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Abstract: The increased ambition of architects coupled with advancements in structural materials,
as well as the rapidly increasing pressure on civil engineering sector to reduce embodied carbon,
have resulted in longer spans and more slender pedestrian structures. These structures often have
one or more low natural frequencies in the range of human walking accompanied with low modal
masses and damping ratios. Thus, they are prone to excessive and often resonant vibrations that may
compromise the serviceability limit state. Principally the uncertainty in prediction of the vibration
serviceability limit state mainly originates from unreliable estimates of pedestrian loading. The
key rationale behind this situation is the limited mathematical characterisation featuring in current
design codes and guidelines pertinent to pedestrian-induced loading. The Fourier approximation is
typically used to describe individual walking forces. Historically, such models are based on limited
experimental data and deterministic mathematical descriptions. Current industry used load models
featured in design codes and guidelines have been shown to incorporate inherent bias through
limited intra-subject variation and poor correlation with real walking loads. This paper presents an
improved Fourier model of vertical walking force across multiple harmonics, presented in a Bayesian
and Frequentist statistical parameterisation. They are derived using the most comprehensive dataset
to date, comprising of over ten hours of continuous vertical walking force signals. Dissimilar to
previous Fourier models, the proposed models attempt to encapsulate the surround energy leakage
around harmonic integers with a singular value. The proposed models provide consistently lower
force amplitudes than any previous model and is shown to be more representative of real walking.
The proposed model provides a closer approximation of a structural acceleration than any other
similar Fourier-based model. The proposed model provides further evidence to combine the so called
high and low frequency load models.

Keywords: human-induced vibrations; structural vibrations

1. Introduction

Trends in architecture coupled with innovations in structural materials have led to
the ever-increasing slenderness and longer spans of civil engineering structures. Further
trends to lightweight construction methodologies result in the stiffness to mass ratio
decreasing. Thus, structures have become increasingly susceptible to resonant vibrations
due to human activities such as walking, running, and jumping [1]. Over the last 25 years,
several high-profile vibration serviceability issues have come to light and questioned
the understanding of the vibration serviceability assessment (VSA) of civil engineering
structures [2–4]. Hence, predicting vibration responses reliably is a vital component of
design that, if not done correctly in the design phase, can pose a financial burden and
cost time to retrofit after construction [2,3,5]. Designs are being increasingly governed by
vibration serviceability [5–8]. Often, extra material is added to increase stiffness or mass,
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despite all strength and static deformation limits being met. For instance, an additional
topping layer of concrete is commonly placed to increase the overall weight of timber slabs
to ensure vibration assessments are met [9]. In the current context of the climate emergency
and the need to urgently reduce whole life carbon emissions, the addition of excess material
is wasteful [10–12].

The VSA is commonly framed through ISO 10137 [13]. The vibration problem is formed
through three key components: vibration source, transmission path and the vibration
receiver. The transmission path is the structure itself, i.e., the medium in which the
vibrations are propagated. Fundamentally this comprises of the dynamic properties of
the structure namely, the natural frequency, modal mass and modal damping. Within
the context of the VSA, such properties are known to a high degree of accuracy for each
structure. The key uncertainty of the VSA arises from the poor mathematical description of
vibration source [14–16]. The excitation of pedestrian structures is largely a result of human
locomotion, be it walking, running or other rhythmic activates [17,18]. Whilst running and
jumping produce the greatest excitation forces [19,20], walking is the most frequent form
of locomotion due to low energy demands compared to other forms [21]. Furthermore,
walking can be sustained for prolonged periods of time, thus increasing the likelihood of a
resonant build-up of vibration responses.

The current design of pedestrian structure is dictated by vertical walking forces pre-
dominantly published from institutional guidance [22–25]. Current guidance for the design
of pedestrian structures lacks explicit and reliable instructions for walking loading [26]
and produces significant variability between various publication. Thus, the resultant
vertical walking force can significantly change depending on the design guidance used.
This uncertainty results in a myriad of potential acceleration results with no indication of
the most reliable or accurate results. Furthermore, as demonstrated by Muhammad and
Reynolds [14], estimation from design guidance can produce inaccuracies through both
under and overestimating acceleration results.

Contemporary guidance commonly perceives walking forces as a deterministic pro-
cess. However, recent research demonstrates that walking is far more accurately described
as a narrow band stochastic process [27–29]. The vertical walking force proposed in design
guidance is determined via the natural frequency of the structure in question. Two sepa-
rate walking load models are distinguished between so called “High and low frequency
structure”. Such separation in models suggest that the structure’s response fundamentally
changes at the transition phase, from a resonant to an impulse response. However, as
demonstrated by Zivanovic et al. [30], at the transition point neither high nor low models
accurately reconstruct the walking force. Typically, the cut-off of natural frequency for the
fundamental vibration mode is 10 Hz but differs between guidelines [13,22–24,31,32]. With
better quality walking data collected over recent years through researchers [27,29,33], sug-
gesting a cut off increased to 17 Hz leading to more appropriate walking forces models [34].

The separation of low and high frequency models is historically a limitation of data
acquisition methods. Most current guidance is based on the large experimental campaign
of Kerr [35]. Using a single force plate and a metronome, individuals walked at a speci-
fied walking frequency and made a single contact with the force plate. This single force
record was temporarily replicated at the given walking frequency to produce a continuous
walking signal. The frequency content of such a signal gave clear, defined peaks at the
integer values of walking frequency. However, such data appears malformed compared to
more advanced methods of vertical walking forces data acquisition, such as continuous
treadmill data [29,33], Figure 2. The frequency content of continuous treadmill data ex-
hibits significant energy around integer values of walking frequency due to the significant
intra-subject variability of walking. Thus Kerr’s [35] data provides limited information
across all frequency ranges and assumes that walking is perfectly periodic. Models derived
from more complete data such [29,36] provide increased accuracy due to higher quality
continuous data and providing a narrow band process around integer values.
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Current contemporary guidance assumes that successive footfalls are identical, thus
the vertical force induced by walking on a low frequency structure is described through a
Fourier series of integer values [37]:

F(t) = W

(
1 +

N

∑
n=1

DLFn sin(n 2π fpt + θn)

)
(1)

where W is the weight of the participant, DLFn(Dynamic Load Factor) is the weight
normalised amplitude of each integer harmonic n, fp is the average walking frequency (also
called footfall rate and pacing rate) and θn is the phase angle of the harmonic. N is the total
number of harmonics and t is the time.

Historically the force content is reconstructed from either one to five harmonics [1,37].
This low number is typically used because experimental data available at that time [35]
showed that higher order terms would not produce a sufficient vibration response [38].
However, more recent research based on more advanced force records has shown that
even the sixth harmonic can have sufficient energy to cause a resonant-like response [29,34].
Moreover, in the last decade modern construction, such as scientific laboratories and produc-
tion lines, often accommodate equipment sensitive to even micro-levels of vibration. Such
technology has made the high-frequency content of walking relevant in vibration serviceabil-
ity assessment (VSA) [39]. Thus, consideration for information above the fourth harmonic
of walking is required to provide accurate predictions of high frequency structures.

Nineteen different Fourier series models were studied by Wang and Chen [40], starting
from the first known models featuring a single harmonic only [30,41] to more sophisticated
multi-harmonic models [30]. Numerical simulations of structural vibration showed con-
siderable variability in the acceleration response due to different models. The DLF of the
first harmonic alone was shown to vary from 0.073 to 0.67 (Figure 1 and Table 1). This
value has gravitated towards a narrower range as datasets such as Kerr [35] produced a
large benchmark dataset. However, as seen from Table 1, the debate about the correct value
is still ongoing as data acquisition technology and the quality of the force records along
with sample population size keep improving. Direct force measurements have shifted from
singular [35] double [42] and several [43,44] footfalls recorded on force plates and instru-
mented walkways [37] to continuously measured force-time histories on instrumented
treadmills [29,45] and insole pressures [46] which could record an unlimited number of
successive footfalls. Semaan et al. [47] demonstrates that treadmill walking produces sta-
tistically comparable results to overground walking with respect to the spatiotemporal
parameters. Therefore, the walking force time histories generated from treadmill walking
can be used as surrogate for real walking forces. Rare and limited studies designed to
reproduce walking forces based on measured body kinematics and inverse dynamics [48]
provided inferior data quality to the traditional direct force records.

