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Abstract

The increased ambitiast architects, advancements in structural materials, and the rapidly
growing pressure on the civil engineering sector to reduce embodied carbon has resulted in
more slender pedestrian structures. Such structures are susceptible to excessive vibrations due
to human activities, for example, walking, which is the most frequent human activity. Due to
the slender design, modern structysesvide a greatdikelihoodto have low natural

frequencies. Low natural frequencies can result in resonant walking patoésnga vertical

mode of the structure. Therefore, the structures are prone to resonant and often excessive
vibrations that may compromise the serviceability limit state. Current industry guidance is
used ubiquitously to provide all information on theraiiibn serviceability assessment due to
walking, with academic research outcomes often overlooked. Recent research concludes that
industry load models incorporate inherent bias through the limitedsobgct variation and

poor correlation wittadual walking loads.

Current guidance pertaining to the vibration serviceability assessment does not disclose or
encourage human structure interaction effects, even though a significant body of research
demonstrates the benefits of its inclusion. Current estimabb structural responses do not
align with the physical measurements of structures. The resultant acceleration estimations
from the guidance are often overestimated compared to the actual structural response.
Therefore, many structures may have beendasgned due to the exclusion of human

structural interaction effects and inaccurate load models within current guidance.

For the stated reasons, demand for further investigation into the correct representation of
vertical walking forces and the human stire interaction is required. This thesis seeks to
deepen understanding of both topics' appropriate and accurate representation through an
experimental campaign and analystsreduce the error between predicted and monitored

results

An innovative methd of extracting walking load parameters encompasses all information
within theclosefrequency range of the walking frequency. A representative interpolation of
the vertical walking is formed through the successive sampling of individual footsteps based

on both the interand intrasubject variation. The proposed model is demonstrated to



minimise the error between the resultant acceleration output of the stromtoparedo the
acceleration of real walking loadban any current guidance. Furthermatés statisticdly

shown thatvalking parameterand characteristicdepend on the participants' sex.

Current industry guidance and research load models are then investigated in their ability to
model the acceleration response of structures compareeitodal load counterparts. It is
demonstrated that current research models in the low andrbmrency ranges outperform
current industry load modelwith respect to minimising the difference between the synthetic
force and real force acceleration auttiSeveral current industry guidance models
oversimplify the vertical walking load, causing an overestimation of acceleration results
compared to real walking forceSuch models are shown to overestimate the acceleration
response by double that of reaiking loads. One of the twmodels, that produced the
smallest errors with respect to real walking, besn published for over 12 years. However,
thereneeds to be mongptake within the engineering community for the models' use. A
disconnect between indtry and academia is noted, resulting in poor dissemination of

knowledge and current best practices.

Current representations of the human structure interaction effects of the moving pedestrian,
modelled through a single degree of freed®DOF)spring, mass, and damd&MD), are
compared to physical measurements of a flexible fibmaforced polymer bridge. These
estimations of the human structure interaction are used to provide a numerical approximation
of the vertical acceleration of thewstture by comparing the responses to the actual
measurement of 56 volunteers. It is shown #latumerical simulations of SDOF SMD
parameterérom research, bar one papprovide consistent responsgih those monitored

on the structure. Yet the spfciparameterslemonstrate a wide range of acceptable values.
Many current parameter estimations are viewed monolithically through a single deterministic
value; however, an entire spectrum of parameter values is evidenced. Finally, an inverse
analysis ofthe measured accelerations is used to produce updated human structure interaction
parameter estimated the SDOF SMD human moddihe resultant mean estimations of the
parameterproducevaluesboth consistent anihconsistent with previously published udis;
however, the consequent acceleration response is within the physical range of the volunteer
acceleration time histories. A limitation of the study and previous studies is highlighted. As
the exact walking force is unknown, the parameters' estimatisesge depending on the

input walking force.
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Chapter 1 Introduction

1.1 Problem statement and motivation

Architectual trends and innovations in structural materials have led to thaerereasing
slenderness and longer spans of civil engineering strudtird=urther trends in lightweight
construction methodologies result in the stiffaesmass ratio decreasinghds, the desire

for more slender structures has ultimately reduced the natural frequency of structures to a
range excitable by human activitigs 4]. Such processes can result in a resonant and often

excessive vibrations respor{d4e5].

Over the las®5 years, several higbrofile vibration serviceability issues have come to light
and questioned the understanding of civil engineering structures' vibration serviceability
assessment (VSABI 8]. The design of civil engineering structures, such abfages,

floors and grandstand8i 12] has increasinglpecome governed by thébration
Serviceability Assessment (VSAPI 11,13] with humaninduced vibrations producing the

majority of serviceability complain{®,14,15]

A survey by the Institution of Structural Engineers from 2015 sheds light on the current
situation within the structural engineering industry regarding vibration serviceg®jlitfhe

survey indicates the following critical limiting factors:

1 Low levelof competence of structural engineers when dealing with vibration
serviceability,
91 Poor and lacking codes and design guidance,

1 Poor dissemination of knowledge from academia to industry.

The poor state of the current vibration serviceability can be paratitibuted to the lack of

implementation of research into the industry, with no vibration serviceability guidance added
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in recent years, barring that of the AISC DG11 in 2[183. The vibration analysis of human
activities is not a common topic taugithin engineering curricula at the degree level. As a

result, engineers rely on the relevant knowledge from industry guidance.

There are multiple loads on a structure, but the human dynamic force has ressdteest ah
problematic scenarid9i 11,13]and avid media scrutingi 8]. The failures are
predominantly attributed to human walking activities. Whilst walking is not the most
energetic of human activiti¢8], it can be sustained for extended periods. This dangerous
circumstance allows thesenant buildup of vibrations and subjects the structure to

excessive vibrations.

A modern concern has also arisen from industries requiringgriggision processes, such as
computer hardware and scientific laboratory manufacturing. These activitiéerequ
environments subject to strict leMvel vibration environments. This new ulstringent
requirement to produce such facilities has further amplified the uncertainty of the VSA and

provided complex issues other than the typical resonant resfdah#j.

Current design philosophies dictate that the design of a structure is governed by the worst
case scenarif6,19 22]. However, little consideration is given to the probability of such a

load occurrind23]. Current guidancfl6,19 22] regardirg human walkingsuggests that the
response should be determined from the average person, or persons, crossing the structure at
awalking frequency that matches that of the strucfai®&20,21,23,24]even though the

likelihood of perfect synchronisatios iow and not represented in design methodologies.
Structural design philosophies and approaches are often provided by oversimplifications that
can lead to iHpoised design decisiofia4i 27]. Current VSA dictates the use of deterministic
processefl6,19,28] However, human locomotion is stocha$#8,30] Current guidelines

neglect the inherent variability of humans and human locomotion, resulting in the actual

response of a structure deviating from that of the idealised rffvbdel

If guidanceis oversimplified or incomplete, then the issue will propagate. An update in
guidance and current stadéthe-art knowledge must be addressed to understand the critical
issues better. The varied model inputs and assumptions of the excitation foraeaiunpiity

the problems in the current VSA. Such information is often dictated by guidance, resulting in
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unnatural and unrealistic vibration assessm@#s525,31} The accurate prediction of the
vibration response isrgecessargomponent of design that,not done correctly in the design
phase, can pose a financial burden and cost time to retrofit after constfectia8] For
example, the lateral sway retrofit of the London Millennium Bridge increased the bridge's
cost by 30%46,7,13]

The resits of unreliable VSA can further lead to poor design scenarios where extra material
is added to increase the stiffness or mass of a structure, despite all strength and static
deformation limits being met. In the current context of the climate emergeddheneed to
urgently reduce whotéfe carbon emissions, adding excess material could be considered
wasteful[1,32,33]

Several researchers have attempted to review current guidance regarding vertical walking
loads[9,23,24,27,34]All agree that the proposed load models are limited, outdated, and do
not accuratelyeplicatethe structure responssmpared to the real structural response
[9,23,24,27,34]A limitation of most studies is theeed for morenonitored structures
[9,23,24,27,34] Additionally, there is a lack of data historically used to form the vertical
walking load models [19], [20] coupled with the lack of integration of human structure

interaction effects distorting acceleration respoip38s36]

The current &ite of the VSA highlights severahportantlimitations that persist throughout
all guidance. Therefore, this thesis seeks to address and unify the current knowledge of the

VSA, allowing for thereliableassessment of structures due to vertical walkincef

The remaining sections of this chapter provide the objectives of the thesis along with the

original research contributions (Sectibr?) andthe organisation of the thesis (SectinB).

1.2 Objectives and main contributions of research

The overarching focus of the thesis is¢duce the or between numerical approximation
and monitored outcomex the vibration serviceability assessment for walking activiies
structuresThis focus is discussed liye constituting parts afeducing the error ahe

walking force time history model arnide average moving human modal propenéh
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respect to physical measurements on real structlihesresearch's main scientific objectives

and original contribution are summarised as follows.

1 Production of an updated Fourier series vertical walking lod model borne from
continuous measurements of walkingA new Fourier series model accounts for the
intra- and intersubject variation of walking. The model is provided as an update to
existing Fourier models, utilising continuous walking foneeasurements compared
to previous single footfall measurements.

1 Evaluate current high and lowfrequency load models in industry and research
compared to real footfall measurementsTherefore, producing a recommendation
of the most accurate vertical load debor models in the low and higrequency
range with respect to minimising the error between actual and predicted structural
acceleration response

1 Evaluate the suitability of moving human structure interaction parameters on an
independent, flexible stucture. The evaluation compares the acceleration time
history of various participants to their numerical analysis counterparts and
recommends the most suitable model parameters. Finally, the investigation provides

an inverse analysis to predict a newafahoving human parameters.

1.3 Organisation of text

The thesis is divided into six chapters, with a summative outline below for each chapter.

Chapter 1 of the thesis outlines the motivation and problem statement of the thesis. It
provides an overview of the current state of the vibration serviceability assessment of

structures and its limitations.

Chapter 2reviews current literature regarding the humaatking load and the multiple
parametric forms it has taken. The review covers the time and fregbasey load models,
including models that pertain to high and nequency structures. The study further

investigates integrating human structure inteoaceffects into the serviceability assessment.
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Chapter 3investigates the current largest dataset of continuous walking force time histories,
to the author's knowledge. The chapter's objective is to devise a generalised walking load that
can be used fordth high and lowfrequency structures. The load model is constructed
considering the inter and intsaubject variation of various parameters that describe the

walking force. Finally, the chapter explores the variation in walking forces produced due to

thesex of the walking participant.

Chapter 4 compares numerous current industry and academic walking load models,
including the work of Chapter 3, in their ability to accurately approximate the vertical
acceleration of structures. Multiple synthetic walkfogce models are compared to their real
walking force time history counterparts. A robust assessment methodology is provided to
cover an array of structural situations. Finally, recommendations fondseappropriate

load models are given for various sa€eos.

Chapter 5 presents an investigation to determine the average moving human structure
interaction parameters through an inverse analysis of a flexible glassdibi@rced polymer
bridge. 56 participants were recruited to walk over the bridgeuatgrescribed walking
frequencies, with one of the walking frequencies being a resaatunlfrequency of the

first vertical mode. The inverse problem is solved through numerical simulations and presents
a set of optimal design variables. Current patams of the human structure interaction are

then compared concerning measured acceleration responses.

Chapter 6 summarises the most relevant conclusions of the research and provides

recommendations for future research concerning each chapter.
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Chapter 2 Literature review

The present chapter provides an overview of the current research within the VSA. The
investigation focuses on the vertical human walking load model, its various interpolations,

and the representation and effects of the human structure interaction.

The magnitude and shapf the walking vertical force time history can vary from person
to persor4,15,17,37] The dynamic force generated by a single person is best described
as a narrowband procesg9,30,38 42]. Therefore, the force and temporal parameters can

vary from the characteristic Mhape of a single footfall iRigure2.1.

100

80

60 +

40 +

Vertical force % of BW

20 |

0 20 40 60 80 100

% of stance

Figure2.1 Vertical ground force reaction indicating a single footstep's key points and timing pohi3. F

are the first peak, valley load and second peak, respectivelyjHfter

Traditionally the vertical force is described via the Fourier seriesliwvitted integer
terms truncated at thé"dnteger[16,28,43 46]. Early studies considered the variability

between successive footfalls (insabject) irrelevant for predicting vibration response
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[44,45] Historically within the context of Civil Engeering, ground force reaction (GFR)
measurements were obtained from singular force plates that only consider a single step in
the walking procespl5]. This results in earlier models exhibiting no irstebject
variation[19,20,45] Parameters of theokrier series were based on temporally replicating
the single footfal[45,47], limited by the equipment available in studies, thus inducing

bias. Single footsteps do not adequately contain the necessary representation of the intra
subject variation. Th&equencydomain expression of singular or double footfall

temporally shifted differs from continuous walking measureméftgi(e2.2& Figure

2.3).

Biomechanics researchers have used continuous treadmill data of human gait since 1982
[48i 50]. Using the instrumented treadmill allowed an unlimiednber of successive
steps to be recorded. However, civil engineers only recently recognised the need to

include intrasubject variability51].
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Figure2.2 Frequency domairepresentationf discrete sampledialking load showing energy leakage

around harmonic values demonstrating intrasubject varjatfar[52]
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Figure2.3 Frequency domain representation of double &dbtémporally replicatedvalking signal. Samplec
from a discrete signal but visualised as a continuous signal incoraéett{53]
The proceeding chapter is divided into three key sections. S€clidime-domain models

Section2.2 Frequency domain modedsid Sectior2.3Human Structurénteraction (HSI)

2.1 Time-domain models

Various methodologies exist to model the vertical force of walking in the time domain,
from Fourier serief4,43 46,54]to polynomialg18,55]to modelling theauto spectral

density of variance of the sign&l2]. Such models are described in either a deterministic

or probabilistic fashion. The proceeding subsections describe various time domain models
and the statistical and deterministic parameters they gestion2.1.1demonstrates the

division of load models based on a structure's natural frequency. S2dtidaxplains
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Fourier serieased approximation of vertical loads. Secfidh3presents probabilistic
based time domain models. Sectibf.4offers alternative time domain models. Finally,

Section2.1.5presents higlirequency load models.
2.1.1 Low- Vs High-frequency structures

Historically, structures have been categorised into two broad groups of low drduglency
strudures for VSA[56]. The assignment to either group is based on the structure's
characteristic vibration response and the structure's natural frequency. With each separate
grouping being assigned a different load model. ffmguency structures exhibitesidy

state responses to walking forces, while transient responses characterisedughcy

structures. Previous and current guidance set hard limits on the boundary between high and
low frequency[16,19 22,28,56](Table2.1). Zivanovic et al[34] conversely demonstrated

that the methodology produces erroneous results. When structures teeter on the borderline,
neither force model represents tleeleration response for the high or low frequency
correctly Themodel that provided the closest prediction to the real respuars¢hat of the

combined modelling of both higland lowfrequency models.

While most footfall models are based on a Fows@ies approximatiofi6,19,20,28,55]

they only contain force information to a limited number of discrete harmonics in the
frequency domain. This is due to the nature of the measurement techniques when only
single or double steps measurements are f@keh3] Therefore, the historical use of

older force reconstructions has forced a false sense of belief in load models fundamentally
changing on higher or loweraturalfrequency structures. The inability to reconstruct the

full frequency content of wking has caused the deviation.

In high-frequency models, an impulse is used to model each footstep as energy content. In
lower frequencies, it is deemed unnecessary as the structure's response is said to exhibit a
transient response of each foot$i&pl7,18]. Figure2.4 demonstrates that this assumption
is incorrect. Clear peaks around harmonic integers can be seen well int& therh?nic,

S0 a resonarlike response is plausible. Therefore, a gap iraesh exists to form a

generalised model that presents the entire frequency content of a vertical walking signal.
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Figure2.4 Frequency domain representatifrtypical walkingsignalshowing the presence of harmonics
walking beyond the fifth harmonisub harmonics and the lowering magnitude of successive harnafteic:
[17]

Brownjohn and Ellig15,57]indicate that the typical cwuff frequency between high and
low-frequencystructures Table2.1) is overly conservative. A resonant response can
occur with fundamental frequencies above 15 Hz. Substantial research efforts have been
focused on lowfrequency structures due to tlaegerproportion of constructed structures
exhibiting lowerfrequency natural mod¢s,58]. Such historical bias has caused
researchers to have oversight of the real issue of producing a universal model that can
model the entire frequency domain. Only limitéddses provide adequate models
simultaneously describing the high and {#n@quency content of walking signdil,52]

Most current lowfrequency vertical load models are curtailed at the fqadii 9 21,28]

or fifth [43,59]harmonic of walking. M information is seen after 12.5 Hz. However,
Figure2.4 contradicts this statement and shows sintaurier amplitudevalues for

higher integer haronics after this limit. The exclusion of higher energy content is not
critical to low-frequency structures. However, it is required when designing a structure to
the stricter and smaller range of vibration limits for higgguency structures or structures

with multimodal responses.



12 Literature reviev

Table2.1 Cut-off frequency of low to highHrequency structures.

Author Cutoff
frequency
(Hz)

Ohlsson60] 8

Wyatt et al[61] 7

Mohammed et a[17] 14

AISC Design Guide 1116] | 8.8

1ISO 1013721] 8-10

Technical report 43 11.2
appendix 28]

CCIP Mean valug20] 11.2
CCIP design valug0] 11.2
SCI P3%19] 8.8
SETRA[55] 7.2
Zivanovic et al[62] 12.5

GarciaDiéguez et al63] 13

Varela et al[64] 7.8

2.1.2 Fourier series

Traditionally timedomain models are presented as a deterministic prffgé<s/] through a

Fourier series of harmonic integers of walking frequencies:
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WhereW s the pedestrian weigHDLF is the dynamic load factor (Fourier amplitude),
is the integer harmonic of walkinfy,is the walking frequency- is the phase angle of the

integer harmonic of walking.

The parameters of the Fourier approximation vary throughout the literature and do not
produce a consensus [Sectif.2.1- 2.1.2.4. The variation can be due to data

acquisition techniques, sample population size and ethnicity, all contributing to
statistically different results of force time tusy parameters. It is demonstrated that such a
deterministic approach to modelling individual pedestrian loadeeyls to be revised

under the industry's recommended guidgd8¢20,28,44,69] The following subsection

presents the deterministic and statial ranges for all inputs into the Fourier modte],1.
2.1.2.1 Walking Frequency

A comprehensive collection of the mean and standard deviation of walkipgehcies

can be found imable2.2. The intersubject variation of the walking frequency is typically
represented through a normal distributjdf,41,58 65]. Matsumotd58], Zivanovic[43]

and Pachj59] all demonstrate lower walking frequencies on footbridges. This is
hypothesised to result from the human tendency not to excite resonant modes causing

excessive vibrations and avoiding "leokK' mechanism§77].

