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Abstract

Recently, advances in wearable inertial technologies have enabled real-world digital
mobility assessment. However, mobility measures are often aggregated across con-
texts, potentially masking environmental adaptations and age-related differences
which may emerge during complex activities and concurrent tasks requiring contin-
uous perceptual processing, visual exploration, and motor control. To overcome
these limitations, head-worn devices integrating inertial sensors and scene-recording
cameras can be used to provide simultaneous information on movement and envi-
ronmental contexts, enabling locomotor characterisation.

This thesis aimed to investigate context- and age-related differences in gait and
head-movement characteristics during urban locomotion by developing a pipeline
for context identification using egocentric videos acquired through smart glasses.

The study involved 12 healthy participants divided into two groups: 6 younger
adults (20-31 years) and 6 older adults (65-80 years). Participants were equipped
with a multi-sensor wearable system for movement analysis (INDIP) synchronised
with smart glasses for first-person scene recording, during a 45-minute urban
walking protocol involving straight walking and pedestrian crossings, with and
without face-to-face conversation.

Videos were processed using a semi-automated pipeline based on public Deep-
Learning models, such as Places365 and YOLOv11, for crossroad and traffic-light
detection. Face-to-face conversations were manually annotated. Stride-by-stride
gait parameters were extracted from the INDIP system together with measures of
magnitude, smoothness and regularity from the head-mounted inertial sensor.

Generalised linear mixed-effects models were used to evaluate the effects of cohort,
locomotor context and conversation. Locomotor context included straight walking,
signalised crossing and unsignalised crossing, while conversation distinguished
walking with and without face-to-face interaction. Aggregated analyses ignoring
locomotor context were also performed to compare context-aware with context-free
parameter values.

When data were aggregated across all locomotor contexts, a significant difference
between younger and older adults was observed only for vertical head-movement
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regularity, quantified by RCME V-HD, with older adults exhibiting higher val-
ues. No significant cohort differences emerged for spatiotemporal gait parameters,
head-movement magnitude, head-movement smoothness, or the other entropy
components.

Context-aware analyses revealed a more articulated pattern of results. All
spatiotemporal gait parameters were significantly influenced by locomotor context
and by the Contextx Conversation interaction, indicating gait adaptations across
different urban locomotor conditions and in relation to the presence of conversation.
Froude number and stride speed also showed significant cohort effects, while
stride length showed a significant Cohort x Context interaction. Head-movement
parameters showed direction- and metric-specific effects: head-movement magnitude
was influenced by context and conversation in the medio-lateral and antero-posterior
directions, vertical head-movement regularity consistently distinguished the two
cohorts, and head-movement smoothness mainly showed interaction effects involving
cohort, context and conversation.

Overall, this work shows that contextual information can reveal context-dependent|
adaptations and selective age-related differences in gait dynamics and head-motion
control which may remain hidden when locomotor events are aggregated.
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Chapter 1

Introduction

1.1 General Introduction and Motivation

In recent years, the study of human behaviour in real-world environments has
become increasingly important in several research fields, including telerehabilitation
and telemonitoring. In these contexts, gait analysis represents a fundamental tool to
understand how individuals adapt their motor strategies while interacting with the
surrounding environment. Gait, also recognised as the sixth vital sign [1], provides
valuable information about an individual’s health status. Changes associated with
physiological ageing or the progression of neurological disorders such as Parkinson’s
disease and multiple sclerosis can also be observed.

However, walking does not depend solely on biomechanical factors. The way a
person moves is strongly influenced by the environment and by the sensory stimuli
received during movement. For this reason, gait can be considered the result of
the continuous interaction between motor and cognitive components, especially
in situations which require the management of multiple tasks simultaneously, a
condition commonly referred to as dual-tasking or, more generally, multi-tasking.

In urban environments, pedestrian crossings require individuals to constantly
adjust their walking behaviour according to traffic-light signals, approaching ve-
hicles, surrounding noise, and the presence of other pedestrians. These external
factors can affect both gait and attention, particularly in older adults, who may
experience greater difficulty managing simultaneous cognitive and motor demands.

For this reason, analysing gait parameters alone without considering the environ-
mental context may lead to incorrect interpretations. Indeed, some gait variations
may simply represent adaptations to the surrounding conditions rather than being
indicators of clinical deterioration. For example, in crowded environments, a reduc-
tion of walking speed accompanied by shorter steps compared with those recorded
during standard unobstructed free-walking conditions can be commonly observed

1



Introduction

[2].

1.2 Knowledge Gap

Numerous studies on human gait have been reported in literature. Most of them
are based on laboratory experiments, where variables and the level of complexity
can be controlled with high precision. Although this represents a methodological
advantage, it also makes it more difficult to observe different types of behaviour
which are truly representative of everyday life.

Pedestrian crossing is one among the most extensively studied contexts. This
scenario is characterised by a large number of stimuli originating from the surround-
ing environment. Factors such as traffic density, the number of people present,
traffic light colour, and environmental noise must be continuously processed in
order to adopt the most appropriate motor strategy for the situation. For example,
if the traffic lights are green but the siren of an emergency vehicle can be heard in
the distance, individuals are likely to pay greater attention to the surrounding envi-
ronment to avoid obstructing its path. This increased attention may consequently
be reflected in a reduction in walking speed.

To expose individuals to conditions which resemble real-world situations, several
studies have introduced simulators and virtual reality environments in which the
level of complexity can be modified [3, 4]. These approaches reproduce controlled
scenarios characterised by different levels of complexity. However, some key aspects
are difficult to replicate, including the unpredictability of events, risk perception,
and the level of sensory involvement which is typical of real-world environments.
Furthermore, in these contexts, individuals are often required to take decisions
while considering their potential consequences. This is difficult to reproduce in
simulated environments.

A similar situation applies to dual-task paradigms, which are widely used to
investigate the interaction between cognitive and motor components. In many
cases, the secondary task consists of abstract activities, such as memory exercises or
mental calculations [5], which hardly ever reflect the cognitive demands of everyday
situations.

In recent years, some studies have attempted to shift the focus towards more
ecological contexts, highlighting the role of sensory information in pedestrian
decision-making processes, for example in estimating the time available to cross a
road [6].

Although some studies have investigated visual behaviour and decision-making
processes during pedestrian crossing [7, 8], the relationship between locomotion,
visual attention, and environmental dynamics remains only partially understood.
In particular, studies capable of simultaneously acquiring motor data, visual
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information, and environmental context information during complex ecological
scenarios are still limited.

1.3 Aim of the Study

In light of the limitations highlighted above, this work aims to investigate gait and
head-movement characteristics during real-world urban locomotion, with particular
attention to the role of environmental context and concurrent interaction.

The focus of the present study is on situations in which pedestrians are required
to adapt their behaviour to changing environmental conditions, including traffic,
traffic-light signals, and interactions with other road users. Pedestrian crossing
was selected as the main scenario of interest because it requires individuals to
process information from the surrounding environment and adjust their movements
accordingly.

To investigate these types of behaviour, wearable inertial sensors and scene-
recording smart glasses were used to simultaneously collect movement and visual
information during real-world walking. This approach enabled the analysis of
pedestrian behaviour in ecological conditions and provided quantitative measures
of the strategies adopted during everyday mobility tasks.



Chapter 2

Background

2.1 Human Walking and Gait Control

Human mobility is closely related to locomotion, namely the ability to voluntarily
move from one place to another. It represents an essential function in everyday life,
as it allows individuals to interact with the surrounding environment and carry out
daily activities. In humans, walking is the most common form of natural terrestrial
locomotion. Its role is to ensure body progression while maintaining stability and
efficiency, allowing movement across different surfaces with the lowest possible
energy expenditure [9].

Although walking is generally considered an automatic action, it actually in-
volves numerous processes which must operate in a coordinated manner. During
locomotion, the nervous system continuously integrates motor, sensory, and cog-
nitive information in order to maintain balance, control movement, and adapt
motor behaviour to the characteristics of the surrounding environment. For this
reason, walking cannot be considered a simple repetitive movement, but rather a dy-
namic and complex process regulated by multiple neuromuscular and biomechanical
mechanisms.

2.1.1 Gait Cycle

Human gait can be described as a cyclic and quasi-periodic phenomenon, in which
motor sequences are repeated over time in a similar manner [9]. This characteristic
is particularly evident when walking at a constant speed, a condition in which
movement tends to maintain a regular and stable pattern. Conversely, during gait
initiation, stopping phases, or speed changes, the locomotor pattern becomes less
regular.

Under physiological conditions, locomotor control during steady-state walking
mainly occurs at the spinal level through neuronal mechanisms responsible for the

4
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rhythmic generation of movement, known as central pattern generators (CPGs).
In the presence of neurological or musculoskeletal disorders, this regularity may
decrease, resulting in a less stable and efficient gait [9].

Gait analysis is generally performed in laboratory settings under standardised
conditions, with straight trajectories, flat surfaces, and constant gait speed, so
that the assumption of quasi-periodicity can be considered valid. In this way, it is
possible to observe a limited number of gait cycles and statistically describe their
main characteristics, such as mean values and variability. This approach allows
the identification of motor alterations and supports clinical evaluation, surgical
planning, orthotic prescription, and rehabilitation treatment.

The basic unit of gait is the step, defined as the interval between the contact
of one foot with the ground and the subsequent contact of the contralateral foot.
Two consecutive steps, one right and one left, form a stride, or gait cycle. A stride
corresponds to the interval between two consecutive initial contacts of the same
foot, as shown in Figure 2.1.

Step (right) Step (left)

A
v
A
\ 4

»n
v

Stride (right)

<4— Step: time between initial contact of one foot
and initial contact of the opposite foot

<4—p Stride: time between two consecutive
initial contacts of the same foot

Figure 2.1: Representation of step and stride during walking. A step corresponds
to the interval between the initial contact of one foot and the initial contact of the
contralateral foot, whereas a stride corresponds to two consecutive initial contacts
of the same foot.

Phases of the Gait Cycle

The gait cycle is traditionally divided into two main phases: the stance phase and
the swing phase.
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-
Human Gait
leftfoot  Rightfoot Right foot Left foot Leftfoot  Right foot
HeelStrike  ToesOff Heel Strike Toes Off Heel Strike Toes Off
1
Left foot STANCE phase Left foot SWING phase
One Left foot step cycle
One Left foot step

[eme——

Figure 2.2: Main phases of the gait cycle, including the subphases of the stance
and swing phases. Adapted from [10].

Stance Phase

The stance phase represents approximately 60% of the gait cycle and begins when
the foot makes contact with the ground. During this phase, the lower limb provides
body support, contributes to balance control, absorbs impact forces, and allows
forward progression. [11]. According to literature, the stance phase can be divided
into five subphases [12].

o Initial Contact (Heel Strike) [0—2%)]

The initial contact represents the moment when the foot first comes into
contact with the ground, typically through the heel. During this subphase,
the limb is positioned for weight acceptance and for the initial rolling motion
of the foot [9].

« Loading Response (Foot Flat) [2-10%]

During the loading response, body weight is progressively transferred onto
the supporting limb. The knee flexes slightly to absorb the impact with the
ground and reduce joint stress. This phase also includes the first period of
double support, when both feet are simultaneously in contact with the ground

[9, 11, 12].

« Mid Stance [10-30%)]
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During the mid-stance subphase, the body progresses over the supporting
limb through the inverted pendulum mechanism, which allows energy-efficient
progression of the centre of mass. In this interval, the foot represents the
only point of contact with the ground, making lower-limb and trunk stability
essential [9, 11, 12, 13].

« Terminal Stance (Heel Off) [30-50%]

During terminal stance, the heel begins to rise from the ground while the body
continues its forward progression. Propulsive force is generated through the
activation of the ankle plantarflexor muscles, particularly the triceps surae.
Body weight is progressively transferred towards the forefoot in preparation

for foot-off [13].

« Pre-Swing (Toe Off) [50-60%]

This phase represents the transition between stance and swing. Body weight is
transferred to the contralateral limb while the knee of the reference limb begins
to flex, preparing the foot to leave the ground initiating limb advancement.

Swing Phase

The swing phase accounts for approximately 40% of the gait cycle and corresponds
to the period when the foot is not in contact with the ground. Its primary purpose
is to advance the limb forward and prepare for the subsequent initial contact [11].
The swing phase can be divided into three main subphases.

o Initial Swing [60—-73%]

This phase begins when the foot leaves the ground. Its main objective is to
achieve adequate foot clearance and initiate advancement of the lower limb

[9].
o Mid Swing [73—-87%)]

The limb continues moving forward until the tibia reaches an approximately
vertical position [12]. During this phase, maximum knee flexion is generally
observed, allowing the foot to avoid contact with the ground. Part of the
movement takes advantage of limb inertia, making walking more energy efficient

[9].
o Terminal Swing [87-100%]

The limb progressively decelerates and prepares for the subsequent ground
contact. The lower-limb muscles act to control knee extension and properly
position the foot in preparation for the next gait cycle [9, 13].
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Spatio-Temporal Gait Parameters

Quantitative gait analysis can be performed using local parameters, related to
the behaviour of specific joints or muscle groups, and global parameters, used
to describe the locomotor pattern as a whole. Among the latter, spatiotemporal
parameters are one of the most widely used tools for gait assessment, as they allow
the description of aspects related to progression, stability, and movement efficiency.

The main spatiotemporal parameters include stride length, stride duration, and
gait speed.

Stride Length

Stride length corresponds to the distance between two consecutive initial contacts
of the same foot during the gait cycle. This parameter depends on several factors,
including lower-limb length, joint mobility, muscle strength, and the ability to main-
tain balance during progression [14]. Reductions in stride length may be associated
with compensatory strategies adopted to increase stability or with neurological and
musculoskeletal impairments [15]. In clinical settings, this parameter is frequently
used to assess an individual’s level of mobility and the effectiveness of rehabilitation
interventions.

Stride Duration

Stride duration represents the time interval between two consecutive initial contacts
of the same foot. It is closely related to stride frequency, of which it is the
mathematical inverse (Stride Duration = 1/Stride Frequency).

A reduction in stride duration generally corresponds to an increase in stride
frequency and, consequently, to a higher gait speed [14]. The analysis of temporal
gait parameters also provides information about motor coordination and gait
symmetry. Alterations in stride duration may reflect compensatory strategies or
deficits in neuromuscular control [16].

Gait Speed

Gait speed, generally expressed in metres per second (m/s), describes the speed at
which an individual moves through space. It represents one of the main indicators
of locomotor performance [1] and it is influenced by both stride length and stride
frequency. Under physiological conditions, an adequate gait speed is associated
with energy-efficient movement [17]. Conversely, a significant reduction in gait
speed may indicate pain, muscle weakness, neurological deficits, or the need to
increase stability during walking [14]. Particularly high values may instead reflect
a less controlled gait pattern or different movement strategies.
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2.1.2 Head and Trunk Movements During Physiological
Walking

When walking, the body can be considered as consisting of two main functional
units with different roles: the locomotor unit and the passenger unit [14].

The locomotor unit includes the pelvis and lower limbs and it is primarily
responsible for body support and forward progression. In addition to generating
movement, it also contributes to shock absorption during foot-ground contact,
maintenance of vertical stability, and reduction of energy expenditure during
locomotion [14].

The passenger unit includes the trunk, head, and upper limbs. Its role is to limit
excessive oscillations and movements of the upper body during progression. In
particular, the oscillatory movement of the arms helps compensate for part of the
rotations generated by the lower limbs, contributing to a more stable and efficient
gait [14].

| Passenger unit ‘

Figure 2.3: Simplified representation of the human locomotor system divided
into two functional components: the Passenger Unit, representing the upper body
mass carried when walking, and the Locomotor Unit, representing the lower limbs
responsible for movement generation and propulsion during gait.

The head must also remain sufficiently stable to ensure proper perception of
the surrounding environment. Head stabilisation is achieved through continuous
coordination between head and trunk movements, together with the integration of
visual, vestibular, and proprioceptive information [18, 19, 20]. This allows gaze to
remain stable even while the body is moving.

During physiological walking, head movements compensate for part of the
oscillations generated by the rest of the body in both the sagittal and horizontal
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planes [18; 20]. The trunk also contributes to this mechanism by progressively
attenuating the accelerations which propagate from the lower limbs towards the
head [20, 21]. As a result, head oscillations are generally smoother and more
controlled than those observed at the trunk level [21].

Body oscillations also vary according to the direction considered. In the vertical
and anteroposterior directions, two main perturbations are observed during each
stride, corresponding to the two steps. In the mediolateral plane, however, move-
ment follows a different pattern characterised by a single right-to-left oscillation
during the gait cycle [22].

Overall, coordination between the head and trunk plays a fundamental role in
maintaining balance, stabilising sensory information, and ensuring efficient walking,
particularly in complex environments or situations that require continuous motor
adaptations [21].

2.2 Effects of Ageing on Gait and Postural
Control

Walking is an essential component of human mobility and it is closely linked to
functional independence and quality of life. The ability to move safely and effectively
allows individuals to perform daily activities, maintain social relationships, and
interact with the surrounding environment. During ageing, changes in motor and
functional abilities may compromise these capabilities, with significant consequences
for individual autonomy.

In clinical and scientific settings, individuals aged 65 years and older are generally
classified as older adults, although the ageing process shows considerable inter-
individual variability. From this age onwards, several physiological changes which
may affect gait, postural control, and functional mobility become progressively
more evident.

Human locomotion is a complex process that requires continuous integration
between musculoskeletal, sensory, and cognitive systems. Age-related alterations
affecting one or more of these systems may reduce locomotor efficiency and modify
the strategies adopted during walking [14]. Among the main factors responsible for
these changes are reduced muscle strength, slower motor responses, and declining
sensory abilities. In particular, lower-limb weakness may reduce propulsion during
gait and limit the ability to maintain high walking speeds [23].

Among the spatiotemporal parameters most commonly used to describe func-
tional mobility, gait speed is considered one of the most relevant indicators. Several
studies have reported a progressive decline in gait speed with advancing age, par-
ticularly after the age of 70. Reduced gait speed is also associated with lower
functional capacity, an increased risk of hospitalisation, and higher mortality among
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older adults [23, 24].

Ageing is also associated with changes of other spatiotemporal gait parameters.
In particular, older adults frequently exhibit a reduction of stride length and an
increase in double-support duration compared with younger individuals [25]. These
changes are generally interpreted as locomotor adaptations aimed at increasing
safety during walking.

Gait alterations tend to become even more evident in complex or cognitively
demanding situations, in which continuous adaptation to environmental conditions
is required. In these contexts, older adults often show greater gait variability and a
reduced capacity for locomotor adaptation compared with younger individuals [26,

27].

2.2.1 Balance Control and Fall Risk in Older Adults

Maintaining balance when walking relies heavily on the effectiveness of the visual,
vestibular, and proprioceptive systems, which allow accurate perception of body
position and movement in space. With advancing age, subclinical or pathological
decline of these sensory systems impair postural control, reducing dynamic stability
during locomotion [28, 29].

To compensate for sensory uncertainty and the resulting instability, the central
nervous system adopts more conservative walking strategies. This results in an
exacerbation of the previously described spatiotemporal adaptations—such as
shorter steps and prolonged double-support duration—and in a progressive and
increasing reliance on visual information (visual anchoring) to compensate for
proprioceptive and vestibular deficits [7, 25, 30].

These deficits and the associated compensatory strategies become critical in
ecological or ecologically valid contexts, where walking does not occur in isolation
but requires continuous adaptation to external stimuli and the simultaneous man-
agement of cognitive tasks (dual-tasking). Everyday situations such as obstacle
negotiation, walking in crowded environments, or street crossing drastically increase
attentional demands, may cognitively fatigue older adults, and lead to greater gait
variability accompanied by a reduced capacity for locomotor adaptation compared
with younger individuals [26, 27, 31].

For these reasons, fall risk cannot be attributed solely to a motor component
but rather emerges from the multifactorial interaction between sensory efficiency,
residual attentional capacity, and environmental complexity. Understanding how
these systems cooperate and where they fail is essential for analysing real-world
locomotor behaviour and developing effective prevention strategies.
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2.3 Head Movements and Visual Exploration
When Walking

Human locomotion in real-world environments requires continuous interaction be-
tween motor control, sensory processing, and perception of the surrounding context.
While walking individuals must constantly adapt their movements according to the
environment. They must simultaneously maintain balance, stability, and efficient
progression.

In addition to lower-limb activity, head movements also play a fundamental role
during locomotion. In particular, head movements contribute to both postural
control and environmental exploration, allowing individuals to orient their attention,
acquire visual information, and adjust their behaviour in response to external stimuli
(32, 33].

These mechanisms become particularly important when walking in dynamic
and visually complex environments, where individuals must continuously integrate
sensory information, plan movement, and adapt to changes in the surrounding
context [31, 34]. Age-related changes affecting postural control, sensory integration,
and attentional processes can profoundly alter the way older adults interact with
the surrounding environment during locomotion. For this reason, the analysis
of head movements when walking can provide useful information about the func-
tional adaptations of mobility and the strategies adopted for interaction with the
environment.

2.3.1 Visual Exploration During Locomotion

While walking, individuals continuously acquire and process information from the
surrounding environment in order to identify obstacles, estimate distances, plan
trajectories, and adapt movement to external conditions [32, 35]. This process does
not exclusively involve eye movements but it also includes coordinated movements
of the head and body, which allow individuals to expand their field of view and
direct attention towards relevant elements of the environment [33, 32].

Visual exploration plays a particularly important role in ecological contexts
characterised by high environmental complexity, such as crowded urban areas,
pedestrian crossings, or situations which require frequent locomotor adaptations.
In these scenarios, the ability to rapidly gather visual information and integrate it
with movement control is essential for ensuring safe and effective navigation.

