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Abstract
Gait stability is the ability to maintain a state of equilibrium during locomotion. In humans, this
includes the need to maintain a stable walking pattern while regularly positioning the body in a
state of imbalance. Thus, it is not surprising that gait is accompanied by an increased risk of falling,
particularly among the elderly and individuals with physical impairments, such as stroke, spinal
cord injury, amputation, or hemophilic arthropathy. In addition, the precarious nature of gait makes
it difficult to establish an exact definition of stability, leading to the development of a variety of
different measures, each based on its own set of unique principles and assumptions. As a result,
these measures have varying characteristics and experimental requirements, often limiting their
feasibility for clinical implementation. In light of these considerations, the objectives of this thesis
research were to: (1) conduct a literature review to identify the characteristics of proposed gait
stability measures and select those that are clinically feasible based on pre-defined criteria; (2)
demonstrate the practical feasibility of obtaining the selected measures and assess their robustness
for a non-disabled sample; (3) evaluate the between-session reliability of the measures, as a key
requirement for clinical implementation; and (4) demonstrate the clinical utility of the measures
using three clinical case studies. Proposed gait stability measures were identified, reviewed, and
scrutinized based on their expected burden on the patient, in terms of the required walking distance;
the time required for assessment, including setup and trial time; the versatility of being applied to
multiple walking conditions; and the mechanistic link between gait and the theoretical basis for
stability. In total, three gait stability measures were identified as being clinically-feasible: the
extrapolated centre of mass (XCoM), the gait sensitivity norm, and the stabilizing and destabilizing
forces. For the purpose of this study, only the XCoM was used for further investigation as per the
preceding objectives. To quantify stability, the XCoM, a quantity that accounts for both the
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position and velocity of the center of mass, must remain within the limits of the base of support.
The degree of stability at a given instant in time is then given by the margin of stability (MoS): the
minimum distance between the XCoM and the base of support. Fifteen non-disabled participants
were asked to walk in the Computer-Assisted Rehabilitation Environment at self-selected speed
on a level, treadmill-driven surface. All participants returned for a repeat session several weeks
following initial testing. Three case study participants with hemophilic arthropathy, unilateral
transtibial amputation, and mild traumatic brain injury were also included, each completing one
session. Careful attention was given to choose data collection and analysis techniques that would
overcome common barriers to clinical implementation and support its feasibility in that respect.
Acquired kinematic and kinetic data were used to compute the XCoM and corresponding MoS. To
quantify stability in the mediolateral and anteroposterior directions, mean MoS values were taken
at heel strike (MoS-HS) and mid-stance (MoS-MS). In addition, the minimum MoS value between
heel strike and contralateral toe off (MoS-HScTO) was used to quantify stability in the ML
direction. The protocol was designed to minimize the burden on the patient, as well as the time
required for setup and overall trial length. Gait stability results suggest that MoS-HS is best suited
to quantifying stability in both the mediolateral and anteroposterior directions. Not only does MoSHS demonstrate reasonable within- and across-participant variability, it also showed good
repeatability between sessions. Although the identified repeatability is not sufficient to support
clinical implementation at this point, it is sufficient for continued use of the MoS in research.
Furthermore, MoS-HS provided promising results towards highlighting differences between right
and left body sides in the case study participants. Despite recommendation of the MoS-HS, further
investigation is warranted before dismissing any of the MoS measures in either the mediolateral
or anteroposterior direction. This work represents a significant step towards demonstrating that the
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MoS is a robust measure that can be reliably used in fundamental research to quantify human gait
stability. Further work is necessary to achieve the repeatability necessary for clinical purposes and
investigate the ability of the MoS measures to detect difference in a larger sample of impaired
participants.
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1

Introduction

1.1

Motivation

Simply defined, dynamic stability is the ability to maintain a state of equilibrium during movement
[1]. With respect to human gait, this involves the capacity to integrate a stable upright posture with
a rhythmic stepping pattern [2]. Meanwhile, forward progression requires that the human body be
repeatedly placed in a position of imbalance [3]. This has led to bipedal walking being described
as controlled falling, with each successive step preventing a person from falling over [4]. The
inherent need to maintain a stable walking pattern while regularly positioning the body in a state
of imbalance highlights the precarious nature of gait.
Control of stable gait relies on proprioceptive and visual feedback [5] to estimate the body’s
current kinematic and kinetic state, to evaluate possible future states and select the best option, and
to determine the optimal means to execute the step-to-step transition [6]. Due to this demanding
coordination process, it comes as no surprise that the majority of falls occur during walking [7].
Among the elderly population, falls during gait account for up to 70% of the total number of falls
[1]. Oftentimes, these falls result in physical affliction in the form of fractures [1], [8]–[10], chronic
pain [9], and other non-fatal injuries [5], [11], with the most extreme consequence being death [9],
[10]. At the same time, an elderly individual suffering a fracture is known to be at a greater risk of
mortality [12]. Falls can also lead to psychological consequences, referred to as post-fall syndrome
[9]. Symptoms of this ailment include the fear of falling again [10], [11], [13], depression and
confusion [9], [10], loss of limb function [8], [11], and reduced mobility and independence [9],
[10]. Although it is obvious that falls can have a devastating effect on the affected person’s quality
of life, it can also place a considerable burden on their family, friends, and the healthcare system.
On average, the duration of fall-related hospitalizations for seniors is 15.1 days [9], nine more than
those admitted for any other cause [10]. This translates to an estimated financial cost to the
healthcare system of $2 billion annually in Canada alone [9].
By 2036, the number of Canadian seniors who experience a fall is expected to more than double
to 3.3 million, from 1.4 million in 2005 [9]. It is estimated that roughly 115,000 of falls that occur
will result in hospitalization [9]. These increases are projected to drive healthcare spending for
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fall-related injuries to $4.4 billion by 2031 [9]. Based on these numbers, a drastic increase in
pressure on the healthcare system cannot be denied. Many of the personal and economic
consequences associated with fall-related injuries can be mediated with targeted interventions
(e.g., gait training, assistive devices); however, in light of the rapidly aging population, these
efforts will need to be doubled to stay on pace [9]. This includes not only implementing optimized
interventions to improve walking performance, but also improving our efforts in identifying
individuals at risk of falling during gait and assessing their functional mobility. In addition, followup assessments are necessary to evaluate the effectiveness of a prescribed intervention.
Unfortunately, knowledge on the mechanisms of stability in gait is scarce [7], [14]–[19], resulting
in poor targeting efficiency of health care resources to those that would benefit most [8].

1.2

Dynamic Gait Stability

The commonly accepted general definition of stability proposed by Leipholz [20] involves
perturbing a system and analyzing the ensuing behavior [21]. If, after a finite period of noticeable
disturbance, the system gradually returns to its original state, it is deemed stable. At the same time,
if differences from the initial state persist, the system is unstable. In a more gait-specific context,
Bruijn et al. [15] used a pragmatic definition of gait stability by assessing various measures,
describing it simply as ‘gait that does not lead to falls in spite of perturbations’. This certainly
presents a more conceivable interpretation of the term; however, it is problematic when applied to
real-life applications as it cannot be used to predict future falls without observing a fall in the first
place. Knowing that falls have the potential to result in serious injury, instigating falls is an
incredibly risky procedure in experimental settings. In various other contexts, attempts have been
made to diagnose fall risk in terms of suspected injury mechanisms, clinical history, walking speed,
and kinematic or kinetic variables. However, none of these provide an actual measure of stability,
and are thus speculative at best [18].
Together, the collection of definitions and attempts by several research and clinical groups to
interpret gait stability expose the ambiguity of the term. Despite the lack of a clear definition, the
clinical need to address stability has motivated the development of a number of gait stability
measures [15]. Though the measures are well-defined mathematically [22], they are derived from
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a variety of principles and are based on different assumptions. Thus, without an exact definition
of stability, the measures must be validated in simulated models, as well as experimental studies
with human participants.
Ideally, one or a combination of the measures would emerge as a valid means to quantify gait
stability and differentiate between stable and unstable individuals. However, since the end goal is
to use this as diagnostic tool, the chosen measures must also be clinically feasible. This implies
that it is not sufficient to simply demonstrate that a measure can reliably quantify stability. As all
of the proposed gait stability measures rely on their own unique set of principles and assumptions,
there will be notable differences between their methods for assessment. Therefore, it is important
to consider how the respective assessment techniques align with clinical standards, the feasibility
of clinical implementation, and the needs of both the patient and treating clinician. In addition,
when evaluating measures that generate quantitative data, it is important to ensure that repeated
measurements are consistent and, thus, reliable. This is vital to help determine whether or not a
potential measure is of any value in a clinical setting [23].

1.3

Thesis Objective

Based on the above considerations, the objectives of this thesis research were to: (1) conduct a
literature review to identify the characteristics of proposed gait stability measures and select those
that are clinically feasible based on pre-defined criteria; (2) demonstrate the practical feasibility of
obtaining the selected measures and assess their robustness for a non-disabled sample; (3) evaluate
the between-session reliability of the measures, as a key requirement for clinical implementation;
and (4) demonstrate the clinical utility of the measures using three clinical case studies.

1.4

Thesis Outline

Chapter 2 presents a detailed review of the literature surrounding human gait stability assessment,
including an overview of conventional gait assessment and the proposed measures of gait stability.
In addition, topics related to kinetic and kinematic data acquisition and processing, and the
estimation of reliability using the intraclass correlation coefficient are provided. In Chapter 3,
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development of the criteria for clinical feasibility of a measure are described. These criteria are
then used to evaluate each of the proposed gait stability measures and select those most suitable to
implementation in a clinical setting. In Chapter 4, the practical utility of the selected measures are
evaluated in a sample of non-disabled participants. An experiment was conducted to obtain the
selected measures for participants walking on a level-surface at self-selected speed. Variability of
the measures are assessed, along with the between-session reliability. Measurements are also
compared to those obtained from 3 impaired participants who underwent the same protocol. The
results and implications of this study are discussed. Chapter 5 provides concluding remarks on the
contributions of this thesis to the domain of human gait stability assessment. A proposition of
future work is included.
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2

Literature Review

2.1

Human Gait Stability Assessment

2.1.1 Introduction
In order for any system to function properly and achieve its objectives, it is absolutely imperative
that the system remain stable [21]. The human body and its execution of bipedal locomotion are
no exception, as one of the basic requirements for walking is the maintenance of a stable upright
posture [2]. Without the ability to keep the body upright, falls are inevitable, which means
locomotion is impossible. Thus, the characterization of stability – and specifically gait stability in
this context – is critical for the understanding of any system (e.g., the moving human body) [21].
However, a precise definition of stability does not exist [20], [21], [24], [25], and a consensus is
yet to be reached regarding what constitutes stability in gait [7], [17], [26]–[28].
Unsurprisingly, searching for a helpful definition of stability proves futile, as descriptions such as
‘firmness in position’, ‘continuance without change’, or ‘resistance to change’ reveal no more than
is already known. A physics-based interpretation, meanwhile, does provide a bit more utility;
however, it is still insufficient for the purpose of human gait [27]. In this case, the stability of a
system is linked to its response to a perturbation [20], [21], [25], [27]. To classify a system as
stable, a perturbation cannot lead to an unbounded change in the variables that describe the system
[27]. At first thought, it seems like this might provide a plausible means to interpret stability in
gait: every day, humans encounter disturbances that alter the gait cycle and compromise balance.
The problem is that, for human walking, a fall implies a bounded response [27]. When such fall
occurs, gait ceases to continue, without further change once the individual is lying on the ground
[27]. If this definition were to be accurately applied to gait, modifications are necessary.
The issues with the mechanical definition of stability for gait reveal that stability is context
dependent [21]; as such, it is necessary to make modifications depending on the system to which
it is applied. In recent literature, stable gait has been described as gait that does not result in falls,
despite the presence of perturbations [7], [15], [22]. From a practical standpoint, this definition
appears quite useful as characterizing stability, or instability, would simply involve perturbing a
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participant multiple times at progressively higher magnitudes and comparing body mechanics
between instances with and without a fall. Experimentally, this is not so easily accomplished as
provoking falls has the potential to result in injury, posing a serious ethical dilemma.
With the inability to characterize the mechanics leading to a fall, gait stability research has shifted
towards the assessment of walking performance using objective biomechanical data [6], [8], [15],
[18], [29]–[33]. Though it remains unknown whether or not this is an effective way to evaluate fall
risk, data-based measures certainly have clear advantages over the typical methods involving
questionnaires and functional tests that are often qualitative and subjective [13]. Objective methods
have the potential to offer greater sensitivity and specificity for assessing gait stability on an
individual basis. It is important to note, however, that performance alone cannot be used to quantify
stability and, thus, fall risk [34]. In an environment with varying conditions and a multitude of
potential disturbances, it is not sufficient to focus strictly on repeating the same cycle step after
step. Rather, some flexibility is necessary to successfully recover from different perturbations.
Systems with the ability to alter their parameters while maintaining stability are deemed robust
[21]. Therefore, in order to assess gait stability, attention must be given to investigating both the
performance and robustness of gait [27].
The most common biomechanical data-based gait assessment techniques include temporal and
spatial parameters [35], [36] which describe time and distance characteristics of the gait cycle,
respectively. With dozens of possible parameters available, a breadth of valuable individualized
gait information may be gained from their measurement. Temporal and spatial gait parameters –
or temporo-spatial gait parameters – are a valid means to evaluate and compare gait characteristics
across populations and, as such, have evolved to become a conventional means of clinical gait
assessment.
Recently, a number of new measures to assess gait and its stability have been proposed, each based
on its own set of unique assumptions and principles. These include: the largest Lyapunov exponent
[18], [37], [38], the maximum Floquet multiplier [29], the extrapolated centre of mass (XCoM)
[30], [39], stabilizing and destabilizing forces [40], the gait sensitivity norm (GSN) [32], [41],
[42], variability measures [8], [43], long-range correlations [33], [44], the foot placement estimator
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(FPE) [6], [45], [46], and the largest recoverable perturbation [15]. It is worthwhile to note that,
while some of these measures have been used extensively in human gait, others have either never
been used or only to a limited extent [15].

2.1.2 Conventional Gait Assessment
2.1.2.1 Temporo-Spatial Gait Parameters
Temporo-spatial parameters are a common quantitative measurement for assessing gait. Since first
defined, they have been used extensively to make comparisons across a variety of populations and
conditions. Their relative simplicity has led them to be one of the most widely used assessment
measures to date. In many gait studies, researchers will often report a number of temporo-spatial
quantities, potentially alongside values of a primary stability measure [18], [47]–[50]. The reason
being is that many of the parameters are well documented and help to explain why one population
may be deemed more stable than another. Furthermore, normative values exist [35], [36], [51] for
the sake of comparison to a sample population.
The term ‘temporo-spatial’ is a blend of the words ‘temporal’ (relating to time) and ‘spatial’
(relating to space). Therefore, temporo-spatial parameters are quantities that are defined by time
and space (i.e., displacement/position). Some of the most commonly reported temporo-spatial
parameters are:
•

velocity – the walking speed

•

stride length – the distance covered between two consecutive footfalls for the same foot, in
the direction of travel

•

stride time – the time elapsed between two consecutive footfalls for the same foot

•

step length – the distance covered from footfall for one foot to the next footfall of the
opposite foot, in the direction of travel

•

step width – the lateral distance between the feet, from footfall for one foot to the next
footfall for the opposite foot

•

cadence – the rate at which a person walks, expressed in terms of steps per minute

•

swing time – the time spent in swing phase over the course of one stride

•

stance time – the time spent in stance phase over the course of one stride

•

swing to stance ratio – the ratio of swing time to stance time
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Countless more options are available, depending on the application and intent of a particular gait
assessment or study. A few other parameters that have been used in the past, though less frequently,
are toe clearance [52]–[55] and foot velocity [55]. Given the broad definition of temporo-spatial
parameters, the range of possibilities is seemingly limited only by the imagination of the clinician
or researcher.
Over the years, values of these most popular parameters have been shown to vary between
populations and conditions, oftentimes providing an indication of the level of stability. For
example, a larger step width is often seen in populations at greater risk of falling (i.e., more
unstable), such as prosthetic users [56]. Since a larger step width means a larger base of support
(BoS) in the mediolateral (ML) direction [47], this makes sense: the wider the BoS, the more room
for displacement of the centre of pressure (CoP), and the better chance of maintaining stable gait.
Meanwhile, cadence (i.e., step frequency) has been shown to increase in the presence of continuous
perturbations, a destabilizing environment [56].
From a data collection perspective, the requirements will vary depending on the parameters of
interest. The majority of the parameters listed above can be determined through force plate data or
kinematic marker data from motion capture. However, quantities such as joint angles, toe
clearance, or upper limb movements would certainly require the use of motion capture. Though
there is no stipulation on the length of the time series required for calculation of spatiotemporal
parameters, it is customary to take the mean value over a number of steps or strides. It is important
to keep that in mind when planning assessments or experiments, to ensure that a reliable estimate
is attained.
Going forward in the investigation of gait and dynamic stability, temporo-spatial parameters are
best suited to be complementary assessment measures, adding further insight into the conclusions
obtained from the proposed stability measures. At this point, these quantities are well established
and provide known distinctions between different populations, however, there remains a gap in
using them to obtain relevant and reliable estimates of stability. Thus, rather than relying on these
measures to quantify stability themselves, temporo-spatial parameters could help to clarify the
distinction between multiple populations who present with different levels of stability. This is
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particularly important in the search for a comprehensive means to quantify stability during gait. If
a certain measure correlates well with typical gait characteristics, in terms of temporo-spatial
parameters, then it may be validated as a viable candidate for the assessment of walking stability.
2.1.2.2 Compensatory Strategies
Compensatory strategies describe body movement techniques used to preserve a steady-state gait
pattern. However, of most interest is the analysis of the recovery responses to perturbed gait, or
the nominal gait pattern of patient populations (e.g., post-stroke, amputees). In this case, the
motion of body segments is tracked to determine the body’s primary strategies to maintain
stability. In gait, these strategies can be further broken down into three subcategories,
differentiated by the governing body segment: (1) stepping strategies; (2) ankle strategies; and (3)
hip strategies.
Stepping strategies relate to the trajectory of the foot during a step, as well as the relative placement
of the foot on the walking surface [57], [58]. Since proper foot placement is vital to gait stability,
these are some of the most commonly investigated strategies, particularly in perturbed walking
environments. One situation that has received great attention is the response to an unexpected trip.
Schillings et al. [59] induced trip-like perturbations while participants walked on a treadmill and
identified two main recovery reactions, the elevating strategy and the lowering strategy. The
decision of which to employ depends on the timing of the perturbation. The elevating strategy,
which involves elevating the swing limb to overcome a trip, is typically exercised during
perturbations applied during the early stages of the swing phase [58]. This effectively lengthens
the step and increases toe clearance [58]. In exercising such a technique, an individual is able to
complete the disturbed step without having to slow down. Meanwhile, the lowering strategy
requires a deceleration of the body as the perturbed step is aborted [58]. This strategy involves
dropping the foot to the walking surface as fast as possible and occurs for mid to late swing
perturbations. Further work by Schillings et al. [60] uncovered another strategy that applies the
elevating and lowering strategies in succession, the delayed lowering strategy. After elevating the
foot in attempt to overcome the trip and maintain speed, the foot is instead lowered to the ground.
Originally, this technique was observed to occur during the transition between early to late swing
(i.e., mid-swing); however, Forner Cordero et al. [58] concluded that it is also elicited by prolonged
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perturbations in early swing. Since then, most of the work surrounding trip responses has focused
on the transition between strategies [61], along with investigating other factors that may affect
strategy selection [58], [62].
Though important, trips present just one condition for which stepping strategies need to be
understood. Other studies have examined not only stepping strategies, but also ankle strategies,
which consist of three-dimensional (3D) rotations about the ankle joint [47], [57], [63]. The
consensus among the studies conducted by Hof [47], [57] and Reimann [63] is that, although both
strategies are critical to maintaining stable gait, their contributions are significantly different. On
the one hand, the ankle strategy offers a quick response, but can only be used to accomplish minor
corrections. On the other hand, the stepping strategy has the capacity to make much larger
corrections; however, response is slower because it requires the execution of a step. Under the
stepping strategy, a decision on where to place the foot must be made well in advance. Once that
decision is made and a walker enters the swing phase of gait, the opportunity to correct foot
placement is very limited [47]. The ankle strategy helps to mediate incorrect foot placement by
making minor adjustments through the stance phase [47], [57].
Hip strategies focus, as expected, on motion about the hip joints. Beginning with the work of Horak
and Nashner [64], these movements have been studied extensively in human standing. The process
is slightly more complicated in gait as forward locomotion requires continuous movement through
the hip. Flexion and extension of the hip are certainly vital components, although, in terms of
stability, most of the interest lies in circumduction and pelvic tilt. Circumduction is characterized
by excessive hip abduction of the swing leg, whereas pelvic tilt refers to a frontal plane elevation
of the pelvis on the side of the swing leg [65]. These strategies are typically observed in patient
populations with loss of lower limb function [65], [66], or in response to inclined walking surfaces
[67].
Compensatory strategies during walking have already been investigated in a variety of conditions,
including normal walking [47] or in the presence of pushes and pulls at the trunk [57] and leg [68],
translations of the walking surface [69], sinusoidal oscillations of the walking surface [48], [56],
[70], [71], a rocky walking surface [53], galvanic vestibular stimulation [63], and induced trips
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[58]–[62], [72]. With this extensive work, compensatory strategies may be better suited as
secondary assessment measures, similar to the temporo-spatial parameters, as they provide a more
detailed insight into the mechanics of gait. Applied in combination with stability measures, they
may assist in explaining observations and validating results.

2.1.3 Proposed Gait Stability Measures
2.1.3.1 Largest Lyapunov Exponent
The Lyapunov exponent is a measure that arises from dynamical systems theory which, in short,
attempts to describe the time dependence of points in geometric space. In particular, the Lyapunov
exponents quantify the average exponential rates of divergence or convergence of nearby orbits in
space, over time [37]. For an n-dimensional dynamical system, there exist n Lyapunov exponents,
each describing the linear expansion or contraction along a particular direction. To help visualize
the concept, imagine a 3D sphere. As time progresses, suppose this sphere evolves into an
ellipsoid. The rate of expansion or contraction of the 3 principal axes are described by 3 Lyapunov
exponents which, taken together, are known as the Lyapunov spectrum [37], [38]. Positive and
negative exponents indicate expansion and contraction, respectively. Adding the first two
Lyapunov exponents together provides the growth rate of the area defined by their respective
principal axes. Furthermore, adding all three Lyapunov exponents together gives the growth rate
of the system’s volume [37]. Oftentimes, rather than the dynamical system simply expanding or
contracting, as is the case in a sphere evolving into an ellipsoid, the system will fluctuate around
an attractor, a region of space towards which trajectories converge over time. Here, both positive
and negative exponents will be present as the system both diverges from (i.e., small fluctuations),
and converges towards, the steady-state path. The presence of one or more positive exponents
indicates a chaotic system as these are directions undergoing repeated, yet unpredictable,
expansion and contraction [37], [38]. This is the case in human gait as a person tends to move
along the same general path throughout the gait cycle; however, there are slight deviations in the
cycle from stride to stride. With all of this in mind, an estimate of the largest positive Lyapunov
exponent will reveal the greatest rate of divergence from the steady-state trajectory [15]. In terms
of gait, this may be interpreted as the degree of stability: an individual’s capacity to dampen small
inertial disturbances that cause fluctuations in the gait cycle and remain on a steady path.
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For continuous dynamical systems, the equations of motion are usually known explicitly, and there
is a straightforward technique to determine the complete Lyapunov spectrum. However, for
discrete time series of finite length, as is the case with gait data, the equations are unknown and
this technique cannot be applied [37], [38]. Two algorithms have been developed to compute the
Lyapunov exponents from an experimental time series. In the first, Wolf et al. [37] developed a
method to determine the entire Lyapunov spectrum from a time series. Meanwhile, the approach
of Rosenstein et al. [38] is used to calculate only the largest Lyapunov exponent. Both techniques
compute the largest Lyapunov in a similar manner [15]; however, the algorithm by Rosenstein et
al. is more often used as it takes advantage of all the available data and requires less computation
[38].
To apply the algorithm by Rosenstein et al. [38] to human gait, system dynamics must first be
approximated by reconstructing an n-dimensional state-space from a single time series of
experimental kinematic data. This is accomplished using the method of delays [37], [38], [49],
[73]. The general form of the state-space is:
𝑋1
𝑋2
𝐗=[ ]
⋮
𝑋𝑀

(1)

𝑋𝑖 = [𝑥𝑖 , 𝑥𝑖+𝐽 , 𝑥𝑖+2𝐽 ∙∙∙ 𝑥𝑖+(𝑑𝑒−1)𝐽 ]

(2)

where Xi is the state of the system at point i:

where each xi is a data point from the original time series of length N, J is the lag, and de is the
embedding dimension. Therefore, X is an M x de matrix where M = N-(de-1)J.
The lag, J, is estimated, in number of samples, by the first minimum of the average mutual
information function [7], [15], [22], [28], [74], [75]. This method provides an estimate of the delay
that is neither too small, resulting in a delay-embedded time series very similar to the original time
series, nor too large, which could result in a delay-embedded time series that is completely
independent of the original time series. The first minimum of the average mutual information
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function provides the most suitable estimate of delay to reconstruct a delay-embedded state space
that best represents the dynamics of the system.
The embedding dimension, de, is estimated using a false nearest neighbors analysis [7], [15], [22],
[28], [75], [76]. As de increases, subsequent computation increases; however, using a de that is too
small increases the number of false nearest neighbors (i.e., neighbors that appear close in a lowdimensional space but far in a higher-dimensional space) [76]. Therefore, a false nearest neighbors
analysis seeks to identify the minimum embedding dimension that minimizes the number of false
nearest neighbors. Ideally, the minimum embedding dimension would be one that eliminates all
false neighbors and thereby identifies only the true neighbors. However, this often leads to large
estimates of the embedding dimension. A more realistic approach is to set a threshold for the
allowable number of false nearest neighbors (e.g., less than 1%) and determine an embedding
dimension that meets that criteria.
With a properly reconstructed state space, the next step of the algorithm by Rosenstein et al. [38]
is to identify the initial nearest neighbor for each data point. Iterating through each point (i.e.,
reference point) in the state space, first the Euclidean distance between that reference point, Xj,
and all other points in the state space is determined (i.e., M-1 distances). The initial nearest
neighbor, Xĵ,, is then identified by searching through all successive points in the vector of
calculated distances to identify the data point that minimizes the Euclidean distance to the
reference point:
𝑑𝑗 (0) = min‖𝑋𝑗 − 𝑋ĵ ‖
𝑋ĵ

(3)

where dj(0) is the initial distance from the jth point to its nearest neighbor.
To ensure nearest neighbors are not selected from the same period, an additional restriction is
imposed in which nearest neighbors must have a temporal separation greater than the mean period
of the time series. In terms of human gait, this means that nearest neighbors must be separated by
at least one period of the gait cycle.
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Then iterating through each pair of nearest neighbors, j, the separation distance, dj+k, between them
is calculated for each successive step in the state-space. Separation distances are calculated at
successively larger step sizes, k, from the reference point:
𝑑𝑗+𝑘 = ‖𝑋𝑗+𝑘 − 𝑋ĵ+𝑘 ‖

(4)