Variations in walking frequencies can be seen codoyrgountry, directly resulting from
countries' cultural norms or average temperatures affecting the speed and, coincidently,
the walking pac§78]. Zivanovic[34] states that step length awdlking frequency are
independent normal distributions. However, there exists a physically defined relationship
between both parameters. This falsbuld be rememberéal vibration assessments. This
oversight may increase thanance in the evaluation, resulting in the unnatural injection

of variation from sampling extreme resukglditionalwork must be conducted to provide
the conditional probability of walking frequency, step length and speed concerning each

other.
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Table2.2: Mean and standard deviation of walking frequencies from various studies
Author Mean The Country Population
Walking standard size
Frequency deviation of
(Hz) walking
frequency
(Hz)
Matsumoto 1.99 0.173 Japan 505
et al.[58]
Zivanovic 1.87 0.186 Montenegro | 1976
[43]
Pachi [59] 1.80 0.11 United 400
Footbridge Kingdom
Shopping 2.0 0.13 United
centre Kingdom
Male 1.80 - United
Footbridge Kingdom
Female 1.86 - United
Footbridge Kingdom
Male 2.00 - United
Shopping Kingdom
Female 2.03 - United
Shopping Kingdom
Varela et al. 1.711.77 - Brazil 6
[60]
Schulze et 2.00 0.13 Germany N/a

al.[61]
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Kramer et 2.2 0.2 Germany N/a
al.[62]

Chen et al. 1.937 0.296 China 2204
[37]

Zhang et al. 1.7958 0.1347 China 9101
[63] Force
plate

Zhang et al. 1.87 0.1713 China 11387
[63] Video

An unbiased comparison of studies is difficult to achieve with various population sizes,
ethnicity, location, and measurement techniques. Comparing Zhan&] &.two methods

of data acquisition (i.e., force plates in a cafeteria compared to aiddysis of a hallway),

there is a difference in the mean and standard deviation. Such a study indicates that assuming
overlapping populations, the analysis methods are inconsistent, or the measurement location
affects walking characteristics, a reseangagresently unfounded. Other studies have used
rudimentary approaches, leaving the results open to questionable validity. Pad&i9it al.

used a stopwatch to count the number of steps over a given distance. No recording was
conducted, nor was therayaindication of any other person to cement the result of the single

person counting and timing.

Variations in male and female participants are seen through the stufb8s74f 79]and

indicate differences in walking characteristics. It is shownwlwathen walk at higher

walking frequencies but at slower speeds and shorter step lengths. Whit{lE9¢{&able

2.3) demonstrates that the onset of age results in a natural decrease in walking frequency,
stride length, and velocity for both males and females. The results show that the decline in
each value is more pronounced in males. Females show a reduction irgvitagurency

but more considerable stride length and speed reductions at older ages than males. Such

agerelated variations are not currently seen in practice.



16 Literature revie\

Table2.3 Age dependant variations in walkingdrueency, stride length anetlocity, after[79]

Age (Years) /Gender | Walking Frequency (Hz) | Stride length (m) Velocity
(m/s)
18-49/Female 1.632.30 1.061.58 0.941.66
18-49/Male 1.51-2.25 1.251.85 1.101.82
50-64/Female 1.62-2.28 1.041.56 0.91-1.63
50-64/Male 1.362.10 1.221.82 0.961.68
65-80/Female 1.60-2.26 0.941.46 0.801.52
65-80/Male 1.352.08 1.13-1.71 0.81-1.61

Intra-subject variations of the walking frequency are rarely monitored. Thissobject

variation leads to the natural narrdand and energy leakage around harmonics. Researchers
have means to directly quantify this process by empirically modellingrteryy leakage

around harmonics in the frequency dom&i,38 41,52,80]Jor by sampling each step
individually in the time domaif46,51,52,59,81]Brownjohn et al[29] and Chen et aJ4]

indicate that the coefficient of variation (CoV) of insabject variation of walking frequency

is 3%- 3.25%.GarciaDiéguez et al[59] similarly defines the intrgubject variation of

walking frequency through the successive time intervals between Gps$aDiéguez et al.

[59] describes the time intervals through several interdependent empirical factors.

Besides sampling the walking frequency from the various independent probability
distributions, authors define the walking frequency through alternative relationships. Walking
frequency, step length, and speed are all interconnected. Thus, knowing two values of the
relationships, the third can be inferred:

v Eq2

Q -
a

Wheredis the step length (Secti@l.2.§ ando the walking velocity (Sectior2.1.2.5.
Other proposed relationships are seen, such ag&2jtinear model of thevalking

frequency concerning walking velocity:
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Q WYY PPy Eq3
whilst Riccardelli et al[83] proposes lower walking frequencies for the given velocity
"Q M8 T L Eq4

Venuti et al[84] propose a cubic function by fitting the data of [50]:

Q o pIL T WL Eq5

Most velocity equations, barring that of Venuti et{@#], do not holgohysical mearat
velocitiesout of the range of the experiment whence they were derfNredlequations show a
residualwalking frequency at zero velocities for linear mapping. €fi@re, whilst the models

fit the data analytically, it does not hold for all physical ranges.

The use of narrowpand vertical walking forces in industrynsnexistent mainly due to the
complexity of most narrovbanded models that need tolimdtersuitedto the intended user:
industry engineerpt3,52,63] A common reoccurrence within the review is tieed for

more claritybetween current research and current best practice in ind@jstRurthermore,
consideration for the likelihood af walking frequency matching a natural vibration mode
and causing resonanneeds to be addressedhe guidanc§l6,19,20,28] Current guidance
assesses a structure based on a veast scenario, even when the probability of the outcome

is near negtible.
2.1.2.2 Weight

Table2.4 and WHOI85] reveal that the mass or weight characterisation varies with
geographic location and sex. Consideration of the weight distributidtglrhas never

been addressed in the context of VSA of structures. Current international guidance reduces
this parameter to a singular deterministic value of 750a\19,21,28] However, multple

weights should be sampled to provide a comprehensive structural assessment. The
assessment of a structure should determine the likely range of all outcomes, not an

idealisation and simplification of the expected acceleration output.
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Table2.4 Variation of the weighof pedestrian fronvariousstudies

Author Mean Weight (N) CoV

International Guidance 750 -
[16,19,21,28]

Walpole et al[86] - Global [608 -
Average

Walpole et al[86] - USA 804 -

Walpole et al[86] - UK 736 -
Walpole et al[86] - China  |598 -

Pedersen et d87] - Denmark |- 0.18
Chen et al[37]- China 641 0.15
Portier et al[88] - USA 784 0.25

2.1.2.3 Dynamic Load Factor (DLF)

DLF values are the Fourier amplitudes of the approximated pgeerawmlic load. In this
manner, the Fourier series replicates discrete integer values of the frequency domain in lieu
of modelling the entire frequency domain. The DLF values are not codétapedestrian

weight[52]. Therefore DLF and weight variables can be uncoupled.

Extraction methods of the DLF are often naive. Peak picking of the Fourier amplitudes in the
frequency domain is often a result of the data quality. When singular ottediinumber of

steps are temporally replicated, unnatural distributions of energy leakage around harmonic
integers are sedf0,28,45,53]

In recent years more advanced methods of data measurement have been used, such as
treadmills[51,59],insole presure sensoif26,46,80,81] Computer Visiorj92,93], and

Inertial measurement units (IMU94i 97]. Ahmadi et al[90] demonstratedHigure2.5) that

all the data measurement methods produce some consensus. As there is no baseline of
walking force signals, it is merely speculation about which method reproduces vertical
walking forces correctly. Racic et 1] provides an irdepth comparisonf methods, along

with detailed merits and flaws of each technology and their suitability.
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Figure2.5 Comparison of various data measurement techniques of the vertical walking force, load cell

pressure, force plate, aft@0]

Table2.5 Historic DLFvaluesfrom DLF; to DLF4 obtained from variousidustry and research sources

Label | Author Year 1st Harmonic 2nd 34 Harmonic| 4t
Harmonic Harmonic
M1 Blanchard65] | 1977 0.257 - - -
M2 Bachmanf66] | 1987 0.37 0.1 0.12 0.04
M3 Allen et al.[67] | 1993 0.5 0.2 0.1 0.05
M4 Peterserf98] 1996 0.073 0.138 0.018 -
0.408 0.079 (1.5Hz)
0.518 0.058 0.018 (2Hz)
0.041
(2.5Hz)
M5 Kerr [45] Mean | 1999 -0.265§3+1.321f> | 0.07 0.05 -
1.760f, +0.761
M6 | Kerr[45]5% | 1999 -0.1801§3+0.898f% | - - -
1.1966f +0.5177
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M7 Kerr[45] 95% | 1999 - - - -
0.3497°+1.7432f%-
2.3228f, +1.0049
M8 BS 540(99] 1999 0.24 (180 N) - - -
M9 Ellis [100] 2000 - - 0.07 0.07
M10 | Allen et al.[56] | 2001 290 %35 floors - - -
410 eO.35fp
footbridges
M11 | Japanese load | 2004 0.4 0.2 0.06 -
code[101]
M12 | Brownjohn et | 2004 0.37 %71 0.42 0.053 0.042 0.041
al. [29]
M13 | SETRAS55] 2006 0.4 0.1 0.1 -
M14 | Willford et al. | 2006 0.41(H 7 0.95) 0.069+ 0.033+0.006| 0.013+0.0
[102] 75% 0.0056x2 | 4x3f, 065x4 £
fo
M15 | Willford et al. | 2006 0.37(f -0.95) 0.054+ 0.026+0.005| 0.010+
[102] mean 0.0044*2 | x3 f, 0.0051x4
fo fo
M16 | Zivanovic 2006 - 0.07 0.05 0.05
3 2_
[43,62] 0.26495™+1.32065™ | 5 4 0.03 |s.d.0.02 |s.d.0.02
1.7597§+0.7613
Std. 0.16
M17 | 1SO 1013721] | 2007 0.37(h7 1) 0.1 0.06 0.06
M18 | Smith[19] 2007 0.436 (f- 0.95) 0.006(2§ | 0.007(3 § 0.007(4
+12.3) +5.2) +2)
M19 | Nguyeri46] 2013 0.313 §1 0.226 0.113§7 | 0.037 f+ 0.036 i
90% 0.078 0.008 0.002
M20 | Nguyeri46] 2013 0.406 §1 0.355 0.126 1 | 0.031 f+ 0.047 i
95% 0.084 0.027 0.014
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M21 | Chen et al[37] | 2014 0.2358f,1 0.2010 0.0949 0.0523 0.0461
M22 | Toso et a[54] | 2016 0.22§2-0.45(+0.35 | 0.0243+6. | - -
87* 10°c | 0.0638+0.00
-2.46*10° | 24Mi
1.09*10%K
+1*108MK
T 1.38*10
5M2
M23 | AISC design 2016 0.5 0.2 0.1 0.05
guide 1116]
M24 | Zhang et §b3] | 2017 Mean 0.4058 - - -
Std. 0.1663
M25 | Chenetal[4] | 2019 0.301f7 0.323 0.0301f -0.054f + -0.1121%
+0.053 0.264 +0.053
M26 | Varela[64] 2020 0.1556 §?-0.1816* | 0.065iff, | - -
fp+ 0.0356 <2
0.1958 §-
0.3266 if

fo> 2
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Figure2.6 Comparison of DLIFmodelsfrom the models of Table 2.5

Figure2.6 andTable2.5 illustrate the wide variation in the Dkialues (First integer DLF).
There is no clear trend in data, with some values increasing and others decreasing with
walking frequency. Such variatias likely attributed to differing extraction and measurement
techniques. The outcomes|[&B,20,28,45,53,65,68,108}e the results of single or double
footfall analysis, and the data is misrepresentative of real walking forces that naturally vary
spatally and temporally. Including such limited data biased the DLF models; the models are
based on a limited number of footfalls. Kef#§] dataset contains only 1000 individual

steps, compared to Racic et[&R] dataset of continuous treadmill vegidorce time

histories encompassing over 1.7 million steps. Thus, including data frorgpalitty sources
produced a falsehood surrounding the reliability of industrial DLF load m{io& B

21,28]
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Table2.5 illustrates that the DLF is often described through a walking frequency or a
deterministic value. This reflects the extraction method of DLF, with most favouring Fourier
Transformation (FT) ofhe data into the frequency domain and then extracting the peak

value. Other authoif$4,104 106] have tried to estimate DLFs based on different parameters
such as velocity, mass, stiffness and damping of the participant. However, the latter studies of
[53,95 97] are subject to low participation numbers in their experimeotmpared to other
published studiedeading to statistically unreliable results. As such, the results are overfitted

to therelativelysmaller populatiors, and do not generalise.

Both Kerr[45] and Varela et a[64] indicate a robust positive correlation between the first

and second DLF values and participants' heights, the latter producing a stronger correlation of
results concerning the first DLF, compared to excluding the height of participants in the DLF
calculaton. Varela et al[64] attributes the change in DLF pertaining to height as the result of
taller people more likely having bigger feet, and therefore, resulting in larger potential energy
transferred from the foot. However, this rationaéeds to béounded with citation or

justification and is currently only hypothesised by Varela §64l.

The deterministic nature of the DLF models suggests that there is an "absolutely correct”
value of DLF for a given walking frequencydble2.5). Zhang et al[53] and Zivanovic et

al. [34] made a rare attempt to represent the DLFs variation through a Gaussiamambag
distribution. However, the sggsted distributions occasionally produce a negative DLF
value, which is physically counteractive to the true nature of walking, and demonstrates
where the physical limitations of empirical models exist. A more complete data set, such as
[52] must perfom an irdepth statistical regression analysis defining the likelihood of

possible DLFs.
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Figure2.7 Data points of DLF % 4 from[45,47,100,107,108]

Studies have tried to estimate "error" bounds on OPBs15,46] Misguidance has resulted

in authors producing tHe&elihoodof the parameters describing the DLFs. This is evident
because any error inference should be independent of model pardd@3et40] Therefore,

any estimation provided, such as 95% of the DLF, makes the frequentist statistic statement,
"for similarly drawn samples, the true value of the parameter occurs within the interval 95%
of the timé&. This statement, therefore, does not show the variation in DLF but an estimate
that the true value of the parameter describing the DLF is within a specific irderval
proportion of the time. This misunderstanding has likely arisen duadedfor more
knowledge. However, using Willford's Arup mod20] is the most common practice. The

claim of adding a 75% probability of exceedance is misguided. Such practitesiy

increase each DLF and neglect most of the population.

Further toTable2.5, limitations arise for each model. Whilst Sectibf.2.1provides the
statistical range of the walking frequency, various models have limited their capacity to cover

all possible ranges of walking frequencies.
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Table2.6 Limits on walking frequency ranges for each Fourier series maeketified.

Model Walking frequency
limits (Hz)

AISC Design Guide | 1.6-2.2
11[16]

ISO 1013721] 1.22.4

Technical report 43 | 1-2.8
appendix 28]

CCIP Mean value 1-2.8
[20]

CCIP design value | 1-2.8

[20]

SCI P3%19] 1.62.2
SETRA[55] 1.62.4
Peters et al. 1525

Zivanovic et al[62] | 1.52.5

GarciaDiéguez et 1.52.6
al[63]

Racic et al[52] 1.525

Muhammad et §b1] | 1.52.5

Varela et al[64] 1.42.6
Chen et al[4] 1.42.6
Zhang et 4b3] 1-3

Toso et a[54] 1.352.12

Researchers have shown that walking occurs through a normal distribution centre2H-a 1.8

and can exceed walking frequencies ®f3Hz[53,70,71] Therefore, limiting the walking



26 Literature reviev

frequency of a modelevalues structures with natural frequencies jusbbthe range. The
limitation of international guidance on walking frequency further causes misinformation
about vertical walking forces by perceiving walking frequencies out of the ranges as
unimportant. This may result in higherder harmonics of asser walking frequency being

used to match a resonant mode instead of a higbguency firstorder mode. Furthermore,

the curtailment of walking frequency is concerning since the data used to model the DLFs of
the limited model is primarily from Kee5], where walking frequencies from3Hz are

monitored and measured.

The direct comparison of all the DLF models is difficult due to varying population sizes,
ethnicity, extraction techniques, and genders. No study exists that investigates evidence of
differing DLF or walking characteristics based on ethnicity or location of the population.
Thereexistseveral varyingpproximations of DLF value$i(gure2.6). However,more

guidance is needazh the suitability of the models to modkeé verticalwalking force
accuratelycompared to real measuremermsesent industry models such#8,19,20,28use
data that does naidhere to morappropriateextraction methaosl Therefore, a gap in

research on the accuracye#chcurrent load modetompared to real measuremeists

identified.

2.1.2.4 Phase Angle

More research is needed the various phase angles of the Fourier model of spegton
excitation. This is partly due to the limited data and information on the Fourier transform of
single temporally shifted data. Furthermore, siffgdeson excitation and the corresponding
relative phase angles of harmonics provide little additional informatiche vibration
response when a structure is dominated by one vibration mode. Phase angles become
essential only when multiple persons and/or multimodal responses occur. Historically,
likened to DLFs, phase angles are given as a deterministic[\1&l1€,20,28] However,
Zivanovic et al[62] and Racic et a[52] demonstrate that phase anglesracge aptly
described as a uniform random distribution a
Varela et al[64] determine the second and thirarmonic phase angles through their
statistical representation mean 85.6, 89.4 and standard deviation: 38.3 and 23.7 degrees.
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Varela et al[64] data does not follow any known distribution. Using the deterministic nature
of phase angle seems implausiateit assumes that there is an absolute way to walk for a
given walking frequency. However, it has been previously demonstrated that walking is a
stochastic process ideally structured through random or-geasidic (narrowbanded)

processes.
2.1.2.5 Average wdking velocity

The average walking velocity is an overlooked parameter of the human walking model
[2,52,111] Whilst the velocity does not traditionally feature in the Fourier force equation, it
is required to know the position and time to cross thetsire and thus is crucial to the

modal force. The key parameters that dictate the velocity of human locomotion are step
length and walking frequency. Both parameters have been shown to have varying
experimental relationships with one another (Se@idn2.1and2.1.2.9. Studie§112i 115]
estabish a linear relationship between walking velocity and step length. When determining
these variables experimentally, controlling one parameter leads to varying relationships

between walking frequency and sp¢#i6].

Table2.7 provides estimations of the mean and standard deviation of walking speed from
various studies. Whilst some authors chose a probabilistic fahgel 18] others determined
an expected valueased on mean free walking spg&ti9,120] Venuti et al84] proposes

that when spatially unrestricted, walking yields a free flow of pedestrians dependent on
geographical area and the travel purpose. The model distinguishes between leisure,

commutirg or rush hour and geographic location.