Table 1. Historic DLF from one to four.

Label Author Year 1st Harmonic 2nd Harmonic 3rd Harmonic 4th Harmonic

M1 Blanchard [41] 1977 0.257 - - -

M2 Bachmann [49] 1987 0.37 0.1 0.12 0.04

M3 Allen et al. [50] 1993 0.5 0.2 0.1 0.05

M4 Petersen [51] 1996
0.073
0.408
0.518

0.138
0.079
0.058

0.018 (1.5 Hz)
0.018 (2 Hz)

0.041 (2.5 Hz)
-

M5 Kerr [35] Mean 1999 −0.265 fp
3 + 1.321 fp

2 −
1.760 fp + 0.761

0.07 0.05 -

M6 Kerr [35] 5% 1999 −0.1801 fp
3 + 0.898 fp

2

− 1.1966 fp + 0.5177
- - -
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Table 1. Cont.

Label Author Year 1st Harmonic 2nd Harmonic 3rd Harmonic 4th Harmonic

M7 Kerr [35] 95% 1999 −0.3497 fp
3 + 1.7432 fp

2

− 2.3228 fp + 1.0049
- - -

M8 BS 5400 [52] 1999 0.24 (180 N) - - -

M9 Ellis [53] 2000 - - 0.07 0.07

M10 Allen et al. [32] 2001 290 e−0.35fp floors
410 e−0.35fp footbridges

- - -

M11 Japanese load code [54] 2004 0.4 0.2 0.06 -

M12 Brownjohn et al. [55] 2004 0.37 fp − 0.42 0.053 0.042 0.041

M13 SETRA [25] 2006 0.4 0.1 0.1 -

M14 Willford et al. [56] 75% 2006 0.41 (fp − 0.95) 0.069 + 0.0056 ×
2 fp

0.033 + 0.0064 ×
3 fp

0.013 + 0.0065 ×
4 fp

M15 Willford et al. [56] mean 2006 0.37 (fp − 0.95) 0.054 + 0.0044 ×
2 fp

0.026 + 0.005 ×
3 fp

0.010 + 0.0051 ×
4 fp

M16 Zivanovic [57,58] 2006
−0.2649 fp

3 + 1.3206 fp
2

− 1.7597 fp + 0.7613
Std. 0.16

0.07
s.d. 0.03

0.05
s.d. 0.02

0.05
s.d. 0.02

M17 ISO 10137 [13] 2007 0.37(fp − 1) 0.1 0.06 0.06

M18 Smith [31] 2007 0.436 (fp − 0.95) 0.006 (2 fp + 12.3) 0.007 (3 fp + 5.2) 0.007 (4 fp + 2)

M19 Nguyen [59] 90% 2013 0.313 fp − 0.226 0.113 fp − 0.078 0.037 fp + 0.008 0.036 fp − 0.002

M20 Nguyen [59] 95% 2013 0.406 fp − 0.355 0.126 fp − 0.084 0.031 fp + 0.027 0.047 fp − 0.014

M21 Chen et al. [60] 2014 0.2358 fp − 0.2010 0.0949 0.0523 0.0461

M22 Toso et al. [48] 2016 0.22 fp
2 − 0.45 fp + 0.35

0.0243 + 6.87 ×
10−5 c − 2.46 ×

10−6

−0.0638 + 0.0024
M − 1.09 × 10−6

K +1 × 10−8 MK
− 1.38 × 10−5 M2

-

M23 AISC design
guide 11 [22] 2016 0.5 0.2 0.1 0.05

M24 Zhang et al. [44] 2017 Mean 0.4058
Std. 0.1663 - - -

M25 Chen et al. [42] 2019 0.301 fp − 0.323 0.0301 fp + 0.053 −0.054 fp + 0.264 −0.1121 fp + 0.053

M26 Varela [61] 2020 0.1556 fp
2 − 0.1816 × fp

+ 0.0356

0.065 if fp < 2
0.1958 fp − 0.3266 if

fp > 2
- -

Design codes and guidelines pertinent to pedestrian loading [13,22,23,31] all recom-
mend the use of a Fourier series approximation (Equation (1)) for low-frequency structures
and an equivalent impulsive force model for high frequency load models [23,24,34]. Most
low frequency models suggest DLF values depend on walking frequency (Table 1). How-
ever, other research [29,33,36,62] suggests that walking velocity is also a metric to predict
DLF’s [45] especially in crowded situations where the flow of pedestrian crowd controls
walking speed. Venuti et al. [63] proposes the use of a pedestrian’s velocity that utilises
social forces [64,65] to derive the walking pathway and behaviour of multiple pedestrians.
Such a model produces realistic walking speeds and walking paths that indirectly improve
the accuracy of the overall VSA. No studies are yet to indicate the preferred or better model
based on walking frequency or velocity. The use of walking frequency in the present study
as the control variable is motivated by the historic use in design codes and providing
direct physical relevance to the response, i.e., comparing the forcing frequency to natural
frequency of the structure can indicate resonance response.



Vibration 2022, 5 887

Vibration 2022, 5,  5 
 

 

 
Figure 1. Comparison of DLF1 models. 

Design codes and guidelines pertinent to pedestrian loading [13,22,23,31] all recom-
mend the use of a Fourier series approximation (Equation (1)) for low-frequency struc-
tures and an equivalent impulsive force model for high frequency load models [23,24,34]. 
Most low frequency models suggest DLF values depend on walking frequency (Table 1). 
However, other research [29,33,36,62] suggests that walking velocity is also a metric to 
predict DLF’s [45] especially in crowded situations where the flow of pedestrian crowd 
controls walking speed. Venuti et al. [63] proposes the use of a pedestrian’s velocity that 
utilises social forces [64,65] to derive the walking pathway and behaviour of multiple pe-
destrians. Such a model produces realistic walking speeds and walking paths that indi-
rectly improve the accuracy of the overall VSA. No studies are yet to indicate the preferred 
or better model based on walking frequency or velocity. The use of walking frequency in 
the present study as the control variable is motivated by the historic use in design codes 
and providing direct physical relevance to the response, i.e., comparing the forcing fre-
quency to natural frequency of the structure can indicate resonance response. 

Contemporary load models in industry [22,24,25,31,66] are deterministic and linearly 
map the walking frequency to a singular DLF value for each harmonic. Such a procedure 
only represents the mean value of DLF. However, as seen the data of [23,24,35,44,56] all 
demonstrate significant variation can occur for each DLF at a given walking frequency. 
Such variation is lacking in current guidance, thus the full extent of each walking forces is 
not currently demonstrated. Willford [24] and Kerr [35] have made attempts to provide a 
probabilistic ranges of DLF values. However, the statistical inference is misguided, and 
the models provide confidence intervals of the true value of the parameters describing the 
DLF, not the DLF itself. Estimation of the distribution of possible ranges DLF is achieved 
through estimation of the residual error of a model. The correct statistical representation 
is further elaborated in depth in Section 3.1. 

Figure 1. Comparison of DLF1 models.

Contemporary load models in industry [22,24,25,31,66] are deterministic and linearly
map the walking frequency to a singular DLF value for each harmonic. Such a procedure
only represents the mean value of DLF. However, as seen the data of [23,24,35,44,56] all
demonstrate significant variation can occur for each DLF at a given walking frequency.
Such variation is lacking in current guidance, thus the full extent of each walking forces is
not currently demonstrated. Willford [24] and Kerr [35] have made attempts to provide a
probabilistic ranges of DLF values. However, the statistical inference is misguided, and
the models provide confidence intervals of the true value of the parameters describing the
DLF, not the DLF itself. Estimation of the distribution of possible ranges DLF is achieved
through estimation of the residual error of a model. The correct statistical representation is
further elaborated in depth in Section 3.1.