Several studies have shown that ageing can modify visual exploration strategies
and interaction with the environment during locomotion. Older adults often exhibit
greater attentional demands and a reduced capacity for adaptation in complex
environments, particularly under multitasking conditions or in the presence of high
cognitive loads [26, 36].
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2.3.2 Interaction Between Head Movements and Locomotor
Control

Head movements are closely linked to gait dynamics. The coordination between
the head, trunk, and lower limbs responds to a dual requirement: stabilising the
visual field and ensuring dynamic balance control through continuous anticipatory
and compensatory postural adjustments [37, 35].

During complex motor tasks, such as changes in direction or obstacle negotiation,
head rotations undergo significant kinematic variations which reflect both trajectory
planning and pedestrian decision-making processes [32, 38]. In older adults, however,
the ability to coordinate these visuomotor stimuli with the demands of walking
is substantially reduced when the environment requires continuous adaptation to
irregular surfaces or dynamic contexts.

Under dual-task conditions, the introduction of a secondary cognitive load
exacerbates further this vulnerability, altering the modulation of spatiotemporal
gait parameters and increasing the potential risk of tripping or falling [39].

2.3.3 Ecological Walking and Interactions with the
Environment

Walking in real-world ecological contexts differs substantially from standardised
laboratory locomotion, requiring continuous adaptation to dynamic, heterogeneous,
and inherently unpredictable scenarios [31, 34]. Among these contexts, street cross-
ing represents one of the most complex situations: pedestrians must simultaneously
monitor traffic flow, estimate the speed of approaching vehicles, comply with the
timing constraints of traffic light systems, and maintain walking stability [40, 41].

In urban intersections, due to the high number of stimuli, environmental explo-
ration through head movements becomes a prerequisite for safety. To analyse this
behaviour while preserving experimental repeatability, research has made extensive
use of immersive virtual reality (VR) combined with eye- and head-tracking systems
(Figure 2.4) [35].

However, simulated environments present intrinsic limitations in reproducing
the unpredictability of outdoor settings (e.g., changes in lighting conditions, sponta-
neous social interactions, and unexpected physical obstacles) [34]. For this reason,
kinematic analysis conducted directly in real outdoor environments (Figure 2.5) is
essential to understand the actual interaction between head kinematics and gait
parameters in both younger and older populations.
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Figure 2.4: Experimental setup of a virtual reality street-crossing simulation
adapted from [35]. The participant, equipped with an eye-tracking and head-
tracking system, stands in front of an immersive environment consisting of three
screens reproducing an urban pedestrian-crossing scenario. The three projection
screens provide a wide field of view to simulate ecological navigation and pedestrian
decision-making processes during crossing tasks.

Figure 2.5: Illustrative representation of pedestrians crossing a signalised urban
intersection during ecological walking. Urban environments require continuous in-
tegration of sensory information, attentional processing, environmental exploration,
and locomotor adaptation to ensure safe navigation and effective interaction with
the surrounding dynamic environment (Al-generated image).
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2.3.4 Cognitive Load and Attentional Demands During
Locomotion

In everyday life, walking rarely occurs as an isolated motor task. Navigation
requires a continuous reallocation of attentional resources between gait control and
the execution of concurrent cognitive tasks (dual-task or multi-task).

Ecological conditions such as social interaction (e.g., conversing with a compan-
ion) or smartphone use (e.g., reading or texting messages while walking) drastically
increase cognitive load. This overload is immediately reflected in gait biomechan-
ics, resulting in a marked reduction in walking speed, deviations from a straight
trajectory, and alterations in gait rhythm [39, 27].

At the same time, attentional demands during locomotion may also influence
head movements and environmental exploration strategies. Situations involving
social interactions, phone conversations, or complex urban navigation may re-
quire continuous reallocation of attentional resources between locomotion and the
processing of external stimuli.

2.4 Wearable Technologies for Ecological Gait
Analysis

The development of wearable technological devices has considerably expanded the
possibility of studying human locomotion in ecological and real-world conditions.
Unlike traditional motion capture systems used in laboratory settings, wearable
devices, thanks to their portability and autonomy, make it possible to investigate
locomotor behaviour in complex real-world scenarios characterised by dynamic
interaction, terrain variability, and continuous demands for motor adaptation.

In recent years, research has seen the progressive introduction of a wide range
of wearable sensors, including inertial measurement units, smart glasses, and
multimodal sensing platforms. The integrated use of these devices enables the
simultaneous acquisition of kinematic, behavioural, and contextual information
when walking, providing a comprehensive view of movement outside laboratory
environments.

2.4.1 Inertial Measurement Units

Inertial measurement units (IMUs) are among the most widely used wearable
sensors for human movement analysis. They generally integrate accelerometers,
gyroscopes, and magnetometers to estimate body accelerations, angular velocities,
and segment orientations during movement [42, 43].

Compared with traditional optical motion capture systems, IMU-based systems
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offer several advantages for ecological locomotion analysis. Their portability, low
cost, and ease of use allow gait assessments to be performed outside laboratory
settings and during everyday activities [44]. Furthermore, inertial sensors can
be positioned on different body segments, enabling the simultaneous analysis of
lower-limb kinematics, trunk motion, and head movements when walking.

IMUs have been widely used for the assessment of spatiotemporal gait param-
eters, postural control, stability, and locomotor adaptations in both healthy and
clinical populations [42]. Older adults are among the populations most frequently
investigated using inertial sensors. The possibility of analysing gait in real-world
contexts allows a better understanding of how the normal ageing process influences
mobility, spatiotemporal gait parameters, and the strategies adopted to adapt to
situations characterised by high environmental complexity.

Modern wearable IMUs generally consist of accelerometers, gyroscopes, and
magnetometers based on micro-electromechanical system (MEMS) technology,
which enables the miniaturisation of sensing units, resulting in reduced dimensions,
low power consumption, and relatively non-invasive wearable configurations.

Accelerometers

Accelerometers are sensors designed to measure the linear accelerations generated
during body movement. From a mechanical perspective, accelerometers can be
approximated as second-order mass—spring—damper systems consisting of an inertial
mass suspended by elastic and dissipative elements.

Figure 2.6: Simplified representation of a mass—spring—damper accelerometric
system.

When the sensor is subjected to acceleration, the inertial mass tends to oppose
the change in motion due to inertia, generating a relative displacement compared
to the sensor frame. This displacement is subsequently converted into an electrical
signal proportional to the applied acceleration.

16



Background

According to Newtonian mechanics, the dynamic equilibrium of the inertial
mass can be expressed as:

F — Bt — kx = mi (2.1)

where m represents the inertial mass, § the damping coefficient, k£ the elastic
constant of the system, and = the displacement of the mass.

Since the inertial force applied is proportional to the acceleration experienced
by the sensor, Equation 2.1 can be rewritten as:

mi + Bz + kx = ma, (2.2)

where a. represents the external acceleration applied to the accelerometer.

Accelerometers measure the so-called proper acceleration, namely the acceleration
experienced relative to free fall. When the measurement axis is aligned with the
gravitational direction, the acquired signal therefore also includes the contribution
of gravity:

i, =d,— (2.3)

where @, represents the measured acceleration, ds the sensor acceleration, and g
the gravitational acceleration vector.

The dynamic behaviour of the accelerometer can also be described in the Laplace
domain through the transfer function relating the displacement of the inertial mass
to the input acceleration:

H(S)_CL(S)_S2+%S+% (2.4)
The transfer function describes the sensitivity of the system to different frequen-
cies. In wearable applications, accelerometers are generally operated well below
their resonance frequency in order to ensure stable and reliable measurements
during locomotion.
The dynamic response of the sensor depends particularly on the resonance
frequency and damping properties. Rearranging Equation 2.4, the transfer function
can also be expressed as:

1

H(s)= —
(5) 52+ %s + wi

(2.5)

where wy represents the angular resonance frequency and @) the quality factor
of the system.
The resonance frequency can be defined as:
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wy = \/E (2.6)

while the quality factor is expressed as:

_ mwo
Q= 3 (2.7)

The resonance frequency significantly influences the dynamic behaviour of the
accelerometer. Higher resonance frequencies generally allow larger bandwidths to
be achieved, although they may reduce measurement sensitivity. For this reason,
wearable accelerometers are designed as a compromise between sensitivity, stability,
and bandwidth in order to ensure reliable measurements during human movement
analysis.

Accelerometers can employ different sensing principles, including capacitive,
piezoelectric, piezoresistive, and optical configurations. Capacitive accelerometers
are currently the most widely used in wearable technologies due to their small size,
low power consumption, and good sensitivity characteristics.

Gyroscopes

Gyroscopes are sensors designed to measure angular velocity during movement.
In gait analysis, these sensors are commonly used to investigate body segment
rotations, trunk dynamics, postural adaptations, and head movement behaviour
during locomotion. Angular velocity measurements are generally expressed in
degrees per second (°/s) or radians per second (rad/s).

Most gyroscopes operate according to the Coriolis principle and are commonly
referred to as Coriolis vibrating gyroscopes or Vibrating fork gyroscopes. Within
the sensing structure, vibrating masses oscillate at a predefined frequency. When
the sensor is subjected to rotation, the Coriolis force generates an additional dis-
placement orthogonal to the vibration direction. This displacement is subsequently
converted into an electrical signal proportional to the applied angular velocity.

The Coriolis force acting on the vibrating mass can be expressed as:

F. = 2m(7 x @) (2.8)

where m represents the inertial mass, ¢’ the velocity vector of the vibrating mass,
and & the angular velocity vector.

Vibrating tuning-fork gyroscopes generally include pairs of masses oscillating in
opposite directions in order to increase sensitivity. When the sensor is subjected
to rotational motion, the vibrating masses tend to oscillate along an orthogonal
direction due to the Coriolis effect, generating measurable torsional displacements
within the sensing structure.
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Figure 2.7: Examples of vibrating tuning-fork gyroscope configurations.

From a dynamic perspective, gyroscopes can be approximated as second-order
vibrating systems. The mechanical behaviour of the sensing structure can be
described as:

mi + Bt + kx = F (2.9)

where m represents the inertial mass, § the damping coefficient, k the elastic
constant of the vibrating structure, and F, the Coriolis force generated by rotational
motion.

The dynamic response of the gyroscope mainly depends on the resonance
frequency and damping properties. Gyroscopes are generally designed to operate
close to resonance in order to increase sensitivity to rotations while maintaining
good measurement stability.

Magnetometers

Magnetometers are sensors designed to measure magnetic fields. In wearable sys-
tems, these sensors are commonly used to estimate body orientation and movement
direction through the detection of the Earth’s magnetic field.

Most magnetometers generally operate according to electromagnetic principles
such as the Hall effect. When electrically charged particles move within a conductive
material in the presence of a magnetic field, they experience a force which is
orthogonal to both the magnetic field direction and the particle velocity. This
interaction generates a potential difference proportional to the intensity of the
magnetic field.

The Lorentz force acting on a charged particle can be expressed as:
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Fy, = ¢(7 x B) (2.10)

where ¢ represents the electric charge, v' the particle velocity vector, and B the
magnetic flux density vector.

(Hall
voltage)

DC supply

Figure 2.8: Simplified representation of the Hall effect principle used in magne-
tometers.

Under equilibrium conditions, the Lorentz force is balanced by the electric force
generated within the sensing structure:

ﬁTOT = q(V x E) + qEHall (2.11)

When the system reaches equilibrium:

(7 x B) = —Epga (2.12)

where E mau represents the electric field generated by the Hall effect.

The potential difference produced within the sensing element is proportional
to the magnetic field intensity and it can therefore be used to estimate sensor
orientation with respect to the Earth’s magnetic field.

In wearable inertial systems, magnetometers are commonly integrated with
accelerometers and gyroscopes through sensor fusion algorithms in order to im-
prove orientation estimation and compensate for gyroscope drift during prolonged
acquisitions.

Pressure Insoles

Pressure insoles are wearable systems designed to measure plantar pressure distri-
bution during standing and walking. These devices generally consist of arrays of
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force-sensitive sensors integrated into flexible insoles which can be directly placed
inside the subject’s footwear.

The sensing elements continuously detect the force exerted by the foot on
the ground during locomotion, allowing the acquisition of temporal and spatial
information related to foot—ground interaction throughout the gait cycle.

Pressure insole systems can provide information regarding plantar pressure
distribution, centre of pressure progression, stance and swing phases, load transfer,
and gait event detection. In particular, these systems are commonly used to identify
gait-specific events such as heel strike and toe-off when walking.

Depending on the technology employed, plantar pressure measurement systems
may be based on resistive, capacitive, or piezoelectric mechanisms. Among these,
force-sensitive resistive sensors are among the most widely used in wearable appli-
cations due to their flexibility, compact size, and ease of integration into portable
systems.

Proximity Sensors

Proximity sensors are devices designed to estimate the distance between the sensor
and surrounding objects without requiring direct physical contact. In gait analysis,
these sensors can be used for locomotor event detection and for the measurement of
spatial gait parameters, such as the distance between the lower limbs during walking
(step width) [45], providing useful information about the interaction between the
individual and the surrounding environment.

Among the technological devices the most commonly used in wearable systems
are infrared time-of-flight (ToF) sensors. These devices estimate distance by
analysing the characteristics of the infrared signal reflected by the target object.
In particular, the measurement can be obtained by evaluating either the signal
propagation time or the phase shift between the emitted and received waves.

In modern ToF sensors, the emitter and receiver are generally integrated within
the same component, allowing a significant reduction in device size and facilitating
their integration into wearable systems for human movement monitoring.

Figure 2.9: Schematic representation of an infrared proximity sensor based on
the time-of-flight principle.
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2.4.2 Smart Glasses and Scene Recording Devices

Wearable devices for scene recording are increasingly being used in ecological
locomotion analysis in order to acquire visual information regarding both human
behaviour and the surrounding environmental conditions when walking. To maintain
good ecological validity, wearable acquisition systems should interfere as little as
possible with spontaneous locomotion and daily activities while ensuring adequate
portability and comfort.

Smart Glasses

In recent years, smart glasses have gained increasing popularity as wearable plat-
forms for data acquisition during everyday activities. These devices generally
integrate miniaturised cameras, microphones, wireless communication systems,
inertial sensors, and, in some cases, eye-tracking technologies within lightweight
head-mounted structures.

Smart glasses enable the recording of visual scenes directly from the user’s
perspective (egocentric vision), providing a representation of the environment that
is closely related to the perceptual experience during locomotion. This characteristic
is particularly relevant for the study of visual exploration, attentional behaviour,
obstacle avoidance, and pedestrian-environment interaction in ecological walking
contexts.

Thanks to the possibility of combining video information with data acquired
from integrated sensors, these devices can support the simultaneous analysis of
locomotor behaviour and surrounding environmental conditions. However, they
may present some limitations related to battery life, motion artefacts, variability in
lighting conditions, and acquisition quality during prolonged outdoor recordings.

(a) Ray-Ban Meta smart (b) Tobii Pro Glasses 3 wearable eye-
glasses tracking system

Figure 2.10: Examples of wearable smart glasses used for egocentric scene
recording and visual behaviour analysis.
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2.4.3 Computer Vision and Egocentric Scene Analysis

Recent developments in the field of computer vision have significantly improved the
automatic analysis of acquired visual information. In recent years, deep-learning
approaches have been increasingly used for scene recognition, object detection,
activity analysis, and contextual understanding from recordings obtained through
wearable cameras [46, 47].

Several vision-based systems have been designed to identify environmental con-
texts, pedestrians, obstacles, vehicles, and activities of daily living from video
sequences. In particular, convolutional neural networks (CNNs) have shown promis-
ing results in place recognition and scene classification in complex indoor and
outdoor environments [48].

An increasing number of studies have focused on the automatic analysis of ego-
centric recordings acquired through wearable cameras and smart glasses. Compared
with external viewpoints, these acquisitions provide a more realistic representation
of visual exploration and interaction with the environment during movement [49].

Egocentric scene analysis also enable the investigation of contextual factors which
influence locomotor behaviour in real-world environments, including pedestrian
interactions, environmental complexity, and obstacle negotiation during walking
[48].

The integration of wearable scene-recording systems and computer vision algo-
rithms can therefore support a more comprehensive analysis of locomotor behaviour
by combining movement-related information with contextual features extracted
from the surrounding environment.

When this information is integrated with data acquired from inertial sensors, it
becomes possible to analyse simultaneously both the individual’s movement and
the context in which it occurs. This multimodal approach is particularly relevant
in studies of ecological locomotion and pedestrian crossing, where human behaviour
is strongly influenced by the characteristics of the surrounding environment.
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Chapter 3

Materials and Methods

This chapter describes the materials and methods adopted for the acquisition,
annotation, and analysis of the data used in this study. The main objective was to
characterise locomotor behaviour and upper-body movements during real-world
walking, with particular reference to head dynamics during straight walking and
pedestrian crossing situations, distinguishing between conditions with and without
an interlocutor.

To achieve this aim, a specific experimental protocol was defined, together
with an instrumental configuration based on the combined use of wearable inertial
sensors and smart glasses, capable of simultaneously acquiring data related to
the kinematics of the body segments under investigation and visual information
from the surrounding environment. This approach enabled the investigation of
human behaviour in ecologically valid conditions, preserving as much as possible the
natural characteristics of walking and of interactions with the urban environment.

Particular attention was devoted to the analysis of behaviour during pedestrian
crossings, which were considered an interesting scenario because of the continuous
demand for perceptual, motor, and decision-making information. The study in-
volved two cohorts of participants, consisting of younger adults and older adults who
were healthy from a psychomotor perspective, in order to assess possible age-related
differences in locomotor strategies and behaviour adopted during straight walking
and pedestrian crossing.

For this purpose, the acquired data were subjected to synchronisation, recogni-
tion, and annotation procedures for the interesting events, allowing the identification
of the different experimental conditions analysed.

The following sections describe in detail the instrumentation used, the experi-
mental protocol, the data acquisition and annotation procedures, the processing
methods adopted for the extraction of the biomechanical and behavioural parame-
ters analysed in this study, and the statistical analysis procedures used to evaluate
the effects of locomotor context, conversation, and age.
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The overall methodological workflow adopted in this study is summarised in

Figure 3.1.
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Figure 3.1: Overview of the methodological workflow adopted in the study, from

the acquisition of INDIP and smart glasses data to synchronisation, context recog-
nition, manual review, biomechanical parameter extraction, event-level aggregation,

and statistical analysis.
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3.1 Study Participants

The study involved two cohorts of participants. The first consisted of 10 healthy
young adults (4 males and 6 females; age range: 20-31), while the second included
11 healthy older adults (7 males and 4 females; age greater than or equal to
65). All participants reported no neurological, vestibular, or musculoskeletal
disorders which could affect postural control and/or locomotion. Participation in
the study was voluntary, and all subjects provided written informed consent before
the beginning of the experimental activities. The collected data were processed
in accordance with the current regulations on the protection of personal data
(EU Regulation 2016/679). Due to issues related to data acquisition and/or the
subsequent annotation procedures, not all the collected dataset was usable for the
final analyses. Therefore, the analyses presented in this work were conducted on a
subset of 12 participants, consisting of 6 young adults (3 males and 3 females) and
6 older adults (3 males and 3 females).

Table 3.1: Number of participants recruited and included in the final analyses.

Cohort Recruited Included in the analyses
Young adults 10 6
Older adults 11 6
Total 21 12

3.2 Experimental Setup

3.2.1 INDIP System

Inertial data were acquired using the INDIP system (INertial module with DIstance
sensors and Pressure insoles), developed at the University of Sassari [50]. INDIP
is a wearable multisensor platform designed for the analysis and monitoring of
human movement in both controlled laboratory and real-world environments [51,
52, 53, 54]. The fundamental unit of the system consists of a 9-axis Inertial
Measurement Unit (IMU), which integrates a tri-axial accelerometer, gyroscope, and
magnetometer. Thanks to this configuration, the system enables the measurement
of linear accelerations, angular velocities, and body orientation in space. The
modular architecture of INDIP also enables integration with additional wearable
devices, such as instrumented insoles and distance sensors. The acquired signals
were subsequently processed using dedicated algorithms for the identification of gait
events and the extraction of the biomechanical parameters of interest. The physical
structure of the inertial unit used in the INDIP system is shown in Figure 3.2,
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while the main technical specifications of the integrated sensors are summarised in

Table 3.2.

Figure 3.2: Structure of the inertial measurement unit (IMU) used in the INDIP
system. The external casing, the electronic board containing the inertial sensors
and data acquisition circuits, the integrated battery, and the upper cover of the

device are visible.

Table 3.2: Technical specifications of the sensors integrated in the INDIP IMU

[50].
Sensor Parameter Value Unit
Measurement range =£16 g
. Zero-offset +40 mg
Tri-axial Accelerometer Noise density 1.8-3.0 mg RMS
Output data rate 1.6-6664 Hz
Measurement range £2000 dps
. Zero-rate offset +1 dps
Tri-axial Gyroscope RMS noise 0.075 dps
Output data rate 1.6-6664 Hz
Measurement range =450 G
. Zero-G offset Dynamically cancelled —
Tri-axial Magnetometer Noise density 3 G RMS
Output data rate 10-100 Hz

3.2.2 Adopted INDIP System Configuration

In the present study, the INDIP system was configured using four Inertial Measure-
ment Units (IMUs), positioned at the head, the lower back, and the two feet. This
configuration was chosen to allow the simultaneous assessment of spatiotemporal
gait parameters and head movements during locomotion.
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o Head: an IMU was positioned laterally at the level of the left temporal region
using a headband, in order to acquire head movements during walking and to
allow temporal synchronisation between the inertial signals from the INDIP
system and the data acquired by the smart glasses.

o Lower back: an IMU was positioned at the lumbar region at the level of the
fifth lumbar vertebra (L5) using an adjustable belt. This sensor was used as a
reference for the estimation of locomotor parameters and for the analysis of
the relative motion between the head and the trunk.

o Left foot: an IMU was fixed to the shoelaces by means of a 3D-printed
support. The same unit was connected to an instrumented insole inserted
inside the shoe for the measurement of plantar pressures.

o Right foot: the IMU was installed on a rigid L-shaped support positioned
externally on the footwear in the posterior and inner lateral region. Two dis-
tance sensors (DS), oriented toward the contralateral foot, were also mounted
on the same support and used to measure the distance between the feet and,
consequently, to estimate step width. A pressure insole connected to the
acquisition system was also used on the right side.