Theoretically, the distances can be calculated step-by-step from the reference point until the end
of the time series. However, in iterating through the state space, each pair of nearest neighbors will
be one step closer to the end, thus eliminating the largest step size and the corresponding distance
that can be calculated at that point. As a result, the separation distance at the largest step sizes can
only be calculated for the first few pairs of nearest neighbors. This is important for the next part
of the algorithm as the separation distances for all nearest neighbors are grouped together, based
on step size, and averaged to compute the mean separation of initial nearest neighbors at every
step size. For the intervals spanning close to the entire time series, the mean separation distance
will be calculated from a small subset of values. With that in mind, best practice is to specify a
maximum step size and iterate only up to the pair of nearest neighbors that lies that length (i.e.,
maximum step size) away from the last element in the state space. In doing so, the mean separation
distances at every step size will be averaged using the same number of values. Finally, the natural
logarithm of each of the mean separation distances is calculated and plotted against the step sizes
for which they were calculated. The largest Lyapunov exponents are then calculated as the slope
of this mean divergence curve.
When applying the largest Lyapunov exponent to human gait, a few considerations and best
practices should be followed. First, prior to state-space reconstruction, the time series should be
normalized to an average number of data points per stride (i.e., 101 is typical) [22], [28], [49],
[73], [75]. In addition, if the intent of an assessment or study is to compare results between
participants and conditions, it is important that each time series collected contains the same number
of strides. Meeting both these criteria ensures that each state space contains the same number of
strides and data points [15]. The optimal number of strides necessary to reach precise estimates of
the largest Lyapunov exponent, and thus draw conclusions, is not yet completely established.
Bruijn et al. [73] suggest time series with at least 150 strides as they demonstrated a limited
increase in statistical precision past that point. However, there are ample studies that have drawn
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conclusions using less than the recommended 150 strides [2], [18], [49], [75], [77], [78]. In fact,
Sloot et al. [77] showed that, at a group level, multiple episodes of 7 strides can be used to
demonstrate the destabilizing effects of galvanic vestibular stimulation (GVS). However, a
corresponding increase in the maximum Lyapunov exponent has been observed for increasing time
series length [73]. It has been suggested that this may be due to a more densely populated state
space, which increases the likelihood that nearest neighbors are initially closer together [73].
Another common practice is to express the Lyapunov exponent as divergence per stride; therefore,
step sizes along the horizontal axis of the mean divergence curve should be rescaled in terms of
strides, rather than data points. So long as the original time series was normalized to an average
number of data points per stride, rescaling simply requires dividing the axis values by that number.
Over time, two separate largest Lyapunov exponents have been considered, differentiated by the
region over which the slope of the mean divergence is calculated. The short-term Lyapunov
exponent, λS, is calculated from 0 to 1 strides, whereas the long-term Lyapunov exponent, λL, is
calculated from 4 to 10 strides. Thus, the maximum step size can be defined using these criteria.
If only calculating λS, the maximum step size need only be set to 1 stride, which has the benefit of
reducing the computation time. However, if only λL is desired, the step sizes can be specified as a
range from 4 to 10 strides. In the event that both exponents are needed, specifying a maximum
step size of 10 strides allows both to be calculated. Though both λS and λL are often reported, many
studies have shown that λS, and not λL, is correlated to decreased stability during gait, which in
consequence has led to the assumption that only λS needs to be reported in human gait studies [15].
As an alternative to reconstructing a state space using the method of delays, recent studies have
constructed biomechanical state spaces [17], [79]. Rather than using multiple time-delayed copies
of an individual time series, a combination of the 3D position, velocity and acceleration time series
is used to characterize the system. In their comparison of various state spaces, Gates et al. [80]
recommended the use of biomechanical state spaces composed of positions and velocities, or
delay-embedded state-spaces reconstructed from an individual time series. Note that the algorithm
by Rosenstein et al. [38] is applied in the same manner, regardless of the method used to create the
state space.
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The main advantage of using the largest Lyapunov exponent to quantify gait stability is the ability
to use any source of kinematic data, irrespective of the reference frame [15]. The major stipulation,
however, is that the data must be free of non-stationarities: any noise or induced deviations from
the typical path will affect the estimate. To reduce noise, filtering is possible, but that runs the risk
of also eliminating some of the inherent temporo-spatial fluctuations in the data. Though the
requirement of stationarity prevents the study of mechanically perturbed gait (i.e., induced slips or
trips), it is possible to analyze gait at fixed inclines or under continuous pseudo-random oscillations
[22], [28], [75], [81].
Despite the proven ability of the largest Lyapunov exponent to distinguish between groups with
varying levels of stability, it may not be an appropriate measure for individual-level assessment.
As mentioned, the most precise estimates of the largest Lyapunov exponent are attained with a
time series length of 150 strides or more. For many individuals with reduced stability during gait,
this is not practical as mobility impairments often prevent them from walking long distances.
Therefore, use of the largest Lyapunov exponent may be more appropriate for performing grouplevel analyses in an experimental setting where multiple walking trials of shorter duration can be
used.
2.1.3.2 Maximum Floquet Multiplier
Like Lyapunov exponents, Floquet multipliers are also used in the assessment of dynamical
systems. However, rather than quantify the rate of divergence (or convergence) of the system over
time, as is accomplished with Lyapunov exponents, Floquet multipliers quantify the rate at which
all trajectories diverge (or converge) from the limit cycle trajectory (i.e., closed orbit) [15], [29].
In Floquet theory, the system is assumed to be strictly periodic [15], [22]: each cycle is independent
from the next and presumed to follow the same general path, the limit cycle. In the presence of
finite perturbations, every consecutive orbit will differ slightly as it either diverges from, or
converges towards, the closed orbit. The rate of divergence or convergence between successive
orbits is quantified by the Floquet multipliers. In essence, the Floquet multipliers act as scaling
factors for the next orbit. Just as with Lyapunov exponents, there exist n Floquet multipliers for an
n-dimensional dynamical system, with each multiplier describing the rate of divergence or
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convergence towards the closed orbit along one of the principal axes. Any fluctuation from the
closed orbit along a particular direction is multiplied by its respective Floquet multiplier by the
subsequent cycle [7]. Multiplier values greater than 1 indicate divergence from the limit cycle (i.e.,
small perturbations grow by the subsequent cycle), whereas values less than 1 indicate
convergence towards the limit cycle (i.e., small perturbations diminish by the subsequent cycle).
With that in mind, the limit cycle can be deemed stable if and only if all of the Floquet multipliers
are less than 1. Therefore, all that is needed to classify a limit cycle as unstable is the presence of
one multiplier greater than 1. This justifies the calculation of only the largest Floquet multiplier:
if the largest multiplier is less than 1, all are less than 1, and the limit cycle is orbitally stable.
Again, similar to the Lyapunov exponents, calculation of Floquet multipliers is relatively
straightforward when the equations of motion are known. In this case, the limit cycle trajectory is
given by the equations themselves. However, in experimental gait data, the equations of motion
are unknown, and the closed orbit must be determined by other means. In addition, another issue
arises in conceptualizing how finite perturbations may be applied to the state variables (i.e.,
kinematic time series) during gait [15]. Hurmuzlu et al. [29] addressed both of these issues in
introducing a method to estimate gait stability using the maximum Floquet multiplier. First, the
closed orbit is taken as the mean trajectory of all the independent orbits, with each orbit being one
stride (i.e., one iteration of the gait cycle). Second, they assumed that the natural variability in
human gait eliminates the need to apply actual, physical perturbations.
Prior to applying the algorithm outlined by Hurmuzlu et al. [29] to calculate the largest Floquet
multiplier, the system dynamics need to be characterized by creating a state space using either of
the two options discussed in the previous section: biomechanical or delay-embedding. With an
appropriate state space, the next step is to segment the data into individual strides and timenormalize each stride into 101 samples, with each sample representing the state of the system at a
certain percent of the gait cycle (0-100%). Using the normalized data, a Poincaré section can be
defined for every percent of the stride. Briefly, a Poincaré section is a plane that intersects an orbit
perpendicular to the line of trajectory. In this context, each percent of the gait cycle can be
interpreted as a plane and, thus, a Poincaré section. Creating each Poincaré section is accomplished
by reorganizing the data according to the points in the gait cycle on a per stride basis. In matrix
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form, this results in 101 matrices (one for each percent of the gait cycle), all with a size K x n,
where K is the total number of strides and n is the dimensionality of the state space. In turn, these
Poincaré sections are used to create 101 Poincaré maps, otherwise known as first-recurrence maps,
that describe the state of the system after one cycle (Sk+1) as a function of its current state (Sk),
where k refers to the stride of interest:
𝑆𝑘+1 = 𝐹(𝑆𝑘 )

(5)

This relationship illustrates the major underlying assumption of Floquet theory – periodicity. In
other words, each cycle is expected to closely follow the limit cycle trajectory. It is important to
note that there is no general method to construct a Poincaré map, particularly for higher
dimensional systems. Rather, the theory behind a Poincaré map provides the basis to define the
limit cycle trajectory. Knowing that the limit cycle trajectory is a closed orbit, every point will be
the same for each successive cycle. These are assumed to be the fixed points of the trajectory,
defined as:
𝑆 ∗ = 𝐹(𝑆 ∗ )

(6)

Figure 2.1 provides a visual aid for understanding the relationship between the Poincaré section,
the Poincaré map, and the limit cycle trajectory.
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Sk

F(Sk)
S*

Poincaré section

Limit cycle

Figure 2.1: Illustration of the Poincaré section, the Poincaré map, and the limit cycle trajectory. The
Poincaré section intersects the trajectory at a plane perpendicular to the direction of flow. The Poincaré
map projects the point Sk onto point F(Sk), both on the Poincaré section. The limit cycle returns to the fixed
point, S*, on the Poincaré section.

To determine the closed orbit from experimental gait data, each of the fixed points along the limit
cycle are determined by averaging the points across all strides, for each percent of the gait cycle
(i.e., Poincaré section). Once the limit cycle is known, the Poincaré map can be linearized:
[𝑆𝑘+1 − 𝑆 ∗ ] ≈ 𝐽(𝑆 ∗ )[𝑆𝑘 − 𝑆 ∗ ]

(7)

where J(S*) is the Jacobian matrix for each Poincaré section (i.e., percent of the gait cycle).
Performing a few matrix operations will then provide J(S*):
𝐽(𝑆 ∗ ) ≈ [𝑆𝑘+1 − 𝑆 ∗ ] ∙ [𝑆𝑘 − 𝑆 ∗ ]−1

(8)

Note that the matrix [Sk – S*] is of size K x n and, thus, not square. Therefore, the pseudoinverse
is determined using a least-squares algorithm.
Finally, the magnitudes of the first n (i.e., dimension of state space) eigenvalues of each Jacobian
matrix are the Floquet multipliers for each percent of the gait cycle. To visualize the progression
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of orbital stability throughout the gait cycle, the maximum of the n multipliers is taken at each
section. Averaging these 101 values will provide the maximum Floquet multiplier, and the mean
level of stability, over the entire gait cycle. In some cases, instead of taking the single maximum
of the n Floquet multipliers for each percent of the gait cycle, the mean value is calculated. Thus,
each of the values is a mean Floquet multiplier rather than a maximum. This method is thought to
provide a better overall measure of stability [15].
Another important remark is that the sampling point for each Poincaré section is arbitrary as, in
theory, Floquet multipliers should remain constant throughout the gait cycle [29]. Therefore, the
phase of the gait cycle used to segment the successive strides (e.g., heel strike or toe-off) is also
arbitrary. Though relatively intuitive, it is vital that each segment stride begins and ends at the
same instant of the gait cycle as segments will be normalized and compared against each other to
compute the Floquet multipliers.
Since Lyapunov exponents and Floquet multipliers are both derived from dynamical systems
theory, they share a number of common features when applied to experimental gait data. Arguably,
one of the most important commonalities is the requirement of relatively long time series of
kinematic data. As mentioned, time series containing at least 150 strides are needed to detect the
variations in human walking [73]. In addition, the data must be free of non-stationarities, which
limits its applicability to various forms of gait (i.e., perturbed gait). Again, similar to the Lyapunov
exponents, the number of strides must be identical between participants and conditions to perform
an acceptable comparison [73].
One of the most obvious differences from the Lyapunov exponents is the observation that the
Floquet multipliers appear to decrease with increasing time series length [73]. Bruijn et al. [73]
speculated that this may be a result of estimating the closed orbit as the mean trajectory: a greater
number of strides leads to a better estimate which, in turn, leads to greater convergence towards
the limit cycle. Due to the requirement for long series of data, Floquet multipliers may be another
measure better suited to research, rather than clinical applications. However, there is still
speculation as to whether or not it is a valid measure for quantifying stability in human walking
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[15]. Further investigation is necessary before this statement can be made with certainty, and the
Floquet multiplier is abandoned as a means to quantify gait stability.
2.1.3.3 Extrapolated Centre of Mass
The XCoM is a quantity derived from biomechanics to describe the stability of human locomotion.
In particular, it is an extension of the inverted pendulum model that is typically used to describe
stability in static conditions (i.e., human standing or sitting) [30], [39], [47], [57]. In the classic
inverted pendulum model, the body is modelled as a single mass balancing on a stick of known
length [39]. This model uses three quantities to describe stability in human standing: the centre of
mass (CoM), the CoP, and the BoS. The CoM is the 3D location of the gravity vector acting on
the body (i.e., centre of gravity), with the body’s mass being modelled as the single mass of the
inverted pendulum. Therefore, the mass acts at a known height above the ground. Meanwhile, the
CoP is the location of the resultant ground reaction vector at the ground surface. With the ground
surface defined as the vertical reference, the CoP is, thus, a two-dimensional (2D) position in the
horizontal plane. Finally, the BoS represents the possible range of the CoP which, in two-legged
standing, is the area beneath and between the feet [39], [47], [57]. An illustration of these quantities
is shown in Figure 2.2.

BoS

CoM

CoP

Figure 2.2: Illustration of the centre of mass (CoM), centre of pressure (CoP), and base of support (BoS)
in human standing.

21

From these quantities, the general condition for static stability is that the vertical projection of the
CoM on the ground must stay within the area defined by the BoS [30], [39], [47], [57]. In other
words, the 2D coordinates of the CoM position on the horizontal plane (i.e., ground surface) must
stay inside the limits set by the BoS. Mechanically, this can be explained in a clear manner using
the inverted pendulum model. When the CoP and the vertical projection of the CoM coincide, the
person is in perfect balance, however, as the CoM drifts away from the CoP location, by means of
a rotation about the ankle joint, a horizontal separation distance is created, and a destabilizing
moment ensues. In order to counteract the destabilizing moment and regain balance, the CoP needs
to be repositioned beyond the CoM, with respect to the centre of rotation (i.e., the ankle). If the
CoP is not adequately repositioned, the CoM will continue to drift further away until it reaches a
position beyond the boundary of the BoS. Because the CoP location is bounded by the limits of
the BoS, if the CoM is already beyond the BoS, the CoP can no longer be repositioned to a position
that allows balance to be regained. In this case, two options are available: (1) do nothing and
experience a fall; or (2) expand the BoS to allow the CoP to relocate to a position that allows the
person to regain balance. The latter of these two options is accomplished by taking a step in the
direction of travel of the CoM.
Though the classic condition for stability, defined above, is reasonable for static cases (i.e.,
standing), it is insufficient to quantify stability in dynamic situations as shown by Pai et al. [82].
In performing tasks such as walking, the CoM position moves at a much higher rate, dictated by
the motion of the walker. As a result, the velocity of the CoM needs to be accounted for [39], [47],
[57], [82]. If the CoM velocity is directed outward, away from the CoP, the CoP would have to be
relocated to a position in which it can create a sufficient counteracting moment to first stop the
outward progression of the CoM, and then move it back to a stable position that coincides with the
CoP. Due to the added need to accommodate for velocity, balance may be impossible despite the
fact that the instantaneous position of the CoM is still within the limits of the BoS [39].
The formula for the XCoM combining both CoM position and velocity was derived from the
inverted pendulum model by Hof et al. [39] and is expressed as:
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XCoM = CoM +

𝑉CoM
𝜔0

(9)

with CoM being the instantaneous position of the CoM, VCoM being the velocity vector of the CoM,
and ω0 being the inverted pendulum’s eigenfrequency. The eigenfrequency is calculated as:
𝜔0 = √

𝑔
𝑙

(10)

where g is the acceleration due to gravity (9.81 m/s2) and l is the equivalent pendulum length.
Thus, in the case of dynamic stability, not only the CoM, but rather the XCoM must remain within
the area defined by the BoS. This condition can be used to specify the margin of stability, MoS,
the distance between the XCoM and the boundary of the BoS:
MoS = BoS − XCoM

(11)

Furthermore, the temporal margin of stability, bτ, quantifies the time available to reposition the
CoP before the XCoM crosses the BoS:

MoSτ =

𝑏
𝑉CoM

(12)

Given equations 9 to 12, four quantities must be determined before computing the XCoM and
using it to quantify stability in human walking: The CoM position and velocity, the area
encompassed by the BoS, and the equivalent pendulum length. For each of these quantities, a
number of proven experimental techniques exist to estimate its value.
First, and typically the most cumbersome to determine is the CoM; however, three different
options are available [83], each presenting its own trade-off between complexity and limitations.
The most complex, yet highly regarded, of these methods is the kinematic method. Despite being
a time-consuming process, it is considered by many to be the gold standard in CoM estimation
[84]. The application of this method combines anthropometric data with skin markers placed on
essential body segments [83]–[85]. The position of the markers is tracked by a motion capture
system. Obtained body orientation data, along with standardized anthropometric measurements
are then used to compute the 3D position of the whole-body CoM by a weighted-sum of the body
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segments’ centres of mass [85]. With this technique, the degree of precision relies heavily on
correct placement of the markers and accurate anthropometric data, the latter of which was
evidenced by a study of Lenzi et al. [86].
Both the zero-point-to-zero-point [87]–[89] and low-pass filter [90] techniques for CoM estimation
are based on the CoM’s relationship to the CoP. They present a much simpler approach, relying
only on force plate data; however, neither is able to predict the height of the CoM. Therefore, these
options only allow for the vertical projection of the CoM to be determined [83]. Fortunately, only
the 2D coordinates of the CoM on the walking surface are necessary as the margin of stability is a
measure of the distance between the limits of the BoS and the XCoM on the horizontal walking
plane. Thus, this major limitation does not inhibit the accurate prediction of the XCoM and the
margin of stability, leaving them to be the preferred CoM estimation options due to their simplicity.
It is important to note that stability assessment should be performed separately for the ML and
anteroposterior (AP) directions as the mechanics of each differ significantly in gait. With respect
to the ML direction, stability analysis is completely warranted and produces expected results.
However, forward progression requires that the CoM repeatedly passes beyond the BoS.
Therefore, when gait stability is assessed in the AP direction, negative values for MoS and MoSτ
are found [15]. From theory, these results indicate instability and the need for voluntary action to
extend the BoS. This is exactly what occurs during gait: the CoM extends beyond the BoS,
resulting in a negative margin of stability value, and a step is taken to extend the BoS beyond the
CoM to maintain stability. Despite the evidence of instability, stable gait is maintained which leads
to questions about the pertinence of stability assessment in the AP direction [15]. Based on this
outcome, the margin of stability may not be a valid tool to assess stability in the sagittal plane, in
the traditional sense. However, it is certainly possible that it still provides relevant information for
gait assessment. In agreement with this line of thought, Bruijn et al. [15] suggest that it may reveal
information on foot placement and stepping strategies.
Since its introduction, the XCoM has been used extensively in a variety of gait studies: with nondisabled participants [3], [19], [95]–[100], [39], [47], [56], [57], [91]–[94] and prosthetic users
[47], [95], [100], to quantify stability in the ML [3], [19], [39], [47], [56], [57], [91]–[93], [95],
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[96]–[98], [100] and AP [3], [17], [102], [19], [39], [56], [93], [94], [98], [99], [101] directions,
and in normal [3], [39], [47], [56], [91]–[93], [96] and perturbed [17], [19], [57], [94], [95], [97]–
[99], [101] walking. Based on this information, one of the major advantages of the XCoM is its
applicability to both normal and perturbed gait [15]. Moreover, it can be implemented on a sampleby-sample basis, meaning there is no restriction on the length of time series required. These
elements are incredibly attractive for both clinical and experimental applications.
2.1.3.4 Stabilizing and Destabilizing Forces
Another measure derived from biomechanics is the concept of stabilizing and destabilizing forces
[40]. Although these quantities were first applied to gait by Duclos et al. [40], the destabilizing
force was originally introduced by Delisle et al. [103] to quantify stability during a lifting task. As
with the XCoM, both forces are explained by the inverted pendulum model. First, the stabilizing
force is the force necessary to stop the CoM from moving past the limits of the BoS [40]. To
understand this quantity, recall the case in which the inverted pendulum is drifting away from
equilibrium, the point at which the CoP and vertical projection of the CoM coincide. As the
horizontal distance between the CoP and CoM increases, there is a proportional increase in the
velocity of the CoM. Accordingly, the system as a whole gains mechanical energy. In order to
regain equilibrium, that mechanical energy must be canceled out by the stabilizing force [31]. To
find a mathematical description for the stabilizing force, begin with an expression for the work
required to bring the CoM to a standstill:
𝑊 = ∆𝐸 = 𝐸f − 𝐸i

(13)

where ΔE is the change in energy between the limit of the BoS (Ef) and the current position of the
participant (Ei). Note that calculation of the stabilizing force is completed at a given instant in
time; therefore, there is no displacement of the CoM and, thus, no change in gravitational potential
energy. Consequently, the work is due solely to the change in kinetic energy; however, since the
overarching goal is to cancel out mechanical energy and stop the CoM, the participant will be at
rest in the final state. The expression for work is then:

𝑊 = 0 − 𝐸i = −

2
𝑚 ∙ 𝑉CoM
2

(14)
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where m is the mass of the participant. This is simply the kinetic energy of the CoM at the current
position of the participant and, thus, the work needed to bring it to a standstill at the BoS limit. At
the same time, the work required to bring the CoM to a standstill can be achieved by the stabilizing
force (FS) acting over the minimum distance between the CoP and the boundary of the BoS:
𝑊 = 𝐹S ∙ 𝑑CoP

(15)

where dCoP is the minimum horizontal distance between the CoP and the vertical projection of the
limit of the BoS, in the direction of VCoM. Combining equations 19 and 20, and isolating FS yields:

𝐹S = −

2
𝑚 ∙ 𝑉CoM
2 ∙ 𝑑CoP

(16)

which can be used to calculate the stabilizing force in either the AP or ML direction. Expressed in
vector notation, the stabilizing force is:
𝐹⃑S = −

⃑⃑CoM ∙ 𝑉
⃑⃑CoM )
𝑚 ∙ (𝑉
𝑑⃑CoP
2
2 ∙ 𝑑CoP

(17)

which can be used to calculate an overall stabilizing force in the direction of VCoM.
Next, the destabilizing force is the force necessary to tip the participant (i.e., the inverted
pendulum) over [15]. Formally, it is the theoretical force necessary to bring the CoP to the limit of
the BoS [40]. To understand the relationship between these definitions, recall that the BoS
represents the potential range of the CoP. Movement of the CoP within the BoS occurs in an
attempt to counteract the destabilizing moment caused by a deviation of the vertical projection of
the CoM from the CoP. Clearly, the more the CoP moves away from equilibrium, the larger the
counteracting moment it enduces. The limit of the BoS acts as the endpoint for extension of the
CoP, therefore, it defines the point at which the maximum counteracting moment may occur. This
is the tipping point as any destabilizing moment larger than this value will cause the participant to
fall. This concept provides the theoretical background for the destabilizing force. Mathematically,
this can be expressed as:
𝑀D = 𝐹D ∙ ℎCoM

(18)
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where MD is the torque necessary to tip the participant over, and FD is the destabilizing force
applied at the height of the CoM, hCoM. The torque can also be quantified by:
(19)

𝑀D = 𝑅Z ∙ 𝑑CoP

where RZ is the vertical component of the ground reaction force. Combining equations 23 and 24
and isolating for FD, an expression for the destabilizing force is attained:

𝐹D =

𝑅Z ∙ 𝑑CoP
ℎCoM

(20)

which can be used to calculate the destabilizing force in either the AP or ML direction. Expressed
in vector notation, the stabilizing force is:
𝐹⃑D =

𝑅⃑⃑Z ∙ 𝑛⃑⃑
𝑑⃑
ℎCoM CoP

(21)

where 𝑛⃑⃑ is the unitary vector normal to the contact surface. This expression can be used to calculate
an overall destabilizing force in the direction of VCoM.
In terms of stability, theory dictates that the lower the stabilizing force, the easier it is for the
participant to maintain stability by keeping the CoM within the BoS. In comparison, the lower the
destabilizing force, the easier it is to move the CoP to the limit of the BoS, indicating reduced
stability.
Finally, Duclos et al. [40] proposed a ratio of the forces, deemed the index of stability:
Index of stability =

𝐹D
𝐹S

(22)

The thought here is that the higher the ratio, the lower the cost to maintain stability and, thus, the
higher the level of overall stability [40]. Concerning each quantity, this would mean a high
destabilizing force and low stabilizing force are required to achieve superior stability.
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It is worth noting that both the stabilizing and destabilizing forces may be calculated per sample,
so there is no need for excessively long time series. In theory, the index of stability could then be
calculated on a per sample basis as well. The problem with that approach is that it may not provide
any useful information. Rather, a mean stability index over a step, or consecutive steps, may be of
more use.
Looking a little closer at both the stabilizing and destabilizing forces, it is apparent that each relies
on entirely different sets of assumptions. The destabilizing force, based on static assumptions,
appears to be a measure of postural balance [104]. For this reason, some regard it as being too
simplistic for gait applications [15]. In contrast, the stabilizing force takes into account movement
speed, thereby quantifying dynamic balance [104]. Because of these distinctions, Bruijn et al. [15]
suggested that the index of stability is an unsuitable means to evaluate stability. Further, the
criticism of the index and destabilizing force led to the belief that the stabilizing force, by itself,
may be sufficient to quantify dynamic stability [15]. Similar to the XCoM, if the stabilizing force
were to be combined with a theoretical maximum force, it may provide its own margin of stability
to predict when an extension of the BoS is needed [15]. More than likely, this would only be
practical for the ML direction since an extension of BoS will require the stabilizing force to exceed
the theoretical maximum in the AP direction. An investigation into whether or not this is the case,
and if so, by how much the stabilizing force needs to exceed the maximum to meet certain
conditions (e.g., speed, step length, etc.) presents a great opportunity for future research.
Judging by some of the most recent studies that have applied both the stabilizing and destabilizing
forces while leaving out the index of stability [104]–[107], it seems there may be mixed opinions
concerning the suggestions of Bruijn et al. [15]. On the one hand, leaving out the index of stability
may suggest the belief that it is inappropriate to use a ratio of forces derived from completely
separate assumptions. On the other hand, inclusion of the destabilizing force indicates that it may
provide some indication of stability, despite its simplicity. To reinforce the latter point, Lemay et
al. [106] stated that analysis of both components of balance, i.e., postural (via destabilizing force)
and dynamic (via stabilizing force) balance, are necessary to characterize walking performance in
individuals with incomplete spinal cord injury. Still, there is opportunity to develop an improved
form of the destabilizing force that takes into account movement speeds and accelerations.
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Since their introduction to gait applications [40], stabilizing and destabilizing forces have only
been used to quantify gait stability a handful of times [40], [104]–[109]. In all cases, overall
stabilizing and destabilizing forces were computed in the direction of CoM velocity, rather than in
the ML and AP directions separately. This seems inappropriate given that the characteristics of
gait are very different between these directions. An investigation into the different force values,
and the factors that influence those values, in either direction is surely warranted.
Although Bruijn et al. [15] did not include the stabilizing and destabilizing forces as a measure
that can be used to assess stability in response to perturbations, the general nature of the measure
should certainly permit it to be applicable to walking in perturbed environments. At the time of
publication, no studies had been conducted in which the stabilizing and destabilizing forces were
used to evaluate stability in response to perturbations. However, Ilmane et al. [109] recently
investigated dynamic and postural balance of non-disabled participants in response to slip-like
perturbations on a split-belt treadmill. Though they admit further study is necessary, it was
indicated that stabilizing and destabilizing forces may be useful to gauge balance difficulty in
perturbed environments [109]. Interestingly, they also pointed out that the stabilizing and
destabilizing forces could present a valuable means to detect the most suitable magnitude of
perturbation for gait balance training [109]. This is an intriguing opportunity that deserves further
attention, potentially using different types of mechanical perturbations (e.g., platform translation)
and in fall-prone populations (e.g., prosthetic users). In addition, it would be interesting to see the
effect of walking at various slopes or on an irregular surface on the stabilizing and destabilizing
forces.
2.1.3.5 Gait Sensitivity Norm
The GSN [41] is a measure that owes its roots to robotics research. In short, it aims at quantifying
the ability of a walker to resist falling over in the presence of relatively large disturbances. Of
course, the key element to that statement, the ability to resist falling, is the overall goal of gait
stability research. The GSN aims to accomplish that goal by applying a specific perturbation (i.e.,
disturbance) to the walker and analyzing the dynamic response of a specific gait indicator [41]. In
this case, the term ‘specific’ entails that the quantity (i.e., perturbation or gait indicator) must be
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measurable and related to the objective of the study. Individually, the chosen perturbation (e.g.,
push, pull, change in floor height) needs to be able to provoke the meaningful ways to fall (i.e.,
failure modes), while the gait indicators (e.g., step time, step width, margin of stability) should
reflect the gait characteristics directly related to those failure modes [41]. With the perturbations
and gait indicators acting as the input and output, respectively, the dynamic response of the system
is given by the variability of the gait indicator as a result of the perturbation [41]. The greater the
variability, the higher the dynamic response (i.e., GSN) and, thus, the greater the instability. A
walker who is able to limit gait variability and swiftly return to the nominal gait pattern after being
subject to a perturbation will exhibit a lower GSN value and be deemed more stable. Therefore,
another interpretation of the GSN is that it quantifies how fast the walker returns to its nominal,
steady-state gait pattern.
When introducing the GSN measure for stability, Hobbelen et al. [41] described two methods of
computation: the direct input-output identification method and the state-space description method.
The direct input-output identification method is better suited for real-life applications such as robot
prototypes, whereas the state-space system description is preferred for simulation purposes [41].
Going forward, only the direct input-output identification method will be described as the intent
of this review is to identify measures able to quantify stability in human walking, a real-life
application.
Calculation of the GSN for physical prototypes is as follows:
1. choose a perturbation (e0) based on the failure modes to be investigated;
2. choose gait indicators (gk) that are most related to the expected failure modes. Note that
multiple gait indicators, denoted by k, may be included in the GSN calculation, if desired;
3. estimate the steady-state value of each of the gait indicators (gk*). This is accomplished by
performing a steady-state walking trial (i.e., no perturbations) and taking the nominal value
of the gait indicator as the mean value over multiple strides;
4. perform a perturbed walking trial in which the gait indicators are measured during
consecutive strides, gk(i), following the disturbance. Note that consecutive strides are
denoted by i; and
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5. assuming a linear relationship between perturbation size and response of the gait indicator,
compute the dynamic response to a perturbation using the H2-norm:
𝑞