Current industry used low frequency models only contain information at discrete
intervals of the walking frequency and are formed from the data of Kerr [35]. As such,
inherent bias is seen in the DLF values due to the method of data acquisition as a result
of only one footfall representing the entire range of possible walking forces for a given
walking frequency. Therefore, this paper seeks to improve the accuracy and reliability of
vertical walking load models by proposing a novel DLF model for the Fourier series approx-
imation that considers the inherent inter-subject variability of pedestrians and considers
the surrounding energy of each integer of walking. Such a model is constructed in terms of
a frequentist or Bayesian statistical framework, to allow various probabilistic interpolations
of the resultant vertical walking force. The paper then compares the current research and
industry used vertical load models to the proposed model and against continues vertical
walking force time histories not used in the proposed model.

Section 2 describes the data collection methodology and elaborate on the proposed
modelling framework of the Fourier series approximation. Section 3 establishes and verifies
the proposed DLF model within the context of the frequentist and Bayesian view, whilst
Section 4 provides a comparison with historical models on a held-out dataset of continuous
walking force records. Finally, Section 5 provides a summary and conclusions of findings.
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2. Extracting Fundamental Data

The dataset of Racic and Brownjohn [29] is used to derive an appropriate DLF model
due to the diverse and large sample population. The dataset comprises of 872 individual
walking force time histories at a variety of walking speeds and walking frequencies. The
resultant dataset amalgamates to over 10 h of walking force time histories, thus providing
the largest dataset of its kind. Using the dataset of Racic and Brownjohn [29], the walking
frequency (fp) and DLFn of each force time signal was extracted to define a function that
represents the developing relationship of fp-DLFn. Section 2.1 summarises the experimental
setup and data collection, while Section 2.2 proceeding sections elaborates on pre-processing
the recorded force signals. The method to extract the DLFs and walking frequencies is
presented in Section 2.3. Finally, Section 2.4 describes an investigation of phase angles of
each harmonic.

2.1. Experimental Data Collection

Data acquisition was carried by Racic and Brownjohn [29] via a dual belt treadmill [67].
Thus, allowing measurements of the left and the right foot vertical forces to be simultane-
ously acquired over multiple footsteps (Figure 2). During each walking trial, the speed of
rotation of the treadmill belts (referred to as “treadmill speed”) was fixed and controlled
by a data acquisition system. Treadmill speeds started at 2 km/h, then at least 64 steps
are taken, before a period of rest and then the procedure is repeated at 0.5 km/h faster
speed. The procedure was continued until the participant started to jog. The treadmill
speed is taken as the average walking speed, whilst small variations may exist due to the
participant move up and down the belt, these small variations are considered negligible.
The complete description of the experimental setup and test protocol can be found else-
where [29]. 824 continuous force-time histories generated by 80 volunteers resulted in over
ten hours of monitored walking. Due to diverse test subjects and many successive steps
within a large population sample, the established database can be used to draw statistical
conclusions of the Fourier parameters in Equation (1).
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treadmill speed = 2.00 m/s).

2.2. Data Pre-Processing

The left and the right footfall force-time histories are summed to obtain the total
vertical walking force signal (Figure 2). Racic and Brownjohn [29] showed that the DLFs
are independent of the participants’ weight W. The body weight representing the static
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component of the signal, as this component does not affect the dynamic response it is
removed from the signal. The resulting dynamic signals were normalised by the body
weight leaving a signal as a proportion of bodyweight. Moreover, any force signal with a
walking frequency outside the typical range of 1.5–2.5 Hz is discarded as it represents unnat-
urally quick or slow walking. This selection reduces the content from 824 to 672 measured
force-time histories.

2.3. Extraction of DLFs and Walking Frequencies

In the frequency domain (Figures 3 and 4), peaks at the integer multiples of the pacing
rate are accompanied by energy leaked into their close surrounding frequencies due to
the quasi-periodic nature of the force signals as a result of inherent intra-subject variation
of walking frequency [27,37]. While the results in Figures 3 and 4 appear continuous,
they are discrete and are only used to present a better visualisation of the information.
Traditionally the peak value of the integer harmonic is taken as the selected DLF for
each harmonic of the walking frequency. Such a constrained methodology negates any
information the surrounding narrow-band signal produces [27,28,55]. Whilst the DLF of
the peak value provides the majority energy of each harmonic, the surround energy acts
to either increase or decrease the relative magnitude of the time signal through slight off
frequency forcing functions.
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An equivalent DLF value representing the energy around every harmonic (Equation (1))
can therefore be calculated to encompass and combat the downfall of selecting just a
peak DLF value. Furthermore, by considering all the energy content of a signal a more
representative approximation can be found, not merely a single peak value. Not all
harmonics are apparent in Figure 3 due to the small magnitudes they possess at higher
frequencies. Therefore, a criterion is needed to assess the necessity of adding additional
harmonics of walking. In Figure 4, the power spectral density (PSD) is presented in the log
decibel scale. Observations in the log scale allow the higher frequency content to become
visible. Figure 4 demonstrates that the values beyond the eighth harmonic appear as not
distinguishable from white noise or other low lying forcing frequencies [68].

To determine the equivalent DLF a bandpass filter is used at each harmonic with
upper and lower frequency range limits at plus or minus the percentage of the walking
frequency. The effect of such a filter is seen in Figure 5. What remains is the filtered signal
around the harmonic, considering all frequencies and DLF values around the harmonic.
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Taking the average of the peaks of the filtered signal reconstructed to the time domain
(Figure 5), an estimate of the DLF in each harmonic is made. As the Fourier approximation
can be infinitely increased, a cut off harmonic is required to provide an appropriate model.
It is postulated based on the authors experience that most pedestrian structures exhibit
fundamental modes below 20 Hz. Therefore, due to the insignificant DLF values seen
above 20 Hz, coupled with limited structures providing dominate modes of vibrations
above 20 Hz. The DLF values observed for the ninth and tenth harmonic range all below
0.005 which accounts for 120 less than the DLF value of the first harmonic. Therefore, it is
determined the DLF model will be curtailed at the eighth harmonic.
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2.00 m/s.

From visual inspection of Figures 3 and 4, negligible sub-harmonics exist in the data,
it is unclear if the values are that of a white noise or very low-lying subharmonics. It can
therefore be inferred that the observed gait are close to symmetric, i.e., there was only minor
difference between the left and right footfalls. However, it is acknowledged that previous
research has shown signs of subharmonics [36,58], that withstand it is not considered in
the study.

Figure 6 shows the energy variation in each harmonic when considering various
frequency bandwidths around the peak harmonic frequency. Most of the energy is in
the first harmonic and is distributed very close to the harmonic peak value. After the
first harmonic, the energy content of the signal starts to dissipate over a larger number of
frequency. Most of the energy (89.64% in Figure 6) is contained within a bandwidth of 5%
of the walking frequency on 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. However, other harmonics have larger
relative energy spreads. Table 2 presents energy content of each harmonic as a percentage
of total energy in entire frequency range.
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Table 2. Energy content of each harmonic as a percentage of total energy in entire frequency range.