All sensors were synchronised and configured with a sampling frequency of 100
Hz.

The complete configuration of the INDIP system adopted in the study is shown
in Figure 3.3.
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Figure 3.3: Schematic representation of the INDIP system configuration adopted
in the study. The inertial sensor positioned on the head, the module installed at
the lumbar level, the inertial units mounted on the footwear, and the sensors used
to measure the distance between the feet are highlighted.

3.2.3 Smart Glasses for Context Recording

In order to acquire contextual information about the surrounding environment
while walking, all participants wore a pair of Tobii Pro Glasses 3 smart glasses.
The device is equipped with an integrated front-facing camera, a microphone,
and inertial sensors, allowing the simultaneous recording of the scene observed
by the participant and the corresponding motion data. The video recordings
were used to identify and characterise the contextual events relevant to the study,
such as pedestrian crossings with and without traffic lights, face-to-face or phone
conversations, and straight walking segments. The information extracted from the
videos was subsequently used in the event annotation and classification procedures.
The main technical characteristics of the Tobii Pro Glasses 3 used in the study are
reported in Table 3.3. Figure 3.4 shows the Tobii Pro Glasses 3 used in the present
study.
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NI
(b)

Figure 3.4: Tobii Pro Glasses 3 used in the present study: device (a) and wearing
configuration during data acquisition (b).

()

Table 3.3: Technical specifications of the Tobii Pro Glasses 3 used in this study,
adapted from the manufacturer manual.

Feature

Specification

Model

Tobii Pro Glasses 3

Scene camera resolu-
tion

1920 x 1080 pixels at 25 fps

Scene camera video
format

H.264

Scene camera field of
view

106° diagonal, 95° horizontal, 63° vertical

Eye tracking sampling
rate

50 Hz or 100 Hz

Head unit sensors

Gyroscope and accelerometer at 100 Hz; magne-
tometer at 10 Hz

Audio recording

16-bit mono, integrated microphone

Head unit weight

76.5 g including cable

Recording unit battery | 105 min
life
Storage media SD card

Connectors

Micro USB, RJ45, 3.5 mm jack, head unit connector
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3.3 Experimental Protocol

In the present study, data acquisition was carried out exclusively in a real-world
environment (Out-of-Lab), in order to observe the locomotor behaviour of the
participants in ecologically valid conditions. Before the beginning of the experi-
mental session, some preliminary procedures were performed, including an initial
static phase, a recording in the standing position with the instrumentation worn
(standing trial), and a data personalisation procedure. These acquisitions were
used for sensor calibration, the definition of anatomical reference systems, and the
initialisation of the processing algorithms employed in the subsequent biomechanical
analyses. Subsequently, the participants performed a recording session in a real
urban environment while wearing the INDIP system and the smart glasses, enabling
the simultaneous recording of inertial data and contextual information.

3.3.1 Out-of-Lab

The out-of-lab session was designed to assess the locomotor behaviour of the
participants during walking activities performed in a real urban environment,
enabling the analysis of gait parameters and head movements in response to
natural and dynamic environmental stimuli. This approach was adopted to ensure
greater ecological validity compared with traditional assessments conducted in
the laboratory. At the end of the preliminary preparation and synchronisation
procedures of the instrumentation, the participants completed a predefined walking
route near the Politecnico in Turin. In order to place all subjects in similar
environmental conditions and behavioural demands, the route was standardised
for all participants (Figure 3.5). In addition, at specific points along the route,
conversation situations, both in person and on the phone, were introduced thanks
to an interlocutor who followed the participant at a distance along the route and
who, at predefined positions, approached the participant or made a phone call,
in order to subject all participants, as far as possible, to the same attentional
and cognitive demands. The route, approximately 3 km long and completed on
average in 45 minutes, included straight walking segments used as reference and
several pedestrian crossings, both signalised and unsignalised, during which the
subject was exposed to different motor, perceptual, and cognitive demands which
are typical of daily life.

During the entire session, the participants wore the instrumental configuration
described in the previous sections, consisting of the INDIP system and the Tobii
Pro Glasses 3. The inertial sensors of the INDIP system continuously recorded
locomotor parameters and head movements, while the smart glasses acquired
both an egocentric video recording of the environmental context and inertial
measurements.
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Figure 3.5: Standardised out-of-lab route used in the study. All participants
followed the same urban itinerary near the Politecnico in Turin, including straight
walking segments, pedestrian crossings, and sections dedicated to controlled inter-
actions.
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3.4 Data Collection and Processing

3.4.1 Data Acquisition

Data acquisitions were performed using the INDIP system and the Tobii Pro
Glasses 3 smart glasses. Before each experimental session, the internal clocks of the
INDIP IMU units were synchronised using the INDIP GUI USB software, in order
to ensure a common temporal reference across all sensors. Subsequently, the inertial
units were connected via Bluetooth Low Energy (BLE) technology to the INDIP
App, developed in MATLAB, which was used for device configuration, preliminary
functionality checks, and the simultaneous start of the recordings. Once the correct
functioning of the smart glasses had been verified, the video recording started and,
a few seconds later, the IMU acquisition was launched through the INDIP App.

After both systems had been activated, participants were asked to perform at
least three complete head rotations around the vertical axis before the beginning
of the route, in order to generate events which could be easily identified in the
gyroscopic signals acquired both by the INDIP IMU positioned on the head and by
the IMU integrated in the smart glasses. This allowed the subsequent temporal
synchronisation between the inertial data from the INDIP system and the video
recordings.

During acquisition, the data from the inertial units were stored locally in the
internal memory of the devices, enabling participants to move freely without the
need to maintain a continuous connection with the computer.

At the end of the route, after again performing three complete head rotations, the
recordings were stopped first by interrupting the acquisition of the INDIP system
and then that of the Tobii Pro Glasses 3. The IMU data were then downloaded
using INDIP GUI USB, while the videos of the scene and the data acquired by the
smart glasses were exported through the Tobii Pro Lab software. Finally, all files
were organised into specific folders and associated with the participant identifier to
facilitate the subsequent phases.

3.4.2 Anthropometric Parameters

In addition to sensor data, several anthropometric parameters were collected for
each participant in the study. These parameters were used to personalise the INDIP
system processing algorithms and to compute the spatiotemporal gait parameters.
The measurements were collected before the beginning of the acquisitions. Table 3.4
reports the list of acquired parameters and a brief description of their meaning.
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Table 3.4: Anthropometric measurements collected for each participant and used
to personalise the INDIP processing algorithms.

Parameter

Description

Foot length [cm]

Linear distance from the heel to the tip of the
longest toe.

Shoe width [cm]

Maximum medio-lateral dimension of the shoe.

Shoe length [cm]

Maximum antero-posterior dimension of the
shoe.

Participant age [years|

Age of the participant at the time of testing.

Participant height [cm]

Body height measured before data collection.

Participant weight [kg]

Body weight recorded before the experimental
session.

Shoe size [EU]

European shoe size worn during the acquisition.

Posterior waist width

[em]

Trunk width measured at the level where the
lower-back sensor was positioned.

Lower back sensor height
[cm]

Vertical distance between the lumbar sensor and
the ground.

Inter-ASIS distance [cm]

Distance separating the left and right anterior
superior iliac spines.

Pelvis-Hip distance [cm]

Distance between the anterior superior iliac spine
and the greater trochanter.

Thigh length [cm]

Length of the thigh segment measured from the
greater trochanter to the lateral femoral epi-
condyle.

Shank length [cm]

Length of the shank segment measured from the
lateral femoral epicondyle to the lateral malleo-
lus.

Foot height [cm]

Vertical distance between the lateral malleolus
and the floor during standing.
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3.4.3 Data Standardisation and Synchronisation

Before the extraction of gait and head-movement parameters, the data acquired
using the INDIP system and the Tobii Pro Glasses 3 smart glasses were subjected
to a series of organisation, standardisation, and synchronisation procedures aimed
at creating a unified dataset for the subsequent processing steps.

Data Organisation and Renaming

The first phase of the processing pipeline involved the automatic organisation of the
raw files acquired during the experimental sessions. For this purpose, a dedicated
MATLAB script was developed and used, capable of automatically identifying the
recordings associated with each participant and with the different sensor units of
the INDIP system.

The script used the information contained in the Operator Table, an Excel
table completed by the operator during the experimental session and containing
the association between the acquired recordings, the performed exercises, and the
sensors used, in order to associate each recording with the corresponding exercise
included in the protocol and with the related sensor units involved. Based on
this information, the files were automatically renamed according to a standardised
nomenclature and organised within a folder structure that was uniform across all
participants.

This procedure made it possible to ensure consistent management of the ac-
quisitions, reduce the risk of errors during the subsequent processing steps, and
facilitate the automated application of the data standardisation and synchronisation
procedures.

INDIP Data Standardisation

During the standardisation phase, the data acquired from the different IMU units
of the INDIP system were collected and organised into a unified data structure in
MATLAB R2025a. This procedure made it possible to integrate, into a single file,
the recordings from the sensors positioned on the head, the lumbar region, and the
feet, together with the metadata associated with the participant and the experi-
mental protocol. The anthropometric parameters acquired before the recordings
were incorporated into the data structure and used to personalise the processing
algorithms. Subsequently, the signals from the different measurement units were
subjected to the calibration procedures provided by the INDIP framework and
converted into the standard reference system adopted by the project, in accordance
with the convention proposed by Palmerini et al. [55]. This procedure ensured a
consistent representation of the anatomical axes and inertial measurements across
all the sensors used. To standardise the acquisitions from the different IMU units,
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the signals were also resampled at a common frequency of 100 Hz and organised
according to a hierarchical structure based on participant, experimental session, and
acquired trial. The standardised data were finally saved in a MATLAB structure
(data.mat), which represented the starting point for the subsequent procedures of
synchronisation with the smart glasses, gait event identification, and extraction of
locomotor parameters.

As shown in Figure 3.6, the INDIP framework uses a common convention for
the definition of the anatomical axes and sensor reference systems.

V, v
o pl| &
7 Q) "

Right foot s Left foot Back

Figure 3.6: Standard reference system adopted by the INDIP framework for the
representation of signals acquired from the IMU units. The convention defines
the anatomical antero-posterior (AP), medio-lateral (ML), and vertical (V) axes,
ensuring a consistent representation of the data from the different sensors. Adapted
from Palmerini et al. [55].

Synchronisation between the INDIP System and Tobii Pro Glasses 3

To allow the integration of locomotor information with the data acquired by the
smart glasses, a synchronisation procedure between the INDIP system and the
Tobii Pro Glasses 3 smart glasses was implemented.

At the end of the acquisitions, the data recorded by the smart glasses were
exported using the Tobii Pro Lab software. For each participant, videos of the
scene and data from the sensors integrated in the glasses were acquired, including
accelerometer, gyroscope, magnetometer, and eye tracker data. The exported data
were subsequently imported into MATLAB R2025a and organised into a dedicated
structure containing the signals from the different sensors and their corresponding
temporal information.

In a first phase, the signals from the different sensors integrated in the smart
glasses were resampled onto a common time base. Since these sensors operate
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at different sampling frequencies and may present time intervals that do not
perfectly overlap, only the temporal period shared by all acquisitions was considered.
Subsequently, the reference systems of the Tobii sensors were aligned with those
used by the INDIP system through a transformation of the measurement axes, in
order to ensure the direct comparability of the inertial signals from the two devices.

Temporal synchronisation was achieved by comparing the gyroscopic signals
acquired by the inertial unit positioned on the head within the INDIP system
with those recorded by the IMU integrated in the Tobii Pro Glasses 3. For this
purpose, the voluntary head movements performed during the acquisition procedure
described in Section 3.4.1 were used. These movements generated temporal patterns
which could be easily identified in both gyroscope recordings. Starting from the
norm of the angular velocity measured by the two devices, the relative temporal
delay was automatically estimated through a delay identification procedure.

Figure 3.7 shows an example of the gyroscopic signals acquired by the two systems
before and after the application of the synchronisation procedure. Before temporal
correction, the patterns associated with the voluntary head movements were mis-
aligned, whereas after delay estimation and compensation, the main oscillations
of the two signals overlapped temporally, confirming the correct synchronisation
between the acquisitions.

Once the delay had been estimated, the signals from the smart glasses were
temporally shifted and subsequently interpolated onto the common time vector used
by the INDIP system. This procedure made it possible to obtain a fully synchro-
nised dataset containing inertial signals, eye-tracking data, and video information
referred to the same time instant. At the end of the procedure, a unified data
structure containing the synchronised signals from the two systems was available
for each acquisition, allowing the direct association between gait parameters, head
movements, the observed environmental context, and the annotations performed
on the egocentric videos. For each participant, the synchronised data were saved
in the data_sync.mat file. The file contains both the synchronised signals from
the two systems and the synchronisation parameters, including the estimated delay
and the time instants used for video trimming and for the subsequent creation of
the synchronised multimodal dataset.
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(b) After synchronisation.

Figure 3.7: Example of the synchronisation procedure between the INDIP system
and the Tobii Pro Glasses 3 based on the comparison of the norm of the angular
velocity measured by the gyroscopes mounted on the head. In (a), the signals
before temporal delay compensation are shown, whereas in (b), the same signals
after temporal alignment are reported.

INDIP Pipeline

Once the standardisation and synchronisation phases had been completed, the data
were processed using the validated pipeline of the INDIP framework, developed
for the automatic identification of gait events and the estimation of the main
spatiotemporal parameters [50]. The pipeline jointly uses signals from the IMU
units and the instrumented insoles to identify the different phases of gait and
segment the recordings into meaningful locomotor sequences.

For each acquisition, the pipeline identified gait sequences, possible changes
of direction (turns), and individual strides. Based on this information, the main
spatiotemporal gait parameters were subsequently computed, including stride
length, stride duration, and walking speed. A schematic representation of the
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processing pipeline adopted by the INDIP framework is reported in Figure 3.8.
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Figure 3.8: Scheme of the processing pipeline used by the INDIP framework for
gait event identification and the estimation of spatiotemporal parameters. Adapted
from Salis et al. [50].

3.4.4 Video Annotation and Event Segmentation
Video Synchronisation and Cropping

Before event annotation and segmentation, the video recordings acquired using the
smart glasses were temporally synchronised with the inertial data from the INDIP
system. For this purpose, for each participant, the start (time_init_INDIP_Tobii)
and end (time_end INDIP_Tobii) instants of the synchronised window, previously
identified and saved in the data_sync.mat file, were used.

For each subject, the annotated video was loaded, and the acquisition frequency
of the video was used to convert the synchronisation time instants into the corre-
sponding frame indices. In particular, the initial and final frames were calculated
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from the time _init INDIP Tobii and time end INDIP Tobii times, in order to
extract only the portion of video temporally aligned with the INDIP data.

The cropped video sequence was then saved as a new synchronised file for
each participant. In addition, a summary table was generated containing, for
each subject, the path of the original video, the synchronisation file used, the
start and end time instants, the corresponding frames, the number of extracted
frames, and the final duration of the synchronised video. This procedure made it
possible to obtain videos temporally consistent with the inertial signals acquired
during the protocol for all the subsequent phases of context recognition and event
segmentation.

Scene Recognition and Temporal Stabilisation

The synchronised video recordings were processed in order to automatically identify
the pedestrian crossings present along the experimental route. For this purpose, the
pre-trained Places365-GoogLeNet network [56] was used, without any additional
training or fine-tuning procedures.

Although Places365 is able to recognise hundreds of different environmental
categories, in the present study the analysis was limited to the crosswalk category,
corresponding to pedestrian crossings. This choice made it possible to focus the
classification process on the elements of interest for the subsequent segmentation
of the route, reducing the possibility of assignments to non-relevant contexts. To
reduce the computational load while maintaining adequate temporal resolution,
one frame every five was processed; the obtained predictions were then extended to
the intermediate non-processed frames, allowing a continuous representation of the
entire video sequence.

For each processed frame, the network provided a probability of belonging to
the crosswalk category. The temporal probability sequences obtained were then
subjected to a temporal stabilisation procedure. In a first step, an Exponential
Moving Average (EMA) was applied in order to reduce short-term fluctuations in
the network predictions. The EMA was computed recursively according to the
following equation:

PEMA(t) :Oép(t)—i-(l—Oé)PEMA(t— 1) (31)

where P(t) represents the probability of belonging to the crosswalk category
provided by the network for the current frame, Prysa(t) is the filtered value, and
a is the smoothing coefficient ranging between 0 and 1. Higher values of « assign
greater weight to the most recent observations, whereas lower values produce
stronger attenuation of temporal fluctuations.

Subsequently, the probabilities filtered using the EMA were further smoothed
through a moving average computed over a temporal window of 0.4 s, defined
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according to the effective frequency of the processed frames. Hysteresis criteria
were then applied to the resulting probabilities to determine the activation and
deactivation of the recognised events. Finally, events shorter than the predefined
duration thresholds were automatically removed, reducing the influence of isolated
classifications and spurious transitions. The main parameters used in the temporal
stabilisation procedure are reported in Table 3.5.

This procedure made it possible to obtain a temporal sequence of labels that
was more stable and consistent with the actual evolution of the context observed
during walking. The final output was used in the subsequent phases of the event
annotation and segmentation pipeline.

Table 3.5: Parameters used for the temporal stabilisation of Places365 predictions.

Parameter Value Description

Frame sampling 1 every 5 frames Frame processing frequency

EMA coefficient («) 0.30 Exponential moving average coef-
ficient

Moving average window 0.4s Temporal filtering window

Crosswalk ON threshold 0.20 Event activation threshold

Crosswalk OFF thresh- 0.12 Event deactivation threshold

old

Minimum event dura- 0.6 s Minimum duration of the recog-

tion nised event

Traffic Light Detection

The identification of traffic lights in the video recordings was performed using
YOLOv11 [57], a neural network for object detection. The algorithm was applied
exclusively to frames belonging to segments previously classified as pedestrian
crossings (crosswalks), reducing the number of non-relevant processing operations
and the overall computational load.

For each analysed frame, the network provided the possible position of traffic
lights present in the image through bounding boxes associated with a confidence
value. Since multiple traffic lights could be present simultaneously in some frames,
a selection procedure was implemented to identify the traffic lights which were the
most relevant to the participant. This selection was performed by considering the
detection confidence and the size of the bounding box of the identified region.

To ensure greater robustness of identification over time, a tracking mechanism
based on the overlap between successive bounding boxes and on the distance
between the positions detected in consecutive frames was also implemented. This
approach made it possible to maintain the association with the same traffic lights
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even in the presence of brief occlusions or temporary detection losses.

Once the traffic lights of interest had been identified, the corresponding region
of interest was used to estimate the state of the light signal. The procedure
adopted for traffic light state classification is described in Section ‘Traffic Light
State Classification’. The main parameters used for traffic light detection, tracking,
and temporal stabilisation are reported in Table 3.6.

At the end of the procedure, for each frame, the possible region of interest
associated with the traffic lights which were relevant to the participant was available.
In cases where no detectable traffic light was present, the segment was considered
as not being controlled by traffic lights.

Although the pipeline allowed the identification of the traffic lights observed by
the participant, a qualitative inspection of the results highlighted some limitations
in the robustness of the association with the individual traffic light device. Since a
quantitative evaluation of this aspect is beyond the objectives of the present work
and will be addressed in future analyses, the output of the YOLOv11-based module
was used exclusively to classify each crossing episode as either a signalised crossing
(Signalised Crossing) or an unsignalised crossing ( Unsignalised Crossing).

Table 3.6: Parameters used for traffic light detection and tracking.

Parameter Value  Description

YOLO confidence 0.25 Minimum confidence required to accept a
threshold detection produced by YOLOv11.
Tracking IoU 0.20 Minimum overlap between consecutive
threshold bounding boxes required to maintain the

association with the same traffic lights.
Maximum missed 12 frames Maximum number of consecutive frames
detections without detection before interrupting the
traffic light tracking.

Traffic Light State Classification

Once the position of the traffic lights within the image had been identified, a
dedicated procedure was performed to determine its light state. Unlike traffic light
detection, which was based on the YOLOv11 network, colour classification was
performed through an analysis of the region of interest (ROI) corresponding to the
detected bounding box.

For each frame, the region containing the traffic lights was extracted and
converted into the HSV colour space (Hue, Saturation, Value), which is particularly
suitable for separating chromatic information from information related to light
intensity.
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Since the traffic lights along the route were characterised by a vertical ar-
rangement of the lamps, the region of interest was divided into three portions
corresponding to the approximate positions of the red, amber, and green lights.
The combined analysis of the brightness distribution and chromatic components
allowed the active lamp within the region of interest to be identified and one of the
following states to be assigned to the frame: red, amber, green, or unknown.

The adopted approach made it possible to treat traffic light detection and
classification of its light state separately. The chromatic analysis was therefore
performed exclusively within the regions previously identified as traffic lights,
reducing the influence of elements present in the rest of the scene and allowing the
automatic identification of the different phases of the light signal.

Since lighting conditions, temporary occlusions, and the environmental variability
typical of real-world acquisitions may generate unstable classifications, a temporal
stabilisation procedure for the traffic light state was implemented. In particular,
transitions between consecutive states were confirmed only after being observed
in multiple consecutive frames, whereas brief absences of reliable classifications
were handled by temporarily maintaining the last available valid state. In addition,
the observed transitions were subjected to temporal validation criteria in order
to reduce the influence of spurious classifications. The main parameters used for
traffic light state classification and temporal stabilisation are reported in Table 3.7.