∞

𝜕g
1
√ ∑ ∑(g 𝑘 (𝑖) − g ∗𝑘 )2
‖ ‖ =
𝜕e 2 |𝑒0 |

(23)

𝑘=1 𝑖=0

where q is the number of gait indicators.
Since the method outlined above was originally intended to assess gait stability in robots, a few
remarks should be made concerning its applicability to human gait. Primarily, two major concerns
exist. First, by observation of equation 28, it can be seen that the gait indicators need to be tracked
for an infinite number of steps, an impossible feat in physical applications [15]. Assuming an
individual does not fall immediately following a perturbation, it may be assumed that they will
return to their nominal gait pattern after a certain number of recovery steps. Fortunately, there is
evidence to support this assumption, such as the work of Cordero et al. [58] who recommended
incorporating at least three strides in any study investigating gait recovery following a
perturbation.
The second concern with the application of GSN to human gait is a consequence of the natural
variability of human gait. Bruijn et al. [15] contended that the natural variability of a gait indicator
might overestimate the GSN and provide an erroneous measure of stability. To solve this issue,
they proposed normalizing the transient variability in the GSN calculation by removing the steadystate variability of the gait indicator [15]. Thangal et al. [110] applied this scheme while using the
GSN to assess stability in a neuromusculoskeletal (NMS) model. The modified form of the GSN
formula, accounting for natural variability is given by:
𝑞

∞

𝜕g
1
2
√ ∑ ∑(g 𝑘 (𝑖) − g ∗𝑘 − g 𝑘 𝑆𝑆𝑣𝑎𝑟 )
‖ ‖ =
𝜕e 2 |𝑒0 |

(24)

𝑘=1 𝑖=0

where gkSSvar is the steady-state variability of the gait indicator.
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In the assessment of the NMS model, a sensitivity analysis demonstrated that the steady-state
variability was negligible in comparison to that induced by the perturbation [110]. Notably, the
study focused on a simulated model; therefore, it is possible that steady-state variability would be
larger in physical studies with human participants. This would certainly have to be investigated.
According to the step-by-step procedure, two trials are necessary to compute GSN values in
physical studies: steady-state and perturbed. Alternatively, these may be combined into one trial
so long as the participant is allowed to walk at steady-state for a sufficient number of strides prior
to, or just after the perturbation. Nominal values of the gait indicators can be estimated by taking
the mean across the steady-state walking strides over the desired period (i.e., before or after
perturbation). In either case, it is important that the first few strides be omitted from the mean
calculation as these are transient strides. In the event that nominal gait occurs prior to the
perturbation, gait initiation will create the added variability to the first few strides. Meanwhile,
when nominal values are estimated from steady-state walking that occurs after the perturbation,
variability will be a result of the perturbation. After a few transient recovery strides, an individual
will return to the nominal gait pattern [58], at which point steady-state values of the gait indicators
can be estimated. Therefore, when employing a combined method (i.e., single trial) for data
collection, it is imperative that the first few strides be omitted. The exact number should be
determined experimentally or from literature.
To date, the majority of literature surrounding the GSN deals with its application to actual robots
[41], [111], [112] or simulated models [41], [110]–[115]. In these contexts, the GSN has been
shown to correlate well with actual disturbance rejection (ADR), thereby proving it to be a useful
measure in robotics research. Use of the GSN in human walking is limited to two instances in
which data was presented at a conference [32], [42]. Both times, the assumption of a linear
relationship between the perturbation and gait indicators was investigated and proven to be valid.
The most recent study [42] also reached the conclusion that higher perturbation magnitudes appear
to provide better statistical precision.
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2.1.3.6 Variability Measures
In the context of gait, variability refers to the amount of fluctuation of a particular parameter over
successive walking strides. The use of variability as a measure of gait stability is based on the
belief that an increase in variability is indicative of reduced stability [15]. In certain simple
dynamical systems, this rationale holds true; however, as the complexity of the system grows, the
argument changes. In complex dynamical systems, such as human gait, it is possible that a large
portion of the variability is an element of the control strategy [15], [116], [117] or due to the
multiple degrees of freedom available to the system [15]. This view is supported by experimental
evidence that, for example, has demonstrated decreased variability in participants with anterior
cruciate ligament deficiency in comparison to non-disabled controls [118]. Thus, reduced
variability can also be indicative of impairment [116]–[118]. Regardless of these concerns,
variability measures have been shown to indicate instability, by means of fall prediction in older
adults [8], [119].
Conveniently, the calculation of a variability measure is remarkably straightforward – it merely
requires computing the standard deviation of the chosen gait variables [119]. First, the investigator
must decide on which walking parameters to analyze for a certain walking trial. Note that these
may include discrete (e.g., step width, stride length) or continuous (e.g., joint angle time series)
quantities; however, some data processing differences do exist between the two. Discrete variables
are already specific to each stride; therefore, the variability can be determined by calculating the
standard deviation of the values from all strides. Meanwhile, variables given by a time series (i.e.,
continuous) must be cut into strides and time-normalized. Typically, each stride is normalized to
101 data points (0-100% of gait cycle) to enable successive strides to be aligned. The standard
deviation is then computed at each of the aligned points, leaving 101 variability values. These may
be interpreted graphically to identify the points of the gait cycle that exhibit the greatest variability,
or they may be used to find a single mean or summed value.
The clear advantage of the variability measures is the ease of their calculation as it simply requires
choosing gait variables and finding the standard deviation for a number of strides. Despite this,
there are a number of disadvantages that may hinder its utility as a measure of gait stability. First
and foremost is the question of whether or not variability is indicative of instability. Though there
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is evidence on either side of the argument, one certainty is that it cannot be used to characterize
stability in all cases. To understand why, take Bruijn’s example [15] of comparing two individuals
walking with different step widths, but equivalent step width variability. By variability alone, both
participants demonstrate an identical level of stability. However, based on knowledge of the
margin of stability, the individual with a larger step width would be deemed more stable. From
this, it is apparent that an understanding of the constraints (e.g., margin of stability) and control
strategy (e.g., step width) must accompany variability to make a valid assessment of gait stability
[15].
Since the variability measures attempt to quantify gait stability by measuring the fluctuations
around a nominal value, any non-stationarities in the data will lead to an overestimate of
variability, affecting the interpretation of stability. Thus, it is imperative that the data are stationary
[15]. The real-life implication of this is that variability can only be used to assess normal gait on a
level or inclined walking surface, or in the presence of pseudo-random oscillations of the support
surface. Visual oscillations and vestibular stimulation are also possible, but any technique that
introduces non-stationarities by displacing the body (i.e., mechanical perturbations) is not
permitted.
In their 2001 study, Grabiner et al. [120] discussed the issue of inadequate statistical power caused
by the failure to record an adequate number of strides. In this study, analysis included 20 strides
from which to compute the standard deviation. Though significant differences between nondisabled younger and older adults were obtained for certain gait parameters, a number of results
conflicted with what had been previously published in the literature. In addition, there were
noticeable differences in the coefficients of variation reported between studies, with the smaller
coefficients corresponding to those studies that included a greater number of strides. Grabiner
[120] attributed these discrepancies to the unequal number of strides collected in the studies. In
turn, this discussion led to an investigation by Owings and Grabiner [43] to pinpoint the number
of strides for which the maximum precision of variability estimates is obtained. They determined
that precision did not increase for data sets that included 200 strides or more. As with the Lyapunov
exponents and Floquet multipliers, this represents a substantial number of strides. This is a difficult
feat for many patient populations, thereby diminishing the usefulness of the variability measures
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for clinical applications. When using discrete gait variables, there is the possibility that the stride
requirement can be reached over multiple trials with a rest period in between, but even then, 200
strides is challenging.
2.1.3.7 Long-Range Correlations
A second statistics-based measure of gait stability – the other being variability measures – are
long-range correlations. Motivation for this form of walking assessment stems from evidence
supporting the notion that future variations in gait depend on past variations [15]. Intuitively, this
makes sense: when an individual exhibits a misstep (e.g., due to incorrect foot placement) and
stability is compromised, recovery is made in the subsequent strides. When dependence occurs, a
power law relationship exists, with the degree of correlation given by the scaling exponent (α).
With respect to long-range correlations, the scaling exponent measures the rate of decay of
statistical dependence between two points in a time series separated by an increasing time interval.
Though this definition appears similar to exponential decay, there is a distinction between the two.
The power-like decay of long-range correlations results in a much slower decay in dependence
than that exhibited by exponential decay.
Calculating the strength of long-range correlations begins with the collection of gait data during a
steady-state walking trial. With the help of post-processing, these data can be used to create a
discrete time series for the gait parameter of interest (e.g., stride with, stride length, peak force).
Each data point of the time series should represent the value for a specific stride. The exact protocol
for data collection will depend on the gait variables to be investigated, but may include kinematic
and/or kinetic data. Once a time series for the discrete gait variable is obtained, detrended
fluctuation analysis (DFA) [121] is used to calculate α. Though there are other techniques that
accomplish the same task, DFA has become the standard for gait data since it is robust to the
effects of non-stationarities [33]. A thorough step-by-step description of the procedure is given by
Damouras et al. [33]. An outline of the algorithm is given below, along with a graphical illustration
(Figure 2.3) to assist in understanding.
1. integrate the stride interval time series after removing its mean to obtain a stationary time
series. Note that stationarity is important to completing correlation analysis [121]:
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𝑦(𝑖) = ∑

𝑖

|𝑥(𝑗) − 𝑥̅ |

(25)

𝑗=1

where i = [1,N], with N being the number of strides, x(j) is the parameter value for the jth
stride, and 𝑥̅ is the mean value of the gait parameter;
2. divide the integrated series into ⌊𝑁/𝑛⌋ non-overlapping boxes of equal length, where n is
the size of the box and ⌊∙⌋ is the greatest integer function;
3. in each box, fit a least-squares line to the data. The sequence of these fitted lines represents
the trend series, whereas the total number of strides falling within all boxes is 𝑁𝑛 =
𝑛⌊𝑁/𝑛⌋;
4. calculate the average fluctuation, F(n), of the integrated series (y) about the straight-line
segment (i.e., line of best fit) in each window:
𝑁𝑛
1
𝐹(𝑛) = √ ∑ |𝑦(𝑖) − 𝑦𝑛 (𝑖)|2
𝑁𝑛
𝑖=1

(26)

where yn is the trend series, the sequence of fitted lines;
5. given a range of box sizes [𝑛1 , 𝑛𝑚 ], repeat steps 2 to 4 for each box size. In doing so, a
range of fluctuations, one for each box size, is obtained; and
6. create a log-log plot of F(nk) versus nk, where k = [1,m]. A linear relationship between
log 𝐹(𝑛) and log(𝑛) reveals that scaling occurs; therefore, the scaling exponent (α) can be
estimated by the slope of a linear line of best fit.
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Figure 2.3: Illustration of DFA procedure. Raw walking data (top left), integrated series divided into boxes
(top right), least-squares line fit to each box (bottom left), and log-log plot of F(n) versus n (bottom right).
Reprinted from [33], with permission from Elsevier (© 2009 Elsevier)

As with any statistical measure, more data yields more accurate results, and long-range correlations
are no different. Obtaining more precise estimates requires longer time series, which in gait
experiments, entails longer periods of continuous walking. No matter the person, the longer they
are required to walk, the more likely fatigue is to set in. Therefore, there is trade-off between
precision and the length of a walking trial. Realizing this, Damouras et al. [33] investigated the
number of strides required to reach the most precise estimate of the scaling exponent. In addition,
they determined the optimal range of box-sizes for DFA applied to gait. Based on their results,
walking trials should contain at least 600 strides of continuous walking, while a size-adjusted range
𝑁

of box sizes of [16, ] is recommended for analysis.
9

Generally, systems with a scaling exponent near 0.5 are uncorrelated, with smaller values (i.e., α
< 0.5) and larger values (α > 0.5) indicating anti-persistance of fluctuations and positive
correlations, respectively [15]. In human walking, values greater than 0.5 are expected
(specifically 0.5 < α < 1.0), indicating that large (or small) values are more likely to be followed
by another larger (or smaller) one [15]. Although, in practice, that is not always the case. Despite
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the evidence that variations in past strides have an effect on the execution of future strides, this
notion is not always supported by long-range correlations. For example, Jordan et al. [122]
observed α values of 0.5 at a preferred walking speed, thus, implying weak long-range correlations
between successive strides. Regardless of the fact that preferred walking speed is perceived as the
most stable, small inertial forces and mechanical noise are present nonetheless. These will create
perturbations that will require a reaction from the walker in subsequent strides [15]. Therefore, it
makes little sense to conclude that there is no relationship between strides, even at preferred
walking speed. Furthermore, several studies found α values near 0.5 for patient groups [15]. These
are groups that are known to have a reduced ability to accommodate natural perturbations (i.e.,
inertia and noise), displaying greater variability that must be corrected by reactive movements.
The relationship between long-range correlations and gait stability is, so far, quite weak. Further
work needs to focus on developing a stronger theoretical foundation [15] and identifying which
values of the scaling exponent are indicative of instability, or if a connection between the two
exists at all. Still, if the preceding objectives are met, there is still the requirement for long time
series of data. Since 600 strides of continuous walking may be challenging, even for non-disabled
walkers, the question remains as to whether long-range correlations are a viable option for clinical
use.
2.1.3.8 Foot Placement Estimator
The FPE [45] is another gait stability measure that came to light through robotics research.
Drawing inspiration from the stepping strategies that humans use to maintain balance in response
to disturbances [64], it was introduced by Wight et al. [45] as a method for bipedal gait control.
Rather than take the traditional approach, in which the control strategy attempts to maintain
balance at all times, the FPE focuses on restoring balance through proper foot placement [45].
To derive the FPE, an inverted pendulum representation was employed to model the simple bipedal
walker in 2D [45].This depiction assumes a mass (m) with two massless legs of constant length
(L), separated by the leg separation angle (β). The location of m in 2D space is given by the CoM,
which also acts as the origin of both legs. Furthermore, the moment of inertia about the CoM is
given by ICoM. An illustration of the model can be seen in Figure 2.4 below.
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Figure 2.4: Inverted pendulum representation of a simple biped walker with mass m, moment of inertia
about the centre of mass ICoM, constant leg length L, and leg separation angle β. Reprinted from [45], with
permission from ASME (© 2008 ASME).

With respect to gait, the inverted pendulum model goes through alternating phases of single- and
double-support [123] (i.e., one or two legs in contact with the ground, respectively). In singlesupport, the point of contact of the leg with the ground defines the CoP. Meanwhile, in doublesupport, when both legs are in contact with the ground, the CoP is located between the two points
of contact. The stability of the biped is then defined by the relationship between the CoP and the
CoM, which forms the basis for the FPE. Essentially, the FPE calculates the correct placement of
the CoP, in relation to the CoM, to ensure the biped is able to transition to a statically stable pose
[124]. Note that the term ‘statically stable pose’ is basically a standing position, so the FPE is the
location of the CoP that allows the walker to stop gait in a single stride, without falling over [45].
An alternative, yet complementary, approach to understanding the foundation for the FPE is in
terms of energy. In bipedal walking, there is a continuous exchange of gravitational potential and
kinetic energy that results in the two being out of phase [125]. In other words, when kinetic energy
is at its peak, potential energy is at a minimum, and vice versa [125]. This energy exchange is
cyclic in nature, repeating on a step-by-step basis. To gain insight into this energy cycle, refer
again to the inverted pendulum, particularly the trajectory of the CoM [126]. At mid-swing, the
CoM is at its greatest height above ground, therefore, peak potential energy occurs. As forward
movement continues, the CoM rotates about the point of contact between the stance leg and the
ground, gradually lowering the CoM. The change in height results in a conversion of energy from
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potential to kinetic, which occurs until the swing leg comes into contact with the ground. At that
point, maximum kinetic energy is reached. That kinetic energy is then converted to potential
energy up until midstance is reached. Here, the CoM is once again at its maximum height (i.e.,
peak potential energy) and the cycle repeats. This continues onwards until gait termination. During
this special case, the walker needs to come to a standstill while remaining in the upright standing
position. This position is similar to midpoint of stance (or swing) in that it is the point of peak
CoM height. In order to come to a stop at this location in the cycle, the kinetic energy at impact
must be just enough to reach peak potential energy and reach the standing position [6]. This is the
definition of the FPE in terms of energy.
In introducing the FPE, Wight et al. [45] presented three cases to demonstrate the consequences
of stepping relative to the FPE (Figure 2.5). In the first case (Figure 2.5a), the biped takes a shorter
step than is required to meet the FPE. Upon impact, the kinetic energy exceeds the peak potential
energy and the biped falls forward. In the second situation (Figure 2.5b), the biped takes a longer
step than required, so the post-impact kinetic energy is lower than the peak potential energy and
the biped falls back onto the swing foot, a stable position. The third and final case occurs when the
biped steps at the exact location of the FPE (Figure 2.5c). When this happens, the kinetic energy
upon impact is exactly equal to the peak potential energy and the biped comes to a standstill in the
balanced, upright position.
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Figure 2.5: A depiction of simple biped stepping relative to the FPE. (a) Too short a step causes a forward
fall. (b) Too far a step causes the biped to fall back onto the swing leg. (c) Stepping at the FPE balances the
CoM above the CoP. Reprinted from [45], with permission from ASME (© 2008 ASME).

Referring to Figure 2.6, derivation of the FPE [45] begins with the conservation of angular
momentum between pre- and post-impact conditions:
𝐻1 = 𝐻2

(27)

𝑚𝐿(𝑣𝑥 cos 𝜙 + 𝑣𝑦 sin 𝜙) + 𝐼CoM 𝜃̇1 = (𝑚𝐿2 + 𝐼CoM )𝜃̇2

(28)

where 𝐻1 is the pre-impact momentum, 𝐻2 is the post-impact momentum, 𝑣𝑥 is the x-component
of the pre-impact linear velocity, 𝑣𝑦 is the y-component of the pre-impact linear velocity, 𝜃̇1 is the
pre-impact angular velocity, and 𝜃̇2 is the post-impact angular velocity. Angle 𝜙 is the angle
between the swing leg and a line perpendicular to the ground up to the CoM. The leg length can
also be expressed in terms of the current height of the CoM (ℎ):
𝐿=

ℎ
cos 𝜙

(29)
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This eliminates the need to know L exclusively and allows for variable leg lengths to be used.
Substituting into equation 33, and solving for 𝜃̇2 , the post-impact rotational velocity can be
calculated from pre-impact conditions:
𝜃̇2 =

𝑚ℎ(𝑣𝑥 cos 𝜙 + 𝑣𝑦 sin 𝜙) cos 𝜙 + 𝐼CoM 𝜃̇1 cos2 𝜙
𝑚ℎ2 + 𝐼CoM cos 2 𝜙

(30)

Figure 2.6: Schematic of the simple biped illustrating the parameters for (a) pre-impact, and (b) post-impact
conditions. Reprinted from [45], with permission from ASME (© 2008 ASME).

Applying the conditions for energy described earlier, the FPE location is given by 𝜙 when the total
system energy post-impact (𝑇2 + 𝑉2 ) is equivalent to the peak potential energy (𝑚𝑔ℎpeak ):
𝑇2 + 𝑉2 = 𝑚𝑔ℎpeak

(31)

1
(𝐼
+ 𝑚𝐿2 )𝜃̇2 + 𝑚𝑔𝐿 cos 𝜙 = 𝑚𝑔𝐿
2 CoM

(32)

(𝐼CoM cos 2 𝜙 + 𝑚ℎ2 )𝜃̇22 + 2𝑚𝑔ℎ cos 𝜙 (cos 𝜙 − 1) = 0

(33)

Substituting the expression for 𝜃̇2 (equation 35) into equation 38 gives:
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2

[𝑚ℎ(𝑣𝑥 cos 𝜙 + 𝑣𝑦 sin 𝜙) cos 𝜙 + 𝐼CoM 𝜃̇1 cos 2 𝜙]
+ 2𝑚𝑔ℎ cos 𝜙 (cos 𝜙 − 1) = 0
𝑚ℎ2 + 𝐼CoM cos 2 𝜙

(34)

Finally, solving equation 39 for 𝜙 using numerical methods for nonlinear equations and then
applying simple trigonometry, the location of the FPE is determined. Figure 2.7 illustrates the
relationship between the FPE and angle 𝜙.

Figure 2.7: The location of the FPE is given by the projection of 𝜙 from the CoM to the ground. Reprinted
from [45], with permission from ASME (© 2008 ASME).

The trigonometric relationship used to find the location of the FPE, 𝑋(𝜙), is given by:
𝑋(𝜙) = ℎ tan 𝜙

(35)

Note that the above equations only pertain to 2D movement in the sagittal plane. To implement
the FPE in 3D (3DFPE) [46], assessment is completed separately for the AP (i.e., sagittal plane)
and ML (i.e., frontal plane) directions. Depending on direction, the respective plane is taken as the
‘plane of progression’ and all quantities are projected onto that plane. The 2D equations described
above can then be applied to each plane individually, prior to translating the FPE results back into
the 3D world.
Although the FPE was first described as a means to control bipedal gait in robots, recent work has
been done to see if it can be used to predict human foot placement (HFP) and provide insight into
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gait stability [6], [46], [124], [127]. In the application to human gait, however, a number of the
parameters necessary to apply equation 39 are not explicitly known (ℎ, 𝐼CoM , 𝑣𝑥 , 𝑣𝑦 , 𝜃̇1 ) and must
be measured using experimental techniques:
•

the height of the CoM (ℎ) can be approximated as a certain percentage of total body height
[84], or through kinematic methods [83]–[85]. For the latter method, a few options exist
that differ with respect to the number of markers used. The simplest option is to
approximate the height of the CoM as the height of the second sacral vertebrae [84], which
involves a single sacral marker along with a predetermined offset. The other option is a
full-body marker set to predict the 3D position of the CoM [83], [85], but this will also
require the use of anthropometric data;

•

the total body moment of inertia about the CoM (ICoM) is estimated using a combination
of kinematic measurements and anthropometric data [128]. This involves a segmental
analysis in which movement of every segment is tracked using a full-body marker set. To
determine the contribution of each segment about the CoM, the parallel axis theorem is
applied to each individual segment, and the results are summed;

•

the linear velocity of the CoM (𝑣𝑥 , 𝑣𝑦 ) is also determined using kinematic means. This
may be accomplished by tracking the 3D displacement of the CoM using either a single
sacral marker [84] or a full-body marker set [83], [85]; and

•

the angular velocity (𝜃̇1 ) is calculated using the following formula:
𝜃̇1 =

𝐻tot
𝐼CoM

(36)

where 𝐻tot is the total body angular momentum. Experimentally, it is calculated as the
sum of each segment’s angular momentum about the CoM [129]. As with the other
parameters, this requires full-body kinematics.
To summarize the above list, estimation of each parameter is dependent on kinematic data. Since
the techniques involved in obtaining such data are time-consuming and cumbersome relative to
other collection methods, this presents a disadvantage to human applications of the FPE.
Furthermore, Millard et al. [6] reinforced the need for accurate measurements in segmental
analyses by stating that a 10% error in the mass of the head, arms, and trunk (HAT) could change
the FPE calculation by 2 to 3 cm.
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Despite the disadvantages, the nature of the FPE does reveal a number of distinct benefits. First,
the FPE does not require long data series with hundreds of successive strides. Instead, calculation
can be completed on a stride-by-stride basis, meaning a minimum number of strides is required
[124]. The ability for the FPE to be applied to perturbation experiments [15] presents another
important advantage as it opens to the door to investigations on recovery. Lastly, the FPE appears
to demonstrate a logical means to measure stability in human gait. The relative distances between
the horizontal projection of an individual’s CoM, actual foot placement, and the FPE may be used
to quantify the effectiveness of a step in restoring overall balance [6].
In the development of the FPE, the following four assumptions are necessary to apply a simplified
model of walking dynamics and reach the solution:
1) the leg length remains constant through impact;
2) the total body moment of inertia remains constant through impact;
3) the total body energy (i.e., kinetic and potential) is conserved through impact; and
4) the total body angular momentum about the contact point is conserved through impact.
Sensitivity analyses [6], [124] were conducted to determine the effect of deviations from the
assumptions that occur during human walking. In both cases, the authors observed that the errors
were usually smaller than the effects of walking speed. These results led Millard et al. [6] to
conclude that FPE-HFP errors are likely due to decisions made by the participant rather than
systematic violations of the assumptions.
2.1.3.9 Largest Recoverable Perturbation
The largest recoverable perturbation is a measure first discussed by Bruijn et al. [15] in their review
of dynamic stability measures. In contrast to the other measures discussed, the largest recoverable
perturbation does not require a detailed theoretical background. Instead, as the name would
suggest, this measure seeks to identify the largest magnitude of perturbation that a participant can
tolerate without falling [15]. This would certainly differ depending on the type of perturbation
(e.g., change in dual-belt treadmill speed, pushes at the trunk, moving support surface), the
direction at which it is delivered, and the phase of the gait cycle at which it is delivered. In each
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case (i.e., type, direction, phase), identifying the largest recoverable perturbation would require a
continuous spectrum of magnitudes, which brings into question the practicality of this measure.
Determining the largest recoverable perturbation would require an extensive and time-consuming
experimental procedure [15].
Though the ideal experiment may not be realistic, a case may be made to perform an adapted
version or slight variation that significantly increases the feasibility. First, rather than apply a
continuous scale in an attempt to identify the perturbation magnitude at which each participant
will fall, it may be more suitable to choose a finite number of equal perturbation magnitudes to
apply and measure how many times each participant falls [15]. Another option may be to, again,
choose a finite number of equal perturbation magnitudes but apply each of them over a relatively
long distance (or time). Here, the thought is that the distance (or time) will form somewhat of a
continuous spectrum and participants may lose stability at different points.
It is likely that a great deal of slight variations exist to assess an adapted measure of the largest
recoverable perturbation; however, it is important that the chosen approach reflects the intention
of the study.