Harmonic

1 2 3 4 5 6 7 8

Mean percentage of Energy
compared to total (%) 82.97 8.00 5.53 3.71 1.71 0.80 0.43 0.25

Variance of Energy compared
to total (%) 1.6210 0.4650 0.3938 0.0752 0.01298 0.0031 0.0011 0.0005

There is no indication of a correlation between increased energy spread around the
harmonic and increase integer harmonic, i.e., the second harmonic of walking has the largest
relative energy spread not the eighth, Figure 6. Table 3 presents the average percentage
variation in DLF1 with different bandwidth sizes (i.e., frequency filters) around the peak
value. It is apparent that the peak picking method produces the lowest DLFs in all scenarios.
The value of DLF tends to stabilise after the 10% filter and remains relatively constant
throughout baring very rare exceptions. The signals are filtered to ±50% 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 demonstrated in Table 3,
filtering the signal around the harmonic of walking produces a DLF value greater than just
selecting the peaks. Thus, the energy leakage around the harmonics plays a significant role
to provide a more representative DLF value. Taking only the peak would negate, in some
cases, 40% of the DLF value due energy leakage and intra-subject variability. Thus, talking
a filtered estimate provides an artificial degree of representation of the narrow-band nature
of walking.

Table 3. Percentage change in DLF over all DLFs compared to peak picking for various percentages
of walking frequency bandwidth.

+/−Percentage of Walking
frequency considered 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

Average percentage change
in DLF values from
selecting peak (%)

23 31 33 34 34 36 36 37 37 39

2.4. Phase Angles

The phase angle associated with each harmonic (Equation (1)) is often assumed to
be fixed values [13,22,24,31] or uniformly distributed in the range [−π, π] [29,69]. 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 be constructive or destructive
to each other, resulting in an increase or decrease in magnitudes of acceleration. Figure 7
presents the histograms of the phase angles taken at each of the eight walking harmonics
derived from the selected 672 force records.

Figure 7 confirms the uniform random nature of the phase angles for each harmonic.
Figure 8 further provides evidence of a lack of correlation between each phase angle at
each harmonic. The normalised cross-correlation determines the linear correlation of two
variables. A score of plus or minus 1 indicates strong positive or negative correlations,
whilst a score of 0 indicates no linear relationship of the variables. Therefore, phase angles
of each harmonic can be assumed to follow uniform random distribution on [−π, π] interval
independent of each other.
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3. Regression Inference of DLFs Given Walking Frequency

There are current DLF models that partially fulfil the requirements of actual statistical
inference but lack fundamental inference methodologies [22,24,31,35]. The proceeding
subsections demonstrate how statistical inference is performed on the walking force data
comparing two statistical approaches: Frequentist (Section 3.1) and Bayesian (Section 3.2).

As with any regression task, the goal is to map independent variables to the output
variables whilst minimising the error between prediction and expected value [70], and
generalising well to unseen data. In this study, walking frequency is chosen as the singular
independent variable for mathematical and physical interpretation convenience. The
dependent variables are DLF1 to DLF8. Parametric regression models for the DLFs are in
the form [68]:

DLFi = f (D,∅) + εi, i = 1, . . . , 8 (2)

f (D,∅) is the function that maps the walking frequency (D), using the parameters of
the model (∅) to the respective DLFs. Ten different regression models were configured to
produce an accurate representation of the walking frequency and DLFs [68] Table 4. The
selection of the ten was chosen to provide an exhaustive search for the most accurate model.
All regression models are subject to Bayesian hyperparameter optimisation [71] and cross
validation to ensure each methodology was optimised to the best extent. To determine
the accuracy of each model the Root Mean Squared Error (RMSE) of predictions and true
value of DLF is used. A held-out data set is used to provide the score to ensure the model
is robust to generalisation and unseen data. The Neural network (NN) provided the lowest
RMSE of all the models, second only to linear regression. The usability of the NN model
is limited. NN are regarded as black-box optimisers due to the non-convexity of solution
space. Linear models have ease of interpretability and familiarity that NN does not. The
linear first order polynomial regression is therefore selected as the model of choice. Whilst
NN provide the lowest RMSE, the practical use in industry is limited due to the necessity
of serving the end user, practicing engineers. Therefore, a useable model that can be easily
interpolated needs to be established, that also provides accuracy.
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Table 4. RMSE of DLF1 based on various modelling techniques.

Model 1st Order
Polynomial

Fine
Tree

Coarse
Tree

Linear
SVM

Cubic
SVM

Ensemble
Boosted

Trees

Ensemble
Bagged
Trees

Gaussian
Process-
Squared

Exponential
Bases

Function

Gaussian
Process-
Rational

Quadratic
Bases

Function

Neural
Network-

Ten Hidden
Layers-Relu
Activation
Function

RMSE 0.074205 0.076378 0.074829 0.074393 0.074699 0.07515 0.074711 0.074255 0.074309 0.0556

Figure 9 presents the linear polynomial and NN representation of the DLF walking
frequency relationships. The NN and linear model appear similar in most instances, with
the NN providing local nuances across the walking frequency range. Such artifacts may be
representative or an over generalisation of the specific dataset. Thus, the figure provides
further evidence for the use of the linear model over the NN. The overgeneralisation of the
data is likely a result of DLF values extract, and not the true mechanism of DLF values. As
such the linear model will be used as it visually appears to generalise well to the data.

3.1. Frequentist Regression Model

This section provides validation to the underlying assumptions of the linear regression.
To ensure the linear regression model is an appropriate estimator of the walking frequency
and DLF relationship, the underlying classical assumptions of linear regression must
be assessed. The assessment is performed in the context of the ordinary least squares
(OLS) and coincidently the Maximum Likelihood Estimation (MLE) approach to parameter
estimation first. The classical assumptions are [68]:

• the regression models are represented through a linear combination of the parameters
and error terms,

• errors are normally distributed,
• the error term has a condition mean of zero given the data,
• all independent terms are uncorrelated with the error term,
• observations of the error term are uncorrelated and non-auto-regressive,
• errors have constant variance, homoscedasticity.

As seen in Figure 9, the data appears approximately linear for DLF1–DLF8 with
respect to the walking frequency. The general parametric form of the linear regression can
be rewritten to describe the errors:

εi = DLFi − DT ∅, i = 1, . . . , 8 (3)

For all DLFs, the normal distribution of errors is assessed through the one-sample
Kolmogorov–Smirnov test using the standard normal curve as a reference, i.e., εi~N
(0,1) [62]. The null hypothesis statement is that the residuals are drawn from a stan-
dard normal distribution. The alternative hypothesis is that the error does not come from
the distribution at a significance level p = 5% [72]. First, a pre-processing step is performed
on the raw residuals of each DLF. The Z score of each residual is taken to normalise the
data into the same length scale as the standard distribution:

Z =
ε− µ

σ
(4)
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Figure 9. Frequentist representation of the function mapping of each DLF presented through a linear
function and the error estimation. Neural network (NN) representation is shown for comparison,
N (mean, std).

As the actual population mean and standard deviation are unknown, the sample mean
µ and standard deviation σ are used instead. Four out of eight DLF errors are normally
distributed (DLF2, DLF3, DLF7, DLF8) with the remaining errors becoming normally
distributed if the significance level is adjusted to 10%. Therefore, for such a random process
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such as walking, a linear model provides a good approximation of the data. The third
assumption of the OLS is inspected through the mean values of the error for each of the
harmonics: 0.0008, 0.0032, 0.0014, 0.00006, 0.0001, 0.0004, 0.0008 and 0.0011, respectively.
Whilst the values of the mean 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 to be sampled from a zero mean Gaussian function.

The assumption of homoscedasticity of the data is central to linear regression models
and entails the errors having constant variance, being independent of the input variable
and non-autoregressive [73]. To determine if the data is autoregressive and conditional
heteroscedastic the Engle test [74] is performed. The null hypothesis that the residual errors
come from a heteroscedastic series is confirmed. Therefore, the data possess a changing
variance of error depending on the input.

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 presence of heteroscedasticity does not cause the parameters but the
error variance to be biased. Weight least square regressions are employed to address
heteroscedasticity [75]. Each observation is weighted using a diagonalised matrix to bias
results closer to the mean and penalise result far from the mean, before the normal equation
or maximum likelihood estimation is performed [75].