Despite these precautions, a qualitative inspection of the results highlighted
that the high variability in the shapes, apparent sizes, and visual characteristics of
the traffic lights present in the recordings made the automatic approach not suffi-
ciently robust to guarantee reliable traffic light state labelling across all recordings.
Therefore, the automatic classification of the light state was not used in the final
analyses, and the labelling of the traffic light phases (red, amber, and green) was
subsequently performed through manual segmentation.

Table 3.7: Parameters used for traffic light state classification and temporal
stabilisation.

Parameter Value
colour confidence threshold 0.45
Temporal hold duration 1.0s

State-change confirmation frames 4 frames

Manual Review and Conversation Annotation

The results obtained from the automatic procedures for context recognition, traffic
light detection, and traffic light state classification were subsequently subjected to
a manual review phase. This phase was introduced to verify the correctness of the
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automatically generated labels and to correct possible errors due to unfavourable
lighting conditions, temporary occlusions, changes in the field of view, the high
variability of traffic light configurations in the urban environment, and limitations
of the recognition algorithms.

The review was performed using dedicated interfaces developed in MATLAB,
which allowed the synchronised visualisation of the video recordings and of the
labels generated by the automatic pipeline. During this phase, it was possible to
correct the automatically identified contexts, verify the presence of traffic lights and
manually annotate their light state, as well as associate additional information which
could not be obtained through the automatic procedures. Particular attention
was devoted to the identification of conversation conditions. For each event,
the presence or absence of in person conversations with other people and phone
conversations was annotated. Although phone-related interactions were included
during the annotation phase, they were not considered in the final statistical
analyses. The collected information was subsequently used to classify the events
into the Conversation and No Conversation conditions.

At the end of the review, a CSV file containing the final temporal labels associated
with the different events observed along the route was generated for each participant.
These annotations were subsequently used to segment the synchronised data from
the INDIP system and the smart glasses, to associate locomotor parameters and
head movements with the corresponding contexts analysed in the study, and as
ground truth for the evaluation of the performance of the automatic procedures for
context recognition and classification of crossings into signalised and unsignalised
contexts (Section 3.5). The same annotations were also used for the extraction and
aggregation of the biomechanical parameters of gait and head movements described
in Section 3.6.

Final Event Annotation Structure

The final annotations generated at the end of the manual review consisted of two
levels of information: the locomotor context and the conversation condition.

The locomotor context identified the type of event observed during the experi-
mental route, whereas the conversation condition described the presence or absence
of conversation associated with the event. The categories used for the annotation
of locomotor contexts are reported in Table 3.8, while the annotated conversation
conditions are reported in Table 3.9.
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Table 3.8: Categories used for event annotation.

Category Description

TR Straight walking

CWTLG Crossing with a green traffic light
CWTLY Crossing with an amber traffic light
CWTLR Crossing with a red traffic light
CWNOTL Crossing without traffic lights
CWTLunknown Unidentified traffic light state
UNDEF Undefined context

Table 3.9: Conversation categories annotated during the manual review.

Category Description
No Conversation No conversation observed
Conversation Face-to-face conversation with another person

Phone Conversation Conversation on mobile phone

For the subsequent statistical analyses, pedestrian crossings performed with a
green traffic light (Green Traffic Light) or an amber traffic light (Amber Traffic
Light) were aggregated into the Signalised Crossing context, whereas crossings
without traffic lights (Crossing without Traffic Light) were classified as Unsignalised
Crossing. Crossings performed with a red traffic light (Red Traffic Light) and
those characterised by an unidentified traffic light state (Unknown Traffic Lights)
were not included in the final analyses. Similarly, events associated with Phone
Conversation were excluded from the subsequent statistical processing.

The combination of locomotor context and conversation condition allowed the
definition of six analysis conditions: Straight Walking No Conversation, Straight
Walking Conversation, Signalised Crossing No Conversation, Signalised Crossing
Conversation, Unsignalised Crossing No Conversation, and Unsignalised Crossing
Conversation.
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3.5 Evaluation of the Performance of the Auto-
matic Pipeline

The performance of the automatic pipeline for pedestrian crossing and traffic light
recognition was evaluated by comparing the automatically generated labels with
the manual annotations, which were considered as ground truth. The evaluation
was performed both at frame level and at event level, in order to quantify the
contribution of post-processing in terms of classification accuracy and reduction of
spurious detections produced by the raw output of the classifier.

The automatic pipeline included two main modules: a pedestrian crossing recog-
nition module based on the Places365 classifier and a traffic light detection module
based on the YOLOv11 object detection model. Both modules initially produce an
output at the single-frame level, which is subsequently used to generate temporally
coherent events and to associate contextual information with the biomechanical
acquisitions.

For pedestrian crossing recognition, performance was evaluated both on the
raw frame-level output (RAW), produced directly by the Places365 classifier, and
on the output obtained after applying the temporal post-processing procedures
developed in the present study (PROCESSED). The comparison between the two
configurations was performed using the same manual annotations as ground truth,
in order to quantify the contribution of post-processing in terms of classification
accuracy and reduction of spurious detections produced by the raw output of the
classifier.

For traffic light detection, the performance of the YOLOv11 model was evaluated
by comparing the frames in which the presence of a traffic lights were automatically
detected with the corresponding manual annotations. However, since the final
objective of the study was not the simple identification of traffic lights in individual
frames, but rather the characterisation of the type of pedestrian crossing, distin-
guishing between crossings regulated by traffic lights and crossings not regulated
by traffic lights, an event-level evaluation was also performed by classifying each
crossing episode as either a signalised crossing or an unsignalised crossing.

3.5.1 Evaluation of Pedestrian Crossing Recognition Per-
formance

Frame-Level Evaluation

For each video frame, the algorithm produced a binary classification between the
Crosswalk and Non-Crosswalk classes. The automatically generated labels were
compared with the manual annotations, defined as ground truth.

The following quantities were defined:
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» True Positive (TP): frames classified as a crossing both automatically and
manually;

o True Negative (TN): frames classified as non-crossing both automatically
and manually;

« False Positive (FP): frames incorrectly classified as a crossing by the
automatic procedure;

o False Negative (FN): frames belonging to an actual crossing but not
automatically detected.

Starting from these quantities, the following metrics were calculated:
Accuracy: Represents the proportion of correctly classified frames compared to

the total number of analysed frames and it provides an overall measure of
classifier performance.

TP +TN
TP+TN+ FP+FN

Accuracy = (3.2)

Precision: Measures the proportion of frames classified as crossings which actually
belong to a crossing in the ground truth. It therefore provides a measure of
the reliability of positive detections.

TP
recision = s (3.3)

Recall: Measures the ability of the algorithm to correctly identify all frames

belonging to an actual crossing and therefore represents a measure of the
sensitivity of the classifier.

TP
Recall = m (34)

F1-score: Combines precision and recall into a single measure, providing an overall
indicator of classifier performance.

2 - Precision - Recall
Fl= 3.5
Precision + Recall (3.5)

The frame-level analysis was used to quantify the performance of the classification
of individual frames independently of their temporal organisation.
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Event-Level Evaluation

Since the final objective of the pipeline was not exclusively the classification of
individual frames, but rather the identification of crossing events which could be
used in the subsequent biomechanical analyses, an additional event-level evaluation
was performed. This analysis was introduced in particular to assess the effectiveness
of the temporal post-processing procedures and the correspondence between the
automatically identified crossing events and those manually annotated.

Consecutive frames classified as Crosswalk were grouped into single events for
both the manual annotations and the automatic output.

For each pair of manual and automatic events, their temporal intersection was
calculated. Two temporal overlap metrics were therefore defined:

Nintersection
Overlapmanual = A (3.6)
manual
Nintersection
Overlapautomatic - N (37)
automatic

where:

o Nintersection represents the number of frames belonging to the intersection
between the two events;

e Nianua represents the duration of the manual event;

o Nautomatic T€presents the duration of the automatic event.

A manual event was considered correctly detected when at least one automatic
event showed a temporal intersection exceeding a minimum threshold expressed
as a percentage of both the duration of the manual event and the duration of
the automatic event. A bidirectional overlap threshold of 20% was used as the
main evaluation criterion. In addition, in order to assess the robustness of the
results compared to the choice of the threshold, a sensitivity analysis was performed
considering overlap values of 10%, 20%, 30%, 50%, and 70%.

For the event-level evaluation, the following quantities were defined:

e Manual events: total number of manually annotated crossing events;

o Predicted events: total number of crossing events automatically generated
by the algorithm;

e Detected events: number of manual events for which at least one corre-
sponding automatic event was identified;
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o Missed events: number of manual events for which no corresponding auto-
matic event was identified;

o Extra events: number of automatic events which did not show any corre-
spondence with a manual event;

o Fragmentation index: number of additional automatic fragments associated
with already detected manual events.

Since a single manually annotated event could be associated with multiple
automatic events, the number of predicted events did not necessarily correspond
to the sum of detected events and extra events. This discrepancy was quantified
using a fragmentation index, defined as:

FI = Nmatched predicted — Ndetected (38)

where Nmatched predicted €Presents the number of predicted events associated
with at least one manual event, whereas Ngetectea represents the number of manual
events detected by at least one predicted event. Consequently, the total number of
predicted events can be expressed as:

PredictedEvents = Detected Events + ExtraFEvents + FI (3.9)

Starting from these quantities, event-level recall, precision, and F1-score were
calculated:

DetectedEvents
I _ 1
Recalleyent Manual Events (310)
DetectedEvents
Precisionepent = i
recistOevent = petectedEvents + ExtraBvents 1
Pl — 2 - Precisioneyent - Recalleyent (3.12)

Precistonepen: + Becallopent

where ManualEvents represents the total number of manually annotated events.
Event-level precision was calculated by considering extra events as false positives,
whereas fragmentation was reported separately to describe the presence of multiple
automatic fragments associated with the same manual event.
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Table 3.10: Metrics used to evaluate the performance of pedestrian crossing
recognition.

Metric Level Description

Accuracy Frame Proportion of correctly classified frames com-
pared to the total number of analysed frames.

Precision Frame/Event  Reliability of positive detections, defined

as the proportion of automatically detected
frames or events which correspond to the
ground truth.

Recall Frame/Event  Ability of the algorithm to correctly identify
the frames or events present in the ground
truth.

F'1-score Frame/Event Harmonic mean between precision and recall,
used as an overall measure of classification
performance.

Manual events Event Total number of manually annotated crossing
events.

Predicted events Event Total number of crossing events automatically
generated by the algorithm.

Detected events  Event Number of manual events for which at least
one corresponding automatic event was iden-
tified.

Missed events Event Number of manual events not detected by the
automatic procedure.

Extra events Event Number of automatic events which did not
show any correspondence with manual events.

Fragmentation = Event Number of additional automatic fragments as-

index sociated with already detected manual events.

3.5.2 Evaluation of Traffic Light Recognition Performance
Frame-Level Evaluation

The performance of the traffic light detection algorithm was evaluated at frame
level by comparing the automatically generated labels with the manual annotations,
considered as ground truth.

For each frame, a binary classification was performed between the Traffic Light
and No Traffic Light classes.

The following quantities were defined:

« True Positive (TP): frames in which the presence of a traffic light were
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identified both automatically and manually;

o True Negative (TN): frames in which the traffic lights were absent both
according to the algorithm and the manual annotation;

« False Positive (FP): frames in which a traffic lights were automatically
detected but they were not present in the ground truth;

» False Negative (FN): frames in which a traffic lights were present in the
ground truth but they were not automatically detected.

Starting from these quantities, the following metrics were calculated:

Accuracy: Represents the proportion of correctly classified frames compared to the
total number of analysed frames and provides an overall measure of classifier
performance.

TP+TN
TP+TN+ FP+ FN

Accuracy = (3.13)

Precision: Measures the proportion of frames in which the traffic lights were
automatically detected and that actually correspond to the presence of traffic
lights in the ground truth.

TP
Precision = ————— 14
recision = s (3.14)
Recall: Measures the ability of the algorithm to correctly identify all frames con-

taining traffic lights and therefore represents a measure of classifier sensitivity.

TP
Recall = ———— 3.15
T TPYFN (3.15)
Specificity: Measures the ability of the algorithm to correctly identify frames in
which the traffic lights are absent and therefore represents the true negative
rate.

TN

P —— 1
TN+ FP (3.16)

Speci ficity =
F1-score: Combines precision and recall into a single measure, providing an overall
indicator of classifier performance.

2 - Precision - Recall
Fl= 3.17
Precision + Recall ( )
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The frame-level analysis was used to evaluate the ability of the algorithm to
correctly identify the presence of traffic lights in individual frames, independently
of the subsequent classification of crossing events.

Event-Level Evaluation

Since the final objective of the study was to characterise pedestrian crossings
by distinguishing between crossings regulated by traffic lights and crossings not
regulated by traffic lights, an event-level evaluation was also performed.

Crossing events were defined based on the manual annotations, considered as
ground truth. In particular, both crossings regulated by traffic lights and crossings
without traffic lights were identified.

For each manually annotated event, the percentage of frames in which the traffic
lights were automatically detected was then calculated:

NTL
Nevent

Prp, = - 100 (3.18)

where:

o Ny represents the number of frames of the event in which the traffic lights
were automatically detected;

o Nevent Tepresents the total number of frames belonging to the crossing event.

A crossing event was classified as a Signalised Crossing when the traffic lights
were detected in at least 20% of the frames belonging to the event.

In addition, in order to evaluate the robustness of the results compared to
the choice of the classification threshold, a sensitivity analysis was performed by
considering thresholds of 10%, 20%, 30%, 40%, 50%, and 60%.

A threshold lower than 50% was used because, during a real crossing, the traffic
lights do not necessarily remain visible for the entire duration of the event. Indeed,
the device records the scene from the participant’s point of view, and the traffic
lights may temporarily leave the field of view due to natural head movements, gaze
orientation, or environmental occlusions.

Based on these considerations, a threshold of 20% was used as the main criterion
for event classification.

For the events manually annotated as crossings with traffic lights, descriptive
statistics of the percentage of frames classified as containing traffic lights were also
calculated separately for correctly classified events (True Positive) and for events
not automatically identified (False Negative).

The following quantities were therefore defined:

« True Positive (TP): correctly identified crossing with traffic light;
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« True Negative (TN): correctly classified crossing without traffic lights;

« False Positive (FP): crossing without traffic lights incorrectly classified as
regulated by traffic lights;

» False Negative (FN): crossing with traffic lights not automatically identified.

The metrics of Accuracy, Precision, Recall, Specificity, and F1-score were also
subsequently calculated at event level using the definitions reported above.
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3.6 Extraction of Biomechanical Parameters of
Gait and Head Movement

The quantitative analysis of locomotor behaviour was conducted by extracting
spatiotemporal gait parameters and descriptive measures of head movement. Gait
parameters were used to characterise locomotor performance in the different envi-
ronmental contexts, while the signals acquired from the inertial unit positioned on
the head were used to quantify different aspects of head motor control.

In particular, movement amplitude parameters were calculated as the root mean
square of acceleration normalised by walking speed (speed-normalised acceleration
root mean square, aRMS /speed), regularity parameters using the Refined Composite
Multiscale Entropy (RCME), and smoothness parameters using the Log Dimension-
less Jerk (LDLJ). All head-movement parameters were extracted along the vertical
(V), medio-lateral (ML), and antero-posterior (AP) directions.

The obtained parameters were subsequently associated with the contextual
information derived from the analysis of the egocentric videos and used to evaluate
the effects of age, locomotor context, and the presence of conversation during urban
locomotion.

To allow the association between biomechanical parameters and the different
locomotor contexts, the annotations obtained from the review of the egocentric
videos were synchronised with the inertial signals from the INDIP system. This
procedure made it possible to segment the data according to the events of interest
and to assign the corresponding locomotor context and conversation condition to
each time interval. Figure 3.9 reports an example of a plot used to visually verify
the correct temporal correspondence between pedestrian crossing annotations and
the medio-lateral gyroscopic signals acquired from the sensors positioned on the
feet.
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Figure 3.9: Example of temporal alignment between event annotations obtained
from egocentric videos and inertial signals acquired by the INDIP system. The
figure shows the correspondence between pedestrian crossing annotations and the
medio-lateral gyroscopic signals recorded by the sensors positioned on the feet,
used to verify the correct synchronisation between contextual information and
biomechanical data.

Table 3.11 summarises the extracted biomechanical parameters and the corre-
sponding aspect of locomotor behaviour they describe.

Table 3.11: Extracted biomechanical parameters and corresponding physiological
meaning.

Parameter Category Meaning

Froude Number Gait Normalised speed
Stride Speed Gait Locomotor speed
Stride Length Gait Stride length

Stride Duration Gait Stride duration
Cadence Gait Step frequency
Speed-normalised aRMS Head Movement amplitude
RCME Head Regularity /complexity
LDLJ Head Movement smoothness
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3.6.1 Preprocessing: Orientation Estimation and Gravity
Removal

Before the extraction of biomechanical parameters, the inertial signals acquired
from the units positioned on the head and on the lower back were preprocessed in
order to estimate their orientation and remove the contribution of gravity.

Orientation estimation was performed using the processing pipeline developed
within the INDIP project, based on the fusion of information from the accelerometer,
gyroscope, and magnetometer, according to a procedure described in previous
works [58]. This procedure made it possible to obtain, for each time instant, the
quaternions representing the orientation of the sensors compared to the global
reference system.

The estimated quaternions were subsequently used to rotate the accelerometric
signals into the global reference system and remove the gravitational component.
The resulting accelerations were then expressed in the lower-back reference system,
allowing direct comparison between head and trunk movements and the extraction
of the biomechanical parameters described in the following sections.

3.6.2 Spatiotemporal Gait Parameters

Spatiotemporal gait parameters were extracted using the algorithms developed
within the INDIP project, applied to the signals acquired from the inertial units
positioned on the feet. Gait events were automatically identified and used to
compute the main descriptive parameters of locomotion.

In particular, for each stride, walking speed (stride speed), stride length (stride
length), stride duration (stride duration), and cadence (cadence) were calculated.

Froude Number

In order to compare walking speed among subjects characterised by different an-
thropometric features, the Froude Number (FN) was calculated. This dimensionless
parameter is commonly used in locomotion studies to normalise speed compared to
body dimensions [59].

The Froude Number is defined as:

U2

FN = —
gL

(3.19)
where v represents walking speed, g gravitational acceleration, and L a charac-
teristic length of the subject.
In the present study, the characteristic length L was assumed to be equal to the
total length of the lower limb. This normalisation allows locomotor performance

56



Materials and Methods

to be compared among individuals of different stature, reducing the influence of
anthropometric differences on walking speed.

For each locomotor event, the Froude Number value was calculated using the
mean walking speed within the event and it was subsequently used in the statistical
analyses.

3.6.3 Head-Movement Parameters

In addition to spatiotemporal gait parameters, several descriptive measures of
head movement were extracted from the accelerometric signals acquired by the
inertial unit positioned on the head. These parameters were selected to characterise
different aspects of motor control during locomotion, including the amplitude of
head oscillations, the temporal regularity of the movement, and its smoothness.

All analyses were performed separately along the vertical (V), medio-lateral
(ML), and antero-posterior (AP) axes, using the linear accelerations obtained after
sensor orientation estimation and removal of the gravitational component.

Speed-Normalised Acceleration Root Mean Square

The amplitude of head accelerations when walking provides quantitative informa-
tion on the intensity of head movement and represents a relevant aspect for the
characterisation of locomotor control.

To quantify the magnitude of head accelerations, the acceleration Root Mean
Square (aRMS) was used, a measure which summarises the mean intensity of the
accelerations recorded during movement.

For each anatomical axis, aRMS was calculated as:

1,
aRMS = Nkz::la(k) (3.20)

where a(k) represents the acceleration value at sample k, and N is the total
number of samples belonging to the analysed event.

Higher aRMS values indicate accelerations of greater amplitude, whereas lower
values reflect accelerations of smaller magnitude.

Since the amplitude of head accelerations is influenced by locomotion speed, the
parameter was normalised with respect to the mean walking speed of the event:

M
aRMS/speed = aRMS

(3.21)

where v represents the mean walking speed. This procedure made it possible
to compare different subjects and conditions by reducing the effect of variations
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in locomotor speed and allowing a more direct comparison of head-movement
characteristics across subjects and experimental conditions.

Regularity of Head Movement

The regularity of head movement was evaluated using Refined Composite Multiscale
Entropy (RCME), a nonlinear measure proposed by Wu et al. [60] to quantify the
complexity of a time series at different temporal scales. Multiscale entropy methods
make it possible to evaluate how the complexity of a signal changes as its temporal
resolution varies.

In the present study, RCME was calculated using the MATLAB code imple-
mented by Ihlen et al. [61] and applied to the linear accelerations of the head
along the vertical (V), medio-lateral (ML), and antero-posterior (AP) directions.
To reduce the influence of differences in event duration on the estimation of the
parameter, all accelerometric signals were resampled to 2000 samples using Radial
Basis Function (RBF) interpolation.

The first step in the calculation of RCME consists of constructing the coarse-
grained time series. For a scale factor 7, the original signal x(7) is divided into
non-overlapping windows of length 7, and the samples contained in each window
are averaged. The k-th coarse-grained time series is therefore defined as:

1 k-1

Wi =- X a0 (3.22)
i=(j—1)r+k
where y,gT) (7) represents the j-th sample of the k-th coarse-grained time series,
T is the scale factor, and k is the index of the reconstructed series.
For each coarse-grained time series, template vectors of dimension m are subse-
quently constructed:

i) =[G G+, DG +m 1) (3.23)

)

Two template vectors are considered similar when the distance between them
is lower than a tolerance threshold r. In the present study, template vectors of
dimension

m=2 (3.24)
and a tolerance equal to
r=0.1-std(x) (3.25)

were used, where std(x) represents the standard deviation of the analysed signal.
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For each scale factor, RCME is calculated as the negative logarithm of the ratio
between the mean number of pairs of similar vectors of length m + 1 and the mean
number of pairs of similar vectors of length m:

—m—+1 T m—+1
RCME(x,7,m,r) = —In <nk7> =—In <M> (3.26)

o’ T m
ng - >ok=1 N r
—m-+1

where 1" and 1" represent, respectively, the mean number of pairs of similar
vectors of length m and m + 1 calculated over all the coarse-grained time series.