2.2

Motion Capture

2.2.1 Introduction
Regardless of the setting – rehabilitation, ergonomics, or high performance sport – grading the
performance of any movement skill requires an accurate biomechanical analysis of the human
musculoskeletal system [128]. Oftentimes, this includes characterizing relative movement patterns
between adjacent body parts, or segments [128]. The term used for these measurements is
kinematics where a full kinematic description includes the 3D linear and angular components of
displacement, velocity, and acceleration [128]. The position of all body segments or a particular
subset of body segments is first recorded during the activity or movement of interest. These
collected data are then used to compute the kinematic variables necessary to evaluate the
movement [128].
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A number of techniques exist to measure 3D movements: electromagnetic tracking systems [130]–
[134], wearable inertial measurement units (IMUs) [135]–[143], markerless motion capture
systems [144]–[150], optoelectronic stereophotogrammetry [151]–[156], and stereoradiography
[157], [158]. Despite the selection of choices, stereophotogrammetry is considered the best
available option and is commonly used in fundamental scientific research [151]. Furthermore, 3D
position data reconstructed from video images are preferred over radiographs or photographs as
they require a reduced investment of both time and money [159]. These video-based systems,
otherwise known as motion capture systems, are the gold standard in human movement research
and commonly used as a reference to validate emerging techniques such as IMU-based and
markerless systems [135], [141], [148], [149].

2.2.2 Kinematic Data Acquisition and Processing
The acquisition of kinematic data using a motion capture system is accomplished by recording the
instantaneous positions of markers in 3D space with a set of specialized cameras [128], [151],
[160], [161]. For human movement analysis, markers may be placed on assumed joint centres
between body segments (i.e., anatomical markers) or in clusters of multiple markers (e.g., cluster
plates) [151], [161]. To define joint centres and segmental coordinate systems for each body
segment, at least three markers are necessary to be placed on the segment of interest [160]. To
ensure that three markers are visible at all times, a fourth marker is added in the event that marker
occlusion leads to missing data for a particular marker [160].
The markers used by a video-based motion capture system may be either passive or active in nature
[162]. Retroreflective passive markers are used in conjunction with light-emitting diodes (LEDs)
that illuminate the markers via infrared light [156], [162]. Because all markers appear identical
when using a passive system, identifying individual markers and preventing marker swapping is
performed using pattern recognition software or dedicated hardware circuits [162]. In contrast,
active markers emit LED light themselves according to a sequential pulse timing [162]. This active
light emission eliminates the need for additional software or circuitry as the system is able to
automatically detect each marker by the timing of its pulsating LED light [162]. Although active
markers require additional hardware (e.g., batteries, wires) on the body of the participant, they do
provide greater accuracies and sampling rates than passive marker systems [162].
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No matter the type, 2D marker coordinates from every camera are passed to a computer where
they are combined together with calibration data and a set of reconstruction parameters to
triangulate each marker’s 3D position. So long as the marker is visible to at least two cameras, the
3D position data can be obtained through simple triangulation [162], [163]. Mounting a greater
number of cameras within a system increases the likelihood of at least 2 cameras being able to
view each marker at all times, improving the robustness of the acquired position data.

2.2.3 Limitations
Given the complexity of motion capture analysis – specialized equipment, key assumptions – it
comes as no surprise that there exist multiple sources of error which include instrumental errors
[162], soft tissue artifacts [164], and anatomical landmark displacement errors [165]. Instrumental
errors include random errors from electronic noise, marker flickering, or marker image distortion;
and systematic errors due to improper camera and lens set-up or photogrammetric calibration
inaccuracies [162]. A camera calibration aims to determine the geometric and optical
characteristics of the cameras, as well as the position and orientation of the camera relative to the
laboratory environment [162]. It is crucial that these parameters be as accurate as possible to
reliably estimate 3D marker positions from the combined 2D images of multiple cameras.
Errors originating from markers moving relative to a body segment or improper marker location
on the body segment are classified as soft tissue artifacts [164] and anatomical landmark
displacement errors [165], respectively. Soft tissue artifacts are often a result of skin movement or
deformation of a body segment due to muscle contraction during movement [164]. In comparison,
anatomical landmark displacement error is a direct result of incorrect placement of a marker with
respect to the segment of interest [165]. Proper identification of anatomical landmarks depends on
the expertise of the researcher or clinician, the palpation procedure, and the shape of the anatomical
landmark[161], [166].
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2.3

Force Plates

2.3.1 Introduction
Kinematic measurements are used to describe relative movements between adjacent body parts;
however, they are unable to describe the forces causing those movements [167]. Knowledge of the
forces involved is necessary for understanding the cause of any movement [128]. As a person
moves, they apply a proportional amount of force to the floor which is matched by the reaction of
the floor in an equal and opposite direction. The forces exerted on the body by the floor are termed
ground reaction forces (GRFs) and represent the algebraic summation of the mass-acceleration
products of all body segments [168]. These GRFs are measured by carefully constructed devices
called force platforms, or force plates, that may be mounted into the floor [66], [153], [155], [169]–
[175] or embedded within a treadmill [39], [43], [107], [108], [122], [176]–[178]. Regardless of
the configuration, the GRFs as measured by a force plate depict the resultant vertical and shear
forces acting on the surface of the platform [168].
Early force plates used pneumatics and mechanical springs as force-sensing elements; however,
these devices came with significant limitations [167]. Nowadays, most force plates used in human
movement analysis are equipped with one of two types of transducers: strain gauge or piezoelectric
[179]. Both function using the same basic principle whereby a deformation of the transducer due
to an applied load (e.g., GRF) creates an output voltage proportional to the load. The difference
between the two transducers lies in their respective mechanisms used to generate the output
voltage. A strain gauge transducer contains four individual strain gauges arranged in a Wheatstone
bridge circuit where each strain gauge consists of a resistive metallic foil mounted onto an
insulated, flexible backing. Such a configuration allows for measurement of the change in
resistance across the transducer. As a load is applied, the metal elements are distorted and a change
in resistance is observed which, in turn, affects the resulting output voltage. Meanwhile, a
piezoelectric transducer takes advantage of the piezoelectric effect common to many crystal-type
materials. An applied load excites the particles within the material, causing them to become
distorted and thereby displacing the electrical charges that accumulate on opposing planes. This
creates an output voltage proportional to the force characteristics of the load.
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2.3.2 Kinetic Data Acquisition and Processing
Independent of the transducer used, a conventional force plate is constructed with four 3component sensors, with each sensor measuring force in the vertical (VT), ML, and AP directions
[180]. In order to determine the resultant force (i.e., the GRF) in each direction, the components
of each individual sensor are summed. Furthermore, the four individual sensors are typically
located in each corner of the force plate which enables calculation of the 3D moments, as well as
of the CoP [180].
It is worthwhile noting that the output voltages from the transducer are so small that they are
essentially unsuitable for acquisition purposes [180]. Therefore, the analog voltage signals are
amplified prior to digital sampling by an analog-to-digital (A/D) converter. After A/D conversion,
the digitized output signals are passed through calibration matrices and multiplied by their scaling
factors to produce the six GRF components for each sample, in their respective units (N and Nm
for forces and moments, respectively). The 2D location of the CoP is then determined using these
measured forces and moments. Oftentimes, the voltage signal is filtered and smoothed during the
amplification process; however, depending on the analysis to be performed, it may be desired to
further filter the kinetic output with post-processing techniques [180].
Once the final output is attained, the components may be analyzed directly or used in subsequent
calculations. For example, Prieto et al. [181] outline multiple CoP-based measures used to
characterize postural control and stability. In another context, the horizontal forces (i.e., AP and
ML) along with the position of the CoP can be used to estimate the 2D projection of the CoM on
the ground [87], [89], [169], [182]. Finally, in combination with body kinematics and accurate
anthropometric data, the kinetic data measured by a force plate can be used to calculate joint
reaction forces and moments [128].

2.3.3 Limitations
Common to every force plate are a set of important technical characteristics that have the capability
to significantly affect the validity and reliability of kinetic measurement [183]. These include
linearity, hysteresis, range, crosstalk, and natural frequency of vibration [180], [184], all of which
depend on the design and setup of a particular force plate. With respect to force plates, linearity is
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defined as the maximum deviation of measured kinetic data from a straight line [183]. It is a
measure of how closely the input and output force (applied and measured, respectively) follow a
relationship of direct proportionality. Although perfect linearity is ideal, it is not required to obtain
accurate data as the calibration parameters can be determined with a higher order polynomial
[183], [184]. Hysteresis is the difference in output values observed during loading and unloading
of a mass on the force plate [180]. The cause of this discrepancy may be attributed to the
mechanical lag that occurs as a transducer material returns to its original shape during unloading
[180]. The range of a force plate specifies the upper and lower limits within which an applied force
can be accurately measured [183]. If the range is too small for the forces being measured, the
output will saturate, meaning it will reach a constant value at the maximum or minimum limit
[183]. The range shares an inverse relationship with sensitivity, which is described as the change
in the measured signal for a unit change in the applied force [183]. Therefore, to attain optimal
sensitivity, it is essential to choose a range that just avoids saturation. When measuring forces in
multiple directions, crosstalk defines the tendency for an applied force in one direction to affect
the measurement of the other components [184]. Though interference between component
channels will always exist to at least a minor extent, it is important to minimize this quantity as
much as possible and prevent measurement errors [180]. Finally, every force plate has a natural
frequency of vibration when in use [180], [183], [184]. This natural frequency must be kept as
high as possible so as not to overlap with the frequency of movements being measured by the force
plate [180], [183], [184].
Even with an optimal force plate design, there exist many external sources of error from thermal,
chemical, and electrical noise [180]. As can be assumed, thermal noise deals with the temperature
of the device [180]. Particularly in strain gauge transducers, temperature can affect the resistance
in the metallic material, thus, skewing the recorded output. Fluctuations in atmospheric conditions
such as temperature, pressure, and humidity result in chemical noise [180], whereas electrical noise
is incurred by other electrical devices in the area around the force plate [180]. The latter exists at
60 Hz and its harmonics (e.g., 120 Hz, 180 Hz); however, it is progressively weaker at each
successive harmonic [180].
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As demonstrated with the temperature sensitivity of the strain gauge transducer, there are sources
of error specific to each type of transducer. With piezoelectric sensors, a drift can develop over
longer periods of time [185], due to the tendency for piezoelectric materials to leak an electrical
current that will be perceived as an applied force [184]. In addition, it has been found that
piezoelectric force plates tend to incorrectly estimate the moments and location of the CoP [185]–
[188]. The cause of this error is due to asymmetric deformation of the piezoelectric material caused
by a moment introduced by the bending of the force plate itself [186]. Though bending of the plate
occurs regardless of the type of transducer, a strain gauge transducer’s Wheatstone bridge circuit
configuration allows these errors, among others such as temperature, to be compensated for [185].
In the case of a piezoelectric force plate, it is imperative that the platform be made from a material
with high stiffness to avoid any errors in the measured moments and CoP [184].

2.4

Reliability

2.4.1 Introduction
In clinical settings, therapists regularly perform various measurements as part of a patient
assessment [23]. Oftentimes, these assessments include the use of specialized equipment (e.g.,
goniometers) to determine specific metrics of interest [189]. If any of the equipment or metrics
produce inconsistent readings, or if there are discrepancies in measurements taken either by
different therapists or the same therapist at different times, serious problems can arise [190].
Consistent and accurate readings are essential in order to avoid errors in measurement that could
lead to inappropriate referrals, incorrect assumption of extent of disease progression or prescribed
response to interventions, and under- and over-diagnosis [190]; it is therefore absolutely critical to
ensure consistent and accurate readings are obtained. Thus, in order to use any equipment and/or
metrics for clinical applications, their reliability must be established beforehand [189].
Reliability refers to the consistency of a measurement [191] and thereby defines the extent to which
the measurement in question can be replicated [189]. Mathematically, reliability represents a ratio
of the true score variance, the variance resulting from true differences between measurements, to
the total variance, a combination of true score variance and measurement error [23], [189]. The
greater the ratio, the greater the amount of total variance attributable to true differences [23], and
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the better the reliability. Despite best efforts of the therapist, nearly all clinical measurements will
contain some degree of measurement error which includes both systematic and random error [23],
[191]. As an example, a systematic error may occur as a result of a learning effect where a retest
value may be higher than the initial measurement [23]. As such, systematic errors are predictable,
unidirectional (e.g., retest value leads to improved score, is constant and biased [23], [191]). In
contrast, random errors are due to chance and unpredictable [23]. As might be assumed, they have
the tendency to both increase and decrease measurements in a random manner [191], making them
the primary concern for reliability [23].
Historically, there are number of statistics that have been used to quantify reliability: Pearson
correlation coefficient, paired t-test, Bland-Altman plots, coefficient of variation, and the
repeatability coefficient [189]. However, many of these are now regarded as either inappropriate
for reliability estimation or unable to provide a complete picture of reliability [23], [189], [191].
The intraclass correlation coefficient (ICC) provides a more desirable estimate of reliability [189]
as it reflects both the degree of consistency and agreement between measurements [23], [189].

2.4.2 Intraclass Correlation Coefficient
Modern ICCs are widely used to assess reliability of measurements taken by different raters (interrater), the same rater at different points in time (intra-rater), or an instrument or variable under
repeated conditions (test-retest). No matter the application, computing the ICC begins with a
repeated-measures analysis of variance (ANOVA) [191] to estimate the distinct variances (e.g.,
across and within participants) as mean squares values [23]. Depending on the context, a selection
of these variances is used in the true to total variance ratio. One item of note is whether to include
both systematic and random error, or only random error in the total variance [191], the
denominator. This is especially important in test-retest situations where there is a known learning
effect. Here, systematic error may be regarded as a natural phenomenon [191] and, thus, may
unnecessarily deflate the reliability estimate. Fortunately, multiple options for ICC calculation
exist, some of which reflect inclusion of all or a portion of the error.
Typically, ICC formulas refer to the conventions defined by Shrout and Fleiss [192], and McGraw
and Wong [193]. First, Shrout and Fleiss [192] defined six forms of ICC, each presented as two
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numbers between parentheses. The first number designates one of three Models (1, 2, or 3) while
the second number refers to the Type which uses 1 to designate a single rater/measurement, or k to
designate the mean of k raters/measurements [189]. In their definition, McGraw and Wong [193]
defined a third concept, the Definition, describing the relationship considered to be important
(consistency or absolute agreement) [189]. Note that in the Shrout and Fleiss [192] convention,
the Definition is defined implicitly within the three models.
Given the number of different formulas for calculating ICCs, it is important that researchers
understand the distinct assumptions in order to select the correct form for their application. Each
of the forms will provide a different result where only one is appropriate for the given situation
[189]. Furthermore, it is imperative that, within the text of their publications, authors clearly
indicate which ICC formula was used as it has been found that only 5% of reviewed studies
contained adequate information about ICC selection [190].

2.4.3 Intraclass Correlation Coefficient Selection
When describing the various forms of ICC, it is simpler to begin with the McGraw and Wong
[193] convention as they include the six forms defined by Shrout and Fleiss [192], along with four
additional options. Beginning with the Model, the three forms are one-way random effects, twoway random effects, and two-way mixed effects. Each of these may then be evaluated using a
single or average measure approach which use either single measurements or average
measurements, respectively, per participant as the basis for analysis. Finally, both two-way models
– random and mixed – may be used to assess either the consistency or absolute agreement of the
measurements. Based on the nature of the model, to be described below, only the absolute
agreement of measurements may be evaluated with the one-way random effects model.
Models 1, 2, and 3 in the Shrout and Fleiss [192] convention refer to the one-way random, absolute
agreement; two-way random, absolute agreement; and two-way mixed, consistency forms of the
McGraw and Wong [193] convention. All three may also be evaluated using either single or
average measurements as the basis for analysis. The six forms along with their McGraw and Wong
[193] equivalents are listed in Table 2.1 below.
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Table 2.1: ICC Forms According to McGraw and Wong [193], and Shrout and Fleiss [192].
McGraw and Wong [193] Convention
1-way random, single measurement, absolute agreement
2-way random, single measurement, consistency

Shrout and Fleiss [192] Convention
ICC(1,1)
-

2-way random, single measurement, absolute agreement

ICC(2,1)

2-way mixed, single measurement, consistency

ICC(3,1)

2-way mixed, single measurement, absolute agreement
1-way random, multiple measurements, absolute agreement
2-way random, multiple measurements, consistency

ICC(1,k)
-

2-way random, multiple measurements, absolute agreement

ICC(2,k)

2-way mixed, multiple measurements, consistency

ICC(3,k)

2-way mixed, multiple measurements, absolute agreement

-

Noting the differences between the various forms of ICC, it becomes apparent that an appropriate
selection relies on the choice of model, number of measurements, and relationship of interest.
Though all are crucial components, choosing the proper model may be the most confusing.
Essentially, the model is selected according to where the sources of statistical variability are
believed to lie [190]. With respect to the one-way random model, separate groups of participants
are evaluated by a different set of raters, both of which are assumed to be randomly selected [190],
[191]. In this case, the inconsistencies created by using a different set of raters per group of
participants make it impossible to distinguish where the variation in measurements lie [190]. As a
result, all sources of variation are lumped together and, thus, deemed as coming from one single
direction (i.e., one-way) [190]. In addition, because both raters and participants are randomly
sampled, it is regarded as a random effect [190], [191], leading to the definition of the one-way
random model. For the two-way models, variation from participants and raters can be partitioned,
meaning each source of variation comes a different direction (i.e., two-way) [190]. Similar to the
one-way model, the two-way random effect model assumes both participants and raters are
randomly sampled [190], [191]. In comparison, the two-way mixed effect model assumes
participants are randomly sampled while the raters are fixed (i.e., only raters of interest), leading
to a mixed nature [190], [191].
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As already mentioned, the one-way random effect model is appropriate when there are multiple
groups of raters, each of which performs measurements on a separate group of participants [190],
[191]. An example of such a situation may be a cross-institutional study. When all participants are
evaluated by the same group of raters, and both are believed to be representative of their respective
populations, the two-way random effect model is appropriate [191]. In this case, the raters are
thought to be typical of other raters, who would produce similar results [190]. Therefore, the twoway random effects model allows a researcher to generalize their reliability results [190]. This
generalizability is the major distinction between the two-way random and mixed effect models. In
the mixed model, all participants are again evaluated by the same group of raters, however, those
raters are specific to the study [190] and not representative of a larger population. Rather than
claim that other raters are likely to produce similar results, researchers typically use this model to
assess the consistency of raters within their study [190].
Each of the three ICC models – one-way random, two-way random, and two-way mixed – can be
calculated in one of two ways: If a single measurement from each participant is used in the analysis,
then a single measure ICC is used to assess reliability. On the other hand, if k measurements are
collected from each participant and the mean of all or a portion of those measurements are used in
the subsequent analysis, an average measure ICC is applied [190]. It is crucial to note that k always
represents the number of measurements, not the number of raters. For example, if for each
participant, a single rater takes five measurements, which are then averaged, and five
measurements on another occasion, which are also averaged, and the two mean values are used in
the ICC calculation, k would be 5 and not 1 (the number of raters).
Lastly, the terms consistency and absolute agreement reflect the nature of the relationship that is
deemed important and, thus, being investigated. The consistency option evaluates the extent to
which multiple sets of scores have a similar sequence when arranged in ascending order [190],
whereas absolute agreement gauges how well the actual values match each other [190]. From a
mathematical standpoint, the difference between the two lies in the inclusion or exclusion of
systematic error [191]. Absolute agreement considers both systematic and random error while
consistency considers only random error [191]. Therefore, the decision on which definition to use
may come down to the effect of systematic error (e.g., learning effects in test-retest situations).
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2.4.4 Intraclass Correlation Coefficient Interpretation
To a certain degree, a calculated ICC value is relatively simple to interpret [191]. Based on the
definition, it represents the proportion of variance in a set of measurements that is attributable to
the true score variance [191]. For example, an ICC of 0.70 indicates that 70% of the observed
score variance is attributable to the true score variance. Given that the value can, in theory, only
vary between 0 and 1.0, it is tempting to try and define standardized ranges that represent
acceptable levels of reliability. Despite repeated efforts from multiple sources, there is yet to be
any consensus as to what represents a good (or poor) ICC [191]. It is very unlikely that such a
standard will ever exist as the issue is complicated by two main elements: (1) the ICC varies
depending on the version used; and (2) the magnitude of the ICC is related to the variability in the
measurements [191]. The first was already highlighted while discussing the importance of proper
selection and, thus, comes as no surprise. With respect to the latter concept, there is a direct
relationship between the magnitude of the ICC and the level of heterogeneity between participants
[191]. The greater the across-participant variability, the higher the ICC value. Therefore, due to
the population-dependence, proper ICC interpretation may require an investigation of the acrossparticipant variability. The simplest way to do this is with the standard error of measurement
(SEM) which can be calculated, using the ICC value, via:
𝑆𝐸𝑀 = 𝑆𝐷√1 − ICC

(37)

where SD is the standard deviation of measurements from all participants. The SEM estimates how
repeated measurements tend to be distributed around the true score and, thus, quantifies the
precision of the measurements [191]. While the ICC is unitless and a relative measure of reliability,
the SEM has the same units as the measurement of interest and thought to be an absolute index of
reliability [191]. Furthermore, the SEM can be used to compute the smallest difference required
between separate measurements in order for the difference to be considered ‘real’. This is known
as the minimum detectable change (MDC) and may be calculated via:
𝑀𝐷𝐶 = 𝑆𝐸𝑀 × 1.96 × √2

(38)

where 1.96 is the z-score for a 95% confidence interval (CI). Should a different confidence interval
be desired, it is necessary to use the associated z-score.
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3

Clinical Application of Gait Stability Measures

3.1

Definition of Clinical Feasibility Criteria

Generally speaking, the proposed gait stability measures have all been developed with the main
focus of quantifying human gait stability. However, a clinical motivation also exists to find a
diagnostic tool that will aid in identifying individuals at risk of falling and to measure rehabilitation
progress of impaired individuals. Based on the review in Chapter 2, each of the proposed measures
carries its own unique set of limitations, some of which create significant obstacles towards their
clinical feasibility. This highlights the importance of carefully scrutinizing each measure to
evaluate whether it is appropriate for use in a clinical setting. Not only does this hold value in
terms of selecting a single measure, or set of measures, for clinical use, but it may also help to
refine future clinical research focusing on the most viable options.
When it comes to clinical application of the measures, the most important consideration is the
expected burden on the patient. If a new tool, test, or protocol is to be adopted, it should not place
excessive pressure on, or require unreasonable exertion from the participant. In regard to the gait
stability measures, attention should be given to the recommended number of continuous strides
required to achieve a precise estimate. For many individuals with impaired gait, the ability to walk
over long distances is limited, which implies that a selected measure should necessitate a minimum
number of strides and/or walking trials. This is also important when considering the time
requirement, as typical clinical assessments are allotted a short amount of time for completion.
Multiple publications have identified time as one of the barriers to implementation of standardized
measures in health care and functional assessment [194]–[196]. Concerning gait stability
measures, the more walking that is necessary, the more time it will take, and the less likely it is for
the measure to be adopted in practice. Furthermore, when time is of concern, the setup protocol
needs to be acknowledged. This is especially important in the collection of patient-specific
kinematic and kinetic data as it is not unusual to employ equipment that requires considerable
setup. All in all, in evaluating the time-feasibility of a measure, both the setup and overall trial
time need to be considered.
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Another important criterion in evaluating the use of a given gait stability measure is its capacity to
be applied to multiple walking conditions, including over-ground, treadmill (fixed and self-paced),
and perturbed gait. The belief here is that, if a certain measure can be used to quantify stability in
a variety of environments, then it would be preferred over another that may only be suitable to
analysis of one particular form of gait. Such versatility in a single measure allows for a modular
design of assessment that may create benefits related to efficiency [197], and assist in overcoming
barriers related to implementation [194]–[196]. With respect to efficiency, the ability for a single
measure to quantify stability in a variety of conditions allows the transition between different
protocols to be completed with reduced time and cost [197]. In addition, modularity of a single
measure improves the likelihood of adoption in a clinical environment as it reduces the burden of
training for its eventual use and interpretation [194]–[197].
Finally, it is worthy to note that, in some cases, thought needs to be given to the theoretical basis
of a proposed measure. Because these measures are to be applied in a real-world clinical setting,
it is imperative that there be a clear, mechanistic link between a particular measure and actual
human gait, and the foundation by which gait stability is quantified. The need for a plausible
connection between the theoretical basis of a measure and the biomechanical features of human
stability is highlighted by several authors [6], [7], [15], [44], [198]–[202].
Summarizing the aforementioned criteria, the proposed gait stability measures will be evaluated
based on: (1) the minimum length of walking trial required, in terms of consecutive strides or
overall distance; (2) the time required for assessment, including setup and trial time; (3) the
applicability to multiple walking conditions; and (4) the theoretical basis and vital assumptions. It
should be noted that the following discussion is based on the present body of work surrounding
each measure. Since there is limited information for some measures, and it is not yet known
whether those measures relate to actual human gait stability and fall risk, no prioritization was
given to measures with more progress towards validation. For clarity, this simply implies that one
measure was not ranked above another when it lacked evidence-based results. In addition, cost
was not a factor in the evaluation. All of the proposed measures use objective, quantitative data
and require similar laboratory equipment.
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3.2