0 of | Eq6
WereUlis the average free speed (1.34 rft4p], andUs andUr are related to geographic
and travel purposes, respectively. In cases where pedestrian degeigtés than
0.7person/m, pedestrians' free movement is restricted, and the influence of other humans
must be considered. Therefore, the velocity reduction is seen as a function of pedestrian

density. The velocity is formulated by120] and then gemrralised by[84]:
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Eq7

b Wp Q
Whereulis the average free walking speedks the fitting constant, andjamis the maximum
pedestrian density before a zero speed is reached. Venu{i8#] give the jamming density
between 5 persons/rhand statethatthe variability dependent on geographical area and

travel purpose. Similarly, Weidmaiih20] provides he jamming density as 5Spersons/m

Table2.7 Mean and standard deviationsaglking velocity from various studies

Author Mean speed Standard Location
(m/s) deviation (m/s)

Fruinetal. [1.40 0.15 USA

[121]

Hankinet [1.60 n.a. UK

al[122]

Koushki et [1.08 n.a. UAE

al[123]

Lam et 1.19 0.26 Hong Kong

al[124]

Pauls et 1.25 n.a. USA

al[125]

Ricciardelli [1.41 0.224 Italy

et al[126]

Sahnaci et [1.37 0.15 n.a.

al[118]

Butz et 1.23 n.a. Germany

al[127]

Virkler et al. 1.22 n.a. USA

[128]

Weidmann [1.34 n.a. Germany

[120]

Sahnaci et [1.54 0.18 Germany

al. [117]
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Buchmueller(1.34 n.a. Germany
et al.[119]

Daamer{129] provides a survey of all walking speeds. Daafd@9] indicates that walking

speeds arappropriatelymodelled through a Gaussian distributidable2.7 results also

indicate a variation in velocity depending on the country of origin. Koy428] showed

that Saudi Arabian people have a mean walking speed of 1.08 m/s, whilst the cotsntérpar
Hankin et al[122] in the United Kingdom have an average free walking speed of 1.6 m/s.
Hankin et al[122] results are the fastestTrable2.7. However, the estimates are based on

the walking speeds of schoolboys. The results were also taken from two manual stopwatches
in lessthartideal experimental conditions, so the findingsamly partiallyjustifiable due to

the skew in population andethodology. KoushKil23] hypothesisethatthe regional effect

of walking speed is due to the greater distances on average people surveyed were walking

along with the extreme temperatures resulting in all together slower speeds.

Pedersen et d1130] found that the walking velocity is independent of the response and
hypothesised that if a realistic value is chosen, there is no need to consider it a random
variable. Keller et a[[131] and Masani et a[132] demonstrate the relationship between
person's velocity increases and the maximum vertical force normalised by weight in male and
female participants. The study concluded that the maximum force exerted was linearly

correlated up to a velocity of 3.5 m/s, where the maximum force appeahahtplateau.

Figure2.8 presents the variation in the walking frequency with walking speed. The possible
range of walking frequency is vgd4t3Hz), and as such, deterministic relationships of
velocity mapping to wiliing frequencyneed to be bettggosedand can result in prominent
misconceptions of relationships. Other stochastic processes are required in the VSA to
account for the variation of walking velocity walking frequency. More fundamental

research on the complexity of velocities involvement within the VSA is needed.
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Figure2.8 Walking velocity vs walking frequencghowing the linearity of the datiom the datset of Racic
[52]

2.1.2.6 Step length

Step length is typically defined through the normal distribution™(0.005) [m]
[71,83,118,126]No study has yet to establish anydapendent experiment evidence of step
length due to the difficult task of contraifj step length. Therefore, the variable is randomly

assigned or inferred, given knowledge of the walking frequency and velocity.
2.1.3 Probabilistic walking force models in the time domain

As seen in SectioR.1.2.3 the DLF magnitude varies across all walking frequencies.
However, such a variation is not seen in models. These deterministic models are hypothesised
to result from a binary pass or fail of VS8uch assessment results in a woeste design

scenario even if the probability of such an outcome is low.

Mohammad et a[51] used the experimental data sef%#] to produce a probabilistic
framework as a function of the walking speed for individual steps. The key parameters are the

walking speed, step contact time, doustiance period of walking, first peak time and load,
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valley time and load, and second pealdlaad time Figure2.9). Each parameter's

successive steps are sampled considering the inter angulbfesct variation. The inter

subject variatiorof the parameters is independent of each other. This lack of correlation with
each parameter may lead to overestimating the variance of the loads due to sampling extreme
results. The model does not address all thdegmendent relationships of the disttibn. As

noted in GarcidDieguez et al[59], the main problem with most probabilistic models is that
spatial and temporal factors are considered independent, thus inducing a higher level of

variance in the structural response.

Force (normlalised by
bodyweight)

Time (sec)

Synthetic steps Measured steps
—— Mean synthetic steps --— Mean measured steps

Figure2.9 Reconstruction of footstegsr the same average walking frequen&y the method of Muhamma
et al.[51]

Chen et al[4] proposed using intra and irkgubject variation factors that describe eatli-D
and walking frequency for successive steps. Chen gl alemonstrates that the intsabject
variation of DLF iswalking frequency independent and can be expressed through a standard
distribution independently. Gareldieguez et al[104] present stepby-step stochastic
walking model based on variable time periods and DLF values. Both parameters are
computed for each footstep via sampling various relationships describing mean values and
their variation over time, along with an atrggressive amponent and error term
distribution. The model produc&_F valueslower in magnitude than Ker{45]. The model

is computationally more complex and less likely to be used in industrial settingsttige to
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amount of empirically fitted data and/or the tho@suming nature of getting force histories.

The model is validated against the experimental results of Racid®t]Jaknd produces a

close consensus with the treadmill force time signals. The likenefata indicates that both
datasets come to similar conclusions. The model is a natural progression ¢4]Chen

providing interconnect relationships of parameters and demonstrating that the parameters are

autoregressive to some degree and not cotafyleandom.

2.1.4 Alternative time-domain models

Attempts have been made to transition away from the Fourier modelling approach
[18,51,133] Middleton[18] and Muhammad et gb1] fitted the single footfall trace to

several critical points on the forcarge (1st peak, valley load, and second pedkgnre

2.9) and several other intermediate points. The force at the intermediate points is thén linear
fitted to the three key points to produce the entire spline curve from 17 and 34 different
interpolation points, respectively. Similarly, the time to each point was fitted using nonlinear
regression to present the full walking load. Muhammad € 3. model considers inter and
intra-subject variations of the three key points and overall step time to provide a model that

represents the natural narrdand nature of walking.

Feldmann et a[133] developed a force model using an eigbttler polynanial function to
model the individual footsteps. Each fitting parameter is found empirically based on a fitting
process dependent on the walking frequepcyluhammad et a[24] demonstrate that the
Feldmann et a[133] model produces force magniesland acceleration responses far

greater than that of its likened guidapt,19,20,28nd overestimates the actual vibration

response of real walking

Racic et a[52] proposed a stochastic process that models both theamtieintrasubject
variability of the vertical walking load. The intsubject variation is modelled through the
force-time history of 842 different instances of continuous walking. The shape of the footfall
is described using multiple Gaussian functions. The variable foatféligs are generated

from an Auto Spectral Density (ASD) of their variation. Two signals with zero mean and the

same standard deviation have the same ASD. Moreover, they have statistically the same
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pattern of variation for successive footfalls. Using rangihases, variations can be
artificially generated. Because of random phases, the two signals are never the same but have

the same standard deviation.

No comparative study or analysis has been performed to determine the most accurate vertical
load modelwith respect to any metric of analysiss demonstrated, many load models are in
circulation, yetmore research needs tofbeused on selecting the most accurate or

applicable load modehat represents universally models vertical walking farces

2.1.5 High Frequency structures

Contemporary load models do not contain information in higher frequencies, and a high
frequency force function is required. This issue results from singular walkicg fecords

with limited information at higher frequencies. It is estimated that this area of research will
soon be phased out when more general load models are devalogieds that of Racic et al.
[52]. Nevertheless, some researchers have built mepnents on the historical models. The
most used model is Arup's effective impulse m¢@e]. The effective impulse is derived

from Kerr's[45] temporally shifted data and, therefore, already exhibits inherent bias in the
data. Each force was simulated a SDOF system with a mass of 1Kg and varying natural
frequency from 1040 Hz. Next, the resulting velocity of the system is taken. The peak
velocity is numerically equivalent to the integral of the fetioge history over one step. Such

an impulse iglefined as the effective impulse. The effective impulse is defined as :

Q8 Eq8

Fp is the walking frequencypfs the structure's natural frequency, A is the fitting constant

taken as a mean of 42, and the effective impulse has a standard deviation of 0.4. Wilford et al.
[20] suggest using A equal to 54 to give a 25% chance of not exceg&tmgse of arbitrary
statisticallimits results in unnatural increases in structural response. SCI guid®hce

suggests A to be 64 due to the requirements of BS EN[13849Q Pavic et al[135]

compared the model of Arup and fouth@twhilst in 2003 it was thenostubiquitous used in
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2003 it still overestimated the response of actual structures. The models indicate that a non
resonant reaction occurs from 10Hz due to the limits sEalre2.6. However, this

statement is countered by the increase in the high tdreguency range cudff shifting

higher, as seen in Secti@rl.l Furthermore, with the advancement of vertical walking
measurement techniques, researchers have tended toward multiple footfall measurements
[38,52,63] Such representations indicate peaks in thauregy domain exist well beyond

the 4" harmonic of walking frequency, showing a resonant response is likely to occur if a

vibration mode lies at theesonant naturdiequency.

Mohammod et al[17] proposes a new higinequency model based on data froeadmills
provided by{52]. The model also includes dampifmplification effecté due to near

harmonic integer of walking at higher harmonics, causing a resbtkamésponseThe
amplification factor is based on an imperial function of the natuegliency of the structure
(from 14Hz 40Hz) and the walking frequency. Mohammod eflal] damping
Aamplification effectso are introduced to
frequency with a resonant mode of the structure, above 14iHdaanping ratios different to

3%. Mohammod et al17] model gives a closer approximation to the actual response of the
simulated structure. However, a thorough investigation of the current modedtitashe

performed, so it is unclear if the modelisiversally better.

Models like those mentioned above are used widely because they appear in current industry
guidance as best practices. Still, current models exist in academia that represent the entire
frequency domaif43,51,52,59] Presenting sepate models depending on limits attributed

to the quality of data acquisition at the time, such dable2.1, seems redundant.

Therefore, &hift in perspective of modelling walking is suggested, enabling one to model the

entire frequency domain and not just discrete pockets.

2.2 Frequency domain models

The discrete integer Fourier series modelling approaeils taddress the narrelvand
natureof walking. As such, the frequency content around the harmonics of walking

frequencies is not considered. A time signal can be defined through the infinite Fourier series
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but is often truncated for reasons described in Se2tibA Due to the duality of the time
and frequency domain, vertical walking forces can be expressed through a-banww
process in the frequency domain. The resultant outpilie frequency domain can be

calculated as follows:

W] 01 D] Eq9

Where®] and®] are the output and input frequency response, whilst is the
frequency response functigfRF). A signal's complete frequency domain representasion
not required, as portions of the FRF can be zero magnitude and only provide nonzero values

around resonant modes.

If walking is considered a stationary narrow banded random pr@icesstatistical prperties
do not vary as a function of tijneormed from a stochastic process, classical random
vibration theory can be used to interoperateréiseltant output of physical system subject to
a random proce4436] . As demonstrated if136] the power spectral density (PSD) of a
physical systems output, be it displacemealocity, or acceleration, is defined biq 10
andprovides the central result of the random vibration theory.pblueerspectral density of
the output Y 1 ), is found through thBSDof therandom stationary input sign@l' 1 )

and the modulus squared of tRRF.

Y1 $07 87V Fa10

The variance of theutput (acceleration, velocity or displacemerah be obtain for a

random procesid 36] and isto be defined by integrating all possible frequencies of the
spectral respons&iven that the PSD is an even, real function of the angular frequenty

is convenient to only consider the positive frequencies and double the value of the integral to
yield the same area under the PSD cuiivais,the variance of the out of the system is

defined as:
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. . Eqll
n C Y —| Q—|

If the response of a linear system is assumed to be dominated by a singular resonant mode
subjected to lighinodaldamping. The variance of the maximum acceleration can be
calculated a§l37]:

“1 . Eq12

” q1d Y—|

Where, anda are the modal damping ratio amibdalmass, respectivelf{Considering the
output signal representing the acceleratibe,maximum response of thecelerations seen

through:

(:] Q Eq13

a and, arethe mean and standard deviation of the maximum acceleration of the mode,
whilst’Q is the peak factor. The standard deviation of the maximum acceleration
response is found through the variance () of themaximum acceleration, which can be

defined through the PSD of the accelerafit86]. The peak factor'Q is given initially

through DavenpoitL38]. However, the assumptions of the peak factor can often lead to
inaccurate resulf80,80] The resulting peak factor is given below, assuming azeon

mean process

T® X X G Eq14

"Q cl Qv
cl QY

The definitions of ach parameter are examined in Bag@fli. The PSD model of the input
force has numerous input parameters, Se@itr2 However, the variability of each

parametecould be betterepresented in the frequency domain.

Thevariability in the frequency domain arises from the PSD of the vertical walking signal
"Y1 asthe FRF is known to have a high level of accyrdagto the known structure
modal propertiesBrownjohn et aJ29] was one of the first researchers to consider the

frequency domain representation of the vertical walking ftirae history. The Fourier
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amplitudes around the harmonics are modelled throwgls$an functions fitted using data
from continuous force measurements. One major drawback of Brownjohj28} &l the

entire frequency domain is not represented, only discrete pockets at harmonic values. As
shown by Chen et dl139], sukharmonicscan account for 8.5% of the energy of a signal,
with the remaining energy above the fourth harmonic accountingI@#&energy content of
the signal. The fitting parameters of the Gaussian functions could be overfitted due to only

three individuals partipating.Thus,the result may not generalise to entire populations.

Zivanovic[43] improved the model of Brownjohn et[@Q] by using a similar analysis on
nine people over various walking velocitieq 15- Eq 17, Figure 2.10In total, 95 forceime
histories are created. A Fourier series model is proposed that accounts liarsanics and
the energy leakage of a signal by defining the Fourier amplitude of DLFs at incremental
values around the first five harmonic and-$w#imonic. Chefid7] andBachmanr{103]

show subharmonics presence due to the imperfections and asymmetry of walking. Racic
[52] findings conversely did not present smdrmonics of such magnitude. Such variations
are likely due to the variations in the populations. Thaplete forcetime history is defined
by summating the subarmonics and harmonic®.0 "OQ is the DLF function based on the
normalised walking frequency.f— "Q is the phase angle dependant on the normalised
walking frequency. Superscript s denotes thefsartmonic.

8 Eq15
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Figure2.10 Normalised sutharmonic and harmonic of the first filb@rmonicsof walking frequencyafter
[43]
The subharmonic for each pedestrian is based on the first [@BF The assumption of
asymmetric walking based on a peak in the first harmonic is provided with no justification.
Frier et al[140] compared the model of Zivanoi#¢3] with its counterpart of no energy
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leakage. The integer value model produced higher accelerations. On occasion, the resultant
acceleration was 35% different from the integer model. Salibb&jillustrates the effet of

limb dominance on participants. Such development is presented throughrsutmnics

between the bands of primary harmonics of walking in the auto spectral plot. Therefore, the
assumption of perfect synchronisation between left and right legs isengd4 1], and

modelling legs as separate step characteristics should be addressed in future models. Sahanci
[118] cites that excluding subarmonics can lead to a 50 percent error in acceleration

response when they are not considered.

The entire frquency domain representation of the Zivand¥®] signal is not complete.

Small bandwidth still exists with no information at the boundaries chsumonics and
harmonics. Whilst these portions only account for minor energy content in a signal.ghey ar
required to provide &ull representationf the entire signal in the frequency domaaprani

[42] addresses such an issue with a psemaitation method building on the work of
Zivanovic[43] and Brownjohn et a[29]. A Lagrange polynomial ietpolation approximates

the lowlying amplitude in the regions of no information.

Chen et al[139] improved on the PSD model gf2] and[29] by addressing the primary
downfall of the models: the lack of data. Chen eld9] underwent an expinental

program of 56 people producing 1528 time histories. The original time histories only lasted
20-35 seconds, giving a lo¥vequency resolution of 0.05 Hz. Chen etf&89] artificially
increased the total time by stacking the same historiesnidgdel will be biased towards the
values of that walking time and, therefore, not representative of the totadurject

variation.

In some cases, the fortiene history was increased by nearly 100 times. Chen Ei34l]
define the PSD in the integand halfinteger range [@5nF, 1.05nFp] to the fourth

harmonic. Considering only the range stated98% of the entire energy content of a
walking signal up to 50 Hz is considered. The increase in energy content increases with
walking frequency. Howear, the sukharmonics only account for 2&5% of the entire
energy content of the signal. Chen e{H39] define the PSD load model through two

Gaussian fit functions for each integer and-vatiéger range. To account for the othet'®
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percent oflhe energy, a cubic function is fitted empirically to connect the integer and half
integer ranges, similar to that of Caprpift]. The PSD of the input force is then found

through the summation of the harmonics,-sabmonics and other constituent parts

normalised by the person's location and the pedestrian point divided by the number of people

on the structure.

Butz et al[127] proposes a model that considers the various pedestrian densities of a
structure, from unrestricted flow to crowding. Agaime PSD is modelled using exponential
functions with different fitting parameters, similar[&9,43] Butz et al127] presents a

model with the mean walking frequency of the stream of people. Further empirical factors are
added to consider the numlz#rpeople, norsynchronisation of walking frequency, and the
structure. The PSD model only considers single harmonics of walking and states that higher
harmonics do not invoke considerable vibrations, neglecting the energy and walking force
from high-frequency components. The variability of the model is defined through the walking
frequency, compared to Fourier approaches that consider the variability of DLF, walking

frequency and walking speed.

Piccardo et al[142] approximates the PSD of the modal ®f¢ 7 assuming the

randomness excitation is duetht® walkingfrequency and phase angkx 18 The model

does not consider the variability of DLF as a parameter. Tubino[&éd8].and Piccardo et

al. [142] contradict most models. They suggest that the walking speed and DLF, as random
variables, have little impact on the mean, standard dewjand peak acceleration factor.

The PSD of the forecéme history is defined througi43], considering) (number of

people crossing the structure). The model only considers the variation in walking frequency
as the principal component that caugasability in the model. Bassoli et 480] and

Ferrarotti et al[144] extend[143] by introducing the function..! 5 , an admittance

function to correlate the structural mode and the pedestrian synchronisat{on.

Eq18

5 .
Y 1 ©8OD O 1 . D

Ferrarotti et al[144] coherence function is based on two factors: the positions of the

pedestrian concerning the other pedestrian and the increase in pedestrian synchronisation
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with increased pedestrian density. The model of Bassoli @0J.unlike other frequeney
basednodels, includes methods for considering human structure interaction effects. The
naturalfrequency anenodaldampingratio of the structure are modified in the frequency
response function to account for the effective increase or decrease in the parduecters

moving pedestrians.