In the present study, scale factors ranging from 7 =1 to 7 = 6 were considered.
To obtain a single value representative of signal complexity, the overall entropy,
hereafter simply referred to as RCME, was calculated as:

6
RCME(x,m,r)=> RCME(x,7,m,r). (3.27)

=1

Smoothness of Head Movement

The smoothness of head movement was evaluated using the Log Dimensionless Jerk
(LDLJ), an index widely used to quantify movement fluidity and the continuity
of motor control [62, 63]. Smoothness represents an important indicator of the
quality of motor control and describes the continuity of movement and the absence
of abrupt variations over time.

LDLJ is based on the concept of jerk, defined as the time derivative of accelera-
tion:

jiy = 240 (3.28)

Since jerk depends on both the amplitude and the duration of the movement, its
direct use does not allow comparison between different events. To obtain a measure
independent of signal scale, a dimensionless formulation of jerk was therefore
introduced [62].

In applications based on optoelectronic systems, LDLJ is generally calculated
from the movement velocity profile. However, in applications based on inertial
sensors, obtaining velocity requires integration procedures which may introduce
errors due to signal noise and drift. For this reason, an alternative formulation
based directly on acceleration was adopted, which is particularly suitable for the
analysis of data from wearable inertial sensors [63].

LDLJ was therefore calculated as:

_ to
LDLJ = —In (tQ b /
t1

2
apeak

da(t)
dt

dt) (3.29)
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where t; and ¢, represent the beginning and the end of the analysed interval,
respectively, while apeq, represents the maximum acceleration value recorded within
the event.

The parameter was calculated separately along the vertical (V), medio-lateral
(ML), and antero-posterior (AP) axes using the linear accelerations of the head
obtained after removal of the gravitational component.

More negative LDLJ values indicate lower movement smoothness, whereas less
negative values reflect smoother and more continuous movements.

3.7 Obtained Dataset

The original dataset consisted of stride-level observations obtained from the inte-
gration of the biomechanical parameters extracted from the INDIP system and the
contextual annotations derived from the analysis of the egocentric videos acquired
using smart glasses. For each stride, biomechanical parameters related to gait and
head movement were available, together with information regarding the subject,
the locomotor context, and the presence of a conversation.

Before the construction of the final dataset, an observation selection phase was
performed in order to retain only the data consistent with the objectives of the
study. In particular, strides belonging to turning phases were excluded, as they
were characterised by different motor demands compared with straight locomo-
tion. Strides associated with undefined contexts (UNDEF'), crossings performed
with red traffic lights (CWTLR), crossings with an unidentified traffic light state
(CWTLunknown), and events associated with smartphone use were also removed,
as they were not included in the final analyses.

Subsequently, the observations were aggregated at the event level. Each event
was uniquely identified through the combination of participant, locomotor context,
crossing identifier, and conversation condition. For each event, the mean value of
the biomechanical parameters was calculated by considering all strides belonging
to that event.

Event-level aggregation was adopted for several reasons. Firstly, it allows a
representative measure of the participant’s locomotor behaviour within a specific
experimental condition to be obtained, reducing the influence of stride-to-stride
variability. Secondly, it limits the effects due to differences in the number of available
strides across events and subjects, preventing longer events from contributing
disproportionately to the statistical analyses. Finally, this approach allows each
observation to be directly associated with the contextual characteristics identified
during the review of the egocentric videos.

The event-level aggregated dataset represented the basis for all subsequent
statistical analyses.
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The observation selection process led to a reduction in the overall number of
crossing events available for the biomechanical analyses compared with the dataset
used for the evaluation of the performance of the automatic pipeline.

In particular, the evaluation of the performance of the pedestrian crossing
recognition pipeline was performed on a total of 354 manually annotated crossing
events, including 91 crossings regulated by traffic lights and 263 crossings not
regulated by traffic lights.

For the subsequent biomechanical analyses, crossings performed with red traffic
lights (CWTLR), crossings with an unidentified traffic light state (CWTLunknown),
and events associated with smartphone use were excluded. Following this selection,
the final dataset included 296 crossing events, of which 67 were crossings regulated
by traffic lights and 229 were crossings not regulated by traffic lights.

The final distribution of the event-level aggregated events and the correspond-
ing number of strides across the different experimental conditions is reported in
Table 3.12.

Table 3.12: Number of events and strides included in the statistical analysis,
stratified by locomotor context and conversation condition.

Context Conversation OA events YA events OA strides YA strides
Straight walking No 37 26 5844 2367
Yes 66 76 9279 8101
Signalised Crossing No 14 19 689 933
Yes 16 18 398 529
Unsignalised Crossing No 44 35 671 491
Yes 60 90 1085 1955
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3.8 Statistical Analysis

Statistical analysis was conducted to evaluate the effects of age, locomotor context,
and the presence of a conversation on the biomechanical parameters extracted
during the experimental protocol. Since each participant contributed multiple
observations collected in different experimental conditions, the observations could
not be considered statistically independent. In addition, the number of available
events varied across subjects and experimental conditions and, for some parameters,
the assumption of normality was not satisfied. For these reasons, an approach
based on Generalised Linear Mixed-Effects Models (GLMMSs) was adopted.

3.8.1 Generalised Linear Mixed-Effects Models

For each biomechanical parameter, a Generalised Linear Mixed-Effects Model
(GLMM) was estimated. This approach allows the simultaneous modelling of the
effects of the experimental variables of interest and the dependence existing between
observations belonging to the same subject. This aspect is particularly relevant in
studies based on repeated measures, since observations from the same participant
cannot be considered statistically independent.

For each biomechanical parameter, the following model was estimated:

Y ~ Cohort x Context x Conversation + (1|Subject)

where Y represents the parameter under analysis, while Cohort, Context, and
Conversation represent the fixed effects included in the model.

The Cohort effect described the participant’s cohort ( Younger Adults or Older
Adults), the Context effect represented the locomotor context, and the Conversation
effect identified the presence or absence of a conversation during the execution of
the event.

In addition to the main effects, all the possible two-way and three-way interac-
tions between the experimental factors were included in the model. This choice
made it possible to assess not only the presence of differences between cohorts or
contexts, but also whether the effect of a given factor depended on the levels of the
other factors.

The subject identifier was included in the model as a random effect (random
intercept) in order to account for inter-individual variability and for the correlation
between observations belonging to the same participant.

Three different locomotor contexts were considered:

o straight walking (Straight Walking);

o crossing regulated by a green or amber traffic lights (Signalised Crossing);
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« crossing in the absence of traffic lights ( Unsignalised Crossing).

The statistical distribution of the model was selected according to the charac-
teristics of the response variable. Parameters characterised exclusively by positive
values were modelled using a Gamma distribution with a logarithmic link function,
which is particularly suitable for positive and asymmetric continuous variables.
Parameters which did not satisfy the positivity assumption required by the Gamma
distribution were instead analysed using a Normal distribution with an identity
link function.

Model parameters were estimated using the Laplace approximation. The signifi-
cance of the fixed effects was assessed through analysis of model deviance. The
threshold for statistical significance was set at p < 0.05.

3.8.2 Assessment of Model Adequacy

For each estimated model, a diagnostic evaluation was performed to assess the
quality of the fit to the experimental data and the absence of evident violations of
the model assumptions.

For this purpose, Pearson residuals were calculated, representing the difference
between observed and predicted values normalised compared with the expected
variance of the model. The distribution of the residuals was examined using
histograms and Quantile-Quantile plots (Q—Q plots), which were used as descriptive
tools to identify possible marked deviations from the expected behaviour.

To assess the presence of possible model misspecification, residuals-versus-fitted
values plots were also analysed. The absence of systematic patterns in the residuals
was considered indicative of a correct description of the relationship between the
explanatory variables and the response variable.

The presence of overdispersion was evaluated using the Pearson overdispersion
coefficient, calculated as:

_xr
B dfres

where r; represents the Pearson residual associated with observation 7, and df;.s
indicates the residual degrees of freedom of the model. Coefficient values close to
one were considered indicative of good agreement between the observed variability
and that expected by the model.

To verify further the absence of unmodelled systematic structures, the correlation
between Pearson residuals and fitted values was evaluated. Correlations close to
zero were interpreted as evidence of the absence of residual relationships between
errors and estimated values.

¢
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Finally, observed-versus-predicted plots were examined in order to assess the
ability of the model to reproduce the variability observed in the experimental data
and to describe correctly the general trend of the analysed parameters.

3.8.3 Post-Hoc Analysis

In the presence of statistically significant main effects or interactions, post-hoc
comparisons were performed directly on the estimated GLMMs.

For each parameter, an auxiliary categorical factor was defined by combining
cohort, locomotor context, and conversation condition into a single level. Compar-
isons between the different combinations were then performed using linear contrasts
calculated directly on the coefficients estimated by the model.

In particular, the following comparisons were performed:

e between cohorts within the same combination of locomotor context and
conversation condition;

e between locomotor contexts within the same cohort and the same conversation
condition;

e between conversation conditions within the same cohort and the same locomo-
tor context.

Since the high number of comparisons performed increases the risk of obtaining
significant results by chance, the p-values obtained from the post-hoc comparisons
were corrected using the False Discovery Rate (FDR) procedure, which allows
control of the expected proportion of false positives among the results declared
significant.

Differences were considered statistically significant for corrected p-values lower
than 0.05.

All statistical analyses were performed using MATLAB R2025a (MathWorks).
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Chapter 4

Results

4.1 Performance of Pre-trained Networks
without and with Post-processing

4.1.1 Performance of Automatic Pedestrian Crossing
Recognition

The performance of the pedestrian crossing recognition module based on Places365

was evaluated both at frame level and at event level. The frame-level evaluation

was performed on all 839614 manually annotated frames, whereas the event-

level evaluation was performed by comparing the automatically identified crossing
episodes with those manually annotated.

Frame-Level Performance

Frame-level performance is reported in Table 4.1.

Table 4.1: Frame-level performance of raw and post-processed Places365 crosswalk
detection.

Method Accuracy Precision Recall Fl-score
RAW 0.871 0.870 0.593 0.705
PROCESSED 0.900 0.876 0.716 0.788

The application of temporal post-processing led to an improvement in perfor-
mance compared with the raw frame-by-frame classification. In particular, accuracy
increased from 0.871 to 0.900, recall from 0.593 to 0.716, and the F1l-score from
0.705 to 0.788. Precision, instead, remained substantially unchanged, increasing
from 0.870 for the RAW method to 0.876 for the PROCESSED method. The
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application of temporal post-processing was associated with an increase in accuracy,
recall, and F1-score, whereas precision remained almost unchanged.

Event-Level Performance

Event-level performance was evaluated by considering the temporal correspondence
between manually annotated crossing events and automatically detected events.
In particular, a bidirectional overlap threshold of 20% was used as the main
criterion, computed both with respect to the duration of the manual event and
to the duration of the automatic event. Since the objective of the pipeline was to
identify crossing episodes to be used in the subsequent gait analysis across different
locomotor contexts, the 20% overlap criterion was considered the main reference
for performance evaluation. The results are reported in Table 4.2.

Table 4.2: Event-level Places365 crosswalk detection performance using a 20%
bidirectional overlap criterion.

Method Manual Pred. Det. Missed Extra Frag. Recall Prec. F1
RAW 354 6241 178 176 6022 41 0.503 0.029 0.054
PROCESSED 354 759 265 89 462 32 0.749 0.365 0.490

It should be noted that the number of predicted events and the number of
detected events refer to two different counting levels. Predicted events represent the
total number of crossing events automatically generated by the pipeline, whereas
detected events represent the number of manual events correctly associated with
at least one automatic event. Therefore, the number of predicted events does not
necessarily correspond to the sum of detected and extra events, since multiple
automatic fragments can be associated with the same manual event. This discrep-
ancy is quantified by the fragmentation index, which represents the number of
additional automatic fragments associated with manual events which had already
been detected.

Using the 20% overlap criterion, the post-processed output correctly identified
265 of the 354 manually annotated crossing events, corresponding to a recall of 0.749.
Precision increased from 0.029 for the RAW output to 0.365 for the PROCESSED
output, while the Fl-score increased from 0.054 to 0.490.

The number of missed events was reduced from 176 to 89, while the number
of extra events decreased from 6022 to 462. In addition, the overall number of
predicted events decreased from 6241 to 759. These results indicate that temporal
post-processing markedly reduced the number of spurious detections and improved
the ability of the pipeline to identify crossing events at the temporal level.

A sensitivity analysis was also performed by considering bidirectional overlap

66



Results

thresholds equal to 10%, 20%, 30%, 50%, and 70%. The results are reported in
Table 4.3.

Table 4.3: Sensitivity analysis of event-level Places365 crosswalk detection across
bidirectional overlap thresholds.

Method Overlap Manual Predicted Detected Extra Recall Precision F1l-score
RAW 10% 354 6241 241 5819 0.681 0.040 0.075
PROCESSED 10% 354 759 292 363 0.825 0.446 0.579
RAW 20% 354 6241 178 6022 0.503 0.029 0.054
PROCESSED 20% 354 759 265 462 0.749 0.365 0.490
RAW 30% 354 6241 112 6123 0.316 0.018 0.034
PROCESSED 30% 354 759 231 522 0.653 0.307 0.417
RAW 50% 354 6241 39 6202 0.110 0.006 0.012
PROCESSED 50% 354 759 157 602 0.444 0.207 0.282
RAW 70% 354 6241 9 6232 0.025 0.001 0.003
PROCESSED 70% 354 759 84 675 0.237 0.111 0.151

For the post-processed output, the Fl-score was equal to 0.579, 0.490, 0.417,
0.282, and 0.151 for overlap thresholds of 10%, 20%, 30%, 50%, and 70%, respec-
tively. Similarly, recall decreased from 0.825 to 0.749, 0.653, 0.444, and 0.237 as the
overlap threshold increased. The highest recall and F1-score values were observed
using a 10% overlap threshold, equal to 0.825 and 0.579, respectively.

As the overlap threshold increased, a progressive reduction in both recall and
F1-score was observed, indicating that stricter temporal matching criteria reduced
the number of events considered correctly detected.

As shown in Figure 4.1, the Fl-score progressively decreased as the bidirectional
overlap threshold increased.

06— Event F1-score across overlap thresholds
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Figure 4.1: Trend of the Fl-score as a function of the bidirectional overlap
threshold between manual and automatically detected events.
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Similarly, Figure 4.2 highlights a progressive reduction in recall as the overlap
threshold increased.

09— Event recall across overlap thresholds
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Figure 4.2: Trend of recall as a function of the bidirectional overlap threshold
between manual and automatically detected events.

4.1.2 Performance of Automatic Recognition of Signalised
Crossings

The performance of the YOLOv11-based module for the recognition of signalised
crossings was evaluated both at frame level and at event level. The frame-level
evaluation was performed on all 839614 manually annotated frames, whereas the
event-level evaluation was performed by classifying each crossing episode as either
a signalised crossing or an unsignalised crossing.

Frame-Level Performance

Frame-level performance is reported in Table 4.4.

Table 4.4: Frame-level traffic-light detection performance within crosswalk frames.

Level Total TP TN FP FN Accuracy Precision Recall F1l-score

grlzg;el 839614 89668 691730 5448 52768 0.931 0.943 0.630 0.755

The frame-level classification achieved an accuracy of 0.931, a precision of 0.943,
a recall of 0.630, and an F1-score of 0.755.
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Event-Level Performance

Event-level performance was initially evaluated by considering a crossing event
as a signalised crossing when at least 20% of the frames belonging to the event
were classified as containing traffic lights. This threshold was considered the main
reference for the presentation of event-level performance.

The results are reported in Table 4.5.

Table 4.5: Event-level traffic-light classification performance using 20% event
threshold.

Level Total TP TN FP FN Accuracy Precision Recall F1l-score
Event
Crosswalk 354 81 239 24 10 0.904 0.771 0.890 0.827
Total

Using the 20% criterion, 81 of the 91 manually annotated signalised crossing
events were correctly identified, corresponding to a recall of 0.890.

Overall, 239 of the 263 unsignalised crossing events were correctly classified,
whereas 24 unsignalised events were incorrectly classified as signalised crossings.

Precision was equal to 0.771 and the Fl-score was equal to 0.827.

Sensitivity Analysis

A sensitivity analysis was also performed by considering classification thresholds of
10%, 20%, 30%, 40%, 50%, and 60%. The results are reported in Table 4.6.

Table 4.6: Sensitivity analysis of event-level traffic-light classification across event
thresholds.

Thr TP TN FP FN Precision Recall Specificity F1l-score

10% 82 228 35 9 0.701 0.901 0.867 0.788
20% 81 239 24 10 0.771 0.890 0.909 0.827
30% 76 243 20 15 0.792 0.835 0.924 0.813
40% 70 249 14 21 0.833 0.769 0.947 0.800
50% 68 254 9 23 0.883 0.747 0.966 0.810
60% 57 256 7 34 0.891 0.626 0.973 0.735

For the event-level output, recall decreased from 0.901 to 0.626 as the classifica-
tion threshold increased. Similarly, the Fl-score decreased from 0.788 for a 10%
threshold to 0.735 for a 60% threshold.

Conversely, precision progressively increased from 0.701 to 0.891 as the classifi-
cation threshold increased, while specificity increased from 0.867 to 0.973.
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For the reference threshold of 20%, a recall of 0.890, a precision of 0.771 and a
F1-score of 0.827 were observed.

For the events correctly classified as signalised crossings, the mean percentage of
frames classified with traffic lights were 67.7%, whereas for false negative events this
percentage was 2.5%. The complete descriptive values are reported in Table 4.7.

Table 4.7: Percentage of frames classified with traffic lights for correctly classified
traffic-light events (TP) and false negative events (FN).

Class N Mean [%] SD [%] Median [%] Range [%]
TP 81 67.7 18.7 71.2 25.4-97.4
FN 10 2.5 5.7 0.0 0.0-17.5

The median percentage of frames classified as including traffic lights was 71.2%
for correctly classified events and 0.0% for false negative events.

As shown in Figure 4.3, recall progressively decreased as the classification
threshold increased, from 0.901 for a 10% threshold to 0.626 for a 60% threshold.

0.95

Event recall across TL event thresholds
T T T T T

Event recall

0.6 I I I 1 1 I 1 1 I

10 15 20 25 30

4 45 50 55 60
Traffic-light event threshold [%]

Figure 4.3: Trend of recall as a function of the threshold used to classify an event
as a signalised crossing.

Similarly, Figure 4.4 shows an overall reduction in the F1-score, from 0.788 for
a 10% threshold to 0.735 for a 60% threshold.
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Figure 4.4: Trend of the Fl-score as a function of the threshold used to classify
an event as a signalised crossing.
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4.2 Aggregated Analysis

As far as a first analysis is concerned, all the events were aggregated independently
of the locomotor context and the presence of conversation, in order to evaluate the
possible differences between the two cohorts without considering the influence of
environmental conditions. For each parameter, a Generalised Linear Mixed-Effects
Model (GLMM) was therefore estimated, including only the cohort as a fixed effect
and the subject as a random effect:

Y ~ Cohort + (1|Subject)
The results of the aggregated analysis are reported in Table 4.8.

Table 4.8: Aggregated GLMM results.

Parameter Distribution Cohort p-value Result
Froude number Gamma 0.081 Not significant
stride speed Gamma 0.078 Not significant
stride length Gamma 0.552 Not significant
stride duration Gamma 0.322 Not significant
cadence Gamma 0.298 Not significant
aRMS /speed V-HD Gamma 0.852 Not significant
aRMS/speed ML-HD Gamma 0.726 Not significant
aRMS/speed AP-HD Gamma 0.878 Not significant
RCME V-HD Gamma 0.001 Significant
RCME ML-HD Gamma 0.069 Not significant
RCME AP-HD Gamma 0.143 Not significant
LDLJ V-HD Normal 0.131 Not significant
LDLJ ML-HD Normal 0.543 Not significant
LDLJ AP-HD Normal 0.240 Not significant

The aggregated analysis showed a significant difference between the two cohorts
only for RCME V-HD (p = 0.001). None of the spatiotemporal gait parameters
showed a significant cohort effect. Similarly, no significant differences emerged for
the normalised magnitude parameters of head movements, for the other head entropy
parameters, namely RCME ML-HD and RCME AP-HD, or for the smoothness

parameters.

The aggregated distribution of RCME V-HD in the two cohorts is reported in
Figure 4.5. Overall, the aggregated analysis showed a limited ability to highlight
the differences between younger adults and older adults, identifying a significant
cohort effect only for the vertical regularity of head movements.
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Figure 4.5: Aggregated distribution of RCME V-HD, the only parameter found
to be significantly different between the two cohorts in the aggregated analysis.
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4.3 Context-Aware Analysis

Subsequently, a context-aware analysis was performed, keeping events distinct
according to the locomotor context and the presence or the absence of face-to-face
conversation. The contexts which were considered were straight walking, signalised
crossing, and unsignalised crossing.

For each parameter, a Generalised Linear Mixed-Effects Model (GLMM) was es-
timated, including cohort (Cohort), locomotor context (Context), and conversation
(Conversation) as fixed effects, together with all related interactions. The subject
was instead included as a random effect:

Y ~ Cohort x Context x Conversation + (1|Subject)

The results are presented separately for the spatiotemporal gait parameters,
the magnitude of head movements, the regularity of head movements, and the
smoothness of head movements. For each parameter, descriptive values are reported
as median and interquartile range (IQR) of the means calculated at the event level,
together with the results of the statistical model. For some parameters, graphical
representations of the distributions across the different experimental conditions are
also reported.