Evaluation of Proposed Gait Stability Measures

Having completed a thorough literature review of each of the proposed stability measures in
Chapter 2, it is possible to evaluate the measures in terms of the outlined criteria, with the goal of
identifying those that may be viable options. Thus, the following paragraphs include a short
characterization of the requirements of each of the measures, in the order they are presented in
Chapter 2.
Beginning with the largest Lyapunov exponent and maximum Floquet multiplier, both have the
ability to be calculated from any source of kinematic data. This presents a huge advantage because
it opens the door to relatively simple methods of data collection [15], [203] (e.g., [18], [77], [204],
[205]). For example, tracking trunk motion, as is suggested, requires only a few markers or an
inertial sensor to be placed on the body, thereby requiring minimal setup time. The problem,
however, is that there is yet to be a conclusive answer to which types of kinematic data are most
sensitive to differences in stability. As a result, it is possible that a more extensive model is
necessary that would necessitate additional setup time. Regardless of the discussion surrounding
the correct parameters to use for creation of the state space behavior, the ability to use any form of
kinematic data has led both the largest Lyapunov exponent and maximum Floquet multiplier to be
quite popular in the attempt to quantify gait stability. Although each of them is built from a sound
theoretical basis, there is some debate concerning the validity of their assumptions with respect to
gait [15]: calculation of Lyapunov exponents assumes the system is aperiodic [22], whereas
Floquet multipliers assume periodicity [22]. Since gait is neither aperiodic nor periodic [28], these
assumptions provide grounds for argument. Furthermore, both measures rely on the data being
stationary [15], which eliminates the possibility to study gait in the presence of any type of
mechanical perturbations (e.g., slips, trips) – reflecting situations in which stability is most
compromised. It is also possible that non-stationarities that are due to internal noise and that are
present in human gait may lead to an overestimate of either the largest Lyapunov exponent or
maximum Floquet multiplier [73]. The most compelling limitation in using either of these
measures, especially in a clinical setting, is the need to obtain walking trials of 150 continuous
strides or more for precise estimates for a given individual [73]. With an average stride length of
roughly 1.5 m, 150 strides translate to a distance of nearly 250 m, which may be difficult, or
altogether impossible, to achieve for certain clinical populations. Though there is evidence that
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supports the possibility of using multiple trials of fewer strides, it is only applicable for grouplevel analyses [77]. This would entail making conclusions concerning entire populations and, in
turn, using those conclusions to assess the level of stability for a given patient. This is certainly
not a viable option since differences exist in the ability between individuals with similar
impairments. In conclusion, due to the uncertainty surrounding the basic assumptions (aperiodic
versus periodic), the limitations imposed by the need for stationary data, and the requirement that
walking trials need to include 150 strides or more, neither the largest Lyapunov exponent or
maximum Floquet multiplier appear to be viable candidates for a clinically applicable measure of
gait stability.
Moving on, the extrapolated centre of mass (XCoM) appears to be a more practical option. Most
importantly, the margin of stability presents a simple and intuitive way to gauge stability: anytime
the XCoM moves outside the base of support (BoS), a fall is expected, unless an adjustment is
made [39]. Since, in gait, forward motion naturally requires the XCoM to consistently move past
the BoS, there is some skepticism on the applicability of the XCoM in the anteroposterior (AP)
direction [15]. However, this is by no means a violation of the model or any of its assumptions.
Next, the majority of the parameters needed for calculation can be attained through simple means
that require a nominal setup time. The greatest hindrance is dependent on the chosen method for
centre of mass (CoM) estimation: If, due to a potential lack of a force plate, the kinematic method
[83], [85], [175], [206] is necessary, the setup time would increase drastically and likely push it to
the threshold of feasibility. However, if a force plate is available, two options exist to determine
the horizontal projection of the CoM – the double integration [87], [88], [182] and low-pass filter
techniques [90], [207] – that do not require any additional setup time. In addition, the XCoM can
be calculated on a sample-by-sample basis; therefore, there is no restriction on the minimum
number of strides that need to be collected. That being said, analysis would likely still include
multiple strides. Another advantage is the capability to assess gait under a vast array of conditions
[15], including over-ground, treadmill, and perturbed walking. Therefore, the XCoM clearly
satisfies the aforementioned criteria and appears to be a suitable option for dynamic gait
assessment.
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Derived from many of the same principles as the XCoM, the stabilizing and destabilizing forces
present many of the same advantages (i.e., no minimum stride restriction, applicable to both
normal and perturbed gait). The key differences between the two are (1) the extent to which each
has been applied in practice; and (2) a few of the parameters from which they are calculated.
Considering that the stabilizing and destabilizing forces are a newer concept in terms of
quantifying stability, they have been used quite a bit less and, thus, need further development.
Specifically, the concept needs to be expanded to include some form of stability criterion [15]. A
likely candidate is a theoretical maximum for the stabilizing force [15]. Such a criterion can then
be used to compare against the instantaneous measurements, similar to the margin of stability for
the XCoM. This presents a definite gap that will certainly need to be addressed in future work.
With respect to the parameters needed for calculation, the most meaningful addition in comparison
to the XCoM is the height of the CoM, which may require a more elaborate experimental setup.
Altogether, the stabilizing and destabilizing forces present another intriguing possibility for gait
stability evaluation.
In terms of setup time, the gait sensitivity norm (GSN) is largely reliant on the choice of gait
indicators. While information on the application of the GSN to actual human gait is extremely
limited, temporo-spatial parameters seem to be the most appropriate variables to use [41], [42]. To
date, no recommendations exist on which parameters are most suitable; however, since they must
reflect characteristics related to the failure mode [41], [110], it is likely that the choices will depend
on the type perturbation enacted. Nearly all temporo-spatial quantities can be estimated using a
force plate or only a few kinematic markers on the lower limbs. Consequently, the time necessary
for setup is not of large concern. In addition, the GSN does not place a significant restriction on
the minimum number of strides. Instead, all that is necessary is sufficient time for the participant
to recover their nominal gait pattern after a perturbation. Based on the work of Forner Cordero et
al. [58] this typically takes three steps after the perturbed step. Even in a more conservative
approach where a few more steps are included post-perturbation, the required number of strides
still represents a reasonable expectation for clinical populations. Finally, the GSN seems to employ
the mechanical definition of stability by perturbing the system and observing how the system
responds in comparison to its nominal behavior [41]. Hence, the GSN is constrained to measuring

62

stability in perturbed environments relative to non-perturbed gait. Nevertheless, it is surely another
measure to keep in consideration.
Variability measures quantify the degree of fluctuation by computing the standard deviation of
gait variables [119], typically temporo-spatial parameters, over successive walking strides.
Therefore, setup time is determined by the requirements for measuring temporo-spatial parameters
which, as previously mentioned, do not imply a great burden. The primary concern in using
variability measures to quantify gait stability is the minimum of 200 strides that are necessary to
achieve precise estimates [43]. Since this translates to roughly 300 m of continuous walking, it
definitely pushes many clinical populations past their limits. As such, variability measures may
not be clinically feasible. Furthermore, there is also the debate of whether or not variability is
indicative of instability. On the one hand, it has been demonstrated to predict instability [15]; on
the other hand, it is believed that variability may be a means or consequence of intact control, or
simply a result of exploiting multiple degrees of freedom [15].
Similar to variability measures, long-range correlations apply statistical means to temporo-spatial
parameters of consecutive strides, in an attempt to quantify stability. Although temporo-spatial
parameters do not entail unreasonable amounts of setup for their measurement, long-range
correlations do possess a number of flaws when applied to gait. Most prominent is the stipulation
that at least 600 strides be collected to obtain accurate results [33]. Besides that, there is little
evidence to prove that long-range correlations have any relation to walking stability whatsoever
[15]. It seems valid to assume that every walking stride has an effect on the next few that succeed
it; however, this is not indicated by the long-range correlations. Given these deterrents, i.e., the
need for long time series and a poor theoretical foundation, long-range correlations appear
insufficient for stability measurement, clinically or not.
At first glance, the foot placement estimator (FPE) appears as a great candidate for clinical use: it
has a strong theoretical background, does not have an excessive stride requirement, and is
applicable to walking in a wide range of conditions. However, the one provision that hinders its
use is the need for a full-body marker set to estimate full-body angular momentum and moment of
inertia [6]. This requirement involves a great deal of setup time as each marker must be placed
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with utmost accuracy. Should a simpler method to estimate momentum or the moment of inertia
come to light, the FPE would be an excellent choice. Until then, it is likely too time-consuming to
be applied in practice.
In regard to the largest recoverable perturbation, the need for a continuous spectrum of
perturbations poses a major problem. Though the technology exists to accomplish such a task, the
protocol would require too much time to complete. In addition, the largest recoverable perturbation
can only be identified by having an individual fall, thus, risking injury. For these reasons, the
largest recoverable perturbation is not a viable means to assess gait stability in practice.

3.3

Selection of Proposed Gait Stability Measures

A summary of the above discussion regarding the proposed gait stability measures, along with a
verdict on their clinical feasibility, is provided in Table 3.1. Note that the XCoM, stabilizing and
destabilizing forces, and GSN were the only three identified as clinically feasible. The reason for
excluding the remaining measures is primarily due to excessive requirements from the participant
(i.e., long walking trials), and impractical protocol requirements. Another important exclusion
criterion was the inability to be applied to multiple gait conditions, particularly perturbations, as
this is typically where stability is most compromised.
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Table 3.1: Summary of the clinical feasibility of each gait stability measure.

Measure

Clinically feasible?

Reason

Largest Lyapunov exponent

NO

• requires >150 continuous strides
• requires stationary data
• assumes gait is aperiodic

Maximum Floquet multiplier

NO

• requires >150 continuous strides
• requires stationary data
• assumes gait is periodic

Extrapolated Center of Mass
(XCoM)

YES

• no excessive stride requirement
• reasonable setup time
• applicable to all gait conditions

Stabilizing (FS) & Destabilizing
(FD) Forces

YES

• no excessive stride requirement
• reasonable setup time
• applicable to all gait conditions

Gait Sensitivity Norm (GSN)

YES

• no excessive stride requirement
• reasonable setup time
• applies mechanical definition of
stability

Variability measures

NO

• requires >200 continuous strides
• requires stationary data

Long-range correlations

NO

• requires >600 continuous strides
• requires stationary data
• poor correlation with stability

Foot Placement Estimator (FPE)

NO

• requires full-body marker set

Largest recoverable perturbation

NO

• excessive protocol requirements
• high risk of injury
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4

Utility of the Extrapolated Centre of Mass for

Gait Stability Assessment during Unperturbed
Walking
4.1

Introduction

Based on the discussion of clinical feasibility in Chapter 3, three of the nine proposed gait stability
measures were identified as having the practical characteristics to be applied in a clinical setting.
The extrapolated centre of mass (XCoM), stabilizing and destabilizing forces, and gait sensitivity
norm (GSN) all incur reasonable protocol requirements with respect to time, setup, and the burden
on the patient, while demonstrating a sound theoretical link to gait. Given the lack of consensus
on a valid stability criterion with the stabilizing and destabilizing forces [15], and that the use of
the GSN in actual human gait is limited to pilot data [32], [42], it was decided to focus solely on
the XCoM for the purpose of the present work. Based on these considerations, the utility of XCoM
to quantify human gait stability via the margin of stability (MoS) in a clinical setting was evaluated
in experiments involving human participants. This was accomplished by: (1) demonstrating the
practical feasibility of obtaining the XCoM; (2) assessing its robustness for a non-disabled sample;
(3) quantifying the between-session reliability; and (4) exploring the clinical application of the
XCoM using three clinical case studies.
Participants were asked to walk at a self-selected speed on a level treadmill-driven surface while
a motion capture system and force plates were used to collect kinematic and kinetic data,
respectively. The XCoM was then calculated from the recorded walking data, and statistical
methods were used to evaluate the variability and reliability of the obtained measures for both the
normative sample and the clinical cases. In addition, common temporo-spatial gait parameters
were determined to evaluate walking performance of the sample participants and provide further
insight into the observed gait stability results.
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4.2

Methods

4.2.1 Participants
A total of 15 non-disabled volunteers (Table 4.1) were invited to participate in this study. Each
participant provided written informed consent (Appendix A) and had complete, pain-free active
and passive range of motion of the lower extremities. Exclusion criteria included chronic pain
conditions, pain on the day of testing, and medical contraindication to exercise. In addition to this
normative sample, three individuals with (1) hemophilic arthropathy (HA); (2) unilateral
transtibial amputation (TTA); and (3) mild traumatic brain injury (mTBI) were asked to participate
in this study (Table 4.2). The individual with HA had limited range of motion (ROM) in both
knees. The right knee was in permanent extension, while the left knee had roughly 20 degrees of
flexion from full extension. The affected limb in the individual with TTA was the left leg, and the
individual with mTBI also suffered from an amputation at the left elbow. This study and its
experimental procedures were approved by the Health Research Ethics Board of the University of
Alberta (HREB Pro00066076).
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Table 4.1: Participant characteristics.

Gender

Age (years)

Weight (kg)

Height (cm)

F

33

75

164

F

23

77

173

M

23

70

180

F

19

65

166

M

31

93

186

M

23

90

180

F

28

55

164

M

25

73

170

M

37

69

170

M

31

59

171

M

25

112

196

M

29

87

184

M

38

97

176

F

40

54

152

M

41

92

181

Mean (Standard Deviation)

29.7 (6.9)

77.9 (16.9)

174 (11)

Table 4.2: Case study participant characteristics. Included are three individuals with: (1) hemophilic
arthropathy (HA); (2) transtibial amputation (TTA); and (3) mild traumatic brain injury (mTBI).

Gender

Age (years)

Weight (kg)

Height (cm)

HA

M

26

83

183

TTA

M

50

86

186

mTBI

M

31

109

185
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4.2.2 Experimental Protocol
The present study was performed in conjunction with the development of a Performance
Assessment Tool (PAT) for the Computer-Assisted Rehabilitation Environment (CAREN; Motek
Medical, Amsterdam, Netherlands) at the Glenrose Rehabilitation Hospital, Edmonton, Alberta,
Canada. The particular CAREN version installed at the Glenrose Rehabilitation Hospital is the
CAREN-Extended virtual environment (Figure 4.1). This system consists of a 180-degree curved
projection screen, a three-dimensional (3D) surround-sound audio system, a 12-camera motion
capture system (Vicon Inc., Oxford, United Kingdom), and a 6-degree of freedom, actuated
perturbation platform (Sarnicola Simulation Systems Inc., Conklin, NY, USA) with a dual-belt
instrumented treadmill (Bertec Corp., Columbus, Ohio, USA). Functional integration of the
hardware components and virtual scene is controlled using the D-Flow software (Motek Medical)
[208]. D-Flow also provides an interface for synchronized data collection from multiple sources.
In addition to acquiring motion and force plate data (from the motion capture system and the two
treadmill-embedded force plates, respectively), the software may also be used to track treadmill
speed and distance, as well as 3D perturbation platform displacements and rotations.

Projection Screen

Motion Capture

Treadmill

Platform

Figure 4.1: CAREN-Extended System at the Glenrose Rehabilitation Hospital. The CAREN includes a
180-degree curved projection screen, a three-dimensional surround sound audio system, a 12-camera
motion capture system, and a 6-degree of freedom perturbation platform with dual-belt instrumented
treadmill.
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As part of the PAT protocol, every participant performed four standing-based tasks and three
walking-based tasks. The standing-based tasks included: (1) single-leg balance; (2) step-to-target;
(3) weight-shift; and (4) balance in response to horizontal perturbations. Further details on these
tasks are provided in Appendix B. The standing-based tasks were preceded by a calibration routine
(Figure 4.2) that included additional tasks such as sit-to-stand, heel-to-toe shift (eyes open and
closed), and a staggered stance (left foot in front of right, and vice versa). The purpose of this
calibration routine was to obtain accurate 3D joint angles that are not affected by the orientation
of the marker cluster plates attached to the various body segments (see Section 4.2.3: Experimental
Data Collection). Note that a stool was placed on the platform for the sit-to-stand task and removed
upon completion.

Figure 4.2: Virtual environment for the calibration routine. Tasks included sit-to-stand, heel-to-toe shift
(eyes open and closed), and a staggered stance (left foot in front of right, and vice versa). The purpose of
this calibration routine was to obtain accurate three-dimensional joint angles that are not affected by marker
cluster plate placement.

4.2.2.1 Walking-Based Tasks
A straight virtual pathway (Figure 4.3) was used to complete all walking procedures within the
protocol. Minor variations (e.g., slopes) were programmed depending on the task to be performed;
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however, the general configuration of the pathway and scenery remained unchanged. Prior to
completing the walking-based tasks, a walking practice routine (Figure 4.3a) was completed to
allow participants to familiarize themselves with walking in the virtual environment using the selfpaced walking mode of the CAREN [5], [81], [178], [232], [233]. This mode measures the
displacement of a marker attached to the participant’s back from equilibrium, with the goal of
adjusting the speed of the treadmill accordingly and enabling the participant to walk at their
preferred, self-selected speed. During the walking practice routine, on-screen instructions
prompted participants to speed up, slow down, return to normal pace, and walk in tandem (i.e.,
one foot in front of the other). The walking-based tasks that followed the walking practice included
walking in the presence of: (1) sloped terrain [67], [78], [104], [178], [234]–[238]; (2) a simulated
rocky environment [53], [100], [178], [239]; and (3) lateral perturbations of the support surface
[5], [233], [240]–[243].
During the sloped terrain walking task (Figure 4.3b), participants walked at four different slopes:
uphill [67], [78], [104], [178], [234], [235], [238], downhill [67], [78], [178], [234]–[236], [238],
and both right and left cross-slopes [178], [234], [235] (i.e., lateral inclines). Between slopes, a 10
m interval of flat walking (0 degree incline) was used. Each slope consisted of a 5 m transition
from flat, 20 m at the specified slope, and then a 5 m transition back to flat. One walk down the
pathway consisted of a single iteration of each type of slope in the following order: uphill,
downhill, left slope and right slope. The pathway was repeated three times, each with a different
level of difficulty (easy, medium, hard) that depended on the degree of inclination. For the uphill
and downhill slopes, the easy, medium, and hard levels of difficulty correspond to slopes of 4
degrees, 7 degrees, and 10 degrees [67], [78], [178], [235], [236], [238], respectively. Meanwhile,
for the lateral inclines, these were 3 degrees (easy), 5 degrees (medium), and 7 degrees (hard)
[178], [235].
The second walking-based task incorporated sections of a simulated rocky surface (Figure 4.3c),
a function of the CAREN that creates random, scalable displacements (‘vibrations’) of the support
surface. For a scaling factor of 1, the platform would be moved vertically to a maximum
displacement of 1 cm and rotated in any direction to a maximum angle of 1 degree. Four iterations
of the simulated rocky surface were included in one walk down the pathway. Each of these was 10
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m in length and was preceded by 10 m segments of unperturbed walking (i.e., no vibrations). A
schematic outlining the sequence of events for the walking-based task involving the simulated
rocky surface is shown in Figure 4.4. Four repetitions of the pathway were completed, with
vibrations scaled at 0.5, 1.0, 2.0, and 3.0.
The final task required that participants walk down the pathway and maintain balance in response
to lateral translations (i.e., right and left ‘perturbations’) of the support surface (Figure 4.3d). Three
different perturbation magnitudes were used, defined by the time for the platform to reach
maximum displacement (see below). The magnitudes and their corresponding times to reach
maximum displacement were: low (2.4 s), medium (1.6 s), and high (0.8 s). Perturbations were
delivered at mid-stance based on foot marker measurements, with the first being delivered to the
right at right mid-stance. Following the initial perturbation, an additional four perturbations were
delivered in both the right and left directions (8 total), synchronized with either right or left midstance. For all perturbations, the platform was displaced 25 cm. The platform moved back to its
original position at the same speed 7.5 s after reaching maximum displacement, and the time
between consecutive perturbations was 6 to 8 s. The pathway was repeated for three levels of
perturbation magnitude, differentiated by the time to reach maximum displacement.
Note that each level of the walking-based tasks began with a ramp up to a fixed treadmill speed.
After 10 m at the fixed speed, self-paced control was activated, and the participant was given 20
m to achieve their preferred speed prior to the first incline, vibration, or perturbation. Furthermore,
the first level of each walking-based task included an 8 to 10 s period of quiet standing (i.e.,
treadmill at rest). The purpose of this was to serve as a standing calibration to (1) ensure all motion
capture markers were visible; and (2) locate them to define the initial conditions for the algorithm
that would identify and label the markers and rigid cluster plates in real-time (see Section 4.2.3:
Experimental Data Collection).
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(a)

(b)

(c)

(d)

Figure 4.3: Walking-based tasks as part of the experimental protocol. (a) walking practice; (b) walking on
sloped terrain; (c) walking in a simulated rocky environment; and (4) walking in the presence of lateral
perturbations.
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Figure 4.4: A schematic outlining the sequence of events within a single level (i.e., one walk down the
pathway) walking-based task involving the simulated rocky surface. Each colored box represents a different
segment, and the schematic flows from top (start of level) to bottom (end of level). At the start, the treadmill
ramps up to a fixed treadmill speed, which is maintained for 10 m before self-paced treadmill control is
activated. The participant is then given 20 m to achieve their self-selected walking speed. Once complete,
four identical 20 m intervals take place, each with one 10 m segment of unperturbed walking followed by
one 10 m segment of the simulated rocky surface. After the final simulated rocky surface segment, the
treadmill slows to a stop. Note that this sequence of events is identical for all four levels of the walkingbased task involving the simulated rocky surface.
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4.2.2.2 Safety Measures
Before beginning the PAT protocol, participants were equipped with a full-body safety harness
that was attached to the fixed frame on top of the CAREN platform. The safety harness attached
to a participant can be seen in Figure 4.5 below. Note that the participant in the Figure 4.5, along
with all subsequent figures, provided written consent to be photographed (Appendix A). The
experimenter adjusted the length of the harness according to the requirements of each task being
performed. For walking-based tasks, the length of the harness was limited to ensure participants
could not place their forefoot beyond the frontmost portion of the treadmill belt [244], which would
be likely to cause a fall. Both the CAREN operator and experimenters also closely monitored the
participant for safety and any loss of balance events. In the case where a critical loss of balance or
a fall could occur, the CAREN’s emergency stop was in place to immediately cease all functions
(e.g., treadmill and platform motion). At the end of each task, or level of a particular task,
participants were asked whether they wanted to continue to the next task or level, respectively.
Participants were allowed to take rests as long as needed between levels and tasks, and were
offered water multiple times throughout the experimental protocol.

Figure 4.5: A participant on the CAREN prior to the simulated rocky surface walking task. Participants
wore a full-body safety harness that was secured to the fixed, overhead frame. The length of the harness
was adjusted separately according to the requirements of each task within the protocol. In case of a critical
loss of balance or a fall, the CAREN’s emergency stop was in place to immediately cease all functions.
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4.2.3 Experimental Data Collection
4.2.3.1 Biomechanical Measurements
In order to collect the required kinematic data, a set of motion capture markers was attached to the
participants to track the movement of the lower-body using the CAREN’s motion capture system.
The underlying kinematic model, defining the number and locations of the utilized markers, was
evaluated in a previous study [245]. The model consisted of rigid plates of four retroreflective
markers, with each being attached to the feet, shanks, and thighs. Another four-marker plate was
placed on the back to track movement of the pelvis. Plates on the feet, shanks, and thighs were
fixated to the body by elastic Velcro straps, while the back plate was secured by an elastic belt
around the hips. The rigid plates belonging to both feet and the back were uniquely designed such
that their orientation on the body was intuitive and clear to the experimenter. The plates on the feet
included a pointed edge that was directed towards the front of the foot, whereas the back plate had
two prongs facing downwards, resting along the participant’s back. Meanwhile, the plates for the
shanks and thighs incorporated a long and short axis, and were attached with the long axis running
along the length of the leg. To differentiate between the rigid plates for the shank and thigh, the
long axis was shorter for those designated to the shank. In addition, single markers were placed on
the hands, shoulders, and sternum. Participants also wore an elastic headband with two markers
around their forehead. The locations of all plates and markers on the body are shown in Figure 4.6.
A separate four-marker plate was placed at the base of the fixed frame (Figure 4.7), on the left
upright closest to the screen, in order to track movement of the platform. Note that this cluster was
placed on the frame, rather than directly on the surface of the platform, to avoid the possibility of
a participant stepping on it during the step-to-target task. Figure 4.8 provides the orientation of all
plates, including the position of the platform cluster relative to the participant. 3D forces and
moments as well as the CoP were collected for each force plate separately. Additional analog
channels recorded 3D linear and angular displacement of the CAREN platform. All data were
recorded at a sampling frequency of 100 Hz [43], [170], [178], [246]–[250].
4.2.3.2 Repeatability Testing
All 15 non-disabled participants returned on a separate day for repeatability testing after the initial
testing session (4.3 ± 2 months), using the identical set up and experimental protocol. The same
two experimenters executed the experimental protocol for all initial and repeat sessions.
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(a)

(b)

(c)

Figure 4.6: Location of cluster plates and single markers attached to the participant. (a) front; (b) back; and
(c) side views. The kinematic model consisted of rigid plates of four retroreflective markers, with each
being attached to the feet, shanks, thighs, and back (to track movement of the pelvis). Plates attached to the
feet, shanks, and thighs were fixated to the body by Velcro straps, whereas the back plate was fastened by
an elastic belt. Single markers were placed on the hands, shoulders, and sternum.

Figure 4.7: Location of the rigid plate and markers for tracking platform motion. This cluster was placed
on the frame, rather than directly on the surface of the platform, to avoid the possibility of a participant
stepping on it during the step-to-target task.
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Head

Left Shoulder

Right Shoulder
Sternum

Back

Left Hand

Platform

Right Hand

Left Thigh

Right Thigh

Left Shank

Right Shank

Left Foot

Right Foot

Figure 4.8: Position and orientation of all rigid plates and markers. The rigid plate tracking movement of
the platform is to the left of the participant, with its long axis oriented vertically. For the plates on the feet,
the red markers (5 and 9) point forward. All four plates on the shanks and thighs have their long axes
oriented along the length of the leg. The back plate is oriented with the short edges running with the height
of the participant. Hand markers were placed on the outside of the hand, while the head markers were
positioned on the forehead.