Van Nimmen et al[30] proposes extensions [tb42] and[80] by providing provisions for
arbitrary mode shapes such as torsional. A clésed expression is then used to estimate
the variance of the muithodal responsdue to resonant and noesonant loading
considering human structure interaction effects. Van Nimmen [@80dlpropose a spectral
force model considering the variance of the DLF inherently in the model, something
previously unseen in spectral analysighe model treats the DLF, weight, and walking
frequency as independent random variables. The spectral force model of walking can thus be
defined as:

GO0® p 6£06. 0 Eq19

Y ] n 1 — %o QW Q®
C aa

The CoV is the coefficient of variance for each harmonic of the DLF. These values can be
derived from the data provided previously in Sec2h?2.3 %o Gt is the two dimensional

mode shape squared.
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Figure2.11 a)Schematic representation of PSD of walking load modelled as a narrow banded prc
b)Squared magnitude of the FRARSD of thanodal acceleration response, af&g]
The response of resonant loads can be defined through the simplified methmsbdrimiq
12. The norresonant response can be found through the numerical integrakoyiaf
considering angular frequencies away from the peak natural frequehaiesematic of the

procedure is given in Figure 2.11.

The spectral analysis of vertical walking loads has progressed since its fiesthempation
by Brownjohn et al[29]. Themost allencompassingpectral baseohodel to datén the
opinion of the authotis that ofVan Nimmen et al[30]. The model considers the various
synchronisation of pedestrians, human structure interactiectgfwalking frequency
variation, DLFs, and finally, the resonant and snesonant components of the acceleration
response. The accuracy between numerically simulated and analytically predicted is
"excellent", by Van Nimmen et §B0]. However, the @snation of the structural

acceleration provided by the framework is simultaneously conservative and an
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overestimation. A load model representing all frequencies in the frequency domain for each

walking frequency is yet to be seen.

2.3 Human Structure Interaction (HSI)

New insights and testing have shown that institutional guidance provides an overestimat
of the expected acceleration response of a struf@24,34] The discrepancy giredicted
versus measured responses is primarily seen omliéear lightweight structure3he shift to
more slender and flexible structures has provided new chall@@bed,145,146]Structural
masses have also tended to reduce, resulting in the pedestrian mass proviaingesed
contributing proportion téhe overall mass of the structural system. However, when trying to
simulate real moving walking loads on an analytically representative model, there is a
reduction in vertical acceleration on the physical system compared to the analytical model
[1471 151] Current guidance pertaining to the VSA dictates that the pedestrian is considered
a massless moving vertical force on the strudiléel9,20,55defined in Sectio2.1 and
Section2.2 However, biomechanical research suggests that the human body is a dynamic
system withperceptibleverticd mechanical stiffness and dampifigp2i 155]. Therefore,

such reductions in the measured compared with predicted acceleration are attributed to so
called human structure interaction (HSI) effe&tSI fundamentally comprises of the

dynamic interaction afivo systems, the structure and the occupants. The two fundamental
aspects of the relationship are the influence of perceptible vibrations on changes in human

gait and the impact of the human body dynamics on the dynamic properties of the structure.

The dominant HSI effects manifest themselves as changes in the natural frequency and
increasednodaldampingratio of the humarstructure system compared with the
corresponding properties of the structure itself, resulting in erroneous predictions of the
acceleration respong#45,149,156,157]The magnitude of such variations is attributed to a

person's posture, mass or if they are walking or statigba6,158 161].

The HSI principally is visible through modifications to the structure's massah&eguency
andmodaldamping ratio when considering the human body's influence on the dynamic

properties of the empty structUd®,34,158] Regardless of their posture, humans will
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increase a structuraisodal damping ratifl62]. Depending on thperson's stationary or

moving nature, the structure's natural frequency can either decrease or increase, respectively
[10,26] The HSI feedback loop can also result in the structure affecting the human gait
Figure 2.12 The structure has an active effen pedestrian walking due to the alteration of
walking speedwalking frequency, DLFs and loek effects[26,81,160,163]Lock-in is

debatably linked only to the lateral direction of human walk#)@g3,159,174]Lock-in was
famously demonstrated dhe opening day of the London Millennium Bridge. The lateral
vibration mode was excited due to the adaption of the human walking tendency to
synchronise and produce a positive feedback loop that resulted in negative damping
[6,73,160,172] The pedestrias on the day changed their walking frequency to stay in phase
with the lateral movement of the bridge. This action then increased acceleration response due
to the resonant response to a fundamental lateral [6od@7] Deviating from the irphase

walking would cause a horizontal force on the pedestrian in the opposite direction to their
motion, potentially causing them to lose balance and1@0,175] Macdonald160]

demonstrates that logk is not associated with vertical vibrations, whilsheersely, Milton

et al.[164] and Bachmann and Ammaf66] indicate that vertical lockn occurs when

matching the vertical vibration of a surface with the walking frequency.

ge . 2.0
l/ut”\ l l,‘v"' ?ﬁ’}ﬁ ﬁ ?A‘J
- -3 /}4:/{ e s ‘/‘;@7

Pedestrian excitation = fixed-driver term t interaction term

(b) (c (d)

Figure2.12a) The humaisDOFSpringMassDamper (D) model b) Structure inducedbrationby
walking excitationof pedestrians c) Vertical ground force reaction due to foaifahch pedestrian due tc
rigid forced) interactive tan due toHIS and relative movement of the structure and the SDOF SMD ma
the humanafter[158]
The human walking force has been shown to change depending on the level of vibration
perceived78,169] The prominence of HSI increases when the crtmstructural mass
ratio grows[168]. Lightweight structures and structures prone to large crowds, such as stadia,
are more susceptible to HSI effef1§7,169,170] This review focuses on the vertical

direction only. The proceeding sections invegggae literature regarding the impact of HSI
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effects on human gait (Secti@B.] and the modelling parameters for active and passive
people (Sectin2.3.2. Finally, an alternative approach to modelling HSI through inverted
pendulums is reviewed (Secti@r3.2.3.

2.3.1 The HSI effect on the human gait

The vertical force can be split into two terneg)Q0). The first is the fixed driver term

(FerR(1)), resulting from the pedestrians' direct contact with a stiff structure. Such force
measurements can be derived synthetically from models pedsenbectior?.1. However,

when the support structure is flexible, the resultant vertical force is modified by adding the
interaction term ((t)). The interaction term contains the movements of the human body and
structure. Assuming both the human body and structure can be modelled as a single degree of

freedom systems respectively, the total force is calculated as:

"6 O o0 O o Eq20
WO 0 6 A OO ® Qo o Eq21
Subscript h denotes the human, whilst subscript s denotes the properties or response of the

structure. m is th& DOFmodal mass, c is the damping constant, and k is the vertical

stiffness. Dot notation is the concerning derivative time, where x is thealelisplacement.

Ahmadi et al[90] quantified the change in vertical walking forces for a specific footbridge

with a natural frequency of 6Hz and maximum acceleration of 3.25AHsnadi et al[90]

noted a range of increases in the first DLF due to resonant walking-6f323 The non

resonant case of walking at the first harmonic showed variability, increasing and decreasing
DLF values in some cases. For the second and third harmonics of walkiothithe

resonant and neresonant cases, the DLF values decreased for all participants by a maximum
of 8.1 percent and 30.4 percéRigure 2.13)

Dang and Zivanovi§81] demonstrate that the interactive component of the force increased in
magnitudewith increased steaestate vibration on the structure. As such, conversely to
Ahmadi et al[90], Dang and Zivanovif81] observedhatthe first DLF decreased in all

cases by 2b3% due to the interactive term. An order of magnitude greater thaof that
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Ahmadi[90]. HoweverDang and Zivanovi{81] footbridge possessed a natural frequency

of 2.44Hz resulting in a resonant response by the first integer with a traditionaky bigh
value.Dang and Zivanovi{81] noted only minor changes to siopdemporal parameters of
walking due to the increased acceleration of the strutigngre 2.14) only the interactive

term of the walking force model resulted tatsstically significantthange. Archbold and
Mullarney[171] note an increase in the pxef@rce on a flexible structure compared to the

rigid counterpart for all walking frequencies, converselptmadi et al[90] andDang and
Zivanovic[81]. Archbold et al[172] further demonstratithatthe characteristic m shape of
walking varies a a flexible surface compared to that on a rigid surface, with a relatively
higher first peak and lower second peak. Thus, producing a different force characteristic on

the structure and altered DLF values.

It is experimentally showthatthe reduction in acceleration response becomes more
prominent when a pedestrian excites a resonant mode of the st{ldi49,151,173,174]
Conveniently, the most considerable decrease in acceleration is seen when the structure is
most susceptible teesonant responses. Therefore, carefully selecting the appropriate load
model and human modal parameters become paramount to accurately modelling the

acceleration responseith respect to the numerical analysis to the monitored response
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Figure2.14 a) Fourier Amplitde of walking for a slow medium and fastiocity on a stiff surface b) Fourie
Amplitude of walking for a slow medium and fagtlocity on a vibrating surfacsubject to asteady state
acceleratiorof 0.85 m/s2 at 2.18 Hz, aftg81]

2.3.2 HSI effects on modal properties

Other than changing the gait of humans, HSI effects fundamentally change the modal
properties of the structure. As mentioned above, principally, the effect is evident through the

increase inmodal damping ratiand modification of the natural frequencies. The values and
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results further vary depending on the static or moving nature of the pedestrians; therefore,

they are treated separately.
2.3.2.1 Stationary participants

Historically HSI effets were only evident when the modal mass of the structure was
increased108,175 177]. Such effects naturally lead to a lessened natural frequency.
However, this method can result in overestimations of the natural freqli&vdyThe

reduction in natral frequency can be calculate@q 22) were* s the ratio of pedestrian

mass to structural mass.

p Eq22

Y

Therefore, lightweight structures experieeeincreasedeductions, such as fibreinforced
polymer structurefl78,179] Lenzen180] first noticed that sucBDOFmMass models negate
the damping effects of the human body, noticing a factor of three increase a damping
ratiofrom the presence of four people on a concrete floor. Browrjji#i] and Zhang et al.
[182] demonstrated that even a low mass ratia single human at the antinode of the first
mode shape could result in a stark increasaadal damping raticAn increased mass ratio
also increases HSI effects, however not in a linear fagh&a], [170], [157]. Brownjohn

[181] investigatedbther postures, such as standing, seated, and bent knees. The damping
effect on the fundamental mode increasedtoeal damping ratiby 2.0%, 2.8% and 6.0%,
respectively Figure2.15). Such passive effects are not cumulative. When comparing the FRF
of a function hall, Brownjohil81] notes that with 800 people sitting on the structure, the
modal damping rationcreased, along with a reduced FRF pealke. Whilst this resulted in

a lessened response than the empty state, the effects were not cumulative. Zhfgpét al.
also notes an initial increasenmdal damping ratio for the structuicg one person's first
three vibration modes. Howevengteffect is not cumulative, and thdal damping ratio
difference for additional people decreafégure 2.16) Shahabpoor et gl183] and Van
Nimmen et al[146] conclude similar findings with thmodal damping ratiof up to ten

people Figure2.17), showing an asymptotic relationshiprobdal damping ratito the

number of people.
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Matsumoto et al[184], akin to the study of Dang et[8&l1], modelled the varying modal
properties de to different periodic accelerations on the body. In the-kiee¢ posture, the
natural frequency of the human body decreases from 3.0Hz to 2.5Hz for increased
accelerations. Similar findings are seen in the single leg and standing postures, with the
natual frequency reducing. No other authors have commented on the changes in dynamic
properties of the human body in civil engineering literature with various vibration levels.
Alternative effects, such as the accelerati@sed dependence orodal damping t#o, are

also anticipated. Rapoport et |HI85] stated that constant mechanical stiffness might not
apply to the human leg because joint stiffness is nonlinear duedal damping raticAs a
result, a model that accounts for tmedal damping rationay improve the model

predictions. As evidenced, no singular study addresses the needs of the research area. The

effect of these parameters at varying acceleration levels is not demonstrated.
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The stationary participant is often represented through a single degree of freedom (SDOF)
[145,149,158,168,186,18@} multiple degrees of freedom system (MDQF)7,188,189]
Some MDOF human models are often complex and overcomplicate the istronztare

system[158]. Van Nimmen et a[158] proposes an equivalent SDOF system representing

the stationary humaragticipant and the structural systelftoposing a modified

representation of the coupled system by modifying the effestodal damping ratiand

natural frequency of the linear SDOF structural system. Such work is beneficial because it

can be extended &ngineering practices in which simplistiethod can save timand

produce accurate and meaningful results. That withstanding, Van Nimmefil&8athose

not to modify theSDOFmodal mass of the system and only considered the empty mass of
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the structure. This assumption and the modification of the other two parameters will provide
closeconsensus to monitored structuaésieasresonant responses. Away from resonant

frequenciesthis methodology could lead #godeviation in expectesults.

Table2.8 provides valuesf natural frequency anchodal damping ratiof stationay human

in various posturederived from civil engineering structure€ghere is a clear consensus for

the first mode of vibration of the human system. The natural frequency is approximately 5

Hz, with themodal damping ratibetween 30 40%. Therefore, #nhuman body can easily

be excited in its first mode from other people walking. If a person is sitting or standing, the

2"d harmonic of walking can cause the resonant response of the body and absorb energy from
the structural system. All modal values achiaved by comparing the vertiaahtural

frequency response function through modal analysis. As all participants are static concerning
their positions on the structure, accurate measurements of the human modal properties can be

separated from the strucaimodes.

Table2.8 SDOF SMD systems representiofithe human body imarious stationary postures

Author NaturalFrequency (Hz) |Modal Damping
Ratio (%)

Ellis and Ji[190] Standing |5.55.8 =

Shahabpoor et dl183] 5.17-5.44 43-57

Standing

Wei [191] Standing 4.67 49.4

Sachse et af192] - 30-50

Coermanr193] Sitting 5.0 32

Zheng et al[194] Standing 5.24 + 0.4 39+0.5

Sims et al[195] seated 5.1S.D00.58 31.1S.D10.11

men

Sims et al[195] standing [5.8S.D0.54 33.1S.D33.1

men

Sims et al[195] seated 5.3S.D01.06 38.55.D14.90

women

Sims et al[195] seated 5.25.D5.16 37.55.D39.23

child
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Brownjohn et al[162] 5.27 36
Standing

IStructE[196] Passive 5 40
Matsumoto et al[184] 5.256.75 69.4
Standing

Hashim[197] Standing 6.55 6.67 21.1-21.9
Subashi et a[198] 5.636.39 -
Standing

Agu et al.[157] seated 5.222 34.5
Agu et al[157] standing  [6.025 37.9
Brownjohn et al[162] 4.9 37
Standing

Van Nimmen et al[146] [5.7S.D.0.56 44S.D.0.07
standing

ISO 5892:2019199] 5 -

seated

ISO 5892:2019199] 6.3 -
Standing

Table2.8 presents a narrow range of values for bothntbelal damping ratiand natural
frequencyof the static humarMatsumoto et a[184] provide a consistent natural frequency.
However, thanodal damping ratias higher than others. It is the view of the author that
choosing values with statistical properties provides better estimates than any precise point
estimate. The natural frequency anddal damping ratiavill vary due to the inherent

varying compositions of each human. Therefore, no confident estimation of the most
appropriate value is given until a comprehensive review of a diverse population set is

analysed.
2.3.2.2 Moving participants

A walking pedestrian on the structure is characterisezbhgtantly varying posture coupled
with different muscular contractions, resulting in a continual change in the pedestrian's
dynamic propertiefl52i 155]. Researctwithin mechanical and aerospaaagineering has

resulted in stationary biomechanical models simulating the effect of moving vehicles on
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stationary bodiefl91,200,201]As a result, the static state of the human biomechanical
model for various postures is known to a high degree ofracg[167,202] The variation of
postures while walking results in only the average properties of the pedestrian being
identified[145,174,203]

Simplifications of the walking pedestrial®DOFnatural frequencynodal damping ratio

and modal mass result in tinm@variant properties due to the complexity of the dynamical
response to perceptible vibrations on walking. As such, the HSI effects are simplified, and the
dynamic changing of the systems' modal properties are modelledtaitiiegh singular or

MDOF spring mass damper (SM[1)45,198,202207], Spring mass damper actuator

(SMDA) [105,205] inverted pendulums (IR153,160,208210] or modification of a

structural system with additional equivalenbdal damping ratior mass[145,158]

The human body in the SMD and SMDA model is represented as a linear afaviamant

system. Such representations provide easy and convenient solutions to HSI representation by
adding additional degrees of freedom per pedestrian tgpieat approximated SMD

structural systemd.able2.9 estimates the active participarB®OFSMD natural frequency,

modal damping raticand modal mas The properties are assumed to be-iimariant. The
time-variant properties of the SMD models have not been researched. However, this is likely

due to the complex nature of determining tivagiant properties over shorter periods.

Mohammed et a[35] show that a structure's FRF reduces nonlinearly with moving
participants, similar to the static counterparts, and the reduction depends on the number of
participants. Various trials conducting the same experiments produce different average
properties &r human stiffness andodal damping ratiover the experiment time frame. In

the specific case of Mohammed et[@b] with only two people, the FRF was reduced by

45% to the bare structure. When four people were on the structure, the FRF was reduced by
further 2% compared to the bare state. Shabahpoor{£88].conclude similar findings

when a participant walks around in a tight circle at the antinode location compared to the

guarter or random walkin@rigure 2.18)
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Figure2.18 Changen natural frequency antiodal damping ratifor people walking in tight circles at
locationsspecified walking at the support indicates no HSI effects. Aft&3]

Liang et al[211] note dinear increase in the active participambdal damping ratiavith
increased walking frequency. Theodal damping rationcreased from 28% to 32%, from
1.5Hz walking to 2.1Hz walking frequency. Furthermore, the first natural frequency of the
active humarbody decreases, on average, with increased walking frequency. Liang et al.
[211] further note the strong linear negative relationship between the hachaimass and
the natural frequencynodal damping ratishowedno such dependency and is viewed as
independent of thactual participantmass. Bertos et §212] and Kim et al[213] observe
how the modal properties are dependent on human walking parameters, increasing stiffness

andmodal damping ratiavith increased walking speed.

Building on tre moving modal properties of pedestrians present@édhe2.9, DaSilva et al.
[106], Toso et a[54] and Pfeil et aJ214] provide estimates of the walking human properties
through regression analysis of multiple input variables. DaSilva [gi0él] Eq 23-Eq 25

define theSDOFmodal mass, m, damping constant, ¢, and the stiffness, k, through various
nonlinear relationships dependent on the subjactisalmass, M ad walking pace pf

DaSilva et al[106], Toso et a[54] and Pfeil et aJ214] conducted experiments on

individuals walking on a stiff structure with their waist accelerations monitored. The result is
participants' acceleration around the harmoafasalking; however, it is worth noting that

the acceleration monitoring is subject to error, due to the device misaligning to the global

vertical axis Misplacemenof the accelerometerssults in other acceleration planes being
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transformed into the vecal axis of the device, thus over underestimating the effects.