4.3.1 Spatiotemporal Gait Parameters

Spatiotemporal gait parameters were analysed in order to evaluate the effect of
the cohort, the locomotor context, and the conversation on the characteristics
of real-world locomotion. The descriptive and inferential results obtained using
GLMNMs are reported in the tables dedicated to each parameter.

Froude Number

Froude number values across the different locomotor contexts and conversation
conditions are reported in Table 4.9 and Figure 4.6.
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Table 4.9: Froude number [-]. Descriptive values are reported as median (IQR) of
event-level mean values. GLMM p-values are reported below the descriptive rows.

Froude number [-]

Context Conversation OA YA
Straight walking No 0.226 (0.031) 0.196 (0.035)
Yes 0.235 (0.043)  0.200 (0.037)
Signalised crossing No 0.254 (0.039)  0.238 (0.040)
Yes 0.217 (0.063)  0.210 (0.050)
Uunsignalised crossing  No 0.214 (0.048)  0.207 (0.058)
Yes 0.233 (0.046)  0.205 (0.044)
GLMM results:
Cohort 0.031
Context <0.001
Conversation 0.665
Cohort x Context 0.133
Cohort x Conversation 0.983
Contextx Conversation 0.002
Cohort x Context x Conversation 0.714
0.45 1
Cohort: Significant OA YA
04+ Context: Significant -
Context x Conversation: Significant
0.35- .
? 03k .
E [ | | rr ] 1]
€0.25 T T T T —
2 LY
o 021 H
3 l | | 1 | \ J J J I
0151 —
[T
0.1k _
0.05}- e
| | | | | |
0 SW_C SW_NC sC_C SC_NC uc_c UC_NC

SW = Straight walking; SC = Signalized crossing; UC = Unsignalized crossing; C = Conversation; NC = No conversation

Figure 4.6: Distribution of Froude number values across the different locomotor
contexts and conversation conditions, considered separately for each cohort.

The GLMM analysis showed a significant effect of cohort (p = 0.031) and
locomotor context (p < 0.001), as well as a significant Context x Conversation
interaction (p = 0.002). No other significant interactions emerged.

The FDR-corrected post-hoc analyses (Table 4.23) showed that, in the absence of
conversation, the Froude number was significantly higher during signalised crossings
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than during unsignalised crossings in both cohorts. In older adults, significant
differences were also observed between straight walking and unsignalised crossings
both in the presence and in the absence of conversation. Finally, during signalised
crossings, the Froude number was significantly higher in the absence of conversation
than in the conversation condition in both cohorts.

Stride Speed

Stride speed values in the different locomotor contexts and conversation conditions
are reported in Table 4.10 and Figure 4.7.

Table 4.10: Stride speed [m/s]. Descriptive values are reported as the median
(IQR) of event-level mean values. GLMM p-values are reported below the descriptive
rows.

Stride speed [m/s]

Context Conversation OA YA

Straight walking No 1.409 (0.089)  1.327 (0.096)
Yes 1.460 (0.142)  1.329 (0.109)

Signalised crossing No 1.530 (0.091) 1.459 (0.111)
Yes 1.380 (0.215)  1.358 (0.161)

Unsignalised crossing  No 1.372 (0.174)  1.351 (0.168)
Yes 1.457 (0.165)  1.345 (0.144)

GLMM results:

Cohort 0.034

Context <0.001

Conversation 0.770

Cohort x Context 0.175

Cohort x Conversation 0.925

Context x Conversation <0.001

Cohort x Context x Conversation 0.649
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Figure 4.7: Distribution of stride speed values in the different locomotor contexts
and conversation conditions, considered separately for each cohort.

The GLMM analysis showed a significant effect of cohort (p = 0.034) and
locomotor context (p < 0.001), as well as a significant Context x Conversation
interaction (p < 0.001). In contrast, no significant effect of conversation as a main
effect nor significant Cohort x Context, Cohort x Conversation, or Cohort x
Context x Conversation interactions, were observed.

The FDR-corrected post-hoc analyses (Table 4.23) showed that, in older adults in
the absence of conversation, stride speed was significantly higher during signalised
crossings than during unsignalised crossings. In the same cohort, significant
differences were also observed between straight walking and unsignalised crossings
both in the absence and in the presence of conversation.

In younger adults, in the absence of conversation, stride speed was significantly
higher during signalised crossings than during both straight walking and unsignalised
crossings. Finally, during signalised crossings, stride speed was significantly higher
in the absence of conversation than in the conversation condition in both cohorts.

Stride Length

Stride length values in the different locomotor contexts and conversation conditions
are reported in Table 4.11 and Figure 4.8.
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Table 4.11: Stride length [m]. Descriptive values are reported as the median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive
rOWS.

Stride length [m)]

Context Conversation OA YA
Straight walking No 1.446 (0.165)  1.463 (0.100)
Yes 1.529 (0.141) 1.481 (0.205)
Signalised crossing No 1.566 (0.194)  1.579 (0.195)
Yes 1.466 (0.245)  1.498 (0.186)
Unsignalised crossing No 1.440 (0.213)  1.458 (0.158)
Yes 1.529 (0.144)  1.495 (0.167)
GLMM results:
Cohort 0.301
Context <0.001
Conversation 0.686
Cohort x Context 0.048
Cohort x Conversation 0.856
Context x Conversation 0.002
Cohort x Context x Conversation 0.462
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Figure 4.8: Distribution of stride length values in the different locomotor contexts
and conversation conditions, considered separately for each cohort.

The GLMM analysis showed a significant effect of locomotor context (p < 0.001),
as well as significant Cohort x Context (p = 0.048) and Context x Conversation
(p = 0.002) interactions. In contrast, no significant main effects of cohort (p = 0.301)
or conversation (p = 0.686), nor other significant interactions emerged.
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The FDR-corrected post-hoc analyses (Table 4.23) showed that, in older adults
in the absence of conversation, stride length was significantly greater during straight
walking and signalised crossings than during unsignalised crossings. In older adults
in the presence of conversation, significant differences were observed between straight
walking and signalised crossings, and between straight walking and unsignalised
crossings.

In younger adults, in the absence of conversation, stride length was signifi-
cantly greater during signalised crossings than during both straight walking and
unsignalised crossings. Finally, during signalised crossings, stride length was signif-
icantly greater in the absence of conversation than in the conversation condition in
both cohorts.

Stride Duration

Stride duration values in the different locomotor contexts and conversation condi-
tions are reported in Table 4.12 and Figure 4.9.

Table 4.12: Stride duration [s]. Descriptive values are reported as median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive
TOWS.

Stride duration [s]

Context Conversation OA YA

Straight walking No 1.026 (0.062) 1.086 (0.173)
Yes 1.052 (0.045)  1.059 (0.100)

Signalised crossing No 1.025 (0.045)  1.050 (0.150)
Yes 1.063 (0.049)  1.056 (0.135)

Unsignalised crossing  No 1.043 (0.080) 1.074 (0.193)
Yes 1.057 (0.055)  1.060 (0.141)

GLMM results:

Cohort 0.308

Context <0.001

Conversation 0.928

Cohort x Context 0.801

Cohort x Conversation 0.977

Context x Conversation 0.001

Cohort x Context x Conversation 0.864
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Figure 4.9: Distribution of stride duration values in the different locomotor
contexts and conversation conditions, considered separately for each cohort.

The GLMM analysis showed a significant main effect of locomotor context
(p < 0.001) and a significant Context x Conversation interaction (p = 0.001). In
contrast, no significant main effects of cohort (p = 0.308) or conversation (p = 0.928)
were found. Similarly, no significant Cohort x Context, Cohort x Conversation, or
Cohort x Context x Conversation interactions emerged.

The FDR-corrected post-hoc analyses (Table 4.23) showed that, in older adults
in the absence of conversation, stride duration was significantly longer during
unsignalised crossings than during both straight walking and signalised crossings.
In older adults in the presence of conversation, stride duration was significantly
longer during signalised crossings than during straight walking.

In younger adults, in the absence of conversation, stride duration was significantly
longer during unsignalised crossings than during signalised crossings. Finally,
during signalised crossings, stride duration was significantly longer in the presence
of conversation than in the no-conversation condition in both cohorts.

Cadence

Cadence values across the different locomotor contexts and conversation conditions
are reported in Table 4.13 and Figure 4.10.
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Table 4.13: Cadence [steps/min]. Descriptive values are reported as the median
(IQR) of event-level mean values. GLMM p-values are reported below the descriptive

TOWS.
Cadence [steps/min]
Context Conversation OA YA
Straight walking No 117.046 (6.850)  110.697 (17.461)
Yes 114.097 (4.861)  113.513 (10.278)
Signalised crossing No 117.284 (5.097)  114.503 (15.094)
Yes 113.211 (4.486)  113.901 (13.523)
Unsignalised crossing  No 115.622 (8.998)  111.989 (18.963)
Yes 113.759 (5.897)  113.360 (13.514)
GLMM results:
Cohort 0.279
Context <0.001
Conversation 0.876
Cohort x Context 0.911
Cohort x Conversation 0.957
Context x Conversation 0.003
Cohort x Context x Conversation 0.972
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Figure 4.10: Distribution of cadence values in the different locomotor contexts

SW = Straight walking; SC = Signalized crossing; UC = Unsignalized crossing; C = Conversation; NC = No conversation

and conversation conditions, considered separately for each cohort.

The GLMM analysis showed a significant effect of locomotor context (p < 0.001)
and a significant Context x Conversation interaction (p = 0.003). In contrast,
no significant effects of cohort, conversation as a main effect, or the remaining
interactions were observed.
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The FDR-corrected post-hoc analyses (Table 4.23) showed that, in older adults
in the absence of conversation, cadence was significantly higher during straight
walking and signalised crossings than during unsignalised crossings. In younger
adults, in the absence of conversation, cadence was significantly higher during
signalised crossings than during both straight walking and unsignalised crossings.
Finally, during signalised crossings, cadence was significantly higher in the absence
of conversation than in the conversation condition in both cohorts.

Summary of Spatiotemporal Gait Parameters. Overall, all spatiotemporal
gait parameters showed a significant effect of locomotor context and a significant
Context x Conversation interaction. In addition, the Froude number and stride
speed showed a significant main effect of cohort. Stride length also showed a
significant Cohort x Context interaction. No significant Cohort x Conversation
interactions or three-way interactions emerged.

4.3.2 Head-Movement Parameters

In addition to spatiotemporal gait parameters, several descriptive parameters of
head movements were analysed in order to evaluate possible differences associated
with cohort, locomotor context, and the presence of conversation. In particular,
measures related to the magnitude, regularity, and smoothness of head movements
were considered. The obtained results are reported in the following sections.

Magnitude

The magnitude of head movements was quantified using the RMS value of head
acceleration normalised compared to walking speed (aRMS /speed). The descriptive
and inferential results are reported in Table 4.14, Table 4.15, Table 4.16, and
Figure 4.11.
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Table 4.14: aRMS/speed V-HD [s7!]. Descriptive values are reported as the
median (IQR) of event-level mean values. GLMM p-values are reported below the
descriptive rows.

aRMS /speed V-HD [s7!]

Context Conversation OA YA

Straight walking No 1.739 (0.706)  1.499 (1.490)
Yes 1.797 (0.428)  1.449 (1.824)

Signalised crossing No 1.897 (0.329)  1.633 (1.519)
Yes 1.805 (0.491)  1.665 (1.537)

Unsignalised crossing No 1.811 (0.369)  1.639 (1.785)
Yes 1.894 (0.381)  1.589 (1.319)

GLMM results:

Cohort 0.746

Context 0.749

Conversation 0.760

Cohort x Context 0.378

Cohort x Conversation 0.161

Context x Conversation 0.922

Cohort x Context x Conversation 0.041

Table 4.15: aRMS/speed ML-HD [s7!]. Descriptive values are reported as the
median (IQR) of event-level mean values. GLMM p-values are reported below the
descriptive rows.

aRMS /speed ML-HD [s™!]

Context Conversation OA YA

Straight walking No 1.135 (0.510)  0.865 (1.007)
Yes 1.194 (0.689)  0.967 (1.229)

Signalised crossing No 1.267 (0.587)  1.052 (1.083)
Yes 1.289 (0.499)  0.963 (0.915)

Unsignalised crossing  No 1.264 (0.467)  1.126 (1.117)
Yes 1.290 (0.734)  1.051 (0.960)

GLMM results:

Cohort 0.735

Context 0.003

Conversation 0.004

Cohort x Context 0.790

Cohort x Conversation 0.491

Context x Conversation 0.377

Cohort x Context x Conversation 0.811
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Table 4.16: aRMS/speed AP-HD [s™!]. Descriptive values are reported as the
median (IQR) of event-level mean values. GLMM p-values are reported below the
descriptive rows.

aRMS /speed AP-HD [s7!]

Context Conversation OA YA

Straight walking No 1.198 (0.736)  0.937 (0.867)
Yes 1.214 (0.542)  1.047 (1.108)

Signalised crossing No 1.249 (0.677)  1.189 (0.778)
Yes 1.219 (0.579)  1.076 (0.584)

Unsignalised crossing No 1.289 (0.645)  1.325 (0.891)
Yes 1.370 (0.612)  1.142 (0.814)

GLMM results:

Cohort 0.872

Context 0.010

Conversation 0.048

Cohort x Context 0.892

Cohort x Conversation 0.952

Context x Conversation 0.469

Cohort x Context x Conversation 0.930
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Figure 4.11: Distribution of aRMS/speed values in the different locomotor con-
texts and conversation conditions, considered separately for each cohort: (a) vertical
component, (b) medio-lateral component, and (c¢) anterior-posterior component.
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For the vertical component of head acceleration normalised compared to walking
speed (aRMS/speed V-HD), the GLMM analysis did not show significant main
effects of cohort (p = 0.746), locomotor context (p = 0.749), or conversation
(p = 0.760). No significant Cohort x Context, Cohort x Conversation, or Context
x Conversation interactions were observed. However, a significant three-way
Cohort x Context x Conversation interaction was observed (p = 0.041). The FDR-
corrected post-hoc analyses (Table 4.23) showed, in younger adults in the presence
of conversation, significant differences between straight walking and signalised
crossings, and between straight walking and unsignalised crossings. In younger
adults, a significant difference between conditions with and without conversation
during unsignalised crossings was also observed.

For the medio-lateral component (aRMS/speed ML-HD), the GLMM analysis
showed a significant effect of locomotor context (p = 0.003) and conversation (p =
0.004). No significant cohort effect (p = 0.735) or significant interactions between
the considered factors were observed. The FDR-corrected post-hoc comparisons
showed significant differences between straight walking and unsignalised crossings
in both cohorts in the absence of conversation. In younger adults in the presence
of conversation, significant differences were also observed between straight walking
and signalised crossings, and between straight walking and unsignalised crossings.
In older adults, a significant difference between conditions with and without
conversation during straight walking was observed.

For the anterior-posterior component (aRMS/speed AP-HD), a significant effect
of locomotor context (p = 0.010) and a significant effect of conversation (p = 0.048)
emerged. No significant cohort effect (p = 0.872), nor significant Cohort X
Context, Cohort x Conversation, Context x Conversation, or Cohort x Context
x Conversation interactions were observed. The FDR-corrected post-hoc analyses
showed a significant difference between straight walking and unsignalised crossings
in older adults in the absence of conversation.

Overall, the results related to the magnitude of head movements showed sig-
nificant effects of locomotor context and conversation for the medio-lateral and
anterior-posterior components, whereas for the vertical component only a significant
Cohort x Context x Conversation interaction emerged.

Regularity

The regularity of head movements was evaluated using Refined Composite Multiscale
Entropy (RCME). The descriptive and inferential results are reported in Table 4.17,
Table 4.18, Table 4.19, and Figure 4.12.
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Table 4.17: RCME V-HD [-]. Descriptive values are reported as the median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive
rOWS.

RCME V-HD [-]

Context Conversation OA YA

Straight walking No 1.228 (0.077)  0.935 (0.181)
Yes 1.220 (0.101)  1.031 (0.134)

Signalised crossing No 1.188 (0.102)  0.915 (0.230)
Yes 1.209 (0.119)  1.029 (0.121)

Unsignalised crossing  No 1.220 (0.116)  1.027 (0.240)
Yes 1.219 (0.176)  1.032 (0.146)

GLMM results:

Cohort <0.001

Context 0.528

Conversation 0.877

Cohort x Context 0.130

Cohort x Conversation 0.013

Context x Conversation 0.903

Cohort x Context x Conversation 0.108

Table 4.18: RCME ML-HD [-]. Descriptive values are reported as the median
(IQR) of event-level mean values. GLMM p-values are reported below the descriptive
rows.

RCME ML-HD [-]

Context Conversation OA YA

Straight walking No 0.983 (0.179)  0.743 (0.150)
Yes 0.959 (0.159)  0.754 (0.214)

Signalised crossing No 0.892 (0.239)  0.720 (0.142)
Yes 0.903 (0.197)  0.775 (0.176)

Unsignalised crossing  No 0.940 (0.186)  0.738 (0.199)
Yes 0.966 (0.208) 0.779 (0.233)

GLMM results:

Cohort 0.055

Context 0.059

Conversation 0.537

Cohort x Context 0.172

Cohort x Conversation 0.853

Context x Conversation 0.522

Cohort x Context x Conversation 0.328
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Table 4.19: Head RCME AP-HD [-]. Descriptive values are reported as the
median (IQR) of event-level mean values. GLMM p-values are reported below the
descriptive rows.

RCME AP-HD []

Context Conversation OA YA

Straight walking No 1.397 (0.341)  1.231 (0.298)
Yes 1.383 (0.275)  1.253 (0.230)

Signalised crossing No 1.229 (0.393)  1.178 (0.191)
Yes 1.376 (0.196)  1.202 (0.254)

Unsignalised crossing No 1.250 (0.333)  1.126 (0.450)
Yes 1.317 (0.267)  1.227 (0.258)

GLMM results:

Cohort 0.242

Context <0.001

Conversation 0.029

Cohort x Context 0.793

Cohort x Conversation 0.193

Context x Conversation 0.182

Cohort x Context x Conversation 0.869
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Figure 4.12: Distribution of RCME values across the different locomotor contexts
and conversation conditions, considered separately for each cohort: (a) vertical
component, (b) medio-lateral component, and (c¢) anterior-posterior component.
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For RCME V-HD, a significant main effect of cohort emerged (p < 0.001),
together with a significant Cohort x Conversation interaction (p = 0.013). No
significant effects of locomotor context (p = 0.528), conversation as a main effect
(p = 0.877), or Cohort x Context, Context x Conversation, or Cohort x Context
x Conversation interactions were observed. The FDR-corrected post-hoc analyses
(Table 4.23) showed significant differences between the two cohorts in all com-
binations of locomotor context and conversation. In younger adults, significant
differences were also observed between straight walking and unsignalised crossings in
the absence of conversation, and between conditions with and without conversation
during straight walking.

For RCME ML-HD, no significant effects of cohort (p = 0.055), locomotor context
(p = 0.059), or conversation (p = 0.537) emerged. No significant interactions
between the considered factors were observed. However, the FDR-corrected post-
hoc analyses showed, in older adults in the presence of conversation, significant
differences between straight walking and signalised crossings, and between signalised
and unsignalised crossings.

For RCME AP-HD, a significant effect of locomotor context (p < 0.001) and
a significant effect of conversation (p = 0.029) emerged. No significant effects of
cohort (p = 0.242), nor significant Cohort x Context, Cohort x Conversation,
Context x Conversation, or Cohort x Context x Conversation interactions were
observed. The FDR-corrected post-hoc analyses (Table 4.23) showed significant
differences between specific locomotor contexts in both older adults and younger
adults. In particular, in older adults, differences were observed between straight
walking and unsignalised crossings in the absence of conversation, and between
straight walking and both signalised and unsignalised crossings in the presence
of conversation. In younger adults, differences were observed between straight
walking and the other locomotor contexts both in the absence and in the presence
of conversation. In older adults, a significant difference between conditions with
and without conversation during unsignalised crossings was also observed.

Overall, for RCME V-HD, a significant cohort effect was observed, together with
a significant Cohort x Conversation interaction. For RCME AP-HD, significant
effects of locomotor context and conversation emerged. For RCME ML-HD, no
significant effects were observed in the GLMM model, although some post-hoc
comparisons were significant in older adults in the presence of conversation.

Smoothness

The smoothness of head movements was quantified using the Log Dimensionless
Jerk (LDLJ). The descriptive and inferential results are reported in Table 4.20,
Table 4.21, Table 4.22; and Figure 4.13.
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Table 4.20: LDLJ V-HD [-]. Descriptive values are reported as the median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive

TOwWS.

Table 4.21: LDLJ ML-HD [-]. Descriptive values are reported as the median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive

ToOws.

LDLJ V-HD [-]

Context Conversation OA YA

Straight walking No -4.809 (0.201) -4.674 (0.881)
Yes -4.818 (0.146)  -4.722 (0.754)

Signalised crossing No -4.761 (0.251)  -4.633 (0.709)
Yes -4.842 (0.140)  -4.759 (0.303)

Unsignalised crossing  No -4.872 (0.242)  -4.708 (0.758)
Yes -4.832 (0.253)  -4.730 (0.696)

GLMM results:

Cohort 0.101

Context 0.293

Conversation 0.715

Cohort x Context 0.329

Cohort x Conversation 0.155

Context x Conversation 0.681

Cohort x Context x Conversation 0.028

LDLJ ML-HD [-]

Context Conversation OA YA

Straight walking No -3.987 (1.437)  -3.668 (1.158)
Yes -3.804 (1.269) -3.768 (2.012)

Signalised crossing No -3.852 (1.062) -3.680 (2.127)
Yes -4.058 (0.922)  -3.909 (0.509)

Unsignalised crossing  No -4.013 (0.564)  -3.730 (1.797)
Yes -3.804 (1.127)  -3.795 (1.734)

GLMM results:

Cohort 0.424

Context 0.364

Conversation 0.889

Cohort x Context 0.431

Cohort x Conversation 0.111

Context x Conversation 0.531

Cohort x Context x Conversation 0.229

91



Results

Table 4.22: LDLJ AP-HD [-]. Descriptive values are reported as the median (IQR)
of event-level mean values. GLMM p-values are reported below the descriptive
rOWS.