Figure 9 presents the weighted linear regression through the lens of the Frequentist
statistics, where each DLF is mapped to the various integer walking harmonics from 1 to 8
along with the associated equations for each DLF. To obtain the DLF at each harmonic inte-
ger, the walking frequency is inputted into the corresponding equations given in Figure 9.
If a result other than the mean value of the DLF is desired, the distribution of each error
of the DLF is also found in Figure 9. The error can then be sampled using an appropriate
normal distribution sampler with the corresponding mean and standard deviation values
given in Figure 9. Furthermore, if a desired level of probability of exceedance is required,
the appropriate z look up tables can be used based on the mean, standard deviation and
confidence interval.

3.2. Bayesian Linear Regression Model

In Bayesian inference, the parameter value is defined through a probability distribu-
tion, even though the parameter’s actual value is fixed and static [76]. Moreover, Bayesian
inference provides a framework to interpolate the parameter given the prior belief and
knowledge of the parameters. As more data becomes available, the variance over the
parameter estimation decreases and alters the prior belief. Thus, the posterior distribution
is gained via [70]:

P(∅|D) =
P(D|∅)P(∅)

P(D)
(5)

where P(∅) is the prior probability estimate of the model parameters ∅, before any of the
data D is observed. P(D|∅) is the likelihood function. It represents the likelihood of the
data given the parameter. Finally, P(D) is the marginal likelihood and is the distribution
of the observed data marginalised over the parameters. This denominator ensures the
posterior distribution integrand integrates to 1, giving a complete probability distribution.

The prior belief of the parameters P(∅) must be first established. This can be done
in two manners: either using an informative or noninformative prior [67]. The latter
is considered uniform over the entire parameter space and provides no insight into the
current problem. The informative prior assigns a staked probability to the parameter
space in the region of belief. As previous studies of DLFs have modelled the parameters
linearly [13,22,24,31], and the Frequentist approach has been analysed in Section 3.1, the
solution space can be assigned an informative probability distribution. The Bayesian
model will use conjugate pairs for computational simplicity, thus allowing the posterior
distribution to be analytically tractable and of the same analytical form as the prior. The
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closed-form nature of the conjugate prior speeds up calculation and does not require
numerical integration [77]. Assuming that each value of DLF is extracted independently
from a normal multivariant distribution the likelihood function of the DLF given the input
and the model parameters can be taken as:

P(D|∅) = P
(

DLF|w f ,∅1,∅2, σ2
)
=

N

∏
n=1
N (DLFn|w fn,∅1,∅2, σ2) (6)

where ∅1,∅2, σ2 are the gradient, intercept terms and variance of the gaussian noise, whilst
subscript n is the nth data point of the set of DLF and walking frequency values. Thus,
the observed values of the DLF given the input values of walking frequency dictate the
evidence of model parameters. Therefore, the maximisation of the likelihood function
corresponds to the maximum likelihood estimator from which the OLS estimation can
be derived. The derivation of this can be seen elsewhere [68]. Hence, similarities of the
Bayesian framework and frequentist framework can be seen. However, in the frequentist
case it used to derive a singular value of estimates.

∅̂MLE(D) = argmax
∅

P(D|∅) (7)

The Bayesian framework is concerned with the distribution P(∅|D) thus providing
the uncertainty of the parameters given the data, the posterior distribution. The exact
formulation of the likelihood function is dependent on the observed data.

A similar first order polynomial regression model is used to assign the correspond-
ing DLF values with the walking frequency. Therefore, probability distribution must be
assigned to the intercept, gradient and standard deviation of the error. In the Bayesian
framework the distribution of the error is described through zero mean gaussian process
with unknown standard deviation distribution, typically described through a probabil-
ity density function that is strictly positive. The gamma family of functions is used in
the present study to model the prior and posterior distribution of the parameters, which
includes the exponential family of functions such as the Gaussian distribution and stu-
dent t distributions. The gaussian distribution is used to model the prior of the intercept
and gradient term of the linear model, whilst the gamma function itself will be used for
the error variance due to the variance being a non-negative value. The gamma function
is parametrised by the shape and rate variables, (α, β). More detailed information on
obtaining the posterior distribution using conjugate priors can be found elsewhere [70].

As the posterior distribution is in an analytically tractable form, the posterior can be
readily sampled and the use of simulated methods such as Markov Chain Monte Carlo
methods are not needed. An example of the posterior distribution of DLF1 for a 2 Hz
walking is seen in Figure 10. Similar to the MLE, a singular value of most likely parameters,
the maximum a posteriori (MAP) estimate can be used to compare the most probable values
of the MLE and Bayesian framework. The MAP of the parameters (∅̂MAP) is given as the
maximisation of the likelihood and prior functions [70]:

∅̂MAP(D) = argmax
∅

P(D|∅)P(∅) (8)

As the marginal likelihood is always positive, it has no bearing or dependency on the
parameter set ∅. Therefore, it can be ignored in the optimisation of obtaining the MAP. The
marginal likelihood is achieved through integrating out the parameters ∅ of the likelihood
and prior function. Such an integration is only known for a small number of conjugate
prior functions, therefore numerical integration is often required. This presents further
complications due to increased computation time when the number of parameters are
numerous. Therefore, when non-standard priors are assumed the proportional relationship
of the likelihood and the prior to the posterior distribution is often found instead. From
Equation (6) it can be seen than the MAP and MLE will coincide with their estimations when
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a non-informative prior is used. Therefore, the a priori estimation provides meaningful
insight and guidance to the optimisation of the parameter estimates.
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In all but the variance of the error, the MAP and MLE estimator coincide well. However,
as seen in Figure 11, the error variance is lower compared to the OLS estimator. As
previously discussed in Section 3.1, the data is heteroscedastic. Therefore, the estimate
of the error will be biased. In the Frequentist approach, the mean is marginally nonzero,
resulting in a shift of estimation of the mean value. Hence, the variation of the error will
subsequently increase. In the Bayesian framework, the mean is assumed precisely zero and
the error variance is inferred, resulting in a slight shift in results due to the data not having
a zero mean.

The prior of all the DLFs will be taken as a gaussian distribution with means taken as
the value of the Frequentist approach and covariance matrix taken as the two-dimensional
identity matrix multiplied by 0.1. The resulting 672 degree of freedom student t posterior
mean, covariance and variance of the error are presented in Table 5. To sample the Bayesian
model for the corresponding DLF’s, first the appropriate walking frequency must be
selected. Then, given the multivariable student t distributions of Table 5, successive sample
can be drawn of the gradient, intercept and standard deviation of the error, thus giving a
posterior distribution of the output DLF values marginalised over the previous parameters,
such that the P(∅2|∅1), etc., is satisfied. Figure 10 provides the posterior distribution of
DLF1 when the walking frequency is selected at 2 Hz. Such a distribution represents the
probability density of DLF1 given the walking frequency.
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Figure 11. Posterior distribution of parameters with respect to the prior distribution of the informative
prior compared to the weighted OLS fixed value for the variance of the error, gradient and intercept value.

Table 5. Mean, covariance and variance of the error distributions for Bayesian linear models, also
presenting the point estimates of the OLS and MAP.