4.2.4 Experimental Data Processing
The experimental data recorded from each participant were analyzed using Matlab R2016b (The
MathWorks, Natick, MA, USA). Only data extracted from the first two levels of the simulated
rocky surface task were used in the following analysis. No data from any of the standing-based
tasks, nor any of the other walking-based tasks (inclines and lateral perturbations) were included
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in this study. A standing segment, used to estimate the mass (m) and equivalent pendulum length
(l) of each participant, was extracted from the period of quiet of standing that preceded the first
level of the simulated rocky surface task. Three unperturbed walking segments were extracted
from each of the first two levels of the simulated rocky surface task (Figure 4.4). Data from these
walking segments were used to determine the centre of mass position (CoM) and velocity (vCoM)
to be used in the subsequent calculation of XCoM and margin of stability (MoS) for gait stability
analysis. Kinematic data recorded only from the top two markers on the back plate (Figure 4.8,
markers 30 and 31) and the top, front marker on either foot plate (Figure 4.8, markers 8 and 12)
were used. Kinetic data measured by both force plates, as well as the D-Flow control output for
platform movement were also used.
4.2.4.1 Extraction of Standing and Walking Segments
Standing segments were taken from the 8-10 s period of quiet standing at the beginning of the first
level of the simulated rocky surface walking-based task. For each participant, a 3 s segment ending
1 s prior to treadmill start (end of standing period) was extracted. For example, if the period of
quiet standing lasted 10 s, the interval from 6-9 s was used for further analysis.
Segments of unperturbed treadmill walking were extracted from the first two levels within the
simulated rocky surface walking-based task. As mentioned in the description of the protocol
(Figure 4.4), every iteration of the simulated rocky surface was preceded by a 10 m segment of
unperturbed treadmill walking at self-selected speed (‘self-paced’). Each level contained four
repetitions of the simulated rocky surface and, thus, four segments of unperturbed walking. All but
the first iteration in each of the first two levels was extracted for further analysis. The reason for
excluding the first segment was that it was not bounded by successive intervals of the simulated
rocky surface, as was the case for the second, third, and fourth segments of unperturbed walking.
Therefore, the first segment was perceived to potentially be exposed to other influences than the
second to fourth segments.
The D-Flow control output for platform rotations about the ML and AP axes were used to identify
the unperturbed segments in the experimental data and, subsequently, extract those segments from
the time series of either level. The start of an unperturbed segment was identified as the first frame
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following a simulated rocky surface interval where platform rotation reached 0 degrees for 2
seconds, whereas the end of an unperturbed segment was identified as the last frame of 0 degree
platform rotation prior to the next simulated rocky surface interval (with platform rotation ≠ 0
degrees). Note that the entire unperturbed segment was included at this point of processing to
maximize the length of the time series prior to CoM estimation, which further cut down the time
series (see Section 4.2.4.5: Biomechanical Parameter Calculation). Exclusion of data that may be
affected by the previous perturbation was addressed prior to statistical analyses (see Section
4.2.5.2: Extrapolated Centre of Mass and Margin of Stability). In total, six 10 m segments of
unperturbed walking were extracted for each participant.
4.2.4.2 Marker Sorting and Identification
In line with the kinematic model described above, a total of 39 markers were used to track
movement of the participant and perturbation platform during the PAT experiments. However, for
the purpose of the present study, only the markers on the feet and back were required. A custom
algorithm (Appendix C) was used to identify and sort the markers, and to extract those belonging
to the feet and back. Using the cluster function in Matlab, the algorithm first grouped the markers
into one of two groups based on whether or not they belonged to a 4-marker cluster. From the
group of 4-marker clusters, each cluster was then identified by the mean position of its respective
markers. For example, to find the foot clusters, the algorithm identified the three clusters with the
lowest values in the vertical (VT) direction (i.e., smallest height). Assuming upright standing and
walking, two of these belonged to the feet, whereas the third belonged to the platform cluster. The
platform cluster was located off the treadmill, approximately 2 m away from the origin (centre of
treadmill), on the left body side of the participant. A comparison of the ML positions of the three
clusters was, thus, used to differentiate the clusters on the feet from that on the platform. Similarly,
right and left feet were identified by comparing the ML positions of the remaining two clusters.
The back cluster was identified as the cluster with the largest value in the VT direction (i.e.,
greatest height). Finally, recall from the description of the kinematic model that the rigid plates for
the back and feet were uniquely designed to be attached to the body in a specific orientation that
was intuitive and clear to the experimenter. Furthermore, the individual markers on each plate
remained fixed. These reasons, in combination with the observation that, during upright walking,
the back cluster moved primarily through translation, allowed the individual markers on the rigid
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plate of the back to be identified by their relative positions to each other. As for the foot clusters,
considerable rotation of the foot does occur during walking, making it difficult to uniquely identify
each marker. However, given the non-symmetric configuration of markers on the rigid plates for
the feet, individual markers could be identified by their relative positions within the cluster.
4.2.4.3 Kinematic Data Reconstruction
During experimental data recording, there are often instances where a single marker is visible to
less than two cameras. This can occur for variable lengths of time, thus, creating gaps in the
position data for multiple consecutive frames. In order to mediate this issue, the values of the
missing frames (i.e., location of the marker for those frames) can be estimated using interpolation.
One method is to fit a cubic spline, constructed of a piecewise third-order polynomial, using the
set of existing data points (i.e., frames) on both sides of the gap [251]. However, based on
Nyquist’s sampling theorem, a limit exists for the maximum number of consecutively missing
frames that can be reconstructed without loss of accuracy in the information [252]. This theorem
states that a signal must be sampled at a frequency that is at least twice as high as the maximum
meaningful frequency component within that signal [128], [251]. Based on a frequency spectrum
analysis (see Appendix D.1), it was found that the largest frequency component present in the
motion capture signal was lower than 5 Hz. In theory, this means that the motion capture signal
must be sampled at a minimum of 10 Hz. In the present study, motion capture data was sampled
at 100 Hz, which is ten times larger than the theoretical sampling frequency. Therefore, a true
representation of the signal can therefore be obtained, via interpolation, if ten or less consecutive
samples are missing. This method was applied to each of the markers on the feet and back using
the Matlab function interp1. Any intervals of missing data greater than ten consecutive frames
were not reconstructed.
4.2.4.4 Removal of Force Plate Drift Offset and Data Filtering
In their evaluation of the CAREN’s moveable platform and force-plate instrumented treadmill,
Sinitski et al. [253] noted the baseline drift characteristics affecting the 3D ground reaction forces
(GRFs) measured by the force plates. When a person is walking on the instrumented treadmill, AP
and ML GRFs drifted less than 5 N over a 25-minute period, while VT GRFs drifted 5 N every 5
minutes. Likewise, all moments were determined to drift roughly 5 Nm every 5 minutes.
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Considering that every level of the simulated rocky surface pathway takes less than two minutes
to complete, the GRFs do not drift appreciably over the course of a single level. So long as the
force plates are zeroed prior to each walk down the pathway, drift should not be of concern.
However, due to the impracticality of having the participant repeatedly step on and off the
platform, the force plates were only zeroed at the beginning of the PAT protocol. Thus, a drift will
have accumulated in the GRF signals from the preceding standing and walking tasks, which adds
an offset to the values measured during the simulated rocky surface levels. This offset will then
affect any further calculations performed using the measured GRFs. Consequently, a procedure to
remove the offset from the measured GRFs was needed. In other words, we required a means to
re-zero the force plates during each level of the simulated rocky surface task through postprocessing.
For this purpose, we applied a modified version of a post-processing technique typically used to
estimate and remove baseline drift from 3D GRFs measured using dual-belt instrumented
treadmills [254]. This technique involves estimating a mean drift during the swing phase of gait
and removing that from the following stance phase [254]. However, a critical stipulation of this
method is that it requires ‘clean’ gait cycles where only the left foot contacts the left force plate
and only the right foot contacts the right force plate. For the unperturbed segments, ‘clean’ gait
cycles could not be guaranteed as participants often shifted towards one side or another during the
rocky surface perturbation. Although this did not affect the normal gait pattern during the
unperturbed segment, it does imply that participants partially walked with both feet on the same
treadmill belt. Recall, from the description of the experimental protocol, that every walking level
began with a ramp up to a fixed treadmill speed, followed by 20 m at self-paced control, before
encountering the first installment of the specified task (see Figure 4.4 for simulated rocky surface).
Furthermore, each iteration of the simulated rocky surface was preceded by 10 m of unperturbed
walking at self-selected speed. As a result, each level included more than 30 m of unperturbed
walking prior to the first disturbance. From this interval, the longest segment of consecutive ‘clean’
gait cycles was found and used to predict a mean estimate of the offset in the 3D GRFs measured
by each force plate. Heel strike (HS) and toe off (TO) were determined using the horizontal
position of the foot relative to the pelvis [232], [255]. Due to the moving walking surface (i.e.,
treadmill), a graphical representation of the AP foot position (relative to the pelvis) versus time
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results in a characteristic sinusoidal curve in which the peaks correspond to HS and the valleys
correspond to TO. In the present study, AP foot position relative to the pelvis was given by the
difference between the top, front marker on the foot plate (Figure 4.8, markers 8 and 12) and the
mean position of the top two markers on the back plate (Figure 4.8, markers 30 and 31). For each
step, a segment from five frames after TO to five frames before HS (i.e., swing phase) was
extracted and appended to the end of the segment from the previous step. Performing this for each
body side separately resulted in appended time series of 3D forces and moments measured from
each of the force plates in their unloaded state. Mean values of the appended time series were
calculated to determine estimates of the offset for an entire level. Finally, the mean values for a
certain level were subtracted from the measured GRFs for all three unperturbed walking segments
extracted from that level. The offset was removed from the standing segment by subtracting the
mean estimates from the first level of the simulated rocky surface. Once the measured GRFs were
re-zeroed, the components from both force plates were summed to obtain the resultant forces and
moments in all three directions (i.e., ML, AP, and VT). This was done for both standing and
walking segments.
All kinematic and kinetic time series were filtered using a zero-lag, fourth-order, low-pass
Butterworth filter. Cut-off frequencies of 6 Hz [46], [53], [55], [94], [101], [256]–[260] and 10 Hz
[66], [106], [108], [128], [177], [261], [262] were used for filtering of the kinematic and kinetic
data, respectively. See Appendix D.2 for details on the filter design.
4.2.4.5 Biomechanical Parameter Calculation
From the quiet standing segment, m, was calculated by dividing the mean vertical force by the
gravitational acceleration constant (9.81 m/s2). Meanwhile, the equivalent pendulum length
between the body’s centre of mass (CoM) and ankle joint [19], [84], l, was approximated as the
vertical distance between the mean location of the top two markers on the back plate (Figure 4.8,
markers 30 and 31) and the mean location of the top, front marker on each foot plate (Figure 4.8,
markers 8 and 12). Figure 4.9 provides a visual representation of this vertical distance.
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Figure 4.9: Illustration of how the length of the equivalent pendulum was calculated. (a) posture during
standing segment and definition of the equivalent pendulum length; (b) back plate with top two markers
circled in black; and (c) foot marker with top, front marker circled in black.

For all unperturbed walking segments, the centre of mass (CoM) position in the ML and AP
directions was determined via the zero-point-to-zero-point (ZPZP) double integration technique
[87]–[89]. In order to apply this method, however, accurate CoP data are required. Therefore, CoP
trajectories for all segmented walking intervals were calculated using the de-drifted and filtered
resultant GRFs.
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The ZPZP technique is based on the assumption that, when the horizontal GRFs (ML and AP) are
zero, the vertical projection of the CoM coincides with the CoP [83]. Thus, CoM position is found
by twice integrating the horizontal acceleration of the CoM (horizontal GRFs divided by m) while
using CoP position at successive points of zero force as the constant of integration. Note that,
during human gait, the horizontal GRFs periodically cross the zero axis, meaning that multiple
instances of zero force exist where the CoM and CoP theoretically coincide. To determine the
CoM position across an entire walking trial, the ZPZP double integration technique was applied
separately to each interval bounded by successive instants of zero force [83], [87], [89], and the
results are then appended to each other to recreate the time series. Centre of mass velocity (vCoM)
was calculated using the same ZPZP technique; however, only a single integration was performed.
It is worth noting that, because consecutive intervals are treated separately and appended to form
the entire time series, discontinuities exist at the zero points (i.e., transition from end of one interval
to beginning of next).
4.2.4.6 Calculation of Walking Speed
When using self-paced treadmill control, it is imperative that accurate walking speed is determined
prior to calculating temporo-spatial parameters. Therefore, an algorithm using AP foot marker
velocity during contralateral swing phase was applied to determine a mean value of walking speed
for each step [178], [263]. Contralateral swing phase was identified as the interval five frames after
TO to five frames before HS. During this interval, the stance foot and the treadmill moved at the
same speed. Therefore, the top, front marker on the cluster plate of the stance foot (Figure 4.8,
markers 8 and 12) was used to compute a velocity curve in the AP direction. From there, the mean
value was computed from the eight consecutive frames with the smallest standard deviation of the
AP velocity curve. Subsequently, it was ensured that all walking intervals contained only full steps,
beginning and ending on either left or right HS.

4.2.5 Gait Stability Analysis
4.2.5.1 Temporo-Spatial Gait Parameters
To quantify and assess walking performance, average temporo-spatial parameters of walking
speed, stride length, stride time, step length, step time, step width, swing per stride, and stance per
stride were calculated for each participant [35], [36], [51], [178]. Both swing per stride and stance
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per stride were expressed as a time percentage of the complete stride. Furthermore, based on
previous evidence of a lack of significant differences between body sides [67], values from right
and left body sides were combined in the mean calculation of all parameters for non-disabled
participants [35], [36], [240], [264]. For the three case study participants, left and right body sides
were treated independently, meaning separate values were obtained for all temporo-spatial
parameters other than walking speed, stride length and stride time. For all participants, the mean
and variability (across- and within-participant) of each parameter were calculated from steps
within the unperturbed walking segments taken from the first level of the simulated rocky surface
task. Values obtained from the first step (or stride) in a segment, or steps (or strides) containing
missing marker data were excluded. Taking these exclusions into account, most unperturbed
walking segments included 4 to 5 useable steps. Therefore, mean values for non-disabled
participants were computed from 24 to 30 steps (12 to 15 strides) per participant. For case study
participants, mean values of step length, step time, step width, swing per stride, and stance per
stride were computed from 12 to 15 steps for each body side, while walking speed, stride length
and stride time were computed from 12 to 15 strides.
4.2.5.2 Extrapolated Centre of Mass and Margin of Stability
The XCoM and margin of stability (MoS) were calculated using equations (9) and (11) (Chapter
2), respectively, with both quantities being determined separately for the ML and AP directions.
The lateral and anterior bounds of the base of support (BoS) were provided by the instantaneous
positions (in the ML and AP directions, respectively) of the top foot marker of the lead foot from
ipsilateral HS to contralateral HS [48], [70], [98]. In other words, the boundaries of the BoS for
MoS calculations in both the ML and AP directions were defined by the position of the top, front
marker on the cluster plate of the stance phase foot (Figure 4.8, markers 8 and 12) from the instant
it strikes the platform to the instant the contralateral foot strikes the platform. To quantify gait
stability in the ML direction, MoS values were examined for three instances within each step: (1)
HS; (2) mid-stance (MS); and (3) the minimum between HS and contralateral TO (HScTO).
Similarly, MoS values in the AP direction were examined at two instances: (1) HS; and (2) MS.
Previous studies [19], [91], [92], [97], [265]–[267] have investigated the MoS at these instances
as they are believed to be the least stable points in the gait cycle. MS was defined as the point at
which the CoM passes the foot marker [268]. Mean values of all five MoS measures were
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calculated from 15 steps per body side. Exclusion criteria included the first step at the beginning
of an unperturbed surface walking segment, or steps with missing data. Specific to the ML
direction, steps with inordinate fluctuations of the ML force about zero were also excluded.
Briefly, the ML force goes to zero only once over a typical step, shortly after HS. In some cases,
however, minor fluctuations of the ML force created additional zero points through a step. This is
problematic when applying the ZPZP algorithm as each zero point creates an additional
discontinuity in the estimated CoM and vCoM. See Appendix E for a full justification of these
exclusions. To ensure that all mean values were calculated from a total of 15 steps, exclusions
were replaced with values from the next appropriate step. In most cases, all values were taken from
steps within the walking segments obtained from the first level; however, when insufficient steps
were available, values were drawn from the segments of the second level.

4.2.6 Statistical Analysis
Non-parametric Friedman tests were applied to all MoS measures to test for significant differences
between task levels (1 and 2) and body side (left and right). Only participants with at least 15
unexcluded steps on both body sides were included in these tests, and a significance level of α =
0.05 was used. Across- and within-participant variability were used to assess the robustness of the
MoS measures.
The between-session repeatability was assessed by calculating the intra-class correlation
coefficient (ICC) for model (2,1), the standard error of measurement (SEM), and the minimal
detectable change (MDC) [191] between the first and second session for all 15 participants.
Equations (37) and (38) (Chapter 2) were used to compute SEM and MDC, respectively. ICC
values of 0.75 or higher were considered excellent, 0.4-0.75 to be fair to good, and less than 0.4 to
be poor, as used by [75], [264], [269]–[272] based on benchmarks suggested by [192], [273]–
[275]. Further, based on recommendation from Chinn [276], good agreement was considered for
ICC values greater than 0.6 [23], [277], [278].
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4.3

Results

4.3.1 Temporo-Spatial Gait Parameters
Figure 4.10 provides a representative time series example of foot displacement for a single, nondisabled participant during an unperturbed walking segment from the first level of the simulated
rocky surface walking task (Figure 4.4). The trajectory of either foot is provided by the position
of the top, front marker on the outside of either foot (Figure 4.8, markers 8 and 12) for two
complete walking strides (i.e., two steps per body side). Based on a visual inspection of Figure
4.10, the non-disabled participant appears to walk with a relatively consistent step-to-step gait
pattern, demonstrating symmetry between left and right body sides. There seem to be some minor,
expected fluctuations in the ML position of both feet; however, the participant does not appear to
drift significantly from side-to-side.
Stride time: 0.97 s
Step time: 0.49 s

Step width: 0.25 m

Figure 4.10: Displacement of the feet for two complete walking strides of a non-disabled participant in
both the anteroposterior (AP) and mediolateral (ML) directions. Time series were obtained from an
unperturbed walking segment within the first level of the simulated rocky surface walking task. Line color
indicates body side: left (red) and blue (right). Circle markers indicate times of heel strike (HS). Values of
stride time, step time and step width are shown, all beginning at left HS (right step).
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Temporo-spatial parameters, including walking speed, stride length, stride time, step length, step
time, step width, swing per stride, and stance per stride are provided in Table 4.3. Note that step
width was calculated based on the lateral distance between the top, front markers on the rigid plates
located on the outsides of the feet (Figure 4.8, markers 8 and 12), rather than markers located at
the centre-line of either foot (e.g., heel markers). As suggested by Figure 4.10 and confirmed via
the relatively low within-participant variability, non-disabled participants walked with a consistent
gait pattern. While a higher across-participant standard deviation was found for walking speed due
to the different self-selected speeds, the across-participant standard deviation for all other
parameters remained relatively low (roughly 10% of the mean value).
Table 4.3: Temporo-spatial parameters of unperturbed walking on the CAREN. Data are presented as
group means and across-participant standard deviations (SD). Average within-participant variability
(WPV) is also presented for each parameter.

Parameter

Mean ± SD

WPV

Walking speed (m/s)

1.43 ± 0.23

0.07

Stride length (m)

1.48 ± 0.14

0.05

Stride time (s)

1.05 ± 0.11

0.02

Step length (m)

0.74 ± 0.07

0.03

Step time (s)

0.52 ± 0.06

0.02

Step width (m)

0.29 ± 0.04

0.03

Swing per stride (%)

39.12 ± 1.29

1.34

Stance per stride (%)

60.90 ± 1.29

1.02

4.3.2 Extrapolated Centre of Mass and Margin of Stability
Figure 4.11 provides a representative time series example of the relationship between the XCoM
and BoS in the ML direction, along with the corresponding MoS for a non-disabled participant
during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. The time series include two complete walking strides (i.e., two steps per body side). Recall
that the BoS is defined by the top, front marker on the outside of the stance foot from ipsilateral
HS to contralateral HS. Furthermore, the MoS is the distance between the XCoM and the BoS, in
the ML direction. As seen in Figure 4.11, the participant’s XCoM remained within the bounds of
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the BoS, thus demonstrating a positive MoS throughout the representative time series. The MoS
plot also indicates that slight variability in the trajectory of the MoS exists between body sides, as
well as between separate steps on the same body side. Representative values of all three MoS
measures in the ML direction (MoS-HS, MoS-MS, MoS-HScTO) are also provided in Figure 4.11,
for a single step only. The MoS-MS is the largest, followed by MoS-HS and, finally, MoS-HScTO.
Not surprisingly, MoS-HScTO is the lowest of all three as it is the minimum distance between the
XCoM and BoS from HS to contralateral toe off (cTO). In addition, MoS-HScTO appears to occur
shortly after HS, which explains why its value is comparable to MoS-HS.
MoS-HScTO
MoS-HS

MoS-MS

cTO

MoS-MS: 16.8 cm
cTO

MoS-HS: 8.9 cm

MoS-HScTO: 8.6 cm

Figure 4.11: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of a non-disabled participant in the mediolateral (ML) direction. Top: black curve is the XCoM, while the
red and blue lines represent the limits of the BoS defined during the stance phase of the left and right feet,
respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate the location of
contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken for a single
step. The MoS measures indicated are: heel strike (MoS-HS), mid-stance (MoS-MS), and the minimum
between heel strike and cTO (MoS-HScTO). Values for MoS-HS, MoS-MS and MoS-HScTO are also
provided for a single step.

Figure 4.12 provides a representative time series example of the relationship between the XCoM
and BoS in the AP direction, along with the corresponding MoS for a non-disabled participant
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during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. The time series include two complete walking strides (i.e., two steps per body side). Based
on the plot of the XCoM and BoS, it can be seen that, in each step, the XCoM travels beyond the
boundary of the BoS. This observation is confirmed by noting that the MoS repeatedly falls into
the negative range shortly after MS. Contrary to what was observed in the ML direction, the
trajectory of the MoS appears to be relatively consistent across successive steps. Representative
values of the two MoS measures in the AP direction (MoS-HS and MoS-MS) for a single step
indicate that results are relatively comparable between MoS-HS and MoS-MS, with MoS-MS
being only slightly higher.

MoS-HS

MoS-MS
MoS-HS: 9.6 cm

MoS-MS: 11.6 cm

Figure 4.12: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of a non-disabled participant in the anteroposterior (AP) direction. Top: black curve is the XCoM, while
the red and blue lines represent the limits of the BoS defined during the stance phase of the left and right
feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate the location of
contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken for a single
step. The MoS measures indicated are: heel strike (MoS-HS) and mid-stance (MoS-MS). Values for MoSHS and MoS-MS are also provided for a single step.

The Friedman test with factors task level and body side did not reveal any significant differences
(α = 0.05) between MoS values taken from level 1 and level 2 of the simulated rocky surface
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walking task, for all MoS measures. Thus, for participants with insufficient data in level 1, values
were drawn from level 2 to ensure a total of 15 steps (values) per body side. Additionally, the
Friedman test identified significant differences between right and left steps for MoS-MS (p =
0.002) only. Since none of the other measures exhibited significant differences, all MoS measures
were combined for the two body sides. Tables 4.4 and 4.5 present all MoS measures in the ML
and AP directions. In line with the observations from Figure 4.11, the greatest MoS values occurred
for MoS-MS, whereas MoS-HS and MoS-HScTO were comparable. In the AP direction, MoS-HS
was much greater than MoS-MS, which differs from what is suggested by Figure 4.12.
In terms of the variability of the measures in the ML direction, the MoS-MS exhibited the lowest
across-participant variability (given by standard deviation), in terms of both absolute and relative
measurement (roughly 17% of the mean value). The MoS-HS and MoS-HScTO both had higher
absolute measurements of across-participant variability, corresponding to approximately 30% of
the mean value. Within-participant variability was generally in the 10 to 17% range for all cases.
On average, relative across- and within-participant variability were greater for the MoS measures
in the AP direction. For MoS-HS, across- and within- participant variability were 30% and 35%
of the mean value, respectively, whereas for MoS-MS, both measurements of variability were
approximately 40% of the mean value.
Table 4.4: Margin of stability measures at heel strike (MoS-HS), mid-stance (MoS-MS) and contralateral
toe off (MoS-HScTO) in the mediolateral (ML) direction. Data are presented as group means and acrossparticipant standard deviations (SD). Average within-participant variability (WPV) is also presented for
each measure.

Measure

Mean ± SD

WPV

MoS-HS (cm)

13.2 ± 3.9

2.1

MoS-MS (cm)

18.3 ± 3.1

2.6

MoS-HScTO (cm)

12.8 ± 4.2

2.2
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Table 4.5: Margin of stability measures at heel strike (MoS-HS) and mid-stance (MoS-MS) in the
anteroposterior (AP) direction. Data are presented as group means and across-participant standard
deviations (SD). Average within-participant variability (WPV) is also presented for each measure.

Measure

Mean ± SD

WPV

MoS-HS (cm)

17.6 ± 5.3

6.2

MoS-MS (cm)

7.5 ± 3.2

3.0

4.3.3 Between-Session Repeatability
Tables 4.6 and 4.7 present the between-session repeatability results for the MoS measures in the
ML and AP directions, respectively. In the ML direction, all MoS measures presented good
repeatability (ICC > 0.6), whereas in the AP direction, only the MoS-HS demonstrated good
repeatability. The MoS-MS in the AP direction showed only fair repeatability (ICC > 0.4).
For all MoS measures in the ML direction, SEM values represented 10 to 20% of the average
absolute value. In the AP direction, the SEM for MoS-HS was approximately 17% of the average
absolute value, whereas for MoS-MS, the SEM was roughly 32% of the average absolute value.
In the ML direction, MDC values for MoS-HS and MoS-HScTO neared a mark of 50% of the
average absolute value. For MoS-MS, the MDC value was 36%. In comparison, MDC values in
the AP direction were 47% of the average absolute value for MoS-HS, and 88% of the average
absolute value for MoS-MS.
Table 4.6: Repeatability results for the margin of stability measures at heel strike (MoS-HS), mid-stance
(MoS-MS) and contralateral toe off (MoS-HScTO) in the mediolateral (ML) direction. Repeatability
parameters include the intra-class correlation coefficient with corresponding 95% confidence intervals,
standard error of measurement (SEM), and minimum detectable change (MDC). ICC values above 0.6 are
presented in bold.

Measure

ICC

SEM (cm)

MDC (cm)

MoS-HS

0.66 (0.26-0.87)

2.3

6.3

MoS-MS

0.63 (0.19-0.86)

1.9

6.6

MoS-HScTO

0.65 (0.25-0.86)

2.5

6.8
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Table 4.7: Repeatability results for the margin of stability measures at heel strike (MoS-HS) and midstance (MoS-MS) in the anteroposterior (AP) direction Repeatability parameters include the intra-class
correlation coefficient with corresponding 95% confidence intervals, standard error of measurement (SEM)
and minimum detectable change (MDC). ICC values above 0.6 are presented in bold.

Measure

ICC

SEM (cm)

MDC (cm)

MoS-HS

0.67 (0.26-0.88)

3.0

8.4

MoS-MS

0.44 (-0.09-0.77)

2.4

6.6

4.3.4 Comparison to Impaired Participants
Figure 4.13 provides a representative time series example of foot displacement for the participant
with HA during an unperturbed walking segment from the first level of the simulated rocky surface
walking task. Same as for the non-disabled individuals, the trajectory of either foot is provided by
the position of the top, front marker on the outside of either foot (Figure 4.8, markers 8 and 12)
for two complete walking strides (i.e., two steps per body side). By inspection of Figure 4.13, the
participant appears to demonstrate a symmetric gait pattern as there do not seem to be any
noticeable differences between body sides. Furthermore, neither of the feet demonstrate any major
fluctuations in the ML direction. Example values of stride time, step time and step width are all
larger than observed for non-disabled participants.
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Stride time: 1.14 s
Step time: 0.56 s

Step width: 0.33 m

Figure 4.13: Displacement of the feet for two complete walking strides of the participant with hemophilic
arthropathy in both the anteroposterior (AP) and mediolateral (ML) directions. Time series are obtained
from an unperturbed walking segment within the first level of the simulated rocky surface walking task.
Line color indicates body side: left (red) and blue (right). Circle markers indicate times of heel strike (HS).
Values of stride time, step time and step width are shown, all beginning on left HS (right step).

Figure 4.14 provides a representative time series example of foot displacement for the participant
with TTA during an unperturbed walking segment from the first level of the simulated rocky
surface walking task. As before, the trajectory of either foot is provided by the position of the top,
front marker on the outside of either foot (Figure 4.8, markers 8 and 12) for two complete walking
strides (i.e., two steps per body side). Based on the AP position of the feet, the participant seems
to demonstrate consistency across successive steps, thus, demonstrating a consistent and
symmetric gait pattern. In the ML direction, there appear to be noticeable and repeated deviations
in the foot location just prior to HS, for both body sides. Example values of stride and step time
are both much larger than those of the non-disabled participants, while step width is slightly
smaller.
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Stride time: 1.28 s
Step time: 0.65 s

Step width: 0.26 m

Figure 4.14: Displacement of the feet for two complete walking strides of the participant with transtibial
amputation in both the anteroposterior (AP) and mediolateral (ML) directions. Time series are obtained
from an unperturbed walking segment within the first level of the simulated rocky surface walking task.
Line color indicates body side: left (red) and blue (right). Circle markers indicate times of heel strike (HS).
Values of stride time, step time and step width are shown, all beginning on left HS (right step).

Figure 4.15 provides a representative time series example of foot displacement for the participant
with mTBI during an unperturbed walking segment from the first level of the simulated rocky
surface walking task. The trajectory of either foot is provided by the position of the top, front
marker on the outside of either foot (Figure 4.8, markers 8 and 12) for two complete walking
strides (i.e., two steps per body side). By observation of Figure 4.15, the participant does not appear
to demonstrate any noticeable differences between body sides or in successive steps. This indicates
a consistent and symmetric step-to-step gait pattern. In the ML direction, the participant appears
to shift towards the right side near the end of the representative time series. Example values of
stride and step time are both smaller than their non-disabled counterparts, while step width is larger
than observed in the non-disabled sample.
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Stride time: 1.00 s
Step time: 0.50 s

Step width: 0.33 m

Figure 4.15: Displacement of the feet for two complete walking strides of the participant with mild
traumatic brain injury in both the anteroposterior (AP) and mediolateral (ML) directions. Time series are
obtained from an unperturbed walking segment within the first level of the simulated rocky surface walking
task. Line color indicates body side: left (red) and blue (right). Circle markers indicate times of heel strike
(HS). Values of stride time, step time and step width are shown, all beginning on left HS (right step).