Further to the above, DaSilva et[dl06] Eq 23Eq 25 Toso et a]54] Eq 26 Eq 28and Pfeil

et al[214] Eq 291 Eq 31had low participation in their experiments and did amxtount for

all walking frequencies. Therefore, misrepresenting the extreme values of walking frequency
andparticipants actuahass results in negative modal parameter values in some instances.
The models provide comparable higher estimates to other SAEIs presented ihable

2.9, with natural frequencies of walking pedestrians over 4Hz. Lastly, DaSilvg €06,

Toso et a[54] and Pfeil eal.[214] conducted their experiments with populations comprising

of Brazilian people exclusivelfhereforethe parameters will be overfitted to the population

characteristicsFor all equationsn is the participants actual ma&is the walking

frequency

DaSilva et al[106]

O WRYCTE X UL OB PY Eq23
o ca@rtp?’ Eq24
M ONMOKYPTULR P TBIOD Eq25
Toso et al[54]
o COPT PO pLATI pBR™Q ML p& Q Eq26
) PP @I W G pTET  BHG pd A pd T Eq27
W xLvoedip pc@UW ocoXHI VIPETQ B @ L oI Eq28
Pfeil et al [214]
a TRXAT T pT T Eq29
Q oe@B  pg U Eq30
" C PR Eq31

Table2.9 Natural frequencymodal damping ratiandModal mass given as Percegaof actual massf

SDOF SMD systems representing thevinghuman bodyrom various studies
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Author Description of how Maximum Natural Population sizg Natural Modal Damping | Modal mass
parameters are obtained| acceleration| frequency of Frequency (Hz ) | Ratio (%) Mean, | given as
(M/) structure Mean, (standard| (Standard Percentagef
(Hz) Deviation) Deviation) actualmass
(%) Mean,
(Standard
Deviation)
Shahabpoor et | Matching Frequency 2.43 4.443 15 2.753.00 27.530.0 100 ()
al[203] response Function of
experiment acceleration
to theanalytical model
Shahabpoor et al Matching Frequency 2.43 4.443 15 2.85,0.116 29.5, 0.047 100 ()
mode 1[215] response Function of
experiment acceleration
to the analytical model
Matsumoto et al. | Subjects on one leg, 2 N/a 12 K=279N/mkg | C=104 83.3()
[41] whole body vibrations Ns/mkg

from 0.5Hz to 30Hz
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Matsumoto et al. | Subjects in bent leg 2 N/a 12 K=508 N/mkg | C=17.5 89.8 ()
[202] posture, whole body Ns/mkg

vibrations from 0.5Hz to

30Hz
Foschi[216] N/a N/a N/a N/a 3.3 33 100 ()
JimenezAlonso | Match the minimum in N/a 2.27 10 2.759, 0.165 47.175, 2.611 83.969 (1.05)
[189] natural frequency of the

structure due to walking

pedestrian decreasing th

natural frequency
Gomez et Match the vertical 5 2.15 3 2.51 12 100 ()
al[217] acceleration of pedestria 229 18

COM with experimental

data 2.52 12
Zhang et al. Frequency response n/a n/a 10 1.85 30 100 ()
[186] function matching of

5mm amplitude

vibrations at various

frequencies
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Wang et al[205]

Ground force reaction
(GFR) is monitored
through insoles,
acceleration response is
taken as GFR minus
weight of the pedestrian,
all divided by mass.
Velocity and
displacement are inferre
through numerical
integration then linear
SMD parameters are

optimised.

N/a

N/a

56

0.3049f +1.367

-0.2116f +
0.8737

100 ()

Ahmadi et al.
[145]

Optimisation of
acceleration response of
mid-span acceleration to
match measured with

numerical

2.2

2.4

23

Resonant

Walking pace

0.38In(my1.42

100 ()

Van Nimmen et
al.[218]

Matching Frequency

response Function of

N/a

N/a

3.06

35

100()
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experiment acceleration
to the analytical model,

one leg slightly bent

Van Nimmen et
al.[218]

MatchingFrequency
response Function of
experiment acceleration
to the analytical model,

double stance phase

N/a

N/a

3.34

26

100()
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The modal parameters are typically obtained through optimisation and minimisation of the
structure's acceleration respoifis45,186,189,203,218he remaining researchers optimise

the human body's approximate COM compared to a numerical estimatiorarsuch
assumption causes uncertainty, as the actual location of the COM for each pedestrian is not
precisely known. Thyshe locale of the position results in differing results. Furthermore, the
human body is heterogeneous in composition, and body partgliff@éveng modal

properties. They can be excited at many different frequencies, resulting in a poor

approximation of the human body being represented by a distinct mode of vibration.

Research exploring moving participants' influence on structures iatavegt new field, and

there is little data that produces consistent results. The field requires an encompassing study
to bring all finds together. The resutiETable2.9 do, however, provide some guidance on a
sensible range of values. The selection of one value over another is unjustified due to the
limited studies available. There is no systematic assessment of the existing HSI models'
performanceWhilst many authors validate their models on a single structure from whose
data the pedestrian dynamic models were initially derived, only a limited number provide

estimates on new structures or compare concurrent njadéls

2.3.2.3 Inverted Pendulum Models

An alternative modelling approach in moving pedestrian scenarios is the inverted pendulum
(IP) (Figure2.19). Whilst bipedal penduluntsave been present in biomechanical models,
their use in civil engineering is scarce. The instantaneous load transfer mechanism of the IP
to adjacent feet neglects the double stance phase of the leg[208n219] An impulse must
be applied at the begimg of every step to ensure the body's motion has the same initial

conditions, ensuring stable walking.

The IP model is a mechanical model capable of generatindpgtstep vertical force

variation and timalependent stiffness and damping changes. Batial.[160] and

Macdonald220] introduced the IP model to structural engineering to counter the lack of HSI
effects in vibration assessments. The model considered the centre of mass's rigid stiffness and

that the additional variation between théuat response and the idealised is due to the
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vibrations induced by the structure. Bocians efl@0] assumedhatvibrations of the

structure are sinusoidal and undamped. The model ipagittuating, as no kinematic or
potential energy is lost imé system. Biomechanical models can easily be adjusted to include
spring stiffness and dampingigure2.19) to simulate natural walking characteristic
[207,213,219]

NN#AE R K

Figure2.19 Visualisation of various IP models a)IP b)IP with rockers c) spmiags d) springnass with

(a)

rocker e)springnassdamper f) springnassdamper with rocker. Afte221].

Historically, the damping and stiffness in IP models possessitivagiant propergs. Qin et

al. [210] produce timedependent damping and stiffness of the leg elgleycle using a
springloaded inverted penduluf@19]. External force must be applied to maintain a steady
gait, as the model starts to yield unstable solutions ograffequency or high amplitude
structurg210]. Damping and direct energy input are required for the bipedal IP to regulate
gait patterns on vibrating structur@©9,210] This demerit is the biggest obstacle to the
model's uptake and the need fordalling and coding

Lin et al.[209] parametrically analysed Qin et 210] stable gait production methods. Using
such a compensation method, the IP model with damping and stiffness demonstrated that it
could achieve stable gaits in the 1264 Hzwalking frequency range and produce DLFs in

the same region as Kerf45] results. Dan¢221] provides an overview of the various

inverted pendulum models. However, a perfect alignment is not seen when parametrically
analysed. The IP model's angleatfack and leg length vary the first DER21] (Figure

2.20). Ruiz et al[222] note that whilst the SMD bipedal model works well within normal
walking ranges, outside of this (i.e., slow or fast walking), the model does not accurately
represent DLF values. Furthermore, no studies compare the accuracy of such a model on the

flexible surface to see its applicability to model HSI effects.



62 Literature reviev

DLF, [

14 1.6 1.8 2.0 22 2.4

Frequency [Hz|

Figure2.20 DLF; of force generated by spring mass damper IP with various leg lengths (black = 1.2, ¢
1.037 and no fill = 0.9 m) and angle of attacks (square®,<Béles = 70, triangles = 79 compared to érr
mean, 5% and 95% modaeilfter[221]
The practical use of IP ison-existentdue to various energy correction methods requiring
numeroussimulation and coding to sustain a natural gait and produce meaningful VSA. The
inverted pendulum does not credle characteristic 1shape GFR219,223] The
widespread avoidance of such a model in industry is likely borne out of the time and skill

required to get a single VSA.

2.4 Conclusions

The chapter reviews current and historical literature on the human gédkoe and its
interactive effects on the structural system. Historically, vertical walking load models are
based on deterministic integer value Fourier seNesver models have been developed that
synthetically describe the inter and intnabject varition of actual walking loadg,51,59]
Current industry models lack the fundamental kstndject variation at each walking
frequency, preferring an expected value of parameters throughout. This conformity
fundamentally alters the VSA and negates tlubdable range of accelerations likely to be
seen on a structure. Current industry mofles19 21,28]provide a split in vertical load

models based on the structure's natural frequency. This artificial split is shown to be a direct
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result of previous maals being constructed on biased data. The fundamental process of
walking does not change on hifflequency structures, nor does the vertical walking force.
New modeld2,51,59]can contain DLF and phase angle content across all frequency ranges,
thus givng a complete informative signal, contrasting to older models that only include
information at integer values of harmonics of walking up to a truncated harmonic. Larger
guantities of data are currently availaf88,52,59]so more accurate models arénige
producedccompared to sampled signals of vertical walking fartesng such models

removes the artificial split in structures and creates a universal load model. However, no
publication explicitly recommends which current model best represents verdikahg

loads.

The frequency domaibased models provide inferior results and present themselves
sophisticatedly. This procedure is laborious compared to the partner time domain models.
Whilst some models claim to providiaccuratéacceleration results compared to real
walking, this is not conclusively proven. A common theme seen through new time and
frequency domain models is a lack of appreciation for the end users. Whilst producing
representativeynthetic signalss the goal ohcademia, the industry requires a model that can
be easily used, interpretable and, crucigllpduce accurate acceleration outputs that mimic
the real structurelThere exists a disconnect between industry and academia regarding the

needs and demands bktrespective groups.

Furthermore, the dissemination of knowledge in the industry is severely lacking. The latest
publication of new industry guidance, AISC Design Guid¢l1E], published in 2016, still
uses deterministic values of DLF not correlatethwialking frequency. This is a step

backwards from current best practices.

The HSI effects have been shown to play a clear and imperative role in a structure's vertical
force and acceleration response. Including HSI effects can reduce acceleratioseespbn
provide a closer match to the acceleration output of a structure. The topic is still in its
infancy, even after the public opening of the London Millennium Bridge trigggeirextease

in researclefforts Parameters for the moving human naturaldssgry and damping are

unknown with much certainty due to the complex procedure of theiriameng properties.
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Furthermore, no formal guidance is given on including the HSI dyad. Currently, these issues
are dealt with in isolation. Finally, no study pies a conclusive set of natural frequency

and damping parameters that can be confidently used in all scenarios. There exists sufficient
scope to conduct further research into the most applicablsdaillk VSA, including accurate
walking load models, alSI effects, andtatistical representatiasf various input

parameters (e.g., walking velocityalking frequency and pedestrian weight).

Table2.5 and Figure2.6 highlight the inherent variability in current vertical walking load

models. As demonstrated, there is no clear consensus on the apiegentation of the

DLF, and as such the vertical walking force. This current lack of unification provides
uncertainty into the design of pedestrian structures. The ramifications of which, provide
practicing engineers witAnunknown level of accuracy with respect to the acceleration
response othe structure tthe vertical walking load. As illustrated Trable2.5 for a gven

walking frequency (2.5Hz) a 600% difference in DLF value is seen. For a structure idealised
by a single lightly damped mode, this corresponds to a steady state acceleration response
varying by 600% too. The variation of the vertical walking forceesgntation provides a

barrier to the accurate prediction of the acceleration response. Coupled with the increased
complexityand uncertaintpf the HSI effects, the accurate predictonsfar uct ur e 6 s
responséas thus far eluded engineers. As the VSpeidormed before the construction of

the structure, assumptions of tmedal damping ratiovertical walking force and HSI

parameters must all be assumed and provide some level of accuracy and redundancy. Whilst
the accurate VSA is paramount, over reliaonelder vertical load models may result in
inaccurate assessment that provide overly conservative results. Thus, leading to unnecessary

design decisions.

Current widely used Fourier based modé,20,28,45,53,65,68,108}e derived from

single footfall data, thus such data could be assumed biased. Therefore, an area of further
research is identified through the modification of the Fourier series model to include updated
parameters based on continuous measurements apletdiotsteps. Furthermore, the

accuracy of current synthetic realisations of vertical walking forces has not been assessed
against their real counter parts. Therefore, an investigation is required to compare current

models and their real measured coypaets to deduce which vertical walking load model
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provides the most accurate representation of walking. Finally, the inclusion of HSI effects is
infrequently seen within VSA, thus adding additional layers of both complexity and
uncertainty to the VSA. Furermore, the accurate estimation of the HSI representation of the
human body as a SDOF SMD system has not established. Whilst several authors have
provided estimates of the various parametéable2.8, Table2.9), the validity of the

estimates is not currently tested. The resulfBatfie 2.8, Table2.9 are not seen within each
study and are taken in isolation with respect to each other. Therefore, the accuracy and
validity of both the parameter estimations and their assumptions mustlee tria

independently before any recommended use of one set of parameters is given.
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Chapter 3 Fourier series approximation of vertical

walking forces

For structures subjected to human walking activities, the resonance between a harmonic
walking load and one or more natural vibration modes of the structure can result in a
significant acceleration response. Such responses can produce acceleration magattudes
result in discomfort to human occupants and thus cause the structure to fail in its
serviceability limit state (SLS). Therefore, the accuracy of such vertical walking loads is
paramount to the overall structure's SLS requirements. However, the@igsescribed SLS
limits is a complex topic due to tlseverainterpersonal factors affecting a person's ability to
perceive vibrations. As seen from Chapter 2, current vertical walking loads do not provide a
universal consensus tife parameterisation or mathematical representation of the load and
exhibit numerous approximations. This is primarily attributed to jop@lity data and #l

posed assumptions.

This chapter aims to develop and improve current Febased vertical walkingphd

models. The main objective is to provide updated Fourier series parameters, namely the DLF
and phase angle values. The presented models explore theubijiect variation of the DLF

and phase angles. Additionally, insabject variation of the DLF dnwalking frequency are
analysed to provide a comprehensive vertical load model. This chapter leverages the dataset
of Racic and Brownjoh{b2], which amounts to 10.5 hours of walking force time histories of
multiple subjects walking on an instrumentegatdmill. The size and diversity of the dataset

are unmatched in research and therefore lend themselves to provide a generalised

representation of the vertical walking load model.
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The chapter is organised as follows: Sec8dhexplains the data collection process,
experimental setup and methodology. SecBddetails the method of extraction of crucial
parameters of the data. Sect®B explores the interand intrasubject variation othe key
Fourier series parameters in detail and theidependent relationships whilst also

investigating the presence of differences due to the sex of the participant.

The proceedin@hapter is an extension of the publication:

Peters, A.E., Racic, V.,Gi vanovil, S. and Orr, J., 2022. Fourier
Walking Force-Time History through Frequentist and Bayesian Inference. Vibration, 5(4), pp.883-913.

3.1 Data Collection of vertical walking forces

Data acquisition was performed on an instrumented treadmill at the Light Structures
Laboratory at the University of Sheffield in 2010 and 2011 by Dr Vitomir R&ajtire3.1.
Specifics of the experimental campaign can be found in Racic[B2hIThe raw data was
then passed to the author in 2Q224]. Only the vertical force measurement is of interest,
with the longitudinal and lateral forces beyond the scope of the thesis. The velocity of the
treadmill ranges from 0:10km/h. However, the entire range of the treadmill velocity was

not utilised due to participants transitioning to jogging and running mstio

The experimental setup allowed measurements of the left and the right foot vertical forces to
be simultaneously acquired over multiple footsteps. During each walking trial, the speed of
rotation of the treadmill belts (referred to as "treadmill sppeds fixed and controlled by

the data acquisition system. Treadmill speeds started at 2km/h, then at least 64 steps were
taken before a period of rest, and then the procedure was repeated at 0.5km/h faster speed.
The process continued until the participatarted to jog. The treadmill speed is taken as the
average walking speed, whilst variations may exist due to the participant moving up and
down the belt. However, these variations are considered negligible. The population of the
treadmill participantsanged from students, academics, and technical staff at the University
of Sheffield. A total of 80 volunteers (55 males and 25 females, mass 16.3kg, height

174.8 £8.1cm, age 29.7 + 9.3 years) performed the experiment, resulting in 824 total vertical

walking time histories summing to 10.5 hours of continuous force time measurements. The

S
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data was acquired at 200Hz sampling to stop aliasing of the signal. Theaéfor®rmation
below 100Hz can be fully reconstructed due to the Nyquist samplingethe&ach
participant's weight, speed, sex, height, age, and triaxial force measurements of each foot

were recorded. The triaxial force is measured in units of Newtons (N).

right belt

Figure3.1 Experimental setup df/pical participant on thdual treadmill walkwayafter[52]

3.2 Data Processing

The proceeding section outlines the variousgEessing and processing steps required to
format the force time histories in a usable format. From this, the data cderedrio
establish and form multiple relationships of the DLF, walking frequency, phase angle, and

walking velocity.
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3.2.1 Pre-processing

The separate left and the right vertical footfall fetioee histories are summed to obtain the
total vertical walking foce signal for each foreme history,Figure3.2. As demonstrated
experimentally in Racic and Brownjolfs2] the DLF value and the body weight can be
decoupled as they are proven independent of each other. This is visually inspéajeden
3.3when compang DLF: to the body weight, where no known relationship or distribution is

evident.
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Figure3.2 Sample ertical forcetime history (participant's weight=937N, pacing frequency=2.21Hz,
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Figure3.3 Bodyweight vs DLFg&xtracted fronj52]

The body weight representing the static component of the signal is removed, as the force
function is only concerned with the dynamic portion of the signal. The body weight is taken

as the mean value of the signal. The resulting dynamic signals are theadised by the
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body weight, leaving a signal as a proportion of body weight. Hence the signal is now
represented through a dimensionless unit signal. Due to the duality of the frequency and time
domain, coupled with the quageriodic nature of walking, ehsignal ( 0 ) can be

approximated through a Fourier series as the sum of all the periodic frequencies up to 100Hz:

Eq32
wo 00 OEK" " —

Such a model presents the discrete information of a sigredalar frequency intervals from

OHz to the aliasing frequency (100Hz). The average frequency resolution of the signals in the
data varies from 0.00.05Hz depending on the length of the signal considered. The

frequency resolution of the frequency contefithe signal is given as follows:

o Q Eq33
3Q
0

Were™Qis the sampling frequency (200Hz), and N is the number of samples in the signal.

A usable vertical load model must have certain physical and practical limitationgatéd st
previously, the usable content of the signal is only up to 100Hz. Typical Fourier load models
only model DLF values at integer harmonics of the walking frequElr&$9,20,45,55]This

is primarily a result of the signal only providing higher DLF values at the integer values of
the walking frequency corresponding to the forcing frequency of the signal. As dagarna

3.4 there is scarce information evidenced in the frequeocyainoutside the integer values

of walking frequencyBands of information are evidenced within the immediate vicinity of

the integer of walking fregncy. This information is described in Chaptese2tion 2.1.2.1

and is attributed to the intsubject variation of walking frequency and DLF values, resulting

in a narrowband signal, as seenkigure3.4.