DLF Mean Values (Intercept,
Gradient) µ

Covariance (Intercept,
Gradient) Λ

The Variance of
Error (α, β) σ2 OLS MAP

1
[
−0.5360
0.4140

] [
0.0776 −0.0393
−0.0393 0.0203

] [
1336 0.3523

] [
−0.5331
0.4121

] [
−0.5360
0.4140

]
2

[
−0.0598
0.0295

] [
0.0800 −0.0203
−0.0203 0.0052

] [
1336 0.7960

] [
−0.0471
0.0254

] [
−0.0598
0.0295

]
3

[
0.0609
−0.0026

] [
0.0805 −0.0136
−0.0136 0.0023

] [
1336 0.9082

] [
−0.0704
−0.0045

] [
0.0609
−0.0026

]
4

[
−0.0050
0.0065

] [
0.0806 −0.0102
−0.0102 0.0013

] [
1336 0.9485

] [
−0.0056
0.0066

] [
−0.0050
0.0065

]
5

[
−0.0367
0.0071

] [
0.0807 −0.0082
−0.0082 0.0008

] [
1336 0.9533

] [
−0.0370
0.0071

] [
−0.0367
0.0071

]
6

[
−0.0429
0.0055

] [
0.0807 −0.0068
−0.0068 0.0006

] [
1336 0.9666

] [
−0.0416
0.0054

] [
−0.0429
0.0055

]
7

[
−0.0348
0.0037

] [
0.0808 −0.0058
−0.0058 0.0004

] [
1336 0.9789

] [
−0.0314
0.0034

] [
−0.0348
0.0037

]
8

[
−0.0242
0.0023

] [
0.0808 −0.0051
−0.0051 0.0003

] [
1336 0.9870

] [
−0.0187
0.0019

] [
−0.0242
0.0023

]
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4. Discussion

This section presents a retrospection of the outputs from the regression inference from
the previous section. The MLE and MAP estimation outputs are compared in their likeness
and justification in Section 4.1, while the Frequentist and Bayesian approaches pertinent to
the present study are compared to DLF models from the past studies in Section 4.2.

4.1. Bayesian vs. Frequentist Approach to Fixed Parameter Values

The OLS and MAP values of the model parameters are shown comparatively in
Table 5. The values coincide well, with only a few varying by 10−4 in most scenarios. Such
a variation is negligible in comparison 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 DLF1 (Figure 12), the model estimates align and
represent the data similarly. The OLS and Bayesian estimate converge when large amounts
of data are available. Taking the log of Equation (8) does not affect the properties of the
maximisation but allows the separation of the terms, as the log function is monotonic the
maximisation of ∅ occurs at the same location as the non-log function. The MLE arises
plus a regularisation term, log(P(∅)) (log of the prior distribution). Thus, the OLS and
MAP will eventually coincide when large amounts of data are present, and the prior is
not significantly biased. Moreover, the Bayesian MAP will become a more data centric
estimation of the parameter rather than the prior [70].

∅̂MAP(D) = argmax
θ

[log(P(D|∅)) + log(P(∅))] (9)
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The only inconsistency of both methodologies is that of variance of the error, as
illustrated in Figure 13. In DLF1, 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 combination of a poor prior estimate and the variance of the models are heteroskedastic.
As seen from Figures 11–13 the Frequentist and Bayesian approaches are approximately
identical. The preferred use of one model over the other is therefore down to the discretion
of the user and their philosophical view of statistics.
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4.2. Comparison of Proposed Models against the Current State of the Art Models

The formulated models are compared in Figure 14 to the existing Fourier series
models [13,31,35,42,59,61] that are deemed state of the art [37,78]. Table 6 present the
limiting walking frequency ranges of each Fourier-based model. As seen, numerous
industrial vertical load models provide a limited range of feasible walking frequencies.
However, researchers have continually provided evidence that demonstrates walking
occurs through a normal distribution centred at 1.8–2 Hz and can exceed walking frequen-
cies of 1–3 Hz [44,79,80]. Therefore, limiting the walking frequency of a model devalues
structure with natural frequencies just out of the range. It is seen in Figure 14 that the
greatest DLF values are seen at 2.5 Hz, thus the models of AISC Design Guide 11 [22], ISO
10137 [13], SCI P354 [31] and SETRA [25] all do not consider the highest values of DLF. The
limitation of international guidance on walking frequency further causes misinformation of
vertical walking forces, through perceiving that walking frequencies out of the ranges as not
important. This may result in higher order harmonics of a lesser walking frequency being
used to match a resonant mode instead of a higher frequency first order mode. Furthermore,
the curtailment of walking frequency is concerning since the data used to model the DLF’s
of the limited model is largely from Kerr [35], where walking frequencies from 1–3 Hz
are monitored and measured. Therefore, the limited models purposely reduce the results
through choice and not through lack of data.

Table 6. Limits on walking frequency ranges for each Fourier series model.

Model Walking Frequency Limits (Hz)

AISC Design Guide 11 [22] 1.6–2.2

ISO 10137 [13] 1.2–2.4

Technical report 43 Appendix G [23] 1–2.8

CCIP Mean value [24] 1–2.8

CCIP design value [24] 1–2.8

SCI P35 [31] 1.6–2.2

SETRA [25] 1.6–2.4

Varela et al. [61] 1.4–2.6
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Figure 14. Comparison of DLF1 to DLF4 of the presented models against historic models of 
[13,22,24,31,35,69] against the background of the current set of data. 
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et al. [61] appears to only model the extreme high value of the data at high harmonics 
resulting in larger than required DLF values. Varela et al. [61] suggests DLF values to be 
elevated at lower and higher walking frequencies compared to the presented model in the 
first harmonic, however the datapoints in paper do not suggest as such with the data more 
accurately represented through a 1st order linear regression. Section 3 explores the idea 
of higher order linear regressions but all produce worse RMSE values. As walking fre-
quencies are normally distributed less information is seen at the extreme high and low 
walking frequencies. Coupled with the heteroscedastic nature of walking the precise na-
ture of the DLF at higher walking frequencies is not known with much confidence. AISC 
DG 11 [22] model provides a vast oversimplification and overestimate of the first, second 
and third harmonic and represents a poor estimation of the dataset. At higher harmonics 
of walking, DLF values of industry models provide a similar magnitude of responses to 
the data points. This is a result of the relatively low values of the DLF, however significant 
percentage error differences are seen. Figure 15 shows a historical trend of walking forces 
having higher DLFs. This could be speculatively attributed to several issues, such as 
“white coat syndrome” making people walk unnaturally, the short lengths of older force 
plates making participants target footfalls on the force plates thus creating unnatural force 

Figure 14. Comparison of DLF1 to DLF4 of the presented models against historic models
of [13,22,24,31,35,69] against the background of the current set of data.

The formulated model of the paper result in a lower magnitude of DLFs than all
the other models, barring that of DLF2 above 4.8 Hz. Varela et al. [61] provides a close
representation of the first integer of walking, the model closely resembles that of the
proposed model for the first integer. The results of Varela et al. [61] start to diverge in the
successive integers and only represents a limit number of harmonics. Varela et al. [61]
model produces higher DLF values for the third and fourth harmonic than the presented
data. Varela et al. [61] appears to only model the extreme high value of the data at high
harmonics resulting in larger than required DLF values. Varela et al. [61] suggests DLF
values to be elevated at lower and higher walking frequencies compared to the presented
model in the first harmonic, however the datapoints in paper do not suggest as such
with the data more accurately represented through a 1st order linear regression. Section 3
explores the idea of higher order linear regressions but all produce worse RMSE values.
As walking frequencies are normally distributed less information is seen at the extreme
high and low walking frequencies. Coupled with the heteroscedastic nature of walking
the precise nature of the DLF at higher walking frequencies is not known with much
confidence. AISC DG 11 [22] model provides a vast oversimplification and overestimate of
the first, second and third harmonic and represents a poor estimation of the dataset. At
higher harmonics of walking, DLF values of industry models provide a similar magnitude
of responses to the data points. This is a result of the relatively low values of the DLF,
however significant percentage error differences are seen. Figure 15 shows a historical trend
of walking forces having higher DLFs. This could be speculatively attributed to several
issues, such as “white coat syndrome” 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
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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 force-time histories to produce higher resolution results, etc. Previous
models have mistreated statistical information of the data resulting in some misguidance
of the range of DLF values [13,31,42,59].
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Figure 15. Comparison of historical models of DLFs (using the treadmill, force plate and various 
percentiles of parameters) with the current set of data. (a) Comparison of results based on 5% error 
estimation compared to [35] along with data points collected in the experiment. (b) Comparison of 
results based on 90% error estimation compared to [59] along with data points collected in the ex-
periment. (c) Comparison of results based on data collected by a treadmill [55,59,81]. (d) Compari-
son of results based on 95% error estimation [35,59]. 