Temporo-spatial parameters, including walking speed, stride length, stride time, step length, step
time, step width, swing per stride, and stance per stride are provided in Table 4.8 for participants
with: (1) HA, (2) TTA, and (3) mTBI. Obtained normative values are shown as well for
comparison purposes. Note, again, that step width was calculated based on the lateral distance
between the top, front markers on the rigid plates located on the outsides of the feet (Figure 4.8,
markers 8 and 12), rather than markers located at the centre-line of either foot (e.g., heel markers).
While the individual with HA walked at a comparable speed as the non-disabled participants, the
stride length and time as well as the step lengths, times, and widths were larger on both body sides.
By comparison of these parameters for body sides, the individual with HA walked with a
symmetric gait pattern. Some slight asymmetries were revealed in looking at the separate phases
of swing and stance as the individual appeared to spend more time in swing during a left step and
more time in stance during a right step. The individual with TTA walked slower than the nondisabled participants, matched by a correspondingly lower stride length and higher stride time.
Asymmetries between left and right body sides were revealed when scrutinizing the greater step
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length and time on the right body side. Furthermore, the individual with TTA spent more time in
right swing than left, and, thus, more time in left stance than right. Similar values for step width
were found for both body sides. The individual with mTBI walked faster than the non-disabled
participants, with a greater stride length and lower stride time. Per body side, greater step lengths
were observed on the right, whereas step time and step width were similar for right and left.
Table 4.8: Temporo-spatial parameters of normal, level-surface walking on the CAREN for case study
participants with: (1) hemophilic arthropathy (HA); (2) transtibial amputation (TTA); and (3) mild
traumatic brain injury (mTBI). Data are presented as participant means and within-participant variability
(WPV). Normative values (mean and across-participant variability) are shown for comparison purposes.

HA

TTA

mTBI

Norm

Parameter

Mean ± WPV

Mean ± WPV

Mean ± WPV

Mean ± SD

Walking speed (m/s)

1.43 ± 0.05

0.99 ± 0.05

1.82 ± 0.12

1.43 ± 0.23

Stride length(m)

1.61 ± 0.07

1.26 ± 0.04

1.76 ± 0.06

1.48 ± 0.14

Stride time (s)

1.12 ± 0.01

1.28 ± 0.02

0.98 ± 0.03

1.05 ± 0.11

Left

0.81 ± 0.03

0.61 ± 0.03

0.86 ± 0.04

Right

0.80 ± 0.04

0.66 ± 0.02

0.90 ± 0.03

Left

0.56 ± 0.01

0.63 ± 0.03

0.49 ± 0.02

Right

0.56 ± 0.01

0.65 ± 0.02

0.49 ± 0.02

Left

0.34 ± 0.02

0.31 ± 0.02

0.28 ± 0.03

Right

0.34 ± 0.02

0.31 ± 0.03

0.28 ± 0.04

Left

38.77 ± 0.86

35.85 ± 1.09

39.81 ± 0.72

Right

36.36 ± 0.73

36.58 ± 1.67

39.57 ± 1.29

Left

61.38 ± 1.03

64.36 ± 1.51

60.19 ± 0.72

Right

63.89 ± 0.62

63.58 ± 1.63

60.80 ± 1.35

Step length (m)
Step time (s)
Step width (m)
Swing per stride (%)
Stance per stride (%)

0.74 ± 0.07
0.52 ± 0.06
0.29 ± 0.04
39.12 ± 1.29
60.90 ± 1.29

Figure 4.16 provides a representative time series example of the relationship between the XCoM
and BoS in the ML direction, along with the corresponding MoS for the participant with HA during
an unperturbed walking segment from the first level of the simulated rocky surface walking task.
The figure shows that the participant’s XCoM remained within the bounds of the BoS, which
indicates a positive margin of stability throughout the entire interval. Based on the plot of the MoS,
the overall trajectory seems relatively comparable between consecutive steps. Representative
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values of MoS-HS, MoS-MS and MoS-HScTO indicate that all are larger than those observed in
the non-disabled participants. However, similar to the non-disabled sample, MoS-MS is the
largest, followed by MoS-HS and MoS-HScTO. In this case, MoS-HS and MoS-HScTO both
occur at the same instant in time (i.e., HS) and, thus, have the same value.
MoS-HScTO
MoS-HS

MoS-MS

cTO
cTO

MoS-HScTO: 18.3 cm

MoS-MS: 22.4 cm

MoS-HS: 18.3 cm

Figure 4.16: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with hemophilic arthropathy in the mediolateral (ML) direction. Top: black curve is the
XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase of the
left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate
the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken
for a single step. The MoS measures indicated are: heel strike (MoS-HS), mid-stance (MoS-MS), and the
minimum between heel strike and cTO (MoS-HScTO). Values for MoS-HS, MoS-MS and MoS-HScTO
are also provided for a single step.

Figure 4.17 provides a representative time series example of the relationship between the XCoM
and BoS in the AP direction, along with the corresponding MoS for the participant with HA during
an unperturbed walking segment from the first level of the simulated rocky surface walking task.
The time series includes two complete walking strides (i.e., two steps per body side). As was
observed in the representative time series from the non-disabled participant, the XCoM travels
beyond the boundary of the BoS during each step, shortly after MS. The trajectory of the MoS
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appears to be different across body sides, specifically from HS to the time the peak value is
reached. The participant with HA looks to achieve a greater MoS-HS on the left body side rather
than the right. Representative values indicate that MoS-HS is much larger, and MoS-MS is much
smaller than for the non-disabled participants. Consistent with the findings from the non-disabled
sample, MoS-HS is larger than MoS-MS.

MoS-HS

MoS-MS

MoS-HS: 25.7 cm

MoS-MS: 3.8 cm

Figure 4.17: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with hemophilic arthropathy in the anteroposterior (AP) direction. Top: black curve is the
XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase of the
left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate
the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken
for a single step. The MoS measures indicated are: heel strike (MoS-HS) and mid-stance (MoS-MS). Values
for MoS-HS and MoS-MS are also provided for a single step.

Figure 4.18 provides a representative time series example of the relationship between the XCoM
and BoS in the ML direction, along with the corresponding MoS for the participant with TTA
during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. Based on Figure 4.18, the participant’s XCoM remained well within the limits of the BoS,
which is confirmed by the positive values for the MoS. The MoS plot demonstrates clear
differences between the MoS trajectory on each body side, as the MoS curve for the left body side
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appears significantly more rounded than on the right. The representative values of MoS-HS and
MoS-HScTO are both larger than those observed in the non-disabled sample, while MoS-MS is
slightly smaller. However, as in the non-disabled sample, MoS-MS remains largest, followed by
MoS-HS and MoS-HScTO. Similar to the participant with HA, the MoS-HS and MoS-HScTO
both occur at the same instant in time (i.e., HS) and, thus, have the same value.
MoS-HScTO
MoS-MS

MoS-HS

cTO

MoS-HS: 16.7 cm

cTO

MoS-MS: 17.8 cm

MoS-HScTO: 16.7 cm

Figure 4.18: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with transtibial amputation in the mediolateral (ML) direction. Top: black curve is the
XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase of the
left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate
the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken
for a single step. The MoS measures indicated are: heel strike (MoS-HS), mid-stance (MoS-MS), and the
minimum between heel strike and cTO (MoS-HScTO). Values for MoS-HS, MoS-MS and MoS-HScTO
are also provided for a single step.

Figure 4.19 provides a representative time series example of the relationship between the XCoM
and BoS in the AP direction, along with the corresponding MoS for the participant with TTA
during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. The time series includes two complete walking strides (i.e., two steps per body side). As with
the non-disabled participant and the participant with HA, the XCoM travels beyond the boundary
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of the BoS shortly after MS in each step. Across body sides, the trajectory of the MoS appears
comparable. Based on the representative values for a single step, MoS-HS nearly matches that of
the non-disabled participants, while MoS-MS is larger. Similar to the non-disabled sample, MoSHS is greater than MoS-MS in the AP direction.

MoS-HS

MoS-MS
MoS-MS: 8.5 cm

MoS-HS: 17.5 cm

Figure 4.19: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with transtibial amputation in the anteroposterior (AP) direction. Top: black curve is the
XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase of the
left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate
the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken
for a single step. The MoS measures indicated are: heel strike (MoS-HS) and mid-stance (MoS-MS). Values
for MoS-HS and MoS-MS are also provided for a single step.

Figure 4.20 provides a representative time series example of the relationship between the XCoM
and BoS in the ML direction, along with the corresponding MoS for the participant with mTBI
during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. Based on observations from Figure 4.20, the participant maintained their XCoM within the
limits of the BoS, thereby preserving a positive MoS throughout both strides. In addition, it appears
that the participant with mTBI walked with the XCoM shifted slightly towards the right side of the
body. This observation is confirmed in seeing the larger overall trajectory of the MoS for the left
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body side, with the participant maintaining a greater MoS during left stance. From the
representative values, MoS-HS and MoS-HScTO are both smaller than those of the non-disabled
sample, while MoS-MS is larger. As observed in the non-disabled sample, MoS-MS is largest,
followed by MoS-HS and, last, MoS-HScTO. Again, it is not surprising that MoS-HScTO is
smallest since it is identified as the minimum value between HS and cTO.
MoS-HScTO
MoS-HS

MoS-MS

cTO

cTO

MoS-MS: 21.4 cm

MoS-HScTO: 11.8 cm
MoS-HS: 12.1 cm

Figure 4.20: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with mild traumatic brain injury in the mediolateral (ML) direction. Top: black curve is
the XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase of
the left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers indicate
the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure is taken
for a single step. The MoS measures indicated are: heel strike (MoS-HS), mid-stance (MoS-MS), and the
minimum between heel strike and cTO (MoS-HScTO). Values for MoS-HS, MoS-MS and MoS-HScTO
are also provided for a single step.

Figure 4.21 provides a representative time series example of the relationship between the XCoM
and BoS in the AP direction, along with the corresponding MoS for the participant with mTBI
during an unperturbed walking segment from the first level of the simulated rocky surface walking
task. The time series includes two complete walking strides (i.e., two steps per body side). As in
all participants, the XCoM travels beyond the boundary of the BoS shortly after MS. Despite a
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noticeable deviation in the third step where the XCoM nears the boundary of the BoS prior to midstance, the MoS trajectory appears similar between body sides. The representative value of MoSMS is nearly twice that of the non-disabled sample, while the value of MoS-HS is smaller. Contrary
to the non-disabled sample, MoS-MS is greater than MoS-HS for the participant with mTBI.

MoS-HS

MoS-MS

MoS-HS: 13.2 cm

MoS-MS: 15.7 cm

Figure 4.21: Temporal relationship between the locations of the extrapolated centre of mass (XCoM) and
base of support (BoS), and the corresponding margin of stability (MoS) for two complete walking strides
of the participant with mild traumatic brain injury in the anteroposterior (AP) direction. Top: black curve
is the XCoM, while the red and blue lines represent the limits of the BoS defined during the stance phase
of the left and right feet, respectively. Bottom: MoS for left (red) and right (blue) body sides. Markers
indicate the location of contralateral toe off (cTO) and indices of the gait cycle at which each MoS measure
is taken for a single step. The MoS measures indicated are: heel strike (MoS-HS) and mid-stance (MoSMS). Values for MoS-HS and MoS-MS are also provided for a single step.

Presented in Tables 4.9 and 4.10 are mean MoS values in the ML and AP directions for all three
case study participants: (1) HA, (2) TTA, and (3) mTBI. Mean values for non-disabled
participants, along with standard deviations (across-participant variability) are also provided. In
all but the individual with mTBI, MoS measures were generally larger for the case study
participants, as compared to the non-disabled participants. Furthermore, for the ML direction, the
largest values were attained for MoS-MS, followed by MoS-HS, and then MoS-HScTO. As for
the AP direction, the largest values were observed for MoS-HS, as MoS-MS values were typically
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much smaller. Both of the latter two observations are consistent with the findings from the nondisabled participants.
In the ML direction, the individual with HA demonstrated a greater MoS on the left body side, for
all measures. Furthermore, higher variability was found for MoS measures on the right body side,
in the ML direction. In the AP direction, the individual with HA exhibited an MoS-HS on the left
body side that was nearly twice as large as on the right body side. As such, MoS-HS was larger on
the left body side and smaller on the right body side in comparison to MoS-HS obtained from the
non-disabled sample. A larger MoS-MS in the AP direction was observed on the right body side.
Similar to the ML direction, greater variability occurred on the right body side.
The individual with TTA had greater mean MoS-HS and MoS-MS values on the left body side, in
the ML direction. For both measures, greater variability was also observed on the left body side.
The mean and within-participant variability of MoS-HScTO values was comparable between left
and right body sides. In the AP direction, a larger MoS-HS was observed for the right body side,
while a larger MoS-MS was seen on the left body side. The MoS-MS on the right body side was
quite small and nearing instability (i.e., close to zero). Meanwhile, the MoS-HS on the left body
side demonstrated a high variability (109% of mean value).
Finally, the individual with mTBI had a greater MoS on the left body side, for all measures in both
the ML and AP directions. This is consistent with the visual observation made from Figure 4.20.
In terms of variability, relatively high values (in comparison to the mean value) were observed in
the AP direction, for MoS-HS and MoS-MS on both body sides.
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Table 4.9: Margin of stability (MoS) measures in the mediolateral (ML) direction at heel strike (HS), midstance (MS), and the minimum between heel strike and contralateral toe off (HScTO) for case study
participants with: (1) hemophilic arthropathy (HA); (2) transtibial amputation (TTA); and (3) mild
traumatic brain injury (mTBI). Data are presented as group means and within-participant variability (WPV).
Normative values (mean and across-participant variability) are shown for comparison purposes.

HA

TTA

mTBI

Norm

Mean ± WPV

Mean ± WPV

Mean ± WPV

Mean ± SD

Left

19.4 ± 1.5

17.7 ± 3.0

11.4 ± 2.3

Right

18.8 ± 1.8

18.6 ± 1.9

10.1 ± 2.0

Left

22.8 ± 1.7

21.3 ± 2.6

19.0 ± 3.0

Right

19.6 ± 2.3

17.6 ± 1.8

16.8 ± 4.2

Left

19.4 ± 1.5

18.3 ± 1.8

11.6 ± 3.1

Right

18.1 ± 1.6

18.1 ± 1.6

10.0 ± 2.1

Measure
MoS-HS (cm)
MoS-MS (cm)
MoS-HScTO (cm)

13.2 ± 3.9
18.3 ± 3.1
12.8 ± 4.2

Table 4.10: Margin of stability (MoS) measures in the anteroposterior (AP) direction at heel strike (HS),
mid-stance (MS), and the minimum between heel strike and contralateral toe off (HScTO) for case study
participants with: (1) hemophilic arthropathy (HA); (2) transtibial amputation (TTA); and (3) mild
traumatic brain injury (mTBI). Data are presented as group means and within-participant variability (WPV).
Normative values (mean and across-participant variability) are shown for comparison purposes.

HA

TTA

mTBI

Norm

Mean ± WPV

Mean ± WPV

Mean ± WPV

Mean ± SD

Left

24.9 ± 2.7

12.9 ± 14.0

15.9 ± 7.1

Right

12.8 ± 4.6

19.8 ± 2.4

14.9 ± 4.9

Left

5.2 ± 1.7

11.0 ± 1.9

12.3 ± 5.2

Right

7.9 ± 3.8

1.4 ± 1.6

8.2 ± 6.6

Measure
MoS-HS
MoS-MS

4.4

17.6 ± 5.3
7.5 ± 3.2

Discussion

The main objective of the present study was to evaluate the utility of the XCoM to quantify human
gait stability in a clinical setting, using its corresponding dynamic MoS. By conducting
experiments with human participants, it was found that: (1) the XCoM is a practically feasible
measure to obtain, in terms of imposing minimal burden on the participant, a lack of extensive
setup required, a reasonable duration of a trial, the versatility to be applied to multiple walking
conditions, and a sound theoretical basis; (2) measurement of gait stability via the MoS is robust,
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demonstrated by reasonable across- and within-participant variability; (3) the MoS was also a
reliable measure of gait stability as it demonstrated good repeatability between sessions; and (4)
the MoS has potential to be sensitive to detect impairments in gait through the deviation from
normal gait values.

4.4.1 Practical Feasibility of Obtaining the XCoM and MoS
As discussed in Chapter 3, the expected burden on the patient and time constraints are two of the
critical barriers to implementation of standardized outcome measures and functional assessment
[194]–[196]. In the present study, we placed considerable attention to both obstacles in order to
demonstrate the practical feasibility of obtaining the XCoM and MoS for use in a clinical setting.
First, only 15 gait strides (i.e., 15 steps per body side) were used to compute the mean MoS values
which, based on the average stride length of 1.48 m (Table 4.3), is less than 25 m of total walking
distance. Granted, this does not include the time from gait initiation to the beginning of a steadystate gait pattern (i.e., comfortable pace); however, even taking this into account, the total walking
distance is entirely reasonable. Furthermore, we extracted steps from multiple 10 m walking
segments, which means that all 15 steps do not need to be from the same period of continuous
walking. Therefore, if fatigue is of concern, it is possible to conduct multiple trials of shorter
distances and allow the patient to rest in between. The relatively small number of steps also helps
when considering time constraints as less walking means a shorter assessment time.
In assessing the time feasibility of an outcome measure, it is important to not only consider the
overall trial time, but also the time necessary to prepare the patient and any data collection
equipment. With respect to the XCoM, the greatest hindrance is regarding the CoM and vCoM since
the most commonly recommended method for estimating them, the kinematic method [83], [85],
is relatively time-consuming. To overcome this issue, we employed an instrumented treadmill in
combination with the ZPZP double-integration technique [88], [89], [182], which allowed the AP
and ML components of CoM and vCoM to be estimated via integration of the measured GRFs. As
such, this eliminates the need for a full-body kinematic marker set. In the case where an
instrumented treadmill is unavailable, the use of simplified marker sets should be explored. Havens
et al. [248] suggest using either the lower extremity and trunk model, or the pelvis average model.

107

Although a total of 35 markers were attached to the participant’s body during the protocol, only
the 4-marker clusters on the back and feet were used in the analysis of the present study. By virtue
of their rigid plate design, the time required to secure the marker clusters to the participant was
minimal. Therefore, the use of these markers did not appreciably increase setup time or jeopardize
the time feasibility of obtaining the XCoM and MoS.

4.4.2 Walking Performance by Temporo-Spatial Parameters
Overall, the temporo-spatial gait parameters obtained from non-disabled participants were
comparable to similar gait studies conducted on the CAREN, such as that by Sinitski et al. [279].
Participants in the present study walked at a similar speed with slightly smaller stride and step
lengths. The largest differences were observed in swing and stance time per stride (%) as Sinitski
et al. [279] found lower swing time per stride and higher stance time per stride. However, the
differences were less than 3% and most likely not of clinical significance. In comparison to
normative values for overground walking [35], [51], the results of the present study indicate that
participants walked at speeds between ‘normal’ and ‘fast’ for overground gait.

4.4.3 Gait Stability Based on the MoS
In comparing the three MoS measures for the normative sample in the ML direction, the MoS-MS
was noticeably larger than both MoS-HS and MoS-HScTO. This is in contrast to the findings of
Peebles et al. [97] who found lower values for MoS-MS compared to MoS-HS. Furthermore, the
MoS-MS values of the present study were approximately 8 cm larger than those observed by
Peebles et al. [97], while MoS-HS values were comparable. It is worth noting that participants in
the comparative study walked overground, rather than on a treadmill. In addition, the position of
the CoM was approximated as the geometric centre of a triangle formed by two anterior superior
iliac spine markers and the midpoint between two posterior iliac spine markers.
It is also apparent that the MoS-HS and MoS-HScTO were comparable for the ML direction, based
on their mean normative values and the instant at which they occur in the gait cycle. First, each
lies well within the normative range (mean ± SD) of the other. Furthermore, the point at which
MoS-HScTO occurs in a step is typically at HS or very shortly after (less than 0.05 s difference).
Taking both details into consideration, it seems unnecessary to apply both measures when
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estimating gait stability. Previous literature has cited HS to be the point at which stability is most
compromised [30], [91], [280], leading to MoS-HS being the most commonly applied MoS
measure [3], [19], [47], [97], [100], [266], [267]. Taking this into account, it appears sufficient to
use only MoS-HS, rather than MoS-HScTO, moving forward; however, further work is necessary
before altogether dismissing MoS-HScTO as a valid measure to quantify gait stability in the ML
direction.
As is evident in the previous comparison to the work of Peebles et al. [97], a lack of consistency
in the methods across previous studies [19], [47], [63], [70], [91], [92], [97], [98], [100], [202],
[239], [266], [281]–[283] indicates that caution should be maintained when comparing to the
present results. For instance, there is a high level of variation in the methods used to estimate the
CoM, how the BoS is defined, and whether the MoS is quantified by the average over an entire
step, or at a specific instant in each step. Differences in the prescribed walking conditions (e.g.,
overground, fixed treadmill speed) further complicate the comparisons.
As mentioned earlier, the normative MoS-HS estimate in the present study is comparable to that
predicted by Peebles et al. [97], despite the differences in methods. As for other studies, both Hof
et al. [47] and Curtze et al. [100] found very low mean MoS values for non-disabled participants.
In both cases, the MoS estimates were only slightly above zero, indicating very low stability.
Again, these differences may be a result of differences in methods as Hof et al. [47] low-pass
filtered the CoP data to estimate CoM, used the CoP position to define the BoS, and found the
minimum MoS value across an entire step, instead of directly at HS. Meanwhile, Curtze et al. [100]
estimated the CoM using the kinematic method and calculated MoS-HS as the distance between
the XCoM and the midline of the foot at HS during overground walking. McAndrew Young et al.
[19] found higher values of MoS-HS, although still smaller than those of the present study. In this
case, only the CoM estimation differed from the present study as the kinematic method was used
in place of the double-integration technique.
In the AP direction, MoS-HS is much larger than MoS-MS. Given that MS is defined as the point
at which the CoM passes over the stance foot in the AP direction, this observation is entirely
reasonable. As the CoM travels over the foot, the two are aligned in the AP direction and, thus, the
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separation distance approaches zero. As a result, MoS-MS is due only to the velocity component
of the XCoM. Peebles et al. [97] also found larger values for MoS-HS than MoS-MS in nondisabled participants (AP direction), confirming our observation. However, similar to the ML
direction, Peebles et al. [97] reported smaller MoS-MS and comparable MoS-HS values at
preferred walking speeds, relative to the present study. At a similar walking speed (1.4 m/s) as the
average for non-disabled participants in the present study (1.43 m/s), Süptitz et al. [98] found lower
MoS-HS values for young adults. The normative MoS-HS values of the present study appear to
match those achieved by participants walking at slower speeds (1.0-1.2 m/s). Süptitz et al. [98]
calculated MoS-HS as the distance between the XCoM and a toe marker, which should effectively
increase the MoS in comparison to the present study (toe marker versus marker at centre of the
foot); however, participants also walked at a fixed speed. The other notable difference is that CoM
was estimated using the kinematic method. Finally, McAndrew Young et al. [19] observed mean
MoS-HS values for unperturbed gait that are roughly double those of the present study. While
CoM estimation differed between studies, MoS-HS was measured from a toe marker at HS, rather
than a marker closer to the centre of the foot. The latter distinction may explain some of the
discrepancy, but certainly not all.

4.4.4 Variability and Robustness of the MoS
In evaluating the utility of a proposed outcome measure, it is important to consider the withinparticipant variability, as increased variability in motor performance is a key indicator of poor
motor skill in some clinical populations [284]. In the context of gait, increased variability in
temporo-spatial gait parameters is thought to be correlated with decreased stability and greater fall
risk [8], [43], [119], [285]. Therefore, a proposed gait stability measure should demonstrate low
within-participant variability in a normative sample so that accurate deductions can be made when
comparing to the performance of impaired populations. For the current study, mean participant
standard deviation as a measure of within-participant variability demonstrated reasonably low
results for all MoS measures in the ML direction. Slightly larger within-participant variability was
found for MoS-HScTO, in comparison to MoS-HS and MoS-MS. Given that the MoS-HS and
MoS-MS were taken at a specific instant of the gait cycle, whereas the MoS-HScTO measure
searched for the minimum MoS in the ML direction between HS and cTO, the corresponding
increase in variability is entirely reasonable. In the AP direction, the MoS-HS and MoS-MS
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demonstrated substantially higher within-participant variability values as they were more than
twice as large as for their ML counterparts, relative to respective means. While this may question
the utility of the AP measures, it is worth noting that the AP direction is the direction of travel,
implying an inherent degree of variability of the measures. Adding to this, the use of the self-paced
control of the treadmill may have induced greater stride-to-stride variability.
In order to be sensitive to differences, across-participant variability of a measure should, ideally,
also remain low for a normative sample. However, too little variability among participants could
be indicative of ceiling effects or restriction of range, both of which reveal poor measurement
capabilities of the measure for the sample [286]. Keeping this in mind, estimates of acrossparticipant variability, given by the standard deviation of the participants’ means, are justifiable
for all MoS measures in the ML direction, along with the MoS-HS in the AP direction. In the ML
direction, the largest values in relation to the mean are again seen for MoS-HScTO, followed
closely by MoS-HS. Meanwhile across-participant variability relative to the mean for MoS-MS is
noticeably lower. The latter observation may be tied to the fact that MoS-MS is measured from
the stance foot, whereas MoS-HScTO and MoS-HS are more closely tied to foot placement. At
roughly 30% of their respective mean values, the across-participant variability for MoS-HScTO
and MoS-HS in the ML direction, and MoS-HS in the AP direction are trending slightly higher.
However, their utility cannot be ruled out without a comparison to measures obtained from known
impairments.
As noted in the previous section, it is important to be careful when comparing the present results
with other studies. However, it is still worthwhile discussing how the results relate. Contrary to
Peebles et al. [97], greater across-participant variability relative to the mean was seen, in the ML
direction, for MoS-MS than MoS-HS. Furthermore, across-participant variability relative to the
mean was nearly identical for MoS-MS between studies, yet MoS-HS variability in the present
study was nearly double that determined by Peebles et al. [97]. The results of Curtze et al. [100]
revealed considerably high measurements of across-participant variability as values approached
more than 100% of the mean value for MoS-HS. Again, with respect to MoS-HS, both Hof et al.
[47] and McAndrew Young et al. [19] demonstrated reasonable across-participant variability
relative to the mean; however, it was still slightly lower than in the present study. For MoS111

HScTO, Day et al. [202] demonstrated equal to slightly lower measurements of relative acrossparticipant variability, whereas Rosenblatt et al. [91] reported higher results than the present study.
While both of these studies used the kinematic method to estimate CoM position, each
approximated the BoS differently. Day et al. [202] used the CoP position, and Rosenblatt et al.
[91] used anthropometric measurements of the foot relative to body height to estimate the limits
of the BoS.
In the AP direction, Peebles et al. [97] also observed greater across-participant variability relative
to the mean for MoS-MS over MoS-HS. At the preferred walking speed, the variability estimates
relative to their respective means were higher than those in the present study, for both MoS-MS
and MoS-HS. In their study, MoS-MS demonstrated an across-participant variability greater than
100% of the mean value, making the relative value of 40% for our study seem somewhat
reasonable. Concerning MoS-HS, McAndrew Young et al. showed relatively low acrossparticipant variability as results represented less than 10% of their respective mean values. Given
that Peebles et al. [97] approximated the CoM with a limited number of markers, while McAndrew
Young et al. [19] used a full kinematic marker set, it is possible to speculate that this may provide
reason for the difference in variability. However, the studies also differed with respect to the
walking conditions studied: overground [97] versus treadmill [19].