LDLJ AP-HD [-]

Context Conversation OA YA

Straight walking No -4.543 (0.469)  -4.326 (2.383)
Yes 4571 (0.494)  -4.587 (1.983)

Signalised crossing No -4.516 (0.573)  -4.260 (1.842)
Yes -4.694 (0.477) -4.576 (0.710)

Unsignalised crossing  No -4.595 (0.749)  -4.229 (2.071)
Yes -4.510 (0.741)  -4.547 (1.907)

GLMM results:

Cohort 0.069

Context 0.249

Conversation 0.126

Cohort x Context <0.001

Cohort x Conversation <0.001

Context x Conversation 0.177

Cohort x Context x Conversation <0.001
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Figure 4.13: Distribution of LDLJ values in the different locomotor contexts

and conversation conditions, considered separately for each cohort: (a) vertical

component, (b) medio-lateral component, and (c¢) anterior-posterior component.
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For LDLJ V-HD, the GLMM analysis did not show significant main effects of
cohort (p = 0.101), locomotor context (p = 0.293), or conversation (p = 0.715). No
significant Cohort x Context, Cohort x Conversation, or Context x Conversation
interactions were observed. However, a significant three-way Cohort x Context X
Conversation interaction was observed (p = 0.028). The FDR-corrected post-hoc
analyses (Table 4.23) showed, in younger adults, a significant difference between
straight walking and unsignalised crossings in the absence of conversation, and
a significant difference between conditions with and without conversation during
unsignalised crossings.

For LDLJ ML-HD, no significant effects of cohort (p = 0.424), locomotor context
(p = 0.364), or conversation (p = 0.889) were observed. No significant interactions
between the considered factors emerged.

For LDLJ AP-HD, no significant main effects of cohort (p = 0.069), locomotor
context (p = 0.249), or conversation (p = 0.126) emerged. Significant Cohort x
Context (p < 0.001), Cohort x Conversation (p < 0.001), and Cohort x Context
x Conversation (p < 0.001) interactions were instead observed. The Context x
Conversation interaction was not significant (p = 0.177). The FDR-corrected post-
hoc analyses showed, in younger adults in the absence of conversation, significant
differences between straight walking and signalised crossings and between straight
walking and unsignalised crossings. In younger adults, a significant difference
between conditions with and without conversation during straight walking was also
observed.

Overall, for LDLJ V-HD, only a significant Cohort x Context x Conversation
interaction emerged. For LDLJ ML-HD, no significant effects were observed. For
LDLJ AP-HD, significant interactions involving cohort, locomotor context, and
conversation were observed, in the absence of significant main effects.

Summary of Head-Movement Parameters. The context-aware analysis of
head-movement parameters highlighted different effects depending on the metric
considered and the direction analysed. Regarding the magnitude of head movements,
the vertical component aRMS /speed V-HD showed only a significant Cohort x
Context x Conversation interaction. The medio-lateral and anterior-posterior
components instead showed significant effects of locomotor context and conversation,
in the absence of significant cohort effects or significant interactions.

Regarding the regularity of head movements, RCME V-HD showed a significant
main effect of cohort and a significant Cohort x Conversation interaction. RCME
ML-HD did not show significant effects in the GLMM model, whereas RCME
AP-HD showed significant effects of locomotor context and conversation.

Finally, regarding the smoothness of head movements, LDLJ V-HD showed only
a significant Cohort x Context x Conversation interaction. LDLJ ML-HD did
not show significant effects in the GLMM model. LDLJ AP-HD instead showed
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significant Cohort x Context, Cohort x Conversation, and Cohort x Context
x Conversation interactions, in the absence of significant main effects of cohort,
locomotor context, or conversation.

4.4 Post-Hoc Comparisons

For the parameters which showed significant main effects or interactions in the
GLMM models, post-hoc comparisons corrected using the False Discovery Rate
(FDR) procedure were performed. All statistically significant comparisons are

reported in Table 4.23.

Table 4.23: Significant model-based post-hoc comparisons after FDR correction.

Parameter Comparison type Comparison Difference g-value
Froude number Context within cohort Straight vs Unsignalised in OA, No Conversa- 0.020 0.012
tion
Froude number Context within cohort Signalised vs Unsignalised in OA, No Conver- 0.043 <0.001
sation
Froude number Context within cohort Straight vs Unsignalised in OA, Conversation 0.013 0.044
Froude number Context within cohort Straight vs Signalised in YA, No Conversation  -0.041 <0.001
Froude number Context within cohort Signalised vs Unsignalised in YA, No Conver- 0.041 <0.001
sation
Froude number Conversation within No Conversation vs Conversation in OA, Sig- 0.044 0.002
cohort/context nalised
Froude number Conversation within No Conversation vs Conversation in YA, Sig- 0.035 0.002
cohort/context nalised
stride speed Context within cohort Straight vs Unsignalised in OA, No Conversa- 0.075 0.004
tion
stride speed Context within cohort Signalised vs Unsignalised in OA, No Conver- 0.141 <0.001
sation
stride speed Context within cohort Straight vs Signalised in OA, Conversation 0.077 0.017
stride speed Context within cohort Straight vs Unsignalised in OA, Conversation 0.050 0.017
stride speed Context within cohort Straight vs Signalised in YA, No Conversation = -0.120 <0.001
stride speed Context within cohort Signalised vs Unsignalised in YA, No Conver- 0.130 <0.001
sation
stride speed Conversation within No Conversation vs Conversation in OA, Sig- 0.150 <0.001
cohort/context nalised
stride speed Conversation within No Conversation vs Conversation in YA, Sig- 0.115 0.003
cohort/context nalised
stride length Context within cohort Straight vs Unsignalised in OA, No Conversa- 0.048 0.006
tion
stride length Context within cohort Signalised vs Unsignalised in OA, No Conver- 0.080 0.003
sation
stride length Context within cohort Straight vs Signalised in OA, Conversation 0.067 0.003
stride length Context within cohort Straight vs Unsignalised in OA, Conversation 0.041 0.004
stride length Context within cohort Straight vs Signalised in YA, No Conversation  -0.082 0.003
stride length Context within cohort Signalised vs Unsignalised in YA, No Conver- 0.071 0.003
sation
stride length Conversation within No Conversation vs Conversation in OA, Sig- 0.105 <0.001
cohort/context nalised
stride length Conversation within No Conversation vs Conversation in YA, Sig- 0.072 0.009
cohort/context nalised
stride duration Context within cohort Straight vs Unsignalised in OA, No Conversa-  -0.032 0.004

tion

Continued on next page
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Parameter

Comparison type

Comparison

Difference g-value

stride duration

stride duration
stride duration

stride duration

stride duration

cadence

cadence

cadence
cadence

cadence

cadence

aRMS/speed V-HD
aRMS/speed V-HD
aRMS/speed V-HD

aRMS /speed
HD
aRMS/speed
HD
aRMS/speed
HD
aRMS /speed
HD
aRMS/speed
HD
aRMS/speed
HD
RCME V-HD
RCME V-HD
RCME V-HD
RCME V-HD
RCME V-HD
RCME V-HD
RCME V-HD

RCME V-HD

RCME ML-HD
RCME ML-HD
RCME AP-HD

RCME AP-HD
RCME AP-HD
RCME AP-HD
RCME AP-HD

RCME AP-HD
RCME AP-HD
RCME AP-HD

ML-

ML-

ML-

AP-

Context within cohort

Context within cohort
Context within cohort

Conversation within
cohort /context
Conversation within
cohort/context
Context within cohort

Context within cohort

Context within cohort
Context within cohort

Conversation within
cohort/context
Conversation within
cohort /context
Context within cohort
Context within cohort
Conversation within
cohort/context
Context within cohort

Context within cohort
Context within cohort
Context within cohort

Conversation within
cohort /context
Context within cohort

Cohort within context
Cohort within context
Cohort within context
Cohort within context
Cohort within context
Cohort within context
Context within cohort

Conversation within
cohort /context

Context within cohort
Context within cohort
Context within cohort

Context within cohort
Context within cohort
Context within cohort
Context within cohort

Context within cohort
Context within cohort
Conversation within
cohort /context

Signalised vs Unsignalised in OA, No Conver-
sation

Straight vs Signalised in OA, Conversation
Signalised vs Unsignalised in YA, No Conver-
sation

No Conversation vs Conversation in OA, Sig-
nalised

No Conversation vs Conversation in YA, Sig-
nalised

Straight vs Unsignalised in OA, No Conversa-
tion

Signalised vs Unsignalised in OA, No Conver-
sation

Straight vs Signalised in YA, No Conversation
Signalised vs Unsignalised in YA, No Conver-
sation

No Conversation vs Conversation in OA, Sig-
nalised

No Conversation vs Conversation in YA, Sig-
nalised

Straight vs Signalised in YA, Conversation
Straight vs Unsignalised in YA, Conversation
No Conversation vs Conversation in YA,
Unsignalised

Straight vs Unsignalised in OA, No Conversa-
tion

Straight vs Unsignalised in YA, No Conversa-
tion

Straight vs Signalised in YA, Conversation

Straight vs Unsignalised in YA, Conversation

No Conversation vs Conversation in OA,
Straight

Straight vs Unsignalised in OA, No Conversa-
tion

OA vs YA in Straight, No Conversation

OA vs YA in Straight, Conversation

OA vs YA in Signalised, No Conversation

OA vs YA in Signalised, Conversation

OA vs YA in Unsignalised, No Conversation
OA vs YA in Unsignalised, Conversation
Straight vs Unsignalised in YA, No Conversa-
tion

No Conversation vs Conversation in YA,
Straight

Straight vs Signalised in OA, Conversation
Signalised vs Unsignalised in OA, Conversation
Straight vs Unsignalised in OA, No Conversa-
tion

Straight vs Signalised in OA, Conversation
Straight vs Unsignalised in OA, Conversation
Straight vs Signalised in YA, No Conversation
Straight vs Unsignalised in YA, No Conversa-
tion

Straight vs Signalised in YA, Conversation
Straight vs Unsignalised in YA, Conversation
No Conversation vs Conversation in OA,
Unsignalised

-0.055

-0.030
-0.047

-0.054

-0.048

2.649

5.336

-3.077
5.083

4.594

4.306

-0.393
-0.239
-0.222

-0.189

-0.235

-0.198

-0.117

-0.148

-0.158

0.225
0.170
0.200
0.158
0.177
0.183
-0.053

-0.052

0.087
-0.098
0.112

0.085
0.057
0.073
0.081

0.105
0.051
-0.114

<0.001

0.042
0.001

0.003

0.003

0.013

<0.001

0.031
<0.001

0.007

0.006

0.002
0.001
0.037

0.004

0.002

0.008

0.008

0.026

0.040

<0.001
0.004
0.003
0.010
0.004
0.003
0.047

0.008

0.004
0.002
<0.001

0.037
0.034
0.045
0.013

0.001
0.012
<0.001

Continued on next page
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Parameter Comparison type Comparison Difference g-value
LDLJ V-HD Context within cohort Straight vs Unsignalised in YA, No Conversa- 0.170 0.016
tion
LDLJ V-HD Conversation within No Conversation vs Conversation in YA, -0.120 0.023
cohort/context Unsignalised
LDLJ AP-HD Context within cohort Straight vs Signalised in YA, No Conversation 0.316 0.008
LDLJ AP-HD Context within cohort Straight vs Unsignalised in YA, No Conversa- 0.353 <0.001
tion
LDLJ AP-HD Conversation within No Conversation vs Conversation in YA, 0.280 0.001
cohort/context Straight

Overall, the post-hoc comparisons showed that the significant effects observed
in the GLMM models were mainly attributable to differences between the different
locomotor contexts and, to a lesser extent to the differences between conditions
with and without conversation. In addition, for some head-movement parameters,

significant differences between the two cohorts emerged, particularly for RCME
V-HD and LDLJ AP-HD.
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4.5 Comparison between Aggregated and
Context-Aware Analysis

In order to compare the results obtained with and without the inclusion of contextual
information, the results of the aggregated analysis were compared with those
derived from the context-aware analysis. Table 4.24 reports, for each parameter,
the statistically significant effects observed in the two different approaches.

Table 4.24: Comparison between aggregated and context-aware analyses. Only
statistically significant effects are reported.

Parameter Aggregated analysis Context-aware analysis

Froude number No significant effect Cohort effect; Context effect; Context
x Conversation interaction

stride speed No significant effect Cohort effect; Context effect; Context
x Conversation interaction

stride length No significant effect Context effect; Cohort x Context in-
teraction; Context x Conversation in-
teraction

stride duration No significant effect Context effect; Context x Conversa-

tion interaction

cadence No significant effect Context effect; Context x Conversa-
tion interaction

aRMS /speed V-HD No significant effect Cohort x Context x Conversation
interaction

aRMS/speed ML- No significant effect Context effect; Conversation effect

HD

aRMS/speed AP- No significant effect Context effect; Conversation effect

HD

RCME V-HD Cohort effect Cohort effect; Cohort x Conversation
interaction

RCME AP-HD No significant effect Context effect; Conversation effect

LDLJ V-HD No significant effect Cohort x Context x Conversation
interaction

LDLJ AP-HD No significant effect Cohort x Context interaction; Cohort

x Conversation interaction; Cohort x
Context x Conversation interaction

For all spatiotemporal gait parameters, the aggregated analysis did not show
significant cohort effects. In contrast, the context-aware analysis showed significant
effects of locomotor context and of the Context x Conversation interaction for
all the parameters considered. In addition, the Froude number and stride speed
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also showed a significant cohort effect, whereas stride length showed a significant
Cohort x Context interaction.

Regarding the parameters related to head movements, the aggregated analysis
showed a significant cohort effect only for RCME V-HD. In the context-aware
analysis, additional significant effects emerged. In particular, for the magnitude of
head movements, aRMS /speed V-HD showed a significant Cohort x Context x
Conversation interaction, whereas aRMS /speed ML-HD and aRMS /speed AP-HD
showed significant effects of locomotor context and conversation.

For the regularity of head movements, RCME V-HD showed a significant cohort
effect in both the aggregated and context-aware analyses. In the context-aware
analysis, RCME V-HD also showed a significant Cohort x Conversation interaction.
RCME AP-HD did not show significant effects in the aggregated analysis, whereas
significant effects of locomotor context and conversation emerged in the context-
aware analysis.

Finally, for the smoothness of head movements, the aggregated analysis did
not show significant effects. In the context-aware analysis, LDLJ V-HD showed a
significant Cohort x Context x Conversation interaction, whereas LDLJ AP-HD
showed significant Cohort x Context, Cohort x Conversation, and Cohort X
Context x Conversation interactions.

Overall, the comparison between the two approaches shows that the aggregated
analysis highlighted a significant cohort effect only for RCME V-HD, whereas the
context-aware analysis made it possible to identify additional significant effects
related to locomotor context, conversation, and to the interactions among the
factors considered.
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Chapter 5

Discussion

5.1 Main findings

The present study investigated differences associated with locomotor context, the
presence of conversation, and age in gait characteristics and head movements
during real-world urban locomotion. The most innovative aspect of this work lies
in the integration of biomechanical parameters, wearable sensors, and contextual
information derived from egocentric videos, which enabled locomotor behaviour to
be interpreted in relation to the situation in which it occurred.

The aggregated analysis, conducted without distinguishing between locomotor
context and the presence of conversation, identified a significant difference between
young and older adults exclusively for RCME V-HD. In particular, older adults
showed higher values than young adults. Since higher RCME values indicate
greater complexity and lower signal predictability, this finding suggests a different
temporal organisation of vertical head movements in the two cohorts. However, this
difference should not automatically be interpreted as impaired motor control, as
greater entropy may reflect both lower regularity and a more variable and adaptive
strategy.

By contrast, the aggregated analysis provided no statistically significant evidence
of differences between cohorts in spatiotemporal gait parameters, head-movement
amplitude, the other RCME components, or smoothness. This finding suggests that,
in the sample of healthy older adults considered, overall locomotor performance was
largely preserved and that age-related differences did not manifest as generalised
alterations across all the parameters analysed.

The context-aware analysis revealed a more complex picture. All spatiotemporal
gait parameters were influenced by locomotor context and by the Context x Conver-
sation interaction. FDR-corrected post-hoc comparisons showed that, particularly
in the absence of conversation, signalised crossings were characterised by higher
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stride speed, stride length, cadence, and Froude number, together with shorter
stride duration, than unsignalised crossings. During signalised crossings, however,
the presence of conversation was associated in both cohorts with reductions in
stride speed, stride length, cadence, and Froude number, as well as an increase in
stride duration. Conversation therefore did not exert a uniform effect on gait, but
primarily modified the strategy adopted in the signalised-crossing context.

Froude number and stride speed also showed a significant main effect of cohort.
The descriptive values and model estimates indicated a tendency for older adults
to show higher values than young adults. However, individual between-cohort
comparisons within specific combinations of context and conversation were not
significant after FDR correction. The cohort effect should therefore be interpreted
as an overall difference within the model, rather than as evidence of a robust
difference in every individual condition. Stride length, by contrast, showed a
Cohort x Context interaction, indicating that the relationship between the two
cohorts varied according to locomotor context, without identifying a consistent
superiority of either cohort across all conditions.

Head movements also showed specific adaptations. Normalised head-acceleration
amplitude was generally greater during crossings than during straight walking in
certain directions and conditions, suggesting increased head movement relative to
progression speed. This increase may reflect both greater demands for environmental
exploration and more pronounced postural adaptations and cannot, in isolation, be
regarded as an indicator of instability.

For RCME, the vertical component represented the most robust age-related
finding, with higher values in older adults across all combinations of context and
conversation. The anteroposterior component, by contrast, was mainly modulated
by context and conversation. For smoothness, measured using LDLJ, effects emerged
primarily as interactions. In young adults, straight walking without conversation
was generally characterised by smoother head movements than crossings, whereas
conversation produced different effects depending on the direction and context
considered.

Overall, the findings indicate that urban locomotion cannot be adequately
described using a single aggregated value. Environmental context and the presence
of conversation systematically modify locomotor behaviour and head control. The
context-aware approach therefore made it possible to distinguish specific adaptations
that may be attenuated or absorbed into residual variability when heterogeneous
conditions are analysed together.
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5.2 Effects of locomotor context on gait parame-
ters

The context-aware analysis showed that all spatiotemporal gait parameters were
modulated by locomotor context. This finding confirms that, in real-world envi-
ronments, gait is not an invariant behaviour, but is continuously adapted to the
perceptual, decisional, and motor demands of the surrounding situation.

The clearest pattern emerged during signalised crossings in the absence of con-
versation. Under this condition, both groups generally adopted a faster locomotor
strategy than during unsignalised crossings, characterised by higher stride speed, a
higher Froude number, greater cadence, and shorter stride duration. Stride length
was also greater in several comparisons. This behaviour may be interpreted as
a response to the presence of an external temporal constraint. The traffic signal
defines a time window within which the crossing must be completed and may
therefore encourage an acceleration of progression once the crossing has begun.

The Froude number provides further insight into this interpretation, as it
expresses speed normalised to lower-limb length. The differences between contexts
observed for this parameter therefore indicate that the increase in speed during
signalised crossings was not solely attributable to participants’ anthropometric
characteristics, but reflected a genuine modification of locomotor strategy.

Unsignalised crossings impose different demands. In the absence of an external
signal indicating when to cross, pedestrians must independently assess traffic,
vehicle distance and speed, and the availability of a safe gap. Once the crossing
has begun, behaviour may also depend on the prevailing traffic conditions. The
greater variability observed in this condition is therefore compatible with a less
standardised strategy that is more strongly dependent on the specific characteristics
of each event.

A particularly relevant finding concerns the Context x Conversation interaction,
which was significant for all spatiotemporal parameters. During signalised crossings,
conversation was associated in both cohorts with reductions in stride speed, stride
length, cadence, and Froude number, together with an increase in stride duration.
Conversation therefore appears to attenuate the acceleration strategy observed in
the same condition when participants were not engaged in social interaction.

This pattern is consistent with the sharing of attentional resources between
locomotion, environmental monitoring, and conversation. Signalised crossings
require the integration of the traffic signal, surrounding traffic, and the time
available, while conversation simultaneously requires language processing and
interaction with the conversational partner. The reduction in progression rate may
therefore represent a strategy adopted to maintain control of the task in the presence
of concurrent demands. However, because the conversation was face-to-face rather
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than a standardised cognitive task, the finding cannot be attributed exclusively
to cognitive load. Social regulation of walking speed and orientation towards the
conversational partner may also have contributed to the observed changes.

The absence of a uniform main effect of conversation, together with the presence
of the Contextx Conversation interaction, is a substantive finding. It indicates
that conversation does not necessarily cause slowing in every situation; rather, its
effect depends on the context in which it occurs. This feature would have been
difficult to detect through a global comparison between walking with and without
conversation.

With regard to age-related differences, Froude number and stride speed showed a
main effect of cohort, with values tending overall to be higher in older adults. This
finding does not correspond to the typical pattern of reduced walking speed often
associated with ageing. It may be explained, at least in part, by the characteristics
of the sample, which consisted of healthy and independent older adults, and by the
ecological nature of the protocol, in which behaviour was influenced by real-world
conditions and interaction with the environment. Moreover, no OA-YA comparison
within an individual combination of context and conversation remained significant
after FDR correction. It is therefore not appropriate to conclude that older adults
walked systematically faster than young adults across all conditions.