The results of Figure 15 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 DLF1 compared to that of the force plate meas-
urements (Figure 15). Noting that Brownjohn et al. [55] data is limited to three subjects. 
Hence, the results are not as statistically comparable to the present study. The results’ 
consensus indicates that the presented models align well with historic treadmill data for 
similarly obtained results. As such the multiple step measurement of vertical walking 

Figure 15. Comparison of historical models of DLFs (using the treadmill, force plate and various
percentiles of parameters) with the current set of data. (a) Comparison of results based on 5%
error estimation compared to [35] along with data points collected in the experiment. (b) Compar-
ison of results based on 90% error estimation compared to [59] along with data points collected
in the experiment. (c) Comparison of results based on data collected by a treadmill [55,59,81].
(d) Comparison of results based on 95% error estimation [35,59].

The results of Figure 15 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 DLF1 compared to that of the force plate
measurements (Figure 15). Noting that Brownjohn et al. [55] data is limited to three subjects.
Hence, the results are not as statistically comparable to the present study. The results’
consensus indicates that the presented models align well with historic treadmill data for
similarly obtained results. As such the multiple step measurement of vertical walking forces
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allows for a more accurate representation of the mean properties of walking compared to
their single step counterparts.

In the case of Kerr’s models [35], the equation of DLF for 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 historically high DLFs derived from force plate data compared to the current
treadmill data [29] (Figure 15a,d). In the case of the 95% model, the equation appears
to not represent the shape of the data. As seen in Figure 15 the cubic nature of the data
misrepresents the approximately linear data. Along with the improper use of statistics, it is
clear the DLF values are misrepresented through their statistics. However, it is noted that
the population samples are both different in size and people. Therefore, some variation
may be a result in fundamentally different walking attributes.

Due to the significant variance and heteroscedasticity, the error in the linear models of
the present models produces negative values of DLFs at low values of walking frequency
for the 5% error model (Figure 15a). This is not feasible and shows where the proposed
model starts to break down. Due to the data dependant variance, the overall estimation of
the error is more extensive in regions of the model than is presented in the data. This means
the model is not the best estimate for all the tasks but provides a more accurate expectation
than previous models. Furthermore, a simplistic model such as a linear regression based
on walking frequency is an oversimplification of the complexity of walking.

Nguyen’s [59] 90% and 95% confidence interval (Nguyen refers to them as fractal
values) validates the results of the 90% and 95% of the Frequentist and Bayesian models
presented in the paper (Figure 15c,d). The DLF values are within the same range as the
models presented in the paper for the 90% and 95% error estimation. However, Nguyen [59]
used only single footfall measurements and temporally shifted the wavelet to provide a
complete force-time history. This biased the results due to a single footstep measurement
representing the entire force. The dataset of the present study far outweighs any other
study of its kind and is therefore used a baseline of reference in comparing all other models
and datasets.

The historic over estimation of vertical walking load models further suggesting either
the data is statistically different from the presented study, or the data acquisition and
modelling methodology resulted in significant difference. Figure 16 shows the variation
of DLF1 using the filtered method in the paper compared to peak picking. As shown in
Figure 16, using the peak picking method on the data results in lower magnitudes of DLF
compared to the filtered method presented. Therefore, compared to previous models’ peak
picking, the resultant DLFs would produce a force time history of even lower magnitude
than that of the proposed model in the paper. Hence, it can be seen that the variation of
DLFs with respect to previous models is a result of the quality of the data and the inclusion
of the intra-subject variation of the data. The intra-subject variation of data therefore plays
a crucial role in selecting an appropriate DLF value.

The concept of confidence, credible intervals, and error have been used interchange-
ably throughout civil engineering literature despite their different meanings. Confidence
intervals are attributed to Frequentist statistics. A Frequentist can therefore only state if
the parameter is or is not in the intervals over similarly drawn samples some proportion
of the time [67]. In the Bayesian context the credible interval is found from the posterior
distribution [64]. The highest density interval (HDI) is then used to establish the credible
interval. HDI is defined as the region covering the sample space for a given probability
that has the smallest possible interval over the sample space. The reader is guided to
Schoot et al. [77] for broader guidance on Bayesian statistic and modelling.

In 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 errors arising
from unobservable differences in the data. Therefore, 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 value of the output and does not
affect the actual parameter values. Examples of misuse of the error and confidence bands
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are seen in [24,35]. Both models use confidence intervals over parameters, not the error
estimation of DLF values. There is not a correct statement for CCIP (cement and concrete
industry publication) load model [24]. The document states that the equation presents
DLF values for 25% chance of exceeding. However, compared to their mean value, all
parameters of the equation change. This therefore indicates that the statement refers to the
likelihood of the parameters and not the likelihood of the DLFs. For Kerr’s model [35], the
valid statement is “the confidence interval would include the true parameters of equation
for 95% of similarly drawn intervals “rather than the current hypothesis that states the
95% confidence interval of the DLF is in the range. In both cases, [24,35], the statements do
not provide an estimation of the likely DLF values but the parameters describing the DLF
relationship. This is further evidenced in Table 1 when all values of the equations change,
thus suggesting the erroneous statement and or that the data is heteroscedastic and, like
the paper, the variance of the error changes with the input. However, no such statement is
made in the referenced texts.
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Figure 16. DLF1 peak vs. DLF1 filter (plus or minus 50% filter). 
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The models presented in the paper provides the most accurate representation of the
data across all harmonics. Thus, the presented models will provide more accurate response
than any of the counterparts when a multimodal response is calculated. Often a singular
mode dominates the response and as such the multimodal response of a structure is not
considered. However, for complex structures often multiple modes exist near one and other
and have multiple dominate modes. Therefore, using current industry models, the current
poor estimation will be exaggerated by the lack of accuracy of higher order harmonics
of the DLF. As seen in Figures 9 and 14 the presented models provided a more accurate
representation of the DLF relationship than any other model.

4.3. Comparison of Acceleration Response

To provide a comparison of the proposed model to current industry used models, the
acceleration response of a held-out number of continuous force time histories are compared
to the proposed models and industry used load models. A fictious single degree of freedom
simply supported structure is used as a base structure. The modal damping is taken as 1%,
modal mass equal to 10,000 kg, natural frequency of 2 Hz and total span of 30 m. The values
chosen are used to represent that of current pedestrian footbridges and values presented
in guidance [25,31,66] and to ensure all models are within their usable range. The span
was chosen to allow a resonant build-up of accelerations and the natural frequency was
chosen to match the mode of walking frequencies [44]. The 1 s root mean squared (1 s RMS)
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acceleration is use as the metric of choice due to its popularity in use throughout VSAs,
and it also acts to smooth out singular peaks in acceleration from stochastic processes. The
first mode of vibration is only considered due to the significant DLF magnitude compared
to successive modes. No human structure interaction forces are considered hence only the
rigid force effects on the structure are considered. However, it is noted that significant
biodynamical effects will occur when a pedestrian walks across a real structure [48,61].
These human structure interaction effects will result in different gait and force variations of
the individual [82–84]. However, such additions are beyond the scope of the paper.

The models compared are: SCI P354 [31], CCIP Design and mean values [24], AISC
design guide 11 (2016) [22], ISO 10137 [13], Setra [25], Technical report 43 Appendix G [23],
Varela et al. [61]. The presented models mean values are compared against a held out
set of five continuous force time histories at 2 Hz walking from the dataset of Racic and
Brownjohn [29]. The signals will all be multiplied by a pedestrian weight of 750 N to
provide a comparative example.