4.4.5 Between-Session Repeatability of the MoS
To instill confidence in a measurement and, thus, ensure that it provides consistent results, a given
outcome measure must demonstrate sufficient repeatability. Furthermore, in the clinical setting,
patients are oftentimes evaluated on multiple occasions over a period of weeks or months to
monitor changes in gait and evaluate the effectiveness of prescribed interventions. Adequate
repeatability is a prerequisite for being able to detect change using a standard outcome measure.
Thus, the between-session repeatability of all MoS measures was determined using an ICC(2,1)
model [191]. Despite all MoS measures being calculated as the mean of 15 values (steps), an
ICC(2,1) model was applied in place of ICC(2,k) as the value from one step does not constitute a
single measurement of gait stability. Due to the natural stride-to-stride variability of gait, discrete
measures, such as the MoS in this case, are computed as the mean across multiple strides (or steps)

112

[47], [93], [97], [100], [239], [257], [287], [288]. The mean value represents a single measure of
gait stability, which was used in the assessment of repeatability for the present study.
The results of the repeatability study found that all MoS measures in the ML direction (MoS-HS,
MoS-MS and MoS-HScTO) demonstrate good repeatability between sessions, whereas, in the AP
direction, only the MoS-HS measure indicated good repeatability. Although this is believed to be
the first study to investigate the between-session repeatability of the MoS, the ICC values are
comparable to those of van Schooten et al. [272] who examined the between-session repeatability
of local dynamic stability, another measure of gait stability presented in Chapter 2, for overground
walking. Regardless, the indication of good repeatability, indicated by ICC values greater than 0.6,
may not be sufficient for clinical application. According to the guidelines described by Kottner et
al. [289], ICCs greater than 0.6 may be adequate for group-level comparisons in research, but when
important clinical decisions are being made on behalf of an individual patient, ICC values of 0.9
may be necessary. Despite this, reasonable precision of these measures is indicated by the SEM
values relative to their respective means. All MoS measures demonstrating good repeatability
(MoS-HS, MoS-MS and MoS-HScTO in the ML direction, and MoS-HS in the AP direction)
showed SEM values that were less than 20% of their respective mean values. Though the MDC
values appear high relative to the mean MoS values from the normative sample, it remains possible
that they still have the capacity to detect changes in gait stability. However, this observation can
only be confirmed by monitoring change in individuals with a known gait impairment or balance
deficit, or instances in which gait is known to be compromised (i.e., during perturbations).
Poor to fair agreement was observed for MoS-MS in the AP direction, which diminishes its
suitability to be applied in future research and, certainly, in clinical settings. This is reinforced by
taking a look at the poor level of precision demonstrated by the SEM in relation to the mean value.
Furthermore, a high MDC value relative to the mean indicates a reduced capacity for MoS-MS to
monitor change.

4.4.6 Ability to Detect Differences in Gait Stability
To evaluate the potential of the MoS to discriminate between normative participants and those
with known impairments, pilot data from three case study participants were included. For this
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purpose, measurements from the case study participants were compared to the estimated ranges of
the mean normative values (mean ± 2SD). In doing so for the present study, all MoS measures in
both the ML and AP directions remained within their respective normative range for all three case
study participants. Thus, none of the MoS measures were able to detect differences in gait stability
for the selected case study participants. Though this has the potential to call into question the
capacity of the MoS to detect differences in gait stability for individuals with known impairments,
further work is needed before dismissing the MoS as an appropriate tool for clinical gait stability
assessment. It is important to note that the case study participants present a limited sample of pilot
data, and it is entirely possible that their stability during gait is not representative of a larger
sample. Despite all three case study participants having a diagnosed impairment, the extent to
which those impairments affected their balance was unknown. It is believed, however, that all
three participants were on the higher end of balance ability as all walked without walking aids at
community-level ambulation (i.e., over various terrains). In the future, clinical balance
assessments (e.g., Berg Balance Scale) should be included in the protocol to assist in characterizing
impaired participants. Furthermore, these balance scores may be used to correlate known balance
deficits to differences observed in the MoS measures.
By comparison of the within-participant variability between the normative sample and the case
studies, only the individual with mTBI demonstrated higher variability throughout all measures.
Interestingly, the individual with TTA demonstrated notably more variability for MoS-HS and
MoS-MS in the ML direction, and MoS-HS in the AP direction, on the left side, which is the
prosthetic side. Both of these observations suggest that within-participant variability of the MoS
may be indicative of a difference in stability.
Despite the apparent lack of sensitivity of the MoS measures to detect differences in gait stability
for the three case study participants, they do demonstrate capacity to identify asymmetries between
right and left body sides. Most notable is the MoS-HS in the AP direction for the participant with
HA as the value on the left body side was nearly twice as large as the one on the right. What is
particularly interesting about this asymmetry is that it is only observed for MoS-HS since the
temporo-spatial parameters are nearly identical across body sides. Based on the lower MoS-HS
value on the right body side, it might be inferred that the participant with HA is less stable at right
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HS than left HS. Given that the participant with HA is more restricted on the right body side, in
terms of range of motion at the knee, this inference is plausible. However, it is difficult to confirm
the validity of this observation only, without knowledge of the actual balance scores from clinical
balance assessments. With respect to the participant with TTA, MoS-HS in the AP direction again
provides indication of an asymmetry between body sides as the value on the left body side was
roughly two-thirds of the value on the right. With the left body side being the prosthetic side, it
makes sense that stability is more heavily compromised on the left side (at left HS) than on the
right. This is in alignment with previous work comparing MoS values for prosthetic and nonprosthetic sides for individuals with lower-limb amputation [100], [239], [283]. While making this
observation, it is worth noting that MoS-HS in the AP direction on the left body side for the
participant with TTA is met with considerably high variability (109% of the mean value) in
comparison to the right body side (12% of the mean value), which likely provides stronger insight
into the asymmetry and compromised stability at left HS.
Although the case study participants provided only a limited sample of pilot data, their inclusion
does highlight the feasibility of the overall assessment: participants with three different types of
impairment were tested, all of which could perform the necessary protocol. Moving forward, the
practical feasibility of the assessment should be investigated in a larger sample of participants with
a wider range of functional balance impairments. Furthermore, to characterize balance
impairments, future work should include balance scores based on clinical balance assessments
such as the Berg Balance Scale. This would strongly assist in shedding more light on the sensitivity
of MoS measures to detect differences in gait stability. Alternatively, a repeated measures
investigation could be conducted in a non-disabled sample with and without an implemented
intervention, such as bracing the lower-limb to restrict movement of the joints and impair balance.
The body side asymmetries demonstrated by the MoS measures in the case study participants
present another intriguing possibility: could a body side ratio of MoS values be used as a measure
of balance asymmetry and compromised gait stability? Again, this should be evaluated in future
investigations.
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4.5

Conclusions

The overarching goal of this study was to evaluate the utility of the XCoM concept to quantify
human gait stability (via the MoS) in a clinical setting, based on experiments conducted in human
participants. As such, careful attention was given to choose data collection and analysis techniques
that would overcome common barriers to clinical implementation and support its feasibility in that
respect. The protocol was designed to minimize the burden on the patient, as well as the time
required for setup and overall trial length. All three MoS measures in the ML direction (MoS-HS,
MoS-MS and MoS-HscTO), as well as MoS-HS in the AP direction, demonstrated reasonable
within- and across-participant variability, along with good repeatability between sessions.
Although the repeatability results are not large enough to support clinical implementation, they are
sufficient for continued use of the MoS in research. With respect to the case study comparisons,
none of the MoS measures demonstrated the sensitivity necessary to detect differences in gait
stability from the normative sample. However, in the AP direction, MoS-HS did indicate a
potential capacity to highlight asymmetries between right and left body sides. In addition, for the
ML direction, differences between MoS-HS and MoS-HScTO of the normative sample were
minimal; thus, it is likely sufficient to apply only one measure moving forward. The literature
would suggest this to be MoS-HS since it is more commonly used and presents the simpler option,
along with lower variability. However, before altogether dismissing MoS-HScTO, further
investigation is warranted to determine if the overlap between MoS-HS and MoS-HScTO is
consistent across multiple populations and gait conditions. Additional work is necessary to achieve
the repeatability necessary for clinical purposes and investigate the ability of the MoS measures to
detect differences in gait stability a larger sample of impaired participants.

116

5

Conclusion

For many individuals with balance impairments, falls are a common occurrence and can result in
serious injury which, in turn, also places an unsustainable burden on the healthcare system. Several
targeted interventions (e.g., gait training, assistive devices) exist to mediate the risk of falls and
subsequent injury; however, it is imperative that we accurately identify individuals at risk of falling
and optimize interventions to suit their needs. Furthermore, a means to evaluate the effectiveness
of a prescribed intervention over successive follow-up assessments is required. Unfortunately,
there is yet to be a universally accepted measure to quantify dynamic gait stability and diagnose
fall risk during gait (Chapter 1).
The first objective of this thesis was to conduct a literature review to identify the characteristics of
proposed gait stability measures, define a set of clinical feasibility criteria, and select those
measures that best adhere to the criteria for clinical implementation. In total, nine proposed gait
stability measures were reviewed (Chapter 2). Of these, only the extrapolated centre of mass
(XCoM), stabilizing and destabilizing forces, and gait sensitivity norm (GSN) demonstrated the
required characteristics; i.e., imposing little burden on the patient; requiring minimal time to obtain
the measure; being versatile in terms of applying it to multiple walking conditions; and ensuring
the measure’s sound theoretical link to gait mechanics (Chapter 3).
The second objective of this thesis was to evaluate the utility of one of those three identified
measures – the XCoM – to quantify human stability in a clinical setting, via the margin of stability
(MoS), by conducting experiments involving human participants (Chapter 4). The practical
feasibility of obtaining the XCoM and MoS was demonstrated by employing data collection
methods and analysis techniques that minimized the setup and overall trial time. Furthermore, the
burden on the patient was lessened by collecting data across multiple intervals of shorter walking
distances. The robustness of the MoS measures in the ML and AP directions was shown by
assessing both the across- and within-participant variability in a sample of non-disabled
participants. In addition, a between-session reliability study exhibited good results, which are
sufficient for continued scientific work, but not direct clinical implementation. Finally, the
capacity of all measures to detect differences in gait stability were assessed in case studies
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involving three participants with known impairments: (1) hemophilia arthropathy, (2) unilateral
transtibial amputation, and (3) mild traumatic brain injury. Overall, the MoS-HS provided the best
combination of robustness and repeatability. Furthermore, MoS-HS was able to highlight body
side differences in the AP direction. Though further work is certainly warranted, it is recommended
to focus attention on using MoS-HS to quantify gait stability for both directions in future work.

5.1

Future Directions

To be considered for clinical implementation, the XCoM and MoS require further investigation.
First and foremost, a protocol adequate to achieve reliability sufficient for clinical use (ICC > 0.9)
is necessary. One suggestion might be to assess the change in ICCs for MoS values computed from
a greater number of steps. The ability to obtain reliable estimates at an individual, patient-specific
level over successive sessions is vital to the clinical validation of the XCoM and MoS.
Further investigation is also warranted, in impaired populations, when assessing the sensitivity of
the MoS to detect differences in gait stability. This is a critical step towards identifying individuals
with reduced gait stability and diagnosing the risk of falling. The MoS also needs to have adequate
sensitivity to detect changes in gait stability as a result of prescribed interventions, and to grade
the effect that those have on balance during walking. Thus, additional studies aimed at assessing
stability before and after an intervention, or through the course of an intervention (e.g., gait
training), should be conducted.
Finally, a standardized means of determining the MoS, in terms of how the value over a step is
quantified and how the BoS is defined, is absolutely necessary. As it stands now, it is incredibly
difficult to make comparisons across studies due to a lack of consistency in the methods used.
Developing a standard definition for the above quantities, similar to those of the temporo-spatial
parameters, will be critical for collecting standardized normative reference values against which
to make comparisons.
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Appendices
Appendix A: Consent Forms
A.1 Non-Disabled Participants
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A.2 Impaired Participants
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A.3 Photograph and Video Consent
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Appendix B: Standing-Based Tasks
The single-leg balance task (Figure B.1a) included a virtual scene in which blocks of variable
length (1, 5, 15 or 30 m) and height (2, 5, 10, 20 cm) would travel towards the participant in the
direction of either the left or right leg. To avoid the blocks, participants had to raise the foot above
the block and hold until it passed. Blocks traveled at 1 m/s, and the time between them was
randomized between 5 to 8 s. During the step-to-target task (Figure B.1b), virtual targets (foot
prints) would appear on-screen at angles of 0, ±45, and ±90 from the anterior direction, and on one
of five different arcs. A scaling factor S was defined as:
𝑆 = 100/ leg length,

(1)

where leg length is the length of the participant’s leg in cm. The radii of the five arcs were then
specified to be 30%, 50%, 70%, 90%, and 110% of the value of S. Depending on the target
presented, the participant had to step with either one or both feet. This was specified by the number
of foot prints on the current target. For the weight-shift task (Figure B.1c), the participant stood,
virtually, at the centre of an eight-lined star. Essentially, each of the lines of the star acted as a
track on which coins were displayed. Participants were required to collect as many coins as
possible by keeping both feet on the platform (i.e., no stepping) and shifting their weight (i.e.,
centre of pressure) in the direction of the required track. Scaling factors S1 and S2 were defined
as:
𝑆1 = 100/ foot distance

(2)

𝑆2 = 100/ foot length,

(3)

where foot distance and foot length were defined based on the foot separation distance and length,
respectively, before starting each trial. The coins were then located at the following distances away
from the centre: 35%, 55%, 75%, 95%, and 115% scaled to S1 in the mediolateral (ML) direction
and S2 in the anteroposterior (AP) direction. The centre of pressure (CoP) displacement was
visualized by a red ball, which provided real-time feedback to the participant. The final standingbased task involved a virtual simulation of the participant standing while riding on a bus travelling
on a three-lane road through a metropolitan area (Figure B.1d). Horizontal platform translations
(i.e., right, left, forward, backward, and diagonally) were introduced to simulate the bus speeding
up or slowing down (forward and backward, respectively), switching lanes (right and left), and a
combination of both (diagonally). Four different perturbation levels were used, defined by the time
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for the platform to reach maximum displacement (25 cm for all levels). The magnitudes and their
corresponding times to reach maximum displacement were: low (2.4 s), medium (1.6 s), high (0.8
s), and extreme (0.4 s). The platform moved back to its original position at the same speed 5 s after
reaching maximum displacement. Participants were instructed to maintain balance however
possible, including taking a step. As part of each of the standing-based tasks, including the
calibration routine, an avatar (blue character in Figure B.1) demonstrated the task to be performed.

(a)

(b)

(c)

(d)

Figure B.1: Standing-based tasks as part of the experimental protocol. (a) single-leg balance task; (b) stepto-target task; (c) weight-shift task; and (d) balance in response to lateral perturbations task.
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Appendix C: Marker Sorting and Identification Algorithm
This following custom Matlab code was designed to sort through all 39 markers used during the
experimental protocol, and identify those belonging to both feet and the back. First, the algorithm
used the built-in cluster function to group the markers into one of two groups based on whether or
not they belonged to a 4-marker cluster. Next, from the group of 4-marker clusters, each cluster
was identified by the mean position of its respective markers relative to the others. Finally,
individual markers on each plate were identified by the relative distances between them, as they
remained fixed.
function data_rev = IDmarkers_v03(data_all)
% Sorts the markers frame by frame. First, markers are
% grouped by their cluster plates. Next, specific
% markers from each cluster are identified
% based on the euclidean distance between them.
% DATA_ALL - struct containing data from a single walking
% segment
num_totalmarkers = 39;
num_totalclusters = 14;
num_usedmarkers = 12;
num_usedclusters = 3;
fields = fieldnames(data_all);
data_marker = [];
for i = 1:num_totalmarkers
data_marker = [data_marker data_all.(fields{i})];
end
data_marksort = [];
for i = 1:length(data_marker(:,1))
markers =
reshape(data_marker(i,1:num_totalmarkers*3),[3,num_totalmarkers])';
Z = linkage(markers,'weighted','euclidean');
clusters = cluster(Z,'maxclust',num_totalclusters);
% Determine number of clusters
clustercenters = zeros(num_totalclusters,3);
clustercounts = zeros(num_totalclusters,1);
for j = 1:num_totalclusters
clustercenters(j,:) = mean(markers(clusters==j,:),1);
clustercounts(j) = sum(clusters==j);
end
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try
% Group clusters by number of markers contained
idx_noplates = find(clustercounts < 3);
% count = 1 or 2
idx_plates = find(clustercounts >= 3);
% count = 4 (3 or
5 with error)
% Ensure plate cluster count is 8
while length(idx_plates) < 8
[~,idx] = sort(clustercenters(idx_noplates,2),'ascend');
idx_plates = [idx_plates; idx_noplates(idx(1))];
idx_noplates(idx(1)) = [];
end
% Sort plate clusters from high to low
[~,idx] = sort(clustercenters(idx_plates,2),'descend');
idx_platesA = idx_plates(idx);
% Back cluster (highest cluster)
idx_back = idx_platesA(1);
% Remove back cluster
idx_platesB = idx_platesA(2:end);
% Sort plate clusters from right to left
[~,idx] = sort(clustercenters(idx_platesB,1),'descend');
idx_platesC_L = idx_platesB(idx(4:6));
idx_platesC_R = idx_platesB(idx(1:3));
% Sort plate clusters from lowest to highest
[~,idx] = sort(clustercenters(idx_platesC_L,2),'ascend');
idx_footL = idx_platesC_L(idx(1));
[~,idx] = sort(clustercenters(idx_platesC_R,2),'ascend');
idx_footR = idx_platesC_R(idx(1));
idx_sorted = [idx_footL idx_footR idx_back];
idx_unusedclusters = setxor(idx_sorted,1:14);
for j = 1:length(idx_unusedclusters)
clusters(clusters == idx_unusedclusters(j)) = 0;
end
clusters_used = find(clusters);
clusters_used = [clusters_used clusters(clusters_used)];
temp_clusters_used = zeros(num_usedmarkers,1);
for j = 1:num_usedmarkers
temp_clusters_used(j) =
find(clusters_used(j,2)==idx_sorted);
end
temp_clusters_used = [clusters_used(:,1) temp_clusters_used];
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markers_sorted = [];
clusters_sorted = [];
for j = 1:num_usedclusters
idx = find(temp_clusters_used(:,2)==j);
for k = 1:length(idx)
markers_sorted = [markers_sorted;
markers(clusters_used(idx(k)),:)];
clusters_sorted = [clusters_sorted; j];
end
end
catch
idx_sorted = [];
clusters_sorted = [];
markers_sorted = [];
end
if length(unique(clusters_sorted)) == num_usedclusters
D = cell(num_usedclusters,1);
markers_ID = [];
for j = 1:num_usedclusters
idx_m = [];
idx = find(clusters_sorted == j);
if length(idx) == 4
D{j} = squareform(pdist(markers_sorted(idx,:)));
[P,~] = find(D{j} == max(max(D{j})));
Q = setxor(1:length(idx),P);
[~,tmp] = max(D{j}(P,Q(1)));
idx_m(1) = idx(P(tmp));
idx_m(2) = idx(P(not(tmp-1)+1));
if j == 1 || j == 2
if markers_sorted(idx(Q(1)),3) >
markers_sorted(idx(Q(2)),3)
idx_m(3) = idx(Q(1));
idx_m(4) = idx(Q(2));
else
idx_m(3) = idx(Q(2));
idx_m(4) = idx(Q(1));
end
end
if j == 3
[~,tmp] = sort(markers_sorted(idx,2),'ascend');
if markers_sorted(idx(tmp(1)),1) <
markers_sorted(idx(tmp(2)),1)
idx_m(1) = idx(tmp(1));
idx_m(4) = idx(tmp(2));
else
idx_m(1) = idx(tmp(2));
idx_m(4) = idx(tmp(1));
end
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if markers_sorted(idx(tmp(3)),1) <
markers_sorted(idx(tmp(4)),1)
idx_m(2) = idx(tmp(3));
idx_m(3) = idx(tmp(4));
else
idx_m(2) = idx(tmp(4));
idx_m(3) = idx(tmp(3));
end
end
else
idx_m = idx;
markers_sorted(idx,:) = nan;
end
markers_ID = [markers_ID; markers_sorted(idx_m,:)];
end
else
markers_ID = nan(num_usedmarkers,3);
end
data_marksort = [data_marksort;
reshape(markers_ID',1,num_usedmarkers*3)];
end
for i = 1:num_usedmarkers
data_rev.(fields{i}) = data_marksort(:,1:3);
data_marksort(:,1:3) = [];
end
for i = num_usedmarkers+1:length(fields)
data_rev.(fields{i}) = data_all.(fields{i});
end
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Appendix D: Experimental Signal Processing
D.1 Frequency Spectrum Analysis of Kinematic Data
When reconstructing gaps in kinematic marker data through cubic spline interpolation [251], it is
imperative that a true representation of the signal be maintained. Based on Nyquist’s sampling
theorem, a signal must be sampled at a frequency that is at least twice as high as the maximum
meaningful frequency component within that signal [128], [251], which, thus, defines a limit for
the maximum number of consecutively missing frames that can be reconstructed without loss of
accuracy in the information [252]. To determine the largest meaningful frequency component, a
frequency spectrum analysis must be conducted on the signal of interest. In the present study,
markers fixed to rigid plates on the back and feet were used in the analysis, therefore, an
examination of the frequency spectrums for both must be completed.

D.1.1 Back
A frequency domain plot, from 0 to the 50 Hz (Nyquist frequency), of the raw signals of a marker
fixed to the back plate is shown in Figure B1. An initial observation of this plot indicates that most
of the signal occurs at low frequencies, typically below 5 Hz. This is reinforced by the inset plot
in Figure B1 which shows a zoomed in view of the plot from 0 to 10 Hz. Based on this observation,
the largest meaningful frequency contained within the kinetic signal of the back is 5 Hz.
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Figure D.1: Frequency domain plot of the raw signal from a marker fixed to the rigid plate on the left foot.
Line color indicates dimension of interest: x-direction (red), y-direction (green), z-direction (blue).

D.1.2 Feet
A frequency domain plot, from 0 to the 50 Hz (Nyquist frequency), of the raw signals of a marker
fixed to the foot plate is shown in Figure B2. An initial observation of this plot indicates that most
of the signal occurs at low frequencies, typically below 5 Hz. This is reinforced by the inset plot
in Figure B2 which shows a zoomed in view of the plot from 0 to 10 Hz. Based on this observation,
the largest meaningful frequency contained within the kinematic signal of the foot is 5 Hz.
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Figure D.2: Frequency domain plot of the raw signal from a marker fixed to the rigid plate on the
left foot. Line color indicates dimension of interest: x-direction (red), y-direction (green), zdirection (blue).

D.2 Kinematic and Kinetic Signal Filter Design
High frequency components included in the kinematic and kinetic signals measured by the motion
capture and force plate systems, respectively, may be artifacts of noise in each of the measurement
systems. As noted by Antonsson and Mann [170], the dominant frequencies during human gait are
typically less than 10 Hz. Therefore, experimentally recorded kinematic and kinetic gait signals
are often filtered using low-pass digital Butterworth filters with cut-off frequencies between 6-10
Hz and 10-20 Hz, respectively. Butterworth filters have a nearly monotonic frequency response in
the passband, so low-frequency components of the signal are and reverse directions, which
eliminates any phase distortion.

D.2.1 Kinematic Data
The built-in Matlab function butter was used to design a fourth order, low-pass Butterworth filter
with a cut-off frequency of 6 Hz for kinematic data, as used in [46], [53], [55], [94], [101], [256]–
[260]. The amplitude and phase response of this filter are shown in Figure B3 and Figure B4,

164

respectively. The pole-zero plot is shown in Figure B5. Since all poles are within the unit circle,
the filter is stable for any stable input.

Figure D.3: Magnitude response of a fourth-order, low-pass Butterworth filter with cut-off frequency of 6
Hz.
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Figure D.4: Phase response of a fourth-order, low-pass Butterworth filter with cut-off frequency of 6 Hz.

Figure D.5: The poles (x's) and zeroes (o's) corresponding to a fourth-order, low-pass Butterworth filter
with cut-off frequency of 6 Hz.
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D.2.2 Kinetic Data
The built-in Matlab function butter was used to design a fourth order, low-pass Butterworth filter
with a cut-off frequency of 10 Hz for kinetic data, as recommended in [128] and used in [66],
[106], [108], [261], [262], [290]. The amplitude and phase response of this filter are shown in
Figure B6 and Figure B7, respectively. The pole-zero plot is shown in Figure B8. Since all poles
are within the unit circle, the filter is stable for any stable input.

Figure D.6: Magnitude response of a fourth-order, low-pass Butterworth filter with cut-off frequency of
10 Hz.
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Figure D.7: Phase response of a fourth-order, low-pass Butterworth filter with cut-off frequency of 10 Hz.

Figure D.8: The poles (x's) and zeroes (o's) corresponding to a fourth-order, low-pass Butterworth filter
with cut-off frequency of 10 Hz.
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Appendix E: Effect of Mediolateral Ground Reaction
Force Fluctuations on Center of Mass Position and
Velocity Estimation
Over a typical step in unperturbed gait, the horizontal ground reaction force (GRF) in the
mediolateral (ML) direction is zero only once, shortly after heel strike (HS), when the lateral GRFs
from both sides are equal in absolute magnitude and opposite in direction. However, it was
observed that, for some steps, the resultant ML GRF fluctuated about zero throughout a step, rather
than cross only once, as is typical. These fluctuations created multiple zero points which result in
added discontinuities through the (zero-point-to-zero-point) ZPZP algorithm. In turn, the added
discontinuities created excessive (and sharp) fluctuations in the estimated centre of mass position
(CoM) and velocity (vCoM), which are direct inputs into equation (9) used to predict the
extrapolated centre of mass (XCoM). Confirmation of the excessive fluctuations was
accomplished by a comparison of the CoM acceleration determined through division of the ML
force by participant mass (actual CoM acceleration) to the CoM acceleration predicted from finitedifference approximation of the CoM position as determined by the ZPZP algorithm. This can be
seen in Figure D1, below. During each of the first two steps (left and right steps 1), the ML GRF
crosses the zero axis only once, as expected. Though there is some discrepancy between the actual
and predicted CoM acceleration, the curves overlap quite well through the majority of the step. On
the other hand, in the last two steps (left and right steps 2), the ML GRF crosses the zero axis
multiple times, creating large differences between the two CoM acceleration curves. Whereas the
actual CoM acceleration remained relatively low, the predicted CoM acceleration reached in
excess of 3 m/s2 at multiple instances. Based on these observations, steps in which the ML GRF
crossed the zero axis more than once should be excluded from analysis to prevent the inclusion of
erroneous data.
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Left Step 1

Right Step 1

Left Step 2

Right Step 2

Figure E.1: A plot of the mediolateral (ML) ground reaction force (GRF), and the corresponding CoM
acceleration in the ML direction over two complete walking strides (two steps per body side). Top: ML
GRF is given by the blue line. Bottom: line color indicates CoM acceleration determined by dividing ML
force by participant mass (red) and CoM acceleration predicted by differentiation of CoM displacement as
determined by the ZPZP algorithm. Dashed vertical lines indicate heel strike and, thus, separate steps.
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