walk, 5) PreFoG vs Walk, 6) AAL3 ROIs.

Under the single-task condition, all contrasts revealed widespread differences in cortical
activation across the bilateral prefrontal and motor regions. The FoG vs Walk and FoG vs Turn
contrasts revealed large, spatially diffuse activation differences spanning the prefrontal cortex
as well as bilateral premotor and motor regions. The FoG vs preFoG comparison showed an
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even more extensive enhancement during FoG, with increased activation also emerging in
temporal and parietal areas. In the Turn vs Walk contrast, a clear elevation of activity was
observed in prefrontal, premotor, and motor regions, indicating a higher engagement of frontal
regions during turning. The preFoG vs Walk map exhibited only mild and spatially limited
differences, without marked focal patterns.
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Figure 5.7 Representative single-subject contrast maps showing cortical activation differences between conditions in dual
task. Legend: 1) FoG vs Walk, 2) FoG vs Turn, 3) FoG vs preFoG, 4) Turn vs Walk, 5) PreFoG vs Walk, 6) AAL3 ROIs.

Under the dual-task condition, the FoG vs Walk contrast revealed a prominent increase in
activation across frontal and prefrontal regions, extending into the supplementary motor area,
while a relative deactivation emerged over the primary motor cortex. The FoG vs Turn and FoG
vs preFoG maps showed localized patterns, with differences mainly confined to motor and
premotor territories and only limited involvement of anterior frontal regions. A broader
modulation of cortical activity appeared in the Turn vs Walk contrast, characterized by spatially
widespread clusters distributed across both frontal and motor areas. A similar diffuse pattern
was observed in the preFoG vs Walk comparison, with extended regions showing condition-
related variations but without a clear focal organization.
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5.2.2 Group-level analysis

Group-level comparisons were conducted to evaluate consistency of activation patterns across
participants. The results are presented in two parts:

1. within-group paired comparisons among conditions in the PD-FoG cohort

2. between-group analyses comparing PD-FoG and PD-noFoG participants.

5.2.2.1 Within-group (PD-FoG)

Paired t-tests were performed across subjects of the FoG group for the same condition contrasts
examined at the single-subject level, in order to assess whether the activation patterns observed
at the individual level were consistently expressed across patients
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Figure 5.8 Group-level B activation contrasts within the PD-FoG cohort, single task events. Maps represent t-statistics
overlaid on the cortical surface (threshold p < 0.05, uncorrected). Legend: 1) FoG vs Walk, 2) FoG vs Turn, 3) FoG vs
preFoG, 4) Turn vs Walk, 5) PreFoG vs Walk, 6) AAL3 ROIs that resulted significant

M| F Frontal_Mid_2
M RF Frontal Mid_2

B | P SupraMarginal

Paired comparisons revealed only focal and spatially circumscribed significant activations
across the examined contrasts (p < 0.05, uncorrected). In the FoG vs Walk map, small clusters
of increased activation emerged in the SMA. The FoG vs Turn contrast showed a similarly
limited pattern, with a few premotor and motor clusters displaying significant activation. The
FoG vs preFoG comparison yielded sparse premotor clusters, mainly confined to the right
hemisphere.
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A slightly different configuration appeared in the Turn vs Walk contrast, where a small region
of decreased activation was observed over the superior frontal cortex. Finally, the preFoG vs
Walk contrast showed only a few scattered significant points, without a clearly organized spatial
distribution.
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Figure 5.9 Group-level f§ activation contrasts within the PD-FoG cohort, dual task events. Maps represent t-statistics
overlaid on the cortical surface (threshold p < 0.05, uncorrected). Legend: 1) FoG vs Walk, 2) FoG vs Turn, 3) FoG vs
preFoG, 4) Turn vs Walk, 5) PreFoG vs Walk, 6) AAL3 ROIs that resulted significant

In the dual-task condition, group-level paired t-tests revealed a small number of significant but
spatially confined clusters. The FoG vs Walk contrast showed the most prominent effect, with
a clear increase in activation over frontal regions and a small focal cluster in the supplementary
motor area, indicating stronger engagement of these areas during freezing episodes compared
to regular walking. In the FoG vs preFoG comparison, a distinct parietal cluster exhibited higher
activation in FoG than in preFoG.