As the discretdime signals of the vertical force are presented through the time domain, and
walking is described as a narrdyand procesg8,52,139] the duality of the time and
frequency domai can be leveraged to provide further analysis of the time signals through the
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Fourier transform. The Fourier transform decomposes a periodic signal into constituent parts
of a complex Fourier series. For each frequency, an associated magnitude andfgdtase o
assigned through the complex components of a signal. Concerning the signal, the magnitude
of the Fourietransformsand phase offset represents the DLF and phase angle, respectively.
As the vertical force time histories in question are preseagedfinite set of equally spaced
samples, the discrete Fourier transformation (DFT) is utilised. The frequency domain
representation of N number samples of a complex serig¢saxs frequency domain

representation {} is formed as:

. ® Eq34
Eq35
(A w &
[1] [1] Eq36
Q W8wé itT’Qé d "Qél,j—’Qé

Where N is the total number of samples, n is the nth number of samples, k is the kth
frequency, and i is the imaginary unit. The Fast Fourier transformation (FFT) is used in place
of the DFT due to the FFT's faster computational time and efficiency. Tér@se are often

used interchangeably as the FFT is used more frequently than its DFT counterpart for
discretetime signalsFigure3.4 presents a typal FFT of a 937N participant walking at

2.21Hz up to 30Hz.
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Figure3.4 FFT of time signal fronfrigure3.2( parti ci pant 6s wei ght =937
treadmill speed=2.00m/s3ignal is shown as continuous but is discrete in nature. The continuous line
frequency domain representatiis only used for easier visualisation.

FromFigure3.4, peaks in the frequency domain can be seen accompanied by the associated
energy leakage annd each integer of the walking frequency. Outside of the peaks the signal
contains little information, with the remaining signal seen as zero magnitudes or a white
noise process. Therefore, only modelling near the walking frequency integer has become
comnon practice and is justified. The average walking frequency of each signal is taken as

the frequency of the first peak in the frequency domain of the signal.

3.2.2 Data processing

The first step is curtailing the number of walking time histories to ensuradastarange of
walking frequency is used and any extreme data points do not bias or alter the findings. In
line with Chapter Bection 2.1.2.1all signals outside the walking frequency range of 1.5

2.5Hz are discarded because they are deemed exceptiasally slow walking frequencies
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[4,53,70,71,73] This selection reduces the content from 824 to 672 measuredifoece

histories.

Figure3.5 provides the histogram of average walking frequencies of the sigrahgdrpost the
limitation of walking frequencies. To confirm the normally distributed nature of the average
walking frequency, the orgample KolmogorosSmirnov test was performed usitige

standard normal curve as a reference, i.8l(6,1)(Mean, Variance)225].

The onesample KolmogorosEmirnov test is a neparametric test that quantifies the

distance between the sampled and reference distrid2@&h The test provides a nmit of

the distance between cumulative distribution functions (CDF) and an assqeiatie:. The
Kolmogorov+Smirnov (KS) test is used in place of the studdast or other normality test

due to the KS test's robustness against differences in the metaareance of the data

against the reference cd8@5]. Furthermore, the studentdst only considers the normal
distribution as the reference case. The KS test can be altered to measure parametric or non
parametric cumulative distribution. The rel&tidistance between the cumulative

distributions is given as follows:

Op {63O@ 60 @s Eq37
Where sup is the supremum function and CDF is the empirical cumulative distribution

functions of inputs x. n and m represent the size of the first and second cumulative

distributions. The null hypothesis is rejected at a laviéi

Eq38

The null hypothesis statement is that the data is drawn from the reference distribution, which
is a standard normal distribution. The alternative hypothesis is that the error does not come

from the distribution at a signdfance level of p= 5% [78].

The z score of the walking frequencies is first determined to transform the data to the same

length and scale as the standard normal distribution. The z score is formed tBg@&yh
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wherew "O is the normalised walking frequency, is the sample mean walking
frequency ang  is the sample standard deviation of the walking frequency. Performing the
onesanple KolmogorovSmirnov test, it is confirmed that the average walking frequencies
are indeed normally distributed and are defined through the normal distribuNigh.85,
0.1241) Thep-value of the onsample KS test is 0.3Fhus,the test presents ielence not
to reject the null hypothesiBigure 3.5 presents the histogram of results before and after
limitation, Figure3.6 illustrates the CDF ahe normalised data and the standard normal
distributionN (0, 1).

60 w0 Eq39
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Figure3.5 Histogram of walking frequency showing walking frequencieg(Bhee) and postimitation (red),

bin widths = 0.1Hz



77 Fourier series approximation of vertical walking fol

Empirical CDF
‘ .

09 . .
0.8 7 d
0.7

06+ il

F(x)

05 ‘ -

0.4 /

02 -

0.1

Empirical CDF
Standard Normal CDF
I

0 —_— i- ) | I
-3 -2 -1 0 1 2 3 4
Normalised Walking Frequency (-)

Figure3.6 CDF of normalised walking frequencies compared to the standard ndistrddution

The distribution of walking frequencies is biased and forced. As the walking velocity was
controlled, it forced participants to walk at a frequency dictated by the treadmill's speed. As
the experimental campaign proceeded through various walking speeziaencally,

participants were forced to increase their step length or walking frequency. Therefore, using
such instrumentation forces participants into an irregular pattern of walking. Measurements
must be taken when participants are walking at aggetied frequency and speed to

determine the actual distribution of walking frequencies. The distribution of free walking on a
structure is anticipated to be statistically different from the instrument distribution. Such an

experimental campaign is not assedgsdtlis thesis and is the major limitation of the thesis.

Traditionally, peak picking the DLF value at the integer harmonics approximates the entire
signal. As seen ifrigure3.4, DLF values exist around the integer value. Thus, such
magnitudes of DLF leakage, along with the-fséfquency forces, can result in an increased or
decreased signal value in the time domain compared to just selecting khales. This

chapter seeks to produce a novel method of extraction.
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To determine the equivalent DLF, a bandpass filter is used at each harmonic with upper and
lower frequency range limits at plus or minus a percentage of the walking freq@emcy.

low pass and one high pass filter are simultaneously used to provide the limiting effect within
the given frequency limits. The low pass filter has a frequency limit equivalent tb the i
integer of the walking frequency plus some percentage of the walkingsfreg, @unter to

that, the high pass filter has a frequency limit equivalent td"thetéger of the walking

frequency minus some percentage of the walking frequencypdicentage of walking

frequency is taken as®% to ensure no overlapping of tignals is seen, therefore

ensuring components of the signal are not double counted.

Figure3.7 provides an example of the filter at the first harroai walking with a high and
low pass at 50% of the walking frequendye bandpass filter attenuates and rejects
frequencies outside of the range. However, the bandpass filter is imperfect, and regions
adjacent to the proposed frequency range are reattegj but attenuated. This is deemed 'the

filter roll off".

What remains is the filtered signal around the harmonic, considering all frequencies and
DLF values around it. Taking the average of the peaks of the filtered signal reconstructed to
the time domain (Figure3.7), an estimate of the DLF in each harmonic is made. The process
is repeated for all force time signals considering an upper and lonieofithe filter plus or

minus 550% of the walking frequency for each harmonic.
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Figure3.7 a) Time domain representationBéndpass filter on the signal Bigure3.4 at the first integer
value of walking, with frequency limits equal to plus or minus 50% of the wafkéagency. b) PSD

representation of)

Ratio of energy content in each harmonic due to various band wiclths1

D]yl 0.8964 0.9036 0.9482 0.962 345 0967 0.9755 0.9982

DLF3 0.8852 0.9

DLF2

DLF4 0.8811 0.8964 0.9154 0.9427 0.9749

DLF5 0.8853 0.9247 0.9671
DLF6 |0.6217 | 0. 0.9107 0.9 1065
DLF7 |0.5687 |0.6202 | 0. 0.9016 0. 106
1 0.55
DLF8 |0.5385 | 0.593
—- 0.5
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Figure 3.8 Ratio of energy content in each harmonic compared to totab@%b of walking frequency) energ

content in each harmonic for the average result.

Table3.1 Percentage change in DLF over all DLFs compared to peak picking for various percentages of

walking frequencyandwidth.

+/- 5% 10% |15% |20% |25% |30% |35% |40% |45% |50%
Percentagg
of walking
frequency

considered

Average |23 31 33 34 34 36 36 37 37 39
percentage
change in
DLF
values
from
selecting
peak (%)

Figure3.8 shows the integral of the PSD (energy) variatioaaoh harmonic when

considering the various frequency bandwidths around the peak hanvadkicg frequency.

Most energy is in the first harmonic and distributed close to the peak value. After the first
harmonic, the energy content of the signal startBsSsipate over a more considerable amount

of frequency range. Most energy (89.6%-igure3.8) is within a bandwidth of 5% of the

walking frequency o either side of the first harmonic. This indicates that the first harmonic
has a sharp peak consistently across all the results. Thus, the energy content of the signal is
seen to act predominantly at the integer harmonic. However, other harmonics beawe lar

relative energy spreads.

There is no indication of a correlation between increased energy spread around the harmonic
and increased integer harmonic (i.e., the second harmonic of walking hagé&sirelative

energy spread, not the eighEigure3.8). Table3.1 presents the averagercentage variation
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in DLF1 with different bandwidth sizes (i.e., frequency filters) around the peak value. The
peakpicking method produces the lowest DLFs in all scenafibs.value of DLF tends to
stabilise after the 10% filter and remains relativ@wystant throughout, barring rare
exceptions. The signals are filteredtt0% of the walking frequency due to the marginal
change in DLF after 10%, and thus choosing 50% ensures all energy influences around a
harmonic are considered. As demonstrateBable 3.1, filtering the signal around the

harmonic of walking produces a DLF value greater than just selecting the peaks. Thus, the

energy leakage arodrthe harmonics creates a more representative DLF value.

Taking only the peak would sometimes negate 40% of the DLF value due to energy leakage
and intrasubject variability. Thus, taking a filtered estimate provides an artificial degree of
representationf the narrowband nature of walkind-zigure3.9 presents the filtered data vs

the peak picking method for DLRhus indicating the filtered methoeésults in a reduced

DLF value compared to selecting the peak value.

O‘B T T T T T T T
— DLF, filter = DLF, peak

Data
0.7 | 1

0.6 -

o
)

Peak DLF 3
o
-
T
1

o
w

0.2

0.1}

1 | 1 |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Filtered DLF1

Figure3.9 DLF; peak vs DLEfilter using method described in Section 3.¢ais or minus 50% filter)
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As seen in Chapter ection 2.1.2.3Fourier models are often curtailed at a frequency that is
deemed to represent the transition from a resonant to an impliksivesponse to the load.
Therefore, a criterion is necessary to assess the limit of integer harmonics af the ne
proposed walking force model. To this eRtjure3.4 presents the FFT of a typical signal.
Visually only the 8 or 9" harmonic of walking is distiguishable from that of a white noise
process. Based on the author's experience, it is postulated that most pedestrian structures
exhibit fundamental modes below 20Hz. Therefore, due ttathkeof notableDLF values

seen above 20Hz in the frequency donaid limited structures providing dominant modes

of vibrations above 20Hz, only information up to the eight harmonic of walking is
considered. The DLF values observed for the 9th and 10th harmonic range are all below

0.005, which accounts for 120 timesdekan the typical DLF value of the first harmonic.

It was determined the DLF model would be curtailed at the 8th harmonic and have a
bandwidth of plus or minus 50% of the walking frequency. For each DLF one to eight, a
corresponding walking frequencykaown. It has been historically demonstrated that the

DLF and walking frequency have a strong dependent relationship, Ch&xeeti@n 2.1.2.3

Whilst other authors have attempted to provide alternative relationships, such as independent
distributions[4], or velocitybased inpu{$3], the use of the walking frequenbgased

relationship offers a more accessible interpretation of a model, as the forcing frequency itself

is used to define the state of a resonant ofresonant like response.

3.3 A statistical representation of vertical walking force

The proceeding section provides a statistical overview of the data to represent the data used
through the lens of inteand intrasubject variability. Principally the variation is evident

through the interandintra-subject variation of the walking frequency and DLF. Other
characteristic variations of the inteubject variation are further considered. Finally, an
assessment of bias in the data due to the sex of each participant is explored to determine if

walking spatiotemporgbarameters argtatistical dependamwin the sexof the participant
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3.3.1 Walking Frequency

The critical determinant of the resonant response of vertical walking is when the walking
frequency, or a harmonic integer of, matches with a natuvdkerof the structure. The
Fourier series models presented in research and indu6tfy,20,28,53,558how the

walking frequency as the average walking frequency. The subject of theubject

variation of walking is discussed in Secti®2.2 The proceeding sukection outlines the

intra-subject variation of walking frequency.
3.3.1.1 Walking frequency intra-subject variation

To deduce the variatioof walking frequency on a stdpy-step basis, the same method for
extracting DLF values is used, as noted in se@i@r2 However, instead of takg the

average DLF value between the peaks, the time between each peak of the first integer of

walking is monitored. Then, the reciprocal of the time between successive peaks is seen as

the intrasubject walking frequency. From the examplefFigure3.7, the following

histogram of walking frequencies is seerrigure3.10a. To compare all subject intsubject
variability, each participant's estimated instabject walking frequency is normalised by the
average walking frequency and divided by the standar@iit@v, thus producing results

normalised to unity and in the same length scale as the normal distrilbtigjore3.10b).

20 ) i - ) ) ) ) . Empirical CDF N

205 2.1 215 2.2 2.25 23 235 2.4 o

Walking Frequency (Hz) 3 2 -1 0 1 3

2
Normalised walking frequency (Hz/Hz)
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Figure3.10a) Intrasubject variation of subject 842 b) normalised values of-sutgect walking frequency
cumulative density function compared to the standard normal distribution.
The intrasubject variation ofvalking in the exampleRigure3.10) and within the dataset
appear to follow a normal distribution. The likeliness of fit of the standard normal

distribution of the intrasubject walking frequency is assessed through thesanple

l

KolmogorovSmirnov test using the standard normal curve as a reference distribution, i.e.,
N (0,1)[225].

The onesample Kolmogoraz&mirnov test is performed for all samples. The null hypothesis
is that the normalised intisubject variation is deribed through a standard normal
distribution at an alpha level of 5%. It is shotkat618 of the 672 (92%) walking time
histories demonstrated failure to reject the null hypothesis of a standard normal distribution
of intra-subject walking frequencie$herefore, the null hypothesis is accepted, and it is
reasonable to assume that all the 672 examples can be described by the standard normal
distributionN (0,1).

As each intresubject walking frequency is normalised to the standard normal distributeon, t
process can be further examined through the coefficient of variation) (Eg\40

representing the mean and standard deviation of the data. As indicated, many results appear
from a standard normal distribution when standardised. Therefore, the Cod appaar

similar for all values of the intraubject variation across all walking frequencies.

w 2 e m Eq40

0¢w T
Where, is the sample standard deviation afid the sample meakigure3.12 presents the
transformation results concerning the walking frequekgure3.12 indicates no

dependency on the walking frequency with the CoV, and it is evident that the results show a
single dominant value estimate. The mean value of thesotspect walking frequency CoV
is0.0185
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Figure3.11 CoV of the intrasubject variationwith respect to thevalking frequency

Figure3.13 presents the histogram of CoV. The distribution of the CoMelk modelled
through the gamma distribution due to the-megative nature of the CoV. The CoV is fitted
to the gamma function using the MLE and is defined through the parameters a = 8.B86 and

= 0.0022. For a complete overview of the gamma distribution, the reader is gujdi€é]to

Such a CoV for intraubject variation of walking frequency is similar to that of Brownjohn

et al.[29] and Chen et aJ4], who both indicate that thed¥ of intrasubject variation of

walking frequency is 3%3.25%. The data provided in the chapter suggests a 1.2% decrease
in the overall mean CoV value. Chen efl4].only used double footfalls for the data
acquisition, and participants had to walkltiple times at the same frequency to determine

the "intrasubject” variation. However, it is the view of the author that this is not genuinely
intra-subject because the walks occurred at different times and are not from successive
footsteps. Therefore,l@as or difference in results is anticipated due to this experimental

limitation.
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Figure3.12 Calculated and empirical PDF of CoV five intra-subject walking frequency

Finally, the autocorrelation of the successive walking frequencies is investigated to determine
if the intrasubject walking frequencies are a random or autoregressive process.
Autocorrelation is the correlation of a discréitee signal convolved with agged version of

itself, thus determining if reoccurring patterns or correlation occurs within a signal. To

provide meaning to autocorrelation, the normalised autocorrelation is used to bring the output
of the function in the scale ef and 1. A value of indicates a strong positive correlation,

with -1 indicating a strong negative correlation. The normalised@rtelation,” , of a

stochastic process is defined as:

() ‘ Eq4l

Where N is the number of discrete values, k is thecaig, the i" value of the series x and
‘ is the mean of the serieskigure 3.13resent a random selection of the @irge series
occurrences and thmrmalised auta@orrelation of the intrsubject walking. Assuming a
maximum lag of N1, it is shown that many of the samples demonstrate uncorrelated
behaviour and thus exhibit a random process. While subject 222 provides a strong
autocorrelation, it iseen as an exception of the data, with only a limited number giving

similar results.
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Table3.2 further supports this claim of the nawitoregressiveature, with only 1% of all
autocorrelation values being above an absolute autocorrelation value Tdlfl€3.2 further
demonstrates that, even dbw level of correlation (e.g., 0.25). Therefore, due to the low
percentage of autoorrelation values showing any dependency, the-gutgect variation of

walking frequencies can be considered a random process.
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Table3.2 Percentage of autcorrelation values above a specific threshold fosigthals

Correlation value (Absolute magnitude)

Percentage of values of the insabjection
variation of walking frequencies over

correlation value (%)

0.25 5
0.375 2
0.5 1
0.75 0.1

This section provides evidence to conclude that the-gutbgect variability of walking
frequencies is taken from a normal random distribution defined through its CoV. The CoV is
sampled from the gamma distribution with shape and scale paramet8r&&65 and b =

0.0022, and successive samples of the walking frequency are uncorrelated.
3.3.2 DLF

Thelargestvariation of all Fourier models arises from the irgabject variation of the DLF
values of each harmonic, and only a few researchers have attempted to determine or
incorporate the intraubject variation of walking. Secti@3.2.1explores the intesubject
variation of the DLF relationship with the walking frequency presented through a Frequentist
and Bayesian perspective. Finally, the irdthject variation of the DLF values is explored in

the same vale as the walking frequencies in se8ti®ni

3.3.2.1 DLF inter -subject variation

From the m#&hodology outlined in sectioB.2.2 the corresponding DLF values for all eight
harmonics of walking are known, along with their associated walking frequency values.
Therefore, within sectio.3.2.1various machine learning methods are trialled to find the

representation of the DLF walking frequency relationstiih respect to both a Frequentist
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and Bayesian statical dgsis that minimises the error between predicted function versus
measured DLFFurther, several data processing steps are introduced to provide a robust and

generalised approximation of the data.