Figure 17 provides the mid-span 1 s RMS acceleration comparison. As seen the mean
values of the model presented in the paper best represent that of continues walking load
models along with the model of Varela et al. [61]. The likeness in Varela et al. [61] is
anticipated due to the closeness in DLF1 relationship the paper and Varela et al. [61] poses
at 2 Hz. Current industry used load models [13,23–25,31] provide consistently higher
predictions. With some providing close to two times the expected 1 s RMS acceleration. It
becomes clear from the small sample of held out data that current industry used models do
not predict the correct mean walking force function. Deviations in all the results from the
measured signal may be a result of such a small sample size of held out data. However,
due to the magnitude of difference it is anticipated that the data from previous DLF models
are not representative of real walking forces.
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Figure 17. Comparison of mid-span 1 s RMS acceleration subject to various Fourier series vertical 
load approximations. 
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Whilst Figure 17 only provides a limited cross section of each models response to
an arbitrary structure, it becomes evident from the combination of Figures 14 and 17
that the commonly used load models of industrial guidance are not fit for purpose and
are shown to provide overestimates of DLF values. The model presented in the paper
along with Varela et al. [61] are the current state of the art findings through analysis of
multiple footfalls, and provide the most accurate acceleration representations in the first
harmonic of walking, however the use of any new development in vertical walking force
codification is significantly lacking within both industry and research. No new guidance
of vertical walking forces for industrial use is seen other than AISC DG 11 [22] in 2016,
however as seen in Figure 17, AISC DG 11 [22] provides the worst estimation of all the
models. Whilst the vertical walking load models of previous provided the foundations of
the topic and have served practicing engineers a reliable method of assessment, current
state of the art measurement techniques have enabled more accurate reconstructions of the
vertical walking load force. As such, a gap in research exists to provide guidance on the
recommended use of a model or models of vertical walking force. Previous authors [14]
have aimed to provide comparison of contemporary walking force models on several
structures. However, such a comparison is limited to the modal properties of the structure.
Furthermore, HSI effects start to play a role in the response and thus provide an unclear
assessment. Therefore, a robust comparison of vertical walking forces is required to provide
guidance on the model or models that best represent real walking. Without such an analysis
of multiple natural frequencies and damping values, it is futile to provide any meaningful
conclusions of the best representation. However, in the specific scenario of the paper it
is seen that current industry models provide overestimates of the acceleration response.
This finding is further backed by Figure 14, with Kerr’s [35] model providing a consistent
overestimate of DLF values. As the models of SCI [31], CCIP [24], Technical report 43 [23],
AISC DG 11 [22] and ISO 10137 [13] are largely comprised of data from Kerr’s extensive
single footfall campaign [35], the models suffer from the limitation of the data and as such
exhibit bias from the ill poised representation and lack of intra-subject variation.

Figure 18 provides the variation of all the collected 2 Hz walking frequency data from
Racic and Brownjohn [29]. As seen the acceleration result vary significantly in magnitude.
Figure 18 also provides further evidence for current industry providing a disproportionately
high magnitude of DLF values. With only the extreme cases of 2 Hz walking being modelled
by currently used industry models. No value of the RMS acceleration of the measured
2 Hz provides an estimate greater than AISC DG 11 [22]. As such it is seen that AISC
DG 11 [22] provides a significant overestimation of the acceleration response. Only the
model presented in the paper provide means to account for such inter subject variation
in DLF values for Fourier-based models. Current industry used models and the more
accurate model of Varela et al. [61] provide their interpretations of the DLF relationship as
deterministic processes.
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5. Conclusions

From a statistical approach to data analysis, this study presents two new models of
vertical pedestrian forces seen through Frequentist and Bayesian estimations. The models
present the walking forces as a Fourier series approximation up to the 8th harmonic of
walking. Each model presents the DLF at integer values using a probabilistic approach con-
sidering a large range of the frequency content. The dataset used is the most comprehensive
available in the literature. Due to a large amount of recorded data, significant conclusions
can be drawn to describe the probabilistic characteristics of walking more accurately than
any other study. Thus, the proposed models produce mean DLF values consistently lower
than any other industry used Fourier series-based model published and closer to the mean
response of real footfalls, with Varela et al. [61] providing a similarly close estimate within
a limited range of the first harmonic. The proposed model also provides evidence for either
increasing the cut off frequency from high to low models or removing it altogether with
information taken from 8th integer of walking. Current published industry [13,22–25,31]
and academic models, Varela et al. [61], limit the number of harmonics to four. Such a
limited number of harmonics is shown to be conservative, and a resonant response at higher
order harmonics is possible due to the similar DLF values they possess to lower harmonic.

The expected results of the DLF models in the paper for each harmonic are in line with
the findings from other studies based on similar datasets and are consistently lower than
the current in-use industry models and provides validation to Varela et al. [61] model. The
DLFs in the presented model also show the greater variance in possible values and overall
force than its predecessors. The resultant 1 s RMS acceleration of the proposed model
provides a closer approximation to the held-out treadmill signals than any current Fourier-
based model and a significantly better response than any current published industry
guidance. The paper further demonstrates that current and popular industry used vertical
load models provide vast overestimates of the mid-span 1 s RMS acceleration.
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Thus, further investigation is required to provide an unbiased assessment of all vertical
load models within all frequency ranges, as the present study is limited to only a single
natural frequency and damping values at low frequencies. Current walking frequency-DLF
models do not provide an adequate representation of the variance of possible DLF values
due to their deterministic characterisation. Whilst the proposed DLF model advances the
statistical representation, it does not provide a full representation. The mean response
provides a close consensus, it is seen that the large range of possible DLF is not always
mapped. Certain limitation of the proposed model exists due to the modelling technique
used. With the variance of the error being heteroscedastic, the true variance of DLF increases
with walking frequency. The use of the novel extraction method of DLF values allows for a
more representative walking force model, without having to model the entire frequency
domain of the signal, thus providing significant time savings of more sophisticated vertical
load models of [29,36]. A full comparison of the acceleration response of a structure, with
low levels of HSI effects, should be performed to provide a comprehensive review of the
load models.

State of the art vertical walking measurements demonstrate that significant energy
is produced within the vicinity of harmonic integer. Therefore, to provide an accurate
estimation the reconstruction of walking must account for such a measure. The presented
model provides a novel solution to the narrow-band nature of walking, through providing
an average value of the DLF magnitude across the filtered region of frequencies. As such
the mean value of walking frequencies is still considered but the lesser magnitude of slight
off integer frequencies provide further critical information pertain to the reconstruction of
vertical walking forces.

Through the appropriate use of statistical inference, more accurate approximations
of the DLF have be presented. The introduction of Bayesian parametric models allows for
the inclusion of real uncertainty in model parameters, something that is presently lacking
in the industry [13,31,42,59]. The combined use of such a model with uncertainty in the
material’s damping, mass, and stiffness can play vital role in improved estimation of the
acceleration response of a structure.
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42. Chen, J.; Ding, G.; Živanović, S. Stochastic Single Footfall Trace Model for Pedestrian Walking Load. Int. J. Struct. Stab. Dyn. 2019,
19, 1950029. [CrossRef]

43. Chen, J.; Wang, J.; Brownjohn, J.M.W. Power Spectral-Density Model for Pedestrian Walking Load. J. Struct. Eng. 2019,
145, 05018014. [CrossRef]

44. Zhang, Z.; Zhang, B.; Wei, J.; Luo, P.; Cui, C. A Stochastic Study on the Distribution Parameters of Random Individual Walking
Excitations. In AEI 2017: Resilience of the Integrated Building; American Society of Civil Engineers: Reston, VA, USA, 2017;
pp. 495–505.

45. García-Diéguez, M.; Racic, V.; Zapico-Valle, J. Complete statistical approach to modelling variable pedestrian forces induced on
rigid surfaces. Mech. Syst. Signal Process. 2021, 159, 107800. [CrossRef]
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