For the remaining contrasts, significant effects were more limited. The Turn vs Walk and
preFoG vs Walk maps mainly displayed small areas of decreased activation, predominantly
located in the right premotor cortex and in right parietal regions.

Overall, these maps present small, localized clusters of significance, consistent with the modest
sample size available for the paired analysis. Given the limited statistical power, the emergence
of only focal effects is expected and aligns with the methodological constraints of the dataset.
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5.2.2.2 Between-group (PD-FoG vs PD-noFoG)

To explore group differences in cortical activation, two-sample t-tests were performed between
the PD-FoG and PD-noFoG cohorts for the conditions common to both groups:

1) Walk single task
2) Turn single task
3) Walk dual task
4) Turn dual task

This analysis aimed to assess whether patients experiencing freezing episodes exhibit distinct
cortical dynamics even during non-freezing motor conditions.
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Figure 5.10 Between-group comparison of 8 activation maps for walk and turn conditions. Warm colors indicate higher
activation in the PD-FoG group, cool colors indicate higher activation in PD-noFoG participants. Subfigure number 5
shows AAL3 ROIs that resulted significant.

Group-level comparisons between PD-FoG and PD-noFoG participants revealed a limited
number of significant clusters. In the Walk-ST contrast, a small cluster of higher activation in
the PD-noFoG group appeared in the right temporal region, together with a few isolated small
clusters in the left hemisphere.

In the Turn-ST contrast, scattered small clusters emerged, predominantly located in the right
hemisphere, with the bigger one located between the SMA and primary motor cortex.
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The Walk-DT comparison showed a focal area of significantly higher activation in the PD-FoG
group, localized in the right parietal inferior area, while no extended bilateral effects were
observed.

Finally, in the Turn-DT contrast, the largest cluster among the four conditions appeared over
the right frontal cortex, where PD-FoG patients exhibited consistently higher activation than
PD-noFoG individuals. Another relatively big cluster of grater activation in PD-FoG patients
was found in the SMA, while additional smaller clusters were present but remained spatially
sparse.
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5.3 Outlier identification and removal

After the feature-extraction pipeline, which produced a high-dimensional dataset, a general
screening procedure was applied to obtain a more compact and cleaner feature set, ensuring
higher data quality and reducing redundancy before the subsequent analyses.

The outlier identification procedure resulted in the removal of 17.8% of the total number of
epochs, with detailed information on the specific reasons for removal, including LOF flags and
10% rule violations for each modality, reported in the following table.

patien | EPOChs | EMG MU NIRS EMG IMU NIRS Uni l‘ep}: e

At pumber LOF LOF LOF 10pct 10pct 10pct o AR
number

PD 001 2789 132 91 385 8 20 570 978 1811 35%

PD 003 3680 101 149 106 0 13 0 335 3345 9.1%

PD 004 | 3421 134 154 191 0 207 3 604 2817 17.7%

PD_005 2952 166 217 13 0 28 0 369 2583 12.5%
All 12842 533 611 695 8 268 573 2286 10556 17.8%

Table 5.1 Outlier identification results

5.4 Features dimensionality reduction

5.4.1 Statistical screening

The first filtering step removed features that did not show statistically significant differences
across the labeled gait events. As summarized in Table 5.2, this procedure eliminated a limited
portion of the original feature set. Overall, 8.3% of IMU features, 4.6% of EMG features, and
5.4% of fNIRS features were discarded at this stage.

Modality ng?:ﬁ_:;ff’j:;l res Numbfe; ;:)lfrreestained Percentage removed
MU 168 154 8.3%
EMG 108 103 4.6%
NIRS 130 123 5.4%

Table 5.2 Results of the statistical screening procedure

5.4.2 {NIRS features screening across patient groups

Because cortical activation patterns are known to differ between FoG and non-FoG patients, an
additional statistical comparison was carried out exclusively on fNIRS features. Features that
did not show significant differences in group comparisons between PD-FoG and PD-noFoG
participants were removed, resulting in the exclusion of 26 features, corresponding to 21.1% of
the {NIRS feature set.