Partitioning the data is critical in providing robustnessrégression analysis and preventing
overfitting. To ensure any machine learning method is robust to generalisation on unseen
data, the initial subsection of 672 DLF and walking frequency data is further subdivided.
Representing approximately 10% of tretal 67 random sets are set aside and used to

validate the accuracy of each of the models for all eight DLF values. The test set is only used
to measure and determine the model accurately; it is not used for training. The remaining
90% of the data is used train each method to provide a regression model. The accuracy of
each model is measuradd defined herein dse squared Euclidean distance, commonly

known as the root mean squared error (RM®E)ween the predicted acceleration response

of the real bad versus the synthetic

Further to suksetting the training and testing data, each methorbss validatedCross
validation, specifically Kold crossvalidation, is the process of resampling the data into k
different sets and holding out one of theets. The model is then successively trained
separately at k other times, producing k different parameters for the single methodology.
Then, on the heldut test data, the test data is processed by all k models and then
concatenated to provide an averaggression result. Crosglidation aids in the process of
inspecting overfitting. Overfitting is the process by which the training data and model
parameters provide bias and do not generalise to new data. Overfitting is characterised by
high accuracy oftraining data and comparatively low accuracy on new data. Overfitting is to
be avoided because it will bias future unseen examples, thus rendering the rsudteldll

for the task.

Fundamentally and philosophically, two schools of thought for statigtigakbnce exist
Frequentist and Bayesi§h09]. Within academic and professional civil and structural
engineering, statistical inference is often viewed monolithically through a Frequentist
approach. Whilst Frequentist statistics are taught due topiyeirlarity and ease of use,

benefits can be gained from using Bayesian statistics or a combination (226,227]
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To determine the suitability and accuracy of the regression models, the RMSE of the
predicted versus actual DLF values is compared eméidout test setTable3.3 provides
the RMSE of all three regression models (Linf@a0], Gaussian Proce§228] and Neural
network[110,229]) subject to Bayesian optimisati230i 232]. Specifics of each method
can be found in the given referencégure3.14-Figure3.16 visually represents the DLF

relationships for each method.
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Figure3.14 Linear and Polynomial fit dbLF; with respect to the walking frequency
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Figure3.16 NN representation of DLiFwith respect tahe walking frequency
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Table3.3 RMSE of DLF, based on various modelling techniques on a-batdset.

Model | 1storder 2" order 3rd order | GP NN
Polynomial| Polynomial | Polynomial

RMSE| 0.0742 0.0746 0.0746 0.0743 | 0.0687

The NN provides the lowest RMSE of all the models for DIsécond only to linear

regression. The RMSE of the first DLF is the accuracy metric due to the wide variety of
values compared to any other harmonic of the walking integers. Whilst the NN is viewed as
the most accurate, the usability of the NN mantelld be improved Other than the visual
interpretability of the NN, using the NN in any scenario other than software applications
provides limited uses of the model. The linear regression is less adbaathe NN

however, the ease ofteroperability and the ease of use is a beneficial factor. As stated in the
objectives of this thesis, the goal is to provide a new load model for industrial use. To achieve
this objective, metrics beyond measurable ones must be considered, such ity @sehthe
experience of users. Visual differences in the relationship of various other DLF models are
evident. As the models are typically presented as linear functions, comparing the function

values with the polynomial model over the NN counterpalithei more accessible.

The proceeding section3,3.2.1.1and3.3.2.1.2 provide an overview of the walking

frequency and DLF models presented in this thesis in the context of the frequentist and
Bayesian perspectives, respectively. The validation of each model's assumptions is tested to
ensurehe models are correct and justified. Sec8dh2.1.3compares the Bayesian and
frequentist linear models concerning themselves, with se8t®@.1.4comparing the

presented models with historic and modern DLF models for the Fourier representation only

considering the intesubject variatia.
3.3.2.1.1 Frequentist representation of DLF inter-subject variation

The Frequentist approach assumes the parameters to be fixed and the data random. The fixed

nature of the parameters means probabilities cannot be assigned to parameter values. The
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parameter vakl can only be estimated through sampling the data, but the parameter's actual
value is unknown as only sample subsets of populations are trailed. Therefomreiomg
repeatable experiments are required to determine a parameter value based on thi®assump
that the population subset is representative to combatigked statisticdrequentst statistic

are fundamentally only associated with repeatable events

The primary method of frequentist inference is performed through the maximum likelihood
estimation (MLE) of parameters. The MLE is a method of approximating point estimations of
parameters or statistical tests of interest. It is first assumed that a set of observations of data
O are independent and identically distributed, whi@re ‘O HO F80 . The random

variableO has aunivariant density function 6220 . The functiofQOM is determined
via the data and or model assumptions. Typical functions include the Normal or Poison
distribution. The likelihood function is a product of the data given the parameters of the

density functions.

Eq42
0 O "QOMm

The maximisation oEq 42 therefore, produces the MLE, given formally as:

n 0 @i TABOY Eq43

Wheren is the set of most likely parameteltsis often mathematically more convenient
to transform the likelihood function with the natural logarithm. Since the logarithm is a
monotonic function, the maximisation 80O occurs at the exact locations as the log of
the function. A necessary conddn of the location of maximisation is for the likelihood
function derivatives concerning the parameters to be zero. From this, the location, or

locations, of maximisation can be found.

Further fundamental tools of Frequentist inferenceparalues and nuhypothesis testing.
Null hypothesis testing determines whether sufficient evidence from the data supports a

hypothesis. Often the measure of such a test is selected frgavdiige, a measure fromQ
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Thep-value is the probability of obtaining a tessult as extreme or more extreme than the

given null hypothesis.

Researchers commonly ugevalues to conclude statistically significant results. Calculating
thep-value implies statistical significance whep-a&alue is sufficiently small compared to
some predefined valye = 0.05, 0.1. Using an alpha value is a fictitious limit on a rejection
policy. Using 0.05 results in aii-20 chance that the result is a false positive. The historic
dictation of the significance being 0.05 is not founded on madkieal rigour but on human
decisionf233]. This highlightshe maindownfall of thep-valueg if a value is above or below
the limit, they are immediately deemed opposite in result and provide concurring findings.
Cowles and Davif233] offers a histarcal overview of Fishers' decision to selpct 0.05 as

the standard practice.

Using a metric like th@-value has created controversy in recent yg84]. Thep-value

does not establish a probability of a hypothesis. It is a tool for the user to determine if they
should reject or accept the null hypothesis. It has been criticised that authors often
categorically state statistical significance merely by havipgalue less than a particular
alpha value provided. Over the past century, since its inception by Ronald Fisher, the

scientific community has used it as a definitive metric of significance.

Finally, results are often misrepresented due to the weigptthkie holds within the
academic community for statistically significant results. Simonsohn[283]).analysed
severalp-values from published psychology papers. They concluded that a suspicious
proportion of publisheg-values are clustered around 0.2%as been long conjectured that
suchp-hacking practices have occurred throughout the resgatdcking is the process of

curating the data in such a way that it reinforces the authors' hypothesis

As the training sedf walking frequencies and DLF valuesnfirmsthatthe linear model
produces aepresentative model, the haldt set is concatenated to provide the complete
dataset of 672 examples and used for inference on the selected model. The underlying
classical asumptions of linear regression must be assessed to ensure the linear regression
model is an appropriate estimator of the walking frequency and DLF relationship. The

assessment is performed in the context of the ordinary least squares (OLS) and, clyincident



95 Fourier seriegapproximation of vertical walking forc

the Maximum Likelihood Estimation (MLE) approach to parameter estimationTist

classical assumptions of the OLS are:

The regression model is linear in the coefficients and the error term.
The error term has a population mean of zero.

All independat variables are uncorrelated with the error term.
Observations of the error term are uncorrelated with each other.

The error term has a constant variance (no heteroscedasticity).

= =2 =4 4 -4 A

The error term is normally distributed.

As presented ifrigure3.18, the data is visually linear in the walking frequency, validating
the linearity requirement of the linear model. The normal distribution of the errors iseabses
through the onsample KolmogorosEmirnov test using the standard normal curve as a
reference, i.elJ~ N (0,1) [225]. First, a preprocessing step is performed on the raw
residuals of each DLF. Thegtore of each residual is taken to normaligedéta into the

same length scale as the standard distribuEqr9. As the actual population mean and
standard deviation are unknown, the samplemé&and standard deviatign is used

instead. The null hypothesis for each DLF is stated as the normalised errors of each DLF
model come from a standard normal distribution. Four out of eight DLF errors provide strong
evidence to fail to reject thaull hypothesis, coming from a DeFDLFs3, DLF7, and DLk

coming from a standard normally distributed. Therefore, for a random process such as
walking, a linear model approximates the data well. The mean error values for each of the
harmonics: are 0.0008,0032, 0.0014, 0.00006, 0.0001, 0.0004, 0.0008 and 0.0011,
respectively. Whilst the mean values are not exactly zero, the magnitude of the mean is
negligible compared to the magnitude of the DLFs they represent. Therefore, the residuals
can be assumed be sampled from a zero mean Gaussian funciigure3.17 presents the
cumulative distribution functions of the normalised data for each DLF comfmatiee

standard normal distribution.
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Figure3.17 Cumulative density functioaf the residuals of DLFRo DLFs compared to the standard norme
distribution

The assumption of data homoscedasticity is central to linear regression models and entails the
errors having a constant variance, being independent of the input variable and non
autoregressivf236]. To determine if the data is autoregressive and comndilly
heteroscedastic, the Engle tg27] is performed. The null hypothesis is that the residual
errors come from a heteroscedastic series. The test fails to reject the null hypothesis. The
Engle test provides strong evidence (P = 0.34, compared tghificance value of 0.05)

that the data is heteroscedastic.

The consequence of heteroscedasticity means the OLS estimator is not the best linear
unbiased estimator, and the variance of the errors is not the lowest of all the unbiased
estimators. The psence of heteroscedasticity does not cause the parameters, but instead the
error variance, to be biased. Weighted least square regressions are employed to address
heteroscedasticit}238]. Each observation is weighted using a diagonalised matrix to bias

results closer to the mean and penalise results far from the mean before the normal equation,
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or maximum likelihood estimation is performg88]. The weight is taken as the reciprocal
of the variance of each measurement to the mean value, thus pyavidémnalty for results

that are not well represented by the mean.

Figure3.18 presents the weighted linear regression through the lens of Fregstiissics.
Each DLF is mapped to the various integer walking harmonics from 1 to 8, along with the
associated equations for each DLF.
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Figure3.18 Frequentist representation of the functibmapping of each DL given the average walking
frequencypresented through a linear function and the error estimation. Confidence intervals show the 9%
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3.3.2.1.2 Bayesian representation of DLF intersubject variation

In Bayesian inference, the parameter value is defined through a probability distribution, even
though the parameter's actual value is fixed and $288]. Moreover, Bayesian inference
provides a framework to interpolate the parameter given prioif lagiceknowledge of the
parameters. As more data becomes availablgrtiteability distributionover the parameter
estimationchangesand alters the prior belief. Thus, the posterior distribution is gained via
[109]:

. 009 0 n Eq52
01— —

(@]

Where0 1 s the prior probability estimate of the model parametepsfore any dat® is
observedP (D) is the likelihood function. It represents the likelihood of the data given the
parameters. FinallyR?(D) is the marginal likelihood and is the distribution of the observed
data marginalised over the parameters. This denominator ensures the postahatialistr
integrand integrates to 1, giving a complete probability distribution. Often the proportionate
relationship between the likelihood and prior probabilities is used instead of the entire

posterior probability distribution.

O0nrgO © 9O O Eq53

Firstly, the prior belief of the parameters® must be established. This can be done by two
methods: either using an informative or noninformative géa6]. The latter is considered
uniform over the entire parameter space and provides no insight into the current problem.
Providing a uniform prioreduces the posterior distribution to wholly dictated by the
likelihood function. Thus, the intuition of previous dataagsriori knowledge is ignored. The
assignment of a prior distribution is a difficult task as the process is entirely subjective, and
no correct answer is the actual prior of the data; the prior distribution reflects an author's
belief in the problena priori. The formal distribution of the informative prior can take any
form, be it Normal, Poison or uniform. As priors can fall withily aange of an infinite set, it

is dictated by the researcher where the unknown value is assuragdAsubset of the data

can be used to form a preliminary analysis for the priors to facilitate Bayesian reasoning
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when no prior knowledge is known. Howeysuch subsets should not be used in calculating

the final likelihood function or marginal likelihood as this results in double dipping of data.

The marginal likelihood arises to ensure the posterior distribution is complete, with integral

sums to 1. Focontinuous random variables, Bayes theorem is written as:

50 0'0g 00D Eq54
0 . h
LLOog v

The integration of the marginal distribution can provide challetiggefunction is high
dimensioml, and various known or unknown distributions are used to describe either the
prior or likelihood function. Due to the unknown nature of some distributions or the

intractability of closeeform solutions, numerical integration techniques must be employed.

Due to the oftermulti-dimensional nature of marginal distributions and sparsity of the
probability density functions, Morni€arlo integration methods are employed. More
specifically, a class of Monte Carlo integration methods has prevailed, known as Markov
chain Monte Carlo (MCMC) algorithn{226,227] Severacommonly use@lgorithms

include MetropolisHasting$240,241] Hamiltonian Monte Carf@42] and Gibbs
Samplej243].

MCMC simulations are preferred over Monte Carlo Integration mettasdsiCMC produce
successive autocorrelated samples based only on the previous sample. As the number of
samples increase in a MCMC chain the more the distribution will converge to the stationary

distribution of the target distribution or some unnormalizexsion of the distribution

nrso.

n g0 Eq55

5o L
VIO Shoa

Practically thaMCMC chain starts at a set of arbitrarily chosen points and seeks to move and
sample the parameter such that each successive sample obntributes a high proportion
of the posterior distribution. Traditional Monte Carlo methods tend to become increasingly

inaccurate at higher dimensiof2gl4], therefore the various algorithms of MCMC are
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preferred to the increase in speed and efficiency required to tieastationary target
distribution or a unnormalized variamurther details of MCMC algorithms agéven in
Gelmann et al[244].

A different approach to performing inference of a dataset is through conjugate distributions.
A conjugate distribution occurs when the prior and the posterior distributions arise from the
same parametric probability familg. parametric probability family is a set of distributions
with the same functional form. As such, clogedn solutions of the posterior can be directly
inferred from the prior distribution and datand thus the posterior distribution is from a
known PDFRthat can be easily samplethe use of conjugate distributions provides
computational and mathematical simplicity. Schoot gRa6] and Gelman et aJ244]

provide a broad overview of Bayesian inference topics and give an exhaustive list of

conjugde pairs of distributions.

First, to provide a Bayesian estimation of the linear regression parameters, the prior
distribution of the parameters must be assigned, namely the gradient tamercept term
" and variance term . As with theFrequentist model, the ordinary linear regression

problem is formed as the conditional probability:

0 cgh—D U & HO, Eq56

Where Y is the target variable, in this instance the DLF, and x is the independent variable,
walking frequency—represents the set of parameters that define the model, namely in the
thesis the gradient and intercept terms. The standard deviationesfdhés conditionally

zero mean homoscedastic and multiplied by the identity matrix, I. Gelmarj24t4l.

provides an overview of the topic of Bayesian inference and the estimation of the linear
regression. The procedure outlined2d4] is used thoughout the proceeding section. The
complexity of the procedure is found in the estimation of marginal likelihood:

e e Eq57
U W Uw‘_h,u_h, Q_Qu q
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The prior distribution of the gradient and intercept terms are takentfre multivariant
Gaussian distributioriThe prior distribution will be taken as thgerage estimate from

Concrete society estimate of the linear model of each DLF, where the upper harmonics are
not given a mean value of zero for both parameters is@hdhe variane isdescribed

through the identity matrix times 0.1. Thus, it is assumed that the parameters' distribution is
initially uncorrelatedThe inverse gamma function is used for the prior distribution of the
standard deviation of the erydine inverse gamma funoh is described through the shape

and scale factors (a,b). The values of a and b are set such that the mean value of the
distribution is the MLE of the variance from the frequentist representation, with the mean

value of the inverse gamma distributioneyivby

&) Eq58
W p
Whilst conjugate pairs can be used for performing inference as the conjugate pair of the
multivariant Gaussian distribution is a conditional studehstribution, numerical methods

described earlier utilising MCMC methods, specifically Gibbs samgliegsed to

demonstrate the generality of the method.

Figure3.19 presents the trace plots of each cladithe MCMCfor theintercept,gradient and
standard deviation of the error for DiLénly. A burn in of 400 samples was used to thus
ensure that distribution of the posterior iredeed stationary, and that thiationarytarget

distribution had been reached.
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Figure3.19 Trace plot of MCMC chains using Gibbs sampler with a 400 sample burn in (not shown) f

parameters of the linear regression model, only shown for Biddel
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Figure3.20 Marginalised psterior distribution for all parameters of the linear regression model, only st
for DLF1 model
Figure3.20 presents the univariant distribution of each parameter, as demonstrated the
distributions appear well conditioned with clear and defined peaks at the mean Fajues.
3.20 was constructed marginalising over the other parameters, to intedrite otner

distributions. This can be represented as:

~ . ¥ e Eq59
0 —I0 L - -0,
5 n 5 oy , Eq60
L — L - -0,
> Eq61
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Figure3.21 presents the moving average of each parameter @@¥sampleperiod, the

results indicate a stable and stationary distribution of trenmesults.
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Figure3.21 Moving averagdor all parameters of the linear regression model, only shown for DLF1 mc

averaging over 500 sample period

The posterior distribution of the parameters is givehahle3.4. The covariance matrix

values indicate that the gradient and intercept terms iexiofolependent behaviours.

Table3.4 Mean, covariance and variance of the error distributions for Bayesian linear Daffels

DLF | Mean values (Intercept, Covariance (Intercept, The variance of
Gradient)' Gradient)t error (ab),
1 ™ o QT TBIX X @ T8O wo POOCEDUCO
@ p1 T T8t 0 WOorgt ¢ Mo
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Figure3.22 presents the joint PDF of DLFAs demonstrated, the relationship exhibits a high
degree of correlatiorkigure3.22 presents the typical multivariant distribution of the gradient
and intercept term for DLF1, the figure presents the degree of conditional probability each
parameter has unto each othBather than the typical frequentissamption of a single

point estimate of inference for new data points, Bayesian methods allow the quantification of
the uncertainty in the inference of new data pdinthe linear regressiai IS given

through the conditional probability ¢& I by marginalising over the parameters

The posterior predictive distribution is written as:

Eq62

5o gy 5o Ry 0 s 0—

Whered —hd is the posterior distribution of the parametgirgen the inputs X anthrgets
Y Eq 46inferredthrough Gibbs sampling, amd &  s—hd is the likelihood estimation
of the newinputsgiven the parameteend new inputsThus,integrating ovethe parameters
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marginalises the distributiai allow the uncertainty in the new outputs given the training

inputs, targets and new inputs.
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Figure3.22 Joint PDF of the intercept and gradient term of DLF
3.3.2.1.3 Comparison of Bayesian and frequentist DLF models

This section presents a retrospection of the outputs from the regression inference from the
previous sections for the Frequentist and Bayesian perspedthesrequentist philosophy

of statistics does not provide a probability distribution over the petasibut instead the
data.Thereforepnly a single estimation is given. Conversely, the Bayesian analysis assumes
the data is fixed, and there is uncertainty over the parameters. The maximum a posteriori
(MAP) can be used to determine the most likelgslar parameter value for the Bayesian
perspective. The MAP is obtained by maximising the posterior distribution of the parameters.