The significant Cohort x Context interaction observed for stride length instead
indicates that the difference between cohorts was not constant across locomotor
contexts. This finding suggests the presence of partly different adaptation strategies
in young and older adults, but the absence of significant simple comparisons after
correction for multiple testing requires a cautious interpretation. Overall, locomotor
context and its interaction with conversation were more evident determinants of
gait parameters than chronological age considered in isolation.

5.3 Effects of locomotor context and conversation
on head movements

Head movements showed different patterns according to the metric and anatomical
direction considered. This finding confirms that amplitude, temporal complexity,
and smoothness describe distinct aspects of head control and cannot be interpreted
as interchangeable measures.

5.3.1 Head-movement amplitude

The aRMS normalised to speed quantifies the intensity of head accelerations while
accounting for progression speed. A higher value therefore indicates that, relative
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to walking speed, the head undergoes oscillations or changes in acceleration of
greater amplitude.

The vertical component showed a significant Cohort x Context x Conversation
interaction. Post-hoc comparisons indicated that, in young adults in the presence
of conversation, signalised and unsignalised crossings were associated with higher
values than straight walking. Furthermore, during unsignalised crossings in young
adults, conversation was associated with an increase in vertical aRMS /speed. This
pattern suggests that the combination of crossing and social interaction modified
the intensity of vertical head movements particularly in young adults.

For the mediolateral component, unsignalised crossings showed higher values
than straight walking in both cohorts in the absence of conversation. In young
adults during conversation, both signalised and unsignalised crossings also showed
higher values than straight walking. In older adults, during straight walking,
conversation was associated with an increase in mediolateral amplitude.

These findings are compatible with greater lateral exploration of the environment
during crossings, which is required to monitor vehicles and other road users.
However, the inertial sensor measures head movement rather than gaze direction
directly. It is therefore not possible to distinguish with certainty between movements
aimed at visual exploration and oscillations related to postural control or gait
dynamics.

For the anteroposterior component, older adults showed a higher value during
unsignalised crossings than during straight walking in the absence of conversation.
This difference may reflect greater sagittal-plane adjustments of the head during a
condition in which the independent assessment of the environment plays a central
role.

Overall, the increase in aRMS /speed during crossings should not automatically be
interpreted as reduced stability. In an urban environment, greater head-movement
amplitude may also represent a functional response to the demands of exploration
and monitoring. Integration with eye-tracking measures would be required to
distinguish more clearly between intentional visual exploration and reduced head
stabilisation.

5.3.2 Complexity and regularity of head movements

RCME quantifies the temporal complexity and predictability of a signal. Higher
values indicate less predictable and more complex dynamics, whereas lower values
describe a more repetitive and regular pattern. RCME should therefore not be
interpreted according to a simple relationship in which a higher value is necessarily
better or worse.

RCME V-HD represented the most robust cohort-related finding. Older adults
showed higher values than young adults across all the combinations of context and
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conversation considered. The persistence of this difference in both the aggregated
analysis and the context-aware comparisons suggests that greater complexity of
vertical head movements was a relatively stable characteristic of the older cohort
in the sample examined.

One possible interpretation is that older adults employed a more variable and
less predictable vertical head-control strategy. This behaviour may reflect a reduced
ability to maintain a repetitive pattern, a greater need to make postural corrections,
or an adaptive strategy aimed at responding to environmental variation. The
available data do not establish which of these explanations predominates; the
finding should therefore be described as a different organisation of movement rather
than directly as a deficit.

In young adults, RCME V-HD was also higher during unsignalised crossings than
during straight walking in the absence of conversation. During straight walking,
conversation was associated with an increase in vertical RCME. This suggests that,
in young adults, both environmental complexity and social interaction may make
vertical head movement less predictable.

RCME AP-HD showed effects of context and conversation. In both cohorts,
straight walking generally showed higher values than crossings. This finding sug-
gests that, during crossings, anteroposterior head movement may become more
constrained and repetitive, possibly in order to maintain a more controlled orienta-
tion while monitoring the road and carrying out the crossing. In older adults, during
unsignalised crossings, conversation was instead associated with an increase in
anteroposterior complexity, indicating that social interaction modified the temporal
organisation of movement in this specific condition.

No overall significant effects emerged for RCME ML-HD in the GLMM. Al-
though some isolated post-hoc comparisons reached significance, the absence of a
global effect requires caution and does not support the existence of a generalised
mediolateral modulation.

5.3.3 Smoothness of head movements

Smoothness was assessed using LDLJ. Since more negative values indicate a greater
presence of abrupt changes in acceleration, less negative values correspond to
smoother and more continuous movements.

A Cohort x Context x Conversation interaction emerged for LDLJ V-HD. In
young adults in the absence of conversation, straight walking was characterised
by greater smoothness than unsignalised crossings. In the same group, during
unsignalised crossings, conversation was associated with less negative values and
therefore with smoother vertical movements. This finding shows that conversation
does not necessarily impair smoothness, but may modify movement organisation
differently depending on the situation.
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For LDLJ AP-HD, CohortxContext, CohortxConversation, and Cohort X
Context x Conversation interactions emerged. However, the significant post-hoc
comparisons were concentrated in young adults. In the absence of conversation,
straight walking was smoother than both signalised and unsignalised crossings.
During straight walking, conversation was instead associated with reduced antero-
posterior smoothness. The concurrent task therefore appears to have introduced
more abrupt movements into a condition that was normally regular, whereas its
effect could differ in other directions and contexts.

No significant effects emerged for LDLJ ML-HD. Overall, the smoothness findings
do not support a simple global distinction between young and older adults. Rather,
they show that the fluidity of head movements varies according to the specific
combination of anatomical direction, locomotor context, conversation, and cohort.

5.4 Age-related differences in real-world locomo-
tion

In the present study, age-related differences did not manifest as a generalised
impairment of gait in older adults. In the aggregated analysis, no spatiotemporal
parameter differed significantly between cohorts. This finding is plausibly related
to the characteristics of the older participants, who were healthy, independent, and
free from relevant neurological or musculoskeletal disorders. In a sample of this
kind, conventional gait parameters may remain within functional ranges similar to
those observed in young adults.

However, the absence of statistical significance does not demonstrate equivalence
between cohorts. The number of participants was small, and inter-individual
variability may have limited the ability to detect effects of modest magnitude. The
large number of events increases the number of available observations, but it does
not replace the number of independent participants when generalising age-related
differences.

In the context-aware analysis, Froude number and stride speed showed a main
effect of cohort. The tendency towards higher values in older adults should
be interpreted cautiously, as no significant OA—YA comparisons emerged within
individual conditions after FDR correction. The finding may reflect an overall
difference between cohorts in the model, but does not demonstrate that older adults
walked faster in every context. Furthermore, the selection of healthy and active
older adults and the specific characteristics of the route may have produced a
sample that was not representative of the wider older population.

Stride length showed a Cohortx Context interaction, suggesting that the two
cohorts adapted this parameter in ways that were not entirely overlapping across
contexts. Again, the absence of specific between-cohort comparisons that remained
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significant after FDR correction does not allow the difference to be localised
confidently to a single condition.

The most consistent age-related finding was observed for RCME V-HD. Older
adults showed greater complexity and lower predictability of vertical head move-
ments in all the conditions considered. The fact that this difference emerged even
when spatiotemporal parameters were largely preserved suggests that head control
may be more sensitive than conventional gait descriptors in identifying age-related
adaptations.

One possible interpretation is that older adults were able to maintain overall
locomotor performance comparable to that of young adults by using different
head-control strategies. Greater vertical complexity may reflect an increase in
postural corrections, different transmission of body oscillations to the head, or
more variable exploratory behaviour. However, without direct measures of stability,
balance, and visual behaviour, it is not possible to determine whether this pattern
represents effective compensation or an indication of reduced control.

The interactions observed for LDLJ V-HD and LDLJ AP-HD further indicate
that any age-related differences in smoothness were not constant, but depended
on context and conversation. Since the significant post-hoc comparisons occurred
predominantly within the young-adult cohort, it would be inappropriate to conclude
that older adults had globally less smooth movements. The main finding is instead
that the way in which smoothness is modulated by the experimental conditions
may differ between cohorts.

Overall, the data suggest a selective rather than generalised pattern of locomotor
ageing. Healthy older adults maintained relatively preserved spatiotemporal pa-
rameters, whereas more consistent differences emerged in the temporal organisation
of head movements. These findings support the inclusion of head-control measures
in the assessment of real-world mobility, while avoiding the automatic attribution
of pathological significance to such differences.

5.5 Importance of the context-aware approach

The comparison between the aggregated and context-aware analyses represents
one of the principal contributions of the present study. The aggregated analysis
identified only a cohort difference in RCME V-HD, whereas the inclusion of
locomotor context and conversation revealed numerous adaptations in gait and
head movements.

This finding does not imply that the context-aware analysis artificially generated
new effects. On the contrary, aggregation combines observations from conditions
characterised by different demands. If a parameter increases in one context and
decreases in another, or if conversation produces an effect only during signalised
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crossings, the aggregated value may attenuate or cancel out these differences. In
this way, context-related variability is incorporated into residual variability rather
than being used as explanatory information.

The Contextx Conversation interaction observed for all spatiotemporal parame-
ters provides a clear example of this phenomenon. Conversation reduced the rate of
progression particularly during signalised crossings, whereas the same pattern was
not observed in the other contexts. An aggregated comparison between conditions
with and without conversation would have combined effects of different magnitudes
and, in some cases, different directions.

Head-movement parameters also showed marked directional and contextual
specificity. Amplitude, complexity, and smoothness were not modified in the same
way along the vertical, mediolateral, and anteroposterior axes. The context-aware
analysis therefore made it possible to recognise that different components of head
control respond to different environmental and behavioural demands.

It is nevertheless important to distinguish contextual effects from age-related
differences. Most of the effects emerging from the context-aware analysis concerned
locomotor context, conversation, or their interactions, rather than a direct difference
between young and older adults. The context-aware approach therefore revealed
primarily situational adaptations in locomotion, while cohort differences were more
selective and particularly robust for RCME V-HD.

The use of GLMMs made it possible to account for the dependence between
observations obtained from the same participant and for the imbalance in the
number of events across conditions. Post-hoc comparisons corrected using FDR
also limited the risk of interpreting results as significant merely because of the large
number of comparisons. Nevertheless, complex effects must still be interpreted
cautiously, particularly when a significant global interaction is not accompanied by
significant simple comparisons after correction for multiple testing.

Overall, contextual information is not an ancillary variable, but a necessary
component for understanding the meaning of parameters acquired in real-world
settings. The same change in speed or head movement may reflect a functional
adaptation to environmental demands rather than a reduction in locomotor capac-
ity. The context-aware approach therefore enables a more ecological and specific
characterisation of everyday mobility, distinguishing relatively stable individual
characteristics from adaptations produced by the situations encountered.

5.6 Performance of the Automatic
Context-Recognition Pipeline

A central element of the present study is represented by the pipeline developed

to associate biomechanical parameters with the locomotor context observed in

108



Discussion

egocentric videos. The use of pre-trained networks made it possible to semi-
automatically identify different locomotor situations, such as pedestrian crossings
and the presence of traffic lights, enabling the subsequent context-aware analysis.

For pedestrian crossing recognition using the Places365-based network, the
application of temporal post-processing improved performance compared with
frame-by-frame classification. At frame level, accuracy increased from 0.871 to
0.900, recall from 0.593 to 0.716, and the Fl-score from 0.705 to 0.788, while
precision remained substantially stable. This indicates that temporal information
is useful to stabilise the network output and to reduce fluctuations due to the
instantaneous variability of the egocentric scene.

An improvement also emerged at event level. Using a bidirectional overlap
criterion of 20%, the post-processed output correctly identified 265 of the 354
manually annotated crossings, with a recall of 0.749. Compared with the RAW
output, precision increased from 0.029 to 0.365 and the F1-score from 0.054 to
0.490. In addition, the number of missed events decreased from 176 to 89, whereas
the number of extra events decreased from 6022 to 462. The reduction in the
fragmentation index from 41 to 32 further suggests that the temporal stabilization
procedures, based on EMA and hysteresis, improved the temporal coherence of the
automatic detections. However, the persistence of residual fragmentation indicates
that maintaining a stable classification over time remains a critical issue for pre-
trained models applied to egocentric videos acquired in real-world environments.

Despite these improvements, the event-level performance of Places365 still
highlights some limitations. The precision value of 0.365 indicates the residual
presence of false positives, whereas the reduction in recall and F1l-score as the
increased overlap threshold suggests that the temporal localisation of events was
not always precise. Therefore, the Places365-based module proved useful to support
the identification of crossings, but it was not sufficient to completely replace manual
review.

Regarding the recognition of signalised crossings, the YOLOv11-based module
showed more robust performance at event level than at frame-by-frame level. At
frame level, the classification achieved an accuracy of 0.931, a precision of 0.943, a
recall of 0.630, and an F1-score of 0.755. The high precision indicates that, when
the traffic lights were detected, the prediction was generally reliable; the lower
recall instead suggests that the traffic lights were not detected in all frames in
which it was present.

At event level, considering a crossing as signalised when at least 20% of its
frames contained a traffic-light detection, the module correctly identified 81 of
the 91 signalised crossings, with a recall of 0.890, a precision of 0.771, and an
F'1-score of 0.827. The aggregation of predictions at event level therefore partially
compensates for missed detections at frame level and provides a classification useful
to distinguish between signalised and unsignalised crossings.
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Overall, the pre-trained networks, combined with post-processing strategies and
temporal aggregation, represented a useful tool to support the annotation of the
locomotor context. However, the observed performance does not allow the process
to be considered fully automatic. For this reason, the automatically generated
labels were manually reviewed before the statistical analysis, reducing the risk that
context-classification errors could propagate to the biomechanical results.

A relevant limitation of the pipeline is represented by the use of pre-trained
models which were not specifically optimised on egocentric videos acquired during
urban locomotion protocols. Images acquired through smart glasses are charac-
terised by continuous camera motion, rapid changes in viewpoint, partial occlusions,
changes in lighting conditions, and differences in the distance of relevant objects.
These aspects may explain part of the observed errors and highlight the need to
develop specifically annotated datasets for fine-tuning or retrain the networks in
real-world first-person locomotion scenarios.

5.7 Methodological Considerations

A relevant methodological aspect of the present study concerns the choice to analyse
the data at the event level. The aggregation of biomechanical parameters within each
event made it possible to associate each observation with a specific combination of
cohort, locomotor context, and conversation condition. This approach is particularly
useful in real-world protocols, in which event duration and the number of available
strides may vary in different subjects and conditions.

The use of mixed-effect models also made it possible to account for the hier-
archical structure of the data by including the subject as a random effect. This
aspect is important because multiple events derive from the same participant and
therefore could not be considered completely independent observations.

The combination of contextual annotation and event-level analysis made it
possible to interpret gait and head-movement parameters in relation to the specific
locomotor situation in which they were acquired. In this way, variability between
events was not treated only as a residual variability, but as information related to
the different environmental and behavioural demands.

5.8 Study Limitations

The results of the present study should be interpreted in light of some limitations.

Firstly, the number of participants included in the analysis was relatively small.
Although the experimental protocol generated a large number of locomotor events
and strides, the sample consisted of a limited number of younger adults and older
adults. This aspect may limit the generalisability of the results and reduce the
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ability to identify more subtle cohort-related effects, especially for parameters
characterised by high inter-subject variability.

Secondly, the present study involved only healthy older adults who were au-
tonomous and free from neurological or musculoskeletal disorders capable of signifi-
cantly impairing locomotion. Consequently, the age-related differences observed in
this sample may be less marked than those expected in clinical populations, frail
subjects, or older adults with impairments in balance and motor control.

A further limitation concerns the experimental environment, which consisted
of a single urban route. Although the protocol was designed to include different
locomotor contexts, it does not necessarily represent the full variability of situations
encountered in daily life. Other scenarios, such as crowded environments, uneven
surfaces, stairs, obstacles, or more complex intersections, could induce different
locomotor strategies.

From a methodological point of view, the automatic context recognition pipeline
required a manual review phase of the labels. This aspect represents a limitation
of the proposed approach, as it indicates that the performance of the pre-trained
networks and post-processing procedures is not sufficient yet to obtain a fully
automatic process.

In addition, the analysis was conducted at the event level, using mean values
of the biomechanical parameters calculated within each locomotor event. This
approach made it possible to associate each observation with a specific context and
a specific conversation condition, but it does not allow a detailed description of
intra-event variations or transitions between different locomotor phases.

Finally, the present study focused on spatiotemporal gait parameters and head
movements, without directly including measures of visual behaviour. The integra-
tion of eye-tracking data could provide additional information on the perceptual
and attentional mechanisms underlying the observed locomotor adaptations.

Despite these limitations, the present work demonstrates the feasibility of a
context-aware approach for the characterisation of real-world locomotion and pro-
vides preliminary evidence on the importance of integrating contextual information
with the analysis of gait parameters and head movements.

5.9 Future Perspectives

The results of the present study open several perspectives for future applications
and methodological developments.

Firstly, it will be necessary to validate the proposed approach on larger samples
characterised by greater heterogeneity in terms of age, functional level, and health
status. The inclusion of a larger number of participants would increase the statistical
power of the analysis and allow the effects of cohort, locomotor context, and
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conversation observed in the present study to be verified more robustly.

Secondly, the application of context-aware analysis to clinical populations could
represent a particularly relevant development. Subjects with neurological disorders,
balance impairments, frailty, or increased risk of falling may show more marked
locomotor alterations or different adaptation strategies compared with the healthy
older adults included in the present work. In these populations, contextual infor-
mation could allow the identification of alterations which would not emerge from
the aggregated analyses of gait parameters.

Further studies should also expand the number and type of locomotor contexts
considered. In addition to straight walking and pedestrian crossings, more complex
scenarios could be included, such as crowded environments, stairs, obstacles, uneven
surfaces, or more articulated urban intersections.

From a methodological point of view, a future objective concerns the improvement
of the automatic context recognition pipeline. The construction of a specific
annotated dataset, composed of egocentric videos acquired during urban locomotion
protocols, could allow fine-tuning or retraining of the networks used, adapting them
more effectively to the characteristics of recordings acquired through smart glasses.

A further methodological development concerns the automatic recognition of
a traffic light state. The annotation of a specific dataset containing traffic lights
observed from an egocentric perspective and classified according to their light state
could allow the training of models so they would be able to directly recognise not
only the presence of traffic lights, but also the colour or functional state. This
would make it possible to distinguish more robustly between conditions such as
green, amber, and red traffic lights, reducing the dependence on colour-based rules
and manual review.

In addition, future developments could integrate temporal models or more
robust tracking strategies, which would be able to exploit the continuity between
consecutive frames and reduce the fragmentation of automatically recognised events.
These approaches could be applied both to crossing recognition and to traffic light
state classification, improving the temporal coherence of the automatically generated
labels.

The integration of eye-tracking measures could provide additional information
on the visual behaviour of participants. The joint analysis of eye movements,
head movements, and gait parameters would allow a more complete description
of the perceptual-motor mechanisms involved in urban locomotion, especially on
pedestrian crossings and in conditions of greater environmental complexity.

Finally, the integration of wearable sensors, smart glasses, and automatic con-
text recognition algorithms could contribute to the development of context-aware
digital biomarkers, capable of describing not only the global motor performance
of individuals, but also their ability to adapt locomotor behaviour to the different
environmental and cognitive conditions in their daily life.
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Chapter 6

Conclusion

The present study proposed a context-aware approach for the characterisation of
real-world locomotion, based on the integration of wearable sensors and egocentric
videos acquired using smart glasses. This approach made it possible to associate gait
and head-movement parameters with the locomotor contexts encountered during
urban locomotion, distinguishing between straight walking, signalised crossings,
and unsignalised crossings, in the presence or absence of conversation.

The results showed that locomotor context and the presence of conversation
significantly influence locomotor behaviour in real-world conditions. In particular,
all spatiotemporal gait parameters showed significant effects of context and of
the Context x Conversation interaction in the context-aware analysis, whereas no
significant differences had emerged for these parameters in the aggregated analysis.

Head movements also showed a selective dependence on the factors considered.
Among the analyzed parameters, RCME V-HD was the indicator most clearly
associated with differences between younger adults and older adults, showing
a significant cohort effect in both the aggregated and context-aware analyses.
Other parameters, such as aRMS /speed V-HD, LDLJ V-HD, and LDLJ AP-HD,
instead showed significant effects mainly in the form of interactions, indicating that
differences in head movements may depend on the specific combination of cohort,
locomotor context, and presence of conversation.

Overall, the results of the present work show that the explicit consideration of
locomotor context represents a fundamental element to understand locomotion in
real-world environments. Aggregating data from heterogeneous locomotor situations
may in fact mask specific adaptations, reducing the ability to identify effects related
to context, conversation, and the interactions among the factors considered.

Finally, the present study highlights the potential of integrating wearable sensors,
smart glasses, and automatic context recognition techniques for the development
of innovative approaches to the assessment of daily-life mobility. Although the
proposed pipeline still requires a manual review phase, it represents a step toward
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Conclusion

locomotion analyses which are more ecologically valid and sensitive to the real con-
ditions in which movement occurs. Further refinement of the automatic recognition
procedures, also through fine-tuning of the networks on specific egocentric datasets,
could reduce the need for manual intervention and make the approach more ap-
plicable to large-scale studies or prolonged real-world monitoring. In perspective,
these methodologies could contribute to the development of context-aware digital
biomarkers and support the functional assessment and monitoring of older and
clinical populations.
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