5.4.3 Feature correlation and redundancy analysis

To evaluate redundancy within the retained features, correlation matrices were computed
separately for IMU (a), EMG (b), and fNIRS (c).

Pre Removal

Post Removal

Figure 5.11 Correlation plots pre (left) and post (right) removal

Modality # Features pre removal # Features kept % Removed
IMU 154 137 11%
EMG 103 87 15.5%
NIRS 97 77 20.6%

Table 5.3 Results of the correlation analysis procedure

The correlation maps show that the initial feature sets exhibited several dense blocks of highly

correlated descriptors, especially within NIRS-derived measures and within muscles of the
same anatomical group for EMG.

95



5.5 Machine Learning results

This section presents the results of the classification analyses performed to automatically
identify FoG episodes based on multimodal features extracted from fNIRS, EMG, and IMU
signals, both for two-class problem (FoG vs noFoG) and three-class problem (FoG vs noFoG
vs preFoQG).

5.5.1 Binary classification (FoG vs noFoG)

In the binary problem, classification performance was evaluated on the epochs of the held-out
patient through balanced accuracy, chosen to account for the unbalancing of the validation set
(for each patient noFoG class is always prevalent).

5.5.1.1 Feature number tuning

For the three classifiers that included a feature selection procedure providing an importance-
based ranking, a feature number tuning was performed to evaluate the optimum number for
each model.

Figure 5.12 illustrates how the mean balanced accuracy across folds varied as a function of the
number of selected features for each classifier. Among the evaluated classifiers, the Random
Forest showed the highest and most stable accuracy across the full feature range, whereas the
SVM exhibited greater variability related to dimensionality, with performance peaking with
100 features. The optimal number of features was chosen separately for each model by finding
the maximum average balanced accuracy across folds and was therefore used in the subsequent
analyses.
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Figure 5.12 Variation of balanced accuracy as a function of the number of selected features for each classifier (2-class
problem). Vertical lines indicate the optimal feature count for each model.

Mean
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Table 5.4 Mean and Standard deviation of classification performance varying the number of selected features (2-class
problem).
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5.5.1.2 Validation performance across subjects

Figure 5.13 reports the balanced accuracy obtained for each validation subject within the LOPO
cross-validation procedure. Each group of bars represents a single fold, where the left-out
subject was used as the validation set and the remaining subjects formed the training set.

The results show consistent and very high model performance across folds, with balanced
accuracy values above 90% for all classifiers in every subject.

Inter-subject variability was limited (2-3%), suggesting that the models generalize well to
unseen patients despite the heterogeneity in individual patterns.

The Random Forest and kNN models demonstrated the highest mean performance across folds
(98%), while SVM exhibited slightly larger fluctuations (3.1% standard deviation).

The corresponding numerical values for each model and validation subject are summarized in
Table 5.5, which provides the exact balanced accuracy scores shown graphically in Figure 5.13.
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Figure 5.13 Balanced accuracy for each subject used as validation fold in the LOPO cross-validation (2-class problem).
Each color corresponds to a different classifier.

Standard

LASSO Mean Deviation

NAYAY | RF KNN

O 9% 99% 99% 97% 98% 1%

PD 004 [EEIA 95% 94% 94% 94% 0.5%

PD 005 (R 99% 99% 99% 99% 0.1%
Mean 97% 98% 98% 97%

piandard RN 2.7% 2.8% 2.8%

Table 5.5 Balanced accuracy values per subject and model, corresponding to the bars shown in Figure 5.13.
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5.5.1.3 Overall model comparison

The overall comparison of classifiers, averaged across folds, is summarized in Figure 5.14. All
models achieved high balanced accuracy, with mean values exceeding 0.95.