The maximisation procedure can be further simplified as the marginal likelihood is always
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positive, has no bearing or dependy on the parameter $et and can be ignored in the
optimisation of obtaining the MAP. The marginal likelihood is achieved by integrating out
the parameters of the likelihood and prior function. Such integration is only known for a
few conjugate priofunctions, and numerical integration is often requifdte MAP of the

parametersn is given as the maximisation of the likelihood and prior funct[@08]:

n 0 Qi f‘%}&@'os] O n Eq63

The MLE and MAPvalues of the model parameters for EBLFs are shown

comparatively inTable3.5. The values coincide well, with only a few varying by*10 most
scenarios. Such a variation is negligible compared to the values they represent and can
therefore be considered approximately similar. When sampling the Bayesian approach 100
times and comparing it to the Frequentist model of IYEigure3.23), the model estimates

align and represent the data similarly.

0.7

0.6

DLF 1

1.5 1.6  Fo 1.8 1.9 2 21 2.2 2.3 24 2:5
Walking Frequency (Hz)

Figure3.23 Frequentist value of the parameters (single dashed) vs the sampled (100 times) Baye:
approximation of the parameters (solid line) for walking frequency vs DLF
Visually the MLE and MAP converge to similar estimates as exhibited fqrateameters of
DLF1 in Figure3.24. The MAP, MLE, and posterior distribution all provide plausible

solutions to parameters and a consistent range witses
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Figure3.24 Marginalised posterior distribution of parameters compared to MAP and MLE estimation:
DLF;
The MLE and Bayesian estimate converges whentlameunts of data are available.
Taking the log oEq 63 does not affect the properties of thexamisation but allows the
separation of the terms. As the log function is monotonic, the maximisationadurs at the
exact location as the ndag function. The MLE arises plus a regularisation term,

1 T ¢r (log of the prior distribution)
n 0 i f‘%A(B'I' oy [ 03 Eq64

Thus, the MLE and MAP will eventually coincide wheroredatais present, and the prior is
not biasedMoreover, the Bayesian MAP will become a more dagatric estimation of the
parameter rather than the prior when sufficient data is coll§@8dThe covariance of the
gradient and intercept term increases resulting in a slender joint probabilityydenstton

and less variance of the sampled function of the posterior distribution af DLF

Table3.5 Comparison of MLE and MAP estimates of DI-BLF8 for gradient and intercept terms

DLF | MLE MAP

1 T oo ™™ o0 QT
@ p ¢ P @ pT1T
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Gradient term ¢,

c) Posterior Distribution after 50 data points

Gradient term 0,

g) Posterior Distribution after 250 data points
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Figure3.25 Informative prior used to ief posterior distribution for 0,10,50,100,250 and all gadgnts for
DLF, each posterior distribution is then sampled 100 times.
The error variance is the only inconsistency between both methodologies, as illustrated in
Figure3.24 andTable3.5. In DLF,, the variance of the error of the Bayesian model is
estimated to be about half as much as the Frequentist approach. This result arises due to the

variance of the models beigterokedastic.The preferred use of one model over the other
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is, therefore, down to the discretion of the user and their philosophical view of statistics, as
both models provide comparatively similar representations of the data, with each statistical

viewpointproviding almost identical mean values of each parameter.
3.3.2.1.4 Comparison of historic DLF models

The formulated models previously seen in secttBs2.1.1and3.3.2.1.2are compared in
Figure3.26 to the existing Fourier series modpsl9,21,45,46,63,64Jeemed statef-the
art[5,31]. Table3.6 present the limiting walking frequency ranges of each Fobased

model.

Table3.6 Limits on walking frequency ranges for each Fourieresemodel

Model Walking
frequency
limits (Hz)

AISC Design Guide 11| 1.6-2.2
[16]

ISO 1013721] 1.2-2.4

Technical report 43 1-2.8
appendix 28]

CCIP Mean valu¢20] | 1-2.8

CCIP design valug0] | 1-2.8

SCI P3%19] 1.62.2
SETRA[55] 1.62.4
Varela et al[64] 1.42.6

Numerous industrial vertical load models provide a range of feasible walking frequencies;
however, researchers have continually provided evidence that walking occurs through a
normal distribution centred at 121z ard can exhibit I 3Hz[53,70,71] It is seen irFigure
3.26that the greatest DLF values are seen at 2.5Hz. Thus the models of AISC Design Guide
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11[16], ISO 1013721], SCI P3%19] and SETRA55] all do not consider the highest values

of DLF. The curtailment of walking frequency is concerning since the data used to model the
DLFs of the limited models are derived from the data of k&s}, where walking

frequencies from-BHz are monitored. It is further exhibitedRigure3.26 that the limited

models provide, on average, a pooimation of the DLF values producing continually

higher results of DLF values for the limited number of harmonics they model compared to

the data and this thesis.
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b) DLF2 data points collected using the methodology outlined in section 3.2.2 compared to models of se
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Figure3.26 Comparison of DLEto DLF, of the presented models against historical model$619 21,45,64Jagainst

the background of the current set of data

The formulated model of this thesis results in a lower magnitude of DLFs than all the other
models, barring that of DLlabove 4.8Hz. Varela et §64] demonstrates a close
representation of the first integer of walking. The model closely resembles that of the
proposed model for the first integer. The result¥afela et al[64] start to diverge in the
successive inggers and only represents a limited number of harmovie®la et al[64]

suggests DLF values be elevated at lower and higher walking frequencies compared to the
presented model in the first harmonic. However, the data peitits the thesiglo not

indicate as such, with the data more accurately represented throtighderllinear

regression. As walking frequencies are normally distributed, less information is available at
the extreme high and low walking frequencies. Coupled with the heteroscedsstie of
walking, the precise nature of the DLF at higher walking frequencies is not known with
confidence. AISC DG 1]16] model provides a oversimplification and overestimation of the
first, second, and third harmonic and represents a poor estinadtiibe dataset. At higher
harmonics of walking, DLF values of industry models provide a similar magnitude of
responses to the data points. This results from the relatively low values of the DLF. However,
there are significant percentage error differenEegire3.27 shows a historical trend of

walking forces having higher DLFs. This could be speculatively attributed to several issues:
"white coat syntbme", making people walk unnaturally, the short lengths of older force
plates making participants target footfalls on the force plates, thus creating unnatural force
waveforms, improper modelling due to heteroscedastic data, improper inference or lack of
error estimation, test subject population differences, bias population or bias results due to a
low number of data points recorded by force plates, the bias of results due to replication of

forcetime histories to produce higher resolution results, etc.
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Figure3.27 Comparison of historical models of DLFs (using the treadmill, force plate and various perc

of parameters) with the current set of data
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The results ofFigure3.27 indicate that even when differing modelling methodologies are

used, similar results are found for models derived from treadmill data. All the results coincide
and produce lower magnitudes of DltRan the force plate measuremerfig)(re3.27).

Noting that Brownjohn et aJ29] data is limited to three subjects, the results are not as
statistically comparable to the present study. The results' carssimascates that the

presented models align well with historic treadmill data for similarly obtained results. As
such, the multiplestep measurement of vertical walking forces allows for a more
representativeepresentation of the mean properties of wejlktéompared to their singktep

counterparts.

In the case of Kerr's modgKk5], the equation of DLF for the 5% error model appears to fit

the mean value of the proposed DLF model rather than the 5% error of the data. This again
shows the historicallhigh DLFs derived from force plate data compared to the current
treadmill data[52] (Figure3.27a and d). In the case of the 95% model, the equdbtes not
represent the shape of the data. As seéiigiare3.27 the cubic nature of the data
misrepresents the approximately linear data. Along e improper use of statistics, the

DLF values are clearly misrepresented through their statistics. It is noted that the population
samples are both different in size and people. Therefore, some variation may be a result of

fundamentally different walkip attributes.

Due to the variance and heteroscedasticity, the error in the present linear models produces
negative values of DLFs at low values of walking frequency for the 5% error ntogeid
3.27a). This is not feasible and shows where the proposed model breaks down. Due to the
datadependent variance, the overall estimation of the ern@riedin regions of the model

than is presented in the data.

Nguyen'q46] 90% and 95% confidence interval validates the results of the 90% and 95% of
the Frequentist and Bayesian models presented in the pagere3.27c and d). However,
Nguyen[46] used only single footfall measurements and temporally shifted the wavelet to

provide a complete foreeme history.

The historic overestimation of vertical walking load models further suggests that the data is

statistically different from the presented study or that the data acquisition and modelling
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methodology resulted in differencésgure3.9 shows the variation of DLiFusing the

filtered method in the thesis compared to peak picking. As showigume3.9, using the
peakpicking method on the data results in lower magnitudes of DLF than the filtered
method. Therefore, compared to previous models' peak picking, the resultant DLFs would
produce a forcéime higory of even lower magnitude than the proposed model in sections
3.3.2.1.1and3.3.2.1.2 It is posited that the variation of DLFs concerning previous models
results from the quality of the data and the inclusion of the-gulbgect variation of the data.
Therefore, the intrgubject variation of data plays a crucial role in selecting aropppte

DLF value.

In the statistical inference of a regression model, it is necessary to estimate the error in the
model. Such an error is not from the incapability of the model but instead, errors arising from
unobservable differences in the data. Ef@re, the error of any model's output is

independent of the model parameters themselves. As such, the inclusion of any error
estimation will merely linearly increase or decrease the output value and does not affect the
actual parameter values. Examplesniguse of the error and confidence bands are exhibited

in [20,45] Both models use confidence intervals over parameters, not the error estimation of

DLF values.
3.3.2.2 DLF intra -subject variation

The intrasubject variation of the DLF is determined usingghme process as Secti®3.1
However, the peak values of the signal are taken as the DLF amplitude orbg-step

basis. The oneample Kolmogrov-Smirnov test determines if the intsaibject DLF is taken
from a normal distribution. Thegcore of the DLF values is used as am@cessing step to
ensure all values are within the same length and scale as the normal distribution. The null
hypothesis is that the normalised intsaibject data of each walking history comes from a
standard normal distribution. Performing the -saenple KolmogoroxSmirnov test on the
normalised data, the results conclude evidence to fail to reject the null hypdthesis,
suggesting that the intiubject variation of the DLFs comes from a normal distribution. 78%
of all intrasubject DLFs provide sufficient evidence to indicate they are from a normal
standard distribution when the data is normalised. Such a highofédue substantial
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evidence to conclude the intsaibject variation is described primarily through a normal

distribution.

0.42 044 046 048 0.5 052 0.54
DLF, ()

0.42 L L L L L L
10 20 30 40 50 60 70
Footstep Number (-)

Figure3.28 Intra-subject variation of DLEFvalues for subject 842 along withe histogranof resultswith 0.1
bin widths

To compare any dependency, the data of the average DLF is compared to the DLF of
including intrasubject variation cases at each footstep walking frequency. As sEguia
3.29including the intrasubject variation increases the magnitude of the overall variance of
the dataFigure3.29 appears heteroskedastic, with an increased variance and an increase in
the independent variable. The heteroskedastic nature of the data appears in both the mean and
intra-subject variation ofhe data. However, it seems more prominent in the-sulgect
inclusion. The intrasubject variation of DLF values thus provides a more appropriate
representation of the walking frequericipLF relationship, demonstrating the full spectrum
of possible F values. Onhoteworthinesss the DLF values at 2.5Hz walking frequency.
DLF values are seen in a range of O up to 0.9 when thesuahjact variation is included.
Whilst theprobability of such values occurring is small, the figure provides an illingtra
example of the data's lack of consistency with the historic models presented in Chapter 2
Section 2.1.2.3Figure3.28 andFigure3.29 only show the information for DLFwith the
remaining harmonics presenting similar conclusions. Excluding thesabject variation of
the walking force moddimits the natural variation of DLF values, resulting in a narrower

range of plausible values, thereby underrepresenting the true vertical walking forces.
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Figure3.29 DLF; inclusion of intrasubject variability véntra subjectariation of DLR with respect tdhe
walking frequency

As the data appears heteroskedastic, the CoV of the DLFsiltjact variation is examined
in Figure3.30. As anticipated, the CoV remains monotonic around a static distribution. It is
only natural that the variance would increase with increased walking frequency due to the
CoV remaining a&onstant value of the mean. This is because the DLF values depend on the
walking frequency value (e.g., for DLEhe CoV exhibits a mean value of 0.125). Therefore,
at 1.5Hz, the mean DLF and standard distribution is 0.0987 and 0.0123, respectively. At
25Hz, the mean and standard distribution of DLF values is 0.512, 0.065. The above further
demonstrates the heteroscedastic nature of the data. The CoV of walking appears independent
of the walking frequency. As such, the heteroscedastic nature of the datesult of the

constant CoV throughout walking and not the data itself being heteroscedastic.

Table3.7 compares CoV of each harmonic of DLF witle tmean results from Chen e{4l.
andGarciaDieguez et al[63]. The results of this thesis demonstrate an increase in CoV
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compared to that of Chen et[4], with the stark comparison of DkBf the former being ten
times the CoV of the lattg#]. The results o€hen et aJ4] were obtained by a participant
walking at the same walking frequency over two force plates multiple times, and the intra
subject variation was taken over the total number of repeats. In the truest sense of walking,
the instances were performed separately. They cannot be reliably callesuipjeat

variation. In the author's view, intsabject variation of DLF values can only be monitored
through the same act of walking. Repeating the same walking frequency isgikacti

impossible due to deviations in results.

In contrastChen et a[4], the results oGarciaDieguez et al[63] provide a good consensus

of results within the thesis, sometimes within a few thousand of a decimal place. The data
collection ofGarciaDieguez et al[63] is identical to the thesis with a dual treadmill used

with multiple individual steps monitored but different populatigbarciaDieguez et al[63]
however, notes a parabolic relationship between the CoV ofsobgect DLF fo DLF1 and

the pedestrian velocity. This result is not founded in the thesis, with the velocity shown to be
a linear transformation of the walking frequency Sec8@3 The second harmonic of

walking CoV of the intresubject DLF is close to double that®@arciaDieguez et al[63]

which may be attributed to population differences or DLF extraction methods. The similarity
of results is anticipatedue to the use of similar data; however, it is seen that padsSess a

stark increase in the variance of the DLF over the walking frequencies.
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Table3.7 Gamma distribution parameters and mealues of CoV of intra subject variation of DLEompared
to Chen et al4] andGarciaDieguez et al[63]

DLF | Gamma a Gamma b Mean | Mean Mean CoV
parameter of parameter of CoV| CoV CoV Garcia
CoV of intra of intrasubject | Value | Chen et | Dieguez et al.
subject variability al. [4] [63]
variability

1 7.831 0.017 0.135 |0.123 0.0990.297

2 4.651 0.129 0.601 | 0.059 0.381

3 7.925 0.044 0.345 |0.101 0.311

4 9.460 0.026 0.242 | 0.158 0.269

5 7.110 0.041 0.290 | 0.202 0.326

6 7.233 0.049 0.356 | 0.296 N/a

7 9.623 0.042 0.399 |0.363 N/a

8 11.770 0.036 0.428 |0.378 N/a

Finally, the autocorrelation of the DLF values is examined to determine if the successive
intra-subject DLF values are autoregressive or a random process. The four random subjects
used inFigure3.31 are again used for conciseness. The autocorrelation values presented in
Table3.8 it is demonstratethat the intrasubject variation of DLFs is a random process and
little evidence is given that the DLF series is autoregressive. Only 4% of the autocorrelation
values are above an absolute value of 0.25. The various thresholds demonstraliendsly a
instance of potential aui@gressive behaviour. There is insufficient probable cause to state

that the intrasubject DLF values are anything other than a random process.
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Figure3.31 Autocorrelation of 4 random samples of insnagbject variation of DLFvalues

Table3.8 Percentage of auttorrelation values above a specific threshold for all iatijectDLF values

Correlation value (Absolute magnitude)

Percentage of values of the insabjection
variation of DLFs over correlation value
(%)

0.25 4
0.375 2
0.5 1
0.75 0.1
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The inclusion of the intrgubject nature of the DLF values is modelled through a normal
distribution. With a mean of the average DLF values and the standard deviation given
through the CoV, each CoV is taken from sampling the gamma function of the respect
intra-subject CoV for each DLF fromable3.7.

3.3.3 Velocity

Whilst velocity is not directly involved in the Fourier series representation, the yebbeite
pedestrian is required to know their exact location as they traverse a structure at any time. As
seen in Chapter Section 2.1.2.5the velocity is either inferred through the known walking
frequency and sampled step length or through a deperadainbnship between walking

frequency and velocityrigure3.32 presents the linear relationship between average walking
frequency and average velgcfrom the given dataset. The linear approximation produces a
plausible relationship; however, the relationship only holds for the values of walking
frequency from 0.9 to 3Hz. Furthermore, various walking velocities can occur due to the
same walking fregency. To account for such an error in the line regression model, the error

distribution is sampled from a zero mean normal distribution with a variance of 0.049m/s.

Outside the limits of 0-8Hz, the relationship between walking frequency and walking

velocity does not hold, and the physical meaning of the equation breaks down. At walking
frequencies less than 0.82Hz, the average velocity would be negative. As the velocity was the
controlled variable, no statistical representation can be inferred regaedowity. Whilst

other researchers have used velob#ged inputs for DLF mode]63], the mathematical and
interpretive nature of the models falls short compared to walking frequesed models.

Limited research has been published onviglecity of pedestrians on structures, and to use
velocity-based models, the velocity is often inferred from walking frequencies. As such, the
walking frequency inevitably dictates the models' use. Furthermore, walking freejo@sey

load models are prefed due to their ease of interpretability in defining scenarios of resonant

response. However, such information is not readily available from the velocity information.
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Figure3.32 Linearrelationship of average walking speed to the average walking frequency

3.3.4 Phase Angle

The phase angle associated with each harmonic of the Fourier series is often assumed to be a
fixed value[16,19 21] or uniformly distributed in the range’' [~ [52,246] In the case of
resonance by a singular harmonic, the phase angle does not influence the response
calculations. However, when the response is composed of multiple modes, phase angles
possess fundamental properties to determine if the signals can beicibresor destructive

to each other, resulting in an increase or decrease in magnitudes of thiriersignal.

Figure3.34 presents the histogre of the phase angles taken at each of the eight walking

harmonics derived from the 842 vertical fotaae records.

Figure3.34 confirms the uniform random nature of the phase angles for each harmonic.
Figure3.33further provides evidence of a lack of correlation between phase angles at each
harmonic.Therefore, phase angles of each harmonic can be assumed to follow uniform

random distributionofr",” ] 1 nt er v al i ndependent of each
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