The Random Forest and kNN models yielded the best overall performance, both in terms of
mean accuracy and stability, as reflected by the smaller standard deviation across folds. The
SVM achieved comparable performance, though with slightly larger variability, while the
LASSO model performed relatively worse.

Overall, the results indicate that ensemble and neighborhood-based methods provided the most
robust discrimination between FoG and noFoG epochs in this dataset.
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Figure 5.14 Mean balanced accuracy (+ standard deviation) across LOPO folds for each classifier.
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5.5.2 Multiclass classification (FoG vs preFoG vs noFoG)

In the three class classification problem, classification performance was also evaluated on the
epochs of the held-out patient computing balanced accuracy.

5.5.2.1 Feature number tuning

Figure 5.15 shows the variation of the balanced accuracy as a function of the number of selected
features for each classifier in the three-class problem.

Similarly to the binary case, the top ranked features were iteratively selected (with the number
ranging from 10 to the total number in steps of 10), and performance was evaluated by
averaging each LOPO fold performance.

As illustrated, the kNN classifier showed the best overall performance, showing a stable
accuracy plateau above 80% once more than 70 features were included, and achieving the
greatest balanced accuracy value using 290 features.

The Random Forest and Gradient Boosting models followed closely, exhibiting moderate
sensitivity to the number of features, while SVM reached lower accuracy levels and higher
variability, lowering its performance when increasing the number of features.

The optimal feature count, corresponding to the highest average balanced accuracy for each
model, was subsequently used in the following analyses.
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Figure 5.15 Balanced accuracy as a function of the number of selected features for each classifier (3-class problem).
Vertical lines indicate the feature count that provided the best performance for each model.

Mean 76%

Standard
. L. 2.6% 1.5% 2.5% 0.6%
Deviation
Table 5.6 Mean and Standard deviation of classification performance varying the number of selected features (3-class
problem
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5.5.2.2 Validation performance across subjects

Figure 5.16 summarizes the balanced accuracy obtained for each subject used as validation in
the LOPO cross-validation. Each group of bars represents one fold, corresponding to a different
patient excluded from the training set and used as validation.

The results show overall good classification performance across subjects, although slightly
lower than in the binary problem, as expected given the additional difficulty of discriminating
the preFoG state.

However, clear inter-subject variability in FoG expression emerges from the results. Subject
PD 003, in particular, acted as a strong validation case, since models trained on the remaining
participants transferred well to this subject, yet proved to be a weak training case. This
imbalance reflects substantial heterogeneity in how FoG manifests across individuals and likely
contributes to the reduced consistency observed in the three-class scenario. Such variability
underscores the challenge of learning preFoG-specific patterns in a truly subject-independent
way.

The kNN classifier yielded the most stable results, maintaining balanced accuracy values
around or above 80% for most patients. The SVM and GBT exhibited the worst performance
(77-76%), comparable to the RF but with slightly higher dispersion (8.8-9.2% standard
deviation against 6.5%).
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Figure 5.16 Balanced accuracy per subject for the LOPO cross-validation (3-class problem). Each color represents a
different classifier

Standard
Deviation

PD_003 86% 85% 90% 86% 87% 2.3%

RF KNN GB Mean

PD_004 69% 76% 78% 73% 74% 4.2%

PD_005 76% 72% 82% 69% 75% 5.8%

Mean 77% 77% 84% 76%

]S)ta'fd*frd 8.8% 6.5% 5.9% 9.2%
eviation

Table 5.7 Balanced accuracy values per subject and model corresponding to the bars in Figure 5.16
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5.5.2.3 Overall model comparison

The overall mean balanced accuracy and standard deviation across LOPO folds is presented in
this section. All models demonstrated satisfactory classification performance, with mean
accuracies ranging between 75% and 85%.

The kNN classifier achieved the best average performance and the smallest variability across
folds (84% + 5.9%), confirming its robustness in handling the nonlinear separations among the
three classes. The Random Forest and Gradient Boosting models achieved similar mean
accuracies, showing good generalization and stable behavior.

Conversely, the SVM yielded slightly lower performance, consistent with its limited capacity
to capture complex, nonlinear relationships without explicit kernel tuning.
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Figure 5.17 Mean balanced accuracy (+ standard deviation) across LOPO folds for each classifier (3-class problem).
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5.5.2.4 Inter-class performance analysis

To better characterize the classification behavior of the best-performing model (kNN with 290
features), a confusion matrix-based analysis was carried out.

For each LOPO fold, the confusion matrix was computed, normalized by row to represent

prediction probabilities, and subsequently averaged across folds to obtain a subject-independent
estimate.

Normalized Confusion Matrix

fog

nofog

True class

prefog r

fog nofog prefog
Predicted class

Figure 5.18 Normalized confusion matrix of the kNN classifier (3-class problem), averaged across LOPO folds. Diagonal
values indicate correct classifications, off-diagonal values represent inter-class confusions.

From the averaged confusion matrix, the main performance metrics were computed class-wise,
to evaluate model’s capability of distinguish each class.

F1-score

Precision Specificity

93% 92%
87% 85%
95% 72%

Table 5.8 Per-class performance metrics derived from the averaged confusion matrix.

As expected, the FoG and noFoG classes achieved the highest recall and precision values, while
preFoG showed lower scores, confirming its intermediate and overlapping nature between
stable gait and freezing onset. This pattern indicates that the model reliably distinguishes
freezing events but partially confuses transitional states with nearby classes.

To further quantify inter-class confusion, pairwise misclassification rates were extracted. These
values represent the percentage of epochs from one class that were misclassified as another.

Misclassification Rate percent
FoG  — noFoG 0

FoG  — preFoG 2.9
noFoG — FoG 1.5
noFoG — preFoG 6.8
preFoG — FoG 12.9
preFoG — noFoG 25.3

Table 5.9 Pairwise misclassification rates between classes, expressed as percentage of total predictions.
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The analysis revealed a pronounced asymmetry, with preFoG — noFoG errors (= 25%) being
more frequent than preFoG — FoG (= 13%), suggesting that early freezing signatures share
stronger similarities with gait phases rather than freezing episodes in this specific setup and
conditions (2 seconds preFoG window).

5.5.2.5 Model specificity evaluation on PD-noFoG patients

To assess model specificity, best-performing models trained within the LOPO framework were
additionally tested on data coming exclusively from the PD-noFoG cohort. For each fold,
predictions on these participants were collected, and class proportions were normalized and
then averaged across folds, yielding the group-level confusion matrix shown in the figure
below.

Normalized Confusion Matrix

nofog |

True class

fog nofog prefog
Predicted class

Figure 5.19 Normalized predictions on PD-noFoG cohort

As expected, the classifier assigned the vast majority of epochs from PD-noFoG patients to the
noFoG class (93.3%), indicating a high specificity in recognizing non-freezing behavior. Only
a very small proportion of epochs were incorrectly labeled as FoG (0.4%), while a limited
fraction was classified as preFoG (6.3%).
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5.5.2.6 Feature relevance and model interpretability

To gain insight into the decision process of the classifier and identify the most informative
predictors, a feature importance analysis was conducted on the best-performing model.

Features importance ranked by ReliefF - best model

300

= IMU (45.5%)
= EMG (30.0%)
= NIRS (24.5%)
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Figure 5.20 Feature importance ranking of the best-performing model (kNN, 3-class problem). Bars represent feature
importance, color-coded by modality (green = IMU, blue = EMG, red = fNIRS).

In the bar plot above is illustrated the relative importance of the top-ranked features contributing
to the multiclass discrimination. Each bar represents one feature, while colors denote feature
modality, green for IMU-derived features, blue for EMG, and red for fNIRS.

The analysis revealed that IMU-based features dominated the upper portion of the ranking,
highlighting the central role of gait kinematics and dynamic stability in distinguishing the three
conditions.

Although the bar plot in the figure below suggests that cumulative feature importance was not
evenly distributed across IMU sensors, with left-foot features showing the highest mean
contribution, these differences did not result statistically significant in the analysis.

250 Single IMU sensor features importance
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Figure 5.21 Cumulative feature importance (mean + standard error) aggregated by single IMU sensor

Several EMG features exhibited notable discriminative power, and the aggregated importance
scores displayed apparent differences across muscles. As shown in Figure 5.22, distal muscles
such as the rectus femoris and tibialis anterior tended to show higher average importance
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compared with more proximal muscles like the gluteus maximus. However, these differences
were not statistically significant after correction for multiple comparisons, resulting in
descriptive trends rather than group-wise differences in feature relevance across EMG
recording sites
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Figure 5.22 Cumulative feature importance (mean + standard error) aggregated by muscle

Conversely, fNIRS features, though less represented among the top-ranked predictors, provided
complementary information, suggesting their involvement in FoG episodes.

To provide an overall view of how informative each sensing modality was, the cumulative
feature importance scores were aggregated across IMU, EMG, and fNIRS features. As shown
in the figure below, the three modalities contributed unevenly to the classification task. IMU
features exhibited the highest cumulative importance, confirming the dominant role of gait
kinematics in distinguishing among noFoG, preFoG, and FoG epochs. EMG features followed,
reflecting their sensitivity to changes in muscle activation patterns preceding and accompanying
freezing episodes. fNIRS features, while less influential than the two peripheral modalities, still
contributed non-negligibly, indicating that cortical hemodynamics carries complementary
information about the cognitive-motor dynamics underlying FoG behavior.

Statistical testing confirmed that these differences were significant, with the pairs exceeding
the Bonferroni-corrected threshold highlighted by double asterisks in the boxplot below.
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Figure 5.23 Cumulative feature importance grouped by sensing modality. Statistically significant differences between
modalities are indicated with * (p < 0.05)
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6 Discussion

6.1 Events Definition

The definition of FoG and preFoG events in this work relied directly on expert video annotation,
which represents the gold standard in FoG research and ensures the highest possible reliability
for training and validating automatic detection systems.

Regarding gait event detection, the step-detection procedure combined classical approaches,
such as the IMU-based angular-velocity peak detection described by Renggli et al. (2020) [151],
with a strategy specifically adapted for FoG, inspired by the step identification proposed by
Borzi et al. (2021) [176]. This hybrid solution enabled the algorithm to remain sensitive in
conditions where the step cycle becomes irregular, attenuated, or fragmented, as typically
observed during freezing episodes.

Turn identification was performed through an angular velocity-based approach that proved
highly reliable and required minimal adaptation from the original algorithm [153]. Turns
represent stereotyped motor events with a well-defined kinematic signature, which remains
identifiable even in the presence of mild gait alterations, explaining the strong performance of
the method in this context.

However, the algorithm may fragment turn segments when a FoG episode occurs during the
turning phase, as the characteristic rotational velocity pattern is disrupted. This issue is handled
afterwards, since turn segments overlapping with FoG or preFoG are explicitly removed and
not used in subsequent analyses. As a result, these detection “failures” do not affect the validity
of the final event labels nor the downstream analyses.

Overall, the event definition pipeline allowed for consistent segmentation of walking, turning,
preFoG, and FoG periods, enabling both cortical activation analysis and supervised machine-
learning tasks to be built upon a coherent temporal representation of the motor behavior.
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6.2 Cortical activation patterns from f-maps

The B-map analyses provided insight into the cortical dynamics associated with walking,
turning, and freezing behavior. At the single-subject level, contrasts consistently revealed
widespread activation differences, including bilateral prefrontal, premotor, and supplementary
motor areas. These findings align with several fNIRS studies reporting increased prefrontal
recruitment in patients with FoG, interpreted as compensatory engagement of executive control
during gait [55]. The spatially distributed increases observed during FoG relative to walk or
turn further support the hypothesis of “network overload,” whereby the frontal executive
network becomes excessively taxed during complex or destabilized gait.

In the FoG vs preFoG contrasts, activation patterns were typically stronger and more spatially
extensive during FoG, often involving temporo-parietal regions as well. This is in line with
models suggesting that the breakdown of automaticity during gait deterioration recruits
additional multimodal integration areas prior to complete freezing [198].

Group-level analyses, performed using paired tests across patients with FoG, yielded only
small, focal clusters of significant activation differences. This limited statistical power was
expected given the modest sample size and the high inter-subject variability characteristic of
FoG, which has been documented extensively in prior work [28]. Nonetheless, the clusters
detected were largely consistent with those highlighted at the individual level, especially within
frontal and motor regions.

Between-group comparisons (PD-FoG vs PD-noFoG) during walk and turn revealed small
differences, with PD-FoG patients showing clusters of increased activation in premotor, frontal
and parietal areas, while PD-noFoG displayed localized greater activations in temporal regions
in some conditions. These modest effects are coherent with previous findings suggesting that
patients who experience FoG often show altered cortical recruitment even during non-freezing
gait, although such differences are subtle and heterogeneous [161].

Taken together, the B-map analyses support the emerging view that FoG is associated with
disrupted allocation of executive and sensorimotor cortical resources, but they also highlight
the difficulty of obtaining consistent group-level signatures due to intrinsic variability across
patients and freezing episodes.
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6.3 Machine learning for FoG detection and prediction

The machine-learning analysis demonstrated that multimodal sensing combined with classical
feature-based algorithms can achieve robust FoG and preFoG detection performance. In the
binary classification problem (FoG vs noFoG), the models achieved high balanced accuracy
across all folds, with values greater than those reported in the literature for IMU-based FoG
detection [184]. The kNN and Random Forest models showed particularly stable behavior,
suggesting that a combination of nearest-neighbor structure and ensemble-based decision
boundaries is well suited to handle the variability inherent in FoG kinematics.

Performance decreased in the three-class problem (FoG vs preFoG vs noFoG), confirming that
preFoG is substantially harder to discriminate, but also less represented in the training phase.
This reduction mirrors findings from prior studies, where preFoG classification often falls
between 70-85%, reflecting the ambiguity and high inter-subject variability of transitional
states [184]. Models tended to confuse preFoG more frequently with noFoG than with FoG
(respectively 25.3% and 12.9% of total preFoG epochs), suggesting that preFoG represents a
mild gait degradation that shares more characteristics with normal walking than with full
freezing.

From the LOPO cross-validation emerged a relatively great inter-subject variability in
classification performance (6-9% balanced accuracy standard deviation across folds),
indicating a variability in FoG expression in this study cohort.

The specificity analysis performed on PD-noFoG subjects showed that the best model produced
very few false positives (<1% mislabeled as FoG), with the vast majority of epochs correctly
identified as noFoG. This 1s an important clinical requirement and is rarely reported in prior
works; many existing FoG detectors are not explicitly evaluated on subjects who don’t report
freezing.

Feature-importance analysis revealed a clear hierarchy among sensing modalities: IMU features
were the most informative, followed by EMG and then fNIRS, although statistically significant
differences were found only between IMU and fNIRS, and between EMG and fNIRS. This
ranking aligns with the expected results, since gait-kinematic signals are commonly used in
FoG detection tasks and are well known also in terms of which informative FoG descriptors to
extract [184], while fNIRS has not been used yet in FoG detection tasks, so its importance in
this field is expected to increase in the next few years. Within each modality, feature importance
varied across sensors and muscles, although statistical testing showed that these differences
were not significant.

Overall, the machine-learning results confirm that traditional feature-based approaches, when
carefully engineered and combined with rigorous LOPO validation, can achieve strong
generalization in FoG detection. At the same time, the drop in performance for the preFoG class
and the observed inter-subject variability highlight clear areas for future research.
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7 Conclusions

This thesis investigated FoG and its dynamics through a combined neurophysiological and
machine-learning framework, integrating fNIRS-derived cortical activation patterns with
multimodal sensor data. The work produced two main contributions. First, the analysis of 3-
maps revealed cortical signatures associated with walking, turning, and freezing behavior,
highlighting frontal and sensorimotor network involvement and confirming several findings
previously reported in the literature regarding the executive and integration deficits underlying
FoG. Although group-level effects remained subtle due to inter-subject variability and limited
statistical power, the overall pattern of results supports current hypotheses describing FoG as a
failure of automaticity accompanied by compensatory frontal recruitment.

Second, the machine-learning component demonstrated that FoG and preFoG can be detected
with high accuracy using classical feature-based models trained on IMU, EMG, and fNIRS
data. The binary FoG vs noFoG task yielded strong generalization in a strict LOPO setting,
while the more challenging three-class problem confirmed that preFoG remains intrinsically
difficult to discriminate, reflecting its transitional and heterogeneous nature.

The feature-importance analyses emphasized the central role of peripheral sensors, particularly
IMUs, in capturing FoG-related motor signatures, while also showing that EMG and fNIRS
provide complementary information.

Overall, the results demonstrate that multimodal sensing combined with interpretable, feature-
based machine learning provides a reliable pipeline for characterizing and detecting FoG. At
the same time, the findings highlight the complex interplay between cortical and peripheral
markers of gait deterioration and the need for models trained on larger samples, in order to
better accommodate the variability observed across individuals and freezing episodes.
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8 Limitations and Future Directions

Although the present work provides a complete multimodal framework for FoG
characterization and detection, several limitations must be acknowledged, together with clear
avenues for future development.

Sample size and study design

The number of participants included in the study was limited, but this constraint is intrinsic to
the context in which the work was carried out. The thesis was embedded within a preclinical
trial in early stage, and substantial effort was dedicated to protocol definition, sensor setup and
synchronization across modalities, data acquisition, and the development of the entire
preprocessing pipeline. As a result, the dataset reflects the initial phase of a long-term clinical
study rather than a consolidated cohort. This should not be interpreted as a methodological
limitation of the analytical approach, but rather as a natural consequence of contributing to a
project in all its developmental stages. Nevertheless, as the trial progresses, expanding the
participant pool will be essential to strengthen statistical power and enhance the generalizability
of the developed models.

Event-definition parameters and epoch construction

Several components of the event-definition pipeline rely on parameters that could be further
optimized. In particular, the duration of preFoG windows, as well as the length and overlap of
the analysis epochs, were chosen based on reasonable assumptions and preliminary literature
but were not systematically tuned. Since these parameters influence the temporal resolution of
cortical analyses and the balance of training samples in machine learning models, future work
should investigate data-driven or adaptive strategies for refining them.

Hyperparameter tuning.

The machine-learning models were intentionally kept relatively simple to prioritize
interpretability and stability. However, more systematic hyperparameter optimization, with grid
search, or nested cross-validation, could yield additional performance improvements,
particularly for the multiclass problem where preFoG remains challenging. Such tuning would
also enable a more rigorous comparison between models and help establish well-optimized
baselines for future studies.

Enhancing fNIRS feature extraction

The NIRS component was intentionally kept comparable to IMU and EMG in terms of feature
extraction window (2 seconds epochs), but this imposes constraints given the inherently slow
nature of the hemodynamic response. With only 10 samples per epoch, part of the
physiologically informative dynamics may be missed. Extending the temporal window for
hemodynamic feature computation and extracting connectivity features may substantially
improve the discriminative power of fNIRS. These refinements could help clarify the role of
cortical contributions in preFoG and FoG detection.
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Single-modality model assessment

Although the multimodal approach demonstrated strong performance, an explicit evaluation of
the contribution of each modality through single-modality models would provide clearer insight
into how much each biosignal improves detection.

From epoch classification to continuous prediction

The current pipeline operates on overlapping 2 seconds epochs, producing discrete class
predictions rather than a continuous decision stream. This representation, while convenient for
model training, may obscure higher-level temporal patterns, such as anticipatory fluctuations
or systematic lags in preFoG — FoG transitions. Future work could reconstruct continuous
time-series predictions by integrating the per-epoch outputs and applying smoothing, temporal
filtering, or sequence-based models. This would allow examination of timing precision,
identification delays, and potential early-warning signatures